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Abstract

Emotion modeling is a multi-disciplinary problem that has managed to attract a
great deal of research work spanned to a wide spectrum of scholarly areas starting
at humanistic science fields passing through applied sciences and engineering and
arriving at health care and wellbeing.

Emotion research under the umbrella of IT and Computer Science was extensively
successful with a handful of achievements especially in the last two decades. Affective
Computing is an I'T originated systematic research area that strives to best model
emotions in a way that fits the needs for computer applications enriched with affective
component.

A comprehensive Affective Computing based system is made of three major com-
ponents: a component for emotion detection, a component for emotion modeling, and
finally a component to generating affective responses in artificial agents.

The major focus of this dissertation is on developing efficient computational mod-
els for emotions. In fact most of the research works presented in this dissertation
were focused on a sub problem of emotion modeling known as emotion regulation at
which we strive to model the dynamics of changes in the emotional response levels of
individuals as a result of the overt or covert situational changes.

In this dissertation, several emotion related problems were addressed. Modeling
the dynamics for emotion elicitation from a pure appraisal approach, investigating
individualistic differences in emotional processes, and modeling emotion contagion
as a type of social contagion phenomena are a few to name from those conducted
research works.

The main contribution of this dissertation was to propose a new computational
model for the problem of emotion regulation that is based on Affect Control The-
ory. The new approach utilized a hybrid appraisal-dimensional architecture. By

using a.fuzzy modeling approach, the natural fuzziness in perceiving, representing

vi
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and expressing emotions was effectively and efficiently addressed. Furthermore, the
combination of automata framework with the concept of bipolar emotional channels
used at the heart of the modeling processes of the proposed model has further con-
tributed to promote the behavior of the model in order to exhibit an accepted degree

of human-like affective behavior.

Vil

www.manharaa.com




Dedication

[ am truly grateful to my parents for their limitless giving since the moment that I
first opened my eyes and noticed the light of their love and kindness that had always
shielded me from all negatives.

I am sincerely thankful to my loving, patient and hard- worker wife who was
always beside me during all the happy and hard moments that we spent together
during my PhD studies, where she did all the best to create an atmosphere of love
and convenience for our family; without her sincere efforts, this dissertation would
have never seen the light.

Besides, I do not forget naming my three angels who always and by their innocent
acts gave me the energy and power to carry on in achieving something that would
make them feel proud of their daddy.

This dissertation is lovingly dedicated to my dear parents, wife and children for

their continuous support, encouragement and true love.

viil

www.manaraa.com



Acknowledgements

I would like to take the opportunity at the beginning of this dissertation document
to acknowledge those who played an important positive role in my doctoral studies
journey.

First and foremost, I would like to thank my PhD advisor, Dr. Ziad Kobti for
his continuous support, kind and professional guidance during almost 5 years of my
doctoral studies. His remarks and advises always illuminated the pathway to fulfill
one of my major dreams to get to this level of expertise.

Besides, T would like to express my gratitude to the respected members of my
PhD committee, Dr. Christine Thrasher, Dr. Dan Wu, Dr. Xiaobu Yuan for their
valuable time, interest and comments about my research work. Furthermore, my
special thanks go to the external examiner, Dr. Myounghoon (Philart) Jeon for his
interest and valuable feedbacks about this dissertation.

In addition, I would like to acknowledge the efforts and support from my friend
and roommate Pooya Moradian and appreciate the nice discussions and moments

that we shared together.

X

www.manaraa.com



Contents

Declaration of Co-Authorship / Previous Publication . . . ... ... ... iii
Abstract . . . . . .. vi
Dedication . . . . . . . .. viii
Acknowledgements . . . . . ... ... ix
List of Tables . . . . . . . . . . xiv
List of Figures. . . . . . . . . . . . . xXvi
List of Appendices . . . . . . . . ... xXxi
Preface . . . . . . . xxii

1 Introduction 1
1.1 Problem Statement . . . . . . .. .. .. ... L 1
1.2 Research Goal . . . . . . . .. .. .. 5t
1.3 Research Methodology . . . . .. .. ... .. ... ... ....... 5
1.4 Dissertation Overview . . . . .. .. . . ... ... . 6

2 Emotion Modeling 7
2.1 Introduction . . . . . . .. Lo 7
2.2 Modeling Approaches . . . . . . . . ... 9
2.2.1 Appraisal Models . . . . . ..o 10

2.2.2 Dimensional Models . . . .. ... ... ... 12

www.manharaa.com




2.2.4  Computational Models of Emotion . . . . ... ... ... .. 15

2.3 Toward a Fuzzy Approach for Emotion Generation Dynamics Based

on OCC Emotion Model . . . . ... ... ... ... ... .. 17

2.3.1 Introduction . . . . . . . ... 17

2.3.2 Computational models of emotions . . . . .. ... ... ... 21

2.3.3 Proposed approach . . . . . . .. ... ... ... 26

2.3.4 Problem formulation . . ... ... ... ... ... 35

2.3.5 Simulation experiments and discussion . . .. ... ... ... 50

23.6 Conclusion. . . . . . ... 58

24 Conclusion . . . . . ... Lo 59

3 Emotion Regulation 60
3.1 Imtroduction . . . . . . . ... 60

3.2 An adaptive computational model of emotion regulation strategies

based on Gross theory . . . . . . . .. .. ... ... ... ... ... 62
3.2.1 Introduction . . . . .. ... 62
3.2.2 Related work . . . . ... oo 63
3.23 Grossmodel . . . . ..o 64
3.2.4 Bosse and colleagues computational model . . . . . . . .. .. 65
3.2.5 Overview of the model . . . . . . .. ... ... ... ..... 66
3.2.6 Details of the computational model . . . . . . ... ... ... 68
3.2.7 Ourapproach . . .. .. ... ... ... 71
3.2.8 Simulation experiments and discussion . . . .. ... .. ... 79
3.2.9 Conclusion and future work . . . ... .. ... ... ... .. 88

3.3 A Fuzzy Logic Computational Model for Emotion Regulation Based

on Gross Theory . . . . . . . ... L o 91

3.3.1 Introduction . . . . .. ... 91

3.3.2__Emotions . . . . . ... 92
xi

www.manaraa.com



3.3.3 Proposed computational model . . . ... ... ... ... .. 94

3.3.4 Simulation experiments and discussion . . . ... .. .. ... 103
3.35 Conclusion. . . . ... .. ... .. 107
3.4 Conclusion . . . . . . . .. e 108
Emotion Contagion 109
4.1 Introduction . . . . . . . . . .. 109

4.2 Toward a Computational Model for Collective Emotion Regulation

Based on Emotion Contagion Phenomenon . . . . . . .. ... . ... 111
4.2.1 Introduction . . . . . . .. .o 111
4.2.2 Related studies . . . . . .. ... oo 112
4.2.3 Ourapproach . . .. .. ... ... o 113
4.2.4 Simulation experiment and discussion . . . . . .. .. ... .. 116
4.2.5 Conclusion and future directions . . . . . . .. ... ... ... 118

Fuzzy Computational Model for Emotion Regulation Based on Af-

fect Control Theory 119
5.1 Introduction . . . . . . .. ..o 119
5.2 Emotion Modeling . . . . .. .. ... 121
5.2.1 Theoretical frame work . . . . . . .. .. ... 121
5.3 Events and Affect Control Theory . . . . . . ... .. ... ... ... 125
5.3.1 Events as EPA Vectors . . . .. .. ... .. .. ....... 127
5.3.2 Modeling Events Using ACT Dimensions . . . . .. ... ... 131
5.3.3 Mood . . ... 139
5.4 Proposed Computational Model . . . . . . .. ... ... ... .... 141
5.4.1 Fuzzy Automata . . . . ... ... ... 142
5.4.2 Fuzzy Transitioning Function . . . . .. ... .. .. ... .. 143
5.4.3 Automata Algorithms . . . . .. ... ... ... ... 146
xii

www.manaraa.com



5.5 Experiments and Discussion . . . . . ... .. ... ... ... .. 148

5.6 Conclusion . . . . . . . . 154

6 Verification and Partial Validation of the Proposed Emotion Model:

Event-Emotion Matrix in a Healthcare System 156
6.1 Introduction . . . . . . . .. ... 156
6.2 Computational Models of Emotion . . . . ... ... ... ...... 158
6.3 Proposed Computational Model at a Glance . . . .. ... ... ... 160
6.4 Experiments and Discussion . . . . . .. ... ... ... ... ... 162
6.5 Conclusion and Future Directions . . . . . . .. ... .. ... .... 172
7 Conclusions 174
REFERENCES 178
APPENDICES 188
AppendixA . . . . L 188
AppendixB . . . ..o 189
AppendixC . . . . . L 190
AppendixD . . . . . . . e 191
VITA AUCTORIS 192

xiil

www.manharaa.com




List of Tables

2.1  Mapping of OCC emotions into PAD space [36] . . . .. .. ... .. 26
2.2 List of agent’s goals and events along with their impact on each goal

for both agents . . . . . .. ... oo 50
2.3 Temporal dynamics of the occurring events . . . . . . .. ... .. .. 5l
2.4 List of emotion-eliciting actions along with their valence, degree of

involvement, possible outcome event and degree of action unexpectedness 55

2.5 Temporal dynamics of actions performed by both agents . . . .. .. 55
3.1 Summary of model variables . . . . ... ... o 00000 68
3.2 Mood octants of the PAD space[36] . . . . . ... ... ... ... .. 74
3.3 Mapping of some OCC emotions into PAD space[36] . . . . . . .. .. 75
3.4 Values of parameters used in the simulation . . . . . . . . . .o .. ... 80
3.5 Events desirability and corresponding emotions . . . ... ... ... 96
3.6 Intensity computing rules [90] . . . . .. .. Lo 96
3.7 Listofagent’sgoals . . . .. ... ... ... .. ... .. .. 103

3.8 List of events’ occurrence time along with their impact on each goal . 104

5.1 List of appraisal variables used in the proposed model . . . . . . . .. 130

5.2 Association of the appraisal variables to the dimensions of affect control

5.3 Basic potency values for individual emotions [36] . . . . . . . ... .. 139

Xiv

www.manaraa.com



5.4 List of agent’s goals and events along with their impact on each goal . 149

6.1 List of goals for both agents . . . . . ... ... ... ... ...... 164
6.2 List of relevant events for a patient agent . . . . . . ... .. ... .. 164
6.3 List of relevant events for a nurse agent . . . . . . . ... ... ... 165
6.4 TImpact of events on goals for patient agent . . . . . . .. .. .. ... 165
6.5 Impact of events on goals for nurse agent . . . . . . . . ... ... .. 167
6.6 Positive event emotions correspondence: adopted partially from [8] . . 168
6.7 Event emotion matrix: adopted partially from [79] . . . . . .. .. .. 170

XV

www.manharaa.com




List of Figures

1.1 the Inter-disciplinary architecture of Affective Computing . . . . . . . 4

2.1 A- recursive property of situation-response relation. B- temporal rep-

resentation of figure A. here, three cycles are drawn back-to-back [42] 11
2.2 The two dimensional space for core affect [99] . . .. ... ... ... 12
2.3 PAD vector for emotion pride . . . . .. ... ... ... ... ... . 14

2.4 A process model for emotion regulation. According to this model,
emotion may be regulated at five points in an emotional experience:
(a) selection of the situation, (b) modification of the situation, (c)

deployment of attention, (d) cognition change, and (e) modulation of

experiential, behavioral, or physiological responses. [45] . . . . . . .. 15
2.5 PAD vector and mood octant [113] . . . .. ... ... L. 24
2.6 OCC action-originated emotions. Adopted partially from [83] . . . . . 25
2.7 OCC event-originated emotions. Adopted partially from [83] . . . . . 25
2.8 OCC object-originated emotions. Adopted partially from [83]. . . . . 25
2.9 Event’s fuzzy degree of impact on individual’s goals [117] . . . . . . . 28
2.10 Calculated event’s desirability for both agents . . . . . . . . ... .. 51

2.11 Intensity of all events-originated emotions for agent p; during the sim-

ulation . . . ..o 53

2.12 Global mood level changes as a result of occurred events . . . . . .. 53

2.13 Calculated praiseworthiness of actions for both agents . . . . . . . .. 56
xvi

www.manaraa.com



2.14 Intensity of all actions-originated emotions for agent p; during the

simulation . . . . . . .. L 57

3.1 According to GROSS model, emotions can be regulated at five distinct
points in the emotion generative process [42] . . . . . .. ... .. .. 66
3.2 Domain knowledge function with a = 10: Knowledge levels over time 80

3.3 Results for experiments 1 and 2: fixed versus variant «,,. The graphs depict

ERLand vis . . . . . . ... 81
3.4 The role of mood state in the regulation process . . . . . . . . . . . ... 84
3.5 Extremely high versus extremely low values for the modification factor a, 86

3.6  The performance of the regulation process with costs lined to the domain

knowledge of the agent . . . . . o oo e 87
3.7 Emotion regulation process . . . . . . ... ..o 94
3.8 Emotional response for any emotion expressed using five fuzzy sets. . 96
3.9 Trend of ERL for a fuzzy-based learning agent . . . . ... ... .. 104
3.10 Desirability measure for occurred event . . . . . . ... ... . 106
3.11 Trend of ERL for a non-learning agent . . . . . . ... ... .. ... 107

4.1 The NEN model of emotion regulation dynamics. There are four pro-
cesses by which an emotional state can change. (i) An emotional agent
transmits its emotion to a neutral agent with rate «. (ii) A neutral
agent becomes emotional as a result of an emotion-triggering event at
rate a. (iii) An emotional agent becomes neutral as a result of being
exposed to other neutral agents with rate 5. (iv) An emotional agent
spontaneously becomes neutral as a result of a reversed event at rate b.
ng and ny represents the population of emotional and neutral agents
respectively. . . . . . Lo 114

4.2 Collective ERL for all agents of both emotional and neutral margins 116

xvii

www.manaraa.com



4.3 Dynamics of agent population changes as a result of spontaneous emo-

tion contagion and regulation interventions . . . . . .. ... .. .. 118

5.1 appraisal processes. A- recursive property of situation-response rela-

tion. B- temporal representation of figure A. here, three cycles are

drawn back-to-back [42] . . .. ..o Lo 122
5.2 The two dimensional space for core affects[99] . . . . ... ... ... 124
5.3 Rating scales for measuring the three dimensions of affect control the-

ory, EPA [47] . . . . .. 124
5.4 A process model for emotion regulation. According to this model,

emotion may be regulated at five points in an emotional experience:

(a) selection of the situation, (b) modification of the situation, (c)

deployment of attention, (d) cognition change, and (e) modulation of

experiential, behavioral, or physiological responses. [45] . . . . . . .. 126
5.5 Response level for sad-happy emotional channel instance expressed us-

ing five fuzzy sets . . . . .. ..o L 127
5.6 Overall activity level for an event calculated from its appraisal compo-

nents of urgency, unerpectedness and likelthood . . . . . . . . .. .. 137
5.7 Fuzzy automata for the five fuzzy states for the emotional channel of

sad-happy. Here, the fuzzy states are HighlySad, SlightlySad, Neutral,

SlightlyHappy and HighlyHappy. The stimuli are the set of five events,

e1 —es. The number beside each event indicates the fuzzy membership

value for the related transition . . . .. .. ... .. ... .. .... 143
5.8 EPA components calculated for all events of the automaton . . . . . . 150
5.9 Emotion response level changes as a result of occurred events . . . . . 151

5.10 Partial fuzzy transition automaton for experiment 2. Only transitions

initiated from state HF are shown here . . . . . . . .. ... .. ... 152
5.11 The shortest reliable transition sequence from HF to SR states . . . . 153
xviii

www.manaraa.com



6.1 Fuzzy automaton for the five fuzzy states of the sad-happy emotional
channel . Here, the fuzzy states are HighlySad, SlightlySad, Neutral,
SlightlyHappy and HighlyHappy. The stimuli are the set of five events,

e; —es. The number beside each event indicates the fuzzy membership

value for the associated inter-state transition . . .. .. .. .. ... 161
6.2 EPA values of all events for the patient agent . . . . . ... ... .. 163
6.3 EPA values of all events for the nurse agent . . . . ... .. ... .. 163
6.4 ERL for patient agent in distress-joy channel . . . . . . . . . ... .. 170
6.5 ERL for nurse agent in distress-joy channel . . . . . . .. .. ... .. 170

Xix

www.manharaa.com




List of Appendices

AppendixA

AppendixB

AppendixC

AppendixD

Permission from the copyright owner to reproduce Articlel from
the Co-Authorship Declaration part included in section 2.3 . . . . 188
Permission from the copyright owner to reproduce Article2 from
the Co-Authorship Declaration part included in section 3.2 . . . . 189
Permission from the copyright owner to reproduce Article3 from
the Co-Authorship Declaration part included in section 3.3 . . . . 190
Permission from the copyright owner to reproduce Article4 from

the Co-Authorship Declaration part included in section 4.2. . . . 191

xx1

www.manharaa.com



Preface

This dissertation document highlights a summary of the major components of my PhD
research work performed at the School of Computer Science, University of Windsor,
during the period of September 2010 and December 2014.

Considering the fact that my research area was a true blend of Computer Science
with humanistic sciences especially Psychology, 1 started my research work with a
dedicated assignment of my time and endeavor to deeply investigate the state-of-the-
art approaches toward addressing the problem of emotions modeling.

That was not an easy job to perform knowing that it was being done by an IT
researcher with quantitative mentality equipped with computing tools and methodolo-
gies that had to deal with a purely qualitative- nature problem yet still controversial
among scientific communities with its special complexities and challenges. Hence, I
spent my first year in my PhD program in studying a variety of methods and hy-
pothesis with respect to modeling emotions and to set the appropriate framework for
approaching this problem from an IT perspective.

