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Abstract

Named entity recognition (NER) can be introduced as a sequential categorizing task
which contains a potential gravity in novel research arena. NER can be mentioned as
the foundation for accomplishing most common natural language processing (NLP)
tasks such as information extraction, information retrieval, semantic role labelling etc.
Even though plenty of attempts have been employed on NE type detection, still there
are plenty of avenues to be discovered under the NE boundary detection. Analyzing
Sinhala related contents which have been published in social media can also be
considered as one of the rising factors due to several human involvements in the recent
past. The ultimate goal which is to obtain a constructive deep neural framework for
determining named entity boundary detection has been achieved in a comprehensive
manner and the model has been tested using Sinhala related statements which have
been extracted through social media. Several objectives have been determined to
accomplish this task considering the existing baselines. Several novelties have been
identified to show off the uniqueness of this approach. Specifically, the novel concept
“Boundary Bubbles "’ has been used to identify the specific entity mentions considering
each head word for the identified named entities. VVarious experiments have been
conducted based on multiple evaluation criteria and the named entity boundary
detection model performs well with an average of 71% in Precision, 67% in Recall and
63% in F1 over the existing benchmarks. Hence this novel framework can be accepted
as a vital solution for determining named entity boundary detection under forecasting

various computational activities in social media.
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Chapter 1

Introduction

1.1 Problem Domain

Named entity recognition (NER) has been recognized as a growing research area under
natural language processing (NLP) [1]. Further, it can be introduced as a sequential
labeling task which contains a potential gravity in novel research arena. The overall
process of NER is to identify the textual spans and classify them considering specific
pre-defined categories such as Person, Organization and Location. NER can be
introduced as a mandatory task under Information Retrieval (IR) and Information
Extraction (IE). Named Entity Type and Named Entity Boundary can be visualized as

the two major components of Named Entities (NE).

On the basis of type aspect, NER can be divided into two groups such as coarse-grained
NERs and fine-grained NERs. Fine-grained types focus on larger NE types while
coarse-grained types have been recognized as the most prominent group for deriving
niche NE types along with their respective boundaries. Some of those coarse-grained
NER types would be Person, Organization, Location etc. On the other hand, deriving
the relative NE boundaries would be much complicated for the Fine-grained types. On
the basis of boundary aspect, another two groups can be generated such as Flat NER
and Nested NER.

So far, many research attempts have been showcased to uncover the innermost of Flat
named entities. Considering the most popular languages such as French, German,
English, Chinese etc. Flat NER has already been addressed and many of such
approaches have shown promising results in the recent past. Those approaches and
frameworks have been presented in constructive manner under Chapter 2. On the other
hand, nested NER can be introduced as a growing research area which has plenty of
unreached milestones up to the pinnacle stage. Hence, plenty of researchers have kept
their eyes towards this niche area. This is common for morphological rich languages

such as Sinhala where there is very limited number of natural language resources




available and languages such as English where there is an abundant resource which

have been developed under computational linguistics.

Nested named entity boundary detection is an unsmoked research area in which plenty
of researchers have kept their eyes on. This can be further mentioned as one of the
rising research areas of named entity recognition in Sinhala language. Mainly there are
three main paradigms of named entity recognition such as knowledge-based
unsupervised, feature based supervised and neural-based systems [2]. Most of the time
the neural systems have been adapted due to the availability of latent features and the
supportive of the sequential labeling. This is common for boundary detection as well
where most of the time, the neural-based systems have been adapted in those
mechanisms. In most cases, entity typing, and entity boundary detection have been
considered as two sub tasks inside the name entity recognition main task. Additionally,
interest for nested named entity detection has been grown up since decades yet most
of the prevailing state-of-the-art baselines and models have been limited to one specific
flat level at a specific time [3]. So, there is no doubt to mention nested named entity

recognition as the main upcoming research area under named entity recognition.

NER

NE Boundary

Fine-grained Coarse-grained Flat NER Nested NER

Figure 1.1. Hierarchy of NER




1.2 Background

Named entity boundary detection is worthwhile for some major NLP related activities
such as sentiment analysis, information retrieval, information extraction and machine
reading comprehension. So, it is really worthwhile of capturing this niche domain in
terms of facilitating so many other aspects in computational linguistics. It is important
to have a constructive scientific framework when managing the content which has been
circulated in social media. Sinhala has been identified and defined as a morphological
rich language under the category of Indo-Aryan languages [4]. It is spoken as the first
language around 16 million set [5]. Even though Sinhala is a morphological rich
language, still it can be categorized as a low NLP based resourceful languages [6].
Named entity boundary detection still can be recognized as an unknown area
considering Sinhala language. In terms of manipulating the social media contents
which have been published in Sinhala, it is really worthwhile to undercover these types
of niche domains. There are so many rules and regulations have been established for
maintaining the good governance of the social media for English contents but still there

is a vacuum for such type of a constructive system for Sinhala.
1.3 Motivation

Targeting statements, expressions, disputes etc. in web-based analysis carries a huge
demand in this field of business. Almost all the solutions which have been invented so
far for analyzing social media content would be fallen into English language preferred
approaches so that there is an enormous demand for a universal framework which
provides facilities for low NLP resources languages such as Sinhala. The ultimate
motivation of this research attempt is to develop such a framework for named entity
boundary detection for social media analysis. Detecting both NE boundary and NE
type for named entities as an aggregate mechanism will eventually tune up the
accuracy and performance of NE linking to knowledge bases. This proposed novel
framework allows to capture the named entity boundary detection along with their
respective named entity types where the overall solution is capable of handling

multiple domains including Sinhala.




1.4 Problem Statement

The usage of social media for various different kind of purposes has been increased in
an alarming rate. There is a high demand for a sustainable computational framework
for identifying and extracting such kind of various inputs which have been spread out
in social media, especially in low NLP resources-based contexts like Sinhala.
Identification of different kinds of named entities and named entity boundaries would
generate a huge impact when extracting such contents. The ultimate research question
is whether the proper identification of the named entities and their respective named
entity boundaries would be a leverage in extracting the contents based on different
scenarios, use cases and other related aspects which have been spread out in social
media under Sinhala context so that it would lead to prevent social issues and other

related subjective matters.
1.5 Research Aim

Application of a novel framework which is capable of detecting named entity
boundaries along with the respective named entity types for Sinhala related posts,
comments and statements which have been circulated in social media such as
Facebook, Twitter, and YouTube. This framework can be further introduced as a
specialized version for the domain Sinhala and is capable of enhancing up to a more

generalized version considering multiple domains.
1.5 Research Objectives

In terms of achieving the above-mentioned research aim, several research objectives,

which are the milestones of the overall study, have been listed down as follows.
Identify the existing mechanisms of NE type detection and NE boundary detection.

Through the accomplishment of this objective, it can be determined to discover on all
the recently developed systems and tools considering the NE type and NE boundary
detection. Considering the NE type detection, as it’s already been explained in detail
manner, the recently implemented systems on fined grained NER and course grained
NER have to be examined. On the other hand, considering NE boundary detection, the

latest research on flat NER and nested NER should be examined. Additionally, the




combined approaches where both the NE type and NE boundary detection have been
considered as an aggregated manner, should also be examined. Since there are so many
attempts have been made on these respective domains for different various languages,
the approaches should be analyzed for different languages. As an example, most of the
research are based on rich computational linguistics resources languages such as
English, French, Chinese etc. Since the scope has been specified to Sinhala domain, it
IS a must to examine such systems as well since those are useful for setting up the

fundamentals.
Identify the complexity, metrics, and relationships of statements in Sinhala.

Next important task is to examine and understand the structures of Sinhala related
statements. Sinhala language is a sub section of Indo-Aryan language category, which
can be mentioned as a rich morphological language but lack of the availability of
computational linguistics tools and other logistics [7]. Due to that aspect, there are
some complexity structures which have to be examined well before implementing
something on top of it. According to the research problem, considering social media
related statements, is something which should be analyzed considering the ground
level rules of the Sinhala language. In terms of understanding such ground level rules,
the complexity matrices and relationships of such matrices should be well determined.
Such complexity indexes are varied from understanding the character level information
to word level and even up to sentence level. As the second objective, such complex
structures and matrices should be determined to discover the linguistic patterns of
social media statements in Sinhala which have been spread-out in multiple platforms.

Implement a novel system for NE boundary detection considering NE types of the
Sinhala related statements.

As it’s been already discovered the novelty through the comprehensive literature
review which is considering the NE boundary detection for the identified NEs under
Sinhala social media statements, should have to be clearly defined. According to the
comprehensive literature survey, it’s been concluded that even though there are many
attempts have been made for the sake of NE type detection for flat NEs, yet the scenario

is completely different for capturing the boundaries. Considering the domain of




Sinhala, this particular segment has not even been touched in the research arena [8].
Also, most of the implemented systems consider NE type and NE boundary aspects as
two separate components while an aggregated mechanism is demanded. That the
ultimate goal of this research where to fill that overall gap. Still the scope has been
narrowed of analyzing statements in social media for demonstration and respective
experimental purposes but since the target is to come up with a deep neural model, the

trained model should be capable of handling other avenues as well.

Implement an enhanced mechanism for Named Entity linking considering NE

boundary detection.

NE linking or NE disambiguation is a rising research area which is important for
information retrieval from the available knowledge bases. NE linking is a mechanism
in which to map the identified NEs to a knowledge base. There are three main
categories under NE linking namely direct mapping, indirect mapping, and
disambiguation. Even though there are three main categories under NE linking, only
direct mapping has been used as the NE linking mechanism up to date. This research
will not go further and use indirect mapping or disambiguation in addition with direct
mapping as a novelty but will be enhancing the direct mapping procedure. Through the
novelty of NE boundary detection, the number of hidden entities which is going to be
captured will be going up. Due to this reason, eventually the number of identified NEs
will be going up. As a matter of fact, due to the enhancement which is expected to be
delivered for NE boundary detection, the NE linking mechanism will be enhanced. The
enhancement of the NE linking will be showcased using the direct mapping NE linking

technique as the baseline.

Evaluate the implemented novel NE boundary detection framework and the enhanced

NE linking procedure.

Conducting a major evaluation process can be identified as one of the topmost
mandatory requirements of any research activity or procedure. The whole process of
introducing a novel framework for NE boundary detection and enhancing the existing
NE linking approach through the novel NE boundary detection should be properly
evaluated using the existing benchmarks. Due to the shortage of some of the Sinhala




linguistic features such as missing some of the Sinhala based NEs, the major
evaluations have been conducted considering the English domain but the whole idea
is to showcase that the novel approach is universal and can be used with multiple
domains including Sinhala. The whole evaluation procedure has been followed to
demonstrate that the novelties have been proposed for satisfying the requirements in
both existing and new domains. The respective benchmarks have been selected in a
way to satisfying both the NE boundary detection process and NE linking process. This
objective has been satisfied and demonstrated under the evaluation section.

1.6 Scope of the Study

The scope has been narrowed to perform the named entity boundary detection
considering the shared posts, comments, and statements in social media under Sinhala
domain for demonstration and respective experimental purposes. Hence, the developed
deep neural framework can be introduced as a specialized framework in social media
analysis. Due to the shortage of some of the Sinhala linguistic features such as missing
some of the Sinhala NEs, the NE boundary detection and NE linking approaches have
been evaluated under English domain, but the overall approach is applicable for

multiple domains including Sinhala.

The next section elaborates a comprehensive analysis for the literature survey on NE

boundary detection considering both nested and flat NER models.




Chapter 2

Literature Review

As it has already been mentioned, this overall research has been based on named
entities. Before moving towards the literature review, it is better to focus on the two

main categories of named entities such as flat NEs and nested NEs.
2.1 Introduction for Flat NEs and Nested NEs

Named Entity Type and Named Entity Boundary can be showcased as the two major
components of Named Entities. Named entity boundary can be further subcategorized
as Flat NEs and Nested NEs. Flat NEs are directly accessible and directly classified.
Nested NEs can be introduced as a growing research area which has plenty of
unreached milestones up to the pinnacle stage. Even though plenty of research have
been conducted based on Flat NEs, the real usage of named entities can be
demonstrated through Nested NEs. As an example, if “University of Moratuwa’ has
been considered, it can be classified as an ORG named entity in a much straightforward
manner. But if you pay your attention closely, it can be concluded as an ORG named
entity nested with LOC named entity. Hence, Nested NEs should be the more focusable

segment under the category of named entity boundary.
2.2 Overview

There has been considerable amount of work done on named entity recognition and
named entity boundary detection even though still there is not a proper constructive
way of defending named entity boundary detection in a given context. The overall
literature survey can be categorized into two major sub sections such as named entity
boundary detection considering flat NEs and nested NEs and analyzing the statements
which have been circulated in the social media platforms. The analysis of both

categories has been done as follows.




2.3 NE Boundary Detection based on Flat NEs and Nested NEs
2.3.1 Deep Transfer Learning based approaches

Deep transfer learning can be adapted and used in some of the NLP related
applications. Some of the deep transfer learning techniques have been adapted to
identify the starting and ending tags of named entities [9]. This particular approach has
been developed considering the morphological and orthological aspects of a given
named entity. A neural network approach has been developed to overcome two issues
of any fine-grained entity type classifications such as removing the burden of noisy
training data and avoiding the usage of more hand-crafted features [10]. One of the
objectives behind the usage of deep transfer learning is to filter the noisy feature data
as much as possible. Although this deep transfer learning approach has shown some
progression in NE type detection, the overall model was a failure when considering
both NE types and NE boundaries together in a noisy environment [11]. So, still there
is a high demand for a constructive approach for identifying the named entity

boundaries.
2.3.2 Entity Linking based approaches

Several different types of named entity linking related NE type detection mechanisms
have been introduced [12]. The respective lexical and morphosyntactic features have
been generated through the named entity linking procedures for enhancing the
performance of named entity recognition. The main concern of their approach is to
determine an approach of classifying textual segmentations for a given list of
categories such as person, location and organization considering the informal written
style which is used in Twitter. The proposed system has been functioned with the NER
baselines as a sequential labeling task. The overall process has been performed well
with a f-score value of 61% for setting up baselines. Applying both NE type detection
along with the respective boundary detection has not been followed.

