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Abstract

This thesis investigates how a machine can be taught a new task from unlabeled
human instructions, which is without knowing beforehand how to associate the
human communicative signals with their meanings. The theoretical and empirical
work presented in this thesis provides means to create calibration free interactive
systems, which allow humans to interact with machines, from scratch, using their
own preferred teaching signals. It therefore removes the need for an expert to
tune the system for each specific user, which constitutes an important step towards
flexible personalized teaching interfaces, a key for the future of personal robotics.

Our approach assumes the robot has access to a limited set of task hypotheses,
which include the task the user wants to solve. Our method consists of generating
interpretation hypotheses of the teaching signals with respect to each hypothetic
task. By building a set of hypothetic interpretation, i.e. a set of signal-label pairs
for each task, the task the user wants to solve is the one that explains better the
history of interaction.

We consider different scenarios, including a pick and place robotics experiment
with speech as the modality of interaction, and a navigation task in a brain computer
interaction scenario. In these scenarios, a teacher instructs a robot to perform a
new task using initially unclassified signals, whose associated meaning can be a
feedback (correct/incorrect) or a guidance (go left, right, up, ...). Our results
show that a) it is possible to learn the meaning of unlabeled and noisy teaching
signals, as well as a new task at the same time, and b) it is possible to reuse
the acquired knowledge about the teaching signals for learning new tasks faster.
We further introduce a planning strategy that exploits uncertainty from the task
and the signals’ meanings to allow more efficient learning sessions. We present a
study where several real human subjects control successfully a virtual device using
their brain and without relying on a calibration phase. Our system identifies, from
scratch, the target intended by the user as well as the decoder of brain signals.

Based on this work, but from another perspective, we introduce a new exper-
imental setup to study how humans behave in asymmetric collaborative tasks. In
this setup, two humans have to collaborate to solve a task but the channels of
communication they can use are constrained and force them to invent and agree
on a shared interaction protocol in order to solve the task. These constraints allow
analyzing how a communication protocol is progressively established through the
interplay and history of individual actions.

Keywords: Learning from Interaction, Human-Robot Interaction, Brain-
Computer Interfaces, Intuitive and Flexible Interaction, Robotics, Symbol
Acquisition, Active Learning, Calibration.

This work has been supported by INRIA, Conseil Régional d’Aquitaine and the
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Introduction
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In the past decades, robotics and autonomous systems have seen tremendous
improvements in their motor, perceptual, and computational capabilities. As a
good example, we have been able to send and operate rovers for several years on the
planet Mars (Spirit, Opportunity, Curiosity), which indicates the technologies are
well mastered. However, getting such robots to do what we want them to do remains
a skill of few, and bringing robotics systems teachable by everyone and capable of
social interaction in our daily life has been identified as the next milestone for the
robotic community.

As for bringing computers in our homes required easy and intuitive ways for
people to make use of them, bringing robots in our daily life requires easy and
intuitive ways for people to instruct robots to do useful things for them. But due
to the diversity of skills a robot should be able to execute in our daily environment,
including interacting with humans and objects, traditional programming methods
hinder the deployment of robotic system at homes and workspaces.

Instead, researchers are trying to endow robotic systems with the ability to
learn from social interaction. Several methods have been considered to allow non-
technical users to “program” robots, such as learning by demonsitration where a
person demonstrates the skills to the robot, learning from reinforcement where a
person assesses the actions of the robot with respect to the aimed behavior, or
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learning from advice where a person explains the sequence of actions to perform in
order to fulfill a task.

Endowing a robot with the ability to learn from interaction with a human re-
quires solving several challenges: the technical challenge of motor, perceptual, and
cognitive skills acquisition and generalization, as well as the practical challenge of
interacting in a social way with humans. Especially, the robot must be able to
understand the communicative signals from the human.

Currently most of these challenges are considered in isolation. For example,
when a robot learns a task from human instructions, the robot receives instructions
in a symbolic way, e.g. if the human uses speech to communicate his instructions,
the robot is assumed to be able convert raw speech into text. Similarly, when a
robot learns how to recognize speech utterances, which is how to convert raw speech
into a meaningful representation, such as text, the robot is usually fed with many
examples of speech utterances associated with their symbolic representation.

In this thesis, we consider the two latter challenges simultaneously, which is
learning a new task from raw human instruction signals whose associated meanings
are initially unknown. Solving this problem would allow the same robot to be
taught by a variety of users using their preferred teaching signals, and without the
intervention of an expert to calibrate the system for each users. For example, a
robot that accepts speech commands usually accept only one or a limited set of pre-
specified speech utterances for each command, e.g. using the word “forward” to ask
the robot to move forward. With the method described in this thesis, the user could
use its preferred word to ask the robot to move forward, e.g. “straight” or “up”, but
also words whose usual meanings are non-related to the move forward action such as
“dog”, “backwards”, or “blue”, or interjection such as “ah”, “oh”, or even non speech
utterances such as a hand clapping. The robot, after some practical interaction with
the user, will find out which signal is associated to the action moving forward.

In the following of this introduction, we present in more details the challenges
of learning from social interaction with humans and explicit the usual assumptions
made when designing such systems. On this basis, we define the specific challenge
of learning from unlabeled interaction frames and present the contribution of the
thesis.

1.1 Social Learning: Robot learning from interaction
with humans

It is often easier to acquire a new skill if someone that has already acquired that
skill teaches us how to do it. The field of social learning in robotics investigates how
knowledge can be transferred from humans to robots through social interaction.
Social interaction implies that the human interacts with the machine using similar
modalities as when interacting with other human beings, for example using speech,
gestures, or by demonstrating some behaviors.

We can identify three main social learning paradigms used in robotics today:
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(a) learning from human demonstration, where the robot learns by imitating the
human actions, (b) learning from human reinforcement, where the robot learn from
assessments on its own actions provided by the user, and (c) learning from human
advice, where the robot learns from concrete instructions about what do to next
provided by the user.

Each of these paradigms requires to solve two main challenges: (1) the robot
must be able to identify which parts of the interaction, and of the environment, are
relevant to the acquisition of the new skill, and (2) the robot must be able to infer,
from the relevant information extracted from the interaction, the new skill, or task,
the human wants the robot to achieve.

As we will see in the following subsections, most of the work in robot social
learning considered these two latter challenges separately and most of the efforts
focused on the second challenge of learning a new skill from pre-formatted data.

1.1.1 Learning from human demonstrations

Learning from human demonstrations, also called programming by demonstration or
learning by imitation, is the process of learning a new skill from practical examples
of how to perform that skill [Schaal 1999, Calinon 2008, Argall 2009, Lopes 2010].
More formally, the robot must infer a policy that is a mapping between world states
and actions by observing only some, potentially noisy, examples of state to action
mapping.

Following the survey of Argall [Argall 2009|, we segment our presentation of
learning from human demonstration in three parts, first we present the different
methods used to collect training data, i.e. to gather the demonstrations, then we
present several methods allowing to derive a policy from demonstration, and finally
we highlight some limitations of the method.

Collecting demonstrations

Collecting demonstrations is probably the most important part in the learning pro-
cess. Demonstrations of good quality will result in an easier learning while bad
quality demonstrations are likely to impact the quality of the learned behavior.

We group the demonstration recording methods in two categories: (1) by tele-
operation, where the human demonstrate a skill by directly controlling the robot,
and (2) by external observation, where the robot is observing the human providing
demonstration. More formally, learning from data collected by a direct control of
the robot by the human is called learning from demonstration, while learning from
data collected by observing the human demonstrating the skill is called learning
from imitation.

During teleoperation, the robot is directly operated by the teacher and therefore
records the demonstration using its own sensors, i.e. the robot directly observes a
sequence of state-action pairs in its own referential. It is the most direct and most
precise method to provide demonstrations. However this method does not always
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apply well to robots. For example, robots with many degrees of freedom cannot be
teleoperated efficiently by one person, but also robots that should maintain equi-
librium are sometimes impossible to manipulate directly, such as demonstrating a
walking behavior by teleoperating the legs of a humanoid robot.

Teleoperation has been used in a variety of robotic applications, including learn-
ing of aerobatic helicopter flight [Abbeel 2007], object displacement with environ-
mental constrained (e.g. obstacle avoidance) |Guenter 2007, Calinon 2007b|, object
stacking [Calinon 2007b], or ball grasping on the Aibo robot [Grollman 2007b].

When learning by imitation, the robot observes a human teacher demonstrat-
ing the skill. The fundamental difference with the teleoperation approach is the
difference of embodiment between the human and the robot. This issue is referred
as the correspondence problem [Nehaniv 2002], which is the problem of mapping
between the demonstrator actions (i.e. the human) and the imitator actions (i.e.
the robot). For example, when demonstrating a gesture to a humanoid robot, as the
human and the robot do not share the same body characteristics, the robot cannot
directly transpose the human movement to its own body. If we consider a humanoid
robot imitating the posture of a human demonstrator, the problem is better defined
as reproducing the human posture as closely as possible while maintaining balance
[Hyon 2007, Yamane 2009], where the system designer provides some additional con-
straints to the robot.

Recording the human demonstration can be done using a variety of sensors,
either by adding sensors directly on the users (wearable sensors), either by using only
sensors remotely observing the demonstrator body or relevant objects, for example
using a motion capture device or using a pair of video cameras.

Learning by imitation has been investigated in a variety of robotic appli-
cations, including executing a tennis forehand swing [Ijspeert 2002b], imitating
arm movement [Billard 2001] and hand posture [Chella 2004|, object grasping
[Lopes 2005, Tegin 2009], but also demonstration including a force component such
as the fingertip force for grasping and manipulating objects [Lin 2012]. Other works
focused on learning by imitation a sequential task, which required combining a se-
quence of multiple actions to fulfill the task [Pardowitz 2005, Natarajan 2011].

Inferring a policy

Given a dataset of demonstrations collected using one of the methods presented
above, the robot should infer what action it should take in any given state to cor-
rectly fulfill the task demonstrated by the human. This process can be as straight-
forward as reproducing the demonstrated behavior exactly. But most often, as the
demonstrations may be noisy or incomplete, the robot needs to learn and generalize
from these examples. We will differentiate between two approaches: (a) directly
deriving a mapping between states and actions, i.e. a policy, from the observed
data with the aim or reproducing the teacher policy, and (b) inferring the human
objective and reproducing the desired outcome without necessarily using the same
actions as the demonstrator. Roughly, the first approach is more suited for imita-
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tion, which is the act of reproducing the human demonstration in all details, while
the second is more suited for emulation, which is the act of fulfilling the same goal
as the human.

The first approach resumes in approximating the policy function observed form
the user behavior. Depending on the properties of the problem, the algorithms for
learning the policy are either classification or regression techniques.

e Classification methods are well suited for mapping discrete or continuous
states to discrete actions. An example would be a robot learning to play a
video game from demonstration in which, depending on the current state of
the agent in the world, the robot should learn to press the appropriate buttons.

A large variety of classification algorithm has been used in learning from
demonstration scenario. Among others, Support Vector Machines were used
for a robot learning how to sort balls [Chernova 2008b]|, Hidden Markov Mod-
els have been used for an assembly task [Hovland 1996], Gaussian Mixture
Models in a simulated driving domain |Chernova 2009], but also neural net-
works [Mataric 2000], beta regression [Montesano 2009] or k-Nearest Neigh-
bors [Saunders 2006].

e Regression method are well suited for mapping discrete or continuous states
to continuous actions. An example would be an autonomous car learning to
steer the wheels from demonstration, given information about the surrounding
environment the car should turn the driving wheel appropriately.

A large variety of regression algorithm has been used in learning form demon-
stration scenarios, they were mainly applied for learning trajectories from noisy
demonstrations. Among others, Gaussian Mixture Regression for generalizing
trajectories from examples in different applications [Calinon 2007a|, Locally
Weighted Regression for learning to produce rhythmic movement using central
pattern generators [Schaal 1998, Ijspeert 2002a], Neural Networks for learning
autonomous driving [Pomerleau 1991], or Incremental Local Online Gaussian
Mixture Regression for imitation learning for learning incrementally and online
new motor tasks from demonstration [Cederborg 2010].

The second approach consists of inferring the goal of the human from demonstra-
tion. By expressing this goal as an optimization problem or as a reward function,
the robot can learn to reproduce the human goal by its own means.

Inverse reinforcement learning [Ng 2000, Abbeel 2004, Lopes 2009b] is a popular
method that is inferring the hidden reward function the demonstrator is trying to
optimize based on the observation of its actions. In addition, the human demonstra-
tions can be used to learn a model of the environment in state unreachable to robot
by mere self-exploration. Once the reward function has been evaluated form the
demonstrations, and given the dynamic of the environment, the robot can generate
a plan to fulfill the task using its own ability. This method is especially interesting
when the human and the robot do not have the same abilities. As an example, a
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robot may be able to execute a skill faster that a human, but by mere reproduction
of the human gestures the robot would not reach the same level of performance than
by inferring the underlying goal of the human and solving the problem its own way.

One of the most impressive achievement of the past decade used inverse reinforce-
ment learning methods for the learning of aerobatic helicopter flight [Abbeel 2007].
Demonstration were provided by an expert pilot teleoperating, i.e. flying, the heli-
copter to help finding its dynamics and the fitness function corresponding to different
maneuvers such as flip, roll, tail-in and nose-in funnel.

Finally, in the work of Lopes et al. [Lopes 2009al, the authors propose to com-
bine imitation and emulation in a unified model by considering a continuum space
whose three extreme cases are non-social behavior, emulation, and imitation. A
demonstration from a teacher is evaluated according to these three baseline, and
the agent final policy is a combination, more precisely a weighted mixture, of the
three modules. By varying the weight attributed to each module, they were able to
reproduce several well-known social learning experimental paradigms.

