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Abstract

Deep learning (DL) is a subset of machine learning and artificial intelligence. It has
broad adaptability to most types of tasks, including but not limited to text classification
and identification of objects in images and videos. It can generate more powerful models
compared with legacy machine learning methods. Multi-task Learning (MTL) is an ap-
proach that improves generalization by using the domain information which is contained
in the training signals of related tasks as an inductive bias. When we apply Multi-task
Learning to Deep Learning, the method is called Multi-task Deep Learning.

We focus on deep learning for natural language processing, in particular on how multi-
task learning can be used to improve the performance on several tasks at the same time.
We present two experiments that deploy Multi-task Deep Learning for detecting affect
information from texts.

In experiment 1, we propose a hard parameter sharing multi-task deep learning model
for the task of detecting happiness ingredients. For training Deep Learning classifiers,
the two primary classes, "agency” and ”social”, meaning whether the author is in control
or the moment involves other people, are treated as two separate tasks while ”concept”,
meaning the categories of the moment, is serverd as an auxiliary task. Then, we train a
multi-task deep learning classifier to see if the shared knowledge among the three tasks
can be used to improve the overall results. In addition, we compare several models that
use different kinds of word embeddings: different dimensions of the vectors, fixed versus
trainable embeddings, initialized randomly or with pre-trained embeddings.

In experiment 2, we compare several different multi-task deep learning models on the
task of six labels: Information_disclosure, Emotional_disclosure, Support, General_support,
Info_support, and Emo_support. The labels mean that the texts contain informational
or emotional disclosure of a person, or express informational or emotional supprtiveness,
which can also be catchphrases. We propose a novel way to employ the multi-task deep
learning model for the task of detecting disclosure and support, called Venn-diagram-based
fragment MTL model. We calculate all possible logical relations between the six labels,
represented in a Venn diagram. Based on it, the six labels are distributed to multiple
fragment layers. Then, a multi-task deep neural network is built on these layers.

We showed that our multi-task learning model has a stronger ability to represent multi-
label tasks over multiple single-task learning models, and using pre-trained trainable em-
beddings with auxiliary tasks can get the best results. Furthermore, among different
multi-task deep learning structures, our model based on Venn diagrams achieved better
performance than regular multi-task deep learning and obtained the best results in the

CL-Aff Shared Task 2020 for the disclosure labels.

i



Acknowledgements

First, I wish to express my deepest gratitude to my supervisor, Professor Diana Inkpen,
for the continuous support of my Master’s study and related research, for her patience,
motivation, and immense knowledge. Her guidance helped me in all the time of research
and writing of this thesis. I could not have imagined having a better supervisor for my
Master’s study.

[ thank my fellow labmates for the help and direction in experiments and thesis writing,
for the stimulating discussions, and for all the fun we have had in the last two years. In
particular, I am grateful to Prasadith Buddhitha for enlightening me on the first glance of
research and Qianjia Huang to help me acquaint myself with the laboratory.

I wish to extend my special thanks to the support staff in the Faculty of Engineering of
the University of Ottawa, for providing me with all the necessary facilities for the research.

Last but not least, I would like to thank my parents for supporting me spiritually
throughout writing this thesis and my life in general.

il



Dedication

I dedicate this to my mother and father.

v



Table of Contents

List of Tables

List of Figures

1 Introduction

1.1
1.2
1.3

Motivation . . . . . . . . .
Contributions . . . . . . . . .

Outline . . . . . . s,

2 Background

2.1

2.2

2.3

24
2.5

2.6
2.7

Deep Learning and Artificial Neural Networks . . . . . . .. ... ... ..
2.1.1 Backpropagation . . . . . ... ... oL
Deep Learning Model for Natural Language Processing . . . . . .. .. ..
2.2.1 Word Embeddings . . . . . .. ... L oo
2.2.2  Neural Network Model Structure . . . . ... ... ... ... ...
Definition of Multi-Task Learning . . . . . . . . .. ... ... ... ....
Motivation . . . . . . . . L
Mechanisms in Multi-Task Learning . . . . . . . . . .. ... ... .....
2.5.1 Statistical Data Amplification . . . . . . ... ... ... ... ..
2.5.2  Attribute Selection . . . ... ... Lo
2.5.3 Eavesdropping . . . . . . . ...
2.5.4 Representation Bias. . . . . . . ... ... oL
How Multi-Task Learning Works on Noisy Data . . . . . .. ... ... ..
Multi-task Learning in Deep Learning . . . . . . . . ... ... ... ....
2.7.1 Hard Parameter Sharing . . . . . . . ... ... ... ... .....
2.7.2  Soft Parameter Sharing . . . . . . .. ... ... L.

ix

xi

NN N -

© NN o e A



3 Related Work on Multi-Task Deep Learning 23

3.1
3.2

3.3

Multi-Task Learning for Mental Health Using Social Media Text . . . . . . 23
Emotion-Cause Pair Extraction . . . .. ... ... .. .. ... ...... 25
3.2.1 Independent Multi-Task Learning . . . . . . .. .. ... ... ... 26
3.2.2  Interactive Multi-Task Learning . . . . . .. .. .. ... ... ... 27
Trace Norm Regularised Multi-Task Deep Learning . . . . . . .. .. ... 28

