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Abstract

Hierarchical Text Classification with
Transformer-based Language Models

J.W. du Toit
Computer Science Division,
Department of Mathematical Sciences,
Stellenbosch University,
Private Bag X1, Matieland 7602, South Africa.
Thesis: MSc (Computer Science)

March 2024

Hierarchical text classification (HTC) is a natural language processing (NLP)
task which has the objective of classifying text documents into a set of classes
from a structured class hierarchy. For example, news articles can be classified
into a hierarchical class set which comprises broad categories such as “Politics”
and “Sport” in higher-levels with associated finer-grained categories such as
“Europe” and “Cycling” in lower-levels.

In recent years many different NLP approaches have been significantly
improved through the use of transformer-based pre-trained language mod-
els (PLMs). PLMs are typically trained on large amounts of textual data
through self-supervised tasks such that they acquire language understanding
capabilities which can be used to solve various NLP tasks, including HTC. In
this thesis, we propose three new approaches for leveraging transformer-based
PLMs to improve classification performance on HTC tasks.

Our first approach formulates how hierarchy-aware prompts can be applied
to discriminative language models such that it allows HTC tasks to scale to
problems with very large hierarchical class structures. Our second approach
uses label-wise attention mechanisms to obtain label-specific document repre-
sentations which are used to fine-tune PLMs for HT'C tasks. Furthermore, we
propose a label-wise attention mechanism which splits the attention mecha-
nisms into the different levels of the class hierarchy and leverages the predic-
tions of all ancestor levels during the prediction of classes at a particular level.
The third approach combines features extracted from a PLM and a topic model
to train a classifier which comprises convolutional layers followed by a label-
wise attention mechanism. We evaluate all three approaches comprehensively
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and show that our first two proposed approaches obtain state-of-the-art per-
formances on three HT'C benchmark datasets. Our results show that the use
of prompts and label-wise attention mechanisms to fine-tune PLMs are very
effective techniques for classifying text documents into hierarchical class sets.
Furthermore, we show that these techniques are able to effectively leverage the
language understanding capabilities of PLMs and incorporate the hierarchical
class structure information to improve classification performance.

We also introduce three new HTC benchmark datasets which comprise the
titles and abstracts of research publications from the Web of Science publica-
tion database with associated categories. The first two datasets use journal-
and citation-based classification schemas respectively, while the third dataset
combines these classifications with the aim of removing documents and classes
which do not have a clear overlap between the two schemas. We show that this
results in a more consistent classification of the publications. Finally, we per-
form experiments on these three datasets with the best-performing approaches
proposed in this thesis to provide a baseline for future research.
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Hiérargiese Teksklassifikasie met
Transformatorgebaseerde Taalmodelle

J.W. du Toit
Afdeling Rekenaarwetenskap,
Departement van Wiskundige Wetenskappe,
Universiteit Stellenbosch,
Privaatsak X1, Matieland 7602, Suid-Afrika.
Tesis: MSc (Rekenaarwetenskap)

Maart 2024

Hiérargiese teksklassifikasie (HTC) is 'n natuurliketaalverwerkingstaak (NLP)
wat die doel het om teksdokumente te klassifiseer in 'n klasversameling vanuit
'n gestruktureerde klashiérargie. Byvoorbeeld, nuusartikels kan geklassifiseer
word in 'n hiérargiese klasversameling wat bestaan uit breé kategorieé soos
“Politiek” en “Sport” op hoér vlakke met gepaardgaande fyner kategorieé soos
“Europa” en “Fietsry” in laer vlakke.

In die afgelope paar jaar is baie verskillende metodes vir NLP-take aan-
sienlik verbeter deur die gebruik van transformatorgebaseerde voorafgeleerde
taalmodelle. Taalmodelle word tipies geleer op groot hoeveelhede teksdata
deur middel van selftoesig take, sodat hulle taalbegripvermoéns verkry wat
gebruik kan word om verskeie NLP-take op te los, insluitend HTC. In hierdie
tesis stel ons drie nuwe metodes voor om transformatorgebaseerde taalmodelle
te gebruik om klassifikasie vir HT'C-take te verbeter.

Ons eerste metode formuleer hoe 'n hiérargie-bewuste por toegepas kan
word op onderskeidmakende taalmodelle, sodat dit HTC-take toelaat om te
skaal na probleme met baie groot hiérargiese klasstrukture. Ons tweede me-
tode gebruik klasgewys aandagsmeganismes om klasspesifieke dokumentvoor-
stellings te verkry wat gebruik word om taalmodelle vir HTC-take te verfyn.
Verder stel ons 'n klasgewys aandagsmeganisme voor wat die aandagsmeganis-
mes in die verskillende vlakke van die klashiérargie verdeel en die voorspellings
van alle hoér vlakke benut tydens die voorspelling van klasse op 'n spesifieke
vlak. Die derde metode kombineer dokumentvoorstellings wat uit 'n taalmodel
en 'n onderwerpmodel onttrek is om 'n klassifikasiemodel te leer wat konvo-
lusielae bevat, gevolg deur 'n klasgewys aandagsmeganisme. Ons evalueer al
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drie metodes en wys dat ons eerste twee metodes beter presteer as onlangs
voorgestelde metodes op drie HTC-maatstafdataversamelings. Ons resultate
wys dat die gebruik van 'n hiérargie-bewuste por en klasgewys aandagsmega-
nismes om taalmodelle te verfyn baie effektiewe tegnieke is om teksdokumente
in hiérargiese klasversamelings te klassifiseer. Verder wys ons dat hierdie teg-
nieke in staat is om die taalbegripvermoé van taalmodelle effektief te benut en
die hiérargiese klasstruktuurinligting te gebruik om klassifikasie te verbeter.

Ons stel ook drie nuwe HTC-maatstafdataversamelings bekend wat die ti-
tels en opsommings van navorsingspublikasies uit die Web of Science publi-
kasiedatabasis met gepaardgaande kategorie¢ bevat. Die eerste twee data-
versamelings gebruik joernaalgebaseerde en aanhalinggebaseerde klassifikasie-
skema’s onderskeidelik, terwyl die derde dataversameling hierdie klassifikasies
kombineer met die doel om dokumente en klasse te verwyder wat nie 'n duide-
like oorvleueling tussen die twee skemas het nie. Ons wys dat ons voorgestelde
metode lei tot 'n meer konsekwente klassifikasie van die publikasies. Laastens
evalueer ons die bes-presterende metodes wat in hierdie tesis voorgestel is op
die drie nuwe dataversamelings om 'n basislyn vir toekomstige navorsing te
verskaf.
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Chapter 1

Introduction

Text classification is a common task in the field of natural language process-
ing (NLP) with the objective of classifying text documents into a set of classes
such that the documents can be categorised for improved organisation and nav-
igation. However, standard text classification approaches often use categories
which are too broad or too vague, making them unsuitable for navigating and
filtering through a large collection of documents.

Hierarchical text classification (HTC) is a form of text classification which
aims to classify text documents into classes from a predefined structured class
hierarchy. Figure 1.1 depicts an example of a class hierarchy for news articles
which shows how the level of granularity increases from the highest to the
lowest layers of the hierarchy. Therefore, a HT'C system can be used to improve
the organisation and navigation of a large document collection by reducing
the search scope from a large number of documents to a smaller subset of
documents with detailed categories.

Figure 1.1: Example of hierarchical class structure for news articles.

Many HTC approaches have been proposed which attempt to leverage the
class hierarchy information in various ways to improve classification perfor-
mance. However, using transformer-based [84] pre-trained language models
(PLMs) [14, 17, 66, 101] has become the standard approach for most NLP
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tasks in recent years. This is due to the language understanding capabilities
obtained by the PLM during pre-training which can be leveraged in various
ways to perform downstream NLP tasks effectively. Therefore, recent ap-
proaches for solving HTC tasks combine representations of the hierarchical
class structure with the language understanding capabilities of transformer-
based PLMs to improve performance on HTC tasks [31, 32, 89, 90].

In this thesis we investigate the use of transformer-based PLMs for HTC
tasks as well as effective ways of incorporating the hierarchical class structure
information into the classification process to improve performance on these
tasks.

1.1 Motivation

Over the past few decades there has been a rapid growth in the number of
available digital text documents in various domains such as news, research,
literature, and social media. However, the abundance of textual data often
leads to an overload of information, which prevents users from efficiently nav-
igating through large document collections and long lists of search results to
find relevant information in their fields of interest. Therefore, users waste time
and effort while looking for relevant documents due to the typical unstructured
format of textual information.

Categorising these documents into a detailed set of classes which summarise
their content can be beneficial for improving the accessibility of information
to users since it allows them to navigate and filter through a large collection of
documents more efficiently. However, manually categorising large document
collections is expensive due to the amount of human effort and expertise re-
quired to accurately categorise documents. Therefore, creating a system that
can automatically and accurately categorise text documents into a set of classes
without the intervention of humans is an extremely valuable tool. Text classi-
fication approaches have the objective of assigning a text document to one or
more classes from a predefined class set. However, these approaches typically
use very general or high-level categories such that users are often still required
to navigate through a large number of documents when these categories are
used as filters. For example, these approaches may categorise news articles
into broad classes such as “Politics”, “Business”, and “Sport”.

Fortunately, text documents can often be categorised into a set of classes
with a hierarchical structure, where higher-level classes comprise broad cate-
gories while more detailed categories are used for the lower levels of the hierar-
chy. For example, the broad news article classes mentioned above (“Politics”,
“Business”, and “Sport”) can have associated finer-grained categories such as
“Europe”; “Financial Markets” and “Cycling” respectively. These hierarchical
class structures are often very useful for the organisation of text documents
since they allow users to reduce their search scope from a large collection
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of documents to a smaller subset of documents with finer-grained categories.
Furthermore, the hierarchical class structure allows users to select the level
of granularity that they prefer when applying the categories as filters in a
collection of documents.

HTC systems have the objective of assigning text documents to the classes
from one or more paths in the structured class hierarchy. Due to the value
that HTC systems can provide, various approaches have been proposed which
aim to leverage the hierarchical class structure to improve performance on
HTC tasks. Recent HTC approaches have shown that leveraging the language
understanding capabilities of transformer-based PLMs leads to significant per-
formance improvements on HTC tasks [31, 32, 89, 90]. Moreover, these ap-
proaches use varying techniques to combine the hierarchical information of the
class taxonomy with PLMs to improve classification performance.

Although recent approaches achieve impressive results on benchmark HTC
datasets [31, 32, 89, 90], several areas of research remain unexplored for HTC
tasks. More specifically, several advancements in standard “flat” text classifi-
cation tasks, which do not have a hierarchical class structure, have not been
comprehensively investigated for HTC tasks and can be exploited to improve
classification performance. Furthermore, it is still unclear what the best ap-
proaches are for incorporating the class hierarchy information into the classifi-
cation procedure. Particularly, combining this information with the language
understanding capabilities of a PLM is a difficult problem which requires fur-
ther research and is one of the areas explored in this thesis.

The main motivation for the research presented in this thesis is to inves-
tigate unexplored areas of research for leveraging the language understanding
capabilities of transformer-based PLMs to solve HTC tasks. On a higher level,
the motivation behind studying effective ways of using PLMs on the down-
stream task of HTC is that these models will likely improve over time as has
been shown with the introduction of new transformer-based PLMs over the
past few years [14, 17, 26, 27, 101]. Therefore, by focusing on how to leverage
PLMs, we may gain insights into how these models behave on HTC tasks and
apply these insights to improve classification performance as the capabilities
of PLMs improve over time.

1.2 Objectives

The main objective of the research presented in this thesis is to investigate
the use of transformer-based PLMs for HTC tasks and how to incorporate
the hierarchical class structure information into the classification process to
improve performance. Working towards this objective, we have identified the
following sub-objectives:

e Review recent HTC approaches which use transformer-based PLMs.
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e Identify possible shortcomings of proposed approaches and promising
unexplored areas of research.

e Identify advancements in standard text classification approaches which
have not been applied to HTC tasks.

e Propose new HTC approaches from the identified unexplored areas of
research.

e Create new benchmark HTC datasets to enable more reliable evaluations
and comparisons between the performance of different HTC approaches.

1.3 Thesis Overview

Chapter 2 provides background information on the main concepts required
to follow the remainder of this thesis.

Chapter 3 provides a literature review which covers the previously pro-
posed HTC approaches that are most relevant to this thesis.

Chapters 4, 5, 6, and 7 are each structured as individual papers comprising
an introduction, a detailed background section for the specific chapter, as
well as their self-contained methodology, experiments, and conclusion sections.
Chapters 4, 5, and 6 each propose a new approach for solving HT'C tasks while
Chapter 7 introduces three new HTC benchmark datasets.

Chapter 4 proposes the Hierarchy-aware Prompt Tuning for Discrimi-
native language models (HPTD) approach which applies the prompt tuning
paradigm to discriminative language models to solve HT'C tasks.

Chapter 5 proposes an approach which uses label-wise attention mecha-
nisms to fine-tune transformer-based PLMs for HTC tasks.

Chapter 6 proposes a HT'C approach that uses a PLM and a topic model
to extract features from text documents which are used to train a classifier
that comprises convolutional layers and a label-wise attention mechanism.

Chapter 7 describes the methodology used to create three new benchmark
HTC datasets which comprise the titles and abstracts of research publications
and their associated classifications. These datasets are subsequently used to
evaluate the performance of the best-performing approaches proposed in this
thesis.

Chapter 8 concludes the thesis with a discussion of the main results,
limitations, and suggestions for future research.
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Chapter 2

Background

2.1 Machine Learning

Machine learning is broadly defined as the ability of an algorithm to learn and
improve on a particular task as it is presented with more data or information
over time, without being explicitly programmed to do so. Machine learning al-
gorithms are typically grouped into three categories: supervised, unsupervised,
and reinforcement learning. Unsupervised learning aims to learn patterns, re-
lationships, or structures in unlabelled data, i.e., inputs that do not have
associated outputs. In reinforcement learning, the algorithm interacts with
an environment and receives feedback in the form of rewards and penalties
which drives the learning process. Supervised learning uses a training set of
example inputs along with their true outputs and has the objective of learning
a functional mapping from the input to the output space. We focus on the
supervised learning paradigm in this thesis.

Supervised learning techniques can differ with regard to the type or struc-
ture of their input and output data. The inputs to supervised learning algo-
rithms commonly include textual data, image data, or numerical data from
which features are extracted that are used by the learning algorithms. These
algorithms are generally used to output real numbers (regression) or assign
labels to an example input (classification).

In this thesis we use supervised machine learning techniques for classifica-
tion tasks in the domain of natural language text. Specifically, we focus on
artificial neural network (ANN) architectures, which are a class of machine
learning algorithms inspired by the structure and interaction of neurons in
the brain [55, 71|. The feed-forward neural network (FFNN) is considered the
foundational ANN architecture since it forms the basis of most other ANN
architectures [29, 45, 72].

A FFNN consists of units (or nodes) called artificial neurons (ANs) and
connections between them. An AN receives input signals from other ANs in the
network and these input signals are grouped into a vector X = [z, ..., 2;] € R,
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where [ is the number of input signals. The input signals have associated
weights that represent the importance of each input signal and are represented
as w = [wy,...,wr] € RT. These weights are randomly initialised and learnt
during training through the backpropagation and gradient descent algorithms
described below. The AN uses the weighted input signals to perform a func-
tional mapping and obtain an output signal. The output signal is most com-
monly calculated by obtaining the weighted sum of the input signals, adding a
term known as the bias unit (b), and passing the sum through a function (f)
known as the activation function. Therefore, the output signal of the AN is
calculated as:

f ((Zwixi) +b> = f(w-x+b) (2.1.1)

The activation function determines the effect of an AN and non-linear acti-
vation functions allow ANNs to learn more complex functional mappings from
the input space to the output space. The most commonly used activation func-
tions include the rectified linear unit (ReLU), sigmoid (¢), and tanh functions
which are calculated as:

ReLU(z) = max(0, x) (2.1.2)
o(a) = - +1€_m (2.13)
tanh(z) 21—2_ (2.1.4)

A standard FFNN is broadly divided into an input layer, hidden layer, and
output layer as depicted in Figure 2.1. The input layer consists of a number
of nodes which represent the input to the network, where the structure of the
input varies for different machine learning tasks. These input nodes capture
different characteristics or features of an input data instance. We represent the
values of the input nodes with the vector x = [z, ..., 2] € R!, where I is again
the number of input nodes. The hidden layer consists of a number of nodes
which are connected to each of the input nodes separately with associated
weights. Each hidden node uses the input signals and weights to obtain the
output signal as shown in Equation (2.1.1). When two layers are connected
in this manner it is referred to as a fully-connected layer (FCL). The weights
of the FCL that connect the in?ut and( hidden layer nodes are represented

by a weight matrix W = [wgh ,...,W;)] € R"*! where H is the number
of hidden nodes and Wgh)Vi € {l,..., H} is the weight vector for the input
signals of the ¢-th hidden node. Therefore, wgh) = [wg{), e ,wg})] € R! where
wEZ)‘v’j € {1,...,I} is the weight of the j-th input node for the i-th hidden
node. The bias units are also combined into a vector b® = [p{" . pM] ¢ RH

such that the outputs for all hidden nodes are calculated as:

h=f(W"x +b®) (2.1.5)
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Input Layer Hidden Layer Output Layer

Figure 2.1: Standard feed-forward mneural network architecture. The
input node values (x1,...,z7) are passed with associated weights
(wgifl), .. .,wg})l, ... 7w§h1)7 .. ,w%l)l) to obtain the hidden node values (hi,...,hx).
Similarly, the hidden node values are passed with associated weights to obtain the
values of the output nodes (01,...,0r) which form the output of the network. We
omit the bias units for sake of clarity.

where h = [hy, ..., hy] € RY represents the output values for each hidden
node. Similarly, the hidden node output signals are passed with associated
weights and biases to the output layer which consists of one or more out-
put nodes representing the output of the network. Suppose the output layer
comprises L nodes, the output of the network is calculated as:

o= f(W®h 4 b)) (2.1.6)

where o = [0y, ...,01] € RY represents the values of each output node, and
WO ¢ REXH and b(® € RE are the associated weights and biases connecting
the hidden and output nodes.

The values of the output nodes are used in an error (or loss) function which
measures the difference between the predicted output of the model and the
expected output. The calculated error (£) is used to drive the learning process
of the model parameters (weights and biases) for each layer during training.
The parameters are typically learnt through two algorithms: backpropagation
and a gradient descent-based optimisation algorithm. These algorithms are
used by the ANN to learn suitable weights and biases such that the model
represents a functional mapping from the input to the output space based on
the training data.

The backpropagation algorithm [48] propagates the error of the output
nodes back through the layers of the network to calculate the gradients of the
error function with respect to each of the parameters in the network. These
gradients are used by a gradient descent-based optimisation algorithm [69] to
adjust the model parameters such that the model moves to a lower point in
the error function landscape and thereby reduces the error of the network.
The standard gradient descent algorithm updates a particular parameter w as
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follows: or
w=w= e (2.1.7)

where € is the learning rate which controls the size of the parameter updates
and g—i is the gradient of the error with respect to w as determined by the
backpropagation algorithm.

In the standard gradient descent algorithm, the entire training dataset is
used to determine the error of the network by accumulating the outputs of
the error function for each instance. Therefore, the error of the entire training
dataset is used to perform the update on the parameters.

The stochastic gradient descent algorithm [69] modifies standard gradient
descent by accumulating the errors of a randomly selected subset of training
instances known as a mini-batch. Therefore, each update step only considers
a batch of training instances at a time such that the model performs more
frequent update steps and therefore converges faster [69]. The batches are
randomly sampled without replacement until all of the instances in the training
set have been used to update the parameters. An iteration of the entire training
set passing through the network and updating the parameters is known as an
epoch.

2.2 Classification Tasks

(Classification is a machine learning task which has the objective of classifying
a particular data instance, such as a text document or image, to belong to
one or more classes (or labels) from a predefined set of classes. Single-label
classification tasks aim to assign an instance to a single class from a set of
classes C' = {cy,...,cr}, where L is the number of classes. A single-label
classification task is termed a binary classification task if L = 2 and a multi-
class classification task if L > 2. In contrast to single-label classification,
multi-label classification (MLC) allows each instance to be associated with
one or more classes from the set of classes C.

Suppose we have an input feature vector space X where the feature vector
representation of the i-th instance in a dataset is given as x; € X and its
associated class output is given as y; C (. The training dataset is defined as
D = {(x;,y:)|1 <i < N} where N is the number of instances in the training
set. The goal of MLC problems is to learn a functional mapping f : X — 2¢
from the training set D, where 2¢ represents the power set of C, i.e., the
set of all possible subsets of C'. Therefore, a classifier can use this functional
mapping to predict the classes of an instance as Y’ C C.

In this thesis we focus on text classification which has the objective of
classifying text documents into classes from a predefined class set. Text clas-
sification may be used to solve various tasks such as:
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e Topic labelling, where text documents such as news articles or scientific
papers are categorised by assigning them to relevant categories.

e Sentiment analysis, which analyses people’s opinions in textual data such
as movie reviews or social media posts and determines their tone or
polarity.

e Named entity recognition, which locates and classifies named entities
such as persons, locations, and organisations in a text document.

e Question answering, where the objective is to select suitable answers to
a question from a set of potential answers.

e Language detection, which detects the language of a text document.

2.3 Hierarchical Classification

Hierarchical classification is an extension of MLC where the class set is struc-
tured in a hierarchical taxonomy. The hierarchical class set is typically struc-
tured such that high-level classes are more broad while lower-level classes pro-
vide more detailed classifications.

Hierarchical classification tasks define the structured class hierarchy as a
directed acyclic graph ‘H = (C, E), where C is the set of class nodes and
E is the set of all edges that form the hierarchical structure’s parent-child
relationships. The objective of hierarchical classification tasks is to classify an
instance as belonging to a class set Y’ C C. In this thesis, we assume that
each node, apart from the root node, has only one parent node such that the
graph forms a tree structure. Therefore, the class set Y/ comprises one or more
paths in the class hierarchy H.

Hierarchical classification approaches are broadly categorised into three
groups: flat, local, and global approaches [78]. We describe these three ap-
proaches and provide the framework for hierarchical classification tasks and
algorithms as proposed by Silla and Freitas [78].

2.3.1 Flat Classifier Approaches

Silla and Freitas [78] describe the flat classifier approach as the simplest strat-
egy for solving hierarchical classification problems since it ignores the class
hierarchy and only considers leaf-node classes. This approach solves the hier-
archical classification problem by assuming that when an instance is assigned
to a leaf node, all of the associated ancestor nodes are assigned to that in-
stance as well. Flat classification approaches have the disadvantage that they
require a multi-label classifier to distinguish between all of the leaf nodes in the
class hierarchy without leveraging the useful relationships between the nodes in
higher levels. Furthermore, this approach is unable to handle non-mandatory
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leaf node problems where instances are not required to be assigned to leaf
nodes of the class hierarchy but may be assigned directly to internal nodes as
well.

In this thesis, we do not consider this type of flat classification approach
due to the mandatory leaf node requirement. However, we consider a different
type of flat classification approach where the class hierarchy is ignored and
internal nodes are treated as leaf nodes, thereby “fattening” the hierarchical
class structure. This approach transforms the classification task into a MLC
task. For the remainder of this thesis, we use the term “flat classification”
to refer to this type of classification approach. This approach has two major
disadvantages. Firstly, it ignores the useful relationships between nodes in the
class hierarchy. And secondly, it can introduce inconsistent class assignments,
where instances are associated with classes from child and ancestor nodes that
have no relation in the class hierarchy.

2.3.2 Local Classifier Approaches

Local classifier approaches take into account the hierarchical structure of the
class taxonomy and combine the results from multiple classifiers to solve hi-
erarchical classification problems [78]. The most common local classifier ap-
proaches are the local classifier per node (LCN), per parent node (LCPN),
and per level (LCL) approaches. These three approaches differ in the way the
classifiers are trained, but use similar top-down evaluation steps where the
algorithm first predicts the top-level and uses the predicted classes to narrow
the choices of the classes to predict in the lower levels. Therefore, these ap-
proaches have the disadvantage that an incorrectly predicted class at a certain
level of the hierarchy will lead to incorrect predictions for that instance in all
of the lower levels.

The LCN approach trains a binary classifier for each non-root node in the
class hierarchy, where the classifier of a node predicts whether an instance
belongs to that class or not. The LCPN approach trains a classifier for each
non-leaf node in the class hierarchy, where a parent node classifier is used to
distinguish between the classes of its child nodes. The LCL approach trains
a classifier for each level of the class hierarchy and each classifier predicts the
classes to which the instance belongs in the associated level. Figures 2.2, 2.3,
and 2.4 depict the classifiers that are constructed for the LCN, LCPN, and
LCL approaches respectively.

2.3.3 Global Classifier Approaches

Global classifier approaches build a single classification model which consid-
ers the overall hierarchical class structure during training and inference as
shown in Figure 2.5. Silla and Freitas [78] state that although there is no
specific main characteristic that is shared by all global classifier approaches,
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Figure 2.2: Local classifier per node approach, where dashed boxes represent binary
classifiers and dashed ovals represent the class that they are predicting an instance
to belong to or not. For example, the binary classifier for Politics predicts whether
an instance belongs to the Politics class.

e IR

Figure 2.3: Local classifier per parent node approach, where dashed boxes represent
classifiers and dashed arrows represent the classes that the classifier is trying to
predict. For example, the classifier for Politics predicts whether an instance belongs
to the USA or Europe class.

they all take into account the whole class hierarchy at once and do not have
the modular local training found in local classifier approaches. Several global
classifier approaches have been proposed with significantly different strategies
for capturing the hierarchical class structure information in a single model.
We discuss several of these approaches in Chapter 3.

2.3.4 Framework for Hierarchical Classification

Silla and Freitas [78]| proposed a unifying framework for describing the char-
acteristics of hierarchical classification problems and algorithms. This allows
for an effective categorisation of different hierarchical classification tasks and
algorithms used to solve such tasks.
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Figure 2.4: Local classifier per level approach, where dashed boxes represent classi-
fiers and dashed ovals within a box represent the classes that the classifier is trying to
predict. For example, the final-level classifier predicts whether an instance belongs
to the USA, Europe, Cycling, Football, or Tennis class.
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Figure 2.5: Global classifier approach, where the dashed box represents the classi-
fier and dashed ovals represent the classes that the classifier is trying to predict.

2.3.4.1 Framework for Hierarchical Classification Problems

Silla and Freitas [78| propose that hierarchical classification algorithms can be
described as a 3-tuple (Y, ¥, @), where:

e T describes the graph structure of the hierarchical classes (nodes) and
their relationships (edges). Therefore, the values for this attribute can
be:

— D (DAG), which indicates that the classes form a Directed Acyclic
Graph (DAG) structure. DAGs are graph structures which do not
allow connections between nodes to form loops, i.e., there is no path
of connections that leads from a node back to itself.

— T (Tree), which indicates that the classes form a tree structure.
Tree graph structures are DAGs with the restriction that a child
node can only have one parent.

e U describes whether an instance may have labels that are associated with
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a single or multiple paths in the class hierarchy. Therefore, the values
for this attribute can be one of the following:

— SPL (Single Path of Labels), which implies that an instance may
only have one class per level.

— MPL (Multiple Paths of Labels), which implies that an instance
may have multiple classes per level.

e & describes the label depth of instances in the dataset. The values for
this attribute can be one of the following:

— FD (Full Depth labelling), which indicates that all instances are
assigned at least one class at each level of the hierarchy.

— PD (Partial Depth labelling), which indicates that at least one in-
stance has a partial depth labelling such that the class at a certain
level is unknown, i.e., the instance is only labelled up until a certain
level.

2.3.4.2 Framework for Hierarchical Classification Algorithms

Silla and Freitas 78] propose that hierarchical classification algorithms can be
described as a 4-tuple (A, =, 2, ©), where:

e A indicates whether the algorithm can predict labels in just one or mul-
tiple different paths. Therefore, the value for this attribute can be:

— SPP (Single Path Prediction), which indicates that the algorithm
can assign only one path of class labels to an instance.

— MPP (Multiple Path Prediction), which indicates that the algo-
rithm can assign multiple paths of class labels to an instance.

e = describes the prediction depth of the algorithm which can take on two
values:

— MLNP (Mandatory Leaf-Node Prediction), which indicates that the
algorithm always assigns classes from each level up until the leaf
classes to an instance.

