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Abstract
Education is an art close to theater. A teacher is taking a role; he works his speeches and
his gestures and he plays with the attention of his audience. But it is harder: more than
entertaining, a teacher must shape the skills, the knowledge and the motivation of his
students. This requires, more than just understanding the learning dynamic of students,
the talent to control the way he is understood so he can manipulate this learning dynamic.
We call it mutual understanding, formalized by the accuracy of the prediction of others
and of the prediction of oneself by the others.
Robots for education, a �eld that emerges from novel approaches involving new tech-
nologies, opens a large horizon of unexplored pedagogical activities. Indeed, robots can
take roles that were not doable by humans. For example, CoWriter is a robot that
personi�es a very unskilled beginner so even a child with strong di�culties can teach
it handwriting: involving an adult would not be convincing and calling another child
would be unethical for this role. However, a strong limitation lies in the fact that robots
have a restricted perception to understand humans and are hardly understandable by
humans. By consequence, robots for education su�er the poor � even nonexistent � level
of mutual understanding required by educational interactions.
The �rst part of this thesis highlights the importance of the human-robot mutual
understanding in pedagogical collaborative activities like CoWriter and is based on
real-world experimentation. The next two parts form a suggestion to implement such
an ability in a robot aiming to interact with humans by focusing on the modelling of
motivations. One part regards the external orchestration of the di�erent models built
by the robot to make predictions and to be predictable. The other part focuses on
the internal mechanisms of these models, based on the computational framework of
reinforcement learning.
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RØsumØ
L’Øducation est un art proche du thØatre. L’enseignant se vŒtie d’un personnage ; il
travaille son discours et sa gestuelle. Il joue avec l’attention de son audience. Mais il
s’agit d’un art plus di�cile encore : au delà de divertir, l’enseignant se doit de modeller
les compØtences, le savoir et la motivation de ses ØlŁves. Cela tient non seulement de sa
comprehension de la dynamique d’apprentissage des ØlŁves, mais aussi de son talent à
controller sa maniŁre d’Œtre compris de telle sorte qu’il puisse dompter cette dynamique.
Nous attribuons à cette capacitØ le terme de comprehension mutuelle, que l’on formalise
par la justesse de la prØdiction d’autrui et de la prØdiction de soi-mŒme par autrui.
La robotique pour l’Øducation, un champ de recherche qui Ømerge des rØcentes methodes
faisant intervenir les nouvelles technologies, ouvre un large horizon d’activitØs pØdago-
giques jusqu’alors non explorØes. Et pour cause, les robots peuvent endosser des rôles qui
ne pourraient pas Œtre arborØs par les humains. Par exemple, CoWriter est un robot qui
personi�e un dØbutant totallement inexpØrimentØ, tant et si bien qu’un enfant lui-mŒme
en di�cultØ sera en mesure de lui apprendre l’Øcriture manuscrite. Donner ce role à un
adulte serait moyennement convainquant, et le recours à un autre enfant manquerait
d’hØtique. Cela dit, de telles interactions sont trŁs limitØes par la perception restreinte
des robots pour comprendre les humains et leur di�cultØ à se faire comprendre par les
humains. En consØquence, la robotique pour l’Øducation sou�re de la pauvretØ � mŒme
de l’innexistance � du niveau de comprØhension mututelle, pourtant si nØcessaire dans les
interaction à vue pØdagogique.
La premiŁre partie de cette thŁse mets en Øvidance l’importance de la comprØhension
mutuelle dans les activitØs pØdagogiques collaboratives telles que CoWriter et se base sur
des expØriences appliquØes à la vie concrŁte. Les parties suivantes forment une suggestion
d’implØmentation d’une telle aptitude dans un robot conçue pour intØragir avec l’homme
en se focalisant sur la modØlisation des motivations. L’une porte sur l’orchestration externe
des di�erents modŁles construits par le robot a�n de prØdire et d’Œtre prØdictible. L’autre
se concentre sur les mechanismes internes de ces modŁles, dans le cadre computationnel
de l’apprentissage par renforcement.
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Resumo
A educaçªo Ø uma arte parecida com o teatro. O professor atua; ele trabalha o discurso
e os gestos, brinca com a atençªo da plateia. Mas Ø ainda mais difícil: alØm de divertir,
o professor tem que a�ar as competŒncias, o conhecimento e a motivaçªo dos alunos.
Nªo basta entender a dinâmica de aprendizagem dos alunos, ensinar requer tambØm
a habilidade de manipular essa dinâmica. Chamamos isso de entendimento mœtuo,
formalizado pela precisªo da prediçªo dos outros assim como a prediçªo de si mesmo
pelos outros.
Os robôs para educaçªo constituem um campo que emergiu de mØtodos novos envolvendo
tecnologias novas e que abre um horizonte largo de atividades pedagógicas a ser exploradas.
Os robôs podem fazer papØis que os próprios humanos nªo conseguem. Por exemplo,
CoWriter Ø um robô que atua como um aluno analfabeto para que uma criança, mesmo
com di�culdade, possa ensinar a escrever para ele. Envolver um adulto nªo seria
convincente e chamar outra criança nªo seria Øtico. PorØm, os robôs mal conseguem
entender os humanos assim como os humanos mal conseguem entender robôs. Por
consequŒncia, os robôs para educaçªo sofrem do nível baixo, ou atØ zero, de entendimento
mœtuo que constitui um requisito para interaçıes educacionais.
A primeira parte desta tese realça a importância do entendimento mœtuo humano-robô
em atividades pedagógicas colaborativas como CoWriter e se baseia em experimentaçıes
do mundo real. As duas partes seguidas propıem a implementaçªo desta habilidade
num robô destinado a interagir com humanos, focando na modelagem das motivaçıes.
Uma parte trata da orquestraçªo externa dos vÆrios modelos feitos pelo robô para fazer
prediçıes e para ele mesmo ser sujeito a prediçıes. A outra parte foca nos mecanismos
internos desses modelos, usando o formalismo computacional da aprendizagem por reforço.
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1 Introduction

�� It was a play on words, and a play on me. She could only do that with an awareness
of her own mind, and also of awareness of mine.
� Yeah. She’s aware of you, all right."

Dialogue from Ex Machina.

Intelligence can be described by the ability to build and exploit a predictive model of the
changing world. People and animals are continuously constructing such models, from
the empirical accumulation of knowledge obtained by exploring and experiencing their
environment. Doing so, they are better and better at harnessing the world’s dynamic,
using the given a�ordance to improve their situations. Likewise, social intelligence lies on
the construction and exploitation of robust models of others, as particular parts of the
world. An agent may understand another agent if its model allows it to predict the other
agent’s behaviour. Then it can adapt its own behaviour to avoid con�icting trajectories
and, hopefully, cooperate for a better mutual situation. Since another agent may also be
continuously re�ning its model of the world, this modelling itself should be taken as a
part of the world’s dynamic. By consequence, a socially intelligent agent may learn to
in�uence others modelling in order to approach a given objective, usually a collaborative
task.

We introduce the notion ofmutual understanding, which describes the ability of interacting
agents to understand each other. This thesis is based on the assumption that mutual
understanding is necessary for reaching e�cient collaborations. We focus on the case
of pedagogic human-agent collaborations. Since a human � especially a child � is not
expected to intrinsically understand an arti�cial agent nor to facilitate an arti�cial agent
to understand himself, the agent must be designed with the ability to promote the
human-agent mutual understanding.

