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Acoustic-to-articulatory speech inversion involves the challenging task of deducing the
kinematic state of various constriction synergies, including the lips, tongue tip, tongue body,
velum, and glottis, based on their respective constriction degree and location coordinates. These
coordinates are referred to as vocal tract variables (TVs). Developing Speech Inversion (SI)
systems have gained attention over the recent years mainly due to its potential in a wide range of
speech applications like Automatic Speech Recognition (ASR), speech synthesis, speech therapy,
and mental health assessments.

Over the past few years, deep neural network (DNN) based models have propelled the
development of SI systems to new heights. However, the current SI systems still struggle with the
lack of sufficiently larger articulatory datasets, speaker dependence, poor performance with noisy
speech, and the lack of generalizability across different articulatory datasets. Moreover, one of the

major drawbacks of the existing articulatory datasets is the lack of ground-truth data capturing



velar and glottal activity of speech. With this work, we try to address some of the aforementioned
challenges pertaining to the development of effective SI systems. Our experiments are based
on two publicly available articulatory datasets; the University of Wisconsin X-ray microbeam
(XRMB) dataset, and the HPRC dataset. We show that the use of appropriate audio augmentation
techniques to synthetically create data can further improve the performance of SI systems both on
clean and noisy speech data. We also show that the use of multi-task learning frameworks to carry
out an auxiliary, but a related task can also improve the TV prediction. A key improvement came
about when the SI systems were forced to learn source features (aperiodicity, periodicity, and pitch)
as additional targets. Moreover, the use of self-supervised speech representations (HuBERT) and
fine tuning them to the downstream task of speech inversion resulted in improved performance.

With the aim of extending the current SI systems to estimate velar and glottal activity, data
from an ongoing data collection was used to derive and validate two parameters; nasalance to
capture velar constriction degree and electroglottography (EGG) envelope to capture voicing.
A separate speaker-independent SI system was subsequently trained to estimate the derived
parameters and is one of the first systems to achieve the feat. This SI system along with the
conventional SI systems (trained to estimate lip and tongue TVs), provide a framework to estimate
a complete articulatory representation of speech in speaker-interdependent fashion.

While improving and extending the current SI frameworks, we also explored an unsupervised
learning algorithm inspired by sensorimotor interactions in the human brain to perform audio and
speech inversion. The proposed “MirrorNet”, a constrained autoencoder architecture is first used
to learn, in an unsupervised manner, the controls of an off-the-shelf audio synthesizer (DIVA)
to produce melodies only from their auditory spectrograms. The results demonstrate how the

MirrorNet discovers the synthesizer parameters to generate the melodies that closely resemble



the original and those of unseen melodies, and even determine the best set of parameters to
approximate renditions of complex piano melodies generated by a different synthesizer. To extend
the same idea of learning to vocal tract controls for speech, we developed a DNN based articulatory
synthesizer (articulatory-to-acoustic forward mapping) to be incorporated as the motor plant of
the MirrorNet. The MirrorNet with this motor plant, once initialized with a minimal amount of
ground-truth data (~ 30 mins of speech), can learn the articulatory representations (6 TVs + source
features) with significantly better accuracy. Overall, this highlights the effectiveness and power of
the MirrorNet’s learning algorithm in enabling to solve the conventional acoustic-to-articulatory
speech inversion problem with minimal use of ground-truth articulatory data.

In order to assess the practical utility of articulatory representations in real-world scenarios,
we employed articulatory coordination features derived from TVs to detect and analyze articulatory-
level alterations in the speech of individuals with schizophrenia. We show that the schizophrenia
subjects with strong positive symptoms (e.g. hallucinations and delusions), and who are markedly
ill, pose a more complex articulatory coordination pattern in facial and speech gestures compared
to healthy controls. This distinction in speech coordination pattern is used to train a multimodal
convolutional neural network (CNN) which uses video and audio data to distinguish schizophrenia
subjects from healthy controls. Furthermore, we used TVs estimated by the best performing
SI system to detect mispronunciation of /1/, a common speech sound disorder in children. The
classification model trained with TVs performed better compared to the state-of-the-art hand-
crafted age-and-sex normalized formants.

In essence, the work in this dissertation presents steps taken towards developing effective
acoustic-to-articulatory speech inversion frameworks, and highlights the importance of utilizing

articulatory representations in real-world applications.
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Chapter 1: Introduction

Acoustic-to-articulatory speech inversion (SI) is a highly non-linear and a non-unique
problem where the input acoustic signal is usually mapped to a set of articulatory parameters.
Speaker-wise dependencies in speech make it more challenging and if not impossible to make
complete speaker-independent SI systems. However, accurate estimation of articulatory parameters
can hugely benefit speech applications like Automatic Speech Recognition (ASR) (Frankel and
King, 2001; Mitra et al., 2010, 2011), speech synthesis (Ling et al., 2013; Richmond and King,
2016), speech therapy (Fagel and Madany, 2008) and speech in mental health assessments (Espy-
Wilson et al., 2019; Siriwardena et al., 2021a). With the advent of deep neural networks (DNNs),
the SI systems have reached new heights which the early parametric models could not achieve
for decades. However, more work needs to be done to improve the generalizability of these DNN
based SI systems while also addressing the key issues in robustness, susceptibility to domain
differences, and over dependence on large volumes of ground-truth articulatory data.

One of the other key limitations of the current SI systems is their inability to estimate velar
and glottal activity of speech. A prime reason for that is the lack of publicly available articulatory
speech datasets that have direct articulatory level data capturing the velar and glottal constrictions
(Tiede et al., 2017; Westbury, 1994a). Therefore, most of the available SI systems (trained on the

available articulatory datasets) are limited to estimating the articulatory level information pertaining



to lip and tongue constrictions (Illa and Ghosh, 2018; Shahrebabaki et al., 2020; Siriwardena
and Espy-Wilson, 2023; Siriwardena et al., 2023a; Udupa et al., 2021). Exploring alternative
techniques (eg. nasalance for velar constriction degree and electroglottography for glottal activity)
to capture the velar and glottal activity could provide ground-truth data to train independent SI
systems to estimate the velar and glottal activity. Given the importance of voicing and velar
constriction information, formulating methods to derive glottal and velar TVs and incorporating
them to the existing SI framework can further improve the applications of acoustic-to-articulatory

speech inversion.

1.1 Acoustic-to-Articulatory Speech Inversion

Speech production in humans is a coordinated process of generating sounds which involves
the speech articulators like glottis, velum, tongue, lips, teeth and the jaw. The position, shapes
and sizes of these articulators change slowly over time to produce desired speech sounds. The
vibration of vocal folds in the glottis or the lack of it determines the periodicity of the the generated
sound. The vocal tract which consists of the velum, tongue, lips and teeth acts like an acoustic
tube which modulates the glottal source waveform.

Acoustic-to-articulatory speech inversion inspired by Articulatory Phonology (Browman
and Goldstein, 1992) maps the acoustic speech signal to the kinematic state of each constriction
synergy (lips, tongue tip, tongue body, velum, and glottis) by its corresponding constriction
degree and location coordinates, which are called vocal tract variables (TVs). This mapping
from acoustics to articulation is an ill-posed problem which is known to be highly non-linear

and non-unique (Qin and Carreira-Perpifian, 2007). Ground-truth articulatory data are collected



by techniques like X-ray microbeam (Westbury, 1994a), Electromagnetic Articulometry (EMA)
(Schonle et al., 1987) and real-time Magnetic Resonance Imaging (rt-MRI) (Narayanan et al.,
2004). All these methods are expensive, time consuming and need specialized equipment for
observing articulatory movements directly (Sivaraman et al., 2019). This explains why developing
a speaker-independent SI system that can accurately estimate articulatory features for any unseen

speaker is of greater need.

1.2 Sensorimotor Learning inspired Audio and Speech Inversion

Sensorimotor interactions play a fundamental role in performing complex tasks engaging
visual, auditory or somatosensory perceptual systems and is vital in executing motor actions
(reaching, speaking and lifting etc.) (Keller et al., 2012; Wolpert and Ghahramani, 2000).
Previous studies on the human cortical speech system with ECoG recordings have shown that
learning complex sensorimotor mappings proceeds simultaneously and in an unsupervised fashion
by listening and speaking all at once (Shamma et al., 2020). Based on these studies on the
human cortical speech system, a novel autoencoder architecture was proposed by Shamma et.al
(Shamma et al., 2020) which was called the ‘Mirror Network’ (MirrorNet). The essence of this
biologically motivated algorithm is the bidirectional flow of interactions (‘forward” and ‘inverse’
mappings) between the auditory and motor responsive regions, coupled to the constraints imposed
simultaneously by the actual motor plant to be controlled.

The idea of the MirrorNet can be generalized beyond speech production and applies to
any motor plant for which the control parameters need to be learned. In other words, MirrorNet

can learn the parameters to drive a given motor plant (audio synthesizer, vocal tract model etc.)



to best estimate a given input in a completely unsupervised fashion. Given that there is limited
ground-truth articulatory data to train SI systems, harnessing the potential of such algorithms to
learn articulatory representations in a completely unsupervised or semi-supervised fashion can be

extremely helpful.

1.3 Articulatory representations for assessing mental health and detecting child

speech sound disorders

Apart from pushing the boundaries of the current SI systemes, it is extremely important to
explore the avenues where articulatory representations can be useful. To that end, the estimated
articulatory representations from the best performing SI systems were utilized as acoustic features.

Articulatory coordination features (ACFs) derived from vocal tract variables have achieved
state of the art results in depression detection and severity prediction for publicly available
depression datasets (Seneviratne et al., 2020). Schizophrenia is another mental health disorder
which affects around 60 million (1%) of the world’s adult population (Kuperberg, 2010) and
TV based ACFs have shown to be robust, as well as effective in detecting subjects with strong
positive symptoms (eg. hallucinations, delusions) in schizophrenia (Siriwardena et al., 2021b). The
changes in neuromotor coordination induced by these mental health disorders can be accurately
captured using TV based ACFs with respect to other acoustic features (MFCCs, formants etc.)
which have previously been used as proxies for measuring articulatory coordination. Hence, any
improvement to the acoustic-to-articulatory SI system predicting TVs can in-turn improve the
existing models (unimodal and multimodal systems) for depression and schizophrenia detection.

It is theorized that the relatively high prevalence of chronic speech sound disorders (Benway



and Preston, 2023) to be due in part to a treatment intensity gap in which common clinical
practice does not typically offer best-practice treatment at the intensity specified in the evidence
base. Recent research has developed computerized intervention that automates clinician-led best
practices, and may be able to address this intensity gap (Maas et al., 2008); however, automated
systems are limited in the clinical-grade feedback they can provide learners. Within a motor-
learning framework, feedback can refer to a binary perceptual judgment (i.e., knowledge of results)
or detailed reference to the auditory and somatosensory targets as well as corrective instructions to
improve the next attempt (i.e., knowledge of performance; KP) (McKechnie et al., 2020). When
delivered by a clinician, somatosensory KP may be based on what the clinician sees, or, in some
cases based on a known set of clinical cues. Current computerized treatment systems either use
clinician-deliver KP (Shadle et al., 2016) or approximate KP through random selection from a set
of plausible clinical cues for the target phone. However, a mispronunciation detection system that
leverages acoustic-to-articulatory speech inversion (SI) may be able to provide KP that is currently
unattainable with current state-of-the-art formant-based systems, as well as circumvent known

issues with child formant estimation.

1.4 Objectives of this Study

1. Improving the performance of existing state-of-the-art speech inversion systems (chapter

3) : To achieve this objective we explore multiple DNN model architectures with different
input acoustic features. We also incorporate data augmentation techniques, multi-task learning
frameworks and source features to experiment different means of improving the performance of

SI systems



2. Extending the speech inversion systems to estimate velar and glottal activity (chapter 4)

: Towards this objective we first derive parameters which can ideally capture the velar and
glottal activity and validate that through gold standard measures. Data from an ongoing data
collection is used to design and develop a novel SI system to estimate the derived parameters in
speaker-independent fashion.

3. Exploring sensorimotor learning inspired algorithms to improve speech inversion

(chapter 5) : This chapter discusses a sensroimotor learning inspired algorithm and a model
architecture which can be used for audio and speech inversion with minimal exposure to ground-
truth data. The algorithm is first explored with an audio/music synthesizer to synthesize unseen
melodies of notes and then extended to estimate articulatory representations with a custom-trained
DNN based articulatory synthesizer.

4. Application of articulatory representations estimated from speech inversion systems

(chapter 6) : It is of paramount importance to explore where the articulatory representations can
be used as a speech feature to enhance the performance of real-world speech applications. To this
end we explore two applications; (1) using articulatory representations to detect speech changes

manifested with schizophrenia, (2) detecting child speech sound disorders



Chapter 2: Background

2.1 Acoustic-to-Articulatory Speech Inversion

Acoustic-to-articulatory speech inversion is the inverse problem of retrieving articulatory
dynamics for a given speech signal (Sivaraman et al., 2019). Attempts at recovering articulatory
movements from the continuous speech signal have a long history (Papcun et al., 1992b), but
have generally limited to identifying the movement of a specific set of articulators like upper and
lower lip, tongue tip, velum closure, etc. However, it is important to derive not specifically from
individual articulator movements, but from synergies among articulators;lips and jaw as individual
articulators share a goal, and work together to achieve a desired vocal tract shape (Saltzman and
Munhall, 1989). Hence, general speech inversion (SI) systems focus on recovering the vocal tract
constriction, rather than the movement of individual articulators.

Following the initial work of Saltzman and Munhall (1989) and Browman and Goldstein
(1992), Sivaraman et al. (2019) developed a SI system that estimates the constriction degree and
location of functional tract variables (TVs), that is, the context-dependent synergies between
articulators. These reflect the joint influence of articulators on the vocal tract shape. With this
approach, constriction formation or release by five distinct constrictors (lips, tongue tip, tongue
body, velum, and glottis) along the vocal tract are represented by the estimated articulatory

‘gestures’. These time dependent functions or tract variables (TVs) are sensitive to changes in
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constriction degree, constriction location, and also for changes in timing, so that the gestures can
move apart or overlap in time.

By empirical studies of (Qin and Carreira-Perpindn, 2007; Stevens, 1989), it has been found
that the mapping from acoustics to articulatory space is highly non-linear and non-unique. The
non-linearity of the acoustics-to-articulatory mapping is evident from the quantal nature (Stevens,
1989) of the articultory-to-acoustics relation. For certain ranges of articulatory parameter change,
there can be very little change in the acoustic parameter, whereas for some other range, the acoustic
parameter is more sensitive to changes in articulation (Stevens, 1989). Moreover, it has also been
observed that similar acoustic consequences can result in from completely different articulatory
configurations, which makes the SI task a one-to-many mapping, and hence a non-unique solution.
Maeda (1990) and Gunther et al. (Guenther et al., 1999) have explained the reasons for this
non-uniqueness based on the coordinated compensatory movements of the articulators to achieve
acoustic targets in different contexts. One perfect example for this non-uniqueness mapping is the
existence of two distinct vocal tract configurations (bunched and retroflexed) for the American
English /t/ sound (Zhou et al., 2008) when we consider the first 3 formants of speech.

General speech inversion pipeline includes a step for extracting acoustic features from the
speech signal. Section 2.1.2 discusses different types of acoustic features widely used in the SI
task. Then, an inverse mapping is learned by associating these acoustic features through training
on a corpus of matched acoustic and observed articulatory data. These DNN based SI systems
are capable of real-time inversion and the models are typically trained with the use of Graphical
Processing Units (GPUs) for faster machine learning. However, most research in SI has been
focused on developing speaker-dependent systems. Previous work with codebook search (Ghosh

and Narayanan, 2010), feed-forward neural networks and Mixture Density Networks (Richmond,



2006) have all looked into developing speaker-dependent SI systems. The attempts of developing
speaker-independent systems (Afshan and Ghosh, 2015; Girin et al., 2017; Ji, 2014; Ji et al., 2016)
have mostly limited to two speakers from the MOCHA-TIMIT dataset (Wrench, 2000). Recent
work with BiILSTM models (Illa and Ghosh, 2018, 2019b) and transformer models (Udupa et al.,
2021) for SI task have tried pooling a percentage of all the subject’s data for training. Given
that they use a portion of target subject’s data at training, the system can not be considered a

completely speaker-independent system.

2.1.1 Speaker-independent acoustic-to-articulatory speech inversion

Sivaraman et al. (2019) developed a speaker-independent SI system using a simple feed-
forward neural network architecture. The block diagram in figure 2.1 shows the steps involved
in the speech inversion system. Mel Frequency Cepstral Coefficients (MFCCs) are used as the
acoustic features and the 13 cepstral coefficients are extracted from a 20ms Hamming analysis
windows with a 10ms frame shift. To counter the inter-speaker variations in measurements of
acoustics and articulatory data, speaker-wise mean and variance normalization is done on both
input MFCCs and the artiuclatory data. As articulatory data, the system uses vocal tract variables
(TVs) which is also a relative measure computed using the absolute articulatory measurements
(X-Y positions of the pallet data). As shown in figure 2.1, the MFCCs are contextualized by
concatenating every other feature frame in a 340ms window. This results in 8 frames of MFCCs
on either side of each frame being concatenated to form the contextualized MFCC features (total
of 17 frames including the current frame). By skipping two frames when splicing the frames, the

current analysis frame is centered when concatenating every other frame. The optimal frame size



of 17 frames was empirically found by Mitra et al. (2010). The SI model is trained to minimize
the mean squared error between the actual TVs and the estimated TVs. The estimated TVs from
the DNN model are finally low-pass filtered using a Kalman filter since the feed-forward only
layers are unable to produce smoothed TVs. The best performing SI system consists of 5 hidden

layers with 1024 neurons in each layer.

MFCC Contextual Low-pass
Input : Tract
Gk Feature [ windowof = 3 Kalman Variableé
d extraction 350ms Smoathing

Figure 2.1: Block diagram of the speech inversion system (Sivaraman et al., 2019)

2.1.2  Acoustic features for speech inversion

In building a better SI system, it is imperative that we use the most effective representations
for the acoustic signal. Mitra et al. (2010) and Sivaraman et al. (2019) explored different acoustic
features like Mel-Frequency Cepstral Coefficients(MFCCs), Perceptual Linear Prediction (PLP)
and mel-spectrum (MELSPECT) as inputs for the speech inversion task. The results suggest that
the 13-MFCCs perform better over the other acoustic features in estimating the TVs. With the
advent of deep neural networks (DNNs), people have also tried using convolutional neural network
(CNN) layers to process the waveform itself to learn the best representation for the downstream SI
task (Illa and Ghosh, 2019b).

Self-Supervised Learning (SSL) has proven to be a highly effective approach for enhancing

the performance of DNNs by leveraging unlabeled data to acquire speech representations in
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learning (Hsu et al., 2021; Schneider et al., 2019). These representations have demonstrated
their effectiveness across various applications, including Automatic Speech Recognition (ASR)
systems (Conneau et al., 2020), speech separation, and enhancement (Wang et al., 2023). Recent
research has also shown that SSL speech representations can significantly boost the performance
of SI models when dealing with Electromagnetic Articulography (EMA) data (Cho et al., 2023),
surpassing the traditional acoustic features such as Mel-frequency Cepstral Coefficients (MFCCs).
In their extensive evaluation of existing SSL speech representations for the SI task, Cho et al.
(2023) found that HuBERT-based SSL speech representations (Hsu et al., 2021) outperform
other SSL features like wav2vec2 (Baevski et al., 2020) and tera (Liu et al., 2021), as well as

conventional acoustic features such as MFCCs.

2.1.3  Vocal tract variables (TVs)

According to Articulatory Phonology (AP), lexical units in speech are described as events
that unfold during the process of speech production (Browman and Goldstein, 1992). These
events are commonly known as articulatory ‘gestures’ which can be observed in the movement of
speech articulators. Speech in AP is discussed as a constellation of overlapping gestures, which
is different from the phonetic view of speech which describes speech as beads on a string with
phones as individual static units of speech.

The notion of vocal tract variables or Tract Variables (TVs) was defined to characterize the
kinematic state of articulatory constrictors by its corresponding degree and location coordinates.
The Task Dynamic model of speech production (TADA) uses ARPABET transcription of an

English word to compute the gestural scores and the inter-articulatory gestural coordination
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(Sivaraman et al., 2017). The time functions of the TVs (degree and location variables of the
constrictors) are then produced as outputs. Table 2.1 lists all the 8 TVs defined by the TADA
model along with their associated constrictors. Even though the TADA model provides a sound
theoretical framework for speech production, the amount of variability observed in real speech is
not accurately modeled by the synthetic speech and hence the TVs produced by the TADA model.
That is where deep neural network (DNN) based acoustic-to-articulatory speech inversion systems

come into play to estimate TVs directly from natural speech.

Table 2.1: Constriction organ and corresponding tract variables (from (Browman and Goldstein,
1992) and (Sivaraman et al., 2017))

Constrictors Vocal tract variables (TVs)
Li Lip Aperture (LA)

p Lip Protrusion(LP)

. Tongue tip constriction degree (TTCD)
Tongue Tip Tongue tip constriction location (TTCL)
Tongue body constriction degree (TBCD)

Tongue Body Tongue body constriction location (TBCL)
Velum Velum (VEL)
Glottis Glottis (GLO)

Figure 2.2: Visual representation of the vocal tract variables at five distinct constriction organs
(taken from (Saltzman and Munhall, 1989)), along with a listing of constrictors and their vocal
tract variables. See Table 2.1 for TV labels
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2.1.4 Articulatory datasets

The X-ray microbeam (XRMB) articulatory dataset

The original University of Wisconsin XRMB database (Westbury, 1994b) comprises of
naturally spoken isolated sentences and short read paragraphs collected from 32 male and 25
female subjects. These speech utterances were recorded along with trajectory data captured by
X-ray microbeam cinematography of the midsagittal plane of the vocal tract using pellets placed
on several articulators: upper (UL) and lower (LL) lip, tongue tip (T1), tongue blade (T2), tongue
dorsum (T3), tongue root (T4), mandible incisor (MAN1), and (parasagittally placed) mandible
molar (MANm). However, some of the articulatory recordings were marked as mistracked in the
database and eliminating these samples left us with 46 speakers (21 males and 25 females) with a
total of around 4 hours of speech data.

The anatomy of the speaker’s vocal tract defines the absolute positions of the articulators.
Since the the X-Y positions of the pellets strongly depend on the anatomy of the speakers and
variability of pellet placements, the measurements can vary significantly across speakers. Hence,
to better represent vocal tract shape, relative measures were used to calculate the TVs from the
X-Y positions of the pellets. TVs lead to a relatively speaker independent representation of speech
articulation and characterize salient features of the vocal tract area function (McGowan, 1994).
The TVs also provides a theoretical framework for speech production analysis and articulatory
phonology (Browman and Goldstein, 1992). Thus using geometric transformations defined in
the TADA, the XRMB trajectories were converted to TV trajectories as outlined in (Mitra et al.,
2012). The transformed XRMB database comprises of six TV trajectories: Lip Aperture (LA), Lip

Protrusion (LP), Tongue Body Constriction Location (TBCL), Tongue Body Constriction Degree
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(TBCD), Tongue Tip Constriction Location (TTCL) and, Tongue Tip Constriction Degree (TTCD).
Figure 2.3 shows a rough schematic of how the X-Y positions of the pallets in XRMB dataset is

transformed to TV trajectories.
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X-ray microbeam data

_atiel

B
E

e s
I -] W
Positicn wrl G (i

Pesifios wt MeclP jom)
|
%.
Wz
oy k [)
| \JTW
N B .

Relative measures of constrictions
independent of speaker dimensions
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Geometric
transform

Pellet positions

UL Upper lip UL x, TL_y LA Lip Aperture

LL Lower lip LL_x, UL_y LP Lip protrusion

T1 Tongue tip TT_x TT_y TBCL | Tongue body constriction location
T3 Tongue body TB_x, TB_y TRCD | Tongue bady constriction degree
T4 Tongue dorsum | TD_x, TB_y TTCL | Tongue Tip constriction lacation
MANi | Jaw MANI_x, MANI_y TTCD | Tongue Tip constriction degree

Figure 2.3: Transformation of XRMB database from pellets to TV trajectories (Sivaraman et al.,
2017)

The Haskins Production Rate Comparison (HPRC) articulatory dataset

The Haskins Production Rate Comparison (HPRC) database contains recordings from 4
female and 4 male subjects reciting 720 phonetically balanced IEEE sentences (IEE, 1969) at
normal and fast production rates (Tiede et al., 2017). The recordings were done using a 5-D
electromagnetic articulometry (EMA) system (WAVE; Northern Digital). First, every sentence
was produced at speaker’s preferred ‘normal’ speaking rate and then a ‘fast’ repetition of the
same, without making errors. Sensors were placed on the tongue (tip (TT), body (TB), root (TR)),

lips (upper (UL) and lower (LL)) and mandible, together with reference sensors on the left and
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right mastoids, and upper and lower incisors (UI, LI). These EMA trajectories were obtained at
100 Hz and then were low-pass filtered at 5 Hz for references and 20 Hz for articulator sensors.
Synchronized audio was recorded at 22050 Hz. The following geometric transformations were
used to obtain 9 TVs (namely Lip Aperture (LA), Lip Protrusion (LP), Tongue Body Constriction
Location (TBCL), Tongue Body Constriction Degree (TBCD), Tongue Tip Constriction Location
(TTCL), Tongue Tip Constriction Degree (TTCD), Jaw Angle (JA), Tongue Middle Constriction
Location (TMCL) and Tongue Middle Constriction Degree (TMCD)). The equations to compute
the geometric transformations are presented in previous work (Seneviratne et al., 2019; Sivaraman

etal., 2019).