Due to the wide recent and prospect applications for affect-enabled software and
hardware products, emotion modeling has managed to create a solid systematic re-
search within the field of Computer Science and in particular Artificial Intelligence
(AT) and Human-Computer Interaction (HCI).

Coming from an Al background, I was able to present my first computational

model for emotion regulation which included modeling the dynamics and processes
xxii
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involved in the mechanism of changes in the emotional states of an individual in the
second year of the PhD program. That model was an expansion of a previous model
that had been developed based on a pure appraisal approach for modeling emotions.
The newer version strived to address some open problems within the original model.
Some augmented models were proposed later.

Considering the differences between different individuals in the perception, inter-
pretation and expression of emotions, I investigated using a fuzzy approach in mod-
eling the emotional processes where better results were obtained in the experiments.
Hence, a fuzzy approach was adopted in all successive models.

Beside the traditional appraisal approach, another important direction in modeling
emotions is the dimensional methodology at which distinct emotion labels lose their
importance and a multi-dimensional space to measure and reflect the affective states
of the individual is utilized instead.

Accordingly, some dimensional models for emotions were proposed. An important
achievement was made in this regard where a dimensional computational model for
emotion dynamics was proposed at which a fuzzy automata framework was used in
the modeling architecture.

The major contribution of my PhD research work that can be mentioned in this
brief summary was a computational model for emotion regulation that was developed
based on a hybrid approach of appraisal and dimensional theories of emotion. This
model which was built according to Affect Control Theory (ACT) managed to exhibit
a high degree of human-like affective behavior. The title of “Fuzzy Computational
Model for Emotion Regulation Based on Affect Control Theory” that is given to this

dissertation was inspired from that contribution.

XX1il
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Chapter 1

Introduction

1.1 Problem Statement

Emotion is a subjective state or feeling that is a result of a complex interplay between
personality traits, mood, context, conscious and subconscious mind, external stimuli
and other factors. At the beginning of this thesis document and in order to have a
well-defined problem statement for this research work, two essential questions need
to be addressed. The first question briefly argues the necessity for studying and
modeling emotions, whereas the second discusses how an emotion related study fits
in a doctoral dissertation in Computer Science.

Emotion is an important component of the human mind and constitutes a non-
detachable element of the personality of different individuals. During our daily life,
emotions play a clearly visible role in affecting our beliefs and manipulating our
cognitive activities such as perception and decision making. Furthermore, they reflect
ready responsive patterns to be used in adapting our thoughts and behaviors to events
and other changes in the environment [4].

Another important aspect of emotions is their dominant role in our social lives.

Most of the different emotions that we experience are rooted in the interactions with
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others including family members, friends, coworkers, strangers and even those people
that might be physically thousands of miles away from us. In such an affective rela-
tionship, each individual plays a dual role of conveying emotional messages to other
parties while keeping the ability to identify and cope with the emotional responses of
the others.

According to the above brief description about emotions and their role in our
lives, it can be stated that emotions have the required capacity to coordinate the
numerous sophisticated somatic and mental processes in humans and to direct them
to effectively respond to the changes of the world in a coherent fashion [96].

With respect to modeling emotions within the field of computer science beside
what it might initially looks as the standard channel for studying emotions within
the fields of humanistic sciences such psychology, cognitive science and neuroscience,
it needs to be stated that computational models of emotions proposed by I'T researcher
do not constitute alternatives for traditional models. In fact, the majority of these
computational models are often grounded in theories originated in psychology or cog-
nitive science but enhanced and redesigned using a more robust scientific method. It
is the case that traditional theories of emotions often use linguistic descriptions to
dissect concepts and to describe the affective processes involved in emotions. Such lin-
guistic models clearly lack several aspects and the detailed processes that are required
for possible implementation. Furthermore, these informal descriptions of emotional
dynamics are usually computationally intractable which makes it extremely difficult
to use them directly in autonomous affective systems where non-human agents mimic
the affective behavior of humans. Besides, the original models are usually very sensi-
tive to the data gathered from case studies used in building them. That fact makes
these models susceptible to errors associated with data collections from surveys and
questionnaires or due to special lab arrangements, which all lead to validation issues

of the proposed models.
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Hence, a crucial step towards developing models with the capability of exhibiting
an acceptable degree of emotional intelligence would be to uncover the hidden details
and assumptions of the emotional experiences, and to have a well-defined framework
for the interactions between different modules involved in affective processes. It is
exactly this point where Computer Science methodologies and Al techniques can step
in to positively reshape the research in this area.

IT based emotion modeling is in fact the process of transforming informal theories
of emotions into detailed concrete and tractable processes that are essential compo-
nents in any computational architecture. Besides, addressing the details and hidden
assumptions in such computational models indirectly extends the scope of the theory.
Therefore, theses models will be a mean for not only making the theories concrete
but also a framework for theory construction [72].

Accordingly, many researchers within the community of computer science and in
particular AT sub fields started looking at this problem in a systematic way dur-
ing the last two decades. The main drive behind such a huge research work done
recently in this area by IT specialists needs to be attributed to the phenomena of
ubiquitous computer-based systems and the astonishing widespread of internet appli-
cations. These easy to use tools have managed to invade almost all affairs of people
lives regardless of their social group or age category. Such popularity along with the
emergence of social networks made the enhancement of computer and Internet-based
applications to exhibit maximal degree of human-like behavior, inevitable. The huge
amount of research work about emotions among Al specialists managed to create a
solid research field in the final years of the last century which was named Affective
Computing (AC) [88].

AC is the study and development of systems that can recognize, interpret, process
and simulate human affects. Calvo and DeMello in [21] argue that “Affective Com-

puting aspires to narrow the communicative gap between the highly emotional human
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and the emotionally challenged computer by developing computational systems that
recognize and respond to the affective states (e.g., moods and emotions) of the user”.
The overall structure of an AC based system will include three major components; a
component to recognize different emotions (e.g., from a person’s facial expressions); a
component to model affect dynamics (e.g., by means of computational models); and
a third component to respond to affective states (e.g., in avatars, robots).

The main goal for AC is to enhance the human-computer interaction experience
by enriching computer applications with an affective component that is capable of
autonomously recognizing and intelligently responding to affective states of the user.
Such a promotion is intended to make the interaction between the user with the
computer agent (e.g., robot, avatar or a simple GUI application) more believable,
usable and enjoyable.

It can be argued that AC is the fruitful result of the interplay between multiple
disciplines. It uses the methods and techniques of Computer Science and in par-

4
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ticular AT in order to enhance the interaction between humans and computers by
means of enriching such relationship to include affective aspects. This augmentation
process entails deep study and concretization of emotional theories and emotion mod-
eling. Fig. 1.1 shows the big picture of the inter-disciplinary architecture of affective

computing.

1.2 Research Goal

The main research goal for this thesis is to build a relatively realistic agent-based
model that simulates the dynamics of affect changes in humans as a result of the occur-
rence of situation-changing events. In particular, it investigates how an affect-enabled
agent will adapt to new situations and how to regulate hyper negative emotions trig-
gered in response to undesired and goal threatening events. Moreover, other aspects
of human’s affective functioning such as emotion generation mechanisms, emotion
contagion phenomena as a special type of social contagion, and affective reasoning

were thoroughly studied and modeled.

1.3 Research Methodology

The methodology that has been used to study and model the underlying processes of

each research topic covered in this thesis was often made of three stages:

o Getting insight about the problem by identifying the properties of the basic
processes that are involved in the problem under investigation through literature

review and possible informal models obtained by empirical studies.

e (Creating an executable model of each process through the computational for-

mulation of those local properties.
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e Simulation of the dynamics of the system, followed by results analysis and

discussion.

This thesis document comprises several research studies that were conducted to ad-
dress different topics under the umbrella of emotion modeling problem. Different
computational techniques and methods proportionate to the nature of the problem
under study were used to effectively and efficiently model the associated processes
of each problem. In most of these research works, a hybrid appraisal-dimensional
approach was used as the main framework for analyzing the affective influence of the
entities that exist in the system. In addition, the proposed models utilized some solid
mathematical modeling techniques such as fuzzy logic and state machines to study

and model the dynamics of the behavior of affective agents.

1.4 Dissertation Overview

The structure of this dissertation is as follows. Following this introductory chapter,
the problem of emotion modeling in general along with some of the existing major
approaches to address this problem is reviewed in the next chapter. At the end of
that chapter, a full computational model for emotion elicitation dynamics is proposed.
Chapter 3, discusses the problem of emotion regulation in details as the main research
area for this thesis. Chapter 4 studies the phenomena of emotion contagion as a type
of social contagion where. The dynamics of population transitions between emotional
and neutral states are modeled. Chapter 5 describes a novel approach to model the
dynamics of emotion regulation based on Affect Control Theory which constructs
the key contribution of this dissertation. The dissection of the proposed model is
followed by a test case at which the model is verified and partially validated. This
thesis document ends by a general conclusion and a few remarks with respect to the

prospects of the future directions of the research.

6
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Chapter 2

Emotion Modeling

2.1 Introduction

Emotion modeling research work within the field of I'T constitutes a sub field that
lays at the edge of Affective Computing and HCI (Human Computer interaction).
Computational models of emotions are generally intended to incorporate an affective
component into computer applications. This research area uses the techniques and
methods from a variety of other major research areas in computer science such as
machine learning, uncertain reasoning, robotics, NLP, Multi-agent systems, and Game
theory in order to promote the mechanisms of interaction between machines and their
human users. By injecting a component of affect into the interfaces of interactive web
applications (e.g., avatar guides) or to the physical machines (e.g., humanoid service
robots), the nature of communication in terms of quality, believability and enjoyment
will be enhanced.

The necessity for enriching current computer applications especially in the fields of
robotics and HCI with an affect component was accelerated due to the findings from
different studies which showed the important role that emotions play in human cog-

nitive tasks and in particular in the process of decision making. Hence, the ultimate
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goal for this research work is to add a comprehensive component of affect (emotion)
to artificial agents in order to enable them to reason about and mimic the emotional
behavior of humans to a high extent.

Prospect applications for emotion models span to a wide spectrum of science and
engineering fields such as psychology, physiology, sociology, computer gaming, HCI
and healthcare. At least two major broad lines can be considered with respect to
this matter. The first would be to track and identify the emotional level of a human
agent at any time to be used as the input to emotionally intelligent applications, such
as those in the fields of robotics, computer gaming and HCI. In such applications,
identifying the affective state of the user is a key item in establishing a successful
affective relationship with the machine. The other direction would be to use these
computational models in the process of emotion regulation, where internal or external
interventions are applied as coping strategies utilized by specialists such as social
behavioral therapists in order to regulate hyper emotional states and their negative
consequences.

The rest of this chapter includes a brief review of some of the major approaches
towards addressing the problem of emotion modeling from different perspectives. Cog-
nitive approaches and in particular appraisal and dimensional theories are dissected
with more details due to the fact that most of the existing I'T based computational
models of emotions were built based on such approaches. At the end of this chapter
a computational model of emotion generation that models the elicitation of all 22
emotions proposed in OCC theory [83] is presented. That model was published under

the following reference:

e Ahmad Soleimani, and Ziad Kobti, Toward a Fuzzy Approach for Emotion
Generation Dynamics Based on OCC Emotion Model, IAENG International

Journal of Computer Science, 41:1, pp48-61, 2014
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2.2 Modeling Approaches

Neural models In affective neuroscience (e.g., [27]), the purpose of modeling
emotions is to help us understand the neural circuitry that underlies emotional ex-
perience. These models offer new perspectives about the manner in which emotional
states influence our health and life outcomes. It is clear that this modeling approach

is beyond the context of this thesis.

Communicative models The communicative approach to model emotions (e.g.,
[102]) is based on a sociological perspective where emotion processes function as a
communicative system. Accordingly, emotions are mechanism for informing other
individuals of one’s mental state; and means for expecting or requesting changes in
the behavior of others. The recent tremendous expansion of social networks has paved
the way for the emergence of numerous applications that analyze emotions and other
affective states of individuals using the easy to access data available through daily

conversations in social networks.

Cognitive models Arnold|[4] is considered to be the pioneer of the cognitive ap-
proach to emotions which is the leading view of emotion in cognitive psychology [7].
According to cognitive modeling of emotions, in order to experience an emotion, an
object or event is appraised as directly affecting the person in some way. In this
approach, appraisal processes that involve a few dimensions such as the novelty of
the experiences, consistency with goals, expectedness, urgency and ability to cope,
are at the heart of the modeling procedure. Cognitive modeling can be divided itself

into three major categories as follows:
e Appraisal models

e Dimensional or core affect
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e Regulation and coping

2.2.1 Appraisal Models

The key idea in appraisal theories is the fact that there exist a strong relationship
between cognition on one side and the affective states and emotions that people
experience on the other side. In other words, emotions are manifestations of often non-
deliberate but complex analysis of the relationship between an individual and his/her
environment. The analytical processes often called appraisals are deeply coupled
with some cognitive processes such as perception, memory, explanation and planing
which are required for an agent in order to understand the relationship between
itself and the environment and to interact effectively with its relevant entities [39).
According to the approach taken in appraisal modeling of emotions, the complexity
of different situations raised as a result of the occurrence of external events and
other types of interactions between an individual and its environment can be eased
through expressing the person-environment relationship in term of a set of dimensions.
These dimensions referred as appraisal variables are often track-able and measurable.
Hence, it can be stated that events by themselves are not the true factors that elicit
certain emotions but rather the way that these events are interpreted according to
the believes, desires and intentions is what shapes the tendencies that beside other
internal interactions yields to the generation and experience of different emotions.
Although different sets of appraisal variables were used in some emotion models
that were built based on an appraisal approach (e.g., [83, 33, 43|), Scherer [103] and
Frijda [Frijda1989] argue that these appraisal variables should be able to address the

following matters in order to be effectively used in the process of emotion generation.
e Relevance (importance) of the situation to the individual.
e Implications on individual’s own goals. (beneficial or harmful)

10
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Figure 2.1: A- recursive property of situation-response relation. B- temporal repre-
sentation of figure A. here, three cycles are drawn back-to-back [42]

e Self/other responsibility of the situation (agency)
e Situation’s degree of controllability over the situation and possible reversibility.
e Degree of expectedness by the individual. (occurrence probability)

e Potentials of coping for the new situation.

On the other hand, an equivalently important aspect beside appraisals themselves,
are the affective responses generated by the agent itself in order to cope with the
new situations arose in the environment. In general, two major categories of coping
strategies exist. Problem-focused and emotion focused [61]. Problem-focused are
those strategies that are aimed at changing the environment in a way that is in-line
with the goals of the agent. Whereas, emotion-focused are those strategies that strive
to influence the internal affective states of the agent in a positive way. Considering
the fact that an emotional response or action will create a new situation which will
be fed back to the appraisal module of the agent, there will be an ongoing chain of

thesessituation-response cycles. Gross [42] describes this approach in Figure 5.1.
11
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Figure 2.2: The two dimensional space for core affect [99]

Appraisal theory was adopted in several psychological hypothesis for emotion mod-
eling such as [83, 33, 43]. The computationally tractable attribute of the OCC model
proposed by Ortony et al. [83] was taken by numerous researchers within the field
of affective computing [88] as the basis for developing a number of computational
models for emotional processes. Later on in this chapter, a computational model for

emotion elicitation processes based on OCC theory is presented.

2.2.2 Dimensional Models

According to dimensional approaches for modeling emotions, affective states and emo-
tions are expressed in terms of the components of a multidimensional space. Russell
[99] considers two dimensions of pleasure and arousal in order to represent and in-
terpret different affective states. He differentiates between simple primitive feelings
which he calls them core affects and other emotional states. Russell argues that core

affects are unlabeled affective tendencies which are often unrelated to specific causes
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or events; whereas events and other types of stimuli are considered to be the ma-
jor triggering cause for other emotions such as fear, anger and surprise. These core
affects usually reside in the subconscious mind when they remain neutral or stable
but become active when there is an alteration in their levels. Consequently a corre-
sponding cognitive function such as perceptual /attentional process will be triggered
to identify the source of alteration. The idea of core affects is depicted in Figure 2.2 .
In this figure, the affective evaluation process of each internal state or external event
is performed based on its dual components of pleasure and activation (arousal) in this
dimensional system.

Another widely used dimensional approach to emotions is the so called PAD sys-
tem. Introduced by Mehrabian [76], PAD interprets different emotional states in
terms of the components of a three dimensional affective space. These affective di-
mensions are pleasure (valence), arousal (activity) and dominance (controllability).
Each emotional state will occupy a point in this coordinate system based on its PAD
values. For instance, Figure 2.5 depicts the position of emotion pride based on its
vector of m = (0.4,0.3,0.3). As another instance, the PAD vector for emotion
fear is PAD — (—0.64,0.60, —0.43). These values indicate that fear is a highly un-
pleasant emotion with substantial level of arousal along with a considerable degree
of uncontrollability (i.e., the sentiment of submissiveness). In addition, longer lasting
affective tendencies such as mood and personality traits are considered in this model
also. Accordingly, the mood of an individual is considered as a mid-term affective
state that is derived by summing and averaging the PAD components of the emo-
tional states of the individual within a certain time interval. With regards to the
personality traits of individuals, a mechanism to link the personality traits such as
extra-version, agreeablity, etc., that are introduced in the five factor model [74] to
the PAD space has been proposed. The PAD space approach has been widely used

by several computational models of emotions.
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Figure 2.3: PAD vector for emotion pride

2.2.3 Emotion Regulation and Adaptation

In emotion regulation, the basic idea is how to regulate exaggerated emotional re-
sponses and to control their intensity levels. Strong evidences (e.g., [27]) have shown
that hyper negative emotions can create serious mental as well as physical problems.
The main focus in emotion regulation is to study the mechanisms of adaptation in
elicited emotions. Different regulation and coping strategies are considered by re-
searchers within this field. According to Gross [43], two categories of regulation
strategies exist; antecedent-focused and response-focused. These two categories are
discriminated from each other based on the timing at which a certain strategy can
be employed during an emotional episode. Accordingly, antecedent-focused strategies
are those that can serve the regulation process before an emotional state has been
fully activated. In other words, they target those emotional tendencies that are most
likely to elicit a certain emotional response in a later time. Response-focused, on the

other side, are those strategies applied to regulate a fully triggered emotional response
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Figure 2.4: A process model for emotion regulation. According to this model, emotion
may be regulated at five points in an emotional experience: (a) selection of the
situation, (b) modification of the situation, (c) deployment of attention, (d) cognition
change, and (e) modulation of experiential, behavioral, or physiological responses.
[45]

as a result of some stimuli or an internal state. Figure 2.4 depicts the full picture for

Gross emotion regulation strategies.

