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Preface

This volume contains the papers presented at R4L @HRI2018: Robots for Learning - Inclusive Learning
@HRI2018 held on March 5, 2018 in Chicago.

In recent years, research in Human-Robot Interaction has increasingly attracted interest from the field
of education in particular. However, this interest is not new: the logo turtle entered schools nearly 40
years ago. Over this period, robots have changed a lot: sequentially or eventually programmable, they also
integrate a wide spectrum of sensors and actuators. Hence, new applications in educational contexts can
now be envisioned.

The Robots for Learning (R4L) workshop is in its 4th series, and the focus of this edition was on in-
clusive learning. Robots as educational agents have been studied and deployed in various forms - as
tools, mediators, tutors, and peers. In this workshop, we aim to discuss the approaches and challenges of
developing these educational robots to be more inclusive, helping learners of different ages, backgrounds,
genders, and learning abilities. Learners with difficulties often need more attention or personalised training.
With this workshop, we discussed recent advances in empirical and theoretical state-of-the-art research
contributions on human-robot interaction in educational contexts on the following challenges: How to de-
sign robots to adapt to learners abilities? How to build long-term learning with robots? How can robots
engage learners in playful learning activities? How can robots assist learners in multimodal learning sce-
narios?

We would like to thank the Swiss National Science Foundation for supporting this project through the
National Centre of Competence in Research Robotics.

April 9, 2018
Lausanne

Wafa Johal, James Kennedy, Vicky
Charisi, Hae Won Park, Ginevra

Castellano and Pierre Dillenbourg
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Spatial Referring Expressions in Child-Robot Interaction:
Let’s Be Ambiguous!
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Edmunds1, Tony Belpaeme1,2

1 University of Plymouth
2 University of Ghent

* christopher.wallbridge@plymouth.ac.uk

Abstract

Establishing common ground when attempting to disambiguate spatial
locations is difficult at the best of times, but is even more challenging between
children and robots. Here, we present a study that examined how 94 children
(aged 5-8) communicate spatial locations to other children, adults and robots in
face-to-face interactions. While standard HRI implementations focus on
non-ambiguous statements, we found this only comprised about 20% of children’s
task based utterances. Rather, they rely on brief, iterative, repair statements to
communicate about spatial locations. Our observations offer strong experimental
evidence to inform future dialogue systems for robots interacting with children.

1 Introduction

For children arriving in a new country, learning the language of their new home is an
important part of their integration. Proficiency in the language of the host country is a
vital condition for success at school. Even for children of migrants born in the host
country, this may be an issue if the language used at school cannot be reinforced in the
home. As tailored language classes are expensive and limited in time, we wish to
explore if robot tutors can be used to complement language tutoring. This is
encouraged by robots having been shown to be able to reduce anxiety in a second
language learning when acting as a peer [1]. However there is still much to be
considered when designing a robotic language tutor [5].

Figure 1. A child interacting
with the robot in our study.

While most language tutoring systems
focus on the learning of nouns and verbs, we wish to
study the learning of spatial language instead: the
vocabulary and grammatical constructions serving
the communication of spatial relations. Spatial
language is particularly challenging, as the semantics

are often vague, context dependant and referent dependant. For example, in “the apple
next to the bowl” the spatial referent “next” does not have boolean membership, but
rather has a graded membership depending on the distance between objects and the size
of the objects. A typical assumption in Natural Language Interaction Systems (NLIS) is
that referring expressions (RE) are unambiguous descriptions of object locations and
that a linguistic interaction between a user and a computer system follows a quite
structured and clear interaction flow using unambiguous utterances [8]. This might be
the case for spoken interfaces in banking systems or telephone ordering, but the
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literature in socio-linguistics and dialogue systems show that language is much more
dynamic than NLIS typically allows for, and this is specifically prominent in spatial RE.

Socio-linguistics suggests that people do not tend to use fully specified RE. Instead,
they reduce the cognitive load by under-specifying the description and then rely on a
strategy of repair to correct misunderstanding if necessary [7]. Rather than this being a
one-way communication, it is a fundamentally social process. The person being
addressed is expected to be an active contributor to the process of reaching common
ground. Each participant in the conversation will contribute until a grounding criterion
is met [6], i.e. when each contributor to the communication believes that they have
understood enough for their current purpose. Pickering and Garrod [11] describe this
partial alignment of common ground as the natural way in which we communicate. Full
common ground is only necessary when there is difficulty reaching alignment.

Dialogue management systems have to take into consideration these under specified
statements. One assumption that often made in interaction between two agents is that
what is said by one, is how the other understands it. However this is not always true,
even in human-human interaction [10]. Instead, continuous communication can allow a
system to re-evaluate its belief state of the current environment, and the belief state of
other communicative agents. For spatial tasks they are able to use contextual language
to help with the positioning of an item [2]. Instead of complex statements that try to
pinpoint the exact location in one sentence, a series of much simpler statements is used.

By contrast, implementations of RE generation and understanding for use in
robotics often follow Gricean Maxims [9], such as the Incremental Algorithm [8]. These
algorithms focus on a single statement that eliminates ambiguity. While communicating
clearly and unambiguously about spatial references is one solution to the problem of
communicating about space, more recent systems also incorporate perspective
taking [12], which may alleviate the need for precise but verbose REs. With perspective
taking we do see a more interactive approach. But this process still relies on reaching
full alignment by eliminating ambiguity.

Our present study provides real-world data of children establishing common ground
in the natural course of playing a game. We observed them either interacting with other
children, with adults or with a robot using a Wizard of Oz setup. The study provides
opportunities for the children to use a large set of spatial language, perspective taking
and establishing a common point of reference, whilst being easy to replicate.

2 Study Design

Figure 2.The experimental
setup. A top down view show-
ing the position of the manipu-
lator and describer sitting oppo-
site each other with the “Sandtray”
screen in the middle. The experi-
menter is sitting to the side with a
camera recording the participants.
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We collected data from 94 children
between the ages of 5 and 8. They were assigned
to one of three conditions: child-child, child-adult
or child-robot. For the child-child and child-adult
conditions children from two different schools
were used. They participated during the day
at their school in a room for individual teaching.
In the child-child condition two children
from the same class participated together. In the
child-adult condition a child participated with an
experimenter. Those in the child-robot condition

were recruited from register held by the Babylab at the University of Plymouth.
Following a sandbox paradigm [3], one child and a partner (child, robot or adult) are

sitting on opposite sides of a large touchscreen (Fig. 2). The screen presents a
background with different areas: a castle, a desert, two rivers with bridges, a lake, two
beaches and many bushes or trees.
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One agent, hereafter called the describer, has to guide the other agent, called the
manipulator, to move items on the touchscreen to a desired location. The describer is
provided with a reference map, which is kept hidden from the manipulator, with the
desired position of eight items (Fig. 3).

While it has been shown that pointing can influence the words used [13], the task
could be easily completed without words if gestures were allowed. As we were focused
on the language being used, the describer was instructed not to use pointing gestures. If
children attempted to use pointing they were reminded that this was not allowed.

Figure 3.An example of the
reference map given to a
child to describe. The eight
items (face, crocodile, elephant,
zebra, hippo, lion, giraffe and ball)
are shown in the desired location
that they need to be moved to.
The child describes the position
on his map for an agent to manip-
ulate into the correct position.

The touchscreen presents a background
with different areas (Fig. 3). Eight movable
items have to be moved to specified locations
on the map. The reference maps were designed
to elicit a number of different ways to describe
the position of objects. Some objects were facing
a particular direction, to encourage locutions
like ‘in front of’ or ‘behind’. Features, such as the

bridges and bushes, were repeated so as to require disambiguation. Verbal
disambiguation was also elicited by the relatively small size of the screen, which limits
the effectiveness of joint gaze to identify the correct location for an object.

In the case of the child-child and child-adult conditions, after the first map was
completed, the role of manipulator and describer would be swapped. In the case of the
child-robot condition the child would be invited to describe the second map. The robot
itself would appear to move objects around the touchscreen via the use of a Wizard of
Oz control interface, held by an experimenter. The experimenter is able to move an
object on their interface, the robot would then move its hand to point at the object and
then move its hand to point at the target location, with the object moving with it.

3 Results

For statistical power reasons, we focused our current observation of results on the
child-child interaction (Child-Child=60, Child-Adult=26, Child-Robot=8), while
providing more qualitative observations of the other conditions in the discussion.

We observed an average of 7.12 (SD=7.50) repair statements used per round (one
round consisted of one map with eight objects to be moved). The SD shows large
inter-personal variations. There were comparatively few cases of repair statements
requiring spatial perspective taking (M=0.56 per round). Despite being told not to use
them, there was an average of 2.43 (SD=3.03) pointing gestures used per round.

Figure 4. Break down of on-
task statements. Ambiguous
descriptive statements were a sig-
nificantly higher proportion than
the other statement types.
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We took all the on-task statements
from a sample of 10 child-child sessions,
giving us data from 20 children. The statements
were divided into the following categories:
Ambiguous-Descriptive (statement refers to more
than one location e.g.’the zebra is on a bridge’),
Contextual (statement following from previous
statements, that would make no sense to a third
person entering the conversation e.g. ’the other
one’), Negation(statement indicating that it is an

incorrect location with no further description e.g. ’no’), Non-Ambiguous (statement that
describes only one possible location e.g. ’the crocodile is in the big lake’) and Pointing.

On average Ambiguous-Descriptive statements were used 38.6% of the time,
Contextual in 13.1%, Negation in 9% and Non-Ambiguous in 23.2%. Using a Welch
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two-sample t-test we find that the Ambiguous-Descriptive statements are used
significantly more than any other type of statements, and Cohen’s d test shows a large
effect size in each case (Contextual: t(38) = 4.2, p < .001, d = 1.34; Negation:
t(38) = 7.8, p < .001, d = 2.48; Non-Ambiguous: t(38) = 3.7, p < .001, d = 1.17).

4 Discussion

Our observations show that interactions between children (and between children and
robots) are highly dynamic, fast-paced and relying on the situatedness and embodiment
of the conversation partners [4], very unlike the “walkie-talkie exchanges” typically used
in Human-Robot Interaction. Between children, as soon as the manipulator has enough
information to make a guess they will often start moving the objects, without waiting
until enough information is given as to be non-ambiguous. This has two possible
outcomes: either they guess right, or it causes the describer to generate a repair
statement. It also appears that typically it is easier for the describer to let the
manipulator start moving the objects – knowing that the position they described is
ambiguous – so that they may then generate a short, easily understood, repair, reducing
the cognitive load. In fact we see that the robot’s inability to change course after it has
started moving an object caused frustration to the child describing.

In the child-robot condition there appeared to be a reduction of the repair
statements when the robot moved items incorrectly. This could be caused by many
factors, such as the children feeling more nervous with the robot, the expectations they
have of its abilities and the absence of some basic social cues, such as back channelling
and lack of eye contact, all of which made the interaction laborious.

Pointing was still prevalent, despite it being disallowed and discouraged (even the
experimenter was found pointing or indicating directions). Future work could look at a
different methodology to encourage the combination of gestures and language.

