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Résumé

La représentation en caractéristiques est une préoccupation centrale des systéemes d’ap-
prentissage automatique d’aujourd’hui. Une représentation adéquate peut faciliter une
tache d’apprentissage complexe. C’est le cas lorsque par exemple cette représentation est
de faible dimensionnalité et est constituée de caractéristiques de haut niveau. Mais com-
ment déterminer si une représentation est adéquate pour une tache d’apprentissage 7
Les récents travaux suggéerent qu’il est préférable de voir le choix de la représentation
comme un probléme d’apprentissage en soi. C’est ce que ’'on nomme ’apprentissage de

représentation.

Cette these présente une série de contributions visant a améliorer la qualité des re-
présentations apprises. La premiére contribution élabore une étude comparative des
approches par dictionnaire parcimonieux sur le probléme de la localisation de points
de prises (pour la saisie robotisée) et fournit une analyse empirique de leurs avantages
et leurs inconvénients. La deuxiéme contribution propose une architecture réseau de
neurones & convolution (CNN) pour la détection de points de prise et la compare aux
approches d’apprentissage par dictionnaire. Ensuite, la troisiéme contribution élabore
une nouvelle fonction d’activation paramétrique et la valide expérimentalement. Fina-
lement, la quatriéme contribution détaille un nouveau mécanisme de partage souple de

parameétres dans un cadre d’apprentissage multitache.
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Abstract

Feature representation is a central concern of today’s machine learning systems. A
proper representation can facilitate a complex learning task. This is the case when for
instance the representation has low dimensionality and consists of high-level character-
istics. But how can we determine if a representation is adequate for a learning task?
Recent work suggests that it is better to see the choice of representation as a learning

problem in itself. This is called Representation Learning.

This thesis presents a series of contributions aimed at improving the quality of the
learned representations. The first contribution elaborates a comparative study of Sparse
Dictionary Learning (SDL) approaches on the problem of grasp detection (for robotic
grasping) and provides an empirical analysis of their advantages and disadvantages.
The second contribution proposes a Convolutional Neural Network (CNN) architecture
for grasp detection and compares it to SDL. Then, the third contribution elaborates a
new parametric activation function and validates it experimentally. Finally, the fourth

contribution details a new soft parameter sharing mechanism for multitasking learning.
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Introduction

The history of mankind has thought us that our civilization has been shaped by many
technological revolutions. These revolutions were propelled by seemingly different fac-
tors, but most of them revolved around our desire for automation. For instance, the
advent of the modern computer made possible the creation of automated manufactur-
ing processes (Hitomi, 1994) that accelerated manufacturing speed. The advent of the
Internet pushed forward the field of communication to a point where we can connect
devices worldwide (Kim, 2005). The modern cell phone has evolved considerably such
that we now consider it as a Personal Data Assistant (PDA), which functions as a

personal automated information manager.

We have gone through several such revolutions throughout the years, but the current
one is different in an important aspect: it is propelled by Artificial Intelligence (AI). The
previous one was concerned with digitalization, where we understood the importance of
shifting from mechanical and analogue electronic technology to digital electronics. The
Al revolution of today rather focuses on developing intelligent automation, where we
try to develop intelligent components with abilities to learn and adapt. We are seeing
more and more of this desire with the advent of the Internet of Things (IoT) (Shah and
Yaqoob, 2016), the smart factory of Industry 4.0 (Chen et al., 2018a), Al as a Service
(AlaaS) (Rouse, 2018), as well as Software 2.0 (Karpathy, 2018), where programmers

of today are seen as data scientists rather than software engineers.

Despite the fact that these novelties are propelled by intelligent automation, intelligence
still remains an abstract and obscure notion. What makes intelligent automation pos-
sible is the fact that Al relies on specific instantiations driven by theoretically-founded
principles, rather than our abstract definitions of intelligent behaviors. In particular,
it relies on a learning theory that evolved from the study of pattern recognition and

statistics, which is known as Machine Learning (Bishop, 2006).

Machine Learning is a field of computer science dedicated to the study of algorithms that



have the ability to learn and make predictions on data. A specific branch of machine
learning is interested in the problem of learning a parametric mapping from input
observation to output values. In this specific case, training a machine learning approach
comes down to optimizing the parameters of the mapping. The goal is to improve the
parametric mapping so that the output value predicted by the algorithm corresponds

to the output value (ground truth) associated with the given input observation.

Many learning problems can be defined is such a way. In particular, problems related
to real-world images. These problems are usually challenging because of the inherent
difficulty of processing high-dimensional images. As a first step to tackle this problem,
it is common to apply a preprocessing transformation on the input image. The goal is

to reduce its dimensionality to make the learning problem easier.

Various preprocessing transformations, known as feature extraction pipelines, have been
proposed to accomplish this task. They usually come in the form of a series of hand-
designed input-output mappings that transform the high-dimensional input image into
low-dimensional features (Liu et al., 2004; Nixon and Aguado, 2012). They aim to bring
out the important underlying factors of variation from the data (Choras, 2007), while
dismissing the unimportant ones (Hyvérinen et al., 2004; Jolliffe, 2011). When the
design of the preprocessing is appropriate for a given task, it can extract informative

high-level features.

The success of these hand-designed approaches can however be limited (Bengio et al.,
2009). The engineering of preprocessing pipelines is based on human inventiveness, and
they can struggle to extract good representations on complex tasks. When an expert
tries to leverage his expertise, he can incorporate restricting priors — often unwillingly —
about the data generating process. These priors appear in various forms, such as as-
sumptions, approximations or fixed numerical values, and generally do not appear as
restrictive. They make the preprocessing pipeline simple and elegant, but in return,
they overshadow the restrictions they impose on the representation computed from the
data (Bengio et al., 2009).

More and more experts are now considering the use of a learning algorithm for feature
representation (Bengio et al., 2013). Instead of investing efforts on designing better
feature engineering pipelines, they now invest efforts on designing better representation
learning algorithms. Representation learning algorithms adapt to the data distribution,
which make them more flexible than feature engineering pipelines. A typical feature

engineering approach would process the input image using a fixed sequence of trans-



formations. These transformations are predetermined in advance and have little to no
flexibility. In contrast, representation learning has a learning phase during which they
try to uncover the intricacy of the structure underlying the data. They can learn to
capture the important aspects of the observations and generate features to represent
them (Bengio et al., 2013).

However, representation learning can also be limited by expert knowledge, like feature
engineering. A good understanding of the data generating process may no longer be as
critical, but there are design choices that affect the overall quality of the computed rep-
resentation. Experts designing representation learning approaches still need to follow
guiding principles that also appear in the form of priors. Whether they be about prop-
erties of the extracted representations, the design of the learning approach, or other
considerations like computational speed or hardware limitations, they play different

roles on the ability to perform representation learning.

In this thesis, our aim is to better understand the effect of these priors by studying
representation learning approaches applied to images. With novel contributions and in-
depth empirical evaluations, we will attempt to deepen our understanding and broaden

the range of application of representation learning.

Motivating Example

The choice of feature representation is a central concern in machine learning. A good
feature representation can leverage simple machine learning models, such as the linear
model. A linear model expresses the target output value y as a linear combination of
the input features z. It is defined as y = 0"z, where 6 is the vector of parameters. A
linear model can only make simple predictions from its input z and will struggle when z
exhibits nonlinear dependencies. For instance, on classification problems, if we provide
input features where classes are not linearly separable, a linear model will fail. However,
if we provide input features where classes are linearly separable, then the linear model

will be as accurate as a nonlinear model.

The example shown in Figure 1 illustrates that point. On the left of the figure, we
show a binary classification problem. We generate observations on the unit circle by
varying the angle. Observations on the top right and bottom left quadrant form the
first class, and observations on the top left and bottom right quadrant form the sec-

ond class. The problem is not linearly separable and suggests that we should opt for a
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Figure 1: Example motivating the importance of feature representation. The left figure
shows a classification problem that is not linearly separable. To obtain good perfor-
mance, we would need a complex nonlinear classifier. To alleviate this constraint, we
can apply the transformation (zq,z3) +— (21,1 - ¥2) and obtain a linearly separable
classification problem, as shown on the right figure. A simple linear model can now
obtain a high accuracy. This example illustrates the importance of leveraging input
transformation to create a new feature representation, in which the problem becomes
easier.

nonlinear classifier to be accurate. On the right figure, we show the same classification
problem, but this time using a new feature representation. We applied the transforma-
tion ® : [z, 9| > [21, 21 - 2] and created a representation ¢ = [z, x1 - x2] in which the
classes are linearly separable. The linear model y = ' ¢ can now perform in par with

the nonlinear classifier.

Although the example shown in Figure 1 is simple, it can help us understand the im-
portance of feature representation on harder tasks. High-dimensional multi-class classi-
fication tasks, for instance, have inputs  with more nonlinear dependencies, and more
complex ones. These additional dependencies make the design of transformation ® chal-
lenging, since now ® must use a series of elaborated and complex transformations to
reflect the increase in complexity of the data generating process. It then becomes dif-
ficult to select the proper transformations to capture the relevant factors of variation.
In the end, the generated feature representation is likely to be incompatible with the

linear model.

Representation learning can overcome many of these difficulties. A representation learn-



ing approach can learn from the data the proper mapping to apply to x, and trans-
form x into a new representation ¢ compatible with a linear model. It can make the

initial learning problem easier.

Contributions

The key contributions of this thesis are divided into four parts. The first two contribu-
tions are more of an experimental nature, while the last two contributions are more of

a theoretical nature. The contributions are as follows:

A comparative study of sparse dictionary learning on the problem of grasp

localization (Chapter 5)

We present in this contribution a comparative study of sparse dictionary learning,
which is a framework for representation learning that focuses on sparsity. We perform
this study on the problem of grasp localization. Given the image of an object, the goal
is to identify where to position a two-plates parallel gripper, in order to maximize the
grasp success probability. To do so, we use the grasp rectangle, parameterized by a
center, width, height and angle, to represent the physical dimensions of the gripper in
image space. We use the rectangle to extract the image of the graspable region, and
train a sparse dictionary learning approach in an unsupervised manner. The trained
approach is used to transform the image into a feature vector, which is fed to a linear

support vector machine classifier.

Using the Cornell dataset (Jiang et al., 2011), we evaluated a total of thirty-six sparse
dictionary learning approaches on the problem of rectangle classification, and keep the
five best ones for the problem of rectangle detection. Results show that the ability of
sparse dictionary learning to learn good representations on noisy data helps to obtain
better performance than the previously proposed neural network approaches. This also
allowed us to better understand the advantages and disadvantages of neural networks,

as well as provide us with more insight on certain limitations of the Cornell dataset.

A residual network for grasp localization (Chapter 5)

As second contribution, we extended the network architecture of Redmon and Angelova
(2015) for grasp detection to include residual learning (He et al., 2016a,b). The net-
work is designed to perform multitask learning, where one head produces a confidence

map indicating the grasp success probability in forty-nine distinct regions, while the



second one predicts one grasp rectangle in each region. We further address the spatial
information loss in the error signal on the confidence map caused by global average
pooling (Lin et al., 2013).

To evaluate our approach, we present an empirical evaluation on the problem of grasp
localization. We then compare our network to the previous one of Redmon and An-
gelova (2015), as well as the sparse dictionary learning approaches implemented for
our comparative study. Results on the Cornell dataset (Jiang et al., 2011) show that
our network with residual connections is easier to train than the one without residual
connections and obtains better accuracy. We also performed better than the sparse

dictionary learning approaches when considering processing speed.

A parametric activation function (Chapter 6)

In this contribution, we propose a new parametric activation function for deep neu-
ral networks. Even though many activation functions have been proposed over the
past few years (Klambauer et al., 2017; Ramachandran et al., 2017; Scardapane et al.,
2017), it is still an active domain of research. In this work, we looked at the advantage
of parameterizing the Exponential Linear Unit (ELU). Parameterization can improve
convergence and help find better solutions, as it was observed with the Parametric
ReLU (PReLU) (He et al., 2015). Indeed, the PReLU learns a non-negative slope for

negative entries and helps reduce the number of dead units.

We propose learning two parameters, each one controlling a different aspect of ELU.
The first one adapts the saturation negative value for negative entries, and the second
one changes the exponential decay towards the saturation. We evaluated our activation
function on object recognition using the standard MNIST, CIFAR 10/100 and Ima-
geNet 2012 datasets. Results showed that networks using our Parametric ELU (PELU)
obtained better performance than using the non-parametric ELU. We observed that the
networks learned different forms of parameterization. Some PELU looked like ReLLU and
favored sparse outputs, while others had large negative saturations to deal with bias
shift.

A soft parameter sharing network architecture for multitask learning
(Chapter 7)

In this contribution, we introduce a new soft parameter sharing mechanism for deep

neural networks. An interesting property of a good representation is that it contains



factors of variation shared across more than one tasks. A standard way to adapt a deep
neural network to this multitask learning setting is to have a shared central section with
one head per task. Task-specific features will compete together and those relevant to all
tasks will be favored. The architecture has however some constraints. Features relevant
to all tasks may not be able to extract high-level features specific to a particular task.
Such high-level features may be needed to obtain a good representation for the said
task.

Based on the recent advances in residual learning, we propose a new soft parameter
sharing mechanism integrating lateral skip connections. This mechanism uses two non-
linear transformations. The first one aggregates the features of the task-specific hidden
layers using a concatenation and creates a set of global features. The second one is a
local aggregation, which we integrate with each layer of each task. It first transforms the
global features and those of the specific layer into local features, and then integrates
them with a residual connection. The global aggregation using concatenation allows
combining different concepts from specific tasks into new shared features, and the local
aggregation with a residual connection allows integrating back this new shared features

only if it helps the specific task.

We evaluated our approach on facial landmark detection in a multitask setting. Our re-
sults show that our architecture obtains state-of-the-art performance. We also confirm
with an ablation study, that was purposefully designed to impede knowledge sharing be-
tween the tasks, the known fact that landmark localization depends on face orientation.

This constitutes an empirical evidence of information transfer between domains.

Thesis Outline

This thesis is organized as follows. Chapter 1 presents the background material on
representation learning. It defines the task of representation learning and presents im-
portant prior beliefs to guide the search for the relevant factors of variation. Then,
the following chapters present three practical frameworks that each implements one
or more of these prior beliefs. Chapter 2 covers Sparse Dictionary Learning, Chapter 3
covers Deep Learning and Chapter 4 covers Multitask Learning. Afterwards, the follow-
ing chapters correspond to our contributions. Chapter 5 presents our empirical study
on the problem of grasp localization, where we compare thirty-six sparse dictionary
approaches and evaluate our proposed adaptation of residual network. Chapter 6 intro-

duces a novel parametric activation function. Based on previous work on the Parametric



Rectified Linear Unit, we propose learning a parameterization of the Exponential Lin-
ear Unit. Chapter 7 presents our soft parameter sharing mechanism for deep neural
networks. In a multitask setting, our aggregation blocks allow extracting high-level fea-
tures specific to a particular task as well as learn features relevant to all tasks. Finally,
the thesis is concluded with a summary of our contributions and research avenues for

future work.

Publication Notes

In Chapter 5, the work related to sparse dictionary learning appeared in (Trottier et al.,
2017d), and the work related to residual network appeared in (Trottier et al., 2017b).
The work of Chapter 6 appeared in (Trottier et al., 2017c), while the work of Chapter 7
is published online (Trottier et al., 2017a). We have also published works that we did
not include in the thesis, since they are related to speech recognition. They appeared
in (Trottier et al., 2015b) and in (Trottier et al., 2015a).



Chapter 1

Background Material on

Representation Learning

In this chapter, we present background material on Representation Learning. We start
in Section 1.1 with its definition, which can be summarized as the task of learning
a representation that captures the underlying factors of variation that generated the
data. In Section 1.2, we explain that representation learning approaches can rely on prior
beliefs to guide their search. To this end, we review important prior beliefs that have

been proposed over the last few years. We finally conclude the chapter in Section 1.3.

1.1 Definition

The difficulty of an information processing task depends on the way information is
presented. This is a general principle that is not only applicable in machine learning,
but also in computer science and in science in general. For instance, take the polar
and Cartesian coordinate systems. A point P in space can be described with standard
Cartesian coordinates as P = (x,y), or can be converted into polar coordinates using
the relations that x = r cos 8 and y = rsin #, where r is the radial distance and 6 is the
angular coordinate. We often use the Cartesian coordinate system for our computations
because we are more familiar with it. But it is not always the best system for all tasks.
For example, the polar coordinate system can be more appropriate when performing
integrals over a region D that cannot be described in terms of simple functions in the
Cartesian coordinate system. This is the case when D is a circle or an intersection of
more than one circle. The use of Cartesian coordinates in this case makes the double

integral more difficult to compute due to the peculiar limits of the inner integral.



The overall idea of Representation Learning is similar to the idea of using polar coor-
dinates when integrating over an unusual region D: to make the initial problem easier.
The difference is that representation learning is developed in a context of machine learn-
ing, where the goal is to learn a feature representation of the original input observations
that will facilitate a machine learning approach to obtain statistical generalization. In
this case, the feature representation must capture the underlying factors of variation
that generated the data to make the initial problem (that is, the learning problem)

easier.

The difficulty of this task is to disentangle the factors of variation that are relevant
from those that are irrelevant. To better illustrate this difficulty, consider the following
problem. Suppose we define a classification problem where the goal is to classify geo-
metric figures. For the sake of the argument, consider only binary classification where
the task is to classify between squares and rectangles. In this simple case, we can define
two factors of variation to generate the geometric figures: one for the length of the
edges, and the other for the angle at which the edges are connected. On one hand, the
underlying factors of variation that generate the squares must comply to the following
rule: a figure with four straight edges connected perpendicularly, where all four edges
have the same length. On the other hand, the underlying factors of variation that gen-
erate the rectangles must comply to the following rule: a figure with four straight edges
connected perpendicularly, where each pair of opposite edges have the same length. In
other words, a square and a rectangle differs only with respect to the length of their
edges, since they both have the same angles. Therefore, the factor of variation corre-
sponding to the angle at which the edges are connected is irrelevant for our task. Only
the factor of variation corresponding to the length of the edges is important, since it is

the only one that can discriminate between a square and a rectangle.

The previous example is simple (it has only two factors), but it can help us better
understand the difficulty of disentangling relevant factors of variation from irrelevant
ones. Consider again the classification problem between the squares and the rectangles,
but this time with factors of variation shared between the geometric figures. For exam-
ple, there could be a factor of variation for the thickness of the edge, for its color, for
the scale of the figure, for its orientation, and so on. These factors would be applied
to all geometric figures, yet only the one corresponding to the length of edges would
be relevant for our task. This can be complexified further if we allow certain factors to
be applied on specific geometric figures. For instance, rectangles could be constrained

to always be blue and squares could be constrained to always be green. In this case,
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color becomes relevant to our task, since it can be used to discriminate between a square
and a rectangle. However, discriminating with color can be risky, because color does not
properly characterize a square or a rectangle. It helps for the classification problem, but
could be detrimental for other problems where different geometric figures could have
the same color. This is a concern because we want our learned feature representations

to be usable in most contexts.

How can we then design a learning framework to help a learning algorithm to disentangle
the factors of variation that are relevant from those that are irrelevant? One of the main
strategy employed to achieve this goal is to introduce clues to guide learning towards
the relevant ones. These clues can take many forms, but one clue that is common in
machine learning in general is labels associated with an observation. A label indicates
that an observation belongs to a specific object category and directly specifies at least
one factor of variation that generated the observation. For instance, if we consider
the classification problem introduced earlier, using a label indicating the color of the
geometric figure would directly specify the factor of variation corresponding to the color
of the edges. The labels can also be more generic and determine a group of factors of
variation. For instance, the label indicating that a given figure is a square informs that
the factors of variation found in the given figure are associated with those that make
up a square. Using labels is the most efficient strategy to provide a strong clue about

the relevant underlying factors of variation.

Representation learning can also rely on another strategy that makes use of other,
more indirect clues about the underlying factors of variation. These clues take the
form of prior beliefs, which are regularization strategies that reflect a preference for
specific characteristics over others. The use of prior beliefs can be motivated by learning
principles from biology, psychology or other branches of machine learning, but it can
sometimes be motivated by intuition. The fact is that all prior beliefs can be relevant,
whether they are motivated by a long-established guiding principle or by intuition
alone. This is due to a consequence of the No Free Launch (NFL) theorem (Wolpert
and Macready, 1997) that informs us that a universally superior regularization strategy
does not exist. The main challenge is rather to find a set of fairly generic prior beliefs

that can be applied to a set of tasks that we consider important.
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1.2 Review of Important Prior Beliefs

The following sections provide a list of common prior beliefs that can be used to guide
the learning algorithm to find the relevant factors of variation. The list has been created
mostly by Bengio et al. (2013) and has further been extended by Goodfellow et al.
(2016). The list is not exhaustive but reflects most of the priors beliefs that have been

proposed over the last few decades.

1.2.1 Multiple Explanatory Factors

The multiple explanatory factors prior belief states that data generation is governed by
underlying factors of variation. It also suggests that for the most part, what is learned
about one factor generalizes to the configuration of the other factors. A representation
subject to this prior belief would therefore try to recover or at least disentangle the
underlying factors of variation. This is a general prior belief and is at the root of the

majority of representation learning approaches.

1.2.2 Distributed Representations

The characteristic of a representation to be distributed is fundamental in representation
learning. A distributed representation is composed of elements that can be set separately
from each other. It contrasts with the local or symbolic representation, where only
one element can be set at a time. For instance, the feature representation computed
by the K-Means algorithm (MacQueen et al., 1967) is a binary vector with one at
the position of the nearest cluster and zero everywhere else. There can be only one
nearest cluster !, which means that a K-dimensional feature representation is needed
to describe K concepts. In contrast, a learning algorithm that extracts a binary feature
representation by thresholding K linear functions of the input in R? can distinguish
between O(K?) regions (Pascanu et al., 2014).

Distributed representations are more expressive than local representations. In general,
the number of concepts that a distributed representation can distinguish is exponential
in the input dimensionality d and polynomial in the number K of linear functions.
When confronted with complex observations that have an intricate latent structure,
the distributed representation will more efficiently describe the underlying factors of

variation from the data than a local representation.

I Ties are broken at random
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1.2.3 Simplicity of Factor Dependencies

The simplicity of factor dependencies suggests that the elements of a good representa-
tion should be related to each other through simple dependencies. The simplest type
of dependency is independence, which states that the value of one element conveys
no information about the values of the others. A representation where elements ex-
hibit independence can be useful to leverage simple approaches, like the Naive Bayes
classifier (Murphy, 2006).

The linear dependency is also a reasonable type of dependency. It states that a linear
variation of an element changes linearly the values of all other elements. A representa-
tion where all elements are related to each other through linear dependencies can also
be useful to leverage simple approaches, like the Linear model (Seal, 1967). Beside, we

used this prior belief in our introductory example in the introduction chapter.

1.2.4 Sparse Representations

Sparsity is an example of a prior belief that is motivated by intuition. It suggests that
only a small number of factors of variation are needed to explain an observation z. A
feature representation subjected to the sparsity prior belief is constrained to have its
binary features (that can either be inactive or active) to be inactive most of the time.
It is also constrained to have any non-binary features to behave as much as possible
as binary features by constraining them to be either inactive (a value exactly at zero)

most of the time or active (a value largely different from zero) on rare occasions.

Sparsity follows from the more general Occam’s razor principle, also known as the law of
parsimony (Blumer et al., 1987). The Occam’s razor principle states that: “Among com-
peting hypotheses, the one with the fewest assumptions should be favored.” (Wikipedia,
Occam’s razor). Informally, it states a preference for what is simple over what is com-

plex.

This preference is often used as a guiding principle when developing models in science.
It has been observed in humans and is believed to be an intrinsic property of our psy-
chology (Rubin et al., 2010; Alter and Oppenheimer, 2006; Alter et al., 2007; Cannon
et al., 2010; Corley et al., 2007). For instance, a study has shown that deliberately
increasing the complexity of your vocabulary when writing a text has a negative im-
pact on judged intelligence (Oppenheimer, 2006). Another study has shown that using

words that are difficult to pronounce fosters the impression of higher risk (Song and

13



Schwarz, 2009). Moreover, another study has shown that consumers can be influenced
to prefer a product over another by using an easy-to-read font during the presentation
of the product (Novemsky et al., 2007). These studies indicate that we have developed
a preference for what is simple throughout history, which motivates the use of the Oc-
cam’s razor principle as a heuristic to guide the development of representation learning

approaches.

1.2.5 Hierarchical Representations

The hierarchical prior belief states that high-level abstract concepts can be defined in
terms of low-level simple concepts. Organizing concepts in such a way forms a hierarchy
with different levels of abstraction, where low-level concepts appear at the bottom of
the hierarchy and high-level ones appear at the top. A hierarchy is a way of organizing
things that is often seen in nature. We have observed it, for instance, in the human
body, in astronomical objects and in dominance hierarchies of groups of social animals.
The idea of this prior is thus to allow a hierarchical organization to naturally occur
during representation learning. We will see in Chap 3 an instance of naturally occurring

hierarchical organizations in deep neural networks (Zeiler and Fergus, 2014).

1.2.6 Shared Factors Across Tasks

The shared factors across tasks prior belief states that a feature representation should
capture similar factors of variation from tasks with similar types of observations. This
prior belief is motivated by the fact that we can perform complex and unrelated tasks
even though we have access to only one biological neural network. The brain only uses
stimuli from the sensory nervous system, yet it is able to differentiate sensory signatures
arising from different contexts. And with these signatures, the brain settles its neural

activity to create a consistent representation of the world.

The idea is thus to learn a consistent feature representation from more than one source
of information that is usable for more than one task. A certain subset of the features
will be relevant for a first task, another subset will be relevant for a second task, and

so on, so the overall feature representation is relevant for all tasks.

1.2.7 Smoothness

The smoothness prior belief states that the mapping f that we want to learn should be

smooth, that is, f(z) =~ f(z + ed) for a random unit direction d and a small scalar €. In
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other words, it states that f should be locally consistent, which means that it should
not change abruptly within a small region. Using smooth mappings has the advantage
of lowering overfiting (Goodfellow et al., 2016), since their smoothness prohibits them
from complying to insignificant variations of the inputs. However, smoothness alone
cannot overcome overfitting arising from the curse of dimensionality (Goodfellow et al.,

2016).

1.2.8 Causal Factors

The causal factors prior belief states that a representation learning approach should
compute a feature representation that treats the factors of variation as the causes of
the data. Causation is different from standard statistical dependency, from which most
representation learning approaches rely on. The difference between causation and sta-
tistical dependency can be explained with the following example. It is well-known that
smoking is correlated with alcohol abuse, but smoking does not cause alcoholism (Reed
et al., 2007). The comorbidity of smoking and alcoholism is a statistical event that
should not be treated as a causal event. On the other hand, stressful environments,
drinking at an early age or depression can cause alcohol abuse, which can cause alco-

holism when the circumstances are propitious (Blanco et al., 2013).

In a similar vein, the causal factors prior belief suggests that the factors of variation
should be treated as the causes underlying the generation of the data. It proposes to
switch from standard statistical learning to causal learning. However, causal learning
is more difficult than statistical learning (Pearl et al., 2009), but can also be more
rewarding. The feature representation can become invariant to changes in the distribu-
tion of the underlying causes when establishing causal relations instead of statistical
relations (Goodfellow et al., 2016).

1.2.9 Manifolds

The manifolds prior belief states that a feature representation should explicitly learn the
structure of the data manifold. The term manifold is often used in statistical learning to
denote a region of low dimensionality where a probability distribution concentrates its
mass. This assumption has been confirmed in real-world observations, such as images,

sounds and texts.

One simple way to show the existence of the manifold of real-world images is to run the

following experiment (Goodfellow et al., 2016). Take a high-resolution image of an ob-
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ject and try to replicate that image by sampling a uniform distribution over the pixels
of the image. After a few tries, it becomes apparent that it would take an overwhelm-
ing number of tries to do so. The uniformly sampled images do not look like real-world
images, but rather look like static white noise. This reveals that the distribution of
real-world images is not well-approximated by the uniform distribution, which points
toward the conclusion that real-world images lie in a region of low dimensionality char-
acteristic of a manifold. The fact that real-world observations exhibit a data manifold
motivates the idea that the feature representation should directly learn the structure

of the manifold.

1.2.10 Natural Clustering

The natural clustering prior belief suggests that each connected manifolds in input
space should be grouped together and be assigned to a single class. The overall data
distribution may be constituted of more than one disconnected manifolds, but all ob-
servations within a group of connected manifolds should be conceptually identical. The
idea of grouping similar observations together is coherent with how we tend to group

objects with similar characteristics into a category.

1.2.11 Temporal and Spatial Coherence

The temporal and spatial coherence prior belief states that important factors of variation
change slowly over time or space. This prior is appropriate when learning a feature
representation on observations like signals that have temporal coherence or images
that have spatial coherence. A feature representation subject to temporal or spatial
coherence will be able to interpret incoherent changes in raw input space as coherent

changes in the space of factors of variation.

1.3 Conclusion

In this chapter, we introduced prior beliefs for representation learning. The difficulty
of learning a feature representation capturing the underlying factors of variation is to
disentangle those that are relevant from those that are irrelevant. Prior beliefs can be
used as a heuristic to reflect a preference for specific factors of variation and can be

used to guide the learning algorithm towards them.
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So far, the presentation of the prior beliefs has been conceptual and abstract. In the fol-
lowing chapters, we will introduce three practical learning frameworks that make use of
one or more of these prior beliefs. In Chapter 2, we start with Sparse Dictionary Learn-
ing (SDL). SDL is a subfield of representation learning that implements approaches
based on the sparsity prior belief. Then, we will introduce Deep Learning in Chapter 3,
which focuses on the task of training deep neural networks. A deep neural network
implements the hierarchical, the distributed and the simplicity of factor dependencies
prior beliefs. Finally, we will introduce Multitask Learning in Chapter 4, which deals
with the problem of learning many tasks in parallel. Approaches in this category focus

on the shared factors across tasks prior belief.
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Chapter 2

Background Material on Sparse

Dictionary Learning

In this chapter, we present background material on Sparse Dictionary Learning (SDL).
SDL is a framework that implements the sparsity prior belief that we introduced in
Section 1.2.4. We start in Section 2.1 with a definition of this framework. In particular,
we detail the difference between feature coding and dictionary learning, and also the
importance of whitening and sparsity measures. Then, we present a review of important
feature coding approaches in Section 2.2, such as Feature Sign Search, Matching Pursuit,
Least Angle Regression and Marginal Regression. Finally, we present a review of im-
portant dictionary learning works in Section 2.3, such as Method of Optimal Direction,

Gradient Descent, Online Dictionary Learning and Gain Shape Vector Quantization.

2.1 Definition of Sparse Dictionary Learning

Sparse Dictionary Learning (SDL) poses that an observation can be decomposed as
a sparse linear combination of atoms from a dictionary. In its generative form, the

approach can be formulated as follows:

p(D) o ﬁ Uniform(D.;), |D.4ll3 <1, (2.1.1)

- ]Nl X |
p(w?) o 11 5 e (=N w]) (2.1.2)
p(x(i)u)7 w(z‘)) — J\/'(x(z‘)u)w(i)7 02]) . (2.1.3)
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where ¥ € R, fori € {1... N}, are the observations, N is the number of observations,
n is the dimensionality of the input ¥, D € R™? is the dictionary whose columns
D. ; represent the atoms, d is the number of atoms, and w® e R? is the sparse weight

vector describing the linear combination Dw®.

Eq. (2.1.1) poses a priori that the dictionary atoms D.; are independently and uni-
formly distributed inside a n-dimensional unit hypersphere. The restriction on the norm

is necessary to avoid divergence during optimization.

Eq. (2.1.2) defines sparsity on the weight vector w'® by assuming that the weights are
a priort independent and distributed according to a Laplace distribution centered at 0
with an inversed scale parameter \. Parameter \' governs the magnitude of the peak

of the distribution and can be tuned to adjust the sparsity.

Finally, Eq. (2.1.3) defines the likelihood and poses that observation 2@ can be modelled
by a normal distribution centered at the estimate Dw® with an isotropic variance o2.
This distribution expresses the magnitude of acceptable biases between the observation

2% and its estimate Dw®.

A standard SDL approach is divided into a dictionary learning phase and a feature
coding phase. The goal of the dictionary learning phase is to train a dictionary D to
capture the latent structure of the data, while the goal of the feature coding phase is to
compute the feature representation of an observation ¥ using dictionary D. During
both phases, the generative formulation given by Egs. (2.1.1), (2.1.2) and (2.1.3) are
used as the underlying principle of the approach. In the following sections, we will

introduce them both, starting with feature coding, then dictionary learning.

2.1.1 Feature Coding

In SDL, the feature representation of observation ¥ computed during feature coding

is defined as the weight vector w® that maximizes the a posteriori distribution of
Eq. (2.1.3).

Derivation

Assuming we have a dictionary D, the feature coding task can be expressed as the

following optimization:

w = argmax p(w® |z, D) (a posteriori distribution) (2.1.4)

w(®)

19



= argmax p(z@|w®, D)p(w®|D) (Bayes rule) (2.1.5)

w(®

= argmax p(z®|w®, D)p(w™) (independence assumption) (2.1.6)
w(®

= argmin — log p(z|w®, D) — log p(w”) (properties of log) (2.1.7)
w(®)

= argmin ||z — Dw® |2 + Xw®||; . (Eq. (2.1.3) and (2.1.2)) (2.1.8)
w®

As shown in Eq. (2.1.8), the goal of feature coding is to find the sparsest weight vector
w® such that Dw" is a good estimate of 2(". The problem is defined as a ¢;-penalized
least square optimization. The quantity to be minimized is the residual || Dw® — 2?2
(squared Euclidean norm of the residue r = Dw® — 2@) and the penalty term is the

/1 norm on the weight vector:

d
0 (w®) = 0 = 3 ] (2.1.9)
k=1

Parameter \ governs the importance of minimizing the penalty term ¢;. A large A
value will put more emphasis on minimizing the penalty [Jw®]||; (at the expense of
having a large residual ||[Dw® — 2|2, while a small A value will put more emphasis

en minimizing the residual ||Dw® — 2@||2 (at the expense of having a large penalty
lw®11).

Role of Sparsity

The ¢; penalty term in Eq. (2.1.8) has a direct influence on the sparsity of the solution.
To understand how, we can look at the geometry of the solution set under different types
of penalty. An example using the /5, ¢; and {y 5 penalties is shown in Figure 2.1. With
a {5 penalty, the solution set is circular. In this case, the optimal penalized least-square
solution will rarely be positioned on the axis where the majority of its elements are zero
(Figure 2.1 (a)). With the ¢; penalty, the solution set is rectangular. In this case, the
penalized least-square solution will often be localized at the corners where most of its

elements are zero. This can also happen with the ¢y 5 norm due to its concave solution
set (Figure 2.1 (b)).

The sparsest weight solution w® that minimizes the penalized least-square problem
of Eq. (2.1.8) is an accurate feature representation of observation 2. This is because
the weight values reflect the importance of each atom D.; in the linear combination.

Large weight magnitudes indicate the presence of factors of variation from which 2
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Figure 2.1: Geometric intuition illustrating why ¢,, p < 1, leads to sparsity on a two-
(i)

1 1s the optimal least-square solution minimizing

dimensional example. The vector w

|2 — Dw® |2, and the vector wgl is the optimal penalized least-square solution min-

imizing ||z9 — Dw®||2 + M, (w™). In (a), the penalty is the £, norm, while in (b) the
penalties are the ¢; and {5 norms. The solution set in (a) is circular, which means that

the solution wz(,?s will rarely be positioned on the axis where the majority of the weights

are equal to zero. In (b), the solution set is rectangular, which means that the solution
w® will often occur at the corners corresponding to a sparse w

ls pls*

is composed, and low weight magnitudes indicate the absence of factors of variation
unrelated to 2. As a result, observations that share these factors of variation will have
weight vectors with similar entries that are non-zero. This is an important characteristic
of the representation because observations will be similar in the feature space even
though they may look different in the original image space. This allows the classifier

trained on top of the features to better capture the relations between the observations.

Apart from constraining the solution set of the least-square optimization problem, spar-
sity has another important advantage: it restricts the number of factors of variation that
can explain the data. This restriction is enforced in the solution w to Eq. (2.1.8) by
the requirement to have few active atoms, i.e. atoms with a corresponding weight value
not equal to zero. This places constraints on the type of dictionary atoms D. ; that can
be used to minimize both the residual and the ¢; penalty. As a result, predefined dic-
tionaries D will rarely contain the necessary atoms to well represent the data. For this

reason, we rather learn the dictionary D from the data, which we refer to as dictionary
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learning. We now introduce this framework in the next section.

2.1.2 Dictionary Learning

The goal of the dictionary learning phase is to learn a dictionary D such that feature
coding can find weight vectors w” where both the residual and the penalty term are
small, for all inputs 2. One of the key principles of dictionary learning is that atoms
D. ; are learned from the data. Previously to SDL, the standard practice was to use an-
alytically predefined dictionaries, such as Discrete Cosine Transform (DCT) or Wavelet
Transform (WT). These fixed dictionaries were rarely flexible enough to well represent

the data, and were usually used only on specific tasks (Zhang et al., 2015).

Derivation

Similarly to feature coding, SDL defines dictionary learning as finding the dictionary
D that maximizes the a posteriori distribution of Eq. (2.1.3). Let X = {z@}Y | be the
set of all N ii.d observations z® and W = {w®}¥ | be the set of all weight vectors

w. The task is expressed as the following optimization problem:

D = argmax p(D|X) (a posteriori) (2.1.10)
D
= argmax p(X|D)p(D) (Bayes rule) (2.1.11)
D
N .
= argmapr(a:(l)|D) (i.i.d assumption) (2.1.12)
bia
N . . . .
= argmaXH /p(x(z)]w(l), D)p(w?|D)dw (sum rule) (2.1.13)
bia
N . . .
R~ argmaxH m(a;cp(x(’)m(z), D)p(w®) (approximation) (2.1.14)
b v
N . . .
= argmin minz —log p(zW|w®, D) — log p(w™) (properties of log) (2.1.15)
b Wi
N . . .
= argminmin Y _ ) — Dw®|[3 + Aw® ], (Eq. (2.1.3) and (2.1.2)) (2.1.16)
b Wi

As shown in Eq. (2.1.16), the goal of dictionary learning is to find a dictionary D

such that feature coding can find the sparsest weight vector solutions w® having small
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residual values. It is defined as a nested optimization of the penalized least-square

problem over both D and w®.

Alternating Minimization

Minimizing (2.1.16) for both the dictionary D and the weights w® is however compu-
tationally expensive. This is due to the interleaving dependency between D and all w®
in the nested optimization problem. More viable alternatives rather make use of the
Alternating Minimization scheme to perform the minimization (Kreutz-Delgado et al.,
2003). Approaches based on alternating minimization sequentially improve an estimate
of the optimal solution in a greedy fashion until convergence. The greedy step per-
forms approximate optimization over a subset of the unknown variables by considering
the others as fixed. They are usually applied on optimization problems that are either
too computationally demanding to solve directly or that do not admit an analytical

solution.

