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Abstract

Emotion is an important aspect of human intelligence and has been shown to play a significant
role in the human decision-making process. This paper proposes a comprehensive computational
model of emotions that can be incorporated into the physiological and social components of the
emotions. Since interaction between characters can have a major impact on emotional dynamics,
the model presents a social learning component for learning associations among characters, which
in turn affects the character’s decision-making and social interactions. The model also designs
a set of personality progression functions to enhance individual differences. In addition, we
demonstrate this empirically through a computer simulation of a dynamic environment inhabited
by a few characters to test our emotional model. The experiments show the effectiveness of our
emotional model to build believable characters during interaction with the virtual environment.

1 Introduction

Humans are not only intelligent but also emotional, and thus emotion should be considered when
we try to simulate how a person will react when a situation arises (Martinez-miranda & Aldea,
2005). More recently, psychologists have begun to explore the roles of emotions as a positive
component in human cognition and intelligence (Konev et al., 1988; Ekman, 1992). Mayer and
Salovey (1993) carried out important work around the term ‘emotional intelligence’—Ilater
popularized by Goleman (1995)—in recognition of the current view that emotions are actually an
important part of human intelligence.

There are a lot of classical research works in an emotion model. Some models of emotions focus
on cognition and their mental components. For example, the OCC model is probably the most
widely implemented of the emotion model and it explains the mechanisms by which events,
actions, and objects in the world around us activate emotional construals (Ortony et al., 1988).
Roseman et al. (1990) develop another event-appraisal model to describe emotions in terms of
distinct event categories, taking into account the certainty of the occurrence and the causes of an
event. This model also shows promise for computer implementation of cognitive emotions. More
recent approaches have moved toward more abstract reasoning frameworks. Such as EMA model
(Marsella & Gratch, 2006) combined a plan-based model of appraisal with a detailed model of
problem- and emotion-focused coping.

One limitation that is common among the previous models is the lack of interactions between
physiology, cognition, and social interaction. In humans, emotions are also generated by low-level
non-cognitive influences—we referred to these as ‘physiological’ aspects, since they tend to be
more easily associated with bodily phenomena than with mental phenomena (Picard, 1997).
Recently, Damasio (2000) describes a high-level architecture of the human affective system. In this
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architecture, he provides a high-level description of how bodily notions of emotions interact with
cognition. However, Damasio’s models are descriptive, without the accompanying precision of
computational implementations. Another emotion architecture proposed by Sloman et al. (1994)
consists of three layers: a reactive layer, a deliberative layer, and a self-monitoring layer. Although
in principle it includes both low-level primary mechanisms and higher-level cognitive ones, the
three-layer architecture also lacks implementional detail.

Inspired by the psychological models of emotions, intelligent agents researchers have begun
to recognize the utility of computational models of emotions for building human-like virtual
characters. For example, Elliott (1992) concretely extended the OCC model to generate a number
of domain-specific rules to appraise events. The model demonstrates how modeling personalities
of characters and their social relationships can interact with the generation of emotions. However,
the model does not address the impact of memory and experience in the emotional process, and
their relation to motivational states.

Bates et al. (1992) built believable agents with moderately competent emotional agents for the
OZ Project (Reilly, 1996). Loyall et al. (2004), based on the OZ project, described an innovative
system for authoring expressive, fully autonomous interactive characters. This system covers
goal-directed and reactive behavior, emotional state, social knowledge, and some natural language
abilities. However, it focused on building specific, unique believable characters, where the goal is
an artistic abstraction of reality, not biologically plausible behavior.

Canamero (2003), taking into account low-level physiology’s relation to emotions, has built a
system in which emotions trigger changes in synthetic hormones, and in which emotions can arise
as a result of simulated physiological changes. This system illustrates the ability of a computer to
simulate physiological elicitors of emotion, as well as the influence of emotion on physiology.

Lim et al.’s (2005) intelligent guide with attitude, designed based on the ‘Psi’ theory (Dérner &
Hille, 1995), integrates emotion, motivation, and cognition access to create a tour guide agent that
can respond to various circumstances and user action appropriately. Although the model sets up
skeleton framework for basic functionality, complexity should be added by formulating the
original theory in a more abstract and formal way.