5 Conclusion

Counter to many implementations that seek to eliminate ambiguity entirely, we find
that children tend to use many ambiguous statements when describing the location of
objects. As such the robot, when being given RE, must expect ambiguous statements. It
should not wait for further information, but rather start acting on the information it
has, as this will also assist in the process of description. This also means that the robot
should be prepared to react quickly to repair statements by enabling it to diverge from
its current action to take into account the new information.

This also means the robot should be allowed to be ambiguous in its descriptions. This
may be beneficial to reduce processing requirements for the robot itself, but also may
help reduce the cognitive load for its conversational partner. When doing so, the robot
should monitor closely the reaction of its partner, and be prepared to provide timely
repairs to lead the implicit, interactive disambiguation process.

Our next steps are to implement a more interactive robot to collect more data with
children interacting with the robot. Using this data we will be able to build an effective
framework for natural spatial communication between children and robots.
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Abstract

To broaden the adoption and be more inclusive, robotic tutors need to tailor their
behaviours to their audience. Traditional approaches, such as Bayesian Knowledge
Tracing, try to adapt the content of lessons or the difficulty of tasks to the current
estimated knowledge of the student. However, these variations only happen in a limited
domain, predefined in advance, and are not able to tackle unexpected variation in a
student’s behaviours. We argue that robot adaptation needs to go beyond variations in
preprogrammed behaviours and that robots should in effect learn online how to become
better tutors. A study is currently being carried out to evaluate how human supervision
can teach a robot to support child learning during an educational game using one
implementation of this approach.

1 Introduction 1

Compared to lectures, tutoring has been showed to increase the learning gains of 2

humans [4]. In particular, one-to-one tutoring enables a more inclusive teaching, by 3

adapting the content of the lesson and the style of interaction to the needs and 4

preferences of the student. As such, tutoring presents numerous opportunities for social 5

robots in education: teaching language [3], how to write [9], maths or sciences [7]. 6

To be as effective as human tutors, robots should not deliver a one-size-fits-all 7

teaching content; they need to adapt their behaviour to the student they are teaching. 8

Traditional methods of developing adaptable robot tutors have either used predefined 9

behaviours that the robot can switch between or have adapted the difficulty of a class 10

to meet the estimated knowledge of the user. But we are convinced that to thrive, robot 11

tutors need to go beyond and learn how to behave efficiently within each situation. 12

Furthermore, we also wish to empower the teachers who are ultimately leading the 13

teaching and who know their students best. Robots should remain tools in the hands of 14

the teachers, and teachers should have the freedom to shape the robot into their own 15

personalised teaching assistant. To this end, we rely on the teacher to demonstrate to 16

the robot the desired tutoring behaviour using a Wizard of Oz (WoZ) approach. As the 17

robot is exposed to these demonstrations, it learns and starts producing its own 18

suggestions of actions to support the students. Using human feedback and commands, 19

the robot’s action policy improves over time and when the teacher deems this behaviour 20

to be adequate, the robot can take over the tutoring session, interacting autonomously 21

(if desired) with the students and freeing the teacher to work with other students. 22
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2 Related Work: Adapting Teaching Strategies in 23

Robots for Learning 24

To increase the amount of learning children gain from the tutoring setup, robots can 25

adapt their behaviour to suit the preferences and requirements of the student they are 26

teaching. One solution, as used in [8], is to have different empathic strategies such as: 27

encouraging comments, scaffolding, offering help or intentionally making errors. By 28

modelling the child’s preferences and reactions to these strategies the robot can select 29

the most efficient one for each specific child. Other methods use Bayesian Network and 30

Knowledge Tracing to estimate the learner’s knowledge and provide advice on missing 31

skills [10], or select a task and a difficulty level which will maximise the learning 32

gain [6, 11]. Alternatively, if the task requires mainly practice of poor skills (such as 33

handwriting), every aspect of the child’s knowledge can be continuously monitored and 34

training examples can be selected to encourage the practice of these poor skills [9]. 35

One method which goes further than simple adaptation and allows the robot to 36

tackle previously unseen or unanticipated child behaviours as a human tutor would, was 37

introduced by Sequeira et al. in [15]. The authors proposed the restrictive-perception 38

Wizard of Oz: the robot starts as non-autonomous; controlled by a human. Then an 39

autonomous controller is developed from the human demonstrations and hand-coded 40

rules before being deployed to interact autonomously and replicate the human 41

demonstrations. 42

However, in [12] and [13], we argued that the learning of an action policy should 43

occur online, with human supervision. This reduces the workload of the wizard, 44

allowing them to monitor the robot’s learning while ensuring that even in the learning 45

phase, the robot’s behaviour is efficient. While this method originated from the Robots 46

in Therapies field, we are convinced that Robots in Education is an area which would 47

greatly benefit from such an approach. 48

3 Progressive Autonomy for Robots in Education 49

3.1 A teacher-led learning process 50

Developed to reduce the workload on a robot’s supervisor in a therapy scenario, the 51

Supervised Progressive Autonomous Robot Competencies (SPARC) [12] uses online 52

learning from demonstration combined with suggestions from the robot and potential 53

corrections from the teacher to rapidly learn and improve a robot’s action policy. 54

Figure 1. Interaction setup:
the teacher (one of the au-
thors) on the left uses a GUI
on a tablet to control and
teach the robot how to inter-
act with the child until reach-
ing a good action policy.

One advantage 55

of such a technique is that it empowers the 56

end-users, the teachers. They can control 57

the robot’s behaviour in a teaching phase, 58

ensuring that the robot reacts properly to 59

the different behaviours expressed by the 60

child while monitoring the progress of the 61

robot’s learning (Figure. 1). As the robot 62

learns a better action policy, the teacher 63

can step back and focus more on the 64

child’s behaviour while letting the robot 65

progressively take over the tutoring session, freeing the teacher to take care of other 66

children. Keeping the human in the loop and in control of the robot’s actions provides 67

the algorithm access to efficient demonstrations and ensures that incorrect actions due 68

to missing knowledge are corrected before being executed, which ensures quick and 69

efficient learning [13]. Having been demonstrated to work only in simple or discrete (in 70
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space and in time) environments, this method has not yet been evaluated in a 71

real-world, complex environment such as tutoring. 72

3.2 A high-dimensional example: a robot tutor to learn about 73

food chains 74

SPARC for creating a teachable tutor has been implemented in a teaching scenario and 75

is currently being tested with children (source code available 1 2 3). 76

In this study, children are invited to learn about food chains in a gamified and open 77

learning environment. The setup, as shown in Figure 1, uses the Sandtray paradigm [2] 78

whereby a child is interacting with a robot through a large touchscreen sitting between 79

them. The game presents movable animals and passive plants and the goal is to keep 80

the animals alive as long as possible. Animals have energy that decreases as time goes 81

by and the students have to make them interact with other animals or plants to feed 82

them and replenish their energy. As the students learn how to feed animals to keep 83

their energy high, by extension, they can learn what food each animal eats. 84

To support this learning, the robot can provide advice (move an animal to, toward 85

or away from other animals or plants), verbal feedback (remind rules, provide 86

congratulation and encouragement) or draw the child’s attention to an animal. 87

Figure 2. GUI used for su-
pervising: the teacher moves
the bird close to the fly and
selected both of them as rel-
evant feature for this action
(blue and orange circles).
Buttons at the bottom are
used to have the robot pro-
vide feedback.

The teacher uses a tablet running 88

a supervisor GUI replicating the state 89

of the game as it is currently being played on 90

the touchscreen. This GUI allows for remote 91

control of the robot’s actions (highlighting 92

features to speed up the learning by providing 93

relevant dimensions for the algorithm [14]) 94

and receives suggestions from the robot 95

about what action to do next (cf. Figure 2). 96

The robot has access to 655 discrete output actions and an abstracted representation 97

of the state of the game and the interaction through a 210 dimensional vector of values 98

bounded between 0 and 1 (distances between the elements, time since the child touched 99

each elements, time since robot’s actions or time since other interaction events). The 100

system must therefore find a correct mapping between a 210 dimensional input vector 101

to a 655 exclusive output one. Many algorithms can learn in such an environment, but 102

traditional Reinforcement Learning algorithms would take a prohibitive amount of time, 103

exhausting many children as the robot would at first be behaving randomly and 104

providing incoherent messages. As such, a method like SPARC offers an opportunity to 105

quickly learn a useful action policy despite the complexity of the environment. 106

To learn fast, the algorithm used is a variation of the Nearest Neighbours 107

algorithm [5] where actions are defined on a sliced version of the general space [14]. This 108

algorithm allows fast, lightweight and online learning with transparency as the algorithm 109

can highlight which features of the space have been used to make the suggestion. 110

At the start of the first interaction, the database the algorithm has access to is a 111

blank sheet without any actions, and as the supervisor selects actions, the database of 112

demonstrations is filled, associating actions with the value of the state on a subset of 113

the dimensions. As the database becomes richer, the robot suggests a larger number of 114

correct actions, reducing the workload on the teacher until reaching a point where the 115

teacher only has to correct/select a low number of actions to fine-tune the robot’s policy. 116

This setup is currently being tested in primary schools in the UK with children in 117

1https://github.com/emmanuel-senft/freeplay-sandbox-ros-sparc/tree/task
2https://github.com/emmanuel-senft/freeplay-sandbox-qt/tree/food-chain
3https://github.com/emmanuel-senft/freeplay-sandbox-qt-supervisor
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Years 4 and 5 (8-10 years old) with one of the authors (a PhD student in Psychology 118

naive to the algorithm) acting as a teacher. 119

4 Discussion 120

4.1 Future work 121

The current implementation has several limitations that should be tackled in future 122

work. Firstly, for now, the algorithm can only take demonstrations (and negative 123

feedback) as input. It would be interesting to start with a set of rules defining a 124

baseline of behaviour, which could then be refined online by adding either new rules or 125

demonstrations. Additionally, currently the algorithm only reproduces a demonstrated 126

action policy and does not have the opportunity to learn from its interaction with the 127

world. Future work could focus on designing a system which adds the prediction and 128

use of rewards in reaction to environmental events (such as with Inverse Reinforcement 129

Learning [1]) and techniques to model a child’s knowledge to potentially learn an action 130

policy more efficient than the demonstrated one. 131

While allowing the robot to learn faster using initial knowledge from a human, 132

including a supervisor in the action selection loop also limits the time-scale of the 133

interaction. Allowing the human enough time to correct a suggested action requires the 134

addition of a few seconds between the suggestion of an action and its auto-execution, 135

which implies that the rate of action selection has to be below 1 Hz. This delay can 136

reduce the optimality of an action between its suggestion and execution, slowing down 137

the learning process. Future work could explore teaching at different levels of 138

abstraction, giving the teacher time to override only high level actions where exact 139

timing is less critical. 140

4.2 Opportunities 141

The goal of the approach is to provide teachers with a way to create their own 142

personalised robotic tutors, which can be controlled by the teacher and taught how to 143

interact with children according to the teacher’s personal preferences. The robot learns 144

from the first demonstration, and to obtain a correct autonomous action policy the 145

teacher would need to spend enough time to cover the required actions in the domain of 146

application. The time dedicated to teach the robot varies with the complexity of the 147

policies from a few minutes for simple ones to more than one hour for complex ones. 148