2.1.5 Deep learning model architectures for speech inversion

Advancements in deep neural networks (DNNs), especially in processing time series data
to capture contextual information has propelled the development of SI systems to new heights.
Bidirectional LSTMs (BiLSTMS) (Aravind Illa and Prasanta Kumar Ghosh, 2020; Illa and
Ghosh, 2018), CNN-BiLSTMs (Illa and Ghosh, 2019b; Shahrebabaki et al., 2020), Temporal
Convolutional Networks (TCN) (Shahrebabaki et al., 2021) and transformer models (Udupa et al.,
2021) have gained state-of-the-art results with multiple articulatory datasets (Tiede et al., 2017).
Sivaraman et al. (2019) reported the state-of-the-art SI results with the XRMB dataset, but with
a rather simple feed-forward neural network, using manually contextualized MFCCs as input

features and doing speaker adaptation with vocal tract length normalization.
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2.1.6  Audio data augmentation and noise robust speech inversion

Most of the available SI systems are usually trained with a single corpus of data and
have shown to perform poorly in cross-corpus (Seneviratne et al., 2019) or speaker-independent
experiments (Shahrebabaki et al., 2020). Difficulty collecting a larger corpus of data with many
subjects and the differences in procedures of data collection (placement of sensors, EMA vs
XRMB) have also made things difficult. To address the issue of data scarcity, the machine learning
community has recently turned in the direction of data augmentation and generating synthetic
data to train DNN models. The idea of training a DNN model on similar but different examples
is known as data augmentation, which was initially proposed in (Simard et al., 2012) and later
formalized by the Vicinal Risk Minimization (VRM) principle in (Chapelle et al., 2000). Data
augmentation is widely utilized in automatic speech recognition (ASR) e.g. (Jaitly and Hinton,
2013; Kanda et al., 2013; Ko et al., 2015; Park et al., 2019) and it was recently explored in speech
emotion recognition (Pappagari et al., 2021). In previous work with developing a noise robust
articulatory SI system, Seneviratne et al. (2018) explored the idea of generating additive noise
audio data. The goal of that work was to develop a SI system which is robust against noisy acoustic
data which is a common issue with rt-MRI articulatory datasets that contain significant amounts

of MRI machine noise.

2.1.7 Multi-task learning for speech inversion

The idea of Multi-task learning (MTL) was formally presented by Caruana (1997) as an
inductive transfer mechanism with the principle goal of improving generalization capability of

Machine Learning (ML) models. MTL helps improve generalizability of ML models by leveraging
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domain-specific information of training data which can be used in related tasks. Effectively, what
happens is that the training data for the parallel task serve as an inductive bias (Caruana, 1997).
MTL has also been utilized as a solution for the data sparsity problem where one task has a
limited number of labeled data, and training individual models for each task is difficult. From this
perspective, MTL is a useful tool which can reuse the existing knowledge and reduce the cost of
collecting challenging datasets (e.g. articulatory datasets). The secret behind the success of MTL
lies with the use of more data from different learning tasks compared to learning a single task,
hence learning better representations and reducing the risk for overfitting (Zhang and Yang, 2021).

MTL has widely been used in computer vision, and a recent work (Lu et al., 2020) has
implemented a MTL model to work on 12 different datasets while achieving the state-of-the-art
with 11 of them. MTL has also been explored in Automatic Speech Recognition (ASR) tasks
(Hori et al., 2017; Kim et al., 2017), text-to-speech (TTS) (Chien et al., 2021) and in speech
emotion recognition (SER) (Cai et al., 2021; Li et al., 2019). Cai et al. (2021) recently presented
the state-of-the-art results for the SER task with IEMOCAP dataset, where a MTL based model

was used.

2.1.8 Incorporating source features to improve speech inversion

Proxy source features which capture the glottal activity have previously been used as input
features to improve the performance of speech applications (Seneviratne et al., 2020). These
features primarily capture aperiodicity, periodicity and pitch in speech and hence are called source
features. Section 2.2 discusses in brief the techniques used to capture the glottal activity and the

tools which are built on these ground-truth data to estimate the aforementioned source features.
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MTL frameworks discussed in section 2.1.7 differ from conventional supervised learning
frameworks which tries to incorporate additional features, like the source features to the same
input space. MTL frameworks work by incorporating additional features or tasks to the target
output space, thereby solving the need for any additional parameters used at the time of inference.
To the best of our knowledge, none of the previous work has experimented with using any sort of
source features either in the input space or the output space to explore how it could benefit the

overall SI task.

2.2 Extending speech inversion frameworks to estimate velar and glottal activity

Laryngography (Baken, 1996b) or electroglottography (EGG) (Rothenberg and Mahshie,
1988) uses two electrodes which are placed on the throat of the speaker, positioned on each side of
the thyroid cartilage. A weak, constant voltage is passed from one electrode to the other allowing
the current to fluctuate with the contact variations between the vocal cords. The resulting signal
called the laryngographic or electroglottographic signal includes high frequencies and resembles
the actual audio of the speech signal (Toutios and Margaritis, 2003). The electroglottographic
signal has successfully been used for pitch tracking (Deshmukh et al., 2005; Hui et al., 2015) and
to determine places of voicing in speech (Mandal et al., 2020).

The action of the velum can not be easily observed through visual means, and there is
no significant proprioceptive feedback associated with velar movements. The velopharyngeal
(oronasal) passageway needs to be opened when producing nasal consonants like /m/ or /n/
in English. Methods for monitoring velopharyngeal closure during speech have been studied

extensively by Baken (1996a). These various methods can broadly be divided into two types based
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on the aspect of velar control being measured : (i) methods that measure velar control during those
consonants requiring an oral pressure buildup (e.g., stops), (i1) methods that measure velar control
during vowels and sonorant consonants. Baken (1996a) has also shown that the methods of type
(i1) are more difficult to be implemented successfully.

Fletcher and Frost (1974) have used the word ‘nasalance’ to describe different measures of
the balance between the acoustic energy at the nares (A,,) and the acoustic energy at the mouth
(A,) when producing voiced speech. They used the simple ratio (A4, /A,) referred to as ‘Nasalance
Ratio” (NR) or (A4,,/(A,+ A,,)) which was referred to as ‘Nasalance’ as metrics. In recent practice,
clinicians and speech researchers have reported nasalance values based on particular combination
of microphone type, microphone placement, separator dimensions, and bandpass filter parameters
with a standard Nasometer. Pneumotachography is a known technique for measuring the nasal and
oral airflow velocities which has widely been used for the diagnosis of respiratory problems such
as asthma. Toutios and Margaritis (2003) presents the idea of using that technique to compute an
articulatory variable to capture the nasal activity of speech.

The acoustic-to-articulatory SI systems discussed so far have been trained and validated
against articulatory ‘ground truth’ primarily through direct observation of tongue and lip movement.
However, these oral and labial articulators account for only part of the articulatory contrasts used
in language. Previous work with incorporating information about nasalization from acoustics
have shown to improve results in applied systems for automatic speech recognition (Pruthi and
Espy-Wilson, 2007, 2004). Similarly, recent work in depression detection by Seneviratne et al.
(2020) has shown that the incorporation of glottal activity by aperiodicity and periodicity measures

improved the absolute accuracy by around 8%.
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2.3 Speech synthesis from articulatory variables

Articulatory variable based speech synthesis or the process of generating acoustic speech
signals from parameters which capture the human speech production process has been a widely
researched area in speech processing (Kroger and Birkholz, 2008; Scully, 1990). Previous work has
also elaborated that articulatory parameters or gestures can be used to synthesize continuous, co-
articulated and intelligible speech which can replicate realistic models of the vocal tract (Assaneo
et al., 2013; Birkholz et al., 2006; Dang and Honda, 2004; Engwall, 2003; Kello and Plaut, 2004;
Maeda, 1982, 1990; Sondhi and Schroeter, 1987; Toda et al., 2008). Articulatory based speech
synthesizers can be mainly divided in to two categories: physical or geometrical approaches
which model the geometry of the vocal tract along with its physical properties (Assaneo et al.,
2013; Story, 2013; Toutios et al., 2011), and the machine learning based approaches (Bocquelet
et al., 2014b; Toda et al., 2008) which learn the non-linear relationships between articulatory
and acoustic data. Machine learning approaches typically need large articulatory-acoustic data
for model training where as geometric and physical models require high computation power
and are comparatively slower than machine learning models at real-time synthesis or inference
(Bocquelet et al., 2016). However, the machine learning based articulatory synthesizers also have
the limitation of speaker dependence where a synthesizer trained with one subject’s articulatory
data will not produce intelligible or as good acoustic outputs for a different speaker whose data
has not been used during training (Bocquelet et al., 2016).

Most of the machine learning based articulatory synthesizers do not learn a direct mapping
from the articulatory variables to the acoustic waveform. But, they actually learn an intermediate

representation or an acoustic feature (MFCCs, Melspectrogram etc.) which will then be used
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as input to an off-the-shelf vocoder (parametric vocoders like World (MORISE et al., 2016) or
neural vocoders like LPCNet (Valin and Skoglund, 2018) for example) to synthesize the final
waveform (Bocquelet et al., 2016; Georges et al., 2020; I1la and Ghosh, 2019a). One key limitation
of these vocoder based approaches is that the DNN model only learns a mapping from articulatory
variables to the filter level parameters like MFCCs, and the source level information like pitch and
aperiodicity (voicing) are directly extracted from the original waveform itself and then fed to the

vocoder at the time of synthesis (Georges et al., 2020; I1la and Ghosh, 2019a).

2.4 Sensorimotor learning inspired audio and speech inversion

With the goal of characterizing sensorimotor interactions in the human cortical speech
system, Shamma et al. (2020) recorded and analyzed the sensorimotor neural interatcions with
electrocorticography (ECoG) in humans while they spoke (S), listened (L), or simulated speaking
by moving their articulators in the vocal tract without producing any sound (M). The experiment
was designed primarily with the goal of characterising the nature of spectral and temporal
representations of the auditory and motor cortical responses. The observations of this experiment
resulted in a computational architecture simulating the sensorimotor interactions and clarifying
their functional role in action and perception.

During speaking, motor areas control the vocal tract and its articulators to generate the
desired speech signal. However, it is also proposed that certain motor cortical areas send a parallel
internal neural copy of the speech signal to the auditory cortex, which is often discussed as the
‘forward’ prediction signal and is compared with the responses induced by the listened speech

signal (Hickok and Poeppel, 2007). On the other hand during listening, and ‘inverse’ mapping
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from the auditory to the motor areas is expected to create a motor representation of the acoustic
signal (Wilson et al., 2004). It is this bidirectional flow of interactions between the auditory and
motor responsive regions (L and M in figure 2.4), defined the phenomenological network as the

‘Mirror Network” (MirrorNet) in (Shamma et al., 2020).

Vocal Tract Speaking
) ae 4 _> ' Listening

M — Forward

Miming Auditory
Cortex

€——==: Inverse ==: L ==
Listening

Figure 2.4: Schematic depicts the four types of recordings. Miming (M), Speaking (S) and
Listening (L). Taken from ‘Learning Speech Production and Perception through Sensorimotor
Interaction’ by (Shamma et al., 2020)

In Shamma et al. (2020), a preliminary work was also done to simulate the proposed
MirrorNet model with the goal of inverting a given speech input to a set of control parameters that
can be used to approximate the input speech signal. This simulation has shown its ability to learn
the control parameters to drive a given speech synthesizer (World vocoder (MORISE et al., 2016))

in a completely unsupervised fashion.
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2.4.1 Learning audio synthesizer controls to drive audio synthesizers

Previous work with DNNs on determining music and speech synthesizer controls are all
based on at least partially supervised techniques which often involve large databases of audio and
control parameter pairs (order of 1000s) (Esling et al., 2020; Georges et al., 2021; Le Vaillant
et al., 2021; Yee-King et al., 2018). Furthermore, previous efforts have mostly demonstrated the
ability to compute the controls for single notes or single vowels for speech (Esling et al., 2020;
Saha and Fels, 2020).

Differentiable Digital Signal Processing (DDSP) based models (Engel et al., 2020a,b) have
recently gained a lot of attention as a method of learning control parameters to synthesize a given
acoustic signal. However, the MirrorNet is fundamentally different from DDSP based models
which effectively learn a differentiable music/audio synthesizer, whereas the goal of the MirrorNet

is to learn controls to drive a given non-differentiable, off-the-shelf music/audio synthesizer.

2.4.2 Learning articulatory representations in semi-supervised fashion

The idea of determining articultory parameters to control a vocal tract model was explored
by Yoshikawa et al. (2003), where the idea was related to a parrot-like teaching, based on the
studies of mother-infant interactions. Westerman and Miranda (2002) proposed a model which
uses prototypical representations for motor commands (two motor parameters, jaw opening and
the position of the styloglossus muscle) and auditory stimuli (2 formants extarcted from the
audio) to learn the perception-action coupling which leads to the development of the ability to
imitate sounds. The input audio used to learn the coupling between audio and motor features is a

sequence of vowels generated by the ‘vocal model’, which is a structure of chained short pipes,
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each representing a different section of the compound resonating system. The ‘hearing model’
which learns the inverse mapping uses a simple Hebbian-based weight update. Westerman et al.
also claims that the model suggests an account of mirror neurons that have, for example been
found in pre-motor cortex of the monkey experiments (Gallese et al., 1996).

Moulin-Frier et al. (2014) showed in their work, that doing an intrinsically motivated
spontaneous exploration first would allow the learner to autonomously structure its own vocal
experiments. They used the DIVA vocal tract model (Guenther, 2006-03-01) as the motor plant for
which the controls are learned using the first two formants and an intensity parameter extracted
from audio. They propose an internal sensorimotor model using Gaussian Mixture Models (GMMs)
and optimize it using the Expectation Maximization(EM) algorithm. The model undergoes two
stages of training; In the initial self-exploration phase the model learns from a non-speech like
sounds which shares the idea of infants learning to speak. During this phase the vocal learner
first discovers how to control phonation and focuses on vocal variations of unarticulated sounds.
Then the model is exposed to babbling with articulated proto-syllables for which the model will
automatically discover right motor parameters. Once the vocal learner becomes more proficient,
the idea is that the model is able to imitate vocalizations of peers to provide high learning progress
where the model shifts from self-exploration to vocal imitation.

Warlaumont et al. (2013) used neural networks with a reinforcement mechanism to simulate
the vocal motor development in infants to learning to control the process of phonation. The idea
of using a reinforcement mechanism aligns with the social supervision a child gets during the
phase of learning to speak. The model uses the vocal tract model in (Boersma, 1999) and uses
formant frequencies as auditory features. The neural network model is based on the combination
of self-organizing topographic map learning and reinforcement gating. Recently, Chen et al. (2021)
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explored the same idea with the Maeda vocal tract model (Maeda, 1982) and used an initialization
step with ground truth articulatory parameters. During the subsequent unsupervised learning of
the model, the inverse and forward mappings are learned at the same time. The model is only able
to synthesize a limited set of vowels by only learning tongue and jaw parameters of the Maeda
vocal tract model. Similarly, Philippsen et al. (2014) tried to learn the articulatory parameters to a
commercially available vocal tract model by first learning the inverse and forward mapping with a
supervised approach and then learning the model in an unsupervised approach, inspired by the
sensorimotor learning paradigm. The smaller set of data used for supervised learning has been
synthetically synthesized by the same vocal tract model, by manually designing the articulatory
parameters to produce a sequence of phonemes.

For the first time, Georges et al. (2022) developed a model to learn vocal tract variables
using the sensorimotor learning paradigm where a DNN based articulatory speech synthesizer is
used as the motor plant. The inverse mapping of the model is implemented by an LSTM model
where it takes in MFCCs as the input acoustic feature. The forward mapping is implemented with
feed-forward layers similar to the architecture used in the articulatory speech synthesizer. The
DNN based speech synthesizer is speaker-dependent (unlike the parametric model discussed in
previous work) and hence the forward and inverse models converge better for only that speaker
and works poorly for the two other speakers experimented with the model. The DNN based
speech synthesizer and the forward model only learn a mapping from the articulatory variables
to a melcepstrum, which is then passed to a vocoder (LPCNet (Valin and Skoglund, 2018)).
The vocoder then synthesizes the input speech by using the estimated melcepstrum, pitch and
periodicity, where pitch and periodicity are directly extracted from the input speech itself.

Similar approaches have recently been explored in (Begus et al., 2022; Sun et al., 2022) to
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do acoustic-to-articulatory speech inversion with parametric vocal tract models (Birkholz, 2013) or
DNN based articulatory synthesizers. Majority of these work focus on how well the input speech
is re-synthesized and/or fail to show strong quantitative results to verify the similarity between the
learned articulatory representations and the ground-truth. Some of the work here are also limited
to learning articulatory representations to a given set of words or phonemes (Begus et al., 2022;

Westerman and Miranda, 2002).

2.5 Application of TVs for Schizophrenia Detection

2.5.1 Articulatory coordination features (ACFs)

The motivation for ACFs comes from the observed condition of Psychomotor retardation
(PMR), which is clinically referred to as a condition of slowed neuromotor output that manifests
changes in speech, motility and cognition (Flint et al., 1993). PMR is regarded as a key
characteristic of depression and is viewed as a necessary feature of Major Depressive Disorder
(MDD) (Greden and Carroll, 1981). PMR is known to cause changes of articulatory coordination
in speech. Williamson et al. (2013) showed that these articulatory coordination features can be
used to characterize the level of articulatory coordination and timing. Williamson et al. (2013) in
their early work used formant tracks as low level acoustic features and computed a multi-scale
structure of correlations across the time series signals. Since the auto- and cross-correlations of the
time acoustic features can reveal the hidden parameters in the stochastic-dynamical systems which
generated these time series data, the ACFs have shown promise in MDD detection (Williamson
et al., 2013, 2014, 2019).

The technique of computing correlation structure features or ACFs in Williamson et al.
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(2013) is referred to as time-delay embedded correlation (TDEC) analysis. Recently, new multi-
scale full vocal tract coordination (FVTC) features generated with a dilated CNN have shown
further improvement in detecting MDD (Huang et al., 2020).

Time Delay Embedded Correlation (TDEC) Analysis

Williamson et al. (2013) used the first three formant tracks as the proxi acoustic features to
compute the articulatory coordination. For each speech signal, a channel-delay correlation matrix
is computed from the low-level multi-channel signals (first three formants in this case), using
time-delay embeddings at multiple different delay scales. This correlations structure provides
details about which time series signal is correlated with which, and at which time delays, and
is therefore rich with information about the mechanisms underlying the coordination level. The
computed correlation matrix [2; has a dimensionality of M N x M N, where M = 3 channels and
N = 15 time delays per channel.

From the correlation matrix 2}, an eigenspectrum is computed, which takes the form of
an M N -dimensional (45-dimensional) feature vector. This eigenspectrum characterizes the
within-channel and cross-channel distributional properties of the multivariate formant time series.
In the work for MDD detection, four different delay scales j = 1, 2, 3, 4 which correspond to delay
spacings 1, 3, 7, 15 have been experimented. Given that the sampling rate of formants is 100Hz, the
four delay scales correspond to 10ms, 30ms, 70ms and 150ms increments respectively. In the same
work, the authors claim that the low rank eigenvalues (ranked according to the descending order
of magnitude) being larger for subject recordings with severe depression relative to healthy/mild
depression. The trend is reversed towards high rank eigenvalues which taken together is a signature
observation associated with depression severity (Williamson et al., 2013, 2014). This implies that
the time series channels are highly correlated in the case of severe depression which in-turn imply
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that there is simpler articulatory coordination or more coupled movements going on in depressed
speech. On the other hand, in the case of mild depression or healthy speech, it can be thought of
as more complex articulatory coordination going on in speech (Williamson et al., 2019).

Full vocal tract coordination (FVTC) analysis

In time delay embedded correlation analysis discussed above, a M-channel feature vector
results in a channel delay correlation matrix which has a dimensionality of M N x M N where
N is the time delays per channel. In order to incorporate multiple delay scales p, the correlation
matrices computed at different delay scales are stacked yielding ap x M N x M N dimensional
matrix. To address this high dimensionality of the coordination feature and to overcome some
limitations of the conventional channel delay correlation structure, Huang et al. (2020) proposed a
novel method to construct the channel-delay correlation matrix which they called as the full vocal
tract coordination (FVTC) method. The FVTC method addresses repetitive sampling and matrix

discontinuity issues of the TDEC correlation structure.

d
2%

In the FVTC formulation, for an M-channel feature vector X, the delayed correlations r
between the ith channel z; and jth channel x; delayed by d frames is computed by equation 2.1.
Here N is the length of the channels.

o @ilt)z[t + d]

d t=0
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Then the correlation vector for each pair of channels with delays de[0, D] frames is

constructed as follows :

Rij=1[rd vl .. rP]eR>(P+H) (2.2)
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The final FVTC correlation structure is then constructed by stacking the delayed auto-

correlations and cross-correlations in the following manner :

Racr = [Rig, ..., Rijy ..o, Rypg)T€RM?X(PHD) (2.3)

Unlike the TDEC correlation structure, R Acr contains every correlation only once. The
new ACF representation also contains information pertaining to multiple delay scales and can be
incorporated into a DNN based classification model by dilated CNN layers which have dilation
factors matched to chosen delay scales (1, 3, 7 and 15), while also maintaining a low input
dimensionality. Huang et al. (2020) also proposed a dilated convolution based CNN model where
each R; ; is processed as a separate input channel in the CNN model, and thereby overcoming

discontinuities in the input 2D representation.

2.5.2 TV based ACFs for detecting mental health disorders

Espy-Wilson et al. (2019) used TDEC based ACFs computed from TVs for MDD classification.

They used six TVs estimated from the feed-forward DNN based speech inversion system in
(Sivaraman et al., 2019) as the low-level acoustic features to compute the channel-delay correlation
structure features. Their work, for the first time, showed that ACFs derived from TVs effectively
capture the changes in neuromotor coordination in MDD. Seneviratne et al. (2020) then showed
that adding aperiodicity and periodicity to the six TVs to compute the ACFs will further improve
the detection of MDD speech from healthy. In the same work they showed that the TV based
ACFs outperform the MFCC based ACFs computed in the same fashion.

With the development of the FVTC based ACFs and the proposed dilated CNN network
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for depression classification using MFCCs in (Huang et al., 2020; Seneviratne and Espy-Wilson,
2020) developed a dilated CNN classification model inspired by the work of Huang et al. (2020)
and used the new FVTC based ACFs derived from TVs for depression detection. In the same
work, they showed that the new FVTC based ACFs derived from TVs outperform the MFCC
based ACFs computed in the same manner.

The same FVTC based ACFs derived from TVs were used for the first time to detect positive

symptoms in schizophrenia and more details on that work is discussed in section 6.2.

2.6 Application of Articulatory Representations for Mispronunciation Detection

of /1/in Child Speech Sound Disorders

Previous studies have identified several barriers to the uptake of effective clinical speech
technologies for child use (Furlong et al., 2017; J. McKechnie and Ballard, 2018). The lack
of datasets for system training, inadequate technical details of tools, low accuracy when rating
sounds in error are some of them Benway et al. (2023b). A recently published open-access
dataset, the PERCEPT Corpora (Benway et al., 2023a) has been instrumental in solving some of
the previously identified barriers in the context of speech sound disorders, including for /1/(i.e.,
rhotics) in American English, which is the most common such error.

Previous attempts with detecting mispronounciation of /1/have focused on ultrasound image
features with CNN based models (Ribeiro et al., 2021). Acoustically derived feature based
models have recently gained more traction and have reported state-of-the-art results with certain
datasets. Benway et al. (2023b) has contrasted the use of MFCCs with age and sex normalized

formant features to show that the latter is an effective acoustic feature for detecting fully rhotic
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versus derhotic /1/. However, none of the previous studies have looked into using articulatory
representations which can ideally capture articulatory configurations that will result in fully rhotic
versus derhotic /1/. In other words, TVs estimated by a SI system can be a critical acoustic feature

compared to proxy acoustic features (eg. MFCCs and formants) in rhoticity detection in children.
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Chapter 3: Improving Acoustic-to-Articulatory Speech Inversion

3.1 Overview

This chapter discusses one of the primary contributions of this dissertation with respect
to improving the performance of acoustic-to-articulatory speech inversion systems. We discuss
the main improvements made under four main aspects, (i) Exploring audio data augmentation
techniques to increase the variability of training data, (i1) Learning acoustic-to-phoneme mapping
with a multi-task learning framework, (iii) Incorporating source features as additional targets, and
(iv) Using self-supervised speech representations with enhanced TV targets. Under each aspect,
we discuss the motivation behind the work, the experiments conducted and finally the conclusions

drawn from each respective experiment.

