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Abstract

Text classification is one of the most widely-used and important NLP (Natural Language

Processing) tasks that aim to deduce the most proper pre-defined label for a given docu-

ment or sentence, such as spam detection, topic classification, sentiment analysis, and so

forth. One of the key steps of text classification is text representation. With the rapid

development of machine learning, neural network models such as Convolutional Neural

Networks and Recurrent Neural Networks have been commonly employed for achieving

text representation learning. Currently, in most existing text classification models, the

labels of the classification task used by models are always represented as one-hot vectors,

without the dependence on the semantics of text data itself. For example, in a sentiment

analysis task, the labels “positive”and “negative ”are encoded as [1,0] and [0,1], and the

semantic information of the labels is not made full use of. However, the semantics of

labels are highly related to the text classification task. Therefore, the information con-

tained in labels can not be disregarded.

In this thesis work, we propose a Label Embedding-based Hierarchical Attention Model

(LE-HAM) incorporating the semantic information of labels. We implement the semantic

information of labels by jointly embedding the labels and words. Further, to solve the

other problem, the structure of a single attention mechanism does not achieve satisfac-

tory results for data with weak signals. We introduce a model that includes a two-level

attention framework based on the label semantics embedding. This hierarchical atten-

tion structure aims at the text data with weak signals in the tasks, seeks to exploit the

label information to choose the key sentences first, then use only these selected sentences

combined with label information to build a text representation. Therefore, the major-

ity of noises can be removed. The main novelty is that this method creatively uses the

sentence-chosen mechanism. In this way, the model can find the key sentences when there

are many noises in the text, then keywords can also be located more efficiently, and the

accuracy of the text classification task on those “weak signal”datasets can be improved.

Key words: label embedding, attention, hierarchical, weak-signal
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Chapter 1

Introduction

1.1 Overview

Text classification is one of the main tasks in Natural Language Processing (NLP) with

wide applications such as intent recognition [9][10], sentiment analysis [11][12][13], spam

detection [14][15], and news filtering [16]. Text representation is a decisive intermediate

step [17]. Due to deep learning’s unprecedented success, it is desirable to use deep learn-

ing instead of imprecise and time-consuming manual methods in the text representation

procedure to produce more objective and reliable results. Therefore, research has boomed

in this field in the past few decades. As revealed in recent surveys, there have been many

advanced methods proposed.

Traditional methods employed for text representation aim at conveying pre-processed

text data in a way that minimizes information loss and makes it easier for computers

to “understand”. Some examples are Bag-Of-Words (BOW) [18], N-gram [19][20], Term

Frequency-Inverse Document Frequency (TF-IDF) [21][22].

Deep learning models proposed recent years have achieved outstanding performance com-

pared with traditional models [1][23][24]. Based on deep neural networks which enable

1



2 1.1. Overview

models to extract to learn higher-level features in the way of simulating the human brain.

CNN (convolutional neural network) [25] and RNN (recurrent neural network) [26] are

the two of the earliest deep learning models for text representation which are widely

used and improve performance on text classification tasks. Then, to solve the gradi-

ent vanishing problem of the RNN method, LSTM (Long Short-Term Memory) [27][28]

came out. As the improved variant of RNN, LSTM can alleviate the gradient vanishing

problem effectively, deal with longer text data and capture contextual information better.

To improve the flexibility and interpretability of text representation, attention mecha-

nisms [29][4] have been introduced and become an essential part of text classification

models. Attention methods are employed for capturing the relevance which makes highly

important contributions to the classification tasks. The training of the attention module

is independent of the distance between the sequence’s elements, therefore it can provide

complementary information to the models based on RNN / CNN whose dependencies are

related to distances.

More recent years have seen an epoch-making turning point in the research domain of text

classification and other NLP domains because of the appearance of pre-trained language

models [30] such as BERT (Bidirectional Encoder Representation from Transformers)

[6]. BERT is well-known and widely employed for text classification tasks, and achieves

more inspiring performance than the former models. Unsupervised methods are typically

employed to achieve the goal that “letting machines understand semantics”, pre-trained

models are involved to mine semantic information and then construct pre-training targets

automatically. Pre-trained language models can boost the performance of text classifi-

cation tasks significantly for the reason that they can learn global semantic information

effectively.

Word embedding [31][32][33] is a highly effective tool as well as a basic element widely

used in NLP tasks including text classification, as an intermediate representation aims

to capture semantic regularities between words. Syntactic and semantic meanings of
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words are obtained from a large corpus and then both of them are embedded to pro-

duce a real-valued vector used for learning the text representation. Recently, several

surveys [34][35][36][37] proved that the quality of the word embedding is crucial for the

performance of text classification. In recent years the word embedding concept has been

expanded to obtain embeddings that capture the semantic information and connection of

word sequences (for example, phrases, sentences, and paragraphs) [38][39][40].

Figure 1.1: An example of “noisy”text data

Various advanced models have been proposed and exploited by plenty of research works

that achieved improvement in text representation. Even though they have obtained

inspiring results on text classification tasks, there are still many challenges that we are

facing. For example, “weak-signal”text is common in various NLP tasks. For instance, we

can occasionally encounter user comments with this characteristic when we are browsing

the user reviews of a certain product on the Amazon website. Those reviews may give a

lengthy, trivial story about their daily life or mention other products and so on, before

using only one or two sentences to evaluate this product. An example is shown in Figure

1.1: Only two short sentences with red lines allow us to make it clear that the user is

talking about a pet toy product. The majority of this user’s command makes it easier

to regard it as a pet food review rather than a toy review. The aforementioned models

and methods always work unsatisfactorily when applied to those text data that need to

be categorized, such as determining which category of product the user is talking about

in this review. Those models frequently take adequate large datasets for training and
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learning to achieve a good performance on these “weak-signal”text data. Additionally,

the methods based on the aforementioned models fall short when it comes to locating the

key phrases and keywords in text data for later use (for instance, manufacturers would

save a ton of time if they could identify key phrases in lengthy reviews that reflect user

feedback on their products).

On the other hand, despite the fact that numerous deep learning models have rapidly,

widely, and successfully demonstrated their effectiveness, it is not difficult to find that

those deep learning models all ignore the important role that labels are playing in text

classification [41]. In text classification tasks, labels are not independent of the text data.

It can even be said that the connection between them is very close and crucial since the

labels of text data are also words or phrases that have semantics. However, the labels

are often transformed into one-hot vectors that are only used for the learning of the

classifier, and the semantic information of the labels is not made full use of. To address

the aforementioned problems, the label embedding-based methods have been proposed

in recent year [42][43][44]. The effectiveness of label embedding has been demonstrated

in various tasks of different domains [45][46][47]. For text classification, the semantic

information of labels can be used to find those words in text data that are most relevant

to the classification task. A method that constructs the text representation in the label-

word joint embedding space where the word-label compatibility can be used directly was

proposed and has shown the inspiring result [8]. Moreover, label embedding method has

been employed in the multitask learning [48][49] and heterogeneous networks [50], etc.

1.2 Contributions

To address the problems of the classification tasks on the aforementioned “weak signal,

strong noise”text data. Two novel methods are proposed in this thesis based on the label

embedding method. They are built up for capturing the key sentences and keywords, re-

taining key information to the greatest extent possible while removing noise. Therefore,
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the high-quality text representation for the text classification tasks can be constructed.

The details of the Sentence Selection part will be explained in Chapter 3 and the adaptive

method for Sentence Selection will be introduced in Chapter 4.

This thesis makes the following contributions and works:

• Implement a computation strategy for text data that has undergone sentence seg-

mentation and other data preprocessing stages, based on the joint embedding of

words and labels method. Hence, reliable weight values that can reflect the im-

portance of the sentence can be obtained by computing the compatibility between

words and labels and the relevance of sentences to the classification task. The more

relevant this sentence is, the larger the weight value is.

• Design an adaptive selection mechanism to choose sentences from the text data

with the most relevance to the classification according to the word-label compat-

ibility and sentence weight values obtained. Only those selected sentences chosen

from the text in the sentence-selection step are involved in the construction of the

text representation. Therefore, noise in the text data can be reduced and valuable

information can be captured from the noisy data. As a result, the next phase can

result in a text representation of higher quality.

• Propose to learn the final text representation that is input into the classifier using

both the contextual information and the compatibility between words and labels.

Combined with the methods summarized above, this model we propose can not only

effectively classify noisy data, but also locate key sentences and keywords in text data,

which has practical value in future applications.
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1.3 Outlines

In this thesis, Chapter 1 introduces the background of my research work as well as the

motivation of this thesis. It provides an overview of the development of deep learning

models and methods employed on text classification tasks.

The literature and earlier studies on the understanding of some typical and significant

deep learning networks and attention mechanisms are comprehensively covered in Chap-

ter 2. In addition, a brief introduction is given to the label embedding-based approaches

proposed recently.

In Chapter 3, a detailed explanation of the proposed label embedding-based attention

model is given. The network is designed into a hierarchical structure where the attention

mechanism is employed to both sentence level and word level. In Chapter 4, further in-

depth ideas and attempts at adaptive sentence selection mechanisms are presented. The

preliminary results in the field test are demonstrated in Chapter 5.

Chapter 6 concludes the current progress and briefly introduces ideas for future work.



Chapter 2

Literature Review

This chapter reviews relevant literature on several representative neural network-based

NLP models. Attention mechanism and label embedding method are also detailedly

introduced. They are of great significance to the development of text representation tasks.

Section 2.1 introduces the existing typical deep learning-based models applied in the text

representation. Section 2.2 describes the attention mechanism that is regarded as one of

the most popular methods employed in text classification. Methods based on attention

make a significant improvement to performance and also improve interpretability. The

theoretical basis and implementation details of the label-word joint embedding method

are explained in Section 2.3. This label embedding-based idea allows our proposed model

to capture the relevance of words to the classification task. Some typical pre-trained

language models are reviewed in Section 2.4.

2.1 Deep Learning Models

Natural Language Processing is known as a way to enable computers to analyze the hu-

man language and then understand and derive the meaning smartly and effectively. There

are many challenges in the improvement of the NLP application, considering its target of

7



8 2.1. Deep Learning Models

focusing on the interactions between computers and human language. The programming

language used for communication between humans and computers is highly structured,

accurate, and unambiguous. While the human language is always imprecise and am-

biguous with the linguistic structures that can depend on dialects, cultural context, and

many other variables[1]. Therefore, inspired biologically by the structure of the human

brain, deep neural networks-based approaches enable computers to learn higher-level fea-

tures from observed data automatically. No human intervention is needed for the text

classification tool. Deep learning models consisting of neural networks proposed in the

last decade have achieved inspiring results on NLP tasks far more than traditional models.

Text classification is one of the most crucial branches of Natural Language Process-

ing, aiming at classifying a piece of text content into one or multiple categories. The

vital intermediate step of text classification is text representation. CNN (convolutional

networks), RNN (recurrent neural networks), LSTM (long short-term memory, which is

based on RNN), and so forth, have been applied successfully in the text representation.

2.1.1 RNN

The most significant characteristic of the Recurrent Neural Network for NLP tasks is

that it can capture the remote dependencies in sequence by recurrent calculation [51]. In

earlier neural network models such as MLP-based models [52] (MultiLayer Perceptron),

there is no connection between inputs and outputs. Since the words in the text data are

highly relevant to each other and the contextual information is extremely important, the

performance of those traditional neural models is unsatisfactory. In order to predict the

next word in a sentence, it is necessary to know the words that came before it. Hence,

RNN-based models are broadly employed in text classification tasks because they carry

out the same task for each element of a sequence, with the output dependent on previous

computations. It can be said that RNNs have a “memory”that stores information about

previous calculations. In Figure 2.1, a typical RNN is illustrated.
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Figure 2.1: Recurrent network [1]

First, each input word is transformed as a unique vector via the word embedding method.

