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Abstract. Online disinformation efforts employ memes, a highly popu-
lar kind of content. They get the most success on social media platforms
due to their ability to easily access a large audience. As part of a disin-
formation campaign, memes use different types of rhetorical and psycho-
logical techniques, like slander, insulting grouping, and oversimplifying
causes, to get people to do what they want. This research explores the
complex field of the multilingual identification of persuasive strategies
in memes. Finding persuasion techniques used for sentiment analysis of
textual content in memes is the first part of the research. The second
part uses binary classification to see if there are persuasion techniques
in both the textual and visual parts of memes. The study uses a thor-
ough method to complete these subtasks, which are meant to help people
understand and find persuasive elements in memes that are written in
different languages.

Keywords: Sentiment Analysis, Transformer, Multimodals, BERT, VisualBERT, 
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1 Introduction

Memes constitute one of the most prevalent forms of content employed in on-
line disinformation campaigns. They are predominantly effective on social media 
platforms due to their ability to readily access a vast audience. Their primary 
objective is to sway consumers with various rhetorical and psychological strate-
gies, including causal oversimplification, name-calling, and disparagement. These 
approaches encompass the utilization of logical fallacies and the evocation of au-
dience emotions.

Logical fallacies are often challenging to detect, as the reasoning may seem 
plausible and unbiased at first glance. However, a  comprehensive analysis shows 
that deriving the conclusion from the premise without violating logical standards
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is impossible. Another set of methods undermines rational analysis of the argu-
ment by using emotive language to persuade the audience to concur with the
speaker only based on the emotional connection established. We superimpose
text on an image to create memes. In a deceptive meme, the image functions to
either exemplify one or more persuasive techniques or to reinforce and augment
a textual tactic.

We will do two primary activities, categorized as subtask 1 and subtask 2.
Subtask 1 solely provides us with the meme’s textual content, which we extract
using the BERT persuasion technique. In subtask 2, we will adopt a multimodal
approach to evaluate both the textual and visual components of the meme.

This research seeks to fill a notable gap in existing work by offering a multi-
lingual methodology for identifying persuasive tactics in memes. Because com-
munication goes beyond language barriers, it’s important to look at memes in a
lot of different languages in order to fully understand how they work to persuade
people. This research advances the emerging subject of digital communication
studies and has practical applications for content regulation, online safety, and
the creation of culturally sensitive artificial intelligence.

This paper’s framework entails a comprehensive examination of existing re-
search on persuasive strategies, visual communication, and meme analysis. Our
proposed multilingual detection model emphasizes its new characteristics and
approaches. The conversation will concentrate on the results and findings, em-
phasizing the model’s performance across many languages and cultural contexts.
The results will summarize what this research has added and suggest areas that
could be studied further in the future in the areas of multilingual meme analysis
and persuasion detection.

2 LITERATURE SURVEY

Numerous people carefully examine every technology, whether it is already in
use or still in development, outlining strategies for its improvement, evolution,
expression, and application across various fields in order to pinpoint problems
and come up with creative solutions. Likewise, memes serve as a widely favored
informal mode of communication in contemporary society. However, they are
challenging to understand, regardless of their positive or negative nature. Exam-
ining previous research in this area is crucial to understand their feelings. This
will give you a full picture of how sentiment analysis, multilingual data analy-
sis, and other image processing techniques can be used to solve the problem. A
widely utilized approach is the Recurrent Neural Network (RNN). Until now, it
has been one of the most effective methods for capturing temporal relationships
in sequences [1]. However, it has some problems, such as slow performance with
long sequences, the possibility of exploding or disappearing gradients, and prob-
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lems getting information from a long time ago.

Eventually, transformers surmounted these limitations. The 2017 article, ’At-
tention Is All You Need’ [2], introduced the Transformer model. Since establish-
ing itself as the preeminent approach in numerous NLP tasks. They demon-
strated that an architecture that solely relies on an attention mechanism can
significantly improve the outcomes in translation tasks. Subsequently, Google in-
troduced Bidirectional Encoder Representations from Transformers (BERT) [3].
The original Transformer implementation derived BERT’s model architecture,
a multi-layer bidirectional Transformer encoder. BERT transformed language
comprehension by understanding the contextual relationships of words in sen-
tences and used bidirectional processing to efficiently capture linguistic nuances.

XLNet [4] was introduced to address the constraints of BERT. It uses a gen-
eralized auto-regressive pre-training method that finds the best predicted like-
lihood across all possible factorization order combinations. This makes it easier
to learn two-way contexts. XLNet is better than BERT at 20 tasks, often by
a large margin. These tasks include answering questions, drawing conclusions
from natural language, analyzing sentiment, and ranking documents. RoBERTa
[5] illustrates that extended training of BERT with increased data yields a signif-
icant enhancement in performance. Subsequently, Lan presented ALBERT [6], a
streamlined form of BERT intended for self-supervised language representation
learning. It uses layer-to-layer parameter sharing to lower the number of param-
eters in the model. This speeds up training and makes it better than BERT on
some datasets. A strategy for hyperparameter optimization has been proposed,
employing the Long Short-Term Memory model in conjunction with the Spar-
row Search Algorithm (LSTM-SSA). The presented model employs a deep neural
network designed to recognize and classify instances of hate speech, categorizing
them as either hate speech or not hate speech [7].