3.2 Audio Data Augmentation for Acoustic-to-Articulatory Speech Inversion

Data augmentation has proven to be a promising prospect in improving the performance of
deep learning models by adding variability to training data. In a previous work with developing
a noise robust acoustic-to-articulatory SI system, data augmentations have been successfully
used to improve the performance of speech inversion particularly on 'noisy’ speech conditions

(Seneviratne et al., 2018). In this work, we extend this idea of data augmentation to improve the SI
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systems on both the clean speech and noisy speech data by experimenting three data augmentation
techniques. We also propose a Bidirectional Gated Recurrent Neural Network as the speech
inversion system instead of the previously used feed forward neural network. The inversion system
uses mel-frequency cepstral coefficients (MFCCs) as the input acoustic features, and six TVs as
the output articulatory targets. The work in this section has been published in (Siriwardena et al.,

2023a)

3.2.1 Bidirectional Gated RNN (BiGRNN) Speech Inversion Model

Gated Recurrent Unit (GRU) was first proposed by Cho et al. (2014) and has only 2 gates
compared to 3 gates in a conventional LSTM unit, hence resulting in relatively smaller models,
and takes lesser time for training. In this work, we propose a Bidirectional Gated RNN model
as the speech inversion system. The model has 3 bidirectional layers of Gated Recurrent Units
(GRUs) followed by two time distributed fully connected layers. Figure 3.1 shows the detailed
model architecture of the proposed BIGRNN model. We specifically used a Masking layer at the
input to avoid the affect of padded zeros for TV predictions. Dropout layers were used after every
layer to minimize over-fitting.

Time Time
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Figure 3.1: Proposed BIGRNN model architecture

Input audio features

In our experiments, all the audio files are first segmented to 2 seconds long segments and
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the shorter audios are zero padded at the end. Mel-Frequency Cepstral Coefficients (MFCCs)
and Melspectrogram (MSPEC) features are then extracted as the acoustic input features for the
speech inversion systems. Both MFCCs and MSPECs were extracted using a 20ms Hamming
analysis window with a 10ms frame shift. For MFCCs, 13 cepstral coefficients were extracted
for each frame while 40 Mel frequencies were used for both MFCCs and MSPECs. A and AA’s
for MFCCs were also computed to be used as an extended input feature set along with MFCCs.
Both MFCCs (and As) and MSPECs are utterance wise normalized (z-normalized) prior to model
training. Table 3.1 shows the results for how well each audio feature type performed with the SI
systems.

Previous work with developing SI systems have shown MFCCs to be superior over MSPECs
and Perceptual Linear Predictions (PLPs) as acoustic features (Sivaraman et al., 2019). Our
results with different audio features as shown in Table 3.1 are consistent with the previous studies
which suggest MFCCs can be effective especially with Bidirectional RNN based models. We
also show that adding A and AA features derived from MFCCs does not necessarily improve the
performance.

Performance measurements

All the models are evaluated with Mean Squared Error (MSE), Mean Absolute Error (MAE)
and Pearson Product Moment Correlation (PPMC) scores computed between the estimated TV
and the corresponding ground-truth TVs. Equation 3.1 is used to computed the PPMC score,
where X represents the estimated TVs, X the mean of the estimated TVs, Y the ground-truth TVs,

Y the mean of the ground-truth TVs and N the number of TVs.
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Baseline BiLSTM and CNN-BiLSTM models
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To compare against the proposed BiIGRNN model, we used a BILSTM model inspired by
the work in Illa and Ghosh (2018) and a CNN-BiLSTM model similar to that in Shahrebabaki
et al. (2020) as the baseline models. The BiLSTM model was trained with MFCCs and the
CNN-BiLSTM model was trained with MSPECs.

The BiLSTM model has 3 bidirectional LSTM layers followed by two time distributed fully
connected layers. The model has the same architecture as the proposed BIGRNN model except for
the fact that it uses BILSTM layers instead of the BIGRNN layers in the front-end of the model.
The CNN-BiLSTM model consists of 5 CNN layers, whose outputs are then concatenated together

and fed to 2 BiILSTM layers, followed by a final CNN layer.

Table 3.1: PPMC scores for models trained with clean speech when tested with clean speech test
set

Model Audio features | LA LP |TBCL |TBCD |TTCL TTCD | Average
BiGRNN MFCC 0.8801 | 0.6200 | 0.8580 | 0.7382 | 0.6922 | 0.9206 | 0.7848
BiLSTM MFCC 0.874210.6236|0.8535|0.7189|0.6792|0.9142 | 0.7773
BiGRNN |MFCC +A + AA|0.8708 |0.6256|0.8565|0.7167|0.7020|0.9125 | 0.7807
BiLSTM |MFCC +A + AA |0.8480[0.6112|0.8347|0.7055|0.6667 | 0.8975| 0.7606

CNN-BIiLSTM | Melspectrogram |0.8285|0.5651|0.8028 |0.6827 |0.6193]0.8551| 0.7256

Model training

The input XRMB dataset was divided into training, development, and testing sets, so that the
training set has utterances from 36 speakers and the development and testing sets have 5 speakers
each (3 males,2 females). None of the training, development and testing sets have overlapping

speakers and hence all the models are trained in ‘speaker-independent’ fashion. The split also
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ensured that around 80% of the total number of utterances were present in the training and the
development and testing sets have a nearly equal number of utterances. This allocation was done
in a completely random manner. All the augmented audio files were included in the same split as
its original audio file to preserve the ‘speaker-independence’ and also not affecting the splitting
ratio.

All the models were implemented with Tensorflow-Keras machine learning framework
and trained with NVIDIA TITAN X GPUs. MSE, MAE and PPMC were experimented as loss
functions to optimize the models. PPMC loss can be defined as 1 — PPMC, where PPMC
is defined in equation 3.1. Table 3.2 shows the average correlation on the test set for the best
performing models with the 3 types of loss functions. It can be seen that the BILSTM and BiIGRNN
models converged better with MAE loss where as CNN-BiLSTM model worked better with the
PPMC loss. One limitation with the PPMC loss is it can predict some TVs with an offset from the
ground-truth which is expected. To address that, we combined PPMC loss with MAE loss where a
weight (0 < a < 1) was assigned to PPMC loss and 1 — o was assigned to MAE loss. All the
CNN-BiLSTM models are trained with the new weighted loss function which outperformed MSE

and MAE losses.

Table 3.2: Comparison of loss functions with each model type

Loss Fn. Weighted Loss | Weighted Loss
Model MSE | MAE | PPMC (a=0.8) (a=10.9)
BiGRNN 0.7910(0.7959 | 0.7917 0.7928 0.7940
BiLSTM 0.7850{0.7870 | 0.7858 0.7862 0.7865
CNN-BiLSTM |0.7163]0.7214 | 0.7333 0.7256 0.7203
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3.2.2 Audio Data Augmentation for Speech Inversion

Seneviratne et al. (2018) developed a noise robust SI system by training the feed-forward
SI system in Sivaraman et al. (2019), with noise augmented audio data. But, compared to the
SI system trained entirely with clean speech data, the noise robust model did not perform well
with the clean speech test set. Hence in this work, the goal is to explore data augmentation
techniques that would improve the performance of the SI system with both noisy speech and clean
speech data. With that goal in mind, we conducted 3 types of audio data augmentations using the
Audiomentation library'.

Background noise and music

We added the noise and music data from MUSAN corpus (Snyder et al., 2015) with the
audio files in the XRMB dataset. The music files from the corpus were manually checked to
remove any files with singing voices/human voices. We created two copies of the original speech
data, one adding noise and the other adding music. The gain of noise and music added are set to
be proportional to the Root Mean Square (RMS) value of the input sound in the audio. The added
noise/music can range from 5dB to 20dB SNR and the level is randomly chosen.

Gaussian noise

Two copies of the original audio file are generated by adding Gaussian noise ranging from
5dB SNR to 20dB SNR. The noise SNR is sampled uniformly from the [SdB, 20dB] range when
creating the noisy copy of the data.

Environmental impulse response (IR) functions

To add reverberation noise, we used the environmental IR functions from the MIT Acoustical

"https://github.com/iver56/audiomentations
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Reverberation Scene Statistics Survey corpus (Traer and McDermott, 2016). Similar to the
previous noise types, two noise copies of the original audio files were generated by convolving
with randomly chosen IR functions from the corpus.

Effectiveness of different types of audio data augmentations

Figure 3.2 shows the PPMC scores for each TV and the resulting average score from the
proposed BiGRNN model on the clean speech test set. Each model is trained with a dataset

generated with one type of data augmentation in section 3.2.2.

B Background Noise H Gaussian Noise MRoom IR

PPMC

LA LP TBCL TBCD TTCL TTCD Average

Figure 3.2: PPMC scores for each TV and the average score from the proposed BIGRNN model
on clean speech test set

Figure 3.2 shows how the 3 different data augmentations compare each other when predicting
each of the 6 TVs and the final average across all the 6 TVs. It can be observed that adding
background noise and music from MUSAN dataset performs slightly better compared to adding
reverberation noise from IR functions or adding random Gaussian noise. We also did a cross
augmentation type experiment by testing the models trained with one type of augmentation with

the other two types. From Table 3.4 it is clear that models trained with one data augmentation
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type tends to perform well with data augmented in the same fashion.

Table 3.3: PPMC scores for models trained on one type of data augmentation when tested with
other data augmentation types

Test Aug. Background . .
Train Aug. i Noise c%z Music Ganssian Noise| Room IR
Background Noise & Music 0.7830 0.7735 0.7572
Gaussian Noise 0.7726 0.7843 0.7395
Room IR 0.7624 0.7337 0.7797

3.2.3 Effect of data augmentation for speech inversion

Figure 3.3 shows the average PPMC score across the 6 TVs for the proposed BiGRNN,
BiLSTM and CNN-BiLSTM baseline models when trained with clean speech only (clean-train)
and when trained with clean speech + augmented data (augment-train). The two SI systems for
each model type are tested with clean only, clean+augmented and augmented only test sets to
evaluate the robustness of the models not only for noisy/augmented speech, but also for clean

speech.

‘ B Clean [ Augmented H Clean+Augmented

BiGRNN Model BiLSTM Model CNN-BiLSTM Model

0.8} 0.796 B 0.8} 0.787 B 0.8 F

PPMC

clean-train augment-train clean-train augment-train clean-train augment-train

Figure 3.3: Performance of each model with and without augmented data on clean, augmented
and clean+augmented test sets

Since data augmentation with background noise and music resulted in the best SI models, we
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trained all the subsequent models with music and noise augmentation. Figure 3.3 shows how each
model architecture (BiGRNN, BiLSTM and CNN-BiLSTM) trained with and without augmented
data performed on clean, augmented only and clean+augmented test sets. The best performing SI
model is reported with the BIGRNN model when trained with augmented data and it predicts TVs
with an average PPMC score of 0.7959 on the clean speech data split. The previous noise-robust
model (Seneviratne et al., 2018) was only able to achieve a best PPMC score of 0.741, thus the
new SI system has a 5% relative improvement over the previous noise-robust SI system. This
highlights one of the key take away points of this work, which suggests that data augmentation
can be used as a technique not only for making DNN models more noise-robust, but also for

improving the power of generalizability.

3.2.4 Improvement with model adaptation

With the goal of creating individual speaker adapted models, we took the best performing
BiGRNN model pre-trained with augmented data, and further trained the model with each speaker’s
data in the original test set. The pre-trained model weights are only used for initialization and the
new training was carried out with a smaller batch size (=4), reduced starting LR (=1e-4) and a
quick decay with LR scheduler (every 2 epochs). The early stopping patience was increased to
30 to account for slight fluctuations in the validation loss due to smaller amount of training data.
Here we used 80 % of all the subject’s data (average 12 mins of speech) for training and used 10
% each for validation and testing. Table 3.4 shows the PPMC results of BIGRNN models when

tested with same test split of subject’s data before and after model adaptation.
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In previous work with SI systems, it has been shown that model adaptation with a generalized
(pre-trained) model trained with a larger number of subjects can perform better than a speaker-
dependent model trained only with target speaker’s data (Illa and Ghosh, 2018). Based on that
observation, we performed model adaptation for speakers in the test set to see how much of an
improvement the models can gain when an already pre-trained model is further trained with a
portion of the subject’s data. Turns out for the 5 speakers in the test set, an average PPMC score
of 0.8506 can be achieved when the speaker-adapted models are tested with held-out data from
the same subject. The pre-trained model without any adaptation, tested on the same splits of the
target subjects can only achieve a PPMC score of 0.7942.

Figure 3.4 shows ground-truth and predicted TVs, LA, TBCD, and TTCD for an example
utterance of JW31 subject. The TVs are estimated by the pre-trained and the speaker-adapted SI
systems. The effect of speaker adaptation is clearly evident with the estimated TV trajectories,
where the predicted TVs from the speaker adapted model looks significantly better than that
estimated by the generalized model. However, it should also be noted, that for certain speakers
(e.g. JW61) this improvement is not clearly evident. Hence, further work needs to be done to
understand what speaker-specific characteristics are captured by these speaker-adapted SI systems
and to devise effective modifications to infuse speaker characteristics to improve speaker-adapted

SI systems.

Table 3.4: PPMC score for TV predictions, before and after model adaptation

Subject | Before Model Adaptation | After Model Adaptation
JW31 0.8071 0.9106
JW39 0.7907 0.8836
JW18 0.7936 0.8633
JW33 0.8334 0.8490
JWe1 0.7463 0.7466
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Figure 3.4: LA and constriction degree TV plots for the utterance ‘Combined are the ingredients
in a large bowl’ estimated by the SI systems before and after adaptation on the JW31 subject.
Solid blue Line - actual TV (from XRMB database), red dotted line - estimated TV after model
adaptation, black dashed Line - estimated TV before model adaptation

3.2.5 Comparison between the new BiGRNN and previous feed-forward SI

systems

Table 3.5 shows the results of the TV estimation from the new BiGRNN model and
previously used feed-forward model in Sivaraman et al. (2019). Both the BIGRNN and feed-
forward models are trained and tested in a speaker-independent fashion. The BIGRNN model is
trained with the clean+augmented dataset and tested with both clean and augmented/noisy only
test splits separately. The feed-forward model is evaluated in similar fashion. Results clearly
show that the BIGRNN model trained with augmented data outperforms the previously used

feed-forward model in both clean only and noisy only test splits. Figure 3.5 shows the predicted
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TVs from the BIGRNN and feed-forward models for a sample utterance in the clean test set.

Table 3.5: TV-wise PPMC scores for feed-forward model and the BIGRNN model evaluated on
noisy and clean test sets

Model testset| LA | LP |[TBCL | TBCD | TTCL TTCD | Average
Feed-forward | clean |0.856|0.613| 0.866 | 0.745 | 0.707 | 0.907 | 0.782

BiGRNN | clean |0.8870.646| 0.862 | 0.750 | 0.709 | 0.921 | 0.796
Feed-forward | noisy |0.750{0.520| 0.795 | 0.670 | 0.643 | 0.830 | 0.701

BiGRNN | noisy [0.873(0.631| 0.855 | 0.724 | 0.702 | 0.914 | 0.783

Frequency (kHz)
o N B~ O

Figure 3.5: LA and constriction degree TV plots for the utterance ‘Combined are the ingredients
in a large bowl’ estimated using the BIGRNN model and the feed-forward model. Solid blue Line
- actual TV (from XRMB database), red dotted line - estimated TV from BiGRNN model, black
dashed Line - estimated TV from feed-forward model
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3.3 Multi-task Learning for Acoustic-to-Articulatory Speech Inversion

We explored the idea of learning the acoustic-to-phoneme mapping as a parallel task along
with the SI task to investigate the effectiveness of a multi-task learning (MTL) framework for
speech inversion. To generate the acoustic features for the SI task, we used all the audio files
from the HPRC dataset (both ‘normal’ and ‘fast’ rate) and segmented them into 2 second long
segments. Then, the shorter audios are zero padded at the end to make fixed size input embeddings.
In this study, we use MFCC:s as the input audio feature for the MTL based SI system. MFCCs
are extracted using a 20ms Hamming analysis window with a 10ms frame shift. 13 cepstral
coefficients were extracted for each frame while 40 Mel frequencies were used. Each MFCC was
utterance wise normalized (z-normalized) prior to model training. The study in this section has

been published in Siriwardena et al. (2022b).

3.3.1 Phoneme features

The HPRC dataset contains phonetic alignment for the recorded utterances. The phone
alignment is extracted using the Penn Phonetics Lab Forced Aligner (P2FA) '. We remove the
allophonic variations of the monophones and retain only 40 monophone units. Using the forced
alignment, we created frame wise monophone labels for all of the HPRC dataset. The one-hot

encoded frame-wise monophone labels are the phonetic features used in this study.

"https://github.com/jackookang/p2fa,y3
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3.3.2 Multi-task model architecture

We use the Bidirectional Gated Recurrent Neural Network (BiIGRNN) model to implement
both the single-task and multi-task SI systems. Both the single-task and multi-task models have the
same backbone which includes 3 bidirectional layers of Gated Recurrent Units (GRUs) followed
by a time distributed fully connected layer. Single-task model which predicts TVs has an additional
time distributed fully connected layer to predict the TVs (output layer). On the other hand, the
multi-task model has two output layers, one a time distributed fully connected layer to predict the
TVs and the other a softmax layer to predict phoneme labels. Figure 5.1 shows the architecture of

the single task model on the left and the multi-task model on the right.
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Figure 3.6: Single-task and Multi-task model architectures

The HPRC dataset was divided into training, development, and test sets, so that the training
set has utterances from 6 speakers (3 Males, 3 Females) and the development and test sets have

utterances of 2 speakers (1 male,1 female) equally split between them. None of the subjects in
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training are present in the development and test sets and hence all the models are trained in a
‘speaker-independent’ fashion. The split also ensured that around 80% of the total number of
utterances were present in the training, and the development and test sets have a nearly equal
number of utterances. This allocation was done in a completely random manner.

All the models were implemented with Tensorflow-Keras machine learning framework
and trained with NVIDIA TITAN X GPUs. For all single-task and multi-task models, ADAM
optimizer with a starting learning rate of le-3 and an exponential learning rate scheduler was
used. The starting learning rate was maintained up to 10 epochs and then decayed exponentially
after each subsequent 5 epochs. To choose the best starting ‘learning rate’ (LR), we did a grid
search on [1e-3, 3e-4, 1e-4] and to choose the training batch size we did a similar grid search on
[16,32,64,128]. The best PPMC scores were obtained for 1e-3 as the LR and 128 as the batch size

for training.

3.3.3 Multi-task model training algorithms

We experimented with two distinct training algorithms to optimize the MTL model. We
denote the input MFCC features to the model as xe RE*¢ where L (=200) is the number of samples
in each utterance and d (=13) is the number of MFCCs. Let f4 be the mapping from MFCCs
to TVs from the multi-task model where ¢ defines the shared model parameters to be learned.
Similarly, let g4 be the mapping from MFCCs to phoneme logits. Then the output TV prediction
from the TV output layer 7, R“*T can be defined from equation 3.2 and similarly the output
logits from the phoneme prediction, §,,eR“*" can be defined from eqaution 3.3. Here T' (=9)

is the number of TVs predicted and V' (=41) is the number of phonemes in the dictionary + the

46



symbol for zeros (padded for shorter utterances). We used the Mean Absolute Error (MAE) loss
between ground truth TVs y;, and predicted TVs g, and cross entropy error loss between ground

truth one-hot encoding labels of phonemes y,, and the predicted phonemes g,,.

e = fo(a);weRM*? (3.2)

Oph = go(x);weRY* (3.3)

Training algorithm 1

Here the multi-task model is optimized for each task in an alternating fashion. In each epoch,
the model weights ¢ are first learned from the TV prediction task and the learned weights are then
used for computing phoneme labels 7,,. The final model weights ¢[:]* are then updated with the

phoneme prediction task and the process is repeated for the given number of Epochs.

Algorithm 1 Iterative Loss Optimization

Require: : reRY* . y1,, Epochs(eR)
while : < Epochs do
Yew < foi-1)(T)
Ltv — MAE(gtva ytv)
¢li] < ming Ly,
Uph < Goli) (T)
Ly, <= CrossEntropy(Yph, Yph)
gb[@]* < HliIl¢ Lph
14—1+1
end while

Training algorithm 2

In this training algorithm we optimize a joint 10ss L ;,;,:, Where the phoneme prediction loss

L, 1s weighted to combine with the TV prediction loss L;,. The contribution of L,,, is controlled
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by the weight ae(0, 1), which is a hyper-parameter to be tuned. Here the model is trained with an

early stopping criteria monitoring the validation loss (V al Loss) with a patience p (=10).

Algorithm 2 Joint Loss Optimization

Require: : reR**? ValLoss,peR, (0 < o < 1), Ypn, Yo
while ValLoss[i| < ValLoss|i — p| do
Jph <= gofi—1)(2)
Uty — f¢[i—1] (x)
Ly, <= CrossEntropy(Upn, Yph)
Ly <= MAE (G0, Yto)
Ljoint < Ltv + OéLph
Pli] = ming Ljoint
1141
end while

3.3.4 Single-task vs multi-task learning for TV prediction

Table 3.6 shows the results of the single-task model when compared to the two multi-task
models trained with two training algorithms. The reported PPMC scores are from evaluations of

the speaker-independent test set.

Table 3.6: Single-task vs Multi-task learning for TV predictions

Model LA | LP | JA |TTCL|TTCD |TMCL |TMCD | TBCL | TBCD | Average
Single-task 0.76410.6610.790| 0.706| 0.778| 0.741| 0.801| 0.725| 0.742| 0.745
Multi-task (Algo 1)[0.79210.681|0.796| 0.747| 0.793| 0.775| 0.799| 0.760| 0.764| 0.767
Multi-task (Algo 2)|0.794|0.680|0.806| 0.741| 0.797| 0.775| 0.806| 0.762| 0.766| 0.770

We changed the weight o in the MTL model trained with algorithm 2 to explore how the
phoneme learning task would help the desired SI task. Recall that o controls the amount of
contribution from the phoneme prediction loss L, to the joint loss L ;.. Here setting oo = 0 is
equivalent to the single-task model.

The results in Table 3.6 clearly confirms the impact of multi-task learning for the SI task
with a relative improvement of 2.5% over the single-task model. Over the two training algorithms,
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Table 3.7: Contribution of phoneme learning task for the SI task

Average PPMC | Phoneme Accuracy (%)
a=0.0 0.743 2.25
a=0.1 0.762 70.60
a=0.3 0.766 72.53
a=0.5 0.770 72.88
a=0..8 0.759 72.90
a=1.0 0.758 73.60

algorithm 2 has a slight edge in TV prediction. However, when training time for the two algorithms
are considered (table 3.8), algorithm 2 has a considerable advantage by only taking nearly quarter
of the time of algorithm 1. Hence for the subsequent experiments and comparisons we used the
MTL model trained with algorithm 2. It should also be mentioned that in a previous work with
developing a multi-corpus SI system (Seneviratne et al., 2019), a similar training procedure to

algorithm 1 was used.

Table 3.8: Training Time : Single-task and Multi-task models

Model Type No. of Trainable Parameters | Training Time

Single-task 2.19M 10 (£2) min
Multi-task (Algo 1) 220M 61 (£5) min
Multi-task (Algo 2) 220M 15 (£2) min

Figure 3.11 and figure 3.8 shows the ground-truth TVs and the predicted TVs from the
multi-task and single-task models. The key difference between the two figures is that figure 3.11
shows the TVs which characterise the constriction degree of articulators, whereas figure 3.8 shows
TVs which characterizes the constriction location. It is usually observed that SI systems tend to do
better with constriction degree related TVs compared to ones which capture constriction location
mainly due to the fact that the same speech sound can be produced with different vocal tract
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configurations (speaker-dependent characteristics). The same can be observed with the PPMC
scores for each TV in Table 3.6. But an interesting observation is that the multi-task models
mostly improve in estimating location related TVs with respect to the single-task model suggesting

that learning the phoneme mapping is helping the SI task with additional subject-dependent

information.
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Figure 3.7: LA and constriction degree TV plots for the utterance ‘Write fast if you want to finish
early’ estimated using Multi-task model and the Single-task model. Solid blue Line - actual TV
(from HPRC database), red dotted line - estimated TV from Multi-task model, black dashed Line -
estimated TV from Single-task model
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Figure 3.8: LP and constriction location TV plots for the utterance ‘Write fast if you want to finish
early’ estimated using Multi-task model and the Single-task model. Solid blue Line - actual TV
(from HPRC database), red dotted line - estimated TV from Multi-task model, black dashed Line -
estimated TV from Single-task model

Finally, it should also be highlighted that the proposed MTL based SI system only uses
phoneme transcriptions for training. At the time of inference, only the acoustic features are needed
and it draws the key difference between the proposed SI system and the SI systems using both

phoneme and acoustic features as inputs.
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3.4 Incorporating Source Features to Improve Acoustic-to-Articulatory Speech

Inversion

The vocal tract which consists of the velum, tongue, lips and teeth, acts like an acoustic tube
which modulates the source waveform. The acoustics of all vowel productions and most of the
consonants have been described by a linear source-filter theory (Stevens, 2000). This theory is
based on the assumption that the source of speech production is independent of the vocal tract
filter. However, the actual process of speech production is nonlinear since the aerodynamics inside
the glottis and vocal tract is governed by non-linear equations, and most importantly it has been
shown that there exists a mutual interaction between the source and filter in certain cases of speech
production (Titze et al., 2008). In this work, we take into account this source-filter interaction to
improve the acoustic-to-articulatory speech inversion task.

In this work, we investigated the idea of estimating source level features along with the
articulatory trajectories as targets to leverage any source-filter interactions to improve the overall
SI task. Here we used source features from the Aperiodicity, Periodicity and Pitch (APP) detector
(Deshmukh et al., 2005) as proxies for the source activity. We also experimented with multiple
input representations of speech with different DNN model architectures and used two publicly
available articulatory datasets to show the significance of learning source level information in
improving the acoustic-to-articulatory speech inversion task. The work in this section has been

published in Siriwardena and Espy-Wilson (2023).
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3.4.1 Input Speech Representations for proposed and Baseline SI models

All the audio files are first segmented into 2 second long segments and the shorter audios
are zero padded at the end. However for the HPRC dataset, the audio files are first down-sampled
to 16 KHz before segmentation and padding. The following features are then extracted from the
segmented audio utterances.

