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ABSTRACT

Automatic speech recognition (ASR) for low-resource languages presents numerous chal-
lenges due to the lack of various crucial linguistic resources including annotated speech
corpus, lexicon, and raw language text. In this thesis, we propose different approaches
to improve fundamental frequency estimation and speech recognition for low-resource
languages.

Firstly, we propose DeepFo, a new deep learning technique for fundamental frequency
(Fo) estimation. Existing models have limited learning capabilities due to using a shallow
receptive field. Our DeepFo extends the receptive field by using dilated convolutional
blocks. Additionally, we enhance training efficiency and speed by incorporating residual
blocks with residual connections. We achieve state-of-the-art results with DeepFo, even
using 77.4% fewer network parameters.

Secondly, we introduce a new meta-learning framework for low-resource speech recog-
nition that improves on the previous model-agnostic meta-learning (MAML) approach.
Our framework addresses issues of MAML such as training instabilities and slower con-
vergence by using a multi-step loss (MSL). MSL calculates losses at each step of MAML's
inner loop and combines them using a weighted importance vector, which prioritizes the
loss at the last step.

Thirdly, we propose an end-to-end ASR approach for low-resource languages that ex-
ploit the synthesized datasets along with real speech datasets. We evaluate our approach
on the low-resource Punjabi language, which is widely spoken across the globe by mil-
lions of speakers, however, still lacks annotated speech datasets. Our empirical results
show that our synthesized datasets (Google-synth and CMU-synth) can significantly im-

prove the accuracy of our ASR model.
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Lastly, we introduce a self-training approach, also known as pseudo-labeling approach,
to enhance the performance of low-resource speech recognition. While most self-training
research has centered on high-resource languages such as English, our work is focused
on the low-resource Punjabi language. To weed out the low-quality pseudo-labels, we
employ length normalized confidence score.

Overall, our experimental evaluation validates the efficacy of our proposed approaches

and shows that they outperform existing baseline approaches for Fy estimation and low-

resource speech recognition.
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INTRODUCTION

This chapter provides an overview of this thesis. We introduce the background and previous studies
on low-resource languages in Section 1.1 and Section 1.2. We explain our motivations in Section
1.3, where we discuss issues presented by existing approaches. Further, in Section 1.5, we summa-

rize the main contributions of this thesis. Lastly, the outline of our thesis is listed in Section 1.6.

1.1 LOW-RESOURCE LANGUAGES

Automatic speech recognition (ASR) technology has revolutionized the way we interact
with computers, making it easier and more natural for users to communicate. The state-
of-the-art end-to-end (E2E) ASR systems, have shown excellent performance on various
mainstream languages. However, the performance of these systems is often limited by the
availability of annotated data (audio and corresponding text pairs) and other linguistic
resources (i.e., language text and lexicon) in the target language. This is particularly true
for low-resource languages, which lack a sufficient amount of annotated datasets to build
an accurate ASR system. The limited availability of annotated data is a significant chal-
lenge for low-resource languages, given that only about 100 out of approximately 7,000

languages spoken worldwide have established ASR systems [1].



1.1 LOW-RESOURCE LANGUAGES

Before proceeding further, we first need to establish what are low-resource languages.
In the field of natural language processing, specifically in the context of ASR, low-resource
languages are those that lack the necessary resources to build a mature ASR system. These
resources include annotated speech datasets, a vast collection of raw text, and reliable
pronunciation dictionaries [2].

Annotated speech datasets play a crucial role in the development of ASR systems. The
annotated datasets consist of audio recordings with corresponding transcriptions of the
spoken words and phrases, which provides a reference for ASR models to learn from.
However, creating annotated speech datasets is an expensive and time-consuming pro-
cess that requires skillful transcribers and diverse speakers of the target language [3]. On
average, transcribing an hour of spontaneous speech can take up to 6 hours and can cost
around $90-$150 per hour [4]. In low-resource settings, where there is limited or no ac-
cess to large annotated datasets, the ASR models produce noisy transcriptions, which can
affect the overall effectiveness of the system.

A vast collection of raw text is also an essential resource for building strong language
models for ASR systems. Language models use these collections to predict the probability
of a given word or phrase in a particular language. However, low-resource languages
often lack sufficient unpaired text, making it challenging to train reliable language models
[5]. Besides, some of the low-resource languages do not even have a standard writing
system, which presents unique challenges for producing and documenting linguistic data
[6]. For example, the Pirahd language, which is spoken by the Piraha people residing
in the Brazilian Amazon rainforest, features a sophisticated tonal grammar, but lacks a
conventional writing system [7].

Further, pronunciation dictionaries are another crucial resource for developing ASR sys-
tems [8]. These dictionaries map the phoneme sequences to their corresponding words,
enabling the system to recognize and transcribe spoken words accurately. However, de-

veloping a pronunciation dictionary for a language requires expert linguists to curate a
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phonetic dictionary for every possible word in the language. This process can take years

and may still be subject to human errors and pronunciation variations.

1.2 ASR SYSTEMS FOR LOW-RESOURCE LANGUAGES

The research question driving this thesis is: How can we improve speech recognition per-
formance in low-resource languages? This question is motivated by several factors. Firstly,
low-resource languages represent a significant portion of the world’s population and cul-
ture, and improved speech recognition technology can play a crucial role in bridging the
digital divide and empowering these communities. Secondly, the advancements in speech
recognition technology have enabled a wide range of applications, such as speech-based
interfaces for mobile devices, accessibility technology for people with disabilities, and au-
tomatic translation systems. Improved speech recognition performance in low-resource
languages can help extend these benefits to a wider audience.

The development of ASR systems for low-resource languages has been a very active
area of research for the past several years. Over time, many effective approaches and
research directions have been followed to solve the issues associated with low-resource
languages. One of these approaches solves the scarcity of data through data augmentation
techniques. Several studies have proposed standard data augmentation techniques, such
as speed perturbation [9], pitch perturbation, and noise-based augmentations [10], [11].
Further, some augmentations were based on audio transformation including time and
frequency masking and time warping [12]. Apart from this, text-to-speech (TTS) synthesis
has also been used as an augmentation technique for low-resource languages [13]-[18].

Further, most other studies involve training an ASR model on multiple languages at
once in multilingual and/or cross-lingual fashion [19]-[22]. Another approach is transfer
learning, where the model is first pre-trained on high-resource languages and then fine-
tuned on the target low-resource languages [23]-[25]. Recently, some studies also focused

on meta-learning for low-resource languages [26], [27]. Furthermore, recent advancements
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in self-supervised learning based wavavec models have shown significant improvements
in low-resource scenarios [28]-[31]. These models leverage the huge amounts of unlabeled
speech data to pre-train the model to learn powerful shared feature representations across
multiple languages. Besides, self-training approaches also exploit available unlabeled au-
dio dataset in a very simple but effective way and have shown significant improvement
in low-resource settings [32]-[36]. Overall, these advancements have made ASR systems

more effective for low-resource languages.

1.3 MOTIVATIONS

Despite significant progress in ASR for low-resource language, there are still many chal-

lenges that need to be addressed.

¢ Data-driven F( estimation: Fy estimation is important in various speech processing
and music information retrieval applications, especially in the case of speech recog-
nition of tonal languages [37]. Fo estimation algorithms can effectively extract useful
tonal features in the case of tonal languages such as Punjabi and Mandarin. Existing
Fo estimation approaches are mostly based on hand-designed statistical algorithms
[38]-[42]. Very few of them are based on data-driven approaches (machine/deep
learning), however, they still have limited learning capabilities due to their shallow

receptive field [43].

* Meta learning for low-resource ASR: Meta-learning or learning to learn, is not a
nascent concept but has gained increasing attention in recent times. Particularly in
the realm of deep learning, meta-learning has gained prominence owing to its expan-
sive range of applications and benefits. Meta-learning facilitates faster generalization
to diverse tasks with limited examples and steps. Meta-learning has been employed
in diverse research domains, including several computer vision tasks [44]-[47], nat-
ural language processing [48]-[50], and more recently, automatic speech recognition

[27], [51], [52]. For speech recognition, model-agnostic based meta-learning (MAML)
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[44], has shown encouraging results as compared to multi-task learning [27]. How-
ever, the existing MAML based approaches for ASR suffer from issues in terms of

accuracy and inconsistent training behavior.

* Availability of the annotated datasets: There exists an ample number of annotated
datasets for high-resource languages such as English, Mandarin, German, Spanish,
etc. However, annotated datasets are very scarce for most low-resource languages,
which presents a fundamental challenge in building ASR systems for such lan-
guages. Further, producing accurate annotated speech data could be expensive in

terms of time and money.

¢ Self-training for low-resource languages: Most of the previous and recent work
in self-training/ pseudo-labeling is based on and demonstrated on high-resource
languages such as English [33]-[35], [53], [54]. However, most of the languages of
the world are low-resource and the ASR system designed for them performs poorly
when compared to those with high-resource languages. For example, very little work

has been done for end-to-end self-training for the Punjabi language.

1.4 RESEARCH OBJECTIVE

In this thesis, we propose deep learning based approaches for speech processing tasks
especially for Fy estimation and automatic speech recognition for low-resource languages.

Our research objectives are listed as follows:

* Objective 1: To address the limitations of current Fy estimation approaches, this ob-
jective aims to develop an end-to-end deep learning-based approach called DeepFo.
The objectives are twofold: (1) to design a model using dilated convolutional neu-
ral networks to capture longer context and improve accuracy, and (2) to optimize
the network parameters to reduce memory and computational requirements while

enhancing the model’s receptive field.
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* Objective 2: To enhance the meta-learning approach for low-resource automatic
speech recognition by addressing the challenges of inconsistent training and slow
convergence observed in existing meta-learning models. The research aims to pro-
pose and implement a novel multi-step loss function as a solution to these issues.
The effectiveness of the enhanced meta-learning model will be empirically evaluated

and compared to existing approaches using relevant performance metrics.

* Objective 3: To address the challenges of data scarcity in low-resource automatic
speech recognition, this objective aims to develop an innovative approach for creat-
ing and utilizing both real speech and synthetic speech datasets. The objective is to
design a systematic methodology to generate synthetic speech data representative
of the target language. Subsequently, the efficacy of these datasets will be rigorously
tested and evaluated using self-supervised crosslingual models. The research seeks
to demonstrate how leveraging both real and synthetic speech data can significantly
enhance the accuracy and robustness of low-resource automatic speech recognition

systems.

* Objective 4: To enhance the performance of ASR systems in low-resource settings,
this research aims to develop an innovative self-training approach. The primary
goal is to leverage large unlabeled speech data in the target language to improve
the accuracy and robustness of low-resource ASR systems. The research will involve
designing a novel self-training framework with confidence based filtration method
to iteratively improve the ASR models using the unlabeled data. The resulting self-
training approach is expected to demonstrate substantial performance gains and
contribute to the advancement of ASR technology in challenging low-resource sce-

narios.
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1.5 MAIN CONTRIBUTIONS

Throughout this thesis, we will focus on the following two sub-tasks of speech process-
ing: Fo estimation (Chapter 2), automatic speech recognition for low-resource languages
(Chapter 3, 4 and 5). The contributions in each of the aforementioned chapters are sum-

marized as follow:

* Develop a data-driven approach called DeepFo for pitch estimation of music and
speech signals. This approach could be used to extract pitch features for tonal lan-
guages for speech recognition purposes. DeepFo achieves state-of-the-art results as

compared to existing baselines. This work is published as [55].

* Develop an improved meta-learning approach for automatic speech recognition of
low-resource languages. We introduce a multi-step loss function to the MAML ap-
proach, which results in better performance in terms of character error rate and sta-
ble training behavior compared with the MAML approach. This work is published
as [26].

* To tackle the issue of data scarcity, we produce two synthesized datasets (i.e., Google-
synth and CMU-synth) and one real speech dataset called Punjabi Speech. We val-
idate the effectiveness of synthesized datasets along with real speech datasets by
developing a self-supervised framework for low-resource Punjabi language. The em-
pirical results show significant error rate reduction when training self-supervised
models with real speech and synthesized speech data. The Punjabi Speech [56],
Google-synth [57], and CMU-synth [58] datasets have been made publicly available

online, contributing valuable resources to the research community.

¢ To further improve ASR for low-resource language, we develop a simple but ef-
fective self-training approach. Our approach employs length normalized confidence
based filtering method to sieve out low-quality pseudo-labels. Further, for self-training

purposes, we produce an unlabeled dataset, which is compiled using audiobooks
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data available on YouTube. The proposed approach reports excellent results on var-

ious datasets for the Punjabi language.

1.6 THESIS OVERVIEW

The remainder of this thesis is organized as follows:
¢ Chapter 2 describes our proposed pitch/fundamental frequency estimation approach.

¢ Chapter 3 discusses our proposed meta-learning approach for automatic speech

recognition of low-resource languages.

¢ Chapter 4 presents our proposed self-training framework for low-resource speech
recognition. The chapter lists the effectiveness of synthetic datasets in improving

performance in low-resource settings.

¢ Chapter 5 propose a self-training approach to further improve speech recognition

for low-resource languages.

* Chapter 6 summarizes the key findings of the thesis and discusses future work and

directions.

Note that references related to each chapter are listed at the end of each chapter.
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DEEPFo: END-TO-END FUNDAMENTAL FREQUENCY
ESTIMATION

We propose a novel pitch estimation technique called DeepFo, which leverages the available anno-
tated data to directly learns from the raw audio in a data-driven manner. F estimation is important
in various speech processing and music information retrieval applications. Existing deep learning
models for pitch estimations have relatively limited learning capabilities due to their shallow recep-
tive field. The proposed model addresses this issue by extending the receptive field of a network by
introducing the dilated convolutional blocks into the network. The dilation factor increases the net-
work receptive field exponentially without increasing the parameters of the model exponentially. To
make the training process more efficient and faster, DeepFo is augmented with residual blocks with
residual connections. Our empirical evaluation demonstrates that the proposed model outperforms
the baselines in terms of raw pitch accuracy and raw chroma accuracy even using 77.4% fewer
network parameters. We also show that our model can capture reasonably well pitch estimation

even under the various levels of accompaniment noise.

2.1 INTRODUCTION

The fundamental frequency often represented by Fy is the lowest and predominant fre-

quency in a complex periodic signal. It is also referred to as the pitch of the waveform
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[1]. However, there is a subtle difference between Fy and pitch since Fy is perceived as the
physical property of the audio signal, whereas pitch relates to the perceptual aspect of it.
Nevertheless, outside the scope of psychoacoustics, both terms are used interchangeably
in the literature [2] and in this chapter as well. Pitch estimation has been studied for al-
most for the last five decades because of its central importance in various domains such
as speech recognition [3], speech synthesis [4], and music information retrieval [5].

