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ABSTRACT

Language models that produce contextual representations (or embeddings) for text
have been commonly used in Natural Language Processing (NLP) applications. Partic-
ularly, Transformer based, large pre-trained models are popular among NLP practition-
ers. Nevertheless, the existing research and the inclusion of low-resource languages
(languages that primarily lack publicly available datasets and curated corpora) in these
modern NLP paradigms are meager. Their performance for downstream NLP tasks
lags compared to that of high-resource languages such as English. Training a mono-
lingual Language model for a particular language is a straightforward approach in
modern NLP but it is resource-consuming and could be unworkable for a low-resource
language where even monolingual training data is insufficient. Multilingual models
that can support an array of languages are an alternative to circumvent this issue. Yet,
the representation of low-resource languages considerably lags in multilingual models
as well.

In this work, our first aim is on evaluating the performance of existing Multilingual
Language Models (MMLM) that support low-resource Sinhala and some available
monolingual Sinhala models for an array of different text classification tasks. We also
train our own monolingual model for Sinhala. From those experiments, we identify
that the multilingual XLLM-R model yields better results in many instances. Based on
those results we propose a novel technique based on an explicit cross-lingual alignment
of sentiment words using an augmentation method to improve the sentiment classifica-
tion task. There, we improve the results of a multilingual XLM-R model for sentiment
classification in Sinhala language. Along the way, we also test the aforementioned
method on a few other Indic languages (Tamil, Bengali) to measure its robustness
across languages.

Keywords: Multilingual language models, Multilingual embeddings, Text classification, Sen-

timent analysis, Low-resource languages, Sinhala language
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CHAPTER 1
INTRODUCTION

Natural Language Processing (NLP) has a plethora of applications involving different
aspects of human languages. Text classification is one of such primary tasks in NLP,
where text is classified at token (word), sentence, or document level and falls into the
broad sub-category of Natural Language Understanding (NLU) . Modern NLP heav-
ily relies on Transformer [1] based language models. This is mainly due to the reason
that Transformer based language models have been successful in creating meaning-
ful, contextual vector representations for natural language text. Typically, such models
are pre-trained on a large dataset using an unsupervised objective such as Masked
Language Modeling (MLM) . BERT [3], RoBERTa [4], and T5 [5] are three popular
examples of Transformer based language models that support English. Typically, a
corpus of substantial size is required to pre-train such a model. The most frequently
followed approach to utilize such a model in a downstream task such as text classi-
fication is fine-tuning the whole model using a dataset suited for the target task in a
supervised manner. This paradigm has been applied to many benchmark datasets and
tasks such as GLUE, XNLI [6, 7]. Despite these models showing state-of-the-art re-
sults for such benchmarks and datasets, their utilization of languages has mostly been
confined to an elite set of high-resource languages with English being at the top of
the list. This is due to that high-resource languages have the availability of abundant
corpora and datasets where low-resource languages do not have such. As a result, per-
formance for low-resource languages such as Sinhala (categorized as belonging to the
extremely low-resource language class in Joshi’s [8] language categorization) are sub-
par compared to the results of high-resource languages, even in the very few instances
they have been experimented with. Monolingual models have shown some promis-
ing results but pre-training monolingual language models for resource-poor languages
is not always feasible and such attempts consume cumbersome amounts of computa-
tional resources as well [9].

As a potential solution, MLMs have been pre-trained on multilingual datasets. They
also offer the ability of transfer-learning across languages, such that low-resource lan-
guages could benefit from the pre-trained knowledge of the high-resource languages
included in the pre-training stage of the model'. This has proven beneficial, especially
for incorporating unseen low-resource languages (languages that were not a part of the
pre-training stage of the model) for downstream NLP tasks [10]. mBERT, XLM-R and

!As per the common terminology, cross-lingual models are typically referred to as models having
latent spaces where similar entities have similar/closer vector representations. Although multilingual
models share a common latent space for multiple languages, they are not expected to possess the above
characteristic. From here onward, the term multilingual models will be used collectively for models
supporting multiple languages.



mTS5 [3, 11, 12] are such MMLMs supporting around 100 languages in each model.
Yet, resource-rich languages dominate the multilingual models as well, in terms of the
pre-trained corpora used for training the models as well as the performance (10, 11).
Hence, improving the model performance for low-resource languages in multilingual
models should be carried out. This could be workable considering the transfer-learning
ability offered by those multilingual models. The difficulties of pre-training new mono-
lingual models for a low-resource language further support this idea.

1.1 Research problem

Several techniques have been proposed to improve the performance of multilingual
models for low-resource language tasks. These include methods such as data aug-
mentation [13], tokenizer optimization [14], multi-task fine-tuning [15, 16] and an
ensemble of models. Additionally, the integration of external knowledge has been a
promising path to improve Transformer model performances more recently. There, in-
tegrating external factual and/or linguistic knowledge into the model is carried out in
addition to the already learned knowledge during the pre-training phase by the model.
Mostly, these methods have been tested infrequently on low-resource language datasets
and the Sinhala language is yet to be experimented with. Hence, it is required to in-
spect whether the viability of such methods that have been tried for other languages
are valid for improving results (i.e.- text classification) for the Sinhala language. Addi-
tionally, it would equally be important and interesting to devise novel methods which
suit low-resource languages such as Sinhala.

1.2 Research objectives

The main objectives of this research are,

1. Identifying the best performing Transformer based language models for Sinhala
text classification, among the existing monolingual and multilingual models that
support the Sinhala language.

2. Pre-train a new monolingual language model for Sinhala, which we coin as “Sin-
BERT".

3. Propose a feasible, novel method that combines external knowledge with pre-
trained language models for improving downstream sentiment analysis (a text
classification task) results for the Sinhala language.



1.3 Contributions

1. Performing an extensive empirical study that compares the performance between
existing multilingual and monolingual models, for an array of text classification
tasks in the Sinhala language (sentiment analysis, news source classification,
writing style classification, news category classification) - this is the first empir-
ical study for Sinhala text classification.

2. We publicly release new annotated datasets for Sinhala news source classifica-
tion, writing style classification, and news category classification.

3. We propose a novel method to improve the results of sentiment classification
in low-resource languages. The proposed method is based on a high-resource
language lexicon (as an external knowledge base) and a cross-lingual alignment
of sentiment words (without a separate objective function).

Publication(s):

1. Full paper’ published at LREC (Language Resources and Evaluation Confer-
ence, 13th edition) - 2022 (Marseille, France). published ISBN: 979-10-95546-
72-6, ISSN: 2522-2686

Title - BERTifying Sinhala - A Comprehensive Analysis of Pre-trained Language
Models for Sinhala Text Classification, Vinura Dhananjaya, Piyumal Demotte,
Surangika Ranathunga and Sanath Jayasena [17]

2. Journal Paper (Pending publication)

Title - Lexicon-based Fine-tuning of Multilingual Language Models for Low-
resource Language Sentiment Analysis, Vinura Dhananjaya, Surangika Ranathunga,
Sanath Jayasena

Datasets/Models:

* We have released two pre-trained Sinhala monolingual models and classification
datasets on - https://huggingface.co/NLPC-UOM

1.3.1 Thesis organization

We organize this thesis in the following way. The next chapter contains a literature sur-
vey where we have reported findings in the contemporary literature. The two chapters
that entail it report the details of our experiments. In the final chapter, we present our
conclusion and possible future work.

Zhttps://arxiv.org/abs/2208.07864




CHAPTER 2
THEORETICAL BACKGROUND

2.1 Overview

Following the contemporary use of Deep Learning models in NLP, in this work, Trans-
former based language models were primarily used for Sinhala text classification .
In the following sub-sections, we present theoretical concepts related to the main
paradigms of this research.

2.2 Sinhala Language

Sinhala is predominately spoken by the Sinhalese populace ( 17 million) in Sri Lanka
and belongs to the broad Indo-Aryan language family. Similar to many other lan-
guages in this language family, Sinhala is an inflectional (or fusional) language, mean-
ing that the language uses morphemes to modify a word (verb, nouns, adjectives etc.)
by adding them to the root word (inflecting) to derive a new meaning/properties to the
particular word. (e.g.- conjugation of verbs in English). This is opposed to agglutina-
tive languages, which simply combine morphemes to form different words.

Moreover, Sinhala language contains other rich linguistic features, such as diglossia'
(having two distinct systems for verbal communication and written/official communi-
cation) and at discourse level Sinhala is considered as pro(noun)-drop> which refers
that some words in a sentence can be omitted (dropped). In addition to being a mor-
phologically rich language, having a complex script, regional dialects and a diverse
polysemous vocabulary which is also inspired by foreign languages amount to making
Sinhala language posses immanent challenges for computational understanding of the
language.

2.3 Transformer-based pre-trained models

The prime intention behind pre-trained language models is to effectively learn text
representations at a large scale. Transformer architecture was proposed by Vaswani
et al. [1] as a replacement for earlier used Recurrent Neural Network (RNN) based
language models such as LASER [18] and ELMo [19]. Text data being sequences, a
specific mechanism is required to understand the relations between distinct parts within
a sequence. The RNN-based language models had a computational constraint, which
is that RNN (and later architectures such as LSTM [20] and GRU [21]) limits to se-

Thttps://www.britannica.com/topic/diglossia
Zhttps://doi.org/10.1093/acrefore/9780199384655.013.610



quential operations (hinder parallel processing). These earlier architectures also do not
scale well to longer input text sequences due to an effect called “vanishing gradient".
Figure 2.1 shows a traditional RNN mechanism®. X, denotes the parts of the input
sequence (e.g.- tokens in a text) and Y; denotes the corresponding outputs. Note that
for calculating the outputs, RNN model uses previous inputs through the intermediate
states A;.

Ytr ] YI+1

Fig. 2.1: Traditional RNN architecture

Nevertheless, the alternatives proposed to alleviate this issue bring about a limita-

tion to learn dependencies between distant positions in a text sequence [22, 23]. The
Transformer model utilizes Self-attention mechanism which takes account of differ-
ent positions within a single sequence to calculate a vector representation for it. With
this technique, Transformer architecture is able to handle longer text sequences well
while handling the “vanishing gradient" issue better than RNNs and LSTM-based neu-
ral nets. Transformer also allows parallel processing on sequences making processing
text more computationally efficient as well.
A Transformer-based language model typically consists of an encoder and a decoder
module so does the Transformer architecture. However, Transformer based language
models can utilize different choices of architectures for different downstream tasks.
Encoder-decoder stack is used for Natural Language Generation (NLG) tasks such
as machine translation and summarization, where the model should produce text se-
quences as the output. There are decoder-only models as well, such as GPT [24]. For
NLU tasks such as text classification, encoder-only language models such as BERT
are typically utilized. XLM, XLM-R, mBERT are such encoder-only models which
are also multilingual. Hence, in our experiments, we specifically focus on encoder-
only models.

3https://stanford.edu/ shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks
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Fig. 2.2: Transformer model architecture [1]

Usually, an encoder refers to a stack of encoder modules. Simply, the input text se-
quence is fed to the encoder which produces a set of hidden state vectors for them.
These hidden representations are then fed into a decoder which predicts the probable
tokens (e.g.- words) of the sequence based on the previously seen parts of the sequence.

Xl:n = {l’l, X2y ...

T}

feencoder : Xln — Xln
pedecoder (Y1m|X1n))

peencoder 79decoder (

Yl:m|X1:n))

@2.1)
2.2)
2.3)
2.4)



Equation 2.2 shows the mapping of an input sequence of tokens (e.g.- words) in
the format shown in Eq. 2.1 to a sequence of hidden states. Then, as per Eq. 2.3, the
decoder tries to model the conditional probability distribution of the output vector se-
quence based on the hidden states. As per Eq. 2.4, the congregation of encoder-decoder
models the conditional probability distribution of a target text sequence, when an input
text sequence is given.