Auditory Spectrograms

We converted the one-dimensional pressure time waveform into a two-dimensional pattern
of neural activity distributed along the tonotopic axis (roughly a logarithmic frequency). This
two-dimensional representation, which is defined as an ‘auditory spectrogram’ (Audspec) (Wang
and Shamma, 1994) is used in our proposed SI system as the input speech representation. It has
been shown that this Audspec is an enhanced and a noise-robust estimate of the Fourier-based
spectrogram (Wang and Shamma, 1994).

MFCCs and Mel-spectrograms

Mel-Frequency Cepstral Coefficients (MFCCs) and Mel-spectrograms (MSPECs) are extracted
as the input acoustic features for baseline SI systems. Both MFCCs and MSPECs were extracted
using a 20ms Hamming analysis window with a 10ms frame shift. For MFCCs, 13 cepstral
coefficients were extracted for each frame while 40 Mel frequencies were used for both MFCCs
and MSPECs. Both MFCCs and MSPECs are utterance wise normalized (z-normalized) prior to

model training.
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Figure 3.9: Model architecture of the SI system. Here C1-C6 represent 1D-CNN layers where as
d1-d3 represent 1D dilated CNN layers

3.4.2 Proposed Temporal Convolution Based Speech Inversion System

We propose a Temporal Convolution Network (TCN) based acoustic-to-articulatory SI
system which takes in the Audspecs as input. The proposed system, unlike conventional SI
systems, estimates both TVs and source level features (aperiodicity, periodicity and pitch) as the
output. The model is optimized using the Mean Squared Error (MSE) loss computed between the
predicted articulatory variables and the ground truth (T'Vs from articulatory datasets and source
features from APP detector (Deshmukh et al., 2005)).

The SI system is implemented in PyTorch with 1-D convolutional (CNN) layers. The
complete network is inspired by the multilayered Temporal Convolution Network in Lea et al.
(2017). Figure 5.1 shows the proposed model architecture with its sub-modules used for pre
processing and dilated TCN. The Pre-processing module contains three 1-D CNN layers with 1x 1

kernels (C1, C2 and C3), which have 128, 256 and 256 filters, respectively. The d1, d2 and d3
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dilated CNN layers have a kernel size of 3 with 1,4 and 16 dilation rates respectively. Upsampling
(window size 4) is done after C4 layer and average pooling (window size 5) is done after C5 layer
along with BatchNorm layers after every CNN layer in the TCN network. The upsampling and
average pooling operations take care of matching the time dimension of the input spectrograms to
the target time dimension of TVs.

To train the SI system, learning rates were determined based on a grid search by testing all
combinations from [le-2, le-3, 1e-4, 3e-4] that resulted in 1e-3 as the best pick. A similar grid
search was done to choose the batch size from [16, 32, 64, 128] and 64 gave the best validation
MSE. The objective function was optimized using the ADAM optimizer with an ‘ExponentialLR’
learning rate scheduler and a decay of 0.5. All models were trained by monitoring the validation
loss.

To train the models with the XRMB dataset, the dataset was divided into training, development,
and testing splits, so that the training set has utterances from 36 speakers and the development and
testing sets have 5 speakers each (3 males,2 females). To train the models with the HPRC dataset,
similar to the XRMB dataset, the dataset was divided into training, development, and testing sets,
so that the training set has utterances from 6 speakers (3 Males, 3 Females) and the development
and testing sets have utterances of 2 speakers (1 male,1 female) equally split between them. We
used audio samples with both the normal and fast production rates in the HPRC dataset. To create
the validation and test sets, the audio samples from the two speakers were randomly split, so that
both the splits have samples corresponding to normal and fast rates.

For both the datasets, none of the training splits have overlapping speakers with the
development and testing sets and hence all the models are trained in a ‘speaker-independent’

fashion. The splits also ensured that around 80% of the total number of utterances were present
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Table 3.9: PPMC scores for articulatory variable prediction on the XRMB dataset. Model names
with ‘SF’ uses source features as additional targets. The AVG. TVs column for those models also
show the percentage increase in TV prediction with respect to the same model which does not use

source features

Model LA LP TBCL | TBCD | TTCL | TTCD | Ap. Per. |Pitch |AVG.TVs AVG. all
TCN-Audspec 0.797710.7942 | 0.7883 | 0.7836 | 0.7743 | 0.7684 | - - - 0.7844 -
TCN-SF-Audspec 0.8448 | 0.8640 | 0.8604 | 0.8818 | 0.9029 | 0.9005 | 0.9082 | 0.8860 | 0.9021 | 0.8770 (9.3%) |0.8834
TCN-Mspec 0.7432(0.7427 1 0.7366 | 0.7244 1 0.7179 | 0.6993 | - - - 0.7273 -
TCN-SF-Mspec 0.8364 | 0.8639 | 0.8727 | 0.8607 | 0.8807 | 0.8917 | 0.8732| 0.9005 | 0.8638 | 0.8677 (14%) |0.8715
BiGRNN-MFCC 0.8801 | 0.6200 | 0.8580 | 0.7382 | 0.6922 | 0.9206 | - - - 0.7848 -
BiGRNN-SF-MFCC 0.8810 | 0.6211 | 0.8628 | 0.7365 | 0.7019 | 0.9191 | 0.8693 | 0.9163 | 0.7209 | 0.7871 (0.2%) |0.8032
CNN-BiGRNN-Mspec 0.8801 1 0.6165 | 0.8505|0.7355|0.7146 | 0.9171 | - - - 0.7858 -
CNN-BiGRNN-SF-Mspec | 0.8799 | 0.6246 | 0.8566 | 0.7302 | 0.7065 | 0.9175 | 0.8794 | 0.9296 | 0.7441 | 0.7859 (0.01%) | 0.8076
CNN-BLSTM-Mspec 0.8770{0.6184 | 0.8463 | 0.7200 | 0.6915 | 0.9197 | - - - 0.7788 -
CNN-BLSTM-SF-Mspec | 0.8774 | 0.6202 | 0.8525 | 0.7172 | 0.6941 | 0.9180 | 0.8734 | 0.9263 | 0.7442 | 0.7799 (0.1%) |0.8026

Table 3.10: PPMC scores for HPRC dataset.

Model AVG.9TVs |AVG. all
TCN-Audspec 0.4805 -
TCN-SF-Audspec 0.7573 (27.7%) | 0.7636
TCN-Mspec 0.4763 -
TCN-SF-Mspec 0.6503 (17.4%) | 0.6621
BiGRNN-MFCC 0.7118 -
BiGRNN-SF-MFCC 0.7153 (0.3%) |0.7263
CNN-BiGRNN-Mspec 0.7277 -
CNN-BiGRNN-SF-Mspec [0.7290 (0.1%) |0.7461
CNN-BLSTM-Mspec 0.7245 -
CNN-BLSTM-SF-Mspec |0.7259 (0.1%) |0.7428

in training, and the development and testing sets have a nearly equal number of utterances. This

allocation was done in a completely random manner.

3.4.3 Baseline Speech Inversion Systems

This section discusses the baseline SI systems implemented for comparison. Detailed

information on the model architectures and implementation can be found in a GitHub repository. '

BiGRNN model

We used the BIGRNN model architecture implemented in (Siriwardena et al., 2022b, 2023a)

Thttps://github.com/Yashish92/Speech-Inversion-TCN
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as one of our baseline models for comparison. The model has 2 bidirectional layers of Gated
Recurrent Units (GRUs) followed by two time distributed fully connected layers. Dropout layers
are also used after every layer to minimize the issue of over-fitting. 13 MFCCs are used as input
to this SI system.

CNN-BiLSTM and CNN-BiGRNN model

A CNN-BiLSTM model inspired by the work in Shahrebabaki et al. (2020) was implemented
as another baseline SI system. The model consists of 5 CNN (1D CNNs) layers, whose outputs are
then concatenated together and fed to 2 BiLSTM layers. The output from the last BILSTM layer
is then passed through two time distributed fully connected layers, where the final fully connected
layer serves as the output layer.

A similar architecture was used to implement a CNN-BiGRNN model where the only
difference is that the 2 BiLSTM layers in the CNN-BiLSTM model are now replaced with
bidirectional layers of Gated Recurrent Units (GRUs). CNN-BiGRNN model is comparatively
light weight due to the GRUs used in the model instead of LSTM units. A BiGRNN based SI
system has also shown to outperform a conventional BiLSTM based SI system in Siriwardena
et al. (2023a) which motivated this new CNN-BiGRNN model as a baseline for comparison.

Similar to the BIGRNN model in section 3.4.3, dropout layers are used after every layer
to minimize possible over-fitting in both the CNN-BiLSTM and CNN-BiGRNN models. Both

models used MSPECs as the input speech representation.
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3.4.4 Comparison with baseline SI systems

The baseline models discussed in section 3.4.3 were trained and evaluated with the same
train-dev-test splits for comparison. For every model architecture, two versions of the model were
implemented with one only predicting the TVs as targets (6 TVs for XRMB dataset, 9 TVs for
HPRC dataset) and the other predicting both TVs and source features.

A baseline TCN based SI system (TCN-Audspec) was trained with Audspecs as input
and only TVs as targets for both XRMB and HPRC datasets. A similar TCN architecture was
implemented to use MSPECs as inputs and, two versions of this model (TCN-Mspec and TCN-SF-
Mspec) were trained similar to the other baseline models. Table 3.9 shows the PPMC scores for
TV estimation on the XRMB dataset. The PPMC scores for individual TVs and source features
are listed here along with average scores across TVs and all the predicted articulatory variables
(TVs + source features). Similarly, Table 3.10 lists the average PPMC scores across the 9 TVs and

all the articulatory variables for the HPRC dataset.

3.4.5 Estimated TVs and source features

Figure 3.10 shows the estimated constriction degree TVs (LA, TBCD, TTCD) and source
features from the proposed TCN-SF-Audspec and the TCN-Audspec models. As can be observed
in the plots, the source features are predicted with a considerably better accuracy, which is an added
advantage of the proposed SI system. This also gives an almost complete articulatory representation
of speech (only missing velar activity) that can be useful in various speech applications (e.g

articulatory speech synthesis).
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Figure 3.10: LA and constriction degree TVs + source features for the utterance ‘second children
are often special’ estimated by the proposed TCN-SF-Audspec model compared to the TCN-
Audspec. Solid blue Line - ground truth, red dotted line - predictions by the TCN-SF-Audspec,
yellow dotted Line - predictions by TCN-Audspec.
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3.4.6 Discussion on results with incorporating source features and the proposed

TCN model

Deep Neural Networks have been effective in learning complex non-linear relationships
between input speech representations and articulatory movements that has lead to the recent
success in acoustic-to-articulatory SI task. However, there is still a lot of room for improvement,
especially in developing speaker-independent and more generalizable SI systems that can be
effectively utilized in speech applications. To this end, we explored the idea of incorporating
source characteristics to exploit any source-filter interactions, and thereby mutually learn, and
improve, the acoustic-to-articluatory SI task.

We used aperiodicity, periodicity and pitch as source features, which are used as additional
targets to train the SI systems. For the proposed TCN based SI system and for every baseline
model, two versions of the model were trained with the goal of investigating the real effect of
incorporating source features. As shown in Tables 3.9 and 3.10, the results are consistent across
both articulatory datasets, and support the fact that incorporating source features into the mix of
TVs is definitely helping the estimation of articulatory variables. This observation is quite evident
with the proposed TCN models which use Audspecs or MSPECs as inputs. For example, with the
XRMB dataset, the TCN model which uses MSEPCs gain an absolute improvement of around
14% with respect to the same model which does not use source features as targets. Similarly with
the HPRC dataset, the TCN model which uses Audspecs gain an absolute improvement of close
to 28% when the source features are used as additional targets. Most importantly, when the best
PPMC scores for average TV estimation with the proposed TCN model is considered, it is around

a 9% improvement over the current best performing SI systems in (Siriwardena et al., 2023a;
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Sivaraman et al., 2019), trained and evaluated on the same splits of the XRMB dataset.

However, a key observation here is that both the input speech representation and the DNN
model architecture play a significant role in learning these complex relationship between the source
features and TVs. For example, with the 13 MFCCs, which is the most commonly used speech
representation in SI systems, adding source features as targets does not significantly improve the
PPMC scores. This is consistent with both the XRMB and HPRC datasets with the BIGRNN
model which uses 13 MFCCs as input. This can be mainly due to the fact that the 13 MFCCs do not
contain important source information and is usually limited to capturing the filter characteristics
(vocal tract) in speech production. Moreover, having richer speech representations that contain
source information does not necessarily mean it will improve on the SI task. A fine observation to
support that is the CNN-BiGRNN and CNN-BiLSTM models that use MSPECs as inputs, which
necessarily contain valuable source information unlike the 13 MFCCs. This elucidates the fact
that the DNN model architecture too plays a critical role in learning these complex dependencies
between the source and articulatory targets.

TCN based models have shown to be extremely effective in speech applications (Pandey
and Wang, 2019) with learning long-range temporal (and contextual) dependencies. These models
have shown to outperform typical RNN and CNN based models, especially in applications where
subtle and complex contextual information needs to be extracted from input representations (Lea
et al., 2017). This was one of the key motivations for the proposed SI system, which ultimately
outperformed all the other baseline systems on both XRMB and HPRC datasets. However, as
mentioned earlier, the input representation used to train these models also plays a role which can
be clearly observed with results in Tables 3.9 and 3.10. The TCN model trained with Audspecs

as input is outperforming the same TCN based model architecture trained with MSPECs which
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suggests that the Audspecs might be capturing important spectral and temporal information that is
helpful in mutually learning both the source features and TVs.

Conventional SI systems usually predict constriction degree related TVs significantly better
(eg., LA, TTCD) with respect to the constriction location related TVs (eg., LP, TTCL). The
same can be more or less observed (with the exception of TBCL and TBCD) for individual TV
predictions in Table 3.9 for all the ‘baseline models’. Surprisingly, this is not as evident with the
TCN based models which tend to predict both the location and degree TVs with close to similar
accuracies. Moreover, further analysis needs to be done to investigate the ways and instances
by which the source features are actually interacting with the TVs, and also to understand what
the TCN models are actually capturing as source-filter interactions that is ultimately helping the

overall SI task.

3.5 Self-Supervised Speech Representations with Enhanced TVs for Speech

Inversion

This section highlights the results of a speech inversion system trained with self-supervised
learning based acoustic representations and enhanced TV targets extracted from the XRMB
dataset.

Self-Supervised Learning (SSL) has shown to be an effective method of improving DNN
performance through the utilization of unlabeled data in learning speech representations (Hsu
et al., 2021; Schneider et al., 2019). These representations have shown to be effective in Automatic
Speech Recognition (ASR) systems (Conneau et al., 2020), speech separation and enhancement

(Wang et al., 2023). Recent works have also shown that SSL speech representations have the
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capacity to improve the performance of SI models for EMA data (Cho et al., 2023) outperforming
the conventional acoustic features like MFCCs. Cho et al. (2023) have extensively evaluated
the existing SSL speech representations for the SI task and have found that HuBERT based SSL
speech representations (Hsu et al., 2021) works the best over both the other SSL features (eg.
wav2vec?2, tera (Liu et al., 2021)) and conventional acoustic features like MFCCs.

In a recent work, Attia et al. (2023b) proposed a novel geometric transformation which
improved the performance of SI systems through better output feature space representation. In
this work we explore the idea of using HuBERT (Hsu et al., 2021) SSL speech representation
as the input speech representation and learn a mapping to the enhanced TVs proposed in (Attia
et al., 2023a,b). We show that using better input and output feature representations lead to better

SI performance and more robust TV estimates.

3.5.1 SI Architecture with HuBERT features

SSL speech representations when used in the SI task with EMA data have shown to
outperform the conventional acoustic features (eg. Mel-spectrograms, MFCCs) (Cho et al.,
2023). Here the SSL representations only need to be fine-tuned for the down stream task of speech
inversion and can be expected to generalize better even with limited ground-truth articulatory
data. Based on the previous work in Cho et al. (2023) for using SSL features for the SI task with
EMA data, we explored the idea of using HuBERT SSL features (Hsu et al., 2021) as the input
acoustic representation to train our best performing Bidirectional Gated Recurrent Unit (BiGRNN)
SI architecture.

We used the HuBERT-1arge model pre-trained with the Librilight dataset (60,000h) to extract
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the HuBERT speech embeddings. All the audio files (sampled with 16 KHz) are first segmented to
2 second long segments and the shorter ones are zero padded at the end. The HuBERT embeddings
are then extracted from the 2 second long segments using the speechbrain open-source Al toolkit
(Ravanelli et al., 2021). The HuBERT embeddings are sampled at 50 Hz and have a dimensionality
of 1024.

We used the BIGRNN SI system proposed in Siriwardena et al. (2023a), and adapted the

input layer to match the input dimensionality of the HuBERT embeddings.

3.5.2 SI Architecture with MFCC features

We trained the same SI system architecture used in Attia et al. (2023b) which is identical to
that discussed in section 3.5.1, with the only difference being 13 MFCCs used as the input acoustic
feature. The MFCCs were extracted using a 20ms Hamming analysis window with a 10ms frame

shift. The MFCCs are also utterance wise normalized (z-normalized) prior to model training.

3.5.3 Model Training

Both the SI architectures described above were trained in similar fashion. The input XRMB
dataset was first divided into training, development, and test sets, so that the training set has
utterances from 36 speakers and the development and testing sets have 5 speakers each (3 males, 2
females). None of the training, development and test sets have overlapping speakers and hence all
the models were trained in a ‘speaker-independent’ fashion. All the models were implemented
with a TensorFlow-Keras machine learning framework. ADAM optimizer with a starting learning

rate of 1e-3 and an exponential learning rate scheduler was used. Both the models with HuBERT
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and MFCCs were trained with an early stopping criteria (patience=5) monitoring the ‘validation
loss’ on the development set. To choose the best starting ‘learning rate’, we did a grid search
on [le-3, 3e-4, 1e-4], whereas to choose the training batch size, we did a similar grid search on
[16,32,64,128]. Based on the validation loss, 1e-3 and 32 were chosen as the learning rate, and
batch size, respectively, for the model with HuBERT features and le-3 and 64 for the model with

MFCC:s.

3.5.4 Using reconstructed TV targets to extend the size of the dataset

In this subsection, we explore the idea of using reconstructed articulatory data to extend the
available articulatory dataset. The SI system is trained on the original uncorrupted XRMB dataset
(‘small dataset’: 4 hours of speech) and an ‘extended dataset’ (5.3 hours of speech). The ‘extended
dataset’ is created by adding reconstructed articulatory data based on the TV reconstruction
methodelogy proposed in Attia and Espy-Wilson (2023).

The SI systems are then trained on the ‘small dataset’ and the ‘extended dataset’ independently
as shown in Table 3.11. The trained SI systems are evaluated on the same test split and the results
are reported as Pearson Product Moment Correlation (PPMC) between the predicted and ground
truth TVs.

The first part of Table 3.11 shows the performance of the SI system with MFCC input
features. It can be seen that training on the extended dataset improves performance across the
board for the small dataset. However, the overall performance of the SI system has improved only
by 0.74%.

Similarly, the second part of the Table 3.11 shows the performance of the SI system with the
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HuBERT SSL input features when trained on the ‘smaller’ and ‘extended’ datasets. The PPMC
scores again show the slightest of improvement asserting the fact that incorporating additional
reconstructed TVs to increase the size of the dataset did not significantly improve the performance

of the SI system.

3.5.5 SSL features vs MFCCs for Speech Inversion

In this subsection, we discuss the effect of using HuBERT speech representation as the input
to the SI system juxtaposed with MFCCs. The two model architectures are discussed in section
3.5.1 and section 3.5.2.

Training on the small dataset, HUBERT representation lead to a tangible improvement in the
tongue TVs, namely TBCL, TBCD, TTCL and TTCD, with slight improvement in LA and LP. On
average, using HuBERT representations lead to a 2.3% improvement in PPMC scores. Similarly,
with the extended dataset, HuUBERT representations gain a close to 2.0% average improvement
over the MFCC:s as input features. Overall, when using the extended dataset and HuBERT features,
the SI system has gained a close to 2.6% average improvement in PPMC scores with respect to

the baseline SI system trained with the smaller dataset and MFCC features.
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Table 3.11: PPMC between predicted and ground truth TVs for SI systems trained on datasets
according to each geometric transformation model, with the MFCCs and HuBERT input features.

Training Dataset | LA LP |TBCL |TBCD | TTCL TTCD |Average
MFCC Input Features
Small Dataset |{0.8603|0.7104|0.7426|0.7754 {0.7422|0.8981 | 0.7881
Extended Dataset | 0.8697 | 0.7250 | 0.7508 | 0.7847 | 0.7407 | 0.9019 | 0.7955
HuBERT Input Features
Small Dataset |0.8779|0.7243|0.7430 | 0.8089 [0.7865 | 0.9248 | 0.8109
Extended Dataset |0.8902 |0.7142 (0.7361 | 0.8180 | 0.8032 | 0.9229 | 0.8141
3.5.6 Estimated TVs with best performing SI systems
gs Lo o~ (’f

1.2

- - -Estimated_hubert
LA

|— Ground-truth TV

Figure 3.11: LA and constriction degree TVs for the utterance ‘The dormitory is between the house
and the school’ estimated by the model trained with HUBERT embeddings (estimated_hubert) and
the model trained with MFCCs (estimated_mfcc). Solid blue Line - ground truth, black dotted
line - predictions by the HuBERT based model, yellow dotted Line - predictions by MFCC based
model.
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Figure 3.11 shows the estimated LA and constriction degree TVs for an utterance in the test
set, by the two SI systems trained with HuBERT and MFCC features. Both the systems have been
trained with the ‘extended dataset’. As seen in the figure, for the random sample considered, the

differences between the TV estimates by the two models are subtle and mostly indistinguishable.

3.6 Final Comparison on the Performance of best SI systems

This section presents the final results of the best performing SI systems discussed so far
in the chapter. Since the two articulatory datasets used in our experiments (XRMB and HPRC)
have their own unique TVs , separate SI systems are trained independently on the two articulatory
datasets. The best performing SI systems are therefore discussed separately in the following

sections.

3.6.1 Sl systems trained with XRMB and estimating 6 TVs

Until recently, the SI systems were trained with 6 TVs generated by a TV transformation
model (set of geometric transformations), which were first used in Sivaraman et al. (2019).
However, a recent work in Attia et al. (2023a) proposed a new TV transformation model which
made slight enhancements on a selected set of TVs. In the same work, the train, development and
test splits were extended with additional data by fixing the corrupted and discarded articulatory
ground-truth data in the original XRMB dataset (Attia and Espy-Wilson, 2023). The SI systems
developed in section 3.2 (BiGRNN-dataAug) and section 3.4 (TCN-SF-Audspec) are trained to
estimate the TVs with old geometric transformations and the SI systems developed in section 3.5

(BiGRNN-SSL) are trained to estimate the TVs with new geometric transformations. Hence, we
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discuss the two different SI systems separately in he following sections.

Models trained to estimate TVs with old geometric transformations

Table 3.12: PPMC scores (Mean and Variance across 5 trials of training) for best performing SI
systems

Model Acoustic Features Average PPMC

BiGRNN-dataAug | MFCC 0.7960 (0.011)

TCN-SF-Audspec | Auditory Spectrograms | 0.8770 (0.031)

BiGRNN-SSL HuBERT-]arge 0.8057 (0.003)

Models trained to estimate TVs with new geometric transformations

Table 3.13: PPMC scores (Mean and Variance across 5 trials of training) for best performing SI
systems

Model Acoustic Features Average PPMC

BiGRNN-dataAug | MFCC 0.7955 (0.015)

TCN-SF-Audspec | Auditory Spectrograms |0.8112 (0.024)

BiGRNN-SSL HuBERT-large 0.8141 (0.002)

3.6.2 Sl systems trained with HPRC and estimating 9 TVs

Table 3.14 summarizes the best performing SI systems trained on the HPRC dataset and
evaluated on a more challenging test split with ‘normal’ and ‘fast’ rate speech in the HPRC dataset
(different from the test split in section 3.3). Here the BIGRNN-MTL model is based on the SI
system trained with a multi-task learning framework in section 3.3. The TCN-SF-Audspec model
is based on the SI systems in section 3.4. The BIGRNN-MTL and BiGRNN-SF-MTL trained with
self-supervised HuBERT features are first discussed here, but follows the same architecture used
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in section 3.3. Here the BIGRNN-SF-MTL model is trained by incorporating additional source
features following the work in section 3.4.

Table 3.14: PPMC scores (Mean and Variance across 5 trials of training) for best performing SI
systems

Model Acoustic Features Average PPMC
BiGRNN-MTL MFCC 0.7118 (0.021)
BiGRNN-MTL-SSL HuBERT-large 0.7571 (0.004)
BiGRNN-SF-MTL-SSL | HuBERT-large 0.7591 (0.002)
TCN-SF-Audspec Auditory Spectrograms | 0.7573 (0.021)

3.7 Summary

Results in this chapter highlights incremental improvements done to the SI framework to
improve its generalizability and robustness in estimating articulatory representations. Section 3.6
summarizes all the best performing SI systems with respect to the two articulatory datasets used,
and compares and contrasts their architectural differences in terms of model implementations, input
acoustic features used and the nature of the target articulatory representations. A key observation
of the results from the SI systems trained with XRMB and HPRC datasets is that the TCN-SF-
Audspec SI system has performed comparatively better with both the datasets. However, it should
also be noted that BIGRNN based SI system using HuBERT SSL features has slightly edged over
the TCN-SF-Audspec SI system in both XRMB datasets with new TV transformations, and the
HPRC dataset. This is a prime example to show that DNN model architectures are susceptible to
domain differences, and a single model architecture may not fit every training dataset with their
own unique distributions.
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Section 3.4 presented the current state-of-the-art SI system trained on XRMB dataset (with
old TV transformations) and is based on a TCN model and uses auditory spectrograms as the
input speech representation. The same model is capable of estimating source features (aperiodicty,
periodicity and pitch) along with 6 TVs. Section 3.5 on the other hand, presented the best
performing BiGRNN SI system trained to estimate the enhanced TVs with the self-supervised
HuBERT speech embeddings.

