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Abstract

This thesis presents a fully integrated and modular framework for social and emotional game
companion that focuses on realistic social interaction between the player and Non-Player
Characters (NPCs) in a game environment. Moreover, this thesis proposes integrated com-
putational models for a formulation of action selection rules based on the game companion’s
personality, the relation between player and game companion and the perceived (non-)verbal
actions to enhance the NPC’s believability and the player’s interaction in a game context.
The rules were derived from data collections of both human-human and human-machine
interactions. This thesis argues that NPC with such capability will accommodate a new

experience when playing games.

To illustrates the effectiveness of the proposed framework and computational models, the
author implemented the framework and computational models into two game scenarios: The
Smile Game where a human player who abides in the real world played with an ECA who
inhabits a virtual world. The second scenario was The Skyrim Game, where an avatar
represented the human player, who played with a virtual NPC in a virtual world. With
a total of 117 participants in 217 interactions with the system, the results show that the
players evidently perceived the NPCs’ personality in accordance with the one set to them.
The NPCs’ ability to display emotions appropriately also provides the feeling of immersion
in games to the players. Moreover, the ability to forge relationships naturally with the game

companions gives the sentimental feeling towards the game companions.

The main contribution of the work presented to the field of Intelligence Virtual Agents
specifically in the domain of computer games, in this thesis is A fully integrated and modu-
lar framework for social-affect-aware game design complete with the computational models
for social interaction with game companions. Several games have been built in several sce-
narios with simple social interactions between players and the game companions using the
framework and computational models proposed to explore the opportunities of the frame-
work and models. Finally, this thesis also presents some scenarios for data collections to

construct interaction rules for game companions.
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Chapter 1

Introduction

Computing technology has tremendously influenced our daily life, from when we wake up
in the morning to when we go back to sleep at night. It is everywhere, from our pocket to
our office, to our living room. It is used in almost everything, from smart home systems
and medical devices to video games. They are exceptionally good at getting their jobs done.
However, what is missing in this technology is the ability to understand our intentions. In
the future, getting jobs or tasks done will not be enough. We humans as social creatures
will start to interact and spend more time with the technology through an interface and

eventually build a social relationship with it.

Taking Alan Turing’s famous question “Can machines think?” (Turing 1950) to its logical
next step, researchers in computer science have started to challenge themselves to build not
only computers that can think but also ones that have a virtual embodiment, can communi-
cate and interact with humans and “live” in a virtual world. They called such an autonomous
character “virtual human”. This corresponds to a phenomena espoused by René Descartes
in his famous illustration: “brain in a vat” (Descartes 1988) that led to his famous philosoph-
ical proposition: “Cogito ergo sum” (Descartes et al. 1984), an idea that challenged people
to think of the possibility that at this very moment we are actually a brain hooked up to a
sophisticated computer program that can perfectly simulate experiences of the outside world

(Descartes 1988, Hickey 2016).



2 Chapter 1. Introduction

A virtual human is an autonomous character that is capable of capturing all the human’s
social signals, which are generally displayed through their facial expressions, body gestures,
and voice. These signals can be captured by sensors such as a microphone and camera
and subsequently analysed automatically (Almaev & Valstar 2013, Valstar 2015, McKeown
et al. 2012). Furthermore, the signals can be synthesised by the virtual human through their
virtual embodiment, such as a 2D or computer graphics 3D body (Schroder 2010, Bevacqua
et al. 2010). Subsequently, the synthesised signals are captured by the human user through

a monitor and speaker, enabling the human user to interpret the signals (see Figure 1.1).

There are some classifications of virtual human based upon their functionality. No formal
classification in this area exists yet; however, there are several different terms of virtual
human in the literature that can be categorised based on their purposes. The most common
application of the virtual human is Embodied Conversational Agents (ECAs). Cassell et al.
(2000) defined ECAs as virtual humans that are “[...] specifically conversational in their
behaviour, and specifically humanlike in the way they use their bodies in conversation.”
and “[...] have the same properties as humans in face-to-face conversation [...]”. Examples
of ECAs can be found in McKeown et al. (2012), Schroder et al. (2012), Cassell et al.
(2000), Bickmore & Cassell (2005). ECAs can be implemented in many areas, they can act
as a virtual substitute to play a particular role, for example: in the medical area (virtual
patient (Guise et al. 2012, Rizzo & Talbot 2016) and virtual doctor or nurse (Bickmore
et al. 2013, Stratou et al. 2015, Rizzo et al. 2015)), education (virtual teacher (Querrec &
Chevaillier 2001), virtual trainer (Querrec & Chevaillier 2001, Hart et al. 2013, DeVault
et al. 2015, Andreatta et al. 2015) and virtual student (Vala et al. 2007, Aylett et al. 2009)),

entertainment (Non-Player Character (NPC)), etc.

Virtual human’s technology has rapidly progressed in their visual appearance, yet there
remain some improvements and contributions to be made in the area of complex virtual
human behaviour. The problem now lies on how to deceive the human user to think that the
virtual human is smart enough to comprehend the interaction between them. The ultimate
goal of the research in a virtual human is to build a believable virtual human from the aspect

of their appearance to their behaviour. The term of believable virtual human can be linked to
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Figure 1.1: Social Signals Exchange between Player and Virtual Human

the era of the 1990’s when Joseph Bates argued the notion of a “believable character” in his
paper. He elaborated that the idea of believability does not necessarily come from a reliable
character but the “one that provides the illusion of life and thus permits the audience’s
suspension of disbelief” (Bates 1994). The term “illusion of life” itself was brought by the
Disney animator in the era of the 1930’s to make the audiences believe in their characters

(Bates 1994, Thomas & Johnson 1984).

The ultimate goal in virtual human research is therefore not as much creating a virtual human
that appears more and more realistic, but ones that less frequently break the illusion. Some
research has been done to create a believable virtual human. Some researchers focus on
creating an illusion of life by modulating high fidelity synthetic behaviour by implementing
computational models of emotions, personality, and cognitive process. The influence of
emotions, personality, and social relationships on virtual human’s behaviours have been
widely recognised to improve their believability (Thomas & Johnson 1984, Bates 1994, Ochs
et al. 2009). The uniqueness of a character in comparison to others and their ability to
exhibit emotions provides a feeling of immersion to human. Furthermore, the virtual human’s

capacity to forge relationships with human gives emotional experiences to us.
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Some works have been done in implementing emotions, personality, and/or social relation-
ships to influence virtual human behaviours; however, only a few of them take into consid-
eration the interaction between those components. Nevertheless, emotions, personality, and
social relationships influence each other. Personality has a certain role in altering emotions’
intensity (John et al. 2008, Watson & Clark 1992, Rusting & Larsen 1997) and determining
the goal in social relationships (John et al. 2008). Moreover, emotions also play role on social
relationships between people (Hays 1989, Sutcliffe & Wang 2012, Altman & Taylor 1973).
It is indeed not a straightforward problem to implement all those components to the virtual
human together with the interaction of the components with each other. Moreover, social
interaction is a complex phenomenon. Human beings are complex organisms resulting from
a long journey of an evolutionary process. We interact with each other in different ways
according to our historical and cultural context. Hence, it is a challenging task to implement

this complex phenomenon to the socially ignorant computer characters.

The focus of efforts appears to always be on improving the capabilities of the virtual human,
resulting in increasingly complex systems. In particular social interactive agents, be they vir-
tual humans or social robots, tend to become increasingly, perhaps even excessively complex
systems. This is because researchers aim at replicating human interactive capabilities and
thus, in essence, try to emulate all the complexities of the human social brain. To keep this
daunting task feasible, this is often done in a reductionist manner, with separate modules
responsible for the visual and audio sensing capabilities, dialogue management and mental

state management, action planning, speech production and behaviour synthesis.

Research in the field of virtual human has attracted researchers who work in computer science
for more than five decades. Nowadays, the term virtual human become more and more
prominent not only to the computer scientist but also to the psychologist, social scientist,
educator, and businessman. Virtual human is applied in a wide range of applications covering
simulation, education, training, and entertainment (film, animation and game). The problem
now lies in how we evaluate the virtual human. There are two essential aspects to look at.
First, we need to build a virtual world for the virtual human to live in. Second, we need

to simulate interactions, be they between virtual humans themselves or with humans. Some



research in virtual human requires a complex environment and interactions, some are not,
depending on the complexity and purpose of the research. Games seem to be a perfect
platform for the test bed. It has a virtual world and players who are continuously engaged
and interacted with the game elements, one of them is the Non-Player Character (NPC).
With a game platform, researchers have the advantages to create interaction scenarios for
the virtual human, depending on their research goals. Given the advantages of using a game

platform, the domain of computer games was chosen in this thesis.

Games are considered to be one of the most popular interactive entertainment products in
the world. Newzoos Global Games® reported there is a 99.6 Billion US Dollar worth of games
market around the world in 2016. Fifty-eight percent of it comes from the Asia-Pacific re-
gion. The growth is forecasted to be increasing by 6.6 percent from 2015-2019. That means
there will be a 118.6 Billion US Dollar worth in the games market all around the world. The
key point that makes them popular is the player’s experience when they play the game (Laz-
zaro 2004). In the area of gaming, a virtual human is generally comprehended as an NPC.
Research in this area has already led to significant improvements in their believability. This
is generally obtained by improving the visual appearance of the NPC and more recently by
making their behaviour more realistic. There remain some improvements and contributions
to be made to enhance the NPCs’ believability including more natural expression of emotions
(Bates 1994), the enhanced role of personality in the selection of the NPC behaviour (Ochs
et al. 2009) and better use of social signals processing (Vinciarelli et al. 2009, 2012) to drive
the interaction. However, to our best knowledge, there are only a few works done in collab-
orating all those three components (i.e. Emotions, Personality, and Social Relationships) to

the virtual human in particular in a game environment (Ochs et al. 2009).

NPC can be one of the critical game mechanisms to engage with a player. They are a par-
ticularly interesting potential vehicle of affect because players are already engaged with the
NPCs interacting with them directly or indirectly in a game. Over time, a pattern of interac-

tions between player and NPCs may translate into relationships between them. Sollenberger

Thttps://newzoo.com/insights /articles/global-games-market-reaches-99-6-billion-2016-mobile-
generating-37/
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and Singh define the game that seeks to incorporate the players’ affective state into game-
play as an affect-aware game (Sollenberger & Singh 2012). This thesis introduces another
component to increase the player’s immersion into the game with social relationship factor;
thus the author will call it a social-affect-aware game. This thesis argues that NPCs with
such capabilities will accommodate a new experience when playing games. Implementing
emotions, and personality into the NPCs have been successfully done in these past decades.
We can also see the ability of the player to forge relationships with NPCs in games as part of
their storyline such as Skyrim, Grand Theft Auto?, The Sims®, Harvest Moon*, etc. The re-
lationship status is affected by the actions of the player to the game agents. The relationship
score will go up or down depending on whether interactions between them are positive or
negative. However, this method of modelling relationships is based on ”click-based actions”
that either directly control interaction with the game companions or do so by changing as-
pects of the game world instead of capturing the social signals that the player shows when
they play the game which will eventually make the interactions more natural and believable.
To go beyond the conventional methods in forging a relationship with the NPCs, this thesis
provides the models based on theories in social sciences, psychology and computer science.
The proposed models and framework then were evaluated with several game scenarios in

some different settings.

Furthermore, while a number of works have moved towards building realistic NPCs in games
(e.g. works done by Ochs et al. (2009), Sollenberger & Singh (2012)), so far there exists
no fully integrated framework for a social and emotional game-companion, complete with
the ability to develop simple social relations over time. Hence, this thesis proposes such
a framework for social and emotional game companions to enhance their believability and
quality of interaction, in particular by allowing a game companion to forge social relations
and make appropriate use of social signals. Various game scenarios with the framework

implemented are presented to illustrate the efficiency of our framework.

2http://www.rockstargames.com /
3http://www.thesims.com/
4http://www.natsume.com/
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1.1 Motivation and Focus

Although the research in affect-aware games has drawn the attention of many researchers
and game developers, there are still does not exist an integrated framework for social and
emotional game companions, complete with the ability to develop simple social relations
with the player over time. Moreover, while game technologies are growing fast, they still

lack support to the affect-aware game (Hudlicka 2009).

Therefore, this thesis proposes a framework for social and emotional game companion that
focuses on the realistic social interaction between the player and NPCs in a game environ-
ment. In addition, the author proposes novel computational models for a formulation of
action selection rules based on the game companion’s personality, the social relation be-
tween player and game companion and the perceived (non-)verbal actions to enhance the
NPCs’ believability and the player’s interaction in a game context. The rules are formu-
lated so that they can be easily learned from data. This thesis also presents several user
studies divided into two game scenarios: The Smile Game where a human player who abides
in the real world played with an ECA who inhabits a virtual world. The second scenario
was The Skyrim Game, where an avatar represented the human player, who played with a
virtual NPC. This framework should be able to be implemented in an existing game. Thus,
researchers and game developers should be able to build social and emotional game-agents

using this framework easily.

Finally, there are not many works have been done in the human-virtual human interaction
in the wild. The problem with deploying virtual human in the wild and interacting with a
human is the uncertainty of the external environment (e.g. background noise, lightning, the

position of the human, the uncertainty of the topics, etc.).
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The objectives of this research are:

To propose a formulation of interaction rules based on models of emotions, person-
ality, and social relationships from social sciences, psychology and computer science.

Moreover, the models will be evaluated.
e To explore player and game companions interaction in a game environment.

e To propose an additional interaction form in games (i.e. microphone and camera) re-

sulting in an enhanced experience in playing games, as well as to explore the challenges.

e To propose an architecture for a social-affect-aware game. Furthermore, the architec-

ture will be translated into a framework that can be implemented in existing games.
e To explore the interaction between human and virtual human in the wild.

e To explore the data collection for the interactions rules for the virtual humans (e.g.

NPCs) in a game environment.

1.2 Research Questions

Humans generally interpret social relationships they have with others by social signals dis-
played through their facial expressions, gestures and voice. Those signals can be captured
and processed automatically by computer. However, it is not an easy task to a social-
ignorant machine to interpret the signals and provide appropriate feedback through social
signal decoding process (see Figure 1.1) to create affective loop experiences (Hock 2008).
Inappropriate feedback during the affective loop experiences will lead to the breaking of the
player’s suspension of disbelief. This leads to research questions: RQ1: Can we estab-
lish natural and believable interaction between a player and game companion to
create affective loop experience that is informed by the process of encoding and
decoding of social signals exchanged between the player and game companion?

and RQ2: Can we establish natural and believable social relationship between
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a player and game companion based on the affective loop experience created

between them?

Furthermore, once the relationship status between a player and an NPC has been estab-
lished through affective loop experiences, the player should be able to see what kind of
relationship that they have with the NPC. They should be able to see it clearly through
the encoded responses of an NPC. This leads to the question: RQ3: How could we see
what relationship a player has with a game companion in a game immediately?
A relationship is formed from the interaction of the player and NPC or an NPC and other
NPCs over time. Game companions should have historical memories dealing with the result
of past interactions with the player and others game companions. Hence, the relationship
status between them will be formed gradually. Currently, there are not many datasets, or
corpus exists to create the interaction rules for virtual humans. There is also not many
research have been done in exploring the interaction between human and virtual human
in the wild. We believe that there are several interesting aspects can be found during the
interaction. This leads to two open research questions: RQ4: How to collect and craft
the interaction rules for the virtual NPCs in a game environment to support
the creation of affective loop experiences? and RQ5: What can we learn from
the human-virtual human interaction in the wild? Finally, the process of capturing
the social signals that the player and the affective loop experiences allow the player to use
a new interaction input when playing the game (i.e. using camera and microphone game
inputs in addition to conventional inputs such as keyboard, mouse and joystick). This also
leads to another open research question: RQ6: Will the new interaction input result

in enhancing the players experiences when playing games?

1.3 Contributions

This thesis proposes the following contributions to the field of Intelligence Virtual Agents

specifically in the domain of computer games. This thesis:
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. Proposes models for social interaction for game companions. This provides insights into

the ongoing question about how to create believable game companions by implementing

social interaction models to the companions.

. Presents a modular framework for social-affect-aware game design that focuses on

a realistic social interaction between the player and game companions. The models
should be easily integrated with current games. Thus, researchers and game developers
should be able to easily design an emotional and social game companions using this

framework.

. Presents several scenarios in simple social interactions between players and the game

companions in the lab, semi-public space as well as public space setting.

. Explores the opportunities to develop new inputs of social interaction in games.

. Presents several scenarios for data collections to construct interaction rules for game

companions.

1.4 Publications

1. A. Chowanda, P. Blanchfield, M. Flintham, M. Valstar. Social Interaction with Virtual

Characters in a Game Environment. Doctoral Consortium Intl Intelligent Virtual

Agents (IVA) 2013.

. M. Porcheron, K. Arch, S.D. Luland, P. Blanchfield, M. F. Valstar, A. Chowanda.

SWISS COTTAGE: A Game to Train Speech Recognition for Affective Computing
Treatment of ADHD. Game Competition on 7th European Conference on Games Based

Learning ECGBL. 2013.

. A. Chowanda, P. Blanchfield, M. Flintham, M. Valstar. ERiSA: Building Emotionally

Realistic Social Game Agents-Companions. IVA, Lecture Notes in Artificial Intelli-

gence, Springer. 2014.
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4. A. Chowanda, P. Blanchfield, M. Flintham, M. Valstar. Play Game with ERiSA: A
User Study on Game Companions. ESIVA Workshop on IVA. 2015

5. A. Chowanda, P. Blanchfield, M. Flintham, M. Valstar. Computational Models of
Emotion, Personality and Social Relationships for Interactions in Games (Extended
Abstract). Intl Conference on Autonomous Agents and Multiagent Systems (AAMAS),

John Thangarajah, Karl Tuyls, Stacy Marsella, Catholijn Jonker (eds.), 2016.

6. A. Chowanda, M. Flintham, P. Blanchfield, M. Valstar. Playing with Social and Emo-

tional Game Companions. IVA, Lecture Notes in Artificial Intelligence, Springer. 2016.

7. W. Zhu, A. Chowanda, M. Valstar. Topic Switch Models for Dialogue Management in

Virtual Humans. IVA, Lecture Notes in Artificial Intelligence, Springer. 2016.

1.5 Thesis Structure

The overall structure of this thesis is comprised of eight chapters. First, this thesis provides
an overview of the state of the art of virtual human research in general (chapter 2). Moreover,
chapter 2 reviews the various theories of emotions, personality, and social relationships that
shape the models proposed in this thesis (called ERiSA), presented in Chapter 3. This
chapter also describes how the models interacted with each other. The computational models
then were integrated to an existing general framework to build virtual companions in a game
environment in Chapter 4. A simple social game, The Smile Game was designed to evaluate
the framework. The game is played by two people facing each other and make each other

laugh with jokes and funny facial expressions. The first person to smile uncontrollably loses.

The game is then deployed and evaluated in the semi-public and public space in Chapter 5,
The purpose of the studies was to explore the potential of the ERiSA framework and models
as well as to evaluate them. This chapter also describes how to craft interaction rules from
human-human interaction video. Chapter 6 describes the implementation of the ERiSA

framework and models to an existing commercial game, Skyrim®. It provides clear evidence

Shttp:/ /www.bethsoft.com/en-gb/games/skyrim
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that there is an increase in positive player experience when playing the game with the
additional influence of interactive emotion, personality, and social relationships to the game
companion’s behaviours. The game companions were also perceived to have personality,
emotions, and can forge relationships with the players. Furthermore, the players reported
that they were more emotionally involved and attached to the characters and the game when
the ERISA Framework models were activated in the game. In addition, Chapter 7 describes
the results of a character design workshop with game designers as participants to explore
the potential of the ERiSA framework and models. Finally, Chapter 8 presents a discussion
about the research contributions and the implications as well as to provides directions for

future research.



Chapter 2

Believable Intelligent Virtual Humans

2.1 Introduction

Research in the field of virtual humans has attracted researchers who work in computer
science for more than six decades. Nowadays, the term “Virtual Human” (VH) has become
more and more prominent not only to computer scientist but as well as to psychologist,
social scientists, educators, and businessmen. Virtual Human is applied to a wide range of
applications covering simulation, education, training, and entertainment (e.g. films, anima-
tion and games). The technology to build virtual humans has rapidly enhanced their visual
appearance. Yet there remain several improvements and contributions to be made in the
area of complex virtual human behaviour. This chapter provides an overview on the history

and current, state-of-the-art research into virtual human.

2.1.1 What Is a Believable Intelligent Virtual Human?

The term intelligent virtual human, or what is generally known as an intelligent virtual agent,
is recognised as an autonomous virtual character who has characteristics like a human. This
virtual character also has the capability to communicate and interact with humans, both

verbally and non-verbally, through a virtual physical body within an environment (IVA

13
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Figure 2.1: Attributes of Virtual Humans

2016). There is a wide range of virtual human classifications, for example, conversational
agents, listener agents, virtual role players, game agents, etc. The ultimate goal of this
research is to build believable virtual humans from characteristics like their appearance to
their behaviour. The term believable virtual human can be linked to the era of the 1990’s
when Joseph Bates argued the notion of “believable character” in his paper. Bates elaborated
the idea that believability does not necessarily come from a reliable character, but “one that
provides the illusion of life and thus permits the audience’s suspension of disbelief” (Bates
1994). The term “illusion of life” was introduced by the Disney animator in the 1930’s to
bring the characters to life for their audience (Bates 1994, Thomas & Johnson 1984). The
ultimate goal in virtual human research is not, therefore, creating virtual humans that are
more and more realistic, but it is creating ones that less frequently break the illusion. There
is some research that has been done to create believable virtual humans. Some researchers
focus on creating an illusion of life from a virtual human mind by modulating high-level
synthetic behaviour by implementing computational models of emotions, personality, and
the cognitive process. Others are interested in the realistic aspect of graphics and animations

that provide an illusion of life from the virtual human body.

2.1.2 Attributes of Believable Intelligent Virtual Humans

In the VH research community, the focus of efforts appears to always be on improving the

capabilities of the agents. This is resulting in increasingly complex systems. In particu-



2.1. Introduction 15

lar, social interactive agents tend becoming increasingly, perhaps even excessively complex
systems. This is mainly because these researchers aim at replicating human interactive ca-
pabilities, and thus, in essence, they try to emulate all the complexities of the human social
brain. To keep this daunting task feasible, this is often done in a reductionist manner, with
separate modules responsible for sensing capabilities, cognitive processes (mind), output

system (body), and architecture to integrate them (see Figure 2.1).

Sensing

Sensing components are responsible for perceiving events from the external environment.
The sensors are typically audio and visual (Vinciarelli et al. 2009, McKeown et al. 2012,
Schroder et al. 2012, Magnenat-Thalmann & Thalmann 2005). The audio data is normally
captured by tools such as microphones, while the visual data is usually captured by HD
video capture devices (i.e. cameras). The sensing parts are designed to capture the data
from the external world, extract the data, classify it, and then analyse it. All the analysed
data is transmitted to the mind system to be further analysed. The discussion regarding the

current state-of-the-art of sensing technology is presented in section 2.5.

The Mind

The main function of VH mind components is to establish a high level behaviour includ-
ing, but not limited to, situation awareness, decision making, learning (Bourne et al. 1979,
Vernon et al. 2007), personality (Bevacqua et al. 2012, McRorie et al. 2012, Ochs et al.
2009, Kshirsagar & Magnenat-Thalmann 2002, Li et al. 2007), goal and motivation (Bourne
et al. 1979, Ochs et al. 2009), emotions (Ochs et al. 2009, Schroder et al. 2012), and social
behaviour (Ochs et al. 2009, Prada et al. 2012). There are various techniques to generate
synthetic behaviours. Some are trying to replicate human cognitive functions. Others are
interested in embedding computational models of emotions or personality to the virtual hu-
man. Recently, researchers have been interested in implementing a social model (Ochs et al.

2009, Schroder et al. 2012, Prada et al. 2012) to the virtual human to produce rich social
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and emotional behaviours. However, there is still no comprehensive study of which model
gives the most believable behaviours to the virtual human. The discussion regarding the

computational models is explained thoroughly in section 2.6.

The Body

The body of the virtual human consists of the dimensions (2D and 3D models), realistic
appearance (representation of the body, face, and clothing) and the animation (face and
body motion, hair and clothing animation) of the virtual human. There are two points
of view in this area of research. The first point of view is the aesthetic appearance and
animation (Magnenat-Thalmann et al. 2007, Magnenat-Thalmann & Thalmann 2005). The
other point of view is driven by the relationship between body and mind (Bourne et al.
1979). The virtual human’s appearance should represent their personality, goal, and mood.
For example a highly extrovert person would have an energetic face and, on the other hand,
a person who is experiencing sadness would exhibit a gloomy face. In this case, the face
and body animations should be driven by the projection of their mind (Rosis et al. 2003,
Magnenat-Thalmann et al. 2007). The discussion regarding the current technologies and

techniques for virtual human animation and rendering is provided in section 2.7.

The Architecture

The architecture is considered as a communication bridge between the virtual human mind
and body (internal communication) as well as inter-communication media between the vir-
tual human and their environment (external communication). It acts as a highway for the
data needed by the mind and body to interact with each other. It gathers data from the
sensors and reacts based on their models of mind. It should be modular and integrated, as
the architecture contains some components that are working and communicating with each
other. The discussion regarding the existing architectures of virtual humans and tool-kits to

build virtual humans is summarised in section 2.8.
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2.2 The Past: Historical Context

The idea of making Virtual Humans has been in development since 1959 when William A.
Fetter developed the “First Man”, a seven-segment articulated pilot that was used in the
Boeing 747 instrument panel studies (Fetter 1982). Seven movable segments were located
at the pelvis, neck, shoulders, and elbows of this “First Man” (Fetter 1982). This model
was recorded as the first television commercial that used a virtual human as the actor. In
1970, Fetter used his First Man data for a 30 seconds television commercial (Fetter 1982).
A decade later, the “Second Man” was developed by improving the articulation of the First

Man from seven to nineteen movable segments.

Between the 1970s and 1980s, the research in virtual humans evolved to the next step. Poly-
gon rendering and smoothing techniques were introduced for the first time in the virtual
human history to create a realistic appearance for virtual humans (Fetter 1982, Magnenat-
Thalmann et al. 1986). Realistic appearance was the primary focus of the research in this era.
Moreover, virtual human began to have the ability to exhibit some human behaviours. They
were capable of communicating using their emotions, speech and body gestures. However,
they were all pre-scripted nothing was real-time at that stage. The virtual human behaviours
were prepared in advance before the system was started. Despite the limitation in their be-
haviour generation, this was a breakthrough for the entertainment industry. Several TV
production companies began to produce short animated films using virtual human (Fet-
ter 1982, Magnenat-Thalmann & Thalmann 1982, Magnenat Thalmann & Thalmann 1995,
Magnenat-Thalmann & Thalmann 2005). Furthermore, consistent with the development
of the Role-Playing Game (RPG) and Action-Adventure game genre, the games industry
started to use virtual humans as the avatars and NPCs in their games, for examples: the

earlier versions of Zelda! and Prince of Persia2.

The next milestone of research achievement in this area was the ability of virtual humans to

interact and behave in a real-time situation. They were able to interact with users and react

Thttp://www.zelda.com /universe/game/zelda
Zhttp:/ /www.mobygames.com/game/prince-of-persia
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with simple behaviour mechanisms. The technique generally used was logically matching
the pre-scripted reaction and action table, which was usually saved in the form of a text
file. This mechanism allowed the virtual human to react differently according to the context
of interaction, which improved the believability of the virtual human. This technique was,
however, still limited in terms of complex social interaction scenarios. Several examples of
research in this era: in movies (Magnenat-Thalmann & Thalmann 2005, Molet et al. 1999,
Magnenat-Thalmann & Thalmann 1987, Magnenat Thalmann & Thalmann 1995), games,
training and education and Embodied Conversational Agent (ECA) (Magnenat-Thalmann
& Thalmann 2005, 2004). The focus of the evolution of virtual humans towards believable
behaviours during the last two decades has been growing towards complex behaviours in
a real-time interaction. Moreover, an interdisciplinary research programme between social
sciences, physiology and computer science was introduced to shape the virtual human’s mind.
The focus of efforts appears to have always been on improving the believability of virtual

humans by exhibiting human characteristics.

2.3 The Current: State of The Art

The virtual human has been a fascinating topic for researchers in the area of computer
science particularly. The number of papers submitted in one of the biggest international
conferences on virtual humans, IVA (International Conference on Intelligent Virtual Agents)
(IVA 2016), has increased significantly since 2001 with an overall 100 percent growth rate
and 5.48 percent average growth rate per year(see Figure 2.2). Furthermore, the number
of papers related to Intelligent Virtual Agents or Humans found on the Association for
Computing Machinery Digital Library (ACM DL)? has been significantly increasing since
the early 1950s with 129717.34 percent overall growth rate and 175.46 percent average growth

rate per year (see Figure 2.2).

The topics in this area have also proliferated. The earlier focus of the research was in

the application of virtual humans as facilitators in training and education systems. Then,

3http://dl.acm.org/
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Figure 2.2: Number of paper submissions on IVA (left) and Related to Intelligent Virtual
Agents or Humans on ACM (right)

in 2005, the focus was slightly shifted to the implementation of emotion (affect) and the
generation of non-verbal behaviours including back-channelling and mirroring. Moreover,
researchers have been trying to establish a uniform architecture for virtual humans. Conse-
quently, SAIBA (Kopp, Krenn, Marsella & et al. 2006), was introduced as a framework for
behaviour generation and was introduced along with the standardisation for its markup lan-
guage (Kopp, Krenn, Marsella & et al. 2006, Vilhjalmsson, Cantelmo & et al. 2007, Heylen,
Kopp, Marsella, Pelachaud & Vilhjlmsson 2008). Approximately at the beginning of 2010,
the implementation of personality and social aspects become a well-known technique to cre-
ate an illusion of life as well as machine learning techniques for learning. Moreover, there
has been a significant increase in the quantity of virtual human research in the area of en-
tertainment, particularly in the games industry, and the use of virtual humans as assistants

in medical applications.

Research in VH’s physical appearance and animation has been growing significantly over
the last decade. Researchers in the area of computer graphics are making significant efforts
to create realistic physical appearance and animation for VHs. There are two primary
attributes for creating realistic physical appearance and animation of VHs: the techniques
and frameworks. Several well-known animation techniques can be applied to animate a
VH: Kinematics and physical models. Kinematics-based animation applies the movements
of jointed chains concepts. It is generally used to animate objects with skeletons and best

to animate the mechanics of joint movements. Hence, this technique is best suited for
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animating the virtual human’s face and body actions. While Physics-based Simulation (PBS)
is generally applied to inanimate objects or passive phenomena (e.g. hair, clothes, water,
leaves, etc.) by implementing physics models (Magnenat-Thalmann & Thalmann 2004,
Geijtenbeek 2013, Magnenat-Thalmann et al. 2009, 2007, Volino et al. 2009). For example,
this can be applied by simulating Newton’s Three Laws of Motion to animate a bouncing
ball. Unlike Kinematics-based animation, PBS allows the animation to be the result of a

physics simulation process without relying on any animation data (Geijtenbeek 2013).

As part of an integrated system, creating and animating parts of a virtual human requires
standardisation of animation data formats, mainly if the aim is to allow the community to
re-use our virtual human. There are two existing animation frameworks and standardisations
that are generally widely implemented to animate a virtual human using its skeleton: MPEG-
4 and H-Anim. H-Anim was the first widely accepted standard used to animate a human
figure, and later MPEG-4 adopted the standard and refined it into three categories: Head,
Body and Bone object animation in two parameters (Preda & Preteux 2002, 2004, Fernandez-
Carbajales et al. 2006). The MPEG-4 standard also allowed the animated objects to coexist
in a hybrid animation environment, while the H-Anim standard must be animated by a
single animation environment. This allows MPEG-4 compliant animated objects to work
with different animation tools that are using different animation environments. H-Anim
was developed by The H-Anim Working Group. An H-Anim virtual human is divided into
several objects to represent it: Humanoid, Joint, Segment, Site and Displacer objects, where
the Humanoid object is the root and provides the attachment framework for all other parts

of the virtual human (H-Anim 2016).

Meanwhile, the MPEG-4 animation standard was developed by The International Organi-
sation for Standardization (ISO) and MPEG (Moving Picture Experts Group) committee in
1998 (Pereira & Ebrahimi 2002, Preda & Preteux 2002). The standard provides a frame-
work for synthetic and natural hybrid coding (SNHC) which allows the generation of facial
animation using Facial Animation Parameters (FAP) (Preda & Preteux 2002, AB 2016, Val-
star 2008) and the animation of virtual human body parts with Body Animation Parameters

(BAP) (Preda & Preteux 2002, AB 2016) in the video scope as well as Text-To-Speech (TTS)
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(Pereira & Ebrahimi 2002) in the audio scope.

To bridge the virtual human mind and body as well as to communicate with their external
environment, a modular and integrated system is required. Because building a virtual human
is a complex task, this could be done in a reductionist manner with integrated and modular
components from the sensors, perception and action selection to the execution of the action.
With those components, a virtual human is capable of capturing the data from external
environments (signals) through the sensors, interpreting them according to their own goals,

beliefs and personality, and ultimately, responding appropriately.

Furthermore, by adopting some theories from the social sciences, a computational model can
be built that allows the player/user to forge a social relationship with the virtual human.
However, such tasks are currently challenging for the virtual human, since computers are
socially ignorant (Pentland 2005). There are still no comprehensive studies on which data
(signals) are needed to analyse player behaviours. However, research shows the integration
of multiple data (signals) captured from facial expression and voice produces superior results

when compared to a single modality (Vinciarelli et al. 2009, 2012).

2.4 Social Signals Processing

Social signals Processing (SSP) is a blue-sky research topic grounded in the area of social sci-
ences, human biology, psychology and computer science. The research is aimed at providing
social intelligence to the machine, in this case, the computer. Social signals are manifested
through non-verbal behavioural cues (e.g. facial expressions, gaze, hand and body gestures,
and vocal prosody) alongside verbal messages in a social interaction, be they between hu-
mans and humans or humans and machines. Research suggested that in a social interaction,
verbal messages only play a part in less than 10 percent of the total messages (Vinciarelli

et al. 2009, Knapp et al. 2013).

Although not all computers need to be socially intelligent, in some scenarios machines with

the ability to capture, adapt, and react to social signals are perceived to be more trustwor-
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thy and natural (Vinciarelli et al. 2009, Bevacqua et al. 2012, Rosis et al. 2003). In order
to establish a natural and believable interaction between a human and a virtual human,
eventually leading to a relationship, the virtual human must become socially and emotion-
ally aware by becoming able to capture social signals through the sensors, interpret them

according to their own goals, beliefs and desires, and ultimately, respond appropriately.

SSP and virtual human research share a correlation in their research questions particularly
in the process of capturing, interpreting and responding to social signals. There are three
main domains in SSP*. The first domain is automatic analysis, in which the problems re-
lated to capturing and interpreting the social signals are addressed. Automatic analysis
deals with analysis and interpretation of data captured from an array of input devices, for
example: microphones to capture vocal behaviours such as prosody, turn-taking and utter-
ances (Schroder et al. 2012, Eyben et al. 2010, Schuller et al. 2004, 2011, 2014), cameras to
capture face behaviours such as facial expressions and gaze behaviour (Schroder et al. 2012,
Almaev & Valstar 2013, Jiang et al. 2014, Valstar 2008, Valstar & Pantic 2006, Almaev et al.
2013) and any suitable sensors to capture physical appearances and physiology (Haag et al.
2004, Verhoef et al. 2009, Villon & Lisetti 2006). Current state-of-the-art, the automatic
analysis is still unable to display a satisfactory result dealing with unconstrained lab settings
as a result of the inability to handle natural scenarios where there is an infinite amount of

information from the external world (Vinciarelli et al. 2009, 2012).

The second domain is conceptual modelling, which investigates the principles and laws
that govern the social interaction between human-human, human-computer or computer-
computer. This domain shares some connections in the research questions addressing the
principles and laws of social interaction. These laws and principles are potentially adopted
for a foundation to build a model for a VH brain. Generally, the laws and principles are
derived from existing theories for example: emotion (Ochs et al. 2009, Schroder et al. 2012,
Ortony et al. 1988, Sollenberger & Singh 2012), personality (Bevacqua et al. 2012, McRorie
et al. 2012, Ochs et al. 2009, Kshirsagar & Magnenat-Thalmann 2002, Li et al. 2007) and

social relationship theory (Ochs et al. 2009, Prada et al. 2012). However, at the point of

4http://www.sspnet.eu/
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writing, there are still no unified or a general model for those theories.

The final domain is the synthesis, which covers synthetic social cues generation manifested
through the virtual humans face, body and voice. The generation of social cues is driven by
the virtual human mind. This includes the generation of social actions (e.g. turn-taking,
back-channelling and mirroring) (Pecune et al. 2013, Pelachaud & Ochs 2015) and social
attitudes (e.g. dominance and friendliness) (Jones et al. 2014, Pecune et al. 2013, 2016),
which are essential in creating an illusion to the human that the virtual human is capable
of keeping the conversation flowing smoothly. The problem that arises in this area is the
limitation of knowledge of what actual behaviours/cues form the minimum needed to retain

the illusion of believability.

2.5 The Sensory Systems

Aristotle espoused an idea of five basic senses: hearing, sight, smell, touch and taste (Murphy
& Kovach 1972). The idea has evolved for more than two millennia from five basic senses
to a complex modern sensory system (see Figure 2.1). Sensors act as transducers from
the physical world to our brain, where we interpret the information and perceive the world
(Krantz 2012). For virtual humans, not all sensory systems can be replicated to perceive
information from the physical world. The camera and microphone, which are commonly used
as sensors in virtual humans, act as the virtual sight and hearing systems. Some sensors in the
somatosensory system can be replicated by touch-sensing input devices (Nguyen et al. 2007,
Nguyen & Wachsmuth 2009). Moreover, sensors such as accelerometers and gyroscopes can
simulate balance and spatial orientation sensation for the virtual human that has a physical

embodiment as their virtual vestibular system (e.g. a robot).

The primary function of the sensory system is to capture all the social signals from the
human and then transmit and process them in the mind system of the virtual human. Social
signals can be captured through facial behaviour and spatial perceptions by using cameras,

and vocal behaviour alongside utterances by using a microphone. With the rapid advance



24 Chapter 2. Believable Intelligent Virtual Humans

in affective computing and social signal processing methodologies, it is possible to at least
to sense a large number of relevant cues for social virtual agents. Face detection and face
recognition are more or less solved problems, as is facial point localisation (Valstar et al.
2011). On the audio side, limited speech recognition is possible, as is speaker detection,

emotion recognition and various other non-verbal tasks (Ringeval et al. 2015).

2.5.1 Face Behaviour

The face is our primary means of interactions with others. It is our most important mode of
non-verbal communication, coming from the facial expressions and gaze behaviour (Valstar
2008). When someone pulls the corner of their lips and raises their cheek, it most likely
indicates that the person is smiling, which can be translated to the emotion of happiness
or social attitude of politeness. Moreover, in a social interaction situation the direction of
the eye taking a particular position can be linked to attention, as a turn-taking cue, or to

identify the social role between the interlocutors.

The most commonly used system to judge the emotion from the face is the Facial Action
Coding System (FACS) (Valstar 2008, Ekman 1999a). FACS defines the actions of the facial
muscles that correlate with facial expressions. There are a total of 66 action units (AUs)
classified in the system: nine AUs in the upper face, eighteen AUs in the lower face and
five AUs that belong to neither the upper and the lower face. In addition, there are eleven
AUs for head position, nine AUs for eye position and fourteen AUs for others (Valstar 2008,

Ekman et al. 2002b). Figure 2.3 illustrates an example of the Action Units scoring system.

The standard pipeline for automatic facial expression recognition is finding and detecting the
face, registering the face, extracting the features from the face and finally classifying them
into a low-level behaviour category (e.g. AUs) or a high-level category, such as emotions or
social attitudes. In these categories, the information can be used by the virtual human mind
system for decision making. A comprehensive survey of the state-of-the-art in automatic
social signal detection from face behaviour can be found in Vinciarelli et al. (2009), Gunes

et al. (2011), Vinciarelli et al. (2012), Valstar (2015).



2.5. The Sensory Systems 25

AU4 Brow Lowerer S

AUB Cheek Ralse . ‘
Ay
N\
2 ; A \
AU7 Lids Tight | =\ z
E

-

e N e <.
AU12 Lip Corner Puller i AUA43 Eye Closure AUS Upper Lid Raise :

|
R
\ t i AUZS Lips Part || AU1S Lip Comer Depressor i
. AU26 Jaw Drop

- ¥
‘

AU12 Lip Corner Pulle

-\
%‘l AU17 Chin Raiser
- -

Figure 2.3: FACS Example (Almaev et al. 2015)

2.5.2 Vocal Behaviour

There are two types of behaviour that are conveyed vocally when someone is speaking in
a social interaction setting. These are the actual utterance and the non-verbal behaviours
accompanying the words spoken. Vocal non-verbal behaviours play a significant part in
conveying the honest meaning of the interaction, as the non-verbal behaviours are shown
often unconsciously as they are regulated by our actual feelings toward the interactions
(Vinciarelli et al. 2012). The most commonly used vocal non-verbal behaviours used as

social cues are prosodic features, vocalisations, silences and turn-taking.

Generally, voice pitch (often called fundamental frequency, F0), tempo, and energy level are
the most common prosodic features used as signals. These features can be used to convey
emotions, personality, and social attitudes. For example, the voice of anger can be detected
from lower pitch, faster tempo, and higher energy level. A speaker with high energy and low
voice pitch can be an indication that the personality of the speaker is dominant. Moreover,
steady tempo with low voice pitch can demonstrate that the speaker is confident about the
topic. The vocalisations are categorised into segregates and vocal outbursts. A segregate is
a word that has no linguistic meaning. For example: “ah-ha”, “hm”, “ehm?”, “uhm”, “ha”,
etc. Vocal outbursts are non-word sounds such as the sound of laughing, crying, sighing,
yawning, etc. The silence in a conversation can be a sign indicating the change of speaker
turn or a way of ignoring people. Silence cues and gaze behaviour can indicate if the person
is currently listening to or ignoring the speaker during a conversation. Finally, turn-taking

is considered one of the most important parts in the conversation. Turn-taking regulates the
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flow of the conversation between the interlocutors (e.g. asking for a turn, yielding a turn
or maintaining the conversation flow). Moreover, overlapping conversation can indicate the
speaker’s status and social attitudes such as dominance or a situation where the interlocutors
are arguing with each other. An exhaustive explanation of automatic social signals detection

from vocal behaviour can be found in (Vinciarelli et al. 2009, 2012, Gunes et al. 2011).