Through real-world experiments, we demonstrate the necessity of a better user modelling

1



Chapter 1. Introduction

and a better agent’s interpretability. We bring out technical methods and cognitive
architectures to extract information relevant to mutual perception in Human-Agent
Interaction (HAI). In an idealized context, we explore computational approaches to
mutual understanding in intelligent agents interacting together.

1.1 Motivation

1.1.1 Arti�cial agents for educational activities

In a sense, any educative interaction is a collaboration. The teacher(s) � who design
and/or control the activity � and the student(s) are sharing a common goal, namely the
learning progress of the student. Given the design, many students and many teachers can
be involved. However, one can only �nd student-teacher or student-student relationship
in such collaborations, given the age or the level. One strong motivation of HAI in
educative scenarios is the fact that new kinds of relationship can be explored. An agent
can be an interactive tool providing the student or the teacher with hints and pieces
of advice, or it can even take new studying/teaching roles. In the example developed
in Chapter 2, a robot takes the role of a beginning learner that can be taught by a
child, himself su�ering important di�culties at learning the task. More than a simple
scenario where the robot is given as a learning toy for the child, the robot can make
speci�c mistakes, leading the child to correct his own mistakes by correcting the robot.
An agent can also simulate any human role to teach tricky interactions situations, like
the interrogations of suspects as part of a police training [Campos et al., 2017].

Unfortunately, HAI is su�ering important weaknesses caused by the mutual misunder-
standing induced by arti�cial agents. To the best of our knowledge, except in wizard-of-oz
set-up where a hidden human controls the agent from a distance, the only e�orts made
to improve the mutual understanding are based on statistical prediction of the human
states and behaviours. A robot will predict that a human is sad or happy using a
facial recognition system, or will predict the intention of a grasping gesture. One can
also �nd in literature some robots exaggerating their own behaviour in order to help
a human understanding their intention [Nikolaidis et al., 2016a]. But such studies are
limited to spacial reasoning for gestural adaptations [Nikolaidis et al., 2017] and are
not adapted to pedagogical activities. The way a robot is perceived and understood in
educational interactions has also been studied � especially in the case of handwriting
acquisition [Chandra, 2019], but these estimations are made o�-line and are not available
for on-line adaptations.

2



1.2. Approach

1.1.2 Second order of modelling

In humans, mutual understanding relies on a psychological aptitude called Theory of
Mind (ToM). It regroups all the cognitive processes allowing an human to construct a
mental representation of another human’s mind [Premack and Woodru�, 1978]. In that
perspective, both the inference of someone’s mental state and the prediction of someone’s
behaviour involve ToM mechanisms. But not only on the ability to construct models
of the others is required to establish a mutual understanding: one also need to control
others modellings of oneself. Indeed, one need to make sure he is being understood
by the other while communicating, which requires to adapt the messages to the way
they are interpreted by the interlocutor. Such an awareness is based on second-order
representations [Baron-Cohen et al., 1985], a key capacity for the proper functioning of
ToM [Dennett, 1978,Pylyshyn, 1978]. We generalize this assumption to the HAI domain
by asserting that the missing ingredient in social arti�cial agents is the ability to infer
and use second-order representations to establish a mutual understanding.

1.1.3 Modelling mutual objectives

When focusing on educational activities, an important feature to understand is the
perception of the goal in other minds. A teacher (or a peer), must be able to realize
which actions or which states are viewed as a progress by the student in order to adapt
the steps of an activity. Similarly, the student needs to understand what is considered
as a progress by the teacher. Building a mutual understanding about the objective of a
task is already explored in Human-Robot Interaction (HRI), but these e�orts are limited
to teaching the robot from human demonstrations [Grizou et al., 2013,Nikolaidis et al.,
2015]. More speci�cally, the robot usually infer the goal as a reward function from a set
of human instructions. The technique used is based on Inverse Reinforcement Learning
(IRL), which consists to assume that instructions are some realization of an optimal policy
to solve the given task by maximizing the reward function [Ng et al., 2000]. However,
this approach is insu�cient when going through educational HAI scenario as soon as the
agent is no longer a pure student but either a teacher, a peer, or playing a fake student
in learning by teaching activities (see 2.2). In such setup, we would like to develop online
methods to infer individual objectives without assuming the human’s optimal behaviour,
who is supposedly also discovering the activity. Similarly, an online method could help
an arti�cial agent to infer how a human can understand its (the agent’s) objective.

1.2 Approach

This whole thesis can be seen as a research for technical methods facilitating the mutual
understanding in agents with shared pedagogical objectives. We proceed in three steps.

3



Chapter 1. Introduction

1.2.1 Step 1: pedagogical child-robot interactions

The �rst step (chapter 2) consists in developing and experimenting real-world HRI
involving a pedagogical activity. We design an activity where a child learns handwriting
by teaching a robot. Measuring the progression of the child, we argue that this progression
mainly relies on the time of practice, so on the intrinsic commitment of the child. We
play with the perception of the robot by the child by creating engaging scenario based on
the �protØgØ� e�ect. In order to evaluate the robot’s capability to perceive the human,
we measure the accuracy of a technical setup that predicts the human �with-me-ness",
a concept supposedly proportional to the engagement in an activity and based on the
visual behaviour.

1.2.2 Step 2: architecture for mutual understanding

The second step (chapter 3) sets up an architectural framework for mutual understanding
in robotic. We establish the necessity of a reasoning with 3 degrees of modelling: a
model of one’s own states and goals, a model of the other agents and a model of oneself
as perceived by the others. We demonstrate the importance of this architecture with
an experiment that controls di�erent ways to reason with such models and measure the
impacts on the quality of a collaborative interaction between a human and a robot.

1.2.3 Step 3: understanding learning agents

The third step (chapter 4) is more theoretical and focuses on the models. Given the
3-models structure described above (in the 2nd step), we discuss the ways to model each
others states, goals and reasoning, and the ways to orchestrate these models in order to
optimize a pedagogical objective. Since we aim at describing goal-oriented behaviours,
we suggest a reinforcement learning framework to design our models. We develop a
simple 3-model approach to 1) learn a policy that optimize an objective, 2) infer another
agent’s reward function and 3) adapt a behaviour to facilitate the other’s inference of
one’s own reward function. We formalize pedagogical activities involving two agents
as 2 � 2 theoretical games involving a social dilemma, with di�erent payo�s/utilities
given the agents roles and objectives. Given the propensity of agents to cooperate, we
demonstrate the robustness of the proposed methods with numerical simulations. We
then focus on the online inference of another agent’s reward function and propose a novel
algorithm Learning from a Learner, and we study its e�ciency through discrete grid
worlds and the more challenging mujoco environments, involving large-dimensional and
continuous inputs.
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1.3. Publications

1.3 Publications

The present document is build around the di�erent papers/reports published along
my four years of doctoral studies. Chapter 2 was essentially conduced at the Chili
laboratory in the Suiss École Polytechnique FØdØrale de Lausanne (EPFL) and merges
three publications:

� Section 2.5 has been published in the proceedings of the Human Robot Interaction
conference under the title �Building successful long child-robot interactions in
a learning context� [Jacq et al., 2016b] and as a part of �Learning by teaching
a robot: The case of handwriting�, published in the Robotics and Automation
Magazine [Lemaignan et al., 2016b].

� Section 2.6 has been published in the proceedings of the Human Robot Interaction
conference under the title �From real-time attention assessment to with-me-ness in
human-robot interaction� [Lemaignan et al., 2016a].