4 Experiment 1: Multi-Task Deep Learning for Happiness Ingredients De-

tection 31
4.1 Introduction . . . . . . . .. 31
4.2 Task Description . . . . . . . . ... 32
4.3 Data Description . . . . . . . . .. 32
4.4 Data Preprocessing . . . . . . . . .. 34
4.5 Models . . . . . 35
4.5.1 Embedding Layer . . . . . . . . . ..o 35
4.5.2 Convolutional Layer . . . . ... .. .. ... ... ... ..., 36
4.5.3 Hard Parameter Sharing for Multi-Task Learning . . . . . .. ... 36
4.6 Experimental Results and Evaluation . . . . . ... ... ... ... ... .. 38
4.6.1 Comparison between STL and MTL Results . . . . ... ... ... 38
4.6.2 Experiments with and without the Auxiliary Task Concepts . . . . 40
4.6.3 Comparison between GloVe Embedding and ELMo Embedding Results 41
4.6.4 Parameters Used in the Submitted System Run . . . . . . . .. .. 42
4.7 Comparison to Related Work . . . . . . .. ... ... ... ..., ... 43
4.8 FError Analysis . . . . . . .. 45
4.8.1 Label Agency . . . . . . . .. 45
4.8.2 Label Social . . . . . . ... 46
4.9 Summary and Directions of Future Work . . . . . ... ... ... ... .. 48

5 Experiment 2: Multi-Task Deep Learning for Detecting Disclosure and

Support 50
5.1 Introduction . . . . . . ... 50
5.2 Task Description . . . . . . . . . 50
5.3 Data Description . . . . . . . ... 52
54 Word Embeddings . . . . . .. ..o 53

vi



5.5 Models . . . . . 54
5.5.1 Basic MTL Model . . . . . ... ... ... ... . ... ... 54
5.5.2 Intermediate MTL Model with ConvlD and PRelu . . . .. .. .. 55
5.5.3 MTL with a Combination of Three Embedding Methods . . . . . . 56
5.5.4 MTL with LIWC as Additional Input . . . . . ... ... ... ... 58
5.5.5  MTL with LIWC as Additional Output . . . . . . .. ... ... .. 58
5.5.6 MTL with Basic Grouping . . . . . . ... .. ... ... ...... 59
5.5.7 Venn-diagram-based Fragment MTL Model . . . . .. ... .. .. 60

5.6 Experimental Results and Evaluation . . . . .. ... ... ... ...... 64
5.6.1 Basic STL Model . . . . .. .. .. ... . 64
5.6.2 Basic MTL Model . . . . . ... ... ... ... .. .. ... 65
5.6.3 Intermediate MTL Model with ConvlD and PRelu . . . . ... .. 65
5.6.4 MTL with a Combination of Three Embedding Methods . . . . . . 66
5.6.5 MTL with LIWC as Additional Input . . . . . ... ... ... ... 67
5.6.6 MTL with LIWC as Additional Output . . . . . . .. .. ... ... 67
5.6.7 MTL with Basic Grouping . . . . . . . .. ... .. ... ...... 68
5.6.8 Venn-diagram-based Fragment MTL Model . . . . .. ... .. .. 69
5.6.9 Results on the Six Labels across Models . . . . . . ... ... ... 71
5.6.10 Model Results on the Test Data . . . . . .. ... ... ... .... 74

5.7 Comparison to Related Work . . . . . . . ... ... ... .. .. ..... 83

5.8 FError Analysis . . . . . . .. 90
5.8.1 Label Emotional_disclosure . . . . . . . . . . ... ... .. .. ... 90
5.8.2 Label Information_disclosure . . . . . . . . . ... ... ... ... 91
5.8.3 Label Emo_support . . . . . . . . ... 92
5.8.4 Label Info_support . . . . . . . .. 93

5.9 Summary and Directions of Future Work . . . . . . . ... ... ... ... 94

Conclusion and Future work 96

6.1 Conclusion . . . . . . . . . 96

6.2 The Limitations of Deep Learning for Classifying Natural Language Content 97

6.3 Summary of the Contributions . . . . . . . . . . .. .. ... ... ... .. 97

6.4 Future work . . . . . ... 98

vil



APPENDIX 99

.1 Python Libraries Used . . . . . . .. .. .. ... ... ... .. ..., 99

.2 How training works . . . . . . ... 100
2.1 Cross-validation (K-Fold) . . ... ... ... .. .......... 100

2.2 About precision, recall, accuracy and Fl-score . . . . . .. ... .. 102

.3 Usage of ELMo embedding . . . . . . .. ... ... L. 102
3.1 Elmo usage from tf-hub . . . ... .00 103

3.2 Pre-trained ELMo Models . . . . ... .. ... ... ... 105
References 107

viii



List of Tables

4.1
4.2
4.3
4.4
4.5

5.1
2.2
2.3
5.4
2.5
2.6
5.7
2.8
5.9
5.10
5.11

5.12
5.13
0.14
5.15
5.16
5.17
5.18
5.19

Distribution in Training Data . . . . . . . . . ... ... .. ... .. ...
Comparison between STL and MTL results. . . . . ... ... .. .....
Performance with and without auxiliary task concepts. . . . . . ... ...
Comparison between GloVe embedding and ELMo embedding. . . . . . . .

