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ABSTRACT

Artificial Intelligence (A1) and Human-Computer Interactions (HCls) are two
research fields with relatively few common work. HCI specialists usually design
the way we interact with devices directly from observations and measures of
human feedback, manually optimizing the user interface to better fit users’ ex-
pectations. This process is hard to optimize: ergonomy, intuitivity and ease of
use are key features in a User Interface (Ul) that are too complex to be simply
modelled from interaction data. This drastically restrains the possible uses of
Machine Learning (ML) in this design process. Currently, ML in HCI is mostly
applied to gesture recognition and automatic display, e.g. advertisement or item
suggestion. It is also used to fine tune an existing Ul to better optimize it, but as
of now it does not participate in designing new ways to interact with computers.

Our main focus in this thesis is to use ML to develop new design strategies for
overall better uis. We want to use ML to build intelligent — understand precise,
intuitive and adaptive — user interfaces using minimal handcrafting. We propose
a novel approach to Ul design: instead of letting the user adapt to the interface,
we want the interface and the user to adapt mutually to each other. The goal is to
reduce human bias in protocol definition while building co-adaptive interfaces
able to further fit individual preferences.

In order to do so, we will put to use the different mechanisms available in ML to
automatically learn behaviors, build representations and take decisions. We will
be experimenting on touch interfaces, as these interfaces are vastly used and can
provide easily interpretable problems. The very first part of our work will focus
on processing touch data and use supervised learning to build accurate classifiers
of touch gestures. The second part will detail how Reinforcement Learning (RL)
can be used to model and learn interaction protocols given user actions. Lastly,
we will combine these RL models with unsupervised learning to build a setup
allowing for the design of new interaction protocols without the need for real user
data.






- e

RESUME

L’'Intelligence Artificielle (1A) et les Interfaces Homme-Machine (IHM) sont
deux champs de recherche avec relativement peu de travaux communs. Les spé-
cialistes en IHM congoivent habituellement les interfaces utilisateurs directement
a partir d’observations et de mesures sur les interactions humaines, optimisant
manuellement I'interface pour gu’elle corresponde au mieux aux attentes des
utilisateurs. Ce processus est difficile a optimiser : I’ergonomie, I'intuitivité et la
facilité d’utilisation sont autant de propriétés clé d’une interface utilisateur (1U)
trop complexes pour étre simplement modélisées a partir de données d’interaction.
Ce constat restreint drastiquement les utilisations potentielles de I’'apprentissage
automatique dans ce processus de conception. A I’heure actuelle, I'apprentissage
automatique dans les IHMs se cantonne majoritairement a la reconnaissance de
gestes et a I'automatisation d’affichage, par exemple a des fins publicitaires ou
pour suggérer une sélection. L’apprentissage automatique peut également étre
utilisé pour optimiser une interface utilisateur existante, mais il ne participe pour
I’instant pas a concevoir de nouvelles facons d’intéragir.

Notre objectif avec cette thése est de proposer grace a I'apprentissage auto-
matique de nouvelles stratégies pour améliorer le processus de conception et
les propriétés des IUs. Notre but est de deéfinir de nouvelles IUs intelligentes
— comprendre précises, intuitives et adaptatives — requérant un minimum d’in-
terventions manuelles. Nous proposons une nouvelle approche a la conception
d’lU : plutdét que I'utilisateur s’adapte a I'interface, nous cherchons a ce que
I’'utilisateur et I'interface s’adaptent mutuellement I'un a I'autre. Le but est d’une
part de réduire le biais humain dans la conception de protocoles d’interactions, et
d’autre part de construire des interfaces co-adaptatives capables de correspondre
d’avantage aux préférences individuelles des utilisateurs.

Pour ce faire, nous allons mettre a contribution les différents outils disponibles
en apprentissage automatique afin d’apprendre automatiquement des compor-
tements, des représentations et des prises de décision. Nous expérimenterons
sur les interfaces tactiles pour deux raisons majeures : celles-ci sont largement
utilisées et fournissent des probléemes facilement interprétables. La premiere partie
de notre travail se focalisera sur le traitement des données tactiles et I’utilisation
d’apprentissage supervisé pour la construction de classifieurs précis de gestes tac-
tiles. La seconde partie détaillera comment I'apprentissage par renforcement peut
étre utilisé pour modéliser et apprendre des protocoles d’interaction en utilisant
des gestes utilisateur. Enfin, nous combinerons ces modeles d’apprentissage par
renforcement avec de I’'apprentissage non supervisé pour définir une méthode de
conception de nouveaux protocoles d’interaction ne nécessitant pas de données
d’utilisation réelles.
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INTRODUCTION
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1.3.2 Publications ... ... ..... ... .. .. . . .. ..., 9
1.1 Context

In both our personal and professional life, we are using more and more elec-
tronic devices to perform a growing range of tasks. Repetitive tasks and simple
decision processes are automated, access to pertinent information and repre-
sentation of said information is optimized, and new interactions of increasing
abstraction are made possible. One of the many pieces required to propose such
interactions are User Interfaces (Uls).

1.1.1 User Interfaces

Using any form of electronic device requires a Ul to communicate with it. In one
way, the Ul translates the user intent to the device, in the other it gives the user an
interpretable representation of the state and/or results computed by the device. In
the user-to-computer direction, a Ul usually has a physical part (button, keyboard,
touchscreen...) and an interaction protocol, i.e. a translation from user actions on
the physical interface to properties of the query to input. The computer-to-user
direction involves the transmission of pertinent system information to the user,
classically in the form of a display, audio signal or in few cases haptic feedback.

These Uls vastly evolved in the last 80 years along with computational capabili-
ties, gradually gaining versatility, expressivity and intuitiveness. Nowadays, we
can perform a wide range of actions through the use of electronic devices: from
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2 finger pan and scale
Ready T N e R ==

Figure 1.1 — Example of a touch Ul for 3D navigation. This is the Autodesk’s Nav-
isworks software combined with Itekube’s TouchlIT, an overlay used
to identify and interpret finger motions to actions in the application.
Fingers in contact with the surface are represented as white circles.
Their current motion is interpreted as a 2 finger pan and scale and is
applied with the set parameters (displayed in the top-left window).

conceptually simple actions such as media display or communication, to more
complex ones such as trading, modelization or industrial design. For each of these
actions, specialists have to design a proper Ul in order to perform them. Part of
the Human-Computer Interaction (HCI) research focuses on making Uls easier to
use, more precise, and allow for new and more abstract interactions. While the
optimality of these Uls can be hard to measure, some Ul components have been
widely accepted as standards. The mouse/keyboard combo and smartphones are
good examples of versatile, well accepted physical interfaces. The software part
of Uls is also subject to active research, even for well-known physical interfaces.
As an illustration, we display in Figure 1.1 a touch interface in development for
navigation in 3D scenes.

A Ul tries to maximize positive user feedback from experience: if an Ul receives
some negative feedback from test users, this Ul can be updated to address the
corresponding problems, or a new paradigm can be proposed instead to better
satisfy users.
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1.1.2 Machine Learning

Whenever we face a data-related optimization problem, Machine Learning (ML)
is a tool to consider. Since 2012 (Krizhevsky et al. 2012), ML has seen growing
interest from the academic and the industrial world through supervised Deep
Learning (DL). DL, although lacking a formal definition, refers to neural models
with multiple hidden layers. The interest of these hidden layers is to build
internal representations of the data or the distribution the model is learning from.
Shining in image classification, DL was quickly applied to any kind of data for
an array of different tasks: classification, segmentation, structured representation,
item generation... DL is now a widely used solver for many objective function
maximization (or loss minimization) problems. Supervised DL however requires a
label (or ground truth) from a human supervisor for each observed sample. This
constraint makes the building of a dataset extremely time-consuming for complex
tasks and prone to mislabelling. Different learning signals can be used to train
DL models: Deep Reinforcement Learning (RL) for example uses instead a reward
signal for the DL model to maximize. This allows for the use of unlabelled data
and minimizes the need for human supervision during training.

While ML solutions still tend to generalize poorly in the face of real data, because
of noise and factors not met during training, they can excel given controlled
conditions. If these models are deployed in “close enough” conditions, they
tend to significantly outperform handcrafted models. However, one of the major
drawbacks of DL algorithms is the requirement of huge amounts of data to train
a good model. In applications where data is scarse, applying DL can prove
challenging. So, in short, DL is not necessarily the way to go whenever facing
an optimization problem: a number of conditions needs to be met in order for
DL to add value to the optimization process. In our case however, provided we
correctly break down the whole Ul design process, we state that ML could be used
for several parts and add abstraction and precision compared to existing methods.

Applying ML to Ul design is not a new concept, although mostly all the cor-
responding works can fit into two coarse categories: item suggestion in the
computer-to-user direction and action recognition in the user-to-computer direc-
tion.

