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Automatic Taxonomy Expansion in IndoWordNet

(With special reference to Assamese WordNet)

Abstract

The task of automatic taxonomy expansion plays a significant role in natural language
processing (NLP), as it helps to overcome the issue of low coverage in taxonomies. By
effectively performing this task, various NLP applications like information retrieval,
text classification, and natural language understanding can achieve better accuracy and
efficacy. While numerous studies have explored the challenges of automatic taxonomic
expansion, the methods and techniques used in these studies may be less effective for
taxonomies like WordNet due to their unique structure and organization.

WordNet is a widely used lexical taxonomy of concepts in a language that comprises
not only a hierarchical organization of concepts but also information regarding other
semantic relations such as synonymy, meronymy, and troponymy among the concepts,
which distinguish it from other taxonomies. The creation of WordNets typically involves
manual methods; however, currently, a substantial number of WordNets are generated
through the expansion approach, such as those included in Indo-WordNet. Despite its
widespread usage, creating WordNet is challenging, with two significant problems being
limited coverage and missing relations. The manual creation process of WordNets can
result in limited coverage, while the use of the expansion approach for creating WordNets
may result in missing relations between concepts and words. While previous studies have
sought to address the issue of limited coverage, the problem of missing relations has
yet to receive adequate attention. Furthermore, while automatic taxonomy expansion
approaches have been proposed to resolve the issue of limited coverage, their effectiveness
for WordNet expansion remains in question. The primary reason is that the expansion of
WordNet requires not only inserting new concepts (attach operation ) but also extending
existing ones (merge operation) as shown in figure 1.4. However, most existing studies
on taxonomy expansion only focus on the (attach operation ). Furthermore, WordNet
taxonomies, especially those in Indian languages, tend to have a multi-root structure.
It makes it more challenging to utilize traditional methods for the expansion of WordNet
taxonomy as these methods are not designed to handle the challenges of a multi-root
structure, which may limit their usefulness in expanding WordNet taxonomies. In light
of these challenges, this thesis work aims to address the problem of automatic taxonomy
expansion by addressing the challenges in WordNet, especially in IndoWordNet. The
objective is to develop a solution that can be extended to other taxonomies beyond
WordNet.

This thesis first studies the problem of missing synonymy relations in WordNet tax-
onomy. It considers Assamese Wordnet as a case study. It investigates the effectiveness
of Link prediction methods. As WordNets can be visualized as a network of unique
words connected by synonymy relations, link prediction in complex network analysis is
an effective way of predicting missing relations in a network. Hence, in order to predict
the missing synonyms in the Assamese WordNet, link prediction methods were used in
the current work that proved effective. It is also observed that for discovering miss-
ing relations in the Assamese WordNet, simple local proximity-based methods might
be more effective as compared to global and complex supervised models using network
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embedding. Second, a novel multi-task learning-based deep learning method known as
Taxonomy Expansion with Attach and Merge (TEAM) is proposed, which performs both the
merge and attach operations. This is the first study that integrates both themerge and
attach operations in a single model to the best of our knowledge. The proposed models
have been evaluated on three separate WordNet taxonomies, viz., Assamese, Bangla,
and Hindi. From the various experimental setups, it is shown that TEAM outperforms
its state-of-the-art counterparts for attach operation and also provides highly encour-
aging performance for the merge operation. Third, As TEAM considers local context,
it faces challenges when it is applied to multi-root taxonomies. To address the limi-
tations in TEAM, this thesis proposes another approach, LG-TEAM, which combines
both the local and global context of taxonomy in an integrated attach-merge expansion
environment, providing a more robust solution to the problem of taxonomy expansion.
Extensive experiments on English, Assamese, Bengali, and Hindi WordNets demon-
strate both the effectiveness and the efficiency of LG-TEAM for automatic taxonomy
expansion.
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“You can’t go back and change the beginning,
but you can start where you are and change the
ending.”

— CS Lewis

Introduction

1.1 Overview

Lexical taxonomies are essential resources for natural language processing (NLP) as
they provide a systematic and standardized method of organizing words, concepts, and
phrases. These taxonomies offer an organized hierarchy of terms or concepts and can be
used to enhance the performance of a wide range of NLP tasks. Some key applications

of lexical taxonomies in NLP include —

e Dealing with unstructured text: Lexical taxonomies can be utilized to organize
unstructured text data, resulting in more efficient and effective extraction of in-
formation from the text rather than working directly with raw unstructured data

(as shown in Figure 1.1).

TH-3092_166155002 1



E‘.
Taxonomy E
Unstructred Structured text data knowledge and
text data insights

Figure 1.1: Utilizing taxonomy structure to turn unstructured text data into actionable
knowledge
e Information retrieval : Lexical taxonomies can also be used in information re-
trieval, allowing for more precise and relevant search results by utilizing the

structured hierarchy of terms and concepts.

e Text classification : By utilizing a lexical taxonomy, text can be organized and
classified into specific categories or labels, improving the accuracy and efficiency

of text classification tasks.

Manual creation of taxonomies is a time-consuming, expensive, and non-scalable process,
which inherently limits their coverage. A low-coverage taxonomy can lead to a variety
of problems in NLP tasks, including incomplete text understanding, limited usability,
etc. As a result, NLP tasks such as information retrieval and text classification may
perform poorly. Also, since new concepts are constantly emerging and growing, they
may need to be added to existing taxonomies in order to keep them up-to-date and
useful. Therefore, automated taxonomy expansion is crucial to effectively addressing
these issues.

Many well-known taxonomies have been introduced by researchers in different do-
mains, such as WordNet®', MesH*?, Pinterest Taxonomy?! (Figure 1.2). Among these
taxonomies, WordNet is a widely used lexical taxonomy that provides a comprehen-
sive and structured representation of the meanings of words in a language that could
be exploited in more complex NLP research and applications. It organizes words into

synsets (sets of synonyms) and defines relationships between them, such as hypernymy,

TH-3092_166155002 2



An entity that is not named specifically

S .

A e

W DRDN ET;. r A tangible and visible entity
":"‘."" d ¥ ]
T
L& ] v

. [ object — Physical object
The hard, solid material that forms

Something that people or animals eat

Food —i Nutrient

The part of a plant or tree that
contains seeds and that we eat

‘
Me SH d part of the surface of the earth
Rock — Stone

The ripened reproductive body of a seed plant

l Veggie ~— Vegetable

Round yellow to orange fruit of any of

several citrus trees
[
orange

Figure 1.2: Few examples of Figure 1.3: Structure of English WordNet taxonomy
taxonomy with synonymy and hypernymy relations

l mildly acid red or yellow pulpy
fruit eaten as a vegetable

Tomato

hyponymy, meronymy, and troponymy. Figure 1.3 shows a snippet of the English Word-
Net with its synonymy and hypernymy relations. This hierarchical structure allows for
the representation of rich semantic information, making it a valuable resource for various
NLP tasks. As mentioned above, the creation of WordNets typically involves manual
methods; however, currently, a substantial number of WordNets are generated through
the expansion approach’. This approach involves creating new WordNets through the
mapping of a pre-existing WordNet, specifically those included in the Indo-WordNet.
Figure 2.1 presents a high-level view of the expansion approach to WordNet creation
from Hindi WordNet to Assamese WordNet.

Despite its widespread usage, creating WordNet is challenging, with two significant
problems being limited coverage and missing relations. The manual creation process of
WordNets can result in limited coverage, while the use of the expansion approach for
creating WordNets may result in missing synonymy relations between words. A detailed
analysis of these challenges are discussed in Section 3.1. While previous studies have
sought to address the issue of limited coverage, the problem of missing relations has yet
to receive adequate attention. Furthermore, while automatic taxonomy expansion ap-
proaches have been proposed to resolve the issue of limited coverage, their effectiveness
for WordNet expansion remains in question. The primary reason is that the expan-
sion of WordNet requires not only inserting new concepts (attach operation ) but also
extending existing ones (merge operation) as shown in figure 1.4. However, most existing
studies on taxonomy expansion only focus on the attach operation 7490:78,104,105,85,44

Furthermore, WordNet taxonomies, especially those in Indian languages, tend to have
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object, physical _object

A tangible and visible
entity

Rock, Stone Food, Nutrient words
defination Something that defination
people or animals
eat
Ju Merge
\ v v
words Meat Fruit R
X . veggie
defination The parts of The part of a plant

A plant or part
of a plant that
we eat

animals or i
birds that that contains seeds

people eat and that we eat

¥ Attach

‘ A tropical fruit that |
has a yellow and red skin
| and is yellow inside |

Figure 1.4: Expansion of English WordNet through Attach and Merge operations

a multi-root structure. It makes it more challenging to utilize traditional methods for
expansion of WordNet taxonomy as these methods are not designed to handle the chal-
lenges of a multi-root structure, which may limit their usefulness in expanding WordNet
taxonomies. These challenges highlight the ongoing need for further research to enhance
the robustness and reliability of WordNet. Thus this thesis aims to address the problem
of automatic taxonomy expansion, with a specific focus on the challenges inherent in
WordNet, particularly in IndoWordNet. The objective is to devise a solution that can
be adapted to other taxonomies beyond WordNet and enhance the overall accuracy of
automatic taxonomy expansion. The research goal is to advance the field of automatic
taxonomy expansion by addressing the limitations and challenges present in WordNet
and to create a scalable and versatile solution for expanding taxonomies.

An overview of IndoWordNet : IndoWordNet is a comprehensive multilingual lexical
resource covering 18 different Indian languages, which includes individual WordNets for
each language. Among these WordNets, the Hindi WordNet is created manually using
lexical knowledge from various dictionaries, whereas the other languages were generated
through the expansion approach using Hindi as a pivot language. An overview of the
expansion approach is shown in figure 2.1. This approach leverages the existence of
universal concepts that are independent of the language and have consistent semantic
relations across languages. As a result, the semantic relations for universal synsets are

defined in Hindi and then borrowed by other languages. This approach has proven

TH-3092_166155002 4



32364 34278 29469

32370 32370 38730
Punjabi Urdu Kashmiri Konkani Sanskrit Marathi
WordNet WordNet WordNet WordNet WordNet WordNet No of synsets
36345
Name
WordNet

Telugu Dravidian WordNets: Telugu, North-East WordNets : Nepali

qu Gujarati Oriya

21091 Tamil, Kannada, malayalam WordNet WordNet Assamese, Bodo, Manipuri, Nepali | 11713
Malayalam — Kannada  Tamil 35581 35284 Assamese  Bodo Manipuri

30140 22042 25419 14958 15785 16323

32364

Bengali
WordNet

Punjabi
WordNet

Hindi WordNet

Figure 1.5: Linked IndoWordNet structure and current statistics Source™

effective for closely related languages, such as Hindi and Marathi. However, this ap-
proach may not be as effective for languages that are not closely related, such as Hindi
and Assamese (a detailed study is given in chapter 3). The current statistics of the

IndoWordnet are shown in figure 1.5.

1.2 Research gap

The field of automatic taxonomy expansion is an area of active research, with ongoing
efforts to improve and expand existing taxonomies. Despite the progress made in this
field, there remain challenges and limitations in expanding taxonomies, particularly in
the case of WordNet. These limitations significantly impact the usefulness and applica-
bility of these taxonomies for text-processing tasks. In order to address these limitations
and challenges, there is a need for further research to create a scalable and versatile so-
lution for expanding taxonomies. The following are the significant research gaps in the

field of automatic taxonomy expansion:

1. Lack of attention on missing synonymy relations in WordNet : The develop-
ment of taxonomies remains a persistent challenge, particularly in the case of
the WordNet taxonomy. This taxonomy is unique due to its various lexical and
semantic relations, with synonymy playing a crucial role in its creation. However,
incomplete or missing synonymy relations can negatively impact the usefulness of

WordNet and limit its usability in text-processing tasks. The occurrence of miss-
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ing synonymy relations within the WordNet taxonomy refers to instances where
two words have the potential to be synonyms, but their relationship as such is not
explicitly defined within the taxonomy. The existence of missing synonymy rela-
tions within WordNet results in limited coverage of the taxonomy. This presents
a major challenge for low-resource languages where the only available resource
for synonymy is the WordNet synonymy thesaurus. The wordNets created by
the expansion approach have a tendency to create missing or incomplete relations
in the WordNet. This is evident in the case of the Assamese WordNet from In-
doWordNet, which was created by mapping the Hindi WordNet to corresponding
Assamese equivalent words. For example, the Assamese words [% ‘Dhir’ (pa-
tience), *® ‘Xanto’ (calm),/83'Sthir’ (quiet) are synonyms with respect to the
sense/concept self composed. As the sense or concept self-composed is not present
in the Hindi WordNet, the synonymy relationship between these words is also
missing in the Assamese WordNet. Additionally, the manual curation process
can also cause missing or incomplete synonymy relations if the annotators’ un-
derstanding does not accurately depict the associations between words. While
previous studies have attempted to address the issue of limited coverage in Word-
Net, the problem of missing synonymy relations between words has yet to receive
adequate attention. In the recent past, the problem of synonymy prediction (or
synset expansion) has been studied in the context of extracting entity %", at-
tribute?®, and lexical synonymy words®’. Though entity synonymy prediction
received considerable attention, attribute, and lexical synonymy prediction have
been less explored. This thesis aims to address this gap by developing a solu-

tion to discover missing relationships and enhance the usefulness of WordNet in

various text processing tasks.

2. Inadequate focus on both attach and merge operations:  For taxonomy ex-
pansion, WordNet, in particular, may need two types of operations; (i) merge,
where a new concept is merged to an existing node, and (ii) attach, where a new
concept is inserted as a new node. Figure 1.4 illustrates these two operations,
where the word Mango is inserted as a new concept with the attach operation,

and the word veggie is inserted as a new synonym in an existing concept with
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the merge operation. Though both of these operations are integral parts of a
WordNet taxonomy expansion, all of the existing studies on taxonomy expansion

74,90,78,104,105,85,44

have considered expansion with either attach operation or merge

99,57,55,69,11,94,19 "hyt not together. Therefore, there is a need for further

operation
research to address this issue and develop a comprehensive solution for taxonomy

expansion through attach and merge operations.

3. Limited research on multi-root taxonomies: There is a lack of research on
expanding multi-root taxonomies, which are taxonomies that have multiple roots
as opposed to a single root. However, in cases where WordNet has multiple
roots, it poses challenges that need to be addressed when expanding it. This
gap in research is being addressed by this thesis, which proposes a solution for
the effective expansion of multi-root taxonomies such as the Indian languages

WordNet.

1.3 Research Objectives

Taking into account the research gap outlined above, this thesis aims to address the

following research objectives:

1. Addressing the challenges of missing synonymy relations in WordNet tax-
onomy : The objective of this research is to address the challenge of missing
synonymy relations in WordNet, which restricts its usability in various text pro-
cessing applications, including information retrieval, information extraction, text
classification, and summarization. To resolve the issue of missing synonymy rela-
tions, the research focuses on visualizing WordNet as a network of unique words
interconnected by synonymy relations. The study employs link prediction tech-
niques in complex network analysis to empirically evaluate the effectiveness of
state-of-the-art methods in predicting missing relations. The final goal is to en-
hance the usefulness of WordNet by resolving the issue of missing synonymy

relations and expanding its applications in text processing.

2. Incorporating both attach and merge operations for expansion of taxonomy:

The objective of this study is to address the limitations and challenges present
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Figure 1.6: visual representation of the contributions made in this thesis and its outcome

in the automatic expansion of WordNet taxonomy by considering both the attach
and merge operations. This research aims to fill the gap left by previous studies,
which have only focused on one of these operations. The objective is to propose
a comprehensive model that integrates both the attach and merge operations,
resulting in a more comprehensive and effective approach to WordNet taxonomy

expansion.

3. Overcominglimitations in expanding multi-root taxonomies : Expanding multi-
root taxonomies, particularly WordNet for Indian languages, poses certain limita-
tions that need to be addressed. This objective aims to overcome these limitations
and provide a solution for expanding multi-root taxonomies in a scalable and flex-

ible manner.

1.4 Contributions

This thesis presents the following significant contributions by addressing the identified

gap in research and fulfilling the designated research objectives.

e The first contribution of this thesis is focused on addressing the issue of missing
synonymy relations in the WordNet taxonomy, with a specific emphasis on the
Assamese WordNet taxonomy. To address this gap, the study revisits the syn-
onymy prediction problem for low-resource languages and carries out a thorough

analysis of the characteristics of synonymy relations in the Assamese WordNet.
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The empirical analysis uses complex network analysis methods to predict miss-
ing synonymy relations, providing a novel solution to this persistent challenge in
the development of taxonomies. This contribution has the potential to make a
significant impact in the field of automatic missing synonymy prediction in the

WordNet and as a result, advance the field of automatic taxonomy expansion.

e The second contribution of this thesis is the development of a multi-task learning-
based taxonomy expansion framework referred as TEAM. This framework is de-
signed to perform both the attach and merge operations in a single model, making it
the first integrated model of its kind. To achieve this, the framework is designed
using two variants, namely TEAM-Regression (RG) and TEAM-Classification
(CL). The integration of both operations in a single model provides a more scal-
able and versatile solution for taxonomy expansion, as compared to previous
methods which only focused on either attach or merge operations. The multi-task
learning approach used in TEAM enables it to learn from both attach and merge
tasks simultaneously, providing a more comprehensive and effective solution for

WordNet taxonomy expansion.

e The third contribution of this thesis involves proposing a novel approach, LG-
TEAM, to enhance the taxonomy expansion framework, TEAM. Building upon
the multi-task learning-based approach of TEAM, which performs both the attach
and merge operations, LG-TEAM expands upon this concept by considering both
local and global contexts in the taxonomy expansion process. This is achieved
by considering the ego-net to capture the local context and the entire network
to capture the global context. By adding a dummy root node that connects all
sub-tree roots, LG-TEAM ensures message passing between the sub-trees while
capturing the global context. The goal of LG-TEAM is to further improve the
effectiveness of automatic taxonomy expansion by considering both local and

global contexts, building upon the framework of TEAM.

e Overall, this thesis advances the field of automatic taxonomy expansion by pro-
viding comprehensive and practical solutions to expand WordNet taxonomy. The

proposed solutions have the potential to be applied to other taxonomies, mak-
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ing them a valuable contribution to the field. This will provide a foundation for

further research and development in the field of automatic taxonomy expansion.

The schematic diagram presented in Figure 1.6 provides a visual representation of
the contributions made in this thesis and the comprehensive outcome of the research

effort.

1.5 Organization of the Thesis

The organization of this thesis is comprised of several distinct chapters, each of which
serves a specific purpose in supporting the overall argument and structure of the work.

The chapters are as follows:

e Chapter 1. Introduction : This chapter provides a comprehensive introduction
to the concept of taxonomy and its relevance, with a particular focus on the
WordNet taxonomy. The chapter then discusses the existing research gap and
outlines the research objectives of the thesis. Additionally, the chapter highlights

the contributions made by the thesis work.

e Chapter 2. Background : The Background study covers a variety of topics
related to this thesis. Firstly, the dataset background is discussed, which includes
WordNet and IndoWordNet. Following this, network preliminaries are discussed
and various approaches to network embedding, including local and global network
representation, are explored. Finally, the multi-task learning approach that has

been employed in this thesis is presented.

o chapter 3. Synonymy Expansion Using Link Prediction Methods: A Case
Study of Assamese WordNet : As our first significant contribution, this chap-
ter first discusses the characteristics of synonymy relations in Assamese WordNet
and its issues. Then it discusses the empirical analysis of predicting missing syn-
onymy relations in Assamese Wordnet using Link Prediction methods. Further,
it discusses the characteristics of the dataset used in this study. It is followed by
evaluating the link prediction methods in predicting missing relations in Assamese

WordNet.
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e Chapter 4. A multitask learning-based Taxonomy Expansion approach for at-
tach and merge (TEAM). This chapter, introduces the second significant contribu-
tion of this thesis work, which is the proposed method of multitask learning-based
Taxonomy Expansion approach for attach and merge (TEAM). The chapter out-

lines the TEAM approach in detail, including its implementation and evaluation.

e Chapter 5. Local and Global context aware Multitask learning based Tax-
onomy Expansion for attach and merge operations(LG-TEAM) : This chapter
introduces the third significant contribution of this thesis, which is the proposed
Local and Global context-aware Multitask learning based Taxonomy Expansion
for attach and merge operations. The integrated taxonomy expansion approach,
referred to as LG-TEAM, aims to address the challenges associated with multi-
root disconnected taxonomies. The chapter outlines the LG-TEAM approach in

detail, including its implementation and evaluation.

e Chapter 6. Conclusion and Future Work: This chapter concludes with possible

future research directions of this thesis.
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There are things known and there are things un-
known, and in between are the doors of percep-

tion.

