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Abstract

In Artificial Intelligence (AI) one of the technological goals is to build intelligent systems
that not only perform human level tasks efficiently, but can also simulate and exhibit
human-like behaviour. As the emphasis of systems is often placed on fulfilling functional
requirements, Al systems are only intelligent at a machine level. Affective computing
addresses this by developing AI that can recognize, understand and express emotion. In
this work, we study the effects and humanness of emotionally cognizant Al agents within
the context of the prisoner’s dilemma. We leverage machine learning techniques and deep
learning models in devising algorithms to map dimensional models of emotion to facial
expressions for virtual human displays. Additionally, we utilize distributed representations
for words to design a method for constructing affective utterances for a virtual agent in
the prisoner’s dilemma. We experimentally demonstrate that our methods for affective
facial expression and utterance construction can be successfully used in Al applications
with virtual humans. Thus, we design and build a prisoner’s dilemma game application
including the integration of a virtual human. We conduct two experiments to study and
evaluate humanness of various agents in the prisoner’s dilemma game. We demonstrate the
effectiveness of our facial expression and utterance methods and show that an appraisal-
based theoretic agent is perceived to be more human-like than baseline models.
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Chapter 1

Introduction

1.1 Motivation

A key goal of Arti cial Intelligence (Al) is to build intelligent systems that can perform hu-

man level tasks both e ciently and e ectively. The research, design and development that
goes into Al aims to build machines that can exhibit intelligent behaviour. Al essentially
attempts to mimic or simulate human cognitive functions such as problem solving and
learning [67]. Subareas in Al such as machine learning have had tremendous success over
the recent decade. Recent breakthroughs in machine learning have resulted in technolog-
ical advances of various machine learning applications in natural language processing and
computer vision. For example, this includes speech recognition systems, facial recognition
systems, machine translation tools, conversational agents and smart home systems.

Al-based dialogue systems have gained tremendous traction in recent years. It should
be noted that dialogue systems are also referred to as conversational agents or chatbots.
From an alternative perspective, dialogue systems can be viewed as intelligent virtual
assistive technology [14]. Al speech-based conversational agents have emerged in forms
such as Google's Assistant, Apple's Siri, Microsoft's Cortana and Amazon's Alexa. In
addition, there are now a plethora of text-based conversational agents deployed in the
form of chatbots. Many of these technologies are changing the way in which we as humans
interact with machines. Many companies are leveraging this technology and transforming
the way they conduct their business. For example, customer service is massively being
revolutionized as consumers are using chat services to interact with businesses [3]. This
is especially prevalent in e-commerce settings where goods and services are being o ered
and exchanged through the internet. With constant technological advances in Al, human
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chat service operators will continue to be replaced with arti cially intelligent conversational
agents [3, 27]. In addition to conversational agents, there has been extensive work regarding
the integration of virtual human agents into the interface of several Al systems. This has
resulted in Al systems having the ability to display both verbal and non-verbal emotional
signals. A few examples includes tutoring systems, smart home systems, and assistive
handwashing systems to help those with dementia [91, 64, 11, ].

One signi cant feature among the use cases listed above, is that they all share one
commonality. That is, the human interaction aspect or human to machine interaction.
One of the shortcomings in the development of Al systems is that many systems are
geared towards meeting more functional requirements, and as a result are often intelligent
only at a machine level. As the purpose of a majority of Al systems or agents are often
to be deployed in social environments or settings, this often requires a human interaction
component. As a result, more signi cant considerations should be made pertaining to the
emotional or a ective aspects of the overall system. Therefore, not only do Al systems
need to be intelligent at a machine level, they need to be intelligent at a human level.

1.2 A ective Computing

A ective computing is an interdisciplinary eld that aims to design intelligently and emo-
tionally cognizant inclined systems that can recognize, feel, interpret, process and simulate
human emotion [77, 95]. Emotions and sentiments are a fundamental part of human in-
teraction and the human experience. Emotions and sentiments are ubiquitous in our daily
lives and have a signi cant in uence in cognition, our perception, the way in which we
communicate, and our decision making. In the majority of technological innovations of Al
systems, a signi cant problem is that these systems lack the ability to emotionally align
with human user. This problem is addressed through the eld of a ective computing.
Rosalind Picard, founder and director of the A ective Computing Research Group at the
Massachusetts Institute of Technology (MIT) Media Lab, explains that if we want comput-
ers and machines to be genuinely intelligent and to interact naturally with and amongst
humans, computers must have the ability to recognize, understand and express emotion
[75]. The ability of having Al systems that can a ectively align with humans in interac-
tions while making intelligent decisions, and being placed complex social environments, is
paramount.

