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Ce chapitre présente une description générale de mes principales activités de recherche
depuis ma these. Je commence par décrire mon parcours professionnel puis je présente
une description résumée des principales thématiques de recherche que j’ai abordées durant
ma carriere. Je présente ensuite les différents encadrements que j’ai effectués puis mes
activités de management et de gestion de projets scientifiques. Je termine par mes actions

de transfert technologique.

1.1 Parcours professionnel

Je commence par présenter en quelques dates charnieres les principales étapes de mon

parcours professionnel.

— Nov 1996 : These de doctorat de I’Université Paris 9 Dauphine, intitulée "Générali-
sations des systemes de fonctions itérées et Applications au Traitement du Signal”,
sous la direction de Jacques Lévy-Véhél et Yves Meyer. J'ai préparée ma these au

sein de I’équipe "Fractales” d’Inria-Rocquencourt.
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CHAPITRE 1. RESUME ETENDU DE MES ACTIVITES DE RECHERCHE

— Déc 1996 - Nov 1997 : Séjour postdoctoral avec Claude Tricot au département de

mathématiques de 1’école polytechnique de Montréal.

— Déc 1997 - Sep 1999 : Séjour postdoctoral avec Alan Willsky au Stochastic Sys-
tems Group (SSG) du Laboratory for Information and Decision Systems (LIDS),
Massachusetts Institute of Technology (MIT), USA.

— Oct 1999 : Recrutement CR2 a l'institut National de Recherche en Informatique et
Automatique (INRIA).

— Oct 1999 - Fév 2004 : Membre permanent de ’équipe Parole d’Inria-Lorraine.

— Mars 2004 - Fév 2009 : Mise a disposition puis détachement au CNRS au sein de

I'équipe Samova de I'Institut de Recherche en Informatique de Toulouse (IRIT).

— Mar 2009 : Co-création, avec Hussein Yahia, de I’équipe GeoStat a Inria Bordeaux

Sud-Ouest.
— Depuis Mars 2009 : Membre permanent de ’équipe GeoStat.

Chacune de ces dates correspond non seulement une mobilité géographique mais aussi
a une mobilité thématique importante. Ces mobilités ont été pour moi une source de
renouveaux, parfois aussi de rupture, mais que je juge aujourd’hui formatrice et souhai-
table a 'apprentissage, puis a la vivification d’une carriere de chercheur. J’ai donc vécu
I’ensemble de ce parcours comme une formidable opportunité de satisfaire une curiosité
scientifique en diversifiant mon travail, ses enjeux, et a chaque fois, comme le besoin de

remettre en question les objectifs de ma mission de chercheur.

1.2 Thématiques de recherche

Depuis mon recrutement a Inria, le fil conducteur de mes activités est un quéte scienti-
fique, hors sentiers battus, a la recherche de nouveaux paradigmes et formalismes capables
de faire une percée majeure en traitement automatique de la parole (TAP). Cette quéte
a été motivé par le constat que plusieurs domaines du TAP étaient arrivés a satura-

tion et qu’il fallait passer a une nouvelle génération d’outils de traitement. Ma mobilité

12



1.2. THEMATIQUES DE RECHERCHE

thématique correspond aux différentes phases de cette quéte ainsi qu’a ma mobilité géo-
graphique.
Note : Ma bibliographie personnelle est organisée en sections et sous-sections corres-

pondants aux différentes thématiques que je décris dans cette section.

1.2.1 Thématiques avant mon recrutement a Inria

Mes recherches lors de ma these et de mon premier postodoc ont porté sur ’analyse
multi-fractale et ses applications en traitement du signal. Je me suis ensuite intéressé
aux processus stochastiques et au traitement statistique du signal. J’ai ainsi rejoint le
Stochastic Systems Group du MIT ou j’ai travaillé sur les modeles auto-régressifs multi-
échelles (MAR) pour lesquels j'ai développé le chainon manquant pour établir un lien
avec l'analyse en ondelettes. Les MAR étant des réseaux Bayésiens sur des arbres, ce
travail m’a permis de murir I'idée d’introduire les réseaux Bayésiens dynamiques (DBN)
en modélisation de la parole, qui est devenu ensuite mon programme de recherche pour le

concours Inria.

1.2.2 Thématiques a Inria-Lorraine

En terme de modélisation, les modeles de Markov cachés (HMM) régnaient sans par-
tage sur la technologie en reconnaissance automatique de la parole (RAP). Il se trouve
que les HMM sont un cas tres particulier des DBN. J’ai ainsi proposé de franchir un
cap en RAP en utilisant les DBN pour s’affranchir de certaines hypotheses imposées par
les HMM et pour pouvoir modéliser les différents aspects multi-échelles présents dans le
signal de parole. Ceci impliquait implicitement la nécessité de franchir un cap aussi en
paramétrisation du signal de parole, c’est-a-dire, passer outre la représentation cepstrale.

Je me suis ainsi lancé dans le projet ambitieux de s’attaquer a toutes les composantes
qui constituent un systeme de RAP : la modélisation acoustique, la paramétrisation, la
robustesse au bruit et la modélisation du langage. Avec mes collaborateurs, nous avons

pu proposer de nouvelles approches novatrices et originales dans ces 4 composantes, non
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CHAPITRE 1. RESUME ETENDU DE MES ACTIVITES DE RECHERCHE

seulement d’un point de vue fondamentale mais aussi en tenant toujours compte des
contraintes de la complexité algorithmique. Nous avons ainsi proposé une nouvelle vi-
sion pour faire la RAP qui permet, dans certains cas, d’atteindre des performances de
reconnaissance supérieures aux systemes de RAP classiques.

Cependant, les nouvelles méthodologies que nous avons proposées n’étaient pas suffi-
santes pour prétendre lever le verrou technologie HMM-Cepstre. Elles pouvaient conduire
a certaines améliorations mais leur complexité algorithmique restait relativement élevée.
Au bout de 4 années de recherche dans ce domaine, je suis arrivé a la conviction que cette
approche n’était pas la bonne pour atteindre mon objectif initial : poser les fondations
d’une nouvelle génération de systemes de RAP. Le futur m’a donné raison car c’est tout

récemment que les réseaux de neurones profonds ont réalisé une percé majeure en RAP.

1.2.3 Thématiques a IRIT

Partant de cette conviction, j’ai rejoint IRIT pour travailler sur un autre domaine
du TAP, la reconnaissance automatique du locuteur (RAL). La méthode de classification
qui régnait dans ce domaine était les SVM (Support Vector Machines). Cependant, cette
approche ne permettait pas de d’intégrer directement/naturellement 1’aspect dynamique
du signal. J’ai ainsi travaillé sur le développement de noyaux entre séquences de vecteurs
pour la classification SVM et son application en RAL. D’un point de vue théorique, ces
nouveaux noyaux ont eu un écho tres positif dans la communauté Machine Learning. Du
point de vue pratique, les évaluations conduites sur des taches benchmark (compagnes
NIST) ont montré une réelle amélioration par rapport aux systemes SVM classiques, tant
sur le plan de la précision que sur le plan de lefficacité algorithmique. Apres ces travaux,
je me suis intéressé a une approche émergente de classification discriminante qui semblait
étre prometteuse, les mélanges Gaussiens a large marge (LM-GMM). Contrairement aux
SVM, un LM-GMM construit une frontiere non-linéaire entre les classes directement dans
I’espace des données. Ces travaux ont été intéressants d’'un point de vue théorique mais

n’ont pas conduit a des améliorations significatives par rapport aux SVM, dans le cadre
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1.2. THEMATIQUES DE RECHERCHE

de la RAL.

1.2.4 Thématiques a Inria Bordeaux Sud-Ouest
1.2.4.1 Analyse non-linéaire et parole pathologique

Toutes ces années de recherche m’ont m’ont montré qu’il était difficile de faire des avan-
cées majeures (du type levage de verrou) en RAP, en RAL et en traitement de la parole
en général. Je suis arrivé a la conviction qu'une des raisons principale est la quasi homogé-
néité des méthodes d’extraction de l'information du signal de parole (la paramétrisation).
En effet, cette derniére est presque toujours basée sur le modele linéaire source-filtre de la
parole. Ainsi la majorités des méthodes de paramétrisation sont essentiellement linéaires.
Ce succes peut s’expliquer par la simplicité et I'efficacité algorithmique de ces méthodes.
Cependant, il est établit que plusieurs phénomenes non-linéaire sont présents dans la pro-
duction et perception de la parole, notamment pathologique, que les méthodes linéaires
ne peuvent pas décrire. Je me suis ainsi intéressé a l’analyse non-linéaire de la parole
pour tenter d’aller outre le modele source-filtre. Je ne suis évidemment pas le premier a
avoir eu ce type d’intéret, j'ai donc tenté de comprendre ’absence d’impact des approches
non-linéaires proposées dans littérature. J’ai conclu qu'une des raison principale est leur
difficulté théorique et algorithmique ainsi que le manque de consensus sur la validité des
résultats obtenus par ces méthodes, essentiellement basées sur la théorie des systemes
dynamiques non-linéaires. Cette réflexion est en fait a I'origine (en partie) de ma collabo-
ration avec H. Yahia pour créer I’équipe GeoStat. Je me suis ainsi lancé dans une nouvelle
aventure pour la création d’une équipe de recherche Inria dédiée a 'analyse de signaux
naturels complexes (comme la parole) par de nouvelles approches issus de la physique
statistique.

Je me suis ensuite lancé sur le projet de recherche exploratoire suivant : utiliser le
cadre des représentations multi-échelles et parcimonieuses du signal pour développer des
méthodes d’analyse algorithmiquement efficaces et faciles a interpréter. Avec mes collabo-

rateurs, nous avons pu montrer la pertinence de ce cadre pour I'analyse non-linéaire de la
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parole et développer plusieurs applications dans lesquelles nous avons apporté des avan-
cées considérables comparé aux méthodes linéaires classiques : une nouvelle méthode de
segmentation phonétique indépendante du texte ; un nouveau codeur de la forme d’onde;;
un algorithme robuste et précis pour la détection des instants de fermeture glottale; une
solution analytique et stable au probleme de la prédiction linéaire parcimonieuse ; un al-
gorithme efficace d’estimation de la source d’excitation du signal de la parole. En outre,
les méthodes que nous avons développées ont le grand avantage d’étre théoriquement et
algorithmiquement beaucoup plus lisibles que celles issues des systemes dynamiques. D’un
point de vue global, nous avons montré qu’il était possible de développer des algorithmes
simples et performants hors du cadre dominant, le modele source-filtre linéaire.

Ces résultats ont été tres prometteurs et ont suscité un intéret considérable, cependant
la tache d’aller plus loin et tenter de proposer une théorie « générale » a la communauté
était trop ambitieuse et trop difficile a réaliser a mon échelle. Je me suis alors orienté
vers un domaine « niche » dans lequel je pouvais apporter une contribution majeure a
mon échelle, la parole pathologique. Cette derniere est en effet un terrain fertile pour
I’analyse non-linéaire de la parole en raison des différentes perturbations qui peuvent
s’y produire et qui ne peuvent pas étre décrites/captées par les approches standards. Je
suis ainsi entré en interaction avec le tissu médical locale et régionale, en particulier les
neurologues et les phoniatres, pour montrer le potentiel de ’analyse de la parole dans ’aide
au diagnostic de maladies neurodégénératives. J’ai pu ainsi former un consortium multi-
disciplinaire entre Bordeaux et Toulouse : IRI, IMT, CHU-Bordeaux et CHU-Toulouse,
avec pour ces 2 derniers des chercheurs neurologues qui sont des sommités mondiales dans
le domaine. Le but de cette collaboration est de développer des outils numériques basées
sur le traitement de la parole pour 'aide au diagnostic des syndromes Parkinsonniens. J’ai
pu obtenir en 2017 un financement conséquent de PANR (appel générique) pour mener
ce projet de recherche ambitieux (étude toujours en cous). Des résultats préliminaires
intéressants ont été obtenus, mais les principaux résultats sont encore a venir, dans le
cadre du développement d’un biomarqueur vocal pour l'aide au diagnostic différentiel

entre la maladie de Parkinson et la variante Parkinsonniene d'un maladie rare, ’atrophie
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multisytématisée.

1.2.4.2 Imagerie satellitaire océanographique : Upwelling cotier

Peu de temps apres la création de GeoStat, j'ai ajouté a mes activités une nouvelle
thématique de recherche hors du cadre du traitement de la parole, le traitement d’images
satellitaires. Grace a ma collaboration historique avec le Maroc, j’ai pu identifier le poten-
tiel applicatif d’un axe de recherche principal de GeoStat, I'imagerie satellitaire océanogra-
phique, pour le secteur de la péche au Maroc. En effet la cote atlantique marocaine, avec
un potentiel halieutique considérable, est parmi les cotes les plus riches en ressources biolo-
giques exploitables. Une bonne gestion de ces ressources nécessite une bonne connaissance
des phénomenes physiques et biologiques qui interagissent pour gouverner la dynamique
des populations de poissons. En effet, I’évolution de 1’écosysteme pélagique de cette ré-
gion est influencée en grande partie par la variabilité spatio-temporelle du phénomene
d’upwelling cotier, la remontée d’eaux froides des profondeurs vers la surface de 'océan
et pres de la cote, principal moteur de la fertilisation de la couche euphotique par son
apport en eaux froides et riches en matieres minérales nécessaires pour le démarrage de la
productivité de I'écosysteme marin. J’ai proposé d’étudier le phénomene d'upwelling par
une analyse des images staellitaires de la coté atlantique marocaine.

J’al ensuite initié, mis en place et dirigé un projet R&D a long terme avec les
acteurs locaux clés, académiques (Univ. de Rabat www.fsr.ac.ma/lrit et le CNRST
www.cnrst.ma), opérationnels (CRTS, crts.gov.ma) et décisionnels (Ministeére de la péche,
www.mpm.gov.ma), ainsi qu’en établissant un partenariat avec des acteurs Francais im-
portants dans le domaine, académique (LEGO-CNRS, (www.legos.obs-mip.fr) et opéra-
tionnel (Mercator-Océan, www.mercator-ocean.fr/). Un tel projet était novateur et ambi-
tieux étant donné que I'importance de I'upwelling et de son étude par imagerie satellitaire
n’étaient pas encore solidement encrés localement. La principale difficulté d’ailleurs a été
de convaincre les acteurs locaux opérationnels puis décisionnels de la pertinence et du po-

tentiel du projet. Du point de vue scientifique, pour mener a bien ce projet, j’ai du élargir
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mon champ de compétences en acquérant des connaissances (théoriques et pratiques) qui
sortent du champ de mes recherches habituelles (la parole).

Cette entreprise m’a conduit a obtenir et diriger 2 projets PHC (Partenariat Hubert
Curien) entre la France et le Maroc sur la caractérisation multi-capteurs et le suivi spatio-
temporel par imagerie satellitaire de 'upwelling sur la cote atlantique marocaine. Dans ces
projets nous avons exploré 1'utilisation de 'imagerie satellitaire, physique et biologique,
pour appréhender la dynamique spatiale et temporelle de I'upwelling et comprendre ces
effets sur les ressources halieutiques. Nous avons obtenu des résultats remarquables qui
nous ont permis d’avoir récemment un financement local conséquent du CNRST pour
passer a I’étape finale : I’étude de la corrélation entre les données de péche et la dynamique
de l'upwelling, caractérisée par les outils d’analyse que nous avons développés. Ces 2
projets ont aussi permis le recrutement de 2 doctorants qui ont eu chacun un prix de
these récompensant la qualité de leurs travaux.