Limitations and assumptions

The performance of a learning system is obviously linked with the quality of the
information provided by the demonstrations. Among others aspects, if some impor-
tant state-action pairs have not been demonstrated or if the demonstrations were
of poor quality, i.e. including a lot of noise or being suboptimal or ambiguous in
certain areas, the learner will be unable to generalize properly from the data.

Unfortunately, in many cases, the demonstration are collected beforehand and
sent to the learning algorithm in a batch way which do not allow the robot to
have access to better demonstration. A potential solution is to ask the teacher for
new demonstrations in those states where demonstration are missing or uncertain
[Chernova 2008a, Chernova 2009], we will detail more this approaches in the next
chapter.

Another problem is that of identifying what the human is really demonstrating.
For example, if a human is demonstrating how to fish to a robot, is the human
demonstrating the precise movement of the fishing rod or is he demonstrating where
to place the float in order to catch more fish. In other words, should the robot
imitate the movement of the fishing rod or should it emulate the position of the
float. Where imitation is the act of reproducing the human demonstration in all
details, and emulation is the act of fulfilling the same goal as the human.

This problem is currently unsolved in the robot social learning literature and in
practice the robot is explicitly told whether to imitate or emulate the demonstration.
The problem of understanding what to do from the interaction with human is usually
solved at design time; where the system designer applies a multitude of constraints
to the interaction with the robot such that no uncertainty or ambiguity remains
on the demonstrations. For example, the demonstrated movements are provided in
isolation and contain only information about the task to be learned. Similarly, the
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robot is explicitly “told” that the demonstrations refer to such and such objects and
that it is for example a grasping task. Of course saying that the robot is “told”
about the interaction is misleading; it is rather the all system that is constrained to
optimize only a specific objective.

In the context of learning from human demonstration, four central questions
are often predefined at design time: who, when, what, and how to imitate
[Nehaniv 2000]:

The who question refers to the problem of identifying who to imitate. It may
refer to finding that a person is currently providing demonstrations, but also which
person is better at providing accurate demonstrations of the task. This question
has not been thoroughly investigated in the literature so far. One of the few work
tackling this problem consider a finite set of teacher and select the most appropriate
one based on the robot current learning rate [Nguyen 2012]. This method allows the
robot learner to take advantage of the different levels of skills each teacher provide.

The when question refers to the problems of social coordination between the two
partners, such as the turn-taking ability. For example, this aspect has been investi-
gated in human-robot drumming activities where turn taking and role switching are
important component of a successful interaction [Weinberg 2006, Kose-Bagci 2008].
The when question also applies for cases where the robot should decide whether
to try to imitate its human partner or to explore the environment by itself
[Chernova 2009, Nguyen 2012].

The what question refers to the problem of identifying the important aspect of
the demonstrations. It refers for example to the dilemma between imitation at the
action level and emulation at the effect level. At the action level, the aim of the
robot would be to reproduce the demonstrator action in the same way and in the
same order. At the effect level, the robot should understand the underlying purpose
associated to the actions of the human.

The latter problem of identifying the effect level of imitation depends on the
context in which the interaction takes place. In particular the concept of affordances
[Gibson 1986] — which encode the relation between actions, objects and, effects —
is of primordial importance for the robot to be able to reproduce demonstrations at
the effect level. Several works have consider affordances for human-robot learning,
among others they have been used to recognize demonstrations, decompose them
in a sequence of subgoals and finally reproduce them [Lopes 2007a]. Montesano
et al. presented a method to learn affordances by interacting with several objects
|[Montesano 2008|. The robot was able to extract relation between its actions, the
objects, and the effects they produces using Bayesian inference methods.

While most of the time the interaction protocol is well constrained such that
there is no ambiguity about what aspects of the demonstrations should be imitated,
some social cues can be used to infer which parts of a demonstration are relevant,
such as the temporal differences of demonstration parts. Pauses during interaction
have been linked to important key points in a task demonstration. This allows

for example to extract subgoals or determine when a demonstration is completed
[Theofilis 2013].
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The how question refers to the problem of determining how the robot will actu-
ally perform the behavior so as to conform to the metric identified when answering
the what question. When the demonstration is only relevant at the effect level (em-
ulation) the robot can solve the task by its own mean as soon as the objective is
identified. However when the imitation is important at the action level (imitation),
differences between robot and human morphology and capabilities makes solving the
how question not straightforward. This latter issue has been discussed previously
and is referred to as the correspondence problem |Nehaniv 2002, which the problem
of mapping between the demonstrator and the imitator.

As stated before, the who, when, what, and how questions are usually skipped over
in practical application and the data are provided already pre-formatted for the
robot.

In the next subsection we present another paradigm for social learning in
robotics, the learning from human reinforcement approach. In this paradigm, the
human never demonstrates the task to the robot but rather observe the behavior of
the robot and reinforces or punishes some of its actions in order to shape its final
behavior. We also call this approach learning from human feedback, where feedback
implies a positive or a negative assessment of the robot’s actions.

1.1.2 Learning from human reinforcement

Learning from human reinforcement, also called shaping, is the process of learning a
new skill by receiving assessment over recently performed actions. In this paradigm,
the human never demonstrates the task to the robot but he rather observes the
behavior of the robot and reinforces or punishes some of the robot’s actions in
order to shape its final behavior. We also call this approach learning from human
feedback, where feedback implies a positive or a negative assessment of the robot’s
actions. Clicker training [Kaplan 2002| is a subclass of this problem that considers
the human can only send positive reinforcement.

Pioneer works in this domain include the work of Blumberg et al.
[Blumberg 2002] that trained a virtual dog to learn several sequential tasks and
associate them with verbal cues using the clicker training method. Kaplan et al.
[Kaplan 2002] applied similar methods to train an AIBO robot dog. Another pio-
neers work considered a software agent, named Cobot, which interacts with human
agents in an online chat community called LambdaMOQO. Cobot adapts its behav-
ior from various sources of feedback (reward or punishment) provided by human
engaged in the chat community [Isbell 2001].

This social learning paradigm shares many aspects with reinforcement learning
[Sutton 1998|. In reinforcement the agent goal is to take actions so as to maxi-
mize the cumulative reward. We make a difference between reinforcement learning
algorithm and learning from human reinforcement in the sense that the nature of
the reward information cannot be treated the same way when a human provides it.
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For example, reward signals from humans are frequently ambiguous and deviates
from the strict mathematical interpretation of a reward used in reinforcement learn-
ing [Thomaz 2008, Cakmak 2010]. We will provide more detail about the teaching
behaviors of humans in the next chapter but we note that this problem requires
developing new algorithms to monitor and handle the teaching style of each user.

Therefore recent works started to investigate how to additionally learn the way
humans provide feedback at the same time as the robot learns the skill [Knox 2009b].

However, as for learning from human demonstration, the robot should be able to
answer the who, when, what, and how questions. It needs to infer to which actions
the human feedback relates to, but it also needs to differentiate between different
levels of feedback as some actions may be mandatory to complete the task while
others may just be preferences from the users. In addition the user could make mis-
takes in its assessment or may not perceive the problem as the robot perceives it,
therefore making inconsistent feedback. And as for most learning from demonstra-
tion systems, most of the works presented above consider predefined and restricted
interaction protocols so as to be able to map easily the human reinforcement with
the robot’s actions. Similarly, if the human is providing feedback using speech com-
mands, there exist system translating speech utterances into meaningful feedback,
e.g. mapping the word “good” to a positive reward.

As stated above, the who, when, what, and how questions are also applicable to
learning from human reinforcement. This question is usually skipped over in prac-
tical applications by providing already pre-formatted data to the robot.

Providing only reinforcement signals to a robot can be limiting, especially when
the state space is large increasing the learning time and resulting in a laboring
interaction between the human and the robot. In the next subsection we present
another paradigm for social learning in robotics, the learning from human advice
approach. In this paradigm, the human never demonstrates the task to the robot
but rather observes the behavior of the robot and provides hints about what action
to perform next, which we will call guidance.

1.1.3 Learning from human advice

Learning from human advice, also called learning from instruction, is the process
of learning a new skill by receiving explicit instructions about what to do next.
In this paradigm, the human never demonstrates the task to the robot. It rather
observes the behavior of the robot and provides clues accordingly in order to shape
the robot final behavior. We also call this approach learning from human guidance,
where guidance implies that the user explicitly indicates to the robot what action
to perform next.

In most scenarios, advices are additional pieces of information improving the
learning time and efficiency of an agent. It is therefore often combined with rein-
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forcement learning algorithms where the advices influence the exploration behavior
of the agent or influence directly the value of particular actions.

In [Clouse 1992] and [Maclin 2005| the teacher can influence the action selection
of the agent by providing advices about preferred actions. In [Smart 2002] the
trainer directly controls the agent’s actions at important key states and let the
agent learns the fine details. In [Kolter 2007|, the authors introduce a hierarchical
apprenticeship learning method for teaching a quadruped LittleDog robot to walk on
rough terrains. Their method differs from standard inverse reinforcement learning
methods. Rather than providing full demonstrations of the skill, they use human
advices about low-level actions of the problem. More precisely, the human expert
indicates foot placement in situation where the robot made suboptimal footsteps.

It is important for the robot to be able to generalize to unseen situations. In
[Lockerd 2004], the robot Leo learns to switch all buttons on or off from human
vocal instructions. When a new button is introduced in the environment the robot
autonomously generalizes from the instructions and presses all buttons, instead of
pressing only the ones it was instructed to in the first place.

As for other learning paradigms, the robot should be able to answer the who,
when, what, and how questions. It should infer which part of the environment
matters for the advices, if the advices can be generalized or not to other objects in
the environment, if the advices are related to what the robot should do next or what
it should have done before, or in which referential are the advices given. Ideally the
robot should also keep track of other social signals from the human, such as whether
the user is really paying attention to the scene. Or whether the user can see the
part of the space the robot is in. Most of the time predefining and restricting the
interaction protocols solve these problems.

1.1.4 Discussion

Our categorization of social learning paradigms in three categories does not reflect
the many subfamilies that exist inside these categories, including those that are
shared among categories. It is meant to situate the social learning problem in a
more global picture, providing some interesting pointers for the interested readers.
As we noticed, in most of the above presented work, the human had either
no direct interaction with the robot, or few highly constrained interactions. For
example, the human demonstrations are provided in a batch perspective where data
acquisition is done before the learning phase. In the following section, we detail the
usual assumptions made in most human robot interaction scenarios. Based on our
observations we then define the global challenges addressed in this thesis.

1.2 Usual Assumptions

As seen in the previous section, there is usually a strong decoupling between the
process of extracting useful information from the interaction and the process of
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learning a new skill from those information. We can already highlight a chicken and
egg problem in the social learning literature:

e On the one hand, if the goal of the robot is to learn a new task, the robot
will be fed with the relevant data formatted exactly as needed by the learning
algorithm. For example, if a user teaches a robot to navigate in a maze, the
protocol of interaction will be fixed to match the need of the algorithm. The
interaction will be done turn by turn such as it is easy to associate user’s
instructions to robot’s states. But the user will also be asked to comply to
the specific signals the robot understands, such as using the word “right” and
“left” to mean respectively “right” and “left”.

e On the other hand, when we want to learn the user behavior or the protocol,
we assume the task the user wants to achieved is known. It allows interpreting
the behavior of the user in light with the known objective he is pursuing. This
process is usually called a calibration phase. It is for example necessary to
provide the robot with the ability to translate human communicative signals,
such as speech or gestures, in a symbolic meaningful representation. For ex-
ample, if we want our robot to learn which words the human uses to mean
“right” and “left”, we will ask the user to guide the robot in a maze follow-
ing a specific path. The robot, knowing the path intended by the human,
could identify that the human uses the word “right” and “left” or “droite” and
“gauche” to mean respectively “right” and “left”.

To summarize, in order to teach a robot a new task, the robot must be able to
understand the behavior of the human. But to come up with an understanding of
the behavior of the human, the robot must know what is the user overall objective.
In this thesis, we present methods to overcome this chicken and egg problem in some
specific cases. This allows a user to start interacting with a machine using its own
preferred signals; removing the need for a calibration procedure. Before entering
into more detail, we introduce the concept of interaction frames.

1.2.1 Interaction frames

An interaction frame [Rovatsos 2001] is a structure that defines all the aspects of
the interaction that are pre-defined by the system designer. This interaction schema
is assumed to be followed by the human and known by the robot.

The concept of interaction frame is a subclass of the more general concept
of frame. Frames are a concept that emerge simultaneously in social theory
[Goffman 1974] and artificial intelligence [Minsky 1974]. They represent a schema
of interpretation given a particular situation or event. It is answering the ques-
tion: what is going on here?, in order to reduce ambiguity of intangible topics by
contextualizing the information. It creates a common ground about the purpose of
the interaction [Tomasello 2009, Rohlfing 2013] and includes “predictable, recurrent
interactive structures” (|[Ninio 1996], p. 171).
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In [Rovatsos 2001], Rovatsos et al. presented an extended definition of what
an interaction frame might be for artificial agents. While his definition can be
transposed to human-robot interaction scenarios, its description and formalization
of interaction frames is too much detailed for our forthcoming development. To
summarize, an interaction frame provides interactants with guidelines about how
to behave (a protocol for interaction). It also allows interactants to understand
the communicative intentions of their interaction partner. The interaction frame is
often implicitly defined and known in robot learning experiments. We exemplify a
few interaction frames and then provide our simplified description of an interaction
frame.

Naming frame One example of an interaction frame are found in language games
[Steels 2002|, where a pre-defined sequence of interaction is defined to associate
a name to an object. For example, a human presents an object to a robot and
pronounce the name of that object. Being aware of this frame, the robot knows
that speech of the human corresponds to the name of the object (and not its shape
or its color). In addition the interaction is usually well controlled. The human will
first hand the object in front of the robot. The robot will then ask always the same
question such as “tell me the name of this object?”. Once the robot is ready to accept
the human speech utterance, it emits a small noise. Finally the human speaks for
one second. Following this sequence, the association between objects and names is
guaranteed to be unambiguous.

