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Abstract

Code-switching refers to the alternate use of two or more languages (or dialects) during the
conversation. This phenomenon has been observed in many multilingual communities across the
globe. Therefore, handling code-switching by the spoken input systems is very much required
for efficient human-machine interaction. However, due to the lack of domain-specific resources,
the research in this domain is somewhat limited compared to the monolingual case. This thesis
aims to address the acoustic and language modeling challenges in code-switching automatic speech
recognition (ASR) tasks. In addition to that, a Hindi-English code-switching corpus has been
created towards addressing the data scarcity issue.

The early works on code-switching ASR happen to employ the hybrid framework typically devel-
oped for the monolingual case. The created Hindi-English code-switching corpus is first evaluated
in the hybrid framework. The hybrid framework comprises of three sub-modules, namely, a pro-
nunciation model, an acoustic model, and a language model. The end-to-end (E2E) framework
has recently emerged as a viable alternative to the hybrid systems in the ASR domain. Unlike
the hybrid framework, the E2E framework does not require the phonetically labeled training data,
and also does not include any explicit pronunciation model. In the case of code-switching ASR, for
multiple languages being involved, these attributes become more attractive. Motivated by that, in
this thesis, the E2E framework has been explored for developing the code-switching ASR systems.

In the existing code-switching E2E ASR works, the target set is derived by merely combining
the character sets of the languages involved. Such systems would suffer from high confusability
among the cross-language targets due to the broad acoustic similarity among sound units involved
in the code-switching language pairs. To avoid such a confusability, a common phone set cover-

ing the underlying languages in code-switching is defined and used as the reduced target set for
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training the models. Interestingly, the reduced target set based E2E ASR system outperformed
the combined target set one in terms of the target error rate (TER). But, a reverse trend was
noted when those target sequences were converted to word sequences, i.e., for computing the word
error rate (WER). This degradation in WER is because of the enhanced confusability among the
homophones (the words having identical pronunciation but different spellings) within or across the
languages involved. For addressing the same, a context-dependent target-to-word (T2W) transduc-
tion scheme has also been proposed, which employs an explicit error model and a language model.
The proposed T2W transduction scheme is noted to achieve a relative improvement of 22% over
the naive transduction scheme in the context of Hindi-English code-switching E2E ASR. Further,
to enhance the context information in the code-switching data, a novel textual feature referred to
as the code-switching location (CSL) feature and a modified parts-of-speech (POS) tagging scheme
have also been proposed. On evaluating these features by incorporated into factored language model
(FLM), a significant reduction in perplexity score has been noted. With the use of these FLMs in
the proposed T2W transduction scheme, a further improvement in the WER score is achieved. The
proposed system outperforms the existing one and yields a TER of 18.1% along with a WER. of
29.79% on the created Hindi-English code-switching corpus. Despite the proposed approaches being
evaluated for the Hindi-English code-switching case, they are generic enough to be applied for any

other code-switching context.

Keywords: Code-switching, speech recognition, language modeling, end-to-end system, fac-

tored language model, target-to-word transduction.
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1. Introduction

Automatic speech recognition (ASR) refers to the task of speech to text conversion by ma-
chines [1]. The main objective of an ASR system is to output the spoken word tokens given the
input utterances [2]. Over the past few decades, the scope of ASR has spread across a wide range of
applications that involve human-machine interaction (HMI). A few examples of those applications
include speech-based information retrieval, speech-based web searches, reading tutors, language
learning tools, and entertainment. With the growth of technology, the ASR systems are deployed
on mobile phones, automobiles, televisions, etc., and thus play an essential role in our day-to-day
lives. The speech input of the user accessing the ASR system contains not only the message but
also the information about age, gender, health, social /regional association, and emotional state of
the speaker [3]. Besides these inter- and intra-speaker acoustic variabilities, a speech signal is also
affected by other factors such as variability in the environment (channel and background), and lin-
guistics (vocabulary size, context mismatch, and code-switching). Therefore, in all the applications
mentioned above, the significant variabilities caused by these factors make the task of ASR more
challenging. As a result of that, the typical ASR systems happen to incorporate different adaptation
and normalization techniques to achieve robust recognition performance. The effective handling of
each of the variabilities mentioned above in speech signals is an independent research problem.
Most of the existing ASR systems are developed and optimized for monolingual speech recognition.
There is still a considerable gap between human and machine speech recognition performance [4}/5],
particularly when the spoken utterances involve multiple languages, i.e., code-switching.

In this work, we focus on developing the ASR system that can handle code-switching. Code-
switching refers to switching or mixing of the non-native (foreign) language words/phrases into
the native language sentences while conversating [6-8]. With urbanization and globalization, code-
switching has become a common phenomenon in multilingual communities across the world. The
recent works [9,/10] have highlighted that code-switching is also observed in the textual chats,
comments, and messages posted on social media sites like Facebook, Twitter, WhatsApp, YouTube,
etc. Therefore, there is a greater need to handle code-switching by the spoken and textual input
systems for effective HMI. The thesis begins with a brief review of the evolution of ASR. We then
highlight the challenges in developing the ASR systems for code-switching data. Following that, we

present the contributions and outline of the thesis.
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1.1 Evolution of ASR