A general alternating minimization approach usually works as follows. Step 1, deter-
mine the initial value of the solution at random. Step 2, minimize the objective with
respect to a subset of the variable by considering the variables outside the subset as
fixed. Step 3, minimize again the objective, but this time with respect to the variables
outside the subset by considering the variables inside the subset as fixed. The algorithm
alternates between step 2 and 3 until the loss function agrees with a determined con-
vergence criterion, which is algorithm-specific. During step 2 and 3, the values of the

fixed variables are those computed during the previous iteration.

Alternating Minimization for Dictionary Learning

In the case of dictionary learning, step 1 corresponds to initializing both the dictionary
D and the weights w® at random. Then, step 2 corresponds to minimizing Eq. (2.1.16)
with respect to all w® considering D fixed. Finally, step 3 corresponds to minimizing
Eq. (2.1.16) with respect to D considering all w” fixed. The convergence criterion can
be either when the loss function of Eq. (2.1.16) reaches a target value or when the
magnitude of the dictionary updates are smaller than a target value (Kreutz-Delgado
et al., 2003).

Note that when minimizing Eq. (2.1.16) over all w® considering D fixed (in step 2), we
can invoke the i.i.d. assumption of the observations ¥ to simplify the optimization.

Instead of minimizing the penalized least-square jointly over all w® simultaneously,
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Algorithm 2.1 Dictionary Learning with Alternative Minimization.

Require: Dataset X, penalty A and number of iterations 7.
Ensure: |D jllo=1,Vje{l...d}
1: Initialize dlctlonary D: D.; ~Uniform(0,1),Vje {1...d}

D.;
2: Constrain the norm: D, ; < —— Vj e {1...d}

1D.512 g||2
3: fort=1...T do '
4:  Minimize Eq. (2.1.16) over all w® considering D as fixed:

w® « argmin ||z@ — Dw® |2 + \|w®||;, vie{l,...,N}

w(®)

5 Minimize Eq. (2.1.16) over D considering all w® as fixed:

N
D <« argmin 2 — D@2
gD Z I B

=1

D.;
6:  Constrain the norm: D, ; +— —>— Vj e {1...d}
HD 7]||2

7. end for
return D

*

we can minimize the penalized least-square over each ¢ individually. The task can be

defined as follows:

w® = argmin ||z — Dw®||2 + AJw?|, Vie{l,...,N}. (2.1.17)

w(®
In other words, the optimization task of step 2 comes down to performing feature
coding N times over all observations z” using the most recent updates of D. As for
the minimization of Eq. (2.1.16) over D considering all w? as fixed (in step 3), this is

simply a least-square optimization:
N
D = argmin Y _ ||z — Dw®|f3. (2.1.18)
b=

Overall Dictionary Learning Algorithm

A description of the overall dictionary learning approach is presented in Algorithm 2.1.
The algorithm starts by initializing the dictionary D (line 1) and by constraining the
dictionary atoms to the unit hyper-sphere (line 2). Then, the following three steps are
performed for T iterations. First, perform feature coding on all observations z® (line 4).

Second, update the dictionary D by minimizing Eq. (2.1.18) (line 5). Third, constrain
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the dictionary atoms to the unit hyper-sphere (line 6). The algorithm ends at line 8 by

returning the learned dictionary D.

Convergence Properties of Alternating Minimization

The global dictionary learning problem of Eq. (2.1.16) is non-convex (Mairal et al.,
2014). That is, the joint minimization of Eq. (2.1.16) with respect to both the weights
w and the dictionary D is non-convex. This means that in general, we have no guaran-
tees that the solution will be the global minimum. However, we can still have theoretical
guarantees about convergence. Indeed, note that even though Eq. (2.1.16) is jointly non-
convex, it is convex in the weights w® considering the dictionary D as fixed and it is
convex in the dictionary D considering the weights w as fixed (Mairal et al., 2014).
In this case, it can be shown that the alternating minimization scheme, from which
Algorithm 2.1 is based, always converges to a stationary point (Xu and Yin, 2013).
This means that as long as the dictionary learning approach comply to the formula-
tion of Algorithm 2.1, they are ensured to converge. In our review of the important
dictionary learning approaches in Section 2.3, most will comply to the formulation of
Algorithm 2.1. Thus, we will not specify the proof of convergence for them, only for

those that do not comply to Algorithm 2.1.

Dictionary Learning Example on Images

To better illustrate what a dictionary D looks like, we trained one on a real-world im-
age and showed it in Figure 2.2. We used as observation the image Raccoon Procyon
Lotor (PIXNIO, 2018) and optimize the dictionary following Algorithm 2.1 *. We first
extracted at random 35,000 small 12 x 12 patches from the image and used their vec-
torized 144-dimensional vector as observation 2. We then trained a dictionary D of
d = 256 atoms with a value of A = 0.05 on the penalty term. The image at the bottom
left of Figure 2.2 shows all 256 de-vectorized 12 x 12 dictionary atoms D. ;.

The visualization of the learned dictionary D reveals an interesting structure that was
learned from the data. In particular, it shows that the dictionary has learned atoms
that look like Gabor filters. For comparison, an example of a dictionary of Gabor filters
is shown at the bottom right of Figure 2.2. A Gabor filter is characterized by its impulse
response that is defined with a sinusoidal plane wave (in 2D) multiplied by a Gaussian

kernel. We can use them to detect the presence of image content with a specific frequency

1To be more precise, we used a specific instantiation of Algorithm 2.1 from Mairal et al. (2010)’s
work. This approach will be detailed in Section 2.3.4.
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Figure 2.2: Dictionary learning on the Raccoon Procyon Lotor image. A total of 35,000
patches with dimensions 12 x 12 were extracted and a dictionary of 256 atoms was
trained with Mairal et al. (2010)’s instantiation of Algorithm 2.1. Figure (a) at the
top is the training image, figure (b) at the bottom left shows all 256 learned dictionary
atoms, and figure (c¢) at the bottom right shows 256 Gabor filters. A visual inspection of
the learned dictionary reveals that the atoms share similarities with Gabor filters. Gabor
filters have been claimed to be similar to those of the human visual system (Maréelja,
1980; Daugman, 1985, 1980; Mély and Serre, 2017), which suggests that the dictionary
has captured factors of variation considered valuable by the human visual system.

at a specific location. For instance, they have been used in previous works on texture
analysis with great success (Fogel and Sagi, 1989; Jain and Farrokhnia, 1991).

What makes Gabor filters particularly special in our case is that they have been claimed
to be similar to those of the human visual system (Marcelja, 1980; Daugman, 1985, 1980;
Mély and Serre, 2017). The fact that our dictionary has learned atoms that look like
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Gabor filters suggests that the dictionary can capture factors of variation considered
valuable by the human visual system. A closer evaluation of the learned dictionary also
reveals that some atoms are more complex than Gabor filter. These factors cannot be
expressed easily as Gabor filters, which shows that the dictionary has learned features
that are not easily expressed in simple analytical terms, i.e. a product of a sine with an
exponential. This ability to discover factors of variation for which we do not have a clear
analytical representation is what we expect from a representation learning approach,

like sparse dictionary learning.

2.1.3 ZCA Whitening

Whitening plays an important role when learning a dictionary D. This transformation
is a decorrelation transformation that aims to transform a set of observations having
a covariance matrix C' to a new set of observations having an identity covariance ma-
trix I. In other words, its goal is to remove linear dependencies. This is particularly
advantageous in the context of dictionary learning because nonlinear dependencies are

easier to capture when the linear ones are removed.

Let X = [z ... 2®™)] be the matrix containing in its columns all observations z*.
Suppose that the data are centered and let the covariance matrix C' = E [X X T} have
the eigendecomposition C' = VDV ", where eigenvectors are in the columns of V' and
the eigenvalues are in the diagonal of D. The whitening transformation is given by
matrix W = D72V so that the whitened data Y = WX have identity covariance

matrix:

E[YYT] =E[DV2VTXXTV(D /)T
— D_l/QVTCV(D_1/2)T
= DVAVIVDVIV(DTV2)T
=1

This transformation is also known as PCA whitening. However, it is not unique. Indeed,
whitened data stay whitened after any rotation. This means that W = RD~Y2VT, for
any orthogonal matrix R, is also a valid whitening transformation. In what is known

as ZCA whitening, we use V' as rotation matrix:

Wyea = VD V2VT (2.1.19)
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The important difference between W4, using R = V', and the other W, using any
orthogonal matrix R, is that W;c4 makes the whitened data as close as possible to the
original un-whitened data. The solution Wzc4 can in fact be defined as the solution to

the following optimization problem:

Wzca = argmin {IX -WX|r | E[(WX)(WX)T] =1} (2.1.20)
where || - || is the Frobenius norm. In other words, Wzc4 is the matrix that results in

whitened data Y = WX that are as close as possible to the original data X. This way,
the whitened data Y keep structural information and nonlinear dependencies related

to the original data which allows dictionary learning to learn natural atoms.

2.1.4 Sparsity Measures

The ¢, penalty in Eq. (2.1.8) leads to sparse solutions w® due to the geometry of the
solution set (we have seen why in Figure 2.1). We also briefly mentioned that the ¢y 5
penalty can also lead to sparsity, even though each penalty provides a different type
of sparsity. Using a similar reasoning, we can generalize these two cases and express a

general formulation of ¢, norms that lead to sparse solutions:

#{mw,(j) £ 0, k:zl,...,n} =0
() = no O\ P . (2.1.21)
(Z |w,<;>|p> 0<p<l1
k=1

The ¢y penalty norm is often used as alternative to the frequent ¢; norm. It is a direct
measurement of sparsity since it computes the number of non-zero entries in a vector.
In this case, the feature coding penalized least-square problem of Eq. (2.1.8) is defined

as follows:

w® = argmin ||z® — Dw®||2 + AJw®, . (2.1.22)

w(®

One concern when using ¢y as penalty term is its intractability. Natarajan (1995) has
shown that solving Eq. (2.1.22) becomes NP-Hard with a reduction to the NP-Complete
subset selection problem. Indeed, to find an optimal solution to Eq. (2.1.22) requires
iteratively searching over all candidate weight vectors w® having ~ or less active atoms.
For instance, starting with |[w®|, = 1, the algorithm would find all candidate solu-

tions with exactly 1 non-zero entry. It would then continue with |w®|, = 2 and find
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all (;) candidate solutions with exactly 2 non-zero entries. Finally, it would repeat

until ||w®||o = 7. At each step, the search for all Z would require an expensive com-

binatorial search, which would make the complexity of the whole search exponential.

The ¢y penalty is still often used in practice because we can get around the computa-
tional burden by solving Eq. (2.1.22) approximately. In the next section, we will review
approaches to do so. In particular, we will review greedy optimization that finds a so-
lution in v iterations, as well as one-shot optimization that finds a solution in a single
iteration. We will also cover iterative optimization for solving Eq. (2.1.8) with the ¢;

penalty.

2.2 A Review of Important Feature Coding
Approaches for the /; and /; Penalties

In this section, we review important works on feature coding. The goal of feature
coding approaches is to solve either the ¢;-penalized least-square optimization problem
of Eq. (2.1.8) or the {y-penalized problem of Eq. (2.1.22). We review the most important
ones, such as Feature Sign Search (FSS) (Lee et al., 2006), Least Angle Regression
(LARS) (Efron et al., 2004) and Marginal Regression (Donoho and Johnstone, 1995)
for the ¢, penalty, as well as Matching Pursuit (Mallat and Zhang, 1993) and Orthogonal
Marching Pursuit (Pati et al., 1993) for the ¢, penalty.

2.2.1 Feature Sign Search

Lee et al. (2006) proposed the Feature Sign Search (FSS) algorithm for optimizing
the penalized least-square of Eq. (2.1.8) problem under a ¢; penalty. The approach is
based on iterative optimization, where an estimate of the optimal solution is updated
sequentially. At each step, FSS keeps track of the set A of active atoms and consider
adding an inactive atom only if it locally improves the objective. Lee et al. (2006)
provided a proof that their algorithm always converges, and we refer the reader to their

work for details.

The approach is presented in Algorithm 2.2. Starting with an empty set A = {} of

active atoms (line 1), FSS first selects an inactive atom j as candidate to be added to
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Algorithm 2.2 Feature Sign Search

Require: Dictionary D, observation‘x(i) and parameter \.
1: Initialize approach: A = {}, w]@ =0and 0; =0, Vj € {1...d}, where §; €
{~1,0,1}.
while conditions of Eq.(2.2.7) and Eq.(2.2.8) are not met do
Select candidate based on absolute derivative. See Eq. (2.2.1).
Activate j only if it improves objective. See Eq. (2.2.2).
Compute new solution. See Eq. (2.2.6).
Perform discrete line search between w(

@ “and w® to find the point where the
objective is minimum. Update A and w® accordingly.
7: end while

A (line 3). The candidate atom j is determined using the following gradient rule:

0|z — Dw® |3

an(.“

J = argmax
J

: (2.2.1)

In other words, it selects the most influential atom j that has the highest absolute
derivative of the residual ||z" — Dw®||? with respect to the weight w](-i). Then, FSS
considers activating j only if its absolute derivative is larger than A (line 4). Activating

atom j comes down to adding j to set A and setting 6; to the negative sign of the

derivative:
( Ilz® — Dw® |2
6= —1and A aufy A - 2 2 5,
ow;
Ollz® — Dw® |2
b, —1and A auf;y A o l2 5, (2:2.2)
ow;
| reject otherwise.

where A is the weight on the ¢; penalty term. After activating (or not) a new atom,
F'SS solves an unconstrained quadratic program using only the active atoms (line 5).
Let D, @™ and 6 represent the dictionary, the weight vector and the sign vector of

active atoms only. The quadratic program to be solved is as follows:

w(i)w = argmin ||x(i) — Dw“)H% SEVARTICH (2.2.3)

ne
w(®)

Eq (2.2.3) can be solved analytically by equalling to zero the gradient of the penalized

objective with respect to w®:

0=—2D"(z" — Dol¥) )+ N0 (2.2.4)
2D"Dw® =2DTz® — g (2.2.5)
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ne

) - _ ) A=
@ = (D"D)y"Y(DTz® — 20)- (2.2.6)

Finally, FSS performs a discrete line search between @) and @, and selects the
candidate w with the lowest objective (line 6). The set of active atoms A, the sign
vector f and current solution w® are then updated according to the active and inactive
atoms in the candidate w. The approach stops when the following two conditions are

met:
9]z — Dw®|3
ow'?

J

+ A sign(w!”) = 0, Yl # 0 (2.2.7)

Bllz® — Duwd |2 |
‘ | Wl V') = 0 (2.2.8)

ow®

J

In other words, the approach stops when the active elements have reached a criti-
cal point (Eq. (2.2.7)) and when no inactive elements can be added to the active set
(Eq. (2.2.8), which is the reject case of Eq. (2.2.2)).

An important characteristic of FFS is its computational speed. Indeed, FSS reduces the
computational burden by using only the active atoms when optimizing Eq. (2.2.3). This
allows the approach to be used with large dictionaries. Indeed, the authors Lee et al.
(2006) were able to evaluate their approach on four large datasets with RGB images,
speech, stereo images and videos. They were able to extract good feature representations
with lower time burden. Their approach has also been used with great success on
other tasks, such as image classification (Yang et al., 2009; Long et al., 2013), texture
reconstruction (Xu et al., 2011) and 3D facial-expression synthesis (Lin et al., 2012).

2.2.2 Matching Pursuit

Matching pursuit approaches target the penalized least-square problem of Eq. (2.1.22)
under the ¢y penalty. They are greedy methods that lower the computational burden of
the NP-Hard optimization problem by searching for an approximate solution in a greedy
fashion. Instead of exhaustively searching over all solutions w” where |Jw(i)|lo < 7,
matching pursuit iteratively updates the solution w® one weight at a time until a stop

condition is met.

In order to better understand matching pursuit, we first express the penalized least-

square problem of Eq. (2.1.22) as the following constrained least-square problem:

w? = argmin |29 — Dw®||2 s.t. |w®]lp < 7. (2.2.9)

w(®)
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Algorithm 2.3 Matching Pursuit (Mallat and Zhang, 1993)

Require: Dictionary D, observation 2, upper bound v and threshold e.

1: Initialize the weight solution: w® = 0

2: Initialize the residue: r = 2

3: while |w?|o <~ or |r]|2 > ¢ do

4:  Find the most correlated atom j with the residue r: j < argmax |TTD:7j|

J
](-i) — wj(-i) + TTD:J
Update the residual: r < r — w§i) -D.;

end while
return w®

Update the weight solution: w

In other words, the task is to minimize the norm of the residue r = ¥ — Dw® subject
to the constraint that the ¢, norm of w® is upper-bounded by ~v. The residue r is
defined as the distance between observation ¥ and its estimate Dw®, and the upper

bound on the ¢, norm of w® enforces sparsity.

We can envision the solution set of Eq. (2.2.9) as being divided in two regions. The first
one contains solutions w® where ||w¥ ||y < v, and those solutions have an objective
value given by the residual ||z¥ — Dw®||2. The second region contains solutions w®

where [Jw® ][y > 7, and those solutions have an objective value of infinity.

There is a one-to-one correspondence between the penalized least-square problem of
Eq. (2.1.22) and the constrained least-square problem of Eq. (2.2.9). For a given A
value, there is a corresponding 7 such that w" is both a solution to Eq. (2.1.22) and
Eq. (2.2.9). The penalized or constrained formulation does not change the solution set
of the optimization problem. We only use it to make explicit that + has a direct control

on the maximum number of active atoms.

An overview of the matching pursuit approach by Mallat and Zhang (1993) is shown
in Algorithm 2.3. The approach starts with a weight solution w® = 0 (line 1) and a
residue r = @ — Dw® = 2@ (line 2). The goal is to iteratively reduce the residual
|7||2 by updating the weight solution w® one position at a time. The position j to
update is the one that has the highest correlation between its atom D. ; and the residue
r (line 4):

j + argmax |7’TD:J| where je{1,2,... d}. (2.2.10)
J

The weight solution w is updated at position j by adding the value of the correlation
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Algorithm 2.4 Orthogonal Matching Pursuit (Pati et al., 1993)

Require: Dictionary D, observation 2", upper bound
1: Initialize the set of active atoms: A = ()
2: Initialize residue: r = 200
3: for t=1to~ do
4: Find the most correlated atom j with the residue: j <— argmax; }TTD:,]-
5. Add j to the active set: A < A U {j}
6 Let D be the dictionary of active atoms.
7. Find least square solution using D: @ = argmin ||x(i) — D" H;
w (@)
8. Compute new orthogonal residue: r < z¥ — D@®
9: end for )
i)

w? when j € A
0

J
when j &€ A

)
!

10: Compute solution: {
J

11: return w(i)

(line 5):
w — w® +rTD,; (2.2.11)
i i b 4
as well as the residue, using the new value of the weight at j (line 6):

(@)
rer—w; D,

(2.2.12)

The algorithm stops when either ||w(® ||y as reached the upper bound v or the residual

7|3 has reached the lower bound e.

One issue with Algorithm 2.3 is that a weight wj(-i) at a given position j can be updated
more than one time. This is because all atoms are considered when searching for the
position j to update in Eq. (2.2.10) (line 4). For instance, matching pursuit can select
position j at the first iteration, then select position j + 1 at the second iteration, and
select again position j at the third iteration. Thus, Algorithm 2.3 can iterate several
times only to update the same position over and over again. This can lead to slow

convergence, especially when using large dictionaries.

To overcome this limitation, Pati et al. (1993) proposed the Orthogonal Matching Pur-
suit (OMP) algorithm. An overview of the approach is presented in Algorithm 2.4. The
approach starts with a weight solution w® = 0 (line 1) and a residue r = 2@ — Dw® =
29 (line 2). The goal is to iteratively reduce the residual ||r||2 by updating the weight
solution w® one position at a time. The position 7 to update is the one that has the

highest correlation between its atom D.; and the residue r (line 4). The position j is
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also added to the active set A (line 5), which is used to determine the dictionary D of
active atoms (line 6). Then, the weight solution @ of active atoms is computed using

D (line 7) and is used to compute the new residue r (line 8). Finally, the approach

iterates for «y iterations, which gives the final solution (line 10).

In contrast to the previous matching pursuit approach of Algorithm 2.3, OMP guaran-
tees that ||w¥ ||y = v after 7 iterations. This is due to the way OMP updates the weight
of the selected atom at position j. Instead of subtracting the correlation between the
residue r and atom D, ; as in Eq. (2.2.11), the weight of the candidate atom is chosen
such that the residue r becomes orthogonal to the basis defined by the active atoms D
(line 7). This has the consequence that the correlation between the residue r and each
active atom D.; becomes zero. Consequently, only inactive atoms can be selected as
candidates when computing the correlation with Eq. (2.2.11) (line 4). Therefore, the
{y norm of the solution always increases by one after each iteration, which guarantees

that [|w®]||o = v after v iterations.

Other approaches have been proposed to further improve matching pursuit and OMP.
For instance, optimized OMP (OOMP) proposed another criterion to select the candi-
date atom j. Instead of using correlation that can lead to a sub-optimal choice when the
atoms D. ; are not pair-wise orthogonal, OOMP rather proposed solving a linear least
square optimization problem. Other approaches such as gradient pursuit (Blumensath
and Davies, 2008), bag of pursuits (Labusch et al., 2011), stagewise OMP (Donoho
et al., 2012), regularized OMP (Needell and Vershynin, 2009) and simultaneous OMP
(Tropp et al., 2005) have also been proposed to improve the selection of the candidate.

2.2.3 Least Angle Regression

Least Angle Regression (LARS) is a greedy inference approach similar to matching
pursuit (Efron et al., 2004). LARS is used to solve the penalized least-square problem
of Eq. (2.1.22) under a ¢; penalty. We present here the basic steps of the algorithm
and refer the reader to (Efron et al., 2004) for more details. Starting with an initial
weight solution w® = 0, the first step is to find the most correlated atom j; with the
residue = 2V, We use notation j; to make explicit the iteration ¢ at which the atom
was selected. This step is identical to the first step of matching pursuit in Eq. (2.2.10).
However, the update of the weight solution w® is different. The value of the weight wj(»?
is increased in the direction of the sign of its correlation T’TD:Jl, until another atom

J2 becomes as much correlated with the current residue as j;. Then, LARS updates
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Figure 2.3: Ilustration of LARS on a two-dimensional feature coding problem. The
weight solution w is colored in blue, the residue r in green and the dictionary atoms in

black. At first, D. 5 is more correlated with r than D. ; (since #; > 65). The weight value

wéi) is increased until both D.; and D. 5 becomes equally correlated with r (until ¢, =

¢2). The weight solution w" is then updated by moving in the direction equiangular
to D.; and D. 5 to preserve ¢; = ¢. The algorithm stops when Hw(’)Hl =\

the weights wj(-? and w](-i) in the direction that preserves both the angle between j;
and the residue, and the angle between j, and the residue. We call this direction the
joint least square direction. The update continues until a third atom j3 becomes as
much correlated with the current residue as j; and js. These equiangular updates are

repeated until [[w®|]; = \.

An illustration of LARS on a two-dimensional feature coding problem is shown in
Fig 2.3. The weight solution w® is colored in blue, the residue r in green and the
dictionary atoms in black. Since the dictionary atoms have a norm of one, the correlation
between the residue r and an atom D. ; is given by the cosine of the angle between the
two. At the start, w” = 0 and r = 2. We also have 6; > 6, which indicates that
D. , is more correlated with r than D. ;. LARS then updates w® by increasing wéi) in
direction D. 5, as shown by the first blue arrow. The weight continues to increase until
both D.; and D. s becomes equally correlated with the residue. This is shown with the
angles ¢1 and ¢, that have the same value. LARS then updates the weight solution w®
by preserving ¢; = ¢9. This is done by moving in the direction equiangular to D.; and

D. 5, as shown by the second blue arrow.

LARS can be seen as a less greedy approach than matching pursuit. In matching pursuit,

(i
j o

all the explanatory power of atom D. ; is included in the weight solution w. We saw

when a candidate atom j is selected, its associated weight value w ) is updated so that
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this with OMP in step 7 of Algorithm 2.4, where w'” was optimized so that the residue
r became orthogonal with the basis of active atoms D. This kind of weight update is
fast and simple, but can also be too greedy (Efron et al., 2004). The selected atom j
may have a smaller contribution in the global minimum solution than what would be
computed by including its full explanatory power. The forward stage-wise regression of
LARS tries to address this greediness by using partial updates. It finds the atom with
the most explanatory power and slowly increases the weight solution w by € in the
direction that preserves equiangularity. As a result, the selected active atoms contribute

more equally.

2.2.4 Marginal Regression

Marginal Regression (also known as Soft-Thresholding) is a computationally simpler
approach that performs one-shot optimization under a ¢; penalty (Donoho and John-
stone, 1995). In contrast to previous approaches that iteratively update a candidate

solution, marginal regression outputs a candidate solution in a single iteration.

The main difference lies in the formulation of the penalized least-square problem of
Eq. (2.1.8). Instead of optimizing the ¢1-penalized residual value |29 — Dw® |[+X||w@ |,

between an observation 2 and its estimate Dw®, it optimizes the following problem:

. 1 ) . .
w® = argmin §||DTx(Z) — w2+ \w?; . (2.2.13)

w(®)

In other words, marginal regression tries to find the sparsest weight vector w® that ap-

proximates the vector DTz of correlation between observation ¥ and each atom D.;.

One advantage of the formulation of Eq. (2.2.13) is that each weight w](-i) appear in

only one equation at a time. This allows to optimize Eq. (2.2.13) over each weight

wj@ independently. We can then rewrite the minimization problem of Eq. (2.2.13) as d

identical minimization problems:

i 1 ; i i :
wj(.) = argfr)un é(Djjx(l) —w§))2+)\|w§)| Vie{l...d}. (2.2.14)
Wi

(1)
) J
solving for w](-z), but we have to take into consideration the non-differentiability of the
(1) (1)
J J

We can solve Eq. (2.2.14) by equalling to zero the gradient with respect to w;’ and

absolute function at 0. We have to consider three cases: w;’ < 0, w:’ > 0 and wj(-i) = 0.
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When w](i) < 0:

0 1
8w§i) 2

(D:ij(i) — w](-i))2 + /\|w](-i)| = —Djj:v(i) + wﬁi) —A=0

w](.i) = Djjx(i) + A

(@)

And since w;* < 0, we also have:

wj(-i) = Djjx(i) +A<0
Djj:c(i) < —A

When wj(-i) > 0:

0 1

P = w4+ M = =DLa w4+ A =0
w:
J
wj(-i) = D:zj(i) - A

(@)

And since w;” > 0, we also have:

w]@ = Djjx(i) —A>0
D:zj(i) > A

In summary, the optimal solution of Eq. (2.2.14) is defined as:

DLa®W — X if DTt > A
w ={DTa®@ 4 x if DIa® < -\ Vje{l...d}
0 otherwise
= sign(Dzj(i)) max {0, ]D:zj(i)\ - A}

=75 (D).

(2.2.15)

(2.2.16)

(2.2.17)
(2.2.18)

(2.2.19)

(2.2.20)

(2.2.21)
(2.2.22)

(2.2.23)

(2.2.24)
(2.2.25)

where T is the soft-thresholding function (Donoho and Johnstone, 1995). In vectorized

form, the weight solution w® can be expressed as:
w® =T, (DTI(Z‘)) 7

where 7T is applied element-wise.

(2.2.26)

Marginal regression has a computational complexity of O(nd), where d is the number of

dictionary atoms and n is the dimensionality of the observation 2. Due to its one-shot
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Table 2.1: Summary of the presented feature coding approaches. As a reminder, d is the

number of dictionary atoms D.; and n is the dimensionality of the input observation
(4)
A

Name Complexity Sparsity  Reference
Feature Sign Search FSS Q(d® + nd?) 0 Algorithm 2.2
Matching Pursuit MP Q(nd) ly Algorithm 2.3
Orthogonal  Matching 4 3 .
Pursuit OMP  O(ynd +~v* 4+ ny°) ly Algorithm 2.4
Least Angle Regression ~ LARS O(d® + nd?) 4 Figure 2.3
Marginal Regression ST O(nd) ‘ Eq. (2.2.26)

(Soft-Thresholding)

optimization nature, it is not computationally demanding and can be used with large
dictionary. Marginal regression can obtain similar performance as the other approaches
even though it does not solve the feature coding problem as defined in the standard
sparse dictionary learning framework (see (Genovese et al., 2012) for a recent exper-
imental evaluation). For this reason, it has been applied in many contexts (Donoho,

2006; Fan and Lv, 2008; Balasubramanian et al., 2013; Hung et al., 2014)

2.2.5 Summary

A summary of the presented feature coding approaches is shown in Table 2.1. The first
column contains the name of each approach, the second column contains the worst-
case computational complexity, the third column contains the sparsity penalty and the
last column contains a reference to the approach in the text. For the computational
complexity, O refers to the standard Big O notation (for bounded above), © refers to
the Big Theta notation (bounded below and above) and 2 refers to the standard Big

Omega notation (for bounded below).

As we can see in Table 2.1, the worst-case computational complexity of both FSS
and MP is defined using the Big Omega notation. This is due to a limitation of both
approaches that have a problem-dependent stopping criterion. Indeed, FSS stops only
when the conditions of Eq. (2.2.7) and Eq. (2.2.8) are met, while MP stops only when
either ||w ||y has reached the upper bound « or the residual ||| has reached the lower
bound e. As a result, we can only describe a lower bound on the complexity. For FSS,
the bound is determined by the inversion in Eq. (2.2.6), while for MP, the bound is
determined by the search for the most correlated atom in Eq. (2.2.10).
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In the case of OMP and ST, their computational complexity is defined using the Big
Theta notation. This is due to their greedy nature that ensures a fixed number of
iterations. For OMP, the algorithm guarantees that ||w®||o = ~ after v iterations, while
for ST, the algorithm is one-shot, meaning that it is executed only once. The bound of
OMP is determined by the least-square optimization problem of Line 7 of Algorithm 2.1
(see Sturm and Christensen (2012) for the details on how to compute the bound), while
the bound of ST is determined by the matrix operation of Eq. (2.2.26).

As for LARS, its computational complexity is defined using the Big O notation. This
is because the sum of computations for a complete sequence of joint least square direc-
tions is the same as a least-square optimization problem, even though the algorithm
is iterative (ref. Section 7 of Efron et al. (2004)). As a result, LARS has a worst-case
computational complexity of O(d® +nd?). Moreover, in practice, the A penalty will stop
the computation before reaching the end of the sequence. The computational complex-
ity can therefore be lowered down by opting for a smaller A (to the detriment of a
sub-optimal solution). This makes LARS an appealing feature coding approach for the
¢y penalty because LARS has a good trade off between computational complexity and

solution optimality.

2.3 A Review of Important Alternating
Minimization Approaches for Dictionary

Learning

The goal of dictionary learning is to learn a dictionary D such that feature coding can
find weight solutions w® where both the residual and the penalty term are small, for
all inputs Y. We have seen in Eq. (2.1.16) that this problem can be defined as a nested
optimization over both D and w®, and can be tackled with alternating minimization as
illustrated in Algorithm 2.1. In this section, we review important works on dictionary
learning based on this scheme. We begin with Method of Optimal Directions, then Gain
Shape Vector Quantization, Gradient Descent and finally Online Dictionary Learning.
For a more detailed review on other dictionary learning approaches, see Tosic and
Frossard (2011) and Mairal et al. (2014).
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Algorithm 2.5 Solving Eq. (2.1.16) with Method of Optimal Direction.

Require: Observations X = {2} | penalty A and number of iterations 7.
1: Initialize dictionary D: D.; ~ Uniform(0,1), Vj € {1...d}

D.;
2: Constrain the norm: D. ; «— —>— Vj e {1...d}

\Wﬂb
3 fort=1...T do
4:  Perform feature coding:

w® = argmin ||[z® — Dw? |2 + Nw?|,  Vie{l...N}

w(®)

Update the dictionary: D = XW T (I/VI/I/T)*1

o

D.;
6:  Constrain the norm: D. ; +— —>=— Vj € {1...d}
HD J||2

7. end for
8: return D

2.3.1 Method of Optimal Directions

Method of Optimal Directions (MOD) (Engan et al., 1999) solves the least-square
optimization of Eq. (2.1.18) directly. Let X = [ M 2] be the observation matrix
containing in its columns the observations =¥ and W = [w™ ... w™] be the weight
matrix containing in its columns the weights w®®. By expressing Eq. (2.1.18) in a matrix

form, we have the following optimization:

D = argmin || X — DW |3, (2.3.1)
D

where ||-||% is the squared Frobenius norm. Due to the convexity of the Frobenius norm,
the global minimum of Eq. (2.1.18) can be found by finding the zeros of the gradient
of || X — DW|% with respect to D:

%ﬂX—DWﬁzO (2.3.2)
—2(X =DW)YWT =0 (2.3.3)
D=xWT(WwT)™". (2.3.4)

An overview of the approach is shown in Algorithm 2.5. The algorithm starts by ini-
tializing the dictionary D (line 1) and by constraining the dictionary atoms to the unit
hyper-sphere (line 2). Then, the following three steps are performed for T iterations.
First, perform feature coding on all observations 20 (hne 4). Second, update the dic-

tionary D to its least-square solution (line 5). Third, constrain the dictionary atoms to
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the unit hyper-sphere (line 6). The algorithm ends at line 8 by returning the learned
dictionary D.

The main inconvenient of MOD is the computational complexity of the inverse opera-
tion. As seen in Eq. (2.3.4), computing the global solution requires inverting the d x d
matrix (WWT)A. A standard Gauss-Jordan elimination is O(d”), which means that
MOD can only be applied when the number of dictionary atoms d is not too large. For

this reason, MOD is rarely used in practice.

2.3.2 Gain Shape Vector Quantization

Gain Shape Vector Quantization (GSVQ) (Coates and Ng, 2012; Varma and Zisserman,
2009; Dhillon and Modha, 2001) performs dictionary learning using damped updates.
At each iteration, GSV(Q updates the dictionary by solving the least-square problem of
Eq. (2.1.18) with an additional penalty term that encourages the new dictionary D to

be similar to the current dictionary D. The task can be defined as follows:

D « argmin || X — DW||% + ||D — D||% (2.3.5)
D
= (WWT +1)" (XWT + D) (2.3.6)
xD+XW", (2.3.7)
D.;
D j+ —2— Vje{l...d}. (2.3.8)
1D:,51I2

Therefore, GSVQ updates dictionary D by adding the sum of outer products between
each 2 and w®. Removing the term (VVVVT +1 ) s a form of damping that helps the
less active atoms to be more frequently updated. This helps prevent atoms from dying,
which happens when the atoms are always inactive. It also lowers the computational
burden of inverting the matrix WW ' + I. The dictionary update is finally followed by
a projection on the unit hyper-sphere (Eq. (2.3.8)), as done previously.

One particularity of GSVQ is that it usually defines the feature coding approach as
Orthogonal Matching Pursuit (see Algorithm 2.4) with a sparsity term of v = 1. In
other words, the weight solution w is defined as a vector of all zeros except at position
J, where j is the atom D.; that is the most correlated with observation @ In this

setting, performing feature coding is straightforward and can be expressed as follows:

, DT 2@ if j = argmax | DWT 2
wl!) = j Vje{l.. .d}. (2.3.9)
0 otherwise

41



Algorithm 2.6 Solving Eq. (2.1. 16) with Gain Shape Vector Quantization

Require: Observations X = {2V} and number of iterations T'.

1: Initialize dictionary D: D, ; ~ Umform(() 1),vje{l...d}
2: Constrain the norm: D. ; «— —>— Vj e {1...d}

3: fort=1...T do

\ID,gl\z

4 Perform feature coding on all 2
. DWT¢0) if j = argmax |D(j)Tm(i)}
w'? = j Vjie{l...d},Vie{l...N}
0 otherwise

5:  Update dictionary: D < D + Z @ q®T
i=1

D.;
6:  Constrain the norm: D. ; - —>=— Vj € {1...d}
HD J||2

end for
return D

A description of the approach is presented in Algorithm 2.6. The algorithm starts
by initializing the dictionary D (line 1) and by constraining the dictionary atoms to
the unit hyper-sphere (line 2). Then, the following three steps are performed for T
iterations. First, perform feature coding on all observations 2 (line 4). If Orthogonal
Matching Pursuit with a sparsity term « = 1 is chosen, this step amounts to performing
Eq. (2.3.9). Second, update the dictionary D by applying the updates of Eq. (2.3.7)
(line 5). Third, constrain the dictionary atoms to the unit hyper-sphere (line 6). The

algorithm ends at line 8 by returning the learned dictionary D.

2.3.3 Gradient Descent

Gradient descent is one of the most common iterative methods in optimization. Even
though it has been proposed decades ago, Olshausen et al. (1996) were the first to
apply it in the context of dictionary learning. The idea underlying gradient descent is
straightforward. First, compute the gradient of the objective function with respect to
its parameters, then update the parameters in the direction of the negative gradient by
moving a small step. The length of the step is usually governed by a hyper-parameter
called the learning rate o > 0. The approach alternates these two phases until conver-

gence.

In the context of dictionary learning, the loss function is the least-square optimization
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Algorithm 2.7 Solving Eq. (2.1.16) with Gradient Descent

Require: Observations X = {x(i)}i]\il, penalty A, learning rate o and number of iter-
ations T
1: Initialize dictionary D: D.; ~ Uniform(0,1), Vj € {1...d}

D.;
2: Constrain the norm: D, ; - ——— Vj € {1...d}

1D, ,gllz
3 fort=1...T do
4:  Perform feature coding:

w® = argmin [|® — Dw@|2 + Mw®@|,  Vie{l1...N}
w(®

N
5. Update dictionary: D < D + % ; (x(i) — Dw(i)) w(i)T

D.;
6:  Constrain the norm: D. ; < —— Vj e {1...d}
||D,J||2

end for
return D

of Eq. (2.1.18). Thus, the gradient is as follows:

0 <, . N o
5 2 Nl = Du@ 3 = 237 (o — Du) w®". (2.3.10)
=1 i=1

In other words, the gradient of the objective with respect to D is the sum of the gradient
of the residual ||z — Dw®||2 evaluated at each observation 2. It is common to divide
the sum by the number of observations N in order to avoid numerical instabilities, and
also to absorb the constant 2 in the learning rate « for simplicity. Therefore, the update
of the dictionary D can be defined as follows:
a o T
D¢ D+ Z (2 — Dw®) w® ", (2.3.11)
where the dictionary D is updated by subtracting the gradient of Eq. (2.3.10) scaled
a
by N To keep the constraint on the norm of the dictionary atoms ||D.|l» = 1, the
update is followed by a projection on the unit hyper-sphere. The projection operation
is simply the normalization of each dictionary atom:
D.; .
D.; + —— Vie{l...d}. (2.3.12)
1D.,1l2 ||2
A description of the approach is presented in Algorithm 2.7. The algorithm starts

by initializing the dictionary D (line 1) and by constraining the dictionary atoms to

43



the unit hyper-sphere (line 2). Then, the following three steps are performed for T
iterations. First, perform feature coding on all observations 2 (line 4). Second, update
the dictionary D in the direction of the negative gradient (line 5). Third, constrain the
dictionary atoms to the unit hyper-sphere (line 6). The algorithm ends at line 8 by

returning the learned dictionary D.

