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Abstract—We introduce an action selection framework for the
advanced behavioural animation of virtual creatures. In modern
creative media, the behavioural animation of characters which
act in a believable fashion is an ongoing challenge. Traditional
action selection approaches which attempt to make an agent act
rationally often fall short of the believability required for the
modern consumer. Often the most believable action is not the
most rational one, and our judgement of an agent’s behaviour
may also be based on the perception of its personality. Our
approach, Affective Spaces Modelling, addresses these issues by
creating a multi-dimensional environment constructed of aspect
dimensions, with each aspect dimension representing a linear
scale of a single component of the agent’s internal state. Affective
states can then be modelled by placing them in a single point
in this environment. As the agent’s state changes within the
affective state space, different affects trigger appropriate actions.
We demonstrate through a case study how the technique can be
used to simulate different types of agent behaviour, operating both
individually and as part of a group. Our case studies focus on
groups of agents, allowing for the direct comparison of different
personalities and examples of behavioural phenomena.
Keywords—Affection; Virtual Creatures; Action Selection;
Computer Animation

I.

BACKGROUND AND M OTIVATION

In interactive media such as video games, the believability
of autonomous agents or non-player characters (NPCs) can
be crucial to user enjoyment and immersion. Suspension of
disbelief that the agent can be accepted as ‘real’ can be key
to player engagement.
Increasingly realistic, detailed and dynamic video game
environments have changed the requirements of creative AI
methodologies by requiring NPCs to react in an increasingly
believable fashion. Control over behaviour is as crucial as ever
in order to direct the agents and ensure the desired gameplay
experiences. Furthermore, the recent resurgence of virtual and
augmented reality magniﬁes the importance of believability,
as these technologies imbue NPCs with much more perceptual
volume and presence in the virtual world.
The ﬁlm industry is another domain where being able to
direct the behaviour of autonomous agents and digital doubles
is a current issue. In the past, large crowd scenes have required
the hiring of hundreds of human extras [1]. But, over the last 20
years, the majority of ﬁlms which have featured large crowds
have used simulation, the most noted example being the CGI
battle scenes in the Lord of the Rings franchise, generated by
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the MASSIVE software [2]. This is partly due to the obvious
cost advantages, but also because artiﬁcial agents can be placed
into situations which would be dangerous, costly or unethical
to place an actor in. However, using autonomous agents to tell
a story requires a balance between fully directed actions, and
accurately simulated behaviour.
Ultimately developers need to be able to structure an
agent’s ‘brain’ in such a way that their behaviour is autonomous, but also believable within the context of the story,
it’s environment and its perceived personality.
An agent may also have multiple objectives (as is often
the case with game agents) and believable action selection
must consider which objective is prioritized at each given
moment. Task priority as a challenge is often approached from
a principle of optimization, but this usually does not take
into account the agent’s personality or mood which may bias
towards a non-optimal or irrational action.
As an example, consider a parent faced with the decision of
going into a burning building to rescue their child. Clearly, this
situation creates a conﬂict between the agent’s internal states
as while the parent wishes to save their child they would also
be aware of the low chance of success, and their own mortality.
We could argue that the rational action would be not to enter
the building, but, faced with that decision how many parents
would act rationally?
In this work, we will discuss an algorithmic approach
where affective states (such as emotions) are designed and
positioned within an n-dimensional affective space. We will
show how this method can be applied to the problem of
action selection with a speciﬁc focus on creative industry
applications.
This paper is organized as follows. We will begin by deﬁning what we mean by action selection. We will then provide a
short overview of the bio-inspiration for our new approach. We
will then describe our Affective States Modelling technique,
and two additional components which allow for the simulation
of social phenomena. We will then describe a case study which
discusses how the method can be implemented in simulations.
We will conclude by discussing some of the related work,
highlighting that despite the large number of action selection
techniques that exist, none have been universally accepted.
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A. Objectives
The design of the Affective State Modelling method is
motivated by a number of design objectives:
1)
2)

3)

The method should allow for various ‘personalities’
to be exhibited by agents within the same underlying
architecture.
The method should allow for structured unpredictability helping to add realism to the behaviour
in a simulation. Agents should be able to routinely
surprise an observer with a non-optimal or seemingly
irrational behaviour that is still contextually appropriate based on their personality.
Tuning and validating animations is typically a task
that an animator is responsible for, rather than a
computer scientist or software developer. As such,
any system designed for this audience should be able
to be calibrated without the need to modify code.
II.

