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Abstract

This is a thesis on creating interactive robots with individuality. Individu-
ality is a fundamental property of personality. A robot with individuality
can be distinguished from other robots of the same kind by their personality
traits. There are several challenges to address to create robots with individ-
uality. Robots, if useful enough, will be mass-produced like computers and
smartphones. Creating robots with individuality entails turning physically
identical robots into unique individuals. In order to leverage the benefits of
robots” personalities, they will be created to meet some requirements: be-
ing likeable, pleasant, human-like, etc. with traits conducive to their jobs.
Robots created to meet these requirements will have similar personalities.
Robots come in a variety of designs for a variety of applications. Their im-
ages and behaviour might not match those of humans, and hence human
personality traits might not apply. These challenges boil down to three prob-
lems to investigate. First, the problem about the possibility of individuality,
formulated as a CAN question: can physically identical robots be created with
individuality that consists of personality traits that distinguish them from one an-
other, under the constraints that the traits are similar? Second, the problem about
the composition of individuality, formulated as a WHAT question: what per-
sonality traits compose the individuality of a type of robot? Third, the problem
about the implementation of individuality, formulated as a HOW question:
how to implement individuality? This dissertation presents the three studies
conducted to answer these three questions.

In the first study, I verified the possibility by measuring the similarity
and differences between two similar robot personalities, modelled after two
humans using an eye movement model, installed on the same android, and
evaluated by human subjects using human personality dimensions. It was
understood that when an android gazes or averts their eyes following the
patterns of two humans with similar personalities, the android can appear as
two similar but distinguishable robots. However, the android was a special
type of robot built to resemble a female human being, which was not repre-
sentative of robots. Human personality dimensions might not apply to other
types of robots.

In the second study, I contributed a method for selecting personality di-
mensions applicable to a type of robot to structure their individuality with
traits corresponding to the selected dimensions. It functions by testing the
reports of a group of users on how well a type of robot can approximate hu-
man personalities by imitating multimodal behaviour of multiple humans.
The experiment on the method showed that it could provide practical an-
swers to the second research question. The experiment also revealed that the
selection of personality dimensions could be user-dependent.

In the third study, I proposed a generative model of personalities to im-
plement individuality as a solution to the third research question. The model
functions by combining a robot’s actions, as associated with several person-
ality traits, according to the ordering and strength of the traits, as associated
with the robots’ goals. The experiment on a prototype model installed on



a humanoid robot showed that it was possible to make the robot appear as
multiple distinguishable individuals by implementing multiple sets of model
parameters. This result indicates that the model can be used for making
physically identical robots into robots with individuality.

In summary, the first study verified the possibility of creating androids
with individuality; the second study contributed a method to generalise the
possibility to other types of robots; and the third study contributed a gener-
ative personality model to realise the possibility. According to my findings,
robots with individuality can be created by considering a robot’s behaviour
as actions associated with several personality traits, corresponding to several
applicable personality dimensions, and then combining those actions accord-
ing to the ordering and strength of the traits as associated with the robot’s
goals.



Contents

Abstract

1

Introduction

1.1 Purposes and Motivations . . . . .. .. ... ... .......

1.2 Essentials in Robot Personalities Engineering . . . . . . .. ..
1.2.1 Key Definitions . . . . ... ... ... .. ... . ...
122 General Approach .. ... ............. ...
1.2.3 Generative Personality Models . . . . . ... ... ...
1.2.4 Model Evaluation and Optimisation . . . . . ... ...
125 Personality Measures. . . . ... .............

1.3 Research Questions and the Studies . . .. ... ... ... ..

14 MainThesis . ... ... ... .. ... ... .. ...

Related Studies

2.1 Robots’ Potential for Personality . . ... ... ... ......

2.2 Effects of Robot Personalities . . ... ..............

2.3 Considerations for Engineering Personalities . . . . ... ...

2.4 Models of Artificial Personalities . . . .. ... ... ... ...
241 Goal-BasedModels . . . .. ... ... ... ...
2.4.2 Generative Personality Models Applied to Robots . . .

Ordering-Based Personality and Measure
3.1 ResearchQuestion . .. ... ...................
3.2 Method: Ordering of Personality Traits and Similarity . . . . .
3.3 Systems: Robot and the Eye Movement Model . . . . ... ..
3.4 Experiment: Evaluating the Personalities . .. ... ... ...
341 Hypothesis . ... ... ... ... L 0oL
342 Scope . . ...
343 Procedure ... ....... .. ... .. .. L.
3.5 Results: Differences and Similarity . . .. ... ... ... ...
3.5.1 Testing Differences . . . ... ... ... .........
3.5.2 Testing Similarity . . . . ... ... ... . ... ....
36 Discussions . .. ...... .. ... oL

Personality Structuring Method

41 ResearchQuestion . ... ... ... ... .. ..........

42 Research Goals and the Limitations of the State of the Art in
the Engineering Context . . . . . ... ... ... ........

4.3 Method: Proposed Selection Procedure . . ... ... .....
43.1 Phase 1: Recording Archetypal Behaviour . . . . . . ..

RO NI WODNNDNRFP -



4.3.2 Phase 2: Implementing the Behaviour . . . . ... ... 33

43.3 Phase3: User Assessment . . . . .. ........... 35
434 Phase4: ThreeTests . .. ... .............. 35
Data Sets Required . . . . ... ... ... .. ...... 35
Test 1: Robot Personalities’ Fidelity Test . . . . . . . .. 36
Test 2: Robot Personalities” Consistency Test . . . . . . 38
Test 3: Robot Personalities’ Fidelity ‘Sanity” Test . . . . 39
44 Experiment: Testing the Selection Procedure . ... ... ... 40
441 Materials: Robot and Software . . ... ......... 40
442 Going through the Procedure . . . . .. ... ... ... 41
4.5 Results from Testing the Selection Procedure . . .. ... ... 42
451 Robot Personalities” Fidelity Test . . . . ... ... ... 42
45.2 Robot Personalities” Consistency Test . . . .. ... .. 44
45.3 Robot Personalities” Fidelity ‘Sanity” Test . . . . .. .. 45
454 Applying the Selection Procedure to Smaller User Groups 46
455 SummaryoftheResults . .. ... ............ 47
46 Discussions . ... ..... ... ... o oo 48
Appendix A:Interview . . . . .. Lo Lo Lo 52
Appendix B: Conversation Script . . . . . ... ... ... ... . 53
Generative Personality Model 57
5.1 Research Question . ... .. ................... 57
5.2 Method: Goal-Shaped Generative Personality Model . . . . . 57
521 Philosophy of the Proposed Model . . . . . . ... ... 57
5.2.2  Working Principle of the Proposed Model . . . . . . .. 58

5.2.3 Personality Al for Robots and the Proposed Generative
Personality Model . . ... .. ... ... ........ 58
5.3 Systems: Prototype Model and the Robot . . . . ... ... .. 65
53.1 Details of the Prototype Model . . . . ... ... .... 65
EyeMovement . ... ... .. ... ... ... . .... 65
Head Movement . . ... ... .............. 67
Facial Expression . . . . ... ............... 68
Commitment Function . . . . .. ... ... ....... 69
532 Robot. . ...... ... .. ... . 69
5.4 Experiment: Colony Capacity of the Model . . . ... ... .. 69
5.4.1 On the Scope of the Questions . . . ... ........ 70
542 Overview . ... ... ... ... ... 0. 71
5.4.3 Cognitive States Annotation. . . . . .. ... ... ... 73
544 TwoTests . ... ... ... ... ... ... . ... 74
545 Participants . . . ... ... ... . . 000 0L 75
5.5 Results: Distinguishing Four and Eight Robot Personalities . . 75
5.5.1 Test 1: Four Robot Personalities . . . . . ... ... ... 75
5.5.2 Test 2: Eight Robot Personalities . . . ... .. ... .. 78
553 SummaryoftheResults . ... ... ... .. ... ... 80
56 Discussions . ... ..... ... ... oL 81
5.6.1 Insufficiency and Possible Future Works . . . . . . . .. 81

562 Conclusions . . . . . . . . . . 83



Appendix: How the Prototype Generates Behaviour . . . . . .. ..

6 Conclusions
6.1 MainThesis . . .. . . . . . . . ... . e
6.2 Limitations and Future Work . .. ... ... ... .......
6.3 Prospect . ......... .. ... L

Acknowledgements
Bibliography
Glossary

List of Publications

85
85
86
87

89

93

105

109






Chapter 1

Introduction

1.1 Purposes and Motivations

A robot interacts with a person as an individual being: ‘this robot’, which
is different from all other robots, and a separate presence, unlike ‘the same
voice that speaks through everyone’s device’. It is only natural that the “in-
side’ of a robot should conform to this fact, such as an inside we call person-
ality. Robots with personalities, i.e. robot personalities, can be more distin-
guishable, likeable, and human-like; and appropriate personalities facilitate
collaboration [1, 2] and attenuate negative effects such as the uncanny valley
[3]. A fundamental property of personality is individuality, i.e. characteris-
tics that distinguish an individual from others of the same kind. It was true
for the people in the past, and will be for the people in the future; it is true
for people regardless of their origins, ethnicities, cultures, and languages; it
was true for Neanderthals and Denisovans and their common ancestors with
humans; it is true for animals” equivalence of personality; it is even true for
aliens light-years away (should they exist). It is how personality is defined.
If we encountered an alien race one day and wanted to know whether the
beings of this race were individuals with personalities or indistinguishable
pawns of a hive, the one question we must ask was do they have individuality?
We ask the same question to create robot personalities.

To create robot personalities is to create robots with individuality, i.e.
robots with characteristics that distinguish them from one another, and the
key is making a robot distinguishable from other robots by personality traits.
It entails several challenges to address to create robots with individuality in
significant quantities. Robots, if useful enough, will be mass-produced with
fungibility like computers and smartphones. Therefore, to create robots with
individuality is to turn physically identical robots into unique individuals.
In order to leverage the benefits of robots” personalities, they will be created
to meet some requirements: being likeable, pleasant, human-like, etc. with
traits conducive to their jobs. Robots created to meet these requirements will
have similar personalities. In addition, robots come in a variety of designs
for a variety of applications. Their images and behaviour might not match
those of humans, and hence human personality traits might not apply.

!Here is one definition from APA Dictionary of Psychology: https://dictionary.apa.
org/personality. Definitions of personality vary but individuality is consistent across
them.
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1.2 Essentials in Robot Personalities Engineering

1.2.1 Key Definitions

In this dissertation, a term in the sentence that formally defines it will be
italicised in bold. Italics not in bold are just for emphasis.

This work is of a novel discipline called robot personalities engineer-
ing, an engineering discipline dedicated to creating robots with personali-
ties (the plural, “personalities’, is for emphasising that it is always about en-
gineering not one but multiple personalities) [4]. A robot personality is a
robot exhibiting characteristic patterns of computation and behaviour with
inter- and intra-individual differences. ‘Inter-individual differences” indicate
that different robot personalities will compute and behave differently in the
same context. ‘Intra-individual differences” indicate that a robot personality
will compute and behave differently in different contexts. Inter- and intra-
individual differences are described by personality traits. A personalty trait,
or simply trait, is a unique characteristic of an individual robot specified by
a broad trait, a broader facet of the robot’s personality, and a trait level, a
value that marks the level of strength of the broad trait. Every broad trait is
represented by a personality dimension, a dimension representing a broader
aspect of personality. A prominent trait is a trait applicable to and distinctly
perceptible by a user group in a certain type of robot in its typical usage sce-
nario. (In theory, it is possible to create a robot with any traits. For instance,
we can program a robotic vacuum cleaner to be full of originality. However,
personality needs to be observed, especially when we intend to leverage its
benefits. Users of robotic vacuum cleaners do not usually expect original-
ity from their room sweepers. They do not necessarily notice the trait even
if their robots clean their rooms in a thousand original ways. In this case,
the originality of the robotic vacuum cleaner is a trait but not a prominent
trait, except to users who notice it. Whether a trait is prominent is observer-
dependent.) A fundamental property of personality is individuality, which
refers to personality traits that distinguish the individual from others of the
same kind. Robot personalities are modelled by a generative personality
model, or GPM for the acronym, a personality model capable of generating
behaviour with inter- and intra-individual differences that reflect the inter-
and intra-individual differences in personalities. Every robot personality is
based on a personality construct, a particular build of a generative person-
ality model with a unique set of personality parameters. Every personality
construct corresponds to one and only one robot personality; even if we can
make a copy of a personality construct, the two copies are one robot person-
ality, not two, unless further development distinguishes one from the other.
Trait capacity is the number of broad traits (personality dimensions) out of
all that are applicable to a type of robot a generative personality model can
model. A robot colony—in the context of robot personalities engineering—is
a population of robot personalities situated in close association. By ‘situated
in close association” I mean that those robots will be observed by the same
people for their shared qualities or goals. The ‘colony” here takes a similar
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meaning to that in expressions such as ‘a colony of artists’. It may but does
not necessarily indicate spatial proximity. For example, a colony of singer
robots, albeit not necessarily working at the same place, may be observed
by the same audience, and hence each of them needs to be a personality of
their own. An essential property of a colony is that there is no duplication of
personalities: each robot in a colony is unique. A robot colony should be dis-
tinguished from a robot population, which is simply a group of robots with
or without personalities. Colony capacity is the number of individual per-
sonalities a generative personality model theoretically supports®. It depends
only on the design of the model. Effective colony capacity is the number of
individual personalities distinguishable by some observers. It depends both
on the design of the model and the observers. A personality archetype, or
simply archetype, is the ‘target’ personality a robot personality is engineered
to be. It is a blueprint or example for a personality construct. An archetype
can be represented by a vector in a personality space, which is the space of
all possible configurations of personalities spanned by a set of personality
dimensions, corresponding to a set of broad traits. The proximity between a
robot personality and the corresponding archetype in the personality space
is measured by fidelity: high fidelity indicates high proximity. A robot ex-
presses personality via a mode of expression, or simply a mode®, which is
a distinct means of expressing personality associated with a group of ac-
tuators or signalling apparatus. An observer is an agent that can perform
measurements of a robot’s personality. The most common observers are hu-
mans. When a significant number of observers reported their impressions of
a robot personality using applicable personality assessment scales, the vari-
ation among their impressions is measured by consistency: the more varied
the impressions are the lower the consistency. It is impossible to discuss per-
sonality in depth without mentioning goals. A goal—in the context of robot
personalities engineering—is an end state a robot is operating to achieve: a
purpose of the robot’s activities or endeavours. The most important goal of a
robot’s existence is the robot’s mission. A robot’s mission is not simply their
task but a ‘life’s” purpose that is better described as their ‘one true mission’.
The Japanese word for it is shimei.

1.2.2 General Approach

To create a robot personality, one could follow these steps, provided that
they have available units of the type of robot they intend to work on and
a compatible generative personality model. First, specify an archetype that

21 called it colony size capacity in the original publication [4], but now think it sounds
weird, and cannot comprehend why the past me did not think the same. Nevertheless, colony
size simply means the size of the colony and is too obvious to merit a formal definition. And
colony capacity will never be referring to the maximum number of colonies a GPM supports
since that does not depend on a GPM.

31t may be called a ‘modality” in another context. Here it is not because the nuances are
different. A mode of expression is not necessarily how a robot expresses personality; the
robot, albeit equipped with modes, may not express personality at all, or it may happen to
express personality (spontaneously).
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represents the personality to create. It can be a set of desirable personality
traits or even a human being. Second, create a personality construct based
on the archetype using the generative personality model and install it on a
unit of the robot. Third, minimise the discrepancy between the observed
robot personality and the archetype with the help of some observers (e.g. the
robot’s users). When the discrepancy is small enough, the robot personality
is complete.

1.2.3 Generative Personality Models

A generative personality model, as the term suggests, is capable of generat-
ing behaviour with inter- and intra-individual differences, as opposed to a
descriptive model that only describes inter- and intra-individual differences
in behaviour. Although we can expect some structural homogeneity between
the two breeds, to construct generative personality models we need some
understanding of how inter- and intra-individual differences in personalities
lead to inter- and intra-individual differences in behaviour, which is yet to be
fully explored in personality psychology [5]. Nevertheless, roboticists” solu-
tions do not have to be completely faithful to human conditions. Whatever
works on robots may suffice.

I postulate that a generative personality model has these key elements: a
personality structure that encodes inter- and intra-individual differences in
personalities as existing descriptive models do, components that generate be-
haviour according to situations following some general behavioural tenden-
cies corresponding to certain broad traits, and mechanisms that modulate the
generated behaviour to reflect the inter- and intra-individual differences.

1.2.4 Model Evaluation and Optimisation

In robot personalities engineering, we consider four criteria for model eval-
uation: fidelity, consistency, trait capacity, and colony capacity. Fidelity and
consistency are criteria for evaluating respectively how accurately and con-
sistently a generative personality model can present personality archetypes
or how accurately and consistently a personality construct presents its corre-
sponding archetype. They correspond to the functions to optimise in the last
step of the general approach. There are two cases of optimisation: optimising
a generative personality model and optimising a personality construct. Let
M denote a generative personality model:

M = (P,C), (1.1)

where P denotes the model parameters, and C, the internal configuration of
the model. A personality construct is a particular build of a generative per-
sonality model, with a unique set of personality parameters, which is rep-
resented by an archetype a. Therefore, a personality construct based on M
can be expressed as M(a,C). Let 0 be a function that represents an average
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observer, which does not exist in real life but can be simulated and approx-
imated by averaging over a sufficiently large number of observers on how
they perceive personalities. The function takes a personality construct as the

input and yields the observed personality, here denoted as a, as the output:

!

a' = 0(M(a,C)). (1.2)

Then the fidelity of M can be expressed as

Fm(C) = — Y dis(a,a), (1.3)

acA

where dis is a function to compute the discrepancy or distance between a and
a’, and A, the set of all possible archetypes. The definition of the discrepancy

function depends on how a and a’ are defined. When they are vectors in a
personality space, the fidelity function becomes

Fu(C)=— Y |d —al. (1.4)

acA

To optimise M, we maximise Fy(C), subject to model design constraints on C
(same for all C hereafter), which can be achieved by minimising its negative,
that is the sum of discrepancies between the observed robot personalities and
the corresponding archetypes:

argmin Y _ dis(a,5(M(a,C))), (1.5)
C  acA

that is to find a model configuration that can represent archetypes as faith-
fully as possible (and hence the term ‘fidelity’). Since there can be infinite
possible archetypes, we usually get a sufficiently large sample of archetypes
A’ to approximate Fy(C); since  can only be simulated using a sample of
observers O’ of all potential observers O (e.g. the human race), each mem-

ber of which with a separate opinion on an archetype, meaning that each a’
represents a cluster of opinions on a corresponding to multiple discrepancy
measurements relative to a, the actual function to minimise,

arg(1jnin Y Y dis(a,0(M(a,C))), (1.6)

acA ocO’'

allows us to also maximise the consistency of the model at the same time.
Considering that there are individual differences in personality perception,
the users of a robot, denoted as a set of specific observers {01,02,03, ...,04},
do not necessarily match how the hypothetical average observer nor the sam-
ple to approximate it perceives robot personalities, and hence, to match the
observed robot personality with the archetype for the specific users of a spe-
cific robot R, it is necessary to further optimise the fidelity of the personality
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construct of the robot M(Pg, C) by
u !/
Fr(Pr,C) = — ) _dis(ag, a;), (1.7)
i=1

where Py is the personality parameters, subject to some constraints on per-
sonality parameters (same for all Pr hereafter), of the personality construct
of R, ag the archetype the robot is based on, and

a; = 0;(M(Pg, C)). (1.8)

1

As before, to optimise the fidelity is to minimise the discrepancy:

u
argmin ) _ dis(ag,0;(M(Pg,C))), (1.9)
PR,C i=1

in which case, we can start the optimisation with Prx = ag, but the two may
not necessarily end up the same; the choice of C, on the other hand, is trickier.
To minimise the discrepancy, we also need to maximise the consistency by
minimising the variation of opinions on the robot among the observers by
adjusting the GPM’s internal configuration:

argmin var({ay, ay, as, ..., a,}), (1.10)

where var is a function to measure the variation (e.g. variance) among a set
of observations. We can insert the optimised model configuration C into the
previous function (1.9) to minimise the discrepancy and thus maximise the
fidelity for R with

argmin Y _ dis(ag, 0;(M(Pg, C))). (1.11)
Pri=1

Trait capacity is the number of broad traits (personality dimensions), out
of all that are applicable to a type of robot, a model can model. For example,
Volkel et al. have identified 10 personality dimensions—corresponding to
10 broad traits—applicable to speech-based conversational agents [6]. If a
generative personality model for the said agents can generate behaviour for
7 of them, the trait capacity is 7 out of 10 or 70 per cent. Usually, we can
expand the capacity of a model as long as we understand the behavioural
tendencies described by a broad trait well enough to implement them.

Colony capacity is the number of individual personalities a model sup-
ports. It is a direct indicator of whether a generative personality model can
enable us to engineer mass-produced, physically identical robots into robot
personalities of any significant quantities. In theory, any models that support
continuous trait levels have infinite capacity. In reality, the effective capacity
may be much lower for a number of reasons such as design constraints, hard-
ware limitations of robots, and the complexity of personality perception [7],
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which is why we need to consider effective colony capacity as well. Effective
colony capacity is the number of individual personalities distinguishable by
a group of observers; it is hence observer-dependent. In theory, a GPM with
high fidelity and consistency should also have a high effective colony capac-
ity. Therefore, optimisation applies.

1.2.5 Personality Measures

Personalities, those of humans or robots, are measured using descriptive per-
sonality models. A descriptive personality model usually consists of a few
personality dimensions that are approximately orthogonal, so as to form a
personality space in which personalities can be represented as vectors, with
trait levels as their components.

