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INTRODUCTION

Face recognition is a specific case of object recognition. It has received special atten-
tion in the recent years due to a great variety of applications such as robot-human
interaction, control by gesture, surveillance, security, and people tracking. The idea of
face recognition is to give a computer system the ability of finding and recognizing
human faces fast and precisely in images or videos. Face recognition aspires to work
similar to human perception. Humans identify a big number of known faces, even
after years of separation, or under extreme occlusion conditions, e.g. just by looking
at a small part of a face [TP91]. It is a complex task since faces can have different
colors, poses, expressions, and sizes or they can be affected by illumination variations
or occlusion conditions [AR15]. Today, there are different methods of face recog-
nition: feature-based approaches (low-level analysis, feature analysis, active shape
models) that make explicit use of facial-features such as skin color, facial landmarks or
face geometry [HLO1], and image-based approaches (linear subspace models, neural
networks, statistical approaches) [YKAO02].

The recent increase in the volume of data and computational resources has led to
the need for fast and scalable recognition techniques. These techniques should be
robust to non-rigid deformations, clutter, occlusion and illumination variations, but, at
the same time, they must be sensitive to variations among faces from different persons.
For these reasons, neural networks have become a surge of interest [TYRW14]. Initially,
shallow regular neural networks could be used for small image sizes, but they would
not scale to deeper networks since a huge amount of parameters would be necessary to
be learnt, which can easily cause overfitting [FFL16]. As a result, Convolutional neural
networks (CNNSs) were proposed. In a CNN, neurons in a layer are connected to small
regions of previous layers, which is different to regular neural networks, where all
neurons are connected in a full manner. Besides, CNNs make correct assumptions
about the nature of the images, for example locality of pixel dependencies [AK12]. In
general, CNNs have fewer connections and parameters, they are easier to train, and
they present similar or better performance than the regular neural networks [AK12].
As an extension of the CNNs, deep CNNs were introduced by [AK12] because a big
number of high-resolution images and powerful GPUs are now available. The authors
increased the number of convolutional layers, and they use large receptive fields in
the first convolutional layer. As a result, overfitting, which is inherent to the large size



introduction

of the model, is avoided and effective results are achieved. In addition, the authors in
[SZ15] continued adding convolutional layers, but they keep the size of the receptive
fields very small (3x3 convolutions) with a stride of 1, throughout the whole network,
which decreases the amount of parameters.

CNNs classify their input into classes; concretely for this thesis, they classify a set
face-images into their identities, or map their input into a compact representation for
verification purposes, where two face-images are compared for answering whether
they show the same identity. Deep CNN architectures are used for solving the
aforementioned tasks, following certain guidelines for training and testing, using
techniques for avoiding overfitting, that were designed for general object recognition.
However, some of the guidelines are not suitable for, specifically, face recognition and
verification purposes. Besides, extreme-occlusion conditions in previous works have
not been completely studied. Benchmark datasets for face recognition and verification
are built on images extracted from Internet, and they might have images presenting
partial occlusion due to glasses, hairstyle changes and make-up. Nevertheless, humans
can obtain enough information for recognition purposes from small portions of faces.

The objective of this thesis is to analyze the performance of deep CNN architectures
for face-verification using face-images under different occlusion conditions, utilizing
different similarity measurements, changing the CNN'’s architecture or CNN'’s feature
maps, and validating testing procedures, commonly, used in object recognition and
verification.

1.1 structure

The thesis covers in the chapter 2 the fundamentals of neural networks, giving a
small introduction of the biological neuron, its mathematical model, the topology of
connections among neurons (the network), explaining the algorithm of how neural
networks obtain information automatically from data, and, finally, their application
in vision. In the chapter 3, this thesis presents the state of the art in face and object
recognition, describing the basis algorithm that this thesis studies. A discussion of
an specific deep convolutional neural network architecture for face recognition and
verification is described, and the method followed by this thesis is presented in the
chapter 4. Chapter 5 shows the experiments and an analysis of their results. In the
end, the final conclusion is given in chapter 6.



FUNDAMENTALS

2.1 artificial neural networks

Arti cial Neural Networks (ANN) aspire to model the information processing ca-
pabilities of nervous systems of animals, biological neural networks (BNN) [ Ro0j96]
[Kon085], since BNNs have the elementary components of a computing model: storage,
transmission, and processing. In general, neurons collect signals from the environment,
and they transform and process these signals to produce and transmit an adequate
response [Hai14]. Besides, the capability of learning makes them very attractive as a
computational intelligence technique [Kon 05

2.1.1 Biological Neural Networks

Millions of interconnected cells, called neurons, compose the human nervous system.
Each of the neurons is a complex unit that deals with incoming signals, and produces
responses. Fig2.1.1 shows the general structure of a neuron. Neurons are conformed
by four elements: dendrites, synapses, a cell body and axons. The dendrites are
branches that represent transmission wires for gathering information. They receive
signals at contact regions, termed synapses, coming from other neurons. In the
cell body, organelles take responsibility for the protein synthesis and metabolism
maintenance of the neuron [Hai14]—for example, mitochondrias supply energy—,
and the processing of information takes place producing an output signal. This output
can be an excitation or an inhibition [ Roj96], depending on the type of receptors in the
synapses [Hail4]. In the end, the output signal is transmitted via the axon [Roj 96].
The neural information processing is a co-action between electrical transmission of
information in the cell and the chemical transmission in the synapses [ Roj96]. The
electrical transmission of information in the cell is produced and transmitted at the
cell membrane. The signals are represented by depolarization waves, called action
potentials, in which the internal potential of the cell with respect to the exterior of the
cell increases from its equilibrium potential to a maximal positive potential, and then,
it returns back to its equilibrium state. During the wave, ions of sodium Na* ow
into the cell, depolarizing it, and then after a short period of time, ions of potassium
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Figure 2.1.1: General structure of a neuron [R0j96]