Aldous Huxley, English writer

Background Studies

This chapter provides a comprehensive overview of the background studies that are
relevant to the research presented in this thesis. This thesis focuses on addressing the
challenges inherent in the process of WordNet taxonomy expansion and explores various
fields that are relevant to the proposed solutions. To provide a thorough understanding
of the challenges associated with WordNet taxonomy expansion and to offer a well-
supported and grounded solution, this chapter discusses the various fields relevant to this
study. The background studies are presented in two directions. First, the background
of WordNet and IndoWordNet is discussed, offering a brief overview of the datasets
used in this research. Second, the technical background presenting an overview of the
techniques, and the methods used in the field of automatic taxonomy expansion, are

discussed.
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2.1 Taxonomy Background

This thesis employs the IndoWordNet taxonomy as its primary dataset to investigate
issues in the automatic expansion of WordNet taxonomy. To provide a foundation for
this investigation, this section provides an overview of WordNet, its structure, and its
features. Moreover, it discusses the creation of IndoWordNet and highlights the issues

associated with it.

2.1.1 WordNet:

WordNet is a comprehensive lexical database consisting of synsets and semantic rela-
tions. The synsets in WordNet consist of a single word or a group of words that represent
the same concept, and each synset contains definitions that describe the concept using
sentences. WordNet includes synsets with words from four different parts of speech cat-
egories: nouns, adjectives, verbs, and adverbs. WordNet store various relations among
words and synsets. These relations give important knowledge about language structure.
These are categorized under two labels, viz., lexical relations and semantic relations.
One of the most significant aspects of WordNet is the way in which it stores various
relations between words and synsets, which provide valuable information about the
structure of language. Lexical relations are those that exist between individual words,
and semantic relations are those that exist between entire synsets.

Lexical Relations: Lexical relations refer to the relationships that exist between individ-
ual words. These relations can take several forms, including compounds (for nouns),
conjunctions (for verbs), gradation (for all parts of speech, which refers to relationships
based on factors such as state, size, light, gender, temperature, color, time, quality,
action, and manner), and antonymy (for all parts-of-speech, which refers to relation-
ships between words that are opposite in meaning with respect to factors such as action,
amount, direction, gender, personality, place, quality, size, state, time, color, and man-
ner).

Semantic Relations: Semantic relations, on the other hand, are the relationships that
exist between the synsets themselves. These relations take different forms, such as hy-

pernymy (for nouns and verbs), holonymy (for nouns), meronymy (for a component
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object, member collection, feature, activity, place, area, face, state, portion, mass, re-
source, process, position, and area), troponymy (for verbs), similar attribute (between
nouns and adjectives), function verb (between nouns and verbs), ability verb (between
nouns and verbs), capability verb (between nouns and verbs), also-see, and adverb
modifies verb (between adverbs and verbs).

WordNet is often considered a taxonomy because it organizes concepts based on their
hypernymy and hyponymy relationships. Hypernymy refers to the relationship between
a more general term (hypernym) and a more specific term (hyponym), while hyponymy
refers to the inverse relationship between a specific term and a more general term.
This allows WordNet to provide a systematic and structured way to classify and orga-
nize concepts and words based on their semantic relationships. This makes WordNet
an essential tool for natural languages processing tasks such as information retrieval,
text classification, and machine translation, as well as a valuable resource for linguists,
lexicographers, and researchers in the field of language study. The first WordNet in
the world was built for English at Princeton university *. This was followed by the
development of WordNets for several European languages, known as EuroWordNett 2.
Since 2000, there have been efforts to build WordNets for several Indian languages, with
Hindi WordNet?” being the first one to be developed. At present, WordNets have been
created for 18 Indian languages on a shared platform, utilizing an expansion approach
that considers Hindi WordNet as the source WordNet. The following section provides

a brief overview of IndoWordNet.

2.1.2 IndoWordNet

The IndoWordNet "'? is a lexical database that encompasses multiple Indian languages,
with Hindi WordNet at its core and connections to other language WordNets through
expansion. IndoWordNet is the most useful multilingual lexical resource in Indian lan-
guages. Hindi WordNet is created manually using lexical knowledge from various dictio-
naries. Figure 2.1 shows how Assamese WordNet is created from HindiWordNet using
the expansion approach. Currently, IndoWordNet includes 18 Indian languages, in-

cluding Assamese, Bengali, Bodo, Gujarati, Kannada, Kashmiri, Konkani, Malayalam,

xhttp:/ /www.WordNet.princeton.edu
thttp:// http:/ /wwwi.illc.uva.nl/EuroWordNet/
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Figure 2.1: The process of WordNet creation by expansion approach

Manipuri, Marathi, Nepali, Odiya, Punjabi, Sanskrit, Tamil, Telugu, and Urdu.

2.2 Technical Background

This section presents an overview of the methods and approaches that are related to and
employed in the present research. The trend towards utilizing network-based solutions
in the field of complex systems modeling has become increasingly prevalent, and this
research seeks to make a contribution to this trend by proposing a network-based ap-
proach to address the problems under investigation. This thesis studies network-based
solutions to address the challenges inherent in WordNet taxonomy. This section pro-
vides an introduction to the concept of a network, including the definition of a network
and the representation of WordNet as a network. A comprehensive overview of network
representation is also presented, offering the necessary context and understanding of

the proposed network-based solution and its significance

2.2.1 Network preliminaries:

Definition: A network (or graph) G is defined as an ordered pair (¥, E), where V is a

set of vertices (or nodes) and E is a set of edges. Each edge ¢ € E is a pair of vertices
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(#,v) € VX V, representing a connection between nodes # and v in the network. The set
of neighbors N(«) of a vertex « is defined as the set of vertices that are connected to «
by an edge, i.e., N(x) ={v € V| (»,v) € E}.

Representing WordNet as a Network: WordNet can be represented as a network
in several ways, depending on the relationship between words or concepts. Following

are few common ways to represent WordNet as a Network.

1. WordNet as a Network of synsets: In this representation, Each synset S; is repre-
sented as a node, and the relationships between synsets such as hypernymy (byper)
and hyponymy (bypo) are represented as directed edges. The resulting graph can
be defined as G = (V, E), where V' = 51,5,,...,S, is the set of nodes representing

byper, bypo

synsets, and E = (§;,S;) | S; ——— S is the set of edges representing the directed

relationships between synsets.

2. WordNet as a Network of words: In this representation, Fach word w; is repre-
sented as a node, and the relationships between words such as synonymy (s5) or
antonymy (a) are represented as edges. The resulting graph can be defined as
G = (V,E), where V = wy, w,,...,w, is the set of nodes representing words, and
E = (w;, w)) | w; NN w; is the set of edges representing the relationships between

words.

3. WordNet as a Homogeneous Network: In a homogeneous network, the graph
G = (V, E) focuses on a single semantic relation between concepts or words, such
as hypernymy or hyponymy. For example, a hypernymy network would have
nodes representing synsets and edges representing the hypernymy relationship

b
between them: E = (S,,S)) | 5;— S}

4. WordNet as a Heterogeneous Network: In a heterogeneous network, the graph
G = (V,E) incorporates multiple semantic relations to provide a more compre-
hensive view of the relationships between concepts or words. For example, a het-
erogeneous network could have nodes representing both synsets and words, and
edges representing different semantic relations such as hypernymy, hyponymy,

Iyper,hypo synonym,antonym

synonymy, or antonymy: E = (S;,5)) | §; ——— ;U (w;, wj) | w; —— w;,

where S; and w; denote the sth synset and word, respectively.
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2.2.2 Network Embedding

Network embedding is a technique used to learn a low-dimensional vector representa-
tion of nodes in a network while preserving certain structural properties of the network.
Given a network G = (V, &), the goal of network embedding is to learn a function
[V - R4 that maps each node in the network to a d-dimensional vector representa-
tion. This is done by encoding information about the structure of the network in the
vector representations. By reducing the dimensionality of the input data while retain-
ing structural information, network embedding can be used for a variety of downstream
tasks, such as node classification and link prediction in the network. Network embed-
ding has become a popular tool in the field of network analysis and has been successfully
applied in various domains, such as social network analysis, recommender systems, and
natural language processing.

There are several network embedding techniques, each with its own strengths and

weaknesses. Some of the most commonly used network embedding techniques are:

1. DeepWalk®: This random walk-based technique generates node sequences by
sampling random walks from the network. The node sequences are then used as
input to a Skip-gram model, which is a neural network language model, to learn

node embeddings.

2. Large-scale Information Network Embedding (LINE)®®: This is a graph-based
embedding technique that models both first-order and second-order proximity
between nodes. It minimizes the KL divergence between the observed node-node

similarities and the similarities derived from the learned node embeddings.

2. This is a random walk-based embedding technique that allows for

3. node2vec
the exploration of diverse neighborhoods by controlling the random walk bias.
It generates node sequences by sampling biased random walks from the network

and learns node embeddings using a Skip-gram model.

4. Structural Deep Network Embedding (SDNE)“: This is a deep learning-based
technique that uses autoencoders to learn node embeddings. It explicitly models

the high-order proximity between nodes by reconstructing the adjacency matrix
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in the embedding space.

5. Graph Convolutional Network (GCN)3*: This is a graph neural network-based
technique that applies convolutional operations on the graph structure to propa-

gate information and learn node representations.

The network embedding techniques used to represent nodes in a graph or network
utilize two commonly used approaches for embedding nodes: local embedding, which
captures the structural information of a node’s immediate neighborhood, and global
embedding, which represents the overall structure of the entire graph.

Local embedding: Local network embedding can be thought of as a way to represent the
"neighborhood” of a node in a lower-dimensional space. By preserving the relationships
between a node and its neighbors, local network embedding can capture important
information about the network that is relevant to a specific node. One popular local
network embedding technique is node2vec. Node2vec is based on random walks, which
explore the graph by taking a random path through it. It enables efficient exploration
of diverse neighborhoods in the graph by controlling the balance between a breadth-first
search and a depth-first search. The node sequences generated by node2vec are then
used to learn node embeddings using a Skip-gram model.

Global embedding : Global network embedding, on the other hand, focuses on captur-
ing the overall structure of the entire graph. One popular global network embedding
technique is Graph Convolutional Networks (GCNs). GCNs apply convolutional oper-
ations on the graph structure to propagate information and learn node representations.
It has been shown to be effective in capturing global structural features of the graph,

such as the community structure and node centrality.

2.2.3 Graph Neural Network

A Graph Neural Network (GNN) is a type of neural network designed to operate on
graph-structured data. GNNs can be used to learn representations of the nodes and
edges in a graph by recursively aggregating information from the graph’s local neigh-
borhoods.

Unlike traditional neural networks, which are designed to work with inputs of a fixed
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size and structure, GNNs can handle inputs that have a variable size and structure, such
as graphs. This makes GNNs a powerful tool for modeling and analyzing complex data
that can be represented as graphs, such as social networks, molecular structures, and
communication networks.

GNNs encompass a broad category of models that include various architectures, such
as Graph Convolutional Networks (GCNs) and Graph Attention Networks (GATs). The
choice of which architecture to use may depend on the specific context and goals of the
problem at hand Graph Neural Network (GNN) allows us to transform and propagate
node features as messages to learn structure-aware node representations. The Extract()
mechanism extracts the messages from a target node and its neighborhood, which is later
combined based on a chosen Attention() mechanism by the Aggregate() operation. Next,
the aggregated message is propagated to the rest of the graph. Studies apply various
aggregation strategies to combine the propagated and extracted messages from the
target node’s neighborhood based on the importance of each node in the neighborhood
towards that target node. GCN?* and GAT?' are popular GNN frameworks.

Graph Convolutional Network(GCN) uses N(*) neighborhood-based normalization
constant to calculate the importance (a#t,—,) of node v towards the target node «
without considering the participating nodes’ features as follows.

Ho=o Y a2, wir) 2.1)

u

VvEN(u)

Attentiongen(v — #)

ard’ = e — 1 -
|N() [ | N(0)]
Extractgon(v) I/VZ_IHZU_1
Aggregategon(x) 1 of*)

where ¢ is a non-linear activation function, W7 is a projection matrix for a GNN layer
/ and NZ*) is a node’s extended neighborhood structure including the node itself (i.e.,
including self-loop edges).

Graph Attention Network(GAT) uses the same message extraction and aggregation
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strategies as above except for the fact that it uses attentive aggregation strategies that
consider both the participating nodes’ features as well as the neighborhood information,

as follows.

. . /-1 _
Attentiongar(v — #) ratt =, =

Softma((WHS @ W)

VUEN(u)

where ¢! is a learnable parameter to approximate the importance of node v towards u
(;zttjv__l) ) based on their interaction in the latent space in / layer-wise manner, I is the
u

layer-wise projection matrix, and @& denotes concatenation.

Input text — ™ e - ——|  Task-2
—|  Task-3
Input Layer Shaerd Layer Task Layer Task

Figure 2.2: A Basic Multi-Tasking System with hard parameter Sharing

2.2.4  Multi Task Learning

While network analysis techniques can provide valuable insights into the structure and
dynamics of complex systems, they may not always be sufficient for certain tasks or
applications. In addition to the utilization of network analysis techniques, machine
learning methods have also been employed in this thesis to address the problem of
taxonomy expansion with attach and merge operations. To propose a novel taxonomy
expansion model, multi-task learning has been employed, which enables the learning of
multiple related tasks simultaneously. An overview of the multi-task learning approach
used in this thesis is provided in the following section.

Multi-task learning is a machine learning technique in which a single model is trained

to solve multiple tasks simultaneously. Unlike traditional machine learning, which fo-
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Figure 2.3: A Basic Multi-Tasking System with soft parameter Sharing

cuses on optimizing a single metric for a single task, multi-task learning allows for the
optimization of multiple loss functions. This approach utilizes all available data across
various tasks to learn generalized representations of the data that are useful for mul-
tiple purposes. Multi-task learning has been widely applied in domains like natural
language processing, computer vision, and recommendation systems, and is widely used
in industry due to its ability to effectively utilize large amounts of data to solve related
tasks.

Multi-task learning methods for deep learning : In the context of Deep Learning,
multi-task learning is commonly implemented through either hard or soft parameter
sharing of hidden layers. Hard parameter sharing involves using a single set of param-
eters for multiple tasks, whereas soft parameter sharing involves having task-specific

parameters that are initialized from a shared set of parameters.

e Hard Parameter sharing In Multi-Task Learning (MTL), Hard Parameter Shar-
ing is a popular approach where the hidden layers are shared across all tasks and
task-specific output layers are used. This approach reduces the risk of overfitting,
as shown in°, where the risk of overfitting the shared parameters is reduced by
an order N compared to overfitting the task-specific parameters. This is due to

the model finding a representation that captures all tasks, reducing the chance of
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overfitting on a specific task.

e Soft parameter sharing In Soft Parameter Sharing, each task in Multi-Task
Learning (MTL) has its own model with distinct parameters. To encourage the
parameters to be similar, a distance metric between the parameters is regular-

102

15

ized. For instance, ® uses the 2 norm for regularization, while'”* employs the

trace norm as the regularization method.

2.3  Summary

This chapter provides an overview of the relevant research domains that form the foun-
dation for the work presented in this thesis. Both resource and technical aspects are
included in this background. With this understanding, the first objective of the thesis,
which is to automatically expand taxonomies by identifying missing synonymy relations,

is studied in the following chapter.
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There are things known and there are things un-
known, and in between are the doors of percep-

tion.

Aldous Huxley, English writer

Synonymy Expansion using Link
Prediction Methods: A case study of

Assamese WordNet

This chapter focuses on the first objective of our research, which is to address the prob-
lem of missing synonymy relations in the WordNet taxonomy, with a special emphasis on
the Assamese WordNet from IndoWordNet. The Assamese WordNet, created through
the expansion method using the Hindi WordNet, also experiences a lack of synonymy
relations. As WordNets can be visualized as a network of unique words connected by
synonymy relations, link prediction in complex network analysis is a well-explored re-
search field for predicting missing relations in a network. Hence, this chapter studies

effectiveness of using state-of-the-art link prediction methods for automatically pre-
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dicting missing synonymy relationships in Assamese WordNet. To perform the link
prediction methods, we utilize only synonymy relationships from the Assamese Word-
Net taxonomy, and thus in this chapter, the Assamese WordNet taxonomy is referred to
as the Assamese synonymy thesaurus, and the network created from it as the synonymy

network.

3.1 Introduction

Assamese is an Indo-European language, spoken by almost 15.3 million speakers as the
first language, in the province of Assam in the northeastern part of India '?. Even though
it is one of the scheduled languages of India, it is still considered an under-researched
language in terms of the development of language processing tools and resource build-
ing™. Among many others, synonymy thesaurus in digital form for Assamese is still in

61,380 “synonymy thesaurus is one of the re-

a nascent stage. As noted in the studies,
sources that play an important role in various text processing tasks such as information
retrieval, information extraction, text classification, and summarization, etc. Further,
for Assamese language, the Assamese WordNet from Indo WordNet *® is the only syn-
onymy thesaurus available today. It should be noted that the Assamese WordNet is
constructed using expansion approach, i.e., it is created by mapping Hindi WordNet to
corresponding Assamese equivalent words. Here mapping implies the process of finding
an Assamese word that shares the same meaning as a given Hindi word. By virtue
of the way this resource is created, a few concerns are observed. Firstly, Assamese
WordNet has low synonymy coverage (i.e., 4.79 synonymy per word) as compared to
its source Hindi WordNet (9.35 synonymy per word). Examples of such missing rela-
tions are shown in 1 (a) - 1 (c) in the following paragraph. Secondly, the Assamese
synonymy sets are constructed based on the ones available for Hindi. However, in spite
of having the same Sanskrit roots, Assamese and Hindi have evolved separately as two
different languages and hence, while two words may be phonologically very similar, the
senses/concepts they convey may be very different. An example of such occurrences is

provided in (2).

1. Missing Synonymy Sets arising due to the use of Hindi synonymy relations

xhttp:/ /www.cfilt.iitb.ac.in/indoWordNet/
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(a) Omission: The concept agaahaﬁmsﬂaﬂ%ﬁ ‘bahut bolane vaala vyakti’ ( a very
talkative person) in Hindi WordNet has two defined synonyms, i.e. drlel
‘vaachaal’ (talkative) and STfAMt ‘atibhashi’ (bilingual, talkative). Thus,
following expansion approach, the Assamese WordNet has AR “kothoki’

(talkative) and S e©IR ‘Ativashi’ (talkative, bilingual) as synonymous words

representing the underlying concept. However, words like FI-5%®! ‘kotha-

sohoki’ (talkative) &fod@s! ‘Atibokta’ (talkative), etc. are also potential syn-

onyms which can closely define the concept.

(b) Novel senses/concepts : The Assamese words [§€ ‘Dhir’ (patience), *II%
‘Xanto’ (calm) BF’Sthir’ (quiet) are synonyms with respect to the sense/concept
self composed. As the sense/concept selfcomposed is not present in Hindi
WordNet, the synonymy relationship between these words are also missing

in Assamese WordNet.

(c) Human errors: The relations, such as, [o#118-% ‘silai-karma’ (tailoring) ,
foT2_S “silai_kam’ (tailoring)], [ M ‘surjya_rashmi’ (sun-rays), <0
‘surjyarashmi’ (sun-rays)|, [Oge1 ‘tamul’ (betel nut), SOICIT tamul’ ('betel
nut)] are few examples of absolute synonym relations, where each lexical
item has a few morphological or phonological variations. While all these
phonological variants are present in Assamese WordNet,they are not de-

fined as a synonymy relation. Such issues may result from language specific

features and inability to capture such features in manual efforts.