The measurement of the personality of an individual is usually performed
by some observers using an inventory of personality scales associated with
the dimensions of a descriptive personality model. So far, the most com-
monly adopted yet at the same time problematic descriptive personality
model for measuring robot personalities is indubitably the five-factor
model [8, 9], alias the ‘Big Five’ [10], of which there are many versions
[11]. The arguably most common version consists of these five personality
dimensions: extraversion, agreeableness, conscientiousness, neuroticism,
and openness [12]. However, little justification there is for that a model
originally formulated for humans applies to artificial entities such as robots
[13]. Human-computer interaction researchers have already noticed this
issue and taken the initiative in creating their own models, starting with
identifying personality dimensions for speech-based conversational agents
[6]. With all the above said, the five-factor model should apply to androids
and anidroids, i.e. robots created to resemble humans in realistic and
animation styles respectively.

A critical issue at the moment is that there is not a descriptive model dedi-
cated to assessing robot personalities. And itis hard to conceive a model fully
applicable to all robots, of different designs for different purposes. What is
a model that can be fully applied to both the rovers on Mars and the ani-
matronics in theme parks? If such a model existed, it was unlikely to be as
parsimonious as the five-factor model. Still, neither the lack of a dedicated al-
ternative nor the popularity of the five-factor model justifies its applicability.
Before we can acquire a dedicated model as Volkel et al. did for speech-based
conversational agents, we need to use the five-factor model with caution. The
most basic precaution to take is to check the applicability of the five dimen-
sions, especially for personalities engineering tasks [13].

1.3 Research Questions and the Studies

The challenges of creating robots with individuality boil down to three prob-
lems to investigate. First, the problem about the possibility of individuality,
formulated as a CAN question: can physically identical robots be created with
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individuality that consists of personality traits that distinguish them from one an-
other, under the constraints that the traits are similar? Second, the problem about
the composition of individuality, formulated as a WHAT question: what per-
sonality traits compose the individuality of a type of robot? Third, the problem
about the implementation of individuality, formulated as a HOW question:
how to implement individuality? This dissertation presents the three studies
conducted to answer these three questions.

In the first study, I answered the first research question by verifying the
similarity and differences between two robot personalities, modelled after
two humans using an eye movement model, installed on the same android,
and evaluated by human subjects using human personality dimensions. I
measured the similarity by considering the similarity between the trait or-
dering (as by strength) of the two personalities as represented by their ori-
entations as vectors in a personality space. It was understood that when an
android gazes or averts their eyes following the patterns of two humans with
similar personalities, the android can appear as two similar but distinguish-
able robots. However, the android was a special type of robot built to resem-
ble a female human being, which was not representative of robots. Human
personality dimensions might not apply to other types of robots.

In the second study, I proposed a method to select personality dimen-
sions applicable to a type of robot to structure their individuality with traits
corresponding to the selected dimensions. This method can be used to an-
swer the second research question. It functions by testing the reports of a
group of observers on how well a type of robot can approximate human per-
sonalities by imitating multimodal behaviour of multiple humans. The ex-
periment on the method showed that it could provide practical answers to
the second research question, and the personality dimensions selected by the
method matched past discoveries made in similar settings. The experiment
also revealed that the selection of personality dimensions could be observer-
dependent.

In the third study, I proposed a generative personality model to imple-
ment individuality as a solution to the third research question. The model
functions by combining a robot’s actions, as associated with several person-
ality traits, according to the ordering and strength of the traits, as associated
with the robots” goals. It is thus called a goal-shaped generative personality
model. The experiment on a prototype model installed on a humanoid robot
showed that it was possible to make the robot appear as multiple distinguish-
able individuals by implementing multiple sets of model parameters. This
result indicates that the model can be used for engineering physically identi-
cal robots into robots with individuality.

1.4 Main Thesis

To summarise, the first study verified the possibility of creating androids
with individuality; the second study contributed a method to generalise the
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possibility to other types of robots; and the third study contributed a gener-
ative personality model to realise the possibility.

The results from the three studies together form the main thesis of this
work: by considering a robot’s behaviour as actions associated with several person-
ality traits, corresponding to several personality dimensions applicable to the type
of robot, and then combining those actions using a goal-shaped generative person-
ality model constructed with the applicable personality dimensions to encode the
robot’s individuality and generate behaviour accordingly, the robot can be made into
a unique individual distinguishable from other robots of the same kind. Following
the main thesis, one way to create robots with individuality is by breaking
down a robot’s original behaviour into actions associated with several per-
sonality traits, and then recombining those actions according to the ordering
and strength of the traits as associated with the robot’s goals or, in short,
by dissociating robots” behaviour from their goals and reconnecting the two
with their personalities. Another approach is to consider a robot’s behaviour
as atomic actions associated with personality traits in the first place when
designing the robot and implement the proposed model as an intrinsic part
of the robot’s AL

The rest of this dissertation is organised as follows: Chapter 2 is a re-
view of the literature on related topics; Chapters 3, 4, and 5 present the first,
second, and third studies respectively; and Chapter 6 concludes this disser-
tation.
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Chapter 2

Related Studies

2.1 Robots’ Potential for Personality

‘Artificial beings with human qualities” is an old idea. There is the tragic
bronze automaton Talos in Greek mythology in the West and the legend of
Yan Shi’s automaton in the East, both being about two millennia old. Science
fiction abounds with robot characters and contributed the name of the dis-
cipline, ‘robotics’ [14]. Academics started to get serious with the idea only
later, around mid 20th century, when the advent of digital computers made
it possible to study artificial personalities.

Computer personality has been a research interest since the dawn of ar-
tificial intelligence, leading to a series of studies suggesting that human per-
sonality could be at least partially simulated [15, 16, 17, 18, 19]. But it was
only in the 21st century, when computer personality met embodied agents,
did the real challenge begin.

An embodied robot is an existence that is best described as an individ-
ual robot. And many embodied robots would be many individuals, each
requires their own individual characteristics if they are to be robot person-
alities, as opposed to an artificial agent that can be the ‘same character that
lives in everyone’s devices’. What a robotic body offers are physical modes
of expression, and how they express personality was among the first prob-
lems investigated. And of all the body parts, the robotic head of a humanoid
robot enjoyed the first attention. In 2000, Edsinger et al. pointed out that a
face was of vital importance in creating humanoid robots capable of person-
ality expression [20]. In 2001, Miwa et al. proposed a system that expressed
emotions using a robotic head with different robot personality settings [21].
Their work suggests that, by combining sensing personality, how an agent
reacts to a situation, with expression personality, how the agent acts based
on the appraisal of the situation, a robot can express multiple personalities.
However, they only tested personalities with binary traits on three dimen-
sions. The study by Lee et al. showed that Sony’s AIBO, a dog robot, could
be perceived as introverted or extroverted via its non-verbal, non-human-like
behaviour [22].

Although early studies have demonstrated the potentials for both non-
humanoid and humanoid robots to be engineered into personalities, their
potentials are not equally bounded. For non-humanoid robots, it is hard to
delimit their potential because they come in a variety of sizes and shapes for
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a variety of purposes, and personality can be expressed through completely
irrelevant instruments when the context is right, as demonstrated by BB-8's
reciprocation of a thumbs-up gesture using his welding torch in Star Wars:
The Force Awakens. It is not an exaggeration to say that the potential is un-
bounded for non-humanoid robots. The potential of humanoid robots, on
the other hand, is often studied around one or two of the following modes
of expression: gaze or eye movements, facial expressions, gestures or body
movements for non-verbal behaviour; and speech and voice for verbal be-
haviour.

There is an abundance of studies on non-verbal behaviour. Gaze or eye
movement is one of the well-studied modes with results substantiating the
potential to express personality traits with human eyes [23, 24, 25, 26, 27],
eyes of virtual agents [28, 29, 30], and robotic eyes [2, 31, 32, 33]. Facial ex-
pressions, albeit not as common as eyes, can certainly express personality
traits [21, 34]. Only that faces as intricate as humans’ are substantial engi-
neering challenges. Gesture and body movement are effective modes too
[35, 36]. In existing literature, there are also studies that are not about modes
of personality expression (as defined in this work) but other means that may
be called ‘modalities’. For example, the appearance of a robot may convey
certain types of impressions to observers [37, 38]. For a child-like robot, even
touch sensation can be a modality [39].

Verbal behaviour was little studied, perhaps due to the reality that charac-
teristic speech, as demonstrated by movie or TV characters, is still difficult for
robots with the current state of natural language processing technologies. It
goes without saying that speech should be one of the most important modes,
if not the most. Playwrights do it all the time: expressing the personalities of
their characters through what they say—a task hard enough for even human
intelligence, not to say Al Still, effort has been made to express personality
through synthesised speech [40], though it is still light years away from indi-
viduating robots by generating characteristic and unique speech patterns. In
addition to the text contents of speech, the rate of speech may be an indicator
of extraversion [35]. Voice can also reveal some personality traits [41, 40], and
the potential of semantic free utterances has been explored too [42].

2.2 Effects of Robot Personalities

Generally speaking, two kinds of positive effects can be educed: improved
impressions and improved compliance. The former is about eliciting pos-
itive opinions from observers, who form judgements on robots but do not
necessarily need to do something for or with them. The latter is about in-
ducing users to cooperate or collaborate. Improved impressions are studied
from a variety of aspects and thus measured with a variety of measures, with
notable ones being likeability (e.g. ‘social attraction” of a robot dog [22]; like-
ability via touch sensations [39]; being sociable, amiable, and trustworthy
[43]), ease of acceptance [44], and uncanniness [3]. To measure improved
compliance, we need to know if the users of robots will do more of what is
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expected of them under the influence of robot personalities. It is shown that
robots with certain personality traits can motivate users to exercise more [1,
45] and to collaborate more [2].

2.3 Considerations for Engineering Personalities

The studies until this point have invariably vouched for the prospect of en-
gineering robot personalities for practical use. However, this accretion of
knowledge on the potential of robot personalities still lacks insights into how
robot personalities can be engineered. Nonetheless, there are some consider-
ations that shed more or less some light on the path.

The first consideration is how humans perceive robot personalities. It is
under the influence of a variety of factors, including the scenarios and context
of interaction, such as what the robots do [46, 44]; the humans” own personal-
ities [47, 48]; the cultural influences they receive, such as fiction about robots
[49, 50, 51]; the robots” appearances, including the types of characters (virtual
agents versus embodied robots) [32], the shapes of the bodies of humanoid
robots [38], and the styles of appearances (e.g. mechanical, robot-like, and
humanoid) [37]; the personality assessment tools applied, and so on and so
forth, which have been covered by surveys [52, 53]. This means the same
personalities may rarely enjoy consistent evaluation, just like characters of a
book: a thousand people may form a thousand impressions of a character.
A more significant revelation of the studies above is that the conveyance of
personality is bilateral: it is not only about robots but people as well. This
implies that understanding the many aspects of humanity is a key to creating
robot personalities.

The second consideration, corresponding to a very popular topic in
the field, as reviewed by Robert et al. [53], is whether robot personalities
should be designed according the ‘similarity-attraction” principle or the
‘complementary-attraction” principle, and there is evidence supporting
both the former [47, 54, 45, 55, 56, 2, 57, 58] and the latter [59, 22, 55, 60,
57]. The seeming divergence only tells us that it depends on the context,
largely the tasks and roles of robots, as Joosse et al. [46] and Tay et al. [44]
have substantiated with their studies. We should design robot personalities
according to circumstances.

2.4 Models of Artificial Personalities

The lack of a comprehensive generative personality model for robots was a
major issue to resolve in robot personalities engineering. There were only a
few generative personality models in robotics research, most of which spe-
cialised for very specific applications. Most generative models of personali-
ties were found in virtual agents or narrative generation studies. The exist-
ing generative personality models can be placed into two overlapping cate-
gories: goal-based models and models applied to robots. Goal-based models,
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which, depending on the context, can also be called goal-oriented models,
goal-directed models, goal-conditioned models, and so on.

2.4.1 Goal-Based Models

Carbonell, in his pursuit of Al that understands stories, proposed a goal-
oriented personality model for understanding characters’ personalities and
thereby predicting and interpreting their actions [61]. The philosophy behind
his ‘goal-tree” model is that a character’s personality is reflected in their ac-
tions in a situation, and those actions point ultimately to their goals, thereby
associating their goals with personality. His model is not generative per se but
can be easily adapted into one, since predicting actions is in a sense gener-
ating hypothetical actions. To create virtual characters with inter-individual
differences and autonomy in behaviour, Chittaro and Serra proposed a goal-
oriented model, where personality traits influence how characters sense the
world, plan their actions, and perform the actions [62]. The goals are repre-
sented by probabilistic finite-state machines, where the trait levels are used
as weights to compute probabilities of state transitions. However, the model
requires for each goal a probabilistic finite-state machine, which is easier to
define in a virtual, closed world. Yet in a real, open world, the means to
achieve certain goals are often unclear and hence unable to guide the be-
haviour or choices of actions. Bouchet and Sansonnet proposed a model
for implementing influences of personality traits on cognitive agents [63].
The influences are defined by associating to personality traits sets of ‘bipo-
lar schemes’, which consist of eight classes of ‘level of activation” operators
that can be applied to multiple phases, from goal selection to the execution
of a plan for achieving the goal to the evaluation of what has been done,
of the five-phase deliberation cycle of the BDI-agent [64]. The authors then
had not yet done empirical assessments of their model. Julio et al. proposed
a narrative generation system, Mask [65], featuring an algorithm, CB-Glaive,
based on the work of Ware and Young [66]. Their Mask system can choose
for a character a course of action that aligns best with their goal and hence
continue the narrative from some given premises with available choices of
actions.

Many goal-based models were considered in narrative generation or anal-
ysis studies. The above mentioned study by Carbonell [61] is one of the semi-
nal contributions to narrative analysis. However, most current robots cannot
deliberate goals, plans, or decisions on courses of actions for actionable, real-
world behaviour. There were not many attempts on goal-based approaches
to ‘high-level’ behaviour. Still, the flourishing field of machine learning is
filling the gap. Goal-based or goal-directed reinforcement learning has strik-
ing parallels in narrative generation or other artificial agents studies. A ma-
jor difference is that goals as defined in reinforcement learning usually have
nothing to do with personality.
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2.4.2 Generative Personality Models Applied to Robots

So far, the most common type of generative personality model applied to
robots is ‘specialised’. Specialised models are specialised to generate in very
specific situations very specific aspects of behaviour that could evoke im-
pressions of personality. There was the gaze model by Fukayama et al. for
virtual agents [28], which I showed to be applicable to androids with nec-
essary modifications [33]. Lee et al. implemented their system on AIBO, a
robot dog [22]. The system had two sets of hard-coded configurations cor-
responding to binary traits, extroverted and introverted, in the extraversion
dimension. Such an approach is applicable to companion robots or social
robots that have no needs to form large colonies. For humanoid robots that
work as humans’ co-workers or helpers in various domains where multi-
ple robots will work and hence be observed together, a generative person-
ality model of a large colony capacity is required. Aly and Tapus devised
a model capable of generating verbal and non-verbal behaviour for robots
[56]. It worked by generating personality-modulated speech and then per-
sonality modulated gestures out of the personality-modulated speech. For
their experiment, the authors tested two personality configurations on the
extraversion dimension. Their model lacked a structure to encode inter- and
intra-individual differences for more than two personalities on more than
one dimension. It is unclear whether their model has the potential to ex-
press more personalities by expansion. The personality-driven body motion
synthesis models by Durupinar et al. contributed an insight into ‘effort” of
personality [36]. (Their study was on artificial agents rather than physical
robots, but was nonetheless relevant.) The gist of their method is to map per-
sonality traits to ‘Effort’, as defined in Laban Movement Analysis, and then
‘Effort’ to body motion parameters. Many human activities involve ‘effort’—
albeit defined differently in different contexts—and therefore the idea may
apply to a range of human behaviour other than body motion. Zabala et al.
proposed an affect-based system that generated non-verbal behaviour con-
sistent with the robot’s speech [67]. Their system did not have components
to encode inter- and intra-individual differences of personalities by traits but
worked by generating non-verbal behaviour from the emotions expressed in
the robot’s speech. Speech is an important means of personality expression,
and therefore their system has the potential to be integrated into a generative
personality model for speech. Better understanding of personality traits and
inter- and intra-individual differences in emotional expressions via speech
may be necessary to achieve the integration. Churamani et al. proposed a
framework for constructing models capable of generating affect-modulated
behaviour based on the appraisal of users’ affective states on the arousal and
valence dimensions, which is, in a sense, generating behaviour with intra-
individual differences, considering that users” affective states are one of the
most important contexts, among a few others, in expressing or understand-
ing robot personalities [68]. And by configuring it to make the robot be-
have either patiently or impatiently, or to be either excitatory or inhibitory
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in forming the robot’s mood, the model could generate behaviour with inter-
individual differences for at least two distinct individuals on each of the three
broad traits (being generous, persistent, and altruistic) that the authors con-
firmed to be consequential in the context of their study. The authors did not
advertise their models to be generative personality models per se, but the po-
tential is clear from their results. Only that personality encompasses more
than just affective behaviour. How to encompass other aspects of personality
and how to use their framework to construct models capable of generating
behaviour with inter- and intra-individual differences for a significant quan-
tity of robots were not the aims of the work presented by the paper and hence
unknown.

It could be hard to integrate those specialised models without compro-
mising the overall consistency of personality, an essential quality of person-
ality [69]. In other words, it will not be easy to put specialised models to-
gether to create a robot personality with a consistent overall impression. An-
other common drawback is that most of those models present broad traits
in very low resolution; most of them support two discrete trait levels (high,
low). Being specialised models with also discrete (often binary) trait levels
severely limits the colony capacity of those models. Furthermore, many of
the specialised models for robots, such as the eye movement model applied
to androids [33], have no structure to encode inter- and intra-individual dif-
ferences of personality, and hence the links between personality structures
and behaviour remain obscure. Such models have limited practical value for
engineering robot personalities in significant quantities.
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Chapter 3

Ordering-Based Personality and
Measure

3.1 Research Question

The first research question is a CAN question: can physically identical robots be
created with individuality that consists of personality traits that distinguish them
from one another, under the constraints that the traits are similar? This question
involves two factors: differences (in traits) and similarity (on the whole) be-
tween personalities.

Many previous studies explored the first factor but not the second; they
often demonstrated differences by assuming binary classification of person-
ality traits. For example, Lee et al. showed a robot dog could express either
extraversion or introversion [22], and Bremner et al. investigated personality
perception of teleoperated humanoid robots on the extraversion, conscien-
tiousness, and agreeableness dimensions with binary trait levels, i.e. “high or
low” [31]. Important though they are as studies on robots’ potential for hav-
ing personality or the perception of it, in creating robot personalities how-
ever, constraints can apply, such as that robots must be high on some de-
sirable traits, e.g. conscientiousness and agreeableness. Therefore, it is nec-
essary to verify the possibility by verifying both similarity and difference.
Verifying similarity was the focus of my first study [33]

The rest of this chapter is organised as follows: Section 3.2 elaborates on
the method for measuring similarity; Section 3.3 describes the systems ap-
plied to the experiment; Section 3.4 relates the experiment; Section 3.5 shows
the results of the experiment; and Section 3.6 discusses the results and con-
cludes this chapter.

3.2 Method: Ordering of Personality Traits and
Similarity
Testing similarity was trickier than differences. What counts as similarity?

Just how similar can be considered similar? What is the measure? To address
these issues, I proffer the following considerations.
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What counts as similarity? When we try to know about a person, a com-
mon question is ‘What are the most memorable characteristics of this per-
son?” Although trait-based personality models, such as the five-factor model
[9, 8], describe a person’s characteristics as several principal personality traits
of equal importance in an objective sense, in our daily life we often see a per-
son from what is the most memorable of them, as predicted by the influence
of central traits in forming impressions of a person [7] as well as possible
‘salience bias’, a type of availability bias [70]: subjectively speaking, some
traits are just more prominent than the others. Consequently, there exists a
ranking of the salience or prominence of personality traits for each observed
character, the higher a trait is ranked the more prominent it is. This ranking
I call the order of traits. If we assume that the order by the prominence of
traits is determined by and hence the same with the order by the strength of
traits, then this order is also determined by how a personality, represented
as a vector in a personality space, is oriented. On this wise, similar person-
alities can be considered as several characters remembered or recognised by
a similar set of broad traits; their personalities as presented as vectors in the
personality space should be similarly oriented, indicating similar ordering of
the strength or prominence of their personality traits.

How similar can be considered similar? Currently, there is a lack of em-
pirical support for a clear division between ‘similar” and ‘not similar” when
using distance-based measures. However, in trait-ordering-based measure
there is a clear decision criterion of whether two orders match. We can also
compute how much two orders match by computing how similarly two per-
sonality vectors are oriented.

In order to show that two personalities are similarly oriented in the per-
sonality space, we need to represent them as vectors and evaluate how sim-
ilarly oriented the two vectors are. To this end, a suitable similarity measure
is cosine similarity. However, in the context of measuring personalities, we
use inner product with normalisation as an equivalence and adopt the bra-
ket notation because the trait ordering and orientation of a personality as a
vector are more neatly associated and expressed this way.

Let |P) denote the personality of an individual P. Given a personality
space with dimensions X, Y, and Z..., and hence let (| X), |Y),|Z) ...) be a ba-
sis corresponding to the personality dimensions. Then, personalities can be
represented as linear combinations, for example, the personality of an indi-
vidual H:

H) =al|X)+b|Y)+c|Z)+.., 3.1)

where a, b, ¢, ... are real numbers.
We assume the basis (|X),|Y),|Z),...) to be an orthonormal basis, sug-
gesting that
(X|Y)=(Y|Z) =(X|Z) =..=0 (3.2)

and
(X|X) =(Y]Y)=(Z|Z) =..=1, (3.3)
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where the inner product of two personalities |H) and |R), that is
(H|R) = [H) - [R). (34)

The practical meaning of this assumption is that the personality dimen-
sions of a personality model correspond to broad traits that are independent
of one another (though personality dimensions of most if not all popular
models are not strictly orthogonal; still, the assumption is a useful approxi-
mation).

To compute the similarity between two personalities, for example

IH) = a|X)+b|Y) +c|Z) +.. (3.5)

and
R) =d|X)+el|Y)+f|Z)+ ..., (3.6)

we evaluate how close their inner product

(HIR) = (a|X) +b|Y)+c|Z)+..)-@|X)+e|Y)+f|Z)+...)

