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Résumeé

Le bégaiement est un trouble de la parole qui est le plus fréquemment observe parmi
les troubles de la parole et se traduit par des caractéristique spécifiques. La fastidieuse tache
de detection et d’analyse des schemas de parole des personnes qui begaiement «Persons who
stutter (PWS)», dans le but de les rectifier, est souvent traitée manuellement par les ortho-
phonistes et est biaisée par leurs croyances subjectives. De plus, les systémes de reconnais-
sance automatique de la parole, «Automatic speech recognition (ASR)», ne parviennent pas non
plus a reconnaitre les begaiements. Cela empéche les PWS dacceder a des assistants vocaux
tels que Siri, Alexa, etc.

Cette these tente de développer des systemes de detection du bégaiement «Stuttering
detection (SD)», bases sur Paudio qui réussissent a capturer les différentes variabilités des
¢nonces de begaiement telles que les styles d'expression, I'age, les accents, ete., et apprennent
des representations robustes du begaiement dans le but de fournir une ¢valuation juste,
cohérente et impartiale de la parole begayee.

Alors que la plupart des systemes SD existants utilisent plusieurs classificateurs bi-
naires pour chaque type de begaiement, nous presentons un systeme multi-classe unifie
nomme StutterNet capable de detecter plusicurs types de begaiement. En abordant le prob-
leme du desequilibre des classes dans le domaine du begaiement, nous avons ¢tudi¢ 'impact
de Papplication d’'une fonction de perte pondérée et nous avons ¢galement présente une
version du modele StutterNet qui est multi-contextuel et multti-branches pour ameliorer la
détection des classes minoritaires.

En exploitant les informations sur le locuteur et en supposant que les modeles de
bégaiement sont invariants par rapport aux méta-données telles que les informations sur le
locuteur, nous presentons un systeme de detection du begaiement multi-taches «Multi-task
learning (MTL)» qui apprend des representations robustes discriminant le bégaiement et les

invariantes par rapport au locuteur.
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En raison de la raret¢ des données non ¢tiquetces, la tache automatisée de détection
du begaiement est limitée dans son utilisation des modeles d"apprentissages profonds de
grande taille lorsqu'il s'agit de caprurer différentes variabilices. Nous avons introduit la
toute premiére architecture d’apprentissage auto—supervisé <<Self—5upervised Z@arning (SSL)»,
dans le domaine de la détection du bégaiement. Larchitecture SSL entraine d’abord un ex-
tracteur de caracteristiques pour une tache de pre-texte en utilisant une grande quantite
de données audio non ¢tiquetées et ne contenant pas de bégaiement pour capeurer ces dif-
ftérentes variabilités. Puis elle applique lextracteur de caractéristiques appris a une tache

SD en aval, en utilisant des données audio ¢tiquetces limitées et contenant bégaiement.



Abstract

Stuttering is a speech disorder that is most frequently observed among speech im-
pairments and results in the form of core behaviours. The tedious and time-consuming task
of detecting and analyzing speech patterns of PWS, with the goal of rectifying them is often
handled manually by speech therapists, and is biased towards their subjective beliefs. More-
over, the ASR systems also fail to recognize the stuttered spcech, which makes it impractical
for PWS to access virtual digital assistants such as Siri, Alexa, etc.

This thesis tries to develop audio based SD systems that successfully capture different
variabilities from stuttering utterances such as speaking styles, age, accents, etc., and learns
robust stuttering representations with an aim to provide a fair, consistent, and unbiased
assessment of stuttered speech.

While most of the existing SD systems use multiple binary classifiers for each stutter
type, we present a unified multi-class StutterNet capable of detecting multiple stutter types.
Approaching the class-imbalance problem instuttering domain, we investigated the impact
of applying weighted loss function, and, also presented Multi-contextual (MC) Multi-branch
(MB) StutterNet to improve the detection performance of minority classes.

Exploiting the speaker information with an assumption that the stuttering models
should be invariant to meta-data such as speakcr information, we present, an adversarial
MTL SD method that learns robust stutter discrimintaive speaker-invariant representations.

Due to paucity of unlabeled data, the automated SD task is limited in its use of large
deep models in capturing different varaibilities, we introduced the first-ever SSL framework
to SD domain. The SSL framework first trains a feature extractor for a pre-text task using a
large quantity of unlabeled non-stuttering audio data to capture these different varaibilities,
and then applies the learned feature extractor to a downstream SD task using limited labeled

stuttering audio data.
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1. Introduction

"O my Lord! Open for me my chest. And
ease my task for me. And loosen the knot
from my tongue (stuttering), that they un-
derstand my Speech.”

Prophct Moses (Taha [25-28])

1.1. Motivation

Over the past few decades, there has been a huge growth in interest in creating sys-
tems that mimic how humans comprehend and understand speech in terms of its linguistic
content, personality, gender, age, health, emotional, and other paralinguistic signs such as
stuttering' or disfluency (Huang et al., 2001; Guitar, 2013). The most practical and expressive
methods of human communication are speaking and listening. During speech, the brain
performs a series of cognitive processes in terms of selecting, activating, and organization
of lexical units and sensorimotors that are required by the speech articulators to deliver
the intended speech utterance (Harrington and Tabain, 2013). Normally, the speech ut-
terance is governed by a number of nonlinear processes where the speakers continuously
reshape the direction of their discourse. They could pause to consider what to say next,
resume a sentence that was already spoken, add something new, or discard the ongoing ut-
terance (Hardcastle et al,, 2012). As a result, spoken utterances are often regulated by cycles
of fluent (lexicaly and grammatically accurate) vs disfluent speech (non-lexical items that dis-
rupts the forward flow of speech) (Guitar, 2013). Notice that normal disfluencies are useful
in speech production since they can be considered in time during which the speaker can

correct or plan the upcoming discourse, however, in cases, like speech disorder/impairments,

'Stuttering is also called stammering. In this manuscript, we will use stammering, stuctering or disfluency
interchangeably



2 Chapter 1. Introduction

the normal disfluencies do not help the speaker to organize his/her discourse. Contrary to
persons without any fluency disorder, persons who stutter (PWS) know what they want to
pronounce but are momentarily unable to produce it because of the malfunctioning of their
central nervous systems in generating the necessary patterns of motor commands for the
production of fluent speech (Smith and Weber, 2017).

Speech impairments make it dithicult for PWS to form correct and necessary speech
sounds and impair a person’s ability to produce these correct sounds that enable them to
communicate with others (Guitar, 2013; Ward, 2017). Speech impairment can affect all age
groups and usually take the form of stuttering, apraxia (the brain is unable to send an ex-
act message to speech muscles), dysarthria (caused by muscle weakness), cluttering (speech
being too jerky or too rapid), and so on (Guitar, 2013; Ward, 2017; Dufty, 2019). Among
these speeeh impairments, stuttering is the most Commonly experienced one (Minnis, 2020).
The malfunctioning in sensorimotor regions which are responsible for speech production
resules in stuttering in the form of core behaviours: including repetitions, blocks, and prolonga-
tions, and its course is directed by lexical and psychological aspects (Smith and Weber, 2017
Guitar, 2013). In contrast to other speech impairments, stuttering can be treated if carly
intervention is provided to assist those PWS in achieving normal fluency (Guitar, 2013).
Driven by smart home devices an estimate of 8 billion digital voice assistants in use is to be
expected by 2030 (Smith, 2022). On one extreme, a speech technology like this enhances
the use of gadgets on a daﬂy basis and make their life easier in certain minority groups
such as blind and physically challenged who are unable to access textual mode of devices,
and on the other end, for the people with speech impairment problems such an influential

technology remains inaccessible.

1.2. Objectives

In conventional stuttering detection (SD) and therapy sessions, the speech therapists
or speech-language pathologists manually analyze the PWS’ speech (Noch et al., 2000). The
speech therapists observe and monitor the speech patterns of PWS to rectify them (Guitar,
2013). This convention of SD is very laborious and time-consuming and is also inclined
toward the idiosyncratic belief of speech therapists. Moreover, speech therapists might not

be available all the time. In addition, the automatic speech recognition systems (ASR) are
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working fine for normal fluent speech, however, they are unsuccessful in recognizing the
stuttered speech (Mitra et al., 2021), which makes it impractical for PWS to casily access
virtual assistants such as Cortona, Alexa, Siri, etc. As a result, interactive automatic SD
systems that provide an impartial objective, and consistent evaluation of‘stuttering speech
are strongly encouraged. We believe that these automatic stuttering detection systems will
also provide a fair, consistent, and unbiased assessment of stuttered speech which later on
can also be adapted towards voice digital assistants for PWS.

Despite the fact of having numerous potential applications, very little research at-
tention has been given to the domain of SD and measurement which is the main focus of
this thesis. The detection and identification of stuttering events can be quite a difficult
and complex problem due to several variable factors including language, gender, age, ac-
cent, speech rate, etc. Most of the earlier work in SD methods are based either on ASR
systems (Alharbi et al,, 2018, 2020) or language models (Zayats et al., 2016a; Chen et al,,
2020). These methods are two-stage approaches that first convert the acoustic speech sig-
nals into their corresponding spoken textual modality, and then detect stuttering by the
application of language models. Even though this ASR-based two-stage approach for iden-
tifying stuttering has shown promising results, the dependence on the ASR unit makes it
computationally costly and prone to error. Moreover, the adaption towards the ASR rtask
results in the possible loss of stuttering relevant information such as prosodic, emotional,

and other paralinguistic information. In summary,

We try to develop audio based stuttering detection systems which successfully capture different vari-
abilities from stuttering audio utterances and helps to distinguish between fluent, and various dis-

fluent speech categories such as blocks, prolongations, repetitions, and interjections.

1.3. Contribution summary

Stuttering can be expressed in multiple modalities including text, audio, visual, and
bio-signals, we mainly focus on developing acoustic modality based stuttering classification
systems by addressing some of the challenges stuttering domain is facing in terms of speaker
variabilities, data availability, class imbalance, etc., when approached from deep learning
paradigm. This PhD manuscript presents my contribution in proposing a new model called

StutterNet, its variants, and their extensive evaluation on stuttering SEP-28k dataset curated
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recently. This thesis also presents my contribution about the adoption of self-supervised
learning (SSL) framework in stuttering detection domain by exploiting Wav2Vec2.0 model

trained on large amounts of non-labelled data.

StutterNet: The first main contribution of this thesis is the development of StutterNet,
a time delay neural network based stuttering detection system, which is a multi-class SD
classifier capable of detecting several stuttering types using one single system on a large
set of speakers, unlike state-of-the-art SD systems which are mostly binary SD classifica-
tion systems, and only considered few stuttered speakers. The proposed StutterNet first
computes the Mel-frequency cepstral coefficient (MFCC) features from raw audio samples,
which are then passed to the TDNN to learn and capture the temporal context of vari-
ous types of disfluencies/stuttering classes. The proposed StutterNet has been evaluated on
University college London’s archive of stuttered speech (UCLASS) and SEP-28k datasets.
Moreover, we, also consider fluent speech samples of PWS that greatly effects the stuttering
classification systems unlike state-of-the-art SD systems, where they focus mostly within

the stuttering ClaSSGS.

Multi-branch (MB) StutterNet: Duec to inherent nature of stuttering, obtaining
class-balanced stuttering datasets is both extremely challenging and expensive. Deep neu-
ral network classifiers are typicaﬂy biased towards the majority class when trained on highly
class-imbalanced datasets, which leads to subpar modeling of minority classes. Moreover,
the stuttering data is very limited, and, is collected usually in clean clinical environments,
thus limits the adoption of advanced deep learning methods to stuttering detection, and
SD can further be greatly effected by noisy environments. To contribute to the previously
mentioned issues, we proposed MB StutterNet (addressing class-imbalance), which comprises
a base encoder (€) followed by two parallel branches referred as DisfluentBranch (D) and
FluentBranch (F). The embeddings generated by (€) are simultancously passed to both the
FluentBranch and DisfluentBranch, where the FluentBranch is trained to distinguish between
fluent and disfluent samples, and the DisfluentBranch is trained to differentiate and classify
the disfluent sub categories. Moreover, we also contributed by providing extensive analy-
sis on employing class-balanced training by applying more weights to minority stuttered

classes in the loss function, which in turn great]y improves their detection performance.
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To further test our proposed StutterNet and MB StutterNet in real-life environments, we
extensively evaluate them in simulated noisy environmental conditions by employing data
augmentation techniques such as noise, babble, music, and reverberation to the stuttered
speech samples. The advantage of applying data augmentation to stuttered speech is two-
fold. First, it increases the amount of data in stuttered speech, thus makes it suitable for
advanced deep learning methods. Second, it can simulate real-time noisy environmental

conditions, thus making the proposed SD systems robust to such factors.

Multi-contextual (MC) StutterNet: In addition, we also found previously, that the
context optimized for one category are not good for another stutter class, so exploiting this
fact, we propose a MC StutterNet, which is a multi-contextual multi-branched time delay
neural network based architecture for SD. The multi-contextual framework is based on the
way humans perceive speech. In the cochlea, the input acoustic speech signal is partitioned
into several frequency bands so that the information in each band can be filtered indepen-

dently and thus processed in parallel by the human brain.

Multi-task and adversarial learning in stuttering detection: From recent years,
the field of deep ]earning—based stuttering detection is evolving Continuously. Yet all cur-
rent systems focus only on the stuttering learning method without considering any auxiliary
tasks. Unfortunately, this is not the way, how we humans perceive speech; instead, we si-
multancously decode the main task with various meta contents like speaker traits, linguistic
content, emotion, etc., in a mu]ti—tasking fashion. Motivated by this, we exploited Speaker
characteristics in stuttering detection. The third contribution of this thesis is to learn and
exploit these speaker traits in combination with the primary stuttering detection task in
a multi-tasking learning paradigm. As the stuttering speech detection task should not be
dependent on a specific set of speakers, an alternative approach, is to assume that a robust
acoustic stuttering representation needs to be invariant to secondary tasks, particularly
speaker recognition. We also contributed to this by proposing an adversarial multi-task
(MTL) learning method that learns latent representations that are speaker invariant but at

the same time are stutter discriminative.
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Introducing self-supervised learning to stuttering detection: Duc to a paucity
of unlabeled data, the automated stuttering detection task is limited in its use of large deep
models. As stated in Appendix A, several stuttering datasets, such as SEP-28k (Lea et al,
2021), UCLASS (Howell and Sackin, 1995), LibriStutter (Kourkounakis et al., 2020), and
FluencyBank (Lea et al., 2021), have been curated throughout the time to examine various
SD models, however, the improvement is bounded most likely because of the small sized
and unlabeled stuttering datasets, which are unable to encapsulate several variable factors
such as hnguistic content, speaking style, gender, age, accent, speech tempo, 1‘ecording con-
ditions, and others. Our contribution to this challenge is that we introduced the first-ever
self-supervised learning framework to stuttering detection domain. The self-supervised
learning framework first trains a feature extractor for a pre-text task using a large quan-
tity of unlabeled non-stuttering audio data to capture different speaking styles, accents, age
group, linguistic content, paralinguistic content, prosody, environmental conditions, etc,
and then applies the learned feature extractor to a downstream stuttering detection task

using limited labeled stuttering audio data.

1.4. Publications

The below mentioned papers serve as a foundation of this thesis, and are presented

in order in which they occur in this thesis.

1.4.1. Peer-reviewed

1. Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. ". Advancing
stuttering detection via data dugmentation class-balanced loss and multi-contextual
deep learning". Journal of IEEE Biomedical Health Informatics, (2022).

2. Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "Machine
learning for stuttering identification: Review, challenges and future directions". Jour-
nal of Neurocomputing, 514 (2022), pp 385-402.

3. Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "StutterNet:
Stuttering detection using time delay neural network”. In Proc. 29th European Signal
Processing Conference (EUSIPCO), (2021), pp 426-430.

4. Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "Robust
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stuttering detection via multi-task and adversarial learning ". In Proc. 3oth European
Signal Processing Conference (EUSIPCO), (2022).

5. Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "End-to-
end and self=supervised learning for ComParE 2022 stuttering sub-challenge”. In Proc.
30ch ACM International Conference on Multimedia, (2022), pp 7104-7108.

1.4.2. Under revision

1. Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "Introducing
ECAPA-TDNN and Wav2Vec2.0 embeddings to stuttering detection". Under review
in International Journal of Speech Technology, (2022).

1.5. Thesis outline

This PhD thesis is situated at the intersection of deep learning applied to stuttering
problem in the acoustic modality. The outline of this thesis is as follows: the first chapeer
discusses the speech disorder problem in general with a focus on stuttering from multiple
views. The third chapter reviews the stat-of-the-art work in stuttering detection domain.
The next three chapters details about the StutterNer and its variants. Finally, the chapter
seven introduces the SSL framework to stuttering detection with an extensive evaluation on
SEP-28k and KSoF dataset. The final thoughts towards the future research developments
are presented in the last chapter. A more detailed summary of the chapters is given below
and are based on the peer-reviewed and under revision papers highlighted in the box after

the outline of each chaprter:

Chapter 2: In this chapter, we discuss the general speech disorder problem with a fo-
cus on stuttering. We first begin by discussing the stuttering prob]em and its categories,
and its impact on the real life of PWS. Then, we provide a discussion on the character-
istics of stuttered speech from neurogenic, acoustic and phonetic point of views. Lastly,
we give a detailed motivation about the need of automatic stuttering detection systems af-

ter pointing out the limitations and drawbacks of the conventional stuttering assessment.
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Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "Machine learning
for stuttering identification: Review, challenges and future directions". Journal of Neurocom-
puting, 514 (2022), pp 385-402 (peer-reviewed).

Chapter 3 In this chapter, we walk through the foundational ideas and fundamental
concepts of the fields including datasets, speech processing and deep learning, which are
essential to our work. Firstly, we present a brief discussion on speech production followed
by acoustic features employed mostly in stuttering detection domain. Next, we present
some challenges, the stuttering detection domain is currently facing, and, in the subsequent
chapters, we try to address some of these challenges. Following the discussion on feature
extraction, we provide a discussion on various deep 1earning methods that we adopted to-
wards stuttering detection. Lastly, we review the state-of-the-art SD systems with their

possible limitations.

Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "Machine learning
for stuttering identification: Review, challenges and future directions". Journal of Neurocom-

puting, 514 (2022), pp 385-402 (peer-reviewed).

Chapter 4:  This chapter gives a detailed discussion about our proposed StutterNet model,
a time delay neural network single multi-class classifier capable of detecting stuttering and
its types efficiently. Firstly, we discuss its architecture, followed by the dataset details used
to evaluate the effectiveness of the proposed method. Finally, we comment on the results

achieved by the proposed StutterNert.

Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "StutterNet: Stut-
tering detection using time delay neural network". In Proc. 29th European Signal Processing

Conference (EUSIPCO), (2021), pp 426-430 (peer-reviewed).

Chapter 5:  This chapter addresses the class-imbalance problem in stuttering detection
domain via weighted loss function and multi-branch training schemes. In addition, this also in-
vestigates the effectiveness of data augmentation when applied to stuttering detection prob—
lem. Moreover, we found previously in Chapter 4 that the contexts optimized for one stutter
class are not good for other class. Driven by this fact, this chapter also discusses the pro-
posed MC StutterNet, which exploits variable contexts from the stuttered speech utterance.

The 1‘ecent]y re]eased ﬂrst—ever pub]lc labe]ed stutcer dataset is USGd O assess the pTOpOSGd
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framework’s overall performance.

Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "Advancing stut-
tering detection via data dugmentation class-balanced loss and multi-contextual deep learn-
ing". Journal of IEEE Biomedical Health Informatics, (2022) (peer-reviewed).

Chapter 6: In this chapter, we introduce and discuss an adversarial multi-task learning
framework applied to stuttering detection problems to learn robust latent stutter representa-
tions that are stutter discriminative while being spcakcr—invariant. The overall methodology
of the proposed framework is provided and evaluated on the newly released first-ever pub-

licly labeled stutter dataset.

Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "Robust stuttering
detection via multi-task and adversarial learning". In Proc. 3oth European Signal Processing

Conference (EUSIPCO), (2022) (peer-reviewed).

Chapter 7:  Finally, the last chapter discusses the employment of first-ever self-supervised
learning framework to stuttering detection problem. We first, describe the motivation of ap-
plying contextual embeddings to SD, learned in an SSL setup on some pre-text auxiliary
task. We mainly focus on speaker and contextual embeddings where the SSL models are
pre-trained on massive datasets with the hypothesis in capturing various speaking styles
and prosodic information which are extremely important to stuttering detection. We also
discuss which layers of SSL model captures more stutter-related information. In addition,
this chapter also discusses the evaluation of pre-trained SSL models in cross-language stut-
tering detection platform. To this, we evaluated the English language pre-trained SSL model
on the German language stutter dataset provided to us in the ComParE challenge organised
during ACM workshop (Schuller et al., 2022). Lastly, we discuss the results from the SSL
based stuttering detection, and showed empirically that the contextual embeddings achieve
a considerable gain and surpasses in all the disfluent classes over the state-of-the-art and

proposed methods discussed in previous chapters.

Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "Introducing
ECAPA-TDNN and Wav2Vec2.0 embeddings to stuttering detection". Under review in In-
ternational Journal of Speech Technology, (2022) (under review).

Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "End-to-end and
self-supervised learning for ComParE 2022 stuttering sub-challenge". In Proc. 30th ACM
International Conference on Multimedia, (2022), pp 7104-7108 (peer-reviewed).
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Chapter 8: Finally in this chapter, we conclude our contributions and provide some
of our reflections on the future directions that the studies conducted for this thesis has

initiated.



2. Stuttering problem

"

The earlier that the intervention starts for
your child, the quicker that the disorder can
be addressed and corrected.”

Unknown

2.1. Speech disorders

Voice disorders' known as speech disorders or speech impairments occur when a per-
son struggles to produce and articulate the typical spoken sounds needed to interact with
others (Guitar, 2013; Dufty, 2019). These voice disorders can take the form of dysarthria,
apraxia, stuttering, cluttering, lisping, and so on (Dufly, 2019; Ratner and MacWhinney,
2018; Guitar, 2013; Ward, 2008; Kchoe and Contributors, 2006). Dysarthria is defined as
a speech disorder caused by the muscle weakness (including face, lips, tongue, and throat)
controlled by the nervous system. The patients with dysarthria produce slurred or mum-
bled sounds with aberrant speech patterns, such as flat intonation or very low or fast speech
rate, which makes their speech very difficult to comprehend (Duffy, 2019). Cluttering is
characterized by a patient’s speech being too jerky, too rapid, or both. Persons with clutter-
ing usually exclude/collapse most of the syllables, or aberrant rhythms or syllable stresses,
and also contain excessive amounts of interjections such as so, hmm, like, umm, etc (Ward,
2008). Apraxia is defined as a speech disorder when the neural path between the nervous
system and the muscles responsible for speech production is obscured or lost. The per-

sons with apraxia knows what they want to speak, but can not speak because the brain is

"This chapter is based on the following article:
Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "Machine ]earning for
stuttering identification: Review, challenges and future directions". Journal of Neurocomputing, 514
(2022), pp 385-402 (peer-reviewed).
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unable to send an exact message to the speech muscles which can articulate the intended
sounds, despite the fact speech muscle movements are working fine (Duffy, 2019; Kehoe
and Contributors, 2006). Lisping speech disorder is defined as the incapability of produc-
ing sibilant consonants (z or s) correctly. The sibilant sounds are usually substituted by th
sounds. For example, the persons with lisping speech disorder would pronounce the word
lisp as lichp (Dufly, 2019). Stuttering speech impairment is different than the other speech
disorders because it can be cured if early intervention is being made to help the PWS de-
velop normal fluency (Guitar, 2013). Of all these speech impairments, stuttering is the most

~ 2
common and predominant one”.

2.2. Stuttering speech disorder

Stuttering is a neurodevelopmental speech disorder, caused by the failure of speech
sensorimotors. Stuttering - also known by the name stammering/disfluency - commences
when neural connections supporting language, speech, and emotional functions are quickly
changing (Duffy, 2019; Ward, 2008; Smith and Weber, 2017), and is characterized by core be-
haviors that usually take the form of involuntary stoppages, repetition, and prolongation of
sounds, syllables, words or phrases. Stuttering can be described as an abnormally and per-
sistent duration of stoppages in the normal forward flow of speech (Guitar, 2013). These
speech abnormalities are generaﬂy accompanied by unusual behaviors like head nodding,
lip tremors, quick eye blinks, unusual lip shapes, et (Riva-Posse et al., 2008). Fluency can
be defined as the capacity to produce speech without any effort, at a normal rate (Stark-
weather, 1987). A fluent speech requires linguistic knowledge of the spoken language and a
mastery of the message content. Concerning physiological aspects, a precise respiratory, la-
ryngeal and supraglottic control movement is necessary to maintain fluency (Adams, 1974).
When all these conditions are not met, speech disorder (stuttering) can emerge. They can
take the form of silent or filled pauses, repetitions, interjections, revisions (content change
or grammatical structure or pronunciation change), and incomplete phrases (Roberts et al.,
2009). Generally, normal speech is made up of mostly the fluent and some disfluent parts.
Notice that normal disfluencies are useful in speech production since they can be considered

in time during which the speaker can correct or plan the upcoming discourse. In some cases,

zSpeech disorders
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like stuttering, distluencies do not help the speaker to organize his/her discourse. Indeed,
contrary to persons without any fluency disorder, PWS know what they want to pronounce

but are momentarily unable to produce it (Organization et al., 1977; Guitar, 2013).

2.2.1. Stuttering categories

Stuttering can broadly be classified into two types (NIDCD, 2015):

. D@vclopmenml Stuttering: This stuttering is the most common one and it usually occurs
in the learning phase of the language, i.e. between two and seven years of language devel-
opment. Recent researches conclude that developmental stuttering is multifactorial
trouble including neurological and genetic aspects (Ecchell et al., 2018; Drayna and
Kang, 2011). Indeed, functional magnetic resonance imaging studies show anomalies
in neural activity before the speech, i.e. during the planning stages of speech produc-
tion (Vanhoutte et al,, 2016). Furthermore, an atypical activation in the left inferior
frontal gyrus and right auditory regions has been highlighted (Neef et al., 2015; Belyk
ctal,, 2015). Concerning the genetic aspects, Riaz et al. (2005) observe an unusual al-
lele on chromosom 12 by PWS. Drayna and Kang (2011) identify 87 genes that could
be involved in stuttering, including one called GNPTAB, which was significantly
present in a lot of PWS.

