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Abstract

Electrolaryngeal (EL) speakers often face communication hurdles due to the removal
of their larynx, causing them to produce speech difficult to understand. Although
an electrolarynx can be used as a viable replacement for the larynx and generate
source excitation signals, the resulting produced speech is often robotic and hard to
comprehend, causing several communication barriers in daily life. Fortunately, with the
rise of artificial intelligence and deep learning methods in particular, several techniques
such as speech recognition and speech synthesis have now become a viable solution to
help EL speakers overcome communication barriers. Speech recognition can decode the
linguistic contents from the speech audio, which allows use cases such as transcription
or communication with smart devices powered by large language models. On the
other hand, speech synthesis (or voice conversion) can be used as an enhancement
task, where the EL speech can be resynthesized and enhanced into a healthy sounding
speaker while maintaining the original linguistic contents. However, although use cases
with healthy speakers are now at a point where real-world use cases are viable, these
systems primarily degrade in performance when used with EL speech. Thus, more
research needs to be done to improve these techniques to make them perform at the
same level as they would with healthy speech.

There are two main problems found in this research, which are the lack of training

data and the domain mismatches. First, training data from EL speakers are quite
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hard to collect, primarily due to the fact that speaking is a tedious task for them.
Thus, although a healthy speaker can easily record multiple hours of reading a script,
recording just a single hour of data from an EL speaker is already considered a huge
achievement. However, deep learning and neural networks require large-scale training
data consisting of hundreds of hours to generalize to the data distribution. Second,
although pretraining with large-scale healthy data is a viable solution, EL speech has
different characteristics from healthy speech, which causes domain mismatches between
the two data types and still has a limit in performance. In particular, there are acoustic
and temporal mismatches. The former mismatch is due to the lack of prosody and pitch
information in the EL speech, which is essential in natural sounding healthy speech.
The latter mismatch is due to the fact that EL speakers speak at a slower rate than
healthy speakers. Thus, the neural network needs to resolve both of these mismatches
to perform either speech recognition or enhancement.

This thesis focuses on resolving the two aforementioned problems for both speech
recognition and enhancement. In the first part of the thesis, we investigate speech
recognition for EL speakers. We first investigate the limitations and capabilities of
novel pretraining methods on EL speech data such that we can use large-scale datasets
to mitigate the lack of training data. We compare conventional pretraining methods
such as supervised learning by pretraining on a large, labeled speech dataset and using
the pretrained model’s weights to initialize from when training on a smaller dataset. We
also investigate self-supervised learning which is trained using only unlabeled speech
data, providing more flexibility in training data requirements and allowing more speech
data to be used in pretraining. We investigate both of these pretraining frameworks
and compare their performance on EL speech. The experimental results show that su-

pervised pretraining outperforms self-supervised setups in both datasets. Thus, despite
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self-supervised pretraining outperforming supervised pretraining in previous literature
in healthy speech, we discover that this is not the case in EL speech, thus showing the
viability of supervised pretraining as a baseline method and showing that more work
needs to be done in improving self-supervised-based pretraining.

After establishing a strong baseline, we further improve the performance of super-
vised pretraining with EL speech. Although large-scale pretraining resolves the lack of
dataset issue, there is still a performance ceiling due to the domain mismatches between
healthy and EL data. To reduce the domain shift gap between the healthy (pretrain-
ing) and fine-tuning (EL) data, we propose an intermediate fine-tuning task that uses
imperfectly synthesized speech before fine-tuning on the target ground truth dataset.
Despite the idea of using imperfectly synthesized speech to be quite unintuitive, we
show its effectiveness with large improvements in performance compared to the base-
line which only used large-scale pretraining. We further analyze what exactly happens
during this task by analyzing the produced latent spaces and find interesting behaviors
by the network. In particular, we find that the intermediate fine-tuning focuses on
identifying the voicing characteristics of the electrolaryngeal speakers, which is proven
by conducting speaker-related downstream tasks such as resynthesis, categorization,
and adding an auxiliary speaker loss.

In the second part of the thesis, we investigate speech enhancement for EL speakers
through the use of speech synthesis and voice conversion techniques. For this task, pre-
vious methods have already proven that large-scale pretraining and data augmentation
are also effective. However, the domain mismatches present between the pretraining
(healthy) and fine-tuning (EL) data limits the performance of the neural network. We
focus on resolving the acoustic and temporal mismatches by improving the network

architecture. Building on the speech recognition module from the previous chapter,
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we use the encoder to produce bottleneck feature intermediates. Moreover, we propose
a decomposed framework, which uses a recognition, alignment, and synthesis frame-
work, effectively improving performance due to the removal of the timbre mismatches
between the pretraining (healthy) and fine-tuning (EL) data. We then further improve
this by introducing discrete text intermediates, which effectively alleviate temporal
mismatches between the source (EL) and target (healthy) data to improve prosody
modeling, by removing unnecessary frames from the input before processing it with
the synthesis module. In particular, we find that using phoneme-level linguistic in-
termediates further improves the performance of the framework. We also verify these
findings on a set of real EL speakers along with larger pseudo-EL dataset of 14 speakers,
which consistently show that using the phonemes as linguistic intermediates is most
effective approach in terms of phoneme error rate.

To summarize, the thesis focused on resolving both the lack of training data and
domain mismatches for both speech recognition and enhancement tasks. For speech
recognition, establishing the most efficient pretraining method along with the use of
intermediate fine-tuning with imperfectly synthesized EL speech was found to be ef-
fective in improving performance compared to baselines. For speech enhancement, the
use of linguistic intermediates and phoneme-level information as intermediate features

showed effectiveness in resolving both acoustic and temporal domain mismatches.
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Chapter 1

Introduction

1.1 Research Background

Atypical speech is described as speech that involves disorders in the speech produc-
tion mechanism, resulting in unnatural speech production. This could involve invol-
untary stuttering, lisping, aphasia or delayed language acquisition. There could be
several causes for this, which could be through a constrain from neurological disorders,
or a constrain from physical limitations.

One of the common types of atypical speech is electrolaryngeal (EL) speech, which
is produced by people who have undergone laryngectomy surgery. Undergoing this
surgery entails the removal of the larynx, the organ responsible for modeling the vo-
cal tract functions. The physical larynx is replaced with an electrolarynx to recreate
the voice box function, but this results in robotic-like speech production [1], [2]. The
resulting speech becomes unnatural due to the electrolarynx not being able to control
the source excitation signal like a real larynx, making communication difficult for these
people. As these people experience more difficulty in expressing themselves or commu-

nicating with family and friends, this causes a lot of communication opportunities to
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be closed to them.

1.2 Artificial Intelligence for Communication

The rise of artificial intelligence (AI) and deep learning in the past decade has given
way to advancements in technology. For speech in particular, several use cases have
come up, such as controlling home appliances through voice commands, synthesizing
speech in a certain voice or emotion, translating from one language to another, or even
communicating with large language models.

Two popular speech-related Al methods are speech recognition and speech synthe-
sis. The former method, automatic speech recognition (ASR) is the task of converting
speech audio into its corresponding text transcripts. The main idea in ASR is to create
a system that could identify a many-to-one mapping between speech and text; specif-
ically speaking, a sentence or phrase can be spoken in different ways, varying from
timbre, pitch, rhythm, and the such, but the output text will always be the same. Sev-
eral approaches have been explored, such as using Bayes-based probabilistic models,
to end-to-end neural networks. With the advancement of hardware compute avail-
ability, recent end-to-end neural network architectures have shown near-human level
recognition accuracies!. As a result, many of these have been adopted as the back-
bone in commercially available products, bringing in many benefits and conveniences
to humans through real-time speech transcription to ease communication, or even by
enabling the control of several devices by just uttering a command. Common household
chores such as switching the lights on and off, adjusting room temperature, checking
the front door. With such conveniences, ASR-powered devices have the potential to

benefit many people and make their lives easier by automating several tasks that could

https://github.com/syhw/wer_are_we
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be done by a system.

On the other hand, speech synthesis is the opposite of speech recognition, where
speech is synthesized either from text (referred to as text-to-speech, TTS) or from
acoustic features (referred to as voice conversion, VC). As written text can be ex-
pressed in different prosody, tones, accents, emotions, or loudness, speech synthesis is
primarily considered to be a one-to-many mapping problem. Several approaches to
model both the prosody and the acoustic features have been proposed, from Hidden
Markov Models, Gaussian Mixture Models, to neural-based methods. Similar to ASR,
speech synthesis has been also adopted as the backbone in many commercially available
products, allowing humans to interact with smart systems in the same fashion they

would with a human.

1.3 Research Problems

While deep learning-based technologies have achieved high performance enabling
real-world use cases, there are still some remaining use cases that are challenging to
resolve. For example, atypical speakers? still have difficulties in using these smart de-
vices, primarily as these are not adapted to the characteristics of atypical speech. This
is primarily because of two reasons, which have made it difficult for both researchers
and developers to create real-world usable devices that could help atypical speakers

overcome communication barriers.

2Although the thesis mainly focuses on EL speech, we use the term atypical and EL speakers

interchangeably in scenarios where the use case is not only specific to EL speech.
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Lack of training data

First, it is hard to collect and record speech data from atypical speakers, as speak-
ing is a tiresome task. Although a healthy speaker can help record up to 20 hours of
speech data, recording a single hour of data from an atypical speaker is already a huge
challenge. Similarly, although recording small subsets from multiple speakers to create
a large-scale dataset is possible, there are still huge differences between different each
speakers’ speaking patterns, making it hard to use one patient’s speech and adapt it
to another patient’s speech. At the time this thesis was started, the only two open-
sourced datasets were TORGO [3] and UASpeech [4], which both contain recordings
from dysarthric speakers of varying intelligibility levels. The TORGO database con-
tains recordings from 7 patients (3 females, 4 males) with Cerebral Palsy, Amyotrophic
Lateral Sclerosis and from 7 control speakers (3 females, 4 males). There are 721 utter-
ances per speaker, which results in around 30 minutes for each speaker. On the other
hand, the UASpeech database contains recordings of 15 patients with Cerebral Palsy
(4 females, 11 males). There are 62 utterances per speaker, which results in around
3.5 minutes per speaker. However, compared to commonly used healthy datasets, the
dataset size is still quite small and with previous research showing concerns about
the quality of the recordings [5], showing that more efforts need to be done in data
collection. Thus, resolving training data is needed to improve current systems, but
is currently difficult due to the barriers in partnering with medical institutions and

medical privacy concerns.

Domain mismatches between healthy and EL speech

Second, although it is possible to use healthy speech as additional data, the domain

shifts between these two types of speech is still large. There are two main types of
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Figure 1.1: Mel-spectrograms for a healthy (top) and an electrolaryngeal (bottom)

speaker uttering the same sentence.

domain mismatches present, namely: acoustic and temporal mismatches.

First, acoustic domain mismatches are present due to the lack of pitch features
in EL speech. This is especially challenging in tone-based languages like Japanese,
where the use of intonation patterns and voiced and unvoiced features are vital in

determining the intended word. A common example in Japanese is the word (X L
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(hashi), where depending on the intonation pattern used, could either mean chopsticks,
bridge, or edge. However, without the pitch patterns from the audio, it would be hard
for the model to infer what the intended meaning is. Another domain mismatch in
the temporal domain is also present, primarily because atypical speakers speak at a
slower rate compared to healthy speakers. Due to the difficulty in using the organs in
the speech production system, saying the same sentence takes approximately 1 to 1.5
times slower than a healthy person would.

Both of these mismatches can be visualized in a mel-spectrogram of both speakers
uttering the same sentence. As seen in Fig. 1.1, the harmonics of the electrolaryngeal
speaker do not have variation as the frequencies are constant throughout the utterance,
whereas the FO contours in a healthy speaker have more variation in frequency, allowing
for changes in the speaking style. Moreover, it also takes the EL speaker more time to
utter the same sentence, showing that mismatches are not only present in the acoustic

characteristics, but also in the temporal structure.

1.4 Thesis Overview

Knowing the benefits of speech technology, more research to make speech devices
accessible to atypical speakers should be carried out to break barriers in communication.
The goal of this thesis is to provide solutions that address the aforementioned problems
and advance current systems to a state where it could be used for real-world use
cases. To help EL speakers overcome communication barriers, the thesis focuses on
two commonly used approaches mentioned in Chapter 1.2: speech recognition and
speech enhancement.

An overview of the contributions of this thesis compared to previous literature can

be seen in Fig. 1.2 and is thus divided into several studies. This thesis aims to resolve
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both the lack of training data and mismatches in both tasks. In Chapter 2, we first
discuss the laryngectomee surgical process, and analyze the characteristics of EL speech
and what makes these sound robotic and monotonous. Then, we discuss essential deep
learning architectures, as well as previous approaches and go over how pretraining is
used to improve the generalization of neural networks for both speech recognition and
speech enhancement tasks.

Then, in Chapter 3, we establish a baseline study by comparing novel pretrain-
ing methods such as supervised and self-supervised pretraining, and investigate the
limitations of each method. We discover that supervised pretraining was much more
effective for EL speech despite the success of self-supervised pretraining on healthy
speech. Then, improving on this, we propose a method to improve the limitations of
pretraining methods through the intermediate fine-tuning method by using imperfect
synthetic speech as described in Fig. 1.3. Despite its unintuitive approach, the pro-
posed method shows huge improvements over the baseline method. We also analyze
what exactly makes the method successful and discover that the network was able to
learn the EL speaker features despite being trained on a recognition loss objective.

In Chapter 4, we focus on the speech enhancement task and improve on previous
works by utilizing the findings from Chapter 3. In particular, we use the speech recog-
nition encoder to extract strong linguistic features from EL speech audio and use these
to replace traditional acoustic features. An overview of the conventional enhancement
framework, and how we integrate the previous proposed speech recognition model into
this proposed speech enhancement model is shown in Fig. 1.4. We propose a decom-
posed framework, which uses a recognition, alignment, and synthesis framework, effec-
tively improving performance due to the removal of the acoustic mismatches between

the pretraining (typical) and fine-tuning (EL) data. Then, we then further improve
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Figure 1.2: A visualization of the contributions of this thesis. We start by analyzing
the problems in the speech recognition task. The thesis then tackles the speech en-

hancement task while also using the learnings from the previous speech recognition

task to resolve the discovered issues.
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Figure 1.3: A visualization of how the model weights are initialized and trained in
different stages. The stages are composed of pretraining, intermediate fine-tuning, and
target fine-tuning; where each stage conducts the same speech recognition task but

with different input and target data.
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this by resolving the temporal mismatches between the source (EL) and target (typical)
data, by introducing discrete text intermediates, which effectively alleviate to improve
prosody modeling. Our findings show that by simply replacing acoustic features with
linguistic features from the speech recognition system, more intelligible and naturally
sounding speech can already be synthesized compared to the baseline, and using dis-
crete text intermediates to remove unnecessary frames further improves the results.
Furthermore, we also validate these results on another set of pseudo and real-world EL
speakers, showing its robustness to different types of EL speakers.

We conclude the thesis in Chapter 5 by summarizing the results and lay the founda-

tions of potential future work.
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Figure 1.4: A visualization of conventional speech enhancement models and the pro-

posed speech recognition model in Chapter 3. The proposed speech enhancement model

is achieved by integrating the speech recognition model into conventional works, sub-

sequently improving the model by introducing strong linguistic information into the

architecture.






Chapter 2

Related Work

In this chapter, we provide a background to understand the context of the thesis’
goals. In Chapter 2.1, we first describe laryngectomy and how it affects the human
speech production process, and the different solutions to allow laryngectomees to re-
gain speaking ability. Then, we give a brief background on essential deep learning
concepts and then discuss previous works and approaches for both electrolaryngeal

speech recognition in Chapter 2.3 and enhancement in Chapter 2.4.

2.1 Background on Larygneal Surgery

2.1.1 Human speech production process

The larynx is the organ responsible for generating the source excitation signals of
human speech. In particular, the larynx is mainly responsible for the voiced and
unvoiced features of speech (or sometimes referred to as phonetics in the linguistics
field). The voiced and voiced refers to the oscillatory state of any part of the larynx
that modifies the airstream [6]. By expelling air from the lungs to the glottis, a sufficient

pressure drop created can cause the vocal folds to oscillate. This oscillation made by
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the vocal folds is responsible for modulating the air pressure and flow throughout the
larynx. In effect, this airflow by the larynx is responsible for creating most of the voiced
phonemes. On the other hand, without a sufficient pressure drop, the vocal folds do not
oscillate, in which case the produced phoneme is referred to as an unvoiced phoneme
[7].

Referring to the source filter theory [8] and visualized in Fig. 2.1, this signal that
the larynx produces is a harmonic series, which consists of the FO accompanied by
harmonic overtones, and are multiples of the FO. This produced signal is then amplified
and attenuated via a filter with a continuous impulse response, peaking at specific
resonances. This filter response represents the transfer function of the vocal tract
resonant properties. Combining these two stages results in the individual speech sounds
that are used in everyday conversation.

Similar to any other muscle in the body, humans can train this muscle and effec-
tively control the harmonic series to produce and freely alter speech. By contracting,
loosening, and using the tongue, variation in FO can be done and is used linguistically
to produce intonation and tone. Thus, without the larynx producing source excitation
signals, the resulting speech becomes monotonous and does not have any variation
in pitch or prosody. Unfortunately, some patients undergo laryngectomy, the total
removal of the larynx, which is commonly caused by laryngeal cancer. Due to the

removal of the larynx, laryngectomees have to resort to different speaking methods.

2.1.2 Alternative speaking methods

With the total removal of the larynx, laryngectomees mainly resort to three differ-
ent kinds of alternative speaking methods, namely: esophageal, tracheoesophageal, or

through an external electrolarynx. In the esophageal method, the laryngectomee in-
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Figure 2.1: A visualization of the source filter theory [8], [9] for human speech produc-
tion. An excitation signal e(t) is passed to a linear time-invariant (LTI) system v(t) to

form the speech signal s(t). Figure from [9].

hales air and uses this to oscillate the esophagus as a replacement to the oscillation of
the vocal folds. Although a natural alternative, this speaking method requires skill and
strength to sound intelligible. The tracheoesophageal method is similar to esophageal,

but uses air from the lungs using a prosthetic valve inserted from the trachea into the
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Figure 2.2: A visualization of how an electrolarynx is used. Figure from [10].

esophagus. However, although it becomes easier to generate the air flow, the prosthetic
valve needs to be maintained regularly and is harder to be used by elderly people.
Different from these two methods, the electrolarynx is an external device that is
pushed onto the lower jaw to create the source excitation signals with a switch. Com-
pared to the previous methods, using this device produces the most intelligible speech,
resulting in its popularity. A visualization in Fig. 2.2 shows an example of how to use
this device. Although the most viable alternative for speech communication out of the
three, there is still a huge gap in intelligibility between the electrolarynx method and
natural speech, requiring the need to further provide laryngectomees with alternatives

that allow smooth communication.
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2.2 Deep Learning Concepts

To understand how to resolve the problems in this thesis, we first discuss some
essential deep learning architectures that are commonly used in the field of data-driven

deep learning.