7
= ad +be+cf + ... (3.7)

is to 1 (the unity). The closer the inner product is to 1, the more similar
the two personalities are; and an inner product that equals to 1 suggests the
complete overlap of the two corresponding vectors and a corresponding per-
fect match of the orders of their traits. Because any personality is identical to

itself, naturally
(PIP) =1 (3.8)

for any P. This requires a personality as a vector to be normalised before
applying the measure, such that

(PIP) = (x|X) +y V) +z|Z)+ . ) =+ + 2 +..=1 (3.9)

for any P.

Since this measure only concerns the angle between two personalities as
vectors, it will consider two vectors with vastly different norms (magnitudes)
but a small angle in between as similar. Therefore, it is not a generally appli-
cable similarity measure but one used in cases where the norms of the two
vectors under comparison are not vastly different. We can assume this is
the case in creating robot personalities because we aim for useful and pleas-
ant personalities, which will be more or less balanced. By ‘balanced’ I mean
that the traits of personalities will not deviate from the desirable range so
that their norms as vectors will not be drastically different. It can also be as-
sumed that ordinary human beings normally raised and educated will have
more or less balanced personalities so that their personality traits will not
deviate from what is normal. This assumption means distance-based mea-
sures (as opposed to ordering-based measures), such as Euclidean distance,
are unsuitable for measuring the similarity between personalities since there
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FIGURE 3.1: The android from the point of view of the observer.

is a lack of benchmarks on “how similar is similar?” within the range of nor-
mality.

3.3 Systems: Robot and the Eye Movement Model

The robot featured was a female-type android as shown in Figure 3.1. The an-
droid was controlled by an eye movement model as illustrated by Figure 3.2.
It was a modified version of that of Fukayama [28]. The model worked by
controlling the eyes to either gaze or avert using a Markov process. In other
words, it controlled the switching between two states: Gazing and Averting.
‘Gazing’ was when the robot under control was looking at the other inter-
locutor, and ‘Averting’, somewhere else. The switching was controlled by
two variables: the timing D (duration) and the probability R of switching.
In this study, the android’s personality was based on two human archetypes
denoted by T and K. D was the average time the human archetype spends on
Gazing, measured in milliseconds (ms). R (0 < R < 1) was the proportion of
total amount of time of interaction the human archetype spent gazing used
as a probability. The switching happened following such rules: upon enter-
ing the ‘Gazing’ state, initiate the next transition in D time, and when the
time arrived, the model might stay on Gazing with R probability or avert the
eyes with 1 — R probability; upon entering the “Averting’ state, initiate the
next transition in D(1 — R)/R time, and when the time arrived, the model
might stay on Averting with 1 — R probability or let the robot gaze back at
the interlocutor with R probability.

Another thing for the model to handle was where to look at during aver-
sion. The robot’s field of vision was framed as a Euclidean plane, with the
tace of the other interlocutor at its centre. Upon entering the “Averting’” state,
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R: Proportion of the time spent gazing normalised as a probability
D: Average gazing duration (ms)

Probability of transition to Gazing: R

t

Probability of transition to Averting: 1-R

1 Upon entering Gazing (state), initiate the next transition in D (ms)

2 Upon entering Averting (state), initiate the next transition in D(1-R)/R (ms)

FIGURE 3.2: The eye movement model based on a two-state
Markov process.

the place to look at was a coordinate sampled from a bivariate normal distri-
bution:

1 z

Py = o (o) 310
where 2
S € 1 PN C ol 3]l Y el 0 (3.11)
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The means and variances were learnt from the distribution of the
archetype’s gaze aversion. Whether the archetype was gazing or averting
their eyes was determined using 2-means clustering. When the archetype
was engaged in the designated dyadic conversation, their eye movement
was recorded using an eye-tracking device on a constant time interval
(20 ms). The locations of their gaze were recorded as coordinates on the
Euclidean plane. 2-means clustering clustered the coordinates into two
clusters corresponding to the two states. The “‘Averting’ cluster provided the
distribution to learn the parameters from.

3.4 Experiment: Evaluating the Personalities

3.4.1 Hypothesis

To answer the research question, I tested the following hypothesis [33]:
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An individual perceives the personality traits of a human archetype with
consistency in an android which imitates the archetype’s eye movements,
such that when an audience, a group of people, perceives the personality
traits in such an android, the personality traits the audience—despite
the individual differences of its members in perceiving personality traits
from eye movements—perceived, using proper methods, shall agree with
those perceived in the same manner in the archetype.

What follows the hypothesis is that, when an audience perceives the
personalities of two arbitrarily selected archetypes which happen to be
different, such differences shall manifest in the android that imitates
their eye movements, even if it is the same android that imitates the
two archetypes (in turn) with all other conditions being kept equal.

The hypothesis indicates that an android that imitates a human’s eye
movement will be considered as similar to the human in personality, and if
the android imitates the eye movements of two human archetypes with dis-
tinctly different personality traits, the android expresses two distinctly dif-
ferent personalities. If the two human archetypes have similar personality
traits, the personality traits as expressed by the android will also be similar.
Therefore, to test the hypothesis, we need to test the two factors: similarity
and difference.

3.4.2 Scope

The scope, i.e. expressing personalities via the eye movements of an android
in dyadic communication, as specified by the hypothesis is potentially gener-
alisable. If the possibility is confirmed for the android using only their eyes,
then the possibility may extend to any androids. And androids are humanoid
robots, many of which have eyes too. The possibility with androids could be
an indication of the potential of other humanoid robots (though this was yet
to be confirmed at the time). Dyadic communication is also common among
humans and hence pertinent to human-robot interaction.

3.4.3 Procedure

Two male members of our laboratory acted as the archetypes. Their eye
movements were recorded using Tobii Pro Glasses 2 when they recited a
Japanese script about ‘the problem of sub-replacement fertility in Japan’. The
topic and script were prepared to be as neutral as possible to minimise inter-
ference (e.g. from the archetypes’ emotions and mental activities as reactions
to the content of the script, which might also affect their eye movements).
To further reduce interference, the eye movement model worked indepen-
dently of the content of the script. In this way, the sources of differences
in the robot personalities should be the differences between the personali-
ties of their corresponding archetypes rather than the differences in how the
archetypes reacted to the content due to reasons other than their individual-
ity. The two instances of interaction were recreated using the android. All



3.5. Results: Ditferences and Similarity 23

FIGURE 3.3: The android’s eye movements.

four instances were recorded as short videos about 90-sec to 120-sec long.
The videos presented the point of view of an interlocutor facing the android
(Figure 3.1)

39 subjects, 19 females and 20 males, served as observers. All of them
were Japanese students at Osaka University, and none of them was a member
of our laboratory. Each of them watched the videos and evaluated the per-
sonalities in the videos using Hayashi’s personality assessment inventory,
which was in Japanese and consisted of 20 7-point Likert scales [71]. The
videos appeared in a random order for each observer for counterbalancing.

3.5 Results: Differences and Similarity

TABLE 3.1: The three broad traits as evaluated per personality

Personality Dimensions

Personalities Sociability ~Familiarity Activeness

Human T 4.8 4.8 4.4
Android Ut 4.3 4.3 3.9
Human K 3.9 34 3.6

Android Ug 34 3.2 24
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— X KKK

Sociability Familiarity iveness

FIGURE 3.4: The four personalities measured on the three di-
mensions.

TABLE 3.2: The Wilcoxon signed-rank test results

T versus K Uy versus Uk
Dimensions p-value Z-value a! p-value Z-value a!
Sociability 0.00022  -3.7 o 0.00046 -3.5 o
Familiarity 0.00006  -4.0  *** <0.00001 46  ***
Activeness 0.01778  -2.4 * 0.00006 -40

L% p < 05; % p < .001; ** p < .0001

The reported personality trait levels on the three dimensions of Hayashi’s
model are plotted in Figure 3.4 and recorded in Table 3.1.

3.5.1 Testing Differences

I tested the differences using the Wilcoxon signed-ranked test, since the data
were non-parametric. The results were recorded in Table 3.2 and illustrated
by Figure 3.4. The robot personalities were distinctly different across all three
dimensions, so were the two human archetypes they were based on.

3.5.2 Testing Similarity

To apply the ordering-based similarity measure, let |T), |Ur),|K),|Uk) de-
note the personality vectors of T, Ur,K, and Ug; let (|S), |F),|A)) be an or-
thonormal basis corresponding to the personality dimensions ‘Sociability’,
‘Familiarity’, and “Activeness’.

Using the data from Table 3.1, compute the following:

IT) = 0.593|S) + 0.593|F) + 0.544 | A) (3.12)

U7) = 0.595 |S) + 0.595 |F) + 0.540 | A) (3.13)
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IK) = 0.619 |S) 4 0.540 |F) + 0.571 | A) (3.14)
|Uk) = 0.648|S) + 0.610 |F) 4 0.457 |A) . (3.15)

Then, compute the similarity between the two human archetypes,
(T|K) = 1.00; (3.16)
the two robot personalities
(Ur|Uk) = 1.00; (3.17)

the archetypes and the robot personalities modelled after them respectively,

(T|Ur) = 1.00 (3.18)
and

(K|Ug) = 0.99; (3.19)
and even cross-comparing,

(T|Ug) = 0.99 (3.20)
and

(K|Ut) = 1.00. (3.21)

It could be concluded that all characters featured in the experiment were
highly similar to one another.

Since the similarity measure concerned only the orientations but not the
norms of personality vectors, it had been necessary to check the norms of the
four vectors before normalisation, which could be computed using the data
in Table 3.1:

IT| = 8.1 (3.22)
U] = 7.2 (3.23)
K| =63 (3.24)
Uk | = 5.2. (3.25)

The goal was to check whether it was possible to create robot personalities in
significant quantities, and therefore the difference between robot personali-
ties Ut and Uk mattered. The difference between their norms was about 2.
Whether 2 was large or small should be considered in the context of the goal.
If we used 2 as the distance to distinguish similar personalities, then in any
direction in the personalty space, where the maximum value of each dimen-
sion was 7, we could have a minimum of four distinct individuals as three
similar pairs. Each of the pairs could be similar to another pair in another
direction that was similar to the current one by the similarity measure. This
means that, with 2 as the standard for difference in norms, we could have at
least three sets of four similar personalities in two similar directions. Even
if only one of the three sets met the design constraints (e.g. all personalities
must be high in sociability), two directions allowed for at least four similarity
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personalities; and there could be more than two directions, admitting more
possibilities. Therefore, a difference of 2 did not invalidate the result of the
similarity measure.

3.6 Discussions

The above-presented experiment results showed that physically identical an-
droids can express distinctly different yet similar personality traits via eye
movement. This confirmed the possibility of creating robots with individ-
uality, i.e. personality traits that distinguish an individual from others of
the same kind, using androids. Moreover, the results substantiated the sig-
nificance of ordering traits by strength in understanding and distinguishing
individuals.

There were two critical limitations to this study. Using an android led to
uncertainty regarding other types of robots. Androids are robots built to re-
semble humans, and therefore personality dimensions that apply to humans
will apply to androids too if they behave sufficiently human. The same can-
not be said for other types of robots. The crux of the issue is the applicability
of human personality dimensions to robots that are not androids: what per-
sonality dimensions describe a type of robot that is not made in the human
image? The other limitation was that the ‘proof-of-concept” experiment was
but one successful instance involving only two archetypes corresponding to
two robot personalities. Although verifying the possibility required only one
successful instance, the aim of this research was to create robot personalities
in significant quantities.

To address both limitations, a method that could select applicable person-
ality dimensions for a type of robot for creating multiple robot personalities
was required and therefore proposed in Study 2.
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Chapter 4

Personality Structuring Method

4.1 Research Question

The second research question is a WHAT question: what personality traits com-
pose the individuality of a type of robot? Here, ‘the individuality of a type of
robot” does not refer to the characteristics of this type of robot that distin-
guish them from other types of robots, but the individuality of every indi-
vidual robot based on this type of robot. To create individual robots out of
a type of robot, we need to know the personality dimensions applicable to
this type of robot, which correspond to some broad traits that can describe
this type of robot for some users. Then the question becomes: what are those
personality dimensions?

Since the answer to the question depends on the type of robot, among
other factors, in this study, I have proposed a method to answer the ques-
tion [13]. The answers should come from the users of the robots, since they
are the main observers, judges, and beneficiaries of the robots” personalities.
Most users are humans. Humans exhibit a tendency to attribute human qual-
ities to non-human entities. For this reason, human personality dimensions,
especially those of trait-based models, are frequently used as the bases for
synthesising artificial personalities [72].

Trait-based personality models are often formulated as a set of personality
dimensions on which an individual’s traits can be measured. A well-known
example is the five-factor model, first discovered by Tupes and Christal in
1961 (a reprint of their work is available [9]), and subsequently by Norman
in 1963 [8]. The arguably most popular variant has these five dimensions:
extraversion, agreeableness, conscientiousness, neuroticism, and openness
[12]—known as the ‘Big Five’ [10].

However, there are several issues in applying human personality models
to creating robot personalities. The first issue is the most critical: the ap-
plicability of personality dimensions. Human personality models are often
empirical formulations based on a lexicon formed over time for describing
humans, as explained by the lexical hypothesis [73, 10]. Lexicons for describ-
ing humans do not necessarily apply to describing artificial agents [6]. It vio-
lates the lexical hypothesis to apply a human personality model to robots that
are not androids. The implication of this issue is that it is possible that not all
personality dimensions of a model apply to a type of robot, especially when
its appearance is far from a human image. Another issue is that, albeit of
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objectively equal importance, not all personality traits are equally prominent
in people’s eyes. A character is often recognised by their most memorable
traits, as predicted by the ‘availability bias’ [70], and there can be ‘central
traits’ that dominate the overall impressions of an individual [7]. How an
individual is perceived is often affected by cognitive biases, which are some-
thing to consider or even leverage in robot personalities engineering. Last
but not least, whether optimisation is possible on a personality dimension
depends on how some specific users perceive the personalities of a type of
robot, especially whether they can provide effective feedback to guide the
optimisation of the traits in the personality dimension. The dimensions may
vary with users since it is possible that not all people consider a broad trait to
be relevant to a type of robot that is not an android. To summarise, the first
issue implies that we cannot be so sure if a human personality dimension
applies to a robot that is not an android. The second issue implies that we
need to focus on traits that matter most to users. The third issue implies that
the specific users of certain robots have the ultimate say on what traits apply
and matter to their robots. Such traits are which they can provide effective
feedback on. Therefore, we need a selection procedure to select personality
dimensions on which some users can provide effective feedback about the
personality traits of their robots, as an engineering tool for creating robot
personalities out of a type of robot knowing its typical usage.

The main contribution of this work is such a selection procedure. It ap-
plies to robots that can imitate human behaviour. It is an engineering tool to
select personality dimensions as the structural basis for constructing a gener-
ative personality model and also the dimensions on which a user group, that
is a group of specific users of a specific robot, who will be the main observers
of the robot, can provide effective reports to guide the optimisation of the
robot’s personality construct. As far as existing surveys can tell [72, 52, 53],
this is the first work to propose such a selection procedure dedicated to cre-
ating robot personalities in significant quantities for practical applications.

To test the proposed selection procedure, I conducted a series of tests sim-
ulating engineering tasks where 10 robot personalities were to be engineered
out of 10 personality archetypes for small user groups of 3 to 18 people using
the dimensions of the five-factor model [12]. The type of robot, a life-size hu-
manoid ‘barebones’ robot, engaged users in dyadic communication, and its
main modes of personality expression were head and eye movements. The
effectiveness of the proposed selection procedure was confirmed within the
scope of the tests. The results show that the proposed method worked for
user groups with at least eight people.

The rest of this chapter is organised as follows: Section 4.2 elaborates on
the research goal, why we need the selection procedure, and examines the
insufficiency of previous work; Section 4.3 presents the selection procedure;
Section 4.4 relates the experiment conducted to test the selection procedure;
Section 4.5 shows the results of the experiment with the analysis; and Section
4.6 discusses the results and limitations and concludes this chapter.
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4,2 Research Goals and the Limitations of the
State of the Art in the Engineering Context

The selection procedure should tell us, with the help of a user group, which of
the personality dimensions of a descriptive personality model are suitable for
structuring robot personalities for a type of robot knowing its typical usage.
It should meet three requirements:

e It selects personality dimensions on which a user group can provide
effective feedback to guide the optimisation of the personality traits of
the robot personalities under construction;

¢ It supports significant quantities of robot personalities;

¢ It works with small user groups.

Many previous studies have more or less done similar work in exploring
robots” potential for expressing personality traits or studying the effects or
properties of robot personalities [74, 22,75, 39, 43, 1, 2, 37, 3]. They offer valu-
able scientific insights into the roles of robots” personalities in human-robot
interaction. However, their ‘tests” were unsuitable for engineering tasks for
they fell short of at least one of the above requirements.

The first and most common limitation is to consider the types of person-
alities rather than personalities with individual differences, which we call
the ‘binary trait’ simplification. Vinciarelli and Mohammadi have referred
to splitting personalities into two classes (per dimension) as ‘binary classifica-
tion approaches” and in their extensive survey commented that binary classes
were ‘not meaningful from a psychological point of view’ [72]. Their survey has
revealed that ‘binary classification approaches” were prevalent in the field.
It is also arguable that the approach is not meaningful from an engineering
point of view either. In fact, it defeats the purpose entirely since classification
underplays individuality by definition. To create many robots with individu-
ality, the ‘binary trait” simplification must not apply. The proposed selection
procedure does not require the ‘binary trait’ simplification and hence is not
subject to the said limitation.

If considered in the personalities engineering context, the second limi-
tation of previous ‘tests’ is the requirement of a large sample of observers.
Most if not all previous studies involved more than 20 observers, which is
appropriate for studying effects or properties of robot personalities, where
large representative samples are desirable. However, in creating robot per-
sonalities for practical applications, most user groups will be small. Potential
household user groups will mostly consist of two to nine people, extrapo-
lating from the UN’s data in 2017 on household sizes [76]. As for small
businesses, as of the time of this work, in the United States, currently the
largest economy, the average number of employees is about 10, and for small
businesses that have employees, the numbers of employees range from 1 to
19 [77]. As of Japan in 2019, small enterprises with fewer than 20 employ-
ees accounted for 85 per cent of all enterprises, and those in service, retail,
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and wholesale industries had up to 5 employees [78]. Whether we consider
potential household users or enterprise users, small user groups with fewer
than 20 people will be the most common. The test results from one (large)
sample of subjects do not necessarily apply to other (smaller) user groups
due to individual differences in personality perception, which subject to a
number of factors [35, 46, 44, 50, 51, 49, 47, 48]. The results can be highly
user-dependent and contextual, meaning different user groups may perceive
the same robot personalities differently, and the same user group may per-
ceive the same robot personalities differently under different circumstances.
The same behaviour may indicate different traits in different minds in differ-
ent contexts. Something as straightforward as eye contact can be pointing to
different traits in different cultures. In many eastern cultures, staring into the
other’s eyes is being confrontational or arrogant; in many western cultures,
not doing so is being disrespectful and showing disinterest or guilt. It is not
only cultural differences. Interpersonal differences should also be taken into
account. Between lovers, staring into the other’s eyes can be a cue of strong
affection, in eastern or western cultures alike; however, between rivals, it is
expressing animosity, strength, resolution, among other possibilities. It is
almost certain that, due to the complexity of personality and how it is per-
ceived, a group of users is unlikely to perceive the robot personalities under
construction as similar to the archetypes without optimisation, even when
the robots exhibit the most ‘archetypal” behaviour. This ‘self-other” discrep-
ancy has been observed in perceiving human personalities for a long time
[79], and in the perception of robot personalities as well [31]. The discrep-
ancy should be minimised for the sake of consistent user experience. What
dimensions and how much discrepancy to minimise depend on the users.
It follows that we should optimise personality constructs on a case-by-case
basis.

The third limitation and most fatal one is missing the step to check the ap-
plicability of human personality dimensions to robots that are not androids.
We can assume human personality dimensions are applicable to androids
since they are created to resemble humans and hence do. For other robots, we
cannot be so sure if the items of a dimension describe a robot (e.g., whether
an ‘open-minded’ robot vacuum cleaner makes sense to certain users). Con-
sequently, this limitation would apply to nearly all previous testing methods
if they were to be applied to personalities engineering unless the robots were
androids, since the results acquired would be in violation of the lexical hy-
pothesis [73, 10]. The proposed method is itself a guard against descriptions
that do not make sense regarding the type of robot to engineer.

4.3 Method: Proposed Selection Procedure

The selection procedure tests hypotheses in the following format:

Hypothesis (format). Given a type of robot R exhibiting typical behaviour B in sit-
uation S and a personality dimension P of a personality model M, P is a personality
dimension on which fidelity can be effectively optimised.
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The exact mathematical definition of fidelity should depend on the per-
sonality model to investigate. Generally speaking, the fidelity of a trait of
a robot personality under construction can be the accretion of the discrep-
ancy measurements between the corresponding trait of the archetype and
the observations on the same trait of the robot personality (for details, please
refer to Section 1.2.4). Since a robot personality has to be observed and
the observers” own personalities and backgrounds affect their observations,
there can be no absolutely objective observation of a robot personality and
a measurement of fidelity is always associated with a group of observers.
Unlike humans, robots cannot report their own personalities as their “true’
personalities—unless they have self-awareness; what serve as their supposed
‘true’ personalities are their corresponding archetypes, which do not neces-
sarily match their observed personalities without optimisation.

Testing a hypothesis in the format requires testing three corresponding
sub-hypotheses:

Sub-Hypothesis 1. The fidelity, computed as the proximity between the human
observations and the corresponding archetypes, is statistically distinguishable from
that by random guesses.

Sub-Hypothesis 2. There is a significant difference between the consistency of the
observations on the robot personality and that of those on a human personality in the
same settings.

Sub-Hypothesis 3. The pseudo-fidelity, computed as the proximity between the hu-
man observations and the corresponding observers” own personalities, is statistically
distinguishable from that by random guesses.

