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l'imitation produit des gestes tactiles cohérents ; et aussi l'influence du contexte social introduit par les scénarios sur l'élicitation des affections. Enfin, nous avons développé un système de reconnaissance d'affect personnalisé qui utilise des données sur le toucher et les traits individuels (scores d'empathie et de personnalité) pour reconnaître l'état émotionnel des participants au-delà des niveaux de chance ; et un système qui reconnaît les traits individuels à partir des données tactiles.

Résumé

Le toucher est le premier sens à se développer et le premier moyen de contact avec le monde extérieur. Le toucher joue également un rôle clé dans la communication socio-émotionnelle : nous l'utilisons pour communiquer nos sentiments, susciter des émotions fortes chez les autres et influencer leur comportement. Malgré son importance, le toucher est une modalité sous-étudiée dans l'interaction humain-machine (IHM) et l'informatique affective par rapport à l'audition et la vision. Lorsqu'ils interagissent avec des machines, les humains recherchent et s'attendent à une interaction tactile, et par conséquent la conception de systèmes capables d'interpréter et de répondre de manière appropriée au toucher améliorerait la qualité de l'interaction entre les humains et les machines. Dans cette thèse, nous avons travaillé sur l'amélioration des systèmes de reconnaissance tactile de la machine.

Avant de concevoir ces systèmes, nous avons d'abord introduit les mécanismes par lesquels le sens du toucher traite les stimuli physiques puis on a discuté d'un point de vue socio-psychologique des facteurs qui influencent le comportement tactile et son interprétation dans l'interaction sociale ; puis on a passé en revue la littérature sur la reconnaissance automatique du toucher social. La construction de ces systèmes nécessite principalement de relever deux défis : (i) la détection et la collecte de données ; (ii) extraction de caractéristiques du signal et la reconnaissance tactile automatisée.

La plupart des systèmes de reconnaissance tactile sociale nécessitent une étape d'extraction de caractéristiques (features engineering), ce qui les rend difficiles à comparer et à généraliser à d'autres bases de données. Dans cette thèse, nous proposons une approche bout à bout (End-to-End) basé sur l'attention pour la reconnaissance des gestes tactiles, qu'on a évalué sur deux bases de données publics (CoST et HAART) dans le contexte du ICMI 15 Social Touch Challenge. Notre modèle a donné un niveau de précision similaire à l'état de l'art (61% pour CoST et 68% pour HAART) et utilise l'auto-attention (self-attention) comme alternative au features engineering et aux réseaux de neurones récurrents.

Ensuite, nous introduisons une nouvelle façon de collecter des données tactiles socioaffectives, un cadre que nous avons nommé stimuli-imitation (SI). Les méthodes précédentes utilisaient des étiquettes affectives (par exemple, l'amour) ou des étiquettes de gestes tactiles (par exemple, câlin) pour susciter des gestes tactiles socio-affectifs.

Ces stimuli sont vagues, séparés du contexte social et introduisent une forte variabilité inter-sujets. Le but de notre méthode est double : (i) fournir un contexte social en passant d'un stimuli basé sur une étiquette à un stimuli basé sur un scénario ; et réduire la variabilité entre les sujets en contraignant la sollicitation des gestes tactiles à l'aide de l'imitation. Dans notre étude, nous avons examiné dans quelle mesure
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Introduction

Context

Touch is the earliest sense to develop [12] and the first mean of communication between parents and newborns [START_REF] Montagu | Touching : The Human Significance of the Skin[END_REF]. It is a powerful force in the human development, shaping learning, attachment, communication and the formation of socioemotional bonds from infancy and throughout life [24]. In interpersonal communication, touch elicits and regulates human emotion [START_REF] Matthew | Emotion Regulation Via Maternal Touch[END_REF], and alone can communicate distinct emotions [START_REF] Hertenstein | Touch communicates distinct emotions[END_REF]. In addition to communicating and eliciting emotions, touch influences people attitudes and behaviors : a touch on the arm or shoulder by a waitress -in a restaurant-increases the size of the tip regardless of customer gender [START_REF] Crusco | The Midas Touch : The Effects of Interpersonal Touch on Restaurant Tipping[END_REF] (Midas touch effect). Touch also contributes to our physical well being [START_REF] Field | Touch for socioemotional and physical well-being : A review[END_REF] : documented positive physiological effect of touch includes decrease in blood pressure, heart rate, cortisol levels (stress hormone) and increase in oxytocin levels (love hormone) [START_REF] Maria | The outcome of tactile touch on oxytocin in intensive care patients : a randomised controlled trial[END_REF] [61].

Historically, research on touch was conducted by psychologist, that studied the interaction of humans with objects (the sensing and manipulation by touch). The field was referred to as haptics derived from the word "haptesthai" which means "to touch"

in Greek [START_REF] Mandayam | What is haptics ?[END_REF]. In the last century, technological breakthroughs made machine omnipresent in our daily life, serving various applications such as gaming (e.g controllers), communication (e.g touch screens) and health (e.g tele-surgery) [START_REF] Eid | Affective Haptics : Current Research and Future Directions[END_REF]. The word haptics was therefore redefined to include the interaction between humans and machines and was mainly focused on the discriminative aspect of the human sense of touch. Nonetheless, the sense of touch has the ability to induce feelings ranging from unpleasant (e.g being pinched) to pleasant (e.g being caressed) and is important for the establishment and maintenance of affiliative bonds between humans [START_REF] Juulia | Maintaining social bonds via touching : A crosscultural study[END_REF]. The discovery of CT-afferent [START_REF] Francis | Discriminative and Affective Touch : Sensing and Feeling[END_REF], a class of peripheral nerve receptors that are useless for discriminative touch (receptor with low spatial and temporal resolution), and that responds strongly to slow stroking (similar to how humans stroke) led researchers to propose a social touch hypothesis. A hypothesis claiming that there is a Chapter 1. Introduction dedicated pathway for processing affective content of touch [START_REF] Huisman | Social Touch Technology : A Survey of Haptic Technology for Social Touch[END_REF]. Both of these systems (discriminative and affective) work together to create an affective percept of touch thus providing a channel of emotional communication and elicitation [START_REF] Hertenstein | The communication of emotion via touch[END_REF] that guides Humans through the social world. In short, the sense of touch play a pivotal role in affective communication. A novel research area called affective haptics took interest into designing devices and systems that can detect, process and display the emotional state of a humans [START_REF] Eid | Affective Haptics : Current Research and Future Directions[END_REF] through touch. Incorporating these systems into Human-Machine interaction is crucial for developing efficient interactive systems.

Motivation

Touch plays an important role in human interaction, it increases trust, worthiness, warmth, social presence and emotional connection [77][103]. It also provides us with an intimate and private channel of emotional communication [START_REF] Hertenstein | The communication of emotion via touch[END_REF]. Although touch is crucial to our specie, it has received little attention from the affective computing (AC) and Human-Machine interaction (HMI) communities compared to audition and vision [22]. Building machines able to detect and interpret socio-affective touch would benefit number of domains including human-robot interaction [5] [6] where therapeutic robots -that relates to the human affect-such as Paro [START_REF] Takanori | Investigation on People Living with Seal Robot at Home[END_REF] could be used in nursing homes to improve the socialization of the elderly, and in hospitals to reduce patients stress level. In this thesis, we work towards integrating touch into interactive systems to leverage communicative and emotional channels between humans and machines.

Research Goals

A socially intelligent machine should be able to sense, recognize and interpret social touch signals in order to respond appropriately to human touch behavior (Interactive cycle of intelligent agent [START_REF] Merel | Automatic recognition of touch gestures in the corpus of social touch[END_REF]). In this dissertation we will focus on the first three modules (sensing, recognition and interpretation). We believe that the integration of socio-affective touch into interactive systems requires facing two main challenges : 

Main contributions

The main contributions of this dissertation are :

We propose an end-to-end approach for touch gesture recognition (chapter 3) :

Most of the social touch recognition systems require a feature engineering step making them difficult to compare and to generalize to other databases. In this chapter,

We present an attention based end-to-end model for touch gesture recognition evaluated on two public datasets (CoST and HAART) in the context of the ICMI 15 Social Touch Challenge. Our model gave a similar level of accuracy : 61% for CoST and 68% for HAART and uses self-attention as an alternative to feature engineering and Recurrent Neural Networks.

We introduce a novel way for collecting socio-affective touch data, a framework that we named stimuli-imitation (chapter 4) : Previous methods employed affective labels (e.g Anger) or touch gesture labels (e.g Hug) to elicit socio-affective touch gestures. These stimuli are vague, divorced from social context and introduces high inter-subject variability. The purpose of our method is two fold : (i) provide a social context by transitioning from a label-based to a scenario-based stimuli ; and reduce variability between subjects by constraining touch gesture elicitation using imitation. In our study we investigated to which extent imitation produce consistent touch gestures ; and also the influence of social context introduced by scenarios on affect elicitation.

Recognition of affect and individual traits (chapter 5) :

We show that we could recognize affective content in social touch using data collected through stimuli-imitation

Chapter 1. Introduction framework, and that adding individual traits such as empathy and personality as input enhanced the affect classification. Furthermore, we also showed that it is possible to recognize individual traits (e.g High perspective taking) from touch data only.

Dissertation roadmap

The dissertation will begin with chapter 2, an introductory chapter in which we present the role of touch from a developmental, physical and socio psychological perspective. The rational is to understand how touch is interpreted in a human to human interaction in order to design useful touch interpretation systems for Humanmachine interaction. In chapter 3, we will develop an End-to-End touch gesture recognition deep learning model on the CoST and HAART data sets following the ICMI 15 Social touch challenge protocol. In chapter 4, we will introduce a novel framework for collecting socio-affective touch gestures that we named stimuli-imitation in which subjects imitate videos of socio-affective touch interactions performed by actors. In chapter 5, we will develop an affect recognition and individual traits recognition models using data collected from the stimuli-imitation framework. In chapter 6, we will conclude the dissertation by putting together all our findings and by presenting future works.

Chapter 2

Social Touch : background and state-of-the-art

Introduction

The purpose of this thesis is to develop Socially intelligent systems capable of interacting with humans via touch. Before delving into designing such systems, it is crucial to understand what touch represent for humans, and how it is employed in social interaction. In this chapter we review the literature on touch in Human-Human interaction and Human-Machine interaction.

Touch

In this section we discuss the importance of touch in human development and present the systems that constitute it.

Touch and Human development

Touch is the earliest sense to develop [12] and the first mean of communication between parents and newborns [START_REF] Montagu | Touching : The Human Significance of the Skin[END_REF]. In the womb, a fetus is constantly being stimulated by the amniotic fluid and the uterus walls, preparing him for postnatal functioning (e.g breathing). The newborn continues to receive tactile stimulation by being cuddled and breastfed [START_REF] Montagu | Touching : The Human Significance of the Skin[END_REF]. During infancy, parental touch is essential for the development of the social brain [24] and a shortage of it leads to cognitive, social and neurodevelopmental delays [92] [27]. Furthermore, mother-infant touch interaction is associated with a reduction of behavioral [START_REF] Dale | Tactile stimulation as a component of social interchange : New interpretations for the still-face effect[END_REF] and physiological [START_REF] Ruth | Touch attenuates infants' physiological reactivity to stress[END_REF] stress response for the infant. As they grow up, infants gain knowledge of the world around them by seeing, reaching, grasping and manipulating objects of different sizes and shapes [117][31] thus creating a mental representation by integrating visual cues and tactile sensations. As the infants become toddlers, a transition characterized by an increase Chapter 2. Social Touch : background and state-of-the-art in mobility, parent-child interaction becomes dynamic thus including complex touch such as tickling and grooming [START_REF] Dunbar | The social role of touch in humans and primates : Behavioural function and neurobiological mechanisms[END_REF]. Grooming for instance plays an important role in maintaining social relationships, specially the one involving pleasant sensations (e.g light stroke) [START_REF] Francis | Discriminative and Affective Touch : Sensing and Feeling[END_REF]. Also, a naturalistic study showed that touch helped to prolong children's expressions of positive emotion [9] thus promoting positive socialization of emotions. At school, children's touch circle expands to include teachers [START_REF] Leonard | The effect of friendly touch on delay-of-gratification in preschool children[END_REF] and peers [START_REF] Frank | Development of tactile patterns in relation to age, sex, and race[END_REF]. And that touch patterns were determined by other factors such as age, sex and race from kindergarten to high school [START_REF] Frank | Touch interactions in junior high students in relation to sex and race[END_REF].

The Sense of Touch

The human skin is the largest and oldest sense organ [START_REF] Montagu | Touching : The Human Significance of the Skin[END_REF], an average adult skin covers approximately 1.7m 2 and weights around 3.6 kilograms. It contains several different sensory receptors that activates depending on the nature of stimuli. There are two systems that allow us to sense and perceive physical stimuli : (i) the discriminative touch system ; and (ii) the affective touch system :

The Discriminative Touch System

The Discriminative touch system consist of two senses : (i) the kinesthetic sense ; and

(ii) the cutaneous sense. The kinesthetic sense provide information about the position of the body and limbs in space and time. It is a self-oriented sense (as opposed to the other senses) that focuses on internal events by means of receptors ingrained in the tendons, muscles and joints (proprioceptors) thus guiding our movement in daily activities (e.g walking, running). The cutaneous sense provide information about physical stimulation of the skin owing to various receptors. The mechanoreceptors, for instance, detects skin deformation (e.g pressure, vibration) and enables us to handle object and feel their shape, size and texture ; nociceptors responds to pain (potentially damaging stimuli) ; and thermoreceptors detect temperature difference between the skin and an external element (e.g air). Signals from these receptors are combined then processed by the somatosensory cortices of the brain allowing perception and interpretation of physical stimuli such as social touch.

The Affective Touch System

Whether it is an anxiety inducing nudge from a stranger or a comforting hug from a spouse, touch elicit strong emotions. The skin contains receptors that elicit emotional response ranging from negative affect (painful touch) [7] to positive affect (arousing touch) [147][86]. We experience more pleasantness by being touched than touching [START_REF] Chantal | Touch between romantic partners : Being stroked is more pleasant than stroking and decelerates heart rate[END_REF]. Also, it was shown that pleasantness is at it highest when touch occur at skin temperature [2] and at CT-optimal speeds [START_REF] Line | Coding of pleasant touch by unmyelinated afferents in humans[END_REF] which is similar to how humans naturally stroke each other [START_REF] Ilona | Interpersonal stroking touch is targeted to C tactile afferent activation[END_REF]. Researchers hypothesized that a class of peripheral
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nerve receptors -found in hairy skin-called CT-afferent [START_REF] Francis | Discriminative and Affective Touch : Sensing and Feeling[END_REF] are responsible for the social and affective perception of touch. However, the CT-afferent responds only to gentle stroking (CT-optimal) in hairy regions which do not explain the effect of CT non-optimal touches (e.g hand shaking). Both affective and discriminative systems play a role [START_REF] Francis | Discriminative touch and emotional touch[END_REF]. Furthermore, the perceived pleasantness of a touch depends also on the identity of the toucher [START_REF] Valeria | Primary somatosensory cortex discriminates affective significance in social touch[END_REF] and other factors -described in the next sectionwhere cognition is central.