— NMLNP (Non-Mandatory Leaf-Node Prediction), which indicates
that the algorithm can assign classes at any level, but is not required
to assign classes from each level to each instance.

e () is the taxonomy structure that the algorithm is able to handle which
can take on two values:

— D (DAG), which indicates that the predicted classes form a DAG
structure.
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— T (Tree), which indicates that the predicted classes form a tree
structure.

e O is the categorisation of the algorithm under the proposed taxonomy
which can take on four values:

— LCN (Local Classifier per Node)

LCPN (Local Classifier per Parent Node)
— LCL (Local Classifier per Level)

GC (Global Classifier)

2.4 Feature Extraction

Feature extraction in text classification tasks is the process of converting raw
text to a numerical representation which can be used in a machine learning
algorithm. Therefore, the objective is to obtain a numerical representation of
the text document which captures the distinctive attributes of that document
and thereby enables a classification model to form a functional mapping from
the input space to the output space.

The raw text is first divided into units called tokens. These units are com-
bined to form a sequence of tokens that represent the original text. In earlier
approaches, these tokens were typically formed by semantic words. However,
the approaches considered in this thesis form tokens as a combination of words
and parts of words (or subwords) by determining the most frequent subwords
in a large training corpus [42, 93].

The sequences of tokens are used in various ways to obtain a numerical
representation of text documents. Early methods for text feature extraction
include one-hot encoding, bag of words (BOW), and term frequency-inverse
document frequency (TF-IDF). More advanced methods such as word2vec [58|
and global vectors for word representation (GloVe) [63] have been proposed
which create vector representations for each token. However, these approaches
have also generally been replaced by transformer-based PLMs [14, 17, 101]
which we discuss in Section 2.6.

2.4.1 One-hot-encoding

One-hot-encoding is a simple feature extraction technique which transforms
each document into a V-dimensional vector, where V' is the size of the vocabu-
lary, and the vocabulary is the set of unique words in the corpus of documents.
Each element in the vector representation of a document represents a certain
word and whether it is contained in the document (encoded with 1) or not
(encoded with 0). Therefore, suppose we have two simple sentences “the cat
and the dog” and “the tree in the forest” so that the vocabulary is given as
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V = {“the”, “cat”, “and”, “dog”, “tree”, “in”, “forest”’}. Omne-hot-encoding repre-
sents the sentences as:

“the cat and the dog” = [1 11100 O}
“the tree in the forest” = [1 00 011 1}

Therefore, for a larger vocabulary this approach has several disadvantages
such as creating a very sparse vector representation of the document and not
being able to handle words that do not appear in the training data.

2.4.2 Bag of Words

The BOW approach is similar to one-hot-encoding, but instead of each element
in the vector representing whether a word occurs or not, the element repre-
sents the number of times that the associated word occurs in the document.
Therefore, the BOW approach represents the example sentences as:

“the cat and the dog” = [2 11100 0}
“the tree in the forest” = [2 00011 1}

This approach usually ignores words that are uncommon by removing words
that occur less than a certain number of times in order to reduce the sparsity of
the vector representation. However, the BOW approach typically still results
in sparse and high-dimensional vector representations for large vocabularies.

2.4.3 TF-IDF

While the BOW approach assigns higher values to more frequent words, TF-
IDF incorporates the idea that some words that occur less frequently may
provide more relevant information for representing a document. Therefore,
TF-IDF combines the Term Frequency (TF) and Inverse Document Frequency
(IDF) measures to represent a document as a distribution over the words in
the vocabulary where more relevant words are assigned higher weights.

TF measures the number times a term ¢ appears in a document d, and is
typically normalised by the total number of words in the document such that
it is calculated as:

freq(t,d)

TF(t,d) = S e d) (2.4.1)

where freq(t,d) is the number of times term ¢ occurs in document d.
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IDF measures how rare a word is in the corpus of documents (D) and is
typically calculated as:

IDF(¢t,D) = log% (2.4.2)

where | D] is the number of documents in the corpus, and df (¢, D) is the number
of documents in D which contain the term ¢.
The TF-IDF weight for a term ¢ in a document d is therefore calculated as:

TF-IDF(t,d, D) = TF(t,d) - IDF(¢, D) (2.4.3)

2.4.4 'Word Embeddings

The feature extraction approaches described above have several disadvantages
which include: high-dimensional and sparse vector representations, and the
failure to capture information relating to similarities between words and the
context in which words occur. More recent approaches obtain vector repre-
sentations for each token in a corpus of documents which are referred to as
word embeddings [5, 58, 63]. These word embeddings aim to capture different
characteristics of the words in a document such as the semantic and contex-
tual meaning such that similar words are close in the embedding space while
unrelated words have a greater distance between them.

In Figure 2.6 we present an example of word embeddings where each ele-
ment of the embedding represents a characteristic. The example also shows the
distance between the different word embeddings when mapped to 2-dimensional
vectors for visualisation. For example, the distance between the word embed-
dings for “man” and “woman” is approximately the same as the distance be-
tween “king” and “queen”. Therefore, we can determine the approximate word
embedding for “queen” as:

“king” - “man” + “woman” & “queen” (2.4.4)

Bengio et al. |5] proposed an approach which uses a FFNN to learn word
embeddings for the different words in a corpus of documents. Their approach
used a language modelling task which has the objective of predicting the next
word given the context within which a word occurs. This is done by using the
previous words in the input sequence as context and predicting a probability
distribution for the next word over all the words in the vocabulary. Each word
in the vocabulary is represented by a vector which is randomly initialised and
learnt during training. When the ¢-th word in the text sequence is predicted,
the model passes the word embeddings for all the words before word ¢ through
a FFNN which obtains the output as a probability distribution over all of the
words in the vocabulary. Therefore, the model uses the idea that words that
occur in similar contexts should have a similar semantic meaning and therefore
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Figure 2.6: Visualisation of word embeddings, where each element of the vector cap-
tures a characteristic of the word. These embeddings are mapped to a 2-dimensional
representation and visualised in the boxes on the right.

have similar word embeddings. This approach showed that ANNs can be used
to obtain vector representations that capture the semantics and context of
words.

Word2vec 58] is a another feature extraction technique which uses ANNs to
obtain word embeddings for the words in a corpus of documents. The word2vec
methods include the continuous bag of words (CBOW) and skip-gram algo-
rithms [58]. CBOW has the objective of obtaining word embeddings for a
particular word by simply averaging the embeddings of surrounding words. As
opposed to the language modelling task proposed by Bengio et al. [5] which
tries to predict the next word by looking at the previous words, CBOW tries
to predict the current word by looking at all of the surrounding words. It is
called the CBOW algorithm because it ignores the position of words such as
in the BOW approach. On the other hand, the skip-gram algorithm tries to
predict the surrounding words of a given word. This is done through the cre-
ation of positive and negative input samples which contain the current word
and either correct or randomly sampled context words for the positive and
negative samples respectively. The skip-gram model uses the word embed-
dings of the current word and context words to predict whether it is a positive
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or negative sample. This strategy allows the model to obtain similar embed-
dings for semantically similar words by being aware of contextually relevant
words. GloVe [63] is another text feature extraction approach which improves
the word2vec approach by incorporating count-based methods which capture
global statistics such as the co-occurrences of words in the corpus of documents.

2.5 Deep Learning Architectures

According to LeCun et al. [44] “representation learning is a set of methods
that allow a machine to be fed with raw data and to automatically discover
the representations needed for detection or classification”. Deep learning meth-
ods are a class of representation learning methods which obtain multiple lev-
els of representations by stacking multiple non-linear layers that transform
each representation into a representation at a higher, more abstract level [44].
Therefore, deep learning architectures typically do not require the manual se-
lection and engineering of features since they learn to find and use the most
relevant features from the raw input data for a specific task.

Several deep learning ANN architectures have been proposed of which the
ones most relevant to this thesis include: the convolutional neural network
(CNN) [35, 45], the recurrent neural network (RNN) [13, 28, 29|, and the
transformer model [84]. In this section we discuss these deep learning archi-
tectures with reference to their application in NLP tasks.

2.5.1 Convolutional Neural Networks

A CNN [45] is a specialised ANN deep learning model which uses a convo-
lutional operation to extract different patterns and features from input data.
The standard CNN consists of a convolution layer, which has the objective of
extracting high-level features and patterns from the input data, a pooling layer
which reduces the dimension size of the features obtained by the convolutional
layer, and a FCL which obtains the output of the model.

CNNs have become popular machine learning methods for text classifi-
cation tasks after Kim [35] introduced the TextCNN approach which outper-
formed previous state-of-the-art approaches in various text classification tasks.
Suppose we have a representation of a document as X = [x1,...,xy] € RT*4,
where T is the number of tokens in the document and x; € RVt € {1,...,T}
is the d-dimensional word embedding for the ¢-th token in the sequence. The
convolutional layer extracts patterns and features from this input text sequence
with a filter w € R¥¢ where s determines the window size of the filter, i.e.,
how many consecutive tokens it groups together as it steps (or slides) over the
input sequence. Figure 2.7 depicts this procedure of stepping over the input
sequence for the sentence “The quick brown fox jumps over the lazy dog” with
a window size of s = 4. The figure shows that during the first and second steps
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Figure 2.7: Example of the convolutional filter sliding over input sequence of tokens.

the filter groups together “The quick brown fox” and “quick brown fox jumps”
respectively and continues this procedure until the final token is reached.

The filter w is randomly initialised with weights that are subsequently
learnt during training. At each step, a feature value is obtained for the group
of tokens under the filter by calculating the weighted sum of the embeddings
where the weights are the values of the filter. Therefore, the feature value ¢;
for the t-th step is calculated as:

¢ = f(W-Xppps-1+ D) (2.5.1)

where f is an activation function, b is the bias unit, and x;.;, s 1 is the con-
catenated sequence of word embeddings x;,X;11,...,Xi1s_1. After the filter
has been applied to each position, a feature map is obtained as:

C = [Cl, c. ,CT_5+1] (252)

In practice, the CNN uses a certain number of these filters such that each
filter learns different patterns from the input token sequence to produce a
number of feature maps. Then, the pooling layer uses a summary statistic of
the feature maps obtained by the convolutional layer to decrease the dimension
of the representation and the required computational effort. Max-pooling is
the most popular pooling function which simply obtains the maximum value
of a particular feature. The output of the pooling layer is passed to the FCL
which provides the output of the model. The CNN learns the weights of the
different filters and the FCL to minimise an error function based on the output
of the FCL and the expected output.
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2.5.2 Recurrent Neural Networks

RNNs [29] are a class of ANNs which maintain an internal state or memory
that captures information from previous timesteps in a sequence such that
sequential data can be modelled. Suppose we have a representation of a doc-
ument as X = [Xy,...,Xr|, where T" is the number of tokens in the document
and x,Vt € {1,...,T} is the word embedding for the ¢-th token in the se-
quence. At a certain timestep t, the model considers the input (x;) as well as
the hidden state of the previous layer (h; 1) to calculate the hidden state of
the current timestep as:

ht = f(W(h)ht_l + W(z)Xt) (253)

where f is the activation function and W™ and W) are weight matrices
associated with the previous hidden state and the current input respectively.
Thereafter, the hidden state (h;) is passed through another FCL to obtain the
output for timestep ¢. Equation (2.5.3) is used to determine the hidden state
for each timestep such that each hidden state considers the hidden state of the
previous timestep. Therefore, the final hidden state (hy) in effect considers
all of the previous hidden states of the sequence such that a document can be
represented as a whole by the final hidden state. Typically, this final hidden
state is passed through a FCL to obtain the output for text classification tasks.

The outputs for each timestep of the RNN are used along with their ex-
pected outputs in an error function to obtain the error (or loss) of the net-
work. This error is used to learn the weights of the RNN through a generali-
sation of the backpropagation algorithm called backpropagation through time
(BPTT) [91]. The BPTT algorithm considers the contributions from every
timestep by backpropagating the gradient of the error function from the final
step to the first step in the sequence.

The standard RNN architecture is prone to suffer from the vanishing gradi-
ent problem which is a result of the BPTT procedure that continuously multi-
plies derivatives back through the network such that the gradients become very
small and effectively “vanish” over time [28]. This implies that the network
struggles to consider the outputs of the earlier timesteps when sequences grow
long. To combat the vanishing gradient problem, other RNN architectures
such as the long short-term memory network (LSTM) 28] and gated recurrent
unit network (GRU) [13] have been proposed which allow information to be
preserved over longer sequences.

2.5.2.1 Long Short-Term Memory Networks

Along with the hidden state (h;), LSTMs [28] maintain a memory state, re-
ferred to as the cell state, which has the goal of storing important long-term
information. This information is maintained by three gate vectors: an input
(i;), forget (f;), and output (o;) gate. The input gate determines how much
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incoming information is used to update the cell state and the forget gate deter-
mines which information is retained from the previous cell state. The output
gate determines which information from the cell state is used in the hidden
state. These gates use a sigmoid activation function such that their associated
vectors are calculated as:

f, = o(WWh,_, + UPx, + b)) (2.5.5)
o, = c(Wh,_; + Ux, + b)) (2.5.6)

where the W and U matrices are weight matrices and the b vectors are bias
vectors associated with each of the different gates. The new cell information
(€¢;) combines the information from the previous hidden state (h;_;) and the
input (x;) such that it is calculated as:

¢ = tanh(W©@h,_, + U¥x, + b)) (2.5.7)

The cell state (c;) is calculated by using the forget gate to remove information
from the previous cell state, and the input gate to add information from the
new cell information as:

C; = ft X Ci—1 + it X ét (258)

where ® is the element-wise multiplication operator. Finally, the output gate
is used to determine which parts of the cell state should be written to the
hidden state as:

h;, = o, ® tanh(c;) (2.5.9)

2.5.2.2 Gated Recurrent Unit Networks

The GRU [13] is another variant of RNNs which was proposed to prevent
the vanishing gradient problem. GRUs use a similar strategy to LSTMs, but
are simpler, have fewer parameters, and are more computationally efficient.
GRUs do not maintain a cell state such as LSTMs and simply use two gates
to control the information stored in the hidden state to retain information in
long sequences. These gates are referred to as the reset gate (r;) and update
gate (u;) which are calculated as:

r; = o(W"h,_; + UMx, + b™) (2.5.10)
w = o(WWh,_; + U¥x, + b®) (2.5.11)
where the W and U matrices are weight matrices and the b vectors are bias
vectors associated with the different gates. The reset gate determines which

parts of the previous hidden state should be retained when the new candidate
hidden state (h;) is calculated as:

hy = tanh(W® (r, ® hy_;) + UMx, + b®) (2.5.12)
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The update gate controls the amount of information that should be used from
the previous hidden state (h;_;) and the candidate hidden state (h;) to calcu-
late the current hidden state as:

ht = (1 — ut) X ht—l +u® flt (2513)

2.5.3 Attention Mechanisms

The attention mechanism was first proposed by Bahdanau et al. [2] for the
task of machine translation, i.e., language translation through machine learn-
ing algorithms. To give context on their approach we first describe the stan-
dard encoder-decoder RNN-based architecture for machine translations tasks.
Furthermore, we describe the general definition of attention and multi-head
attention as proposed by Vaswani et al. [84].

2.5.3.1 Encoder-Decoder Architectures

The standard RNN encoder-decoder or sequence-to-sequence (seq2seq) archi-
tecture consists of two RNNs known as the encoder and decoder respectively.
The encoder RNN receives the sequence of tokens as input and obtains a con-
text vector as the final hidden state which provides a representation of all the
information in the input sequence. The decoder RNN initialises its first hidden
state with the context vector obtained by the encoder and its first input token
as a special token which indicates the start of a sequence. This special token is
passed to the decoder RNN which obtains the hidden state as a combination of
the previous hidden state and the input. The hidden state is passed through a
FCL with a softmax activation function over the target language vocabulary.
Therefore, the FCL calculates a probability distribution over each word in the
target language and typically selects the word with the highest probability as
the input to the following timestep in the decoder RNN.

The process of passing the predicted output as the input to the following
timestep is continued until a special end-of-sequence token is predicted by the
decoder RNN. Therefore, each timestep uses the hidden states and output
predictions of the previous timesteps to predict the next word and eventually
form the translation. However, this architecture struggles to effectively model
longer input sequences since the decoder RNN only uses the final hidden state
of the encoder RNN such that it fails to capture all of the information contained
in longer input sequences |[2].

2.5.3.2 Attention in Encoder-Decoder Architectures

The attention mechanism proposed by Bahdanau et al. [2] modifies the stan-
dard RNN seq2seq architecture to address the decrease in performance for
longer input sequences. The intuition behind the attention mechanism for
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machine translation is based on the way humans translate text, by placing at-
tention on specific words in the text input while considering the overall context
of the input. Suppose the hidden states of the encoder RNN were obtained as
HE = [hl(e), e hT(e)], where 7' is the number of tokens in the input sequence.
The standard RNN seq2seq approach uses the final hidden state (hT(e)) as the
context vector which is used to initialise the hidden state of the decoder RNN.

Bahdanau et al. [2] proposed a method which obtains a context vector for
each timestep as a weighted sum over all of the encoder hidden states. At a
timestep t, the weights associated with each encoder hidden state are calcu-
lated by obtaining an alignment score between the previous decoder hidden
state (ht,l(d)) and each of the encoder hidden states, and passing the result
through a softmax function such that the weights sum to one. The weights
are referred to as attention weights and are calculated as:

o = softmax <a(ht,1(d), H(e))> (2.5.14)

where a is an alignment function which measures the similarity between the
previous decoder hidden state and all of the encoder hidden states to determine
which encoder hidden states should receive higher attention weights. The
softmax function for the i-th element of an input t is defined as:

eli

Z]D:I el

softmax(t); = (2.5.15)

where D is the number of elements in t.
The attention weights are used to calculate the context vector for timestep
t as:
c; = aH® (2.5.16)

where av = [ov, ..., ap| such that a;Vj € {1,...,T} represents the amount of
attention placed on encoder hidden state hj(e) in the current decoder timestep.
Finally, the current decoder hidden state (hgd)) is calculated as a function of

the previous hidden state (h,@l), the context vector (c;), and the input at the
current timestep, i.e., the output of the previous timestep.

2.5.3.3 General Definition of Attention

Even though the attention mechanism was originally developed for encoder-
decoder RNN architectures, a general definition of these mechanisms is pro-
vided by Vaswani et al. [84]. In the generalised definition of an attention
mechanism we consider a query Q and a set of key-value pairs K and V. At-
tention weights (a) are computed between the query Q and each of the keys in
K by calculating an alignment score and passing the result through a softmax
function,

a = softmax (a(Q, K)) (2.5.17)
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where a is called an alignment (or compatibility) function which aims to mea-
sure the similarity between the given query and key to determine which parts
of the vector V related to that key to place attention on. The two align-
ment functions used in this thesis are referred to as the dot product alignment
function given by:

a(Q,K) = QK" (2.5.18)

and the general alignment function given by:
a(Q,K) = QWK” (2.5.19)

where W is learnt during training.
The output is calculated as a weighted sum over the values in V and «
given by:
c=aV (2.5.20)

The intuition behind this process is that each element of a represents how
much attention is placed on each element of V.

2.5.3.4 Multi-head Attention

Vaswani et al. [84] also proposed multi-head attention, which is an extension
of the attention mechanism that applies multiple attention functions over a set
of queries, keys, and values. The multi-head attention mechanism uses several
attention heads whose inputs are obtained by projecting the original queries,
keys, and values. For the ¢-th attention head, the input query, key, and value
matrices are calculated as:

Q, = QW@ (2.5.21)
K, = KW (2.5.22)
VvV, =vw (2.5.23)

where the W weights are learnt during training. Thereafter, an attention
mechanism is performed for each head with independent parameters. The final
output of the multi-head attention mechanism is obtained by concatenating the
context vectors from each of the attention heads. By using multiple attention
heads, the network is able to attend to different parts of the input sequence
through several attention patterns. Therefore, the different heads can focus
on different characteristics of the input and thereby extract more complex and
useful information [84].

2.5.4 Transformers

Vaswani et al. [84] originally proposed the transformer ANN architecture for
machine translation tasks, and obtained state-of-the art performance on sev-
eral benchmark machine translation datasets. However, this architecture has
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Figure 2.8: Transformer model architecture, taken from Vaswani et al. [84]. En-
coder (left): Input tokens are converted through an embedding layer and combined
with positional embeddings. These embeddings are passed through a multi-head
attention mechanism with a residual connection followed by a FFNN to obtain the
final encoder representation of each token. Decoder (right): The decoder uses a
masked multi-head attention mechanism followed by the encoder-decoder attention
mechanism which uses the final encoder token representations as queries. Finally, the
output is passed through a FFNN and another linear layer with a softmax function
to determine the following token in the output sequence which forms the input at
the following timestep.

led to a paradigm shift in the field of NLP, with transformer-based language
models such as BERT [17|, GPT [66], and others significantly outperform-
ing previous state-of-the-art approaches in various tasks. Transformers use
a seq2seq architecture as depicted in Figure 2.8, where an encoder obtains
a representation of the input sequence and passes this representation to the
decoder which obtains the output of the model. Furthermore, the transformer
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architecture does not use convolutions or recurrence but rather leverages the
effectiveness of the attention mechanism in the encoder and decoder modules.
In this thesis we only use transformer-based model architectures that comprise
transformer encoder modules, but we provide a high-level explanation of the
decoder module in this section for sake of completeness.

2.5.4.1 Encoder

The left part of Figure 2.8 depicts the encoder module which is used to encode
representations of the input token sequence. Suppose we have a sequence
of tokens given as x = [z1,..., 27|, where T is the number of tokens in the
sequence. These tokens are passed through an embedding layer that maps each
token to a word embedding such that the sequence is given by X = [xy, ..., x7].
The embedding layer can be represented as a matrix, where each row contains
the word embedding for a particular token. Therefore, each token in the
vocabulary, i.e., the set of unique tokens, is assigned a unique token ID which
corresponds to the row of its word embedding in the embedding matrix.

Due to the model effectively ignoring the sequential structure of the input,
positional vectors (pi,...,pr) are added to the word embeddings in order
to explicitly model the positions of the words in the sequence. The positional
vectors can be set explicitly or be learnt during training and are represented as
a matrix in a similar manner to the embedding layer such that position IDs are
mapped to the rows of the matrix which contains the positional embeddings
for the different token positions. Therefore, the input token z; is converted to
an embedding which is calculated as:

€ = X¢ + Pt (2.5.24)

such that the input token sequence is converted to a matrix E = [eq, ..., er]|.

Each encoder module comprises two sub-layers, namely the multi-head self-
attention mechanism and a position-wise FFNN. Figure 2.9 depicts the high-
level architecture of the multi-head self-attention layer. In the multi-head
self-attention mechanism the query, key, and value matrices are all chosen as
the input matrix such that Q = K = V = E. Therefore, the i-th attention
head (head;) is calculated as:

Q; = EWY (2.5.25)

K, = EW (2.5.26)

vV, =EW (2.5.27)

head; = softmax (Q\Z/I; ) V; (2.5.28)
k

where dj, is the dimension of the key vectors and the scaling factor \/Ld? is used

to prevent the dot product between the queries and keys from becoming too
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Figure 2.9: Multi-head self-attention mechanism in transformer encoder module.
The input embeddings (E) are passed to K attention heads where they are projected
to queries (Q), keys (K), and values (V) through the W(@) W) and W) weight
matrices respectively. The queries, keys, and values are passed through an attention
mechanism to obtain the output of the specific head. Finally, the output of all the
heads are concatenated and projected with the W(©) matrix to obtain the output
of the multi-head self-attention mechanism as the matrix Z.

large since this would force the softmax function into regions with very small
gradients [2|. The output of these attention heads are combined to encode the
input sequence as:

7 = Concat(head,, . .., headg )W© (2.5.29)

where C'oncat concatenates the vectors from each of the K attention heads
and W(©) ig learnt during training. Thereafter, the input matrix E is added to
the output of the multi-head self-attention layer which is known as a residual
connection [25] and has shown to improve the performance of transformer
models [84]. Therefore, the output of the multi-head self-attention layer is
calculated as:

A=E+7Z (2.5.30)

where the rows of the matrix A are given as ay,...,ar and represent the
multi-head self-attention outputs for each token.
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The output of the multi-head self-attention layer is passed through a position-
wise FFNN with a residual connection to obtain the hidden states for each
token z; as:

ht =a; + ReLU(atwl + bl)WQ + bg (2531)

where the weights (W) and biases (b) are randomly initialised and learnt
during training. The hidden representations of all the tokens (hy, ..., hy) are
passed to the following encoder module and so forth until the final encoder
representation for each token is obtained. Furthermore, layer normalisation [1]
is applied to the output of each of these sub-layers such that the following
layer is less sensitive to the scale of inputs which improves the stability and
convergence speed during training.

2.5.4.2 Decoder

As shown on the right side of Figure 2.8, the decoder module has a simi-
lar structure to the encoder module, but uses an additional attention layer,
referred to as the encoder-decoder attention layer, that is driven by the fi-
nal representation of the encoder hidden states. The input to the decoder at
the first timestep is a special start-of-sequence token. However, the following
timesteps use a token predicted by the previous timestep as its input. These
input tokens are passed through an embedding layer and combined with posi-
tional encodings as in the encoder. Thereafter, the embeddings are passed to
a masked multi-head self-attention mechanism which is similar to the multi-
head self-attention mechanism in the encoder module, but uses a masking
matrix which allows the attention mechanism to only attend to tokens it has
previously predicted in the output sequence.

The output of the masked multi-head self-attention layer is used as the
query matrix in the multi-head encoder-decoder attention mechanism where
the encoder representations are used as the key and value matrices. Therefore,
the encoder-decoder attention layer obtains the weighted sum of the encoder
hidden states which are conditioned based on the output of the masked multi-
head self-attention layer. The output of the encoder-decoder attention layer is
passed through a position-wise FFNN which obtains the decoder hidden state.
Finally, the hidden state is passed to a FCL with a softmax activation function
which provides a probability distribution over the vocabulary of tokens. The
probability distribution is used to select a token from the vocabulary to form
the input in the following timestep.

2.6 Transformer-based Language Models

In recent years the field of NLP has undergone a significant paradigm shift due
to the advent of language models which are pre-trained through self-supervised
learning tasks on unlabelled textual data. Self-supervised learning is a machine
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learning paradigm which aims to learn from unlabelled data by automatically
creating objectives or labels from the unlabelled data. For example, the model
can hide a certain section of the input data and attempt to predict the missing
section such that it learns the structure and patterns of the unlabelled data
during training.

Language models are typically pre-trained through self-supervised tasks
on a large amount of textual data with the objective of obtaining a general
understanding of language by creating representations of text tokens which
capture their semantic and contextual information. The pre-trained models are
usually fine-tuned on downstream tasks which use labelled data to adjust the
parameters of the pre-trained model for the specific task. The rationale behind
fine-tuning a pre-trained model is that the pre-trained model obtains natural
language understanding capabilities during the pre-training phase which serves
as a good starting point for downstream NLP tasks. Therefore, the knowledge
obtained during the pre-training phase can be transferred and leveraged during
the fine-tuning phase to perform downstream tasks more effectively. Models
that follow this paradigm of fine-tuning PLMs, have outperformed previous
state-of-the-art approaches in various NLP tasks [14, 17, 101].

Many language models have been proposed in recent years, but we discuss
those that are most relevant to this thesis which include: BERT, RoBERTa,
ELECTRA, and DeBERTaV3.

2.6.1 BERT

Devlin et al. [17] proposed the Bidirectional Encoder Representations from
Transformers (BERT) architecture which comprises a number of transformer
encoder modules stacked on top of each other. The BERT architecture trans-
forms the input sequence of tokens to word embeddings with added positional
encodings as in the transformer architecture. BERT learns representations
for each token which captures its bidirectional context and semantics through
two self-supervised tasks, namely masked language modelling (MLM) and next
sentence prediction (NSP).

Figure 2.10 depicts the high-level procedure of the MLM task used during
BERT pre-training. The model uses the MLM pre-training task to mask a cer-
tain percentage of the input tokens with the objective of predicting their true
tokens during training in order to obtain a general language understanding.
Therefore, a certain percentage of tokens are replaced with a special [MASK]
token after which the sequence is passed to the model which obtains the final
hidden state for each token as the output of the last encoder module. These
final hidden states capture the bidirectional context and semantics of each to-
ken through the stacked transformer encoder modules. The final hidden states
of the [MASK] tokens are passed through a FCL with a softmax function to
obtain the output as a distribution over the entire vocabulary of tokens. The
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Figure 2.10: MLM task. Input text tokens (orange) are randomly replaced with
[MASK] tokens (purple) and passed to the BERT model which predicts the masked
tokens correctly (green) or incorrectly (red) to drive the training process.

output of each [MASK] token is compared to its true token through an error
function which drives the training process.

