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Abstract

With the proliferation of information and communication technologies, agents that
perform intelligent tasks interacting with humans in a seamless manner are becoming
a reality. Especially with recent developments in Artificial Intelligence, social robots
at home and the workplace are no longer being treated as lifeless and emotionless,
leading to proposals which aim at incorporating affective elements within agents.
Advances in areas such as affective decision-making and affective computing drive
this interest as affective elements have been shown to have impact on how individuals
and groups make decisions.

Our motivation in this thesis is to use affection as a basic element within a
decision-making process to facilitate robotic agents providing more seemingly human
responses. We first use earlier research in cognitive science and psychology to provide
a model for an autonomous agent that makes decisions partly influenced by affective
factors when interacting with humans and other agents. The factors included are
emotions, mood, personality traits and activation sets in relation with impulsive
behavior. We describe several simulations with this model to study and compare
its performance when facing various types of users. Through them, we essentially
showcase that our model allows for a powerful agent design mechanism regulating
its behavior and provides greater decision making adaptivity when compared to
emotionless agents and simpler emotional models.

When it comes to the constitution of communities of robotic agents that interact
among them and with one or more users, such agents might evolve from a cooperative
to a competitive attitude, and vice versa, in contexts in which interactions among
agents repeat over time. We then provide a framework to model transitions between
competition and cooperation in such scenario. Competition is dealt with through
the paradigm of adversarial risk analysis, which provides a disagreement solution;
implicitly, we minimize the distance to such solution. Cooperation is handled through
a concept of maximal separation from the disagreement solution. Mixtures of both
problems are used to refer to in-between behavior.
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These transitions among agents’ relationship are not only depending on envi-
ronmental factors and other contextual circumstances, but also on affective factors.
We also consider how emotions and mood impact the degree of competitiveness and
cooperativeness in groups. We provide a parametric model to regulate its evolution
and introduce a negotiation scheme to facilitate group formation, depending on
such affective elements. We simulate a virtual platform for the proposed model and
conduct experiments showing that our proposal is effective: agents which cooper-
ate affectively with others through negotiation tend to attain higher utilities and
outperform non-cooperative and/or emotionless agents.

Finally, we present a specification for the design of the models underlying affective
decision making capabilities in a low cost robot with potential applications in
education. We detail the belief and preference models and how these are impacted
by affective elements and provide a global algorithm underlying the operation of the
robot.



Resumen

Con la proliferación de las tecnologías de la información y las comunicaciones, los
agentes que realizan tareas inteligentes que interactúan con personas de manera
transparente se están convirtiendo en una realidad. Especialmente con los desarrollos
recientes en Inteligencia Artificial, los robots sociales en el hogar y el lugar de
trabajo ya no se tratan como sin vida y sin emociones, lo que lleva a propuestas que
apuntan a incorporar elementos afectivos dentro de los robots. Los avances en áreas
como la toma de decisiones afectiva y la computación afectiva impulsan este interés,
habiéndose demostrado que los elementos afectivos tienen un impacto en la manera
en que las personas y los grupos toman decisiones.

Nuestra motivación en esta tesis es emplear el afecto como un elemento básico
dentro de un proceso de toma de decisiones para facilitar que los agentes robóticos
proporcionen respuestas aparentemente más humanas. Primero utilizamos investiga-
ciones anteriores en ciencia cognitiva y psicología para proporcionar un modelo para
un agente autónomo que toma decisiones influenciadas en parte por factores afectivos
cuando interactúa con humanos y otros agentes. Los factores que se incluyen son las
emociones, el estado de ánimo, los rasgos de personalidad y los conjuntos de activación
en relación con comportamiento impulsivo. Describimos varias simulaciones con
este modelo para estudiar y comparar su rendimiento cuando se enfrentan a varios
tipos de usuarios. A través de ellos, esencialmente mostramos que nuestro modelo
permite un poderoso mecanismo de diseño de agentes que regula su comportamiento
y proporciona una mayor adaptabilidad en la toma de decisiones en comparación
con agentes sin emociones y modelos emocionales más simples.

Cuando se trata de la constitución de comunidades de agentes robóticos que
interactúan entre ellos y con uno o más usuarios, dichos agentes pueden evolucionar
de una actitud cooperativa a una competitiva, y viceversa, en contextos en los que las
interacciones entre los agentes se repiten con el tiempo. Para ello, proporcionamos
un marco para modelizar las transiciones entre competeción y la cooperación en
tal escenario. La competición se trata por medio del paradigma del análisis de
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riesgos adversarios, que proporciona una solución de desacuerdo; implícitamente,
minimizamos la distancia a dicha solución. La cooperación se gestiona a través de
un concepto de separación máxima de la solución de desacuerdo. Las mixturas de
ambos problemas se utilizan para referirse al comportamiento intermedio.

Estas transiciones en la relación entre agentes no solo dependen de factores
ambientales y otras circunstancias contextuales, sino también de factores afectivos.
Así, consideramos cómo las emociones y el estado de ánimo afectan al grado de
competitividad y cooperación en un grupo. Proporcionamos un modelo paramétrico
para regular su evolución e introducimos un esquema de negociación para facilitar
la formación de grupos, dependiendo de tales elementos afectivos. Simulamos una
plataforma virtual para el modelo propuesto y realizamos experimentos que demues-
tran que nuestra propuesta es efectiva: los agentes que cooperan afectivamente con
otros a través de la negociación tienden a obtener utilidades más altas y superan a
los agentes no cooperativos y/o sin emociones.

Finalmente, concluimos describiendo una aplicación para el diseño del motor
emocional y decisional de un robot de bajo coste con fines educativos. Se presentan
los modelos de preferencias y creencias subyacentes y cómo vienen impactados
por los elementos afectivos. Un algoritmo resume el proceso completo y cómo se
implementaría en el robot.
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Chapter 1

Introduction

1.1 Motivation

Our motivation in this dissertation is to use affection as a basic element within
decision-making processes to facilitate robotic agents providing more seemingly human
responses, improve human machine interaction and more effectively implementing
support tasks in areas like education or therapy support (Bubier and Drabick, 2008;
Ferreira and Dias, 2014; Parkinson, 1996; Knippenberg et al., 2010; Barsade, 2002).
We use earlier research in cognitive science and psychology (Frijda, 1992; Västfjäll
et al., 2016; Mehrabian, 1996) to provide a model for an autonomous agent that
makes decisions partly influenced by affective factors when interacting with humans
and other agents. We also explore the mechanism through which affection influences
interrelations among agents in a community.

Within the past decades, influences from different fields, such as neuroscience,
psychology, decision theory and computer science, brought increased interest about
problems in affective computing and cognitive human computer interaction (Antos,
2012; Tao and Tan, 2005). With the development of artificial intelligence and the
enhancement of massive computing capacities, it is no longer impossible that robotic
agents or computer systems could behave similarly to human beings and coherently
communicate with real persons (Ferreira and Dias, 2014; Chandrasekaran and Conrad,
2015). Agents that perform intelligent tasks interacting with humans in a seamless
manner are becoming a reality.

Human behaviour is governed by cognitive, social and psychological phenomena
that must be taken into account to build more effective and human-centred technolo-
gies. The essential role of affective traits in both human cognition and perception
suggests that affective computers should not only provide better performance in
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2 Chapter 1. Introduction

assisting humans, but also might enhance computer abilities to make decisions (Fred-
erick, 2005; Slovic et al., 1977). Recent research reveals that these traits constitute
potent, pervasive, predictable, sometimes harmful and sometimes beneficial drivers of
decision making. Several major themes of research on emotion and decision making
have emerged and affective decision making models are being developed (Lerner et al.,
2015; Khashman, 2010). This type of results lead the field of behavioral decision
making to a new level, shedding light on the research on human-robot interaction
and promoting the development of relevant applications.

Nowadays, domains like affective computing, social signal processing, social
robotics and intelligent virtual agents are well established and have a well-delimited
and recognized scope (Albrecht and Stone, 2018; Vinciarelli et al., 2015). Recent
technological achievements include social robots that deal with children with autism;
computers that make sense of human personality in various contexts; artificial agents
that sustain emotionally rich conversations with their users or intelligent frameworks
for multimodal affective interaction. And the list could continue (Chandrasekaran
and Conrad, 2015; Kaliouby et al., 2006; Boccanfuso et al., 2016; Changchun Liu
et al., 2008; Dautenhahn et al., 2003).

The rest of this introductory chapter puts in context our research and sketches
our objectives.

1.2 Affective Decision Making

1.2.1 Affective states and cognitive features

Subjective feelings and their associated physiological states are essential features in
normal human experiences. Although everyday emotions are as varied as happiness,
surprise, anger, fear, or sadness, they share some common characteristics. However,
so far, there has been no clean dividing line in the brain between regions underlying
emotion and cognition, and there is no evidence for a single unified “system” that
drives emotions. All emotions are expressed through both visceral motor changes
and stereotyped somatic motor responses, especially movements of facial muscles
which also give people clues for recognizing them (Purves et al., 2008; Barrett et al.,
2019). Nonetheless, these responses accompany subjective experiences that are not
easily described, but are much the same across all human cultures.

The same fore brain structures that process emotional signals participate in a
variety of complex brain functions, including rational decision making, the interpre-
tation and expression of social behavior and, even, moral judgments. The experience
of emotion, even at a subconscious level, has a powerful influence on other complex
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brain functions, including neural faculties responsible for making rational decisions
and the interpersonal judgments that guide social behavior. The amygdala and
prefrontal cortex, as well as their striatal and thalamic connections, are not only
involved in processing emotions, but also participate in the complex neural processing
responsible for rational thinking (Purves et al., 2008). It is these states, according to
Damasio (Bechara et al., 1999), that give mental representations of contingencies
the emotional valence that helps an individual to identify favorable or unfavorable
outcomes.

Although emotions share some common functions in social behavior pattern
and decision-making processes, there are differences when individual personalities
are considered. Such differences originate from the brain, although it is still not
well understood how personality is represented within the brain (Markett et al.,
2018). Personality, which is a broad definition in Psychology, is an individual’s
unique variation on the general evolutionary design for human nature, expressed as a
developing pattern of dispositional traits, characteristic adaptations, and integrative
life stories, complex and differentially situated in culture (McAdams and Pals,
2006). According to Pytlik and DeYoung (Zillig et al., 2002; DeYoung, 2015),
personality refers to the specific mental organization and processes that produce stable
characteristic patterns of behavior, emotion, cognition and experience. Individuals
who are high in some trait will experience the affective states associated with such
trait more intensely than individuals low in it (DeYoung, 2010). When considering
individual differences, personality traits are also essential for researchers to pay
attention to.

The term affect is generally used as an overarching term used to describe affective
states and a collection of cognitive processes. It is an unspecified feeling involving
emotion, mood and emotion-related traits (like motivation, perception and affect
tolerance) with varying degrees of positivity or negativity (Gasper et al., 2019).
At present, we know of computational models that capture the broad interaction
between a wide range of time-varying affect-related phenomena, besides emotion
and mood, personality traits, attitudes, motivation, perception, empathy and affect
tolerance. Different affective components have different influence on decision making
processes and so does the interplay between various affective phenomena. We briefly
describe them in what follows.

Emotion and mood

So far psychological theorists and affective scientists have yet to agree on a single
definition of emotion: emotion is not a unitary concept. However, general principles
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have emerged. According to (Lerner et al., 2015), emotions constitute multifaceted,
biologically mediated, concomitant reactions (experiential, cognitive, behavioral,
expressive) regarding survival-relevant events.

Russell (Russell and Barrett, 1999) suggested that emotion is too broad a class
of events to become a single scientific category and distinguished two terms: core
affect, which refers to consciously accessible elementary processes of pleasure and
activation and being always present; and prototypical emotional episodes, which refer
to a complex process over time involving causally connected sub-events. Although
emotion is generally used to describe a set of discrete reactions to an internal or
external event, Russell developed a schematic map with a two dimensional structure
to describe core affect that could be treated as a continuous measurement. There
are many ways to investigate emotions or mood out of different perspectives. Here
we summarize some typical descriptions from previous research.

Primary and secondary emotions. People are frequently conscious of their emo-
tions, and we know from experience and laboratory studies that cognitive assessment
can precede the generation of emotions. However, empirical evidence shows that
affect can also be aroused without cognitive appraisal (Zajonc, 1984; Izard, 1993).

There is a helpful distinction for sorting the non-cognitively-generated from
the cognitively-generated emotions made by Damasio who distinguishes between
“primary” and “secondary” emotions (Damasio, 1994). Primary emotional feelings
within mammalian brains, namely the experienced aspects of the unconditioned
emotional brain systems, are conceptualized as sensory emotional command circuits
in the brain including emotions like fear, anger, sadness or joy. Secondary emotions
arise from emotional learning processes, such as shame, guilt, pride, gratitude and
others, are more subtle social emotions that result from a more recent evolutionary
expansion of the brain (Panksepp, 2010).

According to Damasio’s research, there are certain features of stimuli in the world
to which we respond emotionally first, and which activate a corresponding set of
feelings (and cognitive states) secondarily. Such emotions are “primary” and reside
in the limbic system. He also defines “secondary” emotions as those that arise later
in an individual’s development when systematic connections are identified between
primary emotions and categories of objects and situations. For secondary emotions,
the limbic structures are not sufficient; prefrontal and somatosensory cortices are
also involved. Soon later, Sloman (Sloman, 1999) pointed out the ambiguity in the
concept of primary and secondary emotions and improved these ones through more
specific concepts: central secondary and peripheral secondary emotions.
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Integral and incidental emotions. When we make decisions, there are two types
of emotions that have an influence on judgment and decision making: incidental and
integral (Västfjäll et al., 2016). Incidental emotions are those that we feel at the
time of making decisions but are not normatively relevant for deciding. Even though
incidental emotions come from other sources, they are brought to a decision-making
scenario and are experienced as the decision is made. For instance, studies show that
people have a tendency to allow incidental emotions to influence phenomena like
investment decisions. These emotions put us in a certain kind of mindset: when a
decision is in front of us, we sometimes have a hard time separating these emotions
from the way we feel about the decision itself. In addition, a carryover of incidental
emotions typically occurs without awareness (Lerner et al., 2015). Unrelated or
irrelevant affect, as well as mood elicited by the environment or the weather, may
also influence judgments of how we perceive the world. Even though the affective
state is unrelated to the judgmental target, it influences judgments and decisions
(Schwarz and Clore, 2003). As opposed to incidental emotions, integral emotions are
caused by the decision itself. They arrive when people think about the parameters
of the decision or its implications. These emotions can actually be pretty useful. If
thinking through a decision causes us some anxiety, this is useful information: it
might be a sign that we need to be especially cautious, and that we should potentially
be more risk-averse rather than risk-seeking with such decision. Västfjäll and his
colleagues (Västfjäll et al., 2016) suggest that integral affect is often a good proxy
for preferences, and may even be a prerequisite for deriving meaning from abstract
and complex decisions. Incidental affect, however, has another status. It is actually
unrelated to the decision at hand and may therefore be considered a bias or unwanted
influence. Lerner and her colleagues also summarise relevant studies and draw similar
conclusions as in (Lerner et al., 2015).

Expected and immediate emotions. To highlight and organize these new
emotion-related developments in decision making research, Loewenstein and col-
leagues (Loewenstein and Lerner, 2003) focused on a general theoretical framework
for understanding the different ways in which emotions impact decision making. They
facilitated integration of the wide-ranging findings that emerged from the behavioral
sciences and shed new light on how people deal with uncertain outcomes and how
they discount delayed costs and benefits. They distinguished two types of emotions
that enter into decision making and influence the process in a different way: expected
and immediate emotions.

Expected emotions are those that are anticipated to occur as a result of the
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outcomes associated with different possible courses of action. The key feature of
expected emotions is that they are experienced when the outcomes of a decision
materialize, at the moment only with people’s cognition about future (Rick and
Loewenstein, 2007). Immediate emotions reflect the combined effects of emotions
that arise from contemplating the consequences of the decision itself (anticipatory
influences) as well as emotions that arise from factors unrelated to the decision (also
called incidental influences) (Bodenhausen, 1993).

From the perspective of economic behavior, when people make decisions, they will
assess the desirability and likelihood of consequences, integrating this information
through some type of expectation-based calculus. Economists refer to the desirability
of an outcome as its utility and decision making is depicted as a matter of maximizing
expected utility. In some cases, these emotions seem to play a beneficial role in
decision making, informing decision makers about their own values. But in other
cases, such as the disproportionate fear commonly associated with flying as opposed
to driving, immediate emotions may cause people to act contrary to their own
material interests. According to Rick and Loewenstein (Rick and Loewenstein, 2007),
both kinds of emotions also play a role in social preferences: for example, expected
emotions could relax the pure self-interest assumption. Furthermore, Loewenstein
and Small (Loewenstein and Small, 2007) have proposed a dual-process model to
explain this influence.

Valence and arousal. Some research has implicitly or explicitly taken a valence-
based approach to human emotions, conceptualizing them within a two-dimensional
model comprised of emotional valence and arousal (intensity) (Citron et al., 2014;
Finucane et al., 2000; Russell and Barrett, 1999).

Russell (Russell and Barrett, 1999) conducted a profound investigation towards
the measurement of prototypical emotional episodes which, according to him, vary
along certain dimensions, such as intensity, degree of pleasure or degree of activation.
He summarized a continuous way to describe emotion categories with two broad
dimensions interpretable as pleasant valence and arousal and the structure of emotion
named as the circumplex model. He also proposed that core affect at any time slice
can be described through these two independent dimensions (degree of pleasantness
and activation).

However, some authors argue that valence cannot account for all influences of
affect on judgment and choice. They do not take into account evidence showing that
emotions of the same valence differ in essential ways. Considering the insufficiency
of valence and arousal in predicting decision-making outcomes, Mellers (Mellers
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et al., 1998) proposed that it is not inadequate to describe emotional experiences in
a two-dimensional model. Negative affect consists of different forms of emotion, such
as anger, sadness and disgust. Only depending on the measurement of valence and
arousal, it is hard to capture all of the differences among emotions. A more detailed
approach is required to understand relationships between emotions and decisions.

Mehrabian (Mehrabian, 1996) considered dominance and submissiveness as an-
other stimulus to influence over people’s feelings and judgments. He developed a
Pleasure-Arousal-Dominance (PAD) model to illustrate the emotional state and
tested in a 42 verbal-report scales of emotional response, showing that almost all
the reliable variance in the 42 scales was well explained in terms of the three PAD
scales. He also showed formulas using PAD scores to compute and predict a variety
of personality traits.

To increase the predictive power and precision of affective decision-making models,
Lerner and Keltner (Lerner and Keltner, 2001; Lerner and Keltner, 2000) proposed
examining multidimensional discrete emotions with their appraisal-tendency frame-
work (ATF). The ATF systematically links the appraisal processes associated with
specific emotions to different judgment and choice outcomes. Unlike valence-based
models, ATF predicts that emotions of the same valence (such as fear and anger)
can exert opposing influences on choices and judgments, whereas emotions of the
opposite valence (such as anger and happiness) can exert similar influences.

Mood. There are various ways to explain mood. For instance, Lerner (Lerner
et al., 2015) treats mood as a diffuse feeling that persists in duration without a
necessary specific triggering target and it can be integral or incidental to the decision
at hand. Russell (Russell, 2003) defined mood as a prolonged core affect without
an object or with a quasi-object. Generally speaking, mood is more stable than
emotions and more influential over decision-making (Scherer, 2000). It is often used
to describe a relatively lasting state that is predominantly defined by subjective
feelings that may be linked to a specific event (Purves et al., 2008). It may be positive
or negative. Ekman and Davidson (Ekman et al., 1994) show that both opposite
mood (good and bad) types tend to mitigate each other in frequency and intensity.
Mood may be viewed as an aggregation of the same type of emotional states over
the last few periods. In turn, it has a direct impact over emotions by changing their
activation thresholds. Typically, it is a more diffuse affective state than emotions,
being of lower intensity: repeated emotional events might not cause a large shift in
mood. Compared with the essentially discrete emotions, mood is more continuous
and smooth. However, many similar continuous emotions will eventually alter mood
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significantly (Kirby et al., 2010).

Other affective features in Decision Making

Other than emotion and mood, there are other affective features that influence
decision-making in various manners. We describe them in Figure 1.1 and explain
their relationship with decision-making in a simple way.

Personality. As mentioned above, emotions and mood affect decision making, but
one role of personality is also essential because of the differences in cognition helping
to explain why different people reach different decisions while experiencing similar
emotions (Zelenski, 2007). Personality improves individual’s motivations, involvement
and affect tolerance. It leads to consistent patterns in behavior over situations and
time and developed as a goodness-of-fit mechanism from an evolutionary perspective
(Moshkina, 2011). During the late 20th century, personality researchers reached a
near-consensus favoring the Big Five or Five Factor Model (FFM) as the optimal
structural framework for personality characteristics. The Big Five organizes broad
individual differences in social and emotional life into five factor-analytically-derived
categories, most commonly labeled Extraversion (vs. Introversion), Neuroticism
(negative affectivity), Conscientiousness, Agreeableness, and Openness to experience
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(Goldberg, 1993; John, Srivastava, et al., 1999). The new trait psychology heralded
by the Big Five is arguably the most recognizable contribution that personality
psychology has to offer today to the discipline of psychology as a whole as well as to
the behavioral and social sciences at large (McAdams and Pals, 2006). Given the
evident usefulness of the Big Five model, researchers came up with an improved
model, HEXACO (Ashton and Lee, 2007; Ashton et al., 2014), which comprises six
dimensions: Honesty-Humility (H), Emotionality (E), Extraversion (X), Agreeable-
ness (A), Conscientiousness (C), and Openness to Experience (O). Several studies
also show that there is a relationship between personality and learning style, which
implicitly influences individual’s judgment and decision making styles (Fatahi et al.,
2016).

Attitude. Attitude is a learned predisposition to respond in a consistently favorable
or unfavorable manner with respect to a given object and a general and enduring
positive or negative feeling about some person, object or issue (Moshkina, 2011). In
addition, attitudes are seen as relatively time-invariant object specific, influenced by
affect, and result in a certain behavior towards the object (Pratkanis et al., 2014). In
general, according to Olson (Petty et al., 1997), most attitude theorists reached an
agreement on three perspectives: evaluation constitutes a central part of attitudes;
attitudes are represented in memory, affective, cognitive; and thirdly, behavioral
antecedents of attitudes can be distinguished.

Motivation. Motivation is the activation of goal-orientated behavior. Decision
making and motivation are also interdependent and mutually influencing. Decision
making is a process which affects the outer and inner motivation of the decision
maker (Pohankova, 2010). Motivation has an impact also on the decision. And this
applies also inversely: each decision stage of the decision-making process may have a
direct or indirect impact on motivation. Motivation especially plays an important
role in employee management (Wright et al., 2013). For example, through a proper
motivational program, right decisions can positively influence motivational levels
of employees. Its work should be based on the best knowledge of the situation in
terms of organization and human resources and vision of the company. A manager
may affect the motivation of his staff by evaluation, remuneration in different forms,
career planning, and so on.

Perception. Perception constitutes the first level of skills in the psychomotor
domain of learning in educational psychology (Simpson, 1966). It represents the
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ability to use sensory cues to guide motor activity (Norman, 2004). The psychomotor
domain is comprised of utilizing motor skills and coordinating people to detect
non verbal-communication cues, to choose, describe, detect and differentiate their
behavior for further pace of action to be taken. Perception is also an active process
that enables humans to sample information and sensation from specific environment
decisively (Covarrubias et al., 2017) and finally embark human intelligence to make
a decision. Note that the functions of emotion and perception should encompass
the intersection that both elements are connected to biological processes in the
human brain (Baharom et al., 2014). In brief, perception is guided by human senses,
controlling human behavior to accomplish goals and purposes in life (Bruner and
Goodman, 1947).

Empathy. Empathy is an emotional reaction through the observation of other
individuals affective states. The most common definition of empathy is made by
Hoffman (Hoffman, 1987) as an affective response more appropriate to someone else’s
situation than to one’s own. Preston and de Waal (Preston and De Waal, 2002) argued
that empathy is a category that includes all sub-classes of phenomena that share the
same mechanism, which includes emotional contagion, sympathy, cognitive empathy,
helping behavior, etc. Blair (Blair, 2005) proposed to treat the term empathy as a
variety of dis-sociable neurocognitive processes. According to Blair, Decety and their
colleagues (Blair, 2005; Decety and Jackson, 2004), empathy is composed of three
components: motor empathy, that is, the capacity to become affectively aroused
by emotions of others and involve mimicry of others’ emotions; affective empathy,
corresponding to the urge to care for another’s welfare; and cognitive empathy, that
encompasses the ability to imagine oneself into the feelings and the ability to adopt
the psychological point of view of others. Cecchetto (Cecchetto et al., 2018) and her
colleagues showed that empathy shapes emotional reactions to moral decisions but
does not bias moral choice through the investigation of the influence of empathy on
behavior and emotional responses when the participants performed a moral decision
task.

1.2.2 Affective Decision-Making Models

We present now several typical computational models with affective features, mainly
focusing on decision-making, choice-selection and interactive mechanisms. These
models all claim that affect may enhance general interactive behavior, but they
use different measurements of affective elements and underline different emotional
functions in the interactions, as presented in some detail.



1.2. Affective Decision Making 11

Emotional model for life-like agent Ushida and his colleagues proposed a goal-
oriented mind model for life-like agents with emotions and motivations (Ushida et al.,
1998). The model consists of reactive and deliberative mechanisms and has a learning
method to diversify behavioral patterns.

Fuzzy logic adaptive model of emotions El-Nasr and Yen (Yen and Ioerger,
2000) have described a computational model of emotions called FLAME. It is based on
an event-appraisal psychological model and uses fuzzy logic rules to map assessments
of the impact of events on goals into emotional intensities, including several inductive
algorithms for learning about event expectations, rewards, patterns of user actions
and object-emotion associations. These algorithms can enable an intelligent agent
implemented with FLAME to adapt dynamically to users and its environment.

TAME Moshkina (Moshkina and Arkin, 2003) developed another integrative
framework for affective robotic behavior, TAME, in which the affective components
are modeled separately with explicitly defined interactions. TAME stands for Traits,
Attitudes, Moods and Emotions, the four components of an affect module that is
responsible for producing affective behavior. Kirby and her colleagues (Kirby et al.,
2010) improved the model with the interplay between different affective phenomena
and designed it specifically for long-term human-robot interaction.

Emotion-imbued choice model Lerner and her colleagues (Lerner et al., 2015)
proposed an emotion-imbued choice (EIC) model descriptively summarizing ways in
which emotion permeates choice processes. The EIC model adds emotions to this
process in two ways. The first departure from the strictest rational choice models is
to allow for constructed rather than stable preferences; the second kind of emotion
in the EIC model consists of emotions that are felt at the time of decision making
which are entirely outside the scope of conventional rational choice models.

Emotion-inspired decision making model Aanto and colleagues (Antos, 2012)
presented a novel methodology for a decision-making process that leverages a com-
putational concept of emotions by formulating them as mathematical operators that
serve to update the relative priorities of the agent’s goals. The agent is able to
monitor the expectation that its goals are being accomplished in the future and
react to changes in expectation by experiencing emotions. In principle, agents use
a decision-theoretic framework, selecting actions that maximize a certain valua-
tion function. This domain-independent methodology can be used also to generate
heuristics in novel situations.
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POSITEAMS Based on psychological research, Tiinanen et al (Tiinanen et al.,
2015) have presented a mathematical model for PoSITeams, a web-based multi-agent
simulator to study the dynamics of emotions. The model can incorporate individual
characteristics, such as general positivity, extroversion, emotional sensitivity, negativ-
ity bias and strength of social connections. The model is also capable of reproducing
phenomena, such as collective emotional states that occur whenever there is a group
of people and change its intensity depending on the number of people.

ALMA Gebhard (Gebhard, 2005) introduced ALMA – A Layered Model of Affect
- with an integration of three major affective characteristics: emotions, moods and
personality that cover short, medium, and long term affect. ALMA provides virtual
humans with a personality profile and with real-time emotions and moods. These
are used by the multi-modal behavior generation module to enrich the lifelike and
believable qualities. They adopt Mehrabian’s Pleasure-Arousal-Dominance framework
(Mehrabian, 1996) as their basic cognitive appraisal rules and personality profiles
for characters must be specified in their appraisal rules, which are used to compute
real-time emotions and moods as results of a subjective appraisal of relevant input.
There are computed affective characteristics represented and being processed by
subsequent modules that control the cognitive processes and physical behavior of
embodied conversational characters. ALMA is part of the Virtual Human project
which develops interactive virtual characters that serve as dialog partners with
human-like conversational skills.

Affective model within a non-expensive robotic platforms Esteban and
Rios Insua (Esteban and Insua, 2019) presented an affective model for an autonomous
decision agent implementable within non-expensive robotic platforms. The agent
makes decisions influenced by affective factors when interacting with humans and
other agents under the Adversarial Risk Analysis framework. The model is based
on a multi-objective additive utility function, with weights regulated by the agent
emotional states and mood.

1.3 Affective Human Computer Interaction

1.3.1 Human Computer Interaction

Modelling, analysis and synthesis of behaviour are the subject of major efforts in
computer science. Many techniques has been advanced in this area and could be
applied under a board context setting. For instance, speech has been analyzed
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using methodologies that can be applied to other signals; Computer vision has also
addressed the problem of tracking and recognizing people as tracking any other
moving objects.