D EFINING ACTION S ELECTION

Action selection is often discussed in terms of Reynolds’
model of animation. In his original paper [3], the action
selection problem is only explored from the context of combinational steering behaviours. Reynolds stated that this happens
in two ways, either as a sequential switch between behaviours
or by blending them together. He goes on to argue that
switching is appropriate for certain behaviours, such as a prey
animal switching between eating to ﬂeeing from a predator. In
this example, all other concerns would be forgotten, as it is
unlikely that the creature will change activity during its escape.
This behavioural switching occurs at the Action Selection layer
of his model.
However, more commonly steering behaviours are blended
to produce aggregated behaviours such as the Boids ﬂocking
model [4]. An important distinction to make is that the blending of behaviours happens at the middle steering behaviour
level, not the higher action selection level. While this may
seem like a subtle distinction, the emphasis is on the objective
of the agent. In the ﬁrst predator-prey example, there is a clear
switch in objectives, from eating to ﬂeeing. In contrast, while
the agent is blending between the separation, alignment and
cohesion steering behaviours during ﬂocking, the objective,
ﬂying within a ﬂock, remains the same. However, this is a
distinction which is often misunderstood, and it is why we
require a working deﬁnition of action selection.
A popular deﬁnition from ecological research is that “Action selection is choosing the most appropriate action out of a
set of possible candidates” [5]. Under this deﬁnition, an action
is deﬁned as the mutually exclusive signal sent to the effectors
of the animal, and that only one can be executed at any one
time (a muscle cannot simultaneously contract and expand).
However, Tu[6] argues that this deﬁnition leads to confusion, as it assumes that all action selection refers to movement.
Thus, action selection would be no different to the overall
control system of the agent in question. The alternative that Tu
proposes is to differentiate motor control from action selection.
The motor control should be considered a lower level process,
simply combining the movement of actuators to form useful
actions. These actions can then be selected by the ‘higher level’

action selection system. This understanding of action selection
bears some similarity to the model proposed by Reynolds. The
Locomotion Layer Reynolds describes is clearly analogous
to the motor controller, as both are lower level processes
than the Action Selection Layer. To ensure this differentiation
is explicit, and to avoid the confusion described by Tu, we
propose expanding Tyrell’s deﬁnition for the purpose of this
research to deﬁne action selection in the following way:
Action selection involves choosing the most appropriate action out of a set of possible candidates,
where an action represents a process or behaviour
undertaken to achieve a goal.
III.

T HE A FFECTIVE D OMAIN

The goal of this work is to create autonomous creatures that
behave in a personality appropriate way within complex and
dynamic environments. In the real world and in simulations,
this is typically accomplished with agents making decisions
based on their internal state and an interpretation of external
stimuli [7], [8]. In psychology, these mental activities can be
classiﬁed into three domains: the affective; the conative; and
the cognitive.
As discussed in our background, we are looking for a way
to produce behaviour that is believable for the given situation.
This includes acting irrationally and emotionally if appropriate
for the current situation that the agent is in.
The affective domain is concerned with feelings and emotion, and how an organism reacts to stimuli. An affective state
is a psychological construct which describes a particular state
along descriptive affective dimensions.
Experimental research and some clinical phenomena have
shown that affective reactions are often the ﬁrst reactions
an organism will make to a stimuli, and that the affective
reactions can occur without extensive reasoning, and with
greater conﬁdence than cognitive judgement. This has led
some psychology researchers to conclude that the affective
domain is largely independent, and precedes the cognitive in
the processing of stimuli, and for lower organisms they are the
dominant reactions [9].
Individual states are often categorized and described by
their valence, the intrinsic attractiveness (positive) or adverseness (negative) [10] of the affect. This categorization is based
on the agent’s perspective rather than a more holistic viewpoint. Fear is said to have negative valence, even though fear
of speciﬁc situations can be considered positive. For example,
being scared of ﬁre may prevent an agent from being burnt,
but the feeling of fear itself is unpleasant, so it is described as
having negative valence. An affect is also sometimes used to
describe a facial, vocal or gestural display, which serves as an
indicator of the underlying affective state.
One attempt to implement the affective domain in an agent
uses a motivational action selection system, with goal-oriented
behaviours Where an emotional layer introduces ﬂexibility and
believability to the behaviours [11], [12]. However, there has
generally been little research in developing affective based
action selection systems.

978-1-4673-8460-5/16/$31.00 2016 IEEE

479 | P a g e

SAI Computing Conference 2016
July 13-15, 2016 | London, UK
IV.

