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Abstract

In the biometrics community, face and speaker recognition are mature fields in which several
systems have been proposed over the past twenty years. While existing systems perform
well under controlled recording conditions, mismatch caused by the use of different sensors
or a lack of cooperation from the subject still significantly affects performance, especially
in challenging scenarios such as in forensics. Furthermore, existing methods suffer from
scalability issues, which prevents them from taking advantage of increasingly large amounts of
training data. This is otherwise a promising approach to improve accuracy in such challenging
scenarios.

In this thesis we address these problems of mismatch and complexity by developing scalable
probabilistic models that we apply to face, speaker and bimodal recognition. Our contribu-
tions are four-fold. First, we propose a unified framework for session variability modeling
techniques based on Gaussian mixture models (GMM), that encompasses inter-session vari-
ability (ISV) modeling, joint factor analysis (JFA) and total variability (TV) modeling. Second,
we propose a novel exact and scalable formulation of probabilistic linear discriminant anal-
ysis (PLDA), which is a probabilistic and generative framework that models between-class
and within-class variations. This formulation solves a major scalability issue, by improving
both the time complexity of the training procedure from cubic to linear with respect to the
number of samples per class, and the complexity of the scoring procedure. Furthermore, the
implementations of all the proposed techniques are integrated into a novel collaborative
open source software library called Bob ! that enforces fair evaluations and encourages re-
producible research. Fourth and finally, large-scale experiments are conducted with all of the
above machine learning algorithms on several databases such as FRGC for face recognition,
NIST SRE12 for speaker recognition and MOBIO for bimodal recognition, showing competitive
performances.

Keywords: face recognition, speaker recognition, bimodal recognition, inter-session vari-
ability modeling, joint factor analysis, total variability modeling, probabilistic linear discrimi-
nant analysis

1. http://www.idiap.ch/software/bob
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Résumé

La reconnaissance automatique du visage et du locuteur constituent deux applications tech-
nologiquement miires dans le domaine de la biométrie. De nombreux systemes ont été
proposés au cours des vingt derniéres années, lesquels ont une précision relativement élevée
lorsque les conditions d’enregistrement des échantillons biométriques sont strictement con-
trolées. En revanche, ces systémes deviennent peu performants en cas de disparités causées
par I'utilisation de différents types de capteurs ou par le manque de coopération de la personne
areconnaitre, comme c’est le cas avec des applications ambitieuses telles que I'investigation
criminelle. Par ailleurs, de nombreuses méthodes patissent d'un manque d’extensibilité, leur
empéchant de tirer profit de base de données d’apprentissage sans cesse plus grandes, qui
pourraient permettre d’améliorer leur robustesse.

Dans cette thése, nous abordons ces probléemes de disparité et d’extensibilité en développant
des modeles probabilistes extensibles que nous appliquons a la reconnaissance automatique
du visage, du locuteur et bimodale. Nos contributions comportent quatre volets essentiels.
Premiérement, nous proposons un cadre unifié pour un ensemble de trois techniques reposant
sur le modéle de mélange gaussien (GMM) : modélisation de la variabilité intersession (ISV),
analyse factorielle jointe (JFA) et modélisation de la variabilité totale (TV). Deuxiémement,
nous proposons une formulation exacte et extensible de I’analyse discriminante linéaire
probabiliste, une approche probabiliste et générative qui modélise les variations inter et intra
classes. Cette formulation novatrice résout un probléme majeur d’extensibilité, en améliorant
a la fois la complexité en temps du processus d’apprentissage de cubique a linéaire par
rapport au nombre d’échantillons par classe, ainsi que la complexité du processus d’évaluation.
Troisiemement, les implémentations de toutes les techniques proposées ont été intégrées
dans une bibliothéque logicielle au code source ouvert dénommée Bob, > qui permet des
évaluations équitables et encourage la reproductibilité des expériences scientifiques. Enfin,
des expériences a grande échelle sont effectuées avec plusieurs bases de données telles que
FRGC pour la reconnaissance du visage, NIST SRE12 pour la reconnaisance du locuteur, et
MOBIO pour la reconnaissance bimodale, et ce en utilisant les algorithmes d’apprentissage
automatique mentionnés ci-dessus.

Mots-clés: reconnaissance du visage, reconnaissance du locuteur, reconnaissance bimodale,
modélisation de la variabilité intersession, analyse factorielle jointe, modélisation de la vari-
abilité totale, analyse discriminante linéaire probabiliste

2. http://www.idiap.ch/software/bob
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|§ Introduction

Humans have the ability to recognize people from various cues, such as face, voice or gait. This
plays a central role in our social relationships, as it is a fundamental step in human interaction.
Furthermore, we are now surrounded by electronic devices, with which we interact. The rapid
development of ubiquitous computing and smart environments will take human-machine
interaction to the next level. This requires automatic systems able to recognize people from
various modalities. Biometrics is the field that addresses the problem of identifying humans
by their traits or characteristics [Jain et al., 2007]. Reliable biometrics traits such as DNA,
fingerprints or iris are available and widely used nowadays. Nevertheless, they rely on the
active participation of the person. On the other hand, face and speaker recognition require
very little cooperation from the person and are, thus, said to be non-intrusive.

Automatic face and speaker recognition are topics that have been under active research for
more than two decades. The current state-of-the-art consists of systems that work well under
controlled laboratory conditions, but are still severely impacted under the wildly varying
conditions encountered in many real world scenarios.

This thesis is a step towards the development of more robust systems for automatic face and
speaker recognition.



Chapter 1. Introduction

1.1 Background and Motivations

Automatic face and speaker recognition have recently received significant attention [Campbell,
1997, Li and Jain, 2005, Beigi, 2011]. This trend can be explained at least by the following
two reasons. First, the progress in technology has encouraged the development and the
deployment of such automatic systems not only on powerful servers or workstations, but also
on mobile devices with limited hardware resources such as smartphones and tablets. Second,
there is a broad range of possible commercial and law enforcement applications.

Some of these applications are listed below to highlight the wide applicability of these tech-
nologies.

1. Access control: Biometrics has been used to control access to physical facilities in high

security areas. For instance, face recognition systems have been deployed in few air-
ports [Spreeuwers et al., 2012], comparing the picture of a person taken on site with the
one stored on his biometric passport.
More recently, other applications have emerged, which control access to secure systems
or services. Considering speaker recognition, automatic systems have been employed to
verify the identity of a person, when accessing a service such as banking by telephone,
voice mail or, more recently, electronic and mobile commerce [Reynolds, 2002]. Authen-
tication on a mobile phone can also be achieved using face and speaker recognition
technology [Marcel et al., 2010].

2. Surveillance: The deployment of closed-circuit television (CCTV) systems has led to a
huge amount of information to be stored and processed. This is of particular interest
in forensic science, since face recognition technology can be employed to reduce the
quantity of information to be processed manually, when criminal or terrorist investiga-
tions are performed [Klontz and Jain, 2013].

Similarly, speaker recognition can help police and government agencies to link record-
ings made in connection with criminal or terrorist activities (anonymous calls or tele-
phone tapping) [Champod and Meuwly, 2000].

3. Lawenforcement: Speaker recognition technology can help to enforce the law [Reynolds,
2002]. For instance, this can be used for home-parole monitoring, which consists of
calling parolees to verify that they are at home when they have to. Another possible
application is prison call monitoring, to verify the identity of an inmate prior to his
outgoing call.

It is also commonly admitted that CCTV contributes to law enforcement, although
recent studies suggest that this has a larger effect on deterring thieves than violent
crimes [Welsh and Farrington, 2002].

4. Data management: Person identification is particularly useful to automatically tag pho-
tos, audio and/or video content, or at least to reduce the amount of manual work
required from the user. Companies such as Google, Microsoft, Facebook or Apple
are already providing this feature in their image organizer and image viewer soft-
ware [Kapoor et al., 2012]. Similarly, audio-visual mining applications are now able
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to annotate recorded meetings or video with speaker labels to allow quick indexing
and retrieval [Reynolds and Torres-Carrasquillo, 2005]. This process is called speaker
diarization.

5. Personalization: Content personalization is commonly employed by online shops, to

help them to propose offers that customers may find interesting. Similarly, recognition
techniques could be used for directed advertisement, where former customers could be
either identified or categorized based on facial and vocal characteristics (e.g., gender or
age) [Reynolds, 2002].
Another possible application would be the identification of a car driver to be able to au-
tomatically adjust his personal settings (seat, wheel and mirrors). This could be achieved
by connecting visual or audio sensors to the onboard computer of the vehicle [Stallkamp
et al., 2007]. More generally, smart environments are geared towards this idea [Ekenel
etal., 2007].

If we formalize the goal in these applications, it appears that recognition refers to two different
tasks: (1) The first one is verification (also called authentication), in which a person claims a
particular identity (known as the subject’s identity), and the system has to verify this claim
based on a biometric trait (e.g., his face or his voice). This means that the system has to decide
whether the person is the true claimant or an impostor, which is a two-class classification
problem. (2) The second task is identification, in which the system has to identify a person from
a set of N possible persons, given a biometric trait. In this case, this is a N-class classification

problem. This distinction is depicted in fig. 1.1. In addition, the terms “class”, “subject”, “client”
and “identity” are used interchangeably in this thesis.

Identity Input Input
Claimed Sample Sample
Verification Identification

2 classes N classes
True
Claimant Cldentity T (dentity 7 = (_ldentity N>

Figure 1.1 - PERSON RECOGNITION: VERIFICATION VS. IDENTIFICATION.

Humans have a strong ability to recognize people from their voice or their face [Balas et al.,
2006]. In contrast, machines are usually explicitly programmed, which is not a suitable scheme
for tasks as complex as face or speaker recognition. Machine learning is a branch of artificial
intelligence that considers the construction and study of systems that can learn from data.
This gives to computers the ability to learn to recognize without being explicitly programmed.
In this case, data are usually distinguished in two groups: (1) training data are employed to
learn the classification model, while (2) test data are used to query the system in a real-world
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application or to evaluate the performance of the system before its deployment.

Many challenges are encountered in both face and speaker recognition, which often result in
difficult classification problems. In automatic face recognition, changes in pose, illumination,
expression (PIE) or image acquisition as well as accessories (e.g., glasses, hat) and occlusions
significantly affect the appearance of the digital samples captured by a camera. Similarly, in
automatic speaker recognition, the variability of the environment (e.g., acoustic of the room,
background noise), the channels (e.g., using different microphones) and human factors (e.g.,
emotional state, aging) impact the resulting audio samples.

These challenges can be attributed to the problem of session variability, which is anything
that causes a mismatch between samples of the same person (client). Session variability
is also coined as within-class variability (and more rarely as intra-class variability). In the
following, the two terms “session variability” and “within-class variability” will, hence, be used
interchangeably.

In addition, the overall appearance of human faces (or voices) are similar. If we consider that
each identity corresponds to a class, this means that these recognition problems have a low
between-class variability.

More generally, solving a problem with a high within-class variability and a low between-
class variability is a very challenging task. Fig. 1.2 highlights these difficulties, with concrete
examples on face recognition.

Figure 1.2 - SAMPLES FROM THE LFW DATABASE. This figure shows samples with high within-class
variations from the Labeled Faces in the Wild (LFW) database. The first three samples are from the same
female subject, and the last three are from the same male subject.

1.2 Objectives and Contributions

The tasks of automatic face and speaker recognition are often addressed in completely different
ways. Standard approaches for face recognition typically rely on discriminative techniques,
such as Eigenfaces [Turk and Pentland, 1991b] or discriminant face descriptors [Lei et al., 2013].
In contrast, the standard approach for speaker recognition models audio segments using
Gaussian mixture models (GMM).

The main objective of this thesis is to investigate the use of probabilistic models to address
the problem of session variability in automatic face and speaker recognition. Specifically, we
focus on a particular subset of techniques, which are latent variable models for classification
tasks, that we apply separately to face, speaker and bimodal recognition. In addition, a recent
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trend in machine learning and pattern recognition research is to go large scale, processing
increasingly large amounts of data in an effort to improve recognition accuracy. Therefore,
these models are required to be scalable, both at training and test time.

The major contributions of this thesis are as follows.

1. Anexact and scalable formulation of probabilistic linear discriminant analysis (PLDA)
is proposed. PLDA is a probabilistic approach that models within-class and between-
class variations and that can be used for various tasks such as classification and clus-
tering. Our main goal is to address the issue of scalability that is encountered at both
training and test time. This is achieved by reformulating the problem using a wise
change of variable that allows us to diagonalize the model. This leads to a significantly
reduced complexity:

— Attraining time, the time complexity becomes linear instead of cubic, and the memory
complexity becomes constant instead of quadratic, both with respect to the number
of training samples per class.

- At test time, when computing the joint likelihood of several samples, the time com-
plexity becomes linear instead of quadratic and the memory complexity becomes
constant instead of quadratic.

In particular, this novel formulation allows the use of the PLDA model for large-scale
applications.

Related papers for this contribution: [El Shafey et al., 2013c, McCool and El Shafey,
2013]

2. We integrate three session variability modeling techniques, inter-session variability
modeling (ISV), joint factor analysis (JFA), total variability modeling (TV) into a uni-
fied framework. These techniques all rely on Gaussian mixture models (GMM). We
show the similarities and the differences between these techniques, both theoretically
and visually by using a synthetic dataset specifically created for this purpose. Further-
more, we describe how the training procedure for these models can be parallelized to
take advantage of recent multi-core processors and computer clusters for large-scale
experiments.

3. We successfully apply the proposed approach to the following three tasks.

First, face recognition experiments are conducted on a wide range of publicly available
and challenging databases, with different recording conditions. In particular, the impact
of pose, illumination and expression variations, as well as occlusions is empirically
assessed. On the FRGC database, a relative improvement in the CAR at FAR = 0.1%
(see sec. 2.6) of 33% is observed with the TV-PLDA system on experiment 2.0.1 when
compared to the GMM baseline.

Related papers for this contribution: [McCool et al., 2013, Glinther et al., 2013]
Second, speaker recognition experiments are conducted on a large-scale. In particular,
we built a speaker recognition system based on inter-session variability modeling (ISV),
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when we took part in the NIST Speaker Recognition Evaluation 2012 (NIST SRE12).!
This thesis encompasses and extends our submission to NIST SRE12, by considering
and evaluating all the modeling techniques introduced above. A relative improvement
in HTER (see sec. 2.6) of up to 47% is observed with TV-PLDA when compared to the
GMM baseline.

Related papers for this contribution: [Khoury et al., 2012, Saedi et al., 2013]

Third and finally, bimodal (face and speaker) recognition is investigated, using high
level fusion. We show that bimodal recognition is of particular interest when a modality
is strongly affected by challenging conditions, since the other one is then often available
to come to the rescue.

Related papers for this contribution: [Motlicek et al., 2012, Khoury et al., 2013a,b]

4. We present Bob, ? an open source framework for signal processing and machine learn-
ing. The probabilistic models presented in this thesis are all implemented and integrated
into this library. In addition, Bob aims to encourage reproducible research, by allowing
any researcher:

— to distribute source code in a satellite package that may rely on any feature of the Bob
toolkit (e.g., machine learning or signal processing algorithms).

- to provide step-by-step instructions for combining the source code and the data,
which should then allow anyone to reproduce results or plots from the corresponding
article.

Finally, the results and plots presented in this thesis can be easily regenerated, by fol-

lowing a set of instructions mentioned in the satellite package xbob . thesis.elshafey20143

associated with this dissertation.

Related papers for this contribution: [El Shafey et al., 2013a, Anjos et al., 2012]

In addition to these primary contributions, a secondary contribution of this thesis is as follows.

5. We adapt and apply the session variability modeling techniques to the two-class clas-
sification problem of gender recognition, using both visual and acoustic cues. Experi-
mental results show that these approaches offer appealing performances, for both the
visual and the acoustic modality, the resulting bimodal system achieving an accuracy of
99%. In addition, and consistent with our conclusions on bimodal person recognition,
bimodal gender recognition provides large improvements when one of the modalities is
affected by challenging conditions.

Related paper for this contribution: [El Shafey et al., 2013b]

1.3 Thesis Outline

This thesis is composed of eight chapters.

1. http://www.nist.gov/itl/iad/mig/srel12.cfm
2. http://www.idiap.ch/software/bob
3. https://pypi.python.org/pypi/xbob.thesis.elshafey2014
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1.3. Thesis Outline

In this first chapter, the motivations, objectives and contributions of this work were briefly
summarized.

Chapter 2 gives an overview of related work, separately for the tasks of automatic face and
speaker recognition. In addition, this chapter introduces a set of metrics and evaluation
measures, which are used to compare the proposed systems in the experimental part.

In Chapter 3, the Gaussian mixture model (GMM) framework for classification is introduced.
Next, three session variability modeling techniques that are built on top of this framework
are described: inter-session variability modeling (ISV), joint factor analysis (JFA) and total
variability modeling (TV). In particular, the similarities and the differences between these
approaches are highlighted.

Chapter 4 introduces probabilistic linear discriminant analysis (PLDA), which is another
technique to address the problem of session variability. In particular, we propose an exact and
scalable formulation of this model, which drastically reduces the computational complexity at
both training and test time. This novel formulation, hence, allows the use of this model for
large-scale applications.

Chapter 5 describes the application of the proposed approach to the task of face recognition.
Experimental studies on a wide range of publicly available databases and under different
experimental conditions are reported. Evaluation protocols propose both verification and
identification scenarios.

Chapter 6 describes the application of the proposed approach to the task of speaker recogni-
tion. The experiments are conducted on the large and recent NIST SRE12 corpus.

Chapter 7 describes the application of the proposed approach to the task of bimodal (face
and speaker) recognition. The experiments evaluate both bimodal and multi-algorithm fusion
at the score level. In particular, scenarios, where there is significant condition mismatch, are
investigated.

Chapter 8 concludes this thesis by providing a summary of the major contributions and
findings. Potential directions for future work are also discussed.

In the appendices, we first describe Bob (appendix A), our open source framework for signal
processing and machine learning, as well as the satellite package associated with this thesis.
Together, they are convenient companions of this dissertation, which allow to easily regen-
erate all the reported results and plots. Second, we describe the application of the proposed
approach to the task of bimodal (face and speaker) gender recognition (appendix B).
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1.4 Notation

Scalars are indicated with lower case letters (e.g., x and y), vectors with bold lower case letters
(e.g., x and y) and matrices with bold upper case letters (e.g., X and I'). Sets of values are
denoted using the “\mathbb” type (e.g., O or R). An exception is ®, which is used to denote
the set of parameters of a model.
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Face and speaker recognition are usually addressed in different ways by the biometric commu-
nity. Nevertheless, they are classification tasks and existing approaches usually rely on three
key components [Duda et al., 2000], which are depicted in fig. 2.1.

The first component is segmentation, which aims at localizing the useful information inside the
captured input signal. For instance, an automatic face recognition system needs to determine
the location of a face prior to recognition. Similarly, an automatic speaker recognition system
needs to know when the person is speaking within an audio sample.

The second component is feature extraction, which maps the input signal (raw pixel image
or digital audio signal) to a feature vector belonging to the so-called feature space. This step
aims at enhancing the important information of the input, while suppressing redundant or
irrelevant information. For instance, in the context of face recognition, feature extraction can
reduce the impact of illumination variation, whereas in the context of speaker recognition, it
can improve the signal-to-noise ratio.

The third step is performed by a classifier, which is in charge of assigning a class label (e.g.,
true claimant or impostor in a verification scenario) to the feature vector extracted from the
input signal. Explicit programming is not a suitable scheme for such complex tasks, which
have a high within-class (session) variability and a low between-class variability. Therefore,
classification is usually achieved using a machine learning algorithm. These algorithms first
learn a model on a specific training set of samples. The model can then be applied to make
the decision.



Chapter 2. Related Work
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Figure 2.1 — SIMPLIFIED STRUCTURE OF A TYPICAL RECOGNITION SYSTEM.

Many challenges in face and speaker recognition can be attributed to the problem of session
variability. Session variability is anything that causes a mismatch between samples of the same
class. For instance, in face recognition this includes changes in illumination, pose, expression
or image acquisition, whereas in speaker recognition it consists of variations in microphones,
acoustic environments or transmission channels.

The feature extraction step should ideally lead to a new representation, where the effect of
these variations is not visible. In practice, this can often not be achieved by such a mapping in
a feature space. Learning algorithms can then be of great help.

The fields of face and speaker recognition are very broad. In the remainder of this chapter, we
review some of the existing work and discuss how we restrict this thesis to a specific subset of
machine learning algorithms. First, we introduce standard approaches for face and speaker
recognition. Second, we discuss classification in machine learning and highlight what is spe-
cific to these two tasks. Third, we review existing work in two categories of machine learning
algorithms: subspace-based and latent variable-based models. Fourth and finally, we intro-
duce a set of evaluation measures that are employed to empirically assess the performance of
the proposed systems.

2.1 Standard Approaches

2.1.1 Face Recognition

The first popular approach in automatic face recognition was developed at the end of the eight-
ies [Sirovich and Kirby, 1987]. It relies on an holistic representation, in which the whole face
region is fed to a classifier. It is well known that natural images contain significant statistical
redundancies [Ruderman and Bialek, 1993], especially after the normalization of face regions
with respect to scale, translation and rotation. From a statistical perspective, this redundancy
means that the pixel values of the input image are correlated variables.

One of the most famous representations that addresses this issue is called Eigenfaces [Sirovich
and Kirby, 1987, Kirby and Sirovich, 1990, Turk and Pentland, 1991a,b], which is based on
principal component analysis (PCA). PCA is a statistical procedure that computes a transfor-
mation to convert a set of possibly correlated input variables into linearly uncorrelated output
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variables, called principal components. This transformation is linear and can be represented
by a projection matrix Wpca, which is learned from a set of training samples. Formally, a fea-
ture vector o of dimensionality D, is transformed into a projected vector ¢ of dimensionality
D¢ < D, as follows:

t=Wpcao. (2.1)

This model, hence, leads to a new lower-dimensional representation of a face. At the decision-
making time, these new representations of images are compared using a metric such as the
Euclidean distance or the cosine similarity measure. From a machine learning perspective,
this approach is discriminative: given a feature vector o (the observed variable) extracted
from a sample y ., the aim is to directly predict the corresponding class i (the unobserved
variable), without specifying the joint distribution of o and i.

2.1.2 Speaker Recognition

In the field of automatic speaker recognition, a considerable amount of work has been con-
ducted in industry, laboratories, research institutes and universities, since the beginning of the
seventies (see [Campbell, 1997] for a survey). Early systems were operating in a text-dependent
mode, where the speakers had to utter the same words in order to be recognized. Later, systems
operating in text-independent mode were proposed, and this has now become the main trend.

Of particular interest, Reynolds’ Gaussian mixture model [Reynolds, 1992, Reynolds and Rose,
1995, Reynolds, 1995a] has built the foundation of current state-of-the-art speaker recognition
systems. After segmentation, this approach consists of decomposing the audio signal in a set
of overlapping windows of short duration (in the order of tens of milliseconds). A feature vector
o is then extracted from each window. For each class i, the probability distribution P (o | i)
of these feature vectors is modeled using a mixture of Gaussians with parameters ;. At test
time, this distribution is used to determine the probability that a test sample x . has been
generated by the class i. From a machine learning perspective, this approach is generative:
given a feature vector o extracted from a sample y, the distribution of the inputs P (0| i) is
explicitly modeled, before estimating the posterior probabilities P (i | 0).

2.2 C(lassification for Face and Speaker Recognition

Considering the previous two approaches, it appears that a discriminative model is employed
for face recognition, whereas a generative model is used for speaker recognition. More gener-
ally, the choice of a specific machine learning algorithm depends on the particular problem.

For classification tasks, support vector machines (SVM) [Vapnik, 1995] and multilayer per-
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ceptrons (MLP) [Bishop, 2007] are very popular in machine learning. SVMs have indeed been
used by researchers for both face [Phillips, 1999, Heisele et al., 2001] and speaker recogni-
tion [Campbell et al., 2004, 2006a]. This is also the case of MLPs [Lin et al., 1997, Cardinaux
etal., 2003, Farrell et al., 1994].

There are different ways of addressing the problem of face and speaker recognition. One
possibility is to rely on a single binary classifier that compares pairs of samples and tells
whether the samples are from the same class or not. A drawback is that such an approach does
not generalize well for authentication or identification scenarios when several enrollment
samples are available for a specific class. Indeed, the outputs of several comparisons between
the test sample and the class-specific (enrollment) samples of a given subject (class) then
need to be combined using a heuristic.

An alternative is to enroll a class-specific model for each subject. The classifier can then
determine whether a test sample belongs to the same class as one of the enrollment samples
or not. The number of enrollment samples for a specific class is typically small. In addition,
the training set is imbalanced in this case, which means that it contains much more negatives
(non-class) samples than class-specific samples. Training procedures for classifiers such as
SVMs and especially MLPs, as mentioned above, are usually suboptimal in this case.

More generally, the comparison of sets of samples instead of pairs of samples is a current line
of research in face recognition [Arandjelovi¢ et al., 2005, Kim et al., 2010]. This is also occurring
when matching video data [Poh et al., 2010]. In speaker recognition, the same problem is
intrinsically encountered. Several observations are typically extracted from audio samples of
various duration, and comparisons between these sets of observations are then performed.

2.3 Variability Modeling using Subspaces and Manifolds

The PCA approach estimates a subspace that captures the main directions of variability. Several
other machine learning techniques rely on subspaces or manifolds to model variability.

Similar to PCA, linear discriminant analysis (LDA) [Fisher, 1922] seeks for a subspace Wipa
that best describes the variability of the samples. However, and in contrast to PCA, the es-
timation of the projection matrix Wypy is performed in a supervised way, by making use of
the class label associated with each feature vector. Within-class and between-class scatter
matrices are computed, before optimizing a criterion (called the Fisher’s criterion) that aims
at maximizing the separability between classes in the projected space.

Both PCA and LDA lead to a linear projection of the feature vector. There has been a significant
amount of work to propose systems that offer nonlinear projections. In particular, Kernel
LDA [Mika et al., 1999, Baudat and Anouar, 2000] is a natural extension of LDA for the nonlinear
case, which employs the kernel function operator. The main idea is to map the input feature
space into a more convenient space in which variables are nonlinearly related to the input
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space. If ¢ is the function that describes this mapping between the input feature space and
this higher dimensional feature space %, the kernel function k computes the dot product in
this space &:

k(01,02) = ¢(01) - p(02) 2.2)

In practice, the formulation of Kernel LDA can be done in terms of only dot products of input
feature vectors. An expression of the kernel function is then sufficient and there is no need to
know the exact mapping ¢. This is known as the kernel trick.

Nonlinear subspace methods have also been proposed to compare sets of samples [Hamm
and Lee, 2008]. In this case, a set of samples is seen as a linear subspace and comparison
can then be performed by exploiting the fact that these subspaces can be described within a
Grassmann manifold.

2.4 Latent Variable Models

A latent variable model is a statistical model that seeks to relate a set of observed variables (or
observations) to a set of latent variables. For instance, in a classification task the observed
variables might be the feature vectors, whereas the latent variables describe the associated
classes.

One of the most well known latent variable models is factor analysis [Bartholomew et al., 2011,
Basilevsky, 2009], which assumes a linear relationship between the variables:

o=p+At+e. (2.3)

In this model, the latent variable ¢ is assumed to be independent and to follow a normal
distribution 4 (0, I). The latent variable ¢ is of dimensionality D¢, whereas the observation
o is of dimensionality D, (with D; < D,). The vector u allows the model to have a non-zero
mean, while the matrix A of dimension (D,, D) relates the two sets of variables. Assuming
that the noise (or residual) € has a Gaussian distribution .4 (0, ¥), the observation o follows a
Gaussian distribution A (g, AAT +W).

A particular case of special interest is when there is an assumption of isotropic Gaussian dis-
tribution .4 (0, 02 I) for the noise €. The corresponding model is then known as probabilistic
principal component analysis [Tipping and Bishop, 1999, Roweis, 1998], which is a probabilis-
tic formulation of the PCA model introduced earlier. With this additional assumption, the
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conditional probability distribution of the observed variable o given the latent variable £ is:

Po|t) =N (u+At,0°I). (2.4)

There are several advantages of defining such a probabilistic model compared to regular
PCA. First, PCA requires the diagonalization of a covariance matrix, which is computationally
expensive when both the number of samples and their dimensionality are large. Second, PCA
is not able to properly handle missing data. This means that incomplete samples must either
be discarded or completed using an interpolation method. The probabilistic version of PCA is
able to address these limitations.

More generally, latent variable models have the advantage of defining a proper probability
model in the space of inputs. Results can then be interpreted in terms of probabilities, rather
than using empirical measures. For instance, to measure how well a data point fits the training
data used for PCA, a common criterion is to rely on the Euclidean distance of this data point to
its projection into the principal subspace. In contrast, probabilistic PCA answers this question
using probabilities.

Similarly, the Gaussian mixture model (GMM) introduced earlier in this section has a formula-
tion in terms of a latent variable model. In this case, the latent variables are discrete [Bishop,
2007]. In the following chapter, we will introduce a different latent variable formulation for
GMMs.

2.5 Latent Variable Models and Subspaces

In this thesis, we investigate a set of latent variable models that model variability with sub-
spaces. These techniques are suitable to enroll class-specific models from a limited number of
enrollment samples and to compare sets of samples.

Three of the most successful techniques in improving robustness of speaker recognition model
variability with subspaces: inter-session variability modeling (ISV) [Vogt et al., 2005], joint
factor analysis (JFA) [Kenny et al., 2007] and total variability modeling (TV) [Dehak et al.,
2009, Dehak, 2009]. Another latent variable model known as probabilistic linear discriminant
analysis (PLDA) [Prince and Elder, 2007] has been proposed in the field of face recognition.
All of these models combine the strength of using subspaces to model variability (within-
class, between-class or total) while retaining a probabilistic interpretation. They are described
in details in the following chapters before being applied to the tasks of face and speaker
recognition.
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2.6 System Evaluation and Performance Measure

When evaluating a recognition system, samples of a database are typically employed for two
different purposes: to train a model or to probe the system. As pointed in the previous section,
it is often worthwhile to be able to enroll a model for a new class without the need of retraining
an expensive model from scratch. This requires separate data for training a generic model and
for enrolling class-specific models.

Evaluation protocols define which samples of a database should be used: (1) to train a generic
model, (2) to enroll class-specific models and (3) to probe the system. As opposed to the
training set, the evaluation set denotes enrollment and probe samples. Given a class-specific
model .%; (generated from a set of enrollment samples) and a probe sample .. (0r several
of them), a recognition system generates a score 1 (X e | %) To avoid biased evaluations, a
good practice consists of having different classes in the training and evaluation sets.

Classification systems commonly have several parameters to tune. When optimizing parame-
ters on the evaluation set, there is a risk of overfitting, which means that the system will offer
very good performance on the evaluation set, but will not generalize well.

In order to avoid overfitting, different strategies are possible. A popular approach in biometrics
relies on the definition of a development set (also called validation set). Similarly to the evalua-
tion set, this development set consists of enrollment and probe samples and it should be used
to optimize the parameters of a system. In contrast, the evaluation set is only employed for
assessing the performance. Furthermore, if a model overfits, it will lead to good performance
on the development set, but this will not generalize well on the evaluation set. Again, to avoid
biased evaluations, the classes in the training, development and evaluation sets should ideally
be disjoint (cf. tab. 2.1).

Another approach to avoid overfitting is cross-validation, a common variant being n-fold
cross-validation. In this scenario, the database is randomly partitioned into 7 folds of equal
size. The cross-validation process is repeated n times, by considering one fold for evaluating
the model and the remaining n — 1 for training. The n results from the folds can then be
combined to produce a single performance measure.

Table 2.1 — TYPICAL EVALUATION PROTOCOL IN BIOMETRICS. This table shows how classes (identi-
ties) are split into different subsets in a typical evaluation protocol for biometric systems. In an unbiased
protocol, there is no overlap between classes of the three subsets: training, development and evaluation.

Classes (Identities)
Training | Development | Evaluation
Enrollment Enrollment
Probe Probe

Once an evaluation protocol has been defined, the performance of a classifier can be assessed.
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Several metrics have been proposed for this purpose, and their popularity typically depends
on the field.

2.6.1 Verification Measures

In a verification scenario, the decision-making process consists of comparing a score 1 (¥ oq; | )
with a threshold 6 to output a decision of acceptance or rejection. When a score is higher than
the threshold, it is accepted and the class of the probe sample x . is considered to be the
same as the one of the model ..