Note : Je ne vais pas détailler ces travaux dans la partie scientifique du mémoire de
la these, pour garder une structuration centrée autour du traitement de la parole qui est

ma thématique de recherche principale passée et future.

1.3 Encadrement de doctorants

1.3.1 These de Murat Deviren

Entre 2001 et 2004, j’ai encadré la these de Murat Deviren, avec Jean-Paul Haton
comme directeur officiel. Cette these a porté sur 'introduction et le développement d'une
approche novatrice en reconnaissance automatique de la parole (RAP), les réseaux bayé-
siens dynamiques ou DBN (pour Dynamic Bayesian networks). Ce formalisme permet de
généraliser plusieurs techniques probabilistes utilisées en RAP. Nous avons élaboré sur
quatre composantes fondamentales d'un systeme de RAP : la modélisation acoustique, la
modélisation du langage, la paramétrisation du signal acoustique et la compensation du

bruit. Nous avons proposé des techniques nouvelles dans chacune de ces composante, et
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nous avons apporté des perspectives novatrices. La reformulation des modules de modéli-
sation dans ce formalisme, notamment les HMMSs, nous a ouvert de nouvelles perspectives
inexploitées auparavant. En plus des nouvelles approches pour la modélisation, nous avons
également proposé de nouvelles stratégies pour l'extraction des parametres acoustiques ro-
bustes au bruit. Nous avons aussi abordé le probleme de robustesse au bruit par adaptation
des modeles acoustiques et nous avons proposé une nouvelle méthode de compensation

prédictive supervisée.

1.3.1.1 Impact

Les premiers travaux sur les DBN en RAP ont été (indépendamment) initiés par Jeffry
Bilmes (a I’époque a University of California in Berkeley), Gregory Zweig (a I'époque a
IBM) et moi-méme. Il s’en est suivi une grande vague de recherche sur cette thématique.

La these de M. Deviren a beaucoup contribué a cet essor.

1.3.1.2 Parcours apres la these

M. Deviren a soutenu sa these en octobre 2004. 11 a été recruté des la fin de sa these par
Nuance Communications, un des leader mondiaux en technologies de la communication
parlée. Il y travaille toujours.

URL de la these : www.sudoc.abes.fr/cbs/DB=2.1/SRCH ?IKT=12& TRM=082847274

1.3.2 These de Jérome Louradour

Entre 2004 et 2007, j’ai encadré la these de Jérome Louradour, sous la direction de Ré-
gine André-Obrecht. Cette theése a porté sur la reconnaissance automatique du locuteur
(RAL) par des approches de classification discriminantes. La méthode de classification
qui régnait dans ce domaine était les SVM (Support Vector Machines). Cependant, cette
approche ne permettait pas d’'intégrer directement /naturellement I’aspect dynamique du
signal. La these s’est penchée sur 'exploration et le développement des noyaux de sé-

quences pour la classification SVM du locuteur. Nous avons proposé une nouvelle famille
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de noyaux en se basant sur une généralisation d’un noyau qui a fait ses preuves en RAL, le
noyau GLDS. Nous avons effectué I'analyse théorique et algorithmique de cette nouvelle
famille avant de 'appliquer a la RAL par SVM. Apres la mise en ceuvre des systemes
SVM a base des différents noyaux que nous avons étudiés, nous avons comparé leurs per-
formances dans le cadre de la campagne d’évaluation NIST-SRE 2005. Enfin, nous avons
introduit un nouveau concept pour aborder le probleme de RAL, dont le principe est de
déterminer si deux séquences ont été prononcées par le méme locuteur. L’utilisation des
SVMs pour exploiter ce concept nous a amené a définir une nouvelle catégorie de noyaux :

les noyaux entre paires de séquences.

1.3.2.1 Impact

Les travaux de la these de J. Louradour ont suscité un intérét non négligeable dans
la communauté Machine Learning. J’ai par exemple été invité en 2007 par Sami Bengio
a Google (CA, USA) pour présenter ces travaux. En RAL, I'intérét a été de courte durée

car ils ont vite été dépassés par I'approche qui allait devenir dominante, les i-vectors.

1.3.2.2 Parcours apres la these

J. Louradour a soutenu sa these en janvier 2007. Il a ensuite effectué un séjour post-
doctoral a I’Université de Montréal sous la direction de Yoshua Bengio, un des pionniers
du Deep Learning. Il travaille actuellement a Wolfram Research.

URL de la these : www.afcp-parole.org/doc/theses/theseJLO7.pdf

1.3.3 These de Reda Jourani

Entre 2008 et 2012, j’ai encadré la these en co-tutelle de Reda Jourani, sous la di-
rection de Régine André-Obrecht et Driss Aboutajdine. La plupart des systemes de re-
connaissance étaient basées sur 'apprentissage génératif de modeles de mélange Gaussien
(GMM). L’entrainement génératif du GMM n’optimise cependant pas directement les

performances de classification. Il était donc intéressant de développer des approches dis-
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criminatoires alternatives qui abordent directement le probleme de classification car elles
conduisent généralement a de meilleures performances que les méthodes génératives. Par
exemple, les SVM (super vector machines) associées aux parametres GMM faisaient partie
des approches de pointe en matiere de vérification du locuteur. La these de R. Jourani
a proposé une alternative a ces deux approches en se basant sur une autre approche
discriminante émergente pour la classification multi-classes, les GMM a grande marge
(LM-GMM). Comme les SVM, les parametres des LM-GMM sont estimés en résolvant
un probleme d’optimisation convexe. Cependant, ils different des SVM en utilisant des
ellipsoides pour modéliser les classes directement dans I'espace des données, au lieu d'un
espace de grande dimension comme le font les SVM. Bien que les LM-GMM aient été
utilisé en reconnaissance vocale, ils ne ’étaient pas en reconnaissance du locuteur. Nous
avons ainsi proposé des versions simplifiées, rapides et plus efficaces des LM-GMM qui
exploitent les propriétés et caractéristiques spécifiques aux systemes de reconnaissance
du locuteur. Cette approche a été validée et évaluée sur des taches d’identification et de

vérification du locuteur dans le cadre de la campagne d’évaluation NIST-SRE’2006.

1.3.3.1 Impact

Les travaux de la these de R. Jourani ont été intéressants d’un point de vue théorique
mais n’ont pas conduit a des améliorations significatives par rapport aux SVM, dans le

cadre de la RAL.

1.3.3.2 Parcours apres la these

R. Jourani a soutenu sa these en septembre 2012. Il a ensuite été recruté comme

professeur assistant a I’Université de Tétouan au Maroc.

URL de la these : tel.archives-ouvertes.fr/tel-00807563/document
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1.3.4 These de Vahid Khanagha

Entre 2008 et 2012, j’ai encadré la these de Vahid Khanagha, avec Hussein Yahia
comme directeur officiel. Cette these a porté sur 'application du Formalisme Microcano-
nique Multiéchelles (FMM) a I’analyse de la parole. Dérivé de principes issus en physique
statistique, le FMM peut permettre une analyse géométrique précise de la dynamique non-
linéaire des signaux complexes. Il est fondé sur 'estimation des parametres géométriques
locaux, appelés les exposants de singularité, qui quantifient le degré de prédictibilité a
chaque point du domaine du signal. Si correctement définis est estimés, ils fournissent
des informations précieuses sur la dynamique locale de signaux complexes et ont été uti-
lisés dans plusieurs applications allant de la représentation des signaux a l'inférence ou
la prédiction. Nous avons démontré la pertinence du FMM en analyse de la parole et
développé plusieurs applications qui montrent le potentiel et D'efficacité du FMM dans
ce domaine. Ainsi, nous avons introduit : un nouvel algorithme performant pour la seg-
mentation phonétique indépendante du texte, un nouveau codeur du signal de parole, un
algorithme robuste pour la détection précise des instants de fermeture glottale, un algo-
rithme rapide pour I'analyse par prédiction linéaire parcimonieuse et une solution efficace

pour 'approximation multi-pulse du signal source d’excitation.

1.3.4.1 Impact

Les travaux de cette these ont eu un impact considérable dans la communauté. J’ai été
ainsi invité en 2012 par Jasha Droppo a Microsoft Research (WA, USA) pour présenter ces
travaux. En outre, le papier A novel text-independant phonetic segmentation algorithm
based on the microcanonical multiscale formalism” a été nominé pour le Best Paper Award
a la conférence majeure Interspeech 2010. Le papier "An efficient solution to sparse linear
prediction analysis of speech” a été parmi les top 10 des téléchargements en 2012 de
EURASIP Journal on Audio, Speech, and Music Processing. L’outil de détection des GCI
a été mis a la disposition de la communauté et est largement utilisé, il fait encore partie a ce

jour de I'état de 'art du domaine (geostat.bordeaux.inria.fr/index.php/downloads.html).
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1.3.4.2 Parcours apres la these

V. Khanagha a soutenu sa these en janvier 2013. Il a été ensuite recruté comme ingé-
nieur de recherche a 1’Université du Maryland-College Park. Il est actuellement ingénieur
R&D chez Motorola Solutions.

URL de la these : geostat.bordeaux.inria.fr/images/these-v-khanagha.pdf

1.3.5 These de Biswajit Das

Depuis 2018, j'encadre la these de Biswajit Das, avec Hussein Yahia comme direc-
teur officiel. Cette these est toujours en cours, la soutenance est prévue fin juin 2021.
La thématique générale de cette these est ’analyse de la parole pour I'aide au diagnostic
différentiel entre 2 maladies neurodégénératives, la maladie de Parkinson (MP) et 'atro-
phie multisystématisée (AMS). Dans les premiers stades de la maladie, les symptomes
de MP et AMS sont en effet tres similaires, surtout pour la variante AMS-P ou le syn-
drome parkinsonien prédomine. Le diagnostic différentiel entre AMP-P et MP peut étre
tres difficile dans les stades précoces de la maladie, tandis que la certitude de diagnostic
précoce est important pour le patient en raison du pronostic divergent. Malgré des efforts
récents, aucun marqueur objectif valide n’est actuellement disponible pour guider le clini-
cien dans ce diagnostic différentiel. La nécessité de ces marqueurs est donc tres élevé dans
la communauté de la neurologie, en particulier compte tenu de la gravité du pronostic de
AMS-P.

Durant la premiere partie de cette, nous ne disposions pas d’assez de données pour
nous attaquer directement a cette tache. La collecte des données aux CHU de Bordeaux et
Toulouse a pris en effet du retard pour différentes raisons. Nous avons ainsi commencé par
explorer une tache similaire, le diagnostic différentiel AMS et la paralysie supranucléaire
progressive (PSP), en utilisant des données fournies par des collaborateurs de 1'université
technique de Prague. La PSP est une autre maladie neurodégénérative dont les symptomes
peuvent aussi étre similaires & AMS et a MP aux stades précoces.

Durant la deuxieme partie de cette, une fois nous avons pu collecté assez de données,
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nous nous sommes concentrés sur 1’étude de la réalisation acoustique des consonnes dans
des pseudo-mots isolés. Cette direction a été motivé par nos investigations dans la pre-
miere partie. Les résultats obtenus sont tres prometteurs. Nous projetons actuellement de
capitaliser sur ces résultats pour étudier a réalisation acoustique des consonnes dans un

texte lu.

1.3.6 These de Ayoub Tamim

Entre 2012 et 2015, j’ai encadré la these en co-tutelle de Ayoub Tamim, sous la di-
rection de Hussein Yahia et Driss Aboutajdine. La these a porté sur ’étude des systemes
d’upwelling qui est d'un grand intérét pour nombre d’applications géophysiques et océa-
nographiques a sub-mésoéchelle. Les images satellites acquises en temps réel permettent
d’avoir une surveillance continue de ’espace maritime, notamment dans le domaine ther-
mique et visible délivrant des informations respectivement sur la distribution des tempé-
ratures a la surface de la mer et sur la couleur de I'eau. Nous nous sommes intéressés a
la caractérisation et I’étude du phénomene d’upwelling, a partir des images de tempéra-
ture de surface de la mer, qui est a l'origine de la formation de nombreuses structures
océaniques, telles que les fronts thermiques, les filaments, les méandres, et les tourbillons.
Le but est d’améliorer les interprétations visuelles des images par des océanographes qui
restent souvent subjectives. La démarche proposée consiste a relier les problemes de dé-
tection des structures thermiques a sub-mésoéchelle dans les eaux cotieres d’upwelling
a des concepts théoriques de traitement d’images et de vision par ordinateur. Il s’agit
notamment d’utiliser des méthodes de segmentation. Par ailleurs, des méthodes de trai-
tement d’images, basées sur des concepts de physique statistique et de thermodynamique
ont été utilisées pour la mise en évidence de la turbulence océanographique caractérisant
le régime chaotique des phénomeénes complexes marins. Ainsi, les points de singularités
détectés dans les images infrarouges, en utilisant le formalisme multi-échelle microcano-
nique, contiennent des informations clés a la compréhension de ces notions de turbulence

et d’intermittence océanique. Ensuite, un algorithme de calcul d’indices d’upwelling, (re-
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prenant et améliorant une premiere version développée préalablement par le CRTS et
I'INRH), a été développé afin d’extraire et de suivre I’évolution de I'intensité et de 'ex-
tension d’upwelling sur la cote marocaine. Cet algorithme permet de suivre a la fois en
temps réel et d’analyser les séries temporelles des variations de ce phénomene. Enfin, une
étude statistique a permis de faire un suivi de la variabilité saisonniere de l'intensité de
I'upwelling sur la cote atlantique marocaine tout en mettant en évidence les caractéris-
tiques spatio-temporelles de ce phénomene via des indices établis a cet effet. Cette analyse

a permis de mettre en évidence les zones de forte activité d'upwelling.

1.3.6.1 Impact

La qualité des travaux de la these de A. Tamim a été reconnue par la communauté. Il a
regu la Médaille d’or du prix de thése PHC 2017 (www.inria.fr/fr /ayoub-tamimmedaille-
dor-du-prix-de-these-2017-hubert-curie).

1.3.6.2 Parcours apres la these

A. Tamim a soutenu sa these en septembre 2015. Il a été ensuite recruté par l'institut
de péche maritime au Maroc.

URL de la these : hal.inria.fr/tel-01242495

1.3.7 These de Anass El Aouni

Entre 2016 et 2019, j’ai encadré la these en co-tutelle de Anass El Aouni, sous la direc-
tion de Hussein Yahia et Khalid Minaoui. La these a porté sur I’étude des processus phy-
siques du systeme d’upwelling qui sont essentiels pour comprendre sa variabilité actuelle
et ses changements passés et futurs. Cette these a présenté une étude interdisciplinaire du
systeme d’upwelling cotier a partir de différentes données acquises par satellite, I’accent
étant mis principalement sur le systeme d’upwelling d’Afrique du Nord-Ouest (NWA).
Cette étude interdisciplinaire aborde (1) le probleme de 'identification et de I'extraction

automatiques du phénomene d’upwelling a partir d’observations satellitaires biologiques
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et physiques. (2) Une étude statistique de la variation spatio-temporelle de 'upwelling de
la NWA tout au long de son extension et de ses différents indices d’'upwelling. (3) Une
étude des relations non linéaires entre le mélange de surface et 'activité biologique dans
les régions d'upwelling. (4) études lagrangiennes de tourbillons cohérents; leurs proprié-
tés physiques et identification automatique. (5) L’étude des transports effectués par les

tourbillons lagrangiens de la NWA Upwelling et leur impact sur I'océan.