Devlin et al. choose 15% of the input tokens as candidates to be masked,
but only mask 80% of the candidate tokens with the [MASK] token. 10% of
the candidate tokens are replaced with a random token and the last 10% of
the candidate tokens remain unchanged. This is done in order to prevent the
mismatch between the pre-training and fine-tuning phases, since downstream
tasks generally do not use the MLM training objective. This forces the model
to maintain a contextual representation of each token in the sequence, because
it does not know whether a token has been masked, randomly replaced, or is
unchanged. Since only 1.5% of tokens are randomly replaced, the ability of
the model to understand language is not hindered [17]. Therefore, the MLM
pre-training task allows the model to form language understanding capabilities
through the creation of embeddings which represent each token in the input
sequence.

The BERT architecture also uses the NSP task to train the model to un-
derstand relationships between texts by switching sequences of input tokens
50% of the time and instructing the model to predict which sequence should
come first. They differentiate between the two sequences of contiguous tokens
by separating them with a special [SEP] token and adding segment embed-
dings which represent whether they are in the first or second span of tokens.
Furthermore, each sequence which is passed to the model is prepended with a
special classification token [CLS] whose final hidden state is used to predict
whether the two text sequences follow each other or not.

Through comprehensive experiments Devlin et al. showed that their model
outperformed previous state-of-the-art approaches on various NLP tasks after
fine-tuning BERT for those tasks.
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2.6.2 RoBERTa

Zhuang et al. [101] proposed the Robustly optimised BERT pre-training ap-
proach (RoBERTa) which improved the original BERT model through vari-
ous techniques. They proposed several model architecture adaptions such as
removing the NSP pre-training task and applying dynamic masking to the
training data. The original BERT implementation randomly masked tokens
during the pre-processing procedure such that the masks stayed the same over
the epochs of training and therefore had a static masking strategy. The dy-
namic masking strategy randomly masks tokens of each sequence before it is
passed to the model and was shown to be important for performance when
pre-training for longer and with more data [101].

Zhuang et al. performed comprehensive experiments to compare various
aspects of the pre-training phase and further improved on the original BERT
model through using larger batch sizes, a larger pre-training data volume, and
increased training time. Their approach obtained state-of-the-art results on
several NLP benchmark tasks and illustrated the significance of the design
decisions of the BERT architecture.

2.6.3 ELECTRA

Clark et al. [14] proposed a transformer-based language model called Effi-
ciently Learning an Encoder that Classifies Token Replacements Accurately
(ELECTRA). ELECTRA uses a generator-discriminator framework, where a
generator corrupts the input token sequence, while the discriminator has the
objective of distinguishing between original tokens and tokens that have been
corrupted by the generator. The discriminator and generator both have a
transformer-based encoder architecture which converts a sequence of input
tokens to a sequence of vector representations that capture the contextual
information of each token. Figure 2.11 depicts the high-level architecture of
ELECTRA during pre-training.

The generator is trained to perform the MLM task as in the BERT archi-
tecture, by randomly masking a percentage of tokens and learning to predict
the masked tokens. Therefore, the original input sequence is passed to the gen-
erator, which converts certain tokens to [MASK] tokens and “fills” them with
predicted tokens to create a corrupted token sequence.

The corrupted token sequence is passed to the discriminator which uses the
replaced token detection (RTD) task to predict which tokens were replaced by
classifying each token as original or replaced. This is done by passing the
final hidden state of each token through a FCL which outputs a score that
represents the probability of the token being original or replaced. Finally,
the outputs are compared to the true outputs in an error function which drives
the training of the discriminator.
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Figure 2.11: ELECTRA architecture during pre-training. The input text tokens
(orange) are passed to the generator which corrupts certain tokens (purple) and
passes the corrupted token sequence to the discriminator. The discriminator predicts
each token as being original or replaced and uses the correct (green) and incorrect
(red) predictions to drive the training process.

During pre-training the parameters of the embedding layer are shared be-
tween the generator and discriminator to leverage the effectiveness of the MLM
task in learning word embeddings. After the pre-training phase, the generator
is typically removed and the discriminator is used as a PLM which can be
fine-tuned on downstream tasks. Clark et al. show that the RTD pre-training
task is much more sample efficient than MLM approaches since it forces the
model to consider each word in the input sequence.

2.6.4 DeBERTaV3

He et al. [27] proposed the Decoding-enhanced BERT with disentangled atten-
tion (DeBERTa) approach which improves the BERT architecture through two
novel techniques. The DeBERTa model uses a disentangled attention mecha-
nism, where each token is represented with two embeddings that capture its
content and relative positional information respectively. Therefore, the atten-
tion weights between tokens are calculated using separate (or disentangled)
matrices on their content and positional representations. The reasoning be-
hind this approach is based on the observation that attention weights of tokens
often depend strongly on relative positions, and not only the contents of the
tokens. The relative positional encodings differ from the standard absolute po-
sitions which assign a unique positional embedding for each token to capture
the absolute position of the tokens in the sequence. Alternatively, the rela-
tive positional encodings are dynamic and context-dependant embeddings that
capture the relative positions of the tokens in a sequence by considering the
distance or relative position of the tokens in a certain window. Furthermore,
DeBERTa uses an enhanced mask decoder which incorporates the absolute po-
sitions of tokens in the decoding layer during the MLM pre-training task [27].
He et al. showed that their proposed improvements significantly improve the
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effectiveness of the pre-training phase as well as performance on downstream
tasks.

Later, He et al. [26] proposed DeBERTaV3 which improves on DeBERTa by
replacing the MLM pre-training task with RTD. However, they observed that
the embedding sharing techniques proposed in ELECTRA hinders the perfor-
mance of the model since the training errors of the discriminator and generator
“pull token embeddings in different directions” [26]. Therefore, DeBERTaV3
uses a gradient-disentangled embedding sharing method between the gener-
ator and discriminator which improves the efficiency of training and model
performance. The gradient-disentangled embedding sharing method shares
the embedding layer parameters between the generator and discriminator as
in the ELECTRA model but does not allow the error of the discriminator to in-
fluence the optimisation of the generator, thereby preventing the “tug-of-war”
dynamics which are caused by the conflicting objectives of the generator and
discriminator. He et al. show that DeBERTaV3 obtains state-of-the-art per-
formance on various NLP tasks and generally outperforms BERT, RoBERTa,
and ELECTRA.

2.6.5 Model Sizes

The transformer-based PLMs described above are typically created in three dif-
ferent model sizes which are small, base, and large. These different model
sizes allow users to find an effective trade-off between performance and com-
putational requirements, since larger models generally perform better but are
computationally more expensive [17]. These model sizes differ in the number
of layers (transformer encoder modules), the size of the hidden states and the
number of attention heads. In this thesis we only use base models which have
12 layers, a hidden state size of 768, and 12 attention heads which results in a
total of 86 million model parameters.

2.6.6 Sequence Length Limits

The multi-head self-attention mechanism in the transformer-based PLM re-
quires the computation of an attention score between each token and every
other token in the input sequence. This quadratic scaling of computations
leads to these models becoming computationally expensive as the sequence
length grows long. Therefore, sequence length limits are imposed such that
only a certain number of tokens are allowed to form part of the input sequence.
The sequence lengths limits are controlled by the size of the positional encod-
ing matrix which only has a certain number of rows mapping position IDs to
position embeddings. Therefore, sequences that are longer than this prede-
fined size are truncated. All of the PLMs used in this thesis use a sequence
length limit of 512 tokens.
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2.7 Graph Neural Networks

Graph neural networks (GNNs) are machine learning algorithms that have the
objective of representing the nodes of a graph structure with vectors (or embed-
dings) which capture the properties of the nodes and the connections between
them [87]. GNNs have been used to obtain vector representations of hierarchi-
cal class structures after which these representations are incorporated into the
classification procedure through various techniques [10, 32, 89, 90, 100]. Many
GNN architectures have been proposed, but we describe the most relevant ar-
chitectures that have been used in previous HTC approaches: the Graph Con-
volutional Network (GCN) [37], the Graph Attention Network (GAT) [85], and
the Graphormer [98]. These approaches all use the idea of “message passing”,
where the nodes of the graph send and receive information from neighbouring
nodes. However, these architectures differ in how the graph nodes aggregate
the information from their neighbouring nodes in order to update their asso-
ciated node embeddings.

Suppose we have a graph structure with N nodes and each node has an
associated feature vector that represents the information and characteristics
of that node. The features can be represented as a matrix F, where each row
f;Vie {1,..., N} corresponds to the i-th node’s feature vector.

A GCN [37] consists of a number of layers which have the objective of
aggregating information between the nodes in the graph such that the final
node embeddings capture the graph structure information and relationships
between the nodes. The GCN updates the feature vector for node i at a
specific layer () as:

fOwWo
J

£ = f (2.7.1)
je%%i) deg(i)deg(j)

where f is a chosen activation function, N (i) returns the set of neighbours of
node i, W is a set of learnable weights for layer I, and deg(i) is the degree
of node i, i.e., the number of nodes connected to node i (similarly for node
j). These representations are passed through several layers with the same
structure after which the final layer obtains the representations of each node
in the graph.

A GAT [85] uses a different approach to aggregate the information from
neighbouring nodes. At a particular layer [, the GAT calculates an attention
score for each node i to all of its neighbouring nodes j € N (i) and to itself as:

el = £ (EOWO)T - (W) (2.7.2)
These scores are passed through a softmax function such that the attention
scores for a particular node to its neighbouring nodes and itself sums to 1.
The converted attention weights are given as O%,l])" The vector representation
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for each node is updated by aggregating the features from neighbouring nodes
with their respective attention weights as:

I+1 ) el
£ = Y o) fPwWO (2.7.3)
JEN (i)U{i}
The Graphormer [98] architecture uses several approaches for incorporating
the graph structural information into the transformer architecture. Firstly, the

Graphormer adds centrality encodings to each node representation such that
it captures the indegree and outdegree for node ¢ as:

0) _ e(0) , - +
£ =£" + Zgex—(1) T Zadeg (1) (2.7.4)
where z;eg_(l.) and zgngF (i) are learnable vectors which represent the informa-

tion associated with the indegree and outdegree of node i respectively. These
added centrality encodings enable the attention mechanisms to capture the
importance of the node in the graph through its indegree and outdegree.

The Graphormer architecture also adds a spatial encoding to encode the
structural information of the graph into the model. The spatial encoding uses
a function ¢(4, ) which measures the spatial distance between connected nodes
¢t and 7 in the graph as the distance of the shortest path between the nodes.
For nodes that are not connected ¢(7,j) = —1. For each feasible output value
of ¢(7,7), the model assigns a learnable scalar value by ;) which is used as
the bias term in the attention weight calculation. Therefore, each ¢(i,j) has
a corresponding bias term bg(; j) which represents the spatial distance between
the two nodes such that the attention scores are calculated as:

l l
o _ EIWOET W
2,7 \/E

where d is the dimension of the vectors. Therefore, the Graphormer allows
each node to attend to each of the other nodes in the graph according to
the graph’s structural information that is modelled by by(; ;. The attention
scores are passed through a softmax function to obtain the attention weights
which are used to update the node vectors through the standard transformer
architecture with multi-head self-attention and FFNN layers.

2.8 Topic Models

Topic models [6] are unsupervised machine learning models that have the ob-
jective of extracting abstract topics from a corpus of documents. The extracted
topics are typically represented as a distribution over the vocabulary found in
the corpus such that this distribution indicates the most important words to
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distinguish between the different topics. These topics can be used to repre-
sent a document or a particular word in a document as a distribution over
the set of topics such that the distribution represents the most relevant topics
associated with the document or word. Several topic modelling approaches
have been proposed which include older approaches such as Latent Dirichlet
Allocation (LDA) [7] and more recent approaches which use PLMs such as
BERTopic [21].

LDA [7] is a topic model based on the BOW approach which represents
a text document as a multi-set of its words and ignores ordinal and contex-
tual information. The LDA model represents each topic as a probabilistic
distribution over a set of words contained in the corpus of documents. The
documents are represented as a probabilistic distribution over a set of topics
and therefore the most relevant topics associated with each document can be
determined based on the assumption that documents with similar topics will
use a similar group of words. The LDA algorithm is provided with a fixed
number of K topics to discover in a corpus of documents and has the objective
of learning the topic distribution of each document and the word distribution
of each topic. Initially, the LDA algorithm randomly assigns each word in a
document to a topic. These assignments of words to topics are used to form
the topic representations as the distribution of the words assigned to each
topic. Similarly, the document representations are formed as the distribution
of the topics assigned to the words of the document. The algorithm attempts
to reassign topics to words such that the topic representations become repre-
sentative of the topics found in the corpus of documents. This is done through
the following procedure:

1. For every document d;Vi € {1,..., N}, where N is the number of doc-
uments in the corpus, calculate the proportion of words in the doc-
ument that are currently assigned to each topic T € {1,...,K} as
p(Topic T' | Document d;).

2. For every word w € {1,...,V}, where V is the size of the corpus
vocabulary, calculate the proportion of assignments to the topic T as
p(Word w | Topic T).

3. For each word w in document d;, compute a confidence score for each
topic as p(Topic T' | Document d;) - p(Word w | Topic T') and assign the
topic T" with the highest confidence to that word.

4. Repeat the steps above until an approximately steady state of assign-
ments is reached.

BERTopic [21] is a more recent topic extraction model which utilises PLMs
and clustering techniques to extract abstract topics from a corpus of docu-
ments. Firstly, BERTopic uses a Sentence-BERT [68] model to convert each
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document into a fixed-sized vector representation which captures the semantics
of the document. A sentence-BERT model is a modified BERT model that is
tuned to produce a semantic embedding for a sentence or document as opposed
to the standard BERT model that produces embeddings for each token in the
input sequence. This is done by passing two text sequences separately through
the same BERT model and applying a contrastive loss function [22] such that
semantically similar sequences are pulled closer while semantically dissimi-
lar sequences are forced further apart in the output embedding space. The
BERTopic model reduces the dimensionality of these document representa-
tions with the UMAP [57] dimensionality reduction algorithm and clusters the
resulting representations with the HDBSCAN [56] algorithm, such that each
cluster of documents represents a topic. Finally, BERTopic uses these clusters
to find the topic-word distributions by concatenating all of the documents in
a cluster and applying the TF-IDF procedure as described in Section 2.4.3
to find the most relevant words for the associated clusters. BERTopic uses
the TF-IDF scores of each word to represent the distribution of words for the
topic.

2.9 Evaluation Metrics

Evaluation metrics are used to measure the performance of machine learning
models and are crucial to understanding which models perform better for cer-
tain tasks. Unsuitable evaluation metrics may lead to incorrect conclusions
in terms of model performance. To evaluate a classification model, we use a
test set of instances with their associated true class assignments. The test
instances are passed to the model which obtains the predicted outputs after
which the performance of the model is evaluated through an evaluation metric
which compares the predicted output of the model to the true output.

Due to the hierarchical structure of classes in HT'C tasks, the choice of eval-
uation metrics is not trivial. Several evaluation metrics have been proposed
for hierarchical classification tasks, but they are often only used in the paper
in which it was proposed [78]. However, the most common evaluation met-
rics used for hierarchical classification tasks are the Micro-F1 and Macro-F1
scores |10, 16, 31, 32, 89, 90, 100]. Therefore, we use these evaluation met-
rics in this thesis to compare different classification approaches. Note that for
these evaluation metrics we “flatten” the class hierarchy and do not consider
the hierarchical class structure during the evaluation phase. We describe the
general procedure for calculating the Micro-F1 score and then generalise this
to the Macro-F1 score.

Consider a true positive (TP) and a false positive (FP) as a correctly and
incorrectly assigned class respectively. Similarly, consider a true negative (TN)
and a false negative (FN) as a correctly and incorrectly unassigned category re-
spectively. We represent the total number of TP, FP, TN and FN assignments
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from the set of test instances as TPiota1, FPtotal, TNtotal and FNioa1 respectively.

Precision (P) is defined as the proportion of correctly assigned classes to
the total number of assigned classes, i.e., ms— el Therefore, it measures
. . TPtotal+FEtotal
how accurate an assigned class is on average and is calculated as:

1 ly: N il
P= NZ— (2.9.1)

where N is the number of test instances and y; and y; denote the true and
predicted classes for document i respectively.

Recall (R) is defined as the proportion of correctly predicted classes to
the total number of true classes, i.e., %. Therefore, it measures
how many of the true class assignments the model captures on average and is

calculated as:

(2.9.2)

Micro-F1 combines P and R by taking their harmonic mean to provide a
comprehensive measure of the performance which balances the precision and
recall. Therefore, higher Micro-F1 values indicate better performance, and is
calculated as: 9% PxR

Micro-F1 = PR (2.9.3)

Micro-F1 simply averages the performance of the model over all of the
test instances, and is therefore less suitable for cases where there is a class
imbalance among the test instances, i.e., some classes have significantly more
instances than others. Therefore, Macro-F1 is used which separately obtains
a P, R, and F1 score for each class and takes their arithmetic mean such that
equal weight is given to each of the classes. Suppose we have the total number
of TP, FP, TN, and FN assignments for class j € {1,..., L}, where L is the
number of classes, as TP;, FP;, TN;, and FN; respectively. The Macro-F1
score is calculated as:

TP,
P=—"7 294
J TP; + FP; ( )

TP,
Ri=—""9 _ 2.9.5
J TP; + FN; ( )

L
1 2x P: x R;
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2.10 Benchmark Datasets

Several datasets have been consistently used to evaluate the performance of
HTC approaches. The three most commonly used datasets which are most
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relevant to this thesis include: Web Of Science (WOS) [41], Reuters Corpus
Volume 1 Version 2 (RCV1-V2) [46] and New York Times (NYT) [73]. Tables
2.1 and 2.2 provide summary statistics and hierarchical properties of these
datasets. The dataset splits (Train, Development, and Test) were proposed
by Zhou et al. [100] who sampled the splits from the original data. These splits
are typically used in recently proposed HTC approaches [31, 32, 89, 90, 100].
For comparison reasons we therefore use the same dataset splits in this the-
sis. In this section, we describe the procedures followed to create these three
datasets and provide further details on each of them. Furthermore, we briefly
describe the International Classification of Diseases (ICD) and MIMIC datasets
since many flat classifier approaches have been proposed for ICD code assign-
ment tasks. However, we do not consider the ICD code classification tasks
in this thesis since they are specific to the medical domain and often com-
prise very long document lengths which make them impractical or infeasible
for standard PLM-based classification approaches. Therefore, we focus on the
standard HTC tasks with shorter document lengths in broader domains such
as news articles and research publications.

Table 2.1: Characteristics of the three benchmark HTC datasets. The columns
“Levels” and “Classes” give the number of levels and classes in the class structure.
“Avg. Classes” is the average number of classes per document, while “Train”, “Dev”,
and “Test” are the number of instances in each of the dataset splits.

Dataset Levels Classes Avg. Classes Train Dev — Test

WOS 2 141 2.0 30,070 7,518 9,397
RCV1-V2 4 103 3.24 20,833 2,316 781,265
NYT 8 166 7.6 23,345 5,834 7,292

Table 2.2: Average per-level branching factor of the hierarchy in each of the three
benchmark datasets, which is calculated as the average number of child nodes for the
nodes at a particular level. The number of nodes per level is given in parentheses.

Dataset Level 1 Level 2 Level 3 Level 4 Level 5 Level 6 Level 7 Level 8

WOS  19.14 (7) 0.0 (134) -
RCVI-V2 13.75 (4) 0.78 (55) 0.02 (43) 0.0 (1) - - - -
NYT  6.75 (4) 1.89 (27) 0.92 (51) 0.36 (47) 0.71 (17) 0.5 (12) 0.33 (6) 0.0 (2)

2.10.1 Web of Science

The WOS dataset was constructed by Kowsari et al. [41] who collected 46,985
research publication abstracts from the Web of Science publication database.
A detailed methodology of how they created the dataset is not available, but



https://scholar.sun.ac.za

CHAPTER 2. BACKGROUND 40

they collected the abstract, subject domain, and keywords for each publica-
tion. They created a two-level hierarchical class structure by using the subject
domains as classes for the first level of the hierarchy and the keywords as the
second level classes.

Figure 2.12 presents the first-level classes of the WOS dataset with the
associated number of children classes and number of documents assigned to
each class, while Figure 2.13 presents the distribution of the number of docu-
ments assigned to each of the second-level classes. Figure 2.13 shows that most
second-level classes have between 300 and 400 documents. However, on the
extreme edge of the class distribution, the “Electrical Generator” and “Struc-
tured Storage” classes only have 1 and 43 document assignments respectively.
On the other side, the classes “Molecular Biology” and “Polymerase Chain
Reaction” have 746 and 750 documents respectively.
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Figure 2.12: Characteristics of first-level classes of the WOS dataset. The bar plot
gives the number of documents assigned to each class (left y-axis) while the line plot
shows the number of children for each class (right y-axis).

2.10.2 RCV1-V2

The Reuters Corpus Volume 1 Version 1 (RCV1-V1) [70] is a dataset that
consists of 806,791 English news articles published by Reuters, Ltd. between
August 1996 and August 1997. Each article was categorised into classes from
a four-level hierarchical class structure by a rule-based text categorisation sys-
tem, known as the Topic Identification System (TIS) [24]. Furthermore, cate-
gories that were previously manually assigned from journalists were mapped to
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Figure 2.13: Distribution of the number of documents assigned to each of the
second-level WOS classes.

the same classification schema and combined with the TIS classifications [46].
Thereafter, each article was manually inspected by at least one editor who
added classifications to articles with no classes and corrected mistakes in the
codings. Lewis et al. [46] state that 79% of articles had at least one of the auto-
matic classifications overruled, showing that the dataset is closer to a manually
categorised dataset than an algorithmically assigned one.

Lewis et al. [46] created the RCV1-V2 dataset which addressed several
issues of the RCV1-V1 dataset by removing articles that do not have any
categories assigned to them and adding all missing ancestor classifications
from the hierarchical class structure. The RCV1-V2 dataset contains 804,414
instances with 103 classes spread over four levels.

Figure 2.14 presents the first-level classes of the RCV1-V2 dataset with the
associated number of children classes and number of documents assigned to
each class, while Figure 2.15 presents the distribution of the number of doc-
uments assigned to each of the lower-level classes. From these figures we can
see that the document assignments are extremely unbalanced. For example,
the non-first-level classes with the fewest document instances are “Millennium
Issues” and “European Community (General)” with 5 and 40 documents respec-
tively. Similarly, on the other extreme edge, the classes “Commodity Markets”
and “Performance” have 85,440 and 151,783 documents respectively.

2.10.3 NYT

The New York Times Annotated Corpus [73] is a dataset which contains
1,855,658 news articles published by the New York Times between January
1987 and June 2007. Each article is accompanied with metadata such as the
date of publication, keywords, article summary, and classifications. The clas-
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Figure 2.14: Characteristics of first-level classes of the RCV1-V2 dataset. The bar
plot gives the number of documents assigned to each class (left y-axis) while the line
plot shows the number of children for each class (right y-axis).

NO) w W
S S o

Frequency

—_
o

O T T T -_Y>
0 20000 40000 60000 80000 100000 120000 140000 160000
Documents per Class

Figure 2.15: Distribution of the number of documents assigned to each of the
non-first-level RCV1-V2 classes.

sification schema of the articles forms a structured class hierarchy with 8 levels
and 166 classes. The classifications were algorithmically assigned to each arti-
cle and manually verified by the New York Times staff. However, the algorithm
used to assign the classification has not been published. The NYT dataset was
created by randomly sampling 36,471 article summaries from the New York
Times Annotated Corpus along with their assigned classes [100].

Figure 2.16 presents the first-level classes of the NYT dataset with the as-
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sociated number of children classes and number of documents assigned to each
class, while Figure 2.17 presents the distribution of the number of documents
assigned to each of the lower-level classes. Figure 2.17 shows the imbalance at
the lower-levels of the class hierarchy with classes such as “Circuits” and “Iran”
only comprising 143 and 157 documents respectively while the “Guides” and
“Travel” classes have 15,142 and 15,296 documents respectively.
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Figure 2.16: Characteristics of first-level classes of the NYT dataset. The bar plot
gives the number of documents assigned to each class (left y-axis) while the line plot
shows the number of children for each class (right y-axis).
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Figure 2.17: Distribution of the number of documents assigned to each of the
non-first-level NYT classes.
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2.10.4 ICD and MIMIC

The International Classification of Diseases (ICD) is a diagnosis coding set
maintained by the World Health Organisation. The ICD system provides
a hierarchical structure of diagnosis codes which describes the diagnosis of
a patient. The MIMIC-IT and MIMIC-III datasets contain medical records
of patients that were admitted to critical care units at the Beth Israel Dea-
coness Medical Center [34]. These records contain detailed information such
as laboratory tests, diagnosis codes, and clinical text notes written by medical
professionals. A common HTC research topic is to use the clinical text notes
to automatically assign ICD codes to a patient record. The MIMIC-II dataset
contains 22,815 patient records with associated clinical text notes whereas the
updated MIMIC-III dataset contains 52,722 patients records with associated
clinical text notes. Furthermore, MIMIC-III-50 is a dataset which only uses
the 50 most common ICD codes in the MIMIC-III dataset. The median num-
ber of words for the documents in the MIMIC-IT and MIMIC-III datasets are
1,322 and 1,375 respectively. Since the sequence length limit of transformer-
based PLMs is typically only 512 tokens, we do not use these datasets in this
thesis.
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Literature Review

This chapter presents the related research on HTC approaches that are most
relevant to this thesis. As described in Section 2.3, the three main strategies
which are used to solve HTC problems include: flat, local, and global classifier
approaches.

3.1 Flat Classifier Approaches

Flat classifier approaches ignore the hierarchical class structure and transform
the HTC task into a multi-label text classification (MLTC) task. One specific
HTC application for which the flat classifier approach has been commonly
adopted is the categorisation of medical text notes from the MIMIC datasets
into ICD codes [4, 47, 50, 59, 75, 80, 86]. Furthermore, many approaches
have been proposed for solving standard MLTC tasks but are also applied to
HTC datasets such as RCV1-V2. Therefore, any MLTC approach can also be
seen as a flat classifier approach. In this section, we first describe several flat
classifier approaches that were developed for the ICD code assignment tasks
and thereafter describe the most relevant approaches that were developed for
MLTC tasks but have been applied to HTC datasets such as RCV1-V2.

3.1.1 ICD Code Assignment Approaches

The flat classifier approaches proposed for ICD code assignment tasks use
various deep learning architectures such as CNNs [47, 59|, RNNs [4, 75, 86],
and transformer-based PLMs [50, 80]. Table 3.1 presents the results of the
approaches discussed in this section on the three most commonly used datasets
for the medical text note classification task which include: MIMIC-II, MIMIC-
IIT, and MIMIC-ITI-50.

In 2017, Shi et al. |[75] proposed a method for medical text note classifica-
tion which uses the textual descriptions of the class set along with attention
mechanisms to solve the MLTC task. They used pre-processing techniques to

45
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Table 3.1: Summary performance results of flat classifier approaches on the three
most commonly used datasets for assigning ICD codes to medical text notes.

Model Year MIMIC-II MIMIC-III MIMIC-III-50
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

C-LSTM-ATT [75] 2017 - — — - 53.20 -

HA-GRU 4] 2017  36.60 - 40.50 - - -

CAML [59] 2018 44.20 4.80 53.90 8.80 61.40 53.20
DR-CAML [59] 2018 45.70 4.90 52.90 8.60 63.30 57.60
MultiResCNN [47] 2019  46.40 5.20 55.20 8.50 67.00 60.60
LAAT [86] 2020 48.60 5.90 57.50 9.90 71.50 66.60
JointLAAT [86] 2020 49.10 6.80 57.50 10.70 71.60 66.10
HiLAT [50] 2022 - - - - 73.50 69.00
M-XLNet [80] 2023 49.89 — 59.38 — 71.70 -

extract several diagnoses from a single patient record and passed each diagno-
sis through character and word-level LSTM models to encode the diagnosis as
a vector representation. More specifically, the character-level LSTM encodes
the characters of the text sequence into word representations. Thereafter,
the word representations are encoded to document representations through
the word-level LSTM. Similarly, the textual descriptions of the classes are en-
coded with LSTMs into a vector representation. These class representations
capture the semantics of each ICD code by encoding their textual descriptions
through the LSTMs. Finally, an attention mechanism is used to match the vec-
tor representations of the text document and the ICD codes to determine the
most suitable assignments for the medical text note. Their approach obtained
a Micro-F1 score of 53.20 on the MIMIC-III-50 dataset.