2.2.1 Attention-based modeling

The Transformer [11] is one of the most powerful architecture in the deep learning
space, being versatile with multiple types of data and success in various tasks. The
primary feature of this network is self-attention, which is done through the multi-head
attention (MHA) sublayer [11]. To compute MHA, input matrices query, key, and
value are processed to learn h different linear projections and perform the attention
operation in parallel. This results in different learnable linear projections, which are
concatenated together and projected with another linear projection.

Although the effectiveness of the Transformer in the original paper was demonstrated
on a text translation task, the architecture has been versatile and can be adapted to
process continuous features instead of the original discrete text. This makes it possible
to use for both the speech recognition and speech enhancement tasks. In the case of
the speech recognition task, the input embeddings are simply removed to be able to
directly handle continuous acoustic features such as mel-spectrograms. Specifically, the
Conformer network [12], a variant of the Transformer [11] was proposed, and has proven
its ability to exploit local features and model long-range global context, resulting in
ASR performance with high recognition accuracies [13]. What makes the Conformer
network different from the vanilla Transformer network is that the outputs of the MHA

block are processed by a convolution module that consists of a pointwise convolution
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and a gated linear unit, followed by a 1D convolution layer and batch normalization.
The MHA and convolution modules are then sandwiched by two feed-forward modules.
This sandwich structure allows the network to capture the long-range context through
the MHA and feed-forward modules originally proposed in the Transformer network
[11] and capture local contexts in the speech through the proposed convolution module.

To optimize this network for the speech recognition task, a hybrid CTC-Attention
[14], [15] multi-task loss is used to exploit the strengths of self-attention while retaining
the monotonic alignment of the speech and text through the connectionist temporal
classification (CTC) [16] loss. The CTC-Attention loss is composed of the logarithmic
linear combination of the attention and CTC loss. The attention module [17] predicts
each character using the previous predictions as conditioning features and finds the
essential parts of the sequence by assigning weights to the hidden vectors. On the
other hand, the CTC loss [18], which has been used in early ASR methods, models
the alignments between the encoder outputs and the text label sequence by using an
additional blank symbol. Although attention loss has been generally better in many
tasks due to its data-driven approach, CTC helps the network in forcing a monotonic
alignment between the input and outputs, which covers the weaknesses of attention,
especially in longer sequences. Unlike other tasks that use the attention module, the
alignment in ASR is always monotonic, thus further improving the performance of
attention in ASR.

On the other hand, to optimize this network for speech enhancement, the softmax
function in the decoder can also be simply removed to predict the probabilities of the
log mel-spectrogram [19]. As this process is typically divided into a two-stage task, the
predicted log mel-spectrogram is consequently passed into a vocoder to generate the

corresponding waveform. To optimize the acoustic network, a simple L1 or L2 loss is
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used by comparing the predicted log mel-spectrogram with the ground truth log mel-
spectrogram. On the other hand, the conventional neural vocoder is optimized using
a GAN-based training framework [20], which uses a discriminator on the waveform
dimension.

The use of self-attention in Transformers also gave way to a new method gaining
popularity called self-supervised learning (SSL). The general idea of this method is to
make the model learn a universal representation of the data using joint embedding ob-
jective functions [21], [22] to compare embedding representations of the data. Inspired
by methods in natural language processing, SSL-based pretraining does not require
any target text labels to be trained unlike conventional tasks, and are implemented
either through a contrastive loss or a masked-region prediction loss [23]. Thanks to
this training objective, larger datasets of up to 60k hours were now available to be
utilized in large-scale pretraining, allowing a neural network to learn stronger speech
representations with a larger number of data available. For speech in particular, several
frameworks have been proposed [23] such as generative modeling [24], discriminative/-
contrastive modeling [25]-[27], and multitask learning [28]. SSLs are quite versatile as
it is an upstream task, and can thus be further used in different downstream tasks such
as speech recognition or speech enhancement.

There are two self-supervised pretraining frameworks: contrastive loss [25] and
masked region prediction [27]. The main differences between the two frameworks can
be visualized in Figure 2.3. The first framework is wav2vec 2.0 [25], one of the most
widely used SSL frameworks in speech data based on contrastive loss. This framework
uses a multilayer convolutional neural network (CNN) to encode raw speech audio X
into a latent space z;.; for j timesteps (Eq. 2.1). The latent space representations z.;

are randomly masked before being passed onto the MHA layers of the Transformer
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SELF-SUPERVISED PRETRAINING FRAMEWORKS
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Figure 2.3: Overview of SSL-based frameworks. The SSL models wav2vec 2.0 [25]
(left) and WavLM [27] (right) are trained by a contrastive or masked region prediction

framework.

encoder backbone (Eq. 2.2) to produce the context representation vector hy.;. Also,
to represent the targets of the self-supervised task, the latent space representations
2z1.; are quantized as ¢1;; (Eq. 2.3) using product quantization. The model is opti-
mized using a contrastive loss function (Eq. 2.4) by identifying a ¢’ from ¢;.; among
a set (); of k-number distractors given the masked context representation vector hy.;
from the Transformer encoder through a cosine similarity function (sim), allowing the
codebook to learn representations of positive and negative samples. Moreover, the loss
is calculated along with a diversity loss function (Eq. 2.5) to increase the use of the
quantized representations. Here, V' entries in each of the codebooks G are forced to
be used equally by maximizing entropy I for each codebook p,, across utterances of
a certain batch size. The final loss can be computed as in Eq. 2.5, with a being a

tunable hyperparameter.

21,5 = CNN(7y) (2.1)
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hy.; = Transformer(masking(zy.;)) (2.2)

¢1.; = quantization(z;.;) (2.3)

exp(sim(c;, ¢;)/k)

'Cc = - IOg . 2.4
Zq/NQj exp(sim(c;, ¢')/k) (2.4)

1 G VvV
Ly = W g; ; Dg.w 10gpg,v (2 5)
Econtrastive = Ec + Oéﬁd (26)

Aside from wav2vec2.0, there is another SSL framework called WavLM [27] that in-
stead uses masked region prediction to learn speech representations. WavLM does this
through a denoising and prediction framework, mixing utterances by adding interfering
speech and noise to the input speech, and making the model predict the original clean
speech. Its architecture is similar to that of wav2vec 2.0, where the noisy input speech
is passed onto a set of CNN layers to make z;.; and randomly masked before passing
it onto the Transformer network, which then predicts the pseudo-labels of the masked
regions hy.;. The target pseudo-labels k;.; are generated by performing two iterations
of k-means clustering: one on the MFCC of the original clean speech x;.; (Eq. 2.7) and
another on the latent representations z;.; (Eq. 2.8). Moreover, a gated relative position
bias is added to the Transformer backbone to better capture the sequence ordering of
the noisy input speech. Training the model through this denoising framework proves

to make the model robust to acoustic variations in the speech. The masked region loss
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objective is defined as in Eq. 2.9, where K is the number of clusters, M is the set of

masked indices in the time-domain, and L is the l-th layer output of the Transformer.

k1.; = k-means(MFCC(z1)) (2.7)

k1.; = k-means(z;.;) (2.8)

£maskedregion = - Z Z IOg p(’Zl:j ‘ hfj) (29)

leK teM

2.2.2 Diffusion modeling

Another quite popular generative modeling method is through diffusion modeling [29]
which has also gained popularity with speech generation tasks. Although adaptable to
predict discrete text and language modeling tasks, research involving diffusion modeling
is more developed when predicting continuous features such as log mel-spectrograms,
so we only focus on using this for the speech enhancement task. The diffusion process
is divided into two steps: the forward noising which is used as training data, and the
backward denoising which is used to generate new samples with conditioning features.
The forward process gradually adds Gaussian noise over time ¢ in the data sample z (in
the case of this thesis, the mel-spectrogram). The forward process can be parameterized
as z; = our + o€, where € ~ N(0,1I), allowing the generation of any noised data
sample at time ¢ and making the training process straightforward to implement. A
noise scheduler is also defined by the parameters «a; and o;. To use this framework,
a denoiser model is trained v(z;t) is used to predict the the denoised sample z;,; at

time step ¢ + 1 from a noisy sample z; at time step ¢. Then, during inference, the
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forward process can be reversed by using the trained denoiser network to iteratively
remove noise from a Gaussian noise sample initialized from z;.

On the other hand, conditional flow-matching with optimal transport (OT-CEFM) ob-
jective proposed in [30]. Although the formulation is different, diffusion and flow match-
ing are two sides of the same coin [31]. The transformation process, which leverages
optimal transport to construct a time-dependent vector field u;(x|z;), for ¢ € [0, 1] using
a neural network v;(z;0) with parameters 6, goes from a simple initial Gaussian dis-
tribution xy into a complex target distribution x; (in this case, the mel-spectrograms).
Once trained, the network defines a flow ¢, that transforms the initial distribution z
into x1. Using the OT-CFM objective [30] of ¢9T(z0) = (1 — (1 —0min)t)To+1tx1, We can

?T(x0)|xl) =T — (]- - O-min>x07

use the time derivative of this path as a target, uOT(
to optimize the neural network parameters, where o,;, is a small positive constant for
stability. Several architectures have also adopted the use of Transformers to predict the
denoised features to take advantage of the use of self-attention architectures. Moreover,
the network can be easily adapted to use either text or audio (through the use of audio
SSLs) as conditioning features. Compared to the L1 or L2 losses used in other works,
the use of the diffusion losses to predict the log mel-spectrogram have proven reduced

oversmoothing and enhanced synthesis quality. These advantages make it perfect for

the speech enhancement task.

2.3 Electrolaryngeal Speech Recognition

As mentioned in Chapter 1.2, speech recognition is a popular method with the rise
of artificial intelligence devices. In this chapter, we describe the previous work that

has been done to improve speech recognition for different atypical speakers.
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2.3.1 Comparison of recognition performance between human

and ASR

Although it is straightforward to understand that other humans have difficulty in
understanding EL speech, it would also be interesting to see an analysis of how different
a human and a neural network understands EL speech. In particular, the research in
[32] focused on this problem and found that the recognition of isolated words was more
difficult due to the fact that all phonemes become voiced sounds. Three experiments
were conducted. First, blind recognition, which means recognizing an isolated word
from a dictionary of a million words. Then, a second experiment which provides more
prior information by limiting the vocabulary to those of the training set was conducted.
Finally, a third experiment where the listener was asked to distinguish two similar
words with only a difference in a voiced phoneme. Results showed that recognition of
EL speech is hard even for humans, especially for the isolated word case. However,
surprisingly, neural network-based ASR systems were no better than humans as well.
This was especially shown in the first experiment where there is no prior context given,
and both humans and machines had difficulty in recognizing isolated words. However,
with enough prior context like in the second experiment, both humans and machines
gain dramatic improvements in performance. The most interesting finding is that
although it was initially assumed that EL speakers can only produce voiced phonemes,
the findings show that this is not always the case, as the context of the phoneme plays
an important role in voicing. In many cases, the human and the machine distinguished
voiced and unvoiced phonemes in the EL speech, showing that the context of the

surrounding words can greatly help recognition.
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2.3.2 Pretraining techniques for low-resourced pathological

ASR

Research in resolving low-resourced ASR for pathological speech has primarily re-
volved around large-scale pretraining on healthy speech datasets in a supervised man-
ner. For example, [33] focused on the problem of limited data and used two types of
non-standard speech: speech from people with amyotrophic lateral sclerosis (ALS) and
accented speech. The results showed that personalized models achieved relative WER
reductions of 62% and 35% in the two groups, reducing the absolute WER for ALS
speakers to 10% for mild dysarthria and 20% for more severe dysarthria. These works
use a non-attention encoder and decoder network such as the Recurrent Neural Net-
work Transducer (RNN-T) [34], and an attention-based, sequence-to-sequence model
such as Listen, Attend, and Spell (LAS) [17] network. By pretraining RNN-T and LAS
networks on the 960-hour Librispeech dataset, majority of the improvements comes de-
spite only having 5 minutes of training data. Interestingly, the study also finds that
finetuning just a particular subset of layers often gives better results than finetuning
the entire model. This work was one of the first to show the power of pretraining in
resolving the limited training data problem.

Extending this work in [35] saw further improvements by pretraining on a larger
dataset with 162k hours. A dataset was collected, which composed of 432 individuals
with self-reported disordered speech. As a main result, the performance of the trained
models were equalling human-level performance in recognition accuracies at 15% char-
acter error rate (CER), showing the effectiveness of large-scale pretraining on healthy
speech. As the metadata was also collected from the different participants, the study
also further analyzed where the model was strong and what its limitations were. In

particular, although the results for each severity group was analyzed, and WERs were
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greater than 10% for approximately 26% of the participants. For the typical to mild
severity group, although some speakers had high WERSs, recognition accuracies were
only degraded primarily by limitations in the dataset quality and size rather than hav-
ing atypical speech features. On the other hand, for speakers with moderate to severe
severity in this group, performance degradation was due to both the atypical speech
features and low dataset quality and size. Thus, this research also shows the difficulty
of collecting data, as careful preprocessing steps still need to be conducted to make
these usable for machine learning training.

However, in both of these aforementioned works, one difficulty in reproducing this
issue is gaining access to a similarly sized large pretraining dataset with corresponding
text labels. To train a speech recognition model, both the speech and text pair need
to be prepared for training. Although it is quite easy to collect a large-scale speech
dataset, accurately labeling the transcriptions becomes difficult and expensive. More-
over, without any quality assurance, wrong transcriptions can negatively influence the
training of the model. Although it has been proven and widely accepted that large-
scale pretraining is the key to robust ASR [36], the labelled datasets used in these
works have not been open-sourced for public use. As of the time this thesis was con-
ducted, the largest labelled speech dataset is Librispeech at only 960 hours, which is
significantly less than the 162k hours used in the aforementioned experiments.

On the other hand, improvements in large-scale pretraining for ASR were proposed
in the past few years through SSL. As previously mentioned, SSL-based pretraining
did not require any target text labels to be trained unlike conventional tasks [23]. This
means that a strong linguistic representation can be learned by simply learning how to
reconstruct the input speech and learning how small segmented frames correlate to the

other frames of the speech. Thanks to this training objective, larger datasets of up to
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60k hours were now available to be utilized in large-scale pretraining, allowing a neural
network to learn stronger speech representations with a larger number of data available.
Several works have also shown its effectiveness by gaining state-of-the-art performance
by fine-tuning on as small as 10 minutes of data [25], [26], [37]. Thus, using these SSL
features over traditional acoustic features such as mel-spectrograms have the potential
to resolve limited training data. Initial studies in different minimally resourced speech
recognition tasks [38], [39] have proven to be successfully, making these a potential

investigation point for electrolaryngeal speech recognition.

2.3.3 Data augmentation for low-resourced pathological ASR

Aside from large-scale pretraining, data augmentation is also a popular approach
in limited data cases. The idea is to use a speech synthesis system to synthetically
generate a larger ASR training dataset to improve pathological ASR performance.
Several early methods have been developed, where research such as [40] use voice
conversion powered by generative adversarial networks to convert healthy speech into
atypical speech. Another approach [41] also uses parallel VC to generate new atypical
speech utterances, and focus on expanding the vocabulary of the speech utterances in
the training set. Other methods such as [42] use a text-to-speech method for a more
controllable synthesis method.

Several other works have also focused on improving generating atypical speech not
only for data augmentation, but with the goal of accurately modeling the atypical
speech features for medical purposes. By accurately modeling the atypical speech
features, this can also consequently be used for data augmentation purposes. For ex-
ample, [43] first focused on this by adopting a two-stage framework, which consists

of a sequence-to-sequence model and a nonparallel frame-wise model. In particular,
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the healthy speech is first converted into atypical speech of another speaker in the de-
sired severity using the sequence-to-sequence model, and is consequently transformed
into the target speaker using the nonparallel frame-wise model. By doing this, the
framework can model both the atypical speech features and the target speaker using
individual models. Results show that this framework was able to mimic the sever-
ity characteristics in a linear way, which was evaluated by according to three speech
language pathologists.

The study in [44] further improves on this two-stage framework, particularly in the
second stage by using phonetic posteriorgrams and global style tokens, along with a
new parallel dataset dedicated for high-quality evaluation of this task. The research
ended with three main conclusions. First, the proposed method shows better preser-
vation of the atypical source features compared to the baseline owing to the use of
phonetic posteriorgrams and global style tokens. However, there is still a huge gap
of the synthesized samples compared to ground truth recordings. Second, the speaker
identity during conversion is impacted by severity but not all speaker information is
lost, meaning that features from the pre-operative voice can still be used as a reference
utterance. Finally, choosing the appropriate source speaker based on just the severity
labels was not sufficient, once again showing the need for data collection and improving
the metadata of these datasets.

In all these aforementioned works, the focus has mainly been on developing a high-
quality speech synthesis system to generate speech that can accurately represent both
the pathological speech features and its linguistic information. However, a weakness
of this method is that large datasets are still required to train a high-quality speech
synthesis model that represents both the acoustic and linguistic information. Thus,

there is a chicken-and-egg problem present as data augmentation cannot be presented
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as a solution for limited training data, without also having a large-scale dataset to
train the speech synthesis system, resulting in speech that may not truly represent the

target atypical speech features of the original speaker.

2.4 Electrolaryngeal Speech Enhancement

Similar to speech recognition, speech synthesis and voice conversion are also a pop-
ular method. In the context of atypical speakers, we refer to using voice conversion as
speech enhancement as it transforms and enhances atypical speech into speech that is
much easier to understand. In this chapter, we describe the previous work that has

been done to improve speech enhancement for different atypical speakers.

2.4.1 Sequence modeling techniques in voice conversion

A traditional approach in voice conversion is called parallel voice conversion (Parallel
VC), where a dataset of two speakers uttering the same sentences is used to convert
the speaker information from the source to the target and also altering the temporal
structure. This is different from the now commonly used recognition-synthesis approach
[45], where the source and target features have the same length, and only timbre-related
information is converted during the process. As mentioned, EL speech requires the
conversion of the temporal structure, which requires the focus on sequence modeling
with parallel VC.