One advantage of gradient descent is that it does not suffer from the computational
burden of matrix inversion that MOD has. Indeed, the gradient is computed in O(d?) by

a simple matrix product, which is an order of magnitude smaller than matrix inversion.

One drawback of gradient descent is the presence of the hyper-parameter a. As shown in
Algorithm 2.7, e controls the size of the step in the direction of the negative gradient. It
has a great importance on the speed of convergence. One could be tempted to use a large
a in order to quickly converge to the global minimum D*. However, when the candidate
solution D approaches the global minimum D*, the updates will repetitively overshoot
and cause random oscillations around D*. The candidate D never truly converges to
D*, but rather converges in a neighborhood of D* with a size proportional to . When
« is unreasonably too large, the updates can even increase the distance between D and

D* and make the candidate D diverge to infinity.

The hyper-parameter o must then be constrained to ensure convergence. A necessary
condition is to ensure a complies with the Robbins-Monro conditions (Robbins and

Siegmund, 1985). The conditions are expressed as follows:
Zaf < 00 and Zat = 00, (2.3.13)
t t

where we use subscript a; to make explicit the value of « at iteration ¢. One particular

sequence of oy suggested by Robbins-Monro has the following form:
=51

where ap > 0 is the initial learning rate and 8 € [0, 1] is the learning rate decay (Murata,

(2.3.14)

Qg

1999). In other words, it suggests that the learning rate « should start at a large initial
value g and decrease at each iteration ¢ proportional to the learning rate decay f.
The learning rate decay [ must be chosen such that the learning rate a; does not
decrease too rapidly, otherwise thee candidate D will never reach the global minimum
D*. The proper value of g that ensures this condition is however undetermined and

problem-dependent.
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2.3.4 Online Dictionary Learning

Online Dictionary Learning (ODL) (Mairal et al., 2010) takes the alternating mini-
mization scheme of Algorithm 2.1 a step further by defining a block coordinate descent
scheme. Unlike standard alternating minimization that defines two blocks (in our case,
the dictionary D is one block and the weights {w®}¥ | is the second one), ODL defines
d+1 blocks, one block for the weights and one block for each dictionary atom D. ;. The
advantage of this scheme is that it removes the need to define a learning rate sequence
ay. Indeed, the authors Mairal et al. (2010) has shown that they can remove the need
to define a learning rate sequence by employing an online gradient descent approach.

We now explain how this can be achieved.

ODL can be derived by computing the zeros of the gradient of Eq. (2.1.18) with respect

to only one dictionary atom D. ;. First, we compute the gradient:

0 L .
_ () _ D@2
0= oD ;Hx Duw® |3 (2.3.15)
N .
0= (29— Dw®)w! (2.3.16)
=1

Then, we can extract weight w](-i) and dictionary atom D. ; from the weighted sum Duw®

in order to isolate D. ;:

N
0=%" (;1;@ — Dl =y D;,kw,gf)> w!! (2.3.17)
i=1 K
LTS o] CES wE O I o319
i=1 i=1 kj

1 % % %
D = S 2 (af( -2 D:,kw?) w;’ (2.3.19)

N
1 N N
- E (), _ § : (@),
DZ:J - N @), (i) £ (Z‘ w; D;,kwk w; ) (2.3.20)

N N
1 - .
_ (0 _ (), 0
D= <§ (+0w) = 3" D 3 (wfu )) . (2.3.21)
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We now see that there are terms that do not depend on D. ;. By defining the accumulator

matrices:
al T
A=Y wOuw (2.3.22)
i=1
al T
B=>Y aOuw (2.3.23)
i=1
we can rewrite Eq. (2.3.21) as follows:
1
D.; = A (B.; —DA.; + D.;A;;) - (2.3.24)
4.d

1
We find the following equality by distributing 1

JsJ

D ;=D j+—-—(B,;—DA;), (2.3.25)

1

Ajj
from which we can define the update rule of ODL:

D.;+ D.;+ L (B.; — DA,;) . (2.3.26)

Ajj

A description of the approach is presented in Algorithm 2.8. The algorithm starts by
initializing the dictionary D (line 1) and by constraining the dictionary atoms to the
unit hyper-sphere (line 2). It also initializes two accumulators A and B to zero. Then,
the following steps are performed for T iterations and for each observation z¥. First,
perform feature coding on observation 2 (line 6). Second, update the accumulators
following Eq. (2.3.22) for A and Eq. (2.3.23) for B (line 7). Third, update each dictionary
atom sequentially by applying the update of Eq. (2.3.26) and by constraining it to the
unit hyper-sphere (line 10). The algorithm ends at line 14 by returning the learned
dictionary D.

The authors Mairal et al. (2010) provided a sketch of the proof that showed that their
ODL algorithm converges almost surely. We refer the reader to their paper for the
details.

As seen in Algorithm 2.8, ODL does not define a learning rate sequence a;. In fact,
1

ODL uses a learning rate of 1 for each dictionary atom j. The learning rate sequence
JrJ

is not defined by hand, but rather given by the exponential moving average updates

on accumulator A. A closer comparison between the update rule of ODL and standard
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Algorithm 2.8 Solving Eq. (2.1.16) with Online Dictionary Learning

Require: Observations X = {x(i)}ijvzl, penalty A, decay S and number of iterations T'.

1: Initialize dictionary D: D.; ~ Uniform(0,1), Vj € {1...d}

D.;
2: Constrain the norm: D, ; «— ——=— Vj € {1...d}
HDﬁb

3: Initialize accumulators: A =0, B = 0.
4: fort=1. T do
5. for each +® e X do

6: Perform feature coding: w® = argmin |29 — Dw® |2 + A||w @,
w®
7 Update accumulators:
A BA+(1-B)uwDw® " and B« BB+ (1 — B)a®@w® '
8: for j=1...ddo
1

9: D;j%D;j‘i‘_(B:j_DA:j)

’ _aD AJJ ) )
10 D.; + i

T IDl
11: end for
12:  end for
13: end for

14: return D

gradient descent reveals why this is the case. As we have seen in the previous section,

the update rule of gradient descent was defined in Eq.(2.3.11) as:

N

o i i
D(—D—l—NZ(x()—Dw())w(

i=1

07 (2.3.27)

After distributing w® and the sum in the parenthesis, we can write:

D<—D+%<§:< ) DZ(Z ”T)). (2.3.28)

=1

Using the definition of accumulator A in Eq. (2.3.22) and B in Eq. (2.3.23), we can

write:
D« D+ % (B — DA) . (2.3.20)

As we can see, the update rule of standard gradient descent in Eq. (2.3.29) is closely
related to the update rule of ODL in Eq. (2.3.26). In both cases, the atoms are updated
using B — DA, but each approach uses a different step size. For standard gradient de-

scent, the step size is given by the learning rate o divided by the number of observations
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Table 2.2: Summary of the presented dictionary learning approaches. As a reminder, d
is the number of dictionary atoms D. ;, n is the dimensionality of the observations z®,
N is the number of observations and 7' is the number of iterations.

Name Complexity Reference
Method of Optimal Direction MOD O(Nd® + d*> + TNJ) Algorithm 2.5
Gain Shape Vector Quantization GSVQ O(T Nnd) Algorithm 2.6
Gradient Descent GD O(T'Nnd+TN¢)  Algorithm 2.7
Online Dictionary Learning ODL O(TNnd® +TN§)  Algorithm 2.8

N, while for ODL, the step size is given by the inverse of A;;. The main advantage
of ODL over standard gradient descent is that A is computed automatically from the
data. There is no need to define a learning rate sequence. For this reason, ODL is often

chosen instead of standard gradient descent.

2.3.5 Summary

A summary of the presented feature coding approaches is shown in Table 2.2. The first
column contains the name of each approach, the second column contains the worst-case
computational complexity while the last column contains a reference to the approach in
the text. For the computational complexity, O refers to the standard Big O notation (for
bounded above) and © refers to the Big Theta notation (bounded below and above).
Moreover, we use ¢ to refer to the computational complexity of feature coding when

describing the computational complexity of each dictionary learning approach.

As we can see in Table 2.2, the computational complexity of each approach contains the
number of observations N. The term N appears because of the need to perform feature
coding over all N observations during each iteration. For this reason, these approaches
are rarely used as they are when the number of observations N is large, since it would
be too computationally demanding. Indeed, GSVQ, GD and ODL are usually adapted
to only using a subset of the available observations during each iteration rather than the
full N observations. In this case, the dictionary is updated using only the observations
from a smaller mini-batch of size B, where the B observations selected during each
iteration are chosen at random. For GSVQ), this corresponds to performing the sum-
mation in line 5 of Algorithm 2.6 over only B observations. For GD, this corresponds
to performing the summation in line 5 of Algorithm 2.7 over only B observations. For
ODL, this corresponds to performing the for-loop in line 5 of Algorithm 2.8 over only

B observations.
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The use of only B observations improves training in two ways. First, it reduces the need
to perform N feature coding steps during each T iteration. Instead, we only need to
perform B feature coding steps. Second, it adds noise to the dictionary updates. This
could be considered as harmful during minimization, but it is rather helpful. The reason
explaining why it is helpful is beyond the scope of this thesis, so we refer to these works

for more detail (Collet and Rennard, 2007; Bottou, 2010; Goodfellow et al., 2016).

Regarding convergence, we have seen in Section 2.1.2 that the alternating minimization
scheme, from which Algorithm 2.1 is based, always converges to a stationary point (Xu
and Yin, 2013). This means that if the number of iterations 7" is sufficiently large,
MOD, GSVQ and GD will also converge to a stationary point, since they comply to the
form of Algorithm 2.1. As for ODL, the authors Mairal et al. (2010) provided a sketch

of the proof that showed that their algorithm converges almost surely.

However, optimization under sparsity constraints is susceptible to the problem of dead
atoms. This problem can appear with every dictionary learning technique, thus includ-
ing the approaches in Table 2.2. Dead atoms happen when some of the dictionary atoms
D. ; are no more used during feature coding over all NV observations. An inactive atom
has a weight wy) of zero, which means that the atom D.; is no more updated dur-
ing dictionary learning. This problem usually happens early during the optimization

process and is dependent on initialization (Mairal et al., 2010).

Recovering from dead atoms is difficult for MOD, GSVQ and GD. This is due to
their iterative nature that makes the dictionary update at iteration ¢ dependent on
the dictionary at iteration ¢ only. As soon as a dictionary atom D.; dies, it will stop
being updated because the other atoms will always be selected during feature coding.
This problem is far less present in ODL. The dictionary updates in ODL use two
accumulators A and B that accumulate the information from the past iterations. This
means that the dictionary update at iteration ¢ not only uses the information at iteration
t, but also at iterations t — 1, t — 2 up to iteration 1. Thus, as long as an atom becomes
active at least once during the minimization process, it is ensured to never die. As a
result, dead atoms are almost impossible with ODL. For this reason, ODL is usually
the dictionary learning approach of choice when considering MOD, GSVQ and GD,
because ODL lowers the likelihood of dead atoms and the need to deal with them.
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2.4 Conclusion

In this chapter, we reviewed Sparse Dictionary Learning. We started with a defini-
tion of the framework from the formulation of the generative model and elaborated
on the notion of sparsity. We then reviewed important work for both feature coding
and dictionary learning. For feature coding, we focused on approaches using the ¢y and
¢y penalties, since they are the most often used in practice. We detailed Feature Sign
Search, Matching Pursuit, Orthogonal Matching Pursuit, Least Angle Regression and
Marginal Regression. For dictionary learning, we focused on approaches using alter-
nating minimization to solve the nested optimization problem. We detailed Method
of Optimal Directions, Gain Shape Vector Quantization, Gradient Descent and Online

Dictionary Learning.

In the following chapter, we will introduce another framework for representation learn-
ing that focuses on training deep neural networks. We will introduce the framework of

Deep Learning.
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Chapter 3

Background Material on Deep

Learning

In this chapter, we present background material on Deep Learning, which implements
the distributed, the simplicity of factor dependencies and the hierarchical prior beliefs
that we introduced in Section 1.2.2, 1.2.3 and 1.2.5. We start in Section 3.1 with a
definition of the framework. In particular, we detail how the design of feedforward deep
neural networks is motivated by the idea of parametric function approximation. Then,
we present in Section 3.2 the importance of the activation function. We review important
aspects to consider when choosing an activation function, such as vanishing gradients,
bias shift and dead units. Then, we review the family of parametric activation functions
in Section 3.3. We detail important works that learn the shape of the activation function.
Finally, we present a review of key deep network architectures in Section 3.4, such as
AlexNet, ResNet and DenseNet. We conclude the chapter in Section 3.5.

3.1 Definitions

Deep Learning is a powerful framework for machine learning, with a long-standing
history dating back at least to the 1950s (Rosenblatt, 1958). It is based on the central
concept of parametric function approximation that is behind nearly all modern practical
applications of deep learning. The goal of parametric function approximation is to learn
a parametric function f(x;#) to approximate a target unknown function f*. The target
function f* is unknown in the sense that it is extremely difficult to directly describe
f* in analytic form. This is because f* usually represents a complex mapping problem

that we would like to solve, but we do not have the tools nor enough understanding of
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the problem to directly implement f* as a working solution.

Take as an example the problem of image captioning (Xu et al., 2015). The goal of
image captioning is to provide a textual description of the content of an image. The
input observation z is defined as the image, the output value f*(z) is defined as the
textual description of x and the target function f* is defined as the mapping that
transforms an input image into a text. We can already see that providing an analytic
description of f* would be extremely difficulty. We would need to dig deep into natural
language processing and computer vision frameworks to provide a description on how
groups of pixels can be interpreted as groups of alphanumeric characters that make up

a logical description of the content of the image. This would be a hard task.

The fact that f* cannot be described in analytic form is what makes parametric func-
tion approximation necessary, but it is also what makes it challenging. We cannot use
an analytic description of f* to implement the function, because no such description
exists or is available. We must instead use a parametric function f(z;6) and adjust its
parameters # such that the behavior of f(x;#) matches the behavior of f* as much as
possible, i.e. f(z;0) ~ f*(x). This way, the output value of the parametric function
f(x;0) evaluated at all x is as similar as possible to the output value of the target
function f*(x).

One of the best way to obtain information about the structure of f* without an analytic
description is to use input-output pairs (x,y), where y ~ f*(x). Pairs like this provide
a noisy and approximate view of the true function f* around each input observation x.
Considering the problem of image captioning, a pair (x,y) would be defined as an
image x with a textual description y that would be provided by a person. The textual
description y is considered a noisy view of the true function f*(x) because the person
can make mistakes. Nonetheless, the mistakes can be averaged out by using many

input-output pairs and still be able to get a good approximation of the true function

f* ().

The ability of the parametric function f to approximate the target function f* depends
to a large extent on the architecture of f. In current established deep learning practices,
f is defined as a feedforward deep neural network. We now detail what is meant by

feedforward, what is meant by deep, and what is meant by neural network.
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Feedforward

The architecture is qualified as feedforward because information flows in a single direc-
tion: from the input observation = to the output value f(x;#). There are no feedback

connections that feed output values back as input values.

Deep

The architecture is also called deep because it is typically presented as a composition of
more than one function. The overall network can be decomposed as a directed acyclic
graph that describes how the functions are composed together. For instance, f could
be defined as a chained architecture fr(fr_1(...)) of L layers. An example of a deep

network with a chained architecture of three functions can be defined as follows:

f(x;0) = f3(fo(fi(x;01);02);03), (3.1.1)

where each function f; has different parameters ¢;, which can be adjusted separately,

and 0 = {01,605, ...,01} is the set of all parameters.

The chained architecture of Eq. (3.1.1) is what gives deep networks their representa-
tional complexity. Adding more functions f; or parameters ¢; has been shown to increase
the complexity of functions that a deep network can approximate (Hornik et al., 1989;
Cybenko, 1989). It is simple and can be used effectively to scale up deep networks
to more complex problems. As a result, it is often seen when designing a deep neural

network.

Moreover, function composition is compatible with the hierarchical prior belief. As we
saw in Section 1.2, the hierarchical prior belief suggests taking advantage of the fact
that hierarchical organizations are often seen in nature. The use of function composition
creates such a hierarchical organization of the layers that is in line with this prior
belief. This encourages each individual function f; to adjust their parameterization 6;
to find the underlying hierarchical organization of the target function f* that is the
most natural. As a result, deep neural networks often learn to approximate the target

function f* as a hierarchy of increasingly abstract concepts (Zeiler and Fergus, 2014).

Neural Network

Finally, the architecture is qualified as a neural network because it is inspired by neuro-
science. In particular, it is inspired by the way biological neurons receive, process, and

transmit information between them. A neuron receives electrical and chemical signals
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from other neurons that alter its cross-membrane voltage. A large increase of voltage can
cause the neuron to emit an all-or-none electrochemical pulse called an action potential
that will be sent to other adjacent neurons. The action potential transits to other neu-
rons via specialized connections called synapses. Together, neurons and synapses form

a neural circuit, which is the primary component of the central nervous system.

Neurons in a deep neural network are however very different from biological ones.
Modern neural network research is nowadays guided mainly by mathematical principles
and engineering techniques rather than neuroscience. This is because the initial goal of
trying to imitate how information is processed in the brain has now changed to trying to
design novel function approximation machines to attain better statistical generalization.
On occasions, neural network designs will draw some insights of our knowledge of the
brain, but the focus will be to provide intuitions of how they work rather than to imitate
the brain.

As an example, the fully-connected neural network is often used to draw a parallel be-
tween deep learning and neuroscience. The fully-connected neural network is designed
as a composition of many functions f;(h;_1;6;) (as mentioned earlier), where each func-
tion is defined as a linear transformation followed by a nonlinear transformation as

follows:

by = fi(hi—1;6;) (3.1.2)
= fact (I/Vlhlfl + bl) y (313)

where h;_1 is the output vector at previous layer [ — 1, h; is the output vector at layer [,
W, is the weight matrix at layer [, b; is the bias vector at layer [ and f,. is the nonlinear
transformation, also known as the activation function. In this case, the vectors h;_; and
h; represent the artificial neurons, while the weight matrix W, represents the artificial

synapses.

An illustration of a layer in a fully-connected network is shown in Figure 3.1. The
neurons h;_; from the previous layer are processed from left to right into new neurons
h;. The process first apply a linear transformation parameterized by the weight matrix
W, and the bias vector b;, then apply the activation function f,. element-wise on the
result of the linear transformation. The resulting neurons h; are then sent to the next
layer to continue the computation. The fully-connected network of Figure 3.1 is often
used to draw a parallel between deep learning and neuroscience, since it has a relatively

similar structure to the biological neural circuit.
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Figure 3.1: Illustration of a fully-connected network. The neurons h;_; of the previous
layer are processed into new neurons h; from left to right. The process applies a linear
transformation parameterized by a weight matrix W, and by a bias vector b;, followed
by an element-wise nonlinear transformation f,.. This model is often used to draw a
parallel between deep learning and neuroscience.

3.2 The Importance of the Activation Function

The activation function f,, plays an important role in deep learning because it is
the main way by which we create neural networks that are nonlinear functions of the
input. Without the activation function, a network with many layers would still be just
a linear function. This is because a linear transformation of a linear transformation can
be written as a single linear transformation. The role of the activation function is thus
to break the chain of linear dependency between each pair of subsequent linear layers,

such that the network becomes a sequence of nonlinear transformations.

The activation function must therefore be nonlinear, but it must also have other needed
characteristics. This is because it influences other aspects of the network apart from
breaking linear dependency. In general, we are concerned with its influence on van-
ishing / exploding gradients (Hochreiter, 1998), dead units (Standford, 2015) and bias
shift (Clevert et al., 2016). In the following sections, we will provide more details about
these three problems, and we will introduce an activation function that addresses each
of them.

A summary of the activation functions that we will present in the following sections is
shown in Table 3.1. We start our review by introducing the problem of vanishing and
exploding gradients in Section 3.2.1 and present the Sigmoid, the Tanh and the ReLLU

activation functions in Section 3.2.2. We then present the problem of dead units in
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Table 3.1: Summary of the presented activation functions.

Name Function Eq. Parameters

Fixed Activation Functions

Sigmoid Sig N — (3.2.5) -

fszgmozd(x) 1 T exp(—az)
Hyperbolic PV B
Tangent Tanh ftanh(x) - 2fszgmozd(2x) 1 (3213) -
Rectified

r x>0 :

Linear Unit ReLU frerv () = {0 £ <0 (3.2.7)
Leaky z x>0 _
ReLLU LReLU Frrenu(z) = {ax ey (3.2.10) a=0.01
Exponential ferv(x) = B
Linear Unit ELU x ifz>0 (3.2.14) a=1

alexp(z) —1) =<0

Parametric Activation Functions

Parametric
xr x>0
RGLU PRGLU fLReLU(x) — (331) a
ar <0
Adaptive fapr(z) =
Piecewise APL S (3.3.3)  {as, b},
Linear Unit maX{Oax}+Zas®maX{07 bs—z}
s=1
fSReLU(f) =
S-Shaped
ReLUp SReLU (ti+a(z—1t) z<t (3.38)  t,anta,
T L <zx<t,
tr+a.(x—t,) x>t
Masout o Fuwon(r) = (33.10)  {Wi, b},

maX{Wlx + bl, coey WKJI + bK}

Section 3.2.3 and present the LReLU in Section 3.2.4. We further present the problem
of bias shift in Section 3.2.5 and present the ELU in Section 3.2.6. Finally, we present
the parametric activation functions PReLU, APL, SReLU and Maxout, as well as an

associated problem with piecewise linear function, in Section 3.3.
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3.2.1 The Problem of Vanishing / Exploding Gradients

The presence of vanishing or exploding gradients is one of the main concerns when
choosing an activation function. In order to better understand this problem and its

relation with the activation function, we will investigate it on the following simple

network:
4
h() =T
z; =whi_1+b
: TR <1<, (3.2.1)
hy = f(a)
E = g(h’lny)

\

where x is the input, y is the target output, f is the activation function, hj is the
network output, £ is the loss function and E is the value of the loss. We only used one
neuron in each linear transformation w;h;_; 4+ b; without loss of generality to simplify

the equations.

ok
We are interested in the quantity T as a function of k, which is the derivative of loss
Wi,

: . . . or .
E with respect to weight wy at layer k. During training, the value T will be used to
Wi
update weight wy, by performing a gradient step in the opposite direction (in order to
minimize E):
oF

Wy, — Wy, — aa—wk (3.2.2)

0
where e > 0 is the learning rate. The analytic expression for computing the value T
Wi,

will help us understand the difficulty of training a network with many layers.

Using the chain rule of derivation, we can compute the expression of e as follows:
Wy,

aE L 8hl 87:1 8hk. 8Zk
2.
Owy, (8hL) <11;[1 0z ahz—1> ((%k 3wk> ’ (3:23)

(am) (H f'(z)w ) () hr-1) - (3.2.4)

I=k+1

. . . . oF

As we can see in Eq. (3.2.4), this expression contains three parts. The first one is ETE
L

the derivative of the loss E with respect to the output of the network hy. The second one

is a product of L — k terms, where each term contains the derivative with respect to z
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of the activation function f’(z;), multiplied by weight w;. The third one is the derivative
of the activation function f’(z;) with respect to z; multiplied by the activation neurons

Pg—1.

ok

As the number of layer L increases, the value of the derivative . will be dominated
W

by the product of L — k terms in the second part of Eq. (3.2.4). When many terms

f'(z))w; have magnitudes |f’(z;)w;| lower than one, the product will tend to zero and

the overall value T will vanish to zero, as we go deeper. This is further accentuated
Wi
as k — 0, i.e. as we consider layers closer to the input. On the contrary, when many

terms f’(z)w; have magnitudes |f'(z;)w;| higher than one, the product will tend to a

large magnitude, and the overall value g—f}; will explode. The likelihood that any of
these two events happens increases as L — k increases. In other words, as the number
of layers L increases and as we consider weights wy, at lower layers k. Thus, the weights
wy at lower layers are more likely to experiment vanishing or exploding gradients, as

depth increases.

The presence of vanishing or exploding gradients has a large influence on the rate of

convergence of the weights wy. As seen in Eq. (3.2.2), the weights are updated based

oF oF
on the magnitude of the derivative E When vanishing gradients happen, |8_| ~ 0
Wi, Wi,

and the weights w,, are barely modified, since w; ~ wy — aa—. On the contrary, when
W

exploding gradients happen, ]g—ui\ — oo and the weight update of w; becomes too
large. This causes problems in both cases. For vanishing gradients, the network will be
forced to converge to a local minimum located near the initial values of the weights.
This local minimum will most likely not generalize well. For exploding gradients, the
weights will diverge away from any local minimum and training will not be possible. In

both cases, training will fail to learn a network that generalize well.

The sigmoid activation function (also known as logistic) is an example of a nonlinear
function that can increase the likelihood of vanishing gradients. Even though it breaks

linearity, it is not always suitable as activation function. The function is defined as

follows:
[a— : (325)
sigmoid\ L) = —— 7 x> L.
omerd 1 + exp(—z)
and its derivative with respect to its input is:
fiigmoia(®) = feigmoia() - (1 = faigmoia()) - (3.2.6)
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Figure 3.2: The sigmoid activation function (left) and its derivative (right). This acti-
vation function increases the likelihood of vanishing gradients because its derivative is
close to zero of most of its domain.

As we can see from Figure 3.2, it has a derivative close to zero on most of its domain.
This makes the product term in Eq. (3.2.4) more likely to vanish, since the interval
of input values with a large derivative is small. For this reason, the sigmoid activation
function is rarely used within the hidden layers of a deep neural network (it is usually

kept for gating mechanisms (Hu et al., 2018) or to provide probability values as output).

3.2.2 Addressing Vanishing Gradients with the Rectified
Linear Unit (ReLU)

The Rectified Linear Unit (ReLU) (Nair and Hinton, 2010) has become the de facto
activation function in deep learning. It is defined as identity for positive arguments and

zero elsewhere:

frerv(x) = max{x,0}. (3.2.7)

The shape of the function, as well as its derivative, is shown in Figure 3.3. We say
that the function is non-saturated because it has a derivative of one for all positive

arguments.

The ReLLU was first proposed in the context of unsupervised pre-training for Restricted
Boltzmann Machine (RBM) (Nair and Hinton, 2010; Jarrett et al., 2009), and then
successfully used for training deep neural networks (Glorot et al., 2011; Krizhevsky
et al., 2012). For the first time, we could train deep networks solely based on labelled

data without performing unsupervised pre-training, which is a tedious network ini-
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Figure 3.3: The Rectified Linear Unit (left) and its derivative (right).

tialization that substantially increases training time (Glorot et al., 2011). This was
due to its characteristic of being non-saturated that lowers the likelihood of vanish-
ing gradients (Nair and Hinton, 2010). It was then later used in the seminal AlexNet
architecture (Krizhevsky et al., 2012), which won the popular ImageNet 2012 competi-
tion. As a result, the ReLU replaced the sigmoid function that was the most common

activation function at the time.

3.2.3 The Problem of Dead Units

Beyond lowering the risk of vanishing gradients, the ReLLU has the advantage of inducing
sparsity within the vector (or feature map) of activated neurons. We can see how ReLLU
induces this sparsity by analyzing the statistics of the neuron activation after weight
initialization. Using the standard Kaiming normal initialization (He et al., 2015), the
weights of the network are initialized using a normal distribution with a mean of zero

2
and a variance of 02 = =, where ¢ is the number of input neurons:
q

Wy ~ N (02) . (3.2.8)

As for the biases b,, they are initialized to zero. Given that h = Wz + b, and using the
fact that the weighted sum s = Zaivi of independent normally distributed random

1
variables v; ~ N (,uz-,af) is normally distributed with a mean Zaim and variance
i
Z a?o?, we have at initialization that a single neuron preactivation h,, is distributed

i
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according to the following distribution:

q q 22
hy =Y Wyizi v N (0,2 ;Z , Vp. (3.2.9)

=1 i=1

In other words, the pre-activation neurons A are normally distributed around a mean
222

[

q
of zero and a variance of Z . Due to the symmetry of the normal distribution

q
around its mean, about hai?the entries of h are negative and about half the entries
of h are positive. Thus, given that the vector h is forwarded to the ReLLU activation
freru, approximately half the entries of frery(h) will be zero, and approximately half
the entries of fr.ry(h) will be positive. As a result, the output vector frery(h) is 50%
sparse on average. As we saw in Section 1.2.4, sparsity is related to Occam’s razor

learning principle that is one of the prior beliefs to find better representations.

Sparsity can be beneficial, but can make training more difficult. The fact that ReLU
outputs zero for negative values can cause some units to never be positively activated.
As a result, the gradient of the loss function with respect to the weights of these units
will always be zero. So long as the units are negative, the weights will not be updated

during training. We refer to them as dead units (Standford, 2015).

The death of a unit can happen randomly during training. It usually occurs when
gradient descent reaches a poor local minimum. Such a poor local minimum is hard
to escape because the weights of the corresponding unit never change. In the following
section, we will detail the Leaky ReLLU (LReLU) that addresses this problem.

3.2.4 Addressing Dead Units with the Leaky ReLU (LReLU)

The Leaky ReLU (LReLU) (Maas et al., 2013) activation function was proposed as an
attempt to overcome the issue of dead units when employing the ReLLU. The idea of the
LReLU is to modify the output value for negative arguments by using a linear function

with a small positive slope a. The function can be defined as follows:

zr x>0
frrerv(z) = ; (3.2.10)
ar x <0
which can also be written as:
frrerv(z) = max{0,z} + min{0, az} . (3.2.11)
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Figure 3.4: The Leaky ReLU (left) and its derivative (right).

The purpose of the slope a is to have a positive derivative value for negative arguments:

1 >0

fLrerv(@) = (3.2.12)

a <0

The shape of the function, along with its derivative, is shown in Figure 3.4. As we
can see, a unit z that is always negative when forwarded to LReLU will be activated
to a small negative value ax, rather than zero. The gradient will be always positive,
which means that the unit can never die. The corresponding weights will always have

a non-null gradient, no matter how negative the unit is.

The chosen value of the slope hyper-parameter a has an impact on training. A large
value will effectively lower the number of dead units, but will decrease the nonlinearity of
the function. On the other hand, a small value will make the activation more nonlinear,
but will bring back the problem of dead units. In general, the slope hyper-parameter a
must be chosen such that there is a good compromise between nonlinearity and dead
units. Maas et al. (2013) suggested a default value of a = 0.01, but opted for a hyper-

parameter grid search to determine the proper value for their experiments.

3.2.5 The Problem of Bias Shift

Bias shift is a problem often seen when trying to alleviate vanishing gradients by using
a non-saturated activation function, like the ReLU. This problem is defined as the
change of the mean neuron activation as depth increases and as training progresses (i.e.
as weights are updated). To better illustrate this problem, we performed the following

experiment. We computed the mean neuron activation at each layer of two randomly
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Figure 3.5: [llustration of bias shift on randomly initialized networks. The figures present
the mean activation at each layer, where each layer has ten dimensions, and the input
and the weights are normally distributed with a mean of zero and variance of 1 (the
networks have no biases). The network at the top has ReL.U activations, while the
network at the bottom has Tanh activations. For the ReLU network, the mean activation
across the layers increases because ReLLU has a mean activation larger than one. For the
Tanh network, the mean activation across the layers stays around zero, because Tanh
has a mean activation of zero. The ReLLU network is more likely to encounter bias shift
than the Tanh network.
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initialized networks. Both networks have the same identical architecture, but each uses
a different activation function: one uses ReLU, the other uses Tanh. The input and
the weights are normally distributed with a mean of zero and a variance of one. The

network has no trainable biases b; to better illustrate the problem of bias shift.

The results of our experiment are shown in Figure 3.5. At the top of Figure 3.5, we
show the mean activation for a ReLU network, while at the bottom, we show the mean
activation for a Tanh network, as a function of depth. Recall that the Tanh activation
function is a rescaled version of the Sigmoid activation that outputs values in the
interval (—1,1):

ftanh<x> = 2fsigmoid(2x> —1. (3213)

The important difference between ReLLU and Tanh is that Tanh has a mean activation
of zero while ReLLU has a positive mean activation. This is because Tanh is antisym-
metric around zero whereas ReLU is not. As a result, ReLU will tend to increase the
mean neuron activation as more transformations are applied, while Tanh will tend to
keep it around zero. This is what we observe in Figure 3.5. As depth increases, the
mean activation of the ReLU network increases, while the mean activation of the Tanh

network stays around zero. This is what we refer to as bias shift.

We can see the problem of bias shift as forcing each transformation to apply a positive
bias to its output. It is as if we designed the linear transformations followed by ReLLU
to apply a positive bias a priori, even though no trainable bias b; is used (as we showed
in Figure 3.5). As a result, the ReLLU network will tend to have a larger mean activation

at the higher layers, and a smaller mean activation at the lower layers.

Bias shift can have a significant impact on training. A weight update in the lower layers
that generates a small bias increase will increase the mean activation in the higher layers.
Likewise, a bias decrease will decrease the mean activation in the higher levels also by
a great amount. This is due to the intensification effect on the mean activation as it
propagates through the network. Thus, the mean activation at the higher levels will
tend to oscillate more than the mean activation at the lower layers. These oscillations
can contribute in slowing down convergence, and thus make training deep networks

with many layers difficult.
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Figure 3.6: The Exponential Linear Unit (left) and its derivative (right).

3.2.6 Addressing Bias Shift with the Exponential Linear
Unit (ELU)

The Exponential Linear Unit (ELU) (Clevert et al., 2016) was designed precisely to
address this problem of bias shift. The underlying idea is to output negative values,
instead of zero, for negative arguments in order to shift the mean activation closer to
zero. To do so, the ELU uses an exponential decay for negative arguments that saturates

at a value of —1. The function is defined as follows:

T ifxz>0
feru(z) = ; (3.2.14)
a(exp(z) — 1) otherwise

where the authors proposed a = 1 as default. In other words, ELU is defined as identity
for positive arguments and exp(x)—1 for negative arguments. The shape of the function,
along with its derivative, are shown in Figure 3.6. Note that the exponential decay on

the negative side ensures that the function is differentiable everywhere.

The use of identity for positive arguments makes ELU a non-saturated activation func-
tion. The derivative for the positive arguments is one everywhere, which lowers the
likelihood of vanishing gradients just as ReLLU. In addition, ELU helps to manage bias
shift due to its negative saturation. The presence of negative values lowers the mean
neuron activation and thereby, reduces oscillations. Note that bias shift can still happen
in deep networks with ELU. The mean neuron activation can still increase as it passes
through the network. This is because the largest negative value is bounded to —1 while
the largest positive values is unbounded. Nonetheless, ELU is still well-suited to reduce

bias shift (Clevert et al., 2016).
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3.3 Parametric Activation Functions

We have seen previously when we introduced the Leaky ReL.U (LReLU) that it employs
a slope hyper-parameter a that must be selected by hand. The authors Maas et al. (2013)
suggested a default value of 0.01, but relied on grid search in their experiments to find
the best value. A grid search can be a good strategy to determine the value of hyper-
parameters, but it will struggle on large datasets and big networks. Each additional
hyper-parameter with a set of T" candidate values multiplies the number of training
runs by 7. In the case of LReLU, the number of total hyper-parameters to search for is
the number of slopes a, which corresponds to the number of LReLU layers (assuming
each LReLU layer defines a single slope a, as it is done in practice). This means that a
network with L LReLU layers would need to perform 7' training runs for grid search.
Considering that a single training run can take up to several hours, grid search quickly

becomes unsuitable as the number of layers increases.

The Parametric ReLU (PReLU) (He et al., 2015) is a simple yet elegant solution to
this problem of choosing the slope a in LReLLU. The idea is to consider a as part of the
overall parameter space of the network and learn it during training. Gradient descent
can then use 20 the derivative of the loss with respect to a, in order to update a
iteratively, just as it is done for the weights and biases. The gradient of fpr.y with

respect to a is given by:

dfprerv () 0 ifz>0

= (3.3.1)
Oa z ifzx<0
L E
which is used to compute D0 and update parameter a:
a
ok

—a—a—. 3.3.2
aéa—ao ( )

The PReLU is an activation function in the family of parametric activation functions.
A parametric activation function can be seen as an evolutive function that changes its
shape during training. It defines parameters that control different aspects of its shape
and uses the gradient of the loss function to guide the updates of its shape during
training. In the case of PReLU, it defines a single parameter a that controls the slope

of the linear function for negative inputs.

Parameterizing an activation function opens up the opportunity to find a better ac-

tivation. More precisely, it allows the data to guide training towards a shape more
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suitable than a predefined one, which would otherwise be difficult to chose by hand.
In the case of PReLU for instance, learning the slope a removes the need to perform
hyper-parameter grid search and allows training to find a good compromise between
dead units and nonlinearity (He et al., 2015). In general, parameterizing an activation
function adds a new layer of flexibility that has been shown to be beneficial (He et al.,

2015).

In the following sections, we review other works on parametric activation functions. We
review the Adaptive Piecewise Linear Unit (APL), the S-Shaped ReLU (SReLU) and
Maxout. Each function takes a step further in the direction of parameterizing the ReLLU
and tries to learn a piecewise linear function. We also explain an issue with piecewise

linear functions and gradient descent that can impede training.

3.3.1 Adaptive Piecewise Linear Unit

The Adaptive Piecewise Linear (APL) (Agostinelli et al., 2014) unit is defined as ReLU

plus a sum of S parametric Hinge-shaped functions, as follows:

S
fapr(z) = max{0,z} + Z as @ max{0,bs — x}, (3.3.3)

s=1
where ©® denotes the element-wise multiplication between two vectors and the max
operator is also performed element-wise. The number of parametric Hinge functions S
is a hyperparameter fixed in advance, while parameters as and b, are learning during
training. Parameters a, control the slopes of the linear segments, while parameters b,

control the locations of the intersection points of the linear segments.

Examples of APL shapes are shown in Figure 3.7. The left column shows the shape of
the functions, while the right column shows their corresponding derivatives. As we can
see, APL can learn piecewise linear functions that can be both convex and non-convex
(second row of the figure). Moreover, APL has the particularity that, as z — oo, it
tends to the identity function fapp(x) = x, and as © — —oo, it tends to a linear

function fapr(x) = ax + 3, for some a and .

APL is a generalization of PReLU and we can see how by rewriting PReLLU as a sum of
Hinged-shaped functions in the form presented in Eq. (3.3.3). Using the fact that the
slope in PReLU is constrained with a € (0,1), we can redefine PReLU as follows:

r x>0
fPrerv(z) = (3.3.4)
ar <0
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a=1[0.2],b=[0] a=0.2],b=1[0]

1 4 1
a=[-0.2),b=[-0.5] a=[-0.2),b=[-0.5]
1 4 1
— T 1 B T 1
a=102],b=[-0.5] a=10.2],b=[-0.5]
1 4 1
I\I T 1 I T 1
| —1 ]
a=[0.2],b=[0.5] a=0.2],b=[0.5]

Figure 3.7: Examples of Adaptive Piecewise Linear Unit (left) and their corresponding
derivatives (right).
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= max{0, z} + min{0, ax}, (3.3.5)
= max{0,z} + amin{0, z}, (3.3.6)
= max{0,z} — amax{0, —z}. (3.3.7)

In other words, PReLU is a specific case of APL where S =1, by =0, a; € (—1,0)
and both parameters b; and a; are scalars instead of vectors. As a result, APL can also

alleviate dead units by having a non-null slope as for the leftmost linear segment.