Item suggestion — In the first category, search engines are a widely used and
researched application. For example, in Li et al. 2019, authors use a combination
of decision trees and neural networks to train learning-to-rank algorithms for
personal search. We can also cite Dehghani et al. 2017, who proposed a webpage
ranking model using weakly supervised neural networks. Advertisement is
another highly used application: for example, Perlich et al. 2013 describe a large-
scale machine learning system for targeted display advertising using transfer
learning. At last, we can cite graphical display adaptation, with Moran et al.
2018 using a machine learning model to automatically write Graphical User
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Interface (GUI) prototypes from a mock-up. All these applications are focused on
“What to show to the user?”.

Action recognition — This research topic is extremely broad, and we can find
extensive work on many types of sensors with different ML architectures:

touch gesture classification (LU et al. 2012),

hand gesture recognition (Benalcazar et al. 2017),

speech recognition (Oord et al. 2016),

action recognition in videos (Zhu et al. 2018; Sanabria et al. 2019),
action recognition from 3D data (Halim et al. 2016),

eye tracking (Krafka et al. 2016),

or haptic feedback (Sun et al. 2019).

These works cover the question “What action was performed by the user?”.

This leaves one question to encapsulate the complete ul: “How to interpret this
action?”. To our knowledge, there has been no attempt to answer this question
using ML. Automating this process will be the main focus of this thesis.

1.2 Motivations

Developing better interfaces allows for better accessibility to specific tools, a gain
in productivity for professional interfaces and even an access to new interactions
(augmented reality for example).

If more and more interactions tend to be well optimized — understand intuitive,
fast and precise —, abstract and complex actions still tend to suffer from limited
interfaces. In these cases, the “optimal’ way to interact is either hard to define,
or just does not exist: different users might in fact prefer or need to perform
some actions in a different fashion. This makes the optimization process of the
interaction protocol potentially intractable. Furthermore, we want to optimize
a vague notion of what we can call “user satisfaction” which is not directly
measurable. For a same Ul, this satisfaction can vary depending on the user,
making it even harder to validate the quality of a solution. This validation step
will usually involve a number of test users providing feedback while using the Ul
combined with performance metrics.

We can observe a few limitations to handcrafted Uil design:

the design can be subject to a specialist bias that might not be suitable for
less experienced users,

iteratively optimizing an existing Ul can be time and resource-consuming,
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once designed, the adaptability of the Ul to the user is limited.

We claim that with a proper formalism, ML can help mitigate these drawbacks
while still allowing for the discovery of new Uls. As said earlier, we will work on
the software user-to-computer part of the Ul. The interest of doing so is twofold:

potentially discover more efficient interaction protocols,

and design co-adaptive interfaces, able to change during use.

We will illustrate this claim by experimenting on touchscreen-related tasks.
We will gradually tackle more complex problems using ML to end-up with the
automatic learning of an interaction protocol for 3D navigation. This is a real
problem with no globally accepted solution and being able to automatically find
a satisfying solution will serve as a realistic proof of concept for our approach.

One of the biggest challenges with using ML comes from the limited amount of
data available: collecting data from humans in a specific context is inherently hard,
even more so when the data we want to observe depends on a variety of factors
(application state, personal preferences, type of device used...). This problem is
particularly present in HCI, as some of the core challenges come from interpreting
human intent and displaying information in the most comprehensible way. Thus,
human feedback is potentially needed during multiple phases of the design. It is
at least required for the validation of a UI.

This data limitation makes the training of ML models extremely hard, and it
will require a careful definition of the training protocol and the models to still
be able to obtain satisfying solutions. In the case of interaction protocol learning,
training only from human gestures rapidly becomes unrealistic as performed
gestures depend on both the user intent and the application state. Training a ML
model would require huge amounts of data even for simple interaction protocols.
As we will show throughout this thesis, we will need to design strategies and
properly process data to gain knowledge from a limited set of real interactions.
This will allow us to solve real-life problems without the need for human input at
each step of the training phase of our models.

As we are wanting to perform more abstract and more complex actions with
high dimension physical interfaces (multitouch multiuser surfaces, augmented
reality, haptic sensors...), designing good Uls becomes the more complicated. Our
goal with this work is to help with the design of such Uls by automating part of
the design process on one hand, and on the other let the interface protocol adapt
while it is used, thus fitting even more to the user’s needs.

In this thesis, we formulate the software user-to-computer communication as
two distinctive problems (Figure 1.2): first the recognition of discrete gestures,
and second the continuous coupling of gestures and actions. The recognition
of discrete gestures is the most intuitive task, requiring to identify the type and
eventual properties of a user action, e.g. recognizing a zoom or a slide gesture
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Two complementary problems

gesture class gesture environment action
\ mmm)  Scale \ in m m) size += 1
\ \
Recognition of Continuous coupling of
discrete gestures gestures and actions
- Classification, - Reinforcement Learning

supervised learning

Figure 1.2 — The design process of the user-to-computer direction of a Ul can be
split into two problems. They are usually tackled separately with
a gesture recognizer identifying the type and potential parameters
of the user action and an interaction protocol assigning the corre-
sponding action in the application. We will show later in this thesis
that gesture recognition does not necessarily needs to be explicit, and
a ML model can internalize this process to assign an action in the
application w.r.t. the user action.

on a touch surface. This is a classification and eventually a regression task,
traditionally solved in ML using supervised learning. The second problem deals
with the correspondence between user actions on the device and actions in a
virtual environment. For example, attributing a zoom gesture on a touch surface
to a “move forward” action in a 3D navigation environment. A good solution
for this task is extremely important for a Ul to be satisfying: this correspondence
process heavily weighs on the intuitiveness and the naturalness of the overall UlI.
Its design is complicated: there are no direct metrics to tell how good a solution
is. This task is classically complementary to the recognition task, meaning that we
attribute actions in a virtual environment with respect to the corresponding class
and properties of a gesture. We will show that RL can be used to perform both
tasks at once, with the recognition process being performed implicitly by the rRL
agent.
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Figure 1.3 — lllustration of a Model E (EVA) produced by Itekube. It is a mul-
tiuser, multitouch touch table used from document manipulation to
collaborative 3D design reviews.

1.3 About This Thesis

This work is the fruit of an industrial partnership between the Itekube company,
the LIRIS and LITIS laboratories. Itekube produces hi-tech touch tables with a
focus on industrial applications. These tables are thought to be used as a multiuser
display and workspace, meant to propose an intuitive and accessible interface for
potentially complex uses. Their touch tables are used in a variety of contexts, to
cite a few: medical imaging, blueprint display on construction sites, computer
assisted design or city mapping display.

While software and hardware requirements are getting more and more demand-
ing, Itekube wants to use its knowledge to provide efficient hardware as well
as intelligent software to interact with the client’s applications in the best way
possible (see Figure 1.3 for an illustration of said hardware). Along with standard
methods, Itekube is looking for possible Artificial Intelligence (Al) solutions in
order to provide better, co-adapative interfaces. This PhD project was elaborated
to start conceiving such methods.

1.3.1 Contributions

The work achieved in this thesis is split in four different chapters, highlighting
different fundamental concepts:

7
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Chapter 3 describes our work on gesture recognition using novel data
processing and supervised learning. We compare a variety of different DL
architectures on a classification task using a novel interaction gesture dataset,
Itekube-7, which was made publicly available. We also develop a novel
architecture, dubbed Conv-MDGRU, a compact combination of convolution
operations for input observation and multidimensional recurrence between
states. This architecture is our best performing model while possessing the
lowest number of trainable weights. Itekube-7 contains 6591 unique gestures
performed by 27 different users, split into 7 classes. We can sum up our
contributions as a novel DL architecture, a touch data processing and an
interaction touch gesture dataset.

Chapter 4 addresses the problem of the continuous coupling of user gestures
and actions in a simplified environment using RL. We formalize this problem
with a novel ML perspective and test this setup by re-learning a well-known
solution: the “pinch-and-zoom” protocol allowing for the linear manipula-
tion of 2D objects. This training is done using a custom 2D environment and
an handcrafted user model, allowing us to use synthesized user gestures
instead of human gestures. The handcrafted user model however constrains
us to learn a specific solution: this motivates us to automatically learn user
models in specific conditions to avoid using human gestures while synthe-
sizing coherent data to train our models. Our contributions in this chapter
is the formalization of interaction protocol learning as a RL problem and
the constitution of a proper environment to re-learn a known interaction
protocol.

Chapter 5 focuses on learning in an unsupervised fashion a representation
of natural gestures. We will train Variational Auto-Encoders (VAEs) to build
robust features from smooth and disentangled latent spaces using Itekube-7.
The quality of the latent space and the reconstructions are mostly assessed
through visualization. The goal is to be able to generate human-like gestures
from semantically meaningful representations. Such a model can be used in
a user model afterward. Our contributions are the learning and the study
of disentangled representations of touch gestures as well as a novel VAE
architecture for sequential data.

