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Résumé

Cette these se situe a la frontiere des domaines de la recherche d'information
multimédia et du traitement automatique de la parole. Dans ce dernier domaine, une nouvelle
tache est apparue ces dernieres années : la transcription enrichie d'un document audio. Une
meta-donnée importante pour la transcription enrichie est I'information /ocuteur qui précise
pour un document donné "Qui parle et quand?"”. La segmentation d’un document en locuteurs
est I’objet principal de cette these.

Au dela de la réalisation d’un systtme de segmentation en locuteurs basé sur la
modé¢lisation statistique du locuteur, notre intérét s’est porté sur l'intégration d'informations a
priori dans un systéeme de segmentation et aussi sur son application a la recherche
d'information multimédia. Dans tous les cas, nos travaux de recherche ont été validés dans un
cadre expérimental rigoureux autour de campagnes d’évaluation internationales sur des
données de différents types : enregistrements téléphoniques, journaux télévisés ou réunions.

Nos expérimentations concernant l'apport de différentes informations a priori, ont
montré une réduction importante d'erreur de segmentation dans le cas de l'utilisation des
certaines informations (une annotation incompléte disponible, une pré-segmentation
acoustique obtenue automatiquement).

Concernant 1’utilisation de I’information locuteur pour l'indexation d'une grande
collection de documents audio-visuels, les résultats expérimentaux montrent son apport dans
des taches de recherche et, inversement, montrent l'intérét du canal vidéo pour la
segmentation en locuteurs Notre travail se termine avec la proposition d’un systéme de
segmentation en histoires de documents vidéos qui utilise simultanément des données audio,

vidéo et texte.

Mots-clés : indexation, segmentation en locuteurs, mod¢les statistiques, recherche
d'information multimédia, informations a priori, segmentation de vidéos, segmentation en

histoires.






Abstract

This thesis work is at the frontier between multimedia information retrieval and
automatic speech processing. During the last years, a new task emerged in speech processing:
the rich transcription of an audio document. An important meta-data for rich transcription is
the speaker information which tells us "Who spoke when?" for a given audio document. The
speaker segmentation task is the main subject of this research work.

Beyond the development of a speaker segmentation system based on speaker statistical
modeling, our research interest concerned the use of a priori information for speaker
segmentation and also its application to multimedia information retrieval. Our research work
was validated in a rigorous experimental frame-work during international evaluation
campaigns on different data types: telephone data, broadcast news data and meeting data.

Our experiments concerning the influence of different a priori information have
shown a significant speaker segmentation error reduction for certain information (an
incomplete speaker annotation, an automatic acoustic pre-segmentation).

Concerning the use of speaker information for very large audio-video database
indexation, the experiments have shown its importance for information retrieval tasks but also
the interest of using the video channel for speaker segmentation itself. To conclude our
research work, we propose a story segmentation system for video documents which

simultaneously uses audio, video and text data.

Key Words: indexation, speaker segmentation, statistical modeling, multimedia

information retrieval, a priori information, video segmentation, story segmentation.
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e e présentateur du journal est généralement le locuteur majoritaire du document, le

locuteur qui parle le plus, méme si ceci n’est pas systématique.

La premicre régle est appliquée telle quelle. Toute personne qui parle pendant les cing
premicres minutes du journal est considérée comme étant un présentateur potentiel. Pour la
deuxiéme regle, 1’enregistrement est divis€ uniformément en intervalles de taille fixe (3
minutes chacun). Pour chaque locuteur, on compte le nombre d’intervalles sur lesquels il ne
parle pas. Le locuteur qui a le plus petit nombre d’intervalles sans intervention est sélectionné.
Enfin, si apres l'application de cette seconde régle nous avons toujours plus d’un présentateur

potentiel, le critére final est la quantité de parole attribuée a chaque locuteur (troisieme regle).

4.3. Expérimentations et résultats

Les résultats de cette section ont été obtenus sur le corpus TREC 4F 2003 composé de
4 enregistrements de journaux télévisés anglais (ABC, CNN) issus du corpus d'évaluation
TREC 2003. Nous présentons les expériences faites avec notre systéme de segmentation
audio/vidéo en locuteurs décrit dans la section 4.1 et celle correspondant a la recherche des

interventions du présentateur décrite dans la section 4.2.

4.3.1 Segmentation audio/vidéo en locuteurs

Pour I’étape de détection de changements de locuteur, nous avons utilisé les stratégies
présentées dans la Figure IV. 5. Les trois types de segments mis a I’entrée du module de
regroupement sont : uniquement audio (par BIC), uniquement vidéo (par détection de
frontiéres de plans vidéo) et combiné audio/vidéo (en fusionnant les changements détectés sur
les deux modalités).

Tableau IV. 5 L'erreur de segmentation sur le corpus TREC 4F 2003 en utilisant différentes
stratégies de détection de changements de locuteur
Détection de Audio Vidéo Audio/Vidéo
changements de locuteur | (BIC) (Plans) | (BIC + Plans)
Erreur de Segmentation | 29,72 % | 30,09 % 26,78 %

Les résultats du Tableau IV. 5 montrent que la meilleure détection de changement de
locuteur est la détection audio/vidéo. En fait, 1’utilisation des fronti¢res de plans vidéo permet

de fournir des segments homogenes issus de plans uni-locuteur qui sont majoritaires (presque
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80% apres analyse) et la détection de changements de locuteur basée classiquement sur le
canal audio permet de découper en segments homogénes les plans longs contenant de la
parole de plusieurs personnes. La détections de changements de locuteur conjointe

audio/vidéo mene ainsi a une réduction de I’erreur de segmentation initiale de 3 % en absolu.

4.3.2 Extraction de plans ou le présentateur parle

Cette partie décrit les résultats expérimentaux obtenus concernant la recherche du
présentateur d'un journal, sans données a priori, selon les régles qui exploitent la structure
d’un journal télévisé, énoncées dans la section 4.2.

Comme dans I’expérience précédente, le systeme de segmentation en locuteurs utilise
toujours les trois stratégies de détection de changements de locuteur présentées auparavant :
audio, vidéo et audio/vidéo. Les résultats de recherche du présentateur sont présentés d'abord
en terme d’erreur de détection (comme cela a été fait dans la section 3.2 de la partie
précédente : erreur proportionnelle au temps de signal mal étiqueté), et d’autre part en terme

de rappel et précision concernant les plans vidéo ou le présentateur parle.

Tableau IV. 6 L'erreur de détection du présentateur sur le corpus TREC 4F 2003

Détection de Audio Vidéo Audio/Vidéo
changements de locuteur | (BIC) (Plans) | (BIC + Plans)
Erreur de détection 13,90 15,61 10,80

Tableau I'V. 7 Taux de rappel, précision et F ratio pour I'extraction de plans ou le présentateur
parle, sur le corpus TREC 4F 2003

Détection de Audio Vidéo Audio/Vidéo
changements de locuteur | (BIC) (Plans) | (BIC + Plans)
Rappel 0,69 0,72 0,71
Précision 0,93 0,84 0,93
F ratio 0,79 0,78 0,81

L'erreur de détection présentée dans le Tableau IV. 6 est obtenue comme dans la
Figure IV. 8, a partir d’un étiquetage de référence et d’une sortie automatique indiquant

"présentateur” ou "inconnu".
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Figure IV. 8 Calcul de l'erreur de détection du présentateur

Les résultats obtenus dans le Tableau IV. 6 confirment les résultats obtenus par le
systéme de segmentation audio/vidéo présentés dans le Tableau IV.5. L'utilisation de la
détection de frontieres de plans vidéo combinée avec la détection audio de changements de
locuteur donne au final une réduction d'erreur de détection de 3% en absolu, comme pour la
segmentation en locuteurs. Ce taux d'erreur n'est pas vraiment comparable avec celui
qu’obtiendrait un systéme de suivi du locuteur classique. Par exemple, les taux d'erreur en
suivi de locuteur obtenus par les participants aux évaluations ESTER sont beaucoup plus bas,
jusqu’a 2% d’erreur de détection. Mais il ne faut pas oublier que notre résultat est obtenu sans
modele a priori du présentateur. L'avantage est que notre systéme peut fonctionner sans
nécessiter un ré-apprentissage lorsqu’un nouveau locuteur apparait. Son défaut est, qu’en
revanche, son utilisation est limitée a des documents de type journaux télévisés présentant une
structure particuliere.

Les améliorations sont aussi visibles dans le Tableau IV. 7 en termes de meilleur taux
de précision et meilleur F ratio pour un taux de rappel comparable avec la détection vidéo.

D’un point de vue recherche d’information, la détection de plans ou le présentateur
parle semble donc assez robuste et pouvoir apporter un aide importante a d'autres taches d'un
plus haut niveau d'abstraction comme le résumé automatique de vidéos ou la segmentation en

histoires qui fera le sujet de la prochaine section.
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5. Vers une segmentation vidéo multimodale : la segmentation en

histoires

A partir de I’année 2003, une nouvelle tache est apparue pour les évaluations
TRECVID. C’est la segmentation en histoires, qui consiste a détecter des frontiéres de sujets
de journaux télévisés.

Une histoire est définie comme un segment de journal télévisé avec un sujet central
(news focus) cohérent qui contient au moins deux énoncés déclaratifs. Tout autre segment
cohérent est considéré comme étant divers (miscelaneous) et correspond a des séquences de

publicité, des jingles, ou des conversations spontanées (chit-chat) entre les reporters.

5.1.  Un premier systéme de segmentation en histoires proposé au CLIPS

La détection de frontieres d’histoires sur des documents audio-vidéo illustre
parfaitement le probléme de gap sémantique bien connu en recherche d’information
multimodale. L’information que nous désirons retrouver (les frontiéres d’histoires) est tres
¢loignée de toute information qu’on peut extraire directement a partir du signal audio ou
vidéo, comme la détection de plans vidéo ou la détection de changements de locuteur.

Une histoire peut contenir plusieurs plans vidéo. Par exemple, le présentateur du
journal annonce le sujet et donne la parole a un reporter, plusieurs personnes sont interviewés
par le reporter, et le sujet est ensuite cloturé a nouveau dans le studio par le présentateur. Dans
d’autres cas, un plan vidéo peut contenir plusieurs histoires. C’est le cas typique des plans de
début de journal ou le présentateur annonce successivement les principaux titres qui
constituent autant d’histoires différentes.

Une histoire peut également étre précédée d'un court générique (jingle) comme la
rubrique météo par exemple. Une approche qui tiendrait compte de multiples informations
issues de multiples détecteurs est alors indispensable.

Pour la détection de frontiéres d’histoires nous avons fait plusieurs observations
empiriques des données de développement TREC 2003. A partir de ces observations nous
pouvons dire que dans certains cas :

a. un long silence peut correspondre a un changement d'histoire ;

b. un changement de plan vidéo peut correspondre a un changement d'histoire ;

c. un changement de locuteur peut correspondre a un changement d'histoire ;
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d. le début ou la fin d'une intervention du présentateur du journal peut correspondre a

un changement d'histoire ;

e. un jingle (ou générique) peut correspondre a un changement d'histoire ;

f. certains mots clés détectés a partir de la transcription automatique peuvent

correspondrent & un changement d'histoire.

