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Abstract

Lightweight child-worn recorders that collect audio across an entire day allow for a
big-data approach to the study of language development. By collecting the child’s
production and linguistic environment, these recordings offer us a uniquely natural-
istic view of everyday language uses. However, such recordings quickly accumulate
thousands of hours of audio and require the use of automatic speech processing
algorithms. Besides providing ecologically-valid measures of what children hear and
say, these recordings can fuel computational models of early language acquisition
with what infants truly hear. This opens up new opportunities for running realistic
language learning simulations.

A first aspect of my doctoral work is dedicated to developing automatic speech
processing algorithms for child-centered long-form recordings. In this manuscript, |
first show that current state-of-the-art automatic speech recognition systems fail to
capture the complexity of naturalistic speech as found in long-forms. | then present
our attempt to propose a free, open-source, and more accurate alternative to the
LENA® proprietary software, which is currently the standard tool for obtaining
automatic analyses of long-forms. Using supervised learning methods, my collabo-
rators and | built a suite of speech processing tools to detect voice activity, identify
voice signal sources (child vocalizations, female or male speech), count the number
of linguistic units (phonemes, syllables, or words), and estimate the quantity of
background noise and reverberation.

A second aspect of my doctoral work is dedicated to computational models of early
language acquisition. | present a first modeling study showing that self-supervised
learning algorithms trained on audiobooks can learn phonetic and lexical aspects of
their training language. | then show that the same algorithm trained on ecological
long-forms needs inductive biases to learn phonetic aspects of its training language
reliably and reflect on whether similar inductive biases may guide language learning
in infants. Interestingly, there is no evidence for lexical learning on long-forms,
contrary to what has been shown in the literature on more curated data. This series
of studies illustrates the importance of considering ecologically-valid input data
when modeling language acquisition.

Keywords: language development, psycholinguistics, speech processing, deep learn-
ing, supervised learning, self-supervised learning, cognitive sciences



Résumeé

L'utilisation d’enregistreurs légers portés par les enfants et collectant du son tout
au long de la journée ouvre la voie a une approche de ‘données massives' pour
étudier le développement du langage chez I'enfant. En recueillant la production
langagiére de I'enfant ainsi que son environnement linguistique, ces enregistrements
nous offrent une vision réaliste des usages quotidiens du langage. Cependant, de tels
enregistrements constituent rapidement des milliers d’heures d’audio et nécessitent
l'utilisation d’outils de traitement automatique de la parole. En plus de fournir des
mesures réalistes de ce que les enfants entendent et disent, ces enregistrements
peuvent alimenter les modéles computationnels d’acquisition du langage avec une
entrée comparable a ce que les enfants entendent réellement, ouvrant ainsi de
nouvelles perspectives pour simuler I'apprentissage du langage.

Un premier aspect de mon travail doctoral concerne le développement d’outils de
traitement automatique de la parole compatibles avec ces enregistreurs portés par
I'enfant. Cette thése commence par une étude montrant que les outils a la pointe de
la reconnaissance automatique de la parole ne parviennent pas a transcrire la parole
enregistrée dans des conditions bruitées et non contrélées. A travers une bréve
analyse technique et scientifique, j'introduis le logiciel propriétaire LENA, devenu
I'outil standard pour I'analyse automatique de ces enregistrements. Je présente
nos efforts pour en proposer une version libre, gratuite et plus performante. En
collaboration avec d'autres chercheurs, j'ai contribué a développer une série d’outils
de traitement automatique de la parole pour détecter I'activité vocale, identifier
les sources de signaux vocaux (vocalisations de I'enfant, paroles d’'une femme ou
d'un homme adulte), compter le nombre d'unités linguistiques (phonémes, syllabes,
mots), et estimer la quantité de bruit et de réverbération.

Un second aspect de mon travail doctoral concerne la modélisation de I'acquisition du
langage. Je présente une premiére étude montrant gu'un algorithme d’apprentissage
auto-supervisé entrainé sur des livres audio est capable d’apprendre des aspects
phonétiques et lexicaux de sa langue d’entrainement. En revanche, lorsque ce méme
algorithme est exposé a ce que les enfants entendent réellement, I'implémentation de
biais inductifs qui visent & contraindre I'apprentissage est nécessaire pour observer
une acquisition de ces mémes aspects phonétiques. A partir de ce constat, nous
réfléchissons a la possibilité que de tels biais inductifs puissent guider I'apprentissage
chez les enfants. Il est surprenant de constater que notre algorithme est incapable
d'apprendre les aspects lexicaux de sa langue d’entrainement lorsqu’il est exposé a
la parole que regoivent les enfants, contrairement a ce qu’a montré la littérature sur



des données moins bruitées. Cette série d'études illustre I'importance d'utiliser des
données d'entrée réalistes lors de la modélisation de I'acquisition du langage.

Mots-clés: développement du langage, psycholinguistique, traitement de la pa-
role, apprentissage profond, apprentissage supervisé, apprentissage auto-supervise,
sciences cognitives

Résumeé substantiel

Le langage est le propre de I'humanité. Tandis que I'on trouve des systemes de com-
munication complexes chez de nombreuses espéces, les langues humaines présentent
une complexité et une capacité d’expression inégalées. En combinant un ensemble
fini de sons en un ensemble infini de mots, qui peuvent étre a leur tour combinés
en un ensemble infini de phrases, nous pouvons exprimer un nombre incalculable
d'idées. Nous utilisons le langage pour développer des liens avec autrui, collaborer,
débattre, apprendre, exprimer nos émotions, plaisanter, réciter de la poésie, écrire
des livres et des articles scientifiques — les possibilités sont sans fin.

Devant une telle complexité, la maitrise du langage est I'une des taches les plus
difficiles qui soient. Malgré cela, la grande majorité des enfants deviennent des
utilisateurs compétents du langage, qu'il soit sous forme parlée ou signée. Ceci
est d'autant plus surprenant que l'apprentissage du langage chez les enfants se
déroule sans effort et en I'espace de quelques années seulement. Comment les enfants
apprennent-ils le langage ? Quelles étapes développementales traversent-ils au cours
du processus d’apprentissage ? Comment I'environnement langagier auquel les enfants
sont exposés faconne-t-il leurs compétences langagiéres? Ce sont quelques-unes des
questions explorées dans la recherche sur le développement du langage.

Dans cette thése, je propose d’'aborder la question du développement du langage au
moyen d’une méthode récente de collecte de données : des enregistrements sonores
pouvant durer jusqu'a 16 heures et collectant la production langagiére et I'environ-
nement linguistique de jeunes enfants. Ces enregistrements longs centrés sur I'enfant
(child-centered long-form recordings), au cceur de mon travail doctoral, donnent un
apercu réaliste des utilisations quotidiennes du langage. En plus de fournir des
mesures sur ce que les enfants entendent et disent en conditions naturelles, dont
I'extraction automatique sera le sujet du Chapitre 1, ces enregistrements permettent
d’'alimenter les modéles computationnels d’acquisition du langage avec des données
réalistes, sujet des Chapitres 2 et 3.



Chapitre 1. La mesure est une pierre angulaire de la méthode scientifique. Mesurer
ce que les enfants entendent et disent nous fournit de précieuses informations sur
I'acquisition du langage, ce qui nous permet de mieux comprendre comment les
jeunes apprenants déduisent les regles de leur langue maternelle. Voici quelques-
unes des questions auxquelles les chercheurs s’intéressent : Qui parle a I'enfant?
A quelle fréquence ? Que leur dit-t-on et comment? Quels sons, mots ou phrases I'en-
fant produit-t-il? Comment ces mesures changent-elles avec I'age de I'enfant? D'une
population a une autre? D'un individu a I'autre ? Ces mesures sont-elles prédictives des
compétences langagiéres développées par I'enfant? Peuvent-t-elles étre utilisées pour
détecter les troubles de I'acquisition du langage ou quantifier I'efficacité des programmes
de remédiation langagiére ?

Il est possible de répondre a bon nombre de ces questions en utilisant la technologie
des enregistrements longs centrés sur I'enfant. De maniére regrettable, résoudre
ces questions n'est pas chose aisée. L'information a laquelle on s'intéresse est en
effet enfouie dans des milliers d’heures d’enregistrement et nécessite l'utilisation
d’outils de traitement automatique de la parole. A cela s'ajoute la nécessité que nos
algorithmes soient compatibles avec les conditions non contrdlées caractéristiques
des enregistrements centrés sur I'enfant : I'enfant peut étre a la maison, au parc ou
a la créche; la parole enregistrée peut étre partiellement masquée par des bruits
environnementaux tels que les sons produits par un aspirateur, le trafic routier, la
télévision ou la radio.

Dans ce premier Chapitre, nous proposons une analyse des performances d'un sys-
téme a la pointe de la reconnaissance automatique de la parole, le modéele Whisper
développé en 2022 par I'entreprise américaine OpenAl. Sur des enregistrements
longs centrés sur I'enfant collectés dans des familles anglophones vivant aux Etats-
Unis, Whisper obtient un taux d’erreur de mots (word error rate) moyen de 47.9%. Il
est intéressant de mentionner que des taux d'erreurs bien plus bas sur des corpus
couramment utilisés en reconnaissance automatique de la parole ont été documentés.
En effet, le taux d’erreur moyen a travers les corpus LibriSpeech, Common Voices,
Vox Populi et Fleurs est seulement de 7%. Nous attribuons une telle différence de
taux d’erreur de mots entre les enregistrements longs centrés sur I'enfant et les
corpus couramment utilisés a deux facteurs principaux. Le premier facteur est la
présence de parole prononcée par des enfants, trés largement absente des données
d’apprentissage actuellement utilisées pour entrainer les modéles de reconnais-
sance automatique de la parole. Le deuxiéme facteur est la présence de conditions
d’enregistrement plus difficiles que celles couramment considérées (voir I'analyse
acoustique proposée dans le Chapitre 3). Cette premiére étude illustre certaines des
difficultés liées a l'utilisation des enregistrements longs centrés sur I'enfant.



Nous poursuivons avec une analyse technique et scientifique du logiciel propriétaire
LENA (Language Environment Analysis) développé par I'organisme américain a but
non lucratif du méme nom. L'utilisation combinée d’enregistreurs légers portés par
I'enfant et de ce logiciel propriétaire a profondément transformé la recherche sur le
développement du langage, le logiciel LENA s'étant rapidement imposé comme I'outil
standard pour I'analyse automatique des enregistrements longs centrés sur I'enfant.
Entre autres choses, le logiciel LENA segmente I'enregistrement audio en plusieurs
catégories en fonction de ce qu’il contient : des vocalisations produites par I'enfant
ou de la parole prononcée par un adulte. De cette premiere étape de segmentation
sont extraites plusieurs mesures : 1) le nombre de tours de conversation (conversa-
tional turns) entre I'enfant et un adulte ; 2) le nombre de mots prononcés par les
locuteurs adultes; 3) le nombre de vocalisations canoniques produites par I'enfant,
en ignorant donc les pleurs, les rires, et les sons végétatifs (bruits de respiration ou
d'éructation).

Notre analyse révele trois limitations importantes du logiciel LENA. Premiérement,
le logiciel est propriétaire, rendant difficile d’accés les nombreux détails d'implémen-
tation pouvant influer sur les performances du logiciel. Deuxiemement, le logiciel
repose sur des technologies de traitement automatique de la parole développées au
début des années 2000, et avec deux décennies de progrés, on peut raisonnablement
se demander si les performances ne bénéficieraient pas d'une mise a jour. Troisieme-
ment, le logiciel LENA a été entrainé exclusivement sur de lI'anglais américain, ce
qui ne garantit pas qu'il puisse fonctionner aussi bien sur d’autres langues.

C’est dans ce contexte que nous proposons une alternative libre, gratuite et plus
performante au logiciel LENA. En utilisant des méthodes d'apprentissage supervisé,
et en collaboration avec d'autres chercheurs, j'ai contribué a développer une suite
d’outils de traitement automatique de la parole entrainés sur des corpus multilingues
pour détecter I'activité vocale, identifier les sources de signaux vocaux (vocalisations
de l'enfant, paroles d’'une femme ou d'un homme adulte), compter le nombre
d'unités linguistiques (phonémes, syllabes, mots), et estimer la quantité de bruit et
de réverbération. En plus de constituer une alternative libre et gratuite au logiciel
LENA, nos résultats montrent que les performances de nos algorithmes sont égales
ou supérieures aux performances obtenues par l'algorithme LENA.

