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(ABSTRACT)

Social media has become an important place for modern people to conveniently share and
exchange their ideas and opinions. However, not all content on the social media have positive
impact. Hate speech is one kind of harmful content that people use abusive speech attacking
or promoting hate towards a specific group or an individual. With online hate speech on
the rise these day, people have explored ways to automatically recognize the hate speech,
and among the ways people have studied, the Bert-based approach is promising and thus
dominates SemEval-2019 Task 6, a hate speech detection competition. In this work, the
method of fusion of sentiment features and Bert-based approach is proposed. The classic
Bert architecture for hate speech detection is modified to fuse with additional sentiment
features, provided by an extractor pre-trained on Sentiment140. The proposed model is
compared with top-3 models in SemEval-2019 Task 6 Subtask A and achieves 83.1% F1
score that better than the models in the competition. Also, to see if additional sentiment
features benefit the detection of hate speech, the features are fused with three kind of deep
learning architectures respectively. The results show that the models with sentiment features

perform better than those models without sentiment features.
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(GENERAL AUDIENCE ABSTRACT)

Social media has become an important place for modern people to conveniently share and
exchange their ideas and opinions. However, not all content on the social media have positive
impact. Hate speech is one kind of harmful content that people use abusive speech attacking
or promoting hate towards a specific group or an individual. With online hate speech on the
rise these day, people have explored ways to automatically recognize the hate speech, and
among the ways people have studied, Bert is one of promising approach for automatic hate
speech recognition. Bert is a kind of deep learning model for natural language processing
(NLP) that originated from Transformer developed by Google in 2017. The Bert has applied
to many NLP tasks and achieved astonished results such as text classification, semantic
similarity between pairs of sentences, question answering with given paragraph, and text
summarization. So in this study, Bert will be adopted to learn the meaning of given text
and distinguish the hate speech from tons of tweets automatically. In order to let Bert better
capture hate speech, the approach in this work modifies Bert to take additional source of
sentiment-related features for learning the pattern of hate speech, given that the emotion will
be negative when people trying to put out abusive speech. For evaluation of the approach,
our model is compared against those in SemEval-2019 Task 6, a famous hate speech detection
competition, and the results show that the proposed model achieves 83.1% F1 score better
than the models in the competition. Also, to see if additional sentiment features benefit the
detection of hate speech, the features are fused with three different kinds of deep learning
architectures respectively, and the results show that the models with sentiment features

perform better than those without sentiment features.
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Chapter 1

Introduction

Hate speech is a kind of speech or expression that denigrate a people or a specific group of
people on the basis of identified attributes such as color, race, gender, ethnicity, nationality,
sexual preference, religion and age etc. Typical hate speech contains defamation, statement
that promote fixed and oversimplified malicious idea toward specific people, and speech
deliberately stirring up hatred against a group. Hate speech can also be symbols and gestural
illustration. For instance, the rising sun flag of Imperial Japan that representing human

rights abuses and war crimes during World War II.

The escalation of social media such as Facebook and forums has dramatically accelerated the
communication and the change of ideas between people by revolutionizing content publishing.
However, it also increasingly promotes the propagation of hate speech and the hate-based
events [4]. The anonymity and mobility offered by such social media also promotes the spread
of hate speech that people could hide their identities and attack others with hate speech.
Surveys focusing on young people in the EU show the rising of hate speech and hate crimes
based on gender, sexual preference, and religious beliefs [2]. The hate speech and crime in
the US is also rising. There is a hate speech story in the US that led to Ryan’s death in
the end. In 2003, because of the history of academic and physical struggles, Ryan’s friends
bullied him by making him think he had struck a friendship with popular girl in school and
share more his embarrassing past. When Ryan realizing the truth, he hanged himself in the

family bathroom [1]. So, recognizing hateful speech is urgent for analyzing public opinions
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of a group of users towards another group, and for discouraging associated hateful activities.
In fact, in May 2016, the European Commission made an agreement with Big techs such as
Microsoft, Facebook, YouTube, and Twitter a ‘Code of conduct on countering illegal hate
speech online’. During 2018, Instagram, Snapchat, and Dailymotion joined to conduct the
Code. Jeuxvideo.com joined in January 2019, and TikTok claimed to be participating in the

Code in 2020.