Feedback frame To exemplify the feedback frame, we introduce the navigation
task used for our brain computer interaction experiments chapter 4. In this scenario
a human assesses the actions of a virtual agent in a grid world (see Figure 1.1).
The human wants to guide the agent towards a specific state. To do so he can
send to the agent information about the correctness of its last action. For example,
if the robot went away from the target state, the human informs the robot that
going North was “incorrect” according to the target. After several interactions the
robot is able to identify the goal state. We call this specific interaction scenario a
feedback frame. A feedback signal is providing information about the optimality
of the robot’s last action. A feedback signal can only take two values, “correct” or
“incorrect”. In practice the interaction is turn taking, the robot performs one action
and waits until the human provides a feedback signal. That way the association
between actions and feedbacks is guaranteed to be unambiguous.
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Display of the grid world
and the agent (green)

The acquisition unit
and the computer
running the algorthim

Figure 1.1: The BCI setup for online experiments. On the screen is displayed a grid
world with the agent in green.

Guidance frame To exemplify the guidance frame, we introduce the pick and
place scenario used in chapter 4. In this scenario a human supervises the work of
a robot builder. This robot is able to stack several cubes in order to form different
structures (see Figure 1.2). A human wants the robot to build a specific configu-
ration of cubes but cannot directly communicate the high level description of the
structure to the robot. The robot only accepts discrete advices about what action
to perform next. For example asking the robot to “grasp”, “move left”, or “release”.
The robot knows the user’s signals correspond to actions it should perform next to
fulfill the task. However the robot is not teleoperated and remains the one that
selects which action to perform. For example, once the robot understood which
cube’s configuration the user has in mind, it might build it directly without waiting
for further guidance signals. We call this specific interaction scenario a guidance
frame. A guidance signal is defined as giving information about what action to
perform next. In practice the interaction is turn taking, in some states the robot
asks an advice to the human and waits until it receives a guidance signal. That way
the association between actions and guidances is guaranteed to be unambiguous.

robotic arm

Figure 1.2: A robot builder performing a pick-and-place task with three cubes.
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The two latter feedback and guidance frame will be central to the future devel-
opment of this thesis.

We have seen that interaction frames regulate the interaction between humans and
robots. It encodes a way to understand the meanings of the human signals, i.e.
their relation with the current context of the interaction. It also includes constraints
related to the task, e.g. the human is teaching the robot which room to reach among
a finite set of rooms.

In light with our observations, we can list the information provided by the in-
teraction frame:

e Details and timing of the interaction. It corresponds to when and how
the user will provide instruction signals. For example, the human sends a
signal to the robot after every robot’s actions. Another example is a human
providing a feedback signal between 0.2 and 2 seconds after the robot’s action
[Knox 2009b].

e The set of possible meanings the human can refer to. As depicted
before, the set of meaning may include “correct” and “incorrect” for those
cases where the user is assessing the robot’s actions. It could also be the set
of action names when the user provides guidances on what to do next.

e Constraints on the possible tasks. The general context of the teaching
process is known. For example the robot is aware that the human wants it to
reach a specific room in the house, and not to take an object from the fridge.
This limits the number of hypotheses the robot can create about what the
user has in mind.

Given this information, the interaction frame provides a generic function that,
given a context of interaction and a task, returns the meaning intended by the
teacher:

Meaning = Frame(Context, Task)

For example, in a discrete world, if the robot moves from the living room to the
kitchen (context), and if the human wants the robot to be in the kitchen (task),
then the signal received from the human means “correct” (meaning).

“correct” = Frame((living room — kitchen), GoToKitchen)

In the following subsection we study how this interaction frame is used in prac-
tice. For example, when we want to teach a robot a new task, the task variable is
unknown.
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1.2.2 Using interaction frames

In the beginning of this section, we identified a chicken and egg problem. In order to
teach a robot a new task, the robot must be able to understand the behavior of the
human. But to come up with an understanding of the behavior of the human the
robot must know what is the user overall objective. In this subsection we explain
this problem using our interaction frame formalism.

Calibration: learning the signal to meaning mapping The problem of cal-
ibration requires the robot to be able to collect signal-meaning pairs (also called
signal-label pairs). Once the robot has access to a dataset of signal-label pairs, it
can learn a classifier that given a new signal predicts the meaning associated to this
signal. We introduce the decoder function that given a signal, returns a meaning:

Meaning = Decoder(Signal)

Using our frame definition, to train this decoder the robot must know the task.
Following our previous examples, when the robot moves from the living room to the
kitchen, it may receive a feedback signal “A”. If the task is to go to the kitchen, the
robot can infer that the meaning of the signal “A” is “correct”. By collecting many
of such examples, the robot can learn which meaning correspond to each signal. As
a result the robot can build a decoder of user signals. Given a new signal “A” it can
deduce:

“correct” = Decoder(“A”)

Learning: inferring the task The problem of learning the task requires the
robot to know how to interpret user’s signals. The interaction frame provides the
context of the interaction, which includes some constraints about the task. In our
example, our robot may know that there are only two rooms in the house.

Given a specific context, e.g. (living room — kitchen), the robot receives a
signal from the user, e.g. “A”. And given a decoder trained following the above
method the robot knows that the meaning of “A” is “correct”.

The robot can compare the meaning received from the user with the one expected
from the frame given the two possible tasks:

“correct” = Frame((living room — kitchen), GoToKitchen)

“incorrect” = Frame((living room — kitchen), GoToLivingRoom)

Following this method, the robot can infer that the user wants it to go to the kitchen.

Using this simple example highlight the chicken and egg nature of the problem of
interacting with machines. To learn the decoder we need to know the task and to
learn the task we need to know the decoder. In this work we tackle the problem of
learning both the task and the decoder at the same time.
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1.2.3 Discussion

By making the interaction frame explicit, we can revise our understanding of the
challenges associated to social learning. There is a multitude of challenges that
lie between learning human social behaviors and learning new tasks. Identifying
and solving these challenges might help us design machines more flexible to loosely
defined interaction frames, or even machines that can learn the frames themselves.

Among others, Thomas Cederborg presented an extended reflection on this prob-
lem in his PhD thesis [Cederborg 2014a|. He presents a detailed framework to de-
scribe robot social learning mechanism [Cederborg 2014b] and propose an extended
reflection on how to relax a number of assumptions in robot social learning scenarios.

We present a small sample of questions that arise when we relax some interaction
frame assumptions.

A first example is the assumption that human teaching behaviors are consis-
tent. For example, when learning from human reinforcement, humans do not use
reinforcement signals as expected by the mathematical formalism of reinforcement
learning. For instance, in the work of [Thomaz 2008| the teachers frequently gave
a positive reward for exploratory actions or to encourage the robot. In addition,
the reward delivered by the human is a moving target, once the human finds the
behavior of the robot adequate he will stop delivering rewards. A robot that only
seeks to maximize reward could make use of this human bias and generate mistakes
on purpose. That way the human will not get use to good performances and will
keep generating rewards.

Another usual assumption is that the human has full observability of the robot’s
actions. An example frequently given in [Cederborg 2014a] is the one of a cleaning
robot. The human would like the robot to clean the dust in the apartment during
the day. When the human enters the apartment again, if he is happy with the work
of the robot he will give it some positive rewards. However, the human user might
not be aware that the robot pushed the dust under the carpet or made a lot of noise
disturbing the neighbors.

As we described before, in this thesis we remove another type of assumption,
that the learner and the teacher share a mutual understanding of the meaning of
each other’s instructions. In particular the robot is usually assumed to know how to
interpret instructions from the user. We define a general scientific challenge: Can
a robot learn a new task if the task is unknown and the user is providing
unlabeled instructions? Which are the constraints and mechanisms that
could provide this flexibility in interactive task learning? There are two
important dimensions in such questions: 1. which are the computational machine
learning algorithms and formalisms that are needed for this goal? and 2. how to
integrate them within real-world meaningful human-robot interaction such that us-
ability and acceptability can be evaluated in user studies? While we will present
experiments with real subjects, given the complexity and novelty of these issues, we
focus most of our attention on the first dimension. In the following of this thesis,
we call this subclass of problem learning from unlabeled interaction frames and we
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study how a robot can learn to cope with this lack of information.

1.3 Learning from unlabeled interaction frames

Learning from unlabeled interaction frames corresponds to the problem of learning a
task from human instructions signals but where the signal-to-meaning classifier is not
given. Nonetheless we maintain important assumptions concerning the interaction
protocol and the behavior of the human. We list those assumptions here:

e The protocol of the interaction. The human and the robot are able to
synchronize together. A signal from the user is easy to map to a state-action
pair. In practice this is implemented as a turn taking social interaction. When
the robot performs an action in a particular state, it then waits for a signal
from the user.

e The set of possible meanings the human can refer to. The robot knows
the signals from the teacher can take only one meaning out of a finite set of
meanings. We will consider only the case of feedback or guidance instruction’s
signals. When providing feedback signals, the set of meaning includes “correct”
and “incorrect”. When providing guidance signals, the set of meaning includes
the names of the available actions. A meaning will also be called a label to
match with the classification algorithm formulation.

e Constraints on the possible tasks. The robot knows the context in which
the interaction takes place. For example, the robot knows that the user wants
it to reach one of the rooms in the house, to create a rhythmic pattern by
pressing piano keys, to build a structure by stacking a finite number of cubes,
or to grasp an object on the table. This limits the number of hypotheses the
robot can create.

e An interpretation model for each possible task. The robot has access
to a “Frame” function which given a context of interaction and a task, returns
the meaning intended by the teacher:

Meaning = Frame(Context, Task)

This function represents a theoretical model of the user teaching behavior
given a particular task. It corresponds to the following reasoning: “if the user
wants me to perform task T then when I did action A in state S, the user’s
signal E meant M”. However, we remind that the user does not know the task.
We further assume this function holds for the full time of the interaction. In
other words, the user behavior is consistent throughout the interaction period.

e The signal to meaning mapping is consistent throughout the inter-
action period The user always uses similar signals to mean the same things.
Concretely, if the user convey its signals using a two buttons interface to mean
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either “correct” or “incorrect”, we assume the user is always using one button
to mean “correct” and the other to mean “incorrect”. But we do not know
which button means what in the beginning. We will account for errors in the
teaching behavior of the human but we assume that if we ask the user which
button means what throughout the game his reply will not change. We note
that this assumption is made by all interactive systems.

e The user’s signals are classifiable. If we had access to a dataset of signal-
label pairs from the user, we could compute a decoder that predicts the label
of an unobserved signal with more than random accuracy. We note that this
assumption is made by all interactive systems.

The fact that the possible set of meanings is known explains the word “unlabeled”
in the term “unlabeled interaction frames”. The robot knows that there is a hidden
label — among a finite set of labels — that is associated to each user’s instruction
signals.

To solve the problem of learning from unlabeled instructions, we will rely on the
concept of interpretation hypothesis as introduced in the work of Cederborg et al.
[Cederborg 2014b, Cederborg 2014a|. An interpretation hypothesis is the process of
interpreting a human signal in light of a hypothetical task and given an interaction
frame. As we have seen before, given an interaction frame and a task it is possible
to infer the meaning intended by the human in a specific situation. As we have
access to constraints about the task we can generate task hypotheses. We can then
assign hypothetic labels to every signal received from the human with respect to
each possible task. By doing so we create a set of hypothetic datasets of signal-
label pairs, one for each task. As the user behavior is assumed to be consistent, the
dataset associated to the task the user wants to solve should stand out by having
the best coherence between the signals and their hypothetic labels. In others words,
the correct task will be the one that explains better the history of interaction.

Solving this problem allows a robot to learn simultaneously what a user wants
it to do, as well as the mapping between the human signals and their meanings. As
a result, the robot does no have any a priori about which signals it will receive for a
particular meaning. As a consequence, people speaking different languages (or using
interjections or even hand clapping) could interact with such a system without the
need to reprogram it for each particular person.

1.4 Thesis Contributions

The main contribution of the thesis is a method allowing a robot to learn from
unlabeled interaction frames. In practice, it allows a user to start teaching a robot
a new task using its own preferred teaching signals. For example, let’s consider a
user providing, using speech, instructions to a robot about what action to perform
next. With our method the user is not restricted to a pre-defined set of words and
can rather use its preferred words to communicate its advises. The system will learn
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simultaneously which words are associated to which meaning, as well as identifying
the task the user wants to solve. The user could therefore use words in English,
French or Spanish, but also interjections or even hand clapping.

In more detail, we can highlight four important contributions of this thesis:

e We propose a new experimental setup to study the co-construction
of interaction protocols in collaborative tasks with humans (conference:
[Vollmer 2014al) (chapter 3). In this setup, an architect and a builder must
communicate using a restricted ten buttons channel in order to achieve the
joint activity of constructing a structure using simple building blocks. We re-
port experiments with human subjects, which indicates that the kinds of mean-
ings the participants coordinate on is limited to a specific subset. This subset
is composed of feedback (“correct”, “incorrect”), guidance (“left”, “right”, “as-
semble”), feature based (“red”, “small”), or global (“end”, “reset”) instructions.
Especially most of the users seem to concentrate on feedback instructions. Fi-
nally we report that humans solve the problem by projecting the interaction
into different common interaction frames.

e We present an algorithm allowing to simultaneously learn a new task from
human instructions as well as the mapping between human instruction signals
and their meanings (conferences: [Grizou 2013c, Grizou 2014b, Grizou 2014a],
workshops: |Grizou 2013a, Grizou 2014c| (chapter 4).