Au vu de ces hypothéses, un premier systétme de segmentation en histoires a été
développé au CLIPS et présenté aux évaluations TREC 2004. Nous ne présenterons pas tous
les détails techniques des détecteurs utilisés dans ce systéme, mais insisterons seulement sur
I’intérét des détecteurs utilisant 1’information locuteur pour cette tache, qui correspondent aux
observations ¢) et d) faites précédemment (détection de changements de locuteur et détection
du présentateur). Tous les détails techniques sur le systtme du CLIPS de segmentation en
histoires sont présentés dans [Besacier 2004]. Pour résumer, la difficulté¢ vient du fait que
chaque détecteur donne lui méme des frontieres qu’il va falloir ensuite fusionner pour rendre

une décision finale de frontiéres d’histoires.

5.2.  Premiers résultats expérimentaux

La segmentation en histoires est évaluée en termes de taux de rappel et précision. Dans
la vérité terrain disponible, les histoires se succedent 1’'une apres l'autre sans intervalle de
pause entre elles et sans se superposer. Une frontiére d'histoire est considérée comme
correctement détectée si le systéme a placé une frontiere d'histoire dans un intervalle de 5
secondes autour de la frontiere de référence.

Les performances pour la tiche de segmentation en histoires, obtenues séparément
pour les différentes informations utilisées dans le systtme du CLIPS, sont présentées dans
Tableau IV. 8. Les performances du systéme total résultant de la fusion de toutes ces

informations multimodales sont également présentées sur la derniere ligne de ce tableau.
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Tableau I'V. 8 Segmentation en histoires, taux de rappel, taux de précision et F Ratio
(évaluation réalisée sur 50 heures de signal vidéo du corpus TREC 2003)

Information Rappel Précision F Ratio
a) Pauses 0.613 0.344 0.44
b) Frontiéres Plans 0.934 0.142 0.25
¢) Changements de
locuteur, BIC 0.782 0.176 0.25
d) Détection
Présentateur 0205 0702 032
e) Jingles 0.028 0.735 0.05
f) Mots clés issus de
la transcription 0.252 0.657 0.36
automatique
Systeme total 0.616 0.418 0.50

Ces résultats montrent que 1’information locuteur peut €tre intéressante pour aider un
systeme de segmentation de plus haut niveau sémantique comme la segmentation en histoires.
La détection de changement de locuteurs permet une bonne présélection des frontiéres
d’histoire (rappel important), méme si, bien siir, ¢a n’est pas une information trés précise car
beaucoup d’histoires contiennent des interventions de plusieurs locuteurs. La détection de
présentateurs est en revanche une information relativement précise (P=0.7) puisque le début
de certaines histoires correspond exactement au début d’une nouvelle intervention du
présentateur. Finalement, les performances du systéme global sont trés encourageantes
comparées a celles obtenues par les autres participants a la taiche (CLIPS vient de se classer
3°/6 participants sur cette tache lors des évaluations TREC 2004), méme avec une stratégie de

fusion encore trés naive.

6. Conclusions

Dans cette partie, nous nous sommes intéressés a des taches d’indexation d'une grande
collection de documents vidéo. Depuis 1992, NIST (National Institute of Standards and
Technology) organise la campagne d'évaluation TREC avec comme but d'encourager les

travaux dans le domaine de la recherche d'information en fournissant des grandes collections
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de données. Depuis 2001, les données vidéo ont commencé a faire partie des données
d'évaluation.

Dans le contexte de ces évaluations, nous nous sommes intéressé particulicrement a
l'apport de l'information locuteur extraite a partir du canal audio sur l'indexation de
documents vidéo. Notre participation aux campagnes 2002 et 2003 nous a permis d’avoir une
premicre expérience de la tdche de recherche d’information multimodale sur de grandes
quantit¢ de vidéos : métriques d’évaluation différentes, grande écart de difficulté entre les
taches, nécessité d’utiliser une information multimodale, etc.

De cette expérience, nous avons défini nos propres taches de recherche, intéressantes
d’un point de vue locuteur, dans le but de répondre a deux questions principales : est-ce que la
segmentation en locuteurs peut apporter des informations utiles pour I'indexation de
documents vidéo ? Et, inversement, est-ce que les informations extraites a partir du canal
vidéo peuvent étre utiles pour améliorer le résultat d'un systeme de segmentation en
locuteurs ?

Nous nous sommes donc intéressé a l'apport de l'information vidéo sur une tache
purement audio qui est la segmentation en locuteurs. Les résultats obtenus montrent une
réduction d'environ 3 % en absolu de l'erreur de segmentation en utilisant un systéme de
segmentation audio/vidéo.

Nous avons également proposé une méthode originale pour la détection du
présentateur d'un journal télévisé. L'originalité de l'approche vient de la non-utilisation d'un
modele probabiliste du locuteur cible, comme cela est le cas dans un systeme de suivi de
locuteur classique. Le présentateur est identifié uniquement a partir du résultat du systéme de
segmentation en locuteurs et des quelques régles empiriques issues de connaissances a priori
sur la structure des documents de journaux télévisés.

Dans la derniere partie, nous abordons la problématique de la segmentation d’un
document vidéo en utilisant des informations issues de détecteurs différents (texte, audio,
vidéo) : la segmentation en histoires. Nous avons vu que les informations locuteur sont
exploitables pour améliorer un systéme général de segmentation de vidéo, notamment la

sortie d’un détecteur de présentateur, qui joue un role important.
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Cette partie résume le travail réalis¢ dans cette thése et met en évidence nos
contributions. Nous y présentons également les perspectives a court terme et a long

terme de nos travaux.
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1. Conclusions

Dans cette theése, nous avons abordé le probleme de la segmentation en locuteurs de
documents audio et son application dans un cadre plus vaste, au deld du domaine audio, qui
est l'indexation d'une grande collection de documents vidéo.

La quantité¢ de données numériques qui est disponible pour le grand public sur le web,
sur les chaines média numériques (télévisions et radio) ou dans les archives de différents
instituts et bibliotheques est de plus en plus importante. L'annotation selon le contenu d'une
telle quantité de données est indispensable pour un accés facile & ce type de corpus. La
segmentation en locuteurs est une des premicres étapes vers une annotation structurée d'un
document multimédia. Nous exposons dans un premier temps les principales contributions de

cette theése avant d’évoquer les perspectives de ce travail.

1.1. Evaluation d’un systéme sur le long terme et sur plusieurs types de

données.

Notre travail a suivi la méthodologie définie dans le chapitre d’introduction. Dans un
premier temps, nous avons réalisé un systeme de segmentation en locuteurs de référence. Ce
systéme, pour lequel nous retrouvons les principales étapes de l'architecture générale d'un
systéme de segmentation (la paramétrisation, la détection de changements de locuteur et le
regroupement) a fait ses preuves pendant les évaluations NIST SpRec 2002. Lors de ces
¢valuations, malgré sa simplicité, notre systéme a notamment obtenu le meilleur résultat sur la
tache de segmentation en locuteurs de documents de réunion.

Cependant, ce systéme initial ne répondait pas directement aux trois problémes
énoncés dans l'introduction de cette theése. Ces trois problémes étaient : la possibilité d'estimer
de facon automatique le nombre de locuteurs présents dans un document (p1), la possibilité de
traiter un flux audio hétérogeéne contenant de la parole de qualité variable, de la musique, du
silence, etc. (p2) et la nécessité de traiter de la parole spontanée avec nombreux
recouvrements entre les interventions des locuteurs (p3). Les deux premiers problémes sont
spécifiques aux données de type journaux télévisés et radiodiffusés. Comme la plupart de nos
travaux ont été faits sur ce type de données, ces deux problémes ont été abordés en priorité

dans cette thése.
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Notre systéme initial a été alors amélioré au niveau de la paramétrisation et en
proposant une méthode d'estimation du nombre de locuteurs présents dans un enregistrement.
Ce module, indispensable pour les enregistrements de type journaux télévisés et radiodiffusés
proposés dans les évaluations NIST et ESTER, répond au premier probléme énoncé (p1).

Ces améliorations sont le résultat d'une expérience accumulée au fur et a mesure des
différentes campagnes d'évaluations auxquelles nous avons participé pendant plusieurs années
(voir récapitulatif Tableau 1). Ces évaluations nous ont permis de tester notre systeme de
référence dans des conditions expérimentales solides, sur une grande quantité des données de
différents types (téléphoniques, réunions, journaux) et dans deux langues différentes : anglais
et frangais.

Tableau 1 Evolution des taux d’erreur de notre systéme sur 3 ans et sur différentes données.

Synthése de résultats sur les corpus NIST SpRec 2002, NIST RT 2003 et NIST RT 2004
Meeting

Données 2002 2003 2004

Données Téléphoniques | 16,58 % - -
Données Journaux 30,33 % | 19,25 % -
Données Réunions 50,20 % - 22,6 %

Solutions proposées - pl +p2 p3

1.2.  Utilisation d’informations a priori pour la segmentation en locuteurs

L'expérience accumulée lors de ces campagnes d'évaluation nous a permis d'aborder
ensuite une partie plus originale de la theése. Par hypotheése, spécifique au cadre de ces
¢valuations, nous ne disposions d'aucune information concernant les documents analysés pour
la segmentation en locuteurs.

Cependant, dans certaines applications pratiques et sur certaines données, il est
possible de disposer d'informations a priori utiles avant de traiter 1'enregistrement. Il existe
deux grands types d'informations auxquelles nous pouvons avoir accés : des informations
issues d'une annotation automatique et des informations issues d'une annotation manuelle.

L'utilisation des informations a priori issues d'une annotation automatique faite par un
autre systeme, nous meénent généralement vers une réduction de l'erreur de segmentation.
Nous avons vu notamment qu’une premicre annotation en classes acoustiques permet de

traiter efficacement des documents hétérogeénes (probléme p2) en conservant un systéme de
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segmentation en locuteurs performant. Dans le méme esprit, une pré-segmentation en
locuteurs issue d’un autre systéme, ou la sortie d’un systéme de suivi du locuteur cible,
peuvent étre utilisés avantageusement comme étape préliminaire pour affiner un systéme de
segmentation. Par exemple, [’utilisation en cascade de notre systéme et de celui développé au
LIA, nous a permis d'obtenir le deuxiéme meilleur résultat officiel lors des évaluations NIST
RT 2003 parmi huit autres participants.

Concernant la deuxiéme catégorie d'informations, les informations issues d'une
annotation manuelle, la connaissance a priori du nombre de locuteurs ne semble pas apporter
d'amélioration a notre systéme, notamment a cause du fait que la méthode d'estimation
automatique du nombre de locuteurs que nous avons proposée est déja assez précise. Par
contre, l'utilisation d'une annotation de référence incompléte qui génere des données de
référence pour chaque locuteur conduit a une réduction importante de 'erreur de segmentation
mais aussi du temps d'exécution. L'utilisation de ce type d'informations est tout a fait réaliste
dans certaines conditions pratiques et permet d'optimiser le résultat d'un systéme de
segmentation classique.

