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ABSTRACT

Speech technology includes several approaches and technologies that allow ma-
chines to engage with spoken language, which include spoken dialog systems and
automatic speech recognition. The end-to-end (E2E) techniques, such as Connec-
tionist Temporal Classification (CTC) and attention-based methods, dominate Auto-
matic Spdeech Recognition (ASR) system development. However, these methodolo-
gies have primarily advanced in research for high-resourced languages with exten-
sive speech datasets, leaving low-resource languages relatively underserved. The
efficacy of the CTC method specifically for Sepedi, a low-resource language, remains

uncertain.

This study addresses this gap by developing and evaluating an automatic speech
recognition (ASR) system for Sepedi-English code-switched speech. Utilizing the Se-
pedi Prompted Code Switching (SPCS) corpus and applying the CTC approach, we
implemented an E2E ASR system. Werigorously evaluated the system’s performance
across various parameters using both the National Centre for Human Language Tech-

nology (NCHLT) Sepeditest corpus and the Sepedi Prompted Code Switching corpus.

Our findings demonstrate promising results overall. However, the system faced
challenges in accurately recognizing speech from the Sepedi NCHLT test corpus.
This study shows the importance of adapting advanced ASR techniques to suit the
linguistic characteristics and data limitations of low-resourcelanguages. Addressing
these challenges is crucial for expanding the applicability of speech technology to
diverse linguistic contexts, ultimately facilitating broader accessibility and usability of

ASR systems worldwide.



1. INTRODUGCTION .. e e e e e e e e e e e e e e e e e e e e e e e e e e e aaaaaaans 1
L R = 7= T3 (o | £ o] U o o I PRSPPI 1
1.2. Problem Statement......... oo 2
1.3. MOIVALION ...t 3

(I Tt TR N o 4 TR 4
1.3.2. ODJECLVES ...t 4
1.3.3. Research QUESLIONS .......oouuuiiiiiii e 5
1.3.4. Significance of the StUAY ..........coooiiiiiii e 5
1.4. Dissertation OULINE ..........ooii e 5

2. LITERATURE REVIEW ......oiiiiiiiiiiiiiiiiiiiiiiiiiiiiiiesiiieeseeseaessseesassssssesssesessnssenenenenes 7
P20 I [ (oo 18 [ 1[0 o FU PP UPPPP PPN 7
2.2. Sepedi-English Code-Switching data ...............ueiiiiiiiiii e 7
2.3. Traditional Code-switching Speech Recognition Systems ............ccccevvnennnnn. 10
2.4. Hidden Markov Model performance in ASR............ccooeiiiviiii i, 11
2.5. GMMs performance iN ASR..........ooiii i 12
2.6. Deep Learning Code-switching Speech Recognition techniques.................. 13
2.7. Speech Recognition using DNINS ..o 13
2.8. Recurrent Neural Networks-based in Speech Recognition........................... 13
2.9. Convolutional Neural Networks-based in Speech Recognition..................... 14
2.10. End-to-End Code-Switching Speech Recognition System..........c............... 14
2.11. Listen, Attend, and Spell in End-to-End...............cccoooiiiiiiiiiii 15
2.12. Connectionist Temporal Classification in End-to-End ..............cccc.oooiil 16

CONTENTS



2.13. Speech Recognition System Evaluation Matrix .............cccoeeeviiiiiniiinnnnn. 18

2.14. Phone Error Rate in Speech Recognition System ..........ccccooiiiiiinnn. 19
2.15. Letter Error Rate in Speech Recognition System ..........cccooovviiiiiiiinnnnn. 19
2.16. Word Error Rate in Speech Recognition System.............cccoiiiiiiiiiiiiiiinnnn. 20
2.17. Character Error Rate in Speech Recognition System..............cccceevviininnnnn. 20
2.18. Chapter SUMMAIY .....cooiiii e e e s 21
3. METHODOLOGY ...ttt eee st eaesessbsneaesessbessnenenenenenene 22
3.1, INrOAUCTION. ...t 22
3.2. Code-Switched SpeecCh COrPUS .......ccuuiiiiiiiiieeeiiie e 22
3.3. Model setup using different dataset.............cccoiiiiiii i, 23
3.4. System Development ProCeSS ......coocvuiiiiiiiiiiii e 26
G 78 TR I = 1o 11 T SRR S 29
3.6. Regularization effects on Code-Switched speech ............ccooviiiiiiiiiiiieennnnn.. 30
3.7. Learning rate effects on Code-Switched speech ..............cooiiiiiiiiiiiinnnnnn. 31
3.8. Effects of the complexity using kernel size on Code-Switched speech ......... 31
3.9. Effects of Filter Quantity on Complexity on Code-Switched speech.............. 32
3.10. Effects of the complexity using RNN on Code-Switched speech ................ 32
3.1, EVAIUATION. ..ot 33
3.12. Chapter SUMMAY ....coooiiiiie et e s 34
4. EXPERIMENTAL RESULTS ...ttt 36
4., INTFOAUCTION. ...ttt e e e e e eeees 36
4.2. Regularization effects on Code-Switched..................ooiiiiiiiii 36
4.3. Learning rate effects on Code-Switched speech ............cccoiviiiiiiiiiininnnn. 40
4.4. Code-Switched model complexity using kernel size ..., 43
4.5. Effects of Filter Quantity on Complexity in Code-Switched Data................... 46

Vi



4.6. Effects of the depth using RNN layerson Code-Switched ............c............... 49

4.7. The Analysis of the model’s generilizability ................cooooiiiiiii . 52
4.8. Chapter SUMMANY .......oooiiii e 55
I 610 ]\ [0 B U 1] (@ ] SRR 56
5.1. Summary of reSUIS ......oooimiiii e 56
5.2. Limitations and Challenges ...........ccooiiiiiiii i 57
5.3. Contribution of the study..........cooomiiii e, 57
5.4. Future Work and Recommendation ...............ooviiiiiiiiiiiiiieeeei e 58
BIBLIOGRAPHY ... 59

Vil



LIST OF FIGURES

3.1 Distribution of frequentlyappearingwords.............cccoooiiiiiiiiiieiiceee,
3.2 Distribution of words per sSentencCe...........ccceuiiiiiiiiiiiiiiiie e

3.3 Distribution of charactersper sentence..............ccccoeiiiiiiiiiiiiiieees

4.1 SPCS loss values for various dropout rate on validation set.....................

4.2 SPCS WER for various dropout rates on validation set................cccc.......

4.3 WER on testing set for SPCS and NCHLT Sepedi with various dropout

4.4 SPCS loss values for various learning rates on validation set ..................

4.5 SPCS WER for various learning rates on validation set ...........................

4.6 WER on testing set for SPCS and NCHLT Sepedi with various learning

4.7 SPCS loss values for various kernel sizes on validationset.....................

4.8 SPCS WER for various kernel sizes on validationset ...........coocveviviiin..

4.9 WER on testing set for SPCS and NCHLT Sepedi with various kernel

4.11 SPCS WER for various number of filters on validationset........................

4.12 WER on testing set for SPCS and NCHLT Sepedi with various number

o) 111 (=T T PP
4.13 SPCS loss values for various RNN layers on validation set......................

4.14 SPCS WER for various RNN layers on validation set.....................ccceee.

4.15 WER on testing set for SPCS and NCHLT Sepedi with various number

OF RNIN LAYEIS ...t eeaeea

viii



3.1

3.2

3.3

3.4

3.5

41

LIST OF TABLES

The number of utterances of the SPCS corpus ..........ccceveevviiiiiiiiiiineeeen. 23
Gender distribution in SPCS and NCHLT testdata..............cocovvieiiiinnnn..n. 23

The distribution of utterances in SPCS and NCHLT test data by gender 24

The SPCS Sepedi-English words distribution................ccoocoiiiiiin. 24
The SPCS number of sentences distribution.............cccccoovviiiiiiiin. 25
Comparison of target and predicted transcriptions across the SPCS

and NCHLT €St COIPUS ... 53



1. INTRODUCTION

1.1. Background

In the era of rapidly evolving technology, speech recognition has emerged as a trans-
formative tool with profound implications for human-computer interaction and com-
munication. Speech recognition is pertinent to a technology that enables a device to
record uttered phrases via a microphone from a person speaking [1]. This technology
processes the audio input, converting it into digital data that can be interpreted by
software. The field of speech recognition has been and continues to experience a
rapid growth in development. It has numerous applications across various domains,
offering a wide range of potential advantages. Moreover, the technology has a broad
spectrum of applications, from virtual assistants and chatbots to automated transcrip-
tion and video closed captioning [1]. Speech technology composes of a series of
methods and tools that allow devices to engage with other entities through speech,

such as ASR, spoken dialog systems (SDSs), and more [2].

ASR utilizes CTC to effectively manage variable-length audio inputs and produce
accurate transcriptions without the need for explicit alignment information during both
training and decoding, making it a powerful technique in the ASR pipeline. Recently,
CTC has been widely recognized as an appropriate method for the improvement of the
performance of ASR systems even under low-resource conditions [3]. Low-resources
languages are languages that have received less attention in research, suffer from
limited resources, lack advanced computerization, face fewer privileges, are less fre-
quently taught, or have low population density, among other designations which is
a relatively large inventory when compared to languages such as English [4]. Re-
searchers have proposed various approaches that incorporate CTC into ASR mod-
els, such as the Non-autoregressive transformer with CTC-enhanced decoder input

[5], which concentrates on the output of a CTC-based model to improve its accuracy.



1.2. Problem Statement

ASR systems rely heavily on significant quantities of transcribed speech data to learn
the statistical patterns of speech sounds and their relationships in a particular lan-
guage [2]. ASR systems require a vast amount of transcribed speech data to ef-
fectively cover the variability and intricacies inherent in a language. As the quantity
of data increases, the system’s accuracy and robustness typically improve, making

scalability a crucial factor in enhancing ASR performance.

Additionally, it was elaborated that the Sepedi language is made up of approxi-
mately 32 phonemes, as compared to English with 44 phonemes. Phoneme is de-
fined as a basic unit of sound [6]. Consequently, the limited number of phonemes
in the Sepedi language categorizes it as a low-resourced language. Similarly, lan-
guages in the Nguni group, such as siSwati,isiNdebele, isiZulu, isiXhosa and those in

the Sotho-Tswana family, are also classified as low-resource languages [7].

Low-resource languages are those that have been understudied, lack extensive
digital resources, and face various limitations. These languages often have fewer
speakers, limited educational support, and minimal technological development. Com-
pared to widely-spoken languages like English, they typically possess a relatively
large phoneme inventory [4]. This characteristic, combined with the scarcity oftrain-
ing data, poses significant challenges in developing accurate ASR systems for these

languages.

Moreover, it was observed that it is difficult to create models that can integrate
the increased complexity that is associated with the phenomenon of code-switching
as that is what lies at the core of code-switching [8]. This makes it more difficult to
develop accurate ASR systems when training data is scarce. Furthermore, creating
models that can handle the increased complexity that comes with the phenomenon of
code-switching is a difficult task [9]. This challenge is further compounded when the
languages involved are under-resourced, as the limited availability of textand acoustic

data sets constrain the modeling capacity.

The problemiis that current research landscape in ASR has predominantly focused

on languages with abundant speech data, leaving a significant gap in the development



of ASR systems for under-resourced languages. This challenge becomes even more
pronounced when addressing code-switching, particularly for languages with limited
linguistic resources. The task of building accurate ASR systems for these languages
remains complex and underexplored. Therefore, this study aims to develop an ASR
system for code-switched languages using the CTC approach, addressing the unique

challenges posed by such languages.

1.3. Motivation

Recently, speech recognition technology has focused on significant research and de-
velopment [10]. ASR systems now operate with much higher efficiency and accuracy,
courtesy of the developments in deep learning, machine learning and natural lan-
guage processing [11]. Utilizing a hybrid strategy that included acoustic and language
model training, the accuracy of ASR processing code-switched speech in South Africa
was improved with limited data [12]. Concurrently, the Markov assumption plays a key
role in enabling fast and parallelized decoding in ASR systems [13]. Moreover, without
requiring precise congruence between the input and output sequences, the Markov
assumption enables the model to calculate, in a single forward pass, the complete
output sequence given the input sequence. A notable drawback of the Markov model
is that the probability of transitioning out of a state is independent to the states a

patient may have encountered prior to entering that state [14].