The embedding vectors of words are then fed into the RNN unit individually, and the

dimension of the output vector and the input vector are the same. The output of RNN

units is then passed to the hidden layer. Different parts of RNN models share the same

parameters and the weight of each input is also the same.

2.1.1.1 Bidirectional RNN

In the human linguistic system, predicting a missing word in a sentence requires not only

the preceding information but also the following information, which is commonly referred

to as contextual information. Inspired by this feature of human language, the idea on

which Bidirectional RNN is based is that: the output at a certain time t depends on both

previous elements and future elements in the sequence. Figure 2.2 shows the structure of

a Bidirectional RNN composed of two RNNs stacked with each other on their top, the

hidden states of the two RNNs are used to calculate the output.



10 2.1. Deep Learning Models

Figure 2.2: Bi-direction RNN [2]

2.1.1.2 Deep RNN

As shown in Figure 2.3, the only difference between Deep RNN and Bidirectional RNN

is that there are multiple RNN layers in Deep RNN but Bidirectional RNN only has two.

Using more RNN layers improves the learning capacity of models but the requirement of

a large amount of train data is also necessary.

2.1.1.3 LSTM

In theory, RNNs can process and use the information contained in a sequence of arbitrary

lengths. However, it is limited to only a few steps back practically. Due to the RNN’s

backpropagation where the weights are adjusted according to gradients as well as contin-

uous derivative multiplications method to obtain the weights [53], it may cause what is

called a gradient vanishing problem after the continuous multiplications of the derivatives

when they are extremely small.
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Figure 2.3: Deep RNN [2]

Based on RNN, LSTM (Long Short-Term Memory) is proposed as a significant enhance-

ment to effectively alleviate the gradient vanishing problem. Except that the internal

operation of the LSTM unit is more complicated, the architecture of LSTM doesn’t have

a fundamental difference from RNNs. Figure 2.4 illustrates the structure of a LSTM unit.

Both the previous state and the current input are used as the input of an LSTM unit

[54]. The input is denoted as xt, ht−1 and ht denotes respectively the hidden state of this

LSTM unit when it is at time t and t− 1. The cell state of this LSTM unit at time t and

t− 1 is denoted as ct and ct−1. ct and ht are both transferred as the inputs to the next

time step. Three gates [55] are in an LSTM unit that are used as filters for the control of

the information flow to adjust the cell state and the hidden state, including input gates it,
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forget gates ft and output gates ot: The input gate controls the new information which is

about to be stored in the cell state; The forget gate decides what is going to be removed

from the cell state; The function of the output gate is specifying the information in the

cell state that is used as the output. LSTM can capture and learn the dependency in

both short-term and long-term series thanks to its complex structure with three gates.

Figure 2.4: A LSTM cell [3]

2.1.1.4 GRU

GRU also contains a gated structure resembling the LSTM. The architecture of the GRU

is simpler and the parameters are also fewer than LSTM whose structure is so sophisticate

that causes a long-time training process [56]. The structure of a GRU unit is illustrated

in Figure 2.5. There is a two-gate structure in a GRU unit: the update gate and the

reset gate. The cell state ct and the hidden state ht merge into one and the update gate

denoted as zt. zt controls the degree to which the information of ct−1 and ht−1 at the

time t− 1 transferred to the current time step t. The reset gate determines how much of

the previous state’s information is brought into the current state ĉt.
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Figure 2.5: A GRU cell [3]

2.1.2 CNN

Figure 2.6: Basic structure of a CNN in Computer Vision [1]

CNN (Convolutional Neural Network) [57] is commonly related to Computer Vision. In

particular, CNN has significant implications for a major breakthrough in image clas-

sification tasks, since its convolution filters enable it to extract features efficiently from

images. CNN has become the heart of the majority of nowadays’ computer vision systems.

Figure 2.6 illustrates a basic structure of CNN when it is applied to computer vision tasks.

For the application of CNN in NLP tasks [58][59], it also has resulted in many encour-

aging results. Unlike the conventional neural network, which is referred to described as

a fully-connected network since every input neuron is connected to every output neuron

in the following layer. While the way of CNN obtains the output is by employing the
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convolution operations on the input layer. In more detail, it is each region instead of each

neuron on the input layer that is connected to each neuron in the output layer, which

means that it can cause the local connection. The filters on every layer considered as ex-

tracting features are different. If the feature exists, the value of the output of this region

where the corresponding filter is applied can be large, while the filter yields a small value

in other regions. There are always hundreds even thousands of filters. The results of

those filters are then combined to extract textual information from different perspectives.

The pooling layers play a crucial role in CNN, and the output of the convolution layers

is the input of the pooling layers. The operation of pooling layers for subsampling their

inputs can be max operation, median operation, and average operation [60], etc., and

the max-pooling [61] is the most commonly used. In the application of CNN on the text

classification tasks, the size of sentences is variable so is the number of filters. Therefore,

pooling is significantly required since the output of the pooling operation is a fixed-size

matrix, it allows us to obtain the output as the input of the classifier that has the same

dimension. In addition, max-pooling can preserve the information about whether the

feature appears in this region due to the detective characteristic of the filters. Although

the global information in this region (about where it exactly appears) is lost, the filter

can capture the local information. The values of CNN’s filters are learned and adjusted

during the training process based on the tasks.

When CNN is applied for image processing, as mentioned above, it automatically learns

filter values depending on the task. For instance, in an image classification task, the first

layer of CNN can be trained to use the raw pixels to detect the image edges; the edges

information then is used in the second layer to obtain the simple shape; then the higher-

level features such as the facial information are collected from the shape information; the

last layer uses those higher-level features to perform classification which is also called a

classifier.

As Figure 2.7 illustrates, the majority of NLP tasks, such as text classification, require

sequences or documents as input, as opposed to computer vision tasks, which require
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picture pixels. Each token—typically a word—is represented as an embedding vector in

order to make the text representation resemble the image representation. As a result,

the text data, such as sentences, are represented by a matrix where each row represents

a word.

Figure 2.7: How the CNN works in NLP tasks [1]

2.2 Attention Mechanism

Although the traditional neural network models like CNN and RNN have achieved inspir-

ing improvement on many tasks in various domains, these models all have the shortcoming



16 2.2. Attention Mechanism

Figure 2.8: The structure of the “core”attention model [4]

Figure 2.9: The structure of the general attention model [4]

that they are not intuitive and interpretable enough. For example, when the model clas-

sifies a document data wrongly in a text classification task, it cannot explain the reason

for giving the wrong predicted label to the data. Inspired by human intuition, there have

been various attention models proposed recently, and the basis of their approaches is

the same. The basic idea of the attention mechanism is to focus more on target regions

(for example, a certain part of an image [62] or a paragraph of an article) that contain

important information while giving less attention to those less important parts (such as

the surrounding images and some trivial sentences) [63]. Meanwhile, the focus, as well as

the extent of attention, is being adjusted over the training process.

In short, “attention”in the attention mechanism can be generally regarded as a weight

vector. Predicting an element such as a label or a sentence requires combining informa-

tion from other elements in the data. Therefore, it is essential to estimate the degree

to which these components are related to the element to be predicted. The attention
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mechanism gives larger weights to those with higher relevance, and then the value of the

weighted sum is used as an approximation to the target.

Attention-based neural network models have proven successful on many NLP tasks with

satisfactory results. In a text classification task, the labels given to the text such as

“entertainment”or “economy”, “positive”or “negative”are always relevant to some ele-

ments (keywords or key sentences). These key parts in the text need to be taken into

consideration by models. In the text classification domain, the input is typically a series

of textual elements. On the other hand, the attention mechanism, as part of the model

architecture, is used to dynamically highlight the information of the input data as the

training process progresses. As mentioned above, the attention method can be regarded

as a selection approach that generates a weight vector for the input data, more important

elements correspond to larger weight values. Hence, the attention mechanism can be

directly applied to the raw text in the input layer or the text representation on a higher

level on a hidden layer. The attention mechanism adjusts its focus without dependency

on the distance between the textual elements. Hence, it is of crucial benefit to the tasks,

especially on long text data such as long sentences or documents [64]. Moreover, the

neural networks with attention mechanisms not only improve the classification result but

also give insight into those parts of the text data that play a role in classification decisions

and which parts do not.

The basic attention mechanism introduced in this thesis is on the basis of the atten-

tion model proposed by Vaswani et al. [5] of which the core part has been shared by

nearly all attention-based models in recent surveyed literature. Although some addi-

tional structures do not present universally, they still can be found in the majority of the

existing attention models.

Figure 2.8 illustrates the core part of the attention-based model and a typical atten-

tion model is shown in Figure 2.9. The terms and symbols are listed in Table 2.1.
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Table 2.1: Notation of the attention model

Symbol Name Definition

x Input sequence The raw input consists of word sequence

K Keys A matrix consists of dk vectors whose length is nk that
contributes to the computation of attention weights, the
i-th vectors of K is denoted as ki, K ∈ Rnk×dk

V Values A matrix consists of dk vectors whose length is ki that

contributes to the computation of attention weights, the

i-th vectors of K is denoted as vi, corresponding ki, V ∈
Rnk×dk

q Query A nq-length vector, one of the element in which attention

weight computed, q ∈ Rnq

kaf qaf vaf Annotation functions Encode the input x and queryq , the respective results of

functions are K, q, V

e Energy scores A dk-length vector of which element denoted as ei(a scalar

called “energy score”), computed by the compatibility

function, reflects the relevance to the corresponding key

ki, e ∈ Rdk

a Attention weights A dk-length vector of which element denoted as ai(a scalar

called “attention weight”), computed produced by the at-

tention model, reflects the relevance to the corresponding

key ki, a ∈ Rdk

f Compatibility function Measures the relevance of K to q with the output vector

e, e = f(q,K)

g Distribution function a = g(e), transfers the “energy score”into “attention

score”.

Z Weighted values A matrix consists of dk vectors whose length is nv, denotes

the representation fromV weighted by a , the i-th vectors

of Z is denoted as zi, Z ∈ Rnk×dk

C Context vector A nv-length vector denotes the compact representation of

Z, c ∈ Rdk
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The core attention mechanism maps a sequence K called the keys which consists of dk

vectors ki. a is the weights distribution whose element is ai and the size is dk. The

features of input data are encoded as K on which the attention is calculated. K can be

an embedding matrix of sentences or a document, the hidden states of a neural network,

or multiple representations. For example, both the word embedding and position embed-

ding, of the same object.

In most instances, q which is called query is the other input. If q is defined, it is

regarded as the reference used to estimate how much the elements are related to the

classification. Those considered more relevant will be given more “attention”. Hence

the parts of the input which contain important information will be emphasized. If q is

not defined, it can be thought of as the features which are more relevant inherently that

need to be emphasized. For example, the hidden states of an RNN can be used as query .

As the compatibility function f (Eq 2.1), the keys K and the query q are used as two

inputs to calculate a dk-length vector e. e is composed of ei called energy score.

e = f (q ,K ) (2.1)

Then the attention weights a can be obtain from e through g what called distribution

function (Eq 2.2)

a = g(e) (2.2)

The SoftMax function is employed as the distribution function most commonly. Finally,

a is the output of the attention mechanism that represents how strongly each element in

the input data is related to the classification task.

As is illustrated in Figure 2.9, the weighted values which are used as the text repre-

sentation/context vector C in the text classification tasks are obtained by the sum of the

values V (Eq 2.3):

C =
∑

aivi (2.3)
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2.3 Word Embedding

It is well-known that recent advances in deep learning have resulted in significant progress

on many NLP tasks with various advanced deep learning models proposed. Due to the

fact that processing the semantic analysis of the text is the essence of the NLP task, the

high-quality representation of text semantics is of great significance to the results. Hence,

word embedding which is also called word representation or continuous / distributed rep-

resentation is playing a vital role [65][66]. It has been shown in several surveys [33][67]

recently that the effectiveness of word embedding is highly related to the performance of

the deep learning method on text classification.