Parameters for the Submitted System Runs . . . . . . . .. .. ... ...

Data Distribution in the Training Set . . . . . . . . .. ... .. ... ...
Word Pre-processing Results . . . . . .. .. .. ... ...
Results of a basic STL model. . . . . . . . ... ... ... ... .. ...,
Result of Basic MTL Model. . . . . . . ... ... ... .. ... .....
The result of intermediate MTL model with ConvlD and leaky-Relu.

The result of intermediate MTL model with ConvlD and PRelu. . . . . . .
The results of model with a combination of three embedding methods. . . .
The results of the model with LIWC as additional input. . . . . . ... ..
The result of model with LIWC as additional output. . . . . . .. .. ...
The results of the MTL model with basic grouping. . . . . . .. ... ...

The result of Venn diagram based fragment MTL model on embeddings
(12860 x 1024). . . . . . oo

The result of Venn-diagram-based fragment MTL model . . . . . . .. ..
Models results on the label Emotional_disclosure. . . . . . . . . . . .. ..
Models results on the label Information_disclosure. . . . . . . . . .. ...
Models results on the label Support. . . . . . . . . ... ...
Models results on the label General_support. . . . . . . . . ... ... ...
Models results on the label Info_support. . . . . . . .. .. ... ... ...
Models results on the label Emo_support. . . . . . . . . . . . . . ... ...

Average models results on all labels. . . . . . ... ... ... ... .. ..

X

67
68
69

70



5.20
5.21
5.22
5.23
5.24

5.25

5.26

0.27
5.28

5.29

9.30

5.31

5.32

5.33

0.34
2.3
2.36
2.37

5.38
5.39

Basic STL model results on the shared task’s test set. . . . . . . . . .. .. 75

Basic STL model results on the latest labelled test set. . . . . . . . .. .. 75
Basic MTL model results on the shared task’s test set. . . . . . .. . . .. 76
Basic MTL model results on the latest labelled test set. . . . . . . . . . .. 76
Intermediate MTL with leaky-Relu model results on the shared task’s test
SCl. . 76
Intermediate MTL with leaky-Relu model results on the latest labelled test
Sel. . 77
Intermediate MTL with PRelu model results on the SharedTask labelled
test set. . . o 77

Intermediate MTL with PRelu model results on the latest labelled test set. 77

MTL with a combination of three embedding methods model results on the

SharedTask labelled test set. . . . . . . . . . . ... ... ... ... .... 78
MTL with a combination of three embedding methods model results on the
latest labelled test set. . . . . . . . . .. . . 78
MTL with LIWC as additional input model results on the SharedTask la-
belled test set. . . . . . . . .. 78
MTL with LIWC as additional input model results on the latest labelled
test set. . . . L 79
MTL with LIWC as additional output model results on the shared task test
Seb. . e 79
MTL with LIWC as additional output model results on the latest labelled
test set. . . . L 79
MTL with basic grouping model results on the shared task test set. . . .. 80
MTL with basic grouping model results on the latest labelled test set. . . . 80

Venn-diagram-based fragment MTL model results on the shared task test set. 80
Venn-diagram-based fragment M'TL model results on the latest labelled test

1 81
Average results across models on the shared task’s test set. . . . . . . . .. 81
Average results across models on the latest labelled test set. . . . . .. .. 82



List of Figures

2.1
2.2
2.3
24
2.5
2.6
2.7
2.8
2.9
2.10
2.11
2.12

3.1

3.2
3.3
3.4
3.5

3.6

3.7

4.1
4.2

Neural network model . . . . . . . .. ... oo 6
The mechanism of an artificial neuron . . . . . . . .. ... ... ... ... 6
An example of 2-D convolution . . . . . . ... ... 0oL 10
An example of 1-D convolution. . . . . . . . . ... ... 12
An example of Stride 2. . . . . ... 12
Sigmoid Function and Derivative . . . . . . ... ... ... ... ..... 16
ReLU Function and Derivative . . . . . . . . .. .. ... ... ... ... 16
Leaky ReLU Function and Derivative . . . . . . .. .. .. .. ... .... 17
Swish Function and Derivative . . . . . . . . .. ... ... ... .. ... 17
Representation Bias . . . . . . . . . . . Lo Lo o 20
Hard Parameter Sharing Model . . . . . . . . ... ... ... ... .... 21
Soft Parameter Sharing Model . . . . . . . . .. .. ... L. 22

STL model(left): weights trained independently for each task ¢; MTL model
(right): shared weights trained jointly for all tasks, with task-specific hidden

layers. . . . .o 24
AUC for different tasks . . . . . . ... 25
TPR at 0.10 FPR for different tasks . . . . . . . ... ... ... ... ... 25
The model for Independent Multi-Task Learning. . . . . . ... ... ... 27