E2E models optimize every component of the network by using a coherent goal
function that aligns with the ASR objective, hence streamlining the optimization oper-
ations. Traditional hybrid models, on the other hand, optimize different components
separately, which does not guarantee that the global optimum isreached. Moreover,
ASR workflow is greatly simplified by E2E models, which create letter or words di-
rectly. In contrast, classic hybrid automobiles have a complex design, demanding
substantial expertise and years of experience in ASR. Additionally, E2E models are
more compact due to their utilization of a single network for ASR. This compactness

enables their deployment on high-accuracy devices [15].

In recent times, ASR models based on the CTC approach have demonstrated

remarkable performance, particularly when they are fine-tuned from wav2vec models



[16]. As a result, researchers have put forward two techniques that can e utilised
to transfer knowledge being - joint classification and joint classification learning to
enhance CTC-based models by integrating the contextual knowledge of pre-trained
LMs into the ASR systems. Furthermore, a proposed auxiliary loss function for ASR,

which utilizes the CTC objective, is both straightforward and effective [13].

CTC and attention-based methods are two primary E2E models utilized in ASR.
CTC employs dynamic programming to efficiently address sequential problems while
making effective use of Markov assumptions. Employing attention mechanism en-
ables the alignment of acoustic frames with recognized symbols [17]. Attention net-
work has recently shown promising performance in E2E ASR as an alternative to
RNNs [18]. Attention-based models can achieve cutting-edge performance in ASR,
however, they often entail greater complexity and computational demands than mod-

els based on CTC.

Despite the CTC being a widely utilized technique for ASR in many languages,
most of the research and development has focused on high-resource languages which
have substantial volumes of speech data available for training and evaluation [19].
Hence, evaluating the performance of the system and the analysis can provide under-
standing of the efficacy of CTC in low-resource language ASR and identify areas for

improvement in Sepedi ASR technology.

1.3.1. Aim

The aim of study is to develop an automatic speech recognition system for Sepedi-

English code-switchedlanguage using Connectionist Temporal Classification approach.

1.3.2. Objectives

The objectives of the study are to:

i Analyse the Sepedi Prompted Code Switching corpus.

i Trainan automatic speech recognition system for code-switched language using

the CTC approach.



iii Evaluate the implemented code-switched ASR system.

1.3.3. Research Questions

The present study will answer the following questions:

i What is the type of analysis suitable for the SPCS corpus?

ii How do you train an automatic speech recognition system for code- switched

language using CTC?

i What is the evaluation process for the trained ASR system?

1.3.4. Significance of the study

This study contribute to the field of ASR development of a Sepedi/English code-
switching ASR system that utilizes CTC for efficient and accurate transcription of spo-
ken language. We use CTC by virtue of its ability to handle different languages and
dialects, as well as the efficiency of CTC decoding in parallelized systems. CTC ap-
proach also eliminates the need for explicit alignment between the signal of the input
speech and the corresponding transcription, reducing the need for manual annotation
and simplifying the training process. Our efforts in creating a proficient and precise
code-switching ASR system aim to drive the evolution of speech recognition technol-
ogy, with broad potential uses including language education, transcription of spoken

words into text, and operation of voice-activated devices.

1.4. Dissertation Outline

This dissertation is organised into five chapters.

- In Chapter 2, an an extensive literature review of ASR is presented and different

models used in ASR are also discussed.

- Chapter 3 presents the methodology and design of the proposed ASR system
using CTC approach. The proposed system is explained in detail and the anal-

ysis of the data used.



- In Chapter 4, the examination of the system to assess its performance is dis-

cussed.

- In Chapter 5, a conclusion of the findings is drawn and recommendations are

given for possible future research.



2. LITERATURE REVIEW

2.1. Introduction

In this chapter, we examine and evaluate research and ongoing research endeav-
ors concerning ASR employing CTC. Additionally, we highlight the shortcomings of

speech recognition in low-resource languages.

2.2. Sepedi-English Code-Switching data

Bilingual speakers commonly engage in a phenomenon known as code-switching
(CS), in which they use words from two languages within a single discourse [13]. CS
can occur in two different ways, depending on where the switching of languages hap-
pens: intra-sentential CS, in which switches occur within the announcement, articula-
tion and inter-sentential CS, in which switches occur at the boundaries of utterances.
There are two types of code-switching depending on the location of language switches
[17]. Intra-sentential code-switching occurs. This chapter examines and evaluates re-
search and ongoing research endeavors concerning ASR employing CTC. Addition-
ally, it underscores the deficiencies of speech recognition in low-resource languages.
Single utterance, while inter-sentential code-switching occurs between different ut-
terances and it is considered more challenging as the acoustic differences between
mixed languages within a single utterance can be more significant than those between

different utterances.

Furthermore, it encompasses of two additional types of code-switching: Situa-
tional Code Switching: This type takes place when a transition in social setting is
marked by a change in language. It reflects how speakers adapt their language use
based on the context or situation they find themselves in. Conversational (Metaphor-
ical) Code Switching: This occurs when conversations take place adhering to he an-
nouncements and articulations, whereby speakers switch betweenlanguages metaphor-

ically or conversationally. It could involve using terms or expressions from both lan-



guages to convey a specific meaning or tone in the conversation.

Furthermore, there are two additional types of code-switching [20]. The first is
situational code-switching, which occurs when a social setting is marked by a change
in language transitions. This type reflects how speakers adapt their language use
based on the context or situation they find themselves in. The second type is conver-
sational code-switching, which occurs during conversations within utterances. In this
form, speakers switch between languages metaphorically or conversationally, using
terms or expressions from both languages to convey a specific meaning or tone in the
conversation. A groundbreaking statistical language model for code-switching speech
incorporates syntactic inversion constraints commonly observed in such speech. This
model comprises a code-switch prediction model, a translation model, and a recon-

struction model [21].

Code-switched prediction models learn from word-aligned parallel sentences to
determine permissible code-switching points. The primary objective of a code-switched
prediction model is to forecast whether there will be a code-switch between the cur-
rent and following tokens [22]. This task involves analyzing the contextual cues and

linguistic patterns to predict these transitional points in bilingual communication.

The application of neural-based models, specifically recurrent neural network lan-
guage models (RNNLMs) and factored language models (FLMs), for language mod-

eling in code-switching speech contexts is thoroughly examined in [23].

A new computational approach that employs the Matrix Language Frame theory
to produce synthetic code-switching data and overcome the problem of data scarcity
is introduced in a study by Lee et al. [24]. This method uses augmented parallel data
to supplement the actual code-switching data. Similarly, the morphosyntactic charac-
teristics of hybrid nominal phrases within a collection of Igbo-English intrasentential
code-switching data are examined in [25], utilizing the Matrix Language Frame (MLF)
model to analyze shifts between languages within a bilingual clause. Furthermore, a
novel technique for acquiring the ability to produce code-switching sentences through
parallel corpora is presented by Winata et al. [26]. This proposed model employs
a Seq2Seq architecture, coupled with pointer networks, to synchronize and select

words from monolingual sentences, creating grammatically correct code-switching



sentences.

A Sepedi-English code-switched speech corpus was created to analyze the factors
influencing code-switching when designing ASR systems for Sepedi-English code-
switched speech [27]. The methodology involved recording radio broadcasts, counting
code-switched instances, and transcribing them to establish the Sepedi Prompted

Code-Switched Corpus (SPCS).

End-to-end artificial voice recognition system that uses a transformer-based con-
verter design architecture intended for code-switched speech recognition was pre-
sented in Dalmia et al. [28]. Their research suggests three changes to the standard
paradigm to adequately address distinctive features of code-switching. To handle
code-switching scenarios’ minimal resource requirements, they first provide two auxil-
iary loss functions. Furthermore, to enhance the label encoder training specifically for
intra-sentential code-switching, a unique mask-based training technique is presented
that is combined with language ID information. To better recognize code-switching,
they finally suggest a multilabel / multi-audio encoder structure that would use large
monolingual speech corpora. Using the SEAME dataset, a readily available Mandarin
— English code-switching corpus, the effectiveness of these suggested methods is

shown.

In [12], they investigate the constructiveness of utilizing out-of-domain monolin-
gual data to enhance ASR for code-switched speech. Their experiments focus on a
newly introduced dataset comprising code-switched South African soap opera speech
across five languages. Specifically, they examine whether incorporating monolingual
data from unrelated, larger corpora can improve ASR accuracy for English—isiZulu
code-switched speech. They train TDNN BLSTM acoustic models using different
configurations of training data and explore the use of artificially-generated bilingual
English—isiZulu text to augment language model training data. Despite differences
between the soap opera and monolingual speech, the study concludes that incorpo-
rating monolingual out-of-domain data can improve speech recognition accuracy for

English-isiZulu code-switched speech.

It is important to improve ASR models for code-switching while preserving mono-

lingual accuracy since fine-tuning them on code-switched speech might negatively



impact performance on monolingual speech. Strong results are obtained from both
code-switched and monolingual tests sets when models are trained on code-switched
speech using the Learning Without Forgetting (LWF) framework without having ac-
cess to the original training data. Regularization procedures are suggested to fine-
tune models for code-switching while compromising monolingual accuracy when ap-
plicable, leading to improved WER relative to baselines using pooled data and straight-

forward fine-tuning [29].

In response to the lack of resources in this field, a spontaneous code-switched
Egyptian Arabic-English speech corpus is created and made available, along with
a code-switched ASR system. Both transformer-based and DNN-based hybrid E2E
models are developed and used by the ASR system. A comprehensive comparison
between these approaches is presented in the context of a low-resource, orthograph-
ically unstandardized, and morphologically rich language pair. Meanwhile, both the
systems yield similar overall recognition results, each demonstrates unique strengths.
Effective methods for integrating hypotheses from both systems at both sentence and

word levels are also proposed, resulting in an overall WER improvement [30].

An E2E ASR pipeline tailored for code-switched speech, where a low-resourced
language is combined with a high-resourced language, is presented by Yue et al.
[31]. The challenge of low-resourcefulness in acoustic data, which particularly im-
pacts E2E ASR systems, is addressed by integrating a specialized decoding scheme
and applying neural network-based language model rescoring techniques to enhance
transcription accuracy in archives containing code-switching Frisian-Dutch speech.
To optimize the use of accessible linguistic materials in both languages, this approach
uses a multi-graph decoding mechanism, generating distinct search areas for each
monolingual section. Furthermore, limited in-domain code-switching text is used to
further adjust a recurrent neural network that has been trained beforehand with cross-

lingual embedding for language model rescoring.

2.3. Traditional Code-switching Speech Recognition Systems

Code-switching, the practice of switching between multiple languages within a sin-

gle discourse, grant a significant challenge for speech recognition systems aiming

10



to accurately transcribe multilingual speech. Traditional methodologies have been
instrumental in addressing this challenge, laying the foundation for the recognition
and interpretation of code-switched speech. Additionally, these methods have been
successfully applied to monolingual corpora, demonstrating their versatility and effec-
tiveness. This section explores two fundamental techniques within traditional code-
switching speech recognition systems: Hidden Markov Models (HMM) and Gaussian

Mixture Models (GMM).

2.4. Hidden Markov Model performance in ASR

The hidden Markov model (HMM) is a probabilistic model that can effectively capture
the hidden states underlying observation data. In an HMM, observations at different
time points are associated with a certain probability distribution corresponding to a
possible hidden state. The mathematical foundations of HMMs were established by

Baum and Petrie in 1966 [32].

Although Markov sources first developed and investigated in the late 1960s and
early 1970s, their statistical applications have become more well-known in recent
years [33]. HMMs provide a framework for modeling the joint probability of a collec-
tion of random variables, incorporating both observations and states [34]. They have
been particularly successful in modeling the dynamics of carefully dictated speech
[35]. However, when applied to conversational speech, HMMs often face significant
performance degradation. When employed for model conversational speech, their
performance deteriorates and there is a prevalent hypothesis that achieving satisfac-

tory transcription performance on this type of data will require more advanced models.

