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Abstract—Several studies produced sophisticated models for
sentiment analysis of textual data, and many others tackled
feature extraction from images. However, far fewer studies focus
on the multimodal representation of data, namely the information
that consists of multiple channels. In this work, we focus on the
classification problem of multimodal data. Memes comprise a
visual image and a textual caption. This work is dedicated to
classifying hateful memes and this work proposes two approaches
to solve the multimodal classification problem. First, converting
the visual channel into a textual one and feed it to textual
classifiers. The other approach, which yielded superior results,
converted both channels into a vector representation and then
combined them to represent the visual-textual context. This work
is a consequence of the Facebook Hateful Memes challenge.
The model developed in this work managed to rank 32 among
3172 competitors in the challenge. The model is implemented
with no domain knowledge or understanding of hate speech.
This model performed well in the Facebook Hateful Memes
challenge dataset and a novel dataset that we created to prove
the consistency of generic models over other models that are
structured according to domain knowledge. In contrast to the top
solution in the Facebook Memes Challenge, this work provides a
generic approach, without hard-coding rules ahead of training or
validation, that is able to learn the hatefulness definition from any
dataset. A novel dataset that comprises hateful memes retrieved
randomly from the web is described in this work, which is used
as another dataset to test approaches generality.

Index Terms—Machine Learning, Facebook Hateful Memes
Challenge, AI, Artificial Intelligence, Deep Learning, LSTM,
SBert, Multimodal, Classification

I. INTRODUCTION

Humour has evolved following the considerable expansion
of the internet. A meme, which stems from the Greek word
mimema, meaning imitated, describes a humorous image ex-
changed between people. According to Newman et al. [1],
the attention span of people has decreased following the
technological revolution, boosting memes’ popularity. A web
surfer would prefer to see a meme rather than reading an article
or watch the news. We can view memes as viral particles that
are unable to be contain after an outbreak. Memes can be
duplicated and replicated on the fly; there are even automated
engines to spread memes on social media. Stopping such
actions is expensive because we would need to hire millions
of people to monitor the internet. The need for automating the
detection of hateful memes becomes more urgent as memes
supporting radical movements are growing exponentially.

A meme’s structure usually includes a picture and a text.
This hybrid structure makes processing and extracting infor-
mation difficult since it adds another layer of complexity to the
data. Classification of memes brings two classic problems to
light. The first problem is image captioning which describes an
image. The second problem is the classification of the textual
information along with the data extracted from the image. The
first problem is the hardest due to the limitation of popular
datasets and the complexity of the field. It is hard because a
picture can represent anything, and it is impossible to compile
a dataset that contains every possible object or person. The
objective is that given a meme, decision can be made as to
whether it promotes hate speech toward a specific group of
people or an individual. This work explains how deep learning
can interpret visual and textual information for hate speech
detection for memes. This paper is structured as follows:
The second sections presents an overview on the related
works about classification of multimodal data and the winning
solution in the Facebook Hateful Memes challenge. The third
section provides a context on understanding hate speech and
the distinction from free speech. The fourth section presents
two approaches to solve the multimodal classification problem.
It introduces the creation of a novel dataset for the purpose of
testing the ability of approaches to learn from different data.
The fifth section showcases examples of hateful and benign
memes as well as results of the implemented approaches on
two different datasets. Machine Learning models that do not
rely on pre-written rules for classification perform worse than
general models that rely solely on the data.

II. RELATED WORK

Memes comprise a strict structure, and the amount of
information in the visual and textual parts is low [2]. Recent
attempts to acquire domain knowledge in memes classification
and clustering proved difficult because memes span human
knowledge. Memes that contain technical or science knowl-
edge are popular, i.e. those memes ridicule the differences
between programming languages. Semantic analysis of textual
tweets proved to be complex [3] because of having a tremen-
dous amount of tweets irrelevant to the task at hand. For ex-
ample, multiple tweets are formal and informative. Therefore
sentiment analysis problem over restaurant reviews would not



benefit from such tweets. Datasets for informative and good-
quality memes are scarce, making the research difficult due
to the lack of resources. Multimodality has been a focus of
multiple works, and certain methods try to solve the problem
such as fusion and pre-training. Section A describes related
works on the aforementioned methods. Section B focuses on
approaches that are directly applicable in the domain of memes
classification. Section C describes the recent Hateful memes
challenge solution.

