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Abstract

The world continues to witness increasingly complex technological, economic, and soci-
etal advancements at an accelerated pace in the space of Natural Language Processing
(NLP) and Artificial Intelligence (AI). The availability of massive digital data in various
forms such as language data, image data, and numeric data plays a profound role in
supporting this upward trend. For example, the availability of tremendous volumes of
English data and other high internet prevalent languages unlocks the ability to develop
high-quality language technologies such as Generative Al systems, Question Answering
systems, Translation systems, and other societally impactful technologies we see today.
This new era unfolds a simple yet efficacious equation that takes the form (increased
datasets = increased performance) operating with proportionality mechanics. Despite
the remarkable strides, a concerning consequence has emerged — a widening horizontal
divide among globally spoken languages. A divide that highlights disparities of benefits
from available language technologies across the 7000-plus spoken languages. Key im-
pedes that emerge in addressing such disparities for the underserved languages include
data availability, data benchmarking, scaling, internet prevalence, sustainable pipelines,
coverage, and lack of expertise. In this work, we extensively scrutinize some of these
concerns by first grounding our work in the context of South African languages. South
Africa has 12 official languages with varying states of resource-prevalence which provided
a perfect case to demonstrate our proposed remedial approaches. To address bench-
marking we proposed standard datasets for all spoken languages; Scaling is addressed

by showcasing the use of bilingual lexicons as a resource with much higher linguistic
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coverage to define various techniques that continuously improve our machine learning
models; and Coverage is demonstrated by accounting for all South African languages in
the development of technologies.

The main objective of this thesis is to investigate cross-lingual embeddings as cheaper
interventions to administer transfer capabilities of various machine learning models
across various downstream tasks, in order to foster the development, and accessibility
of local technologies for low-resourced languages. Cross-lingual embeddings are intra-
semantic and inter-translation equivalent representations between high-resourced and
low-resourced languages. For this work, these cross-lingual embeddings have demon-
strated efficacy in tasks such as News Headlines Classification (NHC), Named Entity
Recognition (NER), Part of Speech (POS) Tagging, Machine Translation (MT), and have
shown great potential for the development of localized technologies. The investigations
showed that training NLP models with cross-lingual embeddings enhances both trans-
fer and learning-from-scratch capabilities compared to monolingual embedding training.
This study also highlighted that increasing supervision signals such as bilingual lexicons
for training cross-lingual embeddings also improves their performance. Furthermore,
our investigations indicated that no single cross-lingual model works well across all lan-
guages. We were able to address 4 key performance point and we hope the interventions
proposed in this study will have a positive impact on the socio-economic status of South
Africa and can be scaled to other contexts to empower societies and businesses. We

released our code and datasets here 2.

Keywords: Natural Language Processing, Low-resourced languages, Monolingual em-

beddings, Cross-lingual embeddings, Language technologies.
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“ Let us not engage in this romanticist view that there can only be one way
to learn. We first must indigenize knowledge, and learn from our cultures
and traditions. Secondly, we need to diversify whom we learn from. We
cannot only learn from the West, we need to learn from everybody who has

something to teach.

Willy Mutunga, Former Chief Justice of Kenya.
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Chapter 1
Introduction

The cross-pollination of learnable language properties between languages
with varying resources opens an opportunity to accelerate innovation and
research in low-resource settings. Cross-lingual models are predominantly
used methods for facilitating this sharing of learnable properties and have
showcased efficacy in many downstream tasks such as Part-of-Speech Tag-
ging (POS), Named Entity Recognition (NER), Grammatical Error Correc-
tion (GER), Sentiment analyses (SA), Machine Translation (MT), Natural
Language Inference (NLI), etc. In applying these methods, interesting ques-
tions emerge such as the severity of low-resourcedness, the mathematical
soundness of the methods, and what constitutes shareable language proper-
ties. Regardless, pertinent to our study is investigating the practicality of

cross-lingual models in relation to all official South African languages.

Recent breakthroughs in the NLP arena of Artificial Intelligence (AI) have made
a significant impact on society. With the emergent language technologies, businesses
are able to seamlessly engage with their customers, meet their customer’s needs effec-
tively and efficiently, and realize unprecedented revenues [10]; institutions of teaching
and learning can tailor educational content, and provide virtual environments that are
specific to each individual student’s learning styles with the potential to address various
pedagogies [11]; in the healthcare sector, DNA and protein sequences can be unfolded

with precision to gather insights that may have great potential in fields such as phar-
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macogenomics and pharmacogenetics [12]. Acting as stewardships for the success of
these NLP technologies is the availability of experimental resources (e.g. abundance of
quality training examples, standardized dataset, computing resources, etc.), dedicated
communities of researchers building critical mass, and availability of funding. Continu-
ous refining of these critical resources complemented progress in research-centric tasks
such as NER [13], POS [14], SA [15], MT [16], and recently the industry-centric tasks:
Question Answering [15], Conversational AI [17], and Generative Al [18]. Regardless,
the underlying language technologies that supported or in some cases motivated the ver-
tical progression of the aforementioned socioeconomic constituents are only available in
a few languages such as English, French, and Spanish often referred to as high-resourced
languages. This uneven distribution of benefits raises alarming inclusivity concerns for
horizontal counterparts ( i.e. other globally spoken languages). Leading interventions
aiming at addressing inclusivity vary across efforts that tackle increasing datasets and
standardizing benchmarks [19], to those that increase research and development spend
(R & D spend) [20], and those that develop techniques, tools, and processes that lever-
age existing resources (e.g. transfer learning, cross-lingual models, multilingual training,
multimodality technologies, etc.) [2, 21, 22, 23]. In this work, we focus on the latter i.e.
methods that supplement under-represented language resources with existing techniques
of high-resourced languages, with a particular focus on cross-lingual models and embed-

dings [2].

Critical to cross-lingual embeddings is the development of mathematical models that
facilitate the sharing, merging with, or projection of sufficiently learned language repre-
sentation (typically a monolingual embedding space achieved through high-resourced set-
tings [24]) from high-resourced language (s) to an insufficiently learned embeddings space
(s) of low-resourced languages i.e cross-lingual models [2]. The objective of these mod-
els is to develop a strengthened shared vector space that preserves both intra-semantic
relations within a low-resourced language (s) and inter-translation equivalences between
low and high-resourced languages. The shared language space enables the training of
NLP models (e.g. statistical, machine learning, or deep learning models) with the source

data of high-resourced languages, or very few low-resourced language examples, or in
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some cases no data at all (commonly referred to as zero-shot transfer learning), whose
usability extends to the tasks of the low-resourced languages used to create the shared
representations. This training setup has shown evidence of practical eminence in equiva-
lent downstream tasks of low-resourced languages such as Dependency parsing [25], NER
[26], POS [27], GEC [28], Entity linking and discovery [29], topic classification [30], and
NLI also known as Textual Entailment [31]. From the ground up, these models have
evolved into more sophisticated cross-lingual models such as multilingual transformer
models (mBERT, XML-R, GPT) with significant performance gains on low-resourced
downstream tasks [18, 21, 32]. Recently, Afri-centric cross-lingual models such as AfriB-
ert, AfroLM, Afro-XMLR, and LaBSE with the aim of specializing in available African
languages have been proposed [33, 34, 35]. Henceforth, available high-resourced tech-
nologies and resources such as quality datasets can be leveraged extensively to support
low-resource settings. However, coverage remains a leading critical concern for many
African languages with very low digital data or internet prevalence, and pertaining to
the overarching issue, only 2-3 of the 11 official South African languages are included in
active and impactful NLP research [13, 14, 36]. That is, the NLP research footprint of
the majority of South African languages lags behind.

Downstream works using the empirically validated cross-lingual models for South
African languages lag behind. Makgatho et al. [37], used an unsupervised VecMap
projection model to create cross-lingual embeddings between Sepedi and Setswana and
validated their performance on Word Similarity tasks. However, their work did not inves-
tigate extrinsic downstream tasks and only covered 2 South African languages. Ngomane
et al. [38] created cross-lingual embeddings between English and Isizulu for news head-
lines classification. Notably, their work only considered 1 South African low-resourced
language. Myoya et al. [39] compared the recently adopted multilingual models (AfriB-
erta, AfroXmlr, AfroLM) on news classification. However, only one (IsiZulu) South
African language is considered in their work. Ifeoluwa Adelani et al. [13], Muhammad
et al. [36] and the recent Dione et al. [14] works considered only three South African
languages, namely, IsiXhosa, IsiZulu, and Setswana on NER, Sentiment Analyses, and

POS downstream tasks respectively, using pre-trained multilingual models. Addition-
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1.1. MOTIVATION 4

ally, Lastrucci et al. [40] created a multilingual corpus covering all South African lan-
guages and benchmarked their dataset through MT task using a multilingual M2M100
[41] translation model. However, their dataset is based on government content and
therefore their application scope may be limited to their source domain. Besides, this
remains an open question. Clearly, more work needs to be done for South African low-
resourced languages, and surprisingly, no works explored alternative and rich resources
such as bilingual lexicons with much higher language coverage and empirical validation
and support from the cross-lingual community for creating cross-lingual embeddings [42].
Bilingual lexicons enable supervised training of cross-lingual embeddings. Considerable
ablation works show that, by increasing bilingual pairs, the created shared representa-
tions become continuously refined [43]. That is, the more examples of similar words are
available, the more precise and accurate the created cross-lingual embeddings will be
generated by the cross-lingual models. Additionally, with bilingual lexicons, scaling to
other unconsidered South African languages outside the typical 2-3 prevalent in research

becomes a possibility.

1.1 Motivation

Cross-lingual models provide an alternative and a cost-effective approach to remediation
strategies aiming at addressing technological inclusion such as data collection. Addition-
ally, with limited domain expertise, language dataset creation becomes exponentially
complex and expensive. As such, methods with cheaper views such as cross-lingual
models become more attractive. Indeed, these models facilitated groundbreaking results
on many complex tasks and continue to break inclusion barriers. Tasks such as cross-
lingual document classification [44, 45], cross-lingual summarization [46], cross-lingual
textual entailment [31], and cross-lingual question answering [47] provide empirical tes-
timony for the efficacy of cross-lingual models. However, collectively, since the inception
of cross-lingual models [2] (about 2 decades ago), not more than half ( § ) of the South
African languages are found in active NLP research. This means fundamentals, bench-
marks, baselines, or insights do not exist for all South African languages. Which are

useful NLP commodities necessary to build state-of-the-art models and cutting-edge
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1.2. AIM OF THE STUDY )

technologies for South African languages. Moreover, bilingual lexicons played an inte-
gral part in cross-lingual models and have been shown to have better language coverage
compared to other limited resources [42]. For these aforementioned reasons, we aim to
investigate, benchmark, and develop cross-lingual-aided machine learning models for all
South African languages using available datasets and bilingual lexicons. For our investi-
gations, we considered traditional machine learning models such as Conditional Random
Field, Long Short Term Memory, and Gated Recurrent Units. To support the horizontal
development of these models we created monolingual datasets and bilingual lexicons for

all South African languages.

1.2 Aim of the study

The study aimed at comparatively investigating cross-lingual modeling techniques to
improve the quality of data processing for South African low-resourced languages and
identifying key factors necessary for generating quality cross-lingual embeddings. Addi-
tionally, we aimed to investigate the impact of cross-lingual transfer learning on down-
stream tasks such as Named Entity Recognition, Part of Speech Tagging, News Headlines
(Classification, Word Similarity, and Machine Translation using machine learning models
such as XGBoost, Long Short Term Memory (LSTM), Gated Recurrent Unit, Bidirec-
tional LSTM, and e.t.c.

1.3 Research Objectives

The objective of this dissertation is to motivate the creation of benchmark datasets, mod-
els, and the use of innovative and cost-effective solutions in the development of cutting-
edge technologies for low-resourced languages such as cross-lingual models. These objec-

tives are succinctly organized as follows:

1. Conduct a comprehensive survey of available techniques in the field of cross-
lingual models and their applications in natural language processing tasks for low-

resourced languages.
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2. Present empirical evidence of the efficacy of cross-lingual models for low-resourced

languages targeting four languages: Sepedi, Setswana, Sesotho, and IsiXhosa.

3. Present practical case studies of using bilingual lexicons in scaling technology in-

clusion for low-resourced languages.

4. Explore a calibration study creating and analyzing cross-lingual embeddings across

all South African languages: resulting in 110 cross-lingual embeddings.

1.4 Research Questions

This study addresses the following research questions to comply with the research study

aim.

1. What is the current literature on cross-lingual models for low-resourced languages,

particularly looking at South African low-resourced languages?

o Given the current literature and advancements of cross-lingual models, tech-
niques, and architectures, what are the recent trends, state-of-the-art, chal-
lenges, if any, reported in literature for the development of cross-lingual tech-

niques for South African languages?

2. What cross-lingual modeling techniques are most effective for South African low-

resourced languages?

o Supplementary resources such as bilingual lexicons improve the quality of
projection models. In this case, we aim to explore conditions that result in
better cross-lingual embeddings and which projection technique works best for
South African languages. Targeting modeling techniques such as Canonical
Correlation Analyses [43], VecMap [48], and Muse [49].

3. What is the impact of cross-lingual representations on downstream tasks compared

to monolingual representation?
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o For tasks such as NER, POS, News Headlines Classification, and Machine
Translation, what performance variations emerge when training traditional
models (e.g Conditional random field, Logistic regression, etc.) and Deep

neural networks (e.g FeedForward Neural network, Long Short Term Memory
(LSTM), Gated Recurrent Unit, Bidirectional LSTM, e.t.c) and why?

1.5 Contributions
The unique contributions of this study are organized into the following seven paradigms:

1. We present a comprehensive survey of cross-lingual models, multilingual models,

and their prevalence in the application arena of low-resourced languages.

2. We present a thorough evaluation of cross-lingual embeddings between English
and four languages, namely, Sepedi, Setswana, Sesotho, and IsiXhosa on NER,
and NHC.

3. Collection of the first bilingual lexicon dataset covering all South African languages.

4. Creation of the first benchmark of cross-lingual embeddings for all 110 combina-

tions between South African languages.

5. Creation of hierarchy of transfer performance based on a cross-lingual target lan-

guage calibration study.

1.6 Limitation

Recent literature evaluates cross-lingual embeddings efficacy as a consequence of their
implementation and not their innate form. That is, the challenge of understanding
which properties are transferred between embedddings to supplement one another has
not been addressed. Which makes it even harder to truly understand cross-lingual em-
beddings. Cross-lingual models depend on the quality of monolingual embeddings as

there is no additional training on the embeddings themselves but rather on the model
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that projects them into the same shared space. Additionally, the lack of diverse anno-
tated datasets for various downstream tasks such as Word sense disambiguation, Natural
Language Inference, and Natural Language Understanding limits the scope of investi-
gation of these cross-lingual models across varying downstream task types. Moreover,
cross-lingual models lag behind in the transparency of shareable linguistic properties
that are transferred to this so-called cross-lingual embeddings space so that it is easier
to associate the performance of specific tasks with specific linguistic traits and patterns.
However, other exploratory means to evaluate cross-lingual models in creating and using

shared representations for model training make this domain worth investigating.

1.7 Dissertation Outline

This dissertation comprises 5 chapters, all addressing low-resourced languages in the
realm of NLP. It is important to note that each chapter is self-contained in that it is
a full paper on its own. The experiments are grounded in South African low-resourced
languages. Each chapter aims to gather experimental and linguistic insights that can be
useful in improving, scaling, and benchmarking technologies for low-resourced languages.

The 5 chapters are as follows:

1. Chapter 2 focusses on a comprehensive survey of cross-lingual models and their

application in low-resourced settings.

2. Chapter 3 covers the comparative analyses of two cross-lingual models: VecMap
and CCA on two downstream tasks, namely, NER and News Headlines Classifica-

tion on four South African languages: Sepedi, Setswana, Sesotho, and IsiXhosa.

3. Chapter 4 presents a calibration study that explores the creation of cross-lingual
embeddings from all pairs of South African languages and the implication of lan-

guage pairs on downstream tasks and transfer performance.

4. Chapter 5 gives concluding remarks and future direction of low-resourced lan-

guages and NLP tools.
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1.8 Publications

This section outlines the works carried out in the completion of this thesis as well as

others we collaborated with other researchers on, in relation to this thesis.
1. Publications

o Dione, C.M.B., Adelani, D., Nabende, P., Alabi, J., Sindane, T., Buzaaba, H.,
Muhammad, S.H., Emezue, C.C., Ogayo, P., Aremu, A. and Gitau, C., 2023.
MasakhaPOS: Part-of-Speech Tagging for Typologically Diverse African Lan-
guages. arXiv preprint arXiv:2305.13989.

2. Preprints

 Sindane T., V. Marivate, and A. Modupe (2023), Zero-Shot Transfer Learning
using Affix and Correlated Cross-Lingual Embeddings, Q.J.R. Meteorol. Soc.,
2017;00:1-6.

3. Submissions

o« ACM Computing Surveys — Cross-Lingual Embedding Methods and Appli-

cations: A Systematic Review for Low-Resourced Scenarios.

 Special Interest Group on Under-resourced Languages (SIGUL) — Point of
Pivot: Calibration of Cross-lingual Embeddings for Southern Nguni and

Niger-Congo Low-Resourced Languages.
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Chapter 2

Cross-Lingual Embedding Methods and Applications: A Systematic Review for

Low-Resourced Scenarios

This chapter peruses available Natural Language Processing (NLP) literature on cross-
lingual models and provides a comprehensive introductory message looking at the his-
tory of language technologies, their current state, current trends, current application,
challenges of inclusivity for low-resourced languages (e.g annotated datasets, language
resources, lack of expertise on indigenous knowledge, and tools), and recently proposed
solutions for language technology inclusion in this space. Furthermore, we succinctly or-
ganized the available works on cross-lingual models into a taxonomy, highlighting gaps,
considered downstream tasks, and pointed out future prospects in the field of cross-

lingual models for low-resourced languages.

2.1 Introduction

The ideology of equipping machines with the intelligence to process, learn, bind pat-
terns, and manipulate written language became a shared responsibility over the past
decades in the field of Natural language Processing (NLP)[50, 51, 52, 53]. With this vi-
sion emerged a complex task of establishing a mirror image of language in the compute
space, which is commonly referred to as language models. Older approaches limited by
available resources and linguistic knowledge took a natural standpoint on modeling lan-
guage as independent linguistic units (words) without considering nuanced complexities

of a language such as morphology, word order, temporal nature, context, and interrelat-

10
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edness of words, etc [53]. Methods that were in active research participation included
the rule-based or case-based methods [54], Bag of Words [55], N-gram models [56, 57],
Term Frequency (TF) models [58], and Term Frequency Inverse Document Frequency
(TF-IDF) [56, 58, 59]. Rule-based methods operate in a similar fashion as case-based
reasoning, in that, the objective is to exploit an already existing knowledge base and
transfer capabilities to new unknown domains [54, 60]. For example, a list of hand-
coded rules can be pre-defined and used as a system’s reasoning engine to determine
new features or new representations in the study domain. Bag of Words method first
converts the document into a discriminative list of words and represents the document
as a vector of occurrences of the discriminative words represented in binary [61, 62].
N-gram models consider n consecutive subsequences as a representative token to deter-
mine the probability of the next token and they approximate the Markov’s property
[56, 57, 63, 64, 65, 66, 67, 68, 69, 70, 71, 72, 73, 74]. TF models count the occurrence
of a token in a document and the weight of that token is represented by the number
of times it occurs in the document [59]. That is, a document will be represented by a
matrix of a number of occurrences, where each dimension represents a token. TF-IDF
models on the other hand complement TF models due to TF models being susceptible to
amplifying non-informative features such as stopwords (e.g. {a,on,the,at,e.t.c.}) [59].
That is, TF-IDF models multiply the occurrence matrix (the TF matrix) by regularizing
factor ¢ (see eq 2.1) that is low (i.e damp it down) for plausible stopwords and high
(i.e. intensify) for uncommon words. More concretely, the IDF part of the TF-IDF
models regularizes the TF part. These traditional approaches were bounded by their
insufficiency in capturing essential language constructs such as semantics, syntax, tem-
poral dependency, and relatedness of words. Other compute-related weaknesses of such
encoding schemes included the high dimensionality of representations which conflicted
with the limited compute capabilities at the time. These impedes, and others fueled the
unequivocal need to consider alternative language models. Motivated by the linguistic
insight ”You shall know a word by the company it keeps” (Firth, 1957), a new era of
models with a different mechanical viewpoint of language processing emerged. These
models learned continuous representation of words in vector space, commonly known

as word embeddings [1]. Word embeddings are word-vector representations that are
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obtained by taking the neighboring words into account during training. These neigh-
boring considerations can be two-fold, 1) a vector representation of a word is obtained
by learning to predict the neighboring word vectors within a given sentence, and 2) the
neighboring vectors are used to predict the obfusticated word vector. A popular model
that adopts the former process is the Skip-gram (SG) model, and a model that adopts
the latter is the CBOW model [1].

N
o, D) = log (count(d eD:te d)) (2.1)

where t is the token, D is the corpus of documents d, and N is the number of docu-

ments.

For a while, word embeddings were considered state-of-the-art objectively speak-
ing in relation to language models. Indeed, these models championed many research
breakthroughs in many NLP downstream tasks such as Sentiment Analyses, Question
Answering, Authorship Attributions, Machine translation, etc [75]. Embeddings of vary-
ing linguistic units such as characters, phrases, sentences, paragraphs, and documents
also gained attention for different tasks and applications [26, 76, 77]. This varying level
of linguistic granularity arose due to varying complexities of modeling downstream tasks.
Regardless, the underlying support that strengthened progress in these breakthroughs
included the availability of digital datasets, computing power, an active research commu-
nity, and sophisticated language algorithms such as the continuous bag of words(CBOW)
and Skip-Gram model that effectively processed millions of tokens in limited time con-
straints [1]. However, continuing efforts (e.g. developing standardized datasets and the
advent of sophisticated algorithms) and the resulting proliferation of language models
in the NLP technology space highlighted disparities in the benefits of available language
technologies in terms of access to these technologies, representation of languages and
datasets, and control or ownership of these datasets (as their use can often result in pos-
itive or negative economic and social implications). As a result of emerging inclusivity
concerns - cross-lingual models were coined in 2013 as an intervention to address these
disparities [2].

The emergence of cross-lingual models was based on the geometric constellation of two
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monolingual embeddings plotted abreast [2]. That is, words in the embedding space of
one language occupied the same geometric positions as their translation-equivalent words
in the embedding space of another language. This observation sparked the question “if
there is a possibility to create projection techniques that can map the embedding space of
one language to another and vice-versa?”. Albeit, the birth of cross-lingual models. With
this capability lay the possibility to utilize already learned language properties in these
spaces to supplement capabilities in low-resourced settings. From this question, emerged
a series of projection techniques which we will cover in detail in the next subsections 2.3.