K* ow outwards compensating the depolarization or repolarizing the cell. The cell
membrane controls the inwards and outwards of ions, depending on the permeability
for each of the ions. The permeability is determined by the quantity and size of pores
in the cell membrane. Those pores, called ionic channels, have different forms and
charges that allow only speci ¢ ions to go in or out [Roj 96].

The chemical transmission among cells is a combination of electrical and chemical
processes in the neurons, mostly in the synapses. Synapses are conceived as the
thickening of axons[ Roj96]; essentially, they represent the zone where the axons
communicate with other neurons [ Hai14]. Synapses consist of three elements: A pre-,
inter-, and post- synaptic elements [Hai 14]. The pre-synaptic element or pre-synaptic
terminal has mitochondrias, which provide energy to the neuron, and small vesicles
that contain chemical transmitters. The inter-synaptic element or synaptic gap is the
small space between a pre-synaptic element and an attached cell. In the attached cell,
the post-synaptic element or post-synaptic membrane is located [Hai14]. When an
action potential arrives to the synapse, the pre-synaptic terminal gets depolarized
and the vesicles fuse with the pre-synaptic membrane, which liberate their chemical
transmitters [ Hai 14]. The chemical transmitters ow into the synaptic gap, hooking
up to the ionic channels of the post-synaptic membrane [ Roj96]. Depending on the
kind of the chemical transmitters, the ionic channels are opened, and allow chemical
transmitters to ow inwards the cell's membrane [ Ro0j96]; this produces an increment
or decrement of the membrane potential or, essentially, the membrane depolarizes
or hyperpolarizes. This de-, hyper- polarization stimulates the inward- ow of more
chemical transmitters, and therefore, the polarization increases or decreases even
more— a kind of positive feedback [ Hai14]. As a consequence, they alter the cell's
potential. If chemical transmitters , mostly ions of sodium, are positive, cell's potential
will increase and will assist the neuron to cause an action potential, and hence the
neuron will get excited. On the contrary, if the chemical transmitters, mostly ions of
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chloride, are negative, cell's potential will decrease, and will hinder the emitting of an
action potential; thus, the synapse will behave as inhibitory synapse [Roj 96].

For ring an action potential, the depolarization must rise above a threshold poten-
tial; that is, enough sodium-selective ionic channels must be opened [ R0j96]. When few
sodium-selective ionic channels open, the sodium ions start owing inwards the post-
synaptic membrane, and this membrane becomes depolarized. The threshold potential
comes along when the total inward- ow of sodium ions is greater than the outward-
ow of potassium ions. In that point, the remaining sodium-selective ionic channels
are opened, rising quickly the inward- ow of sodium ions, and increasing still more
the depolarization. When the depolarization reaches a maximum, the sodium-selective
ionic channels close, and the outward- ow of potassium ions repolarizes the membrane
potential [ Hai 14]. On the other hand, if chloride- or potassium-selective ionic channels
open, negative ions (chloride ions) will ow inwards, or positive ions (potassium ions)
will ow outwards the post-synaptic membrane, and the membrane potential will
decrease moving away from the threshold potential [ Hai 14]; the probability for ring
an action potential decreases [RoP€].

The rising above the threshold potential, and consequently the ring of an action
potential, could be handled as a combined process among different dendrites. The
dendrites collect action potentials coming from different neurons; that means, chemical
transmitters from pre-synaptic terminals, coming from other neurons, ow into the
post-synaptic membrane—This collection is known as a spatial summation [ Roj96]. In
the same way, there exists a temporal summation as the frequency of action potentials
increases, in which case the membrane potentials are also summed, becoming more
effective than unigue post-synaptic potentials [ Hai14]. These combined summations
control the electric activity in the cell's body to determine whether the axon res an
action potential or does not [ Hai 14]. The quantity of synapses, which are necessary to

re an action potential, is determined by the number of ionic channels per synapse
opened by pre-synaptic signals—A single synapse or, simultaneously, various synapses
can generate an activation potential in an attached neuron. The number of ionic
channels per synapse represent the synapse's ef ciencies.

The synapse's ef ciencies can be altered by opening more ionic channels, a sort of a
membrane's permeability modi cation; in fact, one of the mechanism that neurons use
to learn or store information is altering the synapse's ef ciencies [ Roj96] — Neurons,
also, learn by setting new connections among neurons. Neurons use, for example,
NMDA receptors (N-methyl-D-aspartate) as ionic channels that are permeable to
different molecules for increasing the depolarization. Initially, these NMDA receptors
are blocked by magnesium ions. When an action potential arrives to a synapse, the
NMDA receptors lose their magnesium ions, and they become permeable to calcium
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or sodium ions; in that way, the threshold potential is altered. Therefore, a cell can be
trained to re easier if a lower threshold potential is set by modifying its membrane's
permeability [ Hai14]. The synapse's ef ciencies are increased when two cells, which
are connected by a synapse, re. Otherwise, the synapse's ef ciencies are increased
[Kon05].