When employed for model conversational speech, their performance diminishes,
leading to a widespread belief that achieving satisfactory transcription accuracy on
such data might necessitate the use of more advanced models. There is a common
hypothesis that achieving acceptable transcription performance for this type of data

will require more sophisticated models [35].

11



2.5. GMMs performance in ASR

The GMM (Gaussian Mixture Model) is a probabilistic model that represents a fi-
nite mixture of Gaussian distributions [34]. It is commonly used as a data cluster-
ing method where each cluster is modeled as a combination of different Gaussian
components [36]. The goal of clustering with GMM is to assign observations to the

appropriate components by estimating the parameters of each cluster [36].

GMMs have been employed in various domains, including image segmentation,
audio classification, and instrument recognition [37]. These presuppose that the vec-
tor traits have a man and deviation Gaussian distribution. GMMs may accurately de-
pict the feature distribution of a specific speaker by permitting a combination of these

Gaussians, which qualifies them for speaker identification applications [38].

The application of GMMs in speaker recognition has been widely studied and
demonstrated their efficiency in text-independent speaker recognition [39], [40], [41].
Recent studies have highlighted the effectiveness of GMMs in various pattern recog-
nition techniques [42]. Advances in parameter estimation, computations, and scoring

have further improved the performance of GMMs in speaker recognition tasks [38].

The GMM excels at soft clustering discrete observations. However, in speech
processing, where observations occur sequentially, it faces a challenge: accurately
determining transitions between clusters. Understanding the occurrence and co-
occurrence of language phonemes requires careful analysis of training samples [43].
Their limitations in handling sequential data and modeling transitions between differ-
ent linguistic components make them less suitable for code-switching tasks in speech

processing.

CTC-based systems in ASR were trained multilingually, utilizing a global phonet-
ics that are derived from the combined phonetics of each source language. Various
language combinations and the inclusion of Language Feature Vectors (LFVs)were
evaluated. While multilingual systems typically suffer in performance compared to
monolingual ones, the proposed approach reduces this performance gap, whether
using graphemes or phonemes. The system achieved the lowest token error rate

(TER) and word error rate (WER) [44].

12



2.6. Deep Learning Code-switching Speech Recognition techniques

In the realm of multilingual communication, code-switching presents a fascinating
challenge for speech recognition systems. Deep learning approaches have emerged
as powerful tools to tackle this complexity, offering innovative solutions to recognize
and transcribe code-switched speech. This section explores three prominent deep
learning architectures for code-switching speech recognition: Speech Recognition
using Deep Neural Networks (DNNs), Speech Recognition using RNNs and Con-

volutional Neural Networks (CNNs).

2.7. Speech Recognition using DNNs

DNN achieves notable accuracy improvements in various speech recognition tasks,
primarily due to their deep and wide network structures with a vast number of param-
eters [45]. DNN models can perform well in tasks even without a deep understanding
of the underlying complexity. However, if there is a good understanding of the task,
there may be more efficient ways to achieve the same level of performance compared
to using DNNs [46]. The DNN model is a neural network architecture characterized
by its feed-forward structure and the inclusion of multiple hidden layers. Optimizing
DNNs with numerous hidden layers can be challenging, sometimes requiring exten-
sion beyond the boundaries of the test dataset. Due to the sequential nature of speech
signals, DNNs encounter difficulty in directly modeling them [47]. DNN models with
multiple hidden layers are capable of capturing complex patterns in data. However,
such models can be challenging to optimize effectively, especially when dealing with

diverse linguistic features present in code-switched data.

2.8. Recurrent Neural Networks-based in Speech Recognition

Recurrent Neural Networks (RNNs) have gained significant popularity and have been
effectively utilized in various domains, including speech recognition, machine transla-
tion, and image captioning [48]. The fundamental characteristic of RNNs lies intheir

ability to process sequential data, where they maintain a state that encapsulates the
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information encountered so far [49]. This internal memory and chain-like structure al-
low RNNs to capture dependencies and patterns in sequential data. However, RNNs
face challenges during training due to the vanishing or exploding gradient problems

[50].

These issues arise when gradients propagated through the network either shrink
exponentially or grow uncontrollably as they traverse through the recurrent loops [51].
The vanishing gradient problem causes RNNs to struggle in capturing long-term de-
pendencies, as gradients diminish over time. Conversely, the exploding gradient prob-

lem leads to unstable and ineffective training.

2.9. Convolutional Neural Networks-based in Speech Recognition

CNNs show effectiveness in reducing spectral variations and capturing correlations
within acoustic features for ASR [52]. The CNN is a type of feed-forward artificial
neural network thatincorporates convolutional and pooling layers. CNNs require input
data to be structured in a specific format. When processing speech signals, this
involves using features arranged either along the frequency or time dimensions to

ensure that the convolution operation is applied correctly [53].

Building ASR systems competitive with standards approaches is made possible
by the ability to explicitly model the correlation of phonemes and uncompressed sig-
nal from speech within the CNN framework. Analysis has shown that within the ini-
tial two convolutional layers, the CNN acquires and represents the phone-specific
spectral envelope details from 2-4 ms speech segments. It has been concluded that
the CNN-based approach yields ASR trends similar to those of standard short-term
spectral-based ASR systems under mismatched (noisy) conditions, with the CNN-

based approach being more robust [54].

2.10. End-to-End Code-Switching Speech Recognition System

In the context of code-switching speech recognition, E2E systems have appeared as a
promising frontier, offering a holistic approach to transcribing multilingual speech. This

section explores two cutting-edge methodologies within E2E systems: Listen, Attend,
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and Spell (LAS) and CTC. These techniques represent a departure from traditional
models, aiming to directly map acoustic signals to code-switched text, providing a

streamlined and efficient solution to the complexities of code-switching.

2.11. Listen, Attend, and Spell in End-to-End

A neural network called the Listen, Attend, and Spell (LAS) model is used to translate
oral speech into texts that can be written. The model successfully incorporates all es-
sential components of a speech recognition system. It consists of two primary parts:
a speller, an attention-based recurrent network decoder that produces character se-
quences as output, and a listener, which functions as a tapered recurrent network
encoder taking filter bank spectra as input [55]. Importantly, this network produces

character sequences while avoiding assumptions of theirindependence.

According to [56], while simplifying the training and decoding procedures, this ap-
proach poses challenges for an intergrate model that can be used to adapt when
inconsistencies that may arise between training and testing data, especially in sce-

narios with dynamic changes in this information.

On the opposing side of the spectrum, we have non-streaming models like LAS,
which have demonstrated superior performance over traditional ASR systems [57].
However, it's worth noting that LAS models aren’t inherently designed for streaming

since they necessitate processing the entire audio segment [58].

The outcomes generated by LAS-based models don’t explicitly hinge on the au-
dio’s length. Instead, these models depend on token generation to indicate sentence
endings. This characteristic might lead the LAS model to produce extraneous and
unwanted tokens or potentially overlook certain tokens. To address this concern, a
solution involves employing a CTC-based model that’s trained to predict phoneme
units. This CTC model is then utilized to reevaluate and rescore the result beams

generated by the LAS model [59].

There are two main types of E2E architectures namely, CTC and attention-based
methods [60]. Attention-based methods consist of an encoder network and an attention-

based decoder. The encoder network maps the acoustic speech inputinto a high-level
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representation, while the attention-based decoder recognizes symbols based on pre-
vious predictions. By utilizing an attention mechanism, the model can selectively focus
on specific parts of the input from the encoder while disregarding irrelevantinforma-

tion [61].

Attention-based models have found wide application in sequence-to-sequence
learning systems, achieving impressive results in various natural language under-
standing tasks. However, these models face challenges in efficient execution due to

their memory-bound nature, caused by a large number of parameters [62].

2.12. Connectionist Temporal Classification in End-to-End

EZ2E training methods, such as CTC, have revolutionized ASR by allowing the training
of RNNs for sequence labeling tasks without requiring knowledge of the input-output
alignment. This has opened up possibilities for solving problems where the alignment
is unknown [63]. The CTC approach, proposed in [64], is a technique that utilizes
RNNs in tasks of sequence labeling wherein the alignment is unknown between input
sequences and target labels [64]. The CTC objective allows for training E2E systems
that directly predict grapheme sequences without requiring frame-level alignments of

the target labels during training [60].

CTC is a loss function designed for sequence labeling tasks involving inputsand
label sequences of variable lengths [65]. In acoustic modeling, CTC eliminates the
need for pre-defined frame-level labels by autonomously learning alignments between
speech frames and their corresponding label sequences. CTC outputs a character for
each frame of the input, making the output sequence as long as the input sequence.
Subsequently, a collapsing function is applied to merge sequences of identical char-

acters, resulting in a shorter sequence [66].

The primary benefit of CTC is that it has the ability to eliminate the need fordata
segmentation alignment. This enables deep learning techniques like CNNs and RNNs
to play a more significant role in the ASR process [67]. Unlike traditional models that
often output phonemes or other small units, CTC directly outputs the final target form

without the need for additional processing, simplifying the construction and training of

16



E2E models [67]. This allows a single network structure to map the input sequence

directly to the label sequence, facilitating E2E speech recognition.

Moreover, to its simplicity and efficiency, the use of the intermediate CTC loss
provides regularization during training, enhancing performance, and requires minimal
code modification [1]. Furthermore, the overhead during both the training and infer-

ence processes is negligible, making CTC a practical choice for ASR systems.

CTC-based systems in ASR were trained multilingually, utilizing a global phone
set derived from the combined phone sets of each source language. Various lan-
guage combinations and the inclusion of Language Feature Vectors (LFVs) were
evaluated. While multilingual systems typically suffer in performance compared to
monolingual ones, the proposed approach reduces this performance gap, whether
using graphemes or phonemes, and the system achieved the lowest token error rate

(TER) and word error rate (WER) [44].

Enhancing code-switched ASR systems in low-resource settings by employing
data augmentation techniques with code-switched Text-to-Speech (TTS) synthesis
is explored in [68]. The approach involves using Mixup, a method for generating new
training samples through linear interpolation, applied to both TTS and real speech
samples. Additionally, a novel loss function is introduced, used alongside TTS sam-
ples to promote code-switched predictions. The findings demonstrate significant en-
hancements in ASR performance, with absolute WER reductions and noticeable im-
provements in code-switching accuracy, offering promising avenues for improving
code-switched ASR tasks, particularly for Hindi-English language pairs in low-resource

environments.

Authors in [69] present an approach to enhance the accuracy of self-attention
mechanisms when dealing with long sequence data. It tackles the issue ofaccuracy
decline in self-attention due to differences in lengths between training andinference
data segments. The approach is applied to CTC-based ASR. Experimental results on
the Corpus of Spontaneous Japanese (CSJ) and TEDLIUM 3 benchmarks exhibit a
significantenhancementin accuracy forlong sequence data, eliminating the necessity

for windowing techniques.

While usually demanding extensive training data, E2E ASR is comparatively straight-
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forward to implement both conceptually and linguistically. An E2E ASR system is in-
troduced to transcribe code-switched speech in Bantu languages and English using
the South African Corpus of Multilingual Code-switched Soap Opera Speech (Soap
Opera corpus). Despite the low-resource nature of the dataset, containing 21 hours
of speech in four Bantu languages and English, typically requiring thousands of hours
for training, the authors employ fine-tuning and evaluation of XLSR-53 wav2vec 2.0
models pre-trained on data from 53 languages. Fine-tuning and evaluation are con-
ducted specifically on the Soap Opera corpus data. Furthermore, the study explores
pre-training and fine-tuning wav2vec 2.0 models on the Soap Opera corpus, incor-
porating data from the NCHLT corpus during pre-training in subsequent experiments.
XLSR-53 models fine-tuned on Soap Opera corpus data demonstrate the best perfor-

mance among the tested models [70].