2. Noise incurred from Hindi WordNet: In Assamese WordNet, the words like 31
‘Thootha’ (liar), 0 * Jhooth' (lie), &AM ‘Jakhmi’ (Injury), J51% ‘Jhagada’ (fight),
B4R ‘qunaah’ (crime) are borrowed from Hindi WordNet, which are valid words
in Hindi but not in Assamese. Since these words are not potential Assamese
words, they introduce noisy words and noisy synonymy relations in the Assamese
WordNet. Further the concepts in Assamese and Hindi are not exactly trans-
latable. For example, the word (NI6l'mota” (big) in Assamese is equivalent to
the word Ael'motaa’ (fat/big) in Hindi. Though both the words share the same

concept and phonology, the Hindi 1T is used with both animate and inanimate
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nouns, whereas the Assamese (WGl is used only with inanimate nouns.

As mentioned before, from (1) and (2) above, motivations for two research objectives
stand out; (a) mining the missing set of synonymy relations and (b) handling the Hindi
bias-induced noise in the Assamese WordNet. However, we found that 1 (a) - 1 (c) type
of missing relations are more prevalent in the Assamese WordNet. Hence, in this work,
we focus on addressing the issue of finding missing synonymy relations in the Assamese
WordNet. As for the noisy words in (2), the Hindi-induced words are manually identified
from the Assamese WordNet and removed from the experimental analysis in this study.
The automatic identification of such noisy words is not considered within the scope of
the study.

One obvious way of synonymy expansion is to expand manually, i.e., missing rela-
tions are manually checked and added to the network. Though manual expansion may
provide precise relations, it is an expensive and time-consuming task. Further, find-
ing linguistics experts for such manual effort is another challenge. On the other hand,
thesaurus, like WordNet, can be visualized as a network of unique words connected by

2 in complex network analysis is a well-explored

synonymy relations. Link prediction®
research field for predicting missing relations in a network. Motivated by the above, this
chapter studies the effectiveness of using state-of-the-art link prediction methods for au-
tomatically predicting missing synonymy relationships in Assamese WordNet. Though
other online Assamese dictionaries like Xobdo * and Chandrakanta { also provide syn-
onymy information; these resources could not be considered for our study as the under-
lying networks are not publicly available. The Xobdo and Chandrakanta do not provide
information about the associated concepts. Further, some of the cohort words are also
included in the synonymy list without distinction.

Previous studies on lexical synonymy prediction can be classified into two broad cat-
egories, (i) Dictionary based"!” and (ii) Corpus based %>?%. Among dictionary-based
methods, it has been reported that graph representations capture several latent proper-

ties of relations between words and help in better synonymy predictions®®. Further,®?,

and °° report that resource like WordNet follows the scale-free characteristics of real-

xhttp: //www.xobdo.org/
thttps://dsal.uchicago.edu/dictionaries/candrakanta/
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world complex networks. As shown in Section 3.5.1, Assamese WordNet follows scale
free? and small-world properties? of complex network. Link prediction methods?®%!
are generally used to discover future or missing relationships in complex networks such
as, friendship networks'®, co-authorship networks?’, protein-protein interaction net-
work % etc. Considering its simplicity, applicability, and efficiency of applying link
prediction methods in a complex network, this study investigates the effect of vari-
ous link prediction methods on predicting missing synonymy relations over partially
completed Indo Assamese WordNet®. Though there have been few studies that use
similarity between two nodes in a network to expand synonymy network**?, to the best
of our knowledge, this is the first study which systematically investigates the effective-
ness of different state-of-the-art link prediction methods in a complex network (Indo
Assamese in particular). Popularly used link prediction methods in literature may be
broadly classified into three; (i) network topological-based node proximity approach??,
(ii) representation learning (embedding) approach®’, and (iii) classification approach.
This study considers various approaches covering the above three classes and analyzes
their performances. To investigate the effectiveness of using link prediction methods for
detecting missing synonyms, we organize the experimental setups in two ways. First,
we verify the performance of each link prediction method by dividing experimental data
into training and testing, i.e., using the training edges, predict the test edges. Like traditional
supervised setups, both training and testing data are present in the original network.
These experiments verify the suitability of using link prediction methods. From various
experimental results, it is evident that many of these methods can effectively predict
edges in the test set.

Further, we deploy these methods for predicting actual missing relations by applying
to the original network. From various analyses, it is evident that link prediction meth-
ods in complex network analysis can effectively be used to predict missing synonymy
relations. Noisy words are not considered within the scope of the thesis.

The major contributions of this chapter are summarized as follows:

1. Revisiting synonymy prediction problem for low resource language, namely, As-

samese using network-science and graph-theoretic methods (See Section 3.4).

2. Studying characteristics of synonymy relations in Assamese WordNet (See Section
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Table 3.1: Indo-WordNet Synonymy statistics

Synonymy per concept | Synonymy per word
Average Stal.lda.lrd Average Star.lde.ird
deviation deviation
2.30 3.00 4.79 11.48
Bodo WordNet 2.31 1.22 4.82 11.74
Oriya WordNet 2.08 1.25 4.03 9.96
Sanskrit WordNet 2.27 3.10 5.55 13.03
Nepali WordNet 2.33 2.92 5.01 12.11
Telugu WordNet 2.31 2.90 3.87 9.60
Punjabi WordNet 2.28 2.67 4.33 10.59
Bengali WordNet 2.16 2.47 5.08 12.27
Kannada WordNet 2.33 2.75 4.95 10.03
Gujarati WordNet 2.38 2.73 3.54 7.73
Kashmiri WordNet 2.25 2.62 4.54 11.12
Manipuri WordNet | 2.22 2.56 4.23 10.40
Malayalam WordNet | 2.17 2.54 4.05 9.81
Tamil WordNet 2.15 2.54 4.16 10.98
Urdu WordNet 2.05 2.45 2.66 8.13
Konkani WordNet 2.02 2.37 4.48 9.39
3.75 4.83 9.35 14.64

3.3).

3. Empirical analysis of predicting missing synonymy relations in Assamese Wordnet

using complex network analysis methods (See Section 3.5.3).

3.2 Related Studies

In the recent past, the problem of synonymy prediction (or synset expansion) has
been studied in the context of extracting entity” "7, attribute®, and lexical synonymy
words®’. Though entity synonymy prediction received considerable attention, attribute,
and lexical synonymy prediction have been less explored. Since this study focuses on
lexical synonymy prediction, we present a brief overview of previous studies solving the
lexical synonymy prediction problem.

Majority of the previous studies focusing on predicting lexical synonymy relations

h69,98 h?O,lO

exploit either (i) Corpus-based approac or (ii) Dictionary-based approac

Corpus-based approaches exploit a large corpus of the underlying language and use

distributional or pattern-based methods to predict synonymy relations®’. Distributional

42,100,62

approaches assume that two words are synonymous if they frequently co-occur
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in similar contexts. On the other hand, the pattern-based approaches®®®! consider the
local contexts and predict the synonymy relation between two words by the number of
sentences mentioning both of them. However, corpus-based approaches for synonymy
prediction are popular but not suitable for a resource-poor language like the Assamese,
where limited amount of digitized information is available.

Among dictionary-based synonymy prediction approaches, graph-theoretic methods
are very popular 2”998 These approaches leverage a synonymy network /graph where
nodes are represented by words, and an edge between two nodes defines the synonymy
relation. Thereafter, social network analysis methods such as graph clustering and graph
similarity are used on synonymy network to predict the missing synonymy relations. For
example, ArcRank?” uses a graph built over dictionary definition and employs a variant
of PageRank®" algorithm to compute the similarity between two words.'" proposed
a method for automatic synonym extraction from a dictionary. This method uses a
graph constructed from the dictionary, where the nodes are defined by the words in the
dictionary. Two nodes are assumed to be connected if there are common words between
the definitions of the nodes. Given a word, it uses HITS ranking algorithm*° to generate
a topic-driven sub-graph using two hops neighbors of query word and rank the nodes
in the sub-graph. The word associated with the highest ranked node is considered as
the most similar word of the query word, and so on. While the above studies attempt
to find similarity between words by exploiting the topological structure of the network

using random walk, the studies like%?,40 19

exploits neural-based embedding models to
capture the similarity between words.

In earlier studies, link prediction methods are generally used to discover missing
links in complex networks such as friendship networks'®, co-authorship networks?’,
protein-protein interaction network” etc. This study investigates the effectiveness of
various link prediction methods for predicting missing synonymy relations in a synonymy

network. The majority of the earlier studies*?,2,%"

on link prediction mainly focus on
topological structure and properties of the network. A good survey on link prediction
methods using topological structure can be found in“. Recently, studies on link pre-

diction using network representation learning methods are also evident. Node2Vec??,

VERSE®*, DeepWalk®®, Graph Convolutional Networks>®, Relational Graph Convolu-
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tional Networks ® are some of the recent network representation learning methods which
can be used for link prediction. Once representations of nodes or edges are generated,

classification methods are then applied to perform the link prediction task.

3.3 Synonymy relations in Assamese WordNet and its issues

Synonymy is a semantic relation between words. It is very difficult to give a clear and
precise definition of synonymy. Linguistically, two or more words are called synonyms
in the same language with the same or very closely related meaning in some or all
senses/concepts*. A replaceable test can determine the relation of sameness in mean-
ing, i.,e. two words are similar if and only if they can be replaceable by one another in
a sentence without changing the truth value®®. In general, there are two categories of
synonymy namely absolute synonymy and near synonymy '7. Absolute synonymy can
be replaceable by one another in all contexts, while near synonymy can be replaceable
in some but not all contexts. Both absolute synonymy and near synonymy relations
are reflexive and symmetric, while only absolute synonymy relations are transitive?°.
Generally, it is recognized that absolute synonymy is quite rare, and lexicographers have
always treated synonymy as near synonymy '°. Near synonyms are almost synonyms,
but not quite; very similar, but not identical, in meaning; not fully inter-substitutable.

1418 (classifies near

They can differ in terms of their shades of denotation, connotation,
synonymy variation into 35 subcategories within the four broad categories. In Assamese,
all these near-synonyms variations are extensively found®. However, in this study, we
are not focusing on these subcategories of synonymy rather focusing sameness in mean-
ing and replaceability of a word in the same context.

WordNet is a lexical database that consists of synset and semantic relations (hy-
pernymy, hyponymy, meronymy, troponymy)°?. Synsets are the fundamental building
blocks of WordNet. Synset is a set of synonymous words that are replaceable in some or
all contexts®?. Therefore words that share a synset must be either absolute synonymy
or near synonymy. Absolute synonymy generally includes various spellings such as litre
and liter, abbreviations such as kg and kilograms, etc. All absolute synonymy should

be present in the same synset?’. However, in the case of near synonymy, the occurrence

of near synonymy in the same synset is based on the underlying concept and synset
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creation principle, namely, minimality, coverage, and replaceability '°.

As mentioned in'?, Assamese WordNet is created from Hindi WordNet by mapping
Hindi synonymy words with Assamese words of similar meaning. For example, the
concept for bad omen has only two representing words @@ &% ‘Axuvo lakhyon’ (bad
omen) and P ‘kulakhyan’ (ill omen), in Assamese WordNet. These two words are
mapped directly from Hindi WordNet and translated into Assamese. As a result of that
several other meanings, representative of the concept remained excluded. At the same
time, a word like &% ‘amangal’ (bad omen or evil omen) which is a more commonly
used word is not included in the synset. Further, we have observed that synonymy
relations in Assamese WordNet are noisy and not complete. While the related words
may be present in the database, relationships with other words in the database may
not be defined. There are several reasons for these shortcomings. Firstly, in the case
of the Assamese WordNet, Hindi WordNet is considered to be the source, based on
which concepts and individual words are added in the Assamese WordNet. However,
as Assamese and Hindi are two different languages, the concepts and words may not
be exactly translatable, in spite of phonological similarity between words. For example,
word oFRBIR ¥ “sikmikai thoka’ (sparkling or twinkling) in Assamese is comparable to
the Hindi word Tq® T chamakna’ (shine). In spite of the phonological similarity between
the two, the Hindi word may be used with both animate and inanimate nouns. However,
the Assamese correspondence can be used only for inanimate, metallic objects. This is
a major shortcoming resulting from the direct transfer of concepts and words from a
source language to a target language.

Considering the discussion above, Assamese WordNet suffers from several weak-
nesses, such as (i) incomplete relational structure and (ii) noisy relationships. This
implies that they have a lexical relationship that should not be present(Insertion error);
on the other hand, they have not defined some common lexical relations that should be
present(deletion error). Thus discovering missing synonyms are important for effective

utilization of Assamese WordNet.
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3.4  Link Prediction in Complex Network

Given a network G(V,E), where IV is the set of nodes and E is the set of edges, the
link prediction problem estimates likelihood of introducing new edges in the network 2.
Moreover, link prediction has been studied in two perspectives, namely, (i) given the
snapshot of a network at time #, predict edges which will appear in future, and (ii)
given an incomplete network, predict the missing edges. Since this chapter focuses on
predicting new synonymy relations from a given incomplete synonymy network, this
study relates to the second definition of link prediction.

From earlier studies, the majority of the link prediction methods broadly follow two
taxonomies, namely, (i) topology-based (exploit the topological structure of the under-
lying network using proximity measures defined for capturing local/global similarity)
and (ii) learning-based (generate network features from the underlying network and
train a classification model). Since the objective of this study is to systematically exam-
ine the applicability of link prediction methods in synonymy prediction, we consider the
popular link prediction approaches from both of the taxonomies. The remaining part

of this section briefly discusses the link prediction methods considered in this study.

3.4.1 Topology-Based Link Prediction

Local Similarity-Based

The link prediction methods based on local similarity exploit local neighborhood prox-
imity to estimate similarity between two disconnected nodes. We consider the following
four popularly used link prediction methods. For a given network G(V, E), let N(v) rep-
resents the set of neighbors of node v. The different link prediction methods are defined

as below.

1. Common Neighbor(CN)*?: Tt estimates the similarity score by counting the total

number of common neighbors between the underlying pair of nodes.

Senln, v) = [N(x) N N()| 3.1)
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2. Jaccard Co-efficient*’: It is the normalized version of above-defined common
neighbor measure. The similarity score is defined as

IN(2) " N(v)|

N() UN)| 2

Scln, v) =

3. Adamic Adar':

This similarity measure is based on giving more weight to less common nodes or

nodes having less number of neighbors. It is defined as

1
Saaln,v) = — (3.3)
zeN(;;N(v) log(IN(2)])

4. Resource Allocation®”: Like AA, this similarity measure also weights more to

those nodes having less number of neighbors and defined as

1
IN()I

Sraln,v) = (3.4)

2€N()NN(v)

Global Similarity-Based:

The local-proximity-based link predictors defined above capture only the two-hop prox-
imity between the disconnected nodes. However, in real-world complex and social net-
works, the new edges may appear between two nodes connected via a path of length
greater than two. Thus, capturing global proximity is an essential requirement in esti-
mating the likelihood of new edges. We consider two popular methods exploiting global
proximity using paths between nodes to estimate the similarity between two nodes,

namely, (i) Katz index*? and (ii) Friendtns®*

1. KatzIndex*?: Katz index estimates the similarity between two nodes by counting
total number of paths of all lengths. Further, the paths are damped exponentially
to give shorter paths more weights. The similarity score between two nodes using

Katz index is defined as

Skara(ie,0) = )" B.|pathsy), (35)
/=1
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where Lbatbsﬁ,{)u| is the set of all paths of length-/ from nodes # to v.

2. FriendTNS®!: This similarity measure exploits a hybrid approach capable of
capturing both local and global graph characteristics to measure the similarity
between two nodes. For an undirected and simple network G(V, E) (with no loops
or multiple edges), the similarity score between two nodes using Friend TNS can

be defined as

1, if w==v

SErenatns(u, v) = 0, if w#zoN(u,0)EEN(v,u)¢E (3.6)

_ il | S ;
deg(u)+deg(0)—1) otherwise

Random Walk-Based:

As observed above, both local proximity and global proximity-based similarity measures
can be used for the link prediction task. Further, it is difficult to say that capturing
which proximity (local or global) would lead to better performance in predicting links.
Thus, balancing the trade-off between local and global similarity measures is vital be-
cause it harnesses the local as well as global characteristics of the underlying network.
In the past, random walk-based similarity measures have achieved significant consider-
ations because of its capability in capturing both local and global characteristics. Thus,
in this study, we consider a popular random walk-based similarity measures, namely,
Rooted PageRank .

Rooted PageRank*?: This similarity measure is a variant of popular PageRank
centrality proposed by Brin and Page in the study®’. PageRank estimates the centrality
of the nodes in the underlying network using the stationary probability distribution of
random walks subjected to follow the network structure for a given probabilistic value
d € (0,1) (i.e., damping parameter) and jumps to any random node by probability 1—d.
Unlike traditional PageRank, Rooted PageRank allows the random walker to jump to
a particular node or root. Thus, the centrality estimates are relative to the given root
node and can be used as a similarity score.

For the given graph G(V, E), let A is the adjacency matrix representation of G, and

W represents the transition probability matrix such that
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Aluv] .
Al e B
W[u’ U] — ZwEVA[”IwJ f

0, Otherwise

where ), W[x,v] = 1. Let the vector r give the centrality score for all the nodes and

d be the damping parameter, then the PageRank of node # can be defined as

t[u] = dz t[o]W[o, u] + (1 — d)%

where # is the total number of nodes in the network. In matrix form, we can write it
as below.

r=[dW + (1 -d)Ip’]r (3.7)

where I is the identity vector i.e., I” = {1,1,1....1} and p” = {3, 1 ., 1} Tt should be
noted that PageRank allows the random surfer to jump to any random node with equal
probability (i.e., 1 —d) given by vector p in Equation (3.7). As discussed above, the
Rooted PageRank allows the random surfer to jump to a root node only. Thus, Equation
(3.7) can be used to formulate Rooted PageRank by modifying the vector p such that
it sets probability 1 to the root node and 0 to other nodes in vector p. For example,
let ry denotes the Rooted PageRank score rooted at node # then V,epaz,p[v] = 0 and
plu] =1. Further, each centrality value in vector r, gives the similarity score of the
corresponding node to the root node. For example, ry[v] gives the Rooted PageRank
similarity for an edge from node # to node v. As evident, the above formulation of Rooted

PageRank similarity score is not symmetric, i.e., ry[v] # ty[u]. Thus, the symmetric

Rooted PageRank similarity score can be defined as
1
Sl 2) = 5 (V] + 1y [u) (38)

3.4.2 Learning-Based Link Prediction

Inspired by the efficiency of machine learning models such as classification and regres-
sion, a large volume of previous studies on link prediction employs a two-step process,
i.e., (i) extract the edge features using the underlying network structure and (ii) train
67

a classification model over these features for link prediction Further, extracting
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edge features can be done by exploiting various network characteristics such as node
centrality and the proximity among the nodes®3. We refer these types of features as
explicit node/edge features because they consist of explicit node/edge characteristics.
Alternatively, some of the early and recent studies consider the latent representation
of the network using matrix factorization, neural network, etc., to extract network fea-
tures corresponding to node or edge®”:5%?2, Therefore, this study considers both types
of feature extraction approaches (i.e., explicit and latent representation) and exploits

Naive-Bayes classifier to predict missing synonymy relations in the above-discussed syn-

onymy networks.

Explicit feature-based:

As discussed above, explicit features can be extracted corresponding to both nodes and
edges; we exploit node and edge characteristics to extract two types of explicit features.
The first type of explicit features considers various node centrality measures, namely, (i)
degree, (ii) eigenvector, (iii) closeness, (iv) average neighbour degree, and (v) clustering
coefficient to extract features corresponding to all the nodes. Thereafter, similar to

22,88 using Hadamard product over node features, we extract the edge features.

studies
The second type of explicit features considers various edge similarity measures, namely,
(i) Jaccard Coefficient, (ii) Adamic Adar, (iii) Resource allocation, (iv) Preferential

attachment, and (v) Total neighbours to extract the edge features.

Latent feature-based:

In the past, the majority of the studies focusing on automatic feature generation using

9. How-

latent representations have exploited matrix factorization-based approaches
ever, matrix factorization-based methods are non-scalable to the real-world large so-
cial and information networks. Thus the majority of the recent studies exploit neural
network-based methods for embedding the given network in latent dimensions. These
approaches are inspired from the popular Word Embedding (Word2Vec) model®” and
are often referred to as network embedding methods. Furthermore, it is evident from
recent studies that neural-based network embedding is scalable and suitable for large

real-world networks.
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Network embedding refers to representing the underlying network into low dimen-
sional network features corresponding to node, edge, sub-structure, or whole network.
As this study focuses on predicting missing synonymy words, we consider the network
embeddings corresponding to nodes (i.e., words) which have been referred to as node
embeddings in the subsequent parts. In general, node embedding methods exploit
single-layer neural network, namely skip-gram, which maximizes the log probability of
neighboring nodes N(v) for a given node v. For a given network G(V, E), let f: V' — R?
be a function representing a node v € V to a d-dimensional feature vector; then the

objective is to maximize the following objective function.