In the next subsection, the four elements : dendrites, synapses, cell bodies, and
axons are adopted as the minimal structure to model arti cial neural networks.

2.1.2 Mathematical representation of a neuron

Mathematically, a neuron can be seen as a unit that activates depending on its inputs
and internal parameters. A neuron has signals that travel along the axons of previous
neurons as its input and are transmitted by synapses [ Roj96]. The internal parameters
represent the synapse's ef ciencies of the BNNs (see subsection2.1.1), which are called
weights [R0j96]. The input signals interact by means of a multiplication with the
weights. In essence, the idea is that these weights are learnable so they can in uence
other neurons. This in uence can be excitatory with positive-, or inhibitory with
negative-weights [ Roj96]. For a cell with n synapses, a synapsei is associated with a
weight w;. In the cell body, the input signals, are summed, as the spatial summation of
the BNNs does (see subsection2.1.1). For example, if all synapses are activated at the
same time, the total input will be wi + wy + ...+ wy . If the nal summation is above
a threshold value, then the neuron will activate and send a signal along its axon. This
activation is performed by an arbitrary function. In general, a neuron performs a scalar
product between its input and its weights, it adds a bias— a negative threshold—, and
applies a non-linearity activation function f( ) [FFL16], see Figure2.1.2.

Figure 2.1.2: Mathematical representation of a neuron [Roj 96]

An arti cial neuron can be considered as a primitive function that is capable of
transforming its input into a de ned output. A neuron is, in general, a primitive
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function of n-arguments producing a numerical output. This primitive function is
split into two components: an integration- or linear excitatory/inhibitory- component,
and an activation function- or non-linear- component [ Kon05]. First, the n-arguments
or signals are reduced to single numerical value, a total excitation, by means of
a integration function g( ), a summation. Second, the single value is used by the
activation function ' () (see subsection2.1.5) to produce the nal output of the
computing unit [Roj 96] within a nite range: ' [g( )] [Kon 05].

The simplest neuron or unit is the McCulloch-Pitts unit (MCP). It receives and
produces only binary signals, [0, 1]. Fundamentally, it is a logical or boolean mapping

:B" ! B (see Equation2.1.2) [Roj96]. A MCP seems very limited, but it contains
all necessary features to implement any given logical function of n-arguments, and
to implement automaton [ Roj96]. A MCP has n-excitatory signals X1 + X + ...+ Xp,
m-inhibitory signals yi + y, + ...+ yn, all its weights are equal to " 1", and its activation
function is the step function [Kon 05], a comparison between the summed inputs and
its threshold, as the BNNs do when a total depolarization rises above a threshold
potential (subsection 2.1.1). If at least one of the inhibitory signals is " 1", the unit
will be inhibited, see Equation 2.1.1. Otherwise, the total excitation is computed and
compared with a threshold , following the Equation 2.1.2 [R0j96].

_ yn
(X1,X2, . Xn Y1, Y2, --¥Ym) = (X1,X2,...,.Xn) (1-yj) (2.1.1)
j+1
8
P
<10 Lyx >
(X1!X2|'--!Xn): . (212)

0 otherwise

For example, the OR, the AND and the NOT functions can be implemented with

MCPs. For the OR function, the MCP has a threshold = 1; that is, if there is at
least one input that is excited, the neuron will re. In the case of an AND function, a
n-input MCP has a threshold equal to the number of inputs, threshold = n [Roj9€q];

that means, if all the n-inputs are excited, the neuron will re. The MCP computing
the NOT function has one input signal that is, at the same time, its inhibition signal,
and a threshold = 0. If a NOT-MCP gets a "1" as input, the output will be " 0" due to
the inhibition, see Equation 2.1.1. On the other hand, if the input is " 0", the output is
set to "1" following the Equation 2.1.2.

As any logical function is a combination of sums, products and complements by
means of the Boolean algebra—all logical functions can be expressed in two canonical
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forms: sum of products (when several product-terms are summed) or product of sums
(when several sum-terms are multiplied)[ FloO0O]— and as the OR, AND , and NOT
logic gates represent, respectively, the summation, the product and the complement
operations [Flo0Q]. Any logical functions is thus a combination of OR, AND , and
NOT gates. The canonical forms are de ned in two steps; rst, one computes the
terms (sums or products), and second, one computes the nal result by summing
or multiplying the terms. Since these gates can be implemented with MCP units, it
follows that any logical function :B" ! B can be computed with a MCP network, a
connection of multiple arti cial neurons of MCP units, of two layers [ R0j96] depending
on the canonical expression of the logical function.

The MCP networks are called unweighted networks because they use weights equal
to "1". However, they can model more general networks with relative excitation
and inhibition properties; that is, relative xed weights [ Ro0j96]. For example, the
Figure 2.1.3 shows a xed weighted network, which has the primitive function = 0.2x; +
0.4x, + 0.3x3 > 0.7. The primitive function is equivalentto 2x; + 4x, + 3x3 > 7 if one
multiplies by 10 both sides of the function. This primitive function can be computed
by a MCP network with redundant inputs, see Figure 2.1.3 [R0]j96].