Social Touch

In the last section we saw that the discriminative system works in conjunction with the affective system to produce a pleasant or unpleasant precept. In this section we enumerate extraneous factors (e.g culture, context) that modulates interpersonal touch behavior, and discuss their role in the interpretation of touch (e.g support, love). Furthermore, we also present various effect of interpersonal touch (e.g physiological well-being).

Social Touch Modulators

In social interactions, touch behavior patterns are influenced by several elements such as : sex, relationship, context, culture, personality and type of touch.

In his study of body accessibility -readiness of a person to permit others to contact his body [START_REF] Jourard | An Exploratory Study of Body-Accessibility1[END_REF], Jourard administered questionnaires (recall-based method) to unmarried college students (168 male, 140 female) to determine which body parts are touched or being touched by the mother, father, same-sex friends and oppositesex friends. The results revealed a gender influence on touch patterns : females are perceived more accessible to touch than males, and that mothers and opposite-sex friends (intimate friends) were reported as doing most of the touching. Additionally, Heslin and Nguyen [START_REF] Richard | Meaning of touch : The case of touch from a stranger or same sex person[END_REF] found -using also questionnaires-that the meaning attributed to a touch is related to acquaintanceship for women and to sex for men. Put differently, men find unpleasant same-sex touch and pleasant opposite-sex touch while women find unpleasant a touch from a stranger and pleasant a touch from a close-friend. This conclusion could be easily verified in crowded places such as the Bus or Metro.

Certain settings plays an important role in inhibiting or encouraging touch behaviors. At the airport, it has been shown that approximately 60% of the observed interaction included interpersonal touch ; another study reported a touch percentage of 83% for greeting [START_REF] Paul | Varieties of touching in greetings : Sequential structure and sex-related differences[END_REF]. Similarly, it was observed that pre-school children's engaged more in interpersonal touch when they were playing outside than inside [START_REF] Sharon | Interpersonal touch among preschool children at play[END_REF].

On the other hand, Remland et al. [START_REF] Remland | Proxemic and haptic behavior in three European countries[END_REF] found that, in several European locations, Chapter 2. Social Touch : background and state-of-the-art touch occurred only in 9% of the interactions in public places. However, when it comes to sport events, touch behavior tend to be frequent between players compared to a normal social interaction [START_REF] David | Success and interpersonal touch in a competitive setting[END_REF].

Cultural difference also influences touch behavior, some cultures are viewed as more tactile than others. Remland et al. [START_REF] Remland | Interpersonal distance, body orientation, and touch : effects of culture, gender, and age[END_REF] found that Greeks and Italians touched more frequently than Dutch, French and English in public places. Similary, Jourard [START_REF] Jourard | An Exploratory Study of Body-Accessibility1[END_REF] observed the frequency of touch in four different countries. He found that touch occurred at cafe tables more frequently in Puerto Rico and Paris than England or the USA. Latin Americans manifest a high level of touch in public places. When interacting with friends and family they employ at least a hug or a handshake [93][122].

In contrast to Latin America, Asian cultures are avoidant of physical contact, for instance, Japanese uses a bow for greeting rather than a handshake [13].

Attitude towards touch varies also within the same culture. People with different personality respond differently to touch. In [START_REF] Frank | Social anxiety and response to touch : incongruence between self-evaluative and physiological reactions[END_REF], the authors found that socially anxious people avoid situation that involves touch and were less incline to pursue or initiate touch behavior in public. Also, touch-avoiders compared to touch-seekers exhibit low self-esteem and signals low social status [START_REF] Judee | Relational Messages Associated with Nonverbal Behaviors[END_REF]. Furthermore, Dorros et al. [START_REF] Sam | The Big Five personality traits and perceptions of touch to intimate and nonintimate body regions[END_REF] studied the relationship between touch perception and the big five personality dimensions. The result showed that agreeableness and openness were significant predictor of positive perception of touch than gender or relationship satisfaction with the toucher (measured by Relationship Assessment Scale [START_REF] Susan | The relationship assessment scale[END_REF]).

Interpretation of Social Touch

Before the classical study on the meaning of touch conducted by Jones and Yarbrough (1985) [START_REF] Stanley | A naturalistic study of the meanings of touch[END_REF], most research on social touch used a recall-based approach (e.g self report) and was concerned with who touches whom, where, and how often. In few cases where the meaning of touch was examined, such as the study of Hesling et al. (1983) [START_REF] Richard | Meaning of touch : The case of touch from a stranger or same sex person[END_REF] where respondents filled a questionnaire answering the question :

"What does it mean (e.g playfulness) to me when a close person (or stranger) of the opposite sex (or same sex) touches the indicated area of my body (e.g arm) in a certain manner (e.g squeeze) ?" the role of context in shaping the meaning of a touch was ignored. In their study, Jones et al. [START_REF] Stanley | A naturalistic study of the meanings of touch[END_REF] 

Effects of Social Touch Emotion Communication

In Burgoon et al. [19] it was found that touch convey more trust, affection and receptivity than its absence. Touch can communicate positive social messages such as support, appreciation and sexual attraction or negative ones like anger and frustration. Beside conveying complex social messages, touch can communicate distinct discrete emotions. Hertenstein et al. [START_REF] Hertenstein | The communicative functions of touch in humans, nonhuman primates, and rats : a review and synthesis of the empirical research[END_REF] conducted a study where two strangers separated by an opaque barrier interacted with each other using only touch on the arm.

An encoder was asked to convey 12 emotions to a decoder and the decoder had to guess which emotion the encoder was communicating. The results show that, except for Happiness and surprise, Prosocial Emotions (Love, Gratitude, Sympathy) and Ekman's Emotions (Anger, Fear, Happiness, Sadness, Disgust, Surprise) were recognized at above-chance level ; while Self-focused emotions (Embarrassment, Envy, Pride) were not recognized at above-chance level. In [START_REF] Hertenstein | The communication of emotion via touch[END_REF], Hertenstein et al. conducted an unconstrained similar study where participants could touch anywhere on the body that was appropriate. In this study 8 emotions were involved. The result showed that Happiness and Surprise were reliably communicated as opposed to the first study. While strangers in the aforementioned studies were not able to communicate self-focused Emotions through touch. Thompson and Hampton [START_REF] Erin | The effect of relationship status on communicating emotions through touch[END_REF] showed that romantic couples were able to communicate envy and pride at above-chance level. Therefore the relationship between the two people and the body-parts involved play a role in encoding and decoding of emotions when using touch.

Behavior and Attitude Modulation

Touch influences people's attitudes toward persons and places. Students that received a casual touch (touch condition) by a library clerk while returning a library card evaluated positively the clerk and the library compared to the No-touch condition Chapter 2. Social Touch : background and state-of-the-art [START_REF] Fisher | Hands Touching Hands : Affective and Evaluative Effects of an Interpersonal Touch[END_REF]. While in this study the clerk was evaluated on professional attributes (e.g helpfulness), similar results were found on the evaluation of a sales-man personal attributes (e.g friendliness) [START_REF] Nicolas | Tactile Contact and Evaluation of the Toucher[END_REF]. Moreover, it was demonstrated in several naturalistic studies that touch modulates people's compliance towards a variety of requests. For example, a touch on the arm or shoulder by a waitress in a restaurant increases the size of the tip regardless of customer gender [START_REF] Crusco | The Midas Touch : The Effects of Interpersonal Touch on Restaurant Tipping[END_REF], and students that were touched by their teacher volunteered more in class [START_REF] Nicolas | Nonverbal Encouragement of Participation in a Course : the Effect of Touching[END_REF]. Touch have a powerful effect on people.

In Gallace and Spencer [START_REF] Alberto | The science of interpersonal touch : An overview[END_REF], three explanations as to why touch has a powerful effect on people were provided : (i) The perception of great need and positive feeling increases compliance rate. The recipient of touch assumes that the toucher is in genuine need and that the toucher likes and trusts them ; (ii) Positive response to touch in adulthood originate from the early association between touch and stress reduction in early life ; (iii) Touch itself generates pleasant sensations through receptors in the skin [START_REF] Francis | Discriminative touch and emotional touch[END_REF] thus eliciting compliance.

Physiological and Emotional well-being

Touch contributes to our physical well being [START_REF] Field | Touch for socioemotional and physical well-being : A review[END_REF] : documented positive physiological effect of touch includes decrease in blood pressure, heart rate, cortisol levels (stress hormone) and increase in oxytocin levels (love hormone) [63] [61]. Massage therapy is an effective form of touch used for treating pain, depression, stress and autoimmune conditions (e.g asthma) [START_REF] Field | Touch for socioemotional and physical well-being : A review[END_REF]. Massage therapy also enhances attentiveness and alertness [START_REF] Field | Massage theraphy for infants of depressed mothers[END_REF], Specially for touch aversive children with ADHD [START_REF] Tiffany | Adolescents with attention deficit hyperactivity disorder benefit from massage therapy[END_REF] (attention deficit hyperactivity disorder) ; and improves sleep for children Autism [44]. 

Social Touch in Human-Machine Interaction

The study of Touch in Human-Machine interaction is at the crossroad of Social signal processing, a field that aims at modeling, analysing and synthesizing of social signals (observable behaviors that people display in social interaction), and affective computing a field that specializes in developing systems capable of recognizing, interpreting and simulating human affect [START_REF] Picard | Affective computing : challenges[END_REF]. In the previous sections we saw how touch fits in a Human-Human interaction, and presented it's various effects. In this section we review the literature on Touch in Human-Machine interaction.

Mediated Social Touch

In the 21st century, interpersonal communication occurs more often in a mediated fashion. Existing devices rely mainly on audition and vision, and rarely support touch. Recent advances in haptic technology, inspired researchers to explore how haptic devices could be used for mediated social communication.

Chapter 2. Social Touch : background and state-of-the-art Mediated social touch technology role is to enable haptic communication between people who are physically apart using tactile or kinesthetic feedback [START_REF] Antal | Mediated social touch : a review of current research and future directions[END_REF]. Unlike actual touch, mediated touch is less sensorially rich, can happen asynchronously, does not require physical proximity. In spite of these differences, research on mediated touch reported similar results to actual touch in terms of emotion elicitation, emotion communication and behavior modulation. In [START_REF] Yassine | Haptic communication of dimensions of emotions using air jet based tactile stimulation[END_REF] findings show that mediated touch through air jet elicit distinct feelings. In [START_REF] Ur | iFeeling : Vibrotactile Rendering of Human Emotions on Mobile Phones[END_REF] was found that emotions could be conveyed by a phone through Vibrotactile Rendering. Furthermore, a study found that participants that received a vibrotactile feedback during a chat session complied more when asked to pick up a coin (virtual midas touch) [START_REF] Antal | The virtual midas touch : helping behavior after a mediated social touch[END_REF]. Moreover, mediate affective touch reduces heart rate (physiological effect) [21]. And increases intimacy, sympathy, connectedness towards the remote toucher (psychological effect) [START_REF] Kohske | Improving shared experiences by haptic telecommunication[END_REF][START_REF] Rongrong | Keep in touch : channel, expectation and experience[END_REF]. For an exhaustive review we refer the reader to Huisman survey [START_REF] Huisman | Social Touch Technology : A Survey of Haptic Technology for Social Touch[END_REF] and Haans review [START_REF] Antal | Mediated social touch : a review of current research and future directions[END_REF].

Sensing and Automatic Recognition of Social Touch

When interacting with humans, machines are expected to recognize and respond appropriately to touch [START_REF] Kwan Min | Are physically embodied social agents better than disembodied social agents ? : The effects of physical embodiment, tactile interaction, and people's loneliness in human-robot interaction[END_REF]. Especially in ways that relate to the state of the human [6]. Previous research included touch recognition of social messages (e.g Greeting),

emotions (e.g happiness) and touch gestures (e.g grab) using a combination of features extraction techniques and machine learning algorithms (e.g Random Forest).

Different approaches were considered to sense and interpret human touch (table 2.1). These approaches vary in terms of touch sensor, touch surface, experimental design (subject-independent and between/within-subject) and were evaluated on classification accuracy.

Different types of sensors were used to detect : contact [START_REF] Kim | A robust online touch pattern recognition for dynamic human-robot interaction[END_REF] (e.g charge-transfert sensor), force/pressure [START_REF] Merel | Touching the Void -Introducing CoST : Corpus of Social Touch[END_REF] (e.g piezoresistive sensor), temperature difference [START_REF] Stiehl | Design of a therapeutic robotic companion for relational, affective touch[END_REF] (e.g thermistors), inertia [START_REF] Cooney | Full-body gesture recognition using inertial sensors for playful interaction with small humanoid robot[END_REF] (e.g gyro sensor), proximity [START_REF] Stiehl | Design of a therapeutic robotic companion for relational, affective touch[END_REF] (electric-field sensor) and light dynamic touch such as a stroke [START_REF] Flagg | Conductive fur sensing for a gesture-aware furry robot[END_REF] (e.g conductive fur sensor). These sensors were placed on a human-friendly touch surfaces to simulate, for instance, a human [START_REF] Cooney | Full-body gesture recognition using inertial sensors for playful interaction with small humanoid robot[END_REF] (Humanoid), a human body-part [START_REF] David | Interpretation of the modality of touch on an artificial arm covered with an EIT-based sensitive skin[END_REF] (mannequin arm), a pet [4] (haptic creature) or a toy [START_REF] Knight | Real-time social touch gesture recognition for sensate robots[END_REF] (Huggable) thus creating suitable interfaces for social touch interactions. In social touch studies data was gathered from multiple subjects to train subject-independent models, and from a single subject for prototyping and testing.

Furthermore, several feature extraction techniques were developed to enhance the classification of the models. The ICMI social touch challenge [START_REF] Merel | Touch Challenge '15 : Recognizing Social Touch Gestures[END_REF], described in detail in the next chapter, demonstrated the Human Machine Interaction (HMI) community efforts towards developing robust features and accurate models for social touch gestures recognition. Touch gesture recognition results showed a significantly higher 2.4. Social Touch in Human-Machine Interaction accuracy scores for within-subject than between-subject designs, even though subjects were exposed to the same stimuli which is usually a word (e.g rub) or a touch dictionary (rub : Move your hand repeatedly back and forth on the arm with firm pressure).

FIGURE 2.2 -Touch surfaces examples

Affective Computing & Touch

Research on automatic interpretation of affective touch originating from a human, included two approaches (Figure 2.3) : (i) one-step system ; and (ii) two-step system. The one-step system derive affective meaning directly from touch sensors [START_REF] David | Interpretation of Social Touch on an Artificial Arm Covered with an EIT-based Sensitive Skin[END_REF] while the two-step system identifies first the applied touch gesture then attach an affective meaning to it [4]. Both approaches aim at correctly recognizing affect whether it is a communicated (expressed) or an experienced affective state (felt). Affect is generally represented in a categorical form (e.g anger) as independent classes [START_REF] Paul | Unmasking the face : A guide to recognizing emotions from facial clues. Unmasking the face : A guide to Bibliography recognizing emotions from facial clues[END_REF] or in a two dimensional space (Russel circumplex) following two axis : Valence and Arousal [START_REF] Russell | A circumplex model of affect[END_REF]. Although touch is an under-explored modality in affective computing, it follows similar pipeline and faces similar challenges as audition and vision [START_REF] Picard | Affective computing : challenges[END_REF].