A FFECTIVE S TATES M ODELLING

We now describe the Affective States Modelling (ASM)
approach to action selection, which we have developed with the
objective of producing behavioural animation which resembles
personality driven responses to external stimuli.
The model is proposed primarily for the design of creative
applications (rather than as a cognitive model), and as such
we evaluate the design in the following sections in terms
of whether it achieves our design objectives as stated in the
motivation.
In our approach, the observable behaviour of the agent is
derived from its affective state at the current time-step. Each of
the affective states are associated with an action (or actions)
which are designed to be appropriate for the speciﬁc affect
being exhibited. For example, if a prey agent is currently
“afraid” then an appropriate action could be to ﬂee.
The affective states are modelled as ﬁxed points, deﬁned
as coordinates within an n-dimensional space. This space is
made up of a number of aspect dimensions, each describing
an aspect or feature of the agent such as its senses or the
resources it currently has available. These are maintained and
monitored internally within the agent. Each dimension has an
upper and lower limit, which represent the extremes of the
particular aspect with the central point representing the neutral
condition (see ﬁgure 1). Each agent’s current position along
each of these aspect dimensions is stored numerically in a
variable.
As the agents interact with their environment, the variables
change according to the agents’ current condition. Using the
example provided in the background and motivation section,
the parent’s internal state in this situation (of a parent deciding
to go into a burning building to save their child) can be
described using two dimensions, notably, “protectiveness” (for
their children) and “fear”.
These variables are used to map the agent’s current state
as a single position (the ‘physiological state’) within the
affective space. This is illustrated in ﬁgure 1 where four affects
have been positioned within the space. The agent’s current
physiological state (red) is mapped as being within the bottom
right quadrant (x+ and y−) of the aspect dimensional space.
This position is compared to each of the affective states (light
or dark grey circles). The affective state which has the shortest
(Euclidean) distance to the current physiological state is the
affective state adopted by the agent (dark grey circle). In the
simple example pictured in ﬁgure 1, the agent will exhibit the
affect4 affective state. For simplicity, this illustration only
has 4 affective states in 2-dimensions; however, additional ﬁdelity and complexity can be introduced through the modelling
of additional affective states or aspect dimensions.
A. Components
To explore our approach in more detail, we break it down
into three components (visualized in ﬁgure 2). The ﬁrst (Sensing) refers to the environmental inputs and the internal drives
of the agent. The second component (Affective State Space)
is the aspect dimensions which structure the affective states
space. This layer also involves the location of the individual

Fig. 1: A 2D example of four possible affective states (light
gray or dark gray circles) expressed as positions within a 2D
space. The agent’s current physiological state (red circle) is
compared to these predeﬁned locations. In this example, the
agent’s current physiological state is closest to affective state
4, which is selected as the current affective state (indicated by
the darker shade of gray).

Fig. 2: The three components of the ASM action selection
technique.

affects within the space. The ﬁnal component (Actions) is the
design of each action associated with an affect.
1) Sensing: The sensing component is concerned with
monitoring incoming information via the agent’s sensors (internal and external) and storing it in a way that can be interpreted
within the Affective State Space.
The sensing component of the agent is also responsible
for any additional normalization or balancing functions on the
individual aspect dimensions. For example, a decay may be
required to return an agent to a normal state when a sensor is
no longer activated (for example, how long it would take an
agent to calm after being frightened).
2) Affective States Space: The Affective State Space is
a multi-dimensional representation which stores the possible
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affects, and the agent’s current physiological state as deﬁned
by the sensing component. The sensors provide values which
are represented as a single position along an aspect dimension.
These values collectively deﬁne the coordinates of a single
point in the Affective States Space which represents the agent’s
physiological state at the current time-step. The physiological
state is the raw state the agent is currently in as deﬁned by it’s
sensors, before the affects are considered.
The agent’s current state is then compared with the possible
affects positioned within the Affective States Space. The
closest affect to the current physiological state (calculated
through Euclidean distance) is then set as the agent’s current
affect.
Designing an affect involves determining where in the
Affective States space the affect should be positioned. The
affect itself is a state which when active triggers a resultant
action.
3) Actions: In our section deﬁning action selection, we
deﬁned an action as a process or behaviour undertaken to
achieve a goal. For the purpose of our model, the action is
a function which produces behaviour that achieves a speciﬁc
goal.
For the examples in this paper, we built actions as combinational steering behaviours [3] by changing the weightings of
individual behaviours (such as seek, ﬂee etc.). There are many
other ways that an action can be designed (e.g. changing the
target node of a path ﬁnding algorithm) and although steering
behaviours are often a good way to construct an action, they
may not be suitable for every simulation. For the purpose of
this research, we are simply using them to demonstrate the
technique.
In the case studies described in subsequent sections, each
agent has a number of associated steering behaviours. The
actions are designed by deﬁning the weights that each of these
steering behaviours will have when the agent is experiencing
a speciﬁc affect.
For example, consider an agent that has two steering
behaviours associated with it. The ﬁrst behaviour (wander)
inﬂuences the agent to explore the environment; the second
(seek) inﬂuences the agent to move towards a home location.
The agent also has two affects, each with associated actions.
The ﬁrst (curious) will cause the agent to explore the environment; the second (homesick) will cause the agent to return
home.
Designing actions to suit the different affective states
requires simply adjusting the weights of the two behaviours.
For example, to achieve a ‘curious’ affect, a weight of 1.0 can
be set for the wandering steering behaviour, and a weight of
0.0 for the seeking steering behaviour. To achieve a ’homesick’
affect, the weights can be switched, with wandering now
having a weight of 0.0, and seeking a weight of 1.0.
Immediate switching of a particular steering behaviour on
or off in this fashion may be suitable for some situations such
as simulating reactive or instinctive responses (like the ﬁght
or ﬂight reﬂex). In other situations, a large number of possible
intermediate behavioural states may be desirable in order
to allow for emergent, intermediate or indecisive behaviour.