1.1 Evolution of ASR

The technology behind speech recognition has been in development for over a century. But,
until mid 20*" century, the pace of the research in ASR domain was slow [11]. The first speech
recognition system Audrey was developed by Davis, Biddulph, and Balashek at Bell Laboratories in
1952 [12]. It was built for isolated digit recognition for a single speaker, using the formant frequencies
estimated from the vowel regions of each digit. Later, Olson and Belar of RCA Laboratories
built a system to recognize ten syllables of a single speaker [13] and, Forgie and Forgie of MIT
Lincoln Lab built a speaker-independent ten vowel recognizer [14]. Other recognition systems of
the 1960s are a vowel recognizer by Suzuki and Nakata of the Radio Research Lab in Tokyo [15],
digit recognizer of NEC Laboratories [16]. Also, in 1962, IBM demonstrated Shoeboz, a system that
could recognize digits and arithmetic commands such as plus and total. In 1976, Carnegie Mellon
University developed a speech recognizer Harpy, which could recognize over 1000 words. With
the introduction of the hidden Markov model (HMM) [17] into speech recognition, the research
in this area has seen tremendous growth. An HMM consists of two stochastic processes, namely,
an invisible process of hidden states and a visible process of observation symbols. The hidden
states form a Markov chain, and the probability distribution of the observed symbol depends on the
underlying state. Given a set of labeled utterances that can represent the majority of variations of
the acoustic units such as phonemes and words, usually, the Baum-Welch algorithm [18] is employed
to estimate the parameters of the corresponding model. The estimation of parameters is referred to
as the training or the learning phase. During the testing or the decoding phase, the resulting model
provides the maximum-likelihood estimate [19] that helps in recognizing the unknown utterance,
using the Bayes’ decision theory [20]. In the early 1970s, Jim Baker from CMU first applied HMMs
to speech recognition tasks. Since then, the HMMs have been explored extensively and emerged as
the dominant technique for acoustic modeling in ASR systems [21},22].

In the 1950s, though the idea of artificial neural network (ANN) was first introduced, initially,
it could not produce remarkable outcomes [23]. In the 1980s, with the advent of the parallel
distributed processing (PDP) model and an efficient training approach called error backpropagation,
the interest in mimicking the human neural processing mechanism was re-initiated. Thus, the multi-

layer perceptron was introduced, which has the capability of approximating any function to arbitrary
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1. Introduction

precision, provided no limitation in the processing complexity was imposed. In the early attempts
of employing ANNs in speech recognition, the research is mainly on simple tasks like recognizing a
few phonemes or a few isolated words [24-27]. However, as the practical ASR systems inevitably
require handling of temporal variations in the spoken utterance, the ANNs in their original form
have not proven to be extensible. Therefore, the research is then focused on integrating the ANNs
with HMM to take advantage of temporal modeling capability of the HMM [25,28,[29].

After successfully addressing the isolated word recognition, the focus of the research is shifted
towards the large vocabulary continuous speech recognition (LVCSR) tasks involving several thou-
sands of words. As systems became more sophisticated, i.e., including several thousands of models
and millions of parameters to be learned, a well-structured baseline software system was very much
essential for further research and development to incorporate new concepts and algorithms. In the
1990s, significant progress was made in the development of software tools that facilitated researchers
all over the world to continue research in the ASR field. In the year 1993, Steve Young and his team
developed a system called the hidden Markov model toolkit (HTK) [30], which happened to be one
of the most widely adopted toolkits for research in ASR domain. Later, in the year 2011, Daniel
Povey and his team have developed another popular ASR toolkit referred to as Kaldi tookit [31].
This toolkit facilitated to incorporate various deep neural network (DNN) architectures into the
structure of HMM. In the literature, this framework is referred to as the hybrid framework.

The recent advancements in compute power and the introduction of Python programming lan-
guage [32] have provided a platform to the researchers for exploring new DNN architectures to train
very large data sets. In 2014, Graves |33] proposed an end-to-end (E2E) framework for developing
an ASR system that directly transcribes audio data with text, without requiring an intermediate
phonetic representation. In 2017, Vincent Renkens developed a toolkit on TensorFlow [34] platform
known as Nabu toolkit [35], that supports E2E ASR system training. Following that, Watanabe has
developed another E2E speech processing toolkit referred to as Espnet toolkit [36] on PyTorch [37],
a library designed to enable rapid research in machine learning. Since then, there has been growing
research interest in E2E ASR as it simplifies the training process. Motivated by that, in this the-
sis, we explore the E2E framework for developing the code-switching ASR systems. For contrast

purposes, the hybrid framework is also employed for developing the ASR systems.
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Figure 1.1: Block diagram representing the structure of a hybrid ASR framework. It is a modular
architecture, where the language model, the acoustic model, and the pronunciation model are optimized
independently with di erent objective functions.

1.2 ASR Paradigms

Over the years, the LVCSR systems have made great progress. Based on the key technologies
employed, the ASR paradigms can be broadly divided into two categories. The salient attributes

of those are discussed below.

1.2.1 HMM-based Framework

The HMM-based ASR systems employ the modular framework that comprises three sub-modules,
namely, an acoustic model (AM), a pronunciation model (PM), and a language model (LM). A block
diagram representing the structure of an HMM-based ASR system is shown in Figure The in-
put raw speech data is fist chopped into short-duration frames, AND then converted into a suitable
parametric representation in the feature extraction module. The chosen parametric representation
is intended to capture the relevant information in speech signal while removing the redundancies to
achieve a compact representation. These short-time parametric representations are referred to as
the acoustic feature vectors. The Mel-filterbank (FBANK) energy, the Mel-frequency cepstral coef-
ficient (MFCC) [38], the linear prediction coefficient (LPC) [39], and perceptual LPC (PLPC) [40]
based front-end parameterization of the speech signals are the most commonly used acoustic features