In Chapter 6, we combine the work from the two preceding chapters to
propose a final setup for the automatic learning of complex interaction
protocols. We define a user model combining RL and part of a pre-trained
VAE to act as the user. This user model is trained in parallel with the
interaction protocol model in order to solve a specific task. Thus, both
agents cooperate to solve the task: the user model produces gestures, and
the interaction protocol model interprets them to actions in the environment.
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We experiment on a 3D navigation environment. There are two contributions
in this chapter: first, the definition of a novel model combining a RL agent
and a VAE to produce training data. Second, the design of a Multi-Agent
Reinforcement Learning (MARL) setup allowing for the automatic learning
of interaction protocols.

1.3.2 Publications

The work presented in this thesis can be split into two main parts that each led
to a publication.

The first part deals with multitouch gesture processing and the use of DL for
gesture recognition, resulting in a novel touch gesture processing method and
comparing different DL models on the task. The second part uses mainly RL for
the automatic design of interaction protocols, and proposes a novel combination
of RL and VAE for user modelling. Associated publications are:

Quentin Debard, Christian Wolf, Stéphane Canu, and Julien Arné (2018).
“Learning to Recognize Touch Gestures: Recurrent vs. Convolutional Fea-
tures and Dynamic Sampling”. In: The International Conference on Automatic
Face and Gesture Recognition (FG);

Quentin Debard, lJilles Steeve Dibangoye, Stéphane Canu, and Christian
Wolf (2019). “Learning 3D Navigation Protocols on Touch Interfaces with
Cooperative Multi-Agent Reinforcement Learning”. In: The European Confer-
ence on Machine Learning and Principles and Practice of Knowledge Discovery in
Databases (ECMLPKDD).

Early work during this thesis led to the constitution of a multitouch gesture
dataset, namely Itekube-7. After publication, this dataset was made publicly
available at the url http://itekube7. itekube.com.


http://itekube7.itekube.com
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2.1 User Interfaces

User Interfaces (Uls) are the mediation tools between a user and an electronic
device. They encompass a variety of techniques and cover the hardware as well as
the software side of the interaction process. Designing a Ul is a complex task at the
crossroads between a variety of fields from computer science to psychology and
cognitive science. This design process falls in the Human-Computer Interaction
(Hcl) research field.

2.1.1 A Short History

The first Uls in the 40’s were programming interfaces, used in the form of
punchcards to declare a sequence of operations to be computed. At that time,
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computers mostly solved arithmetic problems. In the 60’s, for the first time, a
computer is used as an interactive tool rather than a program-based calculator
(Sutherland 1964). In the 70’s, Alto from the Xerox Palo Alto Research Center
becomes the first Graphical User Interfaces (GUIs) prototype with a desktop
notion, encasing a collection of programs. At that time, computer users interacted
using Command-Line Interfaces (CLIs). More intuitive, GUIs allow for What-You-
See-Is-What-You-Get (WYSIWYG) interfaces, meaning a screen can display a
visual representation of a process or a file, instead of displaying a functional or
programmed representation. In 1984, with researchers coming from Xerox, Apple
produces the first personal GUI computer, the Macintosh: this is the beginning of
the democratization of personal computers (PCs). PCs evolved in hardware and
software during the 90’s; GUIs were enhanced to be used for different and more
complex tasks while CLIs got more and more marginal for common users.

In the 2000’s, the refinement of capacitive touch screens allows for the large
scale distribution of a different type of interface in the form of smartphones. While
the LG Prada from LG Electronics is officially the first phone to use a capacitive
touchscreen on top of its screen (released in 2007), the Apple’s iPhone released
the same year will get more exposure. This is the first popular alternative to the
mouse-keyboard combo. If touchscreens really shone from that point on, their
concept goes back to 1965 (Johnson 1965). In this paper, Johnson describes the
concept of capacitive touchscreens, using the electromagnetic perturbation of a
finger to detect a touch. Shortly after in 1972, optical touchscreens are described in
a patent from the University of Illinois. Instead of measuring capacitance, optical
touchscreens use infrared sensors to detect the intersection of a beam with a finger.
In 1975, the first resistive touchscreen is described in a patent filled by George
Samuel Hurst. Resistive touchscreens detect a touch using two conductive layers
that come in contact when pressed. This last type of touchscreen will be the most
used until the smartphone era.

Keyboard/mouse and touchscreens make up for most of our interactions with
computers as of today. New interfaces such as voice command or augmented
reality are getting increasing exposure with their precision and versatility improv-
ing, but their use can still be considered marginal. This is one of the reasons
behind our focus throughout this thesis on touchscreen experiments: while the
concepts we develop can be applied to virtually any ul, we will be experimenting
exclusively on touchscreens. This allows us to provide easily understandable
experiments on a largely used physical interface and minimize the necessary
engineering workload to train and deploy models. As such, this thesis will not
provide a full state of the art in Ul but will focus instead on touch interfaces. For
a thorough study of the history of HCI, see Grudin 2016.
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2.1.2 Discrete Interactions: Touch Gesture Recognition

Automatic human gesture recognition is an extremly prolific field. Using many
different sensors such as RGB cameras, depth sensors, body sensors, in our case
touch surfaces, these gestures are classified and measured through representations:
geometric features, graphs, state machines, sequences, and more recently, learned
features. The classifying and measuring algorithms are also varied, ranging from
deterministic decisions to Support Vector Machines (Cortes et al. 1995) and Deep
Neural Networks. We brush in this subsection a state of the art of discrete touch
gesture recognition, i.e. the classification of a sequence of user finger trajectories
into a unique class.

Touch gestures — can be distinguished into two types:

symbols, such as drawings or handwriting. These gestures are spatially
complex, but their temporal properties are of no interest to properly classify
them;

interactions, meant to perform an action using the touch surface as an
interface. These actions require spatial and temporal precision, as the user
will expect the interaction to be as precise and fast as possible.

Classifying symbolic gestures is a simpler task than classifying interaction ges-
tures. In Chapter 3, we will focus on the multitouch gesture recognition of interac-
tion gestures using Deep Learning (DL) models. Touch gestures are traditionally
dealt with handcrafted representations. The most commonly used methods have
been developed by system designers, using procedural event-handling algorithms
(see for instance M. Wu et al. 2003 or Malik et al. 2005). Different frameworks such
as Gesture Markup Language (GestureML) were proposed in order to formalize
touch gesture interactions. We describe in the following the most successful and
most recent methods for touch gesture recognition.

Midas (Scholliers et al. 2011) uses a set of logical rules to classify events on
the surface. They define sets of temporal and spatial operators to create lists of
rules that make up for a gesture definition. With the possibility to define custom
operators and priority rules, its gesture definition is extensible to some point,
and it allows for interaction gesture recognition, but lacks spatial invariance or
robustness to noise.

Proton++ (Kin et al. 2012) is another framework based on regular expressions
for gesture recognition: a gesture is seen as a sequence of events represented
with a state machine. It allows for continuous control with a callback, although it
only supports a unique gesture at a time, and is limited by the rigidity of regular
expressions. Multitouch gestures are also hard to define with this framework
because of the absence of a finger permutation solution.

13
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Figure 2.1 — lllustration taken from LU et al. 2012. Touch interface used to input
training data to the model. We experiment with the same type of
inputs in this thesis although our classification task is defined on
different classes.

$Q or Q dollar (Vatavu et al. 2018) is the latest iteration of a touch gesture
recognizer for symbolic gestures. This recognizer cast the touch trajectories as
a point cloud and computes a dissimilarity metric between the gesture to be
recognized and templates of each class. Its computation is greatly optimized,
emphasizing on limiting the complexity of the algorithm. This method performs
well for well designed gestures but struggles when trajectories get too far from
the templates, which can happen in real condition applications.

As efficient and fast as they can be, these methods arbitrarily declare gesture
properties, putting hard constraints on the natural variance that can be found
between users and conditions. The gestures are precisely defined and tend to lack
generalization in a different context; this contradicts our paradigm of minimal
user constraint and maximum generalization.

In contrast to these rule-defined gesture frameworks, Rubine 1991 proposed a
more flexible gesture definition, learning a classifier from example using hand-
crafted geometric features and Linear Discriminant Analysis for classification. Up
to our knowledge, this is the first attempt at classifying gestures using Machine
Learning (ML). This method however is limited: it can only discretly classify
symbolic gestures with single strokes.

Gesture Coder (LU et al. 2012) takes a conceptually similar approach to Proton++,
as it defines gestures using state machines, equivalent to regular expressions on
“atomic actions”. However, these state machines are learnt from user gestures
by successively expanding the state machine to fit examples. When hitting an
ambiguity, they use binary decision trees to learn a disambiguation. These trees
after training are translated to if-then-else statements. While more flexible than
rule-based approaches, Gesture Coder still struggles to cope with natural variance



2.1 user interfaces

coming from users and devices. An illustration of the hardware used to record
gestures is given in Figure 2.1.