Word embedding is the dense representation of a word that is embedded with the meaning

of the word in a vector space. The semantics between words are closer, and the distance

between their corresponding embedding vectors will be closer. Therefore, word embed-

ding methods can measure the similarity between words to capture the syntactic and

semantic relationships in text data [37]. Word embedding methods are typically based

on the distributed hypothesis : in a text such as a document, words that appear in sim-

ilar contextual positions are more likely to have similar semantics [68]. The embedding

vector of a word is built on the basis of its context on a large corpus. Context-counting

approaches [69][70][71][72] generate word embedding vectors initially by collecting the

word co-occurrence frequencies with some form of matrix factorization typically involved.

Later context-predicting [34][65][73] approaches which are also called neural approaches

were proposed and used on word embedding. By this neural approaches, the representa-

tion of words is also the component of the parameters trained by the model, targeting to

predict some data distributional features.

Although there was a debate on which approach is more desirable [74], the two ap-

proaches [67] have been thought that they embody different ways to pursue the same

objective [75]. These two methods inherently have different performances because of the

difference in the designs and the settings of hyperparameters [76]. The main disadvantage
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of context-counting approaches is that an entire co-occurrence matrix is needed that will

become impractical on the large-amount dataset. Conversely, this problem does not exist

in the neural approaches (context-predicting approaches). This is because the counts are

incremental intrinsically by using stochastic optimization (which is adopted as a standard

practice). Consequently, context-predicting methods are now applied in distributional se-

mantics learning dominantly.

Word2vec [65] is a representative and popular neural approach for constructing word

embedding vectors. In word2vec, a two-layer neural network is trained to make a predic-

tion for words corresponding the center of a sliding context window (CBOW: continuous

bag-of-words or the context of a central word [77], SG: skip-gram [77]). The first layer

indexes the word embeddings that is acting as a look-up table, the input and the output

are in the forms of one-hot vectors. Due to its hierarchical softmax and negative sam-

pling [77] method, word2vec has achieved success in significantly increasing the speed of

computation. Word2vec can therefore process large amounts of text data. GloVe [73] is

also popular for obtaining word embeddings and performs better in reconstructing the

co-occurrence probabilities between word pairs estimated by the dot product. The gloVe

has been proven to outperform word2vec on many NLP tasks, both these two methods

have been employed to produce mass word embeddings that have been publicly available

and widely used.

2.4 Pre-trained Models

As previously stated in Section 2.1 and 2.2, thanks to the rapid development of deep

learning, there have been various neural network-based methods applied in NLP (Natu-

ral Language Processing) tasks. Some examples are the well-known RNNs, CNNs, and

attention mechanisms. A major advantage of methods based on neural network models

is that these models can solve feature engineering problems to a large extent. Compared

with the non-neural-based traditional models that rely heavily on hand-crafted features
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[30] (for example, sparse lexical features like n-grams). The neural network models im-

plicitly represent the semantic and syntactic features of text data by using the form of

dense and low-dimensional vectors (also called distributed representation) [78]. These

representations will be learned during model training according to specific tasks. Hence,

neural network-based methods can make the processing of NLP tasks more intelligent and

efficient. Although the application of neural-based models in the NLP field has achieved

success, the improvement in the performance is still not very significant. This is mainly

because neural networks contain a large number of parameters that need to be trained.

However, the size of the current NLP datasets for supervised learning tasks is often insuffi-

cient for the training of these parameters, which may lead to overfitting [79]. Therefore, to

avoid this overfitting problem, early neural models are usually designed to be shallow (no

more than three-layer) [30]. Conclusively, these models can not generalize well in practice.

Substantial more recent literature has revealed that pre-trained models which learn gen-

eral representations of language on a large size corpus. Pre-trained models contribute

to the downstream work of NLP tasks because they avoid training a new model from

scratch. The word embedding methods such as GloVe [73] that we briefly introduced in

Section 2.3 are early pre-training models with the goal to learn high-quality word rep-

resentations. These models themselves do not participate in the training of downstream

tasks, so they contribute little to the effectiveness of the model. Although they can pro-

duce word embeddings that contain semantic features, they cannot capture higher-level

contextual features (e.g., anaphora, syntactic structures).

Recent years have witnessed the emergence of more advanced deep learning models rep-

resented by Transformers [5] and the continuous enhancement of training algorithms.

Focusing on capturing contextual information to construct high-quality word embedding

representations which contain high-level information of context, the architectures of pre-

training models have been advanced from shallow to deep. More advanced and powerful

pre-trained models such as ELMo [80], OpenAI GPT [81], BERT [6] have become avail-

able.
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In this section, we will briefly review Transformer and BERT that have had a signifi-

cant impact on the development of the NLP domain in recent years.

2.4.1 Transformer

Transformer has caused an uproar in the field of modern deep learning in recent years

because of its effectiveness in various domains such as NLP (Natural Language Process-

ing) and CV (Computer Vision) [82]. In the NLP domain, Transformer architecture has

been playing an indispensable role. For Transformer-based models provide a substantive

improvement in effectively capturing contextual connection and other aspects of text se-

quential manipulations. Since its inception in 2017, it has achieved the-state-of-the-art

results in a variety of NLP tasks.

The outstanding performance of the Transformer is due to its constituents, which are

the basis of many recent model variants. Stacked by many Transformer blocks, the

models formed a multi-layer structure. Figure 2.10 illustrates a well-established model

architecture of a Transformer block proposed by Vaswani et al in 2017 [5]. The basic

block is composed of an encoder and a decoder, the output of both will be normalized

by the SoftMax activation function. The main characteristics include position encoder,

multi-head self-attention mechanism, layer normalization, and residual connectors. The

input of the Transformer block is a word embedding vector combined with the position

embedding vector from the position encoder. The position encoder produces a corre-

sponding vector depending on the position of each word in the text sequence, hence the

contextual information can be extracted. A sinusoidal/cosine input or an embedding that

can be trained can be used for the position encoder.

The combined embeddings are then fed into the encoder composed of multi-head attention
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Figure 2.10: The architecture of a Transformer block [5]

and a feed-forward network. The multi-head attention mechanism produces the attention

vector for every input to reflect how strong the relevance of each word is with other words

in the same text sequence. Therefore, further contextual meaning can be captured. The

output of the multi-head attention layer is then fed into a two-layer feed-forward network

in the form of one vector at a time. Both the output and input of the multi-head attention

layer and feed-forward network are connected by a similar structure consisting of residual

connectors and a normalization layer. In this case, the output of the feed-forward network
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will be the decoder’s input. In particular, the attention is independent when dealing with

each input, the multi-headed attention mechanism [7] also achieves parallelism.

The decoder has a similar position encoder and masked multi-head attention part as

an encoder. The attention vectors from both the encoder and the masked multi-head

attention are fed into another multi-head attention layer. Then the result passes through

the feed-forward network, linear layer, and SoftMax activation function to obtain the

output probability distribution.

The use of the Transformer architecture can vary according to the tasks to which it

is applied: For machine translation, both encoder and decoder are employed; For text

classification tasks, only the encoder part is used; For language modeling, only decoder

is involved. Transformer-based models have been a formidable force in the development

of various NLP tasks [82].

2.4.2 BERT

Bidirectional Encoder Representations from Transformers well known as BERT has been

regarded as a groundbreaking new language model in the modern deep learning domain.

Based on the architecture of the Transformer model, BERT can capture and learn the

contextual information between words in the text sequence. The main strength of BERT

is that it is essentially a pre-trained model which can achieve state-of-the-art performance

on various NLP tasks. Moreover, it just needs to be fine-tuned on the specific datasets

and downstream tasks. Thus, there is no need for developing and training a strongly-

specific model started from scratch. Employing the encoder structure of the Transformer

model as the sub-structure to perform the pre-trained tasks. As shown in Figure 2.11

there are two phases in BERT’s work: pre-training and fine-tuning.
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Figure 2.11: Two phases of BERT [6]

Figure 2.12: A schematic view of MLM & NSP [7]

(1) pre-training:

Due to the training on MLM (Masked Language Modeling) and the NSP mechanism (Next

Sentence Prediction mechanism), BERT is enabled to learn the meaning of language. For

some random sentences that are the inputs, MLM masks some words randomly, and then

those masked words will be reconstructed from the contextual words. On the other hand,

determining which one comes after the other one when there are two sentences, can be

said that NSP is achieved. NSP mechanism enables the model to keep the spatial rela-

tionship between texts, especially if it is long-distance. A schematic representation of the

work of MLM and NSP is introduced in Figure 2.12 [7]. BERT was pre-trained on the

texts of 16 GB size from English Wikipedia and the BooksCorpus datasets.

(2) fine-tuning:

After the pre-training phase, the model is trained by supervised learning on the specific
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NLP task and dataset. Then the fully-connected output of BERT is replaced by a set of

new layers. Because except for the output’s parameters that were trained from scratch

that other parameters only need to be fine-tuned, the training speed of BERT is much

faster than other models.

Based on the Transformer model architecture, the bi-directional characteristic of BERT

enables the model to capture the contextual feature from the text. The essence that it

is a pre-trained model makes the BERT-based model train fast and perform effectively.

The emergence of BERT has great significance for the development of NLP applications

for various tasks.

2.5 Label Embedding

As aforementioned, although there have been many advanced deep learning models that

have been developed so rapidly and widely used for many NLP tasks and have proved

their effectiveness. It is not hard to find that the learning paradigm of those models

has the same components. These include a deep learning model for generating the text

representation and a classifier targeting to compute the distribution of predicted labels.

Classifier typically is learned from the cross-entropy loss (generally used) between the

predicted distribution and the label vector represented by a one-hot vector.

But in text classification tasks, labels are not independent of the text data to be classified.

One could even say that the connection between labels and text is very close and crucial.

The labels of text data are also words or phrases with semantics, so it can be said that

labels are related to the text classification tasks. However, the semantic information of

the labels is not fully utilized as the labels are often transformed into one-hot vectors

that only are used in the learning of the classifier.



28 2.5. Label Embedding

To address the aforementioned problems, label embedding-based methods have been pro-

posed in recent years. For text classification tasks, labels are of vital importance for the

success of the final classification result. In recent years several researchers have proposed

various methods combining the semantic information of labels to build the text repre-

sentation. Wang et al. [8] proposed an attention model based on the word-label joint

embedding method: The words of input text data and labels are embedded in the same

latent space. In this label-embedding-based attention model, label information enables

the model to locate and focus on the more relevant elements. Therefore, high-quality

text representation can be constructed from the compatibility between words and labels.

Conclusively, the performance of the classification can be effectively improved.

In our research work, we also utilize this method of directly calculating the compati-

bility between words and labels in their joint embedding space. Aim to obtain the degree

of relevance of each word to the classification tasks, the key idea of the mechanism is

to compute the matching/relevance score between words and labels. Thus, this mech-

anism can incorporate the text-label signal to construct the text representation for the

classification task. By calculating text-label compatibility, a matrix will be obtained.

Each entry of the matrix is a word-label matching score (cosine similarity calculation is

typically used). This label embedding-based attention model proposed by Wang et al. [8]

will be introduced in detail. Its essential differences from traditional models will also be

presented:

(1) Traditional Learning Paradigm:

Given a training set S = {(Xn, yn)}Nn=1 which compose of pair-wise data. The text se-

quence is denoted as X ∈ X and y ∈ Y denotes the labels of the corresponding text data.

Labels are always in the form of one-hot vectors when it is single-label (in the multi-label

task, it is binary vectors).