For example, instead of a simple switch, we can interpolate
between the steering behaviour weights of the old and current
action when the affective state changes.
V.

C ROWDS AND G ROUPS

When the same affective space is implemented on groups
of agents, action selection based on Affective States Modelling
(ASM) naturally produces behaviour which appears highly coordinated. This is simply because they react to the environment
in the same way, but they are essentially acting independently.
However, in real life, groups of agents often do not act
entirely independently, and are inﬂuenced by the state of the
agents around them [13]. This form of inﬂuence can force
agents to act irrationally, resulting in various group-behaviour
phenomenons such as mass-hysteria [14], or stampedes [15].
Phenomena such as this has resulted in many devastating
events in history including the Baghdad Bridge stampede in
2005 [16] and the Phnom Penh disaster in 2010 [17].
This social phenomena can be simulated using the ASM
approach through the implementation of an ‘empathy’ function. In the following subsections, we will describe the implementation of an empathy function which we will refer to as
‘intimidation’.
We work from the assumption that the agent is a member
of a crowd. If the agent is separated from other agents, it is
sensible to assume that they would not be inﬂuenced by distant
neighbours. Before either of the empathy functions are used,
an agent must establish its local neighbours.
A. Intimidation
In the intimidation method, an agent is inﬂuenced by a
subset of agents (the ‘neighbours’) within a predeﬁned range
(their ‘vision’).
In the intimidation method, the agents have an awareness
of the current affective states of their neighbours, not their
internal physiological state The agent only has knowledge of
the affective state based on its own internal representation.
So, if the agent is being inﬂuenced by a neighbour that is
scared, it would assume this was the result of a physiological
state matching the coordinates of the agent’s own scared affect.
Although the positions of the internal states may be different,
this is the reference point the agent would work from.
At each time step, the agent observes the affective states
of all its neighbours, and converts these into coordinates by
comparing the states it sees to its own representation (see
ﬁgure 3.A). A new centre-of-mass location is calculated by
generating the sum of these locations and dividing by the
number of neighbours (see ﬁgure 3.B).
The next stage is to calculate the group authority, the
amount of inﬂuence that the neighbours have on the agent’s
own affective state. The group authority is ascertained by
generating the sum of the combined authorities of all the
agent’s neighbours, and dividing by the number of neighbours.
Once the group authority and affective state inﬂuence
have been calculated, a weighted average is used to calculate
the ﬁnal state, with the group authority replacing both the
neighbour state and the neighbour authority (see ﬁgure 3.A).
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Fig. 3: A graphical representation of the stages of the intimidation algorithm, using the same affective space as ﬁgure 1. In
(A), the affective states of local neighbours are evaluated and plotted onto the agent’s own representation (red circles). In (B),
a “centre-of-mass” position (green triangle) between the two states is calculated, with the weights taken from the number of
agents in each state. In (C), a weighted mean position (blue diamond) is established between the agent’s physiological state and
the centre-of-mass position. The weights are generated through the group authority and the agent’s independence. The weighted
mean is then used to establish the current affective state (dark grey).

VI.

S IMULATION OF F ISH

To evaluate the ASM method, we simulated three separate
species of ﬁsh interacting with each other and a predator.
The aim of the study was two-fold: ﬁrstly, we wanted to
see whether distinctive species personalities could be designed
into the ﬁsh. Secondly we wanted to test the scalability of
the algorithm, increasing the number of affective states and
aspect dimensions while moving away from 2D simulations
and into 3D game environments generated using the Unity
Game Engine [18].
Each ﬁsh species was given a virtual brain with varying
levels of complexity. Affective states were constructed based
on information freely available through online sources; for
example, sources such as web articles, aquarium forums, and
the ‘species’ Wikipedia page. Additionally, videos of the ﬁsh
species were observed to provide visual insight. A corpus
of the videos and web sources which informed the design
of affects and actions can be found on the AMBER project
website [19].
Once the simulation was run, a validation and tuning exercise was conducted comparing the virtual species behaviour in
the simulation to videos of the real counterpart. If required, the
positions of the affective states within the dimensional space
was then tuned to produce behaviour which resembled the
virtual creature’s real-world counterpart as closely as possible.
The primary intention of this model was not to accurately
simulate ﬁsh from a biological perspective, but rather to create
a simulation which was believable to a human observer that
would be suitable for use in the creative sector. It also serves
as an example of how different personalities and levels of
perceived intelligence can be easily constructed and modiﬁed
by an animator using our approach.