for ASR task.
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The AM involves the creation of statistical models for the sub-word units such as phonemes
or senones, given the acoustic features. The parameters of AM are typically trained on those
acoustic features. The ASR systems usually employ the HMM-based generative models for acoustic
modeling. The observations for any particular acoustic unit are assumed to be generated by a
finite state machine with state-specific probabilistic distributions. At each time unit, change in
the state of the system occurs with a certain probability. An observation is generated with some
probability distribution whenever a state is entered. To model the state observation probabilities,
a multivariate Gaussian mixture model (GMM) is used. With the introduction of ANNs, there
have been attempts made where the state-specific posterior probabilities are generated through the
neural networks [25],29]. Recently, the DNN containing many non-linear hidden layers and a very
large output layer trained using the backpropagation algorithm [41] is being used for the LVCSR
task. Thus the hybrid DNN-HMM [42,/43] systems are employed for AM training in ASR systems.
Pronunciation variation as a term could be used to describe most of the variation present in speech.
It is widely assumed that the pronunciation variation is one of the factors which degrades the
performance of ASR systems. Towards addressing that issue, the HMM-based framework employs
a PM, also known as pronunciation lexicon, which considers the typical pronunciation variations of
each of the words present the task vocabulary [44].

In ASR, the LM helps reduce the search space of the sequence of words in the spoken utterances
and provide the joint probability of the word sequences. The most commonly used n-gram LM
predicts the next word in a sequence using the history of previous words [45]. But, the n-gram
LM can not model the long-term dependencies. On the other hand, the recurrent neural network
(RNN) based LM (RNNLM), with the presence of the feedback connections, can model both the
context and the long-term temporal information efficiently. In the current literature, the RNNLM is
extensively explored and is reported to significantly outperform the conventional n-gram LM [46-48].
For the large vocabulary ASR task, the search space increases exponentially with the increase in the
vocabulary, and evaluating all possible word sequences is infeasible. For a simple exhaustive search,
with a vocabulary size V, and a word sequence of length K, there are V¥ different possible word
sequences to be considered. Therefore, the HMM-based ASR systems employ the Viterbi decoding

algorithm to find the optimal path through a probabilistically scored time/state lattice.
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Figure 1.2: Block diagram representing the structure of an E2E ASR framework. All the modules in this
framework are jointly optimized with a common objective function.

Though the HMM-based framework is widely used for developing the LVCSR systems, it suffers

from a few drawbacks, as listed below.

All the sub-modules mentioned above are trained and optimized independently with different

objective functions. Hence, the resulting system can be sub-optimal.

It requires the creation of the phonetically labeled data and a PM, which is time-consuming

and requires expert knowledge.

It assumes conditional independence within the HMM and between different modules, to

simplify the models construction and training. But, this assumption is not valid for LVCSR.

1.2.2 End-to-End Framework

To address the issues mentioned above in the HMM-based framework, recently, the end-to-end
(E2E) framework was proposed and successfully explored in the ASR task [33,49-51]. Unlike the
HMM-based framework, the E2E framework has the following characteristics, which makes it more

suitable for LVCSR tasks.

In the E2E framework, all the modules are merged into a single network and trained jointly.
The joint modeling enables the network to use a cost function that can be optimized over the

final evaluation criteria, thereby resulting in global optimization.

The network is trained with characters as the output targets, given the acoustic features as
input. Thus, the E2E ASR framework does not require the phonetically labeled training data

and does not include any explicit PM.

A typical E2E ASR system includes the following modules: (i) an encoder, to transform the

given input speech sequence into feature sequence, (ii) an aligner, to realize the alignment between
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the transformed feature sequence and the language, and (iii) a decoder, to decode the output target
sequence. A block diagram representing the structure of a typical E2E ASR system is shown
in Figure [I.2l Note that all those modules may not always exist in the E2E framework. The
E2E framework itself is a complete structure, and hence it would be difficult to identify which
module performs which sub-task. According to [52], depending upon the implementation of soft
alignment, the E2E framework can be classified into three types, namely, (i) connectionist temporal
classification (CTC) based framework [53], (ii) RNN transducer-based framework [54], and (iii)
attention-based framework [33]. In the CTC-based framework, all possible hard alignments are
identified, and then soft alignment is performed by aggregating those hard alignments. The CTC
decoding assumes that the output labels are independent of each other. The RNN transducer-based
framework follows the identical approach as that of the CTC-based framework for identifying the
soft alignment except that the output labels are not assumed to be independent. The attention-
based framework no longer finds all possible hard alignments. Instead, it employs the sequence-
to-sequence modeling with an attention mechanism to directly perform the soft alignment. In this
thesis, we explore only the CTC- and attention-based frameworks for developing the code-switching

ASR systems. A more detailed discussion on those variants is provided in Chapter [4]

1.3 Motivation for Research Work

Early works on code-switching ASR [55-57] happen to employ the hybrid framework typically
developed for monolingual ASR task. As discussed earlier, the hybrid ASR framework has a few
shortcomings which can be efficiently addressed by the E2E ASR framework. In the code-switching
case, usually two or more languages are involved. As a result of that, the E2E framework becomes
more attractive for developing such ASR systems. Motivated by that, recently, the E2E framework
has been explored for the code-switching ASR task [58-61]. A detailed literature review of the code-
switching ASR works is presented in Chapter [2| In the following, we list a few research challenges
posed by the code-switching phenomenon in developing the E2E ASR system, which forms the

motivation for this thesis work.

