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“I don't know if we each have a destiny, or if we're all just �oating around accidental, like on a
breeze. But I think maybe it's both. Maybe both are happening at the same time.”

– Forrest Gump





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 AI 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 AI, 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.
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Resumen

En el mundo hay 50 millones de personas que conviven con demencia, y se espera que
este número se triplique para 2050. Mientras no existen tratamientos farmacológicos para este
síndrome, 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 número de pacientes que requieren tal tratamiento excede en
gran medida el número 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 tecnología habilitadora clave es la personaliza-
ción. 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 intervención
e incrementar el compromiso de los usuarios durante interacciones a largo plazo. A pesar de
los recientes avances, muchas cuestiones acerca del diseño, desarrollo y despliegue de robots
sociales para esos propósitos necesitan ser tratadas todavía.

Esta tesis postula un conjunto de estas cuestiones con las cuales intentamos perseguir nuestro
objetivo principal: el desarrollo de un robot completamente autónomo para proporcionar entre-
namiento cognitivo. En el ámbito de esta tesis, abordamos la personalización diseñando 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 intervención para adaptarse a las necesidades únicas del individuo a me-
dida que éstas cambian a lo largo del tiempo. Construyendo sobre esta idea, el trabajo ha tomado
una dirección orientada al terapeuta, en la que la experiencia de los profesionales de asistencia
médica puede ser re�ejada en el diseño de un conjunto de funcionalidades que se necesitan
para el desarrollo y el despliegue de un sistema robótico completamente autónomo. Hacia ese
objetivo, esta tesis explora el impacto de características robóticas parecidas a las humanas, como
la personalidad, el estilo de comunicación, y canalización del comportamiento, en la intención
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 robótico, 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 especí�cas para cada paciente “in situ” (adaptativo). Durante el desarrollo y evaluación
de CARESSER, este trabajo contribuye a los campos de interacción entre humano y robot y el de
la inteligencia arti�cial. Especialmente en cómo 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 diseñar complejas funciones de recom-
pensa, y �nalmente, evitando estados indeseados que puedan tener un impacto negativo en los
pacientes.
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1
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

(SARs) 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 (AI) mechanisms to endow robots

with speci�c perceptual and reasoning capabilities. Firstly, robots must be able to deal with



2 Introduction

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 deployedin 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 anautonomous 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 ofcommunicating 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
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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�c 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 req-

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 deliveringcognitive 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
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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 anin 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 SARs 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 speci�c 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�c target population.

Secondly, this work focuses on a speci�c 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 WAM1 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 TIAGo2

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.

1https://advanced.barrett.com/wam-arm-1
2https://pal-robotics.com/robots/tiago/
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Fourthly, this thesis evaluates any single piece of scienti�c 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 user. In 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 AI 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
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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

questions 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



10 Introduction

requirements discovered during the course of this thesis.

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

This research question 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 RQ2 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
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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�c 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�c 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�c 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 AI methods to address robots' adaptive personalisation in the context of cognitive training

therapies. The �rst AI 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 patients. The development and the evaluation of those methods will provide

evidence to answerRQ2c.

1.3.4 Study Design

In order to validate every single characteristic discussed in Section 1.3.2 as well as every learning

approach mentioned in Section 1.3.3, we �rstly evaluate them in simulation, laboratory settings,

and real-world setting with healthy participants.

Simulation has the main advantage of running as many interactions as possible without

involving any human and potentially any physical robot in the loop. We will use it extensively

during this thesis to assess and validate the robot's behaviour and the coherence of its assistive

actions, as well as to generate synthetic data. This is very relevant when the people involved in

the experiment are older adults with cognitive impairment. Asking them to be involved several

times or even days in the same task can potentially create situations of distress and pressure.
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Additionally, it is not always a good strategy to leave patients interacting with a robot that

lacks proper training, since that might affect the patients' future judgement on the robot and

their engagement with it. Simulation will be employed in Chapter 2 to assess the ability of the

RACT system to adapt to different Personas, and in Chapter 8 to generate data and, therefore, a

suitable policy for different Personas or a speci�c patient.

We will conduct experiments in laboratory conditions to determine the feasibility of our

approach before bringing it into the real world. Despite assessment in laboratory settings being

very useful, in this speci�c setting, students and researchers with knowledge of technology will

be the main participants. In Chapter 4, we will conduct a pilot study in the lab to assess the

robot's ability to adapt and react to different events. Similarly, in Chapter 5, two user-studies

will be conducted in the lab to evaluate the robot's adaptivity with respect to its personality and

its impact on participants' performance and perception.

After being assessed in laboratory conditions, the RACT system will be brought into the real

world and evaluated for its ecological validity. In Chapter 4, we will assess the robot's capability

of providing adaptive assistance to participants playing a cognitive game. In Chapter 6, we will

evaluate the impact of backchannelling behaviour and its effect on participants' attitude and

performance. In Chapter 7, we will investigate the impact of robot's communication styles on

participants' performance and acceptance. All experiments will be conducted in public venues

with a total number of participants of around 250 without any technical background and speci�c

knowledge of robotics.

Finally, after the system has been extensively tested and assessed in terms of functionalities

and interactions, it will be evaluated in situ in the healthcare facilities of ACEACB with PwDs.

Firstly, in Chapter 6, we will assess the legibility of the robot's backchannelling behaviour and

its impact on patients' perception, cognitive workload and performance. Then, Chapter 8 will

conclude the thesis by presenting the deployment of CARESSER and its evaluation with 22 PwDs

during cognitive training exercises. Here, we assess whether the system will be capable of

generating patient-speci�c policy and of keeping constant the performance of the patients over

long(er)-term interactions.

1.4 Contributions

This work contributes both scienti�cally (by designing and evaluating CARESSER) and techni-

cally (by deploying an autonomous robot for administering cognitive training exercises in the

real world) to the state of the art in HRI and especially in the �eld of socially assistive robotics

designed for enhancing therapist's effectiveness in cognitive therapy with PwDs. This section

highlights the original contributions of this thesis arisen by addressing the research questions
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de�ned in Section 1.2.

1.4.1 Scienti�c Contributions

- We developed anautonomous adaptive RACT system based on symbolic task planning .

We evaluated it in simulation, in a pilot study, and �nally in a real-world scenario with

N=29 untrained healthy participants.

- We modelled robot extroversion/introversion personality traits in terms of verbal and

non-verbal social cues by observing HHI (N=32), in an autonomous robotic system and

developed a statistical adaptive algorithm for selecting assistive actions based on the

robot's personality. Finally, we evaluated it in a user study with N=24 healthy participants

in a laboratory setting .

- We developed a backchannelling behaviour which combines verbal and non-verbal social

cues, integrating non-lexical and phrasal backchannels with an instantaneous response to

participant's actions in order to be able to offer PwDs a more human-like interaction. We

evaluated it in a real-world scenario with N=114 untrained healthy participants. Finally,

we also assessed itin situ with N=16 PwDs.

- We modelled two personality-driven behavioural patterns in terms of communication

style on an autonomous robot by manipulating verbal and non-verbal social cues. One

with a more introverted personality and an empathic communication style, and the other

with a more extroverted personality and a provocative communication style. We evaluated

it in a real-world scenario with N=209 untrained healthy participants.

- We developed apatient-generic simulator based on the concept of Personas, aiming at

providing therapists with an easy and intuitive way to initialise the robot's socially assistive

behaviour and to generate interactions, eventually learning those that best match a given

patient's pro�le.

- We developedGenerative mOdel Agent simuLation (GOAL), a patient-speci�c simu-

lator which, by means of generative Bayesian models of the patient and the robot, keeps

track of the patient's cognitive abilities during the task and the robot's assistive behaviour

and generates interactions accordingly.

- We developed anadaptive RACT system based on RL and evaluated itin simulation .

- The main contribution, and the keystone of this work, is CARESSER, a novel person-

alised RACT framework that actively learns robotic assistive behaviour by leveraging the
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therapist's expertise (knowledge-driven approach) and their demonstrations (data-driven

approach). By exploiting that hybrid approach, the presented method enables in situ

fast learning, in an autonomous fashion, of personalised patient-speci�c policies .

Finally, we validated CARESSER with N=22 patients affected by MCI and MD in a

long(er)-term cognitive training context.

1.4.2 Technical Contributions

- Implementation of the RACT system based on task planning and its deployment in real-

world settings.

- Implementation of the CARESSER framework and its deployment in the �eld with PwDs.

- Software development of the robot's facial expressions, backchannelling behaviour, and

personality.

1.4.3 Other Scienti�c Contributions

In this section, we report the other scienti�c contributions that resulted from the collaboration

with other researchers. We mention the following:

- Proposed a parsimonious technological acceptance model based on the Uni�ed Theory of

Acceptance and Use of Technology (UTAUT) for social robots in entertainment and used

it to estimate how participants' gender (female versus male) and dual-process thinking

(intuitive vs analytical) affect the intention to use the robot (N=219).

- Proposed a parsimonious technological acceptance model based on the UTAUT for social

robots in entertainment and analysed how the activation of robot gender stereotypes af-

fects its technological acceptance as a service provider among men and women (N=219).

- Evaluation of a learning framework for intuitively teaching board exercises to robots

by simply demonstrating them to it, thus, without requiring any technical knowledge

(N=38).

1.5 Structure

The chapters in this thesis essentially represent incrementally the development, deployment, and

evaluation of the robot's functionalities and characteristics that have been designed according

to the therapists' requirements and guidelines. In this thesis, we focus on two pillars that
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Figure 1.2: Thesis outline

characterise robot personalisation: the ability of the robot to be adaptable and adaptive. The �rst

pillar refers to enabling the therapists to easily set up and customise the robot's characteristics

and behaviour. The latter refers to the robot itself and its ability to tailor its degrees of assistance

to the individual's speci�c needs.

Each chapter can be considered a work package undertaken to pursue the ultimate goal of

this doctoral research project. Consequently, each individual chapter introduces and addresses

its own set of speci�c research questions and hypotheses. The broad research questions set out

in this chapter are then addressed in the conclusion chapter by drawing together results and

�ndings from across these chapters.

A summary of each chapter is given below. Figure 1.2 provides a graphical outline.

Chapter 1 introduces the overall goal of this thesis: the design and deployment of a SAR for

cognitive training. The scope of the work is de�ned, identifying the kind of application and

framing the kinds of interactions to be considered; the constraints and assumptions under

which this thesis has evolved, are detailed. The research approach is then described, stating

the two main pillars of this work: designing robots that are both adaptive and adaptable by

using a therapist-oriented approach.

Chapter 2 describes the state of the art of SARs on the topics dealt with during this thesis.
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The �rst part focuses on the robot's human-like characteristics, which will be covered in

this thesis. On the other hand, the second part discusses the current techniques developed

for enabling robots to reason and make the correct decision according to the user's pro�le,

needs, and preferences. Given the set of requirements de�ned by the therapists, we identify

a gap in the current state of the art and propose a new framework with which we aim to

address it.

Chapter 3 provides the context of our work, offering a brief overview of the evolution of the

RACT system in terms of socially assistive behaviour, platform, task, and overall framework.

Chapter 4 introduces the adaptive RACT system based on symbolic task planning. The pro-

posed method formalises the HRI interactions as a planning problem whose objective is

to �nd, given the current state, the robot' socially assistive behaviour that best suits the

user. Firstly, we assess the feasibility of the overall system in simulation and in a pilot study

with a few participants. The chapter concludes by presenting the results of an experiment

carried out in the real world with untrained participants to evaluate the impact of the robot's

adaptive behaviour on the participants' performance.

Chapter 5 presents a study on robot personality by providing a robot with verbal and non-

verbal cues extracted from HHI in the same task. It also presents a statistical algorithm that,

trained on the data gathered from HHI, provides users with the type of assistance that best

�ts their preferences according to the robot personality. The chapter concludes by presenting

the results of an experiment to validate and assess the adaptive capabilities of the robot and

the impact of robot personality on users' performance and perception.

Chapter 6 presents a study on robot backchannelling behaviour. Firstly, backchannelling is

modelled in terms of non-lexical and non-verbal social features as a result of the naturalist

observations carried out in situ with PwDs. Secondly, its legibility and in�uence of users'

attitudes and analytical thinking is evaluated by conducting a user study in the real world.

The chapter concludes by presenting the results of an experiment carried out in the �eld with

PwDs aimed at evaluating the impact of robot backchannelling on patients' performance,

cognitive workload, perception of the robot, and overall experience with it.

Chapter 7 presents a study on the role of robots personality-driven behavioural patterns on

users' intentions to use the robot. We build upon the �ndings of Chapter 5 and Chapter 6. We

design two robot pro�les: one introverted with an empathic and self-comparative interaction

style, and the other extroverted with a provocative and other-comparative interaction style,

both with the ability to provide backchannelling behaviour. The chapter concludes with the
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results of an experiment conducted in the real world aiming at evaluating the impact of the

two different communication styles on users' intention to use and performance.

Chapter 8 presents two learning approaches. The �rst one employs RL to learn the robot's

socially assistive behaviour from data generated by means of a patient-generic simulator.

The simulator is based on the concept of Personas and can be set up by therapists in an easy

and intuitive way. An evaluation in simulation is provided to show the system's abilities to

adapt to the different patients' pro�les. The second approach is based on LfD through IRL.

Thus, the architecture of the CARESSER framework and its building blocks are presented:

the generative model, the patient-speci�c simulator, and the learning component. For the

purpose of evaluating the framework, two user studies are carried out in ACEACB in which

patients affected by MD and MCI are requested to solve cognitive exercises during six sessions

with the support of a therapist and, later on, of a robot endowed with CARESSER. The

chapter concludes by presenting the results of the experiment aimed at assessing the robot's

ability to keep the patient's performance constant during the sessions and whether and to

what extent the assistance offered by the robot matched the therapist's preferences.