2.6 Virtual Humans’ Mind Models

2.6.1 Theory of Emotions

Research in emotion shows that the expression of emotions will increase the believability of
a virtual human (Bates 1994). The philosophy of emotions has been introduced by several
renowned classical philosophers like Plato, Aristotle, Rene Descartes, and Immanuel Kant for
more than a millennium and keeps developing today. However, from more than 100 existing
theories of emotions, there is as yet no definite and unified theory. There are still a lot of
uncertain conceptual theories yet to be considered redundant (Strongman 2003, Reisenzein
et al. 2013). Consequently, there are still no comprehensive computational models of emotion

for building the virtual human’s mind.

Basic Emotions

There are several approaches to the classification of emotions in the psychology research
area. Such classification helps to distinguish one emotion from another. The most classic and
common emotions classification is six universal emotions proposed by Paul Ekman (Ekman
& Friesen 1969, Ekman 1999b,a). He reinvestigated Darwins work and claimed that there
are six universal emotions, which are produced and recognised independently of cultural
background. These emotions are anger, disgust, fear, happiness, sadness, and surprise, and
they have evolved in the same way for all humankind. Moreover, the theory suggests that

our facial expressions show these emotions and that these displays of emotion are produced
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Figure 2.4: Russells circumplex model of emotions. (Russell 1980)

and recognised universally, that is, independent of culture or other nurture effects (Valstar

2008).

Dimensional Emotions

Many cognitive scientists oppose the theory of a set of discrete, basic emotions (Ekman &
Friesen 1969, Ekman 1999b,a, Cohn 2007, Mandler 1984). Some of these opponents instead
take a dimensional view of the problem. In their view, affective states are not discrete and
independent of each other; instead, they are systematically related to one another (Cacioppo
& Berntson 1994, Mehrabian & Russell 1973, Smith & Ellsworth 1985). Perhaps the most
influential of the scientists who proposed this systematic view is James A. Russell. He
proposed a system of two bipolar variables, namely valence and arousal (Russell 1980).
Valence roughly ranges from sadness to happiness while arousal ranges from boredom or
sleepiness to frantic excitement. According to Russell, all emotions lie on a circle in this

two-dimensional space (see Figure 2.4).

While Russell proposed the bipolar axes of valence and arousal model, Plutchik (Plutchik
1980) on the other hand, proposed eight primary emotions: acceptance, anger, anticipation,

disgust, fear, joy, sadness, and surprise; every other emotion can be produced by mixing the
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Figure 2.5: Plutchiks emotion wheel (left) and the accompanying emotion cone
(right) (Plutchik 1980).

primary ones. To this end, he introduced the emotion wheel, which is similar to a palette
of colours. The three-dimensional circumplex model describes the relationships between
concepts of emotion with each emotion smoothly flowing into another when we traverse a

path on the surface of the 3-dimensional cone shown in Figure 2.5 (Valstar 2008).

The cone’s vertical dimension represents the intensity of the emotion, and the position on
the circle defines in what basic emotion sector we are. The eight sectors are designed to
indicate that there are eight primary emotion dimensions, formed by four pairs of opposites.
Secondary emotions are produced by combinations of primary emotions that are adjacent
on the emotion wheel. For instance, Plutchik characterises "love” as a combination of ”joy”

and ”acceptance”, whereas ”submission” is a combination of ”acceptance” and ”fear”.

In addition, Mehrabian proposed a three-dimensional view model, namely Pleasure, Arousal
and Dominance (PAD) (Mehrabian 1996). The three nearly independent axes define a
temperament space with the value of positive and negative for each axis, for example: Bored
results from unpleasant (-P), unarousable (-A) and submissive (-D) states, while Relaxed

comes from pleasant (+P), unarousable (-A) and dominant (+D) states.

Another model classification for Dimensional Emotions from the point of view of neurochem-

istry is the Lovheim three-dimensional cube of emotion (Lévheim 2012) which describes a



2.6. Virtual Humans’ Mind Models 29

Anger
Rage Interest
Excitement
Distress
Anguish .
Surprise
: Fear
Noradrenaline Terror Enjoyment
Joy
Dopamine
Shame
Humiliation , > Contempt
Serotonin Disgust

Figure 2.6: Lovheim’s emotion cube (Lovheim 2012).

relationship between monoamine neurotransmitters and emotions (see Figure 2.6). There
are three monoamine neurotransmitters, namely serotonin, dopamine and noradrenaline in
the position of x, y and z respectively correlated with eight emotions in each of the vertices.
For example, enjoyment /joy has been placed in a combination of noradrenaline low and both

serotonin and dopamine high.

Emotions Appraisal

The theory of Emotions Appraisal was attributed to Magda Arnold and Richard Lazarus in
the early of 20th century. They argued that the emotions are immediately and automati-
cally elicited by appraisals of events and situations (Arnold 1960, Lazarus 1982, Roseman
1996). The theorist argues that there are individual differences in emotional response to the
same event or situation. Factors such as the relationships between the stressors and the sub-
ject’s personality generally influence how someone reacts to a particular event or situation.
The theory of Emotion Appraisal defines three forms of appraisal: primary, secondary and
re-appraisal. Primary appraisal is the interpretation of the subject from an environmental
situation. The secondary appraisal is the evaluation of the resources that the subject has
to deal with the situation. Re-appraisal is the monitoring and learning phase of the sub-
ject (Lazarus 1982, Roseman 1996). In later developments, Smith & Lazarus (1993) defined

six components of emotion appraisal and argued that those components could distinguish
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emotional states. The components are motivational relevance, motivational congruence, ac-
countability, problem-focused copying potential, emotion-focused copying potential and fu-
ture expectancy. The emotion of happiness, for example, occurs when the goals are achieved
(motivational relevance, motivational congruence), while guilt involves self-accountability,
and happiness involves high expectancy for change in the future (Smith & Lazarus 1993,
Roseman 1996). Furthermore, those emotions lead to a specific behavioural action. For
example, happiness may lead to a desire to share the happiness with someone close to the

subject or fear to the desire to avoid the source (Frijda 1988).

2.6.2 Computational Emotions Models

Computational Cognitive Appraisal Models

Research in the field of computational cognitive models explores the function of cognition
in the human brain including but not limited to memory, language, problem-solving, rea-
soning, and learning. It then seeks to implement those functions in computer algorithms
and programs. Typically the models are classified into computational and mathematical
models. The computational models are usually represented by software architecture either
conceptual or physical (Picard 1997, Marsella et al. 2010, Ochs et al. 2009, Vernon et al.
2007), while the mathematical models are generally represented by mathematical formulas

and problems (Picard 1997, Andrighetto et al. 2013, Dastani et al. 2013).

Ortnony, Clore and Collin’s Model The most computationally suitable model for
emotion is OCC (Ortnony, Clore and Collin’s model) (Ortony et al. 1988). This model is
based on the cognitive appraisal theory of emotions, in which emotions are triggered by the
subjective appraisal of an event depending on the individual’s goals and beliefs (Lazarus
1982, Ortony et al. 1988, Lazarus 1991). Instead of representing the emotions as a set of
basic emotions, this model categorises emotions into groups of reaction to valance, namely
consequences of events with focus either on their self or the other, the actions of the agents

with focus either on their self or the other, and the aspect of the objects. (see Figure 2.7).
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Roseman, Antoniou, Jose’s Model Another computational cognitive appraisal model
that shows promise for computer science is Roseman, Antoniou, and Jose’s Model (Picard
1997, Roseman 1996). The model is intended to provide a systematic account of the relation-
ship between appraisal and emotion (Roseman 1996). In this model, Ira Roseman specifies
17 emotions resulting from the accumulation of a small number of appraisal dimensions. The
emotions resulted from the cause, motive and the control potential of the event. However,
this model is still limited in a complex situation where there are several appraisals in the

event (Picard 1997, Roseman 1996).

Computational Emotion Modelling

There are several considerations to model emotions into the virtual human’s mind. First of
all, we have to think about how the emotion is activated, how long those emotions usually last
and what is the association between cognitive, personality, and social models. Additionally,
we could choose to model moods and/or theory of mind into the virtual human’s mind to
enhance their believability. Moods are generally less intense but last longer compared to

emotions. Unlike emotions, moods are less likely to be triggered by events.

Emotion Threshold and Saturation The level of emotion threshold and saturation vary
on the personality. The value of threshold causes the activation of the agent’s emotion, while
the saturation level defines the maximum of the agent’s emotion intensity (Picard 1997, Ochs
et al. 2009, Marsella et al. 2010, Velsquez 1997). Hence, repeated activation of the emotion is
allowed, a rapid repeated activation causes the raising of emotion’s intensity to the maximum
of its saturation level (Picard 1997, Velsquez 1997). For example, an introvert virtual human
with threshold 0.6 of emotion joy and saturation 1.0 will not change the behaviour if the
intensity of joy emotion drops below 0.6. A rapid repetitive event of joy, however, will cause
a rise in the emotion’s intensity. If the intensity hits a value of more than 0.6, the agent’s
emotion and behaviour changed gradually until the value of the saturation is 1.0 Picard

(1997), Velsquez (1997).

Emotion Decay Function An emotion usually gradually vanishes over a period of time.
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The emotion will fall below the level of the threshold and thus disappear unless it is re-
activated(Picard 1997, Velsquez 1997). To give an illustration of the function of emotion
decay imagine that the activation of emotion is a rock that hits a puddle. The ripple
will gradually vanish over a period of time unless another rock hits the puddle once more.
Moreover, repetitive strikes of rocks will have the effect of escalating the intensity of the
ripple. Similarly, with the ripple, repetitive activation of emotion will have the effect of

escalating the intensity of the emotion.

2.6.3 Theory of Personality

Research in the theory of personality has become increasingly popular. The aim is “to ac-
count for individuals’ characteristic patterns of thought, emotion and behaviour together
with psychological mechanisms - hidden or not - behind those patterns” (Funder 2001). Per-
sonality becomes one of the aspects that influences human behaviour. It characterises the
behavioural patterns of an individual. Hence they would react differently to their environ-
ment (Li et al. 2007). Personality is also used to describe how someone perceives themselves
and others. It affects how they speak and present themselves (e.g. dressing). In the early
theory of personality history, a single trait of personality was introduced to distinguish an
individual characteristic. However, it was not clear enough to describe someone’s character-
istics. Thus multiple traits of personality theory were introduced. Eysenck introduced the
Eysenck personality inventory (Eysenck & Eysenck 1965) to distinguish personality with two
traits, Extroversion and Neuroticism (with Psychoticism added later (Eysenck & Eysenck

1976)).

The most renowned and widely accepted model of personality is the Big Five personality
traits (Saucier & Goldberg 1996, Norman 1963). The traits are Openness, Conscientious-
ness, Extraversion, Agreeableness, and Neuroticism) (Saucier & Goldberg 1996). Openness
is identical to the person’s degree of intellectual curiosity. A high openness person can be
perceived as an unpredictable and open-minded person. Conscientiousness reflects the per-

son’s level of organisation and dependency. A high conscientiousness person can be perceived
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as a stubborn and organised person. Extraversion indicates the level of positive energy and
emotions a person has. An extrovert person is generally perceived as an energetic and pos-
itive person. Agreeableness implies the degree of cooperativeness of a person. A person
with high agreeableness is perceived as a submissive person. Finally, Neuroticism indicates
the level of negative energy and emotions of a person. A person with high Neuroticism
is typically perceived as emotionally unstable. The Big Five Personality Inventory (BFI)
was introduced to measure a person’s personality by using forty-four checklists describing
a particular characteristic (McCrae & John 1992) and later was abbreviated to ten items

(BFI-10) (Rammstedt & John 2007).

Big companies now generally require their employees to take a personality test to determine
their working style. Hence, the manager can strategically manage their subordinate based on
their style to enhance their performance. Assessment tools such as the Myers-Briggs Type
Indicator personality inventory (Myers et al. 1998) and DISC Profile test (Marston 2013)
are the most popular. The focus of these personality theories is to determine someone’s
preferences in their working environment such as the type of assignment, leadership, and
communication styles. The MBTTI introduces sixteen types of person determined by the
combination of four factors, namely: their focus on the outer or inner (Extraversion or
Introversion), how they interpret information (Sensing or Intuition), decision-making styles
(Thinking or Feeling), and their perception on new information and options (Judging or
Perceiving) (Myers et al. 1998). DISC determines a person’s characteristics with four factors,

namely: Dominance, Influence, Steadiness, and Conscientiousness (Marston 2013).

2.6.4 Computational Personality Models

At the beginning of the 215 century, modelling personality in virtual human minds has be-
come a well-known topic for researchers in the area of a virtual human. Personality is claimed
to be one of the aspects that will enhance the virtual human’s believability (Schroder et al.
2012, Rosis et al. 2003, Li et al. 2007, Kshirsagar & Magnenat-Thalmann 2002). The model

of personality has been implemented into the virtual human to increase their believability
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and to create a colourful interaction with them. The early versions of the personality models
implementation in the virtual human were to create attractive representations of virtual hu-
mans. Rousseau et al. (1996) argued that a virtual human should behave uniquely depending

on their personality towards the same event.

The OCEAN model is currently the most well-known personality model to be implemented
into the virtual human (Li et al. 2007, Ochs et al. 2009, Schroder et al. 2012). The model
describes most details about someone’s characteristics compared to others, yet it is easily
implemented as vectors in a computing problem. There are also other modern personality
models that offer sophisticated categories of human traits, such as MBTT and DISC. However,
these models focus on the detection of human personality traits in the working environment
(Myers et al. 1998, Marston 2013, Ochs et al. 2009). An alternative to the Big Five (OCEAN)
model is the Eysencks Model (Eysenck & Eysenck 1976) which is a simplified version of the
OCEAN model. It has three characteristics to define a person instead of five. Virtual
human personality models based on Eysenck are McRorie et al. (2012), Bevacqua et al.
(2012). Finally, the personality models can be combined with other computational models
to influence emotions or moods. Li et al. (2007) and Ochs et al. (2009) implemented a
Computational model of Emotions such as OCC (Ortony et al. 1988) to interact with the
model of personality to regulate the virtual human’s emotional states. This describes basic
emotions that are not only stimulated by the environment but also by the virtual human
personality. While Karimi & Kangavari (2012) implemented a fuzzy engine based personality
model to the ACT-R Cognitive Architecture (Bothell n.d.) to enable the virtual human to
perceive, process and react to the information from the external environment based on their

personality.

2.6.5 Theory of Social Relationships

Social relationship is complex phenomena resulting from a long journey of evolutionary
processes. As a social animal, we have been interacting with each other in different ways

according to our historical and cultural contexts. The theory of relationships is quite broad
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since it is a sophisticated process of human beings. This thesis focuses on the dimensions of

relationships, space and the connection of social relationships to the emotions.

Social Relationship Dimensions

Some different dimensions can identify social relationships between individuals. The most
widely used is two-dimensional space constituted by orthogonal axes with one in the x-axis
and another in the y-axis (Kemper 1973). They come with various labels such as Dominance-
submission vs. Hostility-affection (Foa 1961, Kemper 1973) or Control vs Affection (Kemper
1973). In the early 50s, Schutz (1958), Kemper (1973) argue that all of those dimensions
shared the same themes and categorised them into power vs status. In this model, one axis
represents the control that one actor has towards another, while another axis underlines the
positive orientation to the other (Kemper 1973). The combination of the dimensions will
then specify a particular relationship. For example Romantic love relation is characterised by
a high status and power of one actor to another, while master and slave relation is described
by low power and status of a slave towards a high power and status of a master (Kemper
1973). However, the model is still not sufficient to characterise the whole domain of human
relationships (Ochs et al. 2009, Pecune et al. 2013). The model explains the aspects of the
power one has over another, and the affection one actor has to another, but it is still missing
a part to determine how close or intimate one actor is to another. Several authors describe
this as “Familiarity” (Altman & Taylor 1973, Bickmore et al. 2005, Ochs et al. 2009, Pecune

et al. 2013).

Altman & Taylor (1973) introduced “The Social Penetration Theory”, which argued that
there are several stages or processes of relationships. They illustrate them as the “onion
theory”, where multilayers are presented, with the public side on the outer layer and private
at the core of the layer. At the beginning phase of the relationship, a person is only showing
their outer public part and only talks about what they find convenient to talk about in
public. As the Familiarity and Status between two persons grows, the layers begin to reveal

the private side of the person (Altman & Taylor 1973). In the beginning of a relationship,
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people usually perform small talk to increase the intimacy (Bickmore & Cassell 2005) and
establish common ground between them (Orientation Stage). People then start to express
their personal attitude towards a particular topic, but they may not yet feel comfortable to
argue if there are disagreements between them (Exploratory Stage). In this stage, people
start to decide if the relationship is worth maintaining. The next phase is the Affective
Stage, where people now open themselves to each other by starting to express their personal
life. Finally, a Stable Stage is reached, and they share their personal thoughts and beliefs

among themselves.

Social Emotions

Social emotions are defined as emotions that require the representation of someone else’s
mental states (Burnett et al. 2009). OCC computational models categorise 22 emotions based
on a person’s valence reactions to the consequences of the events, actions of the agents, and
aspects of the objects (Ortony et al. 1988). Another theory defines three common emotions in
the relationship based on the valance, namely: friendship, animosity, and empathy (Picard
1997, Elliott 1992). Friendship shows the similarity of valance among people, animosity
shows the opposite of valance among people, and empathy tends to temporarily mirror
the valance of the other person’s emotion to their self. Barbalet (1996) argues that emotion
dimensions should include confidence, trust, and loyalty for the social processes of the agency,

cooperation, and organisation.

Space and Interpersonal

Humans are social creatures. Social interaction is a mandatory need for humans. Interper-
sonal relationships among humans are a central fact of our existence as human beings in
society (Richmond et al. 1991). Humans must relate to others to survive. We communicate
with each other in a wide range of ways, through physical appearance, gesture, and move-
ment, face behaviour, vocal behaviour, and space. There are two major topics of space in

the social sciences: The interpersonal distance introduced by Hall (1966) and the spatial
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Figure 2.9: A. Interpersonal Distance (Hall 1966); B. Spatial Organization in a Social Inter-
action (Kendon 1990); C. F-Formation (Kendon 1990)

organisation in a face to face social interaction called F-Formation popularised by Kendon
(Kendon 1990). Hall (1966) suggested the type of interpersonal relationship that will affect
the distance we choose to place between ourselves and others during interaction in the North
American social norms. The distance zones are classified into intimate, personal, social, and
public (see 2.9 point A). The first zone, intimate, is a distance between touching to a dis-
tance of eighteen inches. This zone is very special and reserved for a very special person in
their life (lovers, very close family members). The second zone, a personal zone is a distance
between eighteen inches to about four feet. This zone is reserved for close friends, relatives,
and people that have been interacting with us for a long time. The next zone is the common
zone in the social interaction. The social zone is used for business matters, teaching, any
interaction with a common topic of discussion. This zone ranges from four feet to twelve
feet. Finally, the public zone is used for a public matter and begins from twelve feet. In
his book, Hall (1966) also noted that cultural as well as gender differences could maintain
different standards of distance. In some westerns culture, the intimate zone is used for a
friend. Moreover, females will allow others to approach them from their side more closely

than from the front.

In an interaction, people tend to place themselves in formations such as lines or circles.
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Kendon suggested F-Formation to describe a possible formation during an interaction.
Kendon defined this as a formation that ”arises whenever two or more people sustain a
spatial, and orientational relationship in which the space between them is one to which they
have equal, direct and exclusive access” (Kendon 1990). When a social interaction forms,
the participants will share a joint transactional space called o-space. This will be the focus
and orientation of the interaction. The space that people occupy by their physical bodies
is called p-space. An interesting example of this model occurs when there are new people
who intend to join the interaction. To join the interaction, they should choose a position
inside the p-space. Thus, the members have to show non-verbal behavioural cues to accep-
t/reject the new member by re-orienting their physical body and space to adjust to the new
formation. The space outside the formation is called r-space (see 2.9 point B). In his book,
Kendon also suggested the possibility of formation whenever two or more people sustain a
spatial and orientational interaction (see 2.9 point C). A vis-A-vis and L-shape formation
are only possible when there are two people in the interaction. A triangular formation is
only possible when there are three people in the interaction. Finally, a circular formation

occurs when there are more than three people in the interaction.

2.6.6 Computational Social Models

Most of the work in the literature implemented three dimensions to their social models. The
labels can be different from each other depending on the researchers. However, they all
share the same themes: Power, Status, and Familiarity (Bickmore et al. 2005, Ochs et al.
2009, Pecune et al. 2013, Pelachaud & Ochs 2015). Some of the researchers (Mui et al. 2002,
Sutcliffe & Wang 2012) implemented derivative dimensions such as Trust which is derived
from Power, Status and Familiarity. In 1992, Clark Elliot introduced The Affective Reasoner
based on the OCC computational model. This model enables the researcher to model the

personality of a virtual human together with their social relationship.

The social relationship between two persons is generally projected by their verbal and non-

verbal behaviours such as how the persons address each other, their social attitudes and
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how they adjust their position and space during the interaction. While some virtual human
researchers still focus on the physical appearance, gesture and movement, face and vocal
behaviour, the study of virtual human’s space as a social agent is still in a state of infancy.
Space can be one of the key factors in a natural social interaction attribute. There is little
research that includes space in the virtual agent attributes. Damian et al. (Damian et al.
2011) and Nguyen et al. (Nguyen & Wachsmuth 2011) suggested that F-formations represent
inter-agent interactions hence the position and orientation of the agent will be automatically
adjusted during an interaction. They implemented this model to the simulation of 3D
animation. Narasimhan and White (Preethi Narasimhan & White 2013) presented a system
the impact of which is leading to the emergence of F-formation and a 2D bird-view simulation

of F-Formation.

2.7 The Output Systems

2.7.1 Virtual Human Animation

Currently the advance of technology offers numerous tools for virtual human’s animation
that have been adopted by a majority of researchers (such as Unreal 3D Engine®, Luminous
Studio Engine®, Cinema4D Studio’, Autodesk 3Ds Max Studio®, Autodesk Maya Studio?,
and many more.). This has led to many successful realistic animation movies and games
such as The Hobbit!?, Final Fantasy Advent Childern!!, and many more. There are two
major well-known techniques in computer graphics to animate believable virtual humans,
namely: Kinematics-based animation, and Physics Based Simulation. A kinematics-based
animation is widely used for animation in virtual human movements for instance: walking,

running, sitting, etc. Meanwhile, Physics-Based Simulation is useful for natural phenomena

Shttp://www.unrealengine.com/
Shttp://uk.ign.com/articles/2012/06,/06 /e3-2012-square-enix-presents-the-lumines-engine
"http:/ /www.maxon.net /products/cinema-4d-studio/
8http://www.autodesk.co.uk /products/autodesk-3ds-max
Yhttp://www.autodesk.co.uk /products/autodesk-maya
Ohttp: //www.thehobbit.com
Hhttp: / /www.square-enix.co.jp/dvd /ffTac
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animation to inanimate objects or effects such as hair, clothes, water, smoke, etc.

Kinematics-based animation A kinematics-based animation is a computer animation
technique in which the object is represented in two layers. The first layer is the object’s
surface (skin), while the second layer is usually a hierarchical set of interconnected bones
(skeleton). The structure of the skeleton allows animators to animate the object parts ac-
cording to the joints. This technique requires an input of data for animating the object.
The more accurate the data, the more realistic the animation. The data is generally repre-
sented by mathematical functions, for instance: walking functions, running functions, etc.
The renowned technique used for capturing the animation data is motion capture. Motion
capture technology uses multiple cameras to capture an actor’s movements and translates
the movements into the animation data. There are two techniques in Kinematics-based
animation: Forward and Inverse Kinematics. Forward kinematics performs matrix transfor-
mations to move the object’s position and orientation from a starting point to its end point.
While, in Inverse kinematics, we determine the end point of a particular object and calculate
the relative positions of all the other objects that are linked to that particular object using

gradient descent (Thalmann 1996, Magnenat-Thalmann et al. 2007).

Physics Based Simulation A physics-based animation is an area of interest within com-
puter graphics techniques in which the animation will be based on the simulation of the
object’s physics. The animation of the object depends on the material’s characteristics. Un-
like Kinematics-based animation, Physics-Based Simulation allows the animation to be the
result of a physics simulation process without relying on any animation data (Geijtenbeek
2013). In virtual human animation, PBS can be applied to animate a virtual human’s hair
and clothes. Techniques such as Fluid Flow and Continuum Mechanics are used to model
and animate hair for virtual humans (see (Magnenat-Thalmann et al. 2000)) and Particle-
based system and collision detection are generally implemented to animate realistic clothes

for virtual humans (see (Volino & Magnenat-Thalmann 2001)).
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2.7.2 Next Generation Rendering Engine

Early in 2013, several big-name entertainment industry companies introduced the next gen-
eration rendering engine at the Electronic Entertainment Expo (EEE) 2013. Although the
technology is still in the development phase, some industries have started to promote the
engines. The next generation rendering engine allows animators to create a real-time hyper-
realistic animation. The technique takes advantage of changes of lighting which allows the

creation of shades leading to an illusion of life for the human’s eyes.

2.7.3 Animation Standardisation

H-Anim Specification for a Standard Humanoid

Re-usability is a virtue in animating virtual humans. Animating virtual humans can be
remarkably costly. Many joints interact with others to animate one realistic behaviour of the
virtual human. The re-usability of high-quality animations cuts down the production costs
(Magnenat-Thalmann & Thalmann 2004). However, the animators or designers are required
to implement the same standards or models to create and share their animation objects. To
fill this gap, The Humanoid Animation Working Group designed H-Anim standardisation
which mirrors the human skeletal system. This standard will allow animators or designers to
re-use the animated virtual human created by one vendor to be animated using tools from
another. Moreover, H-Anim standardisation supports major animation techniques such as
key-framing and forward and inverse kinematics (H-Anim 2016). The standard defines a
hierarchy of the virtual human body as a skeleton. The figures are described as Humanoid,
Joint, Segment, Site, and Displacer objects. The humanoid object is the root of the figure
with the Joint object attached to it. The Segment object describes the geometry of the body
parts that are associated with each joint. The Segment object has two child nodes, Site and
Displacer objects. The Site object defines the relation of one Segment object to another.
Finally, the Displacer object specifies which vertices within the segment corresponding to a

particular feature or configuration of vertices (H-Anim 2016).
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MPEG-4 Standard

MPEG-4 is a multimedia compression standard that is capable of encoding each of the objects
specified by a three-dimensional face model defined by the Face Definition Parameters (FDP)
and the expressions on the face are described by Facial Animation Parameters (FAP). The
standard leaves a lot of the definition details of the FDP and FAPs to the designers of
the facial expression. Moreover, MPEG-4 encoding is also capable of encoding each of the
objects specified by a three-dimensional human body model defined by the Body Animation
Parameter (BAP). The parameters are the angles of rotation of the body joints connecting
different body parts (AB 2016, Pereira & Ebrahimi 2002). There are a total of 66 low-level
FAPs plus two high-level FAPs, and 296 BAPs provided in the MPEG-4 standardisation
(AB 2016, Pereira & Ebrahimi 2002).

Facial Animation The MPEG-4 FDPs/FAPs are created with the purpose of driving
virtually animated faces. Their encoding is tailored towards computer graphics designers.
The designers of the MPEG-4 claim that the FAPs are based on the muscle activations
(see Figure 2.10). However, their relation to facial muscle activations is looser than the
relationship between the Facial Action Unit System (FACS) and muscle activations. A
single muscle action will commonly trigger many FAPs. For instance, in a smile (AU12),
both FAPs that describe the left and right corner of the mouth will be triggered, and for
both mouth corners, a separate FAP will describe horizontal and vertical motion. Another
issue is that the MPEG-4 FAPs can only encode displacements of visible facial feature points.
Facial expressions that only deform the shape of the skin without moving any facial feature
points (e.g. dimples or deepening the nasolabial furrow) cannot be encoded. So while FAPs
are indeed related to the facial muscles that underlie facial expressions, there is definitely
not a one-to-one mapping between FAPs and facial muscle actions (Valstar 2008). Moreover,

MPEG-4 defines six basic emotions as their primary expressions using FAPs (see Table 2.1).

Body Animation For body animation, MPEG-4 provides a total of 296 parameters. The
parameters represent the angles of the body joints rotations that connect different parts

of the body. The joints are toe, ankle, knee, hip, spine (C1-C7, T1-T12, L1-L5), shoulder,
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Table 2.1: MPEG-4 Primary Expressions (AB 2016)

Expressions Textual description

Joy The eyebrows are relaxed. The mouth is open, and the mouth
corners pulled back toward the ears.

Sadness The inner eyebrows are bent upward. The eyes are slightly closed.
The mouth is relaxed.

Anger The inner eyebrows are pulled downward and together. The eyes

are wide open. The lips are pressed against each other or opened
to expose the teeth.

Fear The eyebrows are raised and pulled together. The inner eyebrows
are bent upward. The eyes are tense and alert.

Disgust The eyebrows and eyelids are relaxed. The upper lip is raised and
curled, often asymmetrically.

Surprise The eyebrows are raised. The upper eyelids are wide open, the

lower relaxed. The jaw is opened.

clavicle, elbow, wrist and the fingers (AB 2016, Pereira & Ebrahimi 2002). Moreover, MPEG-
4 provides six degrees of freedom (DOF) for global location and 180 DOF for the internal
mobilities which allow designers to animate a more flexible human body (see Figure 2.11).
For more exhaustive explanations of BAP and FAP with their implementation, refer to AB
(2016), Pereira & Ebrahimi (2002), Preda & Preteux (2002, 2004), Ferndndez-Carbajales
et al. (2006).

2.8 The Architecture of Virtual Humans

2.8.1 Cognitive Architecture

MAMID Cognitive Architecture

MAMID Architecture is a multi-level cognitive appraisal agent architecture. The key purpose
of this architecture is to enable researchers to build agents that are capable of deriving an
affective state via an appraisal process as well as providing a medium for researchers to
represent the effects of the resulting affective state on processing (Hudlicka 2004, 2008).
The architecture implements a sequence of see-think-do processing (Hudlicka 2004, 2008).

The process is divided into six modules (see Figure 2.12) namely: sensory pre-processing,
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Figure 2.10: MPEG-4 Facial Animation Parameters.(AB 2016)

attention, situation assessment, expectation generation, affect appraise, goal selection, and
action selection. The sensory pre-possessing processes the raw data captured by sensors and
then translates the data into task-relevant cues. The cues next are filtered in the attention
module then integrated with all data in the situation assessment. Then the expectation
generation module projects the current situation onto possible future states. The agent’s
affective states are generated from a collection of external and internal elicitors, while the
agent’s goals are both generated and selected in the goal selection module. Finally, an ideal

action based on previous data is selected in the action selection module.
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SOAR Cognitive Architecture

SOAR (see Figure 2.13) is one of the renowned computational cognitive architectures, pro-
posed by Allan Newell in the 1990s (Newell 1994, Vernon et al. 2007). The main purpose of
the architecture was to build a unified model for cognitive architecture. In this architecture,
input data are treated separately depending on the data contexts. It has parts to separate

memories into the working memory and the long-term memory. All data from the current
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Figure 2.12: MAMID Cognitive Architecture.(Hudlicka 2004, 2008)
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Figure 2.13: SOAR Cognitive Architecture.(Laird et al. 1987, Rosenbloom et al. 1993)

situation, for example, data from sensors, and active goals are held in the working memory
(Laird et al. 1987, Rosenbloom et al. 1993). The long-term memory deals with long-term
knowledge for example general knowledge, and collection of memories including episodic

memories.

CLARION Cognitive Architecture

In alignment with the SOAR Cognitive Architecture’s purpose, the CLARION Cognitive
Architecture was proposed as a unified model for cognitive architecture. The emphases

of this architecture are the interaction of implicit and explicit cognition exploration and
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Figure 2.14: CLARION Cognitive Architecture.(Sun 2006, 2007, 2016)

bottom-up learning. CLARION Cognitive Architecture is an integrated architecture with
a number of distinct subsystems with each subsystem consisting of two levels (Sun 2006,
2007, 2016) (see Figure 2.14). The top level of the subsystem encodes explicit knowledge,
while the bottom level encodes implicit knowledge. All actions are controlled in the Action-
Centered Subsystem (ACS), all general knowledge is represented in the Non-Action-Centered
Subsystem (NACS), all goals and motivation are handled in Motivational Subsystem (MS)
which affect the action of the agents and finally, the Meta-Cognitive Subsystem (MCS) acts

as the system metadata. The most recent version of CLARION is CLARION 6.1.

ACT-R Cognitive Architecture

ACT-R Cognitive Architecture shares many similarities with SOAR Cognitive Architecture.
It focuses on performing human cognitive tasks especially in the way human perceive, think
about and act on the world (Lebiere & Anderson 2008, Anderson 1996). Similar to existing

cognitive architectures, ACT-R consists of a set of components which have different functions.
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The meta-process component is a complete instantiation of the system. It holds all the
information regarding the time, models, version, and events. This main function of this
component is to manage the whole process that occurs in the system. The model component
is an abstraction level for the developer. It represents ACT-R classes that define what the
classes can do as well as its own set of chunks and productions (Lebiere & Anderson 2008,
Anderson 1996, Bothell n.d.). The classes include vision, motor, speech, memory and goal
modules. The chunks component is the storage units of declarative memory before the data
is sent and stored in the buffer component which is the interface of communication between
modules in the whole system (see Figure 2.15). The most recent of ACT-R version is ACT-R

7.0 (Bothell n.d.).

2.8.2 Affect-Aware Architectures

Koko Architecture

Koko architecture (Sollenberger & Singh 2012) describes a conceptual framework to integrate
affect recognition into games. The architecture has seven components connected with each
other using an array of vectors (see Figure 2.16). The affect model container manages one
or more affect models for each agent. The mood model manages input from the affect
model and manages the agent’s mood in the form of a vector. The next component is the
affect repository which is the gateway through which all affective data information in the
architecture passes. A similar component with the affect repository is the event repository
which stores information regarding the events happened in the game environment. The
sensor manager manages all the user’s emotional states and environment information. This
component also manages all third-party plug-ins needed by the sensors (camera, audio driver,
etc.). Next, the users’ information is stored and managed in the user manager. Finally, the
developer interface vocabulary is a vocabulary standardisation in the system. The Koko
architecture plays a role as an architectural connector, hence it is not sufficient to build a

complex game as a stand-alone unit (Sollenberger & Singh 2012).
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Figure 2.16: Koko Architecture.(Sollenberger & Singh 2012)

Social Signal Interpretation Framework

The SSI (Social Signal Interpretation) framework (Wagner et al. 2011, 2013) aims at the in-
tegration of multi-modal affect recognition and interpretation. The framework allows affect
recognition on-line (see Figure 2.17). The framework consists of four major components.
The first three components deal with sensors which are face expression recognition from a
video input, voice emotion recognition from an audio input and emotion recognition from the
biological signals. Each component is responsible for capturing the raw data from sensors,
segmenting the data, extracting the features from the raw data and classifying them into a
set of values thus detected. The framework automatically handles synchronisation between
the components. Finally, the Multi-modal Fusion component deals with the fusion of the

affect data from all the components. The SSI framework has been used in several projects in-
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Figure 2.17: SSI Architecture.(Wagner et al. 2011, 2013)

cluding EU CALLAS Project'?, Ilhaire Project'®, OC-Trust!4, Tardis!®, ARIA-VALUSPA!6

and many more (Johannes Wagner & Jung 2009).

SAIBA Architecture

SAIBA (Situation, Agent, Intention, Behaviour, Animation) (Vilhjalmsson et al. 2016, Heylen,
Kopp, Marsella, Pelachaud & Vilhjalmsson 2008, Kopp, Krenn, Marsella, Marshall, Pelachaud,
Pirker, Thrisson & Vilhjlmsson 2006, Vilhjalmsson, Cantelmo, Cassell, Chafai, Kipp, Kopp,
Mancini, Marsella, Marshall, Pelachaud, Ruttkay, Thrisson, Welbergen & Werf 2007) is a
multi-modal behaviour generation architecture for virtual humans particularly Embodied
Conversational Agents (ECAs). The architecture aims at unifying representation of ECA’s
communication systems. The architecture specifies the macro-scale multi-modal behaviour
generation components (see Figure 2.18). Intent Planning manages the intention of the
ECA’s behaviour generation. Thus the intention is passed to the Behaviour Planning which
manages the ECA’s behavioural plan without any reference to physical behaviour. The in-
terface between those components is called the Function Mark-up Language(FML) (Heylen,
Kopp, Marsella, Pelachaud & Vilhjalmsson 2008). Next, Behaviour Realization describes
multi-modal behaviours as they are realised by the final stage of the generation process.

The interface between Behaviour Planning and Behavior Realization is called the Behaviour

2http://www.callas-new media.eu/

Bhttp://www.ilhaire.eu/

Yhttp: //www.informatik.uni-augsburg.de/de/lehrstuehle/swt /se/projects/oc-trust /
Bhttp: / /www.tardis-project.eu/

http: //aria-agent.eu/
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Figure 2.18: SAIBA Architecture.(Vilhjalmsson et al. 2016, Heylen, Kopp, Marsella,
Pelachaud & Vilhjalmsson 2008, Kopp, Krenn, Marsella, Marshall, Pelachaud, Pirker, Thris-

son & Vilhjlmsson 2006, Vilhjalmsson, Cantelmo, Cassell, Chafai, Kipp, Kopp, Mancini,
Marsella, Marshall, Pelachaud, Ruttkay, Thrisson, Welbergen & Werf 2007)

Mark-up Language(BML) (Kopp, Krenn, Marsella, Marshall, Pelachaud, Pirker, Thrisson &
Vilhjlmsson 2006, Vilhjalmsson, Cantelmo, Cassell, Chafai, Kipp, Kopp, Mancini, Marsella,
Marshall, Pelachaud, Ruttkay, Thrisson, Welbergen & Werf 2007). SAIBA has been adopted
in a number of projects including SEMAINE 7 (Schroder et al. 2012, Schréder 2010)(GRETA
(Rosis et al. 2003, Bevacqua et al. 2010)), ICT VHToolKit!® (Hartholt et al. 2013, Shapiro
2011)(SmartBody (Thiebaux et al. 2008)), ARIA-VALUSPA' (GRETA (Rosis et al. 2003,

Bevacqua et al. 2010)) and many more.
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Figure 2.19: FAtiMA Architecture(Dias et al. 2011)

Thttp: / /www.semaine-project.eu/
18https://confluence.ict.usc.edu/display/ VHTK /Home
Yhttp: / /www.aria-agent.eu/
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2.8.3 Other Architectures

BDI Architecture

BDI (Belief Desire Intention) Architecture is a boundedly rational agent architecture based
on the BDI theory of human’s rational action developed by Michael Bratman (Rao & Georgeff
1995, Wooldridge & Jennings 1995). As a boundedly rational agent, BDI focuses on the
reasoning that affects the agent’s actions. Furthermore, it has limited information and
memory. BDI agents are required to collect information from the external environment and
should need processing time due to memory limitation. BDI has three components derived
from its name. Belief represents what an agent would believe about the external world.
Desire are states of the agent’s motivation that the agent would like to accomplish in their
external environment. Finally, Intention represents what the actions are chosen based on

their Desire states.

FAtiMA Modular

FAtiMA (Fearnot AffecTIve Mind Architecture) is a BDI based agent architecture designed
to allow emotions and personality to influence the agent’s behaviour (Dias et al. 2011). The
architecture is comprised of a core layer named FAtiMA Core and the additional functional
components. The core layer is a template of the agents. It works based on the emotions
theory of appraisal. The data from the external world will be perceived and processed based
on the appraisal theory (see Figure 2.19). In addition, a set of components are added to the
architecture to handle emotion definition and generation, and the agent’s states, for instance:

emotion, goals, motivation, the theory of mind and culture (Dias et al. 2011).

2.8.4 Virtual Humans Tool-Kits

To boost the research in a virtual human area, the research community has been trying to

create a powerful tool that contains components that can help the researchers build a virtual
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human easily, so then the researchers can move to the next step of virtual human research.
Building such a complicated system requires an integrated architecture consisting of shared
modules or components that exhibit a range of capabilities such as those mentioned above.
The SEMAINE API (Schroder 2010) and Virtual Human Toolkit (VHToolKit) (Hartholt
et al. 2013) are the state-of-the-art tools consisting of integrated components to perceive,
understand and exhibit behaviours. SEMAINE, an open-standards-based framework for
building emotion-oriented systems, is the first integrated architecture as part of the EU-FP7
Ist call STREP project. This project aimed to build a Sensitive Artificial Listener (SAL).
Some years later, researchers at the University of Southern California (USC) integrated their
own modules, tools and libraries to develop a virtual human together with third-party tools

and released it as a toolkit under the name VHToolKit (see Table 2.2).

SEMAINE and VHToolKit are the state-of-the-art tools consisting of fully integrated com-
ponents for building virtual humans. They share similarities in the components integration
approach using XML-based messages. However, VHToolKit has several advantages when
compared to SEMAINE in several aspects. First, VHToolKit provides a wide range of
cross-platform deployment options, such as computer applications (for Windows, Linux and
Mac), mobile applications (for Android and iOS) and web applications (with the flash for-
mat). Second, VHToolKit offers some API choices embedded in its framework, such as ASR
APIs (PocketSphinx, Google ASR and AT&T ASR) and rendering APIs (OGRE 3D, Unity
3D, Irrlicht and Panda 3D).

Finally, VHToolKit not only focuses on the facial behaviours for both analysis and synthesis,
but also body behaviours. While VHToolKit has several advantages in the input process-
ing, output synthesis and provides excellent tools for character customisation, there is no
scientific evidence on which framework has the better conceptual modelling of its virtual hu-
man. Though VHToolKit has several features that excel the other APIs for building virtual
humans, there remain a number of improvements and contributions to be made including
more natural expression of emotions (Bates 1994), enhanced role of personality and social
relations in the selection of the agent’s behaviour (Ochs et al. 2009) and better use of social

signal processing (Vinciarelli et al. 2012, 2009) to drive the interaction.
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Figure 2.20: SEMAINE architecture (left) (Schréder 2010) and VHToolKit architecture
(right) (Hartholt et al. 2013).

Automatic Social Signals Recognition & Analysis

Social Signals from Audio SEMAINE’s audio input modules use the TUM openSMILE
library (Eyben et al. 2010) for real-time audio processing and feature extraction. The user’s
voice is detected and captured from the microphone and is extracted for the Voice Activity
Detector (VAD), prosodic analysis, the keyword spotter, non-linguistic vocalisation detector
and the acoustic emotion recognition which measures valence, arousal and power of the voice.
The weakness of this API is in natural language processing. The API only spots keywords

from utterances. Hence it has an insufficient verbal understanding.