In the existing code-switching E2E ASR works, the target set is derived by simply combining

the character sets of the languages involved. It is argued that such systems would suffer
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from high confusability among the cross-language targets unless a sufficiently large amount
of data is available for training. The possible cause of the confusability lies in the broad
acoustic similarity among sound units involved in most of the code-switching language pairs.
Also, for the enhanced target set, such systems would exhibit high computational complexity.
We hypothesize that one can avoid such a confusability if a common phone set covering
the underlying languages in code-switching data is used as the output target, instead of the

combined target set.

On the other hand, in the code-switching case, the count of homophones increases significantly
due to the presence of two or more languages. Homophones are defined as those words which
have identical pronunciation but different spellings. With the use of a common phone set,
the problem of homophone confusability gets further enhanced during target-to-word (T2W)
transduction for computing the word error rate (WER). For addressing this issue, an efficient

T2W transduction scheme that can incorporate context information is required.

Further, we note that the code-switching phenomenon cannot be characterized as a random
mixing of words or phrases from two or more languages [62]. The bilingual code-switching
phenomena have been noted to follow some broad semantic and syntactic rules [63,/64]. The
existing LMs can not capture such context information present in the code-switching sen-
tences. We hypothesize that the context information of the non-native language words can
be enhanced if we somehow capture those rules while training the LM. Such an LM, when
incorporated into the T2W transduction scheme, is expected to improve the ASR system

performance in terms of WER, for code-switching data.

Additionally, unlike the monolingual case, the research in the code-switching domain is some-
what limited. The main reason for the same is the lack of availability of domain-specific
resources. Hence, there is a greater need to develop such resources for promoting research in

the code-switching domain.
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1.4 Contributions of the Work

Motivated by the issues mentioned above, in this thesis, we aim to develop a robust code-
switching E2E ASR system that can handle those challenges, under low-resourced conditions. The

salient contributions of the thesis are listed below.

Towards addressing the data scarcity issue, a Hindi-English code-switching database referred
to as the HingCoS corpus is developed in the Indian context. This corpus consists of code-
switching text data having 26k sentences with a total of 0.58 million words. The corpus also
contains 25 hours of matching speech data corresponding to 9.2k code-switching sentences
covering a vocabulary of 6.5k words. Also, a lexicon covering most of the pronunciation
variations for each of the words present in the speech data is created by defining a common
phone set. The baseline ASR systems have been developed on the said corpus by employing

the hybrid framework.

An E2E framework has been explored for developing an ASR system for Hindi-English code-
switching data. Further, a reduced target set is defined for training the Hindi-English code-
switching E2E ASR system by exploiting the acoustic similarity. The reduced target set
avoids confusability among the cross-lingual targets. Additionally, the reduced target set-
based E2E ASR system training takes much less memory and computational time than the

existing combined target set case.

For transducing character/phoneme sequences outputted by the E2E ASR system into de-
sired word sequences, a novel context-dependent target-to-word (T2W) transduction scheme
is proposed. This scheme employs an explicit error model (EM) along with an LM to pro-
vide context information during transduction. The proposed transduction scheme has shown

significant improvement in terms of word error rate (WER) compared to the naive approach.

To enhance the LM performance in T2W transduction, a novel textual feature referred to as
the code-switching location (CSL) feature is proposed. This feature allows the LM to predict
the possible code-switching instances. In addition to that, an improved parts-of-speech (POS)

labeling scheme for accurate tagging of non-native words embedded in the code-switching
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1.5 Organization of the Thesis

data has also been proposed. To incorporate these textual features into language modeling,
the factored LM (FLM) is employed. Both the proposed features are evaluated by directly
incorporating them into code-switching data. Alternately, those textual features have also
been assessed by adapting an existing native monolingual LM to handle the code-switching
data. The FLMs trained by incorporating the proposed features have shown to outperform
the existing LMs in terms of perplexity. When those FLMs are incorporated into the proposed

T2W transduction scheme, further improvement in WER  is achieved.

It is worth highlighting that, though the proposed approaches are evaluated for the Hindi-
English code-switching case, they are generic enough to be applied for any other valid code-switching

language pairs across the globe.

1.5 Organization of the Thesis

The rest of the thesis is organized as follows. A brief literature review on the code-switching
phenomenon and the emergence of Hindi-English code-switching in India is presented in Chapter [2]
Also, the details of existing code-switching corpora and state-of-the-art techniques employed for
training various systems for code-switching data are described in detail. A few of those techniques
are used to contrast the efficacy of the proposed methods pursued in this thesis.

In Chapter [3| the collection of a Hindi-English code-switching text as well as speech database
referred to as the HingCoS corpus, and the development of the corresponding lexical resources is
described. It elaborates on sources and the protocol used for collecting the corpus, along with the
statistical analyses of both the text and speech corpora. It is followed by comparative analyses
of both the HingCoS text and speech corpora with the existing code-switching corpora in the
literature. The details of the baseline ASR system development on the collected corpus and the
obtained experimental results are also reported.

Chapter [ explores the E2E framework for developing the ASR systems for code-switching data.
It presents a detailed description of the CTC- and the attention-based E2E ASR frameworks. Fol-
lowing that, the creation of a reduced target set covering the underlying languages in code-switching
data based on the acoustic similarity is presented. In the context of low resourced modeling, this

reduced target set avoids the confusability among cross-language targets. Later, the development of
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E2E ASR systems on both the existing combined and the proposed reduced target sets is discussed
along with the challenges arising in each case, respectively. The proposed context-dependent T2W
transduction scheme is also discussed and then evaluated by providing various degrees of context
information. The proposed approaches are evaluated on both the CTC- and attention-based E2E
ASR frameworks.