A verification system can produce two different types of errors:

— false acceptance (FA) if the system has wrongly accepted an impostor,

— falserejection (FR) if a true claimant (also called true, genuine or legitimate client) has been
rejected.

By splitting up the scores into true claimant scores and impostor scores, we can define the false

acceptance rate (FAR) and false rejection rate (FRR):

|FA|
FAR(0) = — ) (2.5)
limpostor accesses|
|FR|
FRR(0) = (2.6)

[true claimant accesses|’

where 0 is the decision threshold.

Another widely used measure is the half total error rate (HTER), which summarizes the FAR
and the FRR into a single value as follows:

FAR (0) + FRR (0)

HTER (0) = 2

(2.7)
A common way to select a decision threshold 6 is to look for the equal error rate (EER), which
is the rate, at which the FAR is equal to the FRR.

A limitation when reporting EER or HTER values is that they describe the performance of a
system for a specific operating point. In addition, the FAR and the FRR are highly correlated:
depending on the threshold 0, increasing the FAR will reduce the FRR, and vice versa. A
possible representation to show the performance of a system at various operating points is the
receiver operating characteristic (ROC) curve. An ROC curve plots the correct acceptance rate
(CAR =1 - FRR) against the FAR. To improve readability, a logarithmic scale for the x-axis is
often used. Another related representation is the detection error tradeoff (DET) curve, which
plots the FAR against the FRR, using axes that are scaled nonlinearly by their standard normal
deviates [Martin et al., 1997]. This yields tradeoff curves that are more linear than ROC ones.
Examples of ROC and det curves are shown in fig. 2.2.
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Figure 2.2 - EXAMPLES OF ROC AND DET CURVES. This figure shows examples of ROC curves (a)
and of DET curves (b).

2.6.2 Identification Measures

In an identification scenario, every probe sample is compared with all the class-specific models
stored within the system. The decision-making process then consists of returning the set of n
classes (models) that are similar to the one of the probe sample. In practice, this is achieved by
returning the 7 classes (models) corresponding to the n largest scores i (¥ s | -#;) obtained
with the probe sample y,.;. The identification of a probe sample is correct when its class
belongs to the returned set of n classes. If the model corresponding to the probe sample gives
the r largest score, the rank of this probe sample is said to be equal to r.

The identification performance of a system can be represented using a cumulative match
characteristics (CMC) curve. For each value r, the CMC curve displays how many probe
samples have a rank r or lower, normalized by the total number of probe samples. When
r =1, the corresponding measure is known as the recognition rate (RR). To improve legibility, a
logarithmic scale for the x-axis might be used. Example of CMC curves are shown in fig. 2.3.
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] GMM-based Latent Variable Models

In this chapter, we describe several latent variable models that are built on top of a Gaussian
mixture model (GMM) classification framework. These probabilistic models are scalable and
address the problem of session variability that is encountered in several classification tasks.

We present a self-contained description of these techniques and explain how to apply them
to face and speaker recognition, despite the very distinctive nature of the signals considered
(visual and audio, respectively). Furthermore, the similarities and the differences between
these approaches are highlighted both theoretically and empirically using a synthetic dataset.

3.1 Introduction

The problem of session variability is common to several fields such as face or speaker recogni-
tion. While face and speaker recognition systems offer good performance under controlled
conditions, there is still room for improvement in more realistic uncontrolled scenarios. In
particular, this has been part of the motivation for the collection of recent face and speaker
databases such as MOBIO [McCool et al., 2012] and Multi-PIE [Gross et al., 2008], which
contain several types of variabilities across recordings.

Alarge variety of approaches have been proposed in both fields. In the speaker recognition
community, one of the most popular approaches is the Gaussian mixture model (GMM)
framework [Reynolds et al., 2000], which is a generative modeling technique. Recently, several
techniques were proposed on top of this approach, which attempt at modeling detrimental
session variations to improve the robustness of recognition systems. We investigate three
such methods in the remainder of this chapter: inter-session variability (ISV) modeling [Vogt
and Sridharan, 2008], joint factor analysis (JFA) [Kenny et al., 2007] and total variability (TV)
modeling [Dehak et al., 2011]. ISV and JFA aim to explicitly model and remove within-class
variation using a low-dimensional subspace. JFA can be considered to be an extension of
ISV as it additionally utilizes a between-class subspace to capture important discriminative
class-specific information. Similarly to ISV and JFA, TV (also known as i-vector modeling) is

19



Chapter 3. GMM-based Latent Variable Models

built on top the GMM framework. However, this is an unsupervised technique, and session
compensation is carried out separately in a low-dimensional space after the extraction of
low-dimensional i-vectors.

Miris Synthetic Dataset

To visualize the behavior of these techniques, in particular the subspaces learned, we gener-
ate a synthetic dataset. This toy example is inspired from the Iris flower dataset introduced
in [Fisher, 1936], considering only two dimensions. It consists of four classes, three of them
being part of the training set, while the last one is used to enroll a class-specific model. This
dataset is depicted in fig. 3.1. In the following, all the figures that are generated using this
dataset are reproducible using the satellite package associated with this dissertation (see
sec. A.3.2).

Miris dataset
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Figure 3.1 — MIRIS SYNTHETIC DATASET. This figure shows the Miris synthetic dataset. It consists
of four classes, three of them being used for training (Mersicolor, Mseudacorus and Mirginica) and the
remaining one for enrollment (Metosa). Each sample consists of five feature vectors (observations/dots).
The samples are not shown on the plot.

3.2 Feature Representation

When using latent variable models for face and speaker recognition, the same underlying
approach is taken. The main difference is how the feature vectors are extracted from the image
(face) and audio (speech) samples. For both modalities, a biometric sample y (image or audio)
is decomposed into a set O of K feature vectors (O = {01, 0, ..., 0x}), where each feature vector
is of dimensionality D,. This decomposition is performed in the spatial domain for the image
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data, and in the time domain for the audio data. For instance, visual features might consist of a
set of 2D discrete cosine transform (DCT) coefficients extracted from a regular grid of blocks in
an image [Sanderson and Paliwal, 2003] (see also sec. 5.3.3). Considering the audio modality,
features might consist of a set of Mel frequency cepstrum coefficients (MFCCs) extracted on

overlapping time frames (see sec. 6.3).

Whenever required, the notation y; ; will be used to describe the j™ sample of the class i. The
corresponding set of K; ; extracted feature vectors is then written O; j = {oi,j,l, 0i,j2,--,0i j K, }

3.3 Gaussian Mixture Model

3.3.1 Model Formulation

A Gaussian mixture model (GMM) is a probabilistic model for density estimation. It corre-
sponds to a mixture (or weighted sum) of Gaussian distributions that is used to represent the
distribution of a set of feature vectors.

More formally, a GMM consists of C multivariate Gaussian components, each of dimensional-
ity Do. Each component is defined by its weight, w., mean vector, p ., and covariance matrix,
2., so that the corresponding probability density function is given by:

C
P01©)=) w.AN[olp,Z], (3.1)

c=1

where @ = {w¢, £, Zc}c=q1,..,c} are the parameters of this model.
In addition, the mixtures weights, ., must satisfy the constraints 0 < w. <1 and Zle we=1.

Given a set of M-dimensional feature vectors O = {01, 0>,...,0k}, an interesting property
of multivariate Gaussian distributions is that the sample mean (first-order statistic) and the
sample covariance (second-order statistic) of these points define a sufficient statistic. A statistic
is said to be sufficient for a family of probability distributions, if the points from which it is
calculated give no additional information than does the statistic [Fisher, 1922]. This is of
particular interest when looking for maximum likelihood estimators [Bishop, 2007] that are
computed for the models described in this chapter. For a Gaussian mixture model and given a
sample y with corresponding feature vectors O, the sufficient statistics consist of the zeroth-,
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Chapter 3. GMM-based Latent Variable Models

first- and second-order statistics wrt. to each component c:

K
ne(0) =Y yclor), (3.2)
k=1
K
fe @) =) vclop)og, (3.3)
k=1
K T
Sc(0@ =) yclor) (0k—f. (@) (0ok—f, (@), (3.4)
k=1

respectively, where the term y.(0y) is the occupation probability (also called responsibility or
posterior probability) of the k™ observation of the sample y for the ¢ component:

weN [ok | Ilc,zc]
YO weh [0k | e, 2]

Yelog) = (3.5)
The occupation probability express how well a component ¢ of a GMM represents a given
feature vector (or observation).

A classification approach based on GMMs has been used successfully for both face [Sander-
son and Paliwal, 2003, Lucey and Chen, 2004, Cardinaux et al., 2006] and speaker recogni-
tion [Reynolds, 1992, Reynolds and Rose, 1995, Reynolds, 1995a, Reynolds et al., 2000]. This
approach decomposes the input signal (face or speech) into a set of overlapping observations
(in the spatial domain or temporal domain), which are considered to be separate observations
of the same signal. One of the main motivations is that a linear combination of Gaussian
functions allows to represent a wide class of sample distributions, ranging from smooth to
arbitrarily-shaped densities. In addition, it was found to offer a good trade-off in terms of
complexity, robustness and discrimination [Cardinaux et al., 2003, 2006].

GMMs can have several different organizations and types of covariance matrices [Reynolds
and Rose, 1995]. The most general case is to have one full covariance matrix per Gaussian
component per class-specific model (nodal covariance), but alternatives were investigated.
One possibility is to consider a single covariance matrix shared by all Gaussian components in
a class-specific model (grand covariance). Another option, which is even more restrictive, is to
consider a single covariance matrix shared by all class-specific models (global covariance).
Another aspect is the shape of the covariance matrix, full rank and diagonal matrices being very
popular. In this work, we consider diagonal covariance matrices. This is motivated by previous
work, as it was shown that the density modeling of a full covariance GMM can equally well
be achieved using a diagonal covariance GMM with more Gaussian components. In addition,
diagonal covariance matrices are very efficient to invert compared to full rank matrices, which
is usually required several times when training a GMM.

The key aspects for applying GMMs to face or speaker recognition are: (1) how to obtain the
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features (preprocessing and feature extraction), (2) how to generate a model of each class
(enrollment), and (3) how to perform authentication given a probe sample and a claimed class
(testing).

Step (1) has been succinctly described in the previous section (sec. 3.2), and steps (2) and (3)
are described below.

3.3.2 Training

When using GMMs for recognition, the model .%; for the class (subject, identity or client) i is a
GMM. This GMM is learned from a set of enrollment samples. Several techniques have been
proposed to estimate the parameters of a GMM [Mclachlan and Basford, 1988, Mclachlan and
Peel, 2000]. One of the main challenges is that the number of enrollment samples per class is
usually limited, possibly to a single sample. To address this issue, it has been shown that for
both speaker [Reynolds et al., 2000] and face authentication [Lucey and Chen, 2004, Cardinaux
etal., 2006] an efficient enrollment method is to use a class-independent prior GMM ./, called
the universal background model (UBM), and to adapt this prior to the enrollment samples of
the class i to generate the class-specific model .%;.

Training a Universal Background Model (UBM)

One of the most popular techniques to estimate the parameters of a GMM is maximum
likelihood (ML) estimation. ML is applied to learn a UBM .# by maximizing the likelihood
of the GMM parameters given observations extracted from a large independent training set
of several identities. Given a training set Qyin = {01,..., 0k,,;,} Of Kirain feature vectors and
assuming that these feature vectors are independent, the GMM likelihood is given by:

Ktrain

P (Oain |©) = [] P(0k|0). (3.6)
k=1

There is no closed form solution for the maximization of this function of ®. Nevertheless,
the ML estimate of ® can be obtained using the iterative expectation-maximization (EM)
algorithm [Dempster et al., 1977]. EM has a broad applicability and it is used for several
statistical models described in this thesis. At a maximum of the likelihood function eq. (3.6),
the derivatives must be set to zero with respect to the parameters ®. When writing down these
conditions in the context of GMM, several useful quantities appear, such as the sufficient
statistics given by eq. (3.2), eq. (3.3) and eq. (3.4). The only difference is that these statistics are
then computed over the full training set Oyrajn.

The basic idea of EM is to begin with an initial GMM with parameters . In practice, this
initial GMM is obtained by initializing the means with a clustering algorithm, such as k-
means [Steinhaus, 1957, MacQueen, 1967] or its variant k-means++ [Arthur and Vassilvitskii,
2007] that seeds the initial centers more carefully. EM alternates between the following two
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steps: expectation and maximization. During the expectation step (E-step), the occupation
probabilities of the training samples are evaluated using the current GMM parameters. During
the maximization step (M-step), the parameters of the GMM are updated using the current
occupation probabilities. These steps are repeated for a given number of iterations or until
some convergence criterion is fulfilled. A more detailed procedure of the EM algorithm for
GMM is given in alg. 1, and its application to the Miris dataset is shown on fig. 3.2.

Furthermore, this procedure can be refined when diagonal covariance matrices are used. The
second-order statistics can then be stored in vectors instead of matrices, and multiplications
are then performed element-wise (see eq. (3.4)).

GMM Training (ML) (GMM with 2 Gaussians)
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2.5H e Mircini
irginica
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Figure 3.2 - MAXIMUM LIKELIHOOD ESTIMATION FOR A GMM ON THE MIRIS DATASET. This
figure shows the application of the maximum likelihood estimation procedure to train a GMM on the
Miris dataset. The GMM consists of two Gaussian components, and its means are initialized by hand
to (0.5,0.5) and (2.5,2.5), respectively. The evolution of the GMM means during EM with respect to the
training iterations is displayed.

When training a UBM on a large dataset, the computation of the statistics needed for the
M-step might require a significant amount of time. These statistics involve three sums over
all the samples of the training set (see eq. (3.2), eq. (3.3) and eq. (3.4)). To take advantage of
multi-core processors or computer clusters, it is interesting to notice that the computation of
these sums can be parallelized on a per-chunk basis, as follows. First, the training set is split
according to a partition, each subset of the partition being a “chunk”. During the E-step, the
statistics for each subset of the partition are computed on separate cores or nodes. During
the M-step, the statistics are first summed over the subsets, giving the statistics over the full
training set, and the parameters of the models are then updated.
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3.3. Gaussian Mixture Model

Algorithm 1 Maximum Likelihood Estimation for GMM using Expectation-Maximization

.....

2: for it = 1 to maximum number of expectation-maximization iterations do
3:  E-step: Evaluate the responsibilities using the current GMM parameters

we N (o e 2T

Cc

it
(0p) = - - - # eq. (3.5)
T T A o W ’
and the sufficient statistics:
Count
. Kirain .
Ny (Ogain) = Y Ve (0k) # eq. (3.2)
k=1
First-order moment
. Ktrain .
FeOuain) = Y ve(0p)ok # eq. (3.3)
k=1
Second-order moment
. Kirain | fit(@t ) fit(@t ) T
Slt(@)train): Z Ylt(ok) (Ok— < an o) — < ram # eq. (3.4)
¢ k=1 ¢ nlct (Otrain) nlct (Otrain)
4:  M-step: Weights: ‘
it nlct (Otrain)
W, =——
Ktrain
5: Means: i
it it
= ———f¢ Oain)
¢ nlct (Otrain) ¢ i

6: Variances:

. 1 )
20 = =S¢ Ouain)
¢ nlct (Otrain) chn

7. Evaluate the likelihood, check for convergence and stop the loop if the convergence criterion is
satisfied
8: end for

9: return GMM ML estimate @ = {oML pME MLy 0 )

Adapting a Class-specific Model

Once a UBM has been learned, a class-specific model is derived by adapting the parameters
OUBM = @ML of the UBM, which is seen as a prior distribution, to the enrollment samples for
this class. The main motivation is to adapt the well-trained parameters of the UBM to the
enrollment samples rather than learning all the parameters of the class-specific model from a
possibly limited number of enrollment samples. In practice, a form of Bayesian adaptation

called maximum a posteriori (MAP) estimation [Gauvain and Lee, 1994] is employed.

Similarly to the EM algorithm, this adaptation is a two step process. The sufficient statistics of
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the GMM are first computed, which consists of the zeroth-, first- and second-order moments
of the GMM. In the second step, these statistics are combined with the parameters of the UBM
prior distribution, using an adaptation mixing coefficient.

Algorithm 2 Maximum A Posteriori Estimation for GMM

1: Prior UBM: @UBM = {wEBM,pEBM,ZEBM}Cz{l ,,,,, cy and enrollment samples: QOcpop =
{01’ e oKenroll}
2: Step 1: Evaluate the responsibilities using the UBM parameters

UBM UBM UBM
WM A [of | pdBM, =TEM]

Ye(0K) = # eq. (3.5)
e, 0 ™MA [or | pd™Y, ZTPM]
and the sufficient statistics:
Count
MAP Kenroll
ne (Oenromn) = Z Ye(0og) # eq. (3.2)
k=1
First-order moment
MAP Kenroll
fc (Oenron) = Z Yc(0r) 0 # eq. (3.3)
k=1
Second-order moment
Koot T @enron) PV @enrot) |
S @enron) = Y. YMAP (o)) [0 — R0 | [ g — £E__——CO # eq. (3.4)
¢ e kgl ¢ nlg/[AP (®enroll) nl;/[AP ((Denroll)
3: Step 2: Update the parameters of the model:
Weights:
MAP
n (@)
w];/[Ap _ (a,cu c K( enroll) n (1 _ a?,) wEBM) p
enroll
4: Means: MAP
MAP mf c (@enroll) my ..UBM
i = gmle enrolll (g pmy
‘ ¢ ng/[AP (@enron) ¢ ¢

5: Variances:

2 2
ZEAAP = agslc\‘/IAP (Oenron) + (1 - ag) (ZEBM + (I‘EBM) - (MI;/IAP) )

6: return GMM MAP estimate @“AF = {oMAP [ MAP sMAPy (0

This technique is described in alg. 2. The scale factor, p, is set such that the weights sum
to unity. The adaptation coefficients {a!,a’,a/}-q,. ¢} control the balance between the
prior UBM distribution and the new estimates, for the weights, the means and the variances,
respectively. In [Reynolds, 1997, Reynolds et al., 2000], it is proposed to use a single data-
dependent adaptation coefficient a, for each GMM component. In particular, this means
that the same adaptation factor a, = al = a' = a! is used for the weight, the mean and the
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variance of a GMM component. This data-dependent adaptation coefficient is defined by:

nMAP

C
Ay = ——- (3.7)
¢ nMAP 4 7

where 7 is a fixed parameter called the relevance factor and n%/[AP (Oenron) the zeroth-order
statistics of the enrollment samples (see eq. (3.2)). There are several advantages to use such a
data-dependent adaptation coefficient. First, the components that are far from the enrollment
samples (with a low probabilistic count value) are not adapted, as there is a high ambiguity due
to the low amount of samples in this area of the feature space. In this case, the parameters of
the old and well-trained UBM are emphasized. In contrast, components with high probabilistic
counts are adapted more, according to the enrollment samples. The relevance factor 7 is the
parameter that allows to control the balance between these two effects.

Considering the Miris dataset, the impact of increasing the relevance factor is shown on
fig. 3.3(a). In this case, the UBM learned on three classes (cf. fig. 3.2) is adapted to the en-
rollment samples of the class Metosa. The higher 7 is, the less the UBM means are adapted.
Similarly the impact of the number of enrollment samples for a fixed relevance factor is shown
on fig. 3.3(b). The larger is the number of enrollment samples, the more the UBM means are
adapted.

MAP adaptation allows to generate a class-specific model .%; with limited amounts of enroll-
ment data. In practice it has been shown that mean-only adaptation, where only the means
of the UBM are adapted, is effective for speaker [Reynolds et al., 2000] and face authentica-
tion [Lucey and Chen, 2004, Cardinaux et al., 2006]. We refer to this adaptation technique as
mean-only relevance MAP in the following.

3.3.3 Supervector Notation

A compact way to write mean-only relevance MAP adaptation is by using GMM supervector
notation. This notation also provides a compact representation to describe the session variabil-
ity modeling techniques introduced in the remainder of this chapter. The GMM supervector
notation consists of taking the parameters (weights, means and covariance matrices) of a
GMM and creating a single vector or matrix to represent each of them.

An example of this would be that the means of the UBM can be concatenated to form a single
mean supervector given by:

131

m=|"2]. (3.8)

Hc
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Figure 3.3 - MAXIMUM A POSTERIORI ESTIMATION FOR A GMM ON THE MIRIS DATASET. This
figure shows the adaptation of a UBM using maximum a posteriori. The UBM is adapted to the enrollment
samples of the Metosa class. The impact of the relevance factor is shown on (a) (using all the 50 enrollment
samples, while T varies from 1 to 16). The impact of the number of enrollment samples (varying then
number of enrollment samples from 5 to 50 for a fixed relevance factor T = 2) is shown on (b).

Using this notation it is shown in [Vogt and Sridharan, 2008] that mean-only relevance MAP
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adaptation equates to:
s,~=m+d,~, 3.9

where the class-specific model is given by s;, which is a mean supervector consisting of
two parts: (1) the prior world model, m, and (2) a class-specific offset d;. When performing
mean-only adaptation, the only GMM parameters that are different between the UBM and
any class-specific model are the means. In the following, by abusing the notation, we, hence,
refer to the UBM . by its mean supervector m and to the model .%; of class i by its mean
supervector s;, respectively. In addition, the class-specific offset d; is [Vogt and Sridharan,
2008]:

d;=Dz;, (3.10)
where D is a diagonal matrix of size (CD,, CD,) 1 satisfying:
I=1tD'37'D, (3.11)

and X is a block diagonal matrix with block diagonal entries consisting of the covariance
matrices 2. for each of the C components of the UBM:

> 0 0
0o > 0
> = . (3.12)
0 . 0
0 0 >¢

The latent variable z; is assumed to be normally distributed, z; ~ A (0, I).

Creating a class-specific model is achieved by finding the MAP solution of z; [Vogt and Sridha-
ran, 2008]:

zi=@I+N) ™ fim. (3.13)

The terms N; and f;,, refer to the zeroth-order and mean centralized first-order statistics of
the J; enrollment samples of the i class. The mean centralized first-order statistic is:

Ji
fim= Z‘fi,jlm (3.14)
j=i

where the mean centralized first-order statistic for the j sample of class i is:

Fijm=Fij—Nijm, (3.15)

1. We remind that C refers to the number of Gaussian components of the GMM, and D, refers to the dimen-
sionality of the feature vectors, and, therefore, CD, = C x D, refers to the dimensionality of a mean supervector.
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-
fl.,]. = [fl.T].,l, l-Tj.Z, cees iTj~c] ,and fl-’j;c is the first-order statistic of component c for the jth

sample of class i given by eq. (3.3), when using the following notations:

N jic = Ne (@’i,j) R fi,j;c = fc (@)i,j) and Si,j;c =S. (‘U)i,j) . (3.16)

The zeroth-order statistic of class i is:

Ji
Ni=) N;;j, (3.17)
j=1
where
Nij O 0 Rijic 0 0
N,'yjz 0 0 , and Ni,j;c: 0 0 . (3.18)
0 0 Ni,j;C 0 0 nl-,]-;c

The term n; ;. is the zeroth-order statistic of component c for the j™ sample of class i given
by eq. (3.2) and N; j;c is of size (Do, D).

3.3.4 Classification

At test time, given the model of a claimed class s; and a set of feature vectors Qyest = {01, ..., Ok, }
extracted from a test sample . the goal is to generate a score that quantifies whether or not

the test features were generated by this model. This score might correspond to two different

hypotheses, that are (Hp) “the features Qs were generated by the class-specific model s;”

and (H;) “the features were not generated by the class-specific model”, respectively.

In a verification scenario (2-classes problem), a statistical test suitable to decide between these
two hypotheses is a likelihood ratio test [Reynolds et al., 2000]:

P (Orest | Hp) { =0 accept Hy (3.19)

P(Owst | H) | <6 reject Hy

where P(Qegt | Hp), n = {0, 1} is the probability density function for the hypotheses H,, con-
sidering the set of feature vectors O extracted from the test sample x .. The decision
threshold 0 is used to determine whether to accept or reject Hy.

The model associated with the hypothesis Hy is well-defined and corresponds to the class-
specific model s;, estimated with the enrollment samples of i. Therefore, the probability
P (O¢est | Hp) can be easily estimated as the likelihood of the test features Oest given the GMM
class-specific model s;. In contrast, the model associated with the hypothesis H; is more
ambiguous since it is supposed to describe all the possible alternatives to the hypothesized
class i. A very popular choice is to use the UBM as the model associated with the hypothesis
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H,, and in this case, the probability density function value P (O | H;) is estimated as the
likelihood of the test features Ocs; given the UBM m.

Log-likelihood ratio score

Even for a generic recognition scenario (possibly not a verification one), the likelihood ratio
given by the left term in eq. (3.19) can be computed to obtain a biometric score. When using
Gaussian distributions as in this work, it is often more convenient to consider the logarithm of
this expression. This leads to a log-likelihood ratio (LLR) score:

I<tesl
h(Oest, si) = Y (In(P (0 | 57) — In(P (0 | m))) . (3.20)
k=1

Linear scoring approximation

In [Glembek et al., 2009], a fast scoring technique known as linear scoring is proposed, that is
used in this thesis. This is a first-order approximation of the log-likelihood ratio that is shown
to be as accurate and up to two orders of magnitude more efficient to compute. Using the
GMM supervector notation, linear scoring can be simply written:

Minear (Otest, $i) = (8 — m)’ Z_1ftest|m' (3.21)

3.4 Inter-Session Variability Modeling and Joint Factor Analysis

Inter-session variability (ISV) modeling [Vogt and Sridharan, 2008] and joint factor analysis
(JFA) [Kenny et al., 2007, Glembek, 2012] are two session variability modeling techniques that
were successfully applied to speaker recognition.

ISV and JFA are applied in the context of a GMM-based system. In the case of mean-only
relevance MAP adaptation, as described in sec. 3.3, there is no explicit modeling of session
variability. The model consists of only two parts, the UBM m and the class-specific offset d;
as described by eq. (3.9). Ideally, the resulting class-specific model should be robust to any
variations within the class’s enrollment samples due to, for example, changes in illumination,
expression or pose in the context of face recognition. However, this variation is not accounted
for in eq. (3.9), and so this will likely lead to a suboptimal class-specific model, particularly in
the case of limited enrollment data.

Session variability modeling proposes to model the variation between different sessions of
the same class and compensate for this variation during enrollment as well as testing. This is
achieved by excluding sources of session variation when generating a class-specific model as
well as estimating and compensating for the different conditions (session variations) observed
in test samples. This approach of session variability modeling is highly advantageous as it can
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be used in conjunction with state-of-the-art normalization techniques to model the residual
noise which will inevitably be left behind; no normalization technique is perfect and so there
will always be some residual form of noise or session variation.

When we apply session variability modeling to face or speaker recognition, we consider that
each sample corresponds to a different session. This seems intuitive because each sample
can be captured under different conditions and/or different sensors. Following [Vogt and
Sridharan, 2008], the particular conditions of a session are assumed to result in an additive
offset to the class-specific model s;:

Bij=Situj, (3.22)

where u; ; is the session-dependent offset for the j™ sample of class i, and u; j is the resulting
mean supervector of the GMM that best represents the sample O; ;. The goal of enrollment
using session variability modeling is to find the true session-independent class-specific model,
si, by jointly estimating it along with each u; ;.

Both ISV and JFA explicitly model session variability, however, JFA also explicitly models
between-class variability. This difference, along with the algorithms used for estimation,
training and classification, is discussed in more detail in the following sections.

3.4.1 Inter-Session Variability Modeling (ISV)

The ISV technique, proposed in [Vogt and Sridharan, 2008], assumes that within-class variation
is contained in a linear subspace of the GMM mean supervector space. That is:

u;j=Ux;;, (3.23)

where U is the low-dimensional subspace of size (CD,, Dy) that contains within-class varia-
tion, and x;, j, of length Dy, is the latent session variable, which is assumed to be normally
distributed (x; ; ~ A (0, I)). As with relevance MAP adaptation, the class-dependent offset is
setto d; = Dz;, as per eq. (3.10) and eq. (3.11).

To summarize, in this generative model each sample is assumed to have been generated by a
GMM mean supervector:

Mij=m + Uxi,j +Dz;. (3.24)

At enrollment time, the model for class i is obtained by estimating the latent variables, z; and
x; j, using the procedure described in sec. 3.4.3. The estimated effect of session variability in
each sample eq. (3.23) is then excluded from the class-specific model. This means that for ISV
the resulting class-specific model is:

sV=m+Dz;. (3.25)
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This should not be confused with relevance MAP adaptation eq. (3.9) because to obtain sgsv the
latent class variable z; is estimated along with the latent session variable x; ; in the generative

framework defined by eq. (3.24), thus suppressing the effects of session variability. Therefore,
ISV
i

s;. Scoring for ISV is discussed in sec. 3.4.5.

the class-specific model for ISV, s.°", is quite different to the one for relevance MAP adaptation,

3.4.2 Joint Factor Analysis (JFA)

JFA [Kenny et al., 2007] can be seen as an extension of ISV. Specifically, for JFA the class-
dependent offset is defined as:

d,’ = V.Vi +Dz,~, (3.26)

in contrast to relevance MAP adaptation and ISV, where d; = Dz;. For JFA, V is a low rank
rectangular matrix of size (CD,, Dy), y; is the latent class variable of size Dy, which is assumed
to be normally distributed (y; ~ A4 (0, 1)), and d; is, thus, distributed with covariance matrix
D*+VVT. The assumption of this model is that most between-class variability is contained
within a low-dimensional subspace V, which is in fact the assumption of the well-known
eigenvoice modeling technique [Thyes et al., 2000]. One of the motivations for using JFA is
to improve enrollment of a class with limited data by allowing a class-specific model to be
approximately represented by only the small number of factors in the latent class variable y;.

To summarize, in contrast to ISV eq. (3.24), for JFA each sample is modeled by:

MJZHH40Q+UMJ+bZL (3.27)

In this case, both V and D are learned from training data, in addition to U, using maximum
likelihood (see sec. 3.4.4). At enrollment time, the model for class i is obtained by estimating
the latent variables x; ;, y; and z; (see sec. 3.4.3). As with ISV, we then suppress the effects of
session variability by removing the term Ux; ;. For JFA, the resulting class-specific model is:

S =m+Vy,; +Dz;. (3.28)
Scoring is similar to ISV and is discussed in sec. 3.4.5.

In order to use the ISV and JFA frameworks described above we need to be able to: (1) estimate
the latent variables, x; j, y; and z;, and (2) train the subspaces U, V and D. As described
below, to solve these two problems we follow the approach of [Vogt and Sridharan, 2008] for
ISV, which is, in short, MAP estimation to solve problem (1) and maximum likelihood (ML)
estimation to solve problem (2).
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3.4.3 Estimation of Latent Variables

The approach to estimate the latent variables is identical for ISV and JFA. The aim is to jointly
estimate the latent variables, x; ;, y; and z;, using MAP estimation. In case of ISV, only x; ;
and z; need to be estimated. These latent variables are of size Dy, Dy and CD, for x; j, y;
and z; respectively.

Central to this process is to note that the latent class variables (z; for ISV and additionally y;
for JFA) are tied together for all of the J; enrollment samples of class i. This means that all
Ji enrollment samples share the same latent class variables but have different latent session
variables [x,-yl X020 Xi ] We can represent this in a convenient way by:

Hi1 m
=| : [+A4A, (3.29)

K, m

where we have concatenated the latent variables of the class i to form, for JFA:

T
2. |7 4,7 T T T
Afl = Zl ’yl ,xi’l,xl’,z,...,xl"]i y (3.30)

and A is a composite matrix with J; entries of U, D and V, with U being repeated in a block
diagonal fashion such that:

A

D v u o o
D v o owuU

the tilde symbol ~indicating that the dimension of a variable (or a matrix) depends on the num-
ber of samples J; for the class i. We use a similar approach to represent ISV by simply removing
the columns referring to V in eq. (3.31) and its associated latent variable y; in eq. (3.30); also
note that for ISV D is defined by eq. (3.11) rather than D, which is learned from data. For clarity
we note that the dimensions of the matrices involved are the following: D is assumed diagonal
and is of dimension (CD,, CD,), V is rectangular of dimension (CD,, Dy) and U is rectangular
of dimension (CD,, Dy). Thus the matrix A is of dimension (J; x CDy, CDy + Dy + J; x Dy)
and A; is a vector of size CD, + Dy + J; x Dy.