However, it needs to be pointed out that while the teacher is teaching the robot how to 149

interact, s/he does also actively support students in their learning in a different, while 150

similar, way than traditional human-to-human tutoring. 151

The mixture between WoZ, learning and autonomy additionally allows the teacher to 152

take a more active supervisory stance for children with more difficulties to offer them an 153

experience tailored to their specific needs, or to select a special (previously taught) 154

action policy for the robot. If the study is successful, we would have demonstrated a 155

way to teach a robot online, an efficient action policy to interact with humans in a 156

complex (high dimensional), indeterministic (children are highly stochastic) 157

environment. This or similar methods could be applied to other domains ranging from 158

personal robotic assistants at home to collaborative manufacturing. 159
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Abstract

ISEP-R0B0 is a project which combines a small programmable robot and a visual 1

programming language. Its goal is to provide a full-fledged system at a very low cost, 2

targeting schools but also informal learning situations such as after-class activities. 3

Through the programming and observation of the behavior of the robot, students can 4

learn notions either related to Computer Science or Science, Technology, Engineering, 5

and Mathematics. Since ISEP-R0B0 is still at an early stage, this article focuses on 6

introducing the design of the system and two case studies we plan on conducting shortly. 7

Introduction and Context 8

Research in Computer Science Education (CSE) has long tried to introduce robots 9

in programming courses. Oftentimes, the objective is to foster students’ interest and 10

creativity through “the design of tangible and interactive object using programmable 11

hardware” [14], also known as physical computing. In this regard, results indicate 12

that students experience an increase in motivation [7, 17] and that underrepresented 13

populations in Computer Science (CS) courses feel empowered [16]. However, learning 14

outcomes can vary depending on the context and course taught [2, 4]. 15

Two aspects of programming often cause difficulties to beginners [3,9]: the complexity 16

of a programming language and the structural instructions of a programming algorithm. 17

By focusing on the design of algorithms rather than on the code implementation itself, 18

Visual Programming Languages (VPL) can alleviate these two issues. We can mention 19

the cases of Scratch [12] and App Inventor [6] which were both used to teach fundamental 20

CS principles. A more recent example is the BBC micro:bit project, from which the 21

design of ISEP-R0B0 is inspired. The micro:bit is a “pocket-sized, codeable computing 22

device” which is programmable with an online block-based VPL [1]. Though useful as a 23

tool to foster creativity and increase motivation [17], we could not find any publication 24

identifying the effects of using the micro:bit in acquiring CS and programming knowledge. 25

ISEP-R0B0 is composed of a programmable robot and a VPL. We expect learners to 26

program ISEP-R0B0, and to see the robot itself as a playful tool for the embodiment 27

of CS or Science, Technology, Engineering, and Mathematics (STEM) concepts. Other 28

systems using block-based VPLs were previously designed with similar intents: .NET 29

Gadgeteer [7], LEGO Mindstorms [2], Thymio-II [10], and more recently micro:bit [1]. 30

However, distinctions can be drawn on the granularity of each VPL and on the cost 31

of each product. Indeed, ISEP-R0B0 provides low-level instruction blocks of code to 32

program the robot (in opposition to LEGO Mindstorms or .NET Gadgeteer which 33
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use high-level action blocks). While Thymio-II can translate blocks into a dedicated 34

event-based programming language (in this case ASEBA), ISEP-R0B0 and micro:bit 35

produce more standard programming languages (respectively Python and Javascript). 36

Finally, we wish to design an affordable robot (with a retail price similar to the micro:bit) 37

while providing features present in higher-end robots. 38

The ISEP-R0B0 project is still at an early stage. That is why, in this article, we 39

mainly address the design of ISEP-R0B0 and two case studies. In the first one we want 40

to identify the differences in learning outcomes when a novice programmer (e.g., K-12 41

students) observes the results of her code (which concerns fundamental programming 42

notions such as variables, conditional structures, and loops) on a tangible object instead 43

of only in a web-based simulation. In the second one we wish to explore the use of 44

ISEP-R0B0 in education through the design and enactment of learning scenarios in 45

STEM by programming the robot. In conclusion, we discuss on the results we expect to 46

achieve from these studies and describe our next steps. 47

Design of ISEP-R0B0 48

A key consideration during the design of ISEP-R0B0 is usability. Since we expect a 49

broad range of users (basically, anyone whom is interested in being introduced to CS 50

and programming), the system must (1) allow for a variety of scenarios, (2) be easily 51

programmable, and (3) offer a seamless experience from programming to flashing the 52

program on the robot. 53

Figure 1. A first prototype
of ISEP-R0B0. Board design
and microcontroller unit will
be subject to changes.

The illustration in Fig. 1 depicts a prototypical ver- 54

sion of ISEP-R0B0. It comprises two servomotors, LEDs, 55

an accelerometer, an electromagnet, a microphone, and 56

IR and light sensors. With these components, the robot 57

would be able to move around its surroundings, detect 58

and move objects, and track and move along lines. The 59

board design and microcontroller unit (MCU) will be 60

subject to changes to allow an easier integration of new 61

components and programming of the robot. In particular, 62

we are considering options which use MicroPython1. 63

The second specification takes advantages of VPLs 64

to design programs, as evidenced by studies using block- 65

based programming languages [6, 12,15]. In the case of 66

ISEP-R0B0, we built a VPL based on Blockly2 and embedded it in a web application 67

(see Fig. 2). A decisive factor in favor of Blockly is its ability to easily design new blocks 68

and to generate their equivalent Python codes.

Figure 2. The interface dis-
playing blocks to program
the robot. The equivalent
Python code can be gener-
ated, but is not illustrated
due to space restrictions.

69

To comply with the third requirement, we al- 70

lowed users to generate the Python code from the 71

program designed with blocks. By implementing 72

a script on our server, we can create the equivalent 73

binary file which can be downloaded on the user’s 74

laptop3. By simply dragging and dropping this 75

binary file into the memory storage of the robot, 76

the user can update the firmware of the robot, and 77

thus visualize the results of her program directly 78

from the behavior of the robot. 79

1See https://micropython.org/ for more information.
2See https://developers.google.com/blockly/ for more details on Blockly.
3See https://uflash.readthedocs.io/en/latest/_modules/uflash.html#hexlify for this step.
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Finally, we have planned the design of ISEP-R0B0 to make it possible to add new 80

components, though not doable by any user. The process follows three steps: (1) 81

the soldering of the new component onto the board, (2) the design of the necessary 82

custom block with Blockly, and (3) the implementation of a new method to control the 83

component in the MicroPython library. 84

Case Studies 85

This section introduces two separate case studies. The first one aims towards identifying 86

the benefits of using the robot and/or its simulation for students learning the elementary 87

concepts of programming (i.e., variables, conditional structures, and loops). The second 88

one involves the use of ISEP-R0B0 for STEM education. In particular, the goal is to 89

see whether the use of an easily programmable robot in specific learning scenarios helps 90

learners to understand STEM related notions. In both studies we will consider three 91

participant age groups: primary (6-10 years old), middle (11-15 years old), and high 92

school (16-19 years old). This will let us compare the benefits of using a robot and/or a 93

simulation depending on age and customize STEM experience depending on age. 94

Tangible objects and simulations in CSE 95

Research in CSE which introduces robots shows that students are motivated and eager to 96

use the systems described [2, 4, 5, 17]. However, these projects lack comparison between 97

situations where learners use a tangible robot or a virtual one, sometimes merely because 98

there is no simulation tool embedded into the programming interface. This consideration 99

is for instance highlighted by Fagin and Merkle [4], as they observed the difficulties faced 100

by their students because of the lack of simulation to facilitate the process of developing, 101

running, and debugging their programs. 102

In the case of ISEP-R0B0, we wish to explore the differences in learning outcomes 103

when programming with a tangible object and/or with an equivalent simulation. In the 104

end, the objective would be to create a system in which the tangible object and the 105

simulation can complement themselves in programming learning activities. By enacting 106

learning scenarios which take advantage of both tools and the implemented VPL, we 107

hypothesize that learners can acquire a more complete understanding of key notions of 108

programming. This approach of using both a material and a digital artifact has been for 109

example studied in Mathematics [11]. 110

As a first step, we plan on conducting an experiment which target is to identify the 111

learning outcomes specific to programming with the robot and/or its simulation. The 112

experimental protocol relies on dividing students into three groups: a group which uses 113

the robot, a group which uses the simulation, and a control group which uses both tools. 114

By analyzing the students’ interaction with the VPL and their answers to a pre-test 115

and post-test evaluation, we hope to identify distinct learning benefits stemming from 116

the use of the robot or the simulation. The experimentation will focus on two aspects: 117

(1) the level of comprehension of what variables, conditional statements, and loops are, 118

and (2) how long and to which degree this knowledge is retained. At the end of this 119

experiment, our goal is to design scenarios where students would benefit from using both 120

tools in programming learning activities. 121

As a complementary study, it would be interesting to ask students whether or not 122

they have witnessed differences in behaviors between the robot and its simulation. For 123

instance, if a student programs the robot to move straight forward, the simulation would 124

keep the same direction indefinitely while the real robot might deviate from its initial 125

trajectory due to internal (e.g., wheels might not be exactly parallel) or external (e.g., 126

plane might not be perfectly horizontal) factors. The task here would be for students to 127
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realize that their programs are not wrong, but rather that the differences might originate 128

from a faulty hardware design or from the surroundings of the robot influencing its 129

behavior. 130

ISEP-R0B0 for STEM education 131

The second case study revolves around the use of ISEP-R0B0 in STEM fields, and 132

more particularly in Mathematics and Physics. Based on the constructionist theory 133

of learning [13], such situations are designed to allow students to create and alter the 134

environment in which the robot is moving. Lots of systems already exist for this specific 135

goal and research projects seem to indicate positive results in the students’ learning and 136

motivation (see [8] for a review). 137

We designed a learning scenario based on a classic problem in kinematics: the inclined 138

plane. The main objective for learners would be to calculate the amount of power to 139

give to the motors so that the robot can climb up a slope. Students would be divided 140

into two groups: one group with the robot, the other solving the same problem on a 141

paper. By initializing differently some set-up parameters (such as the inclination of the 142

plane and/or the material composing the surface of the plane), students would have 143

to gather their knowledge on movement, gravity, and static friction and analyze their 144

effects on the robot. 145

We expect to see results suggesting that, through the observation and use of the 146

robot, students have a better understanding of the principles in play in this scenario 147

compared to students working on the same problem on paper. 148

A follow-up study could be to explore the effects of using a VPL for programming 149

a robot in a STEM learning activity. Indeed, out of the 26 systems identified in [8], 150

only five presented a visual programming language. Our concern is that the secondary 151

task of writing lines of code with a complex programming language might interfere with 152

the primary task of solving a problem in Mathematics or Physics. By spending more 153

time analyzing and modeling the problem instead of implementing a technical solution, 154

learners should get a better understanding of the concepts in play. 155

Conclusion and Future Work 156

In this article, we presented ISEP-R0B0 which is composed of two main components: a 157

programmable robot and a web application allowing users to program the robots with 158

a VPL. By interacting with ISEP-R0B0, we expect novice programmers to learn key 159

concepts of CS and/or STEM. The robot adopts a voluntarily simple design in order to 160

comply with our objectives: to be affordable and to diffuse in schools. 161

Concerning STEM activities, the design of ISEP-R0B0 allows for the enactment of 162

learning scenarios. In addition to the one we presented about kinematics, we plan to 163

test other learning scenarios: an objective could be to require students to work with 164

angles in geometry in order to program the robot to make it move out of a maze. 165

