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ABSTRACT

In the area of natural language processing, due to the large-scale text data availability
sentiment analysis has become a prevalence topic. Sentiment analysis is a text
classification which is mainly focusing on classifying recommendations and reviews as
positive or negative. Earlier for this classification task, most of methods require product
reviews and label them. Using these reviews then a classifier is trained with their
relevant labels. For this training procedure a huge number of labeled data is needed to
train these classification models for each of the product, considering the facts that the
distribution of the reviews can be different between different domains and to enhance
the performance of these classification models. Nevertheless, the procedure of labeling
the data is very expensive and time consuming. For low resource languages like Sinhala
language, the existence of annotated Sinhala data is limited compared to the languages
like English language. The need of applying classification algorithms in order to perform
sentiment classification for Sinhala language is challenging. Apart from applying
traditional algorithms to analyze sentiments, here using pre-trained models(PTM)s,
experimenting on whether the outcome of these experiments outperform the traditional
methods. In natural language processing, PTM is performing an important role, since it
paves the way for applying PTMs for downstream tasks. Therefore, this research takes
the step to applying PTMs such as BERT and XLnet to classify sentiments.
Experiments have been done using two approaches on BERT model as fine tuning the
BERT model and feature based approach. Also using the existing Roberta-based Sinhala
models, named as SinBERT-small and SinBERT-large which are available in

Huggingface official site which have trained using a large Sinhala language corpus.
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1 Introduction

1.1 Background

Recently, sentiment analysis is setting off as a considerable research area,
because of the rapid increase of information for opinions which are available on the
internet [1]. Simply, sentiment analysis can be described as the method of determining
opinions, sentiments, emotions and attitudes towards a product, services, organizations,
services etc [1]. Sentiment analysis also can be defined as opinion mining, evaluation
extraction and emotional polarity judgement. Nevertheless, most of the machine learning
techniques work properly according to the assumption where train data and test data are
in same domain. If they have different domains which means not in same distribution
and same feature space, then one such built statistical model may not work well for
another domain. Therefore, using training data which are gathered freshly, from the
scratch the statistical models need to be rebuilt. This is where the transfer learning
approaches can be useful since the cost for re-collecting data and rebuild models can be
reduced. Knowledge transfer or transfer learning is beneficial in the area of sentiment
analysis which leverage the existing knowledge to solve different problems in different

domains [2]. In relation to transfer learning later came pre training models.

1.2 Research Problem

Sentiment analysis mainly targets on predicting sentiment polarity as positive or
negative automatically. Using traditional classification algorithms, the labeled text data
can be trained to perform the sentiment classifiers manually. The process of labeling the
text data is expensive and time-consuming to build accurate sentiment classifiers. On the
other hand, in different domains most of the time users tend to use different words when

they want to convey their sentiment. If we try to use a classifier directly to other
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domains which was trained in another domain, then the applied classifier may not
perform well because of the differences among these domains [3]. Therefore, the
question which rise is that whether we can use those statistical models which have built
from a certain domain to another domain [1]. When it comes to other low resource
languages it is again a challenging to do sentiment classification. Since it is difficult to
find large datasets with labeled texts and therefore need to infer sentiment from a small
dataset. Then there is another question whether the results will be better due to the

experiments are done on small datasets.

1.3 Research Objective

Huge amount of user generated sentiment data is existing on the Web with the
explosion of Web 2.0 services. These data can be found as user reviews in opinion sites
or in purchasing sites or in blog posts or customer feedback [4]. Sentiment analysis, is
studied broadly since most of the time users don’t give their sentiment directly, hence
the sentiment needs to be predicted from the data indicated by users [4]. Algorithms
used for supervised machine learning have used extensively and it has been proven that

these algorithms give promising results in sentiment analysis [5].

Nevertheless, the performance of these machines learning methods require to
provide labeled training data which are labeled manually. Moreover, these methods are
domain dependent. Therefore, the objective of this research is to come up with an
effective approach for transfer learning. Furthermore, after looking at related work
which have done for English language and then to find out whether we can apply these

approaches for Sinhala language which is a low resource language [5].



2 Literature Survey

Sentiment analysis has been performed on many languages and it has been an in
demand research. Therefore it leads to finding out what are the efficient methods to
carry out the experimental methods. Earlier approaches using traditional statistical
models have been widely used. But after the concept of transfer learning it paves the
way pre pre-trained models. Therefore, before taking into consideration the pre-trained
model, it will be beneficial to look at what transfer learning is and how we can leverage
transfer learning techniques. There are researches in the area of transfer learning since
1995 and it has different names such as life-long learning, learning to learn, inductive
transfer, knowledge transfer, multi-task learning, context sensitive learning, knowledge
consolidation, meta-learning, incremental/cumulative and learning knowledge-based
inductive bias [2]. In the year of 2005, a novel operation of transfer learning has been
given the Broad Agency Announcement (BAA) 05-29 of Defense Advanced Research
Projects Agency (DARPA)’s Information Processing Technology Office (IPTO).
Whether a given particular system can identify and put in the learned knowledge and
skills to current tasks which have learned from previous tasks. They are defining that the
transfer learning targets on extracting the learned knowledge from one or more source
domains and then applying that learned knowledge to another target domain. When
comparing with the mulit-task learning, transfer learning mainly focuses on the target
task where the multi-task learning focus on learning from each and every source and
target tasks at one time. In transfer learning, parts of target and source tasks are no more

symmetric [2].



The comparison among the learning methods of transfer learning and traditional
approaches are shown in Figure 1. According to the following figure, transfer learning
approaches attempt on transmitting the learned knowledge from previous domain to
another target domain where the last-mentioned part is consisting of a small amount of
high-quality train data. On the other hand, traditional machine learning approaches

attempt on learning each task from scratch. [2].

; ; i : ; Learning Process of Transfer Learning
Learning Process of Traditional Machine Learning

Different Tasks Target Task

CEXRRXEL
i1 11 1
e )

(a) Traditional Machine Learning (b) Transfer Learning

d-o

Figure 1: Different Learning Approaches, for Transfer and Learning Traditional Machine Learning. Adapted from [2]

When looking at the definition of transfer learning, in a literature survey it has
summarized the association among various transfer learning and traditional machine
learning settings are shown in Table 1, where they have categorized the transfer learning
under three sub-settings, unsupervised transfer learning, inductive transfer learning and
transductive transfer learning considering various circumstances among the source

domains and target domains and also between source tasks and target tasks.



Learning Settings

Source and Target Domains

Source and Target Tasks

Traditional Machine Learning

the same

the same

Transfer Learning

Inductive Transfer Learning /
Unsupervised Transfer Learning

the same

different but related

different but related

different but related

Transductive Transfer Learning

different but related

the same

Table 1 Relationship among Various Transfer Learning Settings and Traditional Machine Learning. Adapted from [2]

The association between the transfer learning settings and their relevant fields are

showed in Table 2 and Figure 2.