A. Fusion and Pre-Training: Approaching Multimodality

Baltrusaitis et al. [4] categorize the Visual-Linguistic (VL)
multimodal fusion into three categories: early fusion, late
fusion, and hybrid fusion. Early fusion combines the features
of all the modes upon extraction. Late fusion combines the
results for each mode [5]. Lastly, hybrid fusion fuse accumu-
lates the results from individual unimodal predictors and early
fusion. The pre-training comprises unimodally pre-trained and
multimodally pre-trained. A unimodally pre-trained language
and vision model combined with different fusion types is
called a unimodally pre-trained multimodal [6].

B. State-of-the-art on Memes Classification

One of the classic tasks for VL multimodal exploration
is to comprehend the correlation between multimodal feature
spaces. A Convolutional Neural Network (CNN) and a Recur-
rent Neural Network (RNN), when trained together, learn a
composite embedding space from combined multimodal VL
data. This architecture is specifically common when viewing
the literature on image captioning [7]–[9]. Visual Question An-
swering (VQA) merges both VL modalities to infer the correct
answer rather than learning a mapping between spaces. Deli-
cate Correlation Modelling [10] between image and question
representation is required for the aforementioned problem. In
hateful memes, we need similar accurate correlation modelling
between visual and textual data to find a suitable mapping
to both VL modalities and finally make a decision as to the
classification. Recently, the focus diverged to cross-modality
by multimodal pre-training approaches like Visualbert [11],
and UNITER [12]. These approaches performed well on many
recent approaches on multiple VL multimodal datasets such
as VQA [10], Visual Commonsense Reasoning (VCR) [13],
NLVR [14], Flickr30K [15], and many more.

Feature engineering domains influenced researchers to
develop various techniques and classifiers. Traditional ap-
proaches in feature engineering consist of N-grams, BOW,
POS, TF-IDF, CBOW, word2vec, and text features. These
conventional techniques were extensively employed for hate
speech detection and sentiment analysis in general. Some of
the most recent and standard algorithms is Support Vector
Machines (SVM), Random Forest, Decision Tree, Logistic
regression, and Naive Bayes [16]. In contrast to different
problems in Natural Language Processing (NLP), hate speech
is subject to geographical, religious, and cultural backgrounds.
Hate speech evolves with time, as well as a hierarchy in

society. These implications can affect the view on a particular
type of speech, whether it is hateful or not [17].

C. Facebook Hateful Memes Challenge

The following is a breakdown of the structure of the winning
solution in the Facebook Hateful Memes Challenge.

1) Caption the image via Visual-BERT: First, a caption of
the image is extracted using a pre-trained UNITER model.
The captions are fed to a pre-trained ERNIE-ViL [18] model
to create a knowledge graph. A knowledge graph is a graph
that links objects with relations. For instance, “A girl is riding
a horse”. The information in the knowledge graph will be as
follows:
• “girl” : object detected by the model
• “horse” : object detected by the model
• “is riding” : is a relation between two objects.
• “on top of” : is a relation extracted from the picture with

no relation to the captioning text.
Keywords (objects) from ERNIE-ViL model are combined

with race tags that are obtained from using a pre-trained
FairFace [19] Classifier and web entities results from google
cloud vision models. Each entity or identification is paired
with a segment of the image. VL-Bert [20] is used to combine
each entity with its accompanied component to produce a
vector representation of the meme. The author then uses K-
means clustering to cluster memes based on racism, sexism,
etc. Similarity model is then used to classify memes.

III. DEFINING HATE SPEECH

This section contains: A) A summary description of the
literary work on hate speech, B) A definition of hatefulness,
which is used in the creation of the novel dataset used in this
work, C) A context of how speech hatefulness varies with
time and place, and D) A proposed distinction between free
and hateful speech.