(a)

(b)

(c)

Fig. 4: Fish Models: (a) The virtual model of the Angel ﬁsh.
(b) The virtual model of the Blue Tang ﬁsh. (c) The virtual
model of the Clown ﬁsh.

A. Parameters and Weights
For the each of the three species, each agent within
the population had an independence and authority randomly
generated within a set range. The Angel ﬁsh were given a
low authority and a high independence as they are generally
solitary ﬁsh. The more social Blue Tang were given a low
independence and a high authority, to make the ﬁsh react with
the group. Finally, the Clown ﬁsh were given entirely randomly
generated independence and authority as there are both social
and solitary examples.
B. Angel ﬁsh
Various online sources suggested that Angel ﬁsh are bold,
almost fearless. Also, typically they are either solitary or form
harems with a single male leading several females. Various
sources (such as ﬁsh keeper guides) also suggested that the ﬁsh
were fairly intelligent and would aggressively defend a small
territory. (The Angel ﬁsh model we used in our simulation can
be seen in ﬁgure 4.a).
1) Virtual Brain: We gave the ﬁsh a four dimensional
virtual brain, representing hunger, fear, anger and sociality. The
agent’s current state moved around within the four dimensional
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TABLE I: The Affective States Weightings table used to deﬁne
the virtual ‘brain’ of the Angel ﬁsh. Similar weightings tables
were used to deﬁne Clown and Blue Tang ﬁsh.
Affective State
Lonely
Scared
Curious
Hungry
Normal
Exposed
Territorial

Hunger
0
0.1
1
0.6
0
0.2
0.9

Fear

Aspect dimensions
Anger
0
0.6
1
0
0
-0.9
0.3

0
0.3
0.4
0
0
0
-1

Sociality
-0.9
0.1
0.5
0
0
-0.9
0.3

states space at each time-step. On the hunger dimension, the
value went to +1.0 whenever the ﬁsh encountered a food source
and decayed at each time-step (to a maximum of -1.0). The
fear went from positive (not scared) to negative (scared) in
a linear fashion based on the proximity of a predator. The
agent’s anger value increased (angry) and decreased (calm) in
a similar way based on the proximity of ﬁsh from another
species. The sociality aspect value decayed the further the ﬁsh
went from the rest of the school, and increased the closer it
came to another school member.
Seven affective states were devised based on the insights
we gained from the behavioural notes and video observations. These were: Lonely, Scared, Curious, Hungry, Normal,
Exposed and Territorial. These were initially placed in the
locations described in table I within the 4D representation.

As with the 2D examples, each one of these affective
states adjusted weightings on steering behaviours to vary the
direction and speed of the ﬁsh.
C. Blue Tang Surgeonﬁsh
The Blue Tang ﬁsh (see ﬁgure 4.b) is described as not being
migratory, and instead stays within a range of a home position.
They are also described as having three distinct social modes,
territorial, wandering and schooling. The territorial behaviour
involves remaining close to the home location, wandering is
the process of independently exploring the environment and
schooling involves coordinated group movements.
1) Virtual Brain: The Blue Tang were given a simpler,
3 dimensional virtual brain, removing the anger dimension.
None of the behavioural guidelines we found indicated that
the ﬁsh demonstrated any aggressive tendencies. The territorial
behaviour observed in videos seemed more submissive, staying
close to a territory or school rather than actively defending
it. The ﬁsh had the same basic affects as the angelﬁsh in
slightly different positions to better represent their perceived
personality.
The adjustments made the Blue Tang easily startled, and
more likely to stay close to their school than the Angel ﬁsh.
This is demonstrated in ﬁgure 5, where a small school of Blue
Tang have wandered into the territory of an Angel ﬁsh. The
Angel ﬁsh responded aggressively, chasing away the smaller
ﬁsh, who remained in a tight school.