2.3.3 Stack Pointer Networks based approaches

As a unique different approach, a stack pointer network has been introduced to detect

named entity mention boundaries [2]. The stack pointer network has been used as the




respective tag decoder of the named entity recognition system rather than using the
most common way of adapting a conditional random field (CRF) layer. Additionally,
deep adversarial transfer learning has been used for sequence labelling, with the
intention of using the gained knowledge transfer nature from known system to
unknown one by using unannotated corpus [13]. By doing so, the authors have gained
another advantage of getting rid of the need for having larger annotated corpus as per
the training of testing purposes. Since the approach has been dominant for a corpus in
which the named entity types have been defined considering the knowledge base, the
entity type detection through the named entity recognizer, has been dropped out. The
approach has been simply based on the introduced pointer network which was the tag
decoder of the overall system. This same pointer network has been designed as the key
segment to derive both the start and the end boundary of a given entity regardless of
the type. Due to a limitation of the implemented system, this approach was
incompetent in capturing both the NE boundary and designated type aspects. Hence

still there is a demand for an aggregated system to handle both requirements.
2.3.4 LSTM, Bi-LSTM and Stack LSTM based approaches

Jason P.C et. al have introduced a novel deep learning based neural encoding approach
on the basis of the OntoNotes 5.0 and CoNLL-2003 corpus [14]. The underline
motivation of this combined process was to handle certain limitations and drawbacks
such as avoiding issues of capturing the short distancing relations between the
considering corpus and the inability of considering the explicit character level features
in a deep neural way [15]. As per the proposing model, a new encoding scheme on the
lexicon has been introduced while the main contribution was to introduce a hybrid
novel model by combining a bi-directional LSTM model with a CNN to tackle both
word-level and character-level features. The prime objective of introducing a CNN on
top of the LSTM layer was to extract the character level features. However, during the
matching process, only the exact matches within the same category or the entity type
have been considered and the partial matching has been ignored. Due to the minor
coverage of the inner entities, noisy environment and ambiguity, the proposed
approach got affected on cheap performance in mapping entity mentions. This has also

been affected for distinguishing the partial matching Vs. the exact matching in entity

10



linking. Even though the authors have attempted to improve the approach by
introducing an improved convolutional neural network on top of Colbert et al [15]
baselines, still there is a large room to be enhanced considering the boundary aspects
of name entities. So, it can be concluded that there is a potential demand for a
consolidated approach considering both exact and partial matching on top of named

entity type and boundary detection.

A novel deep neural based model for named entity boundary detection which is called
as BDRYBOT has been introduced [1]. Through this solution, specially the conflict
situations on capturing the named entity mention types using on the basis on NERs and
the respective entity types which have been linked through disambiguated approaches
have been mapped. For the input representation phase, a CNN has been used instead
of a Bi-LSTM considering the low computational cost. A sliding convolutional layer
has been used as the enhancement in terms of capturing character n-grams in a given
word. Furthermore, the input representational phase has been consisted with both the
character level and word level component architecture. As the encoding phase, a Bi-
GRU has been adapted instead of a Bi-LSTM due to the low computational
consumption. As per the final phase of the proposed model, a unidirectional GRU
hidden layer (hidden size 2H) has been used as the decoding phase. however,
considering the whole approach, there is a clear gap when it comes to detect the entity
boundary along with the impact on entity types. Another interesting point to be denoted
is that this model has not been trained to detect timelines or time expressions such as
entities like “Monday” won't be considered in a given context. This also can be
considered as a future avenue. Another future avenue can be denoted as enhancing

language potentials using named entity level information including boundary level and

type.

Changmeng Zheng et al. have contributed for introducing the novel entity mention
boundary aware solution to capture named entities by adapting a deep multitask
learning [16]. This model can be taken as an aggregate approach where a layered
sequential label model has been combined into an exhaustive regional classification
model considering the inner and outer layers of nested named entities. By considering

the detected named entity boundaries, the identified named entities would be further

11



classified into their respective categorical labels. This approach further utilizes
specified boundary relevant regions in order to predict the most specific categorical
label with the baselines of sequential classifications where it also has helped in
minimizing the computational cost. They have overcome some of the major issues in
nested named entity recognition such as extracting the inner and outer layers according
to the most suitable extracting way, mitigating the error propagation and consideration
of the explicit boundary information. By enhancing the sequence labelling model, it
has been leveraged considering related boundary information in terms of locating the
related entities. A single layered sequential labeling model has been applied for
capturing the named entity boundaries with the assumption of the aspects of named
entities could share the same named entity boundary labels. Additionally, due to the
adaptability of the multitask learning, the dependencies of the named entity boundaries
have been well captured. Although this deep neural model has been accepted as a first-
time novelty for named entity boundary detection, only the implicit entity regions have
been considered. In other words, this approach won't consider the explicit
dependencies among the named entity regions. So, still there is a room for such
avenues in introducing a novel approach by considering both the implicit and explicit

dependencies among named entities.

Guillaume Lample et al. have contributed for named entity recognition domain by
introducing a hybrid entity tagging architecture considering multiple neural models on
transitional based stack LSTMs and bidirectional LSTMs [17]. The bidirectional
LSTM has been designed in terms of performing tagging based on the scores which
have been calculated per each token. This approach has been adapted the IOBES entity
tagging scheme, which means a modification on 10B (Inside, Outside and Beginning)
[18] format by adding annotations such as explicitly marking the end of entities which
is E and the single entities by S. Even though the performance has been improved in
IOBES scheme, this approach has been limited only to the explicit variations of the
named entities without considering anything at all on implicit implications. On top of
the ordinary LSTM CRF, another LSTM consisted with a stack pointer which is called
as stack LSTM has been introduced as the architecture of the model for the purpose of
computing the fixed dimensional embeddings. By this adaption, through the

12



dependency of stack LSTM model towards character-based representations, a
competitive performance has been achieved. Still, even though this neural based model
out forms the state-of-the-art existing baselines, there is still some room of
development for entity boundary detection. Even though the entity boundary detection
has not been enlightened through this approach, there is a proposal of enhancing the
model further considering the hybrid nature to capture character-based entity

boundaries.

An exhaustive Bi-LSTM approach for named entity recognition has been introduced
by Sohrab and Miwa [19]. A Bi-LSTM approach has been adapted by combining the
boundary representation of a region where employs the label of a particular region as
the type of the entity. So, both entities mention type and boundary perspective has been
taken into the account. Through this approach, a novel deep exhaustive model which
represents all the possible entity mention regions on the basis of the entity length, has
been developed on top of shared Bi-LSTM layer. Both the entity mention region and
inside representations have been used for the task of boundary detection. In the
methodology, the Bi-LSTM has been constructed in terms of accepting distributed
word embeddings and related characters to generate the hidden sequences of vector
representations. All possible related representations have been shared by applying the
exhaustive combinations. The entity mention region has been represented by dividing
an entity mention into respective inside representations and boundary related aspects.
The corresponding output of the Bi-LSTM layer will be averaged for equality
purposes. As the last phase, the output layer will be classified into the particular entity
mention type through a softmax output layer. Even though the time complexity factor
has been problematic for most of the approaches which have been dedicated for entity
mention tasks [20] [21] [22], this exhaustive model has overcome such drawbacks.
Still this overall model has been limited for dealing with inside entity mention
representations, although the model is capable of outperforming most of the existing

benchmarks.

The discussion for nested named entity mentions has come to the arena due to the
usages of same named entity in different usages. Even though there are multiple

approaches based on flat named entities and their usages, still the scenario is fresh for

13



nested named entities. A framework called Anchor-Region Networks has been
introduced for considering the hard-drive contextual phase structures in nested named
entities [23]. The basic assumption behind this solution has been set off as to nominate
any nested entity mention along with any mention which has been considered apart
from the head word which won't be shared along with any other mention. A novel
neural network called anchor detector network has been employed to identify and
extract the head entity mentions out of the nested entities while another neural network
called region recognizer network has been dedicated for determining the named entity
boundaries considering the extracted head named entities. Also, since the major
datasets available on NER have not been annotated with such anchor or head words, a
Bag Loss objective function has been adapted to train the Anchor Region neural
network without considering the specific anchor word annotations. During the training
process, the bag loss function can detect the most optimal anchor word for a selected
entity mentions. For an example, if an instance such as, “the department of education”,
the bag loss function will eventually choose “department” as the head anchor word
with the specific entity type ORG. There are two parts of the methodological approach
for anchor region networks. First, the specific anchor words will be identified and
classified to the specific entity type by the anchor detector network. As the second step,
another neural network called region recognizer network will be applied to identify the
whole entity mention centering at the particular identified anchor head mention. Both
these neural models have been trained using the bag loss function. The anchor detector
has been identified by obtaining the particular context aware representations using a
Bi-LSTM layer. Then a probability score will be generated for the identified anchor
words and later these probabilities will be normalized with the adaption of a softmax
layer. A pointer-based mechanism has been applied to identify the entity boundaries
of the identified anchor words. Apart from applying a Bi-LSTM layer, the local
semantic features (such as a noun before a verb) also have been used to obtain the
mention boundaries of the identified anchor words. Experiments have been carried out
against three nested entity detection related benchmarks to show off the novel
mechanism has been out formed the state-of-the art baselines. Considering the whole
approach, there are so many assumptions have been made such as a particular mention

can only be an anchor word in which the innermost named entity containing, where
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such set of pre-defined rules won't let to cater most of the real-world scenarios. So,

still there is a room for an improved version of this anchor region network.

Even though there is a long history for the usage of span-based mechanisms for
capturing nested named entities, plenty of such approaches have been abandoned due
to various computational issues such as expensiveness, low performance in explicit
boundary detection etc. [24] [25] [26]. Apart from such previous approaches, Chuangi
Tan et al [27] have come up with a span-based model in terms of recognizing nested
entity mentions through a classification of sentence subsequences. As per  the
methodology, this approach follows a multitask learning technique where after
applying word level encoding with token-level representation, both the given span
classifying model and mention boundary detecting model will be trained parallelly
under multitask learning framework. During the first stage, BERT has been adapted
for the word level embeddings and a Bi-LSTM layer has been used as per the character
level embeddings. The aim of the second stage which is the boundary detection stage
is to track whether a given word is either first or the last of an entity mention. A
multilayer perception classifier and a SoftMax layer have been adapted to calculate the
probability of a word being first or the last of a given entity mention. As per the third
stage, the span classifier has been used with the aim of span classification to the
specific semantic level tags. Experiments have been carried out against three main
baselines and the experimental results show that this mechanism has out formed over
the other main span related nested named entity detection mechanisms. Compared with
the other major two approaches, hypergraph mechanisms and sequential labeling
framework, still the span-based mechanisms lack in detecting named entity boundaries
well so that this issue remains the same. So, still there is a room for such advancements

as future avenues under this domain.
2.3.5 MRC based approaches

Assigning entity mention labels for both flat NER and nested NER on the basis of a
sequential labelling approach cannot be considered as a practical approach. To address
this limitation, another approach called Machine Reading Comprehensive or simply
MRC has been introduced to tackle both the flat NERs and nested NERs. To date,
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plenty of NER approached have been developed on the basis of sequential labelling
theoretical approaches. This novel approach has been deviated from those where
Xiaoya Li et al [28] have used a question and answering based MRC approach for
accomplishing both flat and nested NER. Under this novel approach, sets of natural
language related queries have been defined at first and the particular entity mentions
will be extracted by analyzing the previously defined queries. The objective of
adapting these so-called MRC models is to extract particular answer spans from a
given context which includes the target entity with a starting and ending boundary
limit. In other words, MRC models can be trained to extract the entity types and related
boundary regions regardless of flat or nested on nature. The demand for such kind of
an approach was the overwhelming trend of transforming the related NLP activities to
the MRC models [29]. As the initial step, the data set construction process is there and
each sentence will be categorized under three sets to discover the particular question,
answer and the related context. Next step is to generate the respective questions and
for accomplishing this task, an annotation guideline mechanism has been used. In
terms of extracting the boundaries, BERT pretrained model [30] has been used as the
foundation. The related probabilities will be calculated to determine the starting and
ending index region matrices. Compared to the existing MRC model, this novel
approach has performed well with respect to the main baseline flat and nested datasets.
Still this mechanism would perform well with the coarse-grained NER type such as
person, organization, location etc. which will be limited when generating the related
questions. So, still there is a need for accounting with fine-grained NERs as well and

yet this also can be even improved.
2.3.6 Regression based approaches

Yanping Chen et al. has introduced a multi objective framework, called as boundary
regression model, which is based on the computer vision theories under the object
detection [31]. According to their approach, such kind of structures can be divided into
three main categories such as flattened, discontinues and nested. A concept called
named entity bounding boxes has been developed where nested named entities
detection has been done through the nature of overlapping in each bounding boxes.