Table 2 Different Settings of Transfer Learning. Adapted from [2]

Transfer Learning Settings Related Areas Source Domain Labels | Target Domain Labels | Tasks
Inductive Transfer Learning Multi-task Learning Available Available Regression.
Classification
Self-taught Learming Unavailable Available Regression.
Classification
Transductive Transfer Learning | Domain Adaptation, Sample | Available Unavailable Regression.
Selection Bias, Co-variate Shift Classification
Unsupervised Transfer Learning Unavailable Unavailable Clustering.
Dimensionality
Reduction




C ] > Self-taught
/ < Learning

i No labeled data in a source domain

Inductive Transfer /
/ Learning

: ! Lab 7ailable in a so in i
Tl E A i Labeled data are available in a source domain i

in a target domain Source }i‘nd Multi-task
Case 2 target tasks are i :
“ S Learning

simultaneously

Transfer —— | Labcleddataarc Assumption:

Learning oddagstion st W . Transductive different  ;—» Domain
source domain = i domains but £
Transfer Learning (< S — Adaptation
single task
No labeled data in : :
both source and Assumption: single
tareet domain domain and smgle task
\ Unsupervised Sample Selection Bias

Transfer Learning /Covariance Shift

Figure 2 An Overview of Different Settings of Transfer Learning. Adapted from [2]

In the area of Natural Language Processing (NLP) there are large amount of
work carried out using algorithms for domain adaptation which is a sub categorization of
transfer learning. Most of the work which were conducted earlier the data of source
domain was considered being “prior knowledge”. Then trained a model for the target
domain data applies maximum a posterior (MAP) estimation under this prior distribution
[6]. Likewise, porting a parser to a new domain for which there is small or no annotated
data, the enhancements that need to be applied will be enormous. Like active learning,
model adaptation paves the way for reducing the number of annotations which is
essential for a better performance. As a matter of fact, active learning combining with
MAP may decrease the needed number of annotations [6]. Additionally, though the
environment of a maximum entropy (ME) model uses source domain data when
estimating prior distribution. Recently the ME model has been experimented where a

mixture model is introduced for domain adaptation to learn variations among domains

[7].



2.1 Sentiment Analysis

Leveraging many techniques together with semantic orientation and machine
learning approaches, sentiment analysis can be carried out. When accomplishing these
kinds of problems using existing models which uses machine learning techniques, the
data that requires to get inserted into these models are labeled for its relevant sentiment
before classifying the data. After annotating the input data, leveraging the machine
learning approaches like Naive Bayes, SVM or neural network which are supervised,
then the sentiment analysis can be performed. In this approach in order to train a

reasonable model it is essential for a substantial annotated corpus.

However, unsupervised classification does not require a training dataset. Turney
[4] introduced an unsupervised classification technique that classifies reviews as
recommended (thumbs up) or not recommended (thumbs down). Proposed solution
contained three steps. First step was to extract two-word phrases from reviews which
conforms to a given pattern. This was done using Part of Speech (POS) tagging. Table 2
lists the used patterns. If we take third pattern of Table 3 as an example, it indicates to
extract all the phrases which the first (JJ) and second (JJ) words are adjectives and third
word is not a noun (NN). Step two was to estimate Sentiment Orientation (SO) of the
extracted phrases using Pointwise Mutual Information (PMI). PMI between two words is
given by Equation 2. Here p (wordl & word2) refers to the probability that wordl and
word2 co-occur. Therefore, PMI calculates the degree of statistical dependence among
two words. Sentiment Orientation is calculated using PMI and two reference words.
‘Excellent’ and ‘Poor’ was selected as reference words as in 5-star rating scale they refer

to the extreme cases of positive and negative cases.

Step 3 calculates the average Sentiment Orientation of all phrases in review.
Algorithm classifies a review as positive if its average SO is positive and negative
otherwise. Evaluation results shows classifier accuracy in between 65% to 85% in

various application domains.



Lin et al [36] introduced a fully unsupervised method (joint sentiment/topic-
JST) based on probabilistic modeling. Model employed both sentiments and topics to
classify sentiment orientation of a document. JST was extended by adding a sentiment
layer to the state-of-the-art topic classification model, Latent Dirichlet Allocation
(LDA). Accuracy was further improved by using various sources of prior information.
Preprocessed movie review dataset was used for the evaluation. Evaluation results
shows accuracy values up to 85% which was very close to supervised approaches. It is
was identified that use of prior information such as Mutual Information increased
accuracy values significantly (up to 15%). Turney et al [37] introduced another
unsupervised training method which used Pointwise Mutual Information to find out
sentiment orientation. PMI was calculated using intuitively chosen seven opposing word
pairs (seven positive and seven negative words). For evaluation they employed a corpus
of one hundred billion words with a test word set of 3596 words (1614 positive, 1982

negative). They were able to achieve accuracy of 80%.

Even though unsupervised learning techniques are flexible [36] than their
counterpart, they generate generalized models which does not fit well for a specified
problem. Most of the time unsupervised techniques can be improved using prior
information, making them semi-supervised or supervised. Furthermore, unsupervised

techniques have poor performance compared to supervised learning techniques.

Mainly sentiment analysis is concerned towards getting insights from product
reviews given by customers that can be a help for businesses to expand their customer
satisfaction, to more considerate about their product quality and to reach out for many
customers. Although several firms do not tend to use real-time existing tools of
sentiment analysis, the majority of large tech firms are making the most from the
significance of sentiment classification engines already. Researches have been done to
study the many approaches to execute tasks of sentiment classification using a collection
of datasets which can be accessed from public. Nowadays internet has become as
something that we cannot live without and it has important part in our day to day lives,
now the people can get notifications regarding medical advices through various online
platforms, articles etc. Moreover, the Internet sometimes misleading information to scam
people through scammers and therefore some might declare that the internet isn’t the

8



perfect platform. Hence there has to be a better measurement to direct the quality of the
services for a better service. Using the given reviews and ratings sentiment analysis here

are also focusing on implementing better sentiment analysis models.

2.2 Related Work

2.1.1 Sentiment Analysis Using Transfer Learning

There are more techniques which have been done relying on data to conquer the
distribution of features differences among different domains which are not labeled in the
target domain. Influencing with alternating structural optimization (ASO) algorithm
which is an algorithm mostly used in multi-task learning. One of the main problems in
machine learning is whether we can enhance the performance of a supervised learning
algorithm making use of unlabeled data. Techniques which leverage both unlabeled and
labeled data are usually indicated as semi-supervised learning. Several such methods
have proposed in the recent time and in such methods trying to find a suitable way for
their effectiveness. Some researches investigate a similar problem that make the way for
a new procedure to semi-supervised learning. Specifically, one such research considers
from multiple learning tasks, learning predictive structures on hypothesis spaces which
means, finding the classifiers that give better predictive results. They propose a common
framework where the problem of structural learning be able to formulate and
theoretically examined and associate it to learning using unlabeled data. Using this
structure, algorithms are proposed for structural learning and can be investigated for
computational issues. Through their observations they are demonstrating in the semi-

supervised learning setting the successfulness of the proposed algorithms [8].

Another research has been proposed using structural correspondence learning
(SCL) for domain adaptation in sentiment classification focusing on online reviews for
different types of products. In this research they are addressing two questions which are

important in domain adaptation. First, they have showed that they can notably using the



structural correspondence learning Blitzer model for a provided source and target
domains. For connecting the source domains and target domains SCL selects a set of
pivot features. Source domain consists of labeled data and target domain is consisting of
unlabeled data. These pivot features are chosen considering the mutual information with
the source labels and the common frequency in source domains and target domains.
Moreover, they revealed a method of correcting the structural correspondence
misalignments by making use of only a little number of labeled target domain data.
Afterwards, they were providing a procedure in order to choosing the source domains
which are more suitable to adapt well for specified target domains. Due to adaptation the
unsupervised A-distance measure of separation among domains with loss correlates

better [9].