Figure 2.1.3: Equivalent weighted and unweighted networks [Roj 96]

The MCP networks and the xed weighted networks are logic gates. They are used,
for example, to simulate any nite automaton [ Ro0j96]. However, their topologies and
parameters must be fully speci ed for any different application. Furthermore, there
are no good algorithms for adapting the parameters and the network topology for
aiming different problems, and their construction is dif cult [ Ro0j96]. Nevertheless, the
relative parameters of the xed weighted networks are relevant. By augmenting the
de nition of a MCP neuron with real input signals and non- xed relative parameters,
Minsky and Papert conceived the simple perceptron, called Minsky-Papert perceptron
(MPP), see Equation2.1.3 [Kon05]. The main difference between the MCP neuron and
the MPP is that the input signals are a subset of R (x 2 [0,1] R) and the weights are
not xed. Being non xed weights, one implies that weights can be adapted to solve
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different problems. The adjustment of network parameters is called "learning” [ Roj96]
[Kon 05].

8
P
<1 if ol >
(X1!X2| ---.Xn) = .
0 otherwise

(2.1.3)

A single MPP is a linear classi er— one can see it, also, as a mapping (  :R" ! B).
It separates the input space in two subspaces whether the result of the primitive
function is " 1" or "0", see (Equation 2.1.3). For example, the MPP computing the
function 0.9x; + 0.8x, > 0.6 divides the 2-D space (x1,X2) 2 R? in two half-planes. By
isolating X2, one getsx, > 2 - 2x;. All the values above the line x, = 3 - 2x; satisfy
the function , so the MPP output is "1". On the other hand, for the values below the
line, the MPP's output is " 0" [Kon 05].

One can see the threshold asabias, [-;! ixi- > 0. Infact, one can extend the
input vector [X1,X2,...,Xn ] and the weight vector [! 1,! »,...,! 5] of the Equation 2.1.3
such that the threshold is converted to a weight [ Kon05]. By extending the vectors,
one can consider the threshold or bias as a weight.

8

<1 f ! &%>0
(x)= . (2.1.9)
0 otherwise

with X = X1,X2,....Xp, 1, and! =(wWy,Wo,....Wn,Wn+1),and Wp4+q1 =-

The weights represent the synapse's ef ciencies of BNNs, see subsection2.1.1. As
the BNNs adapt their synapse's ef ciencies by using NMDA receptors, the MPPs adapt
their weights by means of an learning algorithm. The learning algorithm changes
the weights using a set of positive (P) and negative (N) samples. It starts setting
initial weights at random, and it iterates until the sample's outputs are all correct. For
adapting or learning the weights of a MPP, one follows:

1. Choose the extended weight vector ! o at random.

2. Choose an arbitrary extended input vector x 2 P[ N, with P being a set of
positive samples; that is, x that produces an output = 1, and N being a set of
negative samples; that is, x that produces an output = 0.

3. Feed x to the MPP.



12

fundamentals

4. If output of MPP is wrong, then change the weights.

ifx2Pand! X6 Othen! (4,3 ="! ¢+ xandt++.
ifx2Nand! &> O0then! {43 ="! (- xandt++.
goto 2.

5. If all inputs vectors and outputs are correct, then stop.

In the end, the MPP will separate the input vectors in two classes with weights
describing a line. The weights are changed whenever an extended vector in P or N is
not well classi ed. The line, essentially, is rotated and translated until it separates the
inputs in the two classes. This learning algorithm adjusts the network's parameters
(weights) in an optimal manner such that the network re ects the known information
(inputs) and extrapolates to new patterns [Roj 96].

When one has convex sets (non-linearly separable regions), one can use many MPPs
in three layers. In the rst layers, each of the MPPs computes a linear separation of
the sets (subsets with output "1" or "0")— The MPPs map the input vector to a feature
space[Roj96]. The second layer is an AND MCP for decoding the output of the MPPs
[Kon05], which computes an output value; for example, if MCP outpus are all " 1" for
each region. The last layer is anOR MCP that joins the sets.

2.1.3 Layered-Perceptron and Learning

The connection of multiple arti cial neurons results in an arti cial neural network
(ANN) [ Kon05]. ANNs are, in essence, networks of primitive functions. The author in
[R0j96] de nes that an ANN, with  k neurons, n-dimensional input vector x and m-
dimensional output vector vy, is a network function  evaluated at the point x; + X, +
...+ Xn . The k neurons implement the primitive functions f1 + fo + ...+ f, which are
use to produce m-dimensional output vector y; + y» + ...+ ym . One can say that ANN
thus behaves as a "mapping machine", capable of modeling a function :R" ! R™,
The ANN, speci cally, does not compute the function , but it approaches the function
by learning its weights ! based on a training set and a minimization of an objective
function Ep (! ). Atraining set is a set of sample-tuples (n-dimensional input vectors
x and m-dimensional target vectors t). An objective function E,(! ) computes the
difference between target vectors t and output vectors y of the ANN in terms of its
weights. After learning, the function will interpolate outputs for new unknown
input vectors recognizing whether a new input vector is similar to the training set
(learned samples) and producing a similar output [Roj 96]
The ANNs have different connections or topological con gurations; for example, the
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feed-forward and the feedback topologies [ Kon05]. In the feed-forward topologies, the
k neurons are subdivided into | subsets or layersN1,N>,...,N|, called hidden layers.
The information ows forwards; that means, nodes in a layer compute some outputs,
and those outputs are then fed as inputs to neurons in posterior layers—the output
from N1 goes as input to N, and so on [R0j96]. As a result, the computation is well
de ned, and there is no need of synchronization. The number of weights between
two layers is the product between the number of neurons n in the rst layer and the
number of neurons k in the second layer; that is, the total number of weights between
two layers is mn [Ro0j96]. In the case of feedback topologies, the ANN have cycles, in
which the output of some neurons at time t are fed back to the same neurons at time
t + 1, a feedback [KonO5)].