In recent years, there are more and more researchers in the social media field involving in
developing automatic methods for detecting hate speech. The task of hate speech detection,
it typically involves recognizing whether textual content contains hateful messages and the
types of the hate speech, and the researchers usually apply Natural Language Processing
(NLP) and Machine Learning (ML) techniques in the development of detection methods
and achieve promising results. In addition to hate speech detection, sentiment analysis is
also an important topic when people analyze the behavior and intention of users’ published
content. In the context of sentiment analysis, polarity and emotion recognition are two
highly related tasks that researchers have been studied for a while. Polarity recognition
task determines the polarity of a word, sentence, or document and measures the level of
polarity in the document. Otherwise, emotion recognition focuses on classifying texts into
different emotional categories in a fine-grained fashion. Messages with negative sentiment
can indicate negative emotions, and positive messages contain positive emotions [27]. As
well, offensive language and behavior are also related to the emotional and psychological

status of the speaker.

To find a better solution for hate speech detection and accelerate the study of the field, there
are a couple of competitions out there, and one of the renowned events is SemEval-2019 [45].
One could see the trend of technologies employed in the contest. Overall, 115 teams partici-

pated in the contests, and the evaluation results have shown that the outstanding systems are



deep learning based models, such as CNN, RNN, CRNN, and BERT. Though deep learn-
ing models and traditional machine learning methods were adopted in the contest, many
results of sub-tasks showed that deep learning based models generally perform better than
traditional machine learning classifiers like SVM. BERT models that based on Transformers,

which achieve state-of-the-art in many NLP tasks, dominated in most sub-tasks.

However, thought the performance of automatic hate speech detection is improving and seems
promising, there is still space for the improvement. Also, many teams in the competition
considered only textual information and focused on architecture design. By considering
the close relation between hate speech detection and sentiment analysis, sentiment feature
which could provide classifiers with additional clues for effectively recognizing hate speech is
considered in this study, and a fusion network is proposed that the classic Bert architecture
for hate speech detection is modified to fuse with additional sentiment features, provided
by an extractor pre-trained on Sentiment140. To evaluate the performance of the proposed

model, it is compared with top-3 models in SemEval-2019 Task 6 Subtask A.

The key contribution of the work is proposing the fusion network and suggesting that the

fusion of sentiment features boosts the performance of the model on hate speech detection.



Chapter 2

Literature Review

This chapter is going to review the literature regarding automatic hate speech detection
using deep learning and non deep learning approach. Those literature involving hate speech

detection with sentiment feature is also reviewed.

2.1 Hate Speech Detection

2.1.1 Non Deep Learning Approach

Traditional methods require people to manually design the functionality of data instances

and encode them into feature vectors. Then it is used directly by the classifier.

Schmidt et al. [34] sums up specific kinds of features applied in conventional techniques.
Simple features like bag of words, n-grams are used as detection of hate speech [6, 7, 11, 20, 22,
36, 38, 39, 40], and as other related tasks such as detection of offensive and abusive content [8,
25, 29], discrimination [43], cyberbullying [46]. Other features include hashtags, punctuation,
length of word and document [8, 11, 29]. In order to make words more generalized, low
dimensional high density vector word representation that learned by clustering [38], topic
modeling [42, 46] and word embedding [14, 29, 36, 43] are used. Such representations are used
to represent sentences. Vocabulary resources are often used to find certain negative words in

sentences, and language features take advantage of syntax information such as Part of speech

4
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(PoS) and specific dependencies as features [6, 8, 11, 17, 46]. Meta-information pertains the
data of messages, such as user gender [39, 40] or high frequency of offensive words in a user’s
posts [10, 42]. Besides, knowledge-based features such as messaging Mapping to knowledge-
based stereotyped concepts [13] and multimodal information such as image captions and
pixel features [46] are used to detect cyberbullying, but only in very limited contexts [34].
For classifiers, existing methods are primarily monitored. Among them, Support Vector
Machine (SVM) is the most popular algorithm [6, 8, 11, 20, 25, 38, 42, 43|, while other
algorithms like Naive Bays [8, 11, 22, 25, 43], Logistic regression [11, 14, 25, 39, 40] and

Random Forest [11, 42] are used too.

2.1.2 Deep Learning Approach

There is a trend that the literature regarding hate speech detection with deep learning based
approach raised rapidly since 2017, and studies have also shown superior performance than

classic methods on hate speech detection [21].