These bounding boxes have represented the named entity representation as an abstract
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manner. In terms of object detection, a deep neural based approach called
convolutional feature maps has been implemented. These maps are specialized and
capable of identifying the discontinuous structures of the nested entity mentions and
detect the respective length and the boundaries. This could be even mentioned
something which has been adapted from computer vision where such techniques have
been used recently for textual information retrieval from movies [32] and [33]. When
evaluating the region boundaries, the theory of deep exhaustive models by Sohrab et
al. [19] has been adapted. The bounding box regression model approach has been
compared with the existing nested named entity recognition architectures and
according to the experimental results this approach has overcome the other respective
baselines in most of the cases. Although this overall framework has been introduced
to demonstrate the respective named entity boundaries still it has been failed in
capturing the respective NE type and the demand to develop a constructive framework

for dealing with both NE types and NE boundaries remains the same.
2.4 Analysis of the Computational Linguistics Structures in Social Media Context

Even though Sinhala is a morphological rich language, very limited amount of NLP
resources has been introduced considering both micro level and macro level tasks in
computational linguistics. Hence, very minimum facilities can be observed for
accomplishing major activities like named entity boundary detection for Sinhala
context. As the very first task, analyzing the context is very important and those can

be divided into sub sections as follows.
2.4.1 Complex Structures and Matrices in Sinhala Social Media Content

The next very important segment of this research is to discover the complexity matrices
and parameters in Sinhala social media content. This overall research has been
narrowed down to tackle with the analysis of the circulated posts, comments, and
statements in social media. Focusing on the structures and complexity measures of
Sinhala social media analysis can also be considered as a vital component. These

matrices are relevant and important for identifying the entity boundaries of the

identified named entities. When considering “6®698® 3®$d3esr360
GBIOB)OL BNXIBEH B 2oNOGE B 83e018BDGB) 638 EXIE,
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23e 5108 @z 6538 353 I8 , @169 JEDIersI136E 6N
5073880 B 230HNOGRN 2B 8529223539657 should be recognized as PER
mention while @ICRST B BAR WoHOEE of GDIGYD
JEDTe1136E 626561 BNZIBeD B 230k@6S will be fallen into ORG

and @®>39® should be recognized as LOC in the nested entity mention domain.
When considering the spread-out Sinhala related social media content, there are
various types of categories. Misbehavior usage of social media has reached to a
position where it needs to be controlled by the authorities. There are some resent
practical examples to show-off the extreme misbehavior of the social media. The
pinnacle of this was the attack on 21% April 2019 where social media got banned for
some time for the ordinary people. Even though the social media has been banned for
some time, people found so many alternative ways of accessing them via using virtual
private networks [34]. So, it is obvious that there should be a way of controlling the

usage of such contents in social media in a more practical way.
2.4.2 Categories of Sinhala Social Media Analysis

Sinhala social media analysis can be classified into two major computational
paradigms and those can be mentioned such as lexicon-based approaches and machine
learning approaches [34]. A lexicon-based approach has been adjusted to analyze
online forums, blog posts and comments which have been extracted from two data
sources [35]. The first pool was consisted with published blog postings based on 10
popular web sites while the other one was consisted with blog post contents related to
Israel-Palestinian disputes. Considering both of those categories, out of the available
two different sets of corpora, 30% has been annotated as a preprocessing task which
can be used for further analysis and next steps. This approach has been conducted with
three main sections. As the initial phases, subjectivity detection has been carried out
using the defined sentiment lexicon. In terms of determining whether the considering
sentence is fallen into subjectivity or else, a publicly available Sentiwordnet [36] has
been adapted. By extracting the particular negative or positive scores from the
particular sentiment word, the respective score has been generated considering the

positive and negative scores. Based on the calculated value, it was concluded whether
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the sentence could be categorized into either positive or negative regions. As the
second phase, Sinhala based social media lexicon has been constructed considering the
nouns and verbs in the context. As per the first category, all the related verbs which
have been categorized into offensive speech lexicon set, have been gathered. Then,
related nouns have been collected on the basis of types such as religion, nationality,
and race. A named entity recognizer has been used for identifying those particular
nouns and added to the lexicon. As the final phase, due to the absence of a
Sentiwordnet for Sinhala, the pre-build lexicon has to be used directly with the corpus
to identify the related corpus. This can be identified as a restrictive limited approach

since the whole process has been determined by the identified and build lexicon.
2.4.3 Machine Learning approaches in Social Media Analysis

On the other hand, as an alternative approach, machine learning has been used for
Sinhala social media analysis in the recent past. Machine learning adaption for social
media identification can be further categorized into two segments such as supervised
learning approaches and unsupervised learning approaches. There is an ongoing usage
of machine learning approaches to differentiate speech content from German dataset
[37]. Due to the absence of a proper corpus, web scrapping mechanisms have been
used. This approach has been pioneered with another previous approach where the
related corpus was English. So, a type of transfer learning approach has been
conducted to facilitate with the baselines. A Bag-of-Words (BOW) approach has been
adapted to improve the overall process of extracting and identifying the social media
driven contents regarding the differences between languages. Even though multiple
machine learning approaches have been applied, a minimal work has been conducted
on the basis of deep learning techniques due to the lack of resources and other related
tools in supervised Sinhala natural language processing. This can be even worse when

it comes to the specific domain of Sinhala social media analysis.

Feature extraction mechanism can be identified as one of the major important tasks in
natural language analyzing and processing. There are several existing approaches in
which the feature extraction methodology has been adapted in Sinhala natural language

processing. Several algorithmic approaches have been applied considering the word
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level and character level information which are essential for extracting feature level
information in detecting social media content [38]. The idea of this approach was to
determine the character and word level linguistic features could be able to determine
promising results in terms of accuracy considering solo approaches namely Bag of
Words (BOW). As expected, 78% accuracy gain has been obtained considering the
character 4-gram feature on top of Support Vector Machine classifier. So, regardless
of the language medium, a considerable accuracy level could be gained by applying
mixture of different feature extraction techniques such as BOW, word n-gram,
character n-gram and word skip gram linguistic features. Another work has been
carried out to show off the applicability of the linguistic features of unigram, bigram,
and trigram with the TF-IDF mechanism [39]. According to the experimental results,
it has been concluded that the Logistic Regression performed well compared to other
existing baselines. A recent approach has been conducted for social media analysis
targeting the Indonesian language [40]. In this approach also, the word n-gram and
character n-gram linguistic features have been applied as the fundamentals of the
feature extraction process. The best model has been revealed when the word n-gram
linguistic features have been applied on top of random forest (RFDT) classifier.
Regardless of the language medium, language pre-processing techniques are essential
similar to the importance of feature extraction techniques hence stop word removal
and stemming should also be taken into consideration. The importance and relevant
methodological steps for stemming and stop word removal will be discussed in detail
manner under methodology. Considering these fundamentals, all of those have used
macro-Sinhala linguistic features such as n-grams etc. There is a high demand for
considering micro-Sinhala linguistic features such as POS tags, word counts,
punctuation marks etc. A hybrid model for feature extraction considering both micro
and macro-Sinhala linguistic features can be taken as a novelty considering the
complexity measures and matrices in Sinhala social media analysis. Another future
avenue in complexity measures and matrices in Sinhala social media analysis could be
the consideration of both situations of stop word removal and without stop word
removal. This comparison would be really handy and worthwhile since Sinhala

language can be considered as a rich morphological language.
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When it comes for social media analysis, there is a unique place for social media
analysis related to religious conflicts. Religious conflicts and disputes have been
ranked as the fifth under the top ten issues in current world according to the latest
rankings by World Economic Forum. [41]. As it's already been explained above, there
are so many existing methodologies focusing on various aspects when tackling with
the religious unhealthy statements that has have been published in popular social media
such as Facebook, Twitter, and YouTube. These statements are very important when
it comes for shaping the people's mindset towards something. When it comes for the
lack of local resources and annotators, crowd sourcing can be taken as a viable method
of filling the gaps. Annotating large datasets through crowdsourcing has been practiced
by so many scenarios and some of them have shown some considerable results as well.
[42] and [43]. Some fuzzy techniques have been considered on the reliability of the
annotators who have been employed for content annotations where the conclusion was
the fuzzy logic would require the ground rules of better guidelines and definitions for
optimal annotation procedure [44]. So far, we have concentrated more on the micro
and macro feature extraction processes in linguistic features. Another handy approach
under the linguistic feature extraction would be the availability of word embeddings.
Word embedding has been nominated as one of the most prominent state of the art
mechanisms in shaping textual oriented machine learning models [45]. Another
approach has used word embedding along with some other pre-defined linguistic
features in terms of training a regression model [43] while some latest approach has
used word embedding, with character gram linguistic features for training a logistic
regression model [46]. An ensemble classifier based deep neural model has been
adapted in configuring multi-level classification to filter out offensive related content
from a racist dataset [47]. Recently, a novel LSTM based deep neural recurrent model
has been implemented and adapted in categorizing social media related contents for

Italian domain [48].

Considering all of these attempts in both NE boundary detection based on flat NEs and
nested NEs along with the respective NE types and analyzing different types of

statements which have been circulated in social media context, it can be concluded that
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a constructive scientific framework is essential to recognize the named entity boundary

detection for the extracted comments, posts, and statements in the social media context.

The next section elaborates the way of the execution of the methodology, comparing

with possible other alternatives and the uniqueness of the chosen methodological

approach.
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Chapter 3
Research Methodology

This section describes the methodological approach to determine the research
objectives that have been stated above. The overall methodological approach can be
categorized into two main components such as discovering the Sinhala related posts,
comments, and statements which have been spread out in social media context through
mandatory features, complexity measurements and other related aspects and
constructing a novel framework for capturing named entity boundary detection
considering the respective named entity type. These respective components can be

demonstrated as follows.
3.1 Methodological Approach for Sinhala Social Media NE Boundary Detection

The ultimate goal is to turn up with a neural based methodology to discover and
analyze the Sinhala related social media context analysis based on a supervised
approach. Since, as per the comprehensive literature review, it can be concluded that
there is an absence of a proper system to conduct NE boundary detection by extracting
the posts, comments, and statements in Sinhala domain. Considering all aspects, data
construction has been conducted as initial step of the entire methodological approach.

3.1.1 Data Construction

This is the initial phase of the construction of Sinhala social media related corpus.
Since an ultimate neural model should be developed based on supervised learning
mechanism, the availability of a proper constructive dataset is essential. A considerable
amount of data collection is required to construct a valid deep neural model. The
validity will be totally depending on the correlation between the considering context
along with the nature of the dataset. The main bottleneck is the unavailability of an
online corpus for Sinhala named entity boundary detection purposes. Considering
languages such as English, French, Arabic, or some Indo-Aryan languages such as

Hindi too are consisted with available online corpus for such social media analysis.

First of all, sets of posts, comments or statuses which have been circulate on three (3)
social media platforms have been collected. Those three platforms are such as
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Facebook, Twitter, and YouTube. In terms of accomplishing the web crawling
purposes, well-established crawling programs have been adapted. Once the statements
have been crawled, those have been collected to a pool to be distributed among
multiple set of annotators who are responsible for conducting manual annotations. This
is because the whole approach has been designed as per a supervised learning
approach. Before the annotation procedure, each annotator has been given with a
constructive training on the procedure of identifying the respective content as offensive
category or not. Each annotators outcome will be accepted as unique and based on the
majority vote per each collected statement, the category would be decided. As per the
categorization, each statement would be separated into two groups such as offensive
or neutral based on the outcome. More than 10,000 social media statements have been
crawled for this purpose. This sample has been used as the implementation dataset for

achieving the later steps.
3.1.2 Preprocessing

Once the annotated statements have been constructed, then the next sets of
preprocessing tasks will be determined. The following mandatory tasks can be listed
down as removing HTML elements, removing stop words, removing special

characters, removing non word entries, and stemming.

Stop words can be mentioned as most common characters or words which don’t carry
a weight for computational linguistics. In other words, those can be further identified
as useless when it comes for natural language processing tasks. Even though stop
words are useless for NLP related tasks, those are essential for maintaining the
grammatical relationships and the structure of a sentence. When it comes for
morphological rich languages such as Sinhala, such stop words are critical for specially
tasks such as sentiment analysis. Due to that reason, even though plenty of NLP tasks
are commenced with removing stop words, this approach would consider the stop
words as well at some point. This approach will conduct a comparison to evaluate the
two conditions of with considering stop words and without considering stop words at
some point. In terms of dropping the dimensionality of the feature vectors, the
extracted stop words have been used. A bag of stop words has been employed to

accomplish removing the stop words. These bag of stop words have been extracted
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from the public repository® in which contains more than 4000 stop words. Set of bags

of stop words from the extracted list can be listed as follows.

Table 3.1 : BAG OF EXTRACTED STOP WORDS

DR CRYNO,
6®x3 RleNclera)
@t 6O

30 SFald)
GO6RS o))
6388 2329

Then as per the following step, removing special characters, removing HTML
elements, and removing non word entries can be showcased. These special characters
also should be removed before the training purposes since those are also can be
recognized as useless. In order to remove the special characters, a unique regular
expression statement has been used. The extracted characters will be collected to a list
in which will be known as “Cleaned List”. Comparing with the stop words list, even
though there can be an impact for morphological rich language from the stop words,
the special elements and characters cannot be considered as such so that those can be

removed entirely.

k
D (\@\W\I\\#\$\%\&amp\[0 - 9]) (3.
n=1

Next important phase is stemming. Stemming is to derive the base or root form of any
word. In terms of extracting the root form, the added prefixes and/or suffixes have to
be stripped off. Stemming can be further described as a core functionality under the

boundary regions identification of entity mention nuggets. This is really useful for

1 Stop words list has been used from the public repository under https://github.com/nlpcuom/Sinhala-
Stopword-list/blob/master/stop%20words.txt
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boundary detection of Sinhala sentence nuggets. The stemming lets to extract the base
of a word helps to reduce the feature vector dimensionality as well. Since Sinhala is a
low NLP resource language, there is not a proper stemming tool such as Porter’s
stemming kit for English. For that reason, in this research, it has been used a developed
shallow tool for stemming purposes for especially Indo-Aryan languages. Since the
implementation has not been available public, it has been modified and implemented
for the fulfillment of this research. Some of the famous stems and their related
variations which have been drew out from the dataset can be tabulated as follows.