Human behavior is essentially governed by cognitive social and psychological
phenomena. Social life is determined to a large extent by unconscious, cognitive
processes. Integration of semantic, cognitive and affective aspects is also urgently
needed (Vinciarelli et al., 2015). From behavioral analysis to computational models of
interaction; from data to the application; from individuals to interpersonal relations,
there is plenty of available research in the Human-Computer Interaction field. A
variety of cognitive processes that make computational modeling especially challenging
are outlined (Potamianos, 2014).

As Picard pointed out, computers are divided into four types (Picard, 1997):

• Non-affective type: Most computers cannot perceive and express affect, having
less affect recognition and expression than animals. Such computers are neither
personal nor friendly.

• Expressive type: This type can express affect but cannot perceive it, aiming to
develop computer voices with natural intonation and computer interfaces with
natural expressions. For example, users may share its momentary pleasure
through a smile interface.

• Perceptible type: This type enables a computer to perceive others’ affective
states, enabling it to adjust its response. However, this category cannot express
affect and just treats the others’ affective states as variables that somehow
impact decisions.

• Affect-interactive type: This type of computer can express and perceive affect
and maximize the communication between human and computer, potentially
providing truly personal and user-friendly computing.

Although Picard did not explain whether the fourth type of computer could
be driven by affect, the affective interaction human-computer is definitely a future
prospect.

The standard procedure for affective interaction consists of affect information
capture and modeling; affect understanding and expression etc. As we know, peo-
ple express affect through a series of cues on facial expression, body movements,
gestures, voice behavior, and other physiological signals such as heart rate, sweat,
etc. Emotional speech processing, facial expression recognition and generating, body
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gesture and movement and multimodal system are already mainstream technologies
within HCI.

1.3.2 Some applications

We next introduce influential affective applications with some of the above-mentioned
technologies.

Museum Guides. Sage is a an affective mobile robot guide in the Carnegie
Museum of Natural History which provides educational content to museum visitors
to augment their museum experience (Nourbakhsh et al., 1999). It is embedded
with personality and is able to express its goals in an emotional manner. This guide
was designed as an affective tools to communicate successfully with humans so as to
operate in an atmosphere more conducive to its educational mission.

Wearable Device. The MIT Media lab developed wearable affect sensing devices
to help persons with autism (El Kaliouby et al., 2006). Researchers presented affect
sensing and recognition as core technologies, and described their application as
assistive and learning devices for individuals with autism and helping technologies to
be smarter about social and emotional interaction.

Gruebler and her colleagues (Gruebler et al., 2011) presented a new paradigm
for emotionally assisted interaction between humans and robots, where a robot can
learn in real-time from the continuous affective feedback of a human trainer.

In 2014, Hirokawa (Hirokawa et al., 2014) proposed the ARAA comprehen-
sive framework, for children with autism to facilitate their social interaction and
communication skills. The main purpose was to encourage children to produce
self-initiated positive social behaviors based on positive emotional responses through
a child-driven, improvised interaction via quantitative evidence-based evaluation.
ARAA is a comprehensive framework for understanding social interaction between
robots and participants based on the analysis of past records of social and affective
characteristics of the individuals. To achieve this, they also developed a real-time
robot tele-operation method using a doll type of interface, and a wearable device for
facial expression recognition.

Later, Chen and Zhang (Chen et al., 2015; Chen et al., 2018) designed a novel
affective interaction architecture named AIWAC, which aims to provide users with
emotion-aware services. They proposed an approach based on wearable computing
for emotional data acquisition to ensure data sufficiency and a cloud-based approach
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to perform hybrid emotional data analysis and dynamic resource perception and
allocation.

Lovotic robots. Sanami and Saadatian (Samani and Saadatian, 2012) developed a
system called Lovotics which includes three modules: the Artificial Endocrine System
(AES), based on the physiology of love; the Probabilistic Love Assembly (PLA),
based on the psychology of love; and the Affective State Transition (AST), based
on emotions. Inspired by the science of human love, these modules were designed
and developed by employing Bayesian networks. These three modules work closely
together to generate realistic behaviours by the robot, capable of emulating the love
process of a human being so as to establish long and meaningful relationships with
humans.

Robotic pet. Bucci et al (Bucci et al., 2017) developed low-cost techniques for
a simple robotic pet’ body and behaviour, and evaluated its potential to display
emotions. They validated its ability to express emotions and analyzed a set of
characteristic features of design parameters, and determined which features correlated
with arousal and valence, targeting the generation of affective behaviour.

Nursing Assistants Khosla and her colleagues (Khosla et al., 2013) reported on
field trials with the affective communication robot Matilda, designed in collaboration
with researchers at NEC, in aged care facilities in Australia. They developed and
implemented a five layer service architecture with a rich set of communication
modalities. The integrated functions and human-like modalities for Matilda are
based on the social context of how elderly care is conducted. The research shows
that, besides breaking the technology barriers for the elderly (most of whom are
technology illiterate), the services provided by Matilda can help nursing homes in
increasing their care capacity and also have a positive impact on emotional well being
of the elderly.

Fang and Guo (Fang et al., 2019) have presented a multi-robot task allocation
algorithm for affective robots with emotion, personality, behavior in task environ-
ment and the mapping from personality to behavior. They analyzed the impact
of expressiveness and susceptibility of robots in the group and proposed a novel
method for scheduling collaborative robots to maximize outcomes and efficiency.
Their emotional multi-robot cooperative model can be applied to virtual or physical
robots for healthcare and can be further applied to other robotic interactions that
involve a higher level of intelligence.
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Robot-children Interaction Tielman (Tielman et al., 2014) used the robot Nao,
embedded with a model for adaptive emotion expression, to conduct interactive
experiments with children. The robot has an internal arousal and valence value,
influenced by the emotional state of its interaction partner and emotional occurrences.
It expresses these emotions through its voice, posture, whole body poses, expressions
and gestures.

Gordon and colleagues (Gordon et al., 2016) developed an integrated experimental
paradigm in which children play a second-language learning game on a tablet, in
collaboration with a fully autonomous social robotic learning companion. They
measured children’s valence and engagement through an automatic facial expression
analysis system and combined it into a reward signal that fed into the robot’s affective
reinforcement learning algorithm.

Park and Won (Park et al., 2019) have presented an innovative personalized social
robot learning companion system that utilizes children’s verbal and nonverbal affective
cues to modulate their engagement and maximize their long-term learning gains.
They proposed an affective reinforcement learning approach to train a personalized
policy for each student during an educational activity where a child and a robot tell
stories to each other. Using a personal policy, their robot selects stories that are
optimized for each child engagement and linguistic skill progression.

Aisoy (Garcia et al., 2011), a personal mentor robotic production, is a social
emotional robot that perceives the environment surrounding it and the actions
performed by its users. It will modify its emotional state and make decisions as a
consequence. After improvements for years, Aisoy now has several types of robots
for different and specific aims, including Aisoy Kik, that embeded with personality
and emotions is mainly used for developing children learning skills and talent as a
teaching assistant; Aisoy Emo, aimed at younger kids to understand, identify and
express their emotions in a fun way; and Aisoy Edu, which may be used to program
and develop unique projects for different motivation. Gomez Esteban and Rios Insua
(Esteban and Insua, 2019) have implemented different emotional simulations with
the Aisoy robots in his affective decision-making research work.

1.4 Dissertation overview

We have presented a review of relevant research in the areas of affective computing
and decision making together with a few relevant applications in robotics and software
agents.

In this thesis, we start by developing an affective decision-making framework
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for the agents with embedded emotions, mood and personality, then expanded
the decision-making setting from individuals to the group, discussing the relations
and transitions within a group of agents, analyzing the differences among different
settings. After that, the thesis considers affective elements function among the
agents’ relationship under the group decision-making setting. Finally, we design an
implementation over a low cost social robots aimed at educational support. The
remainder of this dissertation is structured as follows.

Chapter 2 will focus on affective decision-making for individual agents, including
an architectural design with various affective features and implementation of the
affective decision-making framework, as well as simulations under such framework.
Then, Chapter 3 will present a framework to model transitions between competition
and cooperation in a community of agents and explore the essence of interrelation-
ships within group decision making. Chapter 4 will embed affective features to our
group decision-making model and treat them to impact transitions from competition
to cooperation in a group. Through simulations we prove the advantages of affective
agents in group decision-making processes. Chapter 5 focuses on a low cost applica-
tions of our affective decision-making framework with mathematical formulation fully
covered. Finally, Chapter 6 presents a discussion and suggestions for future work.
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Chapter 2

An Affective Decision Making
Model with Applications to
Social Robotics

2.1 Introduction

Over the past decades, robots have steadily increased their share in our lives, having
come a long way from being accessible by just a few selected and limited applications
to becoming effectively used in life (Pereira et al., 2016; Picard, 1997; Lemaignan
et al., 2017; Frijda, 1988). With the proliferation of Information Technology (IT),
especially with the developments in Artificial Intelligence (AI), social robots at home
and working environments are no longer treated as lifeless and emotionless. In order
to capture the social nature of human interaction with robotic agents, researchers
have proposed treating them as social actors (Moshkina, 2011).

Picard’s influential book essentially started the field of affective computing,
advocating for the usefulness of affect in machines (Picard, 1997) . The essential
role of emotions in both human cognition and perception, as demonstrated by
recent neurological studies (Leidelmeijer, 1991; Cytowic, 2008; Mesrobian et al.,
2015), suggests that affective computing devices should not only provide better
performance in assisting humans, but also might enhance computer abilities in,
e.g., making decisions. Emotions carry on conversational content, allowing people
to form common grounds and communicate more effectively (Clark and Brennan,
1991). A well-studied issue in human-computer interaction is that people tend
to treat computer agents in a similar way to how they deal with other people.
These social relations between people may also apply to robots which, arguably,
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should consistently display their emotional responses across multiple interactions.
Several social robots have incorporated some rudimentary emotional behaviors.
Robots with infant-like interaction capacities (Breazeal, 2003) have been used to
demonstrate the ability of people when interpreting and reacting appropriately to
the emotions displayed by such machines. Experiments with the Vikia robot (Bruce
et al., 2002) demonstrated the effectiveness of an emotionally expressive graphical
face in encouraging interactions. After long debates on the general adaptive value of
emotional reasoning, researchers have shown how certain psychological theories shed
light on the process underlying emotion and its influence on cognition, and thus can
serve as a basis for a computational model (Gratch and Marsella, 2004).

Moreover, behavioural research has revealed that actual preferences tend to
depend on the emotions experienced and anticipated by decision makers (Bechara
et al., 1997; Mellers, 2000). Thus, emotional-based behavioral theories have been
developed onto emotional-based theories for decision-making, see e.g. (Reid and
González-Vallejo, 2009). (El-Nasr et al., 2000) summarize several groups of affec-
tive models including those emphasizing motivational states, those based on event
appraisal and, finally, those based on simulation; she then developed FLAME, a
complete model, which includes emotions, mood, attitudes and motivational states
as basic affective elements, within a fuzzy logic approach. (Moshkina, 2011) suggests
an integrative framework for a time-varying affective agent, describing psychological
and mathematical foundations including personality traits, attitudes, mood and
emotions. (Tiinanen et al., 2015) present a novel agent-based emotional contagion
model based on psychological research to study the dynamics of positive and negative
emotions in organizations. (Esteban and Insua, 2019) present an affective model for
an autonomous decision agent implementable with non-expensive robotic platforms,
under the Adversarial Risk Analysis (ARA) framework, focusing on the effect of
mood and four basic emotions.

This chapter provides a comprehensive affective model for a social agent that
makes decisions influenced by affective factors. It elaborates, expands and improves
on (Esteban and Insua, 2019). Our model steams from its decision making model, but
we modify it and expand it with more types of emotions, include personality traits
and activation sets related with impulsive behaviour and calibrate the parameters
to reflect decision-making processes in more detail. Our long-term motivation is to
embed this model in robotic agents to facilitate educational or therapeutic functions
by improving their social interaction and providing a more engaging experience with
users.

We first introduce the basic elements of the approach and components of the model
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in Sections 2.2 and 2.3. We then conduct experiments to assess model performance
in Section 2.4. Finally, we provide conclusions and open topics for future research,
commenting on potential applications of the proposed approach.

2.2 Basic Elements

We lay out a general affective decision making framework for a social agent as
sketched in Figure 2.1. The agent interacts with a user within an environment. We
assume our agent is, first of all, capable of perceiving the environmental state and
the user’s actions through its sensors, which serve as relational tools between the
agent and the environment. Our focus is on the role of affective elements in the
agent’s decision-making process. The key elements that we include are the agent’s
personality, its mood and several types of emotions which will play different roles in
our architecture. The personality defines the general characteristic agent style when
dealing with users, affecting both mood and emotions, which are, respectively, long
and short-term interrelated affective elements. In turn, emotions are affected by the
outcomes of the agent’s actions, the user’s decisions and the environment state, as
well as the agent’s expectations.

2.2.1 Environment and Behavior

Our social agent A must be dynamically aware of its external context which comprises
its environment E as well as the actions performed by a user B during interactions.
The evolution of environmental conditions due to the agent’s and user’s actions is
assumed to be perceptible through sensors installed in the agent. This perceptual
step is crucial, (Scholtz, 2003). For example, under aggressive external conditions,
the agent should defend and protect itself.

We aim at designing a decision-making procedure for the agent. The agent’s
behavior, the decisions a that it makes within a finite set A, should be regulated
and planned within the environment, which changes with the user’s actions b, made
within an action set B, leading to an environmental state e within a set E, which will
affect its behavior. For instance, the agent may ask for help to call for user’s attention
while the agent feels in an insecure environment; it might ask for playing or speaking
to the user while it is in a fine and stable state. The user could be benevolent or
malevolent. For example, if the agent performs a complaint, a benevolent user could
perform some affective actions to cheer the agent up, whereas a malevolent user
might do nothing or perform aggressive actions. Section 2.4 provides details in a
specific case study.
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Figure 2.1: Basic Elements in our Framework

2.2.2 Emotions

Decision makers have been traditionally assumed to evaluate the potential conse-
quences of their decisions dispassionately and choose actions that maximize expected
utility. Recently, emotions have been shown to play a significant role in decision-
making processes (Mellers et al., 1997; Mesrobian et al., 2015). They may have
anticipatory and incidental influence over the agent’s value system which, in turn,
influences decisions. As an example, it has been shown that even incidental affect,
apparently unrelated with the decision at hand, may have a relevant impact on
judgment and choice (Clore, 1992), and that incorporating affect into decision mak-
ing models can increase their explanatory power (Lopes, 1987). Our motivation
here is to use affect as a basic ingredient within decision-making processes, allowing
social agents to provide more seemingly human responses. We use earlier research
in cognitive science and psychology (Loewenstein and Lerner, 2003), to build a
non-complex model to simulate the actions and reactions of a social agent during
interactions with users.

Different emotions will be triggered at different phases of the decision-making
process and also affect the agent’s decisions. Behavior arises from a coupling of
emotions, cognition and coping responses (Gratch and Marsella, 2004), and depends
on the emotional intensity and personality. Note though that an impulsive behavior
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might be triggered under certain conditions. We consider simple and complex emo-
tions with different intensity degrees. Some of them could occur simultaneously. We
evaluate them based on several dimensions, including the desirability and knowledge
of the corresponding event and the expectations from the events to occur (Price
et al., 1985; Ortony et al., 1990). We group emotions as follows:

• Expected emotions include hope and fear. They are based on the predictions
on decision outcomes. The agent tries to forecast the outcomes associated with
alternative courses of actions and ponders their desirability. Hope is related
with predicted desirable events, whereas fear is driven by undesirable ones.

• Immediate emotions include sadness and joy. They are evaluated after a
decision is made and the entailed consequences are perceived. This mechanism
originates from the reward dopaminergic system from cognitive ethology (Lintas
et al., 2012; Ellingsen et al., 2016). Whereas expected emotions fundamentally
consist of predictions about future utility, immediate emotions consist of present
feelings about attained utility (Loewenstein and Lerner, 2003). A surprise
factor based on the distance between the observed and the most likely state
will impact their assessment.

• Referential emotions include pride, shame, reproach and admiration. They
are primarily evaluated based on comparisons of outcomes with the agent’s
standards, which partly reflect how the agent stores values in memory in
relation with previous behavior. These emotions are heavily influenced by the
agent personality. Pride and shame would be triggered as internal referential
emotions; reproach and admiration as external ones.

• Complex emotions include disappointment, relief, anger, gratitude, gratification
and remorse. They are combinations of the simple and short-term emotions
introduced above, (Ortony et al., 1990). A history of emotions and perceived
events are kept in a short-term emotional memory: once an event occurs, it is
compared with such memory; if a match occurs and a certain complex emotional
threshold is overcome, a complex emotion is triggered. As an example, let us
consider relief. The agent is likely to have been previously in a state of fear;
relief will depend on how positive the results were attained and the joy gained
after a false alarm. Its intensity would depend on the prior degree of fear, the
posterior degree of joy and the utility actually attained.
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2.2.3 Mood

Mood is more stable than emotions and is more influential over decision-making
(Scherer, 2000). It may be positive or negative. (Ekman et al., 1994) show that both
opposite mood (good and bad) types tend to mitigate each other in frequency and
intensity. Mood may be viewed as an aggregation of the same type of emotional states
over the last few periods. In turn, it has a direct impact over emotions by changing
their activation thresholds, as described below. It is a more diffuse affective state
than emotions, typically being of lower intensity: repeated emotional events might
not cause a large shift in mood. Compared with the essentially discrete emotions,
mood is more continuous and smooth. However, many similar continuous emotions
will eventually alter mood significantly (Kirby et al., 2010).

2.2.4 Personality

Several authors like (Mesrobian et al., 2015) and (Goldberg, 1990) suggest that
decision making under risk is influenced by personality traits. This should be taken
into account within decision making models. Personality models have been studied
from different psychological points of view. Among them, we shall adopt HEXACO
(Ashton and Lee, 2007; Ashton et al., 2014), close to the big five OCEAN model.
It includes as factors: Honesty-Humility (H), Emotionality (E), eXtraversion (X),
Agreeableness (A), Conscientiousness (C) and Openness (O) to experience. These
six dimensions are obtained from lexical studies of the personality structure and
operationalized within a personality inventory. Each factor is defined by 4 facet-level
scales. Short personality scales are defined as containing anywhere between 1 to
5 items per domain scale (De Vries, 2013). We briefly recall here the relationship
between the six traits and risk-taking behavior.

The H factor relates with sincerity, fairness, greed-avoidance and modesty. Sincer-
ity has been associated with ethics and healthy moral value and safety. Highly sincere
people would tend to choose low risk choices and prefer more secure environments
(Mesrobian et al., 2015). Similarly, greed-avoiding and modest people tend to avoid
making high risk decisions. This type of people feel little temptation to break rules
in an opportunistic manner.

The E factor covers anxiety, dependence and sentimentality. Stressful situations
are not experienced as a hindrance by persons with a low emotionality score, who tend
to not worry about physical damage and do not need to share feelings. Individuals
highly scored in this trait are more worried about dangers and easily feel more anxiety
under stressful conditions. Emotionality impacts impulsive action triggering and
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mood shifting.
Social self-esteem, social boldness, sociability and liveliness are sub-dimensions of

the X trait. Individuals with high extraversion feel confident, have good self-image,
appreciate social interactions and are easygoing and lively. They experience positive
feelings of enthusiasm and energy. They get over painful things or bad memories
much faster than persons with low extraversion scores.

Agreeableness (the A factor) is based on four facets: forgiveness, gentleness,
flexibility and patience. It has been linked with interpersonal conflict and suscepti-
bility to framing. It is also associated with risky decision making (Mesrobian et al.,
2015). These authors also show that Conscientiousness, the C factor, is positively
correlated with the responder’s gain in the Ultimatum Game. Individuals with high
conscientiousness levels made their decisions faster than less conscientious ones, this
having an effective influence over risk behavior.

Finally, openness reflects a person’s attitude towards experience. Individuals with
a high openness to experience score are attracted by various knowledge domains,
being associated with intellectual and creative behavior.

2.3 Modeling

We describe how we implement the above qualitative ideas in an actionable parametric
affective decision making model. We build upon the framework in (Esteban and
Insua, 2019) to which we incorporate numerous relevant improvements. Given its
complexity, we provide a modular presentation, following the schematic view in
Figure 2.2 in which grey boxes indicate the novel features in this chapter, and light
grey, modified ones with respect to the above mentioned framework.

The global loop starts by initializing several parameters, including the emotional
thresholds and, very importantly, the agent’s personality. This is crucial as it allows
us to design different types of agents, as required by the application at hand and
illustrated in Section 2.4. The remaining initial parameters, also essential in the
interactions, will vary as the process iterates. Then, there are three main modules
covering the stages of 1) sensing and forecasting; 2) decision making; and 3) emotional
assessment.

At time t, the agent steps into the first stage. It collects signals from its sensors to
interpret the environmental conditions and user actions and recalls the affective states
(immediate emotions and mood) from the previous iteration. Expected emotions
are prior to decision making and based on a forecasting model, which is also used
in expected utility calculations and determining optimal decisions. However, under
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Figure 2.2: Schematic view of emotional decision-making model

extreme environmental conditions or emotional states, the agent takes impulsive
actions from specific sets. This is the core part in the affective model and also
the most time-consuming module. We thus support a decision making approach
based on a dual system 1 (impulsive) and system 2 (rational) as in (Kahneman,
2011). Once the agent performs its action, the user responds and the environment
evolves. As soon as the agent receives the user’s response, it analyzes the actual
consequences of its decisions. The immediate emotions at time t are obtained based
on such outcomes. By searching and comparing within its value memory, the agent
assesses its referential emotions. Complex emotions could also be triggered should
the corresponding simple emotions be intense enough. Mood, which is key when
updating the activation thresholds of various emotions and is used to evolve the
preference utility weights, is updated through emotional aggregation. Then, we adapt
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the control values and update the environmental states, finally incrementing the time
mechanism.

We provide now details of the relevant elements: the basic decision making model,
the models for emotions, mood and personality and their interaction to jointly build
our affective decision making model.

2.3.1 Basic decision making model

The underlying decision making model uses a multi-attribute expected utility with
probabilities based on the adversarial risk analysis (ARA) framework, adapting ideas
from (Rázuri et al., 2013), (Esteban and Insua, 2019) and (Esteban and Insua, 2014),
which contain further details. We expand it to allow for impulsive behaviour when
certain conditions are met, following the System 1-System 2 logic in (Kahneman,
2011). We later adapt our underlying model to include the affective themes.

We refer to the action sets of agent A and user B as A = {a1, a2, ..., am} and
B = {b1, b2, ...bn}, respectively. At time t, depending on the action at of the agent, the
action bt of the user and the environmental state et ∈ E = {e1, e2, ..., er}, the agent
obtains the multi-attribute consequences ci(at, bt, et), i = 1, ..., l. We adjoin bt ∈ B

and et ∈ E as the state θt = (bt, et) ∈ {θ1, ..., θz} which influences the consequences
faced by the agent. The agent’s preferences are modeled with a multi-attribute
additive utility function

u(c1, c2, ..., cl) =
l∑

i=1
wiui(ci),

where wi ≥ 0,
∑l
i=1w

i = 1. wi represents the weight of the agent’s i-th objective,
and ui represents the corresponding component utility function.

The agent’s beliefs are regulated within the ARA framework, more specifically
within the level-1 thinking approach in (Rios Insua et al., 2016). Given the past
history of the agent’s and user’s actions, environmental states and the agent’s
potential action at, the agent forecasts the user’s action and environment state
through

p(et, bt|at, (et−1, at−1, bt−1), (et−2, at−2, bt−2)), (2.3.1)

where we limit memory to two periods for computational reasons. We decompose
(2.3.1) through

p(et, |bt, at, (et−1, at−1, bt−1), (et−2, at−2, bt−2))×

p(bt|at, (et−1, at−1, bt−1), (et−2, at−2, bt−2)). (2.3.2)
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Assuming that only the user action bt actually influences the environment and that
the agent’s action might influence the user, we simplify equation (2.3.2) to

p(et|bt, et−1, et−2)× p(bt|at, bt−1, bt−2)

Then, under standard conditions, the agent will be designed to choose the action
with maximum expected utility (MEU), that is, it will solve

ψ∗t = max
at∈A

ψ(at)

where

ψ(at) =
∫∫

u(at, bt, et)× p(et|bt, et−1, et−2)× p(bt|at, bt−1, bt−2)dbt, det.

However, very high intensity emotions or extreme environmental conditions may
lead the agent to adopt a more impulsive behavior: when, the intensity of certain
emotions are beyond an immediate emotional threshold, the agent will choose an
impulsive action a∗t ∈ Aimp; similarly, when the environment brings threats to the
agent, this will choose a self-protecting action a∗t ∈ Apro. The agent is thus designed
to check the environmental context, and act impulsively under threat; then, check its
emotional status, and act impulsively if very intensive emotions arise; and, only under
normal circumstances, perform the MEU calculations to implement the corresponding
action. As an example, when the agent needs to make a decision, it may find that its
energy level is too low, asking for charging. If its energy level is sufficient, but its fear
intensity is beyond a certain level, the agent might ask for protection. Otherwise,
the agent will choose the MEU action.

To sum up, we design the agent’s operation according to the system 1-system 2
scheme:

a∗t =


∈ Apro, if in extreme environment,

∈ Aimp, otherwise, if high value for some emotions,

arg maxat∈Aψ(at), otherwise

2.3.2 Emotional Model

We specify now our emotional model. We describe how the four types of emotions arise
from the agent’s reasoning process and, in turn, impact the agent’s decision-making.

2.3.2.1 Expected emotions

Expected emotions include hope and fear. Our model is based on (Esteban and
Insua, 2019), with relevant variations to take into account the agent’s risk preferences
and a smoother emotional behaviour. The agent proceeds as follows:
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1. For each potential action at, it computes its expected utility ψ(at).

2. It then finds the MEU action a∗t = arg maxat∈Aψ(at), and the corresponding
optimal expected utility ψ(a∗t ) = ψ∗t .

3. Given that it chooses a∗t , the most likely state for the agent would be

θ∗t ≡ arg maxθt∈{θ1,...,θz}p(θt|a
∗
t ).

4. It also computes the uncertainty in expectation, which is the utility variance
for the optimal alternative

vart =
∑

p(θt|a∗t )(u(a∗t , θt)− ψ∗t )2.

5. Finally, it computes the expected utility with risky (EUR) consideration, which
is

Ψ∗t = (1− prisk)× ψ∗t + prisk × vart,

where 0 < prisk < 1 is a risk preference parameter related with the agent’s
personality dimensions defined in (2.3.4).

We use the above elements to model hope and fear in our agent. We consider
as positive expected outcomes, those whose EUR exceeds a certain threshold thexpt ,
adapting and modifying the scheme in (Esteban and Insua, 2019):

• If Ψ∗t > thexpt ,

hopet = αexp

((
Ψ∗t − thexpt

1− thexpt

)
(1− vart)

)
+ (1− αexp) expEmt−1,

feart = 0.

Else if Ψ∗t ≤ 1− thexpt ,

feart = −
(
αexp

((
thexpt −Ψ∗t
thexpt

)
(1− vart)

)
+ (1− αexp) expEmt−1

)
,

hopet = 0.

αexp is a smoothing factor controlling the emotional evolution over time.
Comparing with (Esteban and Insua, 2019), we add to the expected utility model

a term referring to the variance replacing MEU with EUR in the activation of
emotions. We may design an agent which favors risks, which would compensate more
utility with higher risks, although the uncertainty is higher. We also define a two
step emotion triggering approach to mitigate a potentially bipolar behaviour.
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2.3.2.2 Immediate emotions

We modify the approach in (Esteban and Insua, 2019) with a two-stage emotion
trigger, as we briefly sketch. Immediate emotions include joy and sadness. The
agent experiences them after making its decision a∗t and facing the corresponding
consequence θ∗ = (bt∗, et∗). It then:

1. Evaluates the utility finally attained, u(a∗t , θ∗) = u∗t .

2. Computes a surprise factor s∗t based on a distance between the actual state
θ∗ and the forecast θ∗t . We use Kullback-Leibler’s divergence (Kullback and
Leibler, 1951) to define distances between prior and posterior distributions as
a measure of surprise.

Similarly to with expected emotions, the agent considers its immediate emotion as
joy, if the attained utility exceeds a threshold thimmt . On the other hand, if it is too
low, it will feel sad.

• If u∗t > thimmt ,

joyt = αimm

((
u∗t − thimmt

1− thimmt

)
× s∗t

)
+ (1− αimm) immEmt−1, sadt = 0,

Else if u∗t ≤ 1− thimmt ,

sadt = −
(
αimm

((
thimmt − u∗t
thimmt

)
× s∗t

)
+ (1− αimm) immEmt−1

)
, joyt = 0.

αimm is a smoothing factor controlling the emotional evolution over time.

2.3.2.3 Referential emotions

Based on the definitions in (Ortony et al., 1990), we consider the class of referential
emotions. They correlate with the agent’s past experience and social standards as
reflected in Table 2.1. Pride or Shame, in turn, appear as a result of the agent’s
decision, whereas Reproach or Admiration are associated with the user’s choice.
Their intensity will depend on the reflection of the goodness or badness of the actions
as viewed by our agent.

