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PERSONALISING ROBOT ASSISTANCE FOR COGNITIVE TRAINING THERAPY

Antonio Andriella

Abstract

There are 50 million people worldwide living with dementia, and this number is projected to
triple by 2050. While there are no pharmacological treatments for this syndrome, behavioural
therapy such as cognitive training can maintain or improve the patients' general cognitive
functioning, eventually prolonging ageing in place. However, the number of patients who
require such treatment greatly exceeds the number of healthcare professionals' availability.

Robots have the potential to bridge this gap by facilitating this training regimen and en-
hancing therapists' effectiveness in delivering cognitive therapy. A key enabling technology is
personalisation. Indeed, the ability to personalise such treatments to suit the preferences and
goals of an individual is crucial to improving the quality and ef cacy of the intervention and
increasing users' engagement over long-term interactions. Despite the recent advances, many
questions still need to be addressed regarding the design, development, and deployment of
social robots for such purposes.

This thesis postulates a set of these questions with which we aim to pursue our main goal:
the development of a fully autonomous robot for delivering cognitive training. In the scope
of this thesis, we tackled personalisation by designing robots that are both adaptable and
adaptive. Adaptable in such a manner as to enable therapists to set them up and customise
their high-level behaviour. Adaptive in such a manner that they can tailor their intervention
to suit the individual's unique needs as they evolve through time. Building upon this idea, the
work has taken a therapist-oriented approach in which healthcare professionals' expertise can
be re ected in the design of a set of functionalities needed for the development and deployment
of a personalised fully autonomous robotic system. Toward such a goal, this thesis explores
the impact of robots' human-like characteristics, such as personality, communication style, and
backchannelling behaviour, on the users' intention to use the robot and their task performance.
On the other hand, it investigates several Al techniques for robots' reasoning, aiming at learning
socially assistive behaviour that better suits the user's abilities.

This thesis culminates by proposing a novel framework called aCtive leARning agEnt aSsiS-
tive bEhaviouR (CARESSER). CARESSER enables therapists to customise the robot's assistive
behaviour (adaptable) and allows the robot to learn in situ personalised patient-speci c poli-
cies (adaptive) in a fully autonomous fashion. Through the development and evaluation of
CARESSER, this work contributes to both the elds of HRI and Al, especially on how social
robots can learn by leveraging therapists' expertise and demonstrations, which has the bene ts
of speeding up the learning process, eliminating the need for the design of complex reward
functions, and nally, avoiding undesired states that may have a negative impact on the patients.

Keywords: Adaptable robot, Adaptive robot, Robot personalisation, Socially Assistive Robotics,
Robot personality, Robot communication style, Robot backchannelling behaviour.






Resumen

En el mundo hay 50 millones de personas que conviven con demencia, y se espera que
este numero se triplique para 2050. Mientras no existen tratamientos farmacol6gicos para este
sindrome, terapia comportamental como el entrenamiento cognitivo, puede mantener o mejorar
el funcionamiento cognitivo general de los pacientes, eventualmente, prolongando el envejeci-
miento en casa. Sin embargo, el nUmero de pacientes que requieren tal tratamiento excede en
gran medida el nimero de profesionales médicos disponibles. Los robots tienen el potencial
de cerrar esta brecha, facilitando este tipo de entrenamiento y mejorando la efectividad de los
terapeutas en su tarea de terapia cognitiva. Una tecnologia habilitadora clave es la personaliza-
cion. De hecho, la habilidad de personalizar tales tratamientos para adaptarse a las preferencias
y objetivos de un individuo, es crucial para mejorar la calidad y e cacia de la intervencion
e incrementar el compromiso de los usuarios durante interacciones a largo plazo. A pesar de
los recientes avances, muchas cuestiones acerca del disefio, desarrollo y despliegue de robots
sociales para esos propdsitos necesitan ser tratadas todavia.