Attention in a Deep-Learning model refers to a similar concept relevant to humans
and other intelligent beings, which is about focusing on specific parts of the input data
and emphasizing less on others. In NLP, attention is important to distinguish certain
parts of a text sequence, which impact the overall meaning of the sentence. Self-
attention - an improved form of attention, is a distinguishing part of the Transformer
based language models when compared with RNN-based language models. Within
the encoder blocks of the Transformer, it can help create contextual representations of
input text sequences by forming relationships between every tokenized part of the text
sequence and it is bi-directional as well; meaning the forming of relationships can be
done along both directions of the text sequence. Self-attention is implemented in a way
that contextual representations of text sequences can be formed by taking long-range
dependencies into account while parallelizing the relevant mathematical operations.

X = {2 23y 2} 2.5)
X1 = Vin{softmaz(QL,, Kin)} + Xi,, (2.6)

Equation 2.5 depicts an input text sequence fed into a self-attention layer in the
Transformer whereas Eq. 2.6 shows the operation of self-attention, where it creates
a contextualized representation of the text sequence. There, K, @, V represent Key,
Query and Value matrices respectively, which are also learnable. The softmax opera-
tion creates self-attention weights used to calculate the output vectors of the particular
self-attention layer. Self-attention layer is present in both encoder blocks and decoder
blocks, with the difference that it is not bi-directional (only uni-directional; left-to-
right) in decoder blocks.

Transformer models have shown the capability of efficiently learning contextual latent
representations of text among them only through some unsupervised pre-training ob-
jectives. The most commonly used pre-training objective is MLM [3]. MLM masks
several words in the unannotated pre-training corpora and imposes the model to predict
the masked words (e.g.- BERT uses MLM by masking 15% of the tokens in the text
sequence). Another one is Translation Language Modelling (TLM) where parallel
source text and its translated text are fed into the model, by masking words in both
source and target. Prominent Transformer based language models use one or a few



of such objectives. LaBSE [25], which is based on a dual-encoder architecture based
on BERT, uses MLM and TLM as its pre-training objectives. XLM-R uses MLM as
its only pre-training objective. Other different kinds of pre-training tasks have been
utilized in Transformer models such as contrastive learning-based methods [26, 27],
alignment-based methods [28] and cross-lingual MLM [29]. Qiu et al. [30] report an
array of such pre-training objectives.

2.3.2 Transformer decoder module

As presented through Eq. 2.3, the decoder models a probability distribution that can be
utilized to predict text sequences when an input sequence is given. Unlike the encoder,
self-attention in the decoder is inhibited to be uni-directional. This is because the de-
coder is expected to predict parts of the output sequence based on previously seen and
predicted parts of it. Equation 2.3 can be expanded using Bayes’s theorem as a prod-
uct of each single vector component of the expected target vector of the output text
sequence as shown in Eq. 2.7. There, the 0" target vector (Y) is derived from the rep-
resentation of a “BOS" (Beginning Of Sentence, or [CLS] in some implementations)
token added to the sequence, by the model.

deecodeT.(Yi:m|X1:n)) = Hp@dewde,.(yilyb:i—laXl:n)) (27)

=1

The predicted target sequence vectors (Y7.,,,) then can be mapped with the model’s
vocabulary through softmax operations. There, each y; gets a probability distribution
from the softmax operation, which is depicted by the py, ., in Eq.2.7.

2.3.3 Overall Transformer architecture

Figure 2.2 shows the original model architecture proposed in the revolutionary paper
Vaswani et al. [1]. It comprises an encoder module and a decoder module which again
includes 6 layers in each. In the encoder module, in each of the identical 6 layers
(N), there is a multi-head attention sub-layer and a feed-forward neural network layer.
Both these sub-layers are accompanied by a layer normalization and residual connec-
tion around them. In the decoder layer, the differences are there is a third sub-layer of
multi-head attention and the self-attention mechanism is modified to access only the
previous positions of a sequence. This is shown as Masked multi-head attention in the
figure. For the multi-head attention, Transformer utilizes 8 parallel attention layers.

The feed-forward neural networks in the encoder or decoder layers in this Transformer
architecture are position-wise feed-forward networks which are connected to every po-
sition of an input sequence identically. Although the paper mentioned a ReL.U activa-



tion function is used in the feed-forward networks, some off-the-shelf implementations
of Transformer based language models may utilize different activation functions as
well (such as Huggingface’s” models). Positional encodings preserve the information
about the position of the tokens in the input sequence. Embeddings are responsible
for vectorizing an input text sequence usually utilizing an embedding matrix. The em-
bedding matrix maps tokens to pre-defined (learned) vectors. These vectors should be
context-independent at first, the model then learns contextualized representations from
the training data.

2.3.4 Tokenizers

Tokenizers are essential for every Transformer based NLP model as they act as the pre-
liminary step to convert text from raw, human-understandable formats into a machine-
readable mathematical format. Basically, it splits an input text into smaller parts (e.g.-
sentence into words). These learned tokens are unified as the model’s vocabulary.
Based on how this splitting is executed, tokenizers can be categorized. Subword tok-
enizers are more popular than the other two types as they are more efficient. Rather
than splitting at word level or character level, subword tokenizers tokenize text at a
subword level. Moses® is a word-level tokenizer as well as a rule-based tokenizer. Dai
et al. [31] also use a word-level tokenizer which results in a huge vocabulary.

Many Transformer based language models make use of versions of Subword tokeniz-
ers. Byte-Pair Encoding (BPE) [32] is a subword tokenizer which utilizes a word based
or a rule-based tokenizer at a pre-tokenization step. Afterward, it learns to merge them
and form a subword vocabulary. CONNEAU and Lample [33] and Liu et al. [4] use
this tokenizer. Byte-Level BPE (bBPE) and Wordpiece are also based on BPE, whereas
the Wordpiece tokenizer is used in the popular BERT model. Unigram [34] follows a
contrasting approach when building its subword vocabulary compared to the BPE ap-
proach. It first constructs a larger vocabulary and learns subwords such that it reduces
the size of the initial vocabulary. Sentencepiece tokenizers [35] are used in models
such as Conneau et al. [11], which provides an effective solution to tokenize text of
the languages that do not use spaces to separate words (e.g.- Chinese). Generally, it is
used in conjunction with the Unigram tokenizers.

2.4 Transformer based deep-learning language models

In the subsequent subsections, we describe few of the Transformer based encoder mod-
els, which are also relevant to the work presented in this thesis.

“https://huggingface.co/
Shttp://www.statmt.org/moses



24.1 BERT

BERT [3] (Bidirectional Encoder Representations from Transformers) can be identi-
fied as the first Transformer based language representation model which is capable of
building representations based on both directions (left-to-right, right-to-left) of a text
sequence. This is fulfilled by the MLM pre-training objective. The other pre-training
objective of BERT is Next Sentence Prediction (NSP) which checks whether two seg-
ments of text precede or succeed each other. BERT-base, the smaller variant of BERT
(BERT-base) contains 12 Transformer layers (L), a hidden size (H) of 768, 12 self-
attention heads (A), and 110 million model parameters. BERT-large contains L=24,
H=1024, and A=16 with 340 million parameters. BERT uses BookCorpus as its pre-
training dataset and it can be claimed that BERT laid foundations of many popular
Transformer based language models introduced later.

24.2 mBERT

mBERT?® [3], which stands for “multilingual BERT" followed the BERT model as
its multilingual version. mBERT utilizes the same pre-training procedure in BERT
and supports 104 languages. The original mBERT model architecture resembles the
same architecture seen in the BERT-base model. In order to balance the pre-training
multilingual dataset sizes, it uses oversampling and undersampling of corpora for low-
resource and high-resource languages respectively.

2.4.3 RoBERTa

RoBERTa (Robustly Optimized BERT Approach) is an improvement of BERT that
aims to enhance downstream task performance through some changes in the pre-training
procedure introduced in BERT. The changes are mainly introduced as; 1. dynamic
masking of MLM replacing the static masking pattern used in BERT, 2. removal of
NSP loss and using full sentences to form NSP pre-training dataset, and 3. utilizing
larger batch sizes with more data, and training the model for a longer period, which
show improvements over BERT in downstream tasks. The model uses BookCorpus
and Wikipedia data for pre-training the model. RoBERTa model architecture follows
BERT-large model’s architecture.

244 XLM-R

XLM-R is a multilingual encoder-based model which has shown improved perfor-
mance across several benchmarks surpassing mBERT and XLM [33] models. XLM-R
has been pre-trained on 100 languages with the use of a new CommonCrawl dataset

Shttps://github.com/google-research/bert/blob/master/multilingual.md
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(CC-100) in contrast to the Wikipedia data used by mBERT and XLM multilingual
models. XLLM-R also shows competitive performances compared to monolingual mod-
els such as RoOBERTa in benchmarks such as GLUE and XNLI. It is a stark feature that
XLM-R uses the MLM objective as its sole pre-training objective. Moreover, the au-
thors of XLLM-R bring about the argument that increasing the model capacity could
assist the model to improve or maintain task performance while including more lan-
guages which XLLM-R model fulfills. XLM-R Base model is parameterized as; L= 12,
H =768, A =12, 270 million total parameters and XLLM-R-large as L. =24, H = 1024,
A =16, 550 million total parameters.

24.5 LaBSE

LaBSE is a multilingual model based on BERT and has been devised specifically for
downstream tasks such as bi-text mining and sentence similarity. LaBSE has a spe-
cial dual-encoder architecture with encoders based on BERT (L=12, A=12, H=768)
and it pre-trains this dual encoder model with an “additive margin softmax loss".
LaBSE uses both monolingual data and bilingual translation pair datasets to pre-train
the model. LaBSE is then tested on translation-related tasks such as Tatoeba’ and
also on zero-shot performance for the Tatoeba task for some low-resource languages.
LaBSE also claims to have improved performance over mBERT on tasks like Tatoeba
on low-resource languages. The reason for the improvement given as using a larger
vocabulary, using Translation Language Modelling (TLM) in addition to MLM, and
using the CommonCrawl dataset for pre-training.

24.6 LASER

LASER is also a multilingual model yet not based on Transformer architecture. (We
describe the LASER model since we use it in our experiments to evaluate language
models). It is based on Bi-LSTM (Bidirectional LSTM) which can gain information
about a text sequence in both directions with the help of two LSTM networks. One
of the main purposes of the LASER model has been intended to perform zero-shot
Transfer Learning for a target language-task pair by only learning a header module
on a related English dataset for a task such as classification. LASER model has been
experimented with tasks such as bi-text mining and NLI [18]. Natural Language In-
ference (NLI) and cross-lingual document classification. For pre-processing the data,
LASER relies on language-specific tools such as “Moses" unlike the later Transformer
models which use language-agnostic tokenizers. However, the pre-trained Bi-LSTM
encoder could be used for any target task without being fine-tuned (only a task specific
header would need to be fine-tuned).

https://tatoeba.org/
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2.5 Utilizing multilingual models for target tasks

2.5.1 Vanilla fine-tuning

Transformer based neural models can be considered as task-agnostic language models
which can be fine-tuned for a target task, usually with an annotated dataset smaller than
the pre-training dataset. Generally, text classification refers to a supervised-learning
task on an annotated dataset and predicting labels for data points unseen during the
learning phase by the model. In modern NLP, text can be sized within a broad range,
such as individual words, sentences, paragraphs and documents. Occasionally, the term
document is used to identify paragraphs and much larger documents, interchangeably.
Whenever sufficient annotated datasets are available for the target task, we can per-
form a standard fine-tuning (vanilla fine-tuning) of the model. For a classification task
it would be training the model as a supervised learning task with a labelled dataset
(e.g.- binary classification with binary cross entropy loss function).

2.5.2 Other fine-tuning methods

A frequently followed approach for text-classification of low-resource languages (or
in instances where target task data is not adequate) is using zero-shot learning. There,
the model is fine-tuned on the target task using a task-relevant high-resource language
(such as English) dataset, and the model infers labels for the target low-resource lan-
guage dataset without explicitly being fine-tuned for the target language [10, 36]. This
approach would be restricted to multilingual models. There are several factors that
affect the performance of a multilingual model: model capacity, amount of data used
for pre-training, amount of fine-tuning data as well as tokenizer used in the model.
These are further mentioned in Chapter 3. Moreover, Sun et al. [37] discuss methods
to fine-tune a BERT model for target downstream classification tasks, which can be
applied generally to other Transformer-based encoder models as well.