Developing affective computing (AC) systems requires making meticulous choices at each step of the pipeline.

Chapter 2. Social Touch : background and state-of-the-art

At the sensing step, a valid signal should reliably discriminate different affective states when combined with an appropriate pattern recognition method. For instance, Silvera et al. [START_REF] David | Artificial skin and tactile sensing for socially interactive robots : A review ». In : Robotics and Autonomous Systems[END_REF] set the requirement for the artificial skin (pressure-sensitive device), to a minimum sampling rate of (20 Hz), and a spatial resolution between 10-40mm to discriminate between multiple fingers touch (e.g. tap) and an open hand touch (e.g. pat). These requirements led to an above chance-level emotion classification. Other studies deployed multiple sensors to capture information from various modalities, as an example, the Huggable [START_REF] Stiehl | Design of a therapeutic robotic companion for relational, affective touch[END_REF] niques (e.g EEG [START_REF] Harsimrat | The brainâ TM s response to pleasant touch : an EEG investigation of tactile caressing[END_REF]) and touch-centered sensors (e.g pressure sensor [START_REF] David | Interpretation of Social Touch on an Artificial Arm Covered with an EIT-based Sensitive Skin[END_REF]). The cognitive and social perspectives requires a system capable of situational assessment [START_REF] Scherer | Studying the emotion-antecedent appraisal process : An expert system approach[END_REF] "appraisal" and social analysis (e.g status, power, culture).

Most of affect recognition systems developed for Touch are bottom-up, they map physical characteristics of touch (e.g pressure, temperature) to socio-affective labels (e.g touch gesture or emotion) [START_REF] Van Erp | Social Touch in Human-Computer Interaction[END_REF]. In one hand, these systems are context-free and socially divorced [22], meaning they are trained on touch expression data collected in an environment devoid of context (situational and social). In the other hand, we know that touch interpretation is modulated by contextual factors (Figure 2.1), therefore we believe that coupling top-down information (modulators) with bottom-up models (Figure 2.3) is the next natural step for developing systems that generalize well in new contexts. In the next section we discuss touch elicitation approaches employed in the literature, and in Chapter 4 their limitations towards achieving this goal. The Huggable electric field sensor, force sensors, thermistors 8 gestures 79% W Bailenson et al. [START_REF] Bailenson | Virtual Interpersonal Touch : Expressing and Recognizing Emotions Through Haptic Devices[END_REF] force-feedback joystick 2d accelerometer 7 emotions 36% B Knight et al. [START_REF] Knight | Real-time social touch gesture recognition for sensate robots[END_REF] Huggable pressure-sensitive conductive ink 5 gestures 20-100% R Cooney et al. [START_REF] Cooney | Full-body gesture recognition using inertial sensors for playful interaction with small humanoid robot[END_REF] small Humanoid robot accelerometer, gyro sensor 13 full-body gestures 77% B Chang et al. [START_REF] Jonathan | Haptics : Generating and Perceiving Tangible Sensations[END_REF] Haptic creature force sensing resistors 4 gestures 77% R Kim et al. [START_REF] Kim | A robust online touch pattern recognition for dynamic human-robot interaction[END_REF] KaMERo charge-transfer touch sensors, accelerometer 4 gestures 83% R Ji et al. [START_REF] Ji | Histogram based classification of tactile patterns on periodically distributed skin sensors for a humanoid robot[END_REF] Humanoid hand capacitive pressure sensors 4 gestures 96% W Cooney et al. [28] Humanoid robot "mock-up" Microsoft Kinect and/or photo-interrupters 20 full-body gestures 82% B Silvera-Tawil et al. [START_REF] David | Interpretation of the modality of touch on an artificial arm covered with an EIT-based sensitive skin[END_REF] mannequin arm EIT-based sensor, force sensor 9 gestures 88% W Flag et al. [START_REF] Flagg | Conductive fur sensing for a gesture-aware furry robot[END_REF] Fur conductive fur sensor 3 gestures 82% B Flag et al. [START_REF] Flagg | Affective touch gesture recognition for a furry zoomorphic machine[END_REF] Furry zoomorphic machine conductive fur & piezoresistive pressure sensors 9 gestures 86/94% B/W Nakajima et al. [START_REF] Nakajima | Emoballoon : A balloon-shaped interface recognizing social touch interactions[END_REF] Emoballoon barometric pressure sensor, microphone 6 gestures 75/84% B/W Jung et al. [START_REF] Merel | Towards social touch intelligence : developing a robust system for automatic touch recognition[END_REF][START_REF] Merel | Touching the Void -Introducing CoST : Corpus of Social Touch[END_REF] mannequin arm piezoresistive fabric pressure sensors 14 gestures 54% SI Silvera-Tawil et al. [START_REF] David | Interpretation of Social Touch on an Artificial Arm Covered with an EIT-based Sensitive Skin[END_REF] mannequin arm EIT-based sensor, force sensor 6 emotions 32/88/47% B/W/SI Silvera-Tawil et al. [START_REF] David | Interpretation of Social Touch on an Artificial Arm Covered with an EIT-based Sensitive Skin[END_REF] mannequin arm EIT-based sensor, force sensor 6 social messages 51/84/50% B/W/SI van Wingerden et al. [START_REF] Siewart Van Wingerden | A Neural Network Based Approach to Social Touch Classification[END_REF] mannequin arm piezoresistive fabric pressure sensors 14 gestures 64% B Altun et al. [4] Haptic 

Touch Elicitation approaches

Studies on automatic touch recognition were mainly interested in the classification of touch gestures and emotions. In the data collection phase of each study, subjects were given instructions on how to produce touch expressions.

To collect touch gesture data, the stimuli used was either a single word that evokes a touch expression such as a "pat", "push", "scratch" and "stroke" [START_REF] Iwata | Human-robot-contact-state identification based on tactile recognition[END_REF][125] or a combination of the word and its description such as a pat : Gently and quickly touch the arm with the flat of your hand [START_REF] Merel | Touching the Void -Introducing CoST : Corpus of Social Touch[END_REF]. The latter are usually taken from a carefully compiled touch dictionary. The Yohanan and MacLean touch dictionary [START_REF] Yohanan | The Role of Affective Touch in Human-Robot Interaction : Human Intent and Expectations in Touching the Haptic Creature[END_REF], inspired by the Human-Animal interaction [START_REF] Alan | Between pets and people : The importance of animal companionship[END_REF] and the Human-Human touch [START_REF] Sandra | Measurement of the sensory qualities in tactile interaction[END_REF][START_REF] Hertenstein | The communication of emotion via touch[END_REF] literature, contains a set of 30 touch gestures suitable for Human-Pet interaction. Several studies employed a sub-sample of the Yohanan and MacLean touch dictionary, specially the ones that used a Zoomorphic Sensor [START_REF] Flagg | Affective touch gesture recognition for a furry zoomorphic machine[END_REF][START_REF] Flagg | Conductive fur sensing for a gesture-aware furry robot[END_REF]23,[START_REF] Jonathan | Haptics : Generating and Perceiving Tangible Sensations[END_REF], and one study adapted the dictionary to suit an interaction with a mannequin arm [START_REF] Merel | Touching the Void -Introducing CoST : Corpus of Social Touch[END_REF].

To collect affective touch data, subjects were given discrete labels that represent an emotional state such as "disgust","anger" and "joy", a well known example is Ekman's basic emotions [START_REF] Paul | Unmasking the face : A guide to recognizing emotions from facial clues. Unmasking the face : A guide to Bibliography recognizing emotions from facial clues[END_REF]. For instance, Bailenson et al. [START_REF] Bailenson | Virtual Interpersonal Touch : Expressing and Recognizing Emotions Through Haptic Devices[END_REF] investigated virtual emotion communication of these emotion through a 2 degree of freedom joystick, in their study participants were asked to "do your best to communicate the exact mental state to someone else who may use the joystick to attempt to identify your specific mental states from the movement at a later date." Other studies, employed dimensional labels taken from the affect grid model [START_REF] James | Affect grid : a single-item scale of pleasure and arousal[END_REF], which is a practical version of the Russel Circumplex model [START_REF] Russell | A circumplex model of affect[END_REF]. A prominent example, is the Altun and Ma-cLean study [4] where participants were instructed to "imagine different emotional states, and to interact as if with a real pet companion" when interacting with the Haptic creature, rather than to communicate specific emotions. Furthermore, Silvera et al. [START_REF] David | Interpretation of Social Touch on an Artificial Arm Covered with an EIT-based Sensitive Skin[END_REF] included , beside basic emotions, Social Messages borrowed from social science [START_REF] Heslin | Steps toward a taxomony of touching[END_REF][START_REF] Stanley | The right touch : Understanding and using the language of physical contact[END_REF][START_REF] Laura | While at Play : An Observational Analysis of Children's Touch During Interpersonal Interaction[END_REF] such as : "attention-getting," "greeting," "acceptance," "rejection,"

"affection" and "animosity", then asked subjects to convey them to an artificial arm sensor. In Chapter 4 we discuss the limitation of these elicitation methods and propose a novel framework for Social Touch data that we named Stimuli-imitation.

Applications

Building machines able to detect and interpret socio-affective touch would benefit number of domains including Human-Robot Interaction [6]. Therapeutic robots that relates to the human affect such as the robotic seal Paro [START_REF] Takanori | Investigation on People Living with Seal Robot at Home[END_REF], are used in nursing homes to improve the socialization of the elderly (Figure2.4), and in hospitals Chapter 2. Social Touch : background and state-of-the-art

to reduce patients stress level. They receive and process tactile data in order to select which adequate behavior to display/execute. The Yohanan et al. Haptic creature [START_REF] John | The Haptic Creature : social human-robot interaction through affective touch[END_REF] communicates its internal state via vibrotactile purring, ear stiffening and breath modulation ; and the Stiehl et al. Huggable [START_REF] Stiehl | Design of a therapeutic robotic companion for relational, affective touch[END_REF] can orient itself towards the touch, hug and nuzzle to provide affective display.

The ability to recognize affective content of touch and respond appropriately to it, enhances bounding and engagement between humans and machines ; and facilitates integration in social environments, specially in the case of Human-Humamoid interaction where expectation of social intelligence is high [START_REF] Cooney | Importance of Touch for Conveying Affection in a Multimodal Interaction with a Small Humanoid Robot[END_REF]. By closing the interactive loop, Humans and Machines could establish close relationships preventing loneliness and its consequences (e.g impaired sleeping, risk of suicide, and high blood pressure). Touch Recognition with Attentive End-to-End Model

Introduction

For machines to perceive and interpret the human touch there is a need for a reliable automatic touch recognition system. The Social Touch Challenge [START_REF] Merel | Touch Challenge '15 : Recognizing Social Touch Gestures[END_REF] provided two datasets CoST [START_REF] Merel | Touching the Void -Introducing CoST : Corpus of Social Touch[END_REF] (Corpus of Social Touch) and HAART (Human Animal Affective Robot Touch) [23] to foster research on touch gesture recognition. The systems developed in this challenge relied mainly on hand-defined feature extraction and feature selection techniques inspired from other domains such as speech recognition and image processing [START_REF] Cuong | The Grenoble System for the Social Touch Challenge at ICMI 2015[END_REF][53] [11] making them difficult to compare and to generalize to other databases.

Deep learning approaches require no feature engineering step and give similar results compared to feature-engineering based systems [START_REF] Hughes | Recognizing social touch gestures using recurrent and convolutional neural networks[END_REF]. The state of art results

were obtained using 2D-CNN for CoST [3] (author did not follow the challenge protocol) and a 3D-CNN for HAART [START_REF] Zhou | Recognition of Social Touch Gestures Using 3D Convolutional Neural Networks[END_REF]. However, there is no deep learning model in the literature that gives state of the art results for both datasets simultaneously.

This chapter presents our effort towards developing a deep learning system that generalizes well for both datasets, hence we propose an attention-based end-to-end approach to touch gesture recognition that uses self-attention as an alternative to feature engineering and Recurrent Neural Networks. Our model gave a similar level of accuracy : 61% for CoST and 68% for HAART [START_REF] Wail | Touch Recognition with Attentive End-to-End Model[END_REF].

This chapter is organized as follows : the next section will enumerate several approaches for touch gesture recognition in the context of the social touch challenge, in section 3.3 we will describe the social touch datasets and the challenge protocol, in section 3.4 we will present the Attentive Touch Model (ATM) architecture, in section 3.5 the training process will be presented, In section 3.6 touch gesture recognition results are presented and discussed.

Chapter 3. Touch Recognition with Attentive End-to-End Model

Related work

In the social touch challenge, the purpose was to develop robust features and apply classification methods to improve touch gesture recognition.

In [11] authors first transformed the multidimensional signal from the pressure ma- In [START_REF] Viet-Cuong | The Grenoble System for the Social Touch Challenge at ICMI 2015[END_REF] authors divided features into three groups. A global features group that represent overall statistics of the gesture, for instance, the average value of pressure over all channels and all frames. A channel-based features group which focus on the relationship between channels (e.g average pressure of each channel over all frames).

trix
A sequence features group that describe the change of the gesture (e.g Fast Fourier transform based features). The concatenation of these feature groups gave a 546 feature vector. Authors then used the Random Forest model to select relevant features resulting in a 164 feature vector (see more detail in [START_REF] Viet-Cuong | The Grenoble System for the Social Touch Challenge at ICMI 2015[END_REF]). The classification algorithms applied on the feature vectors were Random Forest and Support Vector Machine.

In [START_REF] Dana | Detecting and Identifying Tactile Gestures Using Deep Autoencoders, Geometric Moments and Gesture Level Features[END_REF] Geometric moment (GM) and an autoencoder (AE) were used to reduce frames dimension. For each gesture, a Gaussian Hidden Markov model (GHMM) 2). In addition spectral information (dominant FFT frequencies) were extracted from signal (1). These feature combined were used by a logistic regression model for classification.

In [START_REF] Hughes | Recognizing social touch gestures using recurrent and convolutional neural networks[END_REF] to an RNN to achieve global touch gesture recognition. The Autoencoder-RNN architecture, employed similar autoencoder to one described in [START_REF] Hughes | Recognizing social touch gestures using recurrent and convolutional neural networks[END_REF] to reduce frames dimensionality. The reduced sequences were used as input to the RNN.

Social touch challenge datasets and protocol

CoST : Corpus of social touch

The CoST dataset [START_REF] Merel | Touching the Void -Introducing CoST : Corpus of Social Touch[END_REF] 

HAART : Human-Animal Affective Robot Touch

The HAART dataset [23] 

Attentive Touch Model

In this chapter, we propose the Attentive Touch Model (Figure 3. 