Using the above formulation, class enrollment reduces to finding the MAP estimate of A

A; =argmax P(A;|0;),0;2,...,0; ),

A;
Ji
=argmax P(z)P(y) [[ P(©s;1xij,y;,20)P(xi ), (3.32)
A j=1
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where y; is omitted in the case of ISV. Solving this leads to the solution [Kenny et al., 2008]:

~ % ~ T 1 e o= T ]i
Ai=E[A]=(r+aTs7'N;a) aTE! Zfi.jlm)’ (3.33)
i=1
where:
0 0 Niy 0 0
=9 . o| and N;=| o . o |- (3.39)
0 0 = 0 0 N;j

To solve eq. (3.33) we use a Gauss-Seidel approximation method inspired from [Vogt and
Sridharan, 2008]. This approximation method was proposed for ISV and is necessary because
A grows quadratically with respect to the number of samples J; and so inverting the matrix
(I + ZlTi_l N iﬁ) quickly becomes intractable, even if we try to exploit its structure (see Section
3.3.2 of [Vogt and Sridharan, 2008] for more details).

Algorithm 3 Latent Variables Estimation of Identity/Class i for ISV/JFA

1: yi=0,z,~=0andx,',j=0;j=1,...,]l-

2: Estimate N;jand f; ;; j=1,....Ji # eq. (3.18) and eq. (3.3)
3: N,-zzf:lN,-,j # eq. (3.17)
4 fi|m=Z§i:1fi,j|m # eq. (3.15)
5: for it =1 to Number of Gauss-Seidel iterations do

6: Estimate[ [y;] # eq. (3.36)
7. forj=1toJ;do

8: Estimate E [x; ] # eq. (3.35)
9: end for

10:  Estimate £ [z;] # eq. (3.37)
11: end for

12: return E[y;], Elz:], [E[xi1],....E[x;,]]

The Gauss-Seidel algorithm, alg. 3, iteratively estimates each latent variable. It does this
by factorizing the concatenated latent variable A; into its respective latent variables z;, y;,
x; through to x; ;,, this takes advantage of the known structure for these latent variables.
Each factorized latent variable is then estimated using the most recent estimate of all of the
other latent variables. In this case, we no longer jointly estimate each latent variable but
estimate a latent variable by considering all of the others to be fixed (or known). This simplifies
the estimation steps as we now only need to solve for one latent variable; a more detailed
description and motivation for this approach is given in Section 3.4 of [Vogt and Sridharan,
2008]. We initialize this algorithm by setting all of the latent variables to 0, as they are assumed
to be A (0, I). For the case of ISV we omit the step of estimating E [y;] (line 6 of alg. 3) and y;
is effectively set to 0 in eq. (3.35) and eq. (3.37). The MAP estimation of each latent variable is:

Elxi ] = (1+ U =7 N U)  UTE T - N (VY + D20 (3.35)
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Ely;]=(1+VT='N;V) V= - NiDzi— Y Ny jUx; |,

Elzl=(I+D = 'N;D) ' D=7 | ;1. — NiVy; -

j=1

Ji
Ni jUxi,j
j=1

(3.36)

(3.37)

An illustration of the enrollment procedure applied to the Miris dataset is shown on fig. 3.4(c)

and fig. 3.4(d) for ISV and JFA, respectively.
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Figure 3.4 — TRAINING AND ENROLLMENT OF ISV AND JFA ON THE MIRIS DATASET. This figure
shows the application of the training ((a) and (b)) and enrollment ((c) and (d)) procedures of the ISV and
JFA techniques on the Miris synthetic dataset. The ranks of the subspace U and V are set to 1, and these
subspaces are shown using black arrows. For ISV, one of the GMM mean is not adapted (see (c) on the

right)
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3.4.4 Estimation of Subspaces

To learn the subspaces D, V and U we use an expectation-maximization (EM) algorithm similar
to that described in Section 5.2 of [Vogt and Sridharan, 2008] for ISV. This algorithm consists
of an expectation step where MAP estimates of the latent variables are made (see sec. 3.4.3)
and a maximization step where the parameters are updated using ML. For JFA we learn V, U
and D, while for ISV we only learn U. It can be shown that the updates for the parameters (V,
U and D) are obtained by solving the following systems of equations:

Ve

iNz Elyiy] ])

(f, seim = NijieDezi + Uex; ])))[E[y,] (3.38)

(f, jieim = Nijie(Vey; +Dcz,~))[E[x,~, ,-]T) ; (3:39)

D, (Z N,';C[E[z,-zl.T]) =

I (]
Z (Z (fl jiclm =N jc(Vey; +Ucx; ])))IE[Z ] (3.40)
]:

where f; ;.| is the mean normalized first-order statistics for component ¢ similar to eq. (3.15):

v, U, Dy 0 o0
V= : , U= : |,and D=| ¢ . o |- (3.41)
Ve Uc 0 0 bC

In this formulation, the expected value of the square of the latent variables is given by:

E[y,p]]=(I+V Z'N;V) " +E[y,]Ely;]", (3.42)

Elxijx] ] = (1+ 0T N 0) 7 B [ E [x] T (3.43)
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E[ziz]] = (1+1§T2‘1N,~i))_1 +E[z;]E[z;]" . (3.44)

Note that for ISV we need to substitute the learned matrix D for the predefined matrix D
in eq. (3.39), eq. (3.41) and eq. (3.44).

We use the training procedure described in [Burget et al., 2008], which is similar to the one
proposed in [Kenny et al., 2008]. For JFA, this procedure first learns V, then U and finally D.
Each parameter is learned using an EM algorithm, where the E-Step is the same as the one
described in sec. 3.4.3 and the M-Step is given by the equations above; the latent variables
associated to those matrices which have yet to be learned are set to 0.

An illustration of this training procedure applied to the Miris dataset is shown on fig. 3.4(a)
and fig. 3.4(b) for ISV and JFA, respectively.

Looking at eq. (3.39), eq. (3.38) and eq. (3.40), it can be noticed that only sums over all the
classes or over all the samples of the training step are required for the M-step. These sums are
computed during the E-step, and memory requirements can hence be reduced by storing only
these sums instead of the expected values for each class or sample, separately.

Similar to the ML procedure for GMM,, it is possible to split the computation of these sums
when processing a large training set. This allows the E-step to be parallelized on several cores
or nodes, each computation unit processing a subset of a partition of the training set.

Algorithm 4 Training Procedure for ISV using Expectation-Maximization

1: z; =0andx,',j =0;i=1,....1,j=1,...,J;

2: Compute Njjand f; ;s i=1,...., 1, j=1,...,]; # eq. (3.18) and eq. (3.15)
3: Nizzf:lNi,j # eq. (3.17)
4: fi\mzzjl;lfi,ﬂm # eq. (3.15)
5: Compute D # eq. (3.11)
6: Initialize U randomly

7: for it = 1 to maximum number of expectation-maximization iterations do

8:  E-step: EstimateE [x; ;] # eq. (3.35)
9: Estimatel [z;] # eq. (3.37)
10:  M-step:

11: forc=1toCdo

12: Update U # eq. (3.39)
13:  end for

14: end for

15: return ISV subspaces [U, D]

3.4.5 Classification

Classification for ISV and JFA relies on an LLR score similar to eq. (3.20). The key difference
compared to the GMM baseline approach lies in the compensation for the unwanted session
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Algorithm 5 Training Procedure for JFA using Expectation-Maximization

¥;=0,zi=0andx; ;=0;i=1,....,1,j=1,...,]J;
: Compute N; ; andf,-’ﬂm;i=1,...,[,j=1,...,],~ # eq. (3.18) and eq. (3.15)

: NFZLM,J- # eq. (3.17)

: f”m:zf:lfi,j,m # eq. (3.15)
. Initialize U, V and D randomly
for it = 1 to maximum number of expectation-maximization iterations do
E-step: Estimate[ |y;| # eq. (3.36)
M-step:
forc=1to Cdo
Update V. # eq. (3.38)
end for
: end for
: EstimateE [y;] # eq. (3.36)
: for it = 1 to maximum number of expectation-maximization iterations do
E-step: EstimateE [x; ;] # eq. (3.35)
M-step:
forc=1to Cdo
Update U # eq. (3.39)
end for
: end for
: EstimateE [x; ;| # eq. (3.35)
: for it = 1 to maximum number of expectation-maximization iterations do
E-step: Estimate[ [z;] # eq. (3.37)
M-step:
forc=1to Cdo
Update D, # eq. (3.40)
end for
: end for
: return JFA subspaces [U,V, D]
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variation in the test samples. The previous subsections describe how this unwanted session
variation can be excluded during enrollment of the class-specific models for ISV and JFA. In
this section, we discuss how to incorporate an estimate of the session variation in a test sample
during LLR scoring.

A method to compensate for the effects of session variation in a set of observations Qegt =
{o1,..., 0k} extracted from a test sample x,. is proposed in [Vogt et al., 2005, Vogt and
Sridharan, 2008]. Given a model for the class i without session variability effects (si.SV and
le.FA for ISV and JFA, respectively), we estimate the latent session variable x; (es; for sample
Otest- Using this estimated latent session variable, we apply the corresponding offset to the
jth class-specific model (thus, sgsv + Ux; st and s]l.FA + Ux; test for ISV and JFA, respectively).
This explicitly compensates for the estimated noise in O because the likelihood that the
observed sample was produced by the claimed class i, in the estimated intersession variability
conditions, is evaluated. Extending this to the case of the UBM, this formally results in the
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following LLR:

Kies
(@test) ) Z ( ( (Ok | 3; + Uxi,test)) —In (P (Ok | m+ UxUBM,test))) ) (3.45)

where s;.k is used to indicate either inSV or le.FA.

In [Vair et al., 2007], a simplification has been proposed, which assumes that the latent session
variable x; et for sample Oy for each class i can be approximated using the latent session
variable xypwM,test €stimated for the UBM. This assumption is referred to as the LPT (Loquendo
Politechnico di Torino, [Vair et al., 2007]) assumption in [Glembek et al., 2009]. By doing this, for
each test sample O, the computation of only one latent session offset Uxygm,test is required,
which is particularly useful when this sample is compared against several class-specific models.
The LLR eq. (3.45) can hence be written:

Kies
(‘Dtest» Z ( ( (Ok | 3; + UxUBM,test)) —In (P (Ok | m+ UxUBM,test))) . (3.46)

If the linear scoring simplification is additionally used [Glembek et al., 2009], the final LLR is
approximated by:

Ts-1
Minear (®test» sr) = (37 - m) b2 f‘[esﬂerU,‘;UBMwSt . (3.47)

An illustration of the scoring for ISV and JFA is given in fig. 3.5(a) and fig. 3.5(b), respectively.

3.5 Total Variability Modeling (TV)

In [Dehak, 2009], it was shown that JFA can fail to separate between-class and within-class
variations into two different subspaces. This is potentially caused by the high dimensionality
of the GMM mean supervector space.

To address this issue, an alternative technique called fotal variability (TV) modeling was
developed for speaker recognition [Dehak et al., 2009, Briimmer et al., 2010, Dehak et al., 2011]
and later applied to face recognition [Wallace and McLaren, 2012]. This framework is built
on the GMM approach and relies on the definition of a single subspace that contains both
between-class and within-class variabilities. In particular, it aims to extract low-dimensional
factors v, so-called i-vectors, from biometric samples y. More formally, the TV approach can
be described in the GMM mean supervector space by:

p=m+Tv, (3.48)

where T is the low-dimensional total variability subspace and v the low-dimensional i-vector,
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Figure 3.5 - TESTING PROCEDURE OF ISV AND JFA ON THE MIRIS DATASET. This figure shows the
testing procedures of the ISV and JFA techniques on the Miris synthetic dataset. The ranks of the subspace
U and V are set to 1, and these subspaces are shown using black arrows. The orange arrows point to the
compensated GMM client model against which the test samples (in orange) compute LLR scores.

which is assumed to follow a normal distribution A4 (0, I).

In contrast to ISV or JFA, TV does not explicitly perform session compensation. TV is just a
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front-end that extracts a low dimensional i-vector v from each sample y based on the total
variability of the training set. As such, it is likely to capture both class-specific and session-
specific information. Hence, TV requires to use separate session compensation and scoring
techniques after the extraction of i-vectors. However, this compensation is carried out in a
low-dimensional space, the total variability space, instead of the high-dimensional GMM

mean supervector space.

All these steps are described in the remainder of this chapter. Furthermore, the resulting
i-vector toolchain is summarized in fig. 3.6.

.....................................................................................................................................................

;Preprocessing : | Session Compensation :: Scoring :
Cosi.ne h_
Scoring :

i-vector—fp Whitening | N Lelis.’th . —-—» WCCN :
: ormalization P PLDA _, h,,

Figure 3.6 — [-VECTOR PROCESSING TOOLCHAIN. This figure shows the steps of the i-vector processing
toolchain employed in this thesis.

3.5.1 Training

The TV subspace T is learned by maximizing the likelihood over a large training set, using
the EM algorithm. This algorithm is similar to the one used to estimate the between-class
subspace V in JFA (see alg. 5), with one major difference: while JFA jointly considers the
samples coming from a given class, TV treats them as if they have been produced by different
classes. This is an advantage, since large unlabeled training datasets can be used. In addition,
TV relies on a covariance matrix X1y that models the residual.

More formally, given a sample x;; ;, the following equations hold for the latent variable v;,;:
_ -1 _
E[vi]=(I+T = N;;T) TTZT\I,fiyjlm, (3.49)
T Ty-1 -1 T
Elvijol;| =1+ T 20N T) 7 +E o] E[vig] T (3.50)
They are estimated separately for each sample during the E-step.

Next, during the M-step, both the TV subspace T and the covariance matrix Xty are updated.
This consists of the update rules:
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I J; I Ji
T, (Z Y Nk |vi, VZT]]) =22 FijemElvij]" (3.51)
i=1j=1 i=1j=1

1 I Ji

_ o1 AT T T
ZTV}C_ m;; Sl,];c 2 (fi,j;c[E[vl,]] Tc + TC{E[vlv]]fi,j;c)] : (3.52)
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Figure 3.7 — TRAINING OF TV ON THE MIRIS DATASET. This figure shows the application of the total
variability modeling training procedure on the Miris synthetic dataset. The rank of T is set to 2. The
subspace T is displayed with arrows, separately for each Gaussian component.

In practice, T is initialized randomly and X1y with the covariance matrix of the UBM. In
particular, we always consider a diagonal covariance matrix Zry in this thesis. The complete
training procedure is summarized in alg. 6 and the application of this procedure to the Miris
dataset is shown on fig. 3.7.

Looking at eq. (3.51) and eq. (3.52), it can be noticed that only sums over all the samples of
the training step are required for the M-step. This observation can be applied to reduce the
memory requirements within an implementation of this technique.

Furthermore, it is possible to split the computation of these sums when processing a large
training set. Similarly to the ML training of the GMM, this allows to parallelize the E-step on
several cores or nodes, each computation unit processing a subset of a partition of the training
set.
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Algorithm 6 Training Procedure for TV using Expectation-Maximization

Lvj=0i=1,..1j=1,...,];

2: Estimate N ; andfl-,jlm; i=1,...,j=1,....J; # eq. (3.18) and eq. (3.15)
3: Initialize T randomly and 2ty with

4: for it = 1 to maximum number of expectation-maximization iterations do

5. E-step: EstimateE [v; ;] # eq. (3.49)
6: Estimate[E[v,-viT,j] # eq. (3.50)
7. M-step:

8: forc=1toCdo

9: Update T, # eq. (3.51)
10: Update Z1v,; # eq. (3.52)
11:  end for

12: end for

13: return TV subspace and covariance matrix [T, Ztv]

3.5.2 I-vector Extraction

Once TV training has been completed, the i-vector for a given sample x,.; can be obtained
using the following equation (which is similar to eq. (3.49)):

_ -1 _
Viest= (I+ T ZyNeestT) T Z1yf estim - (3.53)

Since TV acts as a front-end feature extractor, any classification techniques can then be used.
In practice, preprocessing algorithms, which map i-vectors into a more adequate space [Bur-
get et al., 2011, Garcia-Romero and Espy-Wilson, 2011], as well as session compensation
techniques are applied prior to classification.

3.5.3 I-vector Preprocessing

First, Cholesky whitening has been shown to boost classification performance [Burget et al.,
2011, Wallace and McLaren, 2012]. Whitening consists of normalizing the i-vector space such
that the covariance matrix of a training set of i-vectors is turned into the identity matrix. This
is performed by applying:

v — W (0 - D), (3.54)

where ¥ is the mean of a training set of i-vectors, vWhit) the whitened i-vector, and Wyt the
whitening transform. This transform Wyt is computed as the Cholesky decomposition of

lawl (W

T 5 . . . .
WHIT ( WHIT) , where X is the covariance matrix of a training set of i-vectors.

Another efficient preprocessing technique is i-vector length normalization [Garcia-Romero
and Espy-Wilson, 2011, Wallace and McLaren, 2012], which aims at reducing the impact of a
length mismatch between training and test i-vectors. It consists of mapping the i-vectors into
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3.5. Total Variability Modeling (TV)

a unit hypersphere:
v
(-norm) _ m , (3.55)

which is very effective when using session compensation or scoring methods that assume
Gaussian-like distributions.

3.5.4 Session Compensation using Within-Class Covariance Normalization

Within-class covariance normalization (WCCN) is a technique initially introduced for SVM-
based speaker authentication [Hatch et al., 2006]. It aims to normalize the within-class co-
variance matrix of a training set of i-vectors. First the within-class scatter matrix is computed:

I Ji
Sw=)_ [Z w-v)w-v)"|, (3.56)
i=1[j=1

where v; is the mean of the i-vectors of class i.

Given the number of classes I in the training set, the WCCN linear transform Wyccn can be
computed using the Cholesky decomposition of:

1 -1 T T T
(}SW) =WWCCN(WWCCN) . 3.57)

An i-vector v is projected into the corresponding WCCN space by:

pWEEN) _ oo (3.58)

3.5.5 Classification

Once session compensation has been performed, any scoring technique might be employed
for classification purposes. In this work we consider two different strategies.

Cosine similarity scoring [Dehak et al., 2011] is a simple and efficient method used to estimate
how close a (normalized) i-vector v; extracted from a probe sample x,.; is to the i-vector v,
representing a class i:

V-V

_ (3.59)
lvrlHlv2ll

hcosine (1, V2) =

Another technique commonly applied in the i-vector space is probabilistic linear discriminant
analysis (PLDA) [Prince and Elder, 2007]. PLDA is a probabilistic framework that incorporates
both between-class and within-class information and, therefore, performs session compensa-
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tion.

3.6 Summary

This chapter introduced a set of generative probabilistic models. These techniques are built on
top of the Gaussian mixture model (GMM) framework and aim at explicitly modeling session
variability. In addition to the GMM framework, three approaches were described: inter-session
variability (ISV) modeling, joint factor analysis (JFA) and total variability modeling (TV). ISV
and JFA are supervised techniques that explicitly model and remove within-class variation
using a low-dimensional subspace. In contrast, TV is an unsupervised learning technique,
which projects samples in a low-dimensional subspace, where session compensation is carried
out separately. In the next chapter, a description of the PLDA framework is presented, before
proposing an exact and scalable formulation that drastically reduces the complexity of this
approach.
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Scalable Probabilistic Linear Discrimi-
nant Analysis

In this chapter, we describe probabilistic linear discriminant analysis (PLDA), a probabilistic
and generative model that can be applied for various classification tasks. In particular, we
show how to turn the original formulation [Prince and Elder, 2007] into a scalable formulation.

4.1 Original Formulation

Probabilistic linear discriminant analysis (PLDA) is a probabilistic generative model built
on top of two latent variables that separately describes the between-class variations and the
within-class variations.

4.1.1 Model Description

More formally, PLDA first assumes that the sample o; ; (which is the j th sample of the i'"
class) can be described by the following generative process:

0ij=f(hi,wij)+e€i;, (4.1)
where:
1. h; is alatent variable representing the between-class variations,
2. w; j is alatent variable representing the within-class variations,
3. €;,j is arandom variable describing the residual noise,

4. fisafunction.

We use D, to denote the dimensionality of the input sample o0; ;. In addition, the PLDA model
has a set of parameters, that we refer to as O in the following.

The second assumption of the PLDA model is that the function f is bilinear, i.e., linear with
respect to each of its latent variables h; and w; ;. In practice, this means that eq. (4.1) can be
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Chapter 4. Scalable Probabilistic Linear Discriminant Analysis

rewritten as follows:
0;j=p+Fh;+Gw,j+e€,j, (4.2)
where:
1. p+ Fh; is a class-specific part,
2. Gw;j,j +€; ; constitutes the noise component.

The matrices F and G describe subspaces that contain the bases for the between-class varia-
tions and within-class variations, respectively. These subspaces are of dimensions (D, Df)
and (D,, Dg), respectively. Furthermore, F and G are matrices of ranks Dg < D, and Dg < D,.
Correspondingly, k; and w; ; represent the position in these subspaces for 0; ; and are of
dimensions Dg and Dg.

The third assumption is the use of Gaussian priors for the variables h;, w; ; and €; ;. Prior
probabilities for the latent variables h; and w; ; are assumed to be Gaussian with zero mean
and unit variance:

P(h;))=A (0,1, (4.3)
P(w;j)=AN(01D. (4.4)
Finally, the residual €; ;, is defined to be Gaussian with zero mean and diagonal covariance Z.

P(e;j)=H4(0%). (4.5)

4.1.2 Inference

The process given by eq. (4.2) can be described in terms of a conditional probability:
P(Oi,j | h;, wl-,j,(é)) =N (Oi,j |p+Fh;+ Gwi,]-,z) R (4.6)

where the parameters of the model are ® = {u, F, G, Z}. Eq. (4.3) and eq. (4.4) define the priors
on the latent variables, h; and w; ;, to be Gaussian. The equations above can be written in a

more compact form by setting A = [F G] and

h .
vij=| "1 (4.7)
: w;
This would result in:
0, j=p+Ay;;+€ij, (4.8)
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4.1. Original Formulation

and:

P(oi,jIy,-'j,(')):(/V(oi,j|p+Ayi’j,Z), (4.9)
P(yij)=#@D. (4.10)

The above formulation can be extended to handle multiple observations. For instance, given
J; = 2 observations for class i, we set:

- F G 0
- . (4.11)
F 0 G
Consequently, we write that:
X; €; w; - 2 0
551'— _1,1 i éi— i1 , wz: i1 3= , (4‘12)
Xi,2 €i2 wio 0o =
and:
h;
Vi=|wir|, (4.13)
Wi
where:
Xij=0i— I, (4.14)

the tilde symbol ~indicating that the dimension of a variable (or a matrix) depends on the
number of samples J; for the class i.

This notation makes it explicit that we tie all of the J; observations for class i to have the same
latent class variable h; but to have different latent session, or noise, variables w; j; with such a
formulation we drop the reference to g, the mean of the data, in the Gaussian as it has already
been subtracted from the samples in eq. (4.14).

For the general case of a class i with J; samples, and keeping the same notation, the model
could be rewritten:

Xi=Ay,+&;. (4.15)

This probabilistic model can be employed to address several recognition tasks. First, this
requires to train the model, which is achieved using the expectation-maximization (EM)
algorithm. Once the model has been trained, it is shown in [Prince and Elder, 2007] that central
to the problem of recognition is the calculation of the likelihood that a set of observations,
[0i1,0i2,...,0i ], share the same latent class variable h;. Below we provide some more details
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on each of these steps.

4.1.3 Training

To train the PLDA model an EM algorithm is used [Prince and Elder, 2007]. All of the M-
steps are provided on a per sample basis, once the latent variables have been estimated.
This estimation of the latent variables, corresponding to the E-step, presents the difficulties
in making PLDA scalable. In the E-step, the first- and second-order moments of the latent
variables need to be calculated:

Ely;|%:,0]= (7+AT2_1?1) ATE @), (4.16)

T&-1

-~ o~ \—1
E[7,7] 1%,0]=(T+4"27'4) +[E[j/l-lic,~,®][E[j/l-|5'c,~,®]T. (4.17)

From the above equations it is obvious that the problem for the E-step is to cope with the
matrix (7 + ;lTi_lil)_l efficiently as it has to be recomputed for each iteration of EM. This
matrix is, indeed, of dimension (Dg + J;Dg, Dr + J; Dg), and has to be used in calculations as
well as stored. A solution to this problem is proposed in [Kenny, 2010] when applying PLDA to
speaker recognition. Kenny’s solution consists of applying a variational approximation to this
inference problem; however, this approximation relies on a factorization, which assumes that
the posterior variables are independent and whose quality with respect to the exact solution
has not been demonstrated.

During the M-step, the values of the parameters ® are updated, according to the following
rules, I being the number of classes:

1 I
m=7 )

1 ]l
Z 0, (4.18)

Ji 2
A=|F ¢|= ég (01— W)E|y] ;1 %:,0] ([E[yl-yjy?’jlici,@])_l, (4.19)
z:%lzl 72 1cnag[ 0ij-p) (01— k) - AE[y, ;%:,0) (o,-,j—p)T]). (4.20)

As shown in eq. (4.18), the expression of the mean u only depends on the samples o; ; and,
hence, only requires to be evaluated once, before the EM loop.

The training procedure is summarized in alg. 7 and depicted in fig. 4.1, considering the Miris
synthetic dataset.
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Algorithm 7 Training Procedure for PLDA using Expectation-Maximization

: Trainingset: 0; j withi=1,...,1,j=1,...,J;

: Compute p # eq. (4.18)
: for it = 1 to maximum number of expectation-maximization iterations do

E-step: Evaluate the first- and second-order moments:

First-order moment

iR

E[y;]%:,0] # eq. (4.16)
Second-order moment
E[y,7] | %:,0] # eq. (4.17)
5 M-step: Update the subspaces F and G # eq. (4.19)
6: Update the variance # eq. (4.20)
7
8

: end for
: return PLDA model [p, F,G,Z]

30 PLDA Training
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Figure 4.1 —- TRAINING OF PLDA ON THE MIRIS DATASET. This figure shows the subspaces learned,
when applying the training procedure of PLDA on the Miris synthetic dataset. The ranks of the subspaces
F and G are set to 1. These subspaces are shown with black arrows.

4.1.4 Classification

Once the PLDA model has been trained, it can be used to perform various tasks, which all rely
on likelihood calculations. Indeed, it is shown in [Li et al., 2012] that the model can be used to
solve several problems ranging from identification and authentication through to registration.
For this purpose, we aim to calculate the likelihood that a set of samples, X;, share the same
latent class variable. This can be calculated in a probabilistic way by integrating out over all
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of the latent variables. To do this, we tie together the latent class variable, h;, of the samples
that we consider to have the same class and then consider each observation, o; ;, to have a
separate latent session variable, w; ;. We then integrate over h; and all of the individual w; ;.
For the case of J; = 2 this equates to:

P(0;1,0;2) :f [fp (01,1 hi,wi1) P(wiy)dw;,
fP (0i2, | hi,w;i>) P(w;2)dw;, | P(h;)dh;, (4.21)
where for brevity we have dropped the reference to ©.
The above problem can be written as [Prince and Elder, 2007]: !
- « ., 2T
P& |®)=JV(0,Z+AA ) (4.22)

Equivalently, we can calculate the log-likelihood and write:

JiD

In[P(%; @) =— Toln [27]
- %m [det(2+227)|
_ %5’;] (i + AAT)_I ;. (4.23)

Eq. (4.23) has three terms with various computational complexity, the first term being a
simple constant factor depending upon the number of samples J;. In contrast, the second

term In [det (i + ]IZIT)] requires the computation of the determinant? of a matrix, which

RS |
grows quadratically with the number of samples J;. Finally, the third term ilT (Z + AAT) X

requires the inversion of the same large matrix and is also computationally demanding. An
optimization to this quadratic term is suggested in [Li and Prince, 2010] (Section 3.2.3), by
reformulating:

- ~~T\"1 -
¥ (2+44") %i=x%]% %, (4.24)

[Ny

where F=2"'4(1+2"27'4)
diagonal. However the second term requires to calculate the square root of the large inverted

. The first part of this new problem is easy to compute as X is

R |
matrix (I + ATZ 1A) ; although its computation might be performed offline, this matrix
grows quadratically in size with the number of samples.

1. We have dropped the reference to p in this Gaussian model because we have subtracted it from the observa-
tions in (eq. (4.14)).

2. [Li and Prince, 2010, Li et al., 2012] implementation suggests that this can be decomposed into a series of
simpler determinants by exploiting the structure of the PLDA model. In fact, we will show that it is possible to
exploit this structure to reduce the complexity of most of the computationally demanding parts of both the training
and the likelihood computation.
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Two alternatives have been proposed to efficiently calculate the likelihood. [Li et al., 2012]
suggested to use the predictive distribution rather than the joint distribution (as originally
proposed in [Prince and Elder, 2007]), however, their solution does not explicitly solve the
issue of multiple probe and enrollment samples. In [Kenny, 2010], another formulation for
computing the likelihood is given where the lower bound of In [P (X; | ®)] is used. In the next
section, we show that, for the case of a Gaussian prior, a direct, exact and scalable solution
can be derived, which obviates the need for storing the large inverted matrix, using predictive
distributions or using the lower bound.

We note that central to providing a scalable solution for this problem, and the problem
R |
of training, is to find an efficient way to use the matrix (I +A4'% 1A) . This matrix is of

dimension (Df + J; D¢, Dr + Ji D) and grows quadratically with the number of samples thus
limiting scalability. However, this matrix has a well defined structure, which can be exploited.
In the next section, we show how an exact and scalable solution can be found for these
problems.

4.2 Scalable Formulation

The overall idea of our approach consists of exploiting the structure of this probabilistic model
by diagonalizing the model and then replacing full matrix inversions by a set of block matrix
inversions, which are less computationally demanding. This scalable version of training is
in contrast to previous solutions such as the nonscalable solution outlined in [Li et al., 2012]
and the nonexact solution presented in [Kenny, 2010]. Also, the calculation of the likelihood is
quite different to the solutions proposed in [Li et al., 2012] and [Kenny, 2010].

Considering the training procedure, the solution given in [Li et al., 2012] suggests that the
computation of the moments of the tied latent variables y; requires the matrix inversion

(f +A'E! A) - . However, the following properties hold for the PLDA model and are described
by the structure of the A matrix. First, the samples o;, j of a given class i share a common
term Fh;, but have separate confounding factors Gw; ;. Hence, the sum of the o; ; for class i
should intuitively be sufficient to estimate the latent variable h;. Second, each sample o;j is
associated with a separate latent variable w; ;. In addition, the w; ; are independent Gaussian
samples. This implies that their independence is preserved if we consider any orthogonal
mixtures of them.

In the following, we show that a simple change of variable allows us to diagonalize the PLDA
model. In combination with simple linear algebra operations, this leads to a scalable formula-
tion for both the training and the likelihood computation.
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4.2.1 Change of Variable

Let U be any J; x J; orthogonal matrix whose first row g is [1,---, 1] /+/J;. The remaining rows
can be anything with the constraint of U to be orthogonal. For instance, let the remaining
TOWS it of U be (forjef{l,---,J;—1})

1 —J

1
it: = oo , ,0,-+-,0
" |VIGED ViGED ViGED

-~

(4.25)

Jj identical positive terms

so that the row #&; has j identical positive terms followed by one negative term, sums to zero,
and is of unit length.

Then, tensoring U with the identity matrix in the o, j-space (also known as the Kronecker
product) and multiplying by %; leads to new variables ¥; = (T®Ip,)%;.3 In particular, the
upper part of ¥; corresponds to a normalized sum of the &;, S, which is useful to estimate the
class factor h;, as highlighted at the beginning of sec. 4.2. This transform could also be applied
to the &; variables leading to €;, and the following PLDA model:

% =(0sIp,)Ay;+¢€;. (4.26)

In this case, the independence of the new variables é; is preserved as the mixing matrix U is
orthogonal.

Similarly, the change of variable could be applied to w; ; by tensoring U with the identity
matrix in the w; j-space. Assuming that h; is not updated by this change of variable, the
transform leading to jo'/l- would be as follows:

Ip, O
0 l~]®IDG

y,=Vy;. (4.27)

i

<

It is then straightforward to show that the PLDA model can be rewritten with the previously
introduced variables as:

e
Mo

e

(= A3+ &, (4.28)

3. In the following, the circle symbol * is used for variables transformed by such a change of variable
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with A= (I ®Ip,) AV and ¥ being easy to invert as:

|1 0
gl |10 .
0 U slp,

. (4.29)

Interestingly, Ais more sparse than the original matrix A and is block diagonal, which justifies
the choice of the previous change of variable:

VIiF G 0 0
A=1| o o . 0f- (4.30)
O - 0 G

In the following, we show that this indeed leads, for both the training and the likelihood
computation, to matrix operations such as determinant computation and matrix inversion
that can be performed very efficiently on a block basis, significantly reducing the complexity
of this probabilistic approach.