Our method consists of generating interpretation hypotheses of the teaching
signals with respect to a set of possible tasks. We will see that the correct
task is the one that explains better the history of interaction. We demonstrate
the efficiency of our method in a pick and place scenario where a teacher uses
spoken words to instruct a robot to build a specific structure. We show that
our method works if the teacher provides feedback (“correct” or “incorrect”),
or guidance (“left”, “right”; ...) instructions. Finally we show that our system
can reuse the knowledge acquired about the signals of the users to learn a
second task faster.

e We propose a measure of uncertainty on the joint task-signal space that takes
into account both the uncertainty inherent to the task, which is unknown
and remains to be estimated, as well as the uncertainty about the signal to
meaning mapping, which is also unknown and remains to be estimated. We
use this measure of uncertainty to optimize the action selection of our agent,
which improves significantly the learning time (conferences: |Grizou 2014b,
Grizou 2014a]) (chapter 5).

e We apply our algorithm to brain computer interfaces (BCI) (conference:
[Grizou 2014b|, workshop: [Grizou 2013b]) (chapter 6). We present experi-
ments where several subjects control an agent from scratch by mentally as-
sessing the agent’s actions and without requiring a calibration phase to train
a decoder of the user’s brain signals. In all experiments, our algorithm was
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able to identify a first task in less iteration than a usual calibration procedure
requires.

We believe the theoretical and empirical work presented in this thesis can consti-
tute an important first step towards flexible personalized teaching interfaces, a key
for the future of personal robotics.

1.5 Thesis Outline

The first aim of this manuscript is to explain the problem of learning from unlabeled
interaction frames and to provide an intuition on what properties can be exploited
to solve this problem. We will introduce the most important aspects of the work by
simple visualization of the problem and of the specific properties we exploit. Our
objective is therefore to endow the interested readers with sufficient understanding
of the problem to implement their own version of the algorithm with the tools they
are more familiar with.

In chapter 2, we present an overview of the related work which span from lan-
guage acquisition to brain computer interfaces.

In chapter 3, we introduce a new experimental setup to study the co-construction
of interaction protocols in asymmetric collaborative tasks with humans. By pre-
senting our results based on this setup, we draw interesting lessons for our problem.
This work on human experiment is a joint collaboration with Anna-Lisa Vollmer
and Katharina J. Rohlfing.

In chapter 4, we introduce in more specific terms the problem and provide a
visual intuition on what properties we will exploit. We continue by formalizing the
problem in a probabilistic framework, describe how each subcomponent of our algo-
rithm are implemented and present results from a robotic pick and place scenario.

In chapter 5, we introduce the planning specificities related to our problem and
provide a visual intuition on what properties we should track. We then define the
uncertainty measure used planning the actions of our agents. Finally, we demon-
strate on a 2D grid world problem the efficiency of our planning method with respect
to other planning strategies.

In chapter 6, we present an application of the algorithm to a BCI scenario where
human subjects control a virtual agent on a grid. We report online experiments
showing that our algorithm allows untrained subjects to start controlling a device
without any calibration procedure by mentally assessing the device’s actions. This
work on BCI is a joint collaboration with Inaki Iturrate and Luis Montesano.

In chapter 7, we discuss and provide algorithmic solution to a number of limita-
tions. The limitations include the use of a discrete state space, the need for a finite
set of task hypotheses, and the fact that the interaction frame is defined in advance.
We further propose a proof for our algorithm in restricted conditions.

Code is available online under the github account https://github.com/
jgrizou/ in the following repositories: lfui, experiments thesis, and datasets.
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In most robot social learning experiments today, there is a strong decoupling
between the process of extracting useful information from the interaction and the
process of learning a new skill from these information. For example, the human
demonstrations are provided in a batch perspective where data acquisition is done
before the learning phase. The properties of teaching interactions with a human in
the loop are not yet considered in depth.

In this chapter we highlight the difference between systems learning from well-
controlled interactions and systems trying to close the interaction loop allowing
more flexibility in the interaction process. These issues have began to be addressed
in a subfield called interactive learning which combines ideas of social learning with
extrinsic and intrinsic motivated learning. With this approach, the robot acquires
more autonomy with respect to how to deal with the human in the loop.

After presenting the related work in interactive learning, we broaden the scope of
this work by linking with the computational modeling of language, some aspects of
unsupervised learning, and specific works on ad-hoc team whose stated challenge is
to enable cooperation without prior-coordination in multi-agent scenarios. Finally,
we present related works from the brain computer interfaces (BCI) community.
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2.1 Interactive Learning

In this section, we present a number of works considering the human compo-
nent into the learning loop. We call this area of research interactive learning
[Nicolescu 2003, Breazeal 2004]. It aims at developing machines that can learn by
practical interaction with the user.

Interactive learning combines ideas of social learning with extrinsic and intrin-
sic motivated learning. It differs from the works presented in the introduction as
both the human and the robot are simultaneously involved in the learning process
[Kaplan 2002, Nicolescu 2003, Breazeal 2004, Thomaz 2008]. Under this approach,
the teacher interacts with the robot and provides extra feedback or guidance. In ad-
dition, the robot can act to improve its learning efficiency or elicit specific responses
from the teacher. Recent developments have considered: extra reinforcement sig-
nals [Thomaz 2008|, action requests [Lopes 2009b], disambiguation among actions
[Chernova 2009], preferences among states [Mason 2011], iterations between prac-
tice and user feedback sessions [Judah 2010| and choosing actions that maximize
the user feedback [Knox 2009b].

We decided to split this related work in four categories. Firstly, we present works
combining multiple sources of information, such as combining demonstration and
feedback. Secondly, we present some studies about the behavior of human when
teaching robots. Thirdly, we present works that try to model some aspects of the
user behavior or of the protocol. Fourthly, we present works considering an active
robot, which try to learn faster from or about the interaction. Finally, we discuss
and situate our work in this scope.

2.1.1 Combining multiple learning sources

Researchers have considered mixing different learning paradigms in order to improve
the quality of the interaction and of the learning process. They considered:

e Mixing environmental rewards with human rewards [Knox 2010, Griffith 2013,
Grave 2013|. The main problem is to balance the influence of the environmen-
tal reward with the human generated reward.

e Iterations between practice and user feedback sessions [Judah 2010]. The
learner first practices the task a few times to learn from environmental re-
ward. Then a user can observe its practice session and classify the policies or
actions as good or bad. The learner updates its policy given the reward from
the environment and the user critiques, and the process repeats again.

e Giving some demonstrations first, and having the robot practicing the skill
under online human supervision (feedback or guidance) [Nicolescu 2003,
Pardowitz 2007].

e Mixing concrete instructions and rewards to balance human efforts with com-
munication efficiency [Pilarski 2012].
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e Combining learning from demonstration and mixed initiative control
[Grollman 2007a]. Mixed initiative control is when the control can tran-
sition smoothly from the demonstrator control to the robot control. In
[Grollman 2007a] the authors used this method to teach different behaviors
to a robot, such as mirroring the head position with the tail position or to
seek for a red ball, using the same algorithm.

e Combining transfer learning, learning from demonstration and reinforcement
learning [Taylor 2011].

e Demonstrating only parts of trajectories. In [Akgun 2012|, the users only
demonstrate some keyframe positions along the trajectory. The robot can
then autonomously infer a trajectory that match with each keyframe position.

But researchers also created new learning paradigms, such as learning from users’
preferences [Mason 2011, Akrour 2011]. In this new paradigm, the system learns
the preferences of the human and will pro-actively generalize and apply them au-
tonomously.

In [Mason 2011], the user starts by teleoperating the robot and can mark some
states as good or bad. From this data, the robot can create a user profile. Next,
the robot can select its own goal without the need for human teleoperation. Once a
desirable state of the world has been reached, the human has a possibility to classify
the state as good or bad again. The robot can update its user profile, and the
process iterates.

In [Akrour 2011, Akrour 2012, Akrour 2014, Wilson 2012|, the robot demon-
strates some candidate policies and asks the human to rank them by preferences.
Based on this ranking the algorithm learns a policy scoring function, which is later
used to generate new policies. The user ranks these new policies again, and the
process iterates. This method differs from the learning from human reinforcement
paradigm as the user evaluates full demonstrations. It differs from inverse reinforce-
ment learning because the robot is it-self generating the demonstrations. But more
importantly, demonstrations are ranked between them, which differs from the usual
assumptions that all demonstrations given to the learning algorithm are equally
correct but noisy.

Most of the methods above consider the users are somehow optimal or at least
predictable in their teaching behaviors. However this is not always the case, in next
subsection we review studies about the behaviors of humans when teaching robots.

2.1.2 How people teach robots

An important challenge is to deal with non-expert humans whose teaching styles
can vary considerably. Users may have various expectations and preferences when
interacting with a robot and predefined protocols or instructions may bother the user
and dramatically decrease the performance of the learning system [Thomaz 2008,
Kaochar 2011, Knox 2012, Rouanet 2013]. These studies show that even when using
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well-defined protocols, it is important to consider how different instructions can be
used for learning.

People will not always respect predefined conventions. Several studies discuss
the different behaviors naive teachers use when instructing robots [Thomaz 2008,
Cakmak 2010]. When learning from human reinforcement, an important aspect
is that the feedback is frequently ambiguous and deviates from the mathematical
interpretation of a reward or a sample from a policy. For instance, in the work of A.
L. Thomaz et al. [Thomaz 2008| the teachers frequently gave a positive reward for
exploratory actions even if the signal was used by the learner as a standard reward.
Also, even if we can define an optimal teaching sequence, humans do not necessarily
behave according to those strategies [Cakmak 2010]. This is often because the user
and the robot do not share the same representation of the problem.

For the specific case of learning from human reinforcement, several works studied
how people actually teach by explicit reward and punishment. In [Thomaz 2006],
the authors found that people gave more positive than negative rewards. Also, users
tend to use feedback signals to provide guidance to the agent and to encourage the
agent in its exploratory actions. In [Knox 2009a], the authors show that humans
reinforce almost always state-action pairs and not state only. People perceive in-
tentionality in the robot’s actions, and therefore human trainers reinforce given the
expected long-term returns of an action, i.e. they do not provide a solely immedi-
ate reward as reinforcement learning algorithms rely on. Human teachers reinforce
what the robot is about to do (they perceive intentionality) or what the robot just
did. Therefore the question of how to divide human feedback between future and
past actions is not obvious. In addition, human reinforcement behavior is a moving
target and cannot be considered as sampled from an immutable hidden reward func-
tion. Finally, in [Loftin 2014], the authors studied the role of non-explicit feedback.
Some users do not always give explicit feedback in response to a robot’s action.
For example, they have shown that some users are more likely to provide positive
feedback than negative feedback. Surprisingly, some users might never give positive
feedback. This variety of user profiles makes it difficult to create a general algorithm
for learning from human reinforcement. However, if the users are consistent in their
strategies, it might be possible to model and exploit them individually.

Given these observations, considering people as optimal teaching agents seems
flawed. Every user may not experience what is optimal for a robot, in a math-
ematical sense, as optimal. And more importantly each user might experience it
differently. There are a number of design principles that have been derived from
such experiments to create better interactive learning systems.

Transparency It is for example important for the user to understand the way the
robot “thinks” and what are its “intentions”. A learner displaying its current “state
of mind” is called a transparent learner [Thomaz 2008]. A simple example would be
a robot that displays its current level of understanding of the task using a colored
LED. The robot could also directly vocalize its understanding of some part of the
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problem, or if it does not understand some words from the teacher [Chao 2010]. An
other option for the robot is to demonstrate what it understands so far while asking
for confirmation or correction to the user [Cakmak 2012b].

Also it may be useful to characterize the preferences of users in terms of teaching
behavior. In [Cakmak 2012b], Cakmak et al. used human-human experiments to
find out which types of question were most often used. Based on their observations,
queries about features of the problem were identified as the most common questions.
They were also perceived as the smartest when used by the robot. Using this method
the robot explicitly tests precise aspects of the task and asks to the teacher: “can I
do that?”.

Controlling the leader/follower balance Asking feedback from the user is
more useful when it allows to differentiate ambiguous states. In [Chao 2010] active
learning is shown to improve the accuracy and efficiency of the teaching process.
However active learning may illicit undesirable effects of acceptability by affecting
the leader/follower balance during the interaction. In [Chao 2010], some people
felt uncomfortable when the robot asked too many questions and did not feel like
they were the teacher, i.e. the one leading the interaction. As a conclusion, the
interaction is best accepted when a proper balance is achieved between autonomy,
feedback request and human control. A robot asking a question every step is boring
for the user, and asking too infrequently is unpredictable. Finally, allowing users to
send feedback to the robot whenever they wanted was preferred by the users but
was less efficient for the learning process.

Testing the robot As a kind of transparency, it is important for the teacher to be
able to ask the learning agent to perform the taught skill to verify and correct it. It
allows the user to understand how the agent learns and generalizes from examples.
For instance, in [Kaochar 2011] when the participants had the opportunity to test
the agent’s comprehension, more than half of them preferred testing the student
systematically after a new concept or procedure was introduced. They also showed
that people tend to test the agents more during the last third of the teaching process.

To summarize, all teachers are different and most of the time they are not optimal.
Even if there are a number of design principles allowing reducing the variability of
human teaching behaviors, it is almost impossible to design an experiment where
human teaching behavior can be fully predictable. Therefore modeling the users
seems a natural next step.

2.1.3 User modeling, ambiguous protocols or signals

Modeling the user during the interaction is primordial to adapt to an a priori un-
known human. Some works investigate how to learn the user’s teaching behavior
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online [Knox 2009b], how to learn the meaning of new human signals starting from
a set of known signals [Lopes 2011, Loftin 2014], or how to directly learn the mean-
ing of unknown signals but when the agent has access to a direct measure of its
performance [Branavan 2011, Kim 2012, Doshi 2008].

In [Knox 2009b|, an artificial agent learns from human reinforcement but the
human signals are not treated as a reward in a reinforcement learning problem.
Instead the agent models the trainer reinforcement function, and considers it as a
moving target. The idea is that the human reinforcement already includes the long-
term consequences of the agent’s actions, whereas in reinforcement learning the
reward act just locally. Therefore, by modeling the user reinforcement function, the
agent can act greedily on this function to achieve the desired task. Their approach
has been extended to continuous states and actions |Vien 2013|.