To select a dimension as optimisable, we should reject only the null hy-
pothesis of Sub-Hypothesis 1 (Combination 5 in Table 4.1). The rationale
behind is explained by the following three working hypotheses:

TABLE 4.1: The decision table.

C. Sub-Hypothesis1 Sub-Hypothesis2 Sub-Hypothesis3 Selection
1 NO NO NO NO
2 NO NO YES NO
3 NO YES NO NO
4 NO YES YES NO
5 YES NO NO YES
6 YES NO YES NO
7 YES YES NO NO
8 YES YES YES NO

YES: Yes, the null hypothesis is rejected. NO: No, the null hypothesis is not rejected.

Working Hypothesis 1. When some human observers are using a personality
model designed based on a lexicon for describing humans or animals to assess a robot
personality engineered after an archetype, the corresponding fidelity is not necessar-
ily statistically distinguishable from that by random guesses, which implies that they
have completed the assessment by guesswork.
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If the observers are just guessing the traits, their observations cannot be
used to guide the optimisation of fidelity. However:

Working Hypothesis 2. If a robot is capable of imitating human behaviour in a
given context where such behaviour is expected and the behaviour is typical of the
robot in a usage that matches the context, some traits that apply to humans will also
apply to the robot and are prominently observable in their typical behaviour, thereby
resulting in fidelity that is statistically distinguishable from that by random guesses.

Even if the fidelity is non-random, we need to eliminate two other possi-
ble causes of non-randomness to make sure that it can guide optimisation: in-
consistency and observers’ own personalities. Reports scattered on a person-
ality dimension can still lead to significant differences from random guesses
if they are dispersed enough. Highly dispersed reports reflect great incon-
sistency of opinions on the robot personalities. If the observers report the
robot personalities as similar to their own, which is not impossible [47], the
corresponding fidelity will also be non-random while being irrelevant to the
archetypes.

Working Hypothesis 3. If the fidelity from human observations that are as consis-
tent as on a human personality in the same settings is statistically distinguishable
from that by random guesses and the cause of it is not that the observers have re-
ported the robot personalities to be similar to their own, the human observations can
be used to guide the optimisation of the fidelity.

The third working hypothesis is supported by the following reasoning:
when the robot’s behaviour is mapped to personality measurements as com-
pleted by some human observers and the mapping is not random but consis-
tent, there exists an instance of behaviour leading to measurements that are
the closest to the corresponding archetype. By approximating that instance of
behaviour, we can approximate the optimal fidelity. Assuming the robot’s be-
haviour is controlled by some parameters of a generative personality model,
there should exist a set of parameters leading to the ‘optimal” behaviour. In
that regard, common optimisation methods should apply to approximating
the parameters, such as gradient descent and genetic algorithms. However,
whether they are efficient is another story.

The proposed selection procedure is based on the ‘robots-imitating-
humans” approach [80, 81, 82] and existing statistical tools. The resources
required are:

1. Fungible units of the type of robot to test;

2. Human archetypes who can serve as desirable examples for the type of
robot in performing the tasks it is designed for;

3. Tools to capture the example behaviour as data;
4. Methods to enable the robot to imitate the example behaviour;

5. Actors that act as users;
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6. The user group the robots are going to work for.

The procedure has four phases, as illustrated in Figure 4.1 (where the ar-
rows mark the dependencies; the capsule is the starting point; the rectangles
are processes; the cylinders are data sets or materials; and the hexagons are
the results of the processes). It is worth noting that, in case of optimising per-
sonality constructs, it is unnecessary to perform the entire procedure from
the beginning when more orders for the same model of robots for the same
usage come from some other user groups; in this case, we can start with user
assessment. In the following subsections, we will go through the four phases
one by one in detail.

4.3.1 Phase 1: Recording Archetypal Behaviour

In the first phase, we first recruit some candidate archetypes, and then, in
‘behaviour recording sessions’, we acquire their personality measurements,
record their behaviour, and let them report the personalities of the actors
acting as users. How behaviour recording sessions should be carried out
depends. Generally speaking, it is a simulation of the typical usage of the
type of robot to develop, where the candidate archetypes will be examples for
the robot personalities. For instance, if the type of robot is going to be office
errand runners, we hire model (well-received) office workers to simulate an
office environment; if it is going to be waiters in a restaurant, we hire model
waiters and waitresses and simulate a restaurant; if it is going to be singers
on the stage, we simulate a stage with real singers.

4.3.2 Phase 2: Implementing the Behaviour

In this phase, we produce the stimuli for user assessment in Phase 3. The
stimuli can be video recordings of the simulation in Phase 1 or they can be
the robot personalities themselves. For the latter, more than one unit of the
type of robot may be required. How to produce the stimuli depends. Gen-
erally speaking, the robots” behaviour should be as close to the archetypes’
as possible. First, in ‘screening’, we need to exclude the candidates whose
behaviour is beyond the robot’s capabilities or operational parameters. We
use only the behavioural data from the selected candidates, who will be the
human archetypes. Then, we process the data. How to do this depends.
In general, it is turning videos or motion capture data into a form that the
robot can imitate. For example, in developing waiter robots, this can be pro-
cessing a waiter’s gestures and body motion from when ushering guests into
their seats into joint tracking data. Next, in ‘extracting behaviour’, we fur-
ther separate the processed data according to the modes we are interested to
investigate. For example, for developing waiter robots, we might be more
interested in facial expressions and hand gestures than gait as modes of per-
sonality expression. Finally, we program the robot with the behaviour to
recreate the simulation in Phase 1 as how we produce stimuli for user assess-
ment in Phase 3.
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FIGURE 4.1: Workflow of the procedure (where the four rows represent the four phases; the arrows mark the dependencies;

the capsule is the starting point; the rectangles are processes; the cylinders are data sets or materials; and the hexagons

are the results of the processes). In addition, Phase 1 is about recording archetypal behaviour; Phase 2, implementing the
behaviour; Phase 3, user assessment of robot personalities; and Phase 4, the three tests.
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4.3.3 Phase 3: User Assessment

In Phase 3, we first make preparations for user assessment and then request
the users to assess the robot personalities. The users can do this either by
watching the videos of the robots or by interacting with the robot person-
alities themselves. For assessment based on video stimuli, we need to pre-
pare only surveys. For assessment based on live interaction, we need to pre-
pare for interactive settings as close to the simulations in Phase 1 as possible.
After the surveys or interactive sessions, the users also need to report their
own personalities.

4.3.4 Phase 4: Three Tests

In Phase 4, we select personality dimensions using three tests. We henceforth
refer to users also as observers, since the users of the robots are the main
observers of the corresponding robot personalities.

Data Sets Required

The tests require five data sets in total (Table 4.2), four of which are from the
previous phases: the archetypal personality self-reports, hereinafter denoted
as A, from Phase 2; the candidates’ (or archetypes’) reports on the actor’s
personality (if the simulation in Phase 1 has involved multiple actors and
reports have been acquired on all the actors, the reports on one of them are
enough), hereinafter denoted as L, from Phase 1; the users’ reports on the
robot personalities, hereinafter denoted as B, from Phase 3; and the person-
ality self-reports by the users, hereinafter denoted as H, from Phase 3. The
tifth data set consists of random reports generated on demand, hereinafter
denoted as N. Here, B and N are not in bold because they are sets. In ad-
dition, r denotes the number of robot personalities to engineer, which is the
same as the number of archetypes; u the number of users; ¢ the number of
personality dimensions to test; and ¢ the number of reports in the data set L.

TABLE 4.2: Data sets required.

Data Sets Dimensions Row Vectors Column Vectors
A rxt ai, ap, ..., a all,alz,ué,...,a;
L cxt Lol ..., L 1,00, ..
B:{Bl,Bz,Bg,...,Bu} uXxXrxt - -

H Ut hi,ho,hs, ..., hy K, hy b, ..., h
N depends depends depends

Ais anr x t matrix. It consists of r t-dimensional row vectors correspond-
ing to r archetypes or t r-dimensional column vectors corresponding to t per-
sonality dimensions. L is a ¢ X t matrix. It consists of ¢ t-dimensional row
vectors corresponding to ¢ sets of human observations on a human or ¢ c-
dimensional column vectors corresponding to t personality dimensions. B is
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a set that consists of u r x t matrices: By, By, B3, ..., B,, since each of the ob-
servers has reported f traits on r robot personalities; each matrix has the same
dimensions as A and can be expressed likewise. H is a u x t matrix. It con-
sists of u t-dimensional row vectors corresponding to u observers (users) or ¢
u-dimensional column vectors corresponding to t personality dimensions. N
consists of randomly generated data per the dimensions required. To sum-
marise, we have

A=[a1 ay a3z ... ar}T=[all alz a; a;}, 4.1)
where A € R"™!, a;_1,3 ., € R™*, and a;:1,2,3,_“’t e R™1,
L=[h b b .. L'=[1 1 1 .. 1], (4.2)
where L € R, I,_1,5 . € RI*, and 1;21,2131.“» e Re*1;

B={By,ByBs, ..., B.}, (4.3)

where Bi_13, .4 € R™;
H=[m h b o )" =[n by By .. k], (4.4)

where H € R**"and h;—1,3 ., € R1*, and h;:1,2,3,._.,t e R#x1,

N represents a ‘blind guesser” who cannot perceive any personality traits
and thus has no recourse but to guesswork when it is required to complete
a personality assessment. It is what the observers are pitted against. Person-
ality traits are often assessed with statements describing certain qualities of
a subject, such as: ‘... is someone who likes to talk with friends’. The users
must indicate the extent to which they agree or disagree with the statements.
They are guessing if they have no idea how well the statements describe the
robot personalities, or they can simply indicate that they neither agree nor
disagree with the statements. A significantly large number of wild guesses
should exhibit the same behaviour as random guesses generated by the uni-
form distribution.

Test 1: Robot Personalities’ Fidelity Test

The first test to run is the fidelity test. It tests Sub-Hypothesis 1 per dimen-
sion.
It requires data sets A, B, and N. Let s denote the total number of reports,

S=1u-t. (4.5)

The fidelity test compares the fidelity by the human observations with
that from N to select the personality dimensions.

We can compute fidelity as follows: given a trait as observed by u users,
which can be represented by a vector b (b € R¥), and the corresponding trait
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of the archetype a (2 € R), fidelity vector f (f € R¥) is expressed as
f=abs(b—a), (4.6)

where abs denotes a function that replaces all elements in a matrix or vector
with their absolute values. (To avoid confusion, we refrain from using || since
it also denotes the determinant of a matrix.)

Each element in the fidelity vector f is a numerical distance, which can
also be called ‘a proximity value’. For instances, if Observer 5 has reported
the extraversion level of a robot to be 3.5 when the robot personality is based
on Archetype 3, whose extraversion level is 4, then the 5th element in the f3
of extraversion is 0.5. The fidelity of all robot personalities on all dimensions
can be represented as an s x t matrix: F (F € R®*). F can be computed from
A and B using

F = [abs(B; — A) abs(B, — A) abs(Bs—A) ... abs(B,—A)]". (47)

We generate the same number of random reports to the assessment scales.
A random report consists of random numbers generated as random answers
to the questionnaires about the robot personalities. For example, given a
questionnaire that consists of 44 questions with 5-point Likert scales enquir-
ing how much an observer agrees with the corresponding statements, a hu-
man report would consist of 44 responses, whereas a random report would
consist of 44 random integers in the range of [1,5]. Random traits should
be computed in the same way per the instructions of the personality assess-
ment inventory, and the results are divided into u r x t matrices, which are
denoted here as Ny, N3, N3, ..., N, (Ni—123 .4 € R™"). We then compute

the random ‘fidelity’ F' (F' € R**!) using

/

F = [abs(N; — A) abs(N, —A) abs(N3—A) ... abs(N,—A)]T. (4.8)

With F and F ready, we apply an appropriate statistical test. Which test
should be applied depends on the sample sizes, types of distributions in the
samples, any underlying assumptions about the data, and whatnot. A test
should be carefully chosen to yield practical results.

Let T denote a function that performs the featured test thus: it takes two
real matrices of the same dimensions as the input and then returns a real
vector of p-values as the output. The function computes the p-values be-
tween the two corresponding columns of the same index in the two matrices.
Therefore, the p-values, represented as a vector p (p € R'), can be computed
as

p=T(F,F). (4.9)

Other statistics can be computed likewise.

Here, we are testing t hypotheses simultaneously. Thus, the problem
arises as whether corrections for the multiple comparisons problem should
be applied. In scientific research, corrections are often applied. However,
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in engineering robot personalities, it should depend on the circumstances of
the specific engineering task. Whether it is better to minimise the chance of
either Type 1 or Type 2 errors depends. If it is more important to reduce cost
and focus on the most prominent personality traits, it might be better to ap-
ply the corrections so that it is less likely to select a personality dimension by
chance while in truth optimisation cannot be effectively conducted on that
dimension. If it is more important to utilise the full potential of the robots, so
as to make them more ‘characteristic-rich’, it might be better to not apply the
corrections so that it is less likely to disqualify a dimension by chance.

Test 2: Robot Personalities” Consistency Test

The consistency test follows the fidelity test. It tests Sub-Hypothesis 2 per
dimension for every robot personality. This test requires data sets B and L.

Consistency measures the strength of the consensus on a robot personal-
ity some observers can reach. Because a benchmark is yet to be established
in the field, for the time being, the consistency of humans reporting on a hu-
man can be the standard for that of humans reporting on a robot in the same
settings. We can use Bartlett’s test as a consistency parity test. It tests homo-
geneity of variance while being sensitive to non-normality, meaning passing
this one test is a sign for both normality and homogeneity of variance of the
reported personalities.

Given a number of observations x4 (x4 € R¥), as on a personality trait of
an agent, and those on another xp (xg € IR¥), consistency parity p (0 < p <
1) can be computed as

p = Bartlett(x,xp). (4.10)

The p here is indeed a p-value. However, what can be considered as
‘significant” in the context of consistency parity requires support from more
empirical results. For now, any choices seem arbitrary. The convention of
p = 0.05 can be a (very loose) significance threshold, and since we run r
tests per dimension, we need to correct the p-value to 0.05/r by applying the
Bonferroni correction to counter the multiple comparisons problem because
we do not want to disqualify a dimension by chance, thereby relaxing it fur-
ther. A consensus is topic-dependent, which means that a group of observers
can reach a consensus separately on A or B, while a consensus on A and
B together is nonsense. Consequently, we need to measure the consistency
parities separately (per archetype per trait).

Let Bt denote a function that performs Bartlett’s test, thus: it takes two
real matrices of arbitrary numbers of rows but the same number of columns
as the input, and it returns a real vector p of p-values as the output. In
other words, the function computes the p-values between two correspond-
ing columns of the same index in the two matrices. Let P denote the matrix
that contains all p-values of consistency parities. It can be computed as

P=[p1 p2 p3 --- pr]", (4.11)
where p;_1,3 ., = Bt(L,B;) and p; € R*t
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where Bi_1,3,..,» € R**!, and
Bl = |:b11 bzl b3l P buj:| T 7 (4'12)

where b,,, (m = 1,2,3, ..., u) denotes the mth observer’s report on the ith
robot personality. To disqualify a dimension, we can consider the number of
null hypotheses (consistency parity) rejected on that dimension. Consider-
ing that the consistency parity testing approach might not be strict enough,
a stricter threshold for the number of rejected null hypothesis can be imple-
mented here to enhance the effectiveness of the test.

Test 3: Robot Personalities” Fidelity ‘Sanity” Test

Finally, the fidelity ‘sanity” test checks whether we can reproduce the results
in the fidelity test using the observers in place of the archetypes as the refer-
ence points. It tests Sub-Hypothesis 3 per dimension.

This test is almost the same as Test 1 except that we swap the archetypes
with the observers themselves as the reference points. Fidelity is defined
as the proximity between the observed robot personalities and their corre-
sponding archetypes; therefore, the proximity between the observed robot
personalities and the corresponding observers is not fidelity; instead, we call
this quantity pseudo-fidelity. The test follows the exact same procedure as
the fidelity test, only that this time the reference points are changed from the
archetypes to the personalities of the observers themselves. This test requires
data sets H, B, and N.

We compute the pseudo-fidelity and generate s random reports to
compute random traits as before. From N, we get u r x t matrices:
Ni, Né, Né, cee, N,; (Nz‘/:1,2,3, ou € R™*#). Because we need the proximity val-
ues between the observations of each observer and the observer themselves,
we construct u r X t matrices: Hy, Hp, Hj, ..., H, (Hi—123,.., € R™,
where

Hi15,. 0= [hi hi hi ... k", (4.13)

where h; is the ith observer’s personality.
Then, we apply the same procedure as in the fidelity test, which can be
expressed as

F, = [abs(By — Hy) abs(B, — Hp) abs(B; —H3) ... abs(B, —H,)]"
(4.14)
" / / / / T
F = [abs(N1 — Hy) abs(N, — Hp) abs(N;—Hz) ... abs(N, — Hu)} .
(4.15)

Then, the p-values from this test, represented as a vector p, (p, € R?),
can be computed as

po = T(F,, F'). (4.16)
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4.4 Experiment: Testing the Selection Procedure

I tested the selection procedure in a scope as delimited by the following
question: given a user group, what are the personality dimensions to use in cre-
ating a type of life-size humanoid ‘barebones’ robot into ten robot personalities for
human-robot dyadic communication, where the typical personality-expressing be-
haviour consists of head and eye movements? Dyadic communication, albeit not
a situation that needs a large number of robot personalities, was chosen for
the abundance of literature on human-robot interaction since I needed to
compare the experimental results with those in existing literature to know
whether the proposed selection procedure was effective.

4.4.1 Materials: Robot and Software

The type of robot used to test the selection procedure was a humanoid ‘bare-
bones’ robot (Figure 4.2). Its eyes and necks were actuated by pneumatic ac-
tuators with a typical response time of 200 milliseconds. The robot was con-
trolled by a proprietary interface that received actuator commands for move-
ments. A simple mapping program generated commands for the robot’s
eyes and head by mapping head and eye movement angles, which were cap-
tured by OpenFace 2 [83, 84, 85, 86], to actuator positions, so that, when the
archetypes turned their heads or eyes left or right, up or down, the robot
would do the same. The mapping was done without smoothing or filtering.

FIGURE 4.2: Tested robot in action as what the human ob-

servers viewed in Phase 3 (but without pixelating the actor’s
face) when they reported on the robot personalities.

The selection procedure was implemented in GNU Octave (Version 6.2.0)
with the ‘statistics” package (Version 1.4.2). The featured statistical test in
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Tests 1 and 3 was Welch'’s test, which was executed by the welch_test func-
tion. The featured statistical test in Test 2 was Bartlett’s test, which was exe-
cuted by the bartlett_test function.

4.4.2 Going through the Procedure

The test settings were that 10 robot personalities were to be engineered out
of 10 personality archetypes for small user groups of 3 to 18 people. The
robot engaged users in dyadic communication, and the main modes of per-
sonality expression were head and eye movements. The personality assess-
ment inventory used was by John et al. [87], which has 44 Likert scales for
assessing five principal personality traits (dimensions): extraversion, con-
scientiousness, agreeableness, neuroticism, and openness. If we fill in the
hypothesis format per the settings, it would be

Hypothesis (generic form). Given a humanoid ‘barebones’ robot that moves
its head and eyes in dyadic communication and a personality dimension P of the
five-factor model (where P € {extraversion, conscientiousness, agreeableness,
neuroticism,openness}), P is a personality dimension on which fidelity can be ef-
fectively optimised.

I tested 505 such hypotheses in 101 tests corresponding to 101 user groups
simulated by drawing from a pool of 18 observers. The first user group con-
sisted of all 18 observers for a showcase run of the procedure (Sections 4.5.1-
4.5.3). Then, I drew 20 combinations of 15 people, 12 people, 8 people, 5
people, and 3 people each, amounting to 100 simulated user groups in total.
Therefore, the total number was 101.

The corresponding workflow is illustrated by Figure 4.3. The situation
simulated in Phase 1 was two people exchanging information about them-
selves. 10 human archetypes were selected out of 15 candidates, who were
students from our university. Each of the 15 candidates had come to our lab-
oratory and engaged in a brief exchange with the actor. They first introduced
themselves and then answered 12 questions adapted from those on a web-
site for practising English conversation!. Then, the candidate and the actor
switched roles: it was now their turn to ask the same questions, and the ac-
tor answered by reciting a script, which was recorded in Appendix B of this
chapter. The head and eye movements of the candidates responding to the
actor’s answers were recorded as the archetypal behaviour for the robot per-
sonalities. The candidates also reported their own personalities thrice: once
upon the application, once before the interview, and once after. Appendix
A of this chapter relates the interview in more extensive details. In Phase
2, the 10 archetypes were selected—because their head and eye movements
were within the robot’s capability—and their corresponding videos (10- to
15-min long) shortened into videos of about 2 minutes’ length according to an
abridged version of the original script (the part in bold of the script recorded
in Appendix B of this chapter makes the abridged version). The shortened

IThe questions are for practising English conversation and adopted at the courtesy of the
Internet TESL Journal via http://iteslj.org/questions/personality.html
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videos were remade with the robot personalities replacing the archetypes. In
the remakes, the robot personalities imitated the archetypes” head and eye
movements under the control of the movement mapping software. The same
actor answered their questions, which were shown on a screen. Although
there were 10 remakes featuring 10 robot personalities, they were all installed
on the same robot. Now, for Phase 3, I embedded the remakes into an online
assessment form, which had 11 pages for personality assessment: 10 ran-
domised pages for the robot personalities, and the 11th for the observer’s
own personality. I published the assessment form on Amazon Mechanical
Turk and employed 18 workers to complete it. Finally, in Phase 4, I applied
the three tests to the 101 simulated user groups and worked out the results.