Different from classic ML approach, deep artificial neural networks do not directly use input
features for hate speech classification, and the input of the neural networks can be various
from raw text to different form of feature encoding. The neural networks learn abstract fea-
ture representations through multi-layer structure that prove to be more effective in learning
than classic approach. Therefore, people adopting deep learning based approach focus more
on carefully designing network architecture that automatically extracts useful and semantic

features from a simple input than manually engineering feature.

Among neural networks, Convolutional Neural Network (CNN), Recurrent Neural Network
(RNN), Long Short-Term memory network (LSTM), and Bidirectional Encoder Represen-

tations from Transformers (BERT) are the most popular ones. CNN is well known for its
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effective feature extracting, whereas RNN is proficient in modelling orderly sequence learning
tasks [30]. BERT is a powerful attention model that combine the merits of CNN and RNN.
In previous studies, CNN extracts feature from the combinations of word or character, e.g.
phrases, n-grams [4, 15, 31|, RNN learns dependencies between word or character [4, 36].
BERT demonstrates the importance of this model by achieving state-of-the-art method in

many NLP tasks [21] and dominating NLP-related competitions, e.g. SemEval-2019 [45].

2.2 Hate Speech Detection + Sentiment Analysis

Previous works have shown that sentiment features can play an big role in detecting hate
speech. Malmasi and Zampieri [24] shows that combination of n-gram features and sentiment
features can be effectively applied to hate speech detection by providing empirical evidence.
Rodriguez et al. [33] curates a hate speech dataset from Facebook, and came up with a set
of sentiment features, including negative sentiment words and sentiment symbols for hate
speech detection. Vigna et al. [37] determines whether a sentence contains hate speech by
adopting the sentimental value of words as the main feature. Gitari et al. [18] carries out

experiments on several sentiment features and get promising results.



Chapter 3

Methodology

In the study, the proposed model, shown in figure 3.1, is evaluated on the hate speech
detection task in SemEval-2019 Task 6 Subtask A [45]. The model are consist of three parts

in this study.

| Output |
Dense
Fuse <
Add & Norm | ] Dense
Feed Dense
Forward GRU
A
] GRU
1 2X ->| Add & Norm | MaxPool
Multi-Head ConviD
Attention ConviD
A
1" ConviD
| Y —_
Bert Embeddings Word Embeddings

Figure 3.1: Model architecture doing hate speech detection.

The first part, on the left of figure 3.1, is BERT (Bidirectional Transformers) [12], which
is a powerful language representation model, and its architecture is the encoder part of the

transformer [35]. BERT is design to pre-train a model on large unlabeled-text corpuses and

7
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benefit downstream tasks with the learned semantic representations. The characteristics of
BERT are the multi-head attention, a self attention mechanism that each token of an input
sentence looks at each other and pays attention to those are important to it, and its ability
to consider both left and right context of a token from the input sentence. Because of the
BERT’s architecture design, an input sentence should go through some transformations, like
adding special characters, doing tokenization, adding segmentation embeddings, and adding
position embeddings, before feeding it into the model. In this study, a pre-trained BERT
model, which is trained on wikipedia and bookcorpus datasets, is adopted and fine-tuned on

the hate speech dataset.

The second part of the model, on the right of figure 3.1, is sentiment features extractor,
which uses CRNN (a combination of convolutional neural network and recurrent neural
network) as the model architecture. As a sentiment features extractor, the model is first
trained to do sentiment classification task on the sentiment analysis dataset. In order to
feed input text into the model to do the sentiment classification, fastText[5] generates the
word embeddings of the input text. When done training, the model is able to extract
sentiment-related features from the input text, in addition to the ability of classifying the
input text as positive or negative sentiment. In other word, the model learns to represent
the input with d-dimensional vector in latent space. The trained model, therefore, can serve
as the sentiment features extractor, and the sentiment features extracted by the model can
provide the BERT model with additional information that boost the performance of hate

speech detection.

The third part is a feature fusion layers that fuses the sentiment features and the features
from the BERT model. In the layers, there is one attention layer to capture important

connections between both features and pay attention to them.

The workflow of the hate speech detection in the study is that, for each input sentence, it goes
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through some text pre-processing steps for cleaning the input text, and the cleaned input
text will be embedded into the bert embeddings and the word embeddings. With the two
embeddings, they will be fed into the bert model and sentiment extracting model respectively,
then be fused in the fusion layer, and output the binary classifying result indicating whether

the input text is hate speech or not.