VHToolKit’s audio input recognition and analysis are separated into two components. Non-
verbal cues are processed and extracted in MultiSense components, while speech is processed
and extracted in AcquireSpeech components. Its non-verbal cues recognition and analysis
module in MultiSense Components uses SSI modules (Wagner et al. 2013), which are similar
to SEMAINE’s modules, implement the TUM openSMILE API for real-time audio process-
ing and feature extraction. Moreover, its speech recognition module in the AcquireSpeech
components connects to some compatible third-party speech recognition APIs. In contrast
with SEMAINE, which has only an insufficient verbal understanding, this system excels in
natural language processing by implementing third-party ASR APIs that have advantages
in speech models such as PocketSphinx, Google ASR and AT&T ASR.
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Table 2.2: Key properties of SEMAINE vs. VHToolKit in Automatic Social Signals Recog-
nition & Analysis Components

Key Property SEMAINE | VHToolKit
Non-Verbal Behaviour Analysis from Voice Yes Yes
Utterance Analysis Limited Yes
ASR API Choices No Yes
Non-Verbal Behaviour Analysis from Face Yes Yes
Non-Verbal Behaviour Analysis from Body No Yes
Multimodal Behaviour Analysis Fuser Yes Yes

Table 2.3: Key properties of SEMAINE vs. VHToolKit Synthesis Components

Key Property SEMAINE VHToolKit

Face Behaviour Yes Yes

Body Behaviour No Yes
Renderer API Choices No Yes

Multiple Characters in One Scene No Yes

Scene Editor Script Script and click based
Web Dev Support No Yes (flash based)
Mobile Dev Support No Yes (i0S, Android)

Social Signals from Video SEMAINE’s video input modules acquire image data from
the camera, extracts the features and then performs further analysis. They are capable
of detecting nods and shakes, head tilts and emotion recognition with appearance-based
Action Units (AUs) detection (Valstar et al. 2011). The appearance-based AUs detection
uses 10 x 8 Uniform Local Binary Pattern histograms, which are then classified by a Support
Vector Machine (SVM) into AUs. The system is only capable of detection of AU1 (raised
inner eyebrow), AU2 (raised the outer eyebrow), AU4 (lowered eyebrows), AU12 (smile) and
AU25 (lips parted) (Schuller et al. n.d.).

VHToolKit uses MultiSense components to track and analyse facial expressions and body
posture, which is then interpreted in higher-level descriptors. In addition to the SEMAINE’s
video modules capabilities, MultiSense is capable of tracking and analysing user’s behaviours
from their body posture. MultiSense consists of several modules from SSI framework, CLM-
Z FaceTracker (for multiple facial tracking with facial feature points), GAVAM HeadTracker
(for 3D Head position and orientation) and FAAST API for skeleton action coding. See

Table 2.2 for the automatic social signals recognition & analysis comparison overview.
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Dialogue and Non-Verbal Behaviour Manager

As mentioned above, SEMAINE has an insufficient verbal understanding capability. It is
intended to engage the interaction and conversation by focusing on the user’s emotions and
non-verbal expressions. Hence, the dialogue manager in SEMAINE concentrates on the user’s
non-verbal behaviours in addition to the keywords spotted in the user’s dialogue. SEMAINE
uses a template system and behaviour rules to manage its dialogue system. In the template
system, a flexible set of easily definable templates is firstly created which specify what kind of
behaviour to perform under which circumstances. A template defines a behaviour rule. The
behaviour rule is determined by linking the user’s previous sentences, valence and arousal
from audio and the user’s non-verbal behaviour from both video and audio. The rules are
trained and classified using the Ripper decision tree classifier and generated using the J48

classifier.

The dialogue management in VHToolKit is handled by NPCEditor components. NPCEdi-
tor is a statistical text classifier. It is capable of responding to domain-specific conversation.
In overview, the NPCEditor analyses the text of the sample utterances and responses then
creates a mathematical description of the translation relationship that defines how the ut-
terances and responses are mapped (Hartholt et al. 2013). The NPCEditor also provides a
scripting ability for users to build their own dialogue managers. Moreover, the non-verbal
responses are planed in NVBG components. It is a rule-based behaviour planner, similar to
SEMAINE in that the rule is determined by user’s non-verbal behaviours from both audio

and video, in addition, the user’s utterances analysis.

Social Signals Synthesis

Both APIs adopt the SAIBA standard for their multimodal behaviour generation framework.
GRETA implements OGRE 3D for its renderer, while VHToolKit provides several options,
for example, OGRE 3D, Unity 3D, Irrlicht and Panda 3D, resulting in the fact that VH-

ToolKit can be deployed to the web (flash format) and mobile platforms (iOS and Android).
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With regards to virtual characters rendering, SEMAINE only has one character in a scene,
while VHToolKit can have several characters. Both characters in SEMAINE and VHToolKit
are capable of conveying non-verbal behaviours through their facial and body expressions.
They both use the same MPEG-4 standards, such as FAP for face and BAP for the body for
their animation systems, however, in the SEMAINE project, the characters are only focus-
ing on displaying face behaviours, although GRETA has the capability to synthesise body

behaviours. See Table 2.3 for the comparison overview.

2.9 Virtual Humans in Game Environment

Virtual humans in games are generally represented as a manifestation of a player, called the
avatar or Non-Player Characters (NPC). Virtual humans have been widely used in games
as research or entertainment products. The virtual humans in games are one of the key
factors to deliver the game experiences to the players along with the game aesthetic, story,
and mechanics. They can be particularly interesting potential vehicles of affect as they
can elicit rich emotions thus providing colourful experiences for the players. Believability
in the virtual human is a virtue that helps to provide this experience. Virtual humans
conveying emotions or showing behaviour at the inappropriate time would be perceived as

untrustworthy characters thus affecting the interaction negatively.

Moreover, the players naturally are engaged with the NPC as part of a game. Over time,
a pattern of interactions between a player and virtual human (VH) may translate into a
relationship, if the game and its VH are designed to accommodate this. This thesis argues
that an NPC with such capabilities will provide a new experience when playing games.
Several methods have been implemented in the virtual human in the environment of the
game to enhance their believability thus increasing the player experiences. Scripting is the
most common approach to provide artificial intelligence to the NPC as it is the most efficient
to implement and offers the flexibility of customisation (Buckland 2005). Some scripting

approaches such as finite states, decision trees and scripting are commonly used to generate
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NPCs behaviours. According to Ochs et al. (2009), those approaches have serious limitations
when the NPC displays the same behaviours repeatedly (hence breaking the illusion of life)
or when the design of the NPC’s behaviours becomes increasingly more complex (to produce
rich behaviours). Creating fully autonomous NPC that can react and produce their own
behaviours based on their goal can be a solution to these limitations. However, it is not an

easy task to build a system capable of replicating human interactive capacity.

2.9.1 Rule-Based

Rule-based systems produce outputs (e.g. behaviours) by implementing a set of rules based
on an array of inputs. This is the most popular technique used to simulate human behaviours
in the virtual human (Cavazza 2000, Buckland 2005, Hoekstra 2006). It is closely related
to the expert systems with extensive knowledge of behaviours and the game world encoded
in rules. Based on the inputs from the environments the NPC can autonomously take
decisions based on the rules sets. Decision trees are one of the implementations of Rule-
based techniques. They model the decisions based on the rules to weight the branches by
using a tree-like graph model. The disadvantages of a Rule-based approach is that it requires
a significant amount of time to craft and map all possible rules and actions. However, this
problem can be solved with a machine learning approach by having a system that can
automatically learn the rules from the data. Furthermore, some cognitive architectures
such as SOAR (Laird et al. 1987) support the implementation of rule-based methods for
the virtual agents. Example of NPCs that are implementing the rule-based method can be
found in SOAR Quakebots (Laird & Duchi 2000), Civilization, Age of Empire, and Rainbow
Six (Cavazza 2000).

2.9.2 Finite State Machines

Another popular technique to replicate human behaviours in the virtual human in games is

the Finite State Machine. The behaviours are encoded into a set of states governed by a set
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of conditions which are generally defined in a transition table. Once the conditions of a state
are satisfied the current state will be updated to the next state for which the conditions are
met. With this method, the states are implemented to control the virtual human behaviours
based on the inputs in the current states. This method is easy to debug and quite flexible for
implementation. However, human behaviour is a complex mechanism, and it is essentially
impossible to design all the possible actions for the virtual human. Similarly, machine
learning seems to offer solutions to this problem by learning the states and transition table
from the data. There are some games that have implemented Finite State Machines for their

NPCs, such as Quake, PacMan, FIFA, and World of Warcraft (Buckland 2005).

2.9.3 Machine Learning

Scripting techniques are a powerful way to mimic human behaviours in the virtual human
in games. These methods, however, require very significant amounts of effort to implement.
Human behaviours are complex and made up of limitless possible actions learned from past
interactions. The players will be able to predict the virtual human’s behaviours if the
designers only provided a few rules or states of behaviours. This will negatively affect the
player experiences. Yet it is seemingly impossible to craft all the possible behaviours to
the virtual human. Machine learning has the opportunity to overcome those problems.
It has been applied to modern commercial games for more than a decade; however, the
machine learning implemented into games is still inadequate (Miikkulainen 2007). Machine
learning can reduce the production costs and provide unpredictable NPCs that are able to
adapt to new situations as they learn from the previous interactions. The NPCs will be
capable of providing a natural way of interacting by recognising, learning and adapting from
their error during interaction with the players. This will change the player’s experiences in
playing games (Miikkulainen 2007). Some examples of games that are implementing machine

learning to their NPCs can be reviewed in (Cavazza 2000, Hoekstra 2006, Miikkulainen 2007).
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2.10 Virtual Humans Interaction in the Wild

Virtual human has been successfully developed for specific scenarios and show impressive
human-like capabilities when interacting with people (Kopp et al. 2005, Yuan & Chee 2003).
However, the virtual human is generally designed for a specific setting and have major
constraints against any scenarios outside the scenario prepared to the Virtual Humans.
Hence, the virtual human applications are rarely deployed into a real-world setting as there
are too many noises and an unlimited number of possibilities of the interaction between them
and the players. Currently, it is not possible to craft all the possibilities of the interaction
rules in the wild (i.e. real-world setting). One of the methods to create a virtual human
application to interact with people in the real-world setting is to deploy a wizard-of-oz system
to deal with the uncertainty in interactions. The system aims to collect a set of data (e.g.
interaction rules) to be learnt by the virtual human. Moreover, by having virtual humans
that able to interact with people in the wild affectively, we as researchers can learn something

from the interaction.

2.10.1 Wizard-of-Oz Interaction

Wizard of Oz (WoZ) method is also commonly used for evaluating a prototype system (Green
& Wei-Haas 1985a) as well as for initial data collection for human-computer interactions
(Dahlbéck et al. 1993). Vardoulakis collected conversation data to determine the favourite
topics of older adults” with the agent as well as to evaluate their system using WoZ method
(Vardoulakis et al. 2012). Similarly, Sidner et al. implement WoZ method for their social
agents controlled remotely by an experimenter, to collect what topics are favourable to
talk about with the agent (Sidner et al. 2015). Kelley (1984) used WoZ to develop a natural
language computer system as a personal assistant agent to help business professionals manage
their personal calendars. Salber & Coutaz (1993) also mentioned that the WoZ method had
been largely used to build large corpora for natural language processing used in retrieval

information systems (e.g. reservation and advisory systems). The SEMAINE project team
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created a large number of an audio-visual database of interactions with their Embodied
Conversational Agent (ECA) using WoZ method, semi-automatic Sensitive Artificial Listener
(SAL) and automatic SAL (McKeown et al. 2012). Concurrently, the interaction quality

between the participants and the ECAs were also evaluated.

2.10.2 Interaction in a Public Space

Having interaction with a virtual human in a public space is relatively rare to be seen. Most
virtual humans are deployed in a museum as a virtual tour guide to provide direction or to
explain the exhibition to the visitors. Moreover, most of the interaction is done by choosing
a static set of answers that are prepared beforehand. Automatic speech recognition would be

extremely challenging to be implemented in a public space due to the environmental noises.

Bickmore and team designed a virtual museum guide called Tinker (Bickmore et al. 2011,
2008). Tinker is able to interact socially with the visitors. The system was installed in an
open space in a human-sized body with an enormous number of interactions for two years.
The participants interacted with the virtual guide with a multiple-choice touch screen. The
researcher evaluated the effect of the virtual guide’s social behaviour on the participants’
engagement and learning in the museum. In their pilot study (Bickmore et al. 2008), 69%
of visitors were completing interactions with Tinker, and 62% of them enjoyed interacting
with Tinker. While in their following study (Bickmore et al. 2011), 82.3% of the 1,607
visitors indicated they were satisfied interacting with Tinker. This is due to Tinker’s ability

to recognise visitors faces and call the visitors by name.

Kopp and team developed Max in a static screen and installed it at a museum setting (Kopp
et al. 2005, Jung & Kopp 2003). The pilot study (Jung & Kopp 2003) was done in a reason-
ably well-frequented hallway near to the researcher’s working space before being deployed
into a museum space (Kopp et al. 2005). The researcher evaluated Max by recording all the
interaction between Max and the visitors in log files. The log files were then analysed for
dialogues between the virtual guide and the visitors. The researchers analysed the interac-

tion to know how many conversation and favourite topics they had between them. Similarly,
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Robinson et al. (2008) also collected and analysed a corpus of favourite topics between a
virtual guide and museum visitors. Finally, Swartout et al. (2010) developed human-sized
twin virtual humans as museum guides, named Ada and Grace to deal with a short supply
of human museum guides. They have a large but finite set of responses; Hence the visitors
might get a couple of repeated answers. The Twins answered around 55.8% of questions

with correct answers to the visitors.

2.11 Conclusion

Replicating human behaviour in all its complexity is not a trivial task, and thus it is un-
surprising that a large number of problems are still outstanding. It is almost impossible
to replicate all the human brain functions to simulate a natural and believable interaction
in real time. Some intelligent VH frameworks and models have been proposed to improve
the capabilities of virtual humans. The sensory systems currently available such as the SSI
(Social Signal Interpretation) framework (Wagner et al. 2013), eMax (Almaev et al. 2013,
2015), and MultiSense (Scherer et al. 2012) are quite robust and can capture and process in-
formation from sensors. Moreover, the behaviour generation systems such as GRETA (Rosis
et al. 2003, Bevacqua et al. 2010), and SmartBody (Thiebaux et al. 2008) are reasonably
good at synthesising the embodiment of the VH. However, to process the information to
perform and maintain a natural and believable interaction in real time is still considered a

daunting task to researchers.

To display natural behaviour in real-time interactions, the system should accurately process
the information and precisely provide an action to be performed. Inducing emotions, person-
ality and social relationships to VH to colour the interaction is the most common method to
increase the quality (e.g. naturalness and believability) of the interaction. However, to date,
there are a number of theories for emotions, personality and social relationships. Most of
the theories are mutually redundant, and none are designed for interoperability, leaving even

more possibilities of variable combination, yet there is no comprehensive study on which



64 Chapter 2. Believable Intelligent Virtual Humans

combination is the best, nor an agreed-upon framework to study this.

A number of computational models to regulate virtual human’s internal states have been
proposed. However, we are still missing some pieces of the puzzle to create a virtual human
that provides more natural interactions in real time. In addition, they are generally not
implemented to support real-time interactions, as simulations would be sufficient enough
to prove the concepts of the computational models. Moreover, most of the models that
implement more than one behavioural variable generally treat each variable as an indepen-
dent variable, and they do not dynamically interact with each other to jointly influence
the behaviour. Ideally, emotions, personality, and social relationships should interact and
dynamically influence each other’s values to regulate the VH’s internal states and generate

behaviour reflecting the states.

There are not many virtual human applications that are capable of having a natural interac-
tion with a user deployed in a real-world setting. Interacting with a human in the wild is not
a trivial task for a virtual human. There are limitless possibilities for the interactions. One
of the ways to prepare the virtual human to deal with the uncertainty of the interaction in
a real-world setting is to learn what are the most shown behaviours by the users during the
interactions in the wild. Unfortunately, only a few studies have been done in this area (Kopp
et al. 2005, Yuan & Chee 2003, Swartout et al. 2010, Jung & Kopp 2003, Bickmore et al.
2008). Hence, this thesis aims to explore the potential of the interaction between virtual
humans and humans in real life. The data should potentially be used by researchers as a

best practice to build virtual humans in a real-world setting.

Finally, in the area of games, there is an opportunity to improve the user experience through
interactions with richer, more believable and more interesting virtual humans, usually as
Non-Player Characters (NPC) in games that inhabit virtual worlds. However, there is a
limitation both in terms of tools and architectures that support designing and generating
such interactive behaviours for NPCs in a real-time manner. Currently, scripting of (re)action
trees is commonly used to generate NPCs behaviours. Those approaches seriously break the

“illusion of life” when the NPC displays the same behaviours over and over again or when
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the design of the NPC’s behaviours becomes increasingly more complex (in order to produce
rich behaviours). Finally, current methods to build a social relationship with NPCs in games
is either by a static alteration based on player’s actions, game storyline or are single-event
based. This limits the game experience, as it would allow the players to predict the outcome

or behaviour performed by the NPC based on previous interactions.

Given the gaps mentioned, this thesis attempts to propose integrated models for personality,
emotions and social relationship, derived from several theories in psychology and social
sciences, for virtual human in games environment. These models allow us to adopt different
approaches from the conventional behaviour scripting in the game by allowing the player to
interact and forge a relationship with the NPC dynamically. To support this, several game
scenarios with the models implemented are presented in this thesis. In those scenarios, the
players are able to naturally build a relationship with the NPC by using their natural way for
interaction (e.g. speech, facial expressions) in addition to the conventional game inputs (e.g.
joystick, mouse and keyboard). With the models, the changes in their relationship are not
only influenced by a traditional click-based method, but also NPC’s and player’s internal
states, and the external environment. This thesis argues those methods will enhance the
player’s experience when playing a game. In addition, a data collection for behaviour rules

generation is presented to design a specific game scenario.
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Chapter 3

The Emotionally Realistic Social
Game Agents Framework (ERiSA)

3.1 Introduction

This chapter presents the attempt to model the game companion’s emotions, personality, and
social relationships to enhance the game companion’s believability during the interaction. A
computational model is a mathematical model to simulate a phenomenon or behaviour of
a complex system in the computer. We can observe the effect of the changes by adjusting
the variables of the models in the simulation. Using computational models, we can model
and simulate the effect of the emotions, personality, and social relationships to the VH’s
behaviours and apply the models in a specific scenario. Emotions proved to be an essential
part of the interaction Lazzaro (2004), Hudlicka (2011), particularly in a game environment
as shown in the studies described in Chapter 5 and 6. NPCs with the capability of convey-
ing emotions to the player will induce an emotional reaction to the players leading to the
enhancement of the player’s game experience (Lazzaro 2004, Peters et al. 2006). Personality
model contributes a unique characteristic of a game companion. This also potentially leads
to the enhancement of the player’s game experience. Finally, social relationships model pro-

vides the opportunity to the players to forge a social relationship with the game companions,
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which conceivably leads to the enhancement of the player’s immersion in the game as well as
their experience during the interaction. Broekens et al. (2016) argue that one of the primary
reasons why computational emotions models are rare in the virtual human, particularly in
games (i.e. NPC), is usually the models adopt a particular type of Artificial Intelligence
architecture as the basis for the computational models of emotions. Some models are not
easy and straightforward to be implemented independently. Moreover, in this thesis, we are
aiming to experiment with models, it would be difficult to do so with highly sophisticated
models. We do not quite know what the best model is. Hence, we are planning to start with
simple models and experimenting/analysing the models first. This has led to the definition

of five requirements of the computational models.

As the requirements, firstly, the models should be relatively simple and easy to be imple-
mented as well as to be interpretable to support an affective loop establishment between
users and virtual human. This allows the virtual human to have internal states of emotions
generated by multiple stimuli (e.g. their current internal states, their social relationships,
their personality, user’s emotions from facial expressions, etc.). Secondly, the models should
also support individual uniqueness to provide a unique identity to the virtual human. This
also enhances the virtual human’s behaviours variation to prevent the users to predict the
virtual human’s behaviours. Thirdly, the models should support the evolution of social in-
teraction over time. Fourthly, each component of the models (i.e. emotions for affective
loop, personality for individual uniqueness and social relationship for the evolution of social
interaction) should influence each other as literature from psychology, and social sciences
suggested so (John et al. 2008, Watson & Clark 1992, Rusting & Larsen 1997, Saucier &
Goldberg 1996, Funder 2001). Finally, the models should be able to calculate or quantify,
and regulate the components of emotions, personality, and social relationship during the

interaction between the virtual human and user.
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3.2 First Version of Computational Models

The first version of Computational Models was intended to explore the potential of such
models to be implemented for a virtual human. The models are kept as simple as possible,
without sacrificing the purpose of the models, to make it easier to be evaluated. Personality
and Emotion models are claimed to be important to maintain virtual human’s believability
during the interaction with human (Bates 1994, Ochs et al. 2009, Schroder et al. 2012, Li
et al. 2007). In addition, social relationship model would provide the illusion that the virtual
human is capable of perceiving a social relationship between them and the human during
the interaction. Putting those three models together to the virtual human’s behaviours, the
author postulates that we can establish believable interaction between human and virtual
human, by providing the ability to show a unique personality, perceive and express appropri-
ate emotions, and show simple social skills. The proposed models of Emotions, Personality,

and Social Relationship are described in subsection 3.2.1 to subsection 3.2.3.

3.2.1 Personality

Modelling personality to a virtual human is a prevailing method to enhance their believ-
ability. It is claimed as one of the key components of the virtual human’s believability. As
explained thoroughly in subsection 2.6.3, the OCEAN personality model is the most well-
known model to be implemented into the virtual human (Li et al. 2007, Ochs et al. 2009,
Schroder et al. 2012) as it describes the most details characterisation about someone’s char-
acteristics compared to others yet it is easily implemented as vectors in a computing problem.
Hence, the model of personality we adopt here is based on the OCEAN (i.e. Openness, Con-
scientiousness, Extraversion, Agreeableness, and Neuroticism) model (Saucier & Goldberg
1996). Openness is identical with the person’s degree of intellectual curiosity. High openness
person can be perceived as an unpredictable and open-minded person. Conscientiousness
reflects the person’s level of organisation and dependency. High conscientiousness people

can be perceived as stubborn and organised. Extraversion indicates the level of positive
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energy and emotions of a person. An extrovert person is generally perceived as an ener-
getic and positive person. Agreeableness implies the degree of cooperativeness of a person.
High agreeableness person is submissive. Finally, Neuroticism indicates the level of nega-
tive energy and emotions of a person. High Neuroticism person is typically perceived as an
emotionally unstable person and vice versa. The values of the traits are represented by a
set of real numbers between -1 to 1, where 1 represents the strongest possible value in that
particular trait. For example: if the agent has a personality with an extraversion value of
0.65 and conscientiousness of -0.65 then the agent tends to be talkative and shows a lack of

self-discipline. Our model is represented as:

P ={0,C,E, AN} € [-1,1]° (3.1)

3.2.2 Social Relationship

As mentioned in subsection 2.6.5, a social relationship can be posed into a dimensional
computational problem. There are several dimensions proposed to model virtual human’s
social skills. In this thesis, the author is interested in two specific dimensions of the social
relationship. The one that explains how close one person to another is, the other one
describes the social attitude of a person toward another. Hence, in this social relationship
model, two variables of social relationship are highlighted: Affinity represented with A and
Familiarity denoted with F. Affinity denotes the degree of liking between the player and
NPC at time ¢t. The change in the degree of Affinity (A; € [—1,1]) at time ¢ depends on
the emotion vy of the game companion towards the player at that time (explained below),
so a negative emotion at time ¢ will lead to the decrease of Affinity. The value of Affinity
also is driven by the level of significance the event has to the social relationships between
the game companion and player, denoted by S. It is to indicate how important this event
to the relationship between them. The more important the event, the higher the impact
for the game companion’s Affinity towards the player. The degree of Familiarity depends

on how many times the game companion and the player met, which in our game scenario
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is measured in terms of how often they play the game. Familiarity at time ¢ indicates how
intimate the player is to the NPC, given by the number of interactions and time spent
between two individuals. The value of Familiarity is normalised to a real number between
0 to 1 (F; € [0,1]). The value is initialised with 0 assuming the NPC and player never
met before (F; = 0 leads to R; = 0) and will eventually reached 1 (see Equation 3.11). F
normally is used as a measurement of how well someone knows each other. However, to
simplify, the value of F in this thesis is defined by the frequency of two people have met.
The direction of the Social Relationship depends on the value of Affinity (A, € [—1,1]) of
the NPC towards a player at time t. If the value of A; > 0, the relationship between them
going towards positive direction, while if the value of A; < 0 indicates they are having a
negative relationship between them (e.g. hatred). The value of the Social Relationship at

time t ( Ry € [—1,1] ) is calculated as:

Ry = (A x F) (3.2)

where

At+1 = At + AA = At + v X S (33)

3.2.3 Emotion

Both personality and emotion play an important role in the individual’s behaviour (Hilgard
1953, Picard 1997). For example, an individual with high extraversion tends to express and
perceive positive emotions, while an individual with high neuroticism trait tends to express
and perceive negative emotions. In addition to personality, the social relationship also plays
a role in the individual’s emotional behaviour. To model emotion, we adopt the Dimen-
sional Affect theory of Russell (Russell 1980). For simplicity, we only use valence, which
indicates how positive or negative a person is feeling. Subsequently, the game companion’s

emotion at time ¢ (v; € [—1,1]) is computed based on the average of events &; (e.g. per-



72 Chapter 3. The Emotionally Realistic Social Game Agents Framework (ERiSA)

ceived player’s emotions from their facial expressions, player’s utterances, player’s choices
of words/sentences) at that time in addition to personality (Pg for extraversion and Py for
neuroticism) and social relationship at time ¢ (R;). To model the dynamic properties of
emotion perception in a simple yet convincing way, we implemented a decay function to our
model. In the absence of any emotion-evoking stimuli, the value of an affective dimension
is assumed to decay over time (Picard 1997). The value of the decay rate r € [—1,1] is set
based on the game companion’s personality. In the absence of any internal mechanisms of
the agent such as goals and resources, we determine the emotion of the agent to depend on

the User entirely

v, = max(—1,min(1,v,_; X e "+ 1,)) (3.4)

where intensity of emotions at time ¢ (Z; € [—1,1]) is represented by:

nog
T, = % X (Pg — Pn 4+ Ry) (3.5)

3.3 Second Version of Computational Models

The first version of computational models of emotions, personality, and social relationships
is a simple version of the current computational models as it was intended to explore the
initial study and data collection for the game companions. The models were implemented
in the first version of The Smile Game, described in Section 4.5. However, it did not clearly
show how the game companion’s internal states such as emotions, personality, and social
relationships influence the gameplay. Based on the findings from the pre-preliminary study
presented in Section 4.5 and 4.6, we propose the second version of computational models of
emotions, personality, and social relationships. The representation of the personality model
is identical with the first one. While the enhanced models of emotions, social relationship, as

well as the interaction between emotions, personality and, social relationships, are thoroughly



3.3. Second Version of Computational Models 73

> Felt Emotions §3
SR

Culture

FILTER
Situation

v

: Etc.
Socia Displayed .

o Agent’s R
Behaviour [’
Player’s

Behaviour

Figure 3.1: Models of Personality, Emotions and Social Relationship

explained in this section.

Figure 3.1 illustrates how emotions, personality, and social relationships interact with each
other on influencing the game companion’s behaviour in our models. We distinguish internal
emotions that the game companion is actually “felt” from what they displayed. Some aspects,
such as their social relationship with the user, cultural display rules, and the current situation
can influence people to mask their emotions (Ekman 2007, Jack et al. 2012, Shattuck 1988).
The interaction and influence between components as well as the underlying concepts behind

the models are presented in subsection 3.3.5.

3.3.1 Model of Emotions

There are several approaches to emotion classification in psychology. Classification helps
distinguish one emotion from another. We based our emotion model on the most classic and
common emotion classification system: the six universal emotions expressions, proposed by
Paul Ekman (Ekman 1999b,a, Ekman & Friesen 1969). He reinvestigated Darwin’s work and
claimed that there are six universal emotions (later extended to 7, adding contempt), which
are produced and recognised independently of cultural background. The emotions are anger,

disgust, fear, happiness, sadness, and surprise and they have evolved in the same way for all
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humankind. Moreover, the theory suggests that our facial expressions show these emotions
and the display of emotions are produced and recognised universally, i.e. independent of
culture or other nurture effects (Valstar 2008). The model can be simplified to positive and
negative emotions where anger, disgust, fear, and sadness can be classified into negative
emotions, happiness can be categorised as a positive emotion, and lastly, surprise can be
either positive or negative emotion depending on the trigger or event. The intensity of

emotions in our model is described in Equation (3.6).

)
{anger, disqust, fear, sadness} € [—1,0]*

U = 4 {happiness} € [0, 1] (3.6)

{surprise} € [—1,1]
\

3.3.2 Emotions Threshold, Intensity, and Saturation

The threshold for displaying emotion and the emotion saturation (i.e. maximum level)
are vary depending on personality. In our work, the value of saturation for all emotions
is set to -1 for negative emotions and 1 for positive emotions, while the value of emotion
threshold depends on the game companion’s personality. Exceeding the threshold triggers
the activation of the game companion’s emotion display, while the saturation level defines
the maximum value of the agent emotions variable. A rapid repeated activation causes the
intensity of the emotion to rise to the maximum of its saturation level. For example, an NPC
with a threshold of 0.6 and saturation of 1.0 for happiness, will feel happy and change their
behaviour gradually when intensity for happiness exceeds the value of 0.6 until the value of
saturation is reached. In our models, personality sets the basic value of the emotion threshold
(6,). In addition, the emotions’ threshold at time ¢ is dynamically changed depending on the
social relationship between ¢ and j. Equation 3.7 represents the model of emotion threshold

7:)77:7j7t'

Tv,z‘,j,t =0, x Ri,j,t—l (3-7)
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A decay function is applied in our work, allowing emotion to gradually return to the rest state
over a period of time. The emotion intensity will fall below the level of the threshold, thus
disappearing unless it is re-activated (Picard 1997, Velsquez 1997). To give an illustration
of emotion decay, imagine that the activation of emotion is a rock that hits a pool. The
ripple will gradually vanish over a period of time unless another rock hits the pool once
more. Moreover, repetitive strikes of rocks in the same place (equivalently to striking with
the same emotion) will have the effect of escalating the intensity of the ripple. Similarly, to
the ripple, repetitive activation of emotion will have the effect of increasing the intensity of
the emotion. We based our decay function on a sigmoid function proposed in Steunebrink
et al. (2008), with r € [—1, 1] as the decay rate, p = In(2)/r. Intensity of emotion v at time
t (see Equation 3.8 and 3.9) depends on the emotion triggered by the game companion as
result of the event &,;, the importance of the event (Frijda 1988) (M, ), the personality P,
of the game companion and how strong the personality influences the intensity of emotions

(W),) at time t.

The emotion models proposed, however, poses a problem when the designers or developers
design a series events repetitively with a considerable number for every event. The value of
the intensity of the emotion will saturate quickly resulting to the same event will have no
effect anymore to the virtual human, until it decays overtime or provoked by events that

have opposite effect to the virtual human’s current internal state of emotions.

min(l,max(0,Z,; 11+ Lpije)) v >0
Lyiji+1 = (3.8)
maz(—1,min(0,Zy; ji+1 + Lpije) v <0

where

>y Evt X Mot +(PEXWp)
1+e(t_l‘)7‘ - 7:)77;7j7t g Z 0
Ly = (3.9)
> n Ev,t XMy —(Pn xWp)
1+5(t7/»‘>r - ﬁ’iaj’t g < 0
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3.3.3 Model of Social Relationships

Similar with the first models, we adopt the two dimensional social relationship model for
NPCs in games based on (Ortony 1991, de Rivera & Grinkis 1986, Altman & Taylor 1973,
Hays 1989) with the Familiarity in the x-axis and Affinity in the y-axis. The model dynam-
ically interacts with the game states and rules, creating dynamic gameplay based upon the
social relationship together with the game companion’s personality and emotional states.
Affinity at time t denotes the degree of liking between the person ¢ and j (\A;,;;), while
Familiarity at time ¢ indicates how intimate the person ¢ is to person j (F; ), given by the

number of interactions and time spent between two individuals.

3.3.4 Familiarity and Affinity

Equation 3.10 describes our model of social relationship. The value of Familiarity in our
social relationship model is governed by the frequency of the interactions characterised by
time spent together by two entities. Research shows the frequency of interactions has a strong
correlation with the social relationship strength (Hays 1989, Sutcliffe & Wang 2012, Altman
& Taylor 1973). The more frequent the interactions, the stronger the social relationship
between two people. The values is calculated based on the number of interaction between
person ¢ and j at time ¢ (X;;,) divided by the Familiarity saturation of person ¢ towards
person j, denoted by ) ;. The increasing of the value of Familiarity saturation technically
would make it harder for people to forge a social relationship with the agent (i.e. take a
longer time to build). Moreover, we could theoretically vary this value for different agents.
However, in this thesis, we keep it fixed for the initial observation. Studying the effect of
agents having different values for Familiarity saturation could be interesting future work.
The value of Affinity in our model represents the attitude of person ¢ towards person j
at a particular time ¢. This value is driven by the emotion intensity perceived by the
game companion during the event &,, and level of significance this event has to the social
relationships between person i and j (S;;), aggregated to the Affinity of time ¢ — 1. The

model translates negatives emotions (i.e. anger, disgust, fear, sadness, and negative surprise)



3.3. Second Version of Computational Models 7

will lead to a negative Affinity (or will diminish the value of a positive Affinity). On the other
hand, positive emotions (i.e. happiness, and positive surprise) will lead to an increase of a
positive Affinity of a person i towards a person j. Similarly to the emotion model proposed,
a decay function is applied to this model as well, where r € [—1,1] as the decay rate and
p = In(2)/r as the half-life. A social relationship takes lots of hard work to maintain. All
relationships require persistent interactions for maintenance. A relationship without further
interaction will gradually decrease in a period of time, while multiple positive interactions
lead to a positive direction for social relationships between 2 people and vice versa. Finally,
In our models, we introduce a variable Social Relationships Intention from person ¢ to person
J at time ¢, denoted by N ;+. The Social Relationships Intention variable is inspired by the
motivation of person 7 to build social relationship towards person j. The variable allows each
individual to have different motivation or intention level to build a social relationship with
someone depending on their own goals (Maslow 1943, Hennig-Thurau et al. 2002, Dweck &
Leggett 1988).

Figa X Aiju X Niju

Rij+ = T ot e [-1,1] (3.10)
where
X, ;
Fige =52 €0, (3.11)
Vi
and

-Az‘,j,t = Az‘7j7t_1 + (Sm' X Iv,i,j,t—l) - [—1, 1] (3.12)
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Figure 3.2: Impacts on Behaviours from Social Relationships Model

3.3.5 Interactions between Component

Personality Effects on Felt Emotions

Based on John et al. (2008), Watson & Clark (1992), Rusting & Larsen (1997), personality
has a certain role to alter emotions’ intensity. In this work we only focus on two components
of personality: Extraversion and Neuroticism. High extraversion person tends to express
and appraise positive emotions, while an individual with high Neuroticism tends to express
and appraise negative emotions (John et al. 2008). Hence, the intensity of positive emo-
tions of person i towards j at time t (Z,1;;, € [0,1]) is multiplied for high Extroversion
NPCs, while it has no effect for high Neuroticism NPCs. On the other hand, the intensity
of negative emotions of person ¢ towards j at time ¢ (Z,_,;; € [—1,0]) is multiplied for
Neuroticism NPCs, and has no effect for high Extroversion NPCs. Moreover, in our frame-
work, personality has the role of determining the emotion activation threshold. It impacts
the game companion’s emotional reaction to the same event with differing intensities (Frijda
1988). Game companion with high Neuroticism have a higher threshold for positive emotion

activation (6,5 € [0, 1]) and lower threshold for negative emotion activation (6,_ € [—1,0])
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compared to the ones with high Extroversion personality. The details description of the

models of the emotions threshold and intensity is presented in Section 3.3.2.

Personality Effects on Social Relationships

Personality plays some part in determining the goal in relationships (John et al. 2008).
A person with a positive Extraversion trait tends to be sociable, friendly and has many
friends. Similarly, a person with a reverse Neuroticism trait (Py < 0) is committed to
greater relationships. On the contrary, a person with negative Extraversion or positive
Neuroticism is someone who is reserved, likes to be alone and has few friends. Section 3.3.4

illustrates the impact of AV; ;, on relationships between person i to person j at time .

Personality Effects on Behaviour

Personality becomes one of the aspects that influences a virtual human’s behaviour. Per-
sonality characterises the behavioural patterns of an individual (Saucier & Goldberg 1996,
Funder 2001). In our models, we used the Big Five Inventory (John et al. 2008) as a pattern
on how agents would behave and react to the environment. For example, their choices of
words and sentences. Extraversion person tends to be active, talkative, energetic, noisy,
adventurous and sociable. While, a person who has reversed Extraversion trait is a quiet,
reserved, shy, withdrawn and silent character. Table 3.1 shows certain characteristic of

particular traits.

Emotions Effect on Social Relationships

Emotions play role on relationships between people. Positive emotions induce an increase
to the degree of Affinity a person has for another, while negative emotions will lead to the
decrease of the degree of Affinity. In our model, the intensity of felt emotions towards an

event &,, at a time ¢ (Z,; ;4+1) modifies the degree of Affinity a person ¢ has towards a
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person j (see Equation 3.10), hence negative emotions at time ¢ will lead to the decrease of

the degree of Affinity of person i to j (A; ).

Table 3.1: Personality Characteristic

Extraversion (Pg) Neuroticism (Py)
Pos. Neg. (R) Pos. Neg. (R)
Active Quite Tense Stable
Talkative Silent Anxious Stable
Energetic Shy Nervous Calm
Noisy Withdrawn Moody Contented
Adventurous | Retiring | Temperamental
Sociable Reserved Emotional

Social Relationships Effect on Behaviour

Figure 3.2 exhibits the impact of social relationships on behaviour shown by a game compan-
ion in our models, based on the work of Altman and Taylor (Altman & Taylor 1973). In our
work, the social relationship level between person ¢ and j at time t defines the breadth and
the depth of the topics during the conversations between the individuals. The first stage
is an Orientation phase, where each individual starts to build a relationship by engaging
in small talk. Then, in the stage of Exploratory Affective, each individual starts to express
weak personal attitudes regarding a topic. In this stage, people generally start to open up on
moderate topics, but they do not express the whole truth yet. In the Affective phase, people
start to express their real feeling. In addition, they usually start discussing their personal
and private lives and safely begin to argue with each other without necessarily negatively
affecting their relationship. Finally, they will reach the final stage: A Stable stage, where
the individuals express personal thoughts, beliefs, and values among them (Altman & Taylor
1973). Hence, the higher the value of the social relationship between person i to j at time ¢
(Ri;+), the broader and the more profound the topics of the conversations will be between

those persons.
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3.3.6 Overview of the Variables

Table 3.2 lists all the important variables of the computational models proposed. There are
eighteen main variables which presented throughout this chapter complete with the possible
value for the variables. The list organised as follow: the variables used in the Emotions
computational models followed by the Personality and Social Relationship models, variables
to describe Event and followed by the global variables that applied to all the computational

models (e.g. Euler constant and decay rate).

Table 3.2: List of Variables

Variable | Details Values

v NPC’s valance of emotions R e [-1,1]
1z NPC’s intensity of emotions R e [-1,1]
T NPC’s dynamic emotion threshold R e [-1,1]
7 NPC’s basic emotion threshold R e [-1,1]
P NPC’s Personality {0,C,E,A,N} € [-1,1]°
w Personality weight R €0,1]
R Social Relationship (SR) between NPC and Player | R € [—1,1]
A NPC’s Affinity towards a player R e [-1,1]
F NPC’s Familiarity towards a player R € [0,1]
N NPC’s intention for SR towards a player R e [-1,1]
X Number of interaction between NPC and a player /A

Yy Familiarity saturation of a player with NPC /A

S Event’s significance to SR between NPC and Player | R € [0, 1]
M Event’s significance to the NPC’s emotion IR € [0,1]
£ Event’s value R e [-1,1]
e Euler number 2.718...

r Decay rate R e [-1,1]
w Half life rate R e [-1,1]

3.4 Simulation of The Models

Simulations with two scenarios were created to evaluate the models before implementing
them into the system. The first scenario was a situation where a player is playing The Smile
Game (see Chapter 5) with two characters who represent both extreme side of personalities.
While the second scenario was a sequence of events, where a player was interacting with

those two characters.
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3.4.1 First Scenario: Play The Smile Game with Poppy and Spike

Before evaluating the system with real players, we created a simulation of a game with the
first version of computational models. We experimented with two SEMAINE characters:
Poppy and Spike (McKeown et al. 2012) to simulate a positive emotion (i.e. happiness)
leading to the activation of smile behaviour. We modelled Poppy to have high Extraversion
(Pen = {0.5,0.2}) personality, while Spike was modelled to have Neurotic person trait
(Pe.n = {0.2,0.5}). In addition, the relationship value R between the simulated player and
the game companions was set to 0.65 and decay rate r to 0.02 for both game companions.
We performed random positive interactions with both characters for a specific time. Both

characters were receiving the same sequence of interactions.

Figure 3.3 shows the result of the simulation of both characters positive emotions (Z)
as a result of three positive events (e.g. received a favourite item, perceived a smile from
player’s facial expressions, greetings or hearing jokes). The first event was a series of medium
intensity values of positive interactions from the player from ¢ = 13 to 17 seconds, the second
one was a series of high-intensity values of positive interactions from the player from ¢ = 25
to 31 seconds and the last event was a series of low-intensity values of positive interactions

from the player from ¢ = 41 to 60 seconds.

The g, line indicates the threshold of generating a small smile by the game companions,
while the g, line indicates the threshold for an uncontrollable smile. In this simulation, we
used the same value of both thresholds for both characters. As we can see in the figure 3.3,
from t = 6 to 11 seconds, Poppy who has a high extraversion value showed a small smile and
in the t = 26 seconds, Poppy was unable to hold her smile at the end, while Spike who has a
high neuroticism only just showed a small smile at the second interactions. The simulation
also showed the emotion’s intensity was decreasing when there was no interaction performed
between them. The simulation of the models is significant as a pilot study of the first game

scenario in this thesis described thoroughly in the Section 4.5.