4.5 Results from Testing the Selection Procedure

First, the results from all 18 observers as a single user group:

4.5.1 Robot Personalities” Fidelity Test

For the statistical test to use in the experiment, I chose Welch'’s test for the
reason that our fidelity tests were going to feature large samples (30-180)
with unknown variances. Plugging in the data, where r = 10, t = 5, and
u = 18, to execute the tests using my implementation in GNU Octave, I
obtained

p = [0.002 0580 < 0.001 0.607 0.721] (4.17)

corresponding to extraversion, agreeableness, conscientiousness, neuroti-
cism, and openness. The mean fidelity values are illustrated by Figure 4.4
with the corresponding standard deviations illustrated by the error bars.
As for the significance threshold («), I assumed the conventional 0.05 since
I also assumed that I intended to discovery the full potential of the robot,
which required us to minimise the chance of Type 2 errors. Therefore, I did
not apply corrections for the multiple comparisons problem.
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Mean fidelity relative to the archetypes
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FIGURE 4.4: Results of the fidelity test (Section 4.5.1).

We can observe that (Figure 4.4), for extraversion, the fidelity by the hu-
man observers (M = 1.022, SD = 0.698)2 compared with that by randomness
(M = 0.813,SD = 0.577) demonstrated a significant difference, £(345.76) =
3.09, p = 0.002. (The difference here may seem small despite being statisti-
cally significant because fidelity is not a quantity of a large magnitude to start
with.) As for conscientiousness, the fidelity by the human observers (M =
0.727, SD = 0.546) compared with that by randomness (M = 0.525,5D =
0.378) demonstrated a significant difference, £(318.41) = 4.08, p < 0.001.
There was no significant difference in agreeableness, £(346.33) = —0.55, p =
0.580, between the fidelity by the human observers (M = 0.900, SD = 0.582)
and that by randomness (M = 0.931,SD = 0.483). The same can be observed
for neuroticism, #(353.41) = 0.51, p = 0.607, between (M = 0.946,SD =
0.713) and (M = 0.909,SD = 0.636); and for openness, (345.39) = —0.36,
p = 0.721, between (M = 0.795,SD = 0.563) and (M = 0.814, SD = 0.464).

The results above imply that extraversion and conscientiousness might
be the personality dimensions on which the fidelity of the ten robot person-
alities could be optimised. The observers’ reports on other dimensions were
equivalent to random guesses.

4.5.2 Robot Personalities” Consistency Test

Plugging in our data to run all consistency parity tests (50 tests in total),
I obtained the P matrix, which was transcribed into significance marks as
recorded in Table 4.3, where an asterisk marks p < 0.005, which was the
significance threshold acquired by applying the Bonferroni correction (p =
0.05/10) since it was undesirable to disqualify a dimension by chance. The
consistency parity has held in most cases (in Bartlett’s test, homogeneity of
variance is the null hypothesis).

2 M henceforth refers to ‘mean’, and SD ‘standard deviation’
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TABLE 4.3: Results of the robot personality consistency test
(Section 4.5.2).

Five Personality Dimensions

Robots Ext. Agr. Con. Neu. Ope.
Robot (as Archetype 1) X X X * X
Robot (as Archetype 2) X X X X X
Robot (as Archetype 3) X X X X X
Robot (as Archetype 4) X X X X X
Robot (as Archetype 5) X X X X X
Robot (as Archetype 6) X X X X X
Robot (as Archetype 7) X X X X X
Robot (as Archetype 8) X X X X X
Robot (as Archetype 9) X X X X X

Robot (as Archetype 10)  x X X X X

x: The null hypothesis is not rejected. *: The null hypothesis is rejected.

We can see that, as for extraversion and conscientiousness, all test results
in the corresponding columns failed to reject the null hypothesis of consis-
tency parity. In the neuroticism column, the null hypothesis was rejected
once. This means that we could fail the selection of neuroticism even if it had
been selected in Test 1. How many rejections can fail the selection is at the
moment a relatively arbitrary decision, and since the consistency parity test
was not strict at all, I determined that one rejection was enough to fail the
selection of the corresponding dimension.

4.5.3 Robot Personalities” Fidelity ‘Sanity” Test

Plugging in our data, I obtained
po = [0.534 0.692 0.420 0.598 0.120]. (4.18)

The means and standard deviations are illustrated by Figure 4.5.
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Mean pseudo-fidelity relative to the corresponding observers
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FIGURE 4.5: Results of the fidelity ‘sanity’ test (Section 4.5.3).

We can observe that (Figure 4.5), for extraversion, there was no significant
difference, £(351.89) = —0.62, p = 0.534, in the pseudo-fidelity: that from
between the personality reports and their corresponding reporters (M =
0.808,SD = 0.720) as compared with that by the random reports (M =
0.852,SD = 0.631). The same can be observed for agreeableness, ¢(334.70) =
0.40, p = 0.692, (M = 0.866,SD = 0.796) and (M = 0.836,SD = 0.607);
conscientiousness, £(354.56) = 0.81, p = 0.420, (M = 0.857, SD = 0.685) and
(M = 0.801,SD = 0.620); neuroticism, £(326.14) = 0.53, p = 0.598, (M =
1.019,SD = 0.973) and (M = 0.972, SD = 0.704); and openness, t(344.83) =
—1.56, p = 0.120, (M = 0.735,SD = 0.677) and (M = 0.837,SD = 0.556).

The null hypothesis was rejected on neither extraversion nor conscien-
tiousness. Therefore, the two dimensions were not disqualified.

454 Applying the Selection Procedure to Smaller User
Groups

In the above, I have presented the showcase run of the procedure with all
18 observers. However, smaller user groups will be more common. There-
fore, I conducted more tests on the 20 simulated user groups of 15 users,
12 users, 8 users, 5 users, and 3 users each—100 user groups in total. The
results were recorded in Tables 4.4-4.8, respectively. The results varied, but
extraversion and conscientiousness were the most frequently selected dimen-
sions, followed by agreeableness and neuroticism, which were possible but
much less frequent. For user groups of size-5 and size-3, the selections were
sparse, and fewer than half of the user groups in each setting selected at least
one dimension from the five. It was possible that the current method was
only effective for user groups with more than eight people.

The variations imply that the personality dimensions selected previously,
extraversion and conscientiousness, were not necessarily the case across all
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simulated user groups, which were still drawn from the same small pool of 18
observers. We can expect results to vary more in real situations. Personality
perception varies from person to person and user group to user group, which
is why a method such as the one proposed in this work will be useful.

TABLE 4.4: Results by 20 randomly drawn size-15 groups.

Five Personality Dimensions 1

User Groups  Ext. Agr. Con. Neu. Ope.

User Group 1 * - * - -
User Group 2 - - - - -
User Group 3 * - * - -
User Group 4 * - * - -
User Group 5 * - - - -
User Group 6 * - * - -
User Group 7 * - * - -
User Group 8 * * - * -
User Group 9 * - * - -
User Group 10 * - - - -
User Group 11 * - * - -
User Group 12 * - * - -

User Group 13 * - - - -
User Group 14  * - - - -

User Group 15 * - * - -
User Group 16 * - * - -
User Group 17 * - * - -
User Group 18  * - - - -
User Group 19  * - * - -
User Group 20 * - * - -

! Selected personality dimensions are marked with an asterisk.

4.5.5 Summary of the Results

In summary, most tests featuring simulated user groups with eight or more
users selected extraversion. Conscientiousness was selected in many tests
as well but significantly less frequent than extraversion. The selection of ex-
traversion agreed with several studies about the head and eye movements or
gaze of humanoid robots or virtual agents [2, 29, 88, 31, 89], as did the selec-
tion of conscientiousness [88, 31]. However, the two dimensions were by no
means the only possibilities. Agreeableness and neuroticism were possible
as well, though much less frequent. All results agreed that openness was not
an optimisable dimension for the type of robot tested for dyadic communi-
cation.
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TABLE 4.5: Results by 20 randomly drawn size-12 groups.

Five Personality Dimensions !

User Groups  Ext. Agr. Con. Neu. Ope.

User Group 1 * - - - -
User Group 2 * - * - -
User Group 3 * - - - -
User Group 4 * - - - -
User Group 5 * - - - -

User Group 6 * - * - -
User Group 7 * - - - -
User Group 8 * - * - -
User Group 9 * - - - -
User Group 10 * - * - -

User Group 11 * - - - -
User Group 12 * - - - -

User Group 13 * - * - -
User Group 14  * - * - -
User Group 15 * - - - -
User Group 16 * - * - -
User Group 17 * - - - -
User Group 18  * - * - -
User Group 19  * - * - -

User Group 20  * - - - -

! Selected personality dimensions are marked with an asterisk.

4.6 Discussions

The selection procedure stood 101 limited-scope tests, where I simulated an
engineering task where 10 humanoid robot personalities were to be engi-
neered for dyadic communication for small user groups of 18, 15, 12, 8, 5,
and 3 users. The corresponding test results for simulated user groups of
eight or more people reflected the existing body of knowledge on the poten-
tial of humanoid robots for expressing personality traits, thereby confirm-
ing the effectiveness of the proposed selection procedure within the scope
of the experiment for user groups with at east eight people. However, the
variations revealed should allow us a glimpse into a common situation in
creating robot personalities, which is that no one answer applies to all cases.
The working hypotheses—that not all but some human personality dimen-
sions can be used to create robot personalities for non-android robots that
can imitate human behaviour—are supported as least within the scope of the
experiment. The proposed selection procedure is the first one dedicated to
creating robot personalities in significant quantities for small user groups. It
is inevitably primitive, and there is much space for improvement. There are
several limitations in particular we can focus on.
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TABLE 4.6: Results by 20 randomly drawn size-8 groups.

Five Personality Dimensions !

User Groups  Ext. Agr. Con. Neu. Ope.

User Group 1 * - * - -
User Group 2 * - - - -
User Group 3
User Group 4
User Group 5
User Group 6
User Group 7 - - - -
User Group 8 - - - - -
User Group 9 - * - -
User Group 10
User Group 11
User Group 12
User Group 13 -
User Group 14
User Group 15
User Group 16
User Group 17
User Group 18 - - - -
User Group 19 * - - - -
User Group 20 - - * * -

! Selected personality dimensions are marked with an asterisk.

* % ¥ 1 * ¥ % % 1

* 1
] 1
] 1
] 1

¥ ¥ ¥ X
X % %

The primary limitation of the selection procedure is that it is currently in-
effective for user groups with fewer than eight people. Compatibility with
smaller user groups is the most needful improvement considering that most
household user groups probably have fewer than eight people. A possible
workaround is to combine two or three small groups to meet the group size
requirement. Another limitation is that the selection procedure is not a guar-
antee for the applicability of personality dimensions based on the lexical hy-
pothesis. For guaranteed applicability, we will need to develop dedicated
descriptive personality models for robots based on lexicons for describing
robots, as a previous study did for conversational agents [6]. Dedicated
models can be used together with a modified selection procedure to select
optimisable dimensions for a type of robot. The necessary modification is to
replace human archetypes with artificial archetypes since robot personality
models do not necessarily apply to humans. Considering that robots come
in different designs for different purposes, even a dedicated model does not
necessarily fully apply to a particular type of robot.

The primary limitation of the experiment is that I only confirmed the ef-
fectiveness of the selection procedure in a limited scope. Universal appli-
cability is to be further tested. Future research can also aim to expand the
applicability of the proposed selection procedure and validate it in a broader
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TABLE 4.7: Results by 20 randomly drawn size-5 groups.

Five Personality Dimensions !

User Groups  Ext. Agr. Con. Neu. Ope.

User Group 1 * - - - -
User Group 2 * - * - -
User Group 3 - - - - -
User Group 4 - - - - -
User Group 5 - - - - -
User Group 6 - - - - -
User Group 7 * - * - -
User Group 8 - - - - -
User Group 9 - - - - -
User Group 10 - - - - -
User Group 11 * - - - -
User Group 12 * - * - -
User Group 13 * - - - -
User Group 14 - - - - -
User Group 15 - - - - -
User Group 16 - - - - -
User Group 17 - - * - -
User Group 18 - - - - -
User Group 19 - - - - -
User Group 20 - - - - -

! Selected personality dimensions are marked with an asterisk.

context. In particular, although the selection procedure is meant for creat-
ing colonies of robots, such as a music band or idol group of robots or a
staff of robotic errand runners in an office, the scope of the experiment did
not properly reflect this aim. The experiment featured multiple instances
of dyadic communication rather than users interacting with multiple robot
personalities at the same time. It is arguable that dyadic communication
may still represent the most common form of interaction. For example, in
an office where humans work with multiple errand runners, it is still more
common for a human to interact with one of them at a time. Still, an impor-
tant future work is to cover interaction involving multiple physically present
robots. This would require multiple units of the type of robot to study and
abolishing video-based stimuli. In addition, the content of the interaction
featured in the experiment, which was about getting to know each other, al-
beit important for leaving first impressions, did not necessarily reflect the
many possible forms of interaction with interactive robots. Future studies
and implementations of the selection procedure would benefit from settings
that better reflect the contents of the interaction based on realistic roles of in-
teractive robots. Another major limitation of the experiment was the simula-
tion of 101 user groups by drawing from a small pool of 18 observers. There
were two possible impacts of this approach: underrepresented inter-group
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TABLE 4.8: Results by 20 randomly drawn size-3 groups.

Five Personality Dimensions !

User Groups  Ext. Agr. Con. Neu. Ope.

User Group 1 - - - - -
User Group 2 - - - - -
User Group 3 - - - - -
User Group 4 * - * - -
User Group 5 - - - - -
User Group 6 - - - - -
User Group 7 * - - - -
User Group 8 - - - - -
User Group 9 * - - - -
User Group 10 * - * - -
User Group 11 * - * - -
User Group 12 - - - - -
User Group 13 - - * - -
User Group 14  * * - - -
User Group 15 - - - - -
User Group 16 * - - - -
User Group 17 - - - - -
User Group 18 - - - - -
User Group 19 - - - - -
User Group 20 - - - - -

! Selected personality dimensions are marked with an asterisk.

variations and intra-group consistency. A main goal of the selection pro-
cedure is to take into account the inter-group differences between different
user groups when creating robot personalities. However, by drawing from
the same pool of 18 observers, the possible inter-group variations were not
properly reflected in the results (Tables 4.4—4.8). The intra-group consistency
by randomly combining members of the 18 online observers, who observed
the robot personalities by watching short videos, might be lower than that
from a real user group interacting in the same environment with real robots.
Another limitation present in both the proposed selection procedure and
the experiment was introduced by using an imprecise personality measure.
This is also a limitation of the field, which currently lacks a personality mea-
sure precise enough for engineering tasks. The use of an imprecise mea-
sure based on Likert scales not only introduces possible incompatibility is-
sues with statistical tests but affects the resolution of presenting archetypes
as well. In practical engineering work, we cannot let two archetypes have the
same trait on any dimension. However, traits measured by an imprecise mea-
sure can be the same in terms of their numeric trait levels. Therefore, using
human archetypes as measured by an imprecise personality measure should
be limited to selecting personality dimensions for constructing generative
personality models; but not for optimising personality constructs, especially
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of large quantities, such as when we need to create hundreds or thousands of
robot personalities using mass-produced robots. To that end, we will need a
dedicated descriptive personality model with precise, continuous scales for
designing and measuring artificial archetypes in greater numbers with bet-
ter precision. But then again, it is doubtful whether this dedicated model
for robot personalities can be used by human archetypes to report their own
personalities. The future of robot personalities engineering might need to go
beyond imitating humans.

I have proposed a selection procedure for selecting with the help of a user
group personality dimensions to create robot personalities out of a type of
robot, knowing its typical usage; it selects personality dimensions on which
users can provide effective feedback to guide the optimisation of robot per-
sonalities. There are mainly three ways to use this tool. First, to select per-
sonality dimensions to construct a generative personality model. For this
usage, the user group size limitation and the user-dependency are not issues
since all dimensions that are potentially feasible can be included and hence a
large sample of users is preferable for approximating the ‘average” observer
(please refer to Section 1.2.4 for what the “average” observer is). Second, to
select personality dimensions to focus on for optimising the personality con-
structs of some specific robots for specific users. For this usage, we need the
method to work for small user groups. Third, to help check whether robot
personalities are successfully created with the intended traits.

All things considered, the proposed selection procedure is a tool to gen-
eralise the possibility of creating robots with individuality to other types of
robots than androids. To realise the possibility, however, requires a genera-
tive personality model, which was the topic of Study 3.

Appendix A: Interview

The interviews were conducted to capture the head and eye movements of
the candidate archetypes. The sessions took place in a soundproof room,
where a round white table was set in the middle, between two chairs placed
on opposite sides. The candidate and our interviewer (the actor) sat face-to-
face on these chairs. On the table were two cameras positioned side-by-side,
one pointing at the candidate’s face right in front of them on the eye level
and the other, a gimbal camera, set to track the candidate’s head just in case
they moved out of the field of the fixed camera (this never happened). The
clips shot by the fixed camera were used as the sources of head and eye an-
gles. There was also a tablet computer set on a tablet stand for displaying
the questions asked during the interviews. Its screen first faced the inter-
viewer. Behind the interviewer to the right was another camera on top of
a tall tripod for logging the interviews. When an interview session started,
the interviewer requested the candidate to briefly introduce themselves. Af-
ter the candidate finished, the interviewer proceeded to ask questions from
the tablet. There were 12 questions in total, all selected from a website® for

Shttp://iteslj.org/questions/personality.html
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practising English conversation. The interviewer proceeded to ask the 12
questions sequentially. The candidate had been told that they could skip
questions just in case some questions were too personal; all candidates an-
swered all questions nonetheless. The interviewer listened to the candidate
answering the questions. In about 5 to 10 minutes, the interviewer exhausted
the list. He then proffered the tablet to the candidate. From now on, it was
the candidate’s turn to ask the same questions in the same order, only that
the interviewer (now being interviewed) would answer all questions accord-
ing to a script he had memorised beforehand. This part of the interview was
controlled and it took about five minutes for most candidates. When the can-
didate exhausted the list, the interview was over. Finally, the candidate re-
ported their own personalities (for the third time) and then the interviewer’s
before they left.

Appendix B: Conversation Script

The below is the script the actor used to answer the questions from the par-
ticipants of the interview. Part of the script also appeared as the conversation
script of the human-robot interaction video stimuli. The part that made it
to the videos is highlighted in bold. (The answers in the script represent no
views or opinions of any real person or group.)

Q1. What are some characteristics of your personality?

Al. I am introverted... very conscious of myself but not so much of
others. I might not be very likeable, but the people who know me well
may consider me a good companion or ally. I'm wont to have unorthodox
views about things, but at the same time, I could be very conservative—a
paradox as people might say.

Q2. What makes you happy?

A2. Oh! Many things make me happy, such as a good meal or a
good book. In general, I'm happy when things have gone my way.

Q3. Would you like to be different?

A3. That... depends on how different I would be. Were I to be offered to
have my personality changed drastically, for good or ill, I think I would
decline without hesitation. However, if the changes were minor and for
the good, I think I wouldn’t mind.

Q4. Are you a determined person? Are you a stubborn person?

A4. I'm determined to achieve the goals I deem important. In
addition, I can be very stubborn—especially about doing the
right things. However, I'm less determined and stubborn in non-
essential things. For instance, I don’t mind very much having my
lunch menu suddenly changed or vacation cancelled—even when
I am looking forward to them.
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Q5. What is one thing that many people don’t know about you?

A5. That I'm evil and often dream of taking over the world. Just
kidding! A thing that many people don’t know—uwhich I suspect that
my parents are no exceptions—is my unwonted mischievous side. 1t is
a point a bit difficult to elaborate on, but I'll try. For most of the time,
I'm darn serious. However, when chances come, I might try to play
some harmless tricks. For example, there was one time when I was in an
English class where the students were assigned to give a presentation on
a topic of their interest. I made a presentation on fictional villains. I tried
to imitate the demeanour of some villains—mainly how they spoke—as
how 1 introduced them. However, there was hardly any reaction from
my classmates, though. Perhaps my villain impressions were bad.

Q6. Do you think your personality has changed over the past few
years? In what way has it changed?

A6. I don’t think my personality has changed much over the past
few years. That being said... discernible changes did occur, with
the most prominent one being my growing indifference towards
things that do not concern me directly.

Q7. Do you think you can change a major characteristic of your person-
ality if you try?

A7. I don't think that’s possible—to cause fundamental changes in one’s
personality through personal effort. What seems to be possible, however,
is to change one’s behaviour through conscious effort... so that other
people might have a different impression of you. I think... it is how
celebrities maintain their personas.

Q8. If you could change any aspect of your personality, what would it
be?

AS8. Tough question. I wouldn’t want any major changes, whatever they
were, so... um... what’s the aspect of my personality that’s hamstringing
me the most? Mm... I'm wont to do things on my own and less inclined
to collaborate with others. In addition, I seldom do things together with
people just for the sake of doing things together that is, I seldom go shop-
ping, go to the movies, or have lunch with other people. Being such a
lone wolf has its pros and cons. However, 1 think it would benefit me if I
tune-up my inclination for group activities just a little bit.

Q9. Are you shy? In which occasions are you shy?
A9. I am shy, but the stereotypical *Asian” shy. Generally speaking, I
am shy in front of people I don’t know well.

Q10. Are you more introverted or more extroverted?

A10. I am extremely introverted... but not the way how introverts are
introverted. Most introverts are easily associated with shyness; they are
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introverted because they are not very social—even a little afraid of people—
at least that’s the stereotype. It's not my case, though. I'm introverted
because I don’t care much about other people.

Q11. Do you think you have an unusual personality? Why?

Al1. Idon't think so. My personality is just the product of me being a
person optimised for the environment he is in; in other words, I am who
I am because this is how things will go the easiest for me.

Q12. Do you consider yourself to be even-tempered?

A12. I'm very even-tempered. In fact, I never get angry. However,
again... I suspect that my emotional stability comes from my lack
of concern for many things.






57

Chapter 5

Generative Personality Model

5.1 Research Question

The third research question is a HOW question: how to implement individual-
ity? The answer is a generative personality model, which by definition, is
capable of generating behaviour with inter- and intra-individual differences.
Individuality refers to personality traits that distinguish an individual from
others of the same kind. Personality traits are individual differences, only
qualified and quantified, and hence a generative personality model naturally
implements individuality. But we must then ask: how does a generative person-
ality model work? And how many individuals can it present?