Z Z log P(n|fv)) (3.9)

veV neN(v)

where P(n|f{v) is the conditional probability of observing neighbor node # for the
given node v.

In general, unsupervised network embedding using neural networks is often a two-
step framework. At first, extract the node neighborhood such that it captures the
structural and similarity characteristics. After that, train a neural network-based model
to generate a node vector such that two similar nodes in original network space are
represented closely in embedding space. In other words, maximize the Equation ( 3.9) to
enhance the probability of neighboring nodes for a given node. Most unsupervised node
embedding models differ in consideration of the sampling approaches for generating
the node neighborhood N. This study considers two recently proposed and efficient
node embedding models differ in terms of node neighborhood, namely, Node2Vec?? and

VERSE®®,

1. Node2Vec: As discussed above, capturing the neighborhood information of nodes
is one of the important process in network embedding. Node2Vec network embed-
ding model attempts to preserve neighborhood information by maintaining two
properties of network namely structural equivalence and homophily. It uses two
hyper-parameters p and g where p is probability of returning to the node visited
earlier and g is the probability of visiting unexplored neighbor. Node2Vec visits

nodes in the network using a 2”4 order random walk with a transition probability
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estimated using the parameters p and 4. Suppose a random walker just traverses
the edge (#,v) € E and is resting at the node v. Now the walk has to estimate the
transition probability to visit the next node x originating from ». Here Node2Vec

sets the unnormalized transition probability w,, to 7, = apq(u, v).w,y, where

]l, {fdux =0
apg(,0) = 1 ifd =1 (3.10)
é ifdy = 2

and 4, is the shortest distance between nodes # and x. Node2Vec tunes the pa-
rameters p and g over a small sample of the underlying network in semi-supervised
way and generates a collection of node sequences visited in subsequent walks. The
collection of walks defined by node sequence is then used to train a skip-gram

model defined in Equation (3.9) to generate the node embedding vectors.

2. VERSE: This node embedding model exploits similarity measures such as per-
sonalized PageRank®’, SimRank?®, etc. to capture neighborhood information of
a given node. Thereafter, it trains a skip-gram-based neural network model for
generating node embeddings which preserve the vertex-to-vertex distribution in

embedding space.

Let Simg(v,.) and Simg(v,.) represent the similarity distribution in the original
network space and similarity distribution in the embedding space, respectively.
Then the objective of VERSE embedding model is to minimize the Kullback-
Leibler (KL) divergence from Simg(v,.) and Simg(v,.). In other words, VERSE
aims at minimizing the distortion of original network in embedding space which
is given by:

Z KL(Simg(v,.) || Simg(v,.)) (3.11)
vel
VERSE defines the unnormalized distance between two nodes # and v as the

dot product of their embeddings i.e., #/ - 5. Now, normalizing the similarity

distribution with softmax

c‘xp(z_)T 1)

e ) (3.12)

Simp(v, u) =
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From Equation (3.11), the objective is to minimize the KL divergence between

Sim¢g and Simg.

L=- ;VSZ'MG(U, Vog(Simp(v, .) (3.13)

Graph Convolution Network :

The above discussed latent feature-based methods, namely Node2Vec and VERSE, ex-
ploit a random walk-based paradigm to generate node embedding. Recent trends employ
graph neural network-based paradigm to generate node embedding. Graph convolution
network (GCN) is one of the popularly used methods to generate node embedding using
Graph Auto Encoder (GAE) model®’. Given a graph G, the encoder transforms the
input graph to a stochastic matrix Z of » X m dimensions, where » is the number of
nodes and m is the number of output units in GCN. GCN takes two input matrices
A and X where 4 is the adjacency matrix of the network and X is a feature matrix of

dimension z X d *. GCN can be mathematically represented as follows:

X = GCN(X, A) = d(AXW)

A=D1 4p)

where 4 is the symmetrically normalized adjacency matrix, D is the degree matrix, W
is the weight parameter of the neural network, and ¢ is the activation function. In this

study, we use ReLu activation function and employ two-layer GCN defined as follows:

GCN(X, A) = o(Ac(AXWL) W>)

where W7 and 17, are the weight matrices for the first and second layers of the GCN.
The matrix Z is then generated using linear combination of two GCNs sharing the
weight of first layer.

= GCN,(X, A) = A Ao AXW) >)

3 = GCNy(X, A) = A AdAAXW) W3)

*Since we have no feature matrix, we consider X as the identity matrix.
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Table 3.2: Network characteristics of Assamese synonymy network

properties Assamese WordNet
Nodes 24533
Edges 68031
Average degree 5.5461
Clustering coefficient 0.905
Connected components 4894
Average path length 11.338
Min degree 1
Max degree 100
Network diameter 34
% edges and nodes in the giant component | 53%edges and 28% nodes

Z:‘u+§*g (314.)

where ¢ ~ N(0, 1).

3.5 Experimental Setup and Discussions

3.5.1 Dataset

In this section, we discuss the characteristics of the dataset used in this study. The syn-
onymy network is extracted from Assamese WordNet, where the nodes are the words,
and the edges are the synonymy relations. It should be noted that synonymy relations
in this network are not bounded by concepts. Even if a word is present under different
concepts, its relations are considered without distinction. The Assamese WordNet con-
sists of 14958 synsets, out of which 5641 synsets are singleton. Here singleton synset
implies single word synset (the only word which uniquely represents a concept and has
no relation to any other words). We have removed singleton synset as they have no
connection with the graph and they will increase the number of components only. We
are considering only words that have at least one connection with other words.

Table 3.2 shows the characteristics of the synonymy network. It has 24533 nodes
and 68031 edges with an average path length of 11.34 and network diameter of 34 edges.
There are 4897 number of connected components with component sizes ranging from
1 node to 7027 nodes. The giant component covers 53% of the edges and 28% of the

nodes. Figure 3.3 shows distribution of components against component size.
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Figure 3.3: Component size distribution of synonymy network

Figure 3.1 and Figure 3.2 show degree distribution of the entire network and the
biggest component of the network. It clearly shows that synonymy networks satisfy
power low distribution, and exhibits properties of complex network (social network).
Thus, the rich literature of social network analysis may be effectively used for mining

missing relations in Assamese synonymy network.

3.5.2 Hyper-parameter settings

All the link prediction methods based on network embedding require multiple hyper-
parameter setting. In this study, to compare various methods, we consider the length
of the final embedding vector as 128. Furthermore, we consider the values of hyper-
parameters as reported in the original paper for all the models. For example, the walk
length in Node2Vec is set to 80, and number of walks is equal to 80 with window size 10.
Further, the learning rate in GCN is set to 0.01 with two hidden layers of size 32 and 128.
Similarly, we consider Personalized PageRank as the similarity measure in VERSE to

capture the node neighborhood and exploit NCE to train the Skip-Gram-based model.
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3.5.3 Evaluating link prediction performance

We conduct two sets of experimental analysis; (i) from the synonymy network defined in
Table 3.2, some of the edges are randomly removed, and the removed edges are again discovered
using link prediction methods, and (ii) consider the entire network and discovers actual missing
relations. The first experiment is important to assess the suitability of applying different
link prediction methods for predicting actual missing relations in the network. The
second experiment will validate the performance of discovering actual missing synonymy

relations in the Assamese WordNet.

Are link prediction methods capable of discovering missing relations in synonymy

network?

To understand the suitability of applying state-of-the-art link predictions to discover
missing relations in a network, we first investigate the performance of different link pre-
diction methods in the traditional experiment setup, i.e., a small set of edges are randomly
removed from the network and then the ability to discover the removed edges are investigated.
For fair evaluations, the edges in the network are randomly divided into 5-partitions.
For each partition of existing edges (samples under the positive class), an equal number
of non-existing edges (samples under the negative class) between the nodes present in
the partition are randomly identified. Thus, the experimental dataset with five folds
is generated. The experimental results shown in this section are obtained using 5-fold
cross-validation.

As discussed in Section 3.4, we group the link prediction methods into two; (i)
unsupervised approach (referred to as fopological), and (ii) supervised approach (referred
to as learning based). The local estimates (RA, CN, AA, JC), the global estimates
(Katz, FriendTNS), and random walk-based estimates are unsupervised methods. In
the supervised approach, we build a classifier (using Naive Bayes) between positive edges
and negative edges. We apply different methods of generating vector representation for
each edge, as discussed in section 3.4. In one approach, the edge vector is generated using
explicit edge features. In another approach, edge vectors are generated using Hadamard

product ?? between node vectors (using explicit node features or node embedding).
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Table 3.3: Results of Link Prediction Methods

Giant WordNet
WordNet Component | without Noise
Approach Environment | Method AUC AUC AUC
RA 0.988470 | 0.993191 0.988495
Local CN 0.988420 | 0.993130 0.988444
AA 0.988455 | 0.993162 0.988479
Topological JC 0.988486 | 0.993212 0.988511
Global ka.tz 0.993106 | 0.996018 0.993133
FriendTNS 0.897115 | 0.865231 0.897144
Random walk | Rooted page rank | 0.717132 | 0.709423 0.717132
Explicit feature Node feature 0.623411 | 0.623385 0.623413
Edge feature 0.543111 | 0.541261 0.543111
Learning based node2vec 0.979651 | 0.966532 0.979651
Latent feature | VERSE 0.979711 | 0.966108 0.979712
GCN 0.882314 | 0.883480 0.882317

As this study attempts to predict missing synonymy relations using link predic-
tion method, we evaluate the efficiency for synonymy prediction using popularly used
link prediction evaluation metric namely, Area Under ROC Curve (AUC)?*. The ROC
curve gives the ratio between true positive rate to the false positive rate over predicted
synonyms. The AUC score shows the likelihood of predicting a positive synonymy rela-
tion whenever a random missing synonymy relation is predicted. In other words, higher
the AUC score signifies the link predictor model’s efficiency in correctly predicting the
missing synonymy relations. Let p be the number of existing links (positive synonymy
relations) and z be the number of non-existing links (negative synonymy relations). The

AUC score can be defined as follows?*.

: 2,6 +05,d;
- pon

AUC (3.15)

where ¢; denotes a quantity equal to number of times an existing link gets link prediction
score greater than the non-existing link prediction scores. Further, d; denotes a quantity
equal to number of times an existing link prediction score is equal to non-existing link
prediction scores. AUC score (Equation (3.15)) gives higher score to the existing links
having higher link prediction score than non-existing link prediction score and an equal
score for the cases where link prediction score for existing and non-existing links are
equal. Thus, as described above, higher the AUC score we have a better and robust
model for predicting missing synonymy relations.

Table 3.3 shows the performance of different link prediction methods using AUC
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scores. The column number 4 shows the AUC scores of different methods over the entire
network. Whereas the column number 5 shows the AUC scores of different methods
over the giant component. As discussed in section 3.5.1, Assamese WordNet has a
giant component and many other small components. Further, column number 6 shows
the AUC score of different methods over the noise removed network. As discuss in
section 3.1, Assamese WordNet has Hindi induced noisy words. To examine the possible
risk in modeling link prediction methods from the existence of noise in the original
network, we have removed noisy words from the original network and calculated the
AUC score over the noise removed network. However, in our manual investigation, We
randomly selected a sample of 168 words that were identified as noisy in the dataset.
We have not observed any significant change in the AUC score. From Table 3.3, it is
evident that 63% (7 out of 11) of the link predictors achieve a very high AUC score (i.e.,
closed to 0.99 in discovering the manually removed synonymy edges from the network).
It is interesting to observe that all the local proximity measures provide an AUC score
of 0.99 for both the entire network or giant component. High AUC scores of local
proximity measures can be justified by the nature of the underlying synonymy network.
As shown in Table 3.2, a high average clustering coefficient of nodes with 0.905 means
the formation of triads among the neighbors of a node. The formation of triads further
leads to the formation of cliques among the neighbors of a node. As a result, a randomly
removed edge from the network has a very high probability of belonging to a clique.
Such a triadic edge is likely to have a higher prediction score than non-triadic edges. It
is also interesting to observe that classifiers built using node embedding (Node2Vec and
VERSE ) also achieve high AUC scores (0.99 over the entire network and 0.97 over giant
component). It also indicates the ability of the node embedding methods to capture
both structural and proximal characteristics of the network. However the classifier built
using GCN gives poor performance in comparison to classifier built using Node2Vec and
VERSE. With the parameter tuning of the feature matrix, GCN performance might be
improved. Furthermore, classifiers built using explicit features perform poorly. It is
because the explicit features that we consider in this study (though identified from
the studies”) fail to capture proximity distance between two nodes. As for example,

two nodes in different network components may have very similar structural properties;
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Table 3.4: Example predicted relations

Target Word New relations Categories
ez ‘silai-karma’ (tailoring) foetIz_™silai_kam’ (tailoring) Absolute
©fge ‘tamul” (betel-nut) ORI ‘tamul” (betel-nut) svnon um
RIQNCLIR ‘haramkhor” (dishonest, bastard) =R ‘harami’ (dishonest, bastard) ynonymy
Qdl ‘jutha’ (left-over) ACR ‘ereha’ (left-over)

s a1 . . S . Near
“OeN ‘nikattam (adjacent, side) P9 ‘kaxor’ (adjacent, side)

. p T synonymy
Ol ‘valdore’ (properly) 15t ‘thikkoi’ (properly)
foraeTi®_131 ‘diaasolai_kathi’ (match_box stick) | C5_391'mes boks’ (match box) .

. , , , Semantic

9 ‘naap” (measure) 3= 'scale’ (scale) cohort
Y ‘phaltu’ (nonsense, useless) SWRFIR| ‘adarkari’ (useless)

they are physically not connected to each other. Therefore, automatic embedding using
representation learning may be encouraged as compared to manual feature selection
approaches.

From the above observations, it is evident that a missing synonymy relation in a
dense region of the network can be effectively discovered using state-of-the-art link pre-
diction methods. By virtue of the property of synonymy relation in WordNet, words
under a concept are absolute synonymy and form an equivalent class (i.e., satisfy reflex-
ive, symmetric, and transitive relations). If there are missing relations while creating
WordNet (which is highly possible for the target Assamese WordNet, as it is created
by expanding from Hindi WordNet), it can be effectively identified using the above
link prediction methods. Further, it is also observed that simple local proximity-based
methods are effective enough to identify such relations.

As described above, topology-based link prediction methods are simple yet powerful
in capturing the relational structure of the given Assamese WordNet. Thus, we further
evaluate the capability of link prediction by an ensembling framework exploiting the
collecting efficacy of all the topological link predictors given in Table 3.3. We consider
the link similarity score for an edge from all the individual link predictors and estimate
an average similarity score. Since the topological link predictors considered in this
study capture different characteristics, the link scores are normalised before estimating
the average score. We record 0.8157 as the AUC score for link prediction using the

ensembling framework.
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Discovering actual missing synonymy relation in the Assamese WordNet:

From the above section, we have observed that link prediction methods are capable
of discovering missing relations. In this section, we apply the link prediction methods
and attempt to discover actual missing synonymy relations in the original Assamese
WordNet and evaluate the performances. For this study, we now transform the task as
synonymy retrieval task, i.e., for a given word, retrieve a list of synonymy words that
are not actually present in the existing network using link predictors.

There are about 24,500 words in the Assamese WordNet, and there is no ground
truth dataset. Therefore, the only way to evaluate the performance of discovering
missing synonymy words is subjective evaluation through manual annotation. Manual
evaluation of all 24,500 words for different methods is an expensive task. To reduced
the evaluation cost, we randomly sampled only 500 words from the WordNet. The top
ten results obtained from different predictors are given to human annotators to evaluate
the quality of the results. The annotators are asked to perform the replaceability test,
as mentioned in Section 3.3, and identify synonymy categories, i.e., absolute synonymy;,
near synonymy and cohort word.

We have employed five human annotators to evaluate the newly predicted syn-
onymy by the above-discussed link prediction methods. Annotators are native Assamese
speakers and have a clear knowledge of the replaceability test that we discussed in Sec-
tion 3.3. For each pair of synonymy relations, the inter-annotator agreement is 80% in
each case, i.e., absolute synonymy, near synonymy, and cohort word. However, most
of the disagreement arises when an annotator encounters a word that is not known to
his knowledge. For the words which have multiple concepts in Wordnet, we consider
only one concept from those, i.e., the first occurring concept in resultant synonymy list.
The resultant list of the human annotation process is considered as the ground truth
data, which is used to evaluate the retrieval performance. Table 3.4 shows some of the
discovered absolute synonyms, near synonymy, and semantic cohorts.

We use Mean average precision at position £&(MAP@k) to evaluate the retrieval
performance. For a given query word, ¢4, we calculate its corresponding Average Precision
at k£, and then the mean of the all queries gives Mean average precision. The metric

MAP quantifies how good our model is at performing the query. The mean average
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Table 3.5: Mean average precision score of the predictors in predicting top 10 actual synonymy

words
Method method map@l1 | map@1 | map@3 | map@4 | map@5 | map@6 | map@7 | map@8 | map@9 | map@10
CN 0.59 0.64 0.62 0.62 0.65 0.65 0.66 0.69 0.7 0.68
Topological | RA 0.55 0.61 0.6 0.61 0.64 0.64 0.63 0.66 0.67 0.66
(Local) AA 0.51 0.55 0.53 0.51 0.53 0.53 0.54 0.57 0.56 0.54
]JC 0.57 0.62 0.61 0.62 0.65 0.64 0.64 0.68 0.7 0.7
Topological | .\, 057 063 |063 |065 |066 |065 |064 |063 |062 |06
(Global)
Learning based | Node2vec | 0.52 0.56 0.57 0.58 0.57 0.57 0.57 0.57 0.58 0.58

Table 3.6: Mean average precision score of the predictors in predicting top 10 semantic cohorts

Method method | map@1 | map@1 | map@3 | map@4 | map@5 | map@6 | map@7 | map@8 | map@9 | map@10
CN 0.82 0.85 0.84 0.83 0.82 0.82 0.82 0.85 0.85 0.86
Topological RA 0.8 0.84 0.83 0.82 0.82 0.81 0.81 0.83 0.83 0.85
(Local) AA 0.6 0.65 0.63 0.63 0.66 0.65 0.65 0.68 0.68 0.67
JC 0.82 0.85 0.84 0.83 0.82 0.81 0.81 0.84 0.85 0.86
Topological |y ., 083 |08 |087 |08 |088 |087 |08 |08 085 |0.83

(Global)

Learning based | Node2vec | 0.78 0.82 0.82 0.82 0.82 0.81 0.81 0.81 0.82 0.82

precision score is given by the following formula

Nq
1
MAP = A ;AP,» (3.16)

Here, NN, is the number of queries and the average precision of a query at the position

k is given by the following formula,

k
Z precision@i * recall@; (3.17)

7

AP@k =

Ngrp

Where Ngypis refers total number of ground truth positives, and 7 refers the positions.

Table 3.5, Table 3.6 and Figure 3.4 present MAP scores of different predictors for
retrieving synonymy (absolute and near synonymy) and semantic cohort words over
500 queries. From Table 3.5, it is observed that all link predictors could predict new
synonymy relations in the WordNet with more than 50% minimum accuracy rate, which
indicates the suitability of the Link prediction method to predict missing synonymy
relations in a synonymy network. It also confirms that Assamese WordNet has missing
synonymy relations.

In Table 3.5, we observed that among all link predictors, local topology-based pre-
dictors other than Adamic Adar performs better compared to global predictors, namely
Katz and Node2Vec (Learning-based) in top 10 predictions. An important observation

is that in the case of Katz, newly predicted words having a path length of 3 with the
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Figure 3.4: Line chart comparison of MAP score of the predictors in predicting top 10
synonymy and semantic cohort relations

target word are mostly semantic cohorts rather synonymous, which also may be a cause
of local predictors performing better than a global predictors. One interpretation of
this could be that the quality of synonymy decreases when path length between two
words increases. Another important observation is that in the case of learning based
link predictors(Node2vec), all newly predicted words which are not connected via a path
with target word are noisy. It implies that if two words are synonymous in a synonymy
network, they generally share at least one common relation, or they are connected via
a path.