Z. Chen et al. 2014 uses a graph representation of finger state transitions, then
embeds the graph structure into a feature vector. These feature vectors are then
classified using a Support Vector Machine (svm). While svis allow for a flexible
classification of embeded gestures, this method will not be able to handle noisy
transitions messing with the embedding (e.g. an accidental touch) and can have
trouble with closely related spatial features.

To our knowledge, DL has not been applied to touch gesture recognition. This
can be explained by the fact that most classifiers are designed specifically for
a device and for specific actions, requiring little adaptation or generalization
capabilities. In this case, state machines usually provide a sufficient accuracy
while being relatively simple to deploy. In Chapter 3, we describe our work on

Deep Learning models, working on general models deployable in most conditions.

As a final note, we also recommend Cirelli et al. 2014 as a good survey of the
evolution in multitouch recognition.

2.1.3 Continuous Interactions: Interaction Protocols

An important part of our work focuses on a specific component of touch Uls
which we call the interaction protocol. This protocol defines the translation
from user gestures performed on touch surfaces to continuous actions in virtual
environments. In the HCI literature, this interaction protocol refers to a specific
part of the software side of an interaction technique (Hinckley et al. 2012, Ortega
et al. 2016): the interaction technique is usually coupled with hardware and/or a
specific software environment. There are at least as many interaction techniques
as there are applications, in consequence we cannot propose an exhaustive list
for touch interfaces. We will instead provide examples to illustrate the scientific
background and our motivations to automate this process.

In Chapter 4, we address the problem of automatically learning a suitable
interaction protocol for GUIs on touch surfaces, which requires users to manipulate
3D obijects, for instance in Computer Assisted Design software or in Geographic
Information Systems. To give a concrete example, inspecting a virtual mechanical
product or navigating in a virtual building or city requires the possibility to
change the camera viewpoint through rotations, translations, zooming, i.e. to
manipulate 6 degrees of freedom (3 for the camera position and 3 for the camera
direction) through trajectories of eventually multiple fingers in the 2D plane of
the touch table. In these situations, the problem is particularly ill-posed, as the
trajectories produced by a user on the flat touch screen are restricted to a 2D
surface, whereas the applications require the user to perform manipulations in a
virtual 3D environment. From a naive point of view, we can choose to constrain
ourselves to an active plane in the 3D environment, defined for instance according
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to the camera view and a depth parameter, in order to be able to accurately
transpose 2D actions into 3D actions. This method is however tedious for the user
and is therefore not suitable for a time efficient, satisfying interface.

In Ropinski et al. 2005, they discuss a navigation technique for travelling in 3D
city models. The “interaction panel” in this publication is taken from Szalavari
et al. 1997. Another 3D navigation Ul is described in Tan et al. 2001 using either
a mouse or a touch-pad. These advanced methods approach this mapping from
gestures to actions in a 3D environment using several parameters: not only the 2D
gesture themselves, but also the position of the camera (view of the user), the state
of the 3D environment, or any information perceived by the user (D. Bowman
et al. 2006; Cashion et al. 2012). Theoretically, these methods offer more complex
manipulation strategies and higher efficiency. However, the challenge here lies
in the combination of precision and efficiency on one hand, and ease of use and
learnability (by humans) on the other hand. While all these Uls are efficient in a
specific context, there is no universally accepted canonical solution for this kind
of problem.

2.2 Supervised Deep Learning for Classification on
Sequential Data

We describe in this section the theoretical background behind the DL algorithms
used throughout this thesis and state-of-the-art related work.

Deep Learning architectures as of now can be extremely large and complicated,
combining a multitude of different mechanisms and learning signals, with a
variety of regularization methods. There is however some common ground for
every DL architecture:

they are trained to maximize or minimize an objective function J with respect
to their learnable weights.

Every architecture is trained using variants of backpropagation. The error
gradient can come from many different sources, but the update mechanism
is always the same.

there is a limited number of methods to structure the network. As of now,
connections can be built with fully connected, convolutional, recurrent or
attention layers.

In a supervised learning context, the task for DL models is to learn to attribute
the correct discrete or continuous label to observed data. This correct label is set
by human supervision, hence the name. The learning problem can be seen as
minimizing a loss function expressed as the error between the predicted label and
the correct one, or ground truth.
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The phase consisting in tweaking the weights of the architecture from observed
data and labels (the training set) is called the training phase. The true goal of
this training phase is not for the model to perfectly score on this training set. The

goal is to score well on data not seen during training, without supervised labels.

This true performance is measured on a test set (or before on a validation set,
depending on the protocol). The core difficulty and interest of DL comes from
the notion of generalization: how well can the model perform on data never seen
during training? How much noise or variance can it sustain before failing? This
is the motivation behind the complexity and the variety of architectures in the
literature.

2.2.1 Fully Connected Networks and Backpropagation

A neuron is a function parametrized by a set of learnable weights W = fw;g;
and a learnable bias b, where wj,b 2 R. The neuron receives a vector of inputs
X = fx;g; and produces an activation a such as:

z= WwXj+Db,
i (2.1)
a= f(2),

where f is called an activation function. Its role is to add non-linearity inside

Neural Networks (NNs). This function is usually a tanh or a ReLU (V. Nair et al.

2010). We can note that without an activation function, a neuron is simply a linear
binary classifier. A layer is a set of an arbitrary number of neurons processing
the same input and getting gradient from the same layer or output. The type of
layer will depend on the constraints between weights and how the outputs of the
neurons are handled.

The simplest form of layer is the Fully Connected (FC) layer: a set of j neurons
as described above produces a vector of outputs a = fa;g;. The length of the
vector a is usually referred to as the size of the layer. A NN is a stacking of K
layers, with the k-th layer taking the activations of the (k 1)-th layer as input. In
a complete Fully Connected Network (FCN), to avoid confusion, we can write the
weights as w; and biases as bf’

If we work on a binary classification task, one of the simplest architectures to
try to solve this problem would be a NN with one hidden layer and an output
layer with as much neurons as there are classes. This output layer produces a
confidence score y traditionnally called logits for each class. We then usually
produce a probability vector over the labels by applying the softmax function
on the logits. Passing data into the network to produce logits is referred to as
the forward pass. An illustration of such a network is given in Figure 2.2 for an
hidden layer of size 4, an input size of 3 and 3 classes.
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Figure 2.2 — Graphical representation of a Fully Connected Neural Network with
one hidden layer of size 4, observing input x and outputting logits y.
We highlight the weights w and biases b related to the forward pass
passing through the second neuron of the hidden layer. Scalars are
represented as squares, neurons as circles.

Now that we have defined an architecture, we will describe the principles of
backpropagation. Once a prediction y is produced, we want to compare it to
the true label y. We can define an objective function J measuring an error as the
distance (not necessarily in the mathematical sense) between y and y. The goal of
the NN will be to minimize this function. In the case of function minimization,
the objective function is usually referred to as a loss function. While the mean
squared error can be seen as the most intuitive loss function, we tend to represent
y as a one-hot vector and compute the cross-entropy between y and y. Among the
justifications, we can cite a better numerical stability and a better behavior when
close to convergence. The goal of backpropagation is then to minimize the loss by
iteratively updating the weights and biases of the network. In other words, the
goal is to find the parametrization of the NN that attains a global minimum of J.
In practice, because of the complexity of cost functions, we aim for “good” local
minima. The quality of a minimum is often measured through complementary
metrics such as accuracy. One of the simplest way to do so is to use gradient
descent. If we omit indices, a gradient descent update is:

1

W w a—,
ﬂﬂJW (2.2)

b b aﬂb’
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where a is a positive scalar called the learning rate. With enough iterations
for each weight and bias of a neural network (where J is recalculated at each
iteration), we ensure that the NN finds at least a local minimum in the cost function
J. About the learning rate, it is manually fixed and controls how sensitive the
updates are in the gradient direction: fixing it too high (close to 1) might result
in gradient descent missing the local minimum, whereas setting it too low might
trap consecutive updates in a bad local minimum. In order to smoothen this
update, the stochastic gradient descent variant is preferred, computing the partial
derivatives as the mean of an arbitrary number of partial derivative samples. This
number of samples is called batch size in the ML literature. A lot of different
methods propose to dampen the defaults of vanilla gradient descent: AdaGrad
(Duchi et al. 2011), RMSProp (Hinton 2012), ADAM (Kingma et al. 2014) and
AMSGrad (Reddi et al. 2018), to cite some of the most used, usually inject second
order information to improve the convergence speed and robustness. While
more complex optimization algorithms could be used, the size of current neural
networks requires this optimization algorithm to be extremly fast for the network
to be trained in an acceptable duration. As of now, simple differentiable methods
thanks to backpropagation are the golden standard considering the trade-off
between convergence speed and quality of the solution.