A brief discussion on the factored LMs is presented in Chapter [l Following that, the improved
POS tagging scheme and the proposed CSL feature for Hindi-English code-switching text data are
discussed in detail. The evaluation of the proposed textual features in contrast with the existing
features has been done for two conditions: (i) by directly incorporating the textual features into
code-switching data while training the LM, and (ii) by including the textual features into mono-
lingual data and adapt the monolingual LM trained on that data to handle the code-switching.
The proposed textual features are also revalidated on Mandarin-English code-switching text data,
and the evaluation results are provided. Further, the FLMs trained on the proposed features are
incorporated into the proposed T2W transduction scheme and evaluated for the ASR task.

Finally, the thesis is summarized, and the possible future directions of the work are discussed in

Chapter [0}
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2. Scope and Literature Review of Code-Switching

In multilingual communities, the speakers often switch or mix between two or more languages
or language varieties during communication. In literature, this phenomenon is referred to as code-
switching [6]/7/64]. The language to which the syntax of a code-switching sentence belongs is referred
to as a native language, while that of the embedded foreign words is referred to as a non-native
language [8]. Over the decades, due to colonization and other historical factors, many people have
migrated from one linguistic region to another for better trade opportunities and livelihood. In
such situations, communicating in two or more languages helps people to interact better. It has
been observed that, over time, such mixed linguistic communities tend to code-switch to mingle well
culturally. In turn, that led to the emergence of code-switching across the globe. In literature |65~
70], a few other possible reasons for code-switching are attributed to the lack of appropriate words
in the native language, emphasizing specific word/phrase, and showing expertise.

The salient examples of the multilingual communities across the world are as follows. Spanish-
English [71] in the United States of America, Arabic-English [72] in Egypt, French-German [73] in
Switzerland, Frisian-Dutch [74] in Netherlands, Malay-English [56] and Mandarin-English [75] in
Malaysia, Mandarin-Taiwanese [55,76] in Taiwan, Cantonese-English [77] in Hong Kong, English-
isiXhosa, English-isiZulu, and English-Setswana 78] in South-Africa, and Hindi-English [9}79,80] in

India. In this work, we study the Hindi-English code-switching phenomenon in the Indian context.

2.1 Hindi-English Code-Switching

India is the second-most populous country in the world and has 23 official languages, including
English. After gaining independence from British rule, though the Indian constitution declared
Hindi as the primary official language, English usage was continued as a secondary language for its
dominance in administration, education, and law [79,80]. Thereby, communicating with frequent
English words/phrases was considered a sign of not only being in power/educated but also more
trendy. Over the years, substantial code-switching to English while speaking the native Indian
languages has become a common trend across India, particularly by the urban population [81,82].
Figure 2.Ighows the distributions of language families in India according to census 1991. From that
Figure, it can be noted that 40.2% of the population are native Hindi speakers, followed by Bengali

(8.3%) and Telugu (7.9%). Therefore, one can find frequent code-switching between the Indian
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Figure 2.1: Distributions of Indian language families as per the 1991 census. The gures in bracket refer
to the number of languages (inclusive of mother tongues grouped under them) in each language family.
It can be noted that 40:2% of the population are native Hindi speakers. The image is adapted from
http://www.ciil-lisindia.net/. Copyright 2011 ¢ Central Institute of Indian Languages.

languages and English, with Hindi-English being the most dominant one. During British colonial
rule, many words from English were borrowed in Hindi. The majority of them were proper nouns,
including a few collective/abstract nouns. Over the period, they got internalized in Hindi for the
ease of reference or the lack of acceptable equivalent Hindi words. In this study, except for the

proper nouns borrowed from English, all remaining embedded English words are assumed to be

code-switched.
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2. Scope and Literature Review of Code-Switching

Table 2.1: Example Hindi-English sentences along with their English translated versions showing the
inter-sentential code-switching and the variants of the intra-sentential code-switching. Type-1 and Type-2
variants of intra-sentential code-switching refer to high and low contextual information being carried by
the non-native (English) words, respectively.

Example-1 |she is the daughter of our ceo, g ggi a1 f&= & forg ang &
Inter-sentential she is the daughter of our ceo, she has come here for two days

code-switching | Example-2 |qgr siiest  Jeet IR w1t &1 7Y, but | still miss my country
| have been living in america for four years, but | still miss my country

P91 {1 AT current account balance I

Example-1
T ] please tell me my current account balance
ype-
Example-2 39 & currency every year change g1t a1f2g
Intra-sentential the country's currency should change every year
code-switching class 3iR object & &4 relationship a1 &
Example-1 . . . .
what is the relationship between class and object
Type-2

meeting T outcome T &

Examplese | R etiasihe oliteorne of meeting

Table[2.1]shows a few example Hindi-English and their translated English sentences with different
modes of code-switching while highlighting the differences in the contextual information carried by
the non-native words. In Type-1 intra-sentential code-switching, the non-native language words
either occur in sequence or form a phrase, thus carry some contextual information. Whereas, in
the Type-2 case, the non-native language words are embedded into the native language sentences

in such a manner that virtually no contextual information could be derived from those words alone.

2.2 Existing Works on Code-Switching

Current literature on code-switching can be grouped into three broad research areas: (i) linguis-
tics, (ii) natural language processing (NLP), and (iii) speech processing. The researchers in linguis-
tics have studied the impact of code-switching from the point of view of socio-linguistics [65,83] and
syntactics [70,84]. In [65], the researchers highlighted the socio-psychological and linguistic factors
behind the code-switching phenomenon. The authors in [83] examined the grammatical structure
and specific syntactic boundaries of a language that occurs due to code-switching. In [70], based on
the locations of the non-native words, code-switching was broadly classified into two modes. When
the switching happens within the sentence, it is referred to as the intra-sentential code-switching,

and the one predominantly happening at the sentence boundary is referred to as the inter-sentential
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2.2 Existing Works on Code-Switching

code-switching [84]. Intra-sentential mode of switching is a common phenomenon and has become
an identifying characteristic in bilingual communities [85].