Further, we see that among local similarity based link predictors, the common neigh-
bor gives the best accuracy in predicting new synonymy relations. This infers that the
synonymy relations generally exist in two-hop proximity, and synonymy relations be-
tween two words can be better defined by the total number of common words between
the two words.

From Table 3.5, it is evident that link predictors can achieve a MAP@10 score up to
0.7. It means that for every top 10 missing relations in the existing Assamese WordNet,
7 of them are synonymy. It is interesting to see that the MAP scores are comparable
across the top 10 ranks. It means that correctly predicted synonyms are either at the
top ranks or proportionately distributed. Further, in Table 3.6, we show the MAP
scores for the relations, including the semantic cohort. It shows that the MAP score

improves up to 0.86. It means that even is the retrieved results are not synonymy, they
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Table 3.7: Mean Average Precision for WordNet and EAW

WordNet | Extended Assamese WordNet
Mean Average Precision 0.99 0.95
Coverage 7.03 13.19

are semantically related=. Interestingly, the MAP@I is also improved up to 0.82 from
0.59.

From the above observations, a few important points are noted. (i) The creation
of a WordNet (Assamese) by expanding another wordnet (Hindi) may result in missing
a considerable number of relations. (ii) Link prediction methods can be effectively
used to expand the synonymy network. (iii) Related words are closely connected. (iv)
For discovering missing relation from synonymy network, simple local proximity based

methods might be more effective.

3.6 Potential Application- Sentiment lexicon generation

To evaluate the effectiveness of new synonymy relations predicted by link prediction
methods in this study, we attempt to assess the performance in sentiment lexicon gener-
ation task. We first expanded the original Assamese WordNet by adding new synonymy
relations and named it Extended Assamese WordNet (EAW). Here we exploit the best
performing link predictor, namely Jaccard-Coefficient, to predict the new synonymy re-
lations. We consider the top 20 relations derived from this method, which we added to
EAW. After that, we compare the performance of EAW against the original Assamese
WordNet by applying it in the Sentiment lexicon generation task. As we have not found
any automated tool for generating sentiment lexicons, we performed this task manually.

Sentiment lexicon is a collection of words associated with their sentiment orientation.
Sentiment lexicon is an essential tool for identifying the sentiment polarity of words and
texts. A straightforward approach for generating sentiment lexicon is to exploit the
dictionary based method. This method generally integrates predefined resources, such

as the WordNet, to construct sentiment lexicon. It first labels a set of seed words by

*Semantically related words are words that are connected in meaning but may not be
identical in meaning. For example, "car" and "vehicle" are semantically related because they are
both means of transportation and share a similar concept, but they are not synonyms as they
have slightly different meanings and contexts of use.
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their polarity, and then extends the sets by adding synonyms to each word. There are
several state of the art methods that used synonymy obtained from WordNet as a feature
in different learning-based models to generate sentiment lexicon. As synonyms play an
important role in sentiment lexicon generation task, WordNet is a crucial resource. In
this evaluation, we have applied EAW and WordNet individually to generate a sentiment
lexicon. Our objective is to compare the effectiveness of Extended Assamese WordNet
and the original Assamese WordNet.

To perform this task, we randomly select 100 seed adjectives from the WordNet
dataset, with known sentiment orientation. Following that the lexicon was enhanced
by adding new sets of synonymy by searching with the original Assamese WordNet and
EAW. It first searched synset of the target word and added all synonyms in the synset
to the seed list. Table 3.8 shows a few examples of sentiment lexicon generated from
the original Assamese WordNet and the Extended Assamese WordNet. We manually
evaluate the sentiment lexicon generated by the original Assamese WordNet and EAW.
Then we calculate the mean average precision for each WordNet. Table 3.7 present the
MAP scores of WordNet and EAW in sentiment lexicon generation Finally, the following

observations are derived.

1. Coverage is increased: From the manual evaluation, it has been observed that
the average coverage given by original Assamese WordNet is 7.03 for generating
sentiment lexicon. However coverage improves up to 13.19 while using EAW as a

resource.

2. Sensitivity to sentiment orientation: We observed that new synonymy relations
are sensitive to the sentiment orientation of the seed word. That is, the new
synonymy relations derived using EAW conform to the sentiment orientation of
seed. While the generated set may not be absolute synonymy, they are words of

the same sentiment orientation.

From the above observation, it is evident that Extended Assamese WordNet is able to

generate more synonymy relations of same sentiment polarity.
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Table 3.8: Sentiment lexicon generated from WordNet and EWA

TH-3092_166155002
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3.7 Summary

Assamese WordNet created as a part of IndoWordNet '? is the only Wordnet available
for Assamese language. It is generated by mapping Hindi WordNet to corresponding
Assamese equivalent words. As a result, Assamese WordNet not only has low synonymy
coverage (it has 4.79 synonyms per words, while its parent Hindi WordNet has 9.34 syn-
onyms per word), but also influenced by Hindi WordNet. This study investigates the
effectiveness of applying different link prediction methods for discovering missing syn-
onymy relationships. The study investigates the performance of eleven link prediction
methods ranging from the simplest local proximity-based common neighbor (CN) to
the recent node embedding approaches. As synonymy relations tend to satisfy triadic
property of a complex network, from various experimental observation, it is observed
that the simple local proximity-based methods such as CN, RA, AA, JC are effective
enough, sometimes superior, to discover missing synonymy as compared to global and
complex model supervised models using network embedding. We observed the above
finding from two sets of experimental setups. First, we remove edges from the syn-
onymy network and predict the removed network using link predictors. We are able to
predict up to almost 99% accuracy using simple predictors like CN. Second, we apply
link predictors over the entire network and predict actually missing synonymy relations
using 500 randomly selected Assamese words. We are able to achieve a MAP@10 score
of 0.68 with CN. It is interesting to observe that MAP@1 score of CN is 0.59. It means
that about 60% of the predictions using CN are actual missing synonyms. It is further

observed that the majority of the predicted non-synonymy words are also actually se-
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mantically related cohort words (with MAP@1 score of 0.82 and MAP@10 score of 0.86
with CN).

From the study reported in this chapter, it is evident that synonymy network can
be effectively expanded using link prediction methods. However, relationships may be
of different types; absolute, near, cohort, polysemy, etc., and it has not been considered
within the scope of the thesis.

In this chapter, we covered the problem of expanding synonymy network of WordNet
to include missing relationship in existing WordNet. Although this method can effec-
tively expand new synonymy links, it does not address the issue of adding new words
to the WordNet taxonomy. To fully expand the WordNet taxonomy, it is necessary to
consider not only new relationships, but also new words. In the next chapter, we will

explore the problem of adding new words to the WordNet taxonomy
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“Never doubt, when you begin with something
that it will end in failure. Our thought is trans-

formed as picture in our mind.”

Napz Cherub Pellazo

TEAM: A multitask learning based
Taxonomy Expansion approach for

Attach and Merge

The previous chapter asses the effectiveness of link prediction method to perform
synonymy expansion in WordNet with a special focus to Assamese WordNet. The objec-
tive of this research is to identify any potential missing relationships in WordNet. From
various experiment it is evident that synonymy network can be effectively expanded
using link prediction methods. However, this method can not expand the taxonomy
with new word . As new concepts continually emerge and evolve, they may need to
be incorporated into existing taxonomies to keep them relevant and useful. Automatic

taxonomy expansion is therefore a crucial task. Most of the taxonomy expansion ap-
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Expanded taxonomy

Attach

Concept- words Concept definition (d)

Synset (s)

Object A tangible and visible entity.

Rock, Stone A lump or mass of hard consolidated mineral matter.
Food Any substance that can be metabolized by an organism to

give energy and build tissue.

Vegetable,Veggie | Edible seeds or roots or stems or leaves or bulbs or tubers or
non sweet fruits of any of numerous herbaceous plant

Fruit The ripened reproductive body of a seed plant.

Nutrient A suk used by an organism to survive, grow, and
reproduce.

Mango A mango is an edible stone fruit.

Figure 4.1: Example of WordNet taxonomy expansion with attach and merge operations to
include new terms “Mango” and “Nutrient”.

“Mango” is a specific concept of Fruit not present in the existing WordNet. Hence, a new concept node is
created in the taxonomy by attaching it to its generic concept Fruit . As “Nutrient” refers to the same concept
as "Food”, no new concept is created. “Nutrient” is merged with the existing concept “Food”.
proaches are of two types, attach and merge. In a taxonomy like WordNet, both merge
and attach are integral parts of the expansion operations, but the majority of stud-
ies consider them separately. With a keen eye towards the significance of this issue,
this chapter explores into a novel approach called “multitask learning-based taxonomy ex-
pansion approach for Attach and Merge” (TEAM) to integrate new concepts into WordNet

taxonomy. In this chapter, the scope of the study has been expanded to include not only

the Assamese WordNet but also the Bengali and Hindi WordNets from IndoWordNet.

4.1 Introduction

Taxonomy, such as the WordNet, is a crucial resource for developing NLP related tech-
nologies, as it plays a vital role in various text processing tasks such as information
retrieval, information extraction, text classification, summarization, etc.38051  Ag
most of the WordNets are manually curated, it often suffers from the problem of lim-
ited coverage. Therefore, an automatic taxonomy expansion is a crucial problem to
handle the above issue. For taxonomy expansion, WordNet in particular, may need two

types of operations; (i) merge, where a new concept * is merged to an existing node,

and (ii) attach, where a new concept is inserted as a new node. Figure 4.1 illustrates

*Concept is a basic building block of WordNet, which refers a definition with associated
synonym words
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these two operations where the word Mango is inserted as a new concept with the attach
operation, and the word Nutrient is inserted as a new synonymy in an existing concept
with the merge operation.

Though both of these operations are integral parts of a WordNet taxonomy ex-

pansion, all of the existing studies on taxonomy expansion have considered expansion

74,90,78,104,105,85,44 55,57,55,69,11,94,19
, but

with either attach operation or merge operation
not together. Realizing the need to apply both the operation, SemEval-2016:task 14
(Semantic taxonomy enrichment) Jurgens and Pilehvar*? includes a call for expansion
with both attach and merge operations. However, none of the submissions incorporate
both operations in a single model.

Motivated by the above observations, in this study, we propose an integrated deep
learning-based method, namely, Taxonomy Expansion with Attach and Merge (TEAM),
which performs both the attach and merge operations in a multitask-learning frame-
work. Though most of the existing studies consider the expansion a regression prob-

Jeqn 78:104,105

, considering that our method performs both the attach and merge operation
in a single model, it can also be considered a classification task. As a result, we propose
two versions of TEAM, namely, TEAM-RG: Regression, and TEAM-CL: Classification to
perform with explicit and implicit rankings. The proposed models have been evaluated
on three different WordNet taxonomies, viz., Assamese, Bangla, and Hindi. From the
various experimental setups, it is observed that the proposed TEAM-RG and TEAM-CL
outperform their baselines counterparts for attach operation, and also obtained encour-

aging performance for merge operation as well. The major contributions of this chapter

are summarized as follows:

e A multi-task learning based taxonomy expansion framework TEAM is jointly
trained to perform both the Attach and Merge operations. To the best of our
knowledge, it is the first integrated model to perform both the attach and Merge

operations in a single model.

e Two variants of TEAM, namely TEAM-Regression (RG) and TEAM-Classification

(CL) are proposed.
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4.2 Related studies

Existing methods for taxonomy expansion can be divided into two categories: relying on
alignment between multiple taxonomies [Ruiz-Casado et al.”?, Toral et al.®”, Ponzetto
and Navigli®®, and Yamada et al.'"!] or relying on machine learning-based rating sub-
graphs. Further, the latter category can be divided into two sub-categories (1) by
expanding synonymy relations/Merge (2) by expanding hypernymy relations/Attach.
Synonymy-based taxonomy expansion leverages synonymy relations of the taxonomy.
Given a seed taxonomy, the distributional approach discovers synonyms by representing
strings with their distributional feature and learning a classifier to predict the relation
between strings [°°,%4,19].

Expansion by resource alignment: In the first category of studies, Poprat et al. % first
attempted to automatically expand a WordNet with biomedical terminology; however,
they were unable in developing the resource. Ruiz-Casado et al. ”?, Toral et al. ", Ponzetto

and Navigli °, and Yamada et al. 'Ot

exploit structured information in Wikipedia to ex-
pand WordNet with new synsets. Snow et al.®* leverage distributional similarity tech-
niques for WordNet expansion. Jurgens and Pilehvar®' enrich the existing WordNet
taxonomy using an additional resource, Wiktionary, to extract sense data based on
information in the term concepts.

Synonymy Expansion: Synonymy expansion in a taxonomy leverages synonymy re-
lations to enrich a taxonomy with new concepts. Approaches for synonymy expansion
can be divided in to two categories: (1) Distributional based approach”*,'” (2) Pattern-
based approach®”,%. Given a seed taxonomy, the distributional approach discovers
synonyms by representing strings with their distributional feature and learning a clas-
sifier to predict the relation between strings. However, in the pattern-based approach,
consider the sentences mentioning a pair of synonymous strings and learn some textual
patterns from these sentences, which are further used to discover more synonyms. Qu
et al.% proposed an approach that integrates both the categories. Boteanu et al.'!
focus on the problem of expanding taxonomies with synonyms for applications in which
entities are complex concepts arranged into taxonomies designed to facilitate browsing

the product catalog on amazon.com. They first generate synonymy candidates for each
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node in the taxonomy and then filter synonymy candidates using a binary classifier. Yu
et al. !9 study a task of synonym expansion using transitivity named SYNET, which
leverages both the contexts of two synonymy pairs.
Hypernymy expansion : Jurgens and Pilehvar ** formulated a task of synonymy expan-
sion, where it is proposed to enrich the WordNet taxonomy by performing two operations
for each new concept. The first action is attach, where a new concept is treated as a new
synset and is attached as a hyponym of one existing synset in WordNet, and the second
action is Merge, where a new concept is merged into an existing synset. The best solu-
tion proposed by Schlichtkrull and Alonso " included only the attach operation. Later
solutions for attaching, as in Shen et al. "®, adopted self-supervision and tried to exploit
the information of nodes in the seed taxonomy to perform node pair matching. On the
other hand, Yu et al.'* resorted to classification along mini paths in the taxonomy.
In contrast, in our current approach, we have incorporated both the attach and merge
operations.

Most of the recent taxonomy expansion approaches are based on hypernymy ex-
pansion. These methods attempt to determine the attachment position by scoring
between several nodes. Recently numerous methods have been proposed to solve this

9 78 104 105
) )

problem ™, e )

, Hence, all the existing taxonomy expansion approaches
expand a taxonomy either by merge operation(synonymy expansion) or by attach op-
eration(hypernymy expansion). However, particular to WordNet expansion it is an
integrated task of merge and attach operation. We are the first to study the problem of

taxonomy expansion using both the Attach and Merge taxonomy expansion operations

in a single model.

4.3 Taxonomy Expansion - Attach and Merge

In this study, we have considered WordNets as our target taxonomies. A WordNet may
be defined by a collection of concepts connected by various semantic relationships such
as hypernymy, hyponymy, troponymy, etc., where each concept is further defined by a
set of attributes such as definition, synonyms, examples, etc”. In this study, we have
considered only the hypernymy relation and the definition and synonymy attributes.

In order to be able to apply the proposed model, we first transform the original
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WordNet taxonomy into an experimental intermediate taxonomy ( directed unweighted
acyclic graph) T = (7, E) where V represents the set of concepts and E represents the
set of hypernymy relations between the concepts. A concept v € V is further defined
by a tuple v = (d,,s,) where d, represents the definition of the concept, and s, represents
the set of associated synonyms. An edge ¢ € E represents a hypernymy relation from
a parent concept v, to its child concept v, and is denoted as ¢ : (v, m) vp). The
taxonomy 7 is arranged in a hierarchical manner with directed edges in E, as shown in
Figure 4.1. Given the taxonomy T and a query concept g4 = (d,,s,), the attach and the
merge expansion operations are defined below.

Attach (A) — An attach operation is performed when the concept ¢ is not present
in J. The objective of the attach operation is to identify the best matching parent node
in taxonomy network known as anchor concept 2 = (d,, s,), and insert a new concept g
with an edge ¢ : (« m q). In a taxonomy network, a parent node represents a more

generic concept of its children. After an attach operation i.e., insertion of ¢ in T under

the anchor 4, the expanded taxonomy is updated as follows.

T = (FU{q},EU{e}) (4.1)

Merge (M) — A merge operation is performed when an equivalent concept a = (d,, 5,)
of the query ¢ (i.e., d, = d,) is already present in T, but the synset s, is not present in z
(i-e., s, Ns, = 0). The objective of the merge operation is to identify the best matching
concept a = (d,, s,), known as the anchor concept, in the taxonomy network J and add
the synset 5, to s,. It neither creates a new node nor adds a new edge. It only updates
the synset of the anchor concept. After the merge operation, the updated anchor concept

in the expanded taxonomy can be expressed as follows.

a = (disaUsg)ia€V 4.2)
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Query Anchor Label | Operation

Rock(d, “rock”) |Object (d, s) True |Attach

Rock(d, “rock”) | Fruit (d.s) False

Rock(d, “rock’) | Stone True |Merge
(parallel_d, s)

Rock(d, “rock”) |Fruit(d, s) False

Vegetable,
Veggie
(d, s)

Figure 4.2: Example of training dataset generation.
The table shows positive and negative training instances corresponding to the query concept "Rock” for both
operations Attach and Merge.

4.4 Proposed Methods

Our objective is to develop an integrated model that performs both attach and merge
operations for taxonomy expansion. Since we have two tasks to unify in a single model,
we resort to a multi-task learning framework known as Taxonomy Expansion Framework
with Attach and Merge (TEAM). This joint learning objective facilitates information
flow so that the two tasks can aid each other. Also, we are interested in deciding
which expansion operation to perform given a triplet (expansion task classification) and
retrieving the ranked list of candidates (ranking) as prospective anchors to associate the
query with. For this first-of-its-kind novel taxonomy expansion task, we propose two
versions of TEAM, namely TEAM-Regression (TEAM-RG) and TEAM-Classification
(TEAM-CL) — where we show that using either regression or classification learning

objectives, this task can be accomplished.

4.4.1 Training dataset generation

Given a transformed taxonomy T (as described in Section 4.3), we generate a training
dataset for building the model as follows. The training samples are defined by a 3-tuple
< g,a,label >, where ¢ is the query, z is the potential anchor, and label is associated
class, i.e., true/false (1/0). We randomly select a set of nodes in T as a set of queries *,
and generate the training samples for the attach and the merge operations separately as

follows.

*As we consider the same query set for both attach and merge experiments, nodes with at
least two synonyms are considered.
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Attach (A) — We first remove the query nodes from the J. For each query g =
(dy,54), we consider its parent as anchor node 4 = (d,,s,) and generate positive sample
< g,4, TRUE >. We then randomly pick up N number other nodes 4’ = (d,,s»), and
generate N negative samples < g,4’, FALSE >. Thus, for a given query node g, we
extract one positive and N negative samples.

Merge (M) — For each of the randomly selected query node x = (dy, s, >) in T, we
generate the following positive training sample < g,x, True > where g = (d., s,),55 C s«
is the query and x = (d., s — 5;) is the anchor.The s, is a randomly selected synonym
in s;. Unlike attach, for generating the training sample for the query ¢, we only remove
the query synset 5, from the anchor synset s, i.e., sy = 5, — s5;, and, not the node. Like
attach, we randomly pick up N number other nodes 4’, and generate N negative samples
< g,4',FALSE >. Figure 4.2 illustrates the generation of the training samples from a

taxonomy.

4.4.2 TEAM-Regression (TEAM-RG)

The proposed TEAM-RG works in two tiers process. Given a training input sample
< q,a,c >, it first generates encoding of the query ¢4 and the anchor 4. It then merges
to a shared layer to produce two different multi-tasking dense networks; one for merge
and another for attach, as shown in figure 4.4.D.

