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Abstract

Hateful meme is defined as any expression that disparages an individual or a group on
the basis of characteristics like race, ethnicity, gender, sexual orientation, country, reli-
gion, or other characteristics. It has grown to be a significant issue for all social media
platforms. Ethiopia’s government has increasingly relied on the temporary closure of
social media sites but such kind of activity couldn’t be permanent solution so design
automatic system. These days, there are plenty of ways to communicate and make
conversation in chat spaces and on social media such as , text, image, audio, text with
image, and image with audio information. Memes are new and exponentially grow-
ing trend of data on social media, that blend words and images to convey ideas. The
audience can become dubious if one of them is absent. Previous research on the identi-
fication of hate speech in Amharic has been primarily focused on textual content.

We should design deep learning modal which automatically filter hateful memes in or-
der to reduce hate content on social media. The basis of our model consists of two
fundamental components. one is for textual features and the other is for visual fea-
tures. For textual features, we need to extract text from memes using optical character
recognition (OCR). The extracted text through the OCR system is pixel-wise, and the
morphological complex nature of Amharic language will affect the performance of the
system to extract incomplete or misspelled words. This could result in the limited de-
tection of hateful memes. In order to work effectively with an OCR extracted text,
we employed a word embedding method that can capture the syntactic and semantic
meaning of a word. LSTM is used for learning long-distance dependency between
word sequence in short texts. The visual data was encoded using an ImageNet-trained
VGG-16 convolutional neural network. In the studies, the input for the Amharic hateful
meme detection classifier combines textual and visual data. The maximum precision
was 80.01 percent. When compared to state-of-the-art approaches using memes as a

feature on CNN-LSTM, an average F-score improvement of 2.9% was attained.

Key words: social media, Memes, hate speech, word embedding, OCR, VGG-16,
LSTM
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Chapter 1
Introduction

1.1 Background

Social media are computer-based technologies or form of communication on the inter-
net used to facilitate the sharing of opinions, ideas, thoughts, and information through
virtual networks and communities[#].Social media provides quick electronic communi-
cation with feature of user generated content and personalized user profiles. Interactions
among users on social network platforms are usually positive, constructive and insight-
ful. However, sometimes people also get exposed to objectionable content such as
hateful meme, bullying, and verbal abuse etc. Contents on social media can be personal
information, documents, videos, photos and entertainments. conversations, shared in-
formation, and created online content on social medias can be in different mode, such
as text, audio or video in combination way.

One of the essential aspects of modern democratic countries around the world is the
right to speech [9]. This means that people have inherent freedom to express themselves
on whatever subject they like. Social media are good place for freedom of speech, but
it has drawbacks, such as promoting hate and dehumanizing messages directed at spe-
cific individuals or groups based on their political affiliation, religious views, ethnicity,
sexual orientation, and other factors [10]. In January 2020, there were 21.14 million
internet users in Ethiopia, up 2.6 percent from 2019 and 2020 [11].

Ethiopia has been utilizing social media more frequently, which is largely due to the
growth of various mobile technologies and the number of individuals accessing the
internet. In study [12], social media usage in Ethiopia is changing gradually from post-
ing, tweeting, or sharing matters to significantly debating political, financial, and social
situation. There is growing evidence that hate speech on social media in Ethiopia is
encouraged and contributes to violence [ |].The rise of reckless social media behavior
and the propagation of hatred have come under fire in recent years, especially in relation

to the ethnic conflict in Ethiopia[|3].
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Hate speech is content that criticizes a person or a group based on traits such as race,
ethnicity, gender, sexual orientation, nationality, religion, or other factors [14].Hateful
meme propagation is highly destructive in human social life, as it cause individual to
become more biased and discriminate against others, affect societies in many aspects,
such as mental health of targeted audiences, social interaction, and at last it leads to vio-
lence and distraction of properties. Hateful meme detection is a vital tool for preventing
the spread of hateful memes.

Different countries have their own laws regarding to hate speech controlling and pre-
venting mechanism. Since social media intensifies ethnic tensions among all ethnic
groups, the Ethiopian government has enacted laws prohibiting hate speech on social
media and other electronic devices [15]. The proclamation states that it is strictly for-
bidden and illegal to post anything on social media that could possibly offend someone
based on their color, age, gender, sexual orientation, national origin, religion, polit-
ical beliefs, disability, or any other attribute [!6].In an effort to control hate speech
that incites ethnic violence through intermittent disruptions of internet connections, the
Ethiopian government regulates and keeps an eye on data uploaded to social media
[I1]. Reports indicate that there is an increasing number of state sensors and shut-
downs targeting mobile Internet services for political or security reasons all over the
country[ | 2].This opposes freedom of speech. Mechanisms should be conceived to pro-
tect such communities from banning of Internet services and at the same time, the risk
of online hate speech.

Social media platforms have tried different techniques to defend such ill-suited behav-
iors, that the one who constantly change strategies to evade the current hate speech
detection methods of social networks platforms. Researchers are working harder to
identify hate speech on social media, but hatemongers are able to adapt their tactics to
avoid the systems in place for detecting hate speech. Hateful memes are also spread
hatred through social networks. It would be beneficial to reduce the negative societal
impact of unpleasant memes by automatically identifying them. Tasks that employ the

multi-modal analysis techniques are image captioning [ | 7], multimodal image retrieval
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[18], visual question answering [ 9] and multimodal publications [20].

Unlike traditional multimodal tasks, where textual and visual information are semanti-
cally linked, the issue of detecting violent memes is on the multimodal information [21]
and only multi-modal models have demonstrated success in learning, while unimodal
models collapse under pressure. For hateful meme there might be an alternative image
or caption that cause to change its label in the datasets. For example in figure 1.1 (c) and
(d) because of the visual information the meme changes from hateful to non-hateful and

figure 1.1 (a) and (b),(i) and (j) and (g) and (h) also flip its label with the only changes

of caption.
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Figure 1.1: Examples of Amharic memes
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While working with Amharic memes extracting text out of the image is also another
challenge. as Amharic is morphological complex and the extracted text is in pixel-wise
that would occurs in the OCR system. This could be cause to wrong predication of one
or two letters in a word and result in limited detection of hateful memes. So it needs
to modeling very precise correlations between the image and texts embedded on it as it
need to combine the visual and textual information together[2 1, 22].

Several works like [23, 24, 21, 25, 26, 27] have have been done to hateful memes detec-
tion, most of which were for the English language. Unfortunately, no significant studies
have been conducted on hateful memes regarding low-resource languages, especially
Ambharic. As hateful meme is distractive and it affect mental and nation co-existence
by creating tension between and many other related issues, social media contents has to

be detected for Amharic language using the state-of-the-art.

1.2 Problem Statement

Social media now contains a huge variety of significant data types. Only textual content
analysis has been used in prior research on Amharic hateful detection. Memes are multi-
modal, so identifying hateful meme within them is a challenging but crucial task that
requires combining the textual and visual features. We need to extract text from memes
in order to process them separately by using OCR. Due to Amharic’s morphological
complexity, which can make OCR text extraction more challenging, this could result
in limited detection of hateful memes. In order to effectively work with an OCR text
extractor, we should employ a word embedding method that can capture the syntactic
and semantic meaning of a word. Therefore, the input for the Amharic hateful meme
detection classifier combines textual and visual data. Nevertheless, no prior study has
examined the effects of nasty memes in Ambharic. For this reason, the following research

questions are the focus of the current study.

¢ RQ1.Can visual information be used to enhance automatic detection of Amharic

hateful memes on social media?

* RQ2. How much does visual and textual information contribute to Amharic hate-

4



Chapter 1 INTRODUCTION

ful meme detection?

1.3 Objective

1.3.1 General objective
The general objective of this research work is to investigate the effect of integrating

visual information with textual information to Amharic hateful meme detection.

1.3.2 Specific objective

* Collecting the datasets from different social media.

¢ Create a combination of textual and visual information for Amharic hateful meme

detection classifier.

* Examine how visual features affect the identification of harmful memes on social

media.

* Examine the role that textual and visual information plays in the identification of

harmful Amharic memes.

* To analysis the result and gives future research direction on Amharic memes.

1.4 Contribution

The foremost contributions of this research can be listed as below:

* The first Amharic memes has been gathered and annotated; it now serves as a

corpus for future studies.

* We have substituted a very important feature extractor that extracts both textual
and visual information to joint feature representation that is necessary for auto-

matic design.