A. Related work on hate speech

Literary work on the definition of hate speech is scarce
and not standardized. An early form of censoring hate speech
on the world web is to have a blocklist of words where any
text containing these words would be banned. This method
is effective against concise hateful text (flames). Razavi et al.
[21] looked into flames and produced a three-stage classifier.
Their primary method is to use a dictionary of 2700 black-
listed words to detect flames. Flames usually comprise a
short text, usually as a comment in a group chat, and it is
different from the kind of texts in memes [21]. Definitions
vary between researchers, Warner and Hirschberg [22] reduce
the problem of hate speech classification into hateful and non-
hateful. However, Malmasi and Zampieri [23] follow a differ-
ent approach where they categorize any type of speech into
three categories: hateful, offensive, and non-hateful. Warner
and Hirschberg [22] debunk the obsolete keyword-based hate
speech detection algorithms. They differentiate between sen-
tences that have a potential hateful or insensitive word and
those that carry a hateful meaning. Words such as the N-word



are usually flagged as inappropriate. In some conditions, some
communities reclaimed such words. If the individual belongs
to such a community, the word must not be deemed a sign
of hatefulness. Other reclamation examples contain “queer”,
“nerd” and “nigga” [22].

B. What is Hatefulness?

A speech is deemed hateful when a significant number of
people find it so. Since it is hard to draw a line between
what is hateful and what is not, we think this is the best
definition so far that can be good enough for any time period.
This is the definition of hatefulness used in this work. This
logic stems from the judiciary system, where the action is
considered a crime when the majority of the jury thinks it is.
The laws of each country vary according to the major religion,
ethnic background, economic status, historical background,
and political landscape. For instance, the thumbs-up sign is
deemed benign in most western cultures. However, in some
middle-eastern cultures, such as Iran, it represents the western
middle finger sign and is viewed as highly offensive. The
hatefulness of an action or a certain text depends on the
culture, society, community and the individual. Some people
find certain speech hateful while others do not. We argue
that if most people think of a specific type of speech as
hateful, it is hateful. It is impossible to create a dataset where
the annotators are a representative sample of the population.
Different population clusters have a different definition of hate
speech according to multiple factors, including the country
or the ethnic identity. These different variations make the
problem of defining a universal understanding of hate speech
impossible.

A hateful word does not constitute a hateful tone of speech.
For example, “nigga” is a word that conveys solidarity in the
African American communities. We can see that the N-word
here does not represent hate speech since it is present in an
academic context and not pointed to attack anyone. It can
be argued that this example is hateful, and “N-word” can
replace the word “Nigga”. We think that such a context is
not considered hateful by the majority of the population. It
is imperative to point out that we cannot determine what the
majority of the population thinks ; therefore, in creating the
Innopolis Hateful Memes Dataset such speech is considered
benign.

C. Hate speech evolutionary nature

Christiansen et al. [24] found that languages go through
a natural selection process, and the main concepts of the
fitness of a word or an expression is its ease of pronunciation,
contextual complexity, ability to be understood by the majority
of the population. Mutations can be viewed in the lexical
domain where a particular word can point to a different
meaning and a word can be written or pronounced differently
by other populations. Languages can influence one another,
and a typical example is the influence of Arabic on the
Spanish language, i.e. Spanish was changed due to the Moorish
conquest [25]. A hateful sentence by modern-day standards

can be considered benign in the nineteenth century since the
historical consequences are crucial to provide a context to
that speech. For instance, a picture of the Nazi army with
a caption of “Ah shit, we did not turn on the gas” does not
make sense unless the historical context is widely available.
A great example of hate speech definition’s evolutionary state
is the Swastika. Swastika existed long before the Nazis as a
religious symbol of Buddhism temples [26].