2.1.4 Single Layer Perceptron

As a linear classi er, the single-layer perceptron (SLP Figure 2.1.4) is the simplest
feedforward neural network. It separates the input space in two subspaces as a MPP
(see subsection2.1.2), but it utilizes non-linearity functions as activation functions ' ()
(see subsection2.1.5) instead of a comparison with a threshold value. Similar to MMPs,

a SLP has an + 1-dimensional extended-input vector X, and a n + 1-dimensional
extended-weight vector ! .

Xo=+1

Figure 2.1.4: Single layer perceptron (SLP) [FFLL6]

A SLP implements the primitive function 2.1.5.

x)=" (! Tx) (2.1.5)
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with X = [X1,X2, ...Xn, 4T and! =[! 1,! 5,...,1 »,! h+1],and’ () as the activation
function.

Firstly, a SLP computes a dot product between the extended-input vector x and
the extended-weight vector ! , analogous to the spatial summation of BNNs (see
subsection 2.1.1). Secondly, the neuron computes an output by means of a non-
linearity as the activation function ' () (see subsection2.1.5). For adapting the weights
of a SLP, one seeks to minimize an objective function E, in weight-space. As the
objective function E, is computed with respect to the weights, one wants, speci cally,
the weights for which the objective function is minimal. For that end, a SLP uses an
optimization algorithm, called gradient descend (see subsection 2.1.6).

2.1.5 Activation Function

In the initial examples of MCPs and MPPs, one used the step, a comparison between
the summed inputs and a threshold (see subsection 2.1.2), as the activation function
" (). However, ANNSs utilize non-linearity functions, which take single values and
"squash" them within a nite range [ Kon05] by performing a mathematical opera-
tion. The reason for using activation functions is connected with the optimization
algorithm (explained in subsection 2.1.6) for adapting the weights. In essence, the
optimization algorithm requires computations of gradients, and non-linerity functions
are continuous and differentiable [Roj 96].

The main non-linearity functions and their derivatives (important for the optimiza-
tion algorithm, see subsection 2.1.6) are [FFL16].

» The sigmoid function: It takes a value and forces it to the range [0, 1] with
interception with y-axis in  0.5. For large negative values, the output becomes 0",
and for large positive values, the output becomes " 1".

" (x) = sigmoid (x) = 1+1e_ < (2.1.6)
= s A ) (2.17)
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« The tanh function: It takes a value and forces it to the range [- 1, 1]. Unlike the
sigmoid, the tanh is zero-centered [FFL16]; in essence, a tanh is a scaled and
translated sigmoid function [Roj 96].

1- X

' (x) = tanh (x) = 2(sigmoid (x)- 1) = Trex

(2.1.8)

" Yx) = tanh Yx) = (1- tanh ?(x)) (2.1.9)

« The ReLU: The Recti ed Linear Unit thresholds at zero Figure 2.1.5, proposed by
the authors in [ GBBL1]. It achieves better performance than the saturating ones,
because the activation function's response is closer to the biological neuron's one,
the action potentials see subsection2.1.1, obtaining sparse output representations
[GBBL11]. Besides, using the ReLU is cheaper computationally, since only a subset
of neurons remains active. ReLu controls the number of active neurons, which
become a path between the output and the input; that is, the relation between
the output of activated neurons is linear with respect to the input. This helps,
also, the optimization algorithm, since gradients only ow back on the path of
activated neurons and the remaining ones stay unchanged, see subsection2.1.6
[GBBL1], which supports the conclusion of the authors in [ AK 12] showing that
the ReLU is faster for training than the saturating non-linearities (Sigmoid and
Tanh).

" (x) = max(0,x) (2.1.10
8
bor_ 0 if x60
LX) = . (2111
1 if x>0

» The Leaky ReLU. The function computes a small negative slope instead of
thresholding to zero as RelLUs.

8

<x if x<0
") = (2.1.12)
- x if x>0
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Q)

f(y)=0 ’y

Figure 2.1.5: Recti ed Linear Unit [AK 12

8

Lo < if x60
(x) = . - . (2113
’ | X >

2.1.6 Gradient Descent (GD)

GD is an optimization algorithm that nds a local minimum of an objective function

by taking steps proportional to the negative gradient of the function. For ANNSs, It
repeatedly computes the gradient of an objective function E, (! ) with respect to the
weights, and it updates the network's parameters or weights, see equation 2.1.14,
[FFL18].