The classification model is trained with the essential goal to learn the function f : X 7→ Y



Chapter 2. Literature Review 29

to minimize the empirical risk:

min
f∈F

1
N

n=1∑
N

δ(yn, f(Xn)) (2.4)

When the real label is y and the predicted one label computed is f(x) (f belongs to the

functional space F). The loss incurred is measured by δ : Y ×Y 7→ R. 0/1 loss is always

employed in this evaluation step: δ(y, z) = 1, if y = z. Cross Entropy Loss is used as the

surrogate loss for the model’s prediction for this single-label problem we discussed.

The process of a text classification method can be considered to be typically composed

of three steps by a function decomposition, end-to-end. It can be written in the form of

f = f0 ◦ f1 ◦ f2 which is shown in Figure 2.13:

Figure 2.13: The pipeline of the traditional classification method [8]

a) f0 : X 7→ V

X is a L-length input sequence composed of word tokens: X = {x1, · · · , xL}. The frame-

work that is widely employed to map the words into a latent space to obtain the word

representation relies on word embedding introduced before. V denotes the word embed-

ding matrix of a text sequence whose size is L× P , V = {v1, · · · , vL}, vl ∈ RP

b) f1 : V 7→ z

A compositional function is denoted by f1, which has employed sophisticated neural net-

work architectures such as RNN and CNN for state-of-the-art performance. The text

representation z is constructed from the word embeddings by f1, which is a fixed-length

vector.
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c) f2 : z 7→ y

f2 is considered as a classifier whose input is test representation z and output is the

predicted label.

(2) New Learning Paradigm based on Label Embedding:

Three steps of the training pipeline of the traditional text classification have been in-

troduced above. It is not difficult to note that the first two steps only leverage the

information from the input text sequence. The information on the label is only used in

the last step f2. The influence of label information on the word representation (f0) and

generating the text representation (f1) is ignored or it can be said that it does not play

a direct role. To solve this problem, a new method whose every step incorporates label

information was proposed. The pipeline is illustrated in Figure 2.14.

Figure 2.14: The pipeline of the labe embedding-based classification method [8]

Different from those aforementioned architectures based on neural networks which are

always sophisticated and indirect (these model structures are devoted to constructing

text representation z directly from the word embeddings V ). The new method focuses on

measuring the compatibility G between words and labels. Then β will be derived from

G as the attention weights used to obtain z.
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A new method based on label embedding proceeds is shown in Figure 2.14. In the

function decomposition f = f0 ◦ f1 ◦ f2 , word-label joint embedding is the important

part.
⊗

in Figure 2.14 denotes cosine similarity calculation method.

a) f0 : X 7→ V, y 7→ C

In addition to the embedded words, all the labels are also embedded in the same em-

bedding space, which is called the joint embedding space. The embedding space can be

refined under the influence of label embeddings used as an ‘anchor’.

b) f1 : V 7→ z

The compositional function is weighted by the attention score β which is derived from

the compatibility between labels and words, aggregates word embeddings into z.

c) f2 :

The learning of f2 is the same that interacts with labels directly.

The label-word joint embedding-based attention model based on the proposed label em-

bedding framework should be described specifically.

Joint Embeddings of Words and Labels

As introduced, the word embeddings and label embeddings are produced through the

same latent space (△D 7→ RP and Y 7→ RP ). C = [c1, · · · , cK ] are label embeddings,

where K if the number of the classes.

Calculating the cosine similarity can be a simple way to leverage the word-label pairs’

compatibility

G = (CTV ) ⊘ Ĝ (2.5)
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Ĝ is the normalization matrix, of size K × L. Each element of Ĝ is calculated by the

multiplication of l2 norms of the l − th word embedding and c− th label embedding:

ĝkl =
∥∥∥ck∥∥∥∥∥∥vl∥∥∥ (2.6)

In the calculation of compatibility, to capture the further spatial information of those

consecutive words such as phrases and simultaneously introduce non-linearity. A general-

ization form shown as Eq 2.7 is employed. For a phrase which centered at l− th word and

of (2r + 1) length, it corresponds a local matrix block of G denoted as Gl−r:l+r. Gl−r:l+r

measures the word-label compatibility to obtain the matching score of the phrase-label

pairs. The higher-level compatibility of the labels with the l − th phrase is :

ul = ReLU (Gl−r:l+rW1 + b1) (2.7)

W1 ∈ R2r+1, b1 ∈ RK are parameters that needed to be trained. Then the largest value

of the compatibility of the l − th phrase will be collected:

ml = maxpooling(ul) (2.8)

The final attention score/weight is always obtained via the SoftMax function:

β = SoftMax(m) (2.9)

Finally, the text representation of the entire text sequence can be calculated as the

weighted averaging sum of word embeddings:

z =
∑
l

βlvl (2.10)
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2.6 Conclusion

The substantive literature review shows that there is plenty of research done on text rep-

resentation, especially various deep learning models such as RNNs, and CNNs. Further-

more, the attention mechanism introduced more recently has become popular, because

of its ability to make those aforementioned deep learning models more flexible for text

representation. There also has been abundant research literature on the development of

word embedding methods for text representation. Most methods ignore the particularity

of text data (these methods often require only a little modification to be applied to the

field of computer vision or others). Moreover, a large amount of annotated data is crucial

to the satisfactory performance of deep learning models. On the other hand, if there is

strong noise in the text data that needs to be classified, the classification result will be

severely diminished.

Therefore, in this thesis, we will try to exploit the semantic information of the labels:

(1) The key idea is constructing the text representation by directly using the compatibil-

ity between text and label. We build up a framework without multiple complicate steps

which are needed in traditional models to solve intermediate problems.

(2) Based on the idea of computing word-label compatibility in the word-label joint em-

bedding space, the attention mechanism in our model only involves a few basic algebraic

operations and few parameters.

(3) Differ from the traditional methods that only intercept a fixed-length text sequence

from a document after tokenization, as the input into the word embedding space to get

the mapped vector. We have changed the way the document data is preprocessed which

remain the structure of each sentence.

(4) Thus, the processing in (3) makes it possible that the input to our model will be

in the form of sentences rather than sequences of text. We built a two-level attention

network that selects the sentences that are most likely to contain important information.

We then use only the representations of those selected sentences as input to the classifier.
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Therefore, the noise in the text data can be largely reduced, and the accuracy of the

classification can be improved. Furthermore, we can locate the location of those “key

sentences”in each document. Moreover, the learning of the model can achieve an ideal

performance even without relying on large datasets.



Chapter 3

Label Embedding-based Hierarchical

Attention Model

3.1 Introduction

Previous chapters cover deep learning research that has already been carried out in the

area of text representation. Meanwhile, the existing problems and challenges are also in-

troduced. For example, the challenge of performing classification tasks on noisy datasets.

In this chapter, the main part of the research and engineering work so far are described,

including some modifications in the label embedding-based method and work details of

the whole attention framework. Section 3.2 introduces some special work on data pro-

cessing because we need to retain the sentence structure of data, for this reason, our

model processes the data from the sentence level to the word level. However, most exist-

ing classification models focus only on the information contained in the words themselves

and the relationship between word tokens in a text sequence.

As the most important part of this thesis, all the implementation details, and novel

applicable methods as well as their theoretical basis are shown in Section 3.3. The core

part is a Label Embedding-based Hierarchical Attention model we proposed.

35
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3.2 Data Preprocessing

3.2.1 Traditional Preprocessing

Generally, there are four steps in the pre-processing of input text data: Tokenization;

Stopwords Removing (redundant words); Stemming; Word Embedding:

(1)Tokenization : Removes special characters, and white spaces to only remain word

tokens.

(2)Stopwords Removing : “Stopwords”refers to those words that have only a func-

tional role in the text document. They contain very little semantic information and serve

only grammatical meaning normally used to construct sentence structure. On the other

hand, these words are common and they occupy a non-negligible proportion of the text.

Removing these stop words, therefore, helps to reduce computational and time costs

while retaining the important semantic feature of the text data. A set of widely used

stop words summarised by experts includes “the”, “that”, “of”, “on”etc. Thereafter, the

word tokens set from the Tokenization phase is checked and each word occurring in the

stopword list will be removed.

(3)Stemming : It is well known that each word exists in various forms of variants in

different locales, such as past tense (mostly with -ed), continuous tense (mostly with

-ing), etc. However, the semantic meaning of the word itself remains the same. Hence,

Stemming aims to remove those prefixes/suffixes of those word variants to maintain the

term stems. Then the number of keywords in the dictionary can be decreased by Stem-

ming. Therefore, different variants of a word can share the same word representation

that is derived from a single keyword, providing the enhancement of the performance of

classification tasks.

(4)Word Embedding : As introduced in Section 2.3, word tokens are passed through an

embedding vector space and then transferred into word embedding vectors. Word embed-

dings represent the semantic and syntactic features. The success of a text classification

task is strongly related to the quality of word embeddings.
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The pipeline of a traditional text pre-processing is shown in Figure 3.1.

Figure 3.1: Traditional text pre-processing

3.2.2 Text Preprocessing: Remain sentence structure of raw

data

As Chapter 1 especially Section 1.2 introduced in the previous part in this thesis, the

object of the sentence-level attention framework is to choose the sentences which are
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most likely to contain keywords, to contribute to the final text representation for the

classification. The selection of sentences is based on their “attention score”, which are

also calculated in the sentence-level attention layer. Moreover, the semantic meaning of

words and sentences is highly dependent. Therefore, on the basis of the label-embedding

mechanism, the “score”of a sentence is derived from the compatibility between the labels

and each word in this sentence.

According to the introduction in Section 3.2.1. In the traditional NLP tasks, the method

of text preprocessing to obtain an input sequence to word embedding is always: Remove

all the punctuation of the text document first so that only words remained, and each

word is denoted as a token; Then each token sequence will be truncated to the same fixed

length as the input of the deep learning NLP model. This is because the input should be

a tensor with the same length in the same dimension.

As shown in Figure 3.2, in our framework, the first step of the process is separating

each text document into several sentences before Tokenization and Stopwords removal.

As explained before, the sentence structure of each document needs to be remained.

Then, considering how many sentences are in each text and the number of words in each

sentence are all different, we use the method of padding at both the sentence level and

word level. As a result, each text data has N sentences and each sentence consists of L

word tokens, to ensure the preprocessed text data can be transformed into tensor as the

input of the word embedding space before being fed into the attention model.

In practice, data is fed into the model in form of batches which we called tensors,

and elements of tensors have the same size in each dimension. The number of sentences

in each text and the number of words in each sentence are not always the same. Hence, the

padding method is employed to transfer the input data into a tensor. The other important

part we should consider is that only the original parts of the text should influence the

compatibility between sentences/words and labels. In the padding step after the sentence

separation, the padding sentences and padding words should have no interference. There-

fore, the compatibility between the padding parts and the labels will be 0. Thus, they will
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Figure 3.2: A new text preprocessing procedure

have no influence on sentence selection and the learning of weights in the attention model.

Moreover, the stopwords which are always not relevant to the classification results are

removed in the text preprocessing. Therefore the noise and the cost of computation can

be reduced. The index of the document is used to find out the key sentences and key-

words that the attention model selects after learning. We can evaluate the performance

of our label-embedding hierarchical attention model more comprehensively by analyzing

whether these selected sentences do contain keywords.
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3.2.3 Extra Information

Regarding the method of combining label information, we creatively introduce additional

information derived from label derivatives. Derivative words together with the labels

themselves used as label information on the basis of the idea of label embedding men-

tioned in Section 2.5. Richer label information helps to more effectively assess the rele-

vance of the words in the text document to the classification task.

To obtain a label list consisting of labels and label-derived words, we pre-collect the

derived words associated with the labels of the corresponding dataset through methods

such as Google searches and references to Wikipedia.