In [Lopes 2011], the learning agent receives signals of both known and unknown
meanings. The agent learns a task using the known information and is then able
to infer the associated meaning of the a priori unknown signals. Similarly in
|Loftin 2014| the agent learns the meaning of non-explicit signals, e.g. when the
user does not press any button, but knowing the meaning of all explicit signals.
Our problem differs because we do not have access to a subset of signals of known
meaning beforehand.

In |Branavan 2011], the learning agent automatically extracts information from
a text manual to improve its performance on a task. The agent learns how to
play the strategy game Civilization II and it has access to a direct measure of its
performance. But the agent also has access to the game manual, which gives some
explanation about the game strategy. However the agent does not know how to
read and interpret this manual beforehand. The agent then autonomously learns to
analyze the text in the manual and to use the information contained in the manual
to improve its strategy. In other words, the agent learns the “language” of the game
manual. While the agent could learn to play the game alone, their results show that
“o linguistically-informed game-playing agent significantly outperforms its language-
unaware counterpart”. Our problem differs because our agent does not have access
to a measure of its performance on the task, and can only rely on the unlabeled
signals received from the teacher. However we will process much simpler signals
without syntactic structure.

Some other works have focused on learning semantic parsers, either from natural
language as text [Branavan 2011, Kim 2012| or real speech [Doshi 2008]. Semantic
parsers allow for a more natural human-robot interaction where more advanced
set of instructions can be used. In [Kim 2012| the algorithm can produce, with
some limitation, previously unseen meaning representation. However these works
assume the agent has access to a known and constrained source of information
about the task. Either a direct access to its performances [Branavan 2011], to a
reward from a teacher [Doshi 2008], or to a tuple (text instruction sentence, state,
action sequence) where the instruction describes at a higher level the observed action
sequence [Kim 2012].
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Modeling parts of the user behavior allows an interactive learning agent to adapt
to a variety of teaching behaviors. The work presented in this thesis follows along
the same lines. We learn mapping between the user’s teaching signals and their
meanings. But contrary to the works presented above, we simultaneously estimate
the desired task, and do not have access to a measure of our performance on the
task or to other known sources of information. It allows a user to teach a machine
a new task using signals unspecified in advance. As a consequence, if speech is
the modality of interaction, our system should handle different languages or even
interjections or hand clapping.

2.1.4 Active learners and teachers

Finally another crucial aspect for an efficient interaction is to have both a learner
and a teacher seeking to maximize the learning of the learner. We usually call these
types of agent active learners and active teachers. An active learner will seek for
situation in which it feels uncertain about what to do, and ask the teacher for more
information about that situation. An active teacher will try to provide the most
useful demonstrations or instructions to the learning agent. Ideally an active teacher
considers the learning capabilities of the learner to adapt its teaching behavior.

Active learners The interested reader can refer to [Lopes 2014] for a review of
active learning for autonomous intelligent agent. In the following paragraphs, we
only focus on active learning agents in social interactive learning conditions. The
notion of uncertainty is often used in active learning algorithm. Uncertainty refers
to situation where the agent does not know how to behave in order to fulfill the
task. By collecting more information about that situation, the agent should reduce
uncertainty and increase its performance on the task.

A number of previously presented works already includes an active component
to their agents. For example, in [Lopes 2011], the agent is more efficient at learning
both the task and the meaning of new signals when seeking for uncertain state-action
pairs. In [Judah 2012|, the authors consider active imitation learning. Instead of
passively collecting demonstrations from the user, the learning agent queries the
expert about the desired action at specific states.

In [Chernova 2009], the authors propose to balance autonomy and demonstration
request using a confidence estimate, measured by the uncertainty of the classifier.
The robot asks for demonstration only in states it is unsure about what to do.
Otherwise the robot acts autonomously but can still be corrected by the user at
any time. A problem with this approach is that the information on the dynamics
of the environment is not taken into account when learning the policy. To address
this issue, Melo et al. [Melo 2010| includes the information of the environment
dynamics. They use the method proposed by Montesano et al. [Montesano 2012]
to make queries where there is lower confidence of the estimated policy.



28 Chapter 2. Related Work

Active learning has been considered inside the inverse reinforcement learning
framework [Lopes 2009b]. Once a set of demonstration has been observed, it is
possible to compute the posterior distribution of reward that explains the teacher
behavior. By taking a query by committee approach, the agent can disambiguate
among probable reward functions by asking the teacher the correct action in an
uncertain state. An interesting extension of this work is to query the correct ac-
tion for states whose expected uncertainty reduction of the global uncertainty is
maximal [Cohn 2010, Cohn 2011], instead of considering only the local uncertainty
[Lopes 2009b]|. Also, instead of asking the optimal action for a given state (action
queries), the learner could directly ask about the reward value at a given location
(reward queries) [Regan 2011|. Finally, reward queries and action queries can also
be combined [Melo 2013].

Active teachers An active teacher tries to provide demonstrations or instructions
that will make the learning process more efficient for the learning agent.

In [Cakmak 2012a], the authors study how a teacher can optimally provide
demonstrations for a sequential problem. Concretely, the teacher should find the
smallest sequence of examples that allow the learner to identify the task. Their
optimal teaching algorithm allows a much faster convergence in all four presented
tasks. Similarly in [Torrey 2013], the teacher has a limited number of advises to give
and the authors study how to best use these advises to improve the learning gain of
the learning agent. They showed that advices could have greater impact when they
are spent on important states, or to correct agent’s mistakes.

Active teaching finds applications in several domains, especially in the educa-
tional one, where giving individual advises for each student given their individual
proficiency may improve the collective learning gain of a clagssroom. For example, in
[Clement 2014] the authors present an intelligent tutoring systems which “adaptively
personalizes sequences of learning activities to maximize skills acquired by each stu-
dent”. They take into account constraints about the limited time and motivation
resources of each student. Their approach seeks at optimizing the learning gain of
students, by selecting the exercises that should make the student progress best.

In chapter 5 we will present an active version of our algorithm. As for other works,
our active learner will seek at reducing uncertainty by reaching states of maximal
uncertainty. However, our uncertainty measure differs from previous works in that
both the task and the signal to meaning mapping is unknown at start. There-
fore there is uncertainty both at the task and at the signal level, which required
developing a new uncertainty measure specific to our problem.

2.1.5 Discussion

In this section we discovered a number of works dealing with the human teacher
inside an interaction loop. We have seen that information coming from a human
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teacher cannot always be considered as optimal or following simple mathematical
rules. Moreover as each user is different, current research are advancing toward
modeling the user teaching behavior during the interaction. Yet to model some
aspects of the user, the robot is assumed to have access to an explicit known source
of information about either the task or the meaning of some signals.

In this thesis, we want to learn from unlabeled interaction frames. It means that
the robot will not know the meaning of the signal it receives, neither the particular
task it should achieve. However the robot is already equipped with a theoretical
model of the human teacher, and is able to deduce the meaning the user should send
given a specific context (state-action pair) and a specific task. Moreover the user is
assumed to be consistent, i.e. a user behavioral model is provided to the robot.

Our two latter assumptions are conflicting with the observations about the be-
havior of human teachers presented in this section. To account for variability be-
tween users, we will simply introduce a noise parameter in our models. In chapter 7,
we soften the assumption that the robot is equipped with a theoretical model of the
human teaching behavior.

Finally we will consider an active learning agent and present in chapter 5 a new
uncertainty measure that takes into account both the uncertainty about the task
and the uncertainty about the signal to meaning mapping.

2.2 Language Acquisition

While this is not the main target of this thesis, this work is also relevant with regards
to the computational modeling of language acquisition. The general question of how
certain sub-symbolic communication signals can be associated to their meanings
through interaction has been largely studied in the literature. But the specific
question of how teaching signals (e.g. speech words) can be mapped to teaching
meanings, and how they can be used for learning new tasks, has, to our knowledge,
not been computationally modeled.

The literature on the computational modeling of language acquisition by ma-
chines and robots is large and diverse, and focused on many aspects of lan-
guage learning [Steels 2012a, Steels 2002, Cangelosi 2010, Kaplan 2008, Steels 2003,
Brent 1997, Yu 2007]. An important line of work investigated the Gavagai prob-
lem [Quine 1964], i.e. the problem of how to guess the meaning of a new word
when many hypothesis can be formed (out of a pointing gesture for example)
and it is not possible to read the mind of the language teacher. Various ap-
proaches were used, such as constructivist and discriminative approaches based
on social alignment [Steels 2007, Steels 2008a], pure statistical approaches through
cross-situational learning [Xu 2007, Smith 2008] or more constrained statistical ap-
proaches [Roy 2005, Yu 2007]. In all these existing models, meanings were ex-
pressed in terms of perceptual categories (e.g. in terms of shape, color, po-
sition, ...) [Steels 2007, Steels 2008a, Yu 2007], or in terms of motor actions
[Steels 2008b, Massera 2010, Sugita 2005]. This applies to models implemented in
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robots, such as in [Heckmann 2009], where the robot ASIMO is taught to associate
new spoken signals to visual object properties, both in noisy conditions and without
the need for bootstrapping.

2.2.1 Language games

The work of Steels and colleagues [Steels 2012a, Steels 2002]| have extensively
shown the importance of language games, instantiating various families of pre-
programmed interaction frames specifically designed to allow robots to learn speech
sounds [De Boer 2000, Oudeyer 2006], lexicons [Steels 2002] or grammatical struc-
tures [Steels 2007, Steels 2008a]. Other works used similar interaction protocols
to allow a structured interaction between humans and robots so that new ele-
ments of language could be identified and learnt by the robot learner [Roy 2002,
Lyon 2012, Cangelosi 2006, Yu 2004, Cangelosi 2010, Sugita 2005, Dominey 2005,
Cederborg 2011]. In particular, it was shown that these interaction protocols fos-
tered efficient language learning by implementing joint attention and joint inten-
tional understanding between the robot and the human [Kaplan 2006, Yu 2005,
Yu 2007], for example leveraging the synchronies and contingencies between the
speech and the action flow [Rohlfing 2006, Schillingmann 2011].

Most of the existing models study communicative signals whose meanings were
expressed in terms of proper names, color and shape terms, motor actions, or body
postures. Only very few models so far have explored how other categories of word
meanings could be learned. Cederborg et al. presented a model where word mean-
ings expressed the cognitive operation of attentional focus [Cederborg 2011]|. Some
models of grammar acquisition dealt with the acquisition of grammatical mark-
ers which meaning operates on the disambiguation of other words in a sentence
[Steels 2012¢|. Spranger et al. studied how a spatial vocabulary and the concepts
expressed by it can emerge in a population of embodied agents from scratch. They
considered the emergence of various spatial language systems, such as projective,
absolute and proximal [Spranger 2012b, Spranger 2013|, of spatial relations, such
as landmarks [Sprangler 2013], and of basic spatial categories such as left-right,
front-back, far-near or north-south [Spranger 2012a|. Finally, the Lingodroid project
[Schulz 2010] used robotic rats (called iRats) as embodied agent to study the emer-
gence of geopersonal spatial language and language for time event (such as day-night
cycle) in a population of robots. iRats were equipped with shared attention mech-
anism, they could measure the light level and they were able to build their own
map of the environment. Pairs of robots could play a meet-at and meet-when game.
By repetitively playing the game, the robots population agreed on specific terms
for spatial communication and time of the day, such as the concept of morning
or afternoon [Schulz 2011, Heath 2012]. These concepts of morning and afternoon
were changing with the season according to the lightning cycle and allowed robot
to synchronize their behavior based on relative cyclic time rather than an absolute
notion of time or a calendar.

Language games usually consider a direct relation between the communicative
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signals and the environment. For example, the agents learn to associate names
to objects, colors, spatial relations, or time events. The problem considered in
this thesis will consider more abstract relation between the communicative signals
and their meaning, such as whether the past action of one agent was “correct” or
“incorrect” with respect to a global objective. Or if the agent should have move
“left” or “right” to get closer to the goal. While there is no specific limitation from
our work to handle typical language game scenarios, most of the methods presented
above have not been applied to the more abstract relation considered in this thesis.
Finally most of the works presented so far consider a rather rigid interaction protocol
between agents, where the communication goal is often defined before hand. For
example, when playing a meet-at or a meet-when game, the iRat robots are aware
that the communicative signals respectively refer to a location on the map or to a
time event as measured by their light sensors.

In the next subsection, we highlight the work of Cederborg et al.
[Cederborg 2011] that, to our knowledge, is the closest work in language acquisition
considering a setup similar to the problem of learning from unlabeled interaction
frames.

2.2.2 Work of Thomas Cederborg et al.

In this subsection, we present the work of Thomas Cederborg as published in
[Cederborg 2011, Cederborg 2013] and in the chapter 6 of his thesis manuscript
[Cederborg 2014a]. This work has been categorized in the language acquisition field
by the authors but it has wider application especially in human-machine interaction.
As we will discuss in the following paragraphs, this work is strongly related with our
problem of learning from unlabeled interaction frames and the solution proposed to
their problem is closely linked with the algorithm proposed in this thesis.

In [Cederborg 2011], Cederborg et al. “show that it is possible to simultaneously
learn never before encountered communicative signs and never before encountered
movements, without using labeled data, and at the same time learn new compo-
sitional associations between movements and signs”. They present an experiment
where a robot learns to produce appropriate gestures in response to the communica-
tive signals of one human, called an interactant. To do so, the robot can observe
another human, called the demonstrator, which already knows how to interpret the
interactant signals and produce the corresponding gestures. The interactant always
provides two consecutive symbolic signals, one is associated to a type of gesture
(e.g. drawing a triangle or a circle) and the other is associated to a drawing ref-
erential (e.g. red, blue or green object). The demonstrator, which knows how to
interpret the interactant symbols, can then demonstrate the appropriate task, for
example drawing a circle around the blue object. The robot observes both the in-
teractant signals and the demonstrator trajectories and learns both the meaning of
the communicative signals of the interactant and how to respond to them.