Intra-Attention

Multi-Head Self-Attention :

Self-attention is an attention mechanism that computes a representation of a sequence by relating different positions (time-steps) within the same sequence. The encoding of each position is computed using the Scaled Dot-Product Attention [START_REF] Vaswani | Attention is All You Need[END_REF] defined in (3.1) where Q, V and K are respectively the Query, Value and Key (d kdimensional) Matrices, and X is the input. Put differently, a position is encoded using

Attentive Touch Model

a weighted sum of all positions including the encoded position itself. For example, the contribution of position i (q i , k i , v i ) to the encoding of the position j (q j , k j , v j ) is measured by Attention(q j , k i , v i ). An example of how self-attention is calculated is provided in Figure 3 

(Q, K, V) = softmax QK T √ d k V (3.1) Q = W q X; K = W k X; V = W v X; MultiHead(Q, K, V) = Concat(head 1 ; ...; head h )W 0 (3.2)
head i = Attention(QW q i , KW k i , VW v i ) (3.3)
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W k i , W q i ∈ R d model xd k ; W v i ∈ R d model xd v ; d k = d v = d

Positional Encoding :

In the multi-head self-attention mechanism information flows simultaneously. Consequently, there is no built-in sense of order like in recurrent neural networks (RNN's)

where computation is interdependent : information from previous positions (timesteps) is used as input to the current position (time-step). In [START_REF] Vaswani | Attention is All You Need[END_REF] 

Inter-attention

We believe that not all frames contribute equally to the representation of touch gestures. By exploiting only a subset of the sequence, we allow the model to focus on relevant information thus enhancing classification. We introduce an attention mechanism based on the Bahdanau attention [8] and similar to the one used in the Sentence Attention in [START_REF] Zichao | Hierarchical Attention Networks for Document Classification[END_REF] :

score(h t , qv) = v T a Tanh(W 1 h t + W 2 qv) α t = exp(score(h t , qv)) ∑ i exp(score(h i , qv)) context_vector = ∑ t α t h t
where v T a s a fully-connected layer with 1 hidden unit that reduces the right term of the equation into a scalar score ; qv (Query Vector) is the result of averaging all h t vectors then applying a fully-connected layer (FC2) and W i ∈ R d att xdim(h t ) . The importance of each h t is determined by it's similarity to the query vector (Figure 3.3). Put simply, inter-attention role is to select relevant information from the selfattention output sequence h t . 

Data Preprocessing

The CoST dataset contains variable length sequences while our model receives fixed length input. We noticed that 90% of data length is below 600 frames, therefore we chose to fix the length of touch gesture sequences to 600 to reduce the model complexity by using zero padding (8x8 zero matrices) for sequences length below 600 frames and truncation for sequences length above 600 frames. As for HAART, data length is already fixed to 432 frames.

For both datasets we tried global and channel-wise MinMax scaling and Standardization so that the model learn faster. Surprisingly, we have found that using a Batch-Normalization layer for normalizing the input data gave better accuracy scores. [START_REF] Dana | Detecting and Identifying Tactile Gestures Using Deep Autoencoders, Geometric Moments and Gesture Level Features[END_REF] logistic regression 67.7% Gaus et al. [START_REF] Falinie | Social Touch Gesture Recognition Using Random Forest and Boosting on Distinct Feature Sets[END_REF] random forest 66.5% Balli Altugl et al. [11] random forest 61.0% Hughes et al. [START_REF] Hughes | Recognizing social touch gestures using recurrent and convolutional neural networks[END_REF] CNN-RNN 61.3% Hughes et al. [START_REF] Hughes | Recognizing social touch gestures using recurrent and convolutional neural networks[END_REF] CNN 56.1% Our method ATM 67.8%

Touch gesture recognition

Hyperparameters Tuning and training

We The search space contains 6561 combinations, therefore we opted for a random search over a grid search strategy [16]. We run the random search on a sample of 100 then picked the hyper-parameters that maximize the cross-validation accuracy score.

The best hyper-parameters we found are in Table 3.2. Also, the best batch size is 32, best learning rate is 4e-4 and the best epoch is 200. We trained the model on the whole training sets for 200 epochs using the aforementioned hyper-parameters then classified the test sets according to the social touch challenge protocol (10 subjects for CoST and 3 subjects for HAART).

Chapter 3. Touch Recognition with Attentive End-to-End Model

Results and Discussion

The classification results were reported in Figure 3.5" comprised two confusion matrices. Looking into HAART confusion matrix we notice that the "constant", "notouch", "scratch" and "stroke" touch gestures were mainly classified correctly while "tickle" and "rub" gave the lowest accuracy scores. Furthermore, "tickle" and "rub" were confused with "scratch", and "pat" was confused with "stroke". For CoST, the confusion was between (hit, slap), (grab, squeeze), (pat, slap), (scratch, tickle), (stroke, rub) and (tap, pat). These findings are coherent with previous studies [START_REF] Merel | Touch Challenge '15 : Recognizing Social Touch Gestures[END_REF] in which the mis-classification was attributed to several factors such as : similarity of touch gestures, variations (gentle squeeze is similar to a normal grab) and inter-subject variability.

We have obtained a test accuracy score of 61% for CoST and 68% for HAART. Our results are comparable to the studies found in 

Conclusion

This chapter presents an attention-based neural network architecture for touch gesture recognition. Our model performed well on both datasets : 61% on CoST and 68% on HAART. Although it did not outperform the best scores (61.3% on CoST and 70.9% on HAART) this architecture does not require feature engineering, and uses self-attention as an alternative to RNN's. Furthermore, we believe that the performance of this architecture scales with the size of datasets therefore building generative models for data augmentation is the next step for enhancing the performance of our social touch recognition systems.

Chapter 4

Stimuli-Imitation : Elicitation Approach for Social Touch Gesture Data Collection

Introduction

In affective computing, two approaches [START_REF] Picard | Toward machine emotional intelligence : analysis of affective physiological state[END_REF] are usually considered to elicit emotions : subject-elicited and event-elicited. In the first one, subjects are asked to remember or to act an emotional episode. In the second, an emotional stimuli is selected and used to elicit the desired valence and arousal levels. The most prominent event-elicited methods used : emotional images [18] ; emotional film clips [START_REF] Schaefer | Assessing the effectiveness of a large database of emotion-eliciting films : A new tool for emotion researchers[END_REF] ; music and ideation [START_REF] Eric | Combining music with thought to change mood[END_REF].

One of the main issues with touch data collection is the elicitation of socio-affective touch gestures. Unlike other modalities such as speech or face, subjects have to effectively touch sensors, therefore most approaches for touch elicitation are acted (subject-elicited). Furthermore, in the literature (Chapter 2 : Touch Elicitation Approaches section), we found that subjects relied solely on their individual interpretations and experience to convey an emotion or a social message through touch. In other words, when provided with emotional labels (e.g Anger), subjects were generally instructed to think about a plausible way to communicate these emotions to a touch interface. Here, factors that modulate the interpretation and the expression of touch (Figure 2.1) were not controlled nor incorporated into the experimental design, thus subjects touch expressions were not constrained by these factors.

As example, a subject given the label "Anger" could recall a moment when He/She was angry at a spouse for cheating ; while another subject could remember a situation where He/She was angry at His/Her child for not doing homework. Though both situations are attributed to the same label, their touch expression are expected Chapter 4. Stimuli-Imitation : Elicitation Approach for Social Touch Gesture Data Collection to be highly different. Consequently, touch data collected this way is context-free, socially-divorced and exhibit high inter-subject variability [START_REF] Merel | Touch Challenge '15 : Recognizing Social Touch Gestures[END_REF].

When developing a touch recognition system, high inter-subject variability could be harnessed to improve generalizability, by collecting more data and adding more sensors. However, in the case of Human-Machine Interaction, collecting lots of data is time consuming (1000 samples=1000 interactions) and adding more sensors is expensive, specially in a full-body touch interaction.

Furthermore, a touch recognition system built upon a label-based data collection approach, will be capable of recognizing touch gestures (e.g Hug) and Emotions (e.g love) separately, but will fail to capture the synergy between them. As an illustration, a loving hug could be expressed differently depending on the circumstances :

(i) hugging a friend that you haven't seen in many years ; (ii) hugging a spouse before leaving for a long trip. For a label-based system the predicted labels for both scenarios are "Hug" and "Love". Though these scenarios differ in meaning and expression, they are considered identical by the system.

Another prevalent problem in affect detection systems is the Experience vs Expression of affect [22]. A subject expressing an emotion does not necessarily imply that She/He is experiencing it. Similarly, a system that could predict "Anger" from a touch could not guarantee that the subject touching the device is at an angry state, nor approximate the real emotional state. To tighten the gap between the experience and the expression of affect, instead of using abstract labels, an elicitation procedure should provide subjects with real situation that evokes an emotional response.

In chapter 2 (Table 2.1) we presented different studies that used a label-based approach for data collection. In the next section, we will present a novel way of collecting touch data that overcomes the aforementioned shortcomings.

Stimuli-imitation framework

In this section, we propose to explore a new approach that aims to improve social touch data collection that we named stimuli-imitation. The key idea is to ask participants to imitate a social interaction stimuli where social touch is employed by the partners. The social interaction stimuli are extracted from the Socio-Affective Touch Database (SATED) [START_REF] Haemy | Socio-affective touch expression database[END_REF], which is composed of videos of non-professional actors that have been annotated in both valence and arousal. Actors were given scenarios that evoke a certain touch communication in order to perform, therefore the database is a mapping between scenarios and their implementations by actors (videos).

In our stimuli-imitation protocol (Figure 4.1), we ask subjects to : (i) read a scenario (Table 4.1) and watch a video related to the scenario (Figure 4.3), (ii) rate stimulus 4.2. Stimuli-imitation framework using the Self-assessment Manikin [17], and (iii) imitate the observed socio-affective touch on a mannequin equipped with pressure sensors (Figure 4.7). The protocol is composed of two steps : the Socio-emotional encoding and Imitation.

Socio-emotional encoding

The socio-emotional encoding step aims at eliciting context-specific emotions. In stimuli-imitation, an elicited emotion is modulated by reading a scenario, and induced by observing a social touch video varying in valence and arousal (event-elicited).

Social touch can induce feelings in an observer who is not part of the touch itself [START_REF] Leehe | The role of empathy in the neural responses to observed human social touch[END_REF], and adding a scenario provides contextual information (e.g social context, relationship) ensuring that participants could disambiguate between similar touch gesture (e.g hug) that holds different meanings (e.g consolation or love). Afterwards, participants annotated in terms of valence and arousal our stimuli consisting of the combination of a scenario and a video.

Imitation

After the emotion elicitation step, participants were asked to imitate the observed social touch -a complex dynamic visual input-into a touch gesture. The observed social touch video duration is 3 seconds, long enough to guess the purpose and the affective meaning, but not sufficient enough to replicate exactly the same touch gesture. Imitation is goal-directed [15], subjects observes and replicates the goal of other's behaviors or actions. Imitation is different from mimicry : subjects observes and only replicates another's behaviors or actions without the aim to achieve the same goal. Imitation is a conscious act, not every part of an observation sequence is necessarily replicated. We argue that imitation of another's socio-affective touch gesture will allow to constrain the elicitation procedure resulting in collecting prototypical and representative touch gestures.

Framework Evaluation

As we discussed earlier, by employing labels to elicit socio-affective touch gestures we collect context-free and socially-divorced data. We believe that transitioning to a scenario-based elicitation approach could enable us to include social context therefore model a wider range of socio-affective touch interactions. In their study [START_REF] Sarah | Affective touch communication in close adult relationships[END_REF],

McIntyre et al. showed that close adults relationships could communicate affect through touch using scenarios as stimuli, for instance : "Your partner has just told a funny joke. Try to communicate AMUSEMENT through touch". -Compare the two conditions (S and SI) in terms of Touch gesture and Socioaffective Touch gesture (SATg) classification (see Table 4.1).

-Cross-compare Machine Learning models trained respectively on S and SI data to find out which condition generalize better.

In the SATED database, participants watched then annotated the videos in terms of and Stimuli-Imitation condition (video and scenario) to measure the effect of introducing a sceanrio on the annotations. Here we compare :

-Intra-and Inter-subject annotations consistency.

-Valence and Arousal annotations.

Finally, we investigate the influence of individual traits : empathy, personality on the Stimuli-imitation (SI) valence and arousal annotations. In Stimuli-imitation we used videos of social touch interaction to elicit affective response in participants. A study done by Peled-Avron et al. [START_REF] Leehe | The role of empathy in the neural responses to observed human social touch[END_REF] showed that the perception of social touch is modulated by empathy. Similarly, another study suggests that the brain vicarious response to observed touch interact with participant personality traits [START_REF] Michael | Mirror-like brain responses to observed touch and personality dimensions[END_REF]. We believe that social touch is experienced differently from a person to another, and that SI stimuli are perceived differently depending on empathy and personality scores of participants.
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User study

In our study, participants will interact tactually with a mannequin equipped with pressure sensors (details in the subsequent section). The interaction involves the upper-body of both mannequin and participants. To collect useful data, sensors should be placed on the mannequin in accordance with the stimuli. In the Stimuliimitation condition (SI), participants imitate the touch interaction displayed in the videos, therefore sensors should be placed in accordance with the videos. Though we ignore where the Scenario condition (S) participants will touch the mannequin, if their touch expression will not deviate highly from the SI condition in that the videos are an implementation of the scenarios. A first step is to select suitable stimuli from SATED for our study.

The Mannequin

The mannequin (Figure 4.7) was composed of a fiberglass bust covered with a linen fabric tied to an adjustable stand. To ensure the stability of the overall structure and to prevent the mannequin from tilting to the left or to the right, the height of the mannequin was fixed at 175 cm (average male height in France), and two heavy metallic bars were screwed to the end of the stand. Two cylindrical arms were attached to the bust : (1) a left arm made of cardboard, and (2) a 3D printed arm made of plastic that serves as support for symmetrical touch gestures that requires touching both arms (e.g shake).

Stimuli selection & Sensors placement

Stimuli selection : the SATED (Socio-affective touch expression database) [START_REF] Haemy | Socio-affective touch expression database[END_REF] comprised 13 stimuli (Figure 4.3) dedicated to social touch between humans, and 12 stimuli where humans touch objects. The later were not considered in this study. From the 13 stimuli we excluded the ones that : (1) Are not feasible on a mannequin, (

Both actors initiate touch gestures at the same time, (3) Involves the mannequin hand thus require a hand-sensor. Accordingly, we were left with the following stimuli :

-4 Positive touch gestures : 2 hugs (hug_2p, hug_3p) and 2 strokes (str_1p, str_2p).

-3 Negative touch gestures : 2 shakes (sha_1n, sha_2n) and 1 slap (slap_1n)

Initially we had selected also a neutral Touch gesture : Tap1_neu. Even though it respected the aforementioned selection criterion, it was removed because no signal was detected in the pilot study.

Sensors placement : The selected stimuli were given to six annotators (colleagues from the lab) that watched the stimuli videos, then indicated where the touch occured on both actors body (Male and Female) using the form depicted in From the annotation data, we found that some body parts were more frequently touched than others (from the touch receiver perspective), therefore covering the mannequin full-body with sensors is not necessary. We decided to place two sensors on : left-arm and left-shoulder. However to discriminate between hug_2p and hug_3p ; and between a hug and a stroke for instance, we need to place more sensors on the mannequin. Consequently, we added a sensor on the Chest and another one on the Back (covering 50% upper-back and 50% lower-back). Furthermore, no sensor was placed on the Forearm because no signal was detected in pilot study.