I proposed in the third study a working principle for generative person-
ality models, implemented a proof-of-concept prototype model, and con-
ducted an experiment to study the model’s effective colony capacity when
it was used to generate non-verbal behaviour on the head of a humanoid
robot [4].

The rest of this chapter is organised as follows: Section 5.2 explains the
proposed generative personality model; Section 5.3 specifies the materials
for the experiment—the prototype model and the robot test bed; Section 5.4
relates the experiment; Section 5.5 presents the results; and Section 5.6 dis-
cusses and concludes the study.

5.2 Method: Goal-Shaped Generative Personality
Model

5.2.1 Philosophy of the Proposed Model

The philosophy is that the structure of a robot’s personality can be shaped to
facilitate the attainment of a goal even when there is no reliable knowledge
on whether certain behaviour helps achieve the goal, which is why I describe
the proposed model as ‘goal-shaped’. Similar to a few counterparts, such
as that of Chittaro and Serra [62], the proposed model uses personality trait
levels as probabilistic influences over behaviour. The main difference is that
the proposed model does not require associating behaviour with goals and is
thus more applicable to robots in the real world. As in the real world, one of-
ten does not know for certain whether some behaviour is conducive or leads



58 Chapter 5. Generative Personality Model

to the attainment of a goal. (Does studying hard in school lead to success? Or
is it that successful people tend to work harder than average as one of their
traits?) The proposed model associates behaviour with personality traits and
then personality traits with goals.

5.2.2 Working Principle of the Proposed Model

However, our objective is to create robot personalities in significant quanti-
ties out of mass-produced, physically identical robots. How does the philos-
ophy serve this objective? For the answer, I propose this working principle:
the root of all inter- and intra-individual differences in computation and behaviour is
different goals. Different personalities behave differently in the same context
because their goals are different. A personality behaves differently in differ-
ent contexts because their goals are different in different contexts. The goal-
shaped structure of the proposed model is how it generates behaviour with
inter- and intra-individual differences. Creating robots with inter-individual
differences is the most crucial for applications requiring significant numbers
of robots that interact with humans. Imagine someone going to work. They
see one of their robot errand runners and say hello. But a few steps fur-
ther, they bump into another, looking the same as the one before and offering
greetings in the exact same manner, and then another, followed by another,
and again, and again, and again, and one cannot get to their cubicle until
this has happened a dozen times (every day). The image of those robots
is that of many copies of the same machine. The interaction they offer is
grimly tedious, reminiscent of a working environment where everyone is but
a replaceable cog in the machine with no individuality. It would be signif-
icantly more interesting if the errand runners possess individuality, formed
and shaped in the course of them working alongside their human colleagues,
and interact with people in their own unique ways.

5.2.3 Personality Al for Robots and the Proposed Generative
Personality Model

Consider the robot Al shown in Figure 5.1. It is, generally speaking, of the
‘Sense-Plan-Act’ paradigm but with a generative personality model! in the
‘Plan’ part. It consists of a sensory system to perceive the world to produce
sensory output, which a cognitive system takes as its input for cognitive
output, such as understanding of situations, which the personality model
takes as the input to generate behaviour, which includes external behaviour
(movements, actions, social behaviour, and anything observable) and inter-
nal behaviour (predispositions, moods, emotions, and anything not directly
observable). Indeed, the ‘behaviour” here refers not only to specific instances
of actions but a range of possibilities, from the activation of a process to run-
ning a long-term scheme. Saying hello is behaviour. Committing oneself to

IThe generative personality model in Figure 5.1 is an example. A personality construct
based on the proposed model does not necessarily have five trait nodes, six goal nodes, and
a goal node or more connected to each trait node.
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. Action:
Perception
;—Inlernal behaviourj
Sensory . Cognitive » Personality . Actuator
—Sensory input»-| I—Cognitive datap-| +—External behaviour-»-
System System Model Controller

FIGURE 5.1: A diagram for an example model (as part of an
example personality Al).

pursue a goal over a long period of time is also behaviour. Everything an Al
can do can be behaviour and can be influenced by its personality. Finally, the
actuator controller interprets external behaviour into actuator commands,
whereas the internal behaviour acts back upon the personality and cognition.
This particular study does not aim to cover every part of the personality Al
but focuses on the personality model, which should be a generative model.
The generative personality model consists of a graph I' of nodes V and
edges E. Formally,
I =(V,E). (5.1)

There are two types of nodes: goal nodes G and trait nodes T:

V=GUT. (5.2)
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A goal node represents a goal, which is the objective the robot is operating
to achieve, and hence a goal may also be called an objective, as in ‘objective
function’, or a directive, as often so called in fiction. The exact implementa-
tion of a goal node depends on the type of robot and its purposes or typical
usage. Generally speaking, a goal node should report a measurable differ-
ence between the actual state and goal state. For instance, if a personal trainer
robot is tasked to make sure that their client exercises for 30 minutes a day,
every day the goal node output would start at 30 minutes, that is the differ-
ence between the actual state, 0 minute, and the goal state, 30 minutes. As
soon as the robot has nudged their client into exercising, the goal node out-
put starts to decrease, and when they have exercised for 16 minutes, the goal
node should report 14 minutes as the difference between the actual state and
goal state. When the difference becomes zero, the goal is achieved for the
day. Certainly, not all goals admit measurements that can be so simply de-
fined. But measurements are nonetheless necessary. The goal nodes may be
arranged into a structure, such as a tree [61], to encode priority (not shown in
Figure 5.1) and thus resolve conflicts between goals if the robot has multiple
goals. Structures of goals are beyond the scope of this work.

The trait nodes form a clique. A trait node represents a broad trait; the
purpose of the node is to use the corresponding trait level and cognitive in-
put to generate behaviour as the output. The cognitive input consists mainly
of cognitive states; a cognitive state is an understanding of or response to a
situation, which can be a belief, thought, or any other simulated psychologi-
cal state. We consider such an implementation of a trait node: it consists of a
mapping function that maps cognitive states to behaviour:

fu:S— B, (5.3)

where S denotes the space of cognitive states, and B, the space of behaviour.
And a probabilistic commitment function that, as the name suggests, gen-
erates commitment to the potential behaviour from the mapping function.
Given a cognitive state, the trait node, using the mapping function, first gen-
erates an urge for certain behaviour, which is an instance of potential be-
haviour not yet coming into action, with a probability scaled from the trait
level. For example, 0.629 is the probability of generating an urge by a trait
node with a trait level of 4.4 out of 7. In this study, we consider trait levels
on a range of [1,100] for convenience. For behaviour of which the tendency
is the complement of that suggested by the trait level, such as introverted be-
haviour managed by an extraversion trait node—the probability to generate
an urge is computed from the complement of the corresponding probabilis-
tic tendency of extraversion. For instance, urges of introverted behaviour are
generated at a probability of 0.3 when the extraversion trait level is 70 (out
of 100). The mapping function having generated an urge, the commitment
function then computes the probability of achieving or not achieving the cur-
rent goal given event B:

P(GNB) = P(G|B)P(B) (5.4)
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and
P(G' N B) = P(G |B)P(B), (5.5)

where G denotes the attainment of the goal, that is the goal node reporting no
difference between the actual state and goal state, B denotes putting the urge
into action, and P(G|B) and P(G'|B) are conditional probabilities provided
by the cognitive system based on its understanding of how the world works.
When there is not sufficient understanding to acquire P(G|B) and P(G'|B),
the model assumes the two to be equal: P(G|B) = P(G'|B) = 0.5. If P(G N B)
is bigger than P(G N B), indicating that the behaviour will work against the
goal, the urge is suppressed. 1t is entirely possible that to do nothing might
serve the goal best, that is when P(G N B') is higher than both P(G N B) and
P(G N B), thereby making the commitment a less than optimal choice either
way. We might still want personality traits to function based on action rather
than inaction since robots are designed to do things and probability is not
certainty. We call a personality with trait nodes functioning based on action
a proactive personality. (That said, the possibility is there to implement a
non-proactive personality should the circumstances demand it.) Consider
that, as with humans, oftentimes, a personality trait does not contribute to a
goal in the best way possible—if it does not work against the goal. We might
still want to leave it be as it may contribute well to another goal.

If the reader wonders how the model handles certainty of actions required
from the robot, such as following orders and sticking to daily routines, the
behaviour we consider here is not necessarily specific actions; it can be a
state that guarantees certain actions. When such a state, say sticking to daily
routines, is switched on by the generative personality model, the robot will
stick to daily routines without fail, until changes of circumstances trigger
another state as a new behavioural pattern that requires the robot to break
out of their daily routines. The same may apply to following orders: when
robots committed themselves by their personalities to following orders, they
will follow all orders issued to them until the model determines that it is no
longer necessary.

A personality trait may not contribute to a goal in the best way possible,
and by the following design, this trait may not be in a prioritised position
to contribute. For each goal of a robot, there exists an order of trait nodes
arranged in accordance to their contribution to the goal: a trait node that
contributes more to the goal will be ranked higher in the order. There can
be many approaches to acquiring an order. Here I proffer two heuristics.
Heuristic A: If a robot can develop their trait levels to facilitate the attainment
of a goal or is thus developed, a way to acquire an order is to sort trait nodes
by trait levels from high to low, since that, if a trait node contributes more to
a goal, the corresponding trait level may in time grow higher or be made so
in the first place. However, this is not always the case unless the goal is the
most important to the robot, and there might be cases where being low on
a personality dimension contributes most to a goal—but the corresponding
trait node will never be ranked high by the heuristic. This heuristic should be
used with caution. As a rule of thumb, I recommend using Heuristic A only
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when there is no better choice. Another heuristic is to assign scores to all trait
nodes. Heuristic B: Beginning with equal scores, say zeros, and whenever
the behaviour triggered by a trait node has reduced the goal node output,
the score of the corresponding trait node shall be increased. The trait nodes
will be sorted by the ‘contribution” scores according to preset time intervals
to acquire or update the corresponding order.

Robots who have similar goals but in different environments may have
different trait orders. For example, neuroticism—a trait that relates to avoid-
ance motivation [90], as to avoid undesirable possibilities or results—of a
rover on Mars may be ranked higher than a rover on the Moon since a Mars
rover may need to avoid dust storms, whereas a Moon rover faces no such
danger. The trait of the highest-ranking trait node concerning a goal is the
primary trait for the goal. A robot’s most important goal of their existence
is the robot’s mission; the primary trait for the robot’s mission is the robot’s
dominant trait. It can be expected that robots in the same colony have the
same mission (same in terms of the kind of objective, not necessarily how
their goal node functions are defined), since it is the purpose of those robots’
existence and shall exist over a long time if not to last throughout the robots’
service lifespan. A robot works towards their mission by achieving a series
of short-term, concrete goals just as humans do, and those short-term goals
may differ according to the environments and circumstances the robot finds
themselves in. Thus, there exists a causality gap between the robot’s concrete
behaviour and mission. This gap can be helpful since some behaviour that
seems inconsequential or even detrimental to the mission may be necessary
to a short-term goal that is essential to the mission. Short-term goals may
be broken down into shorter-term goals and the same situation may persist.
This is why it is important to dissociate behaviour with goals and reconnect
the two with personality.

Ordering: T, T Te Tp Ty

LAY
E- ® @ ® @

FIGURE 5.2: An example of a goal-active form of the example
model in Figure 5.1.
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Given a goal, which demands an order of traits, we can transform the
generative personality model into the corresponding goal-active form (e.g.
Figure 5.2); the transformation is thus done: we look only at the goal towards
which the robot is currently working, namely the robot’s active goal, and
the clique of trait nodes, then we convert the graph into a directed one by
designating directions to the edges following such a rule: for every pair of
trait nodes, the orientation of the edge between them is always from the node
lower in the order to the node higher, and the edge from the highest node in
the order points to the goal node.

When the robot is working towards a certain goal, the generative person-
ality model of the robot is in the corresponding goal-active form. For the
time being, we do not consider a robot capable of working concurrently to-
wards multiple goals. The robot works towards one goal at a time, and if they
need to work towards multiple goals, their generative personality model has
to switch between the corresponding goal-active forms as how a CPU core
handles multitasking. How a robot switches between goals, the interruption
mechanisms and such, is beyond the scope of this work. I only assumed that
the robot’s mission stays active by default when there is not another goal be-
ing active. The goal-active form corresponding to the robot’s mission is the
default goal-active form of the robot’s personality construct. When a robot’s
personality construct is in a goal-active form, it generates behaviour out of a
cognitive state following these rules, from the highest trait node (the one con-
nected to the goal node) in the order to the lowest one by one, check against
all of the connected lower nodes, and if 1) the behaviour required by a lower
node is in conflict with that of the current node, the urge for the behaviour
is nullified, and the lower node is marked ‘to be skipped’; 2) the same, the
behaviour is enhanced, and the lower node is marked ‘to be skipped’; 3) nei-
ther in conflict with nor the same as the current node, do both; 4) skip all
nodes previously marked ‘to be skipped’. Here, by ‘in conflict with” I mean
that only the potential behaviour of one of the trait nodes can be put into
action. By ‘enhanced’ I mean ‘done with more effort’, which can be inter-
preted according to the behaviour. For example, a smile can be enhanced
into a grin; working can be enhanced into ‘working hard” and further into
‘working harder’. We can implement the rules and designs stated above into
algorithms. Algorithm 1 is an example. The details can vary, such as the
handling of effort, which need not be discrete levels enhanced by increments.

If the reader wonders how a generative personality model that changes
into different goal-active forms can ensure the consistency of the impression
of robot personality, it does not—to the fullest extent. As in real life with hu-
mans, a person who devotes themselves to a goal may ‘seem like a different
person’. For instance, a person who is introverted but works as a receptionist
may be constantly offering warm smiles and promptly engaging customers
as if they were an extrovert. Oftentimes, a person may simply act ‘out of
character” in certain situations. If a robot—when in a goal-active form per-
taining not to their mission—exhibits an impression of personality different
from that of their true personality, we call this impression of personality their
persona. Normally, the true impression of personality is revealed when the
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Algorithm 1 An Example Algorithm to Generate Behaviour

Input: cognitive state
Output: B

s < cognitive state
forallv € T do

Initialise doublet (u,1) > u: urge; I: effort level
u < v.mapping(s) > mapping: the mapping function of the trait node.
if v.commitment(u) = true then > commitment: the commitment
function of the trait node.
[ +1
else
[0 > The urge is suppressed.
end if
end for

for all v € T as per the trait node order from high to low do
if v.u # NULL then
forall (w,v) € Edo > (w,v): there is a directed edge from the trait
node w to v
if w.u # NULL then
if w.u conflicts with v.u then
w.u < NULL > The urge is nullified.
else if w.u = v.u then
vl+—vovl+1
w.u < NULL
end if
end if
end for
end if
end for
forallv € T do
if v.u # NULL and v.] # 0 then
B+ BUuv.(u,l)
end if
end for
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robot is in the goal-active form of their mission.

The model proposed here is compatible with personality development
processes. Robots with apposite personality development subroutines can
foster traits that contribute to their goals by adjusting the trait levels. Per-
sonality development is an essential topic in personality psychology [5]. The
engineering of a subroutine may need the corresponding advancement in
personality psychology.

The model is for robots and therefore not necessarily a faithful represen-
tation of human personality. The separation of cognition from the generative
personality model is likely not true with humans. In robot personalities engi-
neering at least, it may benefit to engineer the robot’s cognition as a separate
system that may or may not be influenced by their personality.

5.3 Systems: Prototype Model and the Robot

5.3.1 Details of the Prototype Model

I conducted an experiment to test a proof-of-concept prototype model. Fig-
ure 5.3 illustrates the generic structure of the prototype model (on the left
side) and 12 personality constructs (in their default goal-active forms on the
right side) constructed for the experiment. The prototype modelled three
broad traits of the five-factor model: conscientiousness, agreeableness, and
extraversion.

The model handled three modes: eye movement, head movement, and
facial expression. Table 5.1 shows the behavioural mappings; Table 5.2, the
details of the behaviour; and Table 5.3, some predetermined conflicts. The be-
haviour in Table 5.2 consisted of pre-recorded actuator sequences, meaning
the robot would perform the same behaviour on the same effort level (e.g. an
ordinary nod) in exactly the same way. Some behaviour was programmed
with multiple effort levels; the action of each effort level was realised by a
separate actuator sequence. The contents of the tables should be used ac-

cording to the rules introduced in Section 5.2.3 to generate behaviour?.

Eye Movement

Of the known eye behaviour, the correlations between gaze aversion and ex-
traversion were the best understood. Therefore, I included gaze aversion in
the mapping function of the extraversion trait node. The rate of gaze aver-
sion was correlated with introversion; the probability of generating an urge
for aversion was the complement of the probability for extraversion urges.
For example, if the trait level of extraversion is 11 out of 100. The probability
of an urge for gaze aversion is 0.89. The direction of gaze aversion followed
a bivariate normal distribution as introduced in Study 1 [33]. The difference
was that there were no human archetypes to learn from this time since the

ZPlease refer to the appendix of this chapter for an example of how behaviour was gen-
erated.
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‘Personality Model ] [ Goal-active forms ]

The tested prototype
(generic structure)

M: Mission

Ext.: Extraversion

Agr.: Agreeableness
Con.: Conscientiousness

RP: Robot Personality

12 personality constructs (in goal-active forms) based on the prototype

FIGURE 5.3: The tested prototype model implemented as 12
personality constructs in their default goal-active forms.

robot personalities were not based on humans. Therefore, I had had the re-
course to the results from a study that reported that extroverts were more
inclined to avert to right up, and introverts left down [91]. In the prototype
model, the trait level of extraversion was also the probability for gaze aver-
sion to be right up, and introversion, left down. I also included eye-rolling
to increase the variety of eye behaviour, though due to the limitations of the
robot, their eye-rolling was more like a “‘maximume-effort’ gaze aversion. In
addition to what is listed in Table 5.2, the robot was also programmed with
random micro-movements like humans’ saccades but much slower. It had
nothing to do with the robot’s personality and was active all the time.
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TABLE 5.1: Behavioural mappings.

Broad Traits ~ Cognitive States Behaviour! Starting E-Level?
agreeing nodding(+) 1
Ext. disagreeing head shaking(+) 1
engaged tilting forward(+) 1
interested tilting forward(+) 1
uncertain head shaking(+) 1
annoyed eye-rolling(+) 1
annoyed tilting backward(+) 1
default gaze aversion(-) 1
default dominance(+) -
agreeing nodding(+) 1
Agr. agreeing smiling(+) 1
disagreeing smiling(+) 1
engaged nodding(+) 1
engaged smiling(+) 1
interested tilting to the left(+) 1
interested smiling(+) 1
uncertain tilting to the right(+) 1
annoyed nodding(+) 1
default polite nodding(+) 1
default smiling(+) 1
agreeing nodding(+) 1
Con. disagreeing do nothing -
engaged tilting forward(+) 1
interested tilting forward(+) 1
uncertain tilting forward(+) 1
annoyed do nothing -
default do nothing -

! Behaviour of which the tendency is correlated with the trait level is marked with
(+), and that of which the tendency is reversely correlated with the trait level, (-).
2‘E-Level’ stands for ‘Effort Level'.

Head Movement

As for head movement, the prototype model handled the following be-
haviour: nodding (four levels of effort); tilting forward or backward, to the
left or right (two levels each), and shaking (one level). In addition, I included
a ‘nodding as an indication of paying attention” or ‘polite nodding’ as a “once
on always on’ behaviour. When it was on, the robot would offer a slight dip
(same as the effort level-1 nodding) at every ‘polite nodding point’. There
was also a ‘dominance-showing stare’ that was gaze with a forward tilt of
the head implemented based on the discovery of Zachary et al. [92], since
extroverted people can be more dominant. However, the tested robot had no
eyebrows and the offset was small, and hence it was likely that the dominant
trait did not manifest.
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TABLE 5.2: Behaviour in ‘atomic” actions with different levels
of effort.
Behaviour Description E-Level
a slight dip 1
anod 2
Nodding an up-and-down nod 3
head bobbing 4
Polite nodding  a slight dip at “polite nodding points’ 1
Head shaking  a shake of the head 1
- 10° 1
Tilting forward 20° ’
Tilting 10° 1
backward 20° 2
Tilting to the 10° 1
left 20° 2
Tilting to the 10° 1
right 20° 2
Dominance a slight (< 10°) head forward )
tilt offset to show dominance
C . a slight (< 10°) extraversion-modulated
aze aversion . 1
gaze aversion (lasts about a second)
Eve-roll; eye actuators to up maximum, rolling left 1
ye-roting to right, and then return to the default position
Smiling pulling the corners of the mouth for 3-sec 1
Do nothing no actuator input -

1 “E-Level’ stands for ‘Effort Level’.

Facial Expression

TABLE 5.3: Behavioural conflicts.

Conflicting Pairs of Behaviour

Nodding head shaking
Nodding tilting backward
Nodding tilting to the left
Nodding tilting to the right
Head shaking tilting forward
Head shaking tilting backward
Head shaking tilting to the left
Head shaking tilting to the right
Smiling eye-rolling
Nodding eye-rolling

Gaze aversion eye-rolling

Facial expressions require delicate actuators that may have no other use than
making facial expressions and are hence a ‘luxury’. The robot, albeit de-
signed as a life-size human-robot interaction test bed, could only manage a
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very rudimentary smile by an actuator that fixedly pulled their cheeks. Due
to the limitation of the robot, the smile could not be meaningfully enhanced.
Therefore, the smiling behaviour consisted of only one effort level. Consider-
ing the significance of smiling behaviour, future humanoid robots, no matter
how ‘barebones’ they are, may be equipped for the ability to smile or express
a similar token, which was why I included this behaviour.

Commitment Function

As for the commitment function, since the dummy cognitive system had no
understanding of how the world worked and hence could not produce mean-
ingful conditional probabilities to inform the generative personality model
whether certain behaviour worked against a goal, I just made it into an ‘equal
conditional probabilities” dummy that would always give in to an urge.