D. Hate speech distinction from free speech

Word reclamation is a common defence mechanism. Herbert
and Cassie [27] argues that reclamation occurs when a group
of people reclaim a word and strip it of its hateful nature. One
famous example is the N-word, which has been reclaimed by
the disseminated populations, namely the African American
community in the United States. This word meaning evolved
to show group solidarity. In the U.S., many people consider
the N-word hateful when it comes out from a non-African
American. Since we cannot determine the identity of the meme
author, we will not consider it in our evaluation. In application,
online platforms cannot consider the user’s identity for many
reasons, including privacy, identity-check of the users and
different legislation between nations. These constraints affect
the system’s precision since reclaimed words can be taken out
of context, therefore, deemed hateful. The recall, which is the
fraction of true positives over true positives combined with
false negatives, preference over precision would ultimately
knock down free speech. The propagation of hate speech in so-
cial media is fast due to modern technological advancements,
and it would damage minorities inciting hateful behaviour
in individuals across virtual platforms. In reality, a person
spreading racist propaganda on the street can be stopped
by others speaking out to persuade the audience with the
malicious intent of the propaganda. However, that is not how it
works on social media where the author has access to tools of
the environment where they can delete comments that they do
not like or simply create fake users to simulate a Bandwagon
effect [28], where people fall under the peer pressure to believe
an untested hypothesis. In conclusion, achieving higher recalls
on the classification problem of detecting hate speech would
ultimately lead to higher false positives rates in free speech.
Constraints on the contextual basis for memes detection also
affect the false positives rate.

IV. METHODOLOGY

We examine the structure of the classification system as
well as the datasets that we used in this work. The sys-
tem implements two different approaches to solve the meme
classification problem using state-of-the-art image and textual
feature extractors.

A. Data Collection

1) Facebook hateful memes dataset: The data is provided
as a part of the Facebook Hateful Memes challenge [29].
However, other datasets are used to pre-train the models



needed in the pipeline. The images from facebook consist of
two channels:

• Visual: The image itself.
• Textual: The text extracted using state of the ocr.space

object character recognition system.

2) COCO dataset: COCO dataset is a diverse and large
dataset for the following purposes: object detection, segmen-
tation and captioning. The set has 330,000 images with over
a million captions supplied. There are five captions per image
and other features such as Superpixel stuff segmentation and
250,000 people with key points [30].

3) The Innopolis Hateful Memes dataset: Hateful memes
classification is a cutting-edge field. It is difficult to find huge
datasets regarding hateful memes due to the novelty of the
topic. That is why we decided to create our Innopolis Hateful
Memes Dataset, which contains 23,000 Memes from multiple
websites, including Memedriod, Twitter, and Duckduckgo.
The dataset can be freely downloaded here 1.

The dataset labelling is carried out as follows:

• Five independent annotators visualize the meme and
decide whether it is: 1- Hateful, 2- Not Hateful, 3- Not a
meme. If an image was labelled as non-meme, we omit
it from the dataset.

• The annotators were lectured extensively about what we
consider as hateful.

• Each image is considered hateful if three out of five
annotators classified the corresponding image as hateful.

• If an image is classified as “Non-meme” from at least
one annotator it is omitted out from the dataset.

• If a meme contains non English text in a way that it is not
understandable by non English speakers the annotators
will classify it as non-meme.

This dataset is used to train multiple models including state
of the art models and will be used in the following sections
to compare different models.

B. System Pipeline

We tried two different approaches to solve the problem:

• Visual attention and Textual Classifiers.
• Object detection and MultiModal Classifiers.

1) Visual Attention and Textual Classifiers: In 2015, a paper
by Vinyals et al. [31] proposed an approach to use the time
series models for images. These time series models, especially
Long Short Term Memory networks (LSTM), are used for
problems that input textual data. Usually, the text is tokenized
and embedded and then is fed into LSTMs in a token-at-a-time
fashion. The LSTM network memorizes the states of the past
iterations. LSTMs can be used in a multitude of applications. It
is used in image captioning, where the model is fed an image
and outputs a description of that image.

Their approach maximizes the probability of annotating the
image with the correct description.