* We developed an automated system called Amharic hateful meme detection that
replaces human labor with machines capable of directly processing, analyzing,

and manipulating data related to Amharic memes.

5
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1.5

Scope and Limitation of the study

The aim of this study is to design system that can detecte hateful memes for Amharic

memes.This study does not take in consideration other form of data contents of social

media such as audio, video and other multimodal data.

1.6

Methodology

In order to conduct objective of this work, the following procedure and activities

will be done.

Literature Review: Related works on hate speech, hateful meme detection and
multimodal problems with the algorithms and techniques used to feature extrac-
tion, representation and classification including fusion techniques in multimodal

features will be reviewed.

Data Collection and Preparation: - To this research work, we used manually col-
lected meme datasets. For better performance of the system, different preprocess-
ing tasks are performed on the datasets we gathered such as resize, gray scale,

thinning and skeletonization and remove noise for image will perform.

Data Annotation: - The preprocessed data will be annotated manually for memes

to investigate the effect of using memes on the automatic labeling system.

Feature Extraction:- After reviewing various papers and investigating existing
feature extraction mechanisms, we chose a concatenation of textual features and
visual features as automatic feature extraction and appropriate selection for our

thesis.

Model Development: - Deep neural network models are used to construct the
Amharic violent meme identification model after the automatically generated fea-

tures and vector results are selected as input.

Evaluation: Experiment will be conducted to test use of labeled memes on Amharic
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hateful memes detection. The performance of the system will be evaluated in

terms of precision, recall, accuracy, and F score.

1.7 Organization

The remains of this work are structured as follows:

In Chapter 2 describes theoretical background, definition of hateful meme, Ambharic
language and its challenges to hateful meme detection process, detection approaches,
models and algorithms.

In chapter 3 is the literature review that discuses about existing hateful meme detec-
tion approaches. In Chapter 4 explains how the study was designed and carried out,
data preparation, and system architecture, feature engineering and fusion techniques
with performance measurement ways.In Chapter 5 explains the outcomes and findings
regarding the experiment. Finally, In Chapter 6 describes the conclusion and recom-

mendation of the work.




Chapter 2
Theoretical Background

2.1 Introduction

This chapter deals with the theoretical concepts of hateful meme definition, the Amharic
language and its challenge in hateful meme detection, definition of hateful meme ac-
cording to the FDRE constitution, deep learning algorithms and social media discourse

analysis approaches.

2.2 Ambharic Language

Ambharic is a Semitic family of the Afro-Asiatic language group that related to Hebrew,
Arabic, and Syrian. Which is written from left-to-right by using unique geez script,
and the federal working language of Ethiopia. It has 275 alphabets with the writing
script known as “Fidel”. Speaking after Arabic, Amharic is the second most spoken
Semitic language globally, and its script, known as Ethiopic, comes from the Geez
alphabet [28].1t is one of the less-resourced languages, with few tools and methods for
processing language. However, it may be able to assist scholars studying computational
linguistics in going deeper and creating more beneficial computer- or Internet-based
models and applications.

Although Amharic texts have traditionally been transliterated into Latin characters by
social media users to express their opinions, the advent of the Amharic Unicode font
and its integration into various technologies has made it possible for many online pub-
lishers and users to communicate using the native Ethiopic script. The increasing usage
of Ambharic as a medium of internet communication among speakers is enhancing net-
works with Ambharic resources and creating new possibilities for language study. In
Ambharic, there are several words that are considered vulgar, rude, or derogatory in so-
ciety. These words mainly relate to sexual racial, ethnic, religious, or social class, and
they should be used with control.There are many ways where their use can be hurtful

and upsetting.
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2.3 Challenges of Amharic Hateful Memes Detection

Amharic’s multimodal content poses a challenge for hate meme detection, in contrast
to traditional multimodal tasks where textual and visual information are semantically
linked and there is insufficient data set and annotation. Ambharic, as a language, is mor-
phologically complex, with characters having similar sounds with different shapes, the
usage of semantically the same words interchangeably, compound word formation us-
ing hyphens or spaces, and sometimes they may merge, but they have different lexicons
when they are put separately. Especially using Amharic texts embedded in images has
many challenges, such as the highest similarity between some characters, noise over
the image, font style, stroke, and spelling variation that might cause the OCR system
to extract incomplete or misspelled words from the image, and a high number of non-

Ambharic characters and irrelevant symbols.

2.4 Hate Speech Definition

One of the greatest inventions in human history, the Internet has united people of all
racial, religious, and national backgrounds. Billions of people have been connected
by social media platforms like Facebook and Twitter, which enable them to instantly
share their thoughts and opinions. In addition to the online, platforms give an envi-
ronment to discussions that are damaging to specific groups of people. The FDRE
Constitution has provided proclamation with respect to hate speech and false infor-
mation. The 2005 Criminal Code of Ethiopia, and Information and Network Security
Agency Re-establishment Proclamation No.808/2013, Computer crime proclamation
958/2016, Draft proclamation to prevent the dissemination of hate speech and false
information[ | 5] and Ethiopian disinformation control and hate speech protection [16].
Proclamation [15] categorizes the computer crimes in to three. Those are, First, com-
mitted against computer, computer system, computer data or computer network. Sec-
ond, conventional crime committed by means of a computer. Third, illegal computer
content data disseminated through a computer, computer system, or computer network.

According to Section 3 of the Proclamation, hate speech on the internet is essentially
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defined as prohibited content. In particular, posting anything online that can be seen as
intimidating is prohibited by Proclamation Article 13(1), which entails criminal con-
sequences.Additionally, publishing anything that incites disorder, terror, violence, or
conflict is prohibited by Article 14 and is punishable by law. The proclamation also
introduces the idea of crimes against people’s reputations and liberties. As per the com-
puter crime proclamation’s articles 13 and 14, an individual who intentionally causes
serious harm or danger to another person or their family by sharing any produced in-
formation, audio, video, or image via a computer system may be sentenced to three
years in simple imprisonment or, in severe cases, five years in rigorous imprisonment.
Second, anyone who sends or repeatedly transmits information about the victim or his
family through a computer system, or who keeps the victim’s computer communication
under surveillance, and who does so in a way that incites fear, threat, or psychological
strain on another person, faces a maximum sentence of five years in simple imprison-
ment or, in more serious cases, ten years in rigorous imprisonment.

Thirdly, sharing any text, picture, audio, video, or other content via a computer system
that disparages the dignity or reputation of another individual is punished, upon com-
plaint, by a maximum of three years in simple imprisonment, a maximum fine of Birr
30,000, or both. According to the Ethiopian hate speech and disinformation Prevention
and Suppression Proclamation [16], Page 1233/9 under Proclamation No. 1185 /2020,
“Hate speech is the speech that intentionally promotes discrimination, hatred, or attack
against a discernible group of identity or person, based on race, ethnicity, gender, reli-
gion or disability", this shows that the definition of hate speech is any expression that, in
a way, targets, disparages, discriminates against, or encourages violence against another
individual on the basis of that individual’s race, religion, color, sex, handicap, national-
ity, immigration, language, appearance, or any combination of these characteristics.

In our research context, content in memes considered as hate if it is one of the following
categories. The text, image and image -text combined information on social media is

defined as hate if its intent is any of the following.

1. If a post is rude or exhibiting lack of respect toward certain individuals or group

10
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of individuals (ethnic groups):

 Slurs: phrases that try to attack a culture or ethnicity in some way,
* Racism: phrases that intimidate race or ethnicity of individuals,

* Crude language: expressions that embarrass people, mostly because it refers

to sexual matters or excrement,

* Taboo: expressions, which are forbidden within a certain society/community.
Many expressions are forbidden because of what they refer to, not necessar-

ily, there is some particular taboo words used in the expression.
* Unrefined languages: some expressions that lack polite manners and the

speaker or writer are harsh and rude.

2. To cause harm (to oneself or others): harms including physical, psychological,

etc.

* References to handicaps: These phrases attack the reader using his or her

shortcomings (i.e., IQ challenged).

3. Related to an activity that is illegal as per the laws of the country: The rise of
irresponsible social media activism and fake news in recent times is being blamed

as the catalyst especially for ethnic related violence in various parts of the country.
4. Has cause of extreme violence:

* Extremism: These phrases target some religion or ideologies, Provocative

language (expressions that may cause anger or violence).
* Social media posts that make society to get angry at one another.