3.3.2 S-Shaped ReLU

The S-Shaped ReLU (SReLU) (Jin et al., 2016) is a parametric activation function that

tries to imitate the Webner-Fechner law and the Stevens law. It is defined as follows:

tl+al(:c—tl) Igtl
fSReLU(x) =\ <z <t (338)
tr+a.(x—t,) z>t,

where q; is the slope of the leftmost segment, a, is the slope of the rightmost segment,
t; is the point of intersection between the leftmost segment and the center segment, and
t, is the point of intersection between the center segment and the rightmost segment.
Examples of SReLLU shapes are shown in Figure 3.3.8. As we can see, the function is
defined as identity in the range [t;,¢,], as linear with a slope of ¢; and an intercept of
t;(1 — @;) in the range (—o0,%;], and as linear with a slope of a, and an intercept of

t-(1 — a,) in the range [¢,, 00).

We can see how SReLU is also a generalization of PReLLU. Indeed, by using ¢, = 0,

a; = 0, t, = oo and any values for a, and t,, we have:

0 z <0
fsrerv(z) =z 0<z<o0, (3.3.9)
tr+a.(x—t,) x>00
which is the ReLU. Thus, SReLU is a generalization of PReLLU for two reasons. The
first one is the use of a second intersection point on the positive part. The second one is
the fact that SReLLU can learn the position of both intersection points. Note that unlike

APL, SReLU is forced to have fsgery(0) = 0 for any parameterization. See Figure 3.7
for an example of APL where fapr,(0) # 0.
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a=02a, =02t =—-04,1t =04 a=02,a, =02,t; = —0.4,t = 0.4

Figure 3.8: Examples of S-Shaped ReLU (left) and their corresponding derivatives
(right).

3.3.3 Maxout Unit

The Maxout Unit (Maxout) (Goodfellow et al., 2013) is another activation function
in the family of parametric activation functions. Unlike the other activations, Maxout
computes the maximum over K linear transformations rather than an element-wise

nonlinear function over the entries of the input tensor. In other words, it does not
follow the standard form f(z) = f(Wh + b), but is instead defined as follows:

IMazout(v) = max {2, ..., 2k} (3.3.10)
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w=1[-1.8,0.2],b=[—0.8,0.3] w=1[~18,02],b=[—0.8,0.3]

w=[-1.6,0.1,1.3],b = [—0.8, —0.4, —0.8] w=[-1.6,0.1,1.3],b = [~0.8, —0.4, —0.8]

Figure 3.9: Examples of Maxout activation functions (left) and their corresponding
derivatives (right).

=max {Wiz +by,..., Wk + bk}, (3.3.11)

where W, and b, are the weights and biases of the K linear transformations, and the
max operator is performed element-wise over all K outputs z, = Wz + b,. Examples

of Maxout shapes are shown in Figure 3.9.

We can see how Maxout is a generalization of PReLLU as follows. We can obtain PReLLU
by using K = 2 linear transformations and by setting W7 = 1, by = 1, Wy = a
and b, = 0, where a is a positive scalar between 0 and 1. In that case, we obtain
Frrazout(x) = max{Wix + by, Wox + by} = max{x, ax}, which is PReLU.

Maxout has, however, two limitations that the previous parametric activation functions
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do not have. The first one is that Maxout can only learn convex shapes. This is due
to the max operator applied on linear transformations that creates a convex piece-wise
linear function (Ovchinnikov, 2002). The second is that Maxout multiplies the number of
parameters to be learned by K. This is due to its use of K linear transformations rather
than a single linear transformation. For these reasons, the other existing parametric

activation functions are usually favored over Maxout.

3.3.4 A Problem with Piecewise Linear Function

A piece-wise linear function, such as PReLU, APL, SReLU and Maxout, can add a
lot of flexibility when its number S of linear segment is large, but can also cause
problems during training. This is because the number of points at which the function
is non-differentiable increases linearly with S. In that case, computing the gradient
with back-propagation requires the use of sub-derivatives. A sub-derivative provides
a predetermined value for the derivative at a non-differentiable point that is selected
based on the slopes of the two segments that intersect at the point. For instance, in
the case of ReLLU, the function is non-differentiable at x = 0. The segment on the left
of x = 0 has a derivative of zero and the segment on the right of x = 0 has a derivative
of one. The sub-derivative for ReLU at & = 0 is therefore a value in the interval [0, 1].
It is standard to use 0, but it could be any value inside [0, 1], since there are no one

definite choice.

For this reason, the selected value for the derivative can be relatively different from
the derivative of the two segments. Considering ReLU again, the derivative jumps from
one to zero as the input changes from positive to zero to negative. This jump can be
relatively large in comparison to the change of the input, since a infinitesimal change of
€ can be sufficient to cause that jump. As a result, a variation in the input around the
non-differentiable points can increase the variance of the weight update during gradient
descent and cause oscillations. An activation function with few non-differentiable points
should usually be favored rather than an activation function with many of them (LeCun
et al., 2015). In our contribution in Chapter 6, we will see how to parameterize the
ELU by ensuring that the shape remains differentiable at all points during training,
thus addressing this problem.
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3.4 A Review of Important Convolutional Neural

Network Architectures

In this section, we review important neural network architectures. We focus our re-
view on the family of convolutional architectures, since convolutional neural networks
(CNNs) will be the main model of our contributions in Chapter 6 and Chapter 7. We
review AlexNet, NiN, Overfeat, VGG, GoogLeNet, AIl-CNN, ResNet and DenseNet by
comparing their architecture, characteristics and performance on the well-known Ima-
geNet task. We end this section with a summary of their performance, size and number

of operations.

3.4.1 AlexNet

AlexNet (Krizhevsky et al., 2012) has been an influential network over the past decade.
It was proposed in 2012 by Alex Krizhevsky, Ilya Sutskever and Geoffrey Hinton for
the annual ImageNet Large-Scale Visual Recognition Challenge (ILSVRC), which is a
coveted competition in computer vision. ImageNet started as an object recognition task
and quickly evolved into a mix of object recognition, detection and segmentation tasks
over the years. For the 2012 competition, the main challenge was object recognition,
with a training set containing 1.2 million large-scale images, a validation set and a test
set containing 150,000 ones. It was considered a challenging task at the time for both
its unprecedented large scale and difficulty (there are one thousand classes). Many still

consider it challenging even today with our current high-end GPUs.

We can get an idea of the difficulty of the task by looking at the results from the first
two years. The lowest top-5 error rate of 2011 was 25.8% ', while the lowest top-5 error
rate of 2010 was 28.2% 2. The top-5 error rate is the rate at which a model does not
output the correct label in its top 5 predictions. In other words, the model can guess
the correct answer five times before we rule the classification as a failure. At that time,
it was considered standard to have about 30% top-5 error rate when experimenting
novel approaches on the dataset. We also expected the top-5 error rate to improve at a
rate of about 2% per year, since we only saw an improvement of 2.4% between the year
2010 and the year 2011. ImageNet competition was pushing the limits of the models of

the time.

'http://image-net.org/challenges/LSVRC/2011/results
http://image-net.org/challenges/LSVRC/2010/results
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Figure 3.10: AlexNet architecture. Image taken from Krizhevsky et al. (2012).

The introduction of AlexNet in 2012 changed the game entirely. AlexNet obtained the
lowest top-5 error rate with 16.4%, while the next best entry obtained 26.2% >. AlexNet
improved the top-5 error rate by 9.8% over the next best entry, and by 9.4% over the
best entry of the previous year. The next best entry did not even improve the accuracy
of the best entry of the previous year, which both used shallow approaches. What
was surprising is that AlexNet was a convolutional neural network, a model already
introduced two decades earlier (LeCun et al., 1998), but with several modifications
that made it more efficient. This set the tone for the competitions of the following
years, which were quickly overwhelmed by neural network approaches. To this day,
many considered the events of the 2012 ImageNet competition as the most contributing

factor for the resurgence of neural networks.

AlexNet has a relatively simple structure in comparison to nowadays architectures. Its
architecture is shown in Figure 3.10. At the time however, it was quite different from
most previous neural network architectures. First, AlexNet uses the ReLLU activation
function instead of the Sigmoid activation function. ReLU was not as popular as the
other saturated activation functions back in the days, but it was growing in popularity
due to the works of Jarrett et al. (2009), Nair and Hinton (2010) and Glorot et al.
(2011). After AlexNet was proposed, ReLU quickly became the mainstream activation

function.

Second, the fully-connected part at the topmost layers of the architecture employs
Dropout (Srivastava et al., 2014), which is a regularization tool based on random per-
turbations. The idea of Dropout is to prevent co-adaptation by randomly dropping
hidden units from the network during training. Co-adaptation is a problem where mul-

tiple hidden units activate similarly on most of the inputs, making them redundant.

*http://image-net.org/challenges/LSVRC/2012/results.html
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Dropout forces each unit to operate as much as an independent feature detector as pos-
sible without relying on the other units in the same layer. As a result, network trained in
such a way can be seen as a collection of many smaller networks that form an ensemble
of exponentially large networks. At the time, Dropout significantly reduced overfitting
and gave major improvements over other regularization methods (Hinton et al., 2012;
Deng et al., 2013; Simonyan and Zisserman, 2014; Kiros et al., 2014).

Third, the authors used heavy data augmentation techniques during training. The goal
of data augmentation is to artificially increase the number of training data, in order to
further reduce overfitting. It can be done by applying class-preserving stochastic trans-
formations on the available images from the dataset to randomly generate new images
that look similar, but that are different. They employed random translations, horizontal
reflections and patch extraction, as well as a novel transformation that randomly alters

the pixel intensities, which they proposed for the competition.

And finally, they trained their network on two GTX 580 GPUs, which gave them a
significant speed advantage. A single GTX 580 has only 3GB of memory, so they had
to split their architecture on two GPUs to be able to train. The parallelization scheme
that they employed put half the neurons on one GPU, and the other half on the other
GPU. This allowed them to train a network about twice bigger. They also indicated
that training their bigger network on two GPUs simultaneously took less time than

training their smaller network on one GPU.

In summary, the work of Krizhevsky et al. (2012) showed that convolutional neural
networks could be trained efficiently and obtain better performances than the previous
standard vision models. This simultaneously shattered two preconceived ideas that first,
neural networks were too bulky to be trained efficiently and second, that they were too
complex to attain statistical generalization. Nowadays, these ideas are accepted by
most machine learning practitioners, even though AlexNet is no longer the mainstream

architecture.

3.4.2 Network in Network (NilN)

The Network in Network (NiN) (Lin et al., 2013) architecture soon followed AlexNet.
This paper was influential for its two contributions: the MLPConv layer and Global

Average Pooling. Both contributions are detailed below.
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NiN Contribution #1: MLPConv Layer

NiN was influential because it had a new take on the design on convolutional layers.
They proposed a novel convolutional operation, called the MLPconv (MLP stands for
Multi-Layer Perceptron), which can be seen as a nonlinear extension of the standard
linear convolution. The idea was to replace the dot product between each kernel and the
units of the receptive field by a fully-connected neural network. For instance, a standard
convolutional layer with K x 3 x 3-dimensional kernels (where K is the depth of the
feature map) would be replaced by a MLPconv layer with a fully-connected network
that has K -3 -3 input neurons. The fully-connected network was itself convolved on

the feature map and had a depth of two or three layers.

NiN Contribution #2: Global Average Pooling

The second reason why NiN was influential is that the authors proposed Global Average
Pooling (GAP) near the top of the network. GAP was designed to be used as a bridge
between the convolutional part and the fully-connected part of the network. Traditional
convolutional networks like AlexNet, and even previous ones like LeNet (LeCun et al.,
1998), relied on matrix flattening followed by several fully-connected layers to convert
the three-dimensional feature maps as a two-dimensional probability vector for classi-
fication or as a single value for regression. The main issue with this approach is that it
adds a considerable number of parameters to be learned. For instance, the number of
parameters of the fully-connected part in AlexNet represented more than 95% of the
total number (2.5M for the convolutional part and 58.6M for the fully-connected part).
This is in fact the reason why AlexNet relied on Dropout layers in its fully-connected

part, in order to regularize this large portion of the network.

The idea of GAP is to reduce the dimensionality of the feature maps, before sending
them to the fully-connected layers, by computing the global spatial average. In other
words, GAP replaces the flattening operation by an average pooling layer, where the
receptive field of the pooling layer is identical to the spatial dimensions of the feature
maps. For instance, a K x W x H-dimensional feature map will be transformed into a
K x 1 x 1-dimensional feature map, where each K value represents the average value
over the W x H dimensions. GAP therefore reduces the number of parameters of the

subsequent fully-connected layers by a factor of W - H.

We can also see GAP as a structural regularizer that enforces the feature maps to act

as confidence maps for the categories of the task. Indeed, average pooling is normally
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used to sum out spatial information within each receptive field to improve translation
invariance. In the case of GAP, the receptive field is identical to the spatial dimension of
the feature maps. The feature map with the most positive neurons and with the highest

positive values will be selected as the predicted category, while the other feature maps
will be discarded.

Enforcing this correspondence between the feature maps of the convolutional part and
the categories of the task has the important advantage of lowering the likelihood of
overfitting. The number of neurons sent to the fully-connected part is divided by W - H,
which substantially reduces the number of weights of the fully-connected layers. The
fully-connected part can even be removed entirely by enforcing the last convolutional
layer to have the same number of feature maps than the number of categories. This
is what Lin et al. (2013) originally proposed in their approach, but nowadays GAP is
followed by a single fully-connected layer most of the time. As a result, GAP renders the
use of Dropout on the fully-connected layers unnecessary, since the number of weights
is considerable smaller. Dropout has been shown to make training longer due to the use

of random perturbations, so removing it is beneficial to accelerate training.

Summary of NilN Contributions

In summary, the work of Lin et al. (2013) was influential mostly for GAP rather than
MLPconv. GAP is used in most state-of-the-art architectures (He et al., 2016a,b; Huang
et al., 2017), but the convolutional operation are still used as they were originally
proposed (LeCun et al., 1998).

3.4.3 Overfeat

The 2013 edition of the ILSVRC competition introduced the detection track. Its training
set contained about 400,000 images, while its validation set and test set contained
about 20,000 and 40,000 images. For the localization track, the dataset was the same
as the recognition track, except for the additional labels indicating the location of the
objects. Overfeat (Sermanet et al., 2014) was the only approach that entered all tracks
(recognition, detection and localization). It won the localization track of the ILSVRC
2013 competition with 29.9% error rate, secured the fourth position on the classification
track with 14.2% error rate and the third position of the detection track with 19.4%

mean average precision .

‘http://www.image-net.org/challenges/LSVRC/2013/results.php
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The convolutional neural networks developed for the ILSVRC 2013 competition were
not very different from AlexNet. Overall, the teams were all trying to fine-tune AlexNet
introduced the previous year to get better results. Overfeat used the same architecture
as AlexNet, with the only difference that they removed the local response normalization
layer and increased the number of convolutional kernels. On a side note, we also started
to see more teams using ensemble learning to further improve the accuracy of AlexNet.
Indeed, the Overfeat submission on the classification track used an ensemble of 7 models

with majority voting.

3.4.4 Visual Geometry Group (VGG)

The Visual Geometry Group (VGG) (Simonyan and Zisserman, 2014) architecture se-
cured the first and second place of the localization and classification tracks of the
ILSVRC 2014 competition. For the localization track, they obtained the first place
with 25.32% error, just under GoogLeNet (Szegedy et al., 2015) with 26.44% error °.
For the classification track, they obtained the second place with 7.33% top-5 error rate,
while GoogLeNet obtained the first place with 6.66% top-5 error rate.

The 2014 edition of ILSVRC marked the advent of truly deep networks. Previous net-
works like AlexNet and Overfeat had no more than 10 layers, while VGG had 19 layers
and GoogLeNet had 22 layers. As a consequence, VGG and GoogLeNet obtained large
performance improvements in comparison to the other architectures. For instance, VGG
obtained 7.33% error rate on the classification track while Overfeat obtained 14.2%, yet
both had the same number of parameters. GoogLeNet even had a lower number of pa-
rameters than both Overfeat and AlexNet (with only 6.8M), but still obtained better
performances. These results were indicative that increasing depth was beneficial for

improving performance.

VGG was influential for another reason. The receptive field of its convolutional layers
was much smaller than the receptive field of the previous architectures. For instance,
both AlexNet and Overfeat used receptive fields as large as 11 x 11, while GoogLeNet
used receptive fields as large as 5 x 5. As for VGG, it only used a receptive field of
3 x 3. What was particular is that its architecture was identical to its predecessors. It
was still based on a series of convolutional layers followed by ReLU, interleaved with
max pooling. It still even used flattening rather than global average pooling to connect

the convolutional part with the fully-connected part.

*http://image-net.org/challenges/LSVRC/2014/results
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However, this subtle modification of the receptive field had two important advantages.
A convolutional layer with a large receptive field can be approximated by several sub-
sequent convolutional layers with a smaller receptive field. For instance, a stack of two
3 x 3 convolutional layers has an effective receptive field of 5 x 5, while a stack of
three 3 x 3 convolutional layers has an effective receptive field of 7 x 7. There is no
loss of effective receptive field when a convolutional layer with a large receptive field is
replaced with an adequate number of convolutional layers with a smaller receptive field.
However, the use of many convolutional layers introduces additional nonlinearities. This
makes the network more flexible, which in turn allows it to learn a more discriminative
decision functions (Simonyan and Zisserman, 2014). This is the first advantage of using

a smaller receptive field.

The second advantage is that replacing a convolutional layer with a large receptive field
by a series of convolutional layers with a smaller receptive field reduces the number of
parameters. For instance, suppose that both the input and the output of the convolu-
tional layer have C' feature maps. A convolutional layer with a receptive field of 7 x 7
would require learning 72 - C? = 49C? parameters. In comparison, a stack of three con-
volutional layers with a receptive field of 3 x 3 would require learning 3(3*C?) = 27C?
parameters. The stack of three 3 x 3 convolutional layers has the same effective recep-
tive field than a single 7 x 7 convolutional layer, but the stack has fewer parameters to

be learned.

The use of convolutional layers with a small 3 x 3 receptive field can therefore be seen
as a form of regularization. It imposes that a convolutional layer with a large receptive
field can be approximated by a stack of convolutional layers with smaller receptive
fields, fewer parameters and more nonlinear rectification layers. This turned out to be
of great importance for the design of neural network architectures, which can be seen
nowadays in the majority of architectures that are made of convolutional layers with a

receptive field of 3 x 3.

3.4.5 GoogLeNet

The GoogLeNet (Szegedy et al., 2015) architecture tried to tackle a design question that
many deep learning practitioners were overlooking: can the receptive field be learned.
At the time, the receptive field was always fixed. AlexNet drew from 3 x 3 to 11 x 11,
while VGG used 3 x 3 everywhere. There were not actively trying to optimize the

receptive field size. The difficulty, however, in optimizing the receptive field size is that

79



Filter
concatenation

N

1x1 convolutions

3x3 convolutions

5x5 convolutions

1x1 convolutions

)

)

1x1 convolutions

1x1 convolutions

[}

3x3 max pooling

Previous layer

Figure 3.11: The Inception module of the GoogLeNet architecture (Szegedy et al., 2015).
The module defines parallel computation, where each convolutional layer has a different
receptive field size. It also uses max pooling that does not change the dimensionality
of the feature maps in order to add a different information processing layer. The use of
1 x 1 convolutional layers in yellow reduces the number of feature maps to lower the
dimensionality of the output feature maps after depth-wise concatenation. Image taken
from (Szegedy et al., 2015).

it cannot be done directly with gradient descent. This is because the size is a discrete

value, so the loss E is non-differentiable with respect to it.

To get around this difficulty, Szegedy et al. (2015) introduced the Inception module
that propelled the idea of parallel computation within the network. An illustration of
the Inception module is shown in Figure 3.11. Up until then, it was usual to view a
neural network as a machine of serial computations. The Inception module shattered
this view by using many parallel paths, each composed of a series of convolutional
layer followed by a rectification layer. They took the same feature maps as input, but
computed different output feature maps and sent them a depth-wise concatenation layer

that merged them together.

Using their Inception module, Szegedy et al. (2015) were able to optimize for the recep-
tive field size indirectly by using a different one for each path, simultaneously. As seen
in Figure 3.11, one has a size of 1 x 1, another one has a size of 3 x 3 and the last one as
a size of 5 x 5. Combined with the concatenation layer at the end, the module allowed

training to guide the network toward the most suitable receptive field size, since it was
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able to choose between many of them. This thus acted as a workaround solution to the

non-differentiability difficulty of the loss.

As a result, the Inception module proposed to answer the question of how to choose
the receptive field size by simply using many of them in parallel. By doing so, Szegedy
et al. (2015) created one of the first network architecture that strayed from the standard
design principle that was used at the time. This important idea turned out to be
important for network design. It has been re-used in many network architectures since
then, especially in architectures with skip connections like ResNet and DenseNet. Both
the ResNet and DenseNet are based on this notion of parallel computation, and they
both turned out to be two of the most important architectures of the past decade.
We will discuss ResNet and DenseNet in the following section, but first, we introduce

All-CNN that made us reconsider an important principle of network design.

3.4.6 All-CNN

With their All Convolutional Neural Network (All-CNN) architecture, Springenberg
et al. (2015) questioned the established belief that max pooling was always required
to reduce the spatial dimensions of the feature map. In their work, they proposed to
replace each max pooling layer with a convolutional layer with a matching stride. For
instance, a max pooling layer with a receptive field of 2 x 2 and a stride of 2 would
transform a W x H x C-dimensional input feature map into a |W/2| x |H/2| x C-
dimensional output feature map. We can create a convolutional layer that modifies the
input feature map in an identical way, by using C' convolutional kernels with a receptive
field of 2 x 2 and a stride of 2. In this case, instead of computing the maximum value
over all 2 - 2 values of the receptive field for each C feature map independently, the
pooling layer will compute C' dot products between each kernel and 2 - 2 - C' values of
the receptive field of each feature map. Springenberg et al. (2015) conducted several
experiments with these type of pooling layers and showed that they could get similar

and sometimes better performances with them.

The use of convolutional pooling layers can be seen as using a parametric version of the
traditional max pooling layers. Recall that max pooling defines no parameters, which
means that its pooling behavior is fixed throughout training. In contrast, convolutional
pooling layers are parametric, which means that they can adjust their pooling behavior
during training. They can thus learn different kinds of pooling, which adds another

layer of parameterization to the network.
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3.4.7 Residual Network (ResNet)

The Residual Network (ResNet) (He et al., 2016a) secured the first position of the
classification track of the ILSVRC 2015 competition with a staggering 3.57% top-5 error
rate. This corresponded to a relative improvement of 46% in comparison to GoogLeNet
of the previous year, which obtained the first place with 6.66%. Recall that in 2012,
AlexNet obtained a top-5 error rate of 16.42%, while the best entry of the previous year
obtained 25.77%. This corresponded to a relative improvement of 36% in 2012, which

is of the same order of magnitude as of ResNet that we observed in 2015.

The introduction of ResNet marked the advent of immensely deep networks. As we saw
previously, VGG pushed the depth to 19 layers, while Googl.eNet pushed it further to
22 layers. This was already a large increase in comparison to AlexNet with 8 layers. He
et al. (2016a) completely changed the picture by submitting a ResNet with a depth of
152 layers for the classification track of ILSVRC 2015. Their ResNet was 8x deeper than
VGG and 7x deeper than GoogLeNet. In subsequent experiments on the smaller dataset
CIFAR-10, they were able to successfully train a ResNet with 1,000 layers (He et al.,
2016a). These results came up as a surprise for many in the deep learning community,
as no one was able to train networks much deeper than VGG and GooglLeNet prior to
that.

The reason why it was difficult to train deeper networks was due to the degradation
problem. This problem was observed by He et al. (2016a) during their experiments on
varying the depth of their network. They observed that the train accuracy would stop
to improve once the network reached a certain depth threshold. They further observed
that the train accuracy would start to degrade as they continued to increase depth
pass that threshold point. In other words, they observed a plateau where adding more
layers would no longer improve train accuracy, but rather degrade it. This was rather
unexpected because a network becomes more complex and more able to overfit the
training data when its depth increases. This means that the train accuracy should have

decreased as depth increased, but the experimental results suggested otherwise.

The degradation problem of the train accuracy indicates that not all systems are easily
optimized. To better illustrate this problem, consider both a shallow and a deep archi-
tecture, where the deep architecture is created by adding more layers to the shallow
architecture. There exists by construction a deep architecture that is equivalent to the
shallow architecture. This architecture is created by simply adding identity layers to

the shallow architecture, where an identity layer outputs its input feature maps without
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changing them. It is easy to see that this deep architecture has the same accuracy as
its shallow counterpart, even though it is deeper. This suggests that a deep network
should never produce a worse train accuracy than its shallower counterpart. The fact
that we instead observe a degradation of the train accuracy when adding more layers
indicates that the solvers are unable to learn at least the identity function for the added
layers. This point towards the fact that learning the identity function is rather difficult

in the context of standard feedforward architectures.

The idea of He et al. (2016a) was thus to create a module that can easily learn this
identity function. To do so, they introduced the key principle of residual learning. To
understand the difference between standard learning and residual learning, consider
a standard feedforward module defined as a parametric transformation #H(z). For in-
stance, H could be a series of nonlinear layers like multiple convolutional layers, followed
by a nonlinear rectification layer. In this case, learning the identity function with H
amounts to learning the proper weights and biases of the nonlinear mapping, such that
H(x) = x. This is a hard problem. The idea of residual learning is to rather consider
the residual mapping F(x) := H(z) — z, and recast the original problem of learning the
mapping H as learning the mapping F(x) 4+ = instead. With this new formulation, it
becomes easy to learn the identity function with a stack of nonlinear transformations.
The solver simply needs to push the parameters of F to zero, such that F(x) = 0 and
the mapping F(x) + x = = becomes an identity mapping.

A module that implements residual learning has the following general formulation:

yr = S() + F() (3.4.1)
z11 = 9(y1), (3.4.2)

where S are the skip connections, F is a standard feedforward module and g is an
optional function. In the original formulation of the residual module by He et al. (2016a),
g was defined as the ReLLU activation function, while § was defined differently depending
on F. Indeed, § was defined as the identity function when F did not change the
dimensionality of x, but S was defined as a 1 x 1 convolutional layer with a stride

larger than one when F changed the dimensionality of x.

In a subsequent experimental study, He et al. (2016b) showed that defining g as the
identity function gave better performances than defining g as ReLU. Within this new

formulation, a module that implements residual learning can be defined simply as fol-
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Figure 3.12: Illustration of a residual module that implements residual learning with
x1+1 = F(x;) + z;. The module can be seen as a standard feedforward module F with
an additive skip connection that implements the identity mapping.

lows:
Tyl = f(xl) + 7, (343)

as shown in Figure 3.12. In other words, it can be seen as a standard feedforward module
F with an additive skip connection that implements the identity mapping. Note that
with the formulation of Eq. (3.4.3), F can be easily deactivated by simply pushing its

parameters to zero, which would result in the identity function x;,; = 0 + ;.

The use of additive skip connections has many advantages, but we still do not fully
understand their impact. In the work of He et al. (2016b), it was shown that the use
of additive skip connections, like the one of x;11 = F(x;) + x;, leads to interesting
backward propagation properties. In particular, they showed that the gradient of the

loss function with respect to any output feature map x; has the following formulation:

oF E)E
= ) 4.4
(9xl 8xL 83:L (8@ Zf i ) (3 )

Eq. (3.4.4) indicates that the gradient 5p, AN be decomposed as a sum of two terms.
L

E
The first one is Er which propagates the error signal of the loss function to each
Tr

layer of the hierarchy, and the second one is — Z]: , which propagates
823 L 81:1
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through the layers. The fact that Er. is added to the other term suggests that it is
xrr

OF OE [ 0
unlikely that —— is cancelled out by — Z}" z;) |, because both terms are
oxr, oxy, 8%1

oF
rarely the opposite of each other. This implies that the gradient — at layer [ rarely

81’[
vanishes, even when the weights or the activations at the layers above [ are arbitrarily
L—1
oF [ 0
small, which would make the term — Z]—“ x;) | close to zero. As a result,
ox L 8xl

the information of the error signal is always dlrectly propagated backward to every

shallower layer, which lowers the likelihood of vanishing gradients.

The work of Veit et al. (2016) shed light on another interesting advantages of additive
skip connections. They showed that a residual network can be interpreted as a collection
of many paths of different length. What is interesting is that most paths are much
shallower than the effective depth of the network. They further performed an ablation
study that revealed that these paths have an ensemble-like behavior. They do not
strongly depend on each other, with performance smoothly correlating with the number
of valid paths. Removing the residual mapping F (using the identity skip connection
instead) from a single residual module has little to no effect on accuracy, even though
all residual modules are learned jointly. In comparison, the standard feedforward VGG
network predicted no better than random guesses when layers are removed, even when

only one is removed.

These results suggested that extremely deep residual networks with hundreds of layers
do not produce better results due to their depth alone. They in fact suggested that
residual networks produce better performances in part due to behaving like ensemble
methods, which are known for improving statistical generalization. This key insight
revealed that depth is still an open research question, even though the effective depth

of a deep residual network can be many times larger than standard feedforward networks
like VGG and GooglLeNet.

Another work has studied the shape of the loss function to better understand why
the use of skip connections improves training and performance (Li et al., 2018). In
their work, Li et al. (2018) analyzed the difference between the loss function landscape
of a network without skip connections and a network with skip connections. To take
into account the fact that the dimensionality of the loss function is dependent on the
number of weights, and that a network can have millions of weights, they proposed a

method called filter normalization to create a low-dimensional approximation of the
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(a) without skip connections

(b) with skip connections

Figure 3.13: The difference between the loss function landscape of a network without
skip connections (a) and a network with skip connections (b). The use of skip connec-
tions makes the loss function smoother, which makes the search for a good minimizer
easier. Figure taken from Li et al. (2018).
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loss function. With their approach, they plotted the shape of the loss function in two
dimensions. Their results are shown in Figure 3.13. One can see that with a standard
feedforward network, the loss function is non-convex and has many local minima, while
with skip connections the loss function is significantly smoother. As a result, skip con-
nections facilitate the search for a good minimizer because the loss function is easier to
minimize.

Overall, we still do not have a complete understanding of the behavior induced when
using skip connections. But we know from the experimental evaluations of He et al.
(2016b) and He et al. (2016a), as well as from the theorical studies of He et al. (2016b),
Veit et al. (2016) and Li et al. (2018), that skip connections improves training, accuracy,
lowers the likelihood of vanishing gradients and are easy to incorporate in any existing
network architecture. They have many advantages and should always be considered

first when designing novel network architectures.

3.4.8 Densely Connected Network (DenseNet)

Densely Connected Network (DenseNet) (Huang et al., 2017) is a network architecture
similar to ResNet, in the sense that DenseNet is also based on skip connections. The
main difference between ResNet and DenseNet is that ResNet uses additive skip con-
nections, while DenseNet uses concatenative skip connections. The base module that

implements concatenative skip connections in DenseNet is defined as follows:
Tyl = [.Z'l, F(l’l)] (345)

where [] stands for depth-wise concatenation.

To better illustrates the difference between DenseNet and ResNet, we can redesign the
ResNet module of Eq. (3.4.3) and the DenseNet module of Eq. (3.4.5) using another
formulation with a new mapping H. For ResNet, Eq. (3.4.3) can be redesigned as

follows:
1 =H(xr+ 20+ ...+ 1), (3.4.6)
while for DenseNet, Eq. (3.4.5) can be redesigned as follows:
i1 = H([z1, 20, ..., 27]) (3.4.7)

This new formulation reveals the main difference between ResNet and DenseNet. With

ResNet, the information about the feature maps of the previous layers [ — 1,1 —2, ...,
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up to 1 is blended together into the feature maps z1 + x5 + ... + ;. With DenseNet,
that information is fully accessible, since each feature map z; is kept separated. Thus,
the use of each z; in the input of mapping H can therefore be seen as adding one skip

connection to each previous feature map x;. Hence the name densely connected.

This implies that concatenative skip connections enjoy the same advantage of lowering
the likelihood of vanishing gradients as additive skip connections. The difference is
that concatenative skip connections have the additional advantage of maintaining the
integrity of the information computed at the lower layers. That low-level information
can be used as s in the higher layers of the hierarchy, which has been shown to improve

performance (Huang et al., 2017).

3.4.9 Comparing Performance, Size and Operations

A recent analysis by Canziani et al. (2016) compared the presented CNNs on their
accuracy on the ImageNet recognition task, their size in terms of number of parameters
and their number operations required for a single forward pass. These three characteris-
tics are important to consider when choosing an architecture, especially in a context of
limited computational resources like mobile computing or embedded systems. The per-
formance on ImageNet ranks the architectures on accuracy, the number of parameters
ranks the architectures on memory requirement and the number of operations ranks

the architectures on energy consumption.

The results of Canziani et al. (2016)’s comparative study are presented in Figure 3.14.
Each circle corresponds to a network architecture. The size of the circle illustrates the
number of parameters, where the reference scale that associates the size of the circle
to the number of parameters is shown at the bottom of the figure. The abscissa value
of each circle corresponds to the number of operations required for a single pass (in
G-Ops), while the ordinate value of each circle corresponds to the Top-1 accuracy on
the ImageNet object recognition task. The best architecture is the one with the smallest

circle and the most top left.

The results in Figure 3.14 show that ResNet-50 is the best architecture overall, closely
followed by Inception-v3. With approximately 35M parameters, ResNet-50 reaches
about 76% Top-1 accuracy on ImageNet and requires about 7 G-Ops for a single for-
ward pass. In comparison, AlexNet, which is the most popular architecture in the deep
learning community, requires 3 G-Ops for a single forward pass, has about 65M param-

eters and only reaches about 55% Top-1 accuracy. These results corroborate with our
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Figure 3.14: Comparing convolutional neural network architectures on their accuracy
on the ImageNet recognition task (ordinate), their number of operations required for a
single forward pass (abscissa) and the number of parameters (size of circle). The best
overall architecture is ResNet-50, which corroborates with our understanding of how
residual learning improves training and generalization performance. Image taken from
Canziani et al. (2016).

theoretical understanding of how residual learning improves training and generalization
performances (ref. Section 3.4.7 for more details). Thus, feedforward neural networks
should preferably incorporate skip connections in their architectures in order to fully

take advantage of residual learning.

3.5 Conclusion

In this chapter, we introduced the framework of Deep Learning (DL). The goal of DL
is to train a deep neural network, which can be seen as learning the parameters of a
parametric function in parametric function approximation. We further explained the
importance of the activation function when designing the architecture of the network.
Choosing an activation function requires taking into account many considerations, such

as vanishing gradients, dead units and bias shift. To this end, we presented different
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activation functions that address each of these considerations, such as the ReL.U, the
LReLU and the ELU. We further explained that they can define parameters that control
different aspects of their shape, which can be learned during training with gradient
descent. This lead us to consider the family of parametric activation functions. We
review important works that tried to further improve the flexibility of the ReLLU by
designing different types of parameterization, such as the PReLLU, the APL, the SReLLU
and the Maxout. Finally, we reviewed key convolutional network architectures, including

the recent ResNet, that implements residual learning.

In the following chapter, we will introduce another framework for representation learn-
ing that focuses on learning many tasks in parallel. We will introduce the framework

of Multitask Learning.
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Chapter 4

Background Material on Multitask

Learning for Deep Learning

In this chapter, we present background material on Multitask Learning (MTL), with
an emphasis on deep learning approaches. MTL is a representation learning framework
that implements the shared factors across tasks prior belief that we introduced in Sec-
tion 1.2.6. We start with the definition of MTL in Section 4.1, which can be summarized
as the problem of learning many tasks in parallel. We also explain the difference between
soft parameter sharing and hard parameter sharing, which are two MTL implementa-
tions. Then, we review important deep learning works on soft parameter sharing in
Section 4.2, such as regularization terms, the Cross-Stitch block, the Sluice block and
the Cross-Residual block. We also point out to a limitation of these approaches that
we will address in our contribution in Chapter 7. We finally conclude the chapter in
Section 4.3.

4.1 Definition

Multitask Learning (MTL) is a field of machine learning that has been around for more
than two decades (Caruana, 1997; Evgeniou and Pontil, 2004; Argyriou et al., 2007;
Liu et al., 2009; Zhang et al., 2012, 2014). It was put forward by Caruana (1997) in his

seminal work, who provided a definition that is nowadays still widely cited:
Multitask Learning is an approach to inductive transfer that improves gen-

eralization by using the domain information contained in the training signals

of related tasks as an inductive bias. It does this by learning tasks in parallel
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while using a shared representation; what is learned for each task can help
other tasks be learned better. (Caruana, 1997)

Since then, MTL has proven its value in several domains over the years. It has become
a dominant field of machine learning with many influential works (see (Zhang and
Zhou, 2014) for a review). Moreover, recent major advances in deep learning opened
up opportunities for novel contributions. Works on grasping (Pinto and Gupta, 2017),
pedestrian detection (Tian et al., 2015), natural language processing (Liu et al., 2015a),
face recognition (Yim et al., 2015; Yin and Liu, 2017) and object detection (Misra et al.,
2016) helped MTL make a resurgence in the deep learning community. They have shown
the potential of MTL to improve the generalization ability of deep networks, fuelling
its growth in popularity.

MTL falls into the category of transfer learning (Pan and Yang, 2010), which is a broad
field of machine learning that focuses on knowledge transfer. The knowledge gained
while solving task one is used to solve task two, and the new knowledge gained while
solving task two is used to refine the knowledge gained while solving task one, and so
forth. It draws on the long-standing literature of transfer of learning in psychology (El-
lis, 1965) that studies the way people learn. The transfer of learning in psychology is
interested in how the improvement of one mental function affects the improvement of
related mental functions. It describes the processes with which past experiences affect
learning, performance and adaptation in new situations. Transfer of learning in people
has been used as a biological inspiration to put forward the notion of knowledge transfer
in MTL.

The goal in MTL is to solve a main task while drawing knowledge from other related
tasks in parallel. This particularity of learning multiple tasks in parallel is what differ-
entiates MTL from other fields of transfer learning, like domain adaptation (Daume I11
and Marcu, 2006) or learning to learn (Thrun and Pratt, 2012). In MTL, all tasks are
learned at the same time, even though the focus is to only perform well on the main
one. As Caruana (1997) put into words: “Usually, we do not care how well extra tasks
are learned; their sole purpose is to help the main task be learned better.” (Caruana,
1997).