1https://github.com/JafarBadour/Hateful-Memes-Classification

θ∗ = argmax
θ

∑
(I,S)

p(S|I; θ)

Where θ is the parameters for the model, S is the sequence
(e.g. caption), and I is the image fed into the network. S is a
caption where its length is unbounded. The chain rule is valid
to calculate the probability for the sequence given an image.

p(S|I) =
N∏
t=0

p(St|I, S0, ..., St−1)

Since calculating the product is infeasable it is possible to
get the logarithm of both sides of the equality. Getting the
following equation:

log(p(S|I)) =
N∑
t=0

log(p(St|I, S0, ..., St−1))

Training set consists of a collection of (S, I) pairs. Stochas-
tic gradient descent is used to maximize log(p(S|I))

It is common to model p(St|I, S0, ..., St−1) as a Recurrent
Neural Network (RNN), where all the states that represent
tokens from 0 to t − 1 are expressed by the hidden state of
memory ht. This hidden state is updated every iteration where
the model predicts the next token in the sequence. The new
token xt is fed into the model and the next hidden state is
calculated as follows:

ht+1 = f(ht, xt)

Where f is the LSTM network, which has shown great
performance on sequence tasks such as translation. Images
are fed into a sequence of Convolutional Neural Networks
(CNN) with batch normalization. The words are represented
with Glove embeddings [32].

The core of the LSTM model is the memory cell c, and this
cell captures the knowledge of the model. See figure 1.

There are components of the LSTM that control the be-
haviour of the memory cell called “gates.” These layers can
store either a value from the gated area of zero, depending on
whether the gate is one or zero.

In figure 1; The memory cell c is controlled by three gates.
Blue represents the recurrent connections. The m is the output
for the time iteration t− 1 is fed back to the memory at time
t via the three gates, and the cell value is fed back through
the “forget” gate. Both m at time t and predicted word at time
t− 1 are fed to the softmax layer for prediction purposes.
Training: multiple cells of LSTMs are stacked and fed the
same input. In the beginning, all the cells are fed the image,
then they are fed tokens of the output (predicted) sequence
one at a time (the output of the previous time iteration is fed
into each cell as well).
Inference: the image is fed in the beginning to the cells, and
then the previous predictions are provided one at a time. The
paper uses beam search which is to keep the best k sentences
at time t− 1 and then to predict for each of these inputs (the
corrections are fed back into the network, and therefore the



Fig. 1. LSTM: main architecture [31]

Fig. 2. LSTM [31]: Image is fed and then the tokens of the sentence are fed
subsequently.

network could predict multiple outputs). The best sentence is
S = argmaxS′ p(S′|I). The best sentence then is returned as
an output.

2) Feeding captions to a text classifier: We established the
image caption model as a good source for getting the infor-
mation from the image and create a sentence that represents
this information. The main idea for classifying hateful memes
is to combine the visual content and the textual content and
feed it to a textual classifier to understand whether the meme
is hateful or not.

3) LSTM for text classification: We used the Glove embed-
dings to represent the words in the tokens from each channel:
the textual channel and the caption from the visual channel.
Both are concatenated and then fed into an LSTM layer which
fed into another LSTM layer. Finally, the output is fed into a
fully connected layer with sigmoid activation.
We do not create embeddings for the words of both image
caption or the meme text. Instead, we import embeddings of
the Glove embeddings which are trained using huge models
on massive datasets. Mainly the purpose is to maximize the
probability of hatefulness of the meme.

p(C, T |hateful) = σ(f(f(emb(C + T ))))

where σ is the sigmoid activation, f is the LSTM net and emb
is the embedding relation.
The loss function we chose is the binary cross entropy

L(σ(C, T, θ), y) = ylog(σ(C, T, θ))+(1−y)log(1−σ(C, T, θ))

We find the best parameters for the classification model using:

θ∗ = argmin
θ

L(σ(C, T, θ), y)

It is crucial to note that using an LSTM rather than a
Bidirectional LSTM resulted in inferior results that is why we
chose to work with Bidirectional LSTMs. The main difference
is that the activation for each cell becomes bidirectional instead
of unidirectional. The input would be fed to the cell from left
to right and from right to left.

Fig. 3. An overview of the pipeline: First the meme is fed into the image
captioning model then the caption and the meme text are concatenated and
fed into a two layered bidirectional LSTMs which finally is fed into a fully
connected layer with a sigmoid activation.

4) Training in the system: The image captioning model and
the text classifier are trained independently:
• Image Captioning model: Is trained using datasets such

as COCO [30] and Flickr 30k [15] datasets. The training
process is as follows: randomly selecting an image and
one of its annotations and train on the pair image,
annotation.