This setup is closely related with our problem of learning from unlabeled inter-
action frames as both the task and the signal to meaning mapping are unknown
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at start. A number of differences can be listed: a) the robot is not active in the
learning process and passively observes the interactant and the demonstrator, b) the
robot has access to full demonstrations of the task, and c¢) the association between
the task and the signals is direct, whereas in the scenario considered in this thesis
the meaning of the signals are more abstract and for example refer to whether the
action was “correct” or “incorrect” with respect to the aimed task. However their
setup requires to learn the meaning of two symbolic communicative channels (type
of gesture or drawing referential), as well as the particular signal to meaning map-
ping within each channel (triangle/circle and red/blue/green). The problems we
tackle in this thesis only consider one channel of communication. In addition their
agent can learn the gestures and generalize reproduction in other coordinate systems
given previously unseen combination of interactant signals. In this thesis, we will
also demonstrate how our agent can reuse their knowledge about the interactant
signals to learn new tasks faster.

But the most interesting aspect of their work lies in the introduction of inter-
pretation hypothesis. Even if not explicitly named that way in their early work
[Cederborg 2011], the terms of interpretation hypothesis was central to the thesis of
Thomas Cederborg [Cederborg 2014a| and it is also a central concept in the present
thesis. An interpretation hypothesis is the fact of systematically interpreting or
evaluating the observed data with respect to a set of hypotheses. In their work
the hypothesis set corresponds to the referential of the demonstrated trajectories,
unknown at start but known to belong to a finite set of possible referential (e.g.
there is only three objects). By making the hypothesis that each trajectory refer to
each of the referential (see Figure 5 of [Cederborg 2011]), they can find out which
gesture belong to which referential and which trajectories are of the same type (see
Figure 6 of [Cederborg 2011]). Similar ideas are pushed forward in this thesis, how-
ever we note that in the work of Cederborg et al. the agent was first grouping the
trajectories per type and only then was able to identify the meaning of the commu-
nicative signals of the interactant. In our work, the process of learning the task is
not differentiable from the process of learning the signal to meaning mapping.

We will summarize the similarities and differences between the work presented
in this thesis and several works presented in this chapter in section 2.6.

2.2.3 Semiotic experiments

In this subsection, we briefly introduce the field of experimental semiotics, and
briefly introduce our experimental scenario that study how human can deal with
the problem of learning from unlabeled interaction frames. More details will be
provided in chapter 3.

The ability to learn from unlabeled interaction frames might seem to be an
artificial and unrealistic scenario made up for practical purposes in human-machine
interaction. Yet, this capability is crucial in infant social development and learning,
as well as in adult mutual adaptation of social cues. This has been the subject of
experiments in experimental semiotics [Galantucci 2009].
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The field of experimental semiotics studies the emergence and evolution of com-
munication systems [Galantucci 2009]. Instead of computer simulations as presented
in previous subsections [Cangelosi 2002, Steels 2012b], controlled experiments in lab-
oratory settings are designed to observe communication between human participants
who perform joint tasks. For instance, Galantucci et al. showed that pairs of par-
ticipants performing a joint task could coordinate their behaviors by agreeing on a
symbol system [Galantucci 2005].

Most experimental semiotics studies developed to study joint action involve
symmetric communication (cf. [Galantucci 2011]), where both participants are
able to send and receive communicative signals. In this thesis, we study asym-
metric communication where only one of the two partners can send signals. To
our knowledge two semiotic studies have considered asymmetric communication
[De Ruiter 2010, Griffiths 2012].

The work conducted by Griffiths et al. [Griffiths 2012] is more directly related to
our problem of learning from unlabeled interaction frames. They explore a human-to-
human interaction in a categorization task where instructions can only be provided
via six unlabeled symbols (thus the meaning of teaching signals are unknown to
the learner). The learner has however access to some environmental reward on
its performance on the task. This study shows that tutors seem to spontaneously
use three main types of instruction in order to help the learner: positive feedback,
negative feedback, and concrete instructions (e.g. name of next optimal action).

In chapter 3, we will present our experiment setup which is a variant of the work
of Griffiths et al., where teaching signals are unknown at start, sub-symbolic and not
from a pre-determined set. However in our experimental scenario it is impossible for
the learner to perform the task without understanding the communicative acts of
the teacher. By removing access to an environmental reward to the participants, the
learner is no more able to improve its understanding of the task independently of
the understanding of the teaching signals; which makes our experiment more suited
to study how humans deal with the problem of learning from unlabeled interaction
frames. Astonishingly, even with such unconstrained interaction, we will see that
most participants agreed on a communication system and succeeded in solving the
task.

2.3 Multi-agent interaction without pre-coordination

As robots are moving into the real world, they will increasingly need to group to-
gether for cooperative activities with previously unknown teammates. In such ad
hoc team settings, team strategies cannot be developed a priori. Rather, each robot
must be prepared to cooperate with many types of teammates, which may not
share the same capabilities or communicative means. This challenge of multi-agent
interaction without pre-coordination (MIPC), also called the pickup team chal-
lenge |Gil Jones 2006] or the ad-hoc team challenge [Stone 2010al, states that agents
should learn to collaborate without defining pre-coordination schemes and/or with-
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out knowing what the other agents will be capable of [Bowling 2005, Gil Jones 2006,
Stone 2010a]. The ad-hoc team challenge is specific to scenarios where one agent
is removed from a working and synchronized team, and replaced by a new agent,
called the ad-hoc agent, which never interacted with the team before [Stone 2010a].

A prototypical example is the one of a street soccer team. Such team is composed
of players coming from different areas of a city, with different soccer skills, different
preferences in terms of placement on the field, and even different ways of commu-
nicating game strategies. Yet such teams are quickly formed and functional in a
matter of minutes. MIPC aims at creating agents solving similar problems. Among
others, researchers in the field have considered soccer teams scenarios|Bowling 2005],
treasure hunting tasks |Gil Jones 2006, bandit problems [Barrett 2013a], and the
pursuit domain [Barrett 2011b)].

This area of research is still in its early stages and the full challenge of MIPC
is difficult to tackle directly. Researchers have started investigated only certain
aspects of the larger problem by making suitable assumptions. The most com-
mon assumption is that all agents on the field share a common objective, i.e.
that all agents are partners towards achieving the same task [Barrett 2011b]. In
[Bowling 2005, Gil Jones 2006] all agents follow complex pre-specified plans where
each agent can be attributed a role to which is associated synchronized action se-
quences. In [Stone 2010b, Stone 2013], the ad-hoc agent knows the behaviors of the
other agents and are assumed to be fixed (i.e. other agents do not learn).

There are different roles an ad-hoc agent can play in the team:

e A first scenario is when the new agent knows the environment and the task
to achieve. In this case, the ad-hoc agent must influence the other agents to
achieve the correct task. For example, in [Stone 2010b, Stone 2013|, an ad-
hoc agent should influence other agents’ behaviors such that the team gets
more payoffs or to guide the other agents towards specific states. This ad-hoc
agent cannot communicate directly with the other agents. However the other
agents’ behaviors are known and are influenced by the ad-hoc agent actions.
The problem is therefore to find the correct sequence of actions that may lead
the other agents towards the correct states, resulting in a higher performance
on the task.

e A second scenario considers that all agents share the same goal, but the new
ad-hoc agent does not know a priori the behaviors of its partners. To help
solving the task, the ad-hoc agent should learn other agents’ behaviors and
selects its actions accordingly [Barrett 2011a, Barrett 2011b, Barrett 2013b].
For example, in [Barrett 2011b] the ad-hoc agent should help its teammates
catch a prey and is more efficient when trying to understand the behavior of
the other agents. Often to make this problem feasible, it is assumed that the
other agents sample their latent policy (or type) from a finite set. The ad-hoc
agent then only has to learn to match each agent with its true model. In
[Albrecht 2014], the authors analyzed convergence properties of this kind of



2.4. Unsupervised learning 35

scenario. But sometimes, the other agents are totally unknown to the ad-hoc
agent. For example, in [Barrett 2011b| the ad-hoc agent models online and
from scratch the behavior of its teammates. Even for cases when students,
on which the authors had no control, have designed the other agents, the
algorithm of the authors was able to perform even better than the initial
student teams.

Finally, it is only recently that explicit, but initially unknown, communication
between agents has been considered. Samuel Barrett et al. introduced an abstract
arm bandit domain with communication [Barrett 2013a]. This work is, to our knowl-
edge, the first work in MIPC considering communication between agents and where
the ad-hoc agent initially does not know how the other agents interpret its mes-
sages. However this problem differs from the challenge of learning from unlabeled
interaction frames as the task the agent should optimize could be inferred without
the use of communication through environmental reward only, and communication
only intends to speed up the learning process.

Some aspects of MIPC are closely related to our problem of learning from unlabeled
interaction frames, such as the challenge of communication between teammates.
Considering robots can come from different factories in different countries, they
might not use the same protocols of interaction and adapting to such protocols is
a central future challenge of MIPC. Yet, the communication aspect has been only
little investigated [Barrett 2013a], and we believe the work presented in this thesis
can bring interesting perspectives to the MIPC challenge. Especially it can be in-
teresting to investigate domains where communication between agents is mandatory
to succeed in the task, but where communication protocols between teammates are
a priori unknown.

2.4 Unsupervised learning

Unsupervised learning is the problem of finding hidden structures in unlabeled data.
It mostly applies in clustering tasks where a dataset is divided into subgroups of
data sharing similar characteristics, such as a close proximity in the feature space.
In the following, we present two unsupervised learning problems that share some
similarities with our problem of learning from unlabeled interaction frames.

Unsupervised multimodal learning In unsupervised multimodal learning, the
system has access to synchronized raw information from multiple modalities. A
particular instance of multimodal learning is the acquisition of language where the
learner has to link perception of an object to the sound of its name, or of a sound to
a gesture such as in [Mangin 2013]. The learner receives continuously a visual and
an audio stream and should learn to associate parts of the visual information with
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their associated audio stimulus. But the visual and audio information are already
synchronized such that the relevant information from the visual stream is perceived
simultaneously with its associated audio stimuli.

In a robotic application, Yasser Mohammad et al. used multimodal learning
to segment and associate gesture commands from a user to actions of a robot
[Mohammad 2009b]. The gestures and actions were observed from a continuous
stream extracted from a Wizard of Oz experiment (where the robot is secretly con-
trolled by a human). They relied on a motif discovery algorithm to identify recurrent
and co-occurrent patterns in the gesture and action flow [Mohammad 2009a]. In
[Mohammad 2010] the same authors extended their approach to allow their system
to derive controllers for the robot and not just find recurrent patterns, as well as a
methods to accumulate the acquired knowledge for long-term operation.

However, while being unsupervised, the stream of data where synchronized and
collected using a Wizard of Oz setup, meaning that the association between the
gestures and the robot’s actions was provided. And importantly, the relation be-
tween the gesture commands from the user and the actions of the robot was direct.
Contrary to our problem of learning form unlabeled interaction frame, there is no
intermediate steps of analysis required to infer the meaning of the human gestures.

Simultaneous localization and mapping Simultaneous localization and map-
ping (SLAM) [Smith 1990, Dissanayake 2001] is the problem of constructing a map
of an unknown environment while simultaneously keeping track of the robot’s loca-
tion in that environment.

SLAM seems to include a chicken and egg problem. To build the map, the robot
needs to know its location on the map such as to be able to include its current
measurements to the map. And to know its location on the map, the robot needs
to know the map such as to infer its position from its measurements. In practice,
the answers to the two questions cannot be delivered independently of each other.

However the robot knows that the data received from its sensors refers, for
example, to noisy information about distances to obstacles. The robot also often
knows the qualities of its sensors and motors, and roughly how it’s actions influence
its position. For example, by measuring changes in wheels rotary encoders, the robot
can approximate its position shift after small control commands. Accessing to an
approximation on its position shift, the robot can now update the map given its new
sensory information. Using only this source of information is limiting, especially
because every error accumulates over time. There are several others sources of
information the robot can rely on. For example, the environment is often assumed
to be fixed. Hence the robot can track its relative position to some landmarks, and
incrementally update its position on the map while detecting some other landmarks
and incrementally building the map.

Unsupervised learning also deals with unlabeled data. But contrary to our problem,
unsupervised learning only identifies direct relations between observations. In our
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problem of learning from unlabeled interaction frames the system must also identify
a task, unknown at start, from the incoming unlabeled data. This makes the rela-
tion between observations non direct. Indeed, the association between the different
observations requires an additional abstract piece of knowledge, i.e. the task, that
is yet unknown at the beginning of the interaction.

2.5 Brain computer interfaces

EEG-based brain-computer interfaces (BCls) have been used successfully to control
different devices, such as robotic arms and simulated agents, using self-generated
(e.g. motor imagery) and event-related potentials signals (see [Millan 2010] for
a review). Error-related potentials (ErrPs) are one kind of event-related poten-
tial (ERP) appearing when the user’s expectation diverges from the actual out-
come |Falkenstein 2000, Chavarriaga 2014|. Recently, they have been used as feed-
back instructions for devices to solve a user’s intended task [Chavarriaga 2010,
Iturrate 2013a).

As in most BCI applications, ERP-based BCI requires a calibration phase to
learn a decoder (e.g. a classifier) that translates raw EEG signals from the brain of
each user into meaningful instructions. This calibration is required due to specific
characteristics of the EEG signals: non-stationary nature [Vidaurre 2011], large
intra- and inter-subject variability [Polich 1997|, and variations induced by the task
[Tturrate 2013b]. The presence of an explicit calibration phase, whose length and
frequency is hard to tune and is often tedious and impractical for users, hinders the
deployments of BCI applications out of the lab.