2.2.4 Computational Models of Emotion

Computational models of emotions are often grounded in theories originated in psy-
chology, neuroscience or cognitive science. Such theories use linguistic descriptions to
dissect concepts and to describe the affective processes involved in emotions. These
informal descriptions of emotional dynamics are often computationally intractable
which makes it extremely difficult to use them directly in autonomous systems where
non-human agents mimic the affective behavior of humans. Hence, a crucial step
towards developing models with the capability of exhibiting an acceptable degree

of emotional intelligence would be to uncover the hidden details and assumptions
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involved in emotional experiences, and to have a well defined framework for the in-
teractions between different modules involved in affective processes.

Emotion modeling in fact is the process of transforming informal theories of emo-
tion into detailed concrete and tractable processes that are essential components
in any computational architecture. Besides, addressing the details and hidden as-
sumptions in such computational models indirectly extends the scope of the theory.
Therefore, these models will be a mean for not only making the theories concrete but
also a framework for theory construction [72].

The qualitative nature of the emotion theories proposed within humanistic sciences
such as psychology or human cognition poses an important challenge that impedes
the implementation and broad use of these informal models. Such qualitative models
do not address some key elements such as intensity and duration of an emotional ex-
perience that are required for most of affect-enabled applications. Therefore, building

quantitative models for emotions is inevitable.
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2.3 Toward a Fuzzy Approach for Emotion Genera-
tion Dynamics Based on OCC Emotion Model

Abstract.This paper investigates using a fuzzy appraisal approach to
model the dynamics for the emotion generation process of individuals.
The proposed computational model uses guidelines from OCC emotion
theory to formulate a system of fuzzy inferential rules that is capable
of predicting the elicitation of different emotions as well as tracking the
changes in the emotional response levels as a result of an occurred event,
an action of self or other individuals, or a reaction to an emotion trig-
gering object. In the proposed model, several appraisal variables such
as event’s desirability and expectedness, action’s praise-worthiness and
object’s degree of emotional appealing were considered and thoroughly
analyzed using different techniques. The output of the system is the
set of anticipated elicited emotions along with their intensities. Results
from experiments showed that the proposed OCC-based computational
model for emotions is a an effective and easy to implement framework
that poses an acceptable approximation for the naturally sophisticated
dynamics for elicitation and variation of emotional constructs in hu-

mans.

2.3.1 Introduction

Emotions are inseparable building blocks of human personalities. They are deeply
rooted in most of our desires and tendencies, and influence to a large extent our
intentions and shape our actions. Conversely to the tenet adopted by most past
philosophers, such as Descartes and Paolo who looked at the evil side of emotions and

believed in an eternal conflict between intellect and emotions, contemporary research
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findings (e.g., [10, 28, 31, 62]) emphasize the important role of emotions and their
direct involvement in the process of decision making. Furthermore, emotions help us
to develop an effective coping system that is inevitable to adapt our behaviors to the
different situations that arise from events and continuous changes in the environment.
According to some studies in the field of neuroscience, those individuals who were
unable to feel and experience emotions due to a possible brain damage, have a clear
impairment in making rational decisions [27]. These findings clearly rule out the tenet
that emotions adversely affect the wisdom of individuals and prevent them from being
rational. In short, it can be stated that an emotional component is existent in most
cognitive activities [96].

Considering the fact that human behavior including emotional behavior is a com-
plex and multifaceted construct [16, 81|, it is necessary to look at the problem of
modeling emotional behavior from different perspectives and consider as much as
possible all its psychological, physiological, neurological and cognitive states and as-
pects in order to efficiently model such a complex interplay between the mind, brain,
and the body of humans as well as the interaction between them and the environment.

Beside the traditional theories of emotions by philosophers and psychologists such
as Aristotle, Freud and Darwin that can be tracked in the early stages of human
civilization, studying emotions has recently attracted a great deal of research works
across a variety of domains from applied sciences and engineering to commerce and
business and arriving at public wellbeing and healthcare. A great deal of affect-
enabled applications and commercial products started to emerge in the market as
a result of the recent “affect-awareness” research campaign that showed the high
influence of emotions in almost all cognitive activities, e.g., decision making, within
a broad spectrum of life affairs from entertainment and gaming to healthcare [117].

Within the field of information technology and computer science, an increasing

number of rich research works in the area of emotions can be seen nowadays. Accord-
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ing to Gratch et al. [72], computational models of emotions proposed by computer
scientists are beneficial in three directions. First, they provide an effective framework
for theorizing, testing and refining of emotion hypotheses often proposed within the
field of psychology; second, they can promote the general research work in artificial
intelligence (AI) by enriching it with new techniques and approaches derived from
emotion dynamics modeling; and third, they provide a very effective mean for im-
proving the facilities and methodologies used in human-computer interaction (HCI)
[72].

Affective Computing (AC) can be considered the fruitful outcome of the vast en-
deavor of computer scientists in the field of studying emotions. Despite AC’s relatively
young age, it has managed to turn into a robust well-established research area with
its own professional meetings and scholarly journals. According to its founder, R.
Picard [88], AC is “computing that relates to, arises from, or deliberately influences
emotions” [88].

An AC system strives to fill up the gap between highly emotional people and
emotional challenged machines [21]. Hence, AC is about building computer artifacts
that are more emotionally intelligent, i.e., to recognize (e.g., from person’s facial
expressions or physiological signals emitted from wearable sensors), represent (e.g.,
by building computational models) and respond to (e.g., in service robots or avatars)
affective states.

In the process of building a computational model for emotions, different ap-
proaches such as appraisal (e.g., [83, 44, 81]), dimensional (e.g., [36], [99]), adaptation
and coping (e.g., [73], ) can be used. The proposed model is an appraisal based model
that is inspired by the emotion theory suggested by Ortony, Clore and Collins known
as OCC [83]. The essence of the proposed model, is to use fuzzy appraisal systems

that evaluates the elicitation mechanisms for all the three sets of OCC emotions and
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by using guidelines from the background theory, it would be possible to anticipate
the emotional behavior of the agent in different circumstances.

Fuzzy logic principles were applied by ElNasr et al. [30] to build their fuzzy
computational model of emotion, FLAME. FLAME uses the concept of fuzzy sets
in order to represent and quantify different emotions. At the core of this model, a
set of learning and coping algorithms exist to be used for the purpose of adaptation
performed by the agent in response to the changes of some aspects of the environment.
Some of these aspects are event expectations, patterns of user actions and rewards.
In [68], a fuzzy system was used to map some physiological signals into a point on a
core affective space of arousal and valence. This point then is mapped again into a
set of five emotions using a second fuzzy system.

With respect to the possible applications for the proposed model, two trajectories
are possible. The first direction would be to track and come up with patterns for the
affective responses in the subject individual as a result of the occurrence of a series
of events or reactions to self or other agent’s actions or possible exposures to emotion
triggering objects. Such affective patterns pose the input to emotionally intelligent
systems, e.g., interfaces used in HCI, robotics and computer gaming at which rec-
ognizing the affective state of human users is a crucial piece of information that is
required in order to establish an efficient affective rapport between artificial agents
and their human users [128, 39]. The other direction is the potential usage of such
systems in the fields of neuro-therapeutics and social behavioral therapies through
applying deliberate interventions to control and regulate hyper negative emotional
responses as well as psychological complications [45, 41].

In brief, this article proposes a fuzzy computational model for anticipating the
type and intensity of emotional states experienced by a subject individual as a result
of the occurrence of an emotion triggering event; an action of self or other agent(s);

or facing an emotion triggering object. Furthermore, it investigates the potentials
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for applying some regulatory mechanisms for emotion interventions at which external
stimuli can be used as a mean for controlling negative hyper emotions. It would
appear that this objective is of high importance considering its promising utilization
in psychotherapy where these interventions can be some auxiliary elements such as
audio or video clips similar to those used by Chakraborty et al.[23].

The rest of this article is organized as follows: in the next section, a breif review
of some of the recent computational models of emotions that were built based on an
appraisal approach is presented. Section III reflects the architecture of the proposed
model and it dissects the appraisal processes in details. In section IV, a general for-
mulation of the problem is presented along with the associated emotion computation
modules and algorithms. Next, a detailed description of some of the simulation exper-
iments that were conducted to verify the functionality and evaluate the performance

of the system is given, followed by discussion and conclusion sections.

2.3.2 Computational models of emotions

An important challenge for psychological theories of emotion is their qualitative na-
ture. A qualitative model of emotion does not address some key characteristics that
are essential for a practical implementation in affect-enabled applications and affec-
tive agents. Some of these important aspects are the intensity level of emotional
experiences, the duration of emotional experiences, the interplay between an elicited
emotion and the behavior of the agent as well as the temporal dynamics for such
influence, possible decay patterns for triggered emotions, etc. Such quantitative pa-
rameters are an inevitable part for a formal computational model of emotions.

As mentioned earlier in this article, computational models of emotions have man-
aged to find their own way to many interdisciplinary applications. With respect
to humanistic sciences such as psychology, biology and neuroscience, computational

models of emotions have manifested themselves through models and processes that
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were used to test and improve the formalization of the hypothesis and background
theories [130]. In the field of robotics and in the computer gaming industry, an in-
creasingly number of affect-enabled applications built based on these computational
models can be seen. These computational models are essential for improving the
performance of Human-Computer Interaction (HCI) applications in order to develop
intelligent virtual agents (e.g., avatars or service robots) that exhibit a maximal de-
gree of human-like behavior [13]. A large number of these computational models were
build based on an appraisal approach to emotions constructs. At this point, a brief

description of the appraisal theory is presented.

2.3.2.1 Appraisal theory

Appraisal theory, non-arguably is the most widely used approach in the recent com-
putational models of emotion [125]. Based on this theory, emotions are outcomes
of previously evaluated situations attended by the subject individual and have the
connection between emotions and cognition is highly emphasized. Therefore, emo-
tional responses are generated based on an appraisal or assessment process performed
continuously by the individual on situations and events that take place in the envi-
ronment and are perceived relevant by the individual.

According to the appraisal theory which was formally proposed by Smith and
Lazarus [110], in order to evaluate the different situations that arise in the relationship
between an individual and its environment, a set of appraisal variables or dimensions
needs to be considered. Scherer [103] and Frijda [33] argue that these appraisal
variables should be able to address the affective-relevant aspects of the situation, such
as those listed below, in order to be effectively used in studying the emotion elicitation
process and the dynamics of changes in the emotional behavior of individuals as well

as building computational models.
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Appraisal variables

e Relevance of the situation and its implication on individual’s own goals, (i.e.,

beneficial or harmful)

Self or others responsibility of the situation

Degree of the situation expectancy by the individual

Coping and adjustments potentials for the situation

Changeability or reversibility of the situation

2.3.2.2 Examples of appraisal computational models

EMA Emotion and Adaptation (EMA) [72] is a computational model of emotions
that is built based on the emotion theory proposed by Lazarus|61]. In EMA, the
agent-environment relationships are represented using causal rules that interpret the
emotion elicitation dynamics as well as different adaptation and coping strategies.
In this model, beliefs, desires and intentions of the agent beside past events, the
current state, and possible future world states are all important role players in the
emotional processes. In EMA, two types of causal interpretation exist. One type
is a cognitive process that is slow and deliberative whereas the other is fast and
reactive. Furthermore, it includes a highly detailed system for emotion adaptation
and coping strategies which enables the emotionally intelligent agent to regulate its
hyper negative emotions. In EMA, four categories of such regulation strategies were
considered according to have either attention, belief, desire or intention of the agent

to be the targeted of the regulation process [73].

ALMA A Layered Model of Affect (ALMA) [36] is an OCC [83] based model that
combines three affective components of emotion as short-term, mood as medium-

termpandspersonalitypas long-term factor to express the affective state of individuals.
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Figure 2.5: PAD vector and mood octant [113]

ALMA adopts the approach of Mehrabian [76] in which he describes the mood with
the three traits of pleasure (P), arousal (A) and dominance (D). Hence, the mood
state of the agent is described based on the classification of each of the three mood
dimensions: +P and —P to reflect pleasant and unpleasant, +A and —A for aroused
and unaroused, and +D and —D for dominant and submissive states. These three
discrete components build the so called PAD space where each point represents a
mood state called mood octant (see Fig. 2.5).

Furthermore, in order to initialize the mood states, ALMA uses a mapping be-
tween OCC emotions to the PAD components of the mood octant. Table 5.3 depicts
such mapping between OCC emotions and the PAD space. In the proposed model,
this approach is exploited to calculate the overall mood state of the agent. As dis-
sected in the next section, this quantity is widely used in the calculations of emotion

intensity levels.
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CONSEQUENCES OF

EVENTS
FOR OTHERS FOR SELF
DESIRABLE UNDESIRABLE PROSPECT PROSPECT
| RELEVENT IRRELEVENT
< hope
happy-for gloating 6y
sentiment pity el distress
CONFIRMED DISCOIilFIRMED

satisfaction relief

fears-confirmed disappointment

Figure 2.6: OCC action-originated emotions. Adopted partially from [83]

CONSEQUENCES ACTIONS OF
OF EVENTS AGENTS
SELF AGENT OTHER AGENT
joy
distress
pride admiration
shame reproach

gratification
remorse

gratitude
anger

Figure 2.7: OCC event-originated emotions. Adopted partially from [83]

ASPECTS OF
OBIJECTS

love
hate

Figure 2.8: OCC object-originated emotions. Adopted partially from [83]
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Table 2.1: Mapping of OCC emotions into PAD space [36|

’ Emotion ‘ P ‘ A ‘ D ‘ Mood octant
Admiration 0.5 | 0.3 | -0.2 | +P+A-D Dependent
Anger -0.51 | 0.59 | 0.25 -P-+A+D Hostile
Disliking -04 | 0.2 | 0.1 -P-+A+D Hostile
Disappointment | -0.3 | 0.1 | -04 -P+A+D Anxious
Distress -04 | -02 | -0.5 -P-A-D Bored
Fear -0.64 | 0.6 | -0.43 -P-+A-+D Anxious
FearsConfirmed | -0.5 | -0.3 | -0.7 -P-A-D Bored
Gratification 0.6 0.5 04 | +P+A+D Exuberant
Gratitude 04 | 0.2 | -0.3 | +P+A-D Dependent
HappyFor 04 | 0.2 | 0.2 | +P+A+D Exuberant
Hate -0.6 | 0.6 0.3 -P+A+D Hostile
Hope 0.2 0.2 | -0.1 | +P+A-D Dependent
Joy 0.4 0.2 0.1 | +P+A+D Exuberant
Liking 0.4 | 0.16 | -0.24 | +P+A-D Dependent
Love 0.3 0.1 0.2 | +P+A+D Exuberant
Pity 04 | -02 | -0.5 -P-A-D Bored
Pride 0.4 0.3 0.3 | +P+A+D Exuberant
Relief 02 | -03 | 04 +P-A+D Relaxed
Remorse -0.3 | 0.1 | -0.6 -P-+A-D Anxious
Reproach -03 | -01] 04 -P-A+D Disdainful
Resentment -0.2 | -0.3 | -0.2 -P-A-D Board
Satisfaction 0.3 | -02] 04 +P-A+D Relaxed
Shame -0.3 | 0.1 | -0.6 -P+A-D Anxious

2.3.3 Proposed approach

2.3.3.1 OCC theory

The emotion process model suggested by Ortony, Clore and Collins known as OCC

[83] is a robust and well-grounded appraisal theory for emotion dynamics that was

highly influential in the field of studying emotions. This theory has managed to inspire

many researchers in the field of affective computing. As a result of such influence, a

considerable number of computational models of emotions can be seen today where

OCC was the basis for them (e.g., [36, 73, 30]).

The popularity of OCC among computer scientists can be attributed to the fact

that_this_theory was founded on a well-defined constraint-satisfaction architecture
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approach with a finite set of appraisal dimensions used as criteria for classifying dif-
ferent emotions. Such an approach taken in OCC makes it computationally tractable
and hence, understandable by computer specialists.

The essence of the proposed model is to provide a computational method for the
elicitation dynamics of all 22 emotions included in the OCC emotion theory [83].
The first step toward building a computational model for emotions was to split them
into three categories according to their elicitation causes; those emotions elicited as a
result of some occurred events (see Fig. 2.6); those emotions elicited as reactions to
self or others actions (see Fig. 2.7); and those emotions elicited as a result of being
exposed to emotion triggering objects (see Fig. 2.8).

The elicitation dynamics along with the intensity level calculations were designed
using guidelines from the background theory beside a set of techniques and assessment
processes made on the group of previously selected appraisal variables. An important
point that must be clarified here is the fact that in the proposed computational model,
positive or negative affective reactions or feelings are not considered emotional states
unless they are above certain thresholds. According to such approach, an individual
might feel pleased about an event but that feeling does not elevate to a realistic joy
emotion due to below the threshold level for pleasure. This was the reason behind
eliminating such intermediate feelings from the original OCC model.