Esta tesis postula un conjunto de estas cuestiones con las cuales intentamos perseguir nuestro
objetivo principal: el desarrollo de un robot completamente autbnomo para proporcionar entre-
namiento cognitivo. En el ambito de esta tesis, abordamos la personalizacion disefiando robots
que son adaptables y adaptativos. Adaptables de manera que permitan a los terapeutas con gu-
rarlos y personalizar su comportamiento de alto nivel. Adaptativos de manera que ellos mismos
puedan confeccionar su intervencién para adaptarse a las necesidades Unicas del individuo a me-
dida que éstas cambian a lo largo del tiempo. Construyendo sobre esta idea, el trabajo ha tomado
una direccién orientada al terapeuta, en la que la experiencia de los profesionales de asistencia
médica puede ser re ejada en el disefio de un conjunto de funcionalidades que se necesitan
para el desarrollo y el despliegue de un sistema robético completamente autbnomo. Hacia ese
objetivo, esta tesis explora el impacto de caracteristicas robéticas parecidas a las humanas, como
la personalidad, el estilo de comunicacion, y canalizacion del comportamiento, en la intencion
de los usuarios de utilizar el robot y en su rendimiento en la tarea. Por otro lado, la tesis investiga
diversas técnicas de Inteligencia Arti cial para el razonamiento roboético, intentando aprender
el comportamiento socialmente asistivo que mejor se adapta a las habilidades del usuario.

Esta tesis culmina proponiendo una infraestructura novedosa llamada “aCtive leARning
agEnt aSsiStive bEhaviouR (CARESSER)”. CARESSER capacita a los terapeutas a personalizar el
comportamiento asistente del robot (adaptable), y permite al robot aprender reglas personali-
zadas especi cas para cada paciente “in situ” (adaptativo). Durante el desarrollo y evaluacion
de CARESSER, este trabajo contribuye a los campos de interaccién entre humano y robot y el de
la inteligencia arti cial. Especialmente en como los robots sociales pueden aprender haciendo
uso de la experiencia y las demostraciones de los terapeutas, que tiene los bene cios de acelerar
el proceso de aprendizaje, eliminando la necesidad de disefiar complejas funciones de recom-
pensa, y nalmente, evitando estados indeseados que puedan tener un impacto negativo en los
pacientes.
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Introduction

With the improvements in healthcare systems and advances in research in the last decades, we
are living longer. While population ageing is one of the most important achievements of modern
society, it presents challenges in terms of caring for a growing population of older adults [1-3].
Eldercare can easily be con gured as a supply and demand issue. Indeed, while the request for
healthcare services is increasing because of a larger population of older adults, the number of
caregivers is not correspondingly increasing. As a result, a shortage of healthcare professionals
is expected in the coming years, with implications for service costs, families, and older adults
themselves [4—6].

Over the past decades, researchers have investigated the use of Socially Assistive Robots
(SARSs) to support both people with dementia and their therapists in a range of daily living
tasks such as providing companionship [7], delivering physical and cognitive stimulation [8],
and completing Activity of Daily Livings (ADLs) [9]. Robots have shown their potential to
reduce healthcare professionals' workload, especially in repetitive tasks [10]. By delegating
these tasks to the robot, therapists can concentrate on activities that better leverage their medical
skills. Additionally, robots could enable therapists to treat more patients at the same time, with
a reduction in therapists' time and cost of the service as well as the ability to gather more
data [11]. Finally, robots can potentially offer their services at any time, without showing any
form of boredom or fatigue. Therefore, they seem a worthwhile candidate in order to help in
bridging the gap between the demands of the healthcare system and the shortage of healthcare
professionals [12,13]. One of the key aspects for providing a successful therapy is the ability
of the robot to provide personalised assistance [14] based on the user's individual needs and
goals as human learning, development and care are unique to each individual [15-17]. In
general, building robots capable of doing so, requires addressing some important challenges
mainly related to the development of Arti cial Intelligence (Al) mechanisms to endow robots
with speci ¢ perceptual and reasoning capabilities. Firstly, robots must be able to deal with
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the high uncertainty of the environments as well as with the unpredictability of the human
behaviours that are in uenced by their motivations, attitude and interactions, which can change
over time [18]. Secondly, robots need to be endowed with the ability to model and therefore
predict humans' intentions and beliefs [19], so they can anticipate their actions and provide
them with tailored behaviour that meets their expectations [20]. Finally, robots need to be
capable of learning humans' preferences from very few interactions as gathering data might
be dif cult or not feasible. This concern is especially true in the case the target population
is vulnerable as acting without knowing the preferences or abilities of a human may have the
potential to harm them and create situations of discomfort and anxiety [21].