In the NLP domain, the researchers explored the code-switching phenomenon for language mod-
eling [72,[77,86] and machine translation [87] tasks. In the recent past, there have been a few
attempts to train an LM for code-switching data [56,(77,/86,[88-90]. In the absence of a sufficient
amount of code-switching text data, in [77], the authors applied translation-based and semantics-
based mappings to efficiently estimate the probability of low-frequency and unseen mixed-language
N-gram events. In [86], the authors explored an interpolated LM where the vocabulary of both the
languages was merged while estimating the LM probabilities for each language separately. The word
entries of one language are included in the LM of the other language with zero counts, and those
are assigned a small back-off probability. In this way, all the words have non-zero probabilities,
which enabled them to handle the intra-sentential code-switching. In contrast to interpolating two
monolingual LMs, bilingual LM is also proposed. For training bilingual LM, in [56], the authors
merged the training texts with the words which have the same spelling in more than one of the
considered languages added with respective language tags. Thus, the counts of such similar words
are distinguished based on the language tag, and an LM was trained on the merged training text
corpus. For efficient language modeling of code-switching data, in [88,91], the authors proposed a
few semantic features such as POS and language identification (LID) features, which can help to
predict the code-switching instances in the sentence. For this task, the factored language model
(FLM) is applied. A detailed discussion on the FLM is provided in Chapter [f]

In the speech processing area, there have been exciting research challenges in the code-switching
domain, which include acoustic modeling [55,56,92], language identification and diarization [76}93],
and speech synthesis [94]. For ASR of code-switching data, there are two major distinct frameworks
in literature: (i) multi-pass, and (ii) one-pass. In a multi-pass framework, the exact instance of
language switching in the utterance is determined, and the language of that instance is identified.
Later, the corresponding language-dependent ASR system is used to recognize the speech segment.
Whereas, in the one-pass approach, an ASR system is developed by encompassing both the languages
in the code-switching data. In [55], an integrated one-pass approach where the speakers switch

back and forth between the two languages, was proposed for ASR of code-switching data. This
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2. Scope and Literature Review of Code-Switching

framework is based on a three-layered recognition scheme consisting of a mixed-language HMM-
based acoustic model, a knowledge-based and data-driven probabilistic pronunciation model, and
a tree-structured searching net. In the same work, the traditional multi-pass recognizer is also
implemented by following a similar procedure presented in |76}95]. The authors in [56] proposed a
one-pass framework for acoustic model adaptation were the models of the involved languages are
interpolated and merged to cross adapt and then recognize the code-switching speech data. In
another work [92], a one-pass framework with a modified pronunciation dictionary is proposed. The
modified pronunciation dictionary enables us to avoid building an acoustic model for the mixed
languages and further facilitated to perform ASR on the models trained on one of the involved
languages in code-switching.

The recent works have explored the E2E framework in the code-switching ASR domain. In the
very first work [58], Seki et al. explored an E2E ASR system for code-switching tasks on an artifi-
cially created dataset obtained by concatenating the monolingual utterances. In contrast, Shan et
al. [60] employed a real Mandarin-English code-switching dataset for developing the attention-based
E2E ASR system. For improving the ASR, performance, the multi-task learning (MTL) framework
involving the LID [59,96] was employed. In another work, Li et al. [97] explored a CTC-based E2E
ASR system combined with frame-level LID for recognizing Chinese-English code-switching data.
In a recent work on Mandarin-English code-switching ASR, Zeng et al. [61] experimented with data
augmentation, MTL for LID, byte-pair encoding, and expansion of vocabulary in LM for N-best
rescoring in the context of attention-based E2E framework.

It is to note that the scope of this thesis is limited only to the acoustic and language modeling

aspects, in the context of code-switching ASR task.

2.3 Existing Code-Switching Databases

Though the phenomenon of code-switching is widespread across the world, the effective handling
of code-switching in the above-said applications is still quite challenging compared to that of the
monolingual case. The primary reason for the same is the availability of domain-specific resources is
minimal. A few of the existing resources are listed in the following. The CUMIX [77], a Cantonese-