The following sections will detail the components of BERT, sentiment features extractor,

corresponding input embeddings, and the fusion layers.

3.1 Bidirectional Transformers

3.1.1 Transformer Components

Multi-Head
Attention Linear
Concat
FY
= N
Scaled Dot-Product Attention n
Self-Attention
 § /' A Units
[ Linear ]:[ Linear H Linear ]JJ )
A A A

Figure 3.2: Multi-head attention and self-attention units
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Self-Attention Unit

The transformer considers representation of the input as a set of key-value-query pairs. It
adopts the scaled dot-product attention as figure 3.2 shown to key and query and know
which part of value it should focus on. The key-value-query concept can be analogized to
retrieval systems. For instance, when one search for websites on the internet, the search
engine will map a query, the keywords that he/she provide with the search engine, against
a set of keys, such as webpages’s contents and title, in the database, then the search engine
will present he/she the best matched results. To illustrate the mechanism in a formal way,
let’s say, for an input z, the words in x are embed into vector A as self-attention input, and

the key, value, query of A’ which is the ith element of the vector A can be calculated as

follows.
Ui — W’UAZ
qi — Wqu

where W*, W, and W7 are parameter matrices.

Therefore, the scaled dot-product attention can be obtained by:

Attention(Q, K, V) = softmaz(QK* //n)V

where (), K, and V are query, key, value on the input embedding A. Because Q and K are

the same inputs, this kind of attention is called self-attention.
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Multi-Head Attention

Rather than only computing the attention once, the multi-head mechanism combines multi-
ple outputs of self-attention units computed in parallel. The independent attention outputs
are simply concatenated and linearly transformed into the expected dimensions. Accord-
ing to the paper, “multi-head attention allows the model to jointly attend to information
from different representation subspaces at different positions. With a single attention head,

averaging inhibits this.”
MultiHead(Q, K, V) = [heady; ...; head,]W©°

head; = Attention(QWE, KWK vwY)

where VVP, WE WY and WO are parameter matrices to be learned.

Feed Forward

The feed forward layer in the BERT model is two linear layers applying position-wisely on
the token embeddings. Since feed forward is applied without any communication with or

inference by other token positions, it is a highly parallelizable part of the model.

According to Geva et al. [16] study, the role feed forward layers play in transformer is key-
value memories. In fact, the feed-forward layers can act as persistent memory cells for
self-attention layers. In their study, the key vectors in feed-forward layers can be considered
as pattern detectors over the input sequence, the values supplement the keys’ input patterns
by inducing output distributions that concentrate on tokens likely to appear immediately
after each pattern, and the output of a feed-forward layer is a composition of the previous

layer’s memories, which is refined via residual connections by the following Add and Norm
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layer. In addition, the study shows that the patterns learned by the feed forward layers are
human-interpretable. The lower layers of the feed-forward tend to capture shallow patterns,

while upper layers learn more semantic patterns.

Add and Norm

Add & Norm

Layer Norm

f(X)

Feed
Forward

Figure 3.3: Add and norm layer of the BERT model

The Add and Norm layer in figure 3.1 is composite of two steps of computation. The first
is a residual connection immediately followed by the second step, layer normalization. The
residual connection sums together the previous layer’s input with the previous layer’s output.
For example, in figure 3.3, the input of the previous layer, which is feed forward layer, is x,
and the output of the feed forward layer is f(x). Then, the residual connection in figure 3.3
is © + f(x). After the residual connection, it is normalized with layer normalization layer.

Layer normalization [3] is the same as batch normalization except that the former normalizes
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across the feature dimension.

3.1.2 BERT Embeddings

The input of the model is a sentence that consists of multiple words, like the rectangles in
black background in figure 3.4. Note that, an input sentence always has a [CLS] token at
the beginning of the sentence. Because the input sequence ultimately needs to be reduced
to a single vector for classification tasks, Devlin et al. [12] choose a simple way that take the
hidden state corresponding to the [CLS| token. Furthermore, the model uses [SEP] token
to separate two sentences in an input, and the intention of using [SEP] token is that some
of tasks, such as question answering, takes two sentences as a pair in training phase. With
the input sequence prepared, the input sequence can then be represented by summing token,

segment, and position embeddings that will be detailed below.