Figure 3.4 illustrates the result of the simulation of a short interaction with both characters.
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Smile Model Simulation
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Figure 3.3: Smile Simulation. fg; line indicates the threshold of generating a small smile by
the game companions and fg line indicates the threshold for an uncontrollable smile.
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Solid lines indicate positive interactions with the characters while dotted lines represent
negative interactions with both characters (blue for Poppy and red for Spike). The first
event occurred from ¢t = 0 to 11 seconds, and the second event illustrates an absent of the
interaction from ¢ = 12 to 60 seconds. As shown in the figure, Poppy has a greater area of
positive intensity than Spike in the positive interactions, while Spike has a greater area of
negative intensity than Poppy in the negative interactions.
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Figure 3.5: Distribution of Emotions Models - Long Interaction

3.4.2 Second Scenario: Interaction with Poppy and Spike

Two simulation experiments were performed to demonstrate the effectiveness of the models
for interaction with the players with the second version of computational models. In the
first simulation experiment, we simulated two events perceived by the game companion
simultaneously at a particular time ¢. To simulate positive interactions, we set the values
of &4+, from the range of 0.1 to 0.5 with the importance level of the event to the game
companion, M, ranged from 0.1 to 0.4, between time ¢ = 1 to ¢ = 80 and 101 to 150.
Furthermore, to simulate negative interaction, a set of values &,_ ; between —0.1 to —0.5 with

the same range of values for the importance M, and time set to the positive interactions,
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are applied. In the second experiment, we simulated two positive events perceived by the
game companions simultaneously at a particular time ¢ for social relationship values. All
the events value &£,; ; and the importance level of the event to the game companion, M, ;
are set to a static value of 0.5 with an absence of the interactions between time ¢t = 780 to

t = 950.

The simulation parameters for both experiments are: the number of saturation of familiarity
Vit =100, NV; ;; = 0.6, decay rate for social relationships models r = —0.1, Mg, = 0.02,
p = In(2)/r, emotion decay rate r = —0.5, negative emotions’ basic threshold for high
Extraversion 6, = —0.3, positive emotions’ basic threshold for high Extraversion 6,, = 0.2,
negative emotions’ basic threshold for high Neuroticism 6,, = —0.2, positive emotions’ basic
threshold for high Neuroticism 6, = 0.3, W, = 0.2. The simulation also showed the emotion
intensity was decreasing (or increasing for negative emotions) when there was no interaction

performed between them.
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Figure 3.6: Distribution of Social Relationships Models

Figure 3.5 shows the distribution of emotions intensity values Z,; ;j+y1 on the influence of
positive and negative emotions on both high Extraversion Pg y = {0.5,0} and high Neuroti-
cism Pgn = {0,0.5} game companions for 150 cycles. From the figure, we can infer, with

the same events, the time required for a Neurotic game companion is longer to feel positive
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emotions, but faster for negative emotions than an Extrovert game companion. In addition,
the area of positive emotions felt is larger for an Extrovert game companion compares to the
Neurotic one. On the other hand, the area of negative emotions felt is larger for Neurotic

game companions in comparison to the Extrovert game companions.

Figure 3.6 presents the distribution of social relationship levels of game companion i towards
game companion j with the impact of positive emotions on both high Extraversion and high
Neuroticism game companions for 1000 cycles. From the figure, we can conclude that, with
the same number and quality of interactions, building a social relationship with a Neurotic
agent will take extra effort in comparison to building a social relationship with an Extrovert
one. The simulation also showed the social relationship value was gradually decreasing
when there was no interaction performed between them and was increasing when there is an
interaction performed between them. The drop was quite significant as in the simulations,

and the interactions were suddenly stopped entirely from having quite positive interactions.

3.5 The ERiSA Framework

In Chapter 2.8.4, we described the required components to build a believable, intelligent VH.
We are aiming to replicate human interactive capabilities to perceive information from the
external environment, process the information, and react back to the environment. Thus,
the main pipeline for the system should include: Sensors to acquire information regarding
internal (e.g. the VH’s personality and emotions) external (e.g. events and interlocutor’s
emotions), and indeterminate (e.g. dialogue) environments. The information is then pro-
cessed based on internal states and rules, resulting in a list of actions proposed. The actions
can be verbal (e.g. words), non-verbal (e.g. facial expressions, gestures, prosody, etc.) or
a combination of both actions. The actions are then executed and conveyed through the
embodiments, be they physical (e.g. robot or audio devices), virtual (e.g. 3D or 2D VHs) or
combination of both embodiments. There are some existed integrated systems that are ca-

pable of executing the whole pipeline such as (Schroder et al. 2012, Schroder 2010, Hartholt
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et al. 2013); hence we will not re-invent the wheel. Instead, we extended the capability of

the system and implemented it into a game environment.

3.5.1 The Requirements

As described in the beginning, a framework that capable to perceive information from the
external environment, process the information, and react back to the environment is needed
to build an emotionally realistic social VH. First, the framework should be able to detect
or sense and thus perceive emotions from the user’s facial expressions and/or voice prosody.
The framework should consist of a component/system that allows the virtual human to
understand what the user says. It does not need to understand the entire conversation,
as long as the VH be able to create the illusion that they understand what the user says
to them. Secondly, the framework should be able to process all the information perceived
(user’s emotions and utterances) as well as the VH’s internal states (the virtual human’s
emotions, personality and social relationships between the user and the VH). Third, the
framework should be able to provide appropriate behaviour feedback and show it through

speaker and monitor (the ability to synthesise verbal and non-verbal behaviours).

Broekens et al. (2016) argue that there are six main reasons why emotions models are rare
to be implemented in commercial games. Those reasons also provide the requirements of
VH implemented in the games (e.g. NPC). Thus, the framework should also be an Al-
independent module. Most emotion models are dependent on particular AI. The models
and framework thus should be not only dependent on a particular AI module. Chapter
6 describes how the proposed models were implemented to augment existing commercial
game characters. Moreover, one of the reasons why emotions models are still not popular
in a commercial game is because the players do not demand emotional NPCs Broekens
et al. (2016). However, in Chapter 6, we show a preliminary result that the NPCs with the
ability to govern emotions increase the players’ experiences and immersions to the game,
NPC and game story. This could be a good opportunity for commercial game studios to

deliver different flavour to enhance the player’s experiences and immersions to boost the
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game popularity.

3.5.2 The Components

We present a framework for game companions that extends an existing framework, SE-
MAINE framework (Schroder 2010), by including computational models of emotions, per-
sonality and social relationships described in the previous section. We also adopt the frame-
work for a game environment by adding components that manage the gameplay dynamically.
The framework consists of modular components including sensing, interpretation, agent, be-
haviour planning and game components (see Figure 3.7). All the components communicate
with each other using XML based messages through ActiveMQ!, a message-oriented middle-
ware (MOM) as an asynchronous communication system (Schroder 2010). The SEMAINE
framework was chosen (despite the Virtual Human Toolkit offers more advantages in some of
the components) because at the time the experiments are being conducted, the SEMAINE
Framework was the only fully-integrated Virtual Human’s Framework API available publicly.
Moreover, the SEMAINE Framework provides more advanced non-verbal behaviour recogni-
tion components from facial cues and voice prosody features (see Chapter 2.8.4). However,
the models and framework proposed in this thesis could technically be implemented to the

other SAIBA compliance Virtual Human Framework.

The Sensing Component

The Sensing Component includes modules for Facial Expression Recognition (Action Units
using Facial Action Coding System (FACS) and Ekman’s six basic emotions (Almaev & Val-
star 2013)) from a video, Automatic Speech Recognition and Face Recognition. The Face
Recognition module is used to recognise a player’s face based on which a game companion can
build and interpret a social relationship with a player. The library of known faces is updated

dynamically, during interaction between player and game companion. We integrated eMax

Thttp://activemq.apache.org/
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Figure 3.7: Overview of the ERiSA Framework

API (Almaev & Valstar 2013) for expression recognition from facial cues. The Facial Expres-
sion Recognition Module recognises six basic emotions (i.e. Happiness, Anger, Sadness, Fear,
Disgust and Surprise) from facial cues, in addition to Facial Action Units based on FACS
(Ekman 1999b). The coding system associates facial expression changes with the atomic
facial muscles actions. For example, a smile is associated with the activation of Zygomaticus
magor (AU12) and Orbicularis oculi, pars orbitalis (AU6) muscles, along with others facial
muscles. The Facial Expression Recognition Module implements a dynamic appearance de-
scriptor with Local Gabor Binary Patterns from Three Orthogonal Planes (LGBP-TOP)
proposed by (Almaev et al. 2013). This module returns values of intensity between 0 to 1
for positive emotions (i.e. happiness and surprise) and all Facial Action Units values and -1
to 0 for negative emotions (i.e. anger, sadness, fear, disgust and surprise). All the detected
values are stored in the Information States form (see Table 4.7) and sent to the Interpreter
Components. The Face Recognition Module implements the Local Binary Patterns His-
tograms Face Recognizer API from openCV 2. The module compares the detected face with
collected known faces database. If recognised, the module loads all the information about
the player and sends all the data to the Interpreter Components along with the confidence
value of recognised face. If the face is not recognised, the module will automatically capture
several images of the player’s frontal face and stored it to the database. Furthermore, an

“unrecognised” flag is sent to the Interpreter Components. Finally, we implement the CMU

2http://docs.opencv.org/2.4/modules/contrib/doc/facerec/facerec_tutorial.html
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Sphinx Speech Recognition (Walker et al. 2004) for Automatic Speech Recognition. All the

recognised player utterances are sent to the Interpreter Components to be further processed.

The Interpreter Component

The Interpreter Component receives inputs from The Sensing Components and interprets
the received data based on knowledge provided to the system. Player’s emotions and action
units values from their facial cues are obtained from the Facial Expression Recognition
Module. Those values also indirectly update the game companion’s internal states in the

Agent Components.

Moreover, the components also receive the player’s name and all the social relationship
information perceived by the game companion (see Figure C.5) from The Face Recogni-
tion Module in The Sensing Components. From the Facial Expression Recognition Module,
the Non-Verbal Interpreter Module interprets the player’s internal states from their facial
cues. Currently, the system can interpret the player’s emotions from their facial expres-
sions together with the AUs. The components received vectors of numbers indicating the
player’s emotions and AUs from the Sensing Components. The Interpreter Components
then interpret the data received with the rules manually crafted stored in the Information
States form. For example: if the data received from the Sensing Components is $player-
states.emotion.happiness > 0.5, the components interpret the players are currently quite
happy or experiencing high positive valence. The Interpreter Components also received all
the player’s data such as their name, date of birth (if the system has it) and their relation-
ships values. Hence the components will be able to interpret how close the game companion
with the player. This information is managed and stored in the Information States form and

is also passed to the Agent Components.

Finally, from Automatic Speech Recognition Modules, the Verbal Interpreter Module will
spot keywords and patterns. Each keyword or pattern will trigger user intention and update
the dialogue state (i.e. topic state) and game state. The Interpreter Components is also

responsible for interpreting the turn-taking during the interaction and send the signals to
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the Behaviour Components. Listing C.1 exhibits the example of rules for intention and states

triggers by patterns or keywords.

The Behaviour Component

The Behaviour Component proposes an agent behaviour based on the information of both
verbal and non-verbal interpretation and the Interaction Rules. Table 3.3 shows the example
of the interaction rules design for a virtual human in a game scenario. The game companion’s
actions, in this example, conveyed through their facial expression and utterance is triggered
when all the states are matched. In this scenario, the game rules dynamically regulate item
price, with the rules based on the player’s emotion conveyed through their facial expressions,
the game companion’s emotion and their relationship level. The price will drop significantly
if both player’s and game companion’s emotions are positive in addition to their positive
relationship level and vice versa. The proposed behaviour is sent to a SAIBA compliant
embodied system by the Action Selector Module. The Action Manager module then updates
all the states and rules including Internal States (e.g. NPC’s emotions), Game States (e.g.

game level), Interaction Rules, Game Rules, and Social Relationships.

The Agent Components

The Agent Components consist of Memories (see Appendix C) and a Social Relationship
module. Memories include the Internal States, Internal Rules and Personality. The Inter-
action Rules are influenced by the NPC’s internal states such as emotions, personality and
social relationships. The Social Relationship module manages the relationship status be-
tween two entities such as between agent A and player I, player I and player II or agent
A and agent B. The Agents Components also consist of dialogue management system and
the proposed computational models of emotion, personality and social relationships. The
system implements the Information States approach (Traum & Larsson 2003) to dialogue
management as the approach proved to be robust and flexible towards a system that has

multiple inputs and states (ter Maat & Heylen 2011).
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The Game Components

The Game Components consists of a Game Play module and related Memories including
Game Rules and the Game States. The Game Play module regulates the gameplay from
the Memories. The gameplay changes dynamically based on the NPC’s internal states and
the player’s emotions. The Game Components get inputs from Agent Components, which
provide both the player’s and game companion’s internal states. Hence, it is possible to
design game rules based on both the internal and game states. Table 3.3 shows the example
of game rules design based on the states. In this example, the item price depends on the game
companion’s states and the relationship level between the player and the game companion.
The same principle can be applied to determine the amount of classified information that

game companion will pass to the player based on the states.

3.5.3 Example Game Scenarios Using ERISA

An example in which the social relation is used in a game scenario is as follows: In an
RPG game, a player’s mission is to convince guard Maximus to let the player pass the gate.
The player should do this by building a positive relationship, avoiding conflict. Suppose
the player has met Maximus three times before, has a positive relationship with him and
Maximus has a high value of extraversion. The player greets the guard with a smile while
saying “hello”. The player’s utterance and facial expression are captured and processed
in the Sensing Components and interpreted in the Interpreter Components. The Action
Manager updates the values of the social relationship and the guard’s internal states. In
this case, emotion is set to be more positive, and the value of the social relationship is
increased as well. Finally, Maximus reacts based on the information from the Interpreter
Components and Interaction Rules. With the framework, the game designer also can build
dynamic gameplay that depends on the player’s action and the guard’s internal states such

as emotion, personality and social relationship.

Another example where emotions and social relationships are incorporated in the game
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Table 3.3: Game Rules Design Example

Example 1

Player States

emotion.anger < -0.5

Player Intention

ask-wh-question-aboutitemprice

Dialogue States topic == item

NPC States emotion.anger < -0.5
Relationship Level | affinity < 0.5

Game States ANY

Game Rules

item_price = original -item _price x (1 — agentstates.emotion — af finity)

Action Proposed

faceexp=anger
say="I'm not in a good mood, the price is $item_price”

Example 2

Player States

emotion.anger < -0.5

Player Intention

ask-wh-question-aboutitemprice

Dialogue States topic == item

NPC States emotion.anger < 0.5
Relationship Level | affinity > 0.5

Game States ANY

Game Rules

item_price = original _item _price x (1 — agentstates.emotion — af finity)

Action Proposed

faceexp=anger
say="What’s wrong with you today, $name?, the price is $item_price”

Example 3

Player States

emotion.happiness > 0.5

Player Intention

ask-wh-question-aboutitemprice

Dialogue States topic == item

NPC States emotion.happiness > 0.5
Relationship Level | affinity < 0.5

Game States ANY

Game Rules

item_price = original_item_price x (1 — agentstates.emotion — af finity)

Action Proposed

faceexp=hapiness
say="Hi, I'm in a good mood today, the price is $item_price”

Example 4

Player States

emotion.happiness > 0.5

Player Intention

ask-wh-question-aboutitemprice

Dialogue States topic == item

NPC States emotion.happiness > 0.5
Relationship Level | affinity > 0.5

Game States ANY

Game Rules

item_price = original _item_price x (1 — agentstates.emotion — af finity)

Action Proposed

faceexp=hapiness
say="Hey $name, how are you today? The price today is $item_price”
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design is when a player is required to retrieve classified information about the when is the
next attack will be launch by the enemy from two spies who have a different personality
from each other. The player must gain their trust to get information from them. The value
and the amount of the information are depending on how close the player with the spies.

The player is required to use a different strategy for both of spies, to gain their trust.

3.6 The Evaluation of ERiSA

To explore the potential of the framework and models as well as to collect initial data for
interaction rules, we designed two scenarios where the players interacted with the game
companions, be they Embodied Conversational Agents (ECAs) or NPCs. The first scenario
was a simple social game called The Smile Game. The game was inspired by the “Don’t
Smile” game where two people facing each other and try to make each other laugh by telling
jokes or pulling funny facial expressions. To study the interaction rules required when people
play this game, we performed an experiment where two people play the game while being
video recorded. The video then annotated using the Facial Action Coding System (FACS).
The Smile Game scenarios are explained over two chapters. Chapter 4 provides the example
of the implementation of the proposed framework and computational models in a simple
lab setting. While The Smile Game scenario in the Chapter 5 intended to explore the
interaction between human and game companions in the wild, as well as to evaluate the

proposed framework and models.

In the second scenario, we implemented the framework and models for an existing commer-
cial game, Skyrim. In this game, both players and game companions are inhabiting the
same world, a virtual world of Skyrim. This scenario aims to explore the player’s experience
in the game, resulted from the interactions with the game companions, who were imbued
with social and emotional skill by the ERiSA Framework together with the computational
models. The Skyrim Game scenario is discussed comprehensively in the Chapter 6. Table

3.4 illustrates the overview of the framework, computational models and the game design
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implemented in each study. To continuously improve the quality of the interactions between
players and the game companions, the system’s design (framework, computational models
and game design) has evolved throughout the series of the experiments. There are two ma-
jor types of frameworks used in the experiments: Full and Simplified. Full means in the
experiment, all the components in the framework are fully functioning, though, in some ex-
periments, some modules were replaced by other modules (e.g. ASR module in the Sensing
Components replaced by another input module, The Text module from the keyboard). Sim-
plified framework only implements some of the Components from the proposed framework,
as the other Components are not necessarily required in the experiment (see Chapter 6).
Moreover, they are also two versions of Computational Models of Emotions, Personality,
and Social Relationships. The first one was described in Section 3.2, while the second one
was comprehensively illustrated in Section 3.3. Finally, there are two version of the game
design in the Smile Game (in contrary, only one version for the Skyrim Game), the first
one (SMLGD V.1) is described in this chapter, while the enhanced version (SMLGD V.2) is

illustrated in the Chapter 5.

Table 3.4: Versioning Overview

Version Framework | Models Ver. | Game Design Ver.
Smile Game V.1 (SML V.1) Full 1 SMLGD V.1
Smile Game V.2 (SML V.2) Full 2 SMLGD V.1
Smile Game V.3 (SML V.3) Full 2 SMLGD V.2
Skyrim Game V.1 (SKR V.1) | Simplified 2 SKRGD V.1
Workshop V.1 (WRK V.1) Full 2 #NA

Table 3.5 describes the overview of the user study design of all studies conducted over
three years with a total of 117 participants in 217 interactions with the system. The first
study was intended to collect behaviour data from human-human interaction when playing
a simple social game called The Smile Game. Ten adult participants played the game in
pairs, resulting in eighteen sessions of interaction. The second study was a pilot study of The
Smile Game, involving 16 adults interacted with the system in a lab setting in a total of 64
interactions. The pilot study aimed to evaluate the early version of computational models
and the integrated system functionality as well as to collect additional behaviour data for

conversation and game interaction. Figure 3.8 illustrates the setting of the studies. The
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third and fourth studies involved a total of twenty adult participants in a total of twenty-
one interactions in a semi-public space setting. The first to third settings were involved
facial expressions and speech as the inputs in the interactions, while in the fourth set, a
joystick was introduced as an additional input besides the player’s facial expressions during

the interaction in the game.

Figure 3.8: Settings of The Smile Game: Pilot (a)WoZ & Auto(b) Mayfest(c) & Skyrim(d)

The purpose of the studies was to evaluate the second version of computational models and
the integrated system as well as to collect more behaviour data for the game companions.
The fifth and sixth studies were designed for public interaction. A total of 54 participants in
58 interactions were playing with the system. The seventh study was designed to evaluate
the computational models and some parts of the integrated system in an existing commercial
game. Finally, a character design workshop was conducted to explore the potential of the
computational models and the integrated system. In this study, we were aiming to investigate
how professional game designers would implement our models and system in their game
design. The Smile Game evaluations are thoroughly described in this chapter and Chapter
5. The first and second studies are presented in Section 4.5, while third and fourth are
explained in Section 5.2. Moreover, the fifth and sixth studies are described in Section 5.5
and The Skyrim Game study is illustrated in Section 6. Finally, the design workshop is

presented in the Section 7.
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Table 3.5: User Studies Overview
Study Version | Participants | # Int. | Setting] Aim Chapter
H-H #NA 10 (A) 18 Lab Data Collection 4
Pilot SML V.1 16 (A) 64 Lab System + Mod- 4
els Evaluation
Data Collection
WoZ SML V.2 8 (A) 9 Semi- | System + Mod- 5
Public | els Evaluation
Data Collection
+ Interaction in
the Wild
Auto SML V.2 12 (A) 12 Semi- | System + Mod- 5
Public | els Evaluation
Data Collection
+ Interaction in
the Wild
Mayfest SML V.3 46 (E) 50 Public | System + Mod- 5
els  Evaluation
+ Interaction in
the Wild
OpenDays | SML V.3 8 (E) 8 Public | System + Mod- 5
els  Evaluation
+ Interaction in
the Wild
Skyrim SKR V.1 15 (A) 60 Lab Models Evalua- 6
tion
Workshop | WRK V.1 2 (A) 2 Lab System + Mod- 7

els Exploration
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Chapter 4

Building Game Companions with

ERiSA

4.1 Introduction

This chapter presents the effort to build game companions using the proposed framework
and models. The aims are to explore further the potential of the framework and models
deployed in a simple interaction system, and to collect the interaction rules when people
were interacting with each other given a particular scenario. A simple social game called
The Smile Game is designed to be the testbed for the proposed framework and models
evaluation. The game was chosen because the game allows the players who are playing it
eliciting rich expressions and interaction. This chapter also describes the initial design of
game companions using The Smile Game V.1 (see Table 3.4). Section 4.2 describes the data
collection to craft the interaction rules based on the behaviours that people would exhibit in
the game. Section 4.5 shows the behaviour rules crafted from the data collection, annotation,
and analysis. Moreover, Section 4.3 illustrates the initial game design for The Smile Game.
The game then evaluated as a pilot study to serve as a foundation of the other experiments
in the affective loop experiences system. The experimental settings are described in section

4.5, and the results are shown in section 4.6 and concluded in section 4.7

99
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Figure 4.1: The Recording Settings

4.2 Data Collection

There are two categories of behaviours that the game companions would exhibit in this
type of scenario: the behaviour when playing the game and the behaviour when the player
and the game companions having a conversation. To study what type of behaviour people
playing the Smile Game would exhibit, we performed an experiment in which two people
at a time play the game while being video recorded. This will allow us to model typical
behaviour and replicate it in the game companions. Moreover, to learn the dialogue rules in
the conversation, we annotated the transcripts of the conversations between human and agent
(controlled by an operator) interaction from The SEMAINE Database Corpus (McKeown

et al. 2012), with Dialogue Acts annotation (Austin 1975).

4.2.1 Human-Human Interaction Data Collection

We recruited 10 participants, all of whom are students of The University of Nottingham (5
male; 6 Asian, 4 Caucasian). We conducted five recording sessions, with a different number

of games played per session resulting in a total of 18 interactions recorded.



4.2. Data Collection 101

During the game, three cameras were recording both visual and audio information. The first
and second camera which each records a player from the front while the third camera records
a profile perspective of both players (see Figure 4.2 and Figure 4.1). The images are used
for facial expressions analysis and the audio recording for discourse analysis (i.e. presence
of conversation, and who spoke first). Detail of the information of the recording is shown
in Table 4.1. Column S represents the recording session, for example, 1 indicates Session
no. 1. Column VL(s) indicates the length of the video clip in second. Column #GAME
demonstrates the number of game played each session, for example, the value 2 in the first
row means there are two games in the Session no.1. RELATIONSHIP column shows the
relationship between the player. The relationship was classified into two categories: close
and very close relationship, based on how long they have known each other and their social
attitude to each other. The column GAME indicates the game session number, for example,
the value G1 in the first row indicates Game 1 in the Session 1. Column GL(s) shows
the length of the game in second. Finally, the last column indicates whether any verbal

behaviours were performed during the game.

Figure 4.2: The Smile Game Recording

We annotated the recordings using the Facial Action Coding System (FACS) (Ekman et al.
2002a) for the players’ facial expressions (see Figure 4.3) and created a transcript of the
players’ utterances'. Furthermore, we classified them into two categories: Attack and De-
fend. Attack is when the player pulled their funny faces or telling jokes to make the other

player laugh. Figure 4.3 (c) shows a player’s facial expressions when he was attacking his

IThe utterances in session 4 were in Indonesian; hence, we did a translation to English
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Table 4.1: Smile Game Recording Summary

S | VL(s) | #GAME | RELATIONSHIP | GAME | GL(s) | CHAT
G1 13 no
1] 34 2 Workmate(close) Qo 20 oo
G1 8 no
2| 65 3 Classmate(close) G2 18 no
G2 13 no
3| 127 9 Classmate(Close) G1 127 no
G1 2 no
G2 10 no
G3 19 no
G4 26 yes
4 | 1221 9 Friend(very close) G5 37 yes
G6 13 yes
G7 143 yes
G8 23 yes
G9 361 yes
G1 15 yes
5| 105 3 Friend(very close) G2 19 yes
G3 107 yes

opponent by pouting his face. Meanwhile, Defend is when the player is trying to mask their
smile with other expressions. When in Defend position, the player can either stay in that
position or counterattack to the other player. The distinct difference between Attack and
Defend is that the trace of a smile is clearly visible with medium to high intensity when
defending. Figure 4.3 (a) illustrates a Defend position performed by a participant. The par-
ticipant tried to hold his smile by slightly pressing his lip (AU 24B) and looking to the other
direction to avoid eye contact with his opponent. Finally, we selected utterances and facial
expressions that were used for attacks to make the opponent laugh (see Table 4.2) as well
as for defend to mask the player’s smile with other expressions. These attack and defend
behaviours were then implemented in the game companions. Table 4.3 lists all observed

attack and utterances.

Attack Behaviours

There was a total of 76 sequences of attack where most of them (54%) were performed

through facial expressions, head movements, and their combination. Almost two third of
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Figure 4.3: Video Annotation using FACS. (a) Defend Behaviour, (b) Smile Behaviour, (c)
Attack Behaviour

the participants were only attacking without jokes. In contrast, two participants were using
jokes/utterances (76%) for their main attack and defend strategy. Table 4.2 presents all the

facial expressions, head movements, and their combination attacks performed in the games.

From the recording, we categorised the players’ jokes/utterances into random (where the
players are just talking nonsense), commenting on their opponent appearance (either praising
or insulting), and offence category (see Table 4.3). Most of the jokes performed in the
recording can be only implemented if the players are known each other. Some jokes might
be considered rude if the players are new to each other. Such as insulting the opponent’s
appearance. However, it would be a good attack strategy if the players are relatively close
to each other. Some of the jokes performed were sounded meaningless (such as Eiffel tower,
and I am sleepy now). However, it could be a good strategy when they also perform random
jokes. Such as: when a player said “Once upon a time” and the opponent paused for a

couple of seconds and replied “Eiffel tower”.

There was a total of 19 distinct FACS combinations as well as 14 utterances performed during
the games. We push all these facial expressions, head movement attacks and utterances to
the game companions’ attack vocabulary. In addition, we added twenty additional funny

sentences from various sources (See Appendix 1).
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Table 4.2: Attack Behaviour (Non-Verbal)

FACS MODALITY
AU15 face
AU24 face
AU27 face
AU23 + AU26 face
AU4 + AU17 face
AU18 + AU26 face
AUG6 + AUI18 + AU62 face
AU1 + AU2 face
AU1 + AU2 + AU17 face
AUl + AU2 + AU27 face
(AU62 + AU63) ->AU63 ->(AU61 + AU63) ->AU63 face
AU51 ->AUbH2 ->AU51 ->AU5H2 head
AU56 + AU61 + AUG3 head
AUbB4 4+ AU61 + AUG3 head
AUbB4 ->AUbH3 ->AUB4 ->AU5H3 ->AUb4 ->AU53 head
AU1 + AU2 + + AU27 + AU55 ->AU56 face + head
AU1 + AU2 + + AU27 + AU51 ->AU52 ->AU51 ->AU52 | face + head
AU24 + AU43 + AU55 face + head
AU1 + AU2 + AU17 + AU55 ->AU56 face + head

Defend Behaviours

Defend behaviours are classified into two categories: passive and active. Defend-passive is a
behaviour shown when the player try to hold their laugh (e.g. AU6 + AU12 + AU24 or AU12
+ AU6 + AUG61) (see Figure 4.3 (a)) while Defend-active is a behaviour shown when the
player try to mask their smile with attacking behaviour (e.g. AU6 + AU12 + AU24 + AUl
+ AU2 or AU6 + AU12 + AU18 + AU24). In the recording, most of the players consistently
displayed a Defend-passive behaviour before they burst into a peal of laughter. While some
players exhibited Defend-active behaviour to counter-attack their opponent. There was a
total of sixty sequences of defend behaviours displayed in the recording, where most of them
(57%) were Defend-passive behaviour. There were also some utterances that can be applied
for defend strategy (see Table 4.3). All distinct FACS combination in Table 4.4, as well as
seven distinct utterances performed for defend strategy in the recording, were pushed to the

game companions’ defend vocabulary.
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Table 4.3: Attack and Defend Behaviour (Utterances)

UTTERANCES UTTERANCES
\Once upon a time random
Eiffel tower random
I am sleepy now random
Hi mate random

You've got pretty eyes

You curl your hair!

You need to wash your clothes!
You need to wash your hair

Did you brush your teeth today?

appearance (positive)
appearance (positive)
appearance (negative

appearance (negative

(
(
( )
appearance (negative)
( )
appearance (negative)

you need to do eyebrows

Running out things to say offence
You are not as funny as you think | offence
Dying to laugh, aren’t you? offence
Come on laugh! offence
not a bit defend
yes or yes I do(did) defend
maybe defend
cheers mate defend
so do you defend
why aren’t you laughing defend
are you trying to hurt me now? defend

Smile Behaviours

Most of the players (60%) were laughing as soon as the game started. Some people were
laughing immediately after pulling their funny faces, as they thought about what they were
doing was ridiculous. There were 86 sequences of Smile behaviour shown in the recording.
However, to simplify the game companion’s smile behaviour, only the combination of AUG,
AU12 and their intensity were implemented into the game companion’s smile behaviour
vocabulary. Figure 4.3 (b) illustrates the player’s facial expression when the player was

laughing after the opponent performed an attack behaviour to him.

The Game Companion’s Strategy

The annotation from the interaction video provides four behaviours to perform when playing
this type of game. The interaction video also contributes to a pattern of behaviour shown in

the game. This pattern was then implemented into the game companion’s strategy to win the
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Table 4.4: Defend Behaviour (Non-Verbal)

FACS MODALITY | CATEGORY
AUl + AU2 + AU6 + AU12 face Defend-active
AU6 + AU12 face Defend-passive
AU6 + AU12 + AU18 face Defend-passive
AU6 + AUI12 + AU18 + AU24 face Defend-active
AU6 + AU12 + AU18 + AU43 face Defend-passive
AU6 + AU12 + AU23 face Defend-passive
AU6 + AU12 + AU24 face Defend-passive
AU6 + AU12 + AU24 + AU43 face Defend-passive
AU6 + AU12 + AU24 + AU43 face Defend-passive
AU6 + AUI12 + AU24 + AU53 ->AUbH4 | face + head | Defend-actice
AU6 + AU12 + AU26 + AU5H2 face + head | Defend-active
AU6 + AU12 + AU27 face Defend-active
AU6 + AU12 + AU27 + AU43 face Defend-active
AU6 + AU12 + AU43 face Defend-passive
AU6 + AUI12 + AU43 + AU52 face + head | Defend-passive
AU6 + AU12 + AU43 + AU52 + AUG62 | face 4+ head | Defend-passive
AU6 + AU12 + AU45 face Defend-passive
AU6 + AU12 + AU5G1 face + head | Defend-passive
AU6 + AU12 + AU56 face + head | Defend-passive
AU6 + AU12 + AU56 + AU58 face + head | Defend-passive
AU6 + AU12 + AU62 + AU63 face Defend-passive
AU6 + AU12 4+ AU43 + AU51 ->AU5B2 | face 4+ head | Defend-active

game in The Smile Game. We adopt a finite state’s approach to the game companion’s action
were the four behaviours will be the states. The game companion’s smile threshold calculated
from the AUs perceived from the player’s facial expressions and the player’s internal states
will be the triggering events for a transition to the other states. Figure 4.4 illustrates the
finite states of the game companion’s behaviours in the game. When the game starts, the
game companion will always start the attack. If the value of the game companion’s urge to
smile at time ¢ (S, see 4.3.1) hits the first game companion’s threshold for smiling (fg;, see
4.3.1), the game companion will display modest cues for smiling and enter Defend behaviour
mode. A simple random number (Rnd;) will decide whether the game companion will stay
on the Defend-passive mode or mask their smile with an attack in the Defend-active mode at
time ¢. To make it more apparent, the game companion informs the player that the player is
almost making them laugh in addition to the small smile cues conveyed through the NPC’s
facial expressions. When the value of the game companion’s urge to smile hits the second

game companion’s threshold for smiling (fs2, see 4.3.1), the game companion will break into
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Figure 4.4: Game Companion’s Strategy Finite State

a smile, and the game ends. Equally, if the player’s AU12 value perceived from their facial
cues (AU12,) reached a specific value of threshold (fpar12), the player loses, and the game

ends. The threshold 0p 12 can be adjusted dynamically upon the game level.

4.2.2 The SEMAINE Database Corpus

To learn the dialogue rules in the conversation, we annotated The SEMAINE Database
Corpus (McKeown et al. 2012) using Dialogue Act annotation scheme (Austin 1975). Since
we only focus on two out of five traits (i.e. extraversion and neuroticism) of personality
proposed in the models, we only annotated the interaction with two SEMAINE characters
(i.e. Poppy and Spike) those represent the two of personality traits. Forty transcripts
of the conversations were annotated resulting 2100 annotations, composed in 54 dialogue
acts. Table 4.5 shows the overview of the Dialogue Acts classification from the SEMAINE

Database Corpus.
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Table 4.5: Dialogue Acts Classification Overview

Dialogue Act # | Dialogue Act #
acknowledgement 89 | statement-nonopinion-aboutplace 14
agreement 32 | statement-nonopinion-aboutplace-neg 8
answer-wh-question-aboutagent 49 | statement-nonopinion-aboutweather-neg | 16
answer-wh-question-aboutfamily 26 | statement-nonopinion-aboutweather-pos | 38
answer-wh-question-aboutfriend 32 | statement-opinion-aboutagent 144
answer-wh-question-aboutholiday 22 | statement-opinion-aboutagent-neg 140
answer-wh-question-aboutotheragent | 16 | statement-opinion-aboutbook 18
answer-wh-question-aboutuser 94 | statement-opinion-aboutfamily 8
answer-wh-question-aboutwork 16 | statement-opinion-aboutfamily-neg 1
answer-wh-question-name 12 | statement-opinion-aboutfriend 76
answer-yes-no-question 26 | statement-opinion-aboutfriend-neg 3
appreciation 4 | statement-opinion-aboutfriend-pos 2
ask-wh-question-aboutagent 49 | statement-opinion-abouthobby 18
ask-wh-question-aboutfamily 26 | statement-opinion-aboutholiday 122
ask-wh-question-aboutfriend 32 | statement-opinion-aboutholiday-neg 26
ask-wh-question-aboutholiday 22 | statement-opinion-aboutholiday-pos 40
ask-wh-question-aboutotheragent 16 | statement-opinion-aboutmovie 8
ask-wh-question-aboutuser 94 | statement-opinion-aboutotheragent 8
ask-wh-question-aboutwork 16 | statement-opinion-aboutplace 120
ask-wh-question-name 12 | statement-opinion-aboutplace-neg 6
ask-yes-no-question 26 | statement-opinion-aboutplace-pos 2
disagreement 123 | statement-opinion-aboutpolitics 25
goodbye 70 | statement-opinion-aboutshopping 62
greeting 142 | statement-opinion-aboutuser 3
Nno answers 1 | statement-opinion-aboutuser-neg 8
statement-nonopinion-aboutagent 28 | statement-opinion-aboutwork 39
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Table 4.5: Dialogue Acts Classification Overview

Dialogue Act # | Dialogue Act #

statement-nonopinion-aboutholiday 68 | statement-opinion-aboutwork-neg 2

The annotation format we used in this interaction video is: [dialogue acts/-[topic]-
[valence]?. For example: the annotation of statement-nonopinion-aboutweather-neg in-
dicates that the interlocutor was expressing their non-opinion statement (the dialogue acts)
about the weather (the topic) and conveying a negative emotions (the valence) verbally
or non-verbally (e.g. facial expressions or audio pitch) or the annotation of statement-
nonopinion-aboutweather shows that the interlocutor was expressing the statement casually
with neutral emotions. Table 4.6 shows the pairs of the utterance in the SEMAINE Database
Corpus. We adopted adjacency pairs to determine pairs of the utterances. With the pairs,
we can model the answer utterance given a particular utterance from the player. There are
sixty-one pairs in the annotation with the most common pair appeared in the interaction
is statement-opinion about a particular topic. Some Dialogue Acts are paired with more
than one other Dialogue Acts. For example, in the database, the Dialogue Acts statement-
nonopinion-aboutagent can be replied with the utterances that belong to the Dialogue Acts

disagreement, acknowledgement or statement-nonopinion-aboutagent.

Table 4.6: Adjacency Pairs

Interlocutor 1 Interlocutor 2 Count
ask-wh-question-aboutagent answer-wh-question-aboutagent 49
ask-wh-question-aboutfamily answer-wh-question-aboutfamily 26
ask-wh-question-aboutfriend answer-wh-question-aboutfriend 32
ask-wh-question-aboutholiday answer-wh-question-aboutholiday 22
ask-wh-question-aboutotheragent answer-wh-question-aboutotheragent 16

2[optional]
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Table 4.6: Adjacency Pairs

Interlocutor 1 Interlocutor 2 Count
ask-wh-question-aboutuser answer-wh-question-aboutuser 94
ask-wh-question-aboutwork answer-wh-question-aboutwork 16
ask-wh-question-name answer-wh-question-name 12
ask-yes-no-question answer-yes-no-question 26
disagreement disagreement 6
goodbye goodbye 35
greeting greeting 71
statement-nonopinion-aboutagent disagreement 8
statement-nonopinion-aboutagent acknowledgement 4
statement-nonopinion-aboutagent statement-nonopinion-aboutagent 8
statement-nonopinion-aboutholiday statement-nonopinion-aboutholiday 21
statement-nonopinion-aboutholiday acknowledgement 26
statement-nonopinion-aboutplace acknowledgement 14
statement-nonopinion-aboutplace-neg acknowledgement 4
statement-nonopinion-aboutplace-neg agreement 4
statement-nonopinion-aboutweather-neg | acknowledgement 6
statement-nonopinion-aboutweather-neg | statement-nonopinion-aboutweather-neg 5
statement-nonopinion-aboutweather-pos | acknowledgement 14
statement-nonopinion-aboutweather-pos | statement-nonopinion-aboutweather-pos 12
statement-opinion-aboutagent statement-opinion-aboutagent 44
statement-opinion-aboutagent-neg disagreement 84
statement-opinion-aboutagent-neg statement-opinion-aboutagent 56
statement-opinion-aboutbook agreement 8
statement-opinion-aboutbook statement-opinion-aboutbook 5
statement-opinion-aboutfamily acknowledgement 8
statement-opinion-aboutfamily-neg Nno answers 1
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Table 4.6: Adjacency Pairs

Interlocutor 1 Interlocutor 2 Count
statement-opinion-aboutfriend statement-opinion-aboutfriend 38
statement-opinion-aboutfriend-neg disagreement 3
statement-opinion-aboutfriend-pos acknowledgement 2
statement-opinion-abouthobby statement-opinion-abouthobby 9
statement-opinion-aboutholiday statement-opinion-aboutholiday 61
statement-opinion-aboutholiday-neg statement-opinion-aboutholiday-neg 11
statement-opinion-aboutholiday-neg disagreement 4
statement-opinion-aboutholiday-pos statement-opinion-aboutholiday-pos 20
statement-opinion-aboutmovie statement-opinion-aboutmovie 3
statement-opinion-aboutmovie agreement 2
statement-opinion-aboutotheragent appreciation 2
statement-opinion-aboutotheragent statement-opinion-aboutotheragent 3
statement-opinion-aboutplace statement-opinion-aboutplace 58
statement-opinion-aboutplace acknowledgement 4
statement-opinion-aboutplace-neg acknowledgement 4
statement-opinion-aboutplace-neg agreement 2
statement-opinion-aboutplace-pos appreciation 2
statement-opinion-aboutpolitics statement-opinion-aboutpolitics 10
statement-opinion-aboutpolitics disagreement 2
statement-opinion-aboutpolitics agreement 3
statement-opinion-aboutshopping statement-opinion-aboutshopping 28
statement-opinion-aboutshopping agreement 6
statement-opinion-aboutuser acknowledgement 3
statement-opinion-aboutuser-neg disagreement 8
statement-opinion-aboutwork agreement 5
statement-opinion-aboutwork statement-opinion-aboutwork 16
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Table 4.6: Adjacency Pairs

Interlocutor 1 Interlocutor 2 Count
statement-opinion-aboutwork disagreement 2
statement-opinion-aboutwork-neg agreement 2

4.3 Game Design

We implemented the proposed framework and the first version of the computational models
(see 3.2) to create a simple game called The Smile Game. The main purpose of this project is
neither to detect nor to synthesise laughter but to implement and explore the potential of the
proposed framework and models that consider the relationship between emotions, personality
and social relationships to enhance the game companion’s believability and quality of player
interaction in the game. Recent work in detecting and synthesising laughter can be found
in the Tlhaire project  (Urbain et al. 2013). In The Smile Game scenario, we replace one of
the players with an ECA. We use two SEMAINE characters, Poppy and Spike (McKeown
et al. 2012) as the game companions. Poppy has a high extraversion and low neuroticism
personality (Pg = 0.5, Py = —0.1), while Spike has a high neuroticism and low extraversion
personality (Pg = 0.2, Py = 0.5). This game is considered to be a good case study since
the gameplay is simple yet elicits rich non-verbal interactions between the game companions

and the player.

4.3.1 The Smile Game Flow

An overview of the game flow is shown in Figure 4.5. When the system starts, it searches
for a face. When a face is detected, the game companion tries to recognise the detected face

by comparing it with the database of faces. Based on this information, the game companion

3http://www.ilhaire.eu/
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Figure 4.5: The Smile Game flow

greets the player using the Welcome Dialogue Sets (i.e. dialogues with dialogue acts tag
greeting). If the face is not recognised, the game companion will ask for the player’s name
and will initialise a new entry in the face library as well as a relationship value R;. If
the system recognises the face, it searches for the corresponding relationship value R; and
updates it. Afterwards, the game companion starts a conversation using common topics such
as the weather or news using the Chit-Chat Dialogue Sets (e.g. dialogues with dialogue acts
tag statement-opinion-aboutweather, statement-opinion-aboutpolitics or statement-opinion-
aboutholiday). After a certain period of time, the game companion will ask whether the
player would like to play a game with the game companion. If so, the game will commence
and continues until someone smiles. The player can also ask the game companion to play
a game with them. When the game ends, the result of the game is saved, in addition to
updating the value of R. Both game companion and player can ask to repeat the game if the
player does not want to repeat the game, the game companion closes the interaction using

its Goodbye Dialogue Sets (i.e. dialogues with dialogue acts tag goodbye).