A CTC-based E2E ASR model tailored for intra-sentential English-Mandarin code-
switching was introduced, undergoing joint training on monolingual datasets followed
by fine-tuning using the mixed-language corpus. For decoding, beam search is em-
ployed, integrating CTC predictions with language model scores. This approach ef-
fectively utilizes monolingual corpora, detects language transitions, and results in an

improvement in Character Error Rate (CER) [71].

An adaptation technique for E2E speech recognition systems involves integrating
multiple ASR hypotheses into the computation of the CTC loss function, helping to mit-
igate the impact of errors in ASR hypotheses on CTC loss calculations. The method
calculates the CTC loss using diverse ASR hypotheses derived from decoding un-
labeled data in semi-supervised adaptation scenarios where some adaptation data
lack labels. Experiments conducted in clean and multi-condition training settings and
multi-condition training data, and subsequently tested on Aurora-4 test data, illustrate

considerable relative reductions in WER [72].

2.13. Speech Recognition System Evaluation Matrix

Evaluating the performance of speech recognition systems is crucial for assessing
their accuracy and effectiveness in transcribing speech, especially in the context

of code-switching. This section explores key evaluation metrics used in assessing
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speech recognition systems: Phone Error Rate (PER), Letter Error Rate (LER), WER,
and Character Error Rate (CER). By understanding these metrics, we gain insights
into how code-switching speech recognition systems are evaluated and how their per-

formance is quantified.

2.14. Phone Error Rate in Speech Recognition System

Phone recognition systems are typically evaluated using the phone error rate (PER),
which calculates the minimum edit distance encompassing substitution, deletion, and
insertion errors [73]. While PER allows for comparisons and rankings of phone recog-
nizers, it may not provide sufficient detail to comprehend the specific nature of errors
and nuances in phone recognition. Studies such as [2] and [44] have utilized PER as
a performance metric. The PER metric considers all discrepancies between the rec-
ognizer’s hypothesis and the manually annotated reference at the phone level, defined

as follows:

I+S+D
PER= — — 2.1
C+S+D (1)

With C, I, S, D respectively referring to the number of correct detections, insertions,

substitutions and deletions [74].

2.15. Letter Error Rate in Speech Recognition System

This is a natural measure for tasks such as speech or handwriting recognition where
the aim is to minimize the rate of transcription mistakes [64]. Letter Error Rate (LER)
is calculated by computing the edit distance between the hypothesized words and the
reference transcription. The edit distance is the number of insertions, deletions, and
substitutions needed to convert the hypothesized words into the reference transcrip-

tion. LER measures the error rate at the letter level with the formula below:

LER=2=3=1 (2.2)
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where D is the total number of deletions in the recognised strings, S is the total
number of substitutions, | the total number of insertions, and N the total number of

labels in the test set [75].

2.16. Word Error Rate in Speech Recognition System

WER is calculated by computing the edit distance between the hypothesized words
and the reference transcription. The edit distance is the number of insertions, dele-
tions, and substitutions needed to convert the hypothesized words into the reference
transcription. The WER is computed as the ratio of the edit distance to the total num-
ber of words in the reference transcription [5]. On the other hand, in [5], [9], and
[10], WER was employed to measure the effectiveness of decoding using a language

model with CTC.

WER measures the difference between the recognized transcription and the refer-
ence transcription in terms of the number of word errors. It measures the percentage
of incorrectly transcribed words (Substitutions (S), Insertions (), Deletions (D)). It is
defined as follows:

S+D+1
WER = — (2.3)

where N is the number of words in the reference text [76].

2.17. Character Error Rate in Speech Recognition System

The attention-based encoder-decoder learns a direct mapping from acousticframes
to character sequences. At each output time step, the model generates a character
based on the input data and the previous characters in the sequence. Because the
attention mechanism does not rely on conditional independence assumptions, it has
frequently been observed to enhance Character Error Rate (CER) [77]. In [11] and

[67], evaluations were performed using the CER as the performance metric.

CER measures the error rate at the character level. CER depends on the relative
sizes of the number of errors and correct words. Since there are hopefully many

more correct words than errors, CER is not very satisfying to measure error detection
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performance [78]. Formula:

S+ D+ 1 Numbero fincorrectclassi f ications

CER = (2.4)

Hypothesizedwords

where: S is the number of substitutions which are characters in the reference that
are incorrectly recognized, D is the number of deletions which are characters missing
in the recognized transcription compared to the reference, | is the number of insertions
which are extra characters present in the recognized transcription compared to the

reference, and N is the total number of characters in the reference.

2.18. Chapter Summary

Despite significant advancements in speech recognition technologies, notable re-
search gaps persist, particularly in the context of code-switching and low-resource
environments. Currentapproaches, including DNNs, RNNs, and CNNs, often struggle
with robustness in diverse linguistic features and real-time processing. Additionally,
E2E systems like LAS face challenges in adapting to variations in training and testing
datasets. To address these gaps, this research focuses on developing hybrid models
that integrate the strengths of RNNs and CNNs, using CTC techniques that enable
the systems to predict variable-length output sequences without requiring frame-level
alignment. This allows for more efficient handling of unaligned data in code-switched
scenarios. Furthermore, exploring innovative data augmentation methods for low-

resource, code-switched languages will enhance performance and accuracy.
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3. METHODOLOGY

3.1. Introduction

This chapter offers a comprehensive exploration of the methodology employed to de-
velop an ASR system using the CTC approach. We discuss the specific system pa-
rameters and neural network architecture used, shedding light on the technical basis
of our research. The goal is to clarify the framework behind the creation of an innova-
tive Sepedi-English code-switched ASR system, enabling a deeper understanding of
the techniques and processes involved. The following sections will delve deeper into
the methodology, covering data preprocessing, network architecture design, training

procedures, and evaluation metrics.

3.2. Code-Switched Speech Corpus

This research utilizes the Sepedi Prompted Code Switching ' (SPCS) corpus as de-
scribed by Modipa et al. [27]. we chose to use this corpus in this research because
it is the only sepedi code switched data that is available. The SPCS Speech Corpus
comprises a curated collection of spoken language data specifically assembled and
annotated for speech research purposes. The prompts used in this corpus are derived
from transcribed code-switched radio data. The speech recordings were gathered us-
ing Woefzela, a smartphone-based tool developed locally for broadband speech data
collection [79]. The SPCS corpus includes recordings from a diverse cohort of Sepedi

speakers aged between 17 and 27 years.

The SPCS Sepedi data was collected in a form of recordings and then transcribed
and segmented into smaller units of speech called utterances. Directories have audio
files for all the recordings and transcriptions. Out of all the audio files, 7615 are
captured by men, and 4771 are captured by women, producing a gender ratio of

60% males and 40% females.The speech corpus comprises around 12359 audio files

'https://repo.sadilar.org/handle/20.500.12185/530?show=full
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which has a total duration of approximately 10 hours.

The dataset is segmented into three groups: the training, validation, and testing
sets. Specifically, it is divided into proportions of 70% for training, 20% for validation,
and 10% for testing. Table 3.1 visualizes how utterances are distributed among these

three distinct sets: training, validation, and testing.

Table 3.1: The number of utterances of the SPCS corpus

Set Number of utterances | Number of speakers
Training | 6644 12

Validation | 3014 4

Testing 2701 4

3.3. Model setup using different dataset

The NCHLT Sepedi corpus primarily consists of speech prompted in Sepedi, inter-
spersed with English speech, resulting in a code-switched corpus. Our analysis
specifically targets the testing data from the NCHLT corpus, which includes a total
of 8 speakers of which 4 are females and 4 are males. Additionally, we include test-
ing data from the SPCS corpus, which involves four speakers—two females and two
males. This distribution ensures a balanced representation of genders. Details of the

test data distribution can be found in Table 3.2.

Table 3.2: Gender distribution in SPCS and NCHLT test data
Test data| SPCS speakers | NCHLT speakers

Female 2 4

Male 2 4

To evaluate the model’s performance, we utilized both the NCHLT dataset and the
SPCS corpus, as shown in Table 3.3. This approach enabled a comprehensive as-
sessment of the model’s capabilities across diverse datasets, considering the number
of utterances in the testing data. The data indicates a relatively balanced distribution
of utterances between male and female speakers in both datasets, with males slightly

more represented in the NCHLT dataset and females slightly more represented in
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the SPCS dataset. Additionally, the NCHLT test data has a higher total number of

utterances compared to the SPCS test data.

Table 3.3: The distribution of utterances in SPCS and NCHLT test data by gender
Test data | Number of SPCS utterances | Number of NCHLT utterances

Female 610 1382
Male 516 1447
Total 1126 2829

In Table 3.4, we show the distribution of Sepedi words to English words in the
corpus. ltis clear that the corpus is dominated by Sepedi words. However, the English
words were equally present. Only a small number of words which do not form part of
either Sepedi or English were also found in the corpus. These words are known as
bilingual words, which are words that do not fit the grammatical pattern of either of the

languages.

Table 3.4: The SPCS Sepedi-English words distribution

Language | Number of words

Sepedi 384
English 346
Other 58

Table 3.5 presents the distribution of sentences in the SPCS (Sepedi-English) cor-
pus, categorizing them into Sepedi, English, and Code-switched sentences. The data
shows that there are 139 sentences written entirely in Sepedi and 542 sentences writ-
ten entirely in English. Notably, the majority of the sentences, amounting to 11,678,
involve code-switching, where both Sepedi and English are used within the same sen-
tence. This significant prevalence of code-switched sentences highlights the bilingual
nature of the corpus and indicates a high level of linguistic interplay between Sepedi

and English within the dataset.

Figure 3.1 shows the frequency of frequently appearing words in the SPCS cor-
pus. The corpus is dominated by words of length two and few occurrences of single-

character words. These words with the highest frequency in the corpus are referred

24



Table 3.5: The SPCS number of sentences distribution

Language Number of sentences
Sepedi 139

English 542

Code-switched | 11678

to as connectors. Connectors contribute to the coherence and cohesion of sentences
and texts, serving to bridge gaps and uphold a logical and comprehensible structure

in the written content [80]. Also, the most frequent words are Sepedi words.

Samples

Figure 3.1: Distribution of frequently appearing words

We also analyzed the occurrences of the words in the sentences and counted the
frequency of the sentences. Figure 3.2 shows the number of words per sentence and
the respective frequencies of the sentences. Sentences with only one word occur 27
times whereas the corpus is dominated by sentences with a length of five words which

has 7385 occurrences.

The majority of sentences have a length of 27 characters (see Figure 3.3). Inter-
estingly, the longest sentences, consisting of 33 characters, have the lowestcounts.
On the other hand, sentences with lengths between 27 and 28 characters exhibit the

highest frequencies in the dataset.

25



7385
7000

6000

5000 -

Count
8
o
o

3000 1 =

2000
1539

1000 4
381

Number of words
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Figure 3.3: Distribution of characters per sentence

3.4. System Development Process

By following a sequence of steps, we have built an ASR system using the CTC ap-
proach on Kaggle environment 2. This process encompasses several pivotal phases:
pre-processing, dataset generation, model development, training, and evaluation. Be-

low is a brief overview of each stage.

The first step involves installing essential Python libraries and modules necessary
for building the ASR system. This includes integrating deep learning frameworks such
as TensorFlow and Keras. In the preprocessing phase, we carefully commenced by

defining the valid set of characters that can appear within the transcriptions of our

“https://www.kaggle.com/
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speech data. This resultant character set is then stored within a designated variable.
Following this initial step, we proceed to establish two essential Keraslayers. Keras,
as a widely used deep learning framework that offers an abstraction layer for con-
structing and training neural networks. In Keras, a layer represents a fundamental
component of a neural network. Each layer is responsible for performing specific op-
erations and transformations on the input data. These operations are essential for
learning and modeling complex patterns within the data. Each keras has a distinct

role in facilitating the transformation between characters.

The first of these layers assumes the pivotal role of translating characters into
their corresponding integer representations. It relies on the vocabulary parameter,
a configuration designed to encompass the predetermined characters that our ASR
system is expected to encounter during transcription. Any character values found in
the input data that fall outside this pre-defined vocabulary are intelligently mapped to
an empty string, ensuring that our system can gracefully handle unexpected inputs

without disruption.