The definition of MTL by Caruana (1997) introduces the important principle of induc-
tive bias. An inductive bias is a set of assumptions about the target function or mapping
that is used by the learner to predict the result of inputs never seen before (Mitchell,

1980). It can be seen as a set of preferences for some hypotheses over others, when the
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learner tries to explain inputs that fall outside the training data distribution.

We can illustrate an example of inductive bias with the linear model f(z) = 6'x
introduced in Chapter . The inductive bias in a linear model is described as follows: the
relation between the input features x and the target value y is linear. A linear model
uses this inductive bias to compute the target value f(x) of inputs « it has never seen
by assuming that z and y are always linearly related. In other words, the predicted
target value f(z) associated with any inputs 2 will always be a weighted sum 'z, no

matter if the input = has been observed during training or not.

The inductive bias is related to the notion of generalization. Indeed, approaches with an
improper inductive bias usually do not generalize well, while approaches with a proper
inductive bias can generalize well given the proper training framework. Consider for
instance the problem of linear regression. Suppose that we try to capture the relation
between the input and the output with a linear model by minimizing the mean squared
error. In the case where the underlying relation is nonlinear, the linear model will fail
to correctly capture the underlying relation no matter what optimization approach is
used. The linear model will not correctly predict the nonlinear relation between the
input and output outside (and even inside) the data distribution because the inductive

bias is not the proper one.

On the other hand, in the case where the underlying relation is truly linear, the linear
model can succeed to capture the underlying relation only if the mean squared error
is correctly optimized. For instance, outliers can have a large impact when learning
the weights 6. The presence of a single outlier can affect the minimization of the mean
squared error in such a way that the linear model is shifted toward the statistically un-
representative outlier. When this happens, the learned weights fail to correctly capture
the underlying linear relation, even though the inductive bias is the proper one. But if
the weights are correctly optimized, the linear model will be able to correctly predict

the relation between the input and the output everywhere on the input domain.

In the case of MTL, the inductive bias is defined as follows: approaches are trained to
have utility across many tasks. The key insight is that the tasks are learned simulta-
neously. This makes available a rich source of information that is not available when
the tasks are learned in isolation. This source of information represents domain infor-
mation that is shared among many problems, which helps promote generalization. A
MTL approach can access this source of information through the training signals of the

related tasks, and thus learn a shared feature representation with better generalization
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qualities.

4.1.1 Multitask Learning Training Objective

The main difference between MTL and standard Singletask Learning (STL) is the
definition of the training objective. The goal of MTL is to learn multiple tasks in
parallel in order to improve the performance on the main task. To this end, MTL
defines many training objectives, one for the main task and one for each related task.
The objectives take the form of loss functions and are combined with a weighted sum,

as follows:

T
E=FEy+» wkE. (4.1.1)

t=1
where Fj is the error loss function of the main task, 7" is the number of related tasks,
E; are the error loss functions of the related tasks and 7; are the task-specific strength
hyper-parameters. The hyper-parameters ~; control the importance of minimizing each
function E;. As we can see in Eq. (4.1.1), minimizing F will simultaneously minimize

the error Ey on the main task, as well as the errors F; on the auxiliary tasks, as wanted.

The training objective defined in Eq. (4.1.1) is generic and can appear in many contexts.
It can even appear in a STL context, especially when regularization is used. In this case,
the related tasks are sometimes referred to as auziliary loss functions. For instance,
adding ¢; or /5 regularization to a supervised learning problem can be seen as defining an
MTL objective. The main task is the original training objective, while the related task is
the regularization objective. As in MTL, the goal is still to obtain the best performance
on the main task. But with regularization, we add an inductive bias favoring specific
types of solutions, such as parcimonious solutions in the case of ¢; or low magnitude

solutions in the case of ¢.

The formulation of Eq. (4.1.1) allows us to define a multitask training objective. One
question that remains is how to implicitly share the domain information between the

tasks. In the following section, we will describe two main approaches to do so.

4.1.2 Domain Information Sharing with Hard and Soft

Parameter Sharing

In the context of neural networks and deep learning, MTL approaches generally fall into

the following two categories: hard parameter sharing and soft parameter sharing (Ruder,
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Figure 4.1: MTL approaches in deep learning generally fall into two categories: hard
parameter sharing and soft paramter sharing. The top figure corresponds to hard pa-
rameter sharing, while the bottom figure corresponds to soft parameter sharing. Hard
parameter sharing defines a shared central newtork, with one head per task. Soft pa-
rameter sharing defines one network per task, but uses a sharing mechanism (the dotted
arrows) to make available each task-specific information to all networks. Soft parameter
sharing is growing in popularity because the sharing mechanism is more flexible than
the central network in hard parameter sharing.

2017). An illustration of the difference between the two is shown in Figure 4.1. The top
part corresponds to hard parameter sharing, while the bottom part corresponds to soft
parameter sharing. The figure shows an example of a MTL problem with one main task

and two related tasks.

As presented in Figure 4.1, approaches in the hard parameter sharing category define a
shared central network with one head for each task, where the heads are usually fully-
connected networks with no more than one or two layers. The central network takes
as input the observation and outputs a shared feature representation. Each head then
takes the shared feature representation as input and predicts the output value for their
corresponding task. Note that the separation between the central section and the heads
is artificial. It is needed only to make explicit that the heads are influenced only by the
training signal of their corresponding task, while the central network is influenced by
the training signals of all tasks. The overall network is still trained end-to-end using

backprop, to the difference that the gradient incorporates the error signals coming for
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all heads.

Hard parameter sharing dates back to the original work of Caruana (1997) on MTL and
is the most common of the two categories. It is still used nowadays to enable knowledge
sharing between tasks (Ranjan et al., 2017; Zhang et al., 2014; Pinto and Gupta, 2017;
Yin and Liu, 2017; Chen et al., 2018b), with a recent success on mastering the game
of Go (Silver et al., 2017) that has attracted a lot of attention. In their AlphaGo Zero
architecture, Silver et al. (2017) defined a hard parameter sharing CNN that outputs
simultaneously the value and the policy of a given state in a reinforcement learning

framework.

On the other hand, approaches in the soft parameter sharing category define one net-
work for each task, but equip them with a sharing mechanism. The sharing mechanism
can take the form of a regularization term that is used as an auxiliary loss in the
training objective (Yang and Hospedales, 2016b), or can be defined as a component of
the network with trainable parameters that influence both the forward pass and the
backward pass (Misra et al., 2016). In each case, each task-specific network takes the
same observation as input and directly predicts the output value for their corresponding
task. Unlike hard parameter sharing, there is no central network that is influenced by
the training signals of every task. It comes down to the sharing mechanism to allow
each task-specific information to be available to all networks. The sharing mechanism is
necessary to allow knowledge sharing between the tasks, otherwise the overall network

would only be a set of independent task-specific networks.

Soft parameter sharing is more recent and is growing in popularity (Ruder, 2017). The
first occurrence of the name soft parameter sharing can be traced back to the work of
Duong et al. (2015) on natural language processing a few years ago. Since then, many
works have been done in this field (Yang and Hospedales, 2016b,a; Misra et al., 2016;
Ruder, 2017). Soft parameter sharing is gaining attention in the community and some
see it as the next step for MTL (Ruder, 2017).

The reason explaining why soft parameter sharing is gaining in popularity is due to
the sharing mechanism (Ruder, 2017). In hard parameter sharing, the central network
outputs a single shared representation that is used by every heads. This creates a com-
petition between the task-specific features that encourages the shared representation to
minimize all objectives. This competition can be beneficial when the tasks are related,
but can also be detrimental when the tasks are different. It can be hard for the network

to learn features specific to only one task, since features of this kind have value only
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for the corresponding task. They do not usually improve the performance of the other
related tasks, so they are not favored during training. This problem is further accentu-
ated when the shared representation has low dimensionality and when the number of
tasks is large (Ruder, 2017).

The sharing mechanism was proposed as an alternative to deal with this problem. With
the sharing mechanism, there is less competition because there is no single shared fea-
ture representation. The task-specific networks can more easily learn a feature repre-
sentation specific to their task, even though there is still an incentive to simultaneously
minimize all objectives. The sharing mechanism can also be designed with trainable pa-
rameters, so that the network can learn to control the sharing of information between
the networks. As a result, there is less interference with the sharing mechanism than
with the central network, even though there is still information sharing between each
task.

Soft parameter sharing will be the main subject of our contribution in Chapter 7.
For this reason, we will focus our review on soft parameter sharing rather than hard

parameter sharing.

4.2 A review of Important Soft Parameter Sharing

Mechanisms

In this section, we review important soft parameter sharing mechanisms. We first review
sharing mechanisms defined as a regularization term then introduce sharing mechanisms
defined as a trainable component of the network. We cover the Cross-Stitch block, the
Sluice block and the Cross-Residual block. We will also describe a limitation with these

approaches that we will address in our contribution in Chapter 7.

4.2.1 The Sharing Mechanism Defined as a Regularization
Term

A soft parameter sharing mechanism defined as a regularization term applies a penalty

function P on the parameters 6, ..., 07 of all task-specific networks. The goal is to link

the parameters 6, together in order to share the training signals of each task. The value

of the penalty function is added to the multitask training objective and is minimized
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jointly. In general, the training objective looks as follows:

T
E=FEy+Y %E+\P(0,....07), (4.2.1)

t=1
where Fy and E; are the main and task-specific error loss functions (as described in
Section 4.1.1) and A is a hyper-parameter that determines the importance of minimizing

the penalty function P. Note that we define A as a scalar without loss of generality.

Several approaches based on regularization terms for deep learning have been proposed
over the past few years. In the following sections, we will review the squared FEuclidean
distance, the multilinear relationship network and the tensor trace norm. We then
follow with a discussion of the inconvenience of defining the sharing mechanism as a

regularization term.

Squared Euclidean Distance.

One regularization term has been proposed to perform cross-lingual parameter sharing
for the problem of dependency parsing (Duong et al., 2015). In their approach, the
neural parser of the target language is regularized such that its weights are similar
to the weights of the neural parser of the source language (Duong et al., 2015). The
regularization term is defined as the squared Euclidean distance between the weights of
the target and source neural parser. The idea is to help the networks to more easily learn
the grammatical structure of their language, since what is learned for one language can

be used to learn the other language better.

Multilinear Relationship Networks.

Another approach proposed to model task relationships from a Bayesian point of
view (Long and Wang, 2015). We have seen in Section 2.1 that both the feature coding
and the dictionary learning optimization problems of sparse dictionary learning can be
defined as computing the maximum a posteriori (MAP) estimate of the parameters
of the generative model. The MAP estimate is a standard tool to associate the opti-
mization problem of a learning algorithm to a probabilistic formulation of a generative
model (Robert, 2014). Similarly, Long and Wang (2015) started from the probabilistic
formulation of their multitask classification problem and added a prior distribution on
all task-specific weights of the penultimate fully-connected layers. They then expressed
the MAP estimate as an optimization problem and obtained a regularization term based

on the selected prior. They chose as prior distribution the tensor normal distribution
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with hyper-parameter ¥;, which models the relationships between all tasks. The hyper-
parameter Y; is initialized to exhibit task independence at first, but is updated at each

step to find the proper task relationships.

Tensor Trace Norm

A recent approach proposed to have a specific sharing mechanism that encourages
parameter reusability (Yang and Hospedales, 2016b). The idea is to define the regular-
ization term from the point of view of the optimization problem, in order to encourage
each task-specific network to re-use the parameters of the other networks. Yang and
Hospedales (2016b) proposed penalizing the tensor trace norm of the tensor of con-
catenated task-specific weights at each layer. The tensor trace norm is defined as the
standard trace norm applied over a certain tensor unfolding, where the trace norm is
defined as the sum of singular values. Yang and Hospedales (2016b) proposed three
different tensor trace norms, each encouraging different forms of parameter reusability.
Some can even encourage within-task parameter reusability, that is, sharing across the

filters of the convolutional layers.

4.2.2 An Inconvenience of Defining the Sharing Mechanism as

a Regularization Term

Approaches based on a regularization term have the appealing property that the regu-
larization term can be designed to have a well-chosen influence during training. However,
its main drawback is the need to finetune its hyper-parameter A in Eq. 4.2.1. Tuning
A is critical for the proper functioning of the method. When A is too large, the reg-
ularization term overpowers the main objective and the network fails to perform well
on the main task. On the contrary, when X is too small, the regularization term fails
to properly regularize the network and is rendered useless during training. A proper
balance between all the elements in Eq. 4.2.1 is essential, but it is hard to attain. It
requires careful tuning of A\ that can necessitate many trials and errors, which can make

the overall training process computationally demanding.

4.2.3 The Sharing Mechanism as a Trainable Component

To address this limitation, the sharing mechanism can be defied as a trainable com-
ponent of the network. The main difference between the trainable component and the

regularization term is that the former is used during both the forward and backward
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pass, while the latter is only used during the backward pass. The regularization term is
applied on the weights or on the activations a posteriori, while the component is applied
during the forward computation. Thus, it takes part in the computation of the output
value rather than only acting on it afterwards. As a result, the trainable component
removes the penalty function P(6y, ..., 0r) and its hyper-parameter A in Eq. 4.2.1. This

is one of the main advantages of the component.

The component can also have parameters that can be learned with gradient descent
during training, since we can compute the gradient of the loss function with respect to
its parameters. In comparison, learning hyper-parameter A with gradient descent would
not be possible. This is because A multiplies the penalty function P(6y,...,60r), which
means that a straightforward solution to the minimization problem is to always have
A = 0. The fact that the sharing mechanism can have trainable parameters opens up the
opportunity to learn a component with better domain information sharing abilities. We
can design the sharing mechanism according to our specifications and let the data guide
training towards to proper parameter solution. The approaches that we now present

define the sharing mechanism in such a way.

Cross-Stitch Block

The idea of the Cross-Stitch block (Misra et al., 2016) is to define the sharing mechanism
as trainable linear combinations of task-specific feature representations. To illustrate
the approach, we define z; and x5 to represent the feature representations computed by
the networks for tasks 1 and 2. Without loss of generality, we dropped the layer index

and only use two tasks. A cross-stitch block with parameters «; ; is defined as follows:

n _ 11 Q19| |1 ’ (4.2.2)
Y2 Q21 Qga| |T2

where y; and gy, are the output feature representations of the cross-stitch block. In other
words, the output feature representation y; for task 1 is defined as a linear combination
a1171 + o 29 of the input feature representation x; and 5. Similarly for task 2, the
output feature representation ¥, is defined as a linear combination s 121 + 9229 of
the input feature representation x; and x5. The multiplications by alpha is a simple
scalar multiplication, such that there is no conceptual difference between a cross-stitch
block applied on the vector representations of fully-connected layers and the feature

map representations of convolutional layers.
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The Sluice Block

The Sluice block (Ruder et al., 2017) is an extension of the cross-stitch block. Like the
cross-stitch block, it defines the sharing mechanism as trainable linear combinations of
task-specific feature representations. However, unlike the cross-stitch block, the sluice
block defines another set of linear combinations on layer-specific feature representations.
It learns a linear combination between the feature representations computed at every
layer of each task-specific network. The resulting value of the linear combination is
then used directly as input to the last layer, typically a softmax layer for classification

problems.

Assuming that z;, is the feature representation of task ¢t computed at layer [, the linear

combination on the layer-specific feature representations z;; can be defined as follows:

L
Y = Z Brixe (4.2.3)
=1

where (3;; are the weights of the linear combination. Note than the product £, ;x;; is
a simple scalar multiplication, such that there is no conceptual difference between a

sluice block applied on vectors and a sluice block applied on feature maps.

The goal of the linear combination of Eq. (4.2.3) is to learn hierarchical relations be-
tween each task. It is based on the observation that the tasks have a different depth at
which they interact (Hashimoto et al., 2017; Sggaard and Goldberg, 2016). This depth
is difficult to establish a priori when designing the network and an improper choice can
lead to bad interactions. The linear combinations address this limitation by learning it

with gradient descent during training.

Cross-Residual Block

The Cross-Residual Block (Jou and Chang, 2016) is another extension of the cross-stitch
block based on the recent advances in residual learning (He et al., 2016a, 2015) (ref.
Section 3.4.7). They defined their cross-residual block following the standard residual

block introduced in Section 3.4.7. The cross-residual block has the following structure:

T
ye=Fi(z) + Y (4.2.4)
t=1

where F; is the residual mapping for task ¢t and 7" is the total number of tasks.

The cross-residual block defined in Eq. (4.2.4) implements the sharing mechanism sim-

ilarly to the cross-stitch block. Indeed, the task-specific feature representations x; are
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combined together using linear combinations. In the case of the cross-stitch block, the
linear combinations are parameterized and are learned during training. In the case of the
cross-residual block, the linear combinations are not parameterized and only amount

to summing the features maps together.

4.2.4 A Limitation of the Reviewed Trainable Components

The sharing mechanisms defined as a trainable component presented in the previous
section all shared the same limitation: they were limited to linear relations between the
tasks. The cross-stitch block, the sluice block and the cross-residual block all defined
their lateral connectivity as a linear combination of the feature maps. Linear relations
are less expressive than nonlinear ones. As a result, the amount of information sharing
that is allowed between the networks is also limited. In our contribution in Chapter 7, we
address precisely this limitation by designing a sharing mechanism based on nonlinear
relations. We further take into account the fact that depth influences the relevance of
each task towards another by designing our nonlinear transformations based on residual

learning.

4.3 Conclusion

In this chapter, we reviewed important Multitask Learning works in the field of deep
learning. We focused our review on approaches in the family of soft parameter sharing
that define a mechanism for leveraging task-specific domain information. We started
with approaches based on regularization terms and explained that they require a fine
adjustment of their influence in the training objective in order to work. We then elab-
orated on approaches that define the sharing mechanism as a trainable component of
the network, to do away with this fine adjustment. We started with the cross-stitch
block that defines information sharing as trainable linear combinations. We then fol-
lowed with extensions of the cross-stitch block with the sluice block, which focuses on
the hierarchical relations between each task, and the cross-residual block, which im-
plements residual learning. We finally explained that linear relations are more limited
than nonlinear relations, which restrict the amount of information sharing between the
tasks.

We now present, in the following chapters, our contributions for representation learning.
We start in Chapter 5 with our experimental evaluation of sparse dictionary learning on

the problem of grasp localization. We also detail our proposed residual network for grasp
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detection and compare it to sparse dictionary learning. We then present our work on a
novel parametric activation function in Chapter 6. We show that our parameterization
of the Exponential Linear Unit improves performance. We finally present our work on a
novel soft parameter sharing mechanism for MTL in Chapter 7. We show how residual

learning can help to leverage the domain information of related tasks.
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Chapter 5

Representation Learning Exploration

on the Problem of Grasping

Representation learning techniques aim to automatically learn to extract features from
the data. Their goal is to replace manual feature engineering, which has been the
favored approach before representation learning, with an approach that automatically
discovers the underlying factors of variation using machine learning principles. It has
since become a well-established field in machine learning. In this chapter, we explore
representation learning on the specific problem of grasp localization. To this effect, we
present a comparative study of sparse dictionary learning approaches on the problems
of grasp recognition and grasp detection, and propose a convolutional neural networks
for grasp detection. The analysis of our empirical evaluation illustrates the advantages

and disadvantages of both frameworks.

5.1 Introduction

The ability to grasp objects is a fundamental skill for a robotic system. It has become an
important issue over the past few years (Kehoe et al., 2015; Levine et al., 2018). Com-
panies like Amazon show great interests in developing novel advances in the domain.
Indeed, Amazon holds its picking challenge (Correll et al., 2016) every year in order
to fuel the development of its smart warehouses where grasping is the central concern.
We also see an increase in the development of domestic robots that need to interact
with their complex surrounding environment (Bogue, 2017). They need to perform dif-
ficult actions such as opening doors, manipulating objects, using tools or moving things

around. At the basis of these interactions lies the ability to grasp objects. It is thus
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a fundamental skill to integrate into a robotic system in order to allow the system to

accomplish its tasks.

Visual perception plays an important role in object grasping (Saxena et al., 2008). Its
role in the grasping context is to localize affordances, or graspable regions, by analyzing
the content of the scene. It is one of the first steps to do before elaborating a grasp ma-
noeuver. The system interprets 2D (image) and 3D (depth) information, and generates
a list of candidate regions. The regions are usually ordered by graspability, which is a

measure of grasp success probability.

Detecting graspable regions involves elaborated and complex visual tasks. For instance,
the system needs to perform image segmentation, visual disambiguation and object
detection in order to output valuable candidate regions. These tasks usually have a
high complexity, which makes learning an efficient perception system difficult. In our
case, we will focus strictly on the case where the scene is uncluttered and contains a

single object.

Several previous works used 3D simulations to localize graspable regions (Bicchi and
Kumar, 2000; Goldfeder et al., 2007; Miller and Allen, 2004; Detry et al., 2013; Pelossof
et al., 2004). A strong limitation of these approaches is the need to obtain 3D physi-
cal models of the objects beforehand. This requirement reduces their applicability for
general grasp localization because the objects to be grasped are rarely known a priori.
We will instead focus our efforts into approaches that do not require building complex

physical models prior to the execution.

The advent of the inexpensive Microsoft Kinect 3D camera has opened up the door for
novel approaches to identify grasp candidates. Several works have used it to show the
importance of depth information for representing images (Lai et al., 2011; Blum et al.,
2012; Maitin-Shepard et al., 2010; Saxena et al., 2008). Its market accessibility and
ease-of-use has provided a straightforward solution for incorporating depth and light

information — known as RGBD images — into various industrial settings.

The main challenge when using Kinect RGBD images is the presence of two types of
noise in the depth information. One is the axial and lateral noise model of the object
distance to the camera, and the other is the mask noise model of missing 3D information.
The latter can be particularly limitative when computing the depth information of shiny
surfaces. Shiny surfaces often cause structured-light 3D cameras to fail and hence, return

no depth values for certain pixels.
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Training an efficient perception system therefore requires taking into account these
additional challenges. Indeed, the system must not only consider the characteristics of
the environment but also the Microsoft Kinect axial, lateral and mask sources of noise.
This comes down to extracting the information related to the content of the image,
while discarding the unimportant sources of noise. As shown in previous works (Socher
et al., 2012; Gupta et al., 2014; Lenz et al., 2015; Redmon and Angelova, 2015; Rusu
et al., 2010), the main way with which we can achieve this goal is by transforming the

RGBD input image into a high-level feature representation.

In this chapter, we thus explore representation learning on the problem of grasp localiza-
tion. We focus our efforts on two well-established representation learning frameworks:
sparse dictionary learning and convolutional neural networks. We perform a compara-
tive study of several previously proposed sparse dictionary learning approaches on the
problem of grasp recognition and grasp detection, as well as propose a convolutional

neural network for grasp detection.

5.2 Model

In this section, we introduce several models for grasp localization. We start by de-
scribing the grasp rectangle, which is a low-dimensional representation of a two-plates
parallel gripper. We then elaborate on the sparse dictionary learning approaches that
we selected. Finally, we detail the convolutional neural network architecture that we

modified to meet our needs for grasp localization.

5.2.1 Grasp Rectangle Representation

A fundamental concept in grasping is its representation, i.e. how to parameterize a
grasping point. It has undergone significant evolution over the past decades (Saxena
et al., 2006; Le et al., 2010). The 5-dimensional grasp rectangle representation is one of
the most useful representation for encapsulating the 7-dimensional two-plates parallel
gripper configuration (Jiang et al., 2011). The grasp rectangle is defined as a 2D oriented
rectangle that indicates the gripper’s location, orientation and physical limitations. As
shown in Figure 5.1, it encapsulates the gripper with the center coordinates (z,y), the

width, the height and the orientation with respect to the image reference:

R=A{x,y,0,w,h}.
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Figure 5.1: The grasp rectangle is a five-dimensional grasp representation. The 2D
rectangle is fully determined by its center coordinates (z,y), width, height and its
angle 0 from the x-axis. The blue edges indicate the gripper plate location and the red
edges show the gripper opening, prior to grasping.

The main advantage of the grasp rectangle is that it makes grasp recognition analogous
to object recognition, and grasp detection analogous to object detection. Indeed, the
goal of grasp recognition is to determine whether a grasp rectangle R is a good candidate
or a bad one, which can be seen as a binary object recognition problem. Similarly, the
goal of object detection is to predict the configuration of the best rectangle R*, which
can be seen as a standard object detection problem with a bounding box. As a result,
this opens up the opportunity to leverage the large body of works on object recognition
and detection from the computer vision literature. For this reason, we will use the grasp

rectangle representation in all our experiments.

5.2.2 Sparse Dictionary Learning

Sparse Dictionary Learning (SDL) poses that an observation can be expressed as a
sparse linear combination of few atoms from a dictionary. Recall from Section 2.1 that

a standard SDL approach is divided into a dictionary learning phase and a feature
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Table 5.1: All combinations of dictionary learning and feature coding approaches.

Feature Coding

Least Angle Regression (LARS)
Masked LARS (mLARS)
Orthogonal Matching Pursuit (OMP)
Masked OMP (mOMP)
Soft-Thresholding (ST)
Natural (N)

Dictionary Learning

Online Dictionary Learning with ¢, (ODL-0)
Online Dictionary Learning with ¢, (ODL-1)
Gain Shape Vector Quantization (GSVQ)
Normalized K-Means (NKM)
Random Patches (RP)
Random (R)

coding phase. For feature coding, the problem is formulated as:

w® = argmin [|2® — Dw®||2 + AQ(w?), (5.2.1)
w(®
where D is the dictionary, 7 are the input observations, w® are the feature repre-
sentations of the corresponding inputs, €2 is the sparsity measure and ) is the penalty
weight. For dictionary learning, the problem is formulated as:
N
D = argmin minz 12D — Dw®||2 + A\Q(w®) (5.2.2)
b i
subject to [[DW||, =1, Vj € {1...d},

where N is the number of observations and d is the dimensionality of the inputs z.

For our comparative study, we selected six feature coding approaches and six dictionary
learning approaches, and compared each pairwise combination together. We selected
approaches following a previous sparse dictionary learning experimental evaluation on
object recognition (Coates and Ng, 2011) An overview of the selected approaches is
shown in Table 5.1. We now briefly review each of them, and refer the reader to Sec-

tion 2.2 and 2.3 for more details.
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Dictionary Learning

The first approach that we selected in our comparative framework is Online Dictionary
Learning (ODL) (Mairal et al., 2009). It is one of the most common approach for
dictionary learning. It is a block-coordinate descent approach based on an iterative-
alternative scheme to solve the nested optimization problem. ODL can be used with
both the ¢, and the ¢; sparsity measures. In the case where {2 = ¢,, we use Orthogonal
Matching Pursuit for feature coding, while with Q2 = ¢, we use Least Angle Regression.
We refer to ODL with a ¢y sparsity measure as ODL-0, and ODL with a ¢; sparsity

measure as ODL-1.

As second approach, we opted for Gain Shape Vector Quantization (GSVQ) (Coates and
Ng, 2012). GSVQ solves the least-square optimization problem in an iterative fashion,
using damped updates. It also defines feature coding as Orthogonal Matching Pursuit
with a sparsity value of v = 1. In other words, the weight solution w® is defined as
a vector of all zeros except at position j, where j is the atom DY that is the most

correlated with observation z(.

We also tried learning a dictionary D without specifying a sparsity measure. One way
is to run K-Means clustering on ZCA-whitened data and use the normalized centroids
as dictionary atoms (Coates et al., 2011). As seen in Section 2.1, ZCA-whitening is a
powerful tool to remove correlation while ensuring that the decorrelated observations
are as close as possible to the non-decorrelated observations. By combining whitening
with K-Means ability to find the relevant clusters of the data distribution, we can learn
representative centroids that capture nonlinear dependencies. We refer to this method

as Normalized K-Means (NKM) in our experiments.

As the final approach, we included two methods based on random dictionaries. The first
one is to randomly sample d whitened observations and use their normalized version as
dictionary atoms. This can be seen as a one-shot approximation of K-Means clustering.
We refer to this approach as Random Patches (RP). The other one is to sample d
times the uniform distribution U (|—1, 1]") and use the normalized vectors as dictionary
atoms. Random dictionaries have been advertised in past works as displaying good
performances even though no training is done (Saxe et al., 2011; Jarrett et al., 2009).
However, we show in our experiments that they always give the worst performance. We
refer to this method as Random (R).
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Feature Coding

The first approach that we selected is Least Angle Regression (LARS) (Efron et al.,
2004). As seen Section 2.2, LARS solves the penalized least-square problem of Eq. (5.2.1)
under the {2 = ¢; sparsity measure. It is a greedy inference approach that iteratively
updates the weight solution w™ in the direction that preserves the angles between each

active atoms and the residue.

The second approach that we selected is Orthogonal Matching Pursuit (OMP) (Pati
et al., 1993). As seen Section 2.2, OMP solves the penalized least-square problem of
Eq. (5.2.1) under the Q = ¢, sparsity measure. Similarly to LARS, OMP is a greedy
inference approach that iteratively updates the weight solution w® by activating one
atom at a time. The approach guarantees that ||w®||; = + after 7 iterations because
the weight solution w is updated such that the residue becomes orthogonal to the

active atoms.

We also considered extending Eq. (5.2.1) to take into account a mask vector m rep-
resenting masked-out entries in observation 2@, The purpose of mask m is to remove
the contribution of certain entries during the computation of the residual. The reason
we would consider using m is to integrate mask noise models during feature coding.
This has been suggested in previous work to improve the sparsity of the weight solu-
tion (Mairal et al., 2009). The feature coding problem of Eq. (5.2.1) can be modified
to include m as follows:

w = argfr)lin |diag(m) (2@ — Dw®) |13 + AQ(w™). (5.2.3)
In this case, both LARS and OMP can be extended to take into account mask m (Mairal
et al., 2014). We refer to these approaches as mLARS and mOMP.

The next approach that we included is Marginal Regression (Donoho and Johnstone,
1995). In contrast to LARS and OMP, marginal regression outputs a candidate solution
in a single iteration. It tries to find the sparsest weight vector w(® that approximates the
vector D'z® of correlation between observation z¥ and each atom D. ;. The weight
solution w® is straightforward to compute by simply applying the soft-thresholding
(ST) function parameterized by A on vector DTz, We refer to this approach as ST.

We also included Natural (N) feature coding approaches. Recall that the penalty weight
A for feature coding in Eq. (5.2.1) is different from the penalty weight for dictionary
learning in Eq. (5.2.2). This means that we need to perform a two-dimensional grid

search to define the penalty weight of feature coding and the penalty weight of dictio-
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nary learning. The idea of the Natural feature coding is to reduce the computational
burden of the two-dimensional grid search by using a single penalty weight. The penalty
weight for feature coding becomes the same as the one used during dictionary learning.
This can be seen as bounding the feature coding approach to the dictionary learning
approach. Thus, for ODL-1, we used as natural feature coding approach LARS with
the same sparsity parameter A that was used during dictionary learning. Similarly for
ODL-0, we used as natural feature coding approach OMP with the same sparsity pa-
rameter v that was used during dictionary learning. For GSVQ, we used OMP with a
fixed v = 1. For R and RP, we used ST with 7 = 0, which corresponds to a random

linear projection.

Finally, for NKM we chose as natural feature coding approach K-Means Triangular
(KMT) Coates et al. (2011). KMT is a soft alternative to the usual one-of-K encoding

that associates each observation to the closest centroid. It can be formulated as follows:

w!” = max{0, p(z) — 21"}, (5.2.4)

where z](-i) = ||z — DY)|| is the euclidean distance between observation z¥ and cen-
troid DY, and p(z) is the mean of the elements of 2. We also make an additional
distinction when using KMT is that we do not normalize the K-Means centroids. In
other words, we do not project the centroids on the unit hyper-sphere after training is

done.

After computing the weight solution w®, we apply Polarity Splitting (PS) (Coates and
Ng, 2011). PS constructs a vector 2@ from w® by splitting the positive weights from
the negative ones. This can be formulated as follows:

zj(»l) = max{wj(»z), 0} f](i)d = max{—w§z), 0}

This technique improves the representative ability of linear classifiers as it forces them
to model positive and negative weights differently. Starting from this point, we are now
referencing to feature vector 2z when talking about the output vector of any feature

coding approach.

Feature Extraction Pipeline

The grasp rectangle introduces another key notion that the selected sparse dictionary
learning approaches rely one, which is the grasp rectangle image. 1t is defined as the
underlying image captured by the grasp rectangle. Extracting relevant features from

the grasp rectangle image is essential for grasp localization. It is not sufficient to simply
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perform feature coding once on the entire input image. We have to rely on a more
complex feature extraction process known as spatial pyramid matching (Yang et al.,

2009).

Our spatial pyramid matching approach is depicted in Figure 5.2. From the RGBD
image, we first compute the gray channel (K) and the depth normal coordinates N,,
N, and N.. The depth normal coordinates correspond to the coordinates of the normal

vector to the surface. In other words, considering that the depth image is the function
Oz(x,y)  9z(z,y)
or oy

norm. Thus, we concatenate the four new channels K, N,, N, and N, to each image,

, 1), normalized to unit

z(x,y), the normal vector is the direction (—

which results in a total of eight channels. We then rotate the grasp rectangle image to
match the orientation of the global image and rescale it to 24 x 24 x 8 with aspect-
ratio preserved. Preserving aspect-ratio is important to avoid distortion. An example

of distortion that can be avoided by preserving aspect-ratio is shown in Figure 5.3.

Then, from the 24 x 24 x 8 grasp rectangle image, we further extract all 6 x 6 x 8 sub-
images in a sliding window manner. We convert these sub-images into a vector format
by applying matrix vectorization, which results in a 288-dimensional vector that is
used as observation . We perform channel-wise standardization and ZCA whitening,
then extract feature vectors z using a combination of dictionary learning and feature
coding approach. Afterwards, we divide the image into four quadrants and perform sum
pooling over the feature vectors () of each quadrant respectively. Finally, the pooled
feature vectors from all quadrants are concatenated into a single vector that is used as

input to the classifier.

5.2.3 Convolutional Neural Networks

As seen in Chapter 3, Convolutional Neural Networks (CNNs) have become the lead-
ing deep learning approach for visual recognition (Dong et al., 2016; Ren et al., 2015).
They only recently became popular even though they were originally proposed in the
80s due to being difficult to train. Their hierarchical structure makes them vulnera-
ble to many problems, which become more pervasive as the CNN gets deeper. Recent
works in Residual Network (ResNet) (He et al., 2016b,a) made seminal contributions
that significantly reduced the difficulty of training a CNN. The central idea in ResNet
is to replace the standard feed-forward mappings with additive residual mappings as
the main building blocks of the network, as done in Section 3.4.7. This increases the

information flow during both the forward and backward passes, which facilitates train-
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Figure 5.2: Feature extraction process for our sparse dictionary learning approaches.
a) all 6 x 6 x 8 patches 2% are extracted in a sliding window manner from the grasp
rectangle image. b) each patch ™ is mapped to its feature representation z” given a
dictionary D and a feature coding method. ¢) a four quadrants sum pooling is applied
on the feature vectors 2. d) all four quadrant pooled weights are concatenated into a
single vector. The final vector on the right is used as input to the SVM.
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Figure 5.3: a) a pair of scissors with a candidate grasp rectangle image. b) image taken
from the rectangle rotated to match the global image orientation. c) rescaled image
with preserved aspect ratio. The black regions indicate masked-out padding. d) rescaled
image without preserved aspect ratio. Preserving aspect ratio reduces distortion.

ing. For these reasons, we opted for residual blocks in our CNN. We now elaborate in

more details on our CNN architecture.

Network Architecture

Contrary to sparse dictionary learning, we designed our CNN to take as input the
original RGBD image instead of the grasp rectangle image. The CNN directly outputs
candidate grasp rectangles from the original RGBD image, instead of labelling the grasp
rectangle as positive or negative, i.e. it performs detection rather than classification. To
take into account the fact that each image has a variable number of graspable regions,
we divided the CNN predictions into a 7x 7 grid (Redmon and Angelova, 2015). For each
cell, the CNN predicts both a grasp rectangle and a confidence score, which amounts
to predicting 49 grasp rectangles and 49 confidence scores. The cell with the highest

confidence score is selected as the candidate grasp rectangle for the image.

An illustration of predictions by the CNN is shown in Figure 5.4. The figure on the left
shows the grasp rectangles predictions, while the figure on the right show the confidence
map containing the graspability scores for each rectangle. The final prediction is the

grasp rectangle with the highest score.

We further take into account the rotational invariance of the gripper angle when pre-
dicting the grasp rectangle. Due to the symmetry of the rectangle, grasping at 6 or
0 4 180° results in the same gripper configuration. Managing this invariance is done by
using the sin and cos of twice the angle # when computing the loss between the ground

truth rectangle and the candidate rectangle (Redmon and Angelova, 2015):

R' = {z,y,w, h,sin(20), cos(26)} . (5.2.5)
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Figure 5.4: Tllustration of grasp rectangle predictions by our CNN. On the left figure,
we show three instances of predicted rectangles, and on the right, the corresponding
graspability score. The CNN is designed to output a grasp rectangle and a graspability
score for each cell of the 7 x 7 grid (49 in total). The rectangle in the cell with the
highest score is selected as the candidate grasp rectangle during evaluation.

As a result, the dimensionality of the overall output is 7 -7 -6 = 294 for the grasp

rectangles and 7 -7 -1 = 49 for the confidence score.

We designed our network architecture based on the recent advances in residual learn-
ing (He et al., 2016b). Specifically, we opted for residual blocks with full pre-activation
mappings (He et al., 2016b). These blocks are defined as follows:

F(h) = h + H(h) (5.2.6)
= h + Convsys(ReLU(BN(Convsys(ReLU(BN(A))))) | (5.2.7)

where BN corresponds to batch normalization (Ioffe and Szegedy, 2015), ReLU to the
rectified linear unit (Krizhevsky et al., 2012), Conv,,x; to a convolutional layer with

filter size of w x h and o is the standard function composition.

Standard modern CNNs for classifying objects in RGB images uses a Global Aver-
age Pooling (GAP) layer at the end of the convolutional stage, i.e. prior to the fully-
connected layers. In object recognition, GAP helps to create correspondence between
the feature maps and the object categories (ref. Section 3.4.2). However, during our
preliminary experiments, we observed that GAP was harmful for grasp detection. The
CNN was unable to assign high confidence score to the cells representing regions of
high graspability. In fact, the CNN assigned the same confidence score to every cell. We
observed that this was caused by the averaging nature of GAP that caused complete

spatial information loss in the error signal. The network was thus unable to spatially
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correlate its mistakes on the confidence scores. As a result, the CNN was unable to

localize the grasp rectangles.

To solve this problem, we substituted GAP before predicting the confidence scores
by a standard flattening layer. We kept GAP before predicting the grasp rectangles,
since it helps to more easily create a correspondence between the feature maps and the

rectangle categories, as it does for object categories in object recognition.

An illustration of our residual network is shown in Figure 5.5. The left side presents the
overall architecture of the network, while the right side presents the full pre-activation
residual block. The full image with all 7 channels is given as input to the network (at
the top). The image is then forwarded through the 6 stages of the network, which are
composed of a series of ResBlocks. At the bottom, the network outputs two quantities.
On the left, it outputs the grasp rectangles after applying global average pooling. On

the right, it outputs the confidence map after applying a sigmoid activation function.