Nous concluons ce Chapitre en abordant trois aspects essentiels de cette ligne
de recherche, a savoir : 1) la nécessité d'aller au-dela des mesures initialement
développées par I'organisation américaine LENA ; 2) I'importance de promouvoir
la diversité dans les données d’apprentissage et d’évaluation afin de construire des
algorithmes inclusifs avec un minimum de biais; 3) I'importance de démocratiser



Vi

I'usage de ces algorithmes en les rendant accessibles a des acteurs moins familiarisés
avec l'informatique et le traitement du signal.

Chapitre 2. Pendant de nombreuses années, des scientifiques de divers domaines,
de la linguistique formelle a la psychologie du développement, en passant par
I'intelligence artificielle, ont envisagé la possibilité d’exécuter des simulations d’ap-
prentissage du langage sur ordinateur. De telles simulations sont importantes a la
fois pour des raisons pratiques et théoriques. Sur le plan théorique, les simulations
peuvent aider a prouver ou réfuter certaines hypotheses — et a en formuler de nou-
velles — sur la fagon dont les nourrissons apprennent leur langue maternelle. Sur
le plan pratique, de telles simulations améliorent les compétences langagiéeres des
ordinateurs, leur permettant de comprendre le langage et de le parler de maniére
plus efficace.

Nous commencons ce Chapitre avec une synthése des principaux résultats d’expé-
riences en laboratoire portant sur les capacités langagiéres des jeunes enfants. Par
exemple, une amélioration des capacités de discrimination des sons de la langue
maternelle est observée chez les nourissons entre 6 et 12 mois, tandis que leur capa-
cité a discriminer les sons non natifs diminue. En d’autres termes, la discrimination
des sons chez les jeunes enfants se s'adapte a leur langue maternelle. A 4 mois, les
nourrissons commencent en général a reconnaitre leur propre nom, et a I'dge de 8
mois, la plupart d’entre eux connaissent la signification de nombreux mots. Etonna-
ment, cette connaissance précoce des aspects lexicaux et sémantiques de leur langue
maternelle intervient bien avant que les nourrissons ne développent pleinement leur
capacité de discrimination sonore, et avant méme qu'ils ne produisent leur premier
mot, généralement vers la fin de leur premiére année de vie.

De nombreuses théories ont été proposées afin d’expliquer I'apprentissage du lan-
gage chez I'enfant. L'apprentissage statistique, sans doute I'une des plus importantes
d’entre elles, souligne la capacité des enfants a extraire les propriétés statistiques
de leur environnement linguistique afin d’en extraire la structure phonétique, lexi-
cale et grammaticale. Une seconde théorie, appelée apprentissage inter-situationnel
(cross-situational learning), met en avant la capacité des jeunes enfants a agréger
des informations a partir d'observations de cooccurrences entre un mot et sa signi-
fication, constituant ainsi une explication de I'apprentissage sémantique précoce.
Les théories de I'apprentissage social mettent I'accent sur le réle des facteurs sociaux
dans l'acquisition du langage et I'importance de I'interaction humaine. Ces théories
soulignent I'importance de nombreux mécanismes, y compris I'imitation et le ren-
forcement, I'attention conjointe (c’est-a-dire I'attention coordonnée d'un enfant et



son parent envers un objet ou un événement), les boucles de rétroaction lors de la
communication, etc.

Une maniére de tester ces théories consiste a les implémenter. En effet, si I'acqui-
sition du langage chez les nourrissons se fait par le biais de certains mécanismes,
alors I'implémentation de ces mémes mécanismes devrait produire des résultats
d’apprentissage similaires a ceux observés chez I'enfant. Bien que I'exécution de
simulations reflétant toute la complexité du monde réel ne soit pas encore possible
aujourd’hui, les simulations d’apprentissage représentent un outil précieux dans
I'étude de I'acquisition du langage en nous fournissant des preuves d'apprenabilité
sous la forme suivante : “La propriété P peut étre apprise a partir de I'entrée E en
utilisant le mécanisme M”. Ces preuves d’apprenabilité nous éclairent ainsi sur ce
que les jeunes enfants peuvent apprendre sur la base exclusive du mécanisme M et
de I'entrée E.

Aprés avoir présenté une vue d’ensemble du paysage méthodologique dans I'exécu-
tion de simulations d’apprentissage, nous présentons notre propre approche, au cceur
du Chapitre 2 et 3 de cette thése. Nous proposons de comparer les résultats d'ap-
prentissage de notre simulation aux mesures comportementales faites en laboratoire
chez I'enfant ou I'adulte. En particulier, nous proposons l'utilisation d'une tache de
discrimination sonore ABX, un protocole couramment utilisé en psycholinguistique.
Durant cette tache, I'apprenant artificiel recoit trois triphones A, B et X avec A et
X correspondant a différentes occurrences du méme triphone (par exemple “bip™)
et B correspondant a un autre triphone dont le phone central différe (par exemple
“bop™). Si I'apprenant artificiel retourne une distance entre A et B plus petite que la
distance entre A et X, alors il réussit, sinon il échoue.

Tandis que cette tache évalue les capacités de discrimination sonore de I'apprennant
artificiel, la seconde tache proposée évalue ses capacités au niveau lexical. Dans
cette tache lexicale, I'apprenant recoit un vrai mot (par exemple “dragon”) ainsi
gu'un pseudo-mot présentant une probabilité phonotactique similaire (par exemple
“draton”). Si I'apprenant artificiel associe une probabilité plus élevée au vrai mot
gu'au pseudo-mot, alors il réussit, sinon il échoue.

Avant de présenter nos résultats, il convient de mentionner deux caractéristiques
essentielles de notre méthodologie. Premiérement, nous adoptons une approche
inter-linguistique (cross-linguistic) dans laquelle I'apprenant artificiel est exposé soit
a de lI'anglais, soit a du francgais, simulant ainsi un enfant apprenant I'anglais ou
le francais. Durant I'étape d’évaluation, nos deux apprenants sont évalués sur les
deux langues. La comparaison entre les scores natifs (apprentissage et évaluation
sur la méme langue) et non natifs (apprentissage et évaluation sur deux langues
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différentes) nous permet de mesurer ce que I'apprenant a appris grace a I'exposi-
tion a sa langue d’entrainement, par opposition a I'exposition a une autre langue.
Deuxiemement, nous adoptons une approche développementale dans laquelle nous
faisons varier la quantité de parole a laquelle I'apprenant a acces. Ceci nous permet
d'étudier I'effet de la quantité de parole sur les résultats d'apprentissage.

Dans cette premiere étude, nous exposons un modeéle d'apprentissage auto-supervisé
a de grandes quantités de livres audio en suivant la méthodologie décrite plus haut.
Les trajectoires d’apprentissage suivies par notre apprenant artificiel montrent un
effet positif de leur langue d’entrainement, c'est-a-dire que I'apprenant natif (par
exemple le modéle anglais évalué sur I'anglais) obtient des scores phonétiques et
lexicaux plus élevés que I'apprenant non-natif (par exemple le modele frangais
évalué sur I'anglais), et cela dés I'exposition a 50 heures de parole. Nous observons
également un effet important de la quantité de parole, c'est-a-dire que le modéle
natif s'améliore sur la tdche de discrimination sonore ainsi que sur la tache lexicale a
mesure que la quantité de parole dans I'ensemble d'apprentissage augmente. Tandis
que I'on aurait pu s'attendre a un apprentissage successif durant lequel le modéle
apprend a discriminer les sons avant d’apprendre les mots, nous observons une
trajectoire paralléle, compatible avec les observations faites chez I'enfant.

Notre simulation fournit une preuve d’apprenabilité. En exposant nos algorithmes
auto-supervisés a de la parole, nous avons montré que ces derniers apprennent a
discriminer les sons et a discriminer les mots de pseudo-mots. De plus, les trajectoires
d’'apprentissage de nos apprenants artificiels sont compatibles avec celles observées
chez I'enfant. Ainsi, nous démontrons que les théories d'apprentissage statistique,
dont nos algorithmes sont I'un des nombreux représentants, suffisent a expliquer
certains des aspects de I'apprentissage phonétique et lexical chez I'enfant.

Chapitre 3. Une mission d'importance capitale en sciences en géenéral, et dans les
études de modélisation en particulier, est de comprendre dans quelle mesure nos
découvertes s'appliguent au monde réel.

Dans la simulation décrite plus haut, nous exposons nos apprenants artificiels a des
livres audio. Par ce biais, nous faisons I'hypothése simplificatrice importante que
I'environnement linguistique de I'enfant est constitué de longues phrases articulées,
prononcées par le méme locuteur, couvrant un large vocabulaire, présentant une
syntaxe complexe, et produites dans un environnement acoustique favorable (re-
lativement peu de bruits et peu de réverbération). Ces hypothéses simplificatrices
font partie intégrante de I'entreprise de modélisation mais ne correspondent pas
aux conditions auxquelles les jeunes enfants sont confrontés. Comment la complexité
de I'environnement langagier réel des enfants affecte-t-elle I'acquisition du langage ?



Les théories existantes rendent-elles compte de maniére adéquate de ce que les enfants
entendent vraiment? Nos modéles computationnels présentent-ils les mémes résultats
d'apprentissage lorsqu'ils sont formés sur des données propres ou réalistes? Ces ques-
tions sont au centre du Chapitre 3. Nous proposons d'alimenter les simulations
d’acquisition du langage directement avec ce que les nourrissons entendent en
utilisant les enregistrements longs centrés sur I'enfant introduits au Chapitre 1.

Nous commencons par présenter un article expliquant comment un programme de
recherche se focalisant sur l'utilisation des enregistrements longs centrés sur I'enfant
dans le cadre de la modélisation de I'acquisition du langage pourrait procéder.
En particulier, nous présentons comment certaines expériences de perception de la
parole en laboratoire chez I'’enfant peuvent étre adaptées pour évaluer les apprenants
artificiels.

A travers une analyse acoustique comparative entre les enregistrements longs cen-
trés sur I'enfant et les livres audio couramment utilisés dans les modélisations
d’apprentissage, nous montrons que la parole contenue dans les enregistrements
centrés sur I'enfant contient un niveau de bruit bien plus élevé que celle trouvée
dans les livres audio. Notre analyse révele également que contrairement aux livres
audio, les enregistrements longs centrés sur I'enfant présentent une grande variété
d’environnement réverbérant dégradant fortement la qualité du signal de parole.

A la lumiére de ces différences acoustiques, nous proposons de comparer I'appren-
tissage d’'un apprenant artificiel, le méme que celui étudié au Chapitre 2, lorsque
ce dernier est exposé aux livres audio ou aux enregistrements centrés sur I'enfant.
En particulier, nous nous intéressons au processus de synchronisation perceptuelle
intervenant entre 6 et 12 mois chez les nourrissons, au cours duquel ces derniers
deviennent meilleurs pour discriminer les sons natifs et moins bons pour discriminer
les sons non natifs. Adoptant la méme approche inter-linguistique et développemen-
tale que celle présentée au Chapitre 2, nous montrons gue notre apprenant artificiel
reproduit en effet le processus de synchronisation perceptuelle lorsqu'il est entrainé
sur des livres audio, ce qui n'est pas le cas de I'apprenant artificiel entrainé sur les
enregistrements centrés sur I'enfant.

Afin de reproduire le processus de synchronisation perceptuelle a partir de ces enre-
gistrements, il est nécessaire d'équiper notre apprenant avec certains meécanismes
visant a guider le processus d’'apprentissage. Ces mécanismes, aussi appelés biais in-
ductifs, ont été concgus pour répondre a deux critéres : 1) ils doivent étre compatibles
avec les comportements documentés chez I'enfant; 2) ils doivent atténuer certaines
dégradations du signal identifiées lors de notre analyse acoustique. Puisque I'on
observe que ces biais inductifs sont nécessaires pour que notre apprenant artificiel



reproduise le processus de synchronisation perceptuelle, nous explorons la possibi-
lité que des biais inductifs similaires puissent guider I'acquisition du langage chez
I'enfant.

Il est important de mentionner que nous n'observons pas de preuves d'un quelconque
apprentissage lexical, contrairement a ce qui a été montré dans le Chapitre 2
avec l'apprenant artificiel entrainé sur les livres audio. A travers l'utilisation de
microphones portés par I'enfant, nous montrons I'importance d'utiliser des données
d’entrée réalistes dans les simulations d’acquisition du langage.