Statistical-based methods such as the Gaussian Mixture Model [46] and neural-based
methods [19], [47]-[49] have been used to transform both the temporal and timbre fea-
tures of the source speaker into the target speaker. These statistical methods typically

use dynamic time warping to model the temporal information. Neural-based methods
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have also the option of modeling the target speech either in an autoregressive [19], [47]
or non-autoregressive fashion [48], [49]. Due to the parallel dataset, the model effec-
tively learns how to model the target speaker’s prosodic features by referencing the
source speaker’s features. In particular, the autoregressive network uses attention [11]
to reference which frames to remove or use when modeling the current frame. On the
other hand, the non-autoregressive network uses a duration predictor [48] to determine
which input frames should be deleted or elongated when modeling the entire target
speech.

On the other hand, non-parallel approaches have also been proposed to alleviate
the difficulty in obtaining parallel datasets. For example, phoneme-level representa-
tions could be extracted through a cascaded automatic speech recognition and text-to-
speech (ASR4TTS) [50], [51] framework to generate the target waveform (or interme-
diate acoustic features like mel-spectrograms). This removes the necessity of a parallel
dataset, as the two systems can be trained individually by using text as a target in the
case of ASR, or input in the case of TTS. Although this removes the difficulty of col-
lecting parallel datasets, such an approach has been considered less flexible in modeling
the temporal information, as it completely removes the source prosody, which in many
cases is still useful prior information. For example, if the speaker likes to elongate a
certain phoneme, this prosody can be transferred over in the parallel VC setup. In
contrast, in ASR+TTS, there would be no way to transfer prosody information due to
the cascaded framework. Moreover, in languages such as Japanese and Chinese where
there are multiple pronunciation for a single character, the task can become more un-
stable if the reading or pronunciation of the character is solely inferred from just the
text information. Thus, using these approaches while convenient and effective, removes

several advantages that were present in using Parallel VC.
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2.4.2 Conventional EL speech enhancement approaches

EL speech enhancement has traditionally been conducted using rule-based algorithms
or statistical voice conversion. For example, subtractive-type algorithms [52] were used
to reduce the radiated noise by taking into account the frequency-domain masking prop-
erties of the human auditory system. The research proposes taking into account the
auditory masking properties in the enhancement process. Here, the perceptual weight-
ing technique is used such that the subtraction parameters are adapted. Compared
to the baseline using power spectral subtraction, the proposed algorithm efficiently
reduces the background noise.

Statistical voice conversion using Gaussian mixture models [53]-[56] were also ex-
plored to map the spectral features of an EL speaker into the spectral and source
excitation features of a typical speaker. In this line of work, the Gaussian mixture
model in [46] is used as the conversion framework while improving it for the EL speech
enhancement use case. In particular, [53] improves this by using spectral information
to estimate both the spectra and the FO counters. On the other hand, [54] further
improves this by estimating spectral parameters, FO and aperiodic components inde-
pendently. Such approaches were validated to improve the quality of noisy EL speech
into easily understandable speech for humans.

More recently, with the rise of neural networks, conventional work on neural network-
based atypical speech enhancement builds on the aforementioned Parallel VC frame-
work [57], [58]. In particular, works such as [59] by using the Transformer [11], [60] to
transform the mel-spectrogram of an EL speech utterance into a mel-spectrogram of a
typical speech utterance. Due to the data-hungry nature of Transformers, a two-stage
pretraining technique using text-to-speech (T'TS) and autoencoder (AE) was used to

efficiently learn linguistic information from a large-scale typical speech data. The pro-



32 Chapter 2 Related Work

cess is done by first training a T'TS model with a large-scale dataset. Then, an AE-style
pretraining is conducted by using the decoder of the TT'S model as initialization pa-
rameters, and reconstructing the target speaker by also using it as inputs. Here, the
decoder parameters are frozen, such that the encoder is efficiently pretrained. More-
over, since the TTS pretraining technique uses text information as inputs and models
strong linguistic information [60], such a speaker-independent pretraining style was
beneficial in reducing the speech type and speaker mismatches when fine-tuning. By
using such a pretraining technique, the model can be fine-tuned on a parallel dataset
despite only having limited data.

The work in [59] further improves this by using synthetic data of both EL and
healthy speakers. Due to the huge domain mismatch between typical and EL speech,
the network is first fine-tuned on a parallel synthetic EL and typical speech before
fine-tuning on the ground truth recordings. Interestingly, it was found that fine-tuning
first on synthetic EL speech (even with lots of mispronunciations in synthesis) soft-
ens the speech type and speaker mismatches when fine-tuning the network. Further
improvements on this work were conducted in [61], where the encoder module was
also adapted, effectively training it to extract strong representations from the input
EL speech before fine-tuning on the ground truth dataset. Thus, the use of synthetic
speech data augmentation and model pretraining was found to be an effective solution
in the atypical speech enhancement task.

Other works such as [62] focused on converting atypical speech into healthy speech
by using discrete speech units. Inspired by SSL techniques, the research uses HuBERT
[63] to extract strong linguistic features and quantize these into linguistic units through
k-means clustering. Similar valued tokens that are consecutive to each other are nor-

malized into a single unit, effectively removing unnecessary frames from the input
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speech. This results in a speech synthesis-like task, where instead of input text tokens,
the discrete speech units are used to generate the mel-spectrogram and waveform of
the healthy speaker. The research indicates the proposed method outperforming data
augmentation-based baselines, reaching a 28.2% relative average word error rate reduc-
tion when compared to original dysarthric speech, and shows robustness against speed
perturbation and noise. Thus, this research shows the importance of using discrete
speech information and removing unnecessary frames to be vital in conducting the EL

speech enhancement task.

2.5 Conclusions

In this chapter, we discussed the related work of the thesis, covering topics such as
the human speech production process, preliminary deep learning concepts, and previ-
ous approaches for both electrolaryngeal speech recognition and enhancement. We first
elaborated on how humans produce speech, speaking alternatives for laryngectomees,
and why electrolaryngeal speakers have difficulties in producing understandable speech
due to the lack of the source excitation features. Next, we discussed preliminary deep
learning concepts such as the attention-based Transformer and diffusion modeling, both
of which are essential architectures to be used in this thesis. Then, we discussed previ-
ous work on electrolaryngeal speech recognition, which either resolves issues using either
pretraining or data augmentation to handle small-scale training datasets. Finally, we
discussed previous work on electrolaryngeal speech enhancement, which typically relies

on the use of data augmentation methods to handle domain mismatches.






Chapter 3

Electrolaryngeal Speech

Recognition

In this chapter, we investigate the approaches to improve electrolaryngeal speech
recognition. With the lack of training data available, this study aims to combine
the success of pretraining methods with data augmentation techniques and improve

performance of speech recognition systems.

3.1 Introduction

Although ASR has been gaining a lot of popularity, research has been only progressed
on speakers with healthy speech due to the lack of variety in open-sourced training
sets, and minority speakers have not found success in using ASR-powered devices. For
example, disabled patients, who would possibly benefit the most from these devices, are
hindered from using these devices owing to their loss of control of their speech organs
and thus suffer from atypical speech [64]. Thus, aside from daily communication,
several benefits become unavailable to atypical speakers, as their produced speech can

also be misunderstood by most commercial ASR devices [65].
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Although several ASR devices are based on a neural network, the size and architec-
ture of the neural network can vary depending on the target speakers and/or target
recognition accuracy. Thus, as one may expect, using a simple network vs. a sophis-
ticated network contains several trade-offs. Using simple, previously proposed archi-
tectures such as RNN or LSTM-based models [17], [66] is relatively easy to train and
can fit small datasets (on the order of one hour of speech); however, the maximum
achievable recognition performance is limited by their simplicity and limited capacity
to model fine-grained details in the input. On the other hand, using more sophisticated
and recent networks, such as a Transformer [11] or any of its variants that utilize the
self-attention module [12], have the potential to achieve high recognition accuracies
due to their ability to capture the fine and detailed features along with the long-range
contexts of the input speech; however, these need to be trained on a large-scale dataset
(around a hundred hours at minimum) in order to generalize well and are harder to
train due to the larger number of hyperparameters needed to be tuned.

There are several approaches to resolving the low-resourced problem when training
ASR systems; however, we focus on the two most common techniques: large-scale
pretraining and data augmentation. ASR systems try to elucidate the posterior distri-
bution P(Y | X) given the input speech X and the target text label Y. Without a large
dataset, the aforementioned posterior distribution cannot be approximated when using
large and data-hungry networks. Thus, large-scale pretraining is done by making use
of a large-scale healthy speech dataset to first pretrain the neural network, then subse-
quently fine-tune on the small-scale atypical speech dataset by initializing the weights
from the pretrained network. This weight initialization can be analogous to using the
posterior distribution of the large-scale healthy dataset as a prior during training [67],

as it already has a clear idea of how to map speech into linguistic content, making
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the model only need to adjust slightly to adapt to the speech features of the target
dataset. Thus, compared to initializing weights from random values, the network can
generalize to the small-scale dataset faster, making large and data-hungry networks
viable for use with small-scale datasets. However, although easy to implement, large-
scale pretraining is still too naive as a method, as the maximum recognition accuracy
will still be limited due to a large domain shift gap in speech features existing between
the large-scale healthy dataset and the small-scale atypical dataset. Thus, further in-
vestigations in resolving the domain shift gap between the pretraining and target data
are still needed to match recognition performance with healthy speakers.

Another approach previously explored is using data augmentations to create a pseudo-
large-scale atypical dataset through speech synthesis techniques such as text-to-speech
and voice conversion. Like pretraining, the idea is to clearly approximate the posterior
distribution P(Y | X) by artificially generating speech that matches the probabil-
ity distribution of the small-scale dataset. Similar to ASR, speech synthesis has also
progressed at an incredible rate thanks to the advances in neural networks and has syn-
thesized human-like quality speech, but unfortunately also faces the same problem of
requiring large-scale datasets to train these networks. If the data augmentations do not
accurately represent the data distribution of the small-scale dataset, the ASR model
would fail to generalize no matter how large the dataset is. Thus, data augmentation
techniques using speech synthesis to improve ASR typically face a chicken-and-egg
problem, as developing a high-quality speech synthesis system that captures both the
acoustic and linguistic information for simulating atypical speech would also be very
difficult to do without a large-scale dataset.

With all these said, we aim to investigate the limitations of existing neural network

techniques in neural ASR to match the performance of EL. ASR with that of healthy
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speakers. Since using simple networks limits the maximum recognition accuracies no
matter what adjustments are made, we focus on resolving the problem of how to use
large networks on small-scale datasets. We first discuss investigations on the limits
of novel pretraining methods like self-supervised learning systems against conventional
large-scale pretraining. Then, we start investigating methods for removing the do-
main shift gap between the healthy pretraining and EL fine-tuning datasets through
an intermediate fine-tuning task. Finally, we thoroughly analyze the results of the in-
termediate fine-tuning approach and explain what exactly makes this task successful.
Our results show that conventional large-scale pretraining was more advantageous than
self-supervised-based pretraining methods for EL speech data. Moreover, through the
use of intermediate fine-tuning with imperfect synthetic EL data, we find that although
unintuitive, the network was able to optimize learning the voicing characteristics of the

target EL speakers efficiently and lead to improved results.

3.2 Domain-Mismatch Adaptation with Intermedi-

ate Fine-tuning

3.2.1 Pretraining task formulation

We first formulate the large-scale pretraining process similar to [67] by separating
it into two stages: pretraining and fine-tuning. We first define a target text label Y
and a conditional probability function P(Y | X) of Y given input speech X. Thus, the
ASR tasks using the large-scale healthy speech Xpr and small-scale EL speech Xpr

can be represented as in Eq. (3.1) and Eq. (3.2) respectively.
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Figure 3.1: Visualization of different types of large-scale pretraining. Supervised pre-
training is done by initializing the model’s weights from a pretrained model. On the
other hand, SSL-based pretraining (right) is similar to supervised training, but instead

uses a pretrained SSL model as a feature extractor.

Tpr ={Y, Ppr(Y | Xpr)} (3.1)

Trr =A{Y, Per(Y | Xpr)} (3.2)

Equations (3.1) and (3.2) share the same transcript space Y but differ in the input
domain X, which induces a domain shift in P(Y | X). By using these tasks as a
cascaded pipeline, the performance of task 7r7 improves the generalization ability of
Ppy by using Ppr as a prior! during training. Since the amount of data X pr available is

extremely large, conducting large-scale pretraining would allow task 77 to only focus

'From hereon, the term “prior” is defined to be the information from the pretrained model by

using it as initialization weights.



40 Chapter 3 Electrolaryngeal Speech Recognition

on learning the voicing characteristics of EL speech, as using the prior Ppr should
supply sufficient linguistic knowledge, given that both tasks have the same target Y.
As mentioned in Chapter 2.2.1, this large-scale pretraining process can be viewed in
two different ways: supervised or self-supervised. Supervised pretraining can be used
by first pretraining a network with a large-scale labeled dataset before fine-tuning this
on a smaller electrolaryngeal dataset. On the other hand, self-supervised pretraining is
more flexible, and does not required labeled data during due to its objective function,
enabling the use of more training data. This upstream task can then be used to produce
audio features and fine-tuned in a speech recognition downstream task. An overview

of each pretraining method can also be found in Figure 3.1.

3.2.2 Limitations in large-scale pretraining

As there are no prior works that discuss the performance of these two pretraining
methods on atypical speech, we first need to investigate this aspect and compare both
setups to decide which pretraining method to use as a baseline. Nevertheless, regardless
of the pretraining method that would be used, there will still be limitations in this
approach. Despite large-scale pretraining showing improvements in previous works,
this approach is still too naive as the gap in learning from Ppr to Ppr is too large
to overcome due to the huge difference in the input speech features Xpr and Xprp,
limiting the maximum recognition performance. Thus, we aim to soften this learning
gap by introducing an intermediate fine-tuning task 77z, as represented in Eq. (3.3),
that uses Ppr as a prior. Task Tz thereby produces a conditional distribution Pjp
that Ppr can instead use as a prior. Thus, if we can successfully implement a new task

Tz7 that can provide a better prior P;r than Ppr for task 77, we can soften the gap
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that the model has to learn and improve the maximum recognition performance.
Trr =Y, Pir(Y | Xip)} (3.3)

One way to approach this limitation is by going back to previously researched meth-
ods. Several methods have been developed to synthetically generate a larger ASR
training dataset to improve atypical ASR performance. Research such as [40] uses
generative adversarial networks, while [42] uses a text-to-speech method for a more
controllable synthesis method. Other approaches such as [41] focus on expanding the
vocabulary of the speech utterances in the training set using speech synthesis. In all
these aforementioned works, the focus has mainly been on developing a high-quality
speech synthesis system to generate speech that can accurately represent both the atyp-
ical speech features and its linguistic information. However, as previously mentioned, a
weakness of this method is that large datasets are still required to train a high-quality
speech synthesis model that represents both the acoustic and linguistic information.
The majority of the aforementioned research works also conducted experiments on
the UASpeech dataset [4], a atypical speech dataset containing multiple speakers with
multiple utterances, which makes their systems hard to reproduce on smaller datasets.
Aside from the aforementioned problems, previous literature has also used the data
augmentations in one single training run instead of splitting these into multiple runs,
whereas we propose to use the data augmentations in a separate training task.

Although not thoroughly explored in speech processing, other fine-tuning methods for
neural networks such as intermediate fine-tuning have been commonly studied in other
fields such as natural language processing (NLP). Research such as [68], [69] explore
the use of using rich-labelled datasets in an intermediate task between a BERT-based
[70] pretraining and fine-tuning tasks to increase performance in different proxy tasks

and improve robustness to noise. In particular, [68] emphasizes the effectiveness of
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using a larger dataset during intermediate fine-tuning for fine-tuning a small target
dataset. Although the rich-labelled datasets used in the intermediate fine-tuning are
not exactly the same as the target dataset, the goal of the intermediate task is to soften
the gap that the model needs to learn when adapting to the target dataset from the
large-scale pretraining dataset.

Several works in NLP have also explored the use of artificially-generated data as a
pretraining dataset. For example, [71]-[73] explore the use of text datasets without
any explicit semantic information such as music, programming code, or an artificially
generated language and have found success in making using long short-term memory or
an attention-based model like Transformer learn language representations in a BERT-
based pretraining [70] task and subsequently perform well in downstream tasks that
use natural human language. On the other hand, text datasets generated by randomly
sampling from n-gram distributions were not seen to be effective. Thus, a conclusion
that can be inferred from the results is that as long as there is some sort of inherent
structure available in the dataset, a model trained on this dataset should perform
similarly to a model trained on a natural language dataset on the same downstream
task.

However, there is yet to be research to be done on what intermediate fine-tuning
task would be the most effective in closing this domain shift gap. Thus, we investigate
different setups that generate EL speech using different speech synthesis techniques
such as text-to-speech and voice conversion. Even when using imperfectly synthesized
speech as the dataset during intermediate fine-tuning, speech synthesis techniques use
natural inputs like text or speech, making the resulting synthesized speech also inherit
the natural and inherent structures of the inputs. Thus, while these inherent and

high-level structures in the resulting speech may not be recognizable to the human
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Figure 3.2: Visualization of the training tasks done in the experiment. We propose
that adding in the intermediate fine-tuning stage using imperfectly synthesized speech

could help the network improve.

ear and may just seem to be distortions, we hypothesize that a neural network could
still find these inherent structures and learn speech representations from the imperfect
and distorted synthesized speech, similar to how it would learn when using real and

undistorted speech.
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3.2.3 Intermediate fine-tuning with imperfect EL data

To improve naive large-scale pretraining, we propose an intermediate fine-tuning task
that utilizes imperfectly synthesized EL speech in order to close the domain shift gap
between the pretraining and fine-tuning data. This intermediate fine-tuning task is
conducted between the large-scale pretraining and small-scale target fine-tuning, with
the goal of softening the learning gap that the model has to do from the healthy speech
to the EL speech. The imperfectly synthesized speech during this intermediate fine-
tuning task can be generated using the following speech synthesis methods. These

could be considered as noisy inputs.

e Text-to-speech (TTS): We input the text information and transform these

into speech audio.

e Voice conversion (VC): We input the speech audio of a healthy speaker and
transform these into the speech audio of the EL speaker using a parallel training

strategy.