D. Clown Fish
The third ﬁsh included in this study were Clown Fish
(see ﬁgure 4.c), a brightly coloured species made famous
by Disney’s animation ﬁlm ‘Finding Nemo’. They are an
interesting species for several reasons. Firstly, each individual
forms a symbiotic relationship with an anemone they reside
within. This provides the Clown Fish with protection, as
outside the anemone it would be at greater risk of predation.
The species live in a group called a queue, which describes
their social hierarchy, with dominance being achieved by outliving more dominant members. The current dominant pairing
within the group breed more than the subordinate members
of the group. Due to this social structure, the ﬁsh adopt
behaviour which will increase their probability of achieving
social dominance. The size of the group correlates with the
home range of the ﬁsh (the patch), with the ﬁsh preferring to
say close to their anemone.
The behavioural discussion available noted that the species
stayed close to their home territory and would retreat back
there whenever scared. It also indicated that the ﬁsh would
retreat quickly if they encountered a predator, increasing their
chance of moving up the social hierarchy within the queue.
There was also evidence that Clown ﬁsh were aggressive
within their own social group, and competitive over food.
1) Virtual Brain: We gave the Clown ﬁsh a similar virtual
brain as the Blue Tang including the hunger and fear dimensions. A third dimension (Isolation) represented how far the
ﬁsh had roamed from its home location.
Fear (as with the Angelﬁsh and Blue Tang) increased with
the proximity of the predator. However, this was at twice the
rate of the Blue Tang, the intention being to make the ﬁsh
more responsive to danger. The hunger state changed in the
same fashion as the Angel ﬁsh and the Blue Tang. On the
Isolation dimension, the value started at +1.0 when the ﬁsh
was within its home location (the simulated anemone) and
decayed in relation to the distance between itself and its home
location.
The Clown Fish was given the same basic affective states
as the Blue Tang ﬁsh with the exclusion of the Lonely state
which was excluded.
To make the personality of the Clown ﬁsh distinct from that
of the Blue Tang, the weightings of the actions were adjusted.
This was to demonstrate a different way the behaviour could be
modiﬁed while maintaining the same “virtual brain” prototype
as the Blue Tang. For example, when scared, instead of simply
running from the predator, they would try to return to their
home position (an anemone). This is demonstrated in ﬁgure
6. Additionally, when searching for food (when in the hungry
affective state), they would attempt to avoid each other. This
was achieved by biasing a “separation” weighting, causing
them to veer away from each other if they came too close.
E. Veriﬁcation and Validation
After each ﬁsh species was designed, a process of veriﬁcation and validation was undertaken. This step was inspired by
the model promoted by Naylor and Finger [20] who proposed
a three phase approach to validating simulation models.
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effect a sense has on the internal state, and how
quickly the state will decay back to normal levels once
a particular sense is no longer activated.

Fig. 5: A school of Blue Tangs wander into an Angel ﬁsh’s
territory. The Angel ﬁsh responds aggressively, chasing the
Blue Tangs back out into the open water.

Fig. 6: A Clown ﬁsh returns to its home anemone after being
startled by the presence of a predator.

1)
2)
3)

Build a model that has high face validity.
Validate model assumptions.
Compare the model input-output transformations to
corresponding input-output transformations for the
real system.

Our ﬁnal stage of designing each ﬁsh relates to the third
point (comparing the model input-output transformations to
corresponding input-output transformations for the real system). This involved running a simulation while observing
publicly available videos of the ﬁsh in their natural habitat
(available on-line through services such as YouTube).
While watching the videos, the observer was tasked with
noting down situations which consistently produced recognizable behaviour. For example, a startled Clown Fish returning
to its anemone. The same situation was then reproduced
in the simulation model, and tuned until the ﬁsh produced
situationally appropriate actions based on the observations (via
a reverse-engineering process).
With our system, there are three distinct points in the
pipeline where adjustments can be made, the sensing, the
affective states space, and the action weightings.
•

Sensing The adjustments here concern how items are
sensed in the environment. This includes how much

•

Affective States Space Tuning at the affective states
component involved moving the designed affective
states within the n-dimensional space to change when
they activated. This was simply achieved by changing
the encoded positions of each emotion as deﬁned in
the Affective States Space Weightings Table. Generally speaking, moving an affective state closer towards
the normal position (0 in all dimensions) would make
it more likely to activate, whereas moving it further
from this position would make it harder to activate.
This simulates the normal and extremes of personalities.

•

Action In this paper, we have focused on the action
selection rather than the actions themselves. Clearly
the way you would tune actions would depend entirely
on how you have chosen to encode them. For the
purpose of this case study, we used a combination
of steering behaviours, with the resultant observed
action emerging from the blending of each steering
behaviour depending on the weights used as deﬁned
by the Action Selection Weightings table. To tune the
actions with this method of encoding, we simply need
to modify the weightings as deﬁned in the Action
Selection Weightings table, increasing or decreasing
a bias to produce the desired emergent behaviour.

For the purpose of this process, the validation was conducted in two stages. Each ﬁsh type was tuned individually
before being placed back in the main environment with the
other creatures. This allowed us to ﬁrst make sure that the
individual ﬁsh behaved in a way which seemed appropriate in
a sterile environment. The second stage allowed us to identify
and debug any anomalous behaviour which arose from placing
the ﬁsh in the same environment.
F. 3D Case Study Discussion
The purpose of this case study was to see if realistic ﬁsh
behavioural animations could be generated using our approach.
As a secondary objective, we wanted to see how different
personalities of ﬁsh could be generated using the approach.
One interesting aspect which we discovered through this
case study is that the perceived intelligence of a creature can
by dramatically changed through the addition and removal of
dimensions. Speciﬁcally, as a creature has less dimensions in
its virtual brain, it appears more instinctive and reactive to
its environment. However, a larger number of dimensions (the
Angel ﬁsh) generated a virtual personality with more subtlety
and complexity.
As with any behavioural AI or procedural animation technique, ﬁne tuning can be time consuming. However, breaking
the animation into three distinct points along the animation
pipeline has a logical advantage for the animator. Notably, the
clear separation allows issues in the animation to be easily
identiﬁed and managed. For example, any point where the
sensing results in aspect values that are held at the extremities
of the ranges being used is identiﬁed as a problem with the
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sensing component. Conversely, if the sensing appears to be
correct but inappropriate actions are being triggered, this can
be isolated as a problem with the affective states component.
VII.