The availability of phoneme alignments with the HPRC dataset resulted in the multi-task
learning based models which leverage on learning an acoustic-to-phoneme recognition task
parallel to the SI task. This MTL based model performed comparatively better with respect to the
single-task, conventional SI system. As shown in table 3.14, adding source features as additional
targets and using HUuBERT input acoustic features further improved the performance of the SI
system. Hence, this will be used as the best performing SI system to estimate the articulatory

representations with the HPRC dataset.
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Chapter 4: Extending Speech Inversion Systems to Estimate Velar and Glottal

Activity

4.1 Overview

Speech is produced by the coordinated movement of articulators such as tongue, velum,
and lips that shape the acoustic signal produced by the larynx, forming alternations of vocal
tract constriction (for consonants) and opening (for vowels) (Stevens, 2000). These movement
patterns can differ according to the language, dialect, abilities, and habits of the speaker, but the
fact that the movements themselves overlap in time means that the evidence of their movement
in the acoustic signal can be compressed, scattered across time, and sometimes obscured by
co-occurring events. The result is that many linguistic phenomena that are hard to express in
acoustic terms are more readily explained by differences in the timing and degree of vocal tract
constriction (Cho and Keating, 2009; Krivokapi¢, 2014). Systems that do speech inversion rely on
ground truth articulatory variables; by using extracted acoustic features such as Mel Frequency
Cepstral Coefficients (MFCCs), Mel-spectrograms, or the waveform itself as the input speech
representation, the system can learn a mapping to the articulatory variables. However, none of
the publicly available articulatory speech corpora have direct articulatory level data capturing

the velar and glottal constrictions (Tiede et al., 2017; Westbury, 1994a). Therefore, most of the
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available SI systems (trained on these datasets) are limited to estimating the articulatory level
information pertaining to lip and tongue constrictions (Illa and Ghosh, 2018; Shahrebabaki et al.,
2020; Siriwardena and Espy-Wilson, 2023; Siriwardena et al., 2023a; Udupa et al., 2021).

Acoustic-to-articulatory speech inversion inspired by Articulatory Phonology (Browman
and Goldstein, 1992) maps the acoustic speech signal to the kinematic state of each constriction
synergy (lips, tongue tip, tongue body, velum, and glottis) by its corresponding constriction degree
and location coordinates, which are called vocal tract variables (TVs). In this work, we extend a
speech inversion system based on TVs to estimate the activity of the velar constriction by collecting
a dataset that can be effectively used in training a speaker-independent SI system. We choose
‘Nasalance’ as the ground-truth to capture nasality for two reasons. First, it is a non-invasive
measure and can be easily collected from a larger population, which will be beneficial in building
a more generalizable, speaker-independent SI system. However, nasalance measures the ratio of
acoustical energy between the nasal and oral tract. Accordingly, as a variable it is dependent on
the amount of energy flowing through the glottis, and thus has only an indirect relationship with
VP articulation (Kochetov, 2020; Rong et al., 2011). Hence, the far reaching goal of the proposed
SI system is not aimed at deriving aerodynamic relationships (such as nasalance) from the acoustic
signal, but rather aimed at deriving VP articulatory movements. Our approach to achieve this goal
was twofold. To investigate if nasalance is an accurate representation of velar constriction degree
(Browman and Goldstein, 1992), we validated it with a more direct, invasive and accurate measure
of VP activity called high-speed nasopharyngoscopy (HSN). To the best of our knowledge, this is
the first time a SI system has been developed to estimate a proxy for a velar constriction degree
TV, that will, in essence, capture the nasality in speech.

The second reason for using nasalance derives from this susceptibility to glottal source
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effects. Learning a mapping from an acoustic representation that is rich with source level
information (eg. Melspectrograms, auditory spectrograms) to nasalance, along with source
features (eg. voicing and pitch) may positively influence the SI system performance for nasality
prediction. To investigate such effects of using source features, Electroglottography (EGG) was
synchronously collected to extract a voicing parameter, and aperiodicity, periodicity and pitch
extracted from an aperiodicity, periodicity and pitch (APP) detector (Deshmukh et al., 2005) are
also used as additional targets to further improve nasality prediction.

The content in the following sections are organized as follows. In section 4.2, we discuss the
details of the dataset and explain the steps used to extract and validate the ground-truth nasalance
parameter. In section 4.3, we highlight the details of the proposed SI system and the importance
of using source features to estimate nasality. Finally in section 4.4, we discuss the key conclusions
drawn from the experiments and possible future directions. The work in this chapter has been

published in Siriwardena et al. (2023b).

4.2 Dataset

This work is based on a subset of data from an ongoing, collaborative data collection. The
complete dataset, once collected, will be made public (subject to standard open source licensing
agreements). One of the main goals of this dataset is to develop a speaker-independent speech
inversion system to accurately estimate velar and glottal activity. The current dataset has been
collected from 8 subjects (5 Female, 3 Male), and the demographic details of the speakers are

listed in Table 4.1.
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Table 4.1: Dataset Description. SW: South-west, C: Central, W: White, B: Black, H: Hispanic,
NH : Non-Hispanic

Subject | Gender Language HSN status | Age (years) | Ethnicity/Race

1 M English(SWOhio) HSN 28 W, NH
2 F English(STexas) No HSN 24 W, H

3 F English(SWOhio) | No HSN 31 W, NH
4 F English(SWOhio) | No HSN 40 W, NH
5 F English(CKentucky)| No HSN 28 B, NH
6 F English(SWOhio) HSN 34 W, NH
7 M English(SWOhio) | No HSN 23 W, NH
8 M English(SWOhio) No HSN 35 W, NH

4.2.1 Ground-truth Nasalance Parameter

Background and Procedure for Data Collection

Since a direct observation of the velic constriction is difficult, several methods have been
used in literature to estimate the VP port’s activity in speech production. The simplest method
is to measure “Nasalance”. This is the relative proportion of nasal vs. oral acoustic output from
two microphones (mic) mounted to the top and bottom of a separation plate located between
the nose and upper lip to create an acoustic barrier. While the nasalance procedure is a simple,
well-known, non-invasive and reliable technology for tracking velopharyngeal constriction, it

is dependent on the amount of energy flowing through the glottis, and thus has only an indirect
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relationship with velopharyngeal articulation (Kochetov, 2020). To our knowledge, the degree to
which Nasalance data is sensitive to small changes in constriction degree and timing has not been
previously determined. So as a secondary means of assessing velopharyngeal movement, we used
a subset of speakers (subject 1 and subject 6) to synchronously collect a more direct, but invasive,
measure of velopharyngeal constriction called High Speed Nasopharyngoscopy (HSN).

Figure 4.1 shows the setup used to collect the HSN and audio measurements to compute the
nasalance parameter. For the HSN, a flexible scope (outer diameter: 2.2 or 3.6 mm) was connected
to a video camera (MIRO 310; Vision Research, Inc., Wayne, New Jersey), and the images were
captured at a rate of 1000 frames/second using 304 x 256 pixel resolution. To collect the audio
data, 2 microphones (1/4”, Type 4958, Bruel and Kjer, Duluth, Georgia) were connected to the
top and the bottom of the separation plate made of aluminum. Windscreens were used to cover the
microphones to prevent interference from airflow directed toward the microphones. The separation
plate was placed against the participant’s upper lip to create an acoustic barrier between the oral
and nasal audio recordings. The acoustic data from the microphones were captured at 51.2 kHz
using a data acquisition system (NI 9234, National Instruments, Austin, Texas) and customized
LabVIEW code that digitized and converted the data to a “.wav” audio file. The initiation of the
audio recording and imaging data (from the HSV nasopharyngoscopy) was synchronized using an
input/output module (NI 9402; National Instruments) (Oren et al., 2020)

Using this setup, approximately 10 minutes of speech material per subject was recorded.
This consisted of a mixture of short and long sentences and short paragraphs. For example, for
nasality, the full set of prosodic nasal contrasts from Krakow et al. (1988) was included, including
e.g. “hoe me” vs. “home E”, “seam ore” vs. “Seymour”. For voicing, sentences contrasting words

such as “Dodd” vs. “Todd” in a carrier phase were included. Sentences illustrating consonant
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Figure 4.1: Illustration of the experimental setup. HSN measurements were taken by connecting
a flexible scope to a high-speed video camera (not shown). The figure is taken from Oren et al.
(2020) in The Cleft Palate-Craniofacial.

cluster articulatory patterns were drawn from (Zsiga, 1994; Zsiga and Nitisaroj, 2004). For
cross-dataset comparison, we also included some sentences from speech materials used in the
U.W.XRMB corpus (Westbury, 1994a).

Nasalance Parameter

Oral and nasal mic signals collected from the nasometer set-up were used to compute the
nasalance parameter. The baseline wander was first removed from the two signals using a high
pass filter (cutoff around 0.1Hz). The Root Mean Square (RMS) signals were then computed for
both oral and nasal signals separately. During the RMS signal generation, both the squared signals
were smoothed out using a moving average filter with a window size of 1000 (~ 20 ms) samples.
Then a nasalance parameter (Nasalance,,,,) was computed using the equation 4.1 based on Bunton
and Story (2011). The Nasalance,.,,, parameter was then downsampled to 100Hz and smoothed

using a window of 10 samples (using Matlab function ‘Fastsmooth’ by (O’Haver, 2017)). The
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final nasalance parameter was then normalized to [-1,1] range to be used as the ground-truth for
the speech inversion system.
RMSnasal

Nasal raw = 4.1
aearance RMSnasal + RMSOT&I ( )

4.2.2 Validating Nasalance with HSN

HSN was synchronously collected from subject 1 and subject 6 to assess the accuracy and
agreement with the computed nasalance parameter. Here the temporal dynamics of the VP port
is captured by summing the light intensity in the images (intensity of pixels) of the high-speed
video (HSV) data. The resulting intensity trace has been shown to be an accurate measure for
capturing the velum (Oren et al., 2020). Figure 4.2 shows a sample HSV intensity trace and the
corresponding HSV images at different points in time. Here an open VP port would be overall
characterized by darker regions that come from the cavity of the VP port. On the other hand, a
closed VP port would be characterized with brighter regions because of the increased amount of
light reflecting off the tissue. It should be noted that the HSN parameter shows a trough (i.e. lower
values) for nasal sounds in speech. This is in contrast to nasalance, which shows the opposite
pattern of a peak.

The HSV data has a sampling rate of 1kHz and the nasalance parameter as discussed earlier
is sampled at 100Hz. To match the number of samples to compute the cross correlations, the
nasalance parameter is linearly interpolated to match with the HSV intensity trace. The Pearson
correlation coefficients are then computed for each sample data from the subject. The average

correlation coefficients across the samples for subject 1 and subject 6 are -0.6081(p<0.001)
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Figure 4.2: HSV intensity trace for a male native speaker of American English from Cincinnati,
OH producing ‘It’s a see more, Sid. It’s a seam ore, Sid’. Images of the VP port at key time points
are indicated by arrows.

and -0.5136(p<0.001) respectively. These statistically significant negative correlations give an

important validation on the accuracy of the computed nasalance parameter with respect to HSN.

4.2.3 Patterns of timing for Nasality

A number of studies have shown that American English shows different patterns of velum
raising and lowering (i.e. VP port constriction) according to syllabic organization (Krakow, 1999).
As shown in Krakow (1999) an example of this pattern for “home E” vs “hoe me” is that the

velum moves earlier and the VP port stays open longer when the /m/ is in the rime (home) than

79



when the /m/ is in the onset of the following word (me). The lip-velum coordination during the
syllable-initial and -final nasal was also observed in Krakow (1999), where it has been noted that
there is close temporal proximity between the end of velum lowering and the beginning of lip
raising for the syllable-initial and a large offset between the end of velum lowering and the end of
lip raising for syllable-final.

To see if the nasalance parameter will also showcase such patterns (word-initial vs word-final
/m/) with respect to the HSN and lip movement, the words ‘hoe me’ and ‘home e’ were analyzed.
Figure 4.3 shows the data for ‘It’s hoe me’ and ‘It’s home e’ collected from subject 1 in the dataset.
To analyze the lip movement pattern, the lip aperture tract variable (LA TV) was extracted from
the articulatory speech inversion system in Siriwardena and Espy-Wilson (2023). Both the HSN
and nasalance patterns shown in Figure 4.3 replicate the timing patterns described in Krakow
(1999) with respect to the LA TV. Data from a larger group of subjects is needed to further verify

the pattern.
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Figure 4.3: The vertical red dash lines in the top and bottom panels mark the onset of bilabial
contact for the /m/. The black triangles in the HSN signal mark velum lowering onset. In the
nasalance signals, the black triangle marks the observed velum lowering onset, whereas the red
triangle in the bottom panel marks the actual velum lowering onset with nasalance.
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4.2.4 Voicing parameter: EGG envelope

Electroglottography (EGQG) is a well-established technology for tracking vocal fold oscillation,
using the degree of electrical conductance across the glottal gap between electrodes placed on
the two parallel outer sides of the throat. In this study, EGG data was also collected (from all the
subjects) synchronously with the other HSN and audio measurements in section 4.2.1.

The EGG signal is sampled at 51.2 KHz, and to compute a parameter which can capture the
voicing activity of speech, the envelope of the EGG signal was extracted. As with the nasalance
parameter, we first high pass filtered the signal to remove the baseline wander. Then the magnitude
of the Hilbert transform (Feldman, 2001) was computed as the envelope of the EGG signal.
The envelope was downsampled to 100 Hz and smoothed and normalized the same way to the

nasalance parameter to generate the final voicing parameter.

4.3  Speech Inversion System

4.3.1 Input Audio Representation

The audio recorded by the oral and nasal mic signals were mixed together to create a
combined audio signal. The combined signal was then downsampled to 16kHz and segmented
to 2 second long segments. The shorter, remaining segments were zero padded at the end. The
segmentation was done mainly to increase the number of audio samples to train the DNN based SI
system and to have input acoustic representations of fixed dimensionality to the input layer of the
DNN model.

We used auditory spectrograms (Audspec) (Wang and Shamma, 1994) as the input speech
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representation for the SI system. The auditory spectrograms have a logarithmic frequency scale
and provide a unified multi-resolution representation of the spectral and temporal features likely

critical in the perception of sound (Wang and Shamma, 1994).

4.3.2 Model Architecture and Training

Model Architecture

We developed a Temporal Convolution Network (TCN) based SI system inspired by the
work in Siriwardena and Espy-Wilson (2023). The model was optimized using the Mean Squared
Error (MSE) loss computed between the predicted parameters and the ground truth. The SI
system was implemented in PyTorch with 1-D convolutional (CNN) layers. Figure 5.1 shows
the proposed model architecture with its sub-modules used for pre-processing and dilated TCN.
The pre-processing module contains two 1-D CNN layers with 1x 1 kernels (C1, and C2), which
have 128 filters each. The d1, d2 and d3 dilated CNN layers have a kernel size of 3 with 1,4 and
16 dilation rates respectively. Upsampling (window size 4) was done after C4 layer and average
pooling (window size 5) was done after C5 layer along with BatchNorm layers after every CNN
layer in the TCN network. The upsampling and average pooling operations take care of matching

the time dimension of the input spectrograms to the target time dimension of TVs.
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Figure 4.4: Model architecture (SI system). Here C1-C5 represent 1D-CNN layers and d1-d3
represent 1D dilated CNN layers

Model Training

All the model parameters were randomly initialized with a seed (=7) for reproducibility.
Table 4.2 lists the hyper-parameters and the corresponding values considered to fine-tune the model.
A grid search was performed when fine-tuning the hyper-parameters and the best parameters were
chosen based on the validation loss. All the models were implemented with PyTorch machine
learning framework and trained with NVIDIA TITAN X GPUs. The best performing model has
around 1 million trainable parameters, takes around 8 minutes (£2) to converge, and can be found

in a Github repository'

Thttps://github.com/Yashish92/TCN-SI-tool-Nasality
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Table 4.2: Hyperparameter Tuning for the TCN model

Parameter Possible Values Chosen Values
Learning Rate [le-4, 3e-4, 1e-3, 1e-2] le-3
Batch size [16,32,64,128] 64
Optimizer ADAM, RMSprop, SGD ADAM
Rate scheduler | ExponentialLR, PolynomialLLR | Exponential LR

The dataset was divided into training, validation and testing splits, so that the training set has
utterances from 6 speakers (4 females, 2 males). The validation and testing splits have data from
2 speakers (1 male, 1 female) with 1/2 of the data from each speaker in the validation split and
the other half in the test split. None of the data from the speakers in the validation and test splits
were included in the training split and hence all the models are trained in a ‘speaker-independent’
fashion. The splits also ensured that around 70% of the total number of utterances were present in

training ( 1 hour of speech), and all the allocations were done in a completely random manner.

4.3.3 Results of Speaker-independent Speech Inversion

Two speech inversion systems were trained to estimate the nasalance parameter from the
input auditory spectrograms. Pearson Product Moment Correlation (PPMC) score is used as
the metric to evaluate the predictions by the SI systems. Table 4.3 shows the PPMC scores for
correlations between the estimated and ground-truth nasalance parameter for the systems trained
with additional source features as targets (SI-SF) and the one with nasalance parameter as the only
target (SI-noSF).

Figure 4.5 shows sample nasalance estimation by the SI-SF and SI-noSF models for an
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utterance in the test set. The utterance, ‘Say tube again’ contains a nasal consonant [n] around
1.15-1.25 seconds which is captured by both the SI systems. However, it is important to note that
the nasalance parameter estimated by the SI-SF model has better agreement with the ground-truth
compared to the SI-noSF model.

Table 4.3: PPMC scores (mean and .std across 8 trials) for the SI systems trained with and without
source features as additional targets to estimate nasalance.

Nasalance Voicing Perio. Aperio. Pitch Average

SI-SF {0.7341(0.02) | 0.80541(0.01) | 0.9008(0.03) {0.8257(0.02) | 0.7995(0.03) | 0.8131(0.03)

SI-noSF | 0.6967(0.02) ; ; _ ] _
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Figure 4.5: Nasalance and source features for the utterance ‘Say tube again’ estimated by the
SI-SF model and nasalance estimated by the SI-noSF model with respect to the ground-truth .
Solid blue Line - ground truth, red dotted line - predictions by the SI-SF, yellow dotted Line -
predictions by SI-noSF.

4.4 Discussion

The results of correlation analysis in the section 4.2.2 gives a general, but an important

validation for the nasalance parameter with respect to the more direct HSV intensity trace. The fact
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that we found known patterns of timing for nasality (discussed in section 4.2.3) further supports
the validity of using nasalance as a proxy variable for velopharyngeal constriction. This work
highlights the performance of our SI system in estimating velopharyngeal movement dynamics
for unseen speaker data. It also shows that incorporating source features as additional targets
improves the estimation accuracy of the velopharyngeal movement parameter. This is consistent
with the observations made in Siriwardena and Espy-Wilson (2023) with conventional acoustic-to-
articulatory speech inversion, and could also suggest that the TCN model is particularly sensitive
to source/VP interactions.

In future work, the authors plan to improve the performance and generalizability of the
current SI system by training on data from a larger group of subjects (from the ongoing data
collection). More emphasis will also be made on validating and fine tuning the nasalance parameter
as a proxy to the velar TV. Further experiments will also be done to understand what the DNN
models are actually picking as source-filter interactions that are ultimately helping the overall SI

task.

4.5 Summary

To summarize, in this work we present the details on a dataset collected to estimate the
velar and glottal activity in speech. We particularly looked into estimating a validated nasalance
parameter (as a proxy to a velar TV) using a speaker-independent SI system. It should be noted, that
having a SI system to estimate parameters directly related to the velar (and glottal) constrictions can
be hugely beneficial, since it gives an almost complete articulatory level representation of speech

which can be useful in diverse speech applications (eg. articulatory speech synthesis (Siriwardena
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et al., 2023c; Wu et al., 2022)). An accurate, validated speech inversion system would also be
a significant breakthrough for researchers with little or no ability to collect articulatory data
directly, e.g. scholars without well-equipped phonetics laboratories, scholars doing field studies in
dispersed communities. While speech inversion data is not equivalent to direct observation, it may

enable hypothesis formation and testing that will motivate more targeted studies.
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Chapter 5: MirrorNet: Learning Articulatory Representations inspired by

Sensorimotor Interactions

5.1 Overview

This chapter discusses the application of an unsupervised learning algorithm called the
‘Mirror Network’ (MirrorNet), which is inspired by the existence of bidirectional interactions
between the auditory and motor cortices of the human brain. This naturally motivated algorithm
is first applied to learn control parameters to drive a parametric audio synthesizer, to synthesize
a given input melody of notes. With the success made with learning control parameters from
musical notes, which have a simpler spectra-temporal characteristics, the same algorithm is then
experimented with learning articulatory representations for an arbitrary, continuous speech signal.
To that end, a DNN based articulatory synthesizer (motor plant/vocal tract) is first developed
and then integrated with the MirrorNet, to perform the acoustic-to-articulatory speech inversion.
The work in this chapter has been published in Siriwardena et al. (2022a) and Siriwardena et al.

(2023c¢)
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5.2 Motivation for the MirrorNet

Most organisms function by coordinating and integrating sensory signals with motor actions
to survive and accomplish their desired tasks. For instance, visual and auditory signals guide
animals to navigate their surroundings (Keller et al., 2012; Wolpert and Ghahramani, 2000).
Similarly, auditory and proprioceptive percepts are essential in skilled tasks like playing the piano
or speaking. The difficulty of learning to perform these tasks is enormous. It stems from the
fact that to control such actions, one needs to harmoniously close the loop between sensing and
action. That is, it is necessary to map the desired sensory signals to the correct commands, which
in turn produce exactly the desired sensory signals when executed. For example, a pianist guided
by vision (sheet music) or audition (musical excerpt) can move his fingers over the keyboard to
reproduce the desired music. Equally impressive and more common is our ability to articulate a
desired speech utterance and reproduce it in our auditory brain with remarkable ease.

But to learn the necessary mappings and interactions between the perception and action
domains, standard Artificial Intelligence (AI) methodology typically relies on creating large
databases that map the input sensory data to their corresponding actions, and then train intervening
Deep Neural Networks (DNN) to associate the two domains (Fu et al., 2019; Tai and Liu, 2016).
For example, to teach an autonomous vehicle to move from point A to B, one needs to create
a large array of trajectories that navigate around any potential obstacles and contingencies, and
generate the controls and commands to accelerate, brake, and switch directions so as to accomplish
the journey (Kiran et al., 2021). Humans and animals however never learn complex tasks in this
way. For instance, human infants learn to speak by first going through a “babbling” stage as they

learn the “feel” or the range and limitations of their articulatory commands. They also listen
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carefully to the speech around them, initially implicitly learning it without necessarily producing
any of it. When infants are ready to learn to speak, they utter incomplete malformed replica of the
speech they hear. They also sense these errors (unsupervised) or are told about them (supervised)
and proceed to adapt the articulatory commands to minimize the errors and slowly converge on the
desired auditory signal. In other words, learning these complex sensorimotor mappings proceeds
simultaneously and often in an unsupervised manner by listening and speaking all at once (Kuhl,
2004; Pagliarini et al., 2021; Shamma et al., 2020).

The inspiration of the MirrorNet also comes from the area of computational neuroscience
and especially to learning and predictive processing. Our brain is able to extract strong relations
between sensory stimuli and their corresponding motor parameters that enable children to learn
to speak by mere passive exposure to speech without any proper external teaching. In addition,
after learning to control their own vocal tract, adults can, without any additional training, produce
sounds they hear even if the acoustic target is not reachable by their specific vocal tract. However,
the brain is able to find a set of motor parameters that approximate well the target sound while
being produced by the specific vocal tract. Such predictive mechanism can also be seen in music
production when humans learn how to play an instrument by mapping the auditory stimulation to
the motor commands to a specific instrument. Even music perception rely on similar predictive
pathways where high-order cortical areas constantly predict activation in the auditory cortices in
order to modulate attention and emotions (Di Liberto et al., 2021; Marion et al., 2021).

Finally, from an engineering perspective, the MirrorNet can solve problems where it is
hard to find a reasonable number of examples to train a regular DNN network, or to learn from
examples that may not be exactly similar to the motor-plant outputs, e.g., learning to synthesize a
melody from naturally played music. We moreover believe that the MirrorNet can be generalized
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to design algorithms that can control motor-plants far reaching as self-driving vehicles given

various sensory data.

5.3 MirrorNet for learning audio synthesizer controls

Motivated by such learning of complex sensorimotor tasks, a new autoencoder architecture,
referred to as the “Mirror Network™ (or MirrorNet) was proposed in Shamma et al. (2020). The
essence of this biologically motivated algorithm is the bidirectional flow of interactions (‘forward’
and ‘inverse’ mappings) between the auditory and motor responsive regions, coupled to the
constraints imposed simultaneously by the actual motor plant to be controlled. In this work, we
extend and demonstrate the efficacy of the MirrorNet architecture in learning audio synthesizer
controls/parameters to synthesize a melody of notes using a commercial, widely available audio
synthesizer (DIVA) developed by U-He!.