In this thesis, we have identi ed ve key prerequisites that need to be met when developing
and evaluating personalised SARs that can interact with Persons with Dementia (PwDs). These
requirements are the following:

P1. Robots need to be deployedn situ and potentially be able to cope with noisy real-
world environments . However, it is a common methodological approach to evaluate them in
laboratory settings or very constrained environments [14], therefore, the results have very often
low ecological validity.

P2. Robots need to be able to act in arautonomous manner without the constant interven-
tion of a human operator. Wizard of Oz (WoZ) methods are unsuitable for SARs applications that
require in situ, personalised support over long periods and that constantly require the feedback
or action of an external operator, disregarding one of their main goals that is to lessen the
therapist's workload [22].

P3. Robots need to be evaluated with thetarget population they are developed for. While
the number of works on SARs for people with cognitive impairment have increased in recent
years, the research on it is still very limited [23].

P4. Robots need to bepersonalised by experts and autonomously adapt to different users
according to their needs. Patients affected by cognitive decline follow a non-linear trajectory that
is unique to each individual. Therefore, there is a need for developing SARs capable of providing
tailored intervention based on the individual's needs and preferences over time. This means
that the therapist can initialise the robot based on their knowledge of the patient's cognitive
abilities; the robot then assists in a way so as to continuously adapt and quickly react to the
user's changes [16].

P5. Robots need to be capable oEommunicating in a way that is legible by humans. How
to replicate therapists' behaviour in terms of interaction modalities and social cues is still an open
research question. While it is clear why robots are more effective than any virtual disembodied
agent, it is still unclear how to design and develop socially intelligent behaviour [24].

Overall, there appear to be at least three main gaps in prior research that missed to address



these requirements. These gaps are: robot autonomy, robot learning, and designing robots for
cognitive training therapies.

The rst one concerns designing and evaluating SARs in anautonomous fashion for as-
sisting patients with cognitive impairment. Regarding the design gap, some studies assumed
the functionalities of the robot without considering stakeholders (including nal users) and
their speci ¢ needs [25] (violating P3). On the other hand, some studies focus on patients,
but the robotic platforms employed in the study lack signi cant capabilities in perceiving the
environment and communicating with the users, making the interactions between the robot
and the patient dif cult [26] (violating P5). With respect to the level of autonomy of the robotic
platform, the majority of the studies in real-world scenarios opted for a WoZ technique, in which
robots appear as if they were autonomous in the “what, who and when” offering assistance [27]
(violating P2). This way, the robotic solution is far from being applicable. Finally, concerning the
target population involved in the studies, very few of them were conducted with real patients.
Therefore, very little is known about how social robots work with vulnerable populations [28]
(violating P3).

A second gap refers to the design oflearning algorithms for adapting the robot's socially
assistive behaviour to best suit the patient's individual needs. In previous studies, three main
methodologies have been adopted to learn a behaviour for the robot: Reinforcement Learning
(RL) ([29], [15)]), Interactive Reinforcement Learning (IntRL) ( [30-32]) and Learning From
Demonstrations (LfD) ( [33, 34]). However, none of these approaches complies with the reg-
uisites stated before. RL is the most used approach in socially assistive robotics for learning a
robot's behaviour. However, learning might be slow and designing a unique reward function
that ts every individual's special needs can be challenging (violating P4). IntRL seems to speed
up the learning process giving control of the robot's learning behaviour to an expert. However,
it still puts a huge burden on the expert whose reward signals might become inconsistent over
time as they adapt their strategy (violating P2). Finally, LfD via Inverse Reinforcement Learning
(IRL) addresses the main issue of RL by not requiring the design of any reward function, as the
main goal of LfD is to estimate it from demonstrations. Nonetheless, employing them in real-
world settings might require continuous demonstrations from the expert in order to adapt the
robot's behaviour to the changes in the environment (violating P2). A recent method introduced
by Senft et al. [35], called SPARC, addresses four of the ve requirements mentioned above.
The method, which combined WoZ and IntRL, demonstrated in a user study its capability for
generating autonomous robot behaviour, albeit no signi cant reduction in the therapist's burden
was found (violating P2). Furthermore, in [35], it was not possible to add any prior knowledge
of the human the robot is going to interact with [36]. In assistive scenarios, the human expert
is usually the therapist, who knows their patients very well. Therefore, initialising the robot
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behaviour using the expert's knowledge of the patient's cognitive abilities can help to speed up
the learning process and offer therapists an easy way to tune the robot's initial behaviour. This
is especially true in situations in which the number of interactions is limited.