To simplify the following equations, we consider that the activation function f
is the same for all neurons. We write f%(z) the derivative of f with respect to z. In
order to compute the partial derivative for each weight and bias in a distributed
fashion, backpropagation uses the chain rule:

no_niyg _wo

— = ——— = —a " 2.3

w1z Twy 23)

The definition of a and z is given in Equation 2.1. Thanks to this notation, the
gradient of every weight (and bias) of a neuron can be easily computed from the

local gradient % Moreover, this local gradient can be iteratively computed from

]
the upper local gradients, hence the name backpropagation. If we consider indices
i and j from the (k + 1)-th layer, meaning i is the indice on the k-th layer and j the
indice on the (k + 1)-th layer:
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Thus: 03 03
S g . 2.7)
i j j

In the end, the only derivatives we have to compute are the derivatives of the loss
function J with respect to the output layer and f°(z'i‘) for each neuron, and the
latter can be pre-computed during the forward pass.

While theoretically powerful approximators, FCNs tend to behave poorly when
confronted to new data. The absence of regularization combined with the limited
information coming from backpropagation can cause the network to learn poorly
generalizable features such as noise or occurence-related features. This causes the
network to succeed in solving a training set, but yields very poor results on a test
set. This problem is known as overfitting. In order to overcome it, two leads are
mainly explored: regularize the weights in the network to enforce more general
features (e.g. Dropout, BatchNorm), or constrain the weights and the structure of
the network to produce specific features. Convolutional Neural Networks (CNNs),
Recurrent Neural Networkss (RNNs) and Attention mechanisms are successful
examples of such constraints.

2.2.2 Convolutional Neural Networks

CNNs are one of the most used architectures in DL because of their versatility
and effectiveness in a wide range of problems. They consist principally in a
succession of convolutional layers. A convolutional layer learns the weights of an
arbitrary number of convolution operations between the input and convolution
kernels. The kernel parameters are the learnable weights. Each convolution
operation on the input produces a modified version of the input called feature
map. In computer vision, before Deep Learning popularity, such handcrafted
kernels were largely used to exhibit specific properties in an image such as Canny,
Sobel or Gabor filters. Fukushima 1980 with the Neocognitron designed first an
architecture of cascading learnable convolution filters, but this is with Lecun et al.
1998 that current CNNs are defined, using backpropagation to train a succession
of convolutional and subsampling layers ending with fully connected layers.

There are a few parameters commonly tweaked in a convolutional layer:

the number of kernels/feature maps per layer,
the size of the kernels,
eventual padding of the input to alter the size of the resulting feature maps,

the stride of the convolution, meaning the spacing between two consecutive
local operations of the convolution (the mathematical convolution operation
has a stride of 1 on every dimension),
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Figure 2.3 — Illustration modified from the online Standford CS class CS231n
Convolutional Neural Networks for Visual Recognition. This is a
graphical representation of a convolutional layer with two kernels of
size 3x3 and stride 2x2, observing an image of size 5x5 padded to
size 7x7. This convolutional layer produces two feature maps of size
3x3.

and the activation function of the kernels.

If we want to conceptually compare a convolutional layer with a fully connected
layer, we can imagine a convolutional layer as a fully connected layer with
periodically constrained weights: let us consider a feature map made with a
kernel of size 3x3, a stride 2x2 and flatten it (concatenate each row to form a
vector). Such a vector would be equivalent to the activations of a fully connected
layer of the same size with periodically constrained weights: instead of having a
weight for each connection between the input and the activation, there would only
be 9 weights reused in multiple locations. CNNs are less prone to overfitting than
FCNs thanks to these constraints put on weights: convolutional features retain
specific patterns more specific than unconstrained relations and as such generalize
better. An illustration of a simple convolutional layer is given in Figure 2.3.

CNNs combine multiple convolutional layers in order to build hierarchical
hidden representations with increasing levels of abstraction in each subsequent
layer. The next layer processes the feature maps of the preceding layer, producing
new feature maps from local representations built in the preceding feature maps.
We can note that using convolutions add shift invariance as inductive bias to the
network. Because convolutions aggregate information from a local region, the
receptive field of kernels becomes larger with respect to the original input with
each new layer. Once the receptive field covers the entire input, all the data has
been processed and we can use a fully connected layer to produce the logits from
a feature vector made from (potentially flattened) high level feature maps. In the
case that the last feature maps are already reduced to scalars, flattening is not
necessary: our feature vector will be the concatenation of these feature maps.
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While used for two decades on static data (mostly images), CNNs have been
recently reported to be also efficient for learning hierarchical features on sequential
data. Even though RNNs are specifically designed to model temporal dependencies
(described in the next subsection), CNNs proved to be competitive, and in some
cases better performing than RNNs. With CNNs, the temporal dependencies of the
data in this case are not covered by a unique hidden state (as with RNNs), but by
a collection of feature maps, which capture temporal correlations of the data at an
increasing level of abstraction. While the first filters capture short term behavior,
the last layers capture long range dependencies. We can find the idea of learning
spatio-temporal convolutional features in Taylor et al. 2010, but it was applied at
that time to Restricted Boltzmann Machines.

In Karpathy et al. 2014, they experiment with different time fusion models
on action recognition in videos from the dataset Sports-1M and UCF-101. The
network is split into a multi-resolution architecture with two parts, each part
processing the input at a different scale. The high-resolution part only observes
the cropped center of the video to reduce computation.

At around the same time, Simonyan et al. 2014 propose an alternative strategy
for action recognition in videos also using CNNs. One CNN is used for recognition
in still frame, building exclusively spatial features, whereas another is fed a
sequence of multi-frame optical flow, able to build temporal features from stacked
optical flow frames. Their activation is then fused, using a svM in their best
performing variant. It is interesting to note that using only the temporal CNN
already yields way better results on UCF-101 than the method described in
Karpathy et al. 2014. From this observation, we can make the assumption that for
complex problems, reducing noise and variance in the data by selecting a good
representation really helps the convergence of CNNs. This strategy of injecting
prior knowledge over the data to reduce the workload on neural networks for
specific problems is extensively used in the literature.

An interesting use of CNNs is proposed in Gehring et al. 2017, where a complex
variant of CNN was successfully used for sequence-to-sequence classification
in a machine translation task. In this paper, they adapt an encoder-decoder
model with attention Bahdanau et al. 2014, using CNNs instead of RNNs to build
hidden representations and decode them, and they also modify the attention
mechanism to take into account preceding attention steps. This convolutional
model outperformed the state-of-the-art Long Short-Term Memory (LSTMm)-based
algorithm, Google’s Neural Machine Translation (Yonghui Wu et al. 2016).

Considering haptic data for human-robot interaction, Albawi et al. 2018 use
CNNss to classify social touch gestures from raw sensor data. More recently, Park
et al. 2019 also process raw sensor data directly using a 1D-CNN to classify four
different touch patterns performed on haptic sensors.
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2.2.3 Recurrent Neural Networks

RNNs are a standard in DL whenever we are manipulating sequential data. Their
purpose is to identify patterns and dependences in a sequence using an internal
memory of past timesteps. For the following RNN equations, we will use a matrix
representation of the weights. If we consider the definition of z in Equation 2.1
and want to write all the weights of a layer with n neurons and m inputs:

Zy = WX+ Dby,
i
Zp = WX+ Dby,
i (2.8)
Zn = WpiXj + bpn.
i
we can rewrite this equation system in matrix form:
2 3 2 3 2 3
Z; W11 Wi2 W1m
z w w w X b
L
Zn Wni1 Whnp2
This can simply be written:
z=Wx+Dh, (2.10)

where W is the weight matrix and b the bias vector.

An RNN builds recurrent internal representétions called a hidden state h¢, and
produces an output y; at each timestep t. This hidden state can be of arbitrary
length and the output y; is usually computed as a linear combination of weights
and h;. is a vector of the same size as y;. If W, U and V are the cell weights and
by, by bias vectors, the vanilla version can be formulated as:

hy = tanh(W.ht 1+ UX + bh),

(2.11)
yt = V.h¢ + by,
where weights U process the current input, W the preceding hidden state and
V the current hidden state. We can see the recursive definition of h; depending
on its preceding value. In a classification task, y; is usually producing logits,
activated using the softmax function to produce a probability vector over the
labels. In some contexts, RNN layers may directly output h¢, declaring y; = h.
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Recurrent models trained using a variant of backpropagation called BackPropagation

Through Time (BPTT). This is simply backpropagation also propagating the error
from the current timestep to the preceding hidden state (from the W weights).
This temporal term unrolls all timesteps to retropropagate the error recursively.
In theory, the hidden state can store information from any point in the sequence
and handle temporal dependencies of any scale, supposing the hidden state is
large enough. In practice, the temporal term in BPTT causes numerical instabilities
leading to vanishing or exploding gradients (Bengio et al. 1994).