Chapter 9 provides a summary of the work presented in each chapter and how the chapters

relate to each other. The main research questions raised here are addressed by bringing

together key �ndings from across all the chapters. Next, we discuss the limitations of the

presented work and its future directions. Finally, we conclude the chapter with a summary

and a list of the key contributions.
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Background

The ultimate goal of this thesis is to develop and deploy an autonomous Socially Assistive Robot

(SAR) for providing personalised socially assistive behaviour to Persons with Dementia (PwDs).

This chapter describes Human-Robot Interaction (HRI) research in the area of interest of this

thesis. Section 2.1 presents the most relevant work in socially assistive robotics for PwDs,

focusing on eldercare and robotic applications for delivering cognitive training. Following that,

the chapter describes the current state of the art on the two main pillars this thesis aims at

addressing: adaptable and adaptive. Section 2.2 describes the most relevant work in designing

adaptable robots, namely, robots that can be customised by therapists in an easy and intuitive

way and that can display human-like behaviour, such as, personality, communication style,

and backchannelling. Section 2.3 presents the most representative work in designing adaptive

robots, namely, robots that can tailor their behaviour to the individual's unique needs. Both the

sections include a discussion on the current research gap and our contributions. Finally, Sec-

tion 2.4 presents an overview of the state of the art with respect to the requirements indicated by

the therapists (see Section 1.3.1) as crucial for developing SARs capable of in situ personalised

interaction with PwDs.

2.1 Socially Assistive Robots for Persons with Dementia

According to World Health Organisation (WHO), around 55 million people are currently living

with dementia, and about 10 million new cases are diagnosed every year. The number of people

with dementia is predicted to reach 80 million in 2030 and 140 million in 2050. Dementia is

reported to be one of the major causes of disability and dependency among older adults and can

have an emotional, social, and economical impact on families. In 2019, the estimated economic

impact of dementia was US$ 1.3 trillion [1]. However, while the number of people who need

additional care is growing, the number of healthcare professionals who can take care of them is
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decreasing [4]. Robots are very valuable tools that have shown great potential to improve PwDs'

quality of life across different aspects of health and well-being [23]. Therefore, they are suitable

candidates to help address this societal gap by enabling caregivers and therapists to have more

meaningful and effective interactions with PwDs.

Section 2.1.1 introduces the �eld of socially assistive robotics. Section 2.1.2 describes the

most relevant contributions in eldercare. Finally, Section 2.1.3 presents the most representative

works in the area of cognitive training therapies, which is the use-case scenario of this thesis.

2.1.1 Socially Assistive Robotics

HRI can be classi�ed into two categories, the �rst one in which robots physically interact with

humans, and the other one in which robots socially and emotionally interact with humans.

This thesis focuses on the second category, which includes the areas of assistive robotics, social

robotics, and socially assistive robotics. Socially assistive robotics is a relatively new �eld of

robotics that concentrates on the development of robots with the ability to assist users through

social rather than physical interaction [44]. The main goal is to enhance people's quality

of life. SARs have been designed to act as a coach, teacher, or just as an assistant, which

provides motivation and guidance by combining different verbal and non-verbal social cues

and in a way that is engaging and pleasant for humans while they are involved in an assistive

task. SAR requires several key capabilities: they need to understand the environment, exhibit

social behaviour in a way that is engaging and legible for the user while achieving a speci�c

goal [48]. SARs systems have been validated in several contexts such as rehabilitation [49],

education [35], social skills training for children with autism [15], eldercare [42], but also for

entertainment [50] and home care [51]. This thesis focuses on eldercare and speci�cally on

SARs for delivering cognitive training therapies.

2.1.2 SAR for Eldercare for Persons with Dementia

One of the main motivations behind the development of SARs is the rapidly growing populations

who need additional assistance, which includes the elderly population, among others. Over the

past decades, many works have explored the use of SARs that can support both older adults and

caregivers in daily living tasks, such as assisting in Activity of Daily Livings (ADLs) [9], providing

companionship [51] and delivering physical [49] and cognitive therapy [42]. The robot's inter-

vention has been proved to have a positive impact on age-related challenges (physical, cognitive,

social and emotional) that affect older adults' independence and quality of life. Ghafurian et al.

divided the application areas into three main categories: robots for providing aid during ADLs,

robots for providing companionship and �nally robots for delivering therapy. In the following
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paragraphs, the state of the art with regard to these three different areas is presented [23].

To help maintain older adults' independence in the home, robots with a wide range of

capabilities have been developed that could provide assistance to older adults for ADLs. Moroet

al. presented a robotic system called Casper aimed at helping users affected by cognitive impair-

ments to complete ADLs such as making tea. Results showed that the system correctly learnt the

task, however, it was not evaluated with PwDs [9]. Kostavelis et al. [52] introduced a robotic

system, called RAMCIP which intended at supporting PwDs by providing proactive assistance

to a patient's cooking, eating and medication activities. To do so, it could supervise the patient

by monitoring and manipulating objects. For instance, the robot could bring the medicine,

detect if an object fell or a burner was turned on and forgotten. The preliminary results from

the pilot trials indicated that the RAMCIP prototype can successfully accomplish its core tasks

and provide assistance for the target group within the rather challenging environments of real

end-users' homes. McCollet al. [53] developed Brian 2.1 a robot designed to act as a social

motivator during a meal-eating task. Results from a study conducted at an elderly care facility

showed that older adults were both engaged and complied with the robot during the task, and

overall they had a positive attitude toward the robot. The same robot was used by Louieet

al. [18] to evaluate whether and to what extent such a robot could be employed as a facilitator

tool to aid older adults with other ADLs. Results pointed out that the majority of the older adults

had positive attitudes toward the SAR and its intended applications. Nonetheless, their system

was not evaluated with PwDs. Finally, Wang et al. [28] investigated the possibility of using

robots to prompt patients to complete activities at home. For instance, by using a teleoperated

robot, older adults were asked to wash their hands and make a cup of tea. Results from semi-

structured interviews indicated that older adults could make use of the robot to help in daily

activities but did not want to own a robot.

Companion robots are a subclass of SARs. Robots have been designed to provide companion-

ship in different aspects of patients' daily life, e.g., playing music, games, showing family albums,

or reminding about tasks or medications. Abdollahi et al. [54] designed a companion robot

called Ryan Companiobot, a human-like robot that could sustain a conversation with PwDs.

The robot was empowered with the ability to detect and respond to users' affective states and

spoken language. Furthermore, it could proactively trigger a conversation and �nally remind

the users about their daily schedules. The results of a user study with 6 older adults with Mild

Dementia (MD) for 6/8 weeks showed that they could establish rapport with the robot and

enjoyed the interaction with it. Similarly, the MARIO robot presented by Mannion et al. [37]

was developed with and for PwDs to reduce loneliness and social isolation by providing access to

several applications such as a calendar, which reminded the older adult about the daily activities,

a music playlist which offered them the music they like most, and a memory application which
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gave them the opportunity to reminisce showing photos of their family and friends. Results from

a study conducted with 38 PwDs from three different countries (Italy, Ireland and the United

Kingdom), indicated that the younger patients, aged 55-67 years, were more resilient and less

depressed, while those aged 77-85 years perceived it as having major family support, yielding

an increase in quality of life. D'onofrio et al. [51] claimed that the presence of MARIO and its

role as a companion could potentially slow down the progression of the disease, enabling PwDs

to maintain their level of psychological and physical functioning and their capacity to be more

active and, therefore, to independently manage their ADLs. Besides those works, one of the

most well-known robots for providing companionship is Paro. Paro is a seal robot used as a

medical therapy tool for PwDs. Since 2004, the user studies using Paro in healthcare facilities

by Wada et al. [55] have shown improvements in patients' mood, depression, stress levels, and

social interactions with other residents [41, 56–60]. Aibo is another companion robot that was

used in a study with older adults with dementia [61], where it produced a relevant increase of

social actions, emotions and feelings of comfort about past memories in the participants [62].

Non-pharmacological treatments may improve the autonomy and quality of life of demen-

tia patients by concentrating on strengthening activities mentally, physically, and emotionally.

Robot therapy is one of the non-pharmacological therapy solutions for PwDs that can reduce ag-

itation, decrease loneliness, improve mood, and improve social interaction. The majority of the

work has focused on emotional and pet therapy and very few of them on physical and cognitive

therapy [63]. The Paro robot was again the most used in robot-assisted activities, to mediate

patient-therapist relations, and in pet therapy [64]. Shibata et al. [65] presented a summary of

the main results obtained with the Paro robot for pet therapy, such as recovery from depression,

reduction of agitation, and recovery from speech disorders, highlighting how the Paro might

be a suitable non-pharmacological treatment for neuropsychiatric symptoms and should be

considered as a useful tool in clinical practice. Wadaet al. [66], presented a two-month study

in which the Paro robot was employed for delivering pet therapy aimed at evaluating the socio-

psychological and physiological effects on the patients. The results demonstrated that, over the

course of two months, the robots fostered them to interact with one another and ultimately

deepened their social connections. Joransonet al. [67] used a Paro robot for group activities.

Results revealed a long-term effect on depression and agitation by using Paro in activity groups

for the older adults affected by dementia in nursing homes. A very relevant work in the area

of robots for therapy was presented by Soleret al. [68]. They carried out a study to assess

the impact of using a humanoid robot (Nao), a pet robot (Paro) and a dog in therapy sessions

of PwDs in a nursing home and a daycare centre. Each patient was requested to interact with

the robots, the animals, and the therapists and perform several therapeutic activities, including

identifying numbers, words, and colours using �ashcards; sensory stimulation exercises, among
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others. In the �rst phase, patients were assigned to three groups: control, Paro and Nao. In the

second phase, patients were assigned to three groups: control, Paro, and dog. Results did not

show any difference compared to the baseline in terms of the cognitive state of the participants.

However, overall, they indicated an improvement in the quality of life of the participants. More

speci�cally, when participants interacted with the Nao robot an increase in speci�c symptoms as

delusions, apathy and irritability was found. On the other hand, those who interacted with the

Paro robot showed an improvement in symptoms like irritability, hallucinations, and night-time

behaviour.

Another approach that has been found bene�cial in slowing down dementia progression

is encouraging older adults with cognitive decline to perform daily exercise and accompanied

walking [69]. Hebersberg et al. [70] presented a robot that accompanied two weekly walking

groups for a month, providing visual and acoustic stimulation. Findings from a mixed study in

which therapists evaluated its effect on the groups' dynamics and on the utility of the robot itself,

suggested that a robot had the potential to increase patients' motivation, group coherence and

also to some extent improve their mood within the walking group. Besides, older adults show cu-

riosity and openness towards the robot. A work more focused on physical training was presented

by Fasolaet al. [49], who designed a SAR which aimed at motivating and guiding older adults

during physical exercises by combining verbal and non-verbal communication channels. Results

indicated that the robot was effective in motivating the older adults, as participants enjoyed

playing with the robot and rated the robot highly in terms of helpfulness, social presence, and

companionship. However, the system was not assessed with PwDs. Similarly, to the work of

Fasola, Hamadaet al. [71] described a study with the Palro robot designed to provide physical

activity rehabilitation through two different programs: one-to-one, in which they played alone

with the robot and one-to-many in which patients all played together with the robot. Results

suggested that the rehabilitation programs could induce physical activity, improve memory abil-

ity by participating in the games, and �nally increase social communication between the patients

who communicated with each other in the one-to-many exercise. Martín et al. [8] developed a

robot therapy framework to embed in a robot for providing cognitive and physical stimulation

to PwDs. They evaluated their framework 2 days a week for one month with a Nao robot in

a group of 13 patients. The preliminary results of their work showed a slight improvement

in neuropsychiatric symptoms in patients following a classical therapy approach. Rouaixet

al. [27] explored the use of a Nao robot for psychomotor therapy to PwDs. Speci�cally, they

assessed whether and to what extent, the robot-controlled in a Wizard of Oz (WoZ) fashion, can

affect patients' overall well-being and satisfaction. Results showed that patients who interacted

with the robot reported a higher level of engagement and a more positive emotional response

compared to those who participated in the classical therapy.
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In conclusion, SARs endowed with motivational, social, and therapeutic capabilities have

been demonstrated to facilitate older adults with cognitive impairment to live independently in

their own homes, to enhance their quality of life, and to improve their overall well-being. On

the other hand, results showed evidence that social robots can be an instrument for supporting

therapists and, more generally, caregivers during their daily activities and potentially reducing

their workload. Nonetheless, there are some limitations in the current approaches these thesis

intends to address. Firstly, most of the experiments were carried out in laboratory settings.

On the other hand, for those that where conducted in the real world, robots were very often

teleoperated or their functionalities controlled by an operator. Finally, very few studies involved

the stakeholders in the design process.

2.1.3 SAR for Cognitive Training Therapy of Persons with Dementia

Within the broader context of non-pharmacological interventions for PwDs, cognitive-based in-

terventions represent a promising solution to engage participants in structured mental activities

such as memory, attention, or problem-solving, aimed at enhancing their cognitive abilities [72,

73]. A recent work of Bahar-Fuchs et al. [74] who reviewed 33 studies with a total of 2000

participants suggested that completing cognitive training may show some bene�ts in overall

cognition as well as in more speci�c cognitive abilities such as verbal �uency. Despite its

importance, very few works in socially assistive robotics have focused on developing applications

for cognitive training and mental stimulation [75] and even less were evaluated with PwDs [14].

A pioneer work in this area was presented by Tapuset al. [40] who designed, developed and

deployed a SAR capable of providing motivation and encouragement to PwDs playing a music

game exercise. Results from a longitudinal study (6 months) with 4 patients indicated that pa-

tients could improve their performance over time and more importantly that they became more

engaged with the robot and the game after each session. This study showed the feasibility of

SARs for delivering cognitive training exercises. Thus, the majority of the studies that followed

up from this, have focused both on evaluating the impact of the cognitive therapy provided by

the robot on the patients' dementia-related symptoms and on assessing the acceptability and the

engagement of the therapists and patients.