� Section 2.7 has been published in the proceedings of the Robot and Human Interactive
Communication conference under the title �Child-robot spatial arrangement in a
learning by teaching activity� [Johal et al., 2016].

Chapter 3 was conduced at the Gaips group in the Instituto Superior Tecnico (IST) of
the University of Lisbon and in the Instituto de Engenharia de Sistemas e Computadores,
Investigaçªo e Desenvolvimento em Lisboa (INESC-ID):

� Section 3.4 has been published as an extended abstract in the proceedings of the
Autonomous Agent and Multi-Agent Systems conference under the title �Sensitivity
To Perceived Mutual Understanding In Human-Robot Collaborations� [Jacq et al.,
2018].

Chapter 4 was conduced both at the Gaips group and at Google Research, in the Brain
Team’s laboratory of Paris. It merges two publications:

� Section 4.3 has been published as a technical report of IST under the title �Express-
ing Motivations By Facilitating Other’s Inverse Reinforcement Learning� [Jacq
et al., 2017]

� Section 4.4 has been published in the proceedings of the International Conference
on Machine Learning under the title �Learning from a Learner�.
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Chapter 2. Measurements in pedagogical Child-Robot collaborations

2.1 Introduction

This chapter reports observations from di�erent studies of real-world Child-Robot Inter-
action (ChRI). The choice of a physical agent is justi�ed by the strong impact on the
�eld of interaction, and the richness of the induced visual behaviour. Indeed, one main
di�erence between a virtual and a physical agent is the shared perception. The robot and
the human are living in the same world and in aspect, they share a similar experience
of the scene. Such an exchange could also be induced by plunging the human into the
world of a virtual agent via virtual reality, however with limited a�ordance regarding the
human gesture. This work is a part of the CoWriter Project, presented in section 2.3,
aiming at exploring how a robot can help children with the acquisition of handwriting.
The common point of the described studies is to make a child intrinsically motivated
at practicing an educative activity, described in 2.4. Both pedagogical and therapeutic
contexts are investigated, involving children to learn-by-teaching handwriting skills with
a Nao robot. We focus on the following questions:

� (A) Can a robot actually help a child at learning a skill?

� (B) How di�erent scenarios and experimental setups can impact the perception of
the robot?

� (C) What can be measured during a ChRI in order to infer the child’s internal
state?

Question (A) is investigated in section 2.5 and regards the general �eld of educational
ChRI. Application of physical robots in education is a whole �eld of research (see related
work at section 2.2), essentially motivated by the fact that robots can take roles that
do not exist in standard collaborative education. For example, robots have no speci�c
age or gender, and will not su�er emotional bias such as timidity or boredom. Also
this question is crucial: this whole thesis aims at improving educational HAI and hence
relies on the fact HAI can be educational. Questions (B) and (C), investigated across
sections 2.5, 2.6 and 2.7, concern the control of a pedagogical interaction with a physical
robot: our interest is to evaluate what are the actual degrees of action and perception in
such a low-priced and accessible robot at interacting with a child.

2.2 Related work

Robots for education

The usage of robots in education is now a whole �eld of research. It can be divided in
two separate branches: robots as tools and robots as agents. Robots as tools do not
socially interact with humans but bring a physical aspect to an educational concept.

8



2.2. Related work

Most robots as tools are designed to teach robotics or other �elds related to engineering
and computer science. From the acquisition of basic programming skills [Mondada
et al., 2017] to the teaching of complete 3d-printing, construction and programming of a
robot [Lapeyre et al., 2014]. Fewer works introduce tool robots designed to teach any
pedagogical concept. A notable example is the Cellulo project [Ozgur et al., 2017], which
introduces tangible swarm robots for inducing movements and forces as a new illustrative
and manipulable dimension to pedagogical activities [Özgür, 2018].

This thesis is more related to robots as agents, which are used as social helpers for
educational interactions. In the literature, di�erent approaches can be found regarding
the type of interaction, interpolating between robots teaching humans and humans teach-
ing robots [Belpaeme et al., 2018]. The �rst extreme, robots as pure teacher or tutor, may
be the oldest and the most known situation. This includes teaching assistant robots [You
et al., 2006], class room robots [Tanaka et al., 2007] or personal teachers [Han et al.,
2008,Movellan et al., 2009,Gordon et al., 2016,Kennedy et al., 2016]. Then, comes robots
as guides for educational activities, mostly employed in small groups of two or three
children [Chandra et al., 2015,Alves-Oliveira et al., 2016], or in therapeutic contexts
involving autistic children [Bernardo et al., 2016]. In activities based on adversarial
games, robots can also be employed as experienced opponents encouraging and advising
the human [van Breemen et al., 2005]. A more original situation involves a robot playing
the role of a fake patient for clinical education [Moosaei et al., 2017]. Robots as peers
is the medium situation, where the robots are employed as learning companions for
humans [Kanda et al., 2004,Lubold et al., 2016,Baxter et al., 2017]. Finally, robots as
teachable agents is the approach taken for the experiments described in this chapter.

Teachable robots approaches are based on the learning by teaching paradigm, already
known in fully human education for its positive e�ects on learning. However, like the
patient robot for clinical education, this approach has the particularity to bring out new
roles that could not be taken by real humans: in the example of Cowriter, asking a child
with problems at writing to teach another child with even worst di�culties would be
ine�cient and even humiliating for the second child. Most of teachable robots lies on the
ProtØgØ e�ect: the fact that the learner being placed in the situation of a teacher to help
someone triggers a feeling of responsibility that facilitates both engagement and intrinsic
motivation. This e�ect has been used in the past by computer-based agents [Chase et al.,
2009] to teach non-physical skills. The �rst teachable robot also concerned non-physical
skills, but involved physical objects in an activity designed to teach vocabulary with
the care receiver robot (CRR) [Tanaka and Kimura, 2009,Tanaka and Matsuzoe, 2012].
Robots maintain better long-term relationship [Kidd and Breazeal, 2008] and contribute
to obtain more learning gains [Leyzberg et al., 2014] than with screen-based agents in
pedagogical interactions. Speci�cally, when learning physical skills, robotic partners have
been showed to increase users’ compliance with the tasks [Bainbridge et al., 2011].
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Robot perception

The relation between one’s focus of attention and what he/she is looking at has long been
established [Yarbus, 1967,Barber and Legge, 1976], and more speci�cally, the existing
relationship between gaze and attention during social interaction, and the related gaze
patterns, has been part of classic textbooks like [Argyle, 1969] for decades. As such,
there is little doubt that measuring the direction of gaze is a useful proxy to estimate
the (visual) focus of attention of a social agent, and indeed this is one of the basic tools
used in social psychology.

Estimating attention using gaze is not new to robotics either. A recent survey by
Ruhland et al. [Ruhland et al., 2015] gives in a broad overview of eye gaze research in
HCI and social robotics. It remains however an active �eld of research, as illustrated
by several recent publications [Baxter et al., 2014,Anzalone et al., 2015,Kennedy et al.,
2015]. Performing such a measure on a robot, in real-time, and in ecologically valid
environments (which rules out bulky or invasive apparatus like eye-trackers, or techniques
requiring �ne calibration and/or static interactions) remains a challenge in HRI.

Looking at techniques that both operate on-line and have been deployed in �eld experi-
ments, one �nds that most approaches rely on head pose estimation alone (no eye gaze
tracking) and are generally based on depth sensors (RGB-D). Fanelli et al. provides an
overview of these approaches in [Fanelli et al., 2012], and recent examples include [Baxter
et al., 2014,Anzalone et al., 2015].