3.3 Hierarchical Attention Framework

In this section, the details of the proposed method will be comprehensively explained.

The whole architecture is shown in Fig 3.3.

3.3.1 Introduction

Chapter 1 has briefly introduced the datasets for which our proposed model is targeted

and the main working mechanism of the model. Based on the fact that many text data are

so noisy that means that there are too many redundant parts. Sentences and words con-

taining important information are in a small proportion of the entire text document. Most

NLP models directly deal with the whole text sequence to locate and capture semantic and

syntactic features relevant to classification tasks. Therefore, it is a challenge for them to

perform satisfactorily on those text data with “strong noise, weak signal”characteristics.
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Figure 3.3: The whole architecture of Label Embedding-based Hierarchical Attention
Networks

To address the above problems, we provide a new idea of text classification inspired

by human intuitive thinking: When encountering those texts with strong noise, how do

we identify the subject of this document? The method adopted by humans is to browse

the whole text and first find sentences that are relevant to the topic of the document.

Then simply by reading these sentences in detail, we can understand the subject matter.

On the other hand, there is no need to read the rest of the text word by word. Therefore,

a hierarchical attention model from sentence level to word level is designed, aiming to

perform as the way of human thinking. The attention layer acts on sentence structure

to select the relevant sentences. Then only these chosen sentences containing important

information for the classification tasks, are fed into the next attention layer on the word

level. In this word level of model, the final text representation is constructed, which is

then used as input to the classifier.

Figure 3.3 illustrates the overall architecture of the proposed framework. We combine
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the label information to calculate the degree of relevance of sentences/words to the clas-

sification task. Then we use the calculation result for sentence selection at the sentence

structure level, as well as the acquisition of text representation at the word structure

level. As mentioned in Section 2.5, we make some modifications based on the jointly

word-label embedding method proposed by Wang et al. [8]. The same word can be of dif-

ferent importance in different sentences. Therefore the joint embedding space is different

in these two label embedding-based attention levels. At the same level, word embedding

and label embedding are in the same latent space.

The two-level framework will be introduced separately next.

3.3.2 Sentence-level attention: achieve sentence selection

The overall attention framework at the sentence level is shown in Figure 3.4. Two main

parts that deserve our attention are the calculation of the sentence compatibility score G1,

and how sentences are selected from the entire text document according to the calculated

score. We will explain them in detail respectively in this section. (which sentences to

choose and how many sentences to choose, reflected by the obtained sentence indices list).

The input text data X is a matrix of size N × L since a text consists of N L-length

sentences. V is the output matrix of the word embedding space of which the size is

N × L × P . P is the dimension of the embedding space. Label list includes the labels

of this text classification task and the derivatives of these labels considered as extra

information explained in Section 3.2.3. The number of words in label list is l, then l pass

through the same embedded space as text data X. The label embedding matrix obtained

Cl is of size l × P .
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Figure 3.4: The architecture of sentence-level attention network
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3.3.2.1 Compatibility Evaluation in Sentence-level Attention

This subsection will explain the detailed calculation process about how to combine the

label information with extra information to compute the reliable and interpretable scores.

The scores should be a reflection the relevance of sentences to the classification.

The information of the words and sentences is highly dependent since sentences con-

sist of words. Therefore, to obtain the “relevant score”we depend on deciding which

sentences to choose. The compatibility of each word needs to be calculated first. Then

the word compatibility values are aggregated into a “score”by some methods, which can

represent the relevance and importance of this sentence reliably.

According to the data preprocessing represented in Section 3.2.2, each input matrix con-

sists of N token sequences denoted as N sentences of length L in a text document. The

compatibility of label-token pairs in each sentence will be measured respectively. Figure

3.5 describes the detailed process of how the compatibility/attention score from the word

embedding of one sentence is calculated. The way we apply via the cosine similarity

is inspired by the method introduced in Section 2.5. The major difference between the

method we proposed is that we make some modifications to the calculation of the com-

patibility of each word in the sentence. The reason is that the LEAM model designed

by Wang et al.[8] to construct a text representation only needs to calculate the relevance

score of each word in the text document. And then calculate the weighted sum of the

word embeddings of text with this score. Therefore, as Eq 3.9, the computed cosine

similarity by Eq 3.7 and Eq 3.8 is further operated for the consideration of combining

word contextual information and the existence of phrases. Meanwhile, nonlinearity is

also introduced. LEAM model obtains the final value of the attention weight of the word

after max-pooling operation (Eq 3.4) and SoftMax activation function (Eq 3.5).
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Figure 3.5: Compatibility computation in Sentence-level

G = (CTV ) ⊘ Ĝ (3.1)

ĝkl =
∥∥∥ck∥∥∥∥∥∥vl∥∥∥ (3.2)

ul = ReLU (Gl−r:l+rW1 + b1) (3.3)

ml = maxpooling(ul) (3.4)

β = SoftMax(m) (3.5)

However, in our model, the label embedding-based attention score for each word in this

sentence is leveraged to obtain a score for this entire sentence, rather than obtaining the
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final text representation of the sentence. By imitating human thinking, we can know

that when a word related to a text topic appears in a sentence, no matter where it

appears, this sentence is most likely to be relevant to text classification. Hence, in this

compatibility layer, the cosine similarity G1 is simply calculated by Eq 3.7 and Eq 3.8

without considering of context. It is worth emphasizing that, unlike the LEAM model

that only combines label information, we also introduce the extra information from label

derivatives. So C represents a list with l words (the number of labels is K) the Eq 3.7 is

rewritten as:

Gl = (Cl
TV ) ⊘ Ĝl (3.6)

The size of Gl is N × L × l with the meaning that there are N sentences in a text doc-

ument. Each sentence consists of N word tokens and the cosine similarity between each

token. Every word in the l-length label list will be computed.

It can be seen from Section 3.2.3 that all the collected words are included in the la-

bel list Cl, which is used for the calculation of the similarity value of each word in the

text. However, it is clear that not every word in the label list Cl is related to a certain

text. If this text belongs to a category, only the cosine matching scores, calculated from

word tokens in text sequence with those label derivatives belonging to this category, is

considered to be used to build the relevance value of the sentence that reflects its impor-

tance reliably. On the contrary, if all the words in the Cl are used, the redundant extra

information will interfere with the calculation of sentence relevance weights. As a result,

the subsequent sentence selection mechanism that relies on the weight value may make

wrong decisions due to redundancy. Therefore, for each word token of the sequence, we

will sort the obtained vector composed of cosine similarity values between the tokens and

all the words in the label list. Then only the top m1 values are selected and summed

to a single value, which is considered as the relevance of the words in this sentence for

the classification task. Figure 3.6 shows the detailed process about how to aggregate the

cosine similarity Value G to the weight value β in the “black box”in the Figure 3.5.

Following a similar idea, not every word in a sentence contribute to the relevance of the

sentence. Especially the datasets targeted by our proposed model have the characteristic
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Figure 3.6: The detailed computational work execution in Sentence-level

of large noise and few keywords. Thus, the matching score values corresponding to all

words in a sentence are also sorted first. The top m2 largest values are then selected

(which means the top m2 most relevant words are selected). The sum of these values

represents the compatibility of the sentence to the class label.

Following the explained calculation process as shown in Figure 3.5, the relevance score

of each sentence in the text document is collected, as the basis of the next step sentence

selection.
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Figure 3.7: Select a fixed number of sentences

3.3.2.2 Sentence Selection in Sentence-level Attention

Section 3.3.2.1 has exhaustively introduced the label embedding-based approach, com-

bined with the extra information from the label derivatives words. The sentence compat-

ibility scores should reliably represent the degree of relevance to the classification task.

Therefore, those sentences with higher relevance scores need to be chosen for the subse-

quent process.

In machine learning, data is passed in batches for the model training and validation.

Moreover, it should be pointed out that, in practice, data will be represented as tensors.

This means the elements in the same batch are required to have the same size in each

dimension. Therefore, as Figure 3.7 shows, after obtaining the corresponding compatibil-

ity scores β of sentences in the text document from the compatibility computing layer,

there is a simple way to directly select the n sentences corresponding to the top n largest

compatibility scores. The corresponding indices of the chosen sentences will be obtained

and those sentences selected used for the work at the word level.

Since the compatibility score of a sentence is calculated from the compatibility of the
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words that make it up, it reliably reflects the relevance of the sentence to the classifica-

tion task. The higher the score, the stronger the relevance. Therefore, it is reasonable to

select the n sentences with the highest n corresponding compatibility score values from

each text document.

3.3.3 Word-level attention: obtain text representation

The attention network on the word level is shown in Figure 3.8. The text representation is

constructed in this level from only the sentences selected by the sentence selection

mechanism of the sentence-level attention. The compatibility scores of the words to

the classification will be calculated in the compatibility layer and the text representation

is the output of the representation layer.

3.3.3.1 Compatibility Evaluation in Word-level Attention

As in Section 3.3.2.1, the calculation of the word matching score still needs to combine the

label information provided by the labels and their derivative words. Cl denotes the label

list, and the computation of the cosine similarity is the same as Equation 3.6 and Equation

3.8. Furthermore, the importance of the contextual information and the existence of the

phrase et al. can not be ignored at the word level where the text representation is

produced. Therefore, we add context information in addition to the cosine similarity

calculation between the word embeddings and the embeddings of the label list, following

the calculation method introduced in Section 2.5. Figure 3.9 explains the details of the

calculation of the compatibility scores of words in the j-th selected sentence of a text

document.
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Figure 3.8: The architecture of word-level attention network
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Figure 3.9: Compatibility computation in word-level

The computation of the cosine similarity is the same as what we introduced in Section

2.5 :

Gl = (Cl
TV ) ⊘ Ĝl (3.7)

ĝkl =
∥∥∥ck∥∥∥∥∥∥vl∥∥∥ (3.8)

Considering the distance reliability between words (including context and phase, etc.),

the method is the same as introduced in Section 2.5 (the non-linearity is also introduced):

ul = ReLU (Gl−r:l+rW1 + b1) (3.9)

Similar to what is explained in Section 3.3.2.1, not all words in the label list Cl are

related to the label of a certain text. Therefore, the redundant interference needs to be

reduced to obtain a higher-quality text representation. For each word, the computed

cosine similarity values corresponding to the label list G2 as well as the matching scores
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containing contextual information ul will be sorted first. Only the top m2 largest values

of sorted G2 and sorted ul will be remained, then they are added into one the followed

by SoftMax activation function. βW denotes the relevance score of the word for the

classification task.

3.3.3.2 Representation result of Word-level Attention

Figure 3.10: Representation computation in word-level

It needs to be emphasized again that only sentences selected from the sentence-level at-

tention network can be used for the calculation of the text representation. How to obtain

the text representation z is shown in Figure 3.10.

The number of the selected sentences is n. The compatibility/relevance scores of word

tokens in each selected sentence are collected from the compatibility calculation layer as

Section 3.3.3.1. The weighted sum of the word embeddings of each sentence Vj with the

corresponding computed attention weights βwj is obtained as the representation of the

j-th selected sentence. Then the mean vectors of the representation vectors of all the

selected sentences are considered as the text representation.
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Finally, the text representation is fed into the classifier to produce the prediction of

the label.

3.4 Conclusion

In this chapter, the main framework of our proposed Label Embedding-based Hierarchical

Attention model as well as the improved data preprocessing method is introduced exhaus-

tively. The relevance between text and label is calculated and used in the sentence-level

attention mechanism and word-level attention mechanism. Through a few basic alge-

braic operations, the score which reflects the relevance of each sentence and each word is

obtained, selecting only those high-score sentences and words to construct the text rep-

resentation can largely reduce noise. The key sentences and keywords also can be located

according to the relevance scores.