Conversely, the second Keras layer functions as the counterpart to the first. Its pri-
mary function is to perform the inverse mapping, converting integers back to their orig-
inal character forms. This is achieved through the utilization of the same 'vocabulary’
information, thus providing a comprehensive and seamless bidirectional transforma-
tion between characters and their corresponding integer representations. These two
layers play a crucial role in preparing the transcription data for training and decoding

within our ASR system.

In the process of creating dataset objects, we organize our data into three distinct
sets: training, validation, and testing. Each of these subsets plays a unique and
crucial role. The training set, which is the largest, serves as the foundation for the
model’s learning process. It's in this set that the model gains insights into patterns
and refines its recognition capabilities. The validation set, separate from training, acts
as a critical tool for parameter tuning and performance assessment during the training
process. The testing set, equally important, provides the ultimate evaluation platform.
We measure the ability of the model to generalize to unseen data, and in our case,

this set introduces diversity by drawing samples from two different corpora.
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Once our data is organized, we process each encoded sample within the dataset.
Here, each encoded sample within the dataset undergoes a series of tasks using the
map method. These tasks encompass various fundamental processes. Firstly, the
method reads the audio files associated with the dataset samples, granting access to
the raw audio data. Subsequently, the computation of spectrograms ensues. These
spectrograms capture the essential spectral features that underlie speech recognition.
Data normalization is the next step, ensuring uniformity and eliminatinginconsisten-
cies in the input data. Additionally, the mapping of transcriptions into sequences of
integers is executed, making the text data amenable for ASR model processing, as

these models typically require numeric input.

To optimize the dataset for efficient model training, we apply the technique of
batching. This process involves grouping multiple samples into batches, a strategy
that expedites parallel data processing, enhances efficiency, and maintains consis-
tency. Furthermore, to maximize resource utilization and expedite the training pro-
cess, we employ the pre-fetch method. This technique cleverly overlaps data pre-
processing with model training, ensuring that while one batch is being processed, the

next is being pre-processed in the background.

In parallel, the creation of a separate test dataset is a vital component in the sys-
tem development process. This dataset, unlike the training and validation sets, is
constructed using test file names and their associated transcriptions. It plays a pivotal
role in the evaluation of the model’s performance. By assessing the model’s accuracy
on unseen data, it simulates real-world conditions where the model encounters novel

and unpredictable inputs, ultimately ensuring the robustness of the ASR system.

We implemented a speech recognition model inspired by the DeepSpeech2 archi-
tecture, utilizing a combination of CNNs and RNNs. The input to the model is in the
form of spectrograms, which are reshaped to add a channel dimension, allowing for
compatibility with CNN layers. Two convolutional layers are applied to extract temporal
and spectral features from the input. Batch normalization follows each convolutional
layer to stabilize the learning process, and RelLU activations are used to introduce

non-linearity.

After the convolutional layers, the output is reshaped to prepare it for sequential
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modeling by the RNN layers. The RNN component of the model consists of multiple
bidirectional Gated Recurrent Unit (GRU) layers, which are employed to capture both
forward and backward temporal dependencies in the input sequence. To preventover-
fitting, dropout layers are applied between the RNN layers. The output of the recurrent
layers is passed through a fully connected dense layer with a non-linear activation and

additional dropout for regularization.

The final layer is a softmax-activated classification layer that outputs a probability
distribution over possible character predictions, including an extra label for the blank
character used in the CTC loss function. This architecture, combined with the use
of CTC loss, allows the model to handle variable-length input and output sequences.

The model is trained using an appropriate optimizer to ensure efficient convergence.

3.5. Training

During the training phase, the neural network undergoes a rigorous learning process.
It receives batches of speech recordings, each accompanied by theircorresponding
transcriptions. The primary objective of the network is to determine and internalize the
intricate patterns existing within the data. These patterns represent the relationships

between audio features and their associated textual representations.

Toachieve this objective, the network engages in a continual process of parameter
adjustment. It strives to minimize the disparity between the transcriptions it generates
and the actual, ground truth transcriptions provided in the dataset. This optimizationis
achieved through a technique known as back-propagation. In this process, the model
calculates the gradient of a loss function concerning its parameters. The loss function
quantifies the disparity between predicted transcriptions and the actual ones. The gra-
dient represents the direction and magnitude of change needed for each parameter

to reduce this disparity.

The training phase is iterative and unfolds over multiple epochs. During each
epoch, the model handles a batch of data, calculates the loss, and updates its pa-
rameters using the computed gradient. This iterative process of data processing, loss

calculation, and parameter adjustment continues for a set number of epochs, which
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is commonly specified in advance based on experimentation and model convergence
characteristics. Convergence occurs when the model’s performance stabilizes, and
further training does not significantly improve its accuracy or reduce the loss. Alter-
natively, training may also conclude when a specific time limit for training has been

reached, depending on the research requirements.

In this study we utilized a total of 150 epochs for training. This number represents
the extent of the iterative learning process and, along with the other training details, is
crucial for understanding how the system learned to recognize and transcribe speech
patterns. The training phase is where the neural network evolves, adapting its internal
parameters to make accurate predictions based on the patterns it discovers in the

training data.

3.6. Regularization effects on Code-Switched speech

Regularization is essential to improve performance and generalization of ASR sys-
tems dealing with code-switched speech. This technique helps the model generalize

better to unseen code-switched speech by preventing overfitting.

To prevent overfitting during training of deep neural networks, dropout is a com-
monly used regularization technique. By randomly dropping units during training,
dropout forces the network to learn more robust features. This technique can be par-
ticularly beneficial for code-switched speech recognition, where the model needs to

generalize across different languages and switching patterns.

Dropout randomly drops a percentage of neurons during each training iteration,
forcing the network to learn redundant representations. This prevents the network
from relying too heavily on specific neurons, thus enhancing its ability to generalize
from the training data. It helps the model to learn more robust features that are useful
across different languages and switching points, mitigating the risk of overfitting to the

peculiarities of the training data.

The dropout rate in a CTC-based ASR system plays a critical role in regularizing
the model, enhancing its generalization, and maintaining training stability. By effec-

tively balancing the dropout rate and combining it with other regularization techniques,
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you can significantly improve the performance and robustness of ASR systems in han-

dling code-switched speech.

3.7. Learning rate effects on Code-Switched speech

The learning rate is a fundamental hyperparameter in training neural networks, con-
trolling the size of the steps taken in the parameter space during optimization. High
learning rate accelerates convergence but can lead to overshooting the minima, caus-
ing the training process to diverge or result in a model that does not converge to a
good solution. Low learning rate slows down the convergence process, making the
training more stable and precise but requiring more epochs to reach the optimal so-
lution. The optimal learning rate strikes a balance between convergence speed and
stability. It ensures the model updates parameters effectively without overshooting

minima.

In gradient descent optimization, the step size is determined by the learning rate.
It controls how much the model’s parameters are updated in response to the gradients
calculated during backpropagation. The learning rate in a CTC-based ASR system is
crucial for balancing the training process’s convergence speed, stability, and gener-
alization. It influences how effectively the model learns to handle the complexities of

code-switched speech, capturing the necessary phonetic and linguistic features.

3.8. Effects of the complexity using kernel size on Code-Switched speech

The kernel size in a convolutional layer refers to the dimensions of the filter applied
to the input data. They greatly influence the ASR system’s capability to process
code-switched speech. The choice of kernel size affects the capacity of the model
to capture local and global features, balancing the complexity and ensuring effective

learning of the diverse and intricate patterns in code-switched data.

The kernel size in convolutional layers is pivotal for extracting relevant features
from input speech data. Small kernels are effective for capturing fine-grained, local
features like edges and phonetic details, making them ideal for early layers to de-

tect basic sound elements. Larger kernels capture broader, global features, enabling
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the network to recognize more extensive patterns and contextual information, which
is crucial for understanding complex speech phenomena, including code-switching.
Varying kernel sizes in the network builds a hierarchical feature representation, from
low-level details to high-level abstractions, enhancing its ability to learn both local and

global dependencies in the speech signal.

3.9. Effects of Filter Quantity on Complexity on Code-Switched speech

Filters are the components in convolutional layers that slide over the input data, per-
forming convolution operations to extract features. Each filter is responsible for detect-
ing specific patterns or features in the input data. The quantity of filters significantly
impacts its complexity and effectiveness in handling code-switched speech. Increas-
ing the number of filters enhances the capacity of the model to learn diverse and
complex features, crucial for recognizing the nuanced patterns in code-switched data.
Increasing filters adds more capacity to the model, enabling it to learn and represent

more complex features.

The number of filters in convolutional layers is essential in shaping the ability of
the model to capture and learn features from the speech signal. Adding more filters
enhances the model’s capacity to extract a diverse set of features, enabling it to detect

a wide range of patterns, from simple phonetic details to complex linguistic structures.

3.10. Effects of the complexity using RNN on Code-Switched speech

RNN layers play a crucial role in capturing temporal dependencies within the speech
signal and text by processing sequential input. RNNs operate on data in sequential
form, unlike feed forward neural networks that handle fixed-length vectors. In RNNs,
each vectorin the sequence is processed based on the hidden state from the preced-

ing step.

RNN layers maintain a hidden state that evolves over time as each audio frame
is processed. This hidden state serves as a memory of the past inputs, allowing
the network to capture temporal dependencies in the speech signal. This temporal

modeling is crucial for understanding the context and timing of phoneme transitions
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within spoken words.

RNN layers in ASR systems using CTC, the network learn to align the input audio
frames with the corresponding output labels, the Gated Recurrent Unit (GRU) variant

is used for learning such alignments over long sequences of data.

The number of RNN layers in an ASR system refers to the depth of the recurrent
neural network architecture employed in the model. Each layer in the RNN stack
processes the input sequentially, passing its output to the next layer. Increasing the
number of layers in the RNN stack allows the model to capture more complex temporal

dependencies and hierarchical features in the input data.

3.11. Evaluation

Throughout the evaluation phase, a callback function is invoked after each epoch to
compute the WER and showcase a subset of transcriptions from the validation set.
This approach allows continuous assessment of the model’s performance with data
that was not used during training, enabling adjustments to the model or hyperparam-
eters as needed. Additionally, the behavior of the model is evaluated using data from

two separate corpora.

In the model.fit function, the validation data parameter specifies the dataset used
for evaluation during training. Specifically, the WER, as defined in Equation 2.3, mea-
sures transcription accuracy by quantifying discrepancies between predicted words

and their actual references [81].

To compute the CTC loss, the function is represented by Equation 3.1:

s 7
Pcre(YX) = pladh) (3.1)

AeB7Y() =1
For a given input pair (X, Y), all potential alignments that could yield the output
sequence Y must be considered. The formula sums the probabilities of generating
each label at each time step, considering the corresponding hidden state of the model,

as outlined in [81].

For each alignment 4, we calculate the likelihood of generating each label at every
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time step, denoted as p(a/lh;). Here, the output sequence Y consists of labels (such
as characters or phonemes) with length denoted as 7', and the input sequence X

represents the model’s input. A valid alignment 4 maps the input sequence X to the
output sequence Y, while B‘l(Y) represents the set of all valid alignments resulting in
output sequence Y. By aggregating the probabilities of generating each label across

all potential alignments, we derive the CTC loss function.

We employed a greedy decoding strategy call as a fundamental component of the
system. Greedy decoding is a straightforward and widely used approach for tran-
scribing speech data. This approach focuses on selecting the most likely transcription
output at each time step without considering future context or dependencies. It oper-
ates under the assumption that at each moment, the system should choose the most
probable character or subword unit based on the current acoustic features and the

model’s internal state.

To complement this decoding strategy, we also utilized the CTC Loss function
during evaluation. The CTCLoss function is essential for training and evaluating ASR
models, as it allows the model to align the predicted transcriptions with the ground
truth transcriptions effectively, especially when dealing with sequences that contain

varying lengths and code-switching phenomena.