From the presented case studies, we expect to draw conclusions on (1) the learning 166

benefits specific from the use of a tangible object or an equivalent simulation, and (2) 167

the effects of using a robot in a STEM learning activity (and the effects of VPLs in such 168

situations). Results from these experiments would also shed light on learning design 169

specific to the use of robots in CS or STEM education. 170

The design and development of ISEP-R0B0 is still on-going, and our next steps 171

consist in finalizing the integration between the robot and the web platform allowing for 172

its programming. We also leave space for new components; in such cases, complementary 173

work must be done to create a custom block for this specific feature within the VPL and 174

to generate the equivalent code lines in Python. 175
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Abstract

Challenging math problems without immediate solutions often invite students to ride an
“emotional roller-coaster” [2] through episodes of confusion, frustration, surprise and joy.
Those problem solving experiences provide rich opportunities to cultivate mathematical
perseverance, the mentality to forge ahead in face of ambiguity or difficulty. An ideal
teacher closely monitors the problem solving process and provides cognitive, emotional
or social supports that are often personalized and optimized. Given the potential high
cognitive loads on the teacher who needs to monitor and react in real time, an affect
sensitive social robot has the potential to assist by partnering with human teacher in a
busy classroom. In this paper, we will describe a multi-modal dataset we collected from
multiple sessions of a young child solving math problems coached by his parent tutor.
We report initial findings and their implications in the interaction design of a robotic
companion that responds dynamically to the child’s fine-grained non-verbal behaviors
cues and affect signals in order to foster perseverance. We also describe an ongoing
study involving multiple parent-child pairs with additional data elements.

Introduction 1

Different from math exercises, non-routine math problems are those without immediate 2

solutions. Regular exposures to those challenges help students to cultivate perseverance 3

in face of uncertainty and impasses. Students at young age benefit from high quality 4

coaching with personalized supports adaptive to students’ moment-by-moment 5

cognitive,emotional and social needs [8]. Unfortunately, this level of support is often not 6

feasible given the large student-to-teacher ratio in regular classrooms. 7

Socially assistive robots have been explored recently in education to regulate timing 8

of breaks [11], shape help seeking behaviors [12] or cultivate growth mindset [10], 9

curiosity [5] or creativity [7]. There is not much exploration yet in the area of 10

perseverance in math problem solving context among young students. 11

We envision a companion robot who can partner with teachers to sense and interpret 12

children’s behavioral cues in real time and decide on timing and types of support 13

(cognitive, emotional or social) in coaching problem solving in regular classrooms. It is 14

well known that supports offered too early will deprive students of learning 15

opportunities from productive struggles [9], but delayed support might induce excessive 16

frustration that will undermine children’s confidence. Experienced human teachers fine 17

tune those decision rules possibly from a large number of interactions with children via 18

trial and error. Can a robot learn from human teachers on those critical decisions rules? 19
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We approach this question by observing parents coaching their children in math problem 20

solving at home, which gives us the opportunity to observe how the“home teachers” who 21

have deep understanding of their own children’s ability and personality would respond 22

to their behavior cues when offering supports. We believe that observing parents may 23

give us a better chance to find an optimal response model, as opposed to observing 24

school teachers. They work with large groups of students and are often trained to teach 25

well-defined cognitive skills with less focus on developing perseverance in students. 26

In following sections, we will describe the data we collected from a pilot study on 27

one parent-child pair and the response model of the tutor to the child’s non-verbal 28

behaviors cues. We focus on head pose and eye gaze changes as well as affective signals 29

such as frustration and confusion. We choose to study those cues as they appear to be 30

used by tutors in deciding when and how to intervene. We will also describe an ongoing 31

data collection effort from multiple parent-child pairs augmented with additional 32

modalities and survey data. 33

Methods 34

Data Collection 35

In the first study, we recorded 21 videos of one-to-one problem solving sessions between 36

a 9-year-old boy (a third grader) and his mother (the first author of this paper) as his 37

tutor. Each session began at a time when the child was presented with a problem and 38

ended when the child solved the problem, in some cases with the tutor’s help. The 39

videos were captured in a home environment using a Logitech 1080P webcam with an 40

integrated microphone. The seating position of the tutor and the child (Figure 1) makes 41

it possible to capture the child’s overt intent-to-connect (ITCs), defined as head pose 42

and eye gaze toward the tutor. We captured audio and video from the child, and only 43

audio from the tutor.

Figure 1. Recording setup.
In this seating position, the child’s
intent-to-connects (ITCs or head
pose and eye gaze toward the tu-
tor) are detectable. The child-
facing camera captures the frontal
view of the child’s upper body and
face.

44

Child 

Tutor 

Camera 

45

In a second ongoing study, we are 46

collecting data from about 10 parent-child pairs in 47

their home environment with the similar setup as in 48

first study, augmented with additional data features. 49

In addition to the videos, we also collect children’s 50

handwriting traces during problem solving, recorded 51

along with their speech using the Livescribe 52

Smartpen and notebook 1. We anticipate this 53

additional modality will allow us to gain additional insight into children’s cognitive 54

processes, complementing what is available from videos and audio alone. This data 55

stream is especially valuable at times when children are working on problems silently 56

with their heads down because in those cases neither speech nor facial expression 57

information is available. In addition, we collect survey data using validated instruments 58

for children’s personality traits [6], grit [4], math interests and self-regulation as well as 59

math coaching activities at home. We also collect before and after session 60

questionnaires on children’s emotional states. 61

Annotation and feature extraction 62

As the second study is still ongoing, the remainder of the paper focuses on the data 63

from the first study. We use the manual annotations from all videos in the first study as 64

the basis for our analysis. This includes the child’s ITCs and the tutor’s verbal 65

1http://www.livescribe.com/

2/5



responses. Additionally, we use the affect scores extracted from FACET 2 toolkit on the 66

child’s facial expressions, with respect to joy, surprise, frustration and confusion. Our 67

previous study [2] shows that ITCs and tutor’s verbal responses can be reliably detected 68

using machine learning models built from features extracted from Openface [1] and 69

COVAREP [3] respectively. We also note that FACET has reasonable accuracy when 70

validated by human annotations from sampled video frames. As such, in our future 71

work with the second data set, we plan to apply those validated detectors to analyze 72

videos and audio. 73

Results 74

In the first study, we recorded a total of 21 sessions, accumulating 141 minutes of raw 75

videos with mean length of 6.4 minutes per session, with longest session lasting 14.6 76

minutes and the shortest only about 2 minutes. We focus our analysis on two types of 77

signals likely used by the tutor in response decisions: the overt non-verbal behavioral 78

cues of ITCs and the more subtle affect signals. 79

Does the tutor pays attention to affect signals in her response 80

to the child’s overt ITCs? 81

Our analysis suggests that affect signals play a role in the tutor’s response model to the 82

child’s overt ITCs. This is supported by comparing two linear regression models to 83

explain the delay of the tutor’s response using a combination of ITCs and affect 84

features. Those models are built on 101 instances of ITCs which occurred when child 85

looked at tutor in silence, which represents 17% of 774 ITCs across all sessions. 86

Model 1: ResponseDelay = DurationOfITC + ε 87

Model 2: ResponseDelay = 88

DurationOfITC +Neutral + Confusion+ Frustration+ Joy + Surprise+ ε 89

Figure 2. Regression coef-
ficients for affect variables
from Model 2. Large and posi-
tive coefficients indicate more de-
layed response to a specific affect
comparing to others. Only coeffi-
cient for frustration is significantly
different from zero.
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In the first model, only the duration 90

of ITC is taken into account, while in second model, 91

we additionally include affect features extracted 92

from FACET within the 5s window of each ITC. 93

We then performed a likelihood ratio test comparing 94

the goodness-of-fit between those two nested models 95

with χ2(5) = 12.4 and p = .03. This result suggests 96

that including affect related features improves 97

the fitting of the second model comparing with first 98

model. In other words, the tutor seems to take into account the contextual affect around 99

ITCs, in addition to how long the child looks at her, in her decision of when to respond. 100

Figure 2 shows the relative magnitude of the regression coefficients estimated from 101

model 2 as described above. It is interesting to note that the tutor’s responses to ITCs 102

vary by the affect context surrounding ITCs. In particular, the large positive magnitude 103

of coefficient of frustration affect suggest observing those type of signals significantly 104

increases her delay in response, holding all other variables constant. This seems to be 105

counterintuitive , but it might make sense if her goal is indeed to increase the child’s 106

exposure to frustration therefore provide him with an opportunity to persevere. 107

Confusion has a negative but non-significant coefficient, which could partly be explained 108

by the positive correlation between frustration and confusion noted from our previous 109

study [2]. On the other hand, joy seems to be responded to relatively faster than 110

2https://imotions.com/emotient/
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surprise, which could due to the fact that most of the joy affects occurred when the 111

child solved the problems successfully toward the end, in which cases, tutor immediately 112

offered compliments such as “good job”; while surprise is often associated with the 113

“aha” moment the child encountered in middle of the process, in which case, the tutor 114

would just let him continue the discovery journey on his own. 115

How does tutor respond to child’s standalone negative affect ? 116

In this section, we shift focus to a response model as related to the standalone negative 117

affect episodes (i.e., confusion and frustration) that occurred independent of ITCs. 118

Those episodes were observed in scenarios where the child displayed negative affect 119

without looking at the tutor. Those affect signals are thus different from those that 120

occurred along with ITCs, as analyzed in previous section. 121

Figure 3. An example
of detected negative affects
(Frustration + Confusion)
episodes. This plot shows the
output of the automatic nega-
tive episode detector (red colored
bands) overlaid with smoothed
time series of negative affect for
video No.12
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In order to detect episodes of negative 122

affect, we post-processed the raw output of affect 123

scores and identified exceedances where the negative 124

affect scores are above a certain threshold (α). we 125

then cluster those exceedances into episodes. Two 126

consecutive exceedances are clustered into the same 127

episode if they occur within β seconds. we then 128

filter out those episodes lasting less than γ seconds. 129

We calibrate those parameters by visually inspecting 130

the time series of affect scores overlaid with detected negative affect episodes, as shown 131

in Figure 3 as one example. With α=.5 ,β=5s, and γ=5s we identified 92 negative affect 132

episodes. We verified that none of the episodes overlaps with any of the non-dialogue 133

ITCs analyzed in previous section. 134

Figure 4. Comparison
of response time toward
standalone negative affect
episodes and non-dialogue
ITCs Mean of difference in re-
sponse time to two different types
of events, with 95% confidence
intervals.
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As shown in Figure 4,there was a significant 135

difference in the response time to 92 negative affect 136

episodes (M=21.7s, SD=2.9s) and 101 non-dialogue 137

ITCs (M=13.7s and SD=2.3s); t(177.54)=2.14, 138

p=0.034. Comparing with non-dialogue ITCs, 139

the delayed response to negative affect might reflect 140

tutor’s interpretation of standalone negative affect as 141

more definite signals of help request, in which cases, 142

she would rather to let the child struggle longer. 143

Conclusion 144

In this paper, we analyzed the tutor’s response time to the child’s affect signals and 145

non-verbal behaviors cues of ITCs. We note that tutor responded differently to those 146

two different types of signals. we also notice that tutor seems to delay the response to 147

negative affect whether or not they are accompanied by ITCs, which could link to 148

tutor’s intention to maximize child’s opportunity to practice perseverance. We believe 149

this line of investigation has the promise to provide objective and useful insights into 150

the interaction design for affect sensitive companion robots in fostering perseverance in 151

child’s math problem solving activities. 152
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1. T. Baltrušaitis, P. Robinson, and L. P. Morency. OpenFace: an open source facial
behavior analysis toolkit. Proceedings of the IEEE Winter Conference on
Applications of Computer Vision, 2016.