Thesis format

This document follows a thesis-by-publication format (thése par articles), meaning
that first-author articles are directly embedded in the document’s body. Far from
being a mere concatenation of articles, this format allows me to relegate the expert-
oriented discourse and technical details to the scientific articles that are published
or are in the process of being published. By doing so, | focus on the coherence of
our past, present, and future work, highlighting the factors that led us to work on a
specific subject, detailing our most important findings, and outlining the potential
directions we may pursue in the future.

Throughout Chapters 1, 2, and 3, readers will find sections accompanied by an
article. These sections are highlighted with a box containing the article reference,
followed by a Motivation and a Paper Summary subsections. Readers should be able
to understand the essence of our work by focusing exclusively on these subsections,
which should ease — and considerably speed up — the reading of this document.
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Introduction

Language is unique to humans. While sophisticated communication systems are
found across many species, human languages exhibit unrivaled intricacies and
expressive power (Hockett, 1960). By combining a nite set of sounds into an
in nite set of words, which in turn can be combined into an in nite set of sentences,
we can express countless ideas. We use language to bond with others, collaborate,
debate, learn, express our feelings, make jokes, recite poetry, and write books and
scienti ¢ articles — the possibilities are endless.

Given such complexity, mastering one's native language is one of the most chal-
lenging tasks a human being will ever face. Nevertheless, the vast majority of
infants become pro cient language users, whether in spoken or signed form (Goldin-
Meadow & Brentari, 2017). What is even more astounding is that they do it within

a few years and in an effortless manner. How do infants learn to comprehend and
produce language? What developmental stages do they undergo as the learning process
unravels? How does the language infants are exposed to shape their language skills?
Those are some of the key questions explored in language development research.

Attempting to answer these questions takes much collaborative effort from re-
searchers spanning different disciplines such as neuroscience, psychology, linguistics,
philosophy, computer sciences, and many others. Despite scientists' best efforts to
reveal the hidden workings of infants, numerous secrets continue to elude our un-
derstanding. In our quest for comprehension, we must nd ingenious ways to collect
and describe what children hear and produce, elicit and measure their behavior or
brain activity while exposed to language, and so on — much of this methodology will
be introduced throughout the thesis.

During my stay at the Laboratoire de Sciences Cognitives et Psycholinguistique (LSCP)
and Meta Al in Paris, under the supervision of Alejandrina Cristia, Hervé Bredin,
and Emmanuel Dupoux, | explored how arti cial neural networks (ANN) could be

used to foster progress in language development research. In particular, | focused on
using child-centered long-form recordings that collect everyday language uses from

the child's perspective — described in Section 0.2. In this context, my collaborators
and | developed a suite of speech processing tools to automatically describe the input
afforded to children as well as their language production. This aspect is discussed



0.1

in Chapter 1 and illustrates how arti cial neural networks can be used as a toolto
describe children's language environments. A second aspect of my doctoral work
focused on modeling early language acquisition. Computer simulations can help us
get insights into how infants may acquire their native language. These aspects are
discussed in Chapters 2 and 3 and illustrate how arti cial neural networks can be
used as a modelof the infant learner.

The nature versus nurture debate

Abbaye de Royaumont (Val-d'Oise), October 197%oam Chomsky, an esteemed
American linguist, and Jean Piaget, a distinguished Swiss psychologist, met for the
rst time to discuss their views on the origins of learning and language (Manesse

& Miniac, 1981). The encounter between these two intellectual giants will remain
forever engraved in the history of cognitive sciences. At the heart of the discussion
was the fundamental question of the relative contribution of genes (nature) and the

environment (nurture) in infant language acquisition.

On the one hand, Chomsky's nativist theory posits that language acquisition is pri-
marily driven by innate, universal principles speci ¢ to the human brain. Chomsky
argues that children possess an innate language acquisition device (LAD), a hypothet-
ical cognitive module containing universal grammatical rules or principles common
to all languages and enabling infants to acquire language effortlessly and rapidly
(Chomsky, 1959). Central to his claim is the poverty of the stimulus argument,
which posits that children are not exposed to rich enough data within their linguistic
environments to acquire every feature of their language (Chomsky et al., 1980).

On the other hand, Piaget's constructivist theory argues that language acquisition
is intricately linked to cognitive development. According to his theory of cognitive
development, children progress through distinct mental stages, constructing knowl-
edge and understanding through their interactions with the environment. In this
view, language acquisition is a gradual process that evolves alongside the child's
cognitive abilities. Constructivist theories emphasize the proactive role of children
in acquiring language from sensorimotor experiences (Piaget, 1935; Vygotsky, 1962;
Tomasello & Farrar, 1986).

Although it is widely acknowledged that both nature and nurture play signi cant
roles in infant language acquisition (Karmiloff-Smith, 1998; Rowland, 2013), the
relative contribution of each remains the subject of intense and contentious debates
(Saffran & Thiessen, 2008; Ambridge & Lieven, 2011).

Chapter 0  Introduction
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Recently, the progress of arti cial intelligence and machine learning has made
available a new source of evidence that can contribute to this debate: simulation. By
building an arti cial language learner and placing it in an environment similar to that

of infants, one could determine, in theory, which aspects of the learning trajectories
observed in humans can be learned by the machine (Dupoux, 2018; Lavechin, de
Seyssel, Gautheron, et al., 2022). We will dedicate the General discussion to this
matter.

As we elaborate in Chapter 4, the key to placing an arti cial learner in an environ-
ment similar to that of infants comes from child-centered long-form recordings.

What are child-centered long-form recordings?

Fueled by the advancements in wearable and battery technology, child-centered
daylong or long-form recordings? allow us to capture what children hear and say
across an entire day by collecting audio data directly within the child's environment
and from the child's perspective.

Fig. 1.: Child-centered long-form recordings are typically collected using a custom-made
piece of clothing with a front chest pocket to hold a lightweight and child-safe
recorder. This Figure shows a LENA recording device capable of capturing up to
16 hours of audio worn by a little girl growing up in Vanuatu. Photograph taken by
Heidi Colleran.

In most settings, infants and young children wear a custom-made piece of clothing
with a front chest pocket, within which a lightweight recording device is inserted
— see Figure 1. Although researchers sometimes use alternative or custom devices,

YFrom now on, we will use exclusively child-centered long-form recordings (often shortened as long-
forms). The “long-form' adjective better re ects, in opposition to “day-long’, that some researchers
do not capture the entirety of the child's waking day, and others may also capture nighttime.

0.2 What are child-centered long-form recordings?
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e.g., Cao et al. (2018), the large majority of long-forms are collected with the
recorder designed in the late 2000s by the LENAR (Language ENvironment Analysis)
nonpro t American organization. As we shall see in Chapter 1, the LENA® device
has the advantage of being accompanied by a speech processing software, allowing
researchers to extract measures of what children hear and say automatically.

From a scienti ¢ perspective, long-forms have many advantages. First, they sample
the full range of language input the child is exposed to as well as the language
output they produce. Second, they reduce observer effects relative to, e.g., shorter
audio or video recordings (Bergelson et al., 2022). Third, they consume relatively
little electricity and are compatible with eld data collection in remote places - e.g.,
see Casillas et al. (2021) for a study in a Papuan community. Finally, the technology
behind long-forms is becoming increasingly cheap. At the time of writing, one
LENA® recorder currently costs between219% and 329 (“LENA shop”, 2023), while
USB lavalier microphones cost less thar20$.

These combined advantages allow researchers to obtain an ecologically-valid view
of children's language environments around the world and to foster progress in
language acquisition research. In this thesis, we will adopt a perspective primarily
focused on signal processing challenges while trying to remain relevant to language
development researcif. As we delve into the subject, it will become evident that
long-form recordings offer many opportunities and pose remarkable challenges.

Content overview

Having gained a good understanding of the technology discussed in this thesis, we
provide a concise content overview.

Chapter 1 presents our contributions to building automatic speech processing
systems for child-centered long-forms.

We start with a short study demonstrating the low performance of current state-of-
the-art automatic speech recognition systems. We then present the LENA proprietary
software, now routinely used to analyze children's language environments collected
through wearable recording devices. Finally, we present our efforts in proposing
a free and open-source alternative to the LENA software. In addition to offering
better-performing algorithms, our solution expands the range of measures designed

2For aspects not covered in this thesis, we will refer to Casillas and Cristia (2019) for a step-by-step
guide on collecting and analyzing long-forms and Cychosz et al. (2020) for ethical guidelines.

Chapter 0  Introduction



initially by the LENA® Foundation. This chapter shows how arti cial neural networks
can be used as a tool to process child-centered long-forms.

Chapter 2 presents our contributions to modeling early language acquisition from
audiobooks.

We review some results in the language acquisition literature, presenting key de-
velopmental milestones observed in infants and the learning mechanisms proposed
to explain how infants acquire their native language. We explain how running
language learning simulations in computers can help us better understand infant
language acquisition. After presenting the various approaches to modeling language
acquisition, we present our own approach, with a short study assessing the phonetic
and lexical capabilities of a self-supervised deep learning model trained on audio-
books. This chapter returns to the nature versus nurture debate mentioned above
by providing proof of learnability. Furthermore, it sets the stage for the following
chapter by proposing a candidate algorithm to learn from ecological long-forms.

Chapter 3 presents our contributions in modeling early language acquisition from
ecological child-centered long-forms.

We start with a position paper advocating for the use of ecologically-valid data
when modeling language acquisition. After laying out recommendations on how a
research program centered around modeling language acquisition from long-forms
could proceed, we present our own modeling study of early phonetic acquisition.
Concluding this chapter, we introduce a benchmark compatible with the vocabulary
typical of children's language environments and identify two challenges that must
be addressed to run more realistic simulations of language acquisition. This chapter
brings together some of the tools built in Chapter 1 with the candidate learning
mechanism proposed in Chapter 2 with the additional constraint that the learning
must occur in an environment similar to that of infants.

Chapter 4 consists of a general discussion re ecting on the limitations and the
broader implications of our ndings.

We rst summarize our main contributions. We present how our approach in learning
from ecological long-forms can contribute to the nature versus nurture debate. We
close this thesis with a hypothetical scenario that outlines our perspective on the
trajectory the eld must embark upon to make substantial advancements.

0.3 Content overview






Automatic analysis of
children's language
experiences

Measurement is a cornerstone of science, and language development research is no
exception. Measurements of what children hear and say provide critical information
about early language acquisition, enabling us to gain a deeper understanding of how
young language learners infer the rules of their native language. Central questions in
language development research include: Who talks to the child, how often, what do
they say, and how do they say it? What sounds, words, or sentences does the child
produce? How do these measures change with age, across diverse populations, and
between individuals? Are these measures predictive of later language skills? Can
they be used to detect language disorders or quantify the effectiveness of language
remediation programs?

Traditionally, such measures are obtained from short recordings of naturalistic inter-
actions in semi-controlled environments (Hart & Risley, 1995; Bergelson, Amatuni,
et al., 2019) or times of in-person observations (Roopnarine et al., 2005). Although
informative, these data collection methods provide researchers with a limited per-
spective on the vast array of communication situations children experience and
engage in throughout the day, from morning to night. In the late 2000s, the advent
of the LENA® system enabled researchers to capture language use in everyday life
directly from the child's perspective, promising an ecologically valid description of
children's language experiences.

As we shall see throughout this rst chapter, this ecological validity comes with a
price, which involves dealing with real-life recordings that are rarely clean, some-
times unintelligible, most often noisy, and span up to 16 hours — audio samples
are available onthis project page'. Child-centered long-form recordings raise many
interesting scienti ¢ and engineering challenges, some of which are addressed in
this rst chapter.

Yhttps://marvinlvn.github.io/projects/2_project



1.1

We begin by addressing some of the challenges of working with child-centered
long-form data with a short study assessing the performance of a state-of-the-art
automatic speech recognition system on recordings collected in American English-
speaking families. We then introduce the LENA proprietary software dedicated to
the automatic analysis of long-forms, whose combined use with the LENR wearable
recorder has had a major impact on language development research. We highlight
certain limitations of the LENA® system and present our attempt to propose a free,
open-source, and more accurate alternative. Next, we present our voice activity
detection model that estimates the background noise level and the quantity of
reverberation, both of which are salient in naturalistic speech as found in long-
forms. Finally, we re ect on current limitations and potential future work in building
automatic speech processing tools compatible with long-forms.

Automatic speech recognition

Fig. 1.1.: Automatic speech recognition is the task of transcribing a given audio to text, i.e.,
answering the question: "What is being said?".