The projection techniques were grouped into the following categories: Linear (Offline)
projection models, Pseudo cross-lingual (Pseudo-CL) models, cross-lingual (objective-
CL) models, joint cross-lingual (joint objective-CL) models, and finally, large pre-trained
multilingual (LPML) models. Offline projection models map two or more monolingual
embedding spaces into a single joint embedding space with the optional use of a bilingual
lexicon as a language equivalence signal. Pseudo-CL models create a pseudo corpus tied
together by language equivalences or pure heuristic-based configurations of words or
sentences. These models continue to train a monolingual embedding model such as skip-
gram [1] using the created pseudo-corpus to create the shared embedding space. The
objective-CL models use parallel data as a language-equivalence signal and are designed
to optimize an objective function.

Joint-objective CL models complement objective-CL models by ensuring that not
only inter-language semantics knowledge is preserved in the extracted space but also
intra-lexico-semantic knowledge exists in the induced cross-lingual space. LPML models
on the other hand implicitly extract shared embedding spaces through joint language
training and shared sub-word vocabulary. However, this school of thought has been
questioned extensively [78, 79]. The advent of such techniques yields an imperative need
to systematically review them by looking at their application, domain, model soundness
from a mathematical standpoint, metrics, languages in active participation, available
datasets, etc. This chapter addresses these concerns and creates a taxonomy that high-
lights important insights related to the current state of cross-lingual models. Hitherto
discussing each category of cross-lingual models, the next section describes monolingual

embeddings and how they revolutionized language processing.
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2.2 Monolingual embeddings

Training machine learning algorithms can be an exigent task, especially in highly com-
plex domains such as NLP. The lack of enough and properly annotated training data
exacerbates the challenge for many low-resourced languages across the world. However,
for scenarios where enough and properly supervised data is available, a more pressing
issue becomes that of encoding a representation of language into a space such that intra-
language idiosyncrasies (e.g., semantics, syntactic, and word order) are preserved for
machines to learn in downstream tasks. Traditional methods used to encode language
representations included statistical-based methods such as n-grams, TF-IDF or bag of
words, where each word in a vocabulary is represented as a single and isolated unit with
no inherent relationship with other words. However, these methods failed to capture
syntactic and semantic regularities or subtleties of language such as the relationship be-
tween words and word order, which are essential for applications such as Information
retrieval, recommendation systems, machine translation, etc. Many works have been
proposed to address these limitations [76, 80, 81, 82, 83] including the popular works
of Bengio et al. [84]. In these works, the idea was to exploit the established expressive
power of neural-based language models to learn continuous representations of words in
latent vector space with the objective of ensuring that similar words have similar vector
representations. These continuous vector representations of words are popularly known
as word embeddings. These works follow from Rumelhart et al. [81], where the notion
of distributed representation of words was initially proposed.

In a time where computational freedom was more restrictive, Mikolov et al. [1] in-
troduced two less computationally greedy architectures for learning continuous repre-
sentation of words, namely, CBOW and SG model which (amongst others) popularised
embeddings and were able to train on billions of word tokens. The objective of CBOW
is to learn the center word representation based on the context words and SG predicts
the context words given a center word.

For example, Fig. 2.1 represents the CBOW architecture for predicting the current
word based on the context (on the left), while the SG predicts surrounding terms based

on the current word (on the right). Mikolov et al. [85] demonstrated that such repre-
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sentations can capture syntactic and semantic regularities by devising an offset-based
approach that uses basic arithmetic reasoning to model vector relationships and evalu-
ated the feasibility of the technique on analogy datasets®. For example, their offset-based
reasoning demonstrated that such spaces can capture the concept of royalty (semantics),
where the vector (“King”) - vector (“Man”) + vector (“Woman”) resulted in a vector
representation close to that of “queen” obtained through cosine distance without be-
ing explicitly taught such relations. Additionally, they explored syntactic information
of the embedding space through Simlex tasks, where the task was to query this em-
bedding space for similar words given a predefined list of words. Consequently, such
observations resulted in a great increase in research attention for learning continuous

word representations [86, 87, 88|.

v(w—c+1) v(w—c+1)

v(w,c—1) v(w,c—1)

v(w, c) v(w, c)

CBOW Skip-gram
. Model Model

Figure 2.1: The CBOW and SG architectures Mikolov et al. [1]

http://research.microsoft.com/en-us/projects/rnn/default.aspx
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The major convenience with embeddings (often not disclosed) is that they allow
prediction models to learn a subspace of similar words using a single example in that
subspace. This is possible because such embedding spaces are semantically and syn-
tactically tied through correlated and collocated vector representations. Hence, during
parameter updates for a single word example, the adjustments are carried over to re-
lated words in the space. This is what makes embedding spaces an indispensable and
extremely powerful technology of its time.

Statistical-based methods such as latent semantic analyses (LSA) and latent Dirichlet
allocations (LDA) have also been attempted to model continuous representations of
words and have been shown to be less effective compared to neural-based techniques [89].
The spoken language is a very complex artifact, so creating a space that encodes language
dynamics in vector space is non-trivial. The major requirement for building a functional
embedding space is having large amounts of representative data for that language. The
immediate drawback with this is that most underrepresented languages have very little to
no digital data available. Furthermore, the cost of creating datasets for these languages is
very high. For these reasons and more, NLP research on low-resourced languages resorted
to devising methods that can share learned knowledge ingrained in such a space (generally
from a high-resourced language) to another space (a low-resourced language) with the
hope of establishing or exploiting inter-language relations to improve performance in
limited settings. This is what cross-lingual models aim to achieve. The next section
discusses models that construct cross-lingual spaces grouped into different categories

and their application for low-resourced languages.

2.3 Cross-lingual Projection Models

There are generally five types of projection techniques for mapping embeddings from
one space to another to construct cross-lingual embeddings. These are offline projec-
tion models, pseudo-cross-lingual models, cross-lingual training models, joint-objective
cross-lingual training models, and large pre-trained multilingual language models. Of-
fline projection models map two or more monolingual embedding spaces into a single

shared space, with the optional use of a bilingual lexicon as a language equivalence
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signal. Pseudo-cross-lingual models create a pseudo corpus tied together by language
equivalences or pure heuristic-based configurations of words or sentences. These models
continue to train a monolingual embedding model such as skip-gram [1] using the created
pseudo-corpus to create the cross-lingual space. The cross-lingual training models use
parallel data as a language-equivalence signal and are designed to optimize an objective
function. Joint-objective cross-lingual models work with cross-lingual training models to
make sure that both inter-language semantic knowledge and intra-lexico-semantic knowl-
edge are kept in the cross-lingual space that is created. Multilingual language models,
on the other hand, implicitly extract cross-lingual spaces through joint language training
and shared sub-word vocabulary. The following subsections provide a detailed discussion

of the aforementioned methods.

2.3.1 Linear Projections or offline alignment of embeddings

The possibility of constructing joint representations was inaugurated through the obser-
vation that embedding spaces of different languages can have similar geometric prop-
erties [2]. In Fig. 2.2, geometric patterns of word representations in one language,
“English”, show similar qualities to those in another language, “Spanish” in the vector
space. Mikolov et al. [2] created a basic linear projection model based on this knowledge,
as illustrated in Fig. 2.2, which represents the number and animals in English (on the
left) and Spanish (on the right). This model utilises monolingual embeddings from two
languages to transfer the embeddings of one language to another. They trained their
projection model, which is shown by the translation matrix M, using stochastic gradient
descent (SGD) to get the least-squared error as low as possible, as shown in Eq. 2.2. To
understand the translation matrix M, the author initially compiled a bilingual dictionary
by translating the 5000 most common words from the source language (English). This
dictionary was then employed to train model M for transferring vector representations

from the source language to the target language embedding space.

1 Pppe— . 2
mj\}n; |[Ma; — bj| (2.2)
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Figure 2.2: Distributed word vector representations Mikolov et al. [2].

where a; and b; are vector representations of aligned words from the initial dictionary of

source and target translations.

Following the work in [2], many studies have been proposed to learn shared repre-
sentations of words. Faruqui and Dyer [43] proposed a canonical correlation analysis
(CCA) approach to learn a linear mapping of embedding spaces. In their approach, they
find correlated projection vectors V and W from sampled embedding spaces of the two
languages (A" and B') by training to maximise p (Eq. 2.4). To achieve this, they first
let a and b be corresponding words in embedding spaces A" and B’ respectively and v
and w be projection vectors of a and b respectively. They then compute the projected

vectors a’, b using the projection directions v and w as follows:
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a = av,

(2.3)
b = bw

From these projected vectors, they maximise p to get v and w using the equation 2.5

below:
;o Ela't
old b)) = — 2V (2.4)
Ela”?]E[b?
v,w = CCA(a,b) = argmax p(av, bw) (2.5)

To generalize this approach to the entire sampled embedding space they used the
equation below:

V,W = CCA(A, B') (2.6)

To find the final cross-lingual embedding space using A and B (the original monolin-
gual embedding spaces), they utilized the learned correlated vectors V an W to compute
the projected embedding spaces A* = AV and B* = BW. A* and B* can be observed
as the same embedding space.

The linear model proposed by Mikolov et al. [2] was later discovered to have inconsis-
tencies among the objective functions used to create the embeddings, the error function
for learning M, and the similarity measure. Xing et al. [90] proposed to normalize the
embedding vectors to be the unit length and learn an orthogonal translation matrix M’
instead.

Lazaridou et al. [91] spotted another issue associated with the objective function
used to learn the projection matrix M of Mikolov Mikolov et al. [2]. They observed
that the linear projection model learned through the least-squares error function maps
some vectors to become universal neighbors of other vectors .i.e., a concept referred to
as hubness. They addressed this by implementing a max-margin ranking loss proposed
by Collobert and Weston [24]. The max-margin loss did not perform well on a cross-
modal task experimented in Lazaridou et al. [91] for which they resolved through data

augmentation.
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Ammar et al. [92] presented two methods (multiCluster, multiCCA) for estimating

shared embedding space between 59 languages and evaluated their performance on both
intrinsic and extrinsic tasks. For multiCluster, they first create a multilingual cluster
using bilingual dictionaries and replaced each token in each monolingual corpus with a
cluster ID if it belongs to a particular cluster in the multilingual cluster. They merged
the monolingual corpora (with replaced tokens) into a shared multilingual corpus and
trained a simple skip-gram model to create a cross-lingual embedding space. For multi-
CCA, they extended the CCA [43] to a multilingual setting using English as the source
language for each of the available languages. In addition to their contribution, they
proposed an evaluation metric (multiQVEC-CCA), which is an extension of QVEC pro-
posed in Tsvetkov et al. [93]. Furthermore, their study covered a wide range of intrinsic
evaluation tasks (translation-variance, word similarity, and word translation) to assess
semantics and syntactic information of their constructed joined representations and ex-
trinsic evaluation tasks (document classification, cross-lingual parsing) to assess their
usability in practice.
It is important to also mention the work of Valerio Miceli Barone [94], which intro-
duced an interesting avenue of research for finding cross-lingual representations using
only monolingual embeddings from source and target language by exploring adversarial
neural networks. Adopting adversarial networks seemed like a good way to do research
because of the bad situation of having little data in some languages[95, 96].

A limiting pattern in the research line of adversarial-based methods pointed out that
these methods are being over-fitted to favorable evaluation conditions such as comparable
corpora or using closely related languages which resulted in them performing poorly in
realistic conditions. This gave birth to a new era of fully unsupervised approaches doing
away completely with adversarial neural networks [48, 97, 98, 99, 100]. Artetxe et al. [48]

adopted a fully unsupervised approach that executes in four steps (explained below).

1. The first step involves normalizing the embedding spaces of each language to be
unit length and then mean centers for each dimension. The mean centering is
followed by the second length normalization to ensure that the resulting embed-
dings are unit length and their dot product is equivalent to cosine similarity and

is directly related to their Euclidean distance.
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2. The second step is based on the isometry assumption that exploits the distribution
similarity between monolingual embeddings A and B to construct semi-aligned
embedding matrices A" and B'. To construct these embeddings, they first create
two similarity matrices W, and Wp using singular value decomposition of A and
B respectively. They then sort these similarity matrices in the j-th dimension
(column-wise) and normalize them using step one explained above. The result
of this process provides matrices A" and B’ such that given a word w and its
embedding in A" an equivalent word k can be extracted in B’ using the nearest
neighbor. This initial solution of weakly aligned embeddings is used to create an
initial dictionary D. Then the initial solution is iteratively refined using a self-

learning technique (using the original embeddings A and B instead).

3. The third step optimizes the objective function:

argiax ; ; Dy;((AsWa) = (B Wp))
with the help of four dictionary induction strategies that assist in escaping a lo-
cal optimum: Stochastic dictionary induction, frequency-based vocabulary cut-off,
CSLS retrieval, and bidirectional dictionary induction. A;, and Bj;, are word em-
beddings in A and B respectively. Once the initial dictionary is computed, both
A" and B’ are discarded and iterations are executed on the original embedding A
and B.

4. The last step applies symmetric re-weighting of the converged transformation ma-
trices W4, Wp.

Hoshen and Wolf [97] proposes a method similar to the method by Artetxe et al.
[48]. However, in their case structural similarity is exploited to extract an initial solution
using principal component analyses (PCA), motivated by the theory of 3D point cloud
matching. That is, they use PCA to extract the top n principal components of the
embeddings A, B and use those as initial embeddings of A" and B'. To extract a
translation model M’ that can be used to align embeddings A" and B’, they optimize

an iterative closest point (ICP) objective with an added constraint of ensuring that
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translation in both backward and forward direction results in the same representation

using the Equation 2.7:
> b — Myag il + Y llai = Mybg,ll + A llai—
j i i

M Myaai]| + X [1by = MM, 5]

J

(2.7)

where a;,by(;) is an embedding in A" and B', respectively, and f(j) is the index of
the embedding. M’ is then used to initialize M to learn alignments on the original em-

beddings A and B using the same ICP objective.

Alvarez-Melis and Jaakkola [98] on the other hand formulates the task of mapping
embedding into a joint space as an optimal transport (OT) optimization task using
Gromov Wasserstein distance [101]. Simply learning a mapping function that minimizes
a measure of discrepancies between the mapped source word and the target word is
usually insufficient for inference. The underlying objective is mostly supplemented with
an inverted softmax function (ISF) or cross-domain local similarity (CSLS) criteria to
avoid the issue of hubness during inference. Joulin et al. [99] draws from this setup
and asserts that the underlying objective functions are inadequate for both learning and
inference of embeddings simultaneously and proposes a unified learning objective based
on a convex relaxation of the CSLS criterion. Their formulation resulted in optimizing

the following objective function using projected sub-gradient descent:

n

1 T x 4T 1 T T 1 T T
min=d =2 Mt Y e MTbit Y e MTh (gg)
i=1 bjeNp(Ma,) Ma ;€N 4(b;)

where 1, is a set of orthogonal matrices, M is the translation matrix, and a;eR?,
b;eR? are aligned word embeddings in source and target languages respectively. Finally,
Ruder et al. [100] proposes a multi-step discriminative latent variable model formulated
as solving a combinatorial optimization problem of bipartite graphs [102] to project
monolingual embeddings into a joint vector space.

A noticeable drawback to these methods is that they rely heavily on the existence of

monolingual embeddings. This is because the inception of these models was driven by
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the objective of attempting to capture more linguistic information shared between lan-
guages to aid performance gains of models that are already in active research. However,
this assumption of the existence of functional monolingual embeddings does not hold for
languages with extreme scenarios. For this reason, the main focus of this paper is to
investigate how these proposed methods were scaled and modified to truly low-resource
settings with very little to no digital data available. Additionally, we intend to inspect
how the induced spaces were evaluated by looking deeply at the source languages. More-
over, we analyze how these models were applied successfully in practice by looking at
both intrinsic and extrinsic tasks and this is covered in section 2.5.

Glavas et al. [103] highlight difficulties in appraising projection-based cross-lingual
embeddings, despite tremendous progress in the field. In their paper, they address
the issue of a unified evaluation criteria for evaluating shared spaces and the need to
avoid overfitting these embeddings to shallow intrinsic tasks such as bilingual lexicon
induction but rather construct robust shared spaces with enough capacity to generalize
to downstream tasks. However, recent approaches have overcome these limitations by
providing new insights into projection models. In the following part, we describe pseudo-
cross-lingual models that rely heavily on pseudo-data rather than matched words to learn
a translation matrix M. These models have shown promising results in various studies

and have the potential to revolutionise the field of cross-lingual modelling.

2.3.2 Pseudo-cross lingual projections driven embeddings

These models exploit a cross-lingual corpus created using small seed dictionaries as a
strategy to tie two languages together. Xiao and Guo [3] relied on the expressive power
of non-linear neural networks to create cross-lingual representations between languages.
As shown in Fig. 2.3, the word w; from the training set x is linked to an inter-language
representation vector R(w;) by the embedding matrix R. In their approach, they find all
source and target pairs using Wiktionary [104] to translate all source words into target
words and filter the induced dictionary based on polysemous words and out-of-vocabulary
(OOV) words. They then use this semi-clean dictionary to construct a unified bilingual
vocabulary V', where V is made up of the merged source and target words. They further

replace each v in V' that appears as a pair of another word in the bilingual dictionary with
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the same representation vector w. Their study provides empirical evidence supporting
the efficacy of their induced bilingual embedding space on a dependency parsing task.
Similar to the limitations of the majority of studies reviewed in this paper, their study
did not evaluate their induced embedding space with an intrinsic task to inspect the
linguistic content preserved in the embeddings. This is done so that the nature of the
extrinsic tasks (e.g. POS tagging, Opinion mining, etc) can be chosen wisely to align

with induced embedding space.

Output layers
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hidden layers
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Figure 2.3: Cross-lingual word representations using the deep learning method [3].

Bilingual lexicons continue to become pivotal in connecting two languages in order
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to extract cross-lingual embeddings. Many works exploited this resource obtained either
from human annotations or utilizing translation tools such as Google translate [105],
and Wiktionary [104]. Gouws and Sggaard [106] proposes an approach that relaxes the
reliance of bilingual dictionaries on inducing shared spaces by using near-equivalence
pairs of words in both languages as signals to connect languages. For example, they
considered words such as a car in English to be equivalent to the word maison (‘house’)
in French since they are both nouns and used this information as paired signals. Besides
word translation (GT) pairs and POS equivalence, they investigated other forms of
equivalences (e.g. clerk and chauffeur for super sense tagging) and their approach proved
to be a novelty. Once this equivalence is constructed, they merged corpus Cj from
language 1 with corpus C5 from language 2 and shuffled the words in the resulting
merged corpus Cy. Then, for each word w in Cl, if that word appears in the equivalence
dictionary it is replaced with its pair with a probability of i with k£ = cardinality.
Lastly, they used a simple CBOW on C, to extract bilingual embeddings. Similar to
other works, they evaluated their embeddings on an extrinsic task (POS tagging).

A good cross-lingual space should preserve both monolingual and cross-lingual qual-
ities. For example, similar words within a language should occupy the same position
in the embedding space (monolingual quality) and likewise, similar words across lan-
guages should have similar representation (cross-lingual quality). Duong et al. [107]
demonstrated how this property can be achieved by proposing an Expectation Maximi-
sation(EM) driven approach for learning a shared embedding space using CBOW and
adding the resulting context and embedding matrix. The inclusion of EM was solely
to handle polysemy from a noisy dictionary. A distinguishing feature of their study is
that they evaluated the induced shared embedding space across all task types i.e. both
intrinsic and extrinsic tasks.

In Vuli¢ and Moens [108], two methodologies are proposed for creating a pseudo-CL
corpus with affordable document-aligned data. The first strategy creates a multilingual
corpus by combining paired documents from each monolingual corpus and randomly
rearranging the words in the final document. The second strategy appends each word
from two paired documents to a third document based on their length and ratio (known
as the length-ratio shuffle). Similar to Ammar et al. [92], the researchers trained the SG
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model using negative sampling (SGNS) to retrieve the embedding from the joint corpus.
This demonstrated tremendous gains over the state-of-the art (SOTA) method.

In pseudo-CL approaches, heuristics are primarily used to select words for inclusion
in a joint document, which may result in less effective outcomes. Moreover, assigning
identical representations to seemingly synonymous words in the pseudo-document can
restrict the development of a cohesive shared embedding. For instance, in Sepedi (a
South African Bantu language), the word ‘Lena’ in English, which translates to ‘Them’,
is used as a term of respect to address an individual (with the actual meaning be-
ing ‘you’). Therefore, neglecting this information when creating pseudo-documents can
result in undesired outcomes. Thus, there is a need for more effective techniques to
build joint embedding spaces. These methods have been shown to outperform tradi-
tional bilingual dictionary-based approaches in various tasks. These include traditional
bilingual dictionary-based approaches to various tasks that leverage larger amounts of
data and capture more nuanced relationships between languages, which have proven to
be highly effective for cross-lingual tasks. The research demonstrated that these ap-
proaches surpass conventional bilingual dictionary methods for diverse tasks. Hence, the
following section explores alternative methods for constructing cross-lingual embedding
spaces, focusing on objective functions and parallel data instead of relying on bilingual

dictionaries.

2.3.3 Cross-lingual training models

This family of cross-lingual models are tailored towards optimizing a CL objective func-
tion based on sentence-aligned corpora. The motivation is to gravitate from the require-
ment of word-aligned bilingual corpora as seen from previous methods to the extraction

of higher-level distributed representation using objective functions.

2.3.3.1 L2 regulariser and Noise contrastive estimation

The first approach to optimizing an objective function to learn shared representations of
parallel sentences (later extended to multilingual) was proposed by Hermann and Blun-

som [5]. In their approach, the idea was to minimize an L2 regularizer (see Equation
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2.9) in order to drive representations of similar words closer together, while simultane-
ously enforcing a margin between a dissimilar word with a noise contrastive estimation

criterion. This led to the resulting loss function J(6) as seen in Equation 2.10.

E(CL, b) = Haroot - broot” (29)

)= Y (O Buelab.n) + 5110l (2.10)

(a,b)eCap i=1

where a and b are pairs of parallel sentences, n are the negative samples such that

each sentence in n is not semantically equivalent to a, A is a regularisation term, and 6
is the set of all model parameters.

Specifically, they trained two sentence-level compositional vector models (CVM) for
each pair of languages. They proposed a CVM : ADD a model that adds a vector
representation of each word to construct a sentence representation. For the resulting
sentence representation of each CVM, they minimized the objective function J(6) and
propagated the signal back to word embeddings using SGD [4]. See Figure 2.4 of their
model.