Baumel et al. [4] proposed the Gated Recurrent Unit with a Hierarchical
Attention mechanism (HA-GRU) model in 2017. The HA-GRU model breaks
the text document up into sentences and uses a hierarchical set of GRUs to
obtain document representations. First, HA-GRU uses a GRU to encode the
words of each sentence, and uses an attention mechanism to obtain sentence
embeddings for each sentence as a weighted average of the word embeddings
in the sentence. Therefore, each sentence embedding captures the most impor-
tant words of that sentence by placing more weight on their associated word
embeddings. Similarly, the sentence embeddings are passed through another
GRU and attention mechanism to obtain the document representation as the
weighted average of the sentence embeddings. However, the attention mecha-
nism in the second level GRU learns a separate query vector for each class to
obtain different document representations which capture the most important
features for each class. This is known as a label-wise attention mechanism
since it allows the model to derive label-specific representations of the docu-
ment where each class assigns more weight to the features of the document that
are important for classifying that particular class. These label-specific docu-
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ment representations are passed through separate FCLs associated with each
of the classes. Finally, the results from the classification layers are combined
to determine the classes which are assigned to a text instance. The HA-GRU
model outperformed previous-state-of-the art approaches with Micro-F1 scores
of 36.30 and 40.50 on the MIMIC-IT and MIMIC-III datasets.

In 2018, Mullenbach et al. [59] improved on the HA-GRU approach by
proposing the Convolutional Attention for Multi-Label classification (CAML)
model. They used the word2vec CBOW method to obtain word embeddings
for each word in a document which are used as input to a CNN classifier.
CAML uses a standard CNN architecture for text classification as introduced
by Kim [35], but replaces the max-pooling layer with a label-wise attention
mechanism. The attention mechanism obtains label-specific weighted averages
of the features derived from the convolutional layer by determining the most
important features for each of the classes individually. These label-wise docu-
ment representations are passed through associated FCLs and used to perform
binary classification for each class. Furthermore, they proposed the Descrip-
tion Regularised CAML (DR-CAML) model which uses a second CNN model
to learn representations for the textual descriptions of the classes. These vec-
tor representations are used to guide a regularisation function which drives
the parameters of rare classes to be more similar to more frequent classes with
similar class descriptions. Therefore, DR-CAML aims to improve performance
on rare classes by leveraging the parameters of more frequent classes that have
similar textual descriptions and therefore should be semantically similar. The
DR-CAML approach achieved state-of-the-art performance in terms of Micro-
F1 and Macro-F1 on the MIMIC-IT (45.70 and 4.90) and MIMIC-III-50 (63.30
and 57.60) datasets but was outperformed by CAML on MIMIC-III.

In 2019, Li and Yu [47] improved the CAML approach with two tech-
niques to create the Multi-Filter Residual Convolutional Neural Network (Mul-
tiResCNN) approach. Firstly, the model uses a convolutional layer with multi-
ple channels where each channel has a different filter size such that they group
together a different number of words as they step over the input sequence.
This allows the convolutional layer to extract different granularities of the
text document’s patterns and features to improve classification performance.
Furthermore, MultiResCNN applies the residual mechanism [25] by adding a
second convolutional layer to each of the convolutional layer channels. They
showed that the MultiResCNN model outperforms previous approaches such
as CAML and DR-CAML on the MIMIC datasets with Micro-F1 scores of
46.40, 55.20, and 67.00 and Macro-F1 scores of 5.20, 8.50, and 60.60 on the
MIMIC-IT, MIMIC-III, and MIMIC-III-50 datasets respectively.

Vu et al. [86] developed the Label Attention Model (LAAT) in 2020. LAAT
uses an LSTM to encode the tokens in a document and passes the token
representations to a label-wise attention mechanism to obtain label-specific
representations of the document. These label-specific representations are used
in separate classification layers as in the approaches described above. However,
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LAAT uses an adaptation of the general attention function as opposed to the
dot product attention used in CAML and MultiResCNN. The LAAT approach
outperformed previous-state-of-the-art approaches such as MultiResCNN over
the three MIMIC datasets by obtaining Micro-F'1 scores of 48.60, 57.50, and
71.50 and Macro-F1 scores of 5.90, 9.90, and 66.60 on the MIMIC-II, MIMIC-
ITI, and MIMIC-III-50 datasets respectively.

In the same paper, Vu et al. [86] also proposed the JointLAAT approach
which uses a separate attention mechanism for the different levels of the class
hierarchy and projects the predictions of the classes at a certain level to a vec-
tor representation. These prediction representations are concatenated to the
feature vectors used in the lower level attention mechanism in order to leverage
the parent-level predictions to improve classification performance. JointLAAT
generally outperformed the LAAT approach on the three MIMIC datasets
with Micro-F1 scores of 49.10, 57.50, and 71.60 and Macro-F1 scores of 6.80,
10.70, and 66.10 on the MIMIC-II, MIMIC-III, and MIMIC-III-50 datasets
respectively. These results indicate that the use of higher-level prediction rep-
resentations improves classification performance. Note that JointLAAT is not
a flat classifier approach since it does not ignore the class hierarchy, but we
include it here for sake of clarity and comparison.

In 2022, Liu et al. [50] proposed the Hierarchical Label-wise Attention
Transformer (HiLAT) model which splits the text document into chunks and
uses token-and chunk-level label-wise attention mechanisms sequentially. They
use the XLNet language model [95] which is pre-trained through the permu-
tation language modelling task by randomly permuting the order of tokens in
the input sequence and training the model to predict tokens using both the
original and permuted orders as context. This approach allows the model to
capture the bidirectional context of the token sequence while retaining the
ability of modelling the joint probability of the sequence since there are no
masked tokens in the input sequence. Furthermore, by removing the need for
[MASK] tokens during pre-training, XLNet avoids the discrepancy between the
pre-training and fine-tuning phases since there are typically no masked tokens
in the fine-tuning phase.

HiLAT passes the chunks of the documents separately through the XL-
Net model to obtain semantic and contextual representations of each token in
each chunk. In the token-level label-wise attention mechanism, the token rep-
resentations of each chunk are transformed into label-specific representations
of the associated chunk. The label-wise representations from each chunk are
combined and passed to the chunk-level attention mechanism which obtains a
document representation for each class. HiLAT uses the same label-wise at-
tention mechanism as proposed by Vu et al. [86] for the LAAT model. Finally,
these label-wise document representations are passed through associated FCLs
to obtain the confidence score for each class. HILAT achieved state-of-the-art
performance on the MIMIC-III-50 dataset in terms of Micro-F1 (73.50) and
Macro-F1 (69.00).
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Most recently, Strydom et al. [80] proposed the Multilabel XLNet (M-
XLNet) approach which adds the label-wise attention mechanism from CAML
to a pre-trained XLNet language model [95] and fine-tunes the model on the
downstream dataset. First, they pre-trained a small XLNet model on the
MIMIC-IIT dataset to account for the domain-specific nature and the long se-
quence lengths of the medical text notes. During fine-tuning, the M-XLNet
model obtains representations of each token in the input sequence and passes
these representations to a label-wise attention mechanism to obtain label-
specific representations of the document. Finally, these representations are
passed through their associated FCLs to obtain the output scores for each of
the classes which are combined to form the output of the model. Their ap-
proach achieved state-of-the-art Micro-F1 scores on the MIMIC-II (49.89) and
MIMIC-IIT (59.38) datasets. However, HILAT [50] outperformed M-XLNet on
the MIMIC-III-50 Micro-F1 score and the results of HILAT are not reported
on the MIMIC-IT and MIMIC-IIT datasets.

3.1.2 Multi-label Classification Approaches

Many approaches have been proposed for MLTC tasks in recent years which use
various deep learning architectures such as CNNs [43, 49], RNNs [51, 60, 94],
and transformer-based language models [52, 97]. However, recent approaches
are often proposed for MLTC tasks which have extremely large class sets and
are therefore not applicable to this thesis. Therefore, in this section we only
describe a few recently proposed MLTC approaches which are the most relevant
to this thesis. Unfortunately, these approaches are difficult to compare due to
the use of different evaluation metrics, datasets, and dataset splits.

In 2019, Xiao et al. [94] proposed the Label Specific Attention Network
(LSAN) for MLTC tasks. LSAN converts the document tokens into GloVe
word embeddings and passes the embeddings through LSTMs to obtain a
representation of the document. LSAN uses two label-wise attention functions
to extract label-specific representations of the text documents. First, LSAN
uses the label-wise attention mechanism proposed by Vu et al. [86] for the
LAAT model to obtain label-specific representations which capture the most
important features of the document content. The second label-wise attention
mechanism leverages the textual descriptions of the class names by using their
GloVe word embeddings in an attention function with the document encodings
to obtain label-specific document representations which capture the semantic
correlation between the document content and the class descriptions. Finally,
these label-specific representations are combined and passed through FCLs to
obtain the output of the model. LSAN outperformed five previous MLTC
approaches on four benchmark datasets which included RCV1-V2.

Pal et al. [60] proposed the Multi-label Text classification using Attention
based Graph Neural NETwork (MAGNET) approach in 2020. The MAGNET
approach converts the document tokens to embeddings through the BERT
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embedding layer and passes the embeddings through LSTM models to ob-
tain token representations which capture the context of the token sequence.
Furthermore, MAGNET uses a GAT to model the correlation between the
different classes. This is done by learning an adjacency matrix which repre-
sents the strength (or weight) of the connections between the different classes.
Therefore, the GAT obtains representations of each class which capture the
correlations with other classes. Finally, the correlation-aware class represen-
tations are multiplied with the document representation to obtain the predic-
tions for each of the possible classes. Pal et al. showed that their approach
outperformed previous state-of-the-art approaches on five benchmark MLTC
datasets.

In 2021, Liu et al. [52] proposed an approach which combines the features
extracted from a PLM and a topic model to train a CNN classifier for MLTC
tasks. The rationale for combining the features obtained by these models is
that the PLM extracts fine-grained semantic and contextual representations
while the representations obtained by the topic model capture higher-level
“global” information which takes the entire corpus of documents into account.
The PLM is used to extract semantic word embeddings for each token in
the document and the document as a whole. Furthermore, the topic model
extracts vector representations for each word and document which represents
the distribution over the set of abstract topics created by the topic model. They
combine the extracted features from these models to train a CNN classifier
which comprises multiple convolutional layers with different filter sizes to group
varying lengths of token sequences together. Finally, their approach applies
max-pooling to the output of the convolutional layers followed by a FCL to
obtain the confidence scores of a document belonging to each of the possible
classes. Liu et al. showed that their approach outperformed other MLTC
approaches such as XML-CNN [49] and LSAN [94] on two benchmark datasets.

3.2 Local Classifier Approaches

Local classifier approaches attempt to leverage the hierarchical structure of
the class taxonomy by creating multiple classifiers and combining their results
in various ways to improve the classification performance on HTC tasks. The
three main approaches, as described in Section 2.3, include the LCN, LCPN,
and LCL approaches. Unfortunately, these approaches are difficult to compare
directly due to inconsistent use of datasets and performance measures through-
out the literature. However, the results in Table 3.2 give an overview of the
results achieved by recent approaches on the most commonly used benchmark
datasets.

In 1997, Koller and Sahami [39] proposed the first method for HTC which
leverages the hierarchical structure of classes. They used the one-hot-encoding
feature extraction method to obtain feature representations of the documents
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Table 3.2: Summary performance results of local classifier approaches on the most
commonly used datasets.

Model Year RCV1-V2 WOS
Micro-F1 Macro-F1 Accuracy
HDLTex [411] 2017 - - 76.58
HFT-CNN [76] 2018 80.29  51.40  63.71
HTrans [3] 2019 80.51 58.49 -
HE-HMTC [53] 2022 - - 78.51

and a LCPN approach which constructs a classifier for each non-leaf node in
the class hierarchy. Each of these classifiers are trained to distinguish between
its children nodes and are only trained on the subset of training instances
which belong to their associated class. During inference, instances start at
the root node classifier which classifies them into a particular child node. The
instances are sent to the classifier of their assigned node to be classified further
and this procedure is continued until a leaf node is reached.

More recently (2017), Kowsari et al. [41] proposed Hierarchical Deep Learn-
ing for Text Classification (HDLTex) which uses the LCPN approach to build
a classifier for each non-leaf node in the class hierarchy. They experimented
with different types of deep learning classifiers such as RNNs and CNNs, as
well as feature extraction methods such as TF-IDF scores and GloVe word
embeddings. Similarly to the approach proposed by Koller and Sahami [39],
HDLTex only uses the subset of training data where the parent node is pos-
itive to train the classifier at a particular node. Furthermore, Kowsari et al.
constructed the WOS dataset and outperformed several previous approaches
with the proposed HDLTex approach. However, the HDLTex approach may
become computationally expensive for HTC tasks with a large number of in-
ternal nodes since it requires a deep learning classifier for each non-leaf node
in the class hierarchy.

Stein et al. [79] performed several experiments to compare the performance
of different word embedding generation methods such as word2vec and GloVe
to obtain the semantic representations of the tokens in a document for HTC
problems. Furthermore, they compared different classifier architectures such
as SVM [33], CNN, fastText [9], and XGBoost [11]. Lastly, they compared the
performance of the LCPN approach, which builds a classifier for each non-leaf
node, to the flat classification approach which ignores the class hierarchy. They
showed that the use of word embeddings significantly improved classification
performance for HT'C tasks and that the local classifier approach outperformed
the flat classifier approach by leveraging the hierarchical structure of the class
taxonomy.

Shimura et al. [76] proposed the Hierarchical Fine-Tuning based CNN
(HFT-CNN) model in 2018. HFT-CNN uses a LCL approach to train a CNN
classifier with max-pooling for each level of the class hierarchy. Initially, the
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first-level CNN classifier is trained to distinguish between the first-level classes
of the class hierarchy. The model initialises the embedding layer and convolu-
tional layer parameters of the second-level CNN classifier with the parameters
of the first-level classifier and repeats this process until the final level of the
hierarchy is reached. The rationale behind this design decision is that the pa-
rameters of higher levels serve as a good starting point for lower levels which are
fine-tuned with the training data for that level. HF T-CNN obtained Micro-F'1
and Macro-F1 scores of 80.29 and 51.40 respectively on the RCV1-V2 dataset.

Banerjee et al. [3] proposed the Hierarchical Transfer Learning (HTrans)
model which is a LCN approach that utilises transfer-learning in a top-down
fashion. Each of the classifiers comprise a GRU model with an attention
mechanism and a FCL with a sigmoid activation function. These classifiers
determine whether or not an instance belongs to the node associated with the
classifier. The parameters of each classifier are initialised with the parameters
of its parent classifier except for the final FCL which is reinitialised and the
embedding layer which is frozen after the first level. The rationale behind this
architecture is similar to the HFT-CNN approach [76] where the parameters
of parent classifiers serve as a good starting point for children node classifiers
which are fine-tuned on more specific data. HTrans outperformed HFT-CNN
by obtaining Micro-F1 and Macro-F1 scores of 81.51 and 58.49 respectively on
the RCV1-V2 dataset.

In 2022, Ma et al. [53] proposed the Hybrid Embedding-based text represen-
tation for Hierarchical Multi-label Text Classification (HE-HMTC) approach.
HE-HMTC uses a LCL approach where a classifier at a specific level leverages
the previous level’s prediction to improve classification performance. First, the
HE-HMTC approach obtains representations of the hierarchical class structure
which combine the structural and semantic information of the class nodes. The
hierarchical class structure is encoded through the Structural Deep Network
Embedding approach [87] which obtains embeddings for each node that cap-
ture the relationships between the nodes in the hierarchy. Furthermore, they
use the class name descriptions to obtain semantic embeddings of the classes
by averaging the word2vec embeddings of the class name tokens. They con-
catenate the two different embeddings, which capture the hierarchical and
semantic information of the classes respectively, to get the hybrid embedding
for each node in the hierarchy.

HE-HMTC obtains a vector representation of a text document by convert-
ing the document tokens to their word2vec embeddings and passing the em-
beddings through a GRU model. The classifier at a specific level leverages the
previous level predictions by concatenating the hybrid class embedding from
the previous level’s classification result to the text representation. Finally, the
concatenated feature representation is passed to a FCL with a softmax layer
to perform multi-class classification for the particular level. HE-HMTC out-
performed the HDLTex and HFT-CNN models by obtaining an accuracy of
78.51 on the WOS dataset.
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3.3 Global Classifier Approaches

Global classifier approaches attempt to leverage the hierarchical structure of
the class taxonomy by incorporating the hierarchical information into a single
model. Recently proposed HTC approaches typically use the global classifi-
cation paradigm [10, 16, 20, 32, 54, 62, 89, 90, 92, 100] and this paradigm is
also the focus of this thesis. Furthermore, the recently proposed global ap-
proaches generally report their results on the same three benchmark HTC
datasets (WOS, RCV1-V2, and NYT) with the same preprocessing steps and
dataset splits. Therefore, these approaches can be easily and fairly compared
to facilitate further research in the field of HT'C. Many global approaches have
been proposed which use a diverse range of techniques to incorporate the class
hierarchy information into the classification model. However, we focus on the
most recent and best-performing approaches in this chapter since they are the
most relevant to this thesis.

Some of the earlier proposed global methods used various techniques such
as recursive regularisation [20], reinforcement learning [54], meta-learning [92],
and capsule networks [62] to leverage the hierarchical class structure infor-
mation in a single classification model. However, more recent work has shown
that encoding the hierarchical class structure through a GNN architecture and
incorporating this information into the classification process can significantly
improve performance [10, 16, 32, 89, 90, 100].

In 2020, Zhou et al. [100] proposed the Hierarchy-Aware Global Model
(HIAGM) which comprises two different approaches for incorporating the class
hierarchy information into the classification model. Both of their approaches
use pre-trained GloVe word embeddings and obtain vector representations of
text documents by passing the word embeddings through an LSTM followed
by convolutional and max-pooling layers. They propose two methods for using
the document representations along with a GCN to solve the HTC problem.

Their first approach, HHAGM multi-label attention (HIAGM-LA), randomly
initialises embeddings for each class in the hierarchy and passes the class hi-
erarchy through a GCN which outputs an embedding for each class. These
class embeddings capture the hierarchical position of each class through the
aggregation of class embeddings performed by the GCN. Therefore, the class
embeddings are used as query vectors in an attention mechanism to determine
which features of a document are most relevant for each of the classes. The at-
tention mechanism obtains a weighted average of the document representations
and passes the result to a FCL which performs the final classification.

The second method, HIAGM text feature propagation (HHAGM-TP), passes
the document representation through a FCL which reshapes it to form the node
inputs to the GCN. These node representations are passed through the GCN
which provides hierarchy-aware text features for each node. Therefore, each of
the node features form a label-specific representation of the document which
captures the relative hierarchical position of that node. These node features
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are passed to a FCL which obtains the final classifications by predicting the
confidence scores of the document belonging to each of the classes. Zhou et al.
show that HHAGM-TP outperforms HIAGM-LA as well as previous state-of-
the-art approaches with Micro-F'1 scores of 85.82, 83.96, and 74.97 and Macro-
F1 scores of 80.28, 63.35, and 60.83 on the WOS, RCV1-V2, and NYT datasets
respectively.

In 2021, Chen et al. [10] proposed the Hierarchy-aware label semantics
Matching network (HiMatch) which formulates HTC tasks as a semantic match-
ing problem. HiMatch encodes a text document by converting the words to
pre-trained GloVe word embeddings and passing the embeddings through a
GRU model, followed by convolutional and max-pooling layers. The doc-
ument encoding is projected through a FCL to form the node inputs of a
GCN model which models the structure of the class hierarchy. Therefore, the
GCN combines the document representation with the hierarchical class infor-
mation to form hierarchy-aware document representations for each class as
in the HIAGM-TP approach. Furthermore, their approach creates hierarchy-
aware class embeddings by initialising them with the average of the class name
GloVe embeddings and similarly passing them through a GCN.

HiMatch projects the hierarchy-aware document and class embeddings into
a joint embedding space through separate FCLs in order to perform the seman-
tic matching task, i.e., identifying embeddings which are semantically similar.
The model measures the difference between the embeddings and tries to min-
imise the difference for correct matches while penalising incorrect matches
which have small distances between them in the embedding space. Further-
more, the model uses hierarchy-aware penalties to encourage the closest seman-
tic matching between the text representation and correct fine-grained nodes,
followed by correct coarse-grained nodes and incorrect siblings of fine-grained
nodes. Lastly, other incorrect nodes are penalised to be semantically the fur-
thest away in the joint embedding space. HiMatch outperformed the previous
state-of-the-art HHAGM-TP model by obtaining Micro-F1 scores of 86.20 and
84.73 and Macro-F1 scores of 64.11 and 80.53 on the WOS and RCV1-V2
datasets respectively.

Wang et al. [89] proposed the Hierarchy Guided Contrastive Learning (HG-
CLR) HTC approach in 2022. HGCLR uses a contrastive learning approach
to embed the hierarchical class structure information into a PLM. HGCLR
encodes the class hierarchy with a Graphormer model [98], where the node
embeddings for each class are initialised as the sum of the class embedding,
which is randomly initialised and learnt during training, and the name embed-
ding, which is the average of the BERT token embeddings of the class name.
The node embeddings are passed through the Graphormer to obtain class em-
beddings which capture the hierarchical position information of the classes.
Furthermore, they encode the tokens of a document by passing them through
a pre-trained BERT model to obtain the final hidden state for each token.

HGCLR uses the text and hierarchy-aware class representations to gener-
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ate positive examples, i.e., instances which have correctly assigned classes, by
removing a number of original tokens while retaining the correct classes. The
model determines the most important tokens for a particular class through
an attention mechanism guided by the class representation obtained by the
Graphormer. Therefore, for a particular class, the most important tokens of
the text document can be sampled to form a positive example that contains
very little noise. The positive example is passed to BERT and it is assumed
that it maintains its correct classes such that the classification loss of the pos-
itive sample guides the learning of the Graphormer and the positive sample
generation.

These pairs of text and positive example representations are used to per-
form contrastive learning [22] by calculating a contrastive learning loss which
penalises pairs that are incorrectly similar in the embedding space to guide
the training of the model. The rationale behind this design decision is that
the representations of the text and its positive example should be close in
the embedding space while examples from different pairs should be further
apart. Therefore, the model tries to minimise the loss of classification when
using the text representations, the loss of classification when using the gen-
erated positive samples, and the contrastive learning loss. During inference,
the model passes the final hidden state of the [CLS] token through a FCL
with a sigmoid activation function to obtain the confidence scores for each of
the possible classes. HGCLR outperformed previous state-of-the-art models
such as HHAGM and HiMatch on the WOS, RCV1-V2, and NYT datasets with
Micro-F1 scores of 87.11, 86.49, and 78.86 and Macro-F1 scores of 81.20, 68.31,
and 67.96 respectively.

The Hierarchy-Aware T5 model with Path-Adaptive Attention Mechanism
(PAAMHIA-T5) was proposed by Huang et al. [31] in 2022. Their approach
uses the T5 language model [67] which has a standard transformer architec-
ture, i.e., a stack of transformer encoder and decoder modules as depicted in
Figure 2.8. Therefore, the T5 model has a seq2seq architecture which is de-
signed to transform any NLP task into a text-to-text task through the encoder
and decoder modules.

First, PAAMHIA-T5 passes the text token sequence to the T5 encoder
to obtain the semantic feature representation of the token sequence. Fur-
thermore, the model transforms the hierarchical class set into a class token
sequence by representing intra-level connections between classes with “ 7 and
inter-level relationships with “/”. This class token sequence allows the model
to incorporate the class hierarchy into the TH model by forming the input
to the decoder. The decoder passes the class sequence through the masked
multi-head self-attention layer to obtain class representations which capture
the hierarchical relationships across the different levels. These hierarchy-aware
class representations are used as the queries in the encoder-decoder multi-head
self-attention mechanism where the encoded text representation forms the keys
and values. Therefore, the class representations are used to guide the decoder
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in determining which features of the text representations are most relevant for
classification. The output of the decoder is passed to a FCL with a softmax
function which forms the output of the model. Furthermore, the model uses
a path-adaptive attention mechanism which allows the model to dynamically
focus on the path of the currently generated class such that noise from other
paths may be ignored. This method uses an attention mask in the decoder
and a regularisation function during the training phase to guide the model to
focus on parent classes in the current path while penalising other paths.

PAAMHiA-T5 outperformed the HHAGM and HiMatch models by obtain-
ing Micro-F1 scores of 90.36, 87.22, and 77.52 and Macro-F1 scores of 81.64,
70.02, and 65.97 on the WOS, RCV1-V2, and NYT datasets respectively.
Furthermore, PAAMHiA-T5 outperformed HGCLR in terms of Micro-F1 and
Macro-F1 on the WOS (+3.25 and 40.44) and RCV1-V2 (+0.73 and +1.71)
datasets. However, it should be noted that the underlying T5 model com-
prises an encoder and decoder such that it uses twice the number of model
parameters as the other PLMs used in this thesis.

At a similar time, Jiang et al. [32] proposed the Hierarchy-guided BERT
with Global and Local hierarchies (HBGL) approach. The HBGL approach
uses BERT as a graph encoder to obtain class embeddings that capture the
class hierarchy structure by leveraging the pre-trained knowledge of BERT.
The class embeddings are initialised as the average of the BERT token embed-
dings of the class names and combined with position and segment embeddings.
The position embedding IDs are chosen as the hierarchy level of the class in
order to incorporate the hierarchical information into the class embedding.
Furthermore, the segment embeddings IDs are chosen as 1 to represent the
classes such that the BERT model can easily distinguish between classes and
text. The class embeddings are passed to BERT with an attention mask that
ensures that classes can only attend to their parent or child nodes and them-
selves. They use these input embeddings and attention masks to fine-tune a
BERT model with the MLM task by randomly replacing several class embed-
dings with a [MASK] token and trying to predict these masked classes during
training. After the training phase the model is used to obtain hierarchy-aware
semantic class embeddings for each class in the hierarchy.

HBGL uses the Local Hierarchy-aware Text Encoder (LHTE) to encode
a token sequence while leveraging the hierarchical information from each of
the text samples through the class embeddings obtained by the procedure de-
scribed above. The model obtains the local class hierarchy of a document as
a sequence by summing the class embeddings of the associated document at
each level of the hierarchy and concatenating the resulting embeddings for each
level. Therefore, the local class hierarchy captures the class embeddings of the
classes assigned to the document at each level. HBGL modifies the input to
the BERT model such that it includes the input text token sequence, the local
hierarchy, and a masked local hierarchy which comprises a [MASK] token for
each level of the class hierarchy. However, the model uses an attention mask
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in the multi-head self-attention layers to ensure that the input text tokens are
unable to attend to the local hierarchy and masked local hierarchy. Further-
more, the attention mask allows the masked local hierarchy to only attend to
predicted ancestor level classes in the hierarchy. These inputs are passed to
BERT which tries to predict the masked local hierarchy, i.e., the classes in each
level. Therefore, HBGL aims to leverage the hierarchy-aware class embeddings
to inform the prediction of [MASK] tokens for each level which finally form the
predicted classes. HBGL outperformed previous state-of-the-art approaches
such as HGCLR with Micro-F1 scores of 87.36, 87.23, and 80.47 and Macro-
F1 scores of 82.00, 71.07, and 70.19 on the WOS, RCV1-V2, and NYT datasets
respectively. HBGL also outperformed PAAMHIA-T5, whose underlying PLM
uses twice the number of model parameters, on all of the evaluation metrics
apart from the WOS Micro-F1 score.

Wang et al. [90] also proposed the Hierarchy-aware Prompt Tuning (HPT)
approach in 2022. Instead of applying the standard fine-tuning paradigm to a
PLM, they proposed a hierarchy-aware prompt tuning method which has the
objective of bridging the gap between the pre-training tasks of PLMs and the
downstream HTC task.

Prompt tuning attempts to transform the downstream task into the pre-
training task of the PLM to leverage the PLM more effectively during fine-
tuning [74]. They focused on the BERT model which uses the MLM pre-
training task to mask certain tokens in the input sequence and has the objec-
tive of predicting these tokens to drive the training process. Standard fine-
tuning approaches for text classification simply use the final hidden state of
the classification token ([CLS]) to perform classification and drive the fine-
tuning process. Alternatively, prompt tuning modifies the input sequence that
is passed to the model such that the fine-tuning task of the model is better
aligned with the pre-training task. This can be done, for example, by convert-
ing the input token sequence x, to “x is about [MASK]”  and passing it to the
PLM which tries to predict the [MASK] token.