About a decade ago, the performance of automatic speech recognition (ASR, see
Figure 1.1) systems dramatically increased with the adoption of deep neural network-
based hybrid approaches (Hinton et al., 2012). More recently, the ASR community
has seen another quantum leap forward with the emergence of end-to-end systems
supplanting traditional modeling components with a single network (J. Li, 2022).
Some claim that modern ASR systems now achieve human-level or even supra-
human performance (Xiong et al., 2016; T. S. Nguyen et al., 2020; Radford et al.,
2022).

These recent breakthroughs promise to ease the life of language development
researchers working with child-centered long-form recordings. Indeed, long-forms
can quickly accumulate thousands of hours of audio, making manual transcription
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too expensive and time-consuming to be feasible. A fully-functioning ASR system
capable of handling the high variability and high quantity of noise inherent in
long-form recordings would provide researchers with a precise understanding of
what children hear and produce, enabling a level of description that has never been
achieved before.

This section proposes a short study of one such ASR system claimed to achieve
human-level performance: Whisper from OpenAl (Radford et al., 2022). We aim
to demonstrate that current state-of-the-art ASR systems are barely usable on long-
forms — and, thus, are far from reaching human-level performance. In doing so, we
introduce our readers to some of the dif culties in using long-forms, namely, the
challenging recording conditions.

Performance of Whisper on American English long-forms
Experimental protocol

Dataset. For this analysis, we consider the Bergelson corpus (Bergelson, 2017;
Bergelson, Casillas, et al., 2019) collected from 44 American English infants, from
6-18 months of age (mean age = 12:5 mths and standard deviation a5 = 3:3
mths), living in Rochester, western New York. This corpus consists of long-form
recordings using the same LENA recorder as presented in the Introduction (single
channel, 16-kHz sampling rate). Out of the 44 infants, 10 were selected for manual
annotation, chosen to represent the full diversity of the original corpus in terms
of maternal education and age range. Fifteen 2-minute non-overlapping sessions
were randomly sampled from the selected long-forms, resulting in 5 hours of audio
transcribed by expert annotators — see Soderstrom et al. (2021) for the rationale of
the sampling and annotation processes.

After Itering out non-speech segments (e.g., cries, laughs, etc.) and utterances
transcribed as unintelligible, we are left with 2,174 utterances totaling 51 mn of
speech. Among these utterances, 66% are produced by female adults (FEM), 14%
by male adults (MAL), 12% by electronic devices such as TVs or toys (ELE), and 6%
by children (CHI; either the child wearing the recording device or any other children

in the environment).

Model. We automatically transcribe each of the 2,174 utterances using the Whisper
large system (Radford et al., 2022). Whisper is a large-scale transformer-based ASR
system trained on 680,000 hours of multilingual and multitask audio data collected
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from the internet that has been shown to yield competitive performance on a variety
of benchmarks, including multiple languages.

Evaluation metric. To evaluate the performance of Whisper, we use the word error
rate (WER) computed as:

S+D+ 1

WER =
N

where S, D, and | are the number of substitutions, deletions, and insertions between
the reference (i.e., the human transcription) and the hypothesis (i.e., the automatic
transcription), and N is the number of words in the reference.

Results and discussion

Fig. 1.2.: Word error rate (WER) obtained by Whisper large as a function of voice type.
FEM stands for female adult speech, MAL stands for male adult speech, CHI
stands for child vocalization, and ELE stands for electronic speech (TV, radio,
toys, etc.). Each point is an utterance, and bars indicate the median word error
rate across utterances produced by a given voice type. The WER is greater than
100% when there are more errors in the automatic transcript than words in the
reference. Only utterances for which Whisper obtained a WER lower than 200%
are displayed.
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On the Bergelson corpus, Whisper obtains an average WER of 47.9%, suggesting
poor transcription capabilities on naturalistic speech utterances found in child-
centered long-forms?. In comparison, the same model obtains an average WER of
7.0% on four of the most popular benchmarks in the ASR community: LibriSpeech
(Panayotov et al., 2015); Common Voice (Ardila et al., 2019); VoxPopuli (Wang
et al., 2021); and Fleurs (Conneau et al., 2023). The dif cult acoustic conditions
found in long-forms might explain the observed 40% difference in WER between
them and popular ASR benchmarks. As long-forms collect language use in everyday
life, speech is not recorded in a controlled environment. Instead, it is spoken from
a distance, it is reverberated and absorbed by surrounding obstacles, and it can be
mixed with other speech sounds and background noise. In addition, people do not
speak in clear and well-articulated sentences but may mumble, whisper, or laugh
while speaking, producing short turns that sometimes overlap. We will return to the
impact of the dif cult acoustic conditions found in long-forms in Section 1.4.

To a certain extent, the low WER obtained by Whisper relates to the different
speech sources found in long-forms, as shown in Figure 1.2. Although this Figure
should be interpreted with precaution given the small sample size of our analysis,
results suggest similar performance for female and male adult speech (median WER
of 40.0% for FEM versus 45.5% for MAL) and worse performance for children's
vocalizations and electronic speech (median WER of 100%). Numerous studies
indicate that automatic recognition of children's speech is a challenging task due to
various factors such as the high variability in speech sounds, the high pitch range,
the presence of dis uencies, and the limited amount of data available for training
that are primarily focused on adult speakers — see Bhardwaj et al. (2022) for a
review. The lower performance obtained on electronic speech may be attributed to
electronic devices like TVs or radios typically running in the background, resulting in
distorted far- eld speech that is more challenging to transcribe accurately. Overall,
the data show a high standard deviation (too high to be displayed in Figure 1.2),
with a high density of utterances for which Whisper obtains a WER of 0% or 100%.
In other words, there are many instances where Whisper produces a transcription
that is either completely accurate or completely wrong. This demonstrates the low
reliability of Whisper in automatically transcribing utterances found in long-forms.

2An alternative experimental protocol consists in running Whisper on the entire audio recordings
without using utterance boundaries. In this scenario, we assign a greater weight to the false alarms
produced by the model. Following this protocol leads to Whisper obtaining an average WER of
100%, as opposed to the 47.9% WER obtained when using utterance boundaries. Another protocol
worth considering consists in extending utterance boundaries to provide the model with additional
contextual information. While we have not conducted this analysis, it is reasonable to expect that
Whisper may exhibit slightly higher performance with longer contexts.
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Human transcription

Automatic transcription

what

it is time for me to take a shower
S0 you can play with some toys

in the bathroom

i got your house

and your baby

should we get a couple more toys
what else do you like

no remember we did this yesterday
it was fun

how about your magna doodle

do you want to take this in

S0 you can color

i think we should nd one more toy
how about your ball

where is your ball

here it is

here you hold this one

and i will pick up the ball

your father is ridiculous

okay

what about the laundry

it is time for me to take a shower

SO you can claim some poison
with that

i got your house

and your baby

should we go get a couple more toys
what else do you like

no remember we did this yesterday
it was fast

i like your hair too
do you want to take this in

S0 you can color

i think we should nd one more toy

how about your ball
where is your ball
here it is

here you hold this one

and i will pick up the box

your father is ridiculous
okay

Tab. 1.1.: Example of a 2-minute session extracted from American English long-forms for
which Whisper obtains a word error rate of 8.8%. Insertions and substitutions
are indicated in red.

Finally, Tables 1.1 and 1.2 show examples of 2-minute sessions transcribed by
Whisper. A closer examination of the transcription produced by Whisper provides
valuable insights. We observe transcription errors that seem natural, in the sense
that they can easily be attributed to the acoustic similarity between the human and
the automatic transcript, e.g., "it was fun" transcribed to "it was fast" or "and | will
pick up the ball" transcribed to "and | will pick up the box". However, there also
exist errors that can hardly be explained by mere acoustic similarity, e.g., "and a soft
rabbit" transcribed to "you know it is all together”. Although it is hard to provide
precise evidence, we hypothesize that these errors are due to the language modeling
task (among other tasks) used to train Whisper. As the model is trained to transcribe
the audio and predict the next token, there might be situations where one task
dominates the other.

In the same vein, we noticed hallucinations like "thanks for watching" and "please

hit the like button and share the video with friends on social media" that are not
pronounced in the audio. Although Whisper's authors gave little to no details about
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the data source used to train the model (Radford et al., 2022), the observation of
such aws leaves little doubt about how the authors gathered 680k hours of audio.

Human transcription Automatic transcription

is baby crying are you crying

why do not you go make him something are you going to make him do that
hairy dog there we go

and a soft rabbit you know it is all together
a velvet mouse i love it you know

and a furry cat hurry up

a funky frog bye bye

you are okay bye bye

funny frog bye

sh bye

sh sh sh the end

oh who came oh he is here

you are okay okay

you are okay ah

you are okay ah

Tab. 1.2.: Example of a 2-minute session extracted from American English long-forms for
which Whisper obtains a word error rate of 89.6%. Insertions and substitutions
are indicated in red.

Challenges and opportunities in building automatic speech
recognition systems for long-forms

Child-centered long-form recordings offer a unique ecological view of children's
language environment and allow for a big-data approach to the study of language
acquisition (Casillas & Cristia, 2019; Gautheron et al., 2020; Cychosz & Cristia,
2021). This comes at the price of handling the complexity of everyday language use:
through tedious, time-consuming, and expensive human-made transcription or the
development of specialized automatic speech recognition systems.

This section demonstrated Whisper's failure to transcribe American English long-
forms. However, it would not be fair to interpret this failure as a lack of progress
in automatic speech recognition. There have been breakthroughs — and | consider
Whisper one of them. The word error rate is constantly lowering (Baevski et al., 2020;
Hsu et al., 2021; Radford et al., 2022; Y. Zhang et al., 2023), bringing us closer to the
day when language development researchers will have a fully functional ASR model
for long-forms. As of now, it appears evident that transcribed speech found on the

1.1 Automatic speech recognition
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internet and current ASR training sets fail to address the complexity of naturalistic
adult and child speech, such as found in long-forms. A direct consequence is that
ASR tools developed with their own commercial or research agenda would likely
not work on long-forms. Therefore, we are left with one possibility: building our
own tools.

We can do so by leveraging existing sharing platforms of child language data. Some
of these platforms include the Child Language Data Exchange System (CHILDES),
which focuses on child language data in general (MacWhinney, 1996), PhonBank,
which focuses on child phonology (Rose & MacWhinney, 2014), and HomeBank,
which provides access to multi-hour and real-world recordings like long-forms
(VanDam et al., 2016). Although only a small portion of the data is transcribed
speech, it can be used to ne-tune existing ASR tools like Whisper, which would
likely yield a signi cant performance boost on long-forms.

While our analysis focused solely on American English, it is crucial to remember
that children develop language in diverse cultural and linguistic environments
(Scaff, 2019). Therefore, building tools for the more than 7,000 languages that
exist worldwide is essential to understand the similarities and differences between
the wide variety of children's language experiences (Kidd & Garcia, 2022). The
development of inclusive Al tools for low-resource languages, including ASR models,
is an active area of research (Besacier et al., 2014; Reitmaier et al., 2022) that will
likely be key in building a universal description of children's language experiences.

The Language ENvironment Analysis (LENA®)
software

In addition to providing a wearable recording device capable of capturing up to
16 hours of audio (presented in the Introduction), the LENA® Foundation proposes a
proprietary software designed to provide automated quantitative analyses of both the
child's vocalizations and their language environment. Since its public release in 2008,
the LENA® system has become the industry and research standard for measuring
language acquisition in young children. For instance, Warren et al. (2010) used the
LENA® technology to compare the vocal production and language environment of a
sample of American English children with autism spectrum disorder (ASD) to that of
typically-developing children. They report the same amount of adult speech across
the two groups but 29% fewer vocalizations and 26% fewer conversational turns for
children with ASD than their typically-developing counterparts. Adopting a similar
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methodology, Gilkerson et al. (2017) found that, on average, American children from
lower socioeconomic status (SES) families produced fewer vocalizations and were
exposed to less adult speech than their higher SES peers. The LERAechnology
has also been used to measure the effects of language remediation programs by
comparing the quantity of speech produced and overheard by children before and
after the remediation (Weil & Middleton, 2010; Ota & Austin, 2013; Sacks et al.,
2014).

This section aims to provide readers with scienti ¢ and technical information on the
types of measures extracted by the LENR software and the models deployed to
extract them. Next, we outline the efforts of the language development community
to evaluate the system. We conclude by identifying three limitations of the system:
1) its closed-source license; 2) its aging technology; and 3) the fact that it has been
optimized for American English only.