Approaches based on monocular 2D vision have been explored as well [Peters et al., 2010],
with however limited robustness to occlusions or lightning conditions, and over-reliance
on tracking to maintain real-time performances. Our work relies on recent advances in
template-based face alignment [Kazemi and Sullivan, 2014] that allows fast (in the order
of a few milliseconds) facial feature extraction on 2D images, combined with 3D model
�tting, to obtain a fast, robust and stable 6D head pose estimate, that we successfully
deployed in �eld experiments involving child-robot interactions.

We derive the �eld of attention from the head pose: this is supported by previous work,
like [Stiefelhagen, 2002] that shows that the head orientation’s contribution in overall
gaze direction is 68.9%, which further translates into a 88.7% accuracy in estimating the
focus of attention from head pose only in a particular meeting scenario (using eye and
head tracking).

While previous preliminary research in HRI seemed on the contrary to indicate that
deriving attentional focus from head pose alone would not be accurate enough [Kennedy
et al., 2015], we found in our case acceptable levels of agreement between the robot
observations and manual post-hoc annotations, as detailed in 2.6.
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2.3. The CoWriter project

2.3 The CoWriter project

An important challenge of social robotics is to provide assistance in education. The
ability of robots to support adaptive and repetitive tasks can be valuable in a learning
interaction. Initially, the CoWriter Project introduced a new approach to help children
with di�culties in learning handwriting [Hood et al., 2015a,Jacq et al., 2016b]. Based on
the learning by teaching paradigm, the goal of this activity is not only to help children
with their handwriting, but mainly to improve their self-con�dence and motivation in
practising such exercise. Now, the CoWriter project includes di�erent ChRI activities
where a child is invited to practice a pedagogical skill by working with a robot. In
addition to the initial activity based on handwriting, CoWriter encompasses:

� CoReader [Yadollahi et al., 2018]: detecting and correcting mistakes made by a
robot while reading a text.

� Story-CoCreation [Jacq et al., 2018]: creating a story by selecting elements of its
content, turn by turn with a robot.

� Handwriting with Cellulo [Asselborn et al., 2018]: learning the shape of letters by
moving tangible swarm robot along a path.

� Shruti Chandra’s activity [Chandra et al., 2018]: another version of the initial
CoWriter activity, focused on the shape of a letter rather than the physical gesture
to draw it.

2.4 CoWriter’s handwriting activity

Children facing di�culties in handwriting integration are more exposed to troubles during
the acquisition of other disciplines as they grow up [Christensen, 2005]. The CoWriter
activity introduces a new approach to help those children [Hood et al., 2015a]. While
traditional successful interventions involve children in long intervention (at least 10 weeks)
focused on motor skills [Hoy et al., 2011], CoWriter is based on learning by teaching
paradigm and aims to repair self-con�dence and motivation of the child rather than his
handwriting performance alone.

Learning by teaching is a technique that engages the students to conduct an activity
as the teachers in order to support their own learning process. This paradigm is
known to produce motivational, meta-cognitive and educational bene�ts in a range of
disciplines [Rohrbeck et al., 2003]. The CoWriter project is the �rst application of the
learning by teaching paradigm applied to handwriting with a robot.

The e�ectiveness of our learning by teaching activity builds on the �protØgØ e�ect�: the
teacher feels responsible for his student, commits to the student’s success and possibly
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experiences student’s failure as his own failure to teach. Teachable computer-based
agents have previously been used to encourage this �protØgØ e�ect�, where students
invest more e�ort into learning when it is for the bene�t of a teachable agent than for
themselves [Chase et al., 2009]. We rely on this cognitive mechanism to reinforce the
child’s commitment into the robot-mediated handwriting activity.

We assume here that the key of such a relationship between the child and the robot
relies on the credibility of the robot: the more the robot convinces the child that it is
a beginner in handwriting who needs help � therefore initiating a �protØgØ e�ect�� the
deeper the child will engage in the interaction. We focus hereafter on two aspects that
are instrumental in building a credible teaching situation: how to generate the initial
state of the learner-robot, and how to design its learning behavior.

Interaction overview

Figure 2.1 illustrates our general experimental setup: a face-to-face child-robot interaction
with an autonomous Aldebaran’s nao robot.

A tactile tablet (with a custom application) is used by both the robot and the child to
write: in each turn, the child requests the robot to write something (a single letter, a
number or a full word), and pushes the tablet towards the robot, the robot writes on the
tablet by gesturing the writing (but without actually physically touching the tablet). The
child then pulls back the tablet, corrects the robot’s attempt by writing himself above or
next to the robot’s writing, and �sends� his demonstration to the robot by pressing a
small button on the tablet. The robot learns from this demonstration and tries again.

Since the child is assumed to take on the role of the teacher, we had to ensure he would
be able to manage by himself the turn-taking and the overall progression of the activity
(moving to the next letter or word). In our design, the turn-taking relies on the robot
prompting for feedback once it is done with its writing (simple sentences like �What do
you think?�), and pressing on a small robot icon on the tablet once the child has �nished
correcting. We found that both approaches were easy to be understood by children.

Generating and learning letters

Since our approach is based on teaching a robot to write, generating (initially bad) letters
and learning from demonstrations is a core aspect of the project. The initial state of the
robot and his ability to learn in an obvious way from demonstrations of the child is the
key to lend credibility to the activity and to induce the �protØgØ" e�ect.

The technical idea is simple: allographs of letters are encoded as a sequence of 70 points
in 2D-space and can be seen as vectors with 140 elements (x1; :::; x70; y1; :::; y70). We
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2.4. CoWriter’s handwriting activity

Figure 2.1 � Our experimental setup: face-to-face interaction with a nao robot. The robot
writes on the tactile tablet, the child then corrects the robot by directly overwriting its letters
on the tablet with a stylus. An adult (either a therapist or an experimenter, depending on the
studies), remains next to the child to guide the work (prompting, turn taking, etc.). For some
studies, a second tablet and an additional camera (lightened) are employed.

arbitrary chose a set of allograph that de�ne the initial state of generated letters. After
the child provided a demonstration of a letter, the algorithm generates a new letter
corresponding to the middle point between the last state and the demonstration.

In the following sections, we present various techniques to create the initial state, and
di�erent metrics used to compute progression of the robot, tested as hypothesis within
our three experiments.

Generation of initial allographs

The �rst question relates to the construction of the initial set of allographs. In previous
experiments presented in [Hood et al., 2015b], we built a subspace based on principal com-
ponent analysis (PCA) of a standard dataset of 214 adult letters (the UJI Pen Characters
2 dataset [Llorens et al., 2008]). We used the �rst n eigenvectors (in these experiments,
3 < n < 6) of the covariance matrix generated from PCA to create a subspace. To create
new letter shapes, we chose random coordinates close to the origin of this subspace.
Each eigenvector provided the direction of a principal deformation of the allograph in
human handwriting [Hood et al., 2015a]. But generated �imperfections" of letters were
not representative of children deformations: they were re�ecting typical defects when
adults are writing to fast. Over the following studies, we explored three di�erent ways
to generate samples closer to beginners. In our �rst case study (section 2.5.1), we used
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homework of the child previously provided by his mother, to exaggerate by hand his
main defects. This way, the child was going to correct his own kind of mistakes. In
the second study (section 2.5.2), the child was su�ering from visuo-constructive de�cits.
Since it was di�cult for him to improve already recognisable allographs, we decided
under the guidance of his occupational therapist to make the robot start from simple
vertical stroke for all letters. In the third study 2.5.3 we chose to use the middle point
between a vertical stroke and correct letters as a starting point for the robot.