Table 3.2 : STEMS AND VARIATIONS

Stem Words
25)885)D2823 58325)D18 86 m B3, 5)835)D18530, 5)885)DrE 536 ¢S
De1sr368 Je113668, BeBIEEO, DEBICEHBSS
EIEED EIEBER), GZNIEEID, BZICGEIBIO

These extracted stems will be saved for another list which will be used for feature
extraction in next steps. After this process, the pre-processing tasks have been

determined and the corpus is ready for the feature extraction procedure.
3.1.3 Feature Engineering

Several features have been identified and can be listed down as word n-gram features,
bag of words (BOW) and character n-gram features. These extracted features have
been fed to the proposed deep neural based model at the early phases. In the BOW
approach, set of identified lists of named entity related words will be kept in a file to
be cross checked with the corpus. For this purpose, Google offensive word list has
been used [49]. In terms of facilitating for Sinhala, Google offensive word list for
English will be translated and used. This can be identified as a famous approach and
has been used in plenty of previous related approaches which have been critically
analyzed before [49]. On the other hand, word n-gram and character n-gram features
capture the structure or dimension of a sentence. N-gram features can be categorized

into different classes such as unigram, bigram, trigram or even combination of the
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mentioned three variations. Since the similar social media analysis approaches based
on other languages have shown promising results with the adaption of gram features
in word level or character level, it would increase the accuracy considering such gram

features apart from using only BOW features.

When it comes for inputs such as social media related statements, it is essential to
detect the patterns where character n-grams features provide that facility. Even for
scenarios such as detecting misspelled words, it is required to extract the n-gram
features. So, the character-based n-gram features can be mentioned as a really useful

factor in feature extraction for social media related named entity identification.
3.1.4 Parts-Of-Speech (POS) Tagging

When considering the computation linguistics feature extraction, there are two main
components of features namely micro features and macro features. Word n-grams and
character n-gram features can be recognized as macro features. This is high time to
consider the micro features as well. parts-of-speech (POS) tagging can be showcased
as the best example for micro level feature engineering. POS tagging is an important
sub task. When the NEs have been tagged using POS tagging approach, each NE would
be considered as a proper noun. In that case, POS tagging, and the related POS tag set
would really be interesting to have. Even though the natural language toolkit (NLTK)
Python package has provided 17 languages for POS tagging and other POS tag sets,
Sinhala has not been listed among the 17 languages. It is strongly believed that the
POS tagging, and the related POS tag sets are important factors as micro level
linguistic features in Sinhala named entity detection. So, as per the implementation
purpose, a unique tagging mechanism has been implemented targeting Sinhala. The
respective pseudocode will showcase the POS tagging technique for Sinhala context.

POS Tagging

Input: SOV extracts (subject, object, verb patterns)
NP: Noun Phrase
VP: Verb Phrase
SO list

Output: POS tag output
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do NP:
{<NNPI>*<JJ>*<NNN>*<NNN><NNPA.*>*<NNP|.*>*<PRP.*>*}
VP:
{<IVB>*<NVB>*<V.*>*}

if in NP or VP or NP ~ VP
While add to SO list

return SO list

Figure 3.1. Pseudocode for POS tagging
3.1.5 Define the Neural Model for Sinhala NE ldentification

The final step under the initial section of the methodological approach is defining the
deep neural model. Since the approach is to follow and adapt a deep neural based
model from the project inception stage, it is important to discuss the structure,
respective type, and the required levels of hyper-parameter values. As the deep neural
model, a recurrent neural network (RNN) has been proposed due to various reasons.
Out of most deep neural models. RNN can be introduced as the most dedicated model
to capture the relationships, hidden patterns, and other related factors for linguistic
features. RNN has shown promising results under linguistic domain from the recent
past for various use cases and scenarios, so that this has been decided as the type of

the model.

In RNN also there are two different types and for this purpose, long short-term memory
(LSTM) type has been selected due to its linguistic applicability. LSTM is well known
for encoding long sequences of linguistic related features and compared to other RNN
types, LSTM is unique in behaving independently for evaluating the most recent
inputs. As per the hyper parameters, number of 50 embedding layers have been used
for smoothening the embedding procedure, Dense layer has been used as the most
primary initial sets of nodes, “relu” has been chosen as the activation function, a
dropout layer has been proposed for mitigating the overfitting issues, a dense layer has
been selected as the output layer and “sigmoid” function has been used as an activation
layer for smoothen the output layer. The model has been developed using a dedicated

PC which consists with high GPU processing power for the training purposes. The
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experimental results of the training procedure will be employed as per the confusion

matrix values and those will be explained later.

3.2 Methodological Approach for Deriving Named Entity Boundary Detection

Once the initial methodological step is ready by identifying and classifying the named

entity identification for Sinhala, then the second phase which is determining the NE

boundary detection can be initiated. Here, several steps have to be followed in terms

of successful execution of the flow. Those dedicated steps will be discussed as the next

steps. First of all, the proposed architecture of the entire procedure for deriving named

entity boundary detection can be showcased as a high-level prototype as follows.
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Figure 3.2. Proposed architecture for named entity boundary detection

Each of the major components such as Word Embedding, Bi-LSTM encoding,

MLP+CRF decoding and Stack LSTM Layer which have been showcased as per the

above prototype can be described as per the following sub sections.
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3.2.1 Word Embedding Procedure

As per the word representation, word level embedding, and character level embedding
have been followed. Character level embeddings set the phase for deriving of capturing
the flat NER task and word level and character level mixture embedding would be led
for facilitating the nested NER task. Since the embedding process is at a basic stage
for Sinhala, Glove word embedding which has been developed based on English
corpus will be used as the platform. In terms of transforming the obtained embedding
mechanism for the Sinhala context, a constructive deep transfer learning methodology
has been adapted. The character level embedding details have been determined as the
initial step. Then, the obtained embedding values have been fed to a Bi-LSTM layer in
terms of generating the backward and forward value sets. Finally, the word level
embeddings have been determined by combining the above mentioned two value sets
in a comprehensive computational way. Since the system architectures which have
been determined on the next steps are in common nature and settings, deep transfer

learning can be adapted to gain promising results within minor adjustments.

NN

NN N R -

— l l |:J\> Task A
NN RN N 1

1 m l |:J> Task B

Figure 3.3. Deep Transfer Learning process
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Usage of deep transfer learning-based approaches are common in nowadays where
some advanced neural based models have been introduced rather than designing
something from the scratch or by applying any available neural model in the market
directly. So, most of the hyperparameters and other settings which have been acquired
from the parent architectural model will not get changed and would be directly applied
in the new paradigm. These are essential for detecting the respective NE type and the

boundary scope details in the next steps.
3.2.2 Head Word Mention Detection using MLP and CRF along with NE Type

Special LSTM based deep neural model has been developed as the overall NE
detection end to end framework. A Bi-LSTM layer would be used to derive the word
level classifiers to obtain the respective head word which acts as the dominant words
of the pre-defined context. As an example, considering English context, “Mr. Silva,
The President of Sri Lanka”, where President can be denoted as the master word in
terms of acting as the dominant keywords of the given sentence nugget. Even though
there are two NEs such as Silva denotes as a PER mention and Sri Lanka denotes as a
LOC related mention, Silva acts as the main or the head word and Sri Lanka acts as
the named entity mention. Considering the whole nugget, Mr. Silva, The President of
Sri Lanka, it acts as a PER type mention as a whole. So, the first step is to determine

the head word of each unique sentence nugget.

As the overall procedure, all of the mentions in a given sentence have been mapped in
a subsequent manner of word mention representations such as ni, nz, ns, ... njin terms

of deriving the respective word embedding, POS embedding and character embedding.
N =nq,n,,ns,...,n; (3.2)

Then adapting a Bi-LSTM layer, related contextual representations for each mention
have been obtained. Those contextual level representations have been fed into a
structured classifier called multi-layer perceptron (MLP) along with the conditional
random fields (CRF). MLP is capable in nature to derive the inner representations of
the word level contextual representations. This can be further identified as a feed
forward neural network consists with three types of layers such as input layer, output
layer and hidden layer. A combined classifier has been used to improve the level of
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accuracy and this combined mechanism can be mentioned as a unique approach which
has not been used for any of the previous NE boundary detection frameworks. CRF
layer is also dedicated for determining the respective NE type of the head word. So,
the usage of CRF on top of MLP layer would be a win-win situation.

MLP + CRF
Decoding B-PER
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- ‘

Word .
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Figure 3.4. Main system architecture of NE type detection
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Once the related NE types have been determined, a SoftMax layer has been used in
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terms of normalizing the generated scores to related probabilities. Here, throughout the
process, there is one assumption which has been followed such as, even though there
can be multiple sentence nuggets per each sentence, a particular head word won’t be
shared among more than one sentence nuggets. Sharing a particular head word among

multiple sentence nuggets has been kept as per future work.
3.2.3 Identifying Entity Mention Nuggets for the captured Head Words

Once the respective head words have been derived, the next important step is to locate
the specific mention nuggets per each dominant word. Here a novel unique theory

called boundary bubbles has been introduced. Boundary bubbles can be demonstrated




as abstract representations for visualizing the sentence mention nuggets along with the

respective identified head words.
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Figure 3.5. Abstract representation of boundary bubbles

A specific algorithm has been developed as per capturing the mention nuggets. In terms
of developing the algorithm, several assumptions have to be made considering some

mandatory consequences.

1. A mention can be considered as the dominant word of the mention nugget if and
only if the same word could have been considered as the head word of the
underlying innermost entity.

2. It is a must to avoid considering most functioning words of a sentence (of, a, the)
as head words where the whole process would lead to a failure by introducing a

remarkable noise.

Considering the above-mentioned assumptions several points have been set off to
define the underlying algorithm of boundary bubbles.

1. A particular word can be denoted as a head word of the considered innermost entity
mention of it where words under a named entity mention would not be considered
as a head word of the respective outermost mentions.

2. When considering all the identified entity mentions, at least one word should be
determined as the head of the mention nugget.

3. Considering the boundary bubbles, at least one word in a bubble will be considered

as per its head word.

Considering the above-mentioned assumptions, the specific algorithm for identifying
mention nuggets can be determined. In terms of identifying the mention nuggets,
respective left boundary region and right boundary region of each identified head word

should be determined. Both of the parameters should be considered as a tuple of y =
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(v, Vi, YiCi), where y;,...,yi would be the respective two aspects of left boundary and
right boundary region notations. Here the loss function has been notified as the
respective head word detection loss function. If y; will not be considered as a head
word, the respective loss value could be determined as head word detector loss and
will be assigned as NIL. The collective loss would be generated as the weighted sum
value of the respective situations where the head word detector would be set off into

NIL. The mention nuggets identifier can be obtained and written as:

T(x;; @) = v;. [=logP(c;ilx;) + LR (x;; @)1 + (1 — v).[-logP(NIL|x;)]  (3.3)

Here, —logP(c;|x;) can be identified as the mention head detection loss. The weighted
loss value which would consider the left boundary region and right boundary region of

each identified head word along with the region x;; @ can be determined as:

LR (x;; @) = L' (x;; @) + LT9 (x;; ©) (3.4)

This would result the proper mention nuggets measuring the two boundary ends where
per each right boundary and left boundary centered detected head word. Still, the
marginal loss also should be focused where it could be an impact for the overall

procedure.

Besides, v; under equation 3.3, determines the correlation between the entity mention
x; for the respective type of bubble c;. Considering the other words under the same
boundary bubble, an entity mention should be consisted with higher v; if there would
be a strong association with the respective bubble type. This is an important
measurement with respect of obtaining the respective mention nuggets which are
surrounded by the respective identified head words. If the concept has been developed
with the intention of obtaining multiple head words per mention nugget, this whole
process could have been jeopardized. Considering all these assumptions, v; can be

further determined as:

I P(cilx;)
V; =

MaryenP(C

Ixt)l v (3.5)
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Where B; determines the respective bubble x; belonging to all the identified mention
nuggets which share the most common innermost head word with x;. a can be denoted
as a special hyper-parameter, in terms of manipulating the way of a mention could be
accepted as a head word rather than considered as NIL. The most basic scenario of a =
0 could determine the special case where all the captured mentions could be annotated
with the respective bubble type. Along with that, @ — +oco0 would determine the head
word detection loss could evaluate the mention with the highest P(c;|x;) as the
respective head word, while the rest of all other mentions under the same bubble would
be labelled as NIL. These measurements would derive the whole process until reaching
out for the particular entity mention nuggets targeting the respective captured head
words. Altogether, head word detection loss value determines that at least one head
word (considering the highest P(c;|x;)), has been determined for each boundary
bubble in the next phase. For the rest of the mentions which have not been linked with
the respective bubble type, head word detection loss could result as NIL in an automatic

way during the training procedure.