LSTMs (Hochreiter et al. 1997) are a widely used variant of vanilla RNNs that
aims to correct this issue. It adds a memory cell ¢ to retain information, and use a
gating system to read, write and forget from it. Gates act as a selection mechanism
for key operations on the cell memory: the forget gate f selects the information
to be kept from the older memory, the input gate i selects the information to be
added from the temporary state ¢ and the output gate o selects the information
to be outputed from c into h. Let s be the sigmoid function, the Hadamard
product, an LSTM cell can be formulated as:

ft:S(Wf ht 1+ Ug Xt+bf),
it = S(Wi ht 1+ U X+ bi),
Ot = S(Wo ht 1 + Uo Xt + bo),

¢t =tanh(Wg hy 1+ Ug X+ bg), (2.12)
ce="F c 1+ip G

ht = o¢ tanh(cy),
yt = h.

Whenever we refer to an LSTM cell, we will refer to this model. The separation of
¢ and h is debatable; some LsTM variants fuse them, we will describe one shortly
after. An LsTM cell of size X means that its memory cell ¢ and hidden state h are
vectors of size X. In consequence, the gate vectors and the output are also of size
X.

Lastly, we will describe the Gated Recurrent Unit (GRU) (Cho et al. 2014), a
lighter version of LsTM with comparable performance throughout the literature.
GRUs simplify the gating principle of LsTMs and fuse the memory cell and hidden
state back. It uses two gates: a reset gate r filtering the information to be kept
from the older hidden state, and an update gate z doing a linear combination
of the older hidden state and new information to produce the new hidden state.
Formally:
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re =s(W, hy 1 +Ur X¢+by),
zt =s(W; hy 1+U; X¢+Dby),

he=sWp (re he 1)+ Up xe+by), (2.13)

he=(@ z) he1+z by
Yt = ht.

All these models presented are recurrent in one direction. This means that if we
are working on structured data of higher dimension (RGB images or multitouch
gestures for example), the other dimensions need to be stacked in order to be
treated as one “big” input vector. In the case of touch gesture for example, this
means stacking the (x, y) information of all fingers at a time to create a tensor for
each timestep, then the RNN processes this tensor at each timestep. This prevents
the model from searching for sequential dependences parametrized by finger IDs.

2.2.4 Multi-Dimensional Recurrent Neural Networks

When the observed data is multidimensional, building recurrent architectures
can be problematic. What if there are sequential dependencies to learn from
different dimensions, say spatial and temporal dependencies? One possible
strategy is to use Multi-Dimensional Recurrent Neural Networks (MDRNNs) or
Multi-Dimensional Long Short-Term Memorys (MDLSTMs) (Graves et al. 2007), a
straightforward extension of the 1D original models. There are also closely related
variants like GridRNNs (Kalchbrenner et al. 2016).

In these models, the hidden state at some point during recurrence is not only
computed from one single predecessor (t 1) but from a predecessor for each
dimension. In order to extend LSTMs to N dimensions, Graves et al. 2007 adds
a forget gate for each dimension to control the information coming from each
dimension. Omitting the gate indices, the equations for a 2D-LSTM are:
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fl = S(Wfl ht 1,i +Vf1 ht,i 1+ Ufl Xt,i + bfl),

f2 = S(sz ht 1 +Vf2 ht,i 1+ Uf2 Xt,i + bf2),
i=s(W; hy 1;+Vi hyi 1+Ui x¢; +b),
0=s(Wo hi 1i+Vo hei 1+Ug Xgj+bo),

) (2.14)
Ci = F(We hy 1;+Ve hyi 1+Us X +b),

1 2 -
i =f" cr1i+ e cri 1+ G,

hei = f(Ct,i),
Yii = Dy

This model can handle sequences with variable length in every dimension: this
allows for more flexibility than cNNs that require fixed length inputs. For some
experiments in Chapter 3, we use a more robust variant called Spatio-Temporal
LSTM (Liu et al. 2016). This variant adds a “trust-gate” which filters the input
in order to compensate for noise. The intuition behind it is to reduce the effect
of input too different from what the cell expects. The sensitivity of the trust gate
is manually set using a parameter I 2 [0,1]. It uses the same equations as a
2D-LSTM but applies the following trust gate t to the i C;; product:

X = tanh(Wx X + bg),

t
X =tanh(Wg hy i +Vx hg; 1+ by),
( X t 1, X ti 1 x) (2.15)

t=exp( 1 (X X)2).

These MDLSTMs solve one of the problems of 1D LsTMs and can scale to an
arbitrarily large input in both dimensions, but requires a large number of weights
in order to do so. This statement motivated us to find a lighter version of MDLSTMs
by extending GRUs to multiple dimensions. We further enhance this architecture
by combining convolutional and recurrent features in a novel fasion. This new
architecture is defined and tested in Chapter 3.

While attention mechanisms and Transformer-based networks (Vaswani et al.
2017) are not used in this thesis, they should be mentioned when describing DL
for sequential data. A large number of architectures derivated from Transformer
(Devlin et al. 2019; Radford 2018) are currently state-of-the-art on a multitude of
Natural Language Processing tasks.
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2.3 Reinforcement Learning for Continuous Control

Before getting into the core subject, we will summarize in this section the
theoretical background of Reinforcement Learning (RL) used in Chapter 4 and
Chapter 6. This will allow us to justify our choices and to properly explain the
formalization of the problem.

RL is a Machine Learning paradigm used to learn policies in order to solve
control problems in an environment. More precisely, a RL agent learns a policy p
that observes at each timestep a state s; of the environment and takes actions a; in
this environment. This action modifies the state of the environment (s¢+1) and the
agent receives in consequence a reward ri+q = f(St, St+1, at) measuring the quality
of the action taken. This function f is handcrafted to reward successful behaviors
in the environment. An optimal policy is learned through an optimization process

by maximizing the expectation of the cumulative sum of rewards or return Gt.

Let J be the objective function and q a parametrization of p. At any time t, the
optimization problem can be formulated as:

arg max J = arg max(E[G]),
q q (2.16)
Gt = eaq + Olan + 9%reag + ..,

where g 2 [0,1] is the discount factor. This factor was added to cope with
continuous tasks, where there is an infinite number of timesteps: in this case, the
return can become infinite. Setting g below 1 ensures the convergence of G;¢. On
episodic tasks, i.e. with a finite number of timesteps, a policy should theoretically
optimize on the discounted return with an infinite horizon (g = 1). However,
experimental results when using NNs as a policy or a value estimator show that it
is better set inferior to 1 (Jiang et al. 2016). In consequence, we will consider any
return to be discounted to simplify the writing.

This optimal policy problem is modelled using the probabilistic framework of
Markov Decision Processes (MDPs). Simply put, we cast the policy as a probability
distribution pg(atjst). In this case, we consider that the dynamics of our system p
are entirely determined by the unknown transition matrix:

p(s’js) = Pr[si+1 = 'jst = s]. (2.17)

Finding an optimal policy in these conditions is known in the literature as solving
a stochastic optimal control problem. Historically, RL solves this problem using
variants of two strategies: policy-based methods, focusing on directly finding a
good behavior from sampled trajectories, and value-based methods focusing on
the evaluation of observed states and actions.
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2.3.1 Policy gradient

If we think of the policy py as a parametric model trainable using backpropaga-
tion, e.g. a neural network, the first intuition to solve the optimization problem in
Equation 2.16 is to find a computable expression of the gradient ¥r4J(q) in order
to update the policy parameters g using gradient ascent:

gt =q' +argi(), (2.18)

where a is the learning rate for the update. The Policy Gradient Theorem (Sutton
et al. 1998) allows us to express the gradient as:

rqJ(a) = Ep,[Q(s, ) g log pe(s)]. (2.19)

where Q(s,a) = E[G¢] is the state-action value function, measuring the quality
of an action a taken during state s. Learning to estimate this Q-value will be
our main concern with Q-learning algorithms, but for policy gradient we prefer
to directly estimate the Q-value using sampled rewards. Now, let us consider
a trajectory t followed by the policy, represented as an ordered sequence of T
triplets (s, a, r). In this case, the policy is following the sample path Pr[p(agjso) =
a, ..., Pq(atjst) = a(M] noted p4(t). This sample path depends on the unknown
transition matrix p and can be developped as:

.
Pq(t) = po(so)  (Pq(atist) p(st+1ist)). (2.20)

t=1

where pg is the distribution initializing the state of the environment. Because p
and pg are independent from g, we can write the gradient of log p,(t) as:

T
rglogpg(t) =  (rglogpg(adst)). (2.21)
t=1
This result is important: it means that we can compute the gradient of the policy
along the whole trajectory independently from environment dynamics.
Now, we can rewrite the Policy Gradient Theorem applied to the trajectory t.
Lets approximate Q(st, at) with the sampled G; from t. Injecting Equation 2.21 in
Equation 2.19 gives us:

T

rqJ(q) = Ep,[ 1(Gt g log pq(aijst))]. (2.22)
t=

The last thing to do to explicit this gradient is estimate the expectation. A simple
way to do so is to approximate its value by sampling a large number of trajectories
and average the values. The gradient is computed along the whole trajectory,
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applying a Markov Chain Monte-Carlo method, and is backpropagated through
pq using stochastic gradient ascent. Such gradient will enforce policies following
trajectories with high return (not necessarily individual actions with high rewards)
while moving away from low return trajectories. This training algorithm is known
as the REINFORCE algorithm (Williams 1992), and is the simplest form of RL
using stochastic gradient ascent for policy optimization. In this case, the policy is
stochastic, meaning it produces a vector of probabilities over the possible actions;
we can sample it in order to decide which action to take.