• Textual classifier that comprises double bidirectional
LSTM layers uses two datasets: The Facebook Hateful
memes dataset [29] and the Innopolis Hateful Memes
dataset. The input is the output of the image captioning
model and the meme text, whereas the output is the
probability of hatefulness.

C. Object detection, MultiModal Classifiers

We used another approach. This system consists of:
• Segmentation model.
• Xception Model.



• Sentence to embedding model.
• Fully connected model and sigmoid.

Fig. 4. A high level overview of the classification system of the second
approach. It consists of 1) Segmentation model. 2) Xception Model. 3)
Sentence to embedding model. 4) Fully connected model and sigmoid.

In figure 4 each meme’s image is fed into a segmentation
model and then the biggest three objects are fed into an
Xception model for feature extraction. At the same time the
textual channel of the meme is fed into Sentence Bert model
and then all features from visual and textual channels are
concatenated and fed into a fully connected Neural network.
We used segmentation model based on Xception [33] aug-
mented pretrained model. According to He et al. [8] in their
publication: Deep Residual Learning for Image Recognition
where they found an intelligent way to train extremely deep
neural networks by introducing skip connections.

Fig. 5. A skip connection to provide the deeper layer with the sum of both
the output of the its previous layer and an output of a shallower layer [31]

The model is based on the Xception model. We use a similar
model for segmentation. However, we find the pixels that
triggered the activations and provide a segmentation on these
pixels.
The next step is to crop each connected component of pixels
and feed it to the Xception model for object detection. Then
the top 3 segmented images are fed into the pre-trained
Xception model. The output of Xception from the segmented
images and the original image are concatenated with each
other and the output of Sentence BERT (SBert) [34].

The main idea of SBert is to input two sentences that denote
the same meaning (paraphrased sentences). And SBert’s goal
is to find an embedding to each of these sentences such that
the cosine similarity is minimal as possible. Mainly inputting
u and v sentences, and the goal is to minimize.

L(u, v, θ) =
~f(u) · ~f(v)

|| ~f(u)||.|| ~f(v)||

Finally, this output is fed into a fully connected layer, first
with a Relu function and last with sigmoid activation. By
doing so, SBert manages to find embedding of a sentence. This
embedding is used in our system features of the sentence and
concatenated with the features of the image and the segmented
cropped images.

p(I, T |Hateful) = σ(Relu(Xc(I), Xc3(I), Sb(T )), θ)

Where Xc is the Xception net, Xc3 is a tensor that comprises
features of the top three segments by area, Sb is SBert net,
and θ is the parameters of the rest of the network.

Fig. 6. The architecture sentence Bert that utilizes pooling to create an
embedding space for phrases.

The features of the sentence are extracted using Sentence
Bert and concatenated to the results of the earlier features. The
textual and visual channels are split: The visual (the image) is
fed into the segmentation model to retrieve the top segmented
objects. These segmentations are split into different images.
The features of the segmented images and the original image
are concatenated in a long tensor. Then a few (three) fully
connected layer with a Relu activation gets the concatenated
results, and the final one has a sigmoid activation.

V. EVALUATION AND DISCUSSION

Evaluation occurred using the two datasets available for this
project. The Facebook hateful memes dataset and the dataset
we created “Innopolis Hateful Memes dataset”. In table
2, results of the Sbert + Multimodal Classification Model.
Table 3 contains the results of testing the model. Table 4 and
Table 5 represent the training and testing results for the Visual
Attention + Textual Classifier model.
A training iteration consists of:

1) Get a batch of images / image captions / text and load
it to memory.

2) Train the model for two epochs



A. Evaluation of models

The primary metrics used are Accuracy and Area Under
the Curve (AUC). The following table contains the results of
running four iterations of training over the dataset.

TABLE I
COMPARISON WITH TOP CHALLENGE SOLUTION

Model Dataset Acc Auc
Top Solution in FB challenge Fb 0.89 0.8827

SBERT+ Multimodal Classifier Fb 0.75 0.794
Visual Attention + Textual Classifier Fb 0.642 0.648

Top Solution in FB challenge Innopolis 0.735 0.8209
SBERT+ Multimodal Classifier Innopolis 0.722 0.8

Visual Attention + Textual Classifier Innopolis 0.648 0.64
The percentage of dataset for training is 80% for all approaches for each

dataset.