In our model, referential emotions are experienced after decisions are made and
the ensuing consequences perceived. As we shall see, these emotions will directly
influence the agent’s decision making. For example, if the agent feels shame, it might
go into a submissive mode and try to fix up for what it did wrong, choosing an action
to please the user. The agent is equipped with a value memory system which keeps
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Table 2.1: Referential emotions

Emotion Action performer Agent standards

Pride agent approved
Shame agent disapproved
Reproach user disapproved
Admiration user approved

track of the utilities received after each decision-making epoch. We define two kinds
of reference values: static and dynamic.

Static reference values are assigned to the agent at initialization and remain
unaltered through the process. We implement them as follows: for each agent’s
action ai, consider the utilities attainable for each user action bj and environmental
state ek. We compute the average val(ai) of such utilities which will be set as the
static reference value for ai and, similarly, for the user’s actions through

val(ai) = 1
n

n∑
j=1

(
1
r

r∑
k=1

u(ai, bj , ek)
)
, ai ∈ {a1, a2, ..., am},

val(bj) = 1
m

m∑
i=1

(
1
r

r∑
k=1

u(ai, bj , ek)
)
, bj ∈ {b1, b2, ..., bn}.

Concerning dynamic reference values, as the decision-making process progresses, the
agent stores the utility results attained (which are influenced by the environmental
state and the agent’s and user’s choices) in its memory. For each action ai, there
will be a number of recorded utilities related with it. The mean utility ave(ai) will
be the dynamic average for this action (changing after every iteration). Formally,
we define it as follows: At time t, all the past p decision consequences attained with
the agent’s action ai are recorded as the set U ti = {(ai, bk1 , ek1), (ai, bk2 , ek2), ...},
bkp ∈ B, ekp ∈ E ; we compute the counting measure of U ti as µ(U ti ). Similarly,
find all past q consequences associated with the user’s action bj , as set U tj =
{(ak1 , bj , ek1), (ak1 , bj , ek2), ...}, akq ∈ A, ekq ∈ E , and compute the counting measure
µ(U tj ). Then,

ave(ai) =
∑p

1 u
∗(U ti )

µ(U ti )
, ave(bj) =

∑q
1 u
∗(U tj )

µ(U tj )
,

where u∗ stands for the actual utility attained as stated in 3.2.2.1

1Note that the agent does not actually need to store all values, but just needs to update the
average value in memory when the corresponding action is used.
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As an example, suppose Obey an order is one of the possible agent’s actions. Once
the agent chooses this action, it recalls its value memory to compare its dynamic
average with the static reference. If the dynamic value is larger than an upper
referential threshold, the agent will trigger the Pride emotion; if it is smaller than a
lower referential threshold, it will trigger Shame, and similarly for the user’s actions
in relation with external referential emotions.

Specifically, we set the referential emotions through

• If ave(ai) ≥ threft ,

ref(ai) : pride = αref × (val(ai)− ave(ai)), shame = 0;

Else if ave(ai) ≤ 1− threft ,

ref(ai) : shame = αref × (ave(ai)− val(ai)), pride = 0.

• If ave(bi) ≥ threft ,

ref(bi) : admiration = αref × (val(bi)− ave(ai)), reproach = 0;

Else if ave(bi) ≤ 1− threft ,

ref(bi) : reproach = αref × (ave(ai)− val(bi)), admiration = 0.

αref is a referential emotional parameter to standardize the value ranges between 0
and 1.

Each decision made by either the agent or the user impresses upon the agent’s
value memory. The learning rule proposed is simple, but it provides an effective way
of recording how the agent will act given its memorable experience. There could be
other ways to compute the static referential values. When detecting an unknown
user, the agent will have no idea about the user’s typical behaviour; under such
situation, we could use some prior initial values and then apply the above adaptive
rules.

2.3.2.4 Complex emotions

Complex emotions include Disappointment, Relief, Anger, Gratitude, Gratification
and Remorse (Ortony et al., 1990). They may be triggered under certain circum-
stances (not necessarily after every decision-making stage). For instance, when the
agent has feelings of both sadness and reproach at a sufficiently high level, it could
feel angry. Moreover, the anger intensity would depend on the agent’s expected
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Table 2.2: Ingredients of complex emotions

Complex Emotions Rule

Disappointment Hope and Sad
Relief Fear and Joy
Anger Sad and Reproach
Gratitude Joy and Admiration
Gratification Joy and Pride
Remorse Sad and Shame

emotional state. Table 2.2 shows the relations between complex and simple emotions
(El-Nasr et al., 2000).

Complex emotions will raise only if the triggering simple emotions are strong
enough. Several researchers have conducted behavioral analysis of human single
emotions and provided equations concerning their intensities, based on regression
models. We shall follow those in (Price et al., 1985) which satisfy:

F =

−D + 2D × E2 for negative emotions,

−0.7D + 1.7D × E0.5 for positive emotions,

where F stands for the complex feeling intensity; D stands for single emotions derived
from event desirability; and E stands for the corresponding expected emotions.

As complex emotions will not be triggered always, we set up a threshold thcom to
determine whether the emotional intensity is strong enough to give way to complex
emotions. The actual utility outcome u∗t will be used as a desirability criteria, based
on which the referential emotions obtained from the consequences after every decision
making event will appear. We detail this discussion in Table 2.3 in which we assess
the proposed six complex emotions. To keep all complex emotions under a same
scale and simplify calculations, we take the average of their constituent emotions as
the desirability variables.

2.3.3 Mood

Mood is essential in our model as it has been shown to influence a range of cognitive,
perceptual and behavioral processes (Gratch and Marsella, 2004). In our case, mood
will directly affect the weights in the utility function. It is usually treated as an
aggregation of the emotional states over the latest several periods, thus serving also
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Table 2.3: Assessment of Complex Emotions

Complex Emotions Preconditions Assessment

Disappointment u∗t 6 1− thcom and dist = −sadt + 2sadt × (hopet)2

hopet > 0

Relief u∗t > thcom and relt = −0.7joyt + 1.7joyt × (feart)0.5

feart > 0

Anger u∗t 6 1− thcom and angt = − sadt+reproacht

2

hopet, sadt, reproacht 6= 0 +2× sadt+reproacht

2 × (hopet)2

Gratitude u∗t > thcom and grtt = −0.7× joyt+admirationt

2

feart, joyt, admirationt 6= 0 +1.7× joyt+admirationt

2 × (feart)0.5

Remorse u∗t 6 1− thcom and grft = − sadt+shamet
2

hopet, sadt, shamet 6= 0 +2× sadt+shamet
2 × (hopet)2

Gratification u∗t > thcom and remt = −0.7× joyt+pridet

2

feart, joyt, pridet 6= 0 +1.7× joyt+pridet

2 × (feart)0.5
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to maintain a certain emotional memory. Specifically, we shall use

moodt = αmood

(∑r
i=0Em

positive
t−i −

∑r
i=0Em

negative
t−i

(r + 1)

)
+ (1− αmood) moodt−1,

where αmood is a smoothing factor expressing how much of the agent’s mood will
be preserved from earlier iterations; Empositive refers to the set of positive emotions
(hope, joy, pride, admiration, relief, gratitude and gratification); and Emnegative

refers to the set of negative emotions (fear, sad, shame, reproach, disappointment,
anger and remorse). We aggregate both kinds of emotions over the last r periods,
with r related to the agent’s personality as specified below. As mood is more stable
than emotions, it should decay more slowly. Thus, we set αexp, αimm ≥ αmood, as
static parameters. Note that our settings normalize mood between -1 and 1.

Utility weights are updated after each iteration taking into account earlier weights
and the agent’s mood, impacting consequently the agent’s decision making. The
weight update that we introduce is

wit = max{wi+1
t ,min{wi−1

t , wit−1 − β × a×moodt}}, (2.3.3)

where a is a component measuring the impact of mood over the weights and β

describes the rate of weight variation. We then renormalize the weights through

wit∗ = wit∑
iw

i
t

.

2.3.4 Personality and Parameters

Based on the HEXACO model, we are able to build in personality features within our
agents, directly affecting their decision making style and allowing us to design the
agents as required by the application at hand. For example, an educational setting
might require a patient agent, whereas a financial counselor should possibly be more
proactive.

As stated above, each agent is characterized by a six-dimensional personality
defined through the parameters (Ph, Pe, Px, Pa, Pc, Po) in relation with six personality
traits: Honesty, Conscientiousness and Agreeableness relate with the agent’s risk
preferences; Extraversion and Openness refer to how the agent behaves concerning
the value system when we assess referential emotions; and, finally, Emotionality
relates with the length of the emotional memory, having its role when assessing
mood (Price et al., 1985). All six parameters are scaled in [0, 1] and increasing with
intensity (e.g., the bigger Ph, the more honest the agent is). Most parameters in our
decision-making model are influenced by at least one of the personality parameters,
as we sketch in Figure 2.3.
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Figure 2.3: Personality parameters and influence on decision making model. Numbers
reflect the section where parameters appear.

We specify now the influence of the personality parameters in our decision making
model.

1. The risk preference parameter prisk is related with the expected utility assess-
ment in the decision making model. It refers to how much risk the agent could
cope within the affective model. (Mesrobian et al., 2015) have performed re-
search relating conscientiousness, agreeableness and honesty with risky decision
making, suggesting that personality impacts expected emotions. Agents with
different personality settings have different risk preferences, evoking different
expected emotions. Based on the forecasting and the utility components in the
model, the agent could compute its maximum attainable expected utility; the
agent could also compute the uncertainty in expectation. Agents with high
preference for risk would tend to tolearte more of such uncertainty, whereas
those with lower one would tend to prefer the maximum expected utility. Thus,
this parameter serves to balance between the MEU and the uncertainty in
expectation as defined with the EUR. We define the parameter through

prisk = 1−mean(Ph, Pa, Pc). (2.3.4)

2. Referential emotion parameter αref . This parameter is used to control the
intensity of referential emotions given the personality setting. Based on (Mes-
robian et al., 2015), Extraversion and Openness tend to impact past memory.
Persons with very high scores on such traits feel positive and easily refresh
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their memory towards an event. We use

αref = 1−mean(Px, Po).

3. Behavior selection parameter β. It is used to assess the variation of the agent’s
utility weights. Persons more open to experience tend to be more flexible and
better accept changes when confronting new situations. They are a little more
capricious than reserved people. Inspired by (Moshkina, 2011), we use

β = 1
1 + e−Po

,

where we apply a sigmoid function to change behavior selection weights in a
smaller range, thus avoiding too intense utility fluctuations.

4. Mood memory parameter r. As described above, this parameter reflects the
emotional memory length over which emotional aggregation is realized. A high
score in the emotionality scale makes the agent behave more impulsively and
mood in previous stages is less relevant. We use a decreasing function confining
r between 2 and 4 based on psychological research concerning the lasting period
of temporary mood states (Kirby et al., 2010),

r =
⌈
1 + e1−Pe

⌉
.

5. Emotional thresholds thexp, thimm. When an agent’s mood is positive, it will
tend to be more optimistic: the threshold for arousing positive emotions would
be lower, as the agent expects some desirable event to happen (Fehr-Duda
et al., 2011). We apply two thresholds to separate expected and immediate
emotions into positive and negative categories, respectively. They both depend
on current mood states and expected or actual utilities. The agent tends
to have positive emotions when it is in a good mood state. The threshold
value is constrained to [0.25, 0.75] to avoid extreme cases. We then update the
thresholds according to

thexpt = max
{

0.25,min
{

0.75,
Ψ∗t + Ψ∗t−1 + Ψ∗t−2

3 − moodt−1
10

}}
,

thimmt = max
{

0.25,min
{

0.75,
u∗t + u∗t−1 + u∗t−2

3 − moodt−1
10

}}
.
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2.4 Simulations

We have performed several simulation experiments to assess the performance of our
affective model and compare the interactions between the agent and the user under
different circumstances. We describe first the computational environment, then set
up the experiments and finally comment the results.

2.4.1 Computational environment, parameter settings and experi-
ments

We implement our model in Matlab 2014b with a Mac OS High Sierra with a 2.9
GHz Intel Core i7 processor and a 16GB 2133Mhz LPDDR memory. The simulated
agent may perform 15 actions, divided in four groups labeled attention-seeking,
complaining, unresponsive and interactive. It may also detect 14 user actions which
we have divided as affective, aggressive, interactive, unresponsive and updating, as
reflected in Table 2.4. As mentioned, high intensity emotions may lead to impulsive
behavior. Similarly, extreme environmental situations may directly influence the
behavior selection of the agent. The corresponding rules are included in Table 2.5.
We set l = 5, being the objectives:

• A primary objective concerning being properly charged.

• A secondary one referring to security, in relation with noise, light and tempera-
ture conditions surrounding the agent.

• A third one concerning interaction with identified users.

• A fourth one related with having fun with users.

• A fifth objective concerning having its software updated.

The utility function adopts the form

w1 × u1(energy) + w2 × u2(security) + w3 × u3(be taken into account)

+w4 × u4(being accepted) + w5 × u5(being updated),

with w1 > w2 > w3 > w4 > w5 to stress the hierarchical nature of the objectives.
As we need to preserve the preference hierarchy, the value of a in the evolution of
weights in equation (2.3.3) will depend on the corresponding objective:
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Table 2.4: Agent and User Actions

Action Agent’s Action Type Action User’s Action Type

a1 ask for help attention-seeking b1 recharge affective

a2 salute attention-seeking b2 flatter affective

a3 warn complaining b3 stroke aggressive

a4 alert complaining b4 attack aggressive

a5 cry complaining b5 shout aggressive

a6 do nothing unresponsive b6 blind aggressive

a7 tell jokes interactive b7 offend aggressive

a8 tell stories interactive b8 move aggressive

a9 tell events interactive b9 ignore interactive

a10 obey an order interactive b10 order interactive

a11 play interactive b11 play interactive

a12 speak interactive b12 speak interactive

a13 ask for charging interactive b13 do nothing unresponsive

a14 ask for playing interactive b14 update updating

a15 ask for shut down interactive
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Table 2.5: Impulsive action rules

Agent’s context Impulsive action

energy ≤ 5% ask for charging

temperature ≥ 50 ask for being shut down

hope ≥ thimm ask for playing

fear ≥ thimm alert

joy ≥ thimm play

sadness ≥ thimm do nothing

anger ≥ thimm warn

remorse ≥ thimm cry

a =



1, if i = 1,

1/2, if i = 2,

0, if i = 3,

−1/2, if i = 4,

−1 if i = 5.

We describe now the experiments performed. Essentially we have two purposes.
The first one focuses on comparing the performance of our model with that of
an emotionless agent and a simplified emotional agent available in (Esteban and
Insua, 2019). The second purpose refers to illustrating the potential introduced
by our capability of designing agents through tuning their personality parameters.
In all our experiments, the agents designed will face two types of users, which we
shall respectively designate aggressive and friendly. An aggressive user always takes
actions from the set of aggressive ones; a friendly one will take actions from the set of
affective actions and interactions. We first set up the agent’s personality and compare
its performance with those of an emotionless agent and a simplified emotional one
when facing aggressive and friendly users. We consider two types of personalities: a
reserved agent and a more outgoing one. We thus present four scenarios. For each of
them we run 100 iterations and compare the results.
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Figure 2.4: Results of scenario: Moderate agent vs friendly user

2.4.2 Evaluation

We present the results of our experiments. So as to show the impact of the personality
and the interactions with the user, we record the evolution, (and present their traces
in various panels corresponding respectively to parts a), b), c), d), e) and f) of the
ensuing Figures) of the following variables:

• The utility function weights, a).

• The agent’s mood, b).

• The expected and actually attained utilities, c).

• The expected and immediate, d); referential, e); and complex, f) emotions.

The HEXACO parameters describe six personality traits ranging in [0, 1], which
will remain fixed for each agent but may be modified to simulate different types
of agent. We have two groups of personality settings to present two major types
of personality: reserved and calm, outgoing and emotional. Considering our main
goal, we want to emphasize the differences in agents’ performance on the emotional
parts brought mainly by the 3 personality traits: Emotionality, eXtraversion and
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Figure 2.5: Results of scenario: Moderate agent vs aggressive user
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Figure 2.6: Results of scenario: Outgoing agent vs friendly user
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Figure 2.7: Results of scenario: Outgoing agent vs aggressive user

Openness. Therefore, we change the value of corresponding parameters in an two
simulations. The first agent was designed to be reserved and honest with moderate
emotions and, consequently, risk averse. The specific HEXACO parameters chosen
were (0.8,0.8,0.6,0.5,0.5,0.3). Interactions with the benevolent and malevolent users
are, respectively, reflected in Figures 2.4 and 2.5. Subgraphs 2.4.a and 2.5.a capture
the evolution of weights as iterations go on. Note that when dealing with the
friendly user (a comfortable context) the weights of the primary objectives (energy
and safety) get reduced and those of the more advanced objectives (feeling, being
accepted and being updated) grow. On the other hand, when facing a malevolent
user, the utility weights remained similar to the initial values: the agent initially
tried to treat the user as a friend, but, after several rounds, it realized that the
user was actually unfriendly, therefore, trying to remain in a safer environment by
focusing on the primary objectives. Figure 2.4.b (2.5.b) reflect that the agent’s
mood was positive (negative) most of the time when facing a nice (malevolent) user.
Correspondingly, when facing a benevolent user, hope and happy were the prevalent
expected and immediate emotions (2.4.d), and pride and admiration the prevalent
referential emotions (2.4.e). The agent felt mostly relief (2.4.f) due to the user’s
friendly behavior. In turn, when facing the malevolent user, the agent felt mostly
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sad and fearful (2.5.d). After several rounds to get used with its user, the agent’s
referential emotions were pervaded by shame and reproach (2.5.e). It also felt mostly
disappointed (2.5.f). It is also interesting to observe the differences in utility trends
in Figures 2.4.c and 2.5.c: the agent’s utility grows when facing a friendly user and
declines when facing an aggressive one. Note also that no matter what type of user
was the agent facing, the expected and attained utilities were quite close, suggesting
that our forecasting model is reasonable and reliable.

The second agent was designed with HEXACO parameters (0.8,0.6,0.8,0.5,0.5,0.7),
corresponding to a more emotional and outgoing agent with higher openness and
extraversion and lower honesty. Results are reflected in Figures 2.6 and 2.7. Observe
first that the utility and weights evolve differently than in the former case. The utility
weights converge more rapidly when dealing with a friendly user (2.6.a), whereas the
weights behave similarly when facing an aggressive user (2.7.a). Moreover, in front
of a benevolent user, the agent’s mood and emotions are generally positive (2.6.a)
and the utility attained tends to increase (2.6.c). In face of a malevolent user, the
agent attains opposite results.

Note also the different behaviour of both agents. First, Figure 2.6.a shows that
weights change faster than in Figure 2.4.a, as the agent openness is bigger. Figures
2.6.e and 2.7.e show that past interactions have less impact in decision-making
since given the higher extraversion, the referential emotions could reflect that the
memorable value system have showed more intensive fluctuations, both when dealing
with friendly and aggressive users. Furthermore, due to the higher emotionality, the
agent’s mood and emotions evolve in bigger ranges. Note that simulations for the
second agent seem more unstable, in consonance with the personality setting.

We performed an additional simulation to compare our agent, one without
emotions and the simpler emotional agent in (Esteban and Insua, 2019). We ran
100 iterations for each of the agents as shown in Figure 2.8, which reflects the
frequency with which each agent performs its 15 actions in front of the benevolent
and malevolent users, respectively. The subgraphs in the first row include the results
when our emotional agent faces, respectively, a friendly user and an aggressive one.
a7, a8 and a14 (tell jokes, tell stories and ask for playing) are the most frequent
decisions when facing a friendly user: in a comfortable environment, our agent
preferred interactive actions to more basic or hostile ones. However, when our agent
faced an aggressive user, it tended to choose more frequently a1, a2, a3, a4 and
a5 (asking for help, saluting, warning, alerting and crying): as soon as our agent
recognized that the user is malevolent, it tended to protect itself and send warning
signals or seeking for help. Thus, the results actually show that our agent will choose
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Figure 2.8: Comparison between three agents: emotionless, complex emotional and
simplified emotional
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different alternatives in different situations. In contrast, the emotionless agent’s
decisions did not vary that much when facing both types of users, as suggested by the
subgraphs in the middle row in Figure 8, which are similar. Finally, the subgraphs
in the third row suggest that the simpler emotional agent also behaved differently
in both situations. Indeed, the agent tends to show a tendency of interacting more
with a friendly user and be self-protecting with an aggressive user. In addition, by
comparing the subgraphs at each column, we observe that our model showed the
clearest and strongest behavioral preference with both types of users. As for the
agent under the framework in (Esteban and Insua, 2019), it tends to prefer to interact
more when facing the friendly user and alert or complain when facing an aggressive
one. However, the distributions of the agent’s actions are not as concentrated as in
our model.

To sum up, we conclude that our emotional agent showed more adaptability
and that the affective elements seem to actually play a relevant role in the involved
decision-making process.

2.5 Conclusion

Drawing on fundamental insights from behavioral sciences, we have presented a
comprehensive model to design agents whose decision-making processes incorporate
affective elements. Our model focuses on the assessments of the agent’s emotions,
mood and personality under the ARA framework. The agent forecasts the user’s
action and makes its decisions given the environmental and emotional states. Drawing
on the multi-objective additive utility model in (Esteban and Insua, 2019) and
(Rázuri et al., 2013), we have tried to mimic human behavior with regards to
affective responses. Our agent evolves dynamically and adapts its behaviour to the
environment and the user it faces, as shown through our simulations, which portray
in diverse emotional fluctuations under different settings of the agent’s personality
when facing different types of users. This includes changes in the weights in the
preference model which, in turn, induce changes in the decision making behaviour of
the agent. Comparing with the other agents considered, our model shows greater
expressiveness and environmental adaptability. Note that the results in Figure 2.8
were computed of one set of 100 iterations per agent. Another result will be slightly
different and similar distributions are expected for more tests of 100 runs. What we
present here need more statistical assessment in the future work.

There are many potential applications of our model, including the development
of social robots and intelligent interfaces. Our next goal would be to use our affective
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model in settings like simulation games in smart phones that could help us in
collecting data to enhance the models with more accurate information. From a
longer-term perspective, we could embed our model in a programmable robot with
educational purposes. The emotional synthetic and expressive characters could help
children learn in a friendlier and more effective manner. We could also apply the
affective model to develop devices to accompany old people, or help therapists to
improve the treatment of autism or other mental disorders for the children. More
generally, we could use the proposed type of models to develop a concept of Internet
of the Affective Things with an affective layer over the standard Internet of Things.

At a more theoretical level, we aim at exploring higher level thinking ideas within
the ARA loop and expand the affective mechanism to more extensively cover dynamic
factors, such as the agent’s motivational states and attitudes. We could also include
in the agent recognition of the user’s affective state capabilities and modify the
agent’s utility function to try to promote positive emotions in the user. These have
an important impact on decision-making processes but have been beyond the scope
of this study. Another relevant extension refers to studying the impact of affective
elements in group decision making, as in (Tiinanen et al., 2015). We plan to explore
how affect impacts issues concerning competition and cooperation in a community of
agents.
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Chapter 3

Competition and cooperation in
a community of autonomous
agents

3.1 Introduction

Robots are becoming increasingly present in our lives collaborating with users and
other intelligent systems, helping us at work and at home as personal assistants, see
(Iocchi et al., 2015) for a domestic and service robot competition or (Lin et al., 2011)
for an ethical point of view on such prospect. Here we are interested in autonomous
agents which work together, make decisions and interact with humans, also known
as social agents (Fong et al., 2003).

Decision analysis (Clemen and Reilly, 2013) helps us in supporting a single
agent facing decision making tasks. In cases in which the agent interacts within a
community, we may appeal to game theory (Maschler et al., 2013). This discipline
is traditionally split into non-cooperative (or competitive) approaches (predated by
non-cooperative Nash equilibria concepts and related refinements) and cooperative
ones (pervaded by arbitration solutions, such as Nash bargaining or Smorodinsky
Kalai solutions, and core and value concepts). This distinction may be found already
in Nash seminal papers (Nash Jr, 1950; Nash, 1953). (Lippman and McCardle, 2012)
and (Hargreaves-Heap and Varoufakis, 2004) provide additional perspectives.

When agents interact over time, they may evolve from a competitive to a co-
operative attitude in their relations, and conversely. Examples abound in history,
with countries fighting each other at a certain period to become allies later on;
politics, with parties cooperating in some regions, while fighting for power in others;

49
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or business, with traditional local competitors temporarily joining forces to take
part in large business opportunities abroad. This flexibility in moving forwards and
backwards from competition to cooperation is a key element of the open innovation
movement (Chesbrough, 2006) with its cooperating to compete mantra.

Our interest in this problem stems from the design of communities of autonomous
robots which may cooperate or compete to support a group of persons, depending
on the evolution of the environment they are in. As a motivating scenario, consider
several children taking part in a collaborative working program at school. At home,
each of them is supported by his/her own edutainment robot in completing homework.
The robots may communicate through Internet providing a replica of the school
cooperative environment to support the children. At some point, either because they
receive a command from their users or because they perceive that other robots or
children are performing inappropriately, they may decide to support just their user,
turning into a competitive attitude.

This chapter provides a framework which allows us to model changes of agents in
their cooperation attitude different from earlier approaches, e.g. those described in
(Harrington, 2009) who provides an excellent account of cooperation issues related
with repeated and evolutionary games. We expand and elaborate in depth and provide
foundations of ideas sketched in (Esteban and Insua, 2014; Esteban and Insua, 2015),
as well as illustrate them with robotics simulations. In our approach, we use a
Disagreement Solution (DS) as a reference. (Gerber, 2005) discusses further issues in
relation with reference solutions. This could be a Nash equilibrium solution (Maschler
et al., 2013), but we prefer a more decision analytic solution based on Adversarial Risk
Analysis (ARA) (Insua et al., 2009). We then base our analysis on distances to the
DS. Under a competitive environment, agents will essentially minimize a distance to
the DS, ending up at such solution when feasible. Under a cooperative environment,
agents will try to separate as much as possible from it, although dominating the DS.
In-between, we consider a mixed problem with a parameter modeling a degree of
competitiveness within the community. Computationally, we assume a Trusted Third
Party (TTP) (Jefferies et al., 1996) which implements the proposed algorithms at
the community level. It will be in charge of group related computations and agents
will communicate with it relevant parameters. In our educational scenario, the TTP
could be the robot on the teacher’s side coordinating the activities of the children.

There are three main contributions in this chapter: first, defining a new concept of
disagreement solution based on adversarial risks analysis unlike the usual Nash equi-
librium; defining a new concept of cooperative solution based on maximum separation
from the disagreement solution and studying its properties; and finally, defining a
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parametric model that allows for transitions from cooperation and competition and,
vice versa.

We first detail the ARA concept which we use as the basis to define the DS and
the competitive solution in Section 3.2. Secondly, in Section 3.3 we describe the
proposed cooperative solution and assess its properties. We then suggest a framework
to model evolution from competition to cooperation in Section 3.4, evaluating it
experimentally within a robotics context in Section 3.5. We end up with some
discussion in Section 3.6. We consider finite action sets for all participating agents.

3.2 Modeling competition through ARA

Consider a community of n agents. The i-th agent makes decisions within a finite
set Ai = {a1

i , . . . , a
mi
i }, i = 1, . . . , n. The agents simultaneously implement their

actions a = (a1, . . . , an) and obtain their respective utilities ui(a), i = 1, . . . , n, which
they aim at maximizing. Observe that such utilities depend on all the implemented
actions. For technical reasons, we assume that the utility functions are positive
affine unique. To simplify the discussion, we assume certainty about the actions’
consequences and the utilities the agents obtain. Should this not be the case, we
would operate with expected utilities after appropriately modeling uncertainty. F
will be the set of utilities attainable by the agents and will have a key role in our
description. In our case, F = {x ∈ Rn : x = (u1(a), . . . , un(a)) with a ∈

∏n
i=1Ai},

thus being finite. For a given joint action a, we shall write a-i to designate all the
actions implemented by the agents except ai, which is implemented by the i-th agent,
and write a = (ai, a-i).

We refer first to competitive decision making. This is traditionally viewed from the
perspective of non-cooperative game theory, e.g. (Maschler et al., 2013) or (Menache
and Ozdaglar, 2011). Under strong common knowledge assumptions, participating
agents know each other’s utilities and choice sets, and all know that this holds. Then,
agents aim at computing Nash equilibria. Since the feasible sets for both agents are
finite, Nash equilibria are guaranteed to exist, possibly in mixed strategies. (Menache
and Ozdaglar, 2011) describe further refinements and (Nisan et al., 2007) provide
algorithmic details.

However, the above common knowledge assumptions are implausible in many
applications, as discussed in (Raïffa et al., 2002), (Rothkopf, 2007) or (Hargreaves-
Heap and Varoufakis, 2004). In (Esteban and Insua, 2014; Esteban and Insua,
2015), we sketched a behavioural model for a single autonomous decision agent which
faces intelligent competitive adversaries within the ARA framework and mitigates
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such assumptions through an explicit Bayesian model of the capabilities, beliefs and
utilities used by the opponents. We specify here how we may apply such concept in
our context with n agents and analyze their most relevant operational properties.