5.3.2 Robot

Only one robot played all robot personalities. The robot was a life-size yet
‘barebones” humanoid (Figure 5.4), the same one as in the second study. Their
eyes had two degrees of freedom and neck three. The robot also had an actu-
ator for producing smiles, which was one of the few facial expressions they
could manage. The robot’s pneumatic actuators had a response time of about
200ms, which was about the average reaction time of humans. The robot was
controlled by dedicated proprietary software. The software received actuator
commands sent by the prototype actuator controller that worked in conjunc-
tion with the prototype model, which was implemented in C++. The actuator
controller simply mapped instances of behaviour, as in Table 5.2, to the pre-
recorded actuator sequences.

5.4 Experiment: Colony Capacity of the Model

Having formulated the model and constructed a prototype, the first question
to explore is what is the colony capacity of the model? We are interested in the
colony capacity first when assessing any generative personality models be-
cause the criterion is the direct indicator of whether the model can be used
to engineer a large number of robots with individuality. The capacity of the
proposed model, in theory, is infinite since the model uses continuous trait
levels as behavioural tendency parameters.

In reality, however, there are constraints and limitations. Since we aim to
engineer likeable robot personalities, low conscientiousness and low agree-
ableness configurations are out of the question. Moreover, if we use the
model for expressing similar personalities, as we are motivated to do, there
is no guarantee that the users can tell the subtle differences. Therefore, I con-
ducted tests to answer such a question: what is the effective colony capacity of
the proposed model when it is used to express the personalities of humanoid robots
via the non-verbal behaviour on their heads?
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FIGURE 5.4: The robot tested (one robot with multiple person-
alities).

5.4.1 On the Scope of the Questions

Considering such a motivation to make robots more likeable one of the first ap-
plications of the proposed model is none other than expressing likeable per-
sonalities. But why should we focus on humanoid robots and their heads?
Humanoid robots should be commonplace in human environments, and they
are the robots who need to interact with humans. They are expected to
express their personalities mainly via non-verbal behaviour because their
speech patterns may be controlled or restricted for consistent user experi-
ence and minimising issues such as offending the users or saying something
controversial until natural language processing has advanced far enough to
handle characteristic yet user-friendly speech. Of all non-verbal modes, those
on the head should be the most common and safest. Human-like gestures
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may be an option for virtual agents, whereas robots swinging their steel arms
about can be a safety hazard for the humans nearby. Limiting the non-verbal
behaviour to the head well reflects the limitations early robots may be subject
to when expressing their personalities.

5.4.2 Overview

Two tests were conducted to study the effective colony capacity of the model.
In each test, 30 observers assessed the personalities of the robots based on
the head, eye, and smiling behaviour they exhibited in 8 94- or 95-sec long
videos®. The cover story featured in the videos was that the robots were
watching and listening to another robot of the same model conversing with
a human:

HUMAN: Are you SK...?
ROBOT: I'm SK-0.

HUMAN: SK-0, OK. ... Frankly, it’s almost impossible to tell you guys
apart just by the looks. But I suppose the same could be said for most
non-human animals, such as the rats in the lab.

ROBOT: You could acquire the capacity over time.
HUMAN: Do all humans look the same to you?
ROBOT: No, they don't.

HUMAN: What about animals?

ROBOT: It dependes.

HUMAN: Um... could you tell two pigs of the same breed and size
apart?

ROBOT: Yes, I could. No two pigs are alike.

HUMAN: Do you think that you could tell aliens apart?
ROBOT: I don’t know. It would depend on their features.
HUMAN: Do you think that humans could tell aliens apart?

ROBOT: If they have trouble telling animals apart, then it would prob-
ably be the same for aliens.

HUMAN: That might be a problem. Maybe Earth’s first ambassador to
an alien civilisation should be a robot.

ROBOT: Could you elaborate?

HUMAN: If humans wouldn’t be able to tell aliens apart—not confi-
dently anyway—then that would be a big disadvantage in diplomacy.

ROBOT: I see. Perhaps then it would be better to send robots to meet
aliens. Suggestion: start developing diplomatic robots now.

3Two sample videos can be found via https://youtu.be/1cwJiQKBWIQ and https://
youtu.be/XgDkpSVtIZ4.
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HUMAN: Diplomatic robots? Now?
ROBOT: Yes. The first contact could be tomorrow. It could be today.

The camera was placed right in front of the auditor robot personalities
(Figure 5.4). All aspects of all short videos were the same except for the
robot’s non-verbal behaviour.

TABLE 5.4: The 12 archetypes corresponding to the 12 robot
personalities.

Trait Levels: Appearances:

Archetypes (Robot Personalities) Ext. Agr. Con. Test1 Test2

Archetype 1 (Robot Personality 1) 5 93 57 2 0
Archetype 2 (Robot Personality 2) 25 69 96 2 0
Archetype 3 (Robot Personality 3) 75 91 85 2 0
Archetype 4 (Robot Personality 4) 95 85 67 2 0
Archetype 5 (Robot Personality 5) 10 88 65 0 1
Archetype 6 (Robot Personality 6) 20 78 58 0 1
Archetype 7 (Robot Personality 7) 30 60 88 0 1
Archetype 8 (Robot Personality 8) 40 78 92 0 1
Archetype 9 (Robot Personality 9) 60 77 86 0 1
Archetype 10 (Robot Personality 10) 70 98 90 0 1
Archetype 11 (Robot Personality 11) 80 77 84 0 1
Archetype 12 (Robot Personality 12) 90 59 70 0 1

! The range of trait levels is from 1 to 100.

To make the videos, I had defined 12 “artificial” archetypes (Table 5.4); the
robot personalities in this study were not based on human archetypes. The
extraversion trait levels were thus chosen and arranged to include a range of
extroverts and introverts. The agreeableness and conscientiousness trait lev-
els were generated randomly with the constraints that they must be higher
than 50 to reflect possible design constraints for interactive robots. Then, I
constructed 12 personality constructs based on the 12 archetypes correspond-
ing to 12 robot personalities using the prototype. I assumed that the 12 robot
personalities had shared the same mission but worked in different environ-
ments towards different concrete goals, thereby developing different person-
ality traits. I assumed that the active goals of the robot personalities in the
scenario were their missions, since they were attending a discussion session
featuring a topic that might affect the whole organisation the robots were
working for (the scenario of the cover story should be similar to a corporate
meeting). In that case, there were no other active goals in effect. I applied
Heuristic A and acquired the orders to form their goal-active forms (Figure
5.3 on the right side).
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5.4.3 Cognitive States Annotation

To acquired the cognitive states required for the model to work, I had con-
ducted a survey using crowdsourcing (all crowdsourcing service reported in
this study was provided by Amazon Mechanical Turk). I let 20 participants
select from a drop-down list before each line of ROBOT the word which they
thought best described ROBOT when ROBOT said the line. The list con-
tained: agreeing, disagreeing, interested, intrigued, engaged, indifferent, uncertain,
confused, frustrated, annoyed, offended, and none of the above.

If more than half of the participants had selected a word, I would ac-
cept that word as the cognitive state for the corresponding line. Otherwise,
I would choose from the words that had got votes from the participants the
one I thought to be the best. I annotated by myself a few ‘polite nodding
points” as well, which were when ROBOT would nod to HUMAN while he
was speaking. The reason the cognitive states of ROBOT, a character in the
scenario of the cover story, applied to the auditor robots too was because they
were all of the same model; and as a variable in an experiment about indi-
viduality, the robot’s cognition must be controlled. The annotated dialogue,
with all of the annotations in brackets and bold:

HUMAN: Are you SK...?
ROBOT: [Engaged] I'm SK-0.

HUMAN: SK-0, OK. [Polite nodding point] ... Frankly, it’s almost
impossible to tell you guys apart just by the looks. [Polite nodding
point] But I suppose the same could be said for most non-human ani-
mals, such as the rats in the lab.

ROBOT: [Annoyed] You could acquire the capacity over time.
HUMAN: Do all humans look the same to you?

ROBOT: [Disagreeing] No, they don't.

HUMAN: What about animals?

ROBOT: [Uncertain] It depends.

HUMAN: Um... could you tell two pigs of the same breed and size
apart?

ROBOT: [Agreeing] Yes, I could. No two pigs are alike.

HUMAN: Do you think that you could tell aliens apart?

ROBOT: [Uncertain] I don't know. It would depend on their features.
HUMAN: Do you think that humans could tell aliens apart?

ROBOT: [Engaged] If they have trouble telling animals apart, then it
would probably be the same for aliens.

HUMAN: That might be a problem. [Polite nodding point] Maybe
Earth’s first ambassador to an alien civilisation should be a robot.

ROBOT: [Interested] Could you elaborate?
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HUMAN: If humans wouldn’t be able to tell aliens apart—not confi-
dently anyway [polite nodding point]—then that would be a big dis-
advantage in diplomacy.

ROBOT: [Engaged] I see. Perhaps then it would be better to send robots
to meet aliens. Suggestion: start developing diplomatic robots now.

HUMAN: Diplomatic robots? Now?

ROBOT: [Engaged] Yes. The first contact could be tomorrow. It could
be today.

To avoid interference from ROBOT, who according to the survey ex-
pressed their own personality through their lines and voice, was why I
adopted a scenario where the robot personalities behaved as auditors that
did not speak.

After I acquired the cognitive states (as in brackets and bold; their posi-
tions in the annotated conversation were when they would be triggered), I
produced the videos as the stimuli. I had played the voice track and timed
the cognitive states while the camera was rolling; the 12 personality con-
structs controlled the robot in turn to exhibit different patterns of behaviour
at the same cognitive input.

5.4.4 'Two Tests

Test 1 featured Robot Personalities 1 to 4, and Test 2, Robot Personalities 5
to 12. In each test, I created a survey with eight pages requesting the par-
ticipants first to watch the video on that page and then report their impres-
sions of the robot. Each robot personality in Test 1 made appearances in two
videos. The eight videos appeared in random order for counterbalancing.
There was also the introductory page introducing the scenario of the cover
story, which was described to the participants as below but not shown to
them. On the page it said:

In a certain robotics laboratory, a robot, SK-0, was engaged in discus-
sion with a human, and SK-0’s fellow robots of the same model, SK-1 to
SK-n, were watching and listening to the two of them. Since they were
of the same model, their appearances were all identical; their only dif-
ferences were their personalities. The following 8 videos have recorded
their behaviour in the discussion session. There can be multiple videos
featuring the same robot personality. Please observe them and report
your impressions of them.

Right after the eight personality assessment pages was another page
requesting the participants to report how many robot personalities they
thought there were in the videos they had watched.

The personality assessment form used was based on the 10-item person-
ality assessment inventory proposed by Rammstedt and John [93], which is
based on the 44-item original version, ‘the Big Five Inventory’, by John et
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al. [87]. I made some modifications. First, items on openness and neuroti-
cism were removed since they were not applicable to the robot [13]. Second,
I changed the five-point Likert scales to seven-point by adding ‘agree” and
‘disagree’. Correspondingly, the reversed items were computed by subtract-
ing the score from 8. Third, I changed the object of the question from ‘myself’
to the robot personality to enquire about the robot. Fourth, I changed the item
‘tends to be lazy’ to ‘tends to remain idle’ since ‘lazy” was not an appropriate
adjective to describe a robot. Issues of imprecise or impertinent adjectives
are prevalent when using personality assessment inventories designed for
humans to measure robots, as this violates the lexical hypothesis [73, 10].

For the data analysis, I first aggregated pair-wise comparisons using Eu-
clidean distances and cosine similarity over the 30 sets of reports to verify
if the participants could distinguish any pairs of robot personalities. Then,
I compared the distributions of subjects as per the reported numbers of per-
sonalities in the two tests.

5.4.5 Participants

The participants included two members from our laboratory as the voice ac-
tors for HUMAN and ROBOT in the scenario; the 20 participants who anno-
tated the dialogue and assessed the personality expressed by the voice tracks;
the 60 participants who acted as the observers in the two tests, 30 each. The
80 outsider participants were all workers on Amazon Mechanical Turk re-
cruited with the qualifications that they must have 5000 or more approvals
and a 90 per cent or above approval rate.

5.5 Results: Distinguishing Four and Eight Robot
Personalities

5.5.1 Test 1: Four Robot Personalities

Robot Personalities 1 to 4 joined Test 1. 30 participants completed the survey.

I made pair-wise comparisons by Euclidean distances and cosine simi-
larity since a personality space is typically a Euclidean space and personali-
ties can be represented as Euclidean vectors in the personality space. In this
study, each personality as observed by an observer was a 3-dimensional vec-
tor. Each observer made 8 observations corresponding to the 8 videos, which
led to (g) = 28 pairs. There were 30 observers and hence each pair corre-
sponds to 30 Euclidean distances and 30 cosine similarity values. The means
of the results of the two metrics were recorded in Table 5.5. The observers
could distinguish all pairs, not only two different personalities but the same
personality in two videos as well, as demonstrated by pairs RP-1a and RP-
1b (M = 1.8,SD = 1.3), RP-2a and RP-2b (M = 1.8,SD = 0.9), RP-3a and
RP-3b (M = 2.2,SD = 1.3), RP-4a and RP-4b (M = 1.8,SD = 0.9), imply-
ing that the observers were unable to identify the personalities because they
failed to when the same personalities appeared for the second time. Table
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TABLE 5.5: Test 1: Pair-wise personality comparisons.
Pairs! Mean Euclidean Distances Mean Cosine Similarity

RP-1a and RP-1b
RP-1a and RP-2a
RP-1a and RP-2b
RP-1a and RP-3a
RP-1a and RP-3b
RP-1a and RP-4a
RP-1a and RP-4b
RP-1b and RP-2a
RP-1b and RP-2b
RP-1b and RP-3a
RP-1b and RP-3b
RP-1b and RP-4a
RP-1b and RP-4b
RP-2a and RP-2b
RP-2a and RP-3a
RP-2a and RP-3b
RP-2a and RP-4a
RP-2a and RP-4b
RP-2b and RP-3a
RP-2b and RP-3b
RP-2b and RP-4a
RP-2b and RP-4b
RP-3a and RP-3b
RP-3a and RP-4a
RP-3a and RP-4b
RP-3b and RP-4a
RP-3b and RP-4b
RP-4a and RP-4b

M=18,SD =13
M=19,SD =12
M=18,SD=1.1
M=19,SD =12
M=21,SD =15

M=16,SD =09
M=20,SD=12
M =1.6,5D =07
M=16,SD=1.1
M=19,SD=13
M=19,5SD =12
M=18,SD =12
M=20,SD=13
M=18,SD =09
M=18,SD =12
M=19,SD =11
M=17,SD =09
M=17,SD =14
M=17,SD =09
M=20,SD=13
M=17,5SD =1.0
M=20,SD=14
M=22,SD=13
M=17,SD=1.1
M=21,SD =14
M=18,5D =1.2
M=19SD =14
M =18,SD =09

M =0.97,5D = 0.04
M =0.98,5D = 0.03
M =0.98,5D = 0.03
M =098,5D = 0.03
M =0.97,5D = 0.04
M =0.99,5D = 0.01
M =0.98,SD = 0.02
M =0.98,5D = 0.02
M =098,5D = 0.03
M =0.97,5D = 0.05
M =0.98,5D = 0.03
M =0.98,5D = 0.03
M =0.97,5SD = 0.05
M =098,5D = 0.02
M =0.98,5D = 0.04
M =0.97,5D = 0.03
M =0.98,5D = 0.03
M =0.97,SD = 0.05
M =098,5D = 0.02
M =097,5D = 0.03
M =0.98,5D = 0.03
M =0.97,5D = 0.03
M =0.97,5D = 0.04
M =0.98,5D = 0.03
M =097,5D = 0.04
M =0.97,5D = 0.04
M =0.97,5SD = 0.05
M =0.98,5D = 0.03

1 RP stands for ‘Robot Personality’; letters a and b mark two videos of the same personality.

TABLE 5.6: Test 1: The distribution of participants as per the
reported numbers of personalities.

Reported No. of Personalities No. of Participants Who Thus Reported
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5.6 shows the distribution of participants as per the numbers of personalities
reported. Interestingly, 16 out of the 30 participants reported that they had
perceived 5 or more personalities in the 8 videos, whereas the correct number
was 4. Combining the results in Table 5.5 and 5.6, I inferred that many sub-
jects might have taken the same robot personalities that behaved differently
in two videos for two robot personalities, which is a case nearly impossible
with humans since no two humans look identical—even twins have subtle
differences. The results imply that when there are no visual cues available for
distinguishing multiple individuals, observers may become over sensitive to
their behaviour. As for the cosine similarity, the means of all pairs demon-
strated high similarity, suggesting that the perceived personalities were all
similarly oriented as vectors in the personality space, implying that the Eu-
clidean distances were caused by the differences in the trait levels on all di-
mensions.

Probability
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#personalities

FIGURE 5.5: Test 1: The probability mass function of the re-
ported numbers of personalities.

Figure 5.5 shows the probability mass function plotted from the distribu-
tion in Table 5.6. The shape is close to neither a normal nor uniform distri-
bution; there are two ‘dips” at two and six to seven respectively. The highest
likelihood is to report five personalities, followed by three and eight. The
distribution indicates that there is a 60 per cent chance that an observer will
report 3, 4, or 5 robot personalities, with 4 being the correct number and 3
and 5 ‘close guesses’.
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5.5.2 Test 2: Eight Robot Personalities

I followed the same procedure as in Test 1. Only that, this time, each of the
eight videos featured a unique personality. The 30 participants were differ-
ent from those who participated in Test 1—a between-subjects design—so
that there was no interference from the previous results. The eight robot per-
sonalities who joined Test 2 were Robot Personalities 5 to 12.

Probability
0-35 T T T T T T T T

0.3
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0.1r

0.05f
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#personalities

FIGURE 5.6: Test 2: Probability mass function of the reported
number of personalities

The mean Euclidean distances and cosine similarity values were recorded
in Table 5.7, the distribution of participants as per the numbers of personal-
ities reported in Table 5.8, and the corresponding probability mass function
in Figure 5.6. As before, the shape of the function was close to neither a nor-
mal nor uniform distribution. Compared with Figure 5.5, the distribution
showed a trend towards a ‘bifurcation” of opinions, as more people had re-
ported either three or eight robot personalities and the middle was dented.
The distribution indicates that there is a 43 per cent chance that an observer
will report at least 5 robot personalities, and more mass is at the higher end
(8) than the lower end (5). However, the chance of reporting three robot per-
sonalities could be the highest. I will come to a possible explanation of this
result momentarily.

The mean Euclidean distances from Test 2 appeared to be smaller. To test
the hypothesis that the mean Euclidean distances from Test 2 were smaller
than those in Test 1, I applied Welch’s test and discovered a significant dif-
ference, t(49.29) = 3.72,p = .0005, and Cohen’s d = 1.2: the robot person-
ality pairs in Test 2 were perceived as more similar (M = 1.67,SD = 0.21)
among one another compared with those in Test 1 (M = 1.85,SD = 0.15),
which reflected the configurations of Robot Personalities 5 to 12, which were
more evenly distributed than Robot Personalities 1 to 4. This might have
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TABLE 5.7: Test 2: Pair-wise personality comparisons.

Pairs!

Mean Euclidean Distances Mean Cosine Similarity

RP-5 and RP-6
RP-5 and RP-7
RP-5 and RP-8
RP-5 and RP-9
RP-5 and RP-10
RP-5 and RP-11
RP-5 and RP-12
RP-6 and RP-7
RP-6 and RP-8
RP-6 and RP-9
RP-6 and RP-10
RP-6 and RP-11
RP-6 and RP-12
RP-7 and RP-8
RP-7 and RP-9
RP-7 and RP-10
RP-7 and RP-11
RP-7 and RP-12
RP-8 and RP-9
RP-8 and RP-10
RP-8 and RP-11
RP-8 and RP-12
RP-9 and RP-10
RP-9 and RP-11
RP-9 and RP-12
RP-10 and RP-11
RP-10 and RP-12
RP-11 and RP-12

M=20,SD=13
M=17,SD =13
M=18,SD =12
M=18,SD =12
M=18,SD =13

M=15,SD=1.1
M=16,SD =12
M=15,SD =12
M=16,SD =12
M=19,SD=15
M=14,SD =10
M=17,SD =13
M=17,SD=1.1
M=14,SD =10
M=17,SD =1.6
M=17,SD =13
M=16,SD =12
M=14,SD=1.1
M=16,SD =12
M=17,SD=13
M=18,SD =14
M=13,SD =09
M=21,SD =16
M=19,SD =17
M=15,SD =12
M=19,SD =14
M=17,SD =12
M=16,SD =14

M =0.98,5D = 0.03
M =0.98,5D = 0.03
M =0.98,5D = 0.02
M =098,5D = 0.03
M =0.98,5D = 0.02
M =0.99,5D = 0.02
M =0.99,5D = 0.02
M =0.99,5D = 0.02
M =0.99,5D = 0.01
M =0.98,5D = 0.02
M =0.98,5D = 0.02
M =0.98,5D = 0.03
M =0.98,5D = 0.02
M =0.99,5D = 0.01
M =0.98,5D = 0.02
M =0.98,5D = 0.02
M =0.98,5D = 0.02
M =0.99,5D = 0.02
M =0.99,5D = 0.02
M =098,5D = 0.03
M =0.98,5D = 0.02
M =0.99,5D = 0.02
M =0.98,5D = 0.04
M =0.98,5D = 0.04
M =098,5D = 0.02
M =0.98,5D = 0.03
M =0.99,5D = 0.02
M =0.98,5D = 0.03

1 RP stands for ‘Robot Personality’.

TABLE 5.8: Test 2: The distribution of participants as per the
reported numbers of personalities.

Reported No. of Personalities No. of Participants Who Thus Reported
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caused the trend towards the ‘bifurcation” of opinions as observed in Figure
5.6; for it is possible that, observing a larger colony of robot personalities
more smoothly distributed in the personality space, the people sensitive to
their differences may perceive them as more robot personalities with smaller
inter-individual differences, whereas the people less sensitive to subtle differ-
ences in similar personalities may perceive them as fewer robot personalities.