1.3.7.1 Impact

— La qualité des travaux de la these de A. El Aouni a été reconnue par la communauté.
Il a recu prix de these prestigieux Prix de thése Systéemes complexes CNRS ISC-
PIF 2020 (iscpif.fr/recherche/prixde-these/)

— Le logiciel Upwelling-Seg-Index, développé par Anass El Aouni sous ma supervi-
sion, a été transféré en 2018 au CRTS (crts.gov.ma) puis mis a disposition de la
communauté (github.com/aelaouni/Upwelling-segmentation-and-index). Ce logiciel
permet l'identification des zones d’upwelling sur la cote nord-ouest africaine et cal-
cule un indice d’intensité de l'upwelling. Il permet aussi de calculer sa variation

spatio-temporelle pour une période donnée.

— Des expérimentations basées sur ce travail ont été menées a Mercator-Océan
(www.mercator-ocean.fr/) pour valider le résultat des données du modele océanique

opérationnel et des produits de ré-analyse.

1.3.7.2 Parcours apres la these

A. El Aouni a soutenu sa these en septembre 2019. 11 effectue actuellement un séjour

postdoctoral a Inria Grenoble Rhone-Alpes.

URL de la these : tel.archives-ouvertes.fr/tel-02506913 /document
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1.4 Autres encadrements

1.4.1 Encadrement de postdoc

— Juin 2005 — Nov 2006 : Eduardo Sanchez-Soto
Subject : Multimodal speech recognition
Co-encadré avec Alex Potamianos

Financé par le réseau d’excellence européen MUSCLE

1.4.2 Encadrement de stages

— March — Aug 2017 : Gongfeng LI, Télécom Paris-Tech
Master2 Internship funded by INRIA
Subject : Discrimination between atypical Parkinsonian syndromes using speech

analysis

— Mai — July 2017 : Quentin Robin, INP-Grenoble
Masterl Internship funded by INRIA

Subject : Automatic detection of GCI on pathological voices

— June - July 2014 : Jiri Mekyska, Technical University of Brno, Czech republic
Ph.D Internship funded by Institut Joseph Fourier

Subject : Analysis of Parkinsonian speech

— Juin — Aug 2013 : Blaise Bertrac, University Bordeaux 1
Masterl Internship funded by INRIA

Subject : Matching pursuit for speech coding and classification

— March — Aug 2013 : Safa Mrad, National engineering school of Tunis (ENIT)
Master2 Internship funded by INRIA

Subject : Nonlinear speech analysis of pathological speech

— Oct 2012 — Apr 2013 : Nicolas Vinuesa, National University of Rosario, Argentina
Master2 Internship funded by INRIA

27



CHAPITRE 1. RESUME ETENDU DE MES ACTIVITES DE RECHERCHE

Subject : Biologically realistic coding efficiency in the auditory cortex versus wavelet

analysis

— Apr — Sept 2011 : Joshua Winebarger, Georgia Tech, USA and Supelec Paris
Master2 Internship funded by INRIA

Subject : Speech segmentation

— May — Sept 2010 : Joshua Winebarger, Georgia Tech, USA
Masterl Internship funded by INRIA

Subject : Speaker segmentation methods for phonetic segmentation

— Apr — June 2007 : Andrey Temko, Technical University of Catalonia (UPC), Spain
Ph.D Internship funded by UPC

Subject : SVM acoustic events detection with temporal overlaps

— March — Aug 2003 : Sanaa Ghouzali, University of Rabat, Morocco
Master2 Internship funded by INRIA
Subject : Speech modeling using HMMs on wavelet-trees

1.5 Management

1.5.1 Création de I’équipe de recherche Inria GEOSTAT

En 2009, j’ai crée avec Hussein Yahia I’équipe-projet Inria GEOSTAT au centre de re-
cherche Inria Bordeaux Sud-Ouest (geostat.bordeaux.inria.fr/). GEOSTAT est une équipe
de recherche multidiscplinaire sur l'analyse et caractérisation de certaines classes de si-
gnaux naturels complexes (séries chronologiques physiologiques, données d’observation de
la terre et de l'univers) en étudiant, dans les signaux acquis, les propriétés prédites par

les modeles physiques décrivant le mieux les systemes sous-jacents.
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1.5.2 Projets de recherche

Je liste dans ce qui suit, par orde chronologique, les projets de recherche que j’ai dirigés

ou que je dirige, seul ou en tandem.

— En mars 2020 (des le début de la crise Covid-19), j’ai proposé de développer un outil
pour aider au suivi a domicile de patients atteints du Covid. Cette proposition a sus-
cité 'intéréet d’Inria, du MESRI et du corps médical. Je dirige depuis, avec Thomas
Similowski responsable du service de pneumologie et de réanimation de la Pitié-
Salpétriere et de 'UMR-S 1158, le projet VocaPnée (dream.inria.fr/vocapnee/).
L’objectif ambitieux de ce projet d’envergure est le développement d’un biomar-
queur vocal de la fonction respiratoire et de son évolution au cours du télé-suivi a
domicile apres une affection respiratoire (Covid ou autre).

Partenaires : service de pneumologie et de réanimation de la Pitié-Salpétriere ; UMR-
S 1158.
Participants Inria : Direction scientifique, équipe TAU et potentiellement d’autres
équipes.

Partenaire européen : Equipe SAMI de l'université technique de Prague.

— Depuis mars 2017 : Coordinateur du projet ANR VoicedPD-MSA (voicedpd-
msa.inria.fr/)
Thématique : Diagnostic différentiel précoce entre la maladie de Parkinson et 1’atro-
phie multisystématisée par analyse de la parole.
Partenaires : Services de neurologue et d’ORL des CHU Bordeaux et Toulouse;

Equipe Samova de I'IRIT, Institut de mathématiques de Toulouse.

— 2016-2018 : Coordinateur d'un projet PHC-Toubkal
Thématique : Caractérisation multi-capteurs et suivi spatio-temporel de 'upwelling
sur la cote atlantique marocaine par imagerie satellitaire
Partenaire Francais : Mercator-Océan (www.mercator-ocean.fr/)
Partenaires Marocains : LRIT, université de Rabat (www.fsr.ac.ma/lrit); Centre

Royal de Télédétection Spatiale (CRTS, crts.gov.ma) ; Ministere de I’Agriculture et
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de la Péche Maritime (www.mpm.gov.ma)

— 2015-2016 : Coordinateur d’un projet Carnot-Inria
Thématique : Reconnaissance automatique des émotions dans la parole
Partenaire : Start-up Batvoice (www.batvoice.com)

— 2011-2013 : Coordinateur d’un projet PHC-Volubilis (version antérieure de Toubkal)
Thématique : Etude par imagerie satellitaire de I’Upwelling sur la cote atlantique
marocaine

Partenaires Frangais : LEGO-CNRS (www.legos.obs-mip.fr)
Partenaires Marocains : LRIT ; CRTS.

— 2009 : Coordinateur d'un projet RTRA-STAE (www.fondation-stae.net)
Thématique : Geometrical and multiscale approaches for predictability and analysis
of complex data in astrophysics and geophysics

— 2004-2008 : Membre du comité de pilotage du réseau d’excellence européen MUSCLE
(muscle.ercim.eu) et responsable de 'axe « traitement de la parole ».

Thématique : Multimedia Understanding through Semantics, Computation and
Learning

— 2003 — 2004 : Co-coordinateur (avec Laurent Younes, ENS Cachan) d’'un projet

national MathStic

Thématique : Modeles probabilistes graphiques pour la reconnaissance la parole

1.6 Transferts technologiques

Dans ce qui suit, de donne une breve description de 3 actions de transfert auxquelles

j’ai participé. J’ai été membre du COPIL de la premiere et j’ai dirigé les deux dernieres.

1.6.1 Débruitage d’images de grands scanners

Entre 2018 et 2020, j’ai été membre du comité de pilotage de Inria Innovation Lab 12S-

GeoStat (www.inria.fr/fr/i2s-geostat-un-innovation-lab-en-imagerie-numerique). Ce der-
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nier a permis le transfert a la société 12S (www.i2s.fr) une technologie de débruitage
haute qualité d’images de grands scanners. Cette technologie, a la pointe au niveau mon-
dial, est basée sur les résultats des travaux exceptionnels de la these de Hicham Badri
(hal.inria.fr/tel-01239958) dont j’ai permis le recrutement & GEOSTAT grace a ma colla-
boration avec le Maroc. Elle a permis a I2S de gagner des parts de marché internationaux
hautement compétitifs. La these de H. Badri a regu le prix de these prestigieux AFRIF
2016 (www.afrif.asso.fr/).

1.6.2 Caractérisation de 'upwelling

Le logiciel Upwelling-Seg-Index, développé par Anass El Aouni sous ma supervision,
a été transféré gracieusement en 2018 au CRTS (crts.gov.ma) puis mis a disposition de la
communauté (github.com/aelaouni/Upwelling-segmentation-and-index). Ce logiciel per-
met l'identification des zones d’upwelling sur la cote nord-ouest africaine et calcule un
indice d’intensité de 'upwelling. Il permet aussi de calculer sa variation spatio-temporelle

pour une période donnée.

1.6.3 Reconnaissance automatique des émotions dans la parole

Le logiciel prototype Classif’Emo, développé par Nicolas Brodu sous ma supervision,
a ¢té transféré a la start-up Batvoice (www.batvoice.com) en 2016. Ce logiciel est un
démonstrateur de la reconnaissance de certaines émotions a partir d’enregistrements de
parole spontanée. Ce transfert a eu un impact important en terme de visibilité de GeoStat.
J’ai en effet effectué une demo du logiciel lors de I’évenement « Tremplin Entreprises 2016 »

qui a eu lieu au Sénat en juin 2016 et auquel Batvoice a été lauréat.

1.7 Prix et distinctions

\

“Best paper award” a IEEE International Conference on Industrial and Engineering

Application of Artificial Intelligence and Expert Systems (IEA/AIE), Cairns, Australia,
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June 17-20th, 2002, pour mon papier "Automatic Speech Recognition : the New Millen-
nium”.

Grace a ce travail j’ai requ la Médaille INRIA-LORIA 2002.

1.8 Responsabilités collectives

Je suis reviewer régulier de la revue IEEE/ACM Transactions on Audio, Speech and
Language Processing et des 2 conférences majeures en parole, ICASSP et Interspeech.
De fagon occasionnelle, je fais des reviews dans d’autres revues et conférences. J'ai aussi
expertisé quelques projets ANR et internationaux.

J’ai été membre du comité d’organisation de IEEE-ISIVC’2018 et des JEP2002 (Jour-
nées d’Etudes sur la Paroles) ainsi que membre du comité de programme de plusieurs

conférences.

1.9 Enseignement

— 2019 : Université de Lorraine ; Masterl MIAGE-ACSI.

20h de cours : Data mining

— 2014 a 2016 : Université de Lorraine ; Master2 MIAGE.

20h de cours chaque année : Mathématiques financieres

— 2012 & 2014 : Université de Rabat, Master2 InfoTelecom

20h de cours chaque année : Traitement automatique de la parole

— 2001-2002 : Université Nancy 1, DEA Informatique

20h de cours : Apprentissage et inférence des réseaux Bayésiens

1.10 Organisation du mémoire

Le reste du document sera consacré a la description scientifique de mes principales

recherches en traitement de la parole, les autres thématiques ne seront pas décrites. Il
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est organisé de la maniere suivante. Le prochain chapitre présente I'une de mes princi-
pales contributions en reconnaissance de la parole. Il est basé sur 'article [P2] de ma
bibliographie personnelle. Le chapitre 3 présente 1'une de mes principales contributions
en reconnaissance du locuteur. Il est basé sur 'article [P4]. Les chapitres suivants se-
ront plus élaborés car leur contenu fait toujours partie de I'état de 'art et est toujours
d’actualité pour mes recherches actuelles et futures. Le chapitre 4 présente mes princi-
pales contributions en analyse non-linéaire de la parole. Il s’appuie sur les articles [P7]
et [P10]. Le chapitre 5 présente mes recherches et contributions en analyse de la dysar-
thrie. Il s’appuie sur mes articles ICASSP-2018, 2019 et 2021 (soumis). Les chapitres 2 a
5 sont rédigés en anglais. Enfin, je termine par une description des perspectives pour mes

recherches futures.
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Dynamic Bayesian networks for speech

recognition
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2.1. INTRODUCTION

2.1 Introduction

Automatic speech recognition (ASR) systems have been based on probabilistic mode-
ling of the speech signal using Hidden Markov Models (HMMs). These models lead to the
best recognition performances in ideal "lab” conditions or for easy tasks. However, in real
word conditions of speech processing (noisy environment, spontaneous speech, non-native
speakers...), the performance of HMM-based ASR systems can decrease drastically and
their use becomes limited. One of the major reasons for this discrepancy is the fact that
classical HMM’s parameterization and modeling fail to capture some acoustic phenomena
which are specific to speech. For instance, while speech temporal dynamics are well cap-
tured by HMMs, the frequency dynamics (which are phonetically very informative) are
weakly modeled in classical HMM-based systems.

A speech modeling approach, known as multi-band speech recognition, has been propo-
sed [1, 2, 3]. This approach takes its origin in an extensive study done by Harvey Fletcher
[4] on how humans process and recognize speech. Basically speaking, this study (revie-
wed by Jont B. Allen in [5]) suggests that the human auditory system processes speech
locally in the time-frequency domain before recognition. The general approach to multi-
band speech recognition is to divide the time-frequency domain into several sub-bands,
then each sub-band is independently modeled by a HMM. The recognition scores in the
sub-bands are then fused with some recombination module. This approach has also been
motivated by the desire to improve robustness to additive noise, particularly band-limited
noise. Indeed, in classical systems the full frequency band is globally processed in order
to extract speech features, thus the resulting acoustic vectors are all corrupted even if
the noise covers only a small frequency sub-band. Using the multi-band local frequency
processing, only the information extracted from the noisy sub-band will be corrupted, the

remaining non-corrupted information can be then exploited for recognition.

Definitely the multi-band principle (i.e. local processing in the time-frequency domain)
is very attractive because it attempts to mimic the behavior of the human auditory system

and it can lead to noise-robust systems. However, the classical approach (described above)
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to exploit this principle is far from being optimal. For instance, the sub-bands are assu-
med mutually independent which is an unrealistic hypothesis. Moreover, the information
contained in one sub-band is not discriminative in general. In addition, the recombination
step can be a very difficult task, particularly in continuous speech recognition.

The scope of this work was to propose a new approach to multi-band speech recognition
which has the advantage to overcome all the limitations (mentioned above) of the classical
multi-band (CMB) approach. In the latter, the fundamental weakness is the fact that sub-
bands modeling is independent, the basic idea behind our approach is to render dependent
such modeling. A way to do so is to create "communications” or "interactions” between
the different HMMs that model the different sub-bands. For this propose, we used the
formalism of Bayesian networks (BNs) which was an appropriate framework for our goal
for two reasons. First, through meaningful graphical representations, Bayesian networks
has the advantage to provide a natural tool to represent interactions and dependencies
between variables of a given system. Second, by exploiting conditional independence bet-
ween system variables, they introduce some "modularity” in large-scale problems in order
to split them up into small and tractable problems. Consequently, Bayesian networks not
only provide an attractive tool for modeling complex systems, but also lead to efficient
general-purpose algorithms.