There has also been another work in investigating carefully domain adaptation in
structuring of features. They have suggested a function that can be mapped to a high-
dimensional feature space for both source and target domains data called as kernel-
mapping function. Using the same domain those data points have taken as twice as
closely related as the data points from various domains [11]. In another research they are
scrutinizing a new machine learning approach named as translated learning. But this
research has been carried out on image classification. For translated learning an
instinctive idea is translating the training data in to a target feature space, where learning
is experimented through a single feature space. This kind of researches have already
been demonstrated in cross-lingual text -classification successfully in several
applications. Using this translated learning they are proposing a procedure which utilizes
a language model. Through this language model class labels are linking in the source
spaces to features and then again translated in the target spaces to the features. By
tracing back to the instances in the target spaces this series of connection is
accomplished. Making use of Markov chain and risk minimization, they are revealing

that this can be modeled which is the path of linkage [12].

Further there’s another research which have come up with a strategy to learn an
Eigen feature representation utilizing spectral learning theory from a task graph feature
representation, class labels and instances [14]. Through this research they are
introducing a framework on general transfer learning which can be modeled for various

10



problems of transfer learning such as self-taught learning and cross domain learning.
Through their structure, implemented a task graph, as the initial step to act as the transfer
learning task. Afterwards, based on spectral learning theory acquire a set of Eigen
vectors which is reflecting the inherent framework of the task graph. The obtained
eigenvectors are using as novel features that the knowledge will be transferring from
supplementary data to assist the process of classifying the target data. For the task of
target transfer learning, EigenTransfer have the capability of bringing out a transfer
learner appropriately, for a given a task of transfer learning and a random learner such as
SVM which is non-transfer leaner. To demonstrate the unifying ability on Eigen
Transfer, they are experimenting on various transfer learning tasks as self-taught
learning, cross-category learning and cross-domain learning. Through their experiments
they showed that the Eigen Transfer is outperforming some representative non-transfer

learners [14].

In a similar way, another research has constructed a bipartite graph using the
spectral feature alignment (SFA) algorithm to represent the co-occurrence association
among domain-independent words and domain dependent words. SFA algorithm making
use of some domain-independent words as a connection between domains. Feature
clusters have been produced using co-align domain-independent words and domain-
specific words. Like this method, the clusters have utilized to minimize the space among
domain-specific words for a given two domains. Using these cluster train sentiment
classifiers can be trained accurately in the target domain [15]. The approach of graph-
based has also been investigated in which a graph is constructed with nodes indicating
edges and documents. Also indicating content similarity among provided documents.
Proposed algorithm allocates a score for each and every predicted document and it
calculates the score recursively using the correct labels in old domain data, and also the
“pseudo” labels in new domain data. Eventually, in this method the new domain data are
labeled as “positive” or as “negative” considering the score. Until it converges from its
nearest documents the correct labels of source domain documents and also the “pseudo”
labels of target domain documents [16]. Later the mentioned procedure has been
enhanced by scrutinizing associations among documents and words originating at source

domains and target domains simultaneously. This technique can fully utilize the
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reinforcement among words and documents by combining four kinds of associations
among the documents and words. First, they have constructed three graphs considering
the above associations individually. Afterwards, for every unlabeled document they have
assigned a score to indicate its scope to “positive” or “negative”. Subsequently using the
graphs calculate the score iteratively. Eventually, when the algorithm intersects the final
score for sentiment analysis have obtained, then based on the given scores, they are

labeling the target domain data [17].

At the same period in another research, they have addressed the problem where
the class label of provided input data from predictive distribution of the different domain
and suggested Predictive Distribution Matching SVM which learns in the target domain
a robust classifier. This is achieved by using the labeled data from applicable regions of
multiple sources only. To recognize the regions of relevant source labeled data
iteratively, build a k-nearest neighbor graph. Through this graph the predictive
distribution lines up with the target data maximally. To use these applicable sources
labeled data for training the target classifier, proposed a predictive distribution equal
regularization. Additionally, to deduce the label of unlabeled target data, progressive
transduction is acquired for approximating the predictive distribution of the target

domain [18].

A novel approach using Bayesian probabilistic model have been proposed to
control different source and target domains. Using this model every word is related with
three factors. These factors are domain dependence/independence, Domain label and
word polarity. Furthermore, from this research they have obtained an algorithm which is
efficient for deducing the parameters of the model leveraging the Gibbs sampling, from
both labeled texts and unlabeled texts. They are demonstrating the effectiveness of the
built model in a document polarity classification task leveraging the real data. This
model is comparing with an approach not taking into account the differences among the
domains. Furthermore, from their method they can show if each word’s polarity is
domain-independent or domain-dependent. Because of this feature for each domain a

word polarity thesaurus can be built [1].
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In real-time web applications enables live discussions. Real time sentiment
classification is known as the ability analyzing user sentiments and opinions
automatically as discussions develop in these real time web applications. Nevertheless,
this process is leading to many challenges. One such challenge is that the requirement of
handling the highly dynamic textual data which is distinguished by its subjective
meaning and changes in vocabulary. Another challenge is that the limited number of
labeled data which is required to assist supervised classifiers. From aforementioned
research, they have proposed a technique to carry out real time sentiment classification
for transfer learning. They are trying to recognize a process of opinion holder bias
prediction that is firmly associating with the sentiment classification. Nevertheless,
when comparing with sentiment classification, it constructs models which are accurate
because of the underlying relational data considers a stationary distribution. To predict
content polarity rather than learning textual models for example, the procedure of the
traditional sentiment analysis, as the initial step over an users connected network
associated with endorsements such as Twitter retweets resolving a relational learning
task, toward a topic, they are measuring the bias of users of social media. Then
transferring user biases to textual features, they are analyzing sentiments. This technique
performs well since while old terms may change their meaning and new terms may
appear. As a fundamental thing of human behavior over time user bias tends to be more
consistent. Consequently, they have adopted user bias for constructing accurate

classification models as the basis [19].

Apart from the textual sentiment analysis recently, images and videos are
increasingly used by users in social media to share their experiences and convey their
opinions. Because of this vast-scale visual data can assist on extracting user sentiments
better toward topics or events, like in image tweets. Therefore, predicting sentiment
from visual data is supportive to textual sentiment classification. Using Convolutional
Neural Networks (CNN) the requirement of making use of wide ranging and at same
time noisy training data to resolve the very challenging issue of image sentiment
classification. For image sentiment classification first, they have designed an appropriate
CNN architecture. To label Flickr images by utilizing a sentiment algorithm, they have

obtained half a million training samples. They perform a progressive strategy to fine-
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tune the deep network to leverage these labeled noisy machine data. Moreover, by
leveraging domain transfer using only a small number of manually labeled Twitter
images they enhance the performance on Twitter images. They have experimented
extensively on labeled Twitter images. Results of the experiments are showing that the
suggested CNN architecture can perform more in image sentiment classification than

other algorithms manually [20].

A sentiment classification method has been proposed which is applicable when
there are some labeled data for other multiple domains and have no labeled data for a
target domain, which are selected as the source domains. They have implemented a
sentiment sensitive dictionary making use of both data that are labeled and unlabeled by
taking different source domains to automatically identify the relationship among the
words which convey similar sentiments from various domains. To train a binary

classifier to expand feature vectors the built thesaurus is used [27].