Cruz et al. [76] presented a study aimed at assessing the long-term effects of a cognitive

stimulation therapy administered by an autonomous robot, called Eva. The experiment was

conducted with 8 PwDs at a geriatric residence over nine weeks of intervention. Results from

a quantitative analysis suggested a signi�cant improvement in delusion, aggression/agitation,

and euphoria/exaltation symptoms. Results from qualitative analysis conducted by interviewing

the caregivers showed that all the participants displayed short-term effects in terms of mood

and attitude after the sessions were completed. Finally, patients enjoyed the interaction with
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the robot, and they were engaged in conversation with it. Likewise, Parket al. [77] in their user

study with 135 participants found that the introduction of the robot in the cognitive training

program could improve the patients' overall cognitive function and depression, which in turn

were associated with an increase in memory. Similar results were also found by Kimet al. [78].

In contrast, the study presented by De Caroliset al. [79] aimed at assessing the acceptability

and the willingness to use of the main stakeholders (therapists, caregivers and patients) of a

Pepper robot that provided cognitive stimulation interventions. By using a participatory design,

they designed the robot's behaviour as well as the way it administered the cognitive therapy

as similar as possible to those in which the human therapist was involved. Four sessions were

administered by the robot in a WoZ fashion to 8 patients in a care home. The cognitive sessions

involved all the patients at the same time. The cognitive stimulation program lasted 3 weeks

and was administered once a week for a duration of approximately 30 mins. The results from

the study reported that participants (therapists, caregivers and patients) appreciated the system

and that the patients considered Pepper as something more than a tool which induced them

to attend the rehabilitation program. Similar insights were obtained from Carros et al. [80],

who employed a Pepper robot for supporting PwDs and their therapists in a care home. Results

pointed out the high engagement and participation of patients during the sessions. In the same

way, Garcia et al. [81] and Law et al. [82] highlighted the engaging power of the robot during

the cognitive therapies and its high degree of acceptability. A very relevant contribution to the

�eld was made by Pino and colleagues [42]. In their work, Pino et al. aimed at evaluating

whether a Nao robot controlled in a WoZ manner could support PwDs during cognitive training

therapy. The program lasted 8 weeks with weekly sessions of 1 and a half hours conducted in

3 groups of 6-8 patients for a total number of 21 participants. Results indicated that patients

experienced more attention and less depressive symptoms when interacting with the robot than

when they interacted with the therapist during the memory-training protocol. However, no

signi�cant difference was found in terms of attitude during the task whether the therapy was

delivered by a robot or a therapist. With respect to the subjective measures, patients considered

the Nao robot as an easy-to-use device for its appearance but also for the adherence to the

proposed program. Finally, most of the participants declared that they would like to have it at

home.

Overall, these studies suggest that robots can be effective in delivering cognitive training

therapies and that the robot might have an overall positive effect on patients' engagement as

well as on reducing dementia-related symptoms. However, given the limited number of works

on such an application, very little can be concluded. Therefore, this thesis aims at contributing to

increasing knowledge on SARs designed for supporting therapists in delivering cognitive training

therapies to PwDs. Speci�cally, this thesis focuses on a very relevant aspect that was only
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touched upon by Tapuset al. [40]: personalisation.

2.2 Adaptable Robots: Enabling Humans to Customise

Them

Providing robots with adaptable capabilities is key when designing personalised SARs which

are aimed at enhancing therapists' effectiveness in delivering cognitive therapies to PwDs [83].

However, care providers have faced issues when requested to use such systems. Firstly, SARs are

hard to be customised by non-experts as they usually require speci�c technical skills. Secondly,

most healthcare professionals lack the time and the technical skills to learn how to set up and use

a robot. Therefore, it is crucial to provide them with systems that can be easily con�gured (see

Section 2.2.1). In addition to that, SARs are expected to behave as social machines. Therefore,

human-like characteristics such as personality (see Section 2.2.2), communication style (see

Section 2.2.3) and backchannelling behaviour (see Section 2.2.4) play an important role for

robots to elicit a more natural response from humans. We conclude the section by discussing

the current research gap and presenting our main contributions (See Section 2.2.5).

2.2.1 Robots for Therapists

Previous work has already investigated the way to support novice programmers and non-experts

to customise robots in order to meet users' preferences. The majority of those works focused

on developing frameworks that were entirely procedural, necessitating some coding knowledge.

Furthermore, in general, they did not allow for de�ning the robot's behaviour at a high level [84–

87].

A way to encode therapists' knowledge is through the concept of Persona. The concept

of Persona has been used in Human-Computer Interaction (HCI) by Alan Cooper [88]. This

technique focused on the idea of understanding the users' needs and objectives. According to

Cooper's de�nition, a Persona is a “�ctional, detailed user model that represents archetypal

users”. The special aspect of a Persona is that its description is not intended to be fully de-

scriptive, but it uses the area of focus or the task domain as a lens to highlight the relevant

attitudes and the speci�c context associated with them. Thus, some work has been carried

out on building Persona by means of which experts can create users' pro�les. One of the most

relevant works that used Persona in HRI in the context of ADLs was presented by Dunqueet

al. [89]. In their work, they de�ned a Persona-Based Computational Behaviour Model for

developing a SAR in a living environment. They speci�ed which variables describe a Persona

and which robot's features should be de�ned to adapt to a given Persona. Based on the same
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idea, Dos Santoset al. [90] described a methodological approach for creating Personas in

designing new features for robots. To this end, they conducted experiments to collect data from

questionnaires, and video analysis from users while interacting with the robot. Nonetheless,

when modelling Personas that correspond to people with disabilities, some speci�c dimensions

need to be considered. In this respect, Shulzet al. [91] outlined techniques to get more

information about assistive technologies and to include people with disabilities in the process of

creating a Persona. In particular, they de�ned four main features: vision, hearing, movement,

and cognitive impairments.

Another approach to acquiring direct information about the task and the users from ther-

apists is through questionnaires. This modality is easy and intuitive and does not require any

special knowledge. Furthermore, it might provide more freedom in customising the robot's

behaviour to the speci�c needs of the user. Petric et al. [36] leveraged therapists' expertise

to build task models of children with autism in order to initialise a SAR for assisted diagnostic

protocol. Therapists' expertise was acquired by means of surveys and encoded in the observation

probabilities of the Hidden Markov Model (HMM) of the task models. Results with 14 children

with autism spectrum disorder indicated that the robot was capable of correctly identifying the

behaviour of the child according to the diagnostic tasks. Similarly, Fenget al. [92] presented

a method based on Dynamic Bayesian Network (DBN) to evaluate the engagement of children

with autism. As data was dif�cult to collect given the target population, the parameters to

initialise the DBN were obtained by expert opinions gathered through fuzzy logic. The result

indicated that the proposed model satis�ed the actual demands in various domains and the

result of engagement classi�cation could support the robot for decision making.

The approaches presented so far are all knowledge-driven, that is, they rely on the abilities

of the therapists to encode their expertise in a model. Another approach to providing therapists

with the ability to set up the robot's behaviour is by simply demonstrating it. For instance,

Louie et al. [93] presented a framework based on Learning From Demonstrations (LfD) that

enabled therapists to demonstrate high-level behaviour for non-sequential multi-step social

activities and afterwards encode them into a robot. The system designed by Sequeiraet al. [94]

had the same objective. They presented a method for creating social interaction strategies for

HRI based on WoZ. In an initial stage, the expert controlled the robot and their expertise was

coded for being used and re�ned later on when the robot would interact with the user.

A recent work presented by Kubotaet al. [83] showed how control synthesis techniques can

be used for modelling robot behaviour from high-level speci�cations. The end-to-end system

was aimed at enabling non-programmers to specify complex robot behaviour through an easy-

to-use interface, which automatically generated the associated robot control. They evaluated the

system in the context of cognitive therapy for PwDs with 6 neuropsychologists. Their �ndings
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indicated that doctors could use the system without any prior programming experience and that

the system could potentially be employed on different platforms. Similarly, Saunders et al. [95]

introduced a method for learning robots' policies by means of a GUI to which explicit rules with

respect to the task were provided. Results from an experiment involving young and old teachers

showed that the system was deemed both useful and usable.

In essence, in order to build machines that can be employed by non-roboticists, research

should focus on developing methodologies that allow domain experts to embed their knowledge

in an easy manner. Providing non-roboticists with such an ability has two main bene�ts: i) a

high degree of personalisation and ii) reliable behaviour already from the very early interactions.

Approaches that are fully knowledge-based seem ideal for this purpose, especially in assistive

contexts in which the gathering of the data is not feasible. However, they have some short-

comings: the initialisation of the robot is based on the therapists' knowledge, not only of the

end-user but also of the robot's capabilities. The modelling might be time-consuming if a more

complex model needs to be built. Finally, what the therapist deems as best for the patient might

not be re�ected in the interactions of the latter with the robot. On the contrary, data-driven

approaches can potentially be of higher quality when available as the model is initialised with

real data. Nonetheless, the amount of data that the system needs might require the end-user

to be exposed to long sessions for the sake of collecting enough data. In summary, while very

important, there is no universal approach for accomplishing this, as deciding to use one method

instead of another highly depends on the context in which the robot will be deployed, the robot

itself, its desired behaviour, and �nally on the end-users.

2.2.2 Robot Personality

Personality, with its multifaceted nature, is a very complicated aspect of human behaviour to

model. Personality is de�ned as a set of behaviours, cognitions, and emotional patterns [96].

This section �rst discusses how personality relates to humans and then how it can be imple-

mented into robots, summarising the most relevant work on the role of personality from a

psychological and Human-Human Interaction (HHI) perspective. Next, it discusses how previous

studies have modelled verbal and non-verbal social cues in robots, focusing on how personality

has been deployed into robots, including an extensive analysis of previous studies that supported

the similarity principle and others that supported the complementary one [97].

The Role of Personality in Human-Human Interactions

In psychology, personality refers to those characteristics of the person that account for “consis-

tent patterns of feelings, thinking, and behaving" [98] and is generally modelled in terms of
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traits. Three of the most accepted models for framing personality are the Eysenck PEN model

[99], the Myers-Briggs Type Indicator [100], and the Big-Five Inventory (BFI) [101]. The �rst

model structures personality in three traits, the second one in sixteen, and the third one arranges

it in �ve traits. Nonetheless, all of the models provide information on individual behaviours.

However, it seems there is no consensus on which model describes personality better, and, in

most of the cases found in the literature, the results are equivalent.

Indeed, for decades, psychologists have tried to formalise a list of personality traits that

de�ne each person as a unique individual in terms of behaviour and experience. The incremental

formalisation of personality traits resulted in a long list of attributes measured by ambiguous

questions and imprecise scales. Aiming to de�ne a general, common taxonomy of human

personality, John and Srivastava [102] revised the attributes of personality and proposed the BFI

that de�ned personality along �ve dimensions, such as (i) extroversion and introversion, (ii)

agreeableness and antagonism, (iii) conscientiousness and lack of direction, (iv) neuroticism

and emotional stability, and (v) openness and closeness to experience. Due to its consistency

among studies, the BFI has been widely used by the psychology community as a conceptual

framework.

Among the �ve dimensions, extroversion is a trait that de�nes individuals as more en-

gaged with the external world. Extroverts usually enjoy interacting with people and tend

to be enthusiastic and action-oriented individuals. Agreeableness refers to people who are

generally optimistic, kind, generous, trusting, and trustworthy. Conscientiousness is related

to how individuals manage their impulses. Neuroticism is de�ned as the tendency to experience

negative emotions, and it is related to what is called emotional instability. Openness refers to

curiosity, sensitiveness, and a willingness to try new things.

Several studies have been conducted to investigate the signi�cance of the extroversion and

agreeableness dimensions in representing human behaviour. Lippaet al. [103] demonstrated

that when people were asked to assess personal characteristics, the extroversion-introversion

dimension was the most observable and accurately judged trait. On the other hand, Campbellet

al. [104] found that agreeableness was the personality trait that was most strongly correlated

with maintaining a positive interpersonal relationship in adolescents and adults. Selfhout et al.

[105] evaluated the impact of the extroversion and agreeableness traits on friendship selection

processes. They observed that subjects with high extroversion were more prone to selecting

more friends than those with a low value for this trait. They also observed that subjects with high

agreeableness tended to be selected as friends more often than people with low agreeableness.

With respect to verbal and non-verbal social cues, previous work has shown that there are

speci�c features that can be identi�ed to model a speci�c personality trait [106]. In this regard,

extroversion is linked to expressiveness [107]. Introversion, on the other hand, is associated
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with low expressiveness or being reserved. According to Burgoonet al. [108], extroverted

people also devote more attention to non-verbal cues than introverts, maybe as a result of

their high level of involvement and need for social stimulation. Extroverts generally lean

forward when communicating, and they perform wider gestures and move their bodies more

frequently and quickly. On the contrary, introverts prefer to stand and sit at a distance during

conversations [109]. When it comes to voice and speech characteristics, most results are related

to extroversion. Extroverted individuals have been categorised as more talkative and louder

people. They typically speak faster, deliver high-pitch speech, and avoid long silent periods

during dialogues. Aside from those characteristics, they are more likely than introverted people

to use positive emotional words, agree, and comply. On the contrary, introverted individuals

usually speak in a low voice, using a limited and direct vocabulary [107, 110]. Agreeableness

Individuals are typically viewed as being kind, sympathetic, cooperative, and warm, and, in con-

trast to disagreeable people, they tend to be perceived in a more positive way by others [106].

In brief, despite its complexity, researchers have identi�ed a set of verbal and non-verbal

cues by which some speci�c personality traits can be discriminated.

Modelling Personality in Human-Robot Interactions

A crucial aspect in HRI experiments is the establishment of how interactions between humans

and robots occur. Researchers have focused on identifying factors that promote the quality of

interactions, which can be assessed on the basis of the user's performance (goal-oriented vs.

experience-oriented) and users' preferences (similarity vs complementarity) [111].

Among the factors explored in the literature that help to identify the effectiveness of inter-

actions such as acceptance, likeability, empathy, anthropomorphism, and trust, personality has

been identi�ed as an essential factor that facilitates understanding how to improve HRI [112].