Metrics used for the learning curve of the robot

The second question focuses on the learning algorithm. In [Hood et al., 2015a], we were
projecting children’s demonstrations in PCA’s subspace in order to compute the middle
between that point and the previous state of the robot. Then, we generated the allograph
in middle way as the new state of the robot. For the experiments introduced in this
section, we explored two other ideas: In the �rst study (section 2.5.1) we generated a
PCA subspace from a small set of allographs we drew arbitrary. Each time the child was
providing a demonstration, we added that demonstration to the small set and re-built
the PCA subspace. That way, the principal eigenvectors obtained progressively tended
to encode the main deformations of letter done by the child, as illustrated by �gure 2.4.
The algorithm 1 explains the successive steps of this approach.

Algorithm 1: Learning from demonstration in an adaptive PCA subspace
Generate initial dataset D
Generate initial subspace S by PCA of D
Generate initial robot state r (random point in S)
if robot receives a demonstration d then

Add d to dataset: D0  D [ d
Recompute subspace S0 by PCA of D0

Compute coordinates r0 of r in S0

Compute coordinates d0 of d in S0

Learn the demonstration: r = (r0+d0)
2

From our perspective, this dynamic subspace was more adapted to the progression of
the child, and the sequence of tries performed by the robot looked smoother. However
using metrics in subspace can make the learning algorithm too slow in some cases,
because consecutive projected demonstrations can sometimes be too far from each
other in subspace while they appears similar in Cartesian space. In other studies, we
decided to put aside the PCA approach and to always use the middle point in Cartesian
space, in order to have a better control over the convergence of the robot tries to the
demonstrations.
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2.5. Long-term studies

Robotic Implementation

The actual implementation on the robot requires the coordination of several modules
(from performing gestures and acquiring the user’s input to the high-level state machine),
spread over several devices (the robot itself, one laptop and up to four tactile tablets
for certain studies we conducted). We relied on ROS to ensure the synchronization and
communication between di�erent devices.

Our system is embodied in an Aldebaran’s nao (V4 or V5, depending on the studies)
humanoid robot. This choice is motivated by its approachable design [Gouaillier et al.,
2008], its size (58cm) and inherently safe structure (lightweight plastic) making it suitable
for close interaction with children, its low price (making it closer to what school may
a�ord in the coming years) and �nally its ease of deployment on the �eld.

Robotic handwriting requires precise closed-loop control of the arm and hand motion.
Because of the limited �ne motor skills possible with such an a�ordable robot, in addition
to the absence of force feedback, we have opted for simulated handwriting: the robot
draws letters in the air, and the actual writing is displayed on a synchronized tablet.

The overall architecture of the system (Figure 2.2) is therefore spread over several devices:
the nao robot itself, that we address via both a ROS API1 and the Aldebaran-provided
NaoQI API, one to four Android tablets (the main tablet is used to print the robot’s
letter and to acquire the children’s demonstrations; more tablets have been used in some
studies, either to let the child input words to be written, or for the experimenter to
qualitatively annotate the interaction in a synchronized fashion), and a central laptop
running the machine learning algorithms, the robot’s handwriting gesture generation and
high level control of the activity.

Since the system does not actually require any CPU-intensive process, the laptop can be
removed and the whole logic run on the robot. Due to the relative di�culty to deploy
and debug ROS nodes directly on the robot, the laptop remains however convenient
during the development phase and we kept using it in our experiments.

Most of the nodes are written in Python, and the whole source code of the project will
be made is available online2.

2.5 Long-term studies

As a follow up, this section reports on further experimental investigations. We explore
di�erent algorithmic and staging approaches built on top of the original system in order

1The ROS stack for nao is available at http://wiki.ros.org/nao_robot.
2The primary repository is

https://github.com/chili-ep�/cowriter_letter_learning.
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Figure 2.2 � Overview of the system. In total, the system runs about 10 ROS nodes,
distributed over the robot itself, a central laptop and Android tablets.
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to �gure out intricate aspects of long child-robot interactions in a pedagogical context.

Through three experiments, we involved children with actual handwriting troubles or
low self-esteem in repeated long sessions (four times about one hour). We used di�erent
measures, both qualitative and quantitative, to express the impact of those interactions
with the CoWriter robot on the child. The following three parts report our the three
experiments and results: two case studies speci�cally designed to be adapted to one
child 2.5.1 2.5.2; one user study conducted with 8 children separately 2.5.3.

2.5.1 case study 1: Vincent

Context

Vincent3 is a �ve year-old child. At school, he has di�culties to learn writing, particularly
with cursive letters. From our perspective, Vincent is shy and quiet. He su�ers from
poor self-con�dence much more than any actual writing problem. The experiment was
conducted without any therapist, in our laboratory. A parent was here to accompany the
child, but she did not intervene during interactions. Children’s personalities, conditions
and state evaluation were reported by the parent.

Hypothesis

The CoWriter activity needs a child engaged as interaction leader. With this study we
consider the problem of long-term interactions. We hypothesize that with an appealing
scenario children can maintain motivation in doing a handwriting activity for an hour
over 4 sessions. This is a challenge because therapists predicted dysgraphic children often
su�er from attention de�cit [Jordan, 2002]. As a result, such children are not able to
focus longer than 15-20 minutes.

Experimental design and methodology

Our goal was to provide Vincent with an environment that would enable him to sustain
engagement over four one-hour sessions, one session per week. We decided to introduce
a scenario to elicit a strong �protØgØ e�ect" and such induce a stronger commitment.
While the child came with low motivation in writing exercise for himself, our idea was to
use this e�ect to promote a new extrinsic motivation: improving letters in order to help
the robot.

In our scenario we introduced the child with two Nao robots: a blue one (called Mimi)
and an orange one (called Clem). Mimi was away for a scienti�c mission, and the two

3The names of children have been changed.
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Figure 2.3 � Homework performed by Vincent before the experiment. It gives an overvew
of his starting level in handwriting.
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Figure 2.4 � Letter deformation along an eigenvector. Left : the non-deformed letter
(origin of the subspace). Middle : the actual Vincent’s deformation (from �gure 2.3).
Right : exaggerated deformation along the eigenvector that encode Vincent’s mistake.

robots had to communicate by mails. But they decided to do it �like humans", with
handwritten messages. While Mimi was good in handwriting, Clem had strong di�culties
and needed Vincent’s help.

Mimi’s mission was to explore a mysterious hidden base. Each week, a postal mail
contenting a picture of a curious object it found and a few handwritten words about its
discoveries. The picture showed itself exploring a dark room of the hidden base (that
was actually our laboratory’s workshop).

During the three �rst sessions, Clem (the robot interacting with the child) was waiting for
Vincent with the received mail. It let Vincent take a look at the picture and the object,
and then it asked him to read the message. Finally, Vincent formulated a response and
helped the robot to write it.

The fourth and last session was set as a test: Mimi, the �explorer� robot, came back from
its mission and challenged Clem in front of Vincent: �I don’t believe you wrote yourself
these nice letters that I received! Prove it to me by writing something in front of me!�
In this situation we forced the protØgØ e�ect: Clem is going to be judged on its writing
skills by Mimi, but Vincent is here to give a last help and to encourage his student.