Finally, the variables of our proposed solution have the following Gaussian distributions:

P(xi1y;,0)=A [?lifi,i] : (4.31)
P(y;)=A[0,1] and P(&;) =4 [0,Z]. (4.32)

4.2.2 Scalable Training

The goal is to be able to train the PLDA model so that it is scalable with respect to the number
of training samples. For this purpose, an EM algorithm is used; however, the E-step of this
algorithm has a bottleneck. With the original PLDA formulation, this leads to the computation

e aTe_1-\"1
of the matrix (I +A4'S 1A) , which grows quadratically with the number of samples, J;. In
contrast, the proposed diagonalization leads to a scalable E-step formulation. Using Bayes
rule, the probability distribution of the latent variables of the transformed PLDA model can be
written:

P(¥;1%,0) = [P} (aT7'%;), b7, (4.33)

~—1%

withP=T+AT37'4 being block diagonal. The upper left block is:

Ip,+J;F'2'F J;F'z27'G

Py =
7| VIiGTEF  Ip +GTZ7lG

) (4.34)
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and the remaining J; — 2 blocks are equal to:
P =61 (4.35)
with the (symmetric) matrix & being defined by:

& =(Ip,+G'=7'G) . (4.36)

The inversion of Py can be further optimized using a formulation of the inverse of a block
matrix that uses the Schur complement. The corresponding identity can be found in [Ouellette,
1981] (Equations 1.11 and 1.10):

R, —RMO™!
-0 'NR, O°'+0 'NRMO!

L M
N O

) (4.37)

where we have substituted R= (L— M O°'N )_1. Another related expression is the Woodbury
matrix identity (see equation C.7 of [Bishop, 2007]), which states that:

(L+MON) ' =L —-L"'M(0' + NL'M) ' NL ™", (4.38)

Employing the last two identities leads to:

- T
prio| VIS , (4.39)
VIi$ (Ip,-JiHF'27'G) &
where for legibility the following matrices have been defined:
Q=(2+66T) =2z -27'6667z !, (4.40)
3, =(Ip, +iFTQF) ", (4.41)
H=-6G ='FF,. (4.42)

Estimating the First-order Moment of the Latent Variables

This is given by the mean of the Gaussian distribution in eq. (4.33), which is p1 (;lTi_lagc,-).

12’ is diagonal by blocks and can be efficiently inverted (eq. (4.36) and eq. (4.39)). Then, the
computation of P! ATS™! gives a block diagonal matrix, the first block being:

VIi&,FTQ

&Gz (Ip, - J;F§;,FTQ)|’ (4.43)

and the other ones being equal to G X!,
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As h; is not affected by the change of variable (eq. (4.27)), it corresponds to the upper subvector
of jrl Therefore, the first-order moment of k; is directly obtained by multiplying the first block-
rows of the matrix P~' AT ™" with %;, which gives:

Elhi|%;,0]=F; ) F'Q%;;. (4.44)
J

Considering only the w ; lower) subvector of j/ ;» the corresponding (lower) part B of the matrix
P1AT3 7! canbe decomposed into a sum of two matrices, the first one being sparse with a
single non-zero block (upper left) equal to By = —],QSGTZ_IF%]L.FTQ, and the second one

being diagonal by blocks with identical blocks B; = $GT X1

B, 0 0 By, 0 O
B=|0 0 0|+]¢ o|- (4.45)
0O 0 O 0 0 B

Furthermore, the first-order moment of the variables @; is given by

(B, 0 0
Eliv; | %,0]= (0" oIp,) [ 0 0 0| (4.46)
(0 0 0
(B, 0 o
- T . - ~
+(U ®IDG) 0 .0 (U®IDO)xi.
0 0 B

The previous decomposition greatly simplifies the computation, and leads to the following
expression for each w; ;

Elw;;|%,0]=6G"27'%; ;-GG 'F§,FTQ)_%;; (4.47)
j

which, after grouping the common factors, finally provides:

E[w;;|%,0]=6G =7 (x; ;- FE[h;| X;,0]). (4.48)

Estimating the Second-order Moment of the Latent Variables

Calculating the expected value of the second-order moment of the latent variables, eq. (4.17),
in a scalable manner is more difficult.

This second-order moment can be expressed as the sum of both the square of the mean and the
variance. The mean has already been expressed in eq. (4.44) and eq. (4.48). The computation
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of the variance is performed using the expression of P~! previously evaluated, and reverting
the change of variable. This leads to:

pv, (4.49)
where 7 is efficiently computed as:

Ip, 0
0 U'elp,

7 . (4.50)

In addition, the variance of the latent variables is only ever used on a per sample basis, which
P . o -1

implies that only the elements of the first row, first column and diagonal of 8 ~ are necessary.
A direct computation provides a matrix which is as follows:

5, 9T ... T
H D
5] D

with ® = (Ip, — HFTZ71G) &. Exploiting the structure of this matrix leads to:

. S, 97
V. .. ~’® = ! . 4.51
ar|y; ;1%:,6] o (I, HFTE16)® (4.51)
Finally the corresponding term involved in the E-Step update rules is given by:
[E[jrl-j/l-T | X;,0] =Var[y,; | %;,0] +E[y; | %, O] E[y; |5cl-,®]T. (4.52)

The resulting exact and scalable training procedure is provided in alg. 8.

4.2.3 Scalable Likelihood

Similarly to eq. (4.22), the likelihood of the proposed solution is obtained by integrating out
the latent variable y;:

P(%10) =4 [0,2+A447], (4.53)

which can be split into three terms (like in eq. (4.23)), the last two of them being difficult to
evaluate, as they require to compute, respectively, the determinant and the inverse of the
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Algorithm 8 Scalable Training Procedure for PLDA using Expectation-Maximization

: Trainingset: 0; j withi=1,...,1,j=1,...,J;

: Compute p # eq. (4.18)
: for it = 1 to maximum number of expectation-maximization iterations do

E-step: Evaluate the first- and second-order moments:

Precompute &, Q, §y, and$H # eq. (4.36), eq. (4.40), eq. (4.41) and eq. (4.42)
First-order moment

iR

Ely; | %i,0©] # eq. (4.44) and eq. (4.48)

Second-order moment

E[y,7] |%:,0] # eq. (4.52)
M-step: Update the subspaces F and G # eq. (4.19)
Update the variance # eq. (4.20)

5
6:
7: end for
8: return PLDA model [p, F,G, 2]

following large matrix:

(i + faﬁﬂ) . (4.54)

However, with our proposed solution, X + AAT is a block diagonal matrix, the upper left block
being = + J;FFT + GG and the J; — 1 other ones being equal to = + GG . Therefore, some
simplifications are possible to improve the efficiency of the approach.

The second term of the likelihood in eq. (4.23), which involves the computation of the deter-
minant of this large matrix, can be efficiently computed using the following decomposition:

det(£+AAT)=det(2)det(T+AT2'4), (4.55)

-12

and then using the block decomposition of T + ATs7'A given by eq. (4.34) and eq. (4.35)

leading to:

det(2+AAT) = det(2)" det(& 1) det (5. (4.56)

The third term involved in the computation of the likelihood relies on the inversion of the
matrix £+ AAT. This matrix is block diagonal, the upper left block being o = =+ J; FFT + GG
and the J; — 1 other ones being equal to T; = X + GG . Therefore, this matrix inversion can be
efficiently performed on a block basis.

In addition, G is of dimension (D, Dg), usually with Dg < D, and hence, GG isa potentially
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low rank matrix. Furthermore, it is indeed possible to further reduce the complexity of each
block inversion ¥ l'and T;1, using the Woodbury matrix identity eq. (4.38). Applying this
identity to compute the inverse of the block ¥; leads to:

Tl=x'-2'68G6"27'=Qq. (4.57)

Similarly, this identity could consecutively be applied twice to compute the inverse of the
other block ¥, which gives:

T,'=Q-J;Q"FF, F'q, (4.58)

Finally, the likelihood is expressed as a function of the transformed input ¥;. However, it is easy
to notice that the change of variable could be easily reverted without increasing the complexity

of the likelihood computation. (i + ;I;IT)_l can indeed be expressed as a sum of two matrices,
the first one being diagonal by blocks with identical blocks Q, and the second one being sparse
with a single non-zero block (upper left) equal to J;Q” F§ 5. F Q. This provides a formulation
similar to the right hand side of eq. (4.45). Next, to revert the change of variable, the left hand
side of these matrices are multiplied by (U ® Ip,) ” while the right hand side is multiplied by
(U Ip,). For the first matrix, all the blocks are the same, and hence the mixing matrices have
no influence. The second matrix uses the sum of the input samples for the class. This finally
gives:

o o _y—1 Ji
B (2+A47) k=) % 27wy

j=1

Ji
'21 F'Qx; j)

J

Ji
T AT
- in,jQ F|§),
j=

Ji
SDIEI A L TehD A 7 (4.59)
j=1

If the likelihood computation involves the same number of samples J; several times, the above
expression might be further optimized using the same trick as proposed in [Li et al., 2012]. The
square root of the matrices §;, and & could be precomputed and then used to calculate one
half of each the last two terms before taking their magnitude. It is important to notice that the
change of variable does not affect the PLDA model, and hence, the above formulae remain
valid to compute the likelihood given by eq. (4.23).

Finally, the above equations show that storing the information for a model (enrollment of a
given class) reduces to a single low-dimensional feature vector such as (2?:1 F'Qx; j) and
a scalar (corresponding to the other terms involved in the likelihood computation), which
further emphasizes the efficiency and scalability of the proposed approach.
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Complexity [Lietal,2012] Our approach
o . Memory o (J?) o)
Likelihood co tatio . :
ikelihood computation . @’U?) ouUn
- Memory o (J?) o (1)
Training Time G ( ]?) 6 U

Table 4.1 - COMPLEXITY OF THE PLDA MODEL. This table shows the complexity of the PLDA model
with respect to the number of samples J; for the class, for both the likelihood computation and the
training, assuming that matrices have been precomputed whenever possible. The likelihood complexity
of [Li et al., 2012] is the one for the joint distribution approach (Section 3.2 in [Li et al., 2012)).

4.3 Complexity

In this section we analyze the complexity of our proposed solution against the solution pro-
posed in [Li et al., 2012]. We start by first examining the complexity of training the PLDA
model and then finish with some analysis and comments on the complexity of computing the
likelihood. We refer to time and memory complexity to express respectively the time and the
memory required to run the algorithm. A quick summary of the below analysis is provided in
Table 4.1.

4.3.1 Training

As mentioned previously, one of the most computationally demanding parts of the PLDA
approach occurs during the E-step of the training algorithm. The E-step update rules given
in [Li et al., 2012] rely on the usage of the matrix (7 + ATi_l ;1), which grows quadratically with
the number of samples. This suggests that the training procedure is demanding as for each
iteration of EM, this matrix has to be inverted and multiplied with the similarly large matrix A.
The memory complexity is given by € (JZ), whereas the time complexity is @ (J?).* In contrast,
the update rules of our proposed approach provided in sec. 4.2.2 show that exploiting the
structure of the PLDA model leads to a much more efficient training procedure.

Considering the computation of the first-order moment of the latent variables, this is in
contrast to [Li et al., 2012] performed on a per sample basis. Therefore, the time complexity
is linear with the number of samples J; as opposed to cubic (inversion of a large matrix,
which grows quadratically). In addition, the matrices involved in eq. (4.44) and eq. (4.48)) are
common to all the training samples for the class. Therefore, they can be precomputed and
the memory requirement is constant, irrespective of the number of samples. This leads to a
memory complexity of & (1). And, as for the likelihood computation, if the number of training
samples for the class J; has changed, only the matrix &, needs to be recomputed.

4. For readability, we consider that the time complexity of inverting a square matrix of size (N, N) is given by
(5} (N3 )- Using a non-naive approach such as the popular Strassen algorithm, it can be improved to @ (N%) with
a=2.81.
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Finally, the second-order moment of the latent variables is only used on a per sample basis, as
already depicted in previous work [Prince and Elder, 2007, Li et al., 2012]. Furthermore, this
has linear time complexity with the number of samples J;, and once again, many matrices
can be precomputed by examining eq. (4.51) to further optimize the training procedure. In
addition, only the sum of the second-order moments is required for the maximization step,
which does not affect the memory complexity for training, which is & (J;).

4.3.2 Likelihood Computation

Comparing the naive way to compute the likelihood given by eq. (4.23) with our proposed
solution (given by eq. (4.56) and eq. (4.59)), several conclusions can be drawn.

Considering memory usage, the matrix (7 + ZITE_IA) involved in the approach of [Li et al.,
2012] is of dimension (Df + J; Dg, D + J; Dg), and, hence, the memory complexity is @ (]‘12) In
contrast, the proposed solution exploits the structure of the problem by using several smaller
matrices, such as &, Q or §,, which are of constant dimension, irrespective of the number of
samples. This implies that the memory complexity is @ (1).

In addition, many of these matrices can be precomputed. For instance, & or Q are required
to compute the likelihood of any set of samples. Besides, the inverted matrix §;, can be
precomputed and used to compute the likelihood of any set of J; samples. If the number of
samples, J;, involved in the likelihood computation has changed, the only new and required
matrix inversion is for the §;, matrix which is of dimension (DF, D). In contrast, with the

- o~ -T\-L
naive solution, the inverted matrix (Z + AAT) has to be recomputed. Furthermore the time
complexity considering matrix inversion and with respect to the number of samples J; has in

this case become @ (1) instead of @ (]‘?)

Finally, assuming that all the previous matrices involved in the likelihood computation have
been precomputed, the likelihood of J; samples given the PLDA model requires the calculation
of products fTchi. The time complexity with respect to the number of samples for the class J; is
then quadratic, which is @ ( ]lz) With the proposed solution and using the square root of the ma-
trices & and §,, this involves several matrix-vector multiplications such as(QS ; GTZ‘I) Xij
and the time complexity is given by @ (J;).

4.4 Summary

This chapter introduced probabilistic linear discriminant analysis (PLDA), a generative proba-
bilistic framework that can be used for various classification tasks. In particular, we presented
an exact and scalable formulation of this model that significantly reduces the complexity
of the model, both at training and test time. In the following chapters, we apply this model,
as well as the techniques described in chapter 3, to the tasks of face, speaker and bimodal
recognition.
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Application to Face Recognition

In this chapter we apply the proposed modeling techniques to the task of automatic face
recognition. We begin by discussing related work, before describing several face recognition
systems based on the techniques presented in chapter 3 and chapter 4. Experiments are
conducted on several publicly available databases using well defined evaluation protocols. In
particular, we analyze the impact of challenging recording conditions on the performance of
the proposed systems.

5.1 Background

Early work on face recognition was conducted in the sixties by Bledsoe, who proposed a
semi-automatic system [Bledsoe, 1966]. Funded by an unnamed intelligence agency, the
idea of his work consists of using computational power to speed up and to improve person
identification. Given a large database of photographs of faces (each of them labeled with an
identity) and a new photograph of an unknown person, the task is to select a small subset of
photographs from the database such that one of them matches the sample of the unknown
person. For this purpose, a semi-automatic system was proposed that operates as follows.
First, human operators extract a set of features from photographs, such as the coordinates of
the center of the pupils, the extremities of the mouth or the corners of the eyes. Next, from
these coordinates, a set of twenty distances is computed such as width of mouth distance,
pupil to pupil distance, which define a feature vector. When building the database, this feature
extraction step is performed on each photograph, and features vectors (as well as a label of
the identity) are stored in the computer. During the recognition phase, the feature vector from
the new photograph (test sample) is extracted and compared to the feature vector of each
photograph in the database, yielding a distance for each comparison. Photographs of the
database corresponding to minimal distances are returned.

Bledsoe already noticed challenges due to the high variability of faces in head rotation and
tilt, lighting intensity and angle, facial expression, aging, etc. In addition, this initial work
highlights important steps for face recognition: (1) localizing points of interest, (2) extracting
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interesting features and (3) performing classification based on this information. This is directly
related to the key components of a classification task, as depicted in fig. 2.1. More specifically,
automatic face recognition typically consists of the steps depicted in fig. 5.1.

Classifier

Detection N lizati Feature H
ormalization ; ) )
Input and , d Feature Vector Statistical Decision- H Classification
an i : > . L > .
Image . . Extraction Modeling Making H Decision
Localization Preprocessing :

Figure 5.1 — SIMPLIFIED STRUCTURE OF A TYPICAL FACE RECOGNITION SYSTEM.

To our knowledge, the first attempt at building a fully automatic face recognition system
was performed in the seventies by Kanade [Kanade, 1973, 1977]. At the end of the eighties,
[Sirovich and Kirby, 1987, Kirby and Sirovich, 1990] introduced an efficient way to represent
pictures of faces using principal component analysis. This has led to the popular Eigenface
representation for recognizing faces proposed in [Turk and Pentland, 1991a,b]. Since then, face
recognition has become a mature field and many different techniques have been proposed.
Furthermore, researchers typically consider a single step (or a subset of them) of the face
recognition toolchain in their work. In the following, we review existing work for each step of
the processing chain.

5.1.1 Image Acquisition

The acquisition of images is the first step of a face recognition system. The most common way
to acquire such information is by using a camera and recording two-dimensional still images.

Nevertheless, other approaches were also proposed in the literature. Stereo vision cameras
can be used to acquire images of a face under different angles. This allows to build a three-
dimensional model of a face and to perform matching of three-dimensional structures [Bron-
stein et al., 2005]. Another possibility is to rely on videos, which provide multiple frames of the
person to recognize [Lee et al., 2003].

This work focuses on the classical face recognition task using two-dimensional still images.

5.1.2 Face Detection and Localization

Once the image has been acquired, the coordinates of all the faces, if any, in the image
are determined. This process is known as face detection. This task is often seen as a binary
classification relying on two components. First, a search algorithm extracts subwindows at
different locations and scales. Second, these subwindows are fed to a binary classifier that
determines whether they contain a face or not. Typically, a clustering algorithm is applied on
the positive detections to merge multiple detections.
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5.1. Background

Several systems have been proposed for detecting faces in images, relying on various classifica-
tion techniques. For instance, approaches based on density estimation [Moghaddam and Pent-
land, 1997, Sung and Poggio, 1998], neural networks [Rowley et al., 1996] or a sparse network
of linear functions [Yang et al., 1999] were proposed. In particular, boosted classifiers [Freund
and Schapire, 1997] became very popular and showed state-of-the-art performance [Viola
and Jones, 2001, Froba and Ernst, 2004, Zhang et al., 2007, Atanasoaei, 2012]. Existing face
detection systems are very accurate when dealing with well-separated frontal faces in images
with simple backgrounds. But similarly to face recognition, the performance of state-of-the-art
algorithms is affected by challenging conditions such as head pose variations or cluttered
backgrounds.

Another related task is face localization, which assumes that the input contains exactly one
face. It aims at refining the detection and/or at accurately locating facial features such as eye
centers, the nose tip or mouth corners [Cootes et al., 1995, 2001, Atanasoaei, 2012].

5.1.3 Normalization and Preprocessing

Once a face on an image has been localized, it is commonly converted to grayscale and aligned.
This is usually performed by geometrically normalizing the image J so that the left and right !
eyes a; and a; are located at certain positions in the aligned image J*:

1
T p=3 ;Q_a(p—o*)+o , (5.1)
where the scale s and the angle a are computed as:
“ a; - u}k || ary—ay cosa —sina
§=———, a =arctan| ——|, Q,= . , (5.2)
la,— a;ll Qrx—alx sina cosa

with a; and a, being the 2D coordinates of the left and right eye in the original image, o and o*
the transformation offsets in the original and the aligned image (usually, the center between
the eyes is used in both cases) and Q, the rotation matrix. After aligning the image to the eye
positions, the image is cut to a specific image resolution r = (ry, ry)T.

Normalized images are often subject to illumination variations. Different illumination condi-
tions can produce very different images of the same subject. In fact, [Adini et al., 1997] showed
that image variations due to lighting changes are more significant than those due to differ-
ent personal identities. One efficient way to reduce the impact of lighting variations is by
applying a preprocessing algorithm. Image processing techniques such as histogram equal-
ization [Ramirez-Gutiérrez et al., 2010] and filtering [Shashua and Riklin-Raviv, 2001, Wang
et al., 2004, Jobson et al., 1997a,b] are commonly employed. Another strategy is to formalize
the problem as an optimization task [Gross and Brajovic, 2003, Chen et al., 2006]. In practice,
multistage algorithms offer a good trade-off between performance and accuracy [Tan and

1. Left and right are referred to from the perspective of the subject that is shown in the image.
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Triggs, 2010].

5.1.4 Feature Extraction

After image normalization and preprocessing, the concatenation of all pixels of the resulting
image could be used to feed a classifier. In practice, computer vision tasks usually extract
visual features that contain more robust and relevant information. These features can be
extracted at specific points (e.g., the keypoints returned by a facial feature localizer or a regular
grid of points), at the block level or densely at the pixel level.

Most of the popular feature extractors have been employed for face recognition in various
ways, such as local binary patterns (LBP) [Ahonen et al., 2004, 2006] as well as its extension
that considers multiple scales [Wang et al., 2009], Gabor filters [Wiskott et al., 1997, Zhang
et al., 2005, Pinto et al., 2009, Giinther et al., 2012a], the scale-invariant feature transform
(SIFT) [Lowe, 2004, Prince and Elder, 2007], or the discrete cosine transform (DCT) [Sanderson
and Paliwal, 2003].

Many of these techniques are hand-crafted and researchers tend to combine several visual
descriptors to boost the performance of modern face recognition systems. Furthermore, there
is an emerging interest in using deep learning to obtain a suitable face representation [Chopra
etal., 2005].

5.1.5 Modeling and Classification

Different face recognition systems have been engineered during the last decades, using both
discriminative or generative machine learning techniques. Besides, the classifiers are fed either
by the whole face region or by local features.

When using the whole face region as a raw input to a classifier, the method is said to be holistic.
Example of such discriminative approaches are Eigenfaces [Turk and Pentland, 1991a,b], Fisher-
faces [Belhumeur et al., 1997], the Bayesian intrapersonal/extrapersonal classifier (BIC) [Moghad-
dam et al., 1998] and the support vector machines (SVM)-based system proposed in [Phillips,
1999].

But local features-based techniques are also popular. They may rely on a simple similarity
measure for classification, such as in [Wiskott et al., 1997], which considers Gabor-based
features extracted on an elastic graph, or in [Ahonen et al., 2006], which extracts histograms of
LBPs. Alternatively, popular classifiers such as multi-layer perceptrons (MLP) with DCT-based
features or SVM with Gabor-based features are proposed in [Cardinaux et al., 2003] and [Pinto
et al., 2009], respectively.

On the other hand, generative face recognition systems have been conducted using Gaussian
mixture models (GMM) [Cardinaux et al., 2003, Lucey and Chen, 2004], Hidden Markov models
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[Cardinaux et al., 2004, 2006] and Bayesian networks [Heusch and Marcel, 2007]. More recently,
a probabilistic framework relying on subspaces to model variations has been proposed [Prince
and Elder, 2007, Li et al., 2012]. In this chapter, we investigate the use of probabilistic models,
such as inter-session variability (ISV) modeling, joint factor analysis (JFA), total variability
(TV or i-vectors) modeling (see chapter 3) and our scalable formulation of probabilistic linear
discriminant analysis (PLDA) (see chapter 4) for the task of face recognition.

5.2 Databases

There are several publicly available databases of facial images to evaluate face recognition
systems. The numbers of identities and images in these databases vary from 165 images of 15
persons in the Yale Face Database® to the extremes of over 750,000 images of 337 identities
in the Multi-PIE database [Gross et al., 2008] or more than 13,000 images of 5,749 people
in Labeled Faces in the Wild (LFW) database [Huang et al., 2007b]. Commonly, there is only
one face present in each image of the database, and often additional information about the
images are provided, like the identity and the gender of the person, the facial expression or
the environment conditions the image was taken in. Furthermore, in nearly every database
at least the locations of the left and right eye are annotated by hand and sometimes, more
annotations like mouth and nose are provided.

Depending on the intended task, the databases contain images captured under different
environment conditions. Most databases include images that are taken in strictly frontal pose,
so that the effects of facial expressions, strong illuminations, partial occlusions, or human
aging processes can be studied, i.e., variations that occur in an access control scenario. Other
databases like LFW provide images in a completely unrestricted environment. Therefore, one
possible separation between image databases is the way, image variations like illumination,
facial expression, occlusion and pose are handled. In controlled databases some or all image
variations are enforced, while uncontrolled databases include images as they would occur in
every day life conditions.

In addition, to ensure a fair comparison of face recognition algorithms, image databases
are often accompanied with evaluation protocols (see sec. 2.6). All the evaluation protocols
employed in this work were made publicly available through the Python Package Index (PyPI) 3.

5.2.1 Controlled Databases

Three of the databases, where all image variations are controlled, are Multi-PIE, CAS-PEAL and
AR face. Two other databases that we consider to be in the group of controlled image databases
are FRGC and GBU. Though the images of the latter databases have (partially) been taken in
environments with unrestricted illumination conditions and with some facial expressions, all

2. http://vision.ucsd.edu/content/yale-face-database
3. https://pypi.python.org
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faces in the images are not occluded and perfectly frontal, i.e., show no out-of-plane rotation.

CMU Multi-PIE

The CMU Multi-PIE database* [Gross et al., 2008] consists of 755,370 images shot in four
different sessions from 337 subjects. Some samples of this database are shown in fig. 5.2.
The Multi-PIE database itself does not provide evaluation protocols, but we generated and
published several face verification protocols ourselves. All protocols are split up into a training,
a development and an evaluation set, where the identities between the sets are disjoint. The
training set is composed of all 208 individuals that did not participate in all four sessions,
while the size of development set (64 identities) and evaluation set (65 identities) is almost
equal. In this work we use protocols for controlled illumination, expression and pose.

Figure 5.2 — SAMPLES FROM THE MULTI-PIE DATABASE.

Three illumination protocols are defined to analyze the impact of illumination at both enroll-
ment and test time. In the M (matched) protocol, model enrollment is performed using images
with neutral illumination, and the probe set also consists of images with neutral illumination.
The U (unmatched) protocol relies on the same enrollment data, but probe images have
various illumination conditions. Finally, in the G protocol, both enrollment and probe images
have various illumination conditions. The same training set is shared by these three protocols
and contains images from several sessions with various illumination conditions.

In the expression and pose protocols, model enrollment is performed using images with
neutral illumination and expression and frontal pose. The probe sets contain images with
either facial expressions (E) or non-frontal pose (P), similarly to the training sets. When
assessing the performance of the systems, results are split by expression or pose.

CAS-PEAL

The CAS-PEAL database® [Gao et al., 2008] includes 9,031 frontal images ® (and several non-
frontal images, which we do not use due to lack of protocol) from 1,040 Chinese persons. Some
samples of this database are shown in fig. 5.3. Using these images six identification protocols

4. http://www.multipie.org
5. http://www.jdl.ac.cn/peal/
6. unlike the number 9,032 incorrectly reported in [Gao et al., 2008]
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Protocol Group Number ofidentities = Number of samples = Number of trials
(train or test)

Train 208 7,775 n.a.

P DEV 64 3,328 212,992
EVAL 65 3,380 219,700
Train 208 9,785 n.a.

M DEV 64 256 16,384
EVAL 65 260 16,900
Train 208 9,785 n.a.

U DEV 64 4,864 311,296
EVAL 65 4,940 321,100
Train 208 9,785 n.a.

G DEV 64 4,864 311,296
EVAL 65 4,940 321,100
Train 208 1,095 n.a.

E DEV 64 576 36,864
EVAL 65 585 38,025

Table 5.1 - MULTI-PIE EVALUATION PROTOCOLS. This table depicts the number of identities, samples
and trials in Multi-PIE (training set Train, development set DEV and evaluation set EVAL).

are provided with the database. Each of the protocols tests a different image variation: facial
expression, non-frontal lighting, accessory, different background, subject-camera distance and

aging.

Figure 5.3 — SAMPLES FROM THE CAS-PEAL DATABASE.

Unconventionally, the training set defined by the CAS-PEAL database consists of 1,200 images
that are a random subset of the images of the evaluation set. In each of the protocols all 1,040

neutral and frontally illuminated images serve as model images; models are enrolled from one
image per person only. For the probe sets the numbers of images and subjects differ between
protocols, a complete list is given in [Gao et al., 2008].
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Protocol Group Number of identities = Number of samples = Number of trials
(train or test)

accessory Train 300 1,200 n.a.
DEV 1,040 2,285 2,376,400
aging Train 300 1,200 n.a.
DEV 1,040 66 68,640
background  Train 300 1,200 n.a.
DEV 1,040 553 575,120
distance Train 300 1,200 n.a.
DEV 1,040 275 286,000
expression Train 300 1,200 n.a.
DEV 1,040 1,570 1,632,800
lighting Train 300 1,200 n.a.
DEV 1,040 2,243 2,332,720

Table 5.2 — CAS-PEAL EVALUATION PROTOCOLS. This table depicts the number of identities, samples
and trials in CAS-PEAL (training set Train and development set DEV).

AR face Database

The AR face database” [Martinez and Benavente, 1998] contains 3,312 images ® from 76 male
and 60 female clients taken in two sessions. Facial images in this database include three
variations: facial expressions, strong controlled illumination and occlusions with sunglasses
and scarfs. Some samples of this database are shown in fig. 5.4.

9

Figure 5.4 — SAMPLES FROM THE AR FACE DATABASE.

Several verification protocols were defined for this database, splitting up the identities into
50 training subjects (28 men and 22 women) and each 43 clients (24 male and 19 female)
in the development and evaluation set. For model enrollment we use those two images per
client that have neutral illumination, neutral expression and no occlusion. The protocols
illumination, occlusion, occlusion_and_illumination test the specific image variations that
are defined in the database, i.e., probe images have either non-frontal illumination, partially
occluded faces, or both occlusion and illumination.

7. http://wwwz2.ece.ohio-state.edu/~aleix/ARdatabase.html
8. The official website reports more than 4,000 images, but we could not reach the controller of the database to
clarify the difference.
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Protocol Group Number of identities = Number of samples  Number of trials
(train or test)

Train 50 1,076 n.a.
illumination DEV 43 258 11,094
EVAL 43 258 11,094

Train 50 1,076 n.a.
occlusion DEV 43 172 7,396
EVAL 43 172 7,396

Train 50 1,076 n.a.
occlusion_and_illumination DEV 43 344 14,792
EVAL 43 344 14,792

Table 5.3 — AR FACE EVALUATION PROTOCOLS. This table depicts the number of identities, samples
and trials in AR face (training set Train, development set DEV and evaluation set EVAL).

Face Recognition Grand Challenge (FRGC)

The Face Recognition Grand Challenge® (FRGC) database in its version ver2.0 contains 36,818
high resolution images of 466 clients that were collected in various sessions during four years.
Additionally, the database also includes 3D image data, but these are not used in this work.
Some samples of this database are shown in fig. 5.5. The database provides several biased
protocols [Phillips et al., 2005] (named experiments by the authors), three of which utilize 2D
image data only: experiments 2.0.1, 2.0.2 and 2.0.4.

Figure 5.5 — SAMPLES FROM THE FRGC DATABASE.

Experiments 2.0.1 and 2.0.2 compare only controlled images that were taken in a studio
environment. While experiment 2.0.1 provides one image to enroll a client model, experiment
2.0.2 enrolls a client model from four images. Similarly, in experiment 2.0.1 a score is computed
by comparing a client model with a single probe, whereas for experiment 2.0.2 four probe
images per person are integrated to build a single score. Finally, experiment 2.0.4 uses the
same client models as experiment 2.0.1, but probe images that were taken in a corridor or
outdoors with unconstrained illumination conditions.

For each experiment the protocols define different masks (sub-protocols), which specify pairs
{model/probe} that should be taken to evaluate. In our experiments we use the most difficult
mask III, throughout. The training set, which is identical for the three experiments, contains

9. http://face.nist.gov/frgc/
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12,776 studio and corridor images from 266 clients. The clients of the training set form a
subset of the test clients, making these protocols biased.