During intermediate fine-tuning, the model is not expected to improve CER perfor-
mance, but instead, it should be able to learn the inherent high-level features of the
EL speech data that could help it to learn better after fine-tuning with the target EL.
Details on the synthesis process can be found in Chapter 3.3.2.

To further show that the model only needs to learn the inherent high-level features
and that it does not need to learn linguistic information during the intermediate fine-
tuning stage, we distort the target text data labels through two methods. These could

be considered as noisy targets.

e Text-randomization: We create new text labels of the same lengths by ran-

domly sampling characters from the training text data offline using a uniform
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distribution.

o Text-swapping: We simply interchange the text information between speech
utterances. Both the input speech and target text make sense individually but

are not directly correlated.

Similarly, we do not expect the model to immediately output a competitive performance
after this stage. However, if our hypothesis of learning the inherent features from the
distorted synthetic speech is correct, using these models as initialization weights should

have similar performance to the setups with noisy inputs after target fine-tuning.

3.3 Experimental Setups

3.3.1 Large-scale model pretraining architecture

We describe how we implement the pretraining frameworks for this investigation
before conducting intermediate fine-tuning. We first conduct the following supervised
pretraining setups. We used the Transformer [11] and Conformer [12] as the encoders,
both of which have produced the lowest word error rate when using the Librispeech [74]
dataset in supervised training?. Both encoders had eight attention heads, although the
Transformer had 18 layer blocks, while the Conformer only had 12 layer blocks. The
decoder for both encoders was a Transformer composed of eight attention heads and
eight layer blocks, and trained by CTC-A. The pretraining stage outputs and predicts
byte-pair encoding (bpe) tokens [75]; however, in the fine-tuning stage, we initialized
a new output layer to decode English and Japanese character tokens instead. For

UASpeech, we also compared our results with those obtained using end-to-end models

2https://github.com/syhw/wer_are_we
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found in [76] that predict the character tokens by using a CONV+BLSTM encoder
trained using CTC and ATTN with mel-scale filter banks and pitch as inputs.

After pretraining the SSL model as described in Chapter 2.2.1, we fine-tuned it by
attaching a decoder to its last layer. Two decoder setups for fine-tuning were compared.
The setup first used the original ASR setup in wav2vec 2.0 and WavLM, where a linear
projection layer is attached and trained by CTC. Next, following the convention in
[77], we trained a model by CTC-A with a vanilla 2-layer 1024-unit BLSTM decoder,
as recommended in the ASR setup in [23]. As atypical speech is extremely acoustically
different from healthy speech, we also investigated the effectiveness of adding an extra
encoder to further pre-process the SSL features before passing it onto the decoder.
Two additional encoders were compared with preprocessing the SSL representations,
the Conformer [12] and Transformer [11], owing to the strong ability of self-attention
to learn representations. We used two attention heads and two layer blocks for both
encoders. We then referred to using the SSL representations directly as using an
Identity encoder. We found better performance when only the CNN layers of the SSL
models were frozen during fine-tuning. The rest of the SSL model components, the

encoder, and the decoder were fine-tuned.

3.3.2 Generating imperfectly synthesized speech

For the TTS and VC speech synthesis models, both primarily used the Transformer
[11] network to create synthetic EL speech using TTS [78] or VC [19]. The TTS model
simply fine-tuned a pretrained model on the EL data. For the VC setup, we followed the
same many-to-one setup as described in [43]. One slight difference in this experiment’s
setup though is that since our dataset only contains one source healthy speaker, we

generated multiple source healthy speakers using a pretrained TTS model.
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We evaluated the TTS and VC models by synthesizing a version of the EL data
and calculated the CER using an ASR model trained on all utterances of EL data.
The synthesized speech resulted in imperfect generations with high CER, with TTS-
generated at 34.1% and VC-generated at 71.9% despite the ASR model being able to
recognize the ground truth speech at only 4.4% CER. However, even with high CER
scores and failing to model the linguistic information, one could still immediately figure
out that the speaker speaks with an electrolarynx when listening to the samples, as

the model could still somehow model the EL voicing characteristics.

3.3.3 Implementation details

We used ESPnet [79], [80], an open-sourced speech processing toolkit, to implement
the speech models. Each stage used a Conformer encoder with eight attention heads
and 12 layer blocks, and a Transformer decoder composed of eight attention heads
and eight layer blocks. The model was optimized by CTC-Attention [14], [15] with
A = 0.8. We fine-tuned the networks’ learning rate in steps of 10" where n € {2, 3,4}
and used the best results from each run. The language models used are based on the
Transformer [11] architecture and trained on the respective large-scale datasets’ text.
We used the CER to evaluate the results. Results shown when using intermediate fine-
tuning are the mean of three runs initialized from different random seeds. In Tables 3.3
and 3.4, we will refer to the Conformer architecture as “Conf.” and the Transformer

architecture as “Transf.”.
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3.3.4 Datasets

Large-scale pretraining

We first compare the effects of different pretraining methods, along with the amount
of data use during pretraining. To pretrain the supervised models, we used the 960
hours of Librispeech [74]. On the other hand, SSL pretraining varies per model, with
wav2vec 2.0 pretrained on 60k hours of speech and WavLM pretrained on 94k hours of
speech. In the fine-tuning stage, we used two atypical speech datasets, as summarized
in Table 3.1. We first investigated an in-house recorded dataset of Japanese electrola-
ryngeal speech, which we refer to as ELSpeech in this thesis. The dataset was recorded
by a laryngeal speaker by speaking 1000 different sentence utterances both with an
electrolarynx and with their normal voice. We use 85% of the data for the training set,
and the rest for the test set. Both the healthy and electrolaryngeal speeches were used
in the train and dev sets but only the electrolarygneal speech was used in the test set.
As the dataset was in Japanese, we used the CER as the evaluation metric.

To further verify the results, we also investigate another atypical dataset of dysarthric
speech. The next dataset we used was UASpeech [4], a dataset containing parallel
English word utterances of 15 dysarthric speakers and 13 healthy speakers. We followed
the recommendations in [76] and used both the dysarthric and healthy speakers to train
the ASR system but only used the dysarthric speakers for the test set, and removed
excessive silences at the start and end of each utterance using a GMM-HMM system?.
The train and dev sets were from the B1 and B3 blocks, whereas the test set was from
the B2 block. We followed the convention of the said paper and used the word error

rate (WER) as our evaluation metric.

Shttps://github.com/ffxiong/uaspeech
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Table 3.1: Duration (in number of hours) of each split used in the experiment.

UASpeech results are obtained after silence removal.

Healthy Atypical

Dataset Train Dev Train Dev Test

ELSpeech  1.21 037 140 046 0.42
UASpeech [4] 238 045 3.60 0.68 2.09

Intermediate fine-tuning

To verify our proposed intermediate fine-tuning method, we used several EL speech
datasets spoken in Japanese. To pretrain the models with large-scale healthy datasets,
we used the Japanese LaboroTV Speech dataset (2k hours) [81] for the supervised
pretraining setup. For SSL pretraining, we used the Japanese CSJ corpus [82] (661
hours) and an imperfectly synthesized EL version of the entire CSJ corpus. Since the
CSJ corpus is relatively small for SSL pretraining, we also used the large-scale English
dataset Librilight [83] (60k hours) for comparison.

Thus, for our target EL speech during the target fine-tuning stage, we used two
parallel datasets, one recorded from an actual EL patient and one recorded by a healthy
speaker using an electrolarynx, which we will refer to as ELREAL and ELSIMU1
respectively. Next, to train the TTS and VC models, we used a slightly larger dataset
recorded by a different healthy speaker using an electrolarynx, which we will refer to
as ELSIMU2. The utterances here have no overlap with ELSIMU1 or ELREAL. In all
cases, the datasets were smaller in number compared to common ASR tasks, containing
just around 2 hours of data in total. For the intermediate fine-tuning, we used 20k

utterances from the CSJ corpus and converted these to EL using the TTS and VC
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Table 3.2: Total duration (in mins) and number of utterances for each split used in

our experiment.

Duration No. of Utterances

Dataset Train Dev Test Train Dev Test

HEALTHY 4.38 214 2.17 116 40 40
ELREAL 2.77 296  2.99 116 40 40
ELSIMU1 6.26 2.71 2.75 116 40 40
ELSIMU2  125.91 - - 1000 - -

models. The resulting synthetic speech will be referred to as ELIMPERFECT. The
details regarding the number of minutes and utterances of each dataset can be found in
Table 3.2. Finally, to analyze the behavior of the neural network with a normal voice,

we used a healthy speaker dataset which we refer to as HEALTHY, which is parallel
with ELREAL and ELSIMUT1.

3.4 Experimental Results: Comparison of Pretrain-

ing Methods

We first establish the baseline pretraining method discussed in Chapter 2.2.1 to be
used as the base for our proposed method. As there has been no prior work that estab-
lishes the most efficient pretraining method, we aim to clarify the advantages of each
pretraining method by comparing different setups, and show up to what extent the best
setup can achieve with just simple large-scale pretraining on a privately collected elec-

trolaryngeal speech dataset, shown in Table 3.3. To further show the generalizability
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of the results on other atypical speech, we also perform the experiments for dysarthric

speech in UASpeech, shown in Table 3.4.

Table 3.3: CER comparison between using different SSL features and raw features in

ELSpeech. ** indicates end-to-end models pretrained with 960h Librispeech.

Sys. Features Encoder Decoder Loss CER%
1 Conf.** Transf.** CTC-A 27.9
Mel-scale filterbank
2 Transf.**  Transf.** CTC-A 61.5
3 Identity Linear CTC 93.3
4 Identity LSTM CTC-A 89.2
wav2vec 2.0
5 Conf. LSTM CTC-A 54.1
6 Transf. LSTM CTC-A 50.2
Identity Linear CTC 99.6
wav2vec 2.0 Identity LSTM CTC-A 89.9
(XLSR) Conf. LSTM CTC-A 90.2
10 Transf. LSTM CTC-A 71.5
11 Identity Linear CTC 54.9
12 Identity LSTM CTC-A 41.8
WavLM
13 Conf. LSTM CTC-A 42.5
14 Transf. LSTM CTC-A 46.0

3.4.1 Comparison of SSL frameworks

First, we analyze the two SSL model frameworks described in Chapter 3.2.1, based
on contrastive loss (wav2vec 2.0 [25]) and another based on masked region prediction
(WavLM [27]) on both datasets. As seen in Sys. 12 in Table 3.3 (EL Speech) and
Sys. 10 in Table 3.4 (Dysarthric Speech), using the WavLM model with an LSTM
decoder outperforms all setups using wav2vec 2.0 in both datasets, as it produces
the lowest CER (41.8%) and WER (51.8%), making it the best SSL setup. This

performance can be attributed to the speech denoising framework used in masked
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Table 3.4: WER comparison between using different SSL features, mel-scale filter

bank, and raw waveforms in UASpeech. indicates models pretrained with 960h
Librispeech.
WER% of each intelligibility rating
Sys. Features Encoder Decoder Loss Overall Very Low Low Mid High
. Conv+BLSTM [76] Linear CTC 58.0 87.1 62.4 55.3 37.8
Mel-scale filter bank
2 Conv+BLSTM** [76] LSTM** ATTN 35.0 68.7 39.0 32.5 12.2
3 Conf.** Transf.** CTC-A 67.2 90.6 73.6 64.1 46.6
Mel-scale filterbank
4 Transf. ** Transf.** CTC-A 68.2 89.6 73.9 66.2 48.7
5 Identity Linear cTC 75.7 93.1 79.4 74.1 60.4
6 Identity LSTM CTC-A 96.4 97.9 97.5 95.8 95.0
wav2vec 2.0
7 Conf. LSTM CTC-A 71.7 92.3 74.6 68.7 55.3
8 Transf. LSTM CTC-A 71.8 93.8 83.7 69.7 48.4
9 Identity Linear CTC 91.5 97.3 92.3 90.5 87.1
10 Identity LSTM CTC-A 51.8 71.5 50.0 46.0 40.6
‘WavLM
11 Conf. LSTM CTC-A 70.1 94.1 81.3 67.1 48.5
12 Transf. LSTM CTC-A 77.2 94.5 83.9 75.3 60.3

region prediction, which makes the model more robust to acoustic variations in speech
features found in atypical speech and the attention-based LSTM decoder, thereby
improving the representation learning. A similar trend in both datasets is also seen
when using an additional Conformer or Transformer encoder (Sys. 5, 6, 13, and 14 in
Table 3.3 and Sys. 7, 8, 11, and 12 in Table 3.4) to preprocess the SSL features, where
it degrades the performance with WavLM, but improves wav2vec 2.0. This shows that
the wav2vec 2.0 features are not as strong in projecting the atypical speech into a
latent space and needs further processing for it to properly work. Moreover, as the
SSL models are trained in English and the ELSpeech dataset is in Japanese, we also
test the performance of the multilingually pretrained wav2vec XLSR model [26], which
has been successfully used in decoding languages not included in the pretraining data.
However, we do not find any success to this approach, as seen in Table 3.3, where we

see a degradation in performance when using XLSR for all setups compared with its
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wav2vec 2.0 counterparts.

3.4.2 Comparison of SSL pretraining and supervised pretrain-
ing

Next, we compare the SSL pretraining frameworks with conventional pretraining
methods. We present two findings when comparing these two pretraining methods.
First, we see a trend similar to that in [77], where the best SSL setups in Sys. 12 in
Table 3.3 and Sys. 10 in Table 3.4 outperform the pretrained Transformer setups in
Sys. 2 in Table 3.3 and Sys. 4 in Table 3.4, proving that SSL pretraining has the
potential to outperform supervised pretraining.

However, our second finding is that other supervised setups not used in [77] may still
outperform SSL pretraining. As seen Sys. 1in Table 3.3, using a pretrained Conformer-
Transformer model produces the lowest CER (27.9%) for ELSpeech, outperforming the
best SSL setup by 13.9%. On the other hand, although the Conformer-Transformer
setup (Sys. 3 in Table 3.4) did not perform very well in UASpeech, [76] showed that
using a pretrained Conv+LSTM model with 40-dimensional mel-scale filter banks as

inputs can still outperform our best SSL setup by 16.8%, as seen in Sys. 2 in Table
3.4.

3.5 Experimental Results: Proposed Intermediate

Fine-tuning Method

As we have established large-scale pretraining to be the superior pretraining method,

we use this as our baseline method and improve on it. Although supervised pretraining
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was shown to be effective in this chapter, there is still an obvious gap between as seen in
the high CER and WER scores. Compared to performance on healthy speech datasets
4 the performance of these ASR systems is still quite high as shown in Tables 3.3
and 3.4. As discussed in Chapter 3.2.2, we attribute this low performance due to the
domain mismatches found between healthy and atypical speech. In the next chapters,
we discuss how the proposed method can alleviate these domain mismatches found in
conventional large-scale pretraining methods. Thus, we investigate the use of imperfect

synthetic EL data as a solution as proposed and described in Chapter 3.2.

3.5.1 Effectiveness of intermediate fine-tuning

We start the experiments by investigating the SSL pretraining method by instead
using imperfect EL data as the SSL pretraining data. Previous research has shown
the robustness of SSL models with large improvements in WER when pretrained with
in-domain data [84]. As expected and in line with the findings in Chapter 3.4.2, we
see in Table 3.5 that SSL is still not as effective for EL speech even when pretrained
with large-scale datasets like CSJ or Librilight, as it completely fails to recognize any
of the sentences. We also use the CSJ dataset and convert it into EL speech using the
VC model, which we refer to as CSJ-ELVC, and use the resulting generations as the
SSL training data. However, as seen in Table 3.5, all SSL models from Sys. 1 to 3 fail
to adapt to both EL datasets.

Next, we investigate the effectiveness of the intermediate fine-tuning task. As seen in
Table 3.5, adding in an intermediate fine-tuning step improves performance of conven-
tional ASR pretraining methods, proving that we can close the gap in the domain shift

between the pretraining and target data using imperfect speech during supervised pre-

“https://github.com/syhw/wer_are_we
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Table 3.5: CER of different pretraining and fine-tuning setups on ELREAL and EL-
SIMU1. Results with intermediate fine-tuning are mean CER of three runs initialized

from different random seeds.

S Pretraining Method Intermediate ELREAL ELSIMU1
ys.
(Dataset) Fine-tuning Dataset CER% CER%
1 SSL (Librilight) None 109.7 291.9
2 SSL (CSJ) None 98.4 209.0
3 SSL (CSJ-ELVC) None 94.7 98.7
Supervised None 22.2 17.2
(LaboroTV) ELSIMU2 21.1 15.6
6 TTS, text-randomized 20.2 24.4
7 Supervised TTS 18.7 18.1
8 (LaboroTV) vC 18.3 18.0
9 TTS, text-swapped 16.1 15.7

training. We first observe that although the VC-generated data discussed in Chapter
3.3.2 had a significantly higher CER (71.9%) than the TTS-generated (34.1%), there is
no CER degradation seen between Sys. 7 and Sys. 8. Thus, we show that CER is not
an effective proxy in filtering out EL synthetic data for the training dataset, contrary
to the technique in [85], primarily because atypical speech can be both unintelligible
while also natural at the same time.

In addition to this, we observe that distorting text labels can be effective. As seen
in Sys. 9, using text-swapped labels proves to be the most effective in the intermediate
fine-tuning step in both datasets. However, when using randomly sampled text labels
as seen in Sys. 6, we see a lesser effectiveness in the method. This is similar to the
findings found in the NLP experiments in Chapter 3.2.2, where using pretraining text

data randomly sampled from n-grams was also not effective in improving the NLP



56 Chapter 3 Electrolaryngeal Speech Recognition

model performance. Thus, there must be other high-level features that the model was
using to improve the target fine-tuning step rather than using the low-level features
such as intelligibility.

Another observation is the difference in the results with ELSIMU1 and ELREAL.
We see that the intermediate fine-tuning was not as effective and that using the con-
ventional pretraining and fine-tuning method in Sys. 4 results in a lower CER (17.2%)
than the other setups. This is most likely due to ELSIMU1 having a smaller domain
shift gap with the healthy pretraining dataset, compared to ELREAL. As ELSIMU1
was only recorded by healthy speakers using an electrolarynx, ELSIMU1 most likely
mimicked the robotic quality of EL speech well, but not the other aspects such as the
speech rate, pronunciation tendencies, and the such that are caused by the removal of

the larynx.