For sensing touch gesture, we used the plug-and-wear 12x12 HIGHDYN pressure sensors (Figure 4.7). Each sensor recorded a 12*12 pressure matrix (144 channels) at a sampling rate of 30 Hz, and each value channel ranged between 0 to 255. Consequently, the mannequin sensors collects pressure and position data simultaneously from the aforementioned four body parts : left-Arm, left-Shoulder, Chest and back.

To hide sensors from participants, we dressed the mannequin with a soft fabric tracksuit jacket (Figure 4.6).

User study

Each stimulus consists of 3 videos, to reduce the length of the experiment we selected only 2 videos for each stimulus ( 

Study setup

The study was conducted in two separate rooms at the INSEAD Behavioral Lab : (i) a room where participants filled two questionnaires (described in Individual traits assessment section), (ii) and another one where the experiment was held. The protocol was approved by the "INSEAD Behavioral Lab" ethics committee.

In the experimental room depicted in (Figure 4.8) a desktop computer was connected to the mannequin-sensor and to a camera. On the other side of the room, a wireless keyboard was placed on a table within the participant arm's reach. The distance between the tape and the mannequin-sensor is approximately 120 cm ; and distance between the tape and the camera is approximately 190 cm. For the display of stimuli, a dell screen (52cm x 30cm) was placed at approximately α=30 • to right of the participant at also 120 cm. All the devices were orchestrated by a PsychoPy script. 

Participants

Individual traits assesment

To asses the influence of dispositional empathy and personality on the perception of the SI stimuli (video and scenario), participants were asked to fill, at the end of the experiment, the following questionnaires :

Interpersonal Reactivity Index (IRI)

IRI is a self-report method for measuring dispositional empathy [START_REF] Mark | Measuring individual differences in empathy : Evidence for a multidimensional approach[END_REF]. In contrast to situational empathy which is a response to a specific eliciting situation, dispositional 

Big Five (BF)

The big five framework is a taxonomy based system for personality traits measurement. It is widely used by researchers to explore relationships between individual differences in personality and a variables of interest such as mental health or academic performance. It defines personality in terms of five core factors that could be understood through the following traits :

-Openness : Imagination, Creativity, Curiosity (10 items).

-Conscientiousness : Persistence, Reliability (9 items).

-Extraversion : Sociableness, Warmth, Energy (8 items).

-Agreeableness : Altruism, Trust, Loyalty (10 items).

-Neuroticism : Awkwardness, Nervousness, Anxiety (8 items).

In this study we used a french version called BFI-Fr [START_REF] Odile | Validation par analyse factorielle du Big Five Inventory français (BFI-Fr). Analyse convergente avec le NEO-PI-R[END_REF]. The questionnaire contains 44 items not equally divided among the five factors.

Participants self-assessment of Valence and Arousal

Emotions were assessed using the SAM (self-assessment manikin). SAM is a nonverbal pictorial technique that measures the affect experienced while processing an emotional stimuli according to valence, arousal and dominance (not measured here) using a likert scale (e.g 1-9). A sheet of paper containing both the valence and arousal SAM was placed on the table next to the wireless keyboard (input device). At each end of the SAM (valence and arousal) affective states were given for reference to help participants (Figure 4.9). FIGURE 4.9 -Self-assessment Manikin [17] Chapter 4. Stimuli-Imitation : Elicitation Approach for Social Touch Gesture Data Collection

Experiment protocol

The experiment included three successive parts : (i) familiarization with the mannequinsensor, (ii) a condition-dependent task (main task) repeated three times, (iii) two questionnaires filled in a separate room. 4.1). Participants were asked first, to read carefully the scenario, then locate in the video the person -identifiable by shirt color-that initiate the touch gesture. Then, while identifying with the touch initiator, to asses their feeling about the communicated socio-affective message, by considering the contextual information from the scenario and the visual cues provided by the sated video. The assessment of emotions was done using the Self-Assessment Manikin (Figure 4.9) tool on a scale of 1-9 for valence and arousal.

In the imitation task, participants were asked, similarly, to identify with the actor that initiate the touch gesture, then imitate on the mannequin-sensor the observed touch gesture with the same energy level. An exception was made for the stroke touch gesture. The fact that we are using pressure sensors makes it difficult to detect light strokes, therefore we instructed participants to apply a reasonable force when stroking : sufficient to activate the sensor (familiarization phase helped here) without hurting the spontaneity of the touch gesture. A set of instructions were given to guide participants through the data collection phase of touch gestures :

1. Stand in front of the mannequin-sensor while putting both feets on the tape (figure 4.8).

2. Press space on the wireless keyboard to start the recording process.

3. Imitate the touch gesture on the mannequin-sensor after hearing the first beep sound.

Stop when hearing the second beep sound (interval between sound beeps is 8 seconds).

This process is repeated for all the selected stimuli. Here, participants were instructed to use their imagination or memory to generate the touch gesture. 

Social Touch Recognition

In this section we study the influence of visual cues and imitation on automatic social touch recognition by considering two conditions (Figure 4.12) :

-SI condition : Participants were provided with a scenario and a social touch interaction video, then were asked to imitate the touch interaction displayed, on the mannequin-sensor (Figure 4.7).

-S condition : Participants were provided only with a scenario (Table 4.1) then were asked to perform a touch gesture on the mannequin-sensor.

Social Touch Recognition

touch gesture using Synthetic Minority Oversampling Technique or SMOTE [26].

SMOTE was applied on the features described in the next section. The final number of samples for each condition is therefore 960 instead of 840. Adding a synthesized Slap1_n is equivalent of adding two extra videos for SI, or adding one scenario for S.

Feature Extraction

In the chapter 3, we found that the literature on social touch gesture recognition divided features into three groups [START_REF] Viet-Cuong | The Grenoble System for the Social Touch Challenge at ICMI 2015[END_REF] We extracted 135 features for each sensor. Therefore the total set of features used as input for our model is 540 (135 features x 4 sensors).

Model and Training

A Support Vector Machine (SVM) was used as a baseline for Touch gesture and 

Results

The train/test split was repeated 30 times, and each time subjects were assigned randomly between the train (14 subjects) and test set (6 subjects).

Touch gesture and SATg recognition

The SVM models trained and evaluated on the Stimuli-imitation condition gave higher accuracy scores for Touch gesture recognition (81% against 67%) and Socio-Affective Touch gesture (SATg) recognition (60% against 43%) than the models trained on the Scenario condition (Figure 4.13).

In the case of Socio-affective Touch gesture recognition and in both conditions, an F1-score was calculated on binary confusion matrices composed of SATg (e.g str1_p and str2_p) that belong to the same Touch gesture (e.g Stroke) :

-Hug (SI-F1=0.65, S-F1=0.36) ;

-Stroke (SI-F1=0.75, S-F1=0.51) ;

-Shake (SI-F1=0.76, S-F1=0.70).

The Slap touch gesture contains only one SATg therefore it was excluded from this analysis. The model trained on stimuli-imitation was able to differentiate between SATg that belong to the same touch gesture more accurately than the one trained on Scenario condition.

Cross-Comparing Models

The SVM S and SVM SI models were trained respectively on the S and SI training sets.

The Table 4.2 and 4.3 summarize the Accuracy results (Mean and SD) obtained on the S and SI test sets by the two models. We found that : (i) models trained on SI generalize well on S ( SVM SI (S) ≈ SVM S (S) ) for both tasks ; and (ii) models trained on S gave better results on SI than S ( SVM S (SI) > SVM S (S) ) for Touch gesture recognition. However, for SATg recognition we found that the gap is smaller ( SVM S (SI)

≈ SVM S (S) ). 

Affect Elicitation through observed Socio-Affective Touch

In this section we measure the influence of contextual information on affect elicitation through observed Socio-affective Touch. The context is encoded in scenarios that evoke a certain touch expression (Table 4.1), and the observed videos are an implementation of the scenarios by actors [START_REF] Haemy | Socio-affective touch expression database[END_REF]. Accordingly, two conditions are considered :

-SI condition : participant reads the scenario and watch the associated video before assessing their Affect (Context-dependent).

-SATED condition : participant watches only the video before assessing their Affect (Context-free).

In the SI condition, 20 participants rated 3 times (repetitions) 14 pairs (video, scenario) in term of valence and arousal. To match SATED annotations where 20 participants rated 2 times the sames 14 videos we only considered the 2 first repetitions for SI. Therefore, the total number of annotations per SATg for SI and SATED is 80.

First, to assess the influence of context we compared for both conditions : (i) the annotations consistency ; and (ii) the valence and arousal distributions for each SATg.

Second, we explored also how individual traits such as dispositional empathy and personality modulates affect elicitation in participants. 

Annotations consistency

The purpose here is to evaluate the influence of context on annotation consistency by comparing the SI and SATED conditions. We believe that providing participants with a scenario in addition to the video will improve annotation consistency.

Inter-subject consistency : Per participant and for each of the 14 pairs (videos and associated scenarios) we averaged the ratings across the first and second repetition then calculated Spearman rank-order correlation between every pair of participants.

The results (Figure 4.15) shows that there is a strong correlation between participants ratings in term of Arousal (Median=0.88, P<0.005) and a moderate correlation for Valence (Median=0.60, P<0.05). Furthermore, a Welch's t-test show a significant mean difference in term of Valence between SI and SATED (t(378)=3.95, P<0.0001).

Intra-subject consistency : Per participant we calculated Spearman rank-order correlation of ratings between the first and the second repetition. The results depicted in figure 6 shows that participants were consistent in their ratings of Valence (Me-dian=0.92115, P<0.001) and Arousal (Median=0.78, P<0.01) for the 14 pairs (videos and associated scenario). Furthermore, a Welch's t-test show a significant mean difference in term of Arousal between SI and SATED (t(38)=4.08, P<0.0005). to negative scores (Mean=4, SD=1.56) and (Mean=4.19, SD=1.36). Furthermore, SATg that belongs to the same touch gesture such as (hug3_p and hug2_p) and (str1_p and str1_p) were rated as similar for the SATED condition and dissimilar for the SI condition. For Arousal, no significant difference was found between the two conditions.

Interactions with Individual Traits : Empathy and Personality

In this section we used only the SI annotations. For each SATg (e.g hug3_p), we divided the annotation into two groups using the median value of the studied traits (e.g IRI_PT) then applied the Mann-Whitney U test to compare the two groups in terms of Arousal (Table 4.4) and Valence ( 

Discussion

Social Touch Recognition : The results on Social Touch Recognition (Figure 4.13)

indicates that the model trained on the Stimuli-imitation condition (SI) gave better accuracy scores than the one trained on the S condition ( SVM SI (SI) > SVM S (S) ). By employing imitation, we constrained SI subjects to follow prototypical exemplars of touch gestures, allowing a reduction of inter-subject variability. It is worth noting that the length of the imitated videos (3 seconds) was sufficient to understand the gist of the interaction, but not long that subjects could replicate exactly the same touch gestures. Therefore, a part of the variability was conserved in order to train models that generalize.

Discussion

Furthermore, result obtained on SATg (Socio-Affective Touch gesture) recognition (Figure 4.13) shows that models trained on SI were more accurate at differentiating SATg that belong to the same touch gesture (See F1-scores in results section).

A straightforward explanation is that subjects in SI were exposed to a specific set of videos for each SATg (e.g hug2p videos are 15 and 28) while subjects in S used their imagination and experience to generate touch gestures.

Also, we could argue that the advantage that SI has on S on both tasks (Touch gesture and SATg recognition) is a consequence of placing the sensors on the mannequin in accordance with the imitated videos (Stimuli selection section). Therefore, SI subjects are more likely to touch more sensors than the S condition.

Although it is intuitive to think that models trained on SI (videos exemplars) will generalize badly on the S (subjective exemplar), results in Tables 4.2 and 4.3 suggest the opposite ( SVM SI (S) ≈ SVM S (S) ). This could mean that the collected SI data are more prototypical and representative of each scenario, or that we need more sensors to capture the complexity of touch gestures in the Scenario condition.

Moreover, we found that a model trained on S gave better (similar) accuracy on SI for Touch gesture (SATg) recognition than on S ( SVM S (SI) > SVM S (S) ). This result was unexpected and could mean that SI data are clustered around prototypes [START_REF] Eleanor | On the internal structure of perceptual and semantic categories[END_REF] : "the most typical example of a concept abstracted from a person experience with a category's exemplars". For the S condition prototypes are subjective and depends on the participants experience, while for SI prototypes are the imitated videos from sated (Figure 4.18). Therefore, SI data are easier to classify with a model trained with S data.

Affect Elicitation : The results obtained on Affect elicitation through observed Social Touch (Figure 4.17) suggest that subjects tend to rate as similar SATg that belong to the same touch gesture when context is not available (SATED condition), even though the socio-affective meaning is different. As an example, the hug2_p represent a touch gesture that convey love and intimacy while hug3_p is a consolation hug. From a third person view, a consolation hug is perceived as positive. But when context was introduced in the form of a scenario, in which subjects adopted a first person perspective, for instance, str2_p :"Your friend is crying. You want to console this person by stroking on his (her) arms." valence annotations were organized around meaning and affect was experienced vicariously through actors.

By using the pronoun 'Your/You' we draw subjects attention towards a specific socio-affective situation ; and by displaying an emotionally charged videos we induce a specific emotional state. Consequently, the emotional annotations collected are situation-dependent and reflect an approximation of the subject affective state. Meaning that providing a context converges subjects annotations towards a shared socio-affective meaning.

Conclusion

The present study focuses on providing a novel way of collecting Socio-Affective Touch data, a framework that put constraint on Touch gesture elicitation by means of imitation, and modulates Affect elicitation by including context through Socio-Affective Scenarios. Compared to other elicitation methods present in the literature (Table 2.1) where stimuli is vague (e.g tap or love labels), subjective and divorced from social context. Our framework provides subjects with specific socio-affective stimuli (videos and scenarios) then asked them to imitate the stimuli hence the name stimuli-imitation. The framework seeks collecting prototypical data that could be used to train Social Touch Recognition systems that generalize well on various

Conclusion

conditions -in this study we only tested the Scenario condition. Additionally, the framework reduces the number of required sensors to capture effectively a touch gesture, and consider an interaction that involves the upper-body instead of focusing on a specific body part (e.g. mannequin arm [START_REF] Merel | Touching the Void -Introducing CoST : Corpus of Social Touch[END_REF]). Furthermore, most Social Touch studies developed systems that successfully recognized Touch gesture [START_REF] Merel | Touch Challenge '15 : Recognizing Social Touch Gestures[END_REF],

Social messages and Emotions [START_REF] David | Interpretation of Social Touch on an Artificial Arm Covered with an EIT-based Sensitive Skin[END_REF]. However, neglected modulating factors that influence subject touch expression such as, social context and relationship (Table 2.1).

Our framework incorporates these modulators into the data collection process in a manner that reduces subjects cognitive load : instead of remembering or imagining an affective episode, subjects are provided with a scenario and a real life instance (video) to imitate. Our approach is similar to Stanislavski active analysis : "The best way to analyse the play, is to take action in the given circumstances", favoring embodiment over intellectualization of the Scenarios (Table 4.1) thus fostering authentic affect expression.