2.3.2 Q-learning

We present here the precursor of most value-based methods in RL as of today.
We retain all notations presented earlier in this section.

By taking an action a while observing state s, all the possible trajectories
afterward can only expect at most a certain return. Taking a different action
(i.e. following a different policy) during state s might give a different maximum
expected return for the next state. This value, depending on the action taken, can
be seen as a measure of how good an action is depending on the observed state. It
is formally known as the state-action value function Q (s,a) = maxp Ep[Gtjst =
s,at = a]. Knowing this function means solving the control problem, and the
optimal policy p in this case can be defined asa = argmax, Q (s, a). Contrarily
to policy gradient that consider sampled returns as unbiased samples for the
Q-value, Q-learning focuses on learning an estimate of this optimal Q-value in
order to select the optimal action.

The Bellman equation is an important tool to compute the Q-value:

Q (st,at) = Esy[re+1+9 max Q (St+1, at+1)jst, at]. (2.23)
t+

In the case of discrete states and actions, it allows us to describe the Q-function in
a recursive fashion and compute an estimate of the Q-value iteratively:

Q"™ (st, ar) = Esupylriv1 + 9 max Q' (St+1, ar+1)jst, atl. (2.24)

Thanks to the Bellman equation, we can solve our problem using a Temporal
Difference (TD) method, directly using two consecutive instants to update the
estimate rather than needing a full trajectory. It means that once an action is
taken and a reward is given, we can look back at the Q-estimate used to perform
the action and correct it. If used as is for value iteration, without a Q-function
estimator, the quality of the solution is however limited: it is equivalent to learning
a look-up table of Q-values independentely from each state, which is not desirable
for generalization purposes, and when the environment can display a large
number of states.
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A better way of solving the control problem is to use a Q-function approximator
Qf(s,a) Q (s,a) parametrized by f. In practice, this approximator is a neural
network. Using Equation 2.24 to write the target of Qf(s,a) asy = Es,,[rt +
g MaXa,,, Qf(St+1, at+1)jSt, at), we can express a loss function for our estimator,
updated at each timestep:

L(F) = Esal(y  Qr(st a))?]. (2.25)

It is interesting to note that the target — as with policy gradient — depends on the
parametrization we want to optimize. This loss can easily be differentiated with
respect to the weights and, ignoring the factor 2, we end up with the gradient:
h i
rel(f) =Esa, e+ max Qr(st+1,at+1) Qf(st,a) reQe(st,ar) . (2.26)
t+

Instead of computing the expectation, we will sample multiple transitions in
order to approximate it and bootstrap the Q-value, performing stochastic gradient
descent to update the weights of Q¢(s,a). This is known as the Q-learning
algorithm (Watkins et al. 1992).

So, in short, Q-learning tries to learn an estimation of the value of the states
and the actions taken by a deterministic policy, whereas policy gradient tries to
directly solve the control problem by learning the policy. Both strategies have
advantages and drawbacks, to name a few:

deterministic policies in noisy environments will have trouble finding states
with good values. We need to inject some noise in the decision, e.g. follow
an e-greedy policy during training to enforce exploration.

TD methods such as Q-learning tend to converge faster than simple policy
gradient methods.

The stochastic policy of REINFORCE naturally allows for (approximate)
continuous control by sampling from a multivariate gaussian with means
computed by the policy.

These methods however are not exclusive: we can intuitively picture a policy-
based algorithm using an estimate of the Q-value using TD. This is precisely what
Actor-Critic methods do.

2.3.3 Actor-Critic

Actor-Critic methods combine the advantages of both policy gradient and
value-based methods. Once REINFORCE and Q-learning are described, the
definition of vanilla Q Actor-Critic (Degris et al. 2012) is straightforward: let
py be a differentiable policy parametrized by q and Q¢(s,a) a differentiable
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estimator of Q (s, a) parametrized by f. We will respectively call these models
the actor and the critic. If we take the policy gradient of REINFORCE defined in
Equation 2.22 and replace the sampled G; with Q¢(st, at), we can bootstrap and
produce a gradient timestep by timestep for the actor : Q¢(st, at) Fq log pq(atjst).
The gradient of the critic was already expressed in Equation 2.26 with the Q-
learning algorithm. Thus, training the actor and the critic together becomes in
pseudo-code:

Algorithm 1: Q Actor-Critic
Initialize s, q, ¥ and learning rates a, and ar
Sample a;  pq(ajs = s1)
fort=1,...,Tdo
Receive reward ri+q and next state S¢4+1
Sample next action at+1  Pq(ajs = St+1)
Update the actor: g'*! = q' + agQ(st, ar) g 10g pg(atjst)
Update the critic: 71 = ¥ + agr¢L(F) (Equation 2.26)
end for

We can see that both models have non-stationary targets. This makes this
nonconvex optimization process complex (NP-hard at worst), even more so when
using NNs as actor and critic, and convergence is not assured. A great deal
of papers propose empirical methods to stabilize the optimization process and
quicken the convergence speed of Actor-Critic RL agents (Lillicrap et al. 2015;
Mnih et al. 2016; Yuhuai Wu et al. 2017; Haarnoja et al. 2018).

2.3.4 Deep Deterministic Policy Gradient

Deep Deterministic Policy Gradient (DDPG) (Lillicrap et al. 2015) is the algorithm
we use for our RL agents in Chapter 4 and Chapter 6. Because we do not contribute
in this thesis in the training process of the policy, we will perform an overview
of DDPG, noting the differences with Q Actor-Critic, rather than an in-depth
description. DDPG is an actor-critic method combining training stabilization tricks
from Deep Q-Network (Mnih et al. 2013) and Deterministic Policy Gradient
algorithms (Silver et al. 2014). DDPG allows for off-policy continuous control
and can be extended to a Partially Observable Markov Decision Process (POMDP)
modelization.

The first addition compared to Q Actor-Critic is the use of a replay buffer to
store rollouts in the environment. That means keeping in memory the quadruplets
(s, a,r,s") visited during the rollout phase. The training phase of the actor and
the critic will be done by randomly sampling batches of quadruplets from the
replay memory. This allows us to break noisy correlations from trajectories and
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consider every sample independently from each other (desirable with our MDP
modelization).

The second addition is the use of target networks m’ and Q° to update the actor
and the critic to perform “soft updates”. This means that target networks are
slowly moved in the direction of the current updated networks instead of being
directly updated.

The third addition is that the policy gradient is computed a bit differently in
order to take into account the deterministic policy m. If we modify the Actor-
Critic algorithm in Algorithm 1, with samples taken from the replay memory, the
network updates become:

qi+1 = qi + a3 raQe(st, at) gy (St)ja:mq(s)'
£ = f 4+ agrel(F).

ot =t + (1 Dy,

: - - 2.27
f!r+1 — tf|+1 + (1 t)fll" ( )

where B}
h i

rel(F) = Es, 1o+ gQ¥, (st+1, My, (5t+1)) Qe (st a) reQe(st, ar) .

The factor t is set largely inferior to 1, and will modulate the importance of the
updates on the target networks.

2.4 Artificial Intelligence and Human-Computer In-
terfaces

Our work in this thesis stands between two active fields of computer science:
HCI and ML. While both these fields have been active for more than 50 years, their
interaction is still relatively recent; we will paint an overview of the current uses
of ML in HCI in this section.

Adaptive User Interface — To quote Langley 1997, “An Adaptive User Interface
(AUI) is an interactive software system that improves its ability to interact with
a user based on partial experience with that user”. In practice as of now, this
adaptability is still limited to the visual display of pertinent information to the
user, depending on a request or preferences. ML in this case is traditionally
used for user profile modelization. To the best of our knowledge, Pazzani et al.
1996 is the first proposal of ML for an AUI. In this paper, the authors learn user
profiles using a bayesian classifier in order to display webpages of interest. This is
around the same time that PageRank is developped (the ranking algorithm behind
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Google, published in (Brin et al. 1998)). As of today, most “pertinence” algorithms
use ML. For an overview of state-of-the-art AUl with adaptive visualization, see
Alvarez-Cortes et al. 2007.