Thus, calibration free methods are an important step to apply this technology in
real applications [Millan 2010]. We note that the problem of learning from unlabeled
interaction frames, which is central to this thesis, is the same problem as removing
the calibration procedure for interactive systems, of which BCI is a good example.
Despite the importance of calibration-free BCI, there are only few BCI applications
that are able to calibrate themselves during operation.

Several works considered online adaption of classifiers. In [Vidaurre 2010] the
authors show that it is possible to adapt the decoder online for long-term opera-
tion using sensory-motor rhythms. Similarly for BCI based on event-related poten-
tials or steady-state evoked potential (SSEP) many works have studied how to con-
tinuously adapt the brain decoder [Fazli 2009, Lu 2009, Fazli 2011, Congedo 2013,
Schettini 2014].

However, while the above methods allow a more flexible and online adapta-
tion to each user, they are not strictly calibration-free methods. They require a
relatively smart prior on the decoder of brain signals beforehand. Such prior is usu-
ally extracted from intersubject information [Fazli 2009, Lu 2009, Vidaurre 2010].
We identified two other works that start the adaptation process from a randomly
seeded classifier. While still requiring a prior on the classifier these methods have
been shown to be robust to a large range of initialization.
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In invasive BCI, Orsborn et al. proposed a method to learn from scratch
and in closed loop a decoder for known targets using pre-defined policies to
each target [Orsborn 2012]. However, their method requires a warm-up pe-
riod of around 15 minutes. Using non-invasive technologies (EEG based), to
our knowledge only one group of researchers achieved calibration-free interaction
|[Kindermans 2012a, Kindermans 2014a|. We detail their work in the following sub-
section.

2.5.1 Work of Pieter-Jan Kindermans et al.

Kindermans et al. considers the problem of P300 spellers. A P300 signal is an
event-related potential elicited in the process of decision making [Polich 2003]. It
is evoked by the reaction to a visual or auditory stimulus, and it is linked with the
process of evaluation or categorization of stimulus by our brain.

A P300 speller exploits the properties of P300 ERPs to build a communication
tool allowing users to input texts or commands to a computer by thought. The
speller interface consists of letters arranged in rows and columns (see Figure 2.1).
The user is asked to focus his sight on the letter he wants to write. Then the rows
and columns of the matrix are successively and randomly highlighted. By detecting
the P300 signals in the users brain activity, it is possible to decode which row and
column are associated to the letter the user wants to write. As each rows an columns
are flashed the same number of times, the P300 stimulus has a frequency of % (where
N is the number of rows or columns of the matrix).

Figure 2.1: A speller interface with the third row highlighted.

Kindermans et al. proposed a method to auto-calibrate the decoder of
P300 signals by exploiting multiple source of information [Kindermans 2012b,
Kindermans 2014b]. As for most of the work presented above, they consider transfer
learning where a model of previous subjects is used to “regularizes the subject-specific
solution towards the general model”. As it is a spelling task, they also make use of
language models as a prior probability on the possible next letter. They also include
a dynamic stopping criterion that is a measure of confidence on the next letter al-
lowing the system to stop when it reaches a confidence threshold. Finally, and of
more interest for us, they make use of unsupervised learning using an EM algorithm
to update the classifier as new data comes in. They exploit the particular fact that
among the multiple stimulations only one event out of six encodes a P300 potential
in the speller paradigm.
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While still requiring to bootstrap the system with several random classi-
fiers as well as a warm-up period, Kindermans et al. have shown their un-
supervised learning method coupled with specific properties of the task allows
to start interacting with a speller without the need for calibration procedure
|[Kindermans 2012a, Kindermans 2014a]. This achievement correspond to solving
the problem of learning from unlabeled interaction frame and is therefore of high
interest for our work. We now explain what specific information was used to solve
this problem and identify it as being of a very specific nature, which differs from all
other approaches.

As detailed earlier, the P300 speller problem offers some guarantee on the repar-
tition of “correct” and “incorrect” P300 events. Only one row and one column should
elicit a P300 response. In the case of a 6 rows speller, if each row are systematically
scanned the same number of time, only one signal out of 6 will encode a positive
P300 signal. And even more informative is the fact that, even if the wrong letter is
identified in the end, at least 4 labels out of 6 will be correctly assigned. Indeed, if
the wrong letter is identified, two labels will be swapped, resulting in two association
errors, but still four “incorrect” labels will be correctly assigned. Obviously, if the
correct letter is identified, the “correct” label will be correctly assigned, as well as
the five “incorrect” labels. In the end, this is quite a lot of information that can
offer good guarantees for their EM algorithm to identify properly the “incorrect”
signal cluster; leaving the second cluster for the “correct” signals. As more data are
collected, the EM algorithm will be better at identifying the underlying structure
of the data and will be able to identify the cluster of “correct” signals from the one
of “incorrect” signals given the constraints detailed above. As the process contin-
ues, identifying further letter is made easier, and importantly, by going back in the
history of interaction, the system can correct letters that were wrongly identified.

As we will discover in next chapters, our method does not require having access
to such constraints and guarantees about the task, which makes our work easily
generalizable to many types of problems. However, the work of Kindermans et
al. already exploits information of a very specific nature to solve the problem of
learning form unlabeled interaction frames. Contrary to all the other approaches,
their information source does not provide a direct knowledge about the task (as
a language models do), neither about how to decode the signals themselves (as
transfer learning methods do). It rather provides information emerging for the joint
combination of a task and of a signal decoder. That is, that for the correct task
(i.e. the correct letter), only one signal should be classified as “correct” and all the
others as “incorrect”.

This type of information, that acts neither on the task, neither on the signal decoder,
but rather on the combination of both is at the core of the work we will present in
forthcoming chapters. As we have seen in section 2.2.2, Cederborg et al. also make
us of a similar source of information but reasoning about the consistency of some
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gestures with respect to different geographical references, e.g. object positions. We
will summarize those works in next section 2.6 and highlight the differences and
improvements of our method.

2.6 Discussion

We reviewed an extensive number of related works ranging from the computational
modeling of language to more practical brain computer interaction problems. While
releasing some important assumptions on the interaction, in most of those works
the communicative signals had a direct relation to one element of the environment
or to the task itself, such as being the name of a color, a shape, or a gesture type.
In our work the signal to meaning relation will be more abstract such as whether
an action was “correct” or “incorrect” with respect to an objective. Also, in most
of these existing works the interaction between partners was pre-programmed and
most of the time the robot knew how to use or understand communicative signals
innately, e.g. how the teacher expresses “correct” or “incorrect” feedback.

We note that in this thesis we will assume teachers are optimal and simply
model some percentage of teaching mistakes to account for the variability between
users. This might not be an accurate assumption given the work presented in the
beginning of this chapter about human teaching behaviors. However our method
is not restricted to the use of optimal teacher models, the only requirement is to
have access to model of the human teaching behavior, which may include systematic
errors or bias.

The work we present in this thesis shows mechanisms allowing a learner to
simultaneously learn a new task and acquire the meaning associated to feedback
and guidance signals in the context of social interaction. Furthermore, we show
mechanisms allowing the learner to leverage learned signals’ meanings to acquire
novel tasks faster from a human. To our knowledge, only two works are tackling the
same problem as the one presented in this thesis. And surprisingly, those two works
lies in the computational modeling of language acquisition (work of Cederborg et al.
in section 2.2.2) and in the BCI domain (work of Kindermans et al. in section 2.5.1).

Especially, it is in the BCI domain that the idea of adaptive interface seems to be
highly developed, with many methods to continuously adapt a brain decoder during
operation. This may be explained by the specific nature of brain signals, which
are not a natural way for humans to interact with machines. Therefore humans
do not share common abilities in their generation and use of brain signals, and at
design time we cannot use our daily intuition for creating universal decoders of brain
signals. This differs from work on speech or facial expression recognition where many
a priori knowledge can be included into the system. This kind of consideration may
explain why the problem of adaptive interfaces and our specific problem of learning
form unlabeled interaction frame has only been considered recently in human-robot
interaction scenarios.

In the following of this discussion we summarize the main similarities and dif-
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ferences between our work and the work of Cederborg et al. and of Kindermans et
al. as respectively discussed in section 2.2.2 and section 2.5.1. For the interested
readers, this discussion section may be worth reading again once the reader has been
through the remaining of this thesis, especially through chapter 4.

We can list a number of differences between the work presented in this thesis
and the related work presented in this chapter:

e First, we explicitly define and provide some solutions to the problem of learn-
ing from unlabeled interaction frames. This problem is still relatively new in
the domain of human-machine interaction. It represents a new step towards
creating machines able to flexibly adapt to each particular users by learning
the way such users communicate specific meanings to the machine.

e Compared to the work of Cederborg et al. [Cederborg 2011], our robot is al-
ready equipped with sufficient skills to perform the task, i.e. if it knew the goal
it could fulfill it by its own mean. In most of our experiment, the robot further
knows that the task belong to a limited set of task. In [Cederborg 2011], less
constraints are applied on the task space, the robot only knows it will have
to reproduce a continuous gesture of unknown type which is not restricted
to belong to a limited set. However, in their work, one communicative chan-
nel directly encodes the “name” of the gesture demonstrated; in our work the
relation between the teaching signals and the robot’s actions is indirect and
depend on the true unknown task.

e Compared to the work of Kindermans et al. [Kindermans 2012a,
Kindermans 2014b| our method does not require to bootstrap the system with
random classifiers, which are updated step by step but unreliable at start. Our
method rather identifies the classifier from scratch. This difference is mainly
due to the experimental setup used in our respective work. For example, in
the P300 speller of Kindermans et al. a new letter must be identified every 15
flashes. Logically the system requires a warm up period that produces a high
number of spelling errors in the beginning of each experiment. Such errors are
however detected and corrected later on, after the so called “eureka” moment
[Kindermans 2012a|, when their EM algorithm had access to enough data to
identify the positive and negative clusters. To the contrary, by applying our
method to the speller paradigm, the system would only pick a letter once it is
confident that the letter is the correct one; therefore reducing dramatically the
number of spelling errors but with a longer “blank sheet” period for the user
in the beginning. However the computational cost of our method increases
with the number of possible tasks (e.g. the number of rows and columns of
the speller), which is not the case for the work of Kindermans et al..

e Another difference between our work and the work of Kindermans et al. lies
in the properties that their world should hold in order to ensure a proper
functioning of their algorithm. In the work of Kindermans et al., the world
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should guarantee a specific ratio of “correct” and “incorrect” signals in the
received signals. This ratio could be in favor of either one or the other label
but is mandatory to be asymmetric, with more signals from one class than
from the other. Indeed, their EM algorithm alone can identify two clusters
in the feature space of the signal, but cannot attribute labels to each cluster
without having access to additional information (the ratio of positive and
negative P300 signals in their case). Our method is more generic and can be
applied to a majority of sequential problems, even when it is impossible to
define a sequence of actions that guarantee a specific ratio of meanings in the
received signals.

Compared to both Cederborg et al. and Kindermans et al. our approach is
more generic and can be applied directly to a variety of sequential problems
which are common in the human-robot and human-computer interaction do-
mains. In particular we highlight the chicken and egg problem inherent to
interacting with machine, and define the general challenge of learning from
unlabeled interaction frames. However, we note that this thesis focus on a
very specific problem and more broad considerations are highlighted in the
thesis of Thomas Cederborg [Cederborg 2014al.

We consider sequential tasks, which are tasks requiring the agent to perform
a series of correct actions in order to fulfill the task correctly. Therefore
there is a planning aspect involved which was not present in the work of
Cederborg et al. where the robot passively observed interactant-demonstrator
interactions, neither in the work of Kindermans et al. where the row and
column flashes patterns were determined in advance. We note that the problem
of P300 spellers used by Kindermans et al. could be represented as a sequential
problem, where flashing a particular row or column represents the agent’s
available actions. However, if the sequence of actions is no more pre-defined,
i.e. with the same number of flashes per row or column, the guarantees that
only one signal out of N encodes a positive ERPs would not be satisfied and
their algorithm would be more likely to converge to a wrong classifier.

Given the sequential nature of our problems, we consider active learning which
is the ability of our agent to actively selects its actions in order to improve its
performance. As stated previously, this planning aspect was not considered
in the work of Cederborg et al. and Kindermans et al.. We will show in
chapter 5 that planning when both the task and the signal to meaning mapping
is unknown requires to develop a new measure of uncertainty. Our measure
takes into account the uncertainty on both the task and the decoder; and is
an important contribution of our work.

We also provide a number of extensions in chapter 7 to our algorithm, such
as to cope for continuous state spaces and continuous task spaces. We further
release the assumption that the interaction frame (either feedback or guidance
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frame) is known in advance and assume it belongs to a pre-defined set of
possible interaction frames.

e Moreover, aside from many empirical demonstrations in both simulated and
real experiments, we also present in chapter 7.7 a simple mathematical proof
providing some guarantees on our method. To our knowledge, we provide the
first proof showing that a system is able to learn simultaneously a task from
human instructions as well as the signal to meaning mapping of the user’s
instruction signals.

e Finally in chapter 6, we will test our algorithm in a BCI application. Our
experiment differs from the one of Kindermans et al. [Kindermans 2012a,
Kindermans 2014a] because our task is a target reaching task where the agent
decides on its own which action to take next. This task is sequential, meaning
that several actions must be executed to reach the goal. In addition, we use a
different kind of error related potential signals to encode a “correct” or “incor-
rect” feedback for the agent. Our signal is of similar nature than the P300 sig-
nals used by Kindermans et al., i.e. they encode a binary event, however they
are slower to elicit and are known to be harder to detect [Chavarriaga 2014].

Despite the differences between our work and the work of Cederborg et al. and
Kindermans et al., there is similar fundamental properties of the problem that are
exploited by our respective works. Especially the notion of interpretation hypothesis
developed in Thomas Cederborg’s thesis and the use of an information source that
emerges only from a combination of constraints on the task and signal spaces.