Lisz='i- E p(1) (2.1.19

with ! ; the weights of a ANN in step i,! j+1 the updated weights, a constant
parameter, E, (! ) the objective function, and E (! ) equal to.

@e(')_ @B() @() @&()
@! @; " @ ' @%

for a k-dimensional weight vector !

The parameter is the step length in the negative gradient direction, called the
learning rate [R0j96]. It is an important parameter since small steps lead to the
expected direction but slowly, and large steps progress faster but it might overshoot
and produce bigger values of E, (! ) [FFL16]. The objective function E, (! ) computes
the difference between the target vectors t and the computed output vectors y of an

(2.1.15)

Ep(! )=
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ANN. It can be e.g. the total sum squared error (equation 2.1.16) [Roj96] [LDS* 89] or
the empirical softmax log-loss (equation 2.1.17) [PVZ15].

X 1 X ,
Ep(! )= > (tm, = Ym,;) (2.1.16)
i=(xt)2D “m=1

X ghti Xii
Ep(! )==- | P - o (2.12.17)
i=(x,t)2D q=(xt)2D

The objective function Ey(! ) (Equation 2.1.16 or Equation 2.1.17) is considered
with respect to a training set D (sample-tuples (x,t)). There are three versions of
GD depending on the set D of sample-tuples: It is called simply GD when it takes
the whole sample-tuple set as D. If the GD takes just one random sample-tuple as D
updating the weights sample-tuple by sample-tuple, the GD will be called Stochastic
Gradient Descend . If the GD takes a batch or subset of the sample-tuple set as D
updating the weights just after feeding the batch to the network then the GD will be
called Batch Gradient Descend .

There are, also, other versions of the GD, which add more parameters. For example,
the GD with momentum takes into account previous changes of the weights, see
Equation 2.1.18,

i+1= 1i- 2Ep()
!

(2.1.18)
i1 =it g+

Or the GD with momentum and weight decay, see Equation 2.1.19. This GD is used
frequently in the networks that this thesis focused.

i1 = P - Ep(!)- I
i+1 1 2 p( ) 3 2° i (2.1.19)
Piva =i+ 41
with ! ; the weights of a ANN in step i,! j+1 the updated weights, ; the weight

changes in stepi, +1 the updated weight changes, i1 the momentum constant, »
the learning rate, 3 the weight decay, and E, (! ) the objective function.
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Example

For a SLP (see subsectior?.1.4) and the total squared error (Equation 2.1.16) as the
objective function E, (! ) with M = 1, one has:

X 1
Ep(!)= St- 0 Tx)? (2.1.20)

i=(x,t)2D

The computation of the gradient E (! ) for a set D of sample-tuples (x,t) is:

0 1
X
@(E@(I! ) _ @@?@ %(ti S Tx))2A (2.1.21)
) " i=(xt)2D
X
@(%@(I! ) _ (G- ¢ Tx) X Txi)x (2122
: i=(xt)2D

In the Equation 2.1.22, one notices that the gradient of E,(! ) depends on the
derivative of the activation function or non-linearity ' ), see subsection2.1.5. Thus,
the GD behaves different for each of the non-linearity functions. For example, the
sigmoid saturates at "0" or "1", and its derivative is almost " 0". If the gradient is very
small or almost " 0", the weights will not change causing that the ANN will not learn
[FFL16].

On the assumption that one takes the derivative of the sigmoid (Equation 2.1.7) as
" %), the nal gradient E ,(! ), from Equation 2.1.22, is:

@k(! X
zﬂ ):- (t| - yioutput )yioutput (1- yioutput )Xi (2123)
' i=(xt)2D

Multilayer Perceptron

A multilayer perceptron (MLP) is an ANN with multiple hidden layers. Its layers are

fully-connected layers since neurons between two layers are completely connected
from each other [FFL16]. The Figure 2.1.6 shows an example of a MLP of 3 layers: n
neurons in the input layer, k neurons in the hidden layer, and m neurons in the output
layer. This MLP has a n-dimensional input vector X, a m-dimensional output vector v,
and a k-dimensional vector z for the output of the hidden neurons. Therefore, it has a
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kn -dimensional matrix W1 as weights between the hidden layer and the input layer,
and a mk-dimensional matrix W, as weights between the output layer and the hidden
layer.

Figure 2.1.6: Multi layer perceptron MLP [Roj 96]

The MLP in the gure ( 2.1.6) implements the mapping :R" ! R™ as follows:

z="' (Wi X) (2.1.24)

y="Wz2 2)=" (W2 ' (W1 X)) (2.1.25

with X = [X1,X2,....Xn 1T, 2=[21,22, ...z, 1]", and y = [y1,Y2,...¥m]".