In this game, we categorise relationship between the player and the game companion into
two groups of pairs in addition to the “New” category. Along with the game companion’s
emotions and personality, the social relationships level modifies the answers given by the
game companions based on the models proposed in Section 3. The pairs are: “friend” vs

“rival” and “ally” vs “enemy”. For example: When the default utterance to reply a greeting
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(category = greeting) from the player is “Hello!”, the answer to reply a greeting (category
= greeting-posLowRelationship), when their social relationship level is a friend, is “Hello,
$name!, shall we play a round of game? I think I can beat you this time!” and a reply
such as “ It is you again? What do you want from me?” is provided when the relationship
level they have is a rival (category = greeting-negLowRelationship). Moreover, the models
of emotions, personality and social relationships also influence the game companion’s urge

to smile.

The dialogue states in the system are categorised into three categories: Greeting, Chit-Chat
and Goodbye, in which each state has its own dialogue sets derived from the data collection
described in Chapter 3 with additional behaviour data from the studies presented in this
chapter. Additionally, we extended the dialogue sets with dialogue related to the game such
as utterances to explain about the game (Dialogue Acts category: statement-nonopinion-
aboutthegame), utterances to explain the game rules (Dialogue Acts category: statement-
nonopinion-about) or utterances to ask the player if they are ready to play (Dialogue Acts
category: ask-yes-no-question-readytoplay). Furthermore, the game companion also has a
dialogue sets to portray their background stories related to the game which is described in

the Appendix C.

In addition to the emotions, personality and social relationships from subsection 3.2, we
define a model to determine when the game companion will smile. The game companion’s
urge to smile at time ¢ S; is derived from the model of emotion F; from section 3.2. The
difference is that while the model of emotion E; considers all the possible player’s verbal
and non-verbal actions, the model of smile S; only considers the possible player’s verbal and
non-verbal actions that could trigger the game companion to smile. Currently, the same
rules used by the game companion to attack an opponent will incur an increase in S; when

observed by the game companion.

To model the dynamic properties of the game companion’s smile in a simple yet convincing
way, we again included a decay function to our model. This way the game companion’s urge

to smile will diminish over time unless reactivated. Similar to the emotion model, the value
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of the decay rate r on this model is also set based on the game companion’s personality. The
game companion has two thresholds of a smile. The first threshold fg; triggers small cues for
a smile in its facial expression (e.g. AU12B), where the second threshold g, activates a clear
sign of a smile on its facial expressions (e.g. AU12D + AU6C). Both smile thresholds are
regulated by the game companion personality and the game level. The game companion’s
urge to smile S; denotes in the Equation 4.1, where I; represents the game companions

emotion intensity described in Section 3.

St = St—l X e_rt + It (41)

4.3.2 The Game Storyboard

Case Study 1: First Meeting with Poppy

1. John sits in front of the system.

The system detects a face.

2. The system introduces itself and explains what it can do.
When a face is detected, the system starts to introduce itself and explain to the user

what the system can do.

3. The system asks John: “Who would you like to speak with?”
After introducing and explaining itself, the system asks the user who is the game
companion that user want to speak with. The system introduces the game companions:

Poppy and Spike. In addition, it describes Poppy and Spike’s personality as well.

4. John asks to speak with Poppy
The system registered Poppy as the game companion, and then the screen changes into

Poppy’s face.

5. John meets with Poppy for the first time.

The system once again tries to detect a face. When the system detects a face, it starts
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facial recognition modules and tries to recognise John. If John is not recognised, the

system then asks John’s name.

6. Poppy asks John’s name by typing it.
The system captures John’s face ten times and stores the images as face database.
John then types his name using a keyboard. Keyboard system is used to avoid any

mistakes in the user’s name spelling in speech recognition modules.

7. Poppy welcomes John and starts the conversation.
Poppy welcomes John to the Smile Game and asks John about the newest news or
weather. Poppy has high extraversion and low neuroticism personality; Hence she
tends to express and perceive positive emotions such as happiness. On the other hand,
Spike has high neuroticism and low extraversion personality, so he tends to express

and perceive negative emotions such as anger.

Case Study 2: Speak with Poppy

1. John sits in front of the system.

The system detects a face.

2. The system introduces itself and explains what it can do.
When a face is detected, the system starts to introduce itself and explain to the user

what the system can do.

3. The system asks John: “Who would you like to speak with?”
After introducing and explaining itself, the system asks the user who is the game
companion that user want to speak with. The system introduces the game companions:

Poppy and Spike. In addition, it describes Poppy and Spike’s personality as well.

4. John asks to speak with Poppy
The system registered Poppy as the game companion, and then the screen changes into

Poppy’s face.
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D.

10.

Poppy says hello and asks John about the newest news
The system will randomise the topics. There are two topics that currently available,
news and weather. The system then selects an utterance randomly in the chit-chat

dialogue sets based on the topic selected.

. John says he has not heard any newest news and ask Poppy to tell him the

details about the news.
When the user says something, the system starts speech recognition modules to recog-
nise the user’s utterance. The utterance then analysed, and the system selects the best

action.

Poppy tells John about the newest news, and asks John’s opinion regarding
the news.
The system picks an utterance in the chit-chat dialogues sets based on news topic

randomly. Currently, the news utterance is stored statically or pre-defined.

. John says it is good news to Poppy with a smile in John’s face

The system starts speech recognition modules to recognise the user’s utterance as well

as the user’s facial expression.

. Poppy says “Indeed it is good news. I am glad you happy with the news”

Poppy understands John’s utterance and reads John’s smile. Poppy tends to express

and perceive positive emotions such as happiness; hence she is happy when John happy.

Poppy asks John to play a game.
The system moves to the next state, the game state where John can play a smile game

with Poppy.

Case Study 3 : Speak with Spike

1.

John sits in front of the system.

The system detects a face.
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The system introduces itself and explains what it can do.
When a face is detected, the system starts to introduce itself and explain to the user

what the system can do.

The system asks John: “Who would you like to speak with?”
After introducing and explaining itself, the system asks the user who is the game
companion that user want to speak with. The system introduces the game companions:

Poppy and Spike. In addition, it describes Poppy and Spike’s personality as well.

. John asks to speak with Spike

The system registered Spike as the game companion, and then the screen changes into

Spike’s face. Let’s says John has met Spike before; hence Spike recognises John.

Spike says hello and asks John about the newest news
The system will randomise the topics. There are two topics that currently available,
news and weather. The system then selects an utterance randomly in the chit-chat

dialogue sets based on the topic selected.

John says he has not heard any newest news and ask Spike to tell him the
details about the news.

When the user says something, the system starts speech recognition modules to recog-
nise the user’s utterance. The utterance then analysed, and the system selects the best

action.

Spike tells John about the newest news, and asks John’s opinion regarding
the news.
The system picks an utterance in the chit-chat dialogues sets based on news topic

randomly. Currently, the news utterance is stored statically or pre-defined.

John says it is good news to Spike with a smile in John’s face
The system starts speech recognition modules to recognise the user’s utterance as well

as the user’s facial expression.
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9.

10.

Spike says “Yeah, life sucks.”
Spike understand John’s utterance and reads Johns smile. Spike tends to express and
perceive negative emotions such as anger, so he cannot understand why John responds

to the news happily.

Spike said “Let’s play a game! I bet I can defeat you”
If John responses yes then the system moves to the next state, the game state where

John can play a smile game with Spike.

Case Study 4: Play with Poppy, User Win

. Poppy asks John to play a game.

The system moves to the next state, the game state where John can play a smile game

with Poppy.

. Poppy asks John whether John wants to hear the rules or not.

The system asks the user whether they want to hear the rules or not. If they want to

hear it, the system explains the rules; otherwise, the game is started.

. John says he wants to hear the rules.

The system asks the user whether they want to hear the rules or not. If they want to

hear it, the system explains the rules; otherwise, the game is started.

Poppy explains the game’s rules briefly, and asks John if he is ready to
play.
The system explains the rules and asks the user whether John is ready or not. If John

is ready, the game then is started; otherwise, the system waits until John is ready.

. John says he is ready.

When John says that he is ready, the game is started.

. John attacks Poppy with raising his eyebrow continuously.

The system captures the user’s facial expression. Currently, the user can attack the

system with AU1 and AU27.
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7. Poppy responds “Good Move! Now is my turn”
Poppy responds to the user’s facial expression.
8. Poppy tries to counter John’s attack with jokes, she/he says “I feel like
such a homo sapiens right now.”
The system has several movements and utterances to attack the user.
9. Poppy reaches their first smile threshold and slightly smiles. She continues
to attack John with raising her eyebrow.
If the game companion reaches their first smile threshold, the game companion will
show a small smile. Poppy and Spike have a different smile threshold. Based on their
personality, Spike has a slightly higher threshold than Poppy.
10. John still able to hold his smile and attacks Poppy with raising his eyebrow
and open his mouth.
The system captures the user’s smile if the user reaches a maximum threshold of the
smile, the user loses.
11. Poppy cannot hold her smile; she reaches her second smile threshold and
smiles.
If the game companion reaches their second smile threshold, the game companion will
smile. Poppy and Spike have a different smile threshold. Based on their personality,
Spike has a slightly higher threshold than Poppy.
12. Poppy says “Good game, you win!”

If the user wins, the system will announce that the user wins.

Case Study 5 : Play with Spike, User Lose

1.

Spike said “Lets play a game! I bet I can defeat you”
If John responses yes then the system moves to the next state, the game state where

John can play a smile game with Spike.
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2. Spike asks John whether John wants to hear the rules or not.
The system asks the user whether they want to hear the rules or not. If they want to
hear it, the system explains the rules; otherwise, the game is started.
3. John says he does not want to hear the rules.
The system asks the user whether they want to hear the rules or not. If they want to
hear it, the system explains the rules; otherwise, the game is started.
4. John attacks Spike with raising his eyebrow continuously.
The system captures the user’s facial expression. Currently, the user can attack the
system with AU1 and AU27.
5. Spike responds “Meh! Now is my turn”
Spike responds to the user’s facial expression.
6. Spike tries to attack John with jokes, and he says “I feel like such a homo
sapiens right now.”
The system has several movements and utterances to attack the user.
7. John still able to hold his smile and attacks Spike with raising his eyebrow
and open his mouth.
The system captures the user’s smile if the user reaches a maximum threshold of the
smile, the user loses.
8. Spike continues to attack John with raising his eyebrow.
The system has several movements and utterances to attack the user.
9. John reaches his limit, and smiles.
The system captures the user’s smile if the user reaches a maximum threshold of the
smile, the user loses.
10. Spike says “Hah! You Lose!”

If the user loses, the system will announce that the user loses.



122 Chapter 4. Building Game Companions with ERiSA

Attack |

——
Attack | Attack I
(praise)

(mock)

Attack Il
(praise)
'l

Attack Il
(mock)

Attack |
(mock)

I— I— i L T T 1
N 0 ED oD En
t |

L) L) 1
' e

Figure 4.6: Game Levelling

4.3.3 Game Levelling

In the game, a level is one of the factors that makes the game is enjoyable. In The Smile
Game, there are three levels of difficulty based on the game companion’s urge to laugh (see
Appendix 1). Hence, the game companion will show a set of behaviours that match to the
ability of the player to make the game companion laugh. The closer the player to make the
game companion laugh, the funnier (i.e., the harder) the behaviours that game companion
will show. The game companion has two strategies in this game: attack and defend strategy.
In an attack strategy mode, the game companion will show a set of behaviours that will make
the player laugh by making funny or weird movements or jokes. While the defend strategy
move will be activated when the game companion is about to laugh and try to mask their
laugh behaviour conveyed through their facial expressions by using other movements (see
Figure 4.3 and Figure 4.4). Figure 4.6 illustrates the levelling system in The Smile Game.
If the player is making good progress with their attack, the game companion will reward
them with praise such as “You are good. I almost laugh. It is my turn now”. On the other
hand, if the player’s attack is not efficient enough to “tickle” the game companion, the game
companion will encourage them with a word such as “Is that all you got? Come one, make

me laugh”.

To determine the level of the behaviours shown by the game companions is a subjective task.
Hence, to rate the game companion’s behaviours for the game levelling, we made 2 to 5 sec-

onds videos with Poppy demonstrated 43 behaviours compiled from the video annotation
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(see subsection 4.2.1 and Appendix 1). Subsequently, we recruited a total of forty-two par-
ticipants via game forums (IGDA International, IGDA Indonesia and Gamedevid.org). The
participants were from several cultural backgrounds, but most of them were from Indonesia.
The participants were asked to rate with 5 Likert-scale on how likely the behaviour make
them laugh/smile? Where 1 is unlike to make them smile, and 5 is given to the behaviour
that will make them laugh out loud. Figure 4.7 demonstrates the average of the score for
each behaviour. Behaviour 1 has the lower score with an average of 1.79, while Behaviour 9
rated the funniest behaviour showed by the game companion with an average score of 3.7.
Moreover, there is no significant difference in score between the attack with jokes and facial
expressions (p = 0.246). Attack behaviour with jokes does not necessarily get a good score
as most likely the participants come from various culture and social background. This is only
our assumption only based on literature in social science (Alden et al. 1993, Raskin 2012)
as we do not have enough data to conclude. The other factor could be the participants
thought the jokes were not appropriate to say to someone who we just met (Fine 1983).
Moreover, behaviours that only using head movements seems to be rated to be in the low-
est score category, while behaviours with facial expressions, in particular, the one involving
muscles in the mouth area, were perceived to be the funniest behaviours compare to the
other. Combination of head movements and facial expressions improve the chance to make
the participants laugh/smile. Furthermore, we also added several additional behaviours for
jokes and defend moves, for game levelling balancing. All the behaviours from the first to

the last level are illustrated in section Appendix 1.

4.4 Behaviour Rules

We implemented an information states approach and rule-based classifier for the action
selection method. In addition, we adopt a template-based method from The SEMAINE
project (Schroder et al. 2012, ter Maat & Heylen 2011) to update the information states.
The template describes the behaviours to be performed when a specific rule is fired. Figure

4.8 illustrates the rule-based classifier framework on our system. The Manager manages
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the inputs from external (i.e. player states), internal (i.e. game companion states) and
indeterminate (i.e. dialogue and game states) stimuli and then it proposes an action to be
executed based on the rules table. There are three main components in the rules classifier:
dialogue states, turn-taking model and emotions, personality and social relationship models.
The rules were derived from the datasets of interaction videos between human-human and
human-agent, The SEMAINE Database Corpus (McKeown et al. 2012), as well as The

Human-Human Interaction Data Collection, described in the previous Section.

There are four categories of Information States in this system: player, NPC, dialogue and
game states (see Table 4.7). The player states contain information about the perceived
player’s behaviours from the Sensing and Interpreter Components such as their emotion,
intention and when the player spoke last. The NPC States contain information about its
belief about itself such as its emotion, personality, relationship values with the player, gender,
date of birth and the probability of its need to speak. The game states contain information
about the game itself such as started, paused, practice, ended, etc. Moreover, the game states
store knowledge about whose turn it is in the game, the winner, current score, time elapsed

and the game level. Additionally, game designers can append game states in accordance with
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Figure 4.8: Rule Based Manager

the game design. Finally, the dialogue states consist of information about the interaction
between the NPC and player, such as the conversation topic and whose turn now in the

conversation.

The Interpreter Components of the Framework are responsible for interpreting the player’s
emotions and utterances. A keyword spotter and pattern matching methods are implemented
in this work. A detected keyword or pattern will trigger a user intention thus update the
dialogue and game states by using a template-based method from The Semaine project. As
the states are changed, specific behaviours are triggered and performed through the embod-

* will trigger

iment system. For example, in Listing C.1, a keyword hello or pattern hallo
an update in the player states (playerstates.intention) and the dialogue states (dialogues-
tates.topic). The template will then decide which behaviours should be performed based on

the behaviour file in Listing C.3 and C.4.



126

Chapter 4. Building Game Companions with ERiSA

Table 4.7: Information States

Player States

States Values

playerstates.emotion.anger Float:[-1, 0]
playerstates.emotion.disgust | Float:[-1, 0]
playerstates.emotion.fear Float:[-1, 0]
playerstates.emotion.hapiness | Float:[0, 1]
playerstates.emotion.surprise | Float:[-1, 1]
playerstates.emotion.sadness | Float:[-1, 0]

playerstates.intention

String: greeting, goodbye, etc.

playerstates.isSpeaking

Boolean: true, false

playerstates.last TimeSpeak

Long: 45844451

Dialogue States

dialoguestate.topic

String: greeting, goodbye, game, etc.

dialoguestate.turn

Short [0, 1]

Game States

gamestate

Integer: 1 for practice, etc.

gamestate.turn

Short [0, 1]: 1 for NPC

gamestate. winner

Short [0, 2]: 1 for agent win, 2 for draw

gamestate.score

Long: 5200

gamestate.time

Long: 5445646

gamestate.level

Integer: 1, 2, etc.

NPC States

npcstates.emotion.anger Float:[-1, 0]
npcstates.emotion.disgust Float:[-1, 0]
npcstates.emotion.fear Float:[-1, 0]
npcstates.emotion.hapiness Float:[0, 1]
npcstates.emotion.surprise Float:[-1, 1]
npcstates.emotion.sadness Float:[-1, 0]
npcstates.personality.O Float:[-1, 1]
npcstates.personality.C Float:[-1, 1]
npcstates.personality. £ Float:[-1, 1]
npcstates.personality. A Float:[-1, 1]
npcstates.personality. N Float:[-1, 1]
npcstates.relationship Float:[-1, 1]
npcstates.affinity Float:[-1, 1]
npcstates.familiarity Float:[0, 1]
npcstates.gender Short: [0, 2]
npcstates. DOB Date

npcstates.DOB.date Date

npcstates. DOB.month Date

npcstates.DOB.year Date

npcstates.need ToSpeak Float:[-1, 1]
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4.4.1 Dialogue States and Vocabulary

The dialogue states are categorised into three simple categories: Greeting, Chit-Chat and
Goodbye. In the beginning of the interaction, the game companion engages the conversation
by greeting the player. The game companion prepares a preamble topic such as “evaluat-
ing the day” before entering the Chit-Chat state. In the Chit-Chat state, Both the game
companion and player can start a particular topic. The interaction will keep going on until
keywords or patterns related to saying goodbye are detected (e.g. *bye*, I have to go* or

*see you™).

The game companion’s data such as the dialogue, social relationships data, known faces
databases, etc. are stored in XML based files. Listing C.2 shows the structure of the game
companion’s consciousness about itself (i.e. full name, date of birth, gender and personality).
This is a static XML file and never supposed to be updated apart from initial design or
for adjustment purposes (e.g. for game balancing). Listing C.3 exhibits the example of
game companion’s utterances vocabulary. The utterances are organised in categories, which
are obtained from the data collections from the interaction between human-human and
human-agent interaction described in Section 4.4. Each game companion has their style
of utterances depending on their personality. In addition to the vocabulary of the game
companion’s utterances collected and manually crafted from the interaction videos described
in this chapter and chapter 5, the agent has the recollections of their past story formulated
in Listing C.4. The background story collections are collected from the past events that are
significant to the game companion. Research indicates that virtual human who can recall
and tell a background story from their past experiences, enhance their believability (Riedl
& Stern 2006, Ho & Dautenhahn 2008, Li et al. 2014). In our system, a particular keyword
or pattern detected from the player, depending on their social relationship level, will trigger
the game companion to their past story and share it with the player. The game companion

also has an attitude towards the story.
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4.4.2 Response to Emotions, Personality and Social Relationships

In addition to the verbal responses, simple models of response to emotions, personality and
social relationships were crafted for the game companions in addition to the normal re-
sponses. By default, each game companion has its basic answers, and we can augment the
utterances with the player’s and game companion’s emotions, game companion’s personal-
ity and their social relationships level using models described in the sub section3.3. For
example: Suppose a default utterance to reply a greeting (category = greeting) from the
player is “Hello!”, then the augmented version with a happiness emotion induced to the
game companion (category = greeting-posEmotion) is “Hello! It’s a lovely day today isn’t
it?” with happiness conveyed through the game companion’s facial expressions. Moreover,
if they have a positive relationships (category = greeting-posRelationship), the utterance will
be “Hello! $name!” and if all the augmentation combined (category = greeting-posEmotion-
posRelationship), the response will be “Hello! $name! It’s a lovely day today isn’t it?” or
“Hello! $name! It’s good to see you” with a happy face. The only problem with the model
is that due to a high number the possibility of the variables combinations, it requires a lot

of amount of time to spent to craft adequate rules for interaction.

4.4.3 Turn-Taking

The turn-taking rules manage the flow of the conversation between the game companion and
player. The rules also decide when the game companion should start speaking or listening.
There are three simple conditions in the rules: the player speaks, the game companion
speaks, and no one speaks. When the player speaks, the relevant actions for the game
companions are listening, back-channelling and interrupting. However, in this work, we do
not include the interruption model for the game companion. If the player is interrupting
the game companion when it is speaking, the game companion will stop the utterance and
starts to listen to the player’s utterance and update all the states. Finally, to keep the
flow of the conversation as smooth as possible, the dialogue system should keep track of

the conversation time. The player should not wait too long for a reply nor get it too soon
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resulting in the overlapping to the player’s utterance (unless it is intended). Maat suggested
that the ideal waiting time if the player is not responding to the system, is 2 to 4 seconds
(ter Maat & Heylen 2011). If the threshold time is reached, then the game companion will

take the conversation floor and check whether the player is still there.

4.5 The Pilot Study: Experimental Setup

To explore the potential of the proposed framework and the computational models as well as
to collect initial data for the game companions behaviours, we conducted a pilot study of The
Smile Game in a controlled lab setting (see Table 3.5). We invited students and staff members
of the University of Nottingham to play with both game companions. Each participant
interacted with each of the game companions twice to evaluate the social relationships models
as well as the Face Recognition Module. The game levelling system was not implemented
in this study. Hence, the game only had 1 level only. However, Poppy was easier to defeat

than Spike as the results of the design of the character’s personality.

The first version of The Smile Game study was intended to be a pilot study to explore the
potential of the models and framework as well as to assess the player’s sentiment towards
virtual game companions that are capable of conveying emotions and having personality.
This study had six-teen adult player participants (8 Male; All Asian; AVG Age = 24.43;
SD Age = 3.80; All Students) with a total of sixty-four interactions with the system. Each
participant played two sessions of the game, and in each session, they played against both
game characters (Poppy and Spike) while being video recorded from the player’s profile
position. After the game, they were asked to fill in a five Likert-scale questionnaire with a
score of 1 indicates the lowest score, 3 shows the average score and 5 is the highest score
(see B) to rate their perceived relationship with the game companion, the naturalness of
the interaction during the conversation and the game and the game companion’s response
time. In addition, the participants were also asked to rate the game companion’s personality.

The players who were not familiar with the personality traits were explained and given the
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Figure 4.9: Evaluation Score of The First Version of The Smile Game. Quality of the game
(a) and (b). Personality (c)

characteristic of the traits before filling out the questionnaire.

There were two phases in the game in this study: Conversation and Game phase. When
the system detected a face, the game companion initiated a conversation with asking the
player’s name if that was the first time the player met the game companion or greeted
the participants if the system successfully recognised the player. In this phase, the player
was given the freedom to talk about whichever topic they like with the game companions.
The game started when the system detected an utterance from the player with pattern

%3

start*game*”

. This pattern triggered the system to start the Game phase. In this phase,
the participants were only allowed to perform behaviours that only related to the game (i.e.
a conversation about topics that related to other than the game was not possible in this
phase). The game will stop when someone wins, or the system detected an utterance from

“k

stop*game*” or *

%

the participants with pattern “end*game

4.6 The Pilot Study: Results

4.6.1 Personality

Figure 4.9 (c) shows the score of the game companions’ personality perceived by the players.
Except for the rating of "Social Relation’, all scores were identical for session 1 and 2. The

participants were asked to rate the game companions’ personality subjectively with two
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traits of Extraversion and Neuroticism. All the participants were explained briefly about
the characteristics of each trait before they filled the questionnaire. Based on the result of the
questionnaires, the personality scores of both characters are consistent with the personality
that set to both characters. Poppy was perceived as a person with medium Extraversion and
low Neuroticism traits, while Spike was perceived as a Neurotic person with low Extroversion
trait. This indicates that the participants were able to differentiate the differences between

the game companions’ personality.

@@ (b)

Figure 4.10: Player’s Experiences when (a) distressed when the character could not under-
stand their utterance, (b) enjoyed the game

4.6.2 Social Relationship

Figure 4.9 (a) and (b) shows the average scores for the social relationship for both Poppy
and Spike. The participants were able to tell the changes in their social relationship with
both characters in the second session of the game. The changes in the relationship are
not very high but still significant because the participants only play with each character
twice. A two-tailed t-test indicates that there was a significant differences between player’s
social relationships score in the first session compare to the second session for both Poppy
(t = —6.33,p < 0.001,SD = 0.63) and Spike(t = —6.26,p < 0.001,SD = 0.72). The player

had the perception that the game companions recognised them in their second encounter.

The system was able to correctly recognise the players with Face Recognition Module during
their second encounter with 87.5% and 93.75% success rate for Poppy and Spike respectively.
However, the player somehow did not see how the relationships would change the quality of
their interaction during conversation or playing the game, resulting in equal values for all

other aspects of the questionnaire. Again, this due to the low amount of time spent with
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the characters. This study provides insufficient data to analyse this. Hence, it would not be

possible to draw a satisfactory conclusion about the social relationship factor.

4.6.3 Naturalness and Response Time

Figure 4.9 (a) and (b) shows the average scores for the naturalness of the interaction as well
as the game companions’ response time during the conversation and playing the game. The
rating of the naturalness in the interaction during the conversation is quite low for both
of the characters due to the long response time of the game companions. Upon further
analysis of the problem, it turned out that this was caused by the low performance of
the Speech Recognition Module. The hand-crafted rules for conversations turned out not
sufficient to cope with the interactions during the study. Hence, further data collections for
the conversations in the context of The Smile Game was collected throughout the next user
studies in The Smile Game. From the video, it is clearly can be seen that most of the player
had a difficulty at some point in the interactions during the conversation phase (see Figure
4.10). In contrast, participants gave quite high scores for the naturalness of the interaction
rating during the game, probably at least partially because the majority of participants
never used words/utterances to attack the game companions. The players start to enjoy the
game when there were no words used in the interaction (see Figure 4.10). A two-tailed t-test
indicates that the naturalness score by the players in the game was significantly higher than
the one during the conversation phase for both Poppy (¢ = 7.32,p < 0.001,SD = 0.68) and
Spike (t = 4.70,p < 0.001, SD = 0.96) in both sessions. However, there were no significant
differences between Poppy’s and Spike’s evaluation scores except for their personality score

rated by the players.

4.7 Conclusion

This chapter presents the methods to build game companions in a simple game called The

Smile Game by using the proposed framework and computational models. The purpose of the
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Smile Game was to evaluate the proposed framework and computational models in a game
environment. We postulate that the proposed framework and computational models will
provide a unique characteristic to each game companion through the computational models
as well as the ability to perceive social relationship they have with the players. Those
eventually will provide more natural game companions. In this chapter, we demonstrate
how to collect and craft the interaction rules for the virtual NPCs in the game environment
to support the creation of affective loop experiences? RQ4. Two datasets were used to
design the game companions. The first dataset contained the interaction rules when people
were playing The Smile Game. The data were collected from the human-human interaction
playing The Smile Game. The second dataset contains the conversation rules, and the data

were gathered from The SEMAINE Database McKeown et al. (2012).

Moreover, this chapter also illustrates how to establish natural and believable interaction be-
tween a player and game companion to create affective loop experience that is informed by
the process of encoding and decoding of social signals exchanged between the player and game
companion? RQ1. The results show that the participants were able to tell the differences in
the game companions’ characteristics. Furthermore, the affective loop experiences between
the participants and the game companions creating a natural and believable social relation-
ship between them (RQ2). The participants were able to tell the changes in their social
relationship immediately in the second session of the game (¢t = —6.33,p < 0.001, SD = 0.63
for Poppy and ¢t = —6.26,p < 0.001,SD = 0.72 for Spike) (RQ3). Although the player
somehow did not see the relationships would change the quality of their interaction. This
most likely due to the low amount of time spent with both characters. Hence, this study
provides insufficient data to analyse and draw an adequate conclusion about the social re-
lationship factor. The response time and naturalness score in the conversation phase were
rated relatively low in both characters. This due to two major reasons. The first was be-
cause the Speech Recognition Module was too sensitive with the background noise and the
quality of the built-in microphone is insufficient to capture the player’s speech. The second
reason was due to the hand-crafted rules for conversation turned out insufficient to cope

with the interactions. This was reflected in the response time and naturalness score rated
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by the players in the interaction that did not required the Speech part (i.e. game part) got
higher score than in the conversation phase (¢t = 7.32,p < 0.001, SD = 0.68 for Poppy and

t =4.70,p < 0.001, SD = 0.96 for Spike).



Chapter 5

Human - Virtual Game Companions

Interactions in the Wild

5.1 Introduction

After an improvement to the Smile Game was applied based on the evaluation of the pilot
study, the system was deployed outside of the lab environment. A series of studies were
conducted in the semi-public and public environment. These studies aim to explore human
and virtual human interaction in the wild in a game setting. As stated in Section 2.10, there
are not many virtual human application deployed in a real-world setting as there are too
many noises and have the unlimited number of possibilities of the interaction between them
and the players. Hence, by having a virtual human that able to interact with people in the
wild affectively, we as researchers can learn something from the interaction. In the series
of studies, we aim to explore: Human’s behaviours when they interacting with the virtual
human in the semi-public and public environment; The human’s perception (e.g. personality
and emotions) of the virtual human (i.e. Poppy and Spike); What are the favourite topics
and attacks that player (human) shows; Human’s emotions (i.e. valence and arousal) during
the interactions. We hope that by learning something from those aspects could lead us to

provide some insight and recommendation to researchers who are interested in deploying

135
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virtual human in the wild in a similar setting with ours. For example, The favourite topics
could be used as an indicator of what would usually people ask or say to the virtual human

in a public space setting. Hence, we can prepare knowledge of those topics to the VH.

5.2 Wizard of Oz Study in Semi-Public Space

In the semi-public space, a semi-automatic system using Wizard of Oz method and a fully
automatic system was conducted to identify the advantages as well as the disadvantages of
both systems. As suggested in the pilot study, The Automatic Speech Recognition Module
was not sufficient to adequately handle the conversation. Hence, in the semi-automatic
system, The Wizard, performed by the researcher, had control of The Automatic Speech
Recognition Module in The Sensing Components, The Verbal Interpreter Module in The
Interpreter Components and all modules in The Behaviour Components. While the other
components, remain to be running automatically. The Wizard was able to determine which
parts The Wizard would like to control during the interaction. During the conversation,
The Wizard was able to provide feedback to the player by choosing a specific behaviour
manually or simply type the category (i.e. the dialogue acts) and let the system determines
a behaviour automatically based on The Wizard’s input in addition to the other inputs from
The Sensing Components and the NPC’s internal states (e.g. emotions, personality, and

their relationships).

The study was intended to evaluate the system and computational models further as well
to gather more behaviours data for the game companions. In this study, the system was
installed at one of our school’s semi-public spaces, where it is only accessible to a fixed
group of people. Any person (age of 18 and over) who passed by the area was invited to
interact with the system by the game companions. Hence, it established a natural space for

interaction with the virtual game companions, allowing for serendipitous encounters.

In this study, the interaction phases were extended to four from two in the pilot study.

This allows the flow of the conversation become more natural compared to having only two



5.2. Wizard of Oz Study in Semi-Public Space 137

phases. The phases are Opening, Chit-Chat, Game, and the Closing phase. The Opening
Phase is a phase where the participant initiated their interaction with the game companion.
In this phase, the game companion greeted the participant and asked the participant’s name
if the game companion had not met the participant before. Afterwards, the game companion
initiated a small chit-chat using “evaluating the day”, weather or news dialogue (Chit-Chat
Phase). The next phase was the Game Phase where the participant and the game companion
played the game trying to make each other laughed by making weird facial expressions, funny
body movements and jokes. Finally, the game companion evaluated the game and said
goodbye after they finished the game (Closing Phase). To avoid any ethical issues during
the interaction, a video and audio recording was made using a clearly visible camera and

shotgun microphone.

As the results of the pilot study indicated a problem in the robustness of the ASR Module,
we implement a Wizard of Oz method to replace the ASR Module in this study. We then
compare the results with a fully automatic system with the same settings but different par-
ticipants. The participants were not aware that the game companions was a semi-automatic

system (i.e. some components were controlled by an operator).

5.2.1 Experimental Setup

Two different methods were applied to this study. In the first method, the participants (age
of 18 or over) were personally invited by the researcher to interact with the system. While,
in the second method, we run the game system at random times during working days for
approximately 1.5 hours per day in 2 weeks time frame, and let any person (aged 18 or over)
who was passing by, interacted with the system. The participants were allowed to interact
with the virtual game companions as long as they want and as many time as they like. The
virtual game companions will forge a relationship link to the participant, depending on the

quantity and quality of the interaction with the participant.

In this study, an operator called The Wizard controlled several system functions manually

while a player interacts with the system, believing that they are interacting with a fully func-



138 Chapter 5. Human - Virtual Game Companions Interactions in the Wild

tional application system (Green & Wei-Haas 1985b). The Wizard replaced The Automatic
Speech Recognition modules in The Sensing Components, The Verbal Interpreter modules
in The Interpreter Components, and all modules in The Behaviour Components. While the
other components, remain to be running automatically. In The Wizard’s screen (See Figure
5.2 no. 1), The Wizard observes the participant’s face through a web camera and hears
their voice through a microphone. In addition, The Wizard monitors participant’s internal
states through a graphical representation chart(as shown in Figure 5.2). The Wizard then
interprets the participant’s behaviour and creates a decision to reply to the participant using

command line by choosing actions provided in the screen.

During any phases, The Wizard can either choose a specific action or just the category
and let the system determines a specific action based on the participant’s and virtual game
companion’s internal states. For example: In the greeting phase, The Wizard can either
choose a specific greeting utterance or type “greeting”. The system will then choose a
greeting utterance for The Wizard to greets the participant. Another example: In the game
phase, The Wizard can specify what kind of facial expressions or jokes to perform or type
“attack” or “defend” to perform an attack or defend behaviour based on the virtual game
companion’s urge to smile. The closer the participant is, to make the virtual game companion

laugh, the more aggressive the virtual game companion becomes.

There were nine distinct adult participants (8 males) with 12 interactions with the virtual
game companions (10 with Poppy, 2 with Spike) from a period of time of 25 February to
10 March 5015. The total duration of the interactions was 30 minutes and 48 seconds
(MIN = 36s; MAX = 333s; AVG = 153.42s; SD = 100.35s). Six participants were invited
to interact with the virtual game companions, while the others spontaneously played with
the virtual game companions. In addition, there were ten interactions where the participants

interacted for the first time, with the virtual game companions.
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5.2.2 Results

In Wizard of Oz Study in Semi-Public Space, not all the players finished their game with
the game companions. There are only 56 % of the players finished playing the game. This
due to two major factors, either the game was too hard, or the players did not understand
how to play the game. The players who played with Spike believed that Spike is impossible
to defeat, as he appeared to be someone who is serious, mean and hardly smiles. All players
who had the game with Spike stopped playing before the game ended because they found
it too hard to make him laugh and ultimately got bored. Furthermore, most of the players
were not sure how to play the game as they were new to this type of game and had never
played the game before. They were not sure what kind of expression to perform to attack
the game companions and win the game. As a result, two of the players decided to stop

playing in the middle of the game.

From 4 phases, 11 participants went through the opening phase. One of the participants only
looking at the agent without saying anything despite the game companion already initiated
the conversation. Nine participants went through the chit-chat phase while the others broke
down the interaction because they did not want to tell their name. All nine participants then
went through the game phase, but only seven stayed until the closing phases with 2 of them
not finishing the game. The cause of the low completion rate was most of the participants
were confused about the game rules, when the game started and how the game turns work.
The participants were not sure what kind of movements were allowed in the game, some of
the participants asked the game companions repeatedly about the game rules (There were a
total of 15 conversations about the rules with a total average of 23 seconds duration needed
to discuss the rules). The game turn was also a problem for the participant. They were
not sure when to start the game, some participants started to attack the game companion
even though the game had not started yet. Moreover, the recording showed that some of

the participants were not sure whose turn it was at that moment.

Among the 5 participants who finished the game, there was only one participant who won the

game playing with Poppy (winning rate 20%). Others could not help but laugh either because
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of the backfire of the movements they did or the successful attacks performed by the virtual
game companions. Mostly, the game companion won due to their funny facial expressions.
2 participants laughed immediately after they performed funny facial expressions. This
indicates, they were laughing because they thought they were doing some funny and stupid
things. In four out of twelve game sessions, the participants also mimicked the virtual game
companion’s facial expressions as their strategy to win the game when they were running out
of ideas which expressions they should show to attack the game companions. In contrast with
Spike, Poppy was perceived as someone who is nice, likeable and friendly game companion
(see Figure 5.5 and 5.4). In this study, all players who interacted with Poppy exhibited
positive emotions during the interactions and displayed negative emotions in some point of
the interaction when playing with Spike (see Figure 5.5 and 5.7). However, interestingly,
most of the participants prefer Spike’s voice because sometimes Poppy’s words were hard to

understand.

Topic Analysis

Table 5.1 illustrates the conversation topics in WoZ Study between players and the game
companions during the interaction from the interaction videos (1920 x 1080 and 29 fps)
annotations. Topic about the game appeared to be the most popular among the other
topics followed by topic about the game companion (greetings was not included as greeting
and goodbye are most likely appeared in every interaction). The players had a different
attitude towards the game and the game companions as mentioned above. There were 11
conversations which the players expressed their opinions towards the other game companion.
Six of the conversations were negative opinions expressed towards Spike, four utterances were
positive opinions expressed towards Poppy, and a negative opinion was expressed toward

Poppy related to her utterances were sometimes hard to understand.
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Table 5.1: Topics in The WoZ Study at Semi-public

Annotation Occurrences | Total AVG Time(s)
About Agent 25 64.82
ask-wh-question-aboutagent 24 63.17
statement-opinion-aboutagent 1 1.65
About Game 92 177.35
statement-nonopinion-aboutgame 30 44.69
ask-wh-question-aboutgamerules 15 23.21
answer-yes-no-question-readytoplay 17 25.76
ask-wh-question-aboutgame 2 4.97
ask-yes-no-question-playgame 10 25.84
ask-yes-no-question-readytoplay 11 13.69
statement-nonopinion-aboutgamerules | 7 39.19
About Player 2 4.23
statement-opinion-aboutplayer 2 4.23
About News 21 53.19
statement-opinion-aboutnews 1 1.77
ask-wh-question-aboutnews 11 22.46
answer-wh-question-aboutnews 9 28.96
About Other Agent 11 11.94
statement-opinion-aboutotheragent 11 11.94
Clarification 19 18.81
ask-clarification 11 12.58
ask-to-repeat 5 4.40
apology 1 1.83
About Weather 3 4.97
ask-clarification 2 3.20
ask-to-repeat 1 1.77
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Table 5.1: Topics in The WoZ Study at Semi-public

Annotation Occurrences | Total AVG Time(s)
About Movies 8 3.84
statement-opinion-aboutmovies 8 3.84
Greetings 36 48.30
greeting 36 48.30
Goodbye 12 25.18
goodbye 12 25.18
Error 6 20.69
statement-nonopinion-confusion 2 2.44
statement-nonopinion-wizarderror 4 18.25
About Life 12 21.51
statement-opinion-aboutlife 12 21.51

There were 181 game companion’s and 146 player’s turns with an average duration of 38.1 s

and 27.2 s of interactions respectively (see Table 5.2). In the turn taking, sometimes there

were long delays on average of 10.7 s of waiting time per turn on the game companion’s

responses due to the time needed for The Wizard to manually type the dialogue acts for the

input. This caused some participants to repeat their previous utterance to make sure that

the game companions were still listening.

Table 5.2: Turn Taking in WoZ Study

Annotation Occurrences | AVG Time (s) | Latency (s) | AVG Latency (s)
Game Companion 181 38.1 38.4 3.2
Player 146 27.2 128.1 10.7

Attack Analysis

Facial expressions were the most popular attack to perform as a strategy to make the game

companions laugh followed by jokes as the second choice of the strategy (see Table 5.9). A
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Figure 5.1: Movements Type

total of 34 attacks executed by the players to the game companions by pulling their facial
muscles, with a total of average time of 30 seconds (average of 0.88 seconds/attack). In the
second place, a total of 26 jokes were performed in a total of average time of 29 seconds (1.12
s/attack) as the strategy to win the game. Also, some players performed a combination of
body movements (e.g. shoulder or hand movements) with their facial expressions. Figure 5.1
illustrates all the attacks type performed in the Smile Game. The attacks, which were using
other modalities than facial expressions, were not automatically perceived by the system.
Moreover, the system only perceived three Action Units (AUs) (i.e. 1, 12 and 27) and its
combination. AU 1 (Inner brow raiser) was sometimes detected as a false positive, AU 12
and 27 were fairly decent perceived by the system. Finally, although the game companions
were able to recognise correctly the players who have interacted with them before, in this

study, there was no sufficient empirical evidence to evaluate the social relationship model.
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5.3 The Fully Automatic System Study in Semi-Public

Space

To get more data for analysis if there are any differences between WoZ and Fully Automatic
System in a Semi-Public Space, we deploy a fully automatic system of both Poppy and
Spike version at the exact same location on one of our school’s semi-public spaces, where
it is only accessible to a fixed group of people. Similar settings with the WoZ study were
applied to this study (e.g. the interaction phase, and the conversation strategy). Moreover,
the participants did not aware that the game companions was a semi-automatic system (i.e.

some components were controlled by an operator) or run fully automatic.

5.3.1 Experimental Setup

The method of this study is similar to the first study (The Wizard of Oz Study). The only
difference in this study was that the system was running fully automatic. In this study,
we run the game system at random times during working days for approximately 2 hours
per day in two weeks time frame. The game companion would initiate a conversation if
the system detected a face that is staying in the detection area long enough. A tape was
placed on the floor to mark the interaction area. Hence, the participants were aware of the
game companion’s visual coverage. The game companion will try to maintain the flow of the
conversation by using behaviour rules described in the section 4.4 until a specific keyword
was detected. Similarly to the pilot study, if the system detected an utterance spoken by

@k

the player with a pattern like “*start*game*”, the system will start the game. In addition,

the game companion will ask the participant to play a round of game if the time spent in
the Chit-Chat phase was too long. This was designed to avoid a deadlock where the system

w¥k

start*game*”

failed to recognise the keyword or pattern and the player could never enter
the Game phase. The game ends when reached one of these conditions: a person wins,
“Ustop*game*” or “*end*game*” pattern detected or the time spent in the Game phase was

too long. Again, this was designed to prevent a condition where the player could never end
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the Game phase because of some circumstances such as no one wins, and the player starts
to losing their enthusiasm to continue the game, or the system failed to detect the magic

words to stop the game.