To incorporate the class hierarchy through prompt tuning, HPT uses a
level-wise prompt tuning approach. Suppose the input text token sequence is
given as x and K is the number of levels in the hierarchical class structure.
HPT transforms the input sequence which is passed to BERT to “x [Vi]
[PRED] - -- [Vg] [PRED]”, where the task is to predict the [PRED] tokens as the
classes for each level. The prompt tokens ([Vy]- - [Vx]) represent the prompts
for each level in the class hierarchy and they have associated embeddings which
are learnt during training.

HPT uses a GAT to aggregate information from the classes in each of the
levels and obtain hierarchy-aware prompt embeddings. To obtain the level-wise
prompt embeddings they create K virtual nodes (P, ..., Pk) and connect each
virtual node P; to all of the nodes in the ¢-th level of the class hierarchy. This
allows the virtual nodes to capture all required node information of the as-
sociated level. The embeddings for the virtual nodes are randomly initialised
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and the embeddings for the class nodes are initialised by averaging the embed-
dings of their class name tokens. These nodes and their associated connections
are passed through the GAT to obtain the embeddings for each of the virtual
nodes which are used as the embeddings of the level-wise prompt tokens.

The modified input sequence is passed through a BERT model which ob-
tains the final hidden states for each of the tokens. The final hidden states of
the [PRED] tokens are used for classification in each of the associated levels.
Furthermore, global classifier approaches typically convert the HTC task into
a multiple binary classification problem with a binary-cross entropy loss func-
tion. However, this approach ignores the correlation between classes and since
MLM is a multi-class classification problem which uses a softmax function
and a cross entropy loss function, there is a gap between the pre-training and
fine-tuning tasks [90]. Therefore, HPT uses a zero-bounded multi-label cross
entropy loss function to bridge this gap. HPT outperformed previous state-of-
the-art methods such as HGCLR by obtaining Micro-F'1 scores of 87.16, 87.26,
and 80.42 and Macro-F1 scores of 81.93, 69.53, and 70.42 on the WOS, RCV1-
V2, and NYT datasets respectively. HPT only outperformed HBGL in terms
of Micro-F1 on RCV1-V2 (40.03) and Macro-F1 on NYT (4-0.23) but achieved
comparable performance across the three datasets apart from the RCV1-V2
Macro-F1 score (—1.54).

Table 3.3 summarises the performance results of the global classifier ap-
proaches mentioned above on the three commonly used benchmark datasets.
The results show that the state-of-the-art approaches include the PAAMHIiA-
T5, HBGL, and HPT models. However, as mentioned above, PAAMHiA-T5
uses an underlying PLM with twice the number of model parameters as the
other approaches such that they can not be directly compared fairly.

Table 3.3: Summary performance results of global classifier approaches on the three
most commonly used benchmark datasets.

Model Year WOS RCV1-V2 NYT
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

HiAGM-LA [100] 2020 84.82 79.51 82.54 61.90 72.50 58.86
HiAGM-TP [100] 2020 85.82 80.28 83.96 63.35 74.97 60.83

HiMatch [10] 2021  86.20 80.53 84.73 64.11 - -

HGCLR [89] 2022 87.11 81.20 86.49 68.31 78.86 67.96
PAAMHIA-T5 [31] 2022 90.36 81.64 87.22 70.02 77.52 65.97
HBGL [32] 2022 87.36 82.00 87.23 71.07 80.47 70.19
HPT [90] 2022 87.16 81.93 87.26 69.53 80.42 70.42
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Chapter 4

Prompt Tuning Discriminative
Language Models for Hierarchical
Text Classification

4.1 Introduction

As discussed in Chapter 3, many approaches have been proposed which aim
to leverage the structured class hierarchy in order to improve performance on
HTC tasks. In particular, global classifier approaches have shown to be a
promising area for future research with recently proposed HTC approaches fo-
cusing on this paradigm to achieve state-of-the-art performance on the bench-
mark WOS, RCV1-V2, and NYT datasets [31, 32, 90].

Recent global classifier approaches use GNNs to obtain feature represen-
tations of the class hierarchy and incorporate these representations into the
classification process in various ways [10, 16, 32, 89, 90, 100]. Moreover,
state-of-the-art approaches leverage the language understanding capabilities of
transformer-based PLMs by using different techniques to fine-tune the PLM
on downstream HTC tasks [31, 32, 90].

Wang et al. [90] state that even though the vanilla fine-tuning paradigm
has proven successful, recent studies indicate that this paradigm may suffer
from the gap between the pre-training and fine-tuning phases such that the
fine-tuned models are unable to effectively utilise the knowledge of PLMs [12].
The discrepancy between pre-training and fine-tuning arises since fine-tuning
tasks are rarely related to the tasks used to pre-train the language model.
Prompt tuning aims to reduce this gap by transforming the input sequence
such that the downstream task resembles the pre-training task of the PLM [74].
Therefore, as described in Chapter 3, Wang et al. [90] proposed the HPT
approach which solves HTC tasks through the prompt tuning paradigm for
PLMs that use the MLM pre-training task.

Yao et al. [96] proposed the Prompt Tuning framework for Discriminative

59
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PLMs (DPT) which applies the prompt tuning paradigm to discriminative
PLMs which use the replaced token detection pre-training task [14]. They
showed that their approach solved several NLP tasks, including text classi-
fication, more effectively than vanilla fine-tuning approaches. However, the
DPT approach requires representations of each class to form part of the in-
put sequence which is passed to the PLM. This reduces the number of tokens
available for the original input text. Therefore, DPT does not scale to classi-
fication tasks with a large number of classes due to the sequence length limits
of transformer-based PLMs which typically only allow 512 input tokens.

To the best of our knowledge, discriminative PLMs such as ELECTRA
and DeBERTaV3 have not been used to solve HTC tasks. Consequently, the
application of the prompt tuning paradigm to these models for HTC tasks
has not been investigated previously. Based on the observation that the DPT
approach has proven effective for flat text classification tasks and further that
the HPT approach has shown that the use of hierarchy-aware prompts achieves
impressive results on HTC tasks, we analyse the effectiveness of combining
these two approaches in this chapter.

We propose a new approach for solving HTC tasks called Hierarchy-aware
Prompt Tuning for Discriminative PLMs (HPTD). HPTD applies the prompt
tuning paradigm to discriminative PLMs for HTC tasks by using hierarchy-
aware prompts to transform the input sequence to resemble the RTD task
used during pre-training. Our approach reduces the gap between the pre-
training and fine-tuning phases, thereby leveraging the discriminative PLM
more effectively compared to previous approaches. Furthermore, we propose
several improvements to the DPT method that allows more space to be used
by text tokens in the input sequence. This is achieved by assigning the same
position IDs to class representations that belong to the same level of the class
hierarchy, as well as using a learnable embedding representation for each class.

We show the effectiveness of our method by achieving state-of-the-art re-
sults on two out of three commonly used benchmark datasets. Furthermore,
we analyse the robustness of our approach through rigorous experiments which
include an ablation study, stability analysis, and performance changes under
simulated low-resource settings.

4.2 Background

4.2.1 Vanilla Fine-tuning for Text Classification

Vanilla fine-tuning for text classification typically uses the classification token
[CLS], which is prepended to the start of the input sequence, as a represen-
tation of the document which is used for classification. The PLM obtains the
final hidden representation of the [CLS] token and passes it through a FCL
which obtains the confidence scores for each of the possible classes. Dodge
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et al. [18] show that the vanilla fine-tuning paradigm can produce highly un-
stable results, where different seeds which control the weight initialisation and
training data orders lead to significant variance in performance. Furthermore,
this paradigm typically leads to a gap between the pre-training and fine-tuning
phases since the tasks used to pre-train the model are different from the down-
stream tasks used during fine-tuning. Therefore, the language understanding
capabilities of the PLM may not be effectively leveraged to perform the down-
stream task during fine-tuning [12].

4.2.2 Prompt Tuning for Text Classification

Prompt tuning is a fine-tuning approach which aims to minimise the gap be-
tween pre-training and fine-tuning by transforming the input sequence such
that the downstream task resembles the pre-training task of the PLM [74].
The rationale behind this approach is that the model is able to utilise the
knowledge of the PLM more effectively during the fine-tuning phase which
improves performance on downstream NLP tasks.

Prompt tuning approaches have mostly been applied to PLMs which use
the MLM pre-training task [23, 65, 74]. For example, they transform the
input token sequence x = [xy, ..., x7], where T is the number of tokens in the
sequence, to “x is about [MASK]” and pass it to the PLM which tries to predict
the [MASK] token as the class that x belongs to.

Prompt tuning is broadly divided into two categories: hard prompts [74]
which select existing tokens from the vocabulary of the PLM to form the
prompts that are added to the input sequence, and soft prompts [23, 65| which
initialise a continuous vector representation for prompts and learn these repre-
sentations during training so that manually chosen prompts are not required.

4.2.3 Prompt Tuning for Discriminative Language
Models

Yao et al. [96] introduced the DPT approach which applies the prompt tuning
paradigm to discriminative PLMs to solve NLP tasks such as text classification.
For a flat text classification task, let L be the number of classes such that
{c1,...,cr} is the class set and {ti,...,t;} are the associated class name
tokens. For a text token sequence x, DPT modifies the input sequence to
“x Class: tq,...,t;”, where the model’s task is to predict whether each of the
class tokens tq,...,t;, are original (correct) or were replaced (incorrect).
The modified input sequence is passed to the discriminative PLM which
obtains the final hidden state for each token. The score for class ¢; is calculated
as:
S; = 1-— O-(WRTDhti) (421)
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where hy, is the final hidden state of token ¢;, and Wgrp is the RTD head, i.e.,
the final FCL of the PLM that maps the hidden state to an output representing
whether the token is original or replaced. For class names with more than
one token, DPT includes each of the tokens in the input sequence and uses the
score obtained for the first token as the score for the class as a whole.

4.3 Methodology

In this section we define our HTC approach named Hierarchy-aware Prompt
Tuning for Discriminative PLMs (HPTD). Figure 4.1 illustrates the high-level
architecture of HPTD.

Figure 4.1: The HPTD architecture during training. HPTD modifies the input
token sequence of length T (orange) by appending a template that comprises V'
prompts for each of the K levels in the class hierarchy (green), followed by a repre-
sentation of each class in the associated level (yellow). The tokens are passed through
the discriminative PLM to obtain the output for the class tokens which are used to
drive the training process.

4.3.1 Hierarchy-aware Prompts

We follow the same approach as HPT [90] to construct prompts for each of
the levels in the hierarchy to incorporate the hierarchical class structure in-
formation during the fine-tuning process. Figure 4.2 shows an example of
the high-level procedure used to obtain the embeddings of the hierarchical
prompts. We construct a graph that represents the K-level hierarchical class
structure of the associated task, and initialise the embeddings associated with
each node in the graph as the average of the embeddings of their class name to-
kens. Furthermore, we randomly initialise the embeddings of K virtual nodes
PY¥ie {l,..., K} where each virtual node P; is connected to each class node
at level 7 of the graph such that each virtual node can capture the information
of its associated level. This is achieved by passing the graph structure through
a GAT which aggregates the information between the classes in each level to

c )
T 1 T 1
[ de,, ] . [ dclle ] o [ doga ] o [ dCKvNK ]
f 1 f ?
[ Discriminative PLM ]
t t 1 1 1 1 1 1 T 1
[ezl][ezz]"'[ezT][pl,l ]-~~[P1,V][ C1,1 ][ C1,N; ][ Pk ]~~~[PK,V][ CK,1 ]"'[CK,NK ]
f t f i f f T T f i
[ Embedding layer ]
1 t 1 1 T T 1 T T T T
(o) (22 ) (7)) ((Pad) - ([Pd) ([C1ad )+ [ [Cin,] ] . [ [Pr 1] ] - ([Prad) ([Ckil ) ([Cron,])
I Input text a Prompts and class representations I
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Figure 4.2: High-level procedure used to obtain the hierarchical prompt embed-
dings. We construct the hierarchical class graph and attach virtual nodes that con-
nect to all of the classes at a particular level. The graph is passed through a GAT
which obtains the embeddings for the prompts associated with each level.

the virtual nodes. Finally, the embeddings of the virtual nodes are used as the
embeddings of the first prompt at each level (p11---Px.1)-

4.3.2 Model Architecture

Suppose we have a hierarchical class structure with K levels, and N; is the
number of classes in level ¢ € {1,..., K} of the hierarchy. Furthermore,
we have a text token sequence x, class tokens [C; ;] which represent classes
Jj €{1,...,N;} at levels ¢, and corresponding prompt tokens [P;,] which rep-
resent prompts v € {1,...,V}, where V is the number of prompts per level.
HPTD modifies the input sequence to transform the HTC task such that it
resembles the RTD task which predicts each of the class tokens ([C;;]1) as
original or replaced. Therefore, the input sequence which is passed to the
discriminative PLM is constructed as follows:

x[P - [Py]l[CiA]--- [Cind -

(4.3.1)
o [Pl - [Py1 [Cxal -+ [Crong ]

We omit the [CLS], [SEP] and [PAD] tokens for sake of clarity. The [PAD]
tokens are added before the prompt and class tokens for sequences that use
less than 512 tokens. This is done to guarantee that the prompt and class
tokens always preserve the same positions in the input sequence. The PLM
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converts each token to its vector representation through the embedding layer
to obtain:

X, P11y, P1V,Cl1y---sClLNys -+ s PE1s -+ s PEV,CR1, - - s CENge  (4.3.2)

where X = [x1,...,xy] are the embeddings of the input text tokens, p;, is
the prompt embedding for the v-th prompt at level 7, and c;; is the class
embedding for the j-th class at level i. The embeddings of the class tokens are
initialised with the average of their class name token embeddings, while the
embeddings of the first prompt token at each level (py; - - pk,1) are obtained
by the procedure described above. These embeddings are passed through the
discriminative PLM which obtains the output for each class token as:

Ay, sdoy ooy, s dog, (4.3.3)

where dc;, ; is the output score of the j-th class at level 1.

The class score that represents the confidence that the text document be-
longs to the j-th class at level 4 is calculated as s;; = 1—0(dc, ;). The rational
behind this formulation of the class scores is based on the fact that discrimi-
native PLMs’ objective is to assign small scores to original tokens and large
scores to replaced tokens [96]. The model uses these class scores to calculate
the classification loss using a binary cross entropy loss function as follows:

N;

L=~ Z i (yijlog(sij) + (1 — yiz)log(l — si 7)) (4.3.4)

i=1 j=1

where y; ; € {0, 1} is the ground-truth label for the j-th class in level 1.
During inference, the class scores are used to predict the multi-hot vector

Y' = [y11,---,Yk.n,) Which represents the class set associated with the text
document and is calculated as:
]_, Si i >
y@:{ =7 (4.3.5)
0, si; <7

where ~ is a threshold that determines whether the class is assigned to the
document or not.

4.3.3 Adaptions to DPT

As mentioned previously, the major shortcoming of the DPT approach for
text classification tasks is that it transforms the input sequence to include
the tokens associated with each of the class names in the label set. This
significantly reduces the available space for text tokens in the input sequence,
given the limited token sequence lengths in PLMs. This renders the approach
infeasible for text classification problems with a large number of classes because
there is little or no space left for the input text tokens.



https://scholar.sun.ac.za

CHAPTER 4. PROMPT TUNING DISCRIMINATIVE LANGUAGE MODELS
FOR HIERARCHICAL TEXT CLASSIFICATION 65

However, the only limitation that prevents input sequences from being
longer than the model’s predefined token sequence length are the position
embeddings assigned to tokens. These position embeddings are required since
transformer architectures do not naturally capture positional information [84].
Each word is assigned a position ID based on its position in the input sequence.
PLMs typically use a maximum sequence length of 512, so position IDs are
assigned from 0 to 511 sequentially for each of the tokens in the input sequence.
These position IDs are mapped to position embeddings through the position
embedding matrix, which is learnt during training and has a corresponding
length of 512. Therefore, the PLM does not accept position IDs larger than
511, since it does not have a corresponding entry in the position embedding
matrix.

To address this limitation of DPT, we assign the same position IDs to class
representations in the same level and use a learnable vector representation for
each class.

4.3.3.1 Position IDs

Given the structure of the input sequence formed by our approach, the position
ID assignments may be exploited to avoid the limitation of DPT. Since the
objective of the model is to determine whether the class representations after
a level-wise prompt are original or replaced, we argue that the positional
information of each class in the same level may be reused. Therefore, we as-
sign the same position IDs to all of the class tokens in the same level because
these classes have no inherent ordering. This allows HPTD to scale to HTC
tasks with much larger hierarchical class structures while maintaining many
more input text tokens than the DPT approach. Table 4.1 shows a compara-
tive illustration of the models’ encoding efficiencies by using this approach of
position ID assignments in HPTD.

4.3.3.2 Soft Class Representations

DPT uses the tokens of the class name descriptions to represent each of the
classes in the input sequence. Therefore, for class names that comprise multiple
tokens, each of the tokens are added to the input sequence and the first of these
tokens is used to obtain the class score. We improve this approach by creating
a learnable vector representation for each class token ([C;;]) and initialise
its embedding (c; ;) with the average of its token embeddings. This further
increases the number of input text tokens that can form part of the input
sequence compared to the DPT approach since each class only requires one
token.
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Table 4.1: Comparison of token space available for input text tokens using the
DPT and HPTD approaches for different hierarchical class structures. We assume
that the sequence length is limited to 512 tokens and the hierarchical prompts and
class representations are included in the input sequence as described in Section 4.3.2,
where the number of prompts per level (V') is 1. The columns “Levels” and “Classes”
give the number of levels and classes in the class structure, while “Tokens” is the
number of tokens that can be used for input sequence text and “%Tokens” is the
percentage of the maximum input sequence length (512) that is available for the
text tokens to occupy. “Additional tokens” is the number of additional tokens that
are passed to the model in HPTD over the 512 token sequence length of DPT. “Ill.
Ex.” stands for “Illustrative Example” which is an artificial dataset to show the
encoding efliciencies for the different approaches.

Dataset Levels Classes DPT HPTD
Tokens %Tokens Tokens %Tokens Additional tokens

WOS 2 141 369 72.07 508 99.21 +139

RCV1-V2 4 103 405 79.10 504 98.44 +99
NYT 8 166 338 66.02 496 96.88 4158
I11. Ex. 2 50 460 89.84 508 99.21 +48
I1l. Ex. 2 200 310 60.54 508 99.21 +198
I11. Ex. 2 800 0 0 508 99.21 +798
1. Ex. 8 50 454 88.67 496 96.88 +42
I11. Ex. 8 200 304 59.38 496 96.88 +192
I1l. Ex. 8 800 0 0 496 96.88 +792

4.4 Experiments

4.4.1 Threshold Selection

The commonly used approach for multi-label text classification tasks is to set
the threshold value v = 0.5. We compare this approach to three variations for
tuning ~ using the development sets of the associated datasets. The variations
are:

1. A single threshold ~ for all classes.
2. A threshold 7V k € [1, K] for each level.
3. A threshold v,V [ € [1, L] for each class.

We use a bootstrapping technique to determine the thresholds for each of
these approaches. We randomly sample 10% of instances from the development
set 100 times and calculate the Macro-F1 score for each sample for each of the
possible thresholds. The threshold for which the highest average Macro-F1
score is achieved over the 100 samples is chosen as the single threshold, or the
threshold for the associated level or label.
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4.4.2 Implementation Details

We implemented the HPTD approach using PyTorch, PyTorch Lightning,
and Hugging Face. For fair comparisons to previous approaches that use
BERT models [10, 32, 89, 90|, we use the electra-base-discriminator and
deberta-v3-base models from Hugging Face which have the same number
of model parameters as the bert-base-uncased model used by previous ap-
proaches. However, it should be noted that DeBERTaV3 uses a vocabulary
size of 128K as opposed to BERT and ELECTRA that only use 30K. We
used the Adam optimiser [36] and performed hyperparameter tuning on the
learning rate and batch size with possible values of {8e-6, 1e-5, 1.5e-5, 2e-5} and
{16, 32} respectively. We set the number of prompts per level (V') to 4. For the
threshold tuning approaches we considered the set {0.2,0.3,0.4,0.5,0.6,0.7} as
possible values for ~.

We trained the model on the training set for a maximum of 20 epochs and
stopped training when the Macro-F1 score on the development set did not
increase for 5 consecutive epochs. We chose the model and hyperparameter
combination which obtained the highest Macro-F1 score on the development
set to evaluate the performance of our models on the test set.

4.4.3 Main Results

In Table 4.2 we present the results of our approach compared to the most
recent HTC approaches using the three commonly used benchmark datasets.
We report the average performance from three runs with different random seeds
while using a fixed threshold () of 0.5 because previous approaches did not
tune this threshold. We use ELECTRA and DeBERTaV3 as the discriminative
PLMs in our approach and refer to the two models as HPTD-ELECTRA and
HPTD-DeBERTaV3 respectively.

Table 4.2: Performance comparisons of the HPTD approaches using the three
commonly used benchmark datasets.

Model WOS RCV1-V2 NYT
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1
HiMatch [10] 86.20 80.53 84.73 64.11 — —
HGCLR [89] 87.11 81.20 86.49 68.31 78.86 67.96
PAAMHIA-T5 ! [31] 90.36 81.64 87.22 70.02 77.52 65.97
HBGL [32] 87.36 82.00 87.23 71.07 80.47 70.19
HPT [90] 87.16 81.93 87.26 69.53 80.42 70.42

HPTD-ELECTRA 87.45 81.67 86.30 68.12 80.54 70.66
HPTD-DeBERTaV3 87.85 82.13 86.25 66.85 81.45 72.40

'Results obtained using twice the number of model parameters as the other approaches.
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The results show that HPTD-DeBERTaV3 outperforms HPTD-ELECTRA
on the WOS and NYT datasets and achieves comparable performance on
the RCV1-V2 dataset. HPTD-DeBERTaV3 generally outperforms HPTD-
ELECTRA due to DeBERTaV3’s improved performance on the RTD task.
These improvements can be attributed to the attention mechanism that calcu-
lates the attention weights between tokens through separate matrices on their
contents and relative positions, and the gradient-disentangled embedding shar-
ing method which prevents the “tug-of-war” dynamics where the generator and
discriminator pull token embeddings in different directions during training.

HPTD-DeBERTaV3 outperforms the current state-of-the-art approaches
(bar models with a significantly larger number of model parameters) on the
WOS and NYT datasets. Moreover, HPTD-DeBERTaV3 significantly outper-
forms previous approaches on the NYT dataset with F1 score improvements
of 0.98 (Micro) and 1.98 (Macro) percentage points. The NYT dataset has the
most complex hierarchical class structure with the deepest hierarchy, which
shows that our approach can leverage more complex hierarchical class struc-
tures effectively to improve classification performance. However, our approach
did not improve on the HBGL and HPT approaches when evaluated on the
RCV1-V2 dataset, which has 20,833 train and 781,265 test instances. We hy-
pothesise that our approach struggles to consistently classify classes that are
extremely scarce in the training data compared to previous approaches and
provide further analysis in Section 4.4.6.

4.4.4 Stability Analysis

Table 4.3 shows the average and standard deviation over the three runs for each
dataset to give an indication of the stability of our two models and provide
a baseline for future research. These results were obtained using a threshold
value of v = 0.5.

Table 4.3 shows that even though HPTD-DeBERTaV3 generally outper-
forms HPTD-ELECTRA, using ELECTRA as the discriminative PLM in our
approach improves the stability over multiple runs with different random seeds.
Furthermore, the results show that the Macro-F1 scores are generally more in-
consistent than Micro-F1 scores across multiple runs.

Table 4.3: The average performance results of evaluating the HPTD approaches
over three independent runs. The values in parentheses show the corresponding
standard deviations.

Model WOS RCV1-V2 NYT
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

HPTD-ELECTRA  87.45 (0.16) 81.67 (0.12) 86.30 (0.17) 68.12 (0.97) 80.54 (0.05) 70.66 (0.14)
HPTD-DeBERTaV3 87.85 (0.13) 82.13 (0.34) 86.25 (0.19) 66.85 (1.33) 81.45 (0.14) 72.40 (0.41)
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4.4.5 Ablation Study

To test the effectiveness of our approach, we remove some components of the
model and observe the impact that it has on performance. Table 4.4 shows
the ablation results for the HPTD-ELECTRA model on the development set
of the NYT dataset. We discuss the ablation study on the NYT dataset since
it has the deepest and most complex class hierarchy.

By removing the additional prompts, i.e., only using one prompt per level,
the Micro-F1 and Macro-F1 scores decrease by 0.27 and 0.47 respectively. This
shows that even though the additional prompts leave less space for input text
tokens, they can improve performance by providing better context of each level
before the associated class representations.

The removal of the hierarchical prompts, i.e., placing all the prompts before
the class representations, also reduces the performance of the model in terms
of Micro-F1 (—0.14) and Macro-F1 (—0.42) scores. Therefore, we believe that
the placement of the prompts before the class representations of their asso-
ciated level allow the model to leverage the hierarchical class structure more
effectively.

Finally, by removing the embeddings obtained by the GAT for the first
prompt at each level, i.e., randomly initialising all of the prompts, the Micro-
F1 and Macro-F1 both decrease with 0.10.

The ablation results on the WOS and RCV1-V2 datasets are shown in
Tables 4.5 and 4.6 respectively and generally show similarly decreasing perfor-
mance when removing the various components of HPTD.

Table 4.4: Results on the development set of NYT dataset when removing compo-
nents of the HPTD-ELECTRA model.

Ablation models Micro-F1 Macro-F1
HPTD-ELECTRA 80.56 71.99
-r.m. additional prompts 80.29 71.52
-r.m. hierarchical prompts 80.42 71.57
-r.m. GAT prompts 80.46 71.89

Table 4.5: Results on the development set of WOS dataset when removing compo-
nents of the HPTD-ELECTRA model.

Ablation models Micro-F1 Macro-F1
HPTD-ELECTRA 88.11 81.87
-r.m. additional prompts 88.02 81.73
-r.m. hierarchical prompts 87.60 81.24

-r.m. GAT prompts 87.77 81.64
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Table 4.6: Results on the development set of RCV1-V2 dataset when removing
components of the HPTD-ELECTRA model.

Ablation models Micro-F1 Macro-F1
HPTD-ELECTRA 87.12 68.45
-r.m. additional prompts 87.38 66.87
-r.m. hierarchical prompts 87.19 68.27
-r.m. GAT prompts 86.93 68.00

4.4.6 Level-wise Results

Figure 4.3 presents the Micro-F1 and Macro-F1 scores for the classes at each
level for the three benchmark datasets.

These figures show that the performance at a certain level is generally
directly correlated to the average number of training instances per class at
that level. We see that the Micro-F1 and Macro-F1 scores on the WOS
dataset significantly decrease from level 1 to level 2 as the average number
of training instances per class reduces. A similar trend is seen in the four-
level hierarchical class structure of the RCV1-V2 dataset but interestingly
the HPTD-ELECTRA model outperforms HPTD-DeBERTaV3 for the level 2
and 3 classes but HPTD-DeBERTaV3 performs significantly better for level 4
which only has a single class. The level-wise results on the NYT dataset show
that the performance generally decreases for the levels with fewer training in-
stances, apart from level 8 which has the lowest Micro-F1 and Macro-F1 scores
even though it has a higher average number of training instances per class than
levels 3 to 7. However, level 8 of the NYT dataset only has two classes which
likely leads to greater variance in performance compared to levels with more
classes.

4.4.7 Threshold Selection Results

Table 4.7 presents the results of the HPTD-ELECTRA and HPTD-DeBERTaV3
models for each of the threshold selection approaches.

The results show that a fixed threshold of 0.5 consistently achieves the
highest Micro-F1 scores across the three datasets for both of our models. We
believe that the other threshold selection approaches may overfit the devel-
opment datasets whereas the static 0.5 threshold generalises better to classes
with many instances in the test set.

The per-class threshold selection approach generally obtains the best Macro-
F1 scores across the three datasets. We hypothesise that this is because a tuned
threshold for each class allows better performance on classes which generally
require a lower or higher threshold.