With respect to event-originated emotions, according to Fig. 2.6, the first ap-
praisal variable that differentiates the emotions of this group into two sets is the ori-
entation of the event that take place in the system; meaning that whether the utility
of the event is oriented toward the agent itself or some other agent(s). This evalua-
tion process yields to a first level of classification of the emotions into for self or for
others categories. Another classification takes place for self emotions group based
on the prospective appraisal variable that indicates if the event has already taken

place (prospect=False) or would possibly take place in the future (prospect=True).
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Figure 2.9: Event’s fuzzy degree of impact on individual’s goals [117]

A prospective emotion, e.g., hope transforms into a post-prospect emotion of satis-
faction in case of confirmation or disappointment in case of disapproval according to

some temporal dynamics explained in section 2.3.4.

2.3.3.2 Events

The event-originated branch of OCC theory contains emotion types whose eliciting
conditions are directly linked to an appraisal process performed on external events
that take place in the environment and are perceived relevant events by the agent.
Relevance appraisal variable is in fact an indicator for the degree of impact that an
occurred event has on the set of agent’s goals.

In order to present a quantifiable measure for this variable, the term desirability
of events was used in the proposed model. Hence, desirability is a central variable
accounting for the impact that an event has on an agent’s goals, namely how it helps
or impedes their achievements.

An event in the proposed approach, is a situation-changing condition that often
takes place without explicit interventions by other agents. This definition differenti-
ates this type of events from another group of conditions that still might be called

events where they are caused by an agent or they are direct consequences of a de-
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liberate and intentional action. According to OCC theory an event can have several
aspects, each of them possibly triggering a different emotion. In this article it is
assumed that what OCC calls different aspects of an event can be considered as

consequences of the primary event.

Event’s desirability In OCC theory, the desirability of events is close in meaning
to the notion of utility. When an event occurs it can satisfy or interfere with agent’s
goals, and the desirability variable has therefore two aspects; one corresponding only
to the degree to which the event in question appears to have beneficial (i.e. positively
desirable) consequences; and the other corresponding to the degree to which it is
perceived as having harmful (i.e. negatively desirable, or undesirable) consequences.

The desirability of an occurred or prospective event poses the most influential
factor in the specification of the emotion type that will be triggered along with its
intensity. A fuzzy approach is adopted to determine the desirability level of an event.
Accordingly, a fuzzy scale for the desirability consists of five fuzzy sets is considered
as follows:

Desirability = { HighlyUndesired, SlightlyUndesired,

Neutral, SlightlyDesired, HighlyDesired}

The above desirability level is linked to an evaluation process that takes into
account the impact (either positive or negative) of the event on the set of goals of the
agent. Two other fuzzy variables are used to express this impact. Variable Impact
that indicates the event’s degree of influence on one or more goals of the agent (see
Fig. 5.5); and variable importance that reflects the importance or preference of each
goal. Hence,

Impact = {HighlyNegative, SlightlyN egative,

Nolmpact, Slightly Positive, Highly Positive}

Importance = { ExtremlyImportant,
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SlightlyImportant, NotI'mportant}

Considering the fact that an event can have an impact on multiple goals whereas
each goal has its own importance level, the problem of measuring the desirability of
an event would turn into solving a system of fuzzy rules [30].

With regards to the composition of the fuzzy rules in the resulted fuzzy system, a
combination of the sup_min composition technique proposed by Mamdani [67] and
the weighted average method for defuzzification [97| is considered. Using the com-
position approach explained in [30|, we can apply the sup_min operator on Impact,
Importance and Desirability, and hence, the matching degree between the input and
the antecedent of each fuzzy rule can be determined. For example, consider the
following set of n rules:

IF Impact(G1, E) is A4

AND Impact(Gay, E) is As

AND Impact(Gy, E) is Ag
AND Importance(Gy) is By

THEN Desirability(F) is C

Where k is the number of agent’s goals and A;, B; and C' are fuzzy sets. This rule
reads as follows: if event E affects goal Gy to the extent of A; and it affects goal G,
to the extent of As, etc., and that the importance of goal G; is B; and for goal G is
B, etc., then event E will have a desirability value of C.

It is clear that C' will have a fuzzy value and hence needs to be defuzzified (quan-
tified). In order to do so, we adopt the approach taken in [30] based on Mamdani
model [67], but instead of using centroid defuzzification, the weighted average method
for defuzzification was used in the proposed model. Hence, using the sup_min com-

position operator between the fuzzy variables of Impact, Importance and Desirability,
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the matching degree between the input and the antecedent of each fuzzy rule will be

computed. For example, consider the following set of n rules:

IF xis A; THEN vy is C;

IF xis A, THEN yis C,

Here, z and y are input and output variables respectively. A; and C; are fuzzy
sets and ¢ is the ith fuzzy rule. If the input x is a fuzzy set A) represented by
a membership function pa(z) (e.g. degree of desirability), a special case of A"is
a singleton, which represents a crisp (non-fuzzy) value. Considering the definition

of the sup_min composition between a fuzzy set C' € F(X) and a fuzzy relation

R € [ (X xY) which is defined as:

CoR(y) = supmin{C(z), R(x,y)} forallyeY
reX
We can calculate the matching degree w; between the input pa(z) and the rule

antecedent f4,(x) using the equation below:

supmin {pa(r), pa; ()}

zeX

which can be rewritten as:

sup(pa(z) A pa,(x))
The A operator calculates the minimum of the membership functions and then
we apply the sup operator to get the maximum over all x’s. The matching degree

influences the inference result of each rule as follows:

/"LC@(y) =w; A\ ,uCz(y)
Here, Cy is the value of variable 3 inferred by the i'* fuzzy rule. The inference
results of all fuzzy rules in the Mamdani model are then combined using the max

operator V as follows:

teomb(y) = pier () V pen () VooV ey (y)
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Based on the definition of the sup min composition between a fuzzy set C' € F (X)

and a fuzzy relation R € f (X X Y'), we have:

CoR(y) = supmin{C(z), R(z,y)} forallyeY
zeX

We use the following formula based on the weighted average method for defuzzi-
fication in order to defuzzify the above combined fuzzy conclusion:

o 2 beomb(¥) Y
yfmal - Zucornb(g)

where 7 is the mean of each symmetric membership function. Hence,
Desirabilitys(e) = Yfinal

The result of above defuzzification process, yfina Will return a number that is the
value for the input event’s desirability.

On the other hand, in order to enable the agent to make a good estimation for
event expectation measure, we let it learn patterns of events. Next section describes

briefly the function of the learning component in our model.

Events prospect As discussed earlier in this article, a group of OCC emotions
are prospective emotions, meaning that they are some transient emotional states
that reflect a kind of uncertainty with respect to the occurrence possibility of some
events. Hence, these emotional states eventually turn to a more stable emotions
once the uncertainty factor was removed. The prospective attribute is directly linked
to the degree of occurrence possibility perceived by the agent. In other words it
reflects a mechanism for event expectedness by the agent. Event’s expectedness is a
sophisticated construct which involves several factors [62].

In the proposed model, a simple but acceptable estimation for this measure, similar
to the one used in [30] is adopted. Based on this approach, a learning module is used
to enable the agent to learn patterns for the events that take place in the environment
and consequently to expect the occurrence of future events based on those identified

patiterns.of events-using a probabilistic approach. The event’s patterns are constructed
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based on the frequency with which an event, say, e; is observed to occur right before
previous events of es, e3, etc.

A table data structure is used to count the number of iterations for each event
pattern. The conditional probability of p(es | e1,eq) indicates the probability for
event es to happen, assuming that events e; and e, have just taken place. The first
time that a pattern is observed, a corresponding entry for the event’s pattern will
be created, and the count is set to 1. This flag will be incremented for each future
observation. These count flags can be used to compute the conditional probability for
a new event Z to occur, given that events X and Y have already occurred. Therefore,

The expected probability for event ej is:

Likelihood(es | e1,e2) = %

Where ¢ denotes the count of each event sequence. Here, a length of three for the

sequence of the event patterns was considered.

In case that the number of observations is low, only one previous event can be

considered in the conditioned probability, hence:

Likelihood(Z | Y) = %

However, if the priori for event Y occurring right before event Z was never been

observed, then we can use unconditional prior based on the mean probability for all

events to calculate the probability of event Z as follows:

. . 224, Clig. 2]
Likelihood = m

For the sake of brevity, we refrain from providing a full detailed description of this

approach and interested readers are referred to the above mentioned reference.

2.3.3.3 Actions

Another type of emotions in OCC theory are those originated by the consequences

of purposeful actions. Some events that take place in the environment of an agent
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can be attributed to the actions of self or some other agent(s). Hence, the intentional
and deliberate factor of the event is what differentiate this kind of events from those
natural,non-purposeful, non-attributable or with unknown source that are involved
in the elicitation of event-originated emotions. This distinction is close in meaning to
the variable of attribution or responsibility introduced in Lazarus theory of emotion
[61], that is required to describe the behavior and justification for a group of emotions
such as anger that are closely linked to an assessment process of an action.

According to this approach, a measure for the praiseworthiness attribute of the
action needs to be defined. With respect to the valence of this attribute, it will be
assigned a positive value when the action is in-line with the contextual standards or
values, e.g., saving a drowning person which will elicit pride or admiration emotions;
whereas it will be assigned a negative value if the action violates those standards or
values, e.g., mocking a handicapped person which will trigger an emotion of shame or
reproach (in this case it can be called the degree of blameworthiness). It is presumed
though that these standards are adopted by the agent itself and are active in the
evaluation process of the actions. It is important to be clarified that the proposed
model keeps itself independent from these standards and for the sake of providing
higher generality for the model, it is assumed that they are simply given to the
system.

Other parameters that affect the value of praiseworthiness are the the degree of
unexpectedness for the action being performed by the class type of the actor agent

as well as the degree of the agent involvement in the action or its outcome.

2.3.3.4 Compound Emotions

According to OCC model, some emotions can be considered compound emotional
states due to the fact that they are related to the consequences of regular events as well

as actions-originated events. A compound emotion such as anger is triggered when
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the evaluating agent appraises both the desirability of the event and the attribution
of the action led to the event. Hence, a state of anger is interpreted as a combination
of distress and reproach emotions. Therefore, for this type of emotions, the appraisal
parameters would include praiseworthiness of the performed action as well as the

desirability of the occurred event.

2.3.3.5 Objects

The final set of emotions in the OCC model is a pair of complex states that indicates
love and hate emotions. Love and hate can be considered as the hyper states of the
general feelings of liking and disliking states toward an object [122]. The appraisal
dimensions for this set of emotions are the degree of emotional attraction of the object
and the degree of familiarity with the object by the evaluating agent. Emotional
attraction can be considered as a function of dispositional attitudes toward a category
or class that the object belongs to. Accordingly, appealing is set to value ‘attractive’
if the object has a positive ‘object valence’ along with a ‘familiarity valence’ less than
a certain threshold; Conversely, it is set ‘not attractive’ if the object has a negative
‘object valence’ along with a ‘familiarity valence’ above a certain threshold [110].

In the next section, we use the above general hierarchy and the given approach
of modeling emotion elicitation dynamics along with other guidelines from the base
theory to formulate the problem formally in order to come up with the framework of

the intended computational model.

2.3.4 Problem formulation

As discussed earlier, emotions in OCC model are divided into three major groups.
We strive to keep the formulation of this problem and the calculative modules in
line with the original classification of emotions. At this point, it is affirmed that

with each elicited emotional state, it would be necessary to apply its impact on the
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overall (global) emotional state of the agent according to some temporal dynamics.
In emotion literature, this associated overall emotional state is often referred as the
mood state of the individual. Mood is mid-term affective state [42] that stays for
a longer period than an emotional state and it can be considered as the average
valence of recent emotional states [75] along with some other attributes such as the
personality traits [74]. According to research findings, the mood state influence to
a large extent the way that an individual perceives his environment and reacts to
an emotion-eliciting situation. Therefore, this measure was widely considered in the

proposed model at which it is called mood-impact-factor.

2.3.4.1 Mood-impact-factor

According to [36], there exists a relationship between different emotions and the
previously described PAD components of the agent’s mood (see Fig. 2.5 and table
5.3). Therefore, in order to calculate the mood of the agent, the following equation

is proposed:
AMoodcgiopar = -V P24+ A2 4+ D2

Where «a is a signed adaptation coefficient that would be positive if the experienced
emotion was positive and it enhances the generic mood state of the agent, whereas
a negative emotion will yield in a negative a with an adverse impact on the global
mood state of the agent. the exact value for this quantity is left for the experiment

phase.

2.3.4.2 Emotion calculations

In this section, a set of computational equations is proposed for each emotion in order
to anticipate the elicitation of the competent emotion as well as its intensity level.
These modules were designed based on the approach presented in the previous section

along with some guidelines from the OCC emotion theory. In these formulas, e is an
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occurred event, subscript , stands for potential and subscript ; stands for threshold,
p; reflects an agent and ¢ is an indicator for time, a is an action performed by self or
some other agent, and obj is an encountered object.

It is assumed that an emotional state will not be triggered unless its intensity is
above a certain threshold level. This assumption was applied in accordance with the
real world rule that not any desirable or undesirable feeling would yield into an explicit
emotion [83]. Furthermore, according to the formalization of emotions proposed by
Steunebrink et al. [120], it is necessary to differentiate between the actual experiences
of emotions and those conditions that merely trigger emotions. Hence, a triggered
emotion will not necessarily lead to a genuine experience of it, due to the fact that it
was assigned an intensity below the minimum experience level.

Desirability(p, e, t) = Desirabilitys(e) + AMoodgiopai(t)

MOOdGlobal(t) = MOOdGlobal(t — 1) + AMOOdGlObal(t)

Event-originated emotions As elaborated before, according to the OCC model,
event-originated emotions are classified into two groups of self-related and others-
related. This classification was made by considering the consequences of an oc-
curred event to be directed toward either the evaluating agent itself or some other
agent. The diagram of Figure 2.6 shows that the first group includes the set of
{joy, distress, hope, fear, satis faction, disappointment, fearsconfirmed, relief}

emotions whereas the second group includes{happy for, resentment, gloating, pity}

emotions.

Self-related In this section, calculation modules for the self-related set of event-
originated emotions are presented. Self-related addresses those emotional states that

are being elicited in the evaluating agent itself.
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Emotion Joy An agent experiences joy emotion when it is pleased about a desirable

event. Hence,

IF Desirability(p,e,t) >0

THEN JOY,(p,e,t) = Desirability(p, e, t)

IF JOY,(p,e,t) > JOY(p, t)

THEN Intensity(p, e, t) = JOY,(p,e,t,) — JOY;(p,t)
ELSE Intensity(p,e,t) =0

Emotion Distress An agent experiences distress emotion when it is displeased

about an undesirable event. Hence,

IF Desirability(p,e,t) <0

THEN DISTRESS,(p,e,t) = —Desirability(p, e, t)
IF DISTRESS,(p,e,t) > DISTRESS,(p,t)
THEN Intensity(p,e,t) = DISTRESS,(p, e, t)—
DISTRESS,(p,t)

ELSE Intensity(p,e,t) =0

As discussed earlier, Prospect in the following equations is a binary logical variable
that reflects the occurrence prospect for a future event e. Hence, it merely indicates
if person p believes that such event will occur (Prospect=TRUE) or will not occur
(Prospect=FALSE) in the future. In case of Prospect(p,e) = TRUE, the function

of Likelihood(p, e) will return the probability for the occurrence of event e.

Emotion Hope An agent experiences hope emotion when the occurrence of a de-

sirable event in the future is expected. Hence,

IF Prospect(p,e,t) AND Desirability(p,e,t) > 0
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THEN HOPE,(p,e,t) = Desirability(p,e,t) *x Likeihood(p, e, t)
IF HOPE,(p,e,t) > HOPE,(p,t)

THEN Intensity(p,e,t) = HOPE,(p,e,t) — HOPE,(p,e)
ELSE Intensity(p,e,t) =0

Emotion Fear An agent experiences fear emotion when the occurrence of an un-

desirable is expected. Hence,

IF Prospect(p,e,t) AND Desirability(p,e,t) <0
THEN FEAR,(p,e,t) = —(Desirability(p, e, t))*
Likeihood(p, e, t)

IF FEAR,(p,e,t) > FEAR,(p,t)

THEN Intensity(p,e,t) = FEAR,(p,e,t) — FEAR(p,t)
ELSE Intensity(p,e,t) =0

Emotion Relief An agent experiences relief emotion when the occurrence of an

expected undesirable event is dis-confirmed. Hence,

IF FEAR,(p,e,t) >0 AND NOT(Occurred(p, e, t2))
AND ty >t

THEN RELIEF,(p,e,t;) = FEARp(p, e,t))

IF RELIEF,(p,e,t3) > RELIEF(p, t5)

THEN Intensity(p,e,ta) = RELIEF ,(p, e, ta)—
RELIEF,(p,t5)

AND reset FEARp(p, e,t2) = Desirability(p, e, t2)*
Likeihood(p, e, t2)

ELSE Intensity(p, e, t2) =0

In the above rules it is simply assumed that once a prospective negative event was
disproved, the relief level of the agent would be directly proportional to the level of

fear that was experienced by the agent in an earlier time. It is clear that such an
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assumption was made for simplicity and in reality the relationship between these two
constructs is more sophisticated. In addition, although the agent has experienced
some relief emotion at time t, as a result of dis-confirmed negative event e, but we
would need to consider the possibility of its occurrence in a later time. This was the
reason for re-computing the value of Fear, since at least one of its parameters (i.e.,

Likelihood) was changed.

Emotion Disappointment An agent experiences disappointment when the occur-

rence of an expected desirable event is dis-confirmed. Hence,

IF HOPE,(p,e,t) > 0 AND NOT(Occurred(p, e, t2)) AND

to >t

THEN DISAPPOINTMENT,(p, e, t;) = HOPEp(p, e, t))

IF DISAPPOINTMENT,(p,e,t2) >

DISAPPOINTMENT,(p,t;)

THEN Intensity(p, e, ta) = DISAPPOINTMENT,(p, e, t2)

—DISAPPOINTMENT,(p, )

AND reset HOPE,(p, e,t2) = Desirability(p, e, ta)*

Likeihood(p, e, t2)

ELSE Intensity(p, e, t2) =0

In the above rules, it was assumed that the level of disappointment emotion elicited
as a result of dis-confirmed positive event is directly proportional to the level of hope
that the agent had for that event. It would appear that such an assumption is in line

with the rule of thumb, the higher the hope for an expected event, the higher the

disappointment at its dis-confirmation.