Le dernier aspect encourageant a ¢t¢ l'utilisation du signal audio issu de plusieurs
capteurs différents, situation spécifique aux enregistrements de réunions. Sans utiliser de
techniques de séparation de sources, nous avons extrait la parole appartenant a chaque
locuteur a partir de résultats de segmentation obtenus individuellement sur chaque capteur.
Cette approche a donné de bons résultats malgré la difficulté¢ de la tache due a la spontanéité
de la conversation et nous a permis de proposer une premiere piste pour le troisiéme probléme
(p3). Le taux d'erreur de segmentation obtenu sur des données de réunion en 2004 est méme
comparable avec celui obtenu sur des documents de type journaux télévises.

Il est tout de méme important de noter que nos conclusions en ce qui concerne
I'influence des informations a priori sur la segmentation en locuteurs, sont en partie
influencées par la mesure de performance utilisée. Le taux d'erreur actuel est calculé trame
par trame et correspond a une proportion de signal mal étiqueté, ce qui donne la possibilité
d'obtenir des performances acceptables sans détecter par exemple les locuteurs qui ne parlent
pas beaucoup dans un document. Ainsi, nous sommes arrivés a la conclusion qu'il est mieux
d'estimer le nombre de locuteurs plutot que d'utiliser la connaissance a priori du nombre réel
de locuteurs présents dans un enregistrement. Cependant, nous sommes bien conscients que
certains de ces locuteurs minoritaires, mal détectés par notre systéme, pourraient justement

s’avérer étre les plus intéressants dans un tache de recherche d’informations.
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1.3.  Application a la recherche d’informations multimédia

Dans la derniére partie de la thése, nous nous sommes intéressé a 1’application de
notre systéeme a une tache d'indexation d'une grande collection de documents vidéo. Nos
travaux de recherche ont été faits dans le cadre des évaluations TREC (Text REtrieval
Conference) organisées également par NIST. Cette fois ci, I'évaluation était faite au niveau du
plan vidéo qui est considéré comme une unité d'indexation ¢élémentaire, et les mesures de
performance utilisées ¢étaient spécifiques au domaine de la recherche d'informations
(précision, rappel).

Notre insertion dans ce domaine nouveau s’est faite via la participation officielle du
laboratoire a certaines taches proposés dans les évaluations TRECVID 2002 et 2003. De cette
expérience, nous avons défini nos propres taches de recherche, intéressantes d’un point de vue
locuteur, dans le but de répondre a deux questions principales : est-ce que la segmentation en
locuteurs peut apporter des informations utiles pour 1'indexation de documents vidéo ? Et,
inversement, est-ce que les informations extraites a partir du canal vidéo peuvent étre utiles
pour améliorer le résultat d'un systéme de segmentation en locuteurs ?

Concernant l'apport de l'information vidéo sur une tache purement audio de
segmentation en locuteurs, les résultats obtenus ont montré une réduction d'environ 3 % en
absolu de l'erreur grace a un systéme de segmentation en locuteurs "audio-visuel".

A partir d'un résultat de segmentation en locuteurs, nous avons proposé une méthode
originale pour la recherche de plans vidéos contenant le présentateur d'un journal télévisé.
L'originalit¢ de l'approche est due a l'absence d'un modele probabiliste du locuteur cible,
présent dans tout systeme de suivi de locuteur classique. Le présentateur est identifié
uniquement a partir du résultat du systéme de segmentation en locuteurs et avec quelques
régles empiriques issues de connaissances sur la structure d'un journal télévisé.

Les dernieres expérimentations présentent une approche multimodale pour la
segmentation en histoires de documents vidéo. Dans cette approche, nous avons montré que
les informations locuteur obtenues avec les méthodes présentées dans cette thése, permettent

d'aider a améliorer un systéme de découpage plus sémantique d'un document vidéo.
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2. Perspectives

Malgré les progrés récents dans la segmentation en locuteurs concrétisés par une
réduction d'erreur de segmentation lors des évaluations NIST (voir Tableau 1) nous sommes
loin d'une méthode de segmentation en locuteurs parfaite.

Plusieurs questions restes ouvertes, notamment la difficulté de détecter les locuteurs
qui ne parlent pas beaucoup appelés minoritaires et la difficulté de traiter la parole spontanée
contenant du recouvrement entre différents locuteurs. Concernant le premier probléme, une
solution qui pourrait étre envisagée est de donner plus d'importance a la phase de détection de
changements de locuteur. Les interventions de locuteurs minoritaires sont généralement
correctement détectées lors de la phase de détection de changements de locuteur, mais leur
faible quantit¢ de données n'arrive pas a former une classe a part lors de la phase de
regroupement de segments. Le critere d'arrét de la phase de regroupement, qui est
actuellement utilisé par notre systéme, est une coupure du dendrogramme a une hauteur fixe.
Par des observation empiriques, nous avons remarqué que cette méthode privilégie la création
de classes finales qui ont une grande taille dés le début du regroupement. L'utilisation d'une
méthode d'é¢lagage de I’arbre du dendrogramme, pour la sélection du résultat final du
regroupement, pourrait étre une solution menant a de meilleurs résultats, privilégiant ainsi les
classes qui contiennent moins de données au départ (locuteurs minoritaires).

Concernant le traitement de la parole spontanée (les locuteurs qui parlent en méme
temps, qui se coupent la parole, longueur d'interventions de tailles trés variables, etc.),
notamment dans le cas d'enregistrements de type réunion, les techniques utilisées dans la
séparation de sources peuvent s'avérer particulierement utiles. Ces méthodes permettent, a
partir de signaux captés par plusieurs microphones, de séparer les différents locuteurs qui
parlent en méme temps a condition que le nombre de microphones soit suffisamment
important par rapport au nombre de locuteurs superposés.

La segmentation en locuteurs est une meta-donnée importante pour la transcription
enrichie de documents multimédia. Jusqu'a présent, la reconnaissance de la parole utilise la
segmentation en locuteurs comme donnée a priori mais, par contre la segmentation en
locuteurs n'utilise pas le résultat de la reconnaissance de la parole. La segmentation en
locuteurs est faite uniquement a partir des indices purement acoustiques, mais l'utilisation
d'indices linguistiques et prosodiques est parfaitement envisageable. Les informations
linguistiques comme les mots clés pourraient étre utilisées pour trouver les fins et les débuts

des interventions de locuteurs. Les informations prosodiques comme la fréquence
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fondamentale ou le débit verbal qui peuvent varier d'un locuteur a l'autre pourraient étre
utilisées pour la détection de changements de locuteur notamment dans des conditions de
parole spontanée mais aussi pour nous mener vers la détection d'autres types de meta-données
comme les hésitations (disfluencies) trés fréquentes dans les conversations spontanées. Cette
interaction entre plusieurs types d'informations différentes nous meénerait vers une intégration
de notre systéme de segmentation en locuteurs dans un systéme de transcription enrichie qui
reste un des objectifs principaux dans le domaine de la reconnaissance de la parole.

Un moteur de transcription enrichie peut utiliser plusieurs systémes de segmentation
en locuteurs en méme temps. Nous avons proposé¢ une méthode de fusion de résultats de
segmentation en locuteurs mais cette méthode est appliquée uniquement sur les résultats
finaux (ou sorties) des systémes. Une suite logique serait d'envisager une interaction entre les
systémes ¢également au niveau des résultats intermédiaires. Nous pourrions par exemple
surestimer le nombre de locuteurs lors de la phase de regroupement hiérarchique, et utiliser ce
résultat intermédiaire pour initialiser un autre systéme (comme nous l'avons fait pour le
systeme LIA) et revenir ensuite dans le premier systéme.

Dans la partie de la theése consacrée a 1’application de notre systéme a une tiche de
recherche d’information, nous avons propos¢ une premicre utilisation conjointe des
informations audio issues de la segmentation en locuteurs et des informations vidéo.
L'interaction entre les deux modalités reste cependant assez faible, dans le cas de la
segmentation en locuteurs elle est réduite a seulement une concaténation du résultat de la
détection de frontieres de plans vidéo avec celui de la détection de changements de locuteur.

Plus d'interaction entre les différentes sources d'informations nous menera vers des
techniques de fusion de données plus complexes et vers de traitement de signaux plus
complexes, notamment sur le signal vidéo. D'une facon générale nous pouvons parler de deux
type d'interactions : interactions tardives et interactions précoces. Si les parametres extraits a
partir de chaque source d'information audio et vidéo sont traités de fagcon indépendante et si
les résultats selon chaque source d'information sont fusionnés aprés le traitement, nous
pouvons parler alors d'interaction tardive. Ce type d'interaction a été¢ abordé dans la derniére
partie de la these. Si les paramétres extraits a partir de chaque source d'information audio et
vidéo sont fusionnés avant le traitement, nous pouvons parle alors d'interaction précoce. Le
traitement appliqué pourrait étre par exemple une détection de changements de locuteur suivi

d'un regroupement hiérarchique a partir de vecteurs de parametres audio-vidéo.
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Enfin la segmentation en locuteurs peut étre trés bien utilisée directement dans un
moteur de recherche de documents audio et/ou vidéo. Dans le systéme de recherche vidéo
interactive de laboratoire CLIPS (http://korsakov0.imag.fr/cvsp/ctrec12.html), l'utilisateur
peut faire sa requéte a partir des mots clés, a partir d'une annotation selon différentes
caractéristiques (paysage extérieur, intérieur studio, événement sportif, etc.), similarité
d'image, etc. A partir des réponses proposées qui sont des plans vidéo, il peut sélectionner
certains d'entre eux et raffiner sa recherche en demandant une recherche dans le voisinage
temporel des plans vidéo sélectionnées. Avec un systéme de segmentation en locuteurs
intégré, il pourrait alors raffiner sa recherche en demandant a partir des plans vidéo

sélectionnés d'autre plans vidéo ou les mémes locuteurs parlent (voisinage acoustique).
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Démonstration de la formule de rapport de vraisemblance généralisé

Soit une séquence x={xn}, n=1...N de N vecteurs acoustiques de dimension d

modélisé par une gaussienne multidimensionnelle G (,X). Sa distribution de probabilité est

donnée par :

P(x,G(u,x :;lex Vs (- (A. 1)
(02 b5 == -0

La vraisemblance de la séquence x par rapporta G (u,X) est donnée par :
s 1
Llwu2)=[]—F— exp(—g(x -u)=x, —#)) (A.2)

Le logarithme de cette expression donne :
Nd
logL(x;,u,Z)=—TIOg(2ﬁ)—?log|Z|—Ez X, — ,u)TZ (x ,u) (A.3)
i=1

Soit deux séquences de vecteurs xz{xn}, n=1...N, et yz{yn}, n=1...N,. Soit
z:{zn}, n=1...N (N=N,+N,) l'union des deux séquences x et y. Soit les deux
hypothéses suivantes pour les s€quences de vecteurs x et y :

] H

, - les séquences de vecteurs ont été générées par le méme gaussienne

multidimensionnelle G ( U, 2) ;

* H, :les séquences de vecteurs ont été¢ générées par deux gaussiennes différentes

X = G(;ul’zl) et y= G(:uzﬁz’z)'

Le rapport de vraisemblance associé a ce test d'hypothese est :
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L(X;/lpz])'[‘(y;luzszz)
Le logarithme de ce rapport de vraisemblance est :
R=—logA=—logL(z; 1, %)+ logL(x;ul,Zl)+ logL(y;uz,Zz)
:glog|2| 10g|2|— 210g|2 |+2 z, —,u)TZ (z —u)- (A.5)
1

_z ,ul)Tle(xi—ﬂl)—%i(yi—,u)TEzl(y[—luz)

i=l i=1

\S)

Si ok,1] désigne I'élément de la k -iéme ligne et de la i-iéme colonne de X' et

z, | j] et ,u[ j] les j-iemes vecteurs ¢léments des vecteurs z, et 4 respectivement. Nous

pouvons alors écrire :

pCRINEAERIES 3 Doyl I I oINS 713} TN

Soit S la matrice de covariance estimée a partir des vecteurs et s[k,l ] ses ¢léments.