A nal gap concerns the development of SARs for delivering cognitive training therapy to
PwDs. The majority of the research with PwDs focuses on SARs as a social companion and its
impact on patients’ mood and behaviour [37], some on physical training [38] and very few on
cognitive training [39]. Therefore, very little is known about the impact this technology has on
this population, as reported by Ghafurian et al. [23] in a recent review. A pioneering work that
paved the way to the development of SARs for administering cognitive therapy to PwDs is the
work of Tapus et al. [40]. They presented a social robot that automatically tailored the dif culty
of the task to the person's performance, aiming to minimise its reaction time, maximising the
number of correct answers and the dif culty of the game. However, their adaptive approach
based on threshold does not take into account the unique evolution of the patients over time, as
more complex learning is needed to support long-term understanding of an individual (violating
P4). Another interesting study on this line is the work presented by Chanet al. [41] who used
MAXQ hierarchical RL approach to enable the robot to learn appropriate assistive behaviours
based on the structure of the cognitive training exercise (memory game) and personalise the
interaction according to the user state. Their system was evaluated in a laboratory setting
(violating P1) and showed very promising results with healthy users, but was not assessed with
the target population (violating P3). A more recent study by Pino et al. [42] provided evidence
that a Nao robot could reinforce therapeutic behaviour and treatment adherence during memory
training sessions delivered in situ. Their results showed that the robot increased the visual
gaze of patients and reduced, in some cases, depressive symptoms. Furthermore, no signi cant
difference in terms of reaction (measured as the frequency and amount of time they smiled and
looked at the robot) was found whether the therapist was a robot or a human. Nonetheless, the
robot was controlled by an operator in a WoZ fashion and did not adapt to the user violating P2
and P4.

This work takes a therapist-oriented approach to address those gaps, looking to understand
what can be learnt from therapists by involving them in the entire pipeline of the design process
as well as in the automatisation of the robots' assistive behaviour. Speci cally, this thesis aims at
addressing personalisation from two different perspectives by designing robots that are both
adaptable and adaptive [43]. By designing robots that are adaptable, we aim at enabling
therapists to customise and personalise them in an easy and intuitive way according to the
individual's cognitive and physical impairment. Indeed, most therapists, lack the time to learn
how to program robots to exhibit a given behaviour, especially in the case in which they need
to consider in each given state the effect a robot's action has. In this respect, we develop and



1.1 Context and Scope of the Research 5

evaluate robots' characteristics such as personality, communication style and backchannelling
behaviour to assess whether and to what extent they have an impact on the users' intention to
use the robot and their performance. By designing robots that are adaptive, we aim at endowing
them with the ability to tailor their degrees of assistance to suit the individual's goal and needs.
In this respect, we develop and evaluate different techniques for behavioural adaptation such
as task planning, statistical learning, RL and nally LfD through IRL. During the course of
the thesis, each robot's characteristic, as well as each behavioural adaptation approach, are
evaluated in the real world with healthy participants whereas the real end-users, i.e., PwDs are
only involved at the very end when the technology has been extensively tested and validated.

The ultimate goal of the work is the design, development and deployment of am situ au-
tonomous SAR that can becustomised by therapists and that is capable of providing adaptive
degrees of assistancein a multi-modal fashion topatients affected by Mild Cognitive Impairment
(MCI) and Mild Dementia (MD) during cognitive therapies . Speci cally, the focus is placed on
personalised SARSs for cognitive training exercises, with this use-case determining the scope and
framing of the work.

1.1 Context and Scope of the Research

SARs are de ned as robots that possess social skills and that are designed to interact with
people. A common ground of SARs is their ability to engage people in an interpersonal manner,
communicating and coordinating their behaviour with humans by means of verbal and non-
verbal social cues [44].