Learning and adaptability can have a major impact on emotional dynamics. El-Nasr et al.
(2000) propose a computational model of emotions, called FLAME, which discovers several
inductive learning algorithms for modeling the emotional intelligence process. These algorithms
can enable an intelligent agent implemented with FLAME to adapt dynamically to users and its
environment. The adaptive capabilities of FLAME represent a significant improvement in model
emotions, and can be used as the basis to construct even more sophisticated and believable
intelligent systems. However, FLAME does not consider personality, social behavior (multi-
character interactions), etc.

Blumberg et al. (2002) use reinforcement learning to assess events according to the characters’
goals and show that the learning component plays a significant role in interacting with virtual
environment. Tomlinson and Blumberg (2002), subsequently, created AlphaWolf, which presents
an emotional-memory-based mechanism by which computational entities may form social rela-
tionships with each other. This research emphasizes social learning and offers initial steps toward
a computational system with social abilities.

All these works seek to create believable, emotional, or social characters, which serve as sources
of inspiration to our research. Our model, which relied on Damasio’s physiological details and the
OCC model for modeling cognitive and social components, aims to build human-like social
characters.

Character as one of the social individual, interaction, and relationships between individuals can
have a major impact on emotional dynamics and can be adjusted through early experiences.
Therefore, one novel aspect of our model is to incorporate a social learning component to model
the social influence on the emotional behavior of the characters during interaction.

In addition, personality guarantees that a character will behave consistently, which is
considered of key importance to the character’s believability. Thus, another novel aspect of our
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model is to design a set of personality progression functions to set the threshold to generate
emotional states and control the intensities, which can finally generate personality-rich interaction
behaviors.

Our paper is organized as follows. We first present our comprehensive computational model of
emotions, and then give a detailed implementation of key components in the emotional process.
Then the simulation environment and an illustrative example are given to explain the emotional
process in detail. Next we analyze the results from the human-subject evaluation to show the
effectiveness of our model. Finally we draw some conclusions.

2 The emotional model’s architecture
2.1 Overview of the emotional process

The emotional component is shown in more detail in Figure 1. In this figure, real boxes represent
different processes within the model. The characters first perceive the environment. Upon
receiving a perception (which can, for example, be the presence of another character or some
resources, or even an action from another character) the character appraises the situations in a
scene and triggers the specific intensities of emotional states depending on two major appraisal
variables: desirability and likelihood. Since we focus on social characters, the values of two
appraisals mainly depend on interactive actions done by characters. Two social learning algorithms
are proposed, including the character’s awareness of the affiliations with other character as well
as learning about the impact of other characters’ actions.

Generally personality traits play an important role in creating some sort of relationship with
an individual or in cases where several virtual characters are placed in a social setting. In this
emotional process, a set of nonlinear emotion progression functions are then used to vary
the susceptibility of characters to a certain emotional state according to particular personality
characteristics.

An emotion (or a mixture of emotions) once calculated is passed to the filtering process to
produce the strongest emotion. The filtering process can activate emotions using certain emotional
thresholds and output to the action selection process to generate an emotional behavior. At the
same time, the emotions are decayed and fed back to the system for the next cycle. Furthermore, a
set of insufficiently satisfied needs such as hunger, thirst, rest, safety, love, and affection might give
rise to different motives with a certain strength. The character chooses an appropriate action
depending on the motive itself and its strength besides emotional states. To avoid oscillations
between conflicting behavioral strategies, a dynamic persistent factor is added to strengthen the
strength of the currently active motive (described in the action selection context).

A description of those key components and how to integrate them to generate believable
characters will be provided next.
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i
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Figure 1 Emotion process
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2.2 Appraisal

The main function of the appraisal component is to generate a set of emotions with certain
intensities based on the character’s appraising context environment. For example, being attacked
increases the intensity of emotion anger, while a friendly greeting causes the character’s intensity
of emotion joy to increase. As noted in Reilly (2006), a number of existing computational emotion
models represent only the type and intensity of the emotion. The underlying cause that gives rise
to such an emotion, however, provides an additional structure to the emotion, which in turn
supports a range of interesting and important emotion-based behavioral effects. Our system uses
the following more concrete emotional structure:

ES = (Eia R5 T’ Vpi)
Voi = I(desirability, likelihood) (1
Vpi = P( V()i)

Here, E; refers to a type of emotion i. R presents cause event, which will give rise to emotion i.
Cause event can be looked as the character’s internal cognition on the external event that results in
a number of internal goals of the character becoming more likely to succeed or fail. T is the
character targeted by the emotion 7, and V,; represents the intensity of emotion 7, which can be
determined by functions 7 and P. The two functions will be illustrated next.