+ Neurogenic Stuttering: This stuttering can occur after the head trauma, brain stroke,
or any kind of brain injury. This results in disfluent speech because of the incoordi-
nation of the different regions of the brain which are involved in speaking®. Even if
neurogenic stuttering is rare, it can be observed in children and adules regardless of

their age.

2.2.2. Impact of stuttering

Globally, stuttering concerns 1% of the world’s population and its incidence rate is
between 5% and 17% (Yairi and Ambrose, 2013). The difference between the prevalence and
incidence rates can be explained by the fact that developmental stuttering disappears in
80% of the cases before adulthood either without any intervention or thanks to the speech

therapy. Thus, about 70 million people suffer from this disorder which affects four times

Shttps://www.nidcd.nih.gov/health/stuttering
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males than females (Yairi and Ambrose, 2013). As considered by the non-stuttering per-
sons, the disfluency affects the flow of speech only, however for PWS, it is greater than chat.
Several studies show that PWS are ignored, teased, and/or bullied by normo-fluent people
(Iverach et al,; 2016). The PWS is usually rated less popular than their non-stuttering peers
and less likely to be considered leaders (Iverach et al,, 2016). According to the national
stuttering association (NSA, 2009), 40% of the PWS have been repudiated school opportu-
nities, promotions or job offers and it affects relationships. The data should be assessed in
close conjunction with the fact that 85% of businessmen consider stuttering as a negative
element during a job interview and prefer offering work that does not require a customer
contact (Klein and Hood, 2004). All these elements explain that PWS develop social anxi-
cties and negative feelings (fear, shame, etc.,) when they have to speak in public (Blood and
Blood, 2016).

Stuttering appears to be complex and several factors that lead to stuttering include
stress, delayed childhood development, and speech motor control abnormalities, as there
is a strong correlation between stress, anxiety, and stuttering (Guitar, 2013). Indeed, dis-
fluencies are more frequent in stress or anxiety conditions, in dual tasks including speech
and another cognitive charge, and when they speak fast. Conversely, PWS produce fewer
disfluencies when they sing in unison or speak with an altered auditory feedback (Antipova
ct al,, 2008). In a recent study, Smith and Weber (2017) postulated the multifactorial dy-
namic pathways theory, where they asserted that stuttering occurs because of the failure
of the central nervous system in generating the necessary patterns of motor commands for
fluent speech. Thus, stuttering shows impairment in sensorimotor processes that are re-
sponsible for speech production, and its orientation throughout the life of PWS is strongly

affected by the linguistic and emotional aspects.

2.3. Characteristics of stuttered speech

In this section, we discuss the stuttering problem from the neurogenic and acoustic
point of view. This section also discusses the various acoustics properties of stuttered speech
and describes how the stuttered speech impacts the various characteristics like formant

transitions, pitch, and Voice onset time (VOT).
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2.3.1. Neurogenic view

Most brain scan studies show that, during fluent speech and silent rest, there is no
difference in the cerebral activity between persons who stutter and normal fluent speakers,
however, during stuttering, there is a dramatic change in the cerebral activity (Ingham et al,|
1996). The right-hemisphere of the brain areas which are normally not active during normal
speech become active, and the left-hemisphere areas, which are active during normal speech
become less active (Ingham et al., 1996; Kehoe and Contributors, 2006). It has also been
found that there is an under-activity in the central auditory processing area of the brain. Ke-
hoe and Contributors (2006) suggests that adult persons who stutter have an inability to
integrate somatic and auditory processing. A brain study by Foundas et al. (2001) found
that PWS has rightward asymmetry in planum temporale, i.e, their right planum tempo-
rale is larger than their left planum temporale, on the contrary, normal people’s planum
temporale is larger in the left side of their brains. Studies based on motor data have been
carried out about stuttering. The PWS also show over-activity in the speech motor control
area, in particular in the left caudate nucleus area (Smith and Weber, 2017; Kehoe and Con-
tributors, 2006). Conture et al. (1977, 1985) observe inappropriate vocal folds abductions
and adductions which lead to anarchic openings and closure of the glottis. Concerning the
supraglottic level, Wingate (1969) hypothesizes that stuttering is not a sound production
problem but a coarticulation one. He theorizes that disfluencies occur during a fault line,
which corresponds to the interval when muscular activity due to a sound that has been pro-
duced is going off and muscular movements for the following sound are going on. However
in a recent study, Didirkova and Hirsch (2020) show, thanks to Electromagnetic articu-
lograph (EMA) data, that stuttering is not a coarticulation trouble. They found correct
coarticulatory patterns in the fluent and stuttered utterances. Furthermore, another study
based on articulatory observation, notes that stuttered disfluencies and non-pathological
distluencies do have common characteristics. However, stuttered disfluencies and non-
patho]ogic;ﬂ disfluencies produced by PWS present some particularities, main]y in terms
of retention and anticipation, and the presence of spasmodic movements (Didirkova et al.,
2020). PWS tend to develop strategies allowing them to avoid sounds or words which can
result in disfluency; such strategies consist in using paraphrases or synonyms instead of the

problematic segment (Ward, 2008).
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2.3.2. Acoustic and phonetic view

Concerning stuttering-like disfluencies such as blocks, prolongations, and repetitions
as shown in Figure 3.2, some works try to link the locus of disfluencies and phonetic pro-
prieties. Jayaram (1983); Blomgren et al. (2012); Didirkova (2016) indicate that unvoiced
consonants are more disfluent than their voiced counterparts. Furthermore, Blomgren
ct al. (2012) notices that disfluencies are more frequent at the beginning of an utterance or
just after a silent pause. Moreover, Didirkova (2016) observes an important inter-individual
variability concerning sounds and/or phonetic features which are the most disfluent.

Acoustic analysis has been carried out about stuttering, including speech rate, stop-
gap duration, vowel(V)-consonant(C) transition duration, fricative duration, VOT, CV
transition duration, vowel duration, formants, glottis constriction, a sharp increase in ar-
ticulatory power and closure length elongation before the speech segment is released (Ze-
browski et al., 1985). Dehgan et al. (2016) studied the second formant (F2) transitions of
fluent segments of Persian speaking PWS. They concluded that the F2 frequency extent
transitions are greater in stuttering speakers than in normal fluent ones. The PWS takes
longer to reach vowel steady state, but the overall F2 formant slopes are similar for both stut-
tering speakers and normal ones (Dehqgan et al,, 2016). The PWS generally exhibit slower
speaking rates when compared to normal speakers. Several other studies have investigated
the CV formant transitions in stuttered speech. Yaruss and Conture (1993) examined the
F2 transitions of children who stutter on syllable repetitions and found no aberrant F2
transitions. However, Robb et al. (1998) analyzed the fluent speech segments of PWS and
showed that F2 fluctuations are longer for voiced and voiceless stops than normal speakers.
In a different study by Chang et al. (2002), where 3-5 year aged children were analyzed in
the picture-naming task. The results showed that disfluent children produced smaller fluc-
tuations of F2 transitions between the alveolar and bilabial place of articulations than did
fluent children, and the overall degree of CV coarticulation is no different among stutter-
ing and control groups. Subramanian et al. (2003) ana]yzed the F2 f‘requency fluctuations
of voiceless stops and revealed that near the onsets of CV, the stuttering children exhibited
smaller F2 changes than the normal speakers. Blomgren et al. (1998) found that PWS and
normal speaker in /CVt/ token exhibit no differences in the F1 (average). The stutters show

significantly lower F2 in /Cit/ tokens than the control groups. The formant spacing for
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/i/ is significantly lower in PWS than fluent persons (Blomgren et al,, 1998). Hirsch et al.
(2008) conducted a study by analyzing the first two formants (vowel space) in CV sequences
between the stuttered and normal groups. At a normal speaking rate, the stuttering group
shows a reduction in the vowel space, contrary to the fast speaking rate, where, the latter
shows no noticeable deviation.

VOT is the duration of time between the release of a stop consonant and the be-
ginning of vocal fold vibrations (Guitar, 2013). Healey and Ramig (1986) showed that for
voiceless stops, chronic stuttering exhibits longer VOT when Compared with normal fluent
persons. They showed that consonant and vowel duration were longer only in real-world
phrases like take the shape in contrast with nonsense phrases like ipi saw ipi (Healey and
Ramig, 1986). Hillman and Gilbert (1977) also found that the PWS reveals longer VOT for
voiceless stops than for fluent persons. Adams (1987) found that not only voiceless stops
exhibit longer VOT in PWS, but also, voiced stops display longer VOT than non-stuttering
persons. No significant VOT differences have been found in control and PWS groups (Wat-
son and Alfonso, 1982). In another study by Jincke (1994), the PWS show strong variability
in repeated production of VOT for voiceless stops, however, there is no significant differ-
ence between the two groups. In a study carried out by (De Nil and Brutten, 1991), it shows
that the stuttering children exhibit more variability in VOT than their counterparts. Ce-
leste and de Oliveira Martins-Reis (2015) also found that the stuttering group shows higher
VOT for voiceless stops. Brosch et al. (2002) examined the VOT in stuttering children.
They found that the children with severe stuttering have higher values of VOT. Borden
et al. (1985) examined the VOT of fluent utterances from PWS. Their study showed that
the fluent utterances of PWS exhibit no statistical differences in VOT and are within the
limits of normal groups.

Fosnot and Jun (1999) examined the prosodic characteristics of PWS and fluent chil-
dren. They found that the variability in pitch is greater in the stuttered group, but slightly
differs from the normal group. In another study, it has been shown that the normal group
and PWS show the same patterns in fO deviation (Ramig and Adams, 1981). The stutter-
ing occurs less significantly in low-pitched conditions as compared to high-pitched condi-

tion (Ramig and Adams, 1981)
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2.4. Conventional stuttering assessment

In conventional stuttering assessment, the Speech language pathologists (SLP) or
Speech therapists (ST) manually analyze either the PWS’ speech or their recordings (Noch
ct al,, 2000; Guitar, 2013). The stuttering severity is usually measured by taking the ratio
of disfluent words/duration to the total words/duration (Guitar, 2013). The most conven-
tional speech therapy sessions involve helping the PWS observe and monitor their speech
patterns to rectify them (Guitar, 2013). The speech therapeutic success rate recoveries have
been reported to be 60-80% when deale within the early stage (Salcuklaroglu and Kali-
nowski, 2005). However, this convention of\detecting stuttering severity and its improve-
ment due to therapeutic sessions is very demanding and time-consuming and is also biased
and prejudiced towards the subjective belief of SLPs. Due to the nature of stuttering, its
therapeutic sessions are very intense course, that usually, extend to several months (sev-
eral years in some cases), which necessitates PWS to see the SLP regularly (Roberts, 2011).
Usually, the speech therapy sessions are private and are very expensive, thus making it unaf-
fordable to some PWS. Thus, it is important to develop interactive automatic SD systems.

Moreover, the ASR are working well for the fluent speech, but they fail to recognize
the stuttered speech. So, it would not be feasible for a PWS to easily access virtual assistant
tools like Alexa, Siri, etc*. The SD may help in adapring the virtual assistant tools for disflu-
ent persons. Therefore, developing interactive SD systems are the need for an hour which
provides an objective and consistent measurement of the stuttered speech. Consequently,
with the recent developments in natural language processing, machine learning, and deep
learning, it became a reality to develop smart and interactive SD and therapy tools. The
stuttering detection systems can later on be used in an ASR pipeline to first detect the
stuttered samples, and then either correct these stutter speech frames or removing them

completely from an utterance.

2.5. Automatic stuttering detection

Stuttering speech disorder reflected by its core behaviours: prolongations, repetitions,

and blocks impact the acoustic properties of speech which can help to discriminate from

*For people who stutter, the convenience of voice assistant technology remains out of reach


https://eu.usatoday.com/story/tech/2020/01/06/voice-assistants-remain-out-reach-people-who-stutter/2749115001/
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fluent voice as shown in Figure 3.2. Most of the computer based SD methods are based either
on ASR systems (Alharbi et al,, 2018, 2020) or language models (Zayats et al., 2016a; Chen
ctal, 2020). These methods are two stage approaches that first convert the acoustic speech
signals into their corresponding spoken textual modality, and then detects stuttering by the
application of language models. Even though this ASR based two stage approach of identi-
fying stuttering has shown promising results, however, the dependence on ASR unit makes
it computationally costly and prone to error. Moreover, the adaptation towards ASR rtask
results in possible loss of stuttering relevant information such as prosodic and emotional
content. In recent decades, the applications of deep learning have grown tremendously in
speech recognition (Nassif and et al., 2019), speaker recognition (Latif et al., 2020a), speech
synthesis (Ning et al.,, 2019a), emotion detection (Ak¢ay and Oguz, 2020), voice conver-
sion (Sisman et al., 2020), voice disorder detection (Verde et al., 2018) including Parkin-
son’s disease detection (Almeida et al,,; 2019) and dysarthric speech detection (Narendra
and Alku, 2019; Kodrasi, 2021). However, the application of deep learning in SD is limited.
Due to the presence of acoustic cues in the stuttered embedded speech as shown in Fig-
ure 3.2, the deep learning models can be used to exploit these acoustic cues in the detection
and identification of stuttering events. Most of the SD existing methods employ spectral
features such as MECCs and Linear prediction cepstral coefhicients (LPCCs) or their vari-
ants that capture these formant-related information. Other spectral features such as pitch,
zero-crossing rate, shimmer, and spectral spread are also used. Finally, those features are
modeled with statistical modeling methods such as hidden Markov model, support vector

machine, Gaussian mixture model, etc.

2.6. Summary

In this chapter, we discussed the underlying principles of stuttering, which makes
it casier to grasp the subjects covered in the next chapters. First, speech impairments in
genera] were discussed. Of these speech impairments, stuttering is the most predominam
one. Next, we explained the characteristics of stuttering speech disorder from neurogenic,
phonetic and acoustic point of view and its impact on PWS and SLP. Finally, we presented
the conventional way of stuttering assessment and its limitations. This thesis provides a

deep learning framework for SD, where we first describe the state-of-the-art deep learning
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models followed by our contributions to automatic SD.



3. Background and state of the
art

"Stuttering is no simple speech impediment.
It is a complicated disorder which has both
hysical and emotional aspects.”
'y

Malcolm Fraser

There is a multitude of research content available in each of the domains pertinent
to this thesis. It makes use of prior knowledge from speech processing, stuttering, and
deep learning. In this chapter, we discuss specific background details of the state-of-the-art
features and techniques proposed in this thesis, and we draw on existing literature to paint a
complete picture of the problem statement and how the proposed solutions are considered

by the speech disorder community in particular stuttering communityl.

3.1. Introduction

Research interest towards stuttered speech is becoming more and more prominent.
Building a trustworthy stuttered speech classification system is still difhicult owing to its
complicated nature. Stuttering detection (SD) is a complex interdisciplinary problem that
involves speech processing, signal processing, neuroscience, psychology, pathology, and ma-
chine learning. The recent advancements in the machine and deep learning have signif-
icantly transformed the speech domain. However, in SD, it has not been explored emi-
nently. A myriad number of research works for SD (in terms of acoustic feature extraction

and classification methods) have been carried out with a focus on developing automatic

"This chapter is based on the following article:
Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "Machine ]earning for
stuttering identification: Review, challenges and future directions". Journal of Neurocomputing, 514
(2022), pp 385-402 (peer-reviewed).
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tools for its detection and identification. Most of the earlier work detects and identifies
stuttering either by language models (Zayats et al., 2016b; Chen et al., 2020) or by ASR
systems (Alharbi ec al,, 2018, 2020), which first converts the audio signals into their corre-
sponding textual form, and then by the application of language models, detects or identifies
stuttering. However, in this chapter we focus on SD only from the acoustic modality point
of view, and discuss the underlying speech processing principles, and state-of-the art SD

classification methods.

3.2. Speech processing principles and tools

First of all let us go through some of the underlying principles and tools of speech
processing that underpin the proposed methods for SD. We commence with a signal, a
fundamental representation of speech, and how it is transformed to meaningful relevant

feature space based on the phonetic and physiological factors.

3.2.1. Fundamentals of speech processing

Vocal Tract: The vocal tract as shown in Figure 3.1 is the physiological system that
generates speech extended from the lungs to the lips and nose. The larynx divides the vocal
tract into two physical regions: the lower sublaryngeal area and the upper supralaryngeal
region (Huang et al.,, 2001; Kehoe and Contributors, 2006; Hardcastle et al., 2012). The
diaphragm, lungs, and trachea (also called the windpipe) make up the vocal tract’s subla-
ryngeal region. The air flows out of the lungs and encounters the vocal folds, which are a
pair of flap-like structures in the larynx. When the vocal folds are kept at an intermediate
tension, neither too close or too far apart, the movement of the air causes ripples along
their length and makes them to vibrate, resulting in voiced speech. On the contrast, when
the vocal folds are maintained sufficiently apart so that air can freely flow through them,
they do not vibrate, resulting in voiceless speech. This is visible in the speech signal as ape-
riodic portions that appear to be random noise and are referred to as unvoiced areas. The
supralaryngeal area, which includes the mouth and nasal cavities, is crucial in defining the
exact nature and quality of the sounds emitted. Articulators comprise the numerous por-
tions of the supralaryngeal area that contribute to the articulation of various vowels and

consonants. The lips, teeth, tongue, alveolar ridge, hard palate, and velum are the principal
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Figure 3.1: A diagram of vocal tract with articulators [source: (Ahmed et al., 2022)].

articulators in the oral cavity. The tongue and lower lip are the active articulators, whereas
the rest are passive and static. The intricate interplay of active and passive articulators to
fully stop the airflow, constrict it into a restricted channel, or let it to flow through without
restriction, produces the wide range of speech sounds present in languages throughout the
world.

Speech isa temporal activity, and listeners are sensitive to changes in an utterance’s
temporal flow. An unlimited number of sounds called phones can be produced by the vocal
tract which are independent of the language acquisition (Hardcastle et al., 2012). A given
language may only have a limited number of perceptibly unique and distinct sound units
called phonemes that can be utilized to build meaningﬁﬂ constructs which facilitate com-
munication. These phonemes are studied under the branch of linguistics known as phonology.
The continuous signal produced by the vocal tract is classified into distinct phoneme classes
based on acoustic, articulatory, and perceprual aspects. Most languages have two types of
phonemes: vowels, which are voiced sounds formed without restricting the airflow by artic-
ulators, and consonants, which are formed by restricting the airflow flowing through the
vocal tract (Hardcastle et al., 2012).

Some studies try to connect the location of disfluencies with phonetic proprieties

as discussed in Section 2.3.2. According to Jayaram (1983); Didirkova (2016); Blomgren
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et al. (2012) unvoiced consonants are more disfluent than their voiced consonants. Wingate
(1969) hypothesizes that stuttering is a coarticulation’ dithiculey racher than a sound pro-
duction problem. He theorizes that disfluencies develop when muscle activity for a previ-
ously generated sound is turned off and muscular movements for the next sound are turned
on. However, Didirkova and Hirsch (2020) demonstrate in a recent study, using EMA data,
that stuttering is not a coarticulation problem. They discovered accurate coarticulatory
patterns in both fluent and stuttering speech.

Speech representation in time domain: Speech is a pressure wave that propagates
across the medium of air. It can be measured over time by measuring the fluctuations in
pressure of air molecules at a single location in space (Hardcastle et al., 2012). Figure 3.2
shows the time-domain signal, spectrogram, and MFCCs of a male speakers saying the word
"Communication Disorder". An amplitude with finite precision of bit depth, and the sampling
rate/frequency Fj are required to digitally represent an acoustic speech signal. Mathemati-
cally, the digital audio speech signal can be represented as y[n|, wheren = 0,1, ..., Ny — 1
denotes a sample of instantancous amplitude.

Speech representation in spectral domain: The first step that takes us out of the
time domain to its spectral domain is short-term analysis. A speech utterance is usually a
sequence of phonemes. In each speech utterance, most of its properties such as amplitude,
pitch, voicing, etc., fluctuate across time. Contemporary different articulator configura-
tions make different sounds, therefore the mechanism that generates the signal changes
with time. As a result, in order to analyse the speech utterance, it is divided into uniform
segments known as time frames ( f_;“), cach of which is independently processed and analyzed.
The speech utterance y[n] is segmented into " time-frames (each of length L samples). An
overlap of L/2 samples is used avoiding artifacts thereby obtaining a processed represen-
tation of whole speech utterance as [f?o, f;l, ceey fT;_lJ, where for each time stamp ¢ € [0,

1., T-1]

. L i=L—1
fri=y {t * — + Z:| (3.1
2 i=0

These small time frames f?’t are sliced using a small Hamming window ¢[L] as shown

2We recall that the coarticulation refers to the influence of one speech segment on another, that is, the
influence of a phonetic context on a given segment. The phonetic context is more varied in a connected
segment speech than it is in isolated speech segments.


https://www.sciencedirect.com/science/article/pii/S0095447019313889
https://www.sciencedirect.com/science/article/pii/S0095447019313889
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in Equation (3.2) (L is same length as time-frame length). A value of L is chosen 20 to 30 ms
during which the system (vocal tract) is considered to be stationary throughout the window,
hence the signal’s spectral characteristics are assumed to remain constant throughout this

region (Hardcastle et al., 2012).

Y[i] = 0.54 — 0.46 cos (%) (3.2)

3.2.2. Acoustic features

In developing any speech recognition or stuttering identification system, representa-
tive feature extraction and selection is extremely an important task that affects the system
performance. The first common step in the speech processing domain is feature extrac-
tion. With the help of various signal processing techniques, we aim to extract the features
that compactly represent the speech signal and approximate the human auditory system’s
response (I luang et al., 2001).

The various feature extraction methods that have been explored in the stuttering
recognition systems are envelope parameters (Howell and Sackin, 1995), 15t t0 3" formant
frequencies and their amplitudes (Czyzewski et al., 2003; Khara et al,, 2018), spectral mea-
sure (fast Fourier transform (FET) 512) (Szczurowska et al., 2014; Swietlicka et al., 2009),
MFECCs (Chee et al., 2009; Khara et al., 2018; Hariharan et al., 2012; Esmaili et al., 2017),
LPCCs (Khara et al, 2018; Hariharan et al., 2012), pitch, shimmer (Lopez-de Ipina et al,,
2018), zero crossing rate (ZCR) (Khara et al., 2018), respiratory biosignals (Villegas et al.,
2019b). Kourkounakis et al. (2020) exploited the use of spectrograms (as a gray scale im-
age) as a sole feature extractor for stutter recognition and thus making it suitable for the
convolutional neural networks.

For stuttering domain, MFCCs are the most suitable and are the most commonly used
features in stuttered speech domain. Thus for all our experimental studies in the following
chapters, we use MFCCs features extracted after every 10 ms on a 20 ms window for each
speech sample.

MFCCs: In order to investigate the properties of speech sounds, spectral-domain
representation has shown to be quite effective. The spectral envelope, for example, is the

smooth curve that follows the peaks of the spectrum for every given analysis frame and
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Figure 3.2.: Speech waveforms (top), spectrograms (middle), and MFCCs (bottom) of a male speaker
saying Communication disorder. Left is fluent speech and right is stuttering (repetitions),
occurring at the D (between 1.25 second to 2.25 second window) in the disorder utterance
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is regulated by the configuration of the vocal tract. Each phoneme has its own unique
spectral features that may be utilized as a blueprint for its identification (Huang et al., 2001;
Hardcastle et al,, 2012). The human auditory system, capable of perceiving sounds within
a fixed range of 20 Hz to 20 kHz, is able to discriminate sounds at lower frequencies easily
than the higher frequency region with the same frequency distance between the tones. Most
people can recognize the difference between a 100 Hz and a 200 Hz sound. By the same
argument, we should presume that we can distinguish between a 10000 Hz and 10100 Hz.
Even if the distance between the two sets of sounds is exactly the same, our perception of
the frequency range is not, thus, humans find it far more difficult to distinguish between
tones at higher frequencies.

To tackle these issues, researchers suggested different spectrum modifications so that
the obtained features adhere to a compressed representation driven by the perceptual pro-
cess of the human ear (Jurafsky and Martin, 2018; Huang et al., 2001; Hardcastle et al., 2012).
Thus, after computing the magnitude spectrum, each frame is transformed to a non-linear

perceptual Mel scale using the Equation (3.3).

F
Mel(F) =2 1 14— .
el(F) = 2595 * log,, ( + 700) (33)

where Fis linear frequency. The Mel scale as shown in Figure 3.2 intends to emulate human
auditory system’s sensitivity by warping the frequency scale using closely packed narrow
bandpass filters at lower frequencies and gradually broader and loosely spaced filters at

higher frequencies.

3.3. Challenges in stuttering domain

Even though a handful number of stuttering datasets (for completed picture of the
datasets, please see Appendix A) have been curated, however only three have been made
public including UCLASS, LibriStutter, and SEP-28k datasets. Moreover, these datasets
come with several flaws. The UCLASS lacks annotations and meta data information such
as microphone used, ete. In SEP-28k stuttering datastet, the mera-data information such
as speaker information, recording conditions, etc., is missing. This section discusses the

various chanenges faced by stuttering datasets and SD systems. In this thesis, we try to



28 Chapter 3. Background and state of the art

address some of these challenges in the follow up chaprers.

3.3.1. Data collection problem in stuttering domain

One of the most common barriers that need to be addressed is the issue of scarcity of
data on stuttering identification research. There are only a few natural stuttered datasets as
discussed in Appendix A. Usually, medical data collection is expensive and very demanding,
and stuttering is no exception. Thus, having ample speaker and sentence variation adds
more complexity to the stuttering domain. In order to make a fine analysis across several
speakers, it is appropriate to have the same content (same list of sentences). Unfortunately,
in practice, when a PWS is asked to read a list of sentences, the disfluency effects are greatly
reduced. For this reason, more spontancous speech is used in the hope to induce disfluencies.
Moreover, depending on the speaker, the presence of disfluency in a recording is more or
less important for several reasons: emotional state, speaking in public or alone, spontancous
or read speech, ete. This makes the collection of a corpus even more difhicule and its size
from one speaker to another can be variable if one aims at having a comparable number
of examples of disfluencies. Moreover, it is extremely difficult, if not impossible, to collect
a corpus that contains the same number of examples of each type of disfluency. It is even
more challenging to achieve high variability in gender, language, and dialect. It should be
noted that the recording of spontancous speech must be well controlled to comply with
the legislation. Due to the sensitivity of medical data and privacy concerns, it can not be
applied at a large scale. Currently, we are not dealing with anonymization, as the voice
could identify the speaker, but a minimum effort in this direction is required. In order to
identify stuttering using deep learning models, the data must be properly labelled. Different
background noises can corrupt the stuttered speech data. Likewise, the noise of recording

equipment can also degrade the speech signal.