Among the different contexts and applications in which SARs can be employed, this work
focuses on one specic application, robots for providing support and motivations to PwDs
during cognitive training therapies. Speci cally, the cognitive exercises are designed to elicit
and stimulate the cognitive abilities of PwDs with the objective of slowing the progression of
the disease. This work focuses on one key aspect of SARs in such a domain: personalisation.
Personalisation can be addressed in several ways. In this thesis we de ned it as the ability of the
therapist or the robot to tailor a health intervention that suits an individual's preferences, goals
or needs [11]. With respect to the robot, we concentrate on adapting the robot's degrees of
assistance to the user's performance and cognitive abilities. Concerning the therapists, we focus
on providing them with an easy and intuitive way to initialise the robot's behaviour according
to the cognitive ability of the user as well as on evaluating the impact of the robot's human-like
behaviours on users' acceptance and performance.

The aim of this work is twofold. On the one hand, the robot would enhance therapists'
effectiveness during training exercises, which by their nature are repetitive and therefore can
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cause therapists' boredom and tiredness, leading to a lack of adherence to the cognitive inter-
ventions. On the other hand, developing such a robot technology would have the bene ts of
reducing the treatment time and cost by deploying it in the patient's home, and prolonging their
independence. This application represents a realistic use-case grounded by the collaboration
with healthcare professionals of ACE Alzheimer Center Barcelona (ACEACB). Furthermore, the
insights gained during this work could be also very relevant to other applications of socially
assistive robotics which can be systematised and can be supported by robots.

Even if limited to the cognitive training use-case, a robot may be developed in a variety of
ways to achieve the intended objective. In the next sections, we will de ne a set of constraints
and limitations that need to be applied in order to make our ultimate goal achievable.

1.1.1 Framing The Research Goal

The aim of this thesis is designing and evaluating different approaches for robots to socially
interact with PwDs. A signi cant part of the design process has been carried out in collaboration
with healthcare professionals, who de ned the requirements and functionalities they expected
from a robot. As the use case of this thesis has been already identi ed and the ultimate goal
stated, in the following we will frame the type of SAR system that is to be designed and
developed.

Firstly, the personalised Robot-Assisted Cognitive Training (RACT) system is to be designed,
developed and targeted for older adults affected by cognitive impairment and more speci cally
for PwDs. Therefore, the robot's features as well as its assistive behaviours are focused on that
speci ¢ target population.

Secondly, this work focuses on a speci ¢ application of SAR, in which the robot guides and
assists users through a set of cognitive exercises such as sorting numbers according to some
criterion. Therefore, any other activity not related to cognitive stimulation is not considered in
this work.

Thirdly, over the course of this thesis, only two robotic platforms will be employed (see
Section 3.2). A single-arm manipulator, called WAM® will be used only to assess the feasibility
of the RACT system as will be shown in Section 3.2.1. Next, a service robot called TIAGo
will be employed and its appearance and functionalities adapted according to the therapists'
requirements and the ndings from our studies (see Sections 3.2.2-3.2.4). While the overall
goal of the thesis is not fully related to the robotic platform, the choice of the robot will have
an impact on the participants. However, the evaluation of other robotic platforms is out of the
scope of this work.

https://advanced.barrett.com/wam-arm-1
Zhttps://pal-robotics.com/robots/tiago/
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Fourthly, this thesis evaluates any single piece of scienti ¢ contributions in real-world sce-
narios with healthy untrained participants and only at the very end does it involve PwDs.
Hence, some of the insights gleaned from those studies might not be fully generalised to PwDs.
Nonetheless, given the vulnerability of the target population and the risk of exposing them to
a robot that is not robust and reliable enough, we believe that our methodological approach
which constantly involved therapists in the design pipeline guarantees the achievement of our
ultimate goal.

1.1.2 Personalised Robot-Assisted Cognitive Training System

Designing robots that can provide assistance and motivational support to PwDs is a very complex
task. According to the deliberative paradigm in robotics, robots need to sense the environment,
interpret and reason about it, and nally, carry out their action. This work focuses on the
behaviour layer, that can be de ned as the ability of the robot to decide which socially assistive
action to perform in order to better support the userln order to only concentrate on that layer,
we made some assumptions. Firstly, the robot is capable of perceiving the world by collecting
the contextual information regarding the cognitive exercises. Secondly, the repertoire of actions
available for the robot are prede ned in terms of numbers and modalities of execution, hence,
the robot is only requested to nd among a set of assistive actions the one that maximises the
goal in a given state. Therefore, this thesis does not cover the problem of learning new robot
actions.