Emotion FearsConfirmed An agent experiences fears-confirmed emotion when
the occurrence of an expected undesirable event is confirmed. Hence,
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IF FEAR,(p,e,t) > 0 AND (Occurred(p, e, t2)) AND

to >t

THEN FEARSCONFIRMED,(p,e,t;) =
—(Desirabiklity(p, e, t2))

IF FEARSCONFIRMED,(p,e,t3) >
FEARSCONFIRMED,(p,t2)

THEN Intensity(p, e, to) = FEARSCONFIRMED,(p,e,t2)
—FEARSCONFIRMED,(p,t5)

ELSE Intensity(p, e, ta) =0

Emotion Satisfaction An agent experiences satisfaction emotion when the occur-

rence of an expected desirable event is confirmed. Hence,

IF HOPE,u(p,e,t) > 0 AND (Occurred(p, e, t2)) AND to >t
THEN SATISFACTION,(p, e, t2) = Desirability(p, e, t2)
IF SATISFACTION ,(p, e, t2) > SATISFACTION (p, t2)
THEN Intensity(p, e, t2) = SATISFACTION ,(p, e, ta)—
SATISFACTION (p,t2)

ELSE Intensity(p, e, t2) =0

Here, it can be argued that a simple approximation for the intensity of the above
two emotions at the realization of the occurred event by the agent, is to remove the
prospect factor from the calculations and link them directly to their initial desirability

measures.

Others-related In this section, calculation modules for the others-related set of
event-originated emotions are presented. Others-related addresses those emotional

states that are being elicited in a different agent from the evaluating one.
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Emotion HappyFor An agent experiences happyfor emotion if it is pleased about

an event presumed to be desirable for a friend agent. Hence,

IF Desirability(ps, e, t) > 0 AND Friend(p1, p2)
THEN IF Desirability(p;,e,t) >0

THEN HAPPYFOR,(py,e,t) =

(Desirability(ps, e, t) + Desirability(pi, e, t))/2
ELSETHEN HAPPYFOR,(p1,e,t) =

| Desirability(ps, e, t) — Desirability(pi, e, t)]

[F HAPPY FOR,(p1,e,t) > HAPPY FOR,(p1,1)
THEN Intensity(p1,e,t) = HAPPY FOR,(p1,e,t,)—
HAPPYFOR;(p1,t)

ELSE Intensity(p1, e, t) =0

Emotion Pity An agent experiences pity emotion if it is displeased about an event

presumed to be undesirable for a friend agent. Hence,

IF Desirability(ps, e, t) < 0AND Friend(p1, p2)

THEN IF Desirability(p;,e,t) <0

THEN PITY (p1,e,t) =

|(Desirability(ps, e, t) + Desirability(pi, e, t))|/2

ELSE PITY ,(p1,e,t) = |Desirability(p2, e, t)—
Desirability(p1, e, t)]

[F PITY »(p1,e,t) > PITY 4(py, 1)

THEN Intensity(p1,e,t) = PITY ,(p1,e,t,) — PITY ;(p1,t)
ELSE Intensity(p1,e,t) =0

For the above two emotions, we argue that in case of compatible desirability for
both agents, the emotion level would be obtained by averaging the two desirability

measures [117]. The other scenario would be when the two agents have opposite desir-
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ability for event e at which the algebraic sum of the two would determine the intensity
level of the resulting emotion. It needs to be clarified that these computational rules

hold even when event e is irrelevant to agent p;(i.e., Desirability(p;,e,t) = 0).

Emotion Gloating An agent experiences gloating emotion if it is pleased about

an event presumed to be undesirable for an non-friend agent. Hence,

IF Desirability(ps, e, t) <0 AND NOT(Friend(p1,p2))
THEN IF Desirability(p,e,t) <0

THEN GLOATING,(p1,e,t) =

|(Desirability(ps, e, t) — Desirability(pi, e, t)]

ELSE GLOATING,(p1,e,t) =

| Desirability(ps, e, t) + Desirability(p;, e, t)]

IF GLOATING,(p1,e,t) > GLOATING,(p1,t)
THEN Intensity(pi, e, t) =

GLOATING,(p1,e,t,) — GLOATING,(p1, 1)

ELSE Intensity(p1, e, t) =0

Emotion Resentment An agent experiences resentment emotion if it is displeased

about an event presumed to be desirable for an non-friend agent. Hence,

IF Desirability(ps, e, t) >0 AND NOT(Friend(p1,p2))
THEN IF Desirability(p1,e, t) <0

THEN RESENTMENT,(p1, e,t) =

|(Desirability(ps, e, t) — Desirability(py,e,t))]

ELSE RESENTMENT,(p, e,t) =

| Desirability(ps, e, t) — Desirability(p1, e, t)]

[F RESENTMENT,(p1,e,t) > RESENTMENT,(p1,t)
THEN Intensity(py,e,t) =
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RESENTMENT,(p1,e,t,) — RESENTMENT;(p1,t)
ELSE Intensity(p1,e,t) =0

Action-originated emotions

Non-compound emotions For this set of emotions, we consider a function called
Praise that evaluates and sets the degree of praiseworthiness of an action. A negative

value for this function indicates the degree of blameworthiness of the action.

Emotion Pride An agent experiences pride emotion if it is approving its own

praiseworthy action. Hence,

IF Praise(p1,ps,a,t) >0AND (p; = p2)
THEN PRIDE,(p1, p2,a,t) = Praise(p1,p2,a,t)
IF PRIDE,(p1,p2,a,t) > PRIDE(p1, p2, a,t)
THEN Intensity(p1,p2,a,t) =
PRIDE,(p1,p2,a,t) — PRIDE;(p1,Dp2, a,t)
ELSE Intensity(p1, p2,a,t) =0

Emotion Shame An agent experiences shame emotion if it is disapproving its own

blameworthy action. Hence,

IF Praise(py,paa,t) <0AND (p; = p2)

THEN SHAME,(p1,p2,a,t) = —Praise(p1, p2a, t)
IF SHAME,(p1,p2,a,t) > SHAME(p1,p2,a,t)
THEN Intensity(p1,p2,a,t) =
SHAME,(p1,p2,a,t) — SHAME(p1, p2, a,t)
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Emotion Admaration An agent experiences admiration emotion if it is approving

a praiseworthy action of another agent. Hence,

IF Praise(p1,p2,a,t) >0AND NOT(p1 = p2)

THEN ADMIRATION,(p1,p2,a,t) = Praise(p1, p2a,t)

IF ADMIRATION ,(p1,pa, a,t) >

ADMIRATION (p1,p2,a,t)

THEN Intensity(p1,p2,a,t) =

ADMIRATION ,(p1,p2,a,t) — ADMIRATION (p1,p2,a,t)
ELSE Intensity(p1, p2,a,t) =0

Emotion Reproach An agent experiences reproach emotion if it is disapproving a

blameworthy action of another agent. Hence,

IF Praise(py, paa,t) <0AND NOT(p; = p2)

THEN REPROACH ,(p1,p2,a,t) = —Praise(pi, p2a, t)
IF REPROACH,(p1,p2,a,t) > REPROACH (p1,p2,a,t)
THEN Intensity(p1,p2,a,t) =

REPROACH,(p1,p2,a,t) — REPROACH (p1, p2,a,t)
ELSE Intensity(p1,p2,a,t) =0

Compound emotions For this class of emotions, as stated earlier, we deal with two
other implicit emotional states that are involved in the calculations and the intensity
level would include an average-like operation between these two emotions. Therefore,
beside the value of function Praise used in the above equations, it will be necessary to
calculate the desirability of the resulted events in the same way that was performed

for the set of event-originated emotions.
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Emotion Gratification An agent experiences gratification emotion if it is approv-

ing its own praiseworthy action that led to a desirable event. Hence,

IF Praise(p1, p2a,t) > 0AND (p1 = pa) AND
Desirability(p,e,t) > 0

THEN GRATIFICATION ,(p1,ps, a,t) =
(PRIDE, + JOY ,)/2

IF GRATIFICATION y(p1,p2, a,t) >
GRATIFICATION (p1,ps, a,t)

THEN Intensity(p1,p2,a,t) =
GRATIFICATION,(p1,ps, a,t)—
GRATIFICATION(p1,p2,a,t)

ELSE Intensity(p1, p2,a,t) =0

Emotion Remorse An agent experiences remorse emotion if it is disapproving his

own blameworthy action that led to an undesirable event. Hence,

IF Praise(py,paa,t) < 0AND (p1 = p2)

AND Desirability(p, e, t) <0

THEN REMORSE,(p1,p2, a,t) =

(SHAME, + DISTRESS,))/2

IF REMORSE,(p1,p2,a,t) > REMORSE(p1,p2,a,t)
THEN Intensity(pi,p2,a,t) =
REMORSE,(p1,p2,a,t) — REMORSE(p1,p2, a,t)
ELSE Intensity(p1, p2,a,t) =0

Emotion Gratitude An agent experiences gratitude emotion if it is approving a

praiseworthy action of another agent that led to a desirable event. Hence,
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IF Praise(pi, paa,t) >0 AND NOT(p; = p2)

AND Desirability(p,e,t) >0

THEN GRATITUDE,(p1,pa, a,t) =

(ADMIRATION, + JOY)/2

IF GRATITUDE,(p1,ps, a,t) > GRATITUDE,(p1, pa, a, t)
THEN Intensity(p1,p2,a,t) =

GRATITUDE,(p1,p2,a,t) — GRATITUDE,(p1,p2, a,t)
ELSE Intensity(p1,p2,a,t) =0

Emotion Anger An agent experiences anger emotion if it is disapproving a blame-

worthy action of another agent that led to an undesirable event. Hence,

IF Praise(pi,p2a,t) <0AND NOT(p1 = p2)
AND Desirability(p,e,t) <0

THEN ANGER,(p1,p2, a,t) =

(REPROACH + DISTRESS,)/2

IF ANGERy(p1,p2,a,t) > ANGER(p1, 2, a,t)
THEN Intensity(p1,p2,a,t) =
ANGER,(p1,p2,a,t) — ANGER,(p1,ps2, a,t)
ELSE Intensity(p1, p2,a,t) =0

Object-originated emotions As discussed earlier in this article, this type of emo-
tions are related to the attraction and aversion aspect of the emotion-eliciting objects
from the perspective of the evaluating agent. This kind of emotions can be distin-
guished from the other two types (i.e., events-originated and actions-originated) with
respect to the fact that they are directly experienced as a result of dispositional liking
or disliking attribute toward the category or class that the object belongs to along
with some self characteristics of the object itself. Although in the base theory, the

attributesof familiarity (vs novelty) between the object and the evaluating agent was
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considered as a factor that affects the elicitation and intensity of these emotions,
but due to the complex and uncertain attitude of OCC with respect to relationship
between this factor and the appealing of the object (e.g., directly or reversely propor-
tional or being highly contextual), we refrain from considering this attribute in the
calculations of this type of emotions and focus merely on the appealing attribute of

the objects.

Emotion Love An agent experiences love emotion if it is attracted to an appealing

and object (agent). Hence, we have

IF Appealing(p, obj,t) > 0

THEN LOVE,(p,obj,t) = Appealing(p, obj, t)
LOV E; = k/Familiar(p, obj,t), k = constant
IF LOVE,(p, obj,t) > LOV E,(p, obj, t)
THEN Intensity(p, obj,t) =

LOV E,(p, 0bj,t) — LOV E(p, 0bj, t)

ELSE Intensity(p, obj,t) =0

Emotion Hate An agent experiences hate emotion if it is attracted to an appealing

and object (agent). Hence, we have

IF Appealing(p, obj,t) <0

THEN HATE,(p,obj,t) = —Appealing(p, obj, t)
HATE; = k/Familiar(p, obj,t), k = constant
IF HATE,(p,0bj,t) > HATE,(p, obj,t)

THEN Intensity(p, obj,t) =

HATE,(p,obj,t) — HATE(p, obj, )

ELSE Intensity(p, obj,t) =0
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2.3.4.3 Algorithms

Event-Track-State: to determine triggered emotions along with their intensities as

a result of the occurrence of a series of events
Input: gy =< mg, Iy >, Moodgiobar, E = {e€1,€2,...,ex}, Eislistof occurring events
Q = {<my, I; >,m; € Event_Competent_Emotions, I; € Intensity yzzy}

Output: ¢y = {<mi,[1 >, <mo, Iy >, ... <my, I, >} CQ
Begin
Defuzzify state ¢; = qo using weighted average method
For each event ¢ € F
Begin
Calculate Desirability; for event e
Based on the variables of Orientation, Prospect do:
Determine possible emotional state < m;, I; >from emotion derivation rules
Obtain AMoodRgiopar for e using PAD look-up table
Update AMoodRgiopai
End For;
For each m; where I; > 0
Begin
Print < m;, I; >
End For;
End.

Agent-actions emotions Action-Track-State: to determine triggered emotions

along with their intensities as a result of the occurrence of a series of actions
Input: gy =< mo,Io >, Moodgiobar, A ={a1,a2,....,ar}, Aislistof actions
Q = {<my, I; >,m; € Action_Competent_Emotions, I; € Intensity .y}

Output: ¢r = {<mi,[; >, <mo, [y >, ... <my, I, >} CQ
Begin
Defuzzify state ¢; = qo using weighted average method
For each event a € A
Begin
Based on the variables of Degree_involvement, Unexpectedness do:
Calculate Praiseworthiness for action a
Determine possible emotional state < m;, I; >from emotion derivation rules
Obtain AMoodRgiopar for a using PAD look-up table
Update AMoodRgiopai
If a € B setof actions
Begin
calculate compound emotions
End;
End For;
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Table 2.2: List of agent’s goals and events along with their impact on

both agents

For each m; where I; > 0
Begin

each goal for

Goal Gl G2 G3
Importance HighlyImportant | Slightlylmportant | HighlyImportant
Event/Person Impact(G1) Impact(G2) Impact(G3)
D1 HighlyPositive Nolmpact HighlyPositive
“l P2 SlightlyPositive SlightlyNegative Nolmpact
D1 HighlyNegative SlightlyPositive SlightlyNegative
2 D2 HighlyNegative HighlyPositive HighlyPositive
D1 Nolmpact
° D2 HighlyPositive Nolmpact HighlyPositive
D1 HighlyNegative HighlyPositive HighlyNegative
“ P2 HighlyNegative SlightlyPositive SlightlyNegative
P1 HighlyPositive HighlyPositive NoImpact
@ D2 Nolmpact HighlyNegative SlightlyPositive

Print < m;, I; >
End For;

End.

2.3.5 Simulation experiments and discussion

In order to test the performance of the model and verify its functionality under dif-

ferent circumstances, a series of simulation experiments were conducted. For brevity,
two of these experiments are considered here. The goal of the first experiment is study
the emotional behavior of the agent as a result of the occurrence of some independent
events. The second experiment includes those events where their occurrence was a
result of some actions performed by the evaluating agent itself or some other agents.
Situations at which the subject agent was exposes to emotion-eliciting objects are

also included.
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Table 2.3: Temporal dynamics of the occurring events

| time [o[10]20]30]40]50][60]70]8s0]090]|
Occurrence el e3 | eq | €9 es | er
Prospect ey | es ey es
17 Desirability of events
> 0.5 -
=
o
) 0 T T T T
(]
(@) el 2 e3 e5
-0.5 -
mAgentl
OAgent2
-1 A

Figure 2.10: Calculated event’s desirability for both agents

2.3.5.1 Scenario 1 unattributed Events

In this experiment, a scenario where the subject agent does not attribute the events to
the actions of itself or other agents is considered. Consequently, the appraisal process
is merely being performed based on the occurred events through their desirability and
expectedness measures. p; is the subject (evaluating) agent, py is the other agent,
G = {G1,Go, G5} are the goals of the agents and E = {ej, es, e3,€4,€5} is the set
of possible events. The fuzzy values of Importance and Impact for these goals and
events are described in Table 5.4. Table 2.3 shows the temporal dynamics of both
real and prospect events that take place in the system during the simulation time. It
is assumed that the time duration for a prospect event is 20 time-steps; meaning that
the agent will experience the competent prospect emotion for 20 time-steps before
it turns into a deterministic emotion. In addition, it is assumed that the life-time
for each deterministic emotion is 20 time-steps as well; emotional responses start to
deteriorate through a linear function due to normal decay and vanishes completely

after that period.
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As the first step, the desirability level for all events of E for both agents were
calculated and the results are reflected in the graph of Fig. 5.8.

According to Table 2.3, at time-step=10, since there is a possibility for the oc-
currence of ey as a negative event, the agent experiences fear emotion. The actual
occurrence of positive event e; at step=20, caused emotion joy to be triggered in
agent p;. In addition, at the same step, a certain level of emotion hope was elicited in
the agent for the prospect positive event of e;. At step=30, due to dis-confirmed es,
the fear emotion will disappear and gives its room to the relief emotion. At step=40,
the occurrence of e3, which was initially an irrelevant event for agent p;, but consid-
ering the fact that it is a positive event for a friend agent (po) will yield in triggering
the emotion of happyfor in p;. Furthermore, prospective event ey will cause p; to
experience a relatively high level of fear emotion which converts into fearsconfirmed
at step=D50. At step=60, negative event e, took place and caused p; to experience a
high level of distress emotion. Unlike the earlier prospective occurrence of this event,
it was not proceeded by a fear emotion since it was not predicted by the agent. At
the same step, the prospective event of e; resulted in some degree of hope emotion.
This emotion was converted into satisfaction at step=80 when the occurrence of ej
was confirmed. Finally, at step=90, positive event e;took place and caused the agent
to experience a high level of joy. Fig. 5.9 depicts the changes in the global mood level
of agent p; as a result of the occurred events. As elaborated before, the changes in
the global mood of the agent is proportional to the PAD components of the triggered
emotions which in turn were elicited as a result of occurred events. Fig. 2.11 shows
a complete list of all events-originated emotions that were experienced by agent p;
during the simulation time along with the intensity of each. For instance, it can be
seen that the agent experienced emotion joy for the first time at step=20 with a high
intensity of 0.7 as a result of the occurrence of event e;. The joy emotion started

to deteriorate due to the normal decay and it completely disappeared by step=40.
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Figure 2.11: Intensity of all events-originated emotions for agent p; during the simu-
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Figure 2.12: Global mood level changes as a result of occurred events

The agent ended the simulation with another wave of joy emotion as a result of the
re-occurrence of e;.