In the emotion structure, the categorize approach is used to separate emotional phenomena
into a set of basic emotions. The OCC model (Ortony et al., 1988), for example, categorizes the
range of emotions into 22 emotions. Later on, Elliott (1992) augmented the OCC model from
22 to 26 emotion types. Table 1 shows the relationships between the emotion type and related
causing event used in our model.

Initially, the quantitative intensities of emotions V,; can be calculated through function / based
on two appraisals:

(1) desirability of the event, which refers to the measure of whether the event facilitates or thwarts
what the character wants, and

(2) likelihood of events to occur, which refers to the probability that a negative or positive event
that is associated with each goal might happen.

In our paper, the two appraisals are taken from the social learning process, which will be
illustrated in the social learning context. Thus, the intensities of these emotions are calculated
using the following equations formulated by Reilly (1996):

Vojoy = desirability x Alikelihood succeed
Vosadness = undesirability « Alikelihood_fail

V()relief = inlensjtyfear
2)

VOdisz\ppoimment = intensitypope
Votear = undesirability  likelihood_fail

Vonope = desirability x likelihood_succeed

The equations show the method by which intensities are calculated for various emotions given a
likelihood value and an event desirability measure. Note that as expected events are less emotionally
intense than surprising events, emotions such as joy and sadness use changes of likelihood instead of
likelihood itself to affect their emotions intensity. For example, passing an exam is expected to
succeed and then does succeed result in a less-intense emotional reaction than an unexpected success.

Other emotions like dread, anger, or love towards another, which do not depend directly on
likelihood and desirability, are crucially measured according to the character’s attitudes, which are
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Table 1 Relationship between cause event and emotion type

Emotion type Cause event

Joy Occurrence of a desirable event

Sadness Occurrence of an undesirable event

Relief Occurrence of a disconfirmed undesirable event

Disappointment Occurrence of a disconfirmed desirable event

Fear Occurrence of an unconfirmed undesirable event

Hope Occurrence of an unconfirmed desirable event

Dread(C) Other character C’s action threats the character’s safety
Gratitude(C) Other character C’s action results in the character’s need satisfied
Anger(C) Other character C’s action results in the character’s need unsatisfied

taken from the social learning process. For example, if the character learned a friendly attitude
toward another character with intensity v according to its past experience, in the future, it will
experience the emotion of love towards another, with a degree of v.

2.3 Personality

Personality represents the unique characteristics of an individual. In psychology research, there
are many personality models that consist of a set of dimensions, where every dimension is a
specific personality attribute. For example, the OCEAN model (McCrae & Costa, 1996) has five
dimensions: Openness—Conscientious—Extraversion-Agreeableness—Neuroticism. Similarly, Rousseau
and Hayes-Roth (1998) have developed a model of personality traits for social individuals that
includes self-confidence, activity, and friendliness.

Our personality model considers three dimensions, which seem crucial for social interaction. Level
of extraversion varies from sociable and talkative to unsocial and taciturn. Self-confidence varies
from assertive and optimistic to timid and pessimistic. Friendliness varies from friendly and forgiving
to rude. We assume numerical quantification of these dimensions, with a value between [—1.0, 1.0].
For example, a value of 1 in the friendliness dimension means that the character is very friendly, a
value of —1 in the self-confidence dimension means that the character is very shy and timid.

Generally personality traits are used to set the thresholds for generating emotional states
and controlling the intensities (Vinayagamoorthy ez al., 2006). Information about a character’s
personality can influence the probability of choosing actions explicitly or through algorithms that
model uncertainty. Egges et al. (2004) define an m X n matrix called the personality—emotion
influence matrix to explain how each personality factor influences each emotion, which was then
linked to a dialog system represented by a 3D face. Chittaro and Serra (2004) use an OCEAN-
based model of personality as input to a probabilistic automaton where behavior sequences are
chosen from an animation library (and sometimes modified) based on personality.