After Judea Pearl’s pioneering work [6], Bayesian networks have emerged as a powerful
formalism unifying many concepts of probabilistic modeling widely used in statistics, arti-
ficial intelligence, signal processing and other fields. For example, HMMs, mixture models,
and Kalman filters are all particular instances of the more general BNs formalism. BNs
have then become a very popular framework for reasoning under uncertainty and have
been widely used in expert systems design and decision making systems. However, the
use of BNs in automatic speech recognition has started to gain attention very recently
back then [7, 8, 9, 10, 11, 12, 13, 14, 15, 16]. This chapter presents a multi-band system
which relies on a "uniform” time-frequency speech model. Namely, instead of considering
an independent HMM for each sub-band (as in the CMB approach), we built a more com-

plex but unique dynamic Bayesian network on the time-frequency domain by “coupling”
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all the HMMs associated with the different sub-bands. We developed the learning and
decoding algorithms corresponding to this new speech model and carried out illustrative
experiments to show the potential of this multi-band approach. The chapter is organized
as follows. In the next section, a brief introduction to Bayesian networks is given. In order
to make the chapter self-contained, section 2.3 presents the inference algorithms that we
used in learning and decoding. Section 2.4 presents the classical approach to multi-band
ASR. Section 2.5 presents the principle and the algorithmic details of our approach to
multi-band ASR. Section 2.6 and 2.7 show the application of our approach in isolated and
continuous speech recognition and presents illustrative experiments on an isolated and

connected digit recognition task.

2.2 Bayesian networks

During the last decades, Bayesian networks (and probabilistic graphical models in
general) have become very popular in artificial intelligence (and other fields) due to many
breakthroughs in several aspects of inference and learning. The literature is now extremely
rich in papers and books dealing with the theory and applications of BNs, among which
we refer to [17, 18] for a very good introduction. The formalism of probabilistic graphical
models (PGMs) is well summarized in the following quotation by M. Jordan [19] :

"Graphical models are a marriage between probability theory and graph theory. They
provide a natural tool for dealing with two problems that occur throughout applied mathe-
matics and engineering - uncertainty and complexity - and in particular they are playing
an increasingly important role in the design of machine learning algorithms. Fundamental
to the idea of a graphical model is the notion of modularity - a complex system is built by
combining simpler parts. Probability theory prouvides the glue whereby the parts are com-
bined, ensuring that the system as whole is consistent, and providing ways to interface
models to data. The graph theoretic side of graphical models provides both an intuitively
appealing interface by which humans can model highly-interacting sets of variables as well

as a data structure that lends itself naturally to the design of efficient general-purpose
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algorithms.”

More precisely, given a system of random variables (r.v.), a PGM consists in associating
a graphical structure to the joint probability distribution of this system. The nodes of this
graph represent the r.v., while the edges encode the (in)dependencies which exist between
these variables. One distinguishes three types of graphs : directed, undirected and those
for which the edges are a mixture of both. In first case, one talks about Bayesian networks,
in the second case, one talks about Markov random fields, and in the third case one talks

about chain networks. PGMs have two major advantages :

— They provide a natural and intuitive tool to illustrate the dependencies which exist
between variables. In particular, the graphical structure of a PGM clarifies the condi-

tional independencies embedded in the associated joint probability distribution.

— By exploiting these conditional independencies, they provide a powerful setting to
specify efficient inference algorithms. Moreover, these algorithms may be specified

automatically once the initial structure of the graph is determined.

So far, the conditional independencies semantics (or Markov properties) embedded in
a PGM are well-understood for Bayesian networks and Markov random fields. For chain
networks, these are still not well-understood. In our current research, given the causal
and dynamic aspects of speech, Bayesian networks (BNs) are of particular interest to
us. Indeed, thanks to their structure and Markov properties, BNs are well-adapted to
interpret causality between variables and to model temporal data and dynamic systems.
In addition, not only HMMs are a particular instance of (dynamic) BNs; but also the
Viterbi and Forward-Backward algorithms (which made the success of HMMSs in speech)
are particular instances of generic inference algorithms associated to BNs [20]. This shows
that BNs provide a more general and flexible framework than the HMMs paradigm which
has ruled ASR for the last three decades.

Formally, a (static) Bayesian network has two components : a directed acyclic graph S
and a numerical parameterization ©. Given a set of random variables X = {X;,..., Xy}

and P(X) its joint probability distribution (JPD), the graph S encodes the conditional
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independencies which (are supposed to) exist in the JPD. The parameterization © is given
in term of conditional probabilities of variables given their parents. Once S and © are

specified, the JPD can be expressed in a factored way as'

P(z) = Hp(xilpa(wi)) (2.1)

where pa(z;) denotes an outcome of the parents of X;. The conditional independence
semantics (or Markov properties) of a BN imply that, conditioned on its parents, a variable

is independent of all the other variables except its descendants.

Dynamic Bayesian networks (DBNs) extend the BN representation to dynamic pro-
cesses. This representation encodes the beliefs about possible trajectories of the process.
Consider a time evolving set X[t] = {Xi[t],..., Xn][t]} of variables. A DBN encodes the
joint probability distribution of these variables in a finite time interval [0, 7]. In general,
this JPD can be encoded in a huge static BN with 7" x N variables with (possibly) different
structure and parameters for each time slice. If the underlying process is stationary, then
the independence assertions and the associated conditional probabilities are identical for
each time slice ¢. In this case, the repeating structure and parameters can be encoded with
a static BN in a single time slice. From this point of view, it is obvious that a HMM is a
particular DBN as shown in Figure 2.1. Contrarily to the usual state transition diagram,
in the DBN representation each node H; (resp. O;) is a random variable whose outcome
indicates the state occupied (resp. the observation vector) at time ¢. Time is thus made
explicit and arrows linking the H; must be understood as “causal influences” (not as state

transitions). It is this representation of HMMs that we shall use in the rest of the paper.

The next section presents the algorithms we used to infer our acoustic models. This
section is introduced to make the paper self-contained. Thus, it can be skipped by readers
who are not interested in the algorithmic details. On the other hand, those who are
interested in these aspects may find the description too short. We advise them the very

nice tutorials on Bayesian networks [21, 20] and also the very interesting thesis [22].

1. In the whole paper, upper-case (resp. lower-case) letters are used for random variables (resp. out-
comes).
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FIGURE 2.1 — a HMM represented as a dynamic Bayesian network

2.3 Inference algorithms for Bayesian networks

Once a Bayesian network is specified, i.e., its graph and numerical parameterization are
given, the most common problem is inference. Namely, one is interested in the calculation
of marginal or conditional probabilities of subsets of variables, such as the likelihood of
observed evidence or the probability of some variables given evidence, or one is interested
in identifying the most likely outcome of unobserved (hidden) variables given observed
evidence. In the last decade, major progress has been accomplished in the theory of BNs. In
particular, fast and exact inference algorithms has been developed when all the variables
are discrete, all Gaussian or mixed discrete-Gaussian [17]. In this section, we present
the JLO algorithm [23] as well as the David algorithm [24] which are the most popular
algorithms for exact inference of discrete BNs. We recall here that the JLO and Dawid
algorithms correspond respectively to the Forward-Backward and Viterbi algorithms when
applied to the particular case of HMMs [20].

The JLO and Dawid algorithms proceeds in two steps. The first one consists in using
graph-theoretic tools to transform the initial graphical structure of the BN into a specific
graphical entity called the junction tree. In the second step, the junction tree is used as a

channel to transmit and propagate the effect of observations (or evidence).

2.3.1 Construction of the junction tree

The first operation in the construction of the junction tree for BNs is the moralization.
It consists in adding an extra undirected edge between any two nodes with a common

child and subsequently removing directions. The undirected graph obtained this way is
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called the moral graph. The second operation consists in adding sufficient edges to the
moral graph to make it triangulated. An undirected graph is triangulated (or chordal) if
all cycles containing four or more nodes have a chord, i.e., an undirected edge between
two non-consecutive nodes in the cycle. There are several ways to add a chord in a cycle
with length greater than four. Hence, the triangulation process is not unique. In general,
it is desired to obtain a triangulation with a minimum number of additional edges. Unfor-
tunately, the problem of automatically obtaining a minimal triangulation is NP-complete
[25]. However, there exists some heuristic algorithms which work well in practice. For
instance, the Maximum Cardinality Search Fill-Tn algorithm [26] can be used to obtain a
triangulation of a given undirected graph. This algorithm can be implemented in linear
time O(N +1), where N is the number of nodes and [ is the number of links in the graph.
In the final operation, one identifies the set € of cliques? in the triangulated graph and
forms a tree with these cliques in such way that resulting tree, the junction tree, satisfies
the running intersection property. This property states that each variable which appears
in two different cliques has to appear in all the cliques on the path between these two
cliques. Figure 2.2 shows an example illustrating these different steps in the junction tree
construction.

Attached with each edge linking two cliques C and C5 in the junction tree is a separator
= C1 N Cy. We denote the set of separators by 8. The main advantage of the junction
tree representation is the fact that, as shown in [6], the joint probability distribution P(X)

can be factored as the product of clique marginals over separator marginals :

1L 7o
P(z) = W (2.2)

Se8
where P(x¢) and P(xg) are the marginal distributions over the variables in C' and S

respectively. Thus, probability calculations on X can be carried out locally and efficiently
if the cliques are relatively small. The next subsection presents the message passing scheme

of the JLO and Dawid algorithms leading to such local factorization of the JPD, in the

2. A clique is a subset of nodes which are fully connected and maximal, i.e, if a node is added to the
subset, the latter does not remain fully connected.
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light of observed evidence.

2.3.2 Propagation of evidence in the junction tree

Given the junction tree, the JPD P(X) can be factored as

Cl;[e pc(rc)
Pa) = Fs (2.3)

Ses
where ¢¢(z¢) (resp. ¢s(xs)) is a non-negative potential function on the clique € (resp.

the separator §). The collection of potentials & = {{¢¢,C € C},{¢s,S € 8}} is termed
a representation of P(X). A factorizable distribution P(X) may have many different
representations, i.e., many collections of potentials which satisfy (2.3). For BNs, an initial
representation is obtained from (2.1) in the following way. First, assign each X; to just
one clique. Second, for each clique C', define the potential ¢ to be either the product of
P(X;|pa(X;)) over all X; assigned to C, or 1 if no variable is assigned to C. Then, if ¢g

is set to be 1 for each separator S, one obtains a representation of P(X).

To propagate the effect of an observed evidence e, the JLO algorithm operates by
transforming one representation to another, starting from the initial one modified by the
incorporation of the evidence. The algorithm finishes with the marginal representation in
which, for each clique C' (resp. separator S), the potential ¢¢ (resp. ¢g) is equal to the
marginal (joint) probability distribution for the variables in C' (resp. S) and the evidence.
The incorporation of evidence in the initial representation is done simply by setting ¢c(z¢)
to 0 for any clique C' containing an observed variable and for any configuration x. involving
a different state of the one observed. After this incorporation, the algorithm proceeds by
passing a sequence of flows along the edges of the junction tree. Each flow from clique C}
to Cy updates the potentials of Cy and the separator S = C;NC5 in the following manner.

Suppose that, prior to this flow, we have a representation ®. Then, the activation of the
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D ® @

FIGURE 2.2 — Illustration of the junction tree construction algorithm. (a) A directed acyclic
graph. (b) Corresponding moral graph. (c) A triangulation of the moral graph.
(d) A junction tree associated with the triangulated graph.
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flow yields a new representation ®* where the new potentials of C' and S are?

0= > o+ bt = Lo, (2.4)

C1\S ¢
and all the other potentials being unchanged. A schedule of such flows consists in updating

all the cliques using the available information. This is done by choosing a clique C,. to be
the root clique and, then, operating a recursive two-phase propagation scheme : collecting
evidence and distributing evidence. In the collection phase, flows are activated along all
the edges of the junction tree toward C,.. In the distribution phase, flows are activated out
from C, in the reverse direction. Once a schedule is complete, one obtains a new (final)
representation ®/ in which the potentials gzﬁé and gbg of each clique C' and separator S
equal P(zh, e) and P(z%,e) respectively, where xf, (resp. z%) is a configuration of the

hidden variables in C' (resp. S) :

I1 P(xt,e)
Plr) =<5 (2.5)

- ]I Plal,e)
Ses

Therefore, by marginalizing over the unobserved variables in any clique or separator, on
gets the likelihood of observations P(e). Also, by normalizing the potential at a clique C'
to sum 1, one get the posterior conditional probability P(x%|e) of the hidden variables in
C given the evidence e. At this point, it is easy to note that the complexity of the JLO
algorithm scales as the sum of the clique state-spaces *.

The Dawid algorithm [24] is a slightly modified version of the JLO algorithm and
allows the identification, with the same time complexity, of the most likely sequence of
hidden states given observations [24]. There are only two modifications to operate (w.r.t.
the JLO algorithm) and both are in the propagation scheme phase. The first one is to
replace the sum-marginalization by a max-marginalization in the definition of a flow, i.e.,
to replace the summation by a maximization in (2.4). The second modification is in the

distribution phase : once the potential of a clique is computed, one finds a configuration

of its variables that maximizes the potential, this configuration is then considered as a

3. The summation ZCI\ < is over the state-space of variables that are in 'y but not in S.
4. A clique state-space is the product over each variable in the clique of the number of states of each
variable
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new evidence when flows are activated. The running intersection property guarantees that
when a variable outcome is fixed in one clique, that variable has the same outcome in all

other cliques.

2.4 Multi-band speech recognition : the classical approach

The multi-band principle was originally motivated by an extensive research on the
way humans process and recognize speech. This research, conducted by Harvey Fletcher
[4] during the first half of the 20th century, suggests that the human auditory system
recognizes speech using partial information across frequency, probably in the form of
speech features that are localized in the frequency domain. However, Fletcher’s work has
been little known until 1994 when Jont B. Allen published a paper [5] in which he reviewed
the work of Fletcher and also proposed to adapt a multi-band paradigm to automatic
speech recognition. Many researchers have then studied this principle to build multi-band
ASR systems [1, 2, 3, 27, 28].

When applied to automatic speech recognition, the multi-band principle can be viewed
as a new architecture for ASR systems. In general, this architecture consists in dividing the
frequency domain of the speech signal into several frequency sub-bands, then independent
processing is applied in each sub-band. The application of such a principle generally leads

to a multi-band ASR system which has the architecture represented in Figure 2.3.

'1. sub-band recognizer|
/
- g __ | sub-band recognizer| Recombination

- . module — Answer
JE— m? - — | sub-band recognizer|

—_—
— .
p N sub-band recognizer

Spectrogram Filter bank

o

Speech signal

FI1GURE 2.3 — Classical multi-band architecture

In such a system, the speech signal is first passed to a filter-bank which splits it
into several frequency bands. The signal in each band is then encoded into a stream

of acoustic vectors, which are passed to a modeling or recognition stage. This stage is
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usually composed of Hidden Markov Models (HMM). During recognition, the HMMs
scores are given to a recombination module, whose role is to deliver a unique answer to
the recognition task. The inputs of the recombination module may either be the likelihoods
that each HMM has generated the speech segment, or the label of the winning model in
each band, or an ordered list of the concurrent HMMs.

Besides the motivation to mimic the human auditory system, this multi-band archi-
tecture has been also motivated by the following aspects. First, speech is characterized
by asynchrony between frequency sub-bands, in the sense that stationary segments tran-
sition may occur at different times in the time-frequency domain. Thus, asynchrony may
be taken into account by local frequency processing, this in turn could lead to higher
fidelity speech modeling than traditional HMM modeling. Indeed, in the latter, speech
segments are implicitly assumed to contain phoneme-synchronous information given that
features extraction uses the whole frequency band. Second, the information contained
in some sub-bands may be more relevant than in the other sub-bands. Thus, an "ap-
propriate” weighting of each sub-band could improve recognition accuracy. Finally, this
multi-band architecture could improve the recognition robustness to band-limited noise
w.r.t. standard HMM-based systems. Indeed, even when the noise covers only one fre-
quency sub-band, the latter would yield bad performances since the acoustic features
(MFCC coefficients in general) are calculated on the whole spectrum and are then all
corrupted. Using this architecture, only the acoustic features corresponding to the noisy
sub-band would be corrupted. One can then exploit the non-corrupted information in the
other sub-bands for recognition.