There can be situations such as overlapping of abstract representations but those can
be sorted out adapting to the earlier assumption of having one head word per sentence
nugget. This is just to get a scope of the identified mention nuggets where the actual
region classification under NE boundary detection would be determined through the
next step. The importance of this step is to reduce the computational complexity which
can be occurred during the training procedure. The respective experimental results
under various hyper-parameter assignments will be demonstrated later under

experiments.
3.2.4 NE Boundary Regional Classification using Stack LSTM

The final segment of the whole process of named entity boundary detection and type
determination will be the boundary region classification. According to the constructive
literature survey, there are various approaches have been applied to accomplish the
region classification for flat NEs. But those mechanisms cannot be used for
determining the region classification for nested NEs due to the incompatibility.
According to the region scopes which have been determined through the boundary

bubbles from the previous step, the region classification will be fulfilled. For obtaining
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the respective boundary regions, a novel scope allocation mechanism called IOBE
(inside, outside, beginning, end) has been adapted. In terms of facilitating the training
purposes, a labeled mention dataset along with the IOBE scoping pattern has been
used. IOB scoping mechanism has already been used in some of the existing solutions
but the usage of IOBE pattern together with stack pointer networks can be denoted as

a unique first-time approach.

Similar to the previous step, a specialized Bi-LSTM has been applied here for the sake
of determining the regions for NE boundary detection. This is completely a novel
mechanism which deviates from pure Bi-LSTM approaches and LSTM-CRF models.
Multiple enhanced algorithms have been developed for achieving the competitive edge
compared to the existing baselines for capturing the NE boundary detection. First of
all, in terms of focusing on the character-based representations, h? of a word x; have
to be determined. In terms of capturing the innermost semantics, a convolutional

matrix has been applied upon h% :

ei = tanh(th_j:H_j + d) (36)

Where hy_.;, ; would be the aggregation of vectors from hf_; to h?,;, W and d are
the representations of the convolutional matrix of kernel aspect and bias terminology,

respectively. The overall architecture can be showcased as follows.
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Figure 3.6. Stack LSTM architecture of NE boundary detection

Finally, for each of the underlying head word x; the left entity mentions boundary
value score L;; and the respective other right entity mentions boundary value score

R;; would be determined as:

Lij = tanh(Tij1h‘iR+j + 617} + bi+j)
R;; = tanh(TjT‘Uzhﬁj + Go1y + bi+f) 3.7

Where w derives the correlation of the collection of mentions hf, ;, G and b represent

special hyper-parameters for deriving respective boundary value scores respectively.

Considering the above mentioned two functional equations, the first option would
compute the regional classification score of mention x; considering as left boundary
region and right boundary region centering x;. Second equation would model the

probability of x; itself performing as the universal boundary region. Afterwards, the
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novel stack LSTM layer would be generating the best fitting left mention boundary

region for x; and the respective right mention boundary region for x; head word.

Stack LSTM, as which has already been mentioned, is something totally different and
unique compared with the nominal bidirectional LSTM model or LSTM-CRF model
which has been used for previous steps. Stack data structure can be mentioned as the
target architecture under this step. In terms of achieving the competitive edge, stack
LSTM has been used considering stack LSTM’s main focus on character-based
representations. During the process, stack LSTM architecture accepts available corpus
as one by one word for the processing.

The implemented stack LSTM model consists with main three layers along with 150
dimensions for the considering each stack. This model can be further explained as a
greedy model in terms of facilitating optimal actions in terms of processing the entire
sentence. There are several hyper-parameter settings which have been set off to
compute the overall functionality of the underlying model. Some of the main hyper-
parameters can be named as detection_learning_rate, boundary learning_rate,
weight_decay_round, hidden_dim, output_dim,max_margin, train_detection_in_joint,
word_dict_file, pos_dict file etc. All the required composition functions and
embedding dimensions have been determined considering the most optimal values.
Those value generations, comparisons and evaluations will be described in detail under

the experimental results and evaluations sections.
3.2.5 Enhancing the NE Linking

NE linking can be identified as a vital task in information retrieval from knowledge
bases. This can be further explained as an aggregate task which has to considered along
with NE detection. There are three main methodological levels of NE linking such as
direct mapping, indirect mapping, and disambiguation. Even though NE linking is
going to be considered in this research, a novelty will not be achieved through NE

linking process. Instead of that, the plan is to enhance the direct mapping.

NE linking procedure through enhancing the NE detection procedure would be
obtained. The respective direct mapping relation algorithm which has already been
proposed for flat NE detection in knowledge bases would also be used for nested NEs

38



as well for accomplishing the aggregated NE linking process. The respective direct
mapping algorithm can be mentioned as:

tle,ci)+1
p(cijle) = —(#;i Jlr])ICiI (3.8)

Where p(c;;|e;) determines the probability of the context distribution of c;; given on
top of the entity mention e;. This has been formulated as the number of occurrences
on the entity mention e; which has been linked with the corresponding context. The
possibility of the probability becoming zero has been avoided by adapting the Laplace
smoothing. The whole process has been divided into four main steps such as
implementing the glosses, building the context, implementing the vector
representations, and building the concept ranking via direct entity linking.

The next chapter elaborates the overall implementation of the main components which
have been identified under the comprehensive methodological section. The
programming languages, tools, frameworks, libraries, and other mandatory
components which are required for carrying out the overall implementation will be

described in detail manner.
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Chapter 4
Implementation

This section describes the way of implementation to fulfill the methodological
approach for determining the above-mentioned research objectives. The
implementation of the overall project has been carried out considering the main
sections which have already been mentioned and described comprehensively under
research methodology section. Those main sections would be determining the whole
implementation phase and those key aspects would be described under this section.
Considering all these aspects, the whole implementation phase can be separated into

few components and those can be listed down as follows.

e Implementation on Sinhala NE identification.

e Implementation on deep transfer learning for word representation.

e Implementation on NE mention head word detection.

e Implementation on the entity mention nuggets identifier and the head detection loss
function.

e Implementation on the NE boundary detection regional classification.

e Implementation on the NE linking.
4.1 Technology Stack

The entire implementation has been conducted using Python as the programming
language and Python 3.7 has been used as the respective Python version which has
been adapted. The reason behind choosing Python 3.7 is that version 3.7 can be
mentioned as the most stable version of Python under the releases of Python 3 series,
and it provides the most inbuilt support and capability for the usage of the mandatory
frameworks such as TensorFlow 1.15 which has been heavily used as the core
framework of this entire implementation. Apart from that, few other important Python
libraries dedicated for accomplishing core computational linguistics purposes such as
Torch 1.7, Spacy 2.1.9, NLTK 3.4.5, Allennlp 0.9.0, Keras 2.2.4 etc. have been used

for fulfilling the implementation purposes.
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This whole process would eventually cover the implementation of the entire product.
As per the description under research methodology section, the novelty has been
reflected under some of the parts. Now, let’s focus on each implementation section
which has already been mentioned above. The respective algorithmic implementation
will be represented in terms of pseudocodes as follows. Pseudogen?, has been used as
the special tool for converting the Python coding implementation to the respective

pseudocode.
4.2 Implementation on Sinhala NE Identification

According to the methodological procedure for Sinhala named entity identification,
the respective Python implementation has been followed and the related pseudocode

can be represented as follows.

Algorithm 4.1: NE Identification

FOR max_len IN max_len_arr:
SET startTime TO time.time()
SET tok TO Tokenizer(num_words=max_words)
tok.fit_on_texts(X_train)
SET train_sequences TO tok.texts_to_sequences(X_train)
SET train_sequences_matrix TO sequence.pad_sequences(train_sequences,
maxlen=max_len)
DEFINE FUNCTION RNN():
SET INPUTs TO Input(name="INPUTSs', shape=[max_len])
SET layer TO Embedding(max_words, 50,
INPUT _length=max_len) (INPUTS)
SET layer TO LSTM(10)(layer)
SET layer TO Dense(256, name="FC1")(layer)
SET layer TO Activation('relu") (layer)
SET layer TO Dropout(0.5)(layer)
SET layer TO Dense(1, name="'out_layer")(layer)

2 Pseudogen is a SMT-based pseudo-code generator (https://ahcweh01.naist.jp/pseudogen/)
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SET layer TO Activation('sigmoid") (layer)
SET model TO Model(INPUTs=INPUTSs, outputs=Ilayer)
RETURN model

According to the respective methodological approach, a novel RNN structure has been
defined to train the named entity identification flow. An enhanced algorithm has been
applied to detect the Sinhala NE identification. As usual, a pretrained word embedding
model has been applied. The deep neural network has been consisted with different
hidden layers and optimal conditions under the hyper-parameters. “Dense” layer has
been adapted as the introductory layer which governs the whole neural layer. “Relu”
and “Sigmoid” have been adapted as the core activation functions. “Dropout” layer has
been used to avoid the over fitting issues which can be occurred during the training
process. As the next algorithmic implementation, implementation on deep transfer

learning for word representation can be showcased.
4.3 Implementation on Deep Transfer Learning for Word Representation

Here the word representation mainly focusses on the word and character embeddings.
A pretrained model which has been developed using Glove word vectorization
approach has been used to accomplish the purpose. The relevant core algorithm and
the optimal hyper-parameter settings can be listed down as follows.

Algorithm 4.2: Character and Word Embedding

DEFINE FUNCTION transform(self, X, y=None):

SET word_ids TO [self._word_vocab.doc2id(doc) FOR doc IN X]

SET word_ids TO pad_sequences(word_ids, padding="post")

[F self._use_char:
SET char_ids TO [[self._char_vocab.doc2id(w) FOR w IN doc] FOR doc IN X]
SET char_ids TO pad_nested_sequences(char_ids)
SET features TO [word_ids, char_ids]

ELSE:
SET features TO word_ids
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IF y is not None:
SET y TO [self._label_vocab.doc2id(doc) FOR doc IN y]
SET y TO pad_sequences(y, padding="post")
SET y TO to_categorical(y, self.label_size).astype(int)
SET y TOy IF len(y.shape) EQUALS 3 else np.expand_dims(y, axis=0)
RETURN features, y
ELSE:
RETURN features

Special deep transformer architecture has been adapted for accomplishing the transfer
learning objectives where the approach can be mentioned as a first-time adaption under
Sinhala context. Considering the hyper-parameter settings and coding tune-ups, the

relevant algorithmic implementation can be showcased as follows.

Algorithm 4.3: Transfer Learning Tune-ups

DEFINE FUNCTION _init__(self, lower=True, num_norm=True,
use_char=True, initial_vocab=None):

SET self._num_norm TO num_norm

SET self. use_char TO use_char

SET self._word_vocab TO Vocabulary(lower=lower)

SET self._char_vocab TO Vocabulary(lower=False)

SET self._label_vocab TO Vocabulary(lower=False, unk_token=False)

IF initial_vocab:
self._word_vocab.add_documents([initial_vocab])
self._char_vocab.add_documents(initial_vocab)

DEFINE FUNCTION tranform(self, X, y):
self._word_vocab.add_documents(X)
self._label_vocab.add_documents(y)

[F self._use_char:

FOR doc IN X:
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self._char_vocab.add_documents(doc)
self._word_vocab.build()
self._char_vocab.build()
self._label_vocab.build()
RETURN self

Next main aspect is to focus on the implementation on NE mention head word
detection.

4.4 Implementation on NE Mention Head Word Detection

Entity mention head word detection plays one of the core roles here in this entire
solution. For fulfilling this task, as it has already been described under the
methodological approach, a novel, special Bidirectional Long Short-Term Memory
(LSTM) neural approach has been invented as the overall NE detection end to end
framework. The Bi-LSTM model is dedicated for determining the word level-based
classifiers to obtain the head word which acts as the head/dominant words of the
considering contextual domain. The novelty is the adaption of MLP on top of the
famous decoder, CRF. As it has already been mentioned, this attempt can be
determined as a first-time approach in determining the NE mention head word
detection for any domain. The respective pseudocode implementation can be
showcased as follows.

Algorithm 4.4: NE mention head word detection

super(BiLSTM)._init_ ()
SET self._char_embedding dim TO char_embedding dim
SET self._word_embedding_dim TO word_embedding_dim
SET self. char_Istm_size TO char_lstm_size
SET self._word_lstm_size TO word_lstm_size
SET self. char_vocab_size TO char_vocab_size
SET self._word_vocab_size TO word_vocab_size

SET self. fc_dim TO fc_dim
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SET self._dropout TO dropout

SET self._use_char TO use_char

SET self._use_crf TO use_crf

SET self._embeddings TO embeddings
SET self._num_labels TO num_labels
DEFINE FUNCTION build(self):

SET word_ids TO Input(batch_shape=(None, None), dtype="int32’,
name="word_INPUT")

SET INPUTs TO [word_ids]
[F self._embeddings is None:

SET word_embeddings TO
Embedding(INPUT_dim=self._word_vocab_size,

output_dim=self._ word_embedding_dim,

mask_zero=True,

name='word_embedding") (word_ids)
ELSE:

SET word_embeddings TO
Embedding(INPUT_dim=self._embeddings.shape[0],

output_dim=self._embeddings.shape[1],

mask zero=True,

weights=[self._embeddings],

name="word_embedding") (word_ids)
IF self._use_mlp:

SET char_ids TO Input(batch_shape=(None, None, None),
dtype='int32', name="char_INPUT")

INPUTs.append(char_ids)

SET char_embeddings TO
Embedding(INPUT_dim=self._char_vocab_size,

output_dim=self._char_embedding_dim,

mask zero=True,
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name='char_embedding")(char_ids)

SET char_embeddings TO
TimeDistributed(Bidirectional (LSTM(self._char_lstm_size)))(char_embedding
s)

SET word_embeddings TO Concatenate()([word_embeddings,
char_embeddings])

SET word_embeddings TO Dropout(self._dropout)(word_embeddings)

SET z TO Bidirectional (LSTM (units=self._word_lstm_size,
RETURN_sequences=True))(word_embeddings)

SET z TO Dense(self._fc_dim, activation="tanh") (z)
[F self._use_crf:
SET crf TO CRF(self._num_labels, sparse_target=False)
SET loss TO crfloss_function
SET pred TO crf(z)
ELSE:
SET loss TO 'categorical_crossentropy'
SET pred TO Dense(self._num_labels, activation="softmax") (z)

SET model TO Model(INPUTs=INPUTs, outputs=pred)

According to the comprehensive literature survey, none of the previous attempts have
focused on the combinational approach of MLP and CRF. Plenty of approaches have
been driven considering the CRF as the main tag decoder. MLP has displayed some
promising results for transfer driven neural based solutions. The combinational attempt
of MLP and CRF has not been used to fulfill the NE detection or NE boundary
detection scenarios. So, this first-time approach can be mentioned as a pure novelty in
this whole approach. The experimental results which are relevant for these

implementations will be discussed later in detail manner,

Next implementation component is the implementation on the entity mention nuggets

identifier and the head detection loss function.
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4.5 Implementation on the Mention Nuggets Identifier and The Head Detection

Loss Function

This is the implementation phase regarding the main concept which drives the whole
theorem of this approach, “boundary bubbles.” The implementation can be divided
into two main components such as implementation on entity mention nuggets and
implementation on the head detection loss function. First, the implementation on

capturing entity mention nuggets can be displayed as follows.