Based on the subjective knowledge conveyed in the reviews, the main objective
of sentiment analysis is to recognize the sentiment polarity of the reviews as positive or
negative. Normally, to train a classifier, almost all learning procedures require labeled
data. Nevertheless, acquiring labeled data from each domain is not practical and
allocating labels for every domain is cost effective and time consuming. Furthermore,
the classifier may not perform well which is trained in one domain and then applying to
another domain. Therefore, to resolve this issue, utilizing dual transfer learning that
learns both conditional and marginal distributions of features from source and target
domain, a technique have been introduced which develops the cross-domain sentiment
analysis framework. This technique is considering joint nonnegative matrix tri
factorizations (NMTF). Using the decomposed latent factors which exhibit the duality
property the two distributions are learned [28].
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2.1.2 Sentiment Analysis Using Transfer Learning for Other Languages

Apart from the English language sentiment classification have been carried out on other
languages such as Japanese, Chinese, Russian, German and Hindi. When applying
classification on other languages some researches have used new approaches by utilizing
the features of native language.

One such research which have been performed for Russian language and they have used
Bagging, Naive Baise classifier, Support Vector machines (SVM), POS tags and d-
grams. From their experiments they are reveal that the performance of SVM is better
than Naive Bayes from a small-scale margin. They also mentioned that the
lemmatization has huge impact for Russian language but not for English language [37].
Another experiment has been carried out for German language as well as for English
language using an architecture based on Convolutional Neual Network (CNN) and Long
Short-term Memory (LSTM). They are showing that their proposed model performs well
when comparing with models that are existing recently. Moreover, they are concluding
that without reducing the performance this model can be used for other languages or for
mixed languages [38].

For Hindi language also there are researches that have been carried out for sentiment
analysis. One of the research projects have taken three approaches and then the
performances of these strategies were compared. The three strategies are, using a Hindi
corpus to train a classifier to construct a classifier and then classify a given Hindi
document, translating a Hindi document to English and the train a model and last
approach is utilizing a majority-based classifier for Hindi SentiWordNet. Out of these
approaches they are showing that the first approach outperforms other approaches [39].
Another research has performed using a Hindi lexicon by projecting SentiWordNet’s
synsets into Hindi language. For various features classification have been performed
with stemming and using n-grams. They pointing out that there were errors when

translating and because of that reason their model didn’t perform well [40].
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2.1.3 Sentiment Analysis Using Transfer Learning for Sinhala Language

When considering about sentiment analysis, lots of researches have been done for
English language using transfer learning methods. But for Sinhala language which is a
morphologically rich language with an under-resourced language, there isn’t any
researches which have used transfer learning methods for sentiment analysis.

There are researches which have carried out using deep learning techniques for Sinhala
language. One such research performed sentiment analysis using more state-of-the-art
models like capsule networks and hierarchical attention hybrid neural networks and also
models like LSTM, RNN, Bi-LSTM. The text data have been collected from online
websites and classified them as POSITIVE, NEGATIVE, CONFLICT and NEUTRAL
classes. The dataset consists of 15059 news comments which are annotated as above-
mentioned classes. For this research we are using this text data since we can then
compare our implementation with their work [32].

There is another research which is much similar for the above-mentioned research but
doesn’t experiment using more techniques as the above research. The sentiment
classification is performed on Sinhala language using deep learning techniques such as
LSTM, CNN+SVM, logistic regression, Naive Bayes, random forests, SVM and
decision trees. Using Sinhala word embedding models these models were trained
consequently no language-specific features were used. Comprehensive research has been
done making use of models which are different regarding the dimensionality of the
effect of punctuations and word embeddings [33].

As the first research that have been carried out sentiment classification on Sinhala
language could be considered as the research with making use of document term
frequencies which use an easy feed forward neural network [34]. The same author did
another experiment for Sinhala language sentiment analysis using three different novel
techniques. One such experiment is to retrieve cross linguistic features which are
associated with the sentiment of Sinhala language. For this methodology used a bilingual
dictionary of Sinhala and English. Linguistic features specific for Sinhala Sentiment
analysis have been introduced by further analyzing this experiment. Then classification

algorithms and techniques have applied for the lexicons which have generated from the
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earlier steps. Support Vector Machines and Naive Bayes machine algorithms have
utilized statistical classification algorithms [35]. There exists another research for
Sinhala language which uses a semi-automated approach which is based on a sentiment

lexicon generation [36].

2.2 Sentiment Analysis Using Transformer Models

2.2.1 Transfer Learning and Transformer Models in NLP

2.2.1.1 Attention

Among the existing models for sequential data RNN model is most popular for
analyzing text and also has been a huge success for numerous other Natural Language
Processing tasks. Moreover, for autoencoders encoders and decoders of the main body,
RNN models is used which is mostly used for tasks like language translation.
Nevertheless, for the same task training process cannot be parallelize using these RNN
based models. Even the testing environments have large memory and computing power
it is difficult to making use of RNN efficiently, that can be used to decrease the training
time cost. Consequently, during training RNN models can be cost inefficient specially
when training tasks of language models which are large models. Furthermore, if the
sequential data is too long then the RNN model will suffer. Because of the dependencies
with the sequential data and from these lengthy dependencies, it will be hard to learn for
RNN models. As a solution for this problem methods have been proposed such as
LSTM, but still these models can be further improved. To handle this lengthy

dependency issue soft memory-based attention has been introduced [41].

As shown in the figure 3, using attention technique the encoder will have the access to
previous decoder output, weighted sum of all hidden states and also for the previous

decoder hidden state.
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Figure 3 Graphical illustration of attention. Adapted from [41]

As shown in figure 3, in the attention technique allows the part of encoder to have the
accessibility to previous decoder hidden state, previous decoder output and the weighted
sum of hidden states of all encoders. It has allowed the decoder to gain more knowledge
in a sequence when predicting the target word. During the prediction y: means y at time ¢
and it’s depending on preceding outputs < yr and also in all hidden layers, the weighted
sum is taken from the layers. The layers are s: which is the decoder hidden state and c:is

the encoder. Correspondingly, the mathematical formula for s: y: and c: can be shown as
(5,1),(5,2) and (5, 3).
PO YL o Vi1, X) = &Wi-1, 81, ¢) -> (5.1)
Equation 1: Formula for y at time t
St =f(Se-1, Vi-1, C) ->(5.2)
Equation 2: Formula for st
¢,=XNia; % h; =~ (5.3)

Equation 3: Formula for ct
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Leveraging the attention mechanism, the decoder can memorize or in other words for a
dependency of long-term input, giving attention is enhanced successfully. In the area of
NLP these discoveries have assisted on various applications, for example language

translation since it has a critical problem of long dependencies.

2.2.1.2 The Transformer

There may exist many kinds of long-term dependencies for example, dependency
between the sequences of input and output, dependency between the input sequences
coming to itself and dependency between outputs sequences itself. These types exist
when using any auto encoders when modeling a sequential data. From the attention
mechanism which is explained in the earlier section attempts on resolve only the
dependency between input and output sequences. Therefore, autoencoders which are
based on RNN are suffering due to long-term dependency between the sequence output
and sequence input which contain tokens itself also which are used by traditional
attention. Additionally, from parallelizing the process of running between multiple
resources, it is difficult to quicken the training. It happens due to the fact that the
encoder and decoder has been blocked by used RNN units, where the each hidden unit
output is depending on the previous output unit. Therefore, issue of parallelization has
been there in all encoder-decoder models which leverages transitional attention

techniques.