One notices in the Equation 2.1.25 that the output vy is a function composition since
the hidden neuron's output becomes the input of the last layer neurons. In general,
a MLP represents a chain of function compositions, where output of layers become
inputs of following layers [ Ro0j96], implementing the function . This composition is
important if one wants to update the weights of the MLP for implementing the function

following a training set, because one can not use just the GD (see subsection2.1.6)
since the hidden neurons do not have target values, as the neurons in the last layer
do (see subsection2.1.4). However, one can use the chain rule for differentiating a
function composition, and one can implement the GD following the Backpropagation
algorithm (see subsection 2.1.7).
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2.1.7 BackPropagation

The Backpropagation algorithm uses the GD (subsection 2.1.6) for nding a combi-
nation of weights of a MLP that minimize an objective function [ Ro0j96] such as the
MLP implements the mapping :R" I R™. The Backpropagation is divided in
two phases: A forward step and a backward step. In the forward step, sample-tuples
(x,t) are fed to the MLP. The hidden neurons k in the MLP compute their outputs
layer by layer until a nal output vy is produced. Then, the backward step computes
the gradients with respect to the weights from the nal layer to the initial layer—The
gradients are propagated backwards by using successively the chain rule [ FFL16]—
and it, nally, updates the weights by taking a fraction of the computed gradient.

Example

For better describing the Backpropagation, one takes the MLP in the Figure 2.1.6,
the total sum squared error (Equation 2.1.16) as the objective function E, (! ) and a
training set D (sample-tuples (x,t)). First, the MLP sends sample-tuples (x,t) forwards
computing a k-dimensional hidden vector z, and a m-dimensional output vector y. The
relations among the three vectors are described in the equations (2.1.24) and (2.1.25).
Second, the Backpropagation implements the backward step; that is, it computes the
gradients for each layer, and it updates the weights following the updating rule of GD
(see Equation 2.1.14). The weight-updates for the MLP are:

W, = Wy, - @%%VJEWZ) (2.1.26)
Wi, = Wy, - @%%VJVWZ) (2.1.27)

being W, a kn-dimensional matrix, and W, a mk-dimensional matrix.

Each of the weight-update rules has a gradient of the objective function with respect
to each of the weights, in this case all the terms in the matrices W; and W5,. Rewriting
the objective function E, (! ) (see Equation2.1.16) in terms of W, and W, one has:

X 1 b4 )
Ep (W1, W3) = > [tm, - " m(W2 z)] (2.1.28)
i=(xt)2D “m=1
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X X )
Ep (W1, W3) = 5 ltmi- " m(W2 " (W1 X))] (2.1.29
i=(xt)2D “m=1

Based on that, one can see that each of the nal neurons adds its quadratic deviation
to the objective function E, (W1, W>). If we consider each of the quadratic deviations
separately, the gradient of the objective function Equation 2.1.28 with respect to each
of the weights in the matrix W» will be:

@E(W1,Wp) _ X

v} O ).
W (ti - yi) (W2 z)z (2.1.30)

i=(x,t)2D

And the gradient of the Equation 2.1.29 with respect to W, is:

@F(W1,Wp) _ X

@W [(ti - yi)' O(WZ zi)Wy' O(Wl Xi )Xilm (2.1.31)

i=(x,t)2D m=1

Rewriting the Equation 2.1.31to Equation 2.1.32, one notice that the factors multi-
plying the vector z in the Equation 2.1.30 are also present in Equation 2.1.32. This
factors are called local gradients or error signals of layer inputs with respect to layers
outputs [FFL 16]. For example, the local gradient of the output-layer is .

@FW1,Wp) _ X X
@W

[fti - yi)'{z"(w2 zi?wz' AW1 xi)xilm (2.1.32)

i=(xt)2D m=1 )

The equations (2.1.30 and 2.1.32) are described with respect to local gradients:

@B(W1,W>) X
= - =7 = iZi (2133)
@W i=(x,t)2D ’
X X X
@W _. [ym Wap I AW: X)X =- 2% (21.34)

i=(xt)2D m=1 i=(xt)2D
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with,
yi = (ti- yi) (W2 z) (2.1.35)
bl
= [ym W, I AW X) (2.1.36)
m=1

The local gradients are computed by using the derivatives of the activation functions
(see subsection2.1.5). Since the derivatives of the activation functions are expressed in
terms of their outputs (the neurons outputs), the local gradients are also expressed in
terms of the neurons outputs. Thus, the order of the Backpropagation is relevant: First,
the neurons outputs are computed, and then the gradients. In fact, the Backpropagation
propagates backwards the local gradients or error signals—The gradient of a hidden
layer depends on the gradient of the next layer.

Example local gradients

If one uses the sigmoid as an activation function (Equation 2.1.6), one will have
the same expression as Equation2.1.23 for each of the neurons. By organizing the
expressions in matrices, the local gradients will become [R0j96]:

yi = diag (yi)[lmxm - diag (yi)I(ti - yi)° (2.1.37)
2, = diag (2l - diag (z)]W5 y, (2.1.39)
with,
8
. S v =]
diag j (v) = . (2.1.39

0 otherwise

And the weight-updates

W2t+1 = W2t - yiZi (2.1.40)
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Wi,, =Wy - X (2.1.41)

In general for a MLP with L layers (N1,N2,...,NL), weight matrices W, ., for
| = 1,2...,L- 1, the total sum squared error as objective function, and using the
sigmoid as activation function, the local gradients are:

8
< diag (yi,)[! - diag (y;)IIti - v1.1° =L
- 9 (¥1 )1 mxm - g (yi)liti - ;] (2.1.42)
- diag (i )lk,xk, - diag (z)IW2, 1 142 1=1,2,..L- 1
And the weight-updates
Wy, =W,- 1z, 1=12.L (2.1.43

In addition to BackPropagation, variations have been used to enhance the training
learning, such as, Backpropagation with momentum, QuickProp, Resilient Propagation,
etc. The Backpropagation with momentum takes into account the previous change of
weights (see Equation 2.1.44).