Algorithm 4.5: Capturing entity mention nuggets

FOR key IN train_config:

SET self.__dict__[key] TO train_config[key]
SET self.word_dict TO WordDictionary()
self.word_dict.restore(self.word_dict_file)
SET self.pos_dict TO WordDictionary()
self.pos_dict.restore(self.pos_dict file)
SET self.char_dict TO CharDictionary()
self.char_dict.restore(self.char_dict_file)
SET self.detection_model_config TO detection_config
SET self.boundary_model_config TO boundary_config
SET self.detection_model_config["word2id"] TO self.word_dict.word2id
SET self.detection_model_config["pos2id"] TO self.pos_dict.word2id
SET self.detection_model_config["char2id"] TO self.char_dict.word2id
SET self.boundary_model_config["word2id"] TO self.word_dict.word2id
SET self.boundary_model_config["pos2id"] TO self.pos_dict.word2id
SET self.boundary_model_config["char2id"] TO self.char_dict.word2id
SET self.detection_model TO DetectionModel(**self.detection_model_config)
SET self.boundary_model TO BoundaryModel(**self.boundary_model_config)
self.detection_model.to(device=self.device)
self.boundary_model.to(device=self.device)

SET self.joint_loss_fn TO BagLossWithMarginLayer()
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SET self.detection_loss_fn TO BagLossLayer()

SET self.boundary_loss_fn TO MaxMarginLossLayer(self. max_seq_len,
self. max_margin).to(device=self.device)

SET self.detection_optimizer TO
torch.optim.Adadelta(self.detection_model.parameters(),

Ir=self.detection_learning_rate)

SET self.boundary_optimizer TO
torch.optim.Adadelta(self.boundary_model.parameters(),
Ir=self.boundary_learning_rate)

SET self.result_logger TO Seq2NuggetLogger()
SET self.match_eval TO ExactMatchEvaluator()
SET self.det_eval TO DetectionEvaluator()

SET self.current_epoch TO -1

SET self.detection_Ir_decay_before TO 0

SET self.boundary_Ir_decay_before TO 0

IF self.is_save_config:

self.save_config(train_config, detection_config, boundary_config)

Then, as the next component, implementation on the head detection loss function can
be showcased.

Algorithm 4.6: Capturing head detection loss function

DEFINE FUNCTION _init_ (self, NIL_index=0):
super(BagLossWithMarginLayer, self).__init_ ()
SET self.NIL_index TO NIL_index
SET self.epsilon TO 1e-8
SET self.alpha TO 1

DEFINE FUNCTION forward(self, y_pred, targets, packages, margin_loss,
seq_mask, weight=None):

SET probs TO torch.nn.functional.softmax(y_pred, dim=2)
SET B, T, C TO probs.shape
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SET golden_probs TO torch.gather(probs, dim=2,
index=targets.unsqueeze(dim=2))

SET probs_in_package TO golden_probs.expand(B, T, T).transpose(1, 2)
SET probs_in_package TO probs_in_package * packages

SET max_probs_in_package, _ TO torch.max(probs_in_package, dim=2)
SET golden_probs TO golden_probs.squeeze(dim=2)

SET golden_weight TO golden_probs / (max_probs_in_package)

SET golden_weight TO golden_weight.view(-1)

SET golden_weight TO golden_weight.detach()

SET y_pred TO y_pred.view(-1, C)

SET targets TO targets.view(-1)

SET seq_mask TO seq_mask.view(-1)

SET margin_loss TO margin_loss.view(-1)

IF weight is None:

SET weight TO torch.ones(C,
dtype=torch.float).to(device=y_pred.device)

SET nil_label TO torch.tensor([self.NIL_index] * (B * T), dtype=torch.long,
device=y_pred.device)

SET golden_loss TO torch.nn.functional.cross_entropy(y_pred, targets,
weight=weight, reduction="none")

SET nil_loss TO torch.nn.functional.cross_entropy(y_pred, nil_label,
weight=weight, reduction="none")

SET loss TO golden_weight ** self.alpha * (golden_loss + margin_loss) + (1 -
golden_weight ** self.alpha) * nil_loss

SET loss TO torch.dot(loss, seq_mask) / (torch.sum(seq_mask) +
self.epsilon)

RETURN loss

According to the methodological description, this novel concept of “boundary
bubbles” is mainly relevant for NE boundary detection region classification. Capturing

entity mention nuggets and capturing head detection loss function are really important
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considering the next major task. A novel stack LSTM neural architecture has been used
as the primary setup for determining the NE boundary detection. A dedicated novel
algorithm has been introduced to cater the requirements of deriving the NE boundary
detection regional classification. Let’s focus on the next important coding
implementation in which is really useful when deriving the NE boundary regional

detection.
4.6 Implementation on NE Boundary Detection Regional Classification

For accomplishing the NE region classification task, two stack-LSTM layers have been
adapted in the methodological section. The respective coding implementation can be

displayed as follows.

Algorithm 4.7: NE boundary region classification

super(BoundaryModel, self).__init_ ()
FOR key IN kwargs:
SET self.__dict__[key] TO kwargs[key]

SET self.word_embedding TO
EmbeddingLayer(dim=self.word_embedding dim,
trainable=self.embedding_trainable)

self.word_embedding.load_from_pretrain(self.pretrain_file, self.word2id)

SET self.char_encoder TO
CharLSTMEncoder(char_embedding_dim=self.char_embedding dim,

word_encoding dim=self.word_encoding_dim,
num_vocab=len(self.char2id))

SET self.pos_embedding TO
EmbeddingLayer(dim=self.pos_embedding_dim, trainable=True)

self.pos_embedding.initialize_with_random(len(self.pos2id))

SET self.rnn_layer TO LSTMLayer(D_in=self.word_embedding_dim +
self.pos_embedding_dim + self.word_encoding_dim,

D _out=selfhidden_dim,
n_layers=1,

dropout=0,
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bidirectional=True)
SET self.dropout_layer TO torch.nn.Dropout(p=self.dropout_rate)

SET self.conv_layer_left TO TimeConvLayer(self.hidden_dim,
self.hidden_dim, 2)

SET self.conv_layer_right TO TimeConvLayer(self.hidden_dim,
selfhidden_dim, 2)

SET self.nugget_bilinear_layer_left TO
BilinearAttention2DLayer(self.hidden_dim, self.hidden_dim)

SET self.nugget_bilinear_layer_right TO
BilinearAttention2DLayer(self.hidden_dim, self.hidden_dim)

SET self.nugget linear_layer_left TO torch.nn.Linear(self.hidden_dim, 1)
SET self.nugget_linear_layer_right TO torch.nn.Linear(self.hidden_dim, 1)
SET left_boundary_mask TO torch.zeros(self. max_seq_len, self. max_seq_len)

SET right_boundary_mask TO torch.zeros(self.max_seq_len,
self.max_seq_len)

FOR i IN xrange(self.max_seq_len):
SET left_boundary_mask[i, max(i - self.win_size, 0):i + 1] TO 1

SET right_boundary_mask([i, i:min(i + self.win_size + 1, self.max_seq_len)]
TO 1

SET left_boundary_mask TO (1 - left_boundary_mask) * -9999999
SET right_boundary_mask TO (1 - right_boundary_mask) * -9999999
SET Parameter TO torch.nn.Parameter

SET left_boundary_mask TO Parameter(left_boundary_mask,
requires_grad=False)

SET right_boundary_mask TO Parameter(right_boundary_mask,
requires_grad=False)

self.register_parameter("left_boundary_mask", left_boundary_mask)

self.register_parameter("right_boundary_mask", right_boundary_mask)

According to the development settings, several hyper-parameters can be set off. Since
this model can be described as a Stack-LSTM driven model, the inherited parameter

list as well as some newly introduced parameter settings would be constructed the
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overall cumulative hyper-parameter settings. A dedicated special RNN layer has been
enriched to compute the embedding purposes. Along with that, several other layers
have been defined to optimize the full LSTM architecture. All these hyper-parameter
settings and tune-ups will be critically evaluated under the experimental results section
and evaluation section. The implementation phase would be concluded with the final

component, NE linking.
4.7 Implementation on NE Linking

NE linking is a novel research avenue under the named entity disambiguation (NED).
Further, it can be identified as a vital task in information retrieval from knowledge
bases. According to the methodological description, there are three varieties of NE
linking. In this approach, only the direct mapping variety has been chosen for
accomplishing NE linking task. The respective pseudocode implementation for NE

linking task can be exhibited as follows.

Algorithm 4.8: NE linking

SET mapper TO ontoLoader()
SET entities TO []
FOR entity IN res['entities']:
FOR canonical_name IN mapper.load_kb(model_path).entities:
IF canonical_name.canonical_name.lstrip('#") EQUALS entity['text']:
entities.append(entity['text'])

entities.append(" ")

According to the methodological description above, a novelty will not be achieved
through NE linking process hence only a performance boosting-up will be expected as
a by-product of the overall process improvement compared to the existing baselines.

The respective experimental results will be exhibited under the next following sections.

The next chapter elaborates the overall testing procedure of the entire system. The
respective experimental settings and the experimental results will be discussed on the

following section.
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Chapter 5
Experiments

This section describes the overall testing procedure of the entire solution of this
research. Various requirements, decisions, countermeasures, factors, and conditions
have been taken into consideration when accomplishing the overall testing procedure.
For a better representation, this section can be divided into three main parts such as
experimental settings, experimental baselines, and experimental results. The

experimental settings can be demonstrated as follows.
5.1 Experimental Settings

Experiments have been determined based on the existing NE boundary detection
baselines. For accomplishing this purpose, several existing baselines have been used
as fundamentals and those baselines could be mentioned as conventional CRF and
MLP models, region-based computational models and hypergraph based

computational models.
5.1.1 Dataset

A dedicated Sinhala social media content enriched corpus weight of 99,000 has been
used as the training corpus. Regarding the IOBE pattern for NE boundary regional
tagging which has already been mentioned under the methodological approach, a
dedicated tagged Sinhala NE corpus has been used to train the model on identifying
the NE boundary aspects. This set has been manually tagged by a set of expert human
annotators®. This specific corpus has been enriched with 120,000 corpora as per the
training purposes, another different 100,000 as per the validation purposes and another
different set of 80,000 as per the testing purposes. These different datasets, which have
been consisted with Sinhala corpora and famous other datasets such as ACE2005,
GENIA and KBP2017 [19], have been served for testing purpose, as per those would

be required for layering the foundation for supervised deep neural modelling.

3 These human annotators are full time research assistants working on specific linguistic projects at the
University of Moratuwa, Sri Lanka.
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5.1.2 Tools and Libraries

Several Python related computational linguistic modules has been used to set off the
platform. Those libraries have already been mentioned under the implementation
section. Apart from those libraries, another some of required toolkits, word & character
embedding toolkits, and several other optimization functions have been used for

accomplishing the testing purposes.
5.1.3 Hardware Requirements

A dedicated high-performance graphics processing unit (GPU) machine has been
acquired to set up the whole implementation of the project. The same machine has
been used for both comprehensive training and testing procedures. The GPU machine
has been consisted with an Intel Core i7 10" generation central processing unit (CPU),
16GB of random-access memory (RAM) and a 2GB of the GPU as per the overall
specification. For acquiring the optimal usage of CPU + GPU and parallel execution
capabilities under the heavy training procedure, the CUDA drivers has been installed.
This installation would fasten the whole training procedure by tuning up the overall
execution performance using the TensorFlow framework. Several hyper-parameters
have been tuned up for obtaining the competitive edge with respect to several
development phases under the developed novel algorithms which have been critically
analyzed and presented under the methodology chapter®. Those will be further

discussed under next sub section on experimental results.

As it has already been noted, overall experiments have been performed under the
existing NE boundary detection baselines such as conventional CRF and MLP
computational models, region-based computational models and hypergraph based
computational models. Those baselines would be described in detail before moving

ahead with the experimental results of the overall approach.