3.3.2. Stuttering data annotation ambiguity

It is no doubt that deep learning has led to enormous advancement in the speech do-
main, nonetheless, it demands a large amount of labelled data, and also, the dataset bias has
plagued current SD methods. Annotating the stuttered speech requires expert SLP/ST, and

are also inclined towards the idiosyncratic belief of SLP/ST, thus is expensive and laborious.
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Unlike the other datasets such as ImgaeNet (Russakovsky et al., 2015), LibriSpeech (Panay-
otov et al,, 2015), where it is casy to label a sample, however in stuttering datasets, it is not
straightforward due to the fact that a stuttered speech sample can be labelled differently by

different speech therapists/phoneticians.

3.3.3. Lack of evaluation protocol in stuttering detection

Different studies have used different evaluation metrics to test the performance of
their SD systems. Accuracy (Kourkounakis et al., 2020), Fl-score (Bayerl et al., 2022b; Lea
et al, 2021), UAR (Schuller et al,, 2022), etc., have been used widely in SD. However, there
is no single consistent metric that is being used across the SD community which makes it
hard to compare the newly developed SD systems to the existing ones. Even though the
works mentioned above show promising results in SD, however, there are no consistent
data selection (train/val/test) rules and no clear evaluation protocol for evaluating various
SD methods which makes it extremely difficult to compare the proposed SD methods with
the state-of-the-art SD techniques. Therefore, it is essential to have a unified data selection
procedure for comparing the performance of different SD systems, as well as a single con-
sistent evaluation metric, which considers the class count when evaluating the performance

of the SD methods.

3.3.4. Class imbalance in stuttering detection

Stuttering datasets also suffer from class imbalance problems, i.c., the number of
samples available for different disfluent categories is not uniform. It is mentioned that
in stuttering, the repetitions are the most frequent ones followed by prolongations, and
blocks (Guitar, 2013). However, in the UCLASS dataset, the block type is present in the
majority followed by repetitions and prolongations. In SEP-28k, the majority class is inter-
jections followed by repetitions, blocks, and prolongations respectively. The model trained

on these type of imbalanced datasets is biased towards the majority class.

3.3.5. Lack of appropriate stuttering representations

Another issue in the stuttering speech domain is the need for hand-engineered fea-

tures, which approximate the human auditory system. MFCCs are the principal set of hand-
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engineered acoustic features that have been used mainly for stuttering identification tasks.
The main drawback of this approach is that being manual is cumbersome and requires hu-
man knowledge. Over the past few years in the speech domain, the use of hand-engineered
acoustic features is gradually changing and representation learning is acquiring recogni-
tion as an effective alternative to learn and capture task-specific features directly from raw
speech signals, thus circumvents the hand-engineered feature extraction module from the

pre-processing pipeline (Latif et al., 2020D).

3.3.6. Multimodal stuttering learning

In stuttering identification, deep learning has been successfully applied to single
modalities like text and audio. Inspired by the human brain, where the perceptions are
carried out through the integration of information from several sensory inputs including
vision, hearing, smell, etc., Ngiam et al. (2011) proposed a multi-modal (audio visual) learn-
ing and showed how to train deep models that learn effective shared representations across
the two modalities. The stuttering itself exhibits an audio-visual problem. Cues are present
both in the visual (e.g. head nodding, lip tremors, quick eye blinks, and unusual lip shapes)
as well as in the audio modality (Guitar, 2013). This multimodal learning paradigm could be
helpful in learning robust stutter-specific hidden representations across the cross-modality

platform, and could also help in building robust SD systems.

3.3.7. Domain adaptation in stuttering detection

Most of the existing SD techniques proposed so far are evaluated on a dataset of
specific languages consisting of limited speakers. The existing SD techniques depend on a
probabilistic model to capture domain-specific factors so that any alteration in the input
speech domain could have a significant impact (in terms of language or speakers) at the
time of inference. It is yet to be explored that, how well an SD technique performs in a
cross-domain or cross-language environment. There could be two possible scenarios for the
cross-language issue: the first is when the model is trained with a specific-language data, but
tested in other languages; the other scenario could be, during training, a disfluent person
registered in one language, but evaluated in a different language at the test time. Learning

stutter—speciﬁc features that are invariant to variabilities in ]anguage, speakers, recording
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conditions, etc., could improve the performance of SD systems.

3.3.8. Multi-stuttering identification

Most of the SD studies focus on utterances, which consist of only one type of stutter-
ing. However, the speech utterance can contain a mix of stuttering such as d-d-d—-dog dog
is big, which consists of syllable repetition, prolongation and word repetition types of dis-
fluencies (Sawyer, 2010). There is a lack of studies in detecting multiple stuttering types if
present in an utterance, and to the best of our knowledge, Ghonem et al. (2017) is the only
study, that has been carried out to detect multiple stuttering types (repetition-prolongation)

In an utterance.

3.4. Neural networks for stuttering detection

Artificial neural networks (ANNGs) consist of several connected computing neurons
that loosely model the biological neurons (Goodfellow et al., 2016). Like the synapses in
biological neurons, each neuron can transmit a signal to other neurons via connections. A
neuron receives a signal, processes it, and can transmit a signal to other connected neurons.
The connections have weights associated with them which adjusts the learning procedure
as shown in Figure 3.3 (Goodfellow et al., 2016). ANNs are trained by processing examples
that maps a given input x = [, T1, T2, ..., Ty to its corresponding result by forming a
probability-weighted associations between the two using the Equation (3.4), where of.)
is a non-linear activation function which transforms the weighted sum of inputs to the

probability vector, = [wg, Wy, Wa, ..., wn] are the synaptic Weights with a bias term wy.

n
J = w; * X
; L (3.4)
=« (QTX) (in vector notation)

In practice, we employ neural networks with a more complex architecture charac-
terized by numerous connections between thousands of neurons indicated by weights and
biases than a simple perceptron model to learn sophisticated non-linear mappings required
by the real-time applications such as emotion recognition, ASR, SD, etc. The input to

the neural T]CEWOTk 18 passed t]’ll‘OUg]’l a directed mechanism ca]]ed beWHTd propagation as
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shown in Figure 3.4, which computes the output class probabilities of the network by pro-
cessing the input via several layers with the first layer called input layer and the middle
layers are called hidden layers.

Training: Give a stuttered dataset D = (X, d;, Si)ﬁil, with X; = [xg, X1, Xg, ..., Xp]
are speech frames, d; is stutter label, and s; is speaker label, the training is conducted with
the help of backpropagation by optimizing the loss function by computing the error dif-
ference between the predicted output and its corresponding ground truch. Continuous
weight adaptations will cause the ANNs to produce a similar output as the ground truch.
After an adequate number of weight adjustments, the training can be terminated once the
optimization criteria is reached (Goodfellow et al,, 2016).

Loss function: One of the most common loss functions used in deep learning classifi-
cation tasks is cross-entropy (Goodfellow et al., 2016). It is a metric used to assess how well
a classification performs on a given task. The cross-entropy in a true sense measures the
difference between the true probability distribution and the predicted distribution that

can be defined for multi-class classification rask as:

C
L=— Z Yo,c lOg(po,c) (35)
c=1

where, C'is number of classes, y is a binary indicator (0 or 1), if the class label ¢ is the correct
classification for the observed sample 0, and p is the predicted probability. A mapping
is performed by optimizing the loss function using a gradient descent to update each of

parameters wj; € 0 by the following step:

Wji = Wy — UAw]-i
Ayyi = Vo, L

where 7 is the learning rate A, ; is the gradient of the £ with respect to the weight wy;

(3.6)

connecting the last hidden layer to the output classification layer.

Activation function: There are several possib]e choices in se]ecting an activation
function for the neural network including sigmoid, rectified linear (ReLU), softmax, ete.
The sigmoid non-linearity activation function o(x) = 1/(1 + e™*) saturate and kills the
gradient thereby stopping the information to flow through the network and leads to van-

ishing gradient problem. Moreover, the o(x) is highly sensitive to the weight initialization
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Figure 3.3.: Simple perceptron ANNs with one hidden 1ayer.

with large initial weights forces most of the neurons to get saturated and in that case the
neural network model will barely learn (Goodfellow et al., 2016). The ReLU non-linearity
activation function has become the most adapted choice in the last few years in speech
processing community (Nassif and et al., 2019; Latif et al., 2020a; Ning et al., 2019b). In

mathematical formulation, it is defined as:

a(z) = max(0, z) (3.7)

with its derivative as follows:
= 3.8
o (@) {1 ifz >0 (38)

Compared to the sigmoid and Tanh, the ReLU can simply be thresholded at zero, avoiding
expensive operations such as exponentials resulting in faster training of the deep learning
models (Zeiler et al,, 2013). Another popular activation function is the softmax function,
which ensures that the outputs are positive and add up to 1. In classification problems, it is
commonly used as the activation for the output layer resulting in a probability distribution

vector over the categorical classes.
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Figure 3.4.: Feed forward fully connected neural network.

3.4.1. Relevant artificial neural network models

Deep 1earning has allowed researchers to investigate a variety of complex network ar-
chitectures that may be suitable for specific tasks. In this section, we give a brief overview
of the models that are suitable for speech processing, where the frame level MFCCs (as
described in Section 3.2.2) of the full speech utterance are fed to the network in learning
the temporal behaviour of the speech signal. The most basic form of ANNs are the feed-
forward networks as depicted in Figure 3.4, are the excellent function approximators to
discover the relation between the independent and dependent variables of the data. How-
ever, they fail to capture the spatial information in images, and temporal information in
speech data efficiently. In order to capture the spatial information in images effectively,
Convolutional neural networks (CNN) inspired by the mechanism of visual cortex have
been put forward (Goodfellow et al,,; 2016). A CNN’s fundamental neuron behaves like a
kernel with a predefined 2D receptive field, moving over the input image and performing
a convolution operation with the area covered by it. To learn different spatial properties
of an image, several kernels convolve with the same input image followed by a non-linear
activation such as ReL.U and a pooling operation to convert the kernel output to a feature
map which represents discriminative features such as shapes, edges in the given image.

The time delay neural necwork TDNN is another feed-forward suitable archicecture
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Figure 3.5:: Time dclay neural network model. The first laycrs of TDNN model focuses only on the
small context of speech frames. Layer 2 takes input as the sliced output of layer 1 which
results in capturing a more tcmporal context at laycr 2 with the hclp of the previous
layer’s context. The statistical pooling layer computes and concatenates the mean and
standard deviation by aggregating all T output frames at the end of fifth layer,

to model the temporal information present in speech data. Usually, the initial layers in a
standard deep neural network learn wider contexts when processing a temporal input signal.
However in TDNN network as shown in Figure 3.5, the initial layers learn and capture only
smaller contexts and the deeper ones compute the activations from a wider context, thus
the deeper/higher layers are able to capture and learn the longer temporal contexts (Waibel
ct al,, 1989). Because of the large overlap between neighboring contexts, TDNNs can be
made computationally efficient by sub-sampling (called dilation) the activations that are
passed on to the next layer.

Recurrent neural networks (RNN) belong to a family of deep neural architectures
where connections between neurons/nodes form a directed graph along a temporal se-
quence, thus allowing it to show temporal dynamic behavior. RNN consist of an inter-
nal state (memory) that is used to process variable length input sequences. This structure
makes RNN good for modeling sequential tasks like time series, connected handwriting,

video, and various speech application tasks (Goodfellow et al., 2016).
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Adversarial learning for speaker invariant stuttering detection: Domain adversar-
ial training has been extensively applied in speech processing which aids in the adapration
of neural network classifiers to new domains such as different speakers, languages, envi-
ronmental conditions, etc. (Ganin and Lempitsky, 2015a; Meng et al., 2018b). The main
principle of adversarial training allows neural networks to learn latent representations in
the hidden layers that are indifferent to data belonging to similar classes but coming from
different domains (like speakers, language, microphone). For instance, the latent features
for a particular stuttering class such as prolongations will be almost identically distributed
when learned by adversarial training on various speakers. An adversarial branch that predicts
the domain such as speaker is appended to a neural network classifier. This is accompanied
by a gradient reversal layer which uses the negative scalar value to scale the backpropagated

gradients as shown in Figure 3.6.

3.4.2. Self supervised learning

Supervised deep learning has been the cornerstone of speech transformation, which
has provided remarkable advances for scenarios rich in labeled data. This high dependence
on supervised learning paradigm, counter-intuitively, has hindered progress in other speech
domains such as stuttering that are limited in resources and do not receive the same level of
labeling effort. Inspired by the manner in which young children acquire their first language
via involvement with the environment, researchers are attempting to learn speech repre-
sentations in a self-supervised fashion drawn from the data itself that are able to caprure
low-level acoustic and lexical information in addition to semantic content (Mohamed et al.,
2022). SSL leverages the information from the input data itself to learn latent speech repre-
sentations that are useful for other downstream tasks (Mohamed et al., 2022). SSL usually
is combined of two modes. In the first mode, SSL is used to learn good latent speech represen-
tations by pre-training the deep learning models on massive unlabeled datasets with some
pre—auxi“iary tasks such as predicting future speech frame based on the previous context
frames. These learned speech representations are then used in the downstream tasks for
low-resource settings either in the same frozen form or by fine-tuning the entire network
in a supervised manner (Baevski et al,, 2020; Pepino et al., 2021). The SSL framework has

shown exceptiona] perfbrm;mce in the tasks like automaric speech recognition (Mohamed
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Figure 3.6.: General adversarial 1carning of neural network classifiers. The network includes a feature
encoder & (yellow), with primary classifier in light blue, and domain classifier in red.
The black and right red arrows show forward propagation of gradients in the network.
All other backward arrows represent backward propagation of gradients with gradient
reversal layer (GRL) scales the gradients by reversing using the coefhient A.

et al., 2022), emotion detection (Pepino et al., 2021), ete. Motivated by this, we employ and

evaluate the SSL framework in the stuttering detection domain.

Relevant self-supervised learning architectures: There are several state-of-the
art SSL models, however we choose Wav2Vec2.0 for our experimental study in stuttering
detection. The Wav2Vec2.0 has been proven effective in ASR (Baevski et al., 2020), emotion
detection (Pepino et al,, 2021), etc. The Wav2Vec2.0 model is trained in two phases. The
first phase takes raw audio as an input and is pre-trained using large unlabeled data and aims
at learning good high-level speech representations (Bacvski et al., 2020). After the first pre-
trained task is finished, the model is fine-tuned in a supervised fashion, during which the
limited annotated data is used for downstream tasks such as ASR, Emotion detection (ED),
Speaker identification (SID) etc. Exploiting the large volume of unlabelled speech data en-
ables the model to learn robust speech representations. The Wav2Vec2.0 model is a three-

module-based self-supervised representation learning framework for raw audio, pre-trained
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Figure 3.7.: Block diagram of Wav2Vec2.0 SSL architecture. We extract embeddings from the con-
textual block which is trained in a self—supervised fashion using quantisation mod-
ule (Baevski et al., 2020).

on LibriSpeech dataset followed by fine-tuning towards automatic speech recognition task
using connectionist temporal classification loss function. The three modules consist of fea-
ture encoder & , contextual block C and quantization block Q. The £ encodes the raw input
signal X into local features. These encoded features are then passed to C and Q modules to

learn good contextual speech representations (Baevski et al., 2020) as shown in Figure 3.7

3.4.3. State-of-the-art automatic stuttering detection

Stuttering identification is an interdisciplinary research topic that is now being ad-
dressed by a plethora of research studies (in terms of acoustical feature extraction and clas-
sification approaches) with an emphasis on creating automatic tools for its detection and
identification. The majority of work detects and identities stuttering using ]emguage mod-
els (Zayats et al., 2016b; Chen et al., 2020) or by ASR systems (Alharbi et al., 2018, 2020),
which first translates audio signals into their appropriate textual form, and then by the ap-
plication of language models, detects or identifies stuttering in it. Even though this method
of‘detecting stuttering has achieved encouraging results and has been proven effective, the
reliance on ASR makes it computationally expensive and prone to error. Moreover, the
adoption towards ASR task results in possible loss of stuttering relevant information such
as prosody and emotional content (Bayerl et al,, 2022b). An alternative strategy of SD is to

app]y the machine/deep ]earning classifiers direct]y to the acoustic represented stuttered
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speech signal without involving ASR and language models to reveal the stuttering type em-
bedded in it. In this section, we discuss the various and state-of-the art classifiers used in
SD domain.

SD systems process and classify underlying stuttering embedded speech segments.
Including traditional classifiers, many statistical machine learning techniques have been
explored in the automatic detection of stuttering. However, the studies are empirical, so
no generally accepted technique can be used. The traditional classifiers that were explored
in stuttering identification include SVM, Hidden markov models (HMM), Multi-layer per-
ceptron (MLP), NBC, Gaussian mixture models (GMM), and k-NN.

Most of the SD existing methods employ spectral features including MECCs and spec-
trograms (please refer Section 3.2.1) or their variants that capture the stuttering-related
information. The earlier studies in neural network based stuttering detection explored
shallow architectures. Howell and Sackin (1995); Howell et al. (1997a,b) employed two
separate artificial neural networks for the identification of repetition and prolongation
disfluencies. This work used autocorrelation features, envelope parameters, and spectral
information input to the neural network. The experiments were conducted with a dataset
of 12 speakers. Ravikumar et al. (2009) attemptred MLP for the detection of repetition
disfluencies. They used MFCCs as input features from 12 disfluent speakers. Szczurowska
ct al. (2014) employed Kohonen network and MLP for discriminating fluent and disflu-
ent speech. The experiments were conducted with eight speakers. Villegas et al. (20192)
proposed a respiratory-based stuttering classifier. They trained MLP on the respiratory air
volume and pulse rate features for the detection of block stuttering. The network is trained
on 68 Latin American Spanish speakers and reported promising resules with bio-respiratory
modality.

Inrecent decades, the application of deep learning have grown tremendously in speech
recognition (Nassif and ec al.,, 2019), speaker recognition (Latif et al., 2020a), speech synthe-
sis (Ning et al,, 2019a), emotion detection (Akcay and Oguz, 2020), voice conversion (Sis-
man ct al., 2020), voice disorder detection (Verde et al., 2018) including Parkinson’s discase
detection (Almeida et al., 2019) and dysarthric speech detection (Narendra and Alku, 2019;
Kodrasi, 2021). Inspired by the human auditory temporal mechanism, Kodrasi (2021) re-

cently proposed a convolutional neural network based dysarthric speech detection method
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by factoring the speech signal into two discriminative representations including temporal
envelope (stress, voicing, and phonetic information) and fine structure (breathiness, pitch,
and vowel quality) and reported the state-of-the-art results in dysarthric detection. How-
ever, the application of deep learning in SD is limited. Due to the presence of acoustic cues
in the stuttered embedded speech, the deep learning models can be used to exploit these
acoustic cues in the detection and identification of stuttering events as the stuttering can
be reflected in representative feature space as shown in Figure 3.2.

Kourkounakis et al. (2020) recently proposed residual network in conjunction with
bi-directional long short-term memory (ResNet+BiLSTM) based binary deep learning clas-
sifiers for the detection of six different types of distfluencies including prolongation, word
repetition, sound repetition, phrase repetition, and false starts. They used spectrograms
as an input features and reported promising results on a small subset (25 speakers) from
the UCLASS dataset. Lea et al. (2021) develop a large stuttering dataset (SEP-28k) and
utilized convolutional long short-term memory (ConvLSTM) model for the detection and
identification of six different stuttering types which include: blocks, prolongations, sound
repetitions, word repetitions, and interjections. The model takes 40-dimensional input
MEFCCs, 8-dimensional articulatory features, 41-dimensional phoneme feature vector, and
three dimensional pitch features. The model was trained using a cross entropy loss function
with a batch size of 256. In another study by Jouaiti and Dautenhahn (2022); where they
introduced phoneme based BiLSTM for SD by mixing the SEP-28k and UCLASS datasets.
A comprehensive detail on state-of-the-art SD methods can be found in the review pa-

per (Sheikh et al,, 2022).

3.5. Summary

This chapter presents an overview of underlying speech processing principles which
forms the base for extracting acoustic features. Moreover, this chapeer also discusses the
various challenges in SD task. In addition to speech processing fundamentals, we also give
a brief overview about the relevant deep learning models employed and adapted for SD in

this thesis.



4. StutterNet

"T may be deprived of eloquence, but my
mind can never be dumb.”

M. B. Johnson

4.1. Introduction

People with the stuttering problem face several difficulties in social and professional
interactions. Due to the very limited research in the field of stuttering detection SD, the
idea is to design a single network that can be used to detect and identify various types of
stuttering disfluencies. This chapter! is about the automatic detection of stuttering wich
several important applications. For example, it could facilitate the speech therapist’s work,
since they have to carry out a manual calculation to evaluate the severity of stuttering; to
give a feedback to PWS about their fluency. Most of the classifiers proposed for SD so far
are cither single binary classifiers (distinguishing between fluent v/s stutter) or multiple
binary classifiers (requiring a separate model to train for each disfluency category, thus
making it computationally expensive). Moreover, the fluent samples of PWS were not taken
into consideration during training (Kourkounakis et al., 2020, 2021; Bayerl et al., 2022b)
which can have a huge impact on other disfluent categories. In addition to this, most of
the studies have used only a small subset of speakers in their training, which makes it hard to
generalize on a large pool of speakers due to their variability in language and accent. The
obvious question still remaining in the stuttering domain is whether the stuttering pacterns

are uniform and consistent across a large pool of speakers.

"The following article forms the basis of this chapter:
Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "StutterNet: Stuttering
detection using time delay neural network". In Proc. 29ch EUSIPCO, (2021), pp 426-430 (peer-

reviewed).
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In this chapter, we introduce and describe StutterNet, a novel deep learning based
stuttering detection capable of detecting and identifying various types of disfluencies. Most
of the existing work in this domain uses ASR combined with language models for stuttering
detection. Compared to the existing work, which depends on the ASR module, our method
relies solely on the acoustic signal. We use a TDNN suitable for capturing contextual aspects
of the distluent utterances. TDNN has been widely used for different speech classification
problems such as speech and speaker recognition (Snyder et al,, 2018), etc. We introduce
this for stuttering detection task. The proposed method, referred to as StutterNet is a multi-
class classifier with output as stuttering types and fluent. Our method achieves promising

results and outperforms the state-of-the-art residual neural network based method.

4.2. StutterNet architecture

In developing any speech domain application, the representative feature extraction is
the most important that affects the model performance. With the aid of signal processing
techniques, several features of the stuttered speech signal can be extracted like raw wave-
form, spectrograms, mel-spectrograms, and or MFCCs. However, our aim is to compute
and extract the features that compactly characterize the stuttering embedded in a speech
segment and also which approximates the human auditory system’s response. For stuttering
domain, MFCGCs as described in Section 3.2.2 are the best suitable and are the most com-
monly used features in stuttered speech domain, thus, we use MFCCs as the sole features
to our StutterNet network. These features are generated after every 10 ms on a 20 ms win-
dow for each 3-sec (3-sec for SEP-28k and 4-sec for UCLASS dartaset) ? audio sample. This
four-second window is used as stuttering lasts on average for four seconds (Guitar, 2013).

The proposed StutterNet first computes the MFCCs features from audio samples,
which are then passed to the TDNN to learn and capture the temporal context of various
types of stuttering disfluencies. Usually, the initial layers in a standard deep neural network
learn wider contexts when processing a temporzd input signa]. However in StutterNet net-
work as shown in Table 4.1 and Figure 4.1, the initial layers learn and capture only smaller
contexts and the deeper ones compute the activations from a wider context. Thus the deep-

er/higher layers are able to capture and learn the longer temporal contexts. The network

*Each audio sample in UCLASS in of 4-seconds long and in SEP-28k, it is only 3-seconds long.
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Stuttering Type Prediction
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FC Layer 1
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Figure 4.1.: StutterNet with layer based context-wise computation. The first five layers of StutterNet
focus on the small context of speech frames. For example, layer 2 takes input as the sliced
output of layer 1 at time frames of {t — 2 ,¢t, t + 2}, which results in capturing a total
temporal context of 9 with the help of the previous layer’s context of [t — 2, ¢ + 2].
Similarly, layer 3 sees a total context of 15 time frames. The SP laycr computes and con-
catenates the mean and standard deviation by aggregating all " output frames at the end
of fifth layer. The SP layer accumulates the information across the temporal dimension
which makes it suitable for subsequent layers to operate on the entire temporal speech

segment.

consists of five time delay layers with the first three focusing on [t —2, t+2] (dilation = 1),
{t —2,t, t+ 2} (dilation = 2), {t — 3, ¢, ¢t + 3} (dilation = 3), and the other two on {t¢}
contextual frames, respectively. This is followed by a mean and standard deviation pooling
layer, three FC layers, and a softmax layer on top of the network that reveals the classifi-
cation scores of stuttering disfluencies. A ReLU nonlinearity activation function and a 1D
batch normalization are applied after each layer except the SP layer. The two FC layers are
followed by a dropout of 0.3.

Consider an input speech sample with 7" frames. The first five layers of SturterNet

focus on the small context of speech frames. For example, layer 2 takes input as the sliced
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Layer Output 1ayer size  Layer context TC
TDNN 1 512 t—2,t+2] 5
TDNN 2 512 {t-2, ¢, t+2} 9
TDNN 3 512 {t-3, t, t+3} 15
TDNN 4 512 {¢} 15
TDNN 5 3%512 {t} 15

Statistical Pooling 3% 512x2 [0,T) T
FC1 512 - T
FC2 512 - T
FC3 NumClasses - T

Table 4.1.: StutterNet architecture. Except statistical pooling layer, each layer is followed by a ReLU
activation function and a batch normalization (T'C: Total context, TDNN: Time dclay
neural network layer, FC: Fully connected layer, T Temporal dimensional of speech ut-
terance, t: Current time frame).

output of layer 1 at time frames of {t—2, ¢, t+2}, which results in capturing a total tempo-
ral context of 9 with the help of the previous layer’s context of [t — 2, £+ 2]. Similarly, layer
3 sees a total context of 15 time frames. The SP layer computes and concatenates the mean
and standard deviation by aggregating all T" output frames at the end of fifth layer. The SP
layer accumulates the information across the temporal dimension which makes it suitable
for subsequent layers to operate on the entire temporal speech segment. The StutterNer is
trained to classify different types of stuttering including core behaviors and the fluent part

of the PWS.