There are many algorithms proposed in the past to carry out the task of pitch esti-
mation. These algorithms can be categorized into two broad categories: digital signal
processing (DSP) based approaches, and data-driven approaches. The signal processing
based approaches can be further classified into the time-domain approaches (RAPT [6],
YIN [7], and pYIN [8]), frequency-domain approaches (SWIPE [9] and PEFAC [10]), or
hybrid (both time and frequency-domain) approaches (YAAPT [11]). Most of them use
a three-stage process consisting of preprocessing of a perceived signal (usually framing
and signal conditioning) followed by possible candidate search using an auto-correlation
function, cross-correlation function, or cepstrum function [12]. Lastly, post-processing to
track down the best possible candidates for Fy using dynamic programming [8]. These
approaches are computationally intensive, not robust in noisy environments, fail when
the pitch is rapidly changing, and do not learn anything from available data [12]. On the
other hand, data-driven approaches take full advantage of the available data and learn the
estimation model based on the data itself. Most of the data-driven approaches are either
based on traditional machine learning or deep learning approaches. Due to the availabil-
ity of annotated pitch estimation datasets, and the success of deep learning models in
various domains, it has become common practice to train the pitch estimation models in
a data-driven manner.

Recently, numerous deep learning approaches were proposed either based on hand-
crafted features or raw audio front-end. Many of the early work extracted hand-crafted
features, which included constant-Q transform (CQT) [2] and spectral-domain features

[13]. While extracting the acoustic features from raw audio, there is always a chance of
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leaving out important features that might be crucial for pitch estimation [14]. To deal with
such a situation, many researchers attempted to exploit raw waveform as the front end
features in various speech-related tasks [14], [15].

In [16], a deep neural network (DNN) based pitch estimation model was proposed,
which operates on raw audio. Kim et al. [12] designed a convolutional neural network
(CNN) model that utilizes raw audio in the time domain and was able to outperform
existing DSP based algorithms. Similarly, Dong et al. [14] proposed a convolutional resid-
ual network model to estimate pitch using raw polyphonic music. Even though these
approaches perform better than DSP based algorithms, but these models still have very
shallow receptive fields. Authors in [17] and [18] showed the effectiveness and applica-
tions of larger receptive in sequence modeling tasks. We intend to use that intuition in
our pitch estimation task, where we can augment the network with dilation to have large
memory or receptive field. We propose the DeepFo model that is based on a dilated
causal temporal convolutional network (TCN). Dilation in CNN increases the receptive
tield exponentially, without putting a computational burden on the network in terms of
the number of network parameters used [17]. To stabilize the training of deep network,
we introduce residual network blocks and skip connections to the network, which can
increase training efficiency, and achieve high accuracy as well [19]. The residual networks
(also known as ResNet) have been successfully applied to a range of diverse areas of
research [17], [20].

We evaluate our proposed model on standard datasets that include MIR-1k [21], MDB-
stem-synth [22], and PTDB-TUG [23]. These datasets contain audio samples of heteroge-
neous timbre and characteristics. We compare our approach with state-of-the-art CREPE
and SWIPE baseline algorithms, where the former is deep learning based data-driven
approach and the latter is a DSP based method. Empirical evaluation demonstrates that
the proposed model yields state-of-the-art results in terms of pitch accuracy. Besides, the
proposed method also outperforms the baselines in the presence of a reasonable amount

of background noise.
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2.2 PROPOSED ARCHITECTURE

The rest of the chapter is organized as follows: Section 2.2 outlines the proposed archi-
tecture. Section 2.3 describes the experimental setup. The results are discussed in Section

2.4, followed by Section 2.5, which concludes the chapter.

2.2 PROPOSED ARCHITECTURE

The proposed approach is based on a dilated temporal convolution network. This type
of architecture has been applied in the text-to-speech task (WaveNet [17]) but has not
been applied in the pitch estimation task. The receptive field of the basic CNN is limited,
which depends upon the linear depth of the network [18]. We can improve the receptive
field by adding more convolutional layers, which will increase the receptive field linearly.
However, this will put a computational burden on the network due to increased network
parameters, and can also lead to a vanishing gradient problem. To address these issues
dilated CNN is adopted [17]. In dilated convolutions (also referred to as convolutions
with holes or atrous), we skip certain values to gain the receptive area which is usually
larger than the filter size. This way we can achieve an exponentially large receptive field

without even increasing the network parameters exponentially.

Residual Blocks

|
|

2048 flattern
360 output

Residual block-1
Residual block-2
Residual block-3
Residual block-4
Fully-connected

Average pool: 64

1024 raw audio samples
Conv1d

J Avg-pool —

Filters: 128
Kernel size: 64

Figure 2.1: Network architecture of DeepFo.

The dilated convolutions are causal, which ensure that the current output is derived
from the past outputs only and it does not look into future outputs. As we are increasing

the depth of the network, which is ideal for learning robust representations, it can lead
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Figure 2.2: Internal view of a residual block of DeepFo.

to the classical problem of vanishing gradients. Considering this issue, we adopt resid-
ual connections that resolve the problem of gradient vanishing by making new ways to
flow the gradients [17]. It also makes sure that the higher layers perform as good as the
deeper layers by learning through identity mapping while training a deeper network and

is expressed as the following equation:

y = ReLu(x + F(x)) (2.1)

where x is input, and J(x) represents a series of transformations like convolution opera-
tions and weight normalization.

We feed our DeepFo model with an audio frame comprising 1024 samples extracted
from a time-domain audio signal sampled at 16 kHz. The architecture of the model is
shown in Figure 2.1. The input is passed to 1D convolution with 128 filters and 64 kernel
size. The big kernel size allows it to have a wide receptive field and it also contributes to
learn directly from the raw audio [14]. The output of the first convolution goes through
the residual blocks. Our residual block as shown in Figure 2.2 consists of a 1D dilated
causal convolution layer and a normal 1 x 1 convolutional layer followed by ReLu non-
linearity [24] and a weight normalization layer [25]. To achieve extended receptive fields,
we use a dilation rate of d =1, 2,4, 8. In each residual block, we employ the residual/skip
connections. The outcome of the last residual block is downsampled using average pool-

ing with a pool size of 64 followed by a dense layer and sigmoid activation function. The
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model uses a binary cross-entropy loss function to calculate the error between true y;
and predicted values {J;. The model is optimized using the Adam optimizer [26] with a
learning rate of 2e-4. Early stopping is enforced to ensure no overfitting when validation
accuracy is not improving for 32 epochs. DeepFo is trained using the Nvidia Geforce RTX
2080 Ti GPU.

Following [12], the proposed model outputs a 360-dimensional vector (c1 —c360), which
represents pitches on the logarithmic scale measured in terms of cents (a unit to mea-
sure small musical intervals). Each dimension of the output vector corresponds to the
frequency bin that covers a frequency range from 32.70 Hz to 1975.5 Hz with 20 cents
of intervals. The output vector estimates the Gaussian curve using the Gaussian kernel
smoother [12]. Afterwards, we calculate the pitch value by taking the local weighted av-
erage of pitches closest to frequency bins having the highest peak value as shown in
Equation 2.2. The resulted pitch values in cents are converted back to frequency equiva-
lent (Hz) using Equation 2.3, where f is resulted frequency and 1200 is a single octave. f;¢¢

represents the reference frequency, which is set to 10 throughout our experimentation.

m-+4 m+4
¢= > (Gict)/ D (0)  m=argmax{; (2.2)
i=m—4 i=m—4 i
f = frep-26/120° (2.3)

2.3 EXPERIMENTAL SETUP

2.3.1 Datasets

The proposed model is trained and evaluated on three publicly available standard datasets,
namely, MIR-1k [21], MDB-stem-synth [22], and PTDB-TUG [23]. MIR-1k contains 1000
audio clips of people singing Chinese pop songs (11 males and 8 females) with pitch
annotations. The right channel of the audio consists of the singing part, and the left chan-

nel holds musical accompaniment. The length of the songs is between 4 and 13 seconds,
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which makes a total of 133 minutes of recordings. The MDB-stem-synth dataset contains
230 tracks resynthesized from the MedleyDB dataset [27]. It consists of 418 minutes of di-
verse musical instruments and singing voices. Besides that, we also use the Pitch Tracking
Database provided by the Graz University of Technology (PTDB-TUG). The dataset com-
prises 4720 speech and laryngograph recordings of 20 native English speakers (10 males
and 10 females) with a total length of 576 minutes. These three datasets have different

characteristics, covering various musical instruments, singing voices, and speech signals.

2.3.2  Methodology

The proposed model is trained using 5-fold cross-validation with a 60/20/20 split of
train, validation, and test, respectively. The split is carried out in such a way that no
artist/speaker/instrument overlaps with train and test splits. To investigate the model’s
robustness against background noise, we trained and evaluated the model on a dataset
corrupted with musical accompaniment noise. We add a musical accompaniment noise
to the original clean audio for the MIR-1k dataset at different signal-to-noise ratio (SNR)
levels of 20dB, 10dB, and odB.

2.3.3 Baselines

We compare the proposed model with baseline models that include CREPE [12] and
SWIPE [9]. The DSP based SWIPE algorithm estimates pitch by template matching with
the spectrum of the sawtooth waveform. On the other hand, CREPE is a data-driven deep
learning model, which is based on CNN and trained using multiple datasets (MIR-1k [21],
MDB-stem-synth [22], MedlyDB [27], RWC-Synth [8], Nsynth [28], and Bach1o [29]). We
use the full version of the CREPE model (22.2M parameters) without Viterbi smoothing
provided by the authors. Both the chosen models directly operate on the raw waveform

in the time domain.
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2.3.4 Evaluation Metrics

To evaluate and compare the performance of the proposed model with the baselines, we
use evaluation metrics defined in [30]. Raw Pitch Accuracy (RPA) measures the percentage
of audio frames where the frequency estimate is accurate within the threshold value,
which is 50 cents in our case. Raw Chroma Accuracy (RCA) also measures the percentage
of audio frames where the frequency estimate is correct. However, the octave errors are
ignored and mapped onto a single octave. Note that both RPA and RCA ignore voicing

errors.

2.4 RESULTS AND DISCUSSION

2.4.1  Pitch Accuracy

The proposed model is compared with state-of-the-art models that include CREPE [12]
and SWIPE [9]. The results are depicted in Table 2.1. Our proposed model outperforms the
baseline models in terms of raw pitch/chroma accuracies on all three datasets on clean au-
dio. In terms of raw pitch accuracy, the DeepFo model shows 1.33% and 9.29% of relative
improvement compared with CREPE and SWIPE models on the MIR-1k dataset, respec-
tively. A similar trend can be seen in raw chroma accuracy where the proposed model
outperforms both the baseline models with no added noise across all the datasets. On
the MDB-stem-synth dataset, DeepFo achieves near-perfect pitch estimation with 98.38%
RPA and 98.44% RCA in comparison with its baselines. We also evaluate our model on
an additional dataset (PTDB-TUG), which has heterogeneous timbre (speaking voices) as
compared to MIR-1k (singing voices) and MDB-stem-synth (musical instruments). Our
model significantly performs better on PTDB-TUG in contrast to CREPE and SWIPE. On
the PTDB-TUG dataset, CREPE performs worst of all the models. This could be attributed
to the fact the model provided by the authors was not trained on the PTDB-TUG dataset.

23



2.4 RESULTS AND DISCUSSION

Table 2.1: Average raw pitch accuracy and raw chroma accuracy and their standard deviation (+£)

tested on three different test datasets.

Datasets
Model | #Params | Metrics
MIR-1k MDB-stem-synth | PTDB-TUG

RPA (%) | 88.73 £5.43 92.84 +9.59 87.74 £7.17
SWIPE -

RCA (%) | 89.24 £5.28 93.83 +7.69 88.93 +£6.12

RPA (%) | 96.51 £3.23 97.22 +4.12 78.18 +£10.07
CREPE | 22.2M

RCA (%) | 96.84 £2.56 97.55 +3.43 79.81 £9.39

RPA (%) | 97.82 + 3.34 98.38 £ 2.97 93.14 £ 3.32
DeepFo 5sM

RCA (%) | 98.28 + 1.94 98.44 £ 2.87 93.47 £ 3.41

Table 2.2: Average raw pitch accuracy and raw chroma accuracy and their standard deviation (=£)

on the MIR-1k dataset with added noise on various levels of SNR.

Noise Profile
Model | Metrics
Clean 20dB 10dB odB

SWIPE RPA (%) | 88.73 £ 5.43 | 84.45 = 5.64 | 59.78 £ 11.58 | 32.04 *+ 11.84

RCA (%) | 89.24 + 5.28 | 85.31 + 5.19 | 62.85 + 11.07 | 37.31 £ 12.93

RPA (%) | 96.51 & 3.23 | 96.49 + 3.32 11+ 4.6 84.92 + 10.70
CREPE 51 = 3.23 49 =3.32 | 95 4.65 4-9 7

RCA (%) | 96.84 &+ 2.56 | 96.96 + 2.63 | 96.18 & 3.35 | 87.85 + 8.82

RPA (%) | 97.82 &+ 3.34 | 97.39 &+ 3.76 | 94.77+ 6.03 79.52+ 14.0
DeepFo

RCA (%) | 98.28 & 1.94 | 98.09 &+ 2.10 | 96.35 £+ 3.72 | 84.37 £ 10.71

DeepFo also shows more stability as it demonstrates consistently lower variance in pitch

accuracy next to its baselines.
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2.4.2  Performance in Noisy Conditions

Ideally, even in noisy environments, a model can still perform reasonably well. We put
our proposed model into such testing scenarios by contaminating the signals with musical
accompaniments at various levels of SNR on the MIR-1k dataset and results are presented
in Table 2.2. In general, our proposed method achieves higher RPA and RCA as compared
with the baselines under 10dB and 20dB noise. However, CREPE performs better when
SNR is as low as odB. On the other hand, the performance of the SWIPE model is worst

under 10dB and odB noise. Overall, we can say that DeepFo achieves better performance

500
No noise —— Ground truth
400 1 Predicted pitch
300 A < .
IAN NS\ Ao .
s A
200 A
_100 A
N
Lz
0 T T T T T
>
& 0 100 200 300 400
o 500 .
1 0 dB noise —— Ground truth
i 400 - Predicted pitch
300 A AN
1IN SN o _
\// - /'J\ ; {'- :I/ \\” — - e T
200 A
100 A
0 T T T T T
0 100 200 300 400
Frames

Figure 2.3: The estimated pitch trajectories of DeepFo in comparison with ground truth under
clean (top) and odB noise (bottom). Under a noise scenario, DeepFo produces near

perfect pitch estimation, while under noise there are few errors.
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Figure 2.4: Evaluation results of the proposed model with different dilation rates on the MDB-

stem-synth dataset. Dilation rate d = 8 shows the best results.

under low to moderate noise scenarios and CREPE works better under moderate to high

noise scenarios.