5.3 Experimental Framework

In this section, we present our experimental framework. We start with a description
of the Cornell task (Jiang et al., 2011), which was the standard dataset for grasp
recognition and detection at the time when we performed the experiments. We then
elaborate on the experimental framework related to sparse dictionary learning and

finally on the experimental framework related to convolutional neural network.

5.3.1 Cornell Dataset

The Cornell Grasping Dataset (Jiang et al., 2011) contains 885 RGBD images of 240
distinct objects '. The images are taken using a Kinect and have a dimensionality
of 640 x 480 x 4. As shown in Figure 5.6, each image contains a certain number of
grasp rectangles labelled as either positive or negative. Positive grasp rectangles identify
object regions with a high graspability score, while negative grasp rectangles identify
object regions with a low graspability score. The grasp rectangles vary in terms of size,
orientation and position, but do not cover every scenario. Indeed, the majority of high

and low graspability regions are not labelled.

The Cornell dataset defines two learning tasks. The first one is grasp recognition and the

second one is grasp detection. For grasp recognition, the task is to determine whether a

'The dataset can be downloaded at http://pr.cs.cornell.edu/deepgrasping/
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Figure 5.5: An illustration of our residual network (left) and the residual block (right)
from which it is composed. A block has a residual mapping f; and an identity skip con-
nection. The output z; of block 7 is processed twice by a series of batch normalization,
ReLU and convolution layers, then is added to x;. This gives the output z;,1, which
in forwarded to the next block. Our network does not use the standard global average
pooling for predicting the confidence map, only for the rectangle configurations.
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Figure 5.6: The Cornell grasping dataset contains images of a wide variety of everyday
objects. This database defines two tasks: grasp recognition and grasp detection. For
grasp recognition, the goal is to determine whether a grasp rectangle R is a good or a
bad candidate. For grasp detection, the goal is to predict the configuration of the best
grasp rectangle R*.

grasp rectangle is positive or negative. For grasp detection, the task is to generate grasp
rectangles at regions of high graspability. We evaluate our sparse dictionary learning
approaches on both grasp recognition and grasp detection, but we only evaluate our
convolutional neural network on the problem of grasp detection. Our network is al-
ready designed to perform grasp detection, so there is no need to evaluate it on grasp

recognition.

5.3.2 Sparse Dictionary Learning

As we have mentioned in Section 5.2.2, it is not sufficient to simply perform feature
coding once on the entire input image. We have to rely on a more complex feature
extraction process known as spatial pyramid matching. We illustrated the approach
in Figure 5.2. We first extract randomly 100,000 small 6 x 6 x 8 sub-images from all
24 x 24 x 8 grasp rectangle images of the training set. Then, we apply channel-wise
standardization (subtract the mean and divide by the standard deviation) followed by

ZCA whitening (Hyvérinen et al., 2004). The selected sub-images are vectorized into
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288-dimensional vectors and used as observations z”. We finally select a dictionary

learning approach and train the dictionary.

After training is done, we use the trained dictionary D to perform grasp recognition

and grasp detection. We now elaborate on the method that we used to perform the two.

Grasp Recognition Classifier

For grasp recognition, we opted for a ¢;-linear Support Vector Machine (SVM) classi-
fier (Cortes and Vapnik, 1995). We optimized the SVM using a standard L-BFGS solver
from Schmidt’s minFunc toolbox (Schmidt, 2005). We cross-validated the regularization
parameter C' with C' € {1, 10,100, 1000}.

Grasp Detection Regressor

For grasp detection, we opted for a standard sliding window search in grasp rectangle
space. We used a horizontal and vertical stride of 10 pixels to slide the window. We also
varied the size of the rectangle from 10 pixels to 90 pixels with a stride of 10 pixels,
and varied the orientation of the rectangle from 0 degree to 180 degrees with a stride
of 15 degrees. For each of these grasp rectangle images, we performed feature coding
and used the SVM to compute the graspability score of the grasp rectangle. For feature
coding, we did not perform grid search for the hyper-parameters, but rather used the
ones that were selected by the grid search during our grasp recognition experiment.

The rectangle having the highest score was chosen as the candidate grasp rectangle.

5.3.3 Convolutional Neural Network

Despite the recent advances that improved the ease with which CNNs learn, training a
deep network still remains a challenge. Representing complex observations is difficult,
particularly when the amount of data is small. In this case, the CNN can easily overfit
on the training data if no proper care is taken during training. When overfitting occurs,
the learned feature representation is usually not able to generalize well to the complete
and unobserved data distribution. Avoiding overfitting then becomes a central concern.
We address this issue partially by using data augmentation techniques, which we now

discuss.
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Managing Overfitting with Data Augmentation

Data augmentation has proven many times that it can prevent CNNs from overfitting.
Its central idea is to artificially increase the amount of training images by generating
new images from existing ones. To do this, data augmentation defines a data generation
process that uses a series of class-preserving random transformations. A transforma-
tion is class-preserving when the generated image represents the same category as the
original image. For instance, a small image rotation of a digit is class-preserving, but a

180° rotation is not (a 6 becomes a 9).

Data augmentation can be done either off-line or on-line. In the off-line case, data
augmentation is performed before training. A fixed number of images is generated from
the original observations, which are then added to the training dataset. The network
is trained as usual, but this time using this enlarged dataset. In the on-line case, data
augmentation is done on-the-fly during training. Observations are first sampled from the
original dataset, then passed through the data generation process. The newly generated
observations are sent to the network, but are discarded once the gradient has been
computed. These steps are repeated every iteration, which makes the network see new

images at each iteration.

The main difference between off-line and on-line data augmentation is the number
of new images at each epoch. As we mentioned above, off-line data augmentation is
equivalent to standard training on a larger dataset. In other words, the network sees
all images during one epoch, and all images are re-used over and over again at each
epoch. In on-line data augmentation, the network sees new images at every iteration.
No image is used more than once, although some can be similar. The main advantage
of on-line data augmentation is that we do not have to store a very large dataset. This
issue can become a major problem when using many augmentation strategies. For this

reason, we opted for on-line data augmentation in our experiments.

The quality of the generated images depends on the choice of transformations. For
instance, a data generation process that uses too heavy transformations will generate
too different images. On the contrary, too weak transformations will generate too sim-
ilar images. Selecting the proper transformations can make a difference in the added
value of data augmentation. We now elaborate on the transformations that we used
in our experiments. The transformations are presented according to their order in the

preprocessing:
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1. Standardization: From the original RGBD image, we estimate the depth normal
N;, Ny, N.. We then subtract the mean and divide by the standard deviation

(computed from the training set) of each 7 channels.

2. Rotation: The image is rotated by a random angle uniformly sampled in the
interval [—15°, 15°].

3. Random center crop: A 320 x 320 crop is taken from the center of the original
640 x 480 image, translated by up to £50 pixels in both the horizontal and vertical

directions.

4. Square scale: The 320 x 320 crop is resized to 224 x 224 using standard bilinear

interpolation.

5. Color jitter: We randomly change the brightness, contrast and saturation with a

blend uniformly sampled in the interval [0.6,1.4].

6. Lighting: We perform Krizhevsky et al. (2012)’s Fancy PCA color augmentation
on all RGB-D-N,N, N, channels.

Note that we also apply the rotation, translation, cropping and scaling transformations

on the grasp rectangles in order to preserve the correct graspable regions.

Training Details

Training our network in Figure 5.5 for grasp detection requires special considera-
tions (Redmon and Angelova, 2015). We have to consider that each image has a variable
number of positive grasp rectangles. The spatial division of the predictions causes cer-
tain cells to have zero, one or more grasp rectangles during training. In order to take
into account this particularity, we employed the following training scheme. At each
step, we selected uniformly up to five ground truth positive rectangles in five different
cells. We then constructed the corresponding confidence map by placing a score of 1
at the cells associated with the selected rectangles and by placing a score of 0 at the
other cells. We then computed the loss between each predicted and ground truth scores,
but only computed the loss between the predicted grasp rectangles associated with the
selected five ground truth grasp rectangles. This way, the network can learn to localize
the regions with high graspability as well as generate grasp rectangles conditioned on

the content of each cell.
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Figure 5.7: In nested cross-validation, the grid-search in parameter space in performed
in the inner loop. For a given train-test split in the outer loop, we perform one standard
cross-validation over new splits on the train set for each combination of parameters.
The best parameters are then kept for the training and test sets of the outer loop. The
process continues until all splits in the outer loop have been processed. This particular
example shows a 3-2 nested cross-validation because its uses three train-test and two
train-valid splits.

5.3.4 Grasp Recognition Evaluation

The Cornell dataset does not define a training set and a test set, so we employ cross-
validation to report our results. More precisely, we use five-folds nested cross-validation.
An illustration of the method is presented in Figure 5.7. The difference between stan-
dard and nested cross-validation is that nested cross-validation has a second layer of
cross-validation. The purpose of the second layer is to perform hyper-parameter search.
As shown on the left of Figure 5.7, nested cross-validation starts by dividing the data
into five folds, as in standard cross-validation. We select four of them as the training
set and the fifth one as the test set. This is called the outer loop. Then, nested cross-
validation consider the training set of the outer loop as a new dataset and apply a
second five-fold cross-validation on it. This step is called the inner loop and is shown on
the right of Figure 5.7. The goal of the inner loop is to perform five-fold cross-validation
for each hyper-parameter configuration. The one that gives the highest performance in-
side the inner loop is kept and used to train the approach in the outer loop. These steps
repeat for all folds and the final performance is given by the average over all folds of

the outer loop.

5.3.5 Grasp Detection Evaluation

To evaluate the quality of a candidate grasp rectangle, we used the rectangle met-

ric (Jiang et al., 2011; Lenz et al., 2015). Specifically, if the rectangle metric between
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the candidate grasp rectangle and any of the ground truth grasp rectangles is positive,

then grasp detection is considered as a success. In more detail, the metric is positive if:

e The candidate orientation is within 30° of the ground truth rectangle.

e The Jaccard index between the candidate and the ground truth is greater than

25%, where the Jaccard index between two rectangles R; and Ry is defined as:

area( Ry N Ry)

J(Ry, Ry) = ————F=.
(B, 2) area(R; U Ry)

(5.3.1)

The rectangle metric is more discriminative than a standard Jaccard index evaluation

because it also considers the rectangle orientation.

In contrast to object recognition, we only perform a standard five-folds cross-validation.
The reason we did not opt for nested cross-validation is because of the computational
complexity of the problem. Training a convolutional neural network to perform object
detection is time-consuming, as well as performing a grid-search over the space of grasp

rectangles with sparse dictionary learning.

In addition, we employed two commonly used learning scenarios for grasp detection.
The first one is image-wise splitting and the other one is object-wise splitting. In image-
wise splitting, we split the images randomly during the creation of the cross-validation
folds. In object-wise splitting, we split the objects randomly, while gathering all images
of each object in the same fold. Image-wise splitting studies the ability to generalize to
new positions and orientations of an object that has already been seen. This scenario
is representative of a typical industrial context, because the set of objects is known
beforehand. Object-wise splitting examine the capability to generalize to novel, unseen
objects. This scenario is more realistic in the sense of general purpose robotics, since
training on all possible objects is usually impossible. Using both image-wise and object-

wise splitting, we can more accurately ascertain the performance of the approaches.

5.4 Experimental Results

In this section, we present the performance of the sparse dictionary learning approaches
and our convolutional neural network. We report their grasp recognition and detection

accuracy on the Cornell dataset.
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Table 5.2: Cross-validation results of all combinations of dictionary learning and feature
coding, for Cornell dataset. Numbers are grasp recognition accuracies in percent (%).

Features
Dictionary
LARS mLARS OMP mOMP ST N

ODL-0 96.68 96.71 96.60 96.69 96.50 96.58
ODL-1 96.63 96.74 96.61 96.61 96.73 96.65
GSVQ 96.72 96.50 96.66 96.70 96.50 95.65
NKM 96.86 96.64 96.58 96.64 96.42 96.52
RP 96.43 96.51 96.35 96.20 96.28 96.37
R 95.84 95.52 95.34 95.15 95.78 95.90

5.4.1 Grasp Recognition Results

The nested cross-validation accuracies (in %) for grasp recognition using a dictionary of
d = 300 atoms are reported in Table 5.2. The best dictionary learning + feature coding
combination is NKM-LARS with an accuracy of 96.86%. The worst combination is R-
mOMP with an accuracy of 95.15%. As a comparison, previous approaches achieved
89.6% with a hand-designed score function (Jiang et al., 2011), and 93.7% with a

cascade of multi-layer perceptrons (Lenz et al., 2015).

Explicitly modelling the mask noise in the observations may not be as important as
it seems. As we see in Table 5.2, mLARS and mOMP are not significantly better
alternatives then their standard version LARS and OMP. For instance, modelling the
mask noise with LARS improved the performance of ODL-0 from 96.68% to 96.71%,
but reduced the accuracy of GSVQ from 96.72% to 96.50%. Similarly, modelling the
mask noise for OMP did not change the performance of ODL-1, as both alternatives
got 96.61%. These results provide additional experimental evidence to previous work
that observed that standard feature coding approaches are already well-adapted to deal
with mask noise (Bo et al., 2014).

Interestingly, the accuracies vary by no more than 1%. All combinations have an ac-
curacy around 96.5%, apart from random dictionaries (R) which have an accuracy
around 95.5%. This makes selecting the combinations to keep for grasp detection more
challenging. We have to take into account accuracy as well as other characteristics.
One is the number of hyper-parameters. For instance, GSVQ, NKM and RP could be
considered for dictionary learning instead of ODL-0 and ODL-1 because they are hyper-
parameter free. Similarly, the natural feature coding of NKM, GSVQ and RP may also

be considered for feature coding instead of the others because they are hyper-parameter
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free.

Another characteristic is computational complexity. For instance, LARS and mLARS
were the most time-consuming, while ST and the natural feature coding of NKM and
RP were fast. In addition, LARS and mLARS obtained a similar accuracy than the
others. This makes ST, natural NKM and natural RP more appealing for real-time

scenarios.

Given these considerations, we selected fives combinations for grasp detection. We chose
NKM-N, RP-N, GSVQ-ST, NKM-LARS and ODL-0-N. NKM-N and RP-N appear to
be the most appealing combinations because they are both hyper-parameter free and
have fast feature coding and dictionary learning algorithms. We also included GSVQ-
ST, NKM-LARS and OMP-N even though they need hyper-parameter tuning because
NKM-LARS was the top performer, and GSVQ-ST and OMP-N have fast feature coding

approaches.

The Effects of Whitening and Dictionary Size

The number of atoms d has a direct influence on the performance of the classifier.
Small dictionaries are easy to learn, but are more limited in representational power than
large dictionaries. On the contrary, large dictionaries are more flexible, but can have
problems with dead atoms (Mairal et al., 2009). To evaluate the effect of dictionary size

on accuracy, we varied the number of atoms d and looked at how performance changed.

The results are presented in Figure 5.8. As we can see, increasing d improves the
results up to a limit where no additional gains are possible. The plateau indicates
that dictionary learning is unable to learn new useful features and has reached a limit
in its representative capability. Figure 5.8 also suggests that using d = 300 atoms is a
good trade-off between performance and computational complexity. We will therefore

use d = 300 atoms in the following experiments.

We also looked at the effects of ZCA whitening. As shown in Figure 5.8, we trained
dictionaries with various sizes by removing whitening. As we can see, whitening has a
great influence on performance. The accuracy improves when whitening is used, and not
using it degrades the accuracy. We can see visually the impact of whitening in Figure 5.9
and Figure 5.10. The first figure shows a dictionary trained without whitening, while
second figure shows a dictionary trained with whitening. The dictionaries are presented
in four groups: the gray channel, the RGB channels, the depth channel and the depth

normals. As expected, using whitening allows learning dictionary atoms that look like
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Figure 5.8: The effects of dictionary size on recognition accuracies. Increasing the dic-
tionary size improves the results up to a limit (plateau) where no more performance

increase is possible.
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Without ZCA Whitening

D N;NyN.

Figure 5.9: A dictionary D of 300 atoms (each square is an atom D) trained on the
Cornell dataset. The dictionary is presented in four groups: the gray (K) channel, the
RGB channels, the depth (D) channel and the depth normals (N, N, N.). The dictionary
was trained without ZCA whitening. The dictionary has learned atoms that do not look
like localized and oriented Gabor filters.
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With ZCA Whitening

D N,N, N,

Figure 5.10: A dictionary D of 300 atoms (each square is an atom DVYW) trained on
the Cornell dataset. The dictionary is presented in four groups: the gray (K) channel,
the RGB channels, the depth (D) channel and the depth normals (N,N,N,). The
dictionary was trained with ZCA whitening. The dictionary has learned atoms that
look like localized and oriented Gabor filters.
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Gabor filters (Maréelja, 1980). When whitening is removed, the dictionary atoms do
not look like Gabor filters. This is because whitening removes linear dependencies from
the data and help the dictionary learning approach to better capture the nonlinear

dependencies.

5.4.2 Grasp Detection Results

The cross-validation error rates (in %) for grasp detection are reported in Table 5.3. For
image-wise and object-wise split respectively, the lowest detection errors were obtained
by NKM-N with 10.60% and GSVQ-ST with 11.21% using a dictionary of d = 300
atoms. As comparison, the cascade of multi-layer perceptrons of Lenz et al. (2015)
obtained 26.10% and 24.40%, the pre-trained AlexNet of Redmon and Angelova (2015)
achieved 12.00% and 12.90%, and our ResNet obtained 10.85% and 11.86%.

One particular result that we can see in Table 5.3 is that Redmon and Angelova (2015)’s
AlexNet has relatively similar accuracies than our ResNet. We expected our ResNet to
have better performance, even though it was not pre-trained on ImageNet. This is be-
cause our ResNet used all input modalities, while Redmon and Angelova (2015) only
relied on RGD due to pre-training on ImageNet. Also, our network has residual con-
nections that facilitate training, while AlexNet is a standard network without residual

connections.

We therefore experimented with AlexNet in order to better understand the difference
between our experimental framework and the one of Redmon and Angelova (2015).
The main difference between the two frameworks is the number of training images
generated by data augmentation. We used on-line data augmentation while they opted
for off-line data augmentation. They generated 3000 images per training observations,
which resulted in a training fold containing 2,124,000 unique images. They then fine-
tuned their network for 25 epochs, which amounted to processing 53.1 M images. In our
case, we trained for 200 epochs on the original fold size of 708 images, but generated
new observations at each epoch. Our network only saw a total of 141,600 images, which

corresponds to 15x fewer observations.

We fine-tuned AlexNet pre-trained on ImageNet using the same hyper-parameters and
the same input modalities (RGD) as Redmon and Angelova (2015). We obtained 18.30%
and 18.68% rectangle metric errors for the image-wise and object-wise splits. This rep-
resents absolute performance reductions of 6.30% and 5.78% respectively. Although our

ResNet had performance similar to Redmon and Angelova (2015)’s AlexNet, our ResNet
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Table 5.3: Cross-validation detection results for the Cornell dataset. Numbers are grasp
detection accuracies in percent (%).

Detection Error (%)

Approaches

Image-wise Object-wise
Jiang et al. (2011) 39.50 41.70
HOG + ELM Kernel (Sun et al., 2015) 35.20 -
SAE, struct. reg. two-stage (Lenz et al., 2015) 26.10 24.40
Two-stage closed-loop (Wang et al., 2016) 14.70 -
Pre-trained AlexNet (Redmon and Angelova, 2015) 12.00 12.90
NKM-LARS 11.33 11.93
GSVQ-ST 11.28 11.21
OMP-N 10.66 11.44
NKM-N 10.60 11.83
RP-N 12.30 13.39
AlexNet (ours) 18.30 (19.21)  18.68 (19.53)
ResNet (ours) 10.85 (12.20) 11.86 (12.26)

had better performance than AlexNet trained with our framework. Our experimental

framework was therefore more difficult.

Investigating Overfitting in ResNet

One important aspect to consider when training deep networks is overfitting. Our
ResNet has millions of parameters, which makes it relatively easy for the network to
overfit to the training data. This is particularly true when the number of observations
is small, as with the Cornell task. To make sure that our ResNet did not overfit, we
monitored the gap between the train and test loss during training. Figure 5.11 presents
the convergence curves of our ResNet for each five cross-validation folds. As shown
in the left column, the train and test losses have a steady and similar decrease. Note
that we did not use Dropout (Srivastava et al., 2014) to further regularize the network.

These results showed that our network was not in an overfitting regime.

5.5 Discussion

5.5.1 Limitations of the Cornell Task

One particular result that we observed from the detection results in Table 5.3 is that the

sparse dictionary learning approaches have similar accuracies than the CNN approaches.
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Figure 5.11: Convergence curves of our ResNet during training. The left column shows
both the train and test loss convergence for each fold, while the right column shows
the rectangle metric error convergence. The small difference between the train and test
loss indicates no overfitting.
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Figure 5.12: llustration of the low diversity of the Cornell task. The object on the left
was labelled as large spoon, while the object on the right was labelled as spatula. The
images look similar even though the objects are different, which reduces diversity.

We expected the CNNs to obtain higher accuracy than the simpler sparse dictionary
learning approaches, since many recent works using CNNs pushed forward the state of
the art in several domains. Our work on the Cornell dataset has however led us to three

explanations that can explain why this is the case.

The first one is low diversity. As we can see with the examples shown in Figure 5.6, all
images of the Cornell dataset were captured in the same environment. The background
table, the lighting conditions and the angle of the kinect camera to the table were
fixed throughout the whole duration. This removes many instances with complex light
conditions and depth map structures that would arise from real-world scenarios. As
a result, images of different objects can look similar, as shown in Figure 5.12. This
is further illustrated by the small difference in detection accuracy between image-wise
split and object-wise split. For instance, NKM-LARS obtained 88.67% on image-wise
split and 88.07% on object-wise split. Judging only with the accuracy results, this
suggests that grasping a novel object is only a little harder than grasping a known
object from another point of view. Intuitively, we should have observed a larger accuracy
gap between the two splits due to the great diversity of graspable and non-graspable

objects.

The second one is the small size of the Cornell dataset. The Cornell dataset contains
885 RGBD images and each image is labelled with few grasp rectangles. This places an
incentive on training smaller approaches that do not require a lot a data, like sparse
dictionary learning, or using elaborated regularization methods to train a CNN. For

instance, Redmon and Angelova (2015) relied on pre-training to avoid overfitting. They
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Table 5.4: Speed comparison at test time on the Cornell dataset images. The sparse
dictionary learning approaches were implemented on CPU, so they can only be com-
pared directly with Jiang et al. (2011), "SAE, struct. reg. two-stage" and "HOG +
ELM Kernel".

Approach Speed (fps)

Jiang et al. (2011) -
SAE, struct. reg. two-stage (Lenz et al., 2015) 0.07
HOG + ELM Kernel (Sun et al., 2015) 0.09
Two-stage closed-loop (Wang et al., 2016) 7.11
Pre-trained AlexNet (Redmon and Angelova, 2015) 13.15
NKM-N < 0.01
NKM-LARS < 0.01
GSVQ-ST < 0.01
OMP-N < 0.01
NKM-N < 0.01
RP-N < 0.01
AlexNet (ours) 13.72
ResNet 11.5

first pre-trained their CNN on ImageNet, then fine-tuned it with off-line data aug-
mentation on the Cornell task. In order to take in account the fact that ImageNet
contains RGB images instead of RGBD images, they replaced the blue (B) channel
with the depth (D) channel during fine-tuning and evaluation. Such pre-training ap-
proach is clearly sub-optimal, since light information of the blue channel has little in
common with depth information of the depth channel. Also, removing the blue channel
takes away information correlation between the blue channel and the other red and
green light-based channels, as well as the depth channel and depth normals. This goes
against the recommendations of previous works that provided empirical evidence that

using all channels always results in the highest accuracy (Lenz et al., 2015; Bo et al.,
2013).

Finally, the third one is the use of sliding window to perform grasp detection with
sparse dictionary learning. As we explained in Section 5.2.2, detection with sliding
window works by performing a grid search in grasp rectangle space. For each grasp
rectangle candidate, we compute the graspability score using the underlying grasp rect-
angle image. We first extract the feature vector with spatial pyramid matching then
pass it to the linear SVM to compute its score. The rectangle with the highest score is

selected as predicted grasp rectangle. Detection with sliding window is computationally
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demanding, but in return is exhaustive. We can easily trade off computational speed
with detection accuracy by increasing the granularity of the grid search. The more grasp
rectangle candidates we generate, the more opportunities we have to find the regions
with high graspability. As we can see in Table 5.4, sparse dictionary learning paid a
computational price to obtain high detection accuracies. The grid search took several
minutes per image to complete, even though the selected LARS, OMP and ST feature
coding approaches had relatively low computational complexities. In comparison, CNNs
can process high-dimensional images with more ease. This is possible because CNNs
have efficient GPU implementations and rely on one shot computation instead of grid

search in grasp rectangle space.

5.5.2 Limitations of the Grasp Rectangle Metric

The grasp rectangle is a useful tool to tackle grasp detection as a vision problem.
However, the grasp rectangle metric used to evaluate the grasp detection accuracy has
some limitations. To illustrate them, we show in Fig 5.13 examples of predicted grasp
rectangles from our ResNet. The predicted grasp rectangle for the squeegee was the
second bold rectangle from the left, the predicted grasp rectangle for the scissors was
the second bold rectangle in the middle, while the predicted grasp rectangle of the

sunglasses was the leftmost bold rectangle near the lens.

According to the rectangle metric, the detection for the squeegee is considered a suc-
cess, while the detection for the scissors and the sunglasses are considered failures. It
is however conceivable that grasping both the scissors and the sunglasses using the
candidate grasp rectangles would have been a success, even though the rectangle met-
ric labels them as failures. A gripper with two parallel plate-gripping fingers would
have certainly succeeded, even though the candidate grasp rectangles are wider than
their corresponding closest ground truth rectangle. Although the rectangle metric is
convenient due to its resemblance to bounding box in vision, it can negatively bias the

reported performances.

5.6 Conclusion

In this chapter, we explored representation learning on the problem of grasp local-
ization. We performed a comparative study using two popular representation learning
frameworks: sparse dictionary learning and convolutional neural networks. We com-

pared several approaches in both frameworks by evaluating them on both grasp recog-
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Network Prediction Ground Truth

T E—

Figure 5.13: Examples of a detection success (top example) and failures (middle and
bottom). The left column shows the candidate rectangles predicted by our network,
while the right column shows the ground truth. A rectangle with a large width indicates
that the network is confident about its prediction. Although the middle example is
considered a failure according to the rectangle metric, the grasping system would still
have been able to grasp the scissors using the predicted rectangle.
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nition and detection problems. The analysis of our empirical evaluation illustrated the

advantages and disadvantages of both frameworks.

The main result is that sparse dictionary learning approaches obtained similar accuracy
as convolutional neural networks on the Cornell task. There are three reasons for this.
The first two are that the Cornell task has low variability and few observations. This
benefits simpler approaches, like sparse dictionary learning, that do not require a lot
of data. And the third one is the use of sliding window for grasp detection with sparse
dictionary learning. We can easily trade off computational speed for accuracy, but it

makes the approach unsuitable for real-time processing.

In conclusion, the Cornell dataset is a reminder that a high performance on a dataset can
sometimes be misleading. It does not always reflect the true limitations of an approach,
particularly when the dataset is small and the task is simple. Indeed, we were able to
obtain high accuracy as much with the shallow approaches of sparse dictionary learning
as with the deep approaches of convolutional neural networks. It remains however that
convolutional neural networks will have the upper hand on shallow approaches when

the tasks get more complex and more data become available.
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Chapter 6

Deep Learning Development:

Activation Function

In this chapter, we present our contribution on parametric activation functions. We
propose a parameterization of the Exponential Linear Unit (ELU) that controls different
aspects of its shape and propose learning it during training. We refer to our activation
function as Parametric ELU (PELU). We also present an experimental evaluation on
the tasks of auto-encoding and object recognition, and perform a series of experiments

to better understand our parameterization.

6.1 Introduction

The activation function is a central component in deep learning. As we saw in Sec-
tion 3.2, it must be carefully chosen to avoid problems like dead units, vanishing gradi-
ents and bias shift. We also presented several activation functions that were proposed to
deal with these problems, and highlighted the family of parametric activation functions

that have trainable parameters controlling different aspects of their shape.

The main advantage of using a parametric activation function is that it adds another
layer of flexibility. The parameters of the activation function can be seen as being part of
the parameter space of the overall network, which includes the weights and biases of the
linear transformations. Minimizing the loss function in this new parameter space allows
the data to guide training towards a more proper shape for the task than a pre-defined
one. Starting with an initial configuration, the shape changes at every iteration until it
converges to a local minimum of the loss function. We can see a parametric activation

function as a kind of evolutive activation that adapts its shape during training based
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on the information provided by the gradient.

In this chapter, we investigate the effect of parameterizing the Exponential Linear Unit
(ELU) (Clevert et al., 2016). As we explained in Section 3.2, the ELU is a non-saturated
activation function that addresses the problem of bias shift. It behaves like identity for
positive arguments, to lower vanishing gradients, and has an exponential decay towards
-1 for negative arguments, to lower bias shift. Given that the ELU is a fixed activation
function, our goal in this chapter is to define parameters controlling different aspects
of its shape and learn them during training. We refer to our parametric version of the
ELU as Parametric ELU (PELU).

To investigate the effects of our parameterization of ELU, we opted for an experimental
evaluation on the problem of object recognition. The goal in object recognition is to
recognize the class of an object in a RGB image. Applications such as face verifica-
tion, robotic grasping or autonomous driving all require the fundamental skill of object
recognition in order to carry out their tasks. They must perform complex scene un-
derstanding by first identifying the different elements of the scene, then by identifying
the class of the objects. The performance of the overall visual system depends on the
quality of the representation extracted from the image. For this reason, it is an excellent

problem to evaluate novel advances in representation learning.

Here is a summary of the extent of our work on parameterizing ELU:

1. We define parameters controlling different aspects of the shape of ELU and show
how to learn them during training. The particularity of our parameterization is
that it preserves differentiability by acting on both the positive and negative parts
of the function. It has the same computational complexity as ELU and adds only
2L additional parameters, where L is the number of activation functions in the

network.

2. We perform an experimental evaluation of our parameterization on the problem
of object recognition. We evaluate our work on the MNIST, CIFAR-10/100 and
ImageNet tasks using ResNet (Shah et al., 2016), Network in Network (NiN) (Lin
et al., 2013), All-CNN (Springenberg et al., 2015), VGG (Simonyan and Zisser-
man, 2014) and Overfeat (Sermanet et al., 2014). Overall, our results indicate

that our parameterization obtains better performances than ELU.

3. We evaluate the impact of using Batch Normalization (BN) before our PELU

activation, following the experiment of Clevert et al. (2016) that observed empir-
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ically that BN before ELU was detrimental. We show that BN before PELU is

also detrimental, although the increase in error rate is smaller.

4. We experiment with different configurations of our parameterization. We evaluate
the impact of learning the inverse of each parameter instead of the original one. We
show empirically that the proposed configuration obtains the best performance

and we provide intuitions to explain why it is the case.

5. We finally show the parameter convergence of each PELU activation during train-
ing in a VGG network. We observe different behaviors that highlight the effects

of our parameterization.

The content of this chapter is organized as follows. In Section 6.2, we elaborate on
our parameterization of ELU. We start with a reminder of previous parametric acti-
vation functions, then introduce our parameterization with its gradient calculations.
In Section 6.3, we present our experimental evaluation. We start with the problem of
auto-encoding in the context of unsupervised learning on the MNIST task. We then
follow up with object recognition in the context of supervised learning on the CIFAR-
10, CIFAR-100 and ImageNet 2012 tasks. In Section 6.4, we present a discussion on
our activation function and experimental results. We elaborate on the effect of batch
normalization and investigate vanishing gradients. We finally conclude this chapter in
Section 6.5.

6.2 Model

In this section, we introduce our parameterization of ELU. We start with a reminder of
previous parametric activation functions, and refer the reader to Section 3.3 for more
details. We then elaborate on our parameterization of ELU, which we refer to as PELU.

We finally detail the gradient calculation for backprop to perform gradient descent.

6.2.1 Parametric Activation Function

The Rectified Linear Unit (ReLU) is nowadays the most common activation function in
deep learning (Nair and Hinton, 2010; Jarrett et al., 2009; Glorot et al., 2011; Krizhevsky
et al., 2012). It quickly gained popularity after Glorot et al. (2011) trained a state-of-
the-art deep network solely based on labelled data. It was then adopted by most people
in the deep learning community after Krizhevsky et al. (2012) won the ILSVRC 2012
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challenge. Since then, the ReLLU has become the standard activation function in deep

networks.

Recall from Section 3.2 that the ReLU lowers the likelihood of vanishing gradients,
but increases the likelihood of dead units. Indeed, its derivative of zero for negative
arguments can cause a unit to always be activated to zero on all observations from
the dataset. To address this problem, the Leaky ReLU (LReLU) (Maas et al., 2013)
proposes to use a small positive slope for the negative part of the ReLU. However, grid
search must be used to select its value, which can make the overall training phase too

computationally intensive.

Parametric ReLU (PReLU) (He et al., 2015) proposed a simple yet elegant solution
to remove grid search. The idea of PReLU is to include the slope in the parameter
space of the network and learn it during training. PReLU is part of the broad family

of parametric activation functions.

Other types of parameterization for the ReLLU have been previously proposed. For
instance, the Adaptive Piecewise Linear (APL) unit (Agostinelli et al., 2014), the S-
Shaped ReLU (SReLU) (Jin et al., 2016) or the Maxout (Goodfellow et al., 2013).
These parameterizations have however the limitation that they have points at which
the function is non-differentiable. For SReLLU, the number of these points is fixed at two.
For APL, it increases linearly with the number S of Hinged-shaped functions, while for
Maxout, it increases linearly with the number K of linear transformations. Gradient
descent can be affected by these non-differentiable points when the slopes of the two
linear segments around the non-differentiable points are relatively different from the
chosen sub-derivative. A variation of the input around these points can cause a large
jump in the derivative, and thereby cause oscillations (LeCun et al., 2015). Maxout also
has the additional requirement of multiplying the number of weights and biases to be
learned by K. This increases the likelihood of overfitting by a great amount for deep
networks who already have a lot of parameters. It can even prevent training altogether

because of hardware limitations.

In view of these recent works that showed that parameterizing an activation function
improves performance, we seek in this chapter to parameterize the Exponential Linear
Unit (ELU). Our goal is to define different parameters controlling various aspects of its
shape by making sure that the function stays differentiable at all points during training.

We now present the ELU as well as our parameterization.
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6.2.2 Parametric Exponential Linear Unit

The Exponential Linear Unit (ELU) (Clevert et al., 2016) is an alternative to ReLU
that was proposed to deal with the problem of bias shift. When bias shift happens, an
update of the weight during training can cause oscillations due to the propagation effect.
ReLU is more likely to experiment this problem because the function only outputs non-
negative values. The idea of ELU is to output negatives values for negative arguments,
while still being identity for positive arguments to reduce vanishing gradients. The
presence of negative values in the vector of activated neurons helps to lower the mean
neuron activation, and thereby, reduce oscillations. Note that bias shift can still happen
in deep networks because the largest negative value is bounded to —1, while the largest

positive values is unbounded.

The ELU is defined as identity for positive arguments and has an exponential decay

towards —1 for negative arguments:

x ifx>0
fELU(x) = s (621)
a(exp(z) — 1) otherwise
where parameter a € R™ controls the decay. Clevert et al. (2016) opted for a decay of
a =1 in order to have differentiability at x = 0. For other values a # 1, the function
becomes non-differentiable at x = 0. As we have explained in the previous section, non-
differentiable points can affect training and should preferably be avoided when possible.
For this reason, a parameterization of ELU that simply learns parameter a would break

differentiability at x = 0 and would risk hinder training.

For this reason, we start by first adding two additional parameters b and ¢ to ELU:

o) cx ifx >0 ; R (622)
x) = , a,byce R 2.
a(exp(%)—l) ifx <0

We have cx for positive arguments (z > 0) and a(exp(%) — 1) for negative arguments
(x < 0). The original ELU can be recovered when a = b = ¢ = 1. As shown in Figure 6.1,
each parameter controls different aspects of the activation. Parameter ¢ changes the
slope of the linear function in the positive quadrant. The larger ¢, the steeper the slope.
Parameter b affects the scale of the exponential decay. The larger b, the smaller the
decay. Parameter a acts on the saturation point in the negative quadrant. The larger
a, the lower the saturation point. We further constrain the parameters to be positive
so that the activation function is monotonic. This way, a reduction in the magnitude

of the weights during training always lowers the magnitude of the activation.
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Figure 6.1: Effects of parameters a, b and ¢ on the Exponential Linear Unit (ELU)
activation function. The original ELU is shown at the top, where a = b = ¢ = 1. Pa-
rameter a controls the height of the saturation, parameter b controls the decay towards
the saturation and parameter ¢ controls the slope of the linear function.

142



The parameterization defined in Eq. (6.2.2) allows training to learn different activation
functions. For instance, it can converge to a function with a large slope by increasing
the value of ¢, to a function with a slow decay by increasing b or to a function with
a low saturation point by increasing a. However, the use of gradient descent with the
parameterization of Eq. (6.2.2) would break differentiability at + = 0 and possibly
hinder training. Thus, we constrain our parameterization to always have differentiability
at x = 0. We use as constraint the derivative of the negative side to be equal to the

derivative of the positive side, both evaluated at x = 0:

dca _ da(exp(x/b) — 1) (6.2.3)
0x |,_g oz o o
Solving Eq. (6.2.3) for ¢ gives:
a
e=7. (6.2.4)

Incorporating the constraint of Eq. (6.2.4) into the parameterization defined in Eq. (6.2.2)
results in the proposed Parametric Exponential Linear Unit (PELU):

217 ifx>0

froww(z) =40 T . a,beR". (6.2.5)

a(exp(g) —-1) ifz<0
With this parameterization, in addition to changing the saturation point and exponen-
tial decay respectively, both a and b adjust the slope of the linear function in the positive
part to ensure differentiability at x = 0. It has the positive side effect of reducing the

number of trainable parameters as well.

6.2.3 Optimization by Gradient Descent

The parameters of our parameterization are trained simultaneously with all the other

parameters of the network. The update rules are defined as follows. Using the chain

rule of derivation, the derivative of objective E with respect to a and b for one layer is:
oF 8f ;) OFE 0Of(x;)

af( da ’ Of (x;) 0b

(6.2.6)

where i sums over all elements of the tensor x on which fpgrry is applied. The terms

E
3— are the gradients propagated from the above layers, while f () and of (@ )
Of () da ob
the gradients of f with respect to a, b:
x
— ifxz>0
8f_(x) =<0 7 (6.2.7)
da exp(z/b) —1 ifx <0
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ReLU PELU with ¢ = 0.1 and b= 0.1

Figure 6.2: PELU is similar to ReLU when both parameters a and b are closed to zero.
As a result, the network does not suffer a weight decay loss when both a and b converge
near zero.

ax ,
ZICIN =0 (6.2.8)
el —%exp(aﬁ/b) ifx<0

In addition, we impose the constraint that the parameters are positive by projecting
them back to the positive quadrant after the gradient update. In other words, we
always make sure that the parameters are larger than a small positive value. In our
experiment, we used 0.1. Thus, given that we use stochastic gradient descent with

momentum (Sutskever et al., 2013), the update rules are as follows:

OF OF
Aa +— pAa — a— Ab — pAb — a—-
8 da : : b : (6.2.9)
a < max{a + Aa,0.1} b < max{b+ Ab,0.1}

where g is the momentum and « is the learning rate.