Apart from the vanilla fine-tuning method, there are several modified methods of fine-
tuning. Typically, in standard fine-tuning, all the model parameters are updated through
supervised learning, which is referred to as global fine-tuning. In feature-based fine-
tuning, we can selectively update the parameters of the models. It is mentioned that
the earlier method is more convenient and often successful than feature-based fine-
tuning [30, 38]. There are other types of fine-tuning Transformer models that focus
on using modified objective functions/loss functions. As an example, Wang et al. [39]
and Li et al. [40] utilize “Instance weighting" for a cross-domain text classification
task and a cross-lingual zero-shot classification task respectively. This is a method
that weights under learned examples by calculating required weights based on the out-
put of the model’s loss function and applying the weights when model parameters are
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updated (i.e.- with mini-batch gradient descent function). Adding additional parame-
ters to the model while keeping the model’s original pre-trained parameters intact is a
novel method of adapting a pre-trained model for a downstream task. This was pro-
posed by Houlsby et al. [41].

There are persisting obstacles to fine-tuning of pre-trained models. Catastrophic
forgetting is one such dilemma that simply refers to forgetting the already learned
knowledge in a pre-trained model when that model is further fine-tuned. This has been
frequently observed with paradigms such as continual learning [42], where a model
tends to forget the knowledge from earlier stages or tasks as it continues to train on
data with different distributions. A possible circumvention for this problem is feature-
based fine-tuning, yet it has been observed as less effective than global fine-tuning
(as mentioned above as well). Ermis et al. [43] suggest a new algorithm based on
Adapters [2, 41] as a possible solution for catastrophic forgetting in a text classifica-
tion task. There are several studies that propose solutions for catastrophic forgetting
problems such as Ke et al. [44] and Ke et al. [45] which incorporate continual learning
for sentiment analysis tasks. Discriminative fine-tuning is another approach of fine-
tuning where varying learning rates are applied at each layer of the model. This idea
was first introduced by [46] and they also introduce methods such as gradual unfreez-
ing (the number of trainable model parameters is increased gradually) which are also
intended as means to overcome catastrophic forgetting. However, they experiment with
an LSTM-based model. It has also been observed that different layers of pre-trained
language models capture different information from the training [37] thus making it
challenging to find the optimum output layer for a given task.

2.5.3 Transfer Learning in Transformer models

Large Deep Learning models based on Transformers demand substantial datasets to
yield satisfactory results which are hard to achieve especially with low-resource lan-
guages and in certain domains too. Hershcovich et al. [47] point out that these dis-
parities in NLP occur across cultures as well (e.g.- resource gaps and impact between
industrialized western cultures and developing world cultures). This is where Trans-
fer Learning becomes useful. Transductive [48] and inductive transfer appear as two
categories of Transfer Learning in the NLP literature where inductive transfer deemed
to be more efficient and effective as a model can derive a hypothesis which works on
unseen data samples as well. We expect to transfer already accumulated knowledge
from a source task (or domain) to a target task (or domain) where the target task lack
sufficient training data for the model to learn. In NLP, pre-trained models are expected
to learn about a language at different levels (semantic, syntactic, and if possible at
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pragmatic and discourse levels) at the pre-training stage where it is benefitted from
large amounts of training data. When it is utilized for a target task, a much smaller
dataset for the target task can be used to fine-tune the pre-train model while leveraging
the already learned knowledge in the pre-training phase.

In multilingual models, Transfer Learning is expected to take place between languages
as well. English is usually the preponderant language in multilingual pre-trained mod-
els which possess a major part in the pre-training corpora. It also has abundant re-
sources for many target tasks. Interestingly, low-resource languages could be trans-
ferred knowledge from high-resource English. An example is zero-shot learning, orig-
inally proposed by Chang et al. [49] for text categorization and used in numerous
use cases. Furthermore, it has been observed that a target task can obtain knowledge
from different types of tasks too, as seen in multi-task learning scenarios [15]. There,
a BERT model is fine-tuned with mini-batches of data points from each task while
model parameters get updated according to the current task’s objective function.

As Qiu et al. [30] mention, there are several factors that affect the transfer of knowl-
edge. Model architecture, pre-trained data domain, the type of pre-training objective
utilized by the model are some of them.

2.5.4 Continual Learning

Continual Learning (CL) refers to continuously learning over time while keeping the
knowledge learned from previous stages [50]. In this way, models could learn from dif-
ferent data sources which may help the final target task by providing additional knowI-
edge to the model through Transfer Learning. However, a pragmatic issue with this
approach is catastrophic forgetting or catastrophic interference. This is a phenomenon
that makes the model forget previously learned knowledge under the presence of a new
data distribution. When adapting CL to downstream tasks such as sentiment classifi-
cation, researchers have tried to address this issue. Ke et al. [S1] proposes a capsule
network-based solution for successful CL on an aspect-based sentiment classification
task with BERT. Ke et al. [52] study about CL for sentiment classification, where they
train a sequence of sentiment classification tasks and observe the effects of catastrophic
forgetting.

2.6 Measuring the performance of the classification models

Accuracy, Precision, Recall and F-score are conventionally used metrics for measur-
ing the performance of a classification model. A traditional definition of the number
of correctly/incorrectly predicted samples in a binary classification scenario is;

» True Positives (TP) - Predicted as positive (or 1), true label is positive.
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* True Negatives (TN) - Predicted as negative (or 0), true label is negative.
 Fualse Positive (FP) - Predicted as 1, true label is O.

* False Negative (FN) - Predicted as 0, true label is 1.

Then, the above mentioned performance metrics can be defined as below.

_ TP+TN
* Accuracy = mp v FpEN

¢ Precision = TPTJF%

_ TP
Recall = TE-FN

_ PrecisionxRecall
Fl1=2x Precision+Recall

Although the accuracy metric provides a trivial way to account for the ratio of cor-
rect predictions against all the predictions, it could perform poorly when the dataset is
unbalanced and hence cannot provide a correct measure of the model’s performance.
When F1-score is extended to a multiclass classification scenario, per-class F1-scores
are calculated and then they are averaged to get a final F1-score. Based on the method
of averaging, F1-score can also differ as macro, weighted, or micro. Macro F1-score
can reflect the model’s true prediction ability on each class without weighting follow-
ing the class sizes which could provide more accurate results for the model’s perfor-
mance on a dataset.
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CHAPTER 3
LITERATURE REVIEW

In this section, we present the related work present in contemporary literature. We di-
vide this section into two subsections, with the first part describing work related to the
first part of our experiments, which is evaluating and identifying best-performing mod-
els from monolingual and multilingual models which support the Sinhala language.
In the last subsection, work related to the improvement of text classification in low-
resource languages including the Sinhala language is presented.

3.1 Monolingual and multilingual pre-trained models

As mentioned previously in Chapter 2 also, a monolingual model is specialized for
a single language whereas multilingual models typically support multiple languages.
Mostly, it is a limited set of resource-rich languages that has monolingual Transformer-
based pre-trained models built for them. The original BERT model (English), RoOBERTa
(English), FlauBERT (French; [53]), CamemBERT (French; [54]), ALBERTO (Ital-
ian; [55], Chinese BERT [56], AraBERT (Arabic; [57] are a few examples. There are
few attempts at building such language models for resource moderate languages such
as Finnish, Vietnamese, and Afrikaans [S8—60] and even less so for low-resource lan-
guages, the reason being that pre-trained models require a substantial amount of text in
its pre-training stage. Table 3.1 provides a glimpse of the sizes of pre-training corpora
required to train such a model.

TABLE 3.1: SIZES OF CORPORA USED FOR PRE-TRAINING SEVERAL
MONOLINGUAL LANGUAGE MODELS

Model Corpora used Size

BERT BookCorpus, English 13GB/3.3B words
Wikipedia

AraBERT El-Khahir, OSIAN 24GB/70M sentences

FlauBERT WMT-19, OPUS etc. 71GB

FinBERT News, Discussion, 234M sentences
WebCrawl

Note. Sizes are reported as they are mentioned in the respective original papers

Multilingual models are based on their monolingual counterparts where mBERT
was the first of the kind. It is clear that multilingual models require multilingual cor-
pora for pre-training and in most of them low-resource language representation would
be minuscule. Table 3.2 provides parameters of a few of such multilingual models
and the portion of Sinhala language in the pre-training datasets used to train them. It
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TABLE 3.2: PORTION OF SINHALA INCLUDED IN MODEL PRE-TRAINING
OF A FEW MULTILINGUAL MODELS

Model Supported Pre-training approx. % of
languages corpora Sinhala
LASER 93 EuroParl, United 3.6
Nations,
OpenSubtitles-

2018, Tatoeba,
Tanzil, Global

Voices
LaBSE 109 CommonCrawl 04
(v.2019-35),
Wikipedia
XLM-R-base 100 CommonCrawl 0.15
XLM-R-large 100 CommonCrawl 0.15

is debatable whether the ideal type of model is monolingual or multilingual for any
given downstream task. In the existing literature, conclusive evidence is not present to
deem either of them superior to the other. Wu and Dredze [61] suggest that the pos-
sible reason for varying performance could be the quantity of language data used for
pre-training the models. Nguyen and Tuan Nguyen [59], Le et al. [53] and Virtanen
et al. [58] represent some of the work that compares monolingual model performance
against that of multilingual models. PhoBERT is collectively referred to two BERT-
based Vietnamese monolingual models pre-trained on a word-level 20GB (3 billion to-
kens/words) corpora consisting of Wikipedia and Vietnamese news text. This amount
of data is remarkably low compared to the portion of Vietnamese text data included
in CC-100 [11] (corpora used in XLM-R pre-training), which is 24.8 billion tokens.
Nonetheless, PhoBERT-large model has outperformed the multilingual XLM-R model
in NER, Part-of-Speech tagging (POS) , Dependency parsing and Natural Language
Inference (NLI) tasks while also having a less amount of model parameters than XLM-
R-large.

Finnish monolingual BERT (FinBERT) uses a pre-training corpus consisting of 234
million sentences extracted from different sources (news, online discussions, and web-
crawled data). They (FinBERT) report superior results in several NLP tasks such as
POS tagging, dependency parsing, NER, and a multiclass text classification task com-
pared to multilingual mBERT. FlauBERT was built concurrently with similar models
for the French language, such as CamemBERT [54] but uses a fewer amount of pre-
training data. FlauBERT is presented in two variants; FlauBERT-small and FlauBERT-
large. It utilizes a large pre-processed training corpus sized 71GB for pre-training the
model and reports competitive results with CamemBERT and considerable gains (over
1%) to that of mBERT in tasks such as word sense disambiguation and dependency
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parsing. For paraphrasing, both CamemBERT and FlauBERT perform slightly bet-
ter than mBERT (below 1% gains) but for natural language inference on the French
XNLI dataset, XLLM-R-large model outperforms both of them by a substantial mar-
gin [53, 54].