When developing SARs, we cannot just apply a one-size- ts-all approach; they need to be
personalised to the individual's culture, characteristics, cognitive and physical condition and
so on. A robot can tailor its behaviour in response to a person in numerous ways. At a
low level, it can change its movements (e.g., speed), speech (e.g., prosody), and visual cues
(e.g., facial expressions). In the same way, at a higher level, personality, communication style,
backchannelling and supportive behaviour are some aspects that can be personalised into a
robot. This work focuses mainly on the high-level aspects of personalisation, by designing a
RACT system which can be adaptable so that therapists can change the robot's characteristics
and initial behaviour according to the user's preferences and capabilities and adaptive so that
the robot can autonomously learn the actions that best meet the user's needs. In our work,
the robot's characteristics, such as personality, backchannelling and communication style, once
initialised by the therapists, will not dynamically adapt to the user while its behaviour de ned
in terms of assistive actions, will evolve and change according to the patient's performance and
cognitive ability in the training task.

Finally, in this work, we only consider autonomous SARs which can act independently of
human input. Therefore, all the Al techniques which relies on controlling the robot physically
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Figure 1.1: Taxonomy of the personalised RACT system presented in this thesis.

or remotely by a human in a WoZ manner and those whose input is provided by a human as
part of the robot learning process (e.g., interactive learning) are not considered suitable in the
context of this thesis.

1.1.3 A Taxonomy for Personalised RACT

In order to facilitate the understanding of the different robot's characteristics and reasoning
approaches which this thesis has focused on, we list in Figure 1.1, the categories that need to be
considered when designing and developing a personalised RACT system, with a special focus on
those of interest for this work. In order to de ne them, we refer to the recent work of Onnasch et
al. [45], whose taxonomy compared to previous Human-Robot Interaction (HRI) frameworks,
takes explicitly into account the human, the robot, the interaction and the context of the HRI. In
addition to that, we also ground our taxonomy on the work of Tsiakas et al. [46], who de ned a
taxonomy for RACTs including a category very relevant to this work: personalisation. Four main
aspects are taken into account: the task, the interactions, the reasoning and the personalisation.
We will present this table at the beginning of each chapter to provide the basis and an overall
understanding of the context in which the RACT system has been evaluated.

Regarding the task, we mention two main contexts: entertainment and healthcare. The



1.2 Research Questions 9

entertainment scenario is designed in order to evaluate the system with healthy participants.
On the the other hand, the healthcare scenario is designed to evaluate the system with PwDs. In
the case of healthy users, the task is a cognitive game (see Section 3.4.1) whilst for the PwDs the
task is a set of cognitive exercises (see Section 3.4.2). The evaluation of the RACT system will be
carried out in the laboratory and in the real world when the end-users are healthy participants
and in situ when the end-users are PwDs.

Concerning the interactions, the robot can communicate with the users through its voice,
gestures and facial expressions. Among all the different robot's human-like characteristics and
behaviours, we focus on three main aspects: personality, modelled in terms of introversion/ex-
troversion trait, backchannelling behaviour and nally communication style.

Regarding the robot's reasoning ability, we investigate and evaluate four different approaches
throughout this thesis: reactive, model-based, goal-based and utility based. The parameters that
will be observed by the robot in order to decide which socially assistive action to provide will be
the user's performance, their progress and nally their responses and completion time.

As we have framed the type of SAR system that is to be developed and its functionalities, we
can now de ne the research questions this thesis aims at addressing.

1.2 Research Questions

The overall goal of this thesis is to deploy an autonomous RACT system capable of being
personalised by therapists (adaptable robot) and of tailoring its assistance to users' unique
needs (adaptive robot). Speci cally, the personalised RACT system aims at providing in situ
multi-modal tailored assistance to PwD during cognitive training therapies. The proposed RACT
system, called aCtive leARning agEnt aSsiStive bEhaviouR (CARESSER), will employ a hybrid
approach that combines therapists' expertise and demonstrations with arti cial intelligence
learning methods to ef ciently learn the most suited assistance to the individual's special needs.