We, as humans, tend to assign personality traits to a robot in a similar way as we do to other

human beings [113]. Implementing personality in a robot is very complicated since personality

is a result of the combination of multiple traits [114]. According to �ndings from HHI experi-

ments, the extroversion-introversion dimension plays an important role in HRI among the �ve

dimensions of the BFI [115]. Therefore, most of the current research on personality in robots has

focused on the extroverted dimension and how it affects the user's behaviour and engagement

over time [116–120]. The pioneering work of Lee et al. [117] showed how extroverted and

introverted personality traits can be modulated in a robot by modelling speci�c verbal and

non-verbal social cues. The experiment indicated that participants were capable of correctly

identifying the robot's personality. Ivaldi et al. [121] studied the relationship between individual

factors, including extroversion and attitude toward robots, and the dynamics of gaze and speech

produced by humans while interacting with a robot. According to their studies, the more
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extroverted people are, the more and longer they are willing to interact with robots. Tay et al.

[120] investigated the effect of occupational roles, gender, and personality on users' acceptance

of the robot. They argued that robot personality modelled in terms of extroversion/introversion

did not monotonically in�uence user responses; instead, it depended on the corresponding role

stereotypes, which in turn affected their acceptability. Similarly, Staffaet al. [116] found that

users overall preferred to interact with an extroverted robot, but this was highly dependent on

their occupational roles.

With respect to the similarity and complementarity principle in personality, a considerable

number of studies have investigated this effect in HRI. However, the studies did not fully

agree on whether or not a robot should be provided with the same or different personality

as its human counterpart. Several studies have been conducted to investigate the effect of

personality similarity on the engagement level of the user during interactions. Craenet al. [122]

investigated the role of the similarity attraction effect and its relationship with the perceived

quality of HRIs based on a comparative analysis between the BFI and Godspeed questionnaires.

In the presented experiment, participants were asked to rate 45 robotic gestures from video

clips. Findings pointed out that most of the participants rated the robot highly when it displayed

a personality that was similar to theirs. Park et al. [123] conducted a study to evaluate the

effects of a robot's personality modelled in terms of facial expressions, and a human's personality

in a storytelling scenario. The results indicated that participants who interacted with a robot

exhibiting a similar personality, felt more comfortable in the interaction than those who were

exposed to a robot having a complementary personality. Similarly, Aly et al. [124] proposed

a framework for generating verbal and non-verbal robot behaviour-based on the extroversion-

introversion human's personality traits. In the proposed experiment, participants were asked

to interact with a Nao robot that could provide advice on restaurants in New York. The robot

identi�ed the participants' personality from linguistic cues and behaved in an extroverted/in-

troverted manner by combining four different non-verbal features. Their �ndings presented

evidence that extroverted participants preferred high-speed robot movements in contrast to

introverted participants. Celiktutan et al. [125] investigated how robot's personality modelled in

terms of extroversion and introversion could affect HRIs. In their experiment, participants were

asked to interact with a robot that could manifest an extroverted or introverted personality

in a conversational scenario. Perceived enjoyment reported in their experiments had a high

correlation with interactions between extroverted humans and extroverted robots. However,

their results were not suf�cient to show any statistical correlation when participants interacted

with the introverted robot. Andrist et al. [119] explored how the robot should adapt to a speci�c

user by modelling gaze behaviour in robots. In their experiment, participants were asked to

solve a puzzle task with the assistance of an introverted or extroverted robot. They showed that
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personality matching had a positive effect on users' motivations to engage in the Tower of Hanoi

puzzle.

Opposite to the concept of similarity, complementarity attraction relies on the principle

that individuals are more attracted to people with different personalities. Isbister et al. [126]

evaluated whether people are able to interpret and respond to verbal and non-verbal cues of a

virtual agent on 12 desert survival items. Their experiments showed that people tend to prefer

characters whose personalities are complementary to their own over characters with similar

personalities. Leeet al. [117] used the Sony Aibo to evaluate whether or not participants were

able to identify the robot's personality, modelled in terms of introversion and extroversion, by

combining verbal and non-verbal social cues. In their experiment, participants were asked to

interact with the robot for 25 minutes using a prede�ned set of verbal instructions. Results

suggested that participants enjoyed interacting with a quadruped robot when its personality was

complementary rather than when it was similar to their own. The same outcome was reported

by De Graafet al. [127]. In their experimental study, they tested the in�uence of expectation

setting on the robot's �rst impression on people and their predisposition to project their own

personality onto the robot.

Given the divergent �ndings from these studies, it can be concluded that there is no unique

theory regarding the similarity and complementarity principle. Instead, the effectiveness of both

theories might be related to the context of interaction [118], as well as to the robot's role [116],

individuals' expectations [127], and their attitude [128]. A further reason that psychologists

pointed out from HHI studies might be the stage of the relationship. Individuals with similar

personalities tend to give more importance to initial attraction, while those with complementary

personalities rely on relationship building over time [129]. This last point might be the reason

that the majority of the HRI studies reported the validity of the similarity principle. Indeed, most

of these studies are based on very short interactions and very few on long-term interactions.

2.2.3 Robot Communication Style

A communication protocol is de�ned as a set of rules that allow two systems, whether technolog-

ical or human, to establish a communication process [130]. The production of communication

protocols through language includes three elements: what it is said, how it is said, and to whom

it is said [131]. In HRI what is said is usually programmed in the script, and how it is said

is determined by the use of text-to-speech programmes combined with non-verbal language

expressions [132]. Regarding the last factor, a general rule to establish effective communication

with an audience is to follow the cooperative principle. For a speaker to apply the cooperative

principle, they must have precise expectations about what listeners already know about the

topic or about their ability to understand what is being explained to them. Principles that have
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also been followed in advertising communication, as for a message to be persuasive, the listener

must be motivated and have suf�cient ability to process the information correctly [133].

There have been very few studies in socially assistive robotics that have investigated the

effect of communication style on providing feedback and motivation to users. Maggi et al.

[134] investigated how two interaction styles, one more friendly and the other more assertive,

could affect the participants' performance in a cognitive assistive task. Results showed that the

assertive robot seemed to be more appropriate to improve performance when the task required

high cognitive demand. Also, the highest increase in terms of acceptance and intention to

use was observed in the authoritarian condition. Paetzel et al. [135], modelled the robot's

communication style, de�ning one as more optimistic and engaging and the other as more

impatient and provocative. They found that the robot displaying a provocative communication

style did not change the perceptions of the users when they interacted with it over time. On

the other hand, for those who interacted with the robot endowed with an encouraging style,

the uncanny feelings toward the robot diminished while being exposed to it. Schneider et

al. [136] evaluated how different motivational styles can in�uence users to persist longer on a

planking task. They found a motivational gain when the robot was providing acknowledgement

feedback. Swift et al. [137] explored the effect of comparative feedback, de�ned as self-

and other-comparative, provided by a robot coach, which provided guidance to post-stroke

patients in an arm reaching task. They found that participants who interacted with the other-

comparative robot took more time to respond in comparison with those who interacted with the

self-comparative robot. Akalin et al. [138] examined how different feedback de�ned as positive

(praise), �attering (over-praise), and negative (challenging), provided by a robot affected older

adults' acceptance and intention to use it. Results highlighted that when the robot provided

�attering and positive feedback, it was more accepted by the older adults than when it provided

negative feedback. Tapuset al. [139] investigated the role of robot personality in the hand-

off therapy process. In particular, they focused on two different styles, one more nurturing

and linked to the introverted personality, and the other more challenging and linked to the

extroverted personality. The results showed that by adapting the robot personality to that of the

user, the latter can improve their performance.

However, none of these works has explored the factors that affect the users' intention to use

the robot. An exception is the work presented by Ghazaliet al. [140] in which they designed

a new acceptance model for persuasive robots, evaluating the factors that in�uenced their

acceptance in a charity donation scenario. The experiment carried out with a robot controlled

using a WoZ paradigm revealed that trusting beliefs and liking towards the robot were the

primary predictors of the robot's acceptance.
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2.2.4 Robot Backchannelling Behaviour

One aspect of the many social signals that humans can exchange during a conversation with

a peer is backchannelling. Backchannelling behaviour is a cognitive function of the listener

that indicates the level of involvement, understanding (or not), and attention and contributes

to a more �uent interaction [141, 142]. Backchannelling cues can be displayed by non-lexical

utterances which indicate attentiveness, such as “yeah”, “ok”, “mmmh”, and “nope”. They can

also be enriched with some facial expressions, to express agreement, confusion, or disagreement.

The section �rst introduces the most relevant work that highlights the importance of verbal and

non-verbal social cues and how they can in�uence the perception of social signals in socially

assistive robotics. Following that, it focuses on works that model backchannelling behaviour in

robots.

Social Cues and Social Signal Processing in Social Robotics

The importance of designing and developing robots' social cues is a key aspect for providing a

more natural user experience that has some important bene�ts: it can increase humans' trust

and acceptance, and their overall engagement [143]. A lot of work has been done to investigate

whether and to what extent verbal and non-verbal social cues can be deployed in a robot.

Anzalone et al. [143] proposed a methodology to evaluate user engagement based on metrics

extracted by analysing non-verbal cues through non-invasive sensors. At the same time, these

metrics were employed by the robot as feedback to estimate the perceived social intelligence

of humans and, at the same time, to quantify the number of changes elicited in the user. The

�ndings of two user studies suggest that non-verbal cues are important for improving HRI and

that the proposed metrics, due to their scalability, could be used in a variety of HRI contexts.

Kennedyet al. [144] explored the concept of non-verbal immediacy, to assess how it can improve

a robot's level of sociality. Furthermore, they evaluated how non-verbal immediacy can affect

the participants' behaviour in a learning scenario. Results showed that children recalled more

of a story when the robot's behaviour was more immediate. Jostet al. [145] explored the

effectiveness of non-verbal and verbal robots' behaviour for increasing user acceptance and trust.

Findings indicated that while non-verbal behaviour needed to be coherent with respect to the

verbal one, over long-term interactions, if the robot showed some incoherence, this did not alter

its overall credibility. Chidambaram et al. [132] explored how manipulating body cues, gestures,

and vocal cues could affect the persuasiveness of a human-like robot. Results from a user study

highlighted the importance of non-verbal social cues. Indeed, participants followed the robot's

suggestions more often when non-verbal cues were provided compared to when those cues were

not used. Finally, bodily cues were more effective, in terms of persuasiveness, than verbal cues.
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Ham et al. [146] investigated whether and to what extent gaze and gestures outperformed

gestures alone as social cues in a persuasion strategy. Results reported that combining both the

social cues increased the robot's persuasiveness.

The �eld of Social Signal Processing studies how to furnish arti�cial agents with social intel-

ligence [147]. A common focus has been on investigating how robotic social cues can in�uence

the perception of social signals and how this can improve the design of more socially intelligent

robots [148]. Combining verbal and non-verbal social cues, a robot [149] or a conversational

agent [150] can communicate what becomes interpreted as a social signal representing its

internal state. Wiltshire et al. [151] and Fiore et al. [152] investigated the role of proxemic

behaviour and gaze in a hallway navigation scenario. In particular, they focused on the effects

the robot's social cues had on the types of social signals the participants reported after the

interaction. Results suggested that gaze was not a signi�cant predictor of human perceptions

of the robot; instead, the proxemic behaviour affected humans' perceptions. Indeed, depending

on whether the robot had more assertive or passive proxemic behaviour, participants perceived

them as more antagonistic and controlling or cooperative and docile, respectively. This work

was extended by Wartaet al. [149], who examined the effects of different types of display and

proxemic behaviours over repeated interactions on the participant's perception of the robot's

social presence. Findings indicated that the robot's display type, had a signi�cant effect on

social presence, but passive proxemic behaviour did not increase social acceptance. Differently,

from previous studies, Jer�cić et al. [153] investigated whether participants collaborating with

another human or a robot in a serious game perceived the latter as a social agent based on a

small subset of social cues. They discovered that overall, the collaborators, whether human or

robotic, elicited arousing, positive emotions and higher scores in the social categories. Further-

more, no statistical signi�cance was found between whether the collaborator was a human or a

robot. Finally, higher arousal resulted in higher performance. The work presented by Lobatoet

al. [154] examined the relationship between social cues and social signals. Speci�cally, they

evaluated which social signals were reported by participants for a given set of social cues in

a simulated surveillance task. Findings from a user study revealed that a small variation in

the combinations of social cues led to different social signals perceived by the participants. In

summary, previous work highlights the importance of social cues, drawing attention especially

to the non-verbal ones, such as gestures and facial expressions. Moreover, it also points out the

signi�cance of modelling such cues in an appropriate way, as their design might elicit different

social signals.
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The importance of Backchannelling in Social Robotics

Backchannelling has been demonstrated to be a very important human-like feature to be in-

cluded in virtual agents, as the interaction is perceived to be more natural and pleasant [155].

For these reasons, researchers have also attempted to model it in embodied agents, such as

robots [156].

Yamasakiet al. [157] examined how humans responded in terms of non-verbal behaviour

when the robot's head and gaze were coordinated with its talk during a speci�c time frame of the

interaction. Findings revealed that participants were more likely to display non-verbal actions

when the robot did so. Sidner et al. [158] evaluated the effect of the robot's gestures on keeping

participants engaged during an interaction. They found that participants directed more of their

attention towards the robot when gestures were present, and they also found the interactions

more appropriate. Jung et al. [159] assessed the effects of robots, team backchannelling, and

task complexity on team functioning and perceptions of engagement and competence. Results

from user studies indicated that the effect of backchannelling was more evident when the task

was more complex. However, it did not affect the perceptions of the robot's competence. Parket

al. [160] analysed children's backchannelling behaviour in a storytelling context and modelled it

in a social robot. They found out that children perceived the backchannelling robot's behaviour

as an attentive listener and stayed engaged by directing their storytelling to the robot having

such a behaviour compared to a robot without such a behaviour. Krogsageret al. [161] presented

a work in which they replicated a previous study with virtual agents to evaluate whether and

to what extent head nodding provided in a coherent way by a Nao robot can elicit more verbal

input from humans. Results showed that it elicited less talking from the users compared to

the virtual agent. However, it was found that the physical embodiment of the robot played a

crucial role. Murray et al. [162] presented a method for learning backchannelling behaviours

for a social robot from human-human conversion. Results from a user study indicated that the

proposed approach elicited more natural and preferable interaction compared to the baseline,

which provided it at random.