To complement the motivation of helping a robot to communicate with another one, we
gradually increased the complexity of Vincent’s task to keep it challenging and interesting
(�rst week: demonstration of single letters; second week: short words; third week: a full
message � Figure 2.5).

Vincent had to tell the robot what to write with small plastic letters. A third person
was here to send the formed word to the robot via the computer.

During the experiment, we recorded writings of the child and the robot on the tablet
into log �les. We also recorded the time date when the child started and �nished a
demonstration.
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Table 2.1 � Number of demonstrations provided by Vincent over the four sessions.

Session S1 S2 S3 S4 Total
Number of demonstrations 23 34 52 46 155

Measures

We measured the commitment of the child with the number of demonstration he provided.
We also measured the duration of sessions. During the two last sessions, we recorded the
time taken by the child to write each demonstration.

After the experiment we interviewed the parent of the child. She was asked if she observed
any impact of our activity on the child.

Analysis

We compared the number of demonstrations provided by Vincent along the 4 sessions
(reported on Table 2.1) and we summed the time spend by the child to write demonstration
during the 2 last sessions.

Results

Overall, Vincent provided 155 demonstrations to the robot. We can see in Table 2.1
that the number of demonstrations provided by Vincent was globally increasing along
sessions while the di�culty of the activity was also increasing. Interestingly, as the
number of demonstration decreased from session 3 to session 4, the total time spend to
write demonstrations is similar: 41.6s in session 3 (s0.8s per letter) and 41.1s in session
4 (s0.89s per letter). A explanation of this result could be that since the di�culty was
increasing, the child spent more time to write his demonstration.

After the �rst week, he showed con�dence when playing with his �protØgØ" and he built
a�ective bonds with the robot over the course of the study, as evidenced by some cries
on the last session, and several letters sent to the robot after the end of the study (one
of them 4 months later) to get news. This represents a promising initial result: we can
e�ectively keep a child committed into the activity with the robot for a relatively long
periods of time (about 4 hours).

From the parent’s perspective, Vincent was actually showing a new motivation in
improving his handwriting. He took pleasure to work with the robot and to accomplish
his teacher’s mission. She con�rmed that an a�ection of the child for the robot took root
within the experiment. Finally she saw an improvement of his handwriting and explained
that the child �passed from a mix of script and cursive writing up to a full-cursive
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Figure 2.5 � (French) text generated by the robot, before (left) and after (right) one hour of
interaction session with the child. As an example, the red box highlights the changes on the word
�envoyer�.

writing".

But no conclusion can be drawn in terms of actual handwriting remediation: we did not
design this study to formally assess possible improvements. However, as pictured on
Figure 2.5, Vincent was able to signi�cantly improve the robot’s skill, and he acknowledged
that he had been able to help the robot: in that regard, Vincent convinced himself that
he was �good enough� at writing to help someone else, which is likely to have a positive
impact on his self-esteem.

2.5.2 case study 2 : Thomas

Context

Thomas, 5.5 years old child, is under the care of an occupational therapist. He has
been diagnosed with visuo-constructive de�cits. He was frequently performing random
attempts and then was comparing with the provided template. According to the therapist,
Thomas is restless and careless: he rarely pays attention to advice and does not take
care of his drawing movement when he is writing. He is quickly shifting his attention
from one activity to another.

Thomas was working on number allographs with his therapist. During a prior meeting,
the therapist provided us with a sequence of numbers written by Thomas. one of the
observed problems was drawing horizontally-inverted allographs, mainly for �5". The
experiment was conduced with Thomas’ therapist.
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Hypothesis

We want to see if the CoWriter activity can be adapted to a pedagogical context in order
help a child with diagnosed de�cits to learn handwriting.

We believe that small modi�cations of the activity adapted to Thomas problems (visuo-
constructive de�cits and inattention) could help to keep him focused on the activity
during forty-minutes sessions, and to evidence to the child that the robot is progressing
by dint of his demonstrations.

Experimental design and methodology

The experiment was conducted in the therapist’s o�ce (four sessions spanning over 5
weeks). We assumed that a scenario like the one we used for Vincent would not be usable
with Thomas. We just introduced the robot and quickly said that it was seeking help to
train for a robot handwriting contest.

In order to integrate our work with that of the therapist, we decided to adapt the
CoWriter activity to work with numbers.

Since Thomas was frequently drawing horizontally-inverted numbers, or even unrecog-
nisable allographs, the learning algorithm of the robot was converging to meaningless
scrawls. To �x this problem, we programmed the robot to refuse allographs that were
too distant to a reference with a threshold we arbitrary �xed. In that way, the child was
forced to take care of his demonstrations for the robot.

According to the therapist, it was easier for Thomas to memorize the way to draw a
number if it was always done is the same trajectory, e.g. if the �5" was always drawn from
the top-right tip down to bottom. Therefore we programmed the robot to refuse as well
a good allograph drawn in a wrong trajectory. But in order to reassure Thomas about
the right �nal allograph’s shape, we made the robot able to recognize such a drawing,
and, when it occurred, to use the phrase: �Oh, this is exactly the shape of the number I
want to learn, but can you show me how to draw it in the opposite trajectory?"

Also, to make the robot’s progresses evident, we modi�ed the initialization step of the
learning algorithm to start with a roughly vertical stroke instead of a deformed number
(round 0 on Figure 2.6).

In this setup, we added a second tablet with one button per number. It was used by the
child to chose a new number to teach to the robot. It also provided the possibility to
enter letters or words, and to switch to another activity (robot telling a story if the child
needs a short break).
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0 1 2 3 4 5 6 7 8

Figure 2.6 � Demonstrations provided by Thomas for the number �6� (top row) and corresponding
shapes generated by the robot. After eight demonstrations, Thomas decided that the robot’s �6�
was good enough, and went to another character: in that respect, he was the one leading the
learning process of the robot.

Measures

We recorded all the demonstration performed by the child and by the robot. The duration
of sessions and the time spend by demonstration were also recorded by the logs of the
tablet.

Analysis

It was di�cult to make comparison between di�erent sessions since the child did not
work on the same numbers. But we could study the evolution of the quality of Thomas’
demonstration when he was working on a given number (Figure 2.8). To show how
Thomas leaded the robot to reach his level we plotted on the same graph the evolution
of the quality of Thomas’ demonstrations and the robot’s trials (Figure 2.7). We also
reconstructed and displayed the drawn allographs of the number 6 to visualize the impact
of the lessons of Thomas on the robot (Figure 2.6).

Results

Despite his attention de�cit, Thomas was able to remain engaged in the activity during
more than forty minutes in each session. In total, 55 allographs out of 82 demonstrated
by the child were acceptable considering our threshold (with a progressive improvement
from 13 out of 28 in the �rst session up to 26 out of 29 in the last session).

As soon as Thomas understood that the robot was only accepting well-formed allographs,
he started to focus on it and he would typically draw 5 or 6 times the number before
actually sending to the robot (the tablet lets children clear their drawing and try again
before sending it). According to the therapist, it was the �rst time that Thomas corrected
himself in such a way: he mad the e�ort to take into account how another agent (the
robot) would interpret and understand his writing. Figure 2.8 shows how he gradually
improved his demonstrations for some numbers, according to the metric we used to make
the robot accept/refuse samples.
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Figure 2.7 � Two metrics to assess the handwriting progresses: Euclidean distance between
demonstrations and templates in the subspace of the number dataset (top �gure) or in Cartesian
space (bottom �gure). Green lines represent the robot performance, blue lines performance of
the child. The round IDs correspond to the demonstrations pictured on Figure 2.6.