Hermann and Blunsom [109] extends their paper [5] to document-level representa-
tions by simply recursively applying the sentence-level CVM and objective function.
Additionally, they proposed a new CVM: BI - a compositional model that applies hy-
perbolic tangent to the vector representations of each word in the sentence and sums the

resulting vector (see equation 2.11).

flz) = Ztanh(:vi,l + ;) (2.11)

i=1

2.3.3.2 Bag-of words Autoencoder

Lauly et al. [110] added to the knowledge base of optimizing robust objective functions
to extract inter-language semantic representations. Their objective resembled that of a
decoder reconstruction loss function. In their study, they trained an encoder with two

decoders for each source and target language such that reconstruction of the original
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Figure 2.4: A bilingual model that minimizes the discrepancy between parallel input sentences

a and b encoded using CVM [4] as extracted from [5].

sentence is possible in any of the given languages. The full architecture is a multilingual

autoencoder capable of learning semantic representations across languages. The added

advantage to this work is that they do not rely on word-aligned datasets, which are

not available for low-resourced languages. This means that their approach is scalable to

low-resourced settings.
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2.3.3.3 Probabilistic distributed word alignments(PDWA)

While probability alignments have proven to be such an integral part of learning trans-
lation matrices, Kocisky et al. [111] proposes an adaptive model that learns alignments,
translation probabilities, transformation matrix, and cross-lingual representations all at
the same time. To achieve this, they adopted a hybrid model consisting of two parts: 1.
A modified version of FastAlign trained only for 5 epochs, 2. a probabilistic language

model that minimizes the energy function as denoted in 2.12.

k

E(f.e)=—(Y_rl Mjyry—blry—b; (2.12)
s=—k
where r.,andry are vector representations for source and target words e, f in V

respectively, M is the transformation matrix, b in R is the representation bias, by are

biases for each word in V. The translation probability is given by equation 2.13:

p(flei) = -cop(~E(f,e0) (213)

where the normalizer Z,, is defined in 2.14 below:

Ze, =Y exp(—E(fle;)) (2.14)
f

Unlike other methods proposed, their model takes two parallel sentences as input
and for each word in the source sentence, they attempt to predict the associated word
in the target sentence. This of course can be easily adapted to take context words of
length k around the center word as demonstrated in their study. Their joint architecture
was able to extract useful alignment and a shared embedding space. Empirical evidence
supporting this was obtained on alignment tasks, cross-lingual document classification,
and qualitative analyses. The added advantage of their model is that their derived
representations are explainable i.e. the model provides better reasoning for the derived

vector representations, which is often not the case for their contenders.

2.3.3.4 Multilingual Autoencoder

Chandar AP et al. [112] also explored autoencoders for extracting bilingual representa-

tion. In their approach, they investigated and compared the optimization of two objective
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functions used to pull similar word representation closer together (cross-entropy loss-
equation 2.15) and negative log-likelihood-equation 2.16)). Their study highlighted the
following added advantages of autoencoder models: 1. word-aligned and exact sentence-
level aligned resources are not essential, and 2. single-step extraction of multilingual em-
beddings is possible. Similarly, they argued the usefulness of their embeddings through
cross-lingual document classification and compared their results with(at the time) state-

of-the-art [44] cross-lingual model.

Zv ilog(0(x);) + (1 — v(x);)log(1 — 0(x);)) (2.15)

lz) =) —~log(p(d = wi]())) (2.16)

i=1

where ¢(x) denotes the probability distribution output of the decoder.

2.3.3.5 Translation invariant embeddings

An interesting turn of events is the work of Huang et al. [113] that extends the use of
LSA [114] to the multilingual case. In their work, they extract similar representations

by optimizing the objective function (eq 2.17):

N T2
min[X — AV} (2.17)

where X = 1(X+D;X+XDj +D;XDj), and X is the single co-occurrence matrix
of joint words from two corpora C7 and C3 as rows and joint context (N7, Na) as columns
of the co-occurrence matrix, D, is the word dictionary matrix, and Dy is the context
dictionary matrix, and lastly, A and V' are word embedding and context embedding

matrices respectively.

2.3.3.6 Taking advantage of Wikipedia’s structure: Inverted indexing

Wikipedia has proven to be a resourceful tool for many NLP applications including
machine translation, dictionary induction, etc. Apart from that, Wikipedia houses a

plethora of multilingual documents (e.g. articles) written in multiple languages related
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by concepts. Sggaard and Bohnet [115] exploits this resource containing over 6 million
articles covering 309 languages to extract shared representations. In their approach, they
constructed a matrix of concepts and associated terms used to describe that concept from
multiple languages. With this setting, a single word is a row in this matrix. They used

LSA technique similar to Huang et al. [113] to learn embeddings.

2.3.3.7 Language-Agnostic sentence representations (LASER)

Recently there has been an increasing interest in learning representations for longer
linguistic units such as sentences and phrases to supplement the limitations of word
embeddings [86, 116, 117, 118, 119]. In [120], authors proposed a language-agnostic
general-purpose massively multilingual representations for over 93 languages using a
simple stacked Bidirectional LSTM model trained with a cross-entropy objective and
bite-pair encoding(BPE) vocabulary learned over the concatenation of all training data
as input. The advantage of their work is that not only do they extract embeddings for
multiple languages at the same time, but the induced embeddings can be used for any
downstream tasks without additional task-specific fine-tuning as opposed to other works.
This achievement is invaluable and has major positive implications for low-resourced
languages with extreme scenarios.

CL training models focus on preserving correspondences between projected words
and neglect the monolingual quality of an individual language separately. This issue is

addressed by joint objective CL models.

2.3.4 Joint objectives cross-lingual models

Formally, a general joint-objective CL model takes the form: a(Mono, + Monos) + BB;,
where Mono; and Monos are monolingual objective functions, B; is the bilingual objec-
tive, and finally, o and [ are constant regularizers scaling contribution of the objectives
combined. In the following subsections, we discuss models that use joint-objective CL

to learn cross-lingual embedding spaces.
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2.3.4.1 Multitask learning to jointly induce continuous cross-lingual repre-

sentations

The first practical work for inducing joint representations using joint objectives was
initially proposed in Klementiev et al. [44]. In their work, they used a language objective
(first term in equation 2.18) to learn syntactic and semantic similarity in a language and
combined this with the multitask objective (second term) to ensure that the induced

representations are equivalent across languages as follows:

2 17O
. 1
L(0) = ; ; log Py (wjlw;_i101) + 5¢T (A® Li)e (2.18)

where [ denotes a language, T is the number of words in [, w, is a word at time ¢, and
A is the interaction matrix capturing relatedness of tasks modeled as a bipartite graph,
and lastly, ® denotes the Kronecker product and can be used for multitask learning as

illustrated by Klementiev et al. [44].

2.3.4.2 Bilingual word embeddings for phrase-based machine translation(MT)

A similar attempt to model both monolingual and bilingual semantics within and across
languages is presented by Zou et al. [26]. In their approach, they use an objective
function proposed by Collobert and Weston [24] to learn the monolingual embedding of
English. They then learn Chinese monolingual embeddings bootstrapped by alignments
obtained from Berkely Aligner [121] using the equation 2.19 below:

JG = Z maz(0,1 — f(c”,d) + f(c*,d)) (2.19)

From 2.19 above, f is the function defined by the neural network, w" is a word chosen
in a random subset of the vocabulary Vi, and ¢ is the context window containing the
word ¢¥". With these monolingual embedding extracted, they can then jointly learn a
shared space between English and Chinese to preserve translation equivalence using the

following equations:

JTEOfenfzh = HBzh - Aenfthen’ ’2 (220)
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JTEO—2h—en = ||Ben - AzhfenBzh| ’2 (221)

where B,,,, B.j is the embedding matrix of English and Chinese respectively, A.,,A.n
are alignment matrices. T'EO refers to translation equivalent objective. During bilingual
training to preserve both monolingual and bilingual similarity, they optimized the sum

of the monolingual and bilingual objectives :

JCO—zh + AJTEO—E’VL—Zh (222)

for extracting Chinese embeddings and

JCO—en + )\JTEO—zh—en (223)

for extracting English embeddings.

2.3.4.3 BiSkip

Luong et al. [122] learns semantic similarities in a language and equivalences across
languages by using co-occurrence signals from the monolingual context and semantic
equivalence from parallel data. In their approach, they extend the SG model into the
bilingual context. To achieve this, instead of using the center word w in language [1 to
predict the context ¢ in [1 they replaced w in {1 with aligned word w’ in [2 and vice
versa. This can be observed collectively as training four SG models jointly to predict

words between pairs of the following language: [1 -> (2, 11 -> [1, (2 -> {1, 12 -> [2.

2.3.4.4 BiIBOWA

Gouws et al. [123] is amongst the great efforts that place emphasis on the notion that
besides learning how words relate to each other within a language, it is equally important
to learn representations that capture equivalences across two or more languages when
developing joint representations. To demonstrate the feasibility of their argument they
proposed bilingual representations trained using a monolingual embedding objective of
SGNS and a bilingual objective in (eq 2.24):
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0B, B) ~ ||— Z b — Z ol || (2.24)

w1€Se ’LUjGSf
where B¢, B/ denote the embedding representations for the two languages, and b; de-
scribes the embedding learned for a particular word w;. This bilingual objective assumes
uniform alignments of words between parallel data and hence comes with the added ad-

vantage of not calculating alignment matrices which tend to be computationally costly.

2.3.4.5 Trans-gram

Coulmance et al. [124] proposed another extension to the SG model for the multilingual
case. Monolingual embeddings are extracted using a conventional SG objective while
cross-lingual embeddigs with translation equivalence in mind are extracted with a mod-
ified SG objective[l]. Contrary to the conventional SG model, the CL objective defines
the context of a word w in language L; as all the words in parallel sentences in language
L.

2.3.4.6 Sparse representations

Although these CL objective models perform well in extracting useful representations
for downstream tasks, finer-grained representations that can capture semantics beyond
translation equivalence are also important for tasks such as cross-lingual lexical entail-
ment. Vyas and Carpuat [125] creates the first cross-lingual entailment tasks and bench-
marks this problem using sparse representations as opposed to dense representations
of earlier discussed methods. In their approach, they first extract monolingual embed-
dings for each language using a method proposed in [87], i.e. using GloVE embeddings.
To obtain sparse bilingual embeddings, they optimized a modified version of the model

proposed in [43] as follows:

vf

1
argmax Z |A, DL — Bl |5 + Acl|Acil]1 + Z _HAffDT
Ae,De,Ap,Dy i=1 =1
(2.25)

Ve vf

BfJHQ + )‘fHAfjHl + ZZ )‘bSUHAeZ AfJH2

=1 j5=1
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2.3.4.7 Cross-lingual context with and without word alignments and cross-

lingual similarity (CLSim) objective

Co-occurrence matrix co-factorization techniques for deriving monolingual embeddings
have shown good results in practice [87]. Shi et al. [126] exploits the expressive power of
global vector representation(GloVe) to extend it to a cross-lingual setting. In their ap-
proach, they extracted both monolingual and cross-lingual embedding for each language
using the objective defined in [87]. Matrix factorization methods require co-occurrence
statistics. To obtain context alignment information used to tie languages together, they

proposed two approaches:

1. Using a technique that assumes uniform distribution between parallel sentences

similar to definition in [123],

2. A method that replaces the context of each word w in language [1 by the context

of word k in [2, where k is the translation equivalent of w in (1.

Alternative to the initial CL objective used in their study, they used the Euclidean
distance between monolingual embeddings weighted by their similarity scalar as the
cross-lingual constraint. This is referred to as the CLSim objective in their study and

showed to be the best-performing model.

2.3.4.8 Bilingual paragraph vector(BRAVE)

[127] proposed a model inspired by Mikolov’s paragraph vector distributed model(PV-
DM)[88]. Unlike other works, their approach relaxes the reliance of both word-aligned
and sentence-aligned corpora to weakly aligned corpora - topic-aligned or label-aligned
corpora, which is effectively cheap to find. Furthermore, they model cross-language
equivalences using the concept of elastic net regularization [128]. In recent work on
cross-lingual embeddings has gravitated from models that explicitly extract cross-lingual
embeddings to large models that implicitly extract joint representation through shared
subword vocabulary training prior to the advent of the transformer models [21]. We

discuss this group of models in the next subsection.
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2.3.5 Large multilingual models for extracting joint represen-

tation

Recently, research has gravitated towards extracting shared embeddings between lan-
guages using large pre-trained language models such as BERT [21]. Surprisingly, BERT
has no explicit cross-lingual objective, however, this model works exceptionally well for
learning multilingual representations. BERT only uses a masked language modeling ob-
jective, where tokens within a sentence are randomly hidden and the task of the model is
to predict the identifier of the hidden token [129]. Another interesting characteristic of
BERT models is that it uses large transformer models which are currently state-of-the-art
models for extracting abstract representations [130]. There has been active research on
adopting BERT-based models for extracting contextual representations in order to draw
conclusions on their surprisingly good performance for downstream tasks [131, 132, 133].

On that note, Lauscher et al. [134] conducted an experiment on mBERT (variation
of BERT trained on multiple languages covering up to 104 languages) and XLM-R (an-
other variation of BERT ) [135] and found empirical evidence supporting the correlation
between cross-lingual transfer performance and language similarity. In addition, they
found that the size of the target data plays a vital role in extreme scenarios such as
zero-short transfer learning. Furthermore, their study demonstrates the efficacy of few-
shot transfer learning. On a similar trend, Nooralahzadeh et al. [136] supplemented a
large multilingual model with meta-learning [137] and converged to the same conclusions
made by Lauscher et al. [134] - morphosyntactic commonalities between languages may
be a positive contributor of transfer performance.

de Vries and Nissim [138] proposes a model adoption approach for generative language
models. Their approach starts by first training a GPT-2 [139] model on the English
data to initialize the model. They then adapt this model on low-resourced languages
by removing its lexical embedding layer(first layer) and freezing its parameters during
additional fine-tuning on the target data. That is, only the first layer is adapted to the
low-resourced language. The intuition is that by preserving the learned GPT-2 model’s
weights during adaption, the newly learned lexical embeddings are still aligned with the

space of the English model( where there is high knowledge density[140] )
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Gogoulou et al. [79], applies a similar model adoption approach as de Vries and
Nissim [138]. In their paper, they first initialize the embedding layer(constructed using
BERT) by training on a source monolingual task and using the same BERT to further
fine-tune on the target monolingual task. They evaluated their approach on the English
language dataset and their method superseded a model trained and tested on English
monolingual data. Interestingly, their findings contradict Lauscher et al. [134] by showing
that language similarity has no impact on transfer performance. As these discoveries are
still new, they merit additional examination.

Multilingual language models such as BERT are currently in their preliminary phases
of research in the context of cross-lingual NLP, thus no general consensus has been
reached as to what constitutes their generalization ability. Initially, the attribute was
given to shared subword vocabulary and joint training across multiple languages. How-
ever, recent works are in conflict with this conclusion [78, 79]. Therefore, more work is
essential in this research direction in order to understand the root cause of high-level
abstractions extracted using these multilingual language models. Furthermore, BERT
models require large amounts of computing resources to be effective, therefore explor-
ing alternative approaches that can scale to settings with limited computing without
compromising performance on downstream tasks poses an interesting avenue of research
[141].

In the next section, we summarise the discussed models in tabular format. That is,
we break down each work by looking at its family of cross-lingual models, data used,
resources and type of resource( e.g. bilingual lexicons, or parallel data) used, and the

downstream task investigated in the work.

2.3.6 Summary of projection models

In Tables 2.1, 2.2, and 2.3, we summarise these cross-lingual works by looking at their cat-
egory, pre-training datasets, monolingual embeddings, cross-lingual embedding method,
type of extracted embedding (e.g. sparse or dense), evaluation tasks (intrinsic and/or

extrinsic), and lastly, available resources.

© University of Pretoria



&

UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA

@ZP YUNIBESITHI YA PRETORIA

Table 2.1: Summary of projection models

Embedding Extraction

Evaluation of embedding method

Projection Data Bilingual signal Monolingual em- CL Model Representation Evaluation Intrinsic Extrinsic Code
Type Ref beddings Data
[2] WMT-2011, dictionary, CBOW Linear Projection Dense - - MT code
Google News
datasets
[43] WMT-2011, word  alignment LSA [114] CCA Sparse SynRel,WordSim, - resource, re-
WMT-2012, counts[142] SemRel source, code
[90] WMT-2011 dictionary Skip-gram Normalize and Or- Dense ‘WordSim353 ‘WordSim BLI -
thogonal transform
model
[91] Corpusl, Corpus2 dictionary CBOW Max-margin loss Dense Test Dictionary - BLI, Image labeling -
Offline mod- [92] Europal dictionary ClusterID, LSA multiCluster(Skip- Dense and Sparse MEN][143], RVC ‘WordSim BLI, MDC, MDP resource
els gram), multiCCA Corpus , Uni-
versal dependen-
cies, MWS353,
Stanford’s Rare
Words[144]
[94] Wikipedia  Cor- - Skip-gram Aversarial Auto En- Dense Reuters Corpora - CLDC [44] code
pora coder [44]
[48] Wacky crawling - CBOW Unsuperviced self- Dense [145, 146] BLI - code
corpora learning
[97] - - FastText Mini-Batch Cycle It- Dense MUSE - ‘Word translation resource
erative Closest Point
[98] Wikipedia - FastText and Gromov  Wasserstein Dense - Qualitative anal- - -
Dinu[145] distance yses
[99] Wikipedia - FastText and Convex relaxation of Dense Wacky dataset - code
Dinu[145] CSLS
[100] ukWAC, dictionary CBOW Discriminative latent- Dense WordSim353 BLI, ‘WordSim, - code
Wikipedia, variable model RG-65,
BNC,itWAC
[103] - dictionary fastText dubbed Procrastes Dense multilingual BLI XLNLI, CLDC resource
model XNLI corpus,
TED CLDC
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http://www.statmt.org/wmt11/training-monolingual.tgz
https://code.google.com/p/word2vec/
http://www.statmt.org/wmt11/
http://www.statmt.org/wmt12/
http://www.mathworks.com/help/stats/canoncorr.html
https://github.com/mfaruqui/crosslingual-cca
http://www.statmt.org/wmt11/
http://www.cs.technion.ac.il/%20gabr/resources/data/wordsim353/
http://wacky.sslmit.unibo.it
http://www.natcorp.ox.ac.uk
http://opus.lingfil.uu.se/
http://opus.lingfil.uu.se/
http://hdl.handle.net/11234/LRT-1478
http://hdl.handle.net/11234/LRT-1478
http://hdl.handle.net/11234/LRT-1478
http://128.2.220.95/multilingual
https://github.com/Avmb/clweadv
https://github.com/artetxem/vecmap
https://github.com/facebookresearch/MUSE
https://github.com/facebookresearch/MUSE
https://fasttext.cc/
http://www.cs.technion.ac.il/%20gabr/resources/data/wordsim353/
https://github.com/sebastianruder/%20latent-variable-vecmap
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Table 2.2: Summary of projection models

Embedding Extraction

Evaluation of embedding method

Projection Data Bilingual signal Monolingual em- CL Model Representation Evaluation Intrinsic Extrinsic Code
Type Ref beddings Data
[3] - Wiktionary - DNN Dense CoNLL - CL dependency pars- -
ing
[106] - Wiktionary - BARISTA(CBOW) Dense Google universal - POS tagging, CL su- code
tagset per sense tagging
Pseudo CL [107] Wikipedia dictionary - CBOW Dense Reuter ‘Word similarity BLI, CLDC -
RCV1/RCV2
[108] - - document-aligned Skip-gram dense bilingual lexicon ex-
traction and suggest-
ing word translations
[5] Europarl sentence aligned Gaussian distribution BiCVM Dense Reuters - CL document classifi- code
RCV1/RCV2[44] cation
[109] Europarl, TED document aligned Gaussian distribution DOC Dense Reuters Qualitative anal- CL document classifi- code, re-
corpus RCV1/RCV2[44] yses cation source
CL models [110] Europarl document aligned bag-of-words/TFIDF Auto-encoder Dense Reuters - CL document classifi- -
RCV1/RCV2[44] cation
[111] [147] FASTALIGN and - Distributed word Dense Reuters Qualitative anal- CL document classifi- -
parallel sentences alignment RCV1/RCV2[44] yses cation
[112] Europarl parallel sentences bag-of-words/TFIDF Auto-encoder Dense Reuters - CL document classifi- code, re-
RCV1/RCV2[44] cation source
[113] [25] dictionary matrix co-occurrence statis- Translation invariant Sparse [25] ‘Word CL dependency pars- code
tics LSA Similarity[43] ing
[115] Wikipedia Wikipedia index- co-occurrence statis- CBOW, Skip-gram Dense AMAZON, Word alignment CL document, POS code resource
ing/concepts tics Google Uni- tagging, dependency
versal Treebanks, parsing, classification
CoNLL 2006/7
[120] OPUS parallel sentences BPE embeddings BiLSTM Dense [31], MLDoc[148], Taboeba:  Simi- Bitext mining, XNLI, code

BUCC[149, 150]

larity search

CL document classifi-

cation,

© University of Pretoria


https://code.google.com/p/wikily-supervised-pos-tagger/
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http://www.karlmoritz.com
http://www.statmt.org/europarl/
http://www.karlmoritz.com/
http://cdec-decoder.org/
http://cdec-decoder.org/
http://www.statmt.org/europarl/
http://www.statmt.org/europarl/
http://www.sarathchandar.in/crl.html
https://sites.google.com/a/umn.edu/huang663/
http://www.webis.de/research/corpora/
http://code.google.com/p/uni-dep-tb/
http://code.google.com/p/uni-dep-tb/
http://www.ml4nlp.de/code-and-data
https://bitbucket.org/lowlands/
http://opus.nlpl.eu
https://github.com/facebookresearch/LASER
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Table 2.3: Summary of projection models

Embedding Extraction

Evaluation of embedding method

Projection Data Bilingual signal Monolingual em- CL Model Representation Evaluation Intrinsic Extrinsic Code
Type Ref beddings Data
[44] Europarl[151], cooccurance neural model[84] Bengio neural[84] + Dense RCV1/RCV2[152] - CL document classification code
RCV1/RCV2[152] statistics and Multitask objective
parallel sentences
[26] Gigaword corpus MT word align- [24] Neural Dense OntoNotes,NIST08 Vector matching Phrase based MT,NER -
ments, parallel net(Translation alignment, Se-
text Equivalent objective mantic similarity
+ collobert joint[24])
Joint CL [122] Europarl V7[151] parallel sentences Skip-gram with nega- Biskip Dense WordSim353[144], Word Similarity, CL document classification code
models tive sampling RCV1/RCV2[44], Nearest Neighbor
NN dataset[112]
[123] Europarl parallel sentences Skip-gram with NS BilBOWA Dense Setup in[44], - Word translation, CL doc- code
WMT ument classification
[124] Europarl[151] parallel sentences Embeddings[153] Tran-Gram Dense RCV1/RCV2[44] WMT Word translation, CL doc- -
ument classification
[125]  Wikipedia, Gigaword cooccurrence Glove [87] Sparse bilingual vec- Sparse - - lexical entailment -
statistics tors
[126] RCV1/RCV2[44] co-occurrence Glove [87] CLC-WA, CLSim Sparse RCV1/RCV2([44] - CL document classification -
statistics/ word
alignments
[127] Europarl[151] parallel paragraph vector [86] BRAVE Dense RCV1/RCV2[44], - CL document classifica- -
sentences/topic- TED, CLSC[154] tion, multi-label classifica-
aligned/label- tion, CL sentiment classi-
aligned corpora fication
[21] Wikipedia, - - - - - GLUE tasks -
BooksCorpus[155]
[134] Universal Dependency - - - - - - POS tagging, Parsing, -
treebank [156], NER- NER, XNLI, CL NLI, and
WikiANN [157], XNLI[31], CL Question Answering
XQuAD(78]
MLM [136] MultiNLI[158], XNLI[31], - - - - - XNLI and QA -
and MultiQA[159]
[138] GePpeTto[160], - - - - GePpeTto[160], MT -
Wikipedia, Articles[161] SonaR[162]
[79] Wikipedia? - - - - - GLUE tasks -
[42] WikiAnn NER[163], Panlex® - - - - WikiNER, -
MasakhaneNER[164], MasakhaneNER, POS
Universal dependency tagging, and Parsing

treebank[165]
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With simple and sophisticated cross-lingual models discussed above, it is, therefore,
necessary to discuss how these models have been adopted in both intrinsic and extrin-
sic downstream tasks. Section 2.5 discusses cross-lingual models and their adoption in

application using a similar methodology adopted by Magueresse et al. [166].