The MirrorNet was initially proposed as a model for learning to control the vocal tract and
is based on an autoencoder architecture. The structure of this network is shown in Figure 5.1
(Shamma et al., 2020), depicting the biological structures and experiments that motivated the
network. The goal of the model is to learn two neural projections, an inverse mapping from auditory
representation to motor parameters (Encoder), and a forward mapping from the motor parameters
to the auditory representation (Decoder). For simplicity, we use auditory spectrograms (Wang and
Shamma, 1994) generated from the audio streams as the input and output representations, but other
representations may prove more versatile (e.g., cortical representations (Chi et al., 2005)). The
“motor” parameters in this study are the parameters needed to synthesize the closest possible audio

signals matching the inputs. The primary difference between this MirrorNet and the previously

"https://u-he.com/products/diva/
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Figure 5.1: MirrorNet: Autoencoder Architecture

studied model in Shamma et al. (2020) is the use of the music synthesizer (DIVA) with its unique
set of parameters.

As shown in Figure 5.1, the MirrorNet model is optimized simultaneously with two loss
functions, namely the ‘encoder loss’(e.) and the ‘decoder loss’(e;). The encoder loss is the typical
autoencoder loss - the Mean Squared Error (MSE) between the input auditory spectrogram and
the reconstructed auditory spectrogram from the decoder (forward path). The decoder loss is the
MSE between the auditory spectrograms generated by the DIVA (the motor plant path) and the
decoder (forward path). It is the ‘decoder loss’ that constrains the latent space to converge to the
expected control parameters while simultaneously reducing (e..), and this is one of the distinctive
features of the MirrorNet architecture.

Figure 5.2 shows the role of the ‘forward’ path in the model, namely to back-propagate
the errors computed to learn the ‘inverse’ mapping and hence the control parameters. In general,
directly computing a vocal-tract or an audio synthesizer inverse is difficult, if not impossible
because of its complexity, nonlinearity, and our incomplete knowledge of its workings. The
MirrorNet in Figure 5.2 (bottom panel) solves this problem by adding the forward projection that

serves as a parallel, “neural” model of the vocal tract or the audio synthesizer, or any motor-plant
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to be used. The critical importance of this “neural” projection is that it readily provides a route
for the e, errors to back-propagate to the motor areas (latent space), enabling the training of the

inverse mapping (Encoder).

NO error backpropagation is possible to learn the Inverse

Auditory ViStor Iy Auditory
Cortex < fnverse’ -:A-r:-:‘.a.s‘ x Cortex

Error backpropagation is possible through the Forward projection

Auditory
Cortex

Auditory
Cortex

Figure 5.2: Role of the forward pass

5.3.1 Model implementation and training

The MirrorNet for audio synthesizer control is implemented in PyTorch with 1-D convolutional
(CNN) layers modeling both the encoder and decoder. The complete network is inspired by the
multilayered Temporal Convolution Network (TCN) (Lea et al., 2017). Figure 5.9 shows the
complete DNN model architecture with its sub-modules used for pre/post processing and dilated
TCN. The pre/post processing modules are symmetrically matched (C1=C12, C2=Cl11, C3=C10)
and have 128, 256 and 256 filters respectively with 1x1 kernels. d1, d2 and d3 dilated CNN
layers have a kernel size of 3 with 1,4 and 16 dilation rates respectively. The CNN layers in the
encoder and decoder are also symmetrically matched and the C4, C5 and C6 layers have 256,

128 and 7 filters respectively with 1x 1 kernels. The latent space dimensions are chosen to match
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Figure 5.3: DNN architecture of the MirrorNet model. Here C1-C12 represent 1D-CNN layers
where d1-d3 represent 1D dilated CNN layers.

with the number of parameters to be learned and the number of notes in each melodic segment.
For example to learn 7 controls of the DIVA synthesizer to generate a melodic segment of 5
notes, we use a latent space of (7x5) dimensions. Average pooling is done after C4, C5 and C6
layers (window sizes of 5, 5 and 2 respectively) while upsampling is done before C7, C8 and C9
layers (window size of 2, 5 and 5 respectively). The auditory spectrograms used as inputs (and
outputs) of the model are of dimension (128 x250). We use auditory spectrograms which have a
logarithmic frequency scale, simply because they provide a unified multi-resolution representation
of the spectral and temporal features likely critical in the perception of sound (Chi et al., 2005;
Wang and Shamma, 1994).

Unlike a regular autoencoder, the MirrorNet is trained in two alternating stages in each
iteration. The decoder is trained first (to minimize e;) for a chosen number of epochs. Then, the
encoder is trained (to minimize e..) for a given number of epochs and this alternation of training is
continued until both losses converge to a minimum. Learning rates of le-2 and 1e-3 were used for

the encoder and decoder networks, respectively. The best learning rates were determined based on
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a grid search testing all the combinations from [le-2, 1e-3, 1e-4, 3e-4] for both the encoder and
decoder which result in the lowest training errors at convergence. The two objective functions
were optimized using the ADAM optimizer with an ‘Exponential LR’ learning rate scheduler and
a decay (gamma) of 0.5. All the models were trained using NVIDIA Quadro P6000 GPUs and
on average the models converged after around 32 hours of training. For further implementation
information of the network, the PyTorch project is publicly available in GitHub 2. Sample audio

reconstructions can also be found in the supporting web page hosted in the GitHub repository.

5.3.2 DIVA audio synthesizer

We use DIVA, an off-the-shelf commercial synthesizer as our audio synthesizer for the
MirrorNet model. DIVA has almost all its parameters MIDI-controlled. A python library called
RenderMan ° is used to batch-generate audio files using a fixed set of parameters. We built a
software layer with RenderMan to drive DIVA to synthesize a melody of notes by concatenating
individual notes synthesized by DIVA. All the melodies used in this paper are 2 seconds long and
sampled at 44.1 kHz. The parameters are all continuous and normalized between [0,1]. Table
5.1 lists the set of parameters selected for the learning experiments with the MirrorNet, and the

corresponding parameter labels from DIVA where applicable.

Zhttps://github.com/Yashish92/MirrorNet-for-Audio-synthesizer-controls
3https://github.com/fedden/RenderMan
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Table 5.1: Set of Audio controls/parameters used. Here MIDI note and MIDI duration are
parameters set in RenderMan library to drive the synthesizer patch.

Parameter Name DIVA preset
MIDI note (Pitch) -

MIDI duration -

Volume OSC : Volume?2

Band pass filter (center frequency) | VCF1: Frequency

Filter Resonance VCFI1: Resonance
Envelope Attack ENV1: Attack
Envelope Decay ENV1: Decay
Vibrato Rate LFO1: Rate
Vibrato Intensity OSC : Vibrato
Vibrato Phase LFO1: Phase

5.3.3 Learning DIVA parameters from melodies synthesized with the same set
of parameters (set 1)

In this first experiment, we use 400 melodies (set 1) to train the MirrorNet and test with 80
melodies, all originally synthesized by DIVA. The advantage of this set of melodies is that we
have its ground-truth parameter values, and hence we can assess how accurately the MirrorNet
rediscovers them and reconstructs the melodies. Each melody contains 5 notes and is 2 seconds
long. The train and test set of melodies were synthesized by randomly sampling a total of 7

parameters (the first 7 parameters in Table 5.1) using a defined range and keeping a pre-defined
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set of other parameters constant across all notes and melodies. The pre-defined set of parameters
used for the experiments can be found in the GitHub repository of the project.

Figure 5.4 depicts auditory spectrograms of a given melody at various stages in the fully-
trained MirrorNet. The spectrogram (b) suggests how well the decoder has learned to generate an
identical spectrogram to the one generated with DIVA for the exact same controls. The spectrogram
(d) suggests how well predicted DIVA controls are from the encoder to synthesize an identical
melody to the input.

We performed preliminary statistical tests to evaluate the robustness of the MirrorNet in
predicting the 7 parameters. Plot in Figure 5.5a validates that the predicted and ground truth
parameters are significantly closer together than would result from a random set of values. A
second test was performed to check how well the predictions of each parameter are compared
to a random prediction. For that we performed a Levene’s test that confirmed that all parameter
predictions were significantly better than chance. Plot in Figure 5.5b shows the parameter
difference distributions for the test set. The distributions also suggest that critical parameters like
pitch, bandpass filter, filter resonance and duration are predicted with significant accuracy where

as volume and envelope attack parameters are predicted with comparatively lower accuracy.
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Figure 5.4: Auditory spectrograms from the model learned with DIVA synthesized melodies (set
1). (a) Input melody (b) Decoder output from true DIVA parameters (c) Final output from the
decoder (d) DIVA output from the learned control parameters
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Figure 5.5: Evaluating statistical significance of the predicted DIVA parameters with respect to
a set of random parameters on the test set (a) Distributions for absolute parameter differences
across all parameters (b) Distributions of parameter differences (ground truth - predicted) for 7
parameters and the distribution for a random parameter difference (ground truth - random)
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5.3.4 Learning DIVA parameters from melodies synthesized with extra unknown

DIVA parameters (set 2)

In this experiment, we use a train set of 400 and a test set of 80, both DIVA generated
melodies (set 2) which are synthesized in similar fashion to set 1 except for the fact that they now
use all the 10 parameters in Table 5.1. The MirrorNet is still trained to predict 7 parameters as
in previous experiment. The goal here is to demonstrate that the MirrorNet can approximate the
input melodies even if they have additional sound/musical qualities that are impossible for the
restricted set of 7 DIVA parameters to reproduce, e.g., vibrato in this case. The top panel in Figure
5.6 illustrates the original (vibrato) notes and the successfully regenerated melody captured with

only 7 parameters (vibrato not included).

5.3.5 Learning DIVA parameters to synthesize melodies generated from other
synthesizers

A fundamental advantage of the MirrorNet is its ability to discover the DIVA parameters
corresponding to music generated by other sources and synthesizers by finding parameters that
allow the DIVA output to be as close as possible, given the constraints of the number of parameters
(here 7 are used), to the original input. The experiment utilized 400 5-notes long piano melodies
of 2 seconds that are synthesized by a Fender Rhodes digital imitation (Neo-Soul Keys generated
trough Kontakt 5). The network successfully reproduces accurate renditions of the piano music
from unseen samples (test set of 80 samples) using the decoder/encoder mappings learned during

the training. The bottom panel in Figure 5.6 shows such an example where the DIVA produces a
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melody which closely resembles the input piano melody.

This idea opens up a whole new area of applications in music synthesis as it describes a
tool to find parameters for an arbitrary synthesizer that maximally approximate an arbitrary sound
without being necessarily capable to exactly reproduce it (reproduce a violin using a guitar for
instance). It should also be noted that here we only tried synthesizing fixed duration melodies
with a fixed number of notes, but it is a step in the right direction to synthesizing a piece of music

which can have a variable number of notes in a fixed frame of audio.

DIVA set 2
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Figure 5.6: (Top panel) Auditory spectrograms from the model learned with DIVA synthesized
melodies (set 2) (a) Input melody (b) DIVA output from the learned control parameters. (Bottom
panel) Auditory spectrograms from the model learned with piano melodies. (¢) Input melody (d)
DIVA output from the learned control parameters.
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Table 5.2: Mean and variance of Mean Square Errors (MSE’s) across multiple model training runs

Input melody type | Train/Test for Input vs DIVA (learned) | Parameter-Train | Parameter-Test

DIVA melodies (set 1) [2.9954.21/3.596+.15 0.0666+.003 0.0671+£.002
DIVA melodies (set 2) |6.3804.34/8.101+£.20 0.0832+.007 0.0857+.004
Piano melodies 4.5854+.25/4.751+.22 - -

5.4 Acoustic-to-Articulatroy Speech Inversion with the MirrorNet

In the case of acoustic-to-articulatory speech inversion, the same MirrorNet algorithm can
be applied to predict TVs as the latent space of the autoencoder architecture by using a vocal tract
model or a TV based articulatory speech synthesizer as the motor plant. In this section, we first
talk about how a TV based articulatory speech synthesizer is developed with a DNN based model
and subsequently presents the results for carrying out acoustic-to-articulatory speech inversion by

incorporating the designed synthesizer with the MirrorNet.

5.4.1 The articulatory synthesizer

Previous work has elaborated that articulatory parameters or gestures can be used to
synthesize continuous, co-articulated and intelligible speech which can replicate realistic models
of the vocal tract (Birkholz et al., 2006; Maeda, 1990). Articulatory based speech synthesizers can
be mainly divided into two categories: (1) Geometrical approaches which model the geometry of
the vocal tract (Story, 2013; Toutios et al., 2011), and, (ii)) Machine learning based (Bocquelet
et al., 2014a; Wu et al., 2022) which learn the non-linear relationships between articulatory

representations and acoustic data.
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Machine learning approaches typically need larger articulatory-acoustic datasets for model
training where as physical models require high computational power and are comparatively slower
than machine learning models at real-time synthesis (Bocquelet et al., 2016). However, the
machine learning based articulatory synthesizers also have the limitation of speaker dependence
where a synthesizer trained with one subject’s articulatory data will not produce as good acoustic
outputs for a different speaker (Bocquelet et al., 2016). Most of these synthesizers also do not
learn a direct mapping from the articulatory variables to the acoustic waveform. But, learn an
intermediate representation or an acoustic feature (MFCCs, Melspectrogram etc.) which will
then be used as input to an off-the-shelf vocoder (parametric vocoders like World (MORISE
et al., 2016) or neural vocoders like LPCNet (Valin and Skoglund, 2018)) to synthesize the final
waveform (Bocquelet et al., 2016; Georges et al., 2020; Illa and Ghosh, 2019a). One key limitation
of these vocoder based approaches is that the DNN model only learns a mapping from articulatory
variables to the filter level parameters like MFCCs, and the source level information like pitch and
aperiodicity (voicing) are directly extracted from the original waveform itself and then fed to the
vocoder at the time of synthesis (Georges et al., 2020; I1la and Ghosh, 2019a).

In this work, we focus on developing a DNN based articulatory synthesizer trained and
evaluated on a publicly available articulatory dataset. We developed a Temporal Convolution
Network (TCN) based articulatory speech synthesizer to learn the mapping from 6 TVs, aperiodicity,
periodicity and pitch to the audiotory spectrograms. The model is trained with the six ground truth
TVs computed from the XRMB dataset along with aperiodicity, periodicity and pitch computed
from the Aperiodicity, Periodicity and Pitch detector (Deshmukh et al., 2005). The model is
optimized using the MSE loss computed between the predicted auditory spectrogram and the true

auditory spectrogram of the input utterance.
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The XRMB dataset was divided into trainingy,;;, development, and testing splits, so that
the training s, set has utterances from 36 speakers and the development and testing sets have 5
speakers each (3 males,2 females). A subset of the subjects (4 speakers) from the training s,,; split
is used to create an initialization split. The resulting training split, training,.q (after subtracting the
data from 4 speakers) along with the initialization split are used in the experiments in sections
5.4.1.2 and 5.4.2.4. None of the trainingy,;;, development and testing sets have overlapping
speakers and hence all the models are trained in a ‘speaker-independent’ fashion.

The TV based synthesizer is implemented in PyTorch with 1-D convolutional (CNN) layers.
The complete network is inspired by the multilayered Temporal Convolution Network (TCN) (Lea
et al., 2017) and figure 5.7 shows the complete DNN model architecture with its sub-modules used
for post processing and TCNs. The learning rates for training the model were determined based
on a grid search by testing all the combinations from [le-2, 1e-3, le-4, 3e-4] which resulted in
le-4 to be the best pick. The objective function is optimized using the ADAM optimizer with an
‘Exponential LR’ learning rate scheduler and a decay (gamma) of 0.5. All the models were trained
using NVIDIA Quadro P6000 GPUs by monitoring the validation loss, and on average the models

converged after around 2 hours of training.
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Figure 5.7: TV synthesizer model architecture

5.4.1.1 Importance of adding source level features

To investigate the importance of incorporating source level features for articulatory synthesis,
we trained two synthesizers with one using 6 TVs and the other using 6 TVs + source features. The
two synthesizers when evaluated on the test split have MSEs of 2.0607(0.31) and 1.6493(0.23),
respectively. The auditory spectrograms (a), (b) and (c) in figure 5.8 corresponds to the original
speech utterance, the synthesized spectrogram by the proposed articulatory synthesizer trained
with 6 TVs + source features, and the one synthesized with only 6 TVs respectively. The auditory
spectrograms clearly show that the synthesizer trained with source level features generates a better
harmonic structure. Hence, for subsequent experiments, source features are used as inputs to the

synthesizer.
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5.4.1.2 Fully trained vs lightly trained synthesizer

Since the goal of the MirrorNet is to learn articulatory representations in a completely
unsupervised or semi-supervised fashion with minimal exposure to ground-truth articulatory data,
it can be expected that the articulatory synthesizer may also have to be trained with a limited
amount of ground-truth data based on availability. To test the impact of using a fully trained
articulatory synthesizer vs a lightly trained articulatory synthesizer as the vocal tract model in the
MirrorNet, two versions of articulatory synthesizers were trained, (i) fully trained (FT): traing,;
split (36 speakers, 3hours), (ii) lightly trained (LT): Initialization split (4 speakers, 30min).
Here the FT synthesizer is trained with the same configurations in section 5.4.1 whereas the LT
synthesizer has the same architecture and configurations except it converged better with a batch
size of 64. Both the synthesizers were evaluated on the same original test split after training.
Auditory spectrogram (d) in figure 5.8 shows the output from the LT synthesizer whereas (b)
shows the auditory spectrogram from the FT synthesizer for the same input articulatory parameters.
The two synthesizers when evaluated on the test split have mean MSEs of 2.1975(0.04) and

1.6493(0.02), respectively.
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Figure 5.8: Auditory spectrogram outputs from the articulatory synthesizers. (a) Input speech
utterance, (b) FT synthesizer with source features, (c) FT synthesizer *without’ source features,
(d) LT synthesizer with source features

5.4.2 Learning articulatory representations with the MirrorNet

5.4.2.1 Model Architecture and Learning Phase

The MirrorNet was initially proposed as a model for learning to control the vocal tract and
is based on an autoencoder architecture (Shamma et al., 2020). The goal of the model is to learn
two neural projections, an inverse mapping (¢) from auditory representation to motor parameters
(Encoder), and a forward mapping (f) from the motor parameters to the auditory representation
(Decoder). The current MirrorNet implementation is an extension of the work in Siriwardena et al.

(2022a) where the motor plant is replaced with a DNN based articulatory synthesizer (g). The
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Figure 5.9: DNN architecture of the MirrorNet model

goal of the proposed network is to estimate articulatory representations as the latent space of the
autoencoder. We use auditory spectrograms (Wang and Shamma, 1994) as the input and output
representations of the utterances. The auditory spectrograms have a logarithmic frequency scale
to provide a unified multi-resolution representation of the spectral and temporal features likely
critical in the perception of sound (Wang and Shamma, 1994).

For a given input auditory spectrogram z;e R“** where C' = 128 and L = 250, the
encoder generates a latent space, [ such that [ = &(z;). The decoder then generates an auditory

A,

spectrogram z, from the estimated [ such that z, = f(1). The synthesizer which takes in the same
[ outputs an auditory spectrogram x4 such that x, = g(f) The MirrorNet model is optimized
simultaneously with two loss functions during the ‘learning phase’, namely the ‘encoder loss’(e.)
and the ‘decoder loss’(ey). Here e, = MSE(xy, z;) where x4, 7,6 R°*L and eq = MSE(z,, 24)
where z,, 2,6 RE**. The encoder loss is the typical autoencoder loss whereas the ‘decoder

loss’ constrains the latent space to converge to the expected articulatory representation while

simultaneously reducing e..
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5.4.2.2 Model Implementation and Training

The encoder and decoder of the MirrorNet is implemented in PyTorch with 1-D convolutional
(CNN) layers. The complete network is inspired by the multilayered Temporal Convolution
Network (TCN) (Lea et al., 2017). Figure 5.9 shows the complete DNN model architecture with
its sub-modules used for pre/post processing and dilated TCN. The pre/post processing modules
are symmetrically matched (C1=C12, C2=C11, C3=C10) and have 128, 256 and 256 filters,
respectively, with 1x1 kernels. The d1, d2 and d3 dilated CNN layers have a kernel size of 3
with 1,4 and 16 dilation rates respectively. The CNN layers in the encoder and decoder are also
symmetrically matched and the C4, C5 and C6 layers have 256, 128 and 7 filters respectively,
with 1x1 kernels. The dimensions of the latent space, [ are chosen to match with the number of
articulatory parameters to be learned and the length of the input speech utterance. For example to
learn 9 articulatory parameters sampled at 100Hz for a 2 seconds long speech utterance, we use a
latent space of (9x200) dimensions. Upsampling (window size 4) and average pooling (window
size 5) are done after C4 and C5 layers, respectively, in the encoder, while upsampling (window
size 5) and average pooling (window size 4) is done after C7 and C8 layers, respectively, in the
decoder. The final model architecture has around 7.5 million trainable parameters.

Unlike a regular autoencoder, the MirrorNet is trained in two alternating stages in each
iteration. The decoder is trained first (to minimize e;) for a chosen number of epochs. Then, the
encoder is trained (to minimize e.) for a given number of epochs and this alternation is continued
until both losses converge. The number of iterations of training is decided by monitoring the
validation losses computed over the development split. Hyperparameter tuning was also done

based on the validation losses at training. The best learning rates for the encoder and decoder, and
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the batch sizes were determined with a grid search, testing all combinations from [1e-3, le-4, 3e-4,
le-6] for learning rates and [16,32,64,128] for the batch sizes. The best performing models had a
learning rate of 1e-6 (for both encoder and decoder) and a batch size of 16. The two objective
functions were optimized using the ADAM optimizer with an ‘ExponentialLR’ learning rate
scheduler and a decay of 0.5. All the models were trained using NVIDIA Quadro P6000 GPUs
and took around 10-11 hours on average for convergence.

For further implementation information of the network, the PyTorch project is publicly
available in GitHub 2. Sample audio reconstructions can also be found in the supporting web page

hosted in the GitHub repository.

5.4.2.3 MirrorNet with the Articulatory Synthesizer

We used the FT articulatory synthesizer in the MirrorNet to learn how to compute from any
speech utterance the 6 TVs and source parameters needed for the synthesizer. These articulatory
functions are estimated as the latent space of the MirrorNet. To evaluate how well the TVs are
estimated by the MirrorNet, we calculate the Pearson Product Moment Correlation (PPMC) score
between the estimated and ground truth TVs. During training of the MirrorNet, the already trained

articulatory synthesizer weights are frozen and no error is back-propagated through the synthesizer.

Zhttps://github.com/Yashish92/MirrorNet-for-speech
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Figure 5.10: Auditory spectrogram outputs from the articulatory synthesizers (a) Input speech
utterance, (b) Output of FT synthesizer from MirrorNet with init phase, (c) Output of FT

synthesizer from MirrorNet without init phase, (d) Output of LT synthesizer from MirrorNet
with init phase

5.4.2.4 Learning ‘meaningful’ articulatory representations

In the previous implementation of the MirrorNet with an audio synthesizer (Siriwardena
et al., 2022a), the encoder and decoder weights are randomly initialized at the start of training. The
latent space converges to a set of parameters (unsupervised) that will best synthesize the input audio
(a melody of notes). The audio synthesizer used in Siriwardena et al. (2022a) is a parametric model
and usually has a unique mapping from the synthesized audio to the corresponding parameters.
Therefore, the latent space of the MirrorNet is more constrained and converges fairly easily to

the expected parameters. However, the DNN based articulatory synthesizer learns a non-linear
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mapping from articulatory variables to the auditory spectrograms and, therefore, when used in
the MirrorNet could result in non-unique latent space representations. While the quality of the
synthesized (final output) speech may well be excellent, it may often converge to non-physiological
latent representations, and since the goal of this work is to learn interpretable and meaningful
articulatory parameters, we explored here how to initialize the encoder and decoder learning to
coax the MirrorNet learning to converge eventually to the physiological ranges expected from
experimentally measured articulatory representations.