2. L. Chen, X. Li, Z. Xia, Z. Song, L.-P. Morency, and A. Dubrawski. Riding an
emotional roller-coaster: A multimodal study of young child’s math problem
solving activities. In EDM, pages 38–45, 2016.

3. G. Degottex, J. Kane, T. Drugman, T. Raitio, and S. Scherer. Covarep—a
collaborative voice analysis repository for speech technologies. In Acoustics,
Speech and Signal Processing (ICASSP), 2014 IEEE International Conference on,
pages 960–964. IEEE, 2014.

4. A. L. Duckworth, C. Peterson, M. D. Matthews, and D. R. Kelly. Grit:
perseverance and passion for long-term goals. Journal of personality and social
psychology, 92(6):1087–1101, 2007.

5. G. Gordon, C. Breazeal, and S. Engel. Can children catch curiosity from a social
robot? In Proceedings of the Tenth Annual ACM/IEEE International Conference
on Human-Robot Interaction, pages 91–98. ACM, 2015.

6. T. A. Judge, C. A. Higgins, C. J. Thoresen, and M. R. Barrick. The big five
personality traits, general mental ability, and career success across the life span.
Personnel psychology, 52(3):621–652, 1999.

7. P. H. Kahn Jr, T. Kanda, H. Ishiguro, B. T. Gill, S. Shen, J. H. Ruckert, and
H. E. Gary. Human creativity can be facilitated through interacting with a social
robot. In The Eleventh ACM/IEEE International Conference on Human Robot
Interaction, pages 173–180. IEEE Press, 2016.

8. A. Kapoor, S. Mota, and R. W. Picard. Towards a Learning Companion that
Recognizes Affect. AAAI Fall symposium, (543):2–4, 2001.

9. M. Kapur. Productive failure in learning math. Cognitive Science,
38(5):1008–1022, 2014.

10. H. W. Park, R. Rosenberg-Kima, M. Rosenberg, G. Gordon, and C. Breazeal.
Growing growth mindset with a social robot peer. In Proceedings of the 2017
ACM/IEEE International Conference on Human-Robot Interaction, pages
137–145. ACM, 2017.

11. A. Ramachandran, C.-M. Huang, and B. Scassellati. Give me a break!:
Personalized timing strategies to promote learning in robot-child tutoring. In
Proceedings of the 2017 ACM/IEEE International Conference on Human-Robot
Interaction, pages 146–155. ACM, 2017.

12. A. Ramachandran, A. Litoiu, and B. Scassellati. Shaping productive help-seeking
behavior during robot-child tutoring interactions. In The Eleventh ACM/IEEE
International Conference on Human Robot Interaction, pages 247–254. IEEE
Press, 2016.

5/5



Tangible Robots Mediated Collaborative Rehabilitation
Design: Can we Find Inspiration from Scripting
Collaborative Learning?

Arzu Guneysu1, Wafa Johal1,2, Ayberk Ozgur1, Pierre Dillenbourg1

1 EPFL, CHILI
2 EPFL, LSRO

* arzu.guneysu@epfl.ch

Abstract

Due to the high intensity and repetitiveness of the exercises, rehabilitation process may
be frustrating for the patients and it may results with poor treatment results. One
promising way to increase motivation to provide social support through game-play. In
this paper we provide an overview of previous work on collaborative and competitive
games designed for rehabilitation and identify current needs of the area to increase the
usability of inter-player rehabilitation games. We also discuss the use of tangibles in
rehabilitation and collaborative learning and raise an idea of designing collaborative
scripting components for rehabilitation game design by drawing inspiration from
collaborative learning.

1 Introduction

In a rehabilitation process, it is very crucial to keep the patients engaged with the
training program to achieve a better recovery. In our project we investigates how
motivational aspects, namely gamification, adaptation and social interaction supporting
collaboration/competition, implemented with a tangible robot platform can effect
engagement in the task and effectiveness of the rehabilitation.

We use Cellulo as a rehabilitation tool since the platform allows the introduction of
gaming factors into the rehabilitation session to enhance engagement. Another benefit
is that, the system can be set up in 5 minutes on top of a table and does not need any
special space or room, which might be very useful for home-therapy as well.

In our initial studies, we iteratively designed and tested an upper limb game
together with 7 therapists, 2 neourologists and several patients with upper limb
impairment such as stroke, brachial plexus and cerebral palsy.

In the next step, we will focus on integrating multiuser aspects into the
rehabilitation training for motor learning and visio-motor coordination. More precisely,
we aim to investigate to what extent the collaborative training may contribute to a
successful rehabilitation.

In the following sections, we first provide an overview of research that has studied
multi-user games for rehabilitation and then discuss tangible devices proposed by
previous studies for rehabilitation. Lastly, we discuss how we can integrate collaborative
activity design methodologies within collaborative rehabilitation concepts.
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2 Collaborative Rehabilitation with Whom? with
Which Medium?

Previous studies show that social interaction within the multi-player game concept is a
potentially very important aspect of motor rehabilitation. Van den Hoogen et. al. [17]
conducted a requirements analysis and showed that social support is critical for patient
motivation in order to adhere to the necessary regime of rehabilitation exercises in the
chronic phase of stroke. They also indicated that there is a need to engage in meaningful
activities within the intimate social network (e. g. family and friends) around a patient.

Social interaction can be provided through a ”social play medium” where the patient
and his/her supporting partner or another patient are expected to collaborate while
performing the rehabilitation exercises. Collaborative rehabilitation concepts were
suggested as early as 2006 with wearable robots through Internet [4]. Furthermore,
Vanacken et al. have investigated the potential of social rehabilitation training between
a patient and a healthy partner and designed a game-like collaborative balance pump
game where the patient uses a HapticMaster and the healthy person uses a WiiMote as
input devices [18]. Similarly, Octavia et. al. [15] propose an adaptive difficulty in
collaborative training where a patient and his/her therapist play the social maze game.
Ballester et.al showed that upper limb exercises performed by the patients in multiplayer
mode reached wider elbow flexion/extension movements than the ones performed during
the single-player game session [2]. Although the long-term impact of this enhanced
motivation needs to be further assessed, their results suggest that the inclusion of social
factors such as multi-player capabilities is an important factor for the rehabilitation
process and might have an impact on both performance and mood of stroke patients.

Even-though the multi-player rehabilitation systems are shown to be effective in
patient’s motivation, feasibility of those systems depend on their affordability. For
instance, multi-player games with robotic arms may not be very feasible, since only a
few rehabilitation centers may own more than one robotic arm for two-player
rehabilitation games. Moreover, if we want to use these systems to engage
home-rehabilitation they may not be very feasible in terms of cost as well as the set-up.
Telerehabilitation and on-line VR based systems [2, 12] are proposed as alternative
low-cost solutions where the user can play games through the Internet with another
patient or his/her therapists. However, this may be frustrating for older people, who
find playing with people in the same room more enjoyable than on-line play [8].

Another low-cost solution may be to create an artificial intelligence that plays with
or against the user. Previous studies investigated whether users prefer play against
humans or against artificial agents. [12] investigated long-distance collaborative play
with able-bodied users and showed that the users prefer playing a rehabilitation task
against a human than against a computer. [14] also showed that playing multi-player
game with a person is more appealing for impaired chronic stroke patients compared to
game against computer, as they enjoy being able to talk and interact with the person.
Therefore, providing collaborative games against an intelligent agent may not be the
optimum solution for multi-player rehabilitation.

Cellulo platform can be a low cost and easy to set up tangible medium for
interactive multi-player rehabilitation.

3 Tangibles in Rehabilitation

Conventional physical and occupational therapy methods include the manipulation of
real objects of daily life and require a tangible setup where the user grasps, holds and
moves objects [19, 21]. For a more intuitive home-rehabilitation, recent studies combine
low-cost materials with small interactive tangible devices. Studies show that using

2/6



tangible objects that the elderly are familiar with and providing a simple tangible
interface with simplified elements may reduce the learning curve among elderly [1,11,20].

Recent studies explore tangible objects to provide motivating technology supported
training systems at home by aiming accessible and affordable setups [3, 19]. [20] showed
the acceptance of a tangible board game by stroke survivors. Direct contact via touch
interfaces is claimed to need lower cognitive loads and a more suitable and intuitive
alternative, especially for elderly users [9]. However, there is not enough research
evidence about the motor learning impact of tangible robots in a collaborative game
concept. We will investigate if tangible robots (Cellulo) can motivate and provide an
efficient rehabilitation through collaborative games.

4 Why We Focus on Collaborative Instead of
Competitive Rehabilitation?

Designing a two players rehabilitation game requires deep evaluation since the resulting
game may affect motivation positively or negatively. Competitive or cooperative
game-play may be either fun or frustrating depending on the game features, the
personality of the user or the relationship or the harmony of the player groups. A very
recent study compared competitive and cooperative rehabilitation game played with a
patient and a unimpaired person [10]. Out of 29 impaired participants, 12 chose the
competitive game as their favorite, 12 chose a cooperative game as their favorite and 5
chose single player game. Participants who chose the competitive game showed
increased motivation and exercise intensity in that game compared to other games.
Participants who chose a cooperative game as their favorite also showed increased
motivation in cooperative games, but not increased exercise intensity. However, they
proposed that such games need to be tested in longer, multi-session studies to determine
whether the observed increases in motivation and exercise intensity persist over a longer
period of time and whether they positively affect rehabilitation outcome. Therefore, in
order to provide a more effective rehabilitation game, determining the preferences of the
user is important. However, this process might not be very easy especially for children
and suggesting a competitive game to a less competitive users may result with negative
effects rather than positive effects. A recent study show that the competitive context
provided positive exergame experiences to competitive individuals, whereas it had
detrimental effects for less competitive participants [16].

With the light of these results, the effect of collaborative games on both competitive
and less competitive people should be investigated throughly to provide a safer option.
In addition, collaborative rehabilitation games should be designed carefully to provide
more intensive exercise as much as competitive rehabilitation games.

5 Can We Get Inspiration from Collaborative
Learning?

Indeed, it is established in the literature that collaboration is beneficial for
learning [5, 6]. However, collaboration does not happen spontaneously [7]. One
promising way to enhance the effectiveness of collaborative learning is to structure
interactions by engaging students in well-defined scripts. A collaboration script is a set
of instructions prescribing how students should form groups, how they should interact
and collaborate and how they should solve the problem [7]. Scripts aim at increasing
the probability that collaboration triggers knowledge generative interactions such as
conflict resolution, explanation or mutual regulation [13].
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Even-though the origin of scripting design comes from the cognitive mechanisms
triggering learning, we believe that it can inspire us to create gamified collaborative
scripts to create more effective collaboration. By bringing scripting theory into the
domain of rehabilitation, we may be able to create more interdependence between the
collaborative groups, which has been shown to positively impact learning.