2.4 Related Work

Research in NLP with the main focus of applying cross-lingual representations as a tool
to mitigate the issue of limited resources has gained momentum over the years. There-
fore, the need to keep track of advancements and limitations of existing methods and
universally inscribe them for future research remains inevitable, especially for those lan-
guages where there is no work available. An earlier work attempting to achieve this is
a systematic literature survey looking specifically at the trajectory of projection mod-
els used to achieve both cross-lingual and multilingual embeddings for low-resourced
settings [167]. Ruder et al. [167] dates back to 2017 when multilingual language mod-
els(MLM) or contextual language models [21], for constructing joint representations were
not in active cross-lingual embedding research. This means MLMs are not an active fea-
ture in their work. Magueresse et al. [166] on the other hand took an application-oriented
approach to review existing works utilizing projection methods to cross-lingual embed-
ding spaces. In their paper, they focused on applications such as part-of-speech tagging,
named entity recognition, morphology induction, sentiment analysis, etc, to review past
and recent work on projections and further provided insightful future directions that
can be explored to improve performance in each application domain. Contrary to our
work, their paper only discusses automatic alignment strategies used to create parallel
data and not cross-lingual models. Our work can be viewed as an extension of Ruder
et al. [167] for reviewing models that construct joint representations and Magueresse
et al. [166] on how these models have been successfully applied in practice. This chap-
ter assembles the aforementioned works and extends their arsenal with recent literature
on cross-lingual works. In addition, a taxonomy (see tables 2.3.6, 2.3.6, and 2.3.6) of
cross-lingual contribution to NLP research is highlighted.

The term “low-resourced” is a multi-faceted concept as discussed in [168]. As a
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result, many works we will be reviewing here have reduced the facets to refer to only
data scarcity. To begin placing cross-lingual models under scrutiny, it is immediately
necessary to first discuss what embeddings are and what they bring to NLPs’ playing

field. This is what the next section aims to achieve.

2.5 Cross-lingual application in the wild

In this section, we discuss the scale of cross-lingual models to downstream tasks. We
adopt a three-layered architecture for this section. First, we describe a downstream task.
This is followed by identifying a cadre of cross-lingual models that have been used to
tackle this task for low-resourced languages. Finally, we identify limitations that still
need to be addressed in the downstream task and propose future works that can help

alleviate some of these issues.

2.5.1 Cross-lingual dependency Parsing for low-resourced lan-
guages

Dependency parsing (DP) is a form of syntax parsing in which the main task is to map
words from sentences to their dependency structure [6]. Formally, given a sequence
of tokens {X = x1,29,x3,...7,} representing a sentence s € S with n words, the
task is to map each z; in X to its dependency relations x; in X following the rules
of dependency grammar. The z;, and z; in this formulation can be described as head
and dependent respectively. In Figure 2.5, we show a typical dependency structure of
an English sentence, where dependencies are represented by arrows connecting the head
word and its subordinate word. Moreover, each relation connection has a type. For
example, subject(SBJ) is the type between a noun news(dependent) and the auxiliary
verb ‘had’ is shown in Figure 2.5.

Other types include noun phrases (NP), objects (OBJ), verb phrases(VP), etc. There
are four main dependency representations: context-free dependency parsing, constraint
dependency parsing, graph-based dependency parsing, and transition-based dependency

parsing. We will not be discussing these dependency representations.
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PRED PU
ATT SBJ OBJ ATT PC
NV AN (VA
ROOT Economic news had little effect on financial markets

Figure 2.5: Dependency structure of an English sentence [6]

There has been an uneven distribution of research effort in exploring DP among NLP
languages, with high proportions of effort dedicated to English and other high-resource
languages [169, 170, 171]. For this reason, high quantities of supervised and annotated
resources such as treebanks and Universal dependency datasets aid the advancements in
research in DP for high-resourced languages. While this is encouraging, research progress
(including data collection, and model development) for other unattended languages has
witnessed a great stall. Leveling the playing field for these neglected languages proved to
be labor-intensive and time-consuming; thus, researchers resorted to CL training. The
main aim of learning cross-lingual embeddings is to preserve bilingual or multilingual
translation equivalence in the learned shared space. The resulting shared space supple-
ments the knowledge spaces of limited languages. Guo et al. [25] trained two linear-based
projection models to induce a cross-lingual space for CL dependency parsing. Their pro-
jection approaches use monolingual embeddings extracted using CBOW [1] and parallel

data.

2.5.1.1 Alignment-based projections with CL model

This approach uses the learned monolingual embedding space (S) from the source lan-
guage and then projects this space to the target space (T'). To achieve this, they first

extract an alignment dictionary A™'S = {(w],w? ¢;;),i = 1,2,..,Np;j = 1,2,.., Ns},

where ¢ is the number of times the words wiT,wf are aligned in the parallel corpora
and Ng, Nt is the vocabulary size of source and target respectively. They then used

the bilingual dictionary D to find projections using the equation below denoting the
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weighted sum of translation words, following the equation 2.26:
v(wl) = g s« v(w? 2.26
W= 3 Seetud) (226)
To account for OOV words, they implemented a morphologically-driven approach
to extract their embeddings. Specifically, they used edit distance C' to extract a list of
similar words and used the average vector of the words as a representation of OOV words

(see equation 2.27):

= Avg(,vgwl)), (2.27)

0 (Wo,)

where C' = {w|EditDist(wl, < 1)}

oov

2.5.1.2 Cross-lingual models using Canonical Correlation Analysis (CCA)

The implementation of Cross-lingual models using Canonical Correlation Analysis (CCA)
[25, 43] is to learn continuous joint representations to compare with their proposed
method. Their results demonstrate the superior performance of alignment-based projec-
tions over CCA projections. The study did not evaluate the cross-lingual embeddings
induced by their projection models to investigate the knowledge (semantic, syntactic)
ingrained in their space. Evaluating embeddings on semantic and syntactic level can
be useful in inferring which downstream task is most likely to have high-performance
gains. It is, however, worth mentioning that the study used insights from other pa-
pers to infer that their induced monolingual embeddings might be potentially useful for
syntactic-related tasks.

Lynn et al. [172] converted the Irish dependency treebank into a universal depen-
dency scheme and performed direct CL transfer parsing between Irish and ten languages
from four family groups. The transfer was possible because: 1.) parser training is delex-
icalized; and 2.) input representations are encoded using the universal POS tagset and
universal annotation scheme. Recent work in cross-lingual models is focused on large
multilingual language models [21], but in the end, better performance gain is due to
having access to monolingual data in the target language. This basically means that
performance is limited when there is little to no monolingual data available. For this
reason, it is important to mention the works in [42], where alternative strategies were pro-

posed using bilingual lexicons for adapting multilingual models. The author proposed

© University of Pretoria



&
UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA

Qe YUNIBESITHI YA PRETORIA

2.5. CROSS-LINGUAL APPLICATION IN THE WILD 45

an adaptation mechanism that uses monolingual data from the high source language
Xsource to generate pseudo monolingual text in the low resource target language Xpscudo
using paired bilingual lexicons Dgource target and adapted a BERT [21] model using the
pseudo generated data. The method observed competitive results with the state-of-the-
art (SOTA) results using dependency parsing, POS tagging, and named entity recogni-

tion.

Most works base their projections on English as the source language. For future
work, it would interesting to devise a measure of language proximity and use one or
several languages with the highest measure of proximity with the target language as
the source language(s). An interesting direction in this thought would be to use the
Wasserstein distance as proposed in [98] to measure language proximity. This argument
is also highlighted in [166].

2.5.2 Part of speech (POS) tagging

POS tagging is the task of assigning words in a given sentence to a grammatical category
- noun, verb, object, etc. POS tagging is the natural first step to many NLP applications
such as information retrieval, sentiment analyses, entity recognition, etc [173, 174]. Many
resource-rich languages such as English, and French have witnessed research attention
for POS tagging resulting in a plethora of resources for these languages. However, this
is not the case for low-resource languages. To address this, CL approaches have been
widely adopted for POS tagging in low-resourced settings. The approach taken in Kim
et al. [27] closely resembles joint objective learning, where the task is to optimize both the
monolingual objective M;, M, for languages Ly, Lo respectively, and the CL objective.
Their joint architecture for learning POS tags comprised a common Bidirectional LSTM
for learning language-agnostic representations, a private Bidirectional LSTM for learning
language-specific representations, and a softmax layer for tag prediction. The parameters

of this architecture were optimized using the following objectives:

© University of Pretoria



&
UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA

Qe YUNIBESITHI YA PRETORIA

2.5. CROSS-LINGUAL APPLICATION IN THE WILD 46

2.5.2.1 The loss function

The outputs of the common and private BiLSTM are summed and passed through the
softmax layer for prediction. The error of the resulting prediction is propagated using

the loss functions as follows (equation 2.28):

S N
= — ZZ}) jlog(pi ;) (2.28)

i=1 j=1
where S is the number of sentences in the given minibatch, N is the number of words
for the given sentence, p;; is the label of the j tag of the i sentence in the given

minibatch, and p; ; is the predicted tag.

2.5.2.2 Monolingual language modeling

Their paper used language modeling objectives to learn language-specific representation
motivated by Rei [175]. They optimized the following language model represented in
equation 2.29:
S N
=Y log(P(wjalfi) + log(P(w;1[b;)) (2.29)
i=1 j=1

where f; and b; are the j™ forward and backward output representations of the BiLSTM.

2.5.2.3 Cross-lingual training using language-adversarial models

Cross-lingual embeddngs are learned using language-adversarial training of Chen et al.
[176]. To achieve this, the output of the common BiLSTM is passed to a CNN with Max
pooling and the resulting vector representation serves as input to a language discrimina-
tor. Then, the error gradients of the language discriminator are propagated back to the
BiLSTM with opposite signs to encourage the common BiLSTM to be language-agnostic

using the following loss (see equation 2.30):

S
== lilogl; (2.30)
=1

where S is the number of sentences, [; is the language of the i'® sentence and ; is the

Softmax output of the tagging.
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The overall training optimizes the loss as follows (see equation 2.31):
L =ws(Ly,+ AL, + Ly) (2.31)

where A is a parameter that stabilized training and was set to increase from 0 to
1, and w, is a weighting mechanism to give different weights to the source and target
language.

Many tasks such as dependency parsing build on the task of POS tagging. For this
reason, gold standard resources specifically for this task are needed for ongoing research.
Therefore, emphasis should be put on collecting gold standard resources for this task for
low-resourced languages lacking them. In collecting such resources, Lignos et al. [177]

suggests extensively involving native speakers for quality assurance.

2.5.3 Text Classification: propaganda detection, topic classifi-

cation, etc

Text classification involves a model @, a pair of input and output training patterns X;,qin

= {glrain_ylrainl “and a test set Xjoor = {zl®, yl°*}, where the task is to optimise the

test
A

parameters of ® on Xy, to correctly classify unseen instances in x!**" into categories

test

or labels y;

)

train

e is a dataset of longer linguistic units such as sentences,

. Specifically, x
paragraphs, or documents and the task is to understand z!"*" through optimizing .
For example, given z! € z!"*" the goal would be to use ® to be able to learn, e.g
polarity (in the case of sentiment analysis), the overall theme of x! (in the case of topic
classification), useful content patterns (in the case of propaganda detection), etc. These
models, @, vary from classical machine learning models such as SVM, linear regression,
and Naive Bayes Models to deep learning models such as CNNs and the more popular
Transformer models [130].

Artetxe et al. [78] investigated their MonoTrans adaption approach on four text clas-
sification tasks: cross-lingual natural language inference, cross-lingual document classi-
fication, Paraphrase identification, and cross-lingual question answering. Their results
are competitive with the state-of-the-art in each task.

Niyongabo et al. [178] implement a linear CL model that relied on embeddings of

resource-rich language and mutually intelligible languages. That is, author used embed-
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dings of Kinyarwanda (high-resourced) to train a Kirudi (low-resourced) classifier using
Kirundi data. This is possible due to the two languages being highly mutually intelligi-
ble (approximately 32% coverage as indicated in their paper). They further argued the
efficacy of their embeddings on three tasks: propaganda detection, sentiment analyses,
and multiclass classification of news articles.

Robnik-Sikonja et al. [179] experimented on LASER embeddings and cross-lingual
embeddings extracted from the BERT language model and evaluated their performance
on a sentiment analysis task. Using BERT and LASER embeddings for transferring
between 13 low-resourced languages, the study observed outstanding results, advocating
the full power of multilingual BERT models on extracting hidden joint representations.
They observed great performance on languages belonging to the same family. The em-
pirical result of their study demonstrated that embeddings extracted from BERT models
are superior to other methods, however, this warrants further investigation.

Espinosa-Anke et al. [77] constructed joint representations between Welsh (low-
resourced) and English using a supervised version of VecMap with Skip-gram and Fast-
Text as monolingual embeddings and evaluated their embeddings on a sentiment analyses
task.

Learning finer-grained representations with high vocabulary overlap such as subwords
through BPE [180] has demonstrated effectiveness in NLP downstream tasks. An in-
teresting future research avenue would be to, instead of learning word embeddings and
projecting them into a joint space, rather learn sub-word embeddings and project em-
bedding spaces of sub-words into a joint space. The hope is that this space may cover
more inter-lingual similarities as opposed to word-based spaces due to high sub-word
overlap and may facilitate greater transfer performance. Finally, parallel signals such
as word-to-word or sentence-aligned are generally difficult to get and often not available
for low-resourced languages. For this reason, methods that massage this requirement
by adopting weak supervision signals such as noun-noun-equivalences should be inter-
esting research avenues [106]. However, simply adopting such shallow signals may lead
to suboptimal results. Therefore, supplementing these approaches by mechanisms that
explicitly learn the type of equivalence as well as how to exploit the equivalences may be

beneficial to the methods. For example, a weighting strategy can be adopted to police
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the contribution between common-noun-abstract-noun equivalences or common-noun-
common-noun equivalences between languages and allow higher equivalences to have

higher contributions to the learning of embeddings.

2.5.4 Word similarity (WordSim) and Simlex tasks

WordSim evaluation is an intrinsic evaluation technique that measures the similarity of
representations using cosine measure [85]. For example, given a test set of words, the task
is to project these words into the embedding space and extract similar words using cosine
measure(see [85] for a detailed description). To assert that the extracted embedding
space contains knowledge about the language, similar words must be extracted from this
process. The distribution of extracted words is visualized using the t-SNE [181] tool.
This approach can be simply extended to the cross-lingual case by projecting test words
{X = 21,29, ..x,} in language [1 into the shared embeddings space W and extracting
words in languages [2 that are neighbors of X in the shared space. The objective is to
observe if the extracted words are indeed similar to those in X. WordSim tasks are a
great resource since they allow evaluating the embedding space directly. This is more
useful for shared representations, where we are interested in understanding the content
embedded in our shared spaces.

Approximately 9 out of the 11 official South African languages, with the exception
of English and Afrikaans, are classified as low-resourced languages [168]. In this regard,
Makgatho et al. [37] investigated CL transfer learning for Sepedi, and Setswana (Niger-
Congo languages) using VecMap [78] for extracting joint representations. VecMap [78],
requires monolingual embeddings for each observed language. For that, Makgatho et al.
[37] extracted monolingual embeddings using the SG model and FastText [182] for com-
parison. They evaluated their embedding model on the Sepedi and Setswana versions of
the WordSim task by translating the WordSim dataset to Sepedi and Setswana.

Future work for Makgatho et al. [37] could include investigating different transfer
mechanisms as they used only zero-short transfer learning, evaluating their embeddings
on a downstream task, expanding their approach to the multilingual case, using multiple
language sources and investigating their impact, and perform comprehensive analyses

and comparisons with recent models (if applicable).
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2.5.5 Bilingual lexicon induction (BLI)

Bilingual lexicon induction (BLI) is a popular intrinsic evaluation task to suggest trans-
lation in word context and is predominantly used to evaluate linear-based projection
models. BLI is the task of extracting translation pairs(Xs., Xig) for source words X,
of the test corpus by projecting the source words X, in the induced shared space and
extracting neighbors of the projected words. CL models demonstrated the importance
of bilingual lexicons as an indispensable tool for extracting shared embedding spaces.
However, some languages present NLP practitioners with extreme scenarios where even
shallow bilingual lexicons are not available. To address this, Vulic and Korhonen [183]
proposed a hybrid method that first learns to induce seed bilingual lexicons using Pseudo-
CL models and uses the extracted lexicons to train a more robust cross-lingual model
for extracting shared embedding spaces. Their study deduced interesting conclusions:
1)., careful selection of lexicon pairs improves the performance of cross-lingual models,
and 2)., the size of lexicons used together with an intelligent selection of lexicon pairs

can further add performance gains.

2.5.5.1 Pseudo-CL model

Vulic and Korhonen [183] proposed a Pseudo-CL model by adopting a document-level
cross-lingual embedding space proposed in Vuli¢ and Moens [108] to extract equivalent
words from different languages in this space by projecting words from a list of BNC
words into this space and retrieving their nearest neighbors as translations. They then

used the extracted pair of lexicons as seed lexicons to train a cross-lingual model.

2.5.5.2 L2 regularizer with cross-lingual model

Vulic and Korhonen [183] implemented the L2 regularizer with a cross-lingual model by
combining it with the linear projection model proposed by Mikolov et al. [2] to translate
source vectors into the shared target embedding space. To train the projection matrix,
they used the seed lexicons extracted by the pseudo-CL model above. The goal is to
minimise the L2 least-squares objective.

Numerous methods for selecting neighbors in a manner that avoids hubness have been
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proposed and demonstrated to be effective. It would be interesting to observe future
directions that focus on solving this issue from the embedding extraction viewpoint.

That is, creating objective functions that avoid creating universal neighbor vectors.

2.5.6 Entity linking and Discovery

Entity linking, commonly known as Wikification is the task of using Wikipedia mentions
(sub-strings in text) to identify their corresponding titles (entries) in Wikipedia or other
related knowledge bases. The English language, similar to other downstream tasks, takes
a lead in research coverage for this task [184, 185, 186]. However, such efforts and the
associated groundbreaking results achieved in the aforementioned works have not been
witnessed for other available non-English languages. The availability of such tasks for
low-resourced languages opens up interesting avenues for exploration in both research
and application such as developing information retrieval systems that serve as a value-
add to these under-represented languages. Efforts towards achieving this have focused
on using cross-lingual embeddings for disambiguating entities.

Interestingly, Lu et al. [29] took a rather peculiar route to find cross-lingual rep-
resentations by using image searches/processing and multi-media techniques to find
projections from high-resourced languages to low-resourced languages and evaluated
their methods on entity linking and name tagging tasks. Similarly, Tsai and Roth
[187] adopted a CCA[43] for projecting monolingual English and X (X is set of foreign
languages) embeddings generated using the SG [1, 88] model. They evaluated these
projected CCA embeddings on an Entity linking task and their results demonstrated
promising avenues.

Cross-lingual Entity linking uses representation-similarity between mentions in a for-
eign language and titles in English as an indicator of relevant titles for a specific mention.
It would be interesting to transform the same notion of similarity into the multilingual
context where, instead of disambiguating X (foreign language)-English, we disambiguate
X-[English, Y (other languages)]. The natural advantage of this is that if the English
title is not available (which is often the case), other titles in languages can still be found
and used. Furthermore, we can use the obtained content "Y” as a source and attempt

to get the English titles using the same procedure.
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2.5.7 Grammatical Error Correction (GEC)

GEC is the task of correcting incorrectly constructed sentences following the rules of
grammar. This is interesting in the sense that, machine learning algorithms are learned
to capture the morphology of a language instead of following case-based approaches.
English is the most spoken language worldwide and has taken the lead in training GEC
models [188, 189, 190]. Available resources such as data, models, and the wider research
community have made it possible for the English language to see a rise in sophisticated
and cutting-edge technology that can auto-correct incorrect sentences with exceptional
accuracy such as Grammarly. This however is not possible for low-resourced languages
such as Isixhosa (a South African Bantu language of the Nguni tribe), Shona (Zimbab-
wean language), Yoruba a Nigerian language), and many more prior insufficient resources
including native researchers from these languages [177]. To remedy this, cross-lingual
approaches have been adopted.

Yamashita et al. [28] used pre-trained Masked Language Model (MLM) / Trans-
lation Language Model (TLM) [135] to learn cross-lingual embeddings between four
languages(English, Russian, Czech, and Japanese) and investigated its performance on
a grammar error correction (GEC) task, where their main objective was to understand
if the possibility of transferring grammatical knowledge across languages was possible.
The study observed competitive results of using cross-lingual methods compared to only
training on limited target training data. Their work curved interesting research direc-
tions for learning shareable grammatical knowledge between languages. It would be
interesting for future work to observe how the transfer of the knowledge base of the
grammar of one language is taking place and whether the rules of one language are

applied as they are or modified according to the constraints of another language.

2.5.8 Speech

The aforementioned cross-lingual methods have also gained interest in other applica-
tions that involve speech data as opposed to text data. Schuster et al. [191] remedies the
issue of limited speech data by employing cross-lingual transfer for multitask-oriented

dialogue. Their language focus was English, Spanish, and Thai, with Spanish and Thai
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being the target languages. Tu et al. [192] built an end-to-end text-to-speech model for
low-resourced languages using cross-lingual techniques and proposed a Phonetic Trans-
lation Network model that learns transformations between language pairs to create the
cross-lingual embeddings. The languages considered in this study were Mandarin, Ger-
man, and French. Continuing with this line of speech data, Das and Hasegawa-Johnson
[193] used a maximum likelihood goal to train a Gaussian mixture model (GMM)-based
hidden Markov model (HMM) to learn how to represent phonemes across languages.
The inclusion of speech-related works in this study was only to advocate the widespread
use of cross-lingual transfer as a tool to mitigate limitations of data scarcity, availability,
and quality. Thus, we were unable to investigate the speech data or models used to make
bonded embedding spaces in this work. Instead, we talked about how to cross-reference
joint embeddings in any situation based on the findings of these elicited works that share

common ground. These are in the form of the following conclusions:

o Transferring models between languages of the same family can produce positive
results [194], [195].

o The size of the pretraining corpus of the target language affects transfer perfor-

mance.