Inspired from earlier mentioned autoencoders challenges in attention mechanisms, then
the transformer model has proposed to overcome these challenges. Transformer model
leverages self-attention mechanisms only without RNN based encoder-decoder structure.
This paves the way for the parallelization of resources in the model to training and
because of that effectively decrease the training time. Moreover, all types of long

sequence dependency issues are resolved as mentioned above.
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Figure 4: Architecture of transformers. Adapted from [53]

2.2.1 Sentiment Analysis Using BERT

Research has done using social media data, to detect and track the trending social
media events and topics which is beneficial to found out many unanswered questions.
For this topic, detection there are applying a transformer combined incremental
community detection algorithm which is combining of different modules including
BERT, multimodal named as entity recognizer and graph strategies. This is a graph
mining technique which increases the results of the topics using a simple structural rule.
There proposed solution is showing a higher precision and recall when comparing with

other procedures [31].



On the other hand, there are some researches which have done using transfer learning-
based approaches for other languages. One such research has investigated on Japanese
language using transfer learning methods such as ELMo, ULMFiT and BERT which uses
pre-training a language model through an unsupervised manner. They are concluded as the
performance has increased of techniques in transfer learning than the models which trained as
task specific models on three times as much as the data [42].

For the Persian language sentiment analysis have performed using BERT, version of un-
normalized multilingual model which is developed for 103 languages. They have
showed that their BERT model outperformed skip-gram LSTM or CNN [51].

Another research has been carried out for Italian language using BERT for sentiment
analysis. They have also showed that their fine-tuned BERT model performs well than
the other state of the art systems [43].

2.2.1.1 BERT

Bidirectional Encoder Representation of Transformers is shortened as BERT. It has been
implemented by developers at Google Al Language and it’s an unsupervised language
representation model which is based on deep learning. As the firstly implemented
unsupervised language model which is deeply-bidirectional is BERT. Previous language
models, before BERT, knowledge is acquired by text sequences from either combined
right to left or left to right contexts. Hence, these models in all layers are not
bidirectional. As seen in the following diagram, when comparing with other language

models, BERT consists of bidirectional architecture..

BERT (Qurs) OpenAl GPT ELMo

Figure 5: BERT Achitecture compared with other models: Adapted from [45]
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In learning representations, BERT is associated with deep bidirectionality leveraging a
new method named as Masked Language Model (MLM). This approach of deep
bidirectional paves the way to take in words and also the context of words which can be
taken from both sides of left words and right. When looking deeply for BERT structure,
it leverages the Attention model which is a popular model for bidirectional training of
transformers. By using this technique BERT declares that it has gained higher results for

natural language processing tasks and understanding tasks.

It is better observe the BERT’s architecture, before considering the usage of BERT for
natural language processing tasks such as text classification. BERT is a Transformer
encoder, which is multilayered and as well as bidirectional. The below diagrams depict a
12 layered BERT transformer model which is a BERT-Base version. Let’s take a

reminder for Transformer models that they are based on the Attention model.
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Figure 6: Overview of BERT Architecture: Adapted from [45]
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These models are called pre-trained models and these are multiple pre-trained model
versions which consist of changing numbers of attention heads, encoder layers and
hidden size dimensions. Here follows a list that contains available variants of different
models.

A = Number of self-attention heads.

H = The hidden size.

L = Number of Layers (Transformer Blocks)

2.2.1.2 Methods of Using BERT

For text classification, BERT is leveraged as a model in three different approaches.

1. Fine Tuning Approach: On the last layer of the pretrained BERT model, add a
dense layer on top of it and after that train the entire model dataset which is a

task specific.

2. Feature Based Approach: In feature based technique, from the pretrained
model, features that are fixed have been extracted. Without fine tuning from
many layers or one layer, the activations have been extracted. These embeddings
which are contextual have been leveraged as input for particular tasks to
downstream networks. In the BERT paper, some strategies have been mentioned

for feature extraction are referenced below:

a. Weighted Sum All 12 Layers

b. Concat Last Four Hidden

c. Extracting Last Hidden Layer

d. Extracting Second-to-Last Hidden Layer
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3. As word-embedding: In word embedding approach, using the trained model to
token embedding has been generated. Token embedding is also called a vector
representation of words for an end to end Natural Language Processing tasks
without fine tuning. The generated token embeddings are then used for particular

tasks such as text classification, summarization, topic modeling etc.

2.2.1.3 Different BERT Models

e BERT-Large

BERT-Large consists of 24 layers, 1024 dimensional output hidden vectors and 16

attention heads. There exists uncased and cased variants for each model.

o BERT-Base

This model has 12 encoder layers with 12 attention heads and has 768 hidden sized

representations.

e MBERT

A multilingual BERT model using 104 highest-resource languages from Wikipedia have
been pretrained. [45]

e RoBERTa

This model is an enhanced version of the BERT model. This model has been trained on
a larger dataset that removes the next sentence prediction and also includes a dynamic
masked language model training regimen. On multiple NLP tasks, RoOBERTa model

matches or exceeds the overall performance of BERT [47].
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e XLM-R

This model has been trained on 100 languages and it is a transformer-based masked
language model, leveraging a large data set which consists of more than two terabytes of
filtered CommonCrawl data. On a various cross-lingual benchmarks, this model

outperforms MBERT [48].

e [aBSE

This model combines the finest approaches for learning cross-lingual and monolingual
representations comprising translation language modeling (TLM), masked language

modeling (MLM), additive margin softmax and dual encoder translation ranking [49].

2.2.1.4 Fine-Tuning BERT

An experiment has been performed for reviews on Vietnamese language using mainly
two fine tuning approaches on BERT. One such method is using the [CLS] token for a
neural network which is an attached network as an input. The other method uses all out
vectors of BERT for the input of the classification. They are experimenting on two
datasets and reveal that the BERT model is moderately outperforming the other pre-
trained models. For the classification these models are also using the technique GLove
and FastText for word embedding. They have introduced a fine tuning BERT technique
and its performance is better than the existing fine tuning method of BERT [50].
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2.2.2 Sentiment Analysis Using XLNet

Using XLNet and BERT transformer models' sentiment analysis has been
performed on Tigrinya language which is a low research language. First, they have
created a new dataset since there was no existing dataset which can be used for
analyzing sentiment for Tigrinya language. Apart from the transformer models they have
introduced a new transfer learning method, where a trained model can be utilized for an
unseen low resource language. They are demonstrating that the XLNet model has been

outperformed the BERT model [44].

XLNet models have been used for another research which is performed for
Arabic language. Arabic language is also a low resource language and due to that
reason, it’s quite a challenge to perform sentiment analysis accurately. Pre-trained
models can overcome this problem since it has been trained on a big dataset and then it
is fine-tuned to experiment on downstream tasks. They have implemented a model
named as AraXLNet which used the XLNet pre-trained and then it has been trained on a
large dataset on Arabic language without annotations. Their experimental results, the
newly introduced AraXLNet model, have gained higher results for the task of sentiment

analysis using many datasets as benchmarks [52].
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2.2.3 Sentiment Analysis Using ELMO

For many Natural Language Processing tasks, word embeddings take an important role.
Word embeddings simply mean the words are represented in a form of numerical using
vectors, consist of several hundred dimensions. Word2vec, Glove and FastText are the
most typical word embeddings which have used in most cases. But the problem with
these word embeddings are they do not identify the context of the words and therefore it
is difficult to convey polysemous words. Elmo ((Embeddings from Language Models)

have been introduced to overcome this problem and gives a contextual component.

Research has been carried out for seven languages Croatian, Estonian, Finnish, Latvian,
Lithuanian, Slovenian, and Swedish which uses Elmo model for precomputed word
embeddings. They are demonstrating that the Elmo models give better results than the
non-contextual word embeddings. And also, they are showing that the volume of the

datasets also an important factor when creating word embeddings [55].