R ELATED W ORK

In this section, we discuss some of the work which relates
to our method. First we will explore how action selection
has been explored in games based research. It is important
to note that with games AI, identifying the current state of
the art is tricky, as some of the most celebrated examples
are commercial products and not openly published. For this
reason we will focus on academic research in this area, rather
than discussing commercial examples. We will then explore
research into how personalities and moods have been simulated
in other examples. We will conclude with a brief discussion
on dimensional representation of knowledge.
A. Action Selection In Games
In this review, we have purposely focused on reactive
approaches which have been applied to the creative industry
and excluded techniques which require signiﬁcantly more
computation (therefore limiting their ability to operate in realtime). Action selection is a foundational problem in A.I.
research, so this review is not intended to be a comprehensive
survey of the ﬁeld, but rather to identify the spectrum of
approaches.
The reactive AI approach underpins many AI systems in
the creative industry. They are advantageous for computer
games due to their ability to operate in real-time, and they
typically produce more natural looking movement than more
computationally-intensive approaches.
One of the principle methods associated with the reactive approach is the Subsumption Architecture, introduced by
Brooks in 1986 [21], [22]. The subsumption architecture couples sensory information to action selection, by decomposing
behaviour into a series of layers. Each layer represents a
different level of behavioural competence, responsible for a
single behavioural goal, such as ‘search’ or ‘avoid obstacles’.
Each layer runs continuously, and independently, the only
communication between the layers is inhibition or suppression signals, which determine which module should output
behaviour. The individual modules are typically constructed
as Augmented Finite State Machines [23], [24]. There are
examples of the architecture being applied to games, including
soccer simulations [25], but its main application has been in
the ﬁeld of robotics [26].
Within the computer games industry speciﬁcally, the approach which has arguably made the greatest impact is the
Finite State Machine (FSM). An FSM describes the possible
states the agent can ﬁnd itself in, and the events and conditions
by which an agent’s changes its current state [27]. While this
technique is computationally efﬁcient, it has been criticized
as being “unwieldy” [28]. Additionally, the approach can
easily become cluttered in large implementations, requiring the
duplication of states (the situational reuse problem) and suffer
from transition bloat, which (from a programming perspective)
can result in a system which is messy and lacking in scalability
[29].

Because of these criticisms, most games now use behaviour
trees, ﬁrst implemented in the robot Shakey [30]. The main
advantage of this approach is that action selection is reevaluated at each decision cycle [31]. If a previous condition
becomes invalid, the system will automatically return to the
root node and re-evaluate the possible actions.
More recently in the games industry, there has been a
plethora of approaches that are loosely based on these early
AI systems / methods, but employ a range of techniques that
are not easily categorized under a single heading. Clearly, the
problem of how to design Action Selection for an autonomous
Agent is a difﬁcult issue.
There have been many methods applied to Action Selection
and this brief survey has barely scratched the surface. The
purpose of this section was to show the variety of approaches
within the reactive family of algorithms, and emphasize that no
one approach has yet been universely adopted, or has become
the de facto standard for action selection. For this reason,
developing a new approach is a worthy exercise as the hope
is that it will lead to further and different insights into the
existing approaches in the literature.
B. Virtual Personalities, Moods and Emotions
The simulation of virtual personalities is a research area
which combines traditional behavioural animation with psychology. The aim is to personify virtual humans, providing
them with the ability to respond in a believable way based on
our knowledge of their personality. This is one of the principle
objectives of the ASM method.
In [32], the Autonomous Interactive Reaction (AIR) model
is proposed as a simpliﬁed method of behaviour selection
based on emotion modelling. In this approach, NPCs have parameterized emotions and personalities, and the behaviour they
exhibit at any given time is determined based on rules which
refer to these parameters. The values of each parameter are
mutually adjusted between communicating agents, essentially
adjusting the mood of each NPC based on its neighbors. One
interesting component of this approach is the way the agent is
designed as a series of three layers: Personality, the governing
parameters of the agent which do not change; Emotion, which
is the expression of the agent’s changing internal state; and
Knowledge, which is a parameter which represents preferences
towards objects in the environment. The authors demonstrate
that appropriate behaviours can be produced when interacting
with AIR agents.
Another area where researchers have included visible personalities into virtual humans is conversational agents, for
example where personalities can be reﬂected visually through
facial animation. One approach to this problem has been to use
a Bayesian Belief Network (BNN) [33] to represent emotion.
This has been extended by further de-constructing the agent’s
emotion into a series of layers, the highest being the personality, the next being a mood, and ﬁnally an associated facial
expression [34], [35]. A clear distinction is made between
personality and mood. The personality (deﬁned using the Five
Factor Model) speciﬁes reactions to stimuli which in turn
causes the mood to change. The authors acknowledge that
mood and personality only differ in terms of arousal, but they
have chosen to deﬁne the mood layer as a longer term state
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VIII.