Unless specified otherwise, we always use a ¢y weight decay regularization in our ex-
periments. We apply the regularization on both the weights and biases of the linear
transformations, as well as on the parameters of the parametric activation functions

throughout the network.

The effect of weight decay on PELU can be seen as placing a prior on converging to
ReLU. Indeed, weight decay encourages the parameters to have a low magnitude. As we
can observe in Figure 6.2, PELU looks similar to ReLU when both a and b are close to
zero. As a result, the network does not suffer a weight decay loss when PELU converges

to ReLLU.
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6.3 Experiments

In this section, we present our experimental evaluation of our parameterization of ELU.
We performed all our experiments on supervised learning, except for the first experi-
ment which was on unsupervised learning. For supervised learning, we opted for object
recognition, while for unsupervised learning, we opted for auto-encoding. In all cases,

we used datasets containing RGB images as observations.

In addition to these experiments on performance evaluation, we also performed a series
of three experiments to better understand our parameterization. The first one is related
to the effect of Batch Normalization (BN) (Ioffe and Szegedy, 2015), the second one is
related to the effect of learning the inverse of parameters a and b, while the third one

is related to the progression of the shape of each PELU activations.

6.3.1 MNIST Unsupervised Learning

As first experiment, we performed unsupervised learning to evaluate our approach. We
opted for image auto-encoding on the MNIST (LeCun et al., 1998) task without labels.
The MNIST dataset contains 28 x 28-dimensional images of handwritten digits from 0
to 9. The train set has 60,000 observations, while the test set has 10,000 observations.
It is one of the most popular datasets in the machine learning community and is a great

starting point to compare approaches.

We trained an auto-encoder to regenerate the input observation under compressive
constraints. We refer to this network as DAA-Net. The encoder is composed of four
fully connected layers of sizes 1000, 500, 250, 30, while the decoder is symmetrical
without tied weights (Desjardins et al., 2015). Each linear transformation (except the
last one) is followed by an activation layer, which is either ELU alone, PELU alone or a
combination of Batch Normalization (BN) (Ioffe and Szegedy, 2015) followed by ReLU.
We also added Dropout (Srivastava et al., 2014) with a drop probability of 0.2 after
each activation layer. We trained DAA-Net with RMSProp (Tijmen Tieleman, 2012)

at a learning rate of 0.001, smoothing constant of 0.9 and a batch size of 128.

We do not use BN before ELU because Clevert et al. (2016) obtained higher performance
when using ELU alone. Thus, we remove BN before PELU since PELU is based on ELU.
We will provide additional experimental evidence that BN before ELU and PELU is
detrimental in Section 6.3.3. Note that we still use BN before ReLU as suggested by
loffe and Szegedy (2015).
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Figure 6.3: Auto-encoder results on the MNIST task. We compare PELU to ELU, and
include BN-ReLLU as additional reference. Compared to ELU, PELU obtained a lower
test mean squared error.

Figure 6.3 presents the results of our experiment on the MNIST dataset. The curves
illustrate the progression of the mean squared error (MSE) on the test set, averaged over
five tries. The blue curve (dot marker) represents BN-ReLU, the green curve (downward
triangle marker) represents ELU and the red curve (square marker) represents PELU.
The results show that our parameterization of ELU improves the reconstruction error
over standard ELU and ReLLU. PELU converged at a MSE of approximately 1.04e—4,
while ELU converged at a MSE of 1.12e—4 and ReLU at a MSE of 1.49e—4.

This first experiment on MNIST suggests that our parameterization of ELU improves
performance over standard ELU. However, the MNIST task is known to be easy nowa-
days. A good performance on this task is usually not sufficient to show the validity of
a proposed approach. For this reason, we chose to do more experiments in supervised

learning.

6.3.2 CIFAR-10/100 Object Recognition

As a second experiment, we performed object recognition on the CIFAR-10 and CIFAR-
100 tasks (Krizhevsky, 2009). Both tasks contain 3 x 32 x 32-dimensional RGB images
with a train set of 50,000 observations and a test set of 10,000 observations. CIFAR-10
regroups the images into 10 classes, while CIFAR-100 regroups the images into 100

classes.
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Figure 6.4: Residual network building block structure. On the left, the main basic block
structure, and on the right, the transition block structure for reducing the input spatial
dimensions and increasing the number of filters. For our CIFAR experiments, we opted
for sub-sampling followed by zero concatenation as transition block, while for our Im-
ageNet experiments, we opted for strided convolution followed by batch normalization
as transition block.

We trained a 110-layer residual network (ResNet) (He et al., 2016b; Shah et al., 2016)
with the building block structure shown in Figure 6.4. The image on left of Figure 6.4
presents the basic block structure, while the image on the right of Figure 6.4 presents
the transition block structure. The goal of the transition block is reducing the spatial
dimension of the feature maps, while increasing the number of feature maps. For our
CIFAR experiments, we used spatial sub-sampling with a stride of 2 followed by zero

concatenation to multiply the number of feature maps by two.

In order not to favor PELU to the detriment of the other activations, we performed
minimal changes to the network when changing it. To this effect, we keep the same
number of blocks and only replace the ACT module. The ACT module can be either
ELU alone, PELU alone, BN-ReLLU or BN-PReLU.

To train the network, we used stochastic gradient descent with a weight decay of 1le—3,
momentum of 0.9 and batch size of 256. The learning rate starts at 0.1 and is divided

by 10 after epoch 81, and by 10 again after epoch 122. We apply standard data aug-
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Figure 6.5: ResNet 110 layers test error (in %) medians over five tries on both CIFAR-
10 and CIFAR-100 datasets. We compare PELU to ELU, and also include BN-ReLLU
and BN-PReLU as additional references. PELU has a better convergence and lower
recognition errors than ELU.

mentation for this task, which is random crop + horizontal flipping: four pixels are
added on each side of the image and a random 32 x 32 crop is extracted, which is then

flipped horizontally at random. The original image is used during the test phase.

The results of our experiments on the CIFAR-10 and CIFAR-100 tasks are presented
in both Figure 6.5 and Table 6.1. The curves in Figure 6.5 correspond to the median
test error rate (in %) over five tries for each epoch on both CIFAR-10 (top image) and
CIFAR-100 (bottom image). The blue curve (circle marker) represents BN-ReLU, the

green curve (downward triangle marker) represents ELU, the red curve (square marker)
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Table 6.1: ResNet 110 layers test error (in %) on both CIFAR-10 and CIFAR-100
datasets. We report the mean error over the last five epochs and the minimum error over
all epochs (inside parenthesis) of the median error over five tries. Our parameterization
of ELU improves performance over standard ELU.

ACT CIFAR-10 CIFAR-100
BN-ReLU 5.67 (5.41) 25.92 (24.99)
ELU 6.55 (5.99) 26.59 (25.08)
PELU 5.51 (5.36) 25.02 (24.55)
BN-PReLU 5.61 (5.36) 25.83 (25.50)

represents PELU and the purple curve (upward triangle marker) represents BN-PReL.U.
In addition, we report the numerical values of their performance in Table 6.1. In each
cell of Table 6.1, the value on the left corresponds to the mean error over the last five
epochs of the median error over five tries, while the value inside parenthesis corresponds

to the minimum over all epochs of the median error over five tries.

Based on the results reported in Table 6.1, we can see that our parameterization obtains
the best performances. On CIFAR-10, ResNet obtained a minimum median error rate of
5.36% with PELU, while it obtained a minimum median error rate of 5.99% with ELU,
5.41% with BN-ReLU and 5.36% with BN-PReLU. On CIFAR-100, ResNet obtained a
minimum median error rate of 24.55% with PELU, while it obtained a minimum median
error rate of 25.08% with ELU, 24.99% with BN-ReLU and 25.50% with BN-PReL.U.
In comparison to ELU, PELU obtained a relative improvement of 10.52% and 2.11%
on CIFAR-10 and CIFAR-100 respectively. It is interesting to note that PELU only
adds 112 additional parameters, a negligible increase of 0.006% over the total number

of parameters.

The results in Figure 6.5 show that PELU has a better convergence behavior than ELU.
Indeed, we can see that ELU has a large test error rate increase at the end of the second
stage of the training phase on both CIFAR-~10 and CIFAR-100 datasets. PELU also has
a small error rate increase around the same epoch, but the increase is lower than ELU.
We further observe a small test error rate increase at the end of the training phase for
ELU, while PELU converges in a steady way without a test error rate increase. These
results show that training a ResNet with our parameterization can improve both the

performance and the convergence behavior over a ResNet with ELU activation.

Moreover, PReLU also obtained better performances than ReLLU. On CIFAR-10, PReLLU

obtained a minimum median error rate of 5.36% compared to 5.41% for ReLU. On
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Table 6.2: ResNet 110 layers test error (in %) on both CIFAR-10 and CIFAR-100
datasets. We report the mean error over the last five epochs and the minimum error
over all epochs (inside parenthesis) of the median error over five tries. The results show
that BN before ELU and PELU is detrimental, although it is less harmful before our
PELU.

ACT CIFAR-10 CIFAR-100
PELU 5.51 (5.36) 25.02 (24.55)
BN-PELU 6.24 (5.85) 26.04 (25.38)
ELU 6.55 (5.99) 26.59 (25.08)
BN-ELU 11.20 (10.39) 35.51 (34.75)

CIFAR-100, PReLU obtained a minimum median error rate of 25.83% compared to
25.92% for ReLLU. PReLU obtained the same minimum median error rate than PELU
on CIFAR-10, but it was significantly higher on CIFAR-100. Note that our main contri-
bution is showing performance improvement over ELU with our parameterization, and
that we only add PReLLU as an additional reference. Nonetheless, we observe that our
PELU parameterization of ELU obtains higher relative improvements than the PReLLU

parameterization of ReLLU.

6.3.3 Understanding the effect of Batch Normalization

In this section, we present our experiments on the effect of Batch Normalization. As we
explained in Section 6.3.1, we did not use BN before ELU because Clevert et al. (2016)
observed that BN before ELU was detrimental for performance. Thus, we removed BN
before PELU since PELU is based on ELU. In this section, we present experimental
evidence that BN before PELU is also detrimental, just as it is before ELU.

To this effect, we trained a 110-layer ResNet using BN before ELU and PELU following
the same experimental framework of Section 6.3.2. We used the same hyper-parameters
and network structure, to the difference that we added BN before ELU and PELU in
the ACT module. Note that in all cases, we keep BN after the second convolutional

layer, as we showed in Figure 6.4.

The results of this experiment are reported in both Figure 6.6 and Table 6.2. The
plots in Figure 6.6 represent the median test error over five tries at each epoch on
CIFAR-10 and CIFAR-100 tasks. The curves in blue (circle marker) refer to ELU and
PELU without BN, and the curves in green (downward triangle marker) refer to ELU

and PELU with BN before. The numerical values of their performance are reported
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Figure 6.6: Effect of using BN before ELU (first two rows) and PELU (last two rows)
activations in a ResNet with 110 layers on both CIFAR-10 and CIFAR-100 datasets.
We show the convergence behavior of the median test error over five tries. In both cases,
BN worsen performance of ELU and PELU. Note that we still use BN after the second
conv layer, as seen in Figure 6.4.
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in Table 6.2. In each cell of Table 6.1, the value on the left corresponds to the mean
error over the last five epochs of the median error over five tries, while the value inside
parenthesis corresponds to the minimum over all epochs of the median error over five

tries.

The results show a large error rate increase on both CIFAR-10 and CIFAR-100 datasets
for both ELU and PELU activations. On CIFAR-10, the minimum median test error for
ELU increases from 5.99% without BN to 10.39% with BN, while for PELU it increases
from 5.36% without BN to 5.85% with BN. On CIFAR-100, the minimum median test
error for ELU increases from 25.08% without BN to 34.75% with BN, while for PELU it
increases from 24.55% without BN to 25.38% with BN. As previously observed (Clevert
et al., 2016), BN before ELU is detrimental, and as we expected, BN before PELU is

also detrimental.

It is worth noting that the relative error rate increase of BN before our PELU is smaller
than that of BN before ELU. On CIFAR-10, ELU has a relative error rate increase of
73%, while PELU is 9%. On CIFAR-100, ELU has a relative error rate increase of 39%,
while PELU is 3%. These results show that our parameterization of ELU can reduce
the harmful effects of BN before PELU. This was an unexpected result, since we did
not design our parameterization to have this effect. Finally, note that BN can still be
used when choosing ELU or PELU, but it should appear at a different location than
before the activation. For instance, we applied BN after the second convolutional layer

in the basic block structure (as shown in Figure 6.4), and it was not detrimental.

6.3.4 ImageNet Object Recognition

We performed a second object recognition experiment, this time on the ImageNet 2012
task (ILSVRC 2012) (Russakovsky et al., 2015), in order to evaluate our approach on
a large-scale task. To this effect, we trained four different networks: ResNet18 (Shah
et al., 2016), Network in Network (NiN) (Lin et al., 2013), All-CNN (Springenberg
et al., 2015) and Overfeat (Sermanet et al., 2014). The block structure of ResNet18
is the same as the one we used in Section 6.3.2, but with a different transition block.
As shown in Figure 6.4, the transition block is defined as a convolutional layer with
1 x 1-dimensional filters, a stride of two, and twice the number of filters, followed by

batch normalization.

Again, in order not to favor PELU to the detriment of the other activations, we per-

formed minimal changes to the networks. We only replace the activation function, which
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Table 6.3: ImageNet training regimes for modifying the learning rate and the weight
decay. We trained NiN and ResNetl8 using the first one, and trained AlIl-CNN and
Overfeat using the second one. The first regime starts at a higher learning rate, but has
a larger decay than the second regime.

Regime #1 (ResNet18, NiN)

Epoch 1 10 20 25
Learning Rate le-1 le-2 le-3 le-4
Weight Decay 5e-4 He-4 0 0

Regime #2 (Overfeat, All-CNN)

Epoch 1 19 30 44 53
Learning Rate le-2 5e-3 le-3 He-4 le-4
Weight Decay 5e-4 Se-4 0 0 0

can be either ELU alone, PELU alone or BN-ReLU. Note that we still use BN after

the second convolutional layer in the basic block structure, as we did in Section 6.3.2.

We trained each network with momentum stochastic gradient descent following the
training regimes shown in Table 6.3. The table on the top of Table 6.3 corresponds to
the training regime of ResNet18 and NiN, while the table on bottom corresponds to the
training regime of Overfeat and All-CNN. The main difference between both regimes
is that regime #1 starts at a higher learning rate than regime #2, and has a higher
learning rate decay. We used the Torch implementation of Chintala from imagenet-

multiGPU.torch ! to perform our experiments.

The results of this experiment are reported in Figure 6.7. The plots represent the test
error rate (in %) of one try for each epoch. The curves in blue (circle marker) refer
to BN-ReLU, the curves in green (downward triangle marker) refer to ELU, while the
curves in red (square marker) refer to PELU. The image on the top left corresponds to
NiN, the image on the top right corresponds to ResNet18, the image on the bottom left
corresponds to All-CNN, while the image on the bottom right corresponds to Overfeat.

The results of Figure 6.7 show that the networks using PELU outperformed the net-
works using ELU. Overall, NiN obtained the best result with 36.06% error rate with
PELU, compared to 40.40% with ELU. This corresponds to a relative improvement of
7.29% for PELU over ELU. Interestingly, PELU obtained this relative improvement by

"https://github.com/soumith/imagenet-multiGPU. torch
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Figure 6.7: Test error rate progression (in %) of ResNet18, NiN, Overfeat and All-CNN
on ImageNet 2012. NiN and ResNet18 (top row) used training regime #1, while All-
CNN and Overfeat (bottom row) used training regime #2 (see Table 6.3). PELU has
the lowest error rates for all networks. Regime #1 shows a greater performance gap
between ELU and PELU than regime #2.

only adding 24 additional parameters (NiN uses 12 ACT modules). This corresponds
to an increase in the number of parameters of 0.0003% when using PELU over ELU.
Intuitively, we would not have observed a relative improvement of 7.29% if we had
simply adding 24 additional weights throughout the network. Such a low number of
weights cannot significantly increase the expressive power of the network to have this
effect. These results rather show that the parameters of PELU affect the network in a

different way than the standard weights and biases of the linear transformations.

The training regimes have an interesting effect on the convergence of the networks. As
shown in Figure 6.7, the networks trained with regime #1 (All-CNN and Overfeat)
have similar performance when using ELU or PELU, while the networks trained with
regime #2 (ResNet18 and NiN) have a significantly different performance when using
ELU or PELU. Also, the convergence behavior of the networks trained with regime #1
is not as steady as the networks trained with regime #2. We observe a small error rate

increase starting at epoch 44 with All-CNN and Overfeat using PELU, even though the
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Table 6.4: ResNet 110 layers test error (in %) on both CIFAR-10 and CIFAR-100
datasets. We report the mean error over the last five epochs and the minimum error
over all epochs (inside parenthesis) of the median error over five tries. We compare each
four PELU configurations. Our proposed PELU configuration (a, 1/b) obtained the best
performance.

Configuration CIFAR-10 CIFAR-100
(a,1/b) 5.51 (5.36) 25.02 (24.55)
(1/a,1/b) 5.73 (5.60) 25.68 (25.17)
(1/a,b) 6.51 (6.00) 26.33 (25.48)
(a,b) 6.74 (6.12) 26.20 (25.24)

error rate is steady for ELU and ReLLU. These results suggest using a training regime

with a larger initial learning rate and learning rate decay (like regime #1) when using
PELU.

6.3.5 Experimenting with Parameter Configuration

In this section, we present our experiments on the effect of learning the inverse of
each parameter. The proposed PELU activation function defined in Eq. (6.2.5) has two
parameters a and b, where we multiply by a and divide by b. A priori, any of the four
configurations (a, b), (a,1/b), (1/a,b) or (1/a,1/b) could be used as parameterization.
For instance, we could multiply both a and b, we could divide both a and b, or we could

multiply one and divide the other.

Note that due to the use of weight decay regularization, the four configurations are not
reciprocal. This is because weight decay has a different effect on PELU depending on
the selected configuration for a and b. Recall that weight decay encourages the weights
to have a low magnitude. In the case of PELU, it encourages both parameters a and b
to be closed to zero. When choosing configuration (1/a, 1/b), weight decay encourages
the PELUs to have a steep slope 1/(ab). But when choosing configuration (a, b), weight
decay encourages the PELUs to have a low slope ab. The experiment we conduct in this
section will allow us to better understand the difference between the four configurations.
To this end, we performed an experimental evaluation on the CIFAR-10 and CIFAR-100
tasks using ResNet-110 following the same experimental framework that we detailed in
Section 6.3.2.

The results of this experiment are presented in both Figure 6.8 and Table 6.4. The

plots in Figure 6.8 represents the median test error over five tries at each epoch. The
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Figure 6.8: Experimenting with the PELU parameter configuration in a ResNet with 110
layers on both CIFAR-10 and CIFAR-100 datasets. We show the convergence behavior
of the median test error over five tries. Our proposed parameterization (a, 1/b) obtained
the best performance.

curves in blue (circle marker) refer to the proposed configuration (a,1/b), the curves
in green (downward triangle marker) refer to configuration (1/a,1/b), the curves in
red refer to configuration (1/a,b), while the curves in purple (upward triangle) refer to
configuration (a, b). The figure on the top refer to the CIFAR-10 task, while the figure
on the bottom refer to the CIFAR-100 task. The numerical values of their performance
are reported in Table 6.4. In each cell of Table 6.4, the value on the left corresponds
to the mean error over the last five epochs of the median error over five tries, while
the value inside parenthesis corresponds to the minimum over all epochs of the median

error over five tries.
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As we can see in Table 6.4, our proposed parameterization (a,1/b) obtained the best
performance overall. On CIFAR-10, the proposed configuration (a, 1/b) obtained a mini-
mum test error median of 5.36%, while configuration (1/a, 1/b) obtained 5.60%, configu-
ration (1/a,b) obtained 6.00% and configuration (a, b) obtained 6.12%. On CIFAR-100,
the proposed configuration (a,1/b) obtained a minimum test error median of 24.55%,
while configuration (1/a,1/b) obtained 25.17%, configuration (1/a,b) obtained 25.48%
and configuration (a,b) obtained 25.24%.

The plots in Figure 6.8 show that the proposed configuration (a, 1/b) obtained the best
convergence behavior. We can see that the two configurations using b exhibit a large
error rate increase during the second phase of the training process, while the other two
configurations using 1/b have a steady convergence. Also, the two configurations using

1/b obtained a significantly lower error rate than the two configurations using b.

These results concur with our observation in Section 6.2.3 on the effect of weight decay
on the parameters of PELU. As we explained, weight decay encourages PELU to be
similar to ReLU when using configuration (a,1/b). When both parameters a and b
are closed to zero, the PELUs acts as ReLLUs but the network do not suffer from a
weight decay loss. This helps the network to use as much PELUs that look like ReLUs
as needed without incurring a large penalty. This is important because there can be
an incentive to use ReLLU in order to have sparse activations that could be impaired
with a large weight decay loss. In the next section, we provide additional experimental

evidence to support that claim.

6.3.6 Parameter Progression

In this section, we present our experiment on the progression of the PELU parameters
during training. The results of previous section has shown that configuration (a, 1/b)
gives the best performance among the four possible configurations. We argued that
configuration (a, 1/b) gave the best performance because PELU does not suffer a weight
decay loss when converging to a shape that looks like ReLLU. Therefore, we expect several
PELUs to look like ReLLU after convergence, which we can show with a visual inspection

of the shapes after training.

To do so, we trained a VGG network (Simonyan and Zisserman, 2014) on the CIFAR-10
task following the experimental framework that we detailed in Section 6.3.2. The results
of this experiment are shown in Figure 6.9. The plots show the value of the parameters

at each step for each 14 activations throughout the network. Activation at layer 1 is
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Figure 6.9: PELU parameter progression at each layer of VGG trained on CIFAR-10.
a
We present the variation of the slope (—) and the negative saturation (parameter a).

The network adopted different nonlinear behaviors throughout the training phase.
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the closest to the input, while activation at layer 14 is the closest to the output. The
curves in blue (circle marker) represent the slope a/b of the positive part, while the
curves in green (downward triangle marker) correspond to a, the negative of the point

of saturation of the negative part.

The results in Figure 6.9 illustrate two different behaviors. The first one is seen at layers
2,4, 7 and 10. We can observe that the slope increased to a large value, then decreased
and converged to a value close to 1. We can also observe that parameter a quickly
converged to a value near 0. A slope value close to 1 and a negative saturation close to
0 indicates that the activations have converged to a shape that looks similar to ReLLU.
This result constitutes an empirical evidence that ReLLU is an important activation
function. It was found to be optimal by several PELUs that could have converged to
other parametric forms. It is understandable that there is an incentive to converge to
ReLU because we know that ReLLU has the important effect of promoting activation
sparsity (Nair and Hinton, 2010; Maas et al., 2013) (ref. Section 3.2.2).

The second behavior that we observe from the results in Figure 6.9 is seen at all
other layers (apart from 2, 4, 7 and 10). We can observe that the negative value of
the saturation converged to other than zero. At layer 1, it converged to a value near
0.5, while it converged to a value near 2 at layer 14. A negative saturation different
from zero indicates that the activations have favored outputting negative values for
negative arguments, like the standard ELU. It was found to be optimal in most of
the PELUs, even though it was possible to converge to a saturation value near zero
like the ReLLU. This result constitutes an empirical evidence that having a negative
saturation is important, which corroborates with our understanding of the problem of
bias shift (Clevert et al., 2016).

6.4 Discussion

As we explained in previous sections, we did not use Batch Normalization (BN) dur-
ing our experiments with ELU and PELU. This was due to the detrimental effect of
preceding PELU and ELU with BN, as we observed in Section 6.3.3. This detrimental
effect was also previously observed with the ELU (Clevert et al., 2016), but it remains

unclear why it happens.

One avenue is to look at the difference between the properties of ELU and the properties

of ReLU. An important one that we can observe is that ReLLU is positively scale invariant
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and ELU is not. Indeed, for ReLU we have max{0, kz} = kmax{0,z}, where k > 0,
while for ELU, which can be expressed as max{0,z} + min{0,exp(z) — 1}, we have
min{0, exp(kz) — 1} # kmin{0, exp(x) — 1}.

The fact that ReLU is positively scale invariant and ELU is not may be part of the
reason why BN has positive effects before ReLLU but negative effects before ELU. Using a
positively scale invariant activation function may be essential for BN to properly reduce
internal covariate shift (Ioffe and Szegedy, 2015) through mean and standard deviation
scaling. We could validate this hypothesis by experimenting with a new positively scale

invariant activation function and observe whether BN helps or not.

6.5 Conclusion

The activation function is a central element in deep learning. Its main purpose is to
break the chain of linear dependencies between subsequent linear transformations by
introducing nonlinearity. This allows the creation of deep neural networks that are
nonlinear functions of their input by sequentially applying a linear transformation fol-
lowed by a nonlinear activation function. Parametric activation functions have been
previously shown to help training. They have parameters controlling different aspects
of their shape that can be learned as training progresses, which provide additional

flexibility during training.

In this chapter, we presented our parameterization of the Exponential Linear Unit
(ELU), which we refer to as PELU. We defined parameters to control different aspect
of the shape of ELU, but constrained the parameterization to preserve differentiability
at zero. We performed several experiments to evaluate our activation function. For
example, we studied auto-encoding in unsupervised learning and object recognition
in supervised learning in order to show the advantage of our parameterization. The
overall results showed that the performance improved with our parameterization over
using standard ELU.

We also performed three sets of experiments to better understand the behavior of our
parameterization. First, we looked at the effect of using Batch Normalization (BN)
before the activation. The results showed that BN before PELU was detrimental, but
was not as detrimental as before ELU. We suggested that it may be related to ELU not
being positively scale invariant. Second, we experimented with learning the inverse of

each parameter of our parameterization. The results showed that the proposed one was
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the best over all four possible configurations. The intuition is that the network does
not suffer a weight decay when PELU converge to a shape that looks like ReLU. And
third, we looked at the parameter progression of all PELUs in a VGG network. The
results showed that some PELUs converged to a shape that looked like ReLLU, favoring

sparsity, while others converged to a negative saturation, favoring bias shift.

In conclusion, our work in this chapter has shown that parameterizing a fixed activation
can improve performance. It goes in line with previous works showing the advantage of

parametric activation functions and supports research efforts in this avenue.
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Chapter 7

Deep Learning Development:

Multitask Learning

In this chapter, we present our contribution on soft parameter sharing in Multitask
Learning (MTL). We propose a sharing mechanism defined as a trainable component of
the network based on nonlinear task relations, following the recent advances in residual
learning. We refer to our component as the Collaborative Block. We also perform an
experimental evaluation on the problem of facial landmark detection in a MTL settings,
an ablation study to show experimental evidence of domain information sharing and

investigate the potential of mixing hard and soft parameter sharing.

7.1 Introduction

Multitask Learning (MTL) is a field of machine learning that has a long-standing liter-
ature (Caruana, 1997; Evgeniou and Pontil, 2004; Argyriou et al., 2007; Liu et al., 2009;
Zhang et al., 2012, 2014). Approaches based on deep neural networks for MTL usually
fall into the following two categories: hard parameter sharing and soft parameter shar-
ing (Ruder, 2017). Soft parameter sharing is gaining in popularity over hard parameter
sharing, due to the sharing mechanism that can provide more flexibility on how infor-
mation sharing is implemented. We reviewed in Section 4.2 approaches that implement
their sharing mechanism as either a regularization term or as a trainable component of
the network. The approaches based on a trainable component had however a limitation.
We saw that the sharing mechanism of the cross-stitch block (Misra et al., 2016), the
sluice block (Ruder et al., 2017) and the cross-residual block (Jou and Chang, 2016)

were all implemented as trainable linear combinations between task-specific feature rep-
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resentations. As we explained, they are limited to linear task relations, which are more
limited than nonlinear task relations and can constrain information sharing between
the tasks.

Our goal in this chapter is to address the issue of the sharing mechanism being con-
strained to linear relations. To this effect, we present a novel approach based on nonlin-
ear relations. We implement the sharing mechanism in terms of the Collaborative Block
that uses two nonlinear transformations with lateral connections. The first transforma-
tion aggregates all task-specific feature representations into a global feature represen-
tation, and the second transformation merges back the global feature representation
with each task-specific feature representation. Our transformations have the particu-
larity of containing skip connections with additions and concatenations. As we saw in
Section 3.4, skip connections enable residual learning and have many advantages over
standard connections. Our collaborative block is defined as a trainable component of

the network, so its parameters can be learned during training as the other components.

To evaluate the performance of our approach, we opted for an experimental evaluation
on the problem of Facial Landmark Detection (FLD) in a MTL framework (Sun et al.,
2013; Zhang et al., 2016; Jourabloo and Liu, 2016; Baltrusaitis et al., 2016). FLD can
be described as follows: given the image of a face of a person, the goal is to predict the
(x,y)-position of specific landmarks associated with key features of the face. Examples
of facial landmarks include the center of the eyes, the corners of the mouth, the tip
of the nose and the earlobes. Approaches that deal with this problem are essential
components in many face-related tasks. For instance, face recognition (Ding and Tao,
2015), face validation (Taigman et al., 2014), facial feature detection and tacking (Zhang
and Zhang, 2014) all rely on the ability to correctly find the location of these distinct

facial landmarks in order to succeed.

Localizing facial landmarks is a challenging problem. The presence of many lighting
conditions, head poses, facial expressions and occlusions creates diversity in the face
images, which increases difficulty. A FLD approach must also take into account a cer-
tain number of correlated factors during the estimation process that further increases
difficulty. For instance, an angry person will display pinched lips while a sad person will
display sunken mouth corners, but both of them will have frowned eyebrows (Fabian
Benitez-Quiroz et al., 2016). The presence of frowned eyebrows is correlated with both
the presence of pinched lips and sunken mouth corners, but the presence of frowned

eyebrows alone cannot be used to discriminate between an angry and a sad person.
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Moreover, an interesting particularity of datasets geared towards FLD is that they are
well-suited for MTL. In addition to containing the position of the facial landmarks,
these datasets contain a number of other labels that can be used to define auxiliary
tasks. For instance, tasks such as gender recognition, smile recognition, glasses recog-
nition or face orientation are often used as auxiliary tasks to define the MTL training
framework. For these reason, FLD is an excellent problem to evaluate novel advances
in MTL.

Here is a summary of the extent of our work on our collaborative block:

1. We propose a sharing mechanism that addresses the limitation of previous ap-
proaches of being limited to linear task relations. Our sharing mechanism im-
plements information sharing with two nonlinear transformations based on skip

connections, in order to exploit the full potential of nonlinear relations.

2. We perform an experimental evaluation on the problem of facial landmark de-
tection. We compare our approach to the others of the state of the art on the
datasets Multitask Facial Landmark (MTFL) (Zhang et al., 2014), Annotated
Facial Landmarks in the Wild (AFLW)(Koestinger et al., 2011), LFWNet (Sun
et al., 2013), CelebA (Liu et al., 2015b) and WIDER (Yang et al., 2016) using
AlexNet (Krizhevsky et al., 2012) and ResNet (He et al., 2016b) as underlying
networks. Overall, the results show that our collaborative block obtains better

performances over the other state-of-the-art sharing mechanisms.

3. We evaluate the effect of our collaborative block in a context of data scarcity.
Overall, the results show that our approach outperforms single-task learning,
which indicates that our approach can leverage the training signals of related

tasks in order to improve generalization.

4. We further illustrate an instance of knowledge sharing between the task-specific
networks with an ablation study. We observed that the facial landmark network
relied on the high-level feature representations of the face profile network. These
results corroborate with the well-known fact that the position of facial landmarks
is directly dependent on face orientation and constitute an empirical evidence of

information sharing between the task-specific networks.

5. We finally explore the idea of mixing hard parameter sharing with soft parameter

sharing. We obtained performance improvement with a hard parameter sharing
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part that spans the first half of the underlying network and a soft parameter part
the spans the second half of the underlying network.

The content of this chapter is organized as follows. In Section 7.2, we elaborate on our
collaborative block. We start with a reminder of important soft parameter sharing ap-
proaches, then introduce ours and present an instantiation of a soft parameter sharing
network using ResNet as underlying network. In Section 7.3, we present our experimen-
tal evaluation on facial landmark detection. We start with a description of the problem
and of our experimental framework. We then present our results on standard facial
landmark detection datasets, such as MTFL (Zhang et al., 2014), AFLW (Koestinger
et al., 2011), LFWNet (Sun et al., 2013), CelebA (Liu et al., 2015b) and WIDER (Yang
et al., 2016). We used AlexNet and ResNet as underlying networks. We further present
our results on our data scarcity experiment, on our ablative study to illustrate knowl-
edge sharing and on mixing hard parameter sharing with soft parameter sharing. We

finally conclude this chapter in Section 7.4.

7.2 Model

In this section, we present our contribution in soft parameter sharing. We start with
a reminder of previous soft parameter sharing approaches, and refer the reader to Sec-

tion 4.2 for more details. Then, we elaborate on our proposed novel sharing mechanism.

7.2.1 Soft Parameter Sharing

Over the past few years, soft parameter sharing has been growing in popularity over
hard parameter sharing (Ruder, 2017). The idea of the sharing mechanism is to connect
all T task-specific Convolutional Neural Networks (CNNs) together in order to share all
information with every CNN. The sharing mechanism can connect the CNNs together
by defining a component as a block with a lateral transformation. The lateral trans-
formation takes as input all task-specific feature representations (at a certain depth)
and combines them together. It then outputs a new feature representation for each

task-specific CNN that incorporates information from all tasks.

The kind of information sharing that occurs in the sharing mechanism depends on the
implementation of its forward pass. Let z;, where t € {1...T}, be defined as the feature

map for the CNN of task ¢ at a certain depth. Without loss of generality, we drop the
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depth index of feature map x;. The forward pass takes as input all task-specific feature

maps x; and processes them into new feature maps ;.

We have presented in Section 4.2 several sharing mechanisms defined as a block with a
lateral transformation. One approach was cross-stitch (Misra et al., 2016), which defines

its forward pass as follows:

T
Ye = Z Qg kT 5 (7.2.1)
k=1

where x; are the input feature maps for task k, y, are the output feature maps for
task ¢, T' is the total number of task and «;j are the weights of the linear combinations
between task t and task k. In other words, the cross-stitch block implements information
sharing by computing a linear combination of the task-specific feature maps x;. The
weights oy, determine the amount of task-specific information that is shared among

each CNN and are learned during training.

The cross-residual block (Jou and Chang, 2016) is an extension of the cross-stitch block
based on the recent advances in residual learning (He et al., 2016b,a). The cross-residual

block defines its forward pass as follows:

T
ye=Folz) + Y (7.2.2)
t=1

where F; is a transformation known as the residual mapping.

In our experimental evaluation in Section 7.3, we opted for the original residual mapping
F instead of the full pre-activation (He et al., 2016b). The original residual mapping
ends with Batch Normalization (Ioffe and Szegedy, 2015), is then added to the input and
finally forwarded to ReLU (He et al., 2016a). We opted for this mapping because we used
the PyTorch (Paszke et al., 2017) implementation of ResNet that comes with a version
pre-trained on ImageNet (Russakovsky et al., 2015). As a result, we use an additional
ReLU after the summation in Eq. (7.2.2). The forward pass of our implementation of

the cross-residual block is thus defined as follows:

yo = ReLU(Fy(z) + Y ). (7.2.3)

t=1

The cross-residual block can be seen as extending the standard forward pass of the
residual block ReLU (F;(x;) + x¢) with a sharing mechanism based on a sum. It uses

T identity skip connections, one for each task, and connects the feature maps together
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by summing them together and adding them to the output of the residual mapping F.
Thus, the cross residual block incorporates all the advantages of residual learning (ref.
Section 3.4.7).

The sluice block (Ruder et al., 2017) is another extension of the cross-stitch block that
is also based on linear combinations. It takes a step further by defining another set
of linear combinations on layer-specific feature maps. Assuming that x;; is the feature

representation of task ¢t computed at layer [, the forward pass is defined as follows:

L
Yo = Z Braxi s (7.2.4)
=1

where f3;; are the weights of the linear combination. The output value ¥, is then directly
given as input to the last layer, which is usually the softmax for classification. Note that
the sluice block also uses linear combinations between the task-specific feature maps in
the same way as the cross-stitch block of Eq. (7.2.1).

The main drawback of all the previous approaches is that the sharing mechanisms
are defined as linear combinations, which limits the expressiveness of the information
shared between the task-specific networks. In the next section, we present our proposed
collaborative block that addresses this limitation by defining the sharing mechanism

with nonlinear transformations.

7.2.2 Collaborative Block

The forward pass of our collaborative block is defined using two distinct nonlinear trans-
formations. One aggregates task-specific features into global features, and the other
merges back these global features into each task-specific CNN. Using the notation in-

troduced in the previous section, our approach is defined as follows:
z=H([x1,...,27]), yy = ReLU (xy + Fi([xy, 2])) (7.2.5)

where H is the central aggregation, F; are the task-specific aggregations and [z, z]
denotes depth-wise concatenation between feature maps z; and z. The goal of H is
to combine all task-specific feature maps x; into a global feature map z representing
unified knowledge, while the goal of F is to merge back the global feature map z with

each task-specific input x;.

The use of an additive skip connection during the computation of y; with F; allows to

learn the identity mapping by simply pushing the parameters of F; to zero. In this case,
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it makes the output value 1, equal to x;, which removes the contribution of the global
features z. Note that z is computed the same way, regardless of whether F; outputs zero
or not. This provides additional flexibility on how to implement domain information
sharing, because the network can more easily deal with the case where integrating
z back into the task-specific features x; would not be helpful. In other words, when

blending the domain information would be detrimental.

The reason why it is important to give this flexibility comes from the fact that depth
influences the relevance of each task towards another (Misra et al., 2016; Jou and Chang,
2016; Ruder et al., 2017; Lu et al., 2017; Ranjan et al., 2017). Some task-specific CNNs
benefit more when they share their low-level features, while others benefit more when
they share their high-level features (Ranjan et al., 2017). Our collaborative block can
take into account this dependence on depth with the task-specific aggregations F;. The
network can learn identity mappings for all tasks that do not benefit from sharing
low-level features when the collaborative block appears at a low level, and similarly
for high-level features. An example of such specialization will be shown in our ablative
study in Section 7.3.4.