Protocol Group Number ofidentities = Number of samples = Number of trials
(train or test)

2.0.1 Train 222 12,776 n.a.
DEV 466 8,456 64,028,832

2.0.2 Train 222 12,776 n.a.
DEV 466 8,456 4,001,802

2.04 Train 222 12,776 n.a.
DEV 466 4,228 32,014,416

Table 5.4 - FRGC EVALUATION PROTOCOLS. This table depicts the number of identities, samples and
trials in FRGC (training set Train and development set DEV).

The Good, the Bad & the Ugly (GBU)

The Good, the Bad and the Ugly'° (GBU) database [Phillips et al., 2011] is built from 8, 638 high
resolution frontal outdoor images of 782 clients. Some samples of this database are shown
in fig. 5.6. It defines the three protocols Good, Bad and Ugly, which specify image pairs that
should be compared. Each protocol includes 1,085 different images that are used to enroll
client models — each model is enrolled from a single image and there exists several client
models per identity. Likely, 1,085 probe images are defined by each protocol and all models
are compared with all probes to compute the final ROC curves. Additionally, four different
training sets are present; we take the largest set x8in all our experiments on the GBU database,
unlike [Phillips et al., 2011], who used the x2 training set to train their baseline algorithm.

Figure 5.6 — SAMPLES FROM THE GBU DATABASE.

5.2.2 Uncontrolled Databases

Since we do not want to restrict the applications to use controlled image data, we also investi-
gate two challenging databases that contain images captured under completely uncontrolled
conditions as they would appear in several real world scenarios.

10. http://www.nist.gov/itl/iad/ig/focs.cfm
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Protocol Group Number of identities  Number of samples  Number of trials
(train or test)

Good Train (x8) 345 1,766 n.a.

DEV 437 1,085 1,177,225
Bad Train (x8) 345 1,776 n.a.

DEV 437 1,085 1,177,225
Ugly Train (x8) 345 1,776 n.a.

DEV 437 1,085 1,177,225

Table 5.5 — GBU EVALUATION PROTOCOLS. This table depicts the number of identities, samples and
trials in GBU (training set Train and development set DEV).

BANCA

The first uncontrolled database we explore is BANCA 1 [Bailly-Bailliere et al., 2003]. Originally,
it captures video and audio recordings of 208 persons that utter prompted sequences in one
among four European languages. Recordings were taken in twelve different sessions, where in
each session every subject generated two videos, one true claimant access and one informed
impostor access. From each of these videos, five images and one audio signal was extracted.
Some samples of this database are shown in fig. 5.7. However, only the English language was
made available [Bailly-Bailliere et al., 2003], which consists of 52 persons. Therefore, in this
work, we use only the images of the BANCA English database.

Figure 5.7 — SAMPLES FROM THE BANCA DATABASE.

Several open set verification protocols are proposed with the database [Bailly-Bailliere et al.,
2003]. We here take only one of the most challenging protocols P, which enrolls client models
on five controlled images, but probes the system with controlled, degraded and adverse images
(for details see [Bailly-Bailliere et al., 2003]). Two particularities of this database are that it is
small, e.g., the training set consists of only 300 images and that the numbers of 2,340 client
and 3,120 impostor scores are almost balanced.

11. http://www.ee.surrey.ac.uk/CVSSP/banca/
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Protocol Group Number ofidentities Number of samples = Number of trials
(train or test)

Train 30 300 n.a.
P DEV 26 2,730 2,730
EVAL 26 2,730 2,730

Table 5.6 - BANCA EVALUATION PROTOCOLS. This table depicts the number of identities, samples
and trials in BANCA (training set Train, development set DEV and evaluation set EVAL).

Labeled Faces in the Wild (LFW)

One of the most popular image databases is the Labeled Faces in the Wild? (LFW) database [Huang
et al., 2007b]. This database contains 13,233 face images from 5, 749 celebrities, which were
downloaded from the internet, labeled with the name of the celebrity that is shown in the
image and cropped by a face detector. In this work we use the images aligned by the funneling
algorithm [Huang et al., 2007a]. Some samples of this database are shown in fig. 5.8. The
database itself does not provide the eye locations for the images, but we rely on the publicly
available 13 annotations of [Guillaumin et al., 2009]. They consist of nine facial feature points
(mouth corners, eyes corners and nose) obtained by a facial feature detector [Everingham

et al., 2006] after alignment with the funneling algorithm [Huang et al., 2007a]. The locations

of the eye centers are estimated by computing the midpoint of the eye corners.

Figure 5.8 — SAMPLES FROM THE LFW DATABASE. This figure shows samples from the LFW database,
after alignment with the funneling algorithm [Huang et al., 2007a].

The particularity of the LFW database is that it specifies pairs of images, for which a score
should be computed, equally distributed over client and impostor pairs. In our case we always
choose the first image of the pair for model enrollment and the second image as probe. For the
training sets LFW permits two alternatives: image-restricted defining specific image pairs that
might be used for training, and unrestricted using all images of the training subjects. Here, we
chose the unrestricted setup since several algorithms need to know the identity information of
the training images, which is forbidden to be used in the image-restricted training setup.

The LFW database is split into two so-called views. Since view I is considered to optimize
algorithm configurations we only use view 2 to report the final results. In view 2 the subjects

12. http://vis-www.cs.umass.edu/lfw/
13. http://lear.inrialpes.fr/people/guillaumin/data.php
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are split into ten different folds. Each fold contains 300 intrapersonal (same subject) and
300 extrapersonal (different subjects) image pairs, for which a verification rate is computed,
L [FA|+|FR|
which is equal to 1 — Tials|
experiments seven folds are used for training, while two folds build the development set, from

. In our implementation of the view 2 protocol, for each of the ten

which the threshold 6 is estimated and the last fold is employed to compute the classification
rate of this fold. Finally, the mean and the standard deviation of the classification successes
over all ten experiments is reported [Huang et al., 2007b].

In addition, we define an identification protocol (P0) on this database. Identities containing
only one sample are first removed. Next, three splits for training, development and evaluation
are defined. The training set consists of 280 identities, which all have at least 10 samples,
to be able to accurately model within-class variations. The remaining identities were split
as follows: 400 for the development set and 1,000 for the evaluation set. Model enrollment
is performed using the first image labeled as 0001 of each client. This finally results in a
challenging identification protocol (1,000-class problem) using images of faces in the wild.

Protocol Group Number of identities = Number of samples = Number of trials
(train or test)
Train ~ 4,000 ~9,000 n.a.
Verification (per fold) DEV ~1,100 ~ 1,500 1,200
EVAL ~ 600 ~ 800 600
Train 280 4,613 n.a.
Identification DEV 400 854 341,600
EVAL 1,000 2,297 2,297,000

Table 5.7 — LFW EVALUATION PROTOCOLS. This table depicts the number of identities, samples and
trials in LFW (training set Train, development set DEV and evaluation set EVAL).

5.3 Systems Description

Overall we evaluate nine face recognition systems. These systems are described in the remain-
der of this section, several of them sharing the same preprocessing and/or feature extraction
step. In particular, the cropping of faces is performed using the annotations of the eye centers,
which are provided by most of the databases. A summary of these systems is provided in
tab. 5.8 and tab. 5.9.

5.3.1 Baseline Systems
We consider a set of three baseline systems for comparison purposes.

One of them is the popular Eigenfaces method [Turk and Pentland, 1991a,b], that we refer to
as PCA in the following. After geometrically normalizing images to a resolution r = (64,80) "
(see sec. 5.1.3), the multistage preprocessing algorithm introduced in [Tan and Triggs, 2010] is
applied. Next, images are linearized into large vectors, and PCA is applied using the singular
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| PCA \ LRPCA \ LDA-IR
Normalization || r=(64,80)" \ r=(80,80)" \ r=(6575"
Preprocessing || Multistage algorithm Self-quotient image 2 color channels
[Tan and Triggs, 2010] [Wang et al., 2004]
Feature Raw pixels
Extraction (Vectorization)
PCA PCA LDA
« for 14 regions) (for each color channel)
Modeling * Dpca =5120 ® Dpca =14 x 250 =3,500 e Dpca = 150 each
dcos deuclidean sum of dgyclidean

Table 5.8 - DESCRIPTION OF THE FACE RECOGNITION SYSTEMS (PART 1).

value decomposition approach to learn a projection matrix Wpca (see sec. 2.1.1). The projec-
tion matrix is then applied to the vectors, retaining 100% of the variance (5, 120 coefficients),
and compared using a distance measure. We choose the cosine similarity measure hcogine (S€€
eq. (3.59)), since our preliminary work suggests that it performs better than the Euclidean
distance.

The two other baseline systems are taken from the CSU Face Recognition Resources, '* which
provide the baseline algorithms for the Good, the Bad & the Ugly (GBU) challenge [Phillips et al.,
2011, Lui et al., 2012]. We rely on the source code provided by the Colorado State University
(CSU), and use the parameterizations of the algorithms that were optimized for the GBU
database.

The first CSU baseline system is local region PCA (LRPCA), which computes PCA subspaces
for several local regions of the face such as the eyes, the nose and the mouth [Phillips et al.,
2011]. After a geometric normalization to a resolution r = (80,80) ', thirteen partially over-
lapping local regions as well as the complete face chip are extracted. Next, all these regions
are preprocessed using the self-quotient image algorithm [Wang et al., 2004], before being
normalized to zero mean and unit variance. At training time, PCA is applied to each region,
before retaining the 3™ through 252" eigenvectors. Besides, a normalization and weighting
schemes are applied to each dimension. A face is finally encoded by concatenating the 250
projected coefficients for each of the fourteen regions into a new vector of dimensionality
3,500. The comparison relies on the Pearson’s correlation coefficient between pairs of images.

The second CSU baseline system LDA-IR has the particularity of exploiting color information,
in contrast to all the other systems evaluated that solely rely on grayscale information [Lui
et al., 2012]. Images are first geometrically normalized to a resolution r = (75,65)" before
extracting and processing information from two color channels. The red channel from the
RGB color space is extracted, since it brings robustness to mild lighting variations, while the
I chrominance from the YIQ color space is employed to compensate for more severe illumi-

14. http://www.cs.colostate.edu/facerec/algorithms/baselines2011.php
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| GemMM ISV \ JFA
Normalization H r=(64,80)7
Preprocessing Multistage algorithm
[Tan and Triggs, 2010]
DCT features
Feature « by block
Extraction * (Bx x By) = (12 x 12) pixels
« Full overlap of 11 pixels)
UBM GMM
* 512 components with diagonal covariance
Modeling ¢ 50 k-means iterations
* 50 EM iterations
GMM MAP | ISV JFA
 Relevance factor 7 = 4
Dy €1{2,5,10,20,50,100,200} | Dy =Dy €1{2,5,10,20,50,100}
+10 EM iterations *10 EM iterations
|| TV-Cosine | TV-PLDA \ SIFT-PLDA
Normalization r=(64,80)" 9 keypoints
(IPD=50 pixels)
Preprocessing Multistage algorithm None
[Tan and Triggs, 2010]
DCT features
Feature « by block SIFT
Extraction ¢ (Bx x By) = (12 x 12) pixels e 3 scales
« Full overlap of 11 pixels)
UBM GMM PCA
« 512 components with diagonal covariance *Dpca =200
* 50 k-means iterations
¢ 50 EM iterations
Modeling Total Variability
e Dy =400
¢ 25 EM iterations
* Whitening
» WCCN
PLDA
deos « Dp = Dg € {2,5,10,20, 30,40, 50, 60}

¢ 200 EM iterations

Table 5.9 — DESCRIPTION OF THE FACE RECOGNITION SYSTEMS (PART 2).

nation variations. Besides, a normalization to zero mean and unit variance (using statistics
computed on the training set) is performed on both channels, separately. PCA is then applied
to dimensionally reduce the feature space, retaining 98% of the energy. Next, LDA is employed
such that the dimension of the resulting feature vectors is the minimum of 128 and (the num-

ber of classes i
feature vector

n the training set minus one), again, separately to each color channel. Finally,
comparisons are performed based on the Euclidean distance, summing the

distances obtained in each color channel.
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5.3.2 SIFT-PLDA System

A PLDA system fed by SIFT descriptors (SIFT-PLDA) is designed, similarly to [Li et al., 2012]. In
contrast to [Li et al., 2012] that relies on SIFT descriptors for the LFW database distributed '°
by [Guillaumin et al., 2009], we define our own feature extraction scheme to be able to evaluate
the system on any database. To avoid the use of a facial feature localizer, we extract SIFT
descriptors on a fixed position grid of nine keypoints that is positioned according to the eye
center coordinates. This grid of keypoints was defined based on statistical measurements
computed on the automatic annotations of facial fiducial points distributed by [Guillaumin
etal., 2009]. These statistics were estimated on the training set of the ViewI protocol of LFW
so that the resulting grid consists of nine keypoints roughly located on eye corners, mouth
corners and nose tip. Prior to the keypoint extraction, the image is normalized so that the
interpupillary distance (IPD) remains constant at 50 pixels. SIFT descriptors [Lowe, 2004],
each of dimensionality 128, are then extracted on these nine keypoints at three different scales,
resulting in a feature vector consisting of 3,456 coefficients.

Next, we reduce the dimensionality of these feature vectors using PCA and retain the 200
dimensions with the highest eigenvalues. PLDA is finally applied as introduced in chapter 4.
At training time, the subspaces F and G are initialized based on the result of singular value
decomposition on the between-class and within-class scatter of the training data, respectively.
Each basis vector is normalized by the eigenvalue to ensure that the latent variables have
unit variance. We initialize the covariance matrix X to be the covariance of the training data.
We always perform 200 rounds of EM training as suggested by our preliminary work. The
dimensionality of the subspaces F and G is optimized on the development set (if any), using
a grid search approach. To restrict the search space, we consider Dr = Dg = v, with v €
{2,5,10,20,30,40,50,60} under the constraint v < |training classes]|.

5.3.3 GMM-based Systems

Five systems are GMM-based and rely on the techniques described in chapter 3 and chapter 4,
respectively GMM, ISV, JFA, TV-Cosine and TV-PLDA.

These systems all rely on the same Universal Background Model and they hence employ the
same normalization, preprocessing and feature extraction techniques.

First, they share the same normalization and preprocessing step as PCA, geometrically nor-
malizing images to a resolution r = (64,80) " before applying the multistage preprocessing
algorithm introduced in [Tan and Triggs, 2010].

Next, the feature extraction is performed as follows. The preprocessed image is decomposed
into a set of K overlapping blocks, taken on a regular grid of blocks of size By x By. In practice,
we use a block size By = By = 12 pixels with a full overlap, leading to K = 3,657 blocks per

15. http://lear.inrialpes.fr/people/guillaumin/data.php
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image.

A feature vector is extracted from each block. These K feature vectors are considered as obser-
vations of the same signal (the same face). This spatial decomposition of the preprocessed
image is a key aspect to be able to apply the modeling techniques described in this chapter
since they aim at modeling the resulting observations in a generative way. Theoretically, any
visual descriptor could be used as a representation of a block. In practice, the most common
approach relies on the 2D discrete cosine transform (2D-DCT) and consists of extracting the
lowest frequency 2D-DCT coefficients [Sanderson and Paliwal, 2003, Lucey and Chen, 2004,
Cardinaux et al., 2006, Wallace et al., 2011] since they are less susceptible to noise. This leads
to a lower D,-dimensional representation of a block (D, < ByBy), in a similar way as the com-
pression performed by the JPEG file format [ITU, 1993]. D, is set equal to 44 in the following
experiments. An overview of this feature extraction process, commonly called the parts-based
approach, is shown in fig. 5.9.

Features

from Blocks
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Figure 5.9 — PARTS-BASED FEATURE EXTRACTION. This figure shows the parts-based feature extraction
approach, which decomposes the image of a face into a set of overlapping blocks, before extracting a
feature vector from each block.

In addition, pre- and post-normalization [Wallace et al., 2012] are commonly applied to

improve the robustness to session variability:

— Prior to the feature extraction, the pixel values in each block are normalized to zero mean
and unit variance. In this case, the zeroth-order DCT coefficient is discarded, as the previous
normalization makes it vanish.

— After feature extraction, the resulting 2D-DCT feature vectors are normalized to zero mean
and unit variance in each dimension with respect to the other feature vectors of the image.

Hence, the first pre-normalization is performed on a per-block basis, whereas the post-

normalization is achieved on a per-sample basis.

Finally, if an image is decomposed into a set of K = 3,657 blocks, its final representation is a
set of K = 3,657 feature vectors, O = {01, 02, ..., 0k}, each of dimensionality D, = 44.

At training time, we first derive the UBM, before training the subspaces U, V or T of the ISV,
JFA or TV systems. UBMs with 512 components and diagonal covariance matrices are trained
using 50 iterations of k-means followed by 50 EM iterations.
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Next, subspaces are learned using the EM algorithm. For ISV, the U subspace is trained using
10 iterations and its dimensionality is optimized on the development set (if any), considering
Dy €1{2,5,10,20,50,100,200}. For JFA, the U, V and D subspaces are trained using 10 iterations,
and the dimensionality of U and V is optimized in the same way, considering Dy = Dy = v,
with v € {2,5, 10,20, 50,100} under the constraint v < |training classes|. For the two TV systems,
the total variability space T is first trained using 25 iterations. Based on prior work, we set the
dimensionality of this subspace equal to 400, except for the BANCA database, on which we
use 200 since its training set consists of only 300 samples. For TV-PLDA, PLDA is applied in
the same way as SIFT-PLDA, using 200 rounds of EM training (see sec. 5.3.2).

For the GMM and ISV systems, a relevance factor 7 = 4 is used for client model adaptation.

5.4 Experimental Results

In the following, we evaluate the face recognition systems introduced in the previous section on
several databases. The techniques employed by these recognition systems were implemented
in Bob [Anjos et al., 2012], an open source toolkit for machine learning and signal processing
developed during my thesis (see appendix A). In addition, all results and plots reported in
this section can be easily regenerated using the satellite package '° that accompanies this
dissertation (see sec. A.3.2).

5.4.1 Face Variations

First, we employ controlled databases to separately estimate the impact of pose, illumination
and expression (PIE) variations as well as occlusions on face recognition systems. The dimen-
sionality of the subspaces is tuned on the development set, before reporting results on the
evaluation set.

Face Poses

We start by addressing the issue of non-frontal pose, which is of particular interest in surveil-
lance applications. To test how the systems perform on non-frontal images, we execute them
on the protocol P of the Multi-PIE database. Model enrollment is performed using only frontal
images, while probe samples are taken from left profile to right profile in steps of 15°.

By default, the image alignment step uses the eye positions as long as both eyes are visible in
the image, i.e., for images with a rotation less or equal to +45°. In the profile and near-profile
cases, we adopt a different cropping strategy, aligning images according to the eye and mouth
positions. The final positions are a}, = (25, 16)" and a;,, = (25,52) T for eye and mouth in the
left profile images, and a, = (38, 16)" and a,, = (38, 52)T in the right profile. We choose these
positions to assure the face including the nose tip to be inside the image, while keeping most

16. https://pypi.python.org/pypi/xbob.thesis.elshafey2014
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Figure 5.10 - PERFORMANCE OF THE SYSTEMS FOR VARIOUS POSES AND ILLUMINATION CONDI-
TIONS ON MULTI-PIE. This figure shows the HTER on the evaluation set of Multi-PIE, on protocol P for
several poses (a) and on the three illumination protocols M, U and G (b).

In fig. 5.10(a), the HTER on the evaluation set is plotted for each of the tested poses, inde-
pendently. It can be observed that close-to-frontal poses up to +15° can be handled by most
systems. On the other hand, starting from +45°, the systems are impacted by the pose.

Comparing the systems, two baselines PCA and LRPCA are significantly worse than the other
systems, and their performance is comparable to chance starting from +45°. For close-to-
frontal poses, ISV slightly outperforms the other systems, whereas for profile and near-profile
poses, JFA and TV-PLDA are the most accurate systems. In particular, TV-PLDA leads to a
relative improvement in HTER of 54% on profile faces when compared to GMM, which is
performing well on frontal faces.

As shown in fig. 5.10(a), we did not run the evaluation on profile and near-profile cases for the
CSU baselines LDA-IR and LRPCA since their implementation does not allow to crop faces
without providing the locations of the two eyes. This is also the case for SIFT-PLDA as the
keypoints would not be correctly located on the face in this situation.

Illumination
Another issue in automatic face recognition is uncontrolled illumination.

First, we evaluate the systems on the three illumination protocols of Multi-PIE, which all share
the same training set containing images with various illumination conditions. The HTER on
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the evaluation set is plotted for each of the systems on fig. 5.10(b).

Comparing the protocols M and U, which rely on the same enrollment data, provides a way to
measure the impact of illumination (see sec. 5.2.1). The only difference is the use of additional
probe samples with non-frontal illumination in the U protocol. As expected, this negatively
impacts all the systems, the error rates increasing up to a factor of two.

Looking at the protocol G, which defines the same probe samples as U, we can observe the
impact of using more enrollment samples with non-frontal illumination. Interestingly, several
algorithms such as ISV, JFA and SIFT-PLDA obtain results that are comparable to the ones of
the M protocol, sometimes even better. This suggests that one possible solution to deal with
uncontrolled illumination is to require enrollment samples taken under various illumination
conditions.

Comparing the systems, ISV is the best performing on all theses protocols, whereas PCA is
severely impacted by illumination conditions. JFA, TV-Cosine and GMM also offer reasonably
good performances. Comparing ISV to GMM, we observe a relative improvement in HTER of
50% and 56% on protocol M and G, respectively.

Next, we consider the AR face database to evaluate again the impact of illumination. Results
(HTER) on the evaluation set are depicted on the left side of fig. 5.11(a). Similar trends as on
Multi-PIE can be observed, ISV being again the best performing system, followed by GMM,
JFA and SIFT-PLDA. However, LDA-IR as well as the TV-based systems are less accurate on
this database. In the case of the TV-based systems, a possible explanation for this degradation
is the smaller size of the training set (1,076 images versus 9, 785 for Multi-PIE).

Facial Expressions

Another aspect an automatic face recognition system must deal with is facial expression. To
test the algorithms against various expressions we rely on the protocol E of the Multi-PIE
database.

The results of the expression experiment are shown in fig. 5.12. While neutral faces are rec-
ognized quite well by all algorithms, other expressions influence most of the algorithms,
sometimes severely. A notable exception is SIFT-PLDA, whose performance does not vary
much according to the different expressions. However, this is not the best performing system.

Overall, the lowest error rate is obtained with ISV, except for the disgust and surprise ex-
pression, where JFA and TV-Cosine are slightly better, respectively. In contrast, the PCA and
LRPCA baselines, which are pixel-based, are unable to cope with extreme expressions like
disgust and scream. Besides, TV-based systems do not perform well on this protocol. Once
more, this might be explained by the relatively small size of the training set (1,095 images with
various expressions).
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Figure 5.11 — PERFORMANCE OF THE SYSTEMS ON AR FACE. This figure shows the HTER on the
evaluation set of AR face considering both illumination conditions and occlusions (a) and occlusions
only (b).
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Figure 5.12 — PERFORMANCE OF THE SYSTEMS FOR VARIOUS EXPRESSIONS ON MULTI-PIE. This
figure shows the HTER on the evaluation set of Multi-PIE, on protocol E (expressions).
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Occlusions

In several real world scenarios, the faces captured by cameras are partially occluded, which
typically affects the performance of face recognition systems. Two prominent occlusions are
sunglasses, which hide the key identity information located in the eye region [Sinha et al.,
2006], and scarfs covering the lower part of the face during winter. One database that tests
exactly these two types of occlusions is the AR face database with its protocol occlusion.

Fig. 5.11(a) contains the results of the occlusion experiments. As a baseline for this database
we selected the protocol illumination, on which all algorithms perform reasonably well. When
occlusions come into play, all algorithms suffer a drop in performance, independent of whether
there is additional non-frontal illumination. The most robust system is ISV, while PCA and
LRPCA perform again poorly.

Having a closer look by separating between the two occlusion types (cf. fig. 5.11(b)), scarfs and
sunglasses seem to have different impacts on the systems. Raw pixels algorithms like PCA and
LRPCA are unable to handle sunglasses. In contrast, the other systems perform comparatively
well on both types of occlusions.

Conclusions

In these experiments, we evaluated the impact of face variations. Considering the best sys-
tems, the HTER is typically in the range [1%, 10%] in presence of occlusions, expressions or
illumination variations, compared to around 20% for profile poses. This suggests that pose
variation remains one of the most challenging problems in automatic face recognition.

5.4.2 Experiments on other Databases

After separately analyzing the impact of several face variations, we now execute the face recog-
nition systems on other publicly available face databases. The evaluation is performed follow-
ing the evaluation protocols and measures shipped with the databases, if any. Specifically, we
here include those databases that do not provide separate development and evaluation sets.
When a development set is available, the dimensionality of the subspaces is tuned on this set
before reporting results on the evaluation set. Otherwise, we employ reasonable values chosen
a priori, based on the training set size.

BANCA

Considering the protocol P of BANCA English, the HTER on the evaluation set is reported on
fig. 5.13. BANCA is a fairly old database, and one of its main limitations is the rather small
training set (300 images from 30 subjects). The best performing system is ISV, followed by
GMM and JFA. In contrast TV-based systems and SIFT-PLDA are not accurate on this database.
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This suggests once more that a larger training set is required for these approaches.

[ PCA B GMM B TV-Cosine
@@ LRPCA I 1SV I TV-PLDA
[0 LDA-IR I JFA [ SIFT-PLDA

HTER (%)
& 8 &

—
=)

Figure 5.13 — PERFORMANCE OF THE SYSTEMS ON BANCA ENGLISH. This figure shows the HTER
on the evaluation set of the protocol P of BANCA English.

CAS-PEAL

On the CAS-PEAL database, identification protocols have been initially defined, and results are
reported in terms of recognition rates. The results of this evaluation are given in fig. 5.14, where
we also include results of the Gabor feature-based PCA+LDA (GPCA+LDA) 17 algorithm [Gao
et al., 2004]. Since the images provided by the CAS-PEAL database are grayscale only, the
LDA-IR system cannot be run.

When comparing the systems, the trend is similar on all the protocols. For the simple variations
of background and distance, several systems work close to perfect, except for PCA, LRPCA, and
TV-PLDA. It was indeed noticed previously that TV-PLDA requires a training set large enough,
whereas it only consists of 1,200 images in the CAS-PEAL database. Considering Aging, facial
expressions and accessories, nearly all systems drop performance, but ISV and TV-Cosine are
still stable against these variations.

The most severe problem on this database is the change of illumination. In protocol lighting
of the CAS-PEAL database not only the directions of light sources are varied, but also the
light type changes from ambient light in enrollment images to fluorescent or incandescent
light in probe images. This explains the dramatic drop of performance of all systems. Still, ISV
outperforms the GPCA+LDA baseline.

17. In [Gao et al., 2008] the CAS-PEAL database organizers propose to use LGBPHS [Zhang et al., 2005], which
seems to work better than GPCA+LDA, but they do not provide exact numbers for the experimental results.
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Figure 5.14 —- PERFORMANCE OF THE SYSTEMS ON CAS-PEAL. This figure shows the recognition
rate on the CAS-PEAL protocols for both the tested face recognition systems and the GPCA+LDA baseline
of [Gao et al., 2004].

Face Recognition Grand Challenge (FRGC)

The FRGC database comes with 3 different biased verification protocols. The ROC curves for
the algorithms executed on these experiments are presented in fig. 5.15. The baseline results
reported by [Phillips et al., 2006] are also present in the plot as a single marker at 0.1% FAR.

Experiment 2.0.1 compares controlled studio portrait images with each other, using one image
for model enrollment and one image for probing. In this scenario, the TV-based systems
outrival the other algorithms, followed by ISV. Interestingly, all the GMM-based systems out-
perform the GMM-baseline, which confirms the applicability of session variability modeling
techniques in face recognition. In contrast, LDA-IR does not perform very well in this experi-
ment. This suggests that, extracting color information does not seem to be beneficial when
images are taken in controlled environments.

Experiment 2.0.2 tests how well multiple images per person can improve verification per-
formance. The results in fig. 5.15(b) show that most of the proposed systems gain a lot in
performance, while the CSU baselines LRPCA and LDA-IR cannot exploit multiple enrollment
images that well.

Finally, experiment 2.0.4 uses probe images with uncontrolled illumination. Fig. 5.15(c) il-
lustrates that the TV-based systems and LDA-IR work nicely on this experiment, followed by
ISV and SIFT-PLDA, while PCA and GMM perform poorly. Again, GMM-based session variabil-
ity modeling techniques bring significant improvements, when compared to the GMM base-
line. For instance, TV-PLDA brings a relative improvement in the CAR at FAR = 0.1% of 33%,
10% and 289% for experiment 2.0.1, 2.0.2 and 2.0.4, respectively, when compared to GMM.

On all experiments, the best proposed systems outperform the FRGC baseline.
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Figure 5.15 — PERFORMANCE OF THE SYSTEMS ON FRGC. This figure shows ROC curves for the
different protocols of FRGC. The FRGC baseline performance 0f66%, 88% and 12% CAR at FAR = 0.1%,
respectively, is marked.

The Good, the Bad and the Ugly (GBU)

The GBU database provides verification protocols with increasing difficulty: Good, Bad and
Ugly. The ROC curves for all tested algorithms are given in fig. 5.16. Compared to FRGC, there
is a difference in the training set, which is about six times smaller (2,076 images).

On protocol Good, several systems perform reasonably well, the best two being ISV and LDA-
IR. SIFT-PLDA is also fairly accurate for operating points, where the FAR is comparable or
greater than the FRR. For protocols Bad and Ugly, LDA-IR outnumbers all other algorithms.
This might be explained by the additional use of color information and by the fact that this
algorithm was designed and tuned for this database. In particular, the GMM baseline performs
poorly on these protocols. But the derived session variability modeling techniques allow a
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Figure 5.16 — PERFORMANCE OF THE SYSTEMS ON GBU. This figure shows ROC curves with a
logarithmic FAR axis for the different protocols of GBU.

significant boost in performance. In addition, SIFT-PLDA is fairly accurate on these protocols
as well.

Labeled Faces in the Wild (LFW)

The last database, on which we test our algorithms, is the Labeled Faces in the Wild (LFW)
database. Fig. 5.17 displays the average classification rates as well as the standard deviations
over the 10 different folds of view 2 as required by the LFW protocol [Huang et al., 2007b].
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With 83.5% '8 average classification accuracy, SIFT-PLDA performs best on this database,
followed by TV-PLDA, TV-Cosine, JFA and ISV, while human performance is about 97.5%.
These results suggest that PLDA modeling is suitable to deal with images of faces in the wild,
by accurately modeling the within-class variations. In contrast, the three baseline systems,
PCA, LRPCA and LDA-IR perform relatively poorly in this scenario. This might be explained
by the use of pixel-based representations of the face, instead of more robust local features.

3 PCA [ LDA-IR [ ISV I TV-Cosine [ SIFT-PLDA
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Figure 5.17 — VERIFICATION PERFORMANCE OF THE SYSTEMS ON LFW. This figure shows the
classification rate on LFW view 2.

In addition to the previous and standard evaluation on LFW, we additionally run the face
recognition systems on the previously defined PO protocol (see sec. 5.2.2), which aims at
addressing the problem of large-scale identification. Results on the evaluation set are reported
on fig. 5.18, which displays CMC curves, using both a linear (fig. 5.18(a)) and logarithmic
(fig. 5.18(b)) x-axis to improve legibility.

Interestingly, the best performing system depends on the operating point on the system.
Considering an identification rank in the range [1,20], ISV outperforms other systems, the
recognition rate at rank 1 being slightly above 20%. If the system can afford to return a larger
output list of potential matches (more than 20), SIFT-PLDA is then the most accurate system,
and for even larger list, TV-PLDA becomes a good choice as well. These results suggest that
these techniques are able to cope with the session variability issue up to a certain level.

In addition, some errors returned by one of the well performing systems, SIFT-PLDA, are given
on fig. 5.19. Enrollment being performed with a single image, pair of samples (one for enroll-
ment and one for test) of the same subject with the lowest scores are shown on fig. 5.19(a). Simi-
larly, pair of samples of different subjects leading to the highest scores are shown on fig. 5.19(b).

18. In [El Shafey et al., 2013c], we reported a classification rate of 86.3% for SIFT-PLDA, but we used the visual
features made publicly available by [Guillaumin et al., 2009] that rely on a facial feature detectors instead of a fixed
grid of keypoints.
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Figure 5.18 — IDENTIFICATION PERFORMANCE OF THE SYSTEMS ON LFW. This figure shows the
identification performance on the protocol PO of the LFW database.