As introduced in Section 3.3.2.2 and shown in Figure 3.7, the number of sentences se-

lected from each text is fixed because the data need to exist in tensor form. Apparently,

selecting fixed-number key sentences isn’t consistent with the fact that how many key

sentences are in each text is uncertain. Hence, we need to make some improvements to

let the sentence selection be adaptive.





Chapter 4

Further Optimisation:

Adaptive Selection Mechanisms at

the Sentence Level

4.1 Introduction

A novel idea of a hierarchical attention framework based on label embedding is described

in detail in Chapter 3. The text input remains the sentence structure consisting of several

word sequences rather than being represented as a whole word token sequence. There are

two attention layers at the sentence level and word level respectively: At the sentence

level, the relevance of sentences is evaluated and then those sentences of highest impor-

tance are selected from each text as the input to the word level network; At the word

level, the compatibility scores of words to the classification task are calculated and the

final text representation is constructed.

In Chapter 3, the number of sentences selected from each text is fixed due to the case

where the data exists in tensor form. However, this does not correspond to a variable

number of key sentences in each text. This method of selecting a fixed number of sen-

tences from each text as key sentences is not in line with reality as well as human thinking.

55



56 4.2. Limitations of fixed number of sentence selection mechanisms

Therefore it will have an impact on the quality of the information captured from the data.

The accuracy of text classification will be reduced.

4.2 Limitations of fixed number of sentence selection

mechanisms

As briefly explained in the previous section, the aim of the attention-based model at

the sentence level in our hierarchical model in Section 3.3.2 was to extract key sentences.

These key sentences are used in subsequent operations, which ultimately result in a textual

representation. The number of key sentences varies from text to text so a fixed-number

sentence selection would reduce the quality of the text representation.

To be more specific, if a fixed number of key sentences are selected from each docu-

ment data, the value of n that should be set to cannot be determined in any case. It will

be inevitable that some key sentences are not selected in the texts with a larger number

of key sentences than n. Or in the text with a smaller number of key sentences than n,

Sentences that are irrelevant to the classification will also be selected. The former case

may result in insufficient information for the text representation, while the latter case

introduces noise that may cause interference.

For our proposed hierarchical attention model with a fixed number of sentences selected,

there are two examples here. Figures 4.1 and 4.2 show two examples of the model making

incorrect predictions about the data labels when performing a classification task on the

Amazon product dataset.

As shown in Figure 4.1, the number of key sentences selected by the model is set

to 1, i.e. n=1. It is a user comment about a kind of protein bar. The correct category
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Figure 4.1: An example of fixed sentence selection: n=1

label would be “health personal care”, with the key sentences underlined in red and the

incorrectly selected sentences underlined in yellow. However, on the one hand, the sen-

tence “oh, what’s that you say, your kids think they’re candy bars.”contains the keyword

“kids”which is closely related to baby product. On the other hand, the model is set to

select only one sentence from the document as the key sentence. As a result, the sentence

“oh, what’s that you say, your kids think they’re candy bars.”was selected incorrectly and

the real key sentence “but the protein count is low compared to other supplement on the

market and the empty calories are through the roof.”was not selected. As can be seen

from Section 3.3.3, only selected sentences involved in the construction of the text repre-

sentation. Conclusively, this text was given the wrong label “baby product”rather than

“health personal care”.

As shown in Figure 4.2, the number of key sentences selected by the model is set

to 2, i.e. n=2. It is a user comment about a kind of face cream. The correct category

label would be “beauty”, with the key sentences underlined in red and the incorrectly
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Figure 4.2: An example of fixed sentence selection: n=2

selected sentences underlined in yellow. “I purchased this item based on seeing a mag-

azine I read at a doctor’s office.”contains the keyword “doctor”, which is a health care

keyword. Therefore, based on the calculation method we detailed in the previous section,

this sentence will also receive a high relevance score. It will therefore be selected together

with“I feel this facial cream has a clean and fresh smell.”, as the model is set to select

exactly two sentences as key sentences in each document. However, the “I purchased

this item based on seeing a magazine I read at a doctor’s office.”will not help to get that

text correctly classified. Instead, it will interfere with the classification results of the

model. Conclusively, this text was given the wrong label “health personal care”rather

than “beauty”.

Try to imitate the human way of thinking: if we read a user review like the one in

Figure 4.1. When looking only at the phrase “oh, what’s that you say, your kids think

they’re candy bars.”, humans also tend to categorize it as user feedback on a baby prod-

uct. But when combined with the “but the protein count is low compared to another

supplement on the market and the empty calories are through the roof ”, we know that
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it is a product review about healthy personal care. This way of thinking is also known

as contextualizing information. So, in order to give our model the ability to make such

human-like judgments, we need to have the model that can select both sentences. Then,

in the next operation, we will combine the contextual information to make a deeper judg-

ment. Eventually, the correct label prediction is obtained.

Therefore, we tentatively propose an adaptive sentence selection mechanism. We aim

to enable our proposed model to perform the sentence selection following how many key

sentences each text document contains.

4.3 Preliminaries: The Insight Of Compatibility

As mentioned above, the number of key sentences in each text is variant. Therefore, the

sentence selection mechanism needs to try to achieve such a goal: How many key sen-

tences are related to classification in a text document, how many sentences are selected

from this text, which is called adaptive selection.

Try to follow the human way of thinking: If a certain word that is truly strongly

relevant to one of the labels to the text classification appears in a sentence. For instance,

if a sentence contains some words belonging to the label list we collected (Section 3.2.3),

then this sentence is highly likely to contain information related to classification. We

need to pay more attention to those sentences.

As Section 2.3 has introduced briefly, there have been various advanced word embedding

methods employed in NLP models. Especially pre-trained initialization methods for em-

beddings such as word2vec and glove which are dominated widely applied. But in the

thesis, we just use them randomly initialized word embedding method for our model. One

of the reasons is: We focus on highly noisy datasets where the features of the connection
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Table 4.1: An example of the computed cosine similarity values. (the example word
from label list is ‘awesome’)

word Riba foods based in Houston
g 0.0977 -0.0383 0.02096 0.03952 0.01044

word , Texas Makes this wesome
g 0.01603 0.44097 -0.01365 1.0000
word black bean dip , it

g 0.002013 0.02559 0.06755 -0.019937
word is pretty natural . And

g -0.023173 0.090085 0.013334 -0.011257
word without the lard that regular

g -0.01857 0.01895 0.03002 -0.03502 0.072532
word refried bean dip has in

g -0.3888 0.02559 0.06755 -0.06596 0.03952
word it I am not sure

g -0.019937 0.07200 -0.02041 -0.08192 0.062106
word why in TX it can

g 0.042870 0.03952 -0.10777 -0.019937 0.03382
word not be found . I

g -0.08192 0.07248 -0.2289 0.07200
word make the traditional dip with

g -0.01531 0.01895 0.08623 0.06755 0.03669
word this
g -0.01365

between words are hard to extract. In the case where the dataset is not large, hence, the

pre-trained word embedding models are not applicable.

On the other hand, there is the other vital and also novel reason: As shown in Ta-

ble 4.1, when we look at the cosine similarity values computed between words in a text

sequence (here is a text from the Amazon sentiment analysis dataset) and the word in

label list (here is “awesome”). We notice that there are and only those words that appear

both in the sentence and the label list will produce a large value (close to 1), for the reason

that it is the same word and the word embedding vector is the same word. Conversely,

different words will result in a very small cosine similarity value. Hence, following this

characteristic brought by random-initialized embedding, we can locate the keywords and

key sentences where the cosine similarity value is large.
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Figure 4.3: Select sentences adaptively

Therefore, we not only use the sentence compatibility score obtained from the compat-

ibility calculation layer but also combine the word-label cosine similarity. These cosine

similarity values are also computed during the compatibility calculation process. We

combine them to achieve adaptive sentence selection. The selection mechanism is shown

in the Figure 4.3.



62 4.4. Adaptive Selection Mechanism

4.4 Adaptive Selection Mechanism

In this section, we will explain detailedly how to make the model implement adaptive

sentence selection. It is also consistent with the engineering need to have as input to the

model a tensor in the form of a tensor of consistent size in each dimension.

For a sentence Vi in a text containing N sentences, Gli denotes the cosine similarity val-

ues between each word token and each word in label list Cl . We iterate over each value

in Gli, once there is a certain value Glii greater than the threshold (here set to h), the

sentence can be considered to contain a certain keyword (also belongs to the label list Cl

). Then this sentence will be selected.

Consider that there is a case where the entire text does not contain the above words

that are also present in the label list. Meanwhile, the number of selected sentences varies

with various texts in the dataset. Due to the requirement to convert the obtained vec-

tor containing the indices of the selected sentence of each text into a tensor, we use the

padding operation combined with the sentence compatibility score β, the whole padding

process is illustrated in Figure 4.4.

As shown in Figure 4.4. The sentence indices are in form of batches. B denotes the size of

a batch, which means that there is a batch of text data as input into the model in one train-

ing iteration. Through the sentence selection depends on the cosine similarity G, for the

reason that each text document has different number of key sentences from each other, the

list of chosen indices from G can be written as [[j11, · · · , j1r1 ] , [j21, · · · , j2r2 ] , · · · , [jB1, · · · , jBrB ]].

For the b-th text, the number of sentences selected according to the computed cosine sim-

ilarity is rb and the corresponding indices is [jb1, · · · , jbrb ].

Our target is to enable the sentence indices list of a batch to be transferred to a tensor

for the subsequent process without cutting useful information. First we can find out rmax

which is the largest value of the number of selected sentences of a batch of text [r1, · · · , rB].
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Figure 4.4: Padding step of adaptive sentence selection

Figure 4.5: Sentences selected by loctaing keywords (in a batch)
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Figure 4.6: Final result of adaptive sentence selection mechanism

On the other hand, we collect the corresponding index of the sentence whose compatibility

score is the largest in each text from the compatibility score of sentences β calculated as

Section 3.3.2.1. Those sentences that have the largest score value in each text are used as

the padding element for the indices list [[j11, · · · , j1r1 ] , [j21, · · · , j2r2 ] , · · · , [jB1, · · · , jBrB ]]

on dimension one. The length of the indices list of each text is padded into rmax.

As illustrated in Figure 4.5, we take a batch of text document data for an example to

explain the details of the adaptive selection mechanism. Sentences that contain keywords

are chosen first by the approach we introduced in Section 4.3. As Figure 4.5 illustrates,

the largest value of the number of selected sentences of this text batch is rmax = 4. And

some text data do not contain any word in the label list, so no sentence is selected in

this step. The sentence index corresponds to the highest relevance score βx in each text

is also been shown.
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Then as shown in Figure 4.6, compared with Figure 4.5 before we employed the padding

step, the input can be transferred as a tensor is obtained. We use the index corresponding

to the sentence with the largest compatibility score in a text as the padding element. The

reason is that the sentence with the highest score is most likely to be most relevant to

the classification task and contain key information. Therefore, if it is used as the padding

element for the corresponding text, a certain degree of information enhancement can

be achieved even if the corresponding sentence is repeatedly selected. Moreover, it also

provides reasonable processing for those texts whose full text does not contain the words

that belong to the label list (rb=0): Just select the sentence with the largest compatibility

score which can be selected multiple times. Therefore, after this padding approach, we

can obtain the final result of our proposed adaptive sentence selection mechanism.

4.5 Conclusion

Following the operations based on label-word compatibility introduced in the previous

section, we first select those sentences that we can locate the keywords belong to the

label list we collected. Then we propose a reasonable padding approach, the final indices

of selected sentences are obtained. We implemented adaptive selection of sentences as

well as the number of sentences with the possibility that the sentence with the highest

compatibility score is selected repeatedly.