3.5.2 Analysis of latent spaces produced in each task

Intuitively, the results do not exactly follow any expectations based on statistics
as neural networks are designed to elucidate the posterior distribution P(Y | X).
Fine-tuning through weight initialization uses the previous task’s P(Y | X) as its
prior, which therefore means that the distributions in each stage need to be as close
as possible. Using imperfectly synthesized speech should have made the posterior
distribution of the intermediate fine-tuning task distant to that of the pretraining and
fine-tuning tasks due to the distorted linguistic information in the speech audio and the
distorted text labels; however, results show a contrast to these expectations. Although
we have hypothesized in Chapter 3.5.1 that the network learns some inherent features
from the structure of the data, we have still yet to find what exactly this inherent

feature is. In the following subsections, we dig deeper into the network and analyze
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what exactly is happening at each task that makes the method successful.

To implement the following experiments, we take the latent spaces of the three par-
allel datasets (ELREAL, ELSIMU1, and HEALTHY) produced by each task’s encoder
and analyze which tasks each latent space succeeds the most in. Moreover, more focus
is placed on the results with ELREAL as the goal of the research is to improve ASR

for real EL speakers.

Performance of each task in linguistic content proxy tasks

We first conduct a simple proxy task by checking the CER of the test set during
each task. An interesting finding in Fig. 3.3 that we find is that using the imperfect
synthetic speech first results in CER scores even higher than what we get after the
large-scale pretraining task at 77.1% CER. Despite this initial degradation by the
intermediate fine-tuning, the network performance still improves after the target EL
fine-tuning task, which proves our initial hypothesis in Chapter 3.2 that the network
only focuses on learning the inherent structure of the distorted speech data, similar
to how it would with real speech. In particular, we see that the text-swapping setup,
which had the worse CER after the intermediate fine-tuning stage, performed the best
after the target fine-tuning, leading us to think that the network does not focus on
using low-level intelligibility features during the intermediate fine-tuning stage.

We further show that even when these are used as conditioning features to synthesize
speech, the latent spaces in the intermediate fine-tuning stage contain less linguistic
information than that of the pretraining stage. To implement this experiment, we use
the extracted latent spaces as the conditioning features to train a neural vocoder to
synthesize speech. We use Parallel WaveGAN [86] due to its simple architecture and

ability to synthesize speech at a fair quality.
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Figure 3.3: Visualization of the ELREAL CER (1) immediately after the intermediate
fine-tuning task (IF), and (2) after the target fine-tuning (TF) task for ELREAL (top)
and ELSIMU1 (bottom).

As seen in Table 3.6, the speech synthesized when using the intermediate fine-tuning
stage (T'TS, text-swapped) as conditioning features even produces a higher CER than
that of the pretraining stage in both datasets, despite the pretraining task having no
contact with any sort of EL speech before, showing that the latent space produced
during the intermediate fine-tuning task barely contained any linguistic information.
Moreover, as we expect, the target fine-tuning stage produces synthesized speech with
the lowest CER in both datasets.

With all these results, we prove that the intermediate fine-tuning does not focus
on learning linguistic content as it has consistently proven to be even worse than the

pretraining task in linguistic content-based proxies, despite it not having any contact
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Table 3.6: Evaluation of the quality of synthetic speech generated by Parallel Wave-

GAN when using the latent spaces as conditioning features using CER.

Task ELREAL ELSIMU1
Pretraining 34.1 54.1
Intermediate Fine-tuning 36.1 56.3
Target Fine-tuning 24.0 50.9
Ground Truth 15.3 14.0

with EL speech before. Although a possible initial hypothesis was that some high-level
inherent structure may be hidden in the linguistic content, no evidence shows this to
be the case.

As we observe that linguistic content is not learned during the intermediate fine-
tuning task, we turn to find other proxies that could verify where the intermediate fine-
tuning task performs well compared to the other tasks. Given that the intermediate
fine-tuning task is unable to contain linguistic information, we start to hypothesize
that the high-level inherent features here may be the voicing characteristics of the EL
speakers. In the following experiments, we use the test set utterances of ELREAL,
ELSIMU1, and HEALTHY, which are all parallel. Similar to the experiments in the

previous chapter, each utterance is passed into the encoder to produce the latent space.

Performance of each task in speaker identification proxy tasks

To start this study, we visualize the latent representations from each task using t-
SNE [87]. In our previous work, we verified the differences in the projection between

each task for the text-swapping setup, showing that the intermediate fine-tuning task
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optimizes finding the high-level inherent structures by learning to separate EL speech
representations from healthy speech representations. Here, we analyze the latent spaces
further by comparing all setups and each task. Compared to the previous work which
visualized each frame as a dot, we instead use a whole utterance to represent a dot,
which is calculated by taking the mean of all frame-wise features in that utterance. As
shown in Fig. 3.4, we understand the behaviors better through this method. We see
that in the large-scale pretraining task, the model projects all three speakers in roughly
the same area as expected. During intermediate fine-tuning, we see the distance of the
separation between the EL and healthy features differ for each intermediate fine-tuning
setup. Looking into the figures deeper and comparing with the resulting CERs in
Table 3.5, we further observe that the amount of separation from the EL and healthy
speech features are correlated to the resulting CER, where a lower CER also means
a greater separation between the healthy and EL speech. On the other hand, no
significant correlations to the resulting CER were found when visualizing the target
fine-tuning task, showing that the resulting CER is heavily dependent on the results
from the intermediate fine-tuning task. This further proves the initial hypothesis that
the intermediate fine-tuning task does not learn linguistic-related features and instead
focuses on the voicing characteristics of the EL features.

To further prove that the intermediate fine-tuning succeeds in identifying speaker
identity, we conduct a categorization task by taking the latent spaces and check whether
a model could classify if the input speech was spoken by ELREAL, ELSIMUI1, or
HEALTHY. As these three datasets are parallel and equal in number of utterances,
we are assured that the model will only focus on the pronunciation tendencies and
voicing characteristics rather than the linguistic content. To train the model, the

latent spaces are passed through three convolutional layers with a ReLU activation
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Figure 3.4: Comparison of how the ELREAL, ELSIMU1, and HEALTHY test sets are

projected into the latent space, visualized by t-SNE [87]. Each utterance frame-wise

mean from the latent space is represented as a single dot, with orange dots represent-

ing healthy speech, violet dots representing ELSIMU1, and yellow dots representing

ELREAL. The top-left plot shows when using large-scale pretraining model.
bottom-left plot shows target fine-tuning without intermediate fine-tuning. On the

right-hand side, the T'TS text-randomized, TTS, VC, and TTS text-swapped plots are
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shown. The top plots are during intermediate fine-tuning, while the bottom plots are

after the target fine-tuning.
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function in between. The output is average pooled into a 1-dimensional output, which
predicts the category (or in this case, a one-hot vector) of the input speech. We train
the model for 2000 steps and test on the test set which contains 40 utterances from

each speaker.
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Figure 3.5: Resulting F'1 scores when latent spaces from each task are used to categorize

the speech category (ELREAL, ELSIMU1, HEALTHY) on a parallel test set.

As seen in Fig 3.5, we find that the intermediate fine-tuning task (TTS, text-
swapped) highly succeeds in the categorization task by almost always perfectly clas-
sifying the input speech into their respective categories. On the other hand, the la-
tent spaces of the pretraining and target fine-tuning tasks did not perform as well
and always performed worse than their intermediate fine-tuning counterparts in cat-
egorization tasks. We recall in Chapter 3.5.2 that the setups with the highest CER
immediately after the intermediate fine-tuning were also the ones that produced the
lowest CER after the target fine-tuning task. We also see a similar tendency wherein
the Fl-score of categorization follows a similar trend to that of Table 3.5, where the
setups with the highest F1 scores (TTS, text swapping) also produced the lowest CER.

Based on these results, we see that the more imperfect and distorted the data used

in the intermediate fine-tuning was, the better it performs at identifying speakers and
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the better it becomes to use as a prior. A good reason why the network changed
its objective during the intermediate fine-tuning, despite using a CTC-Attention loss,
is because the data was too distorted to learn any linguistic information from, the
network instead found a different structure to learn from, which in this case was the
voicing characteristics of each speaker. However, this behavior cannot be learned from
any randomly distorted dataset. As shown by the difference in performance in the text
swapping and text randomization, there still needs to be some sort of structure available
in the data. Thus, from the results, it is conclusive to say that optimizing learning
the voicing characteristics during the intermediate fine-tuning can be an efficient task

when pretraining ASR models.

3.5.3 Analysis of ASR model behavior during intermediate
fine-tuning

One hypothesis why the network works despite having distorted target linguistic
labels is that the network instead optimizes to learn the inherent structures, which
we conclude as the voicing characteristics, and does not prioritize learning the speech-
to-text alignment as much as it usually would. However, this is not to say that the
network completely disregards the speech-to-text alignment. For example, since the
setup with text random target labels was randomly sampled and each character did not
correlate with each other, the intermediate fine-tuning task was less effective because
there was no pattern for the model to learn. On the other hand, the setup with text-
swapped labels had a pattern that grammatically correlated the characters with each
other, which the network could use to find and learn to improve the performance in
the target EL fine-tuning task. We can relate this to the success of using imperfect

EL speech, since the imperfect speech data were generated by a sequence-to-sequence
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model (as described in Chapter 3.3.2), making each frame have an inherent structure
that correlated them with the other frames. In this case, the high-level features may
have represented the voicing characteristics well enough, which the network found and
helped it learn better during the target fine-tuning task.

Moreover, in Fig. 3.6, we find that if we remove the CTC loss constraint during the
intermediate fine-tuning task, the final CER degrades in all setups. Thus, the network
still needs to learn a monotonic alignment using the CTC loss, even with a weak
one. These show that even though there is not a full correlation between speech and
text, learning a weak alignment could still benefit the network. These findings also
validate our previous hypothesis in Chapter 3.2.1, as we hypothesized that transfer
learning would allow the model to focus on only learning the acoustic features of the
EL speech. Since the acoustic features EL speech in the temporal structure differ from
that of healthy speech, if we prohibit the model from learning any sort of temporal
structure by removing the CTC loss, using the prior generated during the intermediate

fine-tuning task becomes significantly less effective.

3.5.4 Use of speaker identification loss during intermediate
fine-tuning

Since all experiments lead to the conclusion that the intermediate fine-tuning task
focuses on learning the voicing characteristics, we prove the effectiveness of learning
the voicing characteristics. This auxiliary loss predicts the probability of the utterance
being spoken by an EL or healthy speaker and is optimized using a cross-entropy
loss. We repeat the text-swapping setup and use the imperfect synthetic EL data and
additionally use a healthy single-speaker dataset (JSUT [88]) to compare the effects of

the auxiliary loss.
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Figure 3.6: Visualization of CER difference on ELREAL after target fine-tuning when
(1) using only an attention loss during intermediate fine-tuning, and (2) using the multi-
objective CTC-Attention loss during intermediate fine-tuning for ELREAL (top) and
ELSIMU1 (bottom).

Let X = {Xryp, XgL} be the training data, which is composed of a typical and an
EL dataset Xtyp and Xgr,. The speech type ID loss Lgp identifies whether the speaker
is a typical or EL speaker and is optimized using a binary cross-entropy loss. Since
we use both EL and typical data, we mask the outputs from the typical speech inputs
during the calculation of the CTC/Attention losses L. and Lay, [14]. The masking
avoids making the model learn two highly variant types of speech, improving decoding
performance. In these experiments, we mask the outputs from the healthy speakers

when computing the CTC-Attention losses; thus, the healthy speech is only used to
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Table 3.7: Resulting CER when adding the speaker identification task as an auxiliary

loss during intermediate fine-tuning.

Task ELREAL ELSIMU1
TTS, text-swapping 16.1 15.7
TTS, text-swapping with speaker ID loss 15.6 40.2

optimize the divergence between EL and healthy speech. Note that the auxiliary loss
is only used during intermediate fine-tuning.

After running three trials initialized from different random seeds and averaging the
results, we find that using the auxiliary loss results in a better CER for ELREAL, as
seen in Table 3.7. On the other hand, using the same method to improve ELSIMU1
was not effective at all. Although we prove that intermediate fine-tuning focuses on
learning the voicing characteristics of the data with ELREAL, the results from Table
3.7 lead us to think that there may be intrinsic differences between ELREAL and
ELSIMU1 despite both sounding like EL voices to the human ear.

Interestingly, we also notice that the model’s generalization ability improves when
using this loss. For example, when using the pretrained model, the HEALTHY dataset
can be decoded with a low 4.3% CER. Using the TTS text-swapping method expectedly
severely increases to 82.6%, as the network has been solely optimized for EL speech.
However, when using a speaker identity loss, the degradation becomes minimal, being
able to decode at a 6.0% CER. This shows that forcing the encoder to learn different
speaker identities not only improves performance in EL speech but also in HEALTHY

speech, allowing a more generalizable model.
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3.5.5 Differences in pronunciation between ELREAL and EL-

SIMU1

In the previous experiments, we see that there are differences in results when using
these two datasets. As seen in Table 3.5, the intermediate fine-tuning task was less
effective when using the ELSIMU1 dataset compared to ELREAL. Moreover, we saw
that adding an auxiliary loss was not effective when using it with ELSIMU1 despite
being effective with ELREAL. These results lead us to think that although both sound
like EL speakers for humans due to the voicing characteristics, they may still be per-
ceived differently by the model. To gain a better understanding of the gap between
simulated EL and real EL data and conduct better experiment setups in the future,
we analyze the differences in ELREAL and ELSIMUT1 as perceived by the model.

We dig deeper into the categorization task by looking at the confusion matrix. As
mentioned, a reasonable expectation would be that the model would confuse categoriz-
ing ELREAL and ELSIMUT1 together due to the use of an EL device and due to the fact
that the t-SNE visualization in Fig. 3.4 overlapped both EL speakers and are projected
separately from the healthy speech. However, as seen in Fig. 3.8, this hypothesis is
wrong, as the model more frequently misrecognizes ELSIMU1 as HEALTHY than EL-
REAL. Thus, we see that aspects like the imitation of the pronunciation of phonemes
caused by the removal of the larynx were not accurately simulated. Moreover, since
ELSIMU1 and HEALTHY were from the same speaker, the model may have perceived
the pronunciation tendencies to be the same.

This confirms our previous hypothesis in Chapter 3.5.1, where we mention that the
effectiveness of intermediate fine-tuning was less, primarily because the domain gap
between the large-scale healthy speech and ELSIMU1 was smaller than that of the

large-scale healthy speech and ELREAL. Another possibility that this shows is the



68 Chapter 3 Electrolaryngeal Speech Recognition

Table 3.8: An overview of the DHH speaker dataset collected.

Speaker ID Gender No. of utterances Total length (Hours)

S1 Male 5000 11.41
S2 Male 4982 10.69
S3 Female 902 1.64
S4 Female 2493 4.31
Total - 13377 28.05

speaker-dependent characteristics of the model, showing that the model can only de-
code the target EL data. As a conclusion, this also gives an idea of why EL ASR is
a difficult task, as simply conducting experiments by simulating the voicing character-
istics would not always translate to results with actual EL speakers, thus calling the
need to invest more time in collecting data from atypical speakers to further advance

the research progress in this problem.

3.5.6 Generalization of proposed techniques to other atypical

speech datasets

Although the proposed techniques in this thesis have been applied to EL speech, the
pretraining and fine-tuning techniques presented in this thesis can also be applied to
other types of atypical speech as demonstrated. We demonstrate the same methods
with four deaf and hard-of-hearing (DHH) speakers (S1, S2, S3, and S4) and analyze
the network behaviors with different training set sizes and setups. An overview of the

DHH speaker dataset collected is shown in Table 3.8.
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Then, we describe the different setups used in our experiment. We follow the in-
termediate fine-tuning (IF) setup detailed in Chapter 3.5.1 and extend upon their

findings.

e Direct: Directly using an out-of-the-box pretrained model and evaluating the

performance without performing the intermediate fine-tuning.

e Direct - speaker-independent: Fine-tuning the dataset with the other DHH
speakers’ audio data. This means that we do not use the target DHH speaker’s

audio data to fine-tune the model.

e Naive fine-tuning: Simply fine-tuning the pretrained model on the target speaker

without any extra procedures.

e IF - TTS: Based on the intermediate fine-tuning setup described in Chapter
3.5.1. We generate a larger dataset of the target DHH speaker using TTS, and

use these during intermediate fine-tuning.

o IF - TTS with text-swapping: Similar to the T'TS setup, but randomly swap-
ping the text labels within the dataset. Note that the text labels are only swapped

during the intermediate fine-tuning stage as described in Chapter 3.5.1.

e IF - speaker-independent: Instead of using synthetic speech, we use the real
speech recordings from other DHH speakers during intermediate fine-tuning. This
allows us to assess if the improvements in intermediate fine-tuning come from the

speaker-dependent or speaker-independent characteristics of the data.

Figure 3.7 summarizes our results. They show that applying data augmentation and
intermediate fine-tuning significantly improves performance in this low-resource set-

ting, indicating that the method proposed in Chapter 3.5.1 transfers to DHH speech.
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Figure 3.7: Character error rate (CER) of the different developed ASR systems for all
speakers (S1, S2, S3, and S4). The x-axis indicates the amount of data used in the

training and development sets.

However, we observed that using intermediate fine-tuning became less effective as the
training data size increased. Amongst the different setups, we find that the IF-TTS
setup was the most stable and showed the most improvements in the low-resourced sce-
narios. Although the IF-TTS text-swapping setup was seen to be successful in Chapter
3.5.1, we do not see the same trend in our experiments as we observe its instability.
Specifically, in cases where the training data is too low or too high, we observed a
collapse and the ASR model fails. One hypothesis on why this is the case is because
of the difference in speech features between electrolaryngeal speech and DHH speech.
For electrolaryngeal speech, the speaker identity is disrupted, but the intelligibility is
still there, as several phonemes can still be pronounced almost the same as a typical
speaker. On the other hand, DHH speech contains the speaker identity but has un-
intelligible speech. Thus, since the intelligibility information between the pretraining
data (LaboroTV) and the target data (electrolaryngeal speech) could be transferred

and shared, the intermediate fine-tuning worked better on the electrolaryngeal dataset.
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On the other hand, in the case of our experiments, since the intelligibility information
between the pretraining data (LaboroTV) and the target data (DHH speech) vastly
differed, the information was not effectively shared. ASR models typically focus on
the intelligibility information and disregard speaker identity information, which also
explains why the text-swapping was not as effective in the case of DHH speakers. Fi-
nally, we observe that using data augmentations of the target speaker, even when the
quality is low, was still always better than using real recordings of other DHH speakers
as shown by the IF - speaker-independent setup results.