In this scenario, it can be noticed that the emotional behavior of the agent was
directly influenced by appraisal processes performed by the agent itself on the set of
events that took place in the environment and were perceived relevant by the agent.
Furthermore, it can be clearly seen that the fact whether an event is directed towards

the agent itself or some other agents, plays a critical role in the set of elicited emotions

and their intensities.
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2.3.5.2 Scenario 2 - attributed events and emotion-eliciting objects

In this scenario, the subject attributes the occurred emotion relevant events to the
actions of self or other agents. Table 2.4 describes all type of actions that can be
performed by both agent p; as the evaluating agent and agent p, as the other agent.
According to this table, there are two sets of actions; set a; where i € {1,2,3} which
represents those actions that are not associated with regular events and hence will gen-
erate non-compound actions-originated emotions; and set ; where j € {1,2,3,4,5}
which represents those actions that generate compound emotions.

Furthermore, according to Table 2.4, each action is associated with four ap-
praisal dimensions that are necessary for computing the praiseworthiness appraisal
function. These four dimensions are: (1) a binary variable to determine com-
pliance with the contextual standards with TRUE or FALSE values; (2) a pair
of fuzzy variables to determine the degree of responsibility of each agent sepa-
rately in the performed action which will take a fuzzy value from the fuzzy sets of
{solely, highly, moderately, slightly}; (3) possible outcome event of the action; and
(4) a pair of fuzzy variable that determines the degree of unexpectedness for the
action being performed by any of the two agents which will take a value from the
fuzzy sets of {highly, moderately, slightly}.

Additionally, Table 2.5 reflects all the actions that were performed by both agents
during the simulation period.

It is clear that in the occasion of having actions of type [, it would be necessary
to consider the desirability of the outcome emotions also, in a similar way to the ex-
periment of scenario 1 beside evaluating the praiseworthiness function. Furthermore,
considering the fact that § set of actions responsible for generating compound emo-
tions are associated with the same set of events used in the previous experiment (i.e.,
e;8), there will be no need to calculate the desirability of those events this task was
performed in the experiment of scenario 1. Therefore, these desirability quantities
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Table 2.4: List of emotion-eliciting actions along with their valence, degree of involve-
ment, possible outcome event and degree of action unexpectedness

Action | Stand. | Degree of resp. | outc. | Unexpectedness
comp. D1 D2 event D1 D2

o ¢/ | solely | highly | — | highly | highly
s X | highly | solely | — | mod. | highly
s v/ | solely | slight. | — | slightly | slightly
B v solely | solely | e; | highly | slightly
B2 X sligt. mod. e highly mod.
Bs ¢ | highly | highly | e; | sligtly | highly
B4 X mod. mod. ey mod. mod.
Bs v/ | solely | highly | es | slightly | slightly

Table 2.5: Temporal dynamics of actions performed by both agents

| time [ 0] 10|20 [30] 4050|6070/ 80|90 ]
A(p1) B2 B3 ay | B
A(p2) o | a3 Bs | a1 | P1 Ba

will be used along with the newly calculated praiseworthiness of actions to anticipate
the type and intensity of the compound emotions in this experiment. For simplicity,
other unaddressed conditions of this experiment were considered identical to those of
the previous experiment.

The first step in this scenario will be to calculate the value of praiseworthiness
for each action of «; as well as ;. Fig. 2.13 represents the actions praiseworthiness

values calculated for both agents.

According to Table 2.5, at time-step—10, action as was performed by p;. Considering
the fact that s is a norm violating action, and also the fact that py was highly involved
in this action while it is highly unexpected to be conducted by this agent, a strong
emotion of reproach was elicited in agent p; as a result of this action. At step=20,
agent po performed the positive action of ag but considering the weak role of agent
po in performing this action as well as its low unexpectedness to appear from the

class type of agent ps, a potential weak signal for emotion admiration was triggered
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Figure 2.13: Calculated praiseworthiness of actions for both agents

in agent p; but it did not reach the threshold level of admiration, hence, no genuine
admiration emotion was elicited in p; as a result of this action. Concurrently, action
by was performed by agent pjitself which is a norm-violating action and hence it
triggers the emotion shame in , but since the responsibility of p;in this action was

low, hence the intensity of shame will be low.

Furthermore, this action as expected will also generate emotion remorse considering
its role in the occurrence of the negative event of e;. The intensity level of emotion
remorse will by high though since event ey is highly undesirable for agent p;. at
time step=40, all previously elicited emotions will be vanished due to the normal
decay factor discussed earlier in first experiment. On the other hand, at this step two
actions of B3 and (5 was performed by p; and p, respectively. Both of these actions
are expected to generate compound emotions. With respect to action (s, it generates
a weak emotion of pride since the unexpectedness factor is low for the class of agents
that pibelongs to. Furthermore, although this action is associated with event ez but

since this event has no impact on the agents goals and consequently it is neither a
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Figure 2.14: Intensity of all actions-originated emotions for agent p; during the sim-
ulation

negative nor a positive event for p;with desirability measure=0. Therefore, no emotion
of events-originated type will be generated as a result of this action. Concurrently
at this step, the positive action of 55 by ps will create a weak admiration emotion in
agent p; as well as a stronger gratitude emotion due to the occurrence of the highly
desirable event of e5 that took place as a result of this action. At step=>50, action
aiwas performed by py and as a result, emotion admiration was elicited in agent p.

The situation continues with the actions of i, 5y performed by ps which elicit
emotions of admiration, gratitude, reproach and anger in agent p; as well as actions
«a, B1 performed by p; itself which elicit the emotions of shame, pride and finally
gratification respectively. Fig. 2.14 shows a complete list of all actions-originated
emotions that were experienced by agent p; during the simulation time along with
the intensity level of each. With respect to all events-originated emotions, it is worth
noted that they were generated with the same mechanism as described in the previous
scenario.

In this scenario, it can be noticed that the emotional behavior of the agent was di-

rectly influenced by the praiseworthiness of the emotion triggering actions performed
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either by the agent itself or some other agents. It can be seen for instance, how
the same action generated different emotions as a result of being performed by the

evaluating agent itself or by another agent.

2.3.6 Conclusion

In this article a fuzzy appraisal approach for anticipating the emotional states that
will be experienced by an individual based on OCC emotion theory was proposed.
These emotions are elicited as a result of either the occurrence of some goal-relevant
events; evaluating an action of self or other individuals; or a dispositional reaction to
some emotion-eliciting objects. Emotion generation modules were formulated for all
22 emotions of the OCC model according to this ternary classification. The problem
formulation was performed based on some guidelines from the OCC emotion theory
along with different appraisal methods and techniques such as measuring the desir-
ability of events, degree of event’s expectedness, action’s degree of compliance with
standards, level of involvements, etc.

At the core of each assessment process in the proposed computational model there
exist a fuzzy evaluation system that analyzes the competent appraisal variables and
generates the value for the output parameters. Furthermore, a probabilistic learning
approach was used to enable the agent to come up with an event prediction model
based on the previously learnt patterns of events.

The proposed model was able to determine the set of triggered emotions along
with their intensities at any point of time as well as the overall mood state of the
agent during the simulation interval. The authors of this article believe that this
work is still at the preliminary level and there is much room for further development
and research that can use the obtained methods and results to bridge to the relevant

disciplines, especially psychology and healthcare.
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2.4 Conclusion

In this chapter, the principles for modeling emotions from the perspective of IT and in
particular Computer Science were briefly dissected. Considering the huge challenges
associated with this kind of research areas where the problem under study is mostly
qualitative in nature and the fact that the existing models proposed by experts within
the fields of humanistic sciences are expressed using informal linguistic descriptions
that clearly lack the necessary details as well as a well-structured architecture of the
internal processes which are all essential components for a possible implementation,
we have adopted an incremental approach toward building a comprehensive computa-
tional model for emotions that fits the needs for computer applications. This chapter
reflected a pure appraisal approach towards modeling the elicitation mechanisms of
emotions at which each individual emotion was looked at as an independent affective

construct.
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Chapter 3

Emotion Regulation

3.1 Introduction

Emotion regulation represents an important open problem in emotion studies. The
main focus in this field is on regulating hyper negative emotions. It articulates the
“appropriate” level for emotional responses. In simple words it talks about where,
when and how much emotion to have in order to make a “wise” decision. The impor-
tance of this problem lays in the strongly evidence-supported tenet [1,2,3] that hyper
levels of emotions can be harmful and accompanied with distructive concequences.
Unbalanced levels of emotions were tracked in many forms of psychopathology, social
difficulties and even physical illness [42].

Emotion regulation targets this potential risk and is aimed at balancing the level
of one’s emotional responses in different situations.

The aim of this research work is not to come up with an independent hypothesis
about emotion regulation but the focus is rather on building computational models
based on existing hypothesis. This goal entails making major changes to the ar-
chitecture of the original models in order to address the missing details as well as

building a computational framework for the affective processes. We believe that a
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well-established computational model is capable of providing a much more stronger
tool to test, verify, validate and eventually implement the model in real applications.

This chapter includes two computational models that were proposed to address
the problem of modeling emotion regulation and were published as research papers

as follows:

e A. Soleimani and Z. Kobti, “An adaptive computational model of emotion reg-
ulation strategies based on Gross theory”, in Proceedings of the fifth C* Con-
ference on Computer Science & Software Engineering, Montreal, QC, Canada,
2012, pp. 9-17 [112]:

In this article, a computational model is proposed that models the dynamics
of the underlying processes for emotion regulation according to Gross theory
[45] for emotion regulation. It extends the dynamism of the original model by
considering other factors that play a role in adjusting the levels of elicited emo-
tions such as mood and personality of the individual. This research paper is

presented in Section 3.2

e A. Soleimani and Z. Kobti, “A fuzzy logic computational model for emotion regu-
lation based on Gross theory”. Proceedings of the 26th International Conference
of the Florida Artificial Intelligence Research Society. May 2013, Florida, USA,
pp. 142-147 [119]

In this research paper, a computational model for emotion regulation is pro-
posed that was built based on a fuzzy logic approach. The model compares
the regulation behavior of a knowledgeable agent that is capable of learning
and adapting itself to the environmental changes versus a non-knowledgeable
agent that does not adapt itself to different situations and concluded that the
learning capability is critical in helping the agent to cope better with changes
in the environment and consequentlt to exhibit a smoother regulation behavior.

‘Fhisgresearehgpaper is presented in Section 3.3
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3.2 An adaptive computational model of emotion
regulation strategies based on Gross theory

Abstract. Judgments, preferences, and other cognitive tasks entail
an emotional foundation and cannot function in an emotional vacuum.
Emotion regulation strategies target the potential risk of having inap-
propriate level of emotions in the process of decision making. This study
is a follow-up on a previous computational model for emotion regula-
tion strategies based on Gross theory and applies several enhancements
to it. In particular, we extend the dynamism of the original model by
considering a dynamic environment in which emotion eliciting events
occur during the simulation period. Furthermore, some key parame-
ters are made adaptive rather than constants. (e.g. the persistence
factor was made adaptive to the individual’s mood changes). Results
obtained from the augmented model show further consistency with the

base theory.

3.2.1 Introduction

Emotions are a major and non-detachable element of every individual’s life. Contem-
porary studies emphasize the important role of emotions as ready to use behavioral
responses, major adjusters in the process of decision making and an effective mean to
ease the social interpersonal communications [42]. Conversely, emotion can have neg-
ative and sometimes destructive impacts if it is not applied at the right time and/or
with appropriate level of intensity. This negative attribution can be tracked in many
forms of psychopathology, social difficulties and even physical illness [42|. Therefore,
a vital element in enjoying a successful social life with healthy physical and mental

personality is to have a balanced level of emotions. Gross in [45] states that, “Emo-
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tion regulation includes all of the conscious and non-conscious strategies we use to
increase, maintain, or decrease one or more components of an emotional response”.
Considering the fact that the multi-componential processes of an emotional expe-
rience unfold over time, emotion regulation strategies would consist of “changes in
emotion latency, rise time, magnitude, duration and offset of responses in behavioral,
experiential or physiological domains” [43].

This article extends the computational model based on Gross theory for emotion
regulation, proposed by Bosse & colleagues [13] and applies a set of enhancements in
order to make it more dynamic and adaptive with regards to different circumstances.
In next section, we overview the related work done in this area. Section 3, elaborates
briefly on Gross informal process model of emotion regulation. Next, we review Bosse
& colleagues proposed computational model for emotion regulation. In section 5, we
address the shortcomings of Bosse and colleagues implementation and introduce our

enhanced approach followed by simulation experiments, discussion and conclusion.

3.2.2 Related work

The role of emotions in the process of decision making was always controversial during
the history of mankind and human related sciences. In most of emotion theories which
go back to before the mid of last century, emotions were looked at as an adverse and
sometimes neutral element in our decisions and thus should be avoided or kept at its
minimum level [27]. It was up to a few decades ago when contemporary researchers
proposed a different point of view towards this topic. In almost all recent theories
of emotion (e.g., Lazarus [61], Ortony and colleagues [83], Scherer [102], and Frijda
[33]), the functionality of emotions and affect in general is confirmed and the role of
emotion as a major component in the process of decision making and other cognitional

activities is emphasized.
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In some recent works, an increasing number of researchers have focused on building
a process model for emotion regulation as an independent sub-model of a comprehen-
sive model of emotions. They study different strategies and techniques that could be
used to modulate and finally regulate emotional responses in order to utilize emotions
more effectively in the process of decision making at different levels. (e.g., [44, 45, 82]).
Gratch and Marsella in their detailed model of Emotion and adaptation (EMA)[73],
assign a great deal of their work to the process of emotion regulation. EMA adopts
the approach of Lazarus [61] in building its detailed computational model of coping
(i.e., the regulation of negative emotions). They suggest four groups of such strate-
gies: a) attention-related coping, such as seek/suppress information to monitor an
unexpected or uncertain state. b) belief-related coping, such as blaming some other
agent for a negative outcome rather than oneself. ¢) desire-related coping, such as
ignoring a goal that is unlikely to be achieved. d) intention-related coping, such as
avoiding strategy in which an agent takes an action (e.g., run away) from a looming

threat [72].

3.2.3 Gross model

Gross identifies two main streams in the formation of emotion regulation strategies,
antecedent-focused and response-focused. Antecedent-focused strategies contribute
in shaping the emotional response tendencies before they are fully activated while
response-focused can be applied to the emotional responses which have already taken
place.

The first antecedent-focused regulation strategy in Gross theory is situation se-
lection. Here, the target is to choose a situation that would meet with the desired
response levels for certain emotions. A person might stay away from a place which
provokes a bad memory about a negative event which has had happened before at

that specific place. This example depicts a down-regulating possible grief emotion.
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The second antecedent-focused regulation strategy is situation modification. Based
on this strategy, a person tries to modify some controllable attributes of a current
situation in order to acquire a different level of emotion. A person who is watching
his favorite football match decides to switch to another channel covering the same
event but with a broadcaster in his native language to increase his excitement. This
example depicts an up-regulating joy emotion.

The third antecedent-focused regulation strategy is attention deployment. Based
on this strategy, emotions can be regulated without changing the world. Each situa-
tion has many aspects at which an individual can shift his/her attention to a certain
one in order to manipulate his (her) emotion response level. A person who is watching
a T'V show might cover his eyes at a horrible scene.

The fourth antecedent-focused regulation strategy is cognitive change. This strat-
egy is aimed at changing the cognitive meaning of an event and thus altering its
emotional significance. A specific type of cognitive change, which is aimed at down-
regulating a negative emotion is reappraisal. Reappraisal means that “the individ-
ual reappraises or cognitively re-evaluates a potentially emotion-eliciting situation in
terms that decrease its emotional impact”[45].

As of the response-focused category, response modulation is an important strategy
that can be applied after the manifestation of the emotion. Figure 3.1 depicts five

different points at which above different emotion regulation strategies can be applied.

3.2.4 Bosse and colleagues computational model

In their approach, Bosse and colleagues argue that they have conducted a deep and
detailed analysis of Gross model and performed several steps in order to formalize
Gross theory which is expressed informally (without mathematical or computational
notations). For simplicity, they have considered only one specific emotion (e.g., hap-

piness, fear or anger) in their work. They argue that this approach is realistic in the
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Situation Situation Attention Cognitive Response

Selection Modification Deployment Change Modulation
Situation Attention  Appraisal | Response
e [ @ @ ®
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Figure 3.1: According to GROSS model, emotions can be regulated at five distinct
points in the emotion generative process [42]

sense that in most cases and based on the circumstances, only one specific emotion
is involved directly in the context or is the most dominant among other emotions.
Furthermore, the latter approach makes the proposed model generic and applicable
regardless of the emotion type that needs to be regulated. In the rest of this article,

we refer to this model as “B-model”.