Two Models for Interactive Multi-task Learning: (a) Inter-EC, which uses
emotion extraction to improve cause extraction (b) Inter-CE, which uses

cause extraction to enhance emotion extraction. . . . . . .. .. ... ... 28
An example showing what is ECPE and the difference between ECPE task

and ECE task. . . . . . . .. 28
Left: Testing accuracy. Right: Training loss . . . . . . .. ... ... ... 30
Top 20 rows in the training set of the happiness shared task dataset.. . . . 33
An example of hard parameter sharing for the three tasks. . . . . .. . .. 37

pal



4.3

4.4

5.1

5.2
2.3
5.4

2.5
2.6
5.7
2.8
2.9

5.10
5.11
5.12
2.13

0.14

5.15

5.16
5.17

5.18

= W N =

Loss,precision,recall and F1-score graph of model CNN+MTL+Glo Ve, train-
able. . . . e 40

Accuracy scores for the best performing system runs on CL-Aff Task 1 for
each of the participating teams. . . . . . . . . .. ... ... 43

An overview of the top 20 rows in the CL-Aff OffMyChest dataset. The first

line is the header of the dataset. . . . . . . . ... .. ... ... ...... 53
Basic Multi-task learning model . . . . . . . . ... oo 0oL 55
MTL model with 1-D convolutional layer and PRelu activation function . . 56

MTL with a combination of three embedding methods and three feature

extracting layers. . . . . . . ... Lo 57
Using labels from LIWC 2015 as an additional input . . . . ... ... .. 58
Using labels from LIWC 2015 as additional output (auxiliary tasks) . . . . 59
MTL structure with basic grouping . . . . . . . . ... ... ... ... .. 60

Venn diagram for label Support, General_support, Info_support and Emo_support 62

An example showing how fragment layer works for Support, General_support,

Info_support and Emo_support . . . . . . . . ... 62
Venn diagram for all six labels . . . . . . .. .. ... ... ... ... 63
Venn diagram of Emo_support and Information_disclosure. . . . . . . . .. 71

Prediction accuracy of the six teams on label EFmo_support and Info_support. 83

Prediction accuracy of the six teams on label Emotional_disclosure and In-
formation_disclosure. . . . . . .. ..o 84

Architecture of the ensemble models which predict the label set denoting
support and disclosure from the comment text, from the team ITIT INDIA. 85

Sentence classification using Bidirectional Transformers, from the team PENN
STATE USA. . . . . . e 86

CNN model with BERT embedding, from the team PENN STATE USA. 87

An overview of the super-characters model, from the team GYRFALCON
USA. e 88

Overall System Architecture of Multi-label Text Classification Using an
Emotion Embedding Model, from the team SKKU SOUTH KOREA. . &9

The procedure of a 5-fold cross-validation. . . . . . ... ... ... .... 101
The difference between StratifiedKFold and StratifiedShuffleSplit. . . . . . 102
Different metrics and calculation methods. . . . . . ... ... ... ... 102
Official pre-trained ELMo models. . . . . . . . ... ... .. ... ..... 106

xii



Chapter 1

Introduction

Social media is the product of the information technology revolution and greatly changes
the world. Nowadays in our society, the use of social media has become a major daily
activity of humans. People use it for access to the news and information in the world
and social interaction with others. It uses texts, graphics and videos to connect us to the
outside, locally or globally.

Among all possible mediums in social media, text may be the most popular one that
been used every day. We use messages to contact our families, share the moments on
twitter, read the news on the websites, etc. Hundreds of millions of texts are generated
every day. Most of the texts are valueless and discarded, while some of them contain useful
information. However, no one in the world has the ability to deal with all of them. The
imbalance between the speed of information generating and the inability to process them
promotes the development of a hot subject, natural language processing.

Natural language Processing (NLP) is a branch of artificial intelligence that enables
computers to read, understand, interpret and manipulate human language. NLP attracts
interest from numerous disciplines besides computer science, in its pursuit to fill the gap
between human communication and computer understanding. Many natural language
processing techniques depend on machine learning (ML) to derive significance from human
languages by learning from text corpora. Nowadays, the ML techniques become more
efficient and achieved higher performance by using deep learning.

Deep learning is a subset of machine learning based on artificial neural networks.
Deep learning architectures such as feedforward neural networks, recurrent neural net-
works (RNN) and convolutional neural networks (CNN), have been applied to many fields
including but not limited to computer vision, speech recognition, natural language pro-
cessing, audio recognition, social network filtering, machine translation, bioinformatics,
drug design, medical image analysis, material inspection and board game programs, where
they have produced results comparable to and in some cases surpassing human expert
performance| , ]

But there are still many limits and challenges in deep learning, such as overfitting,
hyperparameter optimization, and sometimes, long training times. Multi-task learning



(MTL), in terms of deep learning, is a broadly-used approach in addressing issues like
overfitting and getting better model performance for multi-label tasks.