English code-switching speech corpus, was developed at the Chinese University of Hong Kong.
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This database contains 17 hours of speech data read by 40 speakers. The purpose of this corpus
is to develop Cantonese-English code-switching ASR system. Lyu et al. |[98] created a training
dataset consisting of monolingual Taiwanese and Mandarin speech data from 100 speakers, with
each speaker uttering 700 utterances in both the languages. For evaluation purposes, a small
Mandarin-Taiwanese code-switching test set containing 4000 utterances recorded from 16 speakers
was also developed. The English-Spanish code-switching speech corpus was compiled by Franco and
Solorio at the University of Texas [99]. This corpus contains 40 minutes of transcribed spontaneous
conversations of 3 speakers. The SEAME corpus [75,|100], a Mandarin-English code-switching
conversational speech corpus, is developed at Nanyang Technological University, Singapore, and
Universiti Sains Malaysia. This database contains 63 hours of spontaneous Mandarin-English code-
switching interview and conversational speech uttered by 157 Singaporean and Malaysian speakers.
The CECOS [101], a Chinese-English code-switching speech corpus containing 12.1 hours of speech
data collected from 77 speakers uttering prompted code-switching sentences is developed at the
National Cheng Kung University in Taiwan. A corpus of a Sepedi-English code-switching speech
corpus was created by the South African CSIR [102]. This database consists of 10 hours of prompted
speech, sourced from radio broadcasts, and read by 20 Sepedi speakers. FAME! [74], a Frisian-
Dutch code-switching speech corpus of radio broadcast speech, is developed at Radboud University,
Nijmegen. The recordings are collected from the archives of Omrop Fryslan, the regional public
broadcaster of the province Fryslan. The database covers almost a 50 years time span. The Malay-
English corpus consists of 100 hours of Malaysian Malay-English code-switching speech data from
120 Chinese, 72 Malay, and 16 Indian speakers [56]. MediaParl is a Swiss accented bilingual database
containing both French and German recordings as they are spoken in Switzerland. The data was
recorded at the Valais Parliament. Valais is a bi-lingual Swiss canton with many local accents and
dialects |73]. The FACST, a French-Arabic speech corpus, consists of records of code-switching
read and conversational utterances by 20 bilingual speakers who tend to code-switch in their daily
lives [103]. It contains about 7.30 hours of data. Westhuizen et al. created a South African speech
corpus containing English-isiZulu, English-isiXhosa, English-Setswana, and English-Sesotho code-
switching speech utterances from South African soap operas. The soap opera speech is typically fast,

spontaneous, and may express emotion, with a speech rate higher than prompted speech in the same
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languages [78]. Injy Hamed et al. recently developed an Arabic-English code-switching corpus by
conducting the interviews with 12 participants [104]. A small Hindi-English code-switching speech
corpus was collected at the Hong Kong University of Science and Technology [69]. In this corpus,
the speech data correspond to interviews of student volunteers, which is about 30 minutes of data
collected from 9 speakers. Recently, a phonetically balanced code-mixed (PBCM) Hindi-English
speech corpus was developed by the speech and vision lab, International Institute of Information
and Technology, Hyderabad [105]. This corpus consists of 78 speakers, with each speaker having
recorded around one minute of speech in read style. Also, the Microsoft Research (MSR) group
has developed a Hindi-English code-switching speech corpus consisting of 50 hours of conversational
speech spoken by around 500 speakers [106]. The salient details of all the above-discussed code-
switching speech corpora are briefly summarized in Table of Chapter

Motivated by the efforts done elsewhere, as a part of this thesis, we endeavored to create an
open resource for research in ASR of code-switching speech in the Indian context. A monolingual
ASR system may be capable of recognizing a few words from a foreign language but cannot handle a
significant amount of code-switching in the data. In the recent past, researchers have reported that
the native language of the speaker influences the foreign (non-native) language acquisition [107]. In
India, English is taught from the elementary level in the schools across the country. Despite that,
the English pronunciations of the majority of the pupils carry significant native language influences.
On account of the existence of variants of English pronunciations and code-switching effects, the de-
velopment of an ASR system for Hindi-English code-switching speech data is a challenging task. To
the best of our knowledge, there is no large-sized Hindi-English corpus publicly available. Towards
addressing that constraint, we have created a Hindi-English code-switching text corpus. Along with
that, a Hindi-English speech corpus is also created that covers all typical sources of variations such
as accent, session, channel, age, gender, and the influence of the mother tongue. The sentences spo-
ken in the speech corpus are a subset of the text corpus. The details of the created Hindi-English
text and speech corpora along with the sources and the protocol used for the creation of the corpus

are discussed in Chapter
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2.4 Conclusions

In this chapter, a brief discussion on the code-switching phenomenon and the emergence of
Hindi-English code-switching in India is provided. The state-of-the-art techniques employed for
language modeling and speech recognition of code-switching data are explained in detail. Some
of the discussed techniques are employed in the later chapters to provide the contrast to different
systems explored in this thesis. Following that, the details of the existing code-switching corpora
are also presented.

With the given literature review, we note that the phenomenon of code-switching is widespread
across the world. Hence, handling of such phenomenon by the existing speech-based applications
is very much necessary for better HMI. However, the research in the code-switching domain is
some what limited due to lack of availability of domain specific resources. Towards addressing the
data scarcity issue and promoting research in code-switching domain, as a part of this thesis, we
have created a Hindi-English code-switching corpus. The details of the same are presented in the

following chapter.
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3. Hindi-English Code-Switching (HingCoS) Corpus

It is highlighted earlier that the phenomenon of code-switching is widespread across the world.
Though the research activity in this domain is somewhat limited due to lack of availability of
the domain-specific resources. Towards addressing that data scarcity issue, a Hindi-English code-
switching corpus was created as a part of this research at the Indian Institute of Technology Guwa-
hati (IITG). The created corpus contains the code-switching text as well as the speech data and is
formally referred to as the IITG-HingCoS corpus. But for brevity, we refer to that as the HingCoS
(f&TeP) corpus in the remainder of this thesis. This corpus has been made public |'| to augment
the limited available resources as well as to promote more research activity in Hindi-English code-
switching domain.

Like any monolingual speech corpus, the code-switching speech data can be collected in any
of the three modes: (i) read speech, (ii) conversational /interview speech, and (iii) radio/television
broadcast speech. However, the researchers have pointed out that the code-switching takes place
both in spoken and written formats during spontaneous interactions [9,/10]. It would have been
preferable to collect the data in conversational mode. For the ease of creation, the code-switching
speech data has been collected in the read speech mode. But, the speakers were asked to read
the text corresponding to spontaneous interactions. For the same, we first created the Hindi-
English code-switching text corpus. The collection of code-switching text data is not easy since
the traditional sources like newspaper /broadcaster websites are monolingual. Therefore, we had to
access the blogging websites and other social media portals to get the relevant code-switching text
data. For developing the ASR system, apart from the speech and text data, the lexical resources
like pronunciation dictionary are also needed. The novel contribution in this domain lies in the
creation of a common phone set covering the Hindi-English code-switching, which is used to create
the pronunciation dictionary.