Only rmax sentences are selected from N sentences as the input of the word-level at-

tention network. The text representation then comes from only rmax sentences instead of

an entire text. Therefore, the noise from other sentences is removed, thus the interference

with the classification performance is also reduced. Moreover, the text representation is

derived from only several sentences instead of an entire text document, and the cost of

calculation is reduced as well.





Chapter 5

Dataset and Experiment Results

5.1 Introduction

As having been emphasized many times in previous chapters, the datasets targeted by our

proposed model have the unique characteristic of “weak signal, strong noise”. As we all

know, the results are different when different models act on the same dataset. Similarly,

the performance of the same model on different datasets for the text classification task

is also variant. The strengths of the model can only be demonstrated by applying it on

those datasets where the features match those targeted by the model.

Hence, in order to prove the strengths of the label embedding-based hierarchical at-

tention model that we proposed, we need datasets with the characteristic “weak signal,

strong noise”.

After experimenting with the text classification task on the suitable datasets, the perfor-

mance of our proposed model with other models on the classification task on this dataset

is compared and analyzed.

67
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5.2 Dataset

As the motivation aforementioned in Chapter 1, the characteristic of the data targeted

by our proposed model can be summarized as “weak signal, strong noise”. The text data

with this characteristic usually have only a few keywords to identify its category, and

most of the content is almost irrelevant to categorical information. For example, for the

news we browse every day, the news report about the recent increase or decrease in fuel

prices often has only one- or two-word differences such as “rising/declining”, “up/down”,

etc. The news reporting on the number of new Covid-19 patients which we are most

concerned about nowadays also has the same feature. Traditional models do perform not

well enough to distinguish this news due to insufficient critical information [83].

Another example, it is necessary for product manufacturers to analyze product reviews

written by users on online-shopping websites[84]. From this feedback, the producers can

determine how to make the next decision and improvement in the future production of

these goods.[85] When we are browsing shopping websites, it is not difficult to find that

a large part of many users’ feedback is irrelevant content. Those useless parts do not

reflect whether the user experience of this product is good or bad: They may talk about

their daily life, mention other products or different brands, etc. Therefore, there may be

only one or two sentences talking about the product. The information contained in these

key sentences is not only decisive for classification but in further practical applications

[85]. For example, manufacturers want to know users’ evaluation and experience of their

products, as well as other more further specific feedback. They provide reference opinions

for the improvement of their products, which are also included in these key sentences,

and the rest part of the user comment can be ignored. Therefore, for the “weak signal,

strong noise”text, it is very important to locate the key sentences and keywords which

are in a small proportion of the text.

General text classification models proposed recent years are usually trained on those
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commonly-used open source machine learning text datasets. Even though there are var-

ious model architectures and employ various algorithms, their essential workflows are

still similar: Convert a word sequence into the form of word embeddings. The model

then processes all the words in the sequence and captures information to construct a

text representation. Finally, input the text representation into the classifier to obtain the

predicted probability distribution of the label.

The classification models talked about in the last paragraph have achieved excellent

performance on these open source datasets. The reason is that the structural design and

working mechanism of these models are suitable for the characteristics of text data in

these open source datasets. Taking the AG-News news dataset as an example. which

is one of the most frequently used data sets in text classification research. As shown in

Table 5.1, for a news document belonging to a certain category, such as 2-nd document in

Table 5.1 which is a piece of sport news. It can be seen that almost every sentence in this

news can be considered to contribute to determining the category. It also can be said that

there are also many keywords. When someone sees the sentence “Rookie Andy Dorman

didn’t even have time to get his white, long-sleeved jersey smudged on the sloppy RFK

Stadium field last night”, it is easy to conclude “this may be is a financial news report”.

And then when she/he sees “Before salvaging a 2-2 tie for the Revolution against D.C.

United.” and “Fifty-five seconds after entering the game as a late substitute.”, she/he will

come to the correct judgment that “this is about sports !”. Similarly, those classification

models can achieve similar performance to the human mind by training on the massive

amount of text data.

As the detailed introduction in Chapter 3, the design concept of our proposed model

and method is to first select the key sentences from the text. This step reduces the noise

and narrows the positioning range of keywords in the text. Those keywords that need to

be paid more attention can be located more effectively. And then text representations

are constructed based on the relevance of the words to the classification tasks. Therefore,

the superiority of our proposed model cannot be demonstrated on the general datasets

mentioned above such as AG-News dataset. It is because of the fact that the information
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Table 5.1: Some examples in AG-News Dataset

Index Label User Review

1 World

A bomb exploded during an Independence Day parade in India’s
remote northeast on Sunday, killing at least 15 people, officials sa-
id, just an hour after Prime Minister Manmohan Singh pledged to
fight terrorism. The outlawed United Liberation Front of Asom
was suspected of being behind the attack in Assam state and a se-
cond one later in the area, said Assam Inspector General of Police
Khagen Sharma...

2 Sport

WASHINGTON – Rookie Andy Dorman didn’t even have time
to get his white, long-sleeved jersey smudged on the sloppy RFK
Stadium field last night. Before salvaging a 2-2 tie for the Revo-
lution against D.C. United. Fifty-five seconds after entering the
game as a late substitute. Dorman buried a low shot from inside
the penalty area and extended his team’s unbeaten ...

3
Business

/Economic

Forbes.com - After earning a PH.D. in Sociology, Danny Bazil
Riley started to work as the general manager at a commercial real
estate firm at an annual base salary of $ 3,670,000. Soon after, a
financial planner stopped by his desk to drop off brochures about
insurance benefits available through his employer. But, at 32,
”buying insurance was the furthest thing from my mind,” says
Riley.

4 Sci/Teh

A month ago I was introduced to the works of Michel Gondry. In
short, I was amazed and tantalized by his short films and music
videos. Even if you haven’t heard of him, you’ve probably seen his
many works in Gap commercials, various music videos, and the
recent movie Eternal Sunshine of the Spotless Mind. Many of his
works explode with visual elements that, when taken alone, are
simple and mundane. However, under his masterful guidance, th-
ese elements come together to form a highly mesmerizing visual
experience. He never ceases to push visual technologies and
challenge our ideas about the visual medium.

related to classification tasks appears in almost everywhere within the text, so there is

no need to make sentence selection. Conversely, selecting only a subset of some sentences

from a whole text document may make the proposed model underperform other models.

Compared with other existing models that utilize all sentences as well as all words in the

entire document on the classification task on this dataset. The sentence selection mech-

anism in our proposed model may result in insufficient information used to construct the

text representation.
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However, for the classification tasks on the text data with the characteristic “weak signal,

strong noise”, our proposed hierarchical attention model can perform superiorly. On the

one hand, the general classification models treat a text document as a sequence of word

tokens. A large amount of noise will inevitably cause interference, especially when key

information contained in the text is a little. If the impact of noise is greater than the

contribution of keyword information, the model is likely to make wrong label predictions.

On the other hand, our proposed hierarchical attention model aims to effectively capture

relevant information from “weak signal, strong noise”text documents. First, the model’s

processing of text is no longer in the form of word sequences. Instead, the structure of sen-

tences is retained, meaning that a text document corresponds to multiple word sequences

(sentences). The sentence-level attention mechanism selects and retains key sentences,

and removes other “noisy”parts to achieve noise reduction. And then the text representa-

tion is obtained only from the selected sentences from the attention network at the word

level. Therefore, our proposed classification model can achieve superior performance on

the text data of “weak signal, strong noise”.

5.2.1 Dataset

The datasets that we use to evaluate our proposed model consist of the text data with

the aforementioned characteristic of “weak signal, strong noise”, which are filtered out

manually from the original datasets:

• Amazon Product Reviews: Hierarchical text classification on Amazon reviews com-

posed of labels on 3 levels plus users’ reviews. Level 1 classes are health personal

care, toys games, beauty, and baby products.

• Courses Comments: Collected using prawn API from reddit.com., including the

comments on subjects and categories: Biology, Chemistry, Physics.
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• Company Classification: Classify businesses and companies from data scraped from

the website, including the visible home page text scraped from the website and

categories: Commercial Services/Supplies, Healthcare, Materials, Financials.

• Amazon Reviews for Sentiment Analysis: This dataset consists of Amazon customer

reviews and star ratings from 1 to 5. We just use the comments with 1-2 stars as

input data whose label is ’negative’ and the comments with 4-5 stars whose label

is ‘negative’.

Take the Amazon Product Review dataset as the example. The dataset contains user

reviews of products in four categories: baby product, beauty product, healthy product,

toy/game product. Several users reviews in the datasets are shown in Table 5.2.

Table 5.2 lists some examples of user comments. Only the sentences marked in red

contain the relevant information for classification tasks. For example, in the 3rd com-

ment, we can see, that only two sentences marked in red contain information relevant to

the class label. The user is talking about a healthcare product, but most of the content

in this review does not contribute to classifying this user’s feedback as a review about a

health product.

The work of our proposed model is to first capture the key sentences in these texts

to reduce noise. Then the model further captures the information of the keywords to

obtain high-quality text representations for classification.
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Table 5.2: Some examples of “weak signal, strong noise”data targeted by our proposed
model

Index Label User Review

1
Baby

Product

I would recommend this product as a must have. I have a trend baby
jogger and use it all the time. It is easy to use and it definitely keeps
the wind and rain from contacting my little child. I finally found a
product that will keep me on track with my exercise regimen. I don’t
have to be hindered by the weather anymore.

2
Beauty
Product

I have used the product for over 3 weeks, twice a day. Just as the ins-
truction suggests. I have noticed no difference at all. My dark eyes
circle is still the first thing I see whenever I look into the mirror. It’s
not worth the money.

3
Healthy
Product

After knee surgery, a family member was in a brace for many weeks a-
nd could not bend his leg, his home-care therapists recommended this
chair. This is available from many different sources. He decided to
get this, based on its apparent popularity, and the descriptions here
and elsewhere. Without other chairs to compare to, we don’t know
if they are all designed for such easy assembly AND disassembly,
but we are pleased that this one can indeed be taken apart easily for
storage or travel. It comes ”knocked down” for efficient shipping in
a reasonable sized box, and you have to put it together, as with
most such products. Well, in our case, the chair was assembled by
our first-grade child, without really even reading the instruction sheet.
Yep, that’s as easy as it gets. The result was a very sturdy chair
that has enough weight to remain stable in the tub, while not
being too heavy to carry or move around. The seat has lots of room,
there are ”handhold” spaces on each side of the seat, and a hole
in the seat back where one could hold on (for balance only). We saw
an extraordinary range of prices for this item. If you are part of a he-
althcare system with access to a good supplier of medical equipment,
you might be able to get it locally at a good price and free delivery.
But in other places, without price competition, you might as well go
online. Amazon’s price is a little high (at $ 58), but if you include
the price of free shipping, that’s not too bad a deal, depending where
you live.

4
Toy/Game
Product

Our son received one of these for Christmas and I thought there go
the quiet weekend mornings. Well, I finally got my hands on it and it
is really fun (I’m 40). My wife loves it too (she’s a bit younger). The
only shortcoming is this thing really eats batteries. We can’t get more
than a couple of days out of a set of batteries. so if I were you,
I’d consider rechargables. The bop pull, twist are a great way to build
hand/eye/ear coordination, while having a lot of fun. There are
solo games and competitive games you can play with Bop It, and it’s
built to take a pounding. If you are looking for a real fun game to
give to a kid, adult, or even senior, this is sure to be a hit.
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5.2.2 Extra Information

As explained in Section 3.2.3, another novelty of our proposed method is that the deriva-

tive words of the labels are introduced as extra additional information. Extra additional

information together with the information from labels themselves, is used to evaluate the

relevance of sentences and words in the text to the classification task.