Most information concerning the LENA® system was obtained from the various
technical reports published by the foundation. See Gilkerson and Richards (2020)
for an overview of the system; D. Xu, Yapanel, Gray, et al. (2008) and D. Xu,
Yapanel, and Gray (2008) for the models and their performance; Gilkerson and
Richards (2008) for the data collection procedure; and Gilkerson et al. (2008) for
the annotation procedure.

Extracted measures and models

The full speech processing pipeline, depicted in Figure 1.3, can be described as
follows:

1. First, the audio is segmented into broad speaker and non-speaker categories.
Categories include female adult speech, male adult speech, key child vocaliza-
tions, other child vocalizations, electronic speech, overlapping speech, noise,
and silence (the last three are not represented in Figure 1.3). This step is
performed using a minimum duration Gaussian mixture model (MDGMM) fed
with 36 mel-frequency cepstrum coef cients (MFCCs). A second-pass classi -
cation is performed to detect faint sounds via a likelihood-ratio test, i.e., the
likelihood of any non-silence segment is compared with the silence-likelihood
of the same segment. The segment is considered faint if the ratio is lower than
a threshold tuned on a small test set. Detected faint sounds are Itered out
from subsequent analyses.

®

1.2 The Language ENvironment Analysis (LENA™) software
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Fig. 1.3.: The LENA? speech processing software. First, the audio recording is segmented
into broad speaker and non-speaker categories (FEM: female adult speech; MAL.:
male adult speech; KCHI: key child vocalization, i.e., the child wearing the
microphone; OCH: other child vocalization; ELE: electronic speech). Second, the
conversational turn count (CTC) is computed as the number of times an adult
speaks and the key child follows with no more than 5 seconds in between. Third,
the adult word count (AWC) is estimated as the number of words produced by
MAL and FEM categories. Fourth, the child vocalization count (CVC) is estimated
as the number of times the key child produces speech-like vocalizations (here, the
second vocalization produced by KCHI is a cry and is discarded from the CVC).

2. Second, the conversational turn count, or CTC, is computed as the number of
times an adult speaks and the key child follows (or vice versa) with no more
than 5 seconds in between.

3. Third, adult speech segments are further processed to estimate the number of
words in each segment, resulting in the adult word count (AWC) metric. The
AWC is estimated using a least-square linear regression based on the sequence
length, the number of consonants and vowels, with the last two variables
obtained using the Sphinx phone recognizer optimized for American English
adult speech (Lamere et al., 2003).

4. Fourth, segments produced by the key child are further classi ed into vegeta-
tive sounds (e.g., breathing or burping), xed signals (e.g, crying, screaming,
laughing), and speech-like vocalizations. The child vocalization count, or
CVC, is estimated as the number of times a speech-like vocalization is encoun-
tered. Little information is available about how this classi cation is performed,
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1.2.3

however, D. Xu, Yapanel, Gray, et al. (2008) suggests an approach based
on low-level acoustic features discriminative of the type of sounds produced
by the child combined with phone-level information (using the same Sphinx
phone recognizer as used to estimate AWC).

Training and test data

The LENA® Foundation created a large-scale corpus of long-form recordings across
over 300 American infants growing up in monolingual English-speaking families
in the Denver metropolitan area. Families were selected to ensure diversity in
age (2-48 months) and socioeconomic contexts. In total, 32,000 hours of long-
forms were collected (Gilkerson & Richards, 2008). This large-scale corpus has
been partially annotated and split into a 155-hour-long training set and a 70-hour-
long test following the procedure described in Gilkerson and Richards (2008) and
Gilkerson et al. (2008).

Evaluation of the LENA® system

It is essential to establish the reliability of the measures extracted by the LENA
system and document potential biases that may arise when using the system in
recording conditions that differ from the ones it was trained on. This is especially
critical as the data used to train the models were collected exclusively in Ameri-
can English-speaking families, yet, the system has been used in diverse linguistic,
socioeconomic, and cultural contexts (Ganek & Eriks-Brophy, 2018).

Besides internal validation proposed by the designers of the LENR Foundation
(D. Xu, Yapanel, & Gray, 2008), researchers have attempted to characterize the
system's reliability in different settings. In a recent meta-analysis, Cristia et al.
(2020) found 33 studies reporting on the accuracy of the measures extracted by
the LENA® software. While the majority of these studies (N= 18) focused on North
American English families, the remaining 15 studies included children learning UK
English, US Spanish, Dutch, Finnish, Mandarin and Shanghai Chinese, Tsimane
or other languages. Only a few studies (N=8) considered settings matching the
LENA® training set. In contrast, the remaining 25 studies included populations
not represented in the original training set, including children: diagnosed with or
at risk for autism spectrum disorder, of low socioeconomic status, bilingual, etc.
Overall, authors report a signi cant correlation between LENA® AWC and its human-
transcribed estimate (average Pearson's R of79 with N= 13 studies) while also

®
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noting that LENA® AWC measures tend to over-estimate their human counterpart
(average relative error rate (RER) of 13:8% with N= 14). The performance obtained
by the LENA® software is similar for the CVC measure (average Pearson's R of
77 with N= 5) with a stronger tendency for under-estimation (average RER of

24:2% with N=6). The performance is lower for CTC for which the authors found
an average Pearson's R 0f36 (N= 6) with a strong tendency for underestimation
(average RER of 34%with N=4).

Studies dedicated to speci ¢ populations (and their meta-analysis) can inform us
about the reliability of the LENA® technology in particular settings. However, these
studies vary signi cantly in design, which can result in widely varying performance
measures. Additionally, the number of these studies is still relatively small, making
it challenging to detect potential biases of the LENA® algorithm, i.e., systematic
errors that may occur in speci ¢ populations. In a study that | co-authored (Cristia,
Lavechin, et al., 2019)° as part of the Analyzing Child Language Experiences around
the World project (see “The ACLEW project”, 2023), we collected, annotated, and
standardized over 800 short clips extracted from child-centered long-forms. These
clips amount to 20 hours of audio across ve different corpora. Three of these
corpora were based on North American children aged 3-36 months, the population
for whom the LENA® system was initially designed. One corpus was based on
a different dialect of English (UK English), for which we predicted slightly lower
performance. And the remaining corpus was collected in a different linguistic
and socio-cultural context involving Tsimane' learners aged 15-59 months, living
in Northern Bolivia, a rural setting with large families. For this last corpus, we
predicted degraded performance, particularly in terms of AWC which the LENAY
algorithm estimates using an American English phone recognizer. Although our
statistical analyses do not indicate that performance is worse for children who
differ from the LENA® original training set, which is encouraging for researchers
studying under-represented communities, further follow-up studies with greater
statistical power are necessary to con rm this nding. There exists at least one
counter-evidence in Rasénen et al. (2019) who found a lower AWC performance on
non-American English languages. Finally, Cristia, Lavechin, et al. (2019) comes with
a set of recommendations on what research questions can be addressed using the
LENA® system and how to evaluate its reliability.

3Note that Cristia, Lavechin, et al. (2019) was one of the 33 studies included in the meta-analysis
previously mentioned (Cristia et al., 2020).
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1.2.4 Limitations of the LENA® system

1.3

This section revealed three important limitations of the LENA® system. First, it
is a closed-source black box, making it challenging to access information beyond
what is provided in the various LENA® technical reports. Second, the system relies
on speech processing technologies developed in the early 2000s (MDGMM, Sphinx
phone decoder, etc.), and with two decades of progress, one might reasonably
question whether the performance could bene t from an update. Third, the LENA®
system has been optimized solely for American English and may not work as well on
other languages. This bias is particularly evident in the training set and is further
reinforced in the LENA® AWC estimate (step 3. of Section 1.2.1), which relies on an
American English phone recognizer. It is possible that the second-pass classi cation
over key-child segments (step 4. of Section 1.2.1) also suffers from this same bias,
although I could nd little information regarding its implementation — which brings

us back to the rst limitation.

An open-source alternative to the LENA® speech
processing pipeline

The previous section introduced the LENA software, employed in over 100 peer-
reviewed articles involving more than 10,000 children/families (“LENA 15 ™ birth-
day”, 2023). Additionally, we highlighted three important limitations of the software:
its closed-source nature, its aging technology, and its inherent bias toward American
English.

This section will present our attempt to propose a free, open-source, and more
accurate alternative to the LENA®? pipeline. In particular, Section 1.3.1 will put
forward an alternative approach to the LENA® segmentation algorithm, while
Section 1.3.2 will present an alternative approach to estimate adult word counts.
Most of the work presented below was done as part of the ACLEW project gathering
speech processing and language development experts worldwide and constitutes the
starting point of my Ph.D. thesis.

1.3 An open-source alternative to the LENA® speech processing
pipeline

19



1.3.1 Segmentation into broad speaker categories

Lavechin, M., Bousbib, R., Bredin, H., Dupoux, E., Cristia, A. (2020) An
open-source voice type classi er for child-centered daylong recordings.
Interspeech

Motivation

The automatic segmentation of adult and child speech (depicted in Figure 1.4)
enables language development researchers to study the quantity of speech produced
or overheard by children and their possible variations across different populations.
Such technology can also help diagnose language delays or disorders early and
measure the impact of language remediation programs.

Fig. 1.4.: Voice type classi cation is the task of identifying voice signal sources in an audio
stream. In this example, FEM stands for female adult speech, MAL stands for male
adult speech, KCHI stands for vocalizations produced by the key child (wearing
the microphone), and OCH stands for vocalizations produced by other children in
the environment.

On the speech-processing side, detecting vocal activity segments is often the ear-
liest building block of any speech processing pipeline (see the LENR pipeline in
Figure 1.3). Detected segments can be used as input for downstream tasks such as
estimating the number of words produced by adult speakers (Rasénen et al., 2021),
classifying whether speech is directed towards an adult or a child (Schuller et al.,
2017), and many other tasks relevant for language development research.

By and large, the automatic segmentation of adult and child speech on long-forms
is performed using the LENA® proprietary software, developed with early 2000s
technology (“LENA release notes”, 2023) and optimized exclusively for American
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English. Our primary goal in the work presented below was to develop a free,
open-source, and more accurate alternative to LENA's segmentation algorithm. It
was accepted as a proceeding in the Interspeech 2020 conference.

Paper summary

In Lavechin et al. (2020), we propose a model that classi es audio segments into: 1)
vocalizations produced by the key child, i.e., the child wearing the recording device
(KCHYI); 2) vocalizations produced by other children (OCH); 3) adult male speech
(MAL); and 4) female adult speech (FEM).

To train our model, we gathered and standardized 260 hours of human-annotated
child-centered long-form recordings covering 10 languages. A comparison with
the LENA® system reveals that our model performs better. The most notable
improvements are obtained in detecting female adult speech (20.8% absolute gain
in terms of F-score) and in detecting key-child vocalizations (13.8% absolute gain
in terms of F-score). Future work might address the limited amount of training
data for the MAL and OCH categories, which resulted in relatively low performance,
although still higher than LENA®'s corresponding categories.

Contrary to the LENA® segmentation algorithm, our model can detect overlapping

speech, in which case, two speaker categories are activated at the same time.

Although our model does not detect electronic speech since our training set was
not annotated for this category, additional analyses have revealed that most frames
classi ed as electronic speech by human annotators do not activate any speaker
categories in our model. This behavior is desirable for most researchers working on
language acquisition as electronic speech is thought not to affect learning outcomes
(Kuhl, 2016). See “Voice type classi er: Follow-up analysis”, 2023 for performance
on electronic and overlapping speech.

1.3 An open-source alternative to the LENA® speech processing
pipeline

21



22 Chapter 1  Automatic analysis of children's language experiences



1.3 An open-source alternative to the LENA® speech processing
pipeline

23



24 Chapter 1  Automatic analysis of children's language experiences



1.3 An open-source alternative to the LENA® speech processing
pipeline

25



26 Chapter 1  Automatic analysis of children's language experiences



1.3.2 Phoneme, syllable and word counts estimation

Fig. 1.5.: The ALICE model proposed in Rasénen et al. (2021). In a rst stage, speech
segments produced by adult speakers are identi ed using the voice type classi er
presented in Section 1.3 (Lavechin et al., 2020). In a second stage, adult speech
segments are further processed to estimate the adult phoneme count (APC), adult
syllable count (ASC) and the adult word count (AWC).

In the previous section, we presented a neural network trained to identify broad
speaker categories on a multilingual corpus of child-centered long-forms and showed
that it outperforms the LENA® segmentation model. Can we go a step further and
propose an open-source and more accurate alternative to the LENRA adult word
count (AWC) estimation model? Our attempt to do so is presented in a co-authored
publication in Résanen et al. (2021), whose model is depicted in Figure 1.5.