Cette matrice est par définition de la forme :

S=Y(emn)-(z ) (A7)
it = 2 el k) (s[1)- ) (A.8)

(A. 9)
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ou tr(-) est la trace de la matrice.

Si nous faisons de plus I'hypothése que S =X, ¢a veut dire que l'estimée de la matrice
de covariance sur les échantillons est égale a la matrice de covariance théorique alors

'S =1 , ou I, estla matrice identit¢ d'ordre d .

Dans ce cas on peut écrire :

M-

1l
—

(z,—u)=(z,—p)=Nd (A. 10)
Avec ce dernier résultat, 'équation (A. 5) :

N
=—10g/1—?10g|2| 10g|2|——210g|2 |+ zl—,u)TZ_l(zi—,u)—
i=1

N,

—%Z(x,- — 2 (x - )—%Z(yi —1,)2 (v, - 1) (A. 11)

i=1

Nd Nd N,
2 2

=?10g|2| 10g|2|— 210g|2 |+
En tenant compte que N = N, + N, on retrouve la formule (II. 5) :

R= N+ 2N2 lo |Z| N 10g|2 |——210g|2 | (A. 12)
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Abstract

This paper presents an attempt to use supplementary
information for audio data diarization. The approach is based
on the use of a priori information about the speakers involved
in dialogue. Those specific information are the number of
speakers involved in conversation, and training data available
for one speaker or for all the speakers involved in
conversation. The experiments were mainly conducted on the
2003 Rich Transcription Diarization corpus both Dry Run
Corpus and Evaluation corpus. The results show that knowing
a priori the exact number of speakers seems not to be a very
useful information. On the other hand, using a priori speaker
models for one or all speakers involved in the conversation,
may improve diarization performance when enough data is
available to train reliable speaker models.

1. Introduction

Speaker diarization (or segmentation) is a new speech
processing task resulting from the increase in the number of
multimedia documents that need to be properly archived and
accessed. One key of indexing can be speaker identity.

The goal of speaker diarization is to segment a N-speaker
audio document in homogeneous parts containing the voice of
only one speaker (also called speaker change detection
process) and to associate the resulting segments by matching
those belonging to a same speaker (clustering process). In
most papers recently published in this new domain [1], [2],
[3], an assumption is generally that no a priori information is
available on the number of speakers involved in the
conversation as well as on the identity of the speakers and on
the nature of the conversation. A consequence of this is that no
speaker reference is supposed to be available before
segmenting an audio signal for instance.

This limitation may however not be so rough for some
applications and conditions for which we can reasonnably
hope to have a priori information. For instance, we may be
informed of the type of conversation to be segmented
(broadcast news, telephone or meeting data) for which speech
signal quality and speaker turn length differ. One may also
have some speaker reference models known a priori. For
example, in a telephone meeting room system, one can ask to
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all the participants to orally present themselves before the
meeting starts, in order to get few seconds of speech reference
per speaker. In broadcast news documents, one may also have
speaker references for a limited number of persons (news
presenters for instance). Finally, information about the
verbosity of speakers, i.e. wether they are known to speak a lot
or not in a conversation, may be also an interesting
information.

This paper is an attempt to investigate how helpful could
be such kind of a priori information for speaker segmentation
and how it compares with a reference state of the art
segmentation system which uses no a priori information. Our
state-of-the-art system was developped at CLIPS laboratory
for both NIST 2002 and RT (See
http://www.nist.gov/speech/tests/rt/rt2003/index.htm for more
details) 2003 speaker segmentation evaluations.

Section 2 gives a brief description of the reference CLIPS
diarization system used for the experiments. Section 3
proposes some solutions for including a priori information in
speaker diarization. The performance of the various
propositions are shown and discussed in Section 4. Finally,
Section 5 concludes this work and gives some perspectives.

2. The Clips diarization system

This section presents the CLIPS diarization system [4] used
during the NIST Rich Transcription Evaluation .

The CLIPS system is a state of the art diarization system
based on a BIC (Bayesian Information Criterion) speaker
change detector [5], [6], [7] followed by an hierarchical
clustering. It uses the ELISA frame-work [8], [9] for the
parametrization of the acoustic signal and for the speaker
models used for clustering. The clustering stop condition is the
estimation of the number of speakers using a penalized BIC
criterion.

Segmentation

' Result

Pre-Segmentaion
BIC

Clustering

I Sp Estimated

-
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Figure I: The CLIPS segmentation system

As a preliminary phase we use the LIA hierarchical
acoustic pre-segmentation [10] in Speech / Non-Speech,
gender and bandwidth. Finally we obtain 4 acoustic classes:
male wideband, female wideband, male narrowband, female
narrowband. The goal of the acoustic pre-segmentation is to
eliminate the false alarm speech errors penalized by the error
metric and to improve the performance of the clustering phase
(e.g: by not clustering together segments labeled as male and
female). The acoustic segmentation is applied individually on
each class and the results are merged in the end.

A BIC approach is then used to define first potential
speaker changes. A BIC curve is extracted by computing a
distance between two 1.75s adjacent windows that go along
the signal. Mono-Gaussian models with diagonal covariance
matrices are used to model the two windows. A threshold is
then applied on the BIC curve to find the most likely speaker
change points which correspond to the local maximums of the
curve.

Clustering starts by first training a 32 components GMM
background model (with diagonal covariance matrices) on the
entire test file maximizing a ML criterion using a classical EM
algorithm. Segments models are then trained using MAP
adaptation [11] of the background model (means only). Next,
BIC distances are computed between segment models and the
closest segments are merged at each step of the algorithm until
N segments are left (corresponding to the N speakers in the
conversation).

The number of speakers is estimated (see section 3) using
a penalized BIC criterion.

The signal is characterized by 16 mel Cepstral features
(MFCC) computed every 10ms on 20ms windows using 56
filter banks. Then the Cepstral features are augmented by
energy. No frame removal or any coefficient normalization is
applied.

3. Including a priori information

Among the different types of a priori information, we are
mainly interested in :

e number of speakers involved in the conversation;

e training data available for all speakers involved in
conversation;

e training data available for only one or for few of the
speakers involved in the conversation.

3.1 Knowing or not the number of speakers
3.1.1 Differences between the types of conversation

The number of speakers involved in dialogue is
conversation type dependent: for telephone speech the number
is fixed and is 2, for meeting speech the number can be usually
known (the list of participants may be known before the
meeting) but is greater than two, for broadcast news data the
number of speakers is usually unknown and must be
estimated.

If we know a priori the number of speakers involved in
the conversation, since no estimation of the number of
speakers is needed, our segmentation system changes as in the
next figure:
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Figure 2: The segmentation system when the number of
speakers is known

3.1.2 Estimating the number of speakers

When the number of speakers is unknown, it must be
estimated. The estimation of the number of speakers involved
in conversation is used as a stop criterion for the clustering
phase of the segmentation system. In this case, the number of
speakers is estimated using an algorithm based on a penalized
BIC criterion.

At first the number of speakers is limited between 1 and
25. The upper limit depends usually on the recording size
(e.g.: for 30 minutes audio files the limit is set to 25). Then,
we select the number of speakers (NSp) that maximizes:

BIC(M)=logL(X |M)~AZENsplogNx (1)

where M is the model composed of NSp models, Nx is the
total number of speech frames involved, m is a parameter that
depends on the complexity of the speaker models and A is a
tuning parameter empirically set to 0.6. The first term is the
overall log-likelihood of the data while the second term is
used to penalize the complexity of the model. We need the
second term because the log-likelihood of the data increases
with the number of models (speakers) involved in the
calculation of L(X M ) .

Let Xi and M be the speech data and respectively the
model of speaker i. Then we have:

LOXIM)=L((X1,X2,.., X Nsp )(M1,M2,.. ,MNsp)) 2)

If we make the hypothesis that the data Xi depends only
on the speaker model Mi (a speaker data does not depend on
other speaker data and models) it can be shown that:

L(X/M)zHL(Xi/Mi) A3)

The number of speakers estimated this way is usually
between the real number of speakers and what we call the
optimal number of speakers namely the number of speakers
that minimizes the segmentation error. We will see in an
experiment of section 4 that this optimal number is not always
the real number of speakers.

3.2 Training data available for all speakers

In this section we assume that we have training data
available for all speakers involved in conversation.

This could be reasonably achieved for meeting and
telephone data. Data for speakers involved in a meeting could
casily be obtained by asking each participant to present
himself at the beginning of the meeting. For telephone speech
since there are only two speakers involved, data could be
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obtained by manual segmentation of a short part of the
conversation.

Using the available data, speaker models are trained for
every speaker. The models are derived by MAP (means only)
from a background model trained the same way it was trained
for clustering (see section 2). Then a decision (see Fig 3) is
made for every segment obtained from the BIC-pre-
segmentation module, namely the segmentation system
becomes in this case:

Speaker Models (G

|

Decizion

M Sp Real

Figure 3: The segmentation system when training data is
available for all speakers
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The decision is made segment by segment and not frame
by frame since experiments have proven that the decision
made on an entire segment is more reliable than the decision
made on a single frame. A maximum likelihood decision is
made for each segment. Given a speech segment X and a
speaker model Mi the probability that the segment belongs to
that speaker is given by:

P(Mi/X):P(X/Mi)%A%’} @)

Considering that the speakers and the segments are all
equal as probability we are actually computing P(X /Mi) for
each segment.

However for broadcast news data it is usually impossible
to obtain data for all speakers involved in conversation. We
can easily obtain data for the news hosts using recordings
from the same source (same TV or Radio station) but we could
never obtain data for all speakers (e.g: people interviewed that
speak for only 30 seconds during a 1 hour news journal).

This is a situation that corresponds to the next case. For
the moment we treat only the particular case where training
data is available for one of the speakers only.

3.3 Training data available for only one speaker
3.3.1 Pre-Segmenting the audio file

When we have data available for one speaker only, one
way to use it is to identify the segments of the known speaker
by pre-segmenting the entire recording and segment then the
speech not labeled as the known speaker using the
conventional segmentation system.

Assuming we have two models available: one for the
known speaker M and a universal model for the unknown
speakers U and let X be the speech segment data. Then the
segment X is labeled to the known speaker if:

log L(X/M)—logL(X /U)>cx 5)
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where ¢ is a threshold. This pre-segmentation is actually a
tracking of the known speakers.

However, this method requires tuning data for the
threshold and also the final diarization error may vary with
respect to the quantity of training data available for the known
speaker.

Speaker
Pre-Segmentstion

—— Known Speaker —l

Unknlown #
! !