In ARA, we support one of the agents who will use a decision analytic approach
(Clemen and Reilly, 2013) to solve its decision making problem. For this, the agent
needs to forecast the actions of the other ones and, consequently, the outcomes which
they will receive. With no loss of generality, we discuss how to support the first
agent. Assume that we are capable of building a distribution π1(a2, . . . , an) = π1(a-1)
modeling its beliefs over the decisions to be made by the other agents. Then, it
would just need to solve the problem

a∗1 = argmax
a1∈A1

N1∑
j=1

u1(a1, a
j
-1)π1(aj-1),

where aj-1 designates the j-th alternative in the set of all agents excluding the first
one, its cardinal being N1 =

∏n
i=2mi.

This corresponds to the Bayesian approach to games, initiated by (Kadane and
Larkey, 1982), (Raiffa, 1982) and (Raïffa et al., 2002) in non-constructive ways.
The approach has been criticized by (Harsanyi, 1982) or (Myerson, 2013), among
others. A main obstacle to making operational such analysis has been the lack of
mechanisms supporting the decision maker in encoding its subjective probabilities
about all components in its opponents’ decision making, which we overcome with
ARA. Our supported agent uses principled procedures which employ the adversarial
structure to forecast its adversaries’ actions, therefore, embracing adaptability. On
doing this, the agent would forecast what the other participants think about it,
possibly starting a nested hierarchy of decision analysis models. Depending on the
level the agent climbs up in such hierarchy, we would talk about a level-0 agent, a
level-1 agent and so on, borrowing the level-k thinking terminology from (Stahl and
Wilson, 1995). We thus need approaches to assess the distribution π1.

A first possibility could be based on data from previous interactions between the
agents, assuming that they take place over time. For example, should we believe
that the other agents perform randomly over various iterations with no memory (a
level-1 analysis), we could use a Dirichlet-multinomial model, e.g. (Gelman et al.,
2013), and the expected predictive distribution over all agents’ actions excluding the
first one would be

π1(ak-1) = αk + xk∑N1
j=1 (αj + xj)

, k = 1, . . . , N1 (3.2.1)

where αk is the Dirichlet prior parameter over the probability of ak-1 and xk is the
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number of times that the other agents previously implemented such action. The above
approach is related with the fictitious play methodology, summarized in (Menache
and Ozdaglar, 2011), in which all players use such approach converging to a Nash
equilibrium as the number of plays grows to infinity, under appropriate conditions.
Note though that we use it for just one player, we incorporate prior information and,
finally, we would work with a small number of iterations. Moreover, the fictitious
play analysis assumes simplistic myopic adversaries.

In this situation, as none of the agents knows in advance the decision to be made
by any other agent, we may assume independence on their actions so that, a second
possible assessment could be

π1(aj-1) =
n∏
i=2

π1(aji ), (3.2.2)

and apply the fictitious update to each of the agents. We may easily extend (3.2.1)
and (3.2.2) to adversaries with longer and deeper memories.

Alternatively, the ARA approach may aid in building the required distribution
by thinking about the problem that each of the other agents would solve, which for
e.g. the i-th agent, would be

a∗i = argmax
ai∈Ai

Ni∑
j=1

ui(ai, aj-i)πi(a
j
-i),

where πi(aj-i) represents the beliefs of the i-th agent over the actions to be implemented
by the rest. Since common knowledge does not hold, the first agent will not actually
know ui nor πi. Suppose we may model our uncertainty about them through a random
utility Ui and a random probability Πi model. This would lead us to compute the
random optimal alternative

A∗i = argmax
x∈Ai

Ni∑
j=1

Ui(ai, aj-i) Πi(aj-i). (3.2.3)

Then, as a third way to assess π1 we would make

π1(aji ) = Pr(A∗i = aji ), j = 1, . . . ,mi.

Typically, this would be estimated by simulation, sampling from Ui and Πi, computing
the corresponding optimal alternative and estimating the probabilities through
empirical frequencies, as we illustrate.

Example. Suppose that there are two agents who have two alternatives at their
disposal, {a1

1, a
2
1} and {a1

2, a
2
2} respectively. Table 3.1 describes the problem from
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the perspective of the first agent who knows her own payoffs, but does not know
those of the second agent. U ij2 designates the utility that the second agent obtains
when he implements aj2 and the first one implements ai1, which is random to her.

a1
2 a2

2

a1
1 (4, U11

2 ) (10, U12
2 )

a2
1 (12, U21

2 ) (5, U22
2 )

Table 3.1: Payoffs received by both agents from the perspective of the first one with
two alternatives.

To start with, assume that the first agent may assess the probability π1
1 = π1(a1

2)
with which the second agent will implement his action a1

2. Then, she would choose
a1

1 if and only if
4π1

1 + 10
(
1− π1

1

)
≥ 12π1

1 + 5
(
1− π1

1

)
. (3.2.4)

Note that we do not need to know the exact value of π1
1 to check such inequality: we

just need to determine whether π1
1 ≤ 5/13.

To go ahead with the ARA approach, we need to estimate the second agent’s
utilities and his distribution over the first agent’s choices. Suppose that the first
agent’s guesses about his utility are, respectively, U11

2 ∼ N (3, 1), U12
2 ∼ N (6, 1),

U21
2 ∼ N (8, 1) and U22

2 ∼ N (4, 1), where N (µ, σ) designates the normal distribution
with mean µ and standard deviation σ. This completes the definition of what we
have termed U2(a1, a2). As for Π2, assume for simplicity that Π1

2 = Π2(a1
1) ∼ U(0, 1)

(and Π2(a2
1) = 1−Π1

2), where U(a, b) designates the uniform distribution over the
interval [a, b]. We then proceed by simulation to approximate π̂1

1 as in Algorithm 1.

Based on K = 104 iterations in the above algorithm, we obtain π̂1
1 ≈ 0.577 > 5/13.

Therefore, a2
1 would be the optimal decision for the first agent.

A major tenet in game theory is that the alternatives proposed for the agents
should be non-dominated. We can show that the ARA alternative is non-dominated
under fairly general conditions.

Proposition 1. If π1(a-1) > 0 for every a-1, then the ARA alternative a∗1 is non-
dominated.

Proof. Suppose, on the contrary, that a∗1 is dominated. Then, the first agent has
another alternative a∗∗1 such that

u1(a∗∗1 , a-1) ≥ u1(a∗1, a-1),
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Algorithm 1 Simulating attack probabilities

Data: Number of iterations K.

1: p = 0.

2: For k = 1 to K do

3: Generate U11
2,k ∼ N (3, 1), U12

2,k ∼ N (6, 1), U21
2,k ∼ N (8, 1), U22

2,k ∼ N (4, 1) and Π1
2,k ∼

U(0, 1).

4: For j = 1 to 2 do

5: Compute Ψj
k = Π1

2,k U
j1
2,k +

(
1−Π1

2,k

)
U j2

2,k.

6: End For

7: If Ψ1
k ≥ Ψ2

k then

8: p = p+ 1.

9: End If

10: End For

11: π̂1
1 = p/K.

for every a-1 with strict inequality for at least one a-1. As all alternatives a-1 have
positive probability, we get that

N1∑
j=1

u1(a∗∗1 , a-1)π1(a-1) >
N1∑
j=1

u1(a∗1, a-1)π1(a-1),

against the hypothesis that a∗1 was optimal.

A similar result is the following.

Proposition 2. If π1(a-1) ≥ 0 for every a-1 and a∗1 is the unique ARA solution,
then a∗1 is non-dominated.

Besides dominance, another important rationality concept in game theory refers
to iterative dominance (Hargreaves-Heap and Varoufakis, 2004). Note, however,
that since the other agents’ payoffs are unknown to each agent, our supported agent
may not find out which are the non-dominated alternatives of the rest, in general.
However, she may consider possible rankings of the corresponding random utilities
which may be used to her advantage. The strongest case is when another agent always
gets more utility with one of his alternatives than with another one, as perceived by
our supported agent. We fix the discussion over the second agent, with no loss of
generality.

Proposition 3. Let U j2 (a-2) be the (random) utility that, according to the first agent,
the second agent receives when it implements its j-th alternative, with a-2 designating
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the actions implemented by the other agents. Suppose that two alternatives aj2 and
aj

′

2 of the second agent are such that

max supp(U j2 (a-2)) < min supp(U j
′

2 (a-2)),

for every set of actions a-2 of the other agents. Then, π1(aj2) = 0.

Proof. Clearly, since

max supp(U j2 (a-2)) < min supp(U j
′

2 (a-2)),

for every set of actions a-2, then

N2∑
k=1

u2(aj2, ak-2)π2(ak-2) <
N2∑
k=1

u2(aj
′

2 , a
k-2)π2(ak-2)

and aj
′

2 is preferred to aj2, so that π1(aj2) = 0.

As a consequence of Propositions 1, 2 and 3, we may proceed by a similar
approach to iterative dominance as follows: eliminate the dominated alternatives of
the first agent by means of Propositions 1 or 2; then, eliminate all the alternatives of
the second agent satisfying Proposition 3; and so forth for the other agents. Once
completed, try again to eliminate alternatives from the first agent, and repeat the
scheme until no alternative may be eliminated. The following example illustrates the
procedure.

Example. Consider the setting of Table 3.2 for two agents with three alternatives
at their disposal.

a1
2 a2

2 a3
2

a1
1 (3, U(4, 5)) (2, U(5, 6)) (7, U(6, 7))

a2
1 (4, U(0, 1)) (6, U(2, 3)) (8, U(3, 4))

a3
1 (7, U(2, 3)) (6, U(4, 5)) (5, U(2, 3))

Table 3.2: Payoffs received by both agents from the perspective of the first one with
three alternatives.

We may first eliminate a1
1, which is dominated by a2

1. We then eliminate a1
2 based on

Proposition 3, being dominated by a2
2. Finally, a2

1, which dominates a3
1, is left for

the first agent as optimal alternative (and we forecast that the second agent would
implement a3

2). 4
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In a similar fashion, we may consider less demanding conditions in relation with
dominance in Proposition 3, borrowing concepts from stochastic dominance (Levy,
2015), including state dominance, first order stochastic dominance or second order
stochastic dominance. Under the corresponding rationality conditions, we can show
results similar to Proposition 3 and, therefore, we may appeal respectively to iterative
state, first order stochastic and second order stochastic dominance concepts as before
to discard alternatives from the various agents.

Within argument (3.2.3), as far as the random utilities Ui are concerned, typically
the first agent will have information about the interests of the other agents, which
she would aggregate with a weighted measurable utility function. Using the relative
risk aversion concept (Dyer and Sarin, 1979), she could model the risk attitude of
each other agent determining the functional form of their utility functions. Finally,
her uncertainty would be reflected by distributions over the weights and the risk
coefficient, see (González-Ortega et al., 2018) for further discussion. However, the
random distributions Πi(a-i) are much harder to assess as they entail strategic
thinking since the first agent needs to understand her opponents’ beliefs about
what decision the other agents would be making. This could be the beginning of
a hierarchy of decision making problems. To begin with, note that in expression
(3.2.3) to be solved by any agent (including the first one), the other participants
would not typically know the terms in the summation, as common knowledge is not
available. By assuming uncertainty over them through random distributions Πi

j(a-j)
and utilities U ij , the i-th agent would get the corresponding random optimal decision
for the j-th agent by replacing the corresponding elements. However, this requires
the assessment of what the first agent believes that the i-th agent thinks about the
j-th agent’s beliefs concerning the rest of the agents’ actions to be implemented,
for which there is a strategic component leading to the next stage in the hierarchy.
This thinking process would continue in a loop, which constitutes the hierarchy of
nested decision models. Thus, the first agent selects her action based upon a chain of
reasoning of the form “I know that the i-th agent knows that the j-th agent knows...”
which will go k levels deep, depending on how sophisticated she believes the i-th
agent to be. This approximation is done to the level-k thinking approach in (Stahl
and Wilson, 1995), who make it operational by dynamic programming. However
we believe that it is more natural to iterate and stop at a level in which no more
information is reasonably available, at which stage we could use a non-informative
prior over the involved random probabilities and utilities.

We have illustrated the ARA concept in matrix games with three principles
leading to the estimation of π1. Other principles and their mixtures are described in
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(Rios Insua et al., 2016).

3.2.1 ARA as a source of DSs

The above described how the first agent may compute her ARA solution a∗1. By
applying the same approach, the other agents could compute their ARA solutions
a∗i , i = 1, . . . , n. Let a∗ = (a∗1, . . . , a∗n).

Example. We recover Example 3.2 from the perspective of the second agent. Suppose
that the utilities perceived by him are as in Table 3.3, where U11

1 ∼ N (4, 1), U12
1 ∼

N (10, 1), U21
1 ∼ N (12, 1) and U22

1 ∼ N (5, 1) are normally distributed.

a1
2 a2

2

a1
1 (U11

1 , 3) (U12
1 , 6)

a2
1 (U21

1 , 8) (U22
1 , 4)

Table 3.3: Payoffs received by both agents from the perspective of the second agent.

If π1
2 = π2(a1

1) designates the probability with which the first agent will implement
its action a1

1, the second agent would choose a1
2 if and only if π1

2 ≤ 4/7. As with
Example 3.2, based on K = 104 iterations in the corresponding algorithm, and with
similar additional assumptions, we obtain π̂1

2 ≈ 0.384 ≤ 4/7. Therefore, a1
2 would be

the ARA decision for the second agent. 4

All agents could communicate their ARA solutions to the TTP and we could
use (u1(a∗), . . . , un(a∗)) as DS. Propositions 1 and 2 show that the ARA alternatives
would be non-dominated for the corresponding agents. In particular, they are not
dominated by Nash equilibria, even in the case that such solutions correspond to
mixed strategies, as may be easily proved and we illustrate in the following example.

Example. We recover our Examples 3.2 and 3.2.1 assuming that the values are
common knowledge fixed at their means as reflected in Table 3.4.

a1
2 a2

2

a1
1 (4, 3) (10, 6)

a2
1 (12, 8) (5, 4)

Table 3.4: Payoffs received by both agents under common knowledge.
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We easily compute that the mixed strategy Nash equilibrium corresponds to (4/7, 3/7)
for the first agent and (5/13, 8/13) for the second one, which does not dominate the
proposed DS (a2

1, a
1
2). 4

Note that, in general, the Nash and ARA solutions will not coincide. They are based
on different assumptions and information available. In particular, recall that Nash
equilibria assumptions require common knowledge which might not hold in many
application areas. This is the key reason for which we favor this approach to the
development of a DS based on ARA.

As a final comment, observe that, implicitly, the DS emerges by minimizing a
certain distance to it among the set F of attainable utilities.

3.3 Modeling cooperation through maximum separation
from the DS

Consider now the cooperative case. As mentioned, we assume a TTP playing the role
of an arbitrator. We shall assume that coalitions do not benefit the agents and, thus,
that agents do not collide. The cooperative game will be defined by a pair (F , d),
where F is the set of attainable utilities defined above and, in our context, d =
(d1, . . . , dn) = (u1(a∗), . . . , un(a∗)), representing the pre-specified utilities obtained
by the agents when they find no agreement. Once the TTP receives ui and a∗i from
each agent, we could use one of the several concepts from bargaining theory to find a
solution within this scenario (Thomson, 1994; Thomson, 2010). We shall focus on a
maximum distance based approach.

3.3.1 A maximum distance cooperative solution

For our concept, we stem from (Yu, 1973), who proposes the solution minimizing
an Lp distance to the ideal point x∗ = (x∗1, . . . , x∗n), where x∗i = argmaxx∈F xi for
i = 1, . . . , n. Intuitively, the agents aim at getting as close as possible to a solution
which would fully satisfy all of them. Based on this idea, and considering only
solutions x ∈ F such that x ≥ d 1, we employ the following maximum distance

1By this, we understand xi ≥ di, ∀i = 1, . . . , n; we shall also use x > d meaning xi > di,
∀i = 1, . . . , n
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problem to find a cooperative solution

φ(F , d) = argmax
x∈F , x≥d

Dp(x, d)

= argmax
x∈F , x≥d

[
n∑
i=1

(xi − di)p
] 1

p

.

(3.3.1)

Thus, agents, while dominating the DS, aim at getting as far as possible from it, a
solution which hardly satisfies them. When p = 1, problem (3.3.1) is equivalent to

argmax
x∈F , x≥d

n∑
i=1

xi,

corresponding to the standard utilitarian bargaining solution (Thomson, 1981). When
p =∞, the optimization problem is

argmax
x∈F , x≥d

max
i=1...,n

(xi − di),

and we aim at maximizing the maximum payoff, a selfish solution (although better
than the DS and with some relevant properties as shown in Section 3.3.2).

In what follows, φ(F , d) designates the set of solutions of problem (3.3.1), which
will be briefly referred to as the (cooperative) proposed solution. Since several
alternatives could maximize the distance, we may randomize among the alternative
optima to come out with a single solution, if necessary, so as to be fair among all
participants.

3.3.2 Assessing the cooperative solution

We evaluate the suggested cooperative solution by assessing which standard bargaining
axioms it fulfills. (Pfingsten and Wagener, 2003) provide a detailed analysis of
minimum distance and maximum distance bargaining solutions when the attainable
set is convex, closed and strictly comprehensive and bounded from above by a
hyperplane orthogonal to some strictly positive vector, based on analytic properties
of distances. We consider the discrete case, based on the behavioral axioms in
(Wu, 2007) who characterizes the main bargaining solution concepts over finite
sets, including those of Nash and Kalai-Smorodinsky, as well as the egalitarian
solution. (Thomson, 1994; Thomson, 2010) notes that these three prevail as key
cooperative solution concepts. Because of the relations of the proposed solution with
the utilitarian solution, we shall consider the corresponding axioms. Specifically, we
check which axioms characterizing these three solutions are fulfilled by the proposed
solution in the discrete case. We outline the intuition behind each axiom and study
whether the proposed solution satisfies it.
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The efficiency axiom E requires the solution to be in the Pareto frontier of F :
there is no attainable utility such that a deviation from it can make an agent better
off, without making other agents worse off, i.e. there are no joint gains for the agents.

Axiom 1. Efficiency (E) For any x∗ ∈ φ(F , d), there is no z ∈ F with z 6= x∗ and
z ≥ d such that z ≥ x∗.

Proposition 4. The proposed solution is efficient.

Proof. Suppose that there exists z ∈ F with z 6= x∗ and z ≥ d such that z ≥ x∗. Then,
zi ≥ x∗i , ∀i = 1, . . . , n with strict inequality for at least one agent. Consequently,
(zi − di)p ≥ (x∗i − di)p, ∀i = 1, . . . , n with at least a strict inequality for one
agent. Then,

∑n
i=1 (zi − di)p >

∑n
i=1 (x∗i − di)p and Dp(z, d) > Dp(x∗, d), which is

in contradiction with x∗ ∈ φ(F, d).

The symmetry axiom SYM requires that in symmetric problems, the symmetric
of cooperative solutions are also solutions.

Axiom 2. Symmetry (SYM) If F is symmetric with respect to all permutations
ρ and d is also symmetric, then if x∗ ∈ φ(F , d), ρ(x∗) ∈ φ(F , d) for all permutations
ρ.

Proposition 5. The proposed solution is symmetric.

Proof. If F is symmetric with respect to all permutations ρ and d is also symmetric, we
have that for each x∗ ∈ φ(F , d) it holds Dp(x∗, d) = Dp(ρ(x∗), ρ(d)) = Dp(ρ(x∗), d).
Then, as Dp(x∗, d) ≥ Dp(x, d) for any x ∈ F , ρ(x∗) ∈ φ(F , d).

The intuition underlying the contraction independence axiom CI is that an
alternative not belonging to the solution set cannot be considered relevant when the
problem gets shrunk if one of the solutions of the original problem is preserved, a
version of the independence of irrelevant alternatives principle (Ray, 1973).

Axiom 3. Contraction Independence (CI) For any set G ⊆ F such that G ∩
φ(F , d) 6= ∅, then φ(G, d) = G ∩ φ(F , d).

Proposition 6. The proposed solution is independent to contractions.

Proof. To prove that our proposed solution is independent to contractions, consider
first a set G ⊆ F such that G ∩ φ(F , d) 6= ∅. Suppose z ∈ φ(G, d) but z 6∈ φ(F , d).
Then, Dp(z, d) ≥ Dp(x, d) for all x ∈ G, but there is y ∈ F such that Dp(y, d) >
Dp(z, d). Let s ∈ G ∩ φ(F , d), which exists by hypothesis. Then, Dp(z, d) ≥ Dp(s, d)
as s ∈ G and Dp(s, d) ≥ Dp(y, d) > Dp(z, d) as s ∈ φ(F , d), a contradiction.
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Therefore, φ(G, d) ⊆ G ∩ φ(F , d). It is easy to prove that G ∩ φ(F , d) ⊆ φ(G, d).

According to the substitution property axiom SP, given a distance g, if we create
a new problem by replacing the unique solution in a symmetric problem by a weakly
efficient alternative in the new problem closer to the original solution than any other
alternative, then this substitute should be the only alternative chosen as a solution
to the modified problem. If there is more than one alternative closest to the original
solution, such substitute should belong to the solution of the new problem.

Axiom 4. Substitution Property (SP) Consider a symmetric attainable set F
with φ(F , d) = {x∗}. Let y ∈ Rn, dominating d, be weakly efficient in F \{x∗} ∪ {y}
and g be a distance. If g(y, x∗) < g(z, x∗) for all z ∈ F \{x∗} then {y} = φ(F \{x∗}∪
{y}, d). If g(y, x∗) ≤ g(z, x∗) for any z ∈ F \{x∗}, then y ∈ φ(F \{x∗} ∪ {y}, d).

This property is not valid for the proposed solution, as we show through counterex-
amples for several distances. Assume that d = (0, 0) ∈ R2 and F = {(2, 2), (1, 0)},
where x∗ = (2, 2) for any value of p and we denote z = (1, 0). With p = ∞, let
y = (1, 1); then, D∞(y, x∗) = 1 < 2 = D∞(z, x∗) but D∞(y, d) = D∞(z, d) = 1.
With p = 2, let y = (

√
2/2,
√

2/2); then, D2(y, x∗) = 2
√

2 − 1 <
√

5 = D2(z, x∗)
but D2(y, d) = D2(z, d) = 1. In any case, {y} 6= {y, z} = φ(F \{x∗} ∪ {y}, d). With
p = 1, x∗ = (2, 2), z = (3, 0) and y = (1, 2) provide a counterexample.

For the final axiom, Pigou-Dalton (PD) monotonicity axiom PDM, we must
recall the PD principle from inequality assessment. For x, y ∈ Rn, we say that y
PD dominates x if for some ε > 0 and i, j = 1, . . . , n, xi + ε = yi ≤ yj = xj − ε and
yk = xk for all k = 1, . . . , n with k 6= i, j. For PDM, if an alternative PD dominates
one of the problem’s solutions, that alternative will be part of the solution to the
problem combining the original one with such alternative. Moreover, if there is more
than one solution to the original problem, the combined problem will keep at least
one of the solutions from the original one.

Axiom 5. PD Monotonicity (PDM) For an attainable set F , x∗ ∈ φ(F , d) and
every y ∈ Rn dominating d with y /∈ F , if y PD dominates x∗, then: (i) y ∈ φ(F ∪{y}, d);
and (ii) if {x∗} 6= φ(F , d), then φ(F , d) ∩ φ(F ∪ {y}, d) 6= ∅.

Proposition 7. The proposed solution satisfies the substitution property when p = 1.

Proof. We prove that the axiom holds for p = 1. Suppose that x∗ ∈ φ(F , d). If
y ∈ Rn dominating d PD dominates x∗, there are ε > 0 and i, j = 1, . . . , n, such
that x∗i + ε = yi ≤ yj = x∗j − ε and yk = x∗k for all k = 1, . . . , n with k 6= i, j. But
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then, D1(y, d) = D1(x∗, d) ≥ D1(z, d) for any z ∈ F , from which the result follows.

However, the axiom does not hold for other values of p for which we provide two
counterexamples. In both cases, assume d = (0, 0) ∈ R2 and that y ≥ d PD dominates
x∗ so that there is ε > 0 such that x∗1 + ε = y1 ≤ y2 = x∗2− ε. When p =∞, we have
that max {x∗1+ε, x∗2−ε} = x∗2−ε < x∗2 = max {x∗1, x∗2}, so that D∞(y, d) < D∞(x∗, d)
and y /∈ φ(F ∪ {y}, d). When p = 2, for the axiom to be true it is necessary that
D2(y, d) ≥ D2(x∗, d). This holds if (x∗1 + ε)2 + (x∗2 − ε)2 ≥ (x∗1)2 + (x∗2)2, which leads
to x∗1 + ε ≥ x∗2, which is a contradiction.

To sum up, the proposed solution concept satisfies axioms E, SYM and CI.
When p = 1 it satisfies PDM, and thus coincides with the utilitarian solution.
However, when p 6= 1, it does not satisfy PDM. It would be interesting to find out
characterizations of the solution for p 6= 1, as (Pfingsten and Wagener, 2003) do in
the continuous case. However, in the discrete setting we do not expect to find such
characterizations for geometrical reasons, except for the case p =∞.

3.4 From competition to cooperation: Concept

As motivated, we are interested in cases in which agents may evolve from competition
to cooperation, and vice versa, depending on the contextual situation. We shall deal
with this by adopting a parametric model with parameters regulating the degree of
cooperativeness (and competitiveness) of agents.

We consider two non-negative parameters w1
i and w2

i , with w1
i +w2

i = 1, for each
agent i = 1, . . . , n. w1

i will describe the agent’s degree of cooperativeness, whereas w2
i

will refer to the agent’s competitiveness 2. In both cases, the bigger the parameter,
the higher the corresponding degree. Each agent submits its parameters and other
required preference information to the TTP, which will compute a group summary
of such values to find the societal attitude towards cooperation and competition,
e.g. through w1 = 1

n

∑n
i=1w

1
i and w2 = 1

n

∑n
i=1w

2
i . Clearly, w1, w2 ≥ 0 and w1+w2 =

1. We have used averages over individual weights as societal summaries of individual
cooperativeness and competitiveness degrees, but other possibilities could be adopted
including the median, a trimmed mean or the maximum.

We then use the following parametric model in relation with transitions between

2Since w1
i and w2

i are complementary, we could use just one of them. However, we preserve both
for clarity purposes.
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cooperation and competition states

φ(F , d) = argmax
x∈F , x≥d

(
w1Dp(x, d)− w2Dq(x, d)

)
, (3.4.1)

for given Dp and Dq distances with p 6= q. Depending on the parameters, our
proposed method will allow the agents to modify their behavior maximizing or
minimizing a distance to the DS point d among the attainable solutions dominating
d.

Under a fully cooperative environment, we shall have w1
i = 1 for i = 1, . . . , n, so

that the community will have parameters w1 = 1 and w2 = 0 and (3.4.1) becomes

φ(F , d) = argmax
x∈F , x≥d

Dp(x, d), (3.4.2)

corresponding to the solution concept in Section 3.3.1. Similarly, under a fully
competitive environment w2

i = 1 for i = 1, . . . , n, so that the society parameters will
be w1 = 0 and w2 = 1 and we would solve

φ(F , d) = argmin
x∈F , x≥d

Dq(x, d), (3.4.3)

whose solution is d, corresponding to the non-cooperative behaviour, as in Section
3.2.1.

We consider now the solution when one or more agents’ attitudes are in-between,
so that 0 < w1

i , w
2
i < 1 for some i = 1 . . . , n. In such case, 0 < w1, w2 < 1. For

illustration purposes, suppose that n = 2, p = 1, q = ∞ and d = (0, 0). Thus, we
aim at solving

φ(F , d) = argmax
x∈F , x≥d

(
w1 (x1 + x2)− w2 max {x1, x2}

)
.

Note that the first term of the objective function may be interpreted as optimizing
the group’s utility in a utilitarian sense, while the second one aims at minimizing
inequality. We thus try to somehow balance both goals. Figure 3.1 shows some
iso-value function curves as well as their growth direction for several values of w1.

In the case of a fully cooperative community, (3.4.2) with w1 = 1 and w2 = 0, our
solution concept maximizes the aggregated payoffs of all agents, corresponding to the
utilitarian solution, as in Figure 3.1(a). In the opposite case of a fully competitive
community, (3.4.3) with w1 = 0 and w2 = 1, we minimize the maximum payoff
among the players, directing towards the DS d = (0, 0), as in Figure 3.1(e). In
Figures 3.1(b) and 3.1(d), we reflect mixed behaviors as described in (3.4.1): Figure
3.1(b) refers to w1 = 0.8 (and w2 = 0.2) and we appreciate that improvement leads
to cooperative outcomes; Figure 3.1(d) refers to w1 = 0.2 (and w2 = 0.8) suggesting
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(a) w1 = 1 (b) w1 = 0.8

(c) w1 = 1/3 (d) w1 = 0.2

(e) w1 = 0

Figure 3.1: Isovalue sets and growth direction for several w1.
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(a) w1 = 0.9 (b) w1 = 0.5

(c) w1 = 0.4 (d) w1 = 0.3

Figure 3.2: Solution depending on w1 and w2.

improvement towards competitive outcomes. Finally, w1 = 1/3 is a borderline case
in which the optimal solutions lie in the ray x1 = x2 as reflected in Figure 3.1(c).

To show that the approach may lead to different solutions, consider the example
in Figure 3.2. Given the set of alternatives and the DS d = (0.3, 0.3) (in red), we
provide the optimal solution (in green) while changing the cooperativeness (and
competitiveness) parameters. For reference, some iso-value sets (in grey) are included.