Based on these results, a fixed threshold of 0.5 may be suitable for HTC
tasks that require majority classes to be classified accurately whereas a per-
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Figure 4.3: Level-wise performance results of the HPTD approaches on the three
benchmark datasets. The bar plot gives the F1 scores (left y-axis) for the different
approaches at each level of the hierarchy while the line plot shows the average training
instances for the classes at a particular level (right y-axis).

class tuned threshold may be beneficial for HTC tasks that require better
accuracy across all classes.
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Table 4.7: Performance comparisons of the different threshold selection approaches.
“0.5” uses a fixed 0.5 threshold for all classes, while “Single” uses a single tuned
threshold for all classes. “Level” and “Class” use a tuned threshold for each level and
class respectively.

Model vy WOS RCV1-V2 NYT

Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1
0.5 87.45 81.67 86.30 68.12 80.54 70.66
Single 87.18 81.75 85.83 68.47 80.37 70.73
Level 87.18 81.75 85.84 68.52 80.42 70.74
Class  87.28 81.93 86.24 68.57 80.50 70.83
0.5 87.85 82.13 86.25 66.85 81.45 72.40
Single 87.76 82.45 85.48 67.55 81.19 72.23
Level 87.81 82.46 85.78 67.55 81.26 72.33
Class  87.49 82.29 86.09 67.84 81.40 72.56

HPTD-ELECTRA

HPTD-DeBERTaV3

4.4.8 Low-resource Results

We simulate a low-resource setting to assess the robustness of our approach for
HTC tasks when fewer training instances are available. Following Wang et al.
[90], we randomly sample 10% of the training data to form the training set
and keep the other settings the same. Table 4.8 shows the performance results
of the HPTD models under the low-resource scenario. Again, the F1 scores
are computed as the average over three runs using different random seeds.

HPTD-DeBERTaV3 outperforms HPTD-ELECTRA in the low-resource
scenario on the WOS and NY'T datasets. Similar to the reasons given in Sec-
tion 4.4.3, we believe this is due to the improved capabilities of the DeBER-
TaV3 model which can be attributed to the disentangled attention mechanism
and the gradient-disentangled embedding sharing method. However, HPTD-
ELECTRA outperforms HPTD-DeBERTaV3 by 3.91 for the Macro-F1 score
on the RCV1-V2 dataset, showing that it may be a more suitable approach
for low-resource settings with extreme class imbalances.

For both of our models the Micro-F1 does not decrease as significantly
as Macro-F1 when using less training data. This shows that Macro-F1 is a
stricter metric since it weighs the performance of the classes equally where as
Micro-F1 is biased towards the performance of the majority classes.

Table 4.8: Performance results of the HPTD approaches under a low-resource
scenario where only 10% of the training data is used. For comparison the achieved
results when all training data is used are shown in parentheses.

Model WOS RCV1-V2 NYT
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

HPTD-ELECTRA  82.34 (87.45) 74.75 (81.67) 80.98 (86.30) 49.07 (65.12) 75.00 (80.54) 61.28 (70.66)
HPTD-DeBERTaV3 83.47 (87.85) 75.74 (82.13) 79.42 (86.25) 45.16 (66.85) 76.18 (81.45) 63.38 (72.40)
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4.5 Conclusion

In this chapter we proposed the Hierarchy-aware Prompt Tuning for Discrim-
inative language models (HPTD) method which effectively classifies text doc-
uments into hierarchical class structures. HPTD transforms the input token
sequence to include hierarchy-aware prompts followed by class representations
for the classes at each level in the hierarchy. Therefore, HPTD injects the HTC
task into the RTD pre-training objective used by discriminative language mod-
els and leverages the model more effectively by reducing the gap between the
pre-training and fine-tuning phases. Furthermore, we proposed improvements
to the standard approach of prompt tuning discriminative language models,
which allows us to scale HT'C tasks to significantly larger class hierarchies. We
performed extensive experiments which show that our approach is robust and
outperforms current state-of-the-art approaches on two out of three bench-
mark datasets. Finally, through the analysis of different approaches to tune
selection thresholds, we showed that a fixed threshold of 0.5 consistently ob-
tains the best Micro-F1 scores, whereas tuning a selection threshold per class
generally achieves the best Macro-F1 results.
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Chapter 5

Hierarchical Text Classification
using Language Models with
Label-wise Attention Mechanisms

5.1 Introduction

As discussed in Section 3.1, several approaches have been proposed which
use label-wise attention mechanisms in deep learning architectures to improve
classification performance on HTC tasks [4, 47, 50, 59, 80, 86]. These ap-
proaches add label-wise attention mechanisms to ANN architectures such as
CNNs [47, 59], RNNs [4, 86], and transformer-based PLMs [50, 80| for the
task of assigning ICD codes to the MIMIC datasets. The label-wise attention
mechanisms obtain label-specific weighted averages of the document features
by placing more weight on the most important features for each class sepa-
rately. Therefore, each class has a representation of the text document which
summarises the features of the document that are most important for the
classification of that class.

Previous approaches that fine-tune PLMs with label-wise attention mecha-
nisms either use the label-wise attention mechanisms proposed by Mullenbach
et al. [59] (CAML) or Vu et al. [86] (LAAT) but do not compare them and do
not propose improvements to them. Therefore, the use of label-wise attention
mechanisms to fine-tune PLMs for HT'C tasks has not been comprehensively
investigated in previous work. Furthermore, these approaches have only been
applied to the medical domain and have not been considered for HTC tasks
on the WOS, RCV1-V2, and NYT datasets.

In this chapter, we propose a HTC approach which adds a label-wise at-
tention mechanism and classification layer to a PLM and fine-tunes the model
for a given downstream HTC task. We compare the performance of several
label-wise attention mechanisms to determine the most suitable approach for
HTC tasks. These attention mechanisms include a label-wise attention layer

74



https://scholar.sun.ac.za

CHAPTER 5. HIERARCHICAL TEXT CLASSIFICATION USING LANGUAGE
MODELS WITH LABEL-WISE ATTENTION MECHANISMS 75

with a standard dot product alignment function [59], and an adapted version
of the general attention alignment function [86]. Furthermore, we investigate
the attention mechanism proposed by Vu et al. [86] which splits the attention
layers into the different levels of the class hierarchy and uses the information
of the parent-level predictions during the prediction task at a certain level.
Lastly, we propose an adaptation to this approach which uses the predictions
of all ancestor levels during the prediction task at a certain level.

Through comprehensive experiments on three benchmark HTC datasets
we show that our proposed label-wise attention mechanism approach gener-
ally outperforms the other approaches. We compare the BERT and RoBERTa
models as the underlying PLMs in our approach and show that using RoOBERTa
significantly improves performance on tasks with more complex class hierar-
chies. Furthermore, we show that our relatively simple approach obtains state-
of-the-art performance on two out of three benchmark HTC datasets.

We provide further analysis on the behaviour of our approach by con-
trasting its per hierarchy level performance against the other approaches and
investigating the impact that the per level training set size has on classification
performance. Lastly, we investigate the performance of the different label-wise
attention mechanisms in a simulated low-resource scenario with only 10% of
training instances available and show that using RoBERTa as the underlying
PLM significantly improves performance across the three datasets.

5.2 Methodology

Figure 5.1 depicts the high-level architecture of our HT'C approach which adds
label-wise attention and classification layers to a PLM.

( ( ) h ( )
X1 u E _’[ & H FCLl ]_’@
z - 3 = : : :
: ” g —’[ CL HFCLL ]—’( :: )
. Xr \_ /m\ J

Figure 5.1: Standard label-wise attention model architecture. We pass the text
token sequence (orange) through the PLM to obtain the final hidden states for each
token (blue). The final hidden states are used in the label-wise attention mecha-
nism which determines a label-specific representation of the document for each class
(green) and passes the representations through associated FCLs to obtain a confi-
dence score for each class (yellow).
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5.2.1 PLM
Our approach passes the input token sequence x = [zy,. .., 2] of length T to

the PLM which converts each token through the embedding layer to obtain
the token embeddings E = [ey,...,er]. We pass these embeddings through
the PLM to obtain H = [hy, ..., hy] € RT*%% where h;Vi € {1,...,T} is the
final hidden state of the i-th token and dj is the dimension size of the hidden
states. We compare the BERT and RoBERTa PLMs in our experiments.

5.2.2 Attention Layer

We use the label-wise attention mechanisms proposed by Mullenbach et al.
[59] (CAML) and Vu et al. [86] (LAAT) to convert the concatenated final
hidden states (H) to a matrix C € RE*9% where L is the number of classes
and each row c;Vj € {1,...,L} is a label-specific vector representation of
the text document. These two attention mechanisms use similar techniques
to obtain the attention weights but differ in that they use the dot product
attention (DPA) and general attention (GA) functions respectively. Using the
DPA approach, the attention weights are calculated as follows:

a = softmax(Uppy H) (5.2.1)

where Uppy € REX% is a weight matrix that is learnt during training and
a € RE*T is the attention weight matrix which represents the attention weights
of each token for each class. The GA approach extends DPA so that the
attention weights are calculated as follows:

7 = tanh(QGAHT)
a = softmax(UgaZ)

where Qga € R%>*% and Ugy € RE*% are weight matrices that are learnt
during training and d,, is a chosen hyperparameter which is used to control the
dimension sizes of the weight matrices.

The attention weight matrix is used to calculate the label-wise representa-
tions of the document as follows:

C=aH (5.2.4)

where the j-th row (c;) of the matrix C € R*% represents the information
of the document with regard to class j.

5.2.3 Output Layer

The output layer uses the label-wise document representations from the C
matrix and passes each row through a separate FCL with a sigmoid activation
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function (o). Therefore, the confidence score of the document belonging to
class j is calculated as follows:

y; = o(w; - c; +bj) (5.2.5)
where c; is the j-th row in C. We pack the weight vectors wy, ..., wy, and bias
units by, ..., by into a weight matrix W € RE*% and bias vector by € R* to

compute the predictions of all classes as follows:
y' =o((W®C)1+by) (5.2.6)

where ® is the element-wise multiplication operator and 1 € R% is a vector
of ones which is used to obtain the sums over the hidden dimensions.

These confidence scores are used during training to minimize the binary
cross-entropy loss which is calculated as:

L== (ylog(y)) + (1 - y;)log(1 — ;) (5.2.7)

J=1

where y; € {0,1} is the ground truth label for class j.
During inference, the confidence scores are used to predict the multi-hot

vector Y' = [V, ..., Y]] which represents the class set associated with the text
document and is calculated as:
1 >
/=4 =T (5.2.8)
0, y; <v

where 7 is a threshold that determines whether a class j is assigned to the
document or not.

5.2.4 Hierarchical Attention Mechanisms

We also use the label-wise attention mechanism proposed by Vu et al. [86]
for the JointLAAT model which leverages the parent-level predictions and
splits the attention layers for the levels of the class hierarchy. Figure 5.2
illustrates the high-level architecture of this approach which we refer to as
the hierarchical label-wise attention (HLA) mechanism. Suppose we have a
structured class hierarchy with K levels, and Ny is the number of classes in level
k€ {1,..., K}. HLA obtains the label-wise representation of the document for
each class j € {1,..., N1} in the first level by passing the concatenated hidden
states (H) through the attention layer associated with level 1 (Attention;) to
obtain C; = [c11,...,C1,n,] Where ¢y ; is the label-specific representation of
the document for the j-th class in level 1.

HLA passes the level 1 class representations through their associated FCLs
to obtain the level 1 predictions y| = [y} 1,...,%] n,], Where ¥} ; is the confi-
dence score of the j-th class in level 1. The predictions are passed through a
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Figure 5.2: Hierarchical label-wise attention model architecture. We pass the input
token sequence (orange) through the PLM to obtain the concatenated final hidden
states (blue). These are passed to level-specific attention layers to obtain the label-
specific representations of the token sequence for each level (green). The predictions
of the first-level classes (yellow) are passed through a FCL to obtain a representation
of the output (purple) which is concatenated to the label-specific vectors of level two.
We repeat this process of using the previous level predictions until the final level of

the hierarchy is reached.
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FCL with a sigmoid activation function to obtain a vector representation of
the predictions at level 1 as:

s;1 = o(yiF1) (5.2.9)

where F; € RM*4 is a weight vector and dj, is a hyperparameter which con-
trols the dimension size of the prediction vector representation. HLA obtains
the label-specific vectors for the second-level (Cs) from the associated atten-
tion layer (Attentiony) and concatenates the vector s; to each label-specific
vector in level 2 as follows:

D, = [Concat(cay,81), - .., Concat(ca Ny, S1)] (5.2.10)
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where Concat concatenates the vectors and Dy € RN2*(dntdr) contains the
label-wise representations of the document for the second-level classes. The
rows of Dy are passed through their associated FCLs to obtain the predictions
for the second level y5 = [y, ...,¥5 n,]- These predictions are used to deter-
mine the level 2 prediction vector representation (ss) which is concatenated to
the label-wise representations of the third-level classes (Cs). This procedure
is continued until the final level K is reached and the predictions for each level
are combined to form the final prediction scores for the document.

We extend this approach by concatenating all of the ancestor-level predic-
tion representations to the label-specific representations of the current level.
Therefore, for the third level of the class hierarchy, the label-wise representa-
tions of the document is calculated as:

D; = [Concat(cs 1, 81,82), - .., Concat(cs n,, S1,S2)] (5.2.11)

This allows the current-level predictions to leverage the information of all
higher-level predictions, as opposed to only the parent-level predictions. We
refer to this approach as global hierarchical label-wise attention (GHLA) due
to the use of all ancestor-level predictions.

5.2.5 Learning Rate Adaptions

To effectively fine-tune the PLM with the added label-wise attention and clas-
sification layers, we use three learning rate adaption techniques which include:
learning rate warmup, learning rate decay, and layer-wise learning rate decay.

The learning rate warmup linearly increases the learning rate from approx-
imately 0 to the assigned learning rate (1) within a number of steps during
the first epoch of training. This prevents the model from overfitting on the
first few steps of the training process by gradually increasing the learning rate.
The number of steps used to linearly increase the learning rate is calculated
by multiplying the total number of steps in an epoch with a warmup fraction
A

The learning rate decay is applied after the learning rate warmup steps and
linearly decreases the learning rate based on the current epoch number (v) as
follows:

Mo = 1) X max ((1— 01—01)7 0.1) (5.2.12)

where 7, is the learning rate for epoch v. Therefore, the learning rate multipli-
cation factor is linearly decreased from 1 to 0.1 over 10 epochs after which it
stays constant at 0.1. We use this approach, as opposed to linearly decreasing
the multiplication factor to 0, to allow the model to train for an extra few
epochs if it improves.

The layer-wise learning rate decay technique exponentially reduces the ini-
tial learning rate from the highest to the lowest layer of the model, where the
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highest and lowest layers are the output and input layer respectively. Suppose
we have an assigned learning rate of n and a decaying fraction of 5. The initial
learning rate for the r-th highest layer of the model is calculated as:

" =nxpg (5.2.13)

In the context of our model architecture, we group the label-wise attention
and classification layers to form the top layer with the initial learning rate 7.
Furthermore, the layers of the PLM are split into the different transformer-
based encoder layers and the embedding layer. These layer-wise learning rates
use the same warmup and decaying strategies during training based on their
initial learning rates. The reasoning behind the layer-wise learning rate decay
approach is that the lower layers of the PLM generally encode high-level or
general information while the higher layer representations are more specific to
the pre-training task of the PLM [99]. Therefore, by decreasing the learning
rates from the highest to the lowest layers of our model, we are able to leverage
the language understanding capabilities of the PLM while allowing the task-
specific layers to be learnt more effectively.

5.3 Experiments

5.3.1 Implementation Details

We implemented our approaches with the PyTorch, PyTorch Lightning, and
Hugging Face libraries. We compared BERT and RoBERTa as the PLM in
our models and used the bert-base-uncased and roberta-base models from
Hugging Face.

We used the Adam optimiser [36] and performed hyperparameter tuning on
the initial learning rate (n) and batch size with possible values of {7.5¢-5, le-4,
2e-4,3e-4} and {16, 32} respectively. We chose the learning rate warmup and
layer-wise learning rate decay fractions as A = 0.1 and 8 = 0.8 respectively.
Furthermore, we tuned the value of d, with possible values of {256,512} and
chose dp = 128 along with a threshold v = 0.5. We used a maximum of 12
epochs and stopped training if the harmonic mean between the Micro-F1 and
Macro-F1 on the development set did not increase for 5 consecutive epochs.
For the hierarchical attention mechanisms we use GA as the attention layers
associated with each level.

We trained each model on the training set and chose the hyperparameter
combination which obtained the highest harmonic mean between the Micro-
F1 and Macro-F1 scores on the development set. The chosen models were
retrained with three random seeds and evaluated on the test set. Therefore,
for all experiments in the following subsections, we report the average over
three runs with different random seeds.
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5.3.2 Main Results

Table 5.1 presents the results of our approaches compared to the recently
proposed HTC approaches. We compare the different attention mechanisms
with a BERT PLM and select the best performing approach and substitute
RoBERTa as the PLM for comparison purposes.

Table 5.1: Performance comparisons of the approaches proposed in this chapter
using the three commonly used benchmark datasets.

Model WOS RCV1-V2 NYT
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

HiMatch [10] 86.20 80.53 84.73 64.11 — —
HGCLR [89] 87.11 81.20 86.49 68.31 78.86 67.96
PAAMHIA-T5! [31] 90.36 81.64 87.22 70.02 77.52 65.97
HBGL [32] 87.36 82.00 87.23 71.07 80.47 70.19
HPT [90] 87.16 81.93 87.26 69.53 80.42 70.42
DPARERT 87.13 81.48 87.07 68.45 79.67 68.27
GABERT 87.05 81.46 86.88 69.11 80.06 68.56
HLARBERT 87.17 81.55 86.71 68.45 79.60 68.06
GHLARERT 87.17 81.55 87.19 68.62 79.67 68.67
GHLARGBERT: 87.00 81.44 87.78 70.21 81.41 72.27

'Results obtained using twice the number of model parameters as the other approaches.

Our results show that the DPA and GA approaches generally perform sim-
ilarly across the three benchmark dataset. However, GA shows improvements
over DPA in terms of Macro-F1 on the RCV1-V2 (+0.66) and NYT (40.29)
datasets. Our proposed GHLA approach outperforms the DPA and HLA ap-
proaches on all three datasets. It should be noted that the results on the WOS
dataset for HLA and GHLA approaches are the same because the WOS class
hierarchy only comprises two levels. Furthermore, GHLA outperforms the GA
approach on all of the performance measures except for the RCV1-V2 Macro-
F1 score and the NYT Micro-F1 score. We hypothesise that GHLA generally
outperforms the other label-wise attention mechanisms because it is able to
leverage the information of all the ancestor level predictions by splitting up
the attention layers at each level. Therefore, GHLA is able to focus on the
predictions at a particular level while ignoring classes in lower levels and using
the predictions of previous levels to improve performance on HTC tasks.

We select GHLA since it is the best performing label-wise attention mecha-
nism and use RoOBERTa as the PLM to compare the difference in performance
when using the two PLMs. The results show that the RoBERTa PLM sig-
nificantly improves the results on the RCV1-V2 and NYT datasets in terms
of Micro-F1 (+0.59 and +1.74 respectively) and Macro-F1 (+1.59 and +3.60



https://scholar.sun.ac.za

CHAPTER 5. HIERARCHICAL TEXT CLASSIFICATION USING LANGUAGE
MODELS WITH LABEL-WISE ATTENTION MECHANISMS 82

respectively). Furthermore, GHLARggrTa improves on state-of-the-art ap-
proaches on RCV1-V2 in terms of Micro-F1 (+0.52) and NYT in terms of
Micro-F1 (+0.94) and Macro-F1 (+1.85). The NYT dataset has the most
complex class hierarchy while the RCV1-V2 class hierarchy is also more com-
plex than WOS. Therefore, due to the significant performance improvements
on the NYT dataset particularly, we hypothesise that using RoBERTa as the
PLM allows our GHLA approach to more effectively handle complex class
hierarchies in general.

5.3.3 Stability Analysis

Table 5.2 presents the results of our proposed approaches with standard de-
viations over the three runs with different seeds. The results show that the
DPA and GHLA approaches produce the most stable results on the WOS
and RCV1-V2 datasets respectively. Furthermore, the HLA approach has a
significantly higher standard deviation on the RCV1-V2 dataset compared to
the other label-wise attention mechanisms. Lastly, the results show that the
Macro-F1 metric generally produces higher deviation across the multiple runs
than the Micro-F1 scores.

Table 5.2: The average performance results of evaluating the approaches proposed
in this chapter over three independent runs. The values in parentheses show the
corresponding standard deviations.

Model WOS RCV1-V2 NYT
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

DPAggrr 87.13 (0.09) 81.48 (0.13) 87.07 (0.18) 68.45 (0.22) 79.67 (0.11) 68.27 (0.26)

GABERT 87.05 (0.17) 81.46 (0.23) 86.88 (0.07) 69.11 (0.04) 80.06 (0.09) 68.52 (0.25)

HLAggRT 87.17 (0.13) 81.55 (0.14) 86.71 (0.46) 68.45 (1.74) 79.60 (0.04) 68.06 (0.30)

GHLAggrr  87.17 (0.13) 81.55 (0.14) 87.19 (0.04) 68.62 (0.03) 79.67 (0.22) 68.67 (0.33)
(0.16) (0.23)

(0.22)
GHLARopErTa 87.00 (0.16) 81.44 (0.23) 87.78 (0.05) 70.21 (0.39) 81.41 (0.09) 72.27 (0.23)

5.3.4 Level-wise Results

Figure 5.3 presents the Micro-F1 and Macro-F1 scores for the classes at each
level for the three benchmark datasets. Our results show that the average
number of training instances per class at a certain level generally has a di-
rect correlation with the performance at that level. On the WOS dataset we
see that the Micro-F1 and Macro-F1 scores are significantly higher for the
first-level classes than the second-level classes. We also see that the average
number of training instances are much larger for level 1 classes (4295) than
level 2 (224). Similarly, the Micro-F1 and Macro-F1 scores on the NYT dataset
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show how the average number of training instances per level relates to the per-
formance differences for the classes at each level. Furthermore, the results on
the RCV1-V2 and NYT datasets show that the GHLAR,ggrT2 model is gen-
erally able to leverage the class hierarchy more effectively to outperform the
other approaches particularly on the levels with fewer training instances.
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Figure 5.3: Level-wise performance of the approaches proposed in this chapter on
the three benchmark datasets. The bar plot gives the F1 scores (left y-axis) for
the different approaches at each level of the hierarchy while the line plot shows the
average training instances for the classes at a particular level (right y-axis).
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5.3.5 Low-resource Results

Table 5.3 presents the results of the approaches for the low-resource setting
where only 10% of training data is used as the training set. The results
show that the GHLARyggrTa model outperforms the other approach on all
three benchmark datasets, with significantly higher Macro-F1 scores on the
RCV1-V2 and NYT datasets. Furthermore, the DPA mechanism generally
outperformed GA, showing that this mechanism may be more suitable for
low-resource settings. The HLA mechanism outperformed GHLA on the WOS
and RCV1-V2 dataset, but GHLA obtained a significantly higher Macro-F1
score on the NYT dataset, showing that it is able to leverage the more complex
class hierarchy to improve performance on scarcely represented classes.

Table 5.3: Performance results of the approaches proposed in this chapter under a
low-resource scenario where only 10% of the training data is used. For comparison
the achieved results when all training data is used are shown in parentheses.

Model WOS RCV1-V2 NYT

Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1
DPAggRT 79.41 (87.13) 67.51 (81.48) 82.81 (87.07) 52.33 (68.45) 72.29 (79.67) 49.29 (68.27)
GABERT 79.45 (87.05) 67.50 (81.46) 82.79 (86.88) 49.32 (69.11) 72.54 (80.06) 48.75 (68.56)
HLABgRT 79.53 (87.17) 67.73 (81.55) 82.74 (86.71) 51.87 (68.45) 72.28 (79.60) 45.84 (68.06)
GHLARERT 78.39 (87.17) 67.03 (81.55) 82.51 (87.19) 50.74 (68.62) 72.42 (79.67) 50.04 (68.67)

GHLARogERT. 79.76 (87.00) 68.98 (81.44) 84.45 (87.78) 55.24 (70.21) 75.70 (81.41) 57.85 (72.27)

5.4 Conclusion

In this chapter we proposed a new HTC approach which adds label-wise at-
tention and classification layers to a PLM which is then fine-tuned on a given
downstream classification task. It based on an approach which splits the at-
tention layers for each of the levels of the class hierarchy. We suggested an
adaption to allow the predictions at a certain level to leverage the informa-
tion of all ancestor level predictions. We evaluated our suggested adaption by
comparing it to different label-wise attention mechanisms approaches through
comprehensive experiments on three benchmark datasets. We showed that
our proposed label-wise attention mechanism generally outperforms the other
approaches. In addition, we also compared BERT against RoBERTa as the
underlying PLM and found that using the RoBERTa model significantly im-
proved performance on benchmark datasets that comprise more complex class
hierarchies. Finally, we showed that our label-wise attention mechanism with
the RoBERTa PLM obtains state-of-the-art performances on two of the three
benchmark datasets.
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Chapter 6

Combining Language and Topic
Models for Hierarchical Text
Classification

6.1 Introduction

The approaches proposed in Chapters 4 and 5 use different techniques to fine-
tune the parameters of a PLM for HTC tasks. Fine-tuning PLMs is the
standard approach used for most NLP tasks since it leverages the language
understanding capabilities of the PLM while adjusting the parameters for the
specific downstream task. However, PLMs can also be used as feature ex-
traction models by passing a text token sequence through the PLM to obtain
semantic and contextual representations for each token in the sequence with-
out updating the parameters of the model. These features can be used to train
a new model which aims to learn the functional mapping from the extracted
features to the expected output.

Topic models are also used to extract features from a text document by
creating abstract topics which are represented by a distribution of words in
a corpus of documents. Topic models allow us to represent each document
and word as a distribution over the set of abstract topics such that these
representations capture the corpus-level topics.

Liu et al. [52] proposed a text classification approach which combines the
semantic representations extracted from a PLM with the topic representations
extracted from a topic model. Their approach used a PLM and a LDA topic
model to extract features from text documents to train a CNN classifier. The
reasoning behind the combination of these feature extraction models is that
the representations obtained from the PLM capture the granular semantic
and contextual information of the document while the topic model extracts
higher-level “global” information which considers the entire corpus of docu-
ments. Their results showed that by combining the features obtained from the

85
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two models they were able to improve classification performance on MLTC
tasks. They state that combining the semantic- and contextually-aware token
representations from the PLM with the “global” topic representations of a LDA
topic model improves performance since the features capture different granu-
larities and attributes which can be used to distinguish between the classes of
the text documents.

The combination of document representations extracted from a PLM and
topic model has not been investigated for HT'C tasks in previous work. There-
fore, in this chapter, we evaluate the efficacy of using a PLM and a topic
model to extract features from text documents which are used to train a clas-
sifier model for HT'C tasks. The objective of this investigation is to determine
whether the improvements obtained by the combination of features which cap-
ture different granularities of the document generalises from the text classifi-
cation approach proposed by Liu et al. [52] to HTC tasks. Therefore, we aim
to evaluate whether topic models may provide valuable information for distin-
guishing between different classes as opposed to the standard approach of only
using a PLM to extract the semantic representations of the documents.

We propose an approach which uses a BERT PLM and a BERTopic model
to extract features from a document which are separately passed through ded-
icated convolutional layers. Subsequently, the output of the convolutional
layers are combined and passed through label-wise attention and classification
layers to obtain the final output of the model. We evaluate our proposed model
on three benchmark HTC datasets and show that using the topic model fea-
tures generally worsens the classification performance compared to only using
the PLM features. Furthermore, the results show that using a PLM as a fea-
ture extractor to train a CNN with label-wise attention consistently performs
significantly worse than recently proposed approaches, as well as the other
approaches proposed in this thesis.

6.2 Background

Peinelt et al. [61] proposed the topic-informed BERT-based model (tBERT)
which combines information extracted from a LDA topic model with a BERT
PLM for semantic similarity prediction tasks which have the objective of mea-
suring the semantic similarity between text documents. To determine the
semantic similarity between two documents, tBERT first concatenates the two
documents and passes them through a BERT model to obtain the sentence pair
representation from the final hidden state of the [CLS] token. Furthermore,
tBERT uses a topic model to extract abstract topics from the corpus of doc-
uments and represents each document as a distribution over these topics such
that they capture the most important topics associated with each document.
They concatenate the representations from the BERT and topic models and
pass these features through a FCL to obtain the output of the model which
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represents the semantic similarity of the documents. They show that combin-
ing the representations extracted from a topic model and a PLM improved
performance over multiple semantic similarity prediction tasks, especially in
domain-specific cases.