5. When the images are sexually explicit, nudity, materials which being cause for

violence and suicide.

6. When concept of the combination of text with image together contains hate and
harmful contents such as slur, racism, crude language and dehumanized are con-

sidered as hateful meme.

11
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Based on the above definitions, when we say hateful meme, implicitly we are talking
about every context that falls into one or more of the defined cases. Characterizing,
certain expression as offensive has an important role in advancing the values of dignity

and equality.

2.5 Hate Speech Detection Approaches

The strategy already known in text mining and sentiment analysis are employed to the
specific problem of hate speech detection. The frequently used hate speech detection
approaches can be grouped into lexicon-based, machine learning and deep-learning ap-

proach.

2.5.1 Lexicon Based Approach

By using a previously created vocabulary of words with varying levels, the lexicon
method essentially matches each token with a word that is already available. The model
then takes the sentence as input and tokenizes it, calculating an average or sum to de-

termine the sentiment and context of the sentence [29, 30, 31].

2.5.2 Machine Learning Approach

Machine learning algorithms like Naive Bayes (NB), maximum entropy (ME), and sup-
port vector machines (SVM) are used for learning [32, 33, 34].In order to create clas-
sifiers, machine learning models use samples of labeled text; however, these feature
representation techniques are unable to capture the multi-view aspects of hate speech.
A test data set is used to determine the classifier’s performance, and a training set is
used to teach the machine learning classifier how to distinguish between different types
of documents. IF-IDF, BOW, unigram, n-gram trigram, and word2vec are well-known
feature representation techniques in hate speech detection. To overcome the challenges
posed by machine learning, researchers must turn to deep learning techniques, such as

RNN and CNN models with word embedding technique for feature representations like

12
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fast-text and word2vec, can capture both the syntactic and semantic meaning of words

[35, 23].

2.6 Feature Extraction

These are the most critical steps in learning rich and informative representations from
raw input data to produce accurate and reliable outcomes. Generating features for use
in prediction and classification tasks is known as feature extraction [36]. However, not
all features are equally important for a prediction task, and some features might even
introduce noise in the model. To identify or classify user-generated content, textual and
visual features indicating hate must be extracted. Machine learning models require in-
put features that are relevant and important to predict the outcome. Since the extraction
step converts written human language and image into a form that a computer can under-
stand. A collection of features that together make up a feature vector—a representation

of the datasets—is the end result of the extraction process.

2.6.1 Text Feature Extraction
Feature extraction for textual data can be done by different techniques such as TF-IDF,
n-grams, Bag of words, word embedding, combination word embedding, and character

n-gram embedding are a few examples.

Bag of Words: - Word occurrences in a document are described by a representation
of text called a "bag of words." Information retrieval and natural language processing
are made easier by the bag-of-words model, which is a textual representation of words.
To extract features for each sentence, a distribution of different words in the sentence
must be computed, i.e. how many times in the phrase does each word from the vocab-
ulary appear?. The text is represented in this typical feature extractor by a bag of its
words. Pay no attention to grammar or even word order while maintaining multiplicity.
Bag of Word ignores word order to the benefit of syntactic and semantic content [30].
Therefore, it will be able to result in miss classification if the words are uses in different

contexts.
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N-gram: - An extension of Bow is lead to the incoming of the bag of n-grams, which
replaces the unit of interest in Bow from words to N connecting tokens. A token is
usually a word or a character in the text, giving rise to word n-gram and character
n-gram models. The disadvantages of N gram are it ignores syntactic and semantic
content. Therefore, it can bring miss classification when the words are practices in

different contexts [30].

Neural Word Embedding: - In recent years, deep learning methods have been used
in Amharic hate speech detection[37] and automatic feature extraction. Word embed-
ding is one of the methods used as an automatic feature extractor because it allows for
the discovery of both semantic and syntactic relationships between words. In order to
encode and embed words into numeric vectors that may be utilized for arithmetic opera-
tions, a two-layer neural network known as the word embedding model was developed.
it operates on two basic models: the Continuous Bag-of-Words (CBOW) and the Con-
tinuous Skip-Gram. The CBOW model uses a continuous, distributed representation of
the verbal context to predict the value of the current word while the Continuous Skip-
Gram model predicts the verbal context using the current word. This allows capturing
more refined attributes and contextual cues inherent in human language [!].

Both the continuous bag-of-words and skip gram are consists of an input layer, a pro-
jection layer, and an output layer to predict nearby words. The model iterates over the
words in a given set of sentences, trying to forecast the next word or utilize the present
word as a predictor[|]. Continuous bag-of-words, predicts the present word grounded
on the context, whereas skip gram predicts the neighboring words given the current
word. The output is the probability distribution over all words in the vocabulary, which

defines the likelihood of a word being selectness as the input word’s context.

2.6.2 Visual Feature Extraction
A sort of dimensional reduction known as feature extraction involves efficiently rep-
resenting a significant number of the image’s pixels so as to effectively capture the

interesting areas of the image. During the feature extraction phase, various features
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Figure 2.1: CBOW and the Skip-gram architecture (picture credit ([!])

are determined and then extracted to support the learning process of different machine

learning models.

Color, texture, and shape are examples of general features, which are characteristics
that are independent of application.Depending on the abstraction level, they can be di-
vided even further into pixel-level features: characteristics like color, position, and local
features that are computed at each pixel: characteristics derived from image segmenta-
tion or edge detection as well as the outcomes of the image’s subdivision. Worldwide
characteristics are characteristics that are computed for a regular subset of a picture or
the complete image. Features unique to a domain: characteristics specific to a given
application, such as faces, fingerprints, and conceptual traits.

For image processing, feature extraction techniques include edge detection, texture

analysis, and color-based methods. Some features related to images are:-

Gray-scale features: It is useful in situations where color information is not relevant
or important for the task at hand such as text recognition (OCR) reading text from an

image and edge detection detecting boundaries or edges in an image.

Edge Features: It can be useful for certain image processing tasks that involve detect-

ing and analyzing edges or boundaries in an image like Object detection, Motion detec-
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tion, Image segmentation, Medical imaging and Optical character recognition(OCR).
Edge features can be used to identify variations in pixel intensity and to detect sharp
transitions between regions in the image. It can be effective in situations where the goal
is to perform simple image processing operations, such as edge detection or boundary
extraction. Edge features can also be useful in situations where the image data is rela-

tively simple and the edges are well-defined.

Histogram of Oriented Gradients (HOG): HOG is a feature descriptor that com-
putes histograms of directed gradients in specific areas of a picture to extract gradient
information. Computer vision tasks like object, face, and pedestrian detection, text clas-

sification, and optical character recognition (OCR) frequently use HOG.

Local Binary Patterns (LBP): Local Binary Patterns (LBP) is a widely used fea-
ture extraction method for analyzing texture information in images. LBP captures the
local structure of an image by comparing the gray values of a pixel to its surrounding
neighbors and encoding the result into a binary pattern. LBP features are often used
where there is limited data and in machine learning algorithms for various computer
vision tasks such as face recognition, texture analysis, and object recognition. LBP is
computationally efficient and can operate in real-time applications, such as surveillance

and tracking systems, where the processing speed is crucial.

Color-based features: Color-based features are a type of feature extraction tech-
nique that capture the color distribution and statistics of an image and also used for
image retrieval. These features are often used in computer vision applications such as
object recognition, image segmentation, and content-based image retrieval. It is com-

putationally efficient than CNNs and used where there is limited data.

Auto encoders:  Auto encoders can be used for feature extraction in scenarios where
the CNN architecture is too computationally expensive or where the amount of labeled
data is limited [28]. Feature extraction involves training an auto-encoder on an image

dataset in order to extract features that can be utilized in subsequent machine learning

16



Chapter 2 THEORETICAL BACKGROUND

models. Auto encoders are commonly employed in unsupervised learning tasks, where
the objective is to learn a compact representation of the input data, such as anomaly
detection, dimensionality reduction, picture denoising, compression, and the creation
of new data points. They can assist in removing noise and extracting essential charac-
teristics, which makes them especially helpful when the input data is noisy and high
dimensional. If the task requires supervised learning, such as image classification or
object detection, VGG 16 are the better choice. There are cases where both auto en-

coders and VGG 16 can be used together for feature extraction.