We consider four cases as reflected in Table 3.5. For example, the first row is
reflected in Figure 2(a) (obtained with w1 = 0.9, the compromise solution being
(0.45,0.9), and this would hold whenever w1 ≥ 4/5. As a relevant conclusion, observe
that, except when w1 = 1, the attained solution may not be Pareto efficient, see
Figures 3.2(c) and 3.2(d). Thus, any community’s member that unilaterally attempts
to reduce their cooperative attitude may face leading the whole community to a
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socially inefficient solution.

Figure Used w1 Range for w1 Solution

3.2(a) 0.9 w1 ≥ 4/5 x∗ = (0.45, 0.9)

3.2(b) 0.5 4/5 ≥ w1 ≥ 3/7 x∗ = (0.7, 0.6)

3.2(c) 0.4 3/7 ≥ w1 ≥ 1/3 x∗ = (0.55, 0.55)

3.2(d) 0.3 1/3 ≥ w1 x∗ = d = (0.3, 0.3)

Table 3.5: Compromise solutions: Relevant figure, used w1, applicable range for w1

and solution.

3.5 From competition to cooperation: Social robotics
experiments

We illustrate the solution concepts explained in Sections 3.2, 3.3 and 3.4 through
simulations with the AiSoy robotic platform AiSoy1, 2018. Technical details are given
in Section 2.4.1. Besides illustrating the concepts, we also aim at studying whether
the suggested solution improves the competitive selfish solution. For that purpose,
we compute the solution proposed in Section 3.4 and the ARA level-1 solutions
at each time-step, as in Section 3.2.1, although only the first one will actually be
implemented during the simulation.

We consider two robotic agents which interact with a user over 60, 000 iterations
(considering as iteration each pass through the loop in which every robot reads sensors
and acts, as detailed in Section 2.4.1). We assimilate the scene to a kid playing with
two robots. Both agents make their decisions based on the decision analytic ARA
framework considering their opponents as non-strategic thinkers. When interacting
with the user, both agents establish communication with a third robotic agent used
as TTP, which collects the required information from the agents and compute the
solution in Section 3.4, which depends on the community’s cooperativeness and
competitiveness parameters. Both agents start with the same battery level and
remain in the same scenario, thus facing the same environmental conditions. The
actions that the agents may perform and recognize from the user are collected in
Section 2.4.1.

We simulate the user’s behavior under the following assumptions: (i) if an agent
asks the user for charging, he will recharge it; (ii) the user will perform a software
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Figure 3.3: Comparison of the impact of society’s cooperativeness on agents’ expected
utility in experiments (a), (b) and (c).

update operation at least once every 10, 000 iterations; (iii) the user will behave
reactively half of the time periods in response to the agents’ actions (e.g. if an agent
performs the action complain, the user would try to cheer the agent up by randomly
choosing an action among the set of cheering actions {flatter, speak, play, stroke,
apologize, recharge}; and (iv) on the other half of time periods, the action performed
by the user will be randomly generated from a Dirichlet-multinomial model (Gelman
et al., 2013).

We need to introduce a schedule for updating the cooperativeness parameters.
Each agent i will have a value for its cooperativeness parameter w1

i , which will
depend on the utility level obtained in the previous iteration. We perform three sets
of experiments, designated (a), (b) and (c) in which, respectively, the cooperativeness
parameter for the i-th agent at time t will be

(a) w1
i = ui(at−1, bt−1, et−1);

(b) w1
i = u2

i (at−1, bt−1, et−1); and

(c) w1
i = u4

i (at−1, bt−1, et−1)

where ui(at−1, bt−1, et−1) is the utility that the i-th agent receives at time t − 1,
which depends on the actions at−1 = (a1,t−1, a2,t−1) performed by both agents, the
action bt−1 performed by the user and the environment state et−1. Intuitively, as
the agent better reaches its objectives, it contributes more positively to the society’s
cooperativeness parameter: the more satisfied, the more cooperative the agent is.
This effect is mitigated by the increasing exponent in the experiments, since utilities
are scaled between 0 and 1, with no loss of generality. As before, w2

i = 1− w1
i . The
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figures presented correspond to the performance of the first agent, as those for the
second one are similar.

Figure 3.3 shows the utility that the agent expects to obtain in relation with the
cooperativeness degree of the society. We may appreciate that the more cooperatively
the society behaves, the bigger the expected utility level the agent obtains, as the
actions selected tend to be more distant from the DS.

Figure 3.4 compares the expected utility obtained by a cooperative agent with
that of a fully competitive (ARA) agent. We appreciate that the expected utility
attained by the cooperative agent is bigger than that of the competitive one, with
somewhat more dispersion in the results as the agent becomes less cooperative.

Figure 3.4: Comparison of the expected utilities computed for the cooperative and
the ARA-based agent during experiments (a), (b) and (c).

Finally, in Figure 3.5 we show the utilities actually attained by the cooperative
and competitive agents. Note, first, that because of the uncertainty involved, the
cooperative agent may actually attain smaller utilities than the competitive agent.
Note also that the utilities attained tend to display around two clusters. The one
closer to the diagonal corresponds to cases in which both agents (the cooperative and
the competitive) choose the same solution (related with the DS). The other cluster
corresponds to cases in which the cooperative agent chose an alternative more distant
to the DS. These differences show the impact of the cooperativeness parameters. In
particular, by using the cooperative solution, the utility level that the agents receive
tends to be higher than under the non-cooperative solution.

3.6 Discussion

We have described a parametric model for a community of agents which may change
from a competitive to a cooperative social attitude, and vice versa, depending on
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Figure 3.5: Utilities attained by the cooperative and the ARA-based agent.

the behavior of the individual agents. Competitive behavior is implicitly regulated
through minimum deviation to a DS, which we suggested could be based on ARA
solutions. Cooperative behavior is essentially regulated through maximum deviation
from the DS. Both problems are combined in a parametric way to model changes
from competition to cooperation, and vice versa. Each agent contributes with a
cooperativeness parameter (and the complementary competitiveness parameter) and
we average them arithmetically to obtain the society’s parameter. Other possibilities
have been outlined in the chapter.

Our long-term motivation for these models is the design of communities of robotic
agents that interact among them and with one or more users, in the style of our
simulation in Section 3.5. Those agents could be used as interactive robotic pets,
robotic babysitters and teaching assistants or cooperative care-givers for the elderly.
Through a set of simulations performed with the AiSoy robot (AiSoy1, 2018), we have
shown how the societal cooperativeness parameter has an impact over the actions
implemented by the agents and that, using the cooperative solution, the utility level
that the agents receive tends to be higher than under the non-cooperative solution.

We have illustrated the ideas with example with two agents, although the theory
was developed for groups of n agents, under the assumption that agents do not find
additional value in forming coalitions. In the experiment we suggested a simple
regulation of the cooperativeness weights based on attained utilities, but many
other schedules may be devised. As an example, the field of cognitive processes
has illustrated that emotions may have a direct impact on decision making, see
e.g. (Gray, 2007). Forthcoming work will be addressed towards providing a model
for our autonomous agent which makes possibly cooperative decisions influenced by
affective factors. With this, we aim at making interactions between humans and
agents more fluent and natural.
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Finally, our agents were aware of their utility functions. We could conceive related
scenarios in which agents get to know their utilities as they implement their action
over time in a multi-agent reinforcement learning setting. This is dominated by
Q-Nash and related approaches and it would be interesting to explore ARA based
methods.
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Chapter 4

Group decision making with
affective features

4.1 Introduction

Machines that perform intelligent tasks interacting with humans and other machines
in a seamless manner are becoming a reality. Within such groups, each individual will
typically have different cooperative or competitive attitudes towards the rest of the
agents. Moreover, in contexts in which interactions within the group repeat over time,
it may be the case that agents evolve from a cooperative to a competitive attitude
and, vice versa, depending on environmental factors and other circumstances.

Recent research reveals that emotions and other affective traits constitute powerful,
pervasive, predictable, sometimes harmful, others beneficial, decision making drivers.
Across different domains, important regularities seem to emerge in the mechanisms
through which emotions impact judgement and choice (Lerner et al., 2015; Santos
et al., 2011; Tiinanen et al., 2015). Emotions may have anticipatory and incidental
influence over the agents’ value systems which, in turn, influence their decisions. In
particular, in group settings, emotions have an intense social presence in human life
and play an important role in negotiations (Martinovski, 2009). Other studies identify
emotional dynamics that characterize successful negotiations (Griessmair, 2017). To
wit, happiness and related positive emotions seem to trigger a trend towards moving
forward: positive emotions promote cooperation, whereas expressions of negative
emotion, such as anger, typically pull the group towards a more competitive attitude
(Van Kleef et al., 2010; Druckman and Olekalns, 2008).

In this chapter, we provide a parametric model for a group of agents which may
switch from a competitive to a cooperative attitude, with transitions impacted by

73
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the affective characteristics of the individual agents. By adding affective features in
group decision making, we aim at making interactions between humans and agents
more seamless and natural, introducing a concept of communities of affective agents.
As a motivational example, consider several agents that compete with each other
to obtain certain benefits. They observe the environment and make a prediction of
how their companions will perform. Then, they either choose the action which could
maximize its expected utility, or make a choice affected by emotions. Each of them
might decide by itself or in cooperation with some of the other agents.

Competition is treated from the perspective of adversarial risk analysis (ARA)
(Insua et al., 2009), which provides a disagreement solution (DS), implicitly min-
imizing a distance to such solution. Cooperation is dealt with through a concept
of maximal separation from the DS. Mixtures of both problems are used to refer
to in-between behavior so as to model the evolution of agents from a competing to
a cooperating attitude to reach their objectives. In our setting, agents are able to
communicate with each other after each decision-making period to explore potential
cooperations and eventually form a team. We include a trusted third party (TTP)
which takes care of group decision making and negotiating related computations.
For individual agents, we treat affect as a basic ingredient within decision-making
processes, allowing them to provide more seemingly human responses. Based on
earlier research in cognitive science and psychology (Ortony et al., 1990; Loewenstein
and Lerner, 2003) and our previous individual affective decision making model in
Chapter 2. we explore how affective elements may be embedded within a group
decision making setting. As affective elements, we include emotions (happy, sad,
fearful, hopeful) and mood. These impact agents individually (through their utility
objective weights and emotionally based impulsive sets): the better the mood and
the emotional state of the agent, the more it aims at its most sophisticated objectives
and on the other hand, the worse the emotional state, the more it aims for more basic
objectives; and socially (through their impact over key parameters in the proposed
negotiation process): the better the emotional state the agent is in, the more willing
to cooperate it will be; the worse the state, the more aiming at competing. Objectives
refer here to decision making objectives which are derived in a hierarchical manner.
Our simulations show how our proposed affective group decision making scheme
allow agents to achieve better results than agents unable to cooperate and/or lacking
affective elements.

In Section 4.2, we introduce our affective decision-making model for individual
agents and present the role of affective elements over the relevant cooperation
parameters for team formation. Section 4.3 presents how to implement affective
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cooperation and negotiation among agents and describe the proposed global group
decision-making process. We conduct several experiments through simulations to
assess our model in Section 4.4 and conclude with some discussions.

4.2 Affective Decision-Making Model for ARA Agents

4.2.1 Basic individual agents design

We lay out a general affective decision-making framework for a community of social
agents. They interact with each other within an environment. We assume that the
agents are, first of all, capable of perceiving the environmental state and the others’
actions through their sensors, which serve as relational tools between the inside
and outside of the agent. Our focus is on the role of affective elements within the
decision-making process.

We thus consider a set of n agents {A1, A2, ..., An}, within an environment with
states e ∈ E. At each decision period t, the agents implement their respective actions
at = (a1

t , a
2
t , ..., a

n
t ). The action of the i-th agent at time t will be ait, whereas the

actions of the other agents will be jointly designated a−it . Agent i will perceive a
multi-attribute utility uit(ait, a−it , et) = uit(at, et).

Agents’ beliefs are regulated within the ARA framework, more specifically within
the level-1 thinking approach in (Rios Insua et al., 2016). Given the past history of
the i-th agent and other agents’ actions, environmental states, and the i-th agent’s
potential action ati, such agent forecasts the others’ actions a−it and environment
state et through

pi(a−it , et|ait, (at−1, et−1), ..., (at−k, et−k)), (4.2.1)

where we limit memory to k periods. We decompose (4.2.1) through

pi(et|ait, (at−1, et−1), ..., (at−k, et−k))× pi(a−it |ait, (at−1, et−1), ..., (at−k, et−k)).
(4.2.2)

Next, we assume that the environment, first term in (4.2.2), is not affected by
the agents, but only by earlier environmental conditions. Then, we simplify the
forecasting model to

pi(et|et−1, ..., et−k)× pi(a−it |ait, (at−1, et−1), ..., (at−k, et−k)).

Finally, we assume, second term in (4.2.2), that the forecast of the i-th agent’s action
will depend only on the previous actions of such agent and the action of Ai at time t.
Thus, model (4.2.1) gets finally simplified to

pi(et|et−1, ..., et−k)×
∏
j 6=i

pi(ajt |ait, a
j
t−1, a

j
t−2, ..., a

j
t−k). (4.2.3)
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By combining the forecasts and utilities, we compute the predictive expected
utilities of the i-th agent for its incumbent action, i = 1, ..., n, through

ψ(ait) =
∫
..

∫
uit(at, et)×

∏
j 6=i

pi(ajt |ait, a
j
t−1, ..., a

j
t−k)

× pi(et|et−1, ..., et−k)da−it det.

In a competitive environment, in principle, each agent is designed to maximize its
expected utility (French and Insua, 2000) based on forecasts of the other decisions’
agents through

ψi(ai∗t ) = max
ai

t

ψ
(
ait

)
, (4.2.4)

where ati ∈ Ai, which designates the set of feasible actions for the i-th agent,
i = 1, ..., n.

4.2.2 Embedding affective elements within individuals

We consider now the affective elements that we include within our agents as individuals.
Our motivation is to use affect as a basic ingredient within decision-making processes,
allowing social agents to provide more seemingly human responses. There are many
affective psychological theories on decision making and behavior science that start
from different perspectives and suit different domain needs, e.g. (Russell and Barrett,
1999; Russell, 2003). Here we use earlier research in affective decision making
(Loewenstein and Lerner, 2003) and the OCC (Ortony, Clore, Collins) appraisal
pattern (Ortony et al., 1990) to build a non-complex model to simulate the actions
and reactions of an affective social agent during interactions with users. Different
emotions will be triggered at distinct phases of the decision-making process impacting
the agent’s decisions and, as we shall see, eventually impacting the agent’s competitive
attitude towards the other agents. There are various affective elements that influence
decision-making in several manners. In our framework, behavior will arise from a
coupling of discrete emotions, cognition, and coping responses (Gratch and Marsella,
2004), and will depend on emotion intensity.

Following (Loewenstein and Lerner, 2003), we decided to streamline the affective
component by limiting it to two types of emotions, expected and immediate, and
mood adaptation (see Chapter 2). Based on our initial expected utility theory
environment (Section 4.2.1), expected emotions fundamentally build on predictions
about future utilities, whereas immediate emotions consist of feelings about attained
utilities. As a general approach, we adopt functions which adapt to the proposed
qualitative behaviour and allow for fast computation. The involved parameters were
tuned to generate the required response and behaviour.
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According to (Rick and Loewenstein, 2007), the key feature of expected emotions
is that they are indirectly experienced when the outcomes of a decision materialize,
but not at the moment of choice. In our setting, expected emotions include hope
and fear. They are experienced prior to making the incumbent decision based on
the forecasting model (4.2.3), which also allows making expected utility calculations
and determining optimal decisions as in (4.2.4). Qualitatively, we want to capture
the expectation of an event and the uncertainty about that event happening. To
do so, we use two terms: the expectation in utility obtained and the variation with
the utilities that all other possible choices will bring. Once the agent performs its
action, other agents respond and the environment evolves. After each period, the
agent analyzes the actual consequences of its choice, leading to the second group
of emotions, the immediate ones, which include sadness and joy. In qualitative
terms, we consider that once the agent has observed the consequences, it will be
happier the better and more surprising such consequences were. We therefore use two
terms to assess immediate emotions: the desirability obtained from the consequences,
measuring how good in utility terms they were towards the agent’s objectives; and
the gap between expectation and real outcome, a surprise term which measures how
surprising were such consequences. Some modeling details are given in Section 2.3.2.

Mood is an essential ingredient in the decision-making process proposed, as it
affects the agent’s utility function and its degree of competition and cooperation
towards others (Section 4.2.3). Based on the above emotions, the agent’s mood could
be assessed summarising different types of emotions. We use the expression

moodt = αmood

(∑r
i=0Em

positive
t−i −

∑r
i=0Em

negative
t−i

(r + 1)

)
+ (1− αmood) moodt−1,

where αmood is a smoothing factor expressing how much of the agent’s mood from
earlier iterations will be preserved; Empositive refers to positive (hope and joy)
emotions and Emnegative refers to negative ones (fear and sadness). We aggregate
both kinds of emotions over the last r + 1 period to preserve an affective memory.

We discuss now how affective elements influence individual decision making and
depart from the standard maximum expected utility paradigm, as in (4.2.4). Our
agents are designed to, at each period, check first the environmental context and act
protectively under extreme conditions; then, they check their emotional status and act
impulsively if very intense emotions arise; finally, only under normal circumstances,
they perform the maximum expected utility calculations. As an example, when a
robot needs to make a decision, it may find that its energy level is too low and would
ask for charging; on the other hand, if its energy level is sufficient but its fear intensity
is beyond a certain threshold, the agent might ask for protection; otherwise, the
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agent would choose the action according to (4.2.4). Thus, we replace the maximum
expected utility principle, finally designing the i-th agent’s individual operations
according to the scheme:

ai∗t =


∈ Apro, if in extreme environment,

∈ Aimp, otherwise, if with some intense emotions,

arg maxai
t∈Aiψi(ait), otherwise,

(4.2.5)

where Apro refers to the set of protective actions available to the agents under
extreme environmental conditions and Aimp designates the agents’ impulsive actions
set related to intense emotions.

4.2.3 Affective cooperativeness

We present now the affective cooperativeness aspects of our agents introducing
affective elements within our context. As mentioned above, a TTP implements the
proposed algorithms. Several agents evolve in a group decision-making’s context.
Each agent starts acting in a completely competitive manner making decisions for its
own benefit. As interactions progress, each agent observes its opponents and gains
knowledge about them, including their action pattern or attitude. Details on the
affectiveless version of the competition-cooperation transition model may be seen in
Chapter 3.

Agent’s cooperativeness is described in terms of a disagreement solution (DS). In
the fully competitive case, we use ARA as a source for the DS. In turn, in the fully
cooperative case, we employ maximum separation from the DS. For this, we define a
pair (F, d), where F is the set of utilities attainable by the group and d is the DS.
We aim at a cooperative solution maximizing its distance from the DS

argmax
s.t. x∈F
x≥d

Dp(x, d) = argmax
s.t. x∈F
x≥d

[∑
i=1

(xi − di)p
]1/p

.

Thus, agents aim at getting as far as possible from the DS (while dominating it).
How do affective elements impact agents in pursuing cooperation with others,

so as to attain more utility? For this, we use a cooperativeness parameter λij of
an agent i towards agent j, for all pairs of agents. Under extreme environmental
conditions, e.g. being almost out of battery, the agent will not spend efforts in
pursuing cooperation with its peers; otherwise, we define λij as an increasing function
on the marginal utility (with values in [0, 1]) that the i-th agent attains from the
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actions of the j-th agent and its mood, as in

λtij =

 0, if in extreme environment,

fλ
(
moodti,∆U tij

)
, otherwise,

(4.2.6)

where ∆Uij = ∂ui
∂aj

represents the mentioned marginal utility. Note that this model
assesses the benefits brought by the j-th agent to the i-th one and would affect its
cooperative attitude: the bigger utility the i-th agent expects to attain from the j-th
agent, the more it will be willing to cooperate. Moreover, mood is also relevant; e.g.,
according to (Van Kleef et al., 2010), positive mood promotes cooperation. Observe
that λij 6= λji, as cooperativeness is not common knowledge between agents, and
each agent has its own mood and marginal utility. As an example, we shall use

fλ
(
moodti,∆U tij

)
=
wm ×max(moodti, 0) + wu ×max(∆U tij , 0)

max(|moodti|, |∆U tij |)
,

with weights (wm, wu) satisfying wm+wu = 1 to guarantee that λij ∈ [0, 1]. In general,
the bigger the parameter, the higher the interest of the i-th agent in cooperating
with the j-th one: when Ai is fully competitive with respect to Aj , λij = 0; when it
is fully cooperative, λij = 1. As time goes on, these parameters might change, as the
agent’s mood and utilities evolve.

In general, to portray an aggregated attitude that an agent holds towards the
whole group, we shall consider two non-negative parameters λi and 1− λi for each
agent i = 1, ..., n; λi describes the agent’s degree of cooperativeness, whereas (1− λi)
refers to the agent’s competitiveness. The bigger the parameter, the higher the
corresponding degree. We shall also compute a group summary of such values to find
the societal attitude towards cooperation and competition. Here we use averages over
individuals as summaries of individual cooperativeness and competitiveness degrees.
For example, once agents communicate their cooperative parameters to TTP, this
could define an aggregation for the whole group to assess community cooperativeness
based on

λ =
n∑
i=n

λi
n
.

However other possibilities could be used such as the median, a trimmed mean or
the maximum.
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4.3 Affective Group Decision-Making Modelling with
Negotiations

With the evolution of the agents’ cooperativeness attitudes within a community,
Section 4.2.3, some agents might decide to try to fully cooperate with others. If
agreements between requesting agents are reached, they would form a specific sub-
group (we use the term team for it). We introduce a scheme for team formation
describing how its members would aggregate their beliefs and preferences once they
join a team.

4.3.1 Affective Negotiation Scheme

Negotiation aims at achieving a result that all participating agents could accept
through exchange of proposals (Santos et al., 2011). Within our scheme, we allow
negotiations to happen at the end of each decision-making period. In our case,
negotiations will be driven by the cooperativeness parameters which, in turn, are
influenced by the affective parameters and may end up with two teams of agents
joining forces to form another team.

Consider the i-th agent. If after the assessment of a decision-making round
its parameter λij is bigger than a certain threshold thλ, agent Ai would aim at
cooperating with Aj and will try to negotiate with it to form a team during the next
round, issuing a request to cooperate. Such petitions are regulated through three
operations:

• Request(Ai, Aj , λij). Agent Ai asks agent Aj to form a team when its cooper-
ativeness parameter λij towards Aj is sufficiently big.

• Accept(Aj , Ai, λji). Agent Aj accepts agent Ai’s request to form a team if λji
is big enough.

• Refuse(Aj , Ai, λji). Otherwise, agent Aj refuses agent Ai’s request.

In our setting, forming a team entails that all its members will fully share
information and decide together for their global benefit as a single player, as specified
in Section 4.3.2. The merging process will follow these principles:

• Once an agent becomes part of a team, it will remain in it for the rest of the
process.

• The number of members in a team does not remain fixed as the team may accept
new members based on the cooperativeness parameters and the negotiation
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rules stated above. A team will only accept a new member if it is found
acceptable by all of its members.

• If an agent faces two (or more) incompatible requests to form a team, it will
choose that with the highest cooperativeness parameter value, given its bigger
potential benefit.

Four examples are included in Figure 4.1 to illustrate the process with three
agents A1, A2, and A3 which submit cooperation requests as follows: an arrow from
agent Ai to agent Aj indicates that the i-th agent sends a request to cooperate
to the j-th agent; a double directed arrow between two agents indicates that both
would negotiate successfully with each other. Hence, in Figure 1.a, each agent sends
requests to the other two and all three end up forming a team. However, in Figure
1.b, A3 sends only a request to A1, and the three agents end up not forming a full
team: A1 receives both requests and chooses the agent with highest cooperativeness
value according to max(λ12, λ13). In Figure 1.c, A1 and A2 reach an agreement to
form a team, while agent A3 fails to negotiate with the other two participators: it
turns down A2’s request and its request to A1 is rejected. Finally, in Figure 1.d, no
two agents choose each other and, therefore, no team is formed.

A1 A2

A3

A1 A2

A3

A1 A2

A3

A1 A2

A3

a.  Team (A1, A2, A3) b.  Team (A1, A2) or (A1, A3)

c.  Team (A1, A2) d.  No Team 

Figure 4.1: Negotiation examples with three agents
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4.3.2 Team Forecasting and Preference Models

We focus now on the cooperation among teammates and supporting the overall
decision making of the team, extending the forecasting and assessment models in
Section 4.2.1 to a team scenario.

We first explain how a team T = {AT1 , ..., ATl
} with l members operates. Each

member will still implement its respective action, leading to the team T ’s joint action
at time t, designated aTt = (aT1

t , ..., a
Tl
t ), whereas the other agents perform their

corresponding actions: a−Tt . When an agent joins a team, it will adjust its forecasting
and preference model to its team benefit.

First, the utilities attained by the agents as a team will be based on averages, as
in (Butterworth, 1971). Thus,

uTt (at, et) = 1
l

l∑
j=1

u
Tj

t (at, et).

Hence, we adopt a transferable utility concept through the utility average among the
agents in a team. Within it, the members become cooperative. They are allowed
to communicate before each decision-making period and make binding agreements
about the strategies they will use. Side rewards are allowed if there is a common
medium of exchange that can be transferred between them, see e.g. (Aumann, 1960).

As in Section 4.2.1, the team’s joint forecasting model will have the form

pT (a−Tt , et|aTt , (at−1, et−1), ..., (at−k, et−k)).

Following the assumptions in the basic individual agent case (4.2.3), the model gets
simplified to

p(et|et−1, ..., et−k)×
n∏

m 6=T1,...,Tj

p(amt |amt−1, ..., a
m
t−k, a

T
t ).

Then, after averaging within the team, we use1
l

l∑
j=1

pTj (ejt |et−1, ..., et−k)

× ∏
m6=T1,...,Tl

1
l

l∑
j=1

pTj (amt |amt−1, ..., a
m
t−k, a

Tj

t )

 .
Finally, the expected utility of each member from team T would be:

ψ(aTt ) =
∫
..

∫
uTt (at, et)× ∏

m 6=T1,...,Tl

1
l

l∑
j=1

pTj (amt |amt−1, ..., a
m
t−k, a

Tj

t )

×
1
l

l∑
j=1

pTj (ejt |et−1, ..., et−k)

 da−Tt det
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Along with decision-making, the agent affective state will be also updated. How-
ever, the emotion emergence mechanism of an agent does not differentiate whether
such agent cooperates with others or not. Furthermore, after joining a team, the
agent’s emotional status impacts its decision-making in the same manner as individ-
ually (e.g., the impulsive behavior mechanism still works for the agents in a team
and once an agent’s impulsive emotions are intense enough, it would choose the
corresponding impulsive action).

4.3.3 Modelling Diagram

To make operational the proposed affective group decision-making process, we have
developed an architecture for agents that are able to negotiate with others in a group.
We set up a TTP platform which helps agents communicate with others, swap data
within the community and perform group related computations as sketched above.
Figure 4.2 describes the way in which agents interact and make decisions. They
are capable of perceiving the environment, forecasting the others’ choices, making
their own decisions, and negotiating with peers. The changes of variables associated
with the agent (including utility, emotions and mood and cooperativeness with other
agents) lead it to operate differently at various periods during the decision making
process.

The process thus consists of three major stages: (Group) Decision Making,
Assessment, and Negotiation. In the first stage, the agent’s cooperativeness and
negotiation results from the last round lead to its potential team formation. Normally,
it will forecast its peers’ actions based on the forecasting model (individually or as a
team member) and make its best decision given the forecast results. However under
extreme emotions or an extreme environment, the agent will choose impulsive or
protective actions as in (4.2.5).

After its decisions are made, the agent observes the others’ actions and assesses its
emotions and mood, utility and, then, updates its cooperativeness towards the other
agents. Next, if its cooperative condition requirements are met, the agent negotiates
with potential cooperators. Either the outcome of the negotiation is successful or
not, the agent steps into the first stage of the next decision-making round. However,
agents which reach an agreement with others to form a team will start such next
round cooperatively with its teammates.

Emotions and mood play a key role in the overall interactions and emerge at
the first two stages, before and after the agent making its decisions, affecting the
decisions in direct or implicit ways, see Sections 4.2.2 and 4.2.3: some emotions
might trigger impulsive decisions directly. Mood, a more diffuse affective state than
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                                                Expected emotions emerge 

Agent i

Forecast individually 
 full competition 

Make decision

Immediate emotions 
Mood State 

  λij >threshold

Utility calculation 

Send Agent j a team 
request

Accept by Agent j

Cooperate with others 
to forecast

Loop over

NO YES

NO

YES

Environmennt

Decision
Making

Assessment

Negotiation

Figure 4.2: Modelling Affective Group Decision-Making

emotions, influences the agent’s preference model and behavior selection through
the utility weights; moreover, it influences the agent’s cooperative attitude towards
others.

Within this group decision-making scenario, all agents initially hold a compet-
itive attitude. As time progresses, the agent’s affective state and obtained utility
changes. Some agents may begin to show a cooperative attitude towards others. Our
negotiation and team-forming mechanism reflect the agent’s sense of cooperation. In
negotiations, sending a request to others conveys a signal that the involved agent
wishes to behave cooperatively (Vetschera, 2013). Since an agent has different degrees
of willingness to cooperate with its peers, the overall cooperative attitude could
be computed through an average of all agents’ cooperativeness parameters in the
community (Section 4.2.3).
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4.4 Simulations

We have simulated a virtual platform for the proposed affective group decision-making
model and architecture. Agents interacting with each other in this platform are
endowed with the proposed behavior mechanism. The platform plays the role of the
TTP supporting communication among agents as well as performing group related
computations. We implemented it in Matlab 2019a with a Mac OS High Sierra with
2.9 GHz Intel Corei7 processor and 16GB 2133Mhz LPDDR memory.