« Embeddings (e.g. monolingual or cross-lingual) are generally better than baseline

representations such as BOW, TF-IDF, etc for learning representations.

Despite the fact that these cross-lingual models were developed over 20 years ago,
there has been insufficient theoretical and practical research in the NLP space of South

African low-resource languages.

2.6 Conclusion

Cross-lingual projection models provide an easy and more computationally efficient al-
ternative to other resource-collection methods such as machine translation for learning
shared embedding spaces between languages. As such, these models play a vital role

in facilitating progress in research and application for resource-unfortunate languages.
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Furthermore, these models can serve as a basis for understanding how these under-
represented languages function in isolation or in combination with other languages( ei-
ther rich or poor). For these reasons and more, the evidence asserts that for researchers
beginning research in this direction for their own endangered languages, to start with
pioneer methods such as the ones proposed in [2, 43, 196] as demonstrated in this pa-
per before adopting costly methods such as BERT [21] so that they can build up some
level of understanding on their respective languages. Moreover, the Gromov-Wasserstein
distance measure [101] could be a useful asset in solving the transfer language choice
commonly mentioned in cross-lingual research. It would be interesting to observe what
the future holds for these approaches as they are being slowly but effectively overwritten

by large multilingual transformer models.

2.7 Summary

This chapter conducts a comprehensive survey of the evolution of cross-lingual models
and their prevalence in application. To achieve this, we broke down the long history
of NLP research that integrates cross-lingual models into tractable 6 tiers involving the
introduction of language models, the discussion on monolingual embeddings, the coining
of cross-lingual models, related works, and finally, the adoption of cross-lingual models

in downstream application.

2.7.1 Introduction

Section 2.1 of this chapter provides a brief introduction to NLP and the trajectory of
novelty in language processing. This is supported by strategically selected nomenclature

that plays an integral protagonism role in the storyline.

2.7.2 Monolingual embeddings

Section 2.2 on the other hand discusses a revolutionary era of continuous representa-
tion of words as language models, referred to as monolingual word embeddings. In

this section, we discussed how monolingual embeddings differ from their previous lan-
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guage model counterparts in terms of language representation, processing implications,
and downstream task learning. Furthermore, we also hinted at how these monolingual

embeddings played a role in the establishment of cross-lingual models.

2.7.3 Coining of cross-lingual embeddings

This section provided an in-depth dive into cross-lingual models and discusses their math-
ematical formation, major drawbacks, and their mathematical implication for projecting
representations to another space (see Subsection 2.3). Lastly, we created a taxonomy
that groups cross-lingual models based on their characteristics such as resources used,
training setup, end-representations of the models, evaluation metrics used, datasets, and

downstream tasks addressed, etc (see Subsection 2.3.6).

2.7.4 Related works

Section 2.4 highlights similar works that provided captivating discussions on the forma-

tion of cross-lingual works and how our work added to this arsenal.

2.7.5 Cross-lingual models and application in downstream tasks

Section 2.5 discusses the application of cross-lingual models in various tasks such as
POS, NER, GER, and Word Similarity. This literature provides evidence of the ef-
ficacy of cross-lingual models in extending the application of language technologies in
low-resourced languages using cheap resources (e.g. bilingual lexicons), fewer expertise

requirements, and less computing power.

2.7.6 Concluding remarks

Sections 2.6 provide the concluding remarks regarding the relevance of cross-lingual
models in the NLP domain of Al
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Chapter 3

Zero-shot Transfer Learning Using Affix and Correlated Cross-lingual
Embeddings

This chapter investigates two cross-lingual projection models: Canonical correlation
analyses (CCA) [43] and VecMap [48] for creating cross-lingual embeddings and pro-
vides experimental analyses on four South African languages, namely, Sepedi, Sesotho,
Setswana, and IsiXhosa. The experimental models use English as a high-resource lan-
guage, thus all the projections use English as the source language. From the generated
cross-lingual embeddings we shared insights by showing intrinsic evaluations of the em-
beddings using cosine similarities. Furthermore, we shared extrinsic evaluation insights
on News headlines classification downstream task and Named Entity Recognition evalu-
ation task. Interestingly, the overall study showed improved performance when training
with cross-lingual embeddings compared to monolingual embeddings. Moreover, CCA
performed better in all evaluation tasks compared to the popular VecMap model. The
machine learning and deep learning models explored in this chapter included both single
and hybrid combinations of Conditional Random Fields, Logistic Regression, XgBoost,
Long Short Term Memory, Gated Recurrent Neural Networks, and Attention mecha-
nisms. Although cross-lingual aided training showed empirical evidence of improved
transfer performance, however, the significant and thought-provoking question — “Which
properties, and characteristics are shared between languages, which aided to improved

performance ?” remains unanswered and an open question.

56
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3.1 Introduction

South African languages are not included in impactful and active NLP research. This is
primarily due to the lack of digital data, standardised and annotated datasets, expertise
focusing exclusively on local languages, and computing resources. As such, many of the
South African languages can be categorized as left-behind or scrapping based on the
system of classification outlined in [168]. As a result, most South African languages are
classified as low-resource languages, and cross-lingual models are the strategies developed
to remedy low-resource languages by leveraging resources from high-resource languages.
These cross-lingual models aim to improve NLP research for underrepresented languages
by transferring knowledge and resources from more widely studied languages. This
approach helps bridge the gap between low-resource and high-resource languages in the
field of natural language processing.

Cross-lingual models as exhaustively described in the previous chapter (Chapter 2)
involve learning intra-semantic and inter-translation equivalent representations of words
from two or more languages by projecting the embeddings space of one language into
another or mapping both monolingual embeddings into a shared embedding space. That
is, creating an entangled space where vector representations of similar words within
a language preserve language properties (e.g semantics, syntax, temporal dependencies)
and vector representations of translation pairs between observed languages are entangled
(i.e. are trained to be similar) [2, 5, 26, 48, 106]. The application of these cross-lingual
models has shown eminence in low-resourced downstream tasks such as information
retrieval [197], entity linking [187], text mining [198], and natural language inference
[199]. However, with over 2 decades of active NLP research of cross-lingual models,
South African languages are the only visitors of this history of impactful research and
application. Additionally, major drawbacks commonly raised in cross-lingual research
such as that these models are often evaluated on language pairs where there are either
available parallel and comparable corpora, availability of supervision signals such as
bilingual lexicons, translation tools such as Google translate, and/or large enough raw
non-aligned text corpus are not extensively investigated and contextualized for South

African languages [95]. This means, still, languages with extreme scenarios unable to
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meet these prerequisites such as South African languages continue to remain unalleviated
from the threat of exclusion from language technology development progress.

From the aforementioned low-resourced standpoint of South African languages, there
is a need to conduct thorough experiments using cross-lingual models. For this, we inves-
tigated two linear projection (see Chapter 2) techniques, namely, Canonical correlation
analyses and VecMap for entangling monolingual embeddings spaces between four ag-
glutinative South African languages — Sepedi, Sesotho, Setswana, and IsiXhosa. We
considered English as the source language in all experiments. To evaluate the generated
entangled spaces, we considered intrinsic and extrinsic approaches. The instinct eval-
uation we explored included cosine similarity measures of cross-lingual embeddings. A
higher cosine similarity score between the observed vector representation of a word wl?
from language L; and a word wf? from language Ly, where w!! and wf? are translation
pairs, means the projection technique used was able to pull similar word closer together.
Simultaneously, a lower score is expected for words that are not translation pairs. In-
trinsic evaluation primarily extracts insights on the robustness and capability of the
projection technique in creating entangled representations. Extrinsic evaluation studies
considered included training classification models for two tasks, namely, News headlines
classification and Named entity recognition. The objective is to observe if there are any
variations from training with monolingual embeddings and cross-lingual embeddings.
Better performance on cross-lingual embeddings would imply that the observed cross-
lingual embeddings contain properties useful for training classifiers compared to their
monolingual counterparts. In hindsight of this, it then means cross-lingual models can
support low-resourced settings of the observed under-resourced languages. The unique

contribution of this study to the cross-lingual and overall NLP community is three-fold:

1. The development and evaluation of entangled embedding spaces for Southern

African languages: Sepedi, Sesotho, Setswana, and IsiXhosa.

2. We introduced a pre-training dataset for the 4 South African languages: we col-
lected raw datasets from different open-sources for pre-training with the cross-

lingual embedding model.

3. We presented a thorough experimental evaluation and comparison of the tradi-
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tional machine learning models (Logistic Regression, XgBoost, and CRF) and deep
learning models (LSTM, GRU, and Attention) on monolingual and cross-lingual

representations.

3.2 Literature Review

The intervention curved by cross-lingual models championed recent progress in many
NLP downstream tasks such as Part of Speech tagging, Named entity recognition, Doc-
ument classification, sentiment analyses, etc, for low-resourced languages [94, 106, 200,
201]. These cross-lingual models proposed the novelty of exploiting vector representa-
tions learned with suitable conditions to supplement representations learned with in-
sufficient resources. That is, vector representations such as GloVe [87], FastText [182],
Word2Vec [83] from the English language, learned with millions of tokens (i.e. with
considerable quantitative and qualitative resources) can be entangled with representa-
tions learned for a low resourced language (Urdu [202]) for knowledge transfer. The
intuition is, with enough resources, we can effectively learn useful language properties
such as semantics, word relations, e.t.c from a high-resourced language as demonstrated
by many downstream tasks and transfer (using projection techniques) these properties
to embedding spaces where there are not enough resources for training to capture them.

A continuum of works including low-resourced languages in active and impactful NLP
research using cross-lingual models emerged as a consequence. For example, Rehman
et al. [202] investigated Orthomap, VecMap supervised and unsupervised for projecting
representations of English and the low-resourced language Urdu into the same cross-
lingual embedding space. Their study extrinsically evaluated their entangled represen-
tations using topic classification, propaganda identification, and sentiment analyses and
came to the conclusion that increased token coverage aided in optimized transfer perfor-
mance. However, their study did not intrinsically evaluate their proposed cross-lingual
embeddings.

Makgatho et al. [37] used an unsupervised VecMap projection model to create cross-
lingual embeddings between Sepedi and Setswana and validated their performance on

Word Similarity tasks. However, their work did not investigate extrinsic downstream
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tasks and only covered 2 (out of 11) official South African languages. Niyongabo
et al. [178] investigated two mutually intelligible languages, namely, Kinyarwanda, and
Kirundi for creating cross-lingual embeddings and evaluating them on multi-class news
classification. Ngomane et al. [38], created cross-lingual embeddings using VecMap be-
tween English and Isizulu for news headlines classification. Notably, their work only
considered 1 of the 11 official languages, and no intrinsic evaluation was performed on
the proposed embeddings.

Recently, sophisticated architectures such as mBERT [21] and XMLR [32] in the
cross-lingual regime with implicit entanglements, are more prominent. For example,
[28] used pre-trained masked language models to create implicit cross-lingual represen-
tations and evaluated them on Grammatical Error Correction (GER). Robnik-Sikonja
et al. [179], performed a systematic comparison of sentence-based cross-lingual embed-
dings (Language-Agnostic sentence representations [120]) with embeddings extracted
from BERT on sentiment analyses. Lauscher et al. [134], investigated cross-lingual
embeddings for closely related languages and concluded by highlighting a correlation
between transfer performance and language intelligibility. Nooralahzadeh et al. [136],
supplemented pre-trained models with meta-learning and arrived to the same conclu-
sion as Lauscher et al. [134]. Myoya et al. [39] contrasted the recently accepted mul-
tilingual models (AfriBerta, AfroXmlr, and AfroLM) for news classification. However,
just one South African language (IsiZulu) is addressed in the study. Ifeoluwa Adelani
et al. [13], Muhammad et al. [36] and the recent Dione et al. [14] works considered only
three South African languages, namely, IsiXhosa, IsiZulu, and Setswana on NER, Senti-
ment Analyses, and POS downstream tasks respectively, using pre-trained multilingual
models. Just recently, Lastrucci et al. [40], created a multilingual corpus covering all
South African languages and benchmarked their dataset through MT using a multilin-
gual M2M100 model. However, their crawled dataset may be susceptible to limitations
imposed by their domain-specificity. Regardless, such anticipations remain open re-
search questions. Clearly, more work needs to be done for South African low-resourced
languages with varying states of low-resourcedness. Additionally, a comparative analysis
of available projection techniques on South African languages proves to be important as

1) most works consider one projection technique, and 2) most available works do not
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evaluate both intrinsically and extrinsically for more informative insights on the transfer
performance. To partially address these concerns, in this study, we explore two projec-
tion techniques: CCA, and VecMap for creating entangled representations for four South
African languages: Sepedi, Sesotho, Setswana, and IsiXhosa, with English as the source
language. Additionally, we evaluate both intrinsically( using cosine similarities) and
extrinsically (using NHC and NER), the resulting cross-lingual embeddings. A detailed

description of our approach is given in the following Methodology section below.

3.3 Methodology

Figure 3.1 describes the end-to-end approach adopted in this study for creating and
evaluating cross-lingual embeddings. The initial step includes collecting monolingual
data for the four considered languages resulting in a monolingual repository of size 742.7
MB (details of source described in table 3.1). The data collection step is followed by a
preprocessing step that utilizes language identification using bi-gram models. This step
is proceeded by the creation of monolingual embeddings using the FastText API. These
monolingual embeddings are then used to create cross-lingual embeddings using CCA or
VecMap projection techniques. And finally, the evaluation of cross-lingual embeddings
using News Headlines Classification and Named Entity Recognition downstream task

concludes the methodology.

3.3.1 Data Collection

Table 3.1, describes the data collected and sources for four languages: Sepedi, Sesotho,
Setswana, and IsiXhosa. This study only considered these 4 languages because the work
aimed to build on the work of [37], and also these datasets were the only dataset we had
access to or could curate online. Our collection pipeline does not include any ethical
considerations or declarations as the datasets used in this study are from publicly avail-
able resources such as news websites or government repositories. The next, subsection

3.3.2 details the preprocessing steps taken for data sanitation.

https://drive.google.com/drive/folders/1jYwpxEdRxqX1B7BSmE6JxDar61U91xf T
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Figure 3.1: End-to-end approach for creating and evaluating cross-lingual embeddings

Table 3.1: This table shows dataset sources used for developing monolingual embeddings.

The total number of sentences is shown for each corpora.

Sources IsiXhosa Sepedi Sesotho Setswana
African webcrawl datasets [203] v’ X X X
government proceedings1 \/ \/ \/ \/
WMT2022 [204] v’ v’ X v’
NCHLT [205] v’ v’ v’ v’
Common Crawl 100(CC100) [206, 206] X X X v’
MC4 [207] v’ X v’ X
Opus [208] v’ X X X
Xtreme [209] v’ X X X
Sotho Webcrawl 2015, 2017, 2018 [210] X X v’ X
Sepedi community 2017 , 2018, 2020, and 2021 [210] X \/ X X
Flores [211] X v’ v’ X
Total 1.9m 693k 1.5m 1.06m

3.3.2 Primitive Language Identification

Manual inspections of the collected dataset demonstrated that datasets coming from
sources such as WMT2022, MC4, etc. contained foreign tokens within sentences. To
remedy this, we used preliminary bi-gram models trained with the NCHLT dataset for
language identification. The NCHLT dataset is a trusted source and we used it to develop

two bi-gram models: Sepedi bi-gram and IsiXhosa bi-gram model. The Sepedi bi-gram
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model is used to filter Sepedi, Sesotho, and Setswana as these languages are mutually
intelligible languages and belong to the same language group. And, IsiXhosa bi-gram
model was used to filter the IsiXhosa corpus. In total, we remained with approximately
83K sentences for Setswana, 102K sentences for IsiXhosa, 60K for Sepedi, and 126K
for Sesotho. The next subsection 3.3.3 explains how this corpus was used to generate
continuous representations of words for each language using the FastText[182] model

that exploits subwords for creating continuous representations.

3.3.3 Generating Monolingual Embeddings

Our experiments explored FastText embeddings of dimension d={200,300}. That is, our
monolingual embeddings were created using the FaceBook FastText model [182] with
parameters: the minimum and maximum character n-gram set to 2 and 5 respectively, the
model was set to iterate through examples 10 times (epoch=10, chosen due to resource
constraints - where manual inspection showed improved word similarity search as epochs
are increased, whereas, iterations closer to 10 increased training time), and the remaining
parameters were set to default. These parameter choices were set for all four languages.
This study used English as the pivot or source language. As such, we did not have
to train English monolingual embeddings from scratch, rather, we used available and
popular embeddings such as Glove [87], and FastText Wikipedia embeddings [212]. The
next subsection 3.3.4 discusses how these monolingual embeddings are projected into the

same embeddings spaces.

3.3.4 Generating Entangled Embeddings

To create entangled representations with intra-semantic and inter-translation equiva-
lences properties intact, we used VecMap and Canonical correlation analyses projection
models. VecMap and CCA are explained in detail in Chapter 2, Subsection 2.3.1. For ex-
tracting representations with CCA, we used default parameters as suggested in Faruqui
and Dyer [43]. Additionally, CCA requires some form of supervision signals, in this
case, bilingual lexicons, and therefore we used lexicon pairs provided in [37] from their

Simlex Tasks. IsiXhosa was not included in the study conducted by [37], and therefore
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we had to collect our own lexicon pairs from official government websites?. VecMap on
the other hand used semi-supervised training, self-learning, vector normalization set to
{unit, centeremb center} to create the entangled space between English and the individ-
ual four languages. Semi-supervised training of VecMap utilized the same lexicon pairs
as CCA. Collectively, we generated a total of 24 cross-lingual embedding sets (i.e. 6 for
each language).

Only Setswana extracted cross-lingual embedding from CCA and VecMap are used to
perform zero short transfer learning on the task of NHC due to NHC being available for
Setswana only and other embeddings are used to train a NER model from scratch for the
task of NER. The cross-embeddings are further compared with monolingual embeddings
(as baselines) on the task of NER.

3.4 Intrinsic and Extrinsic Evaluation on Downstream

Tasks

This section discusses the models, model parameters, evaluation metrics, and the use or
non-use of annotated data for downstream stream tasks. We discuss, NHC downstream
task and NER downstream task.

3.4.1 NHC Model

The considered task for this section is a classification task proposed by Marivate et al.
[213] as a proof of concept that considers using a model to render the category of
news headline extracted from a news article of a low-resourced language. That is,
the task is to attribute a news headline NH!" to belonging to one of the classes C' =
{politics, entertainment, sport, art — and — culture, e.t.c}. To evaluate cross-lingual em-
beddings, our study considered zero-shot transfer learning. Zero-shot transfer learning
is a machine learning technique where a model is trained in one domain and it is used
directly as is (i.e. without further training or adaption) in another domain. In our

case, we trained a cohort of models (Logistic regression, XGBoost, Feed-Forward Neural

2za-natural-science-and-technology-term-list
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Netowork) on the English data (BBCA ?) and performed zero-shot on all of them on
the Setswana NHC datasets [213]. Our study model is a Feed-forward Neural Network
(FFNN) model with parameters selected using keras-tuner API*). The final set of hyper-
parameters is reported in Table 3.2. Table 3.3 shows the constraints imposed on the
search space for optimal parameters for NHC. All other parameters such as the training

epochs and batch size, were set to 120 and 64 respectively based on cross-validation.

Table 3.2: Hyper-parameters for NHC Model.

Embeddings Model spatial dropout Hidden layer size dropout rate learning rate
CCA 300 FFNN 0.1 16 0.5 0.0001
VecMap 300 FFNN 0.3 12 0.1 0.01

Table 3.3: Searching optimal parameters for NHC.

Parameter Restriction

Spartial dropout sp dr € [0.1, 0.5]

Number of hidden layers 1

Number of neurons n € [8, 16]

Dropout rate dr € [0.1,0.5]

Learning rate Ir € { 0.01, 0.001, 0.0001 }
maximum trials 5

Optimizer Adam optimizer

Loss Categorical cross-entropy

3.4.1.1 Zero-shot Transfer Learning

The BBCA English dataset was used as the training dataset and was sourced from
Kaggle. This dataset contains over 17M tokens with sentences categorized into 5 classes
(see Figure 2a for distribution of classes). For preprocessing the BBC dataset we removed
URLs and punctuations using the python regular expressions module. For stemming and
lemmatization, we used the python NLTK toolkit. For testing, we used the Setswana
NHC dataset from Marivate et al. [213]. This dataset was preprocessed in the same
manner as the training BBCA dataset. From the original dataset from Marivate et al.

[213], we adapted it to match the training BBCA dataset for ease of inference (see Figure

3kaggle bee dataset

4kerastuner
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3.2). The acronyms in Figure 3.2 are denoted as SPT = Sport, BNS = Business, PTS =
Polotics, ETT = Entertainment, TCH = Technology, ECY = Economy, FNE = Finance,
ART = Art, CTE = Culture, MDA = Media, and SCE = Science.

Category distribution Category distribution
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v
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Categories Categorles
(a) Distribution of classes on BBC datasets (b) Dataset after class reduction [213]

Figure 3.2: Category distribution of Engish(left) and Setswana(right).

3.4.1.2 NHC Model Evaluation

We will evaluate our NHC model on the Setswana dataset from Marivate et al. [213],
as our test data, using accuracy(the number of correctly classified classes over a total

number of examples) and weighted F1-score for a fair comparison with [213].

3.4.2 NER Model

In this section, we discuss a variety of encoder models for learning latent representation
useful for downstream tasks. The encoders include classical deep learning models such
as Bi-directional Long Short Term Memory (BLSTM), Gated Recurrent Units (GRU),
and Attention mechanisms, and traditional machine learning models such as Conditional
Random Field. Additionally, various combinations of these models are explored. All the
hyper-parameter choices of the models were selected using Keras-tuner hyper-parameter

search algorithm. Hyper-parameters for all models are reported in Table 3.4. This
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table highlights all the optimal parameters found using monolingual training. The exact
parameter setting was used to train models with cross-lingual embeddings for fair and
direct comparison.Similalarly, the CRF model was trained with monolingual embeddings
and the same model with initialised with the same parameters is trained with cross-
lingual embeddings [214]. Following Adelani et al. [164], ADAMW [215] was used as the
training optimizer, and due to limited training examples, we trained using k-fold cross-
validation with k-10. As a baseline of CRF, we also investigated Feature Engineering
(FE) as input to CRF. These features include subwords, word length, stemming, the
beginning of sentence identifiers, end of sentence identifiers (EOS) e.c.t. We report the
results of our models in the NER results in section 3.5. The following section discusses

the train and test data distribution.