3.2.5 Overview of the model

Based on Gross, a hyper emotional state (response) can be regulated using different
strategies. Thus, the first step in the modeling process is to declare a set of variables
corresponding to the available strategies. In their work, they consider antecedent-
focused strategies only (i.e., situation selection, situation modification, attentional
deployment and cognitive change). Although they emphasize on the generic attribute
of their model which allows adding the other type of emotion regulation strategies

(i.e., response-focused), they argue that the first set of strategies are more adaptive.
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In this model, at each point in time, it is assumed that for each element k a certain
choice is in effect which has a an emotional value of v, attached to it. Each emotional
component v contributes to the emotion response level FRL with an associated
weight of wy. In order to include the momentum in ERL between two consecutive
time steps (each time step = 1 time unit), a persistence factor § indicating the
degree of persistence of the emotion response level (i.e., the slowness of adjusting)
was considered. Someone who can switch between different emotional states rapidly
(e.g., who stops being upset right after receiving an apology) will have a low £.

On the other hand, humans often and based on different circumstances look for
a certain favorite level for each emotion. This optimum value for a certain emotion
varies among different individual and also along the time. In the big picture, most
people aim at a relatively high level of positive emotions (e.g., happiness, joy, etc.)
while they target a lower level for negative emotions (e.g., fear, anxiety, etc.). In fact,
the regulation process begins with a simple comparison between the current emotion
response level ERL and the emotion response level aimed at ERL,,.,. The difference
d between these two components is the basis for the amount of adjustments required
for each of the elements k. In other words, in each time step, we try to make EFRL
more convergent toward FRL;,,., and hopefully make them overlap (d = 0) at the
end of the simulation. Since different emotion regulation strategies can be applied at
different intensities (frequencies) a modification factor a,, was considered to reflect
the strength of the adjustments using different strategies. In fact, «, can be look
at as the flexibility or willingness (either conscious or unconscious) of an individual
to change his/her emotional value using strategy n. In addition, another variable,
v, appears in the calculating of the modification factors. In fact, 7, indicates the
personal tendency (flexibility) to adjust the emotion regulation behavior based for
a certain strategy. Furthermore, changing behavior in favor of emotion regulation

requires some effort. This effort of adjusting «,, for element n, is represented by
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Variable Meaning

ERL Emotion response level

ERLorm Optimal level of emotion

d Difference between two emotion levels

15} FE RLmomentum

W, Weight of element n in adjusting ERL

Up Chosen emotional value for strategy n

o Modification factor for element n

Yn Personal tendency to adjust v,

cn, Adjustment cost for vy,

At Time step

Table 3.1: Summary of model variables

cost ¢,. Table 3.1 depicts a list of all related variables used in the model. Some
of these variables were considered to remain constant at their initial values during
the simulation experiments (particularly ERLyomm, 5, Wn, ¢y, 7n). The other variables

depend on the constant factors and also on each other.

3.2.6 Details of the computational model

The emotion response level and the emotional values are represented in a scale of real
numbers between 0 and 2 (where 0 is the lowest emotion response level equivalent to
No-emotion state while 2 shows the highest value possible or extremely emotional).
Although, this assumption is a considerable simplification of the real problem, but,
this approach is common in the area of Artificial Intelligence, especially in the field of
Affective computing (e.g.,[52[,[37]). The same scale was taken to express and measure
the level of emotion that is aimed at for a given emotion. (i.e., ERLppm ). As a
simple illustration, suppose one wants to influence its state of excitement by going
to the wonderland. he/she will have the choice of riding a scary roller coaster or a
Taxi Jam(milder ride). This can be represented by introducing two situations, sit;
and sity , for example with ridel = 1.5 (since taking the ride of the roller coaster

will increase the state of excitement) and ride2 = 0.7 (taking the second ride has
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a lower level of thrill). Moreover, we assume that ERL;,,., can for instance be 1.2
(i.e., one aims at being excited, but not too excited). In that case, if one’s current
ERLeyciteq is already high, one will be likely to take Taxi jam ride (i.e., choose sits ),

and vice-versa.

Updating the Emotion response level (FRL) The following difference equation
is used to calculate the new value for emotion response level at the end of each time

step:
ERLpew = (1= 5) %> (w, xv,) + 3% ERL

The new emotion response level (ER Ly, ) takes into account the emotional impact
of each emotion component v, after applying emotion regulation strategies This is
calculated by the weighted sum of > w, * v,. By normalization, the sum of all
weights w,, is taken to be 1. [ is the persistence factor which is the proportion of
the old emotion response level (FRL) that persists in the new emotion response level
(ERLyey). Based on Gross[44], emotion regulation strategies applied at an earlier
stage would have a larger impact on the ¥ RL. In order to implement this fact, those
emotion components that occur at an earlier point in time in the emotion regulation

process were granted higher weights.

Updating the emotional values The emotional components of each strategy v,
are on their turn recalculated at each time step by the following set of difference

equations:
d=FERL — FERL,m

——At

dmaz

Av, = —ay, *

Unpew = Un + DUy
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Adaptation of modification factors The experience that we acquire over time
by trying different strategies in different situations and evaluating the outcomes (ei-
ther consciously or subconsciously) in a subsequent process poses a major and valuable
component in everyone’s cognitive and emotional knowledge. In the suggested model,
this source of evaluation feedback was considered by letting the modification factors
associated with emotional components (strategies) be assessed over a period of time.
Therefore, the success of an emotion regulation strategy is evaluated, and based on
this assessment, the willingness to change behavior in favor of that emotion regulation

strategy can be adjusted. The following evaluation function is used:
Eval(di—1p)) = mean(abs(di—(t+p))

Here Fwal function, takes the absolute difference between the actual and expected
levels of emotion for all time points during the time interval of ¢ until ¢ 4+ p (where
currently p = 5). The arithmetic mean value of these absolute differences gives the
value of the evaluation function. Until the model has done enough steps to perform
this evaluation function for two different periods of time, ay,’s are kept constant. After
that, the evaluation function is used to adjust the modification factors ay using the

following difference equations:

an Fval(dnew
Aan = Tn * (an+1) * ( Eval((dold)) B Cn)At

oy = O + Dy,

In these formulas, a,,, is the new modification factor an and ~, represents in a
numerical manner the personal flexibility to adjust the emotion regulation behavior.

When ~,, increases, in a proportional manner Aq,, will increase, and a,,an will change

Qn

Soar assures that A, is more or less proportional to a,. The
n

more. The part
denominator «, + 1 prevents «, from under or over-adaptation when it gets very
high. Furthermore, d,., is the mean value of d in the last time interval, and d4 is

the mean value of d in an older time interval. The ratio Fval(newy)/FEval(olds) will be
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smaller, if the actual level of emotion response deviated relatively more from the level
of emotion aimed at in the older interval than in the newer interval. Currently, for the
new interval the interval from ¢ —5 to t is taken, with ¢ the current time point, and for
the old interval the interval fromt — 10 to t — 5 . if Eval(newy)/Eval(oldy) is smaller,
Aa, will be lower. Finally, ¢, represents the costs of adjusting the modification factor
for element n. When there are higher costs to adjust an, the value ¢, is higher, and
Aa,, will be lower. However, due to the prevention from under or over-adaptation,

o, will never reach a value under 0, even with high costs.

3.2.7 Our approach

The major motivation for our approach that inspired us to have a follow-up on B-
model was the fact that, in several occasions it oversimplifies the processes involved
in emotion regulation and lacks the dynamism in human adaptive assessments. This
shortcoming is much related to several core parameters of the system that were con-
sidered constant. (such as the persistence factor). Furthermore, it underestimates the
differences among different individuals in the process of emotion regulation. Their
model clearly ignores such distinctions between different people (e.g., by considering
a fixed strategy cost for all individuals). Therefore, in our model the main attention
was given to the expansion of the dynamism and adaptivity of the proposed formu-
las in the original study as well as to some extent to take into account the relevant
distinctions between different people.

In brief, we argue that some people might not be able to measure their emotional
response level or they might not have a clear idea about their favorite emotion response
level in different scenarios. We address this fact by adding a random number to both
ERL and ERL, ., in order to shrink down the gap between our figures and the real
ones. Furthermore, we believe that the persistence factor () can not be considered

constant. Some people are capable of switching between different emotional states in
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a relatively short period while for some others it might take much longer. A person
who did bad in an exam might decide to do his favorite sport right after the exam
to get ride of his/her grief emotion while for another person it might inhibit him /her
from positive feelings and even activities for the next several days. This is much
related to the differences in personality and also mood of individuals. Therefore, in
our model we consider the persistence factor as a function of mood and personality.
In order to express mood and personality in a simple manner, we adopt the approach
taken in ALMA (A Layered Model of Affect) [36] with some changes. With regards
to the costs associated to each emotion regulation strategy, we argue that these costs
can not be considered fixed as well. In our approach, we link those costs to domain
knowledge of the individual. A detailed elaboration about this approach is provided

in section 5.1.4.

The detailed model In this section, we propose an augmented version for the
equations of B-model. In our model, an agent entity refers to an individual who tries
to modulate his/her emotion response level. Also, base model refers to B-model.
Furthermore, a time step in our model equals one time unit (i.e., second, minute,
hour, day, etc.). Last, we assume that the environment will not change during the
simulation time and thus no events are occurring. This assumption was made from
the perspective that we are trying to simulate the modulation of an already existent
emotional response based on the internal perception and assessment of the situation-
response cycles involved in emotion regulation process made by the individual him /her
self. Thus, this study is not intended to track the role of different events in eliciting
or modulating certain emotions. Building such a model will pose an extension of our

current model and is planned for future work.

Updating emotion response level In order to measure the emotional response

level at each time step, the same formula of the base model was used with the differ-
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ence that the persistence factor 5 is not a constant value but rather is a function of

the mood and personality of the agent at each time step. Therefore,
ERLypew = (1 =)%Y (w, xv,) + f* ERL (1)
B = f(mood, personality) (2)

In order to incorporate a component of mood and personality in our model, we
use the approach taken by Gebhard in his layered model of affect (ALMA)|[36]. In
ALMA, three types of affect are considered. Emotions as short term, mood as mid
term and personality as long term affect all play a role in the formation of the agent
affective states. ALMA adopts the approach of Mehrabian [76] in which he describes
the mood with the three traits of pleasure (P), arousal (A) and dominance (D).
In order to implement the PAD mood space, three axes ranging from -1.0 to 1.0
were used. Hence, the mood is described based on the classification of each of the
three mood axises: +P and —P to reflect pleasant and unpleasant, +A and —A for
aroused and unaroused, and +D and —D for dominant and submissive. These three
discrete factors builds the so called PAD space in which each point and based on its
coordinates in this three dimensional system, represents a mood state called mood
octant (such as relaxed, bored, anxious, etc. see Table 3.2 ). Furthermore, in order
to initialize the mood states, ALMA uses a mapping between the PAD space and the
long term personality based on the five factor model of personality [74|(i.e., Openness,
consciousness, extra-version, agreeableness and neuroticism). Although emotions are
not the only factor in mood changes and there are some other players in this field [80],
for simplicity, we consider only the role of emotions in shaping the mood of the agent.
Using this approach, a mapping between emotions and the PAD space of mood was
suggested in ALMA. Table 5.3 depicts partial mapping between the OCC emotion
model [83] and the PAD space. In our model, we exploit this approach to encode the
mood of the agent into a single quantifier through calculating the Euclidean distance

of eachyemeotiongtosthe origin of the PAD three dimensional space. This distance can
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+P+A+D Exuberant -P-A-D Bored
+P-+A-D Dependent | -P-A+D Disdainful
+P-A+D Relaxed -P+A-D Anxious
+P-A-D Docile -P+A+D Hostile

Table 3.2: Mood octants of the PAD space[36]

also be expressed as the magnitude of the PAD vector for each emotion. In Figure
2.2, vector O? shows the position of emotion pride on the PAD coordinate system.

In order to express [ as a function of these mood quantifiers, we calculate the
mean value of PAD vectors for all positive emotions in OCC emotion model (i.e., a
set of 11 emotions, such as love, pride, hope, etc.) as well as for all negative emotions
(i.e., a set of other 13 emotions such as fear, anger, shame, etc.). These mean values
will be considered as a general mood indicator of the agent. Hence, only the type of
emotion (either positive or negative) would be required to be passed to the system.
Thus, we have:

Z PABPosfemos =5.81

Mean(PAD poy) = ELADpos—cmo: 5,81 /11 = 0.53

#pos_emos

Z PABNegfemos =17.85

Mean(PAD yeg) = ZLADNccmos Diegemo: —y 7.85/13 = 0,61

#neg_emos

Hence, equation (2) to express the value of 5 can be rewritten as follows:

0.53 if_positive_emotion
B = (2)

0.61 ¢f_negative_emotion
Therefore, in our model the value for persistence factor unlike the original model
which was picked up as a constant with value 0.7 without any reasoning, will be a

simple function of the mood of the agent.
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Emotion ‘ P ‘ A ‘ D ‘ Mood octant

Admiration 0.5 0.3 | -0.2 | +P-+A-D Dependent
Anger -0.51 | 0.59 | 0.25 -P+A+D Hostile
Disliking -04 | 02 | 0.1 -P+A-+D Hostile
Disappointment | -0.3 | 0.1 | -0.4 -P+A+D Anxious
Distress -04 | -0.2 | -0.5 -P-A-D Bored
Fear -0.64 | 0.6 | -0.43 -P+A-+D Anxious
FearsConfirmed | -0.5 | -0.3 | -0.7 -P-A-D Bored
Gratification 0.6 0.5 0.4 | +P+A+D Exuberant
Gratitude 0.4 0.2 | -0.3 | +P+A-D Dependent
HappyFor 04 | 02 | 0.2 | +P+A+D Exuberant
Hate -06 | 0.6 0.3 -P+A+D Hostile

Table 3.3: Mapping of some OCC emotions into PAD space|36]

Difference between the two emotion response levels As discussed before, the
difference between emotion response level ERL and the aimed at emotion response
level ERL, ., at any point in time poses the main motor to direct the process of
choosing the more effective strategies in emotion regulation. Considering the fact that
these two variables have qualitative nature, in order to express them numerically, the
agent would need to estimate them. In our model we consider the interval of |0...2]
to express the level of the emotional response, in which 0 means completely neutral
(unmentioned) and 2 shows an extremely emotional agent. In reality, most people
can not accurately measure (estimate) their current emotional response values. This
is also the case for the favorite emotional response level where they might not have a
specific level in mind rather than simply they seek for instance more excitement. In
order to take this fact into account, we add a random number to both of these quan-
tities. This random number reflects a possible inaccuracy in measuring the current
ERL or in estimating ERL..,. We set this variable to 5% in either way (i.e., more
or less) for both quantities thus, it reflects a total of error range between [—0.1...0.1]

in d.

d=FERL — ERL, ., + Rand (3)
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With regards to FRL,-m, we assume that it will remain constant during the
simulation. This assumption was made for the sake of getting a more robust analysis
for d since it enables us to track the values of d more accurately . Although we believe
that some other factors such as mood and personality play a role in determining the
value of ERL,,.»but in fact, it would be necessary to include those factors in FRL
itself as well in order to robustly measure the difference d . As will be mentioned

later, this issue is one of extensions that will be considered in the future work.

Updating emotional components In order to specify the emotional contribution
level of each regulation strategy v, in the total emotion response level ERL, we use

the same approach taken in the original study. Therefore, we have:

Av, = —ay, * 7Nt (4)

d’HL(LZI,'

Unnew = Un + A/Un (5)

How adaptive the modification factors are? The modification factors are
the most critical elements that provide the required dynamism and adaptivity for
the system. As elaborated before, a modification factor «, reflects the willingness
to change behavior by adopting emotion regulation strategy n. In other words, it
gives a measure for the speed with which different emotional values are changed over
time. In our model, once again we adopt the same difference equations for updating
al s. Here, we use the historical (temporal) knowledge to record the specifications and
outcomes of the past situations. Agents can use those recorded events from history
knowledge as a mean for guidance in selecting a regulation strategy. As explained
in the base model, the historical knowledge approach was applied using the moving

average of d in the last two consecutive equal time intervals. Therefore:

an Eval(dnew
Aoty = Yo+ (5227) * ( Emf(dold)) —c) At (6)
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In the above equation, 7, as the personal flexibility to adjust the emotion regula-

tion behavior is considered constant similar to the base model.
a7l7zeq1x = a7l + AO{n (7)
Eval(d;—(14p)) = mean(abs(d—(i+p)) (8)

But, beside historical knowledge, we believe that domain specific knowledge as a
more effective knowledge component needs to be incorporated as well in the adap-
tation process of the modification factors. Domain specific knowledge is an impor-
tant knowledge source which reflects the degree of professional knowledge and skills
acquired through (either formal or informal) education and training in a specific
field/domain by the agent. For instance, the level of fear (panic) a nurse experiences
when facing a critical medical situation would be much lower than that of an ordinary
person with no experience in the field of medicine. In this example, the relatively
calm state of the nurse is related to both historical knowledge (getting used to) and
domain specific knowledge (cognitive aspects and skills). In our model, we link the
domain specific knowledge to the cost parameter associated with each strategy. As
explained before, there is a cost of ¢, associated to adjusting the modification factor
for element n. We argue that adjusting the modification factor in favor of a regulation
strategy for a knowledgeable agent will result in lower cost. This can be analyzed
from two perspectives. First, considering situation selection strategy for instance, a
knowledgeable agent would spend less efforts in the process of choosing the preferred
situation which results in having a lower cost (e.g., shorter time). Second, the prob-
ability that the selected situation was better for the agent is higher and thus more
beneficial (with less cost) in the sense that such an agent will have a better assessment
capabilities in evaluating different available situations and identifying the better one.