This work represents our effort towards building a comprehensive framework for studying Social Touch in Human-Machine Interaction. A framework that could be used to develop Personalized Affect Recognition system [START_REF] Ognjen | Personalized machine learning for robot perception of affect and engagement in autism therapy[END_REF] for Social Touch. In the next chapter we will build a personalized model for affect recognition through touch.

Chapter 5

Recognition of Affect and Individual Traits through Touch

Introduction

Socially intelligent machines are designed to naturally interact with humans [START_REF] Takayuki | Human-robot interaction in social robotics[END_REF].

To achieve this goal, machines should be capable of recognizing affect from socioemotional signals originating from humans. They rely on sensors to gather information from different modality such as vision, audition and touch and uses automatic analysis methods such as Machine Learning to assess affect [START_REF] Jyotirmay | Automatic analysis of affective postures and body motion to detect engagement with a game companion[END_REF]. Traditionally, these methods map the input features extracted from sensor data with an output that is usually a label (e.g emotion label : "Anger"). However, this approach does not take into consideration individual and cultural differences as opposed to Personalized systems [START_REF] Ognjen | Personalized machine learning for robot perception of affect and engagement in autism therapy[END_REF]. In chapter 4, we found that differences in terms of individual traits influenced valence and arousal annotations, and therefore building a personalized affect recognition system is possible.

The aim of this chapter is to build and evaluate two systems : (i) personalized affect recognition system ; and (ii) an individual trait recognition system. These systems will be built upon the stimuli-imitation framework discussed in the previous chapter, and therefore data collected from the SI condition will be used to train machine learning models (Random forest) to make predictions.

The Figure 5.1 describes the personalized affect recognition system. Here we believe that including personal information could enhance the performance of machines in detecting affect from touch. An assumption behind building a personalized system, is that the machine should be acquainted with the human, meaning that personal information is already extracted or that the machine is able to extract these information by itself. In this chapter, personal information was collected via forms (details in chapter 4) and concerned two stable traits that change slowly through time : personality and dispositional empathy. We believe that a personalized system could provide

Methodology

Individual Traits data

In Chapter 4 we employed 2 forms to collect Individual Traits data from participants :

(i) The Interpersonal Reactivity Index (IRI) measures dispositional empathy, it reflects the ability of a person to adopt others feeling and point of view, and it is a stable character trait. IRI is composed of four distinct subscales Perspective Taking, Empathic concern, Personal distress and Fantasy [START_REF] Mark | Measuring individual differences in empathy : Evidence for a multidimensional approach[END_REF] ; (ii) The big Five model proposes a taxonomy of personality along five dimensions : Opennes, Conscientiousness, Extraversion, Agreeableness and Neuroticism [START_REF] Odile | Validation par analyse factorielle du Big Five Inventory français (BFI-Fr). Analyse convergente avec le NEO-PI-R[END_REF]. A French version of each form was given to 20 participants. The Table 5 

Labels

Emotional labels

In this study we chose to represent affect using the Russell's circumplex model [START_REF] Russell | A circumplex model of affect[END_REF],

a dimensional model in which emotions are located following mainly valence (xaxis) and arousal (y-axis). Similar to Altun and Maclean [4] we used a modification of the of Russell's model called the affect grid [START_REF] Russell | A circumplex model of affect[END_REF]. The affect grid (Figure 5.2) divides the space into 9 affective states {e i , i=1..9}.

Chapter 5. Recognition of Affect and Individual Traits through Touch Furthermore, stimuli were annotated by participants in terms of valence and arousal using the self-assessment manikin, where scores ranged from 1 to 9 (Figure 4.9). To represent our stimuli in the affect grid, we associated to each affective state a valence and arousal range as depicted in Figure 5.2. For instance, the scores that fall within (4,5,6) for valence and (7,8,9) for arousal will be mapped to the aroused state (e 2 ).

After transforming all valence and arousal scores into emotional labels, we obtain a database that maps touch gesture features with emotional labels, and the Figure 5.3

shows the frequency of each emotional label.

(1, 2, 3) 

Individual Traits labels

Personality and Empathy scores collected in our study (Table 5.1) were divided into two classes (High and Low) for each dimension using mean scores from the original studies [START_REF] Mark | Measuring individual differences in empathy : Evidence for a multidimensional approach[END_REF] [108] (see IRI and BFI Tables in Appendix A). As example, in the original study of IRI [START_REF] Mark | Measuring individual differences in empathy : Evidence for a multidimensional approach[END_REF] the mean value of Perspective Taking (PT) for Males is 16.78.

Consequently, Males in our study with a PT score higher than 16.78 will labeled as high in PT. In this task, classification is binary (High or Low) and the evaluation is done using the average of f1 scores and accuracy.

Loss functions

To evaluate the personalized affect recognition classifier, we introduce two loss functions. The first is the discrete loss function (L D ) defined such that a classification is either correct or incorrect, for instance, mis-classifying e 1 (distressed) with e 9 (relaxed) is similar to mis-classifying e 1 (distressed) with e 2 (aroused).

L D (e j ; e i ) =

   1, if i = j 0, otherwise
The second is the Euclidean loss function (L E ), defined in equation 5.1 such as opposite labels of the affect-grid diagonal (e.g e 1 , e 9 ) yield a loss value of 1 (As a consequence the value of k is 1

√ 8 )
. L E is a distance-based loss function that assigns a degree to an incorrect classification, and therefore take into consideration the proximity of the predicted emotional label e i to the true emotional label in the affect-grid (near misses).

L E (e j ; e i ) = k (x ix j ) 2 +(y iy j ) 2 (5.1)

Both of these loss functions were introduced in Altun and MacLean paper [4] (classifier evaluation based on a choice of loss functions section) to evaluate the classifier performance. The expected loss L i calculates the total loss for mis-classifying e i and is defined as follow :

L i (L) = 9 ∑ j=1
L(e j ; e i )P(e j ; e i ); i=1..9

Where P(e j ;e i ) is the probability of predicting e j when the truth is e i . This probability is calculated from the the classifier predictions (confusion matrix), and is defined as follow :

P(e j ; e i ) = Number of samples e i classified as e j Number of samples in class i

Analysis and discussion

Training

We used Random Forest (RF) classifier for its ability to handle a large number of features. In addition, the scikit-learn implementation of RF has a built-in method to measure feature importance based on gini impurity which is useful for comparing and evaluating features. Also, we saw in chapter 3 that RF is effective for Touch gesture recognition tasks [START_REF] Cuong | The Grenoble System for the Social Touch Challenge at ICMI 2015[END_REF] and outperforms other methods such as support vector machine (SVM). The emotional labels (Figure 5.3), and Individual Traits labels distributions are unbalanced, therefore we used a 10-fold Stratified cross validation from scikit-learn [START_REF] Pedregosa | Scikit-learn : Machine Learning in Python[END_REF] where folds were made by preserving the percentage of samples for each class. On the train split we used an up-sampling technique called SMOTE [26] to enhance the performance of the classifier. However, the validation/test split was left untouched to avoid bias. Furthermore, we used the the dummy classifier (scikitlearn) as baseline to compare with the Random Forest. We tested 3 strategies for the 

Personalized Affect Recognition

Influence of Individual Traits on the classifier performance

Random Forest models were trained on two different features. The first model (RF X ) was trained and tested using only touch data, while the other (RF X+IT ) used the combination of touch data and individual traits (IT). The results in Table 5.1 show that both models outperform the baselines (stratified, most_frequent and uniform), and that the RF X+IT give better than RF X for accuracy (0.51% against 0.44%) and for the average of f1 scores (0.35 against 0.26). Also, we noticed that e 1 f1-score was far better (Mean :0.79 ; Std : 0.03) than e 2 (Mean :0.18 ; Std : 0.17) for RF X+IT . This result could be explained by the fact that we have more e 1 than e 2 instances (Figure 5.3)

thus the model find it easier to correctly classify e 1 .

Analysis and discussion

Furthermore, we measured the influence of all features (Sensors features and individual traits scores combined) by using the Random Forest feature selection module [START_REF] Pedregosa | Scikit-learn : Machine Learning in Python[END_REF]. After pre-processing features importance scores (standardization), we considered only values that are above the mean (positive values). The Figure 5.4 shows that features extracted from the Arm sensor are more important than features extracted from the other sensors (back, chest and shoulder). This result could be explained by the fact that the mannequin was touched in the Arm for most touch gestures (Hug, Stroke, Shake, Slap). Additionally, we found that individual traits comes at the second place in terms feature importance which means that personality and empathy features are discriminative thus enhances the classifier performance. 

Evaluation of RF X+IT using loss functions

In the previous section we found that including individual traits enhanced emotional labels classification results (Accuracy : 0.51, f1-avg : 0.35) (Table 5.3). In this section we want to evaluate the RF X+IT classifier in a fine-grained manner, instead of using summary scores (e.g accuracy) we want to inspect mis-classification errors for each emotional label.

In a Human-Machine interaction, the quality of an interaction depends on the ability of the machine to accurately recognize the human affect hence classification errors impact negatively the interaction. However, not all errors are equal, for instance, mis-classifying a relaxed state (e 9 ) with distressed state (e 1 ) does not have the same impact on an interaction as mis-classifying a relaxed state (e 9 ) with a pleased state (e 6 ). Consequently, in this section, we want to determine, for each emotional label, the closeness of mis-classification.

As we discussed earlier, the L E loss function penalize highly mis-classification where the predicted label is far from the true label in the affect-grid, while the L D is indifferent to the closeness of the mis-classification. A first step is to calculate the expected loss for each emotional label. The confusion matrix for RF X+IT (Figure 5.5) was

Analysis and discussion

calculated by averaging the classification results obtained from the 10-fold crossvalidation. We used this matrix to estimate the probability P(e j ;e i ) (probability of predicting e j when the truth is e i ), then calculated the expected loss L i (L) for the Euclidean distance loss L E and the Discrete loss L D on each emotional label e i . Results in Table 5.4 show that L i (L E ) < L i (L D ) which is an expected result because L E penalize less close mis-classifications (near misses) than L D .

However, expected losses L i (L) do not take into account the frequency of the emotional labels (Figure 5. emotional label e i means that e i was mis-classified with proximal emotional labels in the affect-grid (e.g e 1 and e 2 ). 

p i (E) = L i (strat E ) -L i (L E ) L i (strat E ) (5.2) N M i = p i (E) -p i (D) (5.3) e i L i (L E ) L i (strat E ) p i (E) L i (L D ) L i (strat D ) p i (D) 1 

Analysis and discussion

Near misses :

Figure 5.7 depicts the NM rate for each emotion label. We notice that near misses are the highest for e 6 (mostly hug2_p and str1_p) and e 9 (mostly hug2_p and str1_p) in the case of positive valence emotions ; and for e 7 (mostly hug3_p and str2_p) for negative valence emotions.

Looking into the confusion matrix, we notice that e 6 (pleased) and e 9 (relaxed) were mainly confused with e 3 (excited). All the aforementioned emotions shared hug2_p and str1_p as predominant stimuli (SATg Table 4.1) which could explains relatively the confusion : it is difficult for the RF X+IT to separate, for instance, two hug touch gesture that were annotated differently. In addition, we know that subjects imitated the same videos (from SATED) thus it is more likely that confusion occurred as a consequence of annotation variability between subjects, a variability that could be explained by differences in term of individual traits. As we saw in chapter 4 : Table 4.4,

Perspective taking and Neuroticism scores influenced highly arousal annotations for str1_p and hug2_p. Here, confusion occurred mainly following the arousal direction for e 6 , e 3 and e 9 .

Similarly, we noticed that e 7 (depressed) was confused mainly with e 4 , e 5 and e 8 , and that the predominant stimuli were hug3_p and str2_p. In addition to arousal, valence annotations were also affected by individual traits (Table 4.4 and 4.5), which means that confusion occurred in both direction (valence and arousal).

Although we included Individual Traits as input for our system, it is difficult to eradicate completely confusion, especially for near misses. However, results found in Table 5.1 shows how including IT data mitigated partly this problem. 

Individual Traits recognition from Touch

In the previous section we found out that affect could be derived from touch in a Human-Machine interaction. Similarly, we want to explore whether information about personality and empathy could be extracted from touch. From the 20 participants that we recruited, individual traits were obtained using questionnaires and concerned only traits that are stable over time. We attributed to each participant a label for each traits (High or Low) using mean scores obtained from studies with large samples [34] [108]. In other words, a participant with a value higher than the mean for a trait (e.g perspective taking) will be labeled as High for this trait. The task is a binary classification that follows the same training process as we saw the previous section.

Results for both empathy and personality are summarized in 

Conclusion

In this chapter we showed that adding personal information enhanced affect recognition scores. The affective labels we used in this study were derived from valence and arousal scores annotated by participants. And as we saw in Tables 4.5 and 4.4

(chapter 4), participants valence and arousal annotations were influenced by personality traits, therefore including these personal traits as input allowed the model to take into account the differences between participants in terms of stimuli annotation. The results found in the Near misses section show that even though including IT improves the model performance (Table 5.1), close labels are difficult to classify.

As for individual traits recognition, we obtained above chance level classification of both BFI and Empathy. We believe that performance could be enhanced if emotional labels were balanced thus in future work we will design stimuli such that every emotional label is represented equally.

Chapter 6

Conclusion and Perspectives

This dissertation aims at developing socially intelligent machines capable of interacting with humans through touch. In a Human-Machine interaction, machines are expected to touch and to respond adequately to it. A first step towards building systems capable of achieving this goal, is to mimic how humans interpret and respond to social touch. As we reported in chapter 2, the interpretation of interpersonal touch for humans is a result of physiological (bottom-up) and psychological processes (top-down) working in tandem. While in the first, researchers were interested in how information flows from the skin to the brain, in the second there was an interest in studying contextual factors that modulates the meaning of a touch.

For socially intelligent machines, the interactive cycle is composed of four successive components : (i) sensing ; (ii) automatic recognition and interpretation ; and (iii)

generating or responding to touch. In this thesis we were mainly focused on facing challenges relating the first and second components.

In the case of automatic recognition of touch, we worked in chapter 3, towards developing an End-End touch gesture recognition algorithm, that we called Attentive Touch Network (ATM). ATM was used to classify 14 touch gestures for the CoST database (Corpus of Social Touch) and 7 touch gestures for the HAART database (Human-Animal Affective Robot Touch) following the rules dictated by the ICMI Social Touch Challenge. The results we obtained in this challenge (60.9% for CoST ;

67.8% for HAART) were similar to the ones obtained by the winner of the challenge (61.3% for CoST ; 70.9% for HAART). Although we did not outperform the best results, our method required no feature engineering efforts ; and used self-attention as an efficient alternative to Recurrent neural network (RNN) for touch gesture sequence processing.