In order to design and develop Al systems that are able to e ectively understand
emotion, and a ectively align in human interaction, one of the rst steps we have taken
was to study emotion intelligence within the context of social dilemmas. Through the usage
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of arti cial virtual humans, we were able to simulate emotion through verbal and nonverbal
cues and study their e ects in human to machine interaction. In this thesis we designed
and implemented a prisoner's dilemma game with the necessary architectural components
enabling the successful integration of a virtual human into the gaming interface. The
advantage of integrating a virtual human into the gaming interface has allowed for the usage
of verbal and non-verbal cues such as a ective facial expressions and a ective utterances.
As a result, in this work we have studied, designed and generated a ective facial expressions
and a ective utterances mappings by leveraging dimensional emotion models.

1.3 Contributions
The main contributions of this thesis are as follows:

1. Designed and implemented a prisoner's dilemma web-based game with capabilities
making of being deployable to conduct online experiments with human participants
through Amazon's Mechanical Turk platform. Our robust system is used to study
the e ects of human emotion and decision making within the context of the pris-
oner's dilemma. This has led to the study and execution of additional experiments.
Our system is a platform that sets the foundation for building, experimenting, and
studying human emotion within the context of other social dilemmas.

2. Generated a dataset containing 9,200 virtual human faces and their corresponding
con gurations. This dataset can be leveraged by machine learning models in learning
virtual human facial displays.

3. Experimented with various machine learning and speci cally deep learning algorithms
in order to generate a ective virtual human con guration based on dimensional emo-
tion models. Compared and evaluated the performance of state-of-the-art deep CNN
models in the application of dimensional a ect prediction.

4. Created a systematic mechanism for mapping a ective representations to utterances
at the sentence level. These utterances would be communicated verbally by a virtual
human. Part of this work entailed leveraging natural language processing techniques
such as word embeddings.



1.4 Thesis Organization

This thesis is structured and organized as follows:

N

Chapter 2 discusses background and related works.

Chapter 3 discusses the prisoner dilemma system architecture and overall system
design used in our experimental research.

Chapter 4 discusses the a ective facial expressions mappings based on dimensional
emotion models from the continuous domain.

Chapter 5 discusses the a ective utterance mappings based on dimensional emotion
models from the continuous domain.

Chapter 6 discusses the prisoner's dilemma experiment and results that we ran with
human participants.

Chapter 7 contains the conclusion and some further discussion regarding future work.



Chapter 2

Related Work

2.1 Social Dilemmas

A social dilemma is a social situation where when one focuses on themselves it ultimately
leads to everyone else being worse o. Therefore, a social dilemma may be described or
de ned as \a situation in which individual rationality leads to collective irrationality" [47].
These social situations are present everywhere and are often at times the root of many non
trivial problems we face in the world. For instance, something as simple as jumping a line
at the grocery store, to something more complex such as social traps can be considered
social dilemmas. Social traps occur when immediate rewards are pursued and are later
revealed to be \unpleasant” or in some cases \lethal" [76]. Over shing, the impact that
automotive vehicles have on air pollution, and deforestation, are all examples of social
traps where at their core are social dilemma constructs. The study of social dilemmas has
sparked the development of modelling approaches and solutions which has in turn provided
extensive and widely used applications.

These social situations are important because they can be leveraged to study the e ects
of the interaction of arti cial agents exhibiting human emotion and human behaviour.
While social dilemmas can be modelled in a variety of ways we focus on one speci ¢ model
which is categorized as two-person dilemmas.

2.1.1 The Prisoner's Dilemma

In 1950, two scientists at RAND corporation, Merrill Flood and Melvin Dresher, created
what is known to be the simplest example of a two person game which they later ran as an
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informal experiment in their research [47]. This game later became known as the prisoner's
dilemma and came with a backstory both of which created by Albert W. Tucker [62]. The
prisoner's dilemma is a social dilemma which involves two people who have the choice
between two options. One option typically representing cooperation and the second option
representing defection. While there are many depictions of the backstory, [62] describes
the story for this game as follows.