TABLE II: Components of the Five Factor Model (FFM)
Factor

Description

Adjectives

Extroversion

Preference for and behaviour
in social situations

Talkative, Energetic, Social

Agreeableness

Interactions with others

Trusting, Friendly,
Cooperative

Conscientiousness

Organized and persistent in
achieving goals

Methodical, Organized,
Dutiful,

Neuroticism

Tendency to experience
negative thoughts

Insecure, Distressed

Openness

Open minded

Imaginative, Creative,
Exploitative

of mind which directly inﬂuences emotions (and the facial
expressions). The authors claim that rule-based systems are
unlikely to be successful in the believable simulation of human
behaviour, as uncertainty is an important facet. A strength of
this approach is that it allows personalities to be designed by
changing parameter values or weightings.
A common theme between these approaches is that computational models of emotion must include two parts[36]:
1)
2)

mechanisms eliciting emotions from external and
internal stimuli, including potentially the agent’s own
goals, beliefs and standards;
emotion representations keeping track of the emotional states and their changes over time.

From a design perspective, this is somewhat self evident;
an agent requires stimulus of some form in order to react
emotionally and these emotions need to be represented in a
way which allows the agent to keep track of its emotional
state. Our ASM technique covers these two areas with the
sensing and Affective State Space layers.
C. Dimensional Representation of Personalities
A dimensional approach which is well respected in the
psychology community is the Five Factor Model (FFM) [37],
[38]. This model is used to describe personality and was
proposed not only as a tool to aid in the understanding
and description of personality traits, but also as a model
for diagnosis and treatment of personality disorders. The ﬁve
factors which make up the model are considered to be the
dimensions which construct the personality space [34]. The
theory states that any personality can be represented within this
space by adjusting the position along each of the dimensions.
The ﬁve factors which make up this model can be seen in table
II.

As a diagnostic tool, the FFM has outperformed other
personality modelling tools in the prediction of typical personality disorder symptoms [39]. However, the approach has
attracted some criticism, notably that it only considers a subset
of personality traits and ignores others (such as honesty,
conservativeness and seductiveness) [40]. The ASM method,
rather than being restricted to a limited number of factors, can
be adapted to suit the simulation.

C ONCLUSION

In this research, we introduced a novel approach to action
selection where affective states are modelled as positions
within an n-dimensional space constructed from aspect dimensions. We discussed two example implementations and
a case study demonstrating the ﬂexibility of the algorithm.
Having extensively tested the approach, we have developed
the following conclusions.
A. Ease of Calibration
One of the main strengths of the approach is the ease in
which it can be calibrated. The animator is able to adjust
the personality of each agent simply by adjusting the relative
location of each affective state within the n-dimensional space.
This provides an animator with the ability to design complex
personalities for the simulated agent without the need to code.
It also allows the increasing or decreasing of an agent’s
perceived complexity simply by adding additional dimensions,
or removing existing dimensions from the affective states
space.
B. Personalities
One of the principle motivations behind this work was
the development of an approach suitable for the animation
of group behaviour. One of the challenges we identiﬁed was
giving agents within a group distinct, individual personalities
while remaining believable to the user. This is important in
games as it helps prevent the user from “learning the AI”
and predicting the exact responses of NPCs. The simulation
of individual personalities is also important to prevent agents
resembling drones or zombies with no unique facets.
The affective states n-dimensional approach provides a
simple solution to this problem. An animator is able to deﬁne
a single, behaviourally appropriate agent, then, by randomly
varying (within a limited range) the location of affective states,
distinct personalities can be procedurally generated around
this original prototype. This can have the effect of making
characters appear to have different personalities, while still
keeping their core personality within an acceptable range of a
realistic prototype.
C. Future work
Our research has shown that our Affective State Modelling
approach is a suitable action selection technique. However,
while we have had great success simulating relatively primal
behaviour, as we move up the behavioural hierarchy, we
believe that we will begin to encounter limitations.
The next stage of this work will involve building models
which use our ASM technique to inﬂuence a cognitive process.
We believe that the interplay between feeling and thinking
is the next important area to investigate in order to produce
more realistic agents. Studies in psychology have proven that
an affective state can directly affect judgment and decision
making [41]. For example, people are often advised to not
make important decisions when they are angry.
Aside from producing believable agents, this work has
wider implications to the general ﬁeld of decision making. In
theory, we can vary the quality of an agent’s decisions based on
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their affective state generating predictable, irrational behaviour,
within the framework of bounded rationality.
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