In our personality process, a ‘sigmoidal nonlinearity’ function is used to model the difference in
personality types as it affects a character’s emotional intensities, designed as follows:

1/(1.0 + exp~Vo=k/key - if - 1o, > 0
0, otherwise.

Vpi = P(Vor) = { 3)

Here V; and V, are the original values and new values of emotion i. The parameter k; shifts the
sigmoid left or right, and the parameter k, controls the sigmoid steep or gentle. The two para-
meters repent how fast the output V), changes with the input Vy,. A smaller value of k; and k, can
make the sigmoid steeper and more responsive. The parameter 0 is a threshold. When it is far to
the right, then a stronger input is required to activate an output.

Through adjusting the parameters kj, kp, and 0, the original emotional state is then used in
conjunction with the character’s particular progression function to compute the degree of this
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Figure 2 Fear emotion progression functions

emotion experienced by the character given their particular personality characteristics. Thus, three
types of personalities, namely ‘general’, ‘confident’, and ‘timid’, have been defined to influence
the fear emotion. By adjusting the parameters of the ‘sigmoidal nonlinearity’ function, we get
three functions:

(1) a median function designed for a ‘general’ personality,
(2) a reduced function designed for a ‘confident’ personality, and
(3) an enhanced function designed for ‘timid’ personality.

Figure 2 shows the personality progression function used in this paper. Here the x-axis
represents the original fear emotion value and the y-axis represents the new fear emotion value
under the influence of the three types of personalities. We used trial and error to find the value of
parameters (ki, k,, 0); those for confident are set to (0.6, 0.24, 0.2), for general to (0.4, 0.2, 0.15),
and for timid to (0.2, 0.1, 0.1).

Thus, by applying a set of character-specific progression functions, characters with particular
personalities will behave differently given the same environmental or emotional stimulus.

2.4 Social learning

Learning can have a major influence on the creation of believable characters and various
researchers have addressed its importance in the emotional process (Balkenius & Moren, 2000;
Gadanho, 2001). Our research focuses on models of emotional learning or memory in situations
where interaction arises (specifically, interacting with other characters). Two types of social
learning are presented, including predicting actions of other characters that please or displease the
character and the social relationships between characters.

2.4.1 Predict other character’s action sequence

In a multi-character interaction environment, learning the patterns of behavior of other characters
and how likely particular actions of others are to occur are crucial for the process of generating
emotions. More specifically, it acts directly on the appraisal variable likelihood, which in turn leads
a character to adopt different emotional behaviors in social situations.

A probabilistic approach is used to learn the behavioral patterns of other characters. The
actions available to characters are composed of two main types: looping and execution action. For
example, the character walks towards food (looping action), and eats the food (execution action)
when it reaches the food location. The two sequential actions lead to the character’s hunger need
being satisfied. Therefore, we focus on two consecutive actions, that is looping and execution



Modeling emotional action for social characters 327

S Character
Character B
Character A | A behavior +®| Behavior sequencel
Perceive
inform ation

: Character
N &
Behavior sequencel

Figure 3 Sequential actions

actions, by the other character. The calculation of another character’s behavioral patterns is given
as follows:

Step 1: In the case of ‘social’ interaction, a statistical table is created to record another
character’s sequential actions and counts, as well as the actions previously carried out by the
character itself (see Figure 3).

Here the dashed box denotes actions previously carried out by the character A itself, and the
solid box denotes another character B’s sequential actions. When a pattern is first observed, an
entry is created in the table that records sequential actions, with a count of 1. Then, every time this
sequence is repeated, the count is incremented.

Step 2: Based on the previous statistical table, Equations (4) and (5) are used to help the
character A predict the probability of another character B’s action sequence

pla) = )/ Y clai )

Here the probability p(a,) denotes the probability of an action g, being carried out by character
B under the conditions of character A’s current situation, c[a;] denotes the counts of action ay
carried out by character B, >, ¢[a;] denotes the counts of all actions carried out by B

p(alc/am) = C[ama Clk]/ Z C[ama Cl,] (5)
J

Here the conditional probability p(a;/a,,) denotes the probability of an action a, taking place,
given that action a,, has previously been carried out by B, and c[a,,, a;] denotes the counts of
sequential actions [a,,, a] carried out by B.