While the ideas leading to multi-band speech recognition are attractive, the classical
architecture described above has many drawbacks however. For instance, the sub-bands
are assumed mutually independent which is an unrealistic hypothesis. Moreover, the in-
formation contained in one sub-band is not discriminative in general. In addition, it is
not easy to deal with asynchrony, particularly in continuous speech recognition. As a
consequence, the recombination step can be a very difficult task.

The next section presents our approach to multi-band speech recognition which has the
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advantage to overcome all the limitations (mentioned above) of the classical multi-band

systems.

2.5 Multi-band speech recognition : the DBNs perspective

Let’s assume that we are given a vocabulary V' of |V| words. The basic idea behind
our approach is the following : for each word v € V, instead of considering an inde-
pendent HMM for each sub-band (as in the classical multi-band approach), we build
a more complex but uniform DBN on the time-frequency domain by “coupling” all the
HMMs associated with the different sub-bands. By coupling we mean adding (directed)
links between the variables in order to capture the dependency between sub-bands. A
natural question is : what are the “appropriate” links to add ? Probably the best answer
is to learn the graphical structure (i.e., the dependencies between variables) from data.
However this approach, known as structural learning [29], is a difficult problem [12, 30].
Instead, our philosophy was to (first) impose a "reasonable” graphical structure (for all
words) and then see whether the principle of the new multi-band approach is promising.
If yes, this "reasonable” structure could be used as prior knowledge [31] in a structural

learning procedure.

2.5.1 Model definition

We built such "reasonable” structure using the following computational and physical
criteria. We wanted a model where no continuous variable has discrete children in order
to apply an exact inference algorithm. Indeed, only approximate inference is possible in
networks where continuous variables have discrete children[32]. We also wanted a model
with a relatively small number of parameters and for which the (exact) inference algo-
rithms are tractable. Finally, we wanted to have links between the hidden variables along
the frequency axis in order to capture the asynchrony between sub-bands. A simple model

which satisfies these criteria is shown in Figure 2.4. In this BN, the hidden variables of
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sub-band n are linked to those of sub-band n 4+ 1 in such way that the state of a hidden
variable in sub-band n + 1 at time ¢ is conditioned by the state of two hidden variables :

at time ¢ — 1 in the same sub-band and at time t in sub-band n. Each H ™ (z am (v))

W @@ i
o
e

IGURE 2.4 — B-band dynamic Bayesian network

is a discrete variable taking its values in the set of ordered labels I, = {1,,...,m,}, ||
is the number of hidden states. Each O™ (: O,@(U)) is a continuous variable with a
Gaussian-mixture distribution (given an outcome of the corresponding hidden variable
Ht(n)) representing the observation vector at time ¢ in sub-band n (n = 1,...,B), B is
the number of sub-bands. Each Gg") <: Gg") (v)) is a discrete variable taking its values in
the set J = {1,..., M}, M is the number of Gaussian components in each mixture®. We

impose a left-to-right topology on each sub-band and assume that the model parameters

are stationary. Therefore, given a word v € V (and for each (i,j,k,p) € I2 x J) , the

5. The use of the variables GE") is not necessary to define the model. We use them only to have a
consistency with the fact that exact inference is possible in mixed discrete-continuous BNs only if the
continuous variables are Gaussian [17].
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numerical parameterization ©, of its B-band DBN model is :

ay;(v) = P(HO (v) = j|HY, (v) = i)

ujp(v) = PO (W) = HHS ) =i, B ) = 5) for m=2,.B )
w™(v) 2 PG (v) = p|H™ (v) =4) for n=1,..,B

ip
" (v,-) 2 PO (v) = |H™ (v) = i, G (v) = p) for n=1,...B

%,p
(n)
4,p

\
n)

» (v). The asynchrony

where bgz,) (v,-) is a Gaussian with mean pu;  (v) and covariance EZ(.

between sub-bands is taken into account by allowing all the ugl,z (v) to be non-zero, except

when k£ < j or k > j 4+ 1 because of the left-to-right topology.

Note that our model is a mixed discrete-Gaussian BN. Therefore, in principle, infe-
rence should be done using the Lauritzen algorithm [32]. However, in our setting, inference
will always involve a complete observations set of the continuous variables. In other words,
all the Ot(n) are observed when our model is infered. Thus, even tough the B-band DBN
is mixed discrete-Gaussian, the JLO and Dawid algorithms (which apply to discrete net-
works) are enough to perform inference in this setting. Note also that our model is a
special case of the so called tree structured HMMs [21]. However, we did not use the varia-
tional approach described in [21] to infer this model because we were interested in exact

inference.

The following stretch the advantages of such approach to multi-band ASR and describe
briefly some related work. Unlike HMMs, our multi-band DBN provides ¢ modeling of the
frequency dynamics of speech. Unlike to the classical multi-band approach, our DBN
allows interaction between sub-bands and the possible asynchrony between them easily
handeled. Moreover, our model uses the information contained in all sub-bands and no
recombination step is needed. A related work has been proposed in [33, 34] where a multi-
band Markov random field is analyzed by mean of Gibbs distributions. This approach
(unlike ours) does not lead however to exact nor fast inference algorithms and assumes
a linear model for asynchrony between sub-bands. In our approach, the asynchrony is
learned from data. In term of introducing frequency dynamics in the modeling process,

a related work has been proposed in [35, 36, 37]. In this work, the authors propose a
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new model, called HMM2, which is an HMM "mixture” consisting in a primary (classical)
HMM, modeling the temporal properties of the speech signal, and a secondary HMM
modeling its frequency properties. This secondary HMM is inserted at the level of each
state of the primary HMM, estimating local emission probabilities of acoustic feature
vectors (consisting in spectral features). Consequently, the components of an acoustic
vector are assumed to be generated by the secondary HMM, the goal being to perform a
(state dependent) dynamical spectral warping to complement the (classical) time warping
done by the primary HMM. This HMM2 has then been used as a decoder as well as feature
extractor and tested in various conditions. In the case of clean speech, performances were
showed to be comparable to classical MFCC-based HMM systems. However, in the case
of noisy speech, the performances are so far still limited by the choice of the spectral
features, which are less robust to noise than MFCCs. Besides the introduction of some
modeling of the frequency dynamics of speech, HMM?2 is different from our model in
all aspects : topology and parameterization. Indeed, our model is a "pure” multi-band
model in the sense that the frequency axis is divided in a static way, we use MFCCs
in the parameterization and obtain some good performances in the presence of noise as

compared to classical HMM systems (as we will see later).

2.5.2 Construction of the junction tree

Now that the graphical structure and the numerical parametrization of our multi-
band DBN are specified, inference can be performed using the JLO or/and the Dawid
algorithms. The only step remaining is to associate a "minimal” junction tree to our
network, in the sense that no other junction tree can lead to faster inference. This is
of particular importance given that the decoding efficiency requires a junction tree with
“small” clique state-spaces. As explained in section 2.3, the first step in this construction
is the moral graph. Figure 2.5 displays the moral graph of our multi-band BN. In the
one-band (i.e. HMMs) or two-band cases, finding a minimal junction tree is obvious [10)]

because the moral graph is triangulated as it is (consider B = 1 or B = 2 in Figure 2.5).
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This is not true any more when B > 2. Since the problem of automatically finding minimal
junction trees for arbitrary BNs is NP-complete [25], we needed to find an appropriate
(analytical) technique to derive a minimal junction tree for our particular B-band BN.
We did so as follows :

First, it is clear from the moral graph that the only cliques which contain the variables
O™ and G\ are of the form H{™ G O™ For the remaining cliques (which all contain
only the hidden variables Ht(”)), we proceed by induction. If B = 1, it is obvious that the
clique which has to be linked to Ht(l)Ggl)Ogl) is Ht(l)Ht(i)l. If B =2 it is easy to check
from the moral graph (which is triangulated as it is) that the clique which has to be
linked to H"GMOM (resp. HPGP 0P is HVHY, H?, (resp. HYH H®)). Then,
by induction one can prove that the clique which has to be linked to Ht(n)ng)Ogn) is
HY - HMH™, ... H®) The time slices ¢ = 1 and ¢ = T are then treated separately to
remove the variables which are not necessary to satisfy the runing intersection property.
The resulting junction tree is shown in Figure 2.6. We thus have a computationally optimal
tree to propagate the effect of observed evidence.

The complexity of the JLO and Dawid algorithms scales as the sum of clique state-
spaces. Therefore, given the asynchrony assumptions, the left-to-right topology and our
junction tree, the total complexity to infer this B-band DBN is O(M BD|1,|"T) where D

is the dimension of the acoustic vectors.

2.5.3 Model parameters estimation

So far, we have assumed that parameters of the B-band DBN are known for each word.
This section presents an algorithm for parameters estimation. In all the experiments we
carried out, we learned the model of each word independently of the others, i.e., we did
not perform embedded training. Note however that this is not a constraint of our system.
Indeed, embedded training can be performed exactly as in the HMMs setting given that
all graphical structures of the models are the same. Also, the use of words as acoustic

units in not a constraint neither, any kind of acoustic units (phonemes, diphones...) can
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FIGURE 2.5 — Moral graph of the B-band Bayesian network.

be used without any particular change in our methodology.

In order to simplify the notation in the formulae below, we drop the reference to the
word under consideration. Suppose that we have (for a given word v) an observation vector

0:(ogl),...,og}),...,ogB),.. (B)) Let

Ho={h=(h, .0y, b nD) n e {1, m}}
be the set of all possible trajectories of the hidden process defined by the Ht("). Then,
from (2.1) and by marginalization over H, the likelihood is given by :

Z {H CLh§1)1h(1) H uh(n l)h(n)1h§n)} {H H (Z wh(n)p h(”) TL))) } .

hedH t=1n=1 \p=1
Therefore, by aplying the EM algonthm, the auxiliary function can be decomposed as the

sum of terms depending each on one component of the parameters set. Thus, solving the
parameters estimation problem comes back to a simple generalization of the Baum-Welch
algorithm. This is made possible essentially because we have imposed that continuous
variables are conditioned by discrete ones. The re-estimation formulae are obtained as
follows : suppose that we have estimated the parameters at iteration [ and define for
(1,7, k,p) € {1, ...,m}3 x {1,..., M} (here we assume that the number of hidden states is

the same for all words and equals some integer m, i.e., |,| = m, Vo) :
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( LA
iV, 5) = P(HY, =i, H" = jlo)

" (zy, )éP(Ht(nfl)—z Ht()l—],H =kl|o) for n=2,...
(i, ) £ Zwﬁ”(z,ﬁ
P™ (i, g, ) Zwt (z j, k) for n=2...B

", p) = P(H(n =i,G™ =plo) for n=1,..,B

6 (i,p) £ 5 6 (ip) for n=1,...B.
t=1

\

Then, the new parameters at iteration [ + 1 are given by °

L CY)
5 60(i, k)
k=1

S
3w (0,1

Wip M
2 o™ (i, q)

d (n)
(n) _ Z VGp)o
Hir = gt (i, p)
L), (m) _ 0y ) _ ()
() tZ:(bt <Z7p)<0t :uzp)( sz)
Z.n — =
P o™ (4, p)

What remains is to efficiently compute the posterior probabilities ¥\ (3, j), ¥\ (i, j, k)
and ¢§") (7,p) defined in equation (2.7). All these posterior probabilities can be efficiently

computed using the JLO algorithm which allows the computation of marginal and condi-

tional probabilities of clique variables. Note also that in the full-band case (B = 1) which
collaps to an HMM, the computation of wil)(i,]’) and qﬁgl)(i,p) using the JLO algorithm

is (exactly) equivalent to the Forward-Backward algorithm.

6. For sake of notational simplicity, we drop the iteration index.
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2.6 Application to isolated speech recognition

For an isolated speech recognition task, the decoding algorithm is readily given by the
material described in section 2.3. Indeed, once we have learned a B-band DBN model 6,
for each v € V| then given a speaker utterance o, the likelihood P(0|0,) for each v € V

is computed using the JLO algorithm and the word v* is chosen such that
v* = argmax, P(0|©,)
to be the pronounced word. The computational complexity of this decoding algorithm is

O(M BmPT), where that M is the number of Gaussian components in each mixture and

m is the number of hidden states.

Experiments

We evaluated the performance of the B-band DBN on an isolated digit recognition
task. We compared our model to HMMs, a classical multi-band (CMB) system and a
synchronous "multi-band” Bayesian network. The experiments were carried out on the
isolated part of the Tidigits database” in which 112 (resp. 113) speakers were used for
training (resp. test). Each speaker utters 11 digits twice. The parameterization for the
classical full-band HMM was done as follows : 25ms frames with a frame shift of 10ms,
each frame is passed through a set of 24 triangular filters resulting in a vector of 35 features,
namely, 11 static MFCC (the energy is dropped), 12 A and 12 AA. For our model, we
present experiments in the case of 2, 3 and 4-band BN. The parameterization for the
2-band DBN was done as follows : each frame was passed through the 14 first (resp. last
10) filters resulting in the acoustic vector of sub-band 1 (resp. sub-band 2). Each vector
contains 17 features : 5 static MFCC, 6 A and 6 AA. The resulting bandwidths of sub-
bands 1 and 2 were [0..1467H z] and [1211H z..10000H z] respectively. For the 3-band BN,

each frame was passed through the first 8, second 8 and last 8 filters resulting in the

7. We emphasize here that our purpose in this paper is not to perform benchmark tests, i.e., our
goal here is not to tune the parameters in order to achieve the highest performances. Rather, we provide
comparisons using baseline systems in order to illustrate the capabilities of each system and have a fair
judgment on their potentail.
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Model | HMM | 2-band | 3-band | 4-band
Score | 93.4% | 97.4% | 97.3% | 95.4%

TABLE 2.1 — Recognition scores of the HMM and the B-band DBN (B = 2,3, 4) on clean speech.

acoustic vector of sub-band 1, 2 and 3 respectively. Each vector contained 11 features :
3 static MFCC, 4 A and 4 AA. The resulting bandwidths of sub-bands 1, 2 and 3 were
[0..692H z|, [615H2..2152H 2] and [1777H2..10000H z| respectively. Similarly, for the 4-
band BN, each frame was passed through the first 6, second 6, third 6 and last 6 filters.
Each resulting vector contained 8 features. The resulting bandwidths of sub-bands 1,
2, 3 and 4 were [0..538Hz|, [461H2..1000H z|, [923H z..3158 H z] and [2607H z..10000H z|
respectively. In all the experiments, for every digit and all models, the number of hidden
states was six (m = 6) and we had a single Gaussian per state with a diagonal covariance
matrix. Table 2.1 shows the recognition scores obtained using the 2, 3 and 4-band BNs
and also the score with a classical full-band HMM. In this experiment, both train and

test were on clean speech.