With this combination of greedy decoding and the CTCLoss function, the system
demonstrated its capability to transcribe spoken language efficiently and accurately.
Greedy decoding, while being relatively straightforward, offers a strong foundation
for ASR, and the CTCLoss function plays a pivotal role in refining the alignmentand
transcription quality. Together, these components formed the core of our system’s
decoding and evaluation methodology, enabling it to achieve the desired transcription

accuracy.

3.12. Chapter Summary
In this chapter, we introduced the primary objectives and the significance of our re-

search. We explained the data used in the study and how it was distributed. Subse-

quently, we presented a detailed breakdown of the preprocessing phase. This phase
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served as the fundamental step for preparing our data to be amenable for ASR model

training.

We also examined the creation of dataset objects, an essential process that in-
volved data splitting, thorough data preprocessing, and optimization techniques like
batching and pre-fetching.Greedy decoding was highlighted as the chosen approach

for transcribing speech data.

Moreover, we discussed the use of the CTCLoss function in the evaluation of
our ASR system, emphasizing its critical role in aligning predicted transcriptions with
ground truth transcriptions, especially in the context of code-switching and varying
sequence lengths. This chapter summary encapsulates the core methodology of our
study, reflecting the systematic and rigorous approach undertaken to develop an ef-

fective ASR system for Sepedi-English code-switched speech.
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4. EXPERIMENTAL RESULTS

4.1. Introduction

The objective of this chapter is to analyze the performance of the ASR system us-
ing the CTC approach. Various scenarios are examined during this evaluation. We
assessed the performance based on several parameters, including the impact of reg-
ularization on code-switched speech, the influence of learning rates on code-switched
speech, and the effects of complexity on code-switched speech with respect to ker-
nel size, the number of filters, and the RNN architecture. By systematically evaluating
these parameters, the chapter aims to provide a comprehensive understanding of how
different factors impact the ASR model’s performance, particularly for code-switched
speech recognition. The intention is to determine how complex the ASR model should
be to handle the CS speech patterns. Also, the generalizability of the model to handle
sepedi only speech patterns. The results below illustrate the loss across 100 and 150
epochs for both the training and validation sets. The training loss refers to measure-
ments on the training dataset, while the validation loss refers to measurements on the
validation dataset. Validation loss is a crucial metric indicating how well the model
generalizes to unseen data. Additionally, the results analyze the WER on the valida-
tion set for the SPCS dataset and on the testing set for both the SPCS and NCHLT

Sepedi corpus, evaluating the model’s generalizability across these datasets.

4.2. Regularization effects on Code-Switched

This section presents and discusses the effectiveness of the ASR model employing
the CTC approach with different dropout rates. The dropout rate is a hyperparameter
that specifies the fraction of neurons to be randomly dropped during training. During
each training step, an experiment is conducted where a set percentage of neurons
in a particular layer are randomly chosen, and their activations are set to zero. The
percentages used in this experiment are 10%, 30%, and 50%. This means that the

contribution of these neurons to the forward and backward passes is temporarily re-
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moved. Dropout is only active during the training phase. During validation and testing,
all neurons are used, but their activations are scaled by the dropout rate to ensure the

overall output level remains consistent.

—— Val_loss: Dropout rate = 0.1
Train_loss: Dropout rate = 0.1
val_loss: Dropout rate = 0.3
Train_loss: Dropout rate = 0.3
val_loss: Dropout rate = 0.5
Train_loss: Dropout rate = 0.5
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Figure 4.1: SPCS loss values for various dropout rate on validation set

Figure 4.1 presents the trends in loss over 150 epochs when using training and
validation datasets. The loss exhibits a downward trajectory as the number of epochs
progresses, punctuated by occasional fluctuations denoted by spikes. When the
dropout rate of 0.3 is used, the model yields the lowest validation loss of 22.18 at 14
epochs. This suggests that employing the dropout rate of 0.3, effectively enhances
generalization by mitigating overfitting to some degree as the performance remains
consistent until epoch 150. The plateau of the graph such that no effect was ob-
served beyond epoch 20. The loss of 24.21 was obtained with the 0.1 dropout rate
and 28.35 with the 0.5 dropout rate, respectively.

These results show that employing a dropout rate of 0.3 achieves an optimal state
from acquiring knowledge from the training dataset to extrapolating to unfamiliar data.
However, when the dropout rate is decreased to 0.1 and changing it to 0.5 lead to in-
creased validation losses, suggesting diminishing benefits and the possibility of over-
fitting. These results underscore the importance of carefully adjusting the dropout rate
to optimize model performance and prevent overfitting. Notably, instances of abrupt
spikes in validation loss indicate challenges when applying knowledge to new, unseen

data at specific epochs, particularly evident in the graph with a dropout rate of 0.5.
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Figure 4.2: SPCS WER for various dropout rates on validation set

Figure 4.2 depicts the WER over varying number of dropout rates when using the
SPCS corpus throughout the testing phase. The lowest WER, of 45.64% at epoch
117 which does not correspond to the epoch of the lowest loss. The lowest loss at an
earlier epoch and the lowest WER at a later epoch indicate that the system initially
learned the alignment well but required more training to optimize its real-world perfor-
mance in terms of transcription accuracy when employing a 0.3 dropout rate. Con-
versely, utilizing 0.1 dropout rate results in a slight increase in WER to 49.15%, while
opting for 0.5 dropout rate leads to a remarkably higher WER of 53.96%. When the
dropout rate is 0.3, the model performed optimally suggesting that this level of regular-
ization effectively balanced between preventing overfitting and maintaining model ca-
pacity for learning. However, when the dropout rate was reduced to 0.1 and changed
to 0.5, the performance showed a slight degradation, particularly noted in the rise of
WER. This indicates that the choice of dropout rate significantly influences the way

the model generalizes from the data used for training to unseen samples.

A dropout rate of 0.1 suggests a minimal regularization approach, allowing the
model to capture more intricate patterns from the training data. However, this led
to a slight increase in WER, suggesting that the model may have started to overfit
to the training set. On the other hand, a dropout rate of 0.5 indicates a stronger
regularization strategy, which should prevent overfitting by encouraging the model

to learn more robust features. Nevertheless, the observed rise in WER suggests
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that excessive dropout may have constrained the model’s learning capacity too much,
hindering its ability to generalize effectively. These findings emphasize the importance
of carefully tuning the dropout rate to strike the right balance betweenregularization

and model capacity, especially when dealing with limited trainingdata.
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Figure 4.3: WER on testing set for SPCS and NCHLT Sepedi with various dropout

rate

During testing, when evaluating the model with unseen data from the SPCS cor-
pus, we observe similar trends only with the 0.3 dropout rate. A dropout rate of 0.3
shows the lowest WER at 61.01%, followed by a dropout rate of 0.5, which produces
a WER of 77.09%. As it was the case with the SPCS test set, the lowest WER is
attained with a dropout rate of 0.3. In contrast, a dropout rate of 0.1 leads to a much
higher WER of 82.11%. This observation is different from what was obtained with the
SPCS test set for a dropout rate of 0.1. This dropout rate had the second best WER
while in this case it was the highest error rate. These results underscore the crucial
role of dropout rates in shaping the model’s performance across different datasets.
They highlight the necessity of meticulously choosing an appropriate dropout rate
during the model architecture design phase to achieve optimal performance. More-
over, the variation in performance between the SPCS and NCHLT corpora indicates
that the model finds it challenging to adapt when encountering data from a different
context, such as the Sepedilanguage in the NCHLT corpus. This points to the difficul-
ties of training ASR models on diverse and representative datasets and underscores
the need for robust adaptation mechanisms to manage various linguistic contexts ef-

fectively.
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Applying the dropout rate to the NCHLT pure Sepedi data during testing, the model
follows the same trend as the dropout rate changes. The lowest WER is observed
with a 0.3 dropout rate for both datasets, at 83.27%. Higher WERs are noted witha
0.5 dropout rate of 97.22%, and the highest WER occurs with a 0.2 dropout rate of
100%. A dropout rate of 0.3 results in the lowest WER across different datasets,
suggesting that this rate provides the best balance between preventing overfitting
and maintaining model performance. A dropout rate of 0.5 results in a higher WER
compared to 0.3. This suggests that setting the dropout rate excessively high could
result in underfitting, causing the model to inadequately learn from the training data

and consequently perform poorly on unseen data.

When applying the dropout rate to the NCHLT pure Sepedi data during testing, the
model achieves the lowest WER of 83.27% with a dropout rate of 0.3. The highest
dropout rate is obtained when a dropout rate of 0.5 results in a WER of 97.22% and
0.2 yields the highest WER of 100%. These findings suggest that a 0.3 dropoutrate
provides the optimal balance between preventing overfitting and maintaining strong
model performance. On the other hand, a dropout rate of 0.5 appears to be too high,
likely causing underfitting. This means the model fails to learn adequately from the

training data, leading to poorer performance on unseen data.

The varying performance between different corpora, such as the SPCS and NCHLT
datasets, highlights the model’s struggle to adapt to distinct linguistic contexts, such as
the Sepedi language. This indicates a need for more sophisticated adaptation mech-
anisms in ASR systems to handle diverse datasets effectively. The Sepedi NCHLT
test corpus represents a different domain or context compared to the training data,
making adaptation challenging for the system. ASR systems often perform better
when the training and testing data are closely aligned in terms of domain and context,

explaining why the SPCS dataset performs well since it was used for training.

4.3. Learning rate effects on Code-Switched speech

Learning rate is a hyperparameter that regulates the speed at which the model’s
weights are updated during training. The learning rate setting has specific implica-

tions for how the model learns during training. In Figure 4.4, the graph shows the
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CTCLoss as a function of the learning rate for three models that have been trained at
a 1e-3, 1e-4 learning rate as well as a 1e-5 learning rate. The graph displays the vali-
dation loss and training loss for all the learning rates. However,the smallest evaluated
loss value achieved is 31.35 on epoch 15 when using 1e-3 learning rate. Decreasing
the learning rate leads to a corresponding increase in the loss value. This is evident
from the fact that the lower learning rates of 1e-4 and 1e-5 lead to higher losses of

41.70 and 50.47, respectively.
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Figure 4.4: SPCS loss values for various learning rates on validation set

The graphs for learning rates 1e-3 and 1e-4 showed signs of overfitting earlier,
starting at epoch 20, whereas the overfitting for 1e-5 began later. The earlier onset
of overfitting suggests that these higher learning rates caused the models to fit too
closely to the training data, leading to reduced generalization on unseendata. Addi-
tionally, there is some noise present in the graphs for 1e-3 and 1e-4, whereas there
is no noticeable noise in the graph for 1e-5. The lower learning rate of 1e-5 allowed
the model to train more slowly and steadily resulting in a smoother loss curve without

significant noise.

The model achieved its lowest loss at epoch 15 when using a learning rate of 1e-3,
as depicted in Figure 4.5. At this point, the WER was observed to be 39.15%. This
highlights the significant impact of the learning rate on model performance. Thus,
reducing the learning rate to 1e-4 increased the WER to 60.37%, and further lowering
it to 1e-5 resulted in a WER of 87.46%. These outcomes show how the choice of
learning rate influences the ability of the model to effectively learn from the training

data.
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Figure 4.5: SPCS WER for various learning rates on validation set

These findings illustrate the critical role of the learning rate in training neural net-
works. A high learning rate can lead to instability, whereas a low learning rate can
result in slow convergence or becoming trapped in suboptimal solutions. The learning
rate impacts how quickly the model converges. The learning rate of 1e-3 resulted in
rapid initial improvements, leading to low loss early on at epoch 15, but it took longer
to fine-tune the parameters to achieve the lowest WER at epoch 98. This indicates
that higher learning rates enable faster initialimprovements but may require more time
to fine-tune for optimal performance. Lower learning rates provide more stable con-
vergence but slower learning, highlighting the importance of selecting an appropriate

learning rate for effective ASR model training.
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Figure 4.6: WER on testing set for SPCS and NCHLT Sepedi with various learning

rates

For the testing sets, when the learning rate is set to 1e-3, the model achieves the
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lowest WER 0of 61.01% in SPCS which is the general testing and 83.27% when tested
specifically with the NCHLT corpus on epoch 98. This indicates that a learning rate
of 1e-3 allowed the model to strike a balance between rapid learning and avoiding
overshooting optimal parameters. Contrastingly, with 1e-4 learning rate, the WER
increased to 72.67% in general testing and 85.70% with the NCHLT corpus, indicating
slower convergence and potentially settling in suboptimal states. At 1e-5, the model
exhibited the poorest performance, with WERs of 90.90% and 90.25% in general
testing and with the NCHLT corpus, respectively. This indicates that the learning
rate is too low, causing the model to converge very gradually or become stuck in

suboptimal local minima, resulting in poor performance.