Table 3.4: Hyper-parameters for NEC? [9]

Embeddings sp dr Model Units FFNN Ir weight decay dr
0.2 BiLSTM+ Attention 150 352 0.01 0.0001 0.1
Setswana FastText 300 0.2 BiGRU + Attention 125 64 0.01 0.001 0.1
0.1 BiLSTM+BiGRU-+Attention 25 32 0.01 0.01 0.1
0.5 BiLSTM+ Attention 100 224 0.01 0.001 0.4
IsiXhosa FastText 300 0.5 BiGRU + Attention 100 128 0.01 0.001 0.4

0.3 BiLSTM+BiGRU-+Attention 50 224 0.01 0.001 0.3

¢ Named Entity Classifiers

3.4.2.1 NER with Training and Test Dataset

MasakhaNER2.0 is the most recent and standardized Named Entity Recognition dataset. NER is a
text classification task that involves grounding tokens or phrases within a sentence based on the entity
they belong to, such as a person, organization, location, e.t.c. From this dataset, we extracted the
IsiXhosa and Setswana datasets as they are the only two datasets available for embeddings considered
in this study. The Setswana data is divided into 3489, 499, and 996 training, development, and test
data respectively. There are 9148, 2812, and 3489 unique tokens in the training, development, and
testing data respectively. Similarly, the IsiXhosa data is divided into 5718, 817, and 1633 training,
development, and testing data respectively. The training, and development data contains 26221, and
6223 unique tokens. Figure 3.3 shows the sentence-length distributions of the languages: Sestwana (left)

and IsiXhosa (right). The next section discussed the evaluation metric for NER dataset.
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Figure 3.3: Distribution of words and sentences for NER datasets.

3.4.2.2 NER Model Evaluation

Our NER models will be evaluated using Precision, Recall, and Fl-scores on the train, as well as
the test data following Adelani et al. [164]. The next section discusses the results of training the
aforementioned models with monolingual and cross-lingual embeddings as well as zero-shot transfer

learning. Additionally, we provide results on the intrinsic evaluation results of cross-lingual embeddings.

3.5 Results

This section discusses the main results collected from NHC and NER downstream tasks using monolin-
gual and cross-lingual embeddings. This is presented in two-fold. The first subsection discusses zero-shot
transfer learning results for NHC task. The second subsection presents results for NER downstream

task.

3.5.1 NHC model results

In this subsection, we discuss the main results obtained for each projection technique: CCA and VecMap.

3.5.1.1 Results and Analyses for CCA Embedding

The main results obtained using CCA entangled embeddings are reported in Table 3.5. From this,
we observe that using the best hyper-parameters obtained using keras-tuner (see Table 3.2) the highest

average accuracy achieved for zero-shot transfer is 54.5% from CCA embeddings of dimension d = {300}.
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These embeddings were obtained from GloVe pre-trained English monolingual embeddings and FastText
Setswana monolingual embeddings. The remaining two cross-lingual embeddings between English and
Setswana yielded poor results (see figure 3.4), which shows the FFNN accuracy using CCA cross-lingual
embeddings of 200 dimensions created with Glove and FastText monolingual embeddings (CCA300 G
& F), 200 dimensions created with Glove and FastText monolingual embeddings (CCA 200G & F),
and 300 dimensions created with FastText and FassText monolingual embeddings. Figure 3.5 presents
a confusion matrix of these high-performing CCA embeddings as a means of additional analyses on
their performance. We observed that the majority of the models’ incorrect predictions happened for
class “Science and technology”, class “Sport”, and class “arts, culture, entertainment and Media”. This
means the models were unable to learn robust representations given the low number of examples used
for training with the BBC dataset. We hypothesize that this performance can then be attributed to the
small training data as well as partly class imbalance of the training and test datasets. Class “art, culture,
entertainment, and media” ’spoor prediction on the other hand can be argued to be caused by poor
representation inclusion. This is because, in the training data, the associated class (“entertainment”)
only includes entertainment content, while in the test data, we have other content coming from arts,
culture, and media. For this, the two contained varying contents (See Figure 3.6 of side-by-side word
plots of the two classes from the two datasets). As shown in Figure 3.6, the left-hand side (LHS)
represents the word cloud of all train sentences with “Entertainment” as a label from the English
datasets, while the right-hand side (RHS) represents the word cloud of all train sentences with “Art,
culture, entertainment, and media” as a label from the Setswana dataset. Figure 3.6 shows that the
entertainment content in our available English dataset differs significantly from that in our Setswana
dataset, negatively influencing our transfer performance. This exemplifies the “comparable corpora”
issue we mentioned earlier in the introduction (Section 3.1). However, these observations need further
investigations with better conditions (e.g data, models, etc). Regardless, the model was able to perform
at an average accuracy of over 54% from the available classes in the test dataset. This is promising and
impressive given the nature of the task, the limited resources used in this work, and the mere simplicity
of our model.

Comparatively, our model (i.e., FeedForward Neural Network) was able to perform comparably well
to results obtained in Marivate et al. [213] in terms of weighted Fl-score (see Figure 3.5). Figure 3.5
shows the prediction accuracy of the zero-shot models trained with CCA and VecMap embeddings on
the NHC dataset. Both figures suggest that the models are more effective at transferring political data
than other categories. This requires further investigation into why this is the case. Our advantage is that
our model has not been trained on the target dataset and is still competitive with the benchmark. For
this, we believe that with better training conditions (e.g., more bilingual lexicons, a robust cross-lingual
model, aligned train and test datasets, etc.), there is room to surpass the performance of traditional

ML models on downstream tasks with transfer models aided by cross-lingual embeddings.
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Figure 3.4: FFNN accuracy using CCA cross-lingual embeddings.

3.5.1.2 Results and Analyses for VecMap Embeddings

Similar to CCA cross-lingual embeddings, the final hyper-parameters for the VecMap model are reported
in Table 3.2. With entangled representations created using VecMap, the average accuracy achieved on
the NHC zero-shot transfer was 54.48%. The reported accuracy was achieved using entangled em-
beddings of dimension d = {300}, normalization set to {unit, centeremb, center} in that order. These
entangled representations were created from Glove English monolingual embeddings and Setswana Fast-
Text monolingual embeddings. The remaining 200d (from Glove and FastText) and 300d (from Glove
and FastText) produced unsatisfactory results for all experimented parameters and were left out for
the remainder of this study. Additional inspection of predictions using the high-performing embedding
space shows similar trends as the CCA embeddings: 1) comparable corpora affected model prediction
capacity; 2) more training data is needed for better representation learning (see Figure 3.5b), etc. How-
ever, VecMap-borne representation did not learn a representative input feature space since the model
obtained with them was overfitting to one category of the available classes: politics.

Our zero-shot results indicate that the CCA projection technique is able to project representations
of English and Setswana robustly compared to the VecMap projection technique. In support of this, we
explored the intrinsic evaluation of the projected representation using cosine similarity scores. That is
For this, we explore a few visualizations of the best cross-lingual embeddings. We observe that CCA
was able to extract representations that are more similar compared to VecMap, which then may have
contributed positively to transfer performance (see Figure 3.7) illustrating the cosine similarity between
English and Setswana words from the best performing VecMap (Figure 3.7a) and CCA (Figure 3.7b)
embeddings. Figure 3.7) clearly shows the cosine similarity of words projected into the same cross-

lingual embedding space. Nine words from Setswana and their corresponding English translations were
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Figure 3.5: Confusion matrices for CCA and VecMap using zero-short test data from

Setswana.

randomly selected, and their embeddings were retrieved from VecMap and CCA embedding spaces. The
cosine similarity of the retrieved embeddings is measured and plotted in the matrix above for VecMap
and CCA embeddings. Clearly, CCA produces more similar representations (seen by high scores on the
diagonals of the matrices), which may have contributed positively to transfer performance. Furthermore,
the confusion matrices (Figure 3.5) indicate that CCA embeddings can generalize better compared to
VecMap embeddings. This, however, needs further analysis and is left for future work with favorable

conditions. In the next subsection, we discuss our findings on the NER downstream task.

3.5.2 Results and Analyses on the NER Model

This section presents NER results for monolingual and cross-lingual embeddings using deep learning and
machine learning models - LSTM, GRU, Attention, and CRF. For Setswana NER, we only considered
best-performing cross-lingual embeddings in section 3.4.1.2 (see Figure 3.5a and 3.5b). That is, our
experiments are based on the entangled representation of dimension d = {300} projected using CCA
technique from Glove English monolingual and Setswana monolingual embeddings. For IsiXhosa NER,
we investigated entangled representations of the same dimension created using the same projection
technique. Setswana and IsiXhosa monolinguals serve as our baseline models and are compared with
their cross-lingual counterparts. Table 3.6, presents the main NER results of this study using precision
(P), recall (R) and Fl-score (F1) as the evalution matrics. Our experimental results show that training

with cross-lingual embeddings consistently performs better compared to their monolingual counterpart.
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Table 3.5: Zero-shot models were trained on the NHC dataset with CCA and VecMap em-
beddings.

Embeddings Model Accuracy Fl-score (weighted)
Marivate et al. [213] XGBoost/LR - + 60%
FEFNN 54.5% 46.05%
CCA 300 XGBoost 54.08% 38%
LR 54.73% 39%
FEFNN 54.48 38.42
VecMap 300 XGBoost - -
LR 54.47% 38 %

This means, the CCA project technique shares properties between the languages that are useful for the
NER downstream task. Our best-performing machine learning model is the CRF model with an average
Fl-score, precision, and recall of 96.3%, 96.6%, and 96.4 respectively for Setswana. With CRF models,
we observed an increase in performance when using cross-lingual embeddings and better performance
gains when using both feature engineering and cross-lingual embeddings compared to other feature
representations (e.g., only FE or FE + monolingual embeddings). For this, we observed an improvement
of 0.35%, 0.36%, and 0.44% on precision, recall , and F1-score respectively on average compared to other
models. The best CRF model used FE combined with cross-lingual embeddings (see Table 3.6). We
observe contradicting results on IsiXhosa experiments. That is, while the SKlearn CRF with FE and
monolingual embeddings showed the best performance, the cross-lingual embeddings with FE were on
par with the best model.

For other latent representation learning models such as GRU, BiLSTM, and Attention, cross-lingual
embeddings either out-perform or are on par with monolingual embeddings in terms of precision, recall
and Fl-score gains (see Table 3.6). Our stacked GRU with Attention temporal representation learning
model is our second best-performing model achieving 83%, 64%, and 72% on precision, recall, and
Fl-scores respectively for Setswana. For IsiXhosa, the performance in terms of recall, precision, and
Fl-score of BiLSTM and BiGRU were on par. TF in Table 3.6 below indicate transfer learning with
Few-shot learning. Few-short learning differs from the explained zero-shot learning in that, before
testing in a new domain, a few examples are used to adapt the transfer model. Intuitively, this is
supposed to have better performance. TF model in Table 3.6 is trained on English NER data from [164]
using cross-lingual embeddings and transferring the trained model to target (Setswana and IsiXhosa)
test data. The NER development data in [164] was used as the few-shot examples. We fine-tuned the
parent model for 10 epochs. As expected, TF obtained better results compared to zero-shot transfers
on the test data with the results for Setswana and we only report Few-shot results as zero-shot results
are extremely low. Even though our results are not state-of-the-art, they still show that cross-lingual
embeddings consistently add value to a variety of language encoders for NER downstream tasks. This
means the same results could possibly be observed in other low-resourced downstream tasks such as

POS tagging or related sequence labeling tasks.
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Figure 3.6: Word Clouds on Setswana dataset.

3.5.3 Conclusion

We collected and primitively cleaned datasets using Bi-gram LID for four under-resourced languages of
South Africa: Setswana, Sesotho, Sepedi, and Isixhosa. Additionally, we created and evaluated both
monolingual and cross-lingual embeddings for these languages on two downstream tasks: News Head-
lines Classification (zero-shot evaluation) and Named Entity Recognition (traditional train, validate,
and test pipeline evaluation). For zero-shot NHC, cross-lingual embeddings created using CCA out-
performed embedding created using VecMap evaluated using accuracy. We believe a further increase
in zero-short performance can be realized by increasing bilingual lexicons used as signals for pooling
languages together, which is cheaper to collect as opposed to other language signals or resources. This
capability has great potential because classification, prediction, recommendation, and translation mod-
els can be created for low-resourced languages without training data as this is currently an albatross of
NLP progress. The NER models also show promising results for entity recognition using cross-lingual
embeddings. This advocates the use of supplemented embeddings in scenarios where training data is
available and asserts the need to explore and investigate cross-lingual embeddings as a tool to support

language learning.

3.5.4 Future Works

Future prospects that may lead to a potential increase in performance gains for extracting better mor-
phologically supplemented embedding space include increasing bilingual lexicons used as signals for
embedding projection. Increasing raw data and using more robust language identification models for
filtering unclean tokens can also aid better performance for future works. Cleaning data at the token
level and increasing the English or source training data to learn more robust models is another per-

spective for future work. A deeper analysis of transfer learning amongst all South African languages
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(a) VecMap embeddings cosine similarities. (b) CCA embeddings cosine similarities.
Figure 3.7: VecMap and CCA embedding on Setswana dataset.

and their language families to capitalize on their relatedness can also improve future works. Developing
inter-language-specific projection models leveraging on known relatedness between languages can also
aid better performance for future works. Lastly, comparing and contrasting different traditional models
with modern machine learning classification algorithms(e.g. deep neural nets) for zero-shot transfer on
multiple downstream tasks can be useful to uncover baselines and insights for processing these South
African languages. Additionally, it would be interesting to observe to what limit can these embedding
projection methods supplement languages with respect to morphology and how this is scalable to other
tasks such as machine translation, sentiment analyses, etc. Furthermore, it would be interesting to com-
pare cross-lingual models with large multilingual models and gain an understanding of what advantages
can be accumulated from each of the two modes of learning joint representations and for which task of

South African languages a particular mode is most suitable to adopt.

3.6 Summary

This section summarizes Chapter 3 on using entangled representations from two projection techniques,
namely, canonical correlation analysis [43] and VecMap [48] for the downstream task. The downstream
tasks include News Headlines Classification and Named Entity Recognition. This chapter is divided
into the Introduction 3.1, Related works 3.2, the Methodology 3.3, the Results 3.5, the Conclusion 3.5.3
and Future works 3.5.4 succinctly summarized in the following subsections 3.6.1, 3.6.2, 3.6.3, 3.6.4, and

3.6.5 respectively.
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Table 3.6: Monolingual and cross-lingual embeddings for NER token classification.

Embeddings Model Decoder Setswana IsiXhosa
P R F1 P R F1
FE Sklearn CRF - 96.1% 96.4% 96.1% 94.1% 94.1% 94%
FText Mono Sklearn CRF - 95.6% 95.8% 95.5% 89.5% 89.8% 89.4%
FE+FText Mono Sklearn CRF - 96.2% 96.5% 96.2% 94.2% 94.2% 94.2%
CCA300 CL Sklearn CRF - 95.6% 95.9% 95.6% 89.9% 90.2% 89.3%
FE+CCA300 CL Sklearn CRF - 96.3% 96.6%  96.4% 94.2% 94.2% 94.1%
LSTM+ATN Softmax 78% 64% 70% 67% 48% 55%
LSTM+ATN CRF 41% 47% 43% 44% 41% 41%
FText Mono GRU+ATN Softmax 78% 63% 69% 66% 48% 54%
LSTM+GRU+ATN  Softmax 2% 61% 65% 67% 48% 55%
LSTM+ATN Softmax 78% 65% 70% 67% 48% 55%
LSTM+ATN CRF - - - 44% 41% 41%
CCA300 CL GRU+ATN Softmax 83% 64% 72% 66% 48% 55%
GRU+ATN CRF 48% 48% 48% - - -
LSTM+GRU+4+ATN  Softmax 7% 61% 68% 65% 46% 53%
TF (Few short) LSTM+ATN Softmax 69% 49% 57% 48% 13% 20%
GRU+ATN Softmax 66% 50% 56% 46% 13% 20%

3.6.1 Introduction

This section introduces the reader to the field of cross-lingual Natural Language Processing in the context
of South African languages. Additionally, we highlight some of the shortcomings of cross-lingual models
as well as the current remedies in the field. Finally, in this section, we highlight our unique contribution

and value-add to the research community as well as developing resources for South African low-resourced

languages.

3.6.2 Related Works

This section discusses related works on cross-lingual works for South African languages and the general
landscape of low-resourced languages. In this section, we discuss how our work supplements the related

work and builds on the existing research foundations.

3.6.3 Methodology: Intrinsic and Extrinsic Evaluation of Down-

stream Tasks (NHC and NER)

This section outlines the methodology adopted in this study for collecting data, preprocessing the
data, projection model used, algorithms used including machine learning and deep learning models,

hyperparameter choices, evaluation decisions, and downstream tasks considered.
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3.6.4 Results

This section discusses the analyses of experimental findings and results for each projection technique
(CCA and VecMap) on each downstream task (NHC and NER). In this section, our experimental results
support the use of cross-lingual embeddings in elevating the state-of-the-art in extremely low-resourced
settings. That is, through downstream evaluation, we observe that cross-lingual embedding consistently

improves performance on NER and illustrates promising results on NHC zero-transfer learning.

3.6.5 Conclusion and Future Works

The Concluding remarks and future directions for cross-lingual models for South African languages is
provided in this section. This section highlights a potential research avenue that uses cheap resources
such as bilingual lexicons for improving projection techniques in creating cross-lingual embeddings. Our

next Chapter explores this research avenue extensively.
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Chapter 4

Point of Pivot: Calibration of Cross-lingual Embeddings for Southern Nguni and

Niger-Congo Low-Resourced Languages

Analytics for transfer learning on low-resourced languages are still grounded by the English-to-X outset
even though recent research shows that English is not always the best pivot language. Causality can
be traced back to accessibility, availability, trend, and most importantly expertise of Natural Language
Processing resources in the English language. However, with some constraints gradually being loosened,
such as the availability of raw internet corpora, and annotated data, the need to explore other pivot
alternatives becomes indisputable despite linguistic insights on language intelligibility being sometimes
available. In this study, we extensively investigate point-of-pivot using cross-lingual embeddings for all
permutations of Southern Nguni and Niger-Congo languages of South Africa. We explore three different
techniques for generating cross-lingual embeddings, namely, VecMap, Muse, and Canonical correlation
analyses (CCA) on intrinsic and extrinsic downstream tasks. We evaluate our approach across multiple
tasks: Word similarity, Machine Translation, News Headlines Classification (NHC), Part of Speech
Tagging (POS), and Named Entity Recognition (NER) and discovered unexpected best transfer source
languages (e.g Xitsonga) across multiple tasks, thus supporting the need for a better source selection (i.e
point-of-pivot). We further showcase the efficacy of the extension of linguistic-based tasks such as POS
and NER and text classification tasks such as NHC to other South African languages through Machine
Translation, with encouraging transfer performance on ground truth datasets (E.g NER — (98.55, 98.77),
and POS — (91.21, 91.63), and NC — (59.09,60.32) average accuracy, on IsiZulu and IsiXhosa available
gold test sets respectively), and therefore supporting the similarity of the generated data and the ground
truth data.

4.1 Introduction

The Constitution of the Republic of South Africa recognizes 12 official languages with eleven spoken

languages [216] and one sign language [217]. Some share origins while others are typologically diverse.

77
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Figure 4.1 shows the distribution of the different languages according to first (L1) and second (L2) lan-
guage speakers. Where L1 refers to the speaker’s first language, and L2 is the second additional language.
Many of the South African languages have a small digital footprint which hinders the development of

30

25

20 mLl mR

15

10

5 I

| 111

Zulu  Xhosa Afrikaans English Northern Tswana Sotho Tsonga  Swati  Venda Ndebele
Sotho

# Speakers (million)

Figure 4.1: Number of first and Second additional language speakers for South African lan-

guages [7]

language technologies. Recent remedial initiatives focus on cross-lingual transfer learning. This process

leverages advancements from high-resourced languages to learn language representations that can sup-
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plement low-resourced language representations [2]. Languages such as English, French, and Spanish
are often used as pivot languages for learning distributed representations [5, 26, 44, 92, 106, 123, 126].
However, due to typological diversity and other linguistic disparities, these high-resourced languages
have not always proven effective as pivot languages [14, 218]. The inability to capture linguistic id-
iosyncrasies translated to poor performance in downstream tasks. From this observation, the question
of point-of-pivot continues to persist in cross-lingual NLP research [166].

As fundamentals supporting both theoretical and practical soundness of cross-lingual models con-
tinue to evolve and advance, the accompanying insights regarding the best choice of source language
lag behind [167]. In some cases, mutual intelligibility from a linguistics lens is often grounds for point-
of-pivot [178]. In most cases, the availability of resources, advancement of technologies, and a large
community of experts worldwide form the basis for point-of-pivot (i.e. the English language). English-
pivoted cross-lingual representations have been evaluated on part-of-speech tagging [106], dependency
parsing [25], entity linking [187], sentiment analysis [77] and speech recognition [219]. In all the afore-
mentioned works, it is observed that the choice of point-of-pivot was based on the high availability of
English resources.

Recent advanced models such as the Large Language Models have also ascribed to the narrative of
English (and other high-resourced languages) as the point-of-pivot. For example, de Vries and Nissim
[138] trained a generative language model on English as a means to initialize the parameters of the
models and later adapted the model to low-resourced languages. Gogoulou et al. [79] applied the
approach proposed in de Vries and Nissim [138] on a BERT model and also used English as point-of-
pivot. Contrary to these, the work of Gogoulou et al. [79] argues that there is no correlation between
transfer performance and language similarity.

For South African languages, Figure 4.2 shows all known language families!, and therefore the lan-
guages expected to transfer well in theory. Makgatho et al. [37], explored cross-lingual embeddings
within the same language family (Setswana and Sepedi) on a Word Similarity downstream task. How-
ever, this assumption of using language similarity as grounds for the choice of point-of-pivot has not
been examined for South African low-resourced languages. To the best of our knowledge, it hasn’t been
tested on any other language pairs either. We therefore pose the following research question: Are results
obtained with linguistically-determined pivot languages consistent with the transfer capabilities of the
target languages relative to other languages? We investigate three different techniques for generating
entangled representations between all 11 South African languages: (i) VecMap [48] — a model that ex-
ploits structural similarities based on the isometry assumption and self-learning to iteratively improve
embeddings projection; (ii) Muse [49] — a model that reconstructs representations from latent space
using a sentence denoising objective function, and (iii) CCA [43] — a technique that learns correlated
projection vectors by maximizing the correlation between the projected vectors. In summary, our major

contributions are succinctly organized as follows:

https://southafrica-info.com/arts-culture/11-languages-south-africa/#sources
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Figure 4.2: South African language and origins [8].

o We investigate a pivot language calibration-study of South African languages from three projec-
tion models: VecMap, Muse, and CCA.

o We extensively evaluate 110 permutations of cross-lingual embeddings using cosine similarity
(intrinsic) and four extrinsic evaluation tasks: Machine Translation (MT), News Headlines Clas-

sification (NHC), Named Entity Recognition (NER), and Part of Speech (POS) Tagging.

e We build the first topology of transfer performance across all South African languages.