In brief, current research on robots' backchannelling behaviour seems to agree on the pos-

itive impact of such behaviour on the overall human perception and experience. Nonetheless,

modelling such behaviour requires very reliable perceptual capabilities of the robot, i.e., robots

need to understand the surrounding environment and be able to promptly react to it.

2.2.5 Research Gap and Contributions

Designing robots that enable non-roboticists to easily set up and customise the robot's behaviour

is crucial when those robots are requested to support therapists and enhance their effectiveness.
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In spite of its importance, there are no generic solutions for how to achieve such an important

objective. And the current state of the art still lacks proper solutions to address this requirement.

In this thesis, two different approaches to tackling this problem are explored: a �rst one based on

the concept of Persona and entirely knowledge-based; and a second one that leverages not only

therapists' expertise but also their demonstrations, which complement the knowledge-based ap-

proach with data. In the �rst approach, therapists can initialise the robot's behaviour by de�ning

a patient's pro�le according to four dimensions: hearing, attention, reactivity, and memory.

However, this approach has two main limitations: it is not fully transparent to the therapists as

dimensions are modelled using probability distributions, and it is not conceived to generate a

unique patient's pro�le. The second approach is aimed at addressing such issues by collecting

therapists' expertise through questionnaires and demonstrations from their interactions with

the patients during their daily therapies. In such a way, the questionnaire administered to the

therapists is more intuitive, understandable, and fully personalised for the patient. Furthermore,

by augmenting this data with that collected from therapists' demonstrations, the system is able

to build a better model of the patient and, thus, to generate a more reliable robot's behaviour.

The latter approach is evaluated in a user study with PwDs.

Regarding robot personality, its role in HRI has been deemed key across many assistive

scenarios, but little is known about its overall impact. The analysis of the state of the art

revealed that the majority of the works focus on the introversion/extroversion personality trait

and on modelling such a trait on robots. In general, results showed that the type of personality

has an impact on users' attitude towards the task and their overall experience. Nonetheless,

the multifaceted nature of personality, makes it very hard to draw broader conclusions from

a single study. Indeed, personality highly depends on the context and the nature of the HRI.

Therefore, when employed in a study, it is important to be sure that the personality features are

those of interest in that speci�c context. In this thesis, robot personality is modelled in terms

of introversion/extroversion traits for three main reasons. Firstly, verbal and non-verbal cues

that characterise extroversion and introversion are well de�ned in literature and more directly

transferable to robots. Secondly, the evaluation of behavioural features associated with this

personality trait can be perceived and measured in relatively short interactions, such as in the

context of cognitive tasks. Thirdly, and more importantly, its correlation with engagement [101]

makes it a desirable trait to have in SARs for cognitive exercises that aim to be employed

with PwDs. Therefore, we start by analysing and extracting relevant verbal and non-verbal

social cues speci�c to each personality from HHI. Next, we model these features with the

corresponding personality on a robot and evaluate its effectiveness and users' perception in

a user study in a laboratory setting.

Despite its relevance, communication style is a less explored �eld, in HRI. The review of the
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recent work showed how it could impact humans' performance and their intention to use the

robot. In this thesis, the robot's communication style is modelled in terms of personality-driven

behavioural patterns, and is employed to assess how different communication styles can affect

users' intention to use the robot and their performance. To do so, the robot was endowed with

two different communication styles: one more emphatic and self-comparative, and the other

one more provocative and other-comparative. Finally, the users' intention to use the robot as

well as their performance when exposed to one of the two styles are evaluated in a real-world

setting with untrained users who had no prior experience with robots.

Finally, backchannelling behaviour is another key feature that should be displayed by robots

when they are requested to interact with humans. The analysis of the related work in the

�eld showed that verbal and non-verbal social cues when modelled in the proper way can have

an impact on the users' quality of interaction and their perception of the robot. Furthermore,

backchannelling can offer users a more pleasant and enjoyable interaction that is more similar

to what they experience when they interact with humans. By enriching the robot's human-

like behaviour (personality and communication style) with backchannelling, this thesis aims

at assessing whether the produced social signal affects humans in cognitive assistive tasks.

Speci�cally, backchannelling is modelled and evaluated in two user studies: the �rst one with

healthy untrained users in a real-world setting during a cognitive game-based exercise and the

second with PwDs in a care facility during cognitive training exercises.

In summary, the current state of the art points out the importance of developing robots

that can be customised without any technical skill and that can display human-like behaviours.

Nonetheless, how to properly frame them in an end-to-end autonomous SAR is still an open

challenge that this thesis aims to address.

2.3 Adaptive Robot: Enabling Robots to Tailor Behaviour

to Humans

Apart from being adaptable, it is crucial for personalised SARs to be adaptive, that is, capable of

tailoring their behaviour to the individual's unique needs and preferences [163].

As a consequence, robots need to understand how the data they collect from interactions

with humans can guide their actions and the effect that such actions have on the user's responses.

There are a considerable number of approaches that have been used to endow social robots

with this ability, both within and outside of the context described in this thesis. In this section,

the most relevant methods for behavioural adaptation are discussed in order to situate our

work. We conclude the section by discussing the current research gaps and presenting our main
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contributions.

2.3.1 Scripted-based Behaviour

Scripted behaviour is the easiest to deploy on robots. It consists of a set of prede�ned and �xed

behaviours. On one hand, such an approach guarantees reproducibility, as the robot's behaviour

is fully deterministic and predictable, and in a given state, there is always only one action that

can be performed. On the other hand, scripting the robot's behaviour for a speci�c use-case

scenario might be labour-intensive, costly, and require domain expertise.

This approach has been used in a great number of HRI studies, especially those designed

to assess how different humans react to a controlled and well-de�ned robot's behaviour. The

main advantage is that, having the robot's behaviour under control, any possible variation

of its behaviour can be evaluated and measured accurately. Thus, scripted behaviour might

increase the ability to systematically draw conclusions about the robot's socially assistive actions.

Nonetheless, such an approach is far from being adopted in the real world as it drastically re-

duces the robot's adaptability to novel situations, limiting the range and �exibility of interaction

scenarios.

2.3.2 Wizard of Oz-based Behaviour

A considerable amount of research has been conducted using WoZ. In this technique, the robot

is remotely operated by a human (the wizard), who can manipulate several functionalities of

it, such as motions, navigation, speech, and gestures, among others [164]. Similarly to the

scripted-based one, WoZ is mainly used in experiments in which it is crucial to evaluate the

humans' responses to a well-de�ned robot's behaviour. Its employment has been widespread for

several reasons.

Firstly, because robots are still not suf�ciently advanced to interact in an autonomous fashion

with humans in a way that is socially appropriate, especially in real-world scenarios. For

instance, in the work of Bliek et al. [165] a Pepper robot was operated to investigate how the

robot's behaviour as a speaker can affect backchannelling behaviour of a human listener. Lawet

al. [166] carried out a study to investigate how surprising robot behaviour evoks curiosity and

affects trust and engagement in the context of participants interacting with a service robot that

provided recycling information. The robot was fully controlled in WoZ fashion by an operator

who identi�ed the objects picked by the participant and provided a recommendation regarding

the object regarding whether or not it was recyclable. Van Mariset al. [167] conducted a longi-

tudinal user study with older adults to investigate emotional deception using a Pepper robot with

either non-emotive or emotive behaviour. While the robot's interactions were pre-programmed,
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when to provide them was at the discretion of the experimenter. This was necessary because of

the limitations of speech recognition systems, which are not yet reliable enough to be employed

with older adults.

Secondly, it also guarantees the execution of actions that, because they are under the control

of a human, are physically safer, and this is crucial when robots are deployed in critical environ-

ments in which they are requested to interact with vulnerable populations. The work of Senft et

al. [168] goes in that direction. The therapist was given control of the robot's actions to transfer

their knowledge in a safe manner, as actions needed to be validated by the therapists in order

to be executed.

Finally, WoZ is a handy tool that enables roboticists to test out early aspects of the design that

have not been fully implemented yet, and non-experts to easily control the robot with graphical

interface tools [42] or by demonstrating the correct behaviour without the need to learn how to

programme complex robot behaviours [33,94].

2.3.3 Planning-based Behaviour

Planning techniques have been extensively used to generate robots' plans in very different

scenarios and demonstrate capabilities of generality in particular domains [169–172]. However,

when it comes to robots that aim to interact with humans, including them in their action models

has proven to be crucial. As a result, human-aware planning approaches that explicitly take

humans into consideration have been developed as extensions of classical planning techniques.

Work on human-aware planning can be grouped into: i) low-level planning, such as path

and motion planning, whose techniques focus on planning trajectories taking into account the

human, and ii) high-level task planning, whose techniques target high-level representation of

actions, e.g., interactions with humans [173]. This thesis focuses on the latter.

There are a few examples in the literature of using task planning for modelling HRIs. A

work that paved the way to the adoption of task planning in HRI was presented by Alami et

al. [174]. Alami et al. developed a human-aware robotic framework that had the ability to

manage interaction with a human, that is, not only was it able to accomplish its task, but it

also produced behaviour that supported engagement with the user. To do so, they integrated

the management of human interaction as part of the robot architecture. The same planner

was also used by Lemaignanet al. [175] in their work, in which the human was modelled

in more detail, considering their verbal and non-verbal cues and social gaze, and the robot

was expected to interpret and recognise the human's intention and beliefs. Tomicet al. [176]

presented a human-aware task planning system that permitted modelling and planning with

social constraints. In the same direction was the work by Nardi et al. [177], who presented

a robotic system that de�ned its interaction with users through the use of social plans. These



2.3 Adaptive Robot: Enabling Robots to Tailor Behaviour to Humans 43

plans took into account social behaviours and relationships between robots and humans. They

showed how social plans can be formally de�ned and implemented on a mobile robot platform.

Similarly, Lallement et al. [178] described a human-aware task planning, based on hierarchical

task planning. These works demonstrate how humans and social rules can be encoded as part

of the plan and, therefore, produce plans that take into account the presence of humans.

In addition to human-aware task planning techniques, adaptive planning techniques have

been studied, where interactions are used to re�ne or improve the plans generated by a plan-

ner [179]. One of the primary bene�ts of using task planning is its ability to quickly adapt from

a small number of iterations Sanelli et al. [180]. Very few works have explored adaptive task

planning. Canal et al. [181] developed a robotic system based on symbolic task planning that

could adapt its behaviour to the user's preferences in physical assistive tasks. The same authors,

in a user study, evaluated such a robot for three different tasks: feeding, shoe-�tting, and jacket

dressing. Results indicated that most of the users could determine when their preferences were

used, showing that these preferences were clearly legible and understandable [182]. Similarly,

Pulido et al. [183] employed task planning as a reasoning approach in a Nao robot which reacted

and checked patients' poses during paediatric rehabilitation.

2.3.4 Learning-based Behaviour

Arti�cial Intelligence (AI) learning techniques are promising approaches to endow a robot with

the capability of adapting its behaviour to meet the user's unique requirements. In the next sec-

tions, we revise the most relevant work divided by approach: statistical learning, Reinforcement

Learning (RL), Interactive Reinforcement Learning (IntRL), and �nally LfD.

Statistical Learning

Bayesian Knowledge Tracing (BKT), and Bayesian Network (BN) are special types of HMM and

were the statistical approach most used in recent work for robots' adaptive behaviour [184,185].

Schodde et al. presented an approach based on BKT to personalising language tutoring

in HRI. A Nao robot is capable of modelling not only the likelihood that the user will answer

correctly but also the effect that an assistive action will have on the skill being learned. Results

from a preliminary study indicated that participants learnt more successfully when interacting

with a robot providing adaptive training compared to a robot providing random training [186].

BKT was also used by Spauldinget al. [187] in a robot tutoring system. They extended the

current model built with BKT to include the user's affective state, such as engagement and

facial expression, during the task. They argued that the more complex model could improve

the quality of the inference and eventually shorten the time of interaction needed to have
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reasonable accuracy. Similarly, Schadenberget al. [188] presented the results of a study in

which a Bayesian model was built using a rating system approach. By using ratings, the Nao

robot could adapt the dif�culty of the games according to the level of the child, in order to

keep them motivated during the interaction while using a limited amount of data. Results

indicated that the rating method could be effective for adapting the dif�culty of a game to

children's abilities. Leyzberg et al. [189] investigated the role of personalisation in assistive

HRI. Speci�cally, they designed a BN for skill assessment and evaluated whether and to what

extent personalisation can affect students' skills. Results from a long-term study revealed that

�rst-grade students that received personalised assistance from Keapon outperformed students

that received non-personalised lessons. A very inspirational work was done by Gordonet

al. [190]. They presented an autonomous SAR designed for intelligent tutoring system, which

through a Bayesian active learning approach allows the assessment of a child's word-reading

skills and adapts the interaction between robot and child to each child's speci�c skill. Despite

the short interaction, results showed the system could be personalised for different children's

ages and initial reading skills. Bruno et al. [191] presented a framework for the representation of

heterogeneous cultural and contextual information to endow robots with the ability to provide

culturally coherent behaviour for the care of older adults. A BN was employed to complement

the probabilistic reasoning of the ontology in order to speed up adaptation. Finally, a very

recent work by Bodala et al. [192] used DBN to represent the data gathered from participants

during longitudinal mindfulness sessions with a teleoperated robot. Results demonstrated its

effectiveness in two different applications: inferring missing data and estimating longitudinal

trends in session ratings of a new participant based on their personality pro�le.