The main story line starts o with the premise that the police have charged two men
who have jointly violated the law and are both being held separately by the police. They
have separately been given a choice between two options: They can either confess. Or
they can refuse to confess and keep quiet. Since both prisoners are separately given this
option this is where things get interesting. In this conceptualization of the prisoner's
dilemma, confessing can be observed as defection. There are 4 possible outcomes in the
given scenario.

From [99] consider the following:

1. If both men confesses then each will be charged with 1 unit.

2. If one confesses and the other does not confess then the one who confesses will be
rewarded with 1 unit and the latter charged with 2 units.

3. If both men refuse to confess then both will be free and will go clear.

In game theory, the prisoner's dilemma is considered a non-zero sum game [62]. That
is, games where one's gain or loss are not balanced by the opposing participant's gain or
loss. In a zero sum game a participants gain or loss is balanced by the other participants
gain or loss [80]. For example, many gambling games such as poker are considered a zero
sum games as one's gain is the combined loss of others.

Many generalizations of the prisoner's dilemma have been made stemming from Tucker's
initial interpretation. One common example from [47] of the prisoner's dilemma utilizes the
following generalization. Two students are asked to take odtl from their wallet and both
separately in private are given the option of either putting their dollar into an envelope or
keeping their dollar. The act of keeping their money can be considered defection and the
act of putting their money into the envelope can be considered cooperation. The envelopes
are swapped and the money that is given in the envelope is doubled by the teacher, thus
resulting in an additional reward for cooperation.

We summarize the payout matrix given this generalization of the prisoner's dilemma
in Table 2.1. All of the possible outcomes are shown in the payout matrix in Table 2.1.
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While the socially optimal or globally optimal solution would be to have both students
cooperate, the Nash equilibrium is the state at which both students defect. This may
seem counter intuitive but when factoring in what the other player can potentially do, you
would observe that both players defecting can be considered a de cient equilibrium. For
example, if player | cooperated and player Il defected then player Il would be rewarded
with $3 while player | collects nothing in return. Therefore, given the uncertainty of each
player not knowing each other's move it would seem best and safest to defect, hence why
defection is considered the Nash equilibrium.

| Payo Matrix
Cooperation Defection

Cooperation 2,2 0,3

Defection 3,0 1,1*

Table 2.1: Payout matrix for prisoner's dilemma game.Two person prisoner's dilemma
payout matrix taken from: player | and player Il where player I's payout in bold and the
asterisk denotes the Nash equilibrium [47].

The following inequality describes the ranking of the moves by maximizing the payout
to player I:

DC>CC>DD>CD (2.1)
For example, from Equation 2.1, DC would indicate that Player | defected as shown by
D, and Player Il cooperated as shown by C.
2.1.2 Other Two-Person Social Dilemmas

In addition to the prisoner's dilemma, there are also two other two-person social dilemmas.
The rst is called the assurance game.

CC>DC>DD>CD (2.2)

Adjusting this inequality or in other words moving the relative value of these outcomes
may result in other social dilemmas. If the inequality is modi ed where mutual cooperation
is the most rewarding outcome, this re ects the social dilemma known as the assurance



game. The inequality representing the assurance game is shown in Equation 2.2. In the
assurance game mutual cooperation is considered the optimal equilibrium while mutual

defection is the de cient equilibrium. The game is premised on the issue whether each
player will trust each other in terms of cooperation [61, 47]. The following is an example of

the typical scenario in which the assurance game stems from. The scenario states that we
have two hunters have a dilemma of either hunting a stag or a hare. In order to successfully
capture the stag this would require mutual cooperation amongst the hunters. Since the

stag is a much larger animal, capturing it is considered a more ful lling meal [61].

DC>CC>CD>DD (2.3)

If the inequality is adjusted where mutual defection results in the worst outcome, then
this is known as the chicken game. The rankings of the outcomes of the chicken game are
shown in Equation 2.3. The idea or scenario of the chicken game is as follows: There are
two individuals driving their car into each other. The rst one to deviate and turn away
will be the \chicken". The individual who does not turn away rst will be the winner or in
other words seen as more courageous or brave. If neither individual drives away then they
both will collide into each other resulting in both of them dying, hence the worst outcome.
There are another class of social dilemmas that deal with more than two players referred
to as multi-person dilemmas [47]. However, in this work we focus on two person dilemmas
and in particular, the prisoner's dilemma.