2.4.3 Model Analysis

Our proposed model is more efficient in terms of the number of parameters used for
training, which is around 5 million as compared with the CREPE model, which uses
22.2 million parameters. Thus, our DeepFo model with 77.4% fewer parameters can still
outperform the CREPE model. Further, we analyze the role of the receptive field in the task
of pitch estimation. We observe that a larger receptive field indeed improves the overall
performance of the model. Our experiments are with dilation rate d = 1,2,4, 8,16 on the
MDB-stem-synth dataset. The raw pitch accuracies are depicted in Figure 2.4. DeepFo
with d = 1, which is basically a standard CNN, only achieves about 86.40% of RPA and
86.55% of RCA. Further d = 2,4 improve the performance and able to achieve similar
results as the CREPE model. However, the results are not very stable in terms of variance,

which ranges from +6.85 to +18.11 on dilation rate 1 to 4. We find that d = 8 gives the
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Table 2.3: Evaluation results of the ablation study of our DeepFo model. Without residual connec-
tions accuracy of the model decrease. With the dropout layer included in the residual

blocks, the performance more or less remains the same.

Dataset
MIR-1k

Models Metrics

RPA(%) | 97.82%3.34
RCA(%) | 98.28+1.94
RPA(%) | 97.54£3.61
RCA(%) | 97.89%2.42
RPA(%) | 97.83+3.28
RCA(%) | 98.24%2.18

DeepFo baseline

w /o residual connections

w/ dropout

best results in terms of RPA (98.38% £2.97), RCA (98.44% £2.87), and variance. DeepFo
does not show any performance improvements beyond the dilation rate of d = 8.

We also analyze some of the design choices that we made while constructing the ar-
chitecture of DeepFo and the results of our ablation study are presented in Table 2.3. We
find that residual connections are making a significant difference when it comes to stabi-
lizing and speeding up the training process. Not only model converges fast, but it also
helps in achieving higher performance with low variance. Besides this, we do not use
dropout layers throughout our network as we observe that these layers seem redundant
in the presence of the weight normalization layer and have almost zero effect on the final

results.

2.5 CONCLUSIONS
In this chapter, we propose a data-driven approach based on dilated temporal convolu-

tional networks for the task of fundamental frequency estimation. The proposed DeepFo

model operates on raw audio and outputs the pitch estimation. The experimental results
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performed on three heterogeneous datasets (singing voice vs speaking voices vs musical
instruments) reveal that DeepFo outperforms existing baseline models like CREPE and
SWIPE. Our proposed model not only achieves better results but also uses 77.4% fewer
parameters as compared with the CREPE model. Our model is also able to perform reason-
ably well under low to moderate noise. Further, we gain crucial insights about the large
receptive field, which was not there in earlier models. We find that the length of the re-
ceptive field of the network is very significant in pitch estimation, which aids in achieving
excellent results with consistently low variance. In the future, we would like to improve
the noise robustness of our proposed model by introducing changes in architectural de-
sign, data augmentation, and speech enhancement techniques [31]. The performance can
be further improved by post-processing the pitch estimate through temporal smoothing

techniques.

In the forthcoming chapter, we delve into the domain of meta-learning for low-resource
speech recognition. Acknowledging the necessity for efficient training algorithms in low-
resource settings, this chapter introduces the Model-Agnostic Meta-Learning (MAML)
algorithm. As we navigate the challenges associated with applying MAML to our speech
recognition task, we identify areas that warrant improvement to attain more consistent
training outcomes. In light of this, we propose a multi-step loss (MSL) function with
the goal of stabilizing the training process and enhancing performance across diverse

languages with limited data.
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IMPROVED META-LEARNING FOR LOW-RESOURCE SPEECH
RECOGNITION

We propose a new meta-learning based framework for low-resource speech recognition that im-
proves the previous model agnostic meta-learning (MAML) approach. The MAML is a simple yet
powerful meta-learning approach. However, the MAML presents some core deficiencies such as
training instabilities and slower convergence speed. To address these issues, we adopt multi-step
loss (MSL). The MSL aims to calculate losses at every step of the inner loop of MAML and then
combines them with a weighted importance vector. The importance vector ensures that the loss at
the last step has more importance than the previous steps. Our empirical evaluation shows that
MSL significantly improves the stability of the training procedure and it thus also improves the
accuracy of the overall system. Our proposed system outperforms MAML based low-resource ASR

system on various languages in terms of character error rates and stable training behavior.

3.1 INTRODUCTION

Modern deep learning based end-to-end (E2E) models have lately become extremely pop-
ular in the speech community [1] and have achieved a significant milestone in terms of
performance. These systems have been deployed under commercial domains as they have

shown consistently lower word error rates that are close to 1-2% [2]. The modern ASR sys-
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tems are mostly trained in E2E fashion without requiring resources like a pronunciation
dictionary and a language model as separate modules. These systems are able to achieve
such a high degree of accuracy mainly because they are trained on various large vocabu-
lary datasets. However, these E2E systems tend to perform much worse for the languages
that do not have such large quantities of annotated data.

Among roughly 7000 languages spoken across the world, there are only around 100
languages that have well-established speech recognition systems [3]. The rest of the lan-
guages are considered low-resource languages because they do not have a huge amount
of annotated speech data, strong pronunciation dictionaries, and a huge collection of un-
paired texts. A lot of progress has been made in low-resource speech recognition, which
includes efforts like transfer learning [4] and multilingual training [5]. Recently, a new
paradigm, meta-learning has been explored for low-resource speech recognition [6]. Meta-
learning (also known as learning to learn) is a machine learning technique, where learning
is done on two levels. On one level (inner loop) model acquires task specific knowledge,
whereas the second level (outer loop) facilitates task across learning [7].

Previously, Hsu et al. [6] proposed a meta-learning framework based on the MAML
approach for ASR for low-resource language. The proposed framework outperformed
the no-pre-training and multi-lingual training settings. Similarly, Winata et al. [8] incor-
porated the MAML approach for the few-shot accent adaptation task for English. The
MAML approach in general is a very straightforward and powerful approach. However, it
is prone to numerous problems, including unstable training and slow convergence speeds.
These issues also impact the generalizability of the model. Thus, to deal with these issues,
in this work, we adopt the multi-step loss [7], which is introduced to stabilize the meta-
training procedure. The meta-training approach with multi-step loss calculates the inner
loss after every inner step updates and later computes the weighted sum of all the inner
losses.

We evaluated our proposed approach on 10 different languages present in the Common

Voice vy.0 dataset. All these languages are represented in the form of a low-resource
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setting where the language data ranges from o.5 hours to 300 hours. We find that our
approach indeed improves the training instabilities of the MAML approach, which in
turn improves the overall accuracy of the model.

The rest of the chapter is organized as follows. We introduce the important background
and related work in Section 3.2. We describe our proposed approach in Section 3.3. Follow-
ing that, in Section 3.4, we discuss experimental setup including datasets and methodol-
ogy. Further, Results and discussions are presented in Section 3.5, followed by conclusions

in Section 3.6.

3.2 RELATED WORK

3.2.1 Meta-Learning

Meta-learning is not a new idea but has begun to gain attention in recent times. Recently,
in the context of deep learning, meta-learning comes into the limelight due to its wide
range of applications and advantages. Meta-learning helps to generalize to various tasks
faster with few steps and examples. Literature suggests the application of meta-learning
in two ways where the first is learning a better initialization of network parameters [9]
and the second is learning a strategy or procedure for updating the parameters of the
network [10], [11].

Meta-learning has been applied to a range of research domains including various com-
puter vision tasks, natural language processing, and recently automatic speech recogni-
tion. In the computer vision area, meta-learning has been exploited for the few-shot image
classification task [12], object detection [13] and video generation [14]. In the natural lan-
guage processing domain, meta-learning has shown promising results in neural machine
translation (NMT) for resource constraint languages [15]. Apart from this, recently re-

searchers have tried meta-learning for speech processing tasks, such as automatic speech
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recognition [6], speaker adaptation [16], [17] and recognition [18], cross-lingual [19], and

cross-accent adaption [8].

3.2.2  Low-Resource Speech Recognition

The development of a speech recognition system for low-resource languages has been a
very active research area for the past few years. The regular E2E ASR systems designed
for resource-rich languages seem not to work for low-resource languages due to the lack
of annotated speech data or other resources. There have been many attempts made to
alleviate the scarcity of labeled speech data. These efforts include, speech data augmenta-
tion [20], transfer learning [4], multilingual [5], cross-lingual [19], and multi-task learning
[6]. Recently, the unsupervised cross-lingual wave2vec 2.0 XLSR model [21] has shown
a huge performance boost compared to other previous state-of-the-art models. Further,
there have been recent attempts to explore a new research direction of meta-learning for
low-resource languages. The idea is to extract meta parameters learned over multiple
source languages and then bootstrap these learned meta parameters to fine-tune on the
target languages. The whole process can be seen as learning a model that can perform fast
adaptation to target languages with few epochs and data samples. As fine-tuning requires
few training samples, this process of meta-learning is totally aligned with our proposed

framework of ASR for low-resource languages.

3.3 PROPOSED SYSTEM
Our proposed system consists of two core components. The first is an ASR model that

acquires language specific knowledge and the second is a multi-step loss based model

agnostic meta-learning algorithm.
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Figure 3.1: The Transformer model for ASR

3.3.1 The ASR Model

For our proposed system, we adopt the Transformer ASR model [22] as our language
specific model. The Transformer model is a sequence-to-sequence model based on the
encoder-decoder architecture. The proposed model extracts the input features using the
learnable VGG based convolutional neural network (CNN) model [23]. The input embed-
dings produced by the feature extractor are then fed to the encoder module through the
positional encoding setup. The positional encoding setup generates a vector that is served
as context for the symbols. Afterward, the outputs of the encoder module are passed on
to the decoder module, where a multi-head attention mechanism is employed on these en-
coder outputs. The attention mechanism applies masking in the decoder block to restrict
the attention layer from attending to any future tokens. Finally, the output of the decoder

block goes through a linear and softmax layer and generates the predictions. The entire
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training process is optimized by maximizing the log probability using next step predic-
tion based on the last output token. In the following equation, x, y; and y;_; are the input

character, next predicted character, and true label of the last character, respectively.

meabegP(yilx,y{_ﬁe) (3.1)
1

3.3.2 Meta-Learning Setup

In general, our proposed meta-learning setup aims at learning the initial parameters for
the model in a way that it can be quickly adapted to new languages with a fewer num-
ber of gradient descent steps. We adopt multi-step loss from MAML++ [7] procedure
over standard MAML as MAML tends to have unstable training procedure. This can af-
fect the overall speed of convergence and also has a negative impact on the accuracy of
the model. Figure 3.2 shows the computational graph for both MAML and MAML with
multi-step loss. We select support samples (xs,ys) from the training set and target sam-
ples (x1,yT1) from the validation set of our source language set. Notably, each language
within the source language set is associated with its distinct support and target sets, which
are utilized for training and evaluation purposes. We start optimizing the inner loop by
initializing our ASR model f with 8y = 0. Afterwards, the ASR model produces logits
f(xs,0i_1) by using samples from training set and parameters 0;_1. Here i represents i*"
step of total N steps. In the next step, loss L} ; is computed over true labels ys and logits.
Further, the L} ; is utilized to update the current parameters of the model.

MAML with Multi-Step Loss (MSL MAML) represents an adaptation of the conven-
tional MAML approach, wherein a modified loss function is introduced within the inner
optimization loop. The key distinction lies in the computation and utilization of this loss
to update the model’s parameters during the inner loop. Instead of using 6 parameters
for computing target set loss, our approach goes on using 6; parameters. After complet-
ing the inner loop, we obtain N target set losses as in Equation 3.2, which can be seen as

a multi-step loss, where wj is the weight of step i and specify the importance of per step
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Figure 3.2: MAML (a) vs MAML with MSL (b) (adopted from [7])
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3.4 EXPERIMENTAL SETUP

target loss. Initially, all the losses have approximately the same importance, while later in
training more importance is given to the losses on later steps. This way the model grad-
ually steps towards the MAML loss, ensuring there is no issue of gradient degradation.
Finally, these losses are combined together using a weighted sum of per-step losses. The
combined weighted loss is then used to update the outer loop parameters 6. The advan-
tage of calculating per step loss is reducing the gradient vanishing and exploding problem
of the original MAML. Following [8] and [6], we only compute first order approximation
of 0.

N
Ln=) wil] (3-2)
N=0

3.4 EXPERIMENTAL SETUP
3.4.1 Dataset

For our experiments, we choose Common Voice dataset version 7 [24]. The Common Voice
dataset is a publicly crowdsourced dataset that comprises a wide array of languages,
encompassing both resource-rich and low-resource languages. It is organized with pre-
defined train, validation, and test set splits. Consequently, for our research, we utilized the
default splits provided by the dataset to ensure consistency and standardized evaluation.
We select 10 low-resource languages and the description is represented in Table 3.1. Some
of the languages are very low-resource having just a few hours of data. The audio from
all the languages is downsampled to 16 kHz and labels are preprocessed to remove any

kind of special symbols.
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3.4 EXPERIMENTAL SETUP

Table 3.1: The selected low-resource languages from the Common Voice dataset v7.0 and the total

amount of speech data in terms of hours.

ID Languages Hours
ar Arabic 85
as Assames 1
hi Hindi 8
1t Lithuanian 16
mn  Mongolian 12
or Odia 0.94
fa Persian 293
pa-IN  Punjabi 1
ta Tamil 198
ur Urdu 0.59
Total 615.53

3.4.2  Methodology

Our model receives a spectrogram as an input. These spectrogram inputs then go through
a VGG based 6-layered CNN feature extractor. We use 2 encoder layers and 4 decoder
layers with 8 multi-head attention layers. Our model produces input and output of di-
mension 512, whereas the inner layer has 2048 dimensions. We set the dropout value to
0.1 and the keys and values dimensions to 64. We multilingually pre-train our model for
100K iterations on the source language set. The primary purpose for using a source lan-
guage set is to allow the model to learn from various languages during the meta-training
phase. Exposing the model to multiple languages during meta-training improves its abil-
ity to generalize to new and unseen languages. We put together 3 source language sets
where one set includes fa, ar and, ta. The other set has ar, mn and, 1t, and the last set

consists of or, pa-IN, hi, ur, and as. During the fine-tuning phase, we fine-tune the model
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on our target languages (hi, mn, fa, ar and ta) one by one for 10 epochs. The model is

then evaluated on a test set of target languages using beam search with a beam size of 5.

3.5 RESULTS AND DISCUSSION

3.5.1 Model’s Accuracy Analysis

We evaluate the performance of our proposed MSL MAML approach on 10 languages
from the Common Voice dataset. Our proposed approach showcases consistent improve-
ment in character error rates (CER in %) over the standard MAML approach. The de-
tailed results are presented in Table 3.2. On source languages set [fa, ar, ta] our approach
achieves 70.47% and 60.52% of CER on Hindi and Mongolian languages, respectively. Our
proposed model shows around 1% improvement over standard MAML on the Mongolian
language. On set [ar, mn, 1t] our approach slightly performs better than MAML on the
Hindi language. On the same set, our approach outperforms the current MAML approach
with 5.23% and 14.13% of relative improvement on Persian and Tamil languages, respec-
tively.