In particular, we found that under the same training set size conditions, using imper-
fect synthetic speech and intermediate fine-tuning can still be successful in improving
ASR performance compared to naively fine-tuning the network. However, we note that
researchers still need to carefully consider the particularities of their dataset and care-
fully apply the different proposed methods. For example, while both types of speech are
relatively unintelligible, EL speech does not contain any sort of speaker identity, while
deaf and hard-of-hearing speech still retains the original speaker identity. Thus, such
considerations need to be properly examined before applying the proposed techniques
to other datasets.

As a final observation, although we verified the validity of the intermediate fine-
tuning in the low-resource scenario, we still found that it cannot beat the performance
when using real recordings of the target speaker as the training data. By comparing
the Naive and IF-TTS setups, results show that using imperfect synthetic speech only
became successful in the 200 utterance setup as there was a larger CER difference
between using the two setups; however, as more real data was collected and used
during training, the effects of using imperfect synthetic speech became close to none.

Thus, although we acknowledge the difficulty of obtaining training data from the target
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Figure 3.8: Confusion matrices of categorizing from ELREAL, ELSIMUI1, and
HEALTHY when using the latent spaces of the target fine-tuning task, shown with

different intermediate fine-tuning setups.

speaker, we urge researchers to collect at least 1000 utterances to easily develop efficient
personalized ASR systems, and such that they would not need to do any additional
procedures such as intermediate fine-tuning and speech synthesis to improve the ASR
models. On the other hand, in cases where collecting data is difficult, researchers can
still opt to use the intermediate fine-tuning procedure as an alternative, as it has been
verified to work even on other types of atypical speech.

This confirms our previous hypothesis in Chapter 3.5.1, where we mention that the
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effectiveness of intermediate fine-tuning was less, primarily because the domain gap
between the large-scale healthy speech and ELSIMU1 was smaller than that of the
large-scale healthy speech and ELREAL. As a conclusion, this also gives an idea on
why EL ASR is a difficult task, as simply conducting experiments by simulating the
voicing characteristics would not always translate to results with actual EL speakers,
thus calling the need to invest more time in collecting data from atypical speakers to

further advance the research progress in this problem.

3.6 Conclusions

With ASR providing several conveniences to atypical speech patients, more work
should be done to make commercial ASR devices useful for them. We investigated two
types of SSL-based pretraining frameworks, contrastive and masked region prediction,
on two different atypical speech datasets and compared them with a supervised pre-
training framework. Although SSL pretraining frameworks have shown success with
minimally resourced healthy speech, this does not seem to be the case with atypical
speech. Thus, further investigations in improving the training strategy can be con-
ducted to improve performance in SSL pretraining.

Aside from this, we established that supervised pretraining can still be a strong
baseline in atypical ASR. One behavior we notice is that the large-scale networks have
difficulties in transcribing the UASpeech dataset compared to the ELSpeech dataset.
This is primarily due to the fact that UASpeech only contains word utterances, which
makes it difficult for large networks to converge on. The setups used in this study
primarily relied on pretraining data composed of sentence utterances to train both
the acoustic and language models. Thus, during fine-tuning, the network had a larger

difficulty due to the mismatch in both acoustic features (such as the difference in
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temporal structure in dysarthric speech) as well as the grammar differences (sentence
vs word utterances).

In addition, we presented an elaborate study on the use of imperfectly synthesized
speech data as training data for an intermediate fine-tuning task. As recognition accu-
racies of ASR models have been limited due to the domain shift between the pretraining
and fine-tuning data, we aimed to minimize this problem and narrow the gap between
the two datasets by introducing the intermediate fine-tuning task. Our results showed a
huge performance boost when using the intermediate fine-tuning method over methods
that did not use this. Furthermore, a detailed analysis showed that the intermediate
fine-tuning does not focus on learning the linguistic content as an ASR task would,
but rather focuses more on learning the voicing characteristics of the EL speaker. This
was proven in experiments that involve speaker-related downstream tasks, such as
resynthesizing waveforms, categorizing speakers, and in a setup where using a speaker
ID loss. Thus, we show the effectiveness of the intermediate fine-tuning method for
low-resourced ELL ASR tasks. Finally, we also showed the differences between using
a simulated EL dataset compared to that of a real EL speaker, showing the need for
collecting real EL speaker datasets in this research field. Although it is quite possible
to ask healthy speakers to record their voices speaking in an electrolarynx, there are
still many pronunciation differences that were not recognizable by the human ear, but
seemed to be quite obvious to a neural network. Moreover, it also takes skill and prac-
tice to effectively use an electrolarynx, which means that if healthy speakers were to
collect data using this method, some practice would be required to properly produce

intelligible speech.



Chapter 4

Electrolaryngeal Speech

Enhancement

In this chapter, we investigate the approaches to improve electrolaryngeal speech
enhancement. In particular, we aim to resolve two domain mismatches between healthy
and EL speech, particularly in the acoustic and temporal domains. In particular, we
study the use of a decomposed network to remove acoustic domain mismatches and
improve synthesis performance. Then, we investigate the use of linguistic intermediates

to remove temporal domain mismatches.

4.1 Introduction

Voice conversion (VC) [89], the task known as changing the speaker information
while keeping linguistic information unchanged, has had rapid improvements in the
age of deep learning. One of its sub-applications, atypical speech enhancement® [85],

[90], [91], has made way for atypical speakers to regain the ability to speak like typical

'Note that speech enhancement in this work refers not only to enhancing the recording quality,

but enhancing the atypical speech itself.
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Figure 4.1: An overview of the conventional approach in the EL speech enhancement
task. A parallel dataset of the source EL and target typical speakers are used to train a
sequence-based network. During inference, the source EL acoustic features are passed
into the trained sequence-based network to convert it into acoustic features that of

intelligible speech.

speakers.

A conventional approach to the EL speech enhancement task is to use a parallel
dataset and learn the temporal alignments between typical and EL speech. A visual-
ization of this approach is shown in Fig. 4.1. Sequence models have generally been
used in this task due to its ability to jointly convert multiple speech characteristics,
such as the timbre and temporal structure. Previous works such as [57] used a strong
sequence-based model such as a Transformer [11], [60] to model the temporal structure
of the typical speech. With the data-hungry nature of sequence models, other works
such as [59], [91], [92] focused on the use of large-scale synthetic speech and found that
it greatly improves speech enhancement performance.

In all of these previous works, the general theme is to resolve the domain mismatch
between typical and EL speech, which is what causes the most problems and makes

this task difficult, through pretraining and data augmentation. There are two main
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types of domain mismatches found in EL and typical speech. First, there are speech
and speaker mismatches between the two. Since EL speech lacks source excitation and
cannot produce some unvoiced sounds that are present in typical speech, transforming
EL speech into typical speech requires the network to also generate the pitch-related
features such as prosody and intonation, making the task difficult. Second, there is also
temporal structure mismatch between the EL and typical speech. Since EL speakers
speak at a slower rate and cannot pronounce some phonemes [32], the network also
needs to learn how to map the EL speech speaking rate into that of typical speech
and improve the pronunciation. These domain mismatches, combined with only low-
resourced dataset available, are what make this task very difficult to resolve.

This study first addresses the acoustic domain mismatch which is commonly encoun-
tered in pretraining and fine-tuning approaches. Inspired by the recognition-synthesis
[93] framework, which used strong recognition modules to extract dense linguistic infor-
mation, (in this work, bottleneck features (BNF) from an output of a speech recognition
encoder) [94] and HuBERT [63], [95] layer embedding intermediates. These two fea-
tures are then used as input and output features of an alignment module, which resolves
the temporal structure differences between the source EL speaker and target typical
speaker. As Chapter 3 focuses on building a speech recognition system, we build on
this and use this system to extract strong linguistic features from EL speech audio.
Compared to traditional acoustic features such as mel-spectrograms, the recognition
module extracts pure linguistic-related information and removes speaker-related infor-
mation. Thus, we effectively allow the alignment module to focus solely on modeling
the temporal structure of typical speech, resulting in better performance.

Then, we address the second domain mismatch of temporal information mismatches

between the EL and typical speech. Specifically, we investigate the use of discrete
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linguistic intermediates, by using discrete linguistic information (such as text) to im-
prove BNF intermediates. Compared to audio information, discrete text information
does not contain any temporal structure. Similar to the aforementioned findings in
[62], normalizing the temporal length by using discrete linguistic information is vital in
the speech enhancement task. Thus, the motivation of using discrete linguistic inter-
mediates is to find the most effective way of removing as much unnecessary temporal
information from the BNFs as possible by only using the frames which correspond to
linguistic information. This reduces the burden on the alignment module, as it would no
longer need to detect which frames to ignore during the conversion process. In particu-
lar, we investigate the following types of discrete linguistic intermediates: CTC-based

intermediates, phoneme-level intermediates, and learnable discrete intermediates.

4.2 Bottleneck Feature Intermediates Framework

We first discuss the proposed method to resolve the acoustic domain mismatches.
Our proposed framework to remove speech type and speaker information uses bottle-
neck feature intermediates, which builds on the Transformer-based Parallel VC system
[59] described in Chapter 2.4.2. The proposed method is conducted through a three-
stage framework, consisting of recognition, alignment, and synthesis modules. An
overview of the entire framework can be seen in Fig. 4.2. We detail the task of each

module of the proposed framework below.

4.2.1 Problem formulation

Given a parallel VC dataset be VCpaanel = {Ssrc, Strg}, where Sgc and Sy, denote

the source, target speech, respectively, a sequence model aims to learn the relationship
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Figure 4.2: An overview of the proposed framework using bottleneck feature intermedi-

ates to remove speech type and speaker normalization. The framework contains three
main modules to convert from EL to typical speech: the recognition, alignment, and

synthesis modules. Note that each module is trained separately.

between these two datasets. In general, a sequence model aims to learn the mapping
between a source feature sequence X = x1.,, = (x1,...,X,) and a target feature se-
quence Y = ¥i.4n = (¥1,...,¥m). These features are are often of different length, i.e,
n # m [19]. This length mismatch is especially seen in the EL speech enhancement
problem, as EL speakers often have trouble speaking and result in a slower speaking
rate compared to healthy speakers, as mentioned in Chapter 2.1.

In traditional VC, a one-dimensional speech signal is commonly represented instead
as a sequence of acoustic feature vectors. This makes it easier for neural networks to
learn patterns, as learning the patterns inside a one-dimensional signal is a very difficult
task (i.e., in a 16 kHz sampling rate, the network needs to correctly learn to predict
16,000 samples per second). Here, each acoustic feature vector is calculated from a

speech frame given by a pre-defined frame size and frame shift. In traditional VC and
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previous works on EL enhancememt, a commonly adopted acoustic feature is the log
mel-spectrogram [19], [59]. However, the main problem with log mel-spectrograms is
that it contains both acoustic and linguistic features. Although it is not usually a prob-
lem in a healthy VC setup, this becomes a problem in EL speech enhancement, due to
the mismatches discussed in Chapter 1.3. Thus, it can be easy to see why performance
degradation is present when using log mel-spectrograms as source and target features,
as the network needs to both generate the acoustic features and enhance the intelligi-
bility of the linguistic information. The goal of the chapter of this thesis is to discover
how to further decompose the framework into different networks focusing on dedicated

tasks, and discover which feature can be used to replace log mel-spectrograms.

4.2.2 Recognition module

The recognition module uses a linguistic encoder, which uses the bottleneck features
(BNFs) 2 from an ASR encoder to extract the linguistic information. In Chapter 3.4, we
showed that an effective approach to improving ASR model performance for EL speech
is through a three-stage training framework. First, the model was pretrained on a
large-scale typical speech dataset. Next, we fine-tuned the network on synthesized EL
speech in an intermediate fine-tuning stage. Due to the limited data in training an EL
speech synthesis model, the synthesized speech also contained lots of mispronunciations.
Conducting this three-stage framework resulted in better performance for the model.
However, results in Chapter 3.5.2 found that since the model used this stage to learn
the EL speech characteristics instead of the linguistic information, it was sufficient

enough for the imperfectly synthesized EL speech to only represent the EL speech

2 Although the use of self-supervised features have been successful in typical VC tasks, we discussed

these in Chapter 3 to be ineffective in decoding EL speech.



4.2. Bottleneck Feature Intermediates Framework 81

features. Finally, we fine-tuned the network on the ground truth EL speech to learn
the linguistic features and decode at a high accuracy. We adopt this framework as the
backbone of the recognition module.

The goal of the linguistic encoder now is to be robust enough to remove the speech
type features from both typical and EL speech, while also accurately extracting lin-
guistic information. With a unified representation, the performance of a pretraining
and fine-tuning framework becomes robust to the speech type mismatches. Although
this has been an easy task in typical VC, several ASR works have found developing
speaker-independent models [33], [35], [96], [97] for atypical speakers a difficult task
due to the high variance in their speech. A naive approach to resolve this would be
to simply fine-tune the ASR model on both the EL and typical speech such that the
model is not only optimized for EL speech. However, similar to previous works, we
found that fine-tuning the ASR model on both types of speech at the same time causes
performance degradations.

We further improve the ASR model by using the speech type loss described in Chap-
ter 3.5.4. As findings discovered that the intermediate fine-tuning focuses on learning
speech type identity features, we make the network learn both speech types during this
stage. Through this approach, we effectively optimize the ASR model for EL speech,
while also ensuring that it does not forget how to decode typical speech. We show
in Eq. 4.1 the detailed loss calculation during intermediate fine-tuning. After the in-
termediate fine-tuning stage, we fine-tune on Xy, with the CTC/Attention losses Lt

and Ly, [14] as usual.

Lasg = Lsin(X) + Lete(XEL) + Latin(XEeL) (4.1)
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4.2.3 Alignment module

The alignment module models the temporal structure from atypical to typical speech.
To improve intelligibility, the alignment module needs to fulfill two tasks. First, due
to the temporal structure of EL speech, the model needs to convert the speaking rate
similar to a typical speaker. Next, since EL speakers cannot produce certain phonemes,
the alignment module also needs to correct the phoneme pronunciation. Similar to
the baseline described in Chapter 2.4.2, we adopt the use of a Transformer [11], [60]
sequence-to-sequence model to resolve these issues. Due to its success, we also adopt
the same fine-tuning procedure with synthetic data and then the target data.

We improve this framework by using the BNFs produced by the recognition mod-
ule as the inputs. These BNFs would further reduce the mismatches in speech type
and speakers during pretraining and fine-tuning, as the linguistic encoder allows the
alignment module to solely focus on modeling linguistic information. To further reduce
the burden on the alignment network, we also use HuBERT layer embeddings as the
output features. Aside from HuBERT providing dense linguistic information, using a
variant of HuBERT with soft features [95] has also been found successful in removing
speaker features and in cross-lingual settings, which would further improve the per-
formance of the synthesis module described later. Moreover, the TTS/AE pretraining
described in Chapter 2.4.2 was initially used in our baseline due to the unavailability of
a large-scale parallel dataset; however, with the release of [98], we first verify whether
parallel VC is indeed better. Although using parallel VC pretraining would directly
model the fine-tuning task, this would not contain the speaker-independent properties
of the TTS/AE pretraining, which might cause more degradations in the multiple fine-
tuning stages due to the speech type and speaker mismatches. However, owing to the

proposed framework focusing solely on linguistic features, we hypothetically remove
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this possibility.

4.2.4 Synthesis module

As our goal is to force the alignment module to focus only on modeling linguistic
information, the task of synthesizing into the target speaker is placed on a synthesis
module. Since the typical dataset used as a target speaker is also limited in size,
we use a Diffusion model [29] for this module, as this framework has been proven
effective in synthesizing speech in a target speaker even in few-shot settings [99]. To
improve the few-shot performance of the Diffusion model, similar to [99], we first
pretrain on a large-scale multi-speaker dataset with classifier-free guidance [100] and use
fixed speaker embeddings and HuBERT layer embedding intermediates as conditioning
features. Then, we adapt the model to the few-shot data for another set of iterations.
To train the model, we iteratively add noise for N timesteps to the mel-spectrogram
and predict the noise at timestep n during training by using the noisy mel-spectrogram
at n — 1 as input along with the conditioning features. During inference, we pass
in Gaussian noise and predict the mel-spectrogram after N iterations. Finally, to
synthesize the audio waveforms from the predicted mel-spectrograms, we use HIFiGAN

(V1) [20] as the vocoder.

4.3 Discrete Linguistic Intermediates Approaches

Next, we discuss the limitations of this framework and address how to resolve the
temporal domain mismatches. Since the previous approaches rely on the Parallel VC
framework, these directly model the temporal structure of the typical speech from the

atypical speech. Unfortunately, aside from the speaker mismatches, there is also a large
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Table 4.1: An overview of the main differences of each proposed method.

Chapter Linguistic Parallel Alignment Jointly learned
intermediate data modeling recognition
§4.2 Bottleneck features v Autoregressive X
§4.3.1 Bottleneck features v Non-autoregressive X
§4.3.2 Bottleneck + CTC-decoded v Autoregressive X
84.3.3 Discrete text X Non-autoregressive X
§4.3.4 Discrete text + bottleneck v Non-autoregressive X
§4.3.5 Discrete text + bottleneck v Non-autoregressive v

mismatch in temporal structure between the source EL and target typical speech, which
places a huge burden on the alignment module. A solution to resolve this mismatch
is through discrete linguistic intermediates, which normalize the BNF intermediates’
temporal structure based on certain prior information®. Compared to audio, discrete
linguistic information such as text do not have any temporal structure. Thus, by using
discrete linguistic intermediates such as text information, the lengths of the source EL
speech can be normalized, and consequently reduce the temporal structure mismatches,
reducing the burden on the alignment module. This can be done in multiple ways as
overviewed in Table 4.1, where each method is described in detail in the following

chapters.