The main constraint of monolingual models is that they are confined to individ-
ual languages. These models can be built only for languages that have an adequate
amount of training data. Massively Multilingual Language Models (MMLMs) such as
mtS5, mBERT, and XLM-R, offer an alternative to overcome the difficulty of extending
monolingual models to low-resource languages and means to support a large number
of languages within one model. Yet, it is difficult to include desirably many languages
in the model without the cost of having a large number of parameters, which is also
known as curse of multilinguality [11]. Moreover, the representation of low-resource
languages can still be low in multilingual models which results in a low performance
compared to that of high-resource languages included in MMLMs. Hence, an auxiliary
method to alleviate these obstacles is using multilingual models pre-trained only for
a set of related languages. This argument can be backed by the reported performance
drops when a language’s representation is low in a multilingual model [61]. An exam-
ple of a model built for a limited set of related languages is IndicBERT [62]' which is
an ALBERT [63] based model trained on IndicCorp; a corpus containing 452.8 mil-
lion sentences belonging to 11 indic languages and English. IndicCorp, which contains
text crawled from contemporary news websites, comprises 4 times more data for the
indic languages, than that of corresponding OSCAR? and CC-100 which was used for
pre-training XLM-R. IndicBERT, which also has base and large versions of it, shows
better results for different tasks such as NER, multiple-choice question answering and
other classification tasks. However, the performance gain is not consistent across all
Indic languages where on some instances mBERT and/or XLM-R give better results.
IndicBERT outperforms both mBERT and XLLM-R by a considerable gap in some tasks
such as question answering and cross-lingual sentence retrieval. This happens when
the average result for a specific task across all the indic languages is considered. Fur-
thermore, IndicBERT performs better than mBERT and XLM-R (on average) on the
IndicGLUE benchmark [62]. However, for other additional tasks considered in their
work such as sentiment classification, and genre classification on different datasets,
XLM-R surpasses IndicBERT on average.

Bilingual models are another viable option which are pre-trained for a pair of lan-
guages. Usually, they are used for translation (or NLG) tasks that involve two lan-
guages. Khalid et al. [64] build a bilingual model by further pre-training an English
BERT model for the Urdu language (in Latin script). However, they evaluate the model
performance with performance metrics relevant to the pre-training stage. They observe

"https://indicnlp.aid4bharat.org/indic-bert/
Zhttps://oscar-corpus.com/
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that their bilingual model performs better compared to the counterpart monolingual
model and mBERT which was further pre-trained on Urdu data, but lags behind the
English BERT model.

Another possible way to incorporate languages that are low-resource and unsup-
ported by contemporary language models is to use a language model trained for a
language sharing similar characteristics. Acs et al. [65] show that fine-tuning on Rus-
sian monolingual model RuBERT [66] or English BERT (BERT) can provide satisfac-
tory results through cross-lingual transfer on NER and POS tagging tasks on Uralic
languages. They show that cross-lingual transfer happens regardless of the genetic
similarity between Uralic languages and acceptable results can be achieved on datasets
from unsupported Uralic languages as well. For morphological tasks, the monolin-
gual model of the considered language gives the best result on par with XLM-R-base
and mBERT. Yet, as seen previously as well, the performance of monolingual models
does not consistently supersede that of multilingual models across all tasks or lan-
guages considered. XLM-R performs better than RuBERT for two unsupported Komi-
Permyak and Komi-Zyryan languages which use the Cyrillic alphabet. FinBERT per-
forms well for the unsupported Karelian language in POS tagging, but both XLM-
R and mBERT outperform every monolingual model for the Livvi language in POS
tagging. XLM-R also gives generally strong performance for all selected Uralic lan-
guages across all tasks. Their results also depict that the performance of multilingual
models (XLM-R primarily) lies closer to that of monolingual models frequently, while
substantially surpassing them on a few instances. They further suggest the large sub-
word vocabulary of XLM-R as the reason for the orderly performance of XLM-R in
their experiments.

The choice between multilingual models and monolingual models can depend on
several factors. Monolingual models are favored over multilingual models mostly due
to the fact that they do not suffer capacity dilution where the model capacity is shared
among multiple languages [67]. Usually, the multilingual models are selected expect-
ing to make advantage of cross-lingual knowledge transfer from high-resource lan-
guages to low-resource languages in downstream tasks, where insufficient annotated
data is available for low-resource languages. However, different studies [61, 67-69]
suggest that such knowledge transfer would depend on parameters such as the shared
vocabulary, size of pre-training corpora, model parameters, and the alignment of rep-
resentations across languages. On the other hand, Aguilar et al. [70] and Lauscher
et al. [69] showed that multilingual pre-trained models’ performances are not con-
sistent across every NLP task. According to Aguilar et al. [70], these models are
better at syntactic analysis as opposed to semantic analysis. Groenwold et al. [71]
and Lauscher et al. [69] showed that the performance of a pre-trained model for a
given language is heavily affected by the language family. In other words, if more
related languages are included in the model, then it becomes beneficial for a language.
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As a result, pre-trained models have been able to show better performances for Indo-
European languages [68]. Some other researchers have experimented on different set-
tings, such as zero-shot performance on languages that are included in the pre-trained
model [36, 68, 72, 73], and performance on languages not included in the pre-trained
models [74]. As an example, Fujinuma et al. [75] analyzes how multilingual model
pre-training affects particularly unseen target languages. They show that including ad-
ditional languages during pre-training improves the zero-shot performance for unseen
target languages, when a model can be adapted for the target languages. This adapta-
tion can be done either by using adapters [2], further training on MLM objective, or by
extending the model’s vocabulary.

3.2 Improving text classification results on Transformer based pre-
trained language models

The rudimentary approach for text classification with Transformer models is fine-
tuning an annotated dataset on an encoder model, by applying a task-specific header
on top of the model (e.g. a feed-forward neural network for multi-class classification)
as also mentioned in section 2.5. For improving text classification results, data aug-
mentation has been proposed as an easily approachable method, which in turn helps to
prevent overfitting of the model to low dataset sizes. Data augmentation can usually
happen by making changes to the original data. Wei and Zou [13] propose a set of aug-
mentation methods for text classification tasks. Synonym replacement, random swap,
random insertion, and random deletion are the subtasks they suggest to be executed to
augment a given dataset. Back translation is another method that can be followed to
synthesize data points [76]. Bayer et al. [77] present a thorough survey and a taxonomy
for data augmentation techniques for text classification.

Other than that, Sun et al. [37] propose a set of novel ways to fine-tune BERT
for classification tasks. Further pre-training the model with in-domain, cross-domain
or within-task data, multi-task fine-tuning, and vanilla fine-tuning for the target task
are the main components of the proposed methods of fine-tuning. Vanilla fine-tuning
then can be extended to picking out specific layers for fine-tuning and using different
learning rates per layer. They combine these to improve the performance of several
text classification tasks such as sentiment analysis. With Mutli-task learning one ex-
pects to transfer knowledge from other tasks to the desired target task. This could be
beneficial when annotated data is insufficient for a particular target task or when we
want to prevent the model from overfitting for a single task and becoming universal
for a set of tasks [15]. Liu et al. [15] use a set of NLU tasks for multi-task learning
which they name MT-DNN. Then a BERT model is used in which the encoder layers
are shared among the tasks and task-specific headers are used for each task. Using an
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algorithm that shuffles data points from different tasks, they fine-tune the pre-trained
model and achieve improvements on several NLU benchmarks. However, this can be
intricate in implementation and require enough datasets across multiple tasks, which
might not be viable for low-resource languages. The likes of Meng et al. [78] pro-
pose innovative methods to improve text classification. They introduce a method for
weakly-supervised text classification which uses a self-learning approach. Using class
label names and related terms, they make the language model self-learn to perform
classification. They experiment with their method on sentiment classification and topic
classification benchmarks.

3.2.1 Text-classification of low-resource languages

As mentioned in the earlier sections, the paramount task in NLU for low-resource
languages is to overcome the scarcity of resources such as corpora and datasets. How-
ever, the emergence of social media platforms has enabled a potential source to build
new corpora or datasets for such languages. Efforts such as that of Muhammad et al.
[79] and Kakwani et al. [62] are examples of building resources for low-resource lan-
guages. However, these improvements are still scant compared to the dominance of
high-resource languages in NLP. As an example Aggarwal et al. [80] show that re-
source availability directly affects the downstream task performance for NLI tasks in
Indic languages, where mid-resource Hindi and Bengali perform well while Odia suf-
fers low performance. On the other hand, low-resource languages such as Marathi,
and Kannada perform fairly well due to their script-sharing higher-resource language
siblings Hindi and Tamil (respectively).

It was mentioned in Chapter 2 that it is viable to utilize MMLMs to perform
NLP tasks involving low-resource languages than building monolingual models from
scratch. The performance still lags for resource-poor languages even with this proce-
dure. One approach to improve an MMLM’s performance is enhancing the alignments
between resource-rich and resource-poor languages’ representations in the model’s
vector space (typically at the word level). The intention of this is to facilitate knowl-
edge transfer from high to low resource language better. Zero-shot learning is a popular
approach in this scenario. Miiller et al. [81] explore how a multilingual model facili-
tates cross-lingual knowledge transfer in a zero-shot scenario. They use an analyzing
technique which randomly initializes specific layers of an mBERT model. Then the
modified model is fine-tuned and compared against another fine-tuned model which
was initialized from the pre-trained weights, which is followed by applying a simi-
larity metric to measure similarities of representations across languages. They show
that cross-lingual representations and their alignments are learned at the lower layers
while the upper layers are language agnostic. These alignments are present since the
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pre-training stage as they report. On top of that, cross-lingual alignment directly im-
pacts the cross-lingual transfer. However, they experiment with word-level tasks such
as POS, NER and report their findings mismatch with the work of Singh et al. [82]
which conducts similar experiments with NLI, which is not a word-level task.

3.2.1.1 Cross-lingual alignment of models

It is also suggested that an explicit alignment objective should be followed to obtain
improvements in Transformer models such as BERT which have not been explicitly
trained on such objective for alignment [83]. Linear mapping [84], contrastive learn-
ing [85] based objectives are example techniques for alignment. Wu and Dredze [83]
further compare among a few alignment methods using mBERT and XLLM-R for tasks
such as Named Entity Recognition (NER) . However, these alignment methods re-
quire high-quality parallel text (bi-text) such as Europarl [86], which maps English
words/entities with other language words. Wu and Dredze [83] suggests that increas-
ing model capacity as seen in XLM-R models can lead to obtaining better cross-lingual
representations without an explicit alignment objective. Yet, these methods do not per-
form consistently and tend to produce degraded results with noisy bi-text, when tested
on zero-shot learning tasks which are useful when the target language’s fine-tuning
data is insufficient for the given task (i.e.- The alignment objective is carried out for a
target language with the use of bi-text. Then, the target task for the target language is
carried out by zero-shot learning). Singh et al. [82] claim that the vector representa-
tions in mBERT model do not reside in a shared space as expected. Rather, mBERT
creates partitions in spaces to reflect linguistic and evolutionary associations between
languages. Additionally, they also claim that the tokenization (word level, character
level, subword etc.) used affects the forming of this vector space. This is an important
finding as it has a direct impact on utilizing Transfer Learning for low-resource lan-
guages in multilingual models.

Efimov et al. [87] analyze how cross-lingual adjustment of multilingual models
such as mBERT affect on zero-shot learning results. They first cross-lingually adjust
an mBERT model using parallel data for English paired with 4 other typologically dif-
ferent languages followed by a fine-tuning of English data for NLI, NER, and question
answering. They observe that the expected performance increase does not occur for all
the tasks and languages (question answering shows no significant improvements and
shows degradation sometimes. Similar phenomena for some languages such as Span-
ish) and the amount of parallel data only benefits the NER, NLI tasks. Furthermore,
they show the distances between related and unrelated words are merely affected and
for a task like NER, and when the model is only fine-tuned (without adjustment) for the
target task with English data, both related and unrelated words can be grouped closer
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after the adjustment process.

Earlier, Liu et al. [88] had shown that vanilla fine-tuning of a multilingual model
for a target task could degrade its cross-lingual abilities and hinder the model’s per-
formance on its original task (e.g.- mBERT’s original task is MLM). As the proposed
solution, they utilize Gradient Episodic Memory [89] framework to constrain the fine-
tuning process. They also show that their method can achieve better performance in
zero-shot tasks for POS and NER after experimenting with mBERT and XLM-R.

3.2.1.2 Lexicons as external knowledge bases

Lexicons can be identified as a collection of words (or vocabulary). Sentiment lexicons
contain sentiment words which are labeled with their sentiment values such as positive
(1), negative (-1), neutral (0) [90] or with more fine-grained labels with continuous val-
ues [91-93]. Rather than recording polarity scores for sentiment values of words, some
lexicons present numerical values of different measures such as valence score [91]. In
this sense, lexicons can be considered as external knowledge bases as well which can
be used to provide the model with additional factual or linguistic knowledge.