Since the robot’s handwriting started from a simple primitive (a stroke), each time
Thomas succeeded to have his demonstrations accepted by it, the robot’s improvement
was clearly visible (as measured in Figure 2.7). This led to a self-rewarding situation
that e�ectively supported Thomas’ commitment.

2.5.3 Case study 3: when children evaluate the robot

Context

Each of previous studies was speci�cally adapted to a particular child: we relied on two
di�erent designs in order to sustain each child’s commitment. In this new experiment, we
conducted a study with eight children using a single experimental design. The children
all have in common di�culties to learn cursive writing but the nature and magnitude of
these troubles are signi�cantly di�erent from one child to another. Valerie (7 years old),
Antoine (6.5) and Johan (7) are under the care of an occupational therapist. Emilien (8)
and Mathieu (7) are repeating their school year because of writing. Marie (6) and Adele
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Figure 2.8 � Improvement of Thomas demonstrations for number 2 (left) and 5 (right). Thomas
progressively took care of the demonstrations he was providing to the robot for those numbers.
We used for this �gure the same metric than the one used for the acceptance algorithm to measure
distance between demonstration and templates. Distances are normalized with respect to the
biggest value. The dashed line correspond to the threshold of robot’s acceptance.

(8) are bottom of their respective classes in writing activities. Nicolas (7) is under the
care of a neurologist, and has been diagnosed with speci�c language impairment. Given
their school year, all of these children would be expected to know the shape of cursive
letters. The experiment was conducted in collaboration with an occupational therapist.

Our goal was to study the perception of the robot’s progress in children. We wanted to
know how easily children were able to take the role of teachers and to detect improvements
or eventual degradations of the robot’s letters.

Hypothesis

Children understand their role and �nd motivation to teach the robot. They are able to
perceive the progress of the robot, and their evaluations correlates with its handwriting
performance.

Experimental design and methodology

This experiment took place in an occupational therapist clinic in Normandy, France.
Over a period of two weeks, each child came three times for a one hour long session
(except Adele and Marie who only attended one session). An experimenter was present to
explain the rules of the game and tablet usage. As in the previous experiments, children
were provided with two tablets: one to choose a word (or a single letter) to teach, one
used by both the child and the robot to write. We also provided printed templates for
the letters if the child asked for them.

The initial shapes used by the robot when writing were the same for all children: we used
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the average of a simple vertical stroke and the reference letter. In this study, we wanted
the robot to be only in�uenced by the demonstrations provided by the child, so we did
not project allographs in a subspace. The new samples generated by the robot were
simply computed as the average (in Cartesian space) between the last demonstrations
and the previously generated samples.

The robot was programmed to accept all demonstrations, endowing the child with the
full responsibility of a teacher.

Besides, we added two buttons to the tablet interface: a green one with a �thumbs up",
and a red one with a �thumbs down". Those buttons could be used by the children to
evaluate the robot (the green one was for positive feedback while the red one was for
negative feedback). We used it as a measure of the perception of the robot by the child:
the more the child used evaluation buttons, the more he was adopting the role of the
teacher, judging the robot instead of himself. Children were free to use the buttons
whenever they wanted during the experiment.

Measures

As in previous studies, we recorded the timestamps of all demonstrations, the duration of
demonstrations and we measured the overall commitment of the children as the number
of demonstrations provided per session. We also logged all the evaluations provided
by the children. The awareness of children for the robot progress is measured as the
correlation between children evaluations and distances between the robot’s letters and
reference templates.

Analysis

Since sessions took place over only two weeks, we did not attempt to study possible
handwriting remediation in children, and we focused instead on the correlation between the
children’s evaluations and the robot’s progression. We estimated the robot’s progression
as the di�erence between an initial score (score of the �rst robot’s attempt when the
children have chosen a new word/letter to work on) and the current robot’s score (after
being taught by the child). The score is calculated as the average of the euclidean
distance between the robot’s generated letter and the reference allograph for each of the
letters of the word. The reference letters where manually created beforehand, based on
typical cursive letters template4. At every turn, we associate two values: the current
score of the robot, and the child’s immediate feedback (+1 if the child pressed the green
button, -1 if he pressed the red one, 0 if he did not press any button during the round).
We only keep rounds with feedback (i.e. a non-zero grade) and computed a Pearson’s
correlation between the robot score and the child feedback.

4http://www.education.com/slideshow/cursive-handwriting-z/
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Table 2.2 � Feedback from the children to the robot. #Demo denotes the average number of demon-
strations per session provided by the child; #Pos and #Neg the total number of positive (resp. negative)
feedbacks they provided. r (robot) is the correlation coe�cient between the feedback provided by the
children and the performance of the robot. r (child) is the correlation coe�cient between the feedback
provided by the children and their own progress.

Child # Demo # Pos # Neg rrobot rchild
ValØrie 42 24 6 0.25 ** 0.14 ns
Émilien 74 20 9 0.06 ns 0.02 ns
Mathieu 43 10 3 0.23 ** 0.21 **
Nicolas 38 16 4 0.31 *** 0.20 **
Johan 32 10 5 0.10 ns 0.03 ns
Antoine 27 10 3 0.20 * -0.02 ns
AdŁle 35 4 2 0.28 * 0.30 **
Marie 40 5 1 -0.02 ns 0.13 ns

Results

All children maintained their engagement during all the sessions. They provided on
average 42 demonstrations per session. All children made use of the evaluation buttons
and had a strong preference to reward the robot (in total, 99 positive feedbacks and 33
negative ones were recorded). Interestingly, the time spent by the children to draw the
demonstrations systematically increased from one session to the other. We interpret this
result as the children being more careful and demonstrating the correct gestures to the
robot in a slower fashion.

We found that �ve children out of the eight provided evaluations that signi�cantly
correlated with progress of the robot. The coe�cients of correlation rrobot are reported
in Table 2.2.

We also computed the correlation between the children’s evaluations and their own
progress. The analysis was conducted in the same way, using distances between the
children’s demonstrations and reference allographs as a progress score. The evaluations
of three out of the �ve children whose evaluations correlated with the robot’s progress,
were also signi�cantly correlated with their own progress (rchild in Table 2.2). For those
children, it seems that the robot was re�ecting their own performances, and while they
were judging the robot positively (three times more positive feedback than negative
feedback), they were actually evaluating themselves.

2.5.4 Induced modelling

In the �rst two experiments involving Thomas and Vincent, we observed the emergence
of a strong complicity between the child and the robot. Vincent even kept sending
handwritten letters to the robot months after the experiment. This is explained by the
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strong �pretend" e�ect induced by the scenario. In a poetic perspective, one could say
that the child gave life to the robot. More formally, the scenario helped the child at
constructing an exaggerated model of the robot, in which the robot was given beliefs,
desires and emotions while it was just automatically repeating scripted sentences and
imitating the child’s handwriting. In psychological terms, the child had a theory of the
robot’s mind. Unfortunately, this modelling was unidirectional: the robot had no other
model of the child than it’s handwriting trajectory perceived as a vector of points, and
was not aware at all of the child’s modelling of itself. Beside, our e�orts in the perspective
to induce such an e�ect were considerable. In a sens, we compensated the lack of social
awareness in the robot by adapting the scenario to the child’s responses.