Reinforcement Learning

A different approach is to leave the system to learn through experience by interacting with the

environment and maximising its discounted expected future reward function [193]. Chan et

al. [41] presented a robotic system called Brian 2.0, which was capable of engaging individuals

in cognitively stimulating activities such as memory games. The robot provided increasing

levels of help by means of a hierarchical reinforcement learning algorithm that personalises

assistance depending on the user's performance during the task. Another very interesting

piece of work was done by Moro et al. [9]. In their work, they combined LfD and RL to

teach a robot socially assistive personalised behaviour. The main idea is that the caregiver

can demonstrate a set of social behaviours to the robot, which can learn them via LfD. Next,

the robot employs these behaviours and personalises them to the individual's special needs.

In order to validate their framework, the robot's behaviours were taught by students, and the

robot's adaptivity was evaluated in simulation. Clabaugh et al. [15] designed a SAR that could
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adapt its support to children with autism spectrum disorder during mathematical tasks. The

results with 17 children demonstrated that the robot achieved the objective of providing tailored

assistance and, in addition, that it increased their engagement during the tasks. Similarly, Parket

al. [29] and Gordon et al. [194] designed a SAR capable of tailoring its assistance to children

learning literacy and a second language, respectively. Results showed that in the personalised

condition, the participants could perform better in terms of learning, engagement, and word

retention. Gao et al. [195] presented a robot tutor to assist users in completing a grid-based logic

puzzle. The RL framework presented allowed the robot to select verbal supportive behaviours

to maximise the user's task performance and positive attitude during the game. The generation

of the appropriate robot behaviour for the user was selected using a Multi-Armed Bandit (MAB)

approach. Results from a study with subjects interacting either with a non-personalised robot

or a personalised robot, indicated that the time taken to complete the game decreased over

the tutoring sessions for both groups. Furthermore, when a robot with varied behaviour was

compared to a robot with personalised behaviour, participants performed better and preferred

it. Leite et al. [196] presented an empathic social robot that aims to interact with children in

the context of a chess game scenario. The system employed MAB algorithm to determine which

levels of assistance would maximise the reward to be selected. To do so, children's affective

states were taken into account to drive the learning process. The results of a longitudinal study

showed that the empathic model of the robot had a positive impact on long-term interaction.

In particular, children felt supported by the robot in a similar manner to how they would have

felt supported by a peer. Hemminghauset al. [197] explored how a social robot could learn

and adapt from a task-oriented interaction with a user through different social behaviours. The

approach based on RL was implemented in a memory game scenario in which the Furhat robot

assisted the user in guiding their attention in a multi-modal fashion using gaze, facial expression,

head gesture, and speech. Results of an evaluation study proved that participants were able to

solve the game faster with the adaptive, socially assistive robot.

Interactive Reinforcement Learning

IntRL is based on the same fundamentals as RL with the only exception that in this case,

an expert, which can be either an agent or a human, can provide feedback or guidance and

therefore reshape either the reward function, the action-value function, or the policy [198,199].

Knox et al. [200] presented TAMER, a framework for reward shaping that employs supervised

learning techniques to model a human's reinforcement function and then uses the learned model

to select actions that are expected to receive the highest reinforcement. Results revealed that

agents designed with TAMER outperform autonomous learning agents during the early stages,

achieving a reasonable policy after very few trials. Over the years, the TAMER framework
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has been extended to work with deep RL models and with new techniques for handling user

feedback [201]. MacGlashan et al. [202] proposed COACH which enables effective training

strategies by using differential feedback and policy-shaping, based on the assumption that

feedback is policy-dependent. To see if the framework scales to more complex behaviour, the

authors trained several different behaviours on a TurtleBot robot, demonstrating that it can be

done in less than a few minutes.

Senf et al. [35] presented a framework, called SPARC, that aimed to hand over to an expert

full control of the robot's behaviour. Indeed, the robot was initially teleoperated in a WoZ

manner by a teacher, who selected the robot's action according to his/her own criteria. While

interacting, the robot learnt from the expert's demonstrations, progressively becoming more

autonomous and thus reducing the therapist's workload. The framework was evaluated in a

user study with 75 children. Results from a user study with 75 participants revealed that SPARC

was able to provide adaptive assistance and that it had an impact on the children in terms

of learning gain. However, the decrease in the expert's workload was not proven. Tsiakaset

al. [46] proposed an IntRL framework that was aimed at offering tailored assistance on the basis

of individuals' performance and their level of engagement during the task. The system used a

Q-learning algorithm and integrated feedback at the reward (reward shaping) and state-action

level (Q-augmentation). The results provided evidence that when the feedback was employed,

the task performance and the engagement of the simulated users increased.

Learning from Demonstration

LfD is one of the most ef�cient methods for transferring new skills to a machine by relying on

demonstrations provided by a human. It is generally employed to learn low-level tasks, e.g.,

to learn a demonstrated motion trajectory. A few studies have looked into the possibility of

using it in high-level tasks, such as robot behaviour. Husseinet al. [203] focused on learning

the dynamics of interaction between a human and a robot. They presented a framework

capable of learning the reward function of a Partially Observable Markov Decision Process

(POMDP) by using Inverse Reinforcement Learning (IRL) in two tasks: social greeting and

object naming. Results showed that the policies generated using the reward functions correctly

mimic the demonstrator's policies. Woodworth et al. [204] presented a preference-inference

formulation, in which a robot inferred a user's preferences based only on observing the user's

behaviour in various tasks. To do so, they proposed Observational Repeated IRL which used a

max-margin learning approach to learn a reward function that combined users' task-dependent

and -independent preferences. Results suggested that the proposed algorithm, based on max-

margin IRL, was capable of learning the user's preferences during interactions with the robot.

Sequeiraet al. [94] proposed a method for creating social interaction strategies for HRI based
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on WoZ studies. The �nal robot's behaviours went through three design stages: data collection,

in which the expert knowledge is gathered, strategy extraction, in which the robot's strategy is

learned from this data, and �nally strategy re�nement, in which the robot's behaviour is inter-

actively re�ned during the interactions. Similarly, Knox et al. [205] presented a methodology to

learn socially interactive behaviours using a WoZ paradigm. Louieet al. [93] developed a system

capable of learning new activities from non-expert teachers in order to autonomously facilitate

therapeutic recreation interventions. In their work, they presented a LfD system architecture for

a social robot, called Tagi, to learn from teachers the structure of an activity and monitor the

execution of the new activity. Furthermore, personalised persuasive strategies were also learnt

by the robot to use while implementing the activity during human-robot interactions. A user

study conducted in a residential care facility indicated that caregivers found the system easy to

use and residents found the robot's behaviour both pleasant and valuable.

2.3.5 Research Gap and Thesis Contributions

The current state of the art provides strong foundations on how adaptivity and personalisation

can yield considerable bene�ts in assistive HRI. Indeed, the ability of robots to adapt to the

user's needs can enhance the quality of support they provide and increase their usability and

acceptability. Nonetheless, current approaches have some limitations that need to be addressed

before being employed in real-world settings.

Scripted approaches limit the robot's behaviour to a prede�ned set of actions, and while they

can be useful to assess a speci�c condition in very controlled environments, it is not feasible to

adopt them in stochastic, uncontrolled settings. In this thesis, this approach is used to validate

the impact on humans of two important robots' human-like characteristics: backchannelling and

communication style. While both the experimental evaluations have been carried out in the real

world, the experimental settings were fully controlled as the humans' responses to such features

were the only variables of interest.

Likewise, approaches based on WoZ help in validating robots' functionalities that otherwise

cannot be assessed because of the current perceptual or reasoning robot's capabilities. However,

this approach fully relies on a human controlling a robot, and that is not a practical solution

for SARs which are supposed to lessen therapists' workload. In this thesis, WoZ approach has

been used in order to control the robot's behaviour in a game setting. The objective was to

validate whether and to what extent participants were capable of distinguishing between a robot

controlled in a WoZ fashion and an autonomous robot. The latter used a statistical learning

approach, in which data collected from HHI on the same task was used to train the conditional

probabilities of an assistive action to be provided in a given state.

Statistical learning-based approaches mainly focus on teaching new skills to users, and
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they usually attempt to model the evolution of users' skills (cognitive abilities) in an easy

and understandable way. However, these models, although very effective in speci�c assistive

scenarios, might be too simplistic and not take into account the entire dynamics of the learning

process. Finally, they are not reactive enough to sudden changes in users' performance.

RL is the most commonly used approach in SAR for learning a robot's behaviour. However,

RL requires a considerable amount of data to converge to an acceptable policy. Furthermore and

more importantly, it requires the design of a reward function that is based on the assumption

of “one size �ts all”, i.e., the same function should work with all the users. When the target

population is people with special needs, such as older adults with cognitive impairment, it is

very dif�cult to design a reward that works for all of them. Furthermore, its design can be very

challenging if very heterogeneous information coming from multi-modal sensors (engagement

level vs performance vs stress) needs to be integrated. That is also a challenge for methods

based on symbolic task planning, which, on the contrary, can guarantee fast convergence as

the system has already embedded knowledge and a model of the environment. In this thesis,

both approaches have been evaluated and their advantages and limitations highlighted. RL is

only assessed in simulation, while task planning is evaluated in simulation, in a pilot study, and

�nally in a user study.

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. This approach is the only one

that was not directly implemented in the framework as the autonomy of the robot was a strict

requirement and approaches that included a human in the loop were discarded.

Finally, LfD 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. In general, LfD either through

humans tele-operating a robot or performing the task themselves, has the main advantages of

i) avoiding inappropriate and low-quality behaviour that typically occurs in the early stages of

an RL algorithm; ii) being accessible to non-roboticist humans, as anyone can easily provide

demonstrations to the robot. Furthermore, when the demonstrations are learnt by using IRL,

there is no need to de�ne any reward function as this is directly learnt from the demonstrations.

This is very important to circumvent the “one �ts all" issue discussed for RL. In this thesis,

LfD through IRL is the methodology employed in the personalisation framework to learn the

therapist's socially assistive behaviour in the context of cognitive training therapies. Indeed,

the robot's behaviour could be learnt of�ine by gathering data from therapists' demonstrations

during their interactions with patients and their expertise on the patient's cognitive abilities. In
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this way, the system would avoid the cold start problem and adopt a policy that re�ects the user's

needs. Then, during the real interactions, the robot, in an autonomous manner, can �ne-tune

its policy to better re�ect eventual changes in the patient's capabilities.

2.4 Therapists' Requirements with Respect to the State

of the Art

In the introduction chapter, we mentioned the adoption of a therapist-oriented approach to

design and develop an autonomous SAR for delivering cognitive training sessions to PwDs (see

Section 1.3.1). By using this approach, �ve essential requirements have been de�ned: robots

must be able to learn quickly during very short interactions (R1); robots must have a policy

that suits the user's needs (R2); robots must be easy to set up and not require any technical

expertise (R3); robots must display human-like characteristics that enable them to communicate

in a way that is understandable by humans (R4); and �nally, robots need to reduce therapists'

workload (R5). The overview provided in this chapter of the most relevant current state of

the art seems to con�rm that such requirements have not been addressed yet. This is also

con�rmed by examining the reviews on SAR for healthcare. Indeed, in 2007, Tapuset al. [206]

described the grand challenges in socially assistive robotics for the coming years. One of the

main challenges they mentioned was that robots needed to display natural communicative

behaviour that was understandable and appealing to the users. Speci�cally, a robot should

be capable of understanding users' affective states, processing their internal states by combining

different communication channels, and �nally expressing personality and empathy. This chal-

lenge corresponds to R4. The second challenge they indicated was that robots needed to adapt

their behaviour according to the user's preferences (R2). With respect to the robot's ability to

adapt and personalise, Kubotaet al. [11] presented a review on methods for robot behaviour

adaptation for cognitive therapies and pointed out the importance of learning how to adapt from

few interactions (R1) and the importance of providing non-experts with the ability to customise

the robot's behaviour (R3). The same challenges have been identi�ed by Ghafurianet al. [23] in

a recent review on robots for care of PwDs and Yuanet al. [14] in a review on robot rehabilitation

for cognitive training. R5 was not explicitly identi�ed. However, augmenting and enhancing the

therapists' effectiveness are the main motivations behind the design and deployment of SARs

in assistive contexts. From a design perspective, this means that robots should be capable of

performing tasks in an autonomous fashion without the constant intervention of a human.

Apart from the requirements identi�ed by the therapists, a further requirement has been

identi�ed from reviewing the state of the art that is very relevant to this thesis. In a review of
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home-based cognitive assistive robots, Vanpattenet al. [75] argued that another important gap

in the current research is that most of the deployment and evaluation have been performed

in very controlled environments, such as laboratories, while real-world contexts should be

promoted in order to �nd evidence that has more external and ecological validity. In this regard,

this thesis aims at addressing this additional challenge by evaluating the designed SAR in real-

world settings and its more mature form in a care facility where patients are accustomed to

receiving cognitive therapy.

In conclusion, while most of the current work addresses some of the above-mentioned

requirements, none of them appears to have deployed an end-to-end autonomous SAR that can

be easily customised by therapists and that is endowed with human-like characteristics and able

to provide in situ personalised socially assistive behaviour in the context of delivering cognitive

training therapy to PwDs.

2.5 Summary

This chapter �rst presents an overview of socially assistive robotics in eldercare with a speci�c

focus on robots designed for assisting PwDs during cognitive training therapies. Next, two main

areas of research are being investigated: adaptable and adaptive robots. It emerges that robots

designed to be adaptable are not very often conceived to be also adaptive and the opposite is

also true.

Regarding the adaptable ability of robots, which is the way robots can be customised with

respect to the user's preferences and needs, the most relevant work has been revised, focusing

on approaches that allow therapists to set up the robot's behaviour without any speci�c skill.

Current research on robot personality, communication style, and backchannelling has also been

revised. It appears how these human-like features have an impact on the effectiveness, accep-

tance, and users' performance, and therefore, they are crucial for developing robots that need

to socially interact with humans.

Concerning the adaptive capability of robots, which is the ability to tailor their behaviour

in order to meet the user's preferences, different approaches that have sought to address it,

have been presented. Such a skill has been identi�ed as crucial when designing robots that are

requested to interact with humans.