As evidenced in Section 1.2, the LENR speech processing pipeline has been opti-
mized for American English. This is especially true for its AWC estimate, which relies
on an American English phone recognizer. Rasanen et al. (2019) suggests that this
shortcoming may translate into a lower accuracy on non-English languages. Another
important matter that stands on its own is whether the word is a relevant linguistic
unit to measure language input in children. Indeed, the composition of words varies
greatly among human languages, with some words comprising a single morpheme
and others comprising multiple morphemes — e.g., in Japanese,$ 9 * #

", tr. tabetakunakatta means "I/he/she/they did not want to eat (it)". With this
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consideration in mind, it could be relevant to compute not only the number of words
overheard by the child, but also the number of phonemes and syllables.

In Rasénen et al. (2021), we introduce ALICE for Automatic LInguistic unit Count
Estimator. ALICE is a model trained to estimate the number of phonemes, syllables,
and words produced by adults in child-centered long-forms. After adult segments
have been detected by our voice type classi er (Lavechin et al., 2020), we extract
various features from each segment. Features include: 1) the estimated number of
consonants, vowels, and consonant-vowel or vowel-consonant alternations using
Allosaurus (X. Li et al., 2020), a phone recognizer trained on 12 languages; 2) the
estimated number of syllables using SylNet (Seshadri & Rasanen, 2019) trained on
Estonian and Korean speech; 3) signal-level features such as the utterance duration,
the total signal energy, and the number of waveform zero-crossings. All features
are then mapped to three separate linear regressions allowing ALICE to correct
under- or over-estimation in the feature extraction step. Regression parameters
are estimated using the least-square method on 36 hours of annotated audio from
long-forms, including Yéli Dnye, Tseltal, Argentinian Spanish, American English,
Canadian English, and UK English.

We evaluated the generalization performance of our system to unseen data using a
leave-one-corpus-out procedure. Results indicate that ALICE outperforms the LENA
AWC estimate on our American, Canadian, and UK English corpora. Unfortunately,
LENA® automatic measures were not available for our Yéli Dnye, Tseltal, and
Argentinian Spanish corpora as the latter have been collected with non-LENA
recorders and the LENA& software only accepts audio les collected using their
recorder. Consequently, there remains to measure how ALICE performs compared to
the LENA® on non-English languages.

Our voice type classi er that segments audio into broad speaker categories (Lavechin
et al., 2020), along with ALICE that estimates the number of linguistic units produced
by adult speakers (Rasanen et al., 2021), constitute an open-source alternative to
steps 1., 2. and 3. of the LENA& pipeline depicted in Figure 1.3. There only remains
to implement step 4. which consists in classifying vocalizations produced by the
key child into vegetative sounds, xed signals, and speech-like vocalizations. This
would require a rst-stage classi cation to extract vocalizations produced by the
key child (using our voice type classi er or a similar model) and a second stage
to sub-classify these vocalizations. Evaluating the accuracy of such a pipeline in
real-world settings would also require summing up errors acquired in both stages.
To the best of my knowledge, there is presently no available open-source pipeline
that can be readily used to automatically sub-classify the key-child vocalizations
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from long-form recordings, but see Z. Zhang et al. (2018), Al Futaisi et al. (2019),
or Anders et al. (2020) for related work.

Throughout this chapter, we presented our contributions to developing automatic
speech processing tools to analyze child-centered long-forms. These recordings
collect audio in challenging environments and include near- eld as well as far- eld
speech produced by multiple speakers, including children. Besides, the speech can
be reverberated and affected by numerous sources of noise.

We close this chapter with a last contribution dedicated to a model that automatically
extracts background noise and reverberation measures.

Background noise and reverberation estimation

Lavechin, M.", Métais, M.", Titeux, H., Boissonnet, A., Copet, J., Riviére,
M., Bergelson, E., Cristia, A., Dupoux, E., Bredin, H. (2023) Brouhaha:
multi-task training for voice activity detection, speech-to-noise ratio, and
C50 room acoustics estimation. Submitted to ASRU

Motivation

As long-forms collect everyday language use in naturalistic settings, background
noise and reverberation populate the recordings. Background noise most commonly
refers to undesired sounds that impede the listeners' perception of more important
sounds — speech in most cases. Background noise includes noise generated by
heating or ventilating systems, appliances (vacuum cleaner, washer, dishwasher,
refrigerator, etc.), outdoor traf ¢ ow, and many others. Reverberation refers to

the persistence of sounds as sound waves re ect off obstacles and hard surfaces in
the environment. As these acoustic phenomena can strongly degrade the signal of
interest, it is crucial to be capable of measuring them at any given moment in the
recording.

On the speech-processing side, such measures can be used to evaluate the relia-
bility of automatic tools under noisy or reverberant conditions. On the language-
development side, background noise and reverberation measures can be used to
assess the wide variety of listening conditions faced by infants. For instance, one
could study whether background noise measures extracted from long-forms correlate
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with later language development — see Erickson and Newman (2017) for a review
on the in uence of background noise on infant language learning.

The article presented in this section, for which we give a summary below, proposes
a model that automatically extracts background noise and reverberation measures
from single-channel audio recordings. It is submitted as a proceeding to the 2023
Automatic Speech Recognition and Understanding (ASRU) workshop.

Paper summary

Fig. 1.6.: Background noise and reverberation estimation. Here, we want to automatically
measure whether speech is noisy or reverberant in an audio stream. Our objective
is to develop a single model that carries out three tasks: voice activity detection
(VAD), speech-to-noise ratio (SNR) estimation, andCs, estimation.

In Lavechin, Métais, et al. (2022), we introduce Brouhaha, depicted in Figure 1.6,
a model that extracts: 1) speech/non-speech segments; 2) speech-to-noise ratio
(SNR), that measures the relative power of the speech signal as compared to the
power of the background noise; and 3) Csg, also called speech clarity, that measures
the extent to which the environment is reverberant. It does so from single-channel
recordings and returns measures at the frame level.

In most cases, SNR andCsg measures are not available from the single-channel
recordings of interest. Measuring the SNR would require perfectly separating the
speech source from the background noise source, and measuring th€sg, would
require retrieving the room impulse response (RIR) from which this measure is
derived (see details in Section 1 of the paper). So, how can we obtain the labels
required to train our model?

In this paper, we follow a data-driven approach by which we contaminate clean
speech segments with additive background noise and reverberation. By doing so, we
generate arti cially contaminated speech segments given as input to our model. The
model is then trained to predict the “strength' of the two transformations applied

Chapter 1  Automatic analysis of children's language experiences



earlier, namely the SNR andCsg measures. Audio examples used during training are
available on this this project page®.

We conducted several experiments to validate our model, including tests on arti-
cially contaminated audio recordings and naturally noisy and reverberant audio.
Our results show that the multi-task training regime proposed in the paper improves
the model's performance. One particularly relevant result in the context of this
thesis manuscript is that of Section 5.6 of the paper, demonstrating that the SNR —
and to a lesser extent theCsg — impacts the word error rate obtained by Whisper
on child-centered long-forms. Using the same American English long-forms and
the same ASR system as the ones presented in Section 1.1, our results reveal that
Whisper accurately transcribes 83% of the words of utterances whose SNR belongs
in the [ 12, 23:6] dB range. Whisper's accuracy decreases as the SNR decreases until
it successfully transcribes only 48% of the words of utterances whose SNR is in the

[ 914, 4:2]dBrange.

This exempli es how Brouhahacan be used to assess the reliability of automatic
speech processing tools under noisy or reverberant conditions.

“https://marvinlvn.github.io/projects/1_project
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1.5 Conclusion

In this rst chapter, we discussed how arti cial neural networks could provide
researchers with automatic speech processing tools to analyze children's language
environment captured with child-centered long-form recordings. Using a state-of-
art automatic speech recognition system, we highlighted some of the challenges
in processing complex and noisy real-world audio recordings and illustrated why
off-the-shelf tools built with their own purposes in mind would likely not work on
long-forms. Next, we presented the LENA system, which aims to measure children's
language environment and has profoundly impacted language acquisition research.
We also presented our collaborative efforts in proposing a free, open-source, and
more accurate alternative to the LENAY speech processing software. Lastly, we
presented Brouhaha, a system to estimate the background noise and reverberation
levels in an audio stream.

As we conclude this chapter, | would like to highlight the importance of going
beyond the measures designed by LENA researchers. | will then go on to discuss
two important aspects of this line of research, namely: diversity and accessibility.
This conclusion will be the opportunity to re ect on the limitations of current
approaches and potential future work.

Going beyond LENA® measures. Undeniably, the LENA® system has enabled
language development researchers to reach unprecedented scales and obtain a
uniquely naturalistic viewpoint of language use in everyday life. Nevertheless, one
potential pitfall of the widespread use of the LENA® system is the temptation to rely
solely on the limited set of measures designed by its designers. With ALICE, Rasanen
et al. (2021) made a step forward in extending the set of measures by introducing
phoneme and syllable count estimations. Many other speech processing algorithms
hold the potential to provide us with insightful measures once deployed on child-
centered long-forms. Language identi cation, i.e., which language is being spoken
and when, would be highly relevant to study children growing up in multilingual
environments, e.g., Bartz et al. (2017) or Draghici et al. (2020). As suggested in
G. Jones and Rowland (2017), one could also measure lexical diversity, i.e., the
number of different word types produced by the caregivers, rather than absolute
word count. Beyond looking at what speech is being delivered, looking athow it is
delivered might also be relevant. For instance, child/adult addressee detection, i.e.,
classifying whether speech is directed towards an adult or a child, was proposed
in the Interspeech 2017 computational paralinguistics challenge (Schuller et al.,
2017). Certainly more challenging to implement, one could imagine a system to
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estimate referential transparency, i.e., how easily individual caregivers' words can
be identi ed from the surrounding linguistic or visual contexts — see Cartmill et al.
(2013) for an example of how such a measure has been derived from 218 adult
participants using a word masking task strikingly similar to how language models
are trained in NLP.

Promoting diversity. Soon after its release, one could read in scienti ¢ publications
about the promises of the LENA system to add objective measure® the battery
of tests used to measure language development (Richards et al., 2008; Oller et al.,
2010). Has this goal been met? Regarding objectivity, neither the LENAR algorithm
nor any other algorithm can be claimed to be objective. Biases arise throughout the
various stages of algorithm development, including during data collection, manual
annotation, and algorithm design — see Waseem et al. (2021) for a discussion
on the illusion of objectivity in ML algorithms. Acknowledging the limitations of
algorithms, particularly machine learning algorithms, is crucial if one wants to start
documenting biases and building more inclusive algorithms. The baby step in this
direction, presented in Section 1.3, is to incorporate under-represented languages
into the training set. Despite more than 7000 languages being spoken worldwide,
English dominates language acquisition studies, comprising 54% of current research
(Kidd & Garcia, 2022). Building more inclusive speech processing algorithms will
likely require a cultural shift within the research community, but see Singh et al.
(2023) for guidance on making infant research more representative.

Maximizing accessibility for non-expert users. Another important aspect of this
line of work concerns accessibility. Building more ef cient algorithms is a laudable
goal but has limited impact if targeted non-expert users (i.e., language development
researchers) can not run them. My collaborator, Okko Réasanen, and | made a great
effort to make our tools accessible to non-expert users. This includes providing: 1)
comprehensive documentation; 2) a simple installation; 3) a one-line command to
run the system; 4) assistance through emails and Github issues in case of dif culties;
and 5) time to x ever-arising installation bugs, i.e., uninteresting but essential
things sometimes neglected in ML research but necessary to allow for accessible, re-
producible, and open science. However, despite our efforts, there are still limitations.
At the time of writing this manuscript, neither the voice type classi er nor ALICE is
compatible with Windows platforms, and inference on CPUs is incredibly slow.

This brings us to an equally important matter that impedes accessibility: hardware
requirement. For instance, to process a 12-hour audio recording, the voice type clas-
si er requires 16 minutes on a single Nvidia® Tesla V100 GPU with 32 GB memory
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but 3 hours on four Intel ® Xeon® Gold 6230 CPUs, and language development
researchers do not usually have access to GPUs.

With these considerations in mind, how can accessibility to machine learning models
be improved for non-expert users? One proposal put forward in Le Franc et al.
(2018) is the use of a virtual machine, which has the advantage of assuming
minimal technical skills from users but fails to address the issue of GPUs accessibility.
Another potential solution is the development of a cross-platform drag-and-drop
user interface, which would allow researchers to deposit audio les and retrieve
the output of pre-trained models with ease. However, this solution is costly to
develop and would still not solve the issue of GPUs accessibility. A third solution
is a GPU cloud computing platform where audio les could be uploaded (possibly
encrypted), and inference could be performed on a remote server equipped with
GPUs. Although this solution would possibly burden the host laboratory nancially,
it would enable researchers to perform fast inference with state-of-the-art machine
learning algorithms.