2.2.3 Sentiment Analysis Using ULMFit

Since recently the people are more engaged with social media, they tend to share
their information through these platforms. Sometimes, they are sharing crucial
information like storms, flood, volcano eruptions, earthquakes and many more disasters.
Therefore, it has shown that the social media provides great amount of data on natural
disasters [29]. Because of the enormous number of unlabeled data, to filter out the data
effectively is very challenging. One of the research projects has been carried out to
detect localized floods utilizing Twitter, the social sensing model. With minimal labeled
data this model contributes to give a reliable, accurate and efficient flood text
classification. They have used inductive transfer learning method to carry out the text
classification. It is a pre-trained language model named as ULMFiT and classifying the

flood related data effectively they are fine tuning the model [30].

27



2.3 Multilingual Transformer Models

Considering the wide area of many Natural Language Processing tasks where
pre-training is used, mono-lingual transformer models have accomplished better results.
Nevertheless, the most regular transformer models use the languages which are highly
resourced languages as English for pre-training. There can be many reasons for this such
as it is easy to find large-scale datasets. On the other hand, the cost of training for
transformer models which are language dependent. In contrast, from a dataset multi-
lingual transformer models attempt on pre-training a transformer model that is gathered
by many languages. Consequently, across many languages these models can be
generalized by supplying some shared representations which are used for all languages.
Most of the languages which do not have a mono-lingual transformer model on its own
make most of it from this technique. As the first multi-lingual transformer models
MBERT (Multi-lingual BERT) have been introduced which has been trained used by
dataset that consists 0of104 languages. When training this mBERT 110k size of a shared
vocabulary is used. The objective function of BERT and mBERT is same which is
explained in the previous sections and the only difference between these models is for

pre-training they use different datasets.

XLM is another multi-lingual transformer model which has performed well and it
attempts on using the existing labeled dataset from introducing a novel language model
named as TLM (translation language model). Like the model BERT MLM, this model
leverages a language model which is auto-encoding. Nevertheless, the major objective of
TLM is the need for having the novel knowledge from another translation of input

sequences of language B when predicting a target word of language A.
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3 Research Methodology

The main intention of this research is to perform sentiment analysis for the Sinhala
language leveraging transfer learning methods. Among the existing state of the art
transfer learning-based approaches like ELMo, ULMFiT and BERT, for this research the
experiments done on BERT which is more sophisticated word embedding techniques
and which can be utilized to grasp semantic and syntactic knowledge of the language for
sentiment analysis. Then the experimentation is performed on built BERT models which
is already available on HuggingFace website. These models are Roberta-based Sinhala
models, named SinBERT-small and SinBERT-large which have implemented by a
group students at University of Moratuwa. Apart from the BERT, using the XLNet pre-
trained model it is experimented whether it provides better results for the sentiment

analysis task.

In this section what kind of data have been used and how this research has been

performed on the collected data will be described.

3.1 Data Collection

For this research two datasets are using to do experiments which also have been used for
previous researches. The main objective of this data collection is that we can use the
results of the previous experiments as a benchmark for this research. As mentioned in
the section 2, most of the sentiment analysis which have been carried out for Sinhala
language are based on the deep learning models, supervised learning techniques like
Naive Bayes, Support Vector Machine (SVM) maximum entropy and standard sequence
models like RNN, LSTM, Bi-LSTM, and also most recently used models as capsule
networks and hierarchical attention hybrid neural networks that are commonly used in
sentiment analysis. Therefore, results of this research can be compared and contrast the

previous researches.
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The two datasets consist of news comments collected from newspaper articles. One
dataset extracted comments from an online news site named as Lankadeepa.lk because
this site has a lot of different categories comprising politics, economy, society, sports,

culture and crime with manually moderated comments.

The other dataset acquires data from two local news websites Lankadeepa.lk as well as
from GossipLanka which is a popular website among the users even though it doesn’t

have printed version.

For both of the datasets, the comments are manually annotated as POSITIVE,
NEGATIVE, CONFLICT and NEUTRAL. Calculated Cohen’s kappa value for the first
dataset was 0.52 and for the dataset it was 0.65.

1%t Dataset:

Negative comments: 1998
Positive comments: 2125

Figure 7: Count of Positive and negative comments

2 Dataset:
Negative comments: 3868
Positive comments: 2558

Figure 8: Count of Positive and negative comments
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3.2 Data Preprocessing

For both data sources the comments are extracted from news articles. Therefore, pre-
processing and polishing data takes place as an important role before the text
classification tasks. Since the texts such as comments and reviews entered by users
doesn’t represent the polish which can be seen in a proofread document. The following

have been carried out for this research.

= Removing emoji

= Remove numbers

=  Remove punctuations
= Removing stop words

=  Stemming

Removing emoji

Emoji is a new way of expressing opinions on social media and there are lot of emojis
can be seen in comments and reviews. Since there are different kind of emojis and it is
difficult to categorize which are positive comments and negative comments. Therefore,

as preprocessing technique emojis are removed.

Removing punctuations

Non-letter characters and numbers does not contribute any special meaning to
comments. Including these characters in the study will make inaccurate decisions when
deriving the sentiments. However, from previous research it has been found that even
though the most of the punctuation marks affect the performance of the models. That
research concluded that the models will perform better if we remove punctuation marks
without the question mark. Since the question mark is commonly associated with
negative comments. To identify negative comments from the rest it will be a much
suitable feature [b]. Therefore, we remove these characters (!@#3%"&*() +{}[1:;",./<>)

from our data set except question mark (?).

31



Removing stop words
For Sinhala language Stop words did not have positive effect on the classification

performance. Stop words are the words that are mainly used words in a document. @&

/baval, ®a /me:/ , & Je:/, DS /nam/, 9 /ha:/, e9e3 /ho:/, €3¢0 /saha/, and £5©®
/samogo/are few examples of such words in Sinhala. Hence, we remove these types of
words.
Stemming

Stemming is the process of removing affixes from a word to derive the base word or

root. For an example, if we consider the word “25YB€o /kri:da:/”, it can have many

variations such as HBEIDD /kri:da:vots/, OENDe: /kri:da:ve:/, THOENDSS

/kri:da:van/, 258800® /kri:da:va/ etc. Even though all these words are related to “zBe)

/kri:da:/”, model will identify them as different words. Therefore, we need to consider
only the roots of words. From a sentence the words can be tokenized using the Sinhala
tokenizer from Sinling. Further we can stem the words from this library which is capable
of deriving the stems of the Sinhala words. But stemming process is still in experimental

stage [54].
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3.3 Sentiment Analysis with BERT

For this research, sentiment analysis is performed using pre-trained BERT model. Here
follows how the BERT is working and model architecture of the methodology which
have used to build a sentiment classifier. BERT (Bidirectional Encoder Representations
from Transformers) is an embedding Layer which has built to train deep bidirectional
representations from Transformers and released in late 2018 [45]. It is a procedure for
pre-training language representations which is utilized to generate models which Natural
Language Processing (NLP) practitioners can download and can utilized these models
freely. On the other hand, these models can be used to extract language features which
are high quality from our data or else we can fine-tune these models on a given task such
as entity recognition, question answering, classification etc [46]. Therefore, there are
two main procedures for BERT as fine-tuning and pre-training which has visualized in

the figure 5.
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Figure 9: Pre-training and fine-tuning models in BERT: Adapted from [45]
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In both procedures the same architecture has been used except for the output layers.

The attention architecture processes the all-input sequence at the same time, allowing all
input tokens to be processed in parallel not like the recurrent models or traditional

sequential models. Architecture of BERT with layers is depicted from Figure 6.
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Figure 10: The layers of BERT architecture: Adapted from [45]

The main advantages of using such models as BERT can be defined as quicker

development, less data and better results [43].