Scripting requires five attributes: the task that students have to perform, the
composition of the group, the way that the task is distributed within and among groups,
the mode of interaction and the timing of the phase [7].

We can integrate these attributes into the design of a collaborative game. For
instance, within a game, the tasks can be designed in an order and gradually may effect
the next tasks input therefore we can create a set of rehabilitation tasks have to be
performed in a given order. Group formation can be done by measuring the latest
performances of the users and it can be provided as a recommender system to therapist
by suggesting collaborative game groups for current week. Task distribution can be
done by assigning different roles or activities to each user in such a way that we can
manipulate interdependence between users. Mode of interaction can be verbal, through
tangibles or even physical mostly if one of the player is the therapist. Timing of the
game tasks can be designed according to the needs of the user and may provide a better
solution for the home-therapy requirements.

6 Planned Study Group

Since our main focus is motor learning, we will continue to study with stroke survivors
need upper arm rehabilitation to investigate the effect of adaptive collaboration games
on the motor performance of the patient. In addition, during our visits to rehabilitation
centers, occupational therapists suggested to use the platform to contribute to upper
limb coordination therapies of children with Developmental Coordination Disorder
(DCD). Our plan is to design different scripted collaborative games and evaluate the
effects on patient’s motor skills and visio-motor coordinations.

Acknowledgments

This work has been partially supported by the Swiss National Science Foundation
through the National Centre of Competence in Research Robotics and also partially
supported by the Defitech Foundation (Morges, Switzerland).

References

1. T. Apted, J. Kay, and A. Quigley. Tabletop sharing of digital photographs for the
elderly. In Proceedings of the SIGCHI conference on Human Factors in computing
systems, pages 781–790. ACM, 2006.

2. B. R. Ballester, S. B. i Badia, and P. F. Verschure. Including social interaction in
stroke vr-based motor rehabilitation enhances performance: a pilot study.
Presence, 21(4):490–501, 2012.

3. J. W. Burke, M. McNeill, D. Charles, P. J. Morrow, J. Crosbie, and
S. McDonough. Augmented reality games for upper-limb stroke rehabilitation. In
Games and Virtual Worlds for Serious Applications (VS-GAMES), 2010 Second
International Conference on, pages 75–78. IEEE, 2010.

4/6



4. C. R. Carignan and H. I. Krebs. Telerehabilitation robotics: bright lights, big
future? Journal of rehabilitation research and development, 43(5):695, 2006.

5. P. Dillenbourg. Collaborative learning: Cognitive and computational approaches.
advances in learning and instruction series. ERIC, 1999.

6. P. Dillenbourg. What do you mean by collaborative learning?, 1999.

7. P. Dillenbourg. Over-scripting cscl: The risks of blending collaborative learning
with instructional design., 2002.

8. B. J. Gajadhar, H. H. Nap, Y. A. de Kort, and W. A. IJsselsteijn. Out of sight,
out of mind: co-player effects on seniors’ player experience. In Proceedings of the
3rd International Conference on Fun and Games, pages 74–83. ACM, 2010.

9. F. Garcia-Sanjuan, J. Jaen, and V. Nacher. Tangibot: a tangible-mediated robot
to support cognitive games for ageing people—a usability study. Pervasive and
Mobile Computing, 34:91–105, 2017.
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Abstract

In the present article, we investigate children’s perceptions of a robot in a one-to-one
‘learning-by-teaching’ scenario where a robot acts as a ‘learner’ and a child as a ‘tutor’.
In the scenario, the tutor-child corrects the handwriting errors of the robot. We test the
scenario with the robot’s three different competencies as study conditions: ‘continuous-
learning ’; ‘non-learning ’; and ‘personalised-learning ’. The preliminary results indicate
that the robot’s competencies did not affect children’s perception of the robot’s social
role but affected their perception of robot’s intelligence.

1 Introduction 1

Since child-robot interaction is inherently social [9], it becomes crucial to investigate 2

different aspects of the social relationship between robots and children. The studies 3

that incorporate interactions between children and humanoid robots are also believed to 4

engage and motivate students [8, 10]. For example, Kanda et. al [5], used Robovie, a 5

humanoid robot, as an English peer-tutor for Japanese students and concluded that the 6

robot encouraged some of the students to improve their English and form relationships 7

with them. Similarly, Hood et al. [2] used Nao robot1 with the aim of improving 8

children’s writing skills and induce engagement while writing. However, how do the 9

children perceive these robots? How do these perceptions change over multi-session 10

interactions? Children’s perception towards a robotic agent is related to several aspects 11

such as the robot’s role, physical or nonphysical behaviour, appearance, and indeed 12

seems to be relevant in child-robot interactions [1, 3, 4, 7, 11]. In fact, Kennedy et al. [6] 13

conducted a study where a social vs. asocial robot (Nao robot) taught prime numbers 14

to children of 7 to 8 years of age. After the interaction, the children were asked to 15

attribute a role to the robot out of 8 available options (brother or sister, classmate, 16

stranger, relative , friend, parent, teacher, and neighbour). The results showed that the 17

children consistently perceived the tutor-robot as a friend. Although, there has been 18

some research done on children’s perception of robots, it has not been explored that how 19

children perceive the abilities of a robot in educational scenarios in multi-session studies, 20

and how their perceptions change over time. 21

2 Study 22

The study was conducted in ‘Escola 31 de Janeiro’ in Parede, Portugal. 37 Portuguese 23

speaking children participated in the age-group of 8 to 9 years (3rd grade) over a period 24

1Aldebaran robotics: https://www.aldebaran.com/en
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Figure 1. Experimental Setup(extreme left); Results of the children’s perceived intelligence in PL condi-
tion(orange graph); perceived writing ability in the CL condition (green graph) and PL condition (blue
graph)

of 6 to 7 week. Twelve children (M=8.2; SD= 0.43; 6 male and 6 female) participated 25

in the continuous-learning condition (CL), 12 children (M=8.5; SD=.5 years old; 8 26

male and 4 female) participated in the non-learning condition (NL) and 13 children 27

(M=8.5; SD=.49 years old; 5 male and 8 female) participated in the personalised-learning 28

condition (PL). The material in the study included a computer with a touchscreen, stylus, 29

tablet (for pre- and post-test), video camera, microphone, Nao robot (only torso part) 30

and English alphabet (uppercase & lowercase) for a writing activity. Our study consists 31

of a between-subjects design with three conditions: continuous-learning & non-learning 32

and personalised-learning. The scenario involves a learner-robot (named Miguel) writes 33

an incorrect letter on the touch-screen and asks help from a teacher-child for correcting 34

it (Fig. 1). In the continuous-learning condition, the robot improves its writing at a 35

constant rate (that is, it is actually becoming competent in learning how to write). In 36

the non-learning condition, the robot does not improve its writing and consistently give 37

poor performance. In the personalised learning, the robot adapts the child’s performance 38

(that is, it performs better if child performs better). Each child interacts four time with 39

the robot with an interaction gap of 4-5 days. After the interaction, an experimenter 40

asks the child to perform a pre-and post-test. Then, the experimenter interviews the 41

child for 5-to-6 minutes regarding his/her perception of the robot’s capabilities. One of 42

the research question in the study is: to explore children’s perceptions towards a social 43

robot in a multi-session study in an educational context. In the next section, we present 44

a few preliminary results regarding children’s perception of the robot; however, further 45

analysis needs to be done to explore children’s learning gains. 46

3 Results & Discussions 47

3.1 Children’s perception of the robot’s capabilities 48

As mentioned above, the experimenter asks a set of questions to children after finishing 49

each session. Concerning perceived robot’s intelligence and writing ability, the asked 50

questions are stated as follows: (1) how many stars would you like to give for Miguel’s 51

intelligence? (2) How many stars would you like to give for Miguel’s writing ability? 52

These questions were presented on a paper in a child friendly manner and were based on 53

5-point Likert scale (1 point-lowest ; 5 points-highest). Each point in the scale represents 54

a star (e.g., ? ?? ? ? ? ? ? ?? ? ? ? ? ?). For the analysis purpose, each chosen point 55

by the children is considered as a score. A Friedman test was run to determine if there 56

were differences in the children’s perception of robot’s intelligence and writing ability 57

between the four sessions within each condition. Additionally, a Kruskal-Wallis test was 58

conducted to determine the differences between the conditions. 59

Intelligence: Pairwise comparisons were performed with a Bonferroni correction for 60
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multiple comparisons. The results of the PL condition showed a significant difference in 61

perceived robot’s intelligence between the sessions, X2(3) = 15.15, p = 0.002. Post hoc 62

analysis further revealed statistically significant differences from Session 1 (Mdn = 4) to 63

Session 4 (Mdn = 5) (p = .04)(see Fig. 1), but not between the remaining combinations 64

of the sessions. In addition, no significant results were observed across the sessions in the 65

CL and NL conditions. The results of Kruskal-Wallis test including the post hoc (Dunn’s 66

(1964) procedure with a Bonferroni correction) analysis revealed statistically significant 67

differences in intelligent scores only after the last session between the PL (Mdn = 5, 68

Mean Rank = 16.27, n = 13) and NL condition (Mdn = 4, Mean Rank = 9.46, n = 12) 69

(p = .01). We did not find any significant differences in other combinations of conditions. 70

The overall results suggests that the continuous-learning (CL) and non-learning (NL) 71

competencies of the robot did not affect children’s perception of robot’s intelligence. 72

But, when the robot adapts its writing skills according to the pace of the children in 73

PL condition, they perceived it more intelligent compared to the children in the NL 74

condition. 75

Writing Ability: There was a statistically significant difference in perceived robot’s 76

writing ability in the CL (X2(3) = 26.41, p = 0.00) and PL condition (X2(3) = 18.27, p 77

= 0.00). We did not find any significant results in the NL condition. Further, Post hoc 78

analysis with Wilcoxon signed-rank tests was conducted with a Bonferroni correction 79

applied in the CL and PL condition, resulting in a significance level set at p < 0.008. 80

In the CL condition, we found statistically significant difference in perceived robot’s 81

writing ability between combinations of sessions: Session 1 and Session 3 (Z = -2.98, p 82

= 0.003); Session 1 and Session 4 (Z = -2.96, p = 0.003); Session 2 and Session 3 (Z 83

= -3.00, p = 0.003)(see Fig. 1). Similarly, in the PL condition, we found statistically 84

significant differences between: Session 1 and Session 3 (Z = -2.71, p = 0.007); Session 85

1 and Session 4 (Z = -2.73, p = 0.006)(see Fig. 1). Additionally, we did not find any 86

significant differences between the conditions. Overall, these results indicate that the 87

children were able to perceive the improvement in robot’s writing skills between the 88

sessions in the CL and PL condition, which is consistent with the actual writing skills 89

of the robot in both condition. And, they they did not perceive the changes in robot’s 90

writing skills in the NL condition, which is again coherent with the robot’s writing skills 91

as it was not improving throughout the sessions. Moreover, the children were not able 92

to differentiate robot’s writing skills between the conditions. 93

3.2 Children’s perception of the robot’s role 94

For exploring their perceived robot’s role as a social partner and a writer, the experimenter 95

asked two categorical based questions: (1) How do you consider Michael as a? (options: 96