4'{ Clustering ‘ - Segmentation

Result
M Sp Estimated

Figure 4 : The segmentation system when data is available for
one speaker only (Speaker Pre-Segmentation)

Final
Segmentation
Result

Fre-Segmentaion
BIC

This kind of system (Fig. 4) is actually a cascaded system
made of a pre-segmentation and a diarization system. This
means that the final system error is the cumulated error of both
systems.

3.3.2 Post-Segmentation speaker labeling

There is another way to use the a priori known speaker
model. We noticed, as stated above, that the estimated number
of speakers is usually greater than the optimal number of
speakers and smaller than the real number of speakers. The
goal in this case would be to decrease the estimated number of
speakers in order to get closer to the optimal number of
speakers.

Let Nsp be the estimated number of speakers, let Xi be

the data labeled to speaker i and let M and U be the models
corresponding to the known speaker and the unknown
speakers, then we compute the likelihood ratio for all Nsp
speakers detected:

1r(i Flog L(Xi/ M)~log L(Xi/U) (6)

Using a Bayesian decision, the speaker i that maximizes
the llr(i) is matched to the known speaker. This simple
decision seems to perform well since the right speaker was
well matched to the a priori known model in all the test files
used in the experiments of section 4.3.2. Now, suppose the
known speaker was split in two or more speaker clusters by
the segmentation system. The bad speaker clusters should also
obtain a likelihood ratio close to the maximum.

So all speakers clusters that have a positive likelihood
ratio and that are close enough to the maximum likelihood
ratio should be re-labeled as the known speaker. As a measure
of closeness we empirically decided that a speaker cluster is
labeled as the known speaker only if its likelihood ratio is
superior to a decision threshold fixed to 0.5 of the maximum
ratio.
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Figure 5: The segmentation system when data is available for
one speaker only (Post-Segmentation Labeling)

As shown in Figure 4, some segments of the output
segmentation can be re-labeled or not as the known speaker. It
is equivalent to a constrained clustering.

4. Experiments And Results

Experiments were conducted on three databases, namely the
broadcast news Dry Run and Evaluation database used during
the broadcast news NIST RT 2003 Diarization Task and also
on the french broadcast news ESTER [12] database. The
segmentation error is the official RT 2003 metric used during
the spring 2003 campaign.

The RT Dry Run database consisted of 6 news audio files
recorded in 1998 from 6 different sources: MNB NBW,
PRI TWD, NBC NNW, CNN HDL, VOA ENG,
ABC_WNT. All files were 10 minutes long, recorded at 16
KHz, 16bit. The number of speakers involved was between 6
and 18.

The RT Evaluation database consisted of 3 news files
recorded in 2001 from three different sources: MNB_NBW,
PRI TWD, VOA ENG. All files were 30 minutes long,
recorded at 16 KHz, 16bit. The number of speakers involved
was between 10 and 27.

As we can see there are 3 sources that are common to
both RT Dry Run and Evaluation databases. Those sources
will probably contain speakers that are common to both
databases. In experiments of section 4.3, data available from
one database will be used as training data for the experiments
on the other database.

Finally the ESTER' database (the French version of the
RT evaluation) see [12] consisted of 40h of audio data
recorded from French radio broadcast news shows. It was
divided in train data, dev data and test data. A subset was used
for the experiment of section 4.3.1. The subset consisted of 21
train files (13h40) from two different sources France Inter, and
RFI, 4 dev files (2h40) from the same sources and the 4 test
files from the same sources. All files were 1h (RFI) or 20
minutes (France Inter) long, recorded at 16KHz, 16 bit. The
number of speakers involved was between 13 and 39.

The performance measure used for the RT 03 segmentation
evaluation is an error function based on an optimum one to
one mapping of reference speaker IDs to system output
speaker IDs. The measure of optimality will be the
aggregation, over all reference speakers, of the time that is
attributed to both the reference speaker and the corresponding
system output speaker to which that reference speaker is
mapped. This will always be computed over all speech,
including regions of no speech (silence, music, noise, etc).
The measure excludes from scoring the overlapping
speech regions. Also some segments, for which transcriptions

! http://www.afcp-parole.org/ester/
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were not provided (e.g. commercials) using an Unpartitioned
Evaluation Map (uem) file, are excluded.

There are two kinds of errors: the speech detection errors
and the speaker mapping errors:

e miss speech: a segment was incorrectly labeled as no-

speech

e false alarm speech: a segment was incorrectly labeled

as speech

e speaker error: a segment was assigned to the wrong

speaker

Each audio segment was labeled as a correct diarized
segment or as one of the error type segment.

The final score is the fraction of scored time (given by
the uem file) that is not correctly labeled. It is the sum of
speech error time and of the speaker error time over the scored
speech time.

The score tool can be downloaded from the RT web site?.
The same score is used for the French evaluations ESTER.

4.1 Knowing or not the number of speakers

Our first experiments concerned the estimation of the
number of speakers involved in conversation. The following
table presents the speaker segmentation error using the
optimal, the estimated and respectively the real number of
speakers obtained on both speech databases:

Table 1: Estimation of the number of speakers
(% diarization error)

Corpus N Optimal | N Estimated | N Real
Dry Run 14.54 19.65 24.76
Evaluation 14.03 19.25 16.29

The second column is the reference error that we will
attempt to decrease using the data available for the speakers.

As stated before, what we call the optimal number of
speakers is the number of speakers that minimizes the
segmentation error and not the real number of speakers. It is
usually smaller than the real number of speakers due to the
fact that there are a lot of speakers especially in broadcast
news data that do not speak enough to train a reliable
statistical model (e.g: 4 seconds during a 30 minutes file).

Tests proved that the estimation of the number of

speakers generates approximately 5% more absolute
segmentation error compared to the optimal number of
speakers.

It is however difficult to conclude if it is useful or not to
know a priori the real number of speakers since the results on
Dry Run database show that it is better to estimate the number
of speakers and the results on the Evaluation database show
that is better to know it a priori.

4.2 Training data available for all speakers

For our second experiment we assumed data was
available for all speakers.

Different amount of data were available for training
starting with 1 second per speaker till 60 seconds per speaker.

The experiment is more suitable for meeting data and
certain broadcast news data like a round table discussion but
we still used the RT03 Broadcast news data. The speaker data

2 hitp://www.nist.gov/speech/tests/rt/rt2003/spring/
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used to build the speaker models was directly extracted from
the test data. This is typically what would be done if a human
annotator had labeled a part of the conversation in order to
have a few seconds of data for each speaker.

For this experiment, a synthesis of results is presented in
the Table 2:

Table 2: Diarization error when data is available for all

speakers

A priori data Osec | Isec | 2sec | 20sec | 60 sec
Dry Run 1965| 29.70| 18.92| 13.65| 15.95
a pr10r1
Egeifle 19.65| 19.04| 1852| 1685 19.77
Evaluation 19.25| 4051 37.19| 2082| 12.67
a priori
EZ?;‘;:E:: 1925| 18.95| 18.69| 17.67| 21.33

For comparison purposes we present the segmentation
error obtained by the stand alone segmentation system (with
no a priori models). The diarization error presented is the sum
of speech detection error and of speaker error but, since we are
using the same pre-segmentation in both cases (with and
without training data) the gain or the loss in terms of
performance is entirely due to the speaker error change. This
reference performance for Dry Run and evaluation data
changes slightly for each column of the table since the
diarization error is always computed on the parts of speech
that were not used to train speaker models. In other words the
segments used for training are always excluded from scoring
the diarization error. It is also important to note that those
segments are excluded from scoring but not from system
input.

Finally figures 5 and 6 present all results for different
amount of data available from 1 second to 60 seconds.

Figure 6: Diarization error for the Dry Run Database
according to the amount of training data available a priori

sec

‘—Q—a priori —ll—reference ‘

Figure 7: Diarization error for the Evaluation Database
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according to the amount of training data available a priori
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The stand alone reference system segmentation error
logically stays constant since it corresponds always to the
same reference segmentation output (the slight differences are
due to the fact that more and more segments are removed for
scoring). On the other hand, the segmentation error decreases
as more data is available to learn a priori speaker models’.

There are 3 main differences between the two databases:
the size of the recordings (10 minutes versus 30 minutes), the
number of speakers involved in conversation and most
important the number of speakers that do not have enough
data. That is why the improvement is obtained very fast for the
Dry Run (starting with 2 seconds data available) and much
later for the Evaluation (starting with 20 seconds data
available).

For 1 second per speaker of data available we obtain a
high error rate since one second is not really enough to train a
speaker model. Thus, the improvement actually depends on
the amount of data available and on the number of speakers
involved in conversation. For 60 seconds available, the error is
mainly due to the false alarm speech error and to the speakers
that do not have 60 seconds available (we used the maximum
available speech in this case but in Eval03 there are speakers
that speaks even less than 7 seconds).

In conclusion, as expected if we do not have sufficient
data for the speakers involved in conversation it is better to
use the stand alone segmentation system. However the
sufficient amount of data varies with the number of speakers
involved in conversation.

For all experiments presented in this section, there is also
an important aspect to mention, namely the computation time
of the segmentation when a priori data is available which was
about 0.1 x Real Time on a P III (800 MHz) with 512MB
physical memory running Red Hat Linux 7.3, compared to 10
x Real Time for the stand alone segmentation system (with no
a priori).

4.3 Training data available for only one speaker
4.3.1 Pre-Segmenting the audio file

For this experiment we assumed that data was available
only for the news speaker. As described in section 3.3.1 the

idea was to pre-segment the audio document in known (news
host) speaker speech and unknown speaker speech. For

> When we are saying we have 30 seconds of available data
for example it means at most 30 seconds because there are
speakers that do not have such an amount of data.
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experimental reasons we preferred to use the ESTER database
since it provides enough data splitted in training data, dev
(tuning) data and test data.

The speaker models were 128 diagonal GMM directly
trained on data extracted from the train corpus using the EM
algorithm. The data available for every known speaker was
between 20 and 70 minutes.

The unknown speaker models were also 128 diagonal
GMM and were directly trained on data not labeled as the
known speaker extracted from the train corpus. The unknown
models were source dependent (1 unknown model per radio
source). The data available for the unknown models was
between 150 and 250 minutes.

At first the known / unknown speaker pre-segmentation
was tuned on the dev part of ESTER. Then it was applied on
the test files. The tuning was done only on the decision
threshold from equation 5 but a finer tuning could also be
done on speech parametrization and on speaker modeling.

Table 3 presents the experimental results for the dev files
while Table 4 presents the results on the test files. For both
dev and test corpora the "Reference Diarization Error" (first
line) is the diarization error obtained by the CLIPS
segmentation system from section 2 without any a priori
information used. The "Known speaker error" (second line) is
the diarization error obtained from the previous segmentation
output (without any a priori information) by labeling the
hypothesis speakers in either ‘known’ or ‘unknown’. It is
always inferior to the "Reference Diarization Error" and
corresponds to the diarization errors related to the known
speaker. When this error value is high, that indicates the
potential of pre-segmenting the signal in known / unknown
speaker. For instance, for the first dev signal (Frinterl), the
“Reference Diarization Error” is 7.31% while the "Known
speaker error" is 7.05%. That means that if we had a perfect
known speaker tracking for pre-segmentation, then the overall
diarization error would be very low.