4.3. Experimental evaluation

4.3.1. Datasets

UCLASS: We have used the UCLASS release 1 stuttering dataset that has been cre-
ated by the Department of Psychology and Language Sciences, University College Lon-
don (Howell et al,, 2009). This dataset consists of monologue samples from 139 partici-
pants. Of these, 128 have been chosen in this case study with females 18 and males 110.
Of these, 104 speakers were used for training, 12 for validation and 12 for testing. The

audio Samp]es Wwere élT‘ll’]OtSLted manua]ly by liStGT‘liﬂg to the TGCOTdiﬂgS OF Speech segments.



4.3. Experimental evaluation 45

The annotations have been carried out into different categories of stuttering including;
core behaviors (blocks, receptions, and prolongations), fluent, repetition-prolongations,
blocks-prolongations, repetition-blocks, and blocks-repetition-prolongations. However,
for UCLASS dataset, we are focusing only on the core behaviors as the dataset contains
only few of the remaining ones. Each monologue audio clip was sliced into 4-second and

down sampled to 16 kHz segments, resulting in a total of 4674 speech segment samples.

SEP-28k: The original SEP-28k dataset’ contains 28,177 samples out of which, we used
only 23573 segments, among which 3286 are repetitions, 1770 are prolongations, 2103 are
blocks and 12419 are fluent segments, and 3995 are interjections. This results in a total of
19.65 hours of data which includes 2.74 hours of repetition, 1.48 hours of prolongation, 1.75
hours of block, 10.35 hours of fluent speech, and 3.34 hours of interjections. After labeling,
cach 3-sec sliced speech segment is downsampled to 16 kHz. We randomly selected 80%
of podcasts (without mixing podcasts) for training, 10% of podcasts for validation, and
the remaining 10% of the podcast for evaluation in a 10-fold cross-validation scheme. The
speaker information is missing from the SEP-28k dataset, so we divided the dataset based
on podcast ids (assuming each podcast is having a unique speaker). The SEP-28k dataset
is publicly available, but the details about the train, validation, and test set splits are not
provided. So, we decided to create a publicly available protocol that ensures no overlap of
podcasts between train, validation, and test sets”.

In order to evaluate the StutterNet method on the UCLASS and SEP-28k datasets,
we adopted K-fold cross validation technique , where K=10. We conducted 10 experiments,
cach consisting of random sampling of 80% for training, 10% for validation and last 10%
for testing’. The reported results are the average of 10 experiments. All experiments were

trained with an early stopping criteria of patience 7 on validation loss.

4.3.2. Implementation

We develop StutterNet with PyTorch library in Python. We use a learning rate of 1074,

amsgrad optimizer, and cross-entropy loss function. We use Librosa library for the feature

3For derails, please refer to Appendix A
*For splitting of the dataset, please refer https://shakeel608.github.io/protocol.pdf
>Speaker disjoint split.


https://shakeel608.github.io/protocol.pdf
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extraction. We select models using an early stopping with a patience of seven epochs on
validation loss. We compare the results obtained by StutterNet to existing method (Kourk-

ounakis et al.,; 2020) in the same experimental framework.

4.3.3. Evlauation metric

To evaluate the model performance, we use the following metrics: macro Fl-score,
and accuracy which is the standard and are widely used in the stuttered speech domain. The
macro Fl-score (F7) (which combines the advantages of both precision and recall in a single
metric unlike unweighted average recall which only takes recall into account) from (Equa-
tion (4.1)) is often used in class imbalance scenarios with the intention to give equal im-
portance to frequent and infrequent classes, and is also more robust towards the error type
distribution (Opitz and Burst, 2019).

2.P. R,
fl_l/Czk:Flk—l/Czk:m (4.1)
where C is the number of classes and Py, Ry, and F'1j; denotes the precision, recall, and

Fl-score with respect to class k.

4.4. Results and discussion

The results of our StutterNet for different stuttering recognition are presented in Ta-
ble 4.2) Table 4.3, Table 4.4, and, Table 4.5 where we compare our technique to (Kourk-
ounakis et al, 2020). All the considered disfluencies and the fluent speech are recognized
with good scores. As can be seen from the Table 4.4, F1-Scores show clearly the good per-
formances of StutterNer method in comparison to residual network and bi-directional long
short-term memory (ResNet+BiLSTM). Table 4.5 also shows that the StutterNet surpasses
the state-of-the-art in most disfluency detection cases, but shows slightly lower perfor-
mance in prolongation and block detection with an average accuracies of 17.13%, 42.43%
in comparison to 23.17%, 53.33% average accuracies of ResNet+BiLSTM respectively. The
StutterNet outperforms ResNet+BiLSTM in correctly detecting fluent speech with a differ-
ence of 11.63 points (66.63% for the StutterNet and 55.00% for ResNet+BiLSTM).

We separately optimize the StutterNet by varying the filter bank size (10, 30, 40, 50),
context window (3, 7, 9, 11) and layer size (64, 128, 256, 1024). We found that context win-
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Precision
Method R P B F
(Kourkounakis et al.,; 2020) (baseline) 033 042 043 0.63
StutterNet 036 043 042 0.59
StutterNet (Optimized) 035 031 047 059

Table 4.2.: Results in recall on UCLASS dataset (B: Block, F: Fluent, R: Repetition, P: Prolongation).

Recall

Method R P B F
(Kourkounakis et al., 2020) (baseline) 020 023 0.53 0.55
StutterNet 028 0.17 042 0.67
StutterNet (Optimized) 024 013 047 0.70

Table 4.3.: Results in precision on UCLASS dataset (B: Block, F: Fluent, R: Repetition, P: Prolonga-
tion).
F1-Score

Method R P B F
(Kourkounakis et al.; 2020) (baseline) 022 028 044 0.52
StutterNet 030 023 042 0.62
StutterNet (Optimized) 027 016 0.46 0.63

Table 4.4.: F1-score on UCLASS dataset (B: Block, F: Fluent, R: Repetition, P: Prolongation).

Method Accuracy Tot. Acc.  F
Rept p B F
Kourkounakis et al. (2020) (baseline) 2039 23.17 5333 55.00 46.10 0.36
StutterNet 2788 1713 4243 66.63 49.26 0.39
StutterNet (Optimized) 2398 1296 4714 69.69 50.79 0.38

Table 4.5.: Results in accuracies and Fj score on UCLASS dataset (B: Block, F: Fluent, Rept: Repe-
tition, P: Prolongation. Fi: Macro F1 score).
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Figure 4.2.: Mathews correlation coefficient (MCC) and accuracy of StutterNet with varying context,

layer size and mel filter bank size (Acc is normalized in [0,1]).
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Figure 4.3.: t-SNE visualization of the output of last fully-connected layer for ResNet + BiLSTM (left)
and StutterNet (right).
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dow optimization improves the detection performance of prolongation and repetition type
of disfluencies. As the context increases, the performance of StutterNet increases for the de-
tection of prolongation and repetition stutterings, but decreases for the fluent segments,
and it remains almost unchanged for the block stuttering. This makes sense because the
repetition and prolongation disfluencies usually lasts longer and the longer context helps
the StutterNet in improving the performance. The block disfluencies don't last longer and
usually occur at the beginning of the speech segment and thus making it context indepen-
dent. We also found that layer size optimization slightly improves the performance (overall
accuracy and Mathews correlation coefhicient) of the stuttering detection in block and flu-
ent types of disfluencies as shown in Figure 4.2. This might be due to the possible reason
that the baseline StutterNet is over-parameterized due to the limited size of the UCLASS
dataset. We term the layer size optimized StutterNet as optimized StutterNet in Table 4.5 .
Compared to (Kourkounakis et al.,; 2020), our optimized proposed method gains a mar-
gin of 4.69% in overall average accuracy. For detecting the core behaviours and the fluent
part, the margins are also substantial (improvements of 7.49%, 14.69% in repetition and flu-
ent speech segments, respectively). Most previous work tends to avoid block disfluencies
because of their similar nature to silence and prolongation (blocks are prolonged without
audible airflow). As shown in Table 4.5, the proposed StutterNet can detect and classify the
block stuttering with an average accuracy of 47.14%. Morecover, our technique relies on the
assumption that stuttering usually lasts for four-second window size (Guitar, 2013). Note
that some of the stuttering (in particular prolongation and repetition) can exceed more than
four seconds in speech (Guitar, 2013), thus causing those prolongation stuttering likely to
be misclassified.

Figure 4.3 shows a visualization of the latent feature embeddings learned by StutterNet
using t-SNE projection. Both ResNet+BiLSTM and StutterNet present very good discrimina-
tion of the different types of distfluencies. However, the latent feature embeddings learned
by StutterNet are more distinctive for fluent and less distinctive for prolongations and ac-
curately capture the stutter-specific information than the state-of-the-art ResNet+BiLSTM
method. Interestingly for ResNet+BiLSTM, the fluent and repetition category’s embed-
dings are widely spread and more overlapped with the other classes. The prolongations and

blocks are well clustered in BiLSTM+ResNet as compared to StutterNet.
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Method Accuracy Tot. Acc.  Fi
R P B In F

(Lea et al., 2021) (baseline) 22.83 10.61 0634 56.74 7235 52.68 0.34
StutterNet 2199 2778 198 4999 &8.18 60.33 0.39

Table 4.6.: Results in accuracies and macro Fp score on SEP-28k dataset (B: Block, F: Fluent, R:
Repetition, P: Prolongation, In: Interjection, Fi: Macro F1 score).

We also perform experiments on SEP-28k dataset and compared our proposed Stutter-
Net with the convolutional LSTM (ConvLSTM) model proposed by (Lea et al., 2021). From
Table 4.6, it can be Clear]y seen that the proposed StutterNet outperforms ConvLSTM (Lea
ct al., 2021) in overall macro F1 (F;) score by a relative margin of 14.71%. The StutterNet is
a single branched SD system which suffers from a class imbalance problem as can be seen
from the major classes of interjection and fluent classes where the detection performance
is greater as compared to minority classes. The ConvLSTM SD model performs better in
repetitions and interjection disfluencies most likely because of the class balanced training

using separate branching for each disfluency type.

4.5. Summary

This chapter addresses the stuttering detection as a multi-class classification prob-
lem and introduces StutterNet which is based on time delay neural network for stuttering
detection. Next, this chapter discusses the StutterNer architecture in detail followed by ex-
perimental setup. Next, we give the details about UCLASS and SEP-28k datasets, and their
protocol for splitting the data by ensuring there is no overlap of speakers across train, vali-
dation and test sets. This is followed by experimental results and discussion in comparison

to the baselines.



5. Multi-branch and
multi-contextual StutterNet

“I like to be multi-contextual, which is much

”

more important than l?c’ing uni-cultural

Cornel West

5.1. Introduction

Most of the earlier work employed only a small set of disfluent speakers in their ex-
perimental studies, and has approached the stuttering detection problem as a binary clas-
sification problem: disfluent vs fluent identification or one vs other type'. The StucterNet
we propose as discussed in previous Chapter 4, tackled the SD as a multi-class classification
problem and evaluated the proposed methodology on a medium sized dataset (100+ speak-
ers) as compared to the earlier work (Kourkounakis et al., 2020). Although this network
has shown promising results in SD, it has several deficiencies. First, it doesn’t generalize
well on unseen data and leads to overfitting due to the limited amount of data available for
training. In addition to data scarcity, the stuttering dataset was collected from podcasts
in a clean environment, which makes the trained StutterNer difhcult to generalize in other
environmental conditions. Second, obtaining class-balanced datasets is extremely difhicule
and very expensive in the speech domain and the stuttering datasets are no exception. Deep
learning classifiers trained on highly class-imbalanced datasets are usually biased towards
the majority class, which resules in poor modeling of minority classes (Fernandez et al,

2018). In addition to the above deficiencies, we found in our previous Chapter 4 that the

"The following article forms the basis of this chapter:
Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. ", Advzmcing stuctering

detection via data dugmentation class-balanced loss and multi-contextual deep learning”. Journal

of IEEE Biomedical Informatics, (2022).
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Interjection
16.9%

8.9%

Prolongation 52.7%

7.5%

Repetition
13.9%

Figure 5.1: Stuttering data distribution in SEP-28k dataset. In this thesis, we considered only those
samples with single stuttering label.

context is very important in SD. A larger context increases the performance of prolon-
gation and repetition types of disfluencies but decreases the recognition performance of
fluent speech segments on the UCLASS dataset. Moreover, we found some annotation is-
sues with the UCLASS dataset, so we have shifted to the newly created SEP-28k stuttering
dataset for our experimental studies (SEP-28k is the largest dataset available in stuttering

domain) (Lea et al., 2021).

5.2. Addressing deficiencies

Class Imbalance: In class imbalance learning, the distribution of samples across each
class is not uniform. The deep neural network (DNN) classifiers, trained on highly im-
balanced datasets generally perform poorly for the minority class and favor the majority
class (Krawczylk, 2016). In the worst case, where, there is an extreme imbalance in the train-
ing set, the majority class dominates the learning, and samples among the minority class

may go undetected, thus affecting the performance (Weiss, 2013).
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The class-imbalance is one of the major problems in real-world applications, includ-
ing multi-lingual speech recognition (Winata et al., 2020), and stuttering is no different as
shown in Figure 5.1. In fact, stuttering is extremely imbalanced across fluent and other
speech disfluencies. The Figure 5.1. shows that the interjections are the most common dis-
fluency present in the SEP-28k dataset followed by repetitions, blocks, and prolongations
and the overall distribution is approximately equivalent to the fluent distribution. Collect-
ing a balanced dataset is difficult and expensive for the stuttering detection task. Other
datasets such as Kassel State of Fluency (KSoF) (Schuller et al, 2022), FluencyBank (Lea
ct al,, 2021) also suffer from this issue (discussed in the Appendix A).

Over the years, the class imbalance problem is one of the main concerns due to its
prevalence, especially in the biomedical domain. Several methods have been proposed to
tackle the class imbalance problem, which are mainly categorized into three groups: data-
level, cost-level, and architecture-level (Fernandez et al., 2018). Data-level approaches at-
tempt to re-balance the class distribution by means of some re-sampling methods which in-
clude: under-sampling, over-sampling, or combined over-sampling and under-sampling (Fer-
nandez et al,, 2018), (Krawcezyk, 2016). The architecture-level approaches attempt to modify
the existing algorithm or develop a new one to tune and adapt it for imbalanced datasets (Fer-
nandez et al,, 2018), (Krawczyk, 2016),. Cost-level approaches attempt to influence the
loss/objective function by providing comparatively higher misclassification cost penalties
to the minority class in order to force the model to learn about minority classes (Krawezyk,
2016; Fernandez et al, 2018). In DNNs, addressing the class-imbalance problem by re-
sampling may either get rid of sensitive speech samples that are extremely important in
training when under-sampling. It can also add numerous quantities of duplicated speech
samples under the over—sampling strategy, which eventuaﬂy makes the training expensive
and makes the DNN model likely to overfit (Fernandez et al., 2018). Because of these limi-
tations, we investigate cost-level and architecture-level approaches in this work.

For the cost-based approach, we modify the standard cross entropy loss by assigning
weights to different classes (Cui et al,; 2019). We set the class weights inversely proportional

to the number of samples. We define the weight for class ¢ as
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where N is the number of training samples, C' is number of classes, N; is the number
of training samples for class ¢.

Therefore, the weighted cross-entropy (WCE) over the train set can be defined as,

M
> w; = log(p;)

B
(5.2)
b=

1
Lwer = B Z M
1 S w;
i, 1€B

where B is the number of batches, M is number of stuttered speech samples in a batch

b, pi = ( Jcej — ) is the predicted probability of class ¢; of sample 1.

For architecture-level, we propose a multi-branch approach similar to the work by (Lea
et al,, 2021) and (Bader-El-Den et al., 2016) to address the class imbalance issue in SD task.
Inspired by the fact that the number of fluent class samples is almost equal to the total
number of samples in disfluent classes, we simultancously classify fluent vs disfluent classes
in one output branch and subcategories of disfluent classes in another output branch. The
overall architecture with two output branches is shown in Figure 5.3 (For single contex-
tual mulci-branch (MB) StutterNet, only context = 5 is taken into consideration). This has
one common encoder £ (6,) section followed by two parallel branches referred as Fluent-
Branch F (0¢) and DisfluentBranch D (64). The embeddings from the encoder are processed
with both the branches parallelly, where the F is trained to distinguish between fluent and
disfluent samples, and the D is trained to differentiate within the disfluent sub-categories.

The objective is to optimize the sum of FluentBranch loss L ¢ and DisfluentBranch loss

L, resulting in an overall* objective function as below:

L(0,07,04) = L;(6.,0;) + La(6.,0,) (5.3)

During the evaluation step, if the FluentBranch predicts the sample as fluent, then
FluentBranch predictions are considered otherwise DisfluentBranch predictions are taken into

consideration to reveal the stuttering category.

Data augmentation: Deep learning (DL) has achieved rapid progress in the domain

of speech processing tasks including speech recognition (Nassif and et al., 2019), speaker

*For simplicity, a simple sum of the two losses has been taken into consideration.
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(¢) Repetition with white noise (d) Repetition with music
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(e) Repetition with reverberation

Figure 5.2.: Repetition stuttering with utterance "said that, that” and the effect of various data aug-
mentations. From 0 to 0.25 seconds, the speaker is saying "said”, then followed by two
repetitions "that”.
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recognition (Latif et al., 2020a), emotion recognition (Akcay and Oguz, 2020). However, as
a drawback, DL based models are hungry for the data and require a substantial amount of
annotated data, especially in the speech domain to address the over-fitting and robustness
issues and StutterNet is no exception, and perhaps it needs more data than other speech
processing areas, as the presence of examples of disfluencies in speech corpus is not frequent.

Data augmentation is a popular technique that increases the quantity and diversity
of the existing annotated training data, improves robustness, and avoids the overficting of
DNNs. For normal speech recognition, data augmentation demonstrates to be an effective
approach for dealing with data scarcity and enhancing the performance of various DNN
acoustic methods (Park et al,, 2019). Several data augmentation techniques have been inves-
tigated including pitch adjust (Meng et al., 2021), spectral distortion (Kanda et al., 2013),
tempo perturbation (Ko et al,, 2015), speed perturbation, cross-domain adaptation (Bell
et al,, 2012), adding noise to clean speech (Ko et al., 2015), spectrogram deformation with
frequency and time masking (Park et al., 2019), mixspeech (Meng et al., 2021), etc.

On the contrary, so far, very limited attention has been given to data augmentation
targeting the speech disorder domain. In (Vachhani et al., 2018), speed and tempo perturba-
tion based data augmentation were used to convert the normal speech to dysarthric speech
impairment. In (Jiao et al,, 2018), a voice conversion adversarial training based framework
was used to simulate dysarthric speech from healthy speech. In (Christensen et al., 2013),
normal speech samples (also called out-of-domain) were used as a data augmentation for
dysarthric speech in the bottleneck feature extraction stage. In (Xiong et al., 2019), the
speaker-dependent parameter was computed, which was then used for augmentation of
scarce dysarthric speech in tempo adjustment. In (Woszezyk et al.,, 2022), several data aug-
mentation techniques such as noise, time stretching, pitch shifting, time shift, masking,
ete. were analysed in Dementia detection. Even though there are some studies on data aug-
mentation targeting other speech dirsorders such as speech dysarthric detection, however,
in the case of stuttering/disfluency detection, there is none.

In the stuttering domain, the employment of data augmentation is not straightfor-
ward, because most of the data augmentations like time stretch, speed perturbation, etc.,
alter the underlying structure of the stuttering speech sample completely. Our approach

employs reverberation and additive noises because it reflects the real-world scenario and
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doesn’t change significantly the underlying stuttering in the speech sample as shown in Fig-
ure 5.2. Reverberation consists of convolving speech samples with room impulse responses
(RIR). We utilize the simulated RIRs as described in (Ko et al., 2017). For additive noises,
we utilize the MUSAN dataset, comprised of 60 hours of speech from 12 languages, 42 hours
of music from various genres, and 900 hours of noises.

To augment the original speech samples, we combine the training "clean" set with
below augmented copies from the following:

L. music: A single music sample file randomly chosen from MUSAN is added to the orig-
inal clean stuttering speech sample (SNR: 5-15dB) (The music sample file is trimmed
or repeated as required to match the duration of the clean stuttered speech sample).

2. noise: Throughout the stuttered speech, samples from MUSAN noises are added at 1
sec intervals (SNR: 0-15dB).

3. babble: Speech samples from randomly three to seven speakers are summed together,
then added to the original clean stuttered speech sample (SNR: 13-20dB).

4. reverb: The "clean” train set is convolved with simulated RIRs.

All the data augmentation shown in Figure 5.2 were performed using Kaldi (Povey et al,

2011) tool.

Multi-contextual StutterNet: The multi-contextual framework is based on the way
humans perceive speech. In the cochlea, the input acoustic speech signal is partitioned into
several frequency bands so that the information in each band can be filtered independently
and thus processed in parallel in the human brain (Allen, 1995).

For along time, multi-contextual has been studied for action recognition in videos (Si-
monyan and Zisserman, 2014), robust ASR mostly in noisy environments (Han et al., 2021;
Bourlard and Dupont, 1996; Bourlard et al., 1996; Hennansky et al., 1996; Naderi and Naser-
sharif, 2017), speech separation (Zhang and Wang, 2016), where the input speech signal is
processed in multiple streams/contexts (multiple time or frequency resolutions), etc. Han
et al. (2021) recently proposed a multi-stream’ convolutional neural network for robust

acoustic modeling. Chiba et al. (2020) recently proposed multi-stream attention-based Bil.-

STM network for speech emotion recognition. Li et al. (2018) extracted deep features by

Smulti-stream, multi-scale, multi-resolution are the different names of multi-context.
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training multi-stream hierarchical DNN for acoustic event detection. Moreover in Chap-
ter 4, we found that settings like context frame size optimized for one stuttering class are
not good for other stuttering types. Exploiting this fact, we also investigate how the multi-
contextual neural networks will impact classification performance in the speech disorder
domain, and in particular stuttering identification. In our preliminary study, we found
that the context window improves the identification performance of two types of distlu-
encies on the UCLASS dataset. As the context frame size increases in the StutterNet, the
performance detection of prolongation and repetition also increases, but decreases for flu-
ent speech segments, and almost remains unaffected for a block type of stuttering. The
prolongation and repetition last longer than other types of disfluencies. So to address this
deficiency, we exploit the variable contexts of MB StutterNet by training the model jointly
on different contexts as shown in Figure 5.3. The pseudo-code of MC StutterNet is provided

in Algorithm 1.

5.3. Experimental setup

We evaluate our proposed architecture thoroughly on the newly released SEP-28k
stuttered dataset (Lea et al., 2021), and for cross copora, we used the FluencyBank dataset (Lea
et al., 2021).

5.3.1. Datasets

SEP-28k: In our case study, we evaluated SEP-28k dataset (for details, please see Ap-
pendix A) where out of 28,177 clips, we used only 23573 segments, among which 3286 are
repetitions, 1770 are prolongations, 2103 are blocks and 12419 are fluent segments, and
3995 are interjections. This resulted in a total of 19.65 hours of data which includes 2.74
hours of repetition, 1.48 hours of prolongation, 1.75 hours of block, 10.35 hours of fluent
speech, and 3.34 hours of interjections. After labeling, each 3-sec sliced speech segment is
downsampled to 16 kHz. We randomly selected 80% of podcasts (without mixing podcasts)
for training, 10% of podcasts for validation, and the remaining 10% of the podcast for eval-
uation in a 10-fold cross-validation scheme. The speaker information is missing from the
SEP-28k dataset, so we divided the dataset based on podcast ids (assuming each podcast

is having a unique speaker). The SEP-28k dataset is publicly available, but the details about



5.3. Experimental setup 59

soueleyn Yyosads

MFCC Input Frames

Fluent/Stutter

—

FluentBranch

Rept, Prolong,
Interj, Block

Context =9

During evaluation, FluentBranch predictions are considered only for fluent
speech samples. If the prediction for speech sample in FluentBranch is
“stutter”, then predictions of DisfluentBranch are taken into consideration to
reveal the type of stuttering class. Otherwise a speech utterance sample could be
predicted as fluent in FluentBranch and stutter in DisfluentBranch.

Figure 53.: A schematic diagram of multi-contextual StutrerNer, which is a multi-class classifier that
exploits different variable contexts of (5, 9) in SD. The FluentBranch and Disfluent-
Branch are composed of 3 fully connected layers followed by a softmax layer for pre-
diction of different stuttering classes, CB: Context block, SP: Statistical pooling layer,
TDNN: Time delay neural network layer.
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Algorithm 1 Pscudo-code for MC StutterNet

Output: Predicted label set g € (R, P, B, In, F)

Input: Stutter dataset with D = (X, fi, d;), where each sample X is R?**T MFCC input
sequence

d : Stutter label

f : Pseudo label for FluentBranch

K : Number of epochs

CE : Cross entropy loss function

py : Prediction of FluentBranch

pg : Prediction of DisluentBranch
Ly : Loss of FluentBranch

L, : Loss of DisluentBranch

L : Total loss

b: Sample batch

C : Context

7 : Learning rate

0 = [0.,0¢,04) : Network parameters
0. : Encoder parameters

0, : DisluentBranch parameters
0 : FluentBranch parameters

Ensure: MC StutterNet weight initialization
1. for iin K do
2: for bin D do

3: Forward Pass:

4. b = ApplyKaldiAugmentation(b)

5 outs = StutterNetBase(b, C = 5)

6: outg = StutterNetBase(b, C = 9)

7. stats = StatisticalPooling(outs)

. staty = StatisticalPooling(out)

9: stat empeq = Concat(stats, statg)

10: ps = FluentBranch(statempeq)

11: pq = DisfluentBranch(statepeq)

12: Ly = CE(py, fv) /] fp: Pseudo label of a bacch
13: Lq = CE(pg,dy) |/ dy: Stuteer label of a batch
14: L(@e, Gf, Qd) = Lf(@f) + Ld(ed)

15: Backward Pass:

16: V0, = backward_propagation(L(6), g, d) // 9 is predicted label.
17: Parameter Updates:

18: 0b<—9b—77*V9b

19: end for
20: Compute CE loss on validation set

21: if CEyq < CE"" then
22: if patience <7 then

23: Continue training — Go to step 2
24: else
25: Stop training
26: end if

27: end if

28: end for
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the train, validation, and test set splits are not provided. So, we decided to create a publicly
available protocol that ensures no overlap of podcasts between train, validation, and test

secst.