Both Wizard of Oz Study and Fully Automatic System Studies in Semi-Public Space were
video and audio recorded from the perspective of both the player and the NPC to be further
annotated. Furthermore, all the interaction videos were annotated using a multi-modal
interaction annotation tool, ELAN (Brugman et al. 2004) and analysed for the evaluation.
The videos were annotated for the interaction turn, player’s engagement, game strategy,
movement type, topics, winners and player’s and NPC’s smiles. The conversation topics
were annotated to understand what participants usually talk about while interacting with
the virtual game companions in this scenario. Figure 5.2 illustrates the interaction video
annotated with ELAN. No 1 shows The Wizard’s/Debug screen, No 2 shows the player’s
screen, and No 3 shows the annotation block. In addition, some of the participants from the
semi-public space studies were invited to a short interview to discuss their interaction with

the game companions.

Fully automatic system study in semi-public space had a similar setting with the Wizard of
Oz Study in Semi-Public Space. Instead of controlled by The Wizard, the system run fully
automatic in this study. The system was also installed at our lab meeting room bay (Room
B07) for two weeks (from 13 - 20 April 2015). In this study, there were 12 distinct adult
participants (8 males) with a total of 12 interactions with Poppy. The fully automatic system
spent a total of 19 minutes and 31 seconds (MIN = 3s; MAX = 351s; AVG = 97s; SD =
101.47s) to interact with players. All participants were spontaneously played with the game
companion without knowing what they should/can do with the game companion, except
for one participant who was invited to play with the game companion. In addition, there
were ten interactions where the participants interacted for the first time, with the game

companion.
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Figure 5.2: The Smile Game User Study

5.3.2 Results

Fully automatic system study in semi-public space, only 2 participants who were successfully
played with Poppy, and only 1 finished the game(winning rate 50 %). Ten out of twelve
participants were not sure what to do, and how to play the game while the game companion
failed to interpret the user’s speech due to the speech recognition technology. From the all of
the four phases, nine participants successfully went through the opening phase. Two players
were only looking at the game companion without a single word despite the game companion
already initiated the conversation and ultimately left the game companion behind. The
system did not recognise a player due to the lighting condition and the position of the

participant that quite far away from the system (i.e. the Face Recognition Module could
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not locate the player’s face). From the other nine participants, only 2 participants who were
successfully played with Poppy. 33.333% of participants were not sure what to do with the
virtual human, how can they interact and play a game with the virtual human and also what
is the objective of the game (16.667%) as there were no clear instructions provided in the
study setting. Resulting most of the participants were not sure what to do, and how to play
the game while the game companion failed to interpret the player’s speech due to the speech

recognition technology.

Similarly, with the WoZ user study, a participant was confused about the game rules and the
game turn system. They were not sure whose turn it was during the game. This problem can
be easily fixed with some adjustment in the virtual human’s utterances to clarify whose turn
it is now (e.g. simple word such as “I almost laugh, it is my turn now!” or “come on! it is
your turn now!”). In addition, the participants were not sure what kind of movements that
are allowed in the game and asked Poppy what kind of movements that are allowed to make
her laugh. Eventually, the participant left the game companion because the participant was
bored. There was one participant that played with Poppy have repeatedly interacted with
the system. Hence the participant knows how to play with Poppy and already familiar with

the rules more than the others.

Topic Analysis

Table 5.3 demonstrates the conversation topics in automatic system study between players
and the game companions during the interaction from the interaction videos (1920 x 1080
and 29 fps) annotations. Similar with the WoZ study, a topic about the game itself was the
most favourite topic in this study, with a total of 51 occurrences and a total of average time of
116.44 s was spent on talking about this topic (2.28 s/turn). The second favourite topic was
news topic with 43 occurrences in a total of average time of 70.29 s (1.64 s/turn) was spent
in this topic (greetings was not included as greeting and goodbye are most likely appeared
in every interaction). There were 45 conversations with a total of average time of 40.10 s to

spent in the clarification topic as the results of the Automatic Speech Recognition module
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was failed to recognise the player’s utterances and asked the player to repeat or clarify their
previous utterances. In addition, as the results of the broken conversation between them,

the player also asked the game companion to clarify their previous utterance.

Table 5.3: Topics in The Auto System at Semi-public

Annotation Occurrences | Total AVG Time(s)
About Agent 2 4.46
ask-wh-question-aboutagent 2 4.46
About Game 51 116.44
ask-wh-question-aboutgame 6 9.43
ask-wh-question-aboutgamerules 9 13.48
statement-opinion-aboutgame 1 3.88
statement-nonopinion-aboutgamerules | 5 56.68
ask-yes-no-question-playagain 2 2.36
ask-yes-no-question-playgame 17 16.70
ask-yes-no-question-ready-toplay 9 10.01
statement-nonopinion-aboutgamerules | 2 3.90
About News 43 70.29
ask-wh-question-aboutnews 14 31.36
answer-wh-question-aboutnews 11 12.67
statement-opinion-aboutnews 18 26.25
About Presence 12 21.28
ask-yes-no-question-agentpresence 12 21.28
Bored 1 3.14
statement-opinion-expressboredom 1 3.14
Clarification 45 40.10
ask-clarification 22 20.81
give-clarification 15 14.62
ask-to-repeat 8 4.67
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Table 5.3: Topics in The Auto System at Semi-public

Annotation Occurrences | Total AVG Time(s)
Greetings 34 81.52
greeting 34 81.52
Goodbye 2 3.90
goodbye 2 3.90
Error 9 31.74
statement-nonopinion-confusion 9 31.74

There were 145 game companion’s and 107 participant’s turns with total average duration
of 35.4 s and 14.1 s interactions respectively (see Fig. 5.4). Compared to the WoZ, the
delays in the turn-taking were faster in this study. However, the turn-taking still requires
the average of 4.5 s of waiting time per turn on the game companion’s responses due to
speech recognition delays and failure. This caused some participants had to repeat their
previous dialogue to the game companion to make sure that the game companion is still

listening or asking whether the game companion is still there and not broken.

Table 5.4: Turn Taking in Fully Automatic Study

Annotation Occurrences | AVG Time (s) | Latency (s) | AVG Latency (s)
Game Companion 145 35.4 16.2 1.6
Player 107 14.1 40.8 4.5

Attack Analysis

Similar to the previous study, facial expressions and jokes seem to be the most popular
strategy to attack the game companions (see Table 5.9). However, in this study, the attacks
were executed relatively faster than the previous study. A total of 26 attacks executed by
the players to the game companions by pulling their facial muscles, with total of average
time of only in 6 seconds (average of 0.23 s/attack) and a total of 9 jokes were performed

in a total of average time of 3 seconds (0.33 s/attack). The turn taking in the game (not in
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the conversation) was turned out too fast. Also, some players also performed a combination
of body movements (e.g. shoulder or hand movements) or head movements with their facial
expressions (see 5.1). Finally, the system was 100 % successfully recognised the returning
player. However, there was also no adequate data to evaluate the social relationship model

in this study.

5.4 Enhancing The Smile Game

Based on the previous evaluation results, we improved the Smile Game by adding additional
rules to both Poppy and Spike (Smile Game V.3 or SML V.3). The interaction rules were
gathered and annotated from the previous interaction with Poppy and Spike in the Pilot,
WoZ, and Fully Automatic System. Moreover, the Game Design was also enhanced (SMLGD
V.2) to create engagement and immersion effect to the character (i.e. Poppy and Spike).
The enhanced Smile Game was evaluated in our university public events (The Mayfest and

The Open Days).

5.4.1 Additional Behaviours Rules

We annotated the interaction videos from the previous The Smile Game Studies (i.e. pilot,
woz and automatic) with Dialogue Acts to see what would the players talk about with a
virtual game companion in a game setting, specifically in The Smile Game. Hence, we append
more data to the game companion behaviours. Table 5.5 demonstrates all the Dialogue Acts
annotated from the player’s utterances during the interaction. Nine-teen Dialogue Acts were

extracted from the player’s conversation transcripts with a total of 871 occurrences.

During the interactions, some of the players (67 utterances) were asking the game com-
panions about general knowledge such as “Who is the president of The United States of
America?” or “Tell me where is Jakarta?”. The game companions could tell the player that

they do not have the knowledge of the subject. However, to add more data to the game com-
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Table 5.5: Player’s Dialogue Acts in The Smile Game

Player’s Dialogue Acts Count
agreement 16
ask-wh-question-aboutagent 98
ask-wh-question-aboutgame 73
ask-wh-question-aboutgamerules 44
ask-wh-question-aboutgeneralknowledge 67
ask-wh-question-aboutmovie 5
ask-wh-question-aboutnews 22
ask-wh-question-aboutotheragent 26
ask-yes-no-question 68
disagreement 23
goodbye 97
greeting 112
repeat-phrase 21
statement-nonopinion-aboutplace-positive 12
statement-opinion-aboutagent 23
statement-opinion-aboutagent-negative 46
statement-opinion-aboutmovie 36
statement-opinion-aboutnews 36
statement-opinion-aboutwork-negative 16

panions knowledge by appending existed utterances data about general knowledge from the
Annotated ALICE AIML! (Wallace 2003) to the system’s responses database. The AIML
files were chosen on account of that the responses provided in the files support keyword
spotting and pattern matching method. Moreover, we also added several background stories
for the game companions that are related to the game. For example: where or how did the
game companion learn how to play the game or who is the best player, according to the

game companion, in this game.

5.4.2 The Game Design

Schell argues that there are four main ingredients to craft a good game: mechanics, story,
aesthetics and technology (Schell 2014). Based on the evaluation results from the previous
study, we extended the game elements with simple mechanics for the Smile Game, the story

about the characters and the game and improved the aesthetics elements.

Thttp://www.alicebot.org/aiml/aaa/
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Mechanics

Game level influences the difficulty of the game, timer and the game companion’s personality
and emotion at time t (see Section 4.5). In this study, a stage system was introduced to
replace the levelling system in the previous studies. With this system, the player was able to
play with the game companions in several stages. The number of stages was limited to how
fast the player make the game companions laugh. Moreover, a trial level was accessible to
the new players in this study. In a trial level, the game companion explains the rules of the
game, performed a funny facial expression as an example and asked the player to play 30
seconds of trial round. In the early stages, the game companions will only perform actions
that belong to a level I category (i.e. Attack I of Defend I, see Section 4.3.3) and gradually

increased accordingly with the stage.

Timer mechanic in the game (in seconds) is illustrated in the equation 5.1. Current game
time set by an initial time set to the game and bonus time from the previous stage. The bonus
time is derived from the remaining time from the previous stage and the game companion’s
intention to play determined by their emotion and social relationship towards the player
at time ¢ (see equation 5.2 and 5.3). All the mechanics are controlled in the Game Play

Modules form the Game Components in the framework.

gtime = initial _gtime + bonus_gtime — 10 (5.1)

where,

bonus_gtime = rtime + X; ;, (5.2)

and

Xijr = (mar(avg(Losiji), avg(To—ije)) + Rijye) * 10 (5.3)
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Finally, to motivate the player in playing the game, a scoring system was introduced in this
game. The game score is calculated from the bonus game time, bonus action and how many
times the player almost laugh. A bonus is given to the player every time they perform a
movement with their facial expressions. This, however, is limited to the system’s capability

to detects player’s AUs.

gscore = (bonus_gtime * 100) + sum(bonus_action) — (sum(AU12,) * 50) (5.4)

Story

A good story in a game will increase the player’s immersion into the game. Player naturally
emotionally involves to a game character who has a story behind the character. The game
does not require complex stories to make it good. However, a game needs to shapes the game
character, gameplay and the game world. In this game, stories are categorised into three
groups: general knowledge of the game companion’s (e.g. when and where they were born,
their name and their relationship with the other game companions), background stories
(where did they learn to play The Smile Game and what makes them love to play The
Smile Game) and current situation (e.g. where are they now and what are they doing now).
These stories are mostly reflected in the game companions utterances and are stored as the
behaviour rules of the Behaviour Components. For example, in this game, we designed a
character called “Poppy Williams” who was born at Salisbury on 4 May 1952. She has a
colleague called “Spike Semaine” who is working in the same division as her. Her mom taught
her how to play The Smile Game in her childhood. She likes to play it with her friends to
release the stress. In her opinion, the game is simple, and she can play it anywhere, any time.
On the day of the study, both characters are in their business trip to Scotland, and they use

this opportunity to make a trip to Ben Lawers Mountain as both of them like hiking.
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Figure 5.3: First (Left) and Second (Right) Version of Background

Aesthetics

To support the story, a 3D image of mountains scenery was set to the back of the game
companions to provide an illusion that they are currently in the mountains area. A bird
sound was also playing in the background during the conversation to build the ambience.
Once the game is started, cheerful music is playing to build a mood. The tempo of the music
is increasing dynamically based on the how close the player make the game companion
laugh to create the tension. All the aesthetics functionality was regulated in the Game
Play Module, the Game States and Game Rules Memories in the Game Components in the
framework. Figure 5.3 illustrates the aesthetic difference between the previous and current

game.

5.5 The Smile Game in Public Space: The Mayfest

Based on the evaluations of the pilot studies, we deployed an updated system and evaluated
it during two public events at The University of Nottingham: Mayfest 2015 and OpenDays
2015. This section describes the study and evaluation of the system deployed in The UoN
Mayfest Event 2015. The UoN Mayfest is an annual event open for the public to introduce
what kind of activities we are doing in the university. The Mayfest’s visitors are mostly
children and their parents. In this study, any person of any age who showed an interest
was invited to play with the characters by the attending researcher. All interactions were
video and audio recorded. To adhere with the research ethics procedure, a consent from

the parents or guardians was required if the participants were minors (aged 17 and below).
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Due to the very noisy environment in the public space, it was not possible for the system to
run fully automatic. Hence, we implemented a Semi-Automatic Wizard of Oz in this study.
In contrast to the first study, in this study, The Wizard only controlled Automatic Speech
Recognition modules in Sensing Components and part of Interpreter modules in Interpreter

Components, while the other components remained automatic.

5.5.1 Experimental Setup

In the public event, The MayFest 2015, the system was running only for a day for approx-
imately six hours in total. Any person of any age who showed an interest was invited to
play with the characters by the attending researcher. During the interaction, a camera from
the game companion’s perspective was recording the interaction and the screen showing the
game companion. This study aimed to evaluate the system and the second version of com-
putational models. However, due to the nature of the interaction, it was not possible to
evaluate the model of social relationship as the players are new to the system. By the nature
of the environment, it also was not possible to evaluate the Automatic Speech Recognition
and Verbal Interpreter Modules in this study. As it was impractical to have a fully auto-
matic system in the public area due to the noise background, once again the Wizard of Oz
method was implemented. In this semi-automatic system, The Wizard was only required to
input a dialogue act or a specific keyword shown in the screen to the system, and it would

automatically perform a behaviour as a feedback to the player during the conversation.

In total there were fifty-three distinct players (32 males, three teenagers, 34 children) with
58 interactions, played with both characters (50 with Poppy, and 8 with Spike) in both
public events. The total duration of interactions was 2 hours 53 minutes and 2 seconds
(MIN = 35s; MAX = 559s; AVG = 169.1s; SD = 91s). All players spontaneously played
with the ECAs, except two people who had previously interacted with a game companion. In
this study, The Wizard was able to input either a dialogue act or a certain keyword shown in
the screen to let the system decide automatically which behaviour to perform as a feedback

to the player during the interaction.
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Figure 5.4: Pupils interacting with Poppy at Firbeck Academy.

The first public event where the system was deployed was the MayFest 2015 on the Saturday
9 May 2015. In this event, there were 46 distinct participants (25 males, 34 children) with
50 interactions (44 with Poppy, and 6 with Spike). The total duration of interactions was 2
hours 32 minutes and 12 seconds (MIN = 35s; MAX = 559s; AVG = 181.94s; SD = 90s).
All participants spontaneously played with the game companions without knowing what
they should/can do with the virtual game companions except for 1 participant who had
previously interacted with a game companion. From all participants, 32 participants finished
their game with Poppy (winning rate 75 %). All participants who played with Spike did
not want to continue playing with Spike because it was too hard to make Spike laugh and
ultimately got bored and left the game companion immediately. Participants showed a
negative emotion conveyed through their facial expression when interacting with Spike (see
Figure 5.5). Moreover, some children players left the game companions in the middle of the
interaction as soon as their parents or relatives or friends called them out to leave. The

details of the second evaluation are described in the next section.

5.5.2 Results

Deploying virtual human in a public space is quite tricky to be implemented. The best

position of both the system and participants is also potentially generated problems in the
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(a) (b) (c) (d)

Figure 5.5: Player’s Facial Expressions: Annoyed by Max in The Skyrim Game (a) and (b);
Irritated by Spike (¢) and Delighted by Poppy (d) in The Smile Game

interactions. The problem encountered in this study was that due to the location where the
virtual humans were deployed, in an extremely noisy public location. This triggers two prob-
lems in the interactions, recognition in speech and facial expressions. It is almost impossible
to reduce the background noise to improve the speech recognition as the background noise
was extremely loud. Moreover, Participants sometimes had to move closer to the speaker
as they could not hear the virtual human’s voice. Hence the camera could only see part of
the participant’s faces. Changes in participant’s positions (e.g. their location, either closer,
farther or out of the frame) also sometimes causing a recognition problem. For example,
in the MayFest study, some participants (11.54%) had their friends or family to accompany
them when they were playing with the virtual human. Resulting in their faces overlapping
each other in one frame. However, those participants were also having fun playing not only
with the virtual human but also with their friends or family. Finally, almost 10% of the par-
ticipants were playing with snacks in their hand (e.g. ice cream or candy), where sometimes

causing an occlusion on their faces particularly around their mouth area.

Topic Analysis

Table 5.6 illustrates the conversation topics between players and the game companions during
the interaction in the MayFest 2015 study annotated from the interaction videos (2560 x 1024
and 20 fps). The favourite topic to talk about during the interaction was about the game,
with 352 occurrences in a total of average time of 1128.97 s (about 3.21 s/turn). The previous

studies in the semi-public space indicated that the topic about news was not a good topic to
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start the interaction. There were 83 % participants who turned the conversation down with
saying “no good news”. Thus, in this study, a context-specific topic (i.e. about The Mayfest
event) (e.g. “Did you enjoy Mayfest?” or “What is your favourite activity in Mayfest?”)
was introduced. Participants responded positively about this topic with total AVG duration
of 305.72 sec spent on this topic in 201 occurrences. This made the topic about MayFest
become the second favourite conversation topics in this study. Moreover, some players were
interested in the game companion’s location when they noticed the picture of the mountains
behind the game companions. A total of 99.59 s of the conversation time spent to discuss

the game companion’s location.

Table 5.6: Topics in The MayFest Study

Annotation Occurrences | Total AVG Time(s)
About Agent 38 57.33
ask-wh-question-aboutagent 18 15.91
statement-opinion-aboutagent 20 41.42
About Game 352 1128.97
answer-yes-no-question-readytoplay 62 131.41
ask-wh-question-aboutgame 1 17.32
ask-wh-question-aboutgamerules 54 240.67
ask-wh-question-aboutgamestrategy ) 14.25
ask-yes-no-question-playgame 97 389.19
ask-yes-no-question-stopgame 6 15.38
ask-yes-question-aboutgamestrategy 17 28.74
statement-opinion-aboutgame 104 287.57
statement-opinion-aboutgamerules 3 4.44
About MayFest 201 305.72
statement-opinion-aboutmayfest 66 112.55
ask-wh-question-aboutmayfest 90 122.23
statement-opinion-aboutmayfest ) 7.22
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Table 5.6: Topics in The MayFest Study

Annotation Occurrences | Total AVG Time(s)
statement-opinion-aboutmayfest-positive | 38 59.77
statement-opinion-aboutmayfest-negative | 2 3.95

About Other Agent 12 25.23
ask-wh-question-aboutotheragent 12 25.23
About Place 18 99.59
answer-wh-question-aboutplace 2 4.10
ask-wh-question-aboutplace 3 11.93
statement-opinion-aboutplace 13 83.56
About Player 41 69.79
statement-nonopinion-aboutplayer 41 69.79
Clarification 36 69.77
ask-clarification 4 11.93
ask-to-repeat 30 53.60
apology 2 4.24
Greetings 164 385.68
greeting 164 385.68
Goodbye 35 105.03
goodbye 35 105.03
Error 2 8.35
statement-nonopinion-confusion 1 2.45
statement-nonopinion-wizarderror 1 5.90
Others 4 6.77
ask-yes-no-question-aboutturingtest 1 2.01
ask-yes-no-question-aboutspeeddating 1 4.76
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Attack Analysis

In this study, facial expressions once again become the most popular choice for the players
to attack the game companions. A total of 184 expressions were performed by the players in
a total of average time of 139 s. Moreover, jokes come up in the second place as the choice
of the strategy to make the game companions laugh with a total of 76 jokes performed in a
total of average time of 92 s (see Table 5.9). Finally, As a result of the experimental setting
of the MayFest, most of the participants were new to the system. Therefore, this setting did

not allow us to evaluate the social relationship modules.

5.6 The Smile Game in Public Space: The Open Days

The University of Nottingham (UoN) Open Days 2015 was the second public event where
The Smile Game deployed. The UoN OpenDays is an event held to provide the information
to prospective students about the courses offered by the university. The target market
for OpenDays are usually teenagers and their parents. Similar to the Mayfest 2015 study,
any person of any age who showed an interest was invited to play with the characters by
the attending researcher. All interactions were video and audio recorded. To adhere with
the research ethics procedure, a consent from the parents or guardians was required if the
participants were minors (aged 17 and below). Moreover, it was also not possible to run
the system in a fully automatic mode due to the extremely noisy environment in the area
where the system installed. Hence, the Semi-Automatic Wizard of Oz system similar to the

Mayfest 2015 setting was applied in this study.

5.6.1 Experimental Setup

This study was conducted in an annual public event held by The University of Nottingham,
the Open Days 2015. In this study, the system was running for two days, approximately for

five hours per day. The study has also targeted any person of any age who were showing their
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interest in the game. All the setting and evaluation methods were identical with the MayFest
Study. This study also aimed to evaluate the virtual humans’ system as well as the second
version of computational models in the wild (i.e. public area). Due to the nature of the
interaction (i.e. with mostly new and non-recurring person), it was not possible to evaluate
the model of social relationship. Moreover, similar to the Mayfest 2015 study, due to the
very noise background, the Automatic Speech Recognition and Verbal Interpreter Modules

were failed to run automatically, thus semi-automatic with WoZ system was activated.

In total, there were seven distinct players (all males, three teenagers) with eight interactions,
played with both characters (6 with Poppy and 2 with Spike). Both of the characters were
interacted with all the players for a total of 20 minutes and 50 seconds (M IN = 59s; MAX =
366s; AVG = 156.25s; SD = 92s). There was a player who was invited to interact with our
system, while the others were spontaneously interacted with the system without knowing
anything about the system, game and the game companions. All participants were interacted
with the system from the beginning until the end of the phase, and half of them won the
game against the Poppy and no one won against Spike (winning rate 50 %). All players
who played with Spike perceived Spike as someone who is too serious to play the game and
claimed that no one would be able to beat the character. Identical with the studies in The
Semi-Public Space settings, all the studies were were video and audio recorded from the

perspective of both the player and the NPC to be further annotated (See Figure 5.2).

5.6.2 Results

The problem arose in the Open Days 2015 study was in the video input due to the system
was installed in a location with excessive natural light during the study hence disrupting the
recognition systems from the video input (i.e. camera). Moreover, similar to the Mayfest
2015 study, noise was also a critical problem in this study. This triggers two problems in
the interactions, recognition in speech and facial expressions. It is almost impossible to
reduce the background noise to improve the speech recognition as the background noise was

extremely loud. Moreover, Participants sometimes had to move closer to the speaker as
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they could not hear the virtual human’s voice. Hence the camera could only see part of the
participant’s faces. In contrast with the Mayfest 2015 study, in this study, there were no
participants interacting with the system with snacks in their hand and mouth. Hence, there

was no any serious occlusion on their faces, particularly around their mouth area.

Topic Analysis

Similar with the MayFest 2015 study, in the Open Day study topics about the game and
the event were the most favourite topics between players and the game companions during
the interaction. Table 5.7 demonstrates the annotation of the conversation topics from the
videos (2560 x 1024 and 10 fps). There were 94 and 40 occurrences in a total of average time

of 293.42 s and 64.52 s spent in the game and Opendays topics respectively.

Table 5.7: Topics in The OpenDays Study

Annotation Occurrences | Total AVG Time(s)
About Agent 21 128.32
ask-wh-question-aboutagent 19 125.77
statement-opinion-aboutagent 2 2.55
About Game 94 293.42
answer-yes-no-question-playagain | 7 16.97
answer-yes-no-question-playgame | 14 20.44
ask-wh-question-aboutgame 20 71.25
ask-wh-question-aboutgamerules 15 57.01
ask-yes-no-question-playgame 8 60.58
statement-opinion-aboutgamerules | 6 11.58
statement-opinion-aboutgame 24 55.59
About OpenDays 40 64.52
ask-wh-question-aboutopendays 16 26.32
statement-opinion-aboutopendays | 24 38.20
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Table 5.7: Topics in The OpenDays Study

Annotation Occurrences | Total AVG Time(s)
About News 12 25.94
ask-wh-question-aboutnews 12 25.94
Greetings 34 79.50
greeting 34 79.50
Goodbye 6 15.93
goodbye 6 15.93

Attack Analysis

In this study, there were only three types of movements to attack the game companions
performed by the players (see Table 5.9). Facial expressions still in the first place as a choice
of the strategy to win the game, with 40 occurrences performed in a total of an average
of 31 s. In the second place, a combination of facial expressions and hand movements was
performed to attack the game companions. In contrast with all the studies, there were no

jokes told in this study as a choice of the strategy to attack the game companions.

5.7 Semi-Public vs. Public Space

The interaction video inferred that most of the players who interacted with both characters,
perceived Poppy as a nice and friendly person, while Spike was perceived to be a rigid,
unpleasant character who was hard to defeat in the game, in both semi-public and public
area. Figure 5.5 demonstrates one of the player’s expression when playing with Spike (c)
and Poppy (d) in The MayFest 2015 study and Figure 5.4 illustrates pupils of the Firbeck

Academy was interacting with Poppy (image was taken from The University’s news website?).

2http:/ /exchange.nottingham.ac.uk/blog/puzzles-robots-and-raspberry-pi-computer-science-activity-
day-at-firbeck-academy/
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Most of the players irritated by Spike when playing with him and some of them did not wish
to continue to interact with him. A player in the MayFest 2015 study stated “I don’t want
to play with him any more, He is so mean.” and another player described Poppy and Spike
with a statement “[...] well, she definitely looks prettier than that gentleman. He looks
scary. (laugh)” to her friend in the MayFest 2015 study. Another player also said “I don’t
want to play with you (act crying)” to Spike in the middle of the game. The researcher
is also aware that the characters voice and face features also provide an extra effect to the
personality perception by the players. Together with the framework and models proposed
and good game design, this provided an emotionally immersed and enjoyable game (Lazzaro

2004).

Topic Analysis

Table 5.8 shows a summary of top 5 topics that players like to talk about, with the virtual
game companions in all studies. In general, the topic about the game itself was the most
popular topic for conversation with the virtual game companions with total occurrences of
589 times and total average of the duration of 1716 s (2.91 s/turn). In the fully automatic
study, topics related to clarification utterances and errors were spotted in the top 5 topics,
although there were also some error and clarification related topics in the other studies. This
was the results of the failure of the Automatic Speech Recognition module in the study, and
the system failed to interpret what the players were saying during the interaction correctly.
In the semi-public space, most of the players turned down the conversation when the game
companions started a topic about news. The players either said there was no news that
players can tell or they have not read or heard any news that day. Hence, even though
the game companions already initiated the conversation by giving the news of the day, the
players seemed did not interested in continuing the topic. Therefore, in the public space
studies, the utterances about the news topic were replaced by a topic related to the events,
such as what kind of activity that the players like in the event. This was positively received
by the players. The players seemed to enthusiastic to talk about their activity in the event.

The conversation flowed smoothly in this topic compare to the topic about news, with a
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total of 241 times occurred in both MayFest and OpenDay 2015 study with a total of 371 s

average time (about 1.54 s/turn).

Table 5.8: Top 5 Topics in The Studies

Study | Topics Occurrences | Total AVG Time(s)
About Game 92 178
About Agent 25 65
I About News 21 54
Clarification 19 19
About Life 12 22
About Game 51 116
Clarification 45 40
II About News 43 70
About Presence 12 21
Error 9 32
About Game 352 1129
About Mayfest 201 306
III About Player 41 70
About Agent 38 o7
Clarification 36 70
About Game 94 293
v About Opendays 40 65
About Agent 21 128
About News 12 26

Attack Analysis

Table 5.9 illustrates top 5 movements performed in all studies. In most cases, attacks with
facial expressions were the most popular movement across all the studies. In total, the players
performed 284 attacks with only their facial expression in a total of average time of 206 s
(around 0.73 s/attack). This is a good sign, as the system was only capable to automatically
detect an attack performed by the player’ facial expressions through the activation of their
facial Action Units. An attack with jokes also quite popular among the other movements.
There were a total of 111 jokes expressed in the game in a total of average time of 248
s (about 2.23 s/attack). In the third study (i.e. The MayFest 2015), the “knock-knock”
jokes were favourite among the other jokes. Moreover, players also combined their facial
expressions with others movements such as body or head movements as an attack strategy.

Uniquely, no players in the fourth study (i.e. The OpenDay 2015) were performing jokes as
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Figure 5.7: Players’ Valence During the Smile Game in Semi-Public (red) and Public Space
(blue), where dotted line represents Automatic Annotation

their attack strategy to win the game. Most of them were only relied on their facial muscles

to defeat the game companions.

Arousal and Valence Analysis

Furthermore, automatic arousal and valence annotation were performed from the interaction
audio using the SSI Framework (Wagner et al. 2013). The automatic annotation was only
performed to the interactions audio from the semi-public study, as the one from the public
space setting was too noise too automatically annotated. In addition, we also manually anno-
tated players’ arousal and valence using continuous annotation tools developed by Imperial

College London. There was a moderate positive correlation between the data from auto-
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Figure 5.8: Player’s Valence (Left) and arousal (Right) during the Smile Game in Semi-
Public (Group 1) and Public (Group 2) Space) form the Manual Annotation

matic and manual annotation, r = 0.66,n = 101,p < 0.01 and r = 0.51,n = 101,p < 0.01
for arousal and valence respectively. In addition, the Kolmogorov-Smirnov test was applied
to all the data and indicated that they were more likely to come from a non-normally dis-
tributed population (p < 0.001). Hence Wilcoxon Signed-Rank Tests were applied as this is
a good alternative to the t-test Paired Two Sample for Means when the population cannot

be assumed to be normally distributed.

Figure 5.6 and Figure 5.7 illustrates the players’ arousal and valence averaged over all players,
during playing with both characters. As the interaction durations are distinct from each
other, the time data were normalised, where 0 indicates the beginning and 1 refers to the
end of the interaction. The peak of players’ arousal and valence was seen in the almost end
of the interaction before it went down approaching zero at the very end of the interaction.
The interaction reached its climax when the players showed their best effort to make the

ECAs smile as the music indicated that the game was approaching its end.

Moreover, a Wilcoxon Signed-Ranks Test indicated that players’ arousal from the manual
annotation was statically significantly higher in the semi-public space compare to the one
in the public area, Z = 7.3,p < 0.001. This indicates the players were more engaged in a

semi-public space. In contrast, players’ valence was statistically significantly higher in the
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public space, Z = 5.73,p < 0.001. This indicates that, in this game, players showed more
positive expressions in a public area, possibly exaggerating their signals of enjoyment. Figure
5.8 shows ANOVA analysis of player’s Valence and Arousal (from the manual annotation)
during the game in Semi-Public and Public Space. The ANOVA analysis also indicates
that the player’s arousal in the semi-public space was statically significantly higher than the
public area (p < 0.001), while player’s valence was statistically significantly higher in the

public space (p < 0.001).

This could be explained by the fact that in the public area the players were in a social
environment, often with their families or friends. Research has shown that players are
having the most fun when playing with friends and they are more emotionally expressive
when playing with friends (Shahid et al. 2011, 2012). In addition, the players’ valence and
arousal increased at the beginning of the game and remained relatively constant in the middle
throughout to the end of the game in both spaces, except for the valence in a semi-public
space. In a semi-public space, players’ valence was slightly decreasing in the middle of the

game, indicating the decline of the players’ enjoyment.

Table 5.9: Top 5 Movements in The Studies

Study | Movement Type Occurrences | Total AVG Time(s)
Facial Expressions 34 30
Jokes 26 29
I Body Movements + Facial Expressions 7 17
Body Movements ) 11
Head Movements 3 5)
Facial Expressions 26 6
Facial Expressions + Body Movements 1 4
IT Jokes 9 3
Head Movements 4 3
Facial Expressions + Head Movements 2 2
Facial Expressions 184 139
Facial Expressions + Hand Movements 63 105
11 Jokes 76 92
Head Movements 21 33
Noise 16 19
Facial Expressions 40 31
IAY Facial Expressions + Hand Movements 5 18
Head Movements 1 2
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5.8 Conclusion

The studies demonstrate the implementation of a fully integrated and modular framework
for social-affect-aware in a game in the wild, which focuses on the social interaction between
the player and virtual human as well as the models for personality, emotions and social in-
teraction (RQ1). Generally, people enjoyed to interact with the virtual human in all studies
but the one with the Fully Automatic System in the Semi-Public Space. Overall, the interac-
tion reached its climax when the participants performed their best effort to make the virtual
human smile near the end of the interaction. From the valence and arousal annotation, the
players were more engaged in a semi-public space. Most likely that the players were more
confident to shows their silliest facial expressions in semi-public space. However, the player’s
showed more positive expressions in a public space, possibly exaggerating their signals of
enjoyment, where some participants played with their friends or families as well during the

game.

Overall, the players perceived Poppy as a nice and friendly person, while Spike is a rigid
and unpleasant character who was hard to defeat in the game. This shows that personality
also could be implemented as the game balancing and levelling system. From all studies,
players were interested in talking about specific things related to the game and event, for
example: in The MayFest study, topics regarding the MayFest event occurred 201 times in
total. Other than that, the topic about the Player and the Virtual human also interest the
players. Moreover, facial expressions attack was the most popular action performed by the
players during the game. Hopefully, the results of favourite topics and attack could be used
to reduce the uncertainty of the possibilities of the interaction between human and virtual

human in the wild (RQ5).

There are several things required to be taken into consideration when developing a system
with similar settings to ours. First, when having a virtual human that can interact in
multiple phases of interactions (e.g. in this thesis: introduction, chit-chat, game and closing),
a definite turn taking should be apparent. Moreover, the participants should be able to

differentiate one phase from the other phase as well as aware that the interaction phase has
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changed. In this research, we implement music to differentiate the interaction phase and
use several turn-taking cues to distinguish the turn taking. The position of the system also
should be taken care, as in public space, there are several noises to the sensors, such as

lightning to a camera and background noise to a microphone.

From the technical system evaluation perspective, the virtual human is reasonably good in
perceiving player’s facial expressions especially for AU 12 (Lip corner puller), a bit slow but
reasonably accurate for AU 27 (Mouth stretch), but sometimes give false positive for AU
1 (Inner brow Raiser). Based on the debug screen (See Fig 5.2), the companion’s urge to
laugh (emotion perception) is reasonably good in reacting to the player’s action from facial
expressions. However, the limitation of this system is that the companions were only capable
of perceiving a small number of cues from facial expressions and only capable of perceiving
verbal signals from the audio. Moreover, to answer RQ4, this chapter also presents on how

to collect and craft the interaction rules for virtual human in a specific game scenario.

The virtual human’s average recognition rate was 89.19% in all studies where the players
interacted with the system more than once. As a result of the experimental setting of
the MayFest and OpenDay 2015 and a relatively low turnout of the other studies, most of
the players were new to the system. Therefore, this setting did not allow us to evaluate
the social relationship model. Hence, The Skyrim Game Study was designed to evaluate
all the models and framework including the social relationship model in a more controlled
setting. Moreover, in the fully automatic system, the failure of the virtual game companion’s
perception of the verbal communication is a substantial obstacle to overcome. Seven out of
12 players were not able to play with the virtual human because the companion failed to
understand the player’s utterances and repeatedly asked the participants to rephrase their

word or talked randomly.



Chapter 6

Augmenting Existing Game

Characters using ERiSA

6.1 Introduction

This chapter presents the implementation of the ERiSA framework and models in an existing
commercial game, Skyrim. In contrast to The Smile Game, where the human players and the
game companions are not inhabiting the same world (the player inhabit the real world while
the game companions inhabit a virtual world), in The Skyrim Game, both human players
and game companions are inhabiting the same, virtual, world. The ability of players and
NPC’s actions give us the opportunity to focus on the evaluation of the models and parts of

the system that were found to be promising in Chapter 5.

A study with Action Role-Playing Game (RPG) was designed to evaluate player interactions
with game companions, who were imbued with social and emotional skill by the ERiSA
Framework together with the computational models. Players had to complete a quest in
the Skyrim game, in which players had to use social and emotional skills to obtain a sword.
The results clearly show that game companions who are capable of perceiving and exhibit
emotions, are perceived to have personality and can forge relationships with the players,

enhancing the player experience during the game. Players reported that they were more

171
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emotionally involved and attached to the characters and the game when the Framework was

activated in the game.

6.2 The Skyrim Game

We applied the second version of the computational models to The ERiSA Framework de-
scribed in Section 3.3 and Skyrim Creation Kit!. Figure 6.1 illustrates the integration of the
components and the communication between components. Parts of the ERiSA Framework
are used to perceive and interpret the player’s emotions, conveyed by their facial expression
(Valstar 2015, Almaev et al. 2013) and recorded by a camera. The ERISA’s Interpreter
Components interpret the information captured from the player’s facial expressions by using
a web camera. The interpreted emotions sent to the Dialogue Management Module in the
Behaviour Components. We integrated the ERISA’s Behaviour Components to the Skyrim
Creation Kit Dialogue Manager. The combined Behaviour Components then propose the
game companion’s actions and a set of possible dialogues for the player to choose depending
on the player’s and game companion’s internal states. Then the output is sent to the Skyrim
Game Engine. A player’s facial expressions also influence the player’s options for dialogue
when interacting with the game companion. For example, the option for the player saying
happy is only available if the facial expression components interpret the player’s emotion

conveyed by their facial expression as happy.

In addition to the mechanics, stories, aesthetics and technologies provided by Skryim, we
designed two characters and a quest to the game. Moreover, the ERISA computational
models modify the mechanics for building a relationship between player and game companion
in the game. However, we used Skyrim’s original mechanics for building relationships (see
2 and 3) as a baseline to compare with. We argue that with our proposed computational
models implemented to the Skyrim game will increase the player experience (e.g. emotions

when playing games), immersion and engagement to the character, game and story.

thttp:/ /www.creationkit.com/
http:/ /www.creationkit.com/index.php?title=Relationship
3http:/ /www.creationkit.com/index.php?title=Faction
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6.2.1 Experimental & Character Design

We designed two game companions with opposite personality to interact with (see Figure
6.2). We called them, Stella and Max Erisa. Two experimental scenarios were designed for
each character for the models’ evaluation. The first is a scenario with baseline characters
that were implemented using the original mechanics of the Skyrim Game (see ) and the
second scenario with enhanced mechanics using the ERiSA models and framework. The
quest for both baseline and augmented character scenarios and the methods available to a
player to finish the quest are identical, only the characters’ behaviour models are different.

Table 6.1 illustrates the differences between baseline and enhanced characters.

Baseline Characters In this scenario, the characters are designed with the Skyrim Game
mechanics where the NPC’s emotions and social relationships are triggered by the story
or click-based actions. Moreover, as the ERiSA framework was not implemented for these
characters, the dialogues between player and NPC are only regulated by the Skyrim Dialogue
Manager, which does not include the emotions conveyed by the player’s facial expressions

in the decision making. As it is implementing the conventional click based system from the

“http:/ /www.creationkit.com/index.php?title=Category:Game_Systems
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Figure 6.2: Character Design

Skyrim Game original mechanics, technically, the players can finish the quest in four clicks

if they would choose the right sequence of dialogue options.

Enhanced Characters In this scenario, we designed Stella to be a high Extraversion person
(Ppny = {0.5,0}, 6, = —0.3, 6, = 0.2), while Max has high Neuroticism personality trait
(Pgn ={0,0.5}, 0, = —0.2, 6, = 0.3). To associate the characters with their personality
traits, we set Max voice characteristic to an agitated and annoying voice provided by the
Skyrim Creation Kit library. On the other hand, Stella voice is pleasantly happy, and
enthusiastic. In addition, the behaviours of the game companions (e.g. choices of the words)
are characterized by the pattern presented in Table 3.1 to match the characthers’ personality.
The other independent variables of the characters are emotion decay rate r = —0.5, Y = 200,
W, = 0.2, SR decay rate r = —0.25 and &;; = 0.02 for both characters. The NPCs’
emotions and their ability to forge relationships with players are governed by the ERiSA

models specified in Chapter 3.
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Table 6.1: Baseline VS. Enhanced Characters

Character Components Baseline Enhanced
Appearance Blacksmith with armor | Blacksmith with armor
Voice Agitated, annoying Agitated, annoying
Quest Legendary sword Legendary sword
Max SR Mechanism Skyrim Skyrim + ERISA
Personality System Skyrim Skyrim + ERISA
Emotions Regulation | No ERISA
Affect Aware System | No ERISA
Appearance Alchemist with robe Alchemist with robe
Voice Happy, enthusiastic Happy, enthusiastic
Quest Legendary sword Legendary sword
Stella SR Mechanism Skyrim Skyrim + ERISA
Personality System Skyrim Skyrim + ERISA
Emotions Regulation | No ERISA
Affect Aware System | No ERISA

Stella Eriso &b Tell me about Skyrim

Hmm, Who are you again? Ah, | Temember now, you'are the visitor. How are you?

Figure 6.3: Interaction with Max (left) and Stella (right) in the Beginning of the Quest

6.2.2 Story: The Erisa Family

In the game, we designed a simple quest named “The Erisa Family”.