Chapter 6. Conclusion and Perspectives

The social touch challenge offered an opportunity to understand how touch gestures were elicited in a Human-Machine interaction. Using labels to elicit touch gesture presented several limitations : data collected through labels-based approach is context-free, socially divorced and exhibit high inter-subject variability. In chapter 4

we proposed a novel framework for data collection that take into consideration the synergy between contextual factors (e.g relationship) and touch. We called our framework stimuli-imitation, and it used a scenario-based stimuli enriched with social touch interaction videos. In Stimuli-imitation, a participant reads the scenario and imitates the videos (taken from SATED database). The framework was evaluated on its ability to produce consistent annotations (valence and arousal annotations), and consistent touch gestures. Furthermore, the majority of previous studies considered a localized form of interactions where participants touch, for instance, a mannequinarm or a zoomorphic animal. In our framework, we involved the full upper-body of participants by selecting touch gestures such as Hug from the SATED database, and by building a sensor (mannequin-sensor) that collect touch data from four body parts (Arm, Shoulder, Chest and Back). In this chapter, we also showed that individual traits such personality and empathy influenced participants valence and arousal annotations of stimuli, and therefore building a personalized affect recognition system is possible.

As we saw in chapter 2, an affect recognition system could be built in two ways : (i) one-step system ; and (ii) two-step system. The two-step system identifies first the touch gesture then attach an affective meaning to it, while the one-step system derive affective meaning directly from touch sensors data. In chapter 5 we built a onestep system for personalized affect recognition. The system combined individual traits, touch gesture and annotations (valence and arousal) data, collected under the stimuli-imitation framework, to predict affect. We used a random forest model and a similar set of features as chapter 4. The results found, showed that including individual traits enhanced classification performance for accuracy and f1 average scores (summary scores). However, not all classification errors are equal in terms of their impact on the unfolding of an interaction. Consequently, a fine grained analysis that take into consideration the closeness of the affective states in the affect-grid (near misses) was deemed necessary for a comprehensive evaluation of classifier (Random forest). Furthermore, we also showed that individual traits could be recognized from touch in an above chance level.

Chapter 6. Conclusion and Perspectives

The purpose of this thesis is the integration of socio-affective touch into interactive systems. In the context of Human-Machine interaction, a socially intelligent machine should be able to sense, recognize and respond appropriately to Social Touch. In this research we introduced a novel framework for collecting socio-affective touch data and developed algorithms that enables its interpretation. Therefore, our contributions were mainly about the interpretation of touch from the machine perspective.

However, we believe that closing the interactive loop by designing a system that generate adequate touch expressions is the next natural step toward deploying socially intelligent machines in naturalistic environments such as hospitals and healthcare centers. For such applications, it is important to consider challenges such as, designing an evaluation metric that measures the impact of an interaction on a patient (e.g engagement) ; real-time processing of touch data ; and multi-modality by including other channels of communication (e.g voice). Another challenge that is specific to modeling touch is the scarcity of data. As a consequence, it is difficult for machine learning algorithm to find patterns and generalize well. A simple solution is collect more data. However, data collection is costly and time consuming. We believe that in future research we will be working on an overarching framework that could homogenize the data collection process and encompass findings from various disciplines.
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 11 FIGURE 1.1 -Thesis challenges and contributions.
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 21 FIGURE 2.1 -Interpretation of touch in a Human-Human interaction and it's effects.
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 23 FIGURE 2.3 -Affect recognition pipeline : (i) Sensing ; (ii) automatic recognition (one step or two step system) ; (iii) affect model (e.g Russel circumplex)
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 24 FIGURE 2.4 -Paro Seal Robot

  three deep neural networks architecture were proposed for social touch gesture recognition : (1) CNNs ; (2) CNN-RNNs and (3) Autoencoder-RNNs. The CNNs and CNN-RNNs architectures used a 3D-CNN to extract spatio-temporal features on a sliding fixed windows. The CNN classified individual windows separately and assumed that a window had the same label as the global touch gesture while the CNN-RNNs fed sequentially the spatio-temporal representation from the 3D-CNN

  contains 7 touch gestures (No touch, Constant, Pat, Rub , Scratch, Stroke, Tickle) collected from 10 participants using a zoomorphic machine equipped with a 10x10 grid pressure sensor. Each touch gesture was collected for a fixed window of 10 seconds at 54 Hz, and each pixel (channel) represent a pressure value ranging from 0 to 972. Spatially, data was trimmed to 8x8 (64 channels) to

  3), which combines attention mechanisms and learning spatio-temporal representations for touch recognition. The rationale is that learning spatial encoding is of particular interest in touch gesture recognition since signals are per definition pressures obtained at different places of the sensors. The nature and variation of touch gestures in respect to the different gestures, user styles or hardware devices negatively impact the performance of traditional sequential representation learning such as RNN[START_REF] Quentin | Learning to recognize touch gestures : recurrent vs. convolutional features and dynamic sampling[END_REF]. The spatio-temporal representation learning is combined with intra-and inter-attention mechanisms able to optimize the learning process.

. 1 .

 1 Furthermore, the multi-head self-attention is a result of running the Scaled Dot-Product attention multiple times in parallel with different trainable parameters W q , W k and W v (3.3). These representations (heads) are concatenated then linearly transformed (3.2) into a single representation. This idea is similar to Ensemble Learning where we combine different representations to improve performance.
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 31 FIGURE 3.1 -Natural language processing example of selfattention applied to a sequence of two words. See Jay Alammar blog
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 342 Spatio-temporal encoding Spatial Encoding :Convolutional neural networks (CNN) are widely known for their outstanding performance on pattern recognition tasks, especially in computer vision tasks such as image classification. They receive as input raw images, and use a combination of filters and pooling layer to extract feature maps capable of detecting spatially-invariant patterns. To encode the spatial information of our input signal -a sequence of 8x8x1 frames, we applied a CNN at each position of the sequence (same CNN applied to all positions). The CNN architecture is depicted in Figure3.3.

  authors proposed "Positional Encoding" in order for the model to incorporate sequence order. Positional encoding consists of adding a unique d-dimensional vector at each position defined as follow : PE(pos, 2i) = sin(pos/1000 2i/d ) PE(pos, 2i + 1) = cos(pos/1000 2i/d ) where pos is the position and i is the depth (i ∈ [1, d/2]) and d=d model (figure 3.2).Positional encoding encodes position in a similar fashion to binary encoding, excepts it uses floats instead of integers and "allow the model to easily learn to attend by relative positions, since for any fixed offset k, PEpos+k can be represented as a linear function of PEpos"[START_REF] Vaswani | Attention is All You Need[END_REF]. In the example depicted in figure3.1, adding positional encoding helps the model understand that the word "Thinking" comes before the word "Machines".

FIGURE 3 . 2 -

 32 FIGURE 3.2 -Positional encoding used for CoST (sequencelength = 600 ; d= 64). For a position i we add a row i from this matrix to the CNN output vector (d=64) to encode position.
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 33 FIGURE 3.3 -Attentive Touch Model : architecture

  performed a leave-one-subject Cross-validation on 21 subjects for CoST and 7 subjects for HAART (training sets) to determine the best hyper-parameters. At this stage the test set is left untouched. Our search space was composed of a Learning rate : (7e-4, 5e-4,4e-4) ; Batch size : (16, 32, 64) ; Pool size, Filters and Kernel size : (2,3,4) ; FC1 and FC2 : (3, 12, 32) ; number of Heads : (8,16,32) ; epoch : (200) ; optimizer : (Adam [85]) ; loss-function : (categorical cross-entropy). Furthermore, we used Tensorflow [1] earlystopping callback with a patience of 30 epochs on validationloss to reduce training time (Stop training when a validation-loss has stopped improving) and used Modelcheckpoint callback to save the weights of the model with the lowest validation-loss.

Furthermore, our model

  inherits the advantages of the Transformer model[START_REF] Vaswani | Attention is All You Need[END_REF] such as : (i) modeling longer sequences : self-attention models the relationship between all positions non-sequentially. RNN's reads one position at a time thus information from the position 0 will barely reach the position 600 ; (ii) gaining insight into how information flows by visualizing self-attention weights. The limitation of this approach is the size of data, deep learning models require larger datasets to perform well which is difficult to achieve in the context of social touch recognition.
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 3435 FIGURE 3.4 -Confusion matrix for HAART dataset
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 41 FIGURE 4.1 -Stimuli-imitation protocol : (i) participant read a scenario and watch the associated video (stimulus) taken from SATED [89] ; (ii) Evaluate in term of valence and arousal the stimulus ; (iii) imitate the observed touch gesture on the mannequin.
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 42 FIGURE 4.2 -Scenario protocol : (i) participant read scenario taken from SATED [89] ; (ii) participant recall from past experience or use his imagination to produce the touch gesture.

  Figure 4.4. 
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 43 FIGURE 4.3 -This figure shows 13 stimuli taken from SATED [89]. Each stimuli is composed of 3 socio-affective touch expression videos varying in valence and arousal.

FIGURE 4 . 4 -

 44 FIGURE 4.4 -The figure shows the annotation form and the body-part map used by annotators
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 45 FIGURE 4.5 -For each selected stimulus (3 videos) six annotators indicated where the touch-recipient was touched. For instance, in the Tap1_neu stimulus the shoulder was the only body-part touched.
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 47 FIGURE 4.7 -The matrix sensor (right side) render position and pressure data when touched. Four matrix sensors are placed on the mannequin left arm, chest, left shoulder and back. The purpose of the mannequin-sensor is to collect social touch data from various regions of the body simultaneously.

  40 right handed participants (21 females) aged between 19 and 31 (Mean=23.2, SD=3.04), with a height between 148 cm and 190 cm (Mean=169.8, SD=8.88) were recruited by the INSEAD behavioral lab. Prior to the experiment, each participant signed a consent form and was assigned randomly to one of the two conditions (20 participants for each condition). Afterwards, the participant was led to a room where the instructions were explained.
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 48 FIGURE 4.8 -Experiment setup

  empathy is seen as a stable character trait. It measures people inclination toward adopting others feelings and point of views. It consists in 28-items answered on a 5 point likert scale ranging from "Does not describe me well" to "Describes me very well" and equally divided among four distinct subscales : -Perspective taking : the tendency to spontaneously adopt the psychological view of others in everyday life -Empathic concern : the tendency to experience feelings of sympathy or compassion for unfortunate others -Personal distress : tendency to experience distress or discomfort in response to extreme distress in others -Fantasy : the tendency to imaginatively transpose oneself into fictional situations 4.3. User study

First, participants were

  introduced to the mannequin-sensor and were asked to touch every sensor in this order : left-arm, left-shoulder, chest and back while watching on the screen the evolution of the output signal (12*12 pressure time series) for five minutes. At this stage, participants are aware of the exact location and responsiveness of the sensors placed on the mannequin. Next, participants were asked to perform a trial of the main task. For the main task, two conditions are considered :Stimuli-imitation (SI) condition is composed of two successive tasks (Figure 4.10) : (i) Elicitation & Evaluation ; (ii) Imitation. In the Elicitation & Evaluation task, a scenario portraying a social situation centered around touch (sated scenario) and its implementation (associated sated videos) were displayed (Table
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 4 FIGURE 4.10 -Stimuli-imitation tasks.
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 411 FIGURE 4.11 -Scenario task.

  [START_REF] Siewart Van Wingerden | A Neural Network Based Approach to Social Touch Classification[END_REF] :(1) Global features that represent overall statistics of the gestures ; (2) Channel-based features which focus on the relationship between channels ; (3) Sequence features that describe the change of the gesture.Then these features were combined and used as input to a model. In our case we used only Global features and Sequence features defined as follow :Global features :-Average pressure on the 144 channels over all frames (1 feature) ; -Maximum value of pressure of all channels over all frames (1 feature) ; -Standard deviation (SD) of pressure of all channels over all frames (1 feature) ; -Mean and SD of pressure over all frames of each column (24 features) ; -Mean and SD of pressure over all frames of each row (24 features) ; -Mean and SD of pressure over all frames of each diagonal (24 features) ; -Mean and SD of pressure over all frames of each opposite-diagonal (24 features) ; Sequence features : -Fast Fourier transform based features : these features are the results of applying the Fast Fourier operator to the sequence of average pressure. The first 16 highest frequencies values are used as features (16 features) ; -Discrete cosine transform based features : these features are the results of applying the DCT (type 2) operator to the sequence of average pressure. The first 20 values are used as features (20 features).

  Socio-affective touch gesture (SATg) recognition. First we normalized the training/test Chapter 4. Stimuli-Imitation : Elicitation Approach for Social Touch Gesture Data Collection data for each condition separately by removing the mean and dividing by the standard deviation. Then, a GridSearch from the Scikit-learn library was used to find the hyper-parameters that maximize the cross-validation score (3-fold cross-validation) on the training data. The hyper-parameters search space was composed of a Kernel : ['Linear', 'rbf','poly'], a regularization parameters C : [0.01,0.1,1,10,100,1000] and γ : [1,0.1,0.001,0.0001].
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 413 FIGURE 4.13 -Touch gesture and SATg recognition.
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 414 FIGURE 4.14 -Difference between an SI and SATED stimulus in the case of a Hug touch gesture
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 416452 FIGURE 4.16 -Intra-subject consistency

Furthermore, findings

  in Tables 4.5 and 4.4 show that difference between subjects in Personality (Neuroticism and Openness) and Empathy (Perspective Taking, Empatic Concerns and Personal Distress) traits influence how SATg stimuli are perceived.
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 4 FIGURE 4.18 -A representation of Stimuli-imitation and Scenario prototypes.
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 5253 FIGURE 5.2 -Location of emotional labels on the Affect-grid [4]

  dummy classifier : (i) stratified : generates predictions by respecting the training set's class distribution ; (ii) most_frequent : always predicts the most frequent label in the training set ; (iii) uniform : generates predictions uniformly at random. Lastly, data was standardized (subtract mean and divide by standard deviation).
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 54 FIGURE 5.4 -Random Forest features importance result.

  3), therefore, we calculated for each emotion the percentage decrease in loss for L E (p(E)) and L D (p(D)) for the RF X+IT and the Stratified classifier. Both p(E) and p(D) were calculated using the equation 5.2, and were used to calculate the Near-miss rate as defined in the equation 5.3. A high NM rate for an
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 5556 FIGURE 5.5 -Emotional labels confusion matrix.
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 57 FIGURE 5.7 -Near misses rate for each emotion.
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 12 Mean and std of personality traits-----------------------------------Index de Réactivité Interpersonnel (IRI-FR) Instructions : Le questionnaire suivant concerne vos pensées et vos sentiments dans différentes situations. Pour chaque item, indiquez dans quelle mesure la phrase vous correspond en choisissant la lettre appropriée sur l'échelle décrite en haut de cette page : A, B, C, D, ou E. Quand vous avez choisi votre réponse, cochez la lettre sur la feuille de réponse à coté du numéro de l'item. LISEZ CHAQUE ITEM ATTENTIVEMENT AVANT DE RÉPONDRE. Répondez le plus honnêtement possible. Merci. A Ne me décrit pas bien B Me décrit un peu C Me décrit moyennement D Me décrit assez bien E Me décrit très bien
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	Reference	Touch surface	Sensor(s)	Touch recognition of	Acc	Design	Year
	Naya et al. [101]	sensor sheet	pressure-sensitive conductive ink	5 gestures	87%	B	
	Iwata et al. [74]	robot	force sensing resistors (FSR)	10 gestures	22-53%	W	
	Stiehl et al. [130]						

1 -Social Touch Recognition. The design of experiments are : Between-subject (B), Within-subject (W) and Subjectindependent (SI)

  3.3. Social touch challenge datasets and protocolwas trained on the reduced signals (GM and AE) to calculate the likelihood scores (14 for CoST and 7 for HAART) of each touch gesture. These scores represents the frame-level features. At a gesture-level, two signals were computed from the origi-

	nal signal : (1) signal of average pressure ; (ii) signal of standard deviation. Three
	statistical features were calculated : average of signal (1) and (2) ; standard deviation
	of signal (

TABLE 3 .