For learning embedding of the anchor concept from the taxonomy network and the
query concept from the associated attributes, we consider the publicly available Fasttext
pre-trained embedding available at https://fasttext.cc/docs/en/crawl-vectors.html.

Processing of the query concept: As mentioned in Section 4.3, a query concept
consists of its definition and the associated synset i.e., g4 = (d,,5,). The definition is a
piece of text describing the concept, and the synset is a synonym associated with the
query concept. The two embeddings are then concatenated to represent the query.

Processing of the anchor concept: For generating the encoding of the anchor
concept, we exploit the proximity structure of the nodes in the taxonomy T. For a
given anchor node 2z € T, we first extract its ego-tree from the taxonomy. An ego tree
T, : (V,,E,) of a node 4 in the taxonomy 7 is a sub-tree that comprises the node a

and its k-hop neighborhood nodes. In this study, we considered £ = 1, i.e., the anchor

TH-3092_166155002 60


https://fasttext.cc/docs/en/crawl-vectors.html

Parent

Anchor

Vegetable,
veggie

.—-"‘//’\
[Mango J [OrungeJ

Children

Figure 4.3: Ego tree of the anchor node “Food”. 1-hop ego-tree is extracted around the anchor “Food”.
The color-codes distinguish various roles w.r.t the anchor node "Food”, eg., Deep Purple: Grand-parent, Red:
Anchor/ Parent, Orange: Childrens

node, its parent node, and all its children nodes. Figure 4.3 illustrates an example of

96,104,105,78 gtndies. To obtain

an ego tree. A similar approach has also been used in
the embedding of the anchor concept, we further apply graph embedding as described

below.

Embedding Ego-tree

Ideally, we should be able to use any graph embedding method to obtain the embedding
of the anchor node. As the objective is to incorporate the positional information of
the parent and children node in the ego tree, we use the Graph Attention Network
(GAT) proposed in Taxo-Expan“®. This GAT is a special type of graph neural network
(GNN)** with a neighborhood-based attention mechanism. The details of GAT and
its difference from GNN are given in Section 2.2.3 of Background study. Thus we used
position enhanced GAT to obtain the node embeddings of an anchor’s ego tree.

We summarize the tree by applying an activation function over the average of the
embedding vectors of all nodes in the ego-tree as given in equation 5.1 to define the

encoding of the anchor node.

%= o1 2 9) (43)

where o(.) is an activation function. We have considered Sigmoid function in this study.
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Multi-task Learning

Once we obtain the embeddings of the anchor and query concepts, the concatenated
vector is subjected to a shared dense layer and then build two multi-task layers to
perform the merge and attach operations as shown in Figure 4.4.D. Given a query con-
cept and its true anchor concept with N false anchor concepts, the task is to design a
regression-based ranking model such that the true concept is ranked higher than the
N false concepts. This objective should be realized for all the queries in the training
dataset.

Given the embedding vectors of anchor z and query g as learned above, we first

estimate similarity between the two using a bi-linear model proposed in??. It learns the

discrimination between ¢ and 2 through a learnable bi-linear scoring matrix B € Rlalxlal
via a function D : RlIX2l - R as follows.
D(q,a) = o(7' Ba) (4.4)

Here o is sigmoid non-linearity. The output of this matching module is a probability
estimate indicating the strength of association between the query and anchor. Now,
considering the query concept ¢ and its associated N+1 anchor concepts, we estimate the
probability of being the correct anchor using InfoNCE loss proposed in°®. Let X be a set
of query concepts and their respective N +1 anchor nodes (one positive and N negative).
An element of x, € X for a given query ¢ consists of {(g,4,1), (¢, 4,4}, ..., 45, 0)}, where
a is the positive anchor, and 4’ are the negative anchors of 4. InfoNCE estimates loss
function using an average probability of being true anchor node across the dataset X as

follows.

Cappi = Z . L @5)
|‘x| vEM(q) 9(41 U)

where M(g) denotes the set of both positive and negative anchors of 4. As mentioned
earlier, the loss defined in Equation 5.6 is estimated separately for attach and merge
operations. Therefore, we generate two different training datasets for attach and merge,

and estimate £, and L, separately using respective datasets, The final model loss is
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Figure 4.4: Taxonomy Expansion framework with Attach and Merge (TEAM) D:
TEAM-Regression-RG — 1. (Query Q, Anchor, (N+1) Negative Anchors) are fed to the model, 2.
Representation learning via shared graph propagation and readout modules, ¢ 3. Projection to shared hidden
layers, 4. Task-specific matching modules with non-shareable weights, ¢ 5. Task-specific regression outputs. E:
TEAM-Classification (CL) — e« 1. (Query Q, Anchor-A, Anchor-M, (N+1) Negative Anchors) are fed to the
model, 2. Representation learning via shared graph propagation and readout modules, 3. Projection to
shared hidden layers, 4. Simultaneous optimization of classification and ranking losses. e5.Three-way merge,
attach, no-operation (M, A, N) prediction.

Explanation of used color-codes. Light-Purple: Anchor (A/M) nodes, Orange: Children of the anchor, Purple:
Parent of the anchor. Green: Definition representation of anchors, Blue: Synset representation of anchors,
Yellow: Query representation.

defined as £ = L4+ L£)r — considering both the operations attach and merge.

4.4.3 TEAM-Classification (TEAM-CL)

Figure 4.4E shows the schematic diagram of the TEAM-CL. We use the identical rep-
resentations for query ¢ and candidate anchors a4, 2,/ as described for TEAM-RG. We
also adopt the same position-enhanced graph propagation and read-out modules as de-
scribed in Section 4.4.2 for learning anchor 2 = (d,, s,) concept representation. Once we
obtain the query and anchor representations, we model the strength of association of an
input query and the candidate anchors based on their features to predict the expansion
task i.e., merge M or attach A. The matching module, a multi-layer perceptron (MLP)
based classifier, takes the features of query g € Rl7 and anchor z € R, and generates a
contextualized pair representation = [7®(7—2) ®(7X2) @] (assuming |7| = |2). Here,
® denotes concatenation. The anchor 2 can be any of the attach or merge candidates
(a4/apr). A three-way classifier is learned to produce the categorical probability distri-
bution over the training samples for Merge (M), Attach (A) and No-operation (N) —
three classes (|Z| = 3) of operations. If 4 € RIEXIZl be a learnable projection matrix that

projects the contextualized pair embedding % to the label space Z € R3. The predictions
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are obtained as below,
¥ = softmax(MLP(k; 6)) (4.6)

For two versions of TEAM, we chose two different kinds of matching models based on
empirical performances to capture different kinds of embedding interaction in the latent

space.

Multi-task Learning

Classification. Unlike in TEAM-RG, where we posit taxonomy expansion as a re-
gression task with implicit ranking viz. discriminating true and false examples via
InfoNCE loss, in TEAM-CL, we simultaneously optimize for classification and explicit
ranking objectives. We obtain classification predictions from the matching module as
described before. Given a training set X, and a set of classes Z (M: Merge, A: Attach,
N: No-operation), we optimize for the self-supervised cross-entropy loss over the task

predictions ¥ given the ground-truth task-classes Y for an input query-anchor pair.

Co= 157 0 0, Vel @7)

€X z€Z

Ranking. The classification objective can only learn and infer the confidence score of
an operation (M/ A/ N) for a training sample. It fails to give us a reliable ranked
list of prospective anchors-(A/ M) given a query — since it does not learn the relative
ranks of positive and negative anchors for a query. As illustrated in Figure 4.4, for
a query d, (i) the ego-tree of anchor-A comprises of that query’s parent’s hierarchical
neighborhood, and (ii) the ego-tree of anchor-M comprises of that query’s replica’s
(same/similar definition with a missing portion of synset) hierarchical neighborhood.
Since a query ¢ is very similar to both of its anchor-A and anchor-M’s ego-trees — these
operations are hardly distinguishable. Thus, a model must accommodate a provision
for directly comparing the prediction scores of M and A operations and learning a
margin of separation between the scores. Here, we introduce two ranking objectives in

the framework — (i) a contrastive objective to compare and contrast among a positive
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anchor and N negative anchors, (ii) a pair-wise hinge loss to learn a maximum margin
between the M and A prediction scores.

Let, dist(.) be a function to measure the distance between a query g and its true/
false anchor-(A/ M) representations (a4, 44"), (a1, aas). We use "slash” (/) to denote
either. We intend to rank a positive query-anchor pair (g, 44/sr) higher than N no of

negative pairs (g, 4’,/4),) by enforcing a group-wise contrastive loss using a margin 1 as,

Lriy, =

Z max(O,l —m+ m’) (4.8)
d_A;GN(éi)

1 1
X Zx: NG

m = — dist(g; — ay;), m' = — dist(g; — d4")

z

We can similarly compute the margin-based group-wise contrastive loss Lgy,, for the
Merge (M).

Now, to distinguish between M and A operations, let, f(/_e) be a function that projects
the contextualized (g, 4) embedding % in Equation 4.6, to a hidden space R”. Here we
introduce a margin-based hinge-loss on sample anchor pairs attach-merge (a4, as) for
a given query g via their contextualized vectors (b4, kar). If class labels of merge and
attach are M = 2,4 = 1, we ensure the prediction scores ) AM = f@ 4/m) for M and A are

separated by a margin of A.
Lro= ). max(0,2—flka) +flka))
Ylka)>Y(kar)

Therefore, the final loss is, £L = Lc+Lg1, +Lr1,, +Lr2 — considering both margin-based

group-wise contrastive loss and pairwise hinge loss comprising the overall ranking loss.

4.4.4 Model Inference

We follow Taxo-Expan’s’® evaluation strategy for inferring the best candidate anchor
a given a query g. We use our classification objective to decide which operation among
merge, attach, or no-operation (M, A, N) to perform when g is given. i) For TEAM-RG,

we augment a classification layer on top of the task-specific regression layers. Given a
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Table 4.1: Dataset Statistics

Max-in | Max-out | leaf

Nodes | Edges degree | degree | nodes

Assamese WordNet | 8466 8363 1 525 7072
Bengali WordNet 26007 | 25815 |1 924 22847
Hindi Wordnet 28242 | 28016 | 1 951 24737

query g and a set of candidate anchors 4, we obtain the merge and attach regression scores
and choose the best value along with the corresponding operation as the apt operation
to perform. i) For TEAM-CL choosing which operation to perform is obtained based
on the three-way prediction scores, given < g,4,(0/1) > as input. Since both of our
proposed frameworks optimize for ranking loss, i.e., discriminates true candidate pairs
from the negative ones — we get a ranked list of candidate anchors 2 while matching

each of them with ¢ via respective matching modules.

4.5 Experiments

Datasets. Table 4.1 shows the basic statistics of three WordNet taxonomies used in
this study. The taxonomy networks are extracted from Assamese, Bengali, and Hindi
WordNets, respectively.

Metrics. We use an array of performance metrics from the domain of classification and
ranking to evaluate the competing methods’ performances. Among the ranking metrics,
we use Mean Rank (MR), Hit@Qk (k=1, 3), and Mean Reciprocal Rank (MRR) to judge
how well a competing method performs in producing a ranked list of candidate anchors
given a test query and a taxonomy expansion operation to carry-out — merge or attach.
Like Taxo-Expan’® evaluation strategy, we scale the MRR score by a factor of 10 to

highlight the discrepancy of the performances among different methods.

e Mean Rank: It calculates the average rank of true anchors among all the candi-

date anchors with respect to the matching scores, given a query.

e Hit@k: It calculates the number of times a true anchor appears in the top k

positions when matched with a test query.

e Mean Reciprocal Rank(MRR): The Mean Reciprocal Rank is used to assess the
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ranking quality of the true anchor. The reciprocal rank can be computed by
finding and inversing the rank of a true anchor in the predicted anchors’ list of

each query. MRR is averaged over all queries.

Further, we use Accuracy, Micro/ Macro F1, Precision, Recall, and F-Scores as clas-
sification metrics for deciding given a test query and an initial taxonomy tree, which

operation among merge (M), attach (A), and no-operation (N) is to be performed.

e Accuracy: It summarizes the performance of the classification model as the frac-
tion of the number of true tasks predicted over the total number of ground-truth

tasks for a set of queries.

e Precision: It calculates the fraction of true-positive predicted expansion task

classes among the total number of true-positive and false-negative task classes.

e Recall: It calculates the fraction of true-positive predicted expansion task classes

among all the relevant ground-truth task classes.
e F-Score: The harmonic mean of precision and recall. It is also known as F1-Score.

e Micro/ Macro F1: The Macro F1 computes F1-Score for each class (merge M/
attach A) independently but averages the final score by treating each expansion
task-class as equally contributing. However, Micro F1 computes the F1-Score for
each query sample in the training set and therefore aggregates the contributions

of all expansion task classes to compute the final average metric.

Baselines. We choose two most recent benchmark SOTA taxonomy-expansion frame-
works TaxoExpan® and Triplet Matching Network(TMN) % as the competing meth-
ods. As Taxo-Expan and TMN outperform SemEval-2016 %1% we have not included
SemEval-2016 as baseline in this study. In terms of learning objective, Taxo-Expan is
similar to ours. It uses ego-tree-based anchor features for matching query features in
a regression-based setting. TMN captures fine-grained relationship dynamics of query
and anchor concepts using channel-wise gating mechanism-based attention learning.

Evaluation Strategy. We obtain the initial feature vector for train and test concepts
using pre-trained subword-aware Fasttext embeddings. For each concept, we generate its

definition embedding by averaging the embedding of each word in its textual definition.
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Table 4.2: Ranking results for test queries

| | Assamese WordNet-Noun | Bengali WordNet-Noun | Hindi WordNet-Noun |
| Methods | Micro MR Hit@1 Hit@3 MRR | Micro MR Hit@l Hit@3 MRR | Micro MR Hit@1 Hit@3 MRR |
TEAM-RG(A) 144.92 0.27 0.42 0.67 | 191.51 0.17 0.36 0.86 | 177.85 0.28 0.43 0.67
TEAM-CL(A) 189.75 0.16 0.28 0.57 | 277.01 0.05 0.18 0.50 | 220.98 0.13 0.29 0.54
Taxo-Expan(A) | 341.81 0.07 0.11 0.29 | 679.26 0.03 0.04 0.10 | 648.72 0.04 0.08 0.14
TMN(A) 203.28 0.28 0.41 0.63 | 319.36 0.10 0.15 0.69 | 246.45 0.31 0.25 0.61
TEAM-RG(M) 1.27 0.95 0.98 1.00 | 2.04 0.92 0.98 1.00 | 5.38 0.83 0.88 0.95
TEAM-CL(M) 6.44 0.71 0.82 093 | 11.06 0.61 0.75 0.89 | 9.80 0.64 0.71 0.91
TEAM-RG(MA) | 73.34 0.61 0.70 0.83 | 59.81 0.69 0.80 0.85 | 91.62 0.63 0.71 0.81
TEAM-CL(MA) | 99.00 0.37 0.50 0.74 | 144.38 0.33 0.46 0.70 | 113.39 0.32 0.47 0.73

We employ PyTorch and DGL framework * to load and train embeddings. In TEAM,
we use a two-layer position-enhanced GAT where the first layer (of size 300) has four
attention heads and the second layer (of size 600) has one attention head. We use 50-
dimension position embeddings for both layers and apply dropout with the rate of 0.1
on the input feature vectors. We use Adam optimizer with an initial learning rate of

0.001.

4.6 Results

Here we report the classification and ranking results of the competing methods. We also
compare and contrast among the variants of our TEAM framework. Apart from the two
versions of the TEAM, namely, TEAM-RG and TEAM-CL, we have task-specific model
variants specified as — attach-A, merge-M and merge+attach-MA. Here, (attach+merge)

means simultaneously optimizing for both the tasks.

4.6.1 Ranking Results

In Table [4.2], we show the performance of the competing methods in terms of (best)
ranking scores. We see similar trends for all taxonomies in the sub-tables. When con-
sidering only attach operation and the test ranking scores, we see TEAM-RG clearly
beats Taxo-Expan by a large margin of (196.87,487.75,470.87) in MR, by a margin of
(0.2,0.14, 0.24) in Hit@Q1 and (0.31,0.32,0.37) in Hit@3 for Assamese, Bengali and Hindi
WordNet respectively. We see TEAM-CL though performing competitively but is out-
performed by TEAM-RG by a margin of (44.82,86.01,43.04) in MR, by a margin of

(0.11,0.12,0.28) in Hit@1 and (0.14, 0.18, 0.43) in Hit@3 respectively for Assamese, Ben-

xhttps://github.com/dmlc/dgl
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Table 4.3: Classification results for test queries

‘ | Assamese WordNet ‘ Bengali WordNet ‘ Hindi WordNet ‘
| Methods | Acc Mi-FI Ma-F1 Prec. Recl F-Sc|Acc Mi-F1 Ma-Fl Prec. Recl F-Sc|Ace. Mi-FI Ma-F1 Prec. Recl F-Sc |
TEAM-RG(A) 097 097 0.49 095 097 0.96 | 098 098 0.50 097 098 097 | 090 0.90 0.47 0.81 090 0.85
TEAM-RG(M) 0.81 0.81 0.45 0.66 0.82 0.73 029 029 0.29 057 029 048 | 055 0.55 0.30 023 015 0.39
TEAM-RG(MA) | 0.88 0.88 0.88 0.89 0.88 0.88 | 0.51 0.51 0.36 096 0.71 085|053 053 043 0.82 0.53 0.62
TEAM-CL(MA) | 1.00 1.00 0.50 1.00 1.00 1.00 | 1.00 1.00 0.48 1.00 1.00 1.00 | 1.00 1.00 0.50 1.00 1.00 1.00

gali and Hindi WordNet. In TEAM-RG(M), we obtain near-perfect MRR scores. This
is because the definitions are already present in training set for the query concepts with
known definitions (test sample drawn from the base taxonomy). The score of 1 indicates
the ability of the proposed method TEAM-RG(M) to correctly identify the appropriate
anchor nodes for the merge operation. TMN gives better performance than Taxo-Expan
owing to its useful attention mechanism. But, Team-RG(A) outperforms TMN in all
the metrics except Hits@1. We only compare Taxo-Expan results for the attach since it
is originally proposed for the attach operation. In the (merge-M) and (merge+attach-MA)
section of the tables also, we see that TEAM-RG outperforms TEAM-CL on all three
WordNet taxonomies. We attribute this huge performance improvement of TEAM-RG
to InfoNCE based training — as it simultaneously provides pseudo-supervision from the

negative examples while optimizing for the task-specific regression layers.

4.6.2 Classification Results

In Table [4.3], We observe similar trends on all three WordNet taxonomies. Since Taxo-
Expan is a regression-based algorithm proposed for only attach operation in taxonomy
expansion task — we could not obtain its classification performance. Therefore, we only
consider variants of our frameworks as competing methods. As described in the sub-
section 4.4.4, using a classification layer on top of the regression layer in TEAM-RG,
we obtain classification performances for the attach, merge operations along with both
(attach+merge) operations. Whereas obtaining classification performance for TEAM-CL
is straightforward since this is already a classification framework.

When comparing TEAM-RG (attach) and (merge) variants — we see, unlike ranking
results where ranking results of merge operation were always better than the attach op-
eration, here the classification results of merge operation are inferior to attach operation.
It means that the RG variant learns better ranking as compared to CL variants, but

they fail to distinguish M and A — the operation to perform. This is expected since we
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Table 4.4: Ranking result for out-of-vocabulary words

Assamese WordNet-Noun
Methods Micro MR Hit@l Hit@3 MRR
TEAM-RG(A) 65.30 0.33 0.53 0.80
TEAM-CL(A) 240.47 0.02 0.16 0.06
Taxo_Expan(A) 386.30 0.05 0.05 0.11
TEAM-RG(M) 170.79 0.07 0.14 0.38
TEAM-CL(M) 331.93 0.03 0.12 0.29

do not provide a scheme here to contrast M and A operations — which is the motivation
for our CL variant framework.

When comparing TEAM-RG and TEAM-CL for (merge+attach), we see TEAM-CL
gives better classification scores using test queries except for Macro-F1 scores. TEAM-
RG gives the best performance for the Macro-F1 score for the test cases. This essentially
means that class-wise prediction performances are inferior for TEAM-CL. This is ex-
pected behavior since, in each batch of the training sample, we include a substantially
large number (N) of negative examples with class-label (N-No operation). We design
our training samples like this so that the contrastive loss is better approximated. Nev-
ertheless, it leads to a class-imbalance issue in our three-way classification setup, i.e., a
large number of samples with N class labels as compared to the other M/ A class labels.
Thus, TEAM-CL biases its prediction towards the N class, leading to poorer Macro-F1
scores than TEAM-RG.