In the quest, the

player can build social relationships with the game companions, get information about The

Legendary Swords possessed by their family and ultimately retrieve one of the swords. A

player can dynamically interact with the game companions, which depends on their social

relationship level. The quest is finished when the player gets one of the swords. The Sword

of Friendship will be given to the player when the player can gain the game companions’

trust by building a positive relationship, while The Sword of Hatred will be passed to the

player when their social relationship is going towards a negative direction.
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Stella and Max are brother and sister. Building a relationship with Stella is easier than
with Max as Stella is an easy-going person. Stella is the oldest children of the family with a
brother and sister. She works as an alchemist, which is why she likes alchemical ingredients
such as potions and natural herbal ingredients. She loves her family; However, she is against
the idea that women must stay at home and can’t have a job. She argues that women should
be able to do what they want to do. Max, on the other hand, hates everyone including his
family. He particularly hates his father because in his opinion, he should not have retired
from his prestigious job as a “Jarl” so soon and he should not now be doing nothing at
home. “Jarl” is the highest rank in the Holds of Skyrim. There are nine Holds which
regulate several cities around them. “Jarl” is also part of the Elder Council, they have the
power to legislate for the entire Empire. Max currently works as a blacksmith in the town,
which is why he likes metals such as Adamantium and Palladium. All of this information
is slowly disclosed to the players by the game companions depending on their relationships

and can be exploited to forge relationships with the game companions.

There are four significant strategies designed to forge relationships, either positive or nega-
tive, with the game companions: talking, giving favourite items vs giving undesirable items,
praising vs criticising and exploring Skyrim world together vs attacking the game compan-
ions. Stella is more sociable, compared to Max. Hence, an extra effort is required to get
Max’s trust. Over time, the topics discussed with the game companions change depending
on the level of social relationship between the player and the game companions. Figure 6.4
illustrates the mapping between possible interactions corresponding to the level of social
relationship based on the ERiSA model (see Subsection 3.3.3), and Figure 6.4 shows the

player’s interaction with Max and Stella in the beginning of the quest.

There are four levels of social relationships for positive relationships and four levels for
negative relationships. On the initial interaction, the player can only discuss general topics
about the swords, city, Skyrim, giving items, asking for and giving news. Assuming the social
relationship is going towards a positive direction, in the next stage, the game companions
start to express their personal attitudes towards the topics. A moderate topic is available to

discuss in this stage in addition to the previous topics. Starting from this stage, the player
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Figure 6.4: Social Interactions and Topics
can ask the game companion to go out and explore Skyrim together.

Going towards a high-affinity relationship, the game companions start to share their personal
and private information about their self and their family. Moreover, the game companions
strongly express their personal attitudes towards the topics at this stage. Finally, the game
companions begin to show their true feelings, express personal thoughts, beliefs, and values.
At this stage, the player is given The Sword of Friendships, and it marks the end of the
quest. The player still can interact with the game companions, but the social relationship
between them will not go any further. On the other hand, assuming the social relationship is
going towards negative direction, the breadth and depth of topics do not change, but there
is room to apologise to the game companions. Eventually, a Sword of Hatred is passed to
the player marks the end of the journey. If this route is taken, the player will not be able
to interact with the game companion any more, assuming the game companion holds a deep

hatred to the player.
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Figure 6.5: Skyrim Creation Kit

6.2.3 Dialogue Management

The dialogue system in Skyrim implements a dialogue tree model provided by Skyrim Cre-
ation Kit. Figure 6.5 illustrates the environment provided by the Skyrim Creation Tool kit to
design the game dialogues. Ten topics were designed to the game dialogues. As described in
the previous section, in the enhanced character scenario, the availability of particular topics
depends on the social relationships between them, as well as the player’s and game compan-
ion’s emotions. To make it easy to maintain, we designed the dialogue with a card-based
method. Each card contains information about the topic category, utterances, conditions
and the effects. Figure 6.6 shows the example of the dialogue design. The conditions indicate
the requirement criteria for the dialogue card to appear as a dialogue option for the player.
The utterances show the reply that the player will get if they choose the utterance. Finally,
each card has its own effect after it has been chosen. For example: a Sword01 card has a
pre-condition that the level of their social relationship is acquaintance (either positive or
negative), Affinity (A; ;) and Familiarity (F; ;) of the NPC ¢ towards player j at time ¢
must be in the low category. If those conditions are met, the option of a player is saying “I
heard that the Erisa Family has the Legendary Swords” is available. Furthermore, it will

give an increase to the NPC’s Familiarity (F; ), if the player chooses that utterance.
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Topics Utterances Conditions Effects
¢ 4 t 4

Sword(1 SR =Acquaintance (+ or -), lSr;af={LCl‘u"u’+ or LOWW-] LOW}
Player | heard that the Erisa Family has The Legendary Swords
Stella | have no idea what are you talking about. But 'm happy that you asked me.
Max Wow man! Get lost! | know nothing about the swords you talked about.

Sraf =10, ++}
Greetings03 SR =Acquaintance (+ or -}, Sraf={LOW+ or LOWW-, LOW}
Player Hi
Stella Hmm, who are you again? Ah, | remember now, you are the visitor. How are you?
Max Who the hell are you? Oh, just remember it's youl

Sraf = {0,++}
Greetings04 SR =Friend, Sraf={LOW+ | LOW]}
Player Hi mate!
Stella Hey! How are you my friend?
Max Heyl

Sraf = {0, ++}

Figure 6.6: Skyrim Dialogue Management

6.3 The Experiment

6.3.1 Experimental Setup

To comprehensively evaluate the ERISA models, a controlled study was conducted. The
models and part of the framework were implemented in an existing commercial game, Skyrim.
This particular game was chosen as the Skyrim world provides free-form interaction and
exploration to the world. This was a perfect feature to test interactions with characters with
the models implemented. Also, the Skyrim developers provide a tool-kit for other developers
to alter the game objects. Hence the ERISA models and framework were easily implemented
into the game using the tool-kit. In this study, the players and NPC’s actions were able to
be limited by design. Consequently, the researcher has a more controlled environment for
the study. Because ASR was found to be a bottleneck in Chapter 5, instead of using the

Automatic Speech Recognition module to recognise the player’s utterance, the researcher
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provided a list of utterances that the player can choose from based on the player’s emotions,

NPC’s emotions and their social relationships.

In this study, fifteen participants were recruited ( 40% male, 73.33 % Asian and others
were Caucasian, AVG age = 24.6) from the University of Nottingham to play the game.
All of them are familiar with RPG or Action Game Genre, and one-third of them have
played Skyrim before. There are a total of 60 interactions with both of the NPCs, with a
total play time of 18.16 hours (AVG = 18.16mins, M AX = 51.82mins, MIN = 1.85mins).
Each participant interacted with both NPCs, the baseline characters, and with the enhanced
characters implemented as the comparison. To avoid order bias, the sessions were randomised
for all the participants. All interactions were video and audio recorded using a web camera,
the player and NPCs’ internal states were logged, and the player’s choices were recorded.
The participants were asked to fill out a questionnaire every time they finished a session
of the game. Moreover, some participants were invited to do a short interview (less than 5
minutes) to discuss their experience with the game, after the participants had finished all

the quests.

The five-point Likert scale questionnaire consists of four parts of evaluation towards the

game and NPCs:

Percieved Characters Personality: The first part evaluates the NPC’s personality perceived
by the user based on the Big Five Personality Inventory (John et al. 2008). The participants
were asked if they saw the NPC as people P1: with positive thinking, P2: with negative
thinking, P3: who generates a lot of enthusiasm, P4: who tend to be quiet, P5: who is
outgoing and sociable, P6: who is depressed and blue, P7: who is relaxed and handle stress
well, P8: who can be tense, P9: who worries a lot, P10: who is emotionally stable and not

easily upset, P11: who can be moody, and P12: who is sometimes rude to others.

Percieved Social Relationship: Second part is to rate the social relationships between the
participants and the NPCs, where R1: [NPC name| is someone that you can count on to
listen when you are very angry at someone else, R2: I really like [NPC name|, R3: I'm

familiar with [NPC name], and R4: I am close with [NPC name].
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Player’s Self-Reported Emotions: In the third part of the questionnaire, the participants
were asked about their feelings when they interacted with the NPC during the quest, with
E1: Happy, E2: Angry, E3: Sad, E4: Afraid, E5: Disgust, and E6: Surprise.

Game FExperience: The last part of the questionnaire evaluated user experience during the
game based on the Game Engagement Questionnaire (Brockmyer et al. 2009) consists of
G1: Playing seems automatic, G2: I lose track of where I am, G3: I play without thinking
about how to play, G4: I feel like I just can’t stop playing, G5: I really get into the game,
G6: If someone talks to me, I don’t hear them, and the Immersive Experience Questionnaire
(Jennett et al. 2008) where G7: I felt that I really empathised/felt for with the game, G8: 1
did not feel any emotional attachment to the game, G9: I was interested in seeing how the
game’s events would progress, finally G10: I sometimes found myself to become so involved

with the game that I wanted to speak to the game directly.

6.3.2 Results

Player’s Emotions

Shapiro-Wilk test for normality (Shapiro & Wilk 1965) was applied to all the data distribu-
tion with more than two third of the data (67.5%) are likely to come from a non-normally
distributed population (p < 0.05). Hence, we applied a Wilcoxon signed-rank test as an
alternative to the t-test paired two sample for means, when the population cannot be as-
sumed to be normally distributed. Figure 6.7 illustrates the player’s self-reported emotions
during the interaction with both characters in the game. In the interaction with Stella,
the players reported a significant increase in their happiness (p < 0.01) in the game with
models implemented. On the other hand, in the interaction with Max the players reported
a significant changes in almost all their emotions with a decrease in happiness (p < 0.01)
and an increase in their anger (p < 0.01), sadness (p < 0.01), afraid (p < 0.05) and disgust

(p < 0.01) emotions with the character that models implemented in the game.
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Figure 6.7: Player’s self-reported emotions during interaction with Stella (left) and Max
(right), with ** mark represents significance at the 0.01 level and the other mark * indicates
significance at the 0.05 level.

Personality

Figure 6.8 describes Max and Stella’s personality as perceived by players for both models.
Without the models implemented, the NPCs” appear to be perceived as devoid of any per-
sonality by the players. With the models implemented, the characteristics which constitute
Stella personality, are evidently perceived by players as a person who has positive thinking,
generates a lot of enthusiasm, is outspoken, outgoing and sociable, is relaxed and handles
stress well, is emotionally stable and not easily upset, and is polite to others. Max, on
the other hand, is a person who is extremely negative thinking, does not generate a lot of
enthusiasm, tends to be slightly quiet, is reserved, sometimes depressed, blue, and can’t
handle stress well, can be tense and worries a lot, is easily upset, can be moody, and is
sometimes rude to others. In addition, most players identified Max as rude, abominable and
playing hard to get, while Stella is a talkative, nice and approachable person. According to
responses to the Game Engagement and Immersive Experience Questionnaire (see Fig 6.10),
the players empathise with Stella but not Max in the game with models implemented, while

there was no significant difference when models were not implemented. Fig 5.5 (a) and (b)

shows one of the player’s facial expressions when playing with the models empowered Max.
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Social Relationship

Furthermore, players reported significant changes in their social relationship to both NPCs
(see Figure 6.9). With the models implemented, Stella is more likeable, and players perceived
her as someone that they can count on to listen when they are very angry with someone else.
Players seem happy when interacted with her. While, Max is more unpleasant to interact
with, and players feel he is someone that they cannot count on to listen when they are very

angry with someone else as they already feel emotionally upset to Max. Players are also



184 Chapter 6. Augmenting Existing Game Characters using ERiSA

more familiar and close with both NPCs when the models are implemented.
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Figure 6.9: Stella’s (a) and Max’s (b) Social Relationship as Rated by Players

Player’s Experience

Figure 6.10 illustrates the score of the players experience when playing the game. With
the models implemented, the players feel more engaged and emotionally immersed in the
game and the characters when playing with both NPCs. Players reported a significant
increase in the engagement level with the game, with the models implemented (p < 0.01).
A significant difference was also found in the players’ emotional attachment to the game
and the characters with the models implemented (p < 0.01). Moreover, the models enriched
the game story, increased the players’ curiosity how the game would progress (p < 0.01).
From the short interview, most of the players preferred the NPCs with models. The models
provide an interesting flow to forge the relationships with NPCs. However, some players
suggested adding more variation to the interactions, as the current interaction is limited to

speaking, giving items, and exploring Skyrim together.

On average, players spent around 0.92 hours (MAX = 3.2 hours, MIN = 0.25 hours) in game
time and 62.78 hours (MAX = 114.2 hours, MIN = 11.75 hours) with Stella without and
with models, respectively. Players spent 1.01 hours (MAX = 4.0 hours, MIN = 0.21 hours)
in the game time and 74.74 hours (MAX = 219.5 hours, MIN = 16.17 hours) for Max with no
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Figure 6.10: Players’ Experiences with Max (top) and Stella (bottom)

models and with models implemented, respectively. Players who took a longer time to finish
the quest spent their time mostly exploring the Skyrim world with the NPCs, while players
with shorter time only focussed on forging a social relationship with the NPCs by giving
them their most-liked items continuously. The favourite strategy to build relationships with
the NPCs was giving favourable items to them, with exploring Skyrim together as the second
choice of strategy. Building relationship with Max can be quite a nerve-racking experience,
40% of players realised that it would be easier to have a negative relationship and decided
to go towards negative relation with Max although they already held a positive relationship

with him as their game strategy to get The Sword.
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Arousal and Valence Analysis

Similar to the Smile Game, automatic arousal and valence annotation were also performed
from the interaction audio, in addition to manual annotation, in this study (see Figure 6.11
and Figure 6.12). There was a strong positive correlation between players’ valence data
with Max from automatic and manual annotation, » = 0.76,p < 0.001 and r = 0.72,p <
0.001, with baseline and models implemented respectively. In addition, there was also a
strong positive correlation between players’ arousal data with Max from automatic and

manual annotation, r = 0.62,p < 0.001 and » = 0.77,p < 0.001, with baseline and models

implemented respectively (see Figure 6.11).
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Figure 6.11: Players’ Arousal (top), Valence (bottom) towards Max, where dotted line rep-
resents Automatic Annotation

Figure 6.12 demonstrates the players’ arousal and valence when playing with Stella. There
was also a strong positive correlation between players’ valence data with Stella from auto-

matic and manual annotation, r = 0.72,p < 0.001 and r = 0.71, p < 0.001, with baseline and
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models implemented respectively. A strong positive correlation also found between players’
arousal data with Stella from both annotations, » = 0.68,p < 0.001 and r» = 0.83,p < 0.001,

with baseline and models implemented respectively.

A Wilcoxon Signed-Ranks Test indicated that players’ arousal was statically significantly
higher with models implemented, Z = 8.4,p < 0.00 and Z = 8.71,p < 0.00, with Max and
Stella respectively. In addition, players’ valence was also significantly higher with models
implemented, Z = 3.1,p < 0.05 and Z = 7.75,p < 0.00, with Max and Stella respectively.
Negative valence also occurred in the interaction with ERISA empowered Max. Players’
arousal and valence were significantly higher when playing with ERISA empowered Stella
compared to Max, Z = 3.75,p < 0.001 and Z = 6.47,p < 0.01, respectively. On the
contrary, there was no significant differences between players’ arousal and valence when
interacting with baseline Stella compare to Max, Z = —1.67,p = 0.5 and Z = —1.65,p = 0.1,
respectively.
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Figure 6.13, Figure 6.14 and Figure 6.15 show the boxplot for Player’s Valence, Arousal and
Interest Means Between Groups respectively for both automatic and manual annotation.
Group 1 and 3 in the x-axis indicate the Stella Baseline and Max Baseline group respectively,
Group 2 and 4 indicate Stella Enhanced and Max Enhanced group respectively. Player’s
valence towards Stella Model has the highest mean among the other groups, while Player’s
valence towards Max Baseline has the lowest mean among the others. Group 2 has a slightly
higher median compared to Group 1. Around 90 percent of Group 2 is higher than the
median of Group 1. Where there is no significant difference between medians of Group 3

and 4, but 75 percentiles of Group 4 is higher than 75 percentiles area of group 3.

Player's Valence
o
w
I
1

Group

Figure 6.13: Player’s Valence Means Between Groups

Player’s Arousal towards Stella Enhanced has the highest mean among the other groups,
while player’s arousal towards Stella Baseline has the lowest mean among the others. The
median of group 2 is significantly higher than group 1 as well as the median group of 4 is
slightly higher than group 3. Both higher and lower 50 percentiles of group 2 and 4 are
located in the upper 50 percentiles of group 1, and 3 indicated that lower 50 percentiles of
group 2 and 3 are still higher than the median of the group 2 and 4. Lastly, there are no

significant differences between the median of groups in the player’s interest.

A MANOVA test was conducted to determine whether there are significant differences be-

tween the mean of a variable’s mean between groups. The MANOVA examined between
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Figure 6.15: Player’s Interest Means Between Groups

groups of Max Baseline, Max Enhanced, Stella Baseline and Stella Enhanced, with vari-
ables of manually annotated valance and arousal as well as automatically annotated valence,
arousal and interest. The results indicated that the means lie on the same plane in 3-
dimensional space but not on the same line (d = 2,p < 0.001) with Wilk’s lambda value of
0.0109, 0.1608and0.9631. To determine which two of groups differ from the other, a canon-
ical analysis was conducted. Figure 6.16 illustrates the separation between groups using a
canonical analysis. The figure shown that two groups that contain mean differ with the

other are both enhanced models: Stella Enhanced and Max Enhanced. The Stella Enhanced



190 Chapter 6. Augmenting Existing Game Characters using ERiSA

group are mostly spreading in the first quadrant of the axes, while the Max Enhanced group
are mostly located in the third quadrant of the axes. The Baseline models (i.e. Max Baseline

and Stella Baseline) are both located in the fourth quadrant of the axes.

»  Max Baseline
Max Enhanced
Stella Baseline .

6= o Stella Enhanced o N —

Figure 6.16: Canonical Analysis

6.4 Conclusion

The study clearly provides the empirical findings of a more natural and believable interaction
between a player and game companions leading to a simple social relationship between
them. With the framework, the game companions were capable of perceiving the player’s
affective signals from their facial expressions as well as to exhibit social signals from the
facial expressions, gestures and verbal cues (RQ1). The personality of NPCs with models
implemented is consistent with the personality that we set to both NPCs. The results show
that the players evidently perceived the game companions’ personality in accordance with
the one that the game designer assigned to them. The game companions were able to display
emotions appropriately, providing an enhanced feeling of immersion in games to the players.
Moreover, the ability to forge relationships naturally with the game companions resulted in
an emotional attachment towards the game companions. Moreover, players were emotionally

involved and attached to the characters and the game. Social relationship models also proved
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to provide a more realistic manner to interact with game companions and forge relationships
with them (RQ2). The players were able to tell what relationship a player has with a game
companion in a game immediately from their attitudes shown by their facial expressions,

gestures and verbal cues (RQ2 and RQ3)

NPC personality also influences the gameplay, as the characters with the Neuroticism trait
were harder to defeat thus requiring a personality-specific strategy to win. Social relationship
models can be adjusted to enrich the game story as well. For future research direction with
these models, more variation for interactions with the NPCs can be extended. Interaction
such as accomplishing a quest together and more conversational topics can enhance the user
experience when playing the game. For future research direction with these models, more
variation for interactions with the NPCs can be added. Interaction such as accomplishing a
quest together and more conversational topics can enhance the user experience when playing
the game. Moreover, there is also a significant change in the social relationship score shown
in the results of models implemented with both NPCs. The players were able to tell what
relationship a player has with a game companion in a game immediately from their attitudes
shown by their facial expressions, gestures and verbal cues (RQ2 and RQ3). Furthermore,
the models provide a new experience in playing games to the player, particularly in relation
to the emotional attachment to the NPCs and how they build a social relationship with them.
The models provide a more realistic manner to interact with NPCs and forge relationships
with them. In addition to the conventional game inputs (i.e. joystick, mouse, and keyboard),
the models and framework allow the player to interact with the game characters with a
camera by using their facial expressions (RQ6). For future research direction with these
models, more variation for interactions with the NPCs can be added. Interaction such
as accomplishing a quest together and more conversational topics can enhance the user

experience when playing the game.
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Chapter 7

Game Character Design Workshop

7.1 Introduction

To further explore the potential of the ERiSA models and framework for game development,
a character design workshop was conducted with game designers as participants. A focused
design workshop was conducted to explore the potential of the ERiSA framework and models.
Section 7.3 illustrates the workshop setup. The workshop took place in our university for
two hours and attended by two experts in the game and/or character designers. The aim
was to investigate how game designers would use the models and framework to design new
game companions. Moreover, the workshop allows us to investigate and learn from the
participants, who are game designer and artist, about their perspective and experiences
when they were using the tool provided. A simple tool to simulate the proposed models
was created to be used in the workshop. The overview, settings and configurations of the
tools are described in section 7.2. Moreover, section 7.4 shows the results of the workshop.
From the discussion, we can conclude that the models and framework can be used to create
a game that has emotions and social relationships elements. In a particular game such as
crowd simulation, life simulation, character-driven and serious games. In addition, with the
experts in their field, the ERiSA framework and models have the potential to be a tool for

evaluation or simulation in a real-world scenario.
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7.2 The ERiSA Tool

ERiSA Tool is a simple tool to simulate the computational models of emotions, personality
and social relationships proposed in this thesis (see Section 3.3). The user will be able to
see in real time the effect of a particular event to the virtual human’s emotions and social
relationships and vice versa by adjusting a number of parameters provided (see Figure 7.1).
The user will also see the association between the virtual human’s personality and the events
simulated. The tool will provide a particular answer based on the parameters of the models

and events set by the user.
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Figure 7.1: ERISA Tool for Character Design Simulation

The tool’s environment is divided into three areas: upper-left, bottom-left and right area.
All the computational models’ parameters are presented in the upper-left area providing
the playground for the user. The tool provides a simple and advanced mode to adjust the
parameters. In the advanced mode, the user will be given all the parameters to be played
around, while in the simple mode the user only has access to some important parameters.
Parameters such as Personality Weight, Emotion Decay Rate, Emotion Half-Life, Emotion
Threshold, Emotion Threshold Weight, Social Relationship Decay Rate, Social Relationship

Half-Life, Affinity and Familiarity values, Event influence to emotions are not visible to the
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user and set to their default value. Over time the user changes any of the parameter’s value,
they can see the effect of the changes to the virtual human’s emotions and social relationship
in a real-time through two charts displayed in the bottom-left (left side is emotions chart,
and the other side is social relationship chart). Moreover, all the logs are displayed in the
view panel in the right area of the tool. The user can save the parameters values and the
logs and load them any-time. The parameters’ value can also be randomised using the menu
located in the Options menu. Finally, in the future development, the user will be able to link
the tool to The Skyrim Creation Tool Kit, so the user can use the characters in the Skyrim
to perform the actions in the Skyrim world by using Skyrim Creation Toolkit to bridge the

framework, tool and the Skyrim Character in the Skyrim game world.

7.3 Experimental Setup

A two hours workshop was attended by two game and/or character designers with three
to four years of experience in the designing game or the character for a game. One of
the participants was a game designer and programmer with four years of experience in the
making Role Playing Game (RPG) (Male; Age: 27, Caucasian). The other one was a 2D
game characters artist with more than three years of experience in the field (Female; Age:
24, Asian). Both participants designed and created a number of games or game characters
but never published them to the public. The main aim of the workshop was to explore the
potential of the models and framework to design characters for games from the point of view

of a character or game designer.

In the workshop, the researcher introduced the framework and models to the participants
and provided some examples of what the game designers could do with the models and
framework. Next, the participants were asked to design three characters: one based on a
real person that they know in real life; second, based on the same person but now with the
opposite personality; and the third character could be any personality of the participant’s

choice. A tool was designed to simulate the ERiSA models. With the tool, the participants
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were able to design a character by adjusting parameters of emotions, personality and social
relationship of ERISA models. The parameters can be seen in Table 3.2. The participants
were also asked to simulate an interaction between them and the character with the tool,
and the tool provided an answer based on those parameters and event evoked. Figure 7.1
illustrates the features provided by the tool. The tool will automatically save the profile of
the character designed and all the interactions logs (i.e. the events induced to the character)
when the tool is closed. Alternatively, the logs and character profile can be manually saved
with a menu under Options. Also, the character profile can be loaded to get all the variables
assigned to the character previously. All the variables and logs are stored in a text file
format, where it also can be manually read with any text editors. Finally, the workshop was
closed with a discussion regarding the characters designed by the participants, the potential
of the ERiSA models and framework to be implemented in game design and game scenarios
based on the characters designed by the participants. The discussion method was a semi-
structured interview with four categories of question: The participant’s Basic Profile (PRO),
the participant’s opinion about the tools and framework (OPI), game design with the tool
(GDN), character design with the tool (CDN). All the discussions were audio recorded to
be further analysed with the coding system. All the characters design data parameters (e.g.
Personality, Emotions, Social Relationship), as well as the interaction data, were also logged.

Table 7.1 demonstrates all the interaction data collected from one of the participants.

7.4 Results

7.4.1 Character Design Task

In the first design activity, both participants designed the characters based on their own
perception towards the character in the real world. Participant 1 designed characters
that represented Donald Trump and participant 2 choose her best friend as her model.
From the participant 1 perspective, a character that represents Donald Trump has high

Extraversion, Agreeableness and Neuroticism trait value. The participant also describes
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that the character represents Donald Trump should also has a low value of Conscientious-
ness and Openness (Poc.gan = {0.26,—0.21,0.71,0.71,0.43}). In the participant 2 mind,
a character that represents her best friend should have high Extroversion and Agreeable-

ness traits also participant 2 describes that her best friend has a low value of Neuroticism

(Po.c.ean = {0.00,0.00,0.87,0.68, —0.17}).

Table 7.1: Interaction with Characters at The Workshop

Character | Event | Start | End | &4 | M, | Sij

I 1 79 0.59 | 0.61 | 0.16

II 92 180 | 0.50 | 0.25 | 0.22

: 111 188 434 | -0.47 | 0.37 | 0.66
v 460 611 |-0.65| 0.46 | 0.95

I 1 198 | 0.05 | 0.14 | 0.32

II 206 401 1-0.92 | 0.62 | 0.33

111 407 489 | 0.25 | 0.39 | 0.38

v 500 740 | 0.56 | 0.26 | 0.45

! \Y 745 796 | -0.13 ] 0.36 | 0.51
VI 815 984 |-0.60 | 0.45 | 0.25

VII 998 1031 | -0.80 | 0.70 | 0.50

VIII 1042 | 1081 | 0.40 | 0.50 | 0.30

I 1 72 0.60 | 0.54 | 0.40

II 82 155 [ 0.46 | 0.64 | 0.53

111 172 204 | 0.10 | 0.20 | 0.20

H v 224 248 | -0.42 | 0.88 | 0.17
\Y 352 454 1 0.63 | 0.26 | 0.14

VI 460 506 | -0.351|0.41 | 0.19

In the second design activity, the participants designed characters that have opposite char-

acteristics with the characters they designed in the first activity. From the participant 1
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perspective, a persona that has opposite personality with his first character should have a
high value of Openness with a low value of Agreeableness and Neuroticism trait (Po.c gan =
{0.48,0,0.13, —0.37, —0.37}). While participant 2 think that a character that represents the
opposite personality from her best friend would be like a very Neurotic person with a low

value of Extraversion, Openness and Agreeableness (Po.c.gan = {—0.24,0.00, —0.43, —0.57,0.62}).

Finally, in the last design activity, both participants set some parameters to an extreme value.
Participant 1 designed a character that has extremely high Openness, Extraversion and
Neuroticism (Pocpan = {1.00,0.10,1.00, —0.26,0.93}). The participant also explained
that the character he designed has a high intention for a new relationship. Participant 2
designed a character that has extremely high Neuroticism and reverse Extraversion value
(Po,c.e.an = {0.00,0.00, —1.00,0.00, 1.00}). In her mind, this character should behave like

an obnoxious kid.

7.4.2 Interaction Simulations with the Characters

In this workshop, the participants were also asked to interact with the characters that they
have designed with the tool provided. There were events provided in the tools simulating
positive and negative events: Talk to the character, Give the character their favourite item,
Give the character their undesirable item, Praise the character and criticise the character.
The logs of the interaction were recorded to be further analysed. All participants started
the interaction with the characters with a positive event. The participants then started
to explore the effect of both positive and negative events to their designed character with
various parameters. Figure 7.2 illustrates the results of the simulations of the interactions

with the characters that one of the participants designed.

Figure 7.2 (a) demonstrates the interaction with the first (Po ¢ g an = {0.26, —0.21,0.71,
0.71,0.43}), (b) with the second (Po.c.ran = {0.48,0,0.13,—-0.37,—0.37}) and (c) with
the third character (Pocran = {1.00,0.10,1.00,—0.26,0.93}). The other parameters set
to the first character were: Y = 56, N;;; = 0.6, decay rate for social relationships models

r = —0.25, u = In(2)/r, emotion decay rate r = —0.5, u = In(2)/r, negative emotions’ basic



7.4. Results 199

1 1
—Social Relationship —Social Relationship
0.8 0.8
. I —Emotions 06 l —=Emotions /
I 04 I o4
n n
t 02 t o2
e Time e Time
n 0 n o
s 100 20 300 400 500 600 s 200 40y 600 80( 100
j 0.2 j 02
t t
-0.4 r
y y 0.4 \
-0.6 0.6
0.8 \ \ 08 \
1 -1

(a) (b)

~——Social Relationship

—Emotions

02
Time
[}

< + = 30O +3 —

(c)

Figure 7.2: ERISA Tool for Character Design Simulation

threshold 0, = —0.2, positive emotions’ basic threshold 0, = 0.2, W, = 0.2. Moreover, the
other parameters set to the second character were: ) = 495, N; ;; = 0.6, decay rate for social
relationships models r = —0.25, p = In(2)/r, emotion decay rate r = —0.5, p = In(2)/r,
negative emotions’ basic threshold 6, = —0.2, positive emotions’ basic threshold ,, = 0.2,
W, = 0.2. Finally, the parameters set to the third character were: Y = 430, N, ;; = 0.25,
decay rate for social relationships models r = —0.19, p = In(2)/r, emotion decay rate
r = —0.5, p = In(2)/r, negative emotions’ basic threshold 0, = —0.2, positive emotions’
basic threshold 6,4 = 0.2, W, = 0.2. A participant mentioned that generally game designers
tend to exaggerate the character’s personality so the player can distinguish the character’s

personality. This motivate the participant to exaggerate the third character’s personality.

There was a total of 4 interactions in 611 s with the first character, eight interactions in
1081 s with the second character and six interactions in 506 s with the third character.
Table 7.1 illustrates the overview of all events simulated to all three characters. Compare to

the interaction with the other characters, the first interaction was resulting in an extremely
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negative relationship between the character and the player. This was because the third
and fourth events had a high impact on both the event itself (-0.47 and -0.65) and the
impact to the social relationships (0.66 and 0.95) and lasted for more than half (65%) of
the interaction. In addition, compared to the other character, the first character has a low
number of maximum familiarity, J) = 56 compare than the other () > 430), resulting in
a fast effect on the social relationship. We can already see the relationship between them
in only a couple of interactions. In contrast, the social relationships with the second and
third characters were relatively hard to see, as the value of the social relationships were only
between -0.1 to 0.1 (—=0.1 > R;;+ < 0.1). This is due to the impact of the events on the
value of the social relationship were set not too significant in the second and third characters.
Moreover, the value of the maximum familiarity set to both characters was also too high to

be achieved.

7.4.3 FGD: The Potential of The Models and Framework

A semi-structured discussion was conducted to explore the potential of the proposed models
and framework. The Coding system was applied in the analysis process. Table 7.2 demon-
strates all the questions the group asked during the discussion. There were four question’s
categories: questions about the participants’ profile, participant’s opinions, game design

using the framework and tool and designing a character using the framework and tool.

Table 7.2: Questions

Code | Category Detail

PRO | Profile Participant’s profile and demography

OPI Opinion Participant’s opinion about the framework and tool
GDN | Game Design Game design using the framework and tool

CDN | Character Design | Character design using the framework and tool

Table 7.3 shows the coding system for the participants’ answers during the discussion. In
summary, in the question group of PRO, we coded P1 as the profile of Participant 1 and P2
as the profile of Participant 2. The questions group of OPI there were two categories of the
answer: PROCESS and FEATURES. Also, the questions group of GDN had four categories
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Table 7.3: Discussion’s Summary

Question | Answer’s Code | Detail
PRO P1 Male, Game Designer & Developer, 4 years experience
P2 Female, Artist, 3 years experience
OPI PROCESS Game and character design and development process
FEATURES The framework and tool features for game and character
design and development process
STORY Game design focused in the story aspect
GDN CHARACTER Game design focused in the character aspect
SIMULATION Game design focused in simulation
SCENARIO Game design focused in a particular scenario, be they
real or imaginary
EMOTION Emotion aspect in the character design
CDN SR Social relationship in the character design
PERSONALITY | Personality aspect in the character design

of the answer: STORY, CHARACTER, SIMULATION and SCENARIO. Lastly, the group
of CDN had three categories of the answer: EMOTION, SR and PERSONALITY.

Both participants argued that the tool and framework would offer a lot of possibility for
character and game designer. Participant 1 argued that the tools and framework would “...
speed up the game design process.” (PROCESS) and Participant 2 commented that “...
make it easy to see the character design implication” (PROCESS and FEATURES). Both
participants mentioned that in the conventional ways to design a character or game, the
process of designing and testing the character is done in a repetitive manner hence it requires
a lot of time. Participant 1 argues that ¢ The tool makes it much faster” (PROCESS).
However, both participants argued that the tool and framework are probably not suitable
in the entertainment industry other than the game industry. Participant 1 quoted “... but

I guess people in the movie industry still prefer real human to test it ... have real emotional

responses.” (FEATURES and EMOTION).

Some potential games can be designed with the ERiSA models, and framework concluded
from the discussion during the workshop. The games can be categorised into five groups
of applications. The framework and models can be potentially to be implemented into
characters in games such as crowd simulation, life simulation, character-driven and serious

games. Furthermore, participants also mentioned the application of the framework and
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models to evaluate/simulate a real scenario in the real world with guidance from the experts

in their field depending on the scenario. Below are the categories:

1. Crowd Simulation Both participants agreed that a crowd simulation game such
as GTA could be a good implementation for the models and framework. Imagine
all the characters in the game have their own unique personality and it requires a
different strategy to get along with the characters and finish the events depending
on their personality and the nature of the social relationship between the NPCs and
the players (SIMULATION, CHARACTER, EMOTION, SR, PERSONALITY). The
designers will be able to design the level with changing the characters parameters
in addition to the others aspects of the game. For example: to make a character
to be difficult to start a new relationship with the player, the designer can create a
character with high Neuroticism or low Extraversion and set its maximum familiarity
and intention to have a new relationship to a high value. The player can also use their
facial expressions as one of the modal to interact with the characters in the game. The

participants believe that such a game will provide a new experience to play a game.

2. Life Simulation The other game that can fit for the models and frameworks for its
characters is the life simulation games such as the Sims (SIMULATION). With the
models, the player can design not only the character’s outer outfit or appearances but
also their personality (PERSONALITY). With the model, the player will be able to
create a character that represents the player in the virtual world. With the frame-
work, the player also can interact with other characters with their facial expressions
(FEATURES), which the participants believe will provide a new experience toward
the game. A participant suggested that we can make a game that the goal is to make
Trump as angry as possible. The angrier he is, the higher score the player will get.
Eventually, if the player can push him hard enough, he will get a heart attack, and
the player wins the stage. The model can simulate Trump’s personality, emotions
and social relationship parameters and the framework will provide the ability for a

player to naturally interact with Trump (e.g. using facial expressions or automatic
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speech recognition and natural speech processing) (FEATURE, CHARACTER, SCE-
NARIO, EMOTION, SR, PERSONALITY). The Participant quoted “If you push it
hard enough then he would have a heart attack and die.” The other participant sug-
gested similar games, but instead of making angry with the character, the player should
attract the characters by using different strategies based on the character’s parameters
designed using the models. The other participant mentioned “... imagine him as your
dream boyfriend, and you have to make him to like you.” (CHARACTER, STORY,
SCENARIO)

3. Character Driven The participants also mentioned that games with character driven
or focus could be fitted for the models and framework (e.g. The Last of Us'). Such
games generally rich in the story to shape the character, so the players also enjoyed the
story as the player is progressing through the game levels (STORY, CHARACTER).
Participant 1 quoted “The tool is suitable to design a game where a story is important.”
Participant 1 also commented “So, it is basically allow you to like... simulate what
it would look like””. Based on the discussion, the implementation of the models and
framework will augment the richness of the story through its characters. Moreover,
the story can be designed depending on the player’s actions and choices to the NPCs.
These multiple endings will thus provide a new experience to the players (STORY,
SCENARIO).

4. Serious Games There is a potential to design a serious game with this framework and
models. The models provide the capability to design a realistic but limited simulation
on how people should behave based on a specific event designed to a specific scenario
(SCENARIO). The framework gives the capability to read player’s facial expressions
and mapped them to the games (FEATURES). Serious games for autism players was
one of the game example discussed in the workshop. With the supervision of the
experts, the game will be a potential tool to help the player to understand and display
the appropriate emotions. The player’s scores or points, for example, will be reduced

if they can not identify the correct emotions displayed or are not able to reproduce the

Thttp://www.thelastofus.playstation.com /index.html
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same emotions acted by the game characters (FEATURES, SCENARIO).
5. Evaluation Tools Finally, Participant 1 argued that the framework and models could

be potentially utilised as evaluations tools in real scenarios with the supervision of
the experts (SCENARIO). We can implement the models and framework to a virtual
character and test it with the real human to get the overview of the real emotions
responses (EMOTION). A more interesting way to test the framework and models
is to test it with a real human and see whether with the same event stimulated to
both real and virtual human, would produce identical behaviours. Participant 1 also
suggested that “it would be nice if you could load up two characters simultaneously and
have it side by side comparison, to... to... to be able to see the differences reactions
to different inputs.” (FEATURE). Furthermore, Participant 2 suggested that more
details dialogue in the conversation provided in the tool would make more realistic to

simulate a particular scenario (FEATURE).

7.5 Conclusion

During the design workshop, the participants concluded that the framework and models pro-

vide the ability to enrich the game characters by shaping them with the variable of emotions,

personality and social relationship (RQ1, RQ2 and RQ5). Current conventional game de-

sign still using a static manner to the character’s parameters. However, with this models

and framework, the designers are now able to dynamically design the character emotions,

personality and social relationship to the game. The models and framework offer many pos-

sibilities for character designers to make it easy to see what the design implication are to

games directly and the characters in real time and thus speed up the design process. The

participants thought it would be perfect if the tool can load up two characters simultaneously

and see the difference between the character with the same event evoked to the characters.

A more detail conversation would also provide more realistic to simulate some scenarios.



Chapter 8

Discussion

This thesis presents computational models of emotions, personality and social relationship for
virtual human as well as a modular framework for a social-affect-aware game that focuses on
the social interaction between player and virtual human. The models allow the game designer
to design a character for games with rich personality, able to convey emotions and forge a
social relationship with the players by manipulating the value of the variables in the models
and framework. The framework provides an opportunity to provide a new interaction form
resulting in enhancing the player’s experiences when playing games by enabling the player to
use their facial expressions and simple words to interact with the virtual human. The models
and framework were implemented in several game scenarios with simple social interaction
through affective loop experiences. This thesis also explores virtual human and human
interaction in the wild. Several data were collected from the players’ interaction to craft the
interaction rules for the virtual human from the studies. The results of the studies indicate
that the players were able to clearly perceive the virtual human’s personality in accordance
to the one set to them. The players were also able to forge social relationships with them
and perceive the relationship they have with them immediately when it changed. There
were significant improvements in the players’ experiences in the games with the models and
framework implemented. Particularly the emotional involvement with the virtual human

resulted in a positive enhancement to the game immersion.

205
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8.1 Research Contributions

8.1.1 The Models and Framework

This thesis proposes a modular and integrated framework for social and emotional virtual
human, complete with the ability to develop simple social relations with the player over
time, by extending an existing framework for building emotion-oriented systems, SEMAINE
(Schroder 2010) and implementing it in a game environment. In addition, this thesis also
introduces integrated computational models of emotions, personality and social relationships
for a formulation of ruled based action selection to enrich the interaction between players
and the virtual human (shown in Chapter 3). The models were carefully shaped from the
basis of existing theories, from the field of psychology and social sciences. These models and
framework are aimed to fill a research gap in providing a social-affect aware framework to

develop a game.

The implementation and evaluation of the framework and computational models are demon-
strated in Chapter 4, 5, and 6. Those chapters present the process of establishment of
natural and believable interaction between a player and game companion to create affective
loop experience that is informed by the process of encoding and decoding of social signals
exchanged between the player and game companion. Moreover, Chapter 7 illustrates the
potential of the proposed framework and computational models to be implemented in the
game industry. With the ERiSA models, the game designer will have an opportunity to
create a believable game character by providing a rich characteristic from the personality,
induced emotions and provide the ability to forge relationships with the players. The ERiSA
models were formed from an existing theory from the field of psychology and social sciences.
The primary focus of the models is to manipulate three behavioural variables that are mostly
induced to the virtual human to increase their believability. Some excellent works have been
done in this area; however, only a few of them take into consideration the interaction between
those components. Most games are also still implementing static emotions and relationships

where the effect of the emotions and relationships between the players and NPCs are still



8.1. Research Contributions 207

using a “click-based” system. This method results in the virtual human generating the same
static behaviours over and over again thus allowing the players to predict the behaviours
and affecting negatively to the players’ experiences when playing the game and interacting
with the NPCs (Ochs et al. 2009). Nevertheless, in the real world, emotions, personality and

social relationships would have influences on each other (see Figure 3.1).

The framework and computational models are asynchronously communicating with each
other with ActiveMQ. Hence, it provides the possibility to plug and play components to the
framework without causing any issues to the system, as long as they are using the same
topic in sending and receiving messages. The second game scenario, The Skyrim game
demonstrates the ability to plug and play components of the framework. In this scenario,
several components of the framework were used in addition to additional components of the
Skyrim implemented to the framework (e.g. the part of dialogue manager and the output
system). Moreover, the framework consists of Memories that are stored in XML based files
as the configuration files to the virtual human. The files consist of a static memory file is
generally never be updated apart from the initial design of for game balancing and a dynamic

memory file where it will frequently be updated (see Appendix C).

This thesis argues that a virtual human equipped with the computational models and frame-
work will increase the player’s experiences when playing the game and provide the empirical
evidence gathered from some studies done in two game and interaction scenarios to validate
this argument. Moreover, based on the discussion on the workshop design attended by game
designers who have been working for three to four years that the models and framework
offer many possibilities for game character designers to make it easy to see what the design
implication are to games directly and the characters in real time and thus speed up the
design process. The workshop’s participants also mentioned that the ERiSA framework and
models could be implemented to design a game that involves emotions and social relation-
ships elements. Mainly games such as crowd simulation, life simulation, character-driven
and serious games (see section 7 for the details). The studies (i.e. The Smile Game and The
Skyrim Game) demonstrate that the game designers could incorporate the framework and

models with the game design, particularly in the game levelling and story. In both studies,
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the variable personality was used to adjust the difficulty of the game. In The Smile Game,
nice personality virtual human resulted in easier opponent to defeat and vice versa. In The
Skyrim Game, nasty personality virtual human provides more challenges to get info from
them and vice versa. There are of course some limitations of the models and frameworks.
The face recognition and face expression recognition system in the framework only capable
of recognising and processing one person at one time. The dialogue system was also not
able to fully understand all the user’s utterance as the system is only capable of spotting
some words. Finally, not all facial action units or emotions can be synthesised due to the

limitation of the rule-based system in the Action Manager component.