Finally, by reviewing the state of the art, it also arises that no prior work has been able to

address the desiderata de�ned by the therapists (See Section 1.3.1). It has been found that

those requirements are not speci�cally limited to our use-case scenario. On the contrary, they

are part of the main challenges that have not been addressed yet. Aiming at addressing such

desiderata, this thesis culminates with the development of an end-to-end system that can be
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customised by therapists, display human-like behaviour, and be capable of tailoring its behaviour

in an autonomous mannerto the user's unique needs.





3
Preliminaries

The ultimate objective of this thesis is to design an autonomous social robot that can deliver

cognitive training therapy to Persons with Dementia (PwDs) by providing adaptive degrees of

assistance in a multi-modal fashion based on their special needs. The robot's characteristics can

be personalised by the therapists, who can also initialise the robot's socially assistive behaviour.

Finally, as the cognitive exercises are administered throughout a physical board, they were

designed in a manner that can be customised by the therapists to the speci�c user's capability.

In this chapter, we aim to offer a brief overview of the evolution of the Robot-Assisted

Cognitive Training (RACT) system developed during this thesis and provide the reader with

some general aspects of the development that are key for the understanding of the ultimate

objective of this thesis. Speci�cally, in Section 3.1, we introduce the robot's assistive behaviour

and the rationale behind it. Then, we present the robotic platforms (see Section 3.2) and the

boards (see Section 3.3), pointing out the adjustments we have made during this thesis to enable

the robot to �nally interact with older adults with cognitive impairment. Next, in Section 3.4,

we describe the kinds of cognitive exercises and game-based exercises we adopted in this thesis.

Finally, in Section 3.5, we present the general cognitive architecture.

3.1 Robot Socially Assistive Behaviour

An essential step toward designing a RACT system is de�ning the socially assistive behaviour

the robot should provide to a given user.

We relate the robot's socially assistive behaviour to the different levels of assistance of the

widely used Performance Assessment of Self-care Skills (PASS) [207] that de�nes 9 levels for

self-care applications. The goal of PASS is to have a holistic snapshot (person-task-environment)

of the individual's ability to live independently and safely by evaluating their performance on

various Activity of Daily Living (ADL) and Instrumental Activities of Daily Living (IADL), scoring
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PASS Lev
Assistive

Behaviour
Learnt

Interaction
Modality

Verbal Supportive
1 Encouragement Yes V

Congratulation No V/F
Verbal non-directive + Gesture 2 Pointing an area Yes V/G

Verbal Directive + Gesture 3 Pointing a token Yes V/G
Demonstration + Gesture 4 Offering a token Yes V/G

Environmental Rearrangement Reassurance No V/G/F

(a) Initial robot's socially assistive behaviour.

PASS Lev
Assistive

Behaviour
Learnt

Interaction
Modality

Verbal Supportive

0 Turn taking Yes V
1 Encouragement Yes V
2 Rules reminder Yes V

Alerting caregiver No V
Congratulation No V/G/F

Validation No V/G/F

Verbal non-directive + Gesture
3 Pointing a line Yes V/G
4 Pointing an area Yes V/G

Backchannelling No V/G/F
Verbal Directive + Gesture 5 Pointing a token Yes V/G
Demonstration + Gesture 6 Offering a token Yes V/G

Environmental Rearrangement
Moving a token No V/G

Reassurance No V/G/F

(b) Final robot's socially assistive behaviour.

Table 3.1: Examples of robot's levels of assistance. The column PASS refers to the PASS levels.
The columns Assistive Behaviour and Lev specify the different levels of assistance deployed into
the robot. The column Learnt identi�es the actions learnt by the robot. Finally, the Interaction
Modality column speci�es the interaction mode used by the robot to perform an assistive action
(V=Verbal, G=Gesture, F=Facial expression, ==OR).

each task on the task independence, safety, and adequacy using a four-point ordinal scale.

In their work, Holm et al. [207] describe tasks that users from various diagnostic populations

could and could not perform independently and safely. The levels of assistance described in PASS

from the least to the most assistive are: (1) verbal supportive, (2) verbal non-directive, (3) ver-

bal directive, (4) gestures, (5) task object or environmental rearrangement, (6) demonstration,

(7) physical guidance, (8) physical support, and (9) total assist.

Despite the fact that robots can be used for a variety of tasks, their socially assistive behaviour

is highly dependent on the task for which they are designed. The assistive tasks proposed in this

thesis, which will be detailed in Section 3.4, include sorting tokens on a board based according

to a given criterion. As a result, the robot's interaction with the users is not limited to just

verbal and facial expression modalities; it also includes the gestures modality, which allows

the robot to physically interact with the environment and, thus, with the board (e.g., move a

token). Therefore, in this thesis, based on the therapists' guidelines (see Section 1.3.1), we

relate the robot's socially assistive behaviour according to levels 1-6 of the PASS, whereas levels

7-9, which include physical interaction with the user, are out of the scope of this work. The

degrees of assistance offered by the robot are reported in Table 3.1a and de�ned as follows:

- Encouragement, provided by means of speech, aims at encouraging and motivating the

user. It corresponds to level 1 of the PASS test.

- Pointing an area, provided by combining speech and gestures interaction modalities, aims

at providing the user with a subset of solutions. It corresponds to levels 2 and 4 of the

PASS test.
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- Pointing a token, provided by combining speech and gestures interaction modalities, aims

at providing the user with the correct token to move. It corresponds to levels 3 and 4 of

the PASS test.

- Offering a token, provided by combining speech and gestures interaction modalities, aims

at providing the user with the correct token by picking and offering it to them. It corre-

sponds to level 6 of the PASS test.

Those levels during the course of this thesis have been improved and re�ned after assessing

them in the real world. In Table 3.1b, we report the �nal version employed with PwDs. As it can

be noted, we have expanded the previous with three additional levels:

- Turn taking, provided by means of speech, aims at reminding the user that it is time to

move a token. It corresponds to level 1 of the PASS test.

- Rules reminder, provided by means of speech, aims at reminding the user of the rules of

the exercise. It corresponds to level 1 of the PASS test.

- Pointing a line, provided by combining speech and gestures interaction modalities, aims

at providing the user with the line on the board where the solution is. It corresponds to

levels 2 and 4 of the PASS test.

It is worthwhile to mention that the assistive levels are those that the RACT system is to

learn and adapt to the users during the interactions (see column “Learnt” of Table 3.1). Learning

which is the most suitable degree of assistance to provide in a given state and offering a way to

the therapist to initialise them is the core of this thesis work. The robot offers its assistance to

the patients before it is their turn to move.

Besides the assistance, the robot can also greet or reassure the userafter each move, de-

pending on its outcome. In the event the token is placed at an incorrect location, the robot

would either pick it and place it back in the correct location (level 5 of PASS) or ask the user to

place it back. Furthermore, it can alert the caregiver when a unexpected event, that it cannot

solve, occurs.

Finally, the robot can also provide backchannelling behaviour during a move, that is, after

a user picks a token, by combining verbal and non-verbal social cues (level 2 of PASS). This

robot's social behaviour will be described in detail in Chapter 6.

It is worth noticing that, although the original PASS de�nes only gestures for level 4, we

decided that this level could complement assistance levels 2 or 3 of Table 3.1a and levels 3, 4

or 5 of Table 3.1b. The main reason is that PwDs might leverage the information coming from

different interaction modalities, such as combining gestures and speech.
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(a) WAM robot (b) TIAGo - �rst development

(c) TIAGo - second development (d) TIAGo - third development

Figure 3.1: The evolution of the RACT platforms employed for delivering cognitive training to
individuals.

3.2 Robotic System

The design, development, and deployment of the RACT system has been carried out at incre-

mental stages in which the single technology is evaluated and then integrated into the whole

system. Throughout this thesis, two robotic platforms are employed: a WAM1 robot and a

TIAGo2 robot. The latter has been modi�ed by including the features needed to achieve our

thesis's main objective, as discussed in the next sections.

3.2.1 WAM - Assistive Robot

The WAM robot is a robot arm manipulator mainly used in research environments for its ad-

vanced capabilities in manipulating objects. Robot motions have been generated using Dynamic

1https://advanced.barrett.com/wam-arm-1
2https://pal-robotics.com/robots/tiago/
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(a) (b)

Figure 3.2: (a) an example of the facial expressions displayed by the robot when interacting
with healthy participants (see Section 3.2.3), (i) neutral, (ii) sad, (iii) confused, (iv) happy, (v)
excited, (vi) disappointed, (vii) angry. (b), an example of the facial expressions displayed by the
robot when interacting with patients with cognitive impairment (see Section 3.2.4), (i) neutral,
(ii) sad, (iii) confused, (iv) happy, (v) angry.

Movement Primitives at a joint level [208–210], in which the robot's trajectory is computed with

a second-order system. In order to have a pure damped attractor towards the goal, the shaping

function is set to 0 [211]. A special 5-�ngers gripper has been designed to enable the end-

effector to pick and place tokens on the board. Regarding the other interaction modality, that

is, speech, the WAM is not equipped with any voice synthesiser as it is not conceived for such a

task. Hence, the robot's voice had been generated through external speakers usinghmi_robin3,

a ROS wrapper which generates text-to-speech sentences by means of Google translator.

We used this robot in our �rst pilot study to validate the concepts and to assess whether and

to what extent a robot could assist humans during cognitive tasks, such as cognitive exercises.

3.2.2 TIAGo - First Development

Next, we decided to employ a robotic platform that could be more suitable in an assistive

scenario like those considered in this thesis, in which how the robot looks and the way it provides

assistance can have an impact on the participants' acceptance and engagement. Therefore, we

moved to the TIAGo platform (see Figure 3.1b). TIAGo is a service robot that has been empow-

ered with the ability to communicate with humans and manipulate objects in the environment,

thanks to its versatile end-effector. Initially, we used the TIAGo in its current form. However,

grasping objects in real-world settings is very challenging, and it is not the main objective of our

thesis. Hence, we replaced the TIAGo's end-effector with an electromagnet, which would enable

it to pick up objects with some iron on the top, in our speci�c use-case, tokens. As it is shown in

Figure 3.1b, the robot holds an electromagnet token that enables the grasping of the tokens on

the board.

3wiki.ros.org/hmi_robin
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3.2.3 TIAGo - Second Development

In its improved version, presented in Figure 3.1c, the TIAGo built-in head has been replaced with

an LCD screen. In this way, the TIAGo was also capable of displaying some facial expressions, as

shown in Figure 3.2a, in addition to the verbal and gestures interaction modalities. Note the fa-

cial expressions have been designed taking inspiration from the �ndings reported by Kaleginaet

al. in [212]. Nonetheless, before being employed in a study with human participants, a pre-test

for assessing whether the different facial expressions could be recognised, was conducted with

N=60 participants (described in Chapter 6 and Chapter 7).

3.2.4 TIAGo - Final Development

Finally, the last version of the TIAGo (see Figure 3.1d) is the one we used for our �nal experiment

with patients affected by cognitive impairment. This version has been developed according to

the evaluations carried out during the thesis and the guidelines provided by the healthcare

professionals. It contains a set of ad-hoc facial expressions (see Figure 3.2b) and verbalisation,

as well as an integrated electromagnet gripper into its end-effector. Bear in mind that the facial

expressions have been designed and assessed with the �nal end-users (N=24), that are PwDs,

and with the therapists, before being employed in the user study (described in Chapter 8).

3.3 The Board for the Cognitive Exercises

In this section, we describe the physical board employed to administer the cognitive exercises.

The vast majority of the work on social robots that assist individuals during cognitive tasks

employs electronic devices, in which the task is very often reduced to clicking on a screen.

We argue that administering exercises via an electronic device deprives the interaction of one

important component: the physical interaction with the objects in the space. Therefore, we

decided to use a physical board so that patients would not experience any changes in the task

administered by the robot with respect to when they do it with the assistance of the therapist.

3.3.1 Board - First Development

Regarding the physical board, we have evaluated the opportunity of employing vision and

image processing techniques to detect the board and recognise the different tokens on it (see

Figure 3.3a). However, after having adopted this approach in a few experiments in real-

world environments [213–215], we have realised that simple vision algorithms capable of being

embedded in common robots are not robust enough to withstand occlusions and changes in

light conditions. Furthermore, most of the current robotic platforms are equipped with only one
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(a) Board - “Rearrange Tokens Task” (b) Board - “Nobel Prize Winner Task”

(c) Board - “Sorting Tokens 5 out of 10” (d) Board - “Sorting Tokens 5 out of 15”

Figure 3.3: (a) exercise used to prove the concept and assess its feasibility. (b) an example of
the cognitive exercise played by healthy participants during the user studies. (c) and (d), two
examples of cognitive exercises administered to PwDs depending on their level of impairment.

camera that is generally located in their heads, so if the camera is used to detect the state of the

board, then, for instance, it cannot be used to monitor the user.

3.3.2 Board - Second Development

We created an electronic board based on RFID technology to address the limitations mentioned

in the previous section (see Figures 3.3b-3.3d). Each token is uniquely identi�ed with an ID.

The board consists of 20 Grove - NFC boards one for each board cell, 3 Adafruit TCA9548A, 1

to 8 I2C multiplexers, and 1 Arduino Nano. The Grove NFC has a highly integrated transceiver

module PN532 which handles contactless communication at 13.56MHz. Finally, Grove NFC is

controlled using the I2C communication protocol. In this way, we have a system that not only

allows us to have a 100% reliable representation of the board but also to detect as soon as

a token is picked. This further functionality enabled a better and more natural Human-Robot
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Interaction (HRI).

3.4 Assistive Task

In the following sections, we describe the exercises we have employed to evaluate our RACT

system with healthy participants (See Section 3.4.1) and PwDs (see Section 3.4.2), respectively.

3.4.1 Nobel Prize Winner Task

While developing a RACT system that can be employed with patients is our ultimate goal, before

being able to do so, we �rst needed our system to be assessed and evaluated in real world

settings with healthy users. Therefore, we have designed a game-based exercise, called “Nobel

Prize Winner” which we employed during the preliminary experiments to assess the different

components of the RACT system and its overall reliability.