Overall, similar conclusions as in sec. 5.4.1 can be drawn: pose and occlusions (sunglasses)
remain major challenges in face recognition.

AT C

(a) Samples of the same subject with lowest scores  (b) Samples of different subjects with highest scores

Figure 5.19 — LARGEST ERRORS OF SIFT-PLDA ON THE IDENTIFICATION PROTOCOL OF LFW.
This figure shows the positive trials with the lowest scores (a) and the negative trials with the highest scores
(b) for SIFT-PLDA on the identification protocol of LFW. Trials are organized by column (enrollment
sample is on the top, test sample on the bottom).

Finally, we can observe that face recognition techniques still require significant improvements
in terms of accuracy to make possible identification on large datasets. If the returned list
consists of 10% of the total number of identities (1,000 on the evaluation set), the identification
rate of the best system, SIFT-PLDA, is only around 70%.
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5.5 Summary and Concluding Remarks

In this chapter we applied the considered probabilistic models to the task of face recognition.
In particular, we separately examined the impact of face variations such as pose, illumination
or expression on the performance of the systems, before conducting experiments on uncon-
trolled databases. Overall, the proposed modeling techniques bring significant improvements
in uncontrolled recording conditions, TV-PLDA and ISV being very competitive.

The experimental findings can be summarized as:

1. GMM-based session variability modeling techniques bring significant improvements,
when compared to the GMM baseline. While TV-based systems, and especially TV-
PLDA require a sufficiently large training set to be efficient, ISV and JFA perform rea-
sonably throughout all the conducted experiments.

2. Pose remains a major problem for automatic face recognition, when there is a mismatch
between enrollment and test samples. In this scenario, the best two systems are TV-
PLDA and JFA, which provide a relative improvement in HTER of 50% when compared
to GMM.

3. The proposed systems are able to cope reasonably well with non-frontal illumination
and facial expressions. In particular, results suggest that adding enrollment samples
taken under various conditions improves the accuracy of face recognition systems.

4. Severe occlusions caused by sunglasses affect the performance of all the systems. This
can be explained by the fact that the region around the eyes contains important cues for
face recognition

5. The results of the LDA-IR baseline show that color information is a useful cue to boost
the performance in uncontrolled environments. Therefore, these information could
be integrated in the proposed approaches to improve their accuracy in real world
applications.

6. In general, raw pixel-based approaches such as PCA and LRPCA do not perform well on
challenging recording conditions, in contrast to local feature-based techniques.

7. ISV and the TV-based systems are the best performing systems on the large FRGC
database. For instance, a relative improvement in the CAR at FAR = 0.1% of 33% is
observed with TV-PLDA on experiment 2.0.1 when compared to GMM.

8. Finally, the identification experiments conducted on LFW suggest that face recognition
systems should still be significantly improved to make possible face identification in
uncontrolled environments on a large dataset.

In the next chapter, we apply the same modeling techniques to the task of speaker recognition.
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In this chapter we apply the proposed modeling techniques to the task of automatic speaker
recognition. In particular, this chapter is mainly an extension of the Idiap Research Institute
submission to the 2012 NIST Speaker Recognition Evaluation (NIST SRE12), where an inter-
session variability-based system was submitted.

We begin by discussing related work in the field of speaker recognition. Next, we introduce
the NIST SRE12 corpus and we describe the speaker recognition systems considered. Finally,
large-scale experiments are reported and discussed.

6.1 Background

Soon after the development of digital computers, there has been a considerable amount of ac-
tivity in laboratories and universities to build automatic speaker recognition systems [Reynolds,
1995b]. Semi-automatic systems have originally been proposed based on a visual compari-
son of speech spectrograms, which are representations of the spectrum of frequencies in a
signal [Bolt et al., 1970]. But quickly, fully automatic systems were developed using simple
template matching techniques (for instance, at the Bell Labs [Atal, 1974]). In addition, early
work showed that automatic systems could outperform human listeners [Rosenberg, 1973].

Several applications of speaker recognition technology are possible ranging from forensics
to automatic indexing of audio content. In particular, telephone-based scenarios are very
common, such as identification of criminals or verifying a person’s identity before a bank-
ing transaction. Depending on the level of cooperation of the person to recognize, these
applications rely on either fext-dependent or text-independent speech. In a text-dependent
application, the recognition system has a priori knowledge of the text spoken by the subject.
On the other hand, text-independent recognition is more challenging, but also more flexible.

Numerous approaches for speaker recognition have been proposed during the past four
decades and we, hence, do not aim at providing a thorough review of the field. Compared
to early template-based systems, current state-of-the-art techniques benefit from recent ad-
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vances in statistical machine learning [Kinnunen and Li, 2010]. However, phonetic variability,
changes in the environment (e.g., acoustic channel, background noise) and within-speaker
variation (e.g., emotional state, aging) remain major challenges in speaker recognition.

Refining fig. 2.1, a recent automatic speaker recognition system typically consists of the steps
depicted in fig. 6.1. In the following, we review existing work for each step of the processing
chain, considering text-independent speaker recognition.

Classifier

e Feature H
Input Normalization . . . H Classificati
Audi and Voice Activity Feature Vector Statistical Decision- ; assification
udio - —» o s ] Detection Extraction Modeling Making H Decision
Sample Denoising EEE—

Figure 6.1 — SIMPLIFIED STRUCTURE OF A TYPICAL SPEAKER RECOGNITION SYSTEM.

6.1.1 Normalization and Denoising

After its acquisition via a microphone and its conversion into digital form, an audio sample
is resampled, if required, to unify sampling rates of training and enrollment samples. Next,
denoising techniques are typically applied to improve the signal-to-noise ratio (SNR) of the
input signal. Popular methods for this purpose are spectral subtraction [Boll, 1979], short-time
spectral amplitude [Ephraim and Malah, 1984] and Wiener filters [Adami et al., 2002].

6.1.2 Voice Activity Detection

Voice activity detection (VAD) aims at determining when a person is speaking in an audio
sample. This allows to discard non-speech segments that do not contain speaker information
prior to recognition. VAD can be seen as a binary classification task, where the goal is to
classify audio segments as speech or non-speech. Supervised approaches could be used, but
in practice, few databases are annotated with speech and non-speech labels over time.

A simple unsupervised approach for VAD relies on the energy of an audio segment. This energy
measure can be compared to a threshold to determine whether it is classified as speech or
non-speech. A slightly more sophisticated approach consists of training a two Gaussians
classifier from the audio segments, where the Gaussian distribution with the higher mean
value corresponds to the speech part [Khoury et al., 2012].

Instead of the energy, it is possible to rely on other measurements. In particular, speech
signals have a characteristic energy modulation peak around the 4 Hz syllabic rate, which
can be efficiently employed to discriminate between speech and, e.g., music [Scheirer and
Slaney, 1997]. Other popular strategies consist of zero-crossing rate [Benyassine et al., 1997],
periodicity measure [Tucker, 1992] or spectrum analysis [Marzinzik and Kollmeier, 2002].
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In practice, VAD has a significant impact on speaker recognition systems and state-of-the-art
algorithms tend to fail when the level of background noise is too high.

6.1.3 Feature Extraction

After voice activity detection, speech samples are of various length and only a fraction of
the information conveyed is useful for speaker discrimination. Feature extraction aims at
mapping the signal into a low-redundancy representation that still conveys information about
the speaker. These techniques can be divided into different categories [Kinnunen and Li,
2010].

Short-term spectral features characterize properties of vocal tract as well as the short-term
spectral envelope of the signal. They are computed from short segments (usually 20-30 mil-
liseconds), which are extracted from the speech signal at equally-spaced time instants using a
sliding window approach. A feature vector is then computed from each segment.

Mel frequency cepstrum coefficients (MFCCs) [Davis and Mermelstein, 1980] are commonly
used. This representation is obtained by first taking the discrete Fourier transform (DFT) of
the observations, before mapping the powers of the spectrum on a non-linear Mel scale of
frequency. Next, the logarithms of the powers at each frequency of the scale are computed
before applying the 1D DCT to them. Coefficients are then obtained by taking the amplitudes
of the resulting spectrum.

Linear prediction (LP) [Mammone et al., 1996] is an alternative spectrum estimation method
to DFT. It is inspired by a popular linear model of speech production developed at the end
of the fifties [Fant, 1960]. The linear coefficients are determined using the Levinson-Durbin
recursion [Rabiner and Juang, 1993]. They are rarely used as features, but are transformed
into more robust and less correlated coefficients such as linear predictive cepstral coeffi-
cients (LPCCs) [Huang et al., 2001], or perceptual linear prediction (PLP) coefficients [Her-
mansky, 1990].

Voice source features characterize the voice source, such as fundamental frequency and glottal
pulse shape. They are less discriminative than short-term features, but complementary [Kin-
nunen and Li, 2010].

Spectro-temporal features refer to formant transitions and energy modulations. First- and
second-order time derivative estimates (called delta (A) and double-delta (AA)) are com-
monly employed to incorporate some temporal information to features [Furui, 1981]. Time
differences between adjacent feature vectors are typically computed and appended to the
corresponding feature vector.

Prosodic features rely on non-segmental aspects of speech such as rhythm, syllable stress,
speaking rate and intonation. Unlike short-term spectral features, they span over long seg-
ments like syllables or words, and reflect differences in speaking style and emotions [Kinnunen
and Li, 2010].
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Finally, high-level features attempt to capture conversation-level characteristics of speakers,
such as the usage of certain words and phrases [Doddington, 2001].

6.1.4 Modeling and Classification

Simple template matching approaches such as vector quantization (VQ) were proposed for
text-independent speaker recognition [Soong et al., 1985]. However, current state-of-the-art
techniques rely on popular machine learning algorithms. Both generative and discriminative
models were successfully applied.

In particular, Gaussian mixture models (GMMs) have been widely employed to estimate the
feature distribution within each speaker [Reynolds, 1992, Reynolds and Rose, 1995, Reynolds,
1995a]. On the other side, discriminative models such as artificial neural networks [Farrell
etal., 1994, Yegnanarayana and Kishore, 2002] and support vector machines (SVMs) [Campbell
et al., 2004, 2006a] were proposed to model the boundary between speakers.

Speech utterances usually have a varying number of feature vectors, and it is hence difficult to
find a suitable representation for speaker models. Early work proposed to average features
over time such that each utterance could be represented as a vector of fixed dimensional-
ity [Markel et al., 1977]. Interestingly, a major trend in the speaker recognition field consists of
representing utterances using a single vector, called a supervector. These supervectors have
been used in combination with SVMs, leading to systems called generalized linear discrimi-
nant sequence (GLDS) kernel SVM [Campbell et al., 2006a] and maximum likelihood linear
regression (MLLR) supervector SVM [Karam and Campbell, 2007, Stolcke et al., 2007]. Besides,
hybrid systems were proposed where a GMM is used for creating feature vectors that then
feed a SVM [Campbell et al., 2006b, Dehak and Chollet, 2006, Lee et al., 2008].

In this chapter, we investigate GMM-based supervector techniques, such as inter-session
variability (ISV) modeling, joint factor analysis (JFA) and total variability (TV or i-vectors)
modeling (see chapter 3). Furthermore, we employ our scalable formulation of probabilistic
linear discriminant analysis (PLDA) to classify i-vectors (see chapter 4).

6.2 NIST SRE12 Database

Early studies evaluated speaker recognition systems on databases consisting of a few speak-
ers [Rosenberg, 1973]. Recently, there has been a significant effort in acquiring and distributing
larger corpora to researchers. In particular, the National Institute of Standards and Technol-
ogy (NIST) started a series of text-independent speaker recognition evaluation (SRE) Lin
1996 [Martin and Przybocki, 2001]. The goal has been to drive the technology forward, to
evaluate the state-of-the-art, and to find the most promising algorithms.

1. http://www.nist.gov/itl/iad/mig/sre.cfm
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6.2. NIST SRE12 Database

The latest evaluation, NIST SRE12, took place in 2012 and was the largest and most complex
SRE up to date [Greenberg et al., 2013]. This evaluation provides a set of target speaker training
data (enrollment data) as well as a set of test segments for scoring, which together define
an evaluation set (the labels of the test segments were only given after the evaluation). The
data were drawn from several corpora collected by the Linguistic Data Consortium (LDC): 2
Mixer (versions 1 to 7) and BEST speaker evaluation. It consists of telephone recorded phone
calls, microphone recorded phone calls, and microphone recorded face-to-face interviews.
The speakers were encouraged to perform their phone calls in a noisy environment. Besides,
artificial noise was added to a subset of segments, with levels of +6 dB or +15 dB.

The NIST SRE12 does not provide data for training and development purposes. Therefore, we
rely on the development set generated by the 14U coalition [Saedi et al., 2013]. This allows
us to tune speaker recognition systems to conditions similar to the ones of NIST SRE12. The
development set consists of data fetched from NIST SRE06, NIST SRE08 and NIST SREI10,
which were initially collected by LDC. Besides, a training set was generated based on data
extracted from other LDC corpora (Switchboard, Fisher, NIST SRE04, NIST SRE05 and NIST
SREO06). In both sets, additional utterances were generated by incorporating noise with levels
of +6 dB and +15 dB to simulate NIST SRE12 conditions.

NIST SRE12 evaluation is performed separately for male and female. Several evaluation proto-
cols were released by NIST for SRE12. This protocol (that we refer to as a-extended) compares
all the probe samples to all the enrolled speaker models. The NIST SRE12 core protocol is a
subset of this protocol, where only a part of the trials are performed. This a-extended protocol
corresponds to the initial plan for the NIST SRE12 extended protocol. However, the NIST
SRE12 extended protocol has later been extended with additional probe samples. The resulting
protocols have been made available online. 3

Gender Group Number of speakers  Number of segments  Number of trials
(train or test)
Train (Idiap) 6,767 33,322 n.a.
Male DEV (14U) 680 19,866 13,508,880
EVAL 763 29,728 22,682,464
Train (Idiap) 9,198 42,521 n.a.
Female DEV (14U) 1,039 25,980 26,993,220
EVAL 1,155 43,378 50,101,590

Table 6.1 — NIST SRE12 EVALUATION PROTOCOLS. This table depicts the number of speakers, utter-
ances and trials in NIST SRE12 (evaluation set, EVAL) as well as in the training (Train) and development
(DEV) sets employed in this study.

2. http://catalog.ldc.upenn.edu/
3. http://pypi.python.org/pypi/xbob.db.nist_srel2
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6.3 Systems Description

Five different speaker recognition systems are evaluated, which all share the same preprocess-
ing and feature extraction techniques. These systems are described in the remainder of this
section. In addition, a summary is provided in tab. 6.2.

| cMm | ISV \ JFA | TV-Cosine | TV-PLDA
Denoising H Qualcomm-ICSI-OGI [Adami et al., 2002]
Resampling H 8 kHz
VAD H log energy

MFCC features (Do = 60)
» 20 ms Hamming windowed frames with an overlap of 10 ms
Feature « 19 Mel frequency cepstrum coefficients
Extraction + log energy
+ first- and second-order derivatives
Cepstral mean and variance normalization (CMVN)

UBM GMM
« 512 components with diagonal covariance
50 k-means iterations
* 50 EM iterations

Modeling GMM MAP | ISV JFA Total Variability
» Relevance factor 7 = 4 e DT =400

Dy =200 Dy = Dy € {50,100} * 25 EM iterations
¢10 EM iterations +10 EM iterations * Whitening

« WCCN
PLDA
dcos e Dp = Dg € {50,100}
* 200 EM iterations

Table 6.2 — DESCRIPTION OF THE SPEAKER RECOGNITION SYSTEMS.

A resampling at 8 kHz is first applied when required, since NIST SRE12 contains data encoded
at either 8 kHz or 16 kHz. The Qualcomm-ICSI-OGI front end [Adami et al., 2002] is then
employed for denoising purposes. Next, VAD is performed by considering the normalized log
energy.

After, normalization and VAD, observations are extracted every 10 milliseconds using a Ham-
ming window of 20 milliseconds. In addition to the log-energy, 19 Mel frequency cepstrum
coefficients (MFCCs) are computed using a filter bank of 24 filters, together with their first- and
second-order derivatives (A and AA) to integrate spectro-temporal information. From each
observation, this results in a feature vector of dimensionality D, = 60. Finally, a normalization
technique called cepstral mean and variance normalization (CMVN) [Strand and Egeberg,
2004] is applied on the remaining speech. The number K of feature vectors extracted from
each audio sample depends on the number of segments that the VAD classifies to be speech.

The overall process is illustrated by fig. 6.2.
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Figure 6.2 — AUDIO FEATURE EXTRACTION. This figure provides a simplified view of the audio feature
extraction process, decomposing the signal in the time domain and obtaining a feature vector from each
observation.

The five speaker recognition systems are based on the modeling techniques introduced
in chapter 3 and chapter 4: GMM, ISV, JFA, TV-Cosine and TV-PLDA.

The UBM is shared by all of them. Therefore, at training time, we first derive this UBM, before
learning the subspaces U, V, D and T of the ISV, JFA and TV systems. The UBM consists of 512
Gaussian components with diagonal covariance matrices. It is trained in a gender-independent
way using 50 iterations of k-means followed by 50 iterations of EM. Due to the large number of
training samples of long duration, this training process is computationally very intensive and
still requires several days/weeks after parallelization on a cluster infrastructure.

The next step is to learn the subspaces, which model either within-class or between-class
variations. In contrast to the UBM, they are learned in a gender-dependent way, modeling
the variability of each gender separately. Furthermore, we had to restrict the search space for
these large scale experiments when optimizing parameters. For the ISV system, the rank of
U is set to Dy = 200, whereas the rank of the subspaces U and V of JFAis set to Dy = Dy =v
with v € {50,100}. For both ISV and JFA, 10 iterations of EM are performed. For the GMM and
ISV systems, the relevance factor 7 is set to 4. Finally, 25 iterations of EM are performed
for training the total variability subspace T, and the dimensionality of the i-vectors in TV-
Cosine and TV-PLDA is equal to 400. The scoring techniques of the two TV systems are the
cosine similarity measure (see eq. (3.59)) and PLDA, respectively. For TV-PLDA, the rank of
the subspaces F and G is set to Dg = Dg = v with v € {50,100} and 200 iterations of EM are
performed.

ZT-norm score normalization [Auckenthaler et al., 2000] is performed, using clean and noisy
data from the training set.

Finally, before the generation of the DET curves fig. 6.4, the scores are calibrated using lin-
ear logistic regression [Bishop, 2007] (see sec. 7.2.2), before being mapped into compound
log-likelihood ratios [Briimmer, 2012], as suggested by participants during the evaluation
campaign. 4

4. http://sites.google.com/site/bosaristoolkit/sre12
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Figure 6.3 — PERFORMANCE OF THE SYSTEMS ON NIST SRE12 (EER AND HTER). This figure
shows the EER on the development set and the HTER on the evaluation set of NIST SRE12.

6.4 Experimental Results

In this section, we evaluate the considered speaker recognition systems on NIST SRE12. The
techniques employed by these systems were implemented in Bob [Anjos et al., 2012] (see
appendix A). In addition, all the results and the plots reported in this section can be easily
regenerated using the satellite package ® that accompanies this dissertation (see sec. A.3.2).

We report the results both without and with ZT-norm score normalization. We tune the
subspace size of JFA and TV-PLDA on the development set, considering the EER as the value
to optimize. No clear consensus emerged among the two different parameterizations. For
TV-PLDA, a subspace size of D = Dg = 100 leads to a smaller EER than with Dg = Dg =50,
except for male when the ZT-norm score normalization is not applied. Considering JFA, a

5. https://pypi.python.org/pypi/xbob.thesis.elshafey2014
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subspace size of Dy = Dy = 100 is better for male, whereas Dy = Dy = 50 is slightly more
suitable for female. In the following, we always consider the results obtained with subspaces
of dimensionality Dy = Dy = 100 and Df = D¢ = 100 for JFA and TV-PLDA, respectively.

First, we report results at a specific operating point, considering the EER on the development
set and the HTER on the evaluation set, separately for female and male (fig. 6.3). Second, DET
curves on the evaluation set are reported on fig. 6.4, for which additional calibration and
normalization steps are performed (see end of sec. 6.3).
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Figure 6.4 — PERFORMANCE OF THE SYSTEMS ON NIST SRE12 (DET CURVES). This figure shows
the DET curves on the evaluation set of NIST SRE12.

6.4.1 Global Observations

Looking at the results provided in fig. 6.3 and fig. 6.4, three major trends emerge. First, the
session variability modeling techniques bring significant improvements compared to the
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GMM baseline. In particular, TV-PLDA outperforms other systems over a wide range of oper-
ating points, followed by ISV and JFA. Second, the conditions encountered in the NIST SRE12
evaluation set are more challenging than the ones in the development set established by the
14U coalition. Between these two sets, there is indeed a ratio of two to three in terms of error
rate, depending on the system considered. Besides, HTER values reported on the evaluation
set for all the systems are fairly high, which confirms that NIST SRE12 is a challenging task.
Third, a similar performance is observed for both female and male, and the same conclusions
can be drawn.

6.4.2 Comparison of the Systems

Comparing the best system, TV-PLDA, to the GMM baseline, we observe a relative gain in
HTER on the evaluation set of 47% and 37% for female and male, respectively. Interestingly, TV-
PLDA brings significant improvements, when compared to TV-Cosine that employs a simple
distance on the same input i-vectors. Particularly, this implies that PLDA modeling results
in a relative gain in HTER of 45% and 28% for female and male, respectively. This highlights
the effectiveness of this modeling technique for the task of speaker recognition, which was
also confirmed during the NIST SRE12 campaign [Saedi et al., 2013]. In addition, the scalable
formulation proposed in chapter 4 allows a very efficient training (and scoring) process. In
contrast to the EM procedures employed for learning the UBM and the subspaces of ISV,
TV and JFA, it was not necessary to parallelize the PLDA training on a cluster infrastructure.

Similarly, ISV outperforms the GMM baseline with a relative gain in HTER of 28% and 24%,
for female and male, respectively, whereas for JFA, relative improvements of 13% and 14% are
achieved. ISV is of particular interest for scenarios that penalize more false rejections than
false acceptances, since its DET curve is below the one of TV-PLDA, for both male and female
(see fig. 6.4).

6.4.3 Impact of the ZT-norm

As shown on fig. 6.3, the ZT-norm score normalization does not affect all the systems in the
same way. Considering the development set, it boosts the performances of GMM, ISV and JFA,
whereas, in contrast, it degrades the accuracy of the TV systems. For instance, the HTER of the
ISV system is improved of about 16%, on average. Unfortunately, this normalization does not
affect the results on the evaluation set in the same way. For almost all the systems, on both
female and male, a degradation in performance is observed. As this normalization relies on
samples from the training set, this suggests that the conditions encountered in NIST SRE12
are different from the ones of the training set, despite the generation of samples with additive
noise. Therefore, the performance of the systems could possibly be improved by extending
the training and 14U development sets with samples that better match the conditions of NIST
SRE12.
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6.5 Summary and Concluding Remarks

In this chapter, we applied several session variability modeling techniques to the task of
speaker recognition. Experiments were conducted on the large NIST SRE12 database. Consid-
ering the standard GMM approach fed by MFCCs features as a baseline, we evaluated a set of
supervector-based techniques, which all rely on these same MFCCs features.

Compared to the GMM baseline, these methods lead to a significant performance boost under
the challenging NIST SRE12 conditions. Overall, the most accurate results are achieved with TV-
PLDA, for which an efficient training and scoring procedure has been proposed in chapter 4.
ISV also offers good performances, especially in scenarios that give more importance to false
rejections than false acceptances.

In the next chapter, we apply the same modeling techniques to the task of bimodal face and
speaker recognition.

103






gd Application to Bimodal Recognition

In this chapter we apply the proposed modeling techniques to the task of bimodal face and
speaker recognition. Unimodal face and speaker recognition systems often have to deal with a
high session variability leading to high error rates. Attempts to build more robust unimodal
systems may not be effective because of this intrinsic difficulty. Bimodal recognition seeks to
alleviate this drawback by relying on multiple cues.

We begin by discussing related work in the field of bimodal recognition. Next, we introduce
our strategy for bimodal and multi-algorithm fusion. Finally, experiments are conducted on
the challenging MOBIO database.

7.1 Background

The idea of using acoustic and visual cues for person authentication has started to receive
attention in the nineties. This is a particular case of multibiometric fusion [Ross and Jain,
2003]. In an authentication scenario, this may force an intruder to spoof several modalities
simultaneously, enhancing the reliability of the access control system. In an identification
scenario, this is of particular interest when a modality is significantly affected by challenging
conditions, as the other one may be available for the rescue.

[Brunelli et al., 1995, Brunelli and Falavigna, 1995] propose to combine the output scores
of the unimodal face and speaker recognition subsystems using a statistical approach. As
the scores of different systems may be in different ranges, they highlight the necessity of
normalizing the scores. This normalization commonly consists of two steps. First, an estimation
of the distribution of the scores of each subsystem is performed using statistical techniques.
Second, these distributions are scaled and translated into a common range. Methods based on
Bayesian statistics and on the Neyman-Pearson lemma to fuse scores of several subsystems
are described in [Bigiin et al., 1997] and [Jain et al., 1999a], respectively.

Instead of combining scores, it is also possible to rely on the decision (accept or reject) of
several subsystems. A person identification system employing this strategy has been proposed
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in [Dieckmann et al., 1997], which is based on a majority or unanimous voting to fuse the
decisions of face and speaker recognition subsystems.

More generally, several schemes have been described in the literature to fuse scores or de-
cisions. In particular, [Kittler et al., 1998] establishes a theoretical framework for combining
classifiers considering various strategies.

Early work on bimodal face and speaker recognition was often conducted on small in-house
databases. The M2VTS project was set up to address this problem, allowing researchers to
build and evaluate bimodal authentication systems on well-defined protocols using a sig-
nificantly larger amount of data. After a preliminary acquisition of a multimodal corpus
comprising 37 subjects, this has finally given birth to the larger XM2VTS database ! of 295
subjects [Messer et al., 1999]. Several researchers evaluated their work on this corpus. [Ben-
Yacoub et al., 1999] investigate the use of classification techniques such as support vector
machines [Vapnik, 1995], Bayesian classifiers, Fisher’s linear discriminant analysis [Fisher,
1922], C4.5 decision trees [Quinlan, 1993] and multilayer perceptrons [Bishop, 2007] to fuse
the outputs of unimodal systems. Similarly, [Verlinde and Cholet, 1999] propose to combine
systems using k-nearest neighbors-based classifiers [Duda et al., 2000], C4.5 decision trees
and logistic regression [Bishop, 2007].

The systems previously described rely on a fusion that is based either on the scores or on the
decisions obtained by several unimodal subsystems. There has been attempts to combine
the models at the level of the raw data. [Bengio, 2003] proposes to use asynchronous hidden
Markov models (AHMMs) in order to build an audio-visual model and evaluates this approach
on the M2VTS corpus.

A limitation of the XM2VTS corpus consists of the clean recording conditions which are not
realistic enough compared to the real world situations. The BANCA database (see sec. 5.2.2)
addresses this issue by using various kinds of recording equipment such as low quality cameras
and microphones [Bailly-Bailliere et al., 2003]. Since then, mobile phones have considerably
evolved and become multimedia devices, which have a front-facing camera in addition to the
standard microphone. Hence, it forms an exciting new device that allows researchers to explore
the applicability of bimodal authentication in challenging mobile phone environments.

This challenge of bimodal authentication in the mobile phone environment has begun to re-
ceive more attention. An international competition was organized in 2010 [Marcel et al., 2010],
where researchers evaluated state-of-the-art algorithms for face and speaker authentication
using Phase I of the MOBIO database [McCool et al., 2012]. In this evaluation, enrollment
was exclusively performed with mobile phone data. It was shown that a combination of these
systems produced an impressive bimodal authentication system. Since then researchers have
examined methods to perform face [Mau et al., 2010, Wallace et al., 2011], speaker [Perera
etal, 2011, Roy et al., 2012] and bimodal [Shen et al., 2010, Motlicek et al., 2012, Khoury et al.,

1. http://www.ee.surrey.ac.uk/CVSSP/xm2vtsdb/
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2013a,b] authentication in the challenging mobile phone environment.

In the remainder of this chapter, we investigate the use of the proposed modeling techniques
for the task of bimodal authentication in mobile phone environment. In addition, we show
the effectiveness of multi-algorithm fusion to further improve the results for face, speaker and
bimodal authentication.

7.2 Bimodal and Multi-Algorithm Fusion

7.2.1 Taxonomy of Information Fusion

As depicted in the previous section, several fusion strategies are known in the literature
[Dasarathy, 1994]. They can be classified into three main categories:

Low-level fusion also known as data fusion, combines multiple sources of raw data to pro-
duce new raw data. It is very rarely used in practice, as feature level fusion is commonly
preferred.

Intermediate-level fusion or feature level fusion combines various features that might come
from several raw data sources or even from the same raw data. It is affected by similar
issues to those in low-level fusion. In particular, a difficulty arises when data from multi-
ple sources have unbalanced dimensionalities. In addition, synchronization between
modalities [Shah et al., 2009] is required.

High-level fusion includes two different kinds of fusion mentioned earlier. Score fusion com-
bines matching scores from several systems, whereas decision fusion combines decisions
(accept or reject). These fusion strategies are very flexible and can be used for multi-
modal (face and speaker) or multi-algorithm fusion. High-level fusion methods include
majority voting methods, fuzzy logic based methods [Lau et al., 2004] and statistical
methods.

In this work we choose the score fusion approach due to its ease of use for both multi-

modal [Motlicek et al., 2012] and multi-algorithm [Pigeon et al., 2000, Brummer et al., 2007,

McCool and Marcel, 2009] fusion. A drawback is that this approach neglects the interdepen-

dency of a person’s spoken utterance and the associated facial movements, which is beyond

the scope of this work.

7.2.2 Linear Logistic Regression

We take the well-known statistical linear logistic regression approach, which has been success-
fully employed for combining heterogeneous speaker and face authentication classifiers [Ver-
linde and Cholet, 1999, Jain et al., 1999b, Pigeon et al., 2000, Brummer et al., 2007, McCool and
Marcel, 2009] and for bimodal (face and speaker) authentication [Motlicek et al., 2012, Khoury
etal., 2013a,b].

Linear logistic regression combines a set of Q classifiers using a weighted sum. Let the
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probe sample y,.; be processed by Q classifiers, each of which produces an output score
hq (Xies#i)- These scores are fused using a linear combination:

Q
Rusion (Xtesv %7 | B) = & | Bo + Z Bqhqg (Xteso 1) | » (7.1)
=1
where
1
. — 7.2
8t 1+exp(—x) (7:2)

and B = [ Bo, B1,---» ﬁQ] are the fusion weights (also known as regression coefficients).

The coefficients  are computed by estimating the maximum likelihood of the logistic regres-
sion model on the scores of the development set. Let Ty be the set of true claimant access
trials, i.e., the set of pairs ¢ = {},.;,#;}, where the class (identity) of the test sample y . and
of the model .#; is the same. Let furthermore T, be the set of impostor trials, i.e., the set of
pairs £ = {X s -7}, where the classes of the test sample x,.; and of the model .#; are different.
Let T = Trye U Timp. The objective function to maximize is:

L(B) = — ) log(1 +exp (—yihtusion (1 B))) » (7.3)

teT

where:

+1, ifte Tt
Ve = ‘ e (7.4)
-1, ifte Timp

The maximum likelihood estimation procedure converges to a global minimum. In our work,
this optimization is done using the conjugate-gradient algorithm [Minka, 2001].

Score fusion performs best when the scores of the classifiers are statistically independent of
each other. For this reason we measure the independence and, therewith, the complementary
nature of our classifiers. We use the scatter plots (see fig. 7.6) and the relative common error
(RCE):
1 1 1
RCE =CExmax{ —,—,...— ¢, (7.5)
TE,  TE," " TEq

where CE is the number of common errors between the Q classifiers and TE, is the rotal
number of errors of the g™ subsystem. The lower RCE is, the more independent the classifiers
are.

In this chapter we evaluate the effectiveness of both bimodal and multi-algorithm fusion. This
leads to a number of different system combinations, which we outline in fig. 7.1. The top two
rows of fig. 7.1 display the five different bimodal fusion systems, while the bottom row shows
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the two different multi-algorithm fusion systems and the bimodal multi-algorithm fusion
approach that we examine. To differentiate between these systems, we prefix them with F-, S-
and B-, for face, speaker and bimodal, respectively.