Further, the Mongolian language demonstrates 4.43% relative improvement over MAML
on set [or, pa-IN, hi, ur, as]. Mostly, on this pre-train language set both MAML and
our approach report similar results on Persian and Arabic languages. Interestingly, the
MAML marginally outperforms our approach on the Tamil language. Overall, our ap-
proach shows consistent improvements across all the pre-train sets, where excellent per-

formance is observed on [ar, mn, 1t].

3.5.2 Training Performance Analysis

The multi-step loss indeed stabilizes the training process of MAML as shown in Figure

3.3. The primary driver of instability in MAML is the gradient degradation problem while
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Figure 3.3: Training curve of MAML vs our approach. The training loss curve for MAML shows

unstable peaks whereas our approach shows a more consistent loss curve.

training deep network [7]. Our approach resolved this issue using multi-step loss, where
the model is evaluated at each step against its validation set. Further, the importance
weight vector also makes sure later step loss has more importance. It also improves the

convergence speed of the model as shown in Figure 3.3.

3.6 CONCLUSIONS

In this chapter, we propose a multi-step loss based meta-learning approach for speech
recognition for low-resource languages. The proposed system improves the inner loop op-
timization for the MAML algorithm, which results in a more stabilized training procedure.
Our empirical results show that multi-step loss indeed improves the overall training pro-
cedure and also has a positive impact on the accuracy of the model. Apart from this, our
model also trains faster as compared to MAML. In the future, we plan to conduct more

experiments with more low-resource languages. We would extend our experiments with
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different combinations of languages on the basis of their phonetic structures, geographic

areas, and language family.

With insights gained from the meta-learning approach in this chapter, Chapter 4 intro-
duces an ingenious self-supervised framework to address data scarcity in low-resource
speech recognition. Recognizing the lack of annotated datasets for the Punjabi language,
we present the development of three new datasets through synthesis: Google-synth, CMU-
synth, and our self-recorded Punjabi Speech dataset. The chapter delves into the effi-
cacy of these synthesized datasets by adopting pre-trained cross-lingual wavavec models.
Through empirical analysis, we aim to demonstrate the potential of synthesized data in

improving error rates on real speech labeled datasets.
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IMPROVING SPEECH RECOGNITION WITH SYNTHESIZED
DATASETS

In this chapter, we develop an end-to-end (E2E) speech recognition system for the low-resource
Punjabi language. Punjabi is a widely spoken language across the globe by millions of speakers.
However, there is a lack of annotated (text and speech pair) datasets for Punjabi speech recogni-
tion. To tackle the issue of scarce data, we synthesize two new datasets, namely, Google-synth
and CMU-synth. We empirically test the effectiveness of the synthesized datasets on three ver-
sions of the cross-lingual wavzvec models including XLSR-53, XLS-R-300M, and XLS-R-1B.
Our empirical evaluation demonstrates that our synthesized datasets and language model, the
cross-lingual wav2vec models achieve significant results on real labeled datasets such as Common
Voice. On average, we observe 45.98% and 59.14% of relative improvement in terms of charac-
ter error rates (CER) and word error rates (WER), respectively on the Common Voice Punjabi
dataset in comparison to the baseline. We also show that even 5 hours of our synthesized data
and language model can significantly improve (relative improvement of 34.35% CER and 40.96%
WER) the results on the Common Voice dataset. The web-based demo of our work is available at

https://salp.massey.ac.nz.
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4.1 INTRODUCTION

4.1 INTRODUCTION

The contemporary end-to-end (E2E) automatic speech recognition (ASR) models [1] have
shown promising performance compared to classical hybrid ASR systems (e.g., Gaussian
Mixture Model-Hidden Markov Model (GMM-HMM) [2], [3] and hybrid Deep Neural
Network-Hidden Markov Model (DNN-HMM) [4]-[8]. These E2E models combine differ-
ent components of traditional systems (acoustic, lexicon, and language model) and jointly
train a single powerful model [1], [9], [10]. However, the core requirement for E2E models
to work well is to train an ASR model on very large datasets, containing tens of thou-
sands of hours of labeled speech data. This requirement is easy to fulfill for resource-rich
languages such as English, German or Spanish. However, most languages of the world
are low-resource languages that do not have such amount of labeled data, which presents
numerous challenges to obtain decent quality transcriptions.

In the past few years, several techniques have been proposed to overcome the chal-
lenges presented by limited linguistic resources (labeled data, pronunciation lexicon, and
raw language text). One of the common techniques involve multilingual/cross-lingual
training of an ASR model on various languages [11]-[14]. Further, transfer learning has
been used where the model is pre-trained on high-resource languages and then fine-tuned
on low-resource languages [15]-[17]. Similarly, meta-learning has been explored for low-
resource languages recently [18], [19]. Besides, data augmentation methods have also been
employed to solve the issue of data scarcity [20]-[22]. Apart from these, more recently, self-
supervised learning based wavavec models have shown a great deal of improvement in
low-resource scenarios [23]-[26]. All these advancements significantly improved the per-
formance of ASR models for low-resource languages.

There are around 7000 languages widely spoken all across the globe. However, only as
few as 100 languages have well-established ASR systems [27]. The rest of the languages
are considered to be low-resource languages and the Punjabi language is also one of them.

The Punjabi language belongs to an Indo-Aryan language family, spoken by roughly 110+
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million native speakers across India and Pakistan. The Punjabi language is native to India
and Pakistan, but Punjabi speakers are spread all across the world. Punjabi is written
in two scripts Gurmukhi and Shahmukhi, where Gurmukhi is used in the Indian region
and Shahmukhi in Pakistan. Punjabi is a very distinctive language in the Indo-Aryan
language family as it uses different lexical tones (i.e., low, mid, and high tones). Although
it is spoken by a large population, it does not have the required resources needed for the
standard speech recognition recipe.

From the perspective of ASR systems, the Punjabi language is not well explored. Few
attempts had been made in recent years to develop a robust ASR system for the Punjabi
language [28]. However, most of them are based on a traditional pipeline, which uses
complex Hidden Markov Model (HMM) based models that were not reliable in terms of
accuracy and performance [29]. Apart from this, a major challenge while developing an
ASR system for the Punjabi language is that there is no standard dataset available in the
public domain. In most previously published papers, authors have developed their own
small experimental datasets, which were not available in the public domain. Recently,
Mozilla’s Common Voice project released a Punjabi dataset [30]. However, our literature
survey suggested that it has not been used for ASR applications so far.

Therefore, in this chapter, we propose a framework where we first generate more data
using speech synthesis and later use this data in conjunction with real labeled speech
datasets to fine-tune cross-lingual wavavec 2.0 models (i.e., XLSR-53, XLS-R-300M, and
XLS-R-1B). Our empirical investigation demonstrates that our synthesized datasets signif-
icantly reduce error rates on three of the real labeled speech datasets that include Com-
mon Voice, Punjabi Speech, and 50Languages datasets. At the same time, we are building
a diverse Punjabi Speech dataset. The Punjabi Speech dataset has been used in this work
and shows promising results.

We made the following key contributions with this work:

* To the best of our knowledge, this is the first work to integrate an E2E ASR model
for the Punjabi language.
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¢ We synthesized two new Punjabi datasets containing a combined 130K utterances

and 208 hours of data.

¢ We also compiled the in-house self-recorded dataset called Punjabi Speech. This
dataset is continuously updated with more data, which eventually be available for

public use.

The rest of the chapter is organized as follows: In Section 4.2, we give an overview of the
literature covering recent trends in low-resource ASR systems and also previous studies
on Punjabi ASR systems. Further, in Section 4.3, we introduce our proposed framework
including details about our synthesized datasets and ASR models for this work. Later,
we describe the other datasets and methodology used for experimentation in Section 4.4.
In Section 4.5, we present the detailed result analysis. Lastly, conclusions are outlined in

Section 4.6.

4.2 RELATED WORK

4.2.1  Low-resource Automatic Speech Recognition

There has been a smooth transition from the traditional Gaussian Mixture Model-Hidden
Markov Model (GMM-HMM) [2], [3] and hybrid Deep Neural Network-Hidden Markov
Model (DNN-HMM) [4]-[8] to pure E2E deep learning based models. So far, several stud-
ies have attempted to alleviate the issue of limited linguistic resources (i.e., annotated
speech data, lexicon, and unpaired text) associated with speech recognition systems for
low-resource languages. These studies include speech data augmentation [20]-[22], [31],
[32], multilingual and cross-lingual systems [11]-[14], transfer learning systems [15]-[17],
meta learning approaches [18], [19], and semi/unsupervised approaches [23]-[26].

Data augmentation is a very attractive choice to circumvent the scarcity of limited data
in low-resource scenarios. Over the few years, many studies presented unique augmen-

tation procedures. [33] presented very simple speed perturbation augmentation, where
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additional data is obtained by changing the speech of the raw audio. While other stud-
ies focused on pitch perturbations and noise-based augmentations [34], [35]. Further, [36]
proposed vocal tract length perturbation (VLTP) based augmentation. Recently, [20], pro-
posed a SpecAugment procedure, which worked by masking frequency and time warping
in log Mel spectrogram features.

Besides, some studies also focused to use text-to-speech (TTS) synthesis based augmen-
tation [37]-[39]. Usually, the core idea is to leverage a huge collection of unpaired raw text
to generate synthetic speech data using the TTS system. [40] proposed an ASR system
trained by both natural and synthetic data obtained using the Tacotron-2 TTS model [41].
The resulting system yielded better WER on the Librispeech dataset. Similarly, [21], pre-
sented a speech synthesis based ASR system and demonstrated that diverse multi-speaker
speech synthesis is crucial for better results. Further, [42], [43] have jointly trained ASR
and TTS models in a close-loop SpeechChain system. Apart from this, [44] proposed a
ttsqpretrain system to leverage text to infuse useful phonetic and lexical knowledge at the
pre-training stage. The further extension to this work has been presented in ttsgpretain 2.0,
where the inclusion of consistency regularization and contrastive loss during pretraining,
facilitated the learning of robust shared representation of speech and text [45].

Previously, multilingual ASR systems were based on context-dependent DNN-HMM
[14], [46]. The context-dependent approaches, for example, the shared hidden layer (SHL)
network share the intermediate hidden layers across multiple source languages to facil-
itate multilingual learning [47]. Each language has its own dedicated softmax layer to
learn language-dependent features [14]. Similarly, the SHL model has been explored us-
ing the LSTMs network and shown improvement over DNN-HMM based model [48].
Further, [13] proposed an end-to-end Transformer based multilingual ASR system for
low-resource languages. The multilingual Transformer jointly learns acoustic, pronuncia-
tion, and language models in a single multi-head attention network. The proposed system
outperformed the previous LSTM based SHL model [48] by an average WER reduction of

12.4%. Furthermore, [49] explored the connectionist temporal classification (CTC) model
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for multilingual and cross-lingual settings. Some studies also focused on extracting bottle-
neck features from multiple languages and then using these features for acoustic model-
ing [50]-[54]. Further, [55] showed language identification information fused with acoustic
features could improve the ASR system for low-resource settings.

Apart from multilingual/cross-lingual systems, some studies also exploited transfer
learning for low-resource speech recognition [17]. [56] proposed the shared hidden layer
(SHL) based transfer learning using language adversarial transfer learning. Adversarial
learning mitigated the problem of learning unnecessary language features found in mul-
tilingual SHL models. Language identification has also been used in multilingual transfer
learning [57].

Recently, meta-learning (learning to learn), a new domain of research, has been ex-
plored by some studies for low-resource speech recognition [18]. Meta-learning have
shown promising results in resource constraint computer vision [58] and natural language
processing [59] tasks. Recently, [18] and [19] proposed a model agnostic meta-learning
based approach for low-resource speech recognition. They have shown meta-learning sys-
tems could potentially outperform multilingual systems.

In recent years, semi-supervised approaches for ASR have received a great deal of
attention among many researchers [60]-[62]. The self-training approaches also known
as pseudo-labeling based approaches are the most common and very impactful semi-
supervised learning approaches. In self-training, the initial model (also referred to as the
seed model) is obtained by training it on limited labeled data and then utilizing this
seed model to generate predictions (also called pseudo labels) on large unlabeled data.
The most recent studies include noisy student training [63], [64], iterative pseudo-labeling
[65], [66], momentum pseudo-labeling [67], and graph-based self-training approaches [68].
Some studies also focused on entropy minimization based semi-supervised approaches
[69]-{71].

Further, [23] proposed a self-supervised wavavec model for representation learning.

The core idea was to pre-train a model on raw unlabeled speech data in a self-supervised
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(unsupervised) manner to learn speech representations. Afterward, the model was fine-
tuned on very few hours of labeled data in a supervised fashion. The wavavec model
showed significant results even with limited hours of labeled data. The extension to this
work has been presented in wavavec 2.0 [24]. [25] adopted the wav2vec 2.0 model and
proposed a cross-lingual XLSR model, which learned latent speech representation across
multiple languages with shared quantized speech representation. The XLSR approach
(XLSR-53) was trained on 53 languages across various datasets including multilingual
Librispeech [72], Common Voice [30], and BABEL datasets [73]. The XLSR-53 model per-
formed extremely well in terms of CER/WER and also required only a few hours of
labeled data to fine-tune a model on a target language.

More recently, [26] presented a further improvement to cross-lingual representation
learning using a large-scale XLS-R model. The XLS-R model was multilingually pre-
trained on 128 languages as compared to 53 languages in the previous XLSR-53 model
[25]. In comparison with XLSR-53, the XLS-R is also bigger in terms of the number of pa-
rameters (largest model with 2 billion parameters) used for training and also the amount
of training data (half a million) used. The authors presented three variants of the XLS-
R model such as XLS-R-300M (300 million parameters), XLS-R-1B (1 billion parameters),
and XLS-R-2B (2 billion parameters).

4.2.2  Existing ASR Research for the Punjabi Language

In the past decade, many researchers attempted to develop a Punjabi ASR system. Most
of the research focused on traditional statistical and hybrid approaches, which involved
GMM-HMM and DNN-HMM. [28] explored the HMM based Punjabi ASR system for the
isolated word recognition task. The proposed system had issues such as a limited vocabu-
lary size (115 isolated words, 8 speakers) and it was an isolated word speech recognition
system, which was not ideal for practical scenarios. Further, [74] proposed a continuous

triphone HMM based ASR system for the Punjabi language. The proposed system was
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trained on a speech corpus containing only 100 utterances from 9 speakers. Similarly,
[29] presented a spontaneous Punjabi ASR system, however, their system was still trained
on extremely limited data, which could cause generalization issues on diverse speech
datasets. To tackle the limited labeled data, [75] constructed a dataset containing 5000
utterances of words recorded by 4 sets of speakers in 4 different dialects of the Punjabi
language. They also used the HMM based system and presented an analysis on finding
optimal parameters for HMM using genetic and differential evolution algorithms. The
analysis showed that the combination of differential evolution and HMM performed bet-
ter than a regular and genetic algorithm based HMM.