]

Token E

Embeddings E[CLS] E[i] [h:pe E[they] E[starve] E[SEP] E[they] E[better] E[die] E[SEP]
+ + + + + + + o+ + +

Segment

Embeddings Ea Ea Ea Ea Ea Ea Eg Eg Eg =
+ + + + + + + + +

Position

Embeddings & E, E, B E, Es Ee E = Eq

R

Bert Embeddings

Figure 3.4: BERT embeddings
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Token Embeddings

Token embeddings are the embeddings for different tokens, which is words, and it is pre-
trained. In [12], it uses WordPiece [41] to tokenize words. Specifically, WordPiece will splits
tokens like "speaking” to "speak” and “##ing” in order to cover Out-Of-Vocabulary (OOV)
words and convert them into vocabulary IDs, in other word, each word in the input sentence
will be represented by an positive integer. After that, WordPiece will futher project each

token’s ID into d-dimensional vector representation, in the study, d is equal to 768.

Segment Embeddings

Segment embeddings are applied to distinguish sentence A and sentence B from a input
sequence. Take figure 3.4 as an example, the input sequence has two sentences, which are
”{ hope they starve” and "they better die,” in one input, and in segment embeddings, each
token of the sentence A will be marked as sentence A, and that of the sentence B will be

marked as sentence B.

Position Embeddings

Position embeddings is a d-dimensional vector that possesses positional information regard-
ing each token of a input sentence. It is crucial mechanism for transformer because, unlike
traditional recurrent neural networks that naturally consider the order of a sequence and
processes the sequence one by one, transformer processes the whole sequence in a parallel
manner resulting in significant speed-up in the training time. That is to say, the trans-
former models itself have no sense about position/order for each token. Therefore, they need

positional information to encode the sense of order of the input sequence into the models.

One solution for this may be assigning a number in range [0, 1] to each token; 0 means the
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first token and 1 represents the last. Nonetheless, it is hard to figure out how many tokens
would be. In other words, this approach does not have consistent meaning across different

input sequences.

Another solution might be linearly assigning a number to each token. In detail, the first
token is assigned 71”7, the second is given "2”, and so on. But, the issues with this method
are that the largest value representing the last token could be very large when the number of
the tokens in an input sequence are large, and that the model may not see a fixed sequence

length which the model would not be generalized.

For an ideal approach to positional embeddings, there are some criteria:

« Distance between any two positions should be consistent across sequences with different

lengths.
o It should generate an unique encoding for each token
o Models should generalize to longer input sequences with few efforts.
 Its values should be bounded.

e It must be deterministic.

By considering the criteria, Vaswani et al. [35] proposes a simple yet brilliant approach.
First, the position embeddings generated by the approach are not a single number but a
d-dimensional vector having information about a specific position in an input sequence.
Secondly, the embeddings are not integrated into transformer models. Instead, they are
used to add additional information about corresponding position in the input sequence. In

other words, the input is enhanced by injecting the positional information.

The following is going to formally define how it works. Let ¢ be the position in an input
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sequence, p; € R? be the corresponding embedding, and d be the embedding dimension.

Then f : N — R? is the function producing p;. The function is defined as follows:

» : sin(wg - t), ifi =2k
P =fQ) =
cos(wg - t), ifi=2k+1

where

1

Yk = 100002574

k = the dimension in the embeddings

The frequencies are decreasing along the vector dimension, and it is a geometric sequence

from 27 to 10000 - 27 on the wavelengths

3.2 Sentiment Features Extractor

3.2.1 CRNN Architecture

In the study, a trained CRNN model is used to extract sentiment features from input text.
The CRNN is composed of three one-dimensional convolution layers, max-pooling, two GRU
(Gated Recurrent Unit), and two feed forward layers. For three convolutional layers, they
are placed sequentially, and each is followed by batch normalization, ELU activation, max-
pooling and dropout. For GRU, it is bidirectional instead of the unidirectional RNN layers

because the bidirectional layers consider not only the future steps but also the future repre-
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sentations as well, which optimize the performance of the model.

Convolutional Layer

The convolutional layer is typically the core of a CNN (Convolutional Neural Network), and
it is majority source of computations occurring in the CNN. In the convolutional layer, there
is feature detector, also called filter, moving across the receptive fields of the input and
finding if the feature is present or not. This kind of operation is called convolution. Take
an image input as an example, the filter is a two-dimensional array of weights and can be
vary in size. The filter is then applied to an area of the image and calculates the similarity
between the input pixels and itself by dot product to determine the existence of the feature
in this area. Afterwards, the filter moves by a stride, doing the process over and over again
until the filter has gone across the whole image. The final result of the series dot products
is known as a feature map. Note that, the convolutional layer is partially connected which
means it is not necessary for the output value in the feature map to connect to every pixel in
the input image, instead, it only needs to link to the receptive field, where the filter is being
applied. In the end, the convolutional layer of a CNN model learns to extract meaningful

features through out the training phase.