The Nobel Prize Winner exercise consists of a board of 20 cells and 10 tokens, each with a

different letter, as shown in Figure 3.3b. The tokens are randomly located in the last two rows of

the board. The objective of the exercise is to compose a 5-letter Nobel Prize Winner name using

all the tokens available on the board while making as few mistakes as possible and minimising

robot intervention. In each turn, the robot offers one of the levels of assistance of Table 3.1a,

then the user is requested to choose one of the letters and place it on one of the squares available

in the �rst row where the name has to be composed. The name needs to be spelled sequentially,

starting from the �rst letter. If the tokens are placed correctly, the robot greets the user and

lets them continue. Otherwise, it picks the wrongly placed token and moves it back to its initial

location while giving the user additional assistance. Then the participant has another chance to

complete the task.

In our scenario, there are only a few possible solutions. For instance, in the example of

Figure 3.3b, only Curie and Dirac are possible. The maximum number of attempts available for

each token has been set at 4. If the participant makes four consecutive mistakes, the robot then

moves the correct token on their behalf. To speed up interactions and shorten the duration of

the exercise, a timeout of 15 secs has been set. When that occurs, the robot considers it as a

mistake and provides further assistance. An example of a user playing the game-based exercise

is shown in Figure 3.1c. This game will be used to evaluate some speci�c robot's functionalities

in Chapter 4, Chapter 6 and Chapter 7.
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3.4.2 Cognitive Training Task

In collaboration with the healthcare professionals of ACE Alzheimer Centre Barcelona (Fun-

dació ACE), we have proposed a set of cognitive exercises relying on the Syndrom-Kurztest

(SKT) [216], with which we aim not only to train memory and attention skills but also motor

functions, such as grasping [47]. The SKT has been widely used to assess memory and attention

de�cit in individuals with cognitive impairment and dementia by means of a set of sub-tests. In

some of these tests, patients are asked to rearrange tokens or sort them according to prede�ned

criteria. Hence, we decided to incorporate this kind of exercise into our study.

The exercise called “Rearrange tokens” consists of replacing numbered blocks on correspond-

ing numbered circles on the board (see Figure 3.3a). It has been designed in the preliminary

stage of this work to evaluate the concepts and the feasibility of employing a robot for admin-

istering cognitive exercises to individuals. This exercise will be employed in a pilot study with

healthy participants described in Chapter 4.

On the other hand, the “Sorting tokens” exercises will be employed in Chapter 6 and in the

�nal experiment described in Chapter 8 in which the end-users were PwDs. In the following

paragraphs, we provide more details about the design.

The criteria by which the tokens need to be sorted are de�ned according to the guidelines of

the therapists (see Section 1.3.1). Eight exercises are de�ned in order of dif�culty, as follows:

- sort_ascending: sorting tokens in ascending order,

- sort_descending: sorting tokens in descending order,

- sort_ascending_odd: sorting odd tokens in ascending order,

- sort_ascending_even: sorting even tokens in ascending order,

- sort_descending_odd: sorting odd tokens in descending order,

- sort_descending_even: sorting even tokens in descending order,

- sort_sum_ascending: sorting tokens, based on the sum of their digits, in ascending order,

- sort_sum_descending: sorting tokens, based on the sum of their digits, in descending order.

The board consists of twenty cells, �ve by four, and ten/�fteen tokens randomly located in

the second, third, and fourth rows, with plug and play numbers on the top (see Figures 3.3c-

3.3d). One hundred and eighty numbers are available: 60 numbers between 1 and 99, 60

numbers between 100 and 999, and 60 numbers between 1000 and 1999. The �rst line of the

board accounts for the solution of the exercise. The objective of the exercises is to place �ve of
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Figure 3.4: Cognitive architecture for RACT.

the ten/�fteen tokens, starting from the top-left cell, in the �rst line of the board. The remaining

ten tokens serve as distractors.

For both exercises, the dynamics is as follows. The patient is asked to move tokens to

the correct location to solve the exercise. Every time the patient moves the wrong token,

the therapist requests the patient to move it back to its original location. After a number m

of consecutive mistakes, the therapist moves the correct token on behalf of the patient, as a

demonstration. Additionally, if the patient does not perform any move for n secs (timeout),

the therapist intervenes, and offers additional assistance. An example of an healthy participant

playing the “rearrange tokens” is shown in Figure 3.1a. An example of a patient playing the

“sorting tokens” exercise is shown in Figure 3.1d.

3.5 RACT Cognitive Architecture

In this section, we brie�y present the cognitive architecture of the RACT system, which enables

a robot with the capabilities of perceiving, reasoning, and reacting to the environment. We
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envisage the development of the RACT as a system which integrates the following three essential

layers (see Figure 3.4):

- Perception layer : it is responsible for providing the system with information regarding the

task state by detecting and recognising the tokens on the board. This has been done �rst

using computer vision techniques by detecting the tokens and the object depicted on top

of them (see Figures 3.1a-3.1b) and later on using the electronic board (see Figures 3.1c-

3.1d).

- Behavioural layer : It is the core layer that manages the information coming from the per-

ception layer and is accountable for generating the robot's adaptive behaviour. This thesis

focuses on this layer by tackling personalisation from two different perspectives. On the

one hand, we aim at building adaptive robots by designing and evaluating Arti�cial Intelli-

gence (AI) algorithms, that, given a state and a representation of the environment, provide

the degrees of assistance that best suit the individual's needs (see Chapter 4, Chapter 5

and Chapter 8). On the other hand, we aim at building adaptable robots by focusing on

the initialisation of the robot's socially assistive behaviour and on the robot's characteristics

that can be customised, such as personality (see Chapter 5), backchannelling behaviour

(see Chapter 6), and communication style (see Chapter 7), among others.

- Robotic layer : it is the lowest level in charge of translating the robot's socially assistive

behaviour reported in Table 3.1 into low-level motions, eventually combined with speech

and facial expressions.

3.6 Summary

This chapter provides the preliminary information and the development and deployment of the

technology adopted in this thesis. The general cognitive robot architecture consists of three

main layers. The perception layer which it is in charge of getting information about the world,

the behavioural layer which decides which action to select in order to best meet the user's needs

and on which this thesis will focus, and the robotic layer, which is responsible to translate the

high-level robot's socially assistive behaviour into low level robot's motions, speech and facial

expressions. Thus, we �rstly described the robot's socially assistive behaviour and the rationale

behind it. Then, the robotic platforms and their evolution after conducting experiments in

the real-world and gleaning feedback from the end-users was presented. Next, the same was

done for the physical board, from which the state of the task and the user's performance were

estimated. Finally, the two main assistive tasks were presented. The Nobel prize winner task
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was mainly designed to evaluate and prove the research questions with healthy users in the real

world. The cognitive training task was designed with the healthcare professionals from ACE

Alzheimer Center Barcelona (ACEACB) to assess the framework with PwDs. Table 3.2 provides

an overview of the content of the next chapters with respect to the preliminaries information of

this chapter.

chapter �eld task robot board target #users
#assistance

levels
learning
approach

characteristic

4
simulation rearrange tokens - - - - 4 task planning -
pilot-study rearrange tokens WAM v1 healthy users 5 4 task planning -
real-world nobel prize winner TIAGo v1 v1 healthy users 29 3 task planning -

5 real-world pair game Nao screen healthy users 56 4 statistical learning personality

6
real-world nobel prize winner TIAGo v2 v2 healthy users 114 4 random backchannelling

in situ cognitive training TIAGo v3 v2 Persons with Dementia 16 7 LfD backchannelling
7 real-world nobel prize winner TIAGo v2 v2 healthy users 209 4 scripted communication style

8
simulation cognitive training - - - - 5 reinforcement learning -

in situ cognitive training TIAGo v3 v2 Persons with Dementia 22 7 LfD
personality

backchannelling
communication style

Table 3.2: Overview of the next chapters. Note that v1=First Development, v2=Second
Development, and v3=Third Development.
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Adaptive Robot:

A Planning Approach

Aiming to design robots that are both adaptable and adaptive, this thesis starts exploring the

adaptive pillar, evaluating whether and to what extent a robot can be used to provide tailored

assistance to individuals in an assistive scenario. Our methodology, following the guidelines

provided by the healthcare professionals, will be the evaluation of the single components of the

Robot-Assisted Cognitive Training (RACT) system, initially with healthy participants, and only

when the system achieves a level of maturity that guarantees predictability and reliability, will

it be evaluated with Persons with Dementia (PwDs) (See Section 1.3.1).

In this chapter, we present a RACT system based on high-level symbolic task planning in

which the robot is requested to provide multi-modal social assistance in an autonomous fashion

to individuals playing a game-based exercise. The system has been evaluated in simulation, in a

pilot study with a few participants, and �nally in a user study with N=29 untrained healthy users

in a real-world scenario. The results highlight the feasibility of the proposed approach and the

capability of the robot to adapt to different users based on very few interactions. On the other

hand, results also point out some important limitations and lessons learnt that will be addressed

in the next chapters. According to the taxonomy de�ned in Section 1.1.3, in Figure 4.1 are

indicated the main characteristics of the system developed in this chapter.

The work in this chapter is described in the following three publications:

A. Andriella, G. Alenyà, J. Hernández-Farigola and C. Torras, “Deciding the different robot

roles for patient cognitive training”, International Journal of Human-Computer Studies, vol. 117,

pp. 20–29, 2018.

A. Andriella, C. Torras, and G. Alenyà, “Cognitive system framework for brain-training exercise

based on human-robot interaction”, Cognitive Computation, vol. 12, pp. 793–810, 2020.

A. Andriella, C. Torras, and G. Alenyà, “Short-term human-robot interaction adaptability in real-
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Figure 4.1: Characteristics of the RACT system deployed in this chapter.

world environments”, International Journal of Social Robotics, vol. 12, pp. 693–657, 2020.

4.1 Introduction

A critical requirement for robots designed to deliver cognitive training therapies or other be-

havioural treatments is that they are to be capable of being personalised for individuals by

adapting to suit their preferences and needs. If the robotic system is not capable of adapting to

humans, it may cause stress, frustration, or boredom, resulting in early dropout from the therapy

or disengagement of the users. This is especially important when the individuals involved

in the therapy belong to a vulnerable population, such as older adults affected by cognitive

impairment.

Aiming to achieve our ultimate goal of designing a personalised RACT system and deploying
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it in a healthcare facility, the �rst step towards it, is to assess its feasibility and effectiveness in

terms of functionalities and Human-Robot Interactions (HRIs). Of the two main pillars de�ned

as the basis of the work presented in this thesis, in this chapter, we focus on endowing robots

with adaptive behaviour, that is, with the capability to tailor their assistive behaviour according

to the user's cognitive abilities during an assistive task. However, the proposed system offers the

possibility to include the expert, i.e., the therapist, in the loop allowing them to initialise the

robot's behaviour but, in the way it is designed, it does not address the requirement of being

easy and intuitive to be customised.

Among the approaches for modelling robots' behaviour that will be presented, task planning

is the �rst methodology we evaluate in this thesis. While human-aware low-level planning,

such as navigation or motion planning, has been successfully applied in real-world scenarios,

how human-aware task planning can be leveraged to model robots' behaviours and HRIs is

still an open research question. Human-aware task planning is generally considered fragile,

mainly because of the imperfection of the models, for instance, assumptions being violated or

dynamics incorrectly represented [179]. Indeed, building models that can deal with the high-

level representation of actions such as interactions is very complex as the system needs to take

into account the user's behaviour and plan accordingly. On the other hand, planning offers

several advantages: i) it can be fully explainable as it is modelled using symbolic formalism,

which can be easily translated into natural language, making it understandable by non-experts,

ii) it can guarantee high degrees of adaptivity in a constrained environment and, with proper

modelling, iii) it can be deployed on a robot in a full autonomy fashion without requiring a

human expert to supervise its actions. In the work presented in this chapter, we assume that

the environment is known (fully observable) and constrained given the assistive context (well-

de�ned dynamics of the world). Furthermore, we also consider that the human limits their

behaviour to expected-related actions (limited set of actions).

In Figure 4.2, we present the pipeline of the main stages for developing and evaluating

the RACT system. Firstly, we propose a cognitive architecture based on the one presented in

Section 3.5. Speci�cally, we design an adaptive RACT system based on symbolic high-level task

planning which is capable of perceiving, adapting, and reacting to the user's behaviour. Here,

we concentrate on the behaviour layer by enabling the robot to adapt to the user's performance

and the task dif�culty by offering increasing levels of assistance by combining both verbal and

non-verbal communication channels.

Secondly, we evaluate the system in simulation to i) assess its abilities to adapt to different

patient's pro�les based on the concept of Personas.

Thirdly, we embed the adaptive system in a WAM1 robot and assess in a pilot study with

1https://advanced.barrett.com/wam-arm-1
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Figure 4.2: Pipeline of the main stages for the development and deployment of the RACT system.

few participants (see Figure 4.3a), i) its appropriateness in selecting the most suitable action

of assistance, and ii) the feasibility of the overall interactions. Results in laboratory conditions

show that the RACT system effectively provides additional and essential functionalities to the

system.

Finally, after the RACT system has been validated, we endow a TIAGo2 robot with such

capabilities and conduct a user study in the wild with untrained participants (N=29) to evaluate

it further (see Figure 4.3b). Speci�cally, we concentrate on determining whether and to what

extent the TIAGo robot is capable of adapting to the user's cognitive abilities, during Short-Term

Human-Robot Interaction (STHRI), that is, interactions restricted to a single session without

any prior information about the participants. Results showed that participants who interacted

with a social robot endowed with adaptive capabilities performed better and required less time

to complete the task than participants who interacted with a robot that always provided the

same degree of assistance. Finally, we conclude the chapter by highlighting the limitations of

the proposed approach, along with the lessons learnt from conducting the experiment in a real-

world setting.

2https://pal-robotics.com/robots/tiago/
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