Further, [76] exploited the Kaldi toolkit [77] and presented a continuous Punjabi ASR
system. The study demonstrated that triphone modeling units outperformed the mono-
phone units. Also, acoustic features such as Mel-Frequency Cepstral Coefficient (MFCC)
performed better than Perceptual Linear Prediction (PLP) features for the Punjabi lan-
guage. Besides, some studies also focused on the development of the Punjabi ASR system
for mobile devices [78], [79]. The work presented by [79] analyzed various flavors of
acoustic models consisting of context-dependent and independent models, and context-
dependent untied, tied, and deleted interpolation models. Their analysis demonstrated
that the context-dependent untied model performs better than other models in terms of
accuracy and WER. However, context-independent required less storage, which is ideal
for mobile devices.

A comparative study of GMM-HMM and DNN-HMM based Punjabi ASR systems has
been conducted in [80]. The study suggested that the hybrid DNN-HMM system out-
performed GMM-HMM based system. Similarly, [81] various hybrid models based on
the DNN-HMM architecture were compared. [82] proposed a hybrid feature extraction
method for the Punjabi language. Recently, [83] presented a work in which they proposed
an AutoSSR system based on the Sphinx toolkit'. However, their system was trained us-

ing a dated statistical toolkit and also on just 3.5 hours of data, which could potentially

1 https://cmusphinx.github.io
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fail to generalize to diverse Punjabi speech samples. The rest of the recent work has been
focused on the development of Punjabi ASR systems for children’s speech [39], [84]-[86].

Although there are many studies presented in the past decade, the research on Punjabi
ASR systems remains very limited only covering statistical and hybrid models (i.e., GMM-
HMM and DNN-HMM). To our knowledge, no prior studies have examined state-of-the-
art end-to-end ASR approaches for the Punjabi language. Hence, with this aim in mind,
in this work, we present a new framework for the ASR system, which is based on the
state-of-the-art unsupervised cross-lingual wavavecz.o for low-resource Punjabi language.
To deal with the issue of scarcity of data, we also produced two new synthesized Punjabi

speech datasets for training the ASR model.

4.3 PROPOSED FRAMEWORK

4.3.1  The Synthesized Punjabi Datasets

The scarcity of annotated Punjabi speech data is a major stumbling block for the develop-
ment of ASR systems for the Punjabi language. Although annotated speech data is very
limited for the Punjabi language but text-only data is available in large quantities. In the
past, text-only data had been used to generate synthesized speech data for training an
ASR model [37]-[39], [87]. The ASR model trained on these synthesized speech datasets
aids in reducing word error rates by a large margin [88]. Hence, motivated by these previ-
ous studies, we synthesized our own two Punjabi speech datasets, namely, Google-synth
[89] and CMU-synth [90]. For CMU-synth we adopted CMU'’s Clustergen model [91].
Clustergen is a statistical parametric model available under the Festival Speech Synthe-
sis system?. We train our synthesis model (also known as a text-to-speech model) from
scratch using the CMU INDIC Punjabi dataset?. The dataset consists of speech samples

from a single female speaker.

2 https://www.cstr.ed.ac.uk/projects/festival
3 http://festvox.org/cmu_indic
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4.3 PROPOSED FRAMEWORK

Further, the Google-synth speech dataset is produced using Google’s Cloud text-to-
speech API4. We generate speech data that contain 4 synthetic speakers including 2 male
and 2 female speakers. More details are listed in Table 4.1. To synthesize Punjabi speech,
we have used Punjabi text present in the Old Newspapers dataset5, which is a cleaned
subset of the HC corpus®. The corpus is available freely under CCo public domain license.
The corpus consists of textual data collected from newspapers, blogs, and social media
platforms in 67 languages across the world. In total, the corpus has 16,806,041 sentences.

We filtered out the Punjabi sentences from the main corpus for our speech synthesis.

4.3.2 The ASR Model

For our proposed framework, we adopt the self-supervised pre-trained wavzavec 2.0 based
crosslingual models. The wavezvec 2.0 model is a powerful speech representation learn-
ing self-supervised model as shown in Figure 4.1. The model maps the raw input speech
X to latent speech representations Z using set convolutional layers. The output Z is trans-
formed into a finite set of discrete representations Q using a quantization module. The
discretized representations Q act as target representations for the self-supervised objec-
tive. The Transformer network then takes the latent speech representations Z and outputs

the contextual representations C.

4.3.2.1  Quantization and Masking

In simple terms, quantization maps the infinite values in a continuous space to a finite
set of discrete values. In wavavec 2.0, the latent space representations Z are mapped to
discrete representations using product quantization. The finite set of phonemes is repre-
sented as V entries of code words in G codebooks. The quantization module then can

select the correct code words from different codebooks that represent accurate phonemes.

4 https://cloud.google.com/text-to-speech
5 https://www.kaggle.com/alvations/old-newspapers
6 https://www.kaggle.com/code/mpwolke/hc-corpora-newspapers/notebook

58


https://cloud.google.com/text-to-speech
https://www.kaggle.com/alvations/old-newspapers
https://www.kaggle.com/code/mpwolke/hc-corpora-newspapers/notebook
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Figure 4.1: wavavec 2.0 is pre-trained by self-supervised latent representations (a) and the ASR
model is obtained by fine-tuning wavavec on our datasets (b). For cross-lingual pre-

training (e.g., XLSR-53 model) quantized representations are shared across multiple

languages.
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The best selected code words from different codebooks are then concatenated to acquire
quantized representation using a linear transformation.

Some proportion p of latent space representations Z are randomly masked before being
input to the Transformer network. The number of time steps to be masked is determined

using the M parameter that allows the overlapping of multiple masks.

4.3.2.2  Contrastive Learning

The core idea of pre-training wavavec 2.0 is inspired by the BERT language modeling
[92], where some parts of the input (in latent space Z) to the Transformer network are
masked and the goal is to predict the masked input. For speech, this is achieved using
contrastive learning. Contrastive learning aims to guess whether the two different result-
ing transformations of the same input are still the same. In the wavavec 2.0 case, these

two transformations are quantized representations Q and contextual representations C.

4.3.2.3 Training Objective

The model is trained using a sum of two losses: contrastive loss and diversity loss. The
contrastive loss facilitates contrastive learning, where the model learns and predicts the
accurate quantized representations Q against the central time step of masked contextual
representations C. On the other hand, the diversity loss is used as a regularizer to encour-

age the model to utilize the entire codebook entries equally.

4.3.2.4 Fine-tuning

The pre-trained model is then fine-tuned using a labeled dataset in a supervised fash-
ion. To adopt a pre-trained network to ASR, the linear projection layer (fully connected
(FC) layer) is added on top of contextual representations C. The fine-tuning process is

optimized using the CTC loss function [93].
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4.3.2.5 Language Model and Decoding

We use the n-gram KenLM [94] language model for decoding. We build a 5-gram language
model trained on Punjabi source text from IndicCorp corpus [95]. The corpus contains a
huge collection of text across 12 Indian languages including Punjabi. For the Punjabi
language, the corpus is made up of 2.64 million news articles, which translates to 29.2

million sentences and 773 million tokens.

4.4 EXPERIMENTAL SETUP

4.4.1 Datasets

For our experiments, we use a wide range of datasets across various domains. We use
5 different datasets including the publicly available Common Voice Punjabi dataset vo,
the soLanguages Punjabi dataset, our synthesized datasets, and the self-recorded custom

Punjabi Speech dataset.

¢ Common Voice (CV): The Common voice datasets are the crowd-sourced collections
of datasets that include data across 60 different languages [30]. We are using the
Punjabi dataset (pa-IN) available in Common Voice April 2022 release version vg.
The dataset contains 1 hour of validated labeled data that covers 51 speakers (76%

male and 24% female).

¢ Punjabi Speech (PS): The Punjabi Speech dataset [96] is a self-recorded dataset. The
dataset is recorded from audiobooks and news prompts. The dataset includes 771

utterances from 2 male speakers.

* soLanguages (50Lang): The 50Languages dataset is provided by 50Languages Orga-

nization’. The provided data is divided into 100 parts based on the type of spoken

7 https://www.50languages.com/phrasebook/en/pa
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Table 4.1: Statistics of the various datasets used for our experimentation. It lists the total amount
of data in terms of hours, number of utterances and speakers, and average length of

utterances (in seconds) in each dataset.

Dataset #Hours #Utterances #Speakers Avg. length (secs)
Common Voice 1 1210 51 4.82
Punjabi Speech 2 771 2 7.86

5o0Languages 3 3955 1 1.96
Google-synth 38 50K 4 2.70
CMU-synth 170 80K 1 5.87

utterance. For example, there is a category of asking for directions, which consists
of all the direction related spoken utterances. However, in our setup, we do not cat-
egorize the data but instead compile the whole data into one dataset. In total the
soLanguages corpus has 3955 utterances including isolated word utterances. The

recordings and corresponding text labels are manually cleaned and corrected.

* Google-synth (G-synth): Our Google-synth speech dataset [89] is synthesized using
Google’s text-to-speech cloud APIL The dataset is composed of 50K utterances from

4 speakers including 2 male and 2 female speakers.

¢ CMU-synth (C-synth): Our CMU-synth speech dataset [90] is synthesized using
CMU'’s Clustergen model as explained in Section 3.1. The dataset contains 8ok syn-

thesized utterances that cover 170 hours of speech data.

4.4.2  Methodology

We fine-tuned the wave2vec2.0 based pre-trained models on various Punjabi datasets.

These pre-trained models include XLSR-53, XLS-R-300M and XLS-R-1B. These models
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4.4 EXPERIMENTAL SETUP

Table 4.2: The pre-trained crosslingual wav2vec models used to fine-tune our Punjabi ASR system.

Model #Hours #Languages #Parameters

XLSR-53 50K 53 300M
XLS-R-300M 436K 128 317M
XLS-R-1B 436K 128 965M

are pre-trained on multiple datasets including monolingual and multilingual LibriSpeech
[72], BABEL [73], Common Voice [30], VoxLingua1oy [97], and VoxPopuli [98] datasets.
Due to the different sizes of different datasets, we use a different number of epochs for
fine-tuning. For each dataset, the number of epochs are determined based on when the
WER and CER of the model do not improve on the validation set. For the Common Voice
dataset, we fine-tuned the model for 100 epochs with a batch size of 64. We fine-tune
the pre-trained models for 150 and 50 epochs on the Punjabi Speech and soLanguages
datasets, respectively. We found 30 and 10 epochs to be effective on the Google-synth and
CMU-synth datasets, respectively.

When fine-tuning the pre-trained models using our synthesized datasets alongside with
individual real speech labeled datasets, we used 10 epochs with a batch size of 32. We
used 80%, 10%, and 10% split for training, validation, and testing sets for all the datasets,
respectively. For the Common Voice dataset, we used default train, dev (validation), and
test splits [30]. We optimize the fine-tuning process using Adam optimizer [99] with a
learning rate of 3e-4. Further, the masking probability is set to 0.05, and the attention
drop is 0.1. In our experiments, fine-tuning is done using the NVIDIA A100 GPUs.

Further, we trained a single large KenLm 5-gram language model using the IndiCorp
dataset [95]. We primarily use default weights to train the KenLM language model. How-
ever, for decoding, we fine-tune the values of « and 3 parameters for the Punjabi language.
o is a weight given to the language model for decoding an ASR transcript during shallow

fusion, while the 3 parameter is a constant used for length adjustment during scoring.
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We optimize these parameters by testing various combinations of « and 3 values. We find

that an o = 0.7 and a 3 = 4.0 yield the best results on our test sets during decoding.

4.5 EXPERIMENTAL RESULTS AND DISCUSSION

4.5.1  Comparative Result Analysis

Table 4.3 presents the experimental results of fine-tuning a pre-trained model on five dif-
ferent datasets: Common Voice, Punjabi Speech, soLanguages, Goggle-synth, and CMU-
synth. The results are shown in terms of Character Error Rate (CER) and Word Error
Rate (WER). The table has four sections, each one representing different fine-tuning sce-
narios. The baseline results are obtained by fine-tuning the models solely on real speech
datasets, without incorporating any synthesized datasets or language models. The "Base-
line + synth" scenario fine-tuned the models with synthesized datasets in addition to real
speech datasets but without language model decoding. The "Baseline + LM" scenario fine-
tuned the models with real speech datasets, but with the addition of language model
decoding. Lastly, the "Baseline + synth + LM" scenario fine-tuned the models on both real
and synthesized datasets, as well as incorporating a language model.

The results of the "Baseline" fine-tuning scenario demonstrate poor performance across
all datasets, as evidenced by high character error rate (CER) and word error rate (WER).
The incorporation of synthesized data in the "Baseline + synth" scenario resulted in im-
proved performance, particularly in the Common Voice and Punjabi Speech datasets. The
"Baseline + LM" scenario yields significant performance improvements, particularly in the
soLanguages, Goggle-synth, and CMU-synth datasets. The optimal results are obtained
when the model is fine-tuned with both real and synthesized datasets and language model
decoding (Baseline + synth + LM scenario), resulting in the lowest CER and WER across

all the datasets.
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On average, the XLSR-53 model outperforms other models. On Common Voice, the
XLSR-53 model achieves significant relative improvement using our synthesized datasets
in terms of CER (36.68%) and WER (47.49%). Further, the addition of the language model
boosts the relative improvement to 45.98% in CER and 59.14% in WER. A similar trend is
seen on the Punjabi Speech dataset. Further, we find that on the soLanguages dataset, our

synthesized datasets improve the WER but it is a very marginal improvement. However,

Table 4.3: Experimental results on 5 datasets. Bold font indicates the best results.

Model cv PS 50Lang G-synth C-synth
CER WER CER WER CER WER CER WER CER WER

Baseline

XLSR-53 18.66 56.47 16.03 54.26 19.62 32.97 292 13.74 2.23 7.03

XLS-R-300M  23.94 68.74 19.82 62.95 21.80 42.09 286 13.61 2.23 7.02
XLS-R-1B 29.52 76.18 18.69 60.87 20.13 33.63 3.13 14.74 2.17 6.60

Baseline + synth

XLSR-53 15.92 43.94 10.47 34.68 2048 31.94 3.45 16.01 226 7.23
XLS-R-300M  16.95 45.58 10.96 34.36 19.32 30.21 3.27 1546 2.18 6.76
XLS-R-1B 24.86 60.53 15.33 47.51 22.49 41.31 4.45 20.05 2.90 10.40
Baseline + LM

XLSR-53 16.15 45.84 11.10 33.93 1845 26.77 149 549 181 5.07
XLS-R-300M  20.66 55.31 13.28 37.46 2047 3536 144 534 182 5.08

XLS-R-1B 27.08 66.80 13.57 41.19 18.94 2730 171 6.63 1.79 5.00

Baseline + synth + LM

XLSR-53 10.08 23.07 8.26 24.37 19.66 30.74 1.05 3.36 181 5.08
XLS-R-300M  10.72 23.31 881 2552 19.00 29.22 1.15 3.90 1.81 5.06
XLS-R-1B 14.82 29.69 990 28.00 20.20 30.86 1.07 341 1.80 5.05
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the best results are reported using a language model without synthesized datasets. This
could be attributed to the fact that most of the so0Language dataset, especially the test set
is made up of isolated words. Our analysis reveals that most of the errors are caused by
space substitution errors, where one word is recognized as two individual words. Our
synthesized datasets help in circumventing some of these errors, however, they still con-
tribute to most of the errors.