FluencyBank: For cross corpora, we used FluencyBank dataset (for details, please see
Appendix A). Out of 4, 144 samples, we only use 3355 samples (ignoring the non-stuttering
and multiple samples), among which 542 are repetitions, 222 are prolongations, 254 are
blocks and 1584 are fluent segments, and 753 are Interjections. This results in a total of
2.80 hours of data which includes 0.45 hours of repetition, 0.19 hours of prolongation, 0.21
hours of block, 0.63 hours of interjection samples, and 1.32 hours of fluent samples.

We have considered those samples where at-least two annotators agree with the same

labelling of stuttered speech sample.

LibriStutter: The original LibriStutter is having 6 classes including fluent, interjection,
prolongation, sound, word and phrase repetitions. To make our experiments consistent
with the SEP-28k dataset, we treated all repetitions as one class. After extracting sam-
ples based on the class label, we didn’t find any interjection samples in the dataset, so we
only trained with three classes including fluent, prolongation, and repetitions(for details of
dataset split, please see Appendix A). We randomly selected 80% (40) speakers for training,

10% (5) speakers for validation , and remaining 10% (5) speakers for testing.

5.3.2. Training setup

We implement MC StutterNet using the PyTorch library. The acoustic input features
used in this case study are 20-dimensional MFCC features, which are generated after every
10 ms on a 20 ms window size, extracted using the Librosa library. For 3-dim pitch and
phoneme features, we use Pykaldi (Can et al, 2018) and Phonexia (Fer et al., 2017) tools
respectively. For training, we use Adam optimizer and cross-entropy loss function with a
learning rate of 1072 and batch size of 128. All the results reported in this paper are the
average of the 10-fold validation technique and all the training experiments were stopped

by an early stopping criteria with a patience of 7 on validation loss.

*For splitting of the dataset, please refer https://shakeel608.github.io/protocol.pdf
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5.3.3. Evaluation metrics

To evaluate the model performance, we use the following metrics: macro Fl-score
and accuracy which are the standard and are widely used in the stuttered speech domain
(Schuller et al., 2022; Kourkounakis et al., 2020; Lea et al., 2021). The macro Fl-score (F;)
(which combines the advantages of both precision and recall in a single metric unlike un-
weighted average recall which only takes recall into account) from (Equation (5.4)) is often
used in class imbalance scenarios with the intention to give equal importance to frequent

and infrequent classes, and also is more robust towards the error type distribution (Opitz

and Burst, 2019). PR
2.P. Ry,

Fi=1/C Fl1,=1/C 5.4

1= YCY =10 5 54

where C is the number of classes zmd P, Ry, and Flk denotes the precision, recall, and

Fl-score with respect to class k.

5.4. Results

In this section, we present the results with class balanced training, data augmentation,
and multi-contextual learning. We propose two modifications to the vanilla StutterNet to
address the class imbalance issue and one of them involves the loss function on the SEP-28k
dataset. We further present the results of cross-corpora experiments on the FluencyBank

dataset.

5.4.1. Baselines

In addition to our single branch StutterNet baseline (BL5), we first implement the
state-of-the-art ConvLSTM and ResNet+BiLSTM as our baseline models for comparison
purposes in the same settings. Our baseline model StutterNet is performing well in almost
all the disfluent classes except blocks as compared to the baseline model used in SEP-28k pa-
per (Lea et al,; 2021) ConvLSTM (MFCC features) (we call it BL1%), ConvLSTM (phoneme
features) (we call it BL2), and ConvLSTM (pitch+MFCC features) (we call it BL3). In ad-
dition, we also used one more model i.e, ResNet+BiLSTM classifier (we call it BL4) from

(Kourkounakis et al,, 2020). Comparing our single branch baseline StutterNer to BL4, the

g5 .
"BL means baseline
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Accuracy

Method R p B In F TA  Fi1(%)

Baselines
ConvLSTM + Fprpec (BL1) (Lea et al., 2021) 2283 10.61 0634 5674 7235 52.68 34.00
ConvLSTM + Fppone (BL2) (Lea et al., 2021) 10.18 01.06 0035 4388 7448 4843 24.00
ConvLSTM + Froimrroc (BL3) (Lea et al., 2021) 1928 0955 0851 5178 66.60 4847 30.80
ResNet+BiLLSTM (BL4) (Kourkounakis et al., 2020) 1876 4124 547 5718 8819 6236 43.12
StutterNet (BL5) (see (]hapter 4) 2714 3255 296 5774 87.60 6257 4284

Class Imbalance

ResNet+BiLSTM + WCE (Kourkounakis et al., 2020) 2890 64.89 3379 63.03 4690 4742 41.00
MB ResNet+BiLSTM (Kourkounakis et al., 2020) 3479 30.19 592 4926 7547 5562 39.20

StutterNet + WCE (StutterNetwog) 3623 5973 3805 6119 4159 4526 4102
MB StutterNet (SturterNerprg) 3526 3276 721 56.04 7727 5856 4226
M7rz 3982 3791 1045 60.57 7349 5858 4442

M s 2925 4585 1811 5688 7449 5818 44.80

Table 5.1.: Results using class imbalance learning (B: Block, F: Fluent, R: Repetition, P: Prolon-
gation, In: Interjection, TA: Total Accuracy, Fi: Macro F1- Score), BLX: Baseline and
X is Number, Fyrpoc: MECC input features, Fpg: 3-Dim (Pitch, Pitch-delta, voicing)
features, Fppone: Phoneme peatures, MB: Multi branch, WCE: Weighted cross entropy,

Mg;';i:l:reezing encoder, Mg;z disy: Freezing encoder and DisfluentBranch.
Accuracy
Method R P B In F TA  Fi1(%)
StutterNet + A4 28.67 3253 3.69 6424 8870 64.69 4530

StutterNetywcp + A4 43.06 6143 3818 6533 4373 4830 44.34

MB ResNet+BiLSTM + A4 3327 3285 099 6595 7092 5575 3944

StutterNetprp + Ad 3405 3393 432 6874 7888 6135 44.03
MI72 1 A4 2887 3094 426 6412 8529 6285 4406
ML g + A 2763 3633 1152 6231 8305 6214 4576

Table 5.2.: Results using data augmentation (B: Block, F: Fluent, R: Repetition, P: Prolongation, In:
Interjection, Fq: Macro F1- Score), A4: Babble + Reverberation + Music + Noise aug-
mentation, MB: Multi branch, WCE: Weighted cross entropy, Mgﬁg:Freezing encoder,

g'rrzi,disf: Freezing encoder and DisfluentBranch.
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Figure 5.4.: Class-wise loss values for different probabilities of ground truth classes. Here block,
fluent, repetition, prolongation, and interjection classes are correspondingly denoted
by B, F, R, P, and I. The standard cross entropy (CE) is shown by solid curves and its
weighted version is shown by dashed ones (WX represents the weighted loss of class X).

model performs well only in interjection and repettion classes as shown in Table 5.1. In
order to evaluate our proposed methods, we choose BL1 (best among BL1, BL2, and BL3),

and BL4 from baselines for comparison purposes.

5.4.2. Class balanced training
5.4.2.1. Weighted cross entropy

This section discusses the impact of applying weighted cross entropy to StutterNet
(which we call StutterNety ) in order to improve the detection performance of minority
classes including repetitions, blocks, and prolongations. Figure 5.4. illustrates the class-wise
training loss curves for normal and weighted cross-entropy loss functions. We can observe

that for the standard cross entropy loss function, the majority class (i.e., fluents) exhibit



5.4. Results 65

higher loss values and it dominates the overall loss.

Therefore, during training with backpropagation, the number of updates for fluent
class dominates the gradient values that in turn forces the model to focus mainly on cor-
rectly classifying/predicting the majority class. Thus, the minority classes including the
blocks, prolongations, and repetitions are given less importance during training, which
leads to their poor detection performance. Table 5.1 confirms that the detection perfor-
mance of blocks and repetitions is very poor, as they are mostly predicted as fluent samples
due to the class imbalance nature of the problem. In order to increase the detection per-
formance of minority classes, we penalize the majority class by reducing its contribution to
loss computation, and vice-versa for minority classes. The loss functions for the weighted
cross entropy are shown by dashed curves in Figure 5.4. The figure indicates that apply-
ing Weights to standard CE loss function proportional to the inverse of class frequency
forces the model to give balanced importance to each disfluency class while optimizing the
parameters of the network during backpropagation. This, in turn, helps in boosting the
gradient updates for minority classes during training, and thus increases their detection
performance in both the baselines as shown in Table 5.1. The StutterNet using the WCE
gives a relative improvement of 33.49%, 83.50%, 1,185%, and 5.98% over BL5 and 58.69%,
462%, 500%, and 7.84% over BL1 for detecting repetitions, prolongations, blocks, and inter-
jections, respectively. Table 5.1 also demonstrates the suitability of WCE with competitive
ResNet+BiLSTM method and results in 54%, 57.35%, 517%, and 10.23% relative improvement

in repetitions, prolongations, blocks, and prolongations respectively over BL4.

5.4.2.2. Multi-branch training

Moreover, we address the class imbalance problem via a multi-branch network (re-
ferred to as StutterNetprp). This has two output branches: FluentBranch and DisfluentBranch
as shown in Figure 5.3. This method improves the detection performance of repetitions,
prolongations, blocks by a relative margin 0f 29.92%, 0.65%, 144% respective]y over BL5, and
54.45%, 208%, 13.72%, 6.80% in repetitions, prolongations, blocks, and fluents respectively
over BL1, and 88%, 31.81% in repetitions, blocks respectively over BL4, however, the BL4
is performing better in prolongations and interjection classes. Applying a mulci-branch

training scheme to our baseline BL4, we found that the MB ResNet+BiLSTM captures rich
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Figure 5.5.: Confusion matrices showing the repetitions and blocks are mostly confused with fluent
speech utterances. F: Fluent, R: Repetition, B: Block, P: Prolongation, In: Interjection,
BL: Baseline, WCE: Weighted cross-entropy, MB: Multi-branch.
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stuttering information and improves the detection performance only in the repetition class
by a relative margin of 84% over BL4.

In applying class balanced training, we found that there is drop in macro F; score.
Using WCE with StutterNet and ResNet+BiLSTM, the macro Fi score drops from 42.84%
and 43.12% to 41.02% in StutterNet and 41.02% in ResNet+BiLSTM respectively. By employ-
ing multi-branch training, the macro Fj score drops very slightly from 42.84% to 42.26% in

StutterNet but it drops remarkably from 43.12% to 39.20% in ResNet+BiLSTM.

5.4.2.3. Analysis of confusion matrix

Using the WCE training scheme, the detection performance of minority classes im-
proved remarkably at the cost of fluent accuracy. From the Figure 5.5 (a), we analyze that
most of the repetitions and blocks are being classified as fluent speech. Initially, we hy-
pothesize that it is most likely because of the imbalanced nature of the problem. Despite
addressing the class imbalance problem in the stuttering domain using WCE and multi-
branched training, we found that the block and repetition type of stuttering disfluencies
are the ones that are still getting confused with the fluent class as depicted in Figure 5.5 (b)
and Figure 5.5 (¢). This makes intuitive sense because the blocks are closely related with
fluent segments having just different initial silence or gasp followed by fluent utterances
like fluent speech. The repetitions, on the other hand, contain some word or phrasal repe-
titions, which are actually fluent utterances, if we carefully analyze their individual parts.
Consider an utterance he he is a boy. The word he is being repeated twice but is a fluent

part if two he’s can be analyzed on an individual basis.

5.4.2.4. Exploiting advantage of WCE and MB StutterNet

Since StutterNety ¢ and StutterNetpsp address the class-imbalance issue differently,
we combine them to exploit both of their advantages. We first pre-train the WCE based
StutterNet (StutterNety ) and used it as a DisfluentBranch in our multi-branched Seutter-
Net. After the pre-training step, we applied freezing in two ways. Firstly, we freeze the

parameters of the contextual encoder block basenet only and fine-tune only the two output

z

branches. We label this training scheme as MI"2. By exploiting this method, we achieved an

overall detection improvement of 5.11% in F; over MB StutterNet (StuccerNetps g). Secondly,
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we apply freezing to the base encoder and StutterNety ¢ g (DistluentBranch) and appended

with one more FluentBranch (to distinguish between fluents and stutter samples). We label
frz

. . . ~ 0, .
ene.disp and it resules in an overall improvement of 6.01% in JF;

this training scheme as M

over StutterNetpsg.

5.4.3. Data augmentation

The main experimental results obtained with various data augmentation techniques
are shown in Table 5.2) where we compare the detection performance obtained with data
augmented training to the baseline clean dataset. To the best of our knowledge, this is the
first-ever study that investigates the impact of data augmentation in SD. We first separately
train the StutterNetps g on different data augmentation techniques which are described in
Section 5.2. We found that the training MB ResNet+BiL.STM and StutterNetp g with Kaldi
augmentation increases the overall F; performance. From Table 5.2, it can be seen that
the data augmentation does help in improving the F; in almost all the cases. Applying
data augmentation with a single branched and weighted cross entropy StutterNet, there
is a relative improvement of 5.74% and 3.50% in JFj respectively, over the clean versions
of the training. When data augmentation is applied to MB training, there is a relative
improvement of 4.17% and 0.61% in F; using StutterNetps g and ResNet+BiLSTM over clean
training, respectively.

Moreover, applying Kaldi data augmentation on top of the MZ"Z and MZ;Z disf Crain-
ing scheme, there is a relative improvement of 7.28%, and 6.81% in overall accuracy respec-
tively, however, MJ"2 based augmented training resules in a slight drop of Fy score. In

addition to Kaldi augmentation, we also applied pitch scaling and bandpass filter as data

augmentation, however, we didn’t achieve much improvement in SD.

5.4.4. Multi-contextual StutterNet

Different contexts show different optimized class accuracies. In order to expioit these
different variable contexts and to improve the detection performance further, we propose
a multi-contextual ( MC) StutterNet for SD as shown in Figure 5.3. We jointly train and
optimize the MC StutterNet on the clean and augmented data using variable contexts of 5

and 9. The embeddings extracted from each context as depicted by C3 block are passed
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Accuracy

Method R p B In F TA  F1(%)

MC StutterNet (Clean) 3336 3715 0834 59.63 7834 59.77 43.86
MC StutterNet + Bb 3229 3711 09.85 66.50 7454 5871 4440
MC StutterNet + Mu - 32.08  36.57 0798 65.68 77.67 5996 44.00
MC StutterNet + No 2854 3239 0475 6420 8042 5999 4280
MC StutterNet + Rv - 3198  37.02 0583 67.63 7741 60.08 44.20
MC StutterNet + A4 34.65 39.75 1012 6791 7789 6172 46.00

Table 5.3.: Results using MC StutterNet with clean and data augmentation. The MC StutterNet also
contains MB training. (B: Block, F: Fluent, R: Repetition, P: Prolongation, In: Interjec-
tion, TA: Total accuracy, Bb: Babble, Rv: Reverberation, Mu: Music, No: Noise, A4: Bb +
Mu + No + Rv augmentation)

- - - MC SC:Clean 1
| - MCscAd 7
- - -MC CC:Clean 3
- - - MCCC:A44
60 |- 5
40
| II I ||I | |
| I - f
RA PA BA TnA FA 7

Figure 5.6.: Impact of data augmentation (A4) in cross corpora FluencyBank dataset with MC Stut-
terNet (R: Repetition, P: Prolongation, B: Block, In: Interjection, F: Fluent, XA: X is Dis-
fluency Class and A is accuracy, MC: Multi contextual StutterNet, SC: Same corpora, CC:
Cross corpora, A4: Augmentation). The bar plot clearly shows that the model MC Stut-
terNet trained on clean SEP-28k dataset fails to generalize on FluencyBank cross corpora
data. Applying data augmentation improves the stuttering detection in cross domain
corpora as shown by navy blue bars (1% bar is clean training with SC, ond i augmented
training with SC, 374 is clean training with CC, 4th i augmented training with CC).
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to a two-layered BiLSTM unit, and then concatenated after applying SP, resulting in a
1 x 2 x (2 x N)-dimensional feature vector (where N is layer size), which is then fed
parallelly to two different branches including FluentBranch and DisfluentBranch for class
predictions. This results in a relative improvement of 13.40%, 15.67%, 6.41%, and 1.38% in
prolongation, block, interjection, and fluent classes over StutterNetasp (clean), thus an im-
provement of 3.79% in macro JF score, however, employing multi-contextual training, we
see a drop from 35.26% to 33.36% in repetition accuracy over the StutterNetpsp. In compar-
ison to the baseline BL5 (vanilla single branch StutterNet), there is a relative improvement
of 22.92%, 14.13%, 181.81%, and 3.27% in repetition, prolongation, block, and interjection
classes respectively. Thus a relative improvement of 2.38% in macro F score. The MC Stut-
terNet also performs better in macro JF score in comparison to state-of-the-art baselines
BL1 and BL 4. Applying data augmentation on top of the MC StutterNet, we found that ex-
cept noise augmentation, all the other data augmentation helps in improving the macro F;
score in comparison MC StutterNet (clean) The noise augmented samples help in improving
the detection accuracy of fluent class. For interjection, we found that all the data augmen-
tation helps, and for block, only babble augmentation helps in improving their detection
accuracy. We also found applying all four data augmentation in MC StutterNet results in
an accuracy improvement in prolongation and repetition classes, however, with individual
data augmentation, a drop in their accuracies can be observed in Table 5.3. By applying
all four data augmentation in MC StutterNet training, there is an overall improvement of
1.76%, 17.15%, and 134% in repetitions, prolongations, and blocks respectively, which is a

4.48% relative gain in macro JFj score over the augmented StutterNetps g training,

5.4.5. Cross corpora evaluation

FluencyBank: By optimizing on SEP-28k dataset in terms of data augmentation and
multi-contextual, we aim to evaluate our proposed methodology MC StutterNet on a cross
corpora scenario. We trained MC StutterNetr on SEP-28k dataset and evaluated it on Flu-
encyBank dataset which comprises samples from 33 podcasts. We found that the model
trained on one corpus (SEP-28k) fails to generalize and performs poorly on cross-domain
corpora. As can be seen from the Table 5.4 and Figure 5.6, the ;7 detection performance

decreases remarkab]y from 43.86% to 38.92% emp]oying clean training,. The repetition and
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Accuracy
Method TrainSet TestSet R P B In F TA  F1(%)
MC StutterNet SEP-28k SEP-28k 3336 3715 0834 59.63 7834 5977 43.86

MC StutterNet (Clean)  SEP-28k  FluencyBank 1948 3580 01.83 5636 80.85 5648 3892
MC StutterNet + A4~ SEP-28k  FluencyBank 22.54 4222 436 6456 84.04 6092 44.07

Table 5.4.: Results on cross corpora FluencyBank. The first row is from Table 5.3 which show the
results on the same corpora SEP-28k dataset. The last two rows show the resules, where
the model is trained on SEP-28K and tested on FluencyBank in cross corpora setting. (B:
Block, F: Fluent, R: Repetition, P: Prolongation, In: Interjection, F7(%): Macro F1 score),
Bb: Babble, Rv: Reverberation, Mu: Music, No: Noise, A4: All four Bb + Rv + Mu + No
augmentation.

block classes show more degradation in their performance in cross corpora scenarios. Fur-
thermore, we applied data augmentation in cross corpora evaluation, and we found that
it boosts the detection performance of all the classes, which results in an improvement of
13.23% in Fy. The block samples from FluencyBank and SEP-28k dataset show very low

detection performance and seem to be the hardest ones to detect.

Accuracy

Model TrainSet TestSet RA PA FA TA  Fi(%)

MC StutterNet LibriStutter LibriStutcer 9336 7626 9819 96.11  91.0
MC StutterNet  SEP-28k (clean) LibriStutter  0.65 048 9995 7725 30.0
MC StutterNet  SEP-28k + A4 LibriStutter 111 239 9735 7543 31.0
MC StutterNet LibriStutter SEP-28k 2424 5511 60.60 5321 410

Table 5.5.: Results on simulated LibriStutter dataset with RA: Repetition accuracy, PA: prolongation
accuracy, TA: Total accuracy, Fq (%): Macro F1 score, A4: Babble + Reverberation + Music
+ Noise Augmentation.

Simulated LibriStutter: The experimental results on LibriStutter dataset are shown
in Table 5.5. Experimenting and evaluating our MC StutterNet model on simulaced LibriS-
tutter dataset (Kourkounakis et al., 2021) results in a macro Fj score of & 91%. However, the
performance shows a considerable drop in macro F7 score when evaluated in cross corpora
setting in comparison to real stuttering dataset such as FluencyBank. The MC StutterNet
trained on SEP-28k dataset shows extremely poor performance when tested on simulated

LibriStutter dataset. The simulated dacasets such as LibriStutter looks like a choppy speech
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and doesn’t reflect the actual nature and characteristics of real world stuttered speech. So,
a model that performs very well on simulated stuttered datasets can not be used in actual
settings as such, as the speaker characteristics change to a very high extent in real clinical

conditions.

Method Fi1 (%)

StutterNet (baseline) (Clean) (Sheikh et al., 2021)  42.84

Class Imbalance

StutterNetyw o (Clean) 41.02
StutterNet g (Clean) 4226
MI72 (Clean) 44.42
MZZ 4iop (Clean) 44.80

Data Augmentation

StutterNet + A4 4530
StutterNetywop + A4 4434
StutterNetp g + A4 44.03
MITz 4 A4 44.06
MEE sy + A4 4576

Multi-Contextual

MC StutterNet (Clean) 43.86
MC StutterNet + A4 46.00

Table 5.6.: Summary of macro F score of proposed methods (MB: Multi branch, WCE: \X/Cighted

rz . Tz . .
CTOSS eNtropy, Mgncz Freezing encoder, Mtjacnc,disf: Freezing encoder and DisfluentBranch,

MC: Multi-contextual, A4: All four augmentation (Bb + Mu + No + Rv).

5.4.6. Summary of proposed methods

This chapter discusses and addresses the deficiencies of StutterNer model that was
presented in Chapter 4. In brief, we experiment with the following new modifications to
our StutterNet baseline by first addressing the class imbalance problem in stuttering do-
main via weighted cross entropy and multi-branch training schemes. On top of that, we
also investigated the impact of data augmentation in stuttering detection. And lastly, we
exploited the different contexts for the identification of stuttering classes. The systematic
improvement of all the proposed modifications can be seen in the Table 5.6, where the MC

StutterNet outperforms against its single contextual framework in stuttering detection.



6. Multi-task and adversarial
learning in stuttering detection

"Stuttering shows too much thinking. The
human brain con only multitask efficiencly
at a certain level, beyond that the thoughts
and signals get mixed up.”

Roger W. Hancock

6.1. Introduction

The recent works have made significant strides in deep learning based stuttering de-
tection. However, all the existing systems focus only on single task stuttering learning strat-
egy without focusing on the auxiliary tasks. Unfortunately, this is not the approach that we
human beings process the speech utterances, rather we simultancously decode the primary
task with other meta contents like speaker characteristics, linguistic content, emotion, etc.
This multi-tasking (MTL) have been proven effective in computer vision, ASR, emotion de-
tection, speaker recognition, etc., by jointly learning several tasks through a learned shared
encoding (Vandenhende et al,, 2021; Pironkov et al., 2016). In this chapter, we investigate
the impact of MTL ' approach in stuttering detection, by jointly learning stuctering and
metada information. SD systems are further affected by source diversity, be that linguistic
content, speaker, gender, accent, or encompassing acoustic conditions as discussed in Sec-
tion 3.3. In addition to MTL, we also investigate an adversarial (ADV) framework with

the aim to learn robust stuttering representations. Among the various source variabili-

"The following articles forms the basis of this chapter:
Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "Robust stuttering de-
tection via multi-task and adversarial learning". In Proc. 3oth European Signal Processing Conference
(EUSIPCO), (2022) (peer-reviewed).
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ties, we specifically focus on eliminating meta-data podcast (In this thesis, we assume each
podcast is having a unique speaker and we use them as speaker ids, and we use the terms
podcast and speaker interchangeably) information with the intention to improve the detec-
tion performance of stuttering and its types. Inspired by unsupervised domain adaptation
training (Ganin and Lempitsky, 2015b) and speaker invariant affective learning (Li et al,,
2020), we explore and provide the first ever deeper analysis by using MTL and ADV in the

context of stuttering detection.

6.2. Motivation

MTL is basically an inductive transfer scheme which simultaneously learn multiple
tasks by optimizing several objectives using a shared hidden representation (Caruana, 1997,
Vandenhende et al., 2021). It provides an effective way of improving generalization. MTL
aims to exploit the integrated knowledge across multiple domains with the intention of
improving the performance of primary task (Crawshaw, 2020).

A contrasting approach is to presume that robust acoustic representation of stutter-
ing should be invariant to secondary tasks, in particular speaker recognition, as stuttering
speech task should not depend on a particular set of speakers. The way to achieve such
robust invariances is ADV learning (Ganin and Lempitsky, 2015b). The ADV framework
learns invariances to metada characteristics in a min-max fashion that the main branch
is trained to maximize the metadata (podcast) classification loss and the speaker branch
is trained to minimize its classification loss. Robust representation of speech signals have
been studied via ADV training in various speech domains such as emotion detection (Li
et al,, 2020), acoustic matching (Su et al.,, 2020), and ASR (Meng ct al., 2018a). However,
there is no prior study on the application of ADV frameworks in the domain of acoustic

SD.