4.4.1 Preference Model

Our agents’ preferences are modeled with a multi-attribute weighted additive utility
function

u(c1, c2, ..., cl) =
l∑

i=1
wiui(ci), (4.4.1)

where wi ≥ 0,
∑l
i=1w

i = 1; wi represents the weight of the agent’s i-th objective,
and ui represents the corresponding component utility function. Weights are chosen
as w1 > w2 > w3 > w4 > w5, to showcase the hierarchical nature of the objectives.
As an example, in our simulations below, we set l = 5 and choose:

• A primary objective concerning the agent’s basic needs (for example: battery
level).

• A secondary objective referring to security

• A third objective concerning being taken into account.

• A fourth objective related with interactions with other agents.

• A fifth objective in relation to being accepted.

and the utility function adopts the form

w1 × u1(energy) + w2 × u2(security) + w3 × u3(be taken into account)

+w4 × u4(interactions) + w5 × u5(being accepted).

Note that the agent’s priority is to satisfy its primary need: all the other objectives
become secondary until the primary ones are sufficiently met. Utility weights are
updated after each iteration taking into account earlier weights and the agent’s mood,
impacting consequently over the agent’s decision making. The weight update follows
the approach sketched in Section 2.3.3.
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Our simulated affective agents may perform the following six actions: Interact,
Ask for help, Offer to help, Attack, Protect and No response. Since the number of
involved agents in our simulations is not fixed, we devise a simple utility computing
method based on the agents’ actions and objectives. We use a discrete utility table
(Table 4.1) to calculate the agents’ utilities corresponding to the objectives in a simple
and straightforward manner: after each decision-making round, the agents obtain
an outcome on the five utility objectives which depends on their actions and those
of the other agents. The utility that an agent obtains is then calculated through
weighted aggregation as in (4.4.1). Utility weights are not fixed as they depend on
the agent’s mood changes which, in turn, depend on the utility weight changes.

Each action has thus different impacts over various objectives. The symbol "+"
means that the action has positive impact over the corresponding objective, while
"–" means negative impact and "0", neutral impact with respect to such objective.
The number of symbols conveys the intensity of the influence. An agent who chooses
Interact or No response obtains a utility which does not depend on the other agents’
actions, whereas an agent who chooses one of the other four actions obtains a utility
which depends on the other agents’ choices. For instance, if an agent chooses to
attack and no one chooses to protect, the agent attains higher utility. However, if
protective agents are dominant, then the aggressive agent has little to achieve.

As reflected in (4.2.5), high intensity emotions may lead to impulsive behavior.
Similarly, extreme environmental situations and emotional states may directly in-
fluence the agent’s behavior selection. In this case, energy is related to the agent’s
basic utility objectives and temperature with the environmental conditions. The
corresponding rules are included in Table 4.2.

4.4.2 Experiments

We have conducted several simulations with our model and assessed the results under
different scenarios checking the impact of the number of agents and the threshold
parameters over results. For each scenario, we compare the performance of three
types of agents: 1) Our proposed agents embedded with affective features that are
able to negotiate and form teams as our model describes; 2) affective agents which
are not able to negotiate; and, 3) non-affective ones able to negotiate. We analyzed
the agents’ negotiation and team formation, as well as the decision-making results
and utilities attained under different conditions.

We initialize the objective weights of each agent randomly (taking into account
the above mentioned constraints) when starting the simulations. Recall that such
weights will change as iterations progress along the decision making process. For
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Table 4.1: Utility table for six feasible actions

Objectives Interact
Ask for help Offer to help

case 1 case 2 case 2 case 1

w1: basic + ++ – + 0

w2: security + ++ – + 0

w3: taken into account 0 ++ – ++ –

w4: interact ++ + – + –

w5: being accepted 0 + 0 ++ –

Objectives No response
Attack Protect

case 3 case 4 case 4 case 3

w1:basic + +++ – – ++ +

w2:security + ++ – – ++ 0

w3:taken into account – 0 – + 0

w4:interact – 0 – + 0

w5:being accepted 0 0 0 + 0

case 1: Agents asking for help are less than those who offer to help.
case 2: Agents asking for help are more than those who offer to help.
case 3: Agents attacking are more than those protecting.
case 4: Agents attacking are less than those protecting.
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Table 4.2: Impulsive action rules. The first two are environmental; the second two,
emotional.

Agent’s context Impulsive action

energy ≤ 5% ask for help

temperature ≥ 50 ask for help

fear ≥ thimm ask for help

sadness ≥ thimm No response

Figure 4.3: Utilities of team member(A1,A3) in first scenario (3-agent)

each scenario, the three types of agents were assigned with the same initial weights
for comparison. We discuss one typical simulation run for two scenarios and, then,
the general results across 100 replications.

First scenario. Three agents (designated A1, A2 and A3) interact with each other
for 100 decision making periods. As an example, in one of the replications considered,
when we reached round 13, A1 and A3 closed a cooperative deal after negotiation.
At this round, A2 was also willing to team with A1, but A1 preferred to cooperate
with A3, rejecting A2.

Results over the 100 iterations are reflected in Figure 4.3. We focus on the agents
(A1, A3) that formed the team. By comparing the three cases considered, we observe
the changing trends of both agents’ utilities. In the case with negotiation, once A1

and A3 start to cooperate, the average utility that the agents obtain together in most
interactions dominate those that they would obtain both when they perform the
interactions as affective non-cooperative individuals and when they are emotionless
but negotiate.
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Figure 4.4: Affective agents’ utility weights evolution in the first scenario

Figure 4.5: Evaluation of solutions with different agents’ setting in first scenario

The agents’ utility weights evolved as in Figure 4.4. When an agent deals with
others in a comfortable context, the weights of its primary objectives decreased and
those related with more advanced objectives increased. As Figure 4.4 shows, the
weights’ evolution of A1 and A3 reflects that both cooperating agents were in a
comfortable context. In contrast, A2 paid more attention to the more basic objectives
as decision-making progressed. With three interacting agents, once two of them
cooperate, it could be the case that the third agent feels insecure and prefers to
protect itself, given the utility functions in Table 4.1.

As Fig 4.5 illustrates, we focus on comparing the team members’ actions (after
team formation) in the utility space with those in the other two control experiments
and the ideal solutions (based on the maximum expected utilities that the agents
may attain if they operate individually, which are usually unreachable jointly). The
scatterplots in Figure 4.5 show the solutions of cooperative agents with comparison
of different types of agents’ utilities. The x and y-axis refer respectively to the their
utilities, after A1 and A3 formed a team: in most iterations, the cooperative solutions
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Figure 4.6: Utilities of team (A4,A6),(A2,A8) in second scenario (8-agent case) with
high threshold

Figure 4.7: Evaluation of first team (A4,A6) with different settings in second scenario
with high threshold

are closer to the ideal one than the non-cooperative or non-affective ones. In addition,
A1 and A3 behave better under the cooperative affective model than under the other
two reference models, as Figure 4.5 boxplots show.

Obviously, different thresholds lead to different team formation processes. In
these simulations, we set the threshold for forming a team with a relatively high value
(0.8). Over the 100 iterations, a team was successfully formed at t = 13. After that,
no additional team was formed. When we lower down the threshold (say, to 0.5), it
turns out that, as expected, all agents eventually formed one team. We discuss the
impact of the threshold more in detail next.

Second scenario. We conducted a similar set of experiments with eight agents
and two thresholds (0.8 and 0.5) for the cooperativeness parameter.

In the first case, with high threshold, in one of the replications, A4 and A6 formed
a team at the 5-th round (designate it Team1 = (A4, A6)); then, A2 and A8 formed
another team at round 48 (Team2 = (A2, A8)); no more teams formed afterwards.
Figure 4.6 shows the utilities’ evolution of the agents in both teams. For all of
the agents, the utilities attained after team formation were bigger. We conclude
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Figure 4.8: Evaluation of second team (A2,A8) wth different settings in second
scenario with high threshold

that the agents’ utilities in a team are bigger and more stable than when they play
competitively as individuals. We then compared the agents’ solutions of Team1

and Team2 in the utility space with the two control cases as before, Figures 4.7
and 4.8. The agents in both Team1 and Team2 achieved better performance when
they play both cooperatively and affectively. The solutions they obtained within a
team are closer to the ideal solutions as the scatterplots in Figures 4.7 and 4.8 show.
The boxplots in both figures illustrate both team members’ utilities respectively
with comparisons for the different agents’ settings. Again, under our framework,
the cooperative agents in a team tend to obtain more utility than affectiveless or
non-cooperative agents.

In the second case, with the lower threshold of 0.5, as the iterations continue,
different negotiation results and teams emerge. Figure 4.9 illustrates the negotiation
with agents’ requests in the community at four different replications, in which a new
team was generated respectively. At t=7, A5 and A6 first negotiated and were willing
to cooperate with each other: Team1 = (A5, A6) was formed. Then at t=15, A4

joined Team1 expanding it to three members Team1 = (A4, A5, A6), according to the
negotiation rules in Section 4.3.1. Next, at t=18, A7 had two potential teammates
A2 and A3; however, it chose A3 instead of A2 because of its higher cooperativeness
towards A3, leading to a new Team2 = (A3, A7). In the last graph in Figure 4.9, at
t=22, there was a new successful negotiation leading to team (A2, A7, A8). By then,
there existed Team2 = (A3, A7) in the community since t = 18, so a new team was
formed without A7 and with only two members as Team3 = (A2, A8). The three
teams remained fixed until the end of this simulation.

Figure 4.10 presents the evolution of the average utilities of the three teams.
We draw similar conclusions as before in that agents obtain more utility after they
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Figure 4.9: Team formation in the second scenario with lower threshold

Figure 4.10: Utilities of three teams in second scenario with lower threshold
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Figure 4.11: Evaluation of team (A4 A5 A6) with different settings in second scenario
with lower threshold

Figure 4.12: Scatterplot of (A4 A5 A6) utilities with different settings in scenario
with lower threshold

form or join a team, especially at the first sages after team formation. In Figure
4.10, three teams formed at different time periods and the average utility of each
team shows a decreasing trend after 40 iterations. The reason might be that at the
initial stage after the first team formation, cooperative agents in the team had an
advantage over the other ungrouped competitive agents. As the cooperative teams
in the community are fixed, there are fewer potential agents and the utility trends of
the three teams began to show a downward trend.

A comparison between the three types of solutions in the second 8-agent case
are presented in Figures 4.11 and 4.12, based on the utilities of the three members
(A4, A5, A6) in Team1 with those in both control cases. Within our cooperative
affective model, agents tend to attain more utility than in the other cases and get
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Figure 4.13: Agents’ utility difference of team 1 in second scenario

closer to the ideal solution (Figure 4.12). We also analyzed the other two teams’
performance. Results were similar to the previous cases, showing that affective
negotiating agents perform more efficiently.

So far, we have used boxplots and scatterplots to compare the overall utility
distribution over interactions among several types of agents and scenarios. We
undertake now a statistical test to demonstrate the comparison between different
types of agents over the same iterations. For instance, in this second scenario with
higher threshold, we test the difference between the utilities attained by the agents
under our methodology and the other two types of agents over each iteration and
test the hypothesis that the mean values of these differences among different types
of agents (in teams) are bigger than 0. Let ui(j) designate the i-th agent’s utility
at the j-th iteration. u∗, uNN , uNE respectively refer to the agents’ utility under
our methodology, that of the affective agents without negotiation and that of the
emotionless agents with negotiation. We use zi to represent the difference of the i-th
agent utilities through:

zNNi (j) = u∗i (j)− uNNi (j), j = 1, ..., k, i = 1, ..., n,

zNEi (j) = u∗i (j)− uNEi (j), j = 1, ..., k, i = 1, ..., n,

where j describes the iteration round. Figures 4.13, 4.14 and 4.15 show the difference
of each agent in comparison with the other two agent types at the corresponding
iteration for the three teams. We conclude that, for all agents in the teams, the



4.4. Simulations 95

non-affective non-negotiation

-0.2

-0.1

0

0.1

0.2

0.3

0.4

Agent-3 test

non-affective non-negotiation

-0.1

0

0.1

0.2

0.3

0.4

0.5

Agent-7 test

Figure 4.14: Agents’ utility difference of
team 2 in second scenario
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Figure 4.15: Agents’ utility difference of
team 3 in second scenario

mean and median of the difference dominates 0. The hypothesis we set is true:
cooperative affective agents outperform the other two types of agents. Similar results
are concluded in the other simulations and scenarios.

Global results. To gain further statistical reliability, we repeated the above
simulations 100 times (each time over 100 iterations) and assessed the solution
performance through the percentage of agents’ solutions in a team that are closer to
the ideal solutions when compared with the two controlling cases over 100 iterations.
Table 4.3 shows the results. In general, the solutions under our framework dominate
those with emotionless or non-cooperative agents. The results are better in cases
with higher threshold.

Table 4.3: Comparison of cases under different parameters and numbers of agent

Global
performance

3 agents 8 agents

threshold=0.5 threshold=0.8 threshold=0.5 threshold=0.8

solutions without negotiation 67.59% 73.00% 58.63% 65.50%

solutions without emotions 65.37% 69.86% 56.85% 66.82%

Based on our simulations, we conclude that affective agents who are able to
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negotiate and cooperate with others in an affective manner tend to obtain relatively
bigger utility. However, when the group size is large, this outcome tends to be less
relevant. It is relatively harder for the agents to form teams through successful
negotiation when the cooperativeness parameter threshold is bigger over interactions.
Moreover, cooperative agents usually tend to gain more utility in the group decision-
making process.

4.4.3 Discussion

The introduced affective features are proved to make a positive impact on the agents’
decision-making outcomes and the relationships within a community of agents.
Through simulations, we conclude that affective agents that cooperate with others
tend to achieve more utility than cooperative affectiveless and affective individualistic
agents. The results also have some slight variations in terms of the number of group
members and negotiation threshold value. We discuss additional insights.

First, the threshold to negotiate is a crucial parameter: a high value makes the
agents harder to form teams. In our simulations, we assign the value at the beginning
of each scenario. However, thresholds could be related with other variables, for
example, the agent’s environmental condition or the trust towards others. It would
also be interesting if we could endow different agents with specific thresholds as part
of the personality setting introduced in Chapter 2. Our framework with a personality
concept could help agents to mimic more human behaviors, play different social roles
and bring more attractiveness and effectiveness in practical cases.

Second, group size also matters in simulations. With a smaller size, affective
cooperators seem to gain more utility and their solutions dominate others more
easily. In a relatively small group, agents that cooperate with others have a distinct
advantage and affect could facilitate this process. To highlight the relevance of
affective elements we could introduce a maximum size for the groups to be formed
within the negotiation rules introduced.

Finally, recall that we included both mood and the derivative of utility in the
agent’s affective cooperativeness parameter in (4.2.6). On the one hand, a better
mood may aid agents in overcoming low utility partial derivatives; on the other,
an agent having high derivatives might compensate a lower mood to balance the
parameter value. Thus, comparing with non-negotiating and non-affective agents, we
integrate these two factors in our agents to cover trade-offs between mood and utility
and mitigate fluctuations of the λij ’s. This opens up the possibility of discussing other
functions for the cooperativeness parameter (including the calibration of weights wm
and wu).



4.5. Conclusion 97

At this point, besides having assessed our model with its two basic constituents,
it is also interesting to compare our approach with other proposals reviewed in the
introduction. Perhaps the closest one is (Tiinanen et al., 2015) who suggest an
emotional contagion model within a group to assess individual or collective positivity
and find the optimal structure of an organization, based on the theory that positive
emotional contagion has been linked with increased performance in social groups.
They focus on the optimal ratio of positive and negative emotions in decision making,
considering the agents’ emotional sensitivity, expressing level, interactive strength
and other factors. Comparing with their work, our framework rather focuses on the
interaction of the group decision making mechanism with each member’s preference
model and affective state.

4.5 Conclusion

Affective features can influence decision making in many ways. When the challenge
extends to a group, cooperation among the community of agents adds more complexity.
We have presented a group decision making framework embedded with individual
affective features and described how the evolution from competition to cooperation
is associated with the agents’ emotional states.

We have shown that the proposed model is effective and reasonable through
the simulation results under our framework and comparison with different settings.
Through our designed negotiation strategy, agents involved in a group can evolve
from competition to cooperation. Agents which cooperate with others through
affective negotiation tend to attain higher utilities, especially with higher cooperative
thresholds. When the group size is relatively small, cooperative agents usually
have advantages in the process. Based on our simulations, we further analyzed the
solutions in the utility space comparing with different types of agents and parameter
settings. In the majority of simulated cases, cooperative agents’ within our affective
group decision-making framework outperformed non-cooperative and emotionless
agents’.

Decision making problems in a group setting may have a wider range of possible
outcomes: the relations among all parties in the community may change during
repeated interactions. Negotiations, as a means for resolving conflicts, could be a
way to facilitate cooperativeness (Vetschera, 2013). Cooperation might occur in
an ongoing relationship which is competitive at an initial stage. However, it is not
the only equilibrium in a repeated decision-making problem (Harrington, 2009).
In addition, in a simulated decision-making model with multiple members, there
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are other factors that may influence the relationship within a group besides affect:
for instance, people’s trust in others built upon past interactions experience, their
social preference when making choices (Charness and Rabin, 2002) and fairness
considerations in a deal (Fehr and Schmidt, 1999). We have focused on the affective
impact in negotiations within groups. From the perspective of simulating agent-based
decision-making, affective features could enhance human-like experience and bring
more potential functions and applications in human-agent interactions.

In future work, we shall complete the framework with additional affective features.
For example, a personality trait could be considered as a variable to impact the
agent’s cooperativeness threshold, and the starting point to designing affective robots.
Emotions in our framework could be expanded to more types: this could help in
describing the agent’s mood state in a more comprehensive manner. Furthermore,
the cooperativeness parameter could adopt other forms including more affective
elements as operators that influence agents’ negotiation and improve decision-making
performance. The medium term of this affect-inclusive framework is to embed it in
virtual robotic agents, to facilitate human-robot interaction through our affective
decision-making strategy.



Chapter 5

A low cost social affective robot

5.1 Introduction

The purpose of this chapter is to develop the behavioural models underlying a low
cost social affective robot. We do not contribute to hardware development but
rather use a low cost robot already available, briefly described in Section 5.2. We do
not provide either the whole software behind it, although we sketch the underlying
algorithms. The mathematical formulation is fully covered. Some of the models in
this chapter will adapt those in Chapter 2.

5.2 Robot description

A description of the involved robotic platform, called Aiko, is provided. The platform
includes three rotating parts which hosts all the mechanics and electronics. The
appearance of the robot is shown in Figures 5.1 and 5.2.

5.2.1 Processing capacity and autonomy

The robot is endowed with an embedded RPI3 processor. It may also delegate certain
computations to a cloud based system through Bluetooth or Wi-Fi connections. Its
battery runs for four hours. It is charged through an USB and includes a universal
expansion interface.

5.2.2 Sensors and actuators

Tables 5.1 and 5.2 provide the lists of sensors and actuators available in Aiko.

99
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Figure 5.1: Design figure I Figure 5.2: Design figure II

Table 5.1: Sensors included in robot

1 camera

1 touch sensor on top of head

4 microphones in array

1 accelerometer

1 surface sensor to avoid falling down

Table 5.2: Actuators included in robot

1 speaker

3 servomotors for body movement

2 servos for displacement

1 colour LED

5.2.3 Interfaces

The main interfaces are through natural language (captured with the array of
microphones) and artificial vision (for face detection, gesture detection, emotion
detection, colour detection,...).

5.3 Robot abilities

This section presents the abilities of the robot to capture the environment and act
over it.
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5.3.1 Perception

Events that may be captured by the robot are listed in Tables 5.3, 5.4 and 5.5. We
list them according to the sensor used (if any), the name of the event and a brief rule
describing how is it captured, when noteworthy. Only those perceptions and actions
that are relevant for the robot emotional state and decision making are included. The
robot has dictionaries storing keywords for Commands (dictionary D1), Instructions
(dictionary D2), Insulting words (dictionary D3), Flattering words (dictionary D4)
and Play ( dictionary D5) which speed up interface with the user. A mark * signals
the events leading to impulsive reactions by the robot, as expressed in Section 5.6.

Sensor Event Rule

Touch sensor Caress One or more prolonged touches

Call for attention* Two fast short touches

Annoyance Sequence of more than two touches

User requires control* Short touch

Surface sensor Danger Detect end of surface approaching

Object Object detected in trajectory

Accelerometer Lying Lying but moving

Flying Non violent continuous movement in the air

Fall Downwards vertical movement

Upside down Lying down, static looking down to floor

Face up Lying down, static looking at ceiling

Lying to the left Lying down, static to left

Lying to the right Lying down, static to right

Head down Head position down permanently

Table 5.3: Events captured by sensors I
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Sensor Event Rule

Camera Detecting new face Face not in database of faces

Recognising somebody Face in database of faces

Detecting a new object Object not in database of objects

Recognising object Object in database of objects

Recognising a color Color in database of colors

Detecting a QR* QR detected

Detecting gestures Gestures in database of gestures

Recognising emotions Emotions in database of emotions

Microphone Detecting a command* Keyword for command

Detecting a voice Understanding a conversation

Detecting voice origin Where does it come from

Noise detection Several voices, none predominant

Detecting insult* Word from dictionary of insults

Detecting answer To a question within an activity

Repetition in question* Associated with robot providing response unrelated

to question, possibly due to misunderstanding

Repetition* User asks to be repeated what has been said

Help* User asks for help about usage

Consult* User consults about a topic

Table 5.4: Events captured by sensors II
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Mean Event Rule

Associated with system New software version* Detected when turned on

New module of contents Detected when turned on

Associated with battery Low battery level* Checked periodically,

needs charging

Associated with No internet available* Checked when turned on

communications detect when connection lost

No Wi-Fi/Bluetooth available* Same

Associated with motor Obstructed motor* Motor requires more strength

for malfunction or obstacle

Associated with context No interaction for time x Checked periodically

User feedback Checked periodically

Undertaken activity statistics Collected in cloud

Table 5.5: Relevant events captured by other means

5.3.2 Actions of Robot

Robot actions are now presented. We group them according to their core topic
in Tables 5.6 and 5.7. Actions may be simple or complex, depending on whether
there is only one (e.g., answer) or several (e.g., dance) actuators involved. We
mark complex ones with **. In any case, it is not the responsibility of the decision
system to manage them (just to give orders about doing them). Note that action a29

(Propose activity x) includes more functional actions aiming for different objectives,
the specific action of which is carried through the cloud. For example, for a robot
focusing on supporting the educational needs of a child, we assume that there is a
progress management system, which assesses the educational evolution of the child,
and a content management system, which selects activities to be proposed to the
child according to an implemented learning strategy; the robot is connected to both
systems so as to propose educational activities to the child.



104 Chapter 5. A low cost social affective robot

Type Specification Code

Show Happiness** a11

Sadness** a12

Surprise** a13

Fear** a14

Anger** a15

Disgust** a16

Neutral emotional state** a17

Say Yes** a21

No** a22

Don’t know** a23

Response to question a24

Maintain conversation (say something relevant a25

within current conversational context)

Start conversation a26

Change conversation topic a27

Tell anecdote** a28

Propose activity x a29

Tell story a2,10

Play music a2,11

Ask for feedback a2,12

Table 5.6: Actions of Robot I
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Type Specification Code

Movement Explore (move around looking for something known) a31

Rest a32

Turn left a33

Turn right a34

Look up a35

Look down a36

Look at speaker a37

Look around a38

Observe a3,9

Dance a3,10

Modify Voice tone a41

Audio volume a42

Voice speed a43

Table 5.7: Actions of Robot II

5.3.3 Detectable users’ actions

We describe now the users’ actions that may be detected by the robot. These are
related to the potential perceptions described in Section 5.3.1.
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Type Specification Rules Code

Maintain Modify Detect setting changes b11

(keep robot Charge Detect being charged b12

operating normally) Update Detect software update b13

Control Moving by control b14

Offer Help Detect problems being solved b15

Interaction Touch Detect one short touch b21

Flatter Detect flattering words from voice b22

Caress Detect one or more prolonged touches b23

Talk Detect voice in conversation b24

Consult Detect questions in conversation b26

Answer question Detect answer in conversation b27

Play* Detect command for a pre-recorded game b28

Malicious Attack Detect annoyance and danger b31

Shout Detect extreme high voice b32

Disturb Detect too many voices or gestures b33

Blind Detect nothing from camera b35

Ignore Detect nothing after asking b36

No response No voice Detect nothing from microphone b41

No movement Detect frame being static from camera b42

Table 5.8: User’s Actions
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5.4 Robot design

Our agent is designed to proceed under a management by exception principle (West
and Harrison, 2001): under normal circumstances, it will process information and
make decisions based on standard models; however, if exceptional circumstances
arise, (programmed) interventions will take place. We lay out a general affective
decision-making framework for a social robot. We assume that the robot is, first of
all, capable of perceiving the environmental state and the user’s actions through its
sensors as in Section 5.3.1. The agent is embedded with affective elements aiming to
provide an improved interactive experience, to be described in Section 5.5.

5.4.1 General formulation

We refer to the action sets of robot A and user B, respectively, as A = {a1, a2, ..., am}
and B = {b1, b2, ...bn}. For our case study, actions in A were described in Section
5.3.2, whereas actions in B were described in Section 5.3.3. At time t, depending
on the action at of the robot and the action bt of the user, the robot obtains multi-
attribute consequences, assessed with a multi-attribute utility function ut(at, bt),
which will evolve over time. For computational reasons, we implement a two stage
planning process with a k stage memory.

Beliefs The robot’s beliefs are regulated within the ARA framework (Banks et al.,
2015), through a level-1 thinking approach (Stahl and Wilson, 1995). We assume
that the impact to environmental states brought by the robot’s and user’s actions
are negligible as they will typically operate in a controlled environment: a room, a
classroom, a library,... Note, however, that we take into account the environment
through the impulsive actions introduced below in reference to extreme environmental
conditions. Therefore, the only uncertainty acknowledged is that due to the users’
actions, that is θt = bt.

Then, given the past history of the robot’s and user’s actions over k periods, and
the potential agent’s actions at and at+1, the robot has to forecast the user’s actions
two periods ahead through

p(bt+1, bt|at+1, at, (at−1, bt−1), ..., (at−k, bt−k)) = (5.4.1)

p(bt+1|at+1, (at, bt), (at−1, bt−1), ..., (at−k, bt−k))× p(bt|at+1, at, (at−1, bt−1), ..., (at−k, bt−k)).

Assuming that the robot’s action influences the user only locally, we simplify equation
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(5.4.1) to
p(bt+1|at+1, bt, ...bt−k)× p(bt|at, bt−1, ..., bt−k). (5.4.2)

Preferences At a given time t, the robot assesses the consequences attained
through a utility function ut(at, bt) which, without loss of generality, are assumed to
be scaled within [0,1]. Under standard conditions, the robot is designed to choose
the action with maximum expected utility (MEU), that is, it will solve

ψ∗t = max
at+1,at∈A

ψ(at+1, at), (5.4.3)

where ψ(at+1, at)

=
∫∫

[ut+1(at+1, bt+1) + ut(at, bt)]× p(bt+1|at+1, bt, ...bt−k)× p(bt|at, bt−1, ..., bt−k)dbt+1 dbt

=
∫∫

ut+1(at+1, bt+1)× p(bt+1|at+1, bt, ...bt−k)× p(bt|at, bt−1, ..., bt−k)dbt+1dbt

+
∫∫

ut(at, bt)× p(bt+1|at+1, bt, ...bt−k)× p(bt|at, bt−1, ..., bt−k))dbt+1dbt

=
∫
ut(at, bt)× p(bt|at, bt−1, ..., bt−k)dbt +

∫
ut+1(at+1, bt+1)× p(bt+1|at+1, bt, at, ...bt−k)dbt+1.

(5.4.4)

Ideally, we would solve problem (5.4.3) through dynamic programming. To reduce
the computational burden, and since the number of periods is reduced, we adopt a
forward myopic approach. Specifically, we solve

max
at

∫
ut(at, bt)× p(bt|at, bt−1, ..., bt−k)dbt

leading to a∗t and, then,

max
at+1

∫
ut+1(at+1, bt+1)× p(bt+1|at+1, bt, a

∗
t , bt−1...bt−k)dbt+1,

leading to a∗t+1. The approach would be to implement a∗t and, if the actual response
bt is not very unlikely (given by p(bt|a∗t , bt−1, ..., bt−k) > ε for a given ε) implement
a∗t+1. However, if the response is unlikely, we would repeat procedure (5.4.3), with
time updated to (t+ 1).

Impulsive actions Very high intensity emotions or extreme environmental con-
ditions may lead the agent to adopt an impulsive behavior: when, the intensity of
certain emotions are beyond an immediate emotional threshold, the robot will choose
an impulsive action a∗ ∈ Aimp; similarly, when the environment brings threats to
the robot, this will choose a self-protecting action a∗ ∈ Apro.