The design of the convolutional layer is inspired by human eyes processing visual data, so
it was originally for computer vision tasks. But, in recent days, people also apply it on text
recognition tasks for extracting textual features. Though convolutional layer is not naturally
for textual data, it still can extract semantic features from it. For example, when doing sen-
timent classification task, considering the phrase below, some words containing informative
sentimental information (e.g. good, slow), and others which are not important. In such
phrase, convolutional layer is able to learn and match important features. Different from

applying two-dimensional convolutional layer on visual data, one-dimensional convolutional
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layer is applied on textual data.

The pizza is really good here, but the service was slow

Recurrent Layer

A recurrent neural network (RNN) can use sequential data and achieve memorization by
taking information from previous inputs to affect the current input and output. To put it
another way, while traditional neural networkds assume the independence property between

inputs and outputs, RNN’s output depend on the prior elements among the input sequence.

Sharing parameters across layers is another characterirstic of RNNs. While feed-forward

networks possess different weights for nodes, RNNs share the same parameter within layers.

In order to learn, RNNs determine gradients by leveraging backpropagation through time
(BPTT) algorithm, which is specific for sequence data and is different from traditional
backpropagation. The core of BPTT adjusting weights is the same as traditional backpropa-
gation, where the models are trained by computing errors from their output and input. The
difference between traditional backpropagation and BPTT is that BPTT will sum errors at

each time step.

Short-term memory had been a problem to RNNs. Specifically, they have a hard time carry-
ing information from earlier time to later time if a sequence is too long because during back-
propagation, the gradients of RNNs may become extremely small and thus not contribute
much learning information for the models. So, if one tries to process a long paragraph of

text, RNN’s may drop out important information from the beginning.

GRU, introduced by Cho et al. [9] in 2014 and used as recurrent layer in the CRNN archi-

tecture in the study, is proposed to tackle the short-term memory problem. In fact, it has
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internal mechanism called gates that are able to control the flow of information. The gates
of GRU can learn to decide if the data in a sequence is important or not and throw those
unimportant away. By doing so, it can keep relevant information all the way down to the

long chain of sequences.

3.2.2 Word Embeddings

Before feeding input text into CRNN model for sentiment feature extracting, the input text
will go through text pre-processing steps, which are tokenization using regular expression
and lemmatization, and finally, the pre-processed text will be represented by word vectors

using fastText [5].

[ ]
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Figure 3.5: Word embeddings
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Regexp Tokenization

Regexp Tokenization is a pre-processing step that use regular expression to get rid of char-
acters except alphabets and numbers. In the study, “[a-zA-Z0-9]\w+" is the regular
[13

expression pattern for cleaning the input text. For example, the input in figure 3.5 is “i

19

hope they starve, and they better die !”, and after the input processed by the tok-
enizer, the comma and exclamation are removed and the input becomes “hope they starve

they better die”.

Lemmatization

Lemmatization is a process of grouping together the different inflected forms of a word such
that they can be analyzed as a single item. Lemmatization is similar to stemming, but
Lemmatization consider context of the words. So it links words with close meanings to one
word. Lemmatization algorithms usually also use positional arguments as inputs, such as

whether the word is an adjective, noun, or verb.

Whenever we do text preprocessing for NLP, we need both Stemming as well as Lemma-
tization. Sometimes one will even find articles or discussions where both words are used
as synonyms even though they aren’t. Usually, Lemmatization is preferred over Stemming
because it is a contextual analysis of words instead of using a hard-coded rule to chop off suf-
fixes. However, if the text documents are very long, then Lemmatization takes considerably

more time which is a severe disadvantage.

Word Embeddings

Word embeddings are vectors that represent text data with numerical values, which can be

operated by computers. In the study, fastText [5], which is a variation of Word2Vec [26] and
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an open-source library, is used to convert input text into word embeddings.

Word2Vec is a unsupervised model that creates distributed numerical representations of word
features for words such that we can use those features to represent words, and the words
also can be manipulated by computers doing some comparisons. To put it another way, we
can use word embeddings to establish the relation of a word with another similar meaning

word.