FGMM | FISV F-JFA
Fusion B-GMM Fusion B-ISV Fusion B-JFA
S-GMM SISV el S-JFA
(a) B-GMM (b) B-ISV (c) B-JFA
F-TV-CoSine el F-TVPLDA —|
Fusion  L_ B-TV-Cosine Fusion  L_ B-TV-PLDA
S-TV-Cosine | S-TV-PLDA )
(d) B-TV-Cosine (e) B-TV-PLDA
F-GMM ] s-cMm ] r-ovm |
S-GMM ]
FIsV | SISV ] FISV ]
sisv ]
F-JEA ——  Fusion F-ALL SJFA —d  Fusion S-ALL :JJ:: —  Fusion B-ALL
F-TV-Cosine S-TV-Cosine e F-TV-Cosine ]
S-TV-CoSiNe
F-TVPLDA e S-TV-PLDA e F-TV-PLDA e
S-TV-PLDA e
(f) F-ALL (g) S-ALL (h) B-ALL

Figure 7.1 — FUSION STRATEGIES. This figure displays different fusion strategies used in this this
chapter: (a) - (e) bimodal fusion strategies, (f) - (g multi-algorithm fusion strategies, (h) bimodal
multi-algorithm fusion.

7.3 MOBIO Database

The MOBIO database [McCool et al., 2012] is a unique bimodal (face and speaker) database
as it was captured almost exclusively using mobile phones. It consists of over 61 hours of
audio-visual data of 150 people captured within twelve sessions that are usually separated by
several weeks. The users answered a set of questions, which varied in type, including:

1. short response questions (p) such as “what is your address”,

2. free speech questions, where the user speaks about any subject for approximately 10
seconds (f) or about 5 seconds (r), and

3. predefined text (1) that the user read out.

All of this data were captured on a mobile phone, except for the first session, where data were
obtained using both a mobile phone and a laptop computer. One of the unique attributes of
this database is that the acquisition device was held by the user, rather than being in a fixed
position. As such, the microphone and camera are not fixed and used in an interactive and
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uncontrolled manner. This presents several challenges such as high variability of pose and
illumination conditions of the face, high variations in the quality of speech, and variability in
terms of acoustics. Exemplary images of one subject are given in fig. 7.2.

This challenging mobile phone database has been used to evaluate several face and speaker
authentication systems [Marcel et al., 2010] as well as bimodal authentication systems [Shen
etal., 2010, Motlicek et al., 2012, Khoury et al., 2013a,b]. The database provides a defined proto-
col called mobile-0, which was initially described for the full database in [Wallace et al., 2011].
This protocol separates the clients of the database into three non-overlapping partitions for
training, development and evaluation. The performance is measured in a gender-dependent
manner (female and male, respectively). An overview of this initial protocol mobile-0, is pro-
vided in tab. 7.1. A limitation of this protocol is that only the lower quality biometric data
acquired from the mobile phone was used, while the higher quality laptop data were ignored.

We rely on the three protocols introduced in [Khoury et al., 2013a] that explore mismatched
conditions by making use of the laptop data.? The mismatched conditions that we wish to
investigate are the specific cases of enrolling a user with high quality biometric samples (for
instance acquired from a laptop computer) and then compared, or tested, using lower quality
biometric samples obtained using a mobile phone. Details about the following protocols are

| m
Figure 7.2 — IMAGE SAMPLES FROM THE MOBIO DATABASE. This figure shows one image of the

MOBIO database captured with a laptop on the left, and seven other images of the same subject captured
with a mobile phone with significantly varying acquisition conditions.

given in tab. 7.1.

mobile-1 is identical to mobile-0, except that it includes the laptop data in the training set.
This ensures that the same training data are being used for mobile and laptop evaluation
(the next protocol). It provides additional 1,050 training samples compared to mobile-0.
Enrollment and testing is conducted using only mobile phone data.

laptop-1 contains the same training data as mobile- 1, but enrollment is performed exclusively
using laptop data, while testing is conducted exclusively with mobile phone data.

laptop-mobile-1 also consists of the same training data as mobile-1. Here, enrollment is
performed using both mobile and laptop data, while testing is still conducted exclusively
on mobile phone data.

2. The MOBIO database (videos, still images, eye locations and the four evaluation protocols) are available for
free at http://www.idiap.ch/dataset/mobio
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Table 7.1 - MOBIO EVALUATION PROTOCOLS. This table gives an overview of the data used in the
protocols of the MOBIO database.

Phase I Phase IT Nb
laptop data mobile data mobile data mobile data oy Nb.
Protocol Set - : - - videos | .
session-01 session-01 sessions 02-06 sessions 07-12 Jclient videos
videos/client | videos/client | videos/client/sess. | videos/client/sess.
Train - 5p+10f+5r+11 5p+10f+5r+11 5p+5f+11 192 9,600
mobile-0 Enroll - 5p - - 5 500
Test - - 10f + 5r 5f 105 10,500
Train | 5p+10f+5r+11 | 5p+10f+5r+11 5p+10f+5r+ 11 5p+5f+11 213 10,650
mobile-1 Enroll - 5p - - 5 500
Test - - 10f + 5r 5f 105 10,500
Train | 5p+10f+5r+11 | 5p+10f+5r+11 5p+10f+5r+ 11 5p+5f+11 213 10,650
laptop-1 Enroll 5p - - - 5 500
Test - - 10f + 5r 5f 105 10,500
Train | 5p+10f+5r+11 | 5p+10f+5r+11 5p+10f+5r+ 11 5p+5f+11 213 10,650
laptop-mobile-1 | Enroll 5p 5p - - 10 1,000
Test - - 10f + 5r 5f 105 10,500

7.4 Systems Description

Considering the face modality, we employ the GMM, ISV, JFA, TV-Cosine and TV-PLDA sys-
tems, as previously described in tab. 5.9. For the speaker modality, we employ the systems
described in tab. 6.2. There is only a minor difference in the voice activity detection, where the
modulation peak around 4 Hz is employed in addition to the log energy [Scheirer and Slaney,
1997]. Next, the fusion between the systems is performed using linear logistic regression, as
presented in the previous section.

Furthermore, the cohort set for ZT-norm score normalization is selected from the training
data. Like the evaluation, this normalization is performed in a gender-dependent way. Two
thirds are used for T-norm and the remaining third is used for Z-norm. For the T-models, we
enroll one model per session to cope with the limited number of subjects in the cohort set.

7.5 Experimental Results

In this section, we evaluate the accuracy of the unimodal and bimodal authentication systems,
across the three MOBIO protocols introduced in sec. 7.3. The techniques employed by these
authentication systems were implemented in Bob [Anjos et al., 2012] (see appendix A). Again,
all the results and the plots reported in this section can be easily regenerated using the satellite
package® that accompanies this dissertation (see sec. A.3.2).

The dimensionality of the subspaces is tuned on the development set. We report both the EER
on the development set and the HTER on the evaluation set. Results for the best systems for
each modality are highlighted in bold. We also distinguish the best unimodal single algorithm
systems by highlighting them in bold italics.

3. https://pypi.python.org/pypi/xbob.thesis.elshafey2014
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7.5.1 Global Observations

Looking at the results provided in tab. 7.2 and tab. 7.3, two general trends are emerging. First,
error rates on female subjects are higher than on male subjects. This might be due to the fact
that the training set contains more men than women. Second, comparing the results of face
authentication (Face) and speaker authentication (Speaker) systems, it is clear that error rates
of Face systems are lower than the ones of Speaker systems. This is possibly caused by the fact
that speech segments are relatively short. Indeed, the average duration of the probe samples
of MOBIO after VAD is 6.64 s, while the average duration of the probe samples in NIST SRE12
is 93.8 s (see their distribution in fig. 7.3).
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Figure 7.3 — SPEECH DURATION ON MOBIO AND NIST SRE12. This figure compares the distribu-
tions of the speech duration of probe samples (after applying VAD) between the MOBIO database and the
NIST SRE12 data.

7.5.2 Comparison of the Modeling Techniques

In this section, our analysis focuses on the results of the mobile-1 experiments, which are
summarized in tab. 7.2. However, similar conclusions might be drawn from the experiments
on the other two protocols, that are given in tab. 7.3.

It can be seen that F-ISV and S-ISV (rows 2 and 8) outperform F-GMM and S-GMM (rows 1
and 7). Indeed, ISV performs consistently well on both modalities, with a relative improvement
of at least 17% on the evaluation set, for both male and female.

In contrast, JFA only outperforms GMM when considering the visual modality (row 3 against
1), while a degradation in performance is observed on the acoustic modality (row 9 against 7).
Considering TV-based systems, results vary considerably depending on the scoring technique
and the modality. TV-Cosine is more accurate than TV-PLDA when using visual cues (rows 4
and 5). In contrast, there is a slight advantage for TV-PLDA when using audio data (rows 11 and
10). Nevertheless, there is always at least one of the two systems that outperforms GMM on
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Table 7.2 - PERFORMANCE SUMMARY ON THE mobile-1 PROTOCOL OF MOBIO. This table reports
the EER (%) on the development set (DEV) and the HTER (%) on the evaluation set (EVAL) obtained with
the mobile-1 protocol of MOBIO.

Systems Female Male
DEV | EVAL | DEV | EVAL
F-GMM 1063 | 1857 | 877 | 1130 | 1
F-ISV 635 | 11.89 | 341 | 6.19 | :
3 F-JFA 810 | 1581 | 5.28 720 | 3
& [ F-Tv-Cosine | 13.38 | 15.02 | 5.08 | 9.65 | a
F-TV-PLDA | 2159 | 22.07 | 1063 | 1521 | 5
F-ALL 5.82 | 11.79 | 3.02 | 6.15 | 6
S-GMM 1951 | 17.98 | 14.96 | 12.03 | 7
5 S-ISV 1550 | 14.93 | 13.57 | 8.82 | s
- S-JFA 1890 | 24.12 | 14.60 | 12.78 | o
;& S-TV-Cosine | 18.16 | 17.85 | 14.72 | 11.45 | 10
S-TV-PLDA | 14.76 | 1699 | 1638 | 11556 | 1
S-ALL 11.96 | 12.90 | 11.23 | 7.75 | 12
B-GMM 778 | 13.04 | 4.17 | 417 | 13
= B-ISV 4.12 | 7.55 | 1.99 | 2.97 | u
2 B-JFA 561 | 1394 | 2.78 | 343 | 15
E [ B-TV-Cosine | 8.98 9.77 2.85 450 | 16
F B-TV-PLDA | 10.70 | 11.79 | 5.92 638 | 17
B-ALL 2.96 | 7.49 1.31 | 238 | 18

Table 7.3 - PERFORMANCE SUMMARY ON THE laptop-1 AND laptop-mobile-1 PROTOCOLS OF
MOBIO. This table reports the EER (%) on the development set (DEV) and the HTER (%) on the evalua-
tion set (EVAL) obtained with the laptop-1 and laptop-mobile-1 protocols of MOBIO.

laptop-1 laptop-mobile-1
Systems Female Male Female Male
DEV | EVAL | DEV | EVAL | DEV | EVAL DEV | EVAL

F-GMM 18.99 21.03 12.98 18.07 10.42 17.54 7.66 11.13 1
F-ISV 11.49 | 13.43 6.51 9.64 4.97 11.12 2.90 5.58 2
§ F-JFA 15.08 15.58 8.02 10.63 8.25 12.13 4.05 6.69 3
= F-TV-Cosine 16.35 18.42 9.29 13.51 11.53 16.00 4.97 9.48 4
F-TV-PLDA 22.90 23.15 18.62 18.13 20.65 19.83 12.19 14.56 5
F-ALL 10.95 13.24 5.83 8.76 4.71 11.75 2.54 5.68 6
S-GMM 18.83 19.17 16.23 14.65 16.67 16.39 12.74 10.24 7
) S-ISV 14.81 15.88 | 14.16 | 11.50 | 12.21 13.46 | 10.40 8.63 8
5 S-JFA 20.78 17.72 17.25 15.14 14.22 18.12 12.03 10.64 9
{% S-TV-Cosine 14.87 18.16 14.64 12.91 16.83 17.01 13.37 10.57 10
S-TV-PLDA 15.34 20.29 16.47 14.98 13.65 16.32 13.58 11.92 11
S-ALL 11.52 | 14.62 | 11.15 | 9.51 9.09 11.63 | 8.26 6.95 | 12
B-GMM 9.32 12.49 6.11 7.92 5.77 10.64 3.01 4.70 13
= B-ISV 4.92 7.78 3.37 4.46 2.97 6.20 1.34 2.21 14
3 B-JFA 9.37 9.34 4.40 5.68 4.50 8.73 2.02 276 | 15
E B-TV-Cosine 7.57 11.66 4.89 6.65 7.04 9.36 2.73 4.34 16
o B-TV-PLDA 10.80 15.67 9.89 9.85 8.68 11.24 5.87 6.77 17
B-ALL 4.01 7.71 2.46 3.86 2.33 6.08 0.91 2.01 18

each modality for both female and male. A possible explanation that TV-based systems are not
consistently better is the limited number of subjects in the training set (50 subjects), whereas
TV typically requires a significant amount of training data.

In addition, DET curves are given in fig. 7.4 to observe the behavior of the systems at various
operating points. Considering the face modality, JFA is fairly accurate on a wide range of
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Figure 7.4 — PERFORMANCE OF THE UNIMODAL SYSTEMS ON MOBIO. This figure shows the DET
curves of GMM, ISV, JEA, TV-Cosine, TV-PLDA and the multi-algorithm fusion system on the evaluation
set of MOBIO mobile-1.

operating points, with performance sometimes comparable to ISV. On the other hand, S-TV-
Cosine and S-TV-PLDA offer a good accuracy on audio data, especially for female (fig. 7.4(a)).

7.5.3 Bimodal Authentication

In tab. 7.2 (rows 13 to 17) as well as on the DET curves in fig. 7.5, it can be seen that the bimodal
ISV system (B-ISV) outperforms the other bimodal systems, B-GMM, B-JFA, B-TV-Cosine and
B-TV-PLDA, on all operating points. Interestingly, the error rates significantly drop for all
bimodal systems. For example, on the mobile-1 female protocol the HTER of the ISV system
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Figure 7.5 - PERFORMANCE OF THE BIMODAL SYSTEMS ON MOBIO. This figure shows the DET
curves of B-GMM, B-1SV, B-JFA, B-TV-Cosine, B-TV-PLDA and the bimodal multi-algorithm fusion
system B-ALL on the evaluation set of MOBIO mobile-1.

decreases from 11.9% (F-ISV) and 14.9% (S-ISV) to 7.6% (B-ISV), a relative performance gain
of 36% compared to the best unimodal system. The results on the mobile-1 male protocol are
even more impressive with the HTER of the ISV system dropping from 6.2% (F-ISV) and 8.8%
(S-ISV) to 3.0% (B-ISV), a relative performance gain of 52% compared to the best unimodal
system. This improvement can be explained by the fact that visual and audio modalities
are complementary: when a Face system fails to take the right decision because of image
variability (illumination, head pose, etc.), a Speaker system is available to come to the rescue,
and vice versa.

7.5.4 Multi-Algorithm Fusion

The fusion of multiple algorithms consistently outperforms single systems, as shown in tab. 7.2
(rows 6, 12 and 18). For example, the HTER of the Speaker system on the mobile-1 male proto-
col drops from 8.8% (for ISV) to 7.8%, which corresponds to a relative improvement of 11%.
The impact of the multi-algorithm fusion is higher for Speaker than Face, as Speaker obtains a
relative improvement of on average 13% compared to 1% for Face. We attribute this larger gain
in performance for Speaker to the fact that the second best system for Speaker (TV-Cosine) is
more complementary with ISV than the second best system for Face (JFA). Finally, we note
that the best bimodal multi-algorithm fusion system (B-ALL) outperforms the best unimodal
Face (F-ALL) and Speaker (S-ALL) systems with a relative improvement of up to 61% and 69%,
respectively (for male trials).

To explore the reason for the performance gains from multi-algorithm fusion we examine
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Figure 7.6 — SCATTER PLOTS OF THE SCORES OF THE SPEAKER AUTHENTICATION SYSTEMS ON
MOBIO. This figure displays scatter plots of scores obtained with ISV against the four other speaker
authentication systems (GMM, JFA, TV-Cosine and TV-PLDA) on the evaluation set of MOBIO mobile-1
male.

scatter plots of the scores of pairs of systems. Fig. 7.6 shows scatter plots that relate the
ISV scores to the scores of the four other Speaker systems, GMM, JFA, TV-Cosine and TV-
PLDA on the mobile-1 male protocol. The scatter plots indicate that fusing TV-PLDA and
ISV scores is a good strategy since the overlap between impostor and true claimant access
trials is lower than, e.g., for ISV and GMM. The small overlap can be explained by the fact
that the scoring method used for TV-PLDA is significantly different from the ones used for
ISV and GMM. This is supported by the observation that ISV and GMM scores are more
correlated (linear distribution of the points) than TV-PLDA and ISV scores (more widespread
distribution).

In tab. 7.4 we present the relative common error (RCE) of multi-algorithm fusion systems
(see sec. 7.2.2). Apparently, using audio data, ISV and TV-PLDA have the lowest percentage
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Table 7.4 — RELATIVE COMMONS ERRORS WHEN PERFORMING MULTI-ALGORITHM FUSION ON
MOBIO. This table displays common errors (CE), relative common errors (RCE) and half total error
rates (HTER) between systems on the mobile-1 male protocol. The column All corresponds to the five
systems GMM, ISV, JFA, TV-Cosine and TV-PLDA together.

Measure | ISV& GMM | ISV&JFA | ISV& TV-Cosine | ISV& TV-PLDA All
° CE 4,777 4,031 3,054 1,912 1,105 1
] RCE (%) 80.9 68.3 51.7 32.4 18.7 2
P HTER(%) 6.16 6.11 6.52 6.16 6.15 3
E CE 8,745 5,883 6511 5,565 2,504 4
Fid RCE (%) 64.6 47.8 50.9 41.1 20.3 5
& HTER(%) 9.13 8.72 8.32 7.69 7.75 6
g CE 2,312 1,554 1,332 806 335 7
g RCE (%) 76.0 51.1 73.8 26.5 11.0 8
& HTER(%) 2.96 2.76 2.97 2.38 2.47 9

of common errors RCE = 41.1%, while ISV and GMM have the highest common error RCE =
64.6% (row 5). On the visual modality, the lowest percentage of common errors with ISV is
obtained with TV-PLDA, followed by TV-Cosine. These results confirm that TV is a very helpful
system for multi-algorithm fusion, when fusing a system with ISV. In addition, this table
validates our hypothesis that a low percentage of relative common errors typically leads to an
improved HTER (e.g., rows 2 and 3).
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Figure 7.7 — IMPACT OF THE SPEECH DURATION ON THE SPEAKER AUTHENTICATION SYSTEMS.
This figure shows the performance of the speaker authentication systems with respect to the speech
duration, as well as the distribution of the speech duration, on the evaluation set of MOBIO mobile-1
male.
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To better understand why multi-algorithm fusion significantly improves the results for Speaker,
we group the audio probe files into three clusters according to their duration as seen in
tab. 7.7(b). The HTER for each of the groups is displayed in fig. 7.7(a). Although S-ISV is the
best system for any group of probe files, fig. 7.7(a) shows that the relative performance of the
other systems depends on the duration of the probe samples. S-TV-PLDA is better than S-TV-
Cosine and S-JFA for segments of short duration (< 4 s), followed by S-GMM. For segments
of relatively long duration (> 8 s), JFA is then better than GMM, TV-Cosine and TV-PLDA.
Finally, TV-Cosine is the best performing system among this four for segments of average
duration (between 4 and 8 s). We believe that these observations are possible reasons for
multi-algorithm fusion providing a significant boost in performance for Speaker.

7.5.5 Comparison of the Protocols

Fig. 7.8 displays the impact of enrollment condition mismatch on face, speaker and bimodal
authentication. It shows that all the systems are affected by changing the enrollment conditions
(between mobile-1 and laptop-1). However, this impact is larger on Face than Speaker systems.
Overall, for male subjects, the Face systems have a relative performance degradation of 41%,
while Speaker systems lose 22%, on average. This shows that Face is more affected by condition
mismatch of high versus low sample quality (see fig. 7.2). Besides, the most robust system is
S-TV-Cosine, which suffers from a relative performance degradation of only 13%.
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Figure 7.8 — BEHAVIOR OF THE AUTHENTICATION SYSTEMS ON THE DIFFERENT PROTOCOLS
OF MOBIO. This figure shows the HTER of the systems on the evaluation set across the different
authentication protocols of MOBIO, for male subjects only.

On the other hand, adding enrollment data as done in the laptop-mobile- 1 protocol improves
the performance of almost all Face and Speaker systems, even though the additional laptop
data is quite different to the mobile phone data. In fig. 7.8, the laptop-mobile-1 protocol
typically outperforms the other protocols. In particular, this is more visible for the acoustic
modality than the visual one.
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7.6

Summary and Concluding Remarks

In this chapter we studied the problem of face, speaker and bimodal authentication in the

challenging mobile environment. The study was carried out on the MOBIO database, using
three evaluation protocols.

The experimental findings can be summarized as:

1.

ISV is the most accurate single algorithm system on this database for both face and
speaker authentication, achieving a relative improvement in HTER of at least 17% on
the mobile-1 protocol when compared to the GMM baseline. A possible explanation is
the limited number of subjects present in the training set (50 subjects), which negatively
affects TV-based systems and JFA.

Considering the most accurate system (ISV), bimodal fusion brings a relative improve-
ment in HTER of at least 36% on the mobile-1 protocol. This shows the complementarity
between acoustic and visual cues in challenging environments.

. Multi-algorithm fusion provides a consistent performance improvement, particularly

for the acoustic modality. This gain can be explained by the fact that the relative perfor-
mance of the systems depends on the duration of the segments, TV being more accurate
than JFA on short duration segments, but worse on long duration ones.

. The proposed bimodal multi-algorithm fusion system (B-ALL) consistently leads to

good performances across the different evaluation protocols. In particular, a relative
improvement in HTER of at least 61% is observed when compared to either of the
unimodal systems.

. Face, speaker and bimodal authentication are adversely affected by the significant

mismatch between enrollment and test conditions defined in the laptop-1 protocol.
However, the use of additional enrollment data allows to circumvent this problem, as
performed when using the laptop-mobile- 1 protocol.
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Conclusions and Future Work

Automatic face and speaker recognition are usually addressed in completely different ways by
the biometric community. However, both tasks are affected by similar problems. While current
recognition systems work well in controlled laboratory-like conditions, their performance
is strongly affected in challenging real world scenarios. In the latter case, there is typically a
mismatch between enrollment and testing conditions, which is coined as session variability.

In this thesis we addressed this problem of session variability using a set of probabilistic
models.

First, we considered three approaches derived from Gaussian mixture models (GMM). Two of
them, inter-session variability (ISV) modeling and joint factor analysis (JFA), compensate for
this mismatch during enrollment as well as testing. The third approach, total variability (TV)
modeling, is a front-end extractor that models the variability of the samples globally. Besides,
the similarities and the differences between these techniques were assessed both theoretically
and empirically.

Next, we presented a scalable formulation of probabilistic linear discriminant analysis (PLDA),
an approach that separately models between-class and within-class variations. This formula-
tion is exact and significantly improves the time and memory complexity both at training and
test time.

Finally, all these models are scalable and efficient implementations of these techniques were
implemented within Bob, an open source framework for signal processing and machine
learning developed during my thesis (cf. appendix A).

8.1 Experimental Findings

The proposed techniques were applied to three different tasks: face, speaker and bimodal
recognition. Each task was discussed in detail and performances were reported on at least one
large database (for each task) using well-defined evaluation protocols. Furthermore, a satellite
package of Bob was implemented, which allows to reproduce all the results and plots reported
in this dissertation (cf. sec. A.3.2).

121



Chapter 8. Conclusions and Future Work

We list the experimental findings below.

1. PLDA modeling outperforms several approaches when employed in challenging envi-

ronments (cf. sec. 5.4.2 and sec. 6.4). In particular, its combination with TV leads to
a very accurate system for both face and speaker recognition. However, it requires a
sufficiently large training set, both in terms of samples and classes, to be able to capture
and to model between-class and within-class variabilities properly. Furthermore, both
PLDA-based face recognition systems, TV-PLDA and SIFT-PLDA, are very successful
on the uncontrolled Labeled Faces in the Wild database, which highlights the wide
applicability of this approach (cf. sec. 5.4.2).

The three GMM-based session variability modeling techniques, ISV, JFA and TV, bring
significant improvements when compared to the GMM baseline. This has been observed
empirically on three different tasks: face, speaker and bimodal recognition (cf. sec. 5.4,
sec. 6.4 and sec. 7.5, respectively). In particular, ISV is performing particularly well in a
wide range of scenarios.

3. Considering the face recognition task:

(a) When there is a mismatch between enrollment and testing conditions, head pose
variations lead to more degradations in performance than facial expressions or il-
lumination variations (cf. sec. 5.4.1). Experimentally, it was found that the best two
systems in case of pose variations are TV-PLDA and JFA (cf. sec. 5.4.1), providing a
relative improvement in HTER of more than 50%.

(b) Occlusions and especially sunglasses strongly affect the performance of all the
systems (cf. sec. 5.4.1). This confirms that the eye region is very important when
discriminating people.

(c) TV-based systems and ISV perform very well on the large FRGC database (cf.
sec. 5.4.2). For instance, a relative improvement in the CAR at FAR = 0.1% of 33% is
observed with TV-PLDA on experiment 2.0.1 when compared to GMM.

(d) Performances of state-of-the-art systems are still too low to allow face identification
in uncontrolled environments on a large database (cf. sec. 5.4.2), as required by
e.g., forensic investigation applications.

4. Considering the speaker recognition task, it was shown that the most accurate system

on the large NIST SRE12 corpus is TV-PLDA, followed by ISV (cf. sec. 6.4.1). In particular,
arelative improvement in HTER of up to 47% is observed with TV-PLDA, compared to
the GMM baseline (cf. sec. 6.4.2). However, the challenging conditions encountered in
this database strongly affect the performances of all the systems.

5. Finally, considering the bimodal recognition task:
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Considering the most accurate system on MOBIO (ISV), bimodal fusion brings
a relative improvement in HTER of at least 36% on the mobile-1 protocol (cf.
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8.2. Directions for Future Work

(b) Multi-algorithm fusion is of particular interest for the acoustic modality when
test samples have various durations. This is explained by the fact that the relative
performance of the proposed systems depends on the duration of the samples (cf.
sec. 7.5.4).

(c) The performance of the systems is negatively impacted when there is a mismatch
between enrollment and testing conditions. Using additional enrollment data is
one way to address this problem (cf. sec. 7.5.5).

8.2 Directions for Future Work
The following are some directions for future research extending beyond this dissertation.

On a short-term basis:

1. The proposed techniques are generic. They could, hence, be applied to other classifica-
tion tasks, for example, to other biometric modalities or to visual object recognition in
general. Furthermore, these techniques can be fed by any types of features. In particular,
features extracted at multiple scales might be employed for the GMM-based techniques
instead of simple DCT-like features.

2. For the task of automatic face recognition, the problem of pose still needs to be ad-
dressed. One possibility would be to use three-dimensional models at enrollment time,
before estimating the pose of the probe sample at test time, and matching it with a
suitable representation computed from the enrolled model.

In addition, techniques to reduce the impact of occlusions, which significantly affect the
accuracy of the systems in challenging uncontrolled environment, might be investigated,
e.g., by detecting sunglasses prior to feature extraction and/or classification.

3. For the task of speaker recognition, an analysis of the impact of speaker’s voice variability
(e.g., mood, illness, age, etc.) and the environment (e.g., background noise, microphones,
transmission channels, etc.) on state-of-the-art automatic systems might be performed.
This would help to clearly identify the bottlenecks to improve the accuracy, and would
require a large and recent database with controlled variations.

On a longer-term basis:

4. The scalable formulation of probabilistic linear discriminant analysis might be extended
to the case of mixtures of such models. Furthermore, the model could be adapted to
other probability distributions, instead of Gaussian ones.

5. The GMM-based session variability modeling techniques could be revisited to jointly
model both the data and the variability using a single training process, rather than first
modeling the data using GMMs and then the session variability.

6. For the task of bimodal (face and speaker) recognition, the use of the interdependency
of a person’s spoken utterance and the associated facial movements might be inspected
to yield further improvements.
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:\Bob: a Free Machine Learning and
Signal Processing Toolbox

In this appendix, we introduce Bob, a free machine learning and signal processing library,
which was developed during my thesis. This is a collaborative, easy to use and extensible tool-
box, which provides both efficient implementations of several machine learning algorithms as
well as a framework to help researchers to publish reproducible research, thanks to its concept
of satellite packages. Furthermore, all the modeling techniques described in this thesis were
implemented as parts of this toolbox.

A.1 Introduction

Rapid prototyping and testing of novel ideas are the main software requirements of researchers.
To increase accessibility to a larger pool of academics and research parties, one must also
consider many other aspects while choosing an implementation framework: clarity, simplicity,
good documentation, unit testing, efficient use of resources (especially for large-scale experi-
ments), open sourceness and extensibility are among the most important ones. Bob! is an
open source machine learning (ML) and signal processing (SP) library based on an ongoing
community effort, which is designed to meet all these requirements.

A number of open source libraries for ML exist in literature. Examples are Java-ML [Abeel
et al., 2009], scikit-learn [Pedregosa et al., 2011], Shark [Igel et al., 2008], Torch3 [Collobert
et al., 2002], and Torch? [Collobert et al., 2011]. However, most of them do not provide a
complete set of tools for managing all aspects of research experimentation, including database
interfaces, plotting utilities and clean implementation for speeding up identified bottlenecks.
Among these libraries, Torch3 is notable for its original conceptual design of ML algorithms
as a Dataset, Machine or Trainer, where the Trainer uses data from the Dataset to train the
Machine.

Bob is a toolbox that (1) gathers a large set of ML and SP tools, (2) takes advantage of well-tested
ML concepts from Torch3, (3) provides a researcher friendly Python environment for rapid

1. https://www.idiap.ch/software/bob
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Appendix A. Bob: a Free Machine Learning and Signal Processing Toolbox

development, (4) offers fast C++ implementations of identified bottlenecks, (5) emphasizes
on code clarity, documentation, tutorials and thorough testing and (6) allows easy extensions
through its concept of satellite packages.

The remainder of this appendix is structured as follows. First, we present the main features
of Bob. Next, we describe how researchers can easily extend Bob and share their work in
a reproducible way. In particular, we introduce the satellite package associated with this
dissertation.

A.2 Overview

Bob is supported on several Linux distributions as well as on Apple OS X. A Microsoft Windows
support is planned. It gathers a large set of tools and interfaces implemented in both Python
and C++. Python programming allows fast laboratory-like (Matlab-like) development and
testing by using scriptable constructions, plotting and built-in reference documentation. Con-
structions in C++ are exclusively used when developers are faced to speed bottlenecks in their
Python scripts. Bob only requires third-party open source software, such as LAPACK [Anderson
etal,, 1999] or LibSVM [Chang and Lin, 2011].

Multi-dimensional arrays are the main objects used to represent data in Bob. Data can origi-
nate from images, audio signals, or features of various kinds. For C++ code, this is achieved by
using Blitz++ [Veldhuizen, 1998], whereas for Python code, this is guaranteed by the use of
NumPy [Oliphant, 2007]. Data between C++ and Python are exchanged in a transparent and
efficient way using a customized code bridge based on the Boost template libraries [Demming
and Duffy, 2010].

The code in Bob is organized into modules with loose layering as shown in fig. A.1. This
diagram also illustrates the major features provided through Bob’s modules: machine learning,
math and signal processing, image processing, audio processing, input and output, database
support, and performance evaluation.