4 The source code and the relevant datasets of this overall project have been kept as private due to
certain restrictions. The access privileges for the implementation can be granted as per a request could
be made through toprasanyapa@gmail.com.
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5.2 Experimental Baselines

As it has already been mentioned, three benchmarks have been defined, based on the
existing NE boundary detection baselines, to evaluate the performance on the
boundary bubbles. Those evaluation comparisons would be determined conspiring the

following benchmarks as follows.
5.2.1 Conventional CRF and MLP Computational Models

Considering the overall decoders which is being prominent under the latest
computational linguistics approaches, LSTM-CRF would take a special position under
the classical benchmarks under the NE detection and NE boundary detection.
However, these related baselines would not consider the NE boundary aspect into
consideration where the so-called outer NE mentions would only be considered for
deriving the specific training processes. Another variant under the conventional CRF
computational models would be the Multi-CRF. Multi-CRF could be mentioned as
something exactly similar to the LSTM-CRF model. The specialty of the Multi-CRF
would be the ability to distinguish the multi-NE types under the NE mention nature.
The independent MLP models are also well-known for performing the NE type
detection considering both inner and outer NE mentions. Considering all these models,
the main baselines which can be useful for underlying evaluation purposes would be
LSTM-CRF on top of MLP models.

5.2.2 Region-Based Computational Models

Several set of computational models can be used as the region-based computational
models. Among those models, cascaded oriented CRF, transition computational
models and encoding based FOFE model would be named as the most potential
benchmarks for region-based computational models. Cascaded oriented CRF models
would be dedicated for determining overall NE mentions at various aspects and
contexts. Transition computational models would be useful for evaluating NE
mentions through a series of actions. Encoding based FOFE model would be unique
for classifying all the NE mention nuggets considering the sequences of given

sentences.
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5.2.3 Hypergraph-Based Computational Models

Two main hypergraph-based computational models such as LSTM-Hypergraph (LH)
based model and CRF-Hypergraph (CH) based model would be adapted as per the
evaluation purposes. LH model would be useful for learning contextual features from
LSTM models by transforming those to the respective hypergraph models. CH would
be dedicated for deriving the ambiguity removal under transformational models. These

two are dedicated for accomplishing such state-of-art objectives.

Apart from that, the respective evaluation has been driven considering the benchmark
models that is available in the market. Models have been evaluated considering the

micro level evaluation criteria such as Precision, Recall and the F1 measure.
5.3 Experimental Results

Experimental results have been generated considering the experimental baselines
which have been mentioned above. Results have been generated for the corpus which
has been mentioned under the experimental settings. Several testing tasks have been
followed considering testing on Sinhala named entity detection, testing on word
embedding through deep transfer learning, testing on NE head word detection, testing
on Sinhala NE boundary detection, and testing on NE linking. Those sub tasks under

the overall testing process can be demonstrated as follows.
5.3.1 Testing on Sinhala NE Identification (Algorithm 4.1)

This research has been originated with the focus on the niche sector of Sinhala named

entity detection. The following measurements have been set to evaluate the model.

e True Positives (TP): identified named entities which have been extracted using
detection model by applying the ground truth of the social media content.

e False Positives (FP): identified named entities which have been extracted by
detection model but failing to apply the ground truth of the social media content.

o False Negatives (FN): identified named entities which have been annotated
according to the social media related ground truth which have been failed to extract

by the defined detection model.
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The respective average experimental results for Sinhala named entity detection module

(Algorithm 4.1) along with the required hyperparameters can be showcased as follows.

Table 5.1 : RESULTS ON SINHALA NE DETECTION

Hyper-Parameter Training Results Testing Results
Matrices

Max_len 50 - 1000
Precision (%) 60.14 55.01
Recall (%) 60.14 55.02
F1-Score (%) 60.11 55.03
Mean Absolute Error (%) 42.02 46.27
Precision Difference (%) 5.14
Elapsed Time (Sec) 128.37

The above-mentioned hyper-parameter settings have been optimized for the initial set
of 20 corpus tuples for 10 epochs each. The respective human value for indicating
whether the Sinhala offensive content has been included inside the corpus has been
flagged using a Boolean value. The respective evaluation metric criteria can be
demonstrated as follows. The optimized hyper-parametric based experiments have
been conducted based on the precision, recall, F1 score, mean absolute error, precision

difference and elapsed time.

Table 5.2 : HYPER-PARAMATER BASED RESULTS ON SINHALA NE

DETECTION
Set Human max_words=50 LSTM layers=5 delta=0.5 drop_out=0.1
Value batch_size=10
1 Y 60.12 :58.12:59.15:0.24 : 61.75 : 59.16
2 Y 62.12:59.12:61.15:0.27 : 62.49 : 60.13
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3 N 61.48 : 59.49 : 60.76 : 0.26 : 60.68 : 59.49
4 Y 62.12:59.12 : 61.15:0.27 : 62.49 : 60.13
5 Y 61.75:57.32:58.15:0.25 : 62.43 : 59.28
6 Y 62.12:59.12:61.15:0.27 : 62.49 : 60.13
7 N 61.48 : 59.49 : 60.76 : 0.26 : 60.68 : 59.49
8 N 62.12:59.12 : 61.15:0.27 : 62.49 : 60.13
9 N 62.12:59.12:61.15:0.27 : 62.49 : 60.13
10 N 61.48 : 59.49 : 60.76 : 0.26 : 60.68 : 59.49
11 Y 62.12:59.12 : 61.15:0.27 : 62.49 : 60.13
12 Y 61.75:57.32:58.15:0.25 : 62.43 : 59.28
13 N 62.12:59.12 : 61.15:0.27 : 62.49 : 60.13
14 Y 61.48 : 59.49 : 60.76 : 0.26 : 60.68 : 59.49
15 N 61.48 : 59.49 : 60.76 : 0.26 : 60.68 : 59.49
16 N 62.12:59.12 : 61.15:0.27 : 62.49 : 60.13
17 Y 62.12:59.12 : 61.15:0.27 : 62.49 : 60.13
18 Y 61.48 : 59.49 : 60.76 : 0.26 : 60.68 : 59.49
19 Y 62.12:59.12 : 61.15:0.27 : 62.49 : 60.13
20 Y 61.7557.32:58.15:0.25:62.43 : 59.28

5.3.2 Testing on Word Embedding (Algorithm 4.3)

Even though a dedicated word embedding mechanism could be followed for catering
the Sinhala word embedding process, a transfer learning approach has been adapted
for obtaining some promising results. This can be introduced as a famous approach in
most of the latest deep neural based models. The respective experimental results can

be exhibited as follows.
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Table 5.3 : AVERAGE RESULTS ON WORD EMBEDDINGS

Criteria Precision (%) Recall (%) F1 (%)
Dev Detect 81.10 76.13 78.19
Test Detect 79.15 75.14
Dev All 0.37 0.46
Test All 0.34 0.33
Dev Gap 79.26 76.02 75.13
Test Gap 79.15 78.26 78.12

5.3.3 Testing on NE Mention Detection of Head Words (Algorithm 4.4)

Named entity head word identification has been described as one of the major scientific
novelties of this overall approach under the comprehensive methodology. Head word
detection results also have been obtained considering the same matrices as follows.

Table 5.4 : AVERAGE RESULTS ON NE HEAD WORD DETECTION

Criteria Precision (%) Recall (%) F1 (%)
Dev Detect 85.98 78.53 82.09
Test Detect 78.79 81.75
Dev All 0.22 0.24
Test All 0.24 0.24
Dev Gap 85.71 78.32 81.85
Test Gap 84.68 78.55 81.51

There are few things to be considered under the NE head word detection phase. Two
parameters could be determined as the key factors which determine the overall
procedure of head word detection such as NE mention nuggets identifier and head

detection loss value. Those parameters have fully contributed for performing the
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overall NE head word detection phase whereas those two should be carefully
monitored under the testing phase as well. Specially, considering the independent and
dependent variable of those algorithms should be carefully monitored to find out the

optimal values in terms of generating the maximum testing outcome.

The parametric values for mention nuggets identifier algorithm should be considered.
There are few parameters and those can be classified as independent and dependent

variables considering the nature of a hypothesis as follows.

Table 5.5 : PARAMETERS ON MENTION NUGGETS IDENTIFIER

Independent
. Xi Ci Ui
Variables
Dependent
. w ?
Variables

Considering different values for the independent variables, the behavior of the
dependent variables has been analyzed. The respective behavior can be showcased as
follows. The x; value range has been taken from 0 to 1 whereas 0.5 constant has been

set for both ¢; and v;.

Table 5.6 : VALUE ADJUSTMENTS ON MENTION NUGGETS IDENTIFIER

w=0.5 Xi=0.2 Ci=0.5 Vi=o0.5
=02 0.02 0.012 0.012
w=0.5 Xi=0.4 Ci=0.5 Vi=o0.5
=04 0.013 0.01284 0.012
w=0.5 Xi=0.6 Ci=05 Vi=05
»=0.6 0.013 0.012 0.013
w=0.5 Xi=0.8 Ci=0.5 Vi=o0.5
=08 0.012 0.013 0.012
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w =05 Xi=1.0 Ci=0.5 Vi=o.5

®=1.0 0.012 0.011 0.012

According to the outcome, it can be concluded as when the x; gets 0.6, the output has
been maximized. This can be used as the most optimal hyperparameter adjustment for

the next evaluations.
5.3.4 Testing on Named Entity Boundary Detection (Algorithm 4.7)

Next core scientific novelty of this whole approach is to determine the named entity
boundary detection. This is the component which drives the entire solution. The
comprehensive average experimental results can be showcased as follows. For the
demonstration purposes the most prominent five NE types would be listed out of 20
NE types in total.

Table 5.7 : AVERAGE RESULTS ON NE BOUNDARY DETECTION

NE Type Precision Recall F1 Support
ORG 0.59 0.53 0.56 1766
LOC 0.82 0.82 0.82 2111
PER 0.75 0.70 0.72 698
PRODUCT 0.61 0.65 0.63 537
FACILITY 0.25 0.02 0.03 133
micro avg 0.60 0.55 0.57 9464
macro avg 0.56 0.55 0.55 9464

5.3.5 Testing on NE Linking (Algorithm 4.8)

The final phase of the overall testing procedure would be the testing on NE linking.

For the respective linking purposes, several topics have been used under the overall
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Sinhala related social media knowledge base. The respective set of topics and the

relevant experimental results can be showcased as follows.

Table 5.8 : RESULTS ON NE LINKING

Topic Set Precision (%) Recall (%) F1 Score (%)
Setl 68.25 65.25 67.21
Set 2 69.16 62.44 65.23
Set 3 71.28 68.25 70.02
Set4 70.22 68.16 69.44
Set5 76.14 75.04 76.03
Set 6 69.26 67.16 68.25
Set7 74.22 73.25 74.35

The overall average results which are related to the NE linking component can be

demonstrated as follows.

Table 5.9 : AVERAGE RESULTS ON NE LINKING
Precision (%) Recall (%) F1 Score (%)

73.57 68.43 72.08

The next chapter critically evaluates the above obtained experimental results. The
evaluation will be conducted considering the main NE boundary detection categories
as per conventional CRF and MLP computational models, region-based computational
models and hypergraph based computational models. Overall evaluation has been
conducted considering the most prominent deep neural based models which have been
introduced recently. Evaluation criteria consists with major aspects of the Precision,

Recall, F1, performance analysis, and inference time analysis.
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Chapter 6
Evaluation and Discussion

This section describes the overall evaluation which has been conducted for the derived
experimental results in the previous chapter. The evaluation will be conducted
considering the main NE boundary detection categories like conventional CRF and
MLP computational models, region-based computational models and hypergraph
based computational models. Afterwards the evaluation criteria would be critically

analyzed and discussed to demonstrate the outcome of the entire research.

Again, the overall evaluation on performance can be discussed considering the
subcomponents which have already been considered under the experimental results as

follows.

e Evaluation on Sinhala NE identification and social media analysis
e Evaluation on word embedding representation

e Evaluation on NE mention head word detection

e Evaluation on NE boundary detection

e Evaluation on NE linking

Considering the evaluation matrices, the usual precision, recall, F1 have been
employed to demonstrate the performance. For performance evaluation comparisons,

the prominent benchmark models have been used.
6.1 Evaluation on Sinhala NE identification and social media analysis

As it has already been mentioned under the experimental results section, several
annotators have been employed for constructing the main corpora such as classifying
social media statements and grouping the identified named entities of those statements
into their respective mention categories. Since the manual involvement has been used,
the interrater reliability has to be evaluated before using the corpora for the
computational purposes within the system. Hence, the Fleiss’ Kappa values have to be
measured to evaluate the reliability of the corpus which has been used in the entire

system. Fleiss’ Kappa has been considered as an extension of the famous Cohen’s
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Kappa which is applicable for the scenarios where there are three or more annotators

have been employed [50].

The extracted named entities, considering 120,000 as per training corpus, 100,000 as
per validation corpus and 80,000 as per testing purposes, have been shared among three
main annotators for accomplishing the entity annotation process. Once the annotation
process has been accomplished, the inter annotator agreement has been processed to
evaluate the relevant Kappa statistics. The individual Fleiss’ Kappa values have been
generated considering the main predefined NE categories such as PER, LOC, ORG,
DES, and PRO. These respective individual Kappa statistics can be evaluated and

showcased under the Kappa Values for Individual NE Categories table as follows.