For the test files the "Known/Unknown Pre-Seg Error"
(third line) scores the pre-segmentation phase in
known/unknown speakers. The pre-segmentation output is
obtained using the threshold from equation 5 tuned on the dev
files.

Finally for the test files the "Final Diarization error"
(fourth line) is the error obtained by the overall segmentation
system that uses a known/unknown speaker pre-segmentation
cascaded with the diarization system applied on the speech
part labelled as unknown speaker (Figure 4).

Table 3: Training data available for only one speaker:
Experimental results for the dev files (pre-seg. Approach)

File Frint 1 | Frint2 | RFI0930 1 | RFI1130 1
Reference
Diarization 7.31 8.49 14.55 23.47
Err
Known
7.05 7.56 1.31 4.27
speaker Err

Table 4: Training data available for only one speaker:
Experimental results for the fest files (pre-seg. Approach)

File Frint 3 | Frint4 | RF109302 | RFI11302
Reference
Diarization 13.29 6.89 13.67 25.29
Err
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Known

speaker Err 6.83

5.48 2.24 6.14

Known /
unkown Pre-
Seg Err

3.84 3.63 5.16 1.67

Final
Diarization
Err

12.35 5.64 17.42 21.26

The results obtained on the dev files (Table 3) indicates
us the potential of using or not the known/unknown pre-
segmentation. It shows that for 3 out of 4 files there is a
possible final gain.

Comparing the first line (Reference) and the fourth line
(Final) of Table 4 show an improvement of the overall
diarization performance on 3 out of 4 files. For the file which
did not lead to an improvement (RFI0930 2), the “known
speaker error” was very low, which means that the diarization
error was mainly due to the unknown speaker signal part. In
this case, a known/unknown pre-segmentation cascaded with
the diarization system just added errors to the system.

4.3.2 Post-Segmentation speaker labeling

For this experiment we also assumed data was available
only for the news host speaker (about 15% of the RT
Evaluation database). We used data available from the RT Dry
Run database for training since it is anterior to the data
available in the RT Evaluation database which was used for
testing. For the experiment we started with the reference
segmentation output and tried to label the detected speakers as
the known speaker. We usually had about 2 minutes data
available per known speaker that we used to train a 32
diagonal GMM. For the unknown model we used the rest of
the corresponding Dry Run recording. The unknown model
was also a diagonal 32 GMM.

The reference segmentation was then
according to the rule presented in section 3.3.2.

The results are presented bellow:

re-labelled

Table 5: Training data available for only one speaker:
Experimental results on RT data (post-seg. Approach)

Reference
19.25

Corpus
Evaluation

1 known speaker
17.92

These preliminary results show the potential of using a
priori information on one speaker. However these results need
more experiments in order to have a reliable conclusion. There
is one recording for which the gain is 3.4% in absolute
decreasing from 10.14% which actually gives an almost
perfectly segmented file.

To show how precarious this method is, we need to show
Figure 7 which presents the segmentation error with respect to
the threshold equals to //r{i) ratio/maximum /(i) ratio.

Figure 8: Diarization error when data is available for one
speaker only, according to the re-labeling threshold
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ratio/max ratio

~—l—Seg Err

For comparison if all speakers that have a positive
likelihood ratio are labeled as known speakers, meaning that
we are not using the condition that the ratio should be greater
than 0.5 of the maximum, the segmentation error is 28.53% (it
is the case ratio/max ratio 0). This proves that most of the
positive ratios are concentrated between 0 and 0.1 of the
maximum ratio. The ratios of the known speakers are much
greater than the ratio obtained by the speakers not labeled as
the known speaker. This way of doing things is equivalent to a
constrained clustering.

However the relative small gain, only 1.33% in absolute
is due to the fact that the segmentation system already detects
well the known speaker (usually the error is about 30 seconds
missed speaker time). This means that experiments should be
done probably on another database where the possible gain
would be greater (more then 30 seconds on a 30 minutes file).

5. Conclusions

In this paper we have investigated the use of a priori
information for speaker diarization (segmentation).

We started by presenting the stand alone CLIPS
diarization system that was used during the NIST Rich
Transcription 2003 evaluation.

Then we investigated the possibility of using different a
priori information in order to improve the stand alone system
diarization error. As a priori information we were interested
in: knowing or not the real number of speakers, using data
available for all speakers involved in conversation and using
data available for only some of the speakers involved in
conversation.

It was difficult to conclude if it is useful or not to know a
priori the real number of speakers since the results on one of
the databases show that it is better to estimate the number of
speakers and the results on the other database show that is
better to know it a priori.

For the case were training data is available for all
speakers, experiments have proven as expected that when
there is sufficient data available for all speakers this data
should be used for segmentation. However the amount of
sufficient data can vary with respect to the number of speakers
involved in conversation.

Finally when data was available for only one speaker it
was quite difficult to use it and we could only obtain a small
diarization error gain. We presented two different methods:
one by pre-segmenting the signal in known / unknown speaker
and one by post-segmentation speaker labeling.

As a perspective, further experiments should be done on
other databases. Experiments on meeting or telephone
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conversation databases for the case when data is available for
all speakers.
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ABSTRACT

This paper presents the ELISA consortium activities in
automatic speaker diarization (also known as speaker
segmentation) during the NIST Rich Transcription (RT) 2003
evaluation. The experiments were achieved on real broadcast
news data (HUB4), in the framework of the ELISA
consortium. The paper firstly shows the interest of
segmentation in acoustic macro classes (like gender or
bandwidth) as a front-end processing for
segmentation/diarization task. The impact of this prior
acoustic segmentation is evaluated in terms of speaker
diarization performance. Secondly, two different approaches
from CLIPS and LIA laboratories are presented and different
possibilities of combining them are investigated. The system
submitted as ELISA primary obtained the second lower
diarization error rate compared to the other RT03-participant
primary systems. Another ELISA system submitted as
secondary outperformed the best primary system (i.e. it
obtained the lowest speaker diarization error rate).

1. INTRODUCTION

Speaker diarization (or segmentation) is a new speech
processing task resulting from the increase in the number of
multimedia documents that need to be properly archived and
accessed. One key of indexing can be speaker identity. The
goal of speaker diarization is to segment a N-speaker audio
document in homogeneous parts containing the voice of only
one speaker (also called speaker change detection process)
and to associate the resulting segments by matching those
belonging to a same speaker (clustering process). Generally,
no a priori information is available on the number of speakers
involved in the conversation as well as on the identity of the
speakers.

The NIST Rich Transcription (RT) Evaluation' is
sponsored in part of the DARPA Effective Affordable

! See hitp://www.nist.gov/speech/tests/rt/rt2003/index.htm for
more details
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Reusable Speech To Text (EARS) Program. The EARS
research effort is dedicated to developing powerful speech
transcription technology that provides rich and accurate
transcripts. It includes speech transcription but also acoustic
segmentation, speaker indexing, disfluency detection induced
by spontaneous speech (hesitations, self repairs, word
fragments...), etc. Making available this rich transcription
will authorize a better job when a machine is detecting,
extracting, summarizing, and translating important
information. EARS is focusing on natural, unconstrained
human-human speech from broadcasts and foreign
conversational speech in multiple languages.

This paper presents the ELISA Consortium [1] activities
in automatic speaker segmentation during the NIST RT
evaluation campaign organized in 2003.

The first part of this paper focuses on acoustic
segmentation, which was mainly introduced to help automatic
speech recognition (ASR) systems within the special context
of broadcast news transcription. Indeed, at the beginning, one
of the main objective of acoustic segmentation was to provide
ASR system with an acoustic event classification allowing to
discard non speech signal (silence, music, ...), to adapt ASR
acoustic models to some particular acoustic environments
(like speech over music, telephone speech) or simply to
speaker gender [2][3][4]. Many papers were dedicated to this
particular issue and to the evaluation of acoustic segmentation
in the context of ASR task. Nevertheless, rarely discussed in
the literature, acoustic segmentation may be useful for other
tasks linked to broadcast news corpora. In this sense, the aim
of this paper is to investigate the impact of acoustic
segmentation when applied as a prior segmentation for the
particular task of speaker diarization.

The second part of the paper presents two systems —
from CLIPS and LIA laboratories — which exhibit two
different segmentation strategies. Various combination
schemes of both systems are also investigated (the LIA macro
class acoustic segmentation process is combined with the two
speaker segmentation systems).
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Section 2 presents the LIA macro class acoustic
segmentation system, based on a hierarchical strategy. Section
3 is dedicated to the presentation of the two speaker
segmentation approaches involved in this work. Both begin
by an acoustic pre-segmentation, also presented in this
section. Section 4 describes the combining strategies. The
performance of the various propositions are shown and
discussed in Section 5 (the data are issued from RT 2003
evaluation campaign). Finally, Section 6 concludes this work
and gives some perspectives.

2. ACOUSTIC MACRO CLASS SEGMENTATION

Acoustic macro class segmentation is necessary to discard
non speech signal (like music, silence, ...) or to adapt acoustic
models to specific acoustic environments (telephone speech,
speech over music, ...). This is especially true when handling
broadcast news data with the aim of automatically
transcribing speech for instance. Basic speech/non speech
detection is also useful for speaker segmentation task in order
to avoid music portions to be automatically labeled as a new
speaker. However, acoustic segmentation system may be
designed to provide finer classification. For example, gender
classification could help the segmentation process, by
selecting the appropriate a priori knowledge. In this paper, the
prior acoustic segmentation is done at three different levels:
Speech/Non speech, Clean/Over music/Telephone” speech and
Male/Female speech.

2.1 Front end processing

The signal is characterized by 39 acoustic features computed
every 10 ms on 25 ms Hamming-windowed frames: 12
MFCC augmented by the normalized log-energy, followed by
the delta and delta-delta coefficients.

2.2. Hierarchical approach
The system relies on a hierarchical segmentation performed in
three successive steps as illustrated in figure 1:

e  during the first step, a speech / non speech segmentation
of signal (representing a show) is performed using
"MixS" and "NS" models. The first model represents all
the speech conditions while the second one represents
the non speech conditions. Basically, the segmentation
process relies on a frame-by-frame best model search. A
set of morphological rules are then applied to aggregate
frames and label segments.
during the second step, a segmentation based on 3
classes - clean speech ("S" model), speech over music
("SM" model) and telephone speech ("T" model) is
performed only on the speech segments detected by the
previous segmentation step. All the models involved
during this step are gender-independent. The
segmentation process is a Viterbi decoding applied on
an ergodic HMM, composed, here, of three states (“S”,
“T”, and “SM” models). The transition probabilities of
this ergodic HMM are learnt on 1996 HUB 4 broadcast
news corpus.
the last step is devoted to gender detection. According
to the label given during the previous step, each
segment will be identified as female or male speech by
the use of models dependent on both gender and
acoustic class. “GT-Fe” and “GT-Ma” models represent
female and male telephone speech respectively, “GS-

% This segmentation may also be referred to as a narrow/wide band
speech classification if “speech over music” label is not used and
simply considered as “speech” label.
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Fe” and “GS-Ma” represent female and male clean
speech, while “GSM-Fe” and “GSM-Ma” represent
female and male speech over music. Two other models,
“GDS-Fe” and “GDS-Ma”, representing female and
male speech recorded over degraded conditions are also
used, at this stage, to refine the final segmentation. The
segmentation process, described in the previous step, is
applied in the same way here.