Further, we also test our synthesized speech datasets (i.e. Google-synth and CMU-synth)
individually. The reported result in Table 4.3 in "Baseline + Synth" and "Baseline + synth
+ LM" scenarios are achieved by fine-tuning models with synthesized and real speech
datasets. The best performing models manage to keep the CER and WER under 5%.

We further analyze the performance of the models by fine-tuning them on combined
datasets. Our analysis shows that the models performance indeed gets better by training
on combined datasets. The results are presented in Table 4.4. We find that the XLSR-53
model performs the best overall, with the lowest CER and WER on almost all the datasets.

Furthermore, as our datasets have varied lengths of utterances (see Table 4.1), we an-
alyze the impact of different lengths of utterances on the performance. We find that in
general, the utterance length does not affect the performance. However, if the training
and testing set have different lengths of utterances then the resulting improvements are

less significant. We reach this conclusion when we further investigate the results on the

Table 4.4: Experimental results are presented by combining all 5 datasets together. The results are

decoded with a language model. Bold font indicates the best results.

Model Ccv PS 50Lang G-synth C-synth
ode

CER WER CER WER CER WER CER WER CER WER
XLSR-53 8.12 20.65 7.05 21.23 1838 28.26 1.01 322 136 4.85

XLS-R-300M  9.08 21.1 7.67 2303 1841 283 1.10 3.58 142 4.90
XLS-R-1B 12.64 2736 889 271 1956 29.13 1.04 3.35 1.30 4.81
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Figure 4.2: Visual representations of experimental results on three real speech datasets in terms of
CER (top row) and WER (bottom row). The bar graphs clearly state that our synthe-
sized speech datasets significantly reduce the error rates. Additional improvement is

achieved by decoding the final output using the 5-gram KenLM language model.

s5oLanguages dataset, where the training set has long utterances (average words/charac-
ters of 3.66/18.38), and the testing set consists of mostly isolated word utterances (average
words/characters of 1.3/8.49). As demonstrated in Figure 4.2 for the so0Languages dataset
the relative improvements are minor due to the mismatch of utterance lengths between

the training and testing sets.

4.5.2  Effectiveness of our Synthesized Punjabi Speech Datasets

Essentially, synthesizing speech from natural text using a TTS system is equivalent to

impairing the speech while keeping the text unchanged. We conjecture that the addition
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Figure 4.3: Detailed error analysis on the predicted transcripts. These utterances/sentences are
chosen across three real speech datasets (i.e., Common Voice, Punjabi Speech, and
soLanguages). We selected XLSR-53 as our main model for analysis since it produces

consistently better results than other models.

of such impaired examples can improve the robustness of an ASR model to noisy speech.
We also hypothesize that the supplementary lexical content in the synthesized examples
helps improve the decoding ability of an ASR model. To test our hypothesis, we conducted

a details analysis of predicted utterances as presented in Figure 4.3.
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Acoustically, we discover that the model trained with our synthetic datasets is more
accurate in recognizing homophones, which are words that phonetically sound similar
but have different spellings (e.g., "sing" and "singh"). As shown in Figure 4.3, the baseline
model recognizes the word "y (sikkh) as "fAE" (sik). However, the addition of our
synthetic data resolves the spelling of the homophone. Additionally, both synthetic data
and language model helps the model to correct homophone errors in other examples.

We further inspect the model’s ability to capture nasal and stress markers in the Pun-
jabi language. We test the model’s performance on various utterances that included nasal
and stress markers as presented in Figure 4.3. In the Punjabi language, nasal sounds are
produced using the Bindi "™t and Tippi "™" (similar to the sound of the letters "n" or
"m"). The stress on certain consonants is produced using Adhak """ (also called germina-
tion), which is similar to the use of double letters in English to indicate stress on certain
words. Our analysis reveals that the baseline model sometimes fails to capture these nasal
and stress sounds in the Punjabi language. However, the inclusion of our additional syn-
thesized datasets assists the model to capture nasal markers, and the integration of the
language model further boosts the recognition of stress markers.

We also investigate the model’s performance in recognizing misspelled conjunct con-
sonants, which are formed by combining two or more consonants. These conjunct conso-
nants are usually added to the bottom of the consonant and written in the subscript form.
In the Punjabi language, there are three conjunct consonants (i.e., J, 3, and <) as seen in

examples such as ﬁ?’g (), ﬁﬁ (), and

na

T;I')-I"'S" (2). Our analysis indicates that the
baseline model consistently missed these conjunct consonants. However, the additional
exposure to synthetic data and language model to resolve these errors.

In addition, we analyze the datasets using the Speech Data Explorer toolkit [100]. We
identify all utterances that consistently produced higher word error rates across different
datasets. Our analysis of the Common Voice dataset shows that most of the errors are
due to poor and noisy recording conditions, as well as variations in accent and speech

rate. As a result, we find that the additional synthetic data aid to reduce the percentage
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Figure 4.4: Word accuracy distribution. The word is classified as "Unrecognized" with an accuracy
of 0%. The word is considered "Sometimes recognized" with an accuracy of 0% to 100%.
The word is "Always recognized" with an accuracy of 100%. These results are presented

on the Common Voice dataset using the XLSR-53 model.

of unrecognized words from 57.04% to 48.69%, as illustrated in Figure 4.4. Additionally,
incorporating the language model further lower the rate of unrecognized words to 47.13%.
Finally, when both synthetic data and a language model are used together, the number
of unrecognized words drops significantly to 24.77%. Overall, the results show that us-
ing synthetic data and a language model in combination can improve the recognition
rate of speech samples, thereby decreasing the proportion of unrecognized and partially

recognized words.

4.5.2.1 Resistant to Change

We observe that transliterated utterances are the most challenging for our model to rec-
ognize. For example, as shown in Figure 4.3 left (Transliteration), the utterance is spoken
as in the Hindi language but transliterated into Punjabi language making it tough to
recognize. Similarly, in Figure 4.3 right (Transliteration), the sentence is a phrase from

Sikh scripture (also referred to as Sant Bhasha translated to language of saints), which is
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spoken just like Punjabi language but written with different spellings. Our model Base-
line+synth+LM (€ H& §98 TH & Q) successfully captured the phonetic essence of the
utterance but since our acoustic and language model are not exposed to Sant Bhasha sam-
ples, it misspelled most of the words.

Further, since, most of the s50Languages dataset is made up of isolated words, especially
the test set, the model struggles with space substitution problems. For example, the word
THIGEEH is recognized as two isolated words fHIGE &H. We attribute these errors to the
pronunciation style of the speaker, where the speaker leaves some time to pronounce the
whole word fluently. Although synthesized data and language model help to correct some

of these mistakes, but still there are a large quantity of space substitution errors.

4.5.3 Effectiveness of Synthesized Data in Very Limited Settings

To further evaluate the effectiveness of our synthesized data in very limited data set-
tings, we carried out experiments where we fine-tune the models with the Common Voice
dataset and varying amounts of our synthesized data from our Google-synth and CMU-
synth datasets. The results are illustrated in Figure 4.5. We find that even with less synthe-
sized data in Google-synth models performed better as compared with the CMU-synth
dataset. We report that adding more data does not always translate to better performance
in the case of the CMU-synth dataset. This effect is attributed to the limited acoustic di-
versity in the dataset since it synthesized samples from a single female speaker. Also, the
intelligibility of speech in CMU-synth is worse than Google-synth, hence comparatively
worse performance compared with the Google-synth dataset.

Interestingly, the most striking result to emerge from our analysis is that the bigger
XLS-R-1B model tends to perform worse as compared to relatively smaller models such
as XLSR-53 and XLS-R-300M. Our analysis suggests that since the XLS-R-1B model is
pre-trained on massive 128 languages and has around 1 billion parameters, the model

struggles to reach an optimal solution in very low-resource scenarios. Thus, the results
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Figure 4.5: Experimental results showing the effectiveness of our synthesized data in limited data
setting. The three models are fine-tuned with Common Voice, Google-synth, and CMU-
synth datasets (with multiple limited hours settings). Here the solid lines represent CER
and the dotted lines represent WER.

are worse than a much smaller model such as XLSR-53, which is only pre-trained on
53 languages and has relatively fewer (300 million) parameters. Besides, this could also
be due to an interference problem while training multilingual systems [101]. The inter-
ference problem occurs when a model is trained on many languages and diverse styles
of pronunciation among these languages negatively affect the optimization process of the
model [26]. Overall, these results indicate that wav2vec 2.0 based crosslingual models fine-
tuned with our synthesized datasets can aid in achieving excellent results in low-resource

scenarios and can help in building robust ASR systems for such languages.

4.6 CONCLUSIONS

In this chapter, we propose a robust ASR for low-resource Punjabi language leveraging our
synthesized speech datasets. We selected three variants of the pre-trained cross-lingual
wavzavec 2.0 models (i.e., XLSR-53, XLS-R-300M, and XLS-R-1B) to fine-tune for Punjabi
ASR. The XLSR-53 model is pre-trained on 53 different languages while other models

are pre-trained with massive 128 languages in a self-supervised manner. To deal with
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the scarcity of labeled Punjabi speech data, we synthesize two datasets (i.e., CMU-synth
and Google-synth). The synthesized datasets are used along with the real labeled Pun-
jabi speech datasets for fine-tuning. Our experimental results show that our synthesized
datasets can improve the performance of low-resource Punjabi ASR system. We observe
that on average, the XLSR-53 model mostly outperforms other models on real speech data
such as the Common Voice, Punjabi Speech, and 50Languages datasets. Further, the em-
pirical finding of this study suggests that even only a few hours of synthesized speech
data can significantly improve the overall accuracy of the ASR systems.

In the future, we will conduct more experiments including investigating the different
architectures for ASR, speech synthesis, and language modeling. As Punjabi is a tonal
language, we will also investigate the use of pitch features alongside other features. We
will use our previous work DeepFo model [102] for pitch extraction for this purpose. We
will also investigate the use of our previous speech enhancement work [103] for a noise-

robust ASR system for low-resource languages.

In the next chapter, we explores an impactful self-training (pseudo-labeling) approach
to further enhance speech recognition for low-resource languages. By leveraging abun-
dant unlabeled data, Chapter 5 showcases a method tailored for the low-resource lan-
guages. Our adoption of length-normalized confidence score filtering and extensive exper-
iments showcase the potential of pseudo-labeling in improving recognition performance

on various datasets.
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SELF-TRAINING FOR LOW-RESOURCE SPEECH RECOGNITION

In this chapter, we propose a self-training approach for automatic speech recognition (ASR) in
low-resource settings. While self-training approaches have been extensively developed and evalu-
ated for high-resource languages such as English, their applications to low-resource languages like
Punjabi have been limited, despite the language being spoken by millions globally. The scarcity of
annotated data has hindered the development of accurate ASR systems, especially for low-research
languages (e.g., Punjabi and Maori languages). To address this issue, we propose an effective self-
training approach that generates highly accurate pseudo-labels for unlabeled low-resource speech.
Our experimental analysis demonstrates that our approach significantly improves word error rate,
achieving a relative improvement of 14.94% compared to a baseline model across four real speech
datasets. Further, our proposed approach reports the best results on the Common Voice Punjabi

dataset.

5.1 INTRODUCTION

The development of end-to-end (E2E) automatic speech recognition (ASR) systems for
high-resource languages has made significant strides in recent years, resulting in an excel-
lent performance [1]. The key factors contributing to this high performance include the

presence of large annotated datasets, advancements in deep learning algorithms, and easy
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access to high-performance computational resources. However, the same cannot be said
for ASR systems designed for low-resource languages. These systems still fall short in
terms of performance when compared to their high-resource counterparts. The primary
reason for this discrepancy is the lack of annotated speech datasets and their availability
in the public domain. Without these resources, it is difficult for ASR systems to be trained
effectively and perform at the same level as those designed for high-resource languages.

The research community has been actively exploring various ways to address the scarcity
of annotated datasets for speech recognition systems [2]-[6]. The process of annotating
highly accurate speech datasets is a labor-intensive task that requires a significant amount
of time and resources. To overcome these challenges, many researchers have proposed
self-training or pseudo-labeling (PL) based methods [7]. These methods leverage the vast
amount of available unlabeled data in conjunction with a small labeled dataset to improve
the performance of ASR systems. Self-training has gained increasing interest in a wide
range of research areas, including computer vision [8], [9], natural language processing
[10], [11], and more recently, in the field of speech recognition [2], [12]-[15]. These meth-
ods have shown promise in addressing the shortage of annotated data and improving the
performance of ASR systems.

The fundamental concept behind self-training is to first train an initial seed model, ei-
ther from scratch or by fine-tuning an existing pre-trained model, using a limited amount
of labeled data. This seed model is then used to generate pseudo-labels for unlabeled data.
The process can be repeated over multiple iterations in order to improve the quality of
the generated pseudo-labels. To ensure that only highly accurate pseudo-labels are used,
various filtering methods are applied to filter out any incorrect labels [12]. Additionally, a
robust language model can be utilized to achieve accurate decoding of ASR transcriptions,
further improving the quality of the generated pseudo-labels.

Most of the previous and recent work in self-training/ pseudo-labeling is based on
and demonstrated on high-resource languages like English [2], [12]-[14], [16]. However,

most of the languages of the world are low-resource and the ASR system designed for
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them performs poorly when compared to those with high-resource languages. With that
in mind, in this work, we focus to design a self-training approach for one of the most
widely spoken languages in the world, i.e., the Punjabi language. Although the Punjabi
language is spoken natively across India and Pakistan region, however, Punjabi speakers
are spread across the globe, especially in countries such as Canada, the United States,
the United Kingdom, Australia, and New Zealand. Despite having more than 100 million
speakers, the Punjabi language still lacks mature ASR systems due to a lack of annotated
datasets.

In the chapter, we propose a self-training approach to leverage the available large unla-
beled audio data. We adopt a pre-trained self-supervised crosslingual wavavec 2.0 model
(XLSR-53) [17] as our seed model to generate pseudo-labels across multiple iterations. The
proposed model first fine-tunes the XLSR-53 seed model on limited Punjabi datasets in
a supervised fashion with language model decoding. Afterwards, the fine-tuned model
is used to produce pseudo-labels for unlabeled audio data. As we are fine-tuning on lim-
ited data, it is common to get a mixed bag of pseudo-labels. To sieve out the erroneous
pseudo-labels, we propose a length-normalized confidence score. The pseudo-labels with
high confidence scores above the certain cut-off threshold are selected to be included into
the dataset. Finally, the model is fine-tuned again from scratch using labeled and highly
confident pseudo-labels. This process is repeated over multiple iterations with gradual
confidence score filtration to refine the pseudo-labels. Our empirical results demonstrate
that our proposed approach is able to achieve significant WER reduction compared with
the baseline and also reports the best results on the Common Voice Punjabi dataset. To the
best of our knowledge, this work is the first to explore the self-training approach for the
Punjabi language on the mix of datasets (public, non-public, and synthesized datasets).