6.3. Proposed framework

6.3.1. Multi-task learning

Within the MTL framework, given a training set of D = (X}, s;, d;, fi)i—y, where

cach sample is comprised of three components: a sequence of R2XT ;coustic MFCC fea-
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Figure 6.1.: Stuttering detection using MTL with 1ight blue curve indicating sccondary task which is
speaker/podcast classification, CE: Cross entropy, @’s are the parameters of each module,
X: MFCCs input is R2XT dimensioan! features, Z: encoder output = E(X).

tures, a speaker label s;, pseudo fluent label f; (for FluentBranch, all different stuttering
classes are treated as a single disfluent class by introducing a temporary pseudo-labelling
scheme to solve the class imbalance problem) and a stutter label d;, we consider a shared
encoder & having parameters 6, and three classifier branches S with parameters ,, F with
parameters 6y and D with parameters 4 for podcast, fluent and stuttering sub type de-
tections respectively. Our goal is to minimize both stutter loss Lo (6e, 04) and speaker
(podcast here) loss Lpeaker (O, 0;). Therefore, the total objective function in MTL as shown

in Figure 6.1 can be represented as:

‘C(eca 9{’ 0&7 95) :(1 - /\) * ESEL[ttCl‘(0C7 afa Hd) + >\ * ﬁspeaker(em 95)

6.1)
Estutter(gea ef‘a ed) :‘Cﬂuent(eea ef) + Edisﬂuent(eev ed)

where, A € (0, 1), is a weighting parameter between the losses tuned manually.

6.3.2. Adversarial learning

In applying ADV framework to stuttering domain, we aim to learn acoustic rep-
resentations which are robust and metada invariant, but at the same time are stuttering
discriminative. For this purpose, similar to MTL, we consider an encoder &€ having param-
eters 0, which maps T’ input acoustic features to representation Z by Z; = £(X;). This Z;

representation is then fed to the DisfluentBranch (denoted by D) and FluentBranch decoders
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(denoted by F) to output the stuttering and fluent class probabilities p(d;/Z;; 6., 64) and
p(fi/Zi;0.,0¢) respectively. In addition, this Z; is fed to another branch speaker de-
coder (denoted by S), to output metadata (podcast) probabilities p(s;/Z;; be, 6). To learn
metadata-invariant representations, our goal is to minimize stuttering classification loss,
Leeer(0c, 04) and to optimize 6, to maximize the speaker classification loss, Lypeaker (6, 0;)
and, at the same time minimize the speaker classification loss by optimizing 6. The total
objective loss becomes:
L(0e, 0, 04, 0,) = Locueeer (Oc, Op, 04) — X % Lopeareer (O, 0:)
Loaker=— Y, log(p(si/Z:))

(X4, fi,di,s)€D (6.2)

Estuttel‘ = = Z IOg(p(dz/Zz>) + 10g(p(fl/ZZ))

(Xi,fi,diysi)ED
where, A € (0, 1), is a weighting trade-off hyper-parameter, and s;, f; and d; are the labels.
We optimize the parameters using Adam by applying the gradient reversal layer (Ganin
and Lempitsky, 2015b) in speaker branch during backpropagation as shown by red curve in

Figure 6.2.

6.3.3. Model architecture

Our stuttering detection models are based on time delay neural networks, which has
been proven effective in various speech domains as discussed in Section 3.4.1. The model
is fed with mean-normalized 20-dimensional MFCC input features extracted on a 20 ms
sliding window with a hop length of 10 ms. The proposed adversarial model is based on
MTL framework with four components including the encoder £, which generates represen-
tations, the FluentBranch F classifier branch, the stutter classifier module named as Disflu-
entBranch D, and the speaker classifier S as illustrated in Figure 6.1 and Figure 6.2. The
encoder module is composed of five time delay layers with the first three focusing only on
small contextual frames of [t —2,¢ 4+ 2], {t —2,¢,t + 2}, and {t — 3, ¢, t + 3} respectively.
The remaining two focuses on the {t} contextual frames. The last layer of encoder is SP
layer with concatenated mean and standard deviation. The fixed dimension representation
from SP layer, which is the output of the £, is further passed to the three sub-classifiers: Dis-
fluentBranch, FluentBranch and SpeakerNet. These three sub modules are comprised of three

fully connected layers and a softmax layer. A dropout of 0.2 is applied after first two fully
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primary classifier contains two sub-branches including FluentBranch (F) and Disﬂucnt—

Branch (D).

connected layers in each branch. Except SP 1ayer, each layer is followed by ReLU non linear

activation function and a 1D batch normalization. To address the class imbalance prob-

lem, we use two branches FluentBranch and DisfluentBranch for SD. During inference time,

speaker branch Sy is discarded, and FluentBranch output is considered, if it predicts fluent,

otherwise Disﬂuenthnch predictions are considered.

6.4. Experimental setup

Dataset: For our experimental studies, we have used the SEP-28k stuttering dataset

discussed in Appendix A. Out of 28,177 samples, after leaving out non stuttering samples,

we used only 23573 speech segments for our case study which constitutes of 19.65 hours of
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Accuracy

Model R p B I SAF A F

StutterNet SB 2199 2778 198 4999 2993 &8.18 6033 39.20
MB StutterNer  BL 2870 3789 958 57.65 3772 7443 5704 4120
MB StucterNer - MTL 3159 31.62 1023 5892 3832 7214 56.09 40.60
MB StucterNer  ADV 2724 3289 833 5636 3596 7710 5751 40.80

Table 6.1.: Stuttering detection results (SA: Stutter accuracy, TA: Total accuracy, SB: Single branch,
MB: Multi branch, F7: macro F1 score, BL: baseline, MTL: Multi-task learning, ADV:
Adversarial learning )

data. The distribution of stuttering data is highly imbalanced, among which the majoricy
of the samples (12419) are fluent segments constitutes 10.35 hours, 3995 are interjections
constitutes 3.34 hours, 3286 are repetitions constitutes 2.74 hours, 2103 are blocks consti-
tutes 1.75 hours, and 1770 are prolongations constitutes 1.48 hours of data. For our baseline,
we randomly selected 80% of podcasts for training, 10% for validation and remaining 10%
for test set which comprises 0of 309, 37 and 39 podcasts respectively. For MTL and ADV, we
mix the train and validation sets from baseline, and then randomly selected 90% samples for
train set and 10% samples for validation set from each podcast to have at-least each disflu-
ency from each podcast in both the sets, and the test set remains same in all the cases. In this
study, we use podcast ids as meta deta information to learn robust stutter representations.

Evaluation metrics: To test and evaluate the model performance, we use the widely
and standard metrics that are used in stuttering and other speech tasks which include re-
call, precision, Fl-score and accuracy. In addition, we also used macro F1 score as well.
The models are evaluated and compared to our previous work StutterNer discussed in pre-
vious Chapter 2. The results reported are the average of 10 experiments with 10- fold cross
validation technique. For ADV, we first train the SpeakerNet for 25 epochs by freezing the
other two branches, then we freeze the SpeakerNet and train the FluentBranch and Disflu-
entBranch for 25 epochs. From epoch 50-75, we jointly train all the branches by applying
gradient reversal layer in the speaker branch during backpropogation, and after epoch 75,
we freeze all the weights and fine tune the FluentBranch and DisfluentBranch branches for the
recovery phase until the stopping criteria is achieved.

Implementation: We have used PyTorch library for our implementation purposes.
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Precision
Model Method R P B I F
StutterNet (Sheikh et al., 2021) SB 022 028 0.02 0.50 0.88
MB StutterNet BL 035 036 0.23 058 0.67
MB StutterNet MTL 032 032 0.10 0.59 0.72
MB StutterNet ADV 0.27 033 0.08 0.56 0.77
Recall.

StutterNet (Sheikh et al., 2021) SB 042 042 0.25 0.69 0.62
MB StutterNet BL 029 038 0.10 058 0.74
MB StutterNet MTL 034 036 0.21 054 0.67
MB StutterNet ADV 035 0.37 0.20 0.58 0.66

F1 Score.
StutterNet (Sheikh et al., 2021) SB 029 033 0.04 0.57 0.73
MB StutterNet BL 031 036 0.12 0.57 0.70
MB StutterNet MTL 032 033 0.13 056 0.69
MB StutterNet ADV 030 0.34 0.12 057 071

Table 6.2.: Stuttering detection results (B: Block, F: Fluent, R: Repetition, P: Prolongation, I: Inter-
jection, MB: Multi branch, BL: Baseline, SB: Single branch).

We trained the models using Adam optimizer, cross entropy loss function with a learning
rate of 1072, The training was stopped with an carly stopping criteria having a patience of
7 on validation loss.

Baseline: Table 6.1 and Table 6.2 show the results of our baseline StutterNet along
with the proposed methods. In comparison with the single branch (SB), multibranch (MB)
outperforms in all the disﬂuency class predictions with an overall improvement of 26%.
However, the SB shows better performance on fluent class because of the class imbalance
issue. After addressing the class imbalance issue via two branch (FluentBranch and Disfluent-
Branch) training scheme, we found that the blocks and repetitions are still being confused
with fluent speech as shown in Figure 6.3. This is intuitive because the repetitions are tlu-
ent speech with the same word being repeated more than once. Similarly, the blocks are
fluent speech with some small initial pause followed by fluent speech. From the Table 6.1,
we also observe that compared to the single task learning approach, our model based on

simple MTL approach helps to boost the detection performance for stuttering types but
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tified as class Y. For better visualization, we did not show in percent.

degrades for fluent and prolongation segments, as the confusion rate of fluent and prolon-
gation samples increases with other disfluency pairs in the MTL framework as shown by the
red bar plots in Figure 6.3. The MTL -based model increases the detection performance of
R, B and I's by a relative margin of 10%, 6.78%, and 2% respectively, which results in an over-
all improvement by 1.6% in the stuctering classes over MB StutterNet. More interestingly,
we found that the ADV improves the detection performance of fluent classes by 3.59% as
compared to the baseline MB StutterNet. It can be clearly seen from the Figure 6.3, that
there is a notable drop in the confusion rate of fluent category with other classes, but at
the same time, the fluent false positive rate also increases. By adversarial training scheme,
the model learns podcast-invariant representations which improves the performance of the
fluent class.

Effect of lambda: Figure 6.4 (Ieft) shows the result of MTL when the value of X hyper-
parameter in the loss Equation (6.1) is varied from 0.1 to 0.9, and it includes the accuracy

of all the classes. The results for all classes almost show a similar trend except for fluent
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Figure 6.4.: Effect of lambda in MTL (left) and ADV (right) settings in SD with RA: Repetition
accuracy, BA: Block accuracy, PA: Prolongation accuracy, InA: Interjection accuracy, SA:
Average stutter accuracy, FA: Fluent accuracy, , AnyDisf: Any disfluent accuracy from
two class FluentBranch.

class. The A = 0.4 shows the best accuracy for the fluent class. As the A value increases,
the detection performance of all disfluent classes decrease as well as in fluent class, which
is expected because the overall loss function assigns more weight to the podcast identifica-
tion branch. In addition, we also tried to divide A by 10 (starting with 1) at each epoch,
and we found that it increases the detection performance of blocks slightly and repetitions
considerably, with slight reduction in other classes. Figure 6.4 (right) shows the result of
ADV training, with varying A. The block class follows a trend that by increasing the A, its
detection performance also improves. For other classes, as the value of A is increased from
0.1 — 0.9, the identification performance decreases. Following the work in (Ganin and
Lempitsky, 2015a), we also tried varying A by 2/(1+eP*) — 1, where p; is the scaled version
of epoch. However, it degrades performance.

In addition, the two class accuracy of disfluent samples in the FluentBranch decreases
as we increase the value of A in the MTL framework. The X acts as a control parameter for
the podcast information to flow through the network. As A increases, it is allowing more
and more podcast-related information to flow through the network and thus decreasing the
detection performance of stutter samples in the FluentBranch. To this contrary, the podcast
identification branch in the ADV framework is trying to play a good adversary and tries to
remove more irrelevant information as A value increases. This, in turn, helps in boosting the
detection performance of stutter samples in the FluentBranch branch. We can conclude that

the podcast information is entangled with the stuttering characteristics, and by reducing
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SD.

podcast-related information, the model is able to improve the discrimination between the
fluent and disfluent classes, but it fails to generalize within the disfluent classes.

By analysing the macro F1 score (F3) from Figure 6.5, we can see that the Fj score
decreases sharply in MTL stuttering detection setting as the A value increases than in ad-
versarial learning framework. As the A value increases, the network allows more and more
speaker information to pass through it during backward propagation, thus trying to di-
lute the latent stutter embeddings in feature encoder and results in decrease of Fj sharply.
In contrast to MTL, with the increase in A value, adversarial ]earﬂing framework tries to
unlearn more and more speaker information with an aim not to dilute the latent stucter
embedidngs learned from FluentBranch and DisfluentBranch training setup.

Visualization: Figure 6.6 shows the embeddings computed from the statistical pool-
ing layer. In MTL scheme, it is evident from the well formed podcast clusters that the model
is trying to learn podcast dependent stuttering information. On the other hand, for the ad-
versarial setting, the clusters are not visible and the model is trying to learn this meta-data

invariant robust stutter features.

6.5. Summary

Due to the diversity and uniqueness of stuttering, it continues to be the most demand-
ing and challenging to detect due to its inherent nature of huge class imbalance across dif-
ferent types of disfluencies. Training a model on such a type of dataset will bias the majority

class. To this end, we employ an MB StutterNet (BL) in thic chapter, where, we introduce
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Figure 6.6.: t-SNE embeddings from the shared encoder MTL (left) and ADV (right). We selected
four podcasts/speakers (type) randomly for visualisation purposes. Clear speaker clusters

are visible in MTL framework where the adverarial MTL is trying to learn speaker inde-

pendent stutter latent representations. The labels represent the speakers with HeStutters

is a male speaker and WomeneWhoStutter is a female speaker.

the pseudo temporary labeling of all disfluent classes as one class. The MB StutterNet is a

two-branch network, with one branch to differentiate fluents from distluent and the other

branch to differentiate different types of disfluent types if the prediction in the FluentBranch

is non-fluent. On top of the baseline, we also investigate the MTL and ADV framework

by adding one more speaker branch in the context of SD. From the resules, we found that

the MTL framework improves the detection performance of blocks, repetitions, and inter-

jections. We also found that the confusion rate increases for the fluent and prolongation

classes. With the ADV scheme, we found that the fluent detection performance increases

with a relative improvement of 3.59%. In addition, we also found that by decreasing the A

hyper—parameter in both the frameworks, the detection rate of disfluent classes increases.

There might be issues with the meta-information of the dataset, as there is a possibility of

having the same speakers across multiple podcasts.






7. Self-supervised learning in
stuttering detection

“Without big data, you are blind and deaf
and in the middle of a frecway.”

Geoffrey Moore

7.1. Introduction

The automated stuttering detection’ task suffers from a lack of unlabeled data and
thus limits the application of large deep models. Over the years, several stuttering datasets
including: SEP-28k (Lea et al., 2021), UCLASS (Howell and Sackin, 1995), FluencyBank (Lea
et al,, 2021), and LibriStutter (Kourkounakis et al., 2021) have been developed for investi-
gating different SD models. Due to a number of variable characteristics, such as language,
speaker, gender, age, accent, speech rate, and others, the identification of stuttering is still
a challenging task. We exploited the speaker variable and employed an adversarial multi-
tasking learning framework to learn speaker invariant stuttering features (discussed in pre-
vious Chapter 6). Moreover due to this varying nature of stuttering from person to person,
these small datasets are inclined to be biased towards these small pool of speakers (Guirar,
2013). Although deep learning has shown considerable improvement in several areas, this

improvement in SD is nevertheless limited, most likely due to the limited size of stuttering

This chapter is based on the following articles:

Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "Introducing ECAPA-
TDNN and Wav2Vec2.0 embeddings to stuttering detection”. Under review in International Journal
of Speech Technology, (2022) (under review).

Shakeel Ahmad Sheikh, Md Sahidullah, Fabrice Hirsch, and Slim Ouni. "End-to-end and self-
supervised learning for ComParE 2022 stuttering sub-challenge”. In Proc. 30ch ACM International
Conference on Multimedia, (2022), pp 7104-7108 (peer-reviewed).
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datasets, which are unable to capture different speaking styles, accents, linguistic content,
cte. In addition, collecting medical data requires big-budget and is very taxing, and stut-
tering data collection is no exception. To address this issue, we introduce a self-supervised
learning framework that first learns a feature extractor for a pre-text task on a large amount
of non-stuttering audio data and then employs the learned feature extractor for the down-
stream stuttering detection task with limited audio data. We mainly focus on speaker and
contextual embeddings where the self-supervised learning (SSL) models are pre-trained on
massive datasets with the hypothesis in capturing various speaking styles and other paralin-

guistic information which are extremely important to stuttering detection.

7.2. Speaker and contextual embeddings

7.2.1. Speaker embeddings

Speaker embeddings are usually computed from trained neural networks to identify
and classify speakers from a group of speakers (Desplanques et al., 2020). The pre-trained
speaker embeddings have been successfully applied in speaker diarization (Dawalatabad
et al,, 2021). The (ECAPA-TDNN) emphasized channel attention, propagation and ag-
gregation TDNN is the state-of-the-art for extracting speaker embeddings. As depicted
in Figure 7.1, the ECAPA-TDNN is composed of 1D convolution followed by three 1D
squeeze and excitation (SE) Res2Blocks, 1D convolution, attentive statistical pooling, and
an FC layer. A non-linear ReLLU activation and a batch normalisation is applied after each
layer in SE-Res2Block. The model is fed with 80 dimensional mean normalized log Mel-
filcerbank energy features and is trained on a ]arge Voxceleb dataset with additive angular
margin (AAM)-softmax loss function using Adam optimizer having a cycling learning rate
between 1e-8 and 1e-3. In this work, we use ECAPA-TDNN as a feature vector on SEP-28k
stutter dataset to exploit it for SD. We extract R'*192 speaker embedding feature vector

from the FC layer of ECAPA-TDNN as shown by the purple block in Figure 7.1.

7.2.2. Wav2Vec2.0 contextual embeddings

The WaveVec2.0 model is a self-supervised representation learning framework of raw

audio, and is comprised of three modules inc]uding feature encoder £: X — Z, contex-
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Speaker Embedding Extraction: (1 x 192)

Figure 7.1.: ECAPA-TDNN block diagram, k is kernel size, d is dilation, C is channel, T is temporal
dimension, FC is fully connected, BN is batch normalization, AAM is additive angular
margin, input is 80-dim MFCC features, SE-Res2Block is squeeze-excitation block with
variant of residual (Res2) dilated convolution in between two one-dimensional convolu-

tion ktyers (Dcsplanqucs et al., 2020).

tual block transformer g: Z + C and quantization block Z +— Q as depicted in Fig-
ure 7.2 (Bacevski et al,, 2020). The feature encoder is comprised of multi-layer 1D convolu-
tion blocks followed by Batch normalisation (BN) and Gaussian error linear unit (GELU)
activation functions, takes the normalized raw input X and encodes it into local feature

ZTXT68 4re then

representations Z = E(X). These encoded feature representations of size
fed to contextual transformer block to learn contextual speech representations C = g(Z).
The paper uses two different transformer networks with the base model consisting of 12
blocks having eight attention heads at each block, and the large model is comprised of 24
blocks with 16 attention heads at each block. The feature representations Z are also fed to
the quantization module which is comprised of two codebooks having 320 possible entries
in each. For each vector representation z; € Z, a logit of R**3% is chosen using (Equa-
tion (7.1)) by concatenating the corresponding entries from each codebook, which is then

followed by linear transformation to produce the quantized vector q; of the local feature

encoder representation z; € Z.

exp(ly.o + M
> re1 €XP(lgo +10) /T
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Figure 7.2.: Block diagram of Wav2Vec2.0 SSL architecture. We extract embeddings (shown in pur-
ple) from the contextual block which is trained in a self—supervised fashion using quan-
tisation module with X is input raw signal.

where [ is logit, v is v-th codebook entry, g is codebook group, n = —log(—log(u)) with u
are uniform samples from U(0, 1), and 7 is the temperature which controls the randomness.
Similar to the masked language modelling, the model is pre-trained in a self-supervised
fashion using (Equation (7.2)) by randomly masking certain time stamp representation vec-
tors of the feature encoder and the training objective is to reproduce the quantized g; latent
speech representation from a set of K+1 distractors including candidate vector ¢ and K
distractors € Q for masked time stamp vectors at the end of contextual transformer block.

The distractors are uniformly sampled from masked frames of the same speech utterance.

exp(sim(ce, q)/T)
> aeq exp(sim(ct, §)/7)

Leont = — log (7.2)

T
- _ Ct gt
where sim(ct, q) = Teellarl

¢; and contextualized transformer vector ¢;.

computes the cosine similarity between the quantized vector

The authors have released several pre-trained feature embeddings with dimensions of
768 (base)” and 1024 (large) pre-trained on 960 hours of LibriSpeech dataset and then fine-
tuned for ASR using Connectionist temporal classification (CTC) loss function by adding
a linear layer on top of the contextual block.

The Wav2Vec2.0 showed remarkable improvement in ASR (Baevski et al., 2020),

We are using (768-dimensional) base version of Wav2Vec2.0
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emotion detection (Pepino et al,, 2021). In the stuttering speech, most parts of the speech
utterance are perturbed, and it seems a plausible way to employ and explore the role of
the contextual and encoder representations in SD. In this work, without fine-tuning, we
employ a total of 13 contextual embeddings extracted from a local encoder and 12 layers of

the contextual transformer block as depicted in Figure 7.2.

7.3. Classifier description

7.3.1. k-nearest neighbourhood

A non-parametric supervised algorithm based on distance metric is used mostly for
classification tasks. The prediction of the query sample depends on the voting majority
of its k nearest neighbors (Murphy, 2012). In this work, we use the Minkowski metric
distance from (Equation (7.3)) with p = 2 (Euclidean distance) to fit the £-NN on the SEP-
28k dataset using embeddings computed from pre-trained ECAPA-TDNN and Wav2Vec2.0

models.
k

1/p
Dist = [Z(H% - yi||)p] (7.3)

=1
7.3.2. Gaussian back-end

A NBC is simply a Bayesian network to handle continuous features by representing
the likelihood of features using Gaussian distribution (Murphy, 2012). Givenadataset D =
(X, d;) of N samples with RVE (K is 768 for Wav2Vec2.0 and 192 for ECAPA-TDNN)
pre-trained features, NBC assumes that the likelihood of class conditional densities is nor-
mally distributed by

p(e|C = ¢, pe, Xe) = N(e|pe, Xe) (7.4)

where e € X is extracted pre-trained representation, g and X are class-specific mean
vector and covariance matrix respectively. The posterior probability for each target class is

Computed then by Bayes’ formula:

class condirig&al likelihood

D elC =c, e, ) p(C = ¢
P(C = dle, e, T0) = AT = C b 2N =) 75)
~ ~~ d Zl‘zl p(6|C = 1, Wi, ZC)p(C - Z)

class posterior
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and then the query sample e is classified by taking argmax over the classes.
g(e) = argmax p(C = cle, e, Xe) (7.6)

7.3.3. Shallow neural network for stuttering detection

A NNet with just a few layers can also be applied on top of the pre-trained embed-
dings extracted from ECAPA-TDNN and Wav2Vec2.0 models. In this work, we use two-
branched NNet with FluentBranch differentiating between fluent and stuttered utterances,
and DisfluentBranch classifying stuttered speech utterances into several disfluency types.
Each branch is composed of three FC layers with each layer followed by ReLLU activation
and 1D BN functions. A dropout of 0.2 is applied for first two FC layers. A softmax layer
is used in the end to get the desired classes. Following the approach in (Lea et al., 2021),
for FluentBranch, we employ a pseudo labelling scheme, where we re-label all different dis-
fluent speech samples as one class and train the binary FluencBranch branch to differentiate
between fluent and stuttered ucterances. For the multi-class DisfluentBranch branch, we
train it by penalizing the fluent class with zero loss. During evaluation phase, the outcome
from FluentBranch is considered if the prediction is fluent class, otherwise predictions from

DisfluentBranch are taken into consideration.

7.4. Experimental setup

7.4.1. Embedding extractors

ECAPA-TDNN: For each three-second speech utterance of the SEP-28k dataset, we
extract speaker embeddings of dimension RY*2 after the FC layer of ECAPA-TDNN as
shown by the purple line in Figure 7.1, resulting in RN>*192 dara (N is total samples). We use
SpeechBrain toolkit (Ravanelli et al,, 2021) for the extraction of 192-dimensional speaker
embeddings. In addition, we also use Linear discriminant analysis (LDA) for dimensional-
ity reduction with the component size of four resulting in R ** dimensional data before
passing it to the downstream classifiers.

Wav2Vec2.0: For contextual embedding extraction of each SEP-28k sample, we extract
RI*T68 (T is a temporal dimension) dimensional representations from local feature en-

coder Z and from each layer of contextual transformer block C, each of which yields differ-
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ent contextual representation as shown by purple block in Figure 7.2. Before passing each
layer representation separately to the downstream classifiers, we apply statistical pooling
across the temporal domain and concatenated the mean and standard deviation resulting
in a feature vector of R'*78*2 Moreover, we also concatenate the contextual embeddings
of the local encoder (L0), L6, and layer L10 of C after applying the statistical pooling and
LDA (with component size of four) which results in RNX12 feqrure vector. We extract

embeddings using the PyTorch version of Wav2Vec2.0.

7.4.2. Dataset description

In this case study, we use SEP-28k stuttering dataset (Lea et al,, 2021) which consists
of 28,177 speech samples from 385 podcasts. After removing non-stuttered samples, we are
left with 23573 annotated speech segments. We randomly selected 80% podcasts (without
mixing the podcasts) for training, 10% podcasts for validation and the remaining 10% of
the podcast for evaluation in a 10-fold cross-validation scheme. The speaker information
is missing from the SEP-28k dataset, so we divided the dataset based on podcast ids (as-
suming each podcast is having a unique speaker). This dataset contains two different types
of annotations including stuttering and non-stuttering. We considered only stuttering an-
notations (repetitions, blocks, interjections, prolongations, and fluent speech) and avoided
the non-stuttering annotations (unsure, no speech, poor audio quality, music, uninte]ligible
and natural pauses) in this experimental study. The SEP-28k dataset is publicly available,
but the details about the train, validation and test set splits are not provided. So, we de-
cided to create a publicly available protocol that ensures no overlap of podcasts between
train, validation and test sets’. The experimental results mentioned are the average of 10-
fold cross-validation experiments, and are compared to the baseline results from Chapeer 4

which is trained on MFCC features.