Hence, we have:

ACTL X fKnOWledgestrategy_n
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Different fitness functions can be used to express the domain knowledge. It can be
argued that since domain knowledge is closely related to a learning process, we can use
a learning curve described in [94] with some changes. Such a modified sigmoid function
is expressed in equation (9). The graph of this function is depicted in Figure 3.2. Here,
the maximum knowledge that can be reached is 1 (i.e., complete knowledge). The
exact value of parameter a which is intended to influence the speed (steepness) of the
function is left for the experiments. In order to build the equation that expresses the
changes in strategy costs AC), in terms of the domain knowledge function, we consider
two components in such an equation. The first component shoes an inverse proportion
between the changes in knowledge amount and that of the costs. As elaborated
before, a knowledgeable agent will have a lower cost in the regulation process. This is
reflected in the first part of equation (11). Coefficient ¢ is a constant that translates
the domain knowledge values into associated costs and prevents the cost values from
over or below quantities. The negative sign ingp reflects an inverse proportion with
the cost. Furthermore, A JKnowledgestrateqy » SNOWS the change in knowledge levels at
two consecutive steps.

The second component on the other hand, has a direct proportion with the cost
and reflects an over confidence side effects. We argue that over confidence has an
adverse potential role with regards to associated costs. For instance, an over confident
nurse might pay less attention to some of his/her critical tasks which might result in
forgetting steps or making mistakes in performing them and thus increase the final
cost. In this component, the positive sign of coefficient ¢ indicates that such an over
confidence will have a direct proportion with the associated cost. From the equation
itself, it is obvious that the possible negative impacts of over confidence would appear
at times close to the end of the simulation (at top levels of acquired knowledge). In
order to determine the values for ¢ and ¢, we argue that since the maximum value for

the knowledge function is 1, therefore the maximum for AC,will be —¢ (the second
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component is always positive). Also by considering the fact that C,, can not be less

than 0, thus a suitable value for ¢ will be C,, , (i.e., the initial cost of strategy

init
n). With regards to ¢, in order to stay in line with our previous assumptions, we
consider a maximum over confidence level of 10%. Since a possible over confidence
state usually appears at very high level of knowledge, by looking at Figure 3.2, we
observe that at almost step — 80, the agent reaches its top level of knowledge. Since
In(80) ~ 4.4, therefore ¢ = a/44. Since in almost all of our experiments we have
a = 10, therefore ¢ = 0.227 ~ 0.2. Here, when step = 1, In(1) = 0 which means

that a non-knowledgeable agent will have an over confidence level of zero which is

completely logical.

fK?’Lowledgestrategy_n(t) = 1+a*ex;(ft/a) (9)
Cn'n,ew — Cn + AC’N/ (]‘0)

AC” = ((_90 * AfKHOU)ledg@stmzegy,n) + ((b * Avaer,confidenceswategy7n))At (11)
AfKnowZEdgeStTategy—n = fKnOU}ledgestrategyin(t) - fKnowledgestmtegyin(t - 1)
vaer,confidencestmtegy7n (t) = 1/CL * hl(t)

Af()ver_confidencestmtegy_n = Avaer_confidences,gm,gegy_n (t) _Avaer_confidencestmtegy_n (t_

3.2.8 Simulation experiments and discussion

In order to assess the behavior of our suggested model under different circumstances
and its consistency with Gross theory, as well as to compare its performance against
the base model, a number of simulation experiments have been conducted. Various
types of cases were addressed such as: the regulation process with or without con-
sidering mood states. Modification factors with fixed values versus those associated

with historical knowledge. Fixed regulation costs versus those expressed in terms of
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Figure 3.2: Domain knowledge function with a = 10: Knowledge levels over time

Table 3.4: Values of parameters used in the simulation

| Variable | Fixed value | Variable | Initial value |
ERLnorm 0.7 ERL 1.85
0.53 _ d
8 pos—moo v 1.90
0.61 neg_mood
w1 0.35 vg 1.85
w2 0.30 v3 1.80
w3 0.20 V4 1.75
wy 0.15 c1—cCq 0.10
0.15 optimal
0.01 wu_reg
— 0.05 a] —«
Y1 — Y4 1 4 050 o_reg
var adp_«

domain specific knowledge. The different cases were established by taking different
settings for some of the system parameters. Table 3.4 gives a summary of the setup
and values for the system parameters. Based on Gross process model, those strategies
applied at an earlier time in the regulation process will have a bigger influence on the
regulation process. This was implemented in our model by assigning a descending

weights to later strategies.

Experiment 1 and 2: constant versus variant modification factors In

these two experiment, we compare the values of the emotion response level ERL and
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all emotional components of v/ s in two different scenarios of having a fixed versus
variant ofs. The results for both experiments are reflected in Figure 3.3. In the
first experiment, all modification factors to be constant and all equal to 0.15. After
trying different values for 0 < o < 1, we found out that at o = 0.15, the regulation
seemed optimal (i.e., with regards to the speed and smoothness of FRL and v s).
Based on the results’ graphs, we observe that at almost step= 25, EFRL manages to
reach its target level (i.e., ERL,omm). As expected, since all regulation strategies had
the same modification factors, the willingness of the agent to change its emotional
behavior for the sake of regulating its emotion is divided equally among all strategies.
Those strategies which had a slightly lower initial values (e.g., vy) have ended up
slightly lower than those with higher initial values (e.g., v1), though all with almost
same difference. These results are clearly in line with one of Gross rules stating that
“Emotion approaches norm monotonically” [13]. The results of this experiment have
no noticeable difference with those obtained in the base model.

In the second experiment, we consider different values for the modification factors
in order to test a possible preference for those regulation strategies with highera.

Thus, we have: a; = 0.20, ap = 0.15, ag = 0.10, a4 = 0.05 Based on results’ graphs,

we see that FRL has reached its aimed at level with almost the same speed of ex-
periment 1 but we notice that unlike experiment 1 in which all regulation strategies
had the same contribution in the regulation process, those strategies with higher
modification factors had a bigger influence on EF'RL. For instance, we see that situa-
tion selection strategy went down from 1.90 (i.e., its initial value) to less that 0.4 at
step=>50. during the same time, the cognitive change strategy experienced a change
of as low as 0.35 (from 1.75 to 1.40). This is clearly related to its low . Again, these
results and graphs are much in line with the second rule of Gross theory since we see

clearly that those strategies with higher values of o managed to reach to the target
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levels faster (i.e., with different speed). Here, our results were very much similar to

those of the base model.

Experiment 3: The role of mood Figure 3.4 shows the regulation process in
the FRL of (a) an agent with a positive mood and (b) another agent with a negative
mood. We notice that the agent with a positive mood regulates its emotion more
smoothly than that of an agent in a negative mood. At almost time step = 24, good
mood agent manages to reach its ERL,,-»while for negative mood agent this does
not occur before step 35 (although it passes through this level with a sharp trend
at an earlier time but it does not get stable at that level before time step =35).
This confirms our prediction of having a faster and smoother regulation process for
a positive thinker agent (i.e., with a good mood). This finding can be linked to
the second rule in Gross theory which states that “Emotion approaches norm with
specific speed” [13]. Here no comparison with the B-model was possible since the

mood attribute was not considered in the original study.

Experiment 4: Over and under regulation In this experiment, in order to
assess the performance of over and under regulation processes, we set the modification
factors for all elements «,, to very high and very low levels. In particular, we set
a, = 0.4 which means that the agent subject has a relatively high flexibility in all
regulation strategies. We expect to see an over-regulation scenario (i.e., a too high
adjustment of behavior). Figure 3.5, part (a) shows the behavior of the FRL. In
this case, E'RL starts to decrease rapidly right after the beginning of the experiment
and it goes below the aimed at level of 0.7. It can be seen from the graph that at
step = 9, it reaches its minimum of 0.45 (i.e., 0.25 below the target value). After this
point, the FRL starts to rise until it reaches its target value of 0.7 at almost step=22
and stays around the target value for the rest of the simulation. This confirms that

a high level of flexibility in emotion regulation results in over-regulation. A similar
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Figure 3.4: The role of mood state in the regulation process
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experiment was performed using a very low value for the modification factors. Here
we set all a,, = 0.01. the graph for the FRL is depicted in Figure 3.5, part (b).
This time we expect to see an under regulation scenario. Here, the FRL decreases
very quickly resulting in under-regulation state. We observe that at step=40, it has
reached 1.5 (i.e., a decrease of only 0.4 from the initial value). This trend stays till
the end of the simulation and at step=100, the emotion response level touches 1.0.
Therefore, it did not manage to meet with its target level.

We need to add that, all above experiments were in line with the third rule of
Gross which states that “Early strategies are more effective” [13]. This was obvious
through the fact that changes made to the modification factor of those strategies
applied at an earlier time (such as situation selection) resulted in a more significant
change in the ERL of the agent.

In all of the above experiments (except the mood case), our results did not show a
significant difference with those obtained from the base model. In fact, in some cases,
base model’s results even showed a smoother trend in £FRL and v,, graphs. This did
not pose a surprise for us since the difference between our values for the persistence
factor § and that of their approach is not significant. In addition, the smoother trend
of ERLand vs in the original model is clearly related to their assumption of having
an absolutely accurate prediction and measuring of the emotional values. Yet our
model which is more dynamic and sensitive to the changes in the internal states of
the agent (as elaborated in section 5.1) managed to show a very similar performance

to the base model.

Experiment 5: Cost function In this experiment which poses the back bone of
our work, we include the different knowledge components in the process of emotion
regulation. In previous experiments, the cost was considered to remain fixed during

the simulation and also was presumed equal among all regulation strategies. In this
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Figure 3.5: Extremely high versus extremely low values for the modification factor as,

experiment, we link the cost of the strategies to the domain specific knowledge of the
agent about each strategy. (See equations 9-11 in section 5). In fact, this knowledge
component will work beside the historical knowledge which was considered in the base
model. Here, we choose a = 10, therefore ¢ will be 0.2, while the level of the knowledge
at the beginning of the simulation will be 0.1. This value makes sense since everybody
has at least a low level of knowledge even before getting specialized or trained in a
field. Furthermore, the initial values for alla,, in both models was set to 0.05, while
the initial cost for all strategies was set to 0.2. In addition, the changes in costs for

all strategies in the base model beside all strategies except situation selection in our
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model were set to use historical knowledge only, while the cost changes for situation
selection strategy was linked to both historical and domain specific knowledge. The
results are reflected in Figure 3.6. We observe clearly that the FRL in our model
managed to reach to its target level much faster than the base model, particularly at
step=30 while the ERL for the base model did not meet with its target value before
step —60. Also, the graph of situation selection strategy shows that its level was
much below other strategies and thus had a more significant contribution in the rapid
regulation process in FRL. Here, only one strategy (i.e., attentional deployment-
aspect) from the set of those use only historical knowledge was shown since the other
two have more or less a similar performance. With regards to the situation selection
graph, we notice several jitters around and after step =65. In fact, these are much
have to do with the bigger component of over confidence as elaborated in the model
design before. These findings are very much consistent with the fourth rule in Gross

model which states that “High strategy flexibility leads to large adjustments” [13]

3.2.9 Conclusion and future work

In this paper, a computational model for emotion regulation strategies based on Gross
theory developed by Bosse and colleagues was considered. According to Gross [45],
humans use strategies to influence the level of emotional response to a given type
of emotion. Based on this approach, emotion can be regulated at five points in the
emotion generative process: (a) selection of the situation, (b) modification of the
situation, (c¢) deployment of attention, (d) change of cognition, and (e) modulation
of experiential, behavioral, or physiological responses. In Gross process model for
emotion regulation, the hypothesis and inferential rules are described informally.
Bosse and colleagues have built a computational model based on the above process
model. Although they argue that their computational model is consistent with Gross

theory and has successfully managed to match with the inferential rules within that
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theory, we believe that it has several shortcomings. These shortcomings inspired us
to have a follow-up on their model and enhance it in different dimensions.

In brief, we argue that the persistence factor can not be constant and hence, in
our model it was defined as a function of mood and personality. The findings from
our experiments were consistent with the tenet that a person in a bad mood tends
to internally impede the modulation in his/her emotional state through maintaining
a bigger portion of the previous emotion response FRL in the new emotion response
ERL,., and thus to have a slower emotion regulation process. While an agent with
a positive mood will exhibit more cooperative behavior and thus has a relatively
faster regulation process. Furthermore, we believe that people are generally unable of
measuring (predicting) their precise emotional levels and often they can only identify
their emotion type with an estimation of its intensity. Hence, using fixed values for
the emotion response levels seems unrealistic. In our model, this fact was taken into
consideration by declaring a random number in a certain range in order to regulate the
measurements of the emotional response levels. The major achievement of our model
comes from injecting a component of domain specific knowledge into cost calculations
associated with the regulation strategies. In the original study only a component of
historical knowledge was considered, while we believe that other knowledge categories,
especially domain specific knowledge plays an important role in the associated costs.
Domain specific knowledge includes all those knowledge and skills obtained though
either formal or informal education and training. By including this component, we
managed to build a more realistic and dynamic model while it is still completely
consistent with Gross theory.

One direction for future work would be to address other constant parameters of the
system (such as ERL, ;) and make them dynamic. Furthermore we will consider
a direct personality component in all relevant parameters (such as the persistence

factor §). In addition, the suggested model can be more comprehensive with the
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addition of event items. Moreover, other knowledge categories such as normative
and situational can be considered in computing regulation costs. Finally, we would

consider validations for the suggested model with actual data from case studies.
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3.3 A Fuzzy Logic Computational Model for Emo-
tion Regulation Based on Gross Theory

Abstract. Emotion regulation looks into methods and strategies that
humans use in order to control and balance their possible extreme lev-
els of emotions. One important challenge in building a computational
model of emotions is the mainly non-quantitative nature of this prob-
lem. In this paper, we investigate a Fuzzy logic approach as a possible
framework for providing the required qualitative and quantitative de-
scription of such models. In our proposed fuzzy computational model
which was constructed based on Gross theory for emotion regulation,
beside the fuzzy structure, it includes a learning module that enhances
the model adaptivity to environmental changes through learning some
relevant aspects such as patterns of events’ sequences. The results of
the simulation experiments were compared against a formerly presented
non-fuzzy implementation. We observed that the agents in our proposed
model managed to cope better with changes in the environment and
exhibited smoother regulation behavior. Moreover, our model showed

further consistency with the inferential rules of Gross theory.

3.3.1 Introduction

According to recent research findings, emotions pose a vital component in the human
cognitive activities [42]. They have deep impacts on the memory functions, decision
making and judgments [32]. In addition, Some neurological studies such as |27] showed
that those suffering from complications in expressing/balancing their emotions, often
perform poorly in making decisions. This leads to serious difficulties in establishing

effective relationships with other members of their communities, which consequently
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endanger their social roles. Furthermore, some psychologists were able to track these
negative impacts in several forms of depression and even psychopathology|42].

Emotion regulation strategies address the potential risk of having inappropriate
level of emotions. Gross in [45] states that “Emotion regulation includes all the
conscious and non-conscious strategies we use to increase, maintain, or decrease one
or more components of an emotional response.” In other words, they are aimed at
making “changes in emotion latency, rise time, magnitude, duration and offset of
responses in behavioral, experiential or physiological domains” [42].

This article proposes a fuzzy logic computational model for emotion regulation
strategies based on Gross theory. In the next section, we review some of the re-
cent computational models of emotions and briefly discuss Gross emotion regulation
strategies. Section 3 introduces our fuzzy approach for emotion regulation problem
and highlights its benefits and distinctions from a non-fuzzy model. Next, a descrip-
tion about the conducted simulation experiments is given, followed by discussion and

conclusion sections.

3.3.2 Emotions
3.3.2.1 Computational models of emotion

Affective computing in general and computational models of emotion in particular,
have recently managed to attract many researchers from a wide spectrum of science
fields. These models have several applications in Psychology, Biology and Neuro-
science at which such models are used to test and improve formalization of the un-
derlying hypothesis. With regards to robotics and computer gaming fields, many
applications for these models can be named. Additionally, these models can make
significant improvements to HCI applications, such as increasing the believability of

virtual agents by exhibiting a maximal degree of human-like behavior.
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CoMERG is the abbreviation for Cognitive Model for Emotion Regulation based
on Gross. It was developed by Bosse et al. |13]. This model includes some differential
equations combined with inferential rules, and it aimed at simulating the dynamics
of Gross emotion regulation process model. An enhanced version of CoOMERG was
suggested in [112], which focuses on improving the realism and agent’s adaptation
capabilities to the environmental changes. The results from our proposed fuzzy model
were bench-marked against the results obtained from this non-fuzzy implementation.

FLAME [30] is another OCC based appraisal model, which uses the principles
of fuzzy logic to describe the process model of emotion. FLAME consists of several
learning algorithms used for agent’s adaptation purposes. Some of the concepts and

formulas of FLAME were adopted in parts of our proposed emotion regulation model.

3.3.2.2 Emotion regulation strategies

Gross identifies two categories of strategies that can be used in the regulation process.
They are antecedent-focused and response-focused strategies. Antecedent-focused
are those strategies that can be used for the regulation process before an emotional
response has fully activated. Response-focused, on the other hand, are those strategies
that can be used for the regulation process once certain emotional responses have
already appeared as a result of an event or internal state.

The first antecedent-focused regulation strategy in Gross theory is situation selec-
tion. This strategy is aimed at selecting a situation among available options that best
meets with the desired level of a certain emotional response of the person. Situation
modification is the second strategy in this category and it does not try to change
the world but rather to alter some controllable aspects of the situation. In attention
deployment strategy, we try to focus on positive and distract ourselves from negative
aspects of the current situation. In cognitive change, the person tries to look at un-

desired events from a different perspective in order to change the negative cognitive
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meaning of them. As of the response-focused category, response modulation is an
important strategy that can be applied after the manifestation of the emotion.
For brevity, we do not elaborate more on Gross theory, and interested readers are

referred to [42, 45].

3.3.3 Proposed computational model

In order to build a computational model for emotion regulation based on Gross in-
formal process model, we propose a regulation architecture described in Figure 3.7.
As it can be seen from the diagram, we consider three major components involved
in the regulation process. The first module, Event Evaluation is the component that
perceives external events and calculates the desirability of each event based on the
goals and the internal emotional state of the agent.

The output from Event evaluation unit, i.e., the event’s desirability value will be
passed to the Emotion Elicitation uni