The rest of the chapter is structured as follows: Section 5.2 provides a review of previous
studies on self-training. Section 5.3 outlines our proposed approach, including informa-

tion about our seed model and self-training approach. In Section 5.4, we describe the
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datasets and methodology we used for experimentation. The detailed result analysis is

presented in Section 5.5, and our conclusions are outlined in Section 5.6.

5.2 RELATED WORK

Semi-supervised approaches such as self-supervision and self-training have been active
areas of research for the past few years. The goal of these approaches is to leverage the
large unlabeled speech data to improve the overall accuracy of the ASR systems. These
approaches showed significant results for low-resource languages. Self-training is a fairly
simple yet effective semi-supervised approach for utilizing unlabeled audio data. Self-
training has been applied in computer vision and natural language processing tasks. How-
ever, it is recently adopted for E2E speech recognition.

Kahn et al. [7] proposed a self-training approach for the E2E ASR model. The proposed
system incorporated a pseudo-label filtering method and language model decoding to im-
prove the word error rates. Additionally, an ensemble of multiple models showed further
performance improvement. Further, inspired by noisy student training (NST) from the im-
age processing domain, Park et al. [12] adopted this method for speech recognition. The
proposed approach exploited the adaptive SpecAugment [18] augmentation method. The
NST approach incorporated filtering, balancing, and mixing techniques to carefully select
highly accurate pseudo-labels. Furthermore, rather than selecting pseudo-labels over just
one iteration, iterative pseudo-labeling (IPL) [13] refines the acoustic model over multiple
iterations. IPL effectively generates the pseudo-labels for a subset of unlabeled data rather
than labeling the entire unlabeled data. Also, IPL fine-tuned an existing model instead of
training an entirely new model.

Recently, Higuchi et al. [14], presented momentum pseudo-labeling (MPL), which in-
corporated online and offline models. At different time steps, weights of multiple models
are averaged using the momentum-based moving average to refine pseudo-labels. The

online model (also called the teacher model), hypothesizes the pseudo-labels produced
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by the offline model (also referred to as the student model) on the go. The MPL approach
outperformed standard pseudo-labels and IPL approaches. The extension to this work is
presented in [19], where MPL is combined with IPL. The resulting approach improved
the seed model by exploiting language model knowledge using the IPL strategy. Addi-
tionally, the Conformer-based ASR architecture further enhanced the overall accuracy of
the system.

While most of the self-training approaches utilized language models for decoding, the
SlimIPL [16] method performed pseudo-labeling without any language model. The pro-
posed model is built upon the IPL approach, which produced pseudo-labels over multiple
iterations using a single model. SlimIPL also incorporated a dynamic cache for better and
more stable model training. Furthermore, Lugosch et al. [20] presented a self-training
approach to multilingually generate pseudo-labels for 60 languages. The proposed ap-
proach first pre-trained a single multilingual model followed by fine-tuning it on the
target language using semi-supervision. The fine-tuned model is then used to produce
pseudo-labels for that particular language, which in turn is utilized to train the final
model. Overall, the multilingual pseudo-labeling demonstrated good performance and
better generalization to the data from different domains.

Xu et al. [21] presented a study, which showed that self-training and pre-training can
effectively be combined and are complementary to each other. Pre-training based self-
supervised approaches like wavavec [1] and its variants demonstrated excellent perfor-
mance for low-resource languages. They leveraged unlabeled audio data and learn repre-
sentations using contrastive learning. When combined with self-training, self-supervision
showed a better generation of pseudo-labels and achieved significant results. Similarly, Jin
et al. [22] exploited a self-supervised pre-trained wavavec 2.0 model for pseudo-labeling.
The proposed method filtered out the low-probability pseudo-labels and only selected the
pseudo-labels with the highest probability scores. Further, self-training has also been used
to improve representation learning in crosslingual settings [23]. Furthermore, Khurana et

al. [24] proposed the DUST (Dropout-based Uncertainty-driven Self-Training) approach
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to alleviate the issues caused by domain mismatch. The proposed approach efficiently
rejected pseudo-labels that exhibit high levels of uncertainty.

Until recently, limited work has been carried out in the Punjabi language. Previous
efforts relied heavily on statistical and hybrid models, using mostly non-public datasets
[25]-[28]. However, in Chapter 4, we studied various E2E ASR models for the Punjabi
language. The study demonstrated that E2E models trained with synthetic speech and

real speech datasets could enhance the effectiveness of E2E ASR models for Punjabi.

5.3 PROPOSED APPROACH

We propose a very simple, yet effective self-training method for the Punjabi language.
However, the proposed method could work for any language having a small amount of

annotated data and large unlabeled audio data.

5.3.1 Pre-trained Seed Model

For the strong baseline seed model, we adopt a self-supervised pre-trained wavavec 2.0
based crosslingual XLSR-53 model [17]. The XLSR-53 model is pre-trained on 53 lan-
guages using a contrastive learning approach to learn audio representations in an un-
supervised manner. The crosslingual wavavec model maps raw input speech to latent
speech representations, which are then transformed into a set of discrete representations
using a quantization module. These discrete representations are shared across multiple
languages (in this case 53 languages excluding the Punjabi language) and used as the
target for the self-supervised objective. Conneau et al. [17] showed that XLSR-53 could
greatly improve the character error rate (CER) and word error rate (WER) in the case of
low-resource languages.

Although pre-trained XLSR-53 does not include Punjabi in the pre-training setup, the

model is still able to learn powerful shared feature representation across many languages.
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Figure 5.1: Overview of proposed self-training approach.

The crosslingual nature of the model made it easy to fine-tune the model on any new
language with limited labeled data. Following that, rather than pre-training the model
using the Punjabi language, we leverage the effective feature representations of the pre-
trained model and only fine-tune the model on available Punjabi labeled data. This way,

we keep our self-training approach simple and fast.

5.3.2 Self-training Approach

Our proposed self-training approach is fairly simple as shown in Figure 5.1. Initially,
we fine-tune our pre-trained seed acoustic model on available limited labeled Punjabi
datasets. Once the model is fine-tuned on the Punjabi language then we use this model
to generate the pseudo-labels for unlabeled Punjabi data. The details of labeled and un-
labeled datasets are outlined in Section 5.4.1. At this stage, we also employ the 5-gram
KenLM language model [29] for decoding the seed model’s outputs.

Since the seed model is only trained on limited Punjabi data, it is fairly common to pro-
duce inaccurate pseudo-labels. To tackle the erroneous pseudo-labels, we incorporated

confidence based scoring strategy [7]. Our language model produces sentence-level shal-
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low fusion scores while decoding. We leverage the shallow fusion score as a confidence
score (CS) and normalize it to the length of the sentence. We filter pseudo-labels with dif-
ferent filtration thresholds of confidence scores in each iteration of self-training, i.e., [0.5,
0, -0.5, -1, -1.5, -2, -2.5]. We start with a very strict (0.5) threshold and then with each itera-
tion of self-training, we gradually relax the filtration threshold. Afterwards, we fine-tune
an entirely new model using a combination of labeled and pseudo-labeled datasets. We
repeat this whole process over multiple iterations until the ASR model is not improving
on the labeled test datasets.

Our approach is similar to the IPL approach [13], but with few distinctions. Firstly, we
compute pseudo-labels for the entire unlabeled dataset instead of a subset of it. Although
it is time-consuming to pseudo-label the entire unlabeled dataset, it would give us more
high-quality filtered pseudo-labels for fine-tuning. Secondly, since the XLSR-53 model
does not show any improvement over multiple continued fine-tuning phases, we find that
fine-tuning a new model from a pre-trained XLSR-53 model produces the best results.
Therefore, rather than continuing fine-tuning like in IPL, in every iteration, we fine-tune

an entirely new model.

5.4 EXPERIMENTAL SETUP

5.4.1 Datasets

To train our seed model we use a range of labeled Punjabi datasets. We utilize four
low-resource Punjabi real speech datasets and two synthesized datasets. For real speech
datasets, we use the Shrutilipi dataset [30], Common Voice (CV) [31], Punjabi Speech [32],
and soLanguages’. Previously, in Chapter 4, we demonstrated the effectiveness of syn-

thetic datasets in improving the performance of the Punjabi ASR system on real speech

1 https://www.50languages.com/phrasebook/en/pa
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Table 5.1: List of datasets used for our experimentations.

Datasets #Hours #Utterances
Real speech

Shrutilipi 94 50K
Common Voice 1 1210
Punjabi Speech 4 2431
50Languages 3 3955
Synthesized speech

Google-synth 38 50K
CMU-synth 170 8oK
Unlabeled speech

Audiobooks 450 322K

datasets. Thus, following that, we use two synthesized datasets i.e. Google-synth [33] and
CMU-synth [34].

e Shrutilipi: The Shrutilipi corpus is a collection of audio and text pairs sourced from
public resources such as All India Radio news bulletins, and compiled through data
mining techniques. The corpus includes labeled speech data for a total of 12 Indian

languages, including Punjabi.

¢ Common Voice (CV): The Common Voice dataset is a crowd-sourced dataset avail-
able to the public, featuring speech data in numerous languages. For our purposes,
we utilize the Punjabi data made available in the April 2022 release of Common
Voice. The dataset comprises of a range of speech samples from a total of 39 male

and 12 female speakers, providing a diverse array of recordings.

¢ Punjabi Speech (PS): The Punjabi Speech dataset is a read speech dataset like Com-

mon Voice. The dataset consists of speech data from 2 male speakers.
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e soLanguages (50Lang): The dataset is extracted from the 50Languages learning

platform’. The dataset comprises speech utterances from a single male speaker.

* Google-synth (G-synth): The Google-synth dataset is synthesized labeled speech
data produced using Google’s Cloud text-to-speech (TTS) API?. The dataset contains

speech samples from 2 male and 2 female speakers.

¢ CMU-synth (C-synth): The CMU-synth dataset is synthesized using CMU'’s Cluster-

gen TTS model. The dataset contains speech samples from a single female speaker.

¢ Audiobooks: The Audiobooks dataset consists of speech recordings gathered from
open Punjabi audiobooks featured on various YouTube channels. It is an unlabeled
dataset used primarily for self-training purposes. The dataset contains audio record-
ings from multiple speakers and several audiobooks. To facilitate self-training, we
preprocess the audio recordings, chunking them down into smaller audio segments

no longer than 15 seconds.

The synthesized datasets (Google-synth and CMU-synth) are produced using Punjabi text
available in the Old Newspaper corpus3. We ensure that there is no overlap between data

used to train the ASR model, self-training, language model, and synthesized datasets.

5.4.2  Methodology

For our self-training approach, we adopt a pre-trained wavavec 2.0 based crosslingual
XLSR-53 model. The XLSR-53 model is pre-trained on 53 languages (50K hours) with
300 million parameters. To save time, we only fine-tune the pre-trained model on our
labeled datasets instead of pre-training it from scratch. We adopt the pre-trained network
by adding a fully connected layer on top of the Transformer. The fully connected layer

outputs the characters using Connectionist Temporal Classification (CTC) [35]. During

2 https://cloud.google.com/text-to-speech
3 https://www.kaggle.com/datasets/alvations/old-newspapers
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5.5 EXPERIMENTAL RESULTS AND DISCUSSION

the fine-tuning, we freeze the weights of the feature encoder. We fine-tune a single XLSR-
53 model on combined data from 6 of the labeled datasets as mentioned in Table 5.1. For
all the datasets except Common Voice, we use 8:1:1 splits for train, validation, and test sets.
For the Common Voice dataset, we use pre-defined data splits. We fine-tune our model
for 10 epochs with a batch size of 32. Further, we optimize the training process using the
Adam optimizer [36] with an initial learning rate of 3e-4, which is warmed up for the first
10% of the updates and afterward, linearly decays during the rest of the updates. All the
experiments are conducted on NVIDIA A1oo GPUs and results are reported in terms of
word error rate (WER).

Additionally, we decode the ASR model’s output with a 5-gram KenLM language
model [29]. We train the Punjabi language model using the IndiCorp dataset [37]. The
dataset contains 29.2 million Punjabi sentences (773 million tokens). We fine-tune o and
3 parameters and empirically set x = 0.7 and 3 = 4.0. Here « represents the shallow
fusion weight for the language model and 3 refers to the weight to adjust the score as
per the length of the decoded sequence [38]. Further, for selecting the highly confident

pseudo-labels, we adopt a normalized confidence score filtering.

5.5 EXPERIMENTAL RESULTS AND DISCUSSION

5.5.1 Comparative Analysis

We report the results in Table 5.2. To show the effectiveness of our 5-gram language
model (LM), we demonstrate the results on the seed model with and without the lan-
guage model. We find that our LM decoding further improves the seed model, conse-
quently, we choose seed with LM as our baseline model. All of our experimental results
(except seed without LM) are carried out with LM decoding. Raw PL uses all available
pseudo-labels, whereas Best PL selects the best-performing pseudo-labels over multiple

iterations of pseudo-labeling with different confidence thresholds. The results show that
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Table 5.2: Experimental results in terms of WER (%). The best pseudo-label (PL) results are ob-
tained by choosing the best-performing model on labeled datasets over multiple itera-

tions of PL with different confidence thresholds.

Datasets
Model
Shrutilipi CV PS s5oLang G-synth C-synth
Seed without LM 17.23 29.88 18.88  28.08 13.39 6.82
Seed with LM (baseline) 16.87 14.04 9.84 24.16 2.93 4.96
Raw PL (no filter) 15.23 12.30 9.10 24.00 2.75 5.12
Best PL 14.67 11.42 8.57 20.55 2.69 4.92

using pseudo-labels with a filter (Best PL) outperforms Raw PL on all datasets, indicat-
ing that selecting the best pseudo-label is important to improve the performance of the
ASR system. We find that iteration 5 with confidence scores (CS>-1.5) produces the best
results as shown in Table 5.2 (Best PL) and Figure 5.2. As compared to the baseline, we
find our approach achieves relative improvements of 13.04%, 18.66%, 12.91%, and 14.94%
on real speech Shrutilipi, Common Voice, Punjabi Speech, and soLanguages datasets, re-
spectively. Our PL approach demonstrates the best results on the Common Voice Punjabi
dataset with a relative improvement of 50.5% over previously reported results (23.07 % vs
11.42% WER) [6].

Further, on synthetic datasets (i.e., Google-synth and CMU-synth), our PL approach
also achieve better results; nevertheless, the improvements are marginal. We attribute
these minimal improvements to the quality of synthetic data. We only incorporated these

datasets to improve the quality of the overall ASR model, as shown in Chaptery.
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Figure 5.2: Performance on real speech datasets against various confidence score thresholds (left)

and % of selected data over the PL iterations (right).