3.4 Fine Tuning with BERT

There are pre-trained models for English and other 103 languages are defined in BERT.
Fine-tuning these mentioned pre-trained models can be done for our requirements
appropriately. In this research we are slightly training a model using two datasets on top
of an already trained checkpoint. This is the approach behind fine-tuning. To perform

sentiment analysis, we are fine-tuning the multilingual model.
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The hierarchical architecture which has been used for this research is shown in figure 11.

=

Figure 11: Architecture of the proposed model of BERT

Two data sets are using for our experiment and evaluate the model which have been
used for previous researches. The first dataset consists of 2125 negative comments and
1996 positive comments. Therefore, we are creating a small dataset of to be the same
size of the negative and positive comments while performing preprocessing techniques

on the data.

Then we need to transform the preprocessed data to fit into BERT model which means

transforming the data which can be understand by BERT. There are two steps in order
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achieve this process. Transformers library provides a constructor which can be used to
initiate a list of InputExample objects. Following structure needs to be there for

InputExample.

e text a:is the text data which needs to get classify

e text b: To understand the association among the sentences when we are training
a model, this parameter can be used. Can set this as blank since it is not
applicable to our analysis.

e Label: is the sentiment which is given as POSITIVE or NEGATIVE

When providing inputs for deep learning models, the inputs need to be in a certain kind
of format. Vectors of integers is the mostly used format each value representing a token.
Therefore, each text needs to be transferred to a list of indices that can be inserted into
the model. The tokenizer is using for this process and we also need to add special tokens

to the list of ids.

As the mnext step we need execute another method named as
glue convert examples to features to deal and manage other additional details which are
required when transferring text to be eligible for BERT. Using Transformer library, we

can directly transform data into features.

As the last stage we can fine-tune the BERT model after declaring some
hyperparameters which can be used when performing the training such as the loss, the
evaluation metric and the optimizer. For this we are leveraging
BertForSequenceClassification which is a BERT model with an added single layer on
top for classification which can be used as a classifier. When we insert the data into the
model, the entire pre-trained model and the additional untrained classification layer is

trained on our given process.

36



3.5 SinBERT -small and SinBERT-large

v

Figure 12: Architecture of Proposed Model with SinBERT

Research has been done to use already existing pre-train two monolingual Roberta-based
Sinhala models, named SinBERT-small and SinBERT-large which are available in
Huggingface official site. https://huggingface.co/NLPC-UOM. These models have been
trained using a large corpus for Sinhala language. Since due to high usage of
computational costs it is really difficult to train such models. Therefore, using these pre-
trained models we can perform sentiment analysis for Sinhala and compare with other

researches whether the pre-trained models are outperforming the other available models.


https://huggingface.co/NLPC-UOM

3.6 Architecture of Proposed Model with BERT with Feature Based
Approach

Pos
Neg
FFNN + Sigmoid
A
LSTM
BERT
T1 T 2 T T T T 256
[CLS] Tok2 Tox3 Tok4 Tok5 Tok 256

Figure 13: Achitecture of BERT Model with Feature Based

For this approach comprising the token [CLS] all of the BERT model output is used.
The output consists of a format of matrix SEQ LEN* h. From the input sequence the
largest length has been taken as the SEQ LEN and the length of hidden vectors is
declared as h. Leveraging this output matrix, we can take this as an input for the other
classification models. Here we can use the other classification models such as RCNN,

TextCNN and LSTM.

For this research we are using the LSTM classification model. LSTM is shortened for
Long Short Term Memory and among the existing RNN (Recurrent Neural Network)
models, LSTM model is the popular method. The main advantage of this model is its

focusing on the dependence distance issue of the traditional RNN model. Therefore in
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this approach, the layer of LSTM is extracting the features from output acquired by the

BERT model.

4 Experiments

When performing the experiments Google Colab notebook used since it would take so

much time when executing the implementations on a CPU. These environments contain

virtual machines consisting of 25GB high memory and high-end GPUs like P100 and

T4. The implementation has been build using Python language and libraries such as

Keras has used to experiment and evaluate the implementation which was defined in this

paper.
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Figure 14: Analysis for Data Preparation for db1
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4.1 Evaluation - BERT

The experiments performed on two data sets and the training and validation loss as well

as accuracy is visualized in the figures 15 and 16.

Dataset 1:

Training and validation accuracy

0.70 1

0.68 1

0.66 -

0.64 -

0.62 4

—— Taining acc
—— Validation acc

Training and validation loss

056 1

—— Taining loss
—— Validation loss

10 15 20 25 30 35 40 45 50

Figure 15: Training validation loss and accuracy for dataset

Dataset 2:

Training and validation accuracy

- Taining acc
— Validation acc

T T T T T T T T T

10 15 20 25 30 35 40 45 5.0

0.65 4

0.64 4

0.63 4

0.62

0.61 1

0.60

0.59

Training and validation loss

— Taining loss
—— Validation loss

10 15 20 25 30 35 40 45 5.0

Figure 16: Training validation loss and accuracy for dataset 2
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We can make predictions based on the trained model as shown in figure 17 and 18.

Dataset 1:

comment: 8eBegm @2 DD B 6@ wHNed erncues’

, actual label: NEGATIVE, predicted label: o

comment: 2 ®ME e@HNY Doad) 8WBE Dz scmmes Jeed Baxies! 0 Des > 2B Ao 3de 26 enmsl OB |
, actual label: NEGATIVE, predicted label: @

comment: @z 22 Gad 2Be 66 EEiEnE H® 98860 sdim mxiessl W8 ednmzeds 20EDHEMD Fozed BEE O cDME
, actual label: NEGATIVE, predicted label:

comment: &7 s by o d@Paddhrens’ wxicadd medmnd eh

, actual label: POSITIVE, predicted label: @

comment: @z 480 O @80

, actual label: POSITIVE, predicted label: 1

comment: &f0168) 3 coznd AASE 23 ece wBiend sBaffixs

, actual label: POSITIVE, predicted label: @

comment: ®BEHE 3y 620@IBD BSHS EENEHEN 2 UHH DD 68 & ¥BAm BB DO y» » B

, actual label: POSITIVE, predicted label: 1

comment: @e¢l 29200 @wEzs e 90 wE HEHH 2536’ »e 99 dme WSHIex]

, actual label: NEGATIVE, predicted label: @

comment: @¥ne BO®E ®mim »Osd 6l

, actual label: POSITIVE, predicted label:

comment: 68 M ™ ®™SE OBE By

, actual label: NEGATIVE, predicted label: @

Figure 17: Predictions for dataset 1

precision recall fl-score  support

L) @.55 8.82 8.65 485

1 a.7a @.39 @8.58 535

accuracy 8.59 1828
macro avg 8.62 e.6@ 8.58 1828
weighted avg 8.63 8.59 8.57 1e28

41



Dataset 2:

comment: %62 3D %020 RSO ¥0xlm Bl D I edmn

, actual label: 4, predicted label: 1

comment: @@ Hmzies] 6@ wmrEizNd gfuns’

, actual label: 2, predicted label: 1

comment: @GBS Hlem®m WEHm 6d emizens 38 28 mEmdg

, actual label: 2, predicted label: 1

comment: @oimndd £ eemnd #Y) » 86 eh

, actual label: 4, predicted label: 1

comment: e g3 asysf

, actual label: 4, predicted label: 1

comment: @@ cefaed dhmdies m8D mixes’ mmies Bl e 28 250 0@fmedd mslmed: cxler’ e 9D @OEm ¢
, actual label: 2, predicted label: 8

comment: 89910 350DV erne=xid® 2Es 2D 20608
, actual label: 2, predicted label: 1

comment: ®8 af82] 32 Hemzm

, actual label: 4, predicted label: 1

comment: £ sazn 2853

, actual label: 4, predicted label: 1

comment: BB O E06H 2B OB vzl BB

, actual label: 4, predicted label: 1

Figure 18: Predictions for dataset 2

precision recall fl-score  support

8 .32 .25 .28 482

1 8.37 8.45 a.4a 394

accuracy a.35 796
macro avg 8.34 8.35 8.34 796
weighted avg 8.34 8.35 a8.34 796

Finally, we can see that the accuracy is much higher for the second dataset which 0.63.