All the state models mentioned above are diagonal
GMMs [5] except NS and MixS models which are
characterized by 1 and 512 Gaussian components
respectively, all the other models are characterized by 1024
Gaussian components. They were trained on the 1996 HUB 4
broadcast news corpus.

[ ]

Speech / Non Speech segmentation
MixS model vs. NS

TES ho

Speech segmentation
S model vs. T vs. SM

b

Gender Detection

Gender Detection Gender Detection

Figure 1: Hierarchical acoustic segmentation

3. SPEAKER SEGMENTATION SYSTEMS

All the speaker segmentation systems were developed in the
framework of the ELISA consortium using AMIRAL, the LIA
Speaker Recognition System [6].

Two different speaker segmentation systems are presented in
this section. They have been developed individually by the
CLIPS and LIA Ilaboratories. Basically, the CLIPS system
relies on a BIC-detector-based strategy followed by an
hierarchical clustering [7]. The LIA system shows a different
strategy, based on a HMM modeling of the conversation and
an iterative process which adds the speakers one by one. Both
of them use the acoustic pre-segmentation - described in
section 2 - as a preliminary phase.

3.1. The LIA System

The LIA system is based on Hidden Markov Modeling
(HMM) of the conversation [8][9]. Each state of the HMM
characterizes a speaker and the transitions model the changes
between speakers.

The speaker segmentation system is applied separately on
each of the four acoustic classes detected by the acoustic
segmentation described in section 2. Finally, the four
segmentations are merged and a re-segmentation process is
applied.

During the segmentation, the HMM is generated using an
iterative process, which detects and adds a new state (i.e. a
new speaker) at each iteration. The speaker detection process
is composed of four steps:

o Step I-Initialization. A first “speaker” model is trained on
the whole test utterance (it is more a generic acoustic
model than a given speaker model). The conversation is
modeled by a one-state HMM and the whole signal is set
to the initial “speaker”.

Step 2-Adding a new speaker. A new speaker model is
trained using 3 seconds of test speech that maximize the
likelihood ratio computed using the first model and a
world model (learned using development data). A
corresponding state is added to the previous HMM.
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o Step 3-Adapting speaker models. First, all the speaker
models are adapted, using a MAP approach, according to
the current segmentation. Then, a Viterbi decoding is
done and produces a new segmentation. The adaptation
and decoding steps are performed while the segmentation
differs between two successive “adaptation/decoding”
phases.

o Step 4-Assessing the stop criterion. The likelihood of the
previous solution and the likelihood of the last solution
are computed using the last HMM model (for example,
the solution with two speakers detected and the solution
with three speakers detected). The stop criterion is
reached when no gain in terms of likelihood is observed
[8] or when no more speech is left to initialize a new
speaker. A heuristic criterion is added to the likelihood-
based criterion: if the last added speaker is tied to only
one segment (<4sec), the previous segmentation is kept
and a new speaker is added using the second best segment
from Step?2.

When the four (sub) segmentations are obtained
independently using the previously described algorithm, they
are merged and a re-segmentation phase starts.

The re-segmentation is similar to the adaptation and
decoding step (Step 3). The main difference between the two
phases is the GMM adaptation algorithm. The both adaptation
algorithms are variants of MAP Bayesian adaptation. A
classical MIT MAP adaptation [5] is used for the re-
segmentation phase while a LIA variant optimized for an
adaptation on a very short segment [6] is performed during
the (sub)segmentation phase. In both adaptation phases only
means are adapted.

The signal is characterized by 20 linear Cepstral features
(LFCC) computed every 10 ms using a 20ms window. The
Cepstral features are augmented by the energy (E). No frame
removal or any coefficient normalization is applied. GMM
with 128 components (diagonal covariance matrix) are used
for the speakers and world/background models. The
background models are trained on a subset of Broadcast News
96 data (FO, F1 and F2 acoustic conditions).

The LIA also presented a secondary system’® closed to
the previous one but using another variant of MAP for the
speaker model adaptation. This algorithm is based on a linear
combination of the estimated data and the a priori
information. This adaptation method was employed by the
LIA during NIST 2002 speaker recognition evaluation [10].

3.2. The CLIPS System

The CLIPS system [10] is based on a BIC (Bayesian
Information Criterion) speaker change detector followed by
an hierarchical clustering. The clustering stop condition is the
estimation of the number of speakers using a penalized BIC
criterion.

The speaker segmentation system is applied separately
on each of the four acoustic classes detected by the acoustic
segmentation described in section 2. A BIC [7] approach is
then used to define first potential speaker changes. A BIC
curve is extracted by computing a distance between two 1.75s
adjacent windows that go along the signal. Mono-Gaussian
models with diagonal covariance matrices are used to model
the two windows. A threshold is then applied on the BIC
curve to find the most likely speaker change points which
correspond to the local maximums of the curve.

3 This system is used in section 3.2 (“fusion” system).

183

Clustering starts by first training a 32 components GMM
background model (with diagonal covariance matrices) on the
entire test file maximizing a ML criterion thanks to a classical
EM algorithm. Segments models are then trained using MAP
adaptation of the background model (means only). Next, BIC
distances are computed between segment models and the
closest segments are merged at each step of the algorithm
until N segments are left (corresponding to the N speakers in
the conversation).

The number of speakers in the conversation (NSp) is
estimated using a penalized BIC (Bayesian Information
Criterion), in contrast with the last year CLIPS segmentation
system which used a fixed number of speakers [10].

The number of speakers is constrained between 1 (if we
are working on an isolated acoustic pre-segmentation class) or
2 (if we are working on the entire audio file) and 25. The
upper limit is related to the recording duration. The number of
speakers (NSp) is selected to maximize:

BI C(A/[)=108L(X;1\4)—/1%N5p logNXx

where M is the model composed of the NSp speaker models,
NX is the total number of speech frames involved, m is a
parameter that depends on the complexity of the speaker
models and A is a tuning parameter equal to 0.6.

The signal is characterized by 16 mel Cepstral features
(MFCC) computed every 10ms on 20ms windows using 56
filter banks. Then the Cepstral features are augmented by
energy. No frame removal or any coefficient normalization is
applied.

4. COMBINING STRATEGIES

In this section we investigate two possibilities for combining
the systems, firstly using an hybridization strategy and
secondly by merging the proposed segmentations. The
merging strategy is a new way of combining results coming
from multiple segmentation systems.

4.1 Hybridization (" piped" system)

The idea of this hybridization strategy is to use the results of
the CLIPS system to initialize the LIA re-segmentation
system (figure 2). The speakers detected by the CLIPS system
(number of speakers and associated audio segments) are
inserted in the re-segmentation HMM model (the models are
trained using the information issued by the clustering phase).
This solution associates the advantages of longer and (quite)
pure segments with the HMM modeling and decoding power.

_}E’d LIA Re-segmentation | mep f_l——'_l—l_
t T t

CLIPS segmentation
Figure 2: ELISA piped system

4.2 Merging Strategy (“fusion” system)

The idea of “fusion” is to use the segmentations issued from
as many as possible experts, four in this paper (figure 3):
CLIPS primary system, LIA primary system, LIA secondary
system, ELISA piped system.

The merging strategy relies on a frame based decision
which consists in grouping the labels proposed by each of the
four systems at the frame level. An example (for four
systems) is illustrated below:

e Frame i Sys1="“S1”, Sys2=“T4”, Sys3="“S1”, Sys4="F1”
- label result “S1T4S1F1”,
o Frame i+l Sys1=*S2”,
Sys4="“F1”
- label result “S2T4S1F1”.

Sys2=“T4”, Sys3=“S1”,
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New segmentation

Figure 3: ELISA merge system

This label merging method generates (before re-
segmentation) a large set of virtual speakers (~150 virtual
speakers per show) composed of:

e Virtual speakers that have a large amount of data
assigned. These speakers could be considered as correct
hypothesis speakers;

Virtual speakers generated by few systems, for example
the speakers associated with only one short segment (~3s
up to 10s). These hypothesis speakers could be suppressed
(the weight of these speakers on the final scoring is
marginal);

Virtual speakers that have a smaller amount of data
scattered between multiple small segments and that could
be considered as zones of indecision.

Based on these considerations, the LIA re-segmentation
is then applied on the merged segmentation. Between each
adaptation / decoding phase, the virtual speakers for whom
total time is shorter than 3s are deleted. The data of these
deleted speakers will further be dispatched between the
remaining speakers during the next adaptation / decoding
phase.

After the first iteration the number of speakers is already
drastically reduced (from 150 to about 50) since speakers
associated with indecision zones do not catch any data during
the Viterbi decoding and are automatically removed.

However, the merging strategy cannot generally solve
the wrong behavior of initial systems that could split a “true”
speaker in two hypothesis speakers, each tied to a long
segment. Suppose all systems agreed on a long segment
except one which splits it in two parts. This would produce
two virtual speakers (associated with long duration segments)
after the merging phase and since we are not doing any
clustering before re-segmentation, we would have a "true"
speaker spitted in two virtual speakers.

5. EXPERIMENTS AND RESULTS

The experiments described in this paper were conducted in
the framework of NIST/RT*03* evaluation campaign. In this
context, two separate corpora were available:

Dev corpus composed of 6 broadcast news shows of
10mn each, recorded in 1998, available to tune the
speaker segmentation systems;

Eva corpus composed of 3 broadcast news shows of
30mn each, recorded in 2001, each containing between
10 and 27 speakers and available for evaluation only.

5.1 Speaker Diarization performance measure
In order to measure the accuracy of the segmentation, we used
the scoring system proposed during RT’03 evaluation, a
scoring based on the percentage of frame well classified.
Firstly, an optimum one-to-one mapping of reference
speaker IDs to system output speaker IDs is computed. The
measure of optimality is the aggregation, over all reference
speakers, of time that is jointly attributed to both the reference

4 More information about RT03 Evaluation could be find at:
http://www.nist.gov/speech/tests/rt/index.htm

l Lt Lt Re-segmentation
t

speaker and the (corresponding) system output speaker to
which that reference speaker is mapped. The resulting time-
based speaker diarization error score corresponds to the
fraction of speaker time that is not attributed correctly to a
speaker. This scoring takes into account both speaker
segmentation error (speech segments attributed to a wrong
speaker) and missed/false alarm speaker errors, directly linked
to speech/non speech classification errors.

5.2. Raw performance of the prior acoustic segmentation
Table 1 gives the performance of the prior acoustic
segmentation process, taken alone. The speech/non speech
segmentation error is around 4.5% (in terms of duration)
compared to 4.4% for the best system during NIST RT’03
evaluation campaign. The gender detection error goes from
1.5% for the Dev set to 5.5% for the Eva set. Thanks to the
manual segmentation Hand S/NS-Gender-T/NT, the accuracy
of acoustic segmentation system at the level of telephone and
non telephone classification is evaluated: less than 0.1% for
Dev corpus and 3% for Eva.
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Corpus | Missed | False Alarm | Gender Telephone
Speech | Speech Error | Error | / Non telephone
Error Speech error
Dev 2.3% 2.2% 1.5% 0.09 %
Eva 1.8% 2.7% 5.5% 3%
Table 1: Acoustic segmentation errors on Dev and Eva
sets.