2.2 Appraisal Theory

The process of emotion elicitation is the premise of appraisal theories [86]. Rather than
placing emphasis on the consequences or precursors of an emotional reaction, appraisal
theory focuses on distinguishing and reasoning about emotional states based on the evalu-
ation of eliciting conditions [58]. Examples of these eliciting conditions may include aspects
such as one's inherent pleasantness, or one's goals [58]. This means emotions are evoked by
appraisals of situations or events. An example of the emotion of sadness being felt when
one loses a loved one may be elicited by the evaluation/appraisals where someone that was
once around, has been lost and now gone. Malatesta et al. explains that appraisal theories
are a common approach when it comes to emotion modelling [58]. This is due to the fact
that the underlying structure of appraisal theory makes it practical to simulate in compu-
tational models and implementing in computers [58]. There are many popular theories in
this area such as Scherer's appraisal theory [85], Roseman's theory [81], Frijda's theory[25],



and the OCC theory[68]. In this work we focus on the OCC theory as we implemented
and studied the OCC model in our experiments with human participants.

2.2.1 OCC Model

The theory of Ortony, Clore and Collins (OCC) is considered one of the most successful
models used to classify emotion [95, 68]. In comparison to other appraisal theories, OCC
has been shown to best t in the implementation of virtual agents [2]. Its simplicity and
the nite set of appraisal combinations that it consists of, make it a common choice by
computer scientists in building Al agents that are programmed to model and reason about
human emotion [2].

The OCC model is based on cognitive elicitors and as a result, is considered a cognitive
appraisal theory [2, 58]. The OCC model aims to classify people's emotion based on objects,
events, and agents. Objects, events, and agents make up a three branch typology which
refers to three types of stimuli components of the model. These are the aspect of objects,
actions of agents, and consequences of events. [2]. In other words, this means for people,
if happiness or unhappiness is associated to an event, there is either a like or dislike of an
object, and approval or disapproval of an agent [95]. Consequently, people's emotions are
categorized based on this three branch typology/categories. Under these three categories
there are a total of 22 described emotions or emotion types.

The OCC model contains 22 emotions that are grouped into six classes: Fortunes
of others, prospect-based, well-being/attribution compounds, well-being, attribution, and
attraction. For example, when a person is appraising an event that has occurred, well-being
emerges when the desirability of the consequences are all for him or herself resulting in
emotions such as joy and distress. Fortunes of others emotions emerge when one appraises
an event, but the emphasis is on the desirability on the other individual resulting in happy-
for, resentment, gloating, and pity. With similar reasoning the rest of the branches of the
OCC model can be explored [68].

2.3 Dimensional Models of Emotion

In addition to categorical models of emotions which are discrete and categorical, there exists
dimensional models of emotions. Dimensional models of emotion have been utilized in
conceptualizing human emotion in multiple dimensions, often two or three dimensions. This

means that emotions are mapped into two or more higher dimensional space. One of the
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most commonly used dimensional models is the circumplex model. This has been proposed
by Russell, and maps emotions into a two-dimensional space where each dimension is
represented by valence and arousal respectively [83]. Valence measures pleasantness versus
unpleasantness and arousal measures active versus inactive or in other words the emotion
activation. Later work has resulted in the addition of a third dimension, dominance [49].
Valence, dominance and arousal are congruent with evaluation/potency/activity (EPA)
space. These dimensional models of emotion have made it possible to study more complex
relationships in facial expressions, sentiment analysis captured in valence, arousal, and
dominance dimensions.