To conclude, the large majority of the work presented in this rst chapter was carried
out in collaboration with various researchers from different elds. Interdisciplinarity
and diversity are critical to identifying the right questions, accessing data, designing
computer-readable annotation schemes, building robust tools, validating them, and
making them accessible.

In this rst chapter, we explored the usage of arti cial neural networks to analyze
children's language experiences. Another application of these networks in the realm
of language development research is computational modeling. In the remainder
of this manuscript, we will shift our focus to the exciting enterprise of building
computational models of infant language learning.

1.5 Conclusion
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2.1

Modeling language
acquisition from audiobooks

There is a long tradition of modeling in the context of language acquisition. For many
years, scientists spanning various elds, from formal linguistics to developmental
psychology and arti cial intelligence, have contemplated the prospect of running
computer-based language learning simulations. Such simulations are important
for both theoretical and practical reasons. On the theoretical side, simulations
can help prove or disprove hypotheses — and formulate new ones — about how
infants learn their native language, thus contributing to building more precise
language acquisition theories (Pinker, 1979; Frank, 2011). On the practical side,
language learning simulations enhance language skills in machines, allowing them
to comprehend and produce language more effectively, potentially yielding, one
day, machines that exhibit learning abilities on par with those of young children, as
envisioned by Turing (1950).

This chapter aims to acquaint our readers with the literature on infant language
development, with a speci ¢ focus on early developmental milestones and learning
mechanisms in infants —what we want to model We then provide a bird's eye view of
the methodological landscape of language learning simulations -how we approach
the modeling processTo conclude, we present our contribution with a model of
early phonetic and lexical learning that reproduces the parallel and gradual learning
observed in infants. We also re ect on important areas for future improvement and
exploration.

Early language acquisition in infants

We begin by providing an approximate and simpli ed timeline of infants' language
development. Following that, we review and illustrate three in uential learning
mechanisms proposed to drive early language acquisition in infants.
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2.1.1 A sample of developmental milestones

Language acquisition studies have produced a wealth of results informing us on the
language capabilities of young children, some of which are presented in Figure 2.1 —
see Ambridge and Rowland (2013) for a review of the experimental methods.

Fig. 2.1.: Sample studies illustrating the timeline of infant's language development. The
left edge of each box is aligned to the earliest age at which the result has been
documented. ! Tincoff and Jusczyk, 1999; Bergelson and Swingley, 2012° Man-
del et al., 1995 2 Jusczyk and Aslin, 1995* Mehler et al., 1988 ° Jusczyk et al.,
1999 © Hirsh-Pasek et al., 19877 Jusczyk et al., 19928 Kuhl et al., 1992 ° Eilers
et al., 1979 10 Jusczyk et al., 19931 Werker and Tees, 198412 Mazuka et al.,
2011%3 Yeni-Komshian et al., 2014. Figure adapted from Dupoux, 2018.

For instance, between 6 and 12 months, infants show an improvement in discrimi-
nating sounds of their native language, while their ability to discriminate non-native
sounds declines (Kuhl et al., 1992). In addition to acquiring knowledge about
the sounds of their native language, infants also begin learning about words early
on. Evidence for word learning starts as early as 4 months when infants begin to
recognize their own names (Mandel et al., 1995). By 8 months of age, most infants
recognize the auditory form of frequent words (Jusczyk & Hohne, 1997; Carbajal
et al., 2021), segment words from uent speech (Jusczyk & Aslin, 1995), and know
the meanings of many common nouns (Bergelson & Swingley, 2012). Remarkably,
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this knowledge of lexical and semantic aspects of their native language emerges
before infants fully develop their sound discrimination abilities (McMurray et al.,
2018), and before they produce their rst words, typically around the end of their
rst year of life (Yeni-Komshian et al., 2014).

Admittedly, the picture is far more complex than depicted in Figure 2.1. First,
most studies focused on English-learning infants from relatively high socioeconomic
status, but developmental trajectories may change as a function of cultural or
socioeconomic variables (Scaff, 2019; Christiansen et al., 2022). Second, beyond
group-based differences, strong inter-individual differences have been reported —
e.g., Rowe et al. (2005) and Schwab and Lew-Williams (2016); see Kidd et al.
(2018) for a review. And nally, results might be con rmed or revised as new studies
or meta-analyses are published, e.g., Tsuji and Cristia (2014) and Gasparini et al.
(2021).

Nonetheless, the timeline depicted in Figure 2.1 illustrates the gradual and parallel
trajectory of infants' language development. Instead of a stage-like developmental
trajectory in which learning would unfold sequentially in a hierarchically-organized
manner (i.e., from low-level to high-level linguistic structures), we observe that learn-
ing occurs simultaneously across all levels. This gradual and parallel developmental
trajectory observed in infants will be the focus of Section 2.3.

For now, the developmental timeline observed in infants invites us to return to
fundamental questions: How do infants learn so much in so little time? How do they
effortlessly unravel the structure and rules of the intricate and hierarchical system
that is language? These questions are at the core of the upcoming section.

Learning mechanisms

Many theories have been proposed to explain how children learn language. Although
there might be disagreements in the details of the implementation or how useful
each mechanism may be for solving speci ¢ problems (Johnson & Tyler, 2010; Lidz
& Gagliardi, 2015; Y. Zhang et al., 2019), there is a consensus that infants are
prodigious pattern nders capable of integrating cues within a single modality (e.qg.,
the auditory stream) and across multiple modalities (e.g., between the auditory and
visual streams). Here, we review three non-mutually exclusive mechanisms thought
to drive early language acquisition in infants?.

!More than non-mutually exclusive, these mechanisms are sometimes grouped under the term
“statistical learning', which then becomes another word for “learning'. Here, we adopt the view
whereby statistical learning primarily relates to the auditory stream, cross-referential learning

2.1 Early language acquisition in infants
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Statistical learning might be the most prominent learning theory in cognitive and
developmental sciences. In the context of language acquisition, it refers to the
mechanisms by which infants use "statistical properties of linguistic input to discover
structure, including sound patterns, words, and the beginnings of grammar" (Saffran,
2003).

Numerous pieces of evidence corroborate the view that infants are statistical learners
— see Saffran and Kirkham (2018) for a review. A rst piece of evidence lies in the
developmental decline in non-native sound discrimination during the rst year
mentioned in the previous section, which suggests that infants are sensitive to the
statistical cues of speech sounds in their native language (Werker & Tees, 1984;
Kuhl et al., 1992; Maye et al., 2008; Tsuji & Cristia, 2014). A second piece of
evidence lies in a seminal study from Saffran et al. (1996) who showed, using
an arti cial language, that 8-month-olds can track transitional probabilities across
syllables to identify word boundaries. Beyond phonological and word acquisition,
the statistical learning hypothesis has also been proposed to account for syntactic
acquisition (Seidenberg, 1997; Gomez & Gerken, 1999; Mintz et al., 2002; Solan
et al., 2005).

Since its initial discovery in human infants, statistical learning has been studied
in countless experiments across ages, domains, and species (Hauser et al., 2001;
Kirkham et al., 2002; Saffran & Kirkham, 2018).

Cross-situational learning refers to the infants' ability to integrate cues across
the auditory and visual streams. This mechanism, proposed by many authors like
Pinker (1989) or Gleitman (1990), explains how infants associate words with their
meanings, namely, by aggregating information from word-referent co-occurrence
data. The experimental and computational evidence supporting this mechanism
is reviewed by Smith et al. (2014). One example is Smith and Yu's (2008) study
in which 12-month-old infants were exposed to pseudowords (e.g., "bosa’, "kaki',
etc.) paired with a particular shape. The results indicate that infants rapidly learn
multiple associations between pseudowords and their corresponding shapes.

Social learning theories emphasize the role of social factors in language acquisition
(Vygotsky, 1962; Bruner, 1985; Tomasello, 1992) and the importance of human
interaction, including imitation and reinforcement (Skinner, 1957), joint attention
(caregivers' and children's coordinated attention to each other and to a third object

involves both the auditory and visual streams and social learning involves both the auditory stream
and the social context. However, it is important to note that social learning mechanisms can still
incorporate visual and statistical cues, and cross-situational learning mechanisms can also integrate
statistical cues.
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or event, Akhtar and Gernsbacher, 2007), communicative feedback (Goldstein &
Schwade, 2008), etc.

Although social learning theories have rst been proposed to account for early word
learning, evidence suggests that social interaction contributes to an even more basic
aspect of language — the learning of sounds. A notable example comes from a study
by Kuhl et al. (2003). In a rst experiment, the authors found that 9-month-old
American English-learning infants who spent time in laboratory sessions with native
Mandarin speakers could discriminate between phonemes that occur in Mandarin.
Conversely, infants in the control group exposed only to English sessions failed to
discriminate the Mandarin phonemes. In a second experiment, the researchers
exposed infants to the same Mandarin speakers and materials via audiovisual or
audio-only recordings, with no human interaction. In this condition, infants could
not discriminate the Mandarin phonemes, suggesting that exposure to recorded
Mandarin with no human interaction did not affect the discrimination abilities of the
infant participants. According to Kuhl's study, it appears that infants cannot integrate
statistical cues from their auditory input without experiencing social interaction. To
the fundamental question "What does a live person provide that a DVD cannot?",
the authors reply "social cues may be critical".

Despite thousands of laboratory experiments attempting to isolate learning mech-
anisms in infants and thousands of hours of observations, language acquisition,
much like many other cognitive processes, is essentially a black box and can only be
studied as such. In other words, we cannot access the learning mechanisms infants
use and can only base our theories on indirect cues: the variables that correlate
with learning outcomes, the acoustic, visual, or social factors infants are sensitive to,
what infants are capable of learning and at which age — much of which have been
encountered in this manuscript. However, there is another method, computational
modeling or language learning simulations, which we have yet to introduce but
plays an important role in the study of language acquisition.

In-silico language learning simulations

The ultimate test of any language acquisition theory should be that of implementa-
tion, as advocated by Dupoux (2018). After all, if language acquisition in infants oc-
curs through learning mechanismsM , then implementing these mechanisms should
yield similar learning outcomes as the child. However, given the phenomenon's com-
plexity, running language learning simulations that account for the various aspects

2.2 In-silico language learning simulations
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Fig. 2.2.: General outline of a learning simulation in relation to real infants. A simulation
consists of 1) an environment model, which should ideally be a subset of the real
environment; 2) a learner model, i.e., the mechanisms through which learning
occurs in interaction with the environment; and 3) outcome models, i.e., how the
learning outcomes are evaluated. The simulated learning outcomes allow us to
compare humans to machines, test hypotheses and formulate predictions about
how learning occurs in infants. Taken from de Seyssel, Lavechin, and Dupoux
(2022).

of human languages is a challenging enterprise. Before we get an arti cial learner as
good as children themselves, language learning simulations can still provide proofs
of learnability under the form of "Learning outcomes O can be acquired from input

| using mechanismM ", e.g., "Words can be segmented from strings of phonemes
from co-occurrence statistics". Before we go any further, this small introductory
paragraph invites us to de ne what we mean by language learning simulations.

As illustrated in Figure 2.2, a learning simulation can be de ned as the combination
of three components: 1) an environment model, i.e., the learning material available
to the learner; 2) a learner model, i.e., the learning algorithm whose parameters
are updated based on its interaction with the environment; and 3) a model of
the outcome measures, i.e., how the language skills developed by the learner are
evaluated.

Adopting this tripartite description, we propose a bird's eye view of the methodolog-
ical landscape in language learning simulations. Our objective is not to propose an
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in-depth literature review, which would be out of the scope of this manuscript, but
to narrow down the space of possibilities in order to better outline the work done
during this Ph.D. while also acknowledging the work of others.

The environment model: from what is language learned?

Regarding the environment model, there is a clear trend towards more complex and
naturalistic input. In the early days, the input was kept simple in the form of, for
instance, synthetic language in Elman's (1990) syntactic learning model or vowels
spoken in isolation in Vallabha et al.'s (2007) simulation of phonetic learning. While
written sentences are still routinely used (e.g., Bernard et al., 2020 or Stark et al.,
2022), recent developments have withessed the emergence of models working with
corpora of raw speech (Réasanen et al., 2018; Schatz et al., 2021). This will be the
focus of this manuscript.