5.5. Affective elements 109

The robot is thus designed to check the environmental context, and act impulsively
under threat. Then, check its emotional status, and act impulsively if very intensive
emotions hold; and, only under normal circumstances, perform the MEU calculations
to implement the corresponding action. As an example, when the robot needs to
make a decision, it may find that its energy level is too low, asking for charging. If
its energy level is sufficient, but its fear intensity is beyond a certain level the robot
would ask for protection. Otherwise, it will choose the MEU action. This may be
viewed as a system 1-system 2 scheme (Kahneman, 2011) in which under extreme
conditions we act impulsively and act rationally under standard conditions.

To sum up, we design the robot’s operation according to the scheme

a∗ =


∈ Apro, if in extreme environment,

∈ Aimp, otherwise, if high value for certain emotions,

arg maxat∈Aψ(at, at+1), otherwise.
(5.4.5)

5.5 Affective elements

We detail now the affective elements in our model which constitute a compound
of emotions, mood and personality. These may be viewed, respectively, as ’short-
term’, ’long-term’ and ’baseline’ affective components. As we shall see, our robot’s
decision-making will be influenced by these affective factors in different manners.

We distinguish two parts within the emotional motor. The first one is simpler
and embedded within the robot. The second one is assessed in the cloud and take
care of the evolution of the emotional motor and personality. This means that if we
do not connect the robot to the cloud, its personality will remain functional, but will
not evolve.

Before providing details of the affective models, we introduce some parameters
and intermediate variables that play relevant roles in the models, some of which
result from the personality setting as described below.

Parameters

• Emotional thresholds: thimmt , thexpt and thcomt . These are the thresholds to
activate related emotions. They range in [0,1]. However, we keep them between
[0.25, 0.75] to avoid extreme cases. The threshold will evolve dynamically
(Section 5.9.2).
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• Smoothing parameters: αexp, αimm, αref and αmood. These control the emo-
tional evolution over time.

• Forecast variance: vart assesses the uncertainty in expectation. the utility
variance for the optimal alternative:

vart =
∑

p(θt|a∗t )(u(a∗t , θt)− ψ∗t )2 (5.5.1)

where ψ∗t is the agent’s maximum expectation utility.

• Risky parameter: prisk. It refers to how much risk the agent could cope with
within the affective model. Agents with high preference for risk would tend to
tolerate more of the uncertainty in expectation.

• Expectation: expt is the agent’s maximum expectation utility ψ∗t balanced with
the forecast variance weighted by a risky parameter prisk:

expt = (1− prisk)× ψ∗t + prisk × vart. (5.5.2)

• Affective memory parameter: r is used when computing mood, reflecting the
affective memory length over which emotional aggregation is performed.

• Other parameters: β describes the rate of utility weights’ variation.

• Actual utility: ut = ut(at, bt) is the utility attained after decision making, as
introduced in Section 5.4.1.

• Reference variable: a referential utility value related with specific actions, so
that

reft = αref × |val(ai)− val(bi)| (5.5.3)

where val(ai) and val(bi) mean actions’ average value of both user and itself
in agent’s memory.

5.5.1 Emotions

Our model covers the six emotions identified as basic ones in facial expressions by
Ekman et al. (1980), later designated core affect major emotions by Russel and
Barrett (1999). The robot may have multiple emotions at the same time, but will
only show the prevailing through its interface: the emotion with greatest intensity.
Our focus stems from their relevance in children education.

Given the frequent differences between expected and actual results, the surprise
emotion will be activated at all times. Happiness and sadness will be related to the
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actual outcomes after a decision is made and the degree of surprise they raise. Fear
will be mainly related to expectations. Anger and Disgust are complex emotions
combining two emotions, respectively, sad and reproach and sad and anger. At each
relevant time period, the robot assesses the value of all its emotions and chooses
the most intense as the dominant one, displaying it. We introduce these emotions’
computational models. Some of the heavier computations in relation with the models
would be performed on the cloud, or offline periodically.

Surprise. The agent would be surprised when there is a gap between the expecta-
tion and the actual outcome. Surprise is normally treated as a neutral feeling. We
compute the surprise surpt based on a distance between the state actually attained
θ∗ and the forecast one θ∗t , where θ, recall, generally means the outcome from user’s
choices in our domain. Then θ∗t = b∗t = argmax p(bt|a∗t , bt−1, ..., bt−k). The surprise
caused by θ∗ at time t, given our forecast θ∗t . We use (Kullback and Leibler, 1951)
divergence to define distances between the prior and posterior distributions as a
measure of surprise caused by θ∗, given a model space M of all possible models M :

surpt(θ∗,M) = KL(P (M |θ∗), P (M)) =
∫
M
P (M |θ∗) log P (M |θ∗)

P (M) dM, (5.5.4)

with additional details in (Esteban and Insua, 2019).

Happiness. A positive emotion evaluated after a decision is made and the entailed
consequences are perceived, consisting of current feelings about the attained utility.
We define it as follows: If ut > thimmt ,

hapt = αimm

((
ut − thimmt

1− thimmt

)
× surpt

)
+ (1− αimm) hapt−1, (5.5.5)

otherwise it is 0.

Sadness. The opposite emotion, expressing current negative feelings about utility.
If ut ≤ 1− thimmt ,

sadt = −
(
αimm

((
thimmt − ut
thimmt

)
× surpt

)
+ (1− αimm) × |sadt−1|

)
, (5.5.6)

otherwise it is 0.

Fear. It is an expected emotion based on the predictions on decision outcomes.
The agent tries to forecast the outcomes associated with alternative courses of actions
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and ponders their desirability. When the agent is driven by an undesirable outcome
(expt ≤ 1− thexpt) fear is activated through:

feart = −
(
αexp

((
thexpt

− expt

thexpt

)
× (1− vart)

)
+ (1− αexp) × |feart−1|

)
, (5.5.7)

otherwise feart is assigned value 0.

Anger. This complex emotion includes an unpleasant feeling and the reproach
towards or from others. It is only activated when several conditions are met. If
u∗t 6 1− thcom, and expt, sadt 6= 0,

angt = −sadt + reft
2 + 2× sadt + reft

2 × (expt)2, (5.5.8)

where reft is the reference variable defined above.

Disgust. This complex emotion consists of a feeling of revulsion and gorge rising.
It is activated by the violation of standards of morality or decency (Ortony et al.,
1990). It is normally accompanied with a strongly unpleasant feeling (Russell and
Barrett, 1999). We adopt: if surpt ≤ 1− thcom, and sadt ≥ thcom,

dist = −sadt + angt
2 + 2× sadt + angt

2 × (expt)2. (5.5.9)

5.5.2 Mood

Mood is more stable and influential over decision-making than emotions (Scherer,
2000). Ekman et al. (1994) show that both opposite (good and bad) mood types tend
to mitigate each other in frequency and intensity. Mood is viewed as an aggregation of
the emotional states over the last r periods. It is a more diffuse, but more continuous
and smooth, affective element than emotions, typically being of lower intensity:
repeated emotional events might not cause a large shift in mood, while intense and
continuous emotions will eventually alter mood significantly. We use

moodt = αmood ×
(∑r

i=0Emt−i
(r + 1)

)
+ (1− αmood) ×moodt−1, (5.5.10)

where αmood is a smoothing factor expressing how much of the robot’s mood will be
preserved from earlier iterations; Em refers to the set of emotions. The chosen r will
be related to the agent’s personality as specified below. As mood is more stable than
emotions, it should decay more slowly. Thus, we typically set αexp, αimm ≥ αmood,
as static parameters. Our settings normalize mood between -1 (worst) and 1 (best).
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5.5.3 Personality

From a design point of view, it is utterly important to be able to endow with
personality the robots so that they better adapt to different styles and functions.
To that end, several authors, including (Mellers et al., 1998), suggest that people’s
decision making and emotional styles are influenced by personality traits. We adopt
the HEXACO (Ashton et al., 2014) reference model here, close to the big five OCEAN
model, whose six dimensions are:

• Honesty-Humility (H) related to sincerity, fairness, greed-avoidance and mod-
esty.

• Emotionality (E) covers anxiety, dependence and sentimentality.

• eXtraversion (X) has social self-esteem, social boldness, sociability and liveliness
as its sub-dimensions, in general describing a triggering degree towards positive
feelings.

• Agreeableness (A) has been linked with interpersonal conflict and susceptibility
to framing.

• Conscientiousness (C): individuals with high levels of this trait make their
decisions faster which leads to this an effective influence over risk behavior.

• Openness (O) to experience reflects a person’s attitude towards experience.

A robot is thus characterized by a six-dimensional personality parameter (Ph, Pe, Px,
Pa, Pc, Po) related to the six personality traits. They are scaled in [0, 1] and
are increasing with intensity. For example, a robot with personality parameters
(0.8, 0.6, 0.6, 0.5, 0.5, 0.3) is designed to be reserved and honest with moderate emo-
tions and risk-averse, corresponding to an assignment with a relatively higher value
on the H factor, a lower value on the O factor and average values on the other
factors.

Factors H, C and A relate to the agent’s risk preferences which influence the
agent’s expectation and forecasting, serving to balance between the MEU and the
uncertainty in expectation. We define the parameter through

prisk = 1−mean(Ph, Pa, Pc). (5.5.11)

The E and O factors refer to how the agent behaves concerning the value system in
its memory of other users’ behaviors when we assess certain emotions (e.g. computing
reproach to assess anger): Persons with very high scores on such traits feel positive and
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easily refresh their memory towards an event. Smoothing parameters are computed
through

αmood = 1−mean(Px, Po),

αimm, αexp, αref = 1−mean(Px).
(5.5.12)

In addition, persons more open to experience tend to be more flexible and better
accept changes when confronting new situations. We apply a sigmoid function to
change behavior selection weights in a smaller range, thus avoiding too intense utility
fluctuations

β = 1
1 + e−Po

. (5.5.13)

The E factor relates to the length of the emotional memory r, also playing its role
when assessing mood: we use a decreasing function confining r between 2 and 4
concerning the lasting period of temporary mood states,

r =
⌈
1 + e1−Pe

⌉
. (5.5.14)

Most parameters in our decision-making model are influenced by at least one of
the personality parameters, as sketched in Figure 5.3.

Conscientiousness

Honesty

Agreeableness

Emotionality

eXtraversion

Openness
Expectation Memory

Utility

Objectives Weights Update

Mood

Emotions

th_imm, th_exp, r

β

p_risk
α

Figure 5.3: Personality and its influence on our model.

5.6 Impulsive sets

We provide now the impulsive sets associated with the robot behaviour. First, Table
5.9 reflects the set Apro of protective actions associated with extreme environmental
conditions.
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Condition Action Code

Battery less than 10% Ask for charge or will rest e1

Battery less than 5% Advise about low energy level and go to rest e2

Dangerous position (lying on its side) Stop all movements asking for being

restored to vertical e3

Forced servos Warns about obstruction, tries to move.

After a few attempts asks for reset e4

Detecting end of surface Stop and change direction, warn e5

High noise Talk louder (until noise goes down) e6

No light Warn about darkness e7

No internet Warn about limited functioning e8

Being woken up Wake up e9

(resting and being touched or called)

Command Execute the command e10

(e.g. “Robot stop”) (e.g. Stops everything under execution)

Call for attention Pause current action and

listen to instruction e11

Control Pause current action e12

Detecting QR Scan QR for information e13

Detecting insult Warn the user e14

Repetition Execute once and question e15

Help Switch to emergency mode e16

Consult Search for related information and answer e17

New software Ask for updating e18

Table 5.9: Protective Actions
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In turn, Table 5.10 reflects the set Aimp of impulsive actions associated with extreme
emotional conditions

Condition Actions Code

Very sad Slow down voice s1

Very happy Speed up voice s2

Very very happy Dance s3

Great disgust Shut down itself s4

Large fear Alert s5

Very angry Warn s6

Table 5.10: Impulsive Actions

5.7 Preference model

We specify now the generic preference model in Section 5.4. The robot’s preferences
are modeled with a multi-attribute additive utility function

u(c1, c2, ..., cl) =
l∑

i=1
wiui(ci),

where wi ≥ 0,
∑l
i=1w

i = 1, represents the weight of the agent’s i-th objective with
wi > wi+1 to stress the hierarchical nature of the objectives; ci describes the i-th
outcome in an interaction and ui represents the corresponding component utility
function. We use l = 5 inspired by Maslow’s pyramid. The list of objectives has a
common basis with three objectives making reference to the general well-being of
the robot and two specific objectives referring to its main functionality, which will
depend on the context. As mentioned, typically there will be a system connected to
the cloud of the aspects of functions on higher level objectives.

Common objectives Let us define first the three common objectives, from the
most essential (level 1) to most sophisticated (level 3) one.

• Level 1:
Energy. Battery level, to be maximised (there being however diminishing
returns).
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• Level 2:
Security. This means no risk of physical damage and having its software
updated.

• Level 3:
Mainly covers the robot’s interactive needs with the user, including objects’
and users’ recognition (e.g. detecting a known user’s presence), task-achieved
level, which refers to undertaking and completing daily preset-activities, and
the degree of fluency in communication with user (e.g. ask question or respond
to user in a right and seamless manner).

Higher level objectives differ depending on the robot’s mission. We describe two
specifications.

Specification for educational robot

• Level 4:
Adaptive controlling ability. Personalisation: for instance, adapt the learning
strategy to the needs of each child during the teaching process and adjust its
difficulty or speed of teaching task; provide task-based support and satisfaction
with each activity and enhance enjoyment by surprising the user with new
dialogue proposals and activities closer to his/her tastes.

• Level 5.
Self-improvement and updated-development of educational ability. For example,
the robot develops the child’s logic-mathematical abilities, language abilities and
creative and problem solving abilities, which could be fulfilled by establishing
an examination question bank or adding various language-speaking settings.

Specification for special needs education robot

• Level 4.
Adaptive control for different needs, by updating a learning strategy to a
special needs child during the learning process and adjust its instructing style
emotionally to complete different tasks. Provide enjoyment to different users
with special needs and enhance its support: e.g. for kids with autism, provide
more patience (waiting time) and emotionally adjust the speaking tone.

• Level 5.
Self-improvement and fulfilment of special educational tasks, e.g. towards
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children with autism, anxiety disorder or attention-deficit, by development of
socio-emotional skills obeying the rules of a cognitive behavioral therapy, the
reading-writing and musical skills according to interpersonal therapy and even
provide educational interventions with specialized aims.

5.7.1 The impact of affective elements

Mood will directly affect the weights in the utility function. This part will be
performed in the cloud: if the robot is not connected, it is not updated. If connected,
the utility weights are updated after each decision round taking into account earlier
weights and the agent’s mood, impacting consequently on the agent’s decision making.
The weight update introduced is

wit = max{wi+1
t ,min{wi−1

t , wit−1 − β × a×moodt}}, (5.7.1)

where a is a component measuring the impact of mood over the weights and β

describes the rate of weight variation. We next renormalize the weights through

wi∗t = wit∑
iw

i
t

.

To preserve the hierarchical nature of the objectives (w1 > w2 > w3 > w4 > w5),
the value of a in the evolution of weights in (5.7.1) will depend on the corresponding
objective wi:

a =



1, if i = 1,

1/2, if i = 2,

0, if i = 3,

−1/2, if i = 4,

−1 if i = 5.

5.8 Forecasting model

We describe now the forecasting models used specifying the generic one in Section
5.4.1.

5.8.1 Forecasting with one individual

Consider first the case of an agent that faces one individual at each of the time steps
of its evolution. As an example, assume that a robot is supporting a child in his
daily school assignments or providing an old person with daily care. We use (5.4.2).
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For each of its components, we adopt a model averaging approach mixing a classical
conditioning model and an opponent evolution model, respectively, through:

p(bt+1|at+1, bt, ..., bt−k) = p(M1
1 )p(bt+1|bt, ..., bt−k) + p(M1

2 )p(bt+1|at+1),

p(bt|at, bt−1, ..., bt−k) = p(M2
1 )p(bt|bt−1, ..., bt−k) + p(M2

2 )p(bt|at),
(5.8.1)

with p(M j
1 ) + p(M j

2 ) = 1, p(M j
i ) > 0, i, j = 1, 2. It is reasonable to assume the same

weights for both components. Therefore, all in all we have the model

[(p(M1)p(bt+1|bt, ..., bt−k) + p(M2)p(bt+1|at+1))]×[(p(M1)p(bt|bt−1, ..., bt−k) + p(M2)p(bt|at))] .
(5.8.2)

A natural way to model the above conditional terms is based on Dirichlet multinomial
models (French and Insua, 2000). However, in reference to the evolution model
component, as we need to condition, respectively, on k or (k + 1) terms, the problem
would not scale for large k. Consequently, we use a mixture of Markov chains
approximation (Raftery, 1985), based on

p(bt+1|bt, ..., bt−k) = λ1p(bt+1|bt) + λ2p(bt+1|bt−1) + ...+ λk+1p(bt+1|bt−k),

and, similarly, for p(bt|bt−1, ..., bt−k). Gathering together the above developments,
we use

[p(M1)(λ1p(bt+1|bt) + ...+ λk+1p(bt+1|bt−k)) + p(M2)p(bt+1|at+1)]

× [p(M1)(µ1p(bt|bt−1) + ...+ µkp(bt|bt−k)) + p(M2)p(bt|at)] .

We describe now how to assess the weights and various components, which are
now manageable. Consider first the term p(bt+1|bt). A priori we use (b1, ..., bn) ∼
Dir(α1, ..., αn). If after t iterations we have m1 cases of (bt, bt+1 = b1),...,mn cases
of (bt, bt+1 = bn), then we have

p(bt+1|bt) ∼ Dir(α1 +m1, ..., αn +mn)

with estimate
p̃(bt+1 = bi|bt) = αi +mi∑

αi + t
.

Thus, we just need to store (α1 +m1, ..., αn +mn, α+ t) with α =
∑
αi. We use the

same approach with p(bt+1|bt−1), ..., p(bt+1|bt−k), p(bt+1|at+1), p(bt|bt−1)
, ..., p(bt|bt−k), and p(bt|at). As for the λi terms we make λ1 ∝ λ, λ2 ∝ λ2, ..., λk+1 ∝
λk+1 leading to

λi = λi−1 1− λ
1− λk+1 , i = 1, ..., k + 1.
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with λ ∈ (0, 1). We proceed similarly for µ1, ..., µk, that is

µj = µj−1 1− µ
1− µk , j = 1, ..., k.

As for p(M1) and p(M2), we leave them as design parameters (with P (M1) +
P (M2) = 1, P (Mi) ≤ 0) depending on whether we want to consider the user more
reactive to the agent (p(M2), bigger) or not.

5.8.2 Forecasting with several individuals

We now consider scenarios in which the agent interacts with several users. As
an example, the robot may play with several children for educational purposes or
accompany several family members. The robot A potentially faces now q + 1 users
{B1, B2, ..., Bq, Bq+1} in the environment. The first q users are in a database, and
the (q+1) designates a generic user not in the database. As mentioned, the robot has
a detection system allowing it to segment the faces in the scene and check whether
they correspond to individuals in the database. If one of the faces is in the database
with sufficiently large probability, we consider that such individual is actually in the
scene. Let Bt be such set of individuals in the scene.

At time t, the agent forecasts the consequences of its corresponding actions at
and at+1 chosen from A, which refer to the actions of the individuals in the scene.
We assume that the users actions are conditionally independent given the robots
actions and the past history of the user’s actions.

∏
i∈Bt

p((bit+1, b
i
t)|at+1, at, (at−1, bt−1), ..., (at−k, bt−k)). (5.8.3)

Thereafter, we use a copy of the model in Formula 5.8.2 for each individual in the
scene, including copies for the unknown individuals. Finally, we only update the
model components relative to individuals in the scene.

5.9 Calibration

We specify now the recommended numerical settings.

5.9.1 Utility function

As for the utility function, we transfer and simplify the preference model to a
utility table at the computational stage. Basically, the utility computation measures
three features in the interactions: the user action’s attitude (malicious or benign),
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interactive fluency (logic and reasoning) and functional applicability, which aggregate
our 5-level hierarchical preference model

ut(attitude, fluency, function) =
5∑
i=1

wiui(ci) (5.9.1)

Table 5.11: Utility table for the robot

b11 b12 b13 b14 b15 b21 b22 b23 b24

w1: ++ +++ ++ ++ ++ + + + +

w2: + + +++ + ++ + + + +

w3: θ θ θ θ θ θ θ θ θ

b31 b32 b33 b34 b35 b36 b25 b26 b27 b28

w1: – – – – – – – – – + + + +

w2: – – – – – – – – + + + +

w3: θ θ θ θ θ θ θ θ θ θ

1. θ = θ(a, b): in this case the utility will depend on the joint action of both agent and
user.
2. θ(a, b) = +, a ∈ a2, b ∈ b1. i.e. when agent play an interactive action while user play
a maintaining action;
3. θ(a, b) = ++, a ∈ a2, b ∈ b2. i.e. when agent and user both play interactive actions;
4. θ(a, b) = −, a ∈ a2, b ∈ b3.i.e. when agent chooses interaction but user chooses no
response or malicious actions. See action sets a2,b1,b2,b3 in Table 5.6 and 5.8.
5. +,− means one positive and negative unit respectively, θ(a, b) = 0 if it is not in one
of the cases above;
6. The combination of all levels weighted result is the total utility value.

In principle, we assume that the agent’s actions are not malicious. The utility from
attitude derives only from the user’s actions expressing positive or negative attitude,
showing kindness or threats to the agent; this basic attitude mainly influences the
first and second levels in the preference model. In Table 5.8, the user’s actions are
divided into four types. The third type of actions (Malicious) bring a negative effect
to the robot, especially to the first and second utility levels. On the contrary, the
other three types of user’s actions show positive or neutral attitude, bringing positive
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influence to the agents. Based on Table 5.11, use

ut(attitude) =
2∑
i=1

wi × S(+),

where S(+) is the sum of + at each level.
Second, interaction fluency depends on the logical order and compactness of the

robot and user’s joint actions, to see whether user and agent interact in a logical
and smooth way and the intensity of interaction. Both impact fluency. For example,
if the user wants the agent to play music, but the agent starts telling an anecdote,
although interactivity exists, their actions do not follow a logical order. Note that
this feature of utility refers to the third level of the original preference model. When
both the robot and the user all play interactively and friendly, the utility increases;
if the robot plays friendly but received malicious action or no responses, the utility
decreases from the baseline. We use

ut(fluency) = L× w3 ∗ S(+),

where θ basically indicates interactivity (see Table 5.11) and L assesses the logic
of the agent-user interaction and sometimes between relative events (Giordano and
Schwind, 2004; Allen and Ferguson, 1994). Here, we define logic in terms of actions’
causality and their objective domains (e.g. interaction, maintenance, etc.). For
instance, a simple strategy to assess L is based on:

L =


= 1, if joint actions have causal relation,

= 0.5, if actions have no causal relation but within a same objective domain,

= 0, otherwise.

In addition, the agent should also be able to provide more services for the user’s
special needs and act accordingly. This is one way to show its functionality referring
to level-4 and level-5 objectives in the preference model. The robot is able to play
the action propose activity x in Table 5.6 which assigns to a certain functional action
that aims for higher level objectives. This part of utility computation is carried
out through the system connected to the cloud that arranges dynamic activities.
For example, for the agent with special educational function, the system needs to
compute this part differently according to task accomplishment, user’s needs and the
degree of task compliance. Since it depends on the robot functionalities, we do not
further detail it just providing its generic format:

ut(function) =
5∑
i=4

wiui(ci).
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5.9.2 Thresholds

The robotic agent tends to be more optimistic when it is in a positive mood state.
It results in the emotional thresholds thexp and thimm evolving depending on the
robot state during recent several time periods. The threshold for arousing emotions
will evolve as the agent’s mood state changes. We then update both thresholds
to separate expected and immediate emotions, respectively depending on current
mood states and expected or actual utilities over r intervals. The threshold value is
constrained to [0.25, 0.75] to avoid extreme cases.

As to thcom, comparing with the immediate and expected emotions, complex
emotions (anger and disgust) are slightly harder to trigger. Therefore, we calibrate
thcom with the largest value of the other thresholds.

thexpt = max
{

0.25,min
{

0.75, expt + ...+ expt−r+1
r

− moodt−1
10

}}
,

thimmt = max
{

0.25,min
{

0.75, ut + ...+ ut−r+1
r

− moodt−1
10

}}
,

thcomt = max {thexpt , thimmt} .

(5.9.2)

5.10 Summary

This section summarises the whole process learning from interaction from users to, on
one hand, update the emotional motor that facilitates evolving the robot personality
adapting to the user and, on the other, improve learning personalization (activity
proposals, level, usability,...) updating levels 4 and 5 in the objectives pyramid.
These processes would be undertaken in the cloud.

As Algorithm 2 sums up, the robot interaction with the user starts by initializing
several parameters and its personality. Then, there are three main modules covering
the stages of sensing and forecasting, decision-making and emotional adaptation.
At the first stage, the robot collects signals from its sensors to interpret the envi-
ronmental information and recalls the relative emotions from the previous iteration.
Expectations are prior to decision-making and based on a forecasting model, also
used in expected utility calculations and determining optimal decisions. However,
under extreme conditions or emotional states, the robot will take impulsive actions
from the specific sets. As soon as the robot receives the user’s response, it starts
to analyze the actual consequences of its decisions and update triggered emotions
based on obtained utility. Then it evolves mood, preference utility weights and other
related parameters’ value, finally increasing the time mechanism and continuing
interaction to next stage.
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Algorithm 2 Interaction with user
Data: Number of iterations K;

Default personality P
All starting parameters and thresholds

1: For t = 1 to K do

2: Read from sensors (Table 5.3)

3: Identify user/users in scene (Table 5.4)

4: Analyze environmental situation (Table 5.5)

5: Recall emotional and mood state last time from memory

6: If Under extreme conditions then

7: at ∈ Apro: act correspondingly from protective action set (Table 5.9)

8: Else If With extreme emotions then

9: at ∈ Aimp: act correspondingly from impulsive action set (Table 5.10)

10: Else If Detect keywords from Dictionary then

11: Follow the instructions, response the questions (Table 5.9)

12: Else

13: Forecast user’s action p(bj) (Formulas 5.8.1 and 5.8.3)

14: Compute vari for each ai (Formula 5.5.1)

15: Compute expectation: expt. (Formula 5.5.2)

16: Compute fear : feart (Formula 5.5.7)

17: at = arg maxa∈Aψ(a) (Formula: 5.4.5).

18: End If

19: Read user action bt (Table 5.8)

20: Compute ut (Formula 5.9.1), reft (Formula 5.5.3)

21: Compute surprise:surpt (Formula 5.5.4)

22: Compute hapt/sadt (Formulas 5.5.5 and 5.5.6)

23: Compute angt/dist (Formulas 5.5.8 and 5.5.9)

24: Compute current prevailing emotion and show

25: Update moodt (Formula 5.5.10)

26: Update forecasting model

27: Update correspondingly parameter (Formulas 5.5.11, 5.5.12, 5.5.13, 5.5.14 and 5.7.1)

28: Update thresholds (Formula 5.9.2)

29: End For
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Observe that the previous scheme is not synchronous as the robot’s actions and
the interactions may last differently and be interrupted by certain user actions.

5.11 Discussion

We have provided a decision making framework for a low cost social affective robot
with basic educational function aiming to children. The robot is able to interact
with one or more users dynamically with various types of actions. It is capable of
recognizing users’ actions and environment through its sensors. The decision making
system embedded works based on the its forecasting model, except for cases under
extreme environment or survive with too intense emotions. The robotic agent is
implemented with personality and emotional elements, which could improve and
humanize its interaction with users. Affective elements play a role in the decision
making systems, enrich responses from the robots and enhance interaction. In
addition, a user is able to personalize the robot’s personality in the beginning, which
can bring better user experience and improves functionality.

As for the adaptive mechanism, emotion calibration could be updated in the
cloud, which, on one hand, balances the limitations of low cost hardware and complex
computation load, and on the other hand, brings us more space to develop follow-up
work. For future reference, we can continue improving the learning and adaptation
mechanism and conduct simulations for more precise calibration and specialized
aims.
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Chapter 6

Conclusions

6.1 Summary

The driving theme of this thesis has been that agents should be able to reason
efficiently and behave affectively in a variety of settings, and that such reasoning can
be performed in a qualitatively different way from standard decision theory, adapting
insights from human cognitive and affective processing. Regarding the way that
people think, act and make decisions to interact with others or the environment,
many behavioral scientists and psychologists have proven the importance of affect in
decision-making. How to analyze and quantify affect and its impact over interactions?
How to integrate these computational models in robotic agents and improve their
communication and interaction? The preceding chapters shed light on the solutions
of such questions, proposing and demonstrating affect-inspired methods that may be
included in the design of robotic agents in a beneficial way, bringing some reflections
and open issues in the end.

We started from a literature review in Chapter 1, explaining our motivation
and the state of art in the fields of affective computing and decision making. We
summarized the main affective features and outlined their key functions in decision-
making, which are based on different insights from researchers working in psychology,
neuroscience, computer science and mathematics. We also reviewed some classical
and influential affective decision making frameworks, the approaches employed in
modelling, and some mature and comprehensive applications in these fields.