These results show that the three B-band BNs all outperform the HMM recognizer
that we tested. Thus, taking into account the frequency dynamics leads to a higher fidelity
speech modeling. One can notice however (in this experiment) that when the number of
sub-bands increases the accuracy decreases. This should not be understood as a characte-
ristic of our multi-band system. Probably one explanation is the fact that we are using the
same amount of data to estimate models with an increasing number of parameters. We
believe however that this behavior is mainly due to the ad-hoc choice of sub-bands band-
widths. For instance, sub-band n is more relevant than sub-band n’ in the B-band DBN if
n' > n, in the sense that it governs the behaviour of sub-band n'. Thus, for example, sub-
band 1 is more relevant than all the others and in the parameterization we chose, when
the number of sub-bands increases the amount of information contained in sub-band 1
decreases. The optimization of the sub-bands bandwidths was not our major concern in

this work because we did not perform benchmark tests. What should be retained from
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these results is that, even with such ad-hoc choice of sub-bands frequencies, the B-band
DBN outperform HMMs. This was in fact a major advantage since the only multi-band
systems which out-performed HMMs back then in clean conditions use the full-band para-
meterization as an additional “sub-band”. Such a manipulation is conceptually unrealistic
in our opinion and penalizes the systems in noisy conditions.

In the following experiments, training is done on clean speech and test is done on noisy
speech. We show the performances of our model when the noise is additive and corrupt one
spectral sub-band with two different bandwidths. We compared a 2-band DBN to HMMs
and two other models. The first one is a standard 2-band model where the recombination
is performed by a multi-layer perceptron (MLP), we term this model CMB-MLP. The
topology of this MLP is : 22 input, 15 hidden and 11 output neurons. In the second model
that we term Sync, for each frame, we concatenated the acoustic vectors of sub-band 1
and 2 and used the resulting vector (34 features) as an input for the HMM-based system.
It is important to note that, since we use diagonal covariances, Sync is equivalent to a
2-band DBN where a complete synchrony is imposed between the two bands. Indeed,
given that covariances are diagonal, the HMM representing Sync can be viewed as the
DBN shown in Figure 2.7, where B = 2 and each variable H; (resp. G;) takes its values
in the set {1,...,m} (resp.{1,..., M}). The model of Figure 2.7 corresponds in turn to
a completely synchronous B-band DBN. Therefore, the comparison between Sync and
our 2-band DBN is a good indication about the importance of asynchrony. The issue of
asynchrony in multi-band ASR has been studied by many researchers. For instance, in [38]
the authors conclude that considering asynchrony in multi-band ASR may improve the
acoustic modeling. They failed however, in [39], to improve the recognition performances
when relaxing the synchrony constraints in a multi-band system, they then conclude that
asynchrony is not advantageous. We believe that if this argument is true, it is only in the
sense of incorporating asynchrony assumptions in a classical multi-band system. In other
words, even if this argument is true, it does not mean that asynchrony does not exist
or is irrelevant. It only means that it is difficult to exploit and deal with asynchrony in

classical multi-band systems. As we will see below, The DBNs perspective to multi-band
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Noise A : 5-10 KHz | HMM | Sync | CMB-MLP | 2-band DBN
SNR 26db 53.4% | 43.5% 59.5% 84.9%
SNR 20db 38.8% | 27.2% 39.0% 77.9%
SNR 14db 26.3% | 18.8% 23.4% 70.8%
SNR 8db 18.4% | 11.6% 14.7% 65.5%
SNR 2db 13.7% | 9.3% 10.4% 63.2%

TABLE 2.2 — Recognition scores for Noise A using the different models

ASR suggests that asynchrony is in fact advantageous.
The noisy speech (in test) is obtained by adding to the clean one, at different SNRs,
band-pass filtered white noises with different bandwidths : [5000H z..10000H z] for Noise

A and [2000H z..7000H z] for Noise B, the SNR being estimated as :

Signal Energy)

SNR =101 (
©810 Noise Energy

Therefore, in both cases, only sub-band 2 is corrupted ®. Table 2.2 (resp. Table 2.3) gives
the recognition rates obtained for Noise A (resp. Noise B) using the four models (HMM,
Sync, CMB-MLP and the 2-band DBN). For both noises, the 2-band DBN largely out-
performed all the other models. Even when the scores of the latter are extremely low
(sometimes close to random decision), our model still yielded relatively good recognition
rates. This indicates that our model is well adapted to the case of band-limited noisy
speech. It is also remarkable how significant are the differences between the scores of our
model and those of Sync. We believe this illustrates the importance of asynchrony in

multi-band speech modeling.

2.7 Application to continuous speech recognition

In a continuous speech recognition task, given a B-band DBN model of each word in

the vocabulary and a speaker utterance, the goal is to identify the most likely sequence

8. Obviously, in most real world applications one does not know a priori which sub-bands are corrupted,
these has to be detected using some noise estimation algorithm.
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Noise B : 2-7 KHz | HMM | Sync | CMB-MLP | 2-band DBN
SNR 26db 52.3% | 45.8% 54.0% 82.7%
SNR 20db 46.2% | 32.1% 42.8% 71.2%
SNR 14db 39.0% | 20.1% 37.3% 60.8%
SNR 8db 32.5% | 11.3% 33.7% 54.4%
SNR 2db 28.6% | 9.5% 26.9% 49.4%

TABLE 2.3 — Recognition scores for Noise B using the different models

of words given the observation. A naive solution would be to use a B-dimensional Viterbi
algorithm [40] which is computationally very expensive. This section presents an efficient
decoding algorithm which relies essentially on a state-augmented B-band DBN model, it

then presents experiments on a connected digits recognition task.

2.7.1 Decoding algorithm

The basic idea is to build a new B-band DBN model which represents all the words
in the vocabulary, decoding is then performed by inferring this new DBN. Precisely, the
graphical structure of this new B-band DBN is the same as the one of Figure 2.3, the
difference is that the variables do not depend any more on the word under consideration,
and each variable Ht(”) takes now its values in the set I = J,. f,. To complete the
definition of this new DBN we need to specify the conditional probabilities of the hidden
and the observed variables. Let (i, j, k,p) € I® x .J such that (i, 7, k) € I, for some v € V.
Then, the observation’s conditional probabilities are simply given by those corresponding

to each word, namely :
n n . n N S (n
PO = |[H" =i,G{" = p) 2 b0 (v,).
To specify the hidden process parameterization we need to include the language model,
we also make some (a)synchrony assumptions : we still allow complete asynchrony inside

a word, but we impose a full synchrony of all sub-bands when transiting between words.

Precisely, since we have a left-to-right topology, the only non-zero conditional probabilities
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are the following :

e The synchronous transition between two (not necessarily different) words v and v’ :

P(H" = 1,|HY, = my) 2 P(o]v))

PH™ = 1,|H"™ = 1,, H"), = my) 2 P(u]t/)

where P(v|v') is given by the language model.

e The inside-word conditional probabilities :

. VAN
PHD = jlH®, = i) = ay(v)

P = k|H = i B = §) 2 uj(0).
Now we have a completely defined B-band model on which decoding can be performed.
To do so, we use the Dawid algorithm [24] which allows the identification (with the same
time complexity as the JLO algorithm [23]) of the most likely sequence of hidden states
given observations.
Given the (a)synchrony assumptions and the left-to-right topology, the total com-
plexity of this decoding algorithm is O(M BmPT + |V'|*T). Note also that in the 1-band

case (i.e. HMMs), this algorithm is equivalent to Viterbi decoding.

2.7.2 Experiments

The experiments are carried out on the connected part of the Tidigits database in
which 112 (resp. 113) speakers were used for training (resp. test). Each speaker utters 77
sentences resulting in 8642 sentences for training and 8701 for test, each sentence contains
between 1 and 7 digits. We show comparisons ¥ of the performances of a 2-band DBN with

a single Gaussian per state to HMMs with a different number of Gaussian components in

9. At the time of writing we do not have a continuous version of the CMB system to show its perfor-
mances. However, we expect our system to have even better performances than such a system as compared
to the results obtained in the isolated task. Indeed, the latter is the ideal setting for a CMB system be-
cause there is no word-asynchrony to deal with, and it is well known that recombination is a more difficult
task in the continuous setting than in the isolated one. Our system does not have such discrepancy. Also,
we do not show the results of the Sync model because it always yields the lowest performances.
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each mixture. For every digit and the silence model, the number of hidden states is seven
(m = 7) and all the covariance matrices are diagonal. We used a uniform language model,
i.e., P(v[v') = 35 (eleven digits + silence). The parameterization of the classical full-band
HMM was done as in the isolated task (see the previous section). The parameterization of
the 2-band DBN was done as follows : each frame is passed through the 16 first (resp. last
8) filters resulting in the acoustic vector of sub-band 1 (resp. sub-band 2). Each vector
contained 17 features : 5 static MFCC, 6 A and 6 AA. The resulting bandwidths of sub-
bands 1 and 2 were [0..2152H z] and [1777H z..10000H z] respectively. The training of all
models was done on clean speech only. The test however was performed on noisy speech
which was obtained by adding, at different SNRs, a band-pass filtered white noise with a
bandwidth of [3000H z..6000H z]. Table 2.4 and 2.5 show respectively the digit and phrase
accuracy that we obtained using both models. If one compares the 2-band DBN with
HMM-1G which both have a single Gaussian per state, one sees that our model largely
outperforms the HMM-1G model. One can argue that this may be due to the fact that
our model uses (slightly) more parameters than the other model. The comparison between
our model and the other HMMs (which have more than 2 Gaussian components per state)
shows the opposite of this argument. Indeed, all these HMMs use much more parameters
than the 2-band DBN;, still our model yielded the best performances. Particularly, the
more the SNR is low the higher is the accuracy of the 2-band DBN as compared to the
HMMs. These results show the potential of our approach in exploiting the information
contained in the non-corrupted sub-band. In summary, the behavior of our system in the
continuous task remains consistent as compared to the isolated task and its performances

on this illustrative experiment were impressive. This showed that the DBNs perspective

to multi-band speech recognition was very promising, back then.

60



2.7. APPLICATION TO CONTINUOUS SPEECH RECOGNITION

Noise 3-6 KHz | HMM-1G | HMM-2G || HMM-4G | HMM-8G || 2-band DBN (1G)
SNR 26 db 89.95% 92.69% 97.20% 96.82% 96.16%
SNR 20 db 82.17% 85.17% 94.19% 93.59% 94.89%
SNR 14 db 73.27% 75.33% 87.44% 86.64% 90.81%
SNR § db 62.57% 59.57% 73.85% 72.91% 82.27%
SNR 2 db 58.86% 40.82% 54.60% 53.48% 75.51%

TABLE 2.4 — Digit accuracy rates(nG means n Gaussian components per state)

Noise 3-6 KHz | HMM-1G | HMM-2G || HMM-4G | HMM-8G || 2-band DBN (1G)
SNR 26 db 71.47% 79.05% 92.00% 90.77% 89.42%
SNR 20 db 52.49% 59.38% 84.09% 82.65% 85.90%
SNR 14 db 35.69% 40.13% 69.22% 67.29% 74.67%
SNR 8 db 20.90% 20.55% 46.00% 43.17% 53.86%
SNR 2 db 10.97% 9.696% 23.82% 22.52% 39.87%

TABLE 2.5 — Phrase accuracy rates (nG means n Gaussian components per state)
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FIGURE 2.6 — Junction tree of the B-band Bayesian network. Cliques and separators are res-

pectively represented by ellipsoids and rectangles. For each clique, the variables
in bold are those which are assigned to that clique in order to obtain an initial
representation of the JPD (see section 2.3).
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FIGURE 2.7 — Synchronous B-band dynamic Bayesian network
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Sequence kernels for SVM speaker

recognition
Sommaire
3.1 Imtroduction . .. ... ... .. ittt 65
3.2 Onsequencekernels . .. ... ... ..o 67
3.2.1 Sequence kernels based on generative models . . . . . ... .. 67
3.2.2 Other sequence kernels . . . . . ... ... ... ......... 68
3.2.3 Overview of the GLDS kernel . . . . . . ... ... ... .... 69
3.3 FSNSkernels . . . . . . o0 i i it e e e 70
3.3.1 Definition . . . . . ... 70
3.3.2  Dual/Kernelized form of FSNS kernels . . . . . ... ... ... 73
3.4 Incomplete Cholesky Decomposition of the Gram Matrix . ... ... 7
3.5 Mahalanobis kernels in the feature space. . . . . . ... ... ... .. 80
3.5.1 Definition . . . . .. ..o 80
3.5.2  Dual/Kernelized form of the FSMS kernels . . . ... ... .. 82
3.6 Experiments . . . .. .. .. . ittt e e e e e 83
3.6.1 Database and front-end processing . . . . .. .. .. ... ... 83
3.6.2 System implementation . . . . . ... ... ... ... ... 84



3.1. INTRODUCTION

3.6.3 Development of SVM system with FSNS/FSMS kernels . . . . 84
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This chapter presents the sequence kernel that we had developed for SVM speaker
verification. Implicitly, this kernel projects all input frames in a high/infinite-dimensional
vector space, then operates a normalization in this feature space so as to induce a Mahala-
nobis distance, and finally computes the average of dot products between all inter-sequence
pairs of frames. An existing kernel which ezplicitly performs this is the Generalized Li-
near Discriminant Sequence (GLDS) kernel, which has been shown to provide very good
performance and efficiency at NIST Speaker Recognition Evaluations (SRE) in the last
few years. The GLDS kernel is based on an explicit map of polynomial expansions which,
because of practical limitations, have to be of a degree less or equal to three. The kernel
presented here generalizes the GLDS kernel, and allows not only any polynomial degree
but also any embedding, including infinite dimensional associated with Mercer kernels
(such as Gaussian kernels). The exact “kernelized” form of this sequence kernel involves
the computation of the Gram matrix on background data, and may be intractable when
the background corpus is very large (which is the case in speaker verification). To over-
come this problem, we used low-rank approximation of the Gram matrix to provide an
approximate but tractable form of this sequence kernel. We carried out comparative ex-
periments on NIST SRE 2005. The results showed that the this kernel outperforms the
GLDS one, and gives similar (individual) performances to the traditional UBM-GMM

system. As expected, the fusion of both improved the scores.

3.1 Introduction

Support Vector Machines are an interesting alternative to Gaussian Mixture Models
(GMMs) for speaker verification systems based on spectral feature extraction [41], as they
are well suited to separating rather complex regions in binary classification problems, in

particular through the use of non linear kernels for non linear decision boundaries. A
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challenge however in applying SVM to monitor conversations in a communication network,
such as in NIST Speaker Recognition Evaluations (SRE), is to deal with the huge amount
of data available. Thus, in order to exploit a rich database involving various types of
(low quality) cell phone conversations with an SVM training algorithm, the frame-based
approach such as the one in [42] needs to be adapted to make a sufficiently efficient
training and testing procedure. A solution could be to use clustering methods to reduce
the size of the training corpus as it was done in [43]. But an elegant solution is to use an
appropriate sequence kernel. As well as significantly reducing the number of inputs in the
training algorithm (a 2 minute long audio sequence is equivalent to about 6,000 acoustic
vectors), it makes the training criterion more suitable as the goal in speaker verification

is to classify sequences and not isolated speech frames.

The use of sequence kernels and SVM in text-independent speaker verification has
gained considerable attention in recent years [44, 45, 46, 47]. A sequence kernel that has
shown very good results so far in NIST SRE is the GLDS kernel [48]. It consists basically
of an explicit map of each sequence to a single “supervector” in a feature space using
polynomial expansions of input vectors. Then an SVM with a linear kernel is used in this

feature space.

The GLDS kernel has however a practical and a theoretical limitation because of
the explicit map computation. The former is due to the fact that only expansions with
(relatively) low dimensions can be used in practice (thus encompassing only a limited
number of non-linear correlations between input variables). The latter is due to the fact
that it does not readily generalize to infinite expansions such as the ones encoding the
Gaussian kernel [49]. The approach we proposed overcomes these two limitations. After a
quick review of sequence kernels for text-independent speaker verification and a description
of the GLDS kernel which inspired this work, a class of sequence kernels is defined in

section 3.3, which amounts to

— projecting all frames in a high/infinite-dimensional vector space so as to make the

data more separable, then
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— processing a normalization in this feature space so as to induce a Mahalanobis

distance, and finally
— computing the average of dot products between all inter-sequence pairs of frames.