Classmate; Friend; Brother; Relative; Stranger; Parent; Neighbor; Teacher; None); and 97

(2) What do you think Michael writes like a? (options: A child younger than you; Like 98

you; Like your friend; Like your teacher; Like your parents; Like your brother or a sister 99

(younger/older); None). For both questions the children had to choose one option. A 100

chi-square goodness-of-fit test was conducted to determine how children perceived the 101

robot as a social partner and a writer. 102

Social Role: As shown in Table 1, the results suggest that in all the conditions 103

for each session, the children perceived statistically significantly different roles to the 104

robot. And the preferred role as a social partner is a ‘friend’.These results indicate that 105

the children considered the robot as a friend irrespective of the conditions and sessions. 106

Despite being told by the experimenter multiple times about their role and the robot’s 107

role, they perceived the robot as a ‘friend’ compared to other available options. 108

Writing Role: The results indicate that the children perceived the robot in a writing 109

role statistically significantly different; but, only at a few sessions. They considered the 110

robot as a writer which is younger than themselves in all the conditions. For example, 111
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Table 1. Chi-square values are presented for each condition (CL, PL & NL) in the four sessions (Session1 -
S1...Session4 - S4)

S1 S2 S3 S4
CL X2(3) = 13.50, p = 0.001 X2(3) = 8.33, p = 0.004 X2(3) = 9.5, p = 0.009 X2(3) = 13.50, p = 0.001
PL X2(3) = 09.46, p = 0.02 X2(3) = 9.30, p = 0.002 X2(3) = 9.3, p = 0.002 X2(3) = 15.3, p = 0.000
NL X2(3) = 13.50, p = 0.001 X2(3) = 8.33, p = 0.004 X2(3) = 9.5, p = 0.009 X2(3) = 13.50, p = 0.001

Figure 2. Results of the children’s perceived writing role in all sessions (S1, S2, S3, and S4) for
the three conditions: CL condition (Left); NL condition (Middle); PL condition (Right) (? - Sig.).

in the CL condition, the children perceived the robot significantly different only in the 112

Session 1 (X2(3) = 11.33, p = 0.01). Similarly, in the NL condition, the first two sessions 113

showed significant difference in perceived roles, Session 1 (X2(3) = 16.00, p = 0.001) 114

and Session 2 (X2(3) = 8.00, p = 0.04). Nevertheless, in the PL condition, the last 115

three consecutive sessions showed significant differences, Session 2 (X2(3) = 10.07, p 116

= 0.01), Session 3 (X2(3) = 14.3, p = 0.006) and Session 4 (X2(3) = 9.69, p = 0.04). 117

Moreover, a chi-square test of independence was conducted between the conditions in 118

each session to find the difference in perceived role as a social partner and writer. We did 119

not find any significant difference. The above-mentioned findings in the CL condition 120

indicate that in the first session, most of the children perceived the robot as a ’younger 121

child’. As the robot improved its writing skills in remaining sessions, the children did 122

not consider it only as a younger child but also more like themselves (see Fig. 2). In the 123

PL condition, in the first two interactions, they perceived the robot as a ‘younger child’ 124

but in the last two interactions their perceptions changed and they started considering 125

the robot like their friend (see Fig. 2). Finally, in the PL condition, in the last three 126

interactions children consistently preferred the robot as a younger child (see Fig. 2). In 127

all the conditions, they consistently considered the robot as a younger child (specially in 128

the initial interactions). It may be due to the help they provided to the robot and it’s 129

small size. Overall, this perception of being seen as a younger child seems to be positive 130

for the scenario of learning-by-teaching. 131

4 Conclusions 132

We present the initial findings regarding children’s perceived impressions, capabilities 133

and role of the robot in a one-to-one peer-tutoring situation. The results clearly suggests 134

that some of the children’s perceptions change depending on the robot’s skills; however 135

some are unaffected by it. For instance, the learning competencies of the robot did not 136

affect children’s perception of the robot’s social role; but they affect children’s perception 137

of robot’s intelligence. Additionally, most of the results were only found in the last 138

interactions with the robot, demonstrating the significance of multi-session studies. 139
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Abstract

Learning companion robots that support spoken natural language dialogue present
exciting opportunities for adaptive and personalized interaction. We hypothesize that
adaptive robot behaviors, for example choosing between a straightforward versus a
social dialogue move, can have a positive effect on student motivation. Supporting these
adaptive behaviors in real-time requires that learning companion robots construct and
dynamically update models of student motivational state. Our project examines the
utility of speech prosody in contributing to a dynamic model of student motivational
state in human-robot peer tutoring interaction. The project involves collecting spoken
dialogue data with a learning companion robot, measuring the motivational state of
students, and modeling the relationship between speech prosody and student motivation.

Introduction 1

Learning companion robots for STEM domains, especially socially-capable robots, have 2

the potential to engage populations who are not currently engaged in STEM activities. 3

This can be achieved by designing personalized, or adaptive, robot behaviors that can 4

sense a student’s motivational state and adjust its behaviors during the interaction to 5

foster greater engagement and motivation [10]. Furthermore, recent studies suggest that 6

personalization behaviors such as animated gestures, partner-directed gaze, and using 7

social dialogue have a positive impact on student learning [1]. To foster engagement and 8

motivation, especially in long-term interactions, a current challenge is the question of 9

what kind of sensory input will inform a personalized robot’s adaptive decision making. 10

We have developed a robot learning companion for middle school mathematics that 11

interacts with students using spoken natural language. Human tutors are often able to 12

pick up on social cues to remain informed on how effective the learning experience is, 13

and adapt their approach based on this information [3]. Past research suggests that 14

feelings of closeness or rapport are perceived through a person’s prosody — the 15

intonational and rhythmic patterns of speech [6]. Robots that adapt their prosody to 16

match their human partner’s prosody have been shown to foster social presence in a 17

teachable robot setting [7] and greater engagement in a game co-player setting [9]. This 18

current work aims to understand how multimodal input, particularly prosodic 19

information from the speech signal, might be used to construct a real-time model of 20

student motivational state during spoken dialogue interaction with a learning 21

companion robot. 22
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Learning Companion Robot 23

The platform for this project is a NAO humanoid robot, called Nico, that interacts with 24

students as a learning companion. Learning companions that are capable of social 25

interaction have the potential to influence student motivation and increase student 26

learning [4]. Our learning companion robot builds upon past work examining prosodic 27

entrainment, rapport, and social dialogue with a non-humanoid learning companion 28

robot [7]. In this current work, students interact with Nico in a learning-by-teaching 29

style [8]. The students are told that their goal is to help Nico solve a set of mathematics 30

problems. Prior to the interaction, the students are provided with worked-out problem 31

solutions and time to prepare. During the interaction, Nico takes initiative in leading 32

the dialogue, asking students for help in how to approach the problem sub-parts (e.g., 33

“How do I figure out how much paint to mix?”). Students respond by explaining their 34

reasoning to Nico (e.g., “We want to have six cans of green paint so we mix three cans 35

of yellow paint and three cans of blue paint because...”). Nico can respond with actions 36

such as entering numbers in a tablet interface, gestures such as scratching its head, and 37

dialogue. Figure 1 shows a student teaching Nico in our lab. 38

Figure 1. Nico, a learning companion robot, being taught by a student.

Spoken Dialogue Interaction Experiments 39

We have recently completed two human-robot spoken dialogue interaction experiments: 40

the first in a lab setting with Wizard-of-Oz robot control, the second in a middle school 41

setting with autonomous robot control. In both settings, students engaged with Nico to 42

solve a collection of mathematics problems. 43

Mathematics domain. The problem domain for this work is middle-school 44

mathematics, emphasizing understanding ratios and solving word problems. The same 45

set of mathematics word problems was used in both experiment settings. A tablet 46

touchscreen interface displays the problem text as well as a table with missing 47

information that Nico needs to complete. Figure 2 shows this interface. 48

Wizard-of-Oz setting. In this experiment setting, 20 student participants (average 49

age 20.0.) engaged in problem-solving dialogues with Nico in a research lab on a college 50

campus. Nico was controlled behind the scenes by a human in a Wizard-of-Oz 51

experiment setup [2]. The Wizard had a selection of pre-programmed dialogue and 52

gesture moves and phrases at their disposal, as well as the ability to input additional 53

phrases when necessary. Each session consisted of four ratio problems, as well as pre- 54

and post-surveys. 55

Middle school setting. In this experiment setting, 72 student participants in the 56

sixth grade (average age 11.25) engaged in problem-solving dialogues in a classroom at 57
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Figure 2. A ratio word problem displayed in the tablet touchscreen interface.
The current problem step is highlighted.

their middle school. Nico interacted with students autonomously, with a dialogue 58

system that we have recently developed [5]. Each session consisted of four or more ratio 59

problems, as well as pre- and post-surveys. 60

Approach 61

To investigate whether prosody can be used to model student motivation, we are 62

initially focusing on three prosodic features that can be automatically estimated from 63

the speech signal: pitch, intensity, and speaking rate. We hypothesize that within a 64

single interaction session, increasing values in pitch, intensity and speaking rate will 65

indicate greater motivation, while decreasing values will indicate lower motivation. 66

We sample prosodic feature values four times per session, at the start of each 67

problem. In the Wizard-of-Oz setting, we use 30-second samples. In the middle school 68

setting, we use the automatically segmented dialogue turns, which vary in length from 69

13.2 to 21.1 seconds. 70

To gauge student motivation, we analyze self-reported attitudes from post-session 71

surveys. From each survey, we identify three statements that measure attention to Nico, 72

teaching motivation, and teaching efficacy. Table 1 shows the average agreement and 73

variance for these three statements, for each experiment setting. 74

Table 1. Average agreement and variance for student attitudes of attention to Nico,
teaching motivation, and teaching efficacy. Agreement scale is from 1=strongly disagree
to 5=strongly agree.

Avg. Agreement Std. Dev.

Wizard-of-Oz (N = 20)
Paid attention to Nico 4.25 0.94
Motivation to teach Nico 4.14 0.88
Self-efficacy in teaching a peer 3.46 0.71

Middle school (N = 72)
Paid attention to Nico 4.31 1.16
Motivation to teach Nico 3.83 1.30
Self-efficacy in teaching a peer 3.42 1.19
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Preliminary Results The data analysis is currently in-progress. Below, we present 75

examples of prosodic data from two participants. Figure 3 shows the prosodic feature 76

trends for a participant in the Wizard-of-Oz setting whose self-reported motivation 77

(aggregated) was among the bottom 20% of participants. Figure 4 shows the prosodic 78

feature trends for a participant in the middle school setting whose self-reported 79

motivation (aggregated) was among the upper 20% of participants. 80

Figure 3. Prosody data from a low-engagement participant in the Wizard-
of-Oz experiment. For the four math problems in the dialogue, P1-P4, the
participant’s average pitch, intensity, and speaking rate during the first 30
seconds of each problem sub-dialogue are shown.