Then, in Chapter 2, drawing on fundamental insights from cognitive sciences,
we have presented a comprehensive model to design agents whose decision-making
processes incorporate affective elements. Our model focuses on the assessment
of the agent’s emotions, mood and personality under the ARA framework. The

127
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agent forecasts the user’s action and makes its decisions taking into account the
environmental and emotional states. We also tried to mimic human behavior with
regards to affective responses. Our agent evolves dynamically and adapts its behavior
to the environment and the user it faces, portraying in diverse emotional fluctuations
under different settings of the agent’s personality when facing different types of users
as shown through simulations. This includes changes in the weights in the preference
model which, in turn, induce changes in the decision-making behavior of the agent.
Comparing with the other agents considered, our model shows greater expressiveness
and environmental adaptability.

Second, in Chapter 3, we have described a parametric model for a community of
agents which may change from a competitive to a cooperative social attitude, and
vice versa, depending on the behavior of the individual agents. Competitive behavior
is implicitly regulated through minimum deviation to a Disagreement Solution,
which we suggested could be based on ARA solutions. Cooperative behavior is
essentially regulated through maximum deviation from such solution. Both problems
are combined in a parametric manner to model evolution from competition to
cooperation. Each agent contributes with a cooperativeness parameter (and its
complementary competitiveness parameter) and we average them to obtain the
community parameter. We illustrated the ideas with an example with two agents,
under the assumption that the agents do not find additional value when forming
coalitions. In the experiment, we suggested a simple regulation of the cooperativeness
weights based on attained utilities, but many other schedules may be devised.

Affective features can influence decision making in many ways, including the
degree of competition and cooperation among agents. When the challenge extends
to a group, cooperation among the community of agents adds more complexity. In
Chapter 4, we provided a model for an autonomous agent which makes possibly
cooperative decisions influenced by affective factors. Aiming at making interactions
between humans and agents more fluent and natural, we have presented a group
decision making framework embedded with individual affective features. We have
described how the evolution from competition to cooperation is associated with the
agents’ emotional states. We have shown that the proposed model is effective and
reasonable through the simulation results under our framework and comparisons with
other settings. Through our designed negotiation strategy, agents which cooperate
with others through affective negotiation tend to attain higher utilities, especially
in cases with higher cooperative threshold. When the group size is relatively small,
cooperative agents usually have advantages in the process. Based on our simulation
results, we further analyzed the solutions in the utility space comparing different types
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of agents and parameter settings. In the majority of simulated cases, cooperative
solutions within our affective group decision-making framework outperform non-
cooperative solutions and emotionless solutions, and tend to be closer to the ideal
solutions.

Finally, in Chapter 5, we have provided a decision making framework for a
low cost social affective robot with basic educational function which is capable of
recognizing users and their actions and environment through its sensors. We have
presented in detail the computation modules and enriched the robot’s functional
description. Although the robotic agent is a low cost application and the functions
embedded in itself sometimes are limited, complicated calibration could be updated
in clouds breaking the limitations of low cost hardware and complex computational
load providing promising developments for future reference.

As this thesis has demonstrated, affective features could be implemented in various
settings through the algorithms and the communications to build and maintain solid
relationships within groups, efficiently solving conflicts and disruptions and improving
the interactions.

6.2 Future Work

Advances in processing speed and the disciplines of computer science, artificial
intelligence, machine learning, psychology, and neuroscience, are all leading to a
flourishing of the affective computing field. The dissertation suggests some additional
possibilities and reveals a number of challenges. We conclude it proposing several
interesting problems for future investigation.

Enriching Models

At a more theoretical level, we aim at exploring higher level thinking ideas within the
ARA loop and expand the affective mechanism to more extensively cover dynamic
factors, such as the agent’s motivational states and attitudes. We could conceive
related scenarios in which agents get to know their utilities as they implement their
action over time in a multi-agent setting. This is dominated by Nash Q-Learning and
related approaches (Hu and Wellman, 2003; Koller and Milch, 2001) and it would be
interesting to explore ARA based methods.

As for the group setting, a decision making process may have a wider range of
possible outcomes: the relations among all parties in a group may change during
repeated interactions. Cooperation might occur in an ongoing relationship which
is purely competitive at an initial stage. Although it is not the only equilibrium in
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an iterated decision-making problem, sometimes a cooperative solution in decision
making may dominate other solutions. In some practical cases, cooperation favours
the parties involved and could facilitate trust and positive relationship. Moreover,
when communication is allowed within a group, negotiation is a way to resolve
conflicts and promote cooperation, which leads to various possibilities to extend
group decision making. The study of negotiation integrates elements from economics,
psychology, sociology, decision analysis and related disciplines. Thus affect does not
only influence individual decision-making strategies, but also the potential negotiation
among a group.

In this dissertation, we considered the role that plays in the transition from
competition to cooperation in a group. In future work, we shall complete the
framework with more affective features to build a more comprehensive framework.
For example, a personality trait could be considered as a variable impacting the
agent’s cooperativeness threshold and a starting point to design affective robots.
Emotions in our framework could be expanded to cover more types; this could help
to describe the agent’s mood state more pervasively. The cooperativeness parameter
could adopt other forms including more affective elements as operators that influence
agents’ negotiation capacities and improve decision-making performance.

Furthermore, we could also include empathy and trust within the affective
framework. For example, including face-recognition techniques, the user’s expressions
can be recognized and analyzed by the agent. Then, with knowledge of others’
emotional states, the agent would modify its utility function aiming to promote
positive mood states and facilitate good experience during interactions.

Note that within an agent-based decision-making framework, it is still an open
question which emotional theories or standards would fit best in the design of
computational operators. Starting from different perspectives or aiming for different
goals, researchers built various affective models to suit their domain needs. Most
of the work have restricted attention to a small set of emotions or other affective
features. We might need deeper research on the generality of affective computational
models.

A Multi-disciplinary Framework

Affective computing often borrows from psychological and neurological research.
To illustrate, ample evidence shows that ongoing brain activity influences how the
brain processes incoming sensory information and that neurons work intrinsically
within large networks. The implications for efficient computing of these insights are
profound. Emotions might battle with cognition to control behavior. After all, we do
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Figure 6.1: Multi-disciplinary Framework

not know everything about the brain. For example, we do not yet fully understand
the complex feedback loops and complicated decision making that drives and controls
emotional responses. The current state of the affective computing art is still in a
nascent stage.

The basis of most affective computing research comes from psychology, behavioral
science and neuroscience. Many researches prove that emotions and other affective
elements may be regarded as a beneficial adaptive mechanism for decision-making.
Affect, as a “meta-heuristic,” consists of generic behavioral responses which give rise
to domain-specific interests in different contexts. From the perspective of neuroe-
conomics, the study of social decision-making has also the potential of extending
our knowledge of brain mechanisms involved in social decisions and advance the-
oretical models about how we make decisions in a rich, interactive environment.
The emergence of this interdisciplinary field offers promising directions for better
understanding decision-making taking into account cognitive and neural constraints
while using mathematical decision models.

In this dissertation, we outlined a general affective framework with a trinity
structure as in (6.1), basically including the support from decision theory, psychology
rules and applied the models to agent-based simulations. But we still have space to
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improve the structure with precise measurements and a comprehensive computational
strategy.

Furthermore based on mathematical models of decision theory and cognitive
science, learning algorithms could help to train an agent’s model to simulate human
behaviors, improve its computational capacity, perform better interactions among
agents or between agents and humans. Computational models of emotions describe
how events in the world can trigger emotional responses in people. Such models
could inform the design of general reward functions with desirable properties. These
intrinsic rewards could perhaps confer some of the benefits that emotion provides in
the process of human learning. There might be significant opportunities for the use
of affect-inspired concepts in learning algorithms. Especially, reinforcement learning
is a very promising candidate with which to deploy affect-inspired operators. It could
be applied to emotional cues to indicate the advantages or adversity of an event.

Standard models in reinforcement learning (Kaelbling et al., 1996; Sutton and
Barto, 1998) consist of a family of algorithms that utilize a simple exploration
principle concerning how agents learn and which action is best at each state of the
process. Reinforcement learning algorithms improve upon this basic framework by
learning the rewards the agent obtains from the environment during its exploration.
In particular, they allow agents to receive an additional internal (intrinsic) reward,
along with the standard (extrinsic) reward provided by the environment. In many
domains, this has resulted in improved learning efficiency and the expansion of its
applicability to harder, more complex domains (Chentanez et al., 2005). Social
exchange and affect can act directly on the brain’s reward system, which could
influence the decision-making process. This connection gives us chances of seeking
social decision-making models more accurately.

In addition, one of the possible venues for research is to simulate similar scenarios
among people and discover the underlying brain mechanism related to decision-
making and attitude changes so as to analyze and learn the practical data from
experiments and then adjust decision-making model parameters. Based on the
previous psychological research ((Loewenstein and Lerner, 2003; Loewenstein and
Small, 2007; Russell and Barrett, 1999; Damasio, 1994), we have developed an
affective model including some basic affective features and tested its feasibility
through simulations. However, brain information processes and response are much
more complicated; the elements that play complicated roles in decision-making
contexts, such as human cognition, learning system, memory, affective features, are
not independent and they give rise to mutual influences. Therefore, it would be
necessary to conduct interactive decision-making experiments with persons. After
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analyzing the experimental results, it would be possible to develop a general decision-
making mechanism based on memory and affect, and adjust the parameters to
improve the proposed models.

To sum up, there is little doubt that the combination of decision theory, with
their detailed mathematical models, modern neuroscience, and the techniques of
computer science offer fruitful opportunities for the study of social decision-making
and applications in human computer interaction. Finally, from the perspective of this
last discipline, we would embed this comprehensive proposed affective models within
visual agents and perform the models in a group decision-making situation so as to
facilitate educational or therapeutic functions by improving their social interaction
and providing a more engaging experience with users. We discuss more on this point
in the following section.

Applications

People are driven by rational thoughts and by affect. Arguably speaking, a well-
behaved affective computing device might be able to harvest information rationally
and emotionally better than people do. Another potential for affective computing is
to process all that emotional byproduct information quickly and integrate it within AI
applications to make better decisions. This would help in improving human-computer
interaction, as well as crosses so many realms.

We aim to apply the affect-inclusive framework in practical products and embed
them in virtual robotic agents, to facilitate human-robot interaction through our
affective decision-making strategy. There are many potential applications of our
model, including the development of social robots and intelligent interfaces. Our
next goal would be to use our affective model in settings like simulation games in
smart phones that could help us in collecting data to enhance the models with more
accurate information.

Research in affective computing bridges the cognitive-emotional gap between
computers and humans, and the technology can interpret, adapt and respond to the
emotional state of its human users. Computers, cameras, and sensors can capture
points in the face, the posture, gestures, the tone of voice, speech and others to
register changes in a user’s emotional state. Low-cost, wearable sensors could enable
companies to measure how environment and experiences affect employee’s mood.
Organizations could use this knowledge to design more effective work settings and
processes to increase productivity and employee satisfaction. Empathy could be built
into enterprise software systems to improve user experience by, for example, sensing
when employees become frustrated with a task and offering feedback or suggestions
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for help. In public places, risky behaviors could be detected in advance and security
systems could identify people who might be dangerous.

From a longer term perspective, we could combine such techniques and embed
our model in a programmable robot for educational purposes. Emotional synthetic
and expressive characters could help children learn in a friendlier and more effective
manner. Students could be taught to learn faster with content that is adjusted
dynamically in a way that would offer a different explanation when the student is
frustrated, speed up the content when bored or slow down during times of confusion.
We could also apply the affective model to develop devices to accompany old people,
or help therapists to improve the treatment of autism or other mental disorders.
More generally, we could use the proposed type of models to develop a concept of
Internet of the Affective Things with an affective layer over the standard Internet of
Things.

Through a set of simulations performed, we have shown how societal cooperative-
ness has an impact over actions. Another motivation for these models is the design
of communities of robotic agents that interact among them and with more users.
Those agents could be used also as interactive robotic pets, robotic babysitters and
teaching assistants or cooperative care-givers for the elderly or people with physical
disabilities.

To conclude, we believe that research in affective computing can have influential
impact in decision making and far-reaching practical benefits for human-robot
interaction, from providing explanations of human’s decision-making theoretically, to
making people’s life more attractive and convenient. Indeed, a very potential and
worthy research field which needs more attention and work in the future.



Chapter 6

Conclusiones

6.1 Resumen

El tema principal de esta tesis ha sido que los agentes deben ser capaces de razonar
de manera eficiente y comportarse de manera afectiva en una variedad de entornos,
y que dicho razonamiento puede realizarse de manera cualitativamente diferente
de la teoría de la decisión estándar, adaptando conocimientos del procesamiento
cognitivo y afectivo. Con respecto a la forma en que las personas piensan, actúan y
toman decisiones para interactuar con los demás o con el entorno, muchos psicólogos
y científicos del comportamiento han demostrado la importancia del afecto en la
toma de decisiones. ¿Cómo analizar y cuantificar el afecto y su impacto en las
interacciones? ¿Cómo integrar estos modelos computacionales en agentes robóticos y
mejorar su comunicación e interacción? Los capítulos anteriores arrojan luz sobre
las soluciones de tales preguntas, proponiendo y demostrando métodos inspirados
en el afecto que pueden incluirse en el diseño de robots de manera beneficiosa, que
motivan algunas reflexiones y cuestiones abiertas al final.

Comenzamos con una revisión de la literatura en el Capítulo 1, explicando nuestra
motivación y el estado del arte en los campos de la computación afectiva y la toma de
decisiones afectivas. Resumimos las principales características afectivas y describimos
sus funciones clave en la toma de decisiones, que se basan en diferentes puntos de
vista de los investigadores que trabajan en psicología, neurociencia, informática y
matemáticas. También revisamos algunos marcos de toma de decisiones afectivos
clásicos e influyentes, los enfoques empleados en el modelado y algunas aplicaciones
maduras e integrales en estos campos.

Luego, en el Capítulo 2, aprovechando las ideas fundamentales de las ciencias
cognitivas, presentamos un modelo integral para diseñar agentes cuyos procesos de
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toma de decisiones incorporen elementos afectivos. Nuestro modelo se centra en las
evaluaciones de las emociones, el estado de ánimo y la personalidad del agente en
el marco de ARA. El agente pronostica la acción del usuario y toma sus decisiones
teniendo en cuenta los estados ambientales y emocionales. También tratamos de imitar
el comportamiento humano con respecto a las respuestas afectivas. Nuestro agente
evoluciona dinámicamente y adapta su comportamiento al entorno y al usuario
al que se enfrenta, retratando diversas fluctuaciones emocionales bajo diferentes
configuraciones de la personalidad del agente cuando se enfrenta a diferentes tipos de
usuarios como se muestra a través de simulaciones. Esto incluye cambios en los pesos
en el modelo de preferencia que, a su vez, induce cambios en el comportamiento de
toma de decisiones del agente. En comparación con los otros agentes considerados,
nuestro modelo muestra una mayor expresividad y adaptabilidad ambiental.

Segundo, en el Capítulo 3, hemos descrito un modelo paramétrico para una
comunidad de agentes que puede cambiar de una actitud social competitiva a una
cooperativa, y viceversa, dependiendo del comportamiento de los agentes individ-
uales. El comportamiento competitivo está implícitamente regulado a través de una
desviación mínima a una solución de desacuerdo, que sugerimos podría basarse en
soluciones ARA. El comportamiento cooperativo se regula esencialmente a través de
la desviación máxima de dicha solución. Ambos problemas se combinan de manera
paramétrica para modelizar la evolución de la competición a la cooperación. Cada
agente contribuye con un parámetro de cooperación (y su parámetro de competi-
tividad complementario) y los promediamos para obtener el parámetro comunitario.
Ilustramos las ideas con un ejemplo con dos agentes, bajo el supuesto de que los
agentes no encuentran valor adicional al formar coaliciones. En el experimento, suge-
rimos una regulación simple de los pesos de cooperación en función de las utilidades
alcanzadas, pero se pueden diseñar muchos otros cronogramas.

Las características afectivas pueden influir en la toma de decisiones de muchas
maneras, incluido el grado de competencia y cooperación entre los agentes. Cuando
el desafío se extiende a un grupo, la cooperación entre la comunidad de agentes
agrega más complejidad. En el Capítulo 4, proporcionamos un modelo para un agente
autónomo que posiblemente toma decisiones cooperativas influenciadas por factores
afectivos. Con el objetivo de hacer que las interacciones entre humanos y agentes
sean más fluidas y naturales, hemos presentado un marco de toma de decisiones
grupal incrustado con características afectivas individuales. Hemos descrito cómo la
evolución de la competencia a la cooperación se asocia con los estados emocionales
de los agentes. Hemos demostrado que el modelo propuesto es efectivo y razonable a
través de los resultados de la simulación en nuestro marco y las comparaciones con
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otros entornos. A través de nuestra estrategia de negociación diseñada, los agentes
que cooperan con otros a través de la negociación afectiva tienden a obtener resultados
mejores, especialmente en casos con un umbral cooperativo más alto. Cuando el
tamaño del grupo es relativamente pequeño, los agentes cooperativos generalmente
tienen ventajas en el proceso. A partir de los resultados de nuestra simulación,
analizamos las soluciones en el espacio de resultados comparando diferentes tipos
de agentes y configuraciones de parámetros. En la mayoría de los casos simulados,
las soluciones cooperativas dentro de nuestro marco de toma de decisiones grupal
afectivo superan a las soluciones no cooperativas y las soluciones sin emociones, y
tienden a estar más cerca de las soluciones ideales.

Finalmente, en el Capítulo 5, hemos proporcionado un marco de toma de decisiones
para un robot afectivo social de bajo coste con una función educativa que es capaz
de reconocer las acciones del usuario y el entorno a través de sus sensores. Hemos
presentado módulos de computación con una descripción funcional completa del
robot. Aunque el agente robótico es una aplicación de bajo coste y las funciones
integradas son limitadas, los cálculos complicados podrían actualizarse en la nube,
lo que rompería las limitaciones del hardware de bajo coste proporcionando un
desarrollo prometedor para futuras referencias.

Como esta tesis ha demostrado, las características afectivas podrían implementarse
en varios entornos a través de algoritmos para construir y mantener relaciones sólidas
dentro de un grupo, resolviendo conflictos e interrupciones de manera eficiente y
mejorando las interacciones.

6.2 Investigación Futura

Los avances en la velocidad de procesamiento y las disciplinas de la informática,
la inteligencia artificial, el aprendizaje automático, la psicología y la neurociencia
están conduciendo al florecimiento del campo de la computación afectiva. Esta tesis
sugiere algunas posibilidades adicionales y revela una serie de desafíos. Concluimos
proponiendo algunos de ellos.

Enriquecimiento de modelos

A un nivel teórico, nuestro objetivo es explorar ideas de pensamiento de nivel superior
dentro del ciclo ARA y expandir el mecanismo afectivo para cubrir más ampliamente
los factores dinámicos, como los estados motivacionales y las actitudes del agente.
Podríamos concebir escenarios relacionados en los que los agentes conozcan sus
utilidades a medida que implementan su acción con el tiempo en un entorno de
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agentes múltiples. Este campo está dominado por el Nash Q-Learning y enfoques
relacionados (Hu and Wellman, 2003; Koller and Milch, 2001) y sería interesante
explorar métodos basados en ARA.

En cuanto al contexto de grupos, un proceso de toma de decisiones puede tener una
gama más amplia de resultados posibles: las relaciones entre todas las partes de un
grupo pueden cambiar durante interacciones repetidas. La cooperación puede ocurrir
en una relación continua que es puramente competitiva en una etapa inicial. Aunque
no es el único equilibrio en un problema iterativo de toma de decisiones, a veces
una solución cooperativa en la toma de decisiones puede dominar otras soluciones.
En algunos casos prácticos, la cooperación favorece a las partes involucradas y
podría facilitar la confianza y las relaciones positivas. Además, cuando se permite la
comunicación dentro de un grupo, la negociación es una forma de resolver conflictos
y promover la cooperación, lo que conduce a varias posibilidades para ampliar la
toma de decisiones por grupos. El estudio de la negociación integra elementos de
economía, psicología, sociología, análisis de decisiones y disciplinas relacionadas. Por
lo tanto, el afecto no solo influye en las estrategias de toma de decisiones individuales,
sino también en la negociación potencial dentro de un grupo.

En esta monografía, consideramos el papel que desempeña en la transición de la
competencia a la cooperación en un grupo. En trabajos futuros, completaremos el
marco con características afectivas adicionales para construir un marco más completo.
Por ejemplo, el rasgo de personalidad podría considerarse como una variable que
afecta el umbral de cooperación del agente y un punto de partida para diseñar
robots afectivos. Las emociones en nuestro marco podrían expandirse para abarcar
más tipos; esto podría ayudar a describir el estado de ánimo del agente de manera
más general. El parámetro de cooperación podría adoptar otras formas, incluidos
elementos afectivos como operadores que influyen en las capacidades de negociación
de los agentes y mejoran el desempeño en la toma de decisiones.

Además, también podríamos incluir empatía y confianza dentro del marco afectivo.
Por ejemplo, incluidas las técnicas de reconocimiento facial, el agente puede reconocer
y analizar las expresiones del usuario. Luego, con el conocimiento de los estados
emocionales de los demás, el agente modificaría su función de utilidad con el objetivo
de promover estados de ánimo positivos y facilitar una buena experiencia durante
las interacciones.

Obsérvese que dentro de un marco de toma de decisiones basado en agentes,
todavía es una pregunta abierta qué teorías o estándares emocionales encajarían
mejor en el diseño de operadores computacionales. Comenzando desde diferentes
perspectivas o apuntando a diferentes objetivos, los investigadores han construído
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Figure 6.1: Marco Multidisciplinario

diversos modelos afectivos. La mayor parte de los trabajos ha restringido la atención
a un pequeño conjunto de emociones u otras características afectivas. Por ello es
posible que necesitemos una investigación más profunda sobre la generalidad de los
modelos computacionales afectivos.

Un Marco Multidisciplinario

La computación afectiva a menudo toma prestado de la investigación psicológica y
neurológica. Por ejemplo, una amplia evidencia muestra que la actividad cerebral
influye sobre cómo el cerebro procesa la información sensorial entrante y que las
neuronas funcionan intrínsecamente dentro de grandes redes. Las implicaciones para
la computación eficiente de estas ideas son profundas. Las emociones pueden luchar
con la cognición para controlar el comportamiento. Después de todo, no sabemos todo
sobre el cerebro. Por ejemplo, todavía no entendemos completamente los complejos
circuitos de retroalimentación y la complicada toma de decisiones que impulsa y
controla las respuestas emocionales. El estado actual del arte computacional afectivo
aún se encuentra en una etapa incipiente.

La base de la investigación en computación afectiva proviene de la psicología,
las ciencias del comportamiento y la neurociencia. Muchas investigaciones demues-
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tran que las emociones y otros elementos afectivos pueden considerarse como un
mecanismo adaptativo beneficioso para la toma de decisiones. El afecto, como una
"metaheurística", proporciona respuestas genéricas de comportamiento que dan lugar
a intereses específicos de dominio en diferentes contextos. Desde la perspectiva de
la neuroeconomía, el estudio de la toma de decisiones sociales tiene el potencial
de ampliar nuestro conocimiento de los mecanismos cerebrales involucrados en las
decisiones sociales y avanzar en los modelos teóricos sobre cómo tomamos decisiones
en un entorno rico e interactivo. El surgimiento de este campo interdisciplinario ofrece
direcciones prometedoras para comprender mejor la toma de decisiones teniendo
en cuenta las restricciones cognitivas y neuronales mientras se utilizan modelos de
decisión.

En esta tesis, hemos delineado un marco afectivo general con una estructura de
trinidad como en (6.1), que básicamente incluye el apoyo de la teoría de la decisión, las
reglas de psicología y la simulación basada en agentes. Pero todavía tenemos espacio
para mejorar la estructura con mediciones precisas y una estrategia computacional
integral.

Además, basados en modelos de la teoría de la decisión y la ciencia cognitiva, los
algoritmos de aprendizaje podrían ayudar a entrenar el modelo de un agente para sim-
ular comportamiento humano, mejorar su capacidad computacional y realizar mejores
interacciones entre agentes o entre agentes y humanos. Los modelos computacionales
de las emociones describen cómo los sucesos en el mundo pueden desencadenar
respuestas emocionales en las personas. Dichos modelos podrían informar el diseño
de funciones generales de recompensa con propiedades deseables. Estas recompensas
intrínsecas quizás podrían conferir algunos de los beneficios que proporciona la emo-
ción en el proceso de aprendizaje humano. Puede haber oportunidades significativas
para el uso de conceptos inspirados en el afecto en los algoritmos de aprendizaje.
Especialmente, el aprendizaje por refuerzo es un candidato muy prometedor con
el que desplegar operadores inspirados en afecto. Se podría aplicar a las señales
emocionales para indicar las ventajas o la adversidad de un suceso.

Los modelos estándar en aprendizaje por refuerzo (Kaelbling et al., 1996; Sutton
and Barto, 1998) constituyen una familia de algoritmos que emplean un principio de
exploración simple sobre cómo los agentes aprenden y qué acción es mejor en cada
estado del proceso. Los algoritmos de aprendizaje por refuerzo mejoran este marco
básico al aprender las recompensas que el agente obtiene del entorno durante su
exploración. En particular, permiten que los agentes reciban una recompensa interna
(intrínseca) adicional, junto con la recompensa estándar (extrínseca) proporcionada
por el entorno. En muchos dominios, esto ha resultado en una mejor eficiencia de
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aprendizaje y la expansión de su aplicabilidad a dominios más complejos y difíciles
(Chentanez et al., 2005). El intercambio social y el afecto pueden actuar directamente
sobre el sistema de recompensa del cerebro, lo que podría influir en el proceso de
toma de decisiones. Esta conexión nos da la oportunidad de buscar modelos de toma
de decisiones sociales con mayor precisión.

En resumen, la combinación de la teoría de la decisión, con sus modelos matemáti-
cos, la neurociencia moderna y las técnicas de la informática ofrecen oportunidades
fructíferas para el estudio de la toma de decisiones sociales y las aplicaciones en la
interacción computadora humana. Finalmente, desde la perspectiva de esta última
disciplina, incorporaríamos estos modelos afectivos propuestos dentro de los agentes y
realizaríamos los modelos en una situación de toma de decisiones grupal para facilitar
las funciones educativas o terapéuticas al mejorar su interacción social y proporcionar
una interacción más atractiva experiencia con usuarios. Discutimos más sobre este
punto en la siguiente sección.

Aplicaciones

Las personas se impulsan por pensamientos racionales y afecto. Podría decirse que un
dispositivo informático afectivo con buen comportamiento emocional podría obtener
información mejor que las personas. Otro potencial para la computación afectiva es
procesar toda esa información de subproductos emocionales rápidamente e integrarla
en una aplicación de IA para la mejora de la toma de decisiones. Esto ayudaría a
mejorar la interacción persona-máquina.

Nuestro objetivo es aplicar el marco inclusivo del afecto en productos prácticos
e integrarlos en agentes robóticos virtuales, para facilitar la interacción persona-
robot a través de nuestra estrategia afectiva de toma de decisiones. Existen muchas
aplicaciones potenciales de nuestro modelo, incluido el desarrollo de robots sociales
e interfaces inteligentes. Nuestro próximo objetivo sería utilizar nuestro modelo
afectivo en entornos como juegos de simulación en teléfonos inteligentes que podrían
ayudarnos a recopilar datos para mejorar los modelos con información más precisa.

La investigación en computación afectiva cierra la brecha cognitivo-emocional
entre computadoras y humanos, y la tecnología puede interpretar, adaptar y responder
al estado emocional de sus usuarios- Las computadoras, las cámaras y los sensores
pueden capturar puntos en la cara, la postura, los gestos, el tono de voz, el habla
y otros para registrar cambios en el estado emocional del usuario. Los sensores
portátiles de bajo coste podrían permitir a las empresas medir cómo el entorno y
las experiencias afectan al estado de ánimo de los empleados. Las organizaciones
podrían usar este conocimiento para diseñar entornos y procesos de trabajo más
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efectivos para aumentar la productividad y la satisfacción de los empleados. La
empatía podría integrarse en los sistemas de software empresarial para mejorar la
experiencia del usuario, por ejemplo, al detectar cuándo los empleados se frustran
con una tarea y ofrecer comentarios o sugerencias de ayuda. En lugares públicos,
los comportamientos de riesgo podrían detectarse de antemano y los sistemas de
seguridad podrían identificar a las personas que podrían ser peligrosas.

Desde una perspectiva a más largo plazo, podríamos combinar tales técnicas e
integrar nuestro modelo en un robot programable con fines educativos. Los caracteres
emocionales sintéticos y expresivos podrían ayudar a los niños a aprender de una
manera más amigable y efectiva. Se podría enseñar a los estudiantes a aprender más
rápido con contenido que se ajusta dinámicamente de acelere el contenido cuando está
aburrido o disminuya la velocidad en momentos de confusión. También podríamos
aplicar el modelo afectivo para desarrollar dispositivos para acompañar a las personas
mayores o ayudar a los terapeutas a mejorar el tratamiento del autismo u otros
trastornos mentales. En términos más generales, podríamos usar el tipo de modelos
propuestos para desarrollar un concepto de Internet de las Cosas Afectivas Things
con una capa afectiva sobre el estándar Internet de las Cosas.

Para concluir, creemos que las funciones de la investigación de la computación
afectiva pueden tener un significado importante en la toma de decisiones y beneficios
prácticos de gran alcance para la interacción humano-robot, de hacer una buena
explicación de la toma de decisiones del ser humano en teoría para hacer la vida
de las personas más atractiva y fácil. Es un campo de investigación con enorme
potencial que necesita más atención y trabajo en el futuro.
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