We then expressed them in terms of frame kernel evaluations, so as to provide a simple
finite analytic form and apply the kernel trick. An ad hoc approximation technique to
drastically reduce the complexity of the “kernelized” form is presented in section 3.4. In
section 3.5, an alternative theoretical interpretation of our kernel is presented. We focus on
the application of text-independent speaker verification, where the goal is to determine
whether a sequence was pronounced or not by a target speaker whatever the phonetic
context. Section 3.6 shows some experiments on NIST SRE, which give an insight into
the tuning of the frame kernel, and exhibit encouraging performance of this SVM system

in comparison with other state-of-the-art cepstral-based systems.

3.2 On sequence kernels

This section reviews some sequence kernels that have inspired research in text-
independent speaker verification. Note that in this application, only kernels between “sets
of vectors” have been used (they are called “sequence kernels” for simplicity). For context
independence, it is better to use such a measure that is invariant w.r.t. the frame ordering
within the sequences. Note that in practice, short-term dynamic information is taken into

account in the derivatives incorporated in input vectors during front-end processing.

3.2.1 Sequence kernels based on generative models

As it is appealing to combine both advantages of generative and discriminative mo-
deling, the design of sequence kernels based on generative models has been the center of
interest of several studies in speaker verification [44, 50, 51, 52].

A well known kernel in this category is the Fisher kernel [53] which has been applied

and evaluated in speaker identification in [45]. It can be seen as a special case of Mutual
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Information Kernels [54], for which the underlying philosophy is to first train on unlabeled
data a generative model that describes the a priori data distribution, then to use this mo-
del to construct a kernel suited to the data. Despite its theoretical power, the Fisher kernel
has not been shown to significantly outperform GMMs. Moreover, it lacks efficiency for
large databases because it involves the explicit computation of high-dimensional sequence
maps with a size equal to the number of model parameters. Indeed, if G is the number of
Gaussian components in the (diagonal covariance) GMM, the size of the Fisher score map
is D = G(1 + 2d), where d is the input space dimension. In practice {G, d} ~ {500, 30}
leads to a feature space dimension D ~ 30, 500.

An important family of sequence kernels based on generative models are defined as
kernels between probability distributions estimated on the sequences. These include the
probability product kernels [55] (amongst which the expected likelihood kernel [56] and the
Battacharyya kernel [57]), and kernels which are Ezponential Embeddings [54] of distances
between distributions, such as the Kullback-Leibler (KL) divergence [58, 59]. The popular
approach referred to as GMM supervector kernel [51] can be actually seen as a practical
implementation of the KL-divergence kernel [47].

All the kernels mentioned above are based on input space probability distributions.
An another approach [60] consists of fitting simple parametric distributions in the feature
space, and implicitly compute kernels between the two empirical densities in the feature
space. As we will see later, a general form of the kernel we defined, the FSMS kernel,

belongs to this category of kernels.

3.2.2 Other sequence kernels

Besides sequence kernels based on generative models, there exist several sequence
kernels that combine similarity (or distance) measures between inter-sequence pairs of
frames.

For instance, the DTW kernels [61, 62] are based on dynamic time alignment of se-

quences ; these kernels, not invariant to frame permutations, are not appropriate to text-
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independent speaker verification. Another “local” sequence kernel, which combines a se-
lection of maximal (inter-sequence) vector kernel values [63], has been applied to speaker
verification [64]. However, these kernels do not satisfy the Mercer condition [65], which
threatens the convergence of the SVM training algorithm.

Another sequence kernel, that satisfies the Mercer condition and showed very good
performances in speaker verification is the GLDS kernel [48]. A second reason for the
success of the GLDS kernel in systems presented at NIST SRE is its efficiency, with a
specially low complexity for scoring. The next sub-section reviews the GLDS kernel as it

was the basis of our work.

3.2.3 Overview of the GLDS kernel

The GLDS kernel [48] involves a polynomial expansion ¢,,, with monomials (between
each combination of input vector components) up to a given degree p. For example, if p = 2
and x = [x,, 1,|" is a 2-dimensional input vector, then ¢, (X) = [z, s, 1.2, 1,7, 1,77
The GLDS kernel between two sequences of vectors X = {x;}i=1. 1 and

Y = {yt}t=1. 1, is given as a dot product between average whitened expansions :

Fas(X,Y) = [ d),,(xt)] S, [ﬁ > ¢p<ys>] (3.1)

where S, is the second moment matrix of polynomial expansions ¢, estimated on some

background population, or its diagonal approximation for more efficiency.

Proposed in this way, the GLDS kernel is difficult to tune, because the size of the
explicit polynomial expansion ¢, becomes intractable for polynomial expansions with
maximal degree p higher than 3. Indeed, if d is the dimension of the input space, then the
dimension of the expansion size is D = (ddf—;!)!. In practice d is about 25, and D becomes
too large when p > 3 (eg D = 23,751 when d = 25 and p = 4). That is why in practice
GLDS SVM based systems use an expansion with monomials up to degree 3.

An interesting problem then is to find a tractable way to compute or approximate

(3.1) for any p. A more general problem is how to use the kernel trick to provide a finite-
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dimensional form of (3.1) for any expansion ¢ including infinite ones. By this way, radial
basis function (RBF) kernels, which have been proved very efficient in most kernel learning

methods [66], could also be used. This is the purpose of the next section.

3.3 FSNS kernels

Conventions and notations

All the following discussion is valid for any kind of input data, which will be noted
with normal letters (x, y, b). Variable length sets of data will be written in capital letters
(X, Y, B). In our experiments, the data extracted on speech frames are acoustic vectors
(x € RY). For clarity, we refer to input data as “vectors”, while “supervectors” refers to
points in the (high-dimensional) feature space. Column supervectors (¢, ¥) and matrices
(S, K) are noted with bold letters. Iy denotes the identity matrix of size N, A" the
transpose of A, and ¢ the arithmetic mean of ¢ on some set. k(x,y) denotes a vector
kernel (sample similarity function), and (X, Y) a kernel between sets of vectors (ensemble
similarity). Note that even if all the results are written with matrix inversion A~!, they
still stand for not invertible matrices if the pseudo-inversion [67] AT is taken instead of

AL

3.3.1 Definition

The following definition extend the GLDS kernel for any expansion ¢. It leads to
the formulation of a rich family of sequence kernels, which we refer to as Feature Space

Normalized Sequence kernels (FSNS) kernels.

Definition :

Let
— B={b;, i=1,...,N} be a set of unlabeled training vectors (background corpus),
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— & a (feature space) map of size D < 400 defining a Mercer kernel k,
k(x,y) = B () () (3.2)
— Sg the expected second moment matriz of the map estimated on the background
population :

S = % > db)d(by)” (3.3)

=1

— € a positive scalar.

The FSN (Feature Space Normalized) kernel between two vectors x and y is defined as

the generalized linear kernel between supervectors :

k(x,y) = &) (Sp + <L) d(y) (34)
Given two sequences X and Y of lengths Tx and Ty, the FSNS kernel is defined as the

average FSN kernel on inter—sequence pairs of vectors :
Tx Ty

/K\'(Xu Y) = TxlTY Z ZE(XU yS)
t=1 s=1 (3.5)

= ®X) (S +el,) d(Y)

1
where G (X) = % X d(x).

The so defined FSNS kernel satisfies Mercer’s conditions because Sy is symmetric
and semi-positive definite, and also because the addition of the (symmetric) regulariza-
tion term guarantees the positive definiteness. FSNS kernels can exploit many high-order
statistics and have three important features : averaging, normalization and regularization.

The averaging allows to easily construct a Mercer kernel, even if it is not potentially
the best way to combine information when consecutive observations are not independent.
An advantage of averaging is that it makes our kernel invariant to vector permutations,
which, in a text-independent speaker verification application, is welcome for context in-
dependence. Remind that short-time dynamics are taken into account in the front-end
processing, by incorporating derivatives in input vectors.

The normalization is done in the feature space using the second order moment matrix.
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The main advantage is to ensure invariance to linear transformation in the feature space,
so as to make training algorithm more stable. In fact, kernels methods such as SVM are
not invariant to feature rescaling. If a feature (encoded by one component of the kernel
map) has more amplitude than the others, it will have more importance in the choice
of the decision function, which can threaten robustness if this feature is not relevant for
the classification problem. Therefore the normalization aims at giving the same a priori
importance to each feature. The use of the covariance matrix is discussed in section 3.5,
let’s first focus on the use of the second moment matrix, as it is done with the GLDS

kernel as well as with the Fisher kernel [53].

The regularization involving a small positive constant ¢ < tr(Sg) is needed for sta-
tistical and numerical reasons in cases where the dimension of the feature space is of
the same order or larger than the number of data points [68]. Indeed, numerically, the
matrix Sg is usually not invertible and thus adding a constant times the identity makes
it well conditioned for inversion. Moreover, regularization makes the problem well beha-
ved statistically ; in the context of second order moment estimation, shrinkage estimators
such as the one obtained by adding a constant times the identity lead empirically and
theoretically to estimators with lower expected mean-squared error [69]. Note that regu-
larizing by a multiple of the identity matrix is common, while not being the one and only

alternative [70].

The GLDS kernel can be written in the form (3.5) with a polynomial expansion ¢,, and
e = 0. Note that multiplying any component of this expansion by a scalar does not have
any influence on the kernel value, because the normalization by the second moment matrix
implies scale-invariance. By this way, the GLDS kernel can be seen as the unregularized
FSNS kernel corresponding to a polynomial vector kernel k(x,y) = (¢ 4+ x - y)? (for any

strictly positive value of the constant c).
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3.3.2 Dual/Kernelized form of FSNS kernels

Now the question is how to compute FSNS kernels ¥ when the underlying map ¢ is

infinite dimensional. For this purpose, we introduce the following notations :

— K is the Gram matrix of the kernel £ on the background set B. It is of size NxN

and contains the values K; ; = k(b;, b;).
— Py is the empirical map [68] defined as the N-dimensional supervector
Pp(x) = [ k(by,x) - k(by,x) ]" (3.6)
— $B is the average empirical map on a sequence :

7 30 k(b xe)
Pp(X) = (3.7)

7 2o k(b xo)

3.3.2.1 Relationship with Gaussian processes

Using these notations, the Woodbury matrix inversion lemma [67] allows to rewrite

the FSN kernel (3.4) as :

F(x,y) = [k y) = Fbp(x)" (FK +2L,) by (y)] (3.8)

It turns out that this expression can be identified as the posterior covariance kernel for a

1 it corres-

Gaussian process regression model [71]. Modulo the multiplicative factor Ne~
ponds to a Gaussian process with kernel k, a zero-mean Gaussian prior with variance 1/~
for regression weights, and a zero-mean Gaussian noise with variance €. By this way, the
FSN kernel can be seen as a posterior covariance kernel learnt on some unlabeled data.
(3.8) cannot however use directly in our application because it would involve the com-
putation of k(x,y) between all inter-sequence pairs of frames. This would be untractable
in application such as NIST SRE. Still, this realtion with Gaussian processes is very in-

tersting. Indeed, this shows that the FSN (and GLDS) kernel belong to the familly of

posterior covariance kernels.
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3.3.2.2 Factorized form

Now assume that some kernel machine is trained on a (labeled) subset of the back-
ground corpus. Whaba’s representer theorem guarantees that the optimal scoring function
can be computed at any point x using a set of N basis functions of the form x — k(b;, x).
When it is the case, one can use without losing information the following expression for

the vector kernel [68] :

k(x,y) = Wp(x) K Pp(y) (3.9)
In our application, training data collected from a target speaker may not be included
in the (previously observed) background set!, so we have to consider the general case.
Equality (3.9) still stands if supervector {&d(x)} or {¢p(y)} lies in the span of background
supervectors {d(b;)}, we will refer to this by the span condition. When the dimension of
the feature space is extremely high, this span condition may not be fulfilled. Then compu-
ting the right term of (3.9) amounts to project supervector ¢ (x) on the subspace spanned
by {¢p(b;)} i.e to compute the kernel ¢pg(x)"P(y) = d(x)"Pp(y) = Pp(x)"dp(y). In
this worst case, the loss of information due to the projection ¢y is minor when B repre-
sents a large corpus. Besides, this loss can be minimized when B is chosen using a criterion

similar to the one used in kernel PCA [72], which will be the concern of the next section.

Under the span condition, equation (3.9) can be used in combination with (3.8) to
formulate FSNS kernels in a factorized form :
RXY) =1p(X)" (K +eK) " Py(Y) (3.10)

R
If the span condition does not hold, a similar form can be obtained when the regulariza-

tion term is omitted (actually, as we will see later, we choose € = 0 in our experiments).
This form is given in the following proposition.

Proposition 1 :

1. The background set is used to tune the kernel, whereas the training dataset is used to build the
SVM classifier.
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ife=0, RX,Y)=nPpg(X) K2 Pg(Y) (3.11)

Proof :
Consider the matrix ® whose columns are background supervectors ¢ (b;), and the thin

Singular Value Decomposition (thin SVD [67]) :
¢ = UDV

If r denotes the rank of ®, U and V are orthogonal matrices of sizes Dxr and N xr, and
D is a rxr invertible diagonal matrix. Such a decomposition permits to write the Gram
matrix K = VD?V™ and the second moment matrix Sg = +UD?U”. The inversion

gives :
Sy = NLUD?U" = n®@VD 'V'®" — xdK 20"

We finally obtain equation (3.11) by identifying the empirical map P z(x) = @ P (x).

3.3.2.3 Computational complexity

Now we discuss the advantage and the limitation of the factorized form, in terms of
computational complexity.

The whitening matrices R, identified by middle terms of equation (3.10), can be com-
puted off-line. Likewise, a square root R"? can be computed by Cholesky factorization
and employed to normalize sequence maps Py (X). By this way, the computation of FSNS
kernel values between all pairs of a collection of sequences can be done in two steps : first
compute and store the whitened maps R"*py for all sequences, and then compute dot
products between all pairs. This methodology is judged to be the most efficient for the
training procedure in our application. Table 3.1 presents the corresponding complexity
of computing FSNS kernels, according to the different aforementioned expressions. The
kernelized forms (3.8) and (3.10) perform an implicit normalization in the feature space,

without having to compute any map ¢ that may be infinite dimensional. Generally spea-
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TABLE 3.1 — Complexity of computing FSNS kernels

form (3.5) form (3.8) form (3.10)
K 1 t.
ernel Comput. on |-, gy pyy | OWTEN) 1 6 v pa. )
2 sequences +17d)
Kernel comput. on | O(n,D(Td+D) | O(nsN(Td+N) | O(nsN(Td+N)
ns sequences +n2D) +n,2(N-T?%d)) +ns*N)

d : Input Space dimension (size of x)
D : Feature Space dimension (size of ¢ (x))

N : Number of background vectors (size of {Pg(x))

T : Sequences length

king, they are worthy when N < D. In contrast with the exact form (3.8), the factorized
form (3.10) permits to save O(T?d) operations for each occurring pair of sequences, and
above all to reduce considerably the computational complexity of the testing procedure
by means of the following model compacting. If {X;} denotes training sequences and
{a;} denotes Lagrangian coefficients learnt from an SVM training, the score function can

be computed as a generalized linear model :

fX) = Y ar(X,X) + a (3.12)

= (UT EB (X) _I_ 040
where the supervector w = 3", ;R (X;) encompasses discriminative model’s informa-

tion.