2.4.2 Relationship

In situations where social interaction exists, characters need to interact with each other over
long periods of time, so that it is vital that we create characters with the ability to form social
relationships. One important aspect of such a relationship is modeling the change of one
character’s attitudes toward or dispositional (dis)-liking of another. Thus an individual variable
called affiliation is presented in our model. Affiliation is a subset of a more complex dimensional
representation of social-emotional relationships proposed by Argyle (1990). The character’s
affiliation value is affected directly by its interaction with other individuals and indirectly by its
interaction histories with each of them. The following equation is used to learn interpersonal
relation:

F, (1) = min[1, max(0, \/F2,(t — 1) + w(t) (1 — c(t — 1)))] (6)

where F,,(¢) is the new value of a character’s relationship, varying from 0.0 to 1.0. When F,,(¢) is
close to 0.0, a more unfriendly relationship is built. On the contrary, when F,,(¢) is close to 1.0, a
very friendly relationship is built. F,, begins with 0.5, representing an intermediate relationship.
w(t) is the value attached to the current interactive action carried out by the character
(—1.0=w(r)=<1.0). A positive value denotes that the character’s current action is friendly (e.g.
greet or play with the other character), otherwise a negative value is specified. n is a learning rate.
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We used trial and error to find a range between [0.02, 0.05]. ¢ is the level of confidence associated
with a relationship value between [0.0, 1.0]. It is initialized to 0.0 and then revised as follows:

of) = c(t = 1)+ ox (1 — [(w(t) + 1)/2 = Fyu(t — D)) xmin(c(r — 1), 1 — ¢z — 1)) (7

Here c¢(7) is the new confidence value for the social memory, and « is a learning rate
(0=a=0.02), which is chosen by the user to specify how many interactions it takes to form a
relationship. Multiplying min(c, 1—c) keeps the confidence ¢ between 0 and 1.0.

Finally, the attitude of one character to another is determined by the following equation:

F(f) = 0.5 — F(1)]%2.0 (8)

The parameters here have the same meaning as previously specified. When F,,(¢) > 0.5, F(r)
represents a friendly attitude to another character; when F, (1) <0.5, F(¢) represents a hostile
attitude to another character. The strength of this attitude influences the level of the emotional
appraisal variable desirability, which is increased or decreased directly, and finally leads characters
to generate various social behaviors.

2.5 Emotion filtering and emotion decay

Each time emotions are created, a potential value for each emotion is determined by the appraisal
process. However, emotions do not become active automatically. Each character has a set of
emotional thresholds. The threshold represents the character’s resistance towards an emotion type.
When an emotion intensity is below the threshold, it does not appear in the character’s emotional
state. An emotion is taken into account only if the emotion potential surpasses the defined
threshold. There may be several emotions active at one time. Inhibition can occur directly between
these emotions. The filtering process chooses the emotion with the greatest intensity to determine
the behavior of the character.

However, emotions do not disappear once their causes have disappeared, but rather dissipate
over time, reflecting the dynamics of the emotional system itself. Therefore, the intensity of an
emotion can be characterized as a decay function expressed by

V;),‘ = V;;i xexp(—q@* T) )

Here V),; is the intensity of emotion i when it was first generated. V), is the intensity of emotion i
after some time 7. When the value of V), is below the defined threshold, it is inhibited from the
character’s emotional state. ¢ (the decay factor) represents how fast the intensity of an emotion
type fades out. In the case of hope and fear, as noted by Reilly (2006), the shapes of the intensity
curves are not the same as for other emotions. They can stay high as long as the trigger event
remains. Accordingly, we give @, a value close to zero, and then a bigger value when the trigger
event is confirmed.