However, infants do not rely exclusively on speech to learn their native language,
as suggested in Section 2.1.2. For studies exploring the contribution of the visual
modality, we will refer to Alishahi and Fazly (2010) for models operating on im-
age/caption pairs, or Rasanen and Khorrami (2019) and Nikolaus et al. (2022) for
models operating on videos — see also Chrupa a (2022) for a recent review. Similarly,
embodied or socially grounded language learning agents have been proposed in Yu
and Ballard (2003), Hermann et al. (2017), Lair et al. (2019), and Oudeyer et al.
(2019).

The learner model: how is language learned?

Regarding the model of the learner, rule-based models were the rst to emerge
(e.g., Anderson, 1975). These models are most commonly used in the context of
syntactic acquisition, with rules de ning how words can be combined, either hand-
crafted or learned from data. A second historical trend emerged with probabilistic or
distributional models (e.g., Brent, 1996; de Marcken, 1996; Schatz et al., 2021) that
are trained on a relatively large amount of data to learn distributional information
of their input, whether it would be written or spoken sentences (see Chater and
Manning, 2006 for a review). A third historical trend came with the emergence of
connectionist models (e.g., Rumelhart and McClelland, 1986; Elman, 1990) and
deep learning models, more recently, that learn complex and non-rule-like patterns
from large amounts of data (see Joanisse and McClelland, 2015 for a review).
Although this manuscript re ects the connectionist tradition, we do not take a stand
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in favor or disfavor of any of the abovementioned approaches. In particular, no
approach appears unequivocally more psychologically plausible than others.

The outcome models: what is learned?

Regarding the model of the outcome measures, there are multiple approaches to
assess what has been learned. With my collaborators, | have already laid out most
of the arguments below in de Seyssel, Lavechin, and Dupoux (2022) and Lavechin,
de Seyssel, Gautheron, et al. (2022). See also Blandén et al. (2021) for an in-depth
discussion of the different approaches to which we owe some of the arguments
exposed here.

Evaluating models on downstream tasks is a common approach (e.g., phoneme
classi cation accuracy, word error rate, etc.). This approach is relevant in the context

of speech processing technologies and can inform us about the arti cial learner's
capabilities to capture patterns of their input data. However, this approach may not

be relevant in the context of language acquisition modeling as the learner needs to
receive supetrvision, e.g., in the form of phonetic or orthographic transcripts, for this

evaluation to be possible.

Evaluating models against linguistic theories and abstract representations
constitutes a second approach that involves assessing the presence of phonemes,
words, and so forth. This approach is most commonly used to evaluate speech
segmentation models by computing the proportion of retrieved boundaries, whether

it would be phone (Scharenborg et al., 2007), syllable (Rasanen et al., 2018), or
word boundaries (Rasanen et al., 2015; Stark et al., 2022). The same principle is
often used in phonetic category learning studies, where the learned clusters are
compared to ground-truth phonetic categories, e.g., Vallabha et al. (2007).

This approach has the undeniable advantage of being easy to interpret and provides
learnability proofs when a model successfully learns linguistic structures to a satis-
factory degree. However, the underlying assumption is that the end goal of learning
is to acquire abstract linguistic representations. This assumption can be contentious
as linguistic representations are precisely the area in which theories of language
(acquisition) diverge most ercely — for phonemes, we will refer to Feldman et al.
(2021) and McMurray (2022), see also Twaddell (1935) for a general criticism on
inferring mental entities. In other words, such an assumption may not re ect human
processing, neither in infants nor in adults. Although some may disagree, we posit

2See Frank's (2023) blog post explaining why psychological plausibility critiques can be harmful and
how to adopt an evidence-based approach necessary to move the discussion forward.
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that the evaluation of language capabilities in an arti cial language learner should
be theory agnostic. By not forcing extra assumptions on the learned representations
on either the human or the machine learner, the ndings have a higher chance of
being relevant to a broad range of theories.

Evaluating models against empirical data , as proposed by Dupoux (2018), con-
stitutes a third approach that offers the advantage of being independent of any
speci c linguistic theory. Indeed, rather than aiming to demonstrate the presence of
linguistic representations, our objective is to compare arti cial learners with human
participants based on observable evidence. Speci cally, we discuss two sources of
data: brain measures and behavioral measures.

Evaluating models against brain measures involves comparing the activation patterns
of neural networks with those of the human brain when performing a similar task
(e.g., listening' to a story) — see Yamins et al. (2014), Millet et al. (2022), and
Caucheteux et al. (2023). While this approach holds promise for gaining insights
into how the human brain processes information, it has some limitations in the
context of early language acquisition. First, neuroimaging devices that precisely
capture brain activities in both time and space are rarely used with infants — e.g.,
Bosseler et al. (2021). Second, neural activities in infants are typically noisier, and
studies necessitate an even larger sample size than those conducted with adults
(Cusack et al., 2018; Turner et al., 2018). Therefore, a substantial accumulation of
results in the infant neuroimaging literature will likely be necessary before we can
use it to establish benchmarks.

Now we turn to the approach followed in this manuscript, namely, evaluating models
against behavioral measures. This approach involves comparing responses returned
by both machines and humans while undergoing the same psycholinguistics tasks.
These tasks are designed to evaluate the subject's ability to process, comprehend, or
produce language and encompass a broad range of experimental methods, including
sound discrimination, auditory word form recognition, grammaticality judgment,
looking-while-listening, language elicitation, etc. Common challenges with neu-
roimaging experiments include designing tasks that isolate the phenomenon of
interest, known as test validity, with an appropriate signal-to-noise ratio, known as
test reliability, both of which are crucial aspects of psychological testing (Gregory,
2004). Regarding the noise inherent to psychological testing, see Blandén et al.
(2021) for a proposal to evaluate arti cial learners against robust empirical data
gathered through meta-analyses.

Experimental methods that probe the subject's language ability at the neural or
behavioral level should ideally be administrable to machines, infants, and adults
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to allow for direct human/machine comparison and account for developmental
trajectories. However, this is rarely possible, especially with infants for whom age-
speci ¢ test apparatus have to be constructed (high-amplitude sucking or head-turn
preference procedure — see Ambridge and Rowland, 2013 for an exhaustive list).
As of today, it is also not possible for the arti cial learner to undergo a sound
discrimination experiment in the laboratory, and speci ¢ strategies must be designed
to extract the measure of interest. That is why a language learning simulation
comprises a model of the outcome that should best approximate experimental
methods used with human participants.

Having familiarized ourselves with what we aim at modeling and how one can
approach the modeling process, we now delve into the proposed approach at the
core of Chapters 2 and 3.

Proposed approach

The approach we adopt in Chapters 2 and 3 of this manuscript builds upon re-
cent advances in self-supervised learning models that learn from spoken language.
These models have demonstrated remarkable linguistic capabilities in various tasks,
whether it involves assessing the acceptability of spoken words or sentences (T. A.
Nguyen et al., 2020; Dunbar et al., 2021) or generating meaningful and coherent
speech (Kharitonov et al., 2021; Lakhotia et al., 2021). By developing linguis-
tic capacities solely from exposure to speech, without the need for human labels,
these models promise to advance our understanding of how infants learn language
(Lavechin, de Seyssel, Gautheron, et al., 2022; Warstadt & Bowman, 2022).

In particular, we focus on the model used in our STELA (for STatistical Learning of
Early Language Acquisition) simulation, which we brie y describe below, adopting
the same tripartite description as introduced above — see Section 2.3 for more
details.

Our learner modelconsists of two main components: 1) an acoustic model that
incorporates a Contrastive Predictive Coding (CPC) algorithm followed by a K-means
algorithm, which is in charge of learning discrete representations of the audio; and
2) a language model made of Long Short-Term Memory (LSTM) layers trained on
the learned discrete units. The primary learning objective is to predict future audio
observations from present and past ones, a process known as auditory predictive
coding at the core of the predictive brain hypothesis that has attracted the attention
of the neuroscience community (Barlow et al., 1961; Keller & Mrsic-Flogel, 2018;
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Hueber et al., 2020). As a statistical learning algorithm, the proposed model can
provide us with insights about the aspects of language that can be acquired through
statistical learning mechanisms applied to raw speech.

For this chapter, our environment modelconsists of 3,200 hours of raw, unsegmented,
multi-speaker, and untranscribed speech. The speech is collected from either English
or French audiobooks, simulating the environment of an English-learning or French-
learning infant.

Concerning the outcome modelswe use two behavioral probing tasks to evaluate our
learner's language capacities at the phonetic and lexical levels. At the phonetic level,
the evaluation consists of an ABX sound discrimination task, a protocol routinely
used in psycholinguistics, e.g., Gottfried (1984) or Levy and Strange (2008a). At the
lexical level, we use a spot-the-word task in which the model is asked to discriminate
between a real word (e.g., “cookie') and a pseudoword matched in phonotactic
probabilities (e.g., ‘coonie') — see Baddeley et al. (1993), Yuspeh and Vanderploeg
(2000), and Barker-Collo et al. (2008) for examples of studies in adults.

After presenting our approach and situating it within the broader context of cur-
rent methodologies for modeling infant language acquisition, we present our rst
contribution to this line of research.

Can statistical learning bootstrap early language
acquisition?

Lavechin, M.”, de Seyssel, M., Titeux, H., Bredin, H., Wisniewski, G.,
Cristia, A., Dupoux, E. (2023) Statistical learning bootstraps early language
acquisition. Submitted to Developmental Science

Motivation

Human languages are intricate systems composed of discrete linguistic categories
arranged in a hierarchical structure with interdependent levels. Learning any

of these levels depends on the others, thus creating a chicken-and-egg dilemma.

As words are composed of phonemes, acquiring words seems to require learning
phonemes rst (Morgan & Demuth, 2014). But phonemes are de ned as the smallest
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sound contrast between two words (e.g., "book' vs. “look') that make a difference in
meaning, therefore suggesting that infants would need words to learn phonemes rst
(Feldman et al., 2009; Martin et al., 2013). Neither of these learning trajectories is
satisfactory, as in-lab experiments suggest that infants do not learn sounds and words
separately but jointly, as evidenced in Section 2.1.1. Although widely documented
in infants, this gradual and parallel learning constitutes a developmental pattern for
which no formal theory has been proposed (Dupoux, 2018). We are therefore left
with the following question: How do infants bootstrap into language?

This is the central question we explore in Lavechin, de Seyssel, Titeux, et al. (2022),
a manuscript under submission to the Journal of Developmental Science, and for
which we give a summary below. This work has been done in close collaboration
with Maureen de Seyssel, with whom | share co- rst authorship.

Paper summary

In Lavechin, de Seyssel, Titeux, et al. (2022), we introduce STELA, a language
learning simulation in which we evaluate the language capabilities of our model at
the phonetic and lexical levels. It is worth explaining two essential characteristics of
our methodology. First, we follow a cross-linguisticapproach whereby the learner
is exposed either to English or French but evaluated on both languages. The
comparison between native (training and testing on the same language) and non-
native scores (training and testing on different languages) allows us to identify
what our model has learned due to exposure to its native language, as opposed to
exposure to another language. Second, we follow adevelopmentabpproach whereby
we vary the quantity of speech given to the arti cial learner to study the impact of
input quantity on the learning outcomes.

The learning trajectories displayed by our arti cial learner show a strong positive
effect of native language, i.e., the native learner obtains higher phonetic and lexical
scores than the non-native learner, and this holds with as few as 50 hours of speech.
We also found a strong effect of input quantity, i.e., the native model gets better
at discriminating sounds and recognizing auditory word forms as the quantity of
speech in the training set increases. Interestingly, we observe a moderate positive
correlation between the native phonetic score and the native lexical score obtained
by models trained on 50 or 100 hours of speech. In other words, models that are
better at discriminating sounds are also better at recognizing auditory word forms —
models trained on a higher quantity of data were too few for this to be checked.
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Further analyses aimed to understand the nature of the learned representations

better and assess the extent to which they were similar to linguistic categories like

phonemes and words. Our analyses reveal that linguistic categories structure the
learned representations, although our model never learns categories per se. As the
quantity of speech increases, phonetic and lexical categories become more linearly
separable, which suggests that linguistic categories are not necessary during the
learning process but could instead emerge as an end product of learning.

Our simulation is compatible with the gradual and parallel learning trajectory
observed in infants and constitutes evidence that statistical learning mechanisms are
suf cient to bootstrap early phonetic and lexical learning, such as measured by our
sound discrimination and spot-the-word tasks.
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