As described in Section 3.1, Liu et al. [52]| extended the idea of combining
PLMs and topic models by proposing an approach for MLTC tasks which
uses a BERT-based PLM and a LDA topic model to obtain “local” semantic
and “global” topic information of documents respectively. They showed that
combining the local semantic and global topic representations from the PLM
and topic models improved classification performance. They state that the
combination of these two feature extraction approaches allows the classifier
model to leverage the different attributes and granularities of the semantic
and topic representations. More specifically, the global topic representations
capture higher-level information of the topics contained in the corpus which
enables the improved performance.

6.3 Methodology

Figure 6.1 illustrates the high-level architecture of our HTC approach which
combines representations from a PLM and a topic model to train a model which
comprises convolutional layers followed by label-wise attention and classifica-
tion layers.
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Figure 6.1: Model architecture for extracting features from language and topic
models to train a CNN classifier with label-wise attention and classification layers.
The input text token sequence (orange) is separately passed through the PLM and
topic model to obtain local semantic embeddings (green) and global topic embeddings
(blue) for each token in the input sequence and the sequence as a whole. These fea-
tures are passed through separate convolutional layers whose outputs are combined
and passed through a label-wise attention layer which obtains label-specific represen-
tations of the document (purple). Finally, these representations are passed through
their associated label-wise FCLs which calculate the confidence of the document
belonging to each of the possible classes (yellow

~—



https://scholar.sun.ac.za

CHAPTER 6. COMBINING LANGUAGE AND TOPIC MODELS FOR
HIERARCHICAL TEXT CLASSIFICATION 88

6.3.1 Feature Extraction

Suppose we have a text token sequence x = [x1, ..., zr|, where T is the number
of tokens in the sequence. We extract local semantic and global topic feature
vectors for each token in the sequence and the sequence as a whole through a
PLM and topic model respectively.

We extract local semantic representations by passing the text token se-
quence through a PLM to obtain the final hidden states of the token sequence
as H = [hy,... hy] € RT*% where h,Vt € {1,... T} is the final hidden state
for token z; and dj, is the dimension of the hidden states. These embeddings
provide “local” context and semantics of the tokens in a document without con-
sidering the other documents in the corpus. Furthermore, the PLM extracts
the document-level information through the final hidden state of the [CLS]
token as hpgg € R%.

The topic model creates d; abstract topics where each topic is a distri-
bution over the words in the corpus of documents such that it captures the
semantics of the topic. We obtain a document-level topic vector z € R% which
is a distribution over the dy topics obtained by the topic model such that z
represents the information of the document in terms of the abstract topics.
Similarly, each word in the document is represented as a distribution over
the set of abstract topics such that topic representations are obtained for the
document words as T = [t,...,ty] € RT*% where t,Vt € {1,...,T} is the
topic vector for token x;. Each of these vectors represent the confidence of the
token or document belonging to each of the topics created by the topic model.
Therefore, the topic representations provide a “global” topic representation of
each word and document by considering the context of the topics found in the
corpus as a whole.

6.3.2 Convolutional Layer

The feature vectors obtained by the language and topic models are passed
through separate convolutional layers with identical architectures to extract
patterns from the respective sequences.

We use a convolutional layer which comprises P convolutional channels
with different filter sizes, where each channel groups together different length
sequences of word and document embeddings to extract various patterns from
the feature representations of the document. Furthermore, we use () con-
volutional filters for each convolutional channel, such that each filter learns
different patterns from the input sequence to produce () feature vectors. We
add padding (zero vectors) to the start and end of the token sequence, such
that all of the convolutional filters step over the token sequence to obtain a
T-dimensional output vector q;Vi € {1,...,Q}. Each convolutional channel
combines the outputs from its convolutional filters to obtain a feature matrix
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Q = [q1,...,9¢] € RYT. We concatenate the features obtained by each
convolutional channel to form the output of the convolutional layer.

We prepend the final hidden state of the [CLS] token to the final hid-
den states of the token sequence (H) and pass it to the convolutional layer
associated with the PLM to obtain the output as U = [uy,...,ug] € R®*T
where S = P - ). Similarly, we prepend the document topic vector (z) to the
sequence of token topic vectors (T) and pass it through its associated con-
volutional layer to obtain the output as R = [ry,...,rs] € R¥*T. Finally,
we concatenate the output from the two separate convolutional layers to form
G=[uy,...,ug,ry,...,rg] € R**T

6.3.3 Attention and Output Layers

For our standard architecture shown in Figure 6.1 we consider the label-wise
attention mechanism from Vu et al. [86] (LAAT) to convert the concatenated
feature vectors from the convolutional layers (G) to a matrix C € RE*T | where
L is the number of classes and each row ¢;Vj € {1,..., L} is a label-specific
vector representation of the text document. As in Section 5.2.2, we refer to this
attention mechanism as the general attention (GA) approach which calculates
an attention weight matrix o € R¥*2% to represent the attention weights of
each feature for each class as follows:

7 = tanh(QGAGT)
a = softmax(UgaZ)

where Qga € R%*T and Ugy € RY*% are weight matrices that are learnt
during training and d, is a chosen hyperparameter.

The attention weight matrix is used to calculate the label-wise representa-
tions of the document as follows:

C=aG (6.3.3)

where the j-th row (c;) of the matrix C € RE*7 represents the information of
the document with regard to class j.

We also consider the global hierarchical label-wise attention (GHLA) mech-
anism as proposed in Section 5.2.4 and use the same output layer architecture
as discussed in Section 5.2.3. We refer to this architecture as Topic Attention
CNN (TopAttCNN) such that TopAttCNNga and TopAttCNNgypa are the
architectures which use the GA and GHLA mechanisms respectively.
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6.4 Experiments

6.4.1 Implementation Details

We used the bert-base-uncased model from Hugging Face as the PLM in
all of our experiments which is the standard BERT model used in previ-
ous approaches. We used the Adam optimiser [36] and performed hyperpa-
rameter tuning on the learning rate and batch size with possible values of
{le-4,5e-4,1e-3} and {16, 32} respectively. Furthermore, we chose d, = 256
and d as the number of classes in the associated dataset as shown in Table 6.1.

Table 6.1: Number of classes in benchmark datasets (dy).

Dataset  df
WOS 141
RCV1-V2 103
NYT 166

We performed experiments on the approach described in Section 6.3 for the
two attention mechanisms (TopAttCNNga and TopAttCNNghra) and use a
GA layer for each level of the GHLA mechanism. Furthermore, as a baseline,
we evaluate the approach without using the topic model information, i.e., only
using the embeddings from the PLM with its associated convolutional layer,
to observe the impact that the topic embeddings have on performance. We
investigated both of the attention mechanisms for this setting and refer to
these approaches as AttCNNga and AttCNNghra-

We trained the models on the training set for a maximum of 20 epochs
and stopped training when the harmonic mean of the Micro-F1 and Macro-
F1 on the development set did not increase for 5 consecutive epochs. We
chose the models and hyperparameter combination which obtained the highest
harmonic mean of Micro-F1 and Macro-F1 on the development set to evaluate
the performance of our model on the test set. Our results are reported as the
average scores over three runs with different random seeds.

6.4.2 Main Results

Table 6.2 presents the results of the proposed approaches compared to the re-
cent HT'C approaches. The results show that the addition of the topic model in-
formation generally decreases the performance of the model. The AttCNNagypa
approach achieves the highest Macro-F1 score on each of the datasets along
with the highest Micro-F1 on WOS (85.00) and comparable performance to
the best-performing approaches for Micro-F1 on RCV1-V2 (84.54) and NYT
(76.94). AttCNNgpupa only uses the extracted features from the PLM to clas-
sify the text documents, showing that the addition of global topic information
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does not improve classification performance in general. We hypothesise that
the topic information of the tokens in the text sequence are often not useful
for distinguishing between the different classes since the extracted topics may
not correlate with the classes for the particular dataset.

The results show that the GHLA mechanism generally outperforms GA
when removing the topic information (AttCNN) whereas TopAttCNNga out-
performs TopAttCNNgpupa on all performance measures apart from the Micro-
F1 score on NYT. Furthermore, we show that the difference in performance
between our four approaches is very small, with most of the metrics having
less than a 1% difference. The only metric with a notably large difference is
the Macro-F1 score for the TopAttCNNgpur,a model on the RCV1-V2 dataset,
which is significantly lower (2.79) than the best-performing approach.

Finally, we observe that the recently proposed HTC approaches outper-
form the approaches proposed in this chapter on each of the datasets, with
large margins for Macro-F1 on the RCV1-V2 and NYT datasets. Notably,
the recently proposed approaches use different techniques to fine-tune PLMs
whereas the approaches proposed in this chapter use the PLM as a feature
extractor.

Table 6.2: Performance comparisons of the AttCNN and TopAttCNN approaches
using the three commonly used benchmark datasets.

Model WOS RCV1-V2 NYT
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

HiMatch [10] 86.20 80.53 84.73 64.11 - -
HGCLR [89] 87.11 81.20 86.49 68.31 78.86 67.96
PAAMHIA-T5! [31]  90.36 81.64 87.22 70.02 77.52 65.97
HBGL [32] 87.36 82.00 87.23 71.07 80.47 70.19
HPT [90] 87.16 81.93 87.26 69.53 80.42 70.42
AttCNNga 84.93 78.57 84.67 62.48 77.07 64.08
TopAttCNNga 84.76 78.07 84.72 62.33 76.88 64.18
AttCNNgHLA 85.00 79.02 84.54 63.11 76.94 64.57

TopAttCNNghLA 84.64 77.86 84.51 60.32 77.08 64.35

'Results obtained using twice the number of model parameters as the other approaches.

6.4.3 Stability Analysis

Table 6.3 presents the mean scores and standard deviations over three runs
with different random seeds for our proposed approaches. The results show
no clear best-performing approach in terms of stability over multiple runs,
with most standard deviations being very similar across the three datasets.
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However, the TopAttCNNgura obtained a significantly higher standard devi-
ation on the RCV1-V2 Macro-F1 (1.34), which shows that this approach may
produce inconsistent results for datasets with a high class imbalance such as
RCV1-V2.

Table 6.3: The average performance results of evaluating the AttCNN and
TopAttCNN approaches over three independent runs. The values in parentheses
show the corresponding standard deviations.

Model WOS RCV1-V2 NYT
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

AttCNNGa 84.93 (0.23) 78.57 (0.25) 84.67 (0.11) 62.48 (0.29) 77.07 (0.28) 64.08 (0.35)
TopAttCNNga  84.76 (0.18) 78.07 (0.46) 84.72 (0.10) 62.33 (0.28) 76.88 (0.22) 64.18 (0.36)
AttCNNgupa  85.00 (0.27) 79.02 (0.34) 84.54 (0.13) 63.11 (0.05) 76.94 (0.42) 64.57 (0.49)
TopAttCNNgupa 84.64 (0.17) 77.86 (0.37) 84.51 (0.11) 60.32 (1.34) 77.08 (0.33) 64.35 (0.25)

—_—

6.4.4 Level-wise Results

Figure 6.2 presents the Micro-F1 and Macro-F1 scores for the classes at each
level for the three benchmark datasets. The level-wise results show the general
trend that a higher average number of training instances per class at a certain
level leads to improved performance at that level. On the WOS dataset we
see that the Micro-F1 and Macro-F1 scores are significantly higher for the
first-level classes than the second-level classes where the average number of
training instances are much larger for level 1 classes (4295) than level 2 (224).
The performance measures on the RCV1-V2 and NYT dataset also show how
the average number of training instances per level generally correlates with
the performance differences for the classes at each level. However, the level 8
performance on the NYT dataset shows the worst performance even though it
has a higher number of training instances per class than level 3 to 7.

6.4.5 Low-resource Results

Table 6.4 shows the performance results of the approaches under the low-
resource scenario where the training data only consists of 10% of the train-
ing set. Performance measures are computed as the average over three runs
using different random seeds. The results show that the AttCNNgppa and
TopAttCNNga approaches perform the best on the WOS and NYT datasets
respectively. These approaches also obtain the highest Macro-F1 and Micro-
F1 on the RCV1-V2 dataset respectively. However, the TopAttCNNga per-
form significantly worse than AttCNNgupa on the WOS dataset while the
AttCNNgupa approach perform similarly to TopAttCNNga on the NYT dataset.
Therefore, the results show that AttCNNgppa generally performs the best in
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Figure 6.2: Level-wise performance results of the AttCNN and TopAttCNN ap-
proaches on the three benchmark datasets. The bar plot gives the F1 scores (left
y-axis) for the different approaches at each level of the hierarchy while the line plot
shows the average training instances for the classes at a particular level (right y-axis).

the low-resource scenario while AttCNNga performs slightly worse across the
three datasets. Furthermore, the results show that the Macro-F1 scores have
a much larger decrease than the Micro-F1 scores when moving from using all
the training data to the low-resource scenario. This indicates that the Macro-
F1 score is a stricter metric since it captures the per-class performance where

Average training instances per class Average training instances per class

Average training instances per class
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as the Micro-F1 hides performance information by biasing the results to the
performance of the classes with many instances.

Table 6.4: Performance results of the AttCNN and TopAttCNN approaches under
a low-resource scenario where only 10% of the training data is used. For comparison
purposes the achieved results when all training data is used are shown in parentheses.

Model WOS RCV1-V2 NYT

Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1
AttCNNga 75.30 (84.93) 61.76 (78.57) 78.20 (84.67) 46.75 (62.48) 70.80 (77.07) 50.58 (64.08)
AttCNNgHLA 75.49 (85.00) 63.89 (79.02) 78.32 (84.54) 47.44 (63.11) 71.04 (76.94) 50.88 (64.57)
TopAttCNNga 72.37 (84.76) 57.52 (78.07) 78.69 (84.72) 46.71 (62.33) 71.18 (76.88) 51.34 (64.18)

TopAttCNNgura 73.47 (84.64) 59.99 (77.86) 78.35 (84.51) 45.87 (60.32) 70.58 (77.08) 50.96 (64.35

~

6.5 Conclusion

In this chapter we proposed a new HTC approach which uses a PLM and topic
model to extract features from text documents to train a classifier model. The
rationale behind this approach is that the local semantic and global topic rep-
resentations, obtained by the PLM and topic model respectively, may provide
different granularities of the text document and therefore allow the classifier
to better distinguish between different classes. The features obtained from the
two models are passed through separate convolutional layers after which the
outputs are combined and used in label-wise attention and classification layers
to obtain the final class predictions. We evaluated this approach with two dif-
ferent label-wise attention mechanisms and compared their performances to a
model for which the topic model features were removed. Through comprehen-
sive experiments on three benchmark datasets we showed that the inclusion
of the topic model features generally leads to worse performance with the
proposed classifier architecture. Finally, we showed that using a PLM as a
feature extraction model to train a CNN classifier with label-wise attention
mechanisms performs significantly worse than other HTC approaches which
fine-tune the parameters of the PLM.
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Chapter 7

Introducing Three New
Benchmark Datasets for
Hierarchical Text Classification

7.1 Introduction

The three datasets used in this thesis thus far (WOS, RCV1-V2, and NYT)
are established benchmark datasets for evaluating HTC approaches. However,
only the creators of the RCV1-V2 dataset provide a detailed methodology for
the creation of their dataset [46]. In particular, the WOS dataset, which is
the only benchmark HTC dataset in the domain of research publications, does
not provide sufficient detail on how the dataset was created as described in
Section 2.10.

We believe it is important to provide a more detailed description of the
dataset creation methodology to facilitate reproducibility and reliable com-
parisons between different classification approaches. Furthermore, detailed
dataset creation methodologies enable a better analysis of the results obtained
by classification approaches since the characteristics of the dataset may influ-
ence the performance of different approaches.

In this chapter, we propose three new datasets for HT'C tasks in the domain
of research publications. As a starting point for developing the new datasets,
we use data that comprises the title and abstract of academic publications
from the Web of Science publication database. Our three datasets each use this
data but have different classification schemas which determine the categories
assigned to the publications.

First, we use a journal-based classification schema from Web of Science
which assigns categories to each journal and classifies a publication based on
the journal it is published in. However, journal-based classifications have been
shown to be unreliable and often inaccurate, with Shu et al. [77] showing that
these classification schemas may incorrectly classify almost half of publications

95
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in some cases. Wang and Waltman [88] compare the two most popular journal-
based classification schemas (the WOS subject categories and the Scopus sub-
ject areas) and show that they often assign the same categories to publications
which do not have strong citation-relationships between them. This indicates
that the classifications are too lenient. Furthermore, journal-based classifica-
tion schemas are not well suited to multidisciplinary journals such as Nature,
Science, and PNAS for the obvious reason that these journals span multiple
distinct disciplines which leads to publications being incorrectly assigned to
all of the categories in the journal. Moreover, Wang and Waltman [88] state
that the popularisation of open access multidisciplinary journals such as PLoS
ONE and Scientific Reports further increase the unreliability of journal-based
classifications.

Our second dataset uses a citation-based classification schema recently de-
veloped by Clarivate. Citation-based classification schemas use the citation
relationships from a collection of research publications to form clusters of doc-
uments which share the same class. However, the citation-based classification
schema proposed by Clarivate does not allow a document to belong to mul-
tiple research fields, which prevents multi-disciplinary research publications
from being appropriately classified.

Due to the shortcomings of these two classification schemas, we also pro-
pose an approach that combines these two schemas to create a new categori-
sation that leverages their respective advantages. In our approach, we filter
out categories and documents which do not have a clear overlap between the
journal-and citation-based classifications. Therefore, we create new class as-
signments which are formed by removing assignments and categories that do
not form obvious mappings between the two existing classification schemas.
The objective of this approach is to increase the probability that an individual
document is correctly classified since its classifications are assigned based on
its content (journal) as well as its position in the citation network. Further-
more, our proposed approach allows documents to belong to multiple classes,
which is important for multi-disciplinary publications, while leveraging the
finer-grained citation-based classifications to improve the category assignments
of documents.

In summary, we create three new datasets of which the first two use ex-
isting journal-and citation-based classifications respectively, while the third
dataset uses the classifications obtained by combining these two classifications
and applying our proposed filtering approach. Our datasets are unique among
benchmark HTC datasets since we sample documents equally for each of the
classes in the second level of the hierarchy. Therefore, our datasets are signifi-
cantly more balanced than the benchmark HTC datasets (see Section 2.10 for
the class imbalances of the benchmark datasets).

To evaluate the quality of the three datasets we analyse the semantic sim-
ilarity between the documents belonging to the different classes. This is done
by encoding the documents for each class into a semantic vector embedding
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and measuring the distances between the documents in the embedding space.
We show that the new dataset based on the combination of the journal- and
citation-based classification improves the average similarity of the documents
belonging to a specific class as well as the separation between documents in
different classes.

In alignment with the focus of this thesis, we perform classification exper-
iments on the three proposed datasets with our best-performing proposed ap-
proaches: HPTD-ELECTRA, HPTD-DeBERTaV3, and GHLARogERTa. These
experiments provide further insights to the capabilities of our proposed classi-
fication approaches as well as the difficulty in accurately classifying the pub-
lications in the three proposed datasets. Through the experiments we show
that the HPTD-DeBERTaV3 and GHLARyggrT:. models generally obtain the
best performances across the three datasets.

7.2 Background

7.2.1 Web of Science Subject Categories

The WOS subject categories form a classification schema which categorises
research publications based on the journal, conference, or book in which they
are published. For sake of brevity, we refer to all research publication venues
as journals for the remainder of this thesis.

In the WOS subject categories classification schema, each journal is as-
signed to one or more categories from 256 possible classes which cover all
thematic areas of scientific research. Therefore, a document is assigned to
the classes associated with the journal it is published in. The WOS subject
categories are not structured hierarchically, i.e., they constitute a multi-label
classification framework. Table 7.1 shows the title and abstract of example
publications with their assigned WOS categories.

The detailed methodology for assigning WOS categories to a journal is
not published, but these classifications consider many aspects which include:
the content and scope of the journal, affiliations of authors and editors of the
journal, citation relationships of publications in the journal [64], funding agen-
cies and sponsors, as well as the journal’s categorisation in other bibliographic
databases.

7.2.2 CREST Journal-based Classification Schema

The Centre for Research on Evaluation, Science and Technology (CREST) is a
research centre in the Faculty of Arts and Social Sciences at Stellenbosch Uni-
versity which focuses on various topics including bibliometrics, scientometrics,
and research evaluation. CREST devised a new classification schema with
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Table 7.1: Example publications with associated WOS subject categories. The
“Publication” column comprises the title and truncated abstract of the publication.

Publication

WOS categories

“Can Creditor Bail-in Trigger Contagion? The Experience
of an Emerging Market. The successful bail-in of cred-
itors in African Bank, a small South African monoline
lender, provides an opportunity to evaluate the intended
and unintended consequences of new resolution tools. Us-
ing a dataset that matches quarterly, daily, and financial-
instrument level data, I show that the bail-in led to money-
market funds ‘breaking the buck,’ triggering significant re-
demptions and some financial contagion...”

Business

Finance

Economics

“Dissecting the genre of Nigerian music with machine learn-
ing models. Music Information Retrieval (MIR) is the task
of extracting high-level information, such as genre, artist or
instrumentation from music. Genre classification is an im-
portant and rapidly evolving research area of MIR. To date,
only a small amount of research work has been done on the
automatic genre classification of Nigerian songs. Hence,
this study presents a new music dataset, namely the ORIN
dataset, consisting of only Nigerian songs...”

Computer Science

Information Systems

“The complementarity of a diverse range of deep learning
features extracted from video content for video recommen-
dation. Following the popularisation of media streaming, a
number of video streaming services are continuously buying
new video content to mine the potential profit from them.
As such, the newly added content has to be handled well
to be recommended to suitable users. In this paper, we
address the new item cold-start problem by exploring...”

Computer Science
Artificial Intelligence

Engineering (Electrical &
Electronic)

Operations Research &
Management Science

a two-level hierarchical class structure as an alternative to the WOS subject

categories.

They mapped the WOS categories to a two-level hierarchical class structure
with fewer classes to balance the size of class clusters and cover strategic
fields of research. Their schema comprises 7 and 55 classes for the first and
second levels of the class hierarchy respectively. Table 7.2 provides examples
of the mappings from WOS categories to the classification schema proposed
by CREST which we refer to as Journal-based Topics (JT), where JTp; and
JT2 represent the classes for level 1 and level 2 respectively. Table 7.3 shows

example publications with their JT classifications.
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Table 7.2: Examples of mapping from WOS categories to JT.

WOS JTrL1 JTs
Agronomy Agricultural sciences Agronomy
Forestry Agricultural sciences Agricultural sciences (Other)
Literature Humanities and arts Language & linguistics
Art Humanities and arts Other humanities & arts
Geology Natural sciences Geosciences
Behavioral Sciences Social sciences Psychology

Table 7.3: Example publications with associated JT classifications. The “Publica-
tion” column comprises the title and truncated abstract of the publication.

Publication JTL1 JT9
“Can Creditor Bail-in Trigger Business
Contagion? The Experience of an  Social Sciences
Emerging Market...” Economics

“Dissecting the genre of Nige-
rian music with machine learning Natural sciences
models. Music Information...”

Information, computer &
communication technologies

“The complementarity of a di- Electrical & electronic
verse range of deep learning fea- engineering

tures extracted from video con- Engineering

tent for video recommendation. Engineering sciences (other)
Following the popularisation of Natural sciences

media streaming, a number of Information, computer &
video streaming services are...” communication technologies

7.2.3 Clarivate Citation Topics Classification Schema

Clarivate proposed the Citation Topics (CT) classification schema, which clus-
ters documents based on citation relationships, as an alternative to journal-
based classifications such as the WOS subject categories.

Although the detailed methodology for the classification algorithm has not
been published, the classifications are obtained by a Leiden community de-
tection algorithm [83| based on the citation relationships between documents.
Community detection algorithms have the objective of identifying communities
(or clusters) of nodes within a network that are more densely connected to each
other than to nodes outside of the community [83]. These algorithms typically
use an objective function which measures the quality of the node partitions
with the aim of maximising the intra-community connections while minimising
the inter-community connections. The Leiden community detection algorithm
proposes several improvements over the popular Louvain community detection
algorithm [8] to obtain a better partition of nodes in a network.

The Louvain algorithm starts with each node forming its own community
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and attempts to optimise the modularity of the network which is calculated
as: .
1 K?
N E o —y=—= 2.1
M 2m — (e 72m) (72.1)

where m is the total number of edges in the network, C' is the number of com-
munities, and K. is the sum of the degrees of the nodes in community ¢ such
that fnj represents the expected number of edges in the community. Further-
more 7 is a resolution parameter which determines the number of communities
formed by the algorithm since higher + values lead to more communities being
formed. Therefore, the objective of the algorithm is to maximise the difference
between the expected and true number of edges in a community. Note that the
Louvain algorithm can be optimised through other objective functions [83].

The Louvain algorithm uses two phases to assign nodes to suitable commu-
nities. In the first phase, each node is considered to be moved to neighbouring
communities and the change in objective function is determined. The node
movements that maximise the increase in the objective function are performed
until no improvement in the objective function can be achieved. In the second
phase, the nodes in the communities obtained by the first phase are aggregated
to form individual nodes where the edge weights between the nodes are deter-
mined by the sum of the weights of the edges between the original nodes in
the communities. The first phase is applied to the aggregated nodes and this
procedure is repeated until the objective function can no longer be improved.
Traag et al. [83] show that the Louvain algorithm may obtain arbitrarily badly
connected communities and even internally disconnected communities, i.e.,
communities where a section of the community can only reach another section
of the community through a path that goes outside of that community.

The Leiden algorithm addresses these shortcomings by proposing several
improvements to the Louvain algorithm. Similar to the Louvain algorithm,
each node starts off as its own community and the nodes are moved to dif-
ferent communities to maximise an objective function. However, the Leiden
algorithm introduces an approach which refines these communities obtained
by the first phase such that each community may be split into multiple sub-
communities. The refinement phase uses the partitions obtained by the first
phase to locally merge the nodes in each community to potentially form sub-
communities. In the refinement phase, nodes are not always greedily assigned
to the community which maximises the objective function increase. Alterna-
tively, any node assignment which results in an increase in the objective func-
tion is considered. The assignments are selected with a certain probability
based on their increase in the objective function such that assignments with
larger increases are more likely. This non-greedy merging in the refinement
phase enables a better exploration of the partition space [83]. The aggregate
network is created based on the refined partitions which increases the prob-
ability of finding high-quality communities. Using these improvements, the
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Leiden algorithm guarantees that formed communities are well connected and
that it converges to a solution where all subsets of communities are guaranteed
to be locally optimal.

In the CT classification schema, the document communities (or clusters)
obtained by the Leiden algorithm are used to assign documents to a three-
level hierarchical class structure. The first and second level classes (CTp;
and CTpy) are manually labelled based on the contents of the documents in
their clusters, while the third level classes (CTp3) are labelled algorithmically
with the most significant keyword in the cluster. The three levels of the class
hierarchy comprise 10, 326, and 2,457 classes respectively. Table 7.4 shows
example publications with their CT classifications.

Table 7.4: Example publications with associated CT classifications. The “Publica-
tion” column comprises the title and truncated abstract of the publication.

Publication CTLl CTL2 CTL3

“Can Creditor Bail-in Trig-

ger Contagion? The Expe-  Social Sciences Economics Economic Growth
rience of an Emerging...”
“Dissecting  the  genre Electrical
. . . . . Knowledge
of Nigerian music with  Engineering, . . L.
~ . . Engineering & Statistical Tests
machine learning models.  Electronics & I :
Music Information...” Computer Science epresentation
“The complementarity of a Electrical
i . . Knowledge .
diverse range of deep learn-  Engineering, Erei e & Collaborative
ing features extracted from  Electronics & NSIMECIng Filtering
Representation

video content for video...”

Computer Science

7.3 Methodology

From the WOS publication database, we randomly sampled 5,000 papers for
each of the CTp, classes, resulting in 1,630,000 records. Each record contains
the title and abstract of the publication, along with the JT and CT classifica-
tions. We use this dataset to create three HT'C datasets which include:

e WOS;r, which only uses the journal-based JT classifications.
e WOScT, which only uses the citation-based CT classifications.

e WOS;rr, which uses the JT Filtered (JTF) classification schema that fil-
ters out documents and classes which do not have a clear overlap between
JT and CT classifications.