1.1 Motivation

Even though deep learning is a suitable and powerful approach for addressing natural
language processing tasks, training deep learning models on a single task may still not be
able to get the best result. Besides overfitting, the information contained in a single label
sometimes is not sufficient for the model to "understand” the whole task. Use soccer as an
example: to improve his performance, a soccer player not only needs to train on the pitch,
but also needs to train weightlifting, marathon, and swimming because these sports can
build the muscles which are crucial to them but not easy to be strengthened sufficiently
from playing soccer only.

It is the same when it comes to task learning. For a label L, the other labels may contain
useful information for L and in the meanwhile training on other labels could prevent the
model from overfitting, thereby generating a more general model.

1.2 Contributions

In this thesis, we describe the mechanism and usage of multi-task learning, how it can be
combined with deep learning and how to use it in natural language processing tasks.

In experiment 1, the contributions consists of confirming the superiority of multi-task
learning over single-task learning on the CL-Aff shared task 2019 dataset, and verifying
the effectiveness of pre-trained embeddings, including GloVe and ELMo, on this dataset.
Parts of this chapter were published in | , ].

In experiment 2, we compare several multi-task deep learning models and contribute a
novel way to implement hard parameter sharing using the Venn diagram. In the CL-Aff
shared task 2020 competition, our proposed Venn-diagram-based model obtained the best
score in the disclosure label group and was very close to the best score in the supportiveness
label group. Our paper describing the model | , | was chosen as one of
the two the best system description papers.

1.3 Outline

We will first introduce the main types of deep learning techniques and how they can be
applied for natural language processing. In chapter Background 2, we will discuss in
more detail the mechanisms in the artificial neural network, including artificial neurons,
activation functions, and the backpropagation algorithm. Then there is a part focusing
on how to connect natural language processing with deep learning, which requires word



embeddings and different types of processing layers in the neural network. Different aspects
of multi-task learning are included in the following sections, e.g., the definition of MTL,
the motivation behind it, and four important mechanisms in MTL. Then we will discuss
how MTL affects the performance on a noisy dataset, and two approaches to employ deep
multi-task learning model: hard parameter sharing and soft parameter sharing. According
to our experiments, we will only discuss hard parameter sharing in detail in this paper.

Chapter 4 presents several related works on multi-task learning in different NLP fields,
such as mental health, emotion analysis, and social media.

The following two chapters are our experiments. Both of them are based on the CL-Aff
(Computational Linguistics Affect Understanding) shared tasks in the AffCon (Affective
Content Analysis) workshop at the AAAI (Association for the Advancement of Artificial
Intelligence) conference. Experiment 1 is based on the shared task from 2019 while exper-
iment 2 is based on the shared task from 2020. The topic of the workshop in 2019 is In
pursuit of happiness, and in 2020 it is Get it #OffMyChest.

The last chapter 6, describes the conclusions of our experiments and proposes directions
of future work.

The appendix shows details about the issues we encountered during the practical model
employment; techniques and tools we used in the experiments, such as the Python libraries,
TensorFlow usage, and the approach we used to generate the ELMo embeddings.



Chapter 2

Background

In this chapter, we will introduce deep learning and show how it can be used for natural
language processing. We will dive deeply into the structure of the neural network model,
including the neurons, activation function and backpropagation. Then, the approach to
connecting deep learning with the natural language processing will be explained, which
consists of different word embedding methods and a bottom-up neural network struc-
ture. After that, we will focus on multi-task learning, including the motivations and the
mechanisms behind it. Two ways of employing multi-task learning in deep learning, hard
parameter sharing and soft parameter sharing, will be described in this chapter.

2.1 Deep Learning and Artificial Neural Networks

Deep learning is a network-like model that imitates the workings of the human brain in
processing data and creating patterns for use in decision making. Each node in the deep
learning model is called an artificial neuron, and all the neurons combined produce the
artificial neural network. Deep learning is a type of machine learning in the artificial
intelligence field, also deep neural networks.

A neural network contains an input layer, one or more hidden layers, and an output
layer, like in Fig. 2.1. The input data will be feed into the input layer first. After lowing
through the whole network, the output of the model will be calculated at the output
layer. If an update is needed, the difference between the expected output and the actual
values will be calculated and propagated back. We mentioned above that neural network
is composed of one input layer, one or multiple hidden layers, and one output layer, but in
some special cases, it can have multiple input and output layers, too.

In Fig. 2.1, the model contains nine nodes in total. Each node here is an artificial
neuron, which is the smallest unit in the neural network model.

As shown in Fig. 2.2, the mechanism of artificial neurons in one layer can be described
as follows:



1. Get connections of input nodes. The input vector can be showed as X,, =
(r1, 9, ... ,xn)T, in which z;(1 <i < n) is the output value from the ith neuron of
the previous layer. The weight matrix can be shown as W,,, = (wy, wam, . - ., wnm)T
where W;,,(1 < m < n) describes the weight between the neuron and the ith input
neuron of the previous layer.

Y

2. Calculate the weighted Sum. The input vector and the weight matrix are multi-
plied, then subtracted by the bias vector b, and we can get a median vector, which
contains input values for all neurons in this layer. For a specific neuron in the layer,
the final input value is one of the scalars in the median vector.