Figure 4. Prosody data from a high-engagement participant in the middle
school experiment. For the four math problems in the dialogue, P1-P4,
the participant’s average pitch, intensity, and speaking rate during the first
dialogue turn of each problem sub-dialogue are shown.

Discussion 81

The preliminary analysis of the low-motivation and high-motivation participants leads 82

us to believe that prosody may be a factor worth considering in constructing a model of 83

student motivation. Completing the analysis of all the participants will provide more 84

information. One limitation of our analysis is that student attitudes related to 85

motivation are recorded at a single point of time, in the post-session survey; we do not 86

have real-time measures of engagement during the interaction. 87

To support robust adaptive dialogue interaction, we do not intend to model student 88

motivation based on prosody alone; rather, we intend to use features of the student’s 89

problem-solving progress in combination with prosody. Exploring ways of combining 90

these multimodal inputs is an important direction of future research. 91
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Abstract

Robotic patient simulators (RPS) are the most commonly used robot in clinical education,
and provide low-risk, high-fidelity learning experiences. They are life-sized humanoid
robots that can simulate human physiological responses. Commercially available RPSs
lack realistic facial and social cues, which limits their ability to engage human learners
and immerse them in the simulation. This may cause poor skill transfer, which can result
in adverse patient outcomes. We address this by introducing an expressive RPS capable
of conveying expressivity far beyond the state of the art, including pain and neurological
impairment, as well as a new shared control system to support clinical educators. This
paper presents our ongoing work, and discusses its implications for the HRI and medical
education communities.

Introduction
In clinical education, simulation serves as a valuable component to experiential learning at
all stages of one’s career [2]. Simulations enable learners to practice their communication
and procedural skills in a safe, clinically-similar environment without the fear of harming
real patients [10]. These skills may include: patient communication, patient condition
assessment, and procedural practice [6, 12].

One of the most commonly used modalities in simulation are robotic patient simulators
(RPS), which are lifelike android robots that convey realistic patient physiologies and
pathologies. RPSs have been explored in a wide variety of HRI applications [11,13]. RPSs
provide clinical learners with an active learning environment to practice different skills
without harming real patients, and to explore risky clinical scenarios through teamwork
experiences. Research shows that using these simulators increases comprehension,
confidence, efficiency, and enthusiasm for learning [2]. Furthermore, their usage may
reduce preventable medical errors, which kill approximately 400,000 people per year in
hospitals alone, and are the third leading cause of death in the United States [1, 6].

Although using RPSs has a positive influence on the learners’ experiential learning
performance, current commercial simulators suffer from a major design flaw: they are
completely lacking in facial expressions (see Figure 1 (center)). Our prior research
suggests this lack of facial expressivity may lead to adverse patient outcomes [4]. Non-
expressive RPSs break immersion, and may be distracting learners from fully engaging
in simulations, or may cause them to learn the wrong skills, which could create future
problems in how their learning transfers to real clinical spaces. Another challenge to
existing systems is their usability and controllability. Work by our team and others also
shows that current RPS systems are difficult for educators to control, particularly when
running more complex simulations [5, 6].

Our work addresses these limitations on two fronts. First, we are designing an
expressive, low-cost, interactive RPS which will integrate with existing simulator systems.
It has a wider range of expressivity than commercially available systems, including the
ability to express pain, neurological impairment, and other pathologies in its face [6], thus
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more engaging with learners. Second, we are designing a customizable shared control
system which will help reduce operator workload and improve their ability to focus on
educational goals rather than robot controls. This paper discusses our continuing work
to date in this area.

Expressive Robotic Patient Simulator
Despite the critical importance of facial expressions in real life scenarios where nonverbal
cues are crucial for treatment, current RPSs exhibit static faces, and are unable to convey
any form of facial expressions. Humans communicate a great deal of information through
nonverbal means; therefore, RPS systems need to be capable of recognizing, masking, and
synthesizing nonverbal behaviors, such as facial expressions to convey realistic interaction
between a human and robot [6,7]. Moreover, having an embodiment for expressivity has
been shown in the literature as an effective means for communication facilitation between
people and robots [3]. To date, this topic has been underexplored in the literature,
particularly within the context of real-time RPS interaction and control. In our work
to date, we have made the following contributions: developed an automatic method
for real-time facial expression synthesis on physical robots or virtual avatars [9] and
conducted several studies to validate our synthesis approach [6,7]. These are summarized
briefly below.

Figure 1. Left: Simulation cen-
ter setup where a team of medi-
cal learners treat a non-expressive
RPS that is controlled by a medi-
cal simulation operator sitting in
the operating room. Center: An
example of a commonly used inex-
pressive mannequin head. Right:
An example of an expressive RPS
system our team built, that our
team built which is synthesizing
pain.

Real Time Facial Expression Synthesis

One of the main challenges in facially expressive robots is how to synthesize human-like
expressions generally, in a way that is platform independent and adjustable to different
control paradigms. To aid the community, we introduced a generalized automatic
framework for synthesizing the facial expressions on different synthetic faces in real-time,
which we implemented as a Robot Operating System (ROS) module [6,9]. Our synthesis
method is based on performance-driven animation, which maps motions from video of
an operator/educator onto the face of an embodiment (e.g., virtual avatar or robot).

Figure 2 shows an overview of the framework. It is a ROS module which performs
synthesis as follows: After sensing operator’s face with Sensor, S, we use a Constrained
Local Model (CLM)-based face tracker as a point streamer, P , to publish the extracted
facial points from the sensed face. A feature processor, F , subscribes to the published
information, measures the distance of each facial point to the tip of the nose, and
saves 68 distances in a vector to keep track of any changes as extract features. Next, a
translator, T , converts the extracted features to either the servo motor commands of
physical platforms or the control points of a simulated head. Finally, a control interface,
C : C1...Cn makes a readable file for the robot, containing the movement information
and sends it to the robot to control points on a virtual face or actuate motors on a robot.
Using this framework as the software for our bespoke RPS head, our robot can easily
synthesize patient-driven expressions and pathologies on any robotic heads or avatar,
and adjust to varying degrees of freedom (DOF) [8, 9].
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Robot-Centric and Human-Centric Method Validations

Figure 2. Overview of the
proposed method from [9].
Nodes: (1) webcam: records RGB
data, (2) CLM-Z face tracker:
tracks human faces, (3) feature
processor extracts facial features,
(4) translator maps feature points
to control points on the physical
robot or virtual avatar face, and
(5) arduino and servo shield moves
the control points. To date we have run a series of robot-centric and human-centric experiments validating the

effectiveness of this technique for understandable, synthesized, generalizable expressions
on both robots and virtual characters. One robot-centric evaluation included a series of
similarity tests between the input stream of the operator’s face and ultimately actuated
synthesis on the robot (see details in Moosaei et al. [8, 9]). Our results suggest that our
method can accurately map operator facial expressions to both simulated and robotic
faces, and can also operate in real time.

Our most recent human-centric study is described in [6], where we explore how
clinicians and non-clinicians perceive painful facial expressions synthesized on a virtual
character vs. a 21-DOF android robot. Using the autonomous synthesis techniques
described previously, we synthesized pain on a humanoid robot and comparable virtual
avatar. Our experiment included 51 laypersons and 51 clinicians. The goal of our
study was to compare pain perception across the two groups, and explore the effects of
embodiment (robot or avatar) on that perception [6].

Our results showed that clinicians had a lower overall accuracy in detecting synthesized
pain in comparison to lay participants. This finding was consistent with the medical
education literature, and suggests RPS technology may provide additional opportunities
to train (or retrain) clinicians in patient pain perception. Interestingly, our results also
showed that participants were less accurate overall when detecting pain from a humanoid
robot compared to a virtual avatar [6]. This suggests a multimodal approach to using
RPSs in clinical education may be beneficial, a question we will explore further in our
future work.

Shared Control for Clinical Educators
Clinical educators have inherently challenging jobs controlling RPSs given the current
state-of-the-art. They typically sit at control stations watching learners (see Figure 1
(left)), manually changing physiological parameters of the RPS on the fly depending on
the clinical choices learners make. Thus, this is a dynamic learning environment within
which the introduction of autonomous behavior and new functionality must be carefully
considered. Thus, it is critical to carefully study the current ways in which educators
work during simulations in order to best support any changes to their workflow.

We are closely collaborating with a team of clinicians, engaging in an iterative design
process, to create a new shared control system for the RPS. The system will support a
range of adjustable control modalities, including direct teleoperation (e.g., puppeteering),
pre-recorded modes (e.g., hemifacial paralysis in stroke mode), and reactive modes (e.g.,
wincing in pain given certain physiological signals)

As part of our design process, we are engaging in interviews with clinical educators
and learners, as well as conducting observations of live simulations at the UC San
Diego Simulation and Training Center. Learners include a range of professionals at
various stages of their careers, including junior trainees (e.g., medical students, nursing
students), as well as senior clinicians undergoing retraining and re-certification (e.g.,
anesthesiologists, attending physicians). Thus far we observed a series of neurological
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assessment simulations, where learners are required to practice both procedural and
communication skills during the course of their interaction with the RPS.

To date, we have observed several ways in which the RPS is used, including when
it is talking and interacting with clinicians, as well as when it is only briefly awake
before undergoing anesthesia. These observations led to our initial designs (See Figure
3), which included both autonomous control (to keep complexity low while clinicians
are attending to other tasks), as well as supervisory control to support more nuanced
changes in expressivity.

One goal in the design of our system to be able to autonomously display facial
expressions based on other biosignals on the RPS. This is ideal for either predefined
scenarios where little will change during the simulation, or when operators are able to
pre-assign states to the robot while attending to other tasks. For example, while learners
are focusing on trying to determine a proper amount of medication to administer, the
operator can instruct the robot to respond with a series of set expressions depending
on the selections the students make. The operator can then focus their attention on
planning for how the RPS will respond to various medications. Another advantage of
this is if the educator is distracted they do not need to worry about where their facial
position is relative to the camera.

Another goal is to support automatic real-time mapping of the operator’s live video
to the robot’s face using the aforementioned performance driven synthesis system. This
may be useful in cases where unpredicted conditions occur while running a predefined
scenario. To use the previous example, if the learners administer a completely wrong
medication, causing the RPS to go into anaphylactic shock, the operator may want to
create a new set of responses on the fly to match that outcome.

Finally, our system will also support direct manual control of facial expression sliders
(e.g., one slider for each of predesigned expression mode). This can allow operators to
generate simple expression, such as closing the eyes to simulate an unconscious patient.

Figure 3. Initial designs of the
shared control system for clinical
educators. We are engaging in
an iterative design process with
educators and learners.

Discussion and Future Work
Our work explores how to make simulators more diverse, interactive, and immersive
for clinical learners in a simulation educational setting. In our work to date, we have
developed an automatic method for real-time facial expression synthesis on physical
robots or virtual avatars [9] and conducted several studies to validate our synthesis
approach [6, 7]. We also have fabricated a new, low-cost expressive RPS head which is
capable of conveying patient pathologies, and have begun co-designing a shared control
system with clinical educators.

In the coming year we plan to run a series of experiments testing the new RPS and
control system with clinical educators and learners to evaluate its effectiveness in real
world learning environments. We hope this work will help improve the state of the art in
clinical education, as well as help us explore HRI in new experiential learning settings.
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