Finally, the form (3.10) could be satisfactory in small size problems. However in large
scale problems, such as speaker verification, it would be burdensome to compute because
the number of background frames available is very high. In the case of monitoring conver-
sations, the size N of background data available can be enormous. We thus need to find
a way to make efficient the computation of (3.10) in large scale problems. In the next
section, we use a low-rank matrix decomposition to provide an approximate but tractable

form for (3.10).
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3.4 Incomplete Cholesky Decomposition of the Gram Ma-
trix

Kernel methods have the advantage of allowing to work implicitly on numerous non-
linear complex features and leads to algorithms that manipulate Gram matrices of the

form K, ; = k:(xi, Xj) However, when the number of data points B is large, then

(x4,x;)€B2”
these methods, if applied naively, may become computationally too intensive and much
research in machine learning has been done to lower this complexity. One of the tools
that has proved simple and efficient is the use of low-rank approximations of the Gram
matrix [73, 74]. In our context, the goal is to pick up a subset C C B that would lead to a

good approximation of the Gram matrix K; ; = k(x;,x;) , using only a sub-matrix

(Xi 7Xj)€B

of the full matrix, so as to rewrite kernel formulas with lower complexity.

An appealing technique is the Incomplete Cholesky Decomposition (ICD). This greedy
algorithm, used in [74] to reduce SVM complexity and also described in [75], has a relati-
vely low complexity O(m?N), if m is the desired size of the representative set C. Besides,
it does not require to keep in memory or compute the entire Gram matrix K at any time.

Given a Gram matrix K of size NxN (the actual rank of K may be smaller than V),
the ICD of K is a Nxm matrix G, such that K can be approximated by L = GG™. The
approximate square root G, with rank m < N, is spanned by the columns of K indexed
by a list denoted by I = {I1,...,I,,} C {1,...,N}. This list corresponds to a codebook

C={by,...,bs,}, and leads to a low-rank approximation of the form [76] :
L=K(DHKID) KT (3.13)
where K(:,I) denotes the sub-matrix of the columns of Gram matrix K indexed by the
elements of I, and K(I,I) denotes the columns and rows indexed by I. This last squared
matrix is nothing but the Gram matrix on the codebook C.
Equation (3.13) is similar to the empirical map identity (3.9), and replacing K by L
means that all background supervectors ¢(b;) are approximated by their projections

on the codebook supervectors {¢(by,),...,d(bs, )}. The ICD picks out the codebook
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elements so as to minimize the trace? of the residual tr(K — L) [74]. It is straightforward
to show that this criterion is the mean squared error induced by the aforementioned
projection, estimated on the background supervectors.

The following proposition shows how to approximate our sequence kernel with a trac-
table form involving the fixed-size codebook C instead of all background data.
Proposition 2 :

The ICD approximation of the kernel K is given by
Rien (X, Y) = $ho(X)" R $e(Y) (3.14)

where

1

R = (LK(,D'K(,T) + eK(I,1))~ (3.15)

and where we define similarly to (3.7) the sequence empirical map on the codebook

% Zle k(bh?xt)
Po(X) =

7 i k(b xt)

Proof :
Projecting all background supervectors on the codebook in the feature space comes down

to replace the Gram matrix by L (3.13) and the empirical map (3.6) by :

Pp(x) ~ K, DKL) "e(x)
Taking into account these approximations and the fact that the Gram matrix K(I,I)

provided by the ICD is invertible, the Woodbury matrix inversion lemma gives after some

lines of calculus :
E(x,y) ~ e [k(x,y) — Wo(x)" KLD) ™ $e(y)]
e ()" (KD KT + KL D) o)

The first term vanishes if we project all supervectors ¢ (x), ¢ (y) on the codebook super-

vectors. We then extend the result to average sequence kernels by linearity to show the

2. The trace is a norm for positive semidefinite matrices and it can be shown that the residual is
positive semidefinite.
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proposition (3.14).

The computational complexity of the approximation %rcp(X,Y) is now O(m?) instead
of O(N?). In practice the value of m can be chosen to be much lower than N which leads
in turn to an efficient kernel computation. We thus achieved (with (3.14)) an efficient algo-
rithm to compute the FSNS kernels for any choice of the feature-space map ¢ associated

with a vector kernel k.

Note that computing a low-rank approximation via the ICD has itself a regulari-
zing effect, as it implicitly performs dimensionality reduction (similar to [77], where a
finite dimensional projection in the feature space is applied to regularize). Moreover, by
construction of the ICD, the matrix K(:,1)"K(:,I) is always numerically invertible. This
allows to choose a simpler expression with ¢ = 0 in (3.15). Experiments confirm that

taking a non zero € regularization does not improve performance.

The idea behind complexity reduction is to consider a low-rank approximation of the
Gram matrix, which amounts to a projection in a sub-space of the Feature Space. Such
methods have been applied to save computations in kernel methods, with the goal to
minimize information loss [73, 78, 74]. Even if the Gram matrix is full-rank, its eigens-
pectrum can decreases exponentially in many cases where the kernel is adapted to the
data distribution [79]. Small eigenvalues correspond to axes of the feature space where
the background data have small variance. These axes are discarded in low-rank approxi-
mation method likewise in kernel PCA [72]. Even if kernel PCA is optimal in the sense of
information loss, it is not suitable to reduce the complexity in our case. The main reason
is that principal eigenvectors are expressed in term of all background vectors because of
the preimage problem [80]. The form (3.14) for kernel PCA with m principal eigenvectors

{ay, ..., an, } would involve a map with the form :

[Wp(x)"ar - Pp(x)'au, }T instead of P (x).
Even if the dimension m of this map can be much lower than N, the kernel computation
complexity remains O(Nm). A natural solution to save computations using the kernel

trick is to select a codebook in the input space like it is done in proposition 2. Another
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method than the ICD to perform this goal is sparse kernel PCA [81] in which weight
vectors «; are sparse. But this method is cumbersome to run in our case, because of its

complexity O(N3) and its memory requirement O(N2).

3.5 Mahalanobis kernels in the feature space

3.5.1 Definition

A natural variant of the FSNS kernels % is to replace in (3.5) the second moment

matrix Sg with the empirical covariance matrix :

Zn =5 2 db)b(b:)" = 5 (D d(5:) (2 b (b)) (3.16)

This would provide a more intuitive interpretation to the resulting sequence kernel that

we note

1

RX,Y)=pX)"[Zp+el, ]
ba
Indeed the distance induced by the kernel k is the Root-Mean-Square of the Mahalanobis

B(v) (3.17)

distances (in the feature space) between all inter-sequence pairs of frames :

d(X,Y) = /X, X)2 = 28X, Y) + #(Y, Y)?

=V (B00-3) "ZL (B00-5v)
We thus call the family of kernels k Feature Space Mahalanobis Sequence (FSMS) kernels.

Fig.3.1 illustrates that our kernel is a dot product between whitened centroids of sets of
vectors. Note that with a kernel machine invariant to translation in the feature space,
such as SVM, using a FSMS kernel is equivalent to using a FSNS kernel with centered
map ¢ (x) — % > d(by).

Now assume that sequences’ supervectors {@(x¢) b1 and {d(y:)} i1 1 are iid
samples of two respective random vectors, and that the latter have Gaussian densities
with equal covariance (such an assumption is made for example in LDA [82]). Then, as

the empirical means are respectively ¢(X) and ¢(Y), and as the empirical regularized
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Input Space

Background B = {b;}

IIEEEI M e

Kernel trick

R(X,Y)

FI1GURE 3.1 — Simplified view of what implicitly performs the FSMS kernel.
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covariance on the background population is X., = Zp + €I, then the kernel (3.17)
induces a Mahalanobis distance between Gaussian empirical means, which corresponds
to the symmetric KL-divergence between estimated densities [60] (that is, in this special
case, proportional to the Bhattacharyya distance [83]). By this way, the FSMS kernels

can be seen as a kernels between probability densities in the feature space.

3.5.2 Dual/Kernelized form of the FSMS kernels

The following proposition shows that the results of the two previous sections can be
readily extended to the FSMS kernels k.

Proposition 3 :

— Using the span condition suggested by (3.9), the factorized kernelized form of FSMS

kernels is :
R(X,Y) = Pp(X)" [LKTK +I,] " Pp(Y) (3.18)
where TT = Iy — %JN is the centering matriz (Jy denotes the NxN matriz of all

ones).
— Without any span condition, FSMS kernels without regularization can be written :
ife=0, X, Y)=bp(X)" [FKIK] ™ Pp(Y) (3.19)

— The ICD approximation of k is given by

Fen(X,Y) = $o(X)" R $e(Y) (3.20)
where
R = (%K(:,I)THK(:,I) —i—gK(I,I))_l (3.21)
Proof :

If ® denotes the DxN matrix containing all background supervectors ¢ (b;), the expected

covariance matrix can be written g = %@ﬂiﬂ. The Woodbury matrix inversion lemma
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then gives :

F(oy) = 7 [k, y) — bp (0 THATTKIT 4 21,) Ty (y)|
Results (3.18) and (3.20) can be shown after some lines of calculus using the empirical
map identity (3.9) as it was done in the two previous sections. Identity (3.19) is obtained

using the same proof as for proposition 1 with a thin SVD of ®TT (instead of ® itself).

3.6 Experiments

3.6.1 Database and front-end processing

All sequences used for development and evaluation come from the NIST SRE data-
base in “core test” condition [84], limited to the female population. They include about
two minutes of telephone speech pronounced by a same speaker. The development pro-
tocol was defined by the Biosecure project [85] and involves distinct sets of speakers by
means of audio sequences from NIST 2003 and 2004 SREs. The background database
includes 283 sequences, that correspond to about 9 hours of speech. Besides, 113 additio-
nal sequences which involve other speakers are available : they can be used to compute
statistics for score normalization, or to increase impostor accesses for discriminative trai-
ning. The validation corpus consists in 7062 trials that involve 181 target speaker and
368 test sequences. After having tuned the system to perform as well as possible on the
validation set, NIST SRE 2005 is used to measuring the actual Detection Cost Function
(DCF). This criterion to minimize is a weighted sum of False Rejection and False Alarm
rates : DCF = 0.1FR% + 0.99FA%. We insist on the fact that development, validation
and evaluation involve non-overlapping sets of speakers.

As we concern ourselves with modeling strategy, we employed a classical front-end
processing for speaker verification. To extract acoustic vectors from a speech sequence,
12 MFCC and their first order time derivatives are extracted on 16ms window, at a
10ms frame rate. The derivative of the energy logarithm is also added. Then, a speech

activity detector discards silence frames, using an unsupervised bi-Gaussian modeling on
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the energy level [86]. Finally, the 25-dimensional input vectors are normalized by feature

warping [87] over 3 seconds windows.

3.6.2 System implementation

The first step is to run the ICD on the Gram matrix of background population. In
our case, it would be computationally expensive to run this iterative algorithm on a huge
amount NN of data, as we need to memorize O(Nm) real values. Our experiments showed
that it is not necessary to consider all background data available. We have roughly the
same performance when considering 20,000 background vectors or 200,000 background
vectors. We thus run the ICD on the Gram matrix of 20,000 background vectors picked
up randomly in the background corpus.

In our SVM speaker verification scheme, we have to train several target speaker models
using a common set of background sequences considered as impostors, whose sequence
maps are computed off-line and kept in memory. To give an idea, about 15% of training
sequences are retained as “support sequences” after SVM training with the (baseline)

GLDS kernel as well as with (fine tuned) FSNS kernels.

3.6.3 Development of SVM system with FSNS/FSMS kernels

In this section, we discuss how to tune the parameters of the FSNS kernel, of the form :
R(X,Y) = $o(X)" [LK(G,D)"PK(T) + eK(ILD] ™ $a(Y)
where ¢ is a positive scalar and where
Iy for FSNS kernels (without centering)

P p—
IT for FSMS kernels

The different parameters that characterize FSNS kernels are summed up in the following

list :
— Application or not of centering in the Feature Space ;

— Value of regularization parameter ¢ ;
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— Method of selection and size of the codebook C;
— General form and parameters values of the vector kernel k.

Other parameters involved by the use of SVM include the soft-margin cost parameter (for
model training) and the score threshold for decision taking. They are both chosen so as

to minimize the DCF on the validation set.

3.6.3.1 Kernel normalization and regularization strategies

Experiments showed that taking a non-zero regularization parameter € do not improve
robustness. This suggests that applying ICD to compute FSNS kernels amounts to apply
some regularization in the Feature Space. Besides, applying a projection matrix TT as
was suggested in (3.21) only slightly changes performance. Table 3.2 show corresponding
results for a Gaussian kernel & with m = 5,000 codebook vectors picked up with an ICD.

In the following sections, all the experiments are thus presented with e =0 and P = 1.

TABLE 3.2 — Performance on the validation set according to normalization strategy

Centering Reg. EER%) | minDCF (x10-3)
none €= 10.95 49.9
P=T1 €= 10.62 49.3
P=TI |¢=10°¢ 14.11 53.1
P=TI |e=10" 15.83 63.5

3.6.3.2 Choice of the codebook

As regards the choice of the codebook, we experimented some unsupervised Vec-
tor Quantization (VQ) algorithms [88] that are independent of the choice of the kernel
(contrary to the ICD), as it was done in [89]. Results show that using the ICD leads to
a better robustness. The gain in performance is relatively small when the vector kernel is
suited to the data, as shown in Table 3.3. Therefore, a good strategy to develop our new

system is to choose a first codebook with a classic VQ, then to tune the vector kernel,
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and finally to compute a new codebook using ICD based on the vector kernel that leaded
to the best results.

TABLE 3.3 — Performance on the validation set according to the choice of codebook (size 4096)

Kernel S;?;Eg Zl; EER®%) | minDCF (x10-3)
Gaussian ICD 11.61 50.3
Gaussian VQ 12.42 51.9

Polynomial ICD 12.13 51.4
Polynomial VQ 12.92 53.8

The number of input vectors in the codebook controls the approximation level but
has an influence on the computational complexity of the kernel computations. Through
this parameter, a compromise has to be done between robustness and efficiency. Table 3.4
shows that increasing the codebook size generally improves performance, up to a certain
point where results remain roughly the same. We thus choose m = 5,000 in all the

following experiments.

TABLE 3.4 — Performance on the validation set according to codebook size (Gaussian kernel)

Codebook size || EER(%) | minDCF (x10-3)
600 14.38 61.2
1,250 13.59 57.4
2,500 12.52 53.5
5,000 10.95 49.9
8,000 10.17 49.8

3.6.3.3 Choice of the vector kernel &k

Considering a polynomial kernel k(x,y) = (¢ + x"y)?, first experiments showed that
performance is better when taking a non-zero c. This means that it is better to take into
account all monomials with a degree equal or lower than p, as it is done with the GLDS

kernel (when ¢ = 0 only monomials with degree p are taken into account). We also checked
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that a FSNS polynomial kernel with ¢ > 0 and degree p = 3 gives the same results as the
GLDS kernel with a full whitening matrix S,. Improvement can be made by increasing
the degree to a certain extent. Table 3.5 show the main results concerning the tuning of

polynomial kernels.

TABLE 3.5 — Performance on the validation set for polynomial kernels

Sequence kernel EER%) | minDCF (x10-3)
GLDS (full S,) 12.21 52.6
FSNS, k(x,y) = (1 +x"y)? 12.14 52.6
FSNS, k(x,y) = (1 + x"y)? 11.82 51