5.5.2  Effectiveness of Gradual Filtration

Figure 5.2 illustrates the performance of the model with different CS thresholds and the
amount of PL data selected with filtration over multiple PL iterations. Initially, we start
with aggressive filtering with (CS>o.5), which selects only 1.5% of the total unlabeled
Audiobooks dataset. With this threshold, although we select high-quality PL, however, it
results in marginal improvements overall (2.8% of relative improvement). As we gradually
relax the confidence score threshold, our model indeed continues to produce better results
over each iteration of PL. With (CS>0), selects 9.37% of PL, which results in 9.5% of overall
relative improvement compared to baseline. Overall, as Figure 5.2 shows, (CS>-1.5), which
selects 72.66% of PL, produces the lowest WERs across most datasets. Most consistent
improvements are seen on the Common Voice and Punjabi Speech datasets. Further, our
experimental analysis reveals that PL generated with (CS>-2 or greater) selects more than
80% of the total PL data. However, the performance of the model gradually starts to

diminish as compared to the Best PL.
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5.6 CONCLUSIONS

The chapter presents a self-training (pseudo-labeling) approach for automatic speech
recognition for low-resource settings, specifically focusing on the Punjabi language. The
proposed self-training approach generates highly accurate pseudo-labels for unlabeled
Punjabi speech, resulting in a significant improvement in word error rate (WER) com-
pared to a strong baseline. The experimental analysis demonstrates the effectiveness of
our approach and highlights the potential to improve the performance of ASR systems

for low-resource languages such as Punjabi.

In the forthcoming chapter, we will provide a comprehensive summary of our research
findings. Additionally, this chapter will explore potential avenues for future work and

directions in the field of study.
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CONCLUSIONS

This chapter presents some concluding remarks about this thesis. The thesis focuses on enhancing
Fo estimation for music and speech processing applications (Chapter 2), improving meta-learning
for low-resource speech recognition (Chapter 3), enhancing speech recognition for low-resource lan-
guages by utilizing our synthesized datasets (Chapter 4), and ultimately, further refining ASR
through self-training for low-resource languages (Chapter 5). In this final chapter, we will recapit-

ulate the proposed approaches and provide an outlook on the future.

6.1 RESEARCH SUMMARY

In this thesis, we have proposed different approaches to improve fundamental frequency
estimation and automatic speech recognition for low-resource languages. A recap of our
approaches and contributions is listed as follows.

Chapter 2 presented a novel data-driven fundamental frequency (Fy) estimation ap-
proach. Existing data-driven algorithms had limited learning capabilities due to their
shallow receptive field. We addressed this issue by incorporating dilated convolutional
block into the network. We also added residual blocks to make training more efficient
and fast. Our empirical evaluation demonstrates significantly better results in terms of

raw pitch and raw chroma accuracy. Our ablation experiments validated the effectiveness
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of adding dilation and residual blocks to the model. Compared with the deep learning
based baseline model CREPE [1], our approach used 77.4% fewer network parameters
and still achieved state-of-the-art performance.

Chapter 3 presented a meta-learning approach for low-resource speech recognition.
There has been very limited work done in the past for meta-learning for speech recog-
nition. Existing work on meta-leaning [2] showed encouraging results. However, the base-
line approach with the MAML algorithm leads to inconsistent training behavior, which
could lead to subpar WERs. To deal with these issues, we proposed a framework, which
employed a multi-step loss (MSL) function to stabilize the training process with the
MAML algorithm. The goal of the MSL is to compute losses for each step in the inner
loop of MAML and then merge them using a weighted importance vector. The vector
assigns greater significance to the loss from the final step than to those from earlier steps.
Our experiments demonstrate that incorporating MSL substantially enhances training sta-
bility, leading to greater accuracy in the overall system. Our proposed approach achieved
better results compared with standard MAML on several languages while maintaining
consistent training performance.

Chapter 4 presented a self-supervised approach to improve the accuracy of the auto-
matic speech recognition by exploiting synthesized speech data. We tested our approach
on the Punjabi language, which is spoken by more than 100 million speakers world-wild.
Despite being spoken by the masses, Punjabi still lacks annotated datasets, which are es-
sential for building robust ASR systems. To address the issue of limited data, we develop
three new datasets Google-synth [3] and CMU-synth [4] - through synthesis. We also
compile our self-recorded Punjabi Speech dataset [5]. We tested the efficacy of these syn-
thesized datasets by adopting pre-trained cross-lingual wavavec models (XLSR-53, XLS-R-
300M, and XLS-R-1B). Our empirical analysis shows that our synthesized datasets helped
models to improve the performance on real speech labeled datasets including Common

Voice, Punjabi Speech, and soLanguages. Additionally, we demonstrated that even just a
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few hours of our synthesized data could improve the error rates on real speech labeled
datasets.

Chapter 5 proposed a simple yet effective self-training (pseudo-labeling) approach for
improving speech recognition for low-resource languages. In low-resource scenarios, la-
beled data is mostly scarce, however, unlabeled data is available in large amounts. Pre-
viously, researchers utilized unlabeled data for self-training. However, most of the past
methods focused on high-resource languages like English. Therefore, we present a self-
training approach for the low-resource Punjabi language. To sieve out erroneous pseudo-
labels, we adopted length-normalized confidence score filtering. Our experimental results
validate the efficacy of the proposed approach, showing significantly improved results on

various datasets.

6.2 FUTURE WORK AND DIRECTIONS

In this section, we will discuss certain directions of potential research that this thesis does

not address but are crucial for the advancement of low-resource speech recognition.

6.2.1 Expansion of target languages
Most of the work presented in this thesis is focused on Indian languages, especially the
Punjabi language. There are various other languages that need attention from the ASR

perspective. For example, Te reo Maori is one of the official languages of New Zealand.

However, there has been very little work done on the language.

6.2.2  Working with different accents and dialects

In this thesis, we do not pay much attention to various dialects, speaking styles, and

accents in a language while training a model. Although our proposed approaches sig-
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nificantly performed better on a variety of speech data, however, explicit knowledge of
various accents and dialects distilled into the models could potentially further improve

the performance [6], [7].

6.2.3 Advance Language Models

In our research, we employed statistical language modeling for decoding. However, re-
cently large language model such as GPT2 [8], GPT3 [9], GPT4 [10], BERT [11], RoBERTa
[12], XLNet [13], and ELECTRA [14] have shown excellent results. These models outper-
formed all the traditional models by a large margin, which could potentially result in

additional improvements in ASR systems, especially for low-resource languages.
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REAL AND SYNTHESIZED SPEECH PUNJABI DATASETS

A.1 INTRODUCTION

Speech recognition has been an active area of research for several decades, and the avail-
ability of large annotated datasets has played a crucial role in the development of robust
speech recognition systems. In recent years, with the advent of deep learning and other
machine learning techniques, there has been a renewed interest in creating and using
large datasets to train speech recognition models.

There are many speech datasets available such as Common Voice [1], LibriSpeech [2],
TIMIT [3], TED-LIUM [4], Wall Street Journal [5], Switchboard [6], Google Speech Com-
mands datasets [7] and so on. However, most of these datasets are compiled for high-
resource languages such as English. Most of the languages of the world are low-resource
languages and do not have enough linguistic resources such as high-quality annotated
datasets. There are approximately 7000 languages spoken worldwide, but only a small
fraction of them, roughly 100, have well-established automatic speech recognition (ASR)
systems [8]. The remaining languages, including Punjabi, are considered low-resource
languages. Punjabi, belonging to the Indo-Aryan language family, is spoken by over 110
million native speakers in India and Pakistan, as well as throughout the world. Punjabi is
unique in the Indo-Aryan language family because it uses distinct lexical tones, including

low, mid, and high tones, and is written in two scripts: Gurmukhi in India and Shahmukhi
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in Pakistan. Despite its large population of speakers, Punjabi lacks the quality annotated
datasets to build an accurate speech recognition system.

With that in mind, we create three labeled Punjabi speech datasets namely, Punjabi
Speech [9], Google-synth [10], and CMU-synth [11]. While Punjabi Speech is a real-speech
dataset and the other two are synthesized speech datasets. Besides this, we also compiled
an unlabeled dataset called Audiobooks, which is made up of Punjabi audiobooks.

We have demonstrated the effectiveness of our compiled datasets in Chapter 4 and 5. We
show that our compiled datasets can improve the results for Punjabi Speech recognition.
Our synthesized datasets, i.e., Google-synth and CMU-synth, reduce the error rates on
publicly available Common Voice (refer to Chapter 4). Further, the Audiobooks dataset

has shown excellent performance in self-training (refer to Chapter 5)

A.2 DATASET CREATION

For recording a Punjabi Speech and synthesizing Google-synth and CMU-synth datasets,
we utilized text available in the Old Newspapers dataset’. This particular dataset is a
carefully curated subset of the HC corpus, and it is available to the public for free under
the CCo public domain license. The corpus contains a vast amount of textual data that has
been collected from a wide range of sources, including newspapers, blogs, and various
social media platforms. This corpus has been designed to cover 67 different languages
spoken across the world, and it comprises 16,806,041 sentences in the TSV (Tab Separated
Values) file format.

As our focus is on the Punjabi language, we filtered out the Punjabi sentences from
the original corpus. This leaves us with a more manageable dataset that we can work
with more easily. To normalize the text, we filter out all the special symbols and numeric

entries.

1 https://www.kaggle.com/alvations/old-newspapers
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’ Punjabi Speech\

- (et

+— SpeakerIDl-GenderID-UtteranceIDl.wav

+— SpeakerID2-GenderID-UtterancelID2.wav
+— SpeakerID3-GenderID-UtterancelID3.wav

+— SpeakerID4-GenderID-UtterancelID4.wav

— =

+— SpeakerIDn-GenderID-UtteranceIDn.wav

— train.tsv

+— dev.tsv

— test.tsv

Figure A.1: Directory structure of Punjabi Speech corpus. Here box represents the directory and
TSV files are the transcript files that include all the associated labels for audio files. The
Google-synth and CMU-synth follow the same directory structure, except the audio

file name only includes UtterancelD.
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Figure A.2: Statistics of Punjabi Speech dataset

A.2.1  Punjabi Speech

The Punjabi Speech dataset is a read speech dataset, recorded in the studio and open

environment. We record the speech samples at 16kHz in WAV file format. We keep our

recording below 15 seconds to avoid memory issues while training on the GPUs. Presently,

this dataset contains speech samples from two male speakers and has a total of 2429

spoken utterances making it 4 hours of data. We pre-define the data splits with 80% for

training and 10% for validation and 10% for testing purposes. The Punjabi speech dataset

follows a very simple structure. All the speech files are present in clips directory and all

the transcript files (train, dev, test) in TSV format are present in the parent directory of the

corpus as illustrated in Figure A.1.
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In transcript files, each line represents a label for a single speech sample present in the

clips directory. The first column in the line represents the path/name to the WAV file

and the second column separated by a tab holds the actual transcript in text form. Figure

A.2 demonstrates that the majority of audio recordings fall within the 2 to 15 second

range, with an average duration of 5 to 7 seconds. On average, these recordings contain

approximately 10 words and 45 characters and are spoken at a rate of 0.5 to 3 words per

second. The Punjabi Speech dataset includes a vocabulary of 6281 words.

A.2.2  Google-synth

The Google-synth dataset is a synthetic dataset produced using Google’s Text-to-speech

(TTS) APIs. By using a TTS engine, it is possible to generate large volumes of speech
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data in a relatively short amount of time. This can be especially useful for training speech
recognition models, where the annotated speech data in the target language is limited,
for example, in the case of Punjabi. Speech synthesis eliminates the need for human tran-
scribers, reducing the cost and time associated with manual data collection and annota-
tion.

Google Text-to-Speech supports a wide range of languages and voices, and users can
customize the speech rate, pitch, and volume to suit their preferences. For Punjabi (lan-
guage code="pa-Guru-IN"), Google offers TTS models in four different voices (2 male and
2 female). We carefully selected around 50K sentences from Old Newspapers dataset?
for synthesis. With 50K utterances, we generated about 38 hours of speech. We synthesize
speech at 44kHz with a similar directory style as the Punjabi Speech dataset. Figure A.3
demonstrates the dataset statistics for the Google-synth dataset. The majority of the utter-
ances in the dataset are between 2 and 4 seconds in duration, with a total range spanning
from 1 to 4 seconds. On average, each utterance contains approximately 8 words. The rate
of speech is estimated to be roughly 3 words per second or 15 characters per second. The

dataset encompasses a vocabulary of 38281 words.

A.2.3 CMU-synth

We produce a CMU-synth dataset using CMU'’s Clustergen TTS model [12]. Clustergen
is a statistical parametric model that is incorporated within the Festival Speech Synthesis
system3. We train the Clustergen TTS model from scratch using CMU INDIC Punjabi
dataset*. The dataset comprises 0.4 hours of annotated speech data from a single female
speaker. We generated around 80K utterances, which translates to 170 hours of speech

data.

2 https://www.kaggle.com/alvations/old-newspapers
3 https://www.cstr.ed.ac.uk/projects/festival
4 http://festvox.org/cmu_indic
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As shown in Figure A.4, on average, each utterance contains approximately 108/22 char-

acters/words. The rate of speech is roughly around 3 words per second or 14 characters

per second. The dataset contains a vocabulary of 79512 unique words.

A.2.4 Audiobooks

The Audiobooks dataset is an unlabeled Punjabi dataset comprising audio from multiple

audiobooks available on YouTube. This dataset is created for pre-training or self-training

purposes. To prepare this dataset we use multiple Python libraries and tools. Firstly, we

manually listened to multiple audiobooks available on YouTube to examine the quality

of the audio. We ensure that we only include high-quality audios in our dataset. After
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shortlisting the high-quality audios, we use pytube> Python library to download audios
in bulk mode.

Further, all the audiobooks are lengthy in nature, which is not practical while training
deep learning models. To make them more usable, we use pre-trained voice activity de-
tection (VAD) available under Silero models® to chunk the audio into smaller utterances.
The Silero VAD model works perfectly to chunk the audio where it finds the speech part,
ignoring the presence of noise and music in the audio file. Overall, we chunked around

322K utterances, which translates to 450 hours of high-quality unlabeled data.

A.3 CONCLUSIONS

We present multiple datasets to deal with data scarcity in the Punjabi language. We
recorded a Punjabi Speech labeled dataset in mixed environments. Besides, we created
two new synthesized datasets namely, Google-synth and CMU-synth, leveraging the avail-
able Punjabi text. We show the effectiveness of our labeled and synthesized datasets in
Chapter 4. We also compiled an unlabeled Punjabi Audiobooks dataset, which could be
used for self-training or pretraining self-supervised models. Our empirical evaluation pre-

sented in Chapter 5 validates the effectiveness of our Audiobooks dataset.
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