8.1.2 Data Collections for Interaction Rules in Games

Chapter 4 and 5 present the design and protocol to collect and craft the interaction rules
for the virtual NPCs in the game environment to support the creation of affective loop ex-
periences. Collecting information of interaction between human-human and human-virtual
human in a public setting is paramount to create a reliable virtual human. This is due to the
uncertainty of the interaction in the public space setting. The Smile Game studies conducted
in the Public and Semi-Public space setting demonstrate proved this notion. This thesis col-
lects more than three thousand annotations as the ingredient to craft the interaction rules
(both conversational and game) for the virtual human. The data were collected from The
SEMAINE Database Corpus, recording of Human-Human interaction and Human-Agent
interaction in some The Smile Game studies setting. Ideally, collecting data of social inter-
action is favoured to craft the behaviour rules for virtual human, however, in reality, we are
limited in time and resources to collect and process the data. On the other hand, collecting
insufficient data might lead to improper behaviours shown by the virtual human as there
are not enough data to be learnt by the virtual human. Therefore, the ideal condition to get
adequate behaviour for the virtual human is to balance the data with the dialogue manager
technique. To do so, first, we need to understand what would people generally ask and do

during social interaction with a virtual human in the public space setting. The analogy is
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like learning a new language to communicate with a foreigner. The first step is to learn
words and sentences that the foreigner use in a particular situation (e.g. asking the price,
asking the direction). Moreover, we can learn how normally the foreigner behaves during the
interaction by copying them. In such manner, we need to simulate a real interaction between
people and virtual human in the public space. We could use the Wizard of Oz technique to
simulate a system that is not fully functioning yet to collect data as well as to evaluate the
system (Green & Wei-Haas 1985b). There were two categories of interaction in this thesis,
namely interaction during social conversation and interaction during the game (playing).
Therefore, this thesis demonstrates two major annotation schemes, Dialogue Acts annota-
tion (Austin 1975) and FACS Ekman et al. (2002a). The Dialogue Acts annotation aims to
annotate verbal (e.g. interlocutor’s utterances) and FACS annotation aims to annotate the

user’s behaviours when playing the game (e.g. when attacking, defending, or others).

In total, forty-six adult participants participated in the data collections with a total of
103 interactions. Ten of them participated in the Human-Human interaction data collec-
tion, while the other 36 were interacted with the virtual human and being video and audio
recorded. Chapter 4 provides details of the data extraction, and annotation from an ex-
isting interaction corpus, The SEMAINE Database Corpus and Chapter 5 illustrates an
exhaustive detail on the methods and results of the data collected from the Human-Human
interaction and Human-Agent interaction in The Smile Game studies setting to produce
behaviours specific to our scenarios. As an initial step to craft the interaction rules between
the virtual human and the players, the transcripts of the conversations between a human
and an operator controlled virtual agent from The SEMAINE Database Corpus McKeown
et al. (2012) were annotated. The transcripts were annotated with Dialogue Acts annota-
tion Austin (1975). There was a total of 2100 annotations from 40 transcripts, composed
in 54 dialogue acts. The adjacency pair approach was adopted to determine pairs of the
utterances. For example, a dialogue act of ask-wh-question-aboutagent can be paired with
answer-wh-question-aboutagent. From there, a set of dialogue rules can be crafted. It is
also possible to add valence to the answer depends on the emotions of the virtual human

by annotating the valence at the end of the dialogue acts. For example: Suppose a default
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utterance to reply ask-wh-question-aboutagent is answer-wh-question-aboutagent, then the
augmented version with a happiness emotion induced to the virtual human is answer-wh-

question-aboutagent-posEmotion.

The second data collection was aimed to collect the interaction data about what type of be-
haviour people playing the Smile Game would exhibit and then implement those behaviours
and interaction rules to the virtual human in The Smile Game. To collect the data, ten
students were recruited to play the Smile Game with each other in pairs while being video
and audio recorded. The interaction videos then were annotated using FACS coding sys-
tem Ekman et al. (2002a). In a total of five sessions and a total of 18 games, sixty-two
annotations were collected. The annotations were classified into two categories: Attack and
Defend with 40 annotations belong to the Attack classification and 22 belong to the Defend
group. Moreover, the interaction video also contributes a set of patterns of behaviour shown
in this kind of the game. From there, the patterns were implemented as the virtual human’s

strategy to win the game by adopting a finite state’s approach (see Figure 4.4).

Finally, additional interaction rules were also collected during the interaction between the
players and the system in some The Smile Game studies to see what would the players talk
about with a virtual human in a game setting. A total of additional 19 dialogue acts were
extracted from a total of 871 annotations from the players and virtual human interaction
in The Smile Game setting (see Table 5.5). The challenge to collect the data was how
to simulate a natural interaction between players and virtual human. There were several
challenges: First, using the WoZ technique potentially slowed down the flow of interaction
due to the time taken by the Wizard to choose or type the best reply to the user. Second,
the participant should interact naturally while also aware that they are being video recorded
due to ethical reason. Third, some of the data were collected in the public space, where
there were too many noise (i.e. sound and light), causing some of the data were unable to
be processed due to the extensive noises. This might be an excellent dataset to extract voice

using some approach similar to The Cocktail Party Problem (Haykin & Chen 2005).
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8.1.3 Social Interactions with Game Companions

Games serve as a perfect tool to evaluate the affective loop systems (Yannakakis & Paiva
2014). In the game’s virtual world, the players are continuously engaged and interacted with
the game elements. During the interaction, the players are to be likely to elicit emotions
as a response to the interaction with the virtual human in a game (i.e. NPC). There is
no unified guideline to evaluate the believability of the virtual human as no unified set of
qualities to define believability. Hence, the evaluation would take place in the user’s opinions
regarding the virtual human’s behaviour, personality, the flow of the interaction, and the
entire experience during the interaction (Bogdanovych et al. 2016, Lee & Heeter 2015).
This thesis presents the evaluation of the user’s experience when interacting with a virtual
human in a game setting. Moreover, this thesis also demonstrates the exploration of virtual
human and human social interaction in the wild. Chapter 3, 4, 6, 7 show the simulations
and evaluation of social relationship models between a player and game companion based
on the affective loop experience created between them. Moreover, in Chapter 3, 4, and
6, the players were evidently able to see and rate the relationship they have towards the
virtual humans (i.e. game companions) immediately. There was a total of 115 participants
who were interacted with the virtual human in a total of 215 interactions across the two
scenarios. The first scenario was The Smile Game, where a human player who abides in the
real world played with a virtual human who inhabits a virtual world. The second scenario
was The Skyrim Game, where an avatar represented the human player, who played with a
virtual human in the virtual world. The scenarios were designed to support the affective loop
(Hook 2008) between human and virtual human in the laboratory, semi-public and public
setting. In an affective loop system, the user should experience emotions constructed in
the interaction. The emotions process also arise from social context during the interaction
between them. Both scenarios provided evidence that there is an increase in player experience
when playing the game with the additional influence of interactive emotion, personality and
social relationships to the virtual human’s behaviours. Furthermore, the players reported
that they were more emotionally involved and attached with the characters and the game

when the framework and models were activated in the game.
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From the studies done in Chapter 6 and focus group discussion described in Chapter 7, the
framework and computational models allow players to play not only using a conventional
game controller but also use their facial expressions to control the choices, actions of the
characters, and the story of the game. In Chapter 6, the players reported that the game
with the framework and computational models activated in the game, where they were able to
use their facial expressions as an additional game input to interact with the NPCs, resulting

in the enhancement of their experiences when they were playing the game.

Lessons Learnt from The Smile Game

Chapter 5 provides a numerous number of affective loop experience data between human-
virtual human in the wild. In the initial study of The Smile Game, the players and the
virtual human interacted in a lab setting. The initial study was intended to be a pilot study
to explore the potential of the models and framework as well as to explore the interaction loop
between human and virtual human in a game setting. The players were able to perceive the
personality set to the virtual human correctly. The players were also reported that they could
see the social relationships with both virtual humans improved in the second encounter with
them. This due to a simple strategy on remembering the player’s face using facial expression
recognition and called the player by their name. By doing so, it provides an illusion that the
virtual human actually knew the player Hall (1966). From the technology, the virtual human
received a relatively low score in their response time and naturalness in the conversation due
to the ASR module but scored quite high in their naturalness when playing the game. The
virtual human naturalness during the game was a statistically significant higher than in the
conversation as in the game, the virtual human did not require to use the ASR module
(t =7.32,p < 0.001,SD = 0.68 and t = 4.70,p < 0.001,SD = 0.96 for Poppy and Spike
respectively). This due to the microphone used in the pilot study was the built-in microphone

from a webcam.

In the semi-public and public setting, the personality set to the virtual human was still

consistently perceived correctly by the players. Most of the players perceived Poppy as a
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nice and friendly person, while Spike as a rigid, rude, unpleasant character who was almost
impossible to defeat in the game. Most of the players were happy to interact with Poppy
but irritated by Spike when playing the game. This indicates that the personality models
could be utilised as a mechanic for game levelling, where Poppy could be set as a first level
“Boss” and Spike could be the last level “Boss” and in the middle of the game, the player
could encounter the transition between Poppy’s personality with Spike’s personality. Up
to the author’s knowledge, there is no game exists yet that implements personality as a
difficulty adjustment in the game. This thesis demonstrates that personality could be used
as a variable to adjust the difficulty in the game (both The Skyrim Game and The Smile
Game evaluation support this claim). Unfortunately, due to the result of the experimental
setting of the semi-public and public space Smile Game studies and a relatively low turnout
of the pilot studies, we could not evaluate the social relationship models. By nature, it is
challenging to evaluate the social relationship variable in the semi-public and public space
setting as there is a low probability that the same person would come and interact with
the virtual human more than once. Unless the user/player is a regular in the place where
we deploy the virtual human. Hence, a different setting is required to evaluate the social

relationship models.

The players’” arousal in the semi-public was statically significantly higher compare to the one
in the public area , Z = 7.3, p < 0.001. While the players’ valence was statically significantly
higher in the public space, Z = 5.73,p < 0.001. This indicates, in this game, players were
more attentive and expressive in a semi-public area. However, the players showed their
enjoyment more when playing in a public space. As in the public area, the players were
with their families or friends when playing the game. The players’ valence and arousal were
increasing at the beginning of the game and relatively steady in the middle throughout to
the end of the game in both spaces, except for the valence in a semi-public space. In general,
the peak of players’ arousal and valence was seen in the almost end of the interaction before
it went down approaching zero at the very end of the interaction. The interaction reached
its climax when the players showed their best effort to make the virtual human smile as

the music indicated that the game was approaching its end. Some of the limitations of the



214 Chapter 8. Discussion

system are: The system is only capable to process one player’s facial expression and face
recognition at a time; The system is currently not capable of dealing with occlusion (e.g.
candies and ice cream) against the player’s face; The system still not able to deal with noises,
both sounds and lights; The social relationship module is only partially evidently evaluated
in The Smile Game scenario due to the setting. Finally, there is an ethical issue should be
raised in using this framework and models. To be able to recognise the user/player, the
system is required to capture several pictures of the player’s face and store it to the system.
The pictures then are used as training data to be used in the next interaction. Hence, a

consent form is needed to get permission to do the face capturing and storing process.

Lessons Learnt from The Skyrim Game

The second game scenario was The Skyrim game with a total of 60 interactions and a total
play time of 18.16 hours and 2091.63 hours in real and game time respectively. The aims for
the study was to investigate if imbuing affective loop during the interaction with the virtual
human (i.e. NPC) in a game will increase the player’s experience in the game. The study
also demonstrates that personality and social relationship variable can be implemented as
the game balancing and levelling system in the game. The quest of the game was to build
a relationship with two characters in the Skyrim world and get a sword from them. The
favourite strategy to build relationships with the NPCs was giving favourable items to them,
with exploring Skyrim together as the second choice of strategy. Forty percent of players
decided to go towards negative relation with Max as their game strategy to get The Sword.
This indicates that different parameters of the variables in the models can be utilised as
tools for game designers to design the game balancing and levelling. For example, High
Neuroticism in the Personality model and low Social Relationship Intention character can

be the ultimate challenge to the players to finish the quest.

The results clearly indicate that the game with the models introduced in the game provides
more experiences to the players. With the models implemented, the players feel more engaged

and emotionally immersed in the game and the characters when playing with both NPCs.
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Players reported a significant increase in the engagement level with the game (p < 0.01). A
significant difference was also found in the players’ emotional attachment to the game and
the NPCs with the models implemented (p < 0.01). Moreover, the models enriched the game
story, increased the players’ curiosity how the game would progress (p < 0.01). From the
short interview, most of the players preferred the NPCs with models. The models provide

an interesting flow to forge the relationships with NPCs.

Moreover, A Wilcoxon Signed-Ranks Test indicated that players’ arousal was statically sig-
nificantly higher with models implemented, Z = 8.4,p < 0.001 and Z = 8.71,p < 0.001,
with Max and Stella respectively. In addition, players’ valence was also significantly higher
with models implemented, Z = 3.1,p < 0.05 and Z = 7.75,p < 0.001, with Max and Stella
respectively. Negative valence also occurred in the interaction with model implemented Max.
Players’ arousal and valence were significantly higher when playing with model implemented
Stella compare to Max, Z = 3.75,p < 0.001 and Z = 6.47,p < 0.01, respectively. On the
contrary, there was no significant differences between players’ arousal and valence when inter-
acting with baseline Stella compare to Max, Z = —1.674,p = 0.5 and Z = —1.6509, p = 0.1,

respectively.

8.1.4 Summary

This thesis provides empirical findings of a natural and believable interaction between a
player and virtual human leading to create affective loop experience that is informed by the
process of encoding and decoding of social signals exchanged between the player and game
companion. (RQ1, shown in Chapter 3 - 7). The framework and computational models
proposed and described in Chapter 3 allow the system to capture the user’s (e.g. player’s)
emotions from their facial expression captured by a camera. The system was also capable of
capturing the user’s utterances from a microphone. The computational models of emotions,
personality, and social relationship then process the user’s emotions and utterances to update
the system’s internal states (e.g. emotions, social relationship perception towards the user)

and propose the best response to be shown to the user. Chapter 4 to Chapter 6 show that the
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proposed framework and computational models have been evaluated with several scenarios.
The results indicate that in general, the majority of the participants were enjoyed to have the
affective loop interaction with the system (Shown in Chapter 4 to Chapter 6). However, the
system is limited to a very noisy environment, affecting the Automatic Speech Recognition
Module. In Chapter 5, most of the participants broke their interaction with the system due

to the system’s ability to understand what the participants said to the system.

The repeated interaction between a player with the virtual human creating a natural and
believable social relationship between them based on the affective loop experience (RQ2,
demonstrated in Chapter 3, 4, 6, and 7). The computational models allow the system
to mathematically compute the value of the system’s (i.e. virtual human’s) emotions and
social relationship perception between the system and the user. Chapter 3 illustrates the
simulation of the emotions and social relationship computational models with a sequence of
events where a user was interacting with two virtual humans with a different personality.
From the pilot study of The Smile Game (Chapter 4) and the Skyrim game (Chapter 6),
players also reported that they could see what kind of relationship they have with the virtual
human from the virtual human actions and attitudes towards them in the game. However,
the limitation of the computational models proposed is that there are quite a number of
variables to be adjusted to create the best value for each variable to a virtual human.
Moreover, the user is required to interact with the system repeatedly to see the effect of the

social relationship computational models to the interaction quality between them.

They also notified the changes in the relationship between them immediately (RQ3). In
Chapter 4, the participants were able to tell the changes in their social relationship imme-
diately in the second session of the game (p < 0.001 for both Poppy and Spike).However,
the participants somehow did not see the relationships would change the quality of their
interaction. In Chapter 6, the participants were also able to tell what relationship they have
with a game companion in a game immediately from the questionnaire and their attitudes
shown by their facial expressions, gestures, and verbal cues. In contrast with the Smile Game
Scenario evaluated in Chapter 4, in this study, the changes in the social relationship had an

effect to the participant’s experience when playing the game, where there was a statically
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significant improvement in the game experiences when the computational models activated

in the game compared to the one with-out computational models activated.

Moreover, this thesis also presents on how to collect and craft the interaction rules for the
virtual human in a specific game scenario (RQ4, illustrated in Chapter 4 and 5). Chapter
4 shows that the interaction rules were collected and annotated from the human-human
interaction. The audio-visual recording data were annotated using the Facial Action Coding
System (FACS) (Ekman et al. 2002a) for the participants’ facial expressions as well as a
transcription from the participants’ utterances. Moreover, the interaction rules were also
augmented using The SEMAINE Database Corpus (McKeown et al. 2012) annotation (with
Dialogue Act annotation scheme (Austin 1975)). Chapter 5 also demonstrates the additional
interaction rules collected from the participants’ interaction with Poppy and Spike in the

Pilot, WoZ, and Fully Automatic System.

From The Skyrim Game study, the players reported that they enjoyed more the game with
the framework and models induced in the game allowing the player to use their facial expres-
sions as an additional input to the game controller. The aspects enhanced in the player’s
experiences are the player’s engagement and emotional attachment to the story, game and
characters. The players also became more curious on how the game would progress (RQ6,
shown in Chapter 6). However, not all game genre suitable to implement the framework,
and models proposed and having the player’s facial expressions as an additional input to
the game controller. A game with rich-story, such as Role Playing Game or Visual Novel
genre would be the best type of game to have this framework, and computational models

implemented.

Finally, the series of the evaluation demonstrates the exploration of the human-virtual human
interaction in the several settings (i.e. lab, semi-public and public) (RQ5). Chapter 4 and
6 shows the evaluation of the human-virtual human interaction in a lab scenario. Chapter
5 illustrates the evaluation of the interaction in semi-public and public settings. In a public
setting, the participants showed statistically higher valence in the public space setting (p <

0.001) than in the lab or semi-public space setting. While, the participants’ arousal was
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statically significantly higher in the semi-public space setting, compared to the interaction
in the public space setting (p < 0.001). Finally, in the public space, the system encountered
a couple of problems related to the noise, lightning, and position of the system and the
participants. However, the series of the evaluation provides a numerous number of human-
virtual human interaction data to be explored (shown in Chapter 5), where there is not many

research done in this area.

8.2 Possible Applications

With ERiSA framework and computational models, the VH designers will be able to design a
VH that can perceive and exhibit emotions, has a unique personality and capable of building
a simple relationship with the user. Several possible applications can be built by using the
ERiSA framework and computational models. Following are the area of applications that

the ERiSA framework models can be implemented:

8.2.1 Entertainment

The ERiSA models and framework provide a tool to design a game that provides more
realistic interaction between game characters and players to a game designer. Personality
model provides the uniqueness of each game character to enrich the game story and can
be implemented as a game levelling system where characters with some personalities require
more advanced strategy to deal with, compared to the others. Emotions model accommodate
the emotional attachment to the characters leading to the increase of the game immersion and
engagement. Social Relationship model supports the virtual human to forge a relationship
with the players leading to the increase of the game engagement and experience. The designer
can design a game with multiple endings depending on the social relationship status with

each character.

Moreover, the ERiSA models and framework provides additional inputs for players to interact
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with the game characters by using more natural modalities for interactions such as their facial
expressions and spoken dialogue. Games with social and affect-driven characters such as Milo
Project is now possible to be developed by implementing ERiSA models and framework.
With the ERiSA models, players now can design not only the game character’s outer layer
of the outfit or appearances but also their personality. This is to say that the players will be
able to create a character that represents themselves or someone they know in the virtual
world. More examples of the potential of the ERiSA models and framework to design games
are described in section 7.4.3. This would potentially shift the paradigm to design a game
from a linear story scripting to a dynamic story scripting. Also, the designers would be able

to explore new interactions form to enhance the player’s experience.

The ERiSA models and framework can also be implemented to animate a physical embodi-
ment by using a microcomputer such as Raspberry Pi to create an emotionally and socially
aware toy with a unique personality. With the ERiSA models, the user can interact with
the toy with limited dialogue and other non-verbal communications such as emotions from
facial expressions, voice, and touch. Those patterns of interactions eventually will form a

relationship between the user and the toy.

8.2.2 Business and Marketing

Some big companies have started to implement virtual human technology to help their
operational activities primarily in the activity that involving customers for instances: virtual
human for customer service, help centre, etc. However, the current technology is still far
away to be called as a virtual human, as it is still a simple chat-bot with a knowledge of only

about a specific topic (e.g. information about the company, information about the products

and FAQs).

With the ERISA framework and models, the designers now can induce emotions, personality
and the ability to build a social relationship with the customers, to the virtual human. The
designer also can introduce models of empathy to the virtual human, where it can be a key

to build a relationship with the customers. If the relationship is successful, the company
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will be able to easily market their product to the customers by persuading them to buy a
new product or recommending them a new product based on the customers’ preferences.
Moreover, the virtual human can also be used as a good tool to collect customers’ data
more naturally compare to filling in the survey. The virtual human can interact with the
customers naturally while collecting their data such as what is their favourite food, colours,

where do the customers usually buy their milk, etc.

8.2.3 Medical

The models and framework can be used as a tool to build a virtual human for training
purposes in the medical area. Virtual human implementation to the medical area, in general,
has a great advantage. It provides a real-life simulation to the doctors or nurses for training
purposes without potentially risking the patients’ lives. Moreover, previous studies show
that patients were more comfortable to have a conversation with a virtual therapist compare
to the real one as a virtual therapist would not judge them nor having prejudice toward

them.

The models provide the opportunity for doctors or nurses to train with a virtual human with
different personalities. The traits can be replicated from real patients. Moreover, with the
models and framework, the doctor and nurses can train on how to build social relationships
with the patients through a virtual human. The designers can build a specific scenario based
on a real medical case. By following the methods describes in this thesis on how to collect
interaction rules based on real interaction video, the designers should be able to replicate
the method and implement it to the medical scenarios. However, this should be done with

the supervision of the experts in the field.
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8.2.4 Education and Training

In education, a virtual human is generally used as training and assessment tools because
they have the unique ability to engage with students. The models provide the capability to
design a realistic but limited simulation on how people should behave based on a specific
event designed to a specific scenario. The framework also provides the capability to read the
player’s facial expressions and mapped them to the games. For examples: a simulation to
teach children how to behave appropriately in public. Children will get points if they can
display appropriate behaviours, evaluated by their facial expressions, emotions from voice
and choices, given a specific scenario. Another example is a serious game for autism players.
With the supervision of the experts, the game will be a potential tool to help the player to
understand and display the appropriate emotions. The player’s scores or points, for example,
will be reduced if they can not identify the correct emotions displayed or are not able to

reproduce the same emotions acted by the game characters.

For a teacher, the models and framework can be used to create virtual students/pupils to
interact with. The virtual students can be designed to have a unique personality. Hence
the teacher can learn how to interact with each student and build a relationship with them
leading to trust. Theory of motivation and goal can be induced to the models to create a
more realistic virtual student, so each virtual student will have a different goal/motivation

to study.

8.3 Future Work

There are some problems remain to be solved and need to be addressed in future work. The
author aware that the system is still not ready to run fully automatically in a public space,
as the environment, can be very noisy, affecting the sensors (e.g. microphone for automatic
speech and emotions recognition and camera for non-verbal behaviours analysis). As the
framework is a collection of integrated and modular tools, it is indeed quite tricky to get

the system to run smoothly. A flaw in one tool can cause to the decrease of the virtual
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human believability. The most problematic problem is the ASR module. However, there are
some solutions to this problem. Either implement an excellent commercial ASR API that
provides better models for speech such as Nuance or Google Speech API or builds and train
the models in a specific scenario. In addition, a trained model of noise in the background

can be implemented to filter the noise.

This thesis only demonstrates a game system that interprets emotions from the player’s
facial cues. However, in a real-world scenario, human interpret emotions through multi-
modal cues. Though the framework allows the designers to interpret emotions by using
multi-modal cues, there is still an ongoing question on how to fuse the information from
multiple cues. For example: which cues hold the essential information for the emotions and
if the information from each cue contradict each other, which information should the system
use? Also, in which level should the fusion take part (low, medium, high). The level fusion
would need to be studied (Valstar 2008). It could be different for each scenario depending

on the purpose of the application.

The interaction rules in this thesis are still manually hand-crafted. This would require an
enormous number of time and labour to create the rules. With machine learning, statistical
models can be designed to learn the interaction rules automatically. Several scenarios can be
designed to collect the data. For example, the scenarios demonstrated in this thesis: human-
human-computer interactions (or human-human interaction with machine-mediated) and
Wizard of Oz with human and virtual human interaction with the real system or human.
Moreover, the interaction rules crafted in this thesis would only work best with specific
scenarios described in this thesis as there are insufficient data to generalise the behaviours
to all possible scenarios. Additional rules generation might be required for each scenario.

However, the interaction rules described in this thesis might be re-used in a similar scenario

(e.g. RPG games).

The scenarios in this thesis only implemented to a portion of a game (i.e. only several levels
or quests). The models and framework can be evaluated in a full-scale game. The models

can be implemented as part of the game design to enrich the game story or can be used to
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create a serious game. This thesis demonstrates game scenarios where the player is in the
real world while the virtual human is in the virtual world and both player and virtual human
are inhibiting the virtual world. It would be interesting if we can bring the NPCs to the real
world and playing with the player in the real world. This would be possible as the model and
framework also allow the implementation into a physical embodiment by using affordable
tools like raspberry pi to a sophisticated robot such as NAO! that can be controlled through
BML (Le & Pelachaud 2012).

thttp://www.robotlab.com/
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Attacks and Defences

Table A.1: List of Additional Jokes

UTTERANCES (level)

Hello, love (1)

For the love of God (1)

In the beginning, God created the heavens and the earth (1)

The voices in my head may not be real, but they have some good ideas! (2)

Never, under any circumstances, take a sleeping pill and a laxative on the same night (2)
Don’t you have something better to do? (3)

I have two sons; both are boys (3)

I have two daughters; both are girls! (3)

They who laughs last thinks slowest(3)

You know you are fat when you hug a child, and it gets lost. (3)
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Figure A.1: Attack Behaviours Lv. 1
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Figure A.2: Attack Behaviours Lv. 2

gﬁ
§

Figure A.3: Attack Behaviours Lv. 3
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Figure A.4: Defend Behaviours Lv. 1
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Figure A.5: Defend Behaviours Lv. 2
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Figure A.6: Defend Behaviours Lv. 3
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SMILE GAME EVALUATION FORM

DATE AGE ETHNICITY
SESSION GENDER
POPPY
On a scale of 1-56 how would you rate your relationship with Poppy?
Mo Relationship Mot Close Quite Close Close Very Close

On a scale 1-5 how would you view the following characteristics of Poppy?
(Energy, positive emotions, talkativeness)

Extraversion

Very Low Low Medium High Very High
MNeuroticism (Sensitive/nervous, negative emotions, anger, anxiety)

Very Low Low Medium High Very High
How natural was vyour interaction with Poppy during the conversation?
Very Unnatural Unnatural Awverage Matural Very Matural

On a scale 1-5 how would vou rate

Poppy's respons

e time during the

conversation?

Very Slow Slow Awverage Fast Very Fast
How natural was your interaction with Poppy during the game?
Very Unnatural Unnatural Awverage Matural Very Matural
SPIKE
On a scale of 1-5 how would you rate your relationship with Spike?
Mo Relationship Mot Close Quite Close Close Very Close

On a scale 1-5 how would you view the following characteristics of Spike?
(Energy, positive emotions, talkativeness)

Extraversion

Very Low Low Medium High Very High
Meuraticism (Sensitive/nervous, negative emotions, anger, anxiety)

Very Low Low Medium High Very High
How natural was vour interaction with Spike during the conversation?
Very Unnatural Unnatural Awverage Matural Very Matural

On a scale 1-5 how would you rate

Spike's response time during the conversation?

Very Slow Slow Awverage Fast Very Fast
How natural was vyour interaction with Spike during the game?
Very Unnatural Unnatural Average Matural Wery Matural

Figure B.1: Evaluation Form for The Smile Game Pilot Study



230 Appendix B. FEvaluation Forms
r The Uni:.re:situ of
# | Nottingham
THE SKYRIM GAME PRE-QUESTIONNAIRE

Mame Ethnicity

Age Date

Gender Played Skyrim before YES NO

Instructions

In the table below, for each statement 1-50 mark how much you agree with on the scale 1-5, where 1=disagree,
2=slightly disagree, 3=neutral, 4=slightly agree and 5=agree, in the box to the left of it.

Rating

Rating

1. Am the life of the party.

. Have little to say.

2. Feel little concern for others.

27

Have a soft heart.

3. Am always prepared.

28.

Often forget to put things back in their proper place.

4. Get stres=ed out easiy.

28.

Get upset easity

5. Hawve a rich vocabulary 30. Do not have a good imagination

5. Don't talk a lot 31. Talk to a lot of different people at parties.
7. Am interested in people 32. Am not really interested in others

2. Leave my belongings arcund 33. Like order.

5. Am relaxed most of the time. 34, Change my mood a lot.

10. Have difficulty understanding abstract ideas 35. Am quick to understand things

11. Feel comfortable around people. 38. Don't like to draw attention to myself
12. Insult people. 37. Take time out for others.

13. Pay attention to details. 38. Shirk my duties

14. Worry about things. 39. Have frequent mood swings.

15. Have a vivid imagination 40. Use difficult words.

16. Keep in the background. 41. Dont mind being the center of attention.
17. Sympathize with others’ feelings. 42. Feel others’ emotions.

18. Make a mess of things. 43. Follow a schedule

19. Seldom feel blue. 44. Getirritated easily

20. Am not interested in abstract ideas 45, Spend time reflecting on things.

21. Start conversations. 45, Am guiet around strangers.

22. Am not interested in other people’s problems. 47. Make people feel at ease.

23. Get chores done right away. 48. Am exacting in my work

24, Am easity disturbed. 49, Often feel blue.

25. Have excellent ideas 20. Am full of ideas

Figure B.2: Pre Questionnaire Form

for The Skyrim Study
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THE SKYRIM GAME QUESTIONNAIRE - STELLA

The University of
Name Session z_u_—“._“__.._@_.-m_._._
Date —
Do you see Stella as someone who w.nqo_._m____ _.P__n_m zm;:m.quqmm A little Strongly
Dizagree Dizsagree nor Disagree Agree Agree
1 positive thinking
2 negative thinking
3 generates a lot of enthusiasm
4  |tends to be quist
5 i outgoing, sociable
-] iz depressed, blue
T is relaxed, handles siress well
] can be tense
9 worries a lot
10 |is emotionally stable, not easily upset
11 can be moody
12 |is sometimes rude to athers
Strongly Heither Agree A little Strongly
Disagree Disagree nor Disagree Agree Agree
13 Stella is someone that you can count on to listen when you are very
angry at semeone else
14 |lrealy like Stella
15 |1am familiar with Stella
16 |l1am close with Stella
. . Very slightly . . .
| fell ... when linteract with Stella a little Moderately quite a bit extreamely
or not at all
17 |Happy
18  |Angry
19 |Sad
20 |Afraid
21 Disgust
22 |Surprise
Strongly A little Neither Agree A little Strongly
Disagree Disagree nor Disagree Agree Agree
23 |Playing seems automatic
24 |llose track of where | am
5 |l play without thinking about how to play
28 |l feel like | just cant stop playing
27 |l really get into the game
28  |If someone talks to me, | don't hear them
29 |l felt that | really empathised/felt for with the game
30 |ldid not feel any emotional attachment to the game
31 | was interested in seeing how the game's events would
progress
33 | sometimes found myself to become so0 involved with the
game that | wanted to speak to the game directly

Figure B.3: Pre and Post Stella’s Questionnaire Form for The Skyrim Study




Appendix B. Evaluation Forms

Apn)g WLIAYG 9y [, 10] WLIO dIIRUUONSON{) S XRIN IS0 PUR 21 g 2INSIq

Aaanp sweb au) 0} yeads 0 pajues | JeY} swed
U URM PRAJOALI OF BLI0I2G 0] 540 PUNOY SIWNALIOS | e
ssa.b0ud
pinoss sjuass sawed sy soy Suisas w pRIEaIaU SEA | ke
alWed ay) 0} JUSWUDIERE |BUONOWS AUB |82} JOU PIR || OF
aweb sy} ypm Joj yaypesiyiedws fesd | JeQl 8L || 62
WaY} JeSy LUOR | 'SW 0} SY|B} SUOSWOS §|| 8T
awed ay ol 120 eat || 4T
Guifed dojs jued jenl| 2y 2=y || oF
Aed 03 moy noge Duyuiy noypm Aed || 5
We | 2iaym jo yoely a0 || T
JBWOINE SWass Oulkeld| £F
aaaby aa1by aaabesig Jou azabesig aaabesig
AGuociyg Y 2210y Jaypan A AlGuociyg
asuding| 77
End=ig] 12
PlEYY| DE
PES| 6L
Abuy| g
Addey| 41
flawesayxs uq e sunb fayeaspoy s e lIe 3 30U 10 KB ULAN JOBISIUN | UBYM T B) |
’ ; ’ Apubys faap i )
¥EP UUAL 2E0ID WE || G
XEP| upss Jequej we || g
e Al Aleat || ¢l
3E|8 9U0aWos 1B AuDue
AuaA 218 NoA USYM USIS) 0] UO JUnoD UBd nok JBY} SU0SWOS S XBJY £k
aaiby aaibesig Jou azabesig aaibesig
Kbuoss aa1by Jaynan Y Kbuoss
£12UJ0 0} 2pN) SIWNBWOS 8| 7L
Apoow aquea| ||
1@sdn Arses Jou ‘a|gels Aeuonows S| QL
o e sslom| g
asuslaquea| g
|[BAh S584)5 SS|pUBY ‘paxEIRL S| L
an|g ‘pessaudsp | g
a|geoos ‘Buobino = [
aink ag o) spusy| &
WEBISNYIU2 J0 J0| B sajeiauab| ¢
Buyuyy aAnebau z
Bupjuiyy saysod| |
aa1by aa1by aalibesig Jou aaibesig aaibesig -~ OYM BUOSWOS SE XEJ 385 No 0g
AlGuciyg 2 Y 2216y 1aypay ARy AlGuciyg
| —— 2led
_._._m_._@—.__:_oz uolssag aLWEN

Jo Aysianiun ayl

XVIN - HIYNNOILSIND VO WIFAMS IHL



233

The University of

&' | Nottingham

WORKSHOP QUESTIONNAIRE

Mame Ethnicity

Age Date

Gender How long have you been in Game Industry 7
Instructions

In the table below, for each statement 1-50 mark how much you agree with on the scale 1-5, where 1=disagree,

2=slightly dizagree, 3=neutral, 4=slightly agree and 5=agree, in the box to the left of it.

Rating

Rating

1. Am the life of the party.

Have little to say.

2. Feel little concern for others.

27.

Have a soft heart.

3. Am always prepared.

28.

Often forget to put things back in their proper place.

4. Get strezzed out easily.

prath

Get upset easity

5. Hawve a rich vocabulary 30. Do not have a good imagination

5. Don't talk a lot 31. Talk to a lot of different people at parties.
7. Am interested in people 32. Am not realty interested in others

8. Leave my belongings around 33. Like order.

5. Am relaxed most of the time. 34. Change my mood a lot.

10. Have difficulty understanding abstract ideas 35. Am quick to understand things

11. Feel comfortable around people. 36. Don't like to draw attention to myself
12. Insult people. 37. Take time out for others.

13. Pay attention to details. 38. Shirk my duties

14. Worry about things. 39. Have frequent mood swings.

15. Have a vivid imagination 40. Uze difficult words.

16. Keep in the background. 41. Den't mind being the center of attention.
17. Sympathize with others' feelings. 42. Feel others’ emotions.

18. Make a mess of things. 43. Follow a schedule

19. Seldom feel blue. 44, Get irrtated easily

20. Am not interested in abstract ideas 45. Spend time reflecting on things.

21. Start conversations. 45. Amquiet around strangers.

22. Am not interested in other people’s problems. 47. Make people feel at ease.

23. Get chores done right away. 48. Am exacting in my work

24, Am easily disturbed. 49, Often feel blue.

25. Have excellent ideas 50. Am full of ideas

Figure B.5: Pre Questionnaire Form for Design Workshop
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XML Format for The Framework

Listing C.1: Rules for Intentions and States

3

4

10

11

12

13

14

15

16

17

18

19

20

1 <?xml version="1.0"7>

2 <rules>

<rule id="R1">
<words>
<word value="hello” />
</words>
<states>
<state name="$playerstates.intention” value="greeting” />
<state name="$dialoguestates.topic” value="greeting” />
</states>
</rule>
<rule id="R2">
<words>
<word value="hello *” />
</words>
<states>
<state name="$playerstates.intention” value="greeting” />
<state name="$dialoguestates.topic” value="greeting” />
</states>

</rule>

21 </rules>

234
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Listing C.2: Game Companion’s Data

1 <?xml version="1.0"7>

2

3

4

10

11

12

13

14

15

<actors>

<agent id="A1">

<firstname>Poppy</firstname>

<lastname>Williams</lastname>

<datebirth>4</datebirth>

<monthbirth>5</monthbirth>

<yearbirth>1852</yearbirth>

<gender>female</gender>

<openness>0.0</openness>

<conscientiousness>0.0</conscientiousness>

<extraversion>0.5</extraversion>

<agreeableness>0.0</agreeableness>

<neuroticism>0.0</neuroticism>

<pWeight>0.02</pWeight>

</agent>

</actors>

Listing C.3: Agent’s Utterances

11

12

13

14

15

<?xml version="1.0"

<utterances>

encoding="UTF-8” standalone="no” 7>

<agent name="Poppy”>

<category name="
<phrase id="1"
<phrase id="2"
<phrase id="3"
<phrase id="4"
<phrase id="5"

</category>

<category name="
<phrase id="1"
<phrase id="2"
<phrase id="3"
<phrase id="4"

greeting”>

value="Hello $NAME, how are you?” />
value="Hi $NAME, How was your day?” />
value="Hello $NAME, welcome to SMILE GAME’ />
value="Hi $NAME, How’s everything going?” />
value="Hello $NAME, Good to see you.” />

respondpos”>
value=" Amazing!” />
value="That’s wonderful!” />
value="That’s great!” />

value="1"m happy to hear that!”/>
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16

17

18

19

20

21

22

23

24

25

<phrase id="5" value="Fantastic, I love to hear it!”/>
</category>
<category name="ask—wh—question—aboutusername”>

<phrase id="1" value="Hi,you look new for me.What’s your name?” />

<phrase id="2" value="Hi,What was your name again?” />

<phrase id="3" value="Hi,What’s your name?” />

<phrase id="4” value="How may I address you?” />

<phrase id="5" value="Hello there ,What’s your name?” />

</category>

</utterances>

Listing C.4: Agent’s Background Story

[

[V

10

11

12

13

14

15

16

17

<?xml version="1.0" encoding="UTF-8” standalone="no” 7>

<bgStories>

<agent value="Poppy’>
<bgStory id="BG1” subject="self” location="Salisbury” topic="
aboutAgent” day="8" month="3" year="1987" affinity="1.00">
<story id="1” value="$SUBJECT was born at small city called $
LOCATION” />
<story id="2” value="$SUBJECT was born on $DATE’ />

</bgStory>

<bgStory id="BG2” subject="self” location="Salisbury” topic="aboutGame
" day="22" month="11" year="1995" affinity="0.90">
<story id="1” value="My mom introduced $SUBJECT to The Smile Game on
$DATE” />
<story id="2" value="$SUBJECT learned to play The Smile Game when I
was a kid. It was my mom who introduced me to the game.” />
</bgStory>

</agent>

<agent value="Spike”>
<bgStory id="BGl” subject="self” location="Sheffield” topic="

aboutAgent” day="3" month="8" year="1988” affinity="0.80">
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18 <story id="1" value="$SUBJECT was born at $LOCATION” />

19 <story id="2” value="$SUBJECT was born on $DATE’ />

20 </bgStory>

21

22 <bgStory id="BG2” subject="self” location="London” topic="aboutGame”

day="16" month="8" year="1998” affinity="0.70">
23 <story id="1" value="My friend Tom introduced $SUBJECT to The Smile
Game on $DATE” />
24 <story id="2" value="$SUBJECT learned to play The Smile Game when I
was in primary school. My classmate Tom was the one who
introduced me.” />
25 </bgStory>

26 </agent>

28 </bgStories>

Listing C.5: Social Relationships Data

1 <?xml version="1.0" encoding="UTF-8” standalone="no” 7>
2 <SocialRelationships>

3  <relation actorA="Al1" actorB="P1” id="R1” value="0.05">
4 <affinity>0.5</affinity>

5 <familiarity>1.0</familiarity>

6 <dateFirstMet>10</dateFirstMet>

7 <monthFirstMet>7</monthFirstMet>

8 <yearFirstMet>2014</yearFirstMet>

9 <hourLastMet>11</hourLastMet>

10 <minuteLastMet>2</minuteLastMet>

11 <secondLastMet>35</secondLastMet>

12 <dateLastMet>18</dateLastMet>

13 <monthLastMet>1</monthLastMet>

14 <yearLastMet>2016</yearLastMet>

15 <maxFamiliarity>1000.0</maxFamiliarity>

16 <decayRate>0.12</decayRate>
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17 <halfLife>0.12</halfLife>
18 <intentionAffinity>0.02</intentionAffinity>
19 <interactionNumber>10.0</interactionNumber>

20 </relation>

2

-

</SocialRelationships>

Listing C.6: Known Faces Database

<?xml version="1.0" encoding="UTF-8” standalone="no” 7>

=

M

<players>

<player id="1">

w

4 <name first="Andry” last="Chowanda” />

5 <birth date="8" month="3" year="1987" />

6 <face id="1" path="/Models/CSV/FaceDB/CHOO0.JPG” />
7 <face id="2" path="/Models/CSV/FaceDB/CHO1.JPG” />

g <face id="3" path="/Models/CSV/FaceDB/CHO2.JPG” />
9 <face id="4" path="/Models/CSV/FaceDB/CHO3.JPG” />
10 <face id="5" path="/Models/CSV/FaceDB/CHO4.JPG” />
11 <face i1d="6" path="/Models/CSV/FaceDB/CHO5.JPG” />
12 <face id="7" path="/Models/CSV/FaceDB/CHOG.JPG” />

13 <face 1d="8” path="/Models/CSV/FaceDB/CHOT7.JPG” />
14 <face id="9” path="/Models/CSV/FaceDB/CHO8.JPG” />
15 <face id="10" path="/Models/CSV/FaceDB/CHO9.JPG" />

16 </player>

17 </players>




[This page intentionally left blank]
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