4.3.1 Duration predictor-based alignment modeling

We start the investigations with a simple experiment on the type of sequence model-

ing technique used in the alignment module, specifically between autoregressive (AR)

3Note that discrete linguistic information here does not refer to the discrete representations with
a finite codebook size, but instead using discrete prior information such as text to normalize the

temporal structure.
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and non-autoregressive (NAR). In the baseline work [59], an AR modeling technique
using the Transformer module [11] was adopted. However, compared to AR modeling,
NAR modeling is more robust to mispronunciations as it reduces the error propagation
made from the earlier steps through a duration predictor, by simply specifying by how
many times each frame will be expanded or which would be deleted. We investigate
whether there are significant differences when replacing the alignment module with
a NAR network. In particular, we adopt the monotonic alignment search proposed
in [101]-[103]. This uses an unsupervised learning method that rapidly aligns source
and target features without the need for external aligners. The approach combines
the Viterbi and forward-backward algorithms from Hidden Markov Models to extract
hard and soft alignments, respectively. The soft alignment matrix Ag.g, normalized
across the source feature dimension, represents the probability distribution of aligning
source frames to target frames. To promote monotonic alignment, a Beta-Binomial
prior encourages a near-diagonal path in the alignment matrix. Hard alignments Apa.q
are extracted using the Viterbi algorithm, which enforces a binarized, monotonic align-
ment, ensuring each frame is assigned to a single text token. To reduce the train-test
domain gap, the model is conditioned on Ay,.q, and a KL-divergence loss minimizes

the difference between Ay and Aparg.

4.3.2 CTC-based linguistic intermediates

Another approach in normalizing BNF's is by using the CTC module from the recog-
nition module as visualized in Fig. 4.3. Since the recognition module is trained with
a CTC-Attention loss, the resulting CTC module can be used to remove frames in
the BNF that correspond to <blank> tokens. By removing frames corresponding to

<blank> tokens, which are not always relevant to linguistic-related information, the
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Figure 4.3: CTC-based intermediates. A pretrained CTC decoder produces discrete
outputs which are used to remove blank frames from the bottleneck features before

being passed as inputs to the alignment module.

temporal dimension of EL speech can be normalized. To vary the normalization strat-
egy, we further explore the impact of varying the context window size on our model’s
performance. Specifically, for each non-<blank> frame in the sequence, we retain all
frames within a window size of n frames on either side, such that the 2n+1 frames sur-
rounding a non-blank frame are preserved. Eq. 4.2 further explains this process, where
x; represents a binary array where each value corresponds to the frame indices classi-
fied as non-<blank> tokens by the CTC. The output y; is the modified binary array
that factors in the context window to retain more frames surrounding any non-<blank>
frame. However, a possible drawback of this method is that the normalization process
is entirely rule-based (as the CTC module is not trained together with the alignment

module), which may lead to a rigid normalization process.

1 if3j € i —n,i+n]such that z; = 1,
0 otherwise.
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4.3.3 Phoneme-level intermediates

Another approach is to adopt the ASR+TTS approach discussed in Chapter 2.4.1
to extract phoneme-level information, and subsequently directly synthesize the typical
speech from these. As seen in the top half of Fig. 4.4, BNF normalization is then done
by using the trained ASR decoder from the recognition module to decode discrete
text, converting the decoded text to phonemes using a rule-based dictionary?, and
subsequently using a TTS module (which substitutes as the alignment and synthesis
modules in the framework proposed in Chapter 4.2) to synthesize the decoded text. The
continuous BNF's are now completely disentangled from the EL temporal information
from the source speech and model the typical speaker’s temporal information from the

phoneme-level.

4.3.4 Phoneme-level intermediates w/ source BNFs

Although the use of phoneme-level intermediates could possibly help reduce prosody
errors, similar to CTC-based linguistic intermediates, a possible drawback of this
method is that if the ASR performance for EL speakers is not at a high level, the
mispronunciation errors will be propagated to the synthesized speech. It is also possi-
ble that some prosodic features that are relevant from the source speaker will contain
necessary information to model the typical speech prosody. Moreover, as discussed
in Chapter 2.4.2, a downside of a cascaded ASR+TTS framework is that it would
be harder to predict the pronunciation of characters directly from text, which could
possibly degrade synthesis performance in cases where the pronunciation is changed.

Due to these issues, we further explore experiments where we investigate the effec-

“http://open-jtalk.sp.nitech.ac.jp/
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Figure 4.4: Phoneme-level intermediates. The top half of the figure shows a pretrained
ASR decoder transcribing text from the input speech, which is converted to phonemes,
and subsequently passed to the alignment module. The bottom half shows another
variation of the aforementioned setup where the outputs of the alignment module is

conditioned with the source BNFs using cross-attention.

tiveness of using both BNF's and the decoded phoneme-level intermediates to condition
the TTS module when reconstructing the target typical speaker, and verify whether
these could possibly alleviate the insufficient performance in EL. ASR systems. To do
this, we condition the duration expanded text features with the source BNF's using
cross-attention as seen in the bottom half of Fig. 4.4. By using the attention module,
this allows the model to jointly learn which frames from the source BNF are relevant

in synthesizing the target typical speech in a data-driven manner.
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4.3.5 Learnable discretization

Finally, we investigate the use of a learnable discretization on the BNFs. Although
similar to the architecture described in Chapter 4.3.3, the main difference of this is that
the recognition decoder (through a linear layer) and the synthesis modules are jointly
trained in a single network, whereas the architecture in Chapter 4.3.3 uses a fixed
recognition decoder. The main advantage of the learnable recognition decoder is that
it allows the outputs to be adapted to the synthesis module in a data-driven manner,
especially since the recognition module still has a high CER when decoding EL speech.
An example of this is the work in [62], which has also shown that dysarthric speech
can be normalized by using extracted discretized HuBERT units from typical speech
by K-means clustering. We conduct further investigations on EL speech enhancement
based on this work.

As seen in Fig. 4.5, we adopt the framework proposed in [62] but make some changes
to fit our dataset. We use the BNFs extracted from the ASR encoder, as findings in
Chapter 3.4 of HuBERT features not representing linguistic information in EL speech
accurately. In the original setup in [62], K-means clustering with 1000 clusters is run
on the BNFs of the entire typical speech dataset. In our experiments, we simply use
the ground truth text phonemes instead of discretizing K-means clustering. During
training, we discretize the BNF's from the typical speech. We explain this choice later
in Chapter 4.5.5. The BNFs from the EL speech are also passed through a linear layer
and through CTC loss. The discretized BNF's from the typical speech are then passed
on to a TTS model to model the typical speech. This framework allows the model to
jointly learn how to the discretize units of the EL speech into that of typical speech,
while also synthesizing the target speech. We use the same TTS model as used in

Chapter 4.3.3 to synthesize the decoded text into waveforms. Similar to an important
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Figure 4.5: Learnable discretized intermediates through a CTC loss based on [62]. The
discretization process is through a phoneme-discretization (acquired from the ground
truth text). During training, the typical speech BNF's are discretized and the network
learns to discretize EL. BNFs using a CTC loss. During inference, the EL speech is

discretized using the learned model to synthesize the typical speech.

point noted in the original implementation in [62], we also apply pretraining through

the large-scale parallel dataset and synthetic data.

4.4 Experimental Settings

4.4.1 FEvaluation metrics

For objective evaluations on the initial experiments investigating BNF' intermediates,
we focus on speaker-related assessment by measuring the synthesis quality through
metrics such as CER, mel-cepstral distortion (MCD), log FO root mean square error
(FO RMSE), and log FO correlation (FO CORR). On the other hand, for objective
evaluations for experiments using discrete linguistic intermediates, we focus on the
temporal structure-related assessment, by measuring the duration difference (DDUR),

CER, and phoneme error rate (PER), and a neural-based mean opinion score (UTMOS)
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[104]. For both CER and PER, we used the same Conformer model in Table 4.3 trained
on the large-scale typical speech, and converted the decoded text into phonemes to
calculate PER.

For subjective evaluations of experiments using BNF intermediates, we recruited 15
native Japanese speakers to measure the naturalness of the synthesized speech using
a b-scale mean opinion score (MOS) test. For the subjective evaluations of discrete

linguistic intermediates, we recruited 21 native Japanese speakers to conduct the same

MOS test °.

4.4.2 Datasets

An overview of all the EL datasets, which are all recorded in Japanese, is outlined
in Table 4.2. The overview contains the speaker’s biological sex, duration in minutes
and number of utterances for each split. The main EL dataset used in this experiment
(denoted in the top segment of Table 4.2), is recorded by a real EL patient (ELREAL),
along with a parallel counterpart recorded by a typical speaker (TYPICAL).

In order to validate and analyze the behavior of the proposed methods on a larger
scale EL corpus, we also conducted ablation studies on the performance on 14 pseudo
EL speakers (recorded by typical speakers using an external electrolarynx), which are
denoted on the middle segment of Table 4.2 as EL PS. To make evaluation fair, we
convert all ELL PS data to a single parallel counterpart spoken by a typical speaker
(TYPICAL SET 2), which is the same speaker as TYPICAL. We follow the same
train/dev/test split released °, which used a 116/40/40 split for the train, dev, and

test data. It is worthwhile to note that these simulated speakers have little to no prior

®Demo page: https://lesterphillip.github.io/elsie_extended
Shttps://github.com/k2kobayashi/PES-corpus/blob/main/README_en.md
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Table 4.2: Total duration (in minutes) and number of utterances of each EL speaker

used in the experiments.

Minutes No. of Utterances
Dataset Train Dev Test Train Dev Test
EL REAL 577 296 2.99 116 40 40
TYPICAL 438 2.14 217 116 40 40

EL PS FEMALEO001 10.54 0.76 3.63 140 10 90

EL PS MALE001 9.82 0.69 3.39 140 10 90
EL PS MALE002 14.38 1.03 5.05 140 10 50
EL PS MALE003 9.02 0.63 3.03 140 10 50
EL PS MALEO004 978 0.71 3.16 140 10 50
EL PS MALEO005 11.34 082 4.16 140 10 50

EL PS MALEO006 10.69 0.80 3.66 140 10 50
EL PS MALEO007 10.76  0.80 3.82 140 10 50
EL PS MALEO00S8 11.71 087 4.06 140 10 90
EL PS MALE009 11.12 0.82 4.15 140 10 90
EL PS MALEO010 11.31 086 3.84 140 10 20
EL PS MALEO11 11.93 091 4.26 140 10 50

EL PS MALEO012 9.89 0.67 3.29 140 10 50
EL PS MALEO013 999 0.73 3.48 140 10 50
TYPICAL SET 2 835 0.61 2.74 140 10 50

EL REAL FEMALEOO1 294 1.15 0.71 30 10 10
EL REAL MALEO0O01 1.96 0.80 0.45 30 10 10
EL REAL MALE002 254 098 0.66 30 10 10

TYPICAL SET 3 1.69 0.64 0.41 30 10 10
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experience in using an external electrolarynx, thus compared to a real EL patient,
the intelligibility of the recordings may vary based on their experience. Moreover, as
found in the results of Chapter 3.5.5, the differences in pronunciation by simulated EL
speakers with real EL speakers also need to be considered when checking the results.

Finally, we further validate and analyze the behavior of the proposed methods on
another set of real-world EL speakers. As it was difficult to ask the patients to record
a large-scale dataset, the total number of utterances was only limited to 50. To make
evaluation fair, we convert all EL. PS data to a single parallel counterpart spoken by
a typical speaker (TYPICAL SET 3), which is the same speaker as TYPICAL and
TYPICAL SET 2.

We now outline the pretraining and finetuning datasets used in each module. For
the recognition module, we followed the same training framework as in Chapter 3.3
to train a linguistic encoder. We first pretrained on LaboroTV, a large-scale typical
speech dataset containing around 2k hours of speech data [81]. Next, we fine-tuned
the network on a total of 27k utterances of synthetic EL data (generated using a
text-to-speech system) and typical speech. Finally, we fine-tuned the network on our
self-acquired EL. REAL speech data.

For the alignment module, we first pretrained our network on HiFiCaptain [98], a
large-scale parallel dataset of typical speakers, containing around 18k utterances in
total. We used the female speaker as the source and the male speaker as the target.
Then, we used the same setup as in [59] where we first fine-tuned on synthetic EL
(generated using a text-to-speech system), synthesized from text from the JSUT [8§]
corpus. We then fine-tuned the model on the parallel EL and TYPICAL speech data
in Table 4.2. Note that compared to the baseline system in [59], this current split

is different, as we composed the evaluation data with longer utterances to show the
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Table 4.3: Resulting CER on both EL. REAL and TYPICAL speech with different

training data setups.

Training data and method EL TYPICAL
Speaker-dependent on typical speech 77.1 4.3
Speaker-dependent on target EL speech (Chap. 3.3) 15.9 61.5
Fine-tuned on multiple EL and typical 28.7 3.8
Fine-tuned on EL and typical speech 18.1 16.6
Proposed fine-tuned on EL and

typical with speech type ID loss only 162 08
Proposed fine-tuned on EL and

typical with speech type ID loss 13.8 6.0

and masking

effectiveness of the proposed method. We used the same 116/40/40 split used in the
recognition module, so the test data is unseen by both all the modules.

For the synthesis decoder, we used the JVS dataset [105], a dataset containing 30
hours of speech from 100 speakers, to pretrain the model before fine-tuning it on the
TYPICAL speech. For the synthesis vocoder, we used a pretrained model on VCTK

[106], an English dataset with 44 speakers of around 40 hours in total.

4.4.3 Model architecture

The recognition model used a Conformer architecture [12], which has 12 layers for
both the encoder and decoder, the same as in Chapter 3.3. On the other hand, the
Transformer model in the alignment module has six layers for both the encoder and
decoder, the same as in [59]. The diffusion model of the synthesis decoder was adopted

from [107] and uses 512-dimension channels to predict the noise between each timestep.
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To handle speech inputs, we replaced the text encoder with the BNF encoder as the
conditioning features. To integrate speaker information, we used a pretrained WavLM
model” (which was fine-tuned for speaker verification) as speaker embeddings and fused
it to each residual block using conditional layer normalization [108]. We set the number
of diffusion steps IV to 100. No changes were made in HiFiGAN (V1). For experiments
using discrete text inputs, we used Matcha-TTS [109] as the alignment and synthesis

module due to its strong generative modeling.

Table 4.4: Objective and subjective evaluation results on the synthesized speech from
different systems, along with the ground truth recorded speech. MOS is calculated
with a 95% confidence interval. We detail the input and output features, along with

the pretraining method used in the alignment module.

(Sys.) Description Inputs Outputs Pretraining MCD (/) CER (/) F0 RMSE (/) F0 CORR (1) MOS (1)

(1) Baseline [59] Mel  Mel TTS/AE 778 35.0 51.19 0.30 242 £ 0.17
(2) Baseline ablation Mel Mel Parallel VC 7.70 33.5 49.95 0.35 2.38 £ 0.18
(3) Proposed BNF inter. BNF  HuBERT Parallel VC 7.14 19.0 52.41 0.29 3.25 £ 0.15
(4) Pretraining ablation BNF HuBERT TTS/AE 7.45 32.2 50.39 0.28 2.90 £+ 0.17
(5) Feature ablation BNF Mel Parallel VC 7.54 29.1 51.16 0.37 2.78 £ 0.18
Ground truth - - - - 4.3 - - 4.85 £ 0.07

4.5 Results and Discussion

4.5.1 Validation of the recognition module

We first present how to develop a robust linguistic encoder using the speech recog-
nition model discussed in Chapter 3. We investigate different training setups as shown

in Table 4.3. First, we see the difficulty in using a speaker-independent model, as

"https://huggingface.co/microsoft/wavlm-base-plus-sv
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Table 4.5: Objective and subjective evaluation results on the synthesized speech to
compare the use of BNF intermediates with mel-spectrograms, along with the ground
truth recorded speech. MOS is calculated with a 95% confidence interval. We detail
the type of linguistic intermediate used in the experiment. Note that Sys. 3 is the
same system from Table 4.4. Both Sys. 7 and Sys. 11 were omitted from the MOS

test due to low objective scores.

(Sys.) Description CER () PER () DDUR (/) UTMOS (1) MOS (1)
(3) BNF intermediates 19.0 8.4 0.67 3.34 2.77 £ 0.15
(6) NAR-based alignment 20.0 9.1 0.60 2.89 1.95 £ 0.13
(7) CTC-based inter. (n=0) 47.1 40.9 1.11 3.43

(8) CTC-based inter. (n=2) 21.5 9.1 0.32 3.44 2.58 £ 0.16
(9) Phoneme-level inter. 17.6 6.9 0.89 3.43 2.97 £ 0.15
(10) Phoneme-level inter. w/ source BNF 18.8 6.1 0.85 3.43 2.86 £+ 0.16
(11) Learnable discretized inter. 45.3 21.8 0.52 3.47

Ground truth 4.3 0.0 - 3.76 4.72 £ 0.08

optimizing on either EL or typical speech results in degradations in the other. Thus,
using a model optimized on just EL speech degrades the large-scale pretraining stage
on typical speech. Next, fine-tuning on multiple EL and typical speakers yields no
measurable performance gains, which is caused by the high variance between these
speakers. Finally, we show that simply fine-tuning the model on both EL and typical
speech can be effective but not fully optimized, as there is still a performance gap from
the speaker-dependent setups.

We show that our proposed method of using a speech type ID loss and masking the
typical speech during CTC-Attention loss calculation makes the model learn to decode
both EL and typical speech. This is because the model learns how to decode EL speech,
while also not forgetting typical speech features learned during pretraining through the

speech type ID loss. To verify this, removing the masking of typical speech results in
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slightly worse scores. Through this, we can decode both EL and typical speech at an

accuracy similar to the speaker-dependent setups.

4.5.2 Comparison of input/output features

We show the effectiveness of the proposed linguistic encoder in this task. We first
compare the proposed system with the Transformer-based Parallel VC system [59]
described in Chapter 2.4.2. As seen in Table 4.4 our proposed method of using the
BNF /HuBERT features (Sys. 3) can significantly improve the synthesized speech with
a 16% improvement in CER and 0.83 in naturalness score over Sys. 1, the baseline that
uses mel-spectrograms as inputs. This proves our initial hypothesis that the proposed
linguistic encoder can effectively remove speech type information while also extracting
accurate linguistic information. We also conducted a study by using mel-spectrogram
outputs. As shown in Sys. 5, using HuBERT instead of mel-spectrograms as outputs
helps further stabilize the model, as it also contains dense linguistic information similar
to the BNFs. Aside from this, Sys. 3 and 4 that used HuBERT features and the
synthesis decoder had the top naturalness scores, further showing the effectiveness and

necessity of a synthesis decoder over directly predicting the mel-spectrogram.

4.5.3 Comparison of pretraining techniques

In Chapter 4.2.3, we discussed that the TTS/AE pretraining also helps in resolving
the speech type and speaker mismatches during pretraining and fine-tuning through
its speaker-independent pretraining style [60]. However, upon comparing the baseline
techniques, we observe Sys. 2 to have slightly better scores than Sys. 1 except in

MOS. Thus, we prove that TTS/AE is not sufficient to create a speaker-independent



98 Chapter 4 Electrolaryngeal Speech Enhancement

property. Through the proposed approach in Sys. 3, we can directly model the fine-
tuning task by using parallel VC pretraining, while also being able to implement a
speaker-independent property by using BNF/HuBERT as input and output features,
which reduces the mismatches during each fine-tuning stage. It is important to note
that although Sys. 4 used both speaker-independent training styles, since the input
(BNF) and output (HuBERT) features were different, the proposed method was not
able to fully utilize the effectiveness of AE pretraining. Finally, we find that compared
to the other systems, Sys. 3 has the highest FO RMSE score and the second lowest FO
CORR score, showing that the proposed method truly allowed the alignment module
to focus on modeling linguistic information, but caused a small tradeoff in modeling

pitch.

4.5.4 Comparison of discrete linguistic intermediates

We extend the use of the BNF intermediates to resolve the domain mismatch in
temporal structure. To alleviate the mismatches in temporal structure, we investigate
the most effective linguistic intermediate to improve the use of BNFs. The main results
are found in Table 4.5 and we use the initially proposed Sys. 3 as the baseline. First, we
investigate a simple experiment where we replace the use of autoregressive alignment
modeling in Sys. 3 with a non-autoregressive duration predictor, which is described in
Sys. 6. We see the non-autoregressive method in Sys. 6 degrades the results in CER,
PER, and MOS compared to the initially proposed Sys. 3. One of the main reasons
of this degradation is the duration modeling always goes from longer EL utterances to
shorter typical speech utterances, whereas the duration predictor used was designed to
expand shorter text inputs into longer acoustic features in T'TS. Thus, the direct use of

non-autoregressive alignment modeling with the vanilla BNF's is not sufficient enough
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to improve performance.

We now start investigating the use of discrete linguistic intermediates. We investi-
gate the use of CTC-based linguistic intermediates to remove frames from the BNF
intermediates, as described in Sys. 7 and Sys. 8. Unfortunately, compared to Sys. 3,
both of these systems are also not effective. We observe that increasing the window size
n results in lesser deletions and a much higher PER score, as seen by comparing the
results in Sys. 7 and Sys. 8. Thus, this shows that each frame in the BNFs may still
be correlated to each other despite corresponding to a <blank> token, and removing
each frame by solely using the CTC decoder is not an efficient approach since the CTC
decoder weights were optimized only during the ASR task.

Next, we investigate the use of phoneme-level intermediates which convert the BNFs
to discrete text as described in Sys. 9. Completely removing all prosodic information
from the source speech and normalizing it into phoneme-level works better than Sys
3. as seen in the CER, PER, UTMOS, and MOS results. This shows that although
the ASR system is imperfect and errors from mistranscriptions are propagated to the
synthesis, the resulting speech becomes more natural and unnatural pauses are removed
compared to the initially proposed vanilla BNF setup. We note that aside from the
mispronunciations in the transcript, the quality improvement is mainly due to the use
of a strong generative model in the TTS model to synthesize the speech from the

transcribed text.

4.5.5 Investigation of strategies to reduce error propagation

from recognition module

Although the phoneme-level intermediates in Sys. 9 results in a much natural

prosody, the linguistic information is not entirely accurate as the errors from the ASR
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module propagate into the synthesis without any way to alleviate these errors. We
investigate two strategies such as the use of source BNFs discussed in Chapter 4.3.4
and use of learnable discretization discussed in Chapter 4.3.5.

We first observe that the using BNFs alongside the discrete text is ineffective in
reducing the errors made by the ASR module as seen in Sys. 10. Although the
evaluation scores are somewhat similar with each other, we investigated further into
the synthesized samples. We find that there are instances where mistranscriptions are
“self-corrected” by the model, there are unfortunately also many cases where correct
transcriptions are “overcorrected” by the model, which cancels out the benefits of the
self-correction. Thus, although we indeed observe the effectiveness of cross-attention
selecting relevant frames, the use of BNF's as a whole has no assured benefit, as there is
no way for the network to know whether the input transcriptions were correct or not.

We also further investigate the learnable discretization normalization inspired by [62]
as described in Sys. 11. Our first observation is that using the same BNF discretization
method in [62] with K-means completely fails. Although the work in [62] used a
Unit HiFiGAN (similarly composed of a duration predictor and upsampling alignment
mechanism in Matcha-TTS [109] we used), this previous work also only investigated on
the UASpeech [4] dataset, which only consists of word-level utterances, which meant
that the model only had to model sub-phonetic units instead of phonetic units in
sentence-level datasets like our setup. Thus, we instead opted to discretize the BNFs
using the ground truth text, similar to an ASR system. Nevertheless, we still found
that the learnable discretized intermediates were not beneficial, as it is still inferior
compared to the phoneme-level intermediates method, as seen in the high CER and
PER scores. In particular, we found that there were more words mispronounced, which

may be due to the simple decoding method used in CTC, which became more sensitive
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to mispronunciations due to using the ground truth text to discretize the BNFs instead
of a K-means discretization approach. As a final overall observation, we notice that
the DDUR and UTMOS metrics did not directly correlate with the subjective MOS
results, whereas the CER and PER metrics were more representative of the resulting
MOS results, showing that CER and PER may be the most viable option for objective

tests in this task.

4.5.6 Generalization of proposed techniques with a larger EL

dataset

Based on the previous experiments and Table 4.5, the phoneme-level intermediates
method in Sys. 9 seems to be the most promising. As the previous experiments only
used a single EL speaker, there may be doubts on the generalizability of the results.

To further verify the generalizability of the phoneme-level intermediates method on
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other EL speakers detailed in Table 4.2, we conduct experiments with a larger pseudo
EL dataset with the best method in Sys. 9 and compare this to Sys. 3 (referred to as
Parallel BNF) and Sys. 1 (referred to as Parallel Mel) as baselines. Pretraining on the
HiFiCaptain pair and synthetic JSUT EL / JSUT pair datasets were also conducted.
We use each EL speaker as described in the bottom half of Table 4.2 and convert all of
them to a single typical male speaker (TYPICAL MALE007) to make the evaluations
fair. To develop the ASR systems, we simply fine-tune the pretrained model on each
speaker and do not conduct the intermediate fine-tuning method discussed in Chapter
4.2.2, as the goal of these experiments is to instead observe the behavior of the network
when using BNFs with different ASR PER scores in the recognition module. As seen
in Fig. 4.6, we see that in all 14 speakers, the use of phoneme-level intermediates is the
most effective and produces the speech with the lowest PER. This pattern is further
proven on another set of real world EL speakers, as seen in Fig. 4.7. Despite the real
world EL speakers being limited to just 30 training utterances, using phoneme-level
intermediates still performed with only a maximum of 9.1% PER, which further proves
that the phoneme-level intermediates is the best method to use in terms of maximizing
resources. This validates that phoneme-level intermediates is an effective method even
for different EL speakers and would be a suitable choice as a framework for the atypical
speech enhancement task.

As we notice that the level of improvement over the baselines vary for each speaker,
we further investigate the correlation of the ASR PER and the synthesis PER in the 14
pseudo EL speakers. We further find a correlation in the absolute PER improvements
when using phoneme-level intermediates over Parallel BNFs. As shown in Fig. 4.8,
we find that ASR systems with a poor performance (higher PER score) actually get

a higher performance improvements when using phoneme-level intermediates than the
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traditional Parallel BNF method in Sys. 3. On the other hand, smaller improvements
are found in cases where the ASR PER performs better (lower PER score). This
can be further proven with the strong correlation coefficient of 0.61 for male speakers.
Although an outlier to this finding is from the FEMALEOO1 speaker where there is
more improvements despite a well performing ASR network, this might be attributed
to the fact that the target speaker was a male speaker, which caused the baseline
Parallel BNF setup to not perform effectively, which can be seen in Fig. 4.6. Thus, the
outlier is mostly due to the baseline not performing well rather than the phoneme-level
intermediates method having unstable behaviors.

These findings further show that researchers should opt to use phoneme-level inter-
mediates instead of Parallel BNF or Parallel Mel as their baseline method when working
on this task, due to its better performance and ease of accessibility in datasets. The
phoneme-normalization strategy has other practical advantages, as there is no need for
a parallel dataset, and control over the target speaker timbre would be easily handled
by modern TTS systems, making it applicable to a lot of real-world scenarios even
when the EL speaker has limited recorded data of their old voice.

However, these findings do not necessarily mean that working on a parallel setup is
futile. For example, prosodic information from the source EL containing emphasis on
certain words is disregarded with the phoneme-normalization setup but would be well
handled by a parallel setup. Moreover, as explained previously, the pronunciation of
some characters in Japanese and Chinese may also become more difficult if it is directly
inferred from just the input text, whereas the pronunciation in a parallel setup can be

retained.
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4.6 Conclusions

We investigated methods to reduce domain mismatches between the EL and typical
speech data through the use of discrete linguistic intermediates. We first resolved the
first mismatch of different speakers during pretraining (typical speech) and fine-tuning
(EL speech) by the use of bottleneck feature intermediates, which created a speaker-
independent representation for both EL and typical speech, reducing the speech type
mismatches between each dataset. Using this proposed method allowed the alignment
module to focus on modeling intelligibility, where it scored a 16% absolute improvement
in CER and a 0.83 higher naturalness score, compared to the baseline. This was
primarily because compared to the baseline which required the alignment module to
model both linguistic and speaker features at the same time, the method decomposed
these tasks into different networks.

We next resolved the second mismatch of the difference in the temporal structure
between the typical and EL speech, by introducing discrete linguistic intermediates to
improve modeling the temporal structure of typical speech, and effectively removing
the burden from the alignment module. Our findings showed that using phoneme-
level intermediates through a cascaded ASR+TTS framework was the most efficient
and synthesized speech with another absolute improvement of 1.4% in CER and 0.2
in naturalness, compared to the initialy proposed system. This was primarily because
compared to audio information, text information does not contain any sort of temporal
structure, and thus using these as prior information to normalize and select relevant
frames allowed the alignment module to become more efficient.

Nevertheless, despite the phoneme-level intermediates having the best performance,
there are still some fundamental limitations to using this approach as it deletes the

source speaker’s prosodic information entirely. Although this research investigated
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alleviating inadequacies of the phoneme-level intermediates strategy such as using the
source BNF and learnable discretization, we find tradeoffs in synthesis quality. Thus,
future work still need to investigate how to improve the error propagation and setups
discussed in this paper to consider how to reference the source speaker’s temporal

structure when modeling the target speaker through a parallel VC setup.



Chapter 5

Conclusions and Future Work

5.1 Conclusions

In this thesis, we explored the possible improvements in deep learning approaches
to help EL speakers overcome communication barriers in daily life. We focused on
resolving two main problems: lack of training data and domain mismatches in both

speech recognition and enhancement tasks.
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In Chapter 2, we detailed the literature present in this field. We first give a back-
ground on the human speech production process, and the main responsibility of
the larynx in this process. In cases where a larynx requires surgical removal, sev-
eral other alternatives for speaking are available, but an electrolarynx is the least
tasking of all. Next, we discussed preliminary deep learning concepts such as the
attention-based Transformer and diffusion modeling, which were essential architec-
tures used to resolve the problems in this thesis. Then, we discussed previous work
on electrolaryngeal speech recognition, which either resolves issues using either pre-
training or data augmentation to handle small-scale training datasets. Finally, we
discussed previous work on electrolaryngeal speech enhancement, which typically

relies on the use of data augmentation methods to handle domain mismatches.

In Chapter 3, we started the thesis by focusing on the speech recognition task. We
established a strong baseline in our research by first providing a thorough compar-
ison of novel pretraining techniques: supervised and self-supervised pretraining and
compare the performance on two pathological datasets. We investigated two types of
SSL-based pretraining frameworks, contrastive and masked region prediction, on two
different pathological speech datasets and compared them with a supervised pretrain-
ing framework based on Transformer and Conformer architectures. The main takeaway
from this study is that although SSL pretraining frameworks have shown success with
minimally resourced healthy speech, this does not seem to be the case with EL speech.

Then, we provided improvements in the supervised pretraining framework by propos-
ing an intermediate fine-tuning task that alleviated the learning gap between the pre-
training and target fine-tuning tasks. To prove the effectiveness of this method, we
presented a thorough study on the effects of using artificially generated EL data in

the intermediate fine-tuning task by using different speech synthesis models and the
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distortion of text labels in improving CER for EL speech recognition. By doing so, we
observe improvements by up to 6.1% compared to the baselines. A further analysis on
the latent spaces produced by each task showed that instead of focusing on learning
the linguistic content, the network instead tried to first learn the voicing characteris-
tics of the electrolaryngeal speech. These showed that optimizing learning the voicing
characteristics of the target speakers can be an efficient task during the intermediate
fine-tuning and could lead to improved results.

In Chapter 4, we focused on the speech enhancement task. Building on the findings
from Chapter 3 and using this speech recognition model, we used this to also cre-
ate a speech enhancement model. We analyzed two domain mismatches, which were
found in the acoustic and temporal structures. We first resolved the first mismatch
of different speakers during pretraining (typical speech) and fine-tuning (EL speech)
by the use of bottleneck feature intermediates, which created a speaker-independent
representation for both EL and typical speech, reducing the speech type mismatches
between each dataset. Using this proposed method allowed the alignment module to
focus on modeling intelligibility, where it scored a 16% absolute improvement in CER
and a 0.83 higher naturalness score, compared to the baseline. This was primarily
because compared to the baseline which required the alignment module to model both
linguistic and speaker features at the same time, the method decomposed these tasks
into different networks.

We next resolved the second mismatch of the difference in the temporal structure
between the typical and EL speech, by introducing discrete linguistic intermediates to
improve modeling the temporal structure of typical speech, and effectively removing
the burden from the alignment module. Our findings showed that using phoneme-level

intermediates through a cascaded ASR+TTS framework was the most efficient and
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synthesized speech with another absolute improvement of 1.4% in character error rate
and 0.2 in naturalness, compared to the initialy proposed system. This was primarily
because compared to audio information, text information does not contain any sort of
temporal structure, and thus using these as prior information to normalize and select
relevant frames allowed the alignment module to become more efficient.

We conclude this thesis by proposing solutions to the two main problems and improv-
ing baseline systems. With the ASR+TTS framework, a simple cascaded, low-latency
setup can already be done. Moreover, with a bit of effort on the engineering side, the
latency can even be reduced by introducing voice activity detection such that the con-
version process can occur in chunks of phrases rather than sentences. However, there
is still more work to be done to improve these systems for smooth and uninterrupted
real-world use cases. For example, in the speech recognition task, the proposed method
performs at a 15% CER, which is still far behind from the recognition rate of the pre-
trained model at 4.4% on the healthy test set. On the other hand, speech enhancement
also still has a large gap in naturalness tests, as the ground truth was rated at 4.72
MOS, while the best performing method was only rated at 2.97 MOS. Moreover, the
use of phoneme-level linguistic intermediates have several limitations compared to a

parallel setup as discussed in Chapter 4.5.6.

5.2 Future Work

The findings in the current experiments can bring several opportunities to improve
the method. For speech recognition, the main problem has been the difficulty of infer-
ring the correct Kanji characters without the intonation patterns from the EL speech.
Thus, more work can be done on the decoder langauage model side, which can infer

the correct sentence based on the context of the sentence. These can be done by using
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post-processing techniques of the decoded text by using large language models, which
are also currently done in decoding rare words. By the use of these post-processing
techniques, the sentence can be corrected and use the context of the previous sentences
instead of just inferring from the phonetic sounds of the input speech. Another ap-
proach can also be simply just directly predicting at a phoneme-level text instead of
the character-level text.

On the other hand, for speech enhancement, more work can be done by improv-
ing the phoneme-level intermediates, in particular the cascaded setup using ASR and
TTS. As both networks are separately optimized, this introduces the problem of error
propagation. In a scenario where both networks can be jointly optimized using parallel
data, this error propagation problem can be mitigated. Moreover, this helps improve
the network by being able to use both the phonetic sounds from the speech input and
the decoded text when generating the enhanced speech, and can minimize errors in
the pronunciation of different Kanji characters. For example, Codec-based quantiza-
tion and compressing audio into semantic and acoustic tokens have become a popular
approach in speech synthesis. Thus, there are several opportunities by creating an
encoder that can compress EL speech into effective semantic tokens using the speech
recognizer above, or by jointly training the quantization module of the semantic tokens
and the synthesizer jointly.

Another opportunity for improvement in the speech enhancement task is making
the network work in real-time. Currently, EL speakers have to say the entire sentence,
pass it through the speech enhancement framework, and wait for the converted healthy
speech to be played in a cascaded fashion. Even with a low-latency network, the cas-
caded fashion is what makes this framework difficult to adapt to real-world settings.

An ideal setup could be one where while the EL speaker speaks, the model already
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listens and processes the EL speech, and outputs the healthy voice even when the
speaker is not yet finished talking. Although it is theoretically difficult to convert EL
speech frame-by-frame like commonly-used voice changers due to the mismatch in tem-
poral structure, there can be opportunities such as having a few second latency to give
the network enough prior information to convert EL speech into healthy speech. This
has been done in low-latency speech-to-speech translation such as Hibiki [110], which
is based on the Moshi [111] architecture. In this framework, the network learns the
alignments and only starts converting once it determines that it has recorded enough
prior information. Typically, the translated speech is outputted starting after 2 seconds
have been recorded. Moreover, since speech enhancement is a monotonous alignment
(compared to speech-to-speech translation which has non-monotonous alignments be-
tween different languages), applying the same framework to the speech enhancement
task should be possible and make it usable in a real-world setting.

In general, another problem in both tasks is that a speaker-dependent network needs
to be trained, primarily due to the huge differences in pronunciation patterns between
different EL speakers. Although this is the widely used method due to the difficulty
of this problem, this also prohibits several EL speakers from using these models as a
daily tool. Thus, speaker-independent frameworks where minimal amounts of data are
only required, similar to how state-of-the-art networks function for healthy speakers,
can help make these solutions mainstream and reasonable to use for any EL speaker.
If a model can be robust enough to extract linguistic information at the same accuracy
as with healthy speech, then this can be the first step in resolving this issue. This
thesis somewhat tackled this framework in Chapter 4.2.2 with the recognition module
being able to decode text from either healthy or EL speech, but there is still a gap

in recognition performance between the two types of data. Future work can focus
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on making this recognition module even more robust and ensuring that any type of
speech can be projected into the same latent space (and thus be decoded at the same

performance).
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