In order to create word embeddings, Word2Vec utilizes two techniques, which are Continuous
Bag of Words (CBOW) and Skip-Gram. To train the model with CBOW, a word of a sentence
is selected as target word, and the rest of words are served as context words, then, the model
predicts the target word with context words as input. On the contrary, the mechanism of
Skip-Gram is kind of the inverse version of CBOW. That is to say, the original target word

is fed into the model to predict all the other words in the sentence.

Different from Word2Vec using words to predict words, fastText operates at a more granular
level with character n-grams, where words are represented by the sum of the character n-gram

vectors.

3.3 Feature Fusion Layers

When the input text going through BERT and CRNN respectively in figure 3.1, the end
of BERT is textual feature containing hate speech information, and the end of CRNN is
sentiment feature. Two features will be fused in the feature fusion layers. In the fusion

layers, attentions are applied to attend useful information in both of two features.



Chapter 4

Experiments and Results

This chapter discusses the experiments, settings, and results.

4.1 Dataset

Two datasets are adopted in this study. The first one is Offensive Language Identification
Dataset, curated by Zampieri et al. [44] for the SemEval-2019 Task 6 [45], an offensive
language identifying and categorizing competition. Because SemEval-2019 is a large event
that many researchers participate in and develop top-notch algorithms based on the dataset
for the competition, we choose OLID to evaluate our proposed model on hate speech detection
task to compare to those models in the competition. The second dataset is Sentiment1/0 that
is used to pre-train a sentiment extracting model. Sentiment140 is a well-curated dataset
and used in many works, it is able to compare the performance of the model with other

works by adopting such dataset.

4.1.1 Offensive Language Identification Dataset (OLID)

Because twitter has 330 million monthly active users, and tremendous tweet posts from
diverse spectrum of users are generated everyday including hate speech, it is reasonable that

Zampieri et al. [44] collected offensive text from the platform.

22
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In order to crawl tweets containing offensive language from the twitter, the author prepared
a list of keywords that the posts with those keywords often have offensive message, e.g. gun.

The keywords were used to retrieve relevant posts via twitter api.

With text been collected, the author annotated the data by a fine-grained three-layer anno-
tation scheme as table 4.1. For each instance, Level A label means the tweet contains offense
words or not: OFF is offensive and NOT is not offensive; Level B stands for the category
of offensive language: TIN means the post contains insult to an individual, a group, or
others while UNT means that the offensive words not target any one; Level C recognizes
the offended target: IND means the target is individual, GRP is group, and OTH is other.
In addition, to ensure the labeling quality, the author only hired experienced annotators and

assessed the annotators’ labeling quality during their annotation.

The dataset contains 14k tweets, and 30% of them contain hate speech.

Tweet Level A Level B Level C
gun control kids asking OFF TIN OTH
kind like conservatives wanna associate

everyone left communist antifa members OFF TIN GRP
feel like better chasing title NOT - -

Table 4.1: Sample data of OLID

4.1.2 Sentiment140

The dataset is curated by Go et al. [19], and the data source is also from twitter posts. Go
et al. [19] used twitter api for retrieving tweets and took positive and negative emoticons,
e.g. “)” or “:(”, as keywords to search emotion-relevant tweets containing emoticons.
With numerous tweets collecting by twitter api, the author did the following post-processes

to further clean the text and filter out unwanted characters or tweets.
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1. The emoticons are removed from the text such that sentiment classifiers will not classify

the tweet based on the emoticons.

2. The tweets containing both positive and negative emotions are removed in order to

not mix positive and negative features together.

3. Retweets are removed because they are copying of original tweet.

4. Duplicated tweet are removed.

After post-processing, there are 1,600,000 tweets in the dataset, half are positive and the

other half are negative. Some sample data of the dataset is shown in table 4.2. 0 is negative

and 4 is positive.

Tweet Label
Sad, sad, sad. I don’t know why but I hate

this feeling I wanna sleep and I still can’t! 0
Damn... I don’t have any chalk!

MY CHALKBOARD IS USELESS 0
shenagians! my team is awesome 4

Table 4.2: Sample data of Sentiment140

4.2 FEvaluation Metric

To compare our models with top three models in SemEval-2019 Task 6, we chose F1-score
that primarily used to compare the performance of two classifiers. The F1-score is composed

of the precision and recall of a classifier by taking their hrmonic mean.