2.4 A ect Control Theory

A sociology theory called A ect Control Theory (ACT) has been developed from language-
based mathematical models of impression formation, emotion and attribution [87]. ACT
claims that we all as individuals carry a fundamental feeling or sentiment about who
we are in society. In other words, these fundamental sentiments can be considered to
be an emotional feeling about ourselves and are used to represent social identities, and
behaviours. Given these fundamental sentiments, when we as individuals engage in social
interactions or situations, transient impressions are formed as a result of an event. ACT
further proposes that whether it be emotion, social behaviour, or social interaction, there is
psychological need to minimize the di erence in the fundamental sentiments and transient
impressions. This di erence is referred to as the de ection. As a result, the main principle
of ACT is that actors work to have transient impressions that are inline or consistent to
the fundamental sentiments of the actor. ACT describes events occurring in the world or
society through a grammatical structure referred to as an actor-behaviour-object model
[36]. An actor refers to an entity who chooses to initiate some sort of event. A behaviour
is speci ed by a verb describing something that the actor does. An object is the receiver
of the actor's behaviour. The objects, are themselves also actors.

Three-dimensional vectors are used to represent or describe emotions and sentiments.
These three basis vectors form the a ective vector space known as Evaluation (E), Potency
(P), and Activity (A). Evaluation is used to measure how pleasant or unpleasant some-
thing is. Potency is used to measure how powerful vs powerless something is. Activity
is used to measure how exciting or calm something is. EPA pro les are used to measure
concepts through a semantic di erential scale [70, 69]. Semantic di erential scales are
numerical bipolar scales where opposite adjectives are placed at the ends and utilized in
rating concepts a ectively. The convention has been formed to utilize scales ranging from
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-4.3 to +4.3. For example, when measuring the evaluation dimension, the use of a semantic
di erential results in a numerical scale where the closer the rated concept is to +4.3, the
more good/pleasant the concept is, and the closer the rated concept is to -4.3, the more
bad/unpleasant. Therefore such a numerical scale is able to capture intensity indicating
the signi cance or strength of the corresponding adjective used to describe the concept. It
has been shown that people from similar cultural backgrounds share consistent agreement
in EPA ratings in measuring concepts. Sociologists have surveyed human participants from
similar cultural backgrounds and have built a ective lexicons of concepts, behaviours and
emotions rated on evaluation, potency, activity scales. For example, a suspect is repre-
sented in EPA form as [-0.87,-0.34,-0.08], a student [1.49,0.31,0.75], and the emotion of
happy [2.92,2.43,1.96]

ACT has a mathematical formation [36] and is brie y described as follows:

The fundamental sentimentsf 2 [ 4:3;4:3]°, are represented by a 9 dimension vector
containing three sets of EPA values, each of which correspond to the actor, behaviour
and object of the model. Transient impressions 2 [ 4:3;4:3]°, are represented in a
similar manner. The de ection is the di erence between the fundamental sentiment and
the transient impression, measured by 2.4, which is Euclidean distance whererepresents
summation weights.

X 2
D= w(fi ) (2.4)
i
In ACT, there is a mathematical predictor function that enables users to predict the

transients from the fundamentals through regression with a set of non-linear features and
is modelled by a formula shown in 2.5.

T = M G(f; ) (2.5)

M is a matrix containing prediction coe cients that have been estimated from impression-
formation research, andS is a vector containing pre-event transients and interaction terms
that have been shown to be relevant through empirical analysis. The emotion that is felt
resulting from an event is proportional to the vector di erence of the fundamentals and
the transients as shown in Equation 2.6.

el (f ) (2.6)

LAll of these EPA values are taken from the Indiana 2002-2004 dataset [37].
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In ACT, emotion is essentially computed as a function of the di erence of the funda-
mentals and transients.

2.5 BayesACT

BayesACT is a partially observable Markov decision process (POMDP) [4] model of af-
fective interactions [39]. BayesACT builds on ACT and goes further in formulating a
probabilistic and decision theoretic model which is to be considered a generalization of
ACT. While BayesACT maintains the same underlying ACT principles, what di eren-
tiates BayesACT from ACT, is that it keeps multiple hypotheses about behaviours and
identities simultaneously as a probability distribution. The ability of learning about peo-
ple's identities and the predictive nature of people's behaviour is what allows BayesACT
to engage in a ectively believable human interaction. It has been shown and demonstrated
that BayesACT is e ectively able to be integrated into human interactive systems as an
emotional plug-in. BayesACT has been integrated into the COACH system. The COACH
system is a smart home system which leverages Al to build assistive technology for older
people with dementia, and is focused on activities of daily living (ADL) through the usage
of using audio/visual prompts [63]. A target ADL such as handwashing has been used
in the COACH system. The integration of BayesACT into a handwashing system has
been successfully demonstrated in its use as a emotional plug-in for Al human interactive
systems [52].
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Chapter 3