3. Activate using the activation function. The final input value obtained from
the step 2 will be entered into an activation function, which will be described later
in detail. In general, the activation function will transform the input value into a
ranged value.

The mathematical expression can be shown by the equations 2.1 and 2.2, in which f(-)
is the activation function of the neuron.

Uy, = Zwmjxj (2.1)
j=1

Vi=f(um —bp) = f (Z WinjTj — bm> (2.2)



Hidden

Input

Figure 2.1: Neural network model

X1

Figure 2.2: The mechanism of an artificial neuron

2.1.1 Backpropagation

So far, we have defined the structure of the neural network. In a newly generated net-
work, all the weights and biases are randomly initialized. Currently, it cannot do any
work because all the outputs will be random. To customize the network and make it spe-
cific to our task, the neural network needs to be trained. Generally, neural networks are
trained via Gradient Descent, which has several derivations like: Stochastic Gradient De-
scent (SGD), Batch Gradient Descent and Mini Batch Gradient Descent. The mechanism
behind gradient descent is called backpropagation.



According to the work from [ |, backpropagation repeatedly ad-
justs the weights of the connections in the network so as to minimize a measure of the
difference between the actual output vector of the network and the desired output vector.
In other words, the aim of backpropagation is to minimize the cost function (loss function)
by adjusting the weights and biases of the neural network. The level of adjustment is
determined by the gradient of the loss function with respect to the parameters, including
the weights and biases.

2.2 Deep Learning Model for Natural Language Pro-
cessing

The deep learning model used for natural language processing is similar to the original
deep learning model we described. They both have an input layer, hidden layers, and an
output layer, with weights trained on the training data via backpropagation. The only
difference is that the model for natural language processing requires some preprocessing
steps for the linguistic data.

Unlike traditional deep learning problems in which the input data are scalar values, in
natural language processing, the input data are frequently a set of phrases or sentences
in English or any other languages. However, the neural network model can only accept
vectors of scalars. So, how to convert the words and sentences into real values is the crucial
issue in deep learning for natural language processing tasks.

The approach to mapping words and sentences into vectors of real numbers is called
word embedding.

2.2.1 Word Embeddings

Word embeddings are one of the most popular representations of the words in a corpus
(collection of documents). They have the ability to capture the context of the words, as well
as the semantic and syntactic similarity, relation with other words'. In word embeddings,
words are represented as vectors of real numbers and these vectors are low-dimensional
compared to the vocabulary size. A well-known characteristic here is that words with
similar vectors are frequently semantically similar as well.

There are many popular word embedding methods. Among the first ones, there is

word2vec which was developed by [2013] in 2013 at Google. We do not use
word2vec in the following experiments because there are some more efficient successors,
like GloVe| , ], ELMo| : ], and BERT]| ,

.

!The vocabulary is composed of all the words in the corpus (possibly after removing stopwords and
rare words)




e GloVe is an unsupervised learning algorithm for obtaining vector representations for
words. Training is performed on aggregated global word-word co-occurrence statistics
from a corpus, and the resulting representations show interesting linear substructures
of the word vector space | : -

As to the usage, we do not always need to train the GloVe vectors by ourselves.
There are some pre-trained word vectors released on the official webpage of GloVe.
We will use the one trained on Twitter data (glove.twitter.27B). It is trained on 2
billion tweets, containing 27 billion tokens; it has a 1.2 million vocabulary size. As
most of our experiments are based on the social media data gathered from Facebook
or Twitter, it is the most appropriate one for our tasks.

e ELMo is a deep contextualized word representation that models two aspects. The
first one is the complex characteristics of word usage, for example, syntax and seman-
tics; and the second is how these usages vary across linguistic contexts, for example,
to model polysemy?. The word vectors are learned functions of the internal states of
a deep bidirectional language model (biLM), which is pre-trained on a large text cor-
pus. They can be easily added to existing models and could significantly improve the
state-of-the-art results across a broad range of challenging NLP problems, including
question answering, textual entailment and sentiment analysis | , -

According to the official webpage?, EIMo has the following features:

1. Contextual: The representation for each word depends on the entire context in
which it is used.

2. Deep: The word representations combine all layers of a pre-trained deep neural
network.

3. Character based: ELMo representations are purely character-based, because
it contains a character-based context-insensitive type layer, which allows the
network to use morphological clues to form robust representations for out-of-
vocabulary tokens unseen in training. However, in practice, it can give embed-
ding of anything you put in — characters, words, sentences, paragraphs, even
though it is built for sentence embeddings.

About the usage of ELMo, like GloVe, ELMo also has pre-trained word vectors, which
are released both on its official webpage and built in the Tensorflow library. Because
it will take a long time to train a new ELMo model, whereas it will not improve the
performance too much, we always use the fine-tuned pre-trained models.

As ELMo has a good balance between performance and training costs, it will be the
main approach in the following experiment 1. Unlike GloVe, which only contains a
word-value map in its pre-trained model, the use of ELMo is more complex and will
be shown in detail in the appendix.