5.3. Impact of acoustic macro class segmentation on
speaker diarization performance

For evaluating the impact of acoustic macro class
segmentation on speaker diarization performance, different
levels of acoustic segmentation granularity are evaluated on
both speaker segmentation systems:

Speech/non speech classification only (S/NS);
segmentation based on speech/non speech and gender
detection (S/NS-Gender);

segmentation based on speech/non speech, gender and
telephone/non  telephone speech detection (S/NS-
Gender-T/NT);

segmentation based on speech/non speech, gender and
telephone/clean speech/speech over music/degraded
speech (S/NS-Gender-T/S/MS/DS).

For comparison, some speaker segmentation results will
be also presented based on an acoustic segmentation, obtained
manually and based on speech/non speech, gender and
telephone / non telephone speech detection (Hand S/NS-
Gender-T/NT).

For both corpora, the advertisement portions were
manually discarded before any treatment which explains that
results presented in this section do not correspond exactly to
official RT’03 results and to ones presented in the next
section.

Table 2 and table 3 present the experimental results
obtained when combining speaker segmentation systems
(speaker turn detection based and ascending/HMM based
approaches) with acoustic segmentation before and after the
re-segmentation step respectively. These results, expressed in
terms of diarization error rates, show :

a large variation in terms of performance between Dev
and Eva corpora, especially for the ascending/HMM
approach;

a gain in performance (the best one) for both speaker
segmentation systems when they are combined with
manual acoustic segmentation;




Annexe D

e  asignificant improvement of ascending/HMM approach
results on Eva corpus due to speech/non speech, gender
and telephone/non telephone segmentations (S/NS-
Gender-T/NT) without (from 26.9% to 18.1%) and with
(from 26.6% to 14.1%) re-segmentation phase. On Dev
corpus, this improvement is visible only after re-
segmentation phase (from 15.5% to 12.8%);

e 1o real effect on speaker-turn-based approach regarding
the different levels of acoustic segmentation granularity,
except on Eva corpus after re-segmentation step for
which result improvement can be observed (from 15.7
to 13.9%);

e no improvement or even performance loss when the
finest acoustic segmentation (S/NS-Gender-T/S/MS/DS)
was involved;

e the interest of the re-segmentation step for both speaker
segmentation strategies since best performance may be
observed in most of the cases.

Ascend./HMM Speaker turn
approach approach

Acoustic segmentation Dey Eva Dey Eva
Hand S/NS-Gender-T/NT | 13.1% | 15.4% | 14.1% | 10.6%
S/NS 15.4% | 26.9% | 19.7% | 17.1%
S/NS-Gender 14.8% | 27.4% | 18.7% | 18.6%
S/NS-Gender-T/NT 15.1% | 18.1% | 19.0% | 18.2%
S/NS-Gender-T/S/MS/DS | 25.9% | 30.5% | 19.1% | 27.6%

Table 2: Diarization error rates for different levels of acoustic
granularity on Dev and Eva sets before re-segmentation step.

Ascend./HMM Speaker turn
approach approach

Acoustic segmentation Dey Eva Dey Eva
Hand S/NS-Gender-T/NT | 10.8% | 13.2% | 15.7% | 9.4%
S/NS 15.5% | 26.6% | 19.3% | 15.7%
S/NS-Gender 13% | 24.9% | 18.2% | 15.3%
S/NS-Gender-T/NT 12.8% | 14.1% | 19.0% | 13.9%
S/NS-Gender-T/S/MS/DS | 15.6% | 14.3% | 18.7% | 15.1%

Table 3: Diarization error rates for different levels of acoustic
granularity on Dev and Eva sets after re-segmentation step.

Miss FA SPK ERR
Speech Speech ERR
CLIPS primary 2.0% 29% | 14.3% | 19.25%
LIA primary 1.1% 3.8% | 12.0% | 16.90%
LIA second 1.1% 3.8% | 19.8%|24.71%
ELISA “merged” 1.1% 3.8% 9.3% | 14.24%
ELISA “piped” 1.1% 3.8% 8.0% | 12.88%

Table 4 Experimental results on RT 2003 data

5.4. Performance of ELISA during RTO03
evaluation

The fusion system submitted as ELISA primary system
obtained the second lower segmentation error rate compared
to the other RTO03-participant primary systems. The ELISA
pipe system submitted as secondary system outperformed the
best primary system and obtained the lowest speaker
segmentation error rate.

systems

The table 4 summarizes the performance achieved by the
different proposed systems during RT03. It shows that:
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e Even if the five systems are based on the same acoustic
segmentation, the Miss Speech and False Alarm Speech
errors are different. This is due to the LIA and ELISA
system behavior which work at 0.2s block level (all the
segments boundaries are aligned on a 0.2s scale) whereas
CLIPS system works at a frame level. It gives small
differences in the border positions of the segments but the
sum (Miss+FA) remains the same.

e The LIA and CLIPS systems obtained satisfactory results,
compared to the other RT03 participants. The LIA HMM
based primary system outperforms slightly the CLIPS
classical approach (16,9% of total error compared to
19,25%). But the second LIA system - with a different
model adaptation strategy - obtained only 24,71% of total
error This result illustrates the difficulty of adapting a
large statistical model in borderline conditions (only few
seconds of adaptation data).

e The “piped” technique improves the performance. Giving
good segment boundaries to the HMM based method
increases drastically the performance (from 16,9% to
12,88% of total error). Indeed the re-segmentation phase
improves the accuracy of the CLIPS segmentation and
allows to reduce the segmentation error by 33% (relative).

e The “merged” strategy performs better than the “piped”
strategy over two recordings (8% relative gain).
Unfortunately a drastic loss is observed on the last
recording. The lose on that particular recording is a good
example of the limitation of the merging technique
explained in 4.2: one of the systems disagreed with the
others. This resulted in too many speakers detected and,
most important, in a long speaker split in two that
generated an important error’.

For the CLIPS system, complementary experiments
showed that estimating automatically the number of speakers
during the clustering process generates only about 3% more
of absolute segmentation error than the optimal number of
speakers’. The CLIPS algorithm missed only 7% of the real
speakers involved in the files (4 speakers out of 57 total
speakers).

6. CONCLUSIONS

This paper summarizes the ELISA Consortium strategies for
the speaker segmentation task. The ELISA effort was focused
in the framework of NIST 2003 speaker diarization evaluation
campaign.

This paper firstly investigated the impact of prior
acoustic macro class segmentation when it is combined with
speaker segmentation. This impact was evaluated in terms of
speaker diarization error rate, according to NIST/RT’03
scoring. The prior acoustic macro class segmentation,
presented in this paper, was developed by the LIA lab. It
relies on a GMM model based hierarchical segmentation,
designed to provide different levels of segmentation
granularity (from simple speech/non speech detection to

3 The problem could also come from the nature of the test file:
it is the only one narrow band file.

% The optimal number of speakers is the number of speakers
that minimizes the segmentation error and not the real number
of speakers involved in dialogue. Usually the optimal number
is smaller than the real number. This is due to the fact that in
the conversations some speakers pronounced only very short
utterances and missing them does not have a significant effect
on the total diarization error rate.
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gender dependent acoustic classes such as speech over music,
degraded speech or telephone speech). Experiments based on
the combination of each speaker segmentation system with
the acoustic segmentation were conducted according to the
different levels of acoustic segmentation granularity. The
results presented in this paper show the benefit of acoustic
segmentation for speaker segmentation performance,
especially for the ascending/HMM approach, while the
speaker turn detection based system seems to be less
dependent of an acoustic segmentation.

Then, we described two approaches for speaker
diarization, the LIA system, based on a HMM modeling of
each conversation (where all the information is reevaluated at
each detection of a new speaker or a new segment), and the
CLIPS system, which uses a standard approach based on
speaker turn detection and clustering. Despite the differences
between the approaches, the results obtained during the NIST
RTO03 evaluation showed the interest of each technique.

Several ways of combining the two systems were also
proposed. The “piped” system improved significantly the
performance, up to 33% of relative error reduction (from
19.25% to 12.88%) and achieved the best performance
during RTO03 evaluation. A complete analysis of the results is
necessary, to understand which part of the gain comes from
the various ways of processing the information and which part
comes from the correction of each system intrinsic errors.

One of the main drawback of both systems is the
difficulty to detect the minority speakers that do not speak
very much. Depending of the nature of the audio files, they
could generate a large part of the segmentation errors.

As a perspective, we are currently working on adding to
the conversation model a priori information for the
segmentation system [11], for both ELISA approaches.
Further work should also study the way of taking benefit of
finer acoustic classes such as speech over music or degraded
speech for the speaker segmentation task.
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Liste des abréviations

Liste des abréviations

BBN
BIC
CLR
CMS
DARPA

DCT
EM
ESTER
FO

FFT
GLR
GMM
HMM
LFCC

LIA
LPCC

MAP
MFCC

MIT
MLLR

NIST

PM

Société américaine Bolt Beranek and Newman

Bayesian Information Criterion, critére d'information Bayesien

Cross Likelihood Ratio, rapport de vraisemblance croisé

Cepstral Mean Substraction, soustraction de la moyenne cepstrale

Defense Advanced Research Projects Agency, agence de recherche du ministére
de la défense américain

Discrete Cosine Transform, transformée discréte en cosinus

Espectation Maximization, algorithme d'apprentissage d'un mode¢le statistique
Evaluation des Systémes de Transcription Enrichie des émissions Radiophoniques
Fréquence fondamentale ou fréquence d'excitation laryngienne

Fast Fourier Transform, transformée de Fourier rapide

Generalized Likelihood Ratio, rapport de vraisemblance généralisé

Gaussian Mixture Model, mod¢le de mélange de gaussiennes

Hidden Markov Model, modeéle de Markov caché

Linear Frequency Cepstral Coefficients, coefficients cepstraux utilisant un banc de
filtres repartis sur une échelle linéaire

Laboratoire Informatique d'Avignon

Linear Prediction Cepstral Coefficients, coefficients cepstraux calculés a partir
d'une analyse par prédiction linéaire

Maximum A Posteriori, adaptation d'un mod¢le par maximum a posteriori

Mel Frequency Cepstral Coefficients, coefficients cepstraux utilisant un banc de
filtres repartis sur une échelle Mel

Massachusetts Institute of Technology

Maximum Likelihood Linear Regression, adaptation d'un mod¢le par régression
linéaire

National Institut of Standards and Technologies

Précision, en recherche d'information, la quantité d'information pertinente trouvée
divisée par la quantité d'information trouvée

Précision Moyenne, en recherche d'information, la moyenne des précisions
calculées aprés chaque document trouvé, l'information doit étre ordonnée selon

une mesure de confiance
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Liste des abréviations

R Rappel en recherche d'information, la quantité¢ d'information pertinente trouvée
divisée par la quantité d'information pertinente a trouver

RT Rich Transcription, transcription riche

TDM Taux de Détections Manquées

TFA Taux de Fausses Alarmes

TREC Text REtrieval Conference
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