Reinforcement Learning and Ul design — RL is a machine learning framework
in which a software agent learns to solve an environment by taking actions that
maximizes some cumulative reward (cf Section 2.3). RL has seen some specific
uses for AUl design, more precisely for user profiling and representation tasks.

In Seo et al. 2000, a RL agent learns to detect user preferences implicitly from
observing user behavior instead of direct feedback. This agent adapts user’s
profile by maximizing the number of times it properly selects an hyperlink
chosen by the user.

In Ferretti et al. 2014, a RL agent uses user feedback to learn a user profile for
personalized web page display. Each element of the Ui (font size, colors...) is
affected a value. This value can be updated by a RL agent with respect to
the number of times a user chose or discarded an item in the ul.

X. Chen et al. 2015 is a good example of potential GUI design automation
using RL. The goal of this paper is to model user behavior in menu search.
Building upon Bailly et al. 2013, this modelization can allow for the test-
ing of newly designed interfaces or to predict rational strategies in aimed
movements. An illustration of the setup is given in Figure 2.4,

Machine learning and 3D interactions — 3D Ul design has been studied for
about 20 years (D. A. Bowman et al. 2001). In the 3D UI context, a good overview
of current state-of-the-art 3D UI methods is given in Ortega et al. 2016. On the
ML side, while it has been used in user interface and user experience design
for about two decades (Langley 1997; Weld et al. 2003), using ML for interaction
design is to the best of our knowledge an application yet to be explored. In the
user-to-computer side of the ul, ML is classically used to improve the accuracy of
an existing interaction protocol:

in Weir et al. 2012, a gaussian process regression is used to improve touch ac-
curacy by automatically learning the offset function used to correct parallax
bias. They show that this function is non-linear and user-dependent.

in LU et al. 2012; Z. Chen et al. 2014, supervised deep learning is used to
improve the recognition rate of some multitouch gesture classes compared to
standard state machine methods. This is important to note that these works
enhance the sensitivity of an already existing Ul with a defined interaction
protocol, they do not cope with the automatic design of such a protocol.

In the 3D interaction context, Lacoche et al. 2019 propose to automatically
select the best suited interaction technique for a user based on a prior 2D
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Figure 2.4 — lllustration taken from X. Chen et al. 2015. Definition of the user’s
menu search problem as a RL problem, allowing for the automatic
evaluation of newly designed interface menus.

test. With a dataset consisting of performances and preferences of a set
of users on three different interaction techniques, they train an svmM-based
model in a supervised fashion to learn the best interaction technique for a
user. As stated in this paper, adapting interaction techniques to the user is
not a common process in the field of 3D Uls.

Knowledge discovery from unlabelled data — In Chapter 5, we try to auto-
matically learn the prior knowledge of a user for touch interactions from a small
part of all the possible interactions a user can perform. Extracting knowledge
from natural data without supervision is a fascinating challenge taken on by
unsupervised learning in the ML community. This challenge is closely related to
natural data generation: if the model learns a close estimator of a natural distribu-
tion, we can without problems sample from it and produce “realistic” synthesized
data. These generative models usually derived from Generative Adversarial
Networks (GANs) (Goodfellow et al. 2014) and Variational Auto-Encoders (VAEs)
(Kingma et al. 2013) are extensively used in a variety of contexts. Knowledge
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discovery using unsupervised learning is an extremly prolific field that we cannot
fully cover here. We instead propose to cover Ul related work.
To our knowledge, generative models in HCI were only used for GUI generation:

Nguyen et al. 2018 use a combination of RNNs and GANs to generate Ul
design samples from user-provided descriptions.

Cha et al. 2019 use a spatio-temporal autoencoder as a feature extractor for
facial gesture recognition with AR/VR headsets. Once trained, the encoder

processes the input and a classifier is trained to recognize the facial gesture.

While not unsupervised, we can mention Beltramelli 2018 that trains a supervised
DL model to generate the corresponding code from a GuUI sketch: this is an example
of a generative task constrained with the use of annotated information.
Reinforcement learning and generative models — In Chapter 6, we craft a
user model by combining RL and the decoder part of a VAE. While our user model
is a novel combination of such models, combining the latent representations

of generative models with policy learning was explored in some recent work.

In Higgins et al. 2017, the encoding part of a modified VAE is used to build

disentangled representations for a RL policy to use in domain adaptation tasks.

In A. Nair et al. 2018, a VAE together with an RL agent are trained for different
purposes: synthesize training data from real observations of the policy, embed the
observations to provide latent representations to the policy and measure reward
signals in the latent space.
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Chapter abstract

We will describe in this chapter the nature of touch gesture data, their process-
ing and the training of a device-invariant model for a classification task.

We address the problem of classifying sequential data characterized by
variable amounts of data per time instant. We propose a range of different
Deep Learning (DL) models and compare their performance on the task.

We propose a new dataset of multitouch sequential gestures, Itekube-7.
It is, up to our knowledge, the first of its kind, as existing datasets are

restricted to symbolic gestures.

We describe a novel input sampling method which drastically reduces the
length of the input sequences while at the same time preserving important

sharp transitions in the data.

We also compare DL models against state-machine methods on Itekube-7,
and the state of the art on a standard dataset in touch gesture recognition.

Part of the work in this chapter led to the following publication:

37











http://itekube7.itekube.com












































































































































































































https://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf
https://www.cs.toronto.edu/~tijmen/csc321/slides/lecture_slides_lec6.pdf






http://tensorflow.org/










	Abstract
	Abstract
	Resume

	Résumé
	Contents
	Contents
	List of Figures
	List of Figures
	List of Tables



	List of Tables
	Acronyms
	1 Introduction
	1.1 Context
	1.1.1 User Interfaces
	1.1.2 Machine Learning

	1.2 Motivations
	1.3 About This Thesis
	1.3.1 Contributions
	1.3.2 Publications


	2 Background and Related Works
	2.1 User Interfaces
	2.1.1 A Short History
	2.1.2 Discrete Interactions: Touch Gesture Recognition
	2.1.3 Continuous Interactions: Interaction Protocols

	2.2 Supervised Deep Learning for Classification on Sequential Data
	2.2.1 Fully Connected Networks and Backpropagation
	2.2.2 Convolutional Neural Networks
	2.2.3 Recurrent Neural Networks
	2.2.4 Multi-Dimensional Recurrent Neural Networks

	2.3 Reinforcement Learning for Continuous Control
	2.3.1 Policy gradient
	2.3.2 Q-learning
	2.3.3 Actor-Critic
	2.3.4 Deep Deterministic Policy Gradient

	2.4 Artificial Intelligence and Human-Computer Interfaces

	3 Touch Gesture Recognition
	3.1 Touch Gesture Data
	3.1.1 Itekube-7
	3.1.2 Feature Preserving Sampling

	3.2 Neural Models
	3.2.1 Convolutional MDGRU

	3.3 Experimental Results
	3.3.1 Experimental setup
	3.3.2 Ablation Study
	3.3.3 Comparison with the state of the art

	3.4 Conclusions

	4 Continuous Coupling of Gestures and Actions
	4.1 Interaction Protocols as Reinforcement Learning Agents
	4.1.1 Formalizing the Interaction Protocol Design Problem
	4.1.2 Learning Signals and Environments

	4.2 Experiment: Learning a Touch Interaction Protocol
	4.2.1 Environment and known solution
	4.2.2 Handcrafted User Model
	4.2.3 Reward Function
	4.2.4 Experimental Setup
	4.2.5 Results

	4.3 Conclusions

	5 User Modelling
	5.1 Natural Gesture Distribution Approximation
	5.1.1 Generative Models for Distribution Approximation

	5.2 Recurrent Variational Auto-Encoder
	5.3 Experiments
	5.3.1 Architectures
	5.3.2 Reconstruction and Generation Capabilities
	5.3.3 Walking the Manifold Encoded in the Latent Space

	5.4 Conclusions

	6 Learning Complex Co-Adaptive User Interfaces
	6.1 Multi-Agent Reinforcement Learning Setup
	6.1.1 User Model
	6.1.2 Formalization

	6.2 Experiment: Learning a 3D Navigation Interaction Protocol
	6.2.1 Environment
	6.2.2 Experimental Details
	6.2.3 Results

	6.3 Conclusions

	7 Conclusion: Achievements, Limitations and Perspectives
	7.1 Contributions
	7.1.1 Supervised Learning for Touch Gesture Recognition
	7.1.2 Interaction Protocol Design

	7.2 Perspectives and Future Work
	7.2.1 Real-Time Gesture Recognizer
	7.2.2 More Human-Like User Models
	7.2.3 Memory-Based Interface Agents
	7.2.4 Adaptation During Real Use
	7.2.5 A Final Point


	Bibliography