Table 7.5 shows the summary statistics for the three datasets. We split
each dataset into train (70%), development (15%), and test (15%) sets.
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Table 7.5: Characteristics of the newly created HTC datasets. The column “Levels”
gives the number of levels, while “Classesr,;” and “Classesy,2” give the number of first-
and second-level classes in the class structure. “Avg. Classes” is the average number
of classes per document, while “Train”, “Dev”, and “Test” are the number of instances
in each of the dataset splits.

Dataset Levels Classesy; Classes;s Avg. Classes Train Dev  Test

WOS,r 2 6 52 2.93 30,356 6,505 6,505
WOScr 2 10 326 2.00 45,640 9,780 9,780
WOSyrp 2 6 46 2.25 30,048 6,439 6,439

7.3.1 WOS;T Dataset

To create the WOS;t dataset we use the JT classifications as described above
but remove the JT classes for which there are no instances in the dataset. We
randomly sample 1,000 documents for each JT5 class with the aim of creating
a dataset that is balanced at the second level of the class hierarchy. Since a
document can be assigned to one or more JT 5 classes, the second level classes
are not perfectly balanced and the dataset contains 43,366 documents in total.

Figure 7.1 presents the first-level classes of the WOS;T dataset along with
the associated number of children classes and the number of documents as-
signed to each class. This figure shows how the number of documents assigned
to a first-level class is larger for those classes with a larger number of children
classes due to our sampling strategy.
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Figure 7.1: Characteristics of first-level classes of the WOS;r dataset. The bar
plot gives the number of documents assigned to each class (left y-axis) while the line
plot shows the number of children for each class (right y-axis).
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Figure 7.2 presents the co-occurrence document counts for the first-level
classes, i.e., the number of times a document with a certain class is also as-
signed to each of the other classes. This figure shows that categories such as
“Natural sciences” and “Engineering” are much more likely to co-occur than
other categories, for example, “Humanities and arts” and “Agricultural sci-
ences’”.

Figure 7.3 presents the distribution of the number of documents assigned
to each of the classes in the second level of the hierarchy. From this figure
we can see that most JTps classes have around 1,000 document assignments.
However, the “Ornithology” class has less than 1,000 document assignments
since it only has 588 documents available to sample from. Furthermore, the
“Other social sciences”, “Clinical and public health (other)”, and “Engineering
sciences (other)” classes have 3,553, 3,900, and 3,984 documents respectively
since they often overlap with other class assignments.

Agricultural Sciences
Engineering
Health Sciences

Humanities and Arts

Document Count

Natural Sciences

Social Sciences

Figure 7.2: Co-occurrence document counts for first-level classes of the WOS; T
dataset.
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Figure 7.3: Distribution of the number of documents assigned to each of the JTrs
classes in the WOS T dataset.

7.3.2 WOSct Dataset

We create the WOScr dataset by only using the citation-based CT classifi-
cations as described above. However, we only use the first two levels of the
class hierarchy since the third level consists of 2,457 classes which leads to a
severely imbalanced dataset with certain classes at the third level having a
much higher number of documents than others. Therefore, WOS¢r uses 10
first-level (CTy;) and 326 second-level (CTps) classes. We randomly sample
200 documents for each CTys class to create the WOSct dataset with 65,200
academic publications. Since each document is assigned a single class per level,
there are no co-occurrences between the classes at the same level, resulting in
a perfectly balanced dataset at the second level with exactly 200 documents
per CTpy class.

Figure 7.4 shows all of the CTy,; classes of the WOS¢r dataset along with
the corresponding number of children classes and number of documents. It
should be noted that the CTy,; classes with a larger number of children classes
also have more assigned documents. Particularly, the “Clinical & Life Sciences”
class has 132 children classes, so it has a much larger number of assigned
documents compared to the other classes.

7.3.3 WOS;1r Dataset

The third proposed dataset combines the JT and CT classifications with the
goal of assigning classifications that capture the content of the publications
more accurately. As shown above, the original dataset contains 52 and 326
JT12 and CTyy classes respectively. Therefore, to combine the journal-based
and citation-based classifications we attempt to map each CTpy class to a
JT12 class and remove categories and documents which do not have a clear
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Figure 7.4: Characteristics of first-level classes of the WOSct dataset. The bar
plot gives the number of documents assigned to each class (left y-axis) while the line
plot shows the number of children for each class (right y-axis).

mapping between the two classification frameworks. The rationale behind this
approach is to leverage the respective advantages of the two classifications to
create document assignments that are closely linked in the citation network
and are similar based on their content.

We start by obtaining the co-occurrence counts between each CTy, and
JTp class as a matrix M € Z3%6%52 where each row m;Vi € {1,..., 326}
represents the co-occurrence counts between the i-th CTps class (CTpy;) and
all JTpy classes. In other words, for all the documents that are assigned to
CTre,4, m; captures the number of documents assigned to each of the JTr,
classes. Therefore, m;;Vj € {1,...,52} is the number of times that the j-th
JTp class (JTLz;) is assigned to a document belonging to CTp,.

We use the co-occurrence matrix to find the most relevant JT;, classes
for each CTygy, class. First, we find the highest co-occurrence count of m; as
k; = max(m;) and divide k; by the co-occurrence count for each JTp, class to
obtain a ratio for each JTs class as:

r; = { ik ] (7.3.1)

) Y
m;q My 52

where r;; is the j-th element in r; that represents the ratio of the highest
co-occurrence count (k;) to JTro ;. In other words, it represents the number of
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times that k; is greater than the count of JT7, ;. We use these ratios to create
a set of JT1s classes to which CTps, is mapped, controlled by a threshold (7):

Qi = {JTy;Vje{l,...,52}|r;; <~} (7.3.2)

We choose a threshold of v = 1.5, such that a CTp, class is only mapped to
a JTpo class if the highest co-occurrence count for the particular CTp, class is
less than 1.5 times the co-occurrence count of the two classes. Mappings which
have fewer overlapping documents relative to the highest overlapping mapping
are removed such that only the most common co-occurrences between the two
classification schemas form part of the final mapping.

In order to guarantee that no misassignments occurred, two annotators
individually checked each set (); and removed JT, classes from the set which
are clearly inaccurate mappings from CTyz,. We calculate the Cohen’s kappa
score to determine the inter-annotator agreement as:

Po - Pe

kappa = 1B (7.3.3)
where P, is the proportion of items that the annotators agree on and P, is
the expected agreement when annotators assign labels randomly based on
empirical priors. The Cohen’s kappa score obtained by the two annotators for
the removal of mappings was 0.85 which indicates that there was a very strong
agreement between the decisions made by the two annotators. After the initial
annotation, the two annotators discussed their decision differences and agreed
on the final set of mappings to remove. Table 7.6 lists all inaccurate mappings
that were removed. We use the filtered (); set and remove 24,215 documents
that belong to a CTy, class with an empty mapping set @; = (). Furthermore,
we remove all documents that belong to CTys,; but have a JT1, class that is
not in (); which results in 825,529 document removals. The reasoning behind
this approach is to improve the quality of class assignments by only allowing
documents which form part of the clear mapping from CTyps to JTs classes
to remain in the dataset.

We remove the JTp5 classes that do not have any suitable CT1ps classes that
map to them based on the removal of mappings from the two annotators as de-
scribed above. These classes include: “Risk Assessment”, “Operations Research
& Management Science”, “Contamination & Phytoremediation”, “Herbicides,
Pesticides & Ground Poisoning”, “Sports Science”, and “Ornithology”. We re-
fer to the resulting class set as JT Filtered (JTF) which comprises 6 first-level
(JTFpL;) and 46 second-level (JTF1,) classes.

To create the WOS;1r dataset, we sample 1,000 documents for each of the
JTF1s classes to obtain a total of 42,926 instances. Figure 7.5 presents the
first-level classes of the WOS; 1 dataset with the associated number of chil-
dren classes and number of documents assigned to each class while Figure 7.6
presents the co-occurrence counts for the first-level classes. From Figure 7.6
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Table 7.6: Removed mappings from CTio to JTyp.

CTys JTa

Soil Science Other social sciences
Diarrhoeal Diseases Other social sciences
Water Treatment Other social sciences
Forestry Other social sciences
Nuclear Geology Other social sciences
Bioengineering Other social sciences

Folklore & Humor Psychology
Electrical Protection Other earth sciences

Electrical - Sensors & Monitoring Materials sciences

Remote Research & Education  Engineering sciences (other)

we can see that there is a much clearer distinction between the first-level class
assignments in the WOS;rr dataset compared to the WOS;r dataset, with
fewer instances overlapping multiple first-level classes.

Figure 7.7 gives the distribution of documents assigned to the second-level
classes of WOS; rr. This figure shows that most classes have around 1,000
document assignments. However, “Biochemistry & molecular biology” and
“Marine & freshwater biology” only have 450 and 594 documents respectively
since they do not have 1,000 documents to sample from. Furthermore, “Clinical
and public health (other)” and “Engineering sciences (other)” have 1,979 and
2,045 documents respectively since they often co-occur with other classes.
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Figure 7.5: Characteristics of first-level classes of the WOS;Tp dataset. The bar
plot gives the number of documents assigned to each class (left y-axis) while the line
plot shows the number of children for each class (right y-axis).
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Figure 7.7: Distribution of the number of documents assigned to each of the JTFy
classes in the WOS;p dataset.
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7.4 Experiments

7.4.1 Cluster Analysis

We evaluate the quality of the three datasets by analysing the semantic sim-
ilarity between the documents belonging to each of the classes (or clusters).
We investigate the semantic similarity between the documents within each
class-cluster as well as the separation between documents in different clusters
to determine whether the class assignments form cohesive clusters of docu-
ments that are closely related thematically. We evaluate the class assignments
separately for the two levels of the class hierarchy.

First, we use a sentence-BERT model [68] to convert each document in the
dataset to a fixed-sized embedding which captures the semantic meaning of the
document. A sentence-BERT model is a modified BERT model that is tuned
to produce a semantic embedding for a sentence or document in contrast to
the standard BERT model which produces embeddings for each token in the
input sequence. We use the all-mpnet-base-v2 sentence-BERT model from
the SentenceTransformers library. Furthermore, we cluster (or group) all of the
documents based on their first- or second-level class assignments. Documents
that belong to more than one class at a level are duplicated and placed into
each of the class-clusters they belong to.

Suppose we have L clusters for a particular level of a dataset. We use the
document embeddings to calculate the average cosine similarity between the

instances in each cluster j € {1,...,L} as:
Nj N
1
0j = ——— Z Z CosSim(xy, x;) (7.4.1)
N;(N; = 1) k=1 1=1,k#

where N; is the number of instances that belong to cluster j and CosSim
is the cosine similarity function. The cosine similarity function between the
embeddings of two documents is calculated as:

Xk - X

CosSim(x, X)) = ———— (7.4.2)

IR

such that semantically similar documents have high similarity scores.

To determine how well-separated the documents in the different clusters
are, we calculate the silhouette score for each instance x;Vi € {1,..., N},
where N is the number of instances in the dataset. The silhouette score mea-
sures the quality of clusters by quantifying how well-separated and internally
cohesive the clusters are. The silhouette score for instance i is calculated as:

_ b)) —a(i)
= max(a(i), b(0)) (7.4:3)



https://scholar.sun.ac.za

CHAPTER 7. INTRODUCING THREE NEW BENCHMARK DATASETS FOR
HIERARCHICAL TEXT CLASSIFICATION 110

where a(7) is the average distance from instance ¢ to all other instances in the
same cluster which we calculate with the cosine distance function given by:

CosDist(xy, x;) = 1 — CosSim(xg, x;) (7.4.4)

and b(7) is the average distance from instance i to all instances in the nearest
neighbouring cluster. The nearest neighbouring cluster is determined by min-
imising the average distance from the instance to the instances of a different
cluster. The silhouette score ranges from -1 to 1 where a high silhouette score
(1) indicates that instances are semantically similar within a cluster and are
far apart from other clusters while a low silhouette score (-1) indicates that
instances are not well-clustered and the clusters have a high overlap.

The violin plots in Figure 7.8 gives the cosine similarity distributions over
the classes in the first and second level for the three datasets. These plots
show that the semantic similarity between documents in the same classes is
generally higher in the WOS;rr dataset than the WOS;r dataset. This shows
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Figure 7.8: Violin plots of the cosine similarity per class-cluster for the three newly
proposed datasets.
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that the proposed filtering approach was able to leverage the citation-based
classifications to improve the classification of the documents such that the
documents belonging to a certain class are on average more semantically similar
than the WOS;t assignments.

Figure 7.9 presents the violin plots for the silhouette scores over all of the
instances for the first and second level classes on the three datasets. The fig-
ures show that the WOS;rr dataset generally has a higher silhouette score
than the WOS; 1 dataset, especially for the second level of the class hierarchy.
This indicates that our approach to create the WOS;Tr dataset was able to
effectively remove instances and categories based on the citation-based clas-
sifications in order to improve the separation in terms of semantic similarity
between the class-clusters on average. However, the silhouette scores are still
very low across the three datasets which implies that many of the clusters are
not well-separated and may overlap.
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Figure 7.9: Violin plots of the silhouette scores for the three newly proposed
datasets.
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7.4.2 Classification Results

We perform experiments on the three newly created datasets with the three
best-performing approaches proposed in this thesis: HPTD-ELECTRA, HPTD-
DeBERTaV3, and GHLAR.gerTa. For each approach we use the same archi-
tecture and hyperparameter tuning procedure as mentioned in their associated
chapters. Furthermore, we evaluate the performance of the HPT approach on
the three datasets using the same hyperparameters and tuning procedure as
the original paper.

Table 7.7 presents the results of the different approaches on the three
newly created datasets. The results show that GHLAgr.ggrra and HPTD-
DeBERTaV3 generally outperform the other approaches and they obtain very
similar results for each of the datasets. The largest performance difference
between GHLARoBrRT. and HPTD-DeBERTaV3 is an improvement of 0.19 for
the WOS;t Macro-F1 score, showing that they perform consistently similar
on each of the datasets. Furthermore, the HPT approach obtains the highest
Macro-F1 score on the WOSqt dataset and outperforms HPTD-ELECTRA
on all three datasets.

The results show that the classification performance is significantly im-
proved on the WOS;rr dataset compared to WOS;r. For example, the Micro-
F1 and Macro-F1 scores of the GHLAR.ggrT2 approach increase by 17.34 and
20.54 respectively when moving from WOS;r to WOS;tr. We believe that
this increase in performance is due to the filtering approaches used to remove
documents and categories based on the mapping from the CT classifications.
This indicates that the WOS;rr dataset contains more accurate classifications
(or fewer incorrectly assigned documents) which can be more effectively learnt
by the classification models. However, other factors such as the number of
classes and the average classes per instance may also explain a proportion of
the observed performance differences.

Table 7.7: Performance comparisons of the best-performing approaches on the three
newly proposed datasets.

Model WOSJTF WOSJT WOSCT
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1
HPT 84.97 82.13 67.62 61.71 73.25 61.87

HPTD-ELECTRA 84.75 81.70 67.19 60.91 71.39 58.41
HPTD-DeBERTaV3 85.68 82.93 68.35 62.19 73.45 61.27
GHLAROBERTa 85.72 82.92 68.38 62.38 73.34 61.29

Table 7.8 presents the results of the different approaches with standard de-
viations over three runs with different seeds. The GHLAR.ggrTa and HPT
approaches generally have the most stable results over multiple runs with
GHLARoBERT. Obtaining the lowest standard deviations on the WOS;rr and
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WOS;r datasets and HPT having the lowest standard deviation on the WOS¢r
dataset.

Table 7.8: The average performance results of evaluating the models over three
independent runs on the newly proposed datasets. The values in parentheses show
the corresponding standard deviations.

Model WOSJTF WOSJT WOSCT
Micro-F1 Macro-F1 Micro-F1 Macro-F1 Micro-F1 Macro-F1

HPT 84.97 (0.17) 82.13 (0.18) 67.62 (0.18) 61.71 (0.17) 73.25 (0.12) 61.87 (0.15)
HPTD-ELECTRA  84.75 (0.38) 81.70 (0.42) 67.19 (0.20) 60.91 (0.26) 71.39 (0.39) 58.41 (0.68)
HPTD-DeBERTaV3 85.68 (0.14) 82.93 (0.15) 68.35 (0.12) 62.19 (0.46) 73.45 (0.14) 61.27 (0.56)
GHLARoBERTs 85.72 (0.11) 82.92 (0.13) 68.38 (0.11) 62.38 (0.11) 73.34 (0.25) 61.29 (0.40)

7.5 Conclusion

In this chapter we introduced three new benchmark HTC datasets in the do-
main of research publications comprising papers’ titles and abstracts collected
from the Web of Science publication database. Using this data, we created two
hierarchical classification datasets that are derived from existing journal-and
citation-based classification schemas respectively. These schemas have differ-
ent disadvantages such as the inaccurate journal-based classifications due to
journals that cover research topics that are too broad and the citation-based
classifications that only allow a document to belong to a single research field.
Therefore, we proposed an approach to combine these two classifications to
increase the probability of a document being assigned to the correct classes
while allowing documents to be classified into more than one research field.
To create the datasets, we sampled documents equally for each of the second-
level classes such that our datasets are significantly more balanced than other
HTC benchmark datasets. We evaluated the quality of the proposed datasets
through a clustering-based analysis and showed that our proposed approach
which combines the two classification schemas resulted in documents with the
same classes being semantically more similar. Finally, we performed exper-
iments on the three datasets with the best-performing approaches proposed
in this thesis along with a baseline approach. We showed that the HPTD-
DeBERTaV3 and GHLARyggrT2 models obtained the best performance across
the three datasets.
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Chapter 8

Conclusion

In this thesis we investigated the use of transformer-based pre-trained language
models (PLMs) for hierarchical text classification (HTC) tasks which have the
objective of assigning text documents to a set of classes from a hierarchical
class structure. We proposed three new HTC approaches which use various
techniques to leverage the language understanding capabilities of PLMs and
the hierarchical class structure information in order to improve classification
performance.

We performed comprehensive experiments for each of our approaches on
three benchmark datasets and compared their performance with recently pro-
posed HTC approaches. Furthermore, we analysed our proposed approaches
by evaluating the per-level performance for the levels of the class hierarchy
and the performance in low-resource scenarios with only 10% of training data
available. Finally, we created three new benchmark datasets in the domain of
research publications and evaluated our best-performing approaches on them.

8.1 Summary of Findings and Contributions

In Chapter 4 we proposed the Hierarchy-aware Prompt Tuning for Discrimina-
tive language models (HPTD) approach and found that using DeBERTaV3 as
the underlying PLM generally improved classification performance over using
the ELECTRA PLM. Furthermore, we showed that the HPTD-DeBERTaV3
approach outperformed previous state-of-the-art HT'C approaches on two bench-
mark datasets (WOS and NYT). These results showed that HPTD is an ef-
fective HT'C approach that is able to efficiently leverage the language under-
standing capabilities of the PLM through the prompt tuning paradigm with
hierarchy-aware prompts. The HPTD approach improves classification perfor-
mance by reducing the gap between the pre-training and fine-tuning phases
through the modification of the input token sequence such that the HTC task
resembles the replaced token detection pre-training task used by discriminative
language models. Due to the impressive performance of the HPTD approach
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and other approaches which inject the HTC task into the pre-training task of
the PLM, we believe this paradigm is an effective way of using the knowledge
obtained during pre-training and that it will become even more valuable as
the underlying PLMs improve over time.

Through a comparison of different threshold selection strategies on the
HPTD approach, we showed that using a threshold of 0.5 for assigning classes
to documents consistently obtained the highest Micro-F1 scores over three
benchmark datasets. Furthermore, tuning a separate threshold for each class
generally obtained the highest Macro-F1 scores. Therefore, using a threshold
of 0.5 is suitable for tasks which favour high accuracy for majority classes
while a tuned threshold for each class may provide better results for tasks that
require more consistent performance across all of the classes.

In Chapter 5 we evaluated a HTC approach which uses label-wise attention
mechanisms and classification layers to fine-tune a PLM on downstream HTC
tasks. We investigated several existing attention mechanisms and proposed a
new attention mechanism which allows the model to leverage the predictions
of all ancestor levels when predicting the classes at a certain level of the hi-
erarchy. We showed that our proposed approach generally outperformed the
other attention mechanisms when using BERT as the underlying PLM. There-
fore, our approach is able to effectively use the predictions at ancestors levels
to guide the classification at a certain level through the proposed hierarchical
attention mechanism.

We swapped the BERT model for RoBERTa as the underlying PLM in our
approach and showed that it significantly improved performance on two of the
benchmark datasets (RCV1-V2 and NYT). Furthermore, using our proposed
attention mechanism with the RoOBERTa PLM (GHLAR,gERT2) achieved state-
of-the-art performance on the two benchmark datasets with the most complex
class hierarchies (RCV1-V2 and NYT). Therefore, we showed that this rela-
tively simple technique for fine-tuning a PLM is an effective approach for HTC
tasks and that our proposed attention mechanism is able to leverage the hi-
erarchical class structure to improve classification performance. These results
show that label-wise attention mechanisms are well-suited to HT'C tasks since
they allow the model to learn which features of the text document are the
most important for each class separately.

GHLARoBERT. significantly outperformed the HPTD-DeBERTaV3 approach
on the RCV1-V2 dataset, achieved comparable results on NYT, and performed
slightly worse on the WOS dataset. Even though it is difficult to determine
which of these approaches is better in general, we found that GHLAR.BERTa
performed the most consistently across the three benchmark datasets. This
shows that the GHLARgErRT2 approach is able to perform well on HTC tasks
in different domains with diverse hierarchical class structures.

In Chapter 6 we proposed an approach which uses features extracted from
a PLM and a topic model to train a classifier which comprises convolutional
layers followed by label-wise attention and classification layers. We found that
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adding the features obtained by the topic model generally decreased the perfor-
mance of our classifier. Furthermore, we showed that the proposed approach
performs significantly worse than the other approaches proposed in this thesis.
The approach proposed in this chapter used the PLM as a feature extractor as
opposed to the other approaches proposed in Chapters 4 and 5 which fine-tune
the parameters of the PLM for the specific HTC task. Therefore, we believe
that the fine-tuning paradigm is an important aspect of effectively leveraging
the language understanding capabilities of the PLM for HTC tasks since it
allows the pre-trained parameters to be adapted for the specific downstream
task. Using the PLM as a feature extractor to train a smaller classifier model
is not sufficient for modelling the functional mapping from the input token
sequence to the output classifications due to the complexity of these tasks.

Through the low-resource setting results in Chapters 4, 5, and 6 we found
that the HPTD-DeBERTaV3 approach obtained the best performance on the
WOS and NYT datasets while GHLAR,ggrTa Outperformed the other ap-
proaches proposed in this thesis on the RCV1-V2 dataset. Furthermore, the
results showed that the approaches proposed in Chapter 5 which use the label-
wise attention mechanisms to fine-tune a PLM, have a larger decrease in per-
formance on the WOS and NY'T datasets than the HPTD approaches when
moving from the full training data to the low-resource setting. Similarly, the
HPTD approaches have a larger decrease on the RCV1-V2 dataset. Since the
HPTD approaches outperform the label-wise attention approaches from Chap-
ter b by large margins on two of the benchmark datasets, we believe that the
HPTD approaches are more suitable for low-resource scenarios. The HPTD
approach is able to handle low-resource setting effectively since it is designed
to leverage the language understanding capabilities of the PLM by learning
prompts to extract the existing knowledge of the PLM as opposed to requiring
many training instances to make large adjustments to the model parameters.

We found that the Macro-F1 scores consistently have a larger performance
decrease than the Micro-F1 scores when moving from the full training data to
the low-resource setting. This indicates that the Macro-F1 is a stricter perfor-
mance metric and that the Micro-F1 may hide information on the performance
of the models. This is due to the Micro-F1 averaging the results over all of the
instances such that the majority classes bias the results and the results of the
minority classes become negligible.

We evaluated the level-wise results of the different approaches proposed in
Chapters 4, 5, and 6 along with the average number of training instances for the
classes at each level. The results showed that the number of available training
instances at a certain level generally has a direct correlation with the perfor-
mance of the classes at that level, with the classification performance typically
decreasing as the number of training instances decrease. From these experi-
ments we showed that the first-level classification performance is high across
the three datasets, even for our worst-performing approaches from Chapter 6.
We observe that the approaches that perform well overall are those that are
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able to achieve relatively high classification performance at the lower levels of
the class hierarchy, especially in terms of Macro-F1 scores.

Chapter 7 described the methodology for creating three new HTC bench-
mark datasets with different classification schemas. We proposed an approach
to combine journal- and citation-based classifications by filtering out docu-
ments and categories that do not have a clear overlap between the two classifi-
cation schemas. We found that our proposed approach for filtering documents
and categories improved the average similarity of documents within a class
as well as the separation between documents that are not in the same class.
We evaluated our best-performing approaches on the three newly proposed
datasets to further analyse their performance and generalisation abilities. We
showed that the HPTD-DeBERTaV3 and GHLAR.ggrT. approaches generally
obtained the best performance and that their performance was very similar
across the three newly proposed datasets.

8.2 Limitations

We evaluated all of our proposed approaches in Chapters 4, 5, and 6 with the
three most commonly used benchmark datasets (WOS, RCV1-V2, and NYT).
However, the detailed methodology for the creation of two of these datasets
(WOS and NYT) is not published. Therefore, there is uncertainty about the
accuracy of the true class assignments and it is likely that the datasets con-
tain inaccuracies and omissions in class assignments. Since the results of the
proposed approaches depend on the quality of these datasets, the possible inac-
curate labels may influence the comparisons between the different approaches.
Furthermore, these datasets only cover the domains of news articles and sci-
entific research which are limited in scope and therefore the reported results
may not be generalisable to other domains.

For all of the experiments in this thesis, we used the standard Micro-F1 and
Macro-F1 evaluation metrics to compare the different classification approaches.
However, these metrics may not always be appropriate for comparing hierarchi-
cal classification approaches since they ignore the hierarchical class structure
during evaluation. Therefore, comparisons between the different approaches
may not be comprehensive since we only use these two evaluation metrics.

All of the results were reported using transformer-based PLMs with a base
size to enable a fair comparison between the different approaches since they
use the same number of model parameters. However, the approaches were
not compared for PLMs with a lower (small) or higher (large) number of
parameters. The relative performance of the different approaches may vary
for differently-sized underlying PLMs, and as PLMs become larger over time,
it may become more important to evaluate proposed approaches with larger
underlying PLMs to determine whether they improve performance.
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8.3 Suggestions for Future Work

The evaluation of hierarchical classification approaches is an area that requires
further research since it is still unclear what the best metrics are for evaluating
HTC approaches. It seems clear that the Micro-F1 and Macro-F1 metrics
hide some information in the evaluation of HTC approaches since they do
not consider the hierarchical class structure. For example, should the higher
levels of the hierarchy be weighted more during evaluation since it is more
important to classify the broader categories correctly? Several alternative
evaluation metrics have been proposed [15, 38, 40, 81]. Therefore, to obtain
more evidence on the true performance differences of recently proposed HTC
approaches, it is important to perform comprehensive experiments with these
different evaluation metrics.

A comparison of the state-of-the-art HT'C approaches using both smaller
and larger underlying PLMs will provide greater insights into the performance
and generalisability of these approaches. By comparing these approaches with
larger PLMs we may be able to determine which approaches are able to more
effectively leverage the intrinsic language understanding capabilities of the
PLM. This becomes especially important as the PLMs become bigger and
better over time.

The research area of parameter efficient approaches to fine-tuning PLMs
for HT'C tasks may prove valuable in the future as PLMs become larger over
time and, therefore, become increasingly computationally expensive to fine-
tune. Therefore, looking at parameter efficient fine-tuning approaches such as
LoRA [30] and evaluating their effect on HTC performances is a promising
area for future work.

Another topic that deserves a comprehensive study is the use of graph
neural networks (GNNs) in HTC approaches. Even though several different
approaches have been proposed which use different GNN architectures to en-
code the class hierarchy [10, 16, 32, 89, 90, 100], a thorough comparison of
different architectures and their performance impacts on HTC tasks will be
valuable. This would also allow us to establish the relative importance of
GNNs in HTC tasks compared to the other components of HT'C models.

The explainability of HTC approaches (and deep learning models in gen-
eral) is an interesting field which will become important when these approaches
are applied to sensitive domains such as the healthcare and legal sectors. Sev-
eral approaches have been proposed to determine which words receive more
attention when particular classes are predicted [19, 59, 82|, however, further
research into how these models leverage the class hierarchy to make decisions
may provide valuable insights in terms of explainability as well as the efficacy
of incorporating the class hierarchy into the classification process.
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