Evaluating the BERT model
13/13 [==============================] - s 486ms/step - loss: 8.5533 - accuracy: @8.6955
[©.5532885193824768, ©.60954837589346088]

Figure 19: Accuracy for dataset 1

Evaluating the BERT model
16/16 [==============================] - 85 519ms/step - loss: 8.68%2 - accuracy: 0.63e4
[©.6099381446838379, 8.63835921341856857 ]

Figure 20: Accuracy for dataset 1
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When comparing with the previous researches which have done using classification
methods the BERT model outperforms most of the traditional classification techniques.
The figure 19 shows the results of the earlier experiments which have been done for data

set 2 for the task of sentiment analysis for the Sinhala language.

Model Accuracy(%) Precision(%) Recall{%) F1 Score(%)
RNN 58.98 42.93 54.98 4230
LSTM 62.88 70.95 5193 54.50
GRU 62.78 60.93 62.78 54.83
BIiLSTM 63.81 61.17 63.81 57.71
CHNN + GRU 61.59 60.41 61.59 54.19
CHNN + LSTM 61.89 57.82 61.89 55.30
CHNN + BILSTM 62.72 59.54 62.72 58.53
Stacked LSTM 2 61.92 56.92 61.92 53.17
Stacked LSTM 3 62.48 54.76 62.48 53.67
Stacked BiLSTM 2 63.18 60.50 63.18 57.78
Stacked BiLSTM 3 63.13 69.71 46.63 59.42
HAHNN 61.16 71.08 48.54 59.25
Capsule-A 61.89 56.12 61.89 53.55
Capsule-B 63.23 59.84 63.23 39.11
Figure 21: Benchmark
[Algorithm’ cision  [Recall core

Naive Bayes

© 9.7769461078]

0.8407407407

0.6906906907|

0.7529021559

Decision Tree

0.7654690619

0.7611056269

0.7597597598

0.7664015905

SVM 0.869261477| 0.9230769231] 0.8048048048, 0.8598930481
RNN LSTM 0.8645833313] 0.8917127072| 0.8531468531] 0.8617191671
Logistic Regression 0.8677644711 0.9160997732| 0.8088088088| 0.8591174907
Random Forest 0.8592814371) 0.9115958668) 0.7947947948| 0.849197861

Figure 22: Benchmark
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4.1 Experiments with SinBERT-small and SinBERT-large without Stop
Words

Dataset 1

Accuracy |Fl-score Precision Recall
SinBERT-small 0.85 0.59 0.57 0.60
SinBERT-large 0.79 0.61 0.67 0.64

Table 3: Experiments with SinBERT without StopWords for db 1

Dataset 2

Accuracy | Fl-score Precision Recall
SinBERT-small 0.82 0.72 0.62 0.54
SinBERT-large 0.82 0.51 0.63 0.62

Table 4: Experiments with SinBERT without StopWords for db2

4.2 Experiments with SinBERT-small and SinBERT-large with Stop
Words

Dataset 1

Accuracy | Fl-score |Precision | Recall
SinBERT-small 0.81 0.65 0.60 0.59
SinBERT-large 0.83 0.60 0.57 0.56

Table 5: Experiments with SinBERT with StopWords for db1

Dataset 2

Accuracy | Fl-score | Precision Recall
SinBERT-small 0.82 0.69 0.63 0.66
SinBERT-large 0.88 0.61 0.54 0.54

Table 6: Experiments with SinBERT wit StopWords for db2
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The above results have been obtained using both of the datasets and performing
sentiment analysis using the pre-trained models named SinBERT-large and SinBERT-
small. Table 3 and table 4 contain the results before analyzing the sentiment as a data
preprocessing task, it was mentioned that to remove stop words. But here as the first
experiment, sentiment analysis task has been carried out without stop words. As the
second approach removal of stop words has been done as a data preprocessing task and
analyse the sentiment. The results for that experiment included table 5 and table 6. From
this it is showing that the stop words are also giving some contribution for the sentiment
analysis task. Both of the models have a slightly higher value with the stop words. It
might be the case where when training the models as the input from the raw corpus,
models are taking the full sentences. Therefore, when analyzing sentiment stop words

may also contribute when determining the sentiment.

4.3 Experiments on Feature Based Approach Using BERT

Dataset 1:

- =
. 0.59 0.57

BERT 0.6955

BERT-LSTM 0.6820 0.73 0.75 0.74

Table 7: Experiments with Feature Based for db1
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Dataset 2:

Accuracv Precision Recall

0.630

BERT-LSTM 0.725 0.715 0.736 0.726

Table 8: Experiments with Feature Based for db2

4.4 Evaluation — XLnet

Dataset 1:

Test Accuracy of the model on vla data is: 52.43855555555556 &

Dataset 2:

' Test Accuracy of the model on vla data is: 63.5678391959799 %

When performing the experiments on XLNet models for sentiment analysis, it didn’t
outperform the results of BERT model. XLNet pre trained model is trained on English language

and it may be a reason that it didn’t perform well for Sinhala language.

46



5 Conclusion

This research targeted on applying transfer learning-based approaches for sentiment
classification for the Sinhala language. The dataset was collected from previous
researches in order to compare and contrast the most commonly used sentiment
classification methods and machine learning algorithms with the transfer learning
models. After going through a thorough survey on the state of the art transfer learning
based methods which have used for sentiment classification, BERT takes place a huge
place in sentiment classification for other languages. Using BERT some researches have
been performed for other languages. Since it already contains pre-trained models for

other 103 languages apart from the English language.

After performing experiments with the BERT the accuracy is high when comparing with
other methods of sentiment analysis except for capsule networks. The main advantage of
using these kind of pre-trained language models is, these models doesn’t require
resource intensive and time-consuming techniques for training the models. Even though
the Sinhala language have not been experimented by fine-tuned BERT models
previously, we can conclude that it can be utilized for Sentiment analysis of Sinhala

language.

Apart from the existing pre-trained models, a research group has trained a model named
SinBERT-small and SinBERT-large which was trained using large corpus. After using
these monolingual Roberta-based Sinhala models, the evaluation results became really
high. Therefore, we can conclude that these models can be used for downstream tasks as

sentiment analysis.
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5.1 Future Work

There are possible future enhancements and improvements can be done for this research

such as,

¢ The dataset only consists of Sinhala news comments, this can further be
improved by doing this research for data collected from social media like
Twitter, Facebook etc.

® This research focused only on BERT, but this can be further extended using
other models such as ELMO, ULMFit.

e For data preprocessing in this research, it has been omitted emojis. But emojis
can also be useful for determining sentiment. Therefore, using emojis sentiment

analysis can further improve.
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