2words that have more than one meaning
3https://allennlp.org/elmo



e BERT (Bidirectional Encoder Representations from Transformers)| ,

| is published by researchers at Google Al Language in 2018. It was shown

to achieve state-of-the-art results in a wide variety of NLP tasks, including Question
Answering, Natural Language Inference, and others.

BERT makes use of the Transformer architecture, an attention mechanism that learns
contextual relations between words (or sub-words) in a text. It is pre-trained on a
large corpus of sentences. In brief, the training is done by masking a few words in
a sentence and tasking the model to predict the masked words. And as the model
trains to predict, it learns to produce a powerful internal representation of words as
word embedding.

2.2.2 Neural Network Model Structure

In this section, we will describe the structure of deep neural networks for natural language
processing, together with the usage of word embedding layers.

Generally from the bottom to the top of a neural network model, we introduce the
input layer, embedding layer, convolutional layer, batch normalization layer, pooling and
dropping layer, general dense layer for flattening, and output layer.

Input Layer

There is almost no special feature in the input layer. The only thing we should be aware
of is that the shape of the input layer can be changed depending on the type of embedding
layer we chose.

For example, if we choose GloVe as the embedding layer, the shape of the input layer
should be a constant value, and generally, it will be a pre-set length generated from the
input tokens. A common way to choose a convenient pre-set length is to find the shortest
length, which is no less than 95% | : | of the lengths of the original sentences.
Then the original sentences require cutting if they are longer than the pre-set length or
padding if they are shorter than the pre-set length. On the other hand, if ELMo is chosen
as the embedding layer, depending on different input requirements for ELMo, the shape
can be 1 or a pre-set length from the input tokens.

Embedding Layer

Above next to the input layer is the embedding layer, which can convert the input tokens
into numeric values. As we have already talked about different embedding methods before,
we will not discuss them again here.

For the balance between performance and training time, loading the pre-trained em-
beddings is the best choice. But as the pre-trained embeddings were trained on another



corpus, they are not a perfect fit for other datasets. However, almost all embedding meth-
ods support updating the embedding values during training. Generally, setting the flag
that indicates whether or not updating the values during training is allowed, can improve
the model performance by 2 percent, compared to the non-updating model.

Convolutional Layer

Nowadays, convolutional neural networks (CNNs) are among the most popular classifiers
in deep learning, especially in image recognition and image classifications, which are used
in object detection, face recognition, etc. Although the primary usage of the convolution
neural networks is for images, it also has state-of-the-art performance in natural language

processing| , 1 , )1 ; J.

The convolutional layer is the core of a convolutional neural network. It carries most
of the computational load within the network. The convolutional layer performs a dot
product between two matrices, where one matrix is a set of trainable parameters, which is
also known as a kernel or a filter, and the other one is the restricted portion of the receptive

field.

The kernel slides across the height and width of an image and produces the image
representation of that receptive field during the forward pass. The resulting output is
called a feature map or activation map. The sliding size of the kernel is called a stride.
The convolution operation can be seen in Fig. 2.3
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Figure 2.3: An example of 2-D convolution

Layers that perform the convolution operation are collectively known as the convo-
lutional layer. There are many subtypes in this category, such as the 1-D convolutional
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layer (e.g., temporal convolution), 2-D convolutional layer (e.g., spatial convolution over
images), and so on. Between these two, the 1-D convolutional layer is used in natural lan-
guage processing, because it scans from the beginning of a text till its end, just as humans
read texts.

Unlike general 2-D CNN models, which accept a two-dimensional input representing
pixels and colour channels of an image, the 1-D convolutional layer extracts features from
one-dimensional sequences of data and maps the internal features of the sequence. In the 1-
D convolutional layer, the filter moves from one side of the input data to the other directly
without changing direction. For example, in Fig. 2.4, the length of the input sentence, I
love one dimensional convolutional neural networks very much, is 9. And each
word in the sentence has been mapped to an embedding with a length of 6. The filter, aka
kernel, of the 1-D convolutional layer is six units long and two units wide. This allows it
to scan the input data from side to side perfectly, just like a process where a human reads
a sentence.

In general, the convolutional layers in convolutional neural networks can summarize the
features in the input. However, the summarizing ability of convolutional layers is so strong
and sensitive, which can cause an issue: the output feature maps are way too sensitive
to the location of the features in the input| , |. In other words, any small
movement of the features in the input will result in different feature maps. Using image
input as an example, any re-cropping, rotation, shifting, or other minor changes to the
image will generate totally different feature maps. As to natural language text input, the
issue occurs when switching the order of the words in the sequence, replacing one word
to another, etc. In order to address this issue, a widely used technique is downsampling
[ , |. There are two common ways to employ downsampling: the first one is
changing the strides of the convolutional layer. The stride is the number of pixels shifts
over the input matrix. When the stride is 1, then we move the filters to 1 pixel at a time.
When the stride is 2, then we move the filters to 2 pixels at a time, and so on. Fig. 2.5
shows how convolution works with a stride of 2. Another approach is to use a pooling
layer 2.2.2.
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Figure 2.4: An example of 1-D convolution.
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Figure 2.5: An example of Stride 2.