Synonyms of labels, antonyms of labels, words that have semantic affiliation with la-

bels, etc., all can be considered as extra information. What kinds of words of the label

derivatives for classification tasks under certain circumstances depend on the task itself.

Take the Amazon product review dataset as an example. The four categories are “Baby

Products”, “Beauty Products”, “Healthy Products”, “Toy/Game Product”. However,

on the one hand, these kinds of products have various names such as diapers, cradles,

strollers, formula, etc. are all included in baby products. While Lego, puzzles, Barbie

dolls, etc. are all toys. On the other hand, the objects of these products are also closely

related to the type of products. For instance, beauty products are usually used for skin,

hair, eyes, lips, etc., and health products are applied to illness, injury, pain, etc. There-

fore, related words will appear in the corresponding category of product reviews. In other

words, in the way of human thinking, the object of the product is shown, then the type

of the product is known. We can also allow the classification model to obtain information

related to the classification by capturing these keywords, achieving performance similar

to the human mind.

Therefore, once those kinds of derivative words related to labels of the classification

tasks appear in a user review and are captured by the model, the prediction of the label

will become more accurate. We collect label-derivative words by searching on Google

and using Wikipedia as a reference. Some of the label-derivative words for the Amazon

review dataset we used are listed in Table 5.3.
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Table 5.3: Some label-derivative words for the classification on the datasets

Dataset Label Derivative Words

Amazon Product

Baby Product
diaper, crib, stroller, pacifier,
bassinet,formula, pregnant,

newborn, infant......

Beauty Product
perfume, cream, eyeliner, blush,
lipstick, eyeshadow, skin, hair,
eyebrow, nail,blackheads......

Healthy Product
vitamin, supplement, herbal, medicine,
protein, medicine, pain, wound, surgery,

dentist, sore, allergy......

Toy/Game
Product

doll, skateboard, Barbie, LEGO,
robot, Switch, TRANSFORMERS,

teddy, players......

Courses

Biology
genetic, immune, ecology, vaccine,

mammal, evolution, diversity,
antibody, bacteria......

Chemistry
hydrolysis, ethanol, synthesis, reagent,

catalyst, mercury, aluminum, ionic,
ammonia, chlorine, pH......

Physics
laser, photon, quantum, gravity,

vibration, inertia, magnetic, astrophysicist,
rotor, tension, pixel, particle ......

Company

Commercial Services
/Supplies

installation, electrical, maintenance,
security,refurbishment, consult,

contractor, heating, furniture......

Healthcare
surgical, clinic, pharmacy, therapist,

patient, medicine, treatment, hospital,
dental, nursing, optician......

Materials
concrete, alloy, mineral, wood, lumber,
metal, copper, steel, plastic, roofing,

brass, masonry, iron.....

Financials
investment, bank, finance,
insurance, tax, mortgage,

fund, asset, wealth......

Reviews

Positive
favorite, wonderful, perfect,satisfaction,

enjoy, delicious, yummy, fantastic,
pleasant,superior.....

Negative
mess, suck, nasty, lack, weak, tasteless,

disappoint, never, complaint, stale, damaged,
yucky, worst, horrible, terrible......
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The label list which is employed to evaluate the relevance of sentences and words in the

text is composed of those derivative words and labels of the classification tasks themselves.

5.3 Experimental Results

5.3.1 Experiment Setup and Implementation

We test our model on the datasets introduced in Section 5.4 which are collected manually

from 4 raw text datasets. The size of the current database as well as the proportion

distribution is shown in Figure 5.1, 5.2, 5.3, 5.4.

Figure 5.1: The proportion distribution of Amazon Review dataset

Our method has several additional hyperparameters:

(1) As is explained in Section 3.3.2.1, m1 denotes how many label derivative words are

used to compute the cosine similarity values to obtain further label-word compatibility. If

m1 is set too small, the extra label information may be not enough. If m1 is set too large,

the information of the words belonging to other labels’ derivatives can be considered

noise, which may cause interference. We study it for training the model under various

values of m1 and safely choose m1 around 25 because the classification accuracy is highest
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Figure 5.2: The proportion distribution of Course dataset

Figure 5.3: The proportion distribution of Company dataset

when m1 is set around 25.

(2) As is explained in Section 3.3.2.1, m2 denotes how many words in a sentence are

used to compute the compatibility of this sentence to the classification task. Since in the

“weak signal, strong noise”data, the number of keywords is not large and there is no need

to use all words in the sentence to remove noise and reduce the computation cost. After

the experiment on m2, we safely set m2 as 10.

(3) r is the window size specifying spatial range to capture the contextual information

and the existence of a “phase”. The larger the r is, the longer the dependency can be

captured. Since it is used within a single sentence of a text that is usually not long
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Figure 5.4: The proportion distribution of Amazon Binary (sentiment analysis)
dataset

to capture the contextual information in the word-level attention network (explained in

Section 3.3.3.1). r don’t need to be set too large, here we choose 10.

(4) h is the threshold value set for one of the methods to select the sentences as “key

sentences”. According to the explanation in Section 3.3.2.2), when there is a word in the

sentence also belongs to the label list, the cosine similarity value will be 1 theoretically.

Therefore, this sentence can be considered as the most-likely key sentence. For the reason

that there might be some computational deviation, we set h as 0.8.

5.3.2 Qualitative Analysis

In addition to comparing with traditional deep learning models, we also tested the Label-

Embedding Attentive Model (LEAM) proposed in 2018 [8] of which is the jointing-

embedding method introduced in Section 2.5 on our collected dataset. Moreover, in

order to test whether the proposed adaptive sentence selection mechanism is effective.

The label embedding-based hierarchical attention model with a fixed number of sentence

selections is also tested. Hence the majority of the texts in the dataset only contain one

or two key sentences, the cases of that M set 1 and 2 are tested respectively.
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Table 5.4: Test Accuracy on document classification tasks, in percentage

Model
Amazon

Product

Course Comapany
Amazon

Binary

TextCNN 82.695312 68.7174 70.7813 80.7199

Bi-LSTM 70.117188 56.2826 61.1523 72.5725

Bi-GRU 67.3632813 54.3945 60.4297 70.6752

BERT 89.3164063 91.5199375 94.37133125 85.25789

LEAM 85.625 78.15755 81.2011719 86.4583

LE-HAM

(fixed-selection, M=1)

85.6601563 77.5390625 82.8125 82.3102679

LE-HAM

(fixed-selection, M=2)

87.4804688 82.03125 83.9355469 85.8816964

LE-HAM (adaptive) 90.0210125 0.858007813 87.6953125 88.39651

The comparative results are shown in Table 5.4, on the datasets consisting of “weak sig-

nal”text. Since the relevant information in the data is too weak to capture by a single

directional network, we just evaluate the performance of two typical Bi-directional RNNs:

Bi-LSTM and Bi-GRU. They achieve comparable performance. The performance of the

CNN network yields a little higher accuracy than the Bi-directional structures of LST-

M/GRU because CNN also has the ability to capture the local information. This allows

CNN to perform better results on the “weak signal”data than on RNN-based structure.

Moreover, the accuracy of the basic LEAM model[8] achieved on these datasets is higher

than those aforementioned general models. Thus, it can be said that the label-embedding

method indeed contributes to capturing the information of text and it is favorable for text

classification.

Whether implementing an adaptive sentence selection mechanism or fixing the number



80 5.3. Experimental Results

of sentences selected, our proposed label-embedding-based hierarchical attention model

outperforms other simple compositional methods. And our proposed model also performs

better than LEAM on the “weak signal, strong noise”dataset. The model with adaptive

sentence selection yields the highest classification accuracy on the two largest datasets

and ranks the 2nd best on the other two datasets while BERT performs the most out-

standing results. This may be due to two reasons: (1) the number of data in each category

is too small to allow LE-HAM to capture the connection information between words and

labels for the learning of the randomly initialized word embedding. (2) in addition to the

small amount of text data for each category. These two datasets contain so much spe-

cialized vocabulary that LE-HAM cannot learn enough label information from such small

data, so the pre-trained model BERT performs better. For the model with the selection

method that can only choose a fixed number of sentences, Even if they do not achieve

adaptive selection, they still rank 2nd (M=2) and 3rd (M=1) which are better than the

basic LEAM and other neural network-based models. These satisfactory results of our

proposed models are due to the “sentence-to-word” hierarchical framework. LE-HAM

effectively realizes gradually focusing on the key sentences in the text document, Then

it focuses on the keywords in the key sentences, captures important information, and re-

duces the interference of noise to obtain high-quality text representation for classification.

5.3.3 Future practical applications

To prove the practical application value of our proposed model, we looked into the sen-

tences selected by the model’s sentence selection mechanism. An example is given in

Figure 5.5, which is a user review about a hairdryer (beauty product) that points out the

product’s shortcomings and there is only one key sentence. Figure 5.6 is another example

of a baby product user view about a monitor used for looking after infants. On the one

hand, we can see under the adaptive sentence selection mechanism, only this key sentence

is captured although it is chosen multiple times due to the padding step of the selection
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Figure 5.5: Example I of sentence selection

Figure 5.6: Example II of sentence selection
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method. Moreover, the key sentence also contains user comments on the product, which

are crucial user feedback for manufacturers. Precisely locating the key sentences in these

user comments will help manufacturers collect useful feedback suggestions and improve

their products.

5.4 Conclusion

In this chapter, we first introduce the datasets with the characteristic “weak signal,

strong noise ”, which we use to test our proposed model. Extra information introduced

in Section 3.2.3 is also listed, for example, synonyms of labels, antonyms of labels, and

words that have semantic affiliation with labels. That additional information together

with the labels themselves is used to evaluate the relevance of sentences and words in the

text to the classification task. We test our model on the four datasets collected manually

from four raw datasets. We compare with a variety of methods, including TextCNN, Bi-

LSTM, Bi-GRU, LEAM, BERT, and the results show that our proposed model effectively

reduces the noise and performs satisfactorily in text classification on “weak signal, strong

noise”data. Key sentences and keywords location capability of our model also make it

have the potential for future application.



Chapter 6

Conclusion & Future Works

6.1 Conclusion

In this work, we first investigate text representation based on label semantic embedding.

We creatively introduce derivative words of classification’s labels with labels themselves,

to provide extra label semantic information. Then label semantic information is used

to measure the word-label compatibility to the tasks. Based on the label semantics

embedding-based attention mechanism, our proposed hierarchical attention network em-

ployed the label information to filter out the key sentences. Then the words in those

selected sentences that are relevant to the classification task will be given more atten-

tion to obtain the final text representation. It also needs to be pointed out that the

sentence selection mechanism is adaptive, which means that the number of sentences are

selected depends on how many key sentences exist in the corresponding text. It is there-

fore possible to retain as much useful information as possible, and meanwhile, the noise

is removed as much as possible. The learning mechanism is highly interpretable and im-

proves the classification accuracy of the “weak signal, strong noise”data. The keywords

and sentences that include those words can be located if required for the downstream

classification tasks.

83
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6.2 Future Works

1. For the future development of the practical value of our proposed model, the pre-

diction and highlighting of the important part of the text will contribute to many

applications. Therefore, the accuracy of the model at word level and sentence level

needs to be improved.

2. During the experimental evaluation, our proposed model finally outperformed other

models to produce the highest classification accuracy. But it has the disadvantage

of slow training speed and high time cost. The possible reason is that our proposed

model architecture has a two-layer attention network. In the future, we will explore

the method to improve the learning speed of the model.

3. Currently we have only four datasets to test our proposed model and compare it

with other models. The datasets for the model evaluation is obtained by manually

filtering out the text whose characteristic meets “weak signal, strong noise”and then

collecting them one by one. On the one hand, we will continue collecting to enlarge

the dataset. On the other hand, we will look for other datasets that are appropriate

to the objective of our model.
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