Live=ti- Ep(t)+ 1 iy (2.1.44)
It helps to avoid oscillations of the gradient direction [ R0j96], and to eliminate the
problem of trapping at local minima [ Kon05]. The parameter is called momentum

rate.

2.1.8 Convolutional Neural Networks

Convolutional Neural Networks (CNN), rst proposed by [  FM82], are reciprocal to
ANNSs (see subsection 2.1.3); that is, CNNs consist of neurons that have parameters:
learnable weights and biases, which are organized in a hierarchical structure (layers).
They map their input into a more compact representation, or they classify or distribute
their input into classes, depending on their objective function [ PVZ15]. However, their
structure is partially distinct [ AK 12]: their neurons are 3D lters, and their layers are
organized in different kinds. Neurons in a CNN are 3D lters that activate depending
on their inputs. They are connected just to a small region, called receptive eld [ Roj96],



24

fundamentals

of previous neuron's activations. They compute a convolution operation ! between the
connected-inputs and their internal parameters, and they get activated depending on
their output and a non-linearity function 2.1.5 [FFL16] [FM 82].

Figure 2.1.7: A neuron in a CNN [FFL 16]

The advantage of CNNs over ANNSs is that they assume inputs are images (width,
height, channel) [LKF™ 10]. They allow to encode certain properties of images into their
architecture; their neurons activate when they "see" particular features extracted at
different locations in the image, see Figure 2.1.8; and they are, also, robust against shifts
in position and feature distortions [ FM82]. CNNs arrange neurons in layers with a 3D
shape, see Figure2.1.7, called convolutional layers. Each of the layers gets a 3D-input
volume, called feature-map, and transforms it to another by means of convolutions
and a non-linearity [ FFL16] [LKF* 10]. By stacking layers and downsampling their
outputs, CNNs extract more complex and abstract feature-maps, which are, at the
same time, invariant to distortions and translations [ LCDH " 90] [LDS" 89]. The last
layers of CNNs, see Figure 2.1.8, are standard fully connected layers, same as the
ANNSs (Equation 2.1.6). These layers compute nal descriptors of the input images,
which can be considered as global representations of images, or they classify the input
images into classes depending on a objective function.

CNNs have less parameters than ANNs because of the neuron's receptive elds
and the convolutional operation— since, one slides the same Iter through the entire
feature-input. Thus, CNNs are easier to train than ANNs [ AK12]. To learn the
internal parameters or weights of a CNN, one uses the Backpropagation algorithm (see
subsection 2.1.7) with Batch Gradient Descend (see subsection2.1.6) as for the ANNSs.
In the latest works, authors have used Backpropagation with momentum and weight
decay as the learning algorithm, see Equation 2.1.19. The learning algorithm uses
a training-image set of sample image-tuples (1,t) composed by images (1) and their
respective labels ¢). It takes, for example, the Softmax log-loss (Equation 2.1.17) as

In image processing, a convolution is the process of multiplying the pixel's and its neighbor's intensities
by a kernel or small matrix, which is slided through the entire image along the spatial dimensions.






	1 Introduction
	1.1 Structure

	2 Fundamentals
	2.1 Artificial Neural Networks
	2.1.1 Biological Neural Networks
	2.1.2 Mathematical representation of a neuron
	2.1.3 Layered-Perceptron and Learning
	2.1.4 Single Layer Perceptron
	2.1.5 Activation Function
	2.1.6 Gradient Descent (GD)
	2.1.7 BackPropagation
	2.1.8 Convolutional Neural Networks


	3 Related Work
	3.1 Shallow Methods for face recognition
	3.1.1 Landmark based
	3.1.2 EigenFaces
	3.1.3 FisherFaces
	3.1.4 Local Binary Pattern

	3.2 Deep CNNs for vision tasks
	3.2.1 AlexNet
	3.2.2 VGG


	4 Method
	4.1 Deep Face Recognition
	4.1.1 N-way classification
	4.1.2 Face Verification
	4.1.3 L-dimensional metric embedding classifier
	4.1.4 Empirical Triplet loss
	4.1.5 Training
	4.1.6 Testing

	4.2 Deep Face Recognition discussion
	4.3 Extentions to Deep Face Recognition network
	4.3.1 Spatial Pyramid Pooling layer
	4.3.2 Empirical Triplet loss for partially occluded face-images
	4.3.3 Measurements

	4.4 Conclusion

	5 Experiments
	5.1 Datasets
	5.1.1 Visual Geometry Group Face Dataset
	5.1.2 Labeled Faces in the Wild dataset
	5.1.3 YouTube Faces Dataset

	5.2 Evaluation Metric
	5.3 Experiments and Results
	5.3.1 Replication of the original publication
	5.3.2 Testing on different multicropping configurations
	5.3.3 Training a CNN with SPP layer
	5.3.4 Testing on half-occluded face-images
	5.3.5 Half-max pooling on the last convolutional layer's output
	5.3.6 Mirroring the last convolutional layer's output
	5.3.7 Mirroring the input images
	5.3.8 Training triplet loss
	5.3.9 Testing different occlusion proportions


	6 Conclusions