It is postulated that in doing so, the work will provide evidence on how such an approach can be
effective for the successful deployment of SARs for cognitive training therapies. Furthermore,
this work aims also at making contribution to state of the art in SAR and more broadly to
social HRI. Pursuing the main goal requires work in different areas of socially assistive robotics,
tackling a range of more speci c research questions. These research questions are presented
and addressed within each chapter. Overall, however, in tackling this goal, the broader research
guestions addressed by the work are as follows:

RQ1: What are the requirements for a social robot to deliver cognitive training therapy?

This research question studies the constraints de ned by the therapists and the technical
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requirements discovered during the course of this thesis.

RQ2: What personalisation framework would best meet the requirements identi ed in RQ1?

This research guestion investigates how to design and develop a personalisation frame-
work that is both adaptable and adaptive according to the requirements de ned in RQ1.

In order to properly address it, we broke down RQ?2 into three sub-research questions.

RQ2a: Can the RACT system be customised by the therapist in an easy and intuitive way?

RQ2b: Can the human-like behaviours displayed by the robot impact humans' performance
and acceptance?

RQ2a and RQ2b investigate further the adaptable aspect of the RACT system by explor-
ing how to design a robot that can be easy to customise by therapists and evaluating
whether and to what extent the robot's characteristics de ned in RQ1 affect the users'
intention to use the robot and their performance.

RQ2c: Can the RACT system be capable of providing tailored assistance to Patients with

Dementia based on their needs and preferences?

RQ2c focuses on the adaptive aspect of the RACT system and how it can tailor its socially
assistive behaviour to the individual's unique needs.

1.3 Research Approach

In order to address the aforementioned RQs, we rstly de ned the robot and task design
requirements by employing a therapists-driven approach (see Section 1.3.1). Next, based on
these requirements and the indications provided by the therapists during the entire course of
this thesis, we designed the RACT system by using a bottom-up approach, in which each single
piece of technology is developed and assessed in the real-world. Finally, with the lessons learnt
and the limitations discovered, we built CARESSER, a framework which endowed robots with
adaptable (see Section 1.3.2) and adaptive capabilities (see Section 1.3.3).

1.3.1 Therapist-oriented Approach

In the frame of the SOcial Cognitive Robot Agents in The European Society (SOCRATES H2020
EU) project, we have been actively collaborating with ACEACB, a research centre that specialises
in the treatment of patients affected by dementia and Alzheimer's Disease (AD). The initial
months of this thesis were spent on investigating the assistive task in which the robot would be



1.3 Research Approach 11

employed and on de ning a set of requirements using principles borrowed from user-experience
design methodology.

Firstly, we focused on requirements gathering, that is, understanding the primary stake-
holders (PwDs) and secondary-users (therapists) and what were their goals and their current
practices. To do so, we conducted interview sessions with the healthcare professionals. The
objective of these sessions with therapists was to learn their procedures and strategies to guide
cognitive training sessions and their initial ideas on robot technology for supporting PwDs in this
task. Next, we carried out naturalistic observations in the eld to examine the therapists' as well
as the patients' behaviour during their daily cognitive therapy sessions. After those two stages,
we were able to identify the target patients' group, that is patients with MCI and MD, that will
be the end-users of our system. Furthermore, at the end of this process, we outlined a set of
therapist-oriented guidelines and requirements for achieving our ultimate goal of designing a
personalised RACT system for cognitive training therapies.

Regarding the robot design requirements, we de ne them as follows:

R1: It needs to learn how to adapt quickly, as the number of interactions is usually very limited.

R2: It needs to provide adaptive personalised assistance according to the patient's individual
needs in order to avoid frustration but also boredom.

R3: It needs to be customised by therapists without requiring any technical expertise.

R4: It needs to be capable of exhibiting different human-like characteristics that are under-
standable and legible by users.

R5: It needs to be autonomous as it is meant to lessen therapists' workload.

Finally, as it is pivotal to this thesis work, we dedicate an entire section in Chapter 3 to the
de nition of the robot's assistive behaviour and the rationale behind it (see Section 3.1). Bear in
mind that, depending on the end-users and the context, the robot's behaviour has been reshaped
accordingly during this thesis.