VGG-16 The designs of the VGG-N models are extremely similar; however, they dif-
fer in having N numbers of layers. The VGG-16 network architecture is one of the
most well-known CNN architectures. The Visual Geometry Group at the University of
Oxford first proposed for use in image classification[38]. In the 2014 ILSVRC compe-
tition, the VGG group at the University of Oxford achieved incredible outcomes using

this network structure.

2.7 Features Fusion Techniques

Fusion is a vital aspect as it outputs the multi-modal features by combining the vi-
sual features and text features. Some of the fusion techniques include element wise
multiplication, bilinear pooling, concatenation, attention-based pooling, compositional
approach, Bayesian-based methods, Element wise multiplication and concatenation are
used when both features are of the same dimension and bilinear pooling is used when
the dimensions are different. Feature fusion is the processes of constructing a joint vec-
tor representation from multiple modalities to perform a classification task. Exploring
hateful memes detection involves vision and language tasks. To do that deep learning
model such as CNN and RNN will trained jointly to learn a a joint vector representation
from aligned multi-modal data [22]. A typical task in multimodal visual and textual
analysis is to learn an alignment between feature spaces.

To constructing a joint representation of feature vectors, we need to have feature fusion

techniques. Feature fusion techniques broadly divided into three types.
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Figure 2.2: Simple Fusion (picture credit ([2]))

Feature-level fusion (i.e. early fusion): - To make a choice in early fusion, the out-
put vectors from the learners of each modality are combined. Initially, each modality’s
directly extracted low-level features will be fused before being categorized. It provides
an abundance of information from various sources[3].A single, significant representa-
tion that can result from this fusion process can be predicted.This fusion process can

generate a single large representation that can lead to prediction. Categorizing features

Tmad

Figure 2.3: Early fusion (picture credit ([3]))

extracted from different modalities and fused independently is called decision-level fu-
sion, often referred to as late fusion. With it, the final prediction scores from several
classifiers were merged. This may reduce the overall effectiveness of the integration
process since decisions are made independently by each modality.

The process of combining the multi-modal characteristics of early and late fusion before
making a choice is called hybrid fusion, also referred to as "intermediate fusion." When

combining the intermediate representations of various data streams spatially, the results
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Figure 2.4: Late fusions (picture credit ([3]))

typically have different scales and dimensions, which makes the merging process more

difficult. This is known as intermediate fusion.

2.8 OCR text extraction

Text on images can be machine-encoded using a tool called optical character recog-
nition (OCR). The written content may consist of handwritten text, numbers, traffic
signals, billboards, invoices, bank records, and signs. Text extraction can be accom-
plished in two steps: either by utilizing a single deep neural network model for both
text detection and identification, or by combining text detection and recognition into
one phase. Our approach uses an image for visual analysis and extracted text for textual
analysis as its two inputs. To process each meme independently, we need to employ
Tesseract-OCR to extract text from them.

Tessaract-OCR is an LSTM [6] network based OCR engine which helps in detection and
recognition of texts embedded in memes image. OCR systems may extract incomplete
or misspelled words from images, producing a large number of non-Amharic characters
and irrelevant symbols. Other factors that could contribute to this process include noise
in the image, the morphological complexity of the Amharic language, some scripts’
visual similarity, inconsistent character formation, strokes, and font variations.Rather
than manually correcting any incomplete or misspelled words in the extracted text from
the image [39, 40, 41], Adding an extra embedding layer with a fixed embedding for
simplicity allowed us to extract the required features using the built-in Fast-Text mod-

ule.
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2.9 Deep Learning Approaches

A subset of machine learning techniques called deep learning makes an effort to un-
derstand the layered model of inputs. It allows data representations with multiple ab-
straction levels to be learned by computational models made up of various processing
layers. Neural networks are used in deep learning techniques to automatically extract
multiple layers of features from the provided data. Various deep learning algorithms are
applied to transfer learning tasks, such as text classification and hateful meme detection.
A network’s internal workings require an interface in order to use transfer learning to
enhance a model. Users first feed new data with previously unidentified classifications
into the network that already exists. Once the network has been adjusted, new tasks can
be completed with improved classification abilities. Compared to other methods, this
one has the advantage of requiring significantly less data, which cuts down on compu-

tation time to minutes or hours.

2.9.1 CNN Model

CNNs are generally the preferred choice for feature extraction from images because
CNNss are specifically designed to processing images [38], with the advantages of built
on ImageNet dataset and resolves the disappearing gradient and inflating gradient is-
sues, performs better on additional datasets and tasks, and highlights the significance of
the deepest model in visual representation. It also excels sophisticated recognition tasks
using less detailed images. It is capable of carrying out increasingly difficult tasks and
demonstrating exceptional performance in a variety of applications, including visual
question answering [42, 19, 43] and hateful memes detection [23, 24, 21, 25, 26, 27]
and extract complex and descriptive features with any variations such as lighting condi-
tions, scale, and other factors in the image. They all start out as convolutional layers and
finish up as fully linked networks for classification. In order to minimize the size of the
activations along layers, they frequently also employ extra processes like max-pooling.
The activation is often flattened into a one-dimensional layer, known as a feature vec-

tor, after a few convolutional layers. This one-dimensional layer is then used for other
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tasks, such classification using any kind of model.

Compared to a conventional, fully linked network, these convolutions offer the benefit
of having many fewer parameters because they frequently run with small kernels. When
it comes to images or any other type of data containing exploitable spatial information,
they work particularly well. These networks are mostly known in different applications

such as image classification [4], image recognition [38]and face recognition [44].
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Figure 2.5: Architecture of Convolutional Neural Network ([4]))

Convolutional Layer: Convolutional Layer: The most significant component of the
CNN design is the convolutional layer. It is composed of many convolutional filters.
The input image, which is expressed as N-dimensional metrics, is convolved using these

filters to create the feature map that is output.

Activation Function (non-linearity) Mapping the input to the output is the basic
function of all activation functions in all varieties of neural networks. This involves
altering the input information in a nonlinear manner. The rectified linear unit activation
function, or ReLLU, is a piecewise linear function that outputs zero if the input is negative

and positive otherwise [45].

Pooling Layer: Pooling Layer: The main job of the pooling layer is to subsample the
feature maps. Convolutional operations are used to create these maps. Stated differ-
ently, this technique produces smaller feature maps by downsizing huge feature maps.
In addition, it maintains the majority of the salient features or data during the entire
pooling procedure. Similar to the convolutional procedure, the size of the kernel and

the stride are assigned before the pooling operation is performed. Diverse pooling ap-
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proaches can be employed by distinct pooling layers. Gated pooling, average pooling,
max pooling, global average pooling (GAP), and global max pooling are some of these

strategies.[4].

Fully Connected Layer: Fully Connected Layer: In most CNN architectures, this
layer is found at the very end. This layer employs the fully connected (FC) method, in
which each neuron in the layers above it is coupled to every other neuron. It performs
the role of CNN classifier. The FC layer receives its input from the final pooling or
convolutional layer. An input vector is created once the feature maps have been fattened.

The output of the FC layer represents the CNN’s ultimate output.

Figure 2.6: Architecture of Fully Connected Layer ([4]))

The convolutional neural network (CNN) accuracy is being continually increased with
the development of new techniques. VGG16 is one of the CNN architectures that shows
great accuracy and won the ILSVR in 2014[4]. The 16 in VGG16 refers to that it has 16
layers that have weight.it has been proved to provide relevant information of the image,

for ImageNet classification, and other tasks such as visual tracking.

2.9.2 RNN Model
When a recurrent neural network (RNN) is used, the output from the previous step is
used as the input for the current step. Conventional neural networks have independent

inputs and outputs; hence, they do not require past word recall when predicting a sen-
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Figure 2.7: Architecture of VGG-16 network ([5]))

tence’s next word. RNN was developed as a result, and it used a hidden layer to tackle
this issue. An RNN’s hidden state is that it uses the same job on all inputs, or hidden
layers, with the same parameters for each input in order to produce the output. This
means that the RNN maintains some information about a sequence, including its main
and most important feature. This reduces the parameter complexity compared to other
neural networks.
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Figure 2.8: Architecture of RNN (picture credit ([6]))
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Recurrent units, which are present in the hidden layer of an RNN, enable the algorithm
to process sequence data. It continuously shifts a concealed state from one time step
to the next and combines it with an input from the current one in order to do this. A
feedback loop within the cell is how RNNs achieve memory, and this is the primary
distinction between an RNN and a conventional neural network. Unlike feed-forward
neural networks, which only allow information to flow between layers, the feedback
loop permits information to flow within a layer. Then, RNNs need to specify what data
is pertinent enough to be stored in memory. Long-short-term memory recurrent neural
networks (LSTM), gated recurrent unit recurrent neural networks (GRU), and classic
recurrent neural networks (RNN) are the three different forms of RNN.

Long-term dependencies can be challenging for the network to learn in a standard RNN
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Figure 2.9: Architecture of RNN types (picture credit ([7]))

because it only has one hidden state that is transferred through time.An input gate, an
output gate, and a forget gate make up the gating mechanism utilized by the enhanced
recurrent neural network (RNN) design known as LSTM[6]. These gates help with
deciding which data from the previous state should be forgotten or kept in the current
state.

Therefore, the gating mechanism helps the LSTM solve the long-term information
preservation and vanishing gradient problem that traditional RNNs encounter [46]. The
input gate controls the data that is added to the memory cell. The forget gate controls
what data is removed from the memory cell. The output gate also controls the data that
is transmitted from the memory cell. This allows LSTM networks to selectively store
or discard information as it goes through the network in order to understand long-term
dependencies. Speech recognition and language translation are two tasks that heavily
rely on the capacity of long-term memory to manage sequential information and resolve
long-term dependency problems. For the activity at hand, longer-term context informa-
tion is required.

LSTM offers several advantages such as its ability to tackle complex sequence learning
tasks in speech and handwriting recognition; its function in optimizing the performance
of LSTM structures, including coupling inputs; and its capacity to simplify LSTM struc-
tures by removing forget gates, which reduces computational expenses and the number
of parameters without significantly impacting performance.

The highest measured interaction between hyper parameters is also relatively small.
[47]. In order to learn more intricate patterns from sequential data, LSTMs are stacked

to produce deep LSTM networks. These networks are then combined with other neural
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Figure 2.10: Architecture of LSTM (picture credited ([6]))

network designs, such as convolutional neural networks (CNNs) for image captioning

[17]and VQA [42, 19, 43].
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Chapter 3
Literature Review

3.1 Introduction

This section covers the research, journals, and papers that have been done to identify
hateful content in textual, visual, and multi-modal data in general, and for the Amharic
language in particular. Our review also focuses on research and discussion in the field

of multi-modal problems, including methods or techniques and their accomplishments.

3.2 Unimodal Hateful meme Detection

Multimodal, textual, and visual data are all built together on social media platforms.
Hate speech detection methods that are unimodal in nature can only take into account
textual, visual, or other unimodal data. On the other hand, multi-modal hate speech
detection combine multiple unimodal data. There has been a lot of work in recent
years on detecting hate speech [32, 48, 37, 33, 34, 49] and natural language processing.
Several text datasets have been released, mostly based on face book and various archi-
tectures have been proposed for classifiers. Almost all proposed hate speech detection
approaches could be lexicon-based, machine learning and deep learning.

The lexicon-based approach to hate speech identification relies on the use of pre-existing
lexicons or keywords. To improve the identification accuracy of hate speech, the author
in [32] enriches the original dataset with textual emotional information and employs
lexical baselines. Using the semantic and subjectivity features for hate speech classifi-
cation along with a feed-to-classifier model that employs sentiment analysis techniques,
the work of [29] investigates the idea of developing a classifier that is used to detect the
presence of hate speech in online discourses such as web forums and blogs. Hate speech
is categorized into three thematic areas: race, nationality, and religion. The words of a
statement are compared to definitions found in dictionaries to ascertain whether or not

they contain hate.
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Subjectivity and semantic aspects of hate speech were considered in the creation of a
lexicon that is used to construct a classifier for hate speech identification. Results em-
ploying a hatred corpus show great relevance for actual online conversation. Similarly
the work in [30] use dictionary which contains the information about the polarity of each
word done by incorporating an offensive lexicon composed of implicit and explicit of-
fensive and swearing expressions that annotated with binary classes for European and
Brazilian Portuguese. The study in [3 1] also use a dictionary-based approach to classify
racism and not racism in the Dutch language, through 6,375 data sets for train and test;
they trained multiple Support Vector Machines, using the distribution of words over the
different categories in the dictionaries as features.

To solve the limitation of traditional hate speech detection approaches with respect to
the ever increasing volume of social media data, and it becomes difficult to collect,
store and analyze through traditional detection methods, researchers find alternatives.
The use of an Apache spark open-source application model [33] was on of technique
with the benefit of suitability on big data and it includes module for feature selection
and machine learning. The work in [33] uses random Forest (RF) and Naive Bayes
(NB) for learning and Word2Vec, and TF-IDF for feature selection. The finding shows
that word2vec embedding can outperform the best with 79.83% accuracy. However,
expanding the classification category with different aspects of hate and including other
sources, therefore, increase the information gain to improve performance of the model.
Research work [34] has been done to determine which algorithms for machine learn-
ing and feature extraction methods work best together to create an Amharic detection
model. The dataset collected from Facebook public page are manually annotated into
three classes, and then transformed into a binary class in order to construct binary and
ternary datasets, and an experimental strategy was used to ascertain the optimal con-
figuration of the machine learning algorithm and feature extraction for models.Using
word unigram, bigram, trigram, combined n-grams, TF-IDF, and combined n-grams
weighted by TF-IDF and word2vec for both datasets, the SVM, NB, and RF models

are trained on the entire dataset. For both binary and ternary models, the SVM plus
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word2vec models outperform the NB and RF models by a small margin.The classifi-
cation performance result indicates that ternary models outperform binary models in
terms of achieving less confusion between hatred and non-hate. The performance of bi-
nary class detection models is generally inferior than that of hate speech detection using
machine learning and text feature extraction techniques based on a multi-class dataset.
In addition to this the work in [47] has been done to determine the optimal fusion
between the notion of sentiment analysis and the machine-learning algorithm, features
extraction models, and current comparative studies. Applying the Word2Vec based
SVM classifier to a sample of four classes yields good accuracy (0.72). Since deep
learning models were introduced and demonstrated their capacity to manage long-term
dependencies, many researchers have turned to them to address the issue of vanishing
gradients that sometimes arises during the training of standard RNNs.

Computers can now learn and carry out tasks that are inherently human thanks to a
sort of machine learning called deep learning. They can be learned in supervised, un-
supervised, or semi-supervised ways, just like machine learning algorithms. Because
deep learning models rely on neural network classifiers with extensive knowledge, they
perform exceptionally well in analytics related to text and tasks that detect hate speech
now days.

It makes an actual effort to recognize patterns in the text that is given and aims to
replicate the event in layers of neurons. The optimal neural network algorithm, its
hyper-parameters, and feature representation methods determine how well deep learn-
ing models perform. Some other works such as [48, 37, 49] are also done through deep
learning algorithms with a textual dataset and can achieved remarkable results. The
work [37] studies the significance of sub-word and context information for Amharic
hate speech identification on social media platforms. It does this by using deep recur-
rent neural networks to extract the context of the social media comment and quick text

word embedding to extract the sub-word information..

The findings demonstrate that, in comparison to using the word2vec feature, the pre-
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cision of hate speech detection in Amharic was increased from 81.58% to 84.78% by
utilizing a feature like Fast Text that can record sub-word information. Additionally,
that incorporating context information also improves the accuracy of hate speech de-
tection system than using just the target comments. The work[4&] had done by using
huge labeled Amharic dataset by collecting posts and comments from the selected Face-
book pages of activists that participated actively. These Facebook data sets have been
manually classified as free and hateful. Deep neural network models for automated
hate speech identification are built in this research using Long Short Term Memory
(LSTM) and Gated Recurrent Unit (GRU) with word n-grams for feature extraction
and word2vec to represent each unique word by vector representation. In order to train
the model and determine the ideal combination of hyper-parameters for automated hate
post detection, experiments are carried out on those two models, using 80% of the data
set for training and 10% for validation. As a result, LSTM based RNN achieves better
accuracy of detect posts as hateful or free.

Works like [49] also done to see the advantage of deep learning over traditional tech-
niques.Here, word2vec embedding is used to build fresh Amharic hate speech datasets
from Facebook and Twitter social media that are divided into four classes as a feature
extraction technique for deep learning models. Using the Word2vec embedding feature
and the embedding layer to automatically generate features, CNN, LSTM, Bi-LSTM,
GRU, and combined CNN-LSTM models were trained on the entire dataset. The mod-
els were then evaluated using an 80-20 train-test split. A slightly higher F1-score of
90% is achieved by the BILSTM-based word2vec model compared to the other models,

while an F1-score of 89% is achieved by the CNN classifier.
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3.3 Multi-modal Hateful Meme Classification

Social media users have been gravitating toward multimodal data in recent times due
to the appeal of sharing ideas, knowledge, and opinions about specific topics, issues,
events, or products while maintaining the interest of their audience. Similarly, hate-
mongers use this new development to take advantage of the strategies and tools that
researchers have created to identify hate speech. Many studies have been done to use
text datasets for natural language processing and to assess hate speech on social media.
Few studies in recent years have examined multi-modal information for identifying hate
speech, in contrast to text-based analysis.

Language and vision impairments have become well-known in recent years. There has
been a surge of interest in multimodal problems since 2015 such as cyber bullying in
photo sharing networks[ | 8], visual question answering (VQA) [19], memes sentimen-
tal analysis [50, 51], and recently hateful meme detection [3, 24, 21, 20, 25, 26, 27].
However studies in [52, 18] have shown that textual features that combined with im-
age can significantly improve the image classification task. Unfortunately, they are
still lagging on multimodal problems like visual question answering and hateful memes
classification. The work [52] also done on multi-modal classification combined textual
embedding and image features with an emphasis on natural language understanding
to increase classification accuracy through the use of related metadata. Compared to
benchmark results, there is a 1.56% improvement. Therefore, it is possible to enhance
image classification through the use of external text features.

Another work in [ 18] also done to examine how posted photos with captions are used to
identify instances of bullying in reaction to shared content. In order to do this, more than
3000 photos and user-generated comments from Instagram are used. A convolutional
neural network that has been trained on image pixels and themes extracted from image
captions are two of the novel features that are used. Finding out how helpful these
innovative features are at identifying cyberbullying in comments that have been posted
is the goal. Similarly the work in [52] created a multi-modal dataset by introducing a

dataset of Instagram photos paired with captions.
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To comprehend the meaning, context, and semantics of each of the 1.3K Instagram
posts, an annotation utilizing three orthogonal taxonomies are applied. The work in
[50] also done to analyze sentiment in memes using VGG19, a language model that has
been pre-trained on ImageNet datasets, to learn the combined visual and textual features
to the OCR-extracted text in order to generate predictions. The proposed approach
performs better than the baseline multi-modal and independent uni-modals based on
either text or images. Similarly work [51] also done to categorize memes using textual
features—extracted through optical character recognition (OCR)—and visual features.
Memes are cultural units of style and information that spread among social media users
with minor alterations. These features are then used to classify memes as negative,
positive, and neutral. Hate speech on social media has been extensively studied.

Only a few articles have included both imagine and text modes, which is unexpected
given a lack of study on multimodal hate speech. A multimodal visual-linguistic prob-
lem is hateful meme detection [27]. The research works like[3, 24, 21, 20, 25, 26, 27]
has been conducted to analysis the problem of hateful meme detection by considering
the joint features of textual features and visual features.

The work in [3] has been done by using torch vision model to extract visual features and
fast text to extract the textual features from the meme and concatenate them to form a
multimodal hateful meme detector. The work in [25] carried out to examine the impact
of combining text and image embedding information. Various approaches, such as basic
concatenation, bilinear transformation, attention, and gated summation, were used, and
the results demonstrated how quickly performance could be improved by combining
text and image embedding information. The author in [24] proposed an approach to
identify hateful memes on the internet by taking into account both integrated use of
textual and visual data. The suggested method attains an accuracy of 0.765 on the
challenge test set and an AUROC of 0.811 on the test set. However, since most multi-
modal baselines benefit the hate speechmore than one another modality, the uni-modal
priors present a significant classification challenge in multi-modal hate speech detection

approaches.
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In order to address these issues, it has been decided to include the uni-modal sentiment
to enrich the features rather than relying solely on multi-modal representations derived
from neural networks that have already been trained [21]. The work in [20] has been
done by preparing biggest hate speech datasets, composed of multimodal data, formed
by image and text and trained different textual, visual and multimodal models to ex-
plore how every one of the inputs contributes to the classification and to prove that the
proposed model can learn concurrences between visual and textual data useful to im-
prove the hate speech classification results on multimodal data and despite the fact that
images are useful for hate speech detection; the multimodal models do not outperform
the textual models.

On the other hand, work in [26] compiled a dataset of 5,020 memes to evaluate and
train the proposed modal over the individual or combined language and visual repre-
sentations. The findings show that language in memes can be considerably less infor-
mative for identifying hate speech than visual modalities. This work involves assump-
tions about the reasonableness of the computing cost of encoding the retrieved text and
performing optical character recognition (OCR). Study[27] has been achieved by com-
bining created visual features, object tags, and text features of memes that are retrieved
using optical character recognition (OCR) technology with a Vision-Language. The
model can attain an average accuracy of 0.684 and an AUROC of 0.768 once it has
been modified and linked to the classifier.

When it comes to fusion-based methods, several of them have employed various strate-
gies based on early, late, and hybrid fusing of multimodal characteristics from text and
images. [24, 20, 26]. Most of these VL features are extracted from unimodal pre-
trained models such as: BERT [27], VisualBERT [21] for the linguistic features, and
VGG-16 [26], CNN [20] and ResNet-50 [52] for the visual features. On the other hand,
alternative strategies have chosen to employ multimodal models that have already been
trained, utilizing joint multimodal information (text and image) [52, 25], since their
training takes into account both modalities (text and image) concurrently, allowing for

a better alignment between them, the latter have demonstrated superior performance in
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the detection of hateful multimodal[24, 25].

To extract text from image Google Vision API Text Detection module [20] and Tesseract
4.0.0 OCR [26] can be employed. Generally hateful meme detection is in infancy stage
especially for under resourced language such Amharic. There different research works
which conducted to Amharic language they use text as datasets for their study. Using
Ambharic memes is new and exponentially growing trend. Unlike the previous works on
Amharic hate speech detection Amharic hateful meme detection is complex task as it
required being deeper and complex approaches. In addition to this unlike to resourceful
languages such as English, Amharic is morphological complex and have high similarity
between characters this by itself another challenge to use extracted texts from memes

image.
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Proposed Approach

4.1 Introduction
In this section, we describe proposed methodology architecture for Amharic hateful
memes detection; the proposed approach includes seven basic processes. Each step in

the proposed approach is mentioned in detailed below.

[ Data collection ]

L ]

Data annotation

v

Data preprocessing

v

OCE text extraction

v

Textual features extraction Visual features extraction

t )
|

Joint features

v

Neural Network Development

v

Ewvaluaton

Figure 4.1: Overall structure of Proposed Methodology.

4.2 Data Collection

The first and most important step in developing the detection of hateful memes in

Ambharic is data collection, which includes gathering user-generated content from social
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media platforms like Facebook, Twitter, Telegram, and others. Therefore, we manually

gathered 6590 memes from Facebook and Telegram for our experiment.

Total number of memes | Hateful Memes | Non-hateful Memes

6590 3322 3268

Table 4.1: Collected datasets

4.3 Data Annotation

Data annotation is a process of labeling any type of data with in different class. Beside
data collection, data annotation is one of the most important elements for the devel-
opment of hateful meme detection. There isn’t any standardized annotated data for
Ambharic hateful meme detection because the field of hateful meme detection is still in
its infancy. Memes in Amharic can be found on various social media sites, but nobody
utilizes them or labels them properly for instruction. Our methodology is based on two
core components: text retrieved from memes for textual analysis and images for visual
analysis. Every meme that is associated with a class needs to be labeled in order for our
meme-modal to be trained. Making ready labeled meme datasets is therefore one of the
most important responsibilities. In this study, five individuals annotated the collected
material into two categories: hate and non-hate, reflecting a diversity of genders, races,

and religious beliefs.

4.4 Data Pre-processing

Image preprocessing is quite useful and major step to improve the quality of images
to analyze more effectively. It allows eliminating unwanted distortions and improving
specific qualities that are essential for the application we are working on. We do some
preprocessing activities to feed memes image to our models such as image scaling,
noise removal and normalization. To maximize the quality of images to OCR system,

the following image preprocessing steps are done for our study.
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Noise Reduction: Noise in an image can be caused by various factors such as low
light, sensor noise, and compression artifacts. Noise reduction techniques aim to re-

move noise from the image while preserving its essential features [28].

Normalization: is an essential preprocessing step that helps to segment the text from
the background and increase the contrast between the characters and the background[82].
It transforms the input image into a binary format that enhances the visibility of the

characters and makes them more easily recognized by the OCR system.

Image resize: Image resize in deep learning refers to the process of changing the size
of an image [53]. This is done in order to ensure that the image is a suitable size for the
deep learning model being used, while maintaining the integrity of the images original

content and it helps to improve the quality and consistency of data.

4.5 Jointed features

Our classification model takes meme as input, analysis and extracts the visual and tex-
tual features. The output vectors from the two separate modalities are combined using
concatenation techniques specifically early fusion method with the advantages of better
task accomplishment [54] by utilizing the correlation between multiple features from
different modalities at an early stage, provides a richness of information from heteroge-
neous data [3], and requires only one learning phase on the combined feature vector to

obtain the required meme feature representations.

Memes image

[ |

Textual features Visual features

\ J
|

Jointed features

Figure 4.2: Jointed features

36



Chapter 4 PROPOSED APPROACH

4.6 Neural Network Model Development

In this step we create deep neural network combination of LSTM and VGG 16 ap-
proaches. These are an improved version of the recurrent neural network and convo-
lution neural network respectively. It is capable of tackling a variety of problems and

providing robust solutions with combination of one another in different visual-linguistic

tasks, such as visual question answering[42, 19, 43], image captioning[5].
OCR Word Textual
Text [ Embedding |~ features |
(LSTMD

Visual features (VGG-16)

Figure 4.3: Memes Classification Model

4.6.1 Image text extraction

Our model works on two features, one is image for visual analysis and the other is
extracted-text form image for textual analysis. To extract texts from the memes we
used tesseract-OCR. Tessaract-OCR is an LSTM [6] network based OCR engine which

helps in detection and recognition of texts embedded in memes image.

4.6.2 Text Feature Extraction

As word input representations, the OCR-extracted text is represented using word em-
bedding [ ], an advanced method that has demonstrated exceptional performance across
a range of tasks. The Amharic language’s morphological complexity, the noise sur-
rounding the meme image, the visual resemblance of the script, the inconsistent letter
formation, the stroke, and the font variation could all lead to the OCR system extract-
ing words that are incorrect or incomplete from the image. Instead of editing the text
by hand to include missing or incorrect words, the received text data [39, 40, 41], By

adding an extra embedding layer, whose embedding is kept fixed for simplicity, we
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were able to extract the required features using the built-in fast-text library. One word
embedding technology called Fast-text is utilized for word representation. Numerous
natural language processing applications, including sentiment analysis, have seen suc-
cessful application of the method [46]. In the word embedding model, a fixed number
of dimensions can help to permit more efficient computations to better reflect restricted
content in short texts. Long- and short-term dependencies in sequential data have been
successfully captured by LSTM, a unique kind of deep neural network[6]. The word
sequence is fed into the LSTM after each word is represented by a corresponding vector
that was trained by the word embedding model. Next, brief texts’ long-term word de-
pendencies are trained into LSTM classifiers. The word embedding model encodes the
text, and the LSTM, trained for hostile meme categorization, retrieves the most relevant

information for this job.

4.6.3 Visual Feature Extraction

Since CNNs are made expressly to process images and carry out more complicated
operations like segmentation, object identification, and image classification, they are
typically the best option for extracting features from images. Convolutional layers make
up this system, which uses features in the input space to be automatically identified. We
used the VGG-16 architecture, which is family of CNN, pre-trained on the ImageNet
classification dataset [4]. Then we used the activations of a hidden layer as feature
vectors for the image, which has been proved to provide relevant information of the
image, not only for ImageNet classification, but it can also be used for other tasks such

as visual tracking.

4.6.4 Fusion
Concatenation is used to combine the features obtained from the textual and visual
models. A one-dimensional prediction output from the concatenation layer is sent to

the fully connected layer.
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4.6.5 Fully Connected Layer
At the end, the single joint vectors from the concatenation layer are fed to the fully

connected layer, which classifies the memes as hateful or non-hate.

4.7 Model Evaluation

After classification has finished, the performance of the classifier is evaluated using
different performance metrics like recall, precision, F score and accuracy. Training and
validation losses and accuracy are used for choosing appropriate epoch number to avoid
occurrence of over fitting. The learning ability of different deep neural learning models
trained on the Amharic hateful meme datasets was investigated and evaluated. The
datasets gathered from various social media platforms would be fed into the proposed
models, as well as various performance evaluation metrics selected for models.

TP (True Positive): The number of occurrences that are hateful and correctly predicted
as hateful. FP (False hateful): The number of instances that are non-hate but are in-
correctly predicted as hateful. FN (False Negative): The number of instances that are
hateful but are incorrectly predicted as non-hate. TN (True Negative): The number in-

stances those are non-hate and truly predicted as non-hate.

4.7.1 Precision
It is the percentage of the number of items labeled as a particular desired class, true

positives (TP) to a total number of items labeled as that class.

TP
Precision = ———— “4.1)
TP+FP

4.7.2 Recall

It is the total number of true positives distributed by total number of items that are

known to belong to that class.

TP
Recall = ———— “4.2)
TP+FN
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4.7.3 F-score
The F-score is a metric used to evaluate the performance of a Machine Learning model.

It combines precision and recall into a single score.

2Rp

R+ p (4.3)

F —score =

F-score is a better and well-known measure to use if we need a balance between preci-

sion and Recall.

4.7.4 Accuracy
The additional performance measure of a model is accuracy. Accuracy measures how

much accurately the model learns to classify the data.

Accuracy = IP+IN 4.4)
YT TPFTN+FP+FN '
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Chapter 5
Experiments and Results

5.1 Introduction

In order to answer our research questions, we investigated the impact of using Amharic
memes as features for automatic Amharic hate speech detection. We ran an exploratory
experiment to compare the hate speech classifier performance of a labeled memes. To
evaluate the effect of incorporating labeled memes, we used the labeled memes, as an
input for CNN-LSTM. These experiments answer RQ1. Can Amharic hateful meme
be used to enhance Ambharic hateful meme detection on social media?. The second
group of experiments aims to identify the contribution of each modal within Amharic
hateful meme detection process. These experiments are conducted to see each modality

contribution within Amharic hateful meme detection?

5.2 Development Tools and Packages
We use many development tools in this research. These are Tensor flow deep learning
library, Keras deep learning library, Scikit learn machine learning library, OCR engine

and python with Anaconda navigator.

Python: A programming language has been used for preprocessing the data and de-
velops the model. We used Keras to construct and train the designed neural network
model through the Tensor flow backend engine. Hence, Tensor Flow is an end-to-end
platform that makes it easy for building and deploys deep learning models, used as a

backend for Keras API.

Tesseract -OCR: ALSTM network based OCR engine, which helps in detection and
recognition of texts embedded in an image. Tesseract -OCR extracts the embedded
texts from the meme dataset and store the text in a comma separated value files for

further operations.
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A panda: An open-source library that provides high performance, easy to use data
structure and data analysis tools for python programming language. A panda is used to

read CSV files and perform different operations on the CSV files.

Keras : a library for developing deep neural networks in python that can run using
TensorFlow as a back-end to process’s data, to create, evaluate, optimize, fit and test a

model.

Tensor Flow: is an end-to-end open-source platform that has flexible tools and re-
sources for machine learning. Many states of the art NLP applications are developed
using TensorFlow as a back-end. Popular organizations like Google, Intel, and others
also use TensorFlow to develop systems. Generally, for doing all tasks we used Jupyter
Notebook which is a web-based interactive computing notebook environment for edit

and run python codes.

5.3 Experimental Setup
We use one personal computer for all experiments. Table 5.1 below shows the hardware

and software specification of the machine used in all experiments.

Manufacturer Intel Core 15-4300U

Model HP ProBook

Processor IntelCore 15-3320MCPU 2.60GHz,2601 MHz

Memory 8 GB

Operating System Ubuntu 20.04 LTS

Table 5.1: Material requirement for experimental setup

5.4 Data set description
The table 5.2 shown the dataset with the label of class. we created meme datasets
written in Amharic language, which contain 6590 memes data that labeled into two

classes as hate and non-hate.
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Class Number of memes

hateful 3322
Non-hate 3268
total 6590

Table 5.2: Class distribution of meme datasets

5.5 Data Splitting

One of the most important phases in creating and evaluating a neural network classifier
model is data splitting. In this stage, 90% of the annotated data are used for training

and 10% are used to test the neural network.

5.6 Evaluation Metrics

A popular method of assessing machine-learning models is to compare the model’s
anticipated outputs with human-labeled data. A model’s performance can be assessed
using a variety of assessment metrics, including F score, accuracy, precision, and recall.
Following classification, the classifier’s performance is assessed using various perfor-

mance metrics, including accuracy, recall, precision, and F score.

5.7 Model Configuration

To create hateful meme detection models, we need to configure the deep learning net-
work parameters in addition to the hardware and software tools and their requirements.
In order to choosing the ideal parameters that the learning algorithm will use to discover
the ideal parameters that accurately map the input features to the labels or targets is the
process of training a model. The dropout number is employed to choose the suitable
era. Over-fitting happens when a model learns training datasets too thoroughly, and it
is crucial to identify this phenomenon in neural networks during training. About the
training data that needs to be remembered, it produces noise. It cannot, therefore, fore-
cast an output for an input that has never been observed before. A model is said to be

over-fit when it fits the training set too closely.
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Under-fit refers to a model that is unable to accurately represent the training set or
extrapolate to novel data. When a machine learning model performs poorly on training
data, it is under-fit and will be readily apparent. Smaller datasets are more likely than

larger datasets to exhibit under-fitting.
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Figure 5.1: Training vs validation accuracy
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Figure 5.2: Training vs validation loss

The graph shows that the model’s training accuracy rises and its validation accuracy
falls as it is trained past epoch eight. We can conclude that the model is over-fitted as

a result, and to see the impact of this, we will set our epoch number to eight. When
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both training and validation loss simultaneously decreases. However, at some point
of time validation loss increases while training loss decreases. When both training
and validation accuracy starts increasing and at some point when validation accuracy
increases over training accuracy. This is one of the conditions to say the model is over

fitted.

5.8 Results and Discussions
We compare our model with the uni modal based on textual and multi modal (visual and

textual) baseline techniques for a thorough assessment of Amharic meme detection.

5.8.1 Contribution of each Modality to Amharic Hateful Meme De-

tection
One of the interesting aspect of the Amharic hateful meme detection is to measure and
analyze how much does each modality contribute to the overall of solving the problem.
In this part, we examine how Amharic Hateful Meme Detection model performs within
the contribution of each Modality. We used the image version of text terms datasets
for hateful meme detection and we didn’t change the class polarity on the datasets to
show the contribution of each modality. Our findings suggest that visual signals are
significantly more important than linguistic ones in the identification of hostile memes.
The reason for the better performance of the vision-only model compared to the text-
only model could be a discrepancy in capacity for encoding data from datasets and there
may be a visual bias in the datasets. Since, it benefits from the CNN’s ability on the
way to extract features with image. CNNs might have convolving filters over each input
layer to generate the best features form visual than text generate form OCR, and it has
been proven that CNN is a powerful tool for selecting feats for visual. Memes frequently
contain heavily distorted, highly compressed images, this could have an impact on the

accuracy of OCR detection and, consequently, language encoding.
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Figure 5.3: Performance of Contribution of textual and visual features to Amharic hate-
ful memes classifier.

Therefore, it will be crucial to enhance the textual model and the text’s contribution

to the multi-modal model.

5.8.2 Effect of using Memes for Amharic Hateful Meme Detection
In order to answer the research question, we use Amharic memes as features to the
combined Visual Geometric Group (VGG-16) and Long Short-Term Memory (LSTM)
model using 6590 data size. To answering RQ1: Can Amharic hateful meme be used to
enhance Amharic hateful meme detection on social media?. The input for the Amharic
hateful meme detection classifier is combination of textual and visual features. The
6590 memes collection has been divided into test, validation, and training datasets.
Data statistics are displayed in table 5.2. A model combining the two targeted modal-
ities has been implemented using early fusion method. The outcomes of the meme
categorization results are displayed in figure 5.4. The maximum precision in the cruel
classification of hateful meme offered by the meme shows its ability to recover the hate-
ful memes. However, the precision of 1.6 indicates that a large number of memes are

correctly classified as hateful.
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Figure 5.4: Performance of CNN-LSTM hateful memes classifier using combination of
textual and visual features

It returns better results for memes in this domain. Figure 5.4 demonstrates that when
text and image features are taken into account, the meme model based classifier per-
forms better in terms of f-score 78.9%. The outcome in a balanced F1-score that pre-
serves the propensity to increase precision without decreasing recall. A fascinating
feature regarding the multi-modal classifiers is displayed in figure 5.4. Using the com-
bined power of several classifiers, an ensemble model might be constructed to detect
hateful content. In the meantime, we have seen the impact of optimizer, learning rate,
dropout, and activation function for the meme-model classifier after determining the
model. In the end, 0.001 learning rate, 8 batch size, Adam optimizer, 0.25 dropout, and
softmax activation register 75.94% accuracy for the text model and 77.89% accuracy
for the meme model. In most cases, we used a social media meme for this work, but
a variety of memes from many domains can be used to eliminate the biases brought
about by the use of a certain domain. Fusing the text and image features for meme rep-
resentations might be more efficient. Since hostile material is difficult to express, more
training data will help us better understand the abstract properties that underlie hateful

content recognition.
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The latest papers combine these two distinct modes to address not only the gap between
two feature extractor mechanisms, but also the challenge of integrating the noisy nature
of OCR extracted text data due to its importance into a supervised learning framework
for the task of Amharic hateful meme detection. This fact might have an impact on the
level of language encoding and OCR recognition quality. Therefore, in order to create
the word vector representation, the learning algorithm will need to create words from
the vocabulary. We use the built-in fast-text library to combine the extracted text with

the embedding layer in order to extract the necessary features.

performance (%)
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Figure 5.5: Performance of CNN-LSTM hateful memes classifier with the integration
of word embedding.

As can be seen from the results in figure 5.5 above, Amharic texts now have the feature
of word embedding based on similarity. Additionally, the experiments demonstrate that
when identifying hateful memes, memes with word embeddings are far more signifi-
cant than meme model. Although multi modal approach yields the best results, word
embedding gain is achieved through integration. In order to store the morphological
information in the embedding space, we employed the automatic feature extractor for
word embedding, which slides on a word’s variable n-gram character. From the figure
5.5, it is quite clear that the meme model with the integration of word embedding per-

formed better (around 2.9%) on F-score than the meme modal.

48



Chapter 6
Conclusions and Future Works

6.1 Conclusion

We aimed to demonstrate how the addition of textual and visual elements to the classi-
fier for hate speech classification impacts the development of an improved hateful meme
detection system for Amharic. In this work, we used OCR text based on the Amharic
language to generate memes and neural embedding to capture the morphology and se-
mantics of specific words in a given challenge. The use of neural embedding of text
contains as a feature for automatic extraction from OCR and a hate speech detection
classifier that combines textual and visual features has a good. We describe the out-
come of a model that combines convolution with recurrent neural networks. This model
performs well because it takes advantage of CNN’s feature extraction capabilities. On
the other hand, long-term analysis of the text’s directional dependencies, both past and
present, is distinctive of LSTM. In conclusion, the experiments conducted demonstrate
that the performance of Amharic Hateful Meme detection is positively impacted by the
combination of textual, visual, and embedding elements in Amharic hate speech detec-

tion.

6.2 Recommendation
The studies we have conducted on public opinion participation in hate speech identifica-
tion have some limitations. Our findings also presented the following problems, which

could be useful for guiding future study.

1. It would be very helpful to look closely at how combining text with related audio

and video could improve the analysis of hate speech identification performances.

2. It would be quite helpful to thoroughly examine the effects of the textual align-

ment with horizontal and vertical.
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3. For more difficult tasks, enormous amounts of labeled data as well as fresh un-
labeled datasets are needed, particularly for morphological complex languages

with memory-efficient models that require less resources.

4. It is necessary to develop further hybrid and ensemble ways to increase perfor-

mance.
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Figure 6.1: Examples of Amharic memes
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