5.5.3 Summary of the Results

In Test 1, 60 per cent of the observers reported about 4 robot personalities
(i.e. 3, 4, or 5, with 4 being the correct number). However, more than half
of the observers (about 53 per cent) reported more than 4 robot personali-
ties after repeated exposure to each of the four, which indicated confusion as
to how many personalities were shown to them and whether those in two
videos were one. In Test 2, about 43 per cent of the observers observed at
least 5 robot personalities and 30 per cent, at least 6, given that the actual
colony size was 8. However, the majority of the observers reported fewer
than 5, and most of them reported 3, implying a possible cause for a division
of opinions. In addition, the subjects could distinguishable all the pairs in
both Test 1 and Test 2. However, the mean Euclidean distances in Test 2 were
significantly smaller (£(49.29) = 3.72, p = .0005), which reflected the configu-
rations of Robot Personalities 5 to 12 as compared with Robot Personalities 1
to 4. All pairs were shown to be similar according to cosine similarity, which
coincided with the results of Study 1.

Based on the results, I would like to proffer two inferences: 1) when there
is a lack of visual cues to distinguish different robot personalities whose ap-
pearances are identical, people may become more sensitive to their behaviour
in order to distinguish them and report more personalities than there actually
are under enough exposure; and 2) for a colony of robot personalities whose
appearances are all identical, if their personalities are more similarly config-
ured using the model, they may be perceived as either more or fewer person-
alities than a colony of which the members are less similar due to that not all
people are equally sensitive to subtle differences in behaviour. Whether these
two inferences are correct explanations of what was observed and how hu-
mans perceive personalities in physically identical agents require further in-
vestigation. However, it is unlikely that real users of robots will be subjected
to such guessing games. They will know how many robots are working with
them. It is more important that they can distinguish and identify the robots
by their personalities. Both tests have shown that the former is possible; Test
1 showed that the latter might be very difficult with only individuality of
personality.
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5.6 Discussions

5.6.1 Insufficiency and Possible Future Works

Given the results, what can be concluded with certainty is that a generative
personality model as proposed can make physically identical robots appear
as multiple personalities to some observers; in other words, a generative per-
sonality model as proposed can make the robots distinguishable from one an-
other, which is the essential condition of individuality. The effective colony
capacity as demonstrated varied with the observers. The results have re-
vealed a critical issue to address.

There was clearly confusion as to how many personalities there actually
were in the two tests. More than half of the subjects in Test 1 reported more
than four, the actual number, and they could not tell if the characters in
two videos were in fact the same personality, as demonstrated by Table 5.5.
The inability to identify multiple robots is a potential issue for environments
where there are multiple robot personalities with highly similar or even iden-
tical appearances, as the human brain is probably not tuned to handle such
situations. There is still much we do not understand about how humans
perceive personalities in physically identical agents; however, even mass-
produced robots do not have to look exactly the same. Considering that it is
at least practical to implement simple visual cues, such as symbols and liver-
ies, and accessories and simple clothing, anything safe and also cheaper than
customised appearances, a way to make robots identifiable is to combine in-
dividuality in behaviour with visual cues in appearance to distinguish and
identify robots and leverage other benefits of robot personalities that are sim-
ilar since not all people are sensitive to subtle differences in behaviour. There
can be a multitude of future studies on the types of visual cues (e.g. colours
or patterns of symbols or liveries) and their effectiveness. For every type of
simple visual cues, we can test these hypotheses: the visual cues improve the
accuracy of 1) identification and 2) differentiation of robot personalities based
on the same model of robot. We can also investigate whether simple visual
cues help enhance the sensitivity to subtle differences in personality expres-
sions for those who are less sensitive (e.g. those who reported one, two, or
three robot personalities in the experiment). It is also worthy investigating
the impact of visual cues on the impressions of robot personalities, such as
how do visual cues with meanings and cultural significance change the im-
pression. Would the same robot personality be perceived differently when
it is painted with flowers as compared with animals? Would the species of
animals make a difference too? Such as a dire wolf compared with a golden
lion on the same robot. Conversely, we can also study whether individuality
improves the effectiveness of visual cues, such as in a study with the same
group of robots, each with a unique name and livery, in two conditions, the
robots in one of which have individuality and the other not, to see if the sub-
jects can better match the names to the liveries with the help of the robots’
individuality.
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Due to the limitations of the robot and other limitations such as our lim-
ited understanding of the relationships between personality broad traits and
behaviour and the limitation that the exposure offered by short videos was
highly limited, it was impossible to explore the full potential of the proposed
model. The effective colony capacity could have been underestimated by
a large margin. Nevertheless, the current results are sufficient as the basis
to continue developing the model. The effective colony capacity should in-
crease as robots and our understanding of robot personalities improve.

Although I describe the proposed model as ‘goal-shaped’, I have not yet
tested the shaping mechanisms as described by Heuristic B. Instead, I tested
12 robot personalities that were already ‘shaped” manually as part of the
settings for the experiment. Therefore, future work should cover person-
ality development and ‘shaping by goals’ mechanisms by assigning different
robots with different goals that would shape their personalities differently
over time. Only then can we acquire a complete assessment of the proposed
model. To do that, we will need some robots that can handle a variety of jobs.
Hopefully, that day can arrive sooner.

Another research area essential to constructing practical models is the
study of behavioural mappings, which can be divided by modes or modali-
ties. The mapping functions in Table 5.1 were hardly practical, for they were
mostly based on my intuitions and lacked empirical support. The mappings
of the conscientiousness node lacked variation of behaviour due to our insuf-
ficient understanding of how a conscientious person would behave in the test
scenario. The mappings in the other two trait nodes might not be accurate
enough for practical applications. An important task of robot personalities
engineering is to figure out accurate behavioural mappings. The experiment
only featured mapping functions for non-verbal behaviour on the head, of
which the limitation is evident in expressing multiple personalities without
confusion. Future work should cover speech and gestures despite the chal-
lenges. As for speech, the mapping functions would be much more compli-
cated then ‘a cognitive state to an action” mapping. What might be practical
for now is mapping cognitive states to emotions in speech with adjustable
strength. That said, the ultimate goal should be characteristic speech: en-
abling robots to say lines in their own ways as how playwrights breath life
into their characters. As for gestures, other than the usually problems of
what cognitive states should be mapped to what gestures to express what
personality traits, a major challenge is safety, such as collision avoidance and
maintaining balance while gesturing, which are easy for a human to do but
tricky and risky for a 200-kilogram, life-size humanoid robot that falls with a
terrifying thud. Still, the research could start with smaller humanoid robots.

Of the four criteria for assessing a generative personality model, this
study covered colony capacity. Trait capacity is less of an issue to the
expandable architecture of the model, which has no limit on the number of
trait nodes. Still, a large number of trait nodes can slow down computation,
which is a common issue of large-scale graphical models. Future work
should cover consistency and fidelity of the model. Only a model that
can present multiple personalities with fidelity and consistency is suitable
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for practical applications. However, these two criteria depend not on the
high-level designs presented in this paper, but the build of a particular
model, which further depends on the type of robot, its usage, and the
corresponding behaviour it handles. Therefore, more limited scopes apply.
To achieve high fidelity and consistency, we need dedicated optimisation
methods, which can be another area of future research. Section 1.2.4 and
Study 2 provide some preliminary discussions on this topic.

The experiment was about distinguishing four or eight robot personali-
ties. What would happen if there were only two personalities? While it is
easy to assume that two robot personalities would be easier to distinguish
and identify after enough exposure, as how parents of twins tell their chil-
dren apart, the cues and circumstances involved are worth studying using
robots so that the findings could help engineer robot personalities that can
be more easily distinguished and identified. Here, we can employ human
twins as archetypes and let the same robot imitate them. Because it is possi-
ble to switch on and off at will modes of personality expressions on a robot,
a great advantage robots have over humans, we will be able to conduct bet-
ter controlled experiments to identify essential cues for distinguishing and
identifying robot personalities with similar appearances.

5.6.2 Conclusions

In this study, I proposed a goal-shaped generative personality model to en-
code individuality of robots and generate behaviour accordingly and tested
the effective colony capacity of a prototype model for expressing personali-
ties via the non-verbal behaviour on the head of a humanoid robot. The pro-
totype modelled three broad traits of the five-factor model, i.e. extraversion,
agreeableness, and conscientiousness, under design constraints that agree-
ableness and conscientiousness trait levels must be higher than half of the
maximum. The test results implied that most observers could observe in a
colony of physically identical robots at least four robot personalities when
the colony size was at least four, but with substantial confusion about the
exact numbers. The observers could not recognised the same personalities
when they appeared for the second time, implying an issue in identification.
The tests were done under many constraints such as imperfect understand-
ing of the relationships between traits and behaviour, limited exposure, the
limitations of the robot, and so on. With future improvements in behavioural
mappings and personality development and shaping mechanisms, as well as
more sophisticated robots, the model has the potential to present even more
personalities more accurately. For the limited questions answered, a host of
new problems have emerged, which I could only shovel to the discussion
section, swelling it into a monstrous mass of uncertainty dwarfing the little
piece of knowledge to offer. I would like to consider this both a limitation
and strength of this work. I hope the reader could find in that mass of uncer-
tainty something interesting to pursue.
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Appendix: How the Prototype Generates Behaviour

Take Robot Personality 10 for example, when HUMAN says ‘But I suppose
the same could be said for most non-human animals, such as the rats in the
lab’, the robot is annoyed since their kind is juxtaposed with lab rats. Given
the ‘annoyed’ state, the ‘extraversion’ trait node will first generate an urge
to roll the robot’s eyes with 0.7 probability, but the ‘agreeableness’ trait node
will generate an urge for a (forgiving) nod with 0.98 probability, and the ‘con-
scientiousness’ trait node will do nothing. Assuming that both the urge to
roll eyes and the urge to nod are generated, the ‘dummy’ commitment func-
tions will then give in to all urges. According to the rules in Section 5.2.3 and
Table 5.3, the urge to roll eyes conflicts with that to nod. Since the “extraver-
sion’ trait node is lower than the ‘agreeableness’ trait node in the order of the
current goal-active form of Robot Personality 10, the urge to roll eyes is nulli-
tied and the corresponding trait node will be skipped. The discussion contin-
ues, and Robot Personality 10 keeps listening. Now, HUMAN says ‘Maybe
Earth’s first ambassador to an alien civilisation should be a robot’, the robot
is interested. According to the behavioural mappings, urges to tilt forward,
tilt to the left, and also tilt forward are generated by the “extraversion’, ‘agree-
ableness’, and ‘conscientiousness’ trait nodes respectively, assuming chance
favours it. Now, there is no conflict. However, there are repeated urges to
tilt forward. According to the rules, the tilting forward behaviour will be en-
hanced from the starting effort level of 1 to the enhanced effort level of 2, and
the robot will tilt forward for about 20 degrees—and at the same time left,
for about 10 degrees, as required by the ‘agreeableness’ trait node. Why two
different personality traits lead to the same urge? Because they have sepa-
rate meanings. An extroverted forward tilt can be a spontaneous expression
of curiosity or attention, whereas a conscientious forward tilt can be a delib-
erate cue to encourage the interlocutor to elaborate further on the subject in
order to acquire more information.
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Chapter 6

Conclusions

6.1 Main Thesis

To create robots with individuality, I conducted three studies: the first study
verified the possibility of creating androids with individuality; the second
study contributed a method to generalise the possibility to other types of
robots; and the third study contributed a generative personality model to
realise the possibility.

The three studies together validate the main thesis: by considering a robot’s
behaviour as actions associated with several personality traits, corresponding to sev-
eral personality dimensions applicable to the type of robot, and then combining those
actions using a goal-shaped generative personality model constructed with the ap-
plicable personality dimensions to encode the robot’s individuality and generate be-
haviour accordingly, the robot can be made into a unique individual distinguishable
from other robots of the same kind. It serves as a working principle for gener-
ative personality models. One way to create robots with individuality is by
breaking down a robot’s original behaviour into actions associated with sev-
eral personality traits and then recombining those actions according to the
shape of the robot’s personality as shaped by the robot’s goals or, in short,
by dissociating robots” behaviour from their goals and reconnecting the two
with their personalities. A better approach might be to consider a robot’s be-
haviour as atomic actions associated with their personality traits as part of
their design and implement the proposed model as an intrinsic part of the
robot’s Al

_|_

Z\tomised behaviour associated with trait;

FIGURE 6.1: Personalities are like colours: ‘there are only a few
primary colours, yet in combination they produce more hues
than can ever be seen.’
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6.2 Limitations and Future Work

This research has demonstrated the possibility of creating robots with indi-
viduality in significant quantities. However, possibility is still steps away
from practicality: such is the main limitation of this research. It is not yet
practical to mass-produce robots with individuality for three reasons.

First, there is a lack of low-level designs and mechanisms for practical
implementations of the proposed generative personality model. Here, by
‘low-level” I do not mean those designs and mechanisms are of low priority
to research, but that they concern engineering details. It is crucial to work
out those details for building personality constructs that can be used in prac-
tical applications. The main thesis suggests that we should associate actions
with personality traits. The most important question is how? This is an im-
mensely challenging question for which I had no fundamental principle for
an answer. In the third study, I just implemented some behaviour mappings
based half on my intuitions, half on what little knowledge is available for me
to apply. What is certain is that it is never as simple as showing ‘certain be-
haviour expresses a certain personality trait’. No, we can never know what
an action expresses without knowing the context. Is punching someone in
the face an indication of a violent nature? It depends on what has led to this
act of violence. Had the person who got punched just teased the assailant
in good humour? Or had they killed their father? Should the latter be the
case, just a punch would be showing great restraint—or would it? Had the
bereaved power over the fate of the target of vengeance but only chose to
quench their rage with a fist? Or was it that a fist in the cheek was all that
they could do? Context! A smile, a nod, a line of humour, a fist in the face...
all actions are given meaning in context. This is why the proposed model
requires ‘cognitive states” to work. Cognitive states are meant to be based
on understanding of the context, and were annotated by humans in the ex-
periment. To associate actions with personality traits is to determine what a
person with a certain trait will do in a certain context, which is difficult work
already—not to say letting robots understand the context of their behaviour,
which must be among the most challenging problems in Al research.

Second, there is a lack of model optimisation methods dedicated to gen-
erative personality models. Although, for the moment, we have the recourse
to conventional optimisation methods, such as genetic algorithms or gradi-
ent descent, the complexity of personality and personality perception im-
plies inefficiency in applying existing methods. Personality assessment can
be tedious and expensive. Therefore, it is crucial to optimise a generative
personality model with as few iterations as possible. A dedicated optimisa-
tion method depends on our understanding of how humans perceive robot
personalities under different conditions. I have suggested a few possible re-
search directions in Section 5.6 of Study 3.

Third, the shaping mechanisms of the proposed generative personality
model—'goal-shaped’, as I so dubbed it—were not fully tested. I proposed
in Section 5.2 two heuristics for shaping personality constructs. Heuristic A
was tested in a crude way with the assumption that the stronger a trait, the
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more it would contribute to the robot’s mission, which was not necessarily
true. The limitation incurred was that we could not be sure that robots in
practical situations would indeed have the seemingly randomly distributed
trait levels as I so assumed to run the experiment. Of course, it is always
possible to deliberately set their trait levels to be different (but within design
constraints) to artificially impose individuality. Therefore, the conclusion still
holds that we can create robots with individuality if we must. The problem
remains whether the individuality is practical, i.e. conducive to the robots’
tasks. In this light, Heuristic B was proposed but regrettably not tested. Ide-
ally, we should have let many robots work towards different goals to test
Heuristic B too, if only we had had such a type of robot that could do dif-
ferent things. Another important future work could be verifying how the
individuality of robots impacts back on their goals; only when we complete
the circle, goals to individuality and individuality to goals, can we grasp their
interrelationships well enough to create robots with individuality that makes
them more pleasant and helpful.

Another important research area is about understanding robot personal-
ities as personalities of robots rather than mimics of humans. Previous re-
search [6] as well as the second study [13] imply that robot personalities are
different from human personalities. Robots and humans share some quali-
ties, which the method in the second study is designed to identify. But as
humans have qualities that only humans have (e.g. traits related to breed-
ing), robots may have qualities that only robots can have. These qualities
cannot be described by human personality models such as the five-factor
model. In addition, robot-exclusive traits can vary since there are myriad
types of robots; each type may have its exclusive traits. Not understanding
robot-exclusive traits may be the root of the many limitations revealed in this
research, including the difficulty for small user groups to select personality
dimensions, as revealed in the second study, and the difficulty for observers
to identify robot personalities, as revealed in the third study. To complete
the picture of robot personalities and create stronger individuality for robots,
we need descriptive personality models or even a psychological study ded-
icated to robots, a “psychology of robots’, or ‘robopsychology” indeed, just as
Isaac Asimov predicted long, long ago [94] in the same way he predicted the
field of robotics [14].

6.3 Prospect

The significance of individuality goes beyond making robots distinguishable,
which is but a basic requirement. A robot with individuality gains a unique
place in the world, and with it many potentials: the potential to be named,
the potential to be heeded, the potential to establish relationships, the poten-
tial to be loved, the potential to be forgiven when they err, the potential to
be admired when they shine, and most of all the potential to have a world
of their own. Being a unique individual makes what they say and do their
own: all their words and actions belong to them and them alone. A robot
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with individuality gains a unique place in the world, and with it a unique
place in our hearts.
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Glossary

Active goal: the goal towards which the robot is currently working.

Archetype: short for personality archetype, which is the "target’ personality
a robot is engineered to be. It is a blueprint or example for a personality
construct.

Broad trait: a facet of a robot’s personality in a broader sense (than a trait,
which is unique to a specific robot). Two robots can have the same broad
trait, but no two robots have the same trait. Every broad trait corresponds to
a personality dimension.

Cognitive state: an understanding of or response to the situation a robot
finds themselves in; it can be a belief, thought, or any other simulated psy-
chological state.

Colony: short for robot colony, which is a population of robot personalities
situated in close association so that they will be observed by the same people
for their shared qualities or goals. An essential property of a colony is that
there is no duplication of personalities: every robot in a colony is unique.

Colony capacity: the number of individual personalities a generative per-
sonality model theoretically supports. One of the four major criteria for eval-
uating a generative personality model.

Commitment function: the function of a trait node for suggesting
whether an urge for an action should be put into the corresponding action
by mapping an urge and the probabilities of achieving the active goal
conditioned on the action the urge leads to to a “yes or no” decision.

Consistency: the negative variation among the impressions of the ob-
served robot personality: the more varied the impressions are the lower the
consistency. One of the four major criteria for evaluating a generative per-
sonality model and also a criterion for evaluating personality constructs.

Dominant trait: the primary trait of the robot’s mission.

Effective colony capacity: the number of individual personalities distin-
guishable by some observers (e.g. a user group). A criterion for evaluating a
generative personality model under practical constraints.

Fidelity: the proximity between a robot personality and its corresponding
archetype in the personality space where they are defined or measured. One
of the four major criteria for evaluating a generative personality model and
also a criterion for evaluating personality constructs.

Generative personality model (GPM): a personality model capable of
generating behaviour with inter- and intra-individual differences that reflect
the inter- and intra-individual differences in personalities.
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Goal: an end state a robot is operating to achieve: a purpose of the robot’s
activities or endeavours.

Goal-active form: the form a personality construct takes when working
towards a goal, where the trait nodes are ordered to facilitate the attainment
of the goal.

Goal node: a node representing a goal in a GPM. It reports a differ-
ence measurement between the actual state and the state where the goal is
achieved.

Individuality: a combination of personality traits that distinguish an in-
dividual from others of the same kind. A fundamental property of personal-

1ty.
Mapping function: short for behavioural mapping function, which is a func-
tion of a trait node for mapping cognitive states to urges.

Mission: the most important goal to a robot’s existence. The functional
difference between a mission and an ordinary goal is that an ordinary goal
can be added to and removed (when attained) from a GPM, whereas a mis-
sion is always part of the robot’s GPM. Usually, every robot personality has
one and only one mission.

Mode: short for mode of expression, which is a distinct means of personality
expression associated with a group of actuators or signalling apparatus.

Observer: an agent that can perform measurements of a robot’s person-
ality. The most common observers are humans.
Y;

Persona: the impression of a robot personality when they are working
towards a goal that is not their mission, and it can thus be different from that
of their true personality.

Personality construct: a particular build of a generative personality
model with a unique set of parameters. Every personality construct corre-
sponds to one and only one robot personality; even if we can make a copy
of a personality construct, the two copies are one robot personality, not two,
unless further development distinguishes one from the other.

Personality dimension: a dimension corresponding to a broader aspect
of personality (i.e. a broad trait).

Personality space: the space of all possible configurations of personalities
spanned by a set of personality dimensions, corresponding to a set of broad
traits.

Primary trait: the trait corresponding to the highest-ranking trait node in
the goal-active form of a goal is the primary trait for the goal.

Proactive personality: a robot personality whose commitment functions
suggest acting on urges as long as the resulting behaviour does not work
against the active goal.

Prominent trait: a trait applicable to and distinctly perceptible by a user
group in a certain type of robot in its typical usage scenario.
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Robot personality: a robot exhibiting characteristic patterns of computa-
tion and behaviour with inter- and intra-individual differences.

Robot personalities engineering: the systematic application of engineer-
ing methods to developing personalities for robots (the plural, "personalities’,
is for emphasising that it is always about creating not one but multiple per-
sonalities).

Robot population: a group of robots. A robot colony is a robot popula-
tion, but not necessarily vice versa.

Trait: short for personality trait, which is a unique quality of an individual
robot specified by a broad trait, a broader facet of the robot’s personality, and
a trait level, a value that marks the level of strength of the broad trait.

Trait capacity: the number of broad traits (personality dimensions) out of
all that are applicable to a type of robot a generative personality model can
model. One of the four major criteria for evaluating a generative personality
model.

Trait level: a value that marks the level of strength of a trait.

Trait node: a node representing a trait in a GPM. It consists of a mapping
function and a commitment function.

Urge: an instance of certain behaviour not yet put into action: a potential
action.

User group: a group of specific users of a specific robot, who are the main
observers of the robot.
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