To summarize, we observe that TEAM-RG gives the best ranking performances,
whereas TEAM-CL gives the best classification performances. TEAM-CL performs
poorly in Macro-F1 since it presumably suffers from class-imbalance issues owing to
the style of training sample generation. Frameworks with multi-task learning strategy
(TEAM-RG and TEAM-CL) outperform frameworks (Taxo-Expan) designed to perform
a single task — which is motivated by the fact that simultaneously optimizing for

multiple tasks provides self-supervision to each other, resulting in better performances.

4.6.3 Expansion of Assamese WordNet Taxonomy with Out-Of-Vocabulary (OOV)

words

To investigate the effectiveness of the proposed models, we employ the models for ex-
panding a WordNet with OOV words. For this, first, we find out-of-vocabulary words,

i.e., words that are not present in Assamese WordNet. Second, we manually identify true
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anchors of respective out-of-vocabulary words with associated operations (attach/merge)
in Assamese WordNet. We evaluate the predicted results of the proposed model against
the manually identified true anchors. Since we can either perform an A or M operation
with OOV words and not both, we do not predict expansion tasks for OOV words using
any of the MA variants of our proposed frameworks. Table 4.4 shows the ranking perfor-
mance of the model in predicting true anchors for attach and merge expansion operations.
We see a similar trend of prediction ranking as seen with the test set in our earlier ex-
periments. TEAM-RG gives the best performance in both expansion operations. In
the case of attach expansion, TEAM-RG beats state-of-the-art Taxo-expan by a large
margin of (321,0.31,0.48,0.69) in MR, Hit@1, Hit@3, MRR, respectively. However, our
proposed frameworks are seen not to perform so well in merge M operation as compared
to the attach A operation. Intuitively, this is because, for OOV words, we use a set of
manually collected paraphrase definitions of the OOV words to match them with the
candidate anchor concepts in the existing taxonomy. Whereas for actually training our
model, we have used the same definitions in the replica nodes. That is, we have used
the same definition in the original anchor concept and in the input query-concept with
mutually exclusive synset information. Thus, in this case-study, the paraphrase-based
definition matching deems challenging for our learning model resulting in poorer results
for M operation. We believe we can always eliminate this drawback by using a descrip-
tion generation tool”® to generate different definitions of the same concept nodes and

train our learning model in a more powerful way.

4.7  Summary

In this study, we proposed an integrated framework called Taxonomy Expansion with attach
and merge (TEAM) for expanding taxonomy with attach and merge operations together.
We built two multi-task learning-based variants of TEAM, namely, TEAM-Regression
and TEAM-Classification, which solve the taxonomy expansion problem as regression
and classification, respectively. Our proposed methods learned to predict the taxonomy
expansion operation (merge, attach, or no-operation) to perform and provided a ranked
list of candidates. We evaluated the effectiveness of TEAM on WordNet taxonomies of

three distinct languages, viz., Assamese, Bangla, and Hindi. In various experimental
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setups, the proposed TEAM-RG and TEAM-CL outperformed its state of the art for
attach operation and provided a highly encouraging performance on merge operation.
We had also investigated the performance of the proposed model with out-of-vocabulary
concepts.

Though TEAM works efficiently for integrated taxonomy expansion, it focuses on
the local taxonomic context. A taxonomy can be of two types: single-root taxonomies
(such as English WordNet) and multi-root taxonomies (such as Assamese WordNet).
As TEAM considers local context, it faces challenges when it is applied to multi-root
taxonomies. In the next chapter, a new approach, named LG-TEAM, is proposed to
address these limitations by combining both the local and global context of a taxonomy
in an integrated attach-merge expansion environment, providing a more robust solution

to the problem of taxonomy expansion.
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“Learn from the mistakes of others. You can’t live long

enough to make them all yourself.”

Eleanor Roosevelt

LG-TEAM: Local and Global context

aware multitask learning based
Taxonomy Expansion approach for

Attach and Merge

Automatic taxonomy expansion is a crucial problem in natural language processing
(NLP) because it helps solve the problem of low coverage in a taxonomy. This can
improve the accuracy and effectiveness of NLP tasks like information retrieval, infor-
mation extraction, text classification, summarization, etc. The majority of the prior
studies have addressed the expansion problem by performing Attach operation, whereas

both Attach and Merge operations are integral parts of the taxonomy expansion task.
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In the previous chapter we have proposed, an approach called TEAM to solve this is-
sue. Though TEAM works efficiently for integrated taxonomy expansion, it focuses on
the local taxonomic context. A taxonomy can be of two types: single-root taxonomies
(such as English WordNet) and multi-root taxonomies (such as Assamese WordNet).
As TEAM considers local context, it faces challenges when it is applied to multi-root
taxonomies. To address the limitations in TEAM, this chapter proposes a new ap-
proach, LG-TEAM, which combines both the local and global context of a taxonomy
in an integrated attach-merge expansion environment, providing a more robust solution

to the problem of taxonomy expansion.

5.1 Introduction

Lexical taxonomy is a system of organizing and categorizing words and concepts based
on their meanings. It is employed to understand the relationships between different con-
cepts and clarify the meanings of the words within a particular domain of knowledge.
There are many existing taxonomies in different domains, such as WordNet !, MesH *?
and Pinterest Taxonomy?!. These taxonomies play an important role in many Natural
Language Processing (NLP) tasks, such as information retrieval, information extrac-

tion, text classification, summarization,%"3:80:51

etc. Taxonomies are usually curated
manually, which is time-consuming, expensive, and not scalable, resulting in limited
coverage. As new concepts are constantly emerging and growing, they may need to be
added to the existing taxonomies to keep them up-to-date and useful.

Though automatic taxonomy expansion involves two operations, attach- inserting
a new concept and merge- extending existing concepts (see Figure 1.4), most of the
existing studies on taxonomy expansion have focused only on the attach operation.
To combine both attach and merge operations in a single model, Phukon et al.%*
proposed a multi-task learning-based taxonomy expansion method, TEAM that relied
on learning local taxonomic information similar to the studies that focused only on the
attach operation 719996 These studies focus on utilizing the neighborhood information
of a concept-node to learn the taxonomic relatedness between concept-nodes, such as

anchor-parent. Despite achieving encouraging results, TEAM has issues when applying

to multi-root taxonomies as it only considers local taxonomic information. In a multi-
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root taxonomy, there are multiple independent sub-trees that are not connected to each
other. As a result, the taxonomic information of a concept-node is limited to a specific
subtree and may not provide enough context to understand the overall structure of
the taxonomy. Because of this, determining the best-fit position for a concept within
the taxonomy may require additional information, such as the relationships between
concept-nodes in different sub-trees, or external information about the concept itself.
In such cases, a more global perspective is needed to accurately distinguish between the
two concept-nodes, as it would provide a more comprehensive view of their positions in
the overall taxonomy.

Motivated by the above observations, we propose LG-TEAM : Local and Global con-
text aware Multitask learning based Taxonomy Expansion for attach and merge operations, a
method to enhance the effectiveness of automatic taxonomy expansion. Like in TEAM,
LG-TEAM considers ego-net (explain in Sec 5.5.3) to capture local context and en-
tire network to capture the global context. To ensure message passing between the
sub-trees while capturing global context, one dummy root node is added, connecting
to all the sub-tree roots. We evaluate LG-TEAM on four WordNet taxonomies, viz.,
Assamese, Bengali, Hindi (multi-root taxonomies), and English (single-root taxonomy).
From experiments, it is observed that the proposed model outperforms all the baseline
counterparts over the entire dataset for attach operation. For merge operation, both
TEAM and LG-TEAM provide comparable, near-perfect performance. The study also

includes ablation analysis to support the need to incorporate global context.

5.2 Related Studies

Existing studies on taxonomy expansion have primarily focused on expanding exist-
ing taxonomies through the attachment of new terms or concepts. These studies have

employed a variety of techniques, including the use of lexical features such as lexical

patterns (e.g. °%%!), the use of distributional representations from a resource corpus

45,71)

to construct a taxonomy from scratch (e.g. , and methods expanding generic

11,47,78,104,48,105,44,46,30,39)

taxonomy without using external resources (e.g. Some of

these works have also employed advanced techniques such as graph neural networks

78 104,105,46,30,39,97
* )

(e.g ) and pre-trained language models (e.g., °°) to improve the accu-
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Assamese WordNet roots Hindi WordNet roots

Figure 5.1: Roots in Assamese and Hindi WordNet

racy and efficiency of taxonomy expansion. However, taxonomy expansion also involves
the merge operation, which is an important aspect of expanding taxonomies such as
Wordnet or making them more precise. Realizing the need to apply both operations,
SemEval-2016:task 14 (Semantic taxonomy enrichment) Jurgens and Pilehvar *? includes
a call for expansion with both attach and merge operations. However, none of the sub-
missions incorporate both operations in a single model. % proposed a multi-task learning
based taxonomy expansion framework TEAM is jointly trained to perform both the at-
tach and merge operations. While TEAM has been shown to be effective for integrated
taxonomy expansion, it has limitations when applied to multi-root taxonomies. To ad-
dress this limitation, we propose a new approach called LG-TEAM, which enhances the

effectiveness of automatic taxonomy expansion by combining local and global taxonomic

information in a multi-task learning (attach/merge) platform.

5.3 TEAM and multi-root taxonomies

While English Wordnet has only one root taxonomy, Wordnets of Indian languages
are found to have multiple roots, i.e., a forest formed by several trees. This is due
to the fact that etymologically, Indian languages have roots emerging from different
language families. Figure 5.1 shows root nodes and the size of the corresponding trees
for Assamese and Hindi WordNet.

In a taxonomic system, the root represents the basic starting point of the entire
database. In the context of WordNet taxonomy, the root synset represents the most
basic concept of the language, and all other synsets are organized in relation to it.
Typically, a traditional taxonomic system comprises of a single root; this is true for
English WordNet as well, where the root of the hierarchy is the concept of ‘entity’,

which includes all other concepts in the language. However, in cases where the system
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classifies objects or concepts that belong to multiple distinct categories, it is possible
for the system to have multiple roots.

With respect to Indian languages, it has been observed that WordNet taxonomies
can have multiple roots. This is due to the fact that etymologically Indian languages
have roots emerging from different language families. It is important to note that the
determination of the roots of a word may not always be straightforward, and in some
cases, the origins of words in Indian languages may not be fully understood. As these
WordNets are created manually, annotators may be affected by the complexities in
tracing the roots of words, and this can lead to the need for creating new roots in the
WordNet. Figure 5.1 shows the available root synset in Assamese and Hindi WordNet.

Empirically, it has been observed in the literature that existing studies on taxonomy
expansion that consider only local context tend to be more effective in the context of
single-root taxonomies than multi-root taxonomies. This discrepancy in performance
may be attributed to the lack of consideration of information flow between disconnected
components. This concern highlights the need for a global view of a node concept within
the taxonomy.

In this concern, we examine the model TEAM %% as it supports this observation
and highlights the challenges in multi-root taxonomy expansion. Though TEAM shows
an encouraging performance as an integrated model of attach and merge expansion
operations, we have observed a few concerns that limit TEAM from being used in multi-
root taxonomy expansion. One of the key concerns is that TEAM uses the summarized
representation of the local neighborhood of a node concept to learn the relatedness
between concepts. The summarized neighborhood representation of two concepts across
different sub-trees may be similar, potentially leading to confusion or inaccuracies in
the determination of relatedness between the concepts. This concern highlights the
need for a global view of a node concept within the taxonomy. A global view of a
sub-tree includes all of the concepts within the sub-tree and how they are related to one
another, as well as their relationships with concepts in other sub-trees rooted at different
root concepts. Therefore, this study proposes a model that considers both local and
global embedding for understanding the similarity and differences between concepts in

any taxonomy, as it provides visibility into how concepts relate to one another across
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different sub-trees and how they fit into the overall structure of the taxonomy.

5.4 Problem Description

A Taxonomy is a hierarchical organization of concepts. A real-world taxonomy can be
either single-root or multi-root in nature. In this study, we have modelled WordNets as
taxonomy-trees. A Taxonomy Tree is a directed unweighted acyclic graph represented
as T = (C,R). C represents the set of concepts and R represents the set of hypernymy
relations between the concepts. A concept ¢ € C is further defined by a tuple ¢ =
(def, synset;) where def. represents the definition of the concept, and synser, represents
the set of associated synonyms. An edge » € R represents a hypernymy relation from
a parent concept Cpyen to its child concept c¢pis . The taxonomy T is arranged in
a hierarchical manner with directed edges in R, as shown in Figure 1.4. Given the
taxonomy T and a query concept g = (defy, synset,), the attach and the merge expansion

operations are defined below.

Operation Attach and Merge: As defined in TEAM %, the attach and merge operation
can be represented as a function, denoted as fuuh(q,4,7T), fumeree(q,a,T) respectively,
where; g is the new concept to be inserted, represented as a tuple (defy, synset,) ; a,
stands for anchor, is the best matching parent concept for Attach operation and the
best matching concept for Merge operation. It is represented as a tuple (defy,, synset,) ;T
is the current taxonomy network, represented as a tuple (C, R)

The function fu.x(q,a,7T) returns the updated taxonomy network J”, represented

as a tuple (C’', R'):

C =CUyg R =RU(»)
parent

ri(a——q)

The function f5..(g,4,T) returns the updated taxonomy network 7”, represented as a

tuple (C’, R’):
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synset; = synset, U synset,
a’ = (def,, synset,)

Where 4’ is the updated anchor concept, the synset of the anchor concept 2 has been
updated by adding the new synset synsez, to it, and the set of vertices C and edges R

remain the same.

5.5 Proposed Method

Our proposed taxonomy expansion framework, LG-TEAM is based on the multi-tasking
objective to simultaneously learn from both attach and merge operations. To this end,
we enrich the learned node representations with a combination of local and global neigh-
borhood information. We aim to augment the capabilities of the model by address-
ing the challenges associated with multi-root taxonomies through the incorporation of
enhanced node representations. The illustration of the LG-TEAM model is shown in
Figure 5.2. We choose TEAM-Regression (RG) from the original paper®* and show how
TEAM-RG can be improvised to solve the multi-root as well as single root taxonomy

expansion problem.
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5.5.1 Generation of training data

The training dataset is generated from the transformed WordNet taxonomy T, where
each sample is a 3-tuple [g¢, 2, label], ¢ is the query, 4 is the potential anchor, and label
is the associated class, i.e., True/False (1/0). A set of nodes in T are randomly selected
as queries. The samples for the attach and merge operations are generated separately.
For attach, the parent of the query node is considered as positive anchor, and other
randomly selected nodes are considered the negative anchor. With these positive and
negative anchors, positive and negative samples are generated. For merge, a positive
sample is generated by removing a randomly selected synonym from the query node,
and the modified query node is considered as the positive anchor and a positive sample
is created. Negative samples are generated by randomly selecting other nodes. Figure
5.3 illustrates the generation of training samples from the taxonomy. Our proposed

framework consists of the following subsections.

5.5.2 Representing the query concept

In the approach, a query concept is represented by a tuple g = (def;, synst,;), where def,
is a text description of the concept and synset, is a set of synonyms that closely relate

to the concept. We utilize fasttext embeddings to represent the candidate words. The
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embedding vectors of all candidate words are then combined to form a single embedding

vector g that represents the query g.

5.5.3 Representing the anchor concept

An anchor a = (def,,, synset,) in a taxonomy tree T : (C,, R,) is a prospective node with
which an incoming query node ¢ should be attached or merged. Apart from the definition
and synset associated with the anchor 4, we exploit the neighborhood structure, aka
ego-tree surrounding « to represent the node 2. Past works?6:10%10578 justified this
contextualized representation of the anchor nodes to help the learning algorithm infer
better-matching query-anchor pairs.

Here, we used neighborhood contexts (ego-trees) at multiple granularities to define
a local and a global neighborhood for an anchor. We use a suitable Graph Neural
Network (GNN) that uses — 1) an attention mechanism to weigh the neighboring nodes
according to their roles and, 2) a position-encoding strategy to incorporate the relative
positions (i.e., parent, grand-parent, children, siblings) of the candidate nodes in the
ego-tree to better discriminate their roles in enriching the anchor node 2. We adopt
position-enhanced Gated Attention Network (GAT) from Taxo-Expan’® for embedding
the local and global ego-trees of an anchor 2. Once the node embeddings x for each
participant node x € C, are generated, an activation function is employed on them to

obtain a collective ego-tree representation T, as below.

7, = a(ﬁ > x) G.1)

x€C,

where o(.) is the Sigmoid activation function.

5.5.4 Generating the local and global views

Local view A precise £—hop ego-tree is extracted from the taxonomy tree for a prospec-
tive merge/ attach anchor node. We consider # = 1 and extract direct relations, i.e.,
parent, sibling and child nodes surrounding the anchor. A suitable GNN is employed
to obtain a summarized local ego-tree representation ‘J:/d that only considers the roles

of an anchor’s direct relations to infer its semantic meaning. Fasttext embeddings are
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used to initialize each participating node’s features based on its associated definition

and synset.

Global view Unlike TEAM-RG, which only considers the microscopic view of a node’s
ego-tree for automatic taxonomy expansion, we enrich the microscopic view with the
node’s global neighborhood information for better discrimination.

To obtain a global view, a multi-layer (L = 5) attentive GNN module is implemented
on the taxonomy tree to extract a larger neighborhood-based coarser-level context for
each anchor node. The final representation of the anchor 2 gives a global view that
incorporates the roles of nodes beyond that anchor’s direct relations. It gives a high-
level contextualized anchor node representation ‘J:_gﬂ for better discrimination of closely
related concepts. We experimented with a number of layers L and chose a suitable value

that gave us the best performance.

Combining the local and global views Finally, we combine the local and global views
for each anchor node to get a unified anchor node representation based on its ego-tree
structure. Attach ‘J'; , and Merge ‘J’;M anchor node representations are obtained via

concatenation operation as,

Ty = w*T,, Quwy* Ty, (5.2)
'J';M = w* T/:M S w, * Tg:M (5.3)

Here, A4, M denote types of operations — attach and merge, respectively. Subscript a
denotes anchor. /, ¢ denote types of views — local and global. w;, w, € R are real-valued
weights to measure the contributions of two views, and @ refers to the concatenation
operation. In the Ablation study, we show that this simple weighted combination of

two different views helps improve the ranking performance.

5.5.5  Matching Module

The anchor embedding obtained from Eqn 5.2 and Eqn 3 are passed through a shared
dense layer, which facilitates information sharing between the two end-tasks. It is

followed by task-specific matching modules for attach and merge operations. Similar to
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TEAM-RG, we use a bi-linear matching module that captures the latent interaction of
anchor 2 and query g embeddings in the projection space via a bi-linear scoring matrix
B e RlaXlal A real-valued score R € {0,1} is learned as a probability estimate of the

anchor-query association as,

Dig,a1) = o7 Biy) (54)

Dig,an) = o7"Bak) (5.5)

Here ¢ is the Sigmoid non-linearity. Subscript 4, M denote types of operations — attach

and merge.

5.5.6 Efficient representation of a multi-root taxonomy via augmenting a dummy

root

GNNs are capable of learning global features in multiple-rooted taxonomies. However,
GNNs may face difficulties in discriminating similar concepts in disconnected subtrees
due to the absence of message-passing across the differently rooted subtrees and the
need for more contextual information from each subtree to discriminate among a set of
similar concepts

In this study, we introduce a dummy root node that provides a generic abstraction
to connect all the root nodes in the taxonomy via hypernymy relations. This dummy
root connects all the disconnected trees. Applying GNN to this connected taxonomy
tree facilitates the following : 1) It helps in information dissemination via a message-
passing mechanism across the differently rooted trees, 2) Closely related concepts can be
discriminated based on better-contextualized representations, which helps the learning
algorithm decide the most suitable concept for matching with a query.

In the Experiments section, we show taxonomy expansion results for taxonomy trees

with and without a dummy root and analyze the outcomes to draw important insights.