2.6 Action selection

As noted by Canamero (1997), action selection can be summarized as how to choose the
appropriate actions at each point in time so as to work towards the satisfaction of the current goal
(the most urgent need). Using Maslow (1970)’s well-known theory of hierarchy of needs, we
include two categories of needs:

(1) Physiological needs (such as hunger, thirst, fatigue, and safety) can be reduced by the
consumption of matching resources or inhibited by a more urgent need. On the other hand,
they can be enhanced by internal factors, such as amount of movement, intensity of
movement, and the duration since the last need was satisfied. In addition, external stimuli
can also increase the character’s related need. For instance, when the virtual character passes
near a specific place where a need can be satisfied, the value of this need (and the associated
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goal-oriented behaviors) is increased proportionally to the inverse of the distance to this
location.

(2) Needs for love and affection are adjusted through early interactive experiences with other
individuals. They are triggered by other friendly characters. Note that an unfriendly individual
can not only inhibit another character’s needs for love and affection but also increase its
safety need.

Using these factors, we model the subjective evaluation of needs in terms of the following
equation:

D(f) = min [strength; = growth;(t) + Z effectyi(t), 1] (10)
k
0, it x(1)<0,
effectii(t) = | 1g2ne i 01 <X(0)<0 (1)
1, if  x(1)=0,.

Here D(¢) refers to the value of need i (between [0, 1.0]) at time ¢. strength; refers to the intensity
of movement (e.g. running has a higher value than walking). Again, we used trial and error to set
the range between [0, 0.01]. growth{(t) refers to duration. Both values can be specified by internal
factors. effect;(t) refers to the strength (between [0.0, 1.0]) on an external stimulus k in adjusting
need 7 at time ¢.

In our model, the strength of an external stimulus k depends solely on the time-varying distance
d(f) between the stimulus and the character—the smaller the d(¢), the stronger the stimulus. Let
x(t) = 1/d(t) denote the strength of the stimulus. 6; and 6, are threshold values ranging between
[0.1, 0.25] and [0.4, 0.5].

In this way intensities of needs exceeding the defined threshold can be generated. The action
selection process chooses the one with the highest intensity to determine the behavior of the
character. This method may sometimes lead to a dithering between behaviors: plans can be
abandoned partway through execution to pursue other goals that have just become only slightly
more pressing. To deal with this problem, we add a dynamic persistent_factor(t) to the relative
strength of the currently active motive so as to avoid behavioral dithering (the rapid oscillation
between different behaviors). The new persistent_factor(t) variable can then be updated by the
following calculation:

persistent_factor(t) = max(Dy(t), likelihood_succeed ) /range (12)

Here D; and likelihood_succeed can be calculated according to how the environmental context
influences the current active goal. A low persistent_factor leads to more flexible behavior, while a
high persistent_factor makes it difficult to change the active motive and helps to avoid oscillations
between conflicting behavioral strategies. The range is a scaling rate between [5, 10], also set by
trial and error.

Finally, the internal need with the highest level will trigger appropriate actions to get itself back
into its comfort zone. In this process, emotions are added to modify or amplify needs and
behaviors. More specifically, emotions play three roles:

(1) Modulating and evaluating a choice: Since emotions are related to goals, they can change
goal priority in situations requiring an urgent response. If a character is being attacked, for
instance, a dread or anger emotion will be generated, and the intensity of the safety need will
be strengthened as well, inhibiting other goals so as to allow the character to escape from or
attack its attacker.

(2) Enhance social interactions: Emotions and their expression are crucial in communication for
virtual characters situated in complex social environments. Our proposed social learning
component can also endow the characters with the ability to form social relationships
autonomously and display them during the course of interaction.
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(3) Make behaviors more realistic: Emotions generated at every time step can change the way in which
behavior is executed so as to develop characters’ own personalities and increase their believability.
Emotions contribute to the generation of richer, more varied, and flexible behaviors.

In order to understand the entire emotional process described in the previous section, the next
section examines a small example.

3 Illustrative example

In this episode, character A, whose hungry value has the initial value 0.4, is walking toward food
full of hope (see Figure 4). After a while, he finds another character B approaching. According to
the statistical table recording actions carried out by character B (see Figure 5), character A
predicts that character B’s probability of taking the resource action is 20% * 90% = 18%, and of
60% *98% = 58.8% to attack. Character A also generated a hostile attitude 0.8 to B by using
Equations (6)—(8).