In the following, we describe the procedure followed for the collection of HingCoS text and
speech data along with the development of the lexical resources using the created common phone
set. We have also provided a brief survey of existing code-switching corpora and contrasted them
with the created HingCoS corpus. Following that, the evaluations of the created HingCoS corpus

in both language modeling and speech recognition tasks are presented.

! https://www.iitg.ac.in/eee/emstlab/HingCoS_Database/HingCoS.html
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3.1 HingCoS Text Corpus

At first, the text data has been collected by crawling a few Indian blogging websites that cover
different contexts and follow conversational style with significant code-switching. The details of

those websites and their context is discussed below.

ShoutMeHindi P} Tt contains information about how to start a blogging website and how to
earn money from it. It also explains the social media websites (Facebook, Twitter, YouTube,

etc.) and gives some tips and tricks to use them.

Computing Notes in Hinglish Hz This blog explains about object-oriented database manage-

ment system in detail along with its design methodology and behavioral concepts.

Techyukti [ and HindiMe [} These websites discuss about more than 100 varieties of recent
advancements in technology. The salient topics include mobiles, cameras, PUBG, WhatsApp,
Paytm, online voter ID enrollment process, adhaar card application process, search engine

optimization, etc.

LearnCpp [b} It is a free website having tutorials about C'++ programming language that
includes the steps to write, compile, and debug the programs written in C'++ along with

plenty of examples.

In all the above blogs, the bloggers have tried to explain the chosen context by writing in
Hindi with frequent code-switching to English words/phrases. Also, the bloggers have followed
their individualistic and rather casual writing styles. At times, even some Hindi and English words
are written in cross scripts. As a result of that, the collected data exhibits a lot of variabilities,
and its removal is not only essential but also a bit challenging. Therefore, the crawled data is
first normalized before converting it into meaningful sentences, and the steps followed for the text

normalization is described below.

2https://shoutmehindi.com
3https://notesinhinglish.blogspot.in
“https://www.techyukti.com
Shttps://hindime.net
Shttp://www.learncpp.com
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Table 3.1: Quantifying the impact of text normalization of the raw text data as described in Section
The non-characters include punctuation marks, braces, numerals, mathematical symbols, emoticons, etc.

Attribute Raw | Normalized
Number of unique non-characters | 1,657 Nil
Number of unique Hindi words 10,737 6,029
Number of unique English words | 24,498 8,614
Vocabulary size 36,892 14,643
Number of sentences 12,284 25,988

3.1.1 Steps Involved in Text Normalization:

Punctuation marks, special characters, bullet marks, emoticons, etc., are filtered out.

The braced explanations, website links, directory paths, etc., are filtered out while retaining

the key information.

All numerals, mathematical, and currency symbols are replaced by their spellings either in

Hindi or English based on the context.
All the uppercase English characters in the data are converted to lowercase characters.

Except for the proper nouns, all English and Hindi words written in cross scripts are fixed to
have the correct scripts, i.e., the Hindi words are written in the Hindi alphabets (Devanagari
script), and the English words are written in English alphabets (Latin script). Also, any error

spotted in the spellings of Hindi and English words is fixed.

All shorthand words are converted to their respective full forms, while all standard abbrevia-

tions are left as they are.

Finally, the sentence begin, and end markers are inserted to parse the data into meaningful

sentences while removing any erroneous repetitions of words and phrases if spotted.

Table quantifies the impact of the above-mentioned text normalization process. A few examples
illustrating the text normalizations are shown in Figure [3.1] Further, the validation of the text
normalization in the language modeling domain is reported in Table [3.2] A detailed analysis of the

HingCoS text corpus is presented later in Section |3.4]
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3.2 HingCoS Speech Corpus

Raw text:

Facebo

Gmail,

THERI, 7 I7HIT, ShoutMeHindi #T Senior Editor §. :T 83T & H841T & AT 7 blog, fE=r s\ &
SATTIAT 2T online TH HHTT & FHEITHIT AR ITAST FYAT aTeAT Uk popular blog I T&T 7. IHT a8 a8
AT EINT & e d 118 B A6 fT*I'Q‘ T5-7% information IUAST FIATA L&, 2)
99 T8 ST www.youtube.com EHTEE &I open :¥ AT Right side 3T ﬁ'q T Circle option 9T SThT
Creator Studio click &Y.

ok ads &T use F %39_%’? I, < 1= mention ﬁh‘a‘%‘

+ BT HEM, 2 billion (200 FITF) AT Facebook HT use FV &. T5 audience T TH E@Q‘WIET 3T base %
* America ¥, If& ART 5 minutes T R I ﬁl‘dﬁ%‘, AT 37 5 minutes H & 1 minute Facebook use aﬁr?r%

Google+ &I @& Google T Product §|

Hi Frnds, Kya apko YouTube Video Editor ke bare me janakri hai?

a¥g go

Normalised text:
<s> THERT & 7T shoutmehindi #T senior editor é </s> <s> AT TUT & TEINT § FHANT 7 blog fE=ar v
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Figure 3.1: Illustration of salient text normalizations described in Section [3.1.1] that have been applied to
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