Our definition of the collaborative block does not impose any restriction on the structure
of the central aggregation H and the task-specific aggregation F;. The only requirement
is that they are nonlinear functions of their input. However, as we mentioned in the
previous section, we used the PyTorch (Paszke et al., 2017) implementation of ResNet
in our experimental evaluation in order to take advantage of the available pre-trained
version on ImageNet (Russakovsky et al., 2015). We therefore chose a structure for the
central aggregation H and for the task-specific aggregation JF; that is compatible with

the residual block of the network. For this reason, we opted for the following one:

H(-) = (ReLU o BN o Conv(zxs) o ReLU o BN o Convix)(-), (7.2.6)
F(-) = (BN o Conv(gxs) o ReLU o BN o Convx1))(-) (7.2.7)

where BN stands for Batch Normalization (Ioffe and Szegedy, 2015), Conv(sxw for a
standard convolutional layer with filters of size (h x w), and o is the usual function
composition. The first Convx1) layer in H divides the number of feature maps by a

factor of 4, while the first Conv(i 1) layer in F divides it to match the size of z;.

An illustration of our collaborative block for a soft parameter sharing network with
two tasks is shown in Figure 7.1. The figure is divided into different parts in order to
improve visibility. The input feature maps x; and x5 of each task are shown in part (D).

The central aggregation, shown in part (2), takes as input z; and z, and computes the
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Figure 7.1: Example of our collaborative block applied on the feature maps of two
task-specific networks. The input feature maps (shown in (1)) are first concatenated
depth-wise and transformed into a global feature map ((2)). The global feature map
is then concatenated with each input feature map individually and transformed into
task-specific feature maps (). Each resulting feature map is then added back to the
input feature map using a skip connection ((4)), which gives the final outputs of the

block ((5)).

global feature map z (colored in green). Then, z is concatenated to each feature map
and x, and forwarded to each task-specific aggregations F; and F». The output value
of F; and F, are colored in blue and are shown in part (3). Each output value of F;
and F, is then added to each input feature map z; and x5 in part ). We finally apply
a last ReLU and obtain the final output values y; and y, of the collaborative block.

The output values y; and y, are shown in part (5).
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Observation

Main Task Related Tasks
1. Facial Landmarks 2. Glasses 3. Gender
Yes Male
4. Smile 5. Profile
Yes Right

Figure 7.2: Example of FLD with four related tasks. The related tasks are glasses
recognition, gender recognition, smile recognition and profile detection. The main task
is to predict five facial landmarks.

7.3 Experiments

In this section, we detail our Multitask Learning (MTL) training framework and present
our experiments in Facial Landmark Detection (FLD). We further evaluate the effect of
data scarcity on performance, illustrate an example of knowledge sharing between task-
specific CNNs with an ablation study and investigate mixing hard parameter sharing

with soft parameter sharing.

7.3.1 Multitask Learning Experimental Framework
Problem Definition

The goal of Facial Landmark Detection (FLD) is to predict the (x,y)-position of spe-
cific landmarks associated with key features of the visage. While the number and type
of landmarks are specific to each dataset, examples of standard landmarks to be pre-
dicted are the corners of the mouth, the earlobes, the center of the eyes and the tip
of the nose. Each dataset further defines a number of related tasks in addition to the
facial landmarks. These related tasks also vary from one dataset to another, but are
typically gender recognition, smile recognition, glasses recognition or face orientation.

An example of a FLD problem with related tasks is shown in Figure 7.2.
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Training Framework

We define our training framework in such a way that we treat each task as a classifica-
tion problem. We want them to use the same cross-entropy loss function to avoid loss
imbalance and possible convergence problems between the tasks. For gender recogni-
tion, smile recognition and glasses recognition, this is straightforward because they are
already classification tasks. However, it is different for face orientation and landmark
detection. For face orientation, the goal is to predict the roll, yaw and pitch attributes
of the orientation of the face. This problem is usually treated as a regression problem,
since the goal is to predict real values. In our case, we instead create a classification
problem from the regression problem. Instead of directly predicting the original real
value of each attribute, we divide the range [0,360] degrees into bins and predict the
label of the bin associated with the original real value. For instance, for 30 degrees-wide
bins, the original face orientation problem is defined as a classification problem with 14

classes.

Similarly for FLD, the goal is to predict the (z,y) position of each landmark of the face.
This problem is also usually treated as a regression problem, since the goal is to predict
real values. In our case, we instead predict the row position and column position of the
pixel where the landmark falls in. For instance, for a FLD task that requires to predict
5 landmarks, and for an input image with dimensionality 112 x 112, the original FLD
problem is defined as 10 classification problems with 113 classes each (from 0 to 112).

Note that in all cases, we still use the original real values to report our results on the
test set. For face orientation, we compare the ground truth value with the center value
of the bin. For FLD, we compare the ground truth value with the row-column position
of the pixel. Thus, we incorporate our approximation errors in the final score when

comparing our prediction with the ground truth.

Landmark Failure Rate Metric

We report our results using the landmark failure rate metric (Zhang et al., 2014). The
metric is defined as follows. First, compute the mean distance between the predicted
landmarks and the ground truth landmarks. Then, compute the interocular distance
from the center of the eyes. Finally, normalize the landmark mean distance by the
interocular distance. A normalized mean distance greater than 10% is reported as a
failure, while a normalized mean distance lower than or equal to 10% is reported as a

success.
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Underlying Network Architecture

In our experiments, we use two popular CNNs as underlying network: AlexNet (Krizhevsky
et al., 2012) and ResNet (He et al., 2016a). As we mentioned in the previous sec-
tion, we opted for the PyTorch (Paszke et al., 2017) implementation of both AlexNet
and ResNet in order to take advantage of the available pre-trained version on Im-
ageNet (Russakovsky et al., 2015). Furthermore, we apply a soft parameter sharing
block at different locations in both networks. For AlexNet, we apply it after each max
pooling layer, which gives a total of three soft parameter sharing blocks. For ResNet,
we apply it after each series of residual blocks with a matching spatial dimensionality,

which gives a total of five soft parameter sharing blocks.

7.3.2 Facial Landmark Detection on the MTFL Task

As a first experiment, we performed facial landmark detection on the Multitask Facial
Landmark (MTFL) task (Zhang et al., 2014). The dataset contains 12,995 face images
annotated with five facial landmarks and four related attributes of gender, smiling,
wearing glasses and face profile. The face profile task is defined as predicting the yaw
attribute of the orientation of the face, which is divided into five bins (five profiles in
total). The training set has 10,000 images, while the test set has 2,995 images. We
performed a total of four sets of experiments with a different underlying network: 1.
AlexNet initialized randomly, 2. AlexNet pre-trained on ImageNet, 3. ResNet with 18
layers (ResNet18) initialized randomly, and 4. ResNet18 pre-trained on ImageNet.

We show an illustration of ResNetl8 as underlying network for the MTFL task in
Figure 7.3. The top part shows an overview of the network divided into a series of blocks
interleaved with our collaborative blocks. The five rows correspond to the underlying
network instantiated five times, one for each task. Each collaborative block receives as
input the output of each task-specific block, processes them as detailed in Eq. (7.2.5),
and sends the result back to each task-specific network. Note that adding any soft
parameter sharing block to any underlying network can be done by following the same
pattern of interleaving the network block structure with the soft parameter sharing
block. Finally, the architecture of ResNet18, as well as the composition of its residual
blocks, are shown at the bottom left, while the structure of each task-specific fully

connected section is shown at the bottom right.

We first show examples of predictions with ResNet18 pre-trained on ImageNet as under-

lying network in Figure 7.4. The top part of the figure corresponds to the MTFL (Zhang
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ResNet18 as Underlying Network for the MTFL Task
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Figure 7.3: ResNet18 as underlying network for the MTFL task. The top part shows the
block structure of ResNetl8 interleaved with our proposed collaborative block, while
the bottom part details each residual and task-specific FC block.

et al., 2014) task, while the bottom part corresponds to the AFLW (Koestinger et al.,
2011) task (we will introduce the AFLW task in Section 7.3.3). For MTFL, the first
two examples were reported as successes, while the last two examples as failures. The
ground truth elements are colored in green and the network predictions are colored in
blue. We also include the labels of the related tasks: gender, smiling, wearing glasses
and face profile. As we can see, over-exposure can have a large impact on the quality

of the predictions.

We then compared our approach to several other approaches of the state of the art. We
included single-task learning (AN-S when using AlexNet as underlying network, RN-
S when using ResNet18), hard parameter sharing MTL (AN and RN), widened hard
parameter sharing MTL where the central section is widened to match the number of
parameters of our approach (ANx and RNx), HyperFace (HF) (Ranjan et al., 2017),
Tasks-Constrained Deep Convolutional Network (TCDCN) (Zhang et al., 2014), Cross-
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Figure 7.4: Example predictions with ResNet18 pre-trained on ImageNet as underlying
network on the MTFL and AFLW tasks (better seen in color). For MTFL, the first
two examples are successes, while last two are failure cases. For AFLW, the first three
examples are successes, while the last one is a failure case. Elements in green correspond
to ground truth, while those in blue correspond to predictions. Facial landmarks are
shown as small dots, and related tasks labels are displayed on the side. As we can see,
over-exposition and tilted face profile can have a large impact on the prediction quality.
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Stitch (XS) (Misra et al., 2016), widened XS to match the number of parameters of our
approach (XSx) and finally Cross-Residual (XR) (Jou and Chang, 2016). For TCDCN,
we directly report the results of Zhang et al. (2014). For the others, we trained each
one three times for 300 epochs. We report the landmark failure rate and the normalized
landmark mean error averaged over the last five epochs, further averaged over the three

tries.

Figure 7.5 and Figure 7.6 presents our FLD results on the MTFL dataset. The first
figure corresponds to using AlexNet as underlying network, while the second figure
corresponds to ResNet18. In each figure, the top part reports the landmark failure rate,
while the bottom part reports the mean error. In each plot, the left bar (blue) is for

un-pretrained network, while the right bar (green) is for ImageNet pre-trained network.

The results of Figure 7.5 and Figure 7.6 show that our proposed approach obtained
the lowest failure rates in each case. With AlexNet, our approach obtained 19.67%
when initialized at random and 19.96% when pre-trained on ImageNet. As a side note,
Zhang et al. (2014) reported 25.00% failure rate with their TCDCN approach, which
used a small CNN similar to AlexNet. With ResNet18, our approach obtained 14.95%
when initialized at random and 13.52% when pre-trained on ImageNet. The results also
show that our approach outperforms hard parameter sharing (with a matching number
of parameters), which adds to the existing experimental evidence that soft parameter

sharing is gaining over hard parameter sharing.

7.3.3 Effect of Data Scarcity on the AFLW Task

As a second experiment, we evaluated the impact of data scarcity on the Annotated
Facial Landmarks in the Wild (AFLW) task (Koestinger et al., 2011). The dataset
contains 21,123 Flickr images and defines 21 facial landmarks with gender recognition,
glasses recognition and face orientation as related tasks. To perform our experiment,
we first preprocessed each image and extracted all faces with visible landmarks using
the provided bounding boxes. This step is required because the original images of the
dataset can have more than one face. The result of the preprocessing gave a total of
2,111 face images. For face orientation, we divided the roll, yaw and pitch into 30 degrees
wide bins, and predicted the label corresponding to each real value. This corresponds

to 3 classification problems with 12 classes each.

Our experiment works as follows. We trained the soft parameter sharing network with

ResNet18 pre-trained on ImageNet as underlying network on a varying number of im-
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Figure 7.5: Landmark failure rates (%) and mean error on the MTFL task using AlexNet
as the underlying network. The reported values are the average over the last five epochs,
further averaged over three tries. AN-S stand for single-task training, AN for multitask
training with a single central network, ANx for multitask training with a single central
network widen to match the number of parameters of our approach, HF for HyperFace,
XS and XSx for Cross-Stitch and widened Cross-Stitch, and XR for Cross-Residual. In
each plot, the left column (blue) is for random initialization of the underlying network,
while the right column (green) is for underlying networks pre-trained on ImageNet. Our
proposed approach obtains the lowest failure rates overall.
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Figure 7.6: Landmark failure rates (%) and mean error on the MTFL task using
ResNet18 as the underlying network. The reported values are the average over the
last five epochs, further averaged over three tries. RN-S stand for single-task training,
RN for multitask training with a single central network, RNx for multitask training with
a single central network widen to match the number of parameters of our approach,
HF for HyperFace, XS and XSx for Cross-Stitch and widened Cross-Stitch, and XR
for Cross-Residual. In each plot, the left column (blue) is for random initialization of
the underlying network, while the right column (green) is for underlying networks pre-
trained on ImageNet. Our proposed approach obtains the lowest failure rates overall.
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Table 7.1: Landmark failure rate results on the AFLW dataset using a pre-trained
ResNet18 as underlying network. The presented values are averaged over the last five
epochs, further averaged over three tries. The first column is the train / test ratio, and
the subsequent ones are the networks: single-task ResNet18 (RN-S), multitask ResNet18
(RN) and Cross-Stitch network (XS). Our approach obtains the best performance in
all cases, except the first one where we observe over-fitting.

Train / Test Ratio Landmark Failure Rate (%)

RN-S RN XS Ours
0.1 /0.9 57.39 58.00 73.06 60.64
0.3 /0.7 31.84 32.00 36.24 29.73
0.5/0.5 23.41 23.31 26.02 20.77
0.7/0.3 21.47 21.92 22.37 18.50
0.9 /0.1 13.03 12.80 13.51 10.82

ages. We trained on the first 7% of the available images and tested on the other (1—1r)%,
then repeated for different train / test ratios. We used a total of five train / test ratios,
which corresponds to 0.1 / 0.9,0.3 / 0.7, 0.5 / 0.5,0.7 / 0.3 and 0.9 / 0.1. We compared
our collaborative block with single-task ResNet18 (RN-S), multitask ResNet18 (RN)
and Cross-Stitch network (XS) using the same training framework as in Section 7.3.2.
We trained each approach three times for 300 epochs, and report the landmark failure
rate averaged over the last five epochs, further averaged over the three tries. Example

predictions on the AFLW task are shown in Figure 7.4.

The results of this experiment are presented in Table 7.1. The reported values show that
our approach obtained the best performance in all cases expect the first one. Indeed, we
observe improvement between 1.98% and 6.51% with train / test ratios from 0.3 / 0.7
to 0.9 / 0.1, while we obtain a negative relative change of 3.25% with train / test ratio
of 0.1 / 0.9. However, since all MTL approaches obtained higher failure rates than the
STL approach with train / test ratio of 0.1 / 0.9, this suggests that the networks are
over-fitting the small training set. Nonetheless, these results show that our approach

can obtain better performance in the context of data scarcity.

One particularity that we can observe in Table 7.1 is that XS has relatively high failure
rates. In the previous experiment of Sec 7.3.2, XS had either similar or better perfor-
mance than the other approaches (except ours) on the MTFL task. We were concerned
that our MTL experimental framework for AFLW was unfavorable towards XS. There-
fore, we investigated whether this was the case by performing the following experiment.

We trained a soft parameter sharing network using ResNet18 pre-trained on ImageNet
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Figure 7.7: Landmark failure rate improvement (in %) of our approach compared to XS
when sampling random task weights. We used a pre-trained ResNetl8 as underlying
network. The histogram on the top and the plot in the middle represent performance
improvement achieved by our collaborative block over XS (positive value means lower
failure rates), while the plot at the bottom corresponds to the log of the sampled task
weights. Our approach outperformed XS in 86 out of the 100 tries. These results show
that our learning framework was not unfavorable towards XS, which shows that our
approach is less sensitive to task weights A;.
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as underlying network using random task weights. The weights were randomly sampled
from a log-uniform distribution as follows. We first sampled 7; from a uniform distri-
bution v; ~ U(log(le—4),log(1)), then used \; = exp(y;) as the task weight for task t.
As a reminder, task weights are hyperparameters that control the importance of min-
imizing each task-specific objective. We compared our collaborative block to XS over
100 tries using a train / test ratio of 0.5 / 0.5. We used the same training framework

as previously.

The results of this experiment as presented in Figure 7.7. The plot in the middle of
the figure represents landmark failure rate improvements (in %) of our collaborative
block over XS, while the plot at the bottom corresponds to the log of the sampled task
weights for each try. In 86 out of the 100 tries, our approach had a positive failure rate
improvement over XS. Moreover, we can see in the histogram at the top of Figure 7.7
that the improvement rates are normally distributed. The distribution has a mean
improvement of 2.80%, a median improvement of 3.66% and a maximum improvement
of 9.83%. Our approach outperformed XS in the majority of the cases even though
we sampled the task weights of the related tasks at random. As a result, our training

framework was not unfavorable toward XS.

7.3.4 Illustration of Knowledge Sharing With an Ablation
Study

As a third experiment, we verified that our collaborative block effectively enabled
knowledge sharing between the task-specific CNNs. To do so, we performed the fol-
lowing ablation study on the MTFL task. First, we trained a soft parameter sharing
network with ResNet18 initialized at random, following the same training framework
as described previously in Section 7.3.1. Then, we evaluated the impact of removing
the contribution of each task-specific feature maps x; during the computation of the
global features z. That is, we zeroed out each feature map x; before concatenation at
the input of the central aggregation H and evaluated the impact on landmark failure
rate. The ablation was performed at test time and the failure rates are reported on the

test set after training is done.

The results of this experiment are presented in Figure 7.8. The blocks correspond to
all collaborative blocks of the soft parameter sharing network and follows the same
pattern as Figure 7.3. The blocks are ordered from left (input) to right (output), while

the task-specific networks are ordered from top (main task) to bottom (related tasks).
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Figure 7.8: Results of our ablation study on the MTFL dataset with an un-pretrained
ResNet18 as underlying network. We remove each task-specific features from each re-
spective central aggregation layer and evaluate the effect on landmark failure rate. The
rows represent the task-specific CNNs, while the columns correspond to the network
block structure. Blocks with a high saturated color were found to have a large impact on
failure rate. In particular, this ablative study shows that the influence of high-level face
profile features is large within our proposed architecture. This corroborates with the
well-known fact that the location of facial landmarks is closely dependent on the orien-
tation of the face. This constitutes an empirical evidence of domain-specific information
sharing via our approach.

The color saturation indicates the influence of removing the corresponding task-specific
feature map at the corresponding depth from the central aggregation H in Eq. (7.2.5).
A high saturation reflects high influence on failure rate, while a low saturation reflects

low influence.

The first observation that we can make from the results of Figure 7.8 is that removing
features from the facial landmark detection network significantly increases landmark
failure rate. For instance, we observe a negative (worse) relative change of 29.72% and
47.00% in failure rate by removing features from Block 3 and Block 2 respectively.
This result was expected, since we expected the FLD features to be influential for
predicting facial landmarks. However, these results also illustrate that the FLD network
contributed and fed from the global features computed by the central aggregation H.
The FLD network had the possibility to isolate itself from the other CNNs (by learning
identity skip-connections in all collaborative blocks) but the opposite occurred. The

task-specific features from the FLD network influenced the global features z, which in
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turn influenced its own task-specific features. These results constitute a first indication
of knowledge sharing between the network of the main task and the networks of the

related tasks.

The second observation that we can make from the results of Figure 7.8 is that Block 5
of task Profile has the highest influence on failure rate. We observe a negative relative
change as high as 83.87% by removing its corresponding feature maps from the central
aggregation. What is particularly interesting with this result is that the increase in
error rate occurred at block 5, which is the highest block of the network. As we saw in
Section 3.1, the features computed at the top of the hierarchy in a deep network have
a high level of abstraction. In our case, these features are associated with the network
for task Profile and we expect them to represent high-level factors of variation of face
orientation. In particular, we expect them to look like a rotation matrix, since the goal
is to predict the orientation of the face. Therefore, the network for landmark prediction
can either learn features representing the orientation of the face in order to predict the
correct orientation of the facial landmarks, or it can leverage the features computed
by the face profile network that already represent face orientation. The results that
we observe in Figure 7.8 show that it is the latter. These results constitute a second
indication of knowledge sharing between the network of the main task and the networks
of the related tasks.

7.3.5 Mixing Soft and Hard Parameter Sharing

As a fourth experiment, we investigated the potential research avenue of mixing hard
parameter sharing with soft parameter sharing !. As illustrated in Fig. 7.9, the idea
is to divide parameter sharing into two sections. The first section implements hard
parameter sharing with a shared central network. This section starts at the input and
ends at a certain layer, which is a hyper-parameter chosen by hand. The second section
implements soft parameter sharing with one network per task equipped with a sharing

mechanism. The section starts after the first section and ends at the output.

The idea of mixing hard parameter sharing with soft parameter sharing can be advanta-
geous in the case where all tasks use the same observations. We have seen in Section 3.1
that deep networks are hierarchical models that compute features with an increasing
level of abstraction. The features at the bottom layers represent low-level concepts,

while the features at the top layers represent high-level concepts. Low-level features are

'We would like to thank Pr. Christian Gagné for suggesting this experiment during the thesis
proposal.
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Figure 7.9: Illustration of mixing soft parameter sharing with hard parameter sharing
on the MTFL task. Each row represent our soft parameter sharing network with a
different hard parameter sharing length. The hard parameter sharing length is defined
as the number of collaborative blocks removed from the network. The network at top
has one collaborative block removed and has therefore a length of one. The second
network has a length of two, the third network has a length of three and the fourth
network has a length of four.

by definition simple features, appear in small numbers and are generic enough to be
useful for many tasks. On the other hand, high-level features are by definition complex
features, appear in large numbers and tend to be more detailed to specific tasks. It is
therefore likely that the low-level features of each task will look very much alike, since
they use the same observation. We may be able to take advantage of this to lower the
complexity of the overall network, by replacing the soft parameter sharing section at

the beginning with a simpler hard parameter sharing section.
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Figure 7.10: Landmark failure rates (%) of our soft parameter sharing network with
a varying hard parameter sharing length on the MTFL task (Hard 0 represents the
original soft parameter sharing network). The reported values are the average over the
last five epochs, further averaged over three tries. In each instance, the left column
(blue) corresponds to random initialization of the underlying network, while the right
column (green) is for pre-training on ImageNet. The results show that we can obtain
performance improvement by using a hard parameter sharing length of two (Hard 2).

To investigate this idea, we performed a series of experiment on the MTFL task. We
trained a soft parameter sharing network with ResNet18 as underlying network by
including a hard parameter sharing section at the beginning. We varied the length of
the hard parameter sharing section by removing collaborative blocks and by using a

single central series of residual blocks.

An illustration of how we mix hard parameter sharing with soft parameter sharing
is shown in Figure 7.9. The figure presents four instantiations of our soft parameter
sharing network with four different hard parameter sharing length. We define the hard
parameter sharing length as the number of collaborative blocks removed from the net-
work. The network at the top of the figure has one collaborative block removed and
therefore has a hard parameter sharing length of one. The second network has a hard
parameter sharing length of two, the third one has a length of three and the fourth one
has a length of four. We trained each network using the same experimental framework

as described in Section 7.3.1 and report the landmark failure rate.

The results of this experiment are shown in Figure 7.10. This figure presents landmark
failure rates of our soft parameter sharing network with a varying hard parameter
sharing length. Hard 0 represents the original soft parameter sharing network of Fig-

ure 7.3, while Hard 1 to Hard 4 represent the four soft parameter sharing networks

184



with a hard parameter sharing section of Figure 7.9. In each plot, the left bar (blue)
is for un-pretrained network, while the right bar (green) is for ImageNet pre-trained

network.

The results of Figure 7.10 show that we can obtain performance improvement with
a hard parameter sharing length of two. Indeed, the original soft parameter sharing
network (Hard-0) with ResNet18 initialized at random had a landmark failure rate of
14.95%, while the one with a hard parameter sharing length of two (Hard 2) obtained
14.40%. Similary with ResNet18 pre-trained on ImageNet, Hard-0 had 13.52%, while
Hard 2 obtained 13.07%.

Moreover, we also observe that performance starts to degrade starting at Hard 2. The
error rate increases as the network resemble more and more standard hard parameter
sharing. With ResNet18 initialized at random, the error rate increases up to 19.54%,
while with ResNet18 pre-trained on ImageNet, the error rate increases up to 16.50%. As
a reference, standard hard parameter sharing obtained 20.05% and 17.15% respectively
(ref. Figure 7.6). Note that we still observe performance improvement with Hard-/ in
comparison to standard hard parameter sharing, since Hard-4 is not exactly identical
to it. The last collaborative block before the fully connected layers gives a form of

flexibility on information sharing that hard parameter sharing does not provide.

These results therefore indicate that mixing soft parameter sharing with hard parame-
ter sharing can bring performance improvement. This opens up the possibility to revisit
existing soft parameter sharing approaches, since this has not been considered previ-

ously.

7.3.6 Large-Scale Facial Landmark Detection With MTCNN

As a final experiment, we performed a large-scale evaluation using the recent Multi-
task Cascaded Convolutional Network (MTCNN) (Zhang et al., 2016). The authors
of MTCNN proposed a cascade structure of three stages to perform predictions in a
coarse-to-fine manner. The first stage generates (in a fully-convolutional way) many
hypotheses about the position of the face and the facial landmarks, and the subsequent
second and third stages refines them. Each stage is defined as a hard parameter sharing
CNN that performs face classification, face bounding box prediction and facial land-
mark prediction. The CNNs are trained one after the other with hard-negative mining,
where the network at the current stage uses the predictions from the previous stage for

training.
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Figure 7.11: MTCNN predictions on the photo of the 2017 Oscar nominees (image
resolution of 2983 x 1197). The stage-CNNs are trained using our proposed collabora-
tive block. The coarse-to-fine detection scheme employed by MTCNN allows predicting
many faces in high-dimensional images with low computational burden.

We implemented MTCNN using the available code project (Kim, 2018). We compared
the original version with hard parameter sharing (MTCNN-H) with our soft parameter
sharing version with collaborative blocks (MTCNN-S). We followed the provided hard-
negative mining recipe to generate the observations. For landmark detection, we used
the LFWNet (Sun et al., 2013) and CelebA (Liu et al., 2015b) datasets, and generated
600k face images with facial landmarks. For face detection, we used the WIDER (Yang
et al., 2016) dataset, and generated 1.5M face images with a bounding box. We made
sure to widen each stage network of MTCNN-H to match the number of parameters of

MTCNN-S, in order to have a fair comparison.

An example of the prediction capability of our MTCNN-S is shown in Figure 7.11. The
image corresponds to the official photo of the 2017 Oscar nominees. It has a resolution of
2983 x 1197 pixels, which is considered high-dimensional nowadays. The predictions of
the network are shown as yellow bounding boxes with five colored circles. The bounding
boxes represent predicted locations of faces, while the circles represent predicted facial
landmarks. A zoomed-in crop of the image is shown at the bottom for more details. The
coarse-to-fine detection style of MTCNN allowed us to compute all these predictions
in less than ten seconds. Note that some bounding box predictions are not consistent
with their corresponding facial landmark predictions. This is because MTCNN does not
condition its facial landmark predictions on its bounding box prediction. It predicts the
two separately. Nonetheless, we only use the predicted facial landmarks to compute the

landmark failure rates.
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We evaluated both MTCNN-H and MTCNN-S on the MTFL (Zhang et al., 2014) task.
The results indicate that our MTCNN-S obtained better performance than the original
MTCNN-H. On the test set of the MTFL dataset, MTCNN-H obtained a landmark
failure rate of 37.85%, a mean error of 0.0996 and failed to detect a face 112 times,
while our MTCNN-S obtained better performances with a landmark failure rate of
28.97%, a mean error of 0.0930 and failed to detect a face 79 times respectively. Note
that the performance of both MTCNN-H and MTCNN-S is significantly lower than
the performance of ResNetl8, as reported in Fig. 7.6. This is because Zhang et al.
(2016) carefully designed their MTCNN architecture to balance computational speed

and landmark prediction.

7.4 Conclusion

In this chapter, we presented a novel soft parameter sharing mechanism. Our approach
implements knowledge sharing as a trainable component of the network based on the
recent advances in residual learning. Our collaborative block uses two distinct nonlinear
transformations to connect the task-specific networks. The first one aggregates task-
specific features into global features and employs an identity skip connection with a
concatenation. The second one merges back the global features into each task-specific

network and employs an identity skip connection with an addition.

We performed several MTL experiments to evaluate our approach. We opted for Facial
Landmark Detection (FLD), since many datasets designed for FLD also contain a va-
riety of related labels that can be used to define related tasks. We studied FLD with
five landmarks and four related tasks on the MTFL dataset, and FLD with twenty-one
landmarks and three related tasks on the AFLW dataset. The overall results show that
our collaborative block obtains the best performance over the others of the state of the

art.

We also performed four sets of experiments to improve our understanding of our sharing
mechanism. We first experimented with data scarcity. Our collaborative block obtained
better performance in all data scarcity settings, except the first one where we observed
overfitting for the majority the approaches. Second, we performed an ablation study
to illustrate knowledge sharing between the task-specific networks. We observed depth-
specific influence of tasks that we know are related, which constitutes an empirical
evidence that our approach enables leveraging domain-specific information from re-

lated tasks. Third, we explored the possibility of mixing hard parameter sharing with
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soft parameter sharing. We obtained performance improvement when we used a hard
parameter sharing section for the first half and a soft parameter sharing section for the
second half. This opens up the opportunity to revisit existing approaches, since this
has not been considered previously. Finally, we performed a large-scale experimental
evaluation with the MTCNN approach. Our collaborative block obtained the better

accuracy than the original hard parameter sharing.

In conclusion, our work in this chapter has shown that soft parameter sharing can be a
suitable alternative to hard parameter sharing. It corroborates with the previous obser-
vations that the sharing mechanism in soft parameter sharing provides more flexibility
on how to implement information sharing than the central network in hard parameter
sharing. It supports efforts in designing better sharing mechanism incorporating novel

advances in deep learning.

188



Conclusion

This thesis considers representation learning, which is the task of learning a feature
representation from the data to make the learning problem easier. We demonstrated a
number of ways to improve existing approaches to learn better feature representations
to further facilitate the learning problem. In this chapter, we conclude with a summary

of our principal contributions and with a discussion of research avenues for future work.

Summary of the Contributions

Our contributions can be summarized as ways to improve existing representation learn-
ing approaches. They can be broken down into three parts, where each part corresponds
to a chapter. In Chapter 5, we explored representation learning on the problem of grasp
localization. We performed an experimental evaluation of sparse dictionary learning on
grasp localization and proposed a residual network for grasp detection. In Chapter 6, we
detailed our contribution in deep learning with a novel parametric activation function.
We perform experiments on object recognition with state-of-the-art deep convolutional
networks. Finally, we presented in Chapter 7 a novel soft parameter sharing mechanism
for multitask learning. We perform experiments on facial landmark detection with re-
lated tasks. We now elaborate on each contribution and provide research avenues for

future work.

Representation Learning Exploration on the Problem of Grasp

Localization
Concluding Remarks

In Chapter 5, we explored representation learning on the problem of grasp localization.
The difficulty of localizing good grasping points is one of the major causes that limits

the range of application of grasping systems. It is a challenging problem that involves
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interpreting light and depth information from a complex high-dimensional RGBD im-

age.

We made two contributions in Chapter 5. As first contribution, we presented an em-
pirical evaluation of Sparse Dictionary Learning (SDL) on RGBD images. SDL has a
long-standing history of approaches for RGB images, but few have been evaluated on
RGBD data. We elaborated a comparative framework based on grasp recognition and
grasp detection, and compared the accuracy and speed for a total of thirty-six combina-
tions of features coding and dictionary learning approaches. In the second contribution,
we proposed a Convolutional Neural Network (CNN) for grasp detection. We extended
the one-shot architecture of Redmon and Angelova (2015) to include residual learning
and addressed the spatial information loss in the error signal on the confidence map

caused by global average pooling.

The results of our comparative study showed that shallow approaches like SDL can
obtain good performances. This was possible due to the characteristics of the dataset
and due to the use of the exhaustive, but tedious, sliding window search. Indeed, we
showed that the Cornell grasping dataset (Jiang et al., 2011) had low variability and was
relatively small in comparison to nowadays grasping datasets (Depierre et al., 2018).
Also, the use of sliding window was exhaustive, but made the search slow. As a result,
SLD approaches obtained similar detection accuracies than our CNN, but were much

slower in comparison to the one-shot detection style of our CNN.

Future Work

Our work in Chapter 5 has shown that it is conceivable to use another machine learning
framework than deep learning when the task is appropriate. The advent of deep learning
has shifted the focus of several machine learning communities and most now consider
only deep neural networks when tackling new problems. Our work in Chapter 5 is
a reminder that, even though deep neural networks will always outperform shallow
approaches on complex and large-scale tasks, shallow approaches can still have a role

to play on simple and small-scale tasks.

In that sense, our work in Chapter 5 opens up the question of how to determine the
difficulty of a task in order to motivate the choice of a shallow or a deep approach. For
instance, deep approaches often struggle with overfitting on small-scale tasks, while
shallow approaches do not. On the contrary, shallow approaches often struggle with

high-dimensional inputs, while deep approaches are flexible enough to accommodate to
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the complexity. How can we then justify the choice of a shallow or a deep approach?
And more generally, how can we measure the complexity of a task in relation to a
shallow and a deep approach? Addressing these questions could help to provide a more

informed view on how to make this choice.

Another research avenue is to consider convolutional SDL (Garcia-Cardona and Wohlberg,
2017). The idea is to create a convolutional dictionary similar to a convolutional net-
work, but where the dot product is replaced by feature coding. The concern would be to
design a feature coding approach that would incorporate sparsity efficiently, such that
it can be used on a large input image. This is an interesting avenue for future works,

since it would bridge the gap between SDL and deep learning.

Deep Learning Development: Activation Function
Concluding Remarks

In Chapter 6, we contributed with a novel parametric activation function. The partic-
ularity of parametric activation functions is that they define parameters that control
different aspects of their shape. We proposed a parameterization of the Exponential
Linear Unit (ELU) (Clevert et al., 2016), which has been previously proposed to deal
with the problem of bias shift. Our Parametric ELU (PELU) adds two parameters that
control the slope of the linear part for positive arguments, as well as the saturation

value and the decay towards the saturation for negative arguments.

We showed that our PELU improves performance with an experimental evaluation of
several state-of-the-art CNNs on object recognition. We evaluated a total of six networks
on the MNIST, CIFAR-10, CIFAR-~100 and ImageNet datasets where we showed that
our activation function obtained better performances. Moreover, we performed a series
of experiments to better understand our parameterization. We evaluated the effect of
Batch Normalization (BN), the effect of learning the inverse of each parameter and the

progression of the parameters throughout training.

Future Work

Clevert et al. (2016) evaluated the effect of batch normalization (BN) before the ELU
and showed that it was detrimental for performance. We also evaluated the effect of BN
on our proposed parameterization of the ELU and showed that it was also detrimen-
tal, although the performance degradation was smaller. Moreover, we observed that a
network using ELU or PELU can still benefit from BN when it is placed at a different
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location than before the activation. This contrasts with activation functions like ReLU

or PReLLU that always benefit from BN, no matter where it is placed.

We pointed out that there is a difference between ReLU and ELU that could explain
why BN is beneficial before one, but detrimental before the other. The difference is
that ReLU is positive scale invariant, while ELU and PELU are not. In other words, a
positive scaling of the unit before ReLLU is equivalent to a positive scaling of the unit
after ReLLU. This is not the case for the ELU and PELU because of the exponential

decay towards the saturation.

Positive scale invariance may be important because BN is effectively a scaling trans-
formation. It subtracts the mean activation from the input unit and divide it by the
activation variance, followed by a trainable scaling and bias transformation. There may
be a link between positive scale invariance for the activation and the ability to reduce
internal covariate shift for BN. Positive scale invariance may be needed to benefit from
this reduction during training when BN scales the unit positively. One way to investigate
the effect of positive scale invariance is to perform an in-depth study of positive scale
invariant activation functions and positive scale variant activation functions. A study
of this kind would bring more understanding of the relation between the activation
function and BN.

Deep Learning Development: Multi-Task Learning
Concluding Remarks

In Chapter 7, we contributed with a novel soft parameter sharing mechanism for Mul-
titask Learning (MTL). Approaches in the soft parameter sharing family implement
MTL by defining one network for each task and by connecting them with a sharing
mechanism. The sharing mechanism allows domain information from all tasks to be
shared to every network, such that what is learned for one task can be available to the

others.

Previous soft parameter sharing approaches are limited in the type of task relations that
they can learn. They define their sharing mechanism as trainable linear combinations,
which implies that they can only learn linear task relations. We proposed a sharing
mechanism that addresses this limitation by using nonlinear transformations, which we
refer to as our Collaborative Block. We design the nonlinear transformations based on

skip connections in order to benefit from all the advantages of residual learning. In
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particular, residual learning makes learning the identity function easier, which in our

case allows to more easily integrate the notion that task relevance depends on depth.

We performed an experimental evaluation on the problem of Facial Landmark Detection
(FLD) in a MTL setting. We compared our collaborative block to the others of the
state of the art on the MTFL, AFLW, CelebA and WIDER dataset. The results show
that our approach obtains the best performance overall. We also performed a series of
experiments to better understand the effect of our sharing mechanism. We investigated
the effect of data scarcity, the potential of mixing soft and hard parameter sharing and
performed a large-scale experiment using the MTCNN architecture. Finally, we showed

an illustration of knowledge sharing with an ablation study.

Future Work

The sharing mechanism can be designed in any way, as long as it enables the domain
information of each task to be shared with all tasks. We are not limited to connect the
task-specific networks using standard transformations, like performing a linear transfor-
mation followed by BN and ReLLU. However, the main difficulty in designing a sharing
mechanism is to ensure that only relevant information is shared and that task-specific
information is shared only to relevant networks. This points to a possible research direc-
tion of designing a sharing mechanism that directly focuses on these considerations. One
recent deep learning advance that may play this role is the attention mechanism (Bah-
danau et al., 2014), and in particular the visual attention mechanism (Xu et al., 2015;
Hara et al., 2017).

The attention mechanism was originally proposed in the context of neural machine
translation to circumvent the need for the network to memorize long sentences (Bah-
danau et al., 2014). The goal of this attention mechanism is to create a set of scores that
rank each element in relation to all other elements. The scores are positive and sum
to one, which means that increasing the score of a specific element lowers the scores
of all the others. Only a few elements can have a large score and be influential during
the forward pass, which forces the network to select only the most important ones,
hence the name attention mechanism. The elements can be anything, such as words in
a sentence (Bahdanau et al., 2014), feature maps or pixels (Xu et al., 2015; Hara et al.,
2017).

It is therefore natural to consider the attention mechanism as a sharing mechanism. The

elements of the attention mechanism could be defined as the task-specific feature maps,
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such that the attention mechanism would model task relations. It will learn to place
attention on specific parts of the feature maps when computing the output features for
the main task, and will learn to place attention on other parts when computing the
output features for the related tasks. This way, the sharing mechanism could directly
model task relation with attention instead of a series of nonlinear transformations.
This could prove promising to improve domain-specific information sharing between
the tasks. It would also have the beneficial side effect of easing the interpretability of
the predictions made by the network. Investigating this research avenue could lead to

a better sharing mechanism.
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