This work aims to highlight South African languages that transfer well and that can be seamlessly

exploited to develop mutual resources for enhancing NLP research.

4.2 Related Work

Generating entangled representations using cross-lingual mathematical models has shown practical im-
manence, especially when supplemented by accompanying resources such as bilingual lexicons [2, 92,

103]. However, the research on the choice of pivot language from which to base the entanglements, for
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optimal transfer performance together with language closeness evaluations and determination, remains
unattempted [166]. Recent works rely on linguistic insights such as mutual intelligibility for source
language selection. For example, [178] created cross-lingual embeddings between mutually intelligible
languages, namely, Kinyarwanda and Kirundi, and evaluated them on a news classification task. In
their paper, the source language choice is based on high lexical overlap and similarity and not on empir-
ically informed source language choice. Lately, a new wave of research has emerged embracing a need
for better source language selection (referred to as the closeness index of languages in Magueresse et al.
[166]).

To demonstrate that typological agreement between two languages is not necessarily a positive
predictor of transfer performance, Buys and Botha [220], experimented using MaltPaser model on
the task of morpholical parsing to highlight optimal transfer performance for unrelated languages.
Cardenas et al. [221] also highlighted special cases where the choice of pivot language is essential for
optimal transfer capabilities on the task of part-of-speech tagging. These two studies demonstrated that
multilingual learning was needed to decypher high-order patterns essential to better transfer capabilities.
Similarly, [222] observed that cross-lingual training grounded by careful selection of the source language
can result in improved transfer robustness on dependency parsing tasks. While [223] argue, instead of a
single source search, incremental value can be attained by transferring multi-source derived delexicalized
parsers to low-resourced languages and witnessing improved performance compared to single-source
transfer learning.

In parallel with adapting pre-trained multilingual models for low-resourced settings, [28] investi-
gated pivot language selection for optimal transfer performance on the Grammatical Error Correction
(GEC) task. Gogoulou et al. [79], investigated the impact of source monolingual models adaptation to
target downstream tasks. They concluded that knowledge learned independently of the source language
enhances transfer performance. Regardless, finding a language with such abstractions to foster optimal
performance requires some selection mechanism. Adelani et al. [224], showcased improved F1l-score
performance in a zero-shot setting as a product of informed pivot language selection. In [14], authors
explored source language selection for zero-shot transfer of part-of-speech tagging using pre-trained
multilingual models. A commonality in these works arises from the pressing need to select an optimal
source language for a specific target language for improved transfer capabilities. Regardless, practical
evidence of mutually intelligible languages being the best choice for point of pivot remains sparse. In
this work, we explore a brute-force approach to investigate language permutations with better projec-
tion capabilities and later transfer performance to subsequent downstream tasks: NER, POS, NHC, and
Machine Translation. Our exploratory study considers all 11 South African languages, resulting in 110

pairs of forward and backward projections.

© University of Pretoria



&
UNIVERSITEIT VAN PRETORIA
UNIVERSITY OF PRETORIA

Qe YUNIBESITHI YA PRETORIA

4.3. METHODOLOGY 82

4.3 Methodology

Bilingual-lexicons aided cross-lingual representation learning has shown better results compared to un-
supervised learning counterparts. For this reason, all our cross-lingual representation learning focuses on
the use of bilingual lexicons for training our three projection techniques: Muse, VecMap, and Canonical
correlation analysis. In this section, we discuss the datasets collected (bilingual lexicons and monolingual

data), projections models, and evaluation strategies.

4.3.1 Data

This section discusses various types of datasets collected in this study. The language codes are as
follows: Afrikaans (af), IsiNdebele (nr), Sepedi (nso), IsiSwati (ssw), Sesotho (st), Setswana (tsn),
Xitsonga (tso), Tshivenda (ven), IsiXhosa (xho) and IsiZulu (zul).

4.3.1.1 Multilingual Lexicons

Our bilingual lexicons are collected from the government public school repositories?, CPUT?, and Open
Education Resource Term Bank (OERTB) [225]. Figure 4.3 shows the distributions of all lexicons
collected for all combinations of 11 languages in South Africa. The English-Zulu and Zulu-English
lexicons are the largest with ~17 000 translation pairs. From these bilingual lexicons, we created our
multilingual lexicons, where each language is mapped to all other languages. Our multilingual lexicons

are processed and formatted into a machine-readable format and made available online®.

4.3.1.2 Monolingual Data

Monolingual data used to train our FastText monolingual embeddings are sourced from multiple repos-
itories including Flores®, WMT® MC47, NCHLT [205], and African Crawl Dataset®. Data description
and sources are obtained from [226]. We excluded retraining English monolingual embeddings and used
GloVe embeddings instead [87].

Zhttps://www.dsac.gov.za

3https://mlg.cput.ac.za/
‘https://github.com/dsfsi/za-bilingual-lexicons
Shttps://github.com/facebookresearch/flores
Shttps://huggingface.co/datasets/allenai/wmt22_african
"https://huggingface.co/datasets/mc4

8https://github.com/pavanpankaj/Web-Crawl-African
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Figure 4.3: Number of translation pairs for each source language and the other 10 languages.

4.3.1.3 Machine Translation Data

Our MT experiments used a combination of multilingual lexicons with the Machine Translation test set
released in Federmann et al. [227]. Each translation pair in their paper contains roughly 1500 examples.
We divided the data into the train ( 80% of the total set), the development (20% of the train set), and

the test set. The multilingual lexicons were divided according to the same split ratios and appended to
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the translation set. Adding multilingual lexicons expanded our dataset.

4.3.1.4 News Headlines Classification (NHC) Data

The availability of annotated and quality resources such as datasets for low-resources poses a pressing
challenge to the NLP community. We used Sepedi and Tshivenda quality annotated datasets from
Adelani et al. [228], Madodonga et al. [229], Marivate et al. [230]. To expand to other low-resourced
languages we used Google Deep Translate (GDT)?, to translate the available gold datasets to af, nso, sot,

xho, tso, and zul low-resourced languages and retained the original label for each translated sentence.

4.3.1.5 Named Entity Recognition Data

Similar to NHC and other downstream tasks, NER, is no exception to the shackles of low-resourcedness.
As a result, we adopted the same methodology using MT and available gold datasets to expand datasets
for other South African languages. Since GDT is limited to only Sepedi, Sesotho, IsiZulu, IsiXhosa, and
Xitsonga, our generated datasets are bounded by that capability. For NER, we performed token-token
translation to translate each token in the corpus, and the source-token label is used as the target-token
label directly. For multiple-word translations, each new token is given the label of the source token. As
source language data, we used MasakhaNER2.0 datasets [224]. No further quality control was done on
the generated dataset, instead, we evaluated the quality of the datasets by training sequance2sequance

models with translated examples and testing them on gold datasets.

4.3.1.6 Part of Speech Tagging Data

Annotated POS datasets for low-resourced languages are very scarce. For this reason, similar to NHC
and NER, we also used the recently released annotated POS datasets from Dione et al. [14] in conjunction
with Machine Translation to generate pseudo-annotated datasets for af, nso, sot, xho, zul, and tso low-
resourced languages. That is, we used GDT to perform token-to-token translation of the available zul
and xho POS datasets. Similar to NHC, and NER, quality control for the generated data was done by

training a model on the generated data and evaluating on the existing gold datasets.

4.3.2 Models

4.3.2.1 Cross-lingual Models

We investigated three supervised projection strategies for creating cross-lingual embeddings, namely,

Muse [49], VecMap [48], and Canonical correlation analysis [43] using our multilingual lexicons. Our

Ynttps://pypi.org/project/deep-translator/
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continuous vector representations were all of 200 dimensions. In each of the three models, we conduct a
calibration study where we extract 110 permutations (see equation 4.1, where n = 11 is the number of
languages, r = 2 represents the pairs) of cross-lingual embeddings in order to discover favorable transfer

pairs between the 11 languages.

n! 11!
nPr = =
(n—r)  (11-2)! (4.1)
11 x 10 x 9! '

4.3.2.2 Classification Models

We evaluated and benchmarked multiple sequential models such as Recurrent Neural Network (RNN),
Long Short Term Memory (LSTM), Gated Recurrent Units (GRU), and Bidirectional LSTM (BiLSTM)
for tasks - POS and NER. For a more complex machine translation task, we used a hybrid GRU +

Attention mechanism architecture preceded by monolingual or cross-lingual embeddings.

4.3.3 Evaluations

In this section, we compare our findings for cosine similarity as an intrinsic feature and the downstream

NLP task as an extrinsic feature.

4.3.3.1 Cosine similarity as an intrinsic feature

In the first tier, we intrinsically evaluate our projected representations using cosine similarities. We
expect sampled translation pairs to have a high cosine similarity score. Likewise, non-translation pairs
are expected to have a low similarity score. This is done to evaluate if the projection model was able to
project similar embedding to the same space and dissimilar embeddings to separate spaces. Equation

4.2 gives the calculation of cosine similarity.

_a
[[all-[[oll

A value closer to 1 implies that the vectors are more similar. This approach is applied to determine

Cosine Similarity = cos(6) (4.2)

whether words and/or sentences are similar. For the various language pairs, the bilingual lexicons were
converted to vectors using cross-lingual word embeddings. Where either the source or target comprised
of more than one word, the average of the word vectors was used to represent a one-to-one vector for
each translation pair. The average of all the cosine similarities was used to compare the effectiveness of

the various cross-lingual embedding approaches as well as to identify which languages transfer better.
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4.3.3.2 Downstream NLP is an example of an extrinsic task

The second tier of evaluation looks at it from an extrinsic perspective where cross-lingual embeddings
are evaluated on the following four downstream tasks: NER, POS, News Classification, and Machine

Translation.

4.4 Results

This section discusses the results obtained from the word-vector similarity measure with cosine simi-
larity, Machine Translation, News News Classification, Named Entity Recognition, and Part of Speech

experiments.

4.4.1 Cosine Similarities

Figures 4.4a, 4.4b, and 4.4c show the cosine similarity scores (Section 4.3.3.1) for 110 cross-lingual em-
beddings from three models: CCA, VecMap, and Muse. Cosine scores in Figure 4.4b show clusters of
cosine concentrations for languages from the same language family. This is in support of the persisting
ideology that linguistically informed mutual intelligence is a strong source for point-of-pivot choices.
However, these clusters of Figure 4.4b are not the performance values, which motivates the need for
informed point-of-pivot insights. Additionally, IsiNdebele (a Southern African Nguni language) trans-
fers better to the Sotho-Tswana language family. Locally, isiNdebele is known as being closer to the
Sotho-Tswana language family, specifically, the Sepedi (Northern Sotho) language, while on paper it is
recorded as belonging to the Nguni language family. In hindsight of this, we hope the language-family
assignment for IsiNdebele can be revisited or clearer distinctions for the language can be made based
on the demographics of the language. Regardless, cosine scores produced by CCA from Figure 4.4a
indicate conflicting results with languages {Northern Sotho (nso), IsiNdebele (nr), IsiSwati (ssw), and
Afrikaans (af)} showing the best transfer performance while the majority of the point-of-pivots under-
perform. Regardless, even higher concentrations manifest in different language groups. For example,
the Sotho-Tswana family transfers well to IsiXhosa, IsiZulu, and Afrikaans, and vice versa. On the other
hand, cosine scores produced by Muse outperform all other projection models except for any English-
related projections. Figures 4.4a, 4.4b, and 4.4c indicate the progression of cross-lingual projection
models, with CCA coming first, then VecMap, and followed by Muse (i.e., the model with the highest
cosine scores). With these clearly distinguishing performances from the three models, the mathematical
integrity underpinning the projections may range greatly, necessitating the application of specific the-
oretical assumptions and mathematical modelling, which requires additional exploration. Unravelling
this information may help in making the best model selection decision for projections, depending on

available resources and intentions.
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(a) CCA cosine scores (b) VecMap cosine scores (c) Muse cosine scores

Figure 4.4: Comparison of cross-lingual transfer models.

4.4.2 Machine Translation

Table 4.1 reports the performance of our cross-lingual + attention mechanism + Gated recurrent units
encoder-decoder model for translating sentences across the 110 permutations. Overall, English high-
lights the best average (08.52%) accuracy score across all languages. This could be because GloVe
embeddings learned with sufficient data encapsulated sufficient semantic, syntactic, or morphological
patterns necessary for transfer. Regardless, we leave this for future work to decipher. However, an indi-
vidual inspection of each transfer source language highlights that each target language has its optimal
source language which is not English. For example, af transfers well from nso (8.48%) with (0.12%)
points higher than English, sot transfers well from nr (98.97%), and tso transfers well from zul, and nso
with 98.31% and 98.30% respectively. The trend of results signifies the need to properly select a point
of pivot for optimal transfer performance.

Our second analysis of our MT model compares the results obtained using cross-lingual embeddings
(Table 4.1), with the results of MT model trained with monolingual embeddings (Table 4.2). Each
language code maps in both forward and backward directions to represent cases where it was the source
and when it was the target language. The gray-colored values are results from the development set and
not the test set. This is due to computing limitations, where our model could not run end-to-end. The
goal is to observe any disparities in model performances of entangled representations and their monolin-
gual counterparts. Indeed, there is a slight improvement when training with cross-lingual embeddings
compared to their monolingual counterparts on average. Additionally, pair-based analysis shows that
entangled representation can improve the accuracy of the trained low-resourced models. Noticeably,
English (as the target) in monolingual training outperformed cross-lingual embedding training in almost
all languages. This means projection models struggled to improve further the already sufficiently learned

GloVE embeddings. Interestingly, our results also highlight a noticeable difference in the backward and
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T en [ af xho zul SSW nr nso tsn sot. tso ven Avg.
ven 98.47 97.56 97.86 97.92 97.53 97.84 97.76 97.86 97.11 98.14 97.81
tso 98.32 97.28 97.85 97.96 97.62 97.84 96.84 97.27 96.87 97.29 97.51
sot 98.74 97.51 98.04 98.32 97.73 97.95 98.30 98.11 98.24 97.55 98.05
tsn 98.70 98.28 98.08 98.20 97.74 97.94 98.40 98.34 98.18 97.58 98.14
nso 98.85 98.48 98.27 98.20 97.69 97.97 97.67 98.59 98.30 98.00 98.20
nr 99.03 98.36 98.10 98.16 97.68 97.71 98.16 98.87 98.00 97.15 98.12
SSW 98.28 98.20 97.53 97.43 97.46 98.00 97.33 98.73 97.86 96.86 97.77
zul - 97.62 - 97.64 - 98.23 98.24 98.15 98.31 97.51 97.96
xho 98.00 97.80 98.16 97.85 97.96 98.31 97.41 97.70 98.22 97.37 97.89

af 97.80 97.55 96.77 96.87 96.80 95.36 94.65 95.87 95.66 94.67 96.2
en 98.36 - - 97.91 98.48 98.82 98.80 98.85 98.29 98.71 98.53
Avg. 98.47 97.95 97.91 97.90 97.63 97.80 97.77 97.55 97.91 97.92 97.27 97.87

Table 4.1: Performance accuracy (in % ) using cross-linguals (CLs) embedding with attention

mechanisms and gated recurrent units (GRU)

forward transfer performance of language pairs in both monolingual and cross-lingual training. This
means that one language benefits more from the entanglement (in the case of cross-lingual learning) and
translation (in the case of monolingual) than the other language. This could stem from one language
having effective vocabulary representation while the other does not, word embedding quality, and or
varying training data sizes [78, 231]. This means, valid cross-lingual mappings exist for one direction
while not often available in one direction to assist with the translation. It would be interesting to inves-
tigate further why this is the case, however, we leave it for future work. Our results are not intended
to be state-of-the-art but shed light on the inherent need to properly select pivot language currently

persisting in research for South African languages.

4.4.3 News Headlines Classification

Table 4.3 represents the cross-linguistic weighted accuracy of the best sequence-sequence model (Bil-
STM) on a news headline classification dataset. The diagonal values show each language’s monolingual
performance, and the values above the diagonal line signify that the language in the column is the source
language. The results from Table 4.3 indicate that the Tswana-Xhosa (tso-xho) language pair exhibits
the highest performance with a test F1 score of 71.05%, and accuracy of 70.80% when employing LSTM
models. However, not all indigenous language pairs fared as well; for example, the Tswana-Xhosa (tsn-
xho) pair and the Zulu-Tswana (zul-tsn) pair lag considerably behind, with accuracies of 37.9% and
47.7%, and F1 scores of 37.2% and 48.5%, respectively. Setswana (tsn) and Northern Sotho (nso), de-
spite being in the same Sotho language family, exhibit only moderate cross-lingual transferability with
an accuracy of approximately 58.0% and an F1 score of 58.0% when employing LSTM models. This
could suggest that shared family lineage is not the sole determinant of successful cross-lingual transfer,
and other factors like corpus-specific nuances or social proximity may be more important. The findings

also challenge the common assumption that linguistic and typographical similarity alone guarantees
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T en [ af xho zul SSW nr nso tsn sot tso ven Avg.
ven 99.16 97.87 98.16 97.95 97.60 97.86 97.95 97.82 96.87 98.12 97.94
tso 97.18 97.18 97.88 97.94 97.56 97.86 97.64 96.54 98.09 97.39 97.53
sot 98.10 97.44 98.12 98.16 97.78 98.00 98.36 97.29 98.30 98.39 97.99
tsn 99.43 99.39 98.13 98.16 97.72 97.95 97.93 97.31 98.26 97.59 98.19
nso 99.43 98.28 98.02 98.19 97.77 97.96 97.96 98.09 97.27 - 98.11
nr 98.03 97.11 98.07 98.20 97.74 98.34 97.37 98.30 98.21 96.77 97.81
SSW 99.10 97.34 97.40 97.60 97.53 97.73 97.27 96.03 97.95 96.85 97.48
zul - 97.62 - 98.00 - 98.24 97.76 98.58 98.36 98.63 98.17
xho 99.55 97.59 98.14 97.73 97.93 98.36 97.67 98.69 98.21 97.48 98.16
af 98.21 97.75 97.26 97.19 97.10 98.99 95.80 96.74 97.48 95.98 97.25
en 97.61 - - 97.56 97.98 98.51 97.36 98.33 98.10 97.35 97.85
Avg. 98.69 97.74 97.94 97.96 97.67 97.80 98.21 97.28 97.70 98.03 97.38 97.86

Table 4.2: Performance accuracy (in % ) using monolingual embedding with attention mech-

anisms and gated recurrent units (GRU)

better cross-lingual transferability.

On the other hand, Setswana (tsn) and Venda (ven) pair also show good transferability under the
LSTM models, albeit slightly lower than the nso-ven pair, with accuracies around 54 — 59%. The strong
transferability observed between Northern Sotho (nso, also known as Sesotho sa Leboa) and Venda
(ven) can be initially surprising, given that they belong to different language families. However, the
high transfer performance could be attributed to other factors such as the geographic proximity of the
Pedi and VhaVenda people. This hypothesis is further supported by Venda (ven) and Tsonga (tso)
pairing which shows strong cross-lingual transferability, with an accuracy of approximately 63.3% and
a corresponding F1-score of approximately 63.5%.

From the Nguni family, we observe Fl-scores in the range of approximately 58% to 60% for isiZulu
(zul) and isiXhosa (xho) when paired together, signaling strong cross-lingual transferability. Moreover,
both isiXhosa and isiZulu exhibit strong transferability with Northern Sotho (nso), with F1 scores of
approximately 66.8% and 66.2%, and accuracies exceeding 66.5% and 65.8%, respectively, when using
LSTM models. While the isiZulu (zul) and Venda (ven) pair exhibits moderate potential for cross-
lingual transfer learning with an accuracy of about 55.6% and an F1 score of approximately 58.4%, it
does not reach the high compatibility levels observed in other language pairs such as nso-ven, which has
an F1 score and accuracy of over 65%, or nso versus the Nguni languages.

On the other end of the spectrum, we observe that the performance of English with languages like
Zulu (eng-zul) and Northern Sotho (eng-nso) suggests that English could be a viable pivot language for
certain indigenous languages, with accuracies of 68.9% and 69.4%, and F1 scores of 70.3% and 69.5%,
respectively. Notably, Afrikaans also demonstrates plausible performance, with an accuracy of 59.2%
with Zulu (afr-zul) and a notably higher accuracy of 66.7% with Northern Sotho (afr-nso), thereby
indicating that Afrikaans could also serve as a potential pivot language, albeit not as effectively as
English in this case.

Upon closer examination, it is evident that English and Afrikaans possess a remarkably promising

capacity for cross-lingual transfer with various Bantu languages. The performance metrics, particularly
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Target Language

Source Language afr eng nso tsn tso ven xho zul Avg.

afr 63.67 76.7 66.67 56.29 53 64.25 63.0 59.24 62.85
eng - 77.29 69.36 58.84 78.8 69.26 69.00 68.94 70.21
nso - - 66.56 58.38 69.34 65.34 65.12 65.83 65.1

tsn - - - 40.18 55.03 59.01 47.01 45.83 49.41
tso - - - - 65.60 63.29 70.80 64.93 66.12
ven - - - - - 52.49 53.88 52.42 52.93
xho - - - - - - 53.40 58.67 56.04
zul - - - - - - - 56.82 56.82
Avg. 63.67 T 67.53 53.42 64.35 62.27 60.32 59.09 59.94

Table 4.3: Cross-lingual weighted accuracy of best sequence-sequence model (BiLSTM) on a

News headline classification dataset.

the F1 scores and accuracies exceeding 64%, highlight this trend. Such findings are particularly rev-
elatory, given the conventional preconception about the challenges of cross-lingual transfer involving
low-resource languages and languages from Indo-European language families. The results defy the con-
ventional expectations that low-resource languages would inherently perform poorly when paired with
languages from different families for transfer learning. It opens up intriguing possibilities for leveraging
English and Afrikaans as pivot languages in NLP tasks involving Bantu languages.

Finally, our results indicated that incorporating back-translated English articles may not be the
optimal approach for augmenting annotated news classification resources in indigenous languages like
Zulu, Xhosa, or Sotho through GDT. While this result may come as a surprise, it likely, the translations
from English into indigenous Bantu languages were not precise enough. We hypothesize that utilizing
sophisticated, pretrained cross-lingual transformer models like XLM-Roberta could offer a more promis-
ing solution. However, this is not investigated here. We do however emphasize that there are untapped
opportunities to exploit the linguistic relationships between indigenous languages, and Indo-European

languages.