In the last experiment, we asked children to provide a feedback to the robot’s performances.
We viewed that sometimes this feedback was correlated with the robot’s progress, and
sometimes it was even correlated with the child’s own progress. One could explain this
phenomena by supposing that the child modelled the robot as a projection of himself,
su�ering similar failures at handwriting.

These observations lead us to imagine a robot able to play with such modelling induction
in order to promote both an adaptive scenario promoting the �protØgØ" e�ect and the
self-correction e�ect. This would strongly facilitate the setup of the activity and could
improve the pedagogical bene�ces at the same time.

2.6 Online measures from face tracking

In the perspective to catch the child’s modelling of the robot, our �rst step was to simply
detect what the child was looking at. Indeed, the visual behaviour already provides a rich
quantity of information: the commitment can be derived from the time looking at the
activity’s devices and agents, while disengagement can be detected from the frequency of
gazes toward a door or a window. Also, the pretend e�ect � or simply the importance
accorded to the robot by the child � can be inferred from the time spend by the child at
looking at the robot versus the time spend by the child looking at the tablet.

Head Pose Estimation

We derive the visual �eld of attention from the head pose. Our technique only involves a
single monocular RGB camera used for facial feature extraction, and a static simpli�ed
3D mesh of a human head. 68 facial features are extracted using a fast template-
based face alignment algorithm by Kazemi and Sullivan [Kazemi and Sullivan, 2014], as
implemented in the open-source dlib library [King, 2009]. Eight of these features (chosen
to be far apart and relatively stable across age and gender) are then matched to their
3D counterparts (Figure 2.10) and we rely on an iterative PnP algorithm (OpenCV’s
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Figure 2.9 � ROS nodes involved in the Visual Focus of Attention (VFoA) estimation (orange
nodes were speci�cally developed for this work).

implementation) to compute the translation and rotation of the head with respect to
the camera frame. With this approach, knowing the intrinsic parameters of the camera
(calibrated camera) is required for an accurate estimation of the absolute 3D localization
of the head.

Besides being fast, the face alignment algorithm has been found to perform well in terms
of robustness, including in a range of di�cult situations encountered in �eld experiments,
like partial occlusions or large head rotations (we have measured the default dlib model
to be able to track a face with rotations up to �40° horizontally and �30° vertically).
Figure 2.11 shows a selection of such di�cult scenes with one child.

System Implementation

The experiment was carried out with an Aldebaran nao robot, using ROS as a middleware
to build the attention estimation pipeline (Figure 2.9). Head pose estimation, presented
builds on the dlib and OpenCV libraries; the pose transformations are handled by the
ROS tf library. The same tf library is used to represent the possible point of interests
as individual frames: an object is considered to be in focus when its frame lies within the
�eld of attention of the participant (Figure 2.12). The implementation is open-source
and available at https://github.com/chili-epfl/attention-tracker.

Field & Focus of Attention

We model the �eld of attention as the central region of the �eld of view. The �eld of view
itself is approximated to a cone spanned from the nasal depression (sellion) of the human
face. Di�erent dimensions for the human �eld of view can be found in the literature:
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(0,0)

(0,0,0)

Figure 2.10 � The 6D head pose is estimated by �tting a 3D model of an adult head (left)
onto the detected 2D features of the face (right). We rely on an iterative PnP algorithm,
using 8 correspondence pairs (three are depicted: the sellion � the nasal depression �,
the left tragion and the menton). The 3D origin of the head is set at the sellion.

Figure 2.11 � Head pose results on images captured during a �eld experiment. Detection
of face features (and therefore, estimation of the pose) is robust to signi�cant occlusions
and face rotations.
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Field of Attention

6D pose of the face

other frames
of interest

head-tracking camera view frame 
in focus

Figure 2.12 � Screenshot of the real-time attention estimation system. The visual �eld of
attention is approximated to a 40° cone, spanning from the head’s sellion. The objects whose 3D
pose intersect with this cone are considered in focus.
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Holmqvist [Holmqvist et al., 2011] models it with an horizontal aperture of �40° and a
vertical aperture of �25°, while Walker [Walker et al., 1980] for instance suggests 60° up,
75° down, 60° inwards (towards the nose) and 95° outwards. Previous work on visual
perspective taking for social robotics [Sisbot et al., 2011] model the �eld of attention
as a cone of 30°. We retained in this work a slightly wider aperture of 40°. We then
approximate the visual focus of attention (VFoA) of the human to the objects which lie
inside this �eld of attention (Figure 2.12). At a given time, more than one object can
therefore be in focus.

Our implementation has two limitations: objects are approximated to points (they are
considered in focus if their origin lies in the �eld of attention), and we do not check
actual visibility: one object could be hidden by another, it would still be considered as
in focus. We did not address these limitations since our experimental setup (involving
relatively small objects with no occlusions) did not necessitate it. Techniques for more
accurate assessment of the visual perspective of the human peer can be found in [Sisbot
et al., 2011] for instance.

Within these limitations, computing if object A(xA; yA; zA) is in the �eld of attention of
the human requires �rst to transform the coordinates A(XA; YA; ZA) into the frame of
the face, and then to verify the simple inequality

q
Y 2
A + Z2

A < tan
�
fov

2

�
�XA (with fov

the aperture, and assuming that the main axis ~x of the �eld of attention points forward).

Our approach assumes that the pose of the objects of interest are available to the system:
as described in subsection 2.6, our implementation relies on the ROS tf framework to
manage and make available to all software modules the list of poses of existing objects
(represented as frames), and dedicated perception modules are in charge of publishing
up-to-date informations regarding the location of the objects of interest (the so-called
situation assessment). Due to the nature of the experiment, most of the points of interest
considered for the experimental validation presented hereafter are static with respect to
the robot, thus simplifying the scene perception.

2.6.1 Experimental Validation

As presented above, we use the 6D head pose as an approximation of the actual gaze
direction, and we further approximate from here the participant’s �eld of attention. The
assumption that such an approximation of the �eld of attention allows to derive the actual
focus of attention needs to be validated experimentally. Our proposed experiment involves
child-robot interactions in the context of handwriting remediation. This subsection details
the experimental procedure and presents our results.
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Figure 2.13 � Picture of the interaction with one of the children.

Experimental Procedure

The subjects were typically located 50 cm away from the robot with the primary (writing)
tablet in front and the secondary one 30 cm to the left of the �rst one. The facilitator
was located about 60 cm to the left of the subject. Finally, two observers (visible by the
child) were located further away from the interaction �eld. Figure 2.13 shows accordingly
the location of main areas of interest (the two tablets, the robot and the facilitator).

The dependent variable is the measurement of the participants’ VFoA, assessed in terms
of what the attentional targets of the child are over time. The face of the child is acquired
through a �xed webcam (Logitech c920), placed on the table (see Figure 2.1), and the
attentional targets are then computed as presented in subsection 2.6.

Six children (ages 5 to 6, 3 boys, 3 girls, none wearing glasses) were enrolled for this
study. The study took place at school, in an isolated room (the computer lab). The
participants were chosen by the teacher, and would come one after the other to interact
with the robot (duration: M = 19:6 min, SD = 1:58).

The interaction is organized in rounds of writing: during a typical round, the child
requests the robot to write something (a single letter, a number, or a full word), and
presents a tactile tablet (equipped with a custom writing application) to the robot.
The robot �writes� on the tablet by drawing in the air the letters that are displayed
on the screen by the tablet application; the child then pulls back the tablet, corrects
the robot’s attempt by writing on top of or next to the robot’s writing, and �sends�
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