In early attempts, lexicons have been used as an unsupervised way for sentiment
classification based on the aggregated sentiment score given by the words composing
a sentence or a document [94]. Musto et al. [95] also present sentiment classification
methods based on sentiment scores for microblog posts. Lexicons have also been used
with different Deep Learning paradigms. Shin et al. [96] used lexicons with CNNs.
Lexicons have also been used with RNNs [97-99]. More recently, lexicons have been
used as knowledge bases with Transformer models as well. Suresh and Ong [100] used
sentence vectors created using lexicons as an additional input to the BERT model for
emotion classification. Ke et al. [101] and Zhong et al. [102] also present attempts
of incorporating lexicons as external knowledge bases with Transformer models. An
obstacle which rise when using lexicons is that lexicons of sufficient quality are mostly
limited to high-resource languages such as English. For languages like Sinhala, such
lexicons are rarely published and very much limited in number.

3.2.2 Sinhala Text Classification

Sinhala language is ailed by the scarcity of resources and the amount of research car-
ried out also lacks [103]. There are scattered attempts of developing resources (corpora
and language tools) for the Sinhala language. Some such instances are a POS tagger
tool for Sinhala by Fernando et al. [104], NER system for Sinhala by Manamini et al.
[105], morphological analyzer by Kumarasinghe et al. [106], Upeksha et al. [107]’s at-
tempt on building a corpus for Sinhala language, a similarity measure based approach
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for clustering Sinhala news documents [108] and a Sinhala lexicon built by Weeras-
inghe et al. [109]. For NLG applications such as machine translation, mBART has
shown some fairly decent performance [110].

Early research in Sinhala text classification has been mainly limited to classical ap-
proaches. Experiments with traditional machine learning methods such as Support
Vector Machines (SVM) were carried out by [111]. Furthermore, approaches such
as rule-based systems [112], a stop word extraction method for text classification us-
ing TF-IDF [113], Feed-forward Neural network based system [114] and a Word2Vec
based approach® have also been followed. Chathuranga et al. [115] proposed a method
for Sinhala text classification based on a lexicon. Jayasuriya et al. [116] conduct sen-
timent analysis on Sinhala social media data on the sports domain. Ranathunga and
Liyanage [117] is the first to experiment with Deep Learning techniques such as Con-
volutional Neural Networks (CNN) and LSTM networks-based techniques for Sinhala
sentiment classification tasks. Moreover, they have built Word2Vec and fastText word
embedding models for the Sinhala language. However, these methods are not ben-
efitted from contextual embeddings produced by Transformer based language mod-
els. Demotte et al. [118] also proposed an LSTM-based system for Sinhala text clas-
sification based on S-LSTMs [119]. Senevirathne et al. [120] empirically analyzed
RNN, Bi-LSTM, and Capsule Networks for Sinhala news text sentiment classification.
SinBERTo and Sinhala-RoBERTa are two pre-trained RoBERTa-based MonoLLMs for
Sinhala, that have been released recently. To the best of our knowledge, these models
do not have related research work published, nor have been used in text classifica-
tion [121] by the time of the publication of this work.

3http://bit.1y/2QKI9Np

24



CHAPTER 4
EVALUATING TRANSFORMER-BASED ENCODER MODELS

In this chapter, we discuss the first main task of this research, which is the evaluation
of existing monolingual and multilingual Transformer encoder-based language models
on Sinhala text classification performance. We use Sinhala text classification datasets
spanning four different domains. We also introduce some of them as new datasets
which can be used in potential future research work.

4.1 Task description

As discussed in Chapter 3, it is necessary to empirically identify the best-performing
models for text classification in the Sinhala language. This is since (as discussed in
3.1) there is no clear winner between pre-trained multilingual and monolingual mod-
els. Such a model also cannot be selected only by the results shown for other lan-
guages/datasets. Hence, we selected available pre-trained Transformer based encoder
language models (XLM-R, LaBSE, and RoBERTa based Sinhala monolingual mod-
els) and non-Transformer based language models (LASER), which are either mono-
lingual or multilingual. Major details about some of the selected pre-trained models
are discussed in section 2.4. Additionally, we pre-train new SinBERT Sinhala mono-
lingual models with a large Sinhala corpus (“sin-cc-15M") and add it to our series
of experiments for text classification. We then empirically obtain the performance of
each model on 4 different classification tasks in Sinhala and select a consistently best-
performing model from the selected models, on all the tasks.

4.2 SinBERT models

We build a new set of Sinhala pre-trained monolingual encoder models which we dub
SinBERT. RoBERTa has shown improved results over other competitive models for
the GLUE benchmark, specifically for classification tasks. Hence, we build the Sin-
BERT models based on RoOBERTa. We use Huggingface’s Transformers libraries in
Pytorch to pre-train our ROBERTa models'. AdamW [122] is used as the optimizer
with the hyperparameters; a batch size of 16, a learning rate of le-4, and a maximum
of two training epochs to pre-train the models. We introduce two variants of our model,
namely; SinBERT-small which has 6 hidden layers, and SinBERT-large containing 12
hidden layers. Parameters of the two models are shown in Table 4.1.

SinBERT models are pre-trained using the “sin-cc-15M"? corpus. Currently, it is the

'We publicly release the pre-training and fine-tuning codes on https://github.com/nlpcuom/Sinhala-
text-classification
Zshorturl.at/qAUV 1

25



largest monolingual corpus available for the Sinhala language to the best of our knowl-
edge. The dataset has 15.7 million sentences which were extracted from 3 sources:
OSCAR, CC-100, and raw text data from Sinhala news websites. CC-100 dataset con-
tains 3.7GB of data for Sinhala and OSCAR contains 802MB of Sinhala text including
duplicated text. The raw news data extracted from Sinhala news sites is 413MB in size.
The final sin-cc-15M dataset has been cleaned of other language words/characters and
invalid characters. Cleaned dataset statistics are shown in Table 4.2.

TABLE 4.1: PARAMETERS OF THE SINBERT MODELS

Parameter SinBERT-small SinBERT-large
Hidden layers 6 12
Attention heads 6 12

Max. Position embeddings 514 514
Vocabulary size 30000 52000
Number of trainable parameters 66.5M 125.9M

TABLE 4.2: STATISTICS OF THE PRE-TRAINING CORPUS

Number of words 192.6M
Number of unique words 2.TM
Number of sentences 15.7M
Average number of words/sentence 12.2

4.3 Related work

4.3.1 Other existing Sinhala monoligual models

Only a few Sinhala monolingual models have been trained and publicly released. Al-
most all of them have not been benchmarked or included in any published work to
the best of our knowledge. They have been pre-trained using smaller corpora com-
pared to the sin-cc-15M dataset. We select a couple of available Sinhala monolingual
models on Huggingface, which are also ROBERTa based. Namely, they are Sinhal-
aBERTo and SinBERTo which have 52000 size vocabularies. SinBERTo has been
pre-trained on a small news corpus whereas SinhalaBERTo has been pre-trained on
a larger Sinhala OSCAR dataset. The two models also share a similar model archi-
tecture. Sinhala-Roberta-Oscar’® and sinhala-roberta-mc4* are another pair of Sinhala
monolingual models available publicly, by they have smaller vocabularies. Hence, we
could claim that our SinBERT models have the advantage of a much larger pre-training
corpus compared to the existing models.

3https://huggingface.co/keshan/sinhala-roberta-oscar
*https://huggingface.co/keshan/sinhala-roberta-mc4
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4.4 Datasets and sub-tasks

The set of classification tasks in line with the above description is explained below.

4.4.1 Sentiment analysis

Sentiment analysis concerns classifying the sentiment value of a text at the basic level,
which can be further developed into tasks such as Aspect Based Sentiment Analysis
(ABSA) and emotion recognition which are more fine-grained classification tasks. In
our experiments, we consider the classification of Sinhala document-level text (which
may consist of multiple sentences) into 4 sentiment levels, namely Positive, Negative,
Neutral and Conflict using the dataset published by Senevirathne et al. [120]. The
dataset constitutes 15059 Sinhala news comments extracted from Lankadeepa® and
GossipLanka® and annotated by human annotators with a Cohen’s Kappa value of 0.65
for the inter-annotator agreement score. The average document length is 21.66 words
of the dataset. Table 4.3 details the dataset statistics. A weighted F1-score-based
baseline is reported by Senevirathne et al. [120] using Capsule Networks and recurrent
neural networks.

4.4.2 News category classification

We use a dataset introduced by de Silva [123], which includes news text spanning
across 5 different domains namely Political, Business, Entertainment, Science and
Technology. The aim is to classify the news text belonging to different domains of
news. We pre-process the dataset and exclude sentences which are shorter than 3
words, such as celebrity names, place names. The total dataset contains 3327 sen-
tences with an average length of 23.49 words per sentence.

4.4.3 News source classification

Here, we use a newly compiled dataset that aims on classifying Sinhala news headlines
according to their source. The news source dataset comprises headlines that have been
web crawled from 9 different sources (Sinhala news websites) which are mentioned
below. We reduce the size of data in the original web-scraped dataset [124] with the
purpose of handling the contrasting class imbalance. Furthermore, we exclude one
news source (Sinhala Wikipedia) from the originally scraped dataset as it mostly con-
tains invalid characters, numbers and single word sentences. The final dataset has
sentences with a 8.42 average word length a total of 24093 sentences.

Shttps://www.lankadeepa.lk/
Shttps://www.gossiplankanews.com/

27



 Sri Lanka Army - https://www.army.lk/

* Dinamina - http://www.dinamina.lk/

* GossipLanka - https://www.gossiplankanews.com/
* Hiru - https://www.hirunews.lk/

e ITN - https://www.itnnews.lk/

* Lankapuwath - http://sinhala.lankapuvath.lk/,

* NewsLK - https://www.news.lk/

* Newsfirst - https://www.newsfirst.lk/

* World Socialist Web Site-Sinhala - https://www.wsws.org/si.

4.4.3.1 Writing style classification

We extracted text from Upeksha et al. [125]’s large Sinhala corpus, which contains
text spanning across a set of different genres. However, their publicly available cor-
pora do not contain the complete amount of data mentioned in their paper. In this
task, we classify documents based on their genre/writing style. We select text under 4
categories, which are News, Academic, Blog, Creative. We pre-process the extracted
text by deduplicating, removing English-only text and removing very long documents
(Iengths larger than 3500 characters). Since the dataset contains very long text, we use
truncation to fit them into the models. No prior evaluation (baseline) has been pre-
sented for this dataset. The final dataset has an average length of 181.97 per document
and a total amount of 12514 documents for the 4 different writing styles.

TABLE 4.3: STATISTICS OF THE 4 CLASSIFICATION DATASETS

Dataset/task Max.data points ~ Min.data points Total
of a class of a class

Sentiment 7665 1911 15059

News source 3109 1541 24093

News categories 1019 438 3327

Writing style 4463 2111 12514

4.5 Methodology

In line with section 2.4, we select both monolingual (SinhalaBERTo, SinBERTo, Sin-
BERT) and multilingual (XLM-R, LASER, LaBSE) models to test against the 4 differ-
ent downstream tasks. Then, we fine-tune the selected models in the standard method

28



(vanilla fine-tuning) and obtain the results for the selected set of text classification
tasks. Considering the macro Fl-score (section 2.6), the best-performing model is
determined. Table 4.4 presents the fine-tuning hyper-parameters. We use macro F1-
scores as the primary metric for measuring performance in our experiments as they
average all the classes with an equal weight regardless of the class size.