The ‘initialization phase’ of the MirrorNet is done by training the encoder and decoder
independently with a small set of ground truth articulatory data. Here we used the initialization split
(4 speakers, ~30 min), a subset from the original train split (trainy,;) to initialize the network. The

encoder loss e = MSE(I,1), where I, [eRN** and decoder loss e = MSE(x;, ©,) where

init

x;, T4 RE*T is re-defined for the ‘initialization phase’. Here e

uses ground truth articulatory
data [e R*?% unlike in e, in the ‘learning phase’ of the MirrorNet. Similarly ¢ in ‘initialization
phase’ is different from e, in ‘learning phase’ in two ways, (i) €7 does not use the articulatory
synthesizer generated auditory spectrograms, (ii) 4 = f(1), and uses the ground truth articulatory
representation [ unlike x; which only uses I, the estimated articulatory representation by the
encoder in ‘learning phase’. The initialization phase also uses a larger learning rate for both the

encoder and decoder (le-3), whereas the learning phase uses a comparatively lower learning rate

(1e-6). Both the learning rates were determined by a grid search.
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Table 5.3: PPMC scores (mean and .std across 6 trials) for articulatory variable prediction. Here
‘init’ refers to ‘initialization phase’. The TCN-SF-Audspec* is the state-of-the-art SI system
trained in supervised fashion (Siriwardena and Espy-Wilson, 2023)

Model LA LP TBCL TBCD TTCL TTCD Ap. Per. Pitch AVG. 6TVs |AVG. all

MirrorNet(no init) |0.2033(0.02)|0.4907(0.01)|0.4967(0.03) | 0.4760(0.02) | 0.4735(0.03) | 0.5114(0.04) |0.5354(0.02) | 0.5143(0.01) | 0.5930(0.03) | 0.4420(0.02) [ 0.4771(0.04)

MirrorNet(init) 0.7701(0.11) | 0.8078(0.03) [ 0.8132(0.05) | 0.8258(0.02) | 0.8696(0.06) | 0.8783(0.05) | 0.8970(0.01) [ 0.9045(0.03) [ 0.9125(0.02) | 0.8286(0.02) | 0.8540(0.03)

TCN-SF-Audspec* |0.8448 0.8640 0.8604 0.8818 0.9029 0.9005 0.9082 0.8860 0.9021 0.8770 0.8834

Table 5.3 shows the PPMC scores for the articulatory parameter estimation on the test
split. The results are from the best performing MirrorNet models trained with and without the
initialization phase. We also present results from a best performing SI system developed in
Siriwardena and Espy-Wilson (2023) (also discussed in chapter 3), which is trained in ‘completely
supervised’ fashion and evaluated on the same test split, as a baseline for comparison.

The Results in Table 5.3 clearly show the importance of the ‘initialization phase’ to estimate
meaningful articulatory representations. This finding is further validated from the estimated
articulatory trajectories shown in figure 5.11, where the trajectories predicted from the MirrorNet
without initialization deviate significantly from the ground truth. However, these representations
when fed to the DNN based articulatory synthesizer are producing auditory spectrograms (plot
5.10(c)) that closely resemble the input speech. As previously explained, this result is mainly due
to the non-linear and non-unique nature of the DNN based articulatory synthesizer.

Another observation from Table 5.3 is that the MirrorNet trained with an ‘initilaization
phase’ estimates TVs with comparatively low accuracy compared to the best performing SI
system (TCN-SF-Audspec) in Siriwardena and Espy-Wilson (2023)). This is expected since
the TCN-SF-Audspec model is trained in completely supervised fashion with access to all the
ground-truth articulatory data, whereas the MirrorNet is mostly trained unsupervised. However, it
is also important to note that except for the TCN-SF-Audspec SI system, the rest of the SI systems
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discussed in chapter 3 and in Sivaraman et al. (2019) have all been outperformed by the MirrorNet
in the task of speech inversion. This itself suggests the effectiveness of the MirrorNet algorithm in

performing articulatory speech inversion, with minimal exposure to ground-truth articulatory data.
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Figure 5.11: LA and constriction degree TVs + source features for the utterance ‘You can shoot at
the ship or do nothing’ estimated by the MirrorNet. Solid blue Line - ground truth, red dotted line
- estimated by the MirrorNet trained with init phase (with FT synthesizer), yellow dotted Line -
estimated by the MirrorNet trained without init phase (with FT synthesizer), purple dotted line -
estimated by the MirrorNet trained with init phase (with LT synthesizer)
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5.4.2.5 Semi-supervised vs pseudo semi-supervised modeling

The MirrorNet model discussed so far was either trained in a completely unsupervised
fashion (random initialization) or in a semi-supervised fashion (tailored initialization). To simulate
an actual scenario of having limited ground truth articulatory data, the LT synthesizer in section
5.4.1.2 was used as the vocal tract model and the resulting network is trained with the ‘initialization’
phase. The same initialization split is used to initialize the MirrorNet, and has been used to train
the LT version of the synthesizer. Table 5.4 shows the PPMC scores for the articulatory variable
prediction from the MirrorNet using the FT synthesizer (pseudo semi-supervised) vs the LT
synthesizer (semi-supervised). It is remarkable to see that the MirrorNet with the LT synthesizer is
doing comparably well in terms of predicting the articulatory variables with respect to the model
using the FT synthesizer. However, auditory spectrograms (b) and (d) in figure 5.10 shows that the
FT synthesizer is producing better quality speech than the LT synthesizer.

Table 5.4: PPMC scores (mean and .std across 6 trails) for MirrorNet using the fully trained vs
lightly trained synthesizers

Model Average (6 TVs) | Average (all)

pseudo semi-supervised | 0.8286(0.02) 0.8540(0.03)

semi-supervised 0.8031(0.01) 0.8219(0.02)

5.5 Summary

In this chapter, an unsupervised learning algorithm inspired by cortical sensorimotor
interactions, the MirrorNet, is first applied to learning control parameters with an audio synthesizer

(DIVA). The first two experiments utilized DIVA generated melodies for training, and this allowed
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the MirrorNet to be evaluated with ground truth parameters, e.g., to perform preliminary tests to
validate the MirrorNet predictions of the synthesizer controls across all the training and test sets,
as shown in Table 5.2. The MSE values for the test set compared to the train set in Table 5.2 also
give an idea on how well the model generalizes for the unseen input melodies. In the following
experiments, it was demonstrated that the MirrorNet could closely approximate a set of controls
for DIVA to synthesize a set of piano melodies generated by a completely different synthesizer.
This idea opens up a whole new area of applications in music synthesis as it describes a tool to find
parameters for an arbitrary synthesizer that maximally approximate an arbitrary sound without
being necessarily capable to exactly reproduce it (reproduce a violin using a guitar for instance).
It should also be noted that this work in section 5.3 only discusses results in synthesizing fixed
duration melodies with a fixed number of notes, but it is a step in the right direction to synthesizing
a piece of music which can have a variable number of notes in a fixed frame of audio.

Following the success made with learning audio synthesizer controls with DIVA music
synthesizer, the same MirrorNet architecture was adapted to learning meaningful articulatory
representations from a given speech signal. A DNN based articulatory synthesizer was custom
developed and trained in a speaker-independent fashion to be used as the vocal tract model in
the MirrorNet. When incorporated with this articulatory synthesizer, the MirrorNet estimates
the 6TVs and source features as the latent space in a semi-supervised fashion. Including an
‘initialization phase’ followed by conventional ‘learning’ procedures resulted in the best predictions
of articulatory variables. ‘Initialization’ presumably constrained the MirrorNet’s encoder and
decoder coefficients to converge to the range of values expected from experimentally measured
articulatory representations. This suggests that the semi-supervised approach is sufficient to ensure

that the computed latent representations are physiologically meaningful. A lightly trained version
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of the synthesizer was also simulated with the MirrorNet to explore the effects of limited availability
of ground-truth data for estimating the articulatory representations. Results demonstrate that
the MirrorNet can estimate articulatory representations with considerably better accuracy than
previous approaches. Overall, this highlights the effectiveness and power of the MirrorNet’s
learning algorithm in enabling to solve the conventional acoustic-to-articulatory speech inversion

problem with minimal use of ground-truth articulatory data.
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Chapter 6: Application of Articulatory Representations for Detecting Schizophrenia

and Child Speech Sound Disorders

6.1 Overview

This chapter explores two key applications where articulatory representations have been
extremely useful as an effective speech representation. The first application builds upon prior
research that shed light on the changes in speech (simpler articulatory coordination) in major
depressive disorder. Here, our attention shifts to comprehending the changes in articulatory
coordination seen in individuals exhibiting strong positive symptoms of schizophrenia, a potential
potent indicator for the development of automated screening tools. The second part of the chapter
discusses how articulatory representations estimated from a speech inversion system trained on
adult speech is instrumental in predicting a prevalent speech sound disorder in children. The work

in this chapter has been published in (Siriwardena et al., 2021a,b) and (Benway et al., 2023c).

6.2 Articulatory Representations for Schizophrenia Detection

6.2.1 Background on schizophrenia detection

Schizophrenia is a chronic mental disorder with heterogeneous presentations that affect
around 60 million (1%) of the world’s adult population (Kuperberg, 2010). Symptoms of
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schizophrenia are broadly categorized as either positive, which are pathological functions not
present in healthy individuals (e.g., hallucinations and delusions); negative, which involve the
loss of functions or abilities (e.g., apathy, lack of pleasure, blunted affect and poor thinking); or
cognitive (deficits in attention, memory and executive functioning) (Andreasen and Olsen, 1982;
Demily and Franck, 2008). Previous studies have shown promising results in identifying the
severity of depression by using coordination features derived from the correlation structure of the
movements of various articulators (Espy-Wilson et al., 2019). Based on this, a preliminary study
was done by Siriwardena et al. (2021b) to understand how positive symptoms of schizophrenia
affect the articulatory coordination in speech. These findings are the impetus for the current
investigation where more subjects and data are used to validate the fact that neuromotor coordination
is altered in schizophrenia patients who are markedly ill and exhibit strong positive symptoms.
Time-delay embedded correlation (TDEC) analysis has shown promising results in assessing
neuromotor coordination in Major Depressive Disorder (MDD), and the eigenspectra derived from
the correlation matrices have been used effectively for classification of MDD subjects from healthy
(Seneviratne et al., 2020; Williamson et al., 2014, 2019). Recently, new multi-scale full vocal tract
coordination (FVTC) features generated with a dilated CNN have shown further improvement
in classification for selected datasets of MDD subjects (Huang et al., 2020). The FVTC method
addresses repetitive sampling and matrix discontinuity issues of TDEC analysis by introducing a
new channel-delay correlation matrix. In this work, we compare both TDEC and FVTC methods
for generating input correlation matrices for training a multimodal CNN with audio and video
features. We also propose a model which uses both TDEC and FVTC correlation structures to

classify subjects with strong positive symptoms in schizophrenia from healthy.
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6.2.2 Database and low level features

Database

A database recently collected for a collaborative observational study conducted by the
University of Maryland School of Medicine and the University of Maryland College Park has
been used for this study (Kelly et al., 2020). The database contains video and audio data of free
response assessments administered in an interview format. Data for this study was collected from
23 schizophrenia (SZ) patients and 20 healthy controls (HC). All of the subjects with schizophrenia
were clinically diagnosed. Every subject participated in four interview sessions over a period of six
weeks. Each interview session is 10-45 minutes long and every subject is assessed using standard
depression severity measures and global psychopathology measures by a clinician and themselves.
For this study, we used the clinician assessments based on the 18-item Brief Psychiatric Rating
Scale (BPRS) (Hunter and Murphy, 2011), where we selected subjects based on the total BPRS
score, and the subscores for psychosis (BPRS item11, item12, item4, item15) and activation
(BPRS item6, item?7, item17), and the Hamilton Rating Scale for Depression (HAMD) (Gonzalez
et al., 2013).

Table 6.1 presents the information on the dataset used for the study. The 7 schizophrenia
subjects (4 Males, 3 Females) are selected such that they are markedly ill (BPRS total > 45), have
higher sub scores for psychosis and activation, but are not depressed or only mildly depressed
(HAMD between 0 and 14). The 11 healthy controls (5 Males, 6 Females) are chosen such that

they are not depressed (HAMD < 7) or schizophrenic (BPRS < 32).
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Table 6.1: Details of the dataset used

SZ HC
Number of subjects |7 11
Number of sessions 17 34

Mean session duration | 35min | 18min

Number of utterances |1208 |1132

Hours of speech 10.0 |9.43

The audio data were first diarized using transcripts which include the speaker ID and time
stamps to separate out the utterances which correspond to the subject from the interviewer. The
utterances which are longer than 40 seconds were then segmented into 40 second chunks. If the
remaining amount was less than 5 seconds (the minimum length accepted), then it was added
back to the last segment. Thus, for all the classification experiments, we used segments with a
minimum length of 5 seconds and a maximum length of 45 seconds.

Facial Action Units (FAUs)

The video-based Facial Action Units (FAUs) provide a formalized method for identifying
changes in facial expressions. We used the Openface 2.0: Facial Behaviour Analysis toolkit
(Baltrusaitis et al., 2018) to extract seventeen FAUs from the recorded videos of the subjects
during the interviews. The FAU features were sampled at a rate of 28 frames per second. We only
analyzed those portions of the video when the subject was talking. Table 6.2 shows the list of
FAUs extracted from the Openface tool kit.

For parallel delay CNN model in section 6.2.3 and FVTC model in section 6.2.4, we
choose only 10 FAUs (FAU 6,7,9,10,12, 14,15,17,20 and 23 from FACS coding system (Prince
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et al., 2015)) which are near the mouth area that can capture coordination of lip and near lip
movements during the voice activity. One other reason to choose 10 FAUs is to handle the high
dimensionality of the TDEC correlations structure which poses computational limitation when

training multi-modal networks in section 6.2.5.3.

Table 6.2: List of FAUs extracted from Openface tool kit

FAUNo| FAUName |FAU No FAU Name
1 Inner brow raiser 14 Dimpler
2 Outer brow raiser| 15 |Lip corner depressor
4 Brow raiser 17 Chin raiser
5 Upper lid raiser 20 Lip stretcher
6 Cheek raiser 23 Lip tightner
7 Lid tightner 25 Lips part
9 Nose wrinkler 26 Jaw drop
10 Upper lip raiser 45 Blink
12 Lip corner puller

Vocal Tract Variables (TVs)

We used the SI system in (Sivaraman et al., 2016; Sivaraman, 2017) that maps the acoustic
signal into 6 vocal tract variables (TVs). The 6 TVs are namely Lip Aperture (LA), Lip Protrusion
(LP), Tongue Body Constriction Location (TBCL), Tongue Body Constriction Degree (TBCD),
Tongue Tip Constriction Location (TTCL) and, Tongue Tip Constriction Degree (TTCD). These
6TVs capture the kinematic state of each constrictor by its corresponding constriction degree and

location coordinates.
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Seneviratne et al. (2020) in a recent study showed that incorporating glottal TVs generated
by periodicity and aperidocity measures (by Aperiodicity, Periodicity and Pitch (APP) detector
(Deshmukh et al., 2005)) improved the results of depression detection. Thus, in this study we
use 6 TVs generated from the SI along with the 2 glottal TVs as the key audio features for the
classification models.

Mel-Frequency Cepstral Coefficients (MFCCs)

Previous studies in depression prediction using speech (Ray et al., 2019; Ringeval et al.,
2019) have shown the superiority of MFCCs over other audio based features like extended Geneva
Minimalistic Acoustic Parameter Set (eGeMAPS) (Eyben et al., 2016) and DEEP SPECTRUM
features (Amiriparian et al., 2017). Huang et al. (2020) showed with their depression classification
study that coordination features computed from MFCCs perform better with respect to formants
and eGeMAPS features. So to compare how robust and effective the TVs are for detecting
schizophrenia, we chose MFCCs as the baseline audio features for our study. We extracted 13
MFCCs from the librosa python library using an analysis window of 20 ms with a 10 ms frame

shift. Only 12 MFFCs were used for analysis by discarding the 1st coefficient.

6.2.3 Time-delay embedded correlation Analysis (TDEC)

Coordination among 10 FAUs, 6 TVs and the 12 MFCCs were estimated using the correlation
structure features. The features are estimated by computing a channel delay correlation matrix
using time delay embedding at two delay scales (Espy-Wilson et al., 2019; Williamson et al.,
2013, 2019). The computed correlation matrix can be considered as a compact representation

which provides rich information on the underlying mechanisms in articulatory coordination. Each
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correlation matrix R; has a dimensionality (MN x MN) where M = 10, 8 and 12 for FAUs, TVs
and MFCCs respectively. N corresponds to the number of time delays per channel which is 15 for
all the considered feature types.

From the correlation matrix R; calculated for each sample ¢, the eigenspectrum is computed.
The eigenspectrum generated for FAUs is a 150-dimensional vector which is rank ordered (in
descending order of magnitude of eigenvalues) from index j=1,..,150. The eigenspectra generated
from TVs and MFCCs are 120-dimensional and 180-dimensional, respectively.

Figure 6.1 shows the averaged eigenspectra (on left) computed for FAUs, TVs and MFCCs.
The difference plots in Figure 6.1 (in right) are calculated by taking the difference between
averaged eigenspectra curve for speech from schizophrenia subjects with respect to that of healthy
controls. These eigenspectra and difference plots help us to understand the coordination complexity
of the speech and facial gestures. The magnitude of each eigenvalue is proportional to the amount
of correlation in the direction of their associated eigenvectors. The difference plots show that
schizophrenic speech has smaller low-rank eigenvalues relative to the healthy controls, and the
trend is reversed towards the high-rank eigenvalues. Therefore, schizophrenic speech needs a
larger number of independent dimensions implying a more complex articulatory coordination than
speech from healthy controls (Williamson et al., 2012, 2013). The same argument is true for facial
gestures.

The averaged eigenspectra and difference plots in figure 6.1 shows that the low-rank
eigenvalues are smaller for schizophrenia subjects relative to the healthy controls, and this trend
is reversed towards the high-rank eigenvalues. A key observation associated with depression
severity (Espy-Wilson et al., 2019; Williamson et al., 2014, 2019) is that low-rank eigenvalues
are larger for MDD subjects relative to healthy controls where as they are smaller for high-rank
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eigenvalues. The magnitude of high-rank eigenvalues indicates the dimensionality of the time-
delay embedded feature space. Thus, larger values in the high-rank eigenvalues can be associated
with greater complexity of articulatory coordination (Espy-Wilson et al., 2019; Williamson et al.,
2013). Therefore we can infer that the schizophrenia subjects with strong positive symptoms have
a higher complexity than the healthy controls and the MDD patients. These results are likely
due to the negative symptoms of depression which results in psychomotor slowing (i.e., simpler
coordination) and the strong positive symptoms of the schizophrenia patients such as activation
that results in motor hyperactivity (i.e., complex coordination). Supporting our hypothesis, we see

this effect from eigenvalues computed from the FAUs, TVs and MFCCs.
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Figure 6.1: Average eigenspectra plots (left) and corresponding difference plots (right) for FAUSs,
TVs and MFCCs

6.2.4 Full vocal tract coordination (FVTC)

Huang et al. (2020) in a recent study with MDD introduces a new channel delay correlation
method inspired by TDEC, which uses a different correlation structure with correlations starting
from O to a delay of ’D’ frames (a design choice). The delayed autocorrelations and cross-
correlations across channels are stacked to form the FVTC correlation structure. FVTC includes
every correlation within the considered D frames and also avoids the repetitive use of same

correlations as in the TDEC correlation matrix. By learning each stream of correlations independently,
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it also avoids the possible discontinuity issues in the edges of the TDEC correlation matrices.
Dilated convolutions with rates of 1,3,7 and 15 are used to match multiple time scales used in the

TDEC method.

6.2.5 Multi-modal systems

6.2.5.1 Parallel delay scale TDEC-CNN model (TDEC-CNN) : Model 1

We developed a CNN architecture which takes in multiple time-delay embedded correlation
matrices with 2 delay scales in parallel as inputs for two 2D-CNN layers. The output from the 2
CNN layers are then concatenated and passed through another 2D-CNN layer. Batch normalization,
max-pooling and dropout were applied afterwards. The flattened output is then fed to a fully
connected layer with 64 neurons. 16 filters with kernel size (3,3) was used for every 2D CNN
layer and every CNN layer has ReLLU activation. We trained individual models for FAUs, TVs and
MFCCs where 3 and 7 sample delay scales were used for FAUs and 7 and 15 sample delay scales

were used for TVs and MFCCs.

6.2.5.2 FVTC CNN model (FVTC-CNN) : Model 2

We designed a CNN model inspired by the one in Huang et al. (2020) which takes the FVTC
correlation matrix computed in section 6.2.4 as the input. To reduce the number of trainable
parameters in the original model (Huang et al., 2020), we reduced the size of the two fully
connected layers to 64 and 8. We used the same dilation rates 1,3,7,15 as in the original model.
We chose 45 as the ’D’ parameter for FAUs and 50 for TVs and MFCCs. The *D’ values were

chosen from the set of (45,50,55) after doing a grid search on individual feature based systems.
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6.2.5.3 Multimodal CNNs
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Figure 6.2: TDEC and FVTC combined multimodal architecture for best performing model in
Table 6.4

One of the key contributions of this work is the development of mutimodal networks to
fuse the audio and video based coordination features calculated from the TDEC and FVTC
methods. 3 types of fusion models were designed namely the (Parallel delay TDEC-FVTC CNN),
(FVTC-FVTC CNN) and (Parallel delay TDEC- Parallel delay TDEC CNN). The same model
architectures developed in section 6.2.5.1 and section 6.2.5.2 were used and they are fused after
passing through all the 2D-CNN layers by concatenating the flattened outputs from each model.
The concatenated output then passes through 2 fully connected layers which have 64 and 8
neurons, respectively. That output is then fed to a softmax output layer to generate the final class
probabilities (for schizophrenic and healthy classes).

To choose the learning rate and batch size for the individual and multimodal systems, we did
a grid search from sets of (1e-4, 3e-4, 1e-5, 3e-5) and (32,64,128) for learning rates and batch sizes,
respectively. le-4 for learning rate and 64 for batch size gave the best metrics in classification
for the best performing model in Table 6.4. Every model was trained in leave one subject out
cross validation fashion where both accuracy and F1 scores are calculated across 18 folds. This
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ensured that every model is always trained with around 2000 sample points (17 subject’s data)
and then tested on the excluded subject (test fold). To come up with the subject level prediction
label from the multiple segment level predictions, we use the best 25% of the total segments in the
test fold which are predicted with the highest class probabilities (even if the model predicts the
wrong class). Every model is trained for 200 epochs with early stopping based on validation loss
with patience of 15 epochs. Figure 6.2 shows the architecture for the best performing multimodal
system from Table 6.4.

Table 6.3: Unimodal results for FAUs, TVs and MFCCs. Best Model for each feature type is
highlighted in bold

Features TDEC-CNN (Modell) | FVTC-CNN (Model2)

Accuracy | F1(S)/F1(H) | Accuracy | F1(S)/F1(H)

FAU 83.33% 0.80/0.86 83.33% [0.77/0.87
TV 66.67% |0.57/0.73 72.22% | 0.62/0.78
MFCC 61.11% |0.46/0.70  |72.22% |0.55/0.80

MFCC+Glottal TVs|60.05 % |0.45/0.69 72.22% | 0.55/0.80
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Table 6.4: Multimodal classification results

Models Accuracy | F1(SZ)/F1(HC)
FAU (Model2)+TV(Model2) 66.67% |0.67/0.67
FAU (Modell)+TV(Modell) 72.22% 0.67/0.76
FAU (Model2)+MFCC(Model2) 72.22% |0.62/0.78
FAU (Modell)+MFCC(Model2) 77.78% |0.67/0.83
FAU (Modell)+(MFCC+Glottal TVs)(Model2)|83.33% |0.73/0.88
FAU (Model1)+TV(Model2) 88.89% |0.86/0.91

Table 6.3 shows the average accuracy across the 18 folds and the F1 scores for classifying
schizophrenic and healthy subjects by training individual models for FAUs, TVs and MFCCs
based on TDEC-CNN and FVTC-CNN models. Results suggest that FAUs perform the best when
compared to TVs and MFCCs in classification metrics. This could be due to the inclusion of a
wider range of facial muscle movements which are not limited to only those around the speech
articulators. Moreover, FVTC-CNN models trained with TVs and MFCCs perform the best when
compared to TDEC-CNN models trained with the same features. With respect to F1 scores,
TVs perform better than the MFCCs in both FVTC-CNN and TDEC-CNN models showing the
robustness of TVs in capturing the articulatory changes in speech.

Table 6.4 shows results for the 6 multimodal systems trained by fusing video and audio
features from TDEC and FVTC methods. It is interesting to note that the models with heterogeneous
architectures perform the best when compared to models which use the same correlation structure
for both audio and video features. To do a fair comparison between TVs and MFCCs, we also
trained individual and multimodal networks by incorporating the 2 glottal TVs along with the 12
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MFCCs, so that glottal source level information is also accounted. Even then, Table 6.4 shows
that the TV based best performing model out performs the MFCC based multimodal systems.
Furthermore, the multimodal system which uses TDEC and FVTC correlation structures for
FAUs and TVs, respectively, outperforms the baseline model trained on FVTC for both FAUs and
MFCCs by around 18% in terms of the mean F1 score. This result is interesting in the sense that

the video features complement well with TVs over MFCCs in the proposed multimodal setting.