Prisoner's Dilemma System
Architecture

In this work we study the e ects of emotion conveyed through a virtual human agent.
We have designed and implemented a system that is built based on a generalization of
the prisoner's dilemma. The idea is to have a human player play a game against an
emotionally intelligent arti cial agent, where the arti cial agent has capabilities to display

or convey emotional signals through speech and facial expression cues. The arti cial agent
will be displayed in the form of a virtual human through a gaming interface. This system is
designed to act as a robust platform for future use in research on additional social dilemma
scenarios.

First, we discuss in detail and provide a game description of how the prisoner's dilemma
game is constructed within our gaming system environment. After, we will go through an
example of a series of interactions between the arti cial agent and human player in an
e ort to demonstrate gameplay in the prisoner's dilemma. This chapter then concludes
with a description and details of the individual components that our prisoner's dilemma
system architecture consists of.
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3.1 Iterated Prisoner's Dilemma Game

3.1.1 Game Description

As discussed in Chapter 2, the prisoner's dilemma is a common example in game theory.
For our purposes, we focus on the iterated prisoner's dilemma used in our experimental
research. This will be explained shortly.

The iterated prisoner's dilemma game consists of two players. The rst being the
arti cial agent and the second being the human user. The arti cial agent and human user
will then play a game against each other. The game begins with 4 coins being taken from
the pot of coins and then being placed in the middle of the table. At this point, each
player is given the choice of making two moves. That is, the human player is given the
choice of either cooperating or defecting and the arti cial agent is also given the same two
choices. Cooperating means giving two of the four coins in the middle to his/her opponent.
Alternatively, defecting means taking one of the four coins in the middle to his/her self.

In our gaming interface the human user selects their move by clicking one of the but-
tons as shown in Figure 3.2 where cooperation is equivalent to \Give 2" and defection is
equivalent to \Take 1". \Give 2" represents the action of giving two coins and \Take 1"
represents the action of taking one coin. In addition to the choice of move, the human
player also selects an emoji expressing their emotion in the given moment as shown in
Figure 3.1.
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Figure 3.1. Game interface displaying the emojis while hovering over "joy" used for emotion
selection after "give 2" was selected

The human player's move and the arti cial agent's move are kept hidden and are only
revealed to each other after both the human user and the arti cial agent have completed
making their choices i.e. at the end of the round. The human player's move and the
arti cial agent's move are illustrated being kept hidden by having a red barrier that blocks
the buttons as shown in Figure 3.2.
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Figure 3.2: Game interface displaying the two buttons for move selection on left and red
barrier on the right. "Give 2" button, "Take 1" button and red barriers are highlighted.

After the players choices are made, they are revealed to each other and the 4 coins are
distributed to each players respective piles. As the coins are being distributed the virtual
human will display two emotional signals in the form of an utterance and facial expression
which is meant to reveal or convey the agent's emotion or more generally how the agent is
feeling in that given moment.

Once the coins are distributed to each players respective piles, the scores will be updated
accordingly based on the number of coins that have been collected. The updated score can
be seen at the top of the gaming interface (see Figure 3.2). After the scores are updated
this indicates that one round of the prisoner's dilemma has been completed. After the
completion of the round, four coins will again be taken from the black pot of coins and
placed in the middle indicating the start of another round of the game. Many rounds are
then played, hence why the game is referred to as the iterated prisoner's dilemma.

The objective of the game is to maximize your score which means collecting as much
gold coins as you can. The payo matrix displayed in Table 2.1, indicates how the score
is updated. For example, if the arti cial agent cooperates and the human player defects,
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this results in the human player collecting three coins in total and the arti cial agent will
collect zero coins. As a result, the human player's score will be increased by three points
and the arti cial agent's score will remain the same. As another example, consider if both
the human player and the arti cial agent cooperates, this results in both players receiving
two points and increasing both their scores by two.

3.1.2 Gameplay Interaction Example

We will now go through an example of the interactions that take place in a single round
of gameplay in the iterated prisoner's dilemma.
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