Table 6.1 : KAPPA VALUES FOR INDIVIDUAL NE CATEGORIES
Kappa Values for Individual NE Categories

Conditional Standard
NE Class . Kappa Z Value P Value
Probability Error
PER 0.84 0.76 0.12 5.12 0.04
LOC 0.76 0.64 0.12 4.87 0.04
ORG 0.67 0.62 0.12 4.28 0.03
DES 0.48 0.57 0.12 3.72 0.02
PRO 0.43 0.52 0.12 3.24 0.02

Once the Kappa values have been obtained for the respective individual NE categories,

then the overall Kappa statistics can be obtained and demonstrated as follows.

Table 6.2 : OVERALL KAPPA VALUES FOR NE CATEGORIES
Overall Kappa

Conditional Standard
NE Class o Kappa Z Value P Value
Probability Error
Overall 0.78 0.72 0.11 4.86 0.02
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According to the values of table 6.2, the overall Kappa value for NE identification and
categorization can be recognized as 0.72. Considering the overall value and according
to the classification of the Fleiss’ Kappa, it can be concluded that the generated Kappa
value has represented a good strength in the inter annotator agreements [51].

In terms of evaluating the model on NE type classification, set of main parameters
have been defined and discussed in the previous chapter. The obtained results have
been critically evaluated with the available benchmarks as per the table 6.3. The newly
introduced unique model has been demonstrated as BB2022 (boundary bubbles) [52].
The baselines which have been demonstrated such as SH2016, ARN2019 and
KBP2018 have been chosen considering several baselines which have been described
under the constructive literature review [27], [28] and the respective results have been
obtained considering the execution of each model with respect to the earlier mentioned

corpus.
Table 6.3 : EVALUATION ON NE TYPE CLASSIFICATION
Model Precision (%) Recall (%) F1 (%)
SH2016° 75.9 70.1 72.8
KBP2018° 72.6 73.0 72.8
ARN2019° 75.2 72.5 73.9
BB2022 76.2 73.6 74.9

As per the exhibited comparison outcomes, it can be concluded that the proposed novel
model performs better than the existing NE type detection benchmarks in a competitive
edge. Next, the evaluation process on word embedding through deep transfer learning

has to be conducted as follows.

5 Existing benchmarks which have been implemented and available for hate speech identification
purposes.
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6.2 Evaluation on Word Embedding

In terms of achieving the competitive advantage over the most prominent benchmarks,
deep transfer learning mechanism has been used. The evaluation process has been
conducted considering a correlational graphical process considering the performance
outcome with respect to the manual annotations which has been conducted for
determining character level embedding. Several word embedding transfer models such
as Word2Vec, BERT and ELMo have been used for the comparison with respect to
the GloVe approach. These have performed in different ways under different levels of
contexts and the prevailing context is a specialized domain which is unique from any
other context. So, the overall evaluation on the transfer learning should be conducted

in a more sophisticated manner.

The following figure 6.1 reveals the outcome of the evaluation on word embedding

through deep transfer learning over the existing baselines.

Performance on Deep Transfer Learning
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Figure 6.1. Performance comparison on deep transfer learning
As per the comparison, some of the key points can be derived as follows.

e Until the k value gets 1.4, there is a rising behavior of the performance in all the

models except ELMo where it reaches to its maximum when k becomes 1.6.
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e Considering Word2Vec, GloVe and BERT models, the maximum outcome has
been demonstrated by GloVe. So, considering all aspects, the proposed approach

has shown the best outcomes out of the given benchmarks in the market.

Later, with the introduction of cross-lingual word embeddings, some state-of-the-art
word embedding models have been invented. One of such prominent mechanisms
would be the usage of XLM-R for obtaining word embeddings considering major text
classification tasks [53]. Unlike most of the other word embedding approaches, XLM-
R supports more than 100 languages including Sinhala [54]. Hence, another evaluation
approach has been applied to compare the proposed model and the XLM-R model

where the results can be demonstrated as follows.

Performance on Deep Transfer Learning
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Figure 6.2. GloVe and XLM-R performance comparison on transfer learning

As per the comparison between the GloVe and XLM-R models, it can be concluded
that the maximum outcome has been showcased by GloVe even though XLM-R has
performed well in most of the sections in the graph distribution.

Next evaluation phase on NE mention head word detection can be exhibited as follows.
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6.3 Evaluation on NE Mention Head Word Detection

NE head word identification has already been described as the major scientific novelty
of this overall approach under the comprehensive methodology. The experimental
results have demonstrated some promising results in the previous chapter. Those
outcomes would be compared with the existing benchmarks. As per the benchmarks,
models which have been invented by Sohrab et.al. [19], Ju et.al. [22] and ARN [23]
have been chosen and the respective conducted evaluations can be showcased as
follows. The newly introduced unique model has been indicated as BB(2022) (BB

means boundary bubbles).

Table 6.4 : EVALUATION ON NE HEAD WORD DETECTION

NE Head Word Detection

Model Set
Precision (%) Recall (%) F1 (%)
1 71.68 71.25 71.28
2 71.59 70.48 71.24
Sohrabetal. | 3 71.43 71.39 71.31
(2018)° 4 72.69 71.59 71.84
5 71.89 71.52 71.64
6 72.98 71.42 71.55
1 69.11 68.87 68.91
2 68.47 68.24 68.12
Juetal. 3 68.35 68.29 68.23
(2019)° 4 68.48 68.22 68.31
5 68.94 68.47 68.51
6 69.24 68.86 68.23
1 78.13 76.21 78.06

5 These benchmark results have been obtained from the respective publications.
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78.21 76.47 78.17
78.65 76.34 78.35
ARN (2019)¢ 77.98 75.27 77.76
77.83 76.39 77.76
78.11 7753 78.10
78.95 77.35 78.54
78.24 76.97 78.13
78.88 77.31 78.24
BB (2022)
78.65 78.03 78.59
79.16 77.68 78.88
79.14 77.21 78.92

As per the critically evaluation, Sohrab model has been invented around 2018 and Ju
et.al. model has been introduced around mid-2019. Considering these two models,
Sohrab model perform well in terms of all three performance evaluation criteria. When
it comes for ARN, which has been introduced around late 2019, has been performed
way better than the above mentioned both models. So, until mid-2020, ARN could be
introduced as the pioneer model for NE head word detection. Then, it can be compared
the proposed model with the ARN, and the evaluation results have showcased that the
novel model performs slightly better than the ARN in all three performance evaluation
criteria. So, as per the discussion, it can be concluded that, BB(2022) performs well

than the existing cutting-edge baselines in the market. Further as per a summary view,

the average comparison can be showcased as follows.
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Table 6.5 : SUMMARY EVALUATION ON NE HEAD WORD DETECTION

NE Head Word Detection
Model Precision (%) Recall (%) F1 (%)
Sohrab et al. (2018) 72.76 71.43 71.28
Juetal. (2019) 68.49 68.34 68.19
ARN (2019) 78.24 76.57 77.39
BB (2022) 78.82 77.16 78.53

Next important aspect is to consider the evaluation on NE boundary detection.
6.4 Evaluation on Named Entity Boundary Detection

This can be introduced as the next major scientific novelty of this entire research
attempt. As per the methodology and implementation, named entity boundary
detection also has been addressed by the same solutions which have been worked on
NE head word detection. The evaluation can be exhibited considering those models
such as Sohrab et.al. [19], Ju et.al. [22] and ARN [23]. The respective results can be

demonstrated as follows.

Table 6.6 : EVALUATION ON NE BOUNDARY DETECTION

Boundary detection
Model
Precision (%0) Recall (%) F1 (%)
Sohrab et al.(2018) 76.61 69.20 72.71
Juetal. (2019) 79.90 67.08 71.36
ARN (2019) 81.34 68.20 72.83
BB (2022) 82.18 71.34 76.54

Considering the outcomes, the novel BB(2022) model has performed well in F;

measure matrix compared to all of the available benchmarks. Considering the overall
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evaluation results of the NE boundary detection, the evaluation outcome of the novel
BB(2022) model has been based on Sinhala named entity related information whereas
other benchmarks have been focused mainly on English, French and German related
NE corpora. The whole purpose of this comparison is to show off that the novel
specialized BB(2022) model which has been invented based on poor NLP resources,
settings and fundamentals of the Sinhala language, has performed well ahead than the
other models which have been introduced based on rich NLP resources, settings and
fundamentals. As a summary it can be concluded that the BB(2022) novel model has
performed well considering all the available top notch benchmarks for NE boundary

detection.
The final evaluation phase is to derive evaluation for NE linking process.
6.5 Evaluation on NE Linking

NE linking can be introduced as a major task in information extraction from knowledge
bases. This has been practiced in several latest research and certain models have been
introduced based on those developments. Such several models which have been used
for the evaluation purposes could be listed down as DBpedia Spotlight”, SOTAS, and
VCG®. The respective benchmarks have been critically evaluated with the novel

model, BB(2022), then the respective evaluation results can be showcased as follows.

Table 6.7: EVALUATION ON NE LINKING

Model Precision (%) Recall (%) F1 (%)
DBpedia Spotlight 52.64 52.48 52.53
SOTA 57.26 51.24 55.24
VCG 61.25 58.26 60.18
BB(2022) 62.47 60.15 61.27

7 https://www.dbpedia-spotlight.org/api.

8 Exploring Neural Entity Representations for Semantic Information, A Runge, E Hovy - arXiv
preprint arXiv:2011.08951, 2020 - arxiv.org.

9 https://paperswithcode.com/task/entity-linking
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According to the comparisons, it can be seen that the BB(2022) model has performed
well compared to all the other existing baselines. All the performance matrices have
showcased that BB(2022) novel approach has outperformed better than the prominent
benchmarks in the market. It is a must to highlight that the NE linking has been

performed only considering the direct mapping approach.

That concludes the evaluation chapter. The next section concludes the overall study
which has been executed throughout this research. The main points on identifying the
research gap, methodological approach, experimental results, and evaluation process

have been summarized.
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Chapter 7
Conclusion

This section concludes the overall attempt of this research through indicating the
research gap, methodological approach, overall implementation plan, the experimental

results, and the conducted evaluation process of the experiments.

According to the above-mentioned objectives, the methodological plan has been
conducted. According to objective 1, a constructive literature review for analyzing the
already implemented NE type and NE boundary identification approaches and systems
have been conducted. In accordance with the objective 2, identifying the core linguistic
structures under Sinhala named entity identification has been obtained. The dataset
annotation process has been carried out considering three social media platforms:
Facebook, YouTube, and Twitter. Then, aligning with the proposed timeline, the
deliverables under objective 3 and 4, have been delivered. The novelty parts have been
implemented along with the 3" objective, identifying the novelty in implementing NE
boundary detection considering NE types of Sinhala related statements. Finally, as per
the 4™ objective, NE linking part has been implemented. Overall experimental results
and the evaluation process have been conducted and accomplished under the 5™

objective.

After the component implementation, system integration has been carried out, and the
respective system testing has been executed. In terms of accomplishing system testing,
confusion matrix calculation would be set off as the most important part. A dedicated
different testing corpus has been used as the dataset, which is unique than the corpus
which has been used for training purposes, for this whole purpose. Precision, recall, f-
measure, and accuracy have been calculated as per the experimental deliverables.
Additionally, performance and execution time have also been considered for
accomplishing some non-functional requirements. These would ensure accomplishing

the overall evaluation procedure of this proposed system.

For choosing the testing corpus, the dataset has been consisted with Sinhala related
extracted statements, posts, and comments from social media platforms. Since the deep

transfer learning has been adapted, not only the Sinhala corpus but also the typical
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datasets such as ACE2005, GENIA and KBP2017 [19] have also been used for the
overall experimental comparison evaluation purposes. Specially during the execution
of overall system testing, state-of-the-art NE boundary detection architectures have
been considered. According to [24] deep neural network-based mechanisms have
outperformed all non-neural models (machine learning models, rule-based models
etc.). Hence, under the evaluation related tasks, only deep neural model-based
solutions have been adapted for the evaluation purposes. As the conclusion, it can be
accepted that the proposed novel mechanism on identifying NE boundary detection

has outperformed the most prominent existing baselines in the market.

Considering the main contribution to the field of computational linguistics, as it has
already been explained earlier, there are no proper computational mechanism for
measuring Sinhala related NE boundary detection under social media context. Even
though there are plenty of solid approaches for detecting NE boundary detection
specially for English domain, NE boundary detection for Sinhala is a rising area and
has not been matured. Both NE type and boundary aspects are relevant and important
for NLP related tasks such as information extraction, information retrieval, NE linking
etc. Social media analysis for Sinhala has been experimented using machine learning
approaches but applying a deep learning mechanism for detecting Sinhala NE
boundary aspects can also be mentioned as a first-time appearance. NE linking has
already been done, especially direct mapping, for various domains including English,
German, Arabic etc. but for most of the Indo-Aryan languages, still this is a growing
research area. Regardless of the context, the proposing NE linking mechanism could
be mentioned as a novel approach where useful for NE linking with knowledge bases.
So, those can be introduced as the novel contribution from this research to the field of

computational linguistics considering low resourceful languages like Sinhala.

Considering all these aspects, few avenues can be introduced as the possible future
enhancements under the whole process of detecting Sinhala related NE boundaries
along with the considered NE type. It has been assumed as a particular head word
would not be shared among more than one sentence nuggets under the section of

dominant word detection considering MLP on top of CRF along with NE type
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detection in the constructive methodological approach. Therefore, sharing a given
respective head word among several multiple sentence nuggets has been considered as
a possible future enhancement under the overall methodological approach.
Experimenting on the applicability of sharing a particular head word among multiple
different sentence nuggets would be a major scientific research advancement of this

entire domain.
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