7.4.3. Implementation

For implementing the proposed pipeline for NNet, we use PyTorch library, and for
LDA, k-NN, and NBC, we have used the Scikit-learn toolkit. We have chosen a value of

k=25 using the elbow method in the k-NN classifier. The downstream NNet is trained wich

3For splitting of the dataset, please see protocol https://shakeel608.github.io/protocol.pdf
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Figure 7.3.: t-SNE embeddings from the FC layer of ECAPA-TDNN (left) and layer L10 of the con-
textual block C of Wav2Vec2.0 (right). The Wav2Vec2.0 embeddings show clear visible
clusters among disfluent classes.

a batch size of 128 using a normal sum of cross entropy loss (Lyor = Ly + Lg, L g:FluentBranch
loss, Lg:DisfluentBranch loss) function optimized by the Adam optimizer with a learning race
of le-2, and the training is stopped using an early stopping scheme on validation loss with

the patience Of Seven.

7.5. Results and discussion

For thorough evaluation, we train each of the proposed models 10 times. Table 7.1.
shows the macro Fi, average UAR and accuracy results of different stuttering and flu-
ent classes on exploiting different features extracted from ECAPA-TDNN and Wav2Vec2.0
models. We compare the proposed speaker and contextual embeddings based SD models
to the work ResNet+BiLSTM (Kourkounakis et al., 2020), StutterNet (discussed previously
in Chapter 4) (For a fair comparison, we trained these on the SEP-28k dataset with MFCC
input features) and to the multi-branched StutterNet (discussed previously in Chapter 5)
having two different branches with one branch differentiating between fluent and stut-
ter utterances and the other branch distinguishing among different disfluency cypes. We

use LDA for dimensionality reduction of features in each case before passing them to the
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classifiers for prediction.

Speaker embeddings: We sce from Table 7.1 (b), that the downstream classifiers
trained on ECAPA-TDNN embeddings perform poorly in all the stuttering classes as com-
pared to the baseline results from Table 7.1. This is evident from the Figure 7.3 as well, where
the different stuttering type utterances are mixed and no clear cluster is visible among the
disfluency classes. Furthermore, applying magnitude normalization on ECAPA-TDNN em-
beddings before passing them to the downstream classifiers, improves the SD performance
marginally in the majority of classes. The ECAPA-TDNN is trained and adapted for the
speaker identification task and it is likely possible that the information (such as linguistic
content, prosody, and emotion state) which isn't essential for that task but could be crucial
for SD gets removed from the latent embeddings.

Wav2Vec2.0 contextual embeddings: Table 7.1 (¢) shows the results with the last but
two-layer of contextual transformer block C of Wav2Vec2.0 with and without prior appli-
cation of LDA. From the results, we can observe that for SD, the contextual embeddings
from Wav2Vec2.0 outperform in all the classes with an overall relative improvement (TA)
of 5.82% using k-NN, 11.54% using NBC, 10.38% using NNet over StutterNet and over MB
StutterNet by 11.92% using k-NN, 17.97% using NBC and 16.74% using NNet downstream
classifiers. Figure 7.4. shows the impact of different contextual embeddings in the detection
of various stuttering classes. The plot shows almost a close trend in all the stuttering class
accuracies. The detection accuracy of\stuttering classes increases with the layer4 number.
We hypothesize that the lower layers including local encoder (LO) representations contain
speech information only from the local window of size 25 ms, and, in addition, passing the
representations to the downstream classifiers after applying the statistical pooling layer fur-
ther restricts it in capturing more stutter specif‘lc patterns. In addition, the results show that
the contextual layers from L5 to L11 of the Wav2Vec2.0 model trained in a self-supervised
fashion are able to capture rich stuttering patterns as also depicted in Figure 7.3. As for the
last layer (L12), it slightly degrades performance in SD in comparison to its previous layer
due to the fact that the transformer block C was fine-tuned and adapted towards the ASR
task. By fine-tuning towards ASR it is possible that the Wav2Vec2.0 model has not focused

on the information which is relevant to stuttering, resulting in the loss of rich stuttering

1.0 is a local encoder, L12 is the last layer of C
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information. Consider such an example of prosodic information, which is very essential
in SD, but not that important for ASR. Using Wav2Vec2.0 embeddings with NNet in SD,
there is an overall relative improvement of 61.36%, 47.91%, 14.65%, and 9.02% in repetitions,
blocks, interjections, and fluents respectively over the MB StutterNet, thus outperforms over
the state-of-the-art results.

Moreover, the prior application of LDA on Wav2Vec2.0 representations further boosts
the detection performance in repetitions by 8.29%, prolongation by 10.41%, blocks by 27.24%,

and interjections by 8.72%.
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Figure 7.4.: Impact of various Wav2Vec2.0 contextual layers in stuttering detection with L0 is local
encoder layer, L1 — L12 are contextual layers, RA is repetition accuracy, PA is prolonga-
tion accuracy, BA is block accuracy, InA is interjection accuracy, FA is fluent accuracy,
and TA is total accuracy.

Fusion: In addition, we fuse the ECAPA-TDNN and Wav2Vec2.0 embeddings via
score and embedding fusion schemes, the resules of which can be seen in Table 7.1 (d, ).
While computing the final score p from ECAPA-TDNN and Wav2Vec2.0 prediction prob-

abilities, we empiricaﬂy optimize the Weighting parameter (¢ On test set in P = Q% Py2y2 +
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Accuracy

Model R p B I F TA  UAR F

a) MFCCs (Baselines)

StutterNet 2199 2778 198 4999 8818 60.33 48.00 39.20
MB StutterNet 2870 3789 958 5765 7443 5704 4180 4120
MB (Kourkounakis et al., 2020) 3479 30.19 592 4926 7547 5562 3913 3920

b) Embedding: ECAPA-TDNN

k-NN 1782 640 6.09 2658 7155 4573 2580 25.60
NBC 2215 13.84 942 3146 6357 4404 2800 2820
NNet 23.06 11.67 579 4329 6948 4912 33.20 30.80
k-NN + LDA 2192 1193 856 26.6 6677 4437 2740 2740
NBC + LDA 11.99 724 252 2543 8877 5353 2720 26.80
NNet + LDA 2451 1033 5.03 4449 6873 4881 3240 30.20
¢) Embedding: Wav2Vec2.0
k-NN 2448 888 1133 54.02 8410 5885 3640 37.60
NRC 41.62 1733 3575 36.88 6096 4874 38.60 38.00
NNet 4631 3555 1417 66.07 8114 64.69 5220 49.00
k-NN + LDA 4722 3879 1828 6587 7852 6384 4980 50.20
NBC + LDA 4261 3817 1713 6729 8581 6729 5020 5240
NNet + LDA 50.15 3925 1803 7183 8050 66.59 5380 52.60
d) Score fusion: ECAPA-TDNN and Wav2Vec2.0
k-NN + LDA 4406 3695 16.13 64.61 8270 6518 49.00 50.20
NBC + LDA 4175 38.63 1660 6683 86.78 6773 5040 52.60
NNet + LDA 4358 3894 1911 6736 84.63 6726 50.80 52.60
¢) Embedding fusion: ECAPA-TDNN and Wav2Vec2.0
k-NN + LDA 4538 3729 1792 6218 80.68 64.08 48.60 50.00
NBC + LDA 4422 4001 1970 67.61 8455 6744 5140 53.20
NNer + LDA 4413 38.02 1839 6644 8453 67.00 5520 52.00
f) Embedding fusion: LO + L6 + L10
k-NN + LDA 4698 4218 2096 6628 8224 6630 51.60 53.00
NBC + LDA 4846 4784 2851 7041 8033 6745 5500 55.60
NNet + LDA 46.79 40.79 2386 6954 8432 6835 5720 54.60

Table 7.1.: SD results on SEP-28k stuttering dataset (TA: Total accuracy, B: Block , F: Fluent , R:
Repetition , P: Prolongation , I: Interjection, UAR: Unweighted average recall, F1: Macro
F1 score, BLs: Baselines, MB: Multi branch) for different methods. The results reported
for Wav2Vec2.0 are from L10.
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(1—a)*Pecapa and we found o« = 0.9 gives the best results. The ECAPA-TDNN representa-
tions which contain rich information about speakers’ identity further enhances the overall
detection performance of 2.1% using k-NN, 0.65% using NBC, and 1% using NNet. How-
ever, it doesn't contain enough rich information about suprasegmental, emotional content,
etc., which are incredibly important for disfluent classes, thus acting as a negative transfer
for some of them. Moreover, concatenating the ECAPA-TDNN and Wav2Vec2.0 speech
embeddings results in a further relative improvement of 8.66% in UAR using NNet.

Each layer of the Wav2Vec2.0 model contains different speech representations, ex-
ploiting this fact, we integrate the representations after applying LDA (of component size
four) from the local encoder (L0), L6 and L10 from contextual block C, resulting in a RANx12
dimensional data. Concatenating information from multiple layers further improves the
minority class recognition including prolongations and blocks by a relative margin of 7.29%
and 29.74% respectively using NNet. Moreover, the embedding fusion also enhances the
UAR by a relative margin of 19.17%, 36.84%, 46.18% over the MECC-based baselines Stut-
terNet, MB StutterNet, and MB ResNet+BiLSTM (Kourkounakis et al., 2020) respectively
mentioned in Table 7.1 (f).

We found that combining speaker embeddings with contextual Wav2Vec2.0 embed-
dings acts as a negative transfer for most of the disfluent classes except fluent category as
shown in Table 7.1 (d, ¢). The stuttering characteristics vary from person to person and
speaker embeddings in ECAPA-TDNN are trained in a manner to capture unique speaker
attributes without focusing or giving much attention to other meta-data such as linguistic
content and prosodic information. Usually, the Wav2Vec2.0 model captures acoustic infor-
mation in the initial layers of contextual block, while the middle layers are more suitable
for semantic, phonetic and class-related information (Mohamed et al., 2022; Bacevski et al,,
2021). Based on the results from Table 7.1 (f) and Figure 7.4 (d) where the middle layers show
more JFj score for stuttering detection, it seems reasonable to hypothesize that the stutter-
ing is mostly related to phonetic and semantic information than the acoustic information
which are captured in initial ]ayers of Wav2ec2.0 contextual embeddings. An interesting
question might arise "finding the impact of finetuning Wav2Vec2.0 model in stuttering de-
tection domain in the same language and cross language settings i.e., Is stuttering uniform

across cross lingual settings or it does vary with the language"?. This is a very interesting
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research question and it needs to be studied and evaluated deeply in collaboration with the

speech therapists and phoneticians.

7.6. Evaluation on KSoF dataset in ComParE
2022 stuttering sub-challenge

The ACM Multimedia 2022 ComParE proposes four sub-competitions including Vo-
calisations, Stuttering, Activity, & Mosquitoes (Schuller et al., 2022). Among these, we only
focus on the Stuttering (KSF-C) sub-challenge. In this sub-challenge, the task was to classify
the speech segments into one of the eight categories including tiller, garbage, prolongation,

sound repetition, block, modified, word repetition, and no_disfluency (fluent).

7.6.1. KSoF

The KSoF is a German stuttered dataset collected recently and is comprised of 5597
three-second stuttered speech clips extracted from 214 recordings of 37 PWS with 28 males
and 9 females (Bayerl et al., 2022a). This dataset contains a recording from three types of
environments including telephonic conversation, read speech, and spontaneous speech. Af-
ter collecting the stuttered recordings, the samples were downsampled to 16 kHz and were
labelled by three annotators (please refer Appendix A). More than one label was assigned
to some of the stuttered samples. However, in this ComParE challenge, after removing am-
biguous samples, only 4601 stuttered samples were provided. For this task, we eliminated
all parts with unclear labels, leaving only 4601 segments. The data is split into speaker dis-
joint sets with train set having 23 speaker, validation set having 6 speakers, and test set with

8 speakers.

7.6.2. Proposed framework

For this ComParE challenge, we use only the base pre-trained model of 768 embed-
ding dimensions (trained on 960 hours of data) and we extract embeddings from the £
block and from 12 layers of C block for SD. Moreover, we use statistical pooling over
the temporal domain and concatenated the mean and standard deviation, resulting in a

768 x 2-dimensional feature vector before passing it to the downstream classifiers except
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Class  Train  Val  Test >

B 310 102 176 588
SR 169 038 132 339
Fi 205 104 083 392
G 052 033 016 101
M 687 185 331 1203
P 183 053 110 346
WR 053 023 018 094
ND 830 444 264 1538

> 2489 982 1130 4601

Table 7.2.: Distribution summary of KSoF ComParE stuttering dataset (G: Garbage, Fi: Fillers, P;
Prolongation, SR: SoundRepetition, B: Block, M: Modified, WR: WordRepetition, ND:

no_disfluencies).

multi-branched (MB) StutterNer®, where we pass the 768 x T-dimensional speech embed-

dings directly. The block diagram of proposed framework is shown inFigure 7.5.

7.6.3. Training details

We train the MB StutterNer and a shallow NNet (discussed in section 7.3) with Adam
optimizer on a cross entropy loss function (L = Lf + Ly, Ly : FluentBranch loss, Lq : Dis-
fluentBranch loss similar to (Equation (7.7)) using a learning rate of le-2, with a batch size of’
128 over 50 epochs. The shallow NNet is composed of two branches including FluentBranch
and DisfluentBranch with each branch having three FC layers. Each FC layer is followed by a
ReLU activation function and a 1D-batch normalization. A dropout of 0.3 is applied to the
first two FC layers. A patience of seven is applied on a validation loss to stop the training
criteria. We train the MB StutterNer with two input features including 20 x 7" MFCCs
and 768 x T speech embeddings extracted from Wav2Vec2.0. For SVM (Murphy, 2012),
we experiment with different kernels including linear, polynomial, radial basis function,
and sigmoid, however, in this thesis, we report the results only with the linear kernel. For
kE-NN (Murphy, 2012), we choose the value of k& = 5 empirically by grid search using the
elbow method with p = 2 (Euclidean) distance metric. A statistical pooling (mean and

standard deviation) is applied to Wav2Vec2.0 768 x T speech embeddings before pass-

*The MB StucterNet is discussed in Chapter 5.
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Stutter Type
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Figure 7.5.: Block diagram of the proposed pipeline for stuttering detection on KSoF ComParE stut-
tering challenge (NNet: Shallow neural network, SVM: Support vector machine, NBC:
Naive Bayes classifier, KNN: k- nearest neighbor, MB: Multi branch). For shallow NNet,
SVM, NBC, and KNN, the input is speech embeddings only extracted from Wav2Vec2.0.

ing them to k-NN, NBC (Murphy, 2012), SVM, and NNet downstream classifiers. We use

PyTorch and Scikit-learn for implementation purposes.
Etot.(eevefaed) - Ef(eeagf) +£d(9679d) (77)

where 0, 6, and 0, are parameters of base encoder, FluentBranch and DisfluentBranch re-

spectively.

7.7. Results and discussion

7.7.1. Evaluation

We experiment with different speech embeddings extracted from various layers of a
Wav2Vec2.0 pre-trained model. The extracted speech embeddings improve the detection
performance of almost all the classes over the baseline. Similar to (Schuller et al., 2022), we
also found that the word repetitions are the most challenging ones to recognize. Among the
various layers, layer five (L5) shows the best performance on UAR with all the downstream

classifiers except for NBC, where, speech embeddings from layer nine (L9) perform better.
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Fillers, P; Prolongation, SR: SoundRepetition, B: Block, M: Modified, WR: Word Repe-

tition, ND: no_disfluencies, TA; Total accuracy)
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Figure 7.7. shows the impact of various speech layer embeddings in SD with downstream
classifiers. As presented by the plots, the first initial and last layers show lower UAR in
comparison to the middle layers. We hypothesize that the lower layer speech representa-
tions contain information only from smaller contexts, and passing this information after
statistical pooling to SVM, k-NN, NBC, and NNet further inhibits it in learning stutter-
specific patterns. Furthermore, (Shah et al., 2021) have also shown that the middle layers are
good at capturing fluency and pronunciation features which are extremely important for
stuttering detection, while initial layers of Wav2Vec2.0 exhibit more deviation in learning
fluency (e.g., speech rate, pauses, etc.,) and pronunciation (e.g., vowels, consonants, sylla-
bles, stress, etc.,) features. The trend also shows that the UAR curve decreases for the last
layers. This is most likely due to the reason that the Wav2Vec2.0 model is fine-tuned and
adapted towards the ASR task similar to SEP-28k dataset as dicusses previously, and it is
quite possible that the information such as prosody, stress, and emotion state gets diluted,
as also can be confirmed from the study by (Shah et al., 2021). We also observe that the im-
provement gap between MFCC-based systems and Wav2Vec2.0 embedding-based systems
is lower than the study carried out above in Section 7.5. The most obvious reason seems
the linguistic information between the two datasets. In previous Section 7.5, we used the
SEP-28k corpus for the downstream SD task, which is also an English language stuttering
dataset that coincides with the language of the LibriSpeech on which the Wav2Vec2.0 model
was trained. Contrary to the SEP-28k dataset, there is a possibility of the loss of linguistic
information while extracting embeddings of the KSoF German dataset (provided in this
ComParE challenge) from the English-based Wav2Vec2.0 pre-trained model.

In addition, we experiment by concatenating the MFCC features to cach speech em-
beddings layer of Wav2Vec2.0 after applying statistical pooling to both the features and
using the downstream classifiers k-NN, SVM, NBC, and shallow NNet for SD, the plots
of which are shown in Figure 7.7. We observe from the curves that the concatenation of
MFCCs with layer embeddings only helps slightly for the SVM classifier while for A-NN
and NBC, it remains almost unchanged. For shallow NNet, the UAR degrades while con-
catenating MFCC and speech embeddings. Over the CBL baseline, the SVM with speech

embeddings and concatenated (MFCCs+speech embeddings) results in a relative improve-
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Accuracy

Model Feature G Fi P SR B M WR  ND TA  UAR(V) UAR(T)
(Schuller et al.; 2022) (CBL) DS NA NA NA NA NA NA NA NA NA 28.1 404
MB StutterNet MFCCs 2121 1471 3585 1842 4327 7838 0.00 2027 3340 29.0 NA
SVM (Linear) L5 9.09  69.61 2264 23.68 3269 7027 0.00 6757 5693 36.9 41.0
SVM (Linear) MFCCs:L5 2121 59.80 2642 2632 3942 7135 0.00 56.08 5234 37.6 42.6
NBC L9 4546 4118 30.19 2632 3942 7081 0.00 0856 29.84 32.7 NA’
NNet L5 6.06 59.80 2642 1053 000 7514 435 81.08 59.17 32.9 NA
MB StutterNet L5 1515 7157 3208 1579 3942 7622 0.00 5743 5479 385 40.3
MB StutterNet L5:L9 03.03 8137 2830 2895 5096 7460 435 5450 5540 40.8 42.6
MB StutterNet Z;‘, L; 1212 7843 39.62 2632 5865 80.00 0.00 3288 47.86 41.0 42.7

Table 7.3.: SD results in accuracy and UAR (G: Garbage, Fi: Fillers, P; Prolongation, SR: SoundRep-
etition, B: Block, M: Modified, WR: Word Repetition, ND: no_disfluencies (fluent), TA;
Total accuracy, V: Validation set, T: Test set, CBL: Challenge baseline, CE: Cross entropy,
WCE: Weighted cross entropy, UAR: Unweighted average recall, V: Validation set, T: Test
set, DS: Deep spectrum features, L;: Embeddings from layer 4, ™" is concatenation, Zz L;:
Summing information over all embedding layers).

ment of 31.32%, and 33.81% on the validation set, and 1.49% © and 5.45% on the test set
respectively. We make use of the fact that each layer of the Wav2Vec2.0 model has different
information and passing the summation over all layers (ZZ L;) to MB StutterNet results in
a relative improvement of 45.91% on the validation set and 5.69% on the test set in UAR
over the challenge baseline (CBL) as shown in Table 7.3.

After analyzing various confusion matrices (one shown in Figure 7.6) from the SD
systems mentioned in Table 7.3, we found the trend that the most of the disfluent classes
are still being falsely classified as ND (no_disfluencies class), and confusion in garbage is max-
imum followed by word repetitions, sound repetitions and blocks. This makes intuitive sense
because the reperitions contain certain words or phrasal parts that, when examined individ-
ually, reveal themselves to be fluent utterances. Consider the phrase, "for for the movement”.
The word for is repeated twice, however, it is a fluent component if two fors are examined
separately. For garbage, it is hard to understand the reason since it is either unintelligible
or contains no speech. Furthermore, we observe that switching from inputting speech em-
beddings from a single layer to summing information across all layers (ZZ L;) reduces the

confusion rate of various classes for MB StutcerNet.

“We were only allowed to submit five UAR results on the test set due to the restriction in this ComParE

challenge.
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7.8. Summary

The automated stuttering detection task suffers from a lack of unlabeled data and
thus limits the application of large deep models. To address this issue, we introduced a self-
supervised learning framework that first learns a feature extractor for a pre-text task on a
large amount of audio data and then employs the learned feature extractor for the down-
stream stuttering detection task with limited audio data. We investigated ECAPA-TDNN-
based speaker recognition and Wav2Vec2.0-based speech recognition as two separate pre-
text tasks trained on VoxCeleb and LibriSpeech, respectively. Our study reveals that contex-
tual embeddings associated with speech recognition tasks are more appropriate for SD than
speaker embeddings. We found that Wav2Vec2.0-based contextual embeddings yielded at
least 19.17% relative improvement in UAR over the competitive state-of-the-art systems
trained only on limited labeled data. We further improved SD performance by combin-
ing embedding from different layers of the Wav2Vec2.0 model. We also found that post-
processing the extracted embeddings with LDA improves classification performance. Our
benchmarking experiments with three different classifiers for downstream tasks reveal that
asimple MLP-based neural network performs best and it opens up opportunities for furcher
advancements.

Even if the proposed self-supervised framework substantially improved the SD per-
formance over baselines, the performance is still relatively low as compared to other speech
applications, possibly due to the presence of a mismatch effect in podcast recordings and
class imbalance during training. The future work includes further investigations of the pro-
posed approach by compensating for those effects. In our present work, we did not utilize
the stuttering labeled dataset for training the pre-text task. This work can also be extended
by including this dataset in this stage which may mitigate the audio domain mismatch be-

tween pre-text and downstream tasks.






8. Conclusion and future research
perspectives

We conclude this thesis by summarizing the key findings and overall contributions,
followed by a list of open challenges in stuttering detection domain. Finally, we give a
broader perspective for the practical application of the methods presented in this thesis

from the clinical point of view.

8.1. Conclusion

The primary purpose of this thesis is to create deep learning based stuttering classi-
fication systems that might help speech pathologists and PWS in distinguishing fluent and

disfluent speech. Recall the main question of this thesis that we highlighted in Section 1.1:

Can we devclop audio based stuttering detection systems which succcssfully caprure diﬂérent vari-
ablities from scarce stuttering audio datasets ?

To address this question, firstly, we propose in Chapter 4, the first-ever single multi-
class StutterNet classifier for stuttering detection. To learn and capture the temporal con-
text of different types of disfluencies/stuttering classes, the proposed StutterNet first com-
putes the MFCC features from raw stuttered utterances, which are then forwarded to the
TDNN. The results show that the StutterNet achieves considerable gain in overall average ac-
curacy compared to the residual neural network and convolutional long short-term memory
based state-of-the-art methods on UCLASS and SEP-28k datasets. By optimizing the filter
bank size, context window, and layer size, we discovered that context window optimization
boosts the efficiency of detecting prolongation and repetition types. The performance of

StutterNet improves with increasing context for the identification of prolongation and rep-
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etition disfluencies, while it degrades for fluent segments and is remains almost unchanged
for block stuttering. Even though the proposed model showed promising results in SD,
but the improvement is bounded and limited due to class-imbalance problems, and the un-
availability of large stuttering datasets. This limitation was eventually addressed by the use
of class-balanced learning, data augmentation, and self supervised learning in Chapter 4,
Chapter 5, and Chapter 7.

In Chapter 5, we consider MB StutterNet, a variant of above mentioned StutterNet,
which addresses class-imbalance in stuttering detection domain via multi-branch training
scheme. Inspired by the fact that the number of fluent class samples is almost equal to the
total number of samples in disfluent classes as described in Figure 5.1, we simultancously clas-
sify fluent vs disfluent classes in one output branch and subcategories of disfluent classes
in another output branch. Furthermore, we contribute by offering thorough study on how
to use class-balanced training by adding additional weights to minority stuttering classes
in the loss function, which considerably enhances their detection performance. In addi-
tion, we thoroughly test our models under simulated noisy ambient conditions by applying
data augmentation to the stuttered speech. The employment of data augmentation is not
straightforward, because most of the data augmentations like time stretch, speed perturba-
tion, etc., alter the underlying structure of the stuttering speech sample completely. Our
approach employs techniques such as noise, babble, music, and reverberation reflecting real-
world scenarios and doesn’t change the underlying structure of the stuttering speech com-
pletely in order to further test SD methods in real-world settings. As discussed above, we
further employ variable contexts, and presented MC StutterNet (please refer to Figure 5.3)
to jointly learn different contexts of stuttered speech utterance, where a context optimised
for one disfluent class is not good for another class. The experiments show & 7% relative
improvement in macro-F1 score over the vanilla StutterNet.

Chapter 6 presents MTL framework motivated by the way humans perceive speech
and decode its meta characteristics such as emotional content, speaker traits, ete. In this
thesis, we particu]arly exploit speaker characteristics as an auxiliary task in a MTL SD.
In addition, this chapter also provides an adversarial learning based MTL framework for
stuttering detection based on the hypothesis that stuttering is affected by various meta-data

contents such as speaker information, recording conditions, age, accent, etc. We investigate
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speaker information and try to learn speaker invariant stutter features.

In Chapter 7, we employ SSL to stuttering detection domain. We first use pre-trained
Wav2Vec2.0 SSL model as a feature extractor, which is trained on massive amounts of non-
stuttering unlabelled data with an assumption to capture different recording conditions,
gender, age, linguistic content, paralinguistic information, and so on. These extracted fea-
tures of stuttering labeled dataset from Wav2Vec2.0 model are then benchmarked with
shallow neural necwork and MB StutterNet. We extensively evaluate our methodology and
compared with the MFCC based input baseline features. We found that the features learned
using SSL setup are rich enough to capture different types of stuttering and outperformed
over the baseline MFCC based features. We also found that the middle layers of Wav2Vec2.0
model are good at capturing information such as paralinguistics, phonetic features, etc.,
which helps the model to capture more stutter related representations and its types. In ad-
dition, we found that the last layers of Wav2Vec2.0 model slightly degrades the stuttering
detection performance due to the fact that the model was adapred towards ASR task, and
there is a possibility of loss of prosodic, emotional content that are extremely important
for stuttering detection.