In the reported results, macro-averaged F1-scores are reported using 5 different
randomly-initialized runs for each experiment using 4:1 train/test splits of the datasets,
in order to deter the randomness of results. We use only 3 randomly initialized runs for
LASER and LaBSE as their performance is much worse than that of XLM-R and the
other monolingual models. For all the implementations, we use TFHub (with Tensor-
flow), Pytorch, and Huggingface which provides easy-to-use libraries for implement-
ing Transformer models. In addition to the results with the full fine-tuning datasets,
we conduct a set of experiments by varying the size of fine-tuning datasets. There, we
compare the performance of SInBERT models with the XLLM-R-base model.

TABLE 4.4: HYPERPARAMETERS FOR THE EXPERIMENTS FOR
EVALUATING LANGUAGE MODELS

Hyperparameter XLM-R SinBERT Other
Learning rate S5e-6 le-5 le-5, S5e-5
Batch size 16, 8 16 16
Epochs 5 10 5
Optimizer AdamW AdamW AdamW

The completion time for each task depends on the size of the dataset given the
batch size is constant (16 or 8).

4.5.1 Fine-tuning method used in our work

For the classification tasks similar to which are under the spotlight in our work, it is
common to use the method shown in figure 4.1 to obtain the classification predictions
from the model. There, [CLS] token’s vector representation is utilized as the repre-
sentation for a sentence/document. This is obtained at the final layer of the encoder.
As an example, for XLM-R this would be a vector with a dimension of 768. For
our LaBSE implementation which is purely based on Tensorflow’ and TFHub®, this
is called “pooled representation”. This representation is then fed into a feed-forward
neural network. For the LASER model, (which is not a Transformer-based mode) fixed
vector representations which have a size of 1024 for the sentences/documents, are sent
through a linear layer for a dimensionality reduction. In the figure 4.1 the [EOS] token
is another special token added to the text to resemble the end of the sentence/text. The

https://www.tensorflow.org/
8https://tfhub.dev/
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other tokens (S;) represent the actual tokenized words or subwords of the input text.
The output from the classifier head (logit vectors) is then sent through a final softmax
layer, which yields a probability distribution for the predictions for each class given
an input text. The softmax layer could be integrated into the classifier head. Cross-
entropy loss is used to calculate the loss function as we work on multiclass classifica-
tion scenarios. Then, the final prediction can be inferred as the class with the highest
probability assigned by the softmax operation (Eq 4.1).

We used the vanilla fine-tuning process, where the [CLS] token output from the en-
coder part of the pre-trained model is fed to a feed-forward neural network-based clas-
sifier. For Sinhala monolingual models, we use Huggingface’s default classifier for
RoBERTa models. A linear layer preceded by a dropout layer was used as the classi-
fier head for LASER and LaBSE. For XLLM-R-large, we use 8 as the batch size due
to hardware (GPU) limitations. All the training tasks (pre-training, fine-tuning) were
conducted on an NVIDIA Quadro RTX 6000 (24GB) GPU.

4

“Softmax”

Logits: {a,, a,, a,, ..., 0, }

t*

<Classifier Head>

L)

) [+ ] 5] 5] - ]

<Transformer Encoder Model>

e 5 [5] (=] 5] =]

Fig. 4.1: Utilizing the CLS token representation

aaaa

prediction = argmax(softmax({a;}i=1,.n)) 4.1)

The classifier head consists of several sub-layers as shown in figure 4.2 below. The
implementation of classifier head for Roberta models with Pytorch [126]° (also for
XLM-R) by Huggingface'® is shown here. There the num_labels refers to the number
of classification classes used in the dataset.

“https://pytorch.org
1Ohttps://github.com/huggingface/Transformers
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Fig. 4.2: Classifier head composition for Transformer models

4.6 Results

We report the macro-F1 score for each task using the selected models in Table 4.5. We
also report some available, previous baseline results for the classification tasks as well.
XLM-R models (base and large) consistently produce better results for the classifica-
tion tasks. XLM-R-large turns out to be the best model among the monolingual and
multilingual models. For the sentiment analysis task, Senevirathne et al. [120] report
the baseline results in weighted-F1 score which we have indicated in Table 4.5. We
do not utilize LaBSE for all the tasks as it performs very poorly on the initially tested
tasks. The LASER model does not perform consistently for all the tasks although it
shows a considerable performance for the writing style classification task and a compa-
rable performance for the sentiment analysis task. Even though the newly pre-trained
SinBERT models are on par with XLLM-R models (fall behind XLLM-R-large), they are
consistently ahead of the other monolingual models that we experimented with.

Figures 4.3-4.6 show the pattern of macro-F1 scores obtained by changing the fine-
tuning dataset sizes for each classification task. Here, we use the SinBERT models and
the XLM-R-base model for comparison. The selection of the XLLM-R-base is mainly
due to computational resource constraints. We can clearly observe that for low dataset
sizes, SinBERT models yield better results than the XLLM-R-base. As the dataset size
grows up, the XLLM-R-base model gains performance and surpasses or stays on par
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with the SInBERT models. This is except for the news source classification task, where
SinBERT models stay dominant throughout all the dataset sizes. The reason for this
could be that the raw corpora which the news source dataset was created from, has
been used as a part of the pre-training corpus of the SInBERT models.

TABLE 4.5: RESULTS FOR THE MODEL EVALUATION ON THE FOUR

CLASSIFICATION TASKS

Model Sentiment News News Writing

sources categories style
Baseline 59.42,, r1 - - -
LaBSE 20.63 11.85 24.09 -
LASER 54.07 28.84 48.54 87.06
XLM-Ryyse 58.08 58.29 85.12 96.89
XLM-Ry4rge 60.45 (68.1,, 1) 61.84 89.54 98.41
SinBERTo 50.83 57.22 78.07 93.84
SinhalaBERTo 49.71 57.34 82.73 94.10
SinBERT 411 53.85 60.42 84.75 95.00
SinBERT 4 4¢ 54.08 60.51 85.19 95.49

E' |
?g ’ t— XLM‘Rbase
—— SiIlBERTsmall
=8 SinBERTlm‘ge
0 ' |

0 3 6 9 12 15
Dataset size x 1000

Fig. 4.3: macro-F1 for sentiment classification task with varying dataset size using
SinBERT and XLM-R-base
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Fig. 4.4: macro-F1 for news source classification task with varying dataset size using
SinBERT and XLLM-R-base
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Fig. 4.5: macro-F1 for news category classification task with varying dataset size
using SinBERT and XLM-R-base
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Fig. 4.6: macro-F1 for writing style classification task with varying dataset size using
SinBERT and XLM-R-base

4.7 Discussion

As observed in the previous section, SinBERT models and XLLM-R turned out to be the
best models for the classification tasks. While the XLM-R-large model performs best
across all the tasks, SInBERT models perform best among the other Sinhala monolin-
gual models which shows that SInBERT could be the best option for text classification
tasks when it comes to monolingual models. When compared with XLLM-R-base, Sin-
BERT models show better results when the fine-tuning dataset sizes are low. Hence,
SinBERT models might be a good option for Sinhala text classification tasks with low
annotated datasets. Out of the two SinBERT models, SinBERT-large does not offer
a significant improvement in performance compared to the SinBERT-small. Hence,
using SinBERT-small would not result in a significant trade-off in task performance
against the computational resources used. Furthermore, this series of experiments
shows that multilingual models can perform better for a classification task in a low-
resource language, while a monolingual model pre-trained with sufficient amounts of
corpora can also perform considerably well.
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CHAPTER 5

IMPROVING ENCODER-BASED LANGUAGE MODELS FOR
SINHALA TEXT CLASSIFICATION

Work carried out for improving the text classification results for the Sinhala language
is discussed in this chapter, continuing from evaluating the pre-trained Transformer
models for Sinhala text classification in the previous chapter. For convenience, the
Sinhala sentiment analysis task is considered here. We experiment with a set of existing
methods in this regard and propose a novel method that yields improvements in the
sentiment classification task. We test the robustness of this method on a few other
languages as well. Furthermore, we present some interesting observations regarding
the proposed method and the selected languages.

5.1 Task Description

As mentioned in Section 3, out of the categories of sentiment classification, we focus
on multi-class (4-class and 3-class) (or coarse-grained) sentiment classification. There,
pre-trained models are fine-tuned for the downstream sentiment analysis task for a
selected language dataset [120]. We utilize the multilingual XLLM-R model, which
was identified to be the best performing model for Sinhala text classification tasks
from previous the chapter.

5.2 Alternative methods

Before arriving with a novel improvement for the sentiment classification task, some of
the existing techniques were experimented with, on the Sinhala sentiment classification
dataset. We provide concise descriptions about them and results produced by them in
the following sub-sections.

5.2.1 Translation of input text from Sinhala to English

Training the model with translated data is commonly used as a baseline result for NLP
tasks [7, 18]. There, typically the low-resource language data points are translated
to resource-rich language and the model is trained (or fine-tuned) with the translated
data. Under this method, we conduct micro experiments with minor modifications to
the original idea. Which are, using different portions of the original dataset in Sinhala
translated to English. A closely related approach is converting the text from target
language script into to the Latin script, which produces a transliterated dataset. In our
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experiment, we do not utilize that method as it is a time-consuming task to manually
convert the datasets having over ten thousand data points.

5.2.2 Instance weighting

In line with Section 2.5, instance weighting is intended as a method which allows
the model to put more weight on data points which are not well comprehended by
the model. We modify the loss function such that more weight is added to the back-
propagated loss when the calculated loss is higher for a particular data input. Equa-
tion 5.1 shows the update of model parameters 6 with pre-calculated weights w;. Equa-
tion 5.2, 5.3 shows how we calculate the weights. There, values of ¢ (smoothing con-
stant) and 7 (normalization constant) can be manually set. When ¢ is large, w gets
closer to 1 and 7 parameter makes sure that average of all weights from a mini-batch
is 1. In Eq. 5.3 the weight is calculated using the standard deviation (std) of historical
losses. h'~! denotes the number of stored historical losses. Then we also mix these
two types of weight calculations during the fine-tuning. Equation 5.4 shows mixing of
the weights with the help of a variable 5 (€ (0, 1)) which again can be manually set.

0 0—a Zwivef(yi, go(:)) (5.1)

w = (—y"log p(y|x) +€)/7 (5.2)

w = (std(h"™) +¢€)/7 (5.3)

w = (B(=y"log p(y|x) + (1 = ) (std(h* ")) +¢)/7 (5.4)

5.2.3 Using different prediction heads

Typically, the prediction head attached to the pre-trained model’s encoder is a simple
feed-forward neural network. However, one can add an intricate architecture as the
classifier (prediction) head [127]. The generic classifier head architectures used in
the publicly available Transformer libraries (such as Huggingface) are similar to the
one shown in Figure 4.2. In our experiments, we acquire the results using a different
activation function (ReLu) from the default activation function (GeLu) and also use an
additional hidden LSTM layer in the classifier head.

5.2.4 Sequential Multi-task learning

As explained in Chapter 3, we can utilize multiple datasets from different tasks/domains
to improve the classification performance of the model [15]. Multi-task learning can be
a sequentially trained task or simultaneous training of the model with related tasks/datasets.
The latter is harder to implement as the training phase should be designed to account
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inputs from different data sources. With our datasets, we try the sequential fine-tuning
of datasets where we first fine-tune the XLM-R-base model with high-resource En-
glish language sentiment classification data and then with the Sinhala sentiment anal-
ysis dataset. We also try the approach of fine-tuning the XLM-R-base model first with
news domain classification data (Chapter 4) followed by the Sinhala sentiment classif-
cation dataset. There we use different classification head for the two datasets.

5.2.5 Data augmentation

There exist several techniques for data augmentations such as those of Wei and Zou
[13], Feng et al. [128]. We also try a couple of data augmentation methods which we
devise on our own. First one is replacing sentiment words using an external lexicon.
There, we first identify sentiment words in a sentence using the lexicon and replace the
words by translating them to English. Another technique that we try is using auxiliary
labels. The concept of auxiliary labels is to hint the model of what sentiment a sen-
tence would carry. Auxiliary labels are applied to the training dataset and during the
inference time, test dataset is fed to the model without auxiliary labels attached to the
test sentences.