6.3 Articulatory Representations for Mispronunciation Detection of /1/in Child

Speech Sound Disorders

The experiments in this subsection are motivated by the recent work in Benway and Preston
(2023) which effectively automated evidence-based treatment for speech sound disorders. While
best-practice clinician-led motor-based interventions include both summary perceptual judgment
feedback (i.e., knowledge of results; KR) and detailed auditory/somatosensory corrective feedback
(i.e., knowledge of performance; KP) (Maas et al., 2008), no available automated treatment
delivers clinical-grade KP. To date, automated systems deliver KR with clinician-delivered KP
(McKechnie et al., 2020) or approximated KP using random selection of plausible clinical cues
(often mimicking clinician-delivered KP due to obscured visualization of the tongue in the oral
cavity, (Preston et al., 2020)). However, a mispronunciation detection system that leverages
acoustic-toarticulatory speech inversion (SI) may someday automate true corrective KP that is not
attainable with state-of-the-art formant-based systems, while also circumventing known issues in

(child) formant estimation (Shadle et al., 2016).
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6.3.1 Acoustics and articulation of American English /1/

Articulatory configurations for /v/

We focus on rhotic /1/, the most commonly impacted sound in American English speech
sound disorders persisting past age 8 (Ruscello, 1995). For fully rhotic 1, there is evidence for up
to five quasidependent articulatory actions in the oral and pharyngeal cavities: (1) elevation of
the tongue tip/blade, (2) lateral bracing of the tongue against the posterior molar teeth, (3) a low
posterior tongue dorsum, (4) retraction of the tongue root into the pharynx, and (5) slight rounding
of the lips (Preston et al., 2020). Insufficient vocal tract configurations will likely generate a
more neutral spectral envelope that may be perceived as a “derhotic” /1/. Derhotic vocal tract
configurations commonly include a lower tongue tip, insufficient tongue root retraction, and,
notably, a higher tongue dorsum (Boyce, 2015; Preston et al., 2020). Indeed, blade/dorsum relative
displacement has been found to be salient for predicting perception of the syllable /a1/in speech
sound disorders (Li et al., 2023)

Acoustic configuration of /v/

Although there is variation in the vocal tract configurations that generate a perceptually-
correct American English /1/, these configurations generate a similar spectral envelope in a linear
predictive coding (LPC) formant feature space. Formant features serve as the baseline condition for
the present work because they are well-motivated by decades of acoustic phonetics investigation
for /1/and also meet reproducibility guidelines advocating low-dimension, validated feature sets
in clinical speech technology systems (Berisha et al., 2022). Furthermore, recent work has
demonstrated that age-and-sex normalized formants outperform cepstral representations in the

binary classification of /i/rhoticity in the context of speech sound disorders (Benway et al., 2023b).
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Prior acoustic phonetics investigations show that vocal tract configuration for a correct, fully rhotic
/1/is marked by a relatively high second formant (F2) (DELATTRE and FREEMAN, 1968) and
a relatively low third formant (F3) (Espy-Wilson et al., 2000). This results in the average rhotic
F3-F2 distance being much narrower than that of a neutral vocal tract. LPC estimation, however,
requires speaker customization and can be error-prone (Burris et al., 2014; Kent and Vorperian,
2018), particularly for samples taken from (child) speakers with high fundamental frequencies
(Shadle et al., 2016). Errors in estimation may be speaker-specific (Derdemezis et al., 2016) or
due to population-general traits such as wider bandwidths in children (Kent and Vorperian, 2018).
It is also believed that manually correcting formant estimates in the context of /1/also indicates
that near merging of F3 and F2 in hyper-rhotic tokens is an additional source of estimation error.

Motivation and contributions

Speech analysis systems that estimate the learner’s articulatory trajectory have the potential
to improve performance of stateof-the-art formant-based rhoticity classifiers. Such systems could
eventually automate the delivery of KP feedback at or above the level possible by human clinicians,
due to the low visual salience of the vocal tract during for /1/. Because a ground truth articulatory
dataset is not available for children with rhotic speech sound disorders, de novo training of SI
for this use case is not possible at this time. Therefore, in this study we test the performance of
an adult-trained SI system on utterance-normalized child speech data to improve over a formant
baseline for the binary classification of /1/rhoticity in children with speech sound disorders.

We offer two contributions. Our first research question shows that tract variable estimates
generated from adult-trained models are able to index clinician perceptual judgment of rhotic
errors, particularly for tongue body constriction location (d =.39). Our second research question

shows that a bidirectional LSTM trained on tract variable output from SI meets or exceeds
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the performance of a comparable system trained on age-and gender normalized formants when

predicting clinician judgment of rhoticity (Z g1 score = -90 0,=.05; med = .92, n = 6).

6.3.2 Articulatory representations with SI systems

Acoustic-to-articulatory SI is tasked with retrieving articulatory dynamics from a speech
signal (Sivaraman et al., 2019). Attempts at recovering articulatory movements from the continuous
speech signal have a long history (Papcun et al., 1992a), but have generally limited to tracking a
specific set of articulators like upper and lower lip, tongue tip, velum closure, etc. However, it is
important to derive not just the main effect of individual articulator movements, but the interactions
among articulators; for example, lips and jaw as individual articulators work together to achieve
a desired vocal tract shape (Saltzman and Munhall, 1989). Hence, general SI systems focus on
recovering the vocal tract constriction, estimating the constriction degree and location of functional
tract variables (TVs), rather than the movement of individual articulators. During SI, acoustic
features extracted from the speech signal are used to predict the TVs. The inverse mapping is
learned by associating these features through training on a corpus consisting of matched acoustic
and directly observed articulatory data.

Here, we use the SI system developed in Siriwardena and Espy-Wilson (2023), which is
a Temporal-Convolution Network (TCN) trained on 36 (adult) speakers from the U. Wisconsin
X-Ray microbeam (XRMB) corpus (Westbury, 1994b), and evaluated with no speaker overlap in
training, development, and test splits. Apart from the 6 TVs (LA: Lip Aperture, LP: Lip Protrusion,
TTCL: Tongue Tip Constriction Location, TTCD: Tongue Tip Constriction Degree, TBCL: Tongue

Body Constriction Location, TBCD: Tongue Body Constriction Degree), the system predicts 3
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source features: aperiodicity, periodicity, and pitch.

6.3.3 Dataset and feature extraction

This study is a binary classification experiment seeking to predict listener judgment of
rhoticity (i.e., fully rhotic/ “correct” vs derhotic/ “incorrect”) in a subset of the open access
PERCEPT-R audio Corpus (Benway et al., 2022) collected during a clinical trial of biofeedback
interventions (Benway et al., 2021). The PERCEPT subset selected for reanalysis are 3,210
word-level utterances from the 6 speakers providing consent/assent for future use of study audio
(publicly available at (Benway et al., 2022); see (Benway et al., 2023a) for additional corpus audio
and ground-truth label details which include multilistener average perceptual ratings of rhoticity).
Original data collection received ethics approval from the Biomedical Research Alliance of New
York. Speech data were lab collected by research clinicians during word-reading probes using
head-mounted microphones. Although a small sample, these data were chosen for this exploration
for several reasons. Firstly, they are clinically-valid group of children with speech sound disorder.
Secondly, the range of speaker ages in this dataset (Table 6.5) allows for preliminary exploration
of the impact of child age on model performance. Thirdly, because these data come from a
treatment study in which some participants experienced statistically and clinically significant gains
in /1/production, these data contain tongue shape variation between pre-treatment to post-treatment
time points within the same speaker. Lastly, a subset of the audio has hand placed, within word

segmentation boundaries for the rhotic target.
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Table 6.5: Participants in the current investigation

PERCEPT-R ID | Study ID | Age | Formant Ceiling | Number of Utterances
33 6102 15.7 | 6000Hz 543
34 6103 14.94500Hz 638
35 6104 9.3 |6000Hz 560
36 6108 14.5|5000Hz 692
37 3101 9.8 [5500Hz 337
38 3102 11.8500Hz 440

6.3.3.1 Formant extraction

Time series estimates of F1, F2, and F3 were extracted from the utterance using custom
Python scripts and the Praat “To Formant (Robust)” command with default settings except
for participant-specific Formant Ceiling settings. Formant ceilings were customized using the
procedure in Benway et al. (2021). Formant transform time series (F3-F2 distance and F3-F2
deltas were also included in the feature set. Age-and-sex norming was completed as in Benway

et al. (2023b) using a third-party dataset (Lee et al., 1999).

6.3.3.2 Tract variable extraction

We extract 6 TVs from the SI system to capture the degree and location of the lip, tongue
body and tongue tip constrictions. The extracted TVs (in the range of [-1,1]) are z-normalized,
utterance-wise, to generate the final 6 TV feature set. We additionally estimate glottal activity by

extracting three source level features (aperiodicity, periodicity and pitch) (Deshmukh et al., 2005).
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Similar to the 6 TVs, the 3 source features are also z-normalized, utterance-wise. The 6 TVs and 3
source features together comprise the 9 TV feature set.

Rhotic Segment Boundary Estimation

Research assistants who were trained in speech signal segmentation manually reviewed each
pre- and post-treatment utterance to mark the onset and offset of the rhotic phoneme using Praat
TextGrids. Only pretreatment and posttreatment files were selected for this analysis because data
collection at these timepoints elicited citation speech, rather than intreatment speech that may be
marked by unnaturally long or unstable articulations. Within each utterance, research assistants
selected the segment corresponding to the perception of the (target) rhotic phoneme. Coarticulatory
transitions between target rhotics and neighboring segments were wholly assigned following the
sonority hierarchy, so transitions were included with the more sonorous segment. In other words,
rhotic-vowel transitions were included with the vowel, while rhotic-consonant transitions were
included with the rhotic. Boundary decisions were made based on visual breakpoints in F2 slope
and confirmed perceptually during file playback. If F2 breakpoints were not discernable, F3 was
used, and then F1. We used these rhotic boundary timestamps to extract all rhotic associated TV,

which we then averaged into 10 bins to facilitate visual inspection for our first research question

(only).

6.3.4 Prediction of Clinician Perceptual Judgment using Leave One Participant

Out Cross Validation

The differentiation of derhotic and rhotic segments by formants and tract variables was

assessed with Deep Neural Network (DNN) based models, which can be extremely effective in
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binary classification tasks. We specifically experimented with Recurrent Neural Networks (RNN)
due to the timeseries nature of the data.

Ground truth labels

The binary class label for the audio files present investigation was derived from the listener-
average binary perceptual rating in the PERCEPT-R Corpus (i.e., 1 = fully rhotic/“correct” vs 0 =
derhotic/“incorrect”). For files with non-unanimous listener ratings, .66 served as the floor for
class 1 (the fully rhotic class) to reflect the lack of full agreement between expert raters in the
context of Residual Speech Sound Disorders (RSSD) (Klein et al., 2013). All utterances with a
listener-average rating < .66 were assigned to class O (the derhotic class).

Data preprocessing

The five age-and-sex normalized formants and transforms described in 6.3.3.1 and the TVs
described in 6.3.3.2 were used independently as input features for model training. The features
were segmented or padded to generate 2-second-long input embeddings. Each input embedding
was matched to a groundtruth label for rhoticity from the PERCEPT-R Corpus, representing the
average binary listener rating (0 = derhotic, 1 = fully rhotic). The heuristic for discretizing the
average rating to binary ground-truth in the present investigation was .66.

Model architecture and training

We experimented with Bidirectional gated RNN (BiGRNN) and Bidirectional LSTM
(BiLSTM) models with different architectures. Figure 6.3 shows the best performing BiLSTM
model architecture for the classifier.

All model parameters were randomly initialized with a seed (=7) for reproducibility of the
results. All the models were trained using leave-one-participant-out cross validation. Models in

each training split were trained with features from ~2300 utterances (~85% of non-test data). The
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Figure 6.3: Best-performing BiLSTM model architecture

validation set was chosen at random and included ~15% of non-test data. Models were trained
for 50 epochs with an early stopping criterion and a patience of 5 epochs. Since the dataset is
imbalanced (favoring derhotic samples, as would be expected in speech sound disorder clinical
trial data), a weighted cross entropy loss function was used to optimize the models.

Hyperparameter fine-tuning

Table 6.6 lists candidate hyperparameters and corresponding values for the best performing
BiLSTM model. Hyperparameters were fine-tuned with grid search optimizing validation loss.
All models were implemented with the keras/TensorFlow framework and trained with NVIDIA
TITAN X GPUs. The best performing model included ~123k trainable parameters, and converges

in ~7 min. for each validation split.
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Table 6.6: Tuned hyperparameters (bold) with candidate values

Parameter Candidate Values
Learning Rate [1e-4, 3e-4, 1e-3, le-2]
batch Size [16, 32, 64, 128]
Optimizer ADAM, RMSProp, SGD

BiGRNN/BILSTM Layers |[1,2,3 4]

Dense Layers (1,2, 3]

Dropout [.3,.5,.7]

Effect Size Calculation for Tract Variables

Our first research question analyzed the univariate ability of (time-binned) tract variables to
distinguish between child speech productions with a ground truth label corresponding to “derhotic”
and “fully rhotic”. We quantified the separation of the derhotic and fully rhotic tract variable
means using Cohen’s d. Mean separation was “negligible” for lip aperture (d = -.06), lip protrusion
(d =.11), tongue tip constriction location (d = .13), and tongue tip constriction degree (d = .08).
Mean separation was “small” for tongue body constriction location (d = .39; 95%CI [.33, .44];
) and for tongue body constriction degree (d = -.22; 95%CI [-.27, -.16]), as seen in Figure 6.4.
The lower values for tongue body constriction location imply a more anterior constriction in fully
rhotic tokens than derhotic tokens

Predicting clinician judgment of rhoticity in utterances from children with RSSD

Our second research question analyzed the performance of age and-sex normalized formant
and tract variable feature sets. Results from BiGRNN and BiLSTM models are shown in Table 6.7.
BiLSTM improved participant-specific F1-score (weighted) over BIGRNN. BiLSTM performance
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Figure 6.4: Univariate differentiation of perceptual judgment for (binned) TVs. Ribbons: 95%
confidence intervals of the mean.

was comparable for formant and 9 TV feature sets, except for the notable increase in AUROC in

the context of 9 TV features (Figure 6.5)

Table 6.7: Mean (standard deviation) of participant specific performance. 9 TVs include 3 source
features

Model Feature Set | F1-Score | Precision | Recall | AUROC

Bi-GRNN | Formants .83(.05) |.90(.05) |.79(.06)|.82(.05)

Bi-GRNN |6 TVs 72(.10) 1.89(.05) |.67(.10)|.76(.06)

Bi-GRNN |9 TVs .81(.06) [.91(.04) |.77(.07).80(.04)

Bi-LSTM |Formants |.89(.03) |.92(.04) |.88(.03).79(.17)

Bi-LSTM |6 TVs .82(.08) [.91(.04) |.77(.11)|.81(.13)

Bi-LSTM |9 TVs 90(.05) |.94(.04) |.87(.08)(.87(.07)

The interactions between participants and feature sets (Figure 6.5) naturally raised the
question of combined performance, so we trained one Bi-LSTM with a combined feature set of

formants and 9 TVs. Performance (T pi_score = .82 0,= .05) was lower than in models trained on
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these features individually.

Although the number of participants in this analysis was limited, we explored the correlation
of ranks to see if participant age was associated with AUROC. We selected AUROC for exploration
as its participant-specific scores showed greater variance than F1-score in our results. Spearman’s
p was not significant in this sample (p = -.54; p = .30, n = 6); this is supported by visual inspection
of Figure 6.6 which illustrates that children aged 9-14 achieved AUROC > .9. Notably, the lowest
performing participants in this sample had vocal tracts that, presumably, shared the most age-based

similarities with the adult participants that the SI system was originally trained on.
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6.3.5 Discussion on Results with Mispronunciation Detection of /1/in Child
Speech Sound Disorders

The present classification study predicts binary listener perceptual judgment of rhoticity in
child speakers with speech sound disorder impacting /1/. We found that BILSTM performance
was largely comparable when trained on (1) handcrafted age-and-sex normalized formant features
and (2) tract variable + source feature (9 TV) outputs generated from an adult-trained acoustic-
to-articulatory SI system. In this sample, however, AUROC was notably higher for 9 TVs
than formant features. The comparison of classifier performance in 6 TV and 9 TV feature
sets evidences the importance of modeling source features as additional input, consistent with
observations of TV performance in depression (Seneviratne et al., 2020). Notably, univariate

separation between classes for individual TVs indicates that tongue dorsum dynamics may be an
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important signal for clinical /1/, which is corroborated by magnetic resonance/ultrasound imaging
of American English /1/perceived as clinically incorrect (Boyce, 2015; Preston et al., 2020) and
supportive of recent modeling work elsewhere (Li et al., 2023). Future reanalysis of ultrasound
data in Benway et al. (2021) could investigate if this finding might associate with direct instruction
of a retroflexed (versus bunched) configuration.

Even though this TV estimator was trained on adult speech, there was no evidence in the
present, small, sample that TV performance was systematically related to age. However, it was
surprising that the oldest participants in this sample had the (relatively) poorest performance.
Informal observations during (Benway et al., 2021) indicate that participant 34’s improvements in
/1/resulted in a consistently hyper-rhotic articulatory pattern with a merged F3-F2 by treatment
session 3, and participant 33 had a large F3-F2 distance not due to a high F3, but because of
a low F2. Future investigation can quantify the extent that poorer performance may be due to
speaker-specific vocal tract dynamics.

Although this investigation is limited by a small sample size, it motivates larger investigation
of how adult-trained TV estimates perform for child speech. This motivation arises from the
1) lack of obvious age effects for younger speakers using 9 TVs, 2) advantage for 9 TVs in
AUROC, and 3) lower amount of participant-specific customization required by TVs in feature
preprocessing. Larger samples can also investigate model explainability, as well as evaluate if
lower performance herein on the fused formant + 9TV feature set is evidence of true performance
or perhaps due to the high feature dimensionality relative to the amount of training data for the 6
participants. Lastly, the salience of TVs in this investigation lay the foundation for future research
modeling interpretable KP feedback for speech sound learners from the 9 TVs. In addition to

predicting perceptual judgment of /1/, visualizations of tongue shape interpolated from TVs have
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the potential to provide similar benefits to ultrasound biofeedback while circumventing some of

the barriers associated with widespread ultrasound use (i.e., system cost and training).

6.4 Summary

This chapter discusses how articulatory representations extracted from an acoustic-to-
articulatory speech inversion system can be effectively used for applications in detecting mental
health disorders like schizophrenia and detecting a common child speech sound disorder.

The section on schizophrenia detection highlights a multimodal approach to classify subjects
with strong positive symptoms in schizophrenia from healthy. Results show that the video based
features are more effective in identifying articulatory coordination changes while also asserting the
fact that fusing with audio based TVs significantly boost the performance in detection of positive
symptoms.

The section on mispronunciation detection of /1/in children’s speech shows that BILSTM
models trained individually on hand-crafted age-and-sex normalized formants and 9 tract variables
(predicted from an adult-trained acoustic-to-articulatory speech inversion system) have comparable
performance when predicting clinical perceptual judgment of rhoticity in child speech sound
disorders. However, improvements in AUROC and lower customization needs for tract variable
generation, as well as the potential for clinically interpretable KP feedback, motivate future
development of tract variable-based mispronunciation detection for /1/. This work further motivates
the collection of ground-truth articulatory data from children to validate tract variables for child

clinical speech sound technologies.
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Chapter 7: Conclusions and Future Directions

7.1 Conclusions

The contributions of this dissertation can be discussed under three main aspects. The first
one is towards improving the generalizability and robustness of the acoustic-to-articulatory speech
inversion systems to estimate lip and tongue related articulatory representations. Supplementary
to the same work, an unsupervised learning algorithm based on learning and predictive processing
in the human brain is applied to learn articulatory representations, with minimal exposure
to ground-truth articulatory data. The second contribution comes with the development of a
dedicated speech inversion system to estimate the velar and glottal activity of speech in a speaker-
independent fashion. Through both the first and second contributions, this dissertation tries to
achieve a rare feat of building a framework that could estimate an almost complete articulatory
representation of speech (lips, tongue, velum and glottis articulators) which could be a game
changer in the field of speech analysis and understanding. The final and the third contribution of
the dissertation highlights two distinct applications where the articulatory representations have
shown to outperform the conventional speech representations in their respective tasks. This also
asserts the quality of the estimated articulatory representations and thereby validates the accuracy
of the developed SI systems.

As discussed above, chapter 3 highlights the incremental improvements done with improving
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the generalizability and robustness of the SI systems trained independently on the XRMB and
HPRC datasets. The best performing SI system trained on the XRMB dataset estimates 6 TV's
with an average PPMC score of 0.8770, which is close to a 9% improvement from the previous
SI system proposed in Sivaraman et al. (2019). The proposed SI system is based on a TCN
network and uses auditory spectrograms as input speech representation. The same SI system
is trained to learn three additional source features as targets along with the 6 TVs and is one
of the key design changes that contributed to a significant improvement in performance. The
best performing SI system can be readily used and is hosted in a github repository at https:
//github.com/Yashish92/TCN_SI_tool. Section 3.5 discusses the best performing
BiGRNN SI system trained to estimate the enhanced TVs with the self-supervised HuBERT
speech embeddings. The model trained with enhanced TVs and HuBERT features is hosted
in a github repository at https://github.com/Yashish92/SSL-SI-tool. Moreover,
with the HPRC dataset and its unique 9 TVs, a multi-task learning based BIGRNN network
trained with self-supervised HuBERT features performed the best. The same repository https:
//github.com/Yashish92/SSL-SI-tool also holds the current best performing MTL
based SI system trained independently on the HPRC dataset.

Creating an accurate articulatory dataset is an incredibly demanding task in terms of time,
effort, and the tools involved. This is precisely why the development of speaker-independent
(SI) systems was initially pursued. However, the dependence of DNN systems on more ground-
truth data begs the question as to find alternative training mechanisms that could build more
generalizable SI systems. The MirrorNet training algorithm discussed in chapter 5 was experimented
to circumvent the exact same issue, so that an inverse mapping to estimate the articulatory

representations can be learned with a minimal amount of ground-truth data. The MirrorNet
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architecture once trained in unsupervised fashion is capable of estimating articulatory representations
as the latent space of the autoencoder network. The estimated articulatory representations have
comparable accuracy to that estimated by the state-of-the-art SI systems trained in completely
supervised fashion.

None of the publicly available articulatory datasets contain any ground-truth measures to
capture the velar and glottal activity of speech due to obvious reasons. However, velar and glottal
activity of speech adds rich, complementary information that could make significant improvements
to speech applications. This motivated a data collection which is described in chapter 4 to primarily
derive a parameter which can ideally act as the velar constriction degree TV. Once the derived
parameter (Nasalance) was validated with a more invasive velar activity measure (HSN), a novel
SI system was trained to estimate the derived velar constriction degree TV in speaker-independent
fashion. Since EGG data was synchronously collected, a voicing parameter was also derived
as a proxy to capture the glottal activity and was also estimated from the same SI system. The
proposed system also benefited from the estimation of additional proxy source features as targets.
The particular data collection described in this chapter is still ongoing and further improvements
on the SI system will be made with more date to come.

Chapter 6 asserts the importance of using articulatory representations as an effective
speech representation for two distinct speech applications. With the application of developing
a multimodal system, the articulatory representation based ACFs played an important role in
improving the performance of detecting subjects with strong positive symptoms in schizophrenia
from healthy controls. In the same work, an important discovery was made with regard to
understanding the articulatory coordination patterns displayed by subjects with strong positive
symptoms. This distinctive articulatory coordination difference between the schizophrenia subjects
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and the healthy controls is hypothesized to be a key differentiating factor in improving the
classification performance of the developed multimodal systems. Finally, as the second application,
articulatory representations were analyzed as a speech feature to understand if any of the six
TVs could capture the mispronounciation of /1/in child speech (fully rhotic vs derhotic). It was
noticed that the tongue body related TVs have a significant difference between the fully rhotic and
derhotic speech which motivated the development of a classification model to detect the rhoticity
in child speech. Results in this experiment showed that the formant based speech features which
have been used in the state-of-the-art classification systems can be simply outperformed by using
articulatory representations with source features (aperiodicity, peridocity and pitch). While the
study’s findings are constrained by a small sample size, they serve as a catalyst for conducting
more extensive research into the performance of adult-trained TV estimates for child speech.
Overall, this dissertation showcases machine learning, signal processing, and sensorimotor
learning inspired techniques undertaken to improve and extend the speech inversion frameworks.
Subsequently, the articulatory representations obtained from these speech inversion frameworks

are put to practical use in enhancing real-world speech applications.

7.2  Future Directions

Following is a brief list of future directions that could be pursued based on the final findings

of this dissertation.

150



7.2.1 Exploring effective evaluation metrics for SI systems

In the context of evaluating the performance of SI systems, PPMC scores have mostly
been used. It is important that any SI system estimates the ‘critical articulators’ pertaining to the
production of consonant sounds with better accuracy, compared to the non-critical articulators.
However, PPMC calculates an average correlation score between the estimated and ground-truth
articulatory parameters, and therefore can be less effective, especially when comparing closely
performing SI systems. So it is imperative to explore effective means of automatically evaluating

the SI systems with more emphasis on how well the critical articulators are estimated.

7.2.2 Extending the glottal source features to capture voice qualities with EGG

data

The EGG data collected in the ongoing data collection discussed in chapter 4 has only been
used to estimate an envelope parameter which is limited to capturing voicing in speech. However,
by capturing different signal properties of the EGG signal (eg. rate for rise and fall of the glottal
pulse, period duration), different voice qualities can be inferred (eg. breathy, creaky, modal). The
ability to estimate such voice qualities from a trained SI system can indeed be helpful in a myriad

of speech applications.
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7.2.3 Experimenting the SI systems with accented English speech and other
languages

The SI systems developed in this work are all trained with native American English and
have not been extensively tested with estimating articulatory representations for accented English
speech, or speech with other languages. The data collection described in chapter 4 is expected to be
extended to collecting speech from non-native English speakers (collecting both accented English
speech and speech from their native language), which will provide ground-truth articulatory data
to evaluate the estimations from the current SI systems. Based on the evaluations, further fine

tuning of the SI systems can be done to develop language specific SI systems.

7.2.4 MirrorNet to learn control parameters to drive a parametric vocal tract
model

Rule based methods are currently used to generate articulatory control parameters to
drive some of the parametric vocal tract models (Birkholz, 2013). This process is extremely
time-consuming and needs prior knowledge with each control parameter in order to synthesize
intelligible speech. MirrorNet could be experimented with learning to drive such complex,
parametric vocal tract models in completely unsupervised fashion, so that the latent space could
converge to the desired control parameters essential to re-synthesize a given speech target. To
achieve this, more emphasis will also be needed in exploring faster training algorithms and

powerful DNN model architectures (pre-trained transformers for encoder).
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