5.5.7 Optimization

We sample N number of negative examples for each positive merge/ attach anchor a4,/

given a query ¢. Our task-specific training data are denoted as Z4 : {(g,44,1), (¢, ay, 0),
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Table 5.1: Dataset Statistics

Nodes Edges Roots Leaf
Assamese WordNet 8466 8363 103 7072
Bengali WordNet 26007 25815 226 22847
Hindi Wordnet 28242 28016 192 24737
English Wordnet 74401 75850 1 57708

(q,a:b,O), ...,(q,ain,O)} and 2y 1 {(g,am,1),(q, 4}, 0),(q,4),,,0), ...,(q,oz}MN,O)} for
each query ¢ € Q. Here true and false associations are labeled with 1 and 0 respec-
tively. An InfoNCE loss is estimated over the query set Q as an average probability
estimate of the occurrence of a true anchor given a set of true-false attach anchors,

M(g.4) and merge anchors M(gar),

D(g, a,
1 Zlog (7 ﬂA)_ _
|Q| 7€0 ZUEM(qA) 9(4/ U)

1 D(7, )
- —= >l 5.6
0 2 Sty DG >0

5.5.8 Inference

At the time of inference, when a query-anchor is given as input, a classification strategy
is implemented based on the task-specific matching module scores. The merge and
attach real-valued matching scores are compared. The input anchor is categorized as
Merge or Attach anchor, i.e., the operation is classified as Merge or Attach operation
based on the task whose matching module has given the best score. Given a query ¢ and
a list of corrupted/ true candidate anchors 2/, a ranked list of anchors is obtained
by optimizing the loss function in Eqn 5.6. The best-ranked anchor becomes the best
matching candidate for a query, and the corresponding operation is classified using the

above-mentioned strategy.
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Table 5.2: Overall experimental results in multi-root settings

Assamese WordNet-Noun(multi-root)

‘ Method ‘ Ranking ‘ Classification ‘
| | Macro_mr | Hit_at_1 | Hit_at_3 | MRR _scaled_10 | Accuracy | Micro-F1 | Macro-F1 | Precision | Recall | F-Score |
Taxonexpan 341.81 0.07 0.11 0.29 - - - -
TMN 203.28 0.28 0.41 0.71 - - - - -
TEAM-Attach 144.92 0.27 0.42 0.67 0.97 0.97 0.49 0.95 0.97 0.96
LG-TEAM-Attach 110.72 0.31 0.45 0.75 0.99 0.99 0.50 0.97 0.99 0.98
TEAM-Merge 1.27 0.95 0.98 1.00 0.81 0.81 0.45 0.66 0.82 0.73
LG-TEAM-Merge 1.51 0.91 0.96 0.99 0.81 0.81 0.43 0.62 0.82 0.71
TEAM-Merge/A 73.34 0.61 0.70 0.83 0.88 0.88 0.47 0.77 0.88 0.82
LG-TEAM-Merge/Attach 56.26 0.60 0.71 0.84 0.90 0.90 0.48 0.79 0.90 0.83
| | Hindi WordNet-Noun(multi-root) |
‘ Method ‘ Ranking ‘ Classification ‘
‘ ‘ Macro_mr ‘ Hit_at_1 ‘ Hit_at_3 acro-F1 ‘ Precision ‘ Recall ‘ F-Score ‘
Taxonexpan 648.72 0.04 0.08 0.14 - - - -
TMN 246.45 0.31 0.25 0.61 = - - - -
TEAM- Attach 177.85 0.28 0.43 0.67 0.90 0.90 0.47 0.81 0.90 0.85
LG-TEAM-Attach 142.45 0.37 0.51 0.72 0.94 0.94 0.48 0.88 0.93 0.91
TEAM-Merge 5.38 0.83 0.88 0.95 0.55 0.55 0.30 0.23 0.15 0.39
LG-TEAM-Merge 1.64 0.90 0.96 0.99 0.82 0.82 0.45 0.68 0.82 0.74
TEAM-Merge/ Attach 91.62 0.63 0.71 0.81 0.53 0.53 0.43 0.82 0.53 0.62
LG-TEAM-Merge/Attach 72.05 0.52 0.64 0.84 0.88 0.88 0.88 0.89 0.88 0.88
‘ ‘ Bengali WordNet-Noun(multi-root) ‘
| Method ‘ Ranking | Classification |
| Macro_mr | Hit_at_1 | Hit_at_3 | MRR scaled_10 | Accuracy | Micro-F1 | Macro-F1 | Precision | Recall | F-Score |
Taxonexpan 679.26 0.03 0.04 0.10 - - = 7
TMN 319.36 0.10 0.15 0.69 - - 3 - -
TEAM- Attach 191.51 0.17 0.36 0.86 0.98 0.98 0.50 0.97 0. 98 0.97
LG-TEAM-Attach 174.11 0.17 0.41 0.71 0.99 0.99 0.52 0.97 0.99 0.97
TEAM-Merge 2.04 0.92 0.98 1.00 0.29 0.29 0.29 0.57 0.29 0.48
LG-TEAM-Merge 1.88 0.92 0.97 0.99 0.74 0.74 0.43 0.56 0.64 0.74
TEAM-Merge/ Attach 59.81 0.69 0.80 0.85 0.51 0.51 0.36 0.96 0.71 0.85
LG-TEAM-Merge/Attach 60.57 0.53 0.617 0.80 0.88 0.88 0.47 0.77 0.88 0.82
‘ ‘ English WordNet-Noun(single-root) ‘
| jethod | Ranking ‘ Classification |
| | Macro_mr | Hit_at_1 | Hit_at 3 | MRR scaled_10 | Accuracy | Micro-F1 | Macro-F1 | Precision | Recall | F-Score |
Taxonexpan 1454.39 0.01 0.07 0.12 = - - -
TMN 982.28 0.03 0.07 0.16 - = 3 =
TEAM- Attach 184.19 0.05 0.22 0.56 0.82 0.82 0.45 0.68 0. 82 0. 74
LG-TEAM-Attach 155.64 0.05 0.25 0.60 0.95 0.95 0.49 0.91 0.95 0.94
TEAM-Merge 2.66 0.90 0.95 0.99 0.76 0.76 0.43 0.58 0.76 0.66
LG-TEAM-Merge 3.60 0.85 0.94 0.99 0.23 0.23 0.18 0.05 0.22 0.08
TEAM-Merge/ Attach 93.34 0.48 0.58 0.77 0.59 0.59 0.44 0.81 0.73 0.84
LG-TEAM-Merge/Attach 83.95 0.44 0.58 0.80 0.83 0.83 0.52 0.86 0.84 0.89

5.6 Experiments

5.6.1 Experimental setup

Datasets. For our experiments, we use four WordNet taxonomies.

the basic statistics of these WordNet taxonomies.

Table 5.1 shows

In these WordNet taxonomies 3

taxonomies are multi-root in nature i.e Assamese, Bengali, and Hindi WordNet and one

taxonomy is single-root i.e English WordNet.

Evaluation Metrics. The performance of the model and its baselines is evaluated using

Mean Rank (MR), Hit@k, and Mean Reciprocal Rank (MRR) with the MRR score

scaled by a factor of 10 to emphasize performance variations. Additionally, the ability

of the model to predict the appropriate operation (merge, attach) is evaluated using
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Table 5.3: Overall experimental results in dummy-root settings

| | Assamese WordNet-Noun | Bengali WordNet-Noun | Hindi WordNet-Noun ‘
| Methods | Micro_ MR Hit@1 Hit@3 MRR | Micro_. MR Hit@1 Hit@3 MRR | Micro_ MR Hit@1 Hit@3 MRR |
LG-TEAM-Attach 105.5 019 039 068 | 155.49 028 048 073 | 125.40 019 039 073
LG-TEAM-Merge 1.60 090 095 099 |243 0.8 096 098 |1.85 089 096 099
LG-TEAM-Merge/Attach | 53.56 054 067 083 |7896 058 0.72  85.73 | 63.62 054 067 085

Accuracy, Micro/Macro F1, Precision, Recall, and F-Scores.

Baseline Methods. In this study, a new model is proposed to address the limitations
of the TEAM model. To evaluate the effectiveness of the new model, it is compared to
the TEAM model and its variants. Additionally, as the new model can provide both
Attach and Merge ranking results independently, we compare its results for the Attach
operation with two state-of-the-art models that only perform the Attach operation.
However, as there is no existing model that directly uses the Merge operation to expand
a taxonomy, the results for the Merge operation are compared with only the TEAM
merge variants. We choose two most recent benchmark SOTA taxonomy-expansion
frameworks TaxoExpan® and Triplet Matching Network(TMN) !*° as the competing
methods. In terms of learning objective, Taxo-Expan is similar to ours. It uses ego-
tree-based anchor features for matching query features in a regression-based setting.
TMN captures the fine-grained relationship dynamics of query and anchor concepts

using channel-wise gating mechanisms based on attention learning.

5.6.2 Experimental Results

The two sets of experimental results are shown in Table 5.2 and Table 5.3. Ta-
ble 5.2 reports ranking and classification results of the test queries that were ex-
perimented with in the ground-truth taxonomies. Table 5.3 reports the ranking re-
sult of test queries in a dummy root settings. We are showing three variants of the
the model LG-TEAM-Attach(attach independently), LG-TEAM-Merge(merge indepen-
dently) and LG-TEAM-Attach/Merge(as a multi-task)

Performance in multi-root settings: Table 5.2, presents a comprehensive evalua-
tion of the performance of our proposed model and the baseline models on a common set
of test queries for all four taxonomies. The performance metrics reported in the table
include both classification and ranking scores. When considering the performance of the

independent attach operation, we see a consistent pattern in performance for all four
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taxonomies. Our proposed model, LG-TEAM-Attach, demonstrates superior ranking
performance compared to all baseline models, with an average margin of improvement
of (28.5) in Micro_ MR, (0.03) in Hit@1, and (0.05) in MRR across all four taxonomies.
Similarly, we see improvement in classification performance by a margin of (0.05) in
accuracy, (0.09) in precision, (0.07) in F-score. A key observation among these models
is that models trained in a multitasking environment, i.e., TEAM and LG-TEAM, out-
perform models that are trained on a single-task, i.e., Taxo-expan and TMN. TMN gives
better performance than Taxo-Expan owing to its useful attention mechanism. Between
TEAM and the proposed LG-TEAM, LG-TEAM outperforms TEAM in all metrics of
ranking and classification in individual attach operations. We see the same improved re-
sult for the single-root English Wordnet taxonomy. This improvement can be attributed
to the use of a multitasking environment and the incorporation of local-global context-
aware features. When evaluating the performance of our proposed model and the base-
line models in the independent merge operation, i.e., LG-TEAM-Merge, we see that
both TEAM and the proposed model performed exceptionally well, with near-perfect
(near to 1) mean rank scores for all taxonomies. However, the results are competitive
between TEAM-Merge and LG-TEAM-Merge. It shows improved merge performance
only in Hindi and Bengali WordNet, with an improvement of (1.95) in Micro_ MR, (0.03)
in Hit@1, and (0.02) in MRR on average. However, the performance variance of LG-
TEAM is smaller than TEAM. For example, in Hindi WordNet LG-TEAM-Merge has
improved by (3.74) in mean rank. When comparing the performance of Merge/Attach,
the proposed model demonstrated competitive results across all taxonomies, with the
exception of the Bengali WordNet taxonomy. The overall observations on the Table 5.2
are 1) The local and global context aware features are effective for finding a position for
a concept in a taxonomy. 2) Merge operation shows a near perfect result in both TEAM
and LG-TEAM. However performance variation in LG-TEAM is lower than TEAM.

Performance in dummy root settings: Table 5.3 shows the performance of the model
in dummy root settings (discussed in section 5.5.6). As we see in Table 5.2 when
ranking results are improving, classification is also improving; therefore, for evaluation,
we have considered only ranking metrics for this dummy-root settings. Moreover, as

English Wordnet is itself a single-root taxonomy, we have not consider this data-set for

TH-3092_166155002 87



Table 5.4: Contribution of local and global context in anchor ranking on Assamese WordNet

taxonomy
Local weights 00 |10 |05 |02 |08 |01 |09 |03 |07
Global weights 1.0 {00 |05 |08 |02 |09 |01 |07 |03
ranking(Mean rank) | 144 | 721 | 100 | 123 | 139 | 133 | 122 | 116 | 132

evaluation in dummy-root settings.

While comparing Table 5.2 and Table 5.3, we see that introducing dummy-root
to unify all the disconnected taxonomy trees has improved the attach task ranking
performance by a significant margin in all multi-root taxonomies. We also see significant
ranking performance improvement in the multi-task settings that consider both merge

and attach operations.

5.7 Ablation study of local and global contexts

In this interesting study, we segregate and analyze the contributions of local and global
contexts to improve the end-task performance. It is interesting to see that, solely local
or global context does no good to improve the anchor ranking performance given a test
query. Whereas, a combination of both the contexts has significant influence on the

ranking performance.

5.8 Conclusion

In this study, we propose a model, LG-TEAM, for automatic taxonomy expansion
that incorporates global context with local context to capture information in multi-root
taxonomies. Additionally, to ensure efficient message passing between different sub-trees
in multi-root taxonomies, we also experiment LG-TEAM with a dummy root augmented
taxonomies. Through extensive experiments on various taxonomies, we evaluate the
effectiveness of LG-TEAM for expanding multi-root taxonomies. As a future direction,
the research can be extended by considering other relations present in a taxonomy to
capture additional semantic information that may aid in taxonomy expansion, thus

further improving the accuracy and effectiveness of the proposed approach.
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Conclusion and Future work

6.1 Conclusion

This thesis explores the automatic taxonomy expansion problem by addressing the in-
herent challenges in WordNet, with a specific focus on IndoWordNet, a multilingual
WordNet for Indian languages. Through this study, three significant contributions are
presented, which address the identified gaps in existing research. Outlined below is a

summary of these contributions.

1. This thesis first performs an empirical study to evaluate the effectiveness of link
prediction methods in identifying missing synonymy relations in WordNet with a
special emphasis on the Assamese WordNet from IndoWordNet. The Assamese
WordNet, created through the expansion method using the Hindi WordNet, also

experiences missing synonymy relations. As WordNets can be visualized as a
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network of unique words connected by synonymy relations, link prediction in
complex network analysis is a well-explored research field for predicting missing
relations in a network. Hence this study evaluates the effectiveness of using state-
of-the-art link prediction methods for automatically predicting missing synonymy
relations in Assamese WordNet. From various experiments, it is observed that for
discovering missing relations in the Assamese WordNet, simple local proximity-
based methods are more effective than global and complex supervised models

using network embedding. See Chapter 3

2. Further, this thesis proposes a multitask learning-based automatic taxonomy ex-
pansion approach that can perform both merge and attach operations in a sin-
gle model. Most taxonomy expansion approaches are of two types, attach and
merge. In a taxonomy like WordNet, both merge and attach operations are inte-
gral parts of the expansion operations, but the majority of studies consider them
separately. This study proposes a novel multi-task learning-based deep learning
method known as Taxonomy Expansion with Attach and Merge (TEAM) that per-
forms both the merge and attach operations. To the best of our knowledge, this is
the first study that integrates both operations in a single model. The proposed
models have been evaluated on three WordNet taxonomies: Assamese, Bangla,
and Hindi. The various experimental setups show that TEAM outperforms its
state-of-the-art counterparts for attach operation and provides highly encouraging

performance for the merge operation. See Chapter 4

3. Finally, this thesis proposes a local-global context-aware taxonomy expansion
approach that integrates merge and attach operations to provide a more compre-
hensive solution to the taxonomy expansion problem. Though the second contri-
bution, TEAM works efficiently for integrated taxonomy expansion; it focuses on
the local taxonomic context. A taxonomy can be of two types: single-root tax-
onomies (such as English WordNet) and multi-root taxonomies (such as Assamese
WordNet). As TEAM considers local context, it faces challenges when applied to
multi-root taxonomies. To address the limitations in TEAM, this thesis proposes

another approach, LG-TEAM, which combines both the local and global context of
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taxonomy in an integrated attach-merge expansion environment, providing a more
robust solution to the problem of taxonomy expansion. Extensive experiments on
English, Assamese, Bengali, and Hindi WordNets demonstrate the effectiveness

and efficiency of LG-TEAM for automatic taxonomy expansion. See Chapter 5

Through the presented contributions, this thesis aims to address the challenges of
automatic WordNet taxonomy expansion, thereby improving the ability of WordNet
to provide current and precise information about the relationships between words and
concepts. These methods are not limited to the WordNet application domain and can
be utilized in any kind of taxonomy expansion. For example, they can be applied to
taxonomies used by online retailers such as eBay and Amazon, as well as taxonomies
used in search engines. By utilizing these methods in other applications, we can im-
prove the accuracy and effectiveness of these taxonomies, ultimately enhancing the user

experience.

6.2 Towards more comprehensive and accurate Indian WordNets: A concluding

discussion

The contributions presented in this thesis highlight the importance of improving Word-
Net taxonomies and, specifically, the need to enhance Indian WordNets such as In-
doWordNet. While the proposed approaches have demonstrated significant improve-
ments in the accuracy of WordNet taxonomies, there are still several areas where these
Indian WordNets can be further improved.

One approach could be to expand the coverage of these WordNets by including more
words and senses, particularly for under-resourced languages. This can be achieved
through manual curation or automatic methods such as those presented in the thesis
mentioned earlier. Additionally, there could be efforts to improve the accuracy and
consistency of the WordNet content by implementing a standard set of guidelines for
creating and maintaining synsets. There could also be efforts to incorporate more cross-
lingual relations to facilitate better interlinking between Indian WordNets and WordNets
in other languages. Improving the lexical representation of the Indian WordNets is

also an area of concern. This could involve using more sophisticated natural language

TH-3092_166155002 o



processing techniques to disambiguate homographs and polysemous words, as well as
incorporating more diverse sources of lexical knowledge such as corpus-based methods
and distributional semantics.

An automatic ontology expansion approach could be developed to improve the se-
mantic ontology of WordNets, which could help capture the nuances of meaning across
different languages and cultures. This approach could involve using machine learning
techniques to automatically extract and map new ontological categories to real-world
entities and events, based on the analysis of large amounts of text data in multiple
languages.

In summary, improving the Indian WordNets is a multi-faceted problem that re-
quires addressing various challenges related to content data, synsets, lexical representa-
tion, lexical network, sense relations, and semantic ontology. While there are existing
approaches that have made significant contributions to this field, there is still much
work to be done to achieve more comprehensive and accurate WordNets that better

reflect the linguistic and cultural diversity of India.

6.3 Limitations and challanges

The thesis has several limitations that need to be acknowledged. Firstly, the contri-
butions of this thesis are experimented with a limited number of datasets. While the
proposed techniques show promising results, they need to be evaluated on a larger and
more diverse set of datasets to ensure their generalizability. Secondly, in the first con-
tribution, sense disambiguation is not considered, which may lead to some predicted
new synonyms not representing the same sense accurately. This limitation may affect
the accuracy of the proposed techniques in some cases. Thirdly, the proposed model for
taxonomy construction only considers one relation, while taxonomies may have more
than one relation. This limitation may affect the quality of the constructed taxonomies
and their suitability for certain tasks.

The research work faced several major challenges throughout its course. One sig-
nificant challenge was the creation of a suitable ground truth dataset for the study.
Another notable challenge was finding appropriate embedding techniques for the under-

researched languages, which required extensive experimentation and testing.
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6.4 Future work

This study has several potential future directions. One direction may be evaluating the
performance of the proposed model in a broader range of taxonomies and WordNets for
various languages. This extension of the study will provide crucial information regarding
the scalability and robustness of the proposed approach, as well as its potential for
application to different language resources. Moreover, it is also possible to explore the
use of more advanced contextual encoders in combination with the proposed model.
This could improve the representation of context-based relationships between words
and concepts, thus enhancing the accuracy and comprehensiveness of the expanded
taxonomies. This line of research holds great promise in advancing the state-of-the-art
in taxonomy expansion and has the potential to provide valuable resources for NLP
tasks. Furthermore, The focus of this thesis is limited to the identification of missing
synonymy relations. However, a potential future study could encompass the detection
of other missing relations, such as meronymy, antonymy, and hypernymy. This area
of research holds significant potential in advancing the field of automatic taxonomy

expansion and providing valuable resources for NLP tasks.
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