5.2.6 Adapter based methods

Adapters were initially proposed as a parameter-efficient alternative for adapting lan-
guage models for downstream tasks rather than vanilla fine-tuning the models or pre-
training from scratch. Houlsby et al. [41] were among the first who proposed the tech-
nique of using adapters whereas Pfeiffer et al. [2] introduced modified versions of
adapters and off-the-shelf methods to train and use adapters for Transformer based
language models. Figure 5.1 shows the language and task adaptor architectures pro-
posed by Pfeiffer et al. [2]. The MAD-X framework offers a mechanism to incorporate
adapters to facilitate the adaptation of MMLMs for low-resource languages. Their lan-
guage adapters are trained with unlabeled language datasets and the task adapters can
be trained using a relevant labeled task-specific dataset.

5.2.7 Ensembling model weights

In this method, following the findings of [129] we add weights of two separately fine-
tuned XLLM-R-base models (for English and Sinhala) using a simple linear combina-
tion of the weights. As shown in Eq. 5.5, we control this addition with the help of
a parameter o which takes values in the range [0, 1]. There, w; represents the final
model weights which is a linear combination of the weights of a fine-tuned XLM-R-
base model on English (w., and a Sinhala (w,;) datasets. Table 5.1 shows results for
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Fig. 5.1: Adapters introduced with the MAD-X adapter framework [2]

different values for the o parameter. The results were obtained by predicting the labels
for the Sinhala sentiment classification dataset (test set).

Wp =k Wep + (1 — ) *xwy

(5.5)

TABLE 5.1: RESULTS OBTAINED FROM THE WEIGHT ENSEMBLING

EXPERIMENT
o  Accuracy Precision Recall macro-F1
0 77.49 70.82 69.23 69.89
0.1 77.64 71.02 68.68 69.56
02 7779 71.25 67.85 68.94
0.3 78.02 72.13 67.43 68.79
04 7779 72.14 67.33 68.88
05 77.03 71.14 67.28 68.88
06  75.89 70.71 67.56 68.87
0.7 74.45 69.46 65.28 66.85
0.8  74.68 70.53 64.52 66.65
09 7498 71.06 63.95 66.43
1 73.76 70.26 61.76 64.49
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5.2.8 Injection of external vector embeddings

This method is similar to what we would discuss in section 5.3, which is incorporat-
ing external knowledge bases. The idea is to add additional external knowledge to the
model during the fine-tuning phase. As depicted in figure 5.2 we concatenate exter-
nal embedding vectors with the ones produced by the XLM-R model before feeding
the aggregate to the classifier head. These embeddings are created using an external
lexicon such as Mohammad [91]’s lexicon or by obtaining embeddings from a model
such as LASER. At a more advanced level, we also try to adopt the method proposed
by Suresh and Ong [100] to inject external vector embeddings. They utilize matrix
operations to combine external vector embeddings with the ones from the model.
There we first create feature vectors of sentences by assigning the valence, arousal,
and dominance scores (v, a,d) to each word forming a vector representation of the
sentence. The output embedding for an n-word sentence is then represented by [, as
shown in Eq. 5.6 after being padded to have a fixed length (/V). It is then combined
with the embedding matrix (H,) produced by the XLM-R model at the final layer of
its encoder. If the [CLS] token representation (i.e- the first row of the matrix H.) is
denoted by hy, then our final representation (h;) is taken as shown in Eq. 5.8 and 5.9,
which is fed to the classification head.

H. = {via1d; vaa9ds ... vya,d, x1 ... T} (5.6)
K = concat(H., H,) (5.7)
s = softmax(h} . K) (5.8
h =st K (5.9)
)

XLM-R embeddings External
embedding vectors

Fig. 5.2: Injecting external embedding vectors
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5.2.9 Initial results

In Table 5.2 we present the results we obtained for the set of techniques we experi-
mented with on the Sinhala sentiment classification dataset. Most of them failed to
produce a superior performance compared to the baseline and many of them were
falling behind the baseline result. Some of the techniques were performed with the ini-
tial 4-class sentiment dataset before adapting the 3-class version of the dataset. Hence,
those results are also included in the table. All the results are reported as macro-F1
scores which were averaged across 3 randomly initiated runs.

TABLE 5.2: INITIAL RESULTS OBTAINED USING EACH ALTERNATIVE

METHOD

Method macro-F1 score
Baseline (4-class) 63.48
Multi-task learning (sequential-with Si news domain dataset) 60.88
Instance weighting 62.18
Different classifier heads (LSTM) 61.6
Replacing sentiment words with English translations 49.86
Baseline (3-class) 69.61
Multi task learning (sequential-with En sentiment dataset) 70.98
Sentences translated to English 26.89
Some sentences translated to English 68.65
Integrating external knowledge base (lexicon 5.2.8) 16.83
Further fine-tuning after integrating external lexicon (from previous) 59.37
Integrating LASER embeddings 61.37

Fine-tuning with adapters included (task adapter trained with En sentiment dataset) 70.45

5.3 Proposed Technique

After the initial experiments with the above set of techniques, we devise a novel method
to improve text classification results of the sentiment classification task for the Sinhala
language. Our method follows two steps of fine-tuning with one intermediate fine-
tuning. This newly suggested method improves sentiment classification results for
Sinhala and a few other languages. This proposed novel method can also be considered
comparable to Ke et al. [101]’s idea of integrating external knowledge. However, we
make use of lexicons instead of the pre-training technique used by them.

5.3.1 Motivation and related work

As mentioned in Chapter 3, existing techniques for low-resource languages mainly
focus on explicit alignment of words or parameter-efficient methods such as adapters
other than building additional language resources (i.e.- new corpora or data augmen-
tation). Using parameter efficient methods does not offer superior results to standard
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fine-tuning sometimes. The issue with most explicit alignment methods is that they
are not trivial to implement. Inspired by the idea of auxiliary sentences proposed by
Sun et al. [130], we experiment with auxiliary sentences extracted from the 3-class
English sentiment dataset with the Sinhala sentiment dataset. By intuition, we hypoth-
esize that such an auxiliary phrase would be able to give an external alignment signal
to the model. Compared to Sun et al. [130]’s method we use longer phrases. Since
3-class (Positive, Neutral, Negative) sentiment classification is a more generally fol-
lowed task, we adapt 3-class sentiment classification from here onward for our Sinhala
dataset. Thus, we remove the Conflict class, which is also an ambiguous class label.

5.3.1.1 Utilizing the lexicons

As mentioned in section 5.3.1 we draw initial ideas from Sun et al. [130]’s method
but we devise our method as a two-stage fine-tuning technique. This is due to that CL
(Chapter 2) has shown promising results for improving downstream task results.

5.3.2 Steps of the proposed technique

Based on the above initial findings, the steps of our technique are planned as below.
Following the auxiliary sentences approach similar to that of Sun et al. [130], we use
generated additional phrases which we coin a term Auxiliary phrases (AP) . We use
a lexicon to generate the APs and utilize them in an intermediate fine-tuning stage as
described in the following section. In a summary, the proposed method comprises of
two stages,

* We prepend a set of APs from a high-resource lexicon to each training data sam-
ple in the target low-resource language dataset. This synthetically augmented
dataset creates a binary classification task. In other words, AP and data samples
having the same sentiment are labeled as a positive instance (1), or else, a neg-
ative instance (0). This binary classification task is considered an intermediate
fine-tuning task. We fine-tune a multilingual model for this intermediate task.

» After the fine-tuning with the intermediate task, we further fine-tune the model
for the original dataset (without APs) as the final fine-tuning step. We then infer
predictions on our test dataset.

5.3.2.1 Intermediate Fine-tuning with Augmented LRL Data

We use a data augmentation method to synthesize the required data for the intermediate
fine-tuning task in this step. First, the words for the synthesized APs are selected con-
sidering their valence scores provided from the high-resource language lexicon (Fig-
ure 5.3). Then, these created APs are prepended to the original data samples of the
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target language dataset. The selected MMLM is fine-tuned as an intermediate fine-
tuning step with this augmented dataset. Finally, the augmented dataset is discarded
and fine-tuning continues only with the low-resource language dataset (see Figure 5.4).
The initial hypothesis to follow this step is that we think the auxiliary phrases would
be able to perform a certain degree of cross-lingual alignment of the sentiment words,
using this intermediate fine-tuning task.

We select appropriate sentiment words (to create the APs) from the high-resource
language lexicon as described above. They are then transformed into phrases by con-
sidering all the permutations of the selected words. To select the best APs, we use a
separate MMLM fine-tuned on a 3-class (positive, negative, neutral) sentiment classifi-
cation dataset of the same high-resource language'. As shown in Figure 5.3, we select
the best AP(s) by feeding them to the second fine-tuned language model and filtering
the phrases that give the highest positive output logit value for the intended sentiment
class. Each AP has a specific sentiment based on the words they contain. Our APs
resemble a structure similar to “Universal Adversarial Triggers" [131]; however, we
use sentiment words from a lexicon to create the APs whereas Wallace et al. [131]
create trigger phrases with a refined subset of the model vocabulary (with no reference
to sentiment words from an external lexicon).

An augmented dataset is created by prepending APs to the sentences in the target
language dataset >. When the AP and the target language data sample have a similar
sentiment, the augmented sample is labeled as 1, and O otherwise. An example of creat-
ing and selecting the APs using Sinhala is shown in Figure 5.4. There, terms in the AP
contain neutral sentiments (i.e.-valence scores in the (0.4,0.6) interval), which means
the AP bears a neutral sentiment. The Sinhala phrases are translated as; " "There’s more
here than we know" and "This work should be given maximum punishment" which are
labeled as neutral and negative (respectively) in the original dataset.

5.4 TImplementation details

5.4.1 Datasets and Lexicons

For Sinhala sentiment classification, we use a 3-class version (Positive, Negative, Neu-
tral) of the dataset published by Senevirathne et al. [120]. As mentioned previously,
we remove the Conflict class. For the English dataset, we select a couple of publicly
available 3-class datasets (Potts et al. [132] and US Twitter sentiment analysis®). For
reporting results we have US Twitter sentiment analysis dataset. We also use a German

'"We create the required fine-tuned model with our English dataset but it could be a different model
fine-tuned on the same 3 classes. This fine-tuning is a one-time task.

2From experiments, we found that prepending provides slightly better results than appending APs to
sentences

3https:/iwww.kaggle.com/crowdflower/twitter-airline-sentiment
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Fig. 5.3: Selecting APs.

ternary dataset (from GermEval-2017 task) which is also considered as a high-resource
language®. Additionally, we use Vietnamese (from VLSP-2016 task’), Tamil [133] and
Bengali [134] language datasets. They can be considered as mid resource languages
(category 4 and 3 respectively according to Joshi et al. [8]’s categorization of lan-
guages).

For the lexicons we mainly utilize VAD sentiment lexicon [91] that contains 20
000 sentiment words with their valence, arousal and dominance scores (continuous
values) and VADER [92] which contains 7520 sentiment words/emoticons. For further
experiments we use a publicly available Sinhala sentiment lexicon®.

To identify positive, neutral, negative words in the lexicon we first manually de-
fine valence score intervals. We verify this manual selection by providing a set of APs
in English to an English fine-tuned model and observing that the model predicts the
expected sentiment classes. As an example for creating APs, we choose the 3 most
positive words from lexicon (e.g.- VADER); magnificently, ilu, aml and create permu-
tations from them. The permutations are then fed into a fine-tuned model and the best
is selected by the highest logit value output for positive sentiment class prediction. In
this example, we expect negative, neutral and positive predictions at indexes 1,2 and 3
respectively from the model output array. Hence, here we choose the 4th permutation
in the list.