The machine learning modules (machine; trainer) include ML algorithms using both gen-
erative approaches, discriminative approaches (e.g., multilayer perceptron, support vector
machine), data clustering (e.g., k-means), and dimensionality reduction (e.g., principal compo-
nent analysis, linear discriminant analysis). In particular, the modeling techniques described
in chapter 3 (Gaussian mixture model, inter-session variability modeling, joint factor analy-
sis and total variability modeling) and chapter 4 (probabilistic linear discriminant analysis)
were all implemented and integrated into this module. The math and signal processing mod-
ules (math; sp) include basic mathematical tools such as eigenvalue decomposition, matrix
inversion, and fast Fourier transform (FFT). The image and audio processing modules (ip;
ap) include visual filtering (e.g., Gaussian, median, Gabor), visual features (e.g., SIFT, HOG,
LBP), acoustic features (e.g., MFCC, spectrogram) as well as normalization routines. The in-
put/output module (io) includes features to handle the Hierarchical Data Format version 5
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(HDF5) [The HDF Group, 2000-2010] format, which was chosen as default for storing and man-
aging data because of its versatility and portability across different platforms and frameworks.
In addition, Bob supports several image, audio and video formats, as well as the Matlab (.mat)
format. The database support module (db) provides features to easily query and interface
with database protocols for reproducible experimentation. The performance evaluation mod-
ule (measure) includes several standard metrics such as the equal error rate (EER), receiver
operating characteristic (ROC) and detection error tradeoff (DET) curves.

-

Satellite Packages

bob

trainer db ip
[ | = ]

math
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Figure A.1 - INTERNAL SOFTWARE ORGANIZATION OF THE MODULES OF BOB.

A.3 Reproducible Research and Extensions through Satellite Pack-
ages

One of the main motivations in the development of Bob is to foster and to ease reproducible
research [Price, 1986]. Reproducibility affects impact and visibility of scientific work and should
be considered a key aspect of research [Vandewalle, 2012]. Being able to easily rerun and
extend the experiments of scientific articles allows researchers to quickly test their own ideas
reusing existing tools rather than spending considerable amount of time reimplementing
previously developed concepts, focusing on the problem to be solved rather than on the
solution. Replicability often involves a publicly available dataset, data accessors that specify
how the data should be used, source code (machine learning algorithms, feature extractors
and metrics), as well as infrastructure (normally these are scripts) to glue all these bricks
together and support experimental analysis.

To satisfy these needs, Bob is hosted on GitHub, ? a collaborative web-based platform for

2. https://github.com/idiap/bob
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software development projects that uses the Git revision control system. This allows any user
to inspect existing algorithm implementations, to access the documentation, to report bugs,
to request features and to provide new patches and features through pull requests. In addition,
Bob offers the possibility for any researcher to extend the library with new features such as
machine learning algorithms. This relies on the concept of satellite packages, which may
contain source code and documentation for a proposed algorithm, data accessors or scripts to
replicate findings.

A.3.1 Example 1: L-BFGS-based Training for Multilayer Perceptrons (MLP)

In the following, we propose a typical example where satellite packages are developed on
top of Bob for reproducible research purposes. For this didactic example, the research idea
consists of using the L-BFGS optimization technique [Byrd et al., 1995] to train the parameters
of an MLP, and to compare it against the R-prop [Riedmiller and Braun, 1993] approach that
is available in Bob. For this purpose, experiments are conducted on the MNIST database
of handwritten digits [LeCun et al., 1998]. One of the main outcomes of this example is the
performance reported on fig. A.2.

ROC Curve

7 — 1-layer MLP (R-prop)
351 -+- 2-layer MLP (R-prop) (4
R -~ 1-layer MLP (L-BFGS)

30k ; “ 2-layer MLP (L-BFGS) |/

40

20

FAR (%)

10

Figure A.2 - PERFORMANCE OF MLP CLASSIFIERS TRAINED USING R-PROP OR L-BFGS. This
figure shows the ROC curves of MLP classifiers trained using R-Prop or L-BFGS evaluated on the test set
of the MNIST database of handwritten digits.

Three satellite packages built on top of Bob have been implemented to address this goal.
First, xbob.db.mnist 3 provides functionalities to access MNIST samples from Python, re-
specting the imposed training and testing sets defined in the original protocol. Second,
xbob.mlp.1bfgs* demonstrates how to extend Bob’'s machine learning features by providing

3. https://pypi.python.org/pypi/xbob.db.mnist
4. https://pypi.python.org/pypi/xbob.mlp.lbfgs
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anew L-BFGS-based trainer to the existing MLP implementation. In particular, this implemen-
tation relies on the existing MLP machine implementation of Bob, as well as on an existing
MLP base trainer class of Bob, which performs forward and backward propagation. This leads
to a very simple python implementation for this L-BFGS training procedure that solely focuses
on the optimization aspect. Finally, xbob . paper . example ° glues the previous two packages
together by providing instructions on how to use the scripts to train MLPs using either the
R-Prop trainer of Bob or the proposed L-BFGS-based trainer and to replicate the ROC curves
shown on fig. A.2.

These satellite packages are hosted on GitHub to facilitate maintenance and sharing. Besides,
releases can be shared and made easy to install on multiple architectures, thanks to the Python
Package Index.® A list of existing satellite packages as well as detailed instructions about
satellite package creation are available online. ”

A.3.2 Example 2: Satellite Package to Reproduce the Results and Plots of this Dis-
sertation

In this Ph.D. dissertation, we reported results and plots from experiments conducted using sev-
eral machine learning algorithms on several databases. To satisfy the need of reproducibility,
we implemented a satellite package xbob.thesis.elshafey20148 that provides an envi-
ronment as well as the scripts required to regenerate any results or plots provided in this
manuscript.

This satellite package depends on several other open source packages or softwares, and plays
the role of connecting these entities together with the aim of being able to regenerate any plot
from the raw data of a database. For instance, all the feature extractors and machine learning
algorithms are implemented within Bob, which is, hence, a dependency of this package. In
addition, face and speaker recognition toolchains are implemented in two other dependencies
facereclib !9 [Giinther et al., 2012b] and xbob. spkrec ! [Khoury et al., 2014], respectively.
These toolchains allow to conduct full experiments, from the segmentation step to the gener-
ation of identification or verification trial scores. Furthermore, the evaluation protocols are
defined in satellite packages separately for each database. For instance, xbob.db.multipie '?
and xbob.db.nist_sre12 '3 specify the evaluation protocols on a face and speaker recogni-
tion database, respectively.

. https://pypi.python.org/pypi/xbob.paper.example
. https://pypi.python.org/
. https://github.com/idiap/bob/wiki/Satellite- Packages
. https://pypi.python.org/pypi/xbob.thesis.elshafey2014
9. There are two notable exceptions, which are the plots and results given in the appendices. Fig. A.2 should

be generated using the satellite package xbob.paper.example, whereas the results of appendix B should be
generated using the satellite package xbob. gender .bimodal.

10. https://pypi.python.org/pypi/facereclib

11. https://pypi.python.org/pypi/xbob.spkrec

12. https://pypi.python.org/pypi/xbob.db.multipie

13. https://pypi.python.org/pypi/xbob.db.nist_srel12

o N oG
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The package is organized around several steps as follows. First, the user downloads the satellite
package associated with this dissertation. Second, a script allows to automatically download
and configure all the dependencies (except Bob and the CSU baselines, which have to be
installed manually). Third, the user is required to download the databases and to set the
location of the data within several configuration files. Next, a script allows to generate the
trial scores using an evaluation protocol on a specific database for all the systems considered.
Finally, another script expects a subset of these trial scores as input, and returns a plot or a
table of results as output. Detailed instructions are provided within the package.

A.4 Conclusions

We presented Bob, a free and extensible ML and SP toolbox. Bob is written in a mix of Python
and C++, to provide both fast C++ implementations of identified bottlenecks and a friendly
Python environment for rapid development. It is organized as a set of modules, which consist
of self-explanatory code including documentation and unit testing, and which only require
open source third-party libraries. Bob supports a wide range of platforms, including open
source distributions. Finally, the toolbox can be easily extended by researchers, thanks to its
concept of satellite packages, which foster reproducible research.

In addition, we presented xbob.thesis.elshafey2014, the satellite package, which accom-
panied this dissertation, defining an environment as well as scripts to regenerate any results
or plots given in this manuscript.
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Audio-Visual Gender Recognition

In this appendix, we apply several variability modeling techniques to the task of gender
recognition. More precisely, we explore the use of Gaussian mixture models (GMM), inter-
session variability (ISV) modeling and total variability (TV) modeling for both unimodal (visual
or audio) and bimodal gender recognition.

B.1 Introduction

Information about gender, age, ethnicity, and emotional state are important ingredients that
lead to rich behavioral informatics. Such information can be extracted from visual or audio
modalities. In this appendix, we focus on the problem of gender recognition using both visual
and audio cues.

Automatic gender recognition is crucial for a number of applications of human-computer or
human-robot interaction. It serves to (1) enrich the metadata of visual and audio documents
in an indexing and retrieval system, (2) improve the efficiency and the accuracy of person
(both face and speaker) recognition, diarization and surveillance systems by reducing the
search space to subjects from the same gender, and by building gender-dependent models,
which are often better than gender-independent models, (3) enhance human-machine inter-
action by suggesting user-friendly interface (e.g., gaming, social networks) and personalized
advertisements (e.g., interactive voice response system, in-store cameras), (4) increase the
intelligibility of human-robot interaction, and (5) collect passive demographic data.

Due to these various applications, the problem of automatic gender recognition has recently
received significant attention. Researchers have often addressed this problem with a unimodal
aspect. For visual-based gender recognition, readers can refer to [Moghaddam and Yang, 2002,
Sun et al., 2006, Mikinen and Raisamo, 2008a,b, Alexandre, 2010]. For audio-based gender
recognition, one can cite the work of [Harb and Chen, 2003, Hu et al., 2012, DeMarco and Cox,
2011, Burkhardt et al., 2010, Schuller et al., 2010, Li et al., 2013]. In contrast, only few existing
works (e.g., [Liu et al., 2007, Pronobis and Magimai-Doss, 2008]) have taken into account
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both visual and audio cues to solve the problem of gender recognition. They have shown
that audio-visual fusion can improve the accuracy of gender classification systems especially
under degraded conditions and temporal unavailability of one of the modalities. However,
their evaluations were conducted on in-house or small databases, using simplistic unimodal
systems.

In this appendix, we explore the total variability (TV) and inter-session variability (ISV) mod-
eling techniques (see chapter 3) for both speech-based and face-based gender recognition
problems. We apply linear logistic regression (see sec. 7.2.2) to combine the two modalities
at the decision level. The proposed systems are compared to several unimodal and bimodal
state-of-the-art algorithms. The experimental evaluation is conducted on the FERET and LFW
databases for visual-based, on the NIST-SRE database for audio-based and on the MOBIO
dataset for audio-visual gender recognition.

B.1.1 Gender Recognition from Images

Gender recognition from images of faces has recently received significant attention, and
several approaches were explored. In [Moghaddam and Yang, 2002], the authors show that
support vector machines (SVMs) are superior to linear discriminant analysis (LDA), nearest-
neighbor and radial basis function networks. They conduct their experiments on images
selected from the FERET database [Phillips et al., 2000]. However, the experimental protocol
suffers from a lack of information that prevents the reproducibility of the results.

[Mékinen and Raisamo, 2008a] put some effort towards publishing the details about the proto-
col used on FERET, and, thus, help to benchmark the different approaches. One of the findings
of their work is that SVMs (on raw pixels) are slightly superior to neural networks (on raw pixels)
and AdaBoost (on Haar-like features). [Alexandre, 2010] proposes an approach that combines
several SVM classifiers applied on intensity, shape and texture features gathered at different
scales. This approach obtains a better accuracy than the techniques presented in [Mdkinen
and Raisamo, 2008a]. The drawback of the FERET database is that the images are acquired in
controlled conditions, and the dataset corresponding to the available protocol [Médkinen and
Raisamo, 2008a] is small (only 411 face images).

[Gallagher and Chen, 2009] use contextual features to recognize people’s gender in images of
groups of people (family portraits, wedding photos, etc.). Their images were collected from
Flickr (uncontrolled conditions) and made available for researchers [Gallagher and Chen,
2008]. However, they do not provide a standard evaluation protocol.

More recently an evaluation protocol ! on the Labeled Faces in the Wild (LFW) database was
proposed as one of the BeFIT (Benchmarking Facial Image Analysis Technologies) challenges.
As for Gallagher’s database, LFW images are acquired in realistic scenarios under large vari-
ability in illumination, facial expressions and head pose (see sec. 5.2.2). [Dago-Casas et al.,

1. http://face.cs.kit.edu/431.php
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2011] use this protocol to evaluate state-of-the-art systems. They found that Gabor jets and
local binary patterns (LBPs) obtain similar accuracies, and perform generally better than raw
pixels. They also found that SVMs work slightly better than LDA.

B.1.2 Gender Recognition from Speech

Several approaches were proposed to cope with the problem of speech-based gender recog-
nition. In [Harb and Chen, 2003], Mel frequency spectral coefficients (MFSC) with neural
networks are used. Their database was collected from French and English radio stations. How-
ever, the details needed to replicate the experiments are not provided. [Hu et al., 2012] propose
a two-stage classifier where pitch thresholding is applied in the first stage, and Mel frequency
cepstral coefficients (MFCC) extraction followed by GMM-based classification is done in the
second stage. [DeMarco and Cox, 2011] describe an unsupervised system that jointly uses
MECC-based and pitch-based classifiers. Any disagreement between the two classifiers is then
resolved by using a pitch-shifting mechanism. In both [Hu et al., 2012] and [DeMarco and Cox,
2011], the experiments are conducted on clean data (TIDIGITS in [Hu et al., 2012] and TIMIT
in [DeMarco and Cox, 2011]). This explains the high accuracies reported in their work.

In 2010, a challenge on gender and age detection was conducted [Schuller et al., 2010] on the
aGender database [Burkhardt et al., 2010], which contains recordings from German telephone
speech. Several gender recognition algorithms were explored on this database such as GMM,
SVM, MLP, GMM-Mean-SVM, GMM-MLLR-SVM, using both prosodic and acoustic features.
Readers can refer to the work in [Li et al., 2013] where seven sub-systems based on SVM
and GMM are evaluated and combined. aGender contains one group of children speakers.
However, its evaluation protocol does not distinguish between female and male children. This
makes it difficult to be used independently for gender recognition.

In [Kockmann et al., 2010], the use of JFA was investigated. However, none of the recently
proposed ISV and TV modeling techniques were explored.

B.1.3 Audio-Visual Gender Recognition

Contrarily to unimodal gender recognition, audio-visual gender recognition has not been well
explored in the literature. To the best of our knowledge, the first attempt of recognizing gender
using acoustic and visual cues was done in [Walawalkar et al., 2003]. In this work, the authors
found that SVMs classify better than nearest-neighbor and k-nearest neighbors. The main
drawback of their work is that they use two separate unimodal databases to compare their
audio and visual systems. This prevents them from making an objective and fair comparison
between the two unimodal systems, and furthermore, it prevents them from combining both
modalities to improve the performance of their system.

This issue was partially solved in [Liu et al., 2007] where an audio-visual database is used.
In their work, the audio-based gender classifier relies on GMM, whereas the visual-based
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classifier relies on SVM. The acoustic features used are the MFCC coefficients and their first
derivatives, while the visual features used are the intensities of the pixels. At the fusion level,
they combine the incompatible scores (posterior probability for GMM and distances for SVM)
from the two classifiers using a naive linear combination that is tuned directly on the test set.
They reported gender classification accuracies of 85%, 84.75% and 91.25% on audio, visual
and audio-visual cues, respectively. The main drawback of this work is the use of a private
database without giving the full details about the conditions in which the data were collected.

B.2 Proposed Audio-Visual Gender Recognition

In this appendix, we address the task of gender recognition by modeling the feature distri-
bution using GMMs. Several classification and extraction techniques can be applied on top
of this modeling to both visual and audio modalities. One possibility is to rely on the gen-
erative probabilistic framework for classification based on GMMs, introduced for speaker
recognition in [Reynolds and Rose, 1995, Reynolds et al., 2000] and then successfully applied
to speech-based gender recognition [Li et al., 2013]. Furthermore, to cope with the problem of
high intra-class variability, we additionally investigate two recent session variability modeling
techniques derived from GMMs: ISV and JFA. To the best of our knowledge, none of these two
methods were used for gender recognition.

All these techniques have been described in details in chapter 3. We provide a succinct de-
scription in the remainder of this section.

B.2.1 Feature Distribution Modeling using GMM

Two separate feature extraction processes are employed for images and audio samples. For
both visual and audio data, we employ similar DCT-based and MFCC-based techniques as the
ones described in chapter 7.

B.2.2 Gaussian Mixture Modeling

To use GMMs for gender recognition, we need to train a GMM .%; for both genders (i €
{male,female}) from a set of enrollment samples. There are different ways to train GMMs. We
employ the expectation-maximization algorithm to seek a maximum-likelihood estimate for
each class (cf. sec. 3.3.2). Once gender-specific models, %emale and Fale, are enrolled, the
probability that a test sample x . is from the class male is given by a log-likelihood ratio (LLR)
score:

hevm (Xtest) =InP (Xtest | A male) —-InpP (Xtest | yfemale) . (B.1)
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B.2.3 Inter-Session Variability Modeling

A powerful approach that relies on a UBM pu (see sec. 3.3.2) is inter-session variability (ISV)
modeling (cf. sec. 3.4). It aims to estimate and suppress the effects of within-class variations in
order to create more discriminant gender models.

ISV assumes that session variability results in an additive offset to the mean supervector s; of
the gender model. This offset can be added directly to the normal mean-only MAP adaptation
representation. Given a sample y, the mean supervector g of the GMM that best represents
this sample is:

p=m+Ux+Dz, (B.2)

where U is a subspace that constrains the possible session effects, x is its associated latent
session variable, while Dz represents the gender-specific offset (cf. sec. 3.4).

Similarly to GMM, ISV scoring relies on a LLR, using compensated GMM:s as follows:

p (Xtest | m+ Uxmale + Dzmale)

p (Xtest | m+ UXfemale + szemale)

hisy (Xtest) =In (B.3)

B.2.4 Total Variability Modeling

The second approach we investigate to address the problem of gender recognition is total
variability (TV) modeling (cf. sec. 3.5).

TV modeling aims to extract low-dimensional factors v, so-called i-vectors, from samples x.
More formally, TV can be described in the GMM mean supervector space by:

p=m+Tv, (B.4)

where p is the mean supervector of the GMM that best represents the sample, T the low-
dimensional total variability subspace and v the low-dimensional i-vector. T is learned by
maximizing the likelihood over a large training set (see sec. 3.5.1).

In contrast to ISV, TV does not explicitly perform session compensation and scoring. There-
fore, we employed the preprocessing and session compensation algorithms given in sec. 3.5:
whitening, length normalization and within-class covariance normalization.

Once session compensation has been performed, any classification technique might be used.
We investigate the simple and efficient cosine similarity measure (cf. eq. (3.59)), as well as
SVMs [Vapnik, 1995], leading to two systems TV-Cosine and TV-SVM, respectively.
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B.3 Experimental Evaluation

In this section, we evaluate the accuracy of unimodal and bimodal gender recognition systems
on several databases. For both visual and audio modalities, four gender recognition systems
are employed, relying on the modeling and classification techniques described in sec. B.2. We
call them GMM, ISV, TV-SVM and TV-Cosine, respectively.

The description of the systems is similar to the one given in tab. 5.9 and tab. 6.2. GMMs are
composed of 512 Gaussian components with diagonal covariance matrices, and the ranks
of the subspaces are respectively set to 50 for ISV (matrix U) and 400 for TV (matrix T),
respectively. Given the small size of the training set of FERET, the TV subspace has a rank of
200 on this database. One difference is in the GMM training, where 10 iterations of k-means,
followed by 25 iterations of maximume-likelihood are performed.

The results reported in this appendix cannot be reproduced using the satellite package as-
sociated with this dissertation. However, a separate satellite package based on the bob tool-
box [Anjos et al., 2012] has been made available online. 2

Similarly to [M#kinen and Raisamo, 2008a,b, Dago-Casas et al., 2011], the evaluation metrics
used in our work are the accuracy (Acc), the true positive rate (TPR) and the true negative rate
(TNR) that are defined by:

Acc=—, TPR=—, TNR=—, (B.5)
P+N p

where TP is the number of samples correctly classified as positive (i.e., male), TN the number
of samples correctly classified as negative (i.e., female), P the total number of positive samples
and N the total number of negative samples. Furthermore, we used a variant of the receiver
operating characteristic (ROC) curve that plots the fraction of males classified correctly in
terms of the fraction of females classified incorrectly [M#kinen and Raisamo, 2008b].

B.3.1 Face-based Gender Recognition

The problem of face-based gender recognition has been tackled in [Médkinen and Raisamo,
2008a, Alexandre, 2010]. In their work, the experiments rely on a subset of the FERET database [Phillips
et al., 2000], for which an evaluation protocol is already established. ® For the sake of com-
parison, we conducted a set of experiments on this small corpus (411 images), using the

same annotations and the same protocol. Another drawback of using this database is the well
controlled recording conditions of the images.

In contrast to FERET, images of the LFW database 4 [Huang et al., 2007b] were acquired in
an uncontrolled environment, leading to higher variability in term of pose, illumination

2. https://pypi.python.org/pypi/xbob.gender.bimodal
3. http://www.sis.uta.fi/~em55910/datasets/
4. http://vis-www.cs.umass.edu/lfw/
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Figure B.1 — IMPACT OF IMAGE RESOLUTION ON GENDER RECOGNITION ON FERET. This figure
shows the accuracy of the systems on the FERET database on varying image resolution. The height and
width are set to identical values after cropping.

and expression. In addition, the number of samples is significantly larger (13,233 images).
Experiments are conducted on this corpus using the BeFIT evaluation protocol (see sec. B.1.1).

We evaluated our proposed systems on both databases, using a very similar setup.

First, images are rotated, scaled and cropped to a fixed size, according to eye coordinate
annotations and using a parametrization similar to [Médkinen and Raisamo, 2008a].

For the four proposed systems (GMM, ISV, TV-SVM and TV-Cosine), we rely on parts-based
features, as described in sec. 5.3.3. Compared to tab. 5.9, the differences are the resolution of
the cropping and the non-application of the preprocessing step [Tan and Triggs, 2010]. We
indeed observed a degradation in performance when applying this technique.

We also evaluate other baselines that apply SVM on raw pixels (Raw-SVM) or on LBP fea-
tures (LBP-SVM), as proposed in [Mikinen and Raisamo, 2008a], as well as SVM on histogram
of oriented gradients (HOG) [Dalal and Triggs, 2005] (HOG-SVM).

On the FERET corpus, we first evaluate all the systems at different image resolutions. Fig. B.1
shows that the accuracy of the systems is stabilizing when image resolution is increasing.
Therefore, we set the resolution of cropped images to the reasonable value of 80 x 80 in further
experiments.

Additionally, tab. B.1 compares the accuracy of our systems to the results published in [M&ki-
nen and Raisamo, 2008a], using their image resolution and cropping. At the largest resolution
of 48 x 48, results suggest that the proposed TV-SVM, ISV and GMM systems outperform the
baselines. In particular, ISV reaches an accuracy of 90.7%, compared to 84.0% for the best
system of [Mékinen and Raisamo, 2008a] (Raw-SVM).
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Table B.1 - GENDER RECOGNITION ACCURACY ON FERET. This table reports the accuracy (%) of the
systems on FERET.

Resolution | TV-SVM | ISV | GMM | TV-Cosine | HOG-SVM | LBP-SVM | Neural Network | Raw-SVM | AdaBoost

[Mikinen and Raisamo, 2008a]

24 x 24 80.4 879 | 813 74.8 72.9 76.9 84.2 82.6 81.5
48 x 48 86.9 90.7 | 85.0 84.1 77.6 82.1 82.9 84.0 83.9

Experiments conducted on LFW show similar trends, the ISV system providing a good accuracy,
as reported in fig. B.2. Nevertheless, the TV-SVM system significantly outperforms other
systems and achieves state-of-the-art performances on this corpus (accuracy of 94.6% as
shown in tab. B.2), compared to the best previously published results [Dago-Casas et al., 2011].
Looking at the errors made by TV-SVM (examples are depicted in fig. B.3), results suggest that
the high intra-class variability remains one of the main challenges. This variability is caused by
recording conditions such as pose, illumination and expression on one hand, and accessories,
hair styles and make-up on the other hand.

S

=

S

E TV-SVM

2 ISV

P GMM

Ta“ TV-Cosine

% LBP-SVM

g HOG-SVM | |
g — Raw-SVM

0 20 10 60 30 100
Fraction of females classified incorrectly (%)

Figure B.2 - GENDER RECOGNITION ACCURACY ON THE FIRST FOLD OF LFW. This figure reports
the accuracy (%) of all the systems on the first fold of the LFW database.

Table B.2 — GENDER RECOGNITION ACCURACY ON LFW. This table reports the accuracy (%), the
true positive rate (TPR in %, for males) and the true negative rate (TNR in %, for females) on LFW after
5-fold cross-validation. The image resolution employed by each system is given in brackets.

System Acc | TPR | TNR

TV-SVM (80 x 80) 94.6 97.4 85.0

Gabor-PCA-SVM (120 x 105) [Dago-Casas et al., 2011] | 94.0 | 97.5 | 82.2
LBP-PCA-SVM (120 x 105) [Dago-Casas et al., 2011] 93.8 97.0 83.0
Raw-PCA-SVM (120 x 105) [Dago-Casas et al., 2011] 89.2 95.4 68.1
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Figure B.3 — MISCLASSIFIED SAMPLES BY TV-SVM ON THE FIRST FOLD OF LFW. This figure shows
misclassified samples (top row: females; bottom row: males) by the proposed TV-SVM gender recognition
system. These are original images aligned with funneling from the LFW database, fold 0.

Table B.3 — NIST SRE PARTITIONING FOR GENDER RECOGNITION. This table reports the number
of male and female speakers and the number of utterances in the training, development and evaluation
sets of the NIST-SRE protocol for gender recognition.

Training | Development | Evaluation
NIST SRE series 2006 2010 2012
Number of male speakers 481 235 763
Number of female speakers 659 261 1,155
Number of utterances 14,735 22,848 73,106

B.3.2 Speech-based Gender Recognition

We evaluate our gender recognition systems on audio data from the MIXER corpus [Cieri et al.,
2004], which is provided by NIST since 2004 for the task of speaker recognition. The training
set uses data from NIST SRE (Speaker Recognition Evaluation) 2006, while the development
and the evaluation sets use data from NIST SRE 2010 and 2012, respectively. The recordings
were collected in uncontrolled conditions (e.g., microphone, telephone, synthetic noise, real
noise, duration variability, etc.). Statistics on the number of male and female speakers, and
the number of utterances are reported in tab. B.3. To the best of our knowledge, this is the first
large scale gender recognition experiment conducted on audio data.

Acoustic features are extracted at equally-spaced time instants using a sliding window ap-
proach. For all the proposed systems (GMM, ISV, TV-SVM and TV-Cosine), we rely on MFCCs
features, as described in sec. 6.3. The only difference is in the voice activity detection, which is
performed using jointly the normalized log energy and the 4 Hz modulation energy [Scheirer
and Slaney, 1997] as in chapter 7. The resulting acoustic feature vectors are of dimensionality
D, = 60.

Results in fig. B.4 clearly show that TV-SVM and ISV outperform the state-of-the-art GMM sys-
tem by up to 11% of relative gain.
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ROC Curves
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Figure B.4 - ACCURACY OF THE GENDER RECOGNITION SYSTEMS ON NIST SRE. This figure shows
the ROC curves of the different systems on the evaluation set of the NIST SRE dataset.

B.3.3 Bimodal Gender Recognition

We evaluated bimodal gender recognition on the MOBIO database, which consists of 61 hours
of audio-visual data of 150 people captured within twelve sessions (see sec. 7.3). This corpus is
challenging since the data are acquired on mobile devices with real noise. It has been used to
evaluate several speaker, face and bimodal recognition systems (see chapter 7 or [McCool et al.,
2012]). The extracted images contain faces with uncontrolled illumination, facial expression,
and occlusion, while the extracted speech segments are relatively short, partially even less
than two seconds. A new protocol for gender recognition is established, with separate training,
development and evaluation sets, each containing 50 identities.

For each modality, we employ the same features and parametrization as the ones introduced
for the unimodal systems (cf. sec. B.3.1 and sec. B.3.2). The combination of the two modalities
is performed using score fusion (cf. sec. 7.2.1). For this purpose, we use the linear logistic
regression approach, which has been successfully employed for combining heterogeneous
speaker classifiers (cf. sec. 7.2.2 and [Pigeon et al., 2000]).

Let an audio-visual test sample Yoot = (Xsp Xtest) be processed by both audio and visual
systems. Each system produces an output score, h24i (y& ) and hVisUa (yV ) for audio and
visual cues, respectively. The final fused score is expressed by the logistic function:

B (Hrest) = 8 (o + B (tiese) + B2 ™™ (iiest)) (B.6)
where
()= —— (B.7)
gl= 1+exp(-x)’ .
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and B = [Po, f1, 2] being the regression coefficients that are computed by estimating the
maximum likelihood of the logistic regression model on the scores of the development set.

Performances of unimodal gender recognition systems on the MOBIO database are shown in
fig. B.5. For the visual modality, TV-SVM, ISV and TV-Cosine outperform the Raw-SVM and
LBP-SVM baselines. For the audio modality, TV-SVM, ISV and GMM achieve very high perfor-

mances.
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Figure B.5 - ACCURACY OF THE BIMODAL GENDER RECOGNITION SYSTEMS ON MOBIO. This
figure shows the ROC curves for both visual and audio modalities on the evaluation set of MOBIO. For
the audio modality, a zoom is performed in the region of interest, as a high accuracy is achieved.

Interestingly, when comparing the two modalities (tab. B.4), a significantly higher accuracy
(96.8%) is achieved with the audio modality, compared to the visual one (92.2%). In addition,
for speech-based gender recognition, the classification rates are comparable for the two classes
male and female. In contrast, for face-based gender recognition, there is a large gap between
male (TPR) and female (TNR) classification rates.

Table B.4 — GENDER RECOGNITION ACCURACY ON MOBIO. This table reports the accuracy (%), the
true positive rate (TPR in %, for males) and the true negative rate (TNR in %, for females) of the systems
on the evaluation set of MOBIO.

TV-SVM ISV | GMM | TV-Cosine
Acc 91.9 92.2 83.6 88.8
Face TPR 94.0 94.6 88.6 88.1
TNR 87.8 87.5 73.9 90.1
Acc 96.8 96.2 95.2 93.2
Speech TPR 96.0 95.1 93.6 91.0
TNR 98.4 98.4 98.4 97.4

We investigate the fusion of several unimodal systems. Results depicted in fig. B.6 show that the
fusion of the two modalities allows to drastically reduce the error rate, reaching an accuracy of
about 98% for the TV-SVM and ISV systems.

In addition, real classification examples of the TV-SVM systems (both unimodal and bimodal
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ones) are illustrated in fig. B.7. Sample 1 (first column) is classified correctly by all the unimodal
and bimodal systems. In contrast, samples 2 to 5 are only classified correctly by one of the two
unimodal systems, but the bimodal fusion is still able to take the right decision. This suggests
that, when a modality is affected by challenging conditions (e.g., noise or accessories), the
other modality is available to come to the rescue. Sample 6 is a very challenging case, where
both modalities are subject to high deformation.

Il Face HE Speech HEE Bimodal

Accuracy (%)

TV-SVM Isv GMM TV-Cosine

Figure B.6 - PERFORMANCE OF THE GENDER RECOGNITION SYSTEMS ON MOBIO. This figure
reports the accuracy (%) of several unimodal and bimodal systems on the evaluation set of MOBIO.

Sample 1 (M) Sample 2 (M) Sample 3 (M) Sample 4 (F) Sample 6 (F) Sample 5 (F)

Speech

— Dbt ||

| M || V[V [ X |

Figure B.7 — CLASSIFICATION EXAMPLES ON MOBIO. This figure shows few classification examples
of the bimodal TV-SVM system. Each column corresponds to a test sample, while each row corresponds to
a modality (face, speech and bimodal, respectively). A green box around a cell indicates that the sample
has been classified correctly, while red indicates misclassification.

B.4 Conclusions

This appendix investigates the problem of audio, visual and bimodal gender recognition
with two different variability modeling techniques: ISV and TV. For visual gender recognition,
state-of-the-art performances are achieved on both FERET and LFW databases. For the audio
modality, the large-scale evaluation conducted on NIST SRE shows that the TV-SVM system
is achieving an accuracy of 92.5%. In addition, experiments were carried out on the bimodal
MOBIO database. Results show that our proposed TV-SVM and ISV systems outperform state-
of-the-algorithms on both modalities. Furthermore, additional improvements are obtained by
combining them using score fusion based on linear logistic regression. The final accuracy of
the bimodal system is around 98%.
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