Even though the proposed models in this thesis have shown great improvement in the
stuttering detection domain, there are some limitations associated with these models. The
performance of advanced StutterNet is yet to be investigated on the actual clinical stutcer-
ing datasets, the collection of which is under process. The issue with the current stuttering
datasets is the noise in annotations, which are labeled by phoneticians not by expert speech
therapists. So there is a possibility that a model such as StutterNet trained on noisy labels
can perform poorly in actual clinical settings. Moreover, our methodology is based on an
assumption that each stuttering Speech samp]e is having a dominant unique disﬂuency in
it, however stuttering rarely comes alone. This can cause variations in the outcome predic-
tions of the trained models such as StutrerNer and its variants, when fed with such kind of
distleunt speech samples having multiple disfluencies in them. In addition, models trained
in one domain such as language, recording conditions, accents, speakers, linguistic content,
etc., preform poorly in another domains such as cross corpora settings, etc. Analysing the
performance of our methodology in cross corpora settings as discussed in Chapter 5, we

observe a drop in the detection performance of stuttering and its types. The current thesis
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focuses only on the global detection and identification of disfluencies, if embedded in a
speech utterance, however, it didn’t take into account where actually the stuttering occurs
i.c., which frames in particular, in the stuttered speech signal are the disfluent ones.

Based on our initial investigations, we also found that some stuttering types are not
clearly discernible in acoustic domain, and the proposed methodology in this thesis is likely
to misrepresent those samples, However, those samples were clearly visible by the visual cues
(c.g., head nodding, lip tremors, quick eye blinks, and unusual lip shapes) that can act as
a complementary information to the acoustic domain, thus opens the door for multi-modal

stuttering detection systems.

8.2. Future perspectives

The techniques presented in this thesis have a lot of potential for expansion. In this
section, we discuss some possible future perspectives.

Overall, this thesis is one of the several potential beginning steps towards developing
automartic stuttering detection systems for clinical settings. As discussed above, disflu-
encies rarely come alone, we can exploit multi-label training schemes by involving expert
speech therapists to direct the StutterNet to make robust predictions in classifying the mul-
tiple disfluent samples into respective mulciple labels. In addition, soft/fuzzy clustering
algorithms can also be exploited for multiple disfluent samples. Exploiting speaker infor-
mation, which we study in Chapter 6 in learning speaker-invariant stutter representations,
additional meta-data such as language, linguistic content, age, recording conditions, etc.,
can also be explored in adversarial MTL setup to make stutter representations more robust
and invariant to these meta-contents.

In learning frame-wise stuttering detection, the methodology proposed in this thesis
can be adapted like sequence-to-sequence learning paradigm in conjunction with CTC loss
to reveal the disfluent type at each frame-level in the stuttered speech utterance. Similar to
part of\speech ragging, ]anguage models such as bidirectional encoder representations from
transformers models can also be adapted for frame-level disfluency detection, which later
on can be auto-corrected on the fly and can be tuned towards ASR task.

Stuttering can also be characterized as an audio-visual problem. Cues are present

both in the visual (e.g., head nodding, lip tremors, quick eye blinks, and unusual lip shapes)
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as well as in the audio modality. This multimodal learning paradigm could be helpful in
learning robust stutter-specific hidden representations across the cross-modality platform,
and could also help in building robust automatic stuttering detection systems. Self- super-
vised 1earning such as AV-HuBERT, Whisper models can be exploited to capture acoustic
stutter-specific representations based on guided video frames. This framework could be
helpful in learning stutter-specific features from audio signals guided by visual frames or
vice versa (Shukla et al, 2020). Textual and magnetic resonance imaging modalities can
also be added on top to enrich the stuttering latent representations. In addition, functional
magnetic resonance imaging modality of stuttering can be used to explore and explain the
stutter latent embedding space, which the model is trying to learn from acoustic input
feature space.

For privacy preserving, adversarial and federated learning are the tools that can be
employed with the models proposed in this thesis in developing privacy preserving stuttering
detection systems. In federated learning paradigm, the SD model can be downloaded from
the cloud onto the edge devices such as mobile phones and trains the model on each mobile
device separately using their local disﬂuent data only. These 1oca]1y trained models will then
be transmitted from the devices to the main server in encrypted form, where they will be
integrated, by weight averaging, etc,. and a single consolidated and enhanced global model
will be delivered back to the devices without compromising their privacy.

Different studies have used different evaluation metrics to test the performance of
their SD systems. Accuracy, Fl-score, UAR, etc., have been used widely in SD. However,
there is no single consistent metric that is being used across the SD community which
makes it hard to compare the newly developed SD systems to the existing ones. Moreover
the unbiased nature of these metrics doesn’t reflect the true evaluation performance of SD
methods. There are no consistent data selection (train/val/test) rules and no clear evaluation
protocol for evaluating various SD methods which makes it extremely difhicult to compare
the proposed SD methods with the state-of-the-art SD techniques. Therefore, it is essential
to have a unified data selection procedure for comparing the performance of different SD
systems, as well as a single consistent evaluation metric, such as macro Fl-score, which
considers the class count when evaluating the performance of the SD methods.

One more potential work could be the synthesis of stuttered speech using generative
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techniques such as generative adversarial networks and diffusion models that can act as a
stutter-specific data augmentation for the models proposed in this thesis. This can be further
studied by generating a cross lingual/domain stuctered speech samples that aims to generate
the stuttered speech from the same speaker but in another language, or from a different
speaker in the same language, or from a different speaker in a different language.

Last but not least, it is really interesting to evaluate and analyse how the methodol-
ogy presented in this thesis performs in other speech disorders such as apraxia, cluttering,

lisping and dysarthria.



A. Appendix: Stuttering datasets

Stuttering datasets

Data is an indispensable component of any deep learning model. Deep learning saves
feature engineering costs by automatically generating relevant features, however, requires
substantial amounts of annotated data. Most stuttering identification studies so far are
based on in-house datasets (Howell et al., 2009; Kourkounakis et al., 2020; Lea et al., 2021;
Ratner and MacWhinney, 2018; Bayerl et al., 2022a) with limited speakers. In the stuttering
domain, there is a lack of datasets and several stuttering datasets that have been collected

so far are discussed below:

UCLASS

The most common concern in stuttering research is the lack of training data. UCLASS
English public dataset (although very small and unlabelled) is the most commonly used
amongst the stuttering research community (Howell et al., 2009). The UCLASS comes in
two releases from the University College London’s department of psychology and language
sciences. This contains monologues, conversations, and readings with a total audio record-
ing of 457. Some of these recordings contain transcriptions like orthographic, phonertic,
and standard ones. Of these, orthographic are the ones that are best suitable for stutter la-
belling. The UCLASS! release 1 contains 139 monologue samples from 81 PWS, aged from

5 to 47 years. The male samples are 121 and the female samples are 18.

LibriStutter

The availability of a small amount of labelled stuttered speech led to synthetic Lib-

riStutter’s creation (Kourkounakis et al., 2020). The LibriStutter (English) consists of 50

"http://www.uclass.psychol.ucl.ac.uk/uclassl.htm

m
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Dataset Language Speech Type Data (hrs) Ac

UCLASS Eng (110 M, 18 F)  Monologue ~ ~5.19 (4.7K)  Pb (Un)
LibriStutter Eng (23 M, 27 F) Synthetic ~ 20.00 (15K) Pb
FluencyBank Eng (32 PWS) Interview ~ 03.50 (4K) Pb

SEP-28k Eng (385 Podcasts) CS ~ 23.00 (28K) Pb

KSoF Gr (28 M, 9 F) CS, RS, SS =~ 04.64 (5.6K) Pr

Table A1 Stuttering datasets (audio) (C: Conversational speech, RS: Read spcech, SS, Spontaneous
speech, Ac: Accessibility, Eng: English, Gr: German, Pb: Public, Pr: Private, Un: Unan-
notated, M: Male, F: Female)

speakers (23 males and 27 females), is approximately 20 hours and includes synthetic stut-
ters for repetitions, prolongations, and interjections. For each spoken word, Kourkounalkis
et al. (2020) used Google cloud speech-to-text application programming interface to gen-
erate timestamp correspondingly. Random stuttering was inserted within the four-second
window of each speech signal. The details about the 10-fold datasplit are shown in Ta-
ble A.2.

SetID  Train  Val Test >

1 143875 19579 17301 180755
2 143777 18314 18664 180755
3 147560 15181 18014 180755
4 146403 19003 15349 180755
5 146867 16101 17787 180755
6 143002 18956 18797 180755
7 144858 17588 18309 180755
8 146228 17502 17025 180755
9 145761 17994 17000 180755

10 146841 16651 17263 180755

Table A.2.: LibriStutter dataset split with number of train speakers = 40, validation speakers = 5,
testing speakers = 5. We randomly selected 80% (40) speakers for training, 10% (5) speak-
ers for validation , and remaining 10% (5) speakers for testing. The numbers describe the

count of samples in 10-fold cross validation scheme.
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SEP-28k

The public unlabelled stuttering datasets are too small to build well generalizable SD
systems. To address this, Lea et al. (2021) recently curated a public version of stuttering
events in podcasts (SEP-28k) dataset. This dataset contains total three-second samples of
28,177 extracted from 385 podcasts which contain utterances from PWS conversing with
other PWS. The SEP-28k dataset is the first publicly available annotated dataset. The
original SEP-28k dataset contains two types of labels: stuttering and non-stuttering labels.
The stuttering labels include blocks, prolongations, repetitions, interjections, and fluent
segments, whereas the non-stuttering labels include unintelligible, unsure, no speech, poor

audio quality, and music which are not relevant to our study.

FluencyBank

This is a shared database for the study of fluency development which has been devel-
oped by Nan Bernstein Ratner (University of Maryland) and Brian MacWhinney (Carnegie
Mellon University) (Ratner and MacWhinney, 2018). The platform proposes stutter files
with transcriptions of adults and children who stutter. The FluencyBank is an interview
data of 32 PWS. In this thesis, we use the annotations developed similar to SEP-28k paper

from (Lea et al,, 2021). The total samples are 4,144 including stuttering and non-stutering

labels.

KSoF

The KSoF is a German stuttered dataset collected recently and is comprised of 5597
three-second stuttered speech C]ips extracted from 214 recordings of 37 PWS with 28 males
and 9 females (Bayerl et al,; 2022a). This dataset contains a recording from three types
of environments including telephonic conversation, read speech, and spontaneous speech.
After collecting the stuttered recordings, the samples were downsampled to 16 kHz. This
dataset also provides meta information in terms of gender, microphone type, and Speaker
identity. Like SEP-28k, the KSoF dataset also contains two types of labels: stuttering and
non-stuttering labels. The stuttering labels contain core behaviors with blocks, prolonga-
tions, repetitions, interjections, and fluent segments, while non-stuttering labels include

natural pause, unintel]igib]e, unsure, no speech7 poor audio qua]ity, and music.
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In this manuscript, we used mainly SEP-28k dataset for experimental purposes and
FluencyBank for cross corpora evaluation purposes. For StutterNet, we tested it on both

UCLASS and SEP-28k datasets.



B. Résumé étendu

B.1. La motivation

Au cours des dernieres décennies, I'incerér pour la creation de systemes imitant la
facon dont les humains comprennent et appré¢hendent la parole en termes de contenu lin-
guistique, de personna]ité, de sexe, d’ﬁge, de santé, d’émotion et d’autres signes para]in—
guistiques tels que le bégaiement ou les disfluences (Huang ct al., 2001; Guitar, 2013). Les
methodes les plus pratiques et les plus expressives de la communication humaine sont la

N / I ..
parole et 'écoute. Pendant la parole, le cerveau execute une serie de processus cognitifs en
termes de sélection, d’activation et d’organisation d’unicés lexicales et sensori motrices qui

/ . . - 51 / / .
sont necessaires aux articulateurs de la parole pour delivrer I'énonce vocal prevu (Harring-
ton and Tabain, 2013). Normalement, I'¢énonce de la parole est régi par un certain nombre
de processus non lincaires ou les locuteurs remodelent continuellement la direction de leur
discours. Ils peuvent faire une pause pour réfléchir a ce qu’i]s vont dire ensuite, repren-
dre une phrase dé¢ja prononcée, ajouter quelque chose de nouveau ou abandonner I'énonce
en cours (Kosmala, 2021; Hardcastle et al., 2012). Par consequent, les ¢nonces oraux sont

/ ! . .
souvent regules par des cycles de parole fluente (lexicalement et grammaticalement exact)
contre disfluente (¢léments non-lexicaux qui perturbent le flux du discours) (Kosmala, 2021).

Notez que les disfluences normales sont utiles dans la production du discours puisquelles
peuvent etre prises en compte a un moment ou le locuteur peut corriger ou planifier le dis-
cours a venir. Cependant, dans les cas comme les troubles de la parole ou les déficiences, les
disfluences normales n’aident pas le locuteur a organiser son discours.

Contrairement aux personnes ne présentant aucun trouble de la fluidice, les PWS
savent ce qu'elles veulent prononcer mais sont momentanement incapables de le faire en
raison du dysfonctionnement de leur systeme nerveux central dans la géneration des sche-

mas de commandes motrices nécessaires a la production d’un discours fluide (ASHA, 2020
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Smith and Weber, 2017).

Les troubles de la parole font qu'il est difficile pour les PWS de former des paroles
correctes et nécessaires et alterent la capacite d’une personne a produire ces paroles correctes
qui leurs permettent de communiquer avec les autres (Guitar, 2013; Ward, 2017).

Ces troubles peuvent toucher tous les groupes d’age et prennent géneralement la
forme d'un begaiement, d'une apraxie (le cerveau est incapable d'envoyer un message exact
aux muscles de la parole), d’'une dysarthrie (caus¢e par une faiblesse musculaire), ou en-
core d'un encombrement (parole trop saccadée ou trop rapide) (Guitar, 2013; Ward, 2017,
Dufly, 2019). Parmi ces troubles, le bégaiement ou balbutiement est le plus fré¢quemment ren-
contre (Minnis, 2020). Le dysfonctionnement des regions sensorimotrices responsables de
la production de la parole entraine le bégaiement sous la forme de comportements principaux
comprenant les répétitions, les blocages et les prolongations et son évolution est dirigée par des
aspects lexicaux et psychologiques (Smith and Weber, 2017; Guitar, 2013). Contrairement
a d'autres troubles de la parole, le begaiement peut ¢tre traite si une intervention precoce
est mise en place pour aider les PWS a atteindre une fluidite normale (Guitar, 2013). Avec
les progres des technologies vocales et I'utilisation géneralisée des interfaces vocales, allant
des applications mobiles aux assistants numériques, tels que Cortana, Siri, etc, la commu-
nication entre les utilisateurs finaux a ¢ee facilitce. Piloter par les appareils domestiques
intelligents, on estime a 8 milliards le nombre d’assistants vocaux numeriques utilises d'ici
2030. D’une part, une technologie vocale comme celle-ci ameliore I'utilisation des gadgets
au quotidien et facilite la vie de certains groupes minoritaires tels que les personnes en sit-
uation de deficience visuelle ou physique qui sont incapables d"acceder au mode textuel des
appareils. D’autre pour les personnes souffrant de problemes d’¢locution, une technologie

aussi influente reste inaccessible.

B.2. Objectifs

Lors des scances de traitement et de thérapie conventionnelles, les orthophonistes
ou les audiologues analysent manuellement la parole du patient (Noch et al., 2000). Les
orthophonistes observent et surveillent les schemas d’¢locution des PWS pour les recti-
fier (Guitar, 2013). Cette convention de SD est tres laborieuse, prend beaucoup de temps et

est éga]emem influencée par la croyance idiosyncrasique des 01‘th0phonistes. Par ailleurs,
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ils peuvent ne pas ¢tre disponibles en permanence. De plus, les ASR fonctionnent bien pour
une parole normale et fluide, mais ils ne parviennent pas a reconnatitre les begaiements (Mi-
tra ct al,, 2021), ce qui ne permet pas aux PWS d’acceder facilement aux assistants virtuels,
comme indiqué précédemment. Par conséquent, les systémes SD automatiques interact-
ifs qui fournissent une ¢valuation impartiale et cohérente de la parole begayee sont forte-
ment encourages. Nous pensons que ces systemes de detection automatique du begaiement
fourniront ¢galement une ¢valuation juste, cohérente et impartiale de la parole begayee qui,
plus tard, pourra ¢galement étre adapeee aux assistants numeriques vocaux pour les PWS.
Malgre le fait qu'il ait de nombreuses applications potentielles, tres peu dattention a
¢e¢ accordee a la recherche dans le domaine du SD et de la mesure, ce qui est Pobjectif prin-
cipal de cette these. La detection et Iidentification des ¢pisodes de begaiement peuvent
¢tre un probleme difficile et complexe en raison de plusieurs facteurs variables, notamment
la langue, le sexe, I'age, 'accent, le débit de parole, etc. La plupart des travaux antérieurs
sur les methodes de SD sont bases soit sur des systemes de ASR (Alharbi et al., 2018, 2020)
ou des modeles de langage (Zayats et al,, 2016a; Chen et al,, 2020). Ces methodes sont des
approches en deux ¢tapes qui convertissent d’abord les signaux acoustiques de la parole en
leur modalit¢ textuelle correspondante, puis détectent le begaiement par 'application de
modeles de langage. Bien que cette approche en deux ¢rapes basce sur le ASR pour iden-
tifier le begaiement ait donne des résultats prometeeurs, la dependance a 'egard de I'unice
ASR la rend cotiteuse en caleul et sujette aux erreurs. De plus, 'adapeation a la tache ASR
entraine la perte possible d'informations relatives au bégaiement telles que les informations

prosodiques, emotionnelles et autres informations paralinguistiques. En resume,

Nous essayons de developper des systemes de détection de bégaiement bases sur laudio qui capturent
avec succes les diﬂé‘cntes variabilicés des énoncés audio de bégaicmem et qui permettent de distinguer
entre la parole fluente et diverses catégories de parole disfluente telles que les blocages, les prolonge-

ments, les répétitions et les interjections.

B.3. Résumé de la contribution

Lobjectif principal de cette these est de developper des systemes de classification
du begaiement basés sur I'apprentissage profond. Ils pourront ¢tre utilisés ultérieurement

dans des environnements c]iniques pour aider les orthophonistes a analyser les différents
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types de bégaiement des PWS. Cependant, comme ¢noncé exprimé dans la Section 1.1, le
beégaiement peut ¢tre exprime dans de multiples modalites, y compris le texte, I'audio, le
visuel et les biosignaux. Nous nous concentrons principalement sur le developpement de
systemes de classification du begaiement bases sur la modalite acoustique en abordant cer-
tains des défis auxquels le domaine du bégaiement est confronté en termes de variabilice
des locuteurs, de disponibilite des donnees, de desequilibre des donnees, ete. lorsqu'il est
aborde a partir du paradigme de I'apprentissage profond. Ce manuscrit de these presente
ma contribution en proposant StutterNet, ses variantes et leur évaluation extensive sur le jeu
de donnée SEP-28k de bégaiement SEP-28k dataset récemment crée. Cette these présente
¢galement ma contribution a 'adoption de I'architecture SSL dans le domaine de la detec-

tion du begaiement.

StutterNet: Lapremicre contribution de cette these est le développement de StutcerNer.
Ce systeme de detection du begaiement base sur un réseau neuronal a retard temporal est
un classificateur SD multi-classes capable de detecter plusieurs types de begaiement a I'aide
d'un seul systeme sur un grand ensemble de locuteurs. Ce contrairement aux systemes SD de
I'¢tat de Part qui sont pour la plupart des systemes de classification SD binaires, qui ne pren-
nent en compte que quelques locuteurs begues. Le réseau propose StutterNet caleule d’abord
les caracteristiques MFCC a partir d’¢chantillons audio bruts, qui sont ensuite transmises
au TDNN pour apprendre et capturer le contexte temporel de divers types de classes de
disfluences et bégaiements. StutterNet a ¢té évalué sur les jeux de données UCLASS et SEP-
28k. De plus, nous prenons e¢galement en compte les echantillons de parole fluente des PWS
qui influencent considerablement les systemes de classification du begaiement, contraire-
ment aux systemes SD de I'état de 'art, qui se concentrent principalement sur les classes de

bégaiement.

MB StutterNet: Enraisondelanature inherente dubegaiement, lobtention d’ensembles
de donnees ¢quilibrees par classe est a la fois extrémement difficile et cotiteuse. Les clas-
sificateurs de réseaux neuronaux profonds sont généralement biaisés en faveur de la classe
majoritaire lorsqu'ils sont entraines sur des ensembles de données fortement desequilibrees
en termes de classe, ce qui entraine une modelisation meédiocre des classes minoritaires.

De plus, les données sur le bégaiement sont tres limitées et sont généra]ement recueillies
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dans des environnements cliniques controles, ce qui limite 'adoption de méthodes avancées
d’apprentissage profond pour la détection du begaiement et peut étre grandement affecte
par les environnements bruyants. Pour contribuer aux problemes mentionnés précedem-
ment, nous avons propos¢ MB StutterNet (traitant le probléme des équilibres de classes), qui
comprend un encodeur de base (€) suivi de deux branches paralleles appelées Disfluent-
Branch (D) et FluentBranch (F). Les representations generees par (€) sont simultanement
transmises au FluentBranch et au DisfluentBranch, ot le FluentBranch est entrainé a distinguer
les ¢chantillons fluents et disfluents et le DisfluentBranch est entraine a différencier et a
classer les sous-catégories disfluentes. De plus, nous avons ¢galement contribu¢ en four-
nissant une analyse approfondie sur l'utilisation d’entrainement a classes equilibreées en ap-
pliquant plus de poids aux classes de bégaiement minoritaires dans la fonction de perte,
ce qui ameliore considérablement leur performance de détection. Pour tester d’avantage
nos propositions de StutterNet et de MB StutterNet dans des environnements réels, nous les
¢valuons de maniere approfondie dans des conditions d’environnements bruyants simulees
en utilisant des techniques d"augmentation des données telles que le bruit, le babillage, la
musique et la réverbération sur les ¢chantillons de parole begayce. Lavantage dappliquer
laugmentation des données a la parole bégayée est double. Premierement, elle augmente la
quantite de donnces dans les begaiements, ce qui permet d'utiliser des methodes avancees
d’apprentissage profond. Deuxiemement, elle permet de simuler des conditions environ-
nementales bruyantes en temps réel, ce qui rend les systemes SD proposes robustes a ces

facteurs.

MC StutterNet: En outre, nous avons ¢galement constaté¢ précédemment que le con-
texte optimis¢ pour une categorie n'est pas bon pour une autre classe de begaiement. En
exploitant ce fait, nous proposons un MC StutterNet, qui est une architecture bas¢e sur
un réseau neuronal a TDNN multi-contexte de multi-branché SD. Darchitecture multi-
contexte est basée sur la facon dont les humains percoivent la parole. Dans la cochlée, le
signal acoustique dentree de la parole est divise en plusieurs bandes de frequences afin que
les informations de chaque bande puissent étre filerées independamment et traicées en par-

A]]é]e par 16 cerveau humain.
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Multi-task and adversarial learning in stuttering detection: Durant ces dernicres
annces, le domaine de la détection du begaiement base sur I'apprentissage profond a connu
une ¢volution continue. Pourtant, tous les systemes actuels se concentrent uniquement sur
la methode d’apprentissage du begaiement sans tenir compte des taches auxiliaires. Mal-
heureusement, ce n'est pas de cette maniere que nous percevons la parole. Au contraire,
nous decodons simultanément la tache principale avec divers meta-contenus tels que les
caractéristiques du locuteur, le contenu linguistique, I'emotion, etc. de maniere multicache.
Dans cette optique, nous avons exploité les caractéristiques du locuteur dans la détection
du bégaiement. La troisieme contribution de cette these est d’apprendre et dexploiter ces
caracteristiques du locuteur en combinaison avec la tache primaire de detection du be-
gaiement dans un paradigme d"apprentissage multi-taches. Comme la tache de detection du
bégaiement ne devrait pas dépendre d’'un ensemble specifique de locuteurs, une approche
alternative consiste a supposer qu'une représemation acoustique robuste du bégaiement
doit ¢tre invariante par rapport aux taches secondaires, en particulier la reconnaissance
du locuteur. Nous avons ¢galement contribue a cette approche en proposant une meth-
ode d’apprentissage contradictoire MTL, qui apprend des représentations latentes et qui
est invariante par rapport au locuteur, mais qui est en méme temps discriminantes pour le

begaiement.

Introducing self-supervised learning to stuttering detection: En raison de la
rarete des donnces ériquetces, la tache de detection automatique du begaiement est lim-
itce dans son utilisation des modeles d’apprentissages profonds de grand rtaille. Comme
indique dans Appendix A, plusieurs ensembles de données sur le bégaiement, tels que SEP-
28k (Lea et al., 2021), UCLASS (Howell and Sackin, 1995), LibriStutter (Kourkounakis
et al, 2020) et FluencyBank (Lea et al,, 2021), ont ¢te crees au fil du temps pour exam-
iner divers modeles SD. Cependant, 'amelioration est limitee, tres probablement en rai-
son de la petite taille et du nombre de donnees non etiquetées des ensembles sur le be-
gaiement. Ces ensembles sont incapables d'encapsuler plusicurs facteurs variables tels que
le contenu linguistique, le style de parole, le sexe, 'age, accent, le tempo de la parole, les
conditions d’enregistrement, etc. Notre contribution a ce defi est que nous avons intro-

duit le tout premier cadre d’appremissage auto—supervisé au domaine de la détection du
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bégaiement. Le cadre d'apprentissage auto-supervis¢ entraine d’abord un extracteur de car-
/ . . A / .1 . / / .

acteristiques pour une tache de pre-texte en utilisant une grande quantice de données audio

/ /. / Nl ,

non begayantes non etiquetées pour capturer differents styles de parole, d’accents, de groupes

d’age, de contenu linguistique, de contenu paralinguistique, de prosodie, conditions envi-
ales, etc. Puis, il appli Pextrac de caractéristi appris 2 ache d

ronnementales, etc. Puis, il applique l'extracteur de caractéristiques appris a une tache de

detection du begaiement en aval en utilisant des données audio de begaiement étiquetces

limitées.
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