B. Examples

An example of a False Positive using the textual classifier in
the model “Visual Attention + Textual Classifier” in figure 7.
The image captioning model predicted a wrong caption which
made the textual classifier to predict as “hateful”. In figure 8,
the activations worked properly. In figures 8 and 7 below the
red highlight denote the probability that the model will classify
the meme as hateful whereas the blue highlight denotes the
probability that the model will classify the meme as benign.

In figure 7, the word red triggers a benign response despite
it is preceded by skull due to the bidirectional nature of
Bidirectional LSTM. It linked the adjective red to the cup
instead of skull.

Fig. 7. One example of a false positive meme.
Activations of LSTM on the right after each word. No skull appears but car
is detected. The word skull triggers the model to classify the image as hateful
whereas red, which is related to cup, triggers a benign response.

C. Discussion

1) SBERT+Multimodal outperforms VA+Text Classifier:
The image captioning model needs more training to be
able to capture better captions. The results of the “Vi-
sual Attention + Textual Classifier” model are inferior to
the “SBERT+Multimodal Classifier” model. Transforming the
meme into textual content is a complex task, and the discrete
nature of text increases the difficulty of training and negatively

Fig. 8. One example of a hateful meme and a true positive prediction.
Activations of LSTM on the right after each word

affects accuracy. However, using Sentence Bert to retrieve
a vectorized sentence representation combined with other
features extracted from the image provides the model with
a continuous data flow. It increases the general accuracy of
the Area Under Curve metric.

2) Facebook Hateful Memes Challenge Retrospect: The
Facebook Hateful Memes Challenge Dataset is over-sampled
with instances of racism, sexism, Islamophobia, etc. However,
the natural flow of memes online is different. The data col-
lected in the tables of the Innopolis Hateful Memes Dataset is
retrieved without oversampling from various websites that do
not censor hateful memes. In the winning solution, [35] in the
Facebook challenge. The author developed different classifiers
for different classes of hate speech and relied on the dataset’s
oversampling nature to significantly increase accuracy. The
solution still managed to outperform the top model provided
in this work, however, the accuracy and AUC gaps diminished
drastically. This is because of the added error of implicit bias
due to hard-coding different types of hate speech.

VI. CONCLUSION AND FUTURE WORK

This work provides proof that generic models that do not
consider the domain knowledge of the problem can perform as
well as crafted models structured after a deep understanding
of the domain. This work introduces a new dataset composed
of a randomized sampling of websites that are famous for
being meme-hubs. This dataset consists of well over 20,000
memes, with 13% of them being hateful. The dataset also
offers researchers more detailed information about each meme.
In contrast to the Facebook Hateful Memes dataset, our
dataset provides words bounding boxes in the image itself.
The newly collected dataset is crucial to test the hypothesis:
Models created to detect certain hate speech types perform
poorly when applied upon images randomly retrieved from
the internet. A few solutions of the winners in the contest
[35] used this mechanism of relying on detecting types of
hate-speech forcing implicit bias in their models.

Using segmentation to split the image into multiple im-
ages with lower complexity produced superior results over-



generalized image captioning and textual classifiers. This
is because the meme’s meaning is usually related to the
most visible object in the meme. It was extracting the most
salient objects that produced superior results. SBert provided
a vectorized format of the meme’s text. SBert helped make
satisfying results since we used the paraphrase encoding for
sentences. This is due to observing the meme’s life cycle,
where an individual meme can be replicated and have its text
paraphrased.

This work also provides a free software solution 2 that helps
to annotate images, as well as, software to collect images from
the web efficiently. The same link contains a description of the
novel dataset used in this work. It is highly recommended for
other researchers to use this dataset and propose feedback to
improve it.

Future work can expand multiple dimensions of this work.
The Innopolis Hateful Memes dataset can contain more sam-
ples and be labelled by more annotators. Sentence BERT
can be replaced by another model that encodes texts and
provides a vectorized text representation. The multimodal
classifier can take more objects and concatenate their Xception
representation before feeding them into fully connected layers.
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