In [Cederborg 2011|, Cederborg et al. reasoned about the consistency of
some gestures with respect to different geographical references, e.g. object po-
sition, knowing that the signals of the user could refer to only three possi-
ble coordinate systems and therefore relying on interpretation hypothesis. In
|[Kindermans 2012a, Kindermans 2014a|, Kindermans et al. reasoned about the ra-
tio of positive and negative P300 ERP signals that should be observed for the correct
letter. In our work, we propose to capture the coherence between the organization of
the teaching signals in their feature space and their associated labels. We make use
of interpretation hypothesis to create one set of signal-label pairs for each task. The
correct task hypothesis is the one from which a more coherent, consistent, signal to
meaning model emerges from the hypothetic labeling process. That way both the
task and the signal to meaning model can be identified. Hence the assumption of
coherence between the user behavior and our user model is a primordial prerequisite
for our algorithm to work. Interestingly, this measure is more general than the one
used by Kindermans et al. and does not require a specific ratio of “correct” and
“incorrect” signals to work.

As we will explore in the following chapters, this type of information, that acts
neither on the task, nor on the signal decoder, but rather emerges from the combi-
nation of constraints on both task and signal spaces are fundamental properties we
will exploit to solve the problem of learning from unlabeled interaction frames.
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Before presenting the core principles of our algorithm in chapter 4, we present in
next chapter (chapter 3) a semiotic experiment where two human partners must
handle a similar situation than our problem of learning from unlabeled interaction
frames.
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In previous chapters, we defined a new challenge of interaction without pre-
coordination for human-robot interaction scenario, which we called learning from
unlabeled interaction frames. But can human solve this problem in a human-human
interaction scenario?

In this chapter, we start by introducing the challenges related to such human-
human experimental studies and present some related works. Then, we present our
experimental setup that investigates how human negotiate a protocol of interac-
tion when they cannot rely on already shared one. We took inspiration from the
constraints inherent to human-robot interaction, such as restricted perception and
communication abilities. The task is a joint construction task in which participants
hold asymmetric roles, and can communicate only by pressing buttons of undefined

The work presented in this chapter has been published in [Vollmer 2014a]. It is the result of
a collaboration with Anna-Lisa Vollmer and Katharina J. Rohlfing. The experiments reported in
this chapter had been carried out during the internship of Chloé Rozenbaum.
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meanings. Our experimental results show that participants manage to successfully
interact and understand each other under such restricted interaction. They usually
rely on stereotyped situations to synchronize their communication and intended
meanings. We identified that some situations types are more recurrent and more
easily understood than others. Based on our observations, we take some lessons
that can be applied to human-robot interaction scenarios. Among them, we ob-
served that participants generated interpretation hypothesis of the communicative
signals and tested their hypothesis on next events. This will be the basis for the
development of following chapters.

3.1 Introduction

Studying the Co-Construction of Interaction Protocols
in Collaborative Tasks with Humans

We consider the overall goal of developing a robot system that should learn from
and interact with non-expert users. Without assuming that the robot understands
human feedback (i.e., without programming the information on how and when feed-
back is given into the system beforehand) how should the system understand what
the signals it perceives mean and what they are referring to (cf. Gavagai problem
[Quine 1964])?

In interaction, humans align and effortlessly, maybe even automatically, cre-
ate common ground in communication [Clark 1991, Pickering 2004]. For this, they
dispose of an immense amount of shared information. They make use of frames
established in the history of interaction. Frames create a common ground about the
purpose of the interaction [Tomasello 2009, Rohlfing 2013] and include “predictable,
recurrent interactive structures” ([Ninio 1996|, p. 171). Frames thus provide inter-
actants with guidelines about how to behave (a protocol for interaction) and also
help interactants to understand the communicative intentions of their interaction
partner. It further comprises basic behavioral patterns like roles, turns, timing,
and exchange mechanisms. We aim at investigating how these interaction protocols
emerge, because it would shed light on the basic mechanisms underlying interaction
and inform us about what are the main issues in building robots capable of a similar
interactional flexibility as the one humans possess. We are for instance interested
in what kind of strategies humans use to align and what kind of meanings of social
signals they converge to. Therefore we need to conduct research into how interaction
protocols are negotiated in human-human interaction, aiming for that the obtained
findings could be used as priors for a robotic system interacting with humans.

Unlike humans, who assume an immense amount of shared information, a robot
system cannot rely on already established protocols for interacting. This is because,
on the one hand, little is known about the universal interaction protocols humans
rely on in communication, and on the other hand, human-robot interaction (HRI) is
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still very different from human-human interaction, as it is clearly characterized by
asymmetry and restrictiveness in the sense that the human and the robot in general
do not have the same abilities, modalities, mechanisms, and body for communica-
tion, perception and action [Lohse 2010]. For example, a robot that does not have
arms cannot gesture, a robot without the respective algorithms or sensors does not
perceive gaze direction or understand speech commands, and without any knowledge
of internal computational mechanisms it is difficult to assess how a robot perceives
its interaction partner and his/her actions. It is thus important that robots are able
to negotiate meaning online with their interaction partners.

We designed an experimental setup with which we aim at investigating the pro-
cesses used by humans to negotiate a protocol of interaction, when they do not
already share one. In this chapter, we present and justify the method used and
mention the results obtained from a pilot study employing the setup.

Humans and robots view the world differently, so if we want to transfer our
results to human-robot interaction, we should not assume that in the interactions
we want to investigate, the partners see the world/interaction in the same way. To
investigate the process of negotiating an interaction protocol, we thus consider a
setup of a joint construction task in which participants assume asymmetric roles:
the role of a builder and the role of an architect. With building blocks, the builder
should assemble a target structure which is unknown to him/her but which the
architect knows. This collaborative construction task with a joint goal renders
the communication between participants indispensable and thus the game is not
solvable by either one of the participants alone, e.g. with mere exploration. Thus,
failing to complete the game successfully is equivalent to failing to communicate
successfully. Communication is not face-to-face but channels are restricted, so that
it is not possible for participants to communicate via familiar verbal or non-verbal
communication channels, as for example speech or gestures. At the same time, the
setup does not constrain all aspects of communication and thereby gives participants
much freedom with respect to some features, including timing and rhythm or possible
meanings (e.g. of button presses). The setup does not impose a predefined sequence
of interaction upon participants, as it is often done in HRI scenarios [Akgun 2012],
but still benefits from a laboratory setting in which we do not need to take the full
complexity of natural social interaction into account. With the aim to simulate the
sending of signals to an interaction partner who does not have the same perceptual
capabilities — similar as in an interaction with a robot — in our study the architect
does not know how exactly his/her signals are perceived by the builder. For the
successful completion of the thus highly challenging joint task of the game, both
participants have to learn how to interact with each other.

The main contribution of this chapter is the presentation of the novel experi-
mental method of our study. We would like to demonstrate that it allows to study
important questions for the understanding of human negotiation of interaction pro-
tocols in joint construction tasks and that these questions are very important for
HRIin the long-term. We first briefly discuss related work, then present our method,
the results of the pilot study, and conclude by highlighting the implications of our
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results for human-robot interaction.

3.2 Related work

To our knowledge, there exists little research in the field of linguistics or pragmat-
ics on this topic. To investigate this process of negotiation, we chose to design an
experimental semiotics study which enables us to modify communication in the de-
sired way, namely to restrict communication between participants who are assuming
asymmetric roles.

The field of experimental semiotics studies the emergence and evolution of com-
munication systems [Galantucci 2009]. Here, instead of computer simulations as
conducted by others (see |Cangelosi 2002, Steels 2012b]), controlled experiments in
laboratory settings are designed to observe communication between participants
who perform joint tasks. For instance, Galantucci et al. showed that pairs of par-
ticipants performing a joint task could coordinate their behavior by agreeing on a
symbol system |[Galantucci 2005].

Most experimental semiotics studies developed to study joint action involve sym-
metric communication (cf. [Galantucci 2011]). Two studies that do consider asym-
metric communication are the studies conducted by de Ruiter et al. [De Ruiter 2010]
and Griffiths et al. |Griffiths 2012].

In their score- and round-based Tacit Communication Game, de Ruiter et al.
investigated the cognitive processes responsible for the development and the recog-
nition of new conventions by looking at reaction time. In a 3-by-3 grid world, two
participants each manipulate a shape. For both of the shapes, the “sender” sees
a target configuration. He/she first has to communicate the other player’s target
configuration to the other player, the “receiver”, and second has to bring the own
shape to his/her own respective target. De Ruiter et al. found that participants
succeeded 83% of the time and that the timing of movements is used to indicate a
position. When comparing success rates for when the sender saw versus did not see
the receiver’s moves, the authors found that the game involves bidirectional commu-
nication and receiving information about the other player facilitates communication.
The harder the communicative problem was, the more planning time was needed by
both participants.

The setup of the study conducted by Griffiths et al. [Griffiths 2012] is more
directly related to our setup. It is based on the alien world game setup by Morlino
et al., in which in a square world shown on a computer screen, positions (left or
right) and movements (shake horizontally or shake vertically) of 16 objects have to be
explored via a mouse to maximize a score [Morlino 2010]. It investigates the learning
of categories, so the objects belonged to four categories that were defined by certain
properties of the objects. Each category was associated with a target manipulation,
i.e. shape and weight determined where an object should be positioned and how
it should be moved. In the work by Griffiths et al. the learner could realize this
task with the help of information given by a tutor who had prior knowledge about
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the categories the learner should explore. For this alteration, two players played
the originally single player game simultaneously in separate rooms over a network
connection. The computer screens in this setup additionally showed six buttons
underneath the grid world. The tutor’s communication to the learner consisted of
the pressing and releasing of these six buttons using a keyboard. This was the
only action the tutor could perform on the world. The authors found that tutors
most commonly send feedback and guidance instructions to the learners. Negative
feedback was given least often and its amount correlated with task failure. Learners
who ignored fewer signals performed the task better.

The main, very important difference between the two asymmetric setups de-
scribed above and our setup concerns the very nature of the task. Whereas in
Griffiths et al.’s study the task is solvable with mere exploration, in our setup the
input of the architect is essential. The latter is also the case in the study by de
Ruiter et al., but in our setup no score is displayed to either of the players who in
our case are not separate learner and tutor, or receiver and sender, but they solve
the task together assuming the roles of a builder and an architect. Correspondingly,
in our setup, the game does not include multiple episodes or rounds but it is contin-
uous with the builder deciding when the task is completed and the game ends. The
game of the study by de Ruiter et al. is based on fixed turns, which is not the case
with our game, where participants can act simultaneously and react directly upon
each others conduct. By designing a continuous game without displaying a score,
interaction remains natural (i.e., free) to a high degree.

Another important difference that makes our setup novel regards the restriction
of communicative channels. In contrast to the other two works, in our setup, the
architect is not aware of how his/her actions are presented on the builder side and
how they will be perceived. This renders the situation similar to human-robot
interaction. This difference should also minimize the use of simple iconic feedback
(as for example encoding the manipulation of horizontally shaking the object by
alternately pressing one button to the right and one button to the left as reported
by Griffiths et al.)

3.3 The Collaborative Construction Game

With the aim that improving our understanding of how humans negotiate protocols
of interaction could provide hints on how robots could do it also, we designed a new
experimental setup that allows to constraint the communication channels between
two partners in asymmetric roles who should collaborate in order to achieve a joint
construction task. We consider a joint construction where only one participant
is aware of the targeted construction (the architect) while only the other has the
ability to achieve it (the builder). The communication between partners is reduced
to the use of symbolic events that the architect can send to the builder. Neither the
architect nor the builder are given any a priori information on the meaning of the
symbolic signals and should agree on the meaning of such signals by the mean of
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the construction task.
This section describes the details of the experimental setup, the participants we
recruited, and the protocol used for running the study.

3.3.1 Setup

Figure 3.1 gives an overview of the experimental setup which considers an architect
and a builder that are each seated at a table in front of a computer screen in two
separate rooms and can neither hear nor see each other.

The builder is equipped with a set of building blocks, in our case with 12 primary-
colored Mega Bloks® toy blocks differing in shape and color (see Figure 3.2b). There
were three red two-pads, two red three-pads, two yellow four-pads, two blue three-
pads, two green two-pads, and one green four-pads blocks.

The goal of the game is to assemble a specific construction yet unknown to the
builder. As exemplified in Figure 3.3, a construction is a flat combination of several
blocks at least linked to one another by one pad. It does not necessarily contain all
available blocks.

The architect is given an image of the specific construction to be built and is
told to guide the other player building it. A screen displays a live top view of
the builder workspace. To communicate with the builder, the architect has access
to a rudimentary interface made of 10 buttons, see Figure 3.2a. Pressing a button
displays a symbol on the screen located in the builder room. Each button is mapped
to one of ten symbols and one of ten positions (two rows of five symbols) on the
builder’s screen, whereby the spatial organization of buttons differs from the spatial
organization of displayed symbols. The mapping is randomized for each subject and
fixed for the duration of one game. Figure 3.4 shows the different symbols.

3.3.2 Participants

We recruited 22 participants (19 m, 3 f) among students and staff at INRTA Bor-
deaux Sud-Ouest. Their age range was between 20 and 35 (M = 25,5D = 3.91)
years. They played the collaborative game in pairs, where the two players in a pair
were assigned randomly to the roles of a builder and an architect. Seven of the
eleven pairs played the game together twice, such that each of the 14 participants
involved assumed each role once. One second round of a dyad was excluded from
the analyses, because the architect neglected the task instructions and altered the
target structure during the game. This resulted in a total of 17 rounds.

3.3.3 Procedure

Participants were not given the chance to talk about the game before it began. Ar-
chitect and builder were instructed about their respective roles separately in their
respective rooms. We presented the architects wi<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>