The results emphasize the critical role of learning rate in determining the effec-
tiveness and efficiency of ASR model training. Selecting the right learning rate is
essential for achieving the best possible performance. Learning Rate of 1e-3 is the
most effective learning rate, providing the best balance between learning speed and
model accuracy. The model achieves the lowest WER with this setting, indicating
that it efficiently reaches optimal performance. A learning rate that is too low also
leads to inefficient training, requiring more time and resources to potentially achieve

suboptimal performance.

4.4. Code-Switched model complexity using kernel size

The kernel sizes of the convolutional layers play a crucial role in feature extraction
from the input audio spectrograms. Smaller kernels focus on more localized tempo-
ral patterns. They capture very fine-grained temporal details, which are crucial for
recognizing short-term dependencies and rapid changes in the audio signal. Larger
kernels in the frequency dimension capture a wider range of spectral features, which
is crucial for identifying broader frequency-based patterns. Utilizing a combination of
kernel sizes allows for a hierarchical and comprehensive feature extraction, balancing

between capturing global and local patterns effectively.

Local patterns refer to the short-term dependencies and fine-grained details in
the speech signal. These patterns are typically associated with rapid changes and

short sequences, such as phonemes, syllables, or short transitions between sounds.
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Global patterns refer to the long-term dependencies and broader contextual features
in the speech signal. These patterns encompass longer sequences and broader con-
texts, such as words, phrases, intonation patterns, and overall sentence structure.
Various kernel sizes are tested in the convolutional layers to assess their impact on
recognition accuracy: [5,5][4,4] (Kernel 1), [7,7][5,5] (Kernel 2), [9,9][7,7] (Kernel 3),
and [11,11][9,9] (Kernel 4).

Figure 4.7 below shows the loss throughout 150 epochs for both the training and
validation sets. The overall trend shows a decreasing loss with increasing steps,
despite occasional fluctuations indicated by spikes. The lowest validation loss of 29.25
is achieved with kernel 2. Using kernel 3 filters results in a validation loss of 31.58.
The loss increases slightly to 32.30 with kernel 1 and further to 33.51 with kernel
4 filters. This highlights the influence of various kernel sizes on the performance of
the model, balancing between capturing fine-grained temporal details and broader

spectral features.
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Figure 4.7: SPCS loss values for various kernel sizes on validation set

Figure 4.8 displays the WER for varying kernel sizes. The lowest WER, 37.92%, is
observed with kernel 2 configuration. This suggests that this combination effectively
captures both fine-grained temporal details and broader spectral features, leading
to better performance in recognizing audio patterns. When larger kernels are used,
such as kernel 3 and kernel 4, the WER increases to 39.21%. This indicates that while
these larger kernels capture broader frequency-based patterns, they may not be as
effective in capturing the fine-grained details necessary for optimal performance. Ad-

ditionally, a slight rise in WER to 39.45% is noted with different kernel configurations,
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suggesting a delicate balance between kernel size and the model’s ability to gener-
alize well over different audio features. This highlights the importance of selecting
appropriate kernel sizes to balance the extraction of both local and global patterns in

the audio spectrogram.

100 - —— Kernel 1

Kernel 2
—— Kernel 3
= —— Kernel 4
80

701

WER

60 -

50 -

40+

0 20 40 60 80 100 120 140
Epochs

Figure 4.8: SPCS WER for various kernel sizes on validation set

Figure 4.9 depicts the results of using different kernel sizes in an ASR systemto
illustrate the critical impact kernel dimensions have on model performance, particu-
larly in terms of WER. When the kernel size is set to kernel 3, the model achieves
the lowest WER, recording 59.07% in SPCS and 86.36% with the NCHLT corpus.
This optimal performance suggests that this specific kernel size enables the model
to effectively capture and learn the relevant features from the training data, balancing
between generalization and overfitting. In contrast, reducing the kernel size to kernel
1 results in a slight increase in WER to 59.53% in general testing and 82.31% with
the NCHLT corpus. This indicates a marginal decrease in the ability of the model to
capture sufficient contextual information. Similarly, increasing the kernel size to ker-
nel 4 also raises the WER to 60.72% in general testing and 81.73% with the NCHLT
corpus, suggesting that the model may begin to capture too much noise along with
the relevant features. The worst performance is observed with kernel 2 where the
WER reaches 61.58% in general testing and 84.64% with the NCHLT corpus, likely
due to insufficient or excessive feature extraction, which hampers the model’s ability
to generalize effectively from the training data. These results underscore the impor-
tance of selecting an appropriate kernel size to balance detail and context infeature

extraction, crucial for optimizing ASR performance.
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Figure 4.9: WER on testing set for SPCS and NCHLT Sepedi with various kernel sizes

4.5. Effects of Filter Quantity on Complexity in Code-Switched Data

Filters within convolutional layers are designed to extract temporal and frequency-
based features from the spectrogram representations of input audio data. These fil-
ters are pivotal in extracting pertinent acoustic features utilized in subsequent stages
for speech recognition and decoding. The quantity of filters impacts the model’'s com-
plexity by introducing additional parameters to be learned during training. Conse-
quently, they exert a substantial influence on both the complexity and performance of

the model.

Figure 4.10 displays the loss over 100 epochs for both training and validation sets.
The use of 16 filters yields the lowest validation loss, specifically at 21.96. This sug-
gests that this configuration best enhances the model’s generalizability to unseen
data. The loss increases to 22.24 when using 32 filters, and rises further to 22.82

with 64 filters. The graph shows a plateau for 16 and 32 filters from epoch 20.

The results indicate that, within the specified model architecture and dataset, using
16 filters strikes a balance between learning from the training data and generalizing to
data not previously encountered. Both 16 and 32 filters show higher validation losses,
indicating diminishing returns in performance. However, spikes in the validation loss
suggest that the model struggles to generalize to new, unseen data at certain epochs,
particularly evident with 64 filters. Despite this, the plot displaying smooth training loss

indicates that the model fits the training data well. Moreover, it's important to note that
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Figure 4.10: SPCS loss values for various number of filters on validation set

for both 16 and 32 filters, the validation error surpasses the training error after 20
epochs, indicating signs of overfitting. Conversely, the graphs for both training and
validation with 64 filters show good fitting initially, but noise starts appearing around

epoch 80, indicated by spikes in the graphs.

Figure 4.11 illustrates the WER across different numbers of filters. The model
achieves its lowest WER of 41.9% with 16 filters. Increasing the number of filters to
32 results in a slight rise in WER to 43.48%. However, employing 64 filters signifi-
cantly raises the WER to 47.47%, indicating diminishing performance as complexity

increases in the model architecture.
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Figure 4.11: SPCS WER for various number of filters on validation set

The model performed well when using 16 filters, indicating that for this dataset,
fewer filters in the convolutional layers were advantageous. This configuration effec-
tively captured relevant features and patterns in the data. However, as the number

of filters increased to 32, a slight increase in WER was observed. This suggests that
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with increased complexity, the model began capturing more intricate patterns that did
not generalize well to the test set. Furthermore, employing 64 filters resulted in a no-
tably higher WER with increased noise. This indicates that the model became overly
complex, potentially overfitting to the training data and failing to generalize effectively
to unseen data. These challenges stem from the limited training data, which makes it

difficult to generalize to new, unseen data.

When assessing the SPCS dataset, utilized for training, validation, and testing in
this study, the WER displays varying outcomes when the model is tested onunseen
data from the same corpus. Using 16 filters, the WER is recorded at 50.05%, while
employing 32 filters results in a slightly lower WER of 50.24%. However, utilizing 64
filters leads to a higher WER of 53.51%. In contrast, testing on the NCHLT corpus
shows that with 16 filters, the WERis at its lowest at 84.59%, followed by 85.06% with
32 filters, and 89.89% with 64 filters. These results show the critical role of selecting
an optimal number of filters in the model architecture, as this choice has a significant
impact on the model's performance across different corpora. The system’s lack of
exposure to a diverse dataset for the Sepedi NCHLT test corpus contributes to less
favorable results. Thus, the NCHLT text corpus presents a unique context compared
to the training data, leading to observable performance discrepancies. These findings

highlight the challenges the model faces in adaptation.
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Figure 4.12: WER on testing set for SPCS and NCHLT Sepedi with various number

of filters

The WERSs for the NCHLT corpus are consistently higher than those for the SPCS

dataset, regardless of the number of filters used. This indicates that the model strug-
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gles with the NCHLT data, underscoring the necessity of training on diverse and rep-

resentative datasets.

The distinct linguistic characteristics of the NCHLT corpus, especially the Sepedi
language data, pose additional challenges for the model. This further highlights the
need for careful selection of the number of filters and the implementation of robust
adaptation mechanisms to improve the model’s performance in varied linguistic con-
texts. Since code-switching is the practice of alternating between two or more lan-
guages within a conversation, it introduces complexity to ASR systems. The sys-
tem encountered difficulties in accurately recognizing the spoken language due to
the more intricate code-switching patterns present in the Sepedi NCHLT testcorpus

compared to the training data.

4.6. Effects of the depth using RNN layers on Code-Switched

RNNs are specifically designed to handle sequences by maintaining a memory of pre-
vious inputs through hidden states, enabling them to capture temporal dependencies.
Figure 4.13 depicts training and validation loss over 150 epochs. The graph of the loss
exhibits a downward trend as the epochs increases, although it occasionally displays
fluctuations with noticeable spikes. The lowest loss occurs when employing 3 RNN
layers, with a value of 31.35%. The loss increased when 2 layers of RNN layers were
used to 34.67%. It further increased to 47.67% when 4 RNN layers were employed
and 54.56% when 5 RNN layers were used. The results show that using three layers

is effective because it resulted in the lowest loss.

The cause of this behavior is promoted by the complexity of the model. A model
with too few layers does not capture the underlying patterns in the data well, resulting
in higher loss. While a model with too many layers overfit to the training data, perform-
ing badly on new, unseen data. For models with 2 and 3 RNN layers, the graphs start
to show signs of overfitting from epoch 10 onwards, despite achieving the lowest loss
shortly after epoch 10. The lowest loss after epoch 10 indicates that the model fits
the training data very well. For models with 4 and 5 filters, the graphs show significant

noise, indicated by spikes, and they display overfitting after 20 epochs.

49



—— RNN-Layers Validation =2 ~ —— RNN-Layers Validation = 4
RNN-Layers Training = 2 —— RNN-Layers Training = 4

—— RNN-Layers Validation = 3 RNN-Layers Validation = 5

—— RNN-Layers Training = 3 —— RNN-Layers Training = 5

100 -

80 -

60 -

Loss

401

201

0 20 40 60 80 100 120 140
Epochs

Figure 4.13: SPCS loss values for various RNN layers on validation set

Figure 4.14 displays the WER for varying numbers of RNN layers. The lowest
WER is observed when using 4 RNN layers, with a value of 38.15%. This setup
accurately captured pertinent trends and features in the data. However, when the
number of RNN layers decreases to 3, the WER increases slightly to 38.48%. The
graph for 3 layers consistently stayed lower than others until epoch 131, after which
the graph for 4 layers dropped below it at epoch 132. The WER increased to 44.7%
with 5 RNN layers. The highest WER of 48.58% was observed where 2 RNN layers

were used.
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Figure 4.14: SPCS WER for various RNN layers on validation set

There is an optimal point in the number of RNN layers, and deviating from this
point in either direction, too few or too many layers negatively impacts the ability of
the model to accurately transcribe words in the given data. The relationship between
WER and the number of RNN layers reflects the trade-off between model capacity

and generalization. Too few layers and too many layers lead to overfitting, and there’s
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an optimal point where the model achieves the right balance for the given task and

dataset.