As previously discussed, the generation of emotional intensities relies heavily on two appraisal
variables, namely desirability and likelihood, which are taken from the social learning process.
Thus, when character B appears, character A’s fear emotion of not getting food is generated with
an intensity 0.18 * 0.8 = 0.144, and its dread of B emotion is of intensity 0.588 * 0.8 = 0.47. These
emotions generated lead character A to cry (see Figure 6).
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Figure 4 Character A runs toward food full of hope
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Figure 5 An instance of character B’s sequential actions
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Figure 7 Action selection procedure for character A

At the same time, the event ‘character B approaches’ strengthens the intensity of character A’s
safety need. Thus, character A stops crying and tries to decide what to do (see Figure 7). After an
action selection procedure, the character A finally decides to escape from character B (see Figure 8).

4 Simulation and results
4.1 A dynamic simulative environment

Based on our previous work (Pan et al., 2005), we have developed a virtual environment (shown in
Figure 9) in C++ with a real-time 3D graphics library (based on Microsoft Direct3D) and
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Figure 9 The virtual environment

articulated characters (using the Cal3D library). Roughly, the virtual world is composed of two
kinds of entities: resources and virtual characters.

Resources are entities that can trigger and satisfy the character’s bodily needs, such as hunger,
thirst, fatigue, and so on. This work is aimed not only at task achievement (e.g., finding food) but
also at doing so in a social context. So characters can steal/give resources from/to other characters,
thus inhibiting or enhancing the character’s social affiliations. For example, being given (grabbed)



Modeling emotional action for social characters 333

cup book
chair exercise tool

Figure 10 Some resources

Table 2 Behavior description

Behaviour Description

Friendly(c) The character acts in a friendly way towards another character C including physically
approaching it, playing with C, and giving food to C

Unfriendly(c) The character acts in an unfriendly way towards another character C, both preferring to

physically avoid C and acting aggressively towards C, which can be subdivided into
grabing C’ resources and attacking C
Explore The character explores various resources

food from/by another character B causes the hungry character’s attitude toward B to become
more friendly (unfriendly). Their attitude toward other characters can then affect the style in
which characters carry out social actions with respect to each other. Figure 10 shows some
resources used in our system.

Characters are entities that respond to and reconstruct the virtual world. They perceive the world
by means of their sensors and act on the world by means of their motor controllers. The decision on
what action to carry out results from the combination of a character’s physiological, cognitive, and
social influences. In our experimental environment, we categorize the characters’ behaviors into three
types: friendly(c), unfriendly(c), and explore resource, which are illustrated in Table 2.

To convey the characters’ emotional states in the model, we use facial and body expressions.
More specifically, friendly behaviors can be expressed as physical closeness, more direct
orientation, more gaze, smiling, head nods, and lively gestures. On the contrary, crossed arms, lack
of smiling, physical avoidance, and depressed gestures can be shown as unfriendly behavior
(see Figure 11).

4.2 Validation

The virtual world contains three characters, ‘big head’, ‘small head’ and ‘boy’, as well as many
resources. To evaluate whether or not our emotional model causes characters to exhibit human-like
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Figure 11 Building expressions into social characters

social behaviors, we performed a human user study involving 15 users randomly chosen in our lab
to watch and interact with the characters in the following three runs:

(1) The three characters autonomously select their social behaviors based on the social learning method
(‘learning method’). In addition, to evaluate how the personality component influences social
behavior, in this run, we endow the character ‘boy’ with coward and friendly personality, ‘big head’
with confidence and friendly personality and ‘small head’ with general and unfriendly personality.
During the run, the system records all the behaviors chosen by the ‘boy’ to interact with others.

(2) The three characters select their social behavior randomly at every meeting time (‘random
method’). The ‘general’ personalities are used for all the characters.

(3) The three characters have been assigned clarity relationships and social behaviors, for example,
‘boy’ does always friendly behavior with ‘big head” and unfriendly behavior with ‘small head’ at
each interaction (‘scripted method’). The ‘general’ personalities are also used for all the characters.

In each run, the camera focuses on the character ‘boy’. Each character starts off with no social
relationship. Each experiment runs roughly for 10 minutes. One can think of them as interactive
versions of short stories or animated shorts. They are not especially large but are still complex
enough to be interesting.