Batch Normalization Layer
In a dataset, the distribution between training data and test data can be different, which

causes an issue called covariate shift [[offe and Szegedy, 2015]. Normally, we would expect
them to have the same distribution, but this rarely ever happens. For example, assuming
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we trained a model on images of black cats only, if we now try to apply it on a dataset of
coloured cats, it is obvious that the network will not work well because the distribution on
test data has changed. The batch normalization layer can improve the performance of the
model by reducing the effect of the covariate shift.

Normalization is a method that can normalize the data into a proper scaling. For
example, we have some features range from 0 to 1 and some from 0 to 1000. We should
normalize them to speed up training. Just as we do this on the input layer by adjusting
the scaling of the input, batch normalization can do similar things on hidden layers and
get more performance improvement.

To increase the stability of a neural network, batch normalization normalizes the output
of a previous activation layer by subtracting the batch mean and dividing by the batch’s
standard deviation | ) |. A batch normalization layer can normalize the
activations of the previous layer at each batch. In other words, it applies a transformation
that maintains the mean activation close to 0 and the activation standard deviation close
to 1.

Pooling and Dropping Layer

Pooling layers offer an approach to downsampling feature maps by summarizing the
presence of features in patches of the feature map. As we said before, pooling layers can
help the convolutional layer overcome the limitation that the feature map output records
the precise position of features in the input.

Average pooling and max pooling are two common functions used in the pooling oper-
ation, which summarize the average presence of a feature and the most activated presence
of a feature, respectively.

e Average Pooling: Calculate the average value for each patch on the feature map.

e Maximum Pooling (or Max Pooling): Calculate the maximum value for each
patch of the feature map.

Besides the pooling method, another parameter that needs to be specified is the filter
size, which needs to be smaller than the size of the output of the previous layer. E.g. if
the pooling layer is added after the convolutional layer, the filter size should be smaller
than the size of the feature map. Specifically, it is almost always 2 x 2 pixels applied with
a stride of 2 units, which means that the pooling layer will always scale down the size by
a factor of 2. For example, a pooling layer applied to a feature map of 6 x 6 will result in
an output of size 3 x 3.

As there is no additional parameter or variable in the pooling layer, we can see that
the pooling operation is specified, rather than learned.

There is another type of pooling operation that is sometimes used called global pooling.
If we take a feature map as an example, instead of downsampling small patches of the
feature map, global pooling downsamples the entire feature map into a single value. It is
a way that aggressively summarizes the presence of a feature.
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Activation function

Activation functions play a key role in neural networks. They are applied to every neuron
and allow the neural network to learn non-linear states. If the activation function is
not applied, the output signal of each neuron will become a simple linear function. A
non-activated neural network will act as a linear regression with limited learning power,
compared to the complex input information, like sentences, images, or sounds.

There are many popular activation functions available nowadays. The choice of activa-
tion functions in deep neural networks has a significant impact on the training dynamics
and task performance. Here we will describe the sigmoid function, the ReLLU function, the
Leaky-ReLU function and the Swish function.

e Sigmoid Function is the most popular and frequently used activation function,
shown in the Fig. 2.6. The mathematical expression of the sigmoid function is:

1

flo) =

(2.3)

One advantage of the sigmoid function is that the value of it ranges from 0 to 1, which
means it can still produce an output in the range of (0,1) even when encountered
with (- infinite, + infinite) as input and the activation value will not vanish. Another
advantage is that as the value tends to 1 along the direction of the positive x-axis,
and to 0 along the direction of the negative x-axis. The sigmoid function can also be
used as a binary classification function.

However, the sigmoid function has a crucial disadvantage. If we look carefully at the
graph, we can find out that the derivative values at 1 and before -1 are very small
and converge to 0. This causes a problem called vanishing gradient and harms the
learning process. It is easy to imagine that in a deep neural network, where each
layer produces a small derivative value and passes it to the next layer, the gradient
will disappear quickly, and the difference between outputs and true values cannot be
delivered to the bottom layers. In order to address this problem, many other more
efficient alternatives appeared, like ReLU.

¢ ReLU(Rectified Linear Unit) is the most successful and widely-used activation
function. The mathematical expression of ReLU is:

f(z) = max(0, x) (2.4)

Its value ranges from [0, +infinite). As shown in Fig. 2.7, the most prominent feature
of ReLlU is that its derivative value remains 0 at the negative x-axis, and 1 at the
positive x-axis. Keeping the derivative value at 1 on the positive axis solves the
vanishing gradient problem effectively.

But for the negative axis, it has a value of 0, which means it can provide a more
efficient computational load in the network, and the model can run faster. However,
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as both the output and the derivative value are 0, the model cannot learn on this
zero value region, which leads to a lot of dead neurons in the network model. It is a
problem called dead ReLU. This disadvantage outweighs its merits, and this is why
LeakyReLU appeared with a trick.

LeakyReLU has a small leak on the negative plane, compared to ReLLU, as shown
in Fig. 2.8. The mathematical expression is: