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Abstract: Interest in multi-modal issues has increased recently, from image captioning to addressing visual questions and beyond.
Online hate speech is a huge social problem nowadays, harming both individuals and society. One new kind of hostile communication,
known as a "hateful meme," has arisen among them. Hate speech affects how minorities are viewed by society, even though it is not
always connected to hate crimes Despite hate crimes being a public health problem, hate speech is not one in the United States.
Identifying hate speech as a public health concern degrades the effects on victims and downplays hate crimes, while clearly recognizing
hate speech as such downplays the act and calls for action, such as the creation of new rules or the allocation of resources to assist
victims. So, hate speech identification with optimized way helps in international cooperation. Hateful memes were constructed with both
text captions and images to reflect users' intentions; therefore, it is impossible to identify them with precision by only looking at the
embedded text captions or photos. Identifying hate speech in multimodal memes is the new challenge set for multimodal categorization
proposed in this work. Due to the addition of challenging cases to the dataset, it is difficult to rely on unimodal signals and only
multimodal models may be successful. With the help of an effective feature selection technique, a grasshopper optimization algorithm
GOA, and a transfer learning model VGG16, we concentrated on the identification of hate speech in multi-modal memes in this study.
We attempt to resolve the Facebook Meme Challenge, a problem of binary classification that asks if a meme is hateful or not. We also
include the feature selection optimization approach in addition to the multi-modal representations derived from the pre-trained model.
Our model (GOA+VGGL16) outperformed the other baseline models in a public test set by achieving an accuracy of 87 percent on the
hateful meme identification task after using optimization algorithms and the VGG16 model and linking to a random forest (RF)
classifier.
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1. Introduction because more data producing more features has a
detrimental impact on the effectiveness of the previous
approaches. Because of this, preprocessing data and the
creation of effective algorithms for information extraction
are required to separate vital features from non-essential
ones in today's datasets. Preprocessing the data is as
important for effective machine learning as modelling the
data. These datasets are commonly preprocessed for two
purposes: (1) to reduce the size of the dataset for more
effective analysis, and (2) to customize the dataset to best
suit the selected analysis method. These contributions from
data preprocessing aid in feature selection, enhancing the
efficiency of ML algorithms. Therefore, it becomes
increasingly important to compress datasets methodically
as their quantity and variety increase. The majority of
research publications appear to have concentrated on a
specific methodology centered around feature selection
methods or preprocessing strategies based entirely on
optimization algorithms for numerical data [3]. Despite the
extensive study of various strategies provided in these
works, they frequently fall short of offering a more
adaptable strategy for addressing both generalized
procedures and feature selection methods, which are both
important components of data preprocessing. By providing
a thorough comparative examination of the results obtained
by four distinct machine learning models when used with

This As social media is becoming more popular in today’s
lives, users are sharing their views via various modalities
like text, images, Audios, Videos and Emoji’s. Due to the
tremendous active number of users, hate and trolling
becomes a part of one’s personality. Hate is defined as one
of the strong feelings of not liking someone or a group of
people, may resulting in inciting violence. This thinking
has drastically impacted society. Hate speech is not a
public health concern in the United States, despite hate
crimes being one [27]. The social media platforms have
surged forward to find practical and effective solutions that
can help in real time predictions. Majorly and most
common social media platforms like Facebook, Instagram,
Twitter, WhatsApp, YouTube etc. have their certain
standards for avoiding some objectionable contents to
some extent [1]. The objective of machine learning is to
analyze enormous volumes of data every day and aims to
keep the algorithms and the growth of the data in sync.
When creating an ML model, a variety of criteria are taken
into account, one of which is the quantity of input
characteristics that have a major impact on the system's
performance [2]. The amount of information produced
nowadays combined with the input features present
researchers with a significant and interesting challenge
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and without an optimization technique, this paper seeks to
close the gap.

The first illustration in Fig. 1 shows a caption that is non-
hateful whereas the image and caption together convey a
hateful message. In the second example, it is shown how
the meme denigrates a minority by criticizing religion. The
indications in the image, particularly the attire of the
figures, make this obvious. The third example involves
shaming supporters of Hillary, the Democratic candidate
for president in the 2016 U.S. election, and the last one
effectively expresses animosity against a particular religion
by excluding people from the country.

Multimodal datasets including photos and captions are
employed in this study activity to further our
understanding of the topic at hand. Therefore, we
examined databases of nasty memes. An area of Natural
Language Processing (NLP) called "hate content analysis"
deals with the automatic recognition and classification of
subjective information in text data, which is frequently
phrased as "hate,” and "no hate." Hate speech, on the other
hand, refers to any type of speech that disparages or
disparages an individual or a group based on that
individual's or that group's race, religion, ethnicity, sexual
orientation, or other identities [4]. In many nations, it is not
protected by rules governing freedom of expression
because it is regarded as destructive and unpleasant. To
ascertain the writer's emotional tone or viewpoint, this
process entails analyzing the text data.

The strength of the proposed architecture is its ability to
make the search process optimized in exploration and
exploitation phase, thereby improving the model’s
performances. Results from experiments validate the
suggested model. The followings are the work's primary
contributions:

e We presented a novel twofold branch architecture
in which the vision branch uses VGG-16
architecture and caption branch contains
grasshopper optimization technique for making
the search process optimized.

e We conduct in-depth analysis and experiments
Hateful Memes [5] dataset, beating the existing
state-of-the-art.

The remainder of this paper is divided into the following
sections. Textual, visual, and multimodal features are taken
into consideration in Section 2's description of related
research in this area. The proposed work and the
optimization algorithm are described in Section 3 and
Section 4 respectively, and dataset description is described
in Section 5. Section 6 covers the result and experimental
analysis. The paper concludes with additional
recommendations for future research, which are discussed
in section 7 and Section 8 respectively.

My wives
fighting for
their rights

Me planning
for my 3rd
marriage

ey | fucack raghead

Fig 1. Examples of hateful memes [5][25][26]
2. RELATED WORK

We divide the relevant work into three subsections and
present them as follows: The related work on Textual
Aspect and Visual Aspect are covered in section 2.1 and
section 2.2, respectively. The related research on
Multimodal Aspect is covered in sub section 2.3.

2.1. Textual Aspect

A natural language processing application analyses and
extracts the emotions from text. Sentiment analysis, hate
speech detection, emotion detection, and sarcasm detection
are just a few of the many uses. Since the number of users
and their opinions are growing daily, hate speech
identification is the research area that concerns researchers
the most. The fundamental difficulty in detecting hate
speech is highlighted in [6], where the authors state
unequivocally that there is no accepted definition of hate
speech, making detection particularly difficult. The study
linked to the identification of hate speech on the English
language specifically is extensively resourced in ([7], [8],
[9]). The work in this paper is mostly focused on the
English language. Binary text classification is the main
technique for detecting hate speech [10]. Today's study
also includes methods for identifying many types of hatred,
including radicalization ([11], [12]), terrorism-related
([13], [14]), cyberbullying ([15], [16]), discrimination
based on religion [17], racism, and sexism . The ultimate
choice regarding the class can be determined by adding the
results of the pre-decision. [18] demonstrates how
conventional features gleaned from news articles
outperform earlier models created utilizing text embedding
techniques. The majority of online publications in this
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topic are only available as text, and the majority of the
work has been done in English [6]. The procedure is
complicated and time-consuming because traditional
machine learning methods rely on feature engineering [18].
Various standard learning, deep learning, and fuzzy logic
classifiers are used in the performance analysis measured
in [19] for the purpose of detecting hate speech,
demonstrating the remarkable performance of fuzzy
classifiers.

2.2. Visual Aspect

Deep learning models are used because of the enormous
rise in data across many modalities. Deep learning
techniques are used to automatically extract information
from memes that include both text and graphics. Much of
the research done so far depends on object recognition
simply using photos. Due to its advantage of processing
image pixels, CNN is extensively used in machine vision
jobs. It has also been recognized that during the training
phase, error gradients in deep networks or recurrent neural
networks can accumulate and produce very large gradients.
A bidirectional long- and short-term memory (Bi-LSTM)
neural network fed with the CNN features is used to study
the advantages of effectively avoiding gradient explosion.
Convolution Neural Networks (CNNs) models are the most
popular in image-based hate content detection because they
are the best at spotting objectionable material such as
nudity ([20], [21], [22]), appropriate or inappropriate
images for children, offensive or non-compliant logos, and
pornographic web pages [21]

2.3. Multimodal Aspect

Up to now, the work in this area has concentrated on
unimodal characteristics, that is, either text or image
separately. Today, online memes are the most popular type
of information on social media platforms, and they create
text-accompanied images. In SemEval2020 [10], a
common job on the analysis of emotions was already
accessible. There are incredibly few datasets available in
this area. Prior to working with multimodal data, the
algorithms' dependability and robustness should be
considered. [5] created a popular Facebook challenge
dataset for hostile memes in May 2020, and after the
annotation procedure, the dataset had a human accuracy
score of 84.70%. [23] implemented multi-scale visual
kernel and distil Bert on hateful memes dataset, giving the
accuracy and AUC scores with 87.50% and 83.83%
respectively. For the prediction of hate material, all the
numerous methodologies discussed above have considered
various machine learning and deep learning techniques.
The study before it shows that there aren't many publicly
accessible datasets and studies that have discussed hate
memes. As a result, this is a brand-new field with a huge
unresolved issue. Our proposed approach, as noted in
section 3, is innovative since, to the best of our knowledge,

no study has previously used bio-inspired algorithm like
grasshopper optimization.

3. PURPOSED ARCHITECTURE

lultimodal Input

Imaee Branch

Y
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A
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Optimization
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Fig 2a: Proposed Architecture with ML models

Our input dataset contains both image and text as
explained in figure 2a. The resulting caption means text
part was encoded using the pre-trained VGG16 model,
which has a dimension of 768. The VGG model,
commonly known as VGGNet is referred to as VGG16. It
is a 16-layer convolution neural network (CNN) model. In
ImageNet, a dataset that contains more than 14 million
training photos over 1000 item classes, the VGG16 model
can reach a test accuracy of 92.7%. One of the best entries
in the ILSVRC competition. VGG16 enhances Alex Net by
substituting sequences of smaller 33 filters for the big
filters. For the first convolutional layer in Alex Net, the
kernel size is 11, while for the second layer, it is 5, We are
working with a text dataset on the opposite branch. To
prepare the dataset, we removed special characters,
changed the font size to lower case, and eliminated stop
words. Then, using a statistical feature extraction method
called TF-IDF, we put it into practice. Inverse Document
Frequency and Term Frequency are the two statistical
techniques used by TF-IDF. The phrase "term frequency"
refers to the total number of times a certain term (t)
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appears in the text (doc) in comparison to the total number
of words in the text. The amount of information a word
delivers is gauged by its inverse document frequency. The
critical step came next when we extracted the feature using
the grasshopper optimization technique. Grasshopper
optimization algorithm GOA is a population-based
algorithm and a meta-heuristics algorithm. Cross-validate
five times to obtain a more reliable accuracy estimate. The
two results are then combined and sent via five different
classifier MLP classifier, Decision Tree DT, Naive Bayes
NB, DNN, Random Forest RF, MLP. A class called
Decision Tree Classifier may do multi-class classification
on a dataset. Naive Bayes is a straightforward method for
building classifiers. These models assign class labels to
problem cases, which are represented as vectors of feature
values, and the class labels are chosen from a finite set. To
do classification on related, unlabelled data, the DNN
command creates a feedforward multilayer neural network
that is trained with a collection of labelled data. The most
fundamental style of neural network architecture is the
multilayer perceptron (MLP). No single ML method
outperformed all others, according to numerous research.
Therefore, it is necessary to compare different ML
algorithms to determine which one performs the best on
the provided dataset. Using a random forest classifier, we
achieved the best results.

On the same dataset we also applied deep learning model
and its explanation is mentioned in figure 2b. In this data
flow diagram, we explain how we split our input dataset
and then also applied GOA grasshopper optimization
algorithm to optimize the feature we selected. Finally, we
applied three deep learning models i.e. CNN, resent and
Dense net to find their accuracy, precision, Recall and f-
measure

4. Optimization Algorithm

Practically every area, from engineering to economics,
makes use of optimization. Because there is a limited
amount of time and resources, it is crucial to make the
most of what is available. Most optimizations in the real
world are extremely non-linear and multimodal while also
being subject to a variety of challenging constraints.
Figures 3a and 3b explain how the feature selection
process for the grasshopper optimization algorithm works.
We are employing the Grasshopper optimization algorithm
in this paper since it produces superior results. The use of
GOA in our suggested architecture is explained here.

= e |
[

|

Figure 2b: Purposed Architecture with DL model
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Fig 3a: Grasshopper's feature selection optimization
technique

4.1. First-time setup

Provide the feature matrix A, the goal vector B, the
number of iterations Num iterations, and the population
size to initialize the algorithm, produce a starting
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population of binary vectors, where each one represents a
potential subset of features. Whether a feature is selected
(True) or not (False) is indicated by each binary value
construction,

4.1.1. Loop for Grasshopper Optimization

From 1 to Num iterations, for each iteration, Utilize the
Fitnessl function to determine the fitness value for each
binary vector in the population. This function applies
cross-validation and SVM training to assess the quality of
the chosen feature, Use the Update Population function to
update the population. In this step, the most suitable people
(binary vectors) are chosen, and new individuals are
produced via cloning with some modification.

Algorithm 1 Grasshopper Algorithm for Feature Selection
1: Input: features, classlabels, maxIterations, stepSize
2 Output: selectedFeatures

3 oldbest = 0.50

i grasshopper Positions = randi([0, 1], numFeatures, 1)

% for iteration = 1 to mazlterations do

& Compute fitness values using calculate Fitness
Update grasshopper Positions randomly
Identify the best grasshopper based on fitness
Update bestGrasshopper

10:  Store fitness values in allitr fitness

11:  for i = 1 to numFeatures do

12 if rand() < 0.5 then

13 Update grasshopper Positions(i) positively
14 else

15 Update grasshopper Positions(i) negatively
16 end if

17:  end for

Compute new fitness values using calculateFitness

if bestFitness > oldbest then
Update optimalSolution with bestGlobalGrasshopper
2 Update oldbest with bestFitness

1
19:  Identify best global solution
x
2

2 end if

24 end for

25 Select final features based on optimalSolution
%: selectedFeatures = optimalSolution > 0.5

Fig 3b: Grasshopper optimization Algorithm.
4.1.2. Fitness function

Create a grid of parameters for the SVM classifier. For the
Support Vector Machine, this grid comprises various
iterations of the hyperparameters (C, kernel, and gamma),
Develop a classifier using SVM, use cross-validation and a
grid search to identify the best set of hyper parameters that
produces the maximum accuracy, Provide the grid search
result with the highest cross-validated accuracy possible.

4.1.3. Update on Population function

To find the population’s fittest members, sort the fitness
values in descending order, a brand-new population array
Perform the following operations for each person (binary
vector) in the sorted list of people: Include the person in
the new population possible, create a clone of the person
and carry out a mutation procedure Flip the value for each
feature of the individual with a low probability (0.05 in this
case) by selecting it if it is not currently selected or vice
versa This introduces diversity and randomness into the

population. Incorporate the mutant populace.to the fresh
population, Replicate the fresh populace,

4.1.4. The Best Grasshopper picks

Choose the binary vector (feature subset) from the final
population with the best fitness (accuracy) when all
iterations are finished,

4.1.5. Bring Back Particular Features

Provide the feature subset that corresponds to the top
grasshopper (binary vector) discovered through the
optimization procedure.

5. Dataset Description

Facebook Al made a data set available to identify the
multimodal hate messages spread through internet memes.
a set of around 10,000 PNG pictures that have been further
divided into training and testing files. Three annotators
who are binary labels each review a different portion of the
collection. The meme photos themselves and string
representations of the text in the image are the features in
this collection. The dataset includes five distinct meme
types[24]. Every image in both the training and validation
sets has an annotation of either 1 or 0, which stands for the
classes for harmful and benign memes, respectively.

6. Results and Experiment Analysis

Three publicly accessible datasets that are especially
related to hate or offensive content were used in our
experimentation. Most of the photographs in these
databases include textual and visual information that imply
different things, which is the first problem we discovered.
The second problem has to do with how different image
channels are sized. By using the grasshopper optimization
algorithm for feature selection on a text data set and fusing
that output with an image dataset's output from a pretrained
VGG16 model, we may obtain the findings in table 1.

TABLE 1: Results obtained after applied Grasshopper
Optimization Algorithm

Precisio Recal Accurac
Model n | measur
e

DT 85% 85% 84% 85%
'E\;';‘)'/‘;i 75% 86% 85% 86%
Rando

m 88% 87% 82% 87%
Forest

MLP 79% 85% 81% 85%
DNN 75% 86% 83% 86%

Recall, f-measure, precision, and accuracy were attained
by our intended architecture, VGG16 +GOA, as shown in
Figures 4,5,6,7. By dividing the number of positive
samples that were correctly identified as positive by the
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total number of positive samples, recall—also known as
sensitivity—is determined. It evaluates a model's capacity
to identify positives; the higher the recall, the greater the
number of positives identified. You must first decide what
defines a "positive" sample before you can calculate recall.
This will provide you with a precise assessment of the
efficiency with which

0.88

Accuracy

0.86 I
oss I I [] I
Mave Random  MLP DM

Bayes Forest

Fig 4:Accuracy for Purposed Architecture

your algorithm identified positives out of all potential
positives. We accurately predicted 87% of the positive
classes with RF model.The highest recall level is desirable.
The statistic used to assess the effectiveness of a machine
learning model is the F-score, also known as the F1 score
or F-measure. A single score is created by integrating
recall and precision. Identifying all instances of positivity
in the data is assessed by precision, whereas recall
quantifies the accuracy of making positive predictions.
When precision and recall must be balanced in machine
learning, the F-score is frequently utilized, and it is
especially helpful when the positive class is uncommon.

0.88 Recall
[] I I
004 - -
Naive Random
Bayes Forest

Fig 5: Recall for Purposed Architecture

The percentage of valid predictions in a dataset divided by
the total number of predictions made is known as the
classification accuracy. A predictive model's performance
can be better understood by looking at the confusion
matrix, which also reveals which classes are properly and
mistakenly predicted as well as the kind of errors that are
being made. The true positives and false negatives phrases
are used to define the precision and recall metrics in terms
of the cells in the confusion matrix. So, utilizing these
performance metrics, we simply investigate the assessment
of our intended model. We used optimization techniques
on the text dataset because it contained a lot of features.
These features were then minified, and we chose the
features that would improve the model's accuracy. To add
to that, we also used the VGG16 pretrained model, where
transfer learning was used. | couldn't locate any papers
where someone had employed an optimization algorithm to

identify hate speech. We saw a significant boost in
accuracy—a 20% increase.

0.9
Precision
0.8
O | 7 I I
0.6
Naive Random MLP DNN
Bayes Forest

Figure 6: Precision for purposed Architecture

Next here we are showing the result we applied Deep
learning model on same dataset with same optimization
algorithm in table 1, accuracy is 85% and precision is 92 %
and recall and F-measure both are 91% using CNN model.
Out of three models we observed the best result using
CNN and this performance is increased due to this
optimization algorithm. In figure 7 and 8 showing ROC
curve

TABLE 1a: Model Performance

Accuracy % Precision % Recall % F-measure

CNN 85 92 91 91

Dense Net 79 84 91 87

RestNet 81 86 90 88
ROC Curve

0.8 4

0.6 1

True Positive Rate

0.4 4

0.2 1

—— Grasshopper + CNN
Grasshopper + ResNet
— Grasshopper + DenseNet

0.0

0.0 0.2 0.4 0.6 0.8
False Positive Rate

10

Fig 8: ROC curve

Here, we compare the effectiveness of our intended model
to an existing model on the hateful meme dataset. Because
the features inside the master features vector are
represented as continuous data points, which make it
challenging to discover the optimum threshold values
needed to build a decision tree, the DT performed less well
at predicting hate speech. Lack of training data is the cause
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of the MLP classifier's subpar performance. When we
combined the Random Forest method with the
Grasshopper Optimization technique, our maximum
accuracy rate was 87%, On a multimodal dataset, the
outcomes following the application of GOA were assessed,
and a considerable improvement for the ML models of
around 19% was noted. The best accuracy we got using
CNN deep learning model i.e.85%

TABLE 2: Performance comparison

Architecture Accuracy
Visual Bert Coco 61%
Image captioning+visual Bert 68%

Text sentiment+visual sentiment +visuall66%

BERT

VGG16+GOA(Purposed Architecture using87%
ML model)

GOA (Purposed Architecture using DL model)[85%

7. Future Work

The results of any experiment are significantly influenced
by the processing of text data using feature selection and
feature extraction. In this study, we demonstrated how to
use GOA for the best feature selection on datasets that
included both textual and visual data. Five separate
machine learning models perform much better thanks to
the methodology, proving it is superior to alternative
methods. After evaluating the dataset and utilizing various
approaches, we have identified a few topics that require
more investigation in this area. As other photo captioning
models create better captions, the model's ability to
identify innocent text confounders will also advance,
increasing classification accuracy. Fusion plays a
significant part in this endeavour; hence we intend to
investigate other concatenation methods using attention
mechanisms, transformers, etc. As this study conducts the
experiment on the 10K amount of dataset due to the
restricted computer resources, the results can be improved
by adding additional data. Additionally, our study can be
expanded by examining related additional extensions
methodologies.

8. Conclusion

The adversarial cases in the dataset for the Hateful Memes
Challenge can be found using our method. Although both
Image Captioning using pretrained model and optimization
using Grasshopper algorithm show a positive advancement
over the baseline models revealed by the Facebook
Challenge, the greatest outcomes are produced by
combining  feature  selection using  optimization
algorithm and Image captioning.
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