 3 1 -Attentive Touch Model : Hyper-parameters (d model choice is dictated by the CNN hyper-parameters)

	Module	Layer	HParams CoST HAART
	CNN	Conv2D	Filters#	4	3
			Kernel size	3	3
		MaxPool2D	Pool size	2	2
	Intra	MHSA	heads	8	8
		MHSA FC1	d * model Num_units	64 32	48 3
	Inter	Bahdanau_att	d att	32	4
		FC2	Num_units	32	12

reduce noise coming from the edge of the sensor. Temporarily, the first and the last second were trimmed to provide an 8 seconds of continuous capture. The touch gestures were performed on 12 different conditions : 3 substrate conditions (firm and flat ; foam and flat ; foam and curve) and 4 fabric cover conditions (none ; short minkee ; long minkee ; synthetic fur). HAART contains 829 gestures and each gesture is 432 frames long (8*54 = 432). In the social touch challenge data was split into 7 participants for training and 3 participants for testing.

TABLE 3 .

 3 2 -Evaluation : Baselines and Attentive Touch Model

	Dataset	Paper	Classifier	Accuracy
	CoST	Ta et al.[133]	random forest	61.3%
		Gaus et al.[53]	random forest	58.7%
		Hughes et al.[71]	CNN-RNN	52.8%
		Hughes et al.[71]	CNN	42.3%
		Hughes et al.[72]	logistic regression	47.2%
		Balli Altugl et al.[11]	random forest	26.0%
		Our method	ATM	60.9%
	HAART	Ta et al.[133]	random forest	70.9%
		Hughes et al.		

Table 3 .

 3 2. Other studies achieved higher accuracy scores[3] [80][START_REF] Siewart Van Wingerden | A Neural Network Based Approach to Social Touch Classification[END_REF] but we only kept the ones that followed the social touch challenge protocol. Even though our model does not outperform the Ta et al.

model

[START_REF] Cuong | The Grenoble System for the Social Touch Challenge at ICMI 2015[END_REF]

, we have achieved similar results with a deep learning model on both datasets without resorting to feature engineering.

Table 4
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	Collection	Chapter 4. Stimuli-Imitation : Elicitation Approach for Social Touch Gesture Data

.1) FIGURE 4.6 -Participant hugging the mannequin.
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 4 

3 -Cross-Comparing Socio-Affective Touch Gesture models using accuracy scores.

Table 4 .

 4 5).

	Chapter 4. Stimuli-Imitation : Elicitation Approach for Social Touch Gesture Data
						Collection
			Arousal		
		SATg	Median + Median -U(70)	P
	IRI_PT	Hug3_p	4	5	1583 1e-4
		Slap1_n	5	7	1659 3e-4
		Str2_p	3	4	1609 1e-4
	IRI_EC	Hug3_p	4	5	1689 7e-4
		Str2_p	3	4	1609 1e-4
	IRI_PD	Str1_p	3.5	5	1707 1e-2
	Openness	Shake2_n	8	9	1612 2e-3
	Neuroticism Hug2_p	7	5	1904 1e-2

TABLE 4 .

 4 4 -Influence of empathy and personality on Arousal.

				Valence	
		SATg	Median + Median -U(70)	P
	IRI_PT	Hug3_p	3	4	1672 4e-4
	IRI_EC	Hug3_p	3	4	1800 2e-3
	Openness	Hug3_p	4	3	1456 3e-4
		Str2_p	5	3	1342 4e-5
	Neuroticism Hug3_p	4	3	1756 1e-3
		Str2_p	5	4	1755 1e-3

TABLE 4 .

 4 

5 -Influence of empathy and personality on Valence.

  .1 summarizes the collected data.

	Individual Traits	Our study
	N	11 Males	9 Females
	Fantasy (FS)	15.90 (6.80) 16.55 (6.32)
	Perspective	18.63 (5.37) 17.11 (7.04)
	Taking (PT)		
	Empathic	16.90 (5.14) 18.33 (5.26)
	Concern (EC)		
	Personal	11.09 (5.06) 9.33 (3.42)
	Distress (PD)		
	Extraversion (E)	2.95 (0.89)	3.50 (0.84)
	Agreeableness (A)	3.88 (0.61)	3.63 (0.97)
	Conscientiousness (C) 3.49 (0.71)	3.41 (0.63)
	Neuroticism (N)	2.69 (0.74)	3.05 (1.16)
	Openness (O)	3.97 (0.52)	3.56 (0.87)

TABLE 5 .

 5 1 -Mean and standard deviation of Personality dimensions and Empathy subscales.

Table 5 .

 5 2 is an example of the L E loss function applied on the e 1 emotional state. It shows that mis-classifying e 1 with e 2 gives a loss value of 0.35 and mis-classifying e 1 with e 9 gives a loss value of 1. As opposed to the L D loss function which always yield a loss value of 1, the L E loss function takes into account the closeness of the affective states in the affect-grid (Figure 5.2).

	L E (e 1 ;e 1 )=0	L E (e 2 ;e 1 )=0.35 L E (e 3 ;e 1 )=0.71
	L E (e 4 ;e 1 )=0.35 L E (e 5 ;e 1 )=0.5 L E (e 6 ;e 1 )=0.79
	L E (e 7 ;e 1 )=0.71 L E (e 8 ;e 1 )=0.79	L E (e 9 ;e 1 )=1

TABLE 5 .

 5 2 -Euclidean loss for e 1
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	Classifier	Random Forest		Baselines
	condition	RF X	RF X+IT	stratified most_frequent uniform
	e 1	0.77(0.04) 0.79(0.03) 0.29(0.05)	0.48(0.0)	0.17(0.05)
	e 2	0.12(0.15) 0.18(0.17) 0.09(0.08)	0.0(0.0)	0.03(0.04)
	e 3	0.37(0.03) 0.48(0.05) 0.19(0.05)	0.0(0.0)	0.13(0.06)
	e 4	0.22(0.09) 0.33(0.16) 0.12(0.03)	0.0(0.0)	0.13(0.1)
	e 5	0.14(0.07) 0.17(0.07) 0.07(0.01)	0.0(0.0)	0.09(0.06)
	e 6	0.17(0.14) 0.29(0.1) 0.05(0.04)	0.0(0.0)	0.1(0.03)
	e 7	0.2(0.12) 0.21(0.09) 0.05(0.07)	0.0(0.0)	0.06(0.05)
	e 8	0.05(0.06) 0.28(0.15) 0.05(0.04)	0.0(0.0)	0.06(0.03)
	e 9	0.35(0.11) 0.46(0.1) 0.13(0.09)	0.0(0.0)	0.07(0.02)
	Accuracy	0.44(0.03) 0.51(0.03) 0.17(0.03)	0.32(0.0)	0.11(0.02)
	f1-scores avg 0.26(0.03) 0.35(0.02) 0.12(0.02)	0.05(0.0)	0.09(0.02)

TABLE 5 .

 5 

3 -Classification results of emotional labels (e i ) reported using Mean and Std of f1-scores obtained from the 10fold cross validation for different conditions. At the bottom of the table results were summarized using Accuracy and f1scores average.

TABLE 5 .

 5 4 -Percentage decrease in loss for the Euclidean and Discrete loss functions calculated for each emotion

Table 5

 5 

	.5 and 5.6. To

.52(0.02) 0.52(0.01)

  

	Empathic	RF X	0.71(0.04) 0.6(0.04) 0

.66(0.03) 0.66(0.03)

  

	Concern (EC) frequent 0.71(0.0)	0.0(0.0)	0.55(0.0)	0.35(0.0)
		uniform 0.49(0.03) 0.46(0.02) 0.48(0.01) 0.48(0.01)
	Personal	RF X	0.4(0.07)	0.9(0.01) 0.83(0.02) 0.65(0.03)
	Distress (PD) stratified 0.22(0.05) 0.79(0.01) 0.67(0.01) 0.5(0.03)
		frequent	0.0(0.0)	0.89(0.0)	0.8(0.0)	0.44(0.0)

TABLE 5 .

 5 

	5 -Empathy classification results reported with f1-
	scores.

TABLE 5 .

 5 

6 

-Personality classification results reported with f1scores.

  Annexe B. Valence and Arousal recognition

	Arousal	X	X+IT	stratified most_frequent uniform
	1	0.2(0.23) 0.33(0.22) 0.04(0.08)	0.0(0.0)	0.03(0.05)
	2	0.22(0.13) 0.28(0.1) 0.04(0.05)	0.0(0.0)	0.09(0.07)
	3	0.21(0.03) 0.2(0.04) 0.16(0.03)	0.0(0.0)	0.12(0.08)
	4	0.15(0.03) 0.16(0.05) 0.08(0.06)	0.0(0.0)	0.14(0.08)
	5	0.17(0.02) 0.23(0.04) 0.11(0.12)	0.0(0.0)	0.15(0.09)
	6	0.16(0.08) 0.2(0.11) 0.11(0.06)	0.0(0.0)	0.17(0.05)
	7	0.22(0.08) 0.29(0.08) 0.13(0.04)	0.0(0.0)	0.16(0.06)
	8	0.4(0.06) 0.42(0.03) 0.11(0.04)	0.28(0.0)	0.15(0.06)
	9	0.39(0.03) 0.45(0.03) 0.08(0.05)	0.0(0.0)	0.14(0.05)
	accuracy	0.25(0.03) 0.29(0.03) 0.11(0.02)	0.16(0.0)	0.13(0.03)
	macro avg 0.24(0.05) 0.28(0.04) 0.09(0.02)	0.03(0.0)	0.13(0.03)

TABLE B .

 B 1 -Arousal classification results for RF X , RF X+IT and baselines. The metric used are f1-scores, f1-scores average and accuracy.

	Valence	X	X+IT	stratified most_frequent uniform
	1	0.54(0.1) 0.61(0.08) 0.16(0.06)	0.0(0.0)	0.07(0.04)
	2	0.28(0.1) 0.33(0.13) 0.16(0.06)	0.0(0.0)	0.09(0.03)
	3	0.36(0.01) 0.4(0.06) 0.11(0.05)	0.28(0.0)	0.11(0.04)
	4	0.14(0.06) 0.22(0.05) 0.13(0.02)	0.0(0.0)	0.13(0.07)
	5	0.12(0.07) 0.17(0.12) 0.12(0.05)	0.0(0.0)	0.09(0.04)
	6	0.1(0.08) 0.13(0.12) 0.06(0.06)	0.0(0.0)	0.05(0.07)
	7	0.24(0.04) 0.36(0.07) 0.13(0.04)	0.0(0.0)	0.08(0.07)
	8	0.29(0.06) 0.32(0.08)	0.2(0.1)	0.0(0.0)	0.07(0.07)
	9	0.3(0.11) 0.38(0.11) 0.05(0.04)	0.0(0.0)	0.06(0.04)
	accuracy	0.3(0.02) 0.36(0.03) 0.13(0.01)	0.16(0.0)	0.09(0.02)
	macro avg 0.26(0.01) 0.33(0.03) 0.13(0.01)	0.03(0.0)	0.08(0.03)

B.1.2 Valence recognition

FIGURE B.2 -Valence confusion matrix. B.1. Arousal and Valence recognition

TABLE B .

 B 2 -Valence classification results for RF X , RF X+IT and baselines. The metric used are f1-scores, f1-scores average and accuracy.

Chapter 4. Stimuli-Imitation : Elicitation Approach for Social Touch Gesture Data Collection

For Social Touch Recognition we consider two tasks : Touch gesture recognition and Socio-affective Touch gesture (SATg) recognition. In the former, the purpose is to classify 4 touch gestures (Hug, Stroke, Shake, Slap) regardless of the scenarios in which they are implemented, while in the latter we classify 7 touch gestures (hug2_p, hug3_p, Str1_p, Str2_p, Shake1_n, Shake2_n, Slap1_n) that holds a specific socioaffective meaning. Its important to note that, for instance, Str2_p is a special case of Hug (hierarchical relationship).

Machine learning models were trained and tested for both tasks using data collected under the two conditions (SI and S), and performance was measured using accuracy and F1 scores. To determine which data collection method generalizes well we crosscompared the models, by training on SI data then testing on S, and vice versa. 

Train and Test set

Data was collected from 40 participants, 20 for each condition :

In the Stimuli-imitation (SI) condition, 840 samples (20 subjects x 14 videos x 3 repetitions) were divided into a training set (70%, 588 samples, 14 subjects) and a test set (30%,252 samples, 6 subjects).

In the Scenario (S) condition, 840 samples (20 subjects x 7 scenarios x 6 repetitions)

were divided similarly into a training set (70%, 588 samples, 14 subjects) and a test set (30%,252 samples, 6 subjects). The training/test division was done randomly on subjects for both conditions.

The Slap touch gesture contains only one SATg : Slap1_n (Table 4.1) therefore the dataset is imbalanced. To balance the dataset we synthesized new examples for the Slap For Valence (Table 4.5), significant results were found only for the hug3_p and str2_p

SATg. The SATg hug3_p was perceived as more negative by participants that scored higher in perspective taking and empathic concerns. In addition, hug3_p and str2_p were perceived as more positive by participants that scored higher in Openness and Neuroticism. Furthermore, results on Arousal are summarized in Table 4.4.

Regarding Extraversion and Conscientiousness no significant results were found. Chapter 5. Recognition of Affect and Individual Traits through Touch an attentive care in elderly care centers or hospital, where human contact is the most needed.

In the second system, we use only touch data to predict individual traits such as personality and empathy. We believe that these traits influence how a person performs a touch gesture, and that touch reveals idiosyncratic information about the person that touch.

"...hug to express how much you love this person"

Stimuli

Mannequin Sensor I n d i v i d u a l t r a i t 

Methodology

Collected data

Socio-affective Touch data

We used socio-affective touch gestures collected through the Stimuli-imitation (SI) method described in Chapter 4. The SI stimulus was composed of a written scenario that described the social context and a touch interaction video between actors. First, participants evaluated in term of Valence and Arousal the stimulus using the Selfassessment Manikin [17] , then imitated the socio-affective touch gesture, depicted in the video, on a mannequin equipped with 4 sensors that detects pressure and position. Samples were collected from 20 participants with 3 repetitions for 14 videos therefore the total number of touch gestures is 840 (20 participants x 14 videos x 3 repetitions), and each touch gesture was associated to a Valence and Arousal score (Figure 4.9). Furthermore, the sensors were placed respectively on the mannequin Arm, Shoulder, Chest and Back, and collected a 12x12 pressure matrix (144 channels) at a sampling rate of 30 Hz. Features were extracted from these sensors as described in Chapter 4 (135 features x 4 sensors), consequently we obtained a data set of (840 samples, 540 features).