The test results from the two corpora used are shown below by Figure 4.15. It
shows the WER of both the datasets in the model with varying RNN layers of 2,3,4
and 5. The model does not perform well with unseen data. We observe lesser WER
when the model is tested using the SPCS data which was also used for training. It is
a different case when the NCHLT data is used. The performance varies across RNN

layers for both corpora.
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Figure 4.15: WER on testing set for SPCS and NCHLT Sepedi with various number
of RNN Layers

The results show that in all the considered scenarios the model exhibits strong
performance on the SPCS data, which was also part of the training set. Specifically,
the WER on the SPCS dataset shows low WER compared to the WER recorded on
the NCHLT corpus. It's noteworthy that the model had not been exposed to the NCHLT

data during training and was solely utilized for testing purposes.

The use of two RNN layers significantly enhances the model’s performance on
the SPCS dataset, reducing the WER to 68%, a considerable improvement overthe
83% WER observed on the NCHLT corpus. With three RNN layers, the WER on the
SPCS dataset further decreases to 59%, compared to 86% on the NCHLT corpus.
The model achieves its lowest WER of 58% on the SPCS testing data with four RNN
layers, although it still records a WER of 97% on the NCHLT corpus. Despite these

improvements, the model’s WER remains at 69% on the SPCS dataset and peaks at
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99% on the NCHLT corpus, indicating difficulties in generalizing unseen data from the
NCHLT corpus. When the model size was too small (2 rnn layers) and not comlicated,
SPCS records a very high WER 69% which is the same as when the network is too
big and complicated (5 RNN layers). The lowest WER is recorded when the model
it is neither too complicated or too simple (4 RNN layers). It recorded a low WER of

51%.

The model performs well on the SPCS dataset used for training, with lower WER
and improved performance when utilizing 4 RNN layers. However, it faces challenges
with generalization to the NCHLT dataset, recording higher WER and indicating po-
tential overfitting. The high WER on the NCHLT data is influenced by the fact that the
system is not trained on a different and representative dataset for the Sepedi NCHLT

test corpus, posing a challenge for the model to perform well on NCHLT data.

4.7. The Analysis of the model’s generilizability

The results produced by the model in the testing phase for both the SPCS and NCHLT
datasets, are depicted below in Table 4.1. There was higher accuracy in recognizing

words in the SPCS corpus than in the NCHLT corpus.

In Table 4.1 for the SPCS the ASR model demonstrates strong performance with
high accuracy in recognizing and transcribing the provided sentences. It handles
proper nouns and simple phrases well, as seen with "brithani" and "go tla interview"
However, it exhibits minor errors with verb forms and occasional spelling mistakes,
such as "re" becoming "e"and "thousand" becoming "thoursand”. Overall, the model
shows promise with slight areas forimprovement in verb form recognition and spelling

accuracy.

For NCHLT, the results shown in table 3.4 the model demonstrates variable perfor-
mance in recognizing and transcribing the provided sentences. Forinstance, it shows
significant struggles with simple sentences, as seen in "a go ya go a" where it fails
to maintain proper word separation and formation. Conversely, it performs well on
sentences composed of multiple connectors, as evidenced by the perfect match in "re

na le bana ba" However, the model has considerable difficulty with longer, common
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Table 4.1: Comparison of target and predicted transcriptions across the SPCS and

NCHLT test corpus

Corpus

Reference and Predicted text

SPCS test corpus

Target : go nale dignostic indicators
Prediction: go nale dignostic indicators
Target : go tla interview

Prediction: go tla interview

Target : brithani

Prediction: brithani

Target : o ithopela two thousand rand
Prediction: o ithopela two thoursand rand
Target : bohlaba bja toropo ya pretoria

Prediction: bo hlaaba thopo ypertorin

NCHLT test corpus

Target : la ka ga le mpee

Prediction: la ka ralempel

Target : agoyagoa

Prediction: agwoo ya goo sa

Target : le tonae sale

Prediction: le thona e sale

Target : re na le bana ba

Prediction: re na le bana ba

Target : ka kgopolo ya gore mogongwe

Prediction: ka kgotsle ya go rangogogwa

words and phrases, as seen in "ka kgopolo ya gore mogongwe" indicating a need

for improvement in handling phonetically complex and less common words. While it

makes minor errors in some cases, such as "le tona e sa le" where "tona" is pre-

dicted as "thona" it also exhibits major inaccuracies in others, like "la ka ga le mpee"

being transcribed as "ralempel" showing inconsistency in its ability to recognize and

transcribe accurately. These results suggest that while the model can handle certain

structures well, it requires enhancement to better manage word boundaries, phonetic

complexity, and less frequent vocabulary.
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The model demonstrates skill in predicting the words at the beginning of the sen-
tences accurately, suggesting a strong ability to recognize sentence beginnings. The
model shows notable precision in predicting many Sepedi terms, indicating effective
training on Sepedi language data. The model performs better on longer sentences
(five words), suggesting that it might be leveraging context to improve accuracy. The
model accurately predicts shorter words and connectors, which are essential for main-

taining coherence and logical structure in sentences.

The model demonstrates adeptness in predicting the initial words of a provided text
accurately and exhibits a notable precision in forecasting the majority of Sepedi terms
within the sentence. This suggests the model has been trained effectively on Se-
pedi language data, enabling it to generate pertinent predictions within this linguistic
framework. Particularly noteworthy is its effectiveness in predicting longer sentences
(comprising five words), which exceeds its precision in predicting shorter ones. The
model adeptly predicts shorter words, commonly referred to as connectors, whichis
essential for maintaining the coherence and cohesion of sentences and texts. Con-
nectors serve to bridge gaps and up-hold a logical and understandable structure in
written content . The model’s proficiency in predicting these connectors significantly

contributes to the overall readability and logical structure of the generated text.

The model exhibits strong performance on the SPCS corpus with minor errors,
but struggles with the NCHLT corpus, particularly with complex and less common
words. This is due to the reason that the only pure Sepedi sentences in the data
are 139 out of 12 000 sentences as discussed in chapter 3 table 3.5. Thishighlights
the need for more diverse and representative training data, especially for the Sepedi
language in the NCHLT corpus. The ability to predict initial words and connectors
accurately is a positive aspect of the model, contributing to the overall readability and
logical structure of the generated text. However, the significant errors observed in the
NCHLT corpus indicate a requirement forimproved adaptation mechanisms to handle
diverse linguistic contexts effectively. Insufficient training data can resultin challenges

when generalizing to new, unseen data.
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4.8. Chapter Summary

The ASR system’s performance on two distinct corpora using WER and CTCLoss, ex-
amining various parameters such as regularization, learning rate, kernel size, filters,
and RNN layers. The model demonstrates strong performance on the SPCS data, uti-
lized for both training and testing. However, it encounters challenges with the NCHLT
data, used exclusively for testing, primarily due to differing data patterns between the

two corpora.

The study further explores the generalizability of the ASR model by comparing its
performance on these two corpora, highlighting the challenges in adapting to diverse
linguistic contexts.The ASR model exhibits higher accuracy with the SPCS corpus,
effectively handling proper nouns and simple phrases but making minor errors in verb
forms and spelling. Conversely, it struggles more with the NCHLT corpus, facing
significant challenges with word separation, phonetic complexity, and less common
words given the amount of pure Sepedi sentences in the training dataset. Despite
these difficulties, the model shows strength in predicting initial words and connectors,

particularly in longer sentences, indicating effective training on Sepedilanguage data.
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5. CONCLUSION

This chapter contains the summary of the findings, contributions and final con-
clusion. There is a lack of studies for under-resourced languages due to insufficient
data. These limitations make it difficult to achieve the same level of accuracy in ASR
systems as seen with well-resourced languages like English. An ASR system was de-
veloped using different testing datasets that are from different corpora one which was
a code switched Sepedi-English corpus and the other one is pure Sepedi data which
was only used for testing purposes. The model does not perform that well when a
different corpus is used than the one used to train the model. The lack of training on a
diverse and representative dataset adversely affects the system’s performance when
tested with the Sepedi NCHLT test corpus. Consequently, the outcomes are less
favorable. The observed differences in performance can be attributed to the unique
context presented by the NCHLT text corpus in comparison to the training data. These

results highlight the challenge the model faces in adapting to contexts.

5.1. Summary of results

The purpose of this study was to analyze the SPCS corpus, which primarily consists
of short sentences ranging from one to five words. Sentences with five words are the
most common, while one-word sentences are the least frequent. The corpus features
a mix of Sepedi, English, and borrowed words from other languages. Notably, the
most frequent words are two-character connectors, predominantly in Sepedi. The
utterances vary in length from one to 33 characters, with most sentences averaging
27 characters. This analysis provides insights into the prevalent sentence lengths,

linguistic composition, and character length of utterances within the SPCS corpus.

The automatic speech recognition system for code-switched language using the
CTC approach was trained with the SPCS data. The implemented code-switched
ASR system was evaluated on two datasets: the SPCS and the NCHLT. Using WER

as the evaluation metric, we found that the model struggles to generalize to new,
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untrained data due to limited training data, which restricts its ability to handle un-
seen inputs. The Sepedi NCHLT test corpus posed a significant challenge because
of its distinct context compared to the training data and the limited amount of pure
Sepedi utterances available in the training data. Optimal performance in ASR is typ-
ically achieved when the training and testing data closely align in terms of domain
and context. Code-switching, involving the alternation of multiple languages within
a conversation, adds an additional layer of difficulty for ASR systems. The system
will struggle to accurately recognize the Sepedi NCHLT test corpus because it has

different patterns to the SPCS that is used during training data.

5.2. Limitations and Challenges

Despite significant advancements in ASR technology, the majority of research and de-
velopment efforts have focused on high resourced languages. This study specifically
addresses the Sepedi language, a low-resource language, which poses a challenge
due to the limited availability of annotated speech data. This limitation can impact the

robustness and accuracy of the developed ASR system.

Code-switching involves the use of multiple languages within a single conversa-
tion, making it challenging to accurately transcribe speech due to the variability and
unpredictability of language switching. This adds another layer of difficulty in training

and evaluating the ASR system.

5.3. Contribution of the study

The results from this study can serve as a foundational reference point for forthcoming
endeavors focused on developing code-switched ASR systems forunder-resourced
languages. A shortage of accessible data challenges these languages, hindering
the training and development of various language technology systems that rely on
it. CTC-based model performs better even with limited training data when exposed
to new, unseen data. This finding is particularly evident in the context of the Sepedi
NCHLT test corpus, which posed a significant challenge due to its unique context and

the limited amount of pure Sepedi utterances available in the training data.
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The study highlights the significance of maintaining minimal model complexity to
effectively tackle challenges encountered in under-resourced languages. These find-
ings suggest potential applications across diverse linguistic contexts, where the uti-
lization of deep learning methods could prove advantageous despite limitations in data
availability. It has been demonstrated that the model performs well under conditions
of minimal complexity, such as employing a 0.3 dropout rate, a learning rate of 1e-3,
[7,71[5,5] (Kernel 2) kernel sizes, 16 filters, and 4 RNN layers. This model’s success
indicates its potential applicability to other under-resourced languages, allowing them
to harness deep learning techniques even with limited datasets and minimal model

complexity.

5.4. Future Work and Recommendation

Further research is essential for conducting comprehensive experiments and data
analysis on the Sepedi language. Additionally, exploring other under-resourced lan-
guages is necessary to assess the model’s generalizability. These languages face
significant challenges due to the limited availability of data, which is essential for
the development and improvement of various language technology systems. Con-
sequently, future work should prioritize the collection and analysis of more extensive
datasets, as well as the development of methodologies tailored to the unique linguis-
tic characteristics of these languages. This will help in improving the performance
and reliability of ASR systems in multilingual and code-switching contexts, thereby

contributing to the broader field of language technology.
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