1. aml magnificently ilu: [-2.0061314, -1.4377168, 3.1962798]

“https://sites.google.com/view/germeval2017-absa
Shttps://vlsp.org.vn/resources-vlsp2016
Shttps://github.com/binodmx/helasentilex
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2. aml ilu magnificently: [-1.8522748, -1.5239806, 3.1405883]
3. magnificently aml ilu: [-2.0096264, -1.4296048, 3.1805775]

4. magnificently ilu aml: [-1.9999465, -1.4706941, 3.1985717]

5. ilu aml magnificently: [-1.6413125, -1.6105448, 3.0310764]
6. ilu magnificently aml: [-1.9787084, -1.4326444, 3.1722727]

Below we present some example APs produced by the two lexicons we use in our
experiments.
VAD lexicon

* Positive - very positive magnificent love happy, joyful greatness happiest happier
* Neutral - aardvark bluff bookseller token, mushroom rigging bowler sifting

» Negative - shit suffering died toxic, decayed pain murderer chaos

VADER

* Positive - magnificently ilu aml, euphoria ecstacy hearts sweetheart

Neutral - borer skeptics %)

* Negative - slavery raping rapist, murder rape kill terrorist

5.4.2 Experimentation setup and Baseline

We first obtain results for each language dataset under a vanilla fine-tuning using XLM-
R-base model. Then, zero-shot results are also obtained for the dataset by using an
XLM-R-base model which was fine-tuned on our English (Tweets) dataset. Next, for
our newly proposed technique, we form an intermediate binary classification dataset
for each language using the lexicons. There we randomly select 50% of the original
dataset sentences/documents to be prepended by APs which creates positive instances
and the other half to be negative instances.

For all the experiments, we use a single GPU resource which is similar to the one
described in Chapter 4. The code implementations are carried out using Tensorflow and
Pytorch. For reporting the results we use macro-F1 score averaged across 3 randomly
initialized runs. We present the hyperparameters used in Table 5.6. AdamW [122] was
used for all fine-tuning tasks.
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Fig. 5.4: Two stage fine-tuning method proposed.

Dataset Train/Test Epochs Learning rate Batch size
English 13176/1464 3,1 Se-6 16
German 20941/2566 2,3 " 16

Sinhala 11833/1314 4,3 " ;

Tamil 15694/1743 3,2 ! !

Bengali 14853/3000 5, 4 ! "
Vietnamese 4123/1050 1,4 ! "

5.5 Results

Table 5.4 reports the baseline, zero-shot and the results obtained from the proposed
method. There, zero-shot refers to the scenario that we vanilla fine-tune XLLM-R model

TABLE 5.3: Parameters used for each dataset

with English dataset and predict class labels for other datasets.

5.5.1 Ablations

In order to to analyze the output with the change different variable parameters in our
proposed technique, we carry out several experiments as an ablation study. For all the
experiments, we use the Sinhala sentiment dataset. We identify below as the variable

tudies

parameters in our ablation study.

¢ Number of different APs used
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Dataset Baseline Zero-shot QOur Method

English 80.17 - 81.32 (+1.15)
German 65.56 48.29 66.66 (+1.10)
Sinhala 69.61 62.23 71.19 (+1.58)
Tamil 63.87 43.46 64.67 (+0.80)
Bengali 42.73 40.20 43.26 (+0.33)

Vietnamese 71.33 57.61 71.69 (+0.36)

TABLE 5.4: macro-F1 scores of experiments comparing our method against each
language’s baseline on XLM-R (base)

* Number of words in a single AP
* Language of the APs
* Lexicon used

We then observe the outputs by changing the above parameters. For the number
of words in an AP experiment (2nd variable in the list) a single AP was used. For
experiments with the first two variables in the above list, we create APs in the English
language. Figure 5.5 shows the output results (macro-F1) for the two experiments.

71.5
71

70.5
70

69.5
69

68.5
68

67.5 e No. of phrases/class  ess.=== No. of words/phrase
67

1 2 3 4 5 6 7 8
Fig. 5.5: macro-F1 scores for the results by changing the no. of APs and no. of word

In order to change the language of AP, we select from the set of English, Hindji,
Tamil, Bengali, and Sinhala. There, we keep to a number of APs as 2 and 4 words
maximum in an AP, following the results from the previous two ablation experiments.
Additionally, we create random APs in English using randomly picked words from the
English lexicon (without following our procedure of identifying the best APs). For
changing the lexicon, we choose from VAD sentiment lexicon and VADER. Table 5.5
shows the results for the rest of the varying parameters.

Finally, in order to get a glimpse of the effect of our technique on the embedding
space of the model, we try to visualize embedding vectors of some sentiment words
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AP attribute F1

Baseline - vanilla fine-tuning 69.61
1. APs in different languages

English 70.56

Sinhala 69.66

Tamil 70.28

Bengali 69.16

Hindi 69.73

2. Randomly selected APs 67.66

3. APs created with different lexicons
VAD Sentiment Lexicon 70.56
VADER 69.99

TABLE 5.5: Results for experiments with varying attributes of the APs for Sinhala
sentiment dataset.

in Sinhala and English. We hypothesize that the sentiment word embeddings for Sin-
hala words should be weakly positioned (i.e.- not aligned properly according to their
meanings) in the embedding space. We observe how the word embeddings created
by the XLLM-R-base model for several sentiment words change when our method is
used. [CLS] token’s representation was used as the word vector for each word. We
select 16 positive and negative words in English and Sinhala languages, which are also
present in our training data and the VAD lexicon. We perform a dimensionality re-
duction using Truncated Singular Value Decomposition (Truncated SVD) followed by
t-SNE [135] to obtain 2 dimensional (2D) representations of original XLM-R embed-
dings for the words. For dimensionality reduction, we set a fixed random state (We
use Scikit-Learn’s implementation’) and try with different perplexity values for t-SNE
in [1, 50] interval and choose the visualization producing the lowest Kullback-Leibler
(KL) divergence after 1000 iterations (perplexity value=10). The obtained visualiza-
tion is shown in Figure 5.6.

5.6 Adapter based experiments

We also trained a couple of adapters (language and task) based on Pfeiffer et al. [2]
adapter architecture, which we integrate into our proposed two-stage method. We in-
clude each newly trained adapter in the XLLM-R model and fine-tune further with our
proposed method to observe any improvement in results. We newly train an English
language adapter based on the 3-class English sentiment dataset we use in our ex-
periments as well as task adapters for sentiment classification using the same English
dataset and Sinhala 3-class sentiment dataset. The main idea was to benefit from the
additional parameters introduced by adapters to the model. we train a language adapter

https://scikit-learn.org
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Fig. 5.6: Visualization of XLLM-R-base word embeddings without applying our
technique (circle markers) and after applying our technique (triangle markers). The
blue markers represent positive sentiment words and red markers represent negative

sentiment words.

in English primarily considering it would help the model with high-resource language
knowledge. However, we do not observe improved results. This could be due to that,
even though we introduce additional parameters to the model by the means of adapters,
the model does not get to train (or fine-tune) with new data, as we use the same datasets
for adapter creation. Since the results are lower in the initial experiments, we do not
continue with all the possible experiments with adapters for the datasets.

Dataset w/ En Lang. adapter w/ En task adapter w/ Si lang. adapter
German 42.92 - -

Sinhala 69.54 70.19 69.52

Tamil 44.64 - -
Vietnamese 55.00 - -

TABLE 5.6: Macro-F1 scores from adapter based experiments with the proposed

method
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5.7 Discussion

The results in section 5.5 shows that the proposed method do not consistently per-
form across all the languages. Yet, it shows comparatively high results for English,
German and Sinhala. We hypothesize the output results vary based on two factors,
which are, the quality of the target language dataset or its baseline performance, and
the similarity of the target language to the language of APs (English). Using a tool
such as lang2vec® [136] language similarities can be numerically quantified. With the
aforementioned tool, based on their genetic (phylogenetic) similarity to English the
languages can be listed as below. This can be also considered according to the lan-
guage family, where

1. German
2. Bengali
3. Hindi
4. Sinhala
5. Tamil

6. Vietnamese

In the results obtained, it can be observed that the high results for German can
directly be due to its closeness to English (in both lists). Although Sinhala is more
distant from English than languages like Bengali or German are, it shows good per-
formance with our method. This could be due to that the better baseline performance
of the Sinhala dataset that we use. In other words, we think the low results occur for
datasets such as Bengali as their baseline performance was weaker than that of Sinhala,
even though they are more similar to English .

In our set of ablation experiments, we observe that not all the auxiliary phrase
constructions contribute to result improvement. This could be mainly due to that the
model tends to overfit when the external information carried in the auxiliary phrases is
not at the optimum level. This is reflected by the experiments of varying the number
of APs used and the number of words per AP experiments. In our experiments, we
find maximum two APs with 4 sentiment words per each AP is provides the highest
gains observed. Unsurprisingly, using English as the language of APs, yield the best
results. This shows that using high-resource languages such as English can benefit
model fine-tuning for low-resource language datasets. Using random words to cre-
ate APs degrades the results as we can expect randomly picked words to hinder the

8https://github.com/antonisa/lang2vec/
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strength of the sentiment value contained in an AP. In other words, an AP created with
randomly picked words would not produce a clear external signal to the model whereas
our proposed method focuses on creating APs that have only relevant sentiment words
belonging to a particular sentiment class. Among the two lexicons, the VAD sentiment
lexicon produces better results. This could be due to that the VAD sentiment lexicon
offers more words with fine-grained sentiment values. Moreover, using From t-SNE
visualization we observe that our proposed method performs an alignment of sentiment
words to a certain extent. We assume that our proposed method can perform a change
of word vectors’ position in the latent space of the XLM-R model. Further probing and
experimentation could help to identify at which model layers this process takes place.
It would further help to optimize the proposed method and also to understand how the
word vectors are positioned in multilingual vector space. It also consolidates the idea
of how the model identifies words/text bearing similar meanings based on how they
are positioned in the vector space.
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CHAPTER 6
CONCLUSION AND FUTURE WORK

Transformer-based pre-trained language models have become a standard tool for mod-
ern NLP tasks. However, the under-representation of low-resource languages like Sin-
hala in these models is a challenge to overcome considering many aspects. Transformer
based multilingual language models offer a workaround to this problem. They include
multiple languages in a single model and low-resource languages can also benefit from
transfer learning. Yet, it is still debatable whether monolingual or multilingual models
are the best for any given language-task pair [53, 59, 62]. In this research, we first
compare the performance of a few such Transformer based monolingual and multilin-
gual language models for a set of Sinhala text-classification tasks including sentiment
analysis, news source classification, news topic classification, and writing style classi-
fication. We also pre-train two new Sinhala monolingual models (“SinBERT") based
on RoBERTa, and a large Sinhala monolingual corpus. We identify that the multi-
lingual XLM-R-large model consistently stays ahead of the other models for all the
classification tasks. This is due to the large amounts of data used to pre-train the mul-
tilingual model, the high number of parameters in the model (high model capacity),
and the transfer learning that takes place within the model. This result is in line with
many findings such as However, our newly pre-trained monolingual models show bet-
ter performance surpassing the XLLM-R-base model for low dataset sizes thus proving
smaller monolingual models are useful compared to the large multilingual models.

In the following part of our research, we focus on devising a novel method to im-
prove downstream task performance for a sentiment analysis task in Sinhala. There,
we primarily focus on the multilingual XLM-R-base model. First, we experiment with
some techniques and a few of their variants that already exist in the literature such as
data augmentation, adapters, etc. However, these experiments do not yield consistent
improvements (mainly) on our Sinhala dataset and some of these methods are complex
to implement practically as well [85, 100]. We propose a technique that uses an exter-
nal knowledge base (lexicon) of a high-resource language like English and a two-stage
fine-tuning method. Our method performs a cross-lingual alignment between the high-
resource language and the target low-resource language. We further experiment with
a few other languages which are high, mid, or low-resource languages, and observe
varying gains for each of them. We think that these varying gains are based on the
language similarity and the quality of the dataset.

Continuing from the first part of our findings, we expect that our newly pre-trained
models can be further experimented on other NLU tasks such as NER such that new
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benchmarks can be produced for NLU datasets in Sinhala as future work. For the
second part of our research we can further test the proposed method on other language
datasets and other models as we primarily used XLM-R model in our work.
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