To help users to clarify the characters’ behaviors in the context of validation, on the one hand,
we display some text on the graphic interface that described the character’s internal needs, internal
emotions, and actions (shown on the left-top side in Figure 9). On the other hand, in the first run,
the users can use the keyboard to direct virtual characters do something inconsistent with
their goal-oriented behaviors. When this happened, the characters can adopt different affective
behaviors to express their own feelings. For example, when the user controls the character to greet
with an unfriendly character, it will express unwilling and unfriendly behavior such as crossed
arms or turning away. User control actions include the following: (1) give resources to other
characters; (2) greet or play with other characters; (3) steal resources from other characters; and
(4) attack other characters. In the remaining runs, the users do not interact with the character.
After the three runs, the users are asked to rate his or her opinion on a range of topics:

(1) Do you think the ‘boy’ is able to exhibit a clear relationship with the other two characters (y/n)
during the three runs? Rate ‘boy’s’ friendly behavior, unfriendly behavior, and overall social
behavior through facial and body expression. Answers in scale of zero to five (0—not clearly
and 5—very clearly).

(2) Do you recognize each character’s personality according to its style of social behaviors (y/n) in
the first run? If yes, describe their personalities.

(3) Do you feel the character’s behavior is consistent even when the users make the character
carry out conflicting actions in the three runs. Rate your enjoyment in scale of zero to five
(0—not interesting and 5—very interesting).

For the first question, all users rated the interpersonal relationship between characters in the
first and third run. The detailed evaluation results are shown in Figure 12. From the users’
evaluation, we can see that the character ‘boy’ receives high scores in the first run on ‘overall
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Figure 13 The social behavior of ‘boy’ to ‘big head’ and ‘small head’

behavior’ (rating was on average 4.0), ‘friendly behavior’ (rating was on average 4.0), and
‘unfriendly behavior’ (rating was on average 4.13). This demonstrates that users find the character
boy’s social behavior convincing. The random character in the second run, considered a non-social
character, cannot build clear relationships in all interactions. More users think the character
disrupts their ‘suspension of disbelief’. Not surprisingly, the users rate the characters’ social
behaviors in the third run with the highest scores, since the characters have pre-defined relation
information. However, the first run still has nearly the same score as the third run.

For the second question, Figure 13 shows behaviors of ‘boy’ through the interactions. Here, the
x-coordinate represents tested behaviors including friendly and unfriendly behaviors. To identify
the type of personality more clearly, the unfriendly behavior is subdivided into avoid and attack
behavior. The y-coordinate represents the probability of each tested behavior adopted by the
character ‘boy’. According to the users’ evaluation, all are able to distinguish the personalities
among the characters clearly in the first run. They also recognize the character ‘boy’ is shy and
fearful, while the character ‘big head’ is friendly and the character ‘small head’ is aggressive. The
evaluations correspond to the system’s statistical results. These results demonstrate the impact of
personality on characters’ social behaviors.

For the third question, a low score is registered for the characters in the second run (the rating
was on average 0.5). All the users find that the social characters in the first run express their own
feelings by specific behavior under the control of users. The character’s expressions arouse the
users’ interest with the highest score (rating was on average 4.2). Although the users think the
characters’ behaviors are consistent in the third run, the characters always behave in the same way
in a similar situation without the users’ control, which results in the character’s interest dropping
to a low level (the rating was on average 2.67).

The results attained, although very limited, do however suggest that the use of emotional
characters can lead to believable situations and do evoke users’ empathy, which results in the users
becoming more immersed into the virtual world.

5 Conclusions

In this paper, we proposed a comprehensive computational model of emotions that incorporates
both low-level physiological effects and high-level cognitive and social effects. In the emotional
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process, a social learning component and a set of personality progression functions influence the
characters’ social behaviors. We have run experiments with users to show that: (1) they think the
characters can express human-like social behaviors; (2) they can also recognize concretely
personalities given for each character; and (3) they find the social characters are largely believable
and entertaining.

While we do address several issues, there are still many phenomena that are not addressed
adequately or at all. Future work with this model includes taking self-esteem and self-actualization
reasoning into account when a character is involved with a group. We also plan to add biological
memory to allow the emotional mode to influence memory retrieval. Furthermore, we would like
to extend the demo system to construct interesting characters in a multi-agent system.
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