Concerning the task, it emerged that an important requirement was that the cognitive ex-
ercises needed to be administered through a physical board and real tokens and not through
a virtual device. Firstly, to resemble the training exercises they are accustomed to. Secondly,
because the objective of the exercises is to train not only patients' cognitive skills (memory and
attention) but also motor functions (grasping) [47]. In addition to that, the therapists requested
to de ne the dif culty of the exercise according to the speci ¢ cognitive abilities of the patient by
manipulating different features, e.g., number of tokens, number of digits, as explained in detail
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in Section 3.4.2. Similarly, they also asked to measure: patient's reaction time, completion time,
number of mistakes, and the degree of assistance provided.

Finally, concerning the methodology and the evaluation of the robotic system, we de ned
a road-map in which the adaptable and adaptive aspects of the robot will be assessed and
evaluated through pilot studies and real-world experiments with healthy users. And, only when
the robotic system achieves a satisfactory maturity, will it be evaluated in the eld with PwDs
(see Section 1.3.4).

The requirements identi ed by using a therapist-oriented approach along with the technical
constraints found by revising the state of the art contribute to answering RQ1.

1.3.2 Adaptable Robot: Human Customising Robot's Behaviour

According to the requirements of the therapists, three robots' characteristics will be developed
and deployed in the real world: personality, modelled in terms of introversion and extroversion
traits, communication style, and backchannelling behaviour. For each of them, a different
methodology and evaluation will be applied depending on the metrics and the speci ¢ research
questions. However, the overall procedure for all three characteristics has been standardised.
We model one of those characteristics on a robot by either running an observation study to
collect discriminative features and/or according to the ndings of the current state of the art.
Next, the speci ¢ feature is validated in a pre-test or a pilot study. Finally, we evaluate it in a
laboratory setting or in the real world with a signi cant number of participants suf cient for
drawing valuable insights.

Speci cally, in Chapter 5, we evaluate the impact of robot's personality modelled in terms
of introversion and extroversion traits on the user's performance. In Chapter 6, we evaluate
whether and to what extent robot's backchannelling behaviour, if recognised, can affect user's
performance, cognitive workload and perception. Finally, in Chapter 7, we model robot's
communication style assessing whether a robot, provided with an introverted personality and
an empathic communication style, is more accepted and has better performance than an extro-
verted robot with a provocative communication style. The implementation of those features on
a robot will help us to address RQ2b.

Apart from those features, we also provide healthcare professionals with the ability to ini-
tialise the robot's socially assistive behaviour based on the patient's cognitive capabilities. This
functionality is included in CARESSER, which combines the therapist's knowledge about the
patient's cognitive abilities, collected through questionnaires, with their interactions with the
patients during the daily cognitive therapies, to build a unique model of the patient. The
development of this functionality on a robot will contribute to addressing RQ2a.
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1.3.3 Adaptive Robot: Autonomously Tailoring Assistance to Humans

The capability of a robotic system to tailor its behaviour to the individual's unique needs is a

functionality of paramount importance to positively impact the user's engagement as well as

to improve adherence to the cognitive intervention. In this thesis, we propose and evaluate
four Al methods to address robots' adaptive personalisation in the context of cognitive training

therapies. The rst Al method is symbolic high-level task planning. Task planning is a model-

based method that, given a representation of the world and a goal to achieve, formalised in a
declarative language, can return the sequence of actions to be performed in order to achieve
such a goal. This method will be presented and evaluated in Chapter 4.

The second approach that will be evaluated is a simple statistical method based on con-
ditional probability distributions. As this method requires the knowledge of the conditional
probabilities, we employ this method in Chapter 5, where the gathering of the data from Human-
Human Interaction (HHI), is used to initialise the system.

The third approach is RL, a goal-oriented approach which learns how to achieve a goal by
maximising a reward function. RL will be presented in Chapter 8, in which we evaluate it in
simulation.

The last, is a utility-based approach. LfD through IRL will be employed in CARESSER in
which the interactions are employed to estimate the reward function and therefore the optimal
policy, i.e., the one that best ts the patient's individual needs. This approach will be presented
in Chapter 8, in which we evaluate it in a user study with PwDs.

For each method, we point out the main advantages but also their limitations, aiming to
choose the approach that best matches the requirements of the two main stakeholders: the
therapists and the patie