2(P* R)
F1=2070
P+R
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P = the precision

R = the recall of the classification model

4.3 Sentiment Extractor Pre-training

The proposed model is two-step-training, and the sentiment extracting model is first pre-
trained withSentiment140 dataset. In the training time of classifying hate speech, the model

does not update its parameters but does inference only.

4.4 Results

In order to evaluate the performance of proposed model, fusing the sentiment features with
the text features, on the hate speech detection task, two experiments are conducted in
the study. The first experiment is comparing the model with top-3 models, which all are
BERT-based, in SemEval-2019 Task 6 Subtask A to learn how well the proposed model
with additional sentimental information performs comparing to the same kind of architec-
ture. The second experiment evaluates the adding of sentiment features across deep learning

architectures.

In the first experiment, three baselines are top-3 models in SemEval-2019 Task 6 Subtask A.
They are all adopting BERT architecture but with variations in the parameters and in the
pre-processing steps. As the first place team, Liu et al. [23] used BERT-base-uncased model,
which is pretrained on English language using a masked language modeling (MLM) objective,
with default-parameters. As the second place team, Nikolov and Radivchev [28] used BERT-

large-uncased model, which is double the encoder layers than the BERT-base-uncased model.
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Also, the team adopted the pre-trained word vectors[32] on Twitter to encode words to a
vector space. As the third place team, Zhu et al. [47] also used BERT-base-uncased model
as the first place team did. Although the first and the third team utilized the same models,
the difference of the model performance comes from the difference in the hyper parameters
of the two models. From the table 4.3, the 83.1% F1 score of the proposed model is 0.2 point
better than the top-1 BERT model in the contest. The results of the experiment shows that
sentimental information could provide additional clues for the BERT model and boost the

performance of the model.

Table 4.3: F1 for BERT-based models on SemEval-2019 Task 6 Subtask A

Author Model F1
This work BERT + Sentiment 0.831
Liu et al. [23] BERT 0.829
Nikolov and Radivchev [28] BERT 0.815
Zhu et al. [47] BERT 0.814

In the second experiment, three kind of deep learning architectures, which are BERT, CNN,
and BiLSTM, are evaluated by comparing them with their sentiment features version. The
CNN and BiLSTM are the baseline models in the SemEval-2019 Task 6 Subtask A com-
petition, and the implementation of the models for the experiment follows Zampieri et al.
[44] settings. In addition, the BERT-base-uncased model is used for BERT architecture. As
a result, the table 4.4 shows that in all architectures, the models with sentiment features

perform better than those without sentiment features.

In conclusion, the two experiments show that it is able to transfer the knowledge of capturing
sentimental features learning from Sentiment140 dataset to the hate speech detection task

and boost the performance of hate speech detection on various deep learning architectures.
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Table 4.4: F1 for different architectures on SemEval-2019 Task 6 Subtask A

Model F1
BERT + Sentiment 0.831

BERT 0.829
CNN + Sentiment 0.802

CNN 0.800

BiLSTM -+ Sentiment 0.758
BiLSTM 0.750




Chapter 5

Conclusions and Future Works

In this study, a sentiment fusion model is proposed for hate speech detection. The model
consists of two branches, one is BERT for capturing hate speech contents, and the other
is CRNN as a sentiment feature extractor. The model is trained with two-step fashion.
The CRNN is first trained with Sentiment140 dataset to learn how to extract sentimental
information. Then, the BERT is trained with OLID dataset, while the CRNN extracting
sentiment features from the dataset without updating its parameters. The proposed model is
comparing with top three models in SemEval-2019 Task 6 Subtask A. The results show that
our model performs better than the models in the contest. In addition, the sentiment feature
is added to three kind of deep learning architectures, and wee can see that the sentimental
feature helps the models get better performance in hate speech detection task. Therefore,
we suggest that sentiment feature can provide useful signal for the models and achieve better

results.

In the future, we can further dig into the model to see how it learns the features for classi-
fication and how sentiment features benefit the model. For example, we could analyze the
attention of the BERT model and the fusion layers and learn what the model is focusing
on. Besides, the model is currently performed on English dataset, and we could further ex-
tend the dataset to non-English dataset, e.g. Chinese, Arabic, and Spanish. A qualitatively

evaluation could also be conducted by inviting some domain experts.
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