4.4.4 Part of Speech Tagging

Table 4.4 shows the best sequence-sequence model trained with cross-lingual embeddings on our GDT
POS-generated data with the best pivot language for each target language. Additionally, xho and
zul values (in the shared columns xho(gdt)/xho and zul(gdt)/zul) in this table show the evaluation
of GDT datasets (left value) and the zero-shot transfer of the best model on the original dataset for
available gold datasets (xho and zul) for the task POS. Cross-representation training demonstrated
potential performance compared to their monolingual counterparts as shown in Table 4.6 evaluated
with the Accuracy metric. Xitsonga performed well compared to all pivot languages with an average
of 92.83%. It would be interesting to investigate why this language performed better compared to all
source languages by deeply inspecting its source embedding space in relation to the task. Interestingly,

Figure 4.4b highlights high cosines of tso to other languages. However, we leave this for future work.
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Src af [ xho(gdt)/xho [ zul(gdt)/ zul [ nso [ st [ tso Avg.

af 92.55/91.59 91.97/91.53 92.64 92.74 92.35| 92.45
xho 93.97 91.84/90.63 92.56 92.78 92.73 | 92.78
zul 93.72 92.66/91.59 92.53 92,91 92.22 | 92.81
nso 93.91 92.55/92.01 91.76/91.52 92.76  92.50 | 92.70
st 94.00 92.80/91.24 91.72/91.02 92.57 92.78 | 97.77
tso 93.64 93.05/91.72 91.92/91.33 92.53  93.00 92.83
Avg. 93.85 92.72/91.63 91.84/91.21 92.5 92.84 92.52 93.56

Table 4.4: Accuracy scores of cross-lingual embeddings using BiLSTM sequence-sequence
model on GDT POS data.

Table 4.5 on the other hand shows extensive experimental results for models RNN, LSTM, GRU, and
BiLSTM with BiLSTM consistently outperforming the other 3 models.

4.4.5 Named Entity Recognition

Similar to GDT-generated POS data, we evaluated cross-lingual embeddings on GDT-generated NER
data and reported the best model in Table 4.7. The full cross-lingual results and monolingual trained
models are reported in Table 4.9, and Table 4.8 respectively. A consistent pattern emerges, where cross-
trained model outperforms their monolingual counterpart. Despite this, a major highlight of the NER
results is the reliability of GDT-generated NER datasets observed during the transfer of GDT-trained

models to original datasets as reported in Table 4.8 and Table 4.7, respectively.

4.5 Conclusion

We created 110 x 3 (VecMap, Muse, and CCA) permutations of cross-lingual embeddings from 11 South
African languages and evaluated them on both intrinsic tasks (Word Similarity with cosine similarity
scores) and extrinsic downstream tasks (Machine Translation, News Headlines Classification, NER and
POS tagging). Moreover, our results shed light on the need to explore pivot language selection for
optimal transfer performance and the use of entangled representations for improved learning compared
to monolingual embeddings. In addition to showcasing the efficacy of shared representation learning,
we highlighted the potential of expanding linguistics-based datasets such as POS, NER, and text clas-
sification datasets: News Headlines Classification using Machine Translation that still preserves high
similarities with the gold datasets. The link to the source repository and available material is available

here for the implementation of this method and adaptation for future work'°?,'!.

Ohttps://github.com/dsfsi/thapelo-sindane-msc-public.git

"https://github.com/dsfsi/za-bilingual-lexicons
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Src Model [ af [ xho(gdt)/xho [ zul(gdt)/zul [ nso [ st [ tso Avg.
RNN 92.54/91.12 91.52/90.06 91.21 91.58 91.15| 91.31
af LSTM 92.82/91.37 91.79/90.47 91.50 91.90 91.64 | 91.64
GRU 92.80/91.27 91.48/90.32 91.57 92.17 91.42 | 91.58
BiLSTM 92.55/91.59 91.97/91.53 92.64 92.74 92.35 92.2
RNN 93.03 91.31/90.19 91.26 91.07 91.28 | 91.36
xho LSTM 93.29 91.58/90.85 91.28 91.58 91.63 | 91.7
GRU 93.17 91.43/90.72 91.65 92.16 91.66 | 91.8
BiLSTM 93.97 91.84/90.63 92.57 92.78 92.73 | 92.42
RNN 92.82  92.23/91.00 91.54 91.01 90.77 | 91.56
zul LSTM 93.35 92.70/91.30 91.60 91.69 91.81 | 92.08
GRU 93.38  92.28/91.40 91.84 91.70 91.51 | 92.02
BiLSTM 93.71 92.66/91.59 92.53 92,92 92.22 | 92.61
RNN 92.74  92.42/91.10 91.16/90.61 91.35 91.13 | 91.50
nso LSTM 93.34 92.92/91.23 91.69/90.68 91.62 91.63 | 91.87
GRU 93.15 92.65/91.00 91.42/90.47 92.02 91.71 | 91.77
BiLSTM 93.91 92.55/92.01 91.76/91.52 92.76  92.50 | 92.43
RNN 92.91 92.31/91.18 91.44/90.57 91.31 91.26 | 91.57
st LSTM 93.26  92.70/90.92 91.77/90.44 91.68 91.72 | 91.78
GRU 92.57 93.00/91.14 91.42/90.54 91.67 91.57 | 91.70
BiLSTM 94.00 92.80/91.24 91.72/91.02 92.57 92.76 92.30
RNN 92.96 92.21/90.62 91.00/90.48 91.34 91.51 91.45
tso LSTM 93.30 93.01/91.21 91.66/90.36 91.70  92.04 91.90
GRU 93.32  92.30/91.31 91.21/90.98 91.87 91.96 91.85
BiLSTM 93.64 93.05/91.72 91.92/91.33 92.53  93.00 92.46
RNN 92.61 91.89/91.11 91.10/90.28 91.45 91.34 91.17 | 91.37
sSsw LSTM 93.32 92.75/91.22 91.86,/90.44 91.60 91.64 91.86 91.84
GRU 93.31  92.92/91.23 91.68/90.57 91.70 92.18 91.40 | 91.87
BiLSTM 93.99 92.77/91.76 91.68/90.99 92.69 93.03 92.56 | 92.43
RNN 92.80 92.33/90.94 91.31/89.94 91.21 91.42 90.78 91.34
nr LSTM 93.65 92.45/91.38 91.30/90.21 91.61 91.75 91.49 | 91.73
GRU 93.34 92.67/91.29 91.49/90.56 91.73 92.05 91.48 | 91.83
BiLSTM 93.58 92.79/91.89 91.75/90.44 92.87 92.86 92.69 | 92.36
RNN 93.04  92.15/91.00 91.17/90.01 91.04 91.57 91.24 | 91.40
ven LSTM 93.32  92.76/91.42 91.76/90.98 91.82 91.94 91.61| 91.95
GRU 93.31  92.50/91.27 91.17/90.17 91.64 91.65 91.76 | 91.68
BIiLSTM 93.95 92.54/91.53 91.71/91.38 92.12 92.44 92.74 92.30
RNN 91.96 92.15/91.16 90.66,/90.09 90.68 90.58 90.43 | 90.96
en LSTM 92.85 92.49/91.12 91.51/90.18 91.31 91.73 91.39 | 91.57
GRU 92.71 92.44/91.20 91.34/89.85 91.09 91.52 91.47 91.45
BiLSTM 92.98 92.26/91.77 91.59/90.93 91.91 92.02 92.18 | 91.96

92

Table 4.5: Accuracy scores of RNN, GRU, LSTM, BiLSTM sequence-sequence models on
GDT POS data using cross-lingual embeddings

4.6 Limitations

¢ Optimization

This study did not conduct hyper-parameter tuning to determine optimal parameters on cross-

lingual models or our sequence-to-sequence models for training and inference. From this, optimal

settings would be extracted to determine the best-case scenarios for learning representations

together with downstream tasks training. This would provide, not only a clear and fair indi-

cation of model comparisons but also a good estimate of practical implications in the case of

cross-lingual models. However, we leave this for future works to exploit rather than explore (as
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Models af [ xho(gdt)/xho [ zul(gdt)/ zul [ nso [ st [ tso Avg.

CRF 78.66  80.46/60.60 78.39/64.40 76.02 76.06 76.92 | 77.42
RNN 92.16 92.22/91.38 91.32/90.44 91.42 91.26 91.25| 91.61
LSTM 92.94 92.53/91.29 91.65/90.88 91.65 92.02 91.46 | 92.04
GRU 93.00 92.69/90.95 91.17/90.57 91.96 92.03 91.42 | 92.05
BiLSTM| 93.92 92.40/91.79 91.74/90.99 92.33 92.79 92.44 | 92.60
Avg. 90.14  90.06/85.20 88.85/85.46 88.68 88.83 88.70 | 89.14

Table 4.6: Accuracy scores of best sequence-sequence model on GDT POS data using mono-

lingual embeddings

done in this study) representative samples of this study to uncover useful insights for practical
implementations of this work. For example, one study can look at a few cross-lingual representa-
tions with best-performing source-target languages, and investigate hyper-parameter search for
best training models (e.g BiLSTM and more) to uncover favorable parameters with promising

practical implications.

o Evaluation metrics
This study consistently adopted accuracy to compare types of projection models, capabilities
of traditional machine learning models and deep neural networks, and efficacy of expanding
datasets with machine-generated datasets. However, accuracy as a metric is sometimes not the
best reflector of performance. As such, it would be interesting to observe a representative sample
of this study adopting other robust metrics such as Fl-score, Precision, and recall to evaluate
the aforementioned variables of this study. More importantly, it would be interesting to see if

the conclusions are consistent, if not, why. However, we leave this for future work.

¢ Benchmarking
This study did not compare our findings with any existing benchmark on the available resources
or datasets we used. In this study’s defense, the work is intended to showcase the need to select
an optimal source language for the best transfer performance. And due to space limitations, we
were unable to perform additional experimentation’s outside the 110 x 3 observed cross-lingual

embeddings. We leave this for future works.

o Large Language Models (LLM)
The recent trend of multilingualism adopts large language models that implicitly learn shared
representations between languages for optimal transfer performance. This study did not inves-
tigate any large language model to compare with traditional cross-lingual models. It would be
interesting to investigate the difference in transfer performance between traditional cross-lingual
models and large language models and what leads to these disparities. Additionally, it would
be important to uncover which model type (i.e cross-lingual or LLM-based) performs well under

which tasks, and why this is the case. Regardless, we leave this for future work.
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Src af [ xho(gdt)/xho [ zul(gdt)/ zul [ nso [ st [ tso Avg.

af 98.99/98.84 98.65/98.47 98.61 98.95 98.88 98.82
xho 99.08 98.71/98.52 98.55 99.09 99.00 98.89
zul 99.13 98.96/98.81 98.62 99.13 98.87 98.94
nso 99.03 99.01/98.81 98.64/98.61 99.08 98.95 98.94
st 99.00  98.98/98.67 98.63/98.59 98.46 98.93 | 98.80
tso 99.20 98.95/98.72 98.69/98.58 98.55 99.10 98.90
Avg.| 99,09 98,98/98,77 98,66,/98,55 98,56 99,07 98,93 | 98,88

Table 4.7: Accuracy scores of BiLSTM sequence-sequence model on GDT NER data using

cross-lingual embeddings

4.7 Summary

This section summarizes the works of this Chapter. The main theme of this work is to advocate
the need to explore and investigate optimal source language selection for possibly optimal transfer
performance. We further wanted to showcase the limitations of the persisting ideology that linguistic
mutual intelligibility may lead to optimal transfer performance. To achieve this, we gave a detailed
overview of the field in Section 4.1 (summarized in 4.7.1 below), we sourced related works in Section 4.2
(summarized in 4.7.2, gave a detailed description of our approach in Section 4.3 (summarized in 4.7.3),
we shared our finding in Section 4.4 (summarized in 4.7.4), and finally highlighted our conclusions in

Section 4.7.5 (summarized in 4.7.5).

4.7.1 Introduction

Cross-lingual representation learning has shown significant improvement over the last decade. With a
better cross-lingual model gradually being developed, transfer capabilities are proportionally improved.
However, the impact of source language selection on transfer performance has not been extensively
investigated for South African languages or any other languages. From this, our introduction shares a

brief literature landscape on this issue and how we intend to contribute to the field to address it.

4.7.2 Related Works

The literature section scopes out works that share the same sentiments as this work in terms of high-
lighting the need to have a mechanism to select a source language with enough shareable and useful

properties for transferring to the target language.

4.7.3 Methodology

The methodology adopted in this study involved training 110 permutations of cross-lingual embeddings

for each projection technique — CCA, VecMap, and Muse resulting in a collection of 3 x 110 cross-
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Models af [ xho(gdt)/xho [ zul(gdt)/ zul [ nso [ st [ tso Avg.

CRF 96.44  94.43/85.06 92.59/90.53 95.05 96.10 96.29 | 95.15
RNN 98.87 98.58/98.32 98.23/97.99 98.21 98.83 98.66 | 98.58
LSTM 98.77 98.58/98.32 98.41/97.78 98.23 98.87 98.73 | 98.60
GRU 98.76  98.65/98.38 98.47/98.26 98.33 98.90 98.67 | 98.63
BiLSTM| 99.18 98.98/98.67 98.55/98.59 98.49 99.07 98.99 | 98.88
Avg. 98.40 97.84/95.75 97.25/96.63 97.66 98.35 98.27 | 97.97

Table 4.8: Accuracy scores of best sequence-sequence model on GDT NER data using mono-

lingual embeddings

lingual embeddings. From these, embeddings we conducted some experiments on multiple tasks such as
to observe three things — which projection technique reveals the best-shared representations, - two — are
there any improvements when training models with cross-lingual embeddings compared to monolingual

embeddings, and three — which languages serve as the best source languages on which tasks.

4.7.4 Results and Findings

Our results support the need to first discover a source language that can result in optimal transfer
performance, and do away with relying on linguistic-extracted mutual intelligibility as a good indicator
of transfer performance. For example, an unexpected language Xitsonga (tso), consistently outperformed

most languages on most downstream tasks.

4.7.5 Conclusion

Our conclusion suggests the need to develop a mechanism for source language selection for optimal
transfer performance. We further indicate the importance of shared representations compared to do their
monolingual counterpart on multiple downstream tasks. Finally, this study also shows the importance
of scaling practical work to other low-resource languages with the use of Machine translation due to the

lack of quality annotated datasets.
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Src. Model [ af [ xho(gdt)/xho [ zul(gdt)/zul [ nso [ st [ tso Avg.
RNN 98.34/98.45 98.19/97.71 98.12 98.82 98.67 | 98,33
af LSTM 98.52/98.34 98.01/98.20 98.25 98.84 98.76 98,42
GRU 98.76/98.43 98.45/98.16 98.30 98.85 98.63 98,51
BiLSTM 98.99/98.84 98.65/98.47 98.61 98.95 98.88 98,77
RNN 98.81 98.28/98.18 98.09 98.52 98.72 98,43
xho LSTM 98.64 97.79/98.12 98.26 98.89 98.66 98,39
GRU 98.90 98.33/98.06 98.25 98.94 98.72 98,53
BiLSTM 99.08 98.71/98.52 98.55 99.09 99.00 | 98,83
RNN 98.83  98.70/98.31 98.20 98.78 98.66 98,58
zul LSTM 98.72  98.36/97.83 98.28 98.91 98.64 98,46
GRU 98.80 98.71/98.51 98.27 98.68 98.59 98,59
BiLSTM 99.13 98.96/98.81 98.62 99.13 98.87 | 98,92
RNN 98.87 98.58/98.42 98.29/97.31 98.87 98.53 98,41
nso LSTM 98.78 98.58/98.18 98.19/98.27 98.75 98.58 98,48
GRU 98.91 98.64/98.49 98.33/98.18 98.87 98.67 | 98,58
BiLSTM 99.03 99.01/98.81 98.64/98.61 99.08 98.95 98,88
RNN 98.84 98.65/98.49 98.17/98.19 98.26 98.66 98,47
st LSTM 98.75  98.69/98.30 98.18/98.34 98.22 98.69 98,45
GRU 98.85 98.64/98.46 98.44/98.32 98.20 98.71 98,52
BiLSTM 99.00 98.98/98.67 98.63/98.59 98.46 98.93 98,75
RNN 98.85 98.72/98.22 98.36/98.18 98.19 98.45 98,42
tso LSTM 98.70 98.54/98.45 98.17/98.10 98.27 98.94 98,45
GRU 98.90 98.73/98.41 98.24/98.12 98.27  98.90 98,51
BiLSTM 99.20 98.95/98.72 98.69/98.58 98.55  99.10 98,83
RNN 98.65 98.64/98.42 98.10/98.14 98.15 98.87 98.62 98,45
SSW LSTM 98.79  98.72/98.49 98.28/97.89 98.24 98.88 98.62 98,49
GRU 98.91 98.76/98.29 98.32/98.29 98.27 98.76 98.74 | 98,54
BiLSTM 99.10 98.98/98.83 98.56/98.56 98.60 99.04 98.76 98,8
RNN 98.90 98.58/98.48 98.26/98.21 98.29 98.84 98.63 98,52
nr LSTM 98.83  98.63/98.34 98.10/98.05 98.26  98.90 98.66 | 98,47
GRU 98.76  98.56/98.52 98.41/98.01 98.27 98.93 98.68 98,52
BIiLSTM 99.14 98.93/98.77 98.66,/98.35 98.57 99.07 99.00 98,81
RNN 98.76  98.52/98.28 98.39/98.02 98.24 98.77 98.65 | 98,45
ven LSTM 98.79  98.59/98.09 98.24/98.01 98.19 98.86 98.75 98,44
GRU 98.79  98.77/98.37 98.46/97.78 98.26 98.81 98.77 | 98,5
BiLSTM 99.12 98.94/98.56 98.61/98.62 98.59 99.01 98.81 98,78
RNN 98.67 98.54/98.34 98.26/98.24 98.16 98.87 98.59 98,46
en LSTM 98.65 98.41/98.35 98.27/98.25 98.30 98.79 98.62 98,46
GRU 98.82 98.66/98.47 98.26/98.27 98.11 98.86 98.71 98,52
BiLSTM 99.10 98.97/98.76 98.58/98.58 98.59 99.03 98.97 | 98,82
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Table 4.9: Accuracy scores of sequence-sequence models on GDT NER data and best transfer

source using cross-lingual embeddings.
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Chapter 5

Conclusions

This chapter summarizes key findings, our main contribution, conclusions, and highlights future prospects
for our work in the area of addressing marginalized languages with cross-lingual shared representations.
Retrospectively, our Chapter 2 discussed the history of cross-lingual models from inception to the cur-
rent evolution of large multilingual pre-trained models. Additionally, we hinted at the value-add of these
models on downstream tasks and provided a taxonomy that highlights research gaps and potential fu-
ture directions. This literature work provided a comprehensive survey of the history of cross-lingual
techniques and how they have been adopted to accelerate research in various Natural Language Pro-
cessing domains. Chapter 3, on the other hand, provided a stepping stone towards the implementation
of cross-lingual models in practice. In the aforementioned practical chapter, we provided empirical
evidence supporting the efficacy of cross-lingual representation learning on tasks such as News Head-
lines Classification (NHC) and Named Entity Recognition (NER). The unfolded evidence supported the
concept of shared representation by showcasing disparities in model performances on downstream tasks
between cross-lingual representations learning and their monolingual counterparts. This is achieved by
showcasing that training and evaluating models with the use of cross-lingual embeddings often show in-
creased classification performance (e.g News Headlines Classification, Named Entity Recognition) over
the monolingual counterparts, evaluated with several evaluation metrics such as accuracy, F1-score,
recall, and precision. The experimental results obtained in this study, justify the need to explore
cross-lingual embeddings even further as cheaper alternatives and build on their shortcomings.
Chapter 4, detailed a broader analysis of practical language transfer capabilities by exploring all
transfer outcomes of all permutations of South African languages. That is, this study highlights lan-
guages that transfer well across multiple tasks such as Machine Translation (MT), Part of Speech (POS)
Tagging, Named Entity Recognition (NER), and News Headlines Classification (NHC). In this study,
we explored three algorithms for generating cross-lingual embeddings — Canonical Correlation Analyses
(CCA), VecMap, and Muse for generating cross-lingual embeddings. We observed that, Muse-generated

embeddings perform well intrinsically compared to other embeddings generated by the remaining two
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methods. Furthermore, this study, covered tasks - NER, POS, NHC, and MT to extrinsically evalu-
ate and compare performance gains between cross-lingual embeddings and monolingual embeddings.
Evaluation on these tasks showed that choosing the best source language improves downstream task
performance, as indicated by Xitsonga outperforming other languages (i.e a language not in active NLP
research). Finally, Chapter 5 summarizes the contribution of each chapter 2, 3, and 4. The main

contributions of this works are summarised as points below:

1. Our contribution to the scientific community:

e We developed a comprehensive survey detailing various traditional cross-lingual models
organized in a taxonomy that categorized these models based on their use, the resources
they require, their formulation, e.t.c. This enables future research to be able to make
decision on which cross-lingual techniques are most relevant depending of the state of
resources available. We incision this to be extremely useful for future research, especially

in low-resource languages, intending to explore cross-lingual models.

o We have centralized monolingual datasets for more than 4 low-resourced languages and we

are in the process of making these datasets publicly available.

e We have developed and will be releasing both monolingual and cross-lingual embedding
resources for all South African languages. Which to our understanding is still not publicly

available or accessible.

e We have shown empirically that cross-lingual transfer between English and South African
languages is a possibility in Chapter 3. We have conducted various experiments compar-
ing multiple traditional machine learning models such as XGBoost, Feed Forward Neural
Networks, Long Short Term Memory (LSTM), Gated Recurrent Units (GRU), e.t.c on
multiple downstream tasks such as NHC, NER, and Part of Speech Tagging.

2. What is new in this study?

e This study developed both monolingual and cross-lingual embeddings for all South African

languages. These resources will be made publicly available.

o We have compared three cross-lingual techniques (Canonical correlation analyses, VecMap,
and Muse) in one paper, for South African languages and evaluated these models intrinsi-

cally (word similarity - see figure) and extrinsically ( NHC, and NER downstream tasks).

e« We have shown that the choice of the source language is important for South African
languages, and discovered Xitsonga as an interesting case with improved transfer gains for

other languages not in the same language family such as the Sotho-Tswana languages.

The next Section 5.1, covers the future directions that would be interesting to pursue for the

presented work.
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5.1 Future Work

This sections covers interesting future research avenues not considered in this thesis to support the

literature and scientific community of cross-lingual embeddings with the aim of improving the status of

low-resourced languages.

L]

It would be interesting for future works to explore evaluation techniques that can explain the

innate linguistic patterns transferred from one monolingual embeddings space to the next.

Future works should invest in the building of diverse dataset to expand the scope of evaluation

for South African low-resourced languages.

With availability of bilingual lexicons for South African languages, future works should consider
works that include the creation, and analyses of pseudo-monolingual-corpora for adapting pre-
trained cross-lingual language models. This extends to scaling models to all South African

languages.

It would also be interesting in the future to conduct a comprehensive exploratory study comparing
the adaptation of different Afri-centric multilingual language models: mBERT, AfriBerta, and

AfriLM using pseudo-monolingual-data created using bilingual lexicons.
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