Mitrov [8] presents a comprehensive framework for analyzing memes, em-
phasizing persuasive techniques in both text and imagery. The study outlines 22
approaches and provides an annotated dataset for conducting complex studies
of textual and multimodal memes. The incorporation of historical and mythical
references improves understanding of the challenges in this domain. A consid-
erable number of self-supervised multimodal architectures have been recently
published, including ViLBERT [9], VisualBERT [10], LXMERT [11], VLBERT
[12], VideoBERT [13], among others. However, the Multimodal Bitransformer
(MMBT) model distinguishes itself from other self-supervised architectures by
training its parts in only one mode at a time. MMBT significantly outperforms
both the current state-of-the-art and robust baselines. Furthermore, in the study
[14], the authors presented transformer-based models (VTTE and DVTT) for
the analysis of textual and visual elements in memes. These models proficiently
discern persuasive tactics, with DVTT demonstrating enhanced performance,
especially in optimizing feature extraction. Object detection uses deep learning
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techniques like YOLO and R-CNN, which use convolutional neural networks.
They analyze the performance of these techniques and find YOLO outperform-
ing them all [15].

3 METHODOLOGY

3.1 Dataset

We employed a rigorously curated meme dataset obtained from the SemEval 2024
[16] shared challenge to train our algorithm. The dataset comprises three dis-
tinct components: ’trainimages.zip’, ’validationimages.zip’, and ’devimages.zip’.
These components each contain meme images specifically designated for train-
ing, validation (for hyperparameter optimization or reintegration into the train-
ing set), and development for subtasks 1 and 2. A zip file,’subtask2 pictures.zip’,
was utilized, including meme images only for subtask 2. To enable thorough ex-
amination, we included an additional zip file, ’annotations.zip’, which contains
annotations for all subtasks. This carefully put together dataset is an important
part of our research because it helps us train, test, and evaluate our multilin-
gual meme persuasion detection program. The following sections will explore
the novel characteristics and techniques of our proposed model, the experimen-
tal methodology employed for training and testing, and the results obtained from
its application to this distinct dataset.

Fig. 1. Dataset distribution

3.2 Sentiment Analysis

Based on TEXT The obThe goal is to identify the 20 strategies used in
a meme’s textual content through multilabel categorization. The methodology
employed involves fine-tuning various pre-trained transformer models and subse-
quently ensembling them to derive final predictions by averaging the probability
from the models.

The models we optimized are the:
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– ROBERTA-base
– xlnet-base-cased
– albert-base-v2
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–

We combined the top individual models using two strategies: Initially, the
ensembler calculates the mean of the model predictions, subsequently applying
a sigmoid function and a threshold to derive the final forecast. Secondly, ma-
jority voting: the ensembler aggregates the model’s predictions, adds a sigmoid
function and a threshold, and selects the most often voted label as the final
prediction.

Fig. 2. Flowchart for Subtask 1

Based on TEXT + IMAGE We will analyze the persuasive strategies in the
memes by examining both the textual and visual elements (multimodal task).
Consequently, it transforms into a multimodal and multilabel classification chal-
lenge. Our methodology considers many model architectures:

– MMBT: MultiModal BiTransformers
– Visual-Bert (with Resnet50 embeddings)
– DVTT: Double Visual Textual Transformer

In MMBT, we have captured the image, retrieved its characteristics using
a CNN, and utilized them as inputs, akin to token embeddings for the bi-
transformer. The figure above illustrates that we provide the model with both
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the language and the image as input to simultaneously apply attention to both
modalities. For classification, we utilize the initial output of the final layer as
the input to a classification layer. We use a sigmoid function on the logits and
binary cross-entropy loss to train each output class in multilabel tasks where
there may be more than one right answer.

Fig. 3. MMBT

VisualBERT is a model built to simultaneously interpret textual and visual
information. We input an image, analyze it using a convolutional neural network
like ResNet50, and extract visual information as tokens. The visual tokens, in
conjunction with textual inputs, are subsequently inputted into VisualBERT.
This architecture comprises a series of transformer layers, which are adept at
comprehending sequential data. VisualBERT utilizes self-attention techniques
to align textual inputs with visual tokens, facilitating the model’s comprehen-
sion of the correspondence between words and various sections of the image. This
alignment enables the synthesis of textual and visual information, augmenting
the model’s capacity to thoroughly understand image material.

Fig. 4. VisualBERT
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The Double Visual Textual Transformer design consists of two separate trans-
former networks: one for textual data processing and the other for image analysis.
Each network, however, influences the other, facilitating mutual enhancement
between textual and visual information. This indicates that the textual network
encompasses visual information, whereas the visual network assimilates literary
context. After processing, the outputs from both networks are averaged to en-
sure an equitable evaluation of both modalities prior to ascertaining the final
output labels. This dual-conditioning method facilitates a comprehensive grasp
of multimodal input, improving the model’s capacity to interpret and classify
information efficiently.

Fig. 5. DVTT

We conducted many tests, evaluating all models with the three specified loss
functions, yielding the findings presented in Table 1. The data indicates that,
overall, Weighted BCE Loss demonstrates inferior performance compared to the
other methods, but Focal Loss frequently proves to be an effective strategy. The
most effective model is MMBT (MultiModal BiTransformers) utilizing Focal-
Loss, achieving an F_1-Micro score of 0.48 and an F1-Macro score of 0.10 on
the test set.
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4 Result

We provide the experiments done and offer a succinct summary of the outcomes
achieved. To assess the performance of the models in hierarchical classifications,
we utilize the hierarchical F_1 score.

Ensemble F_1-micro F_1-macro
Mean 0.53 0.11

Majority Voting 0.53 0.13
Table 1. Results of Ensemble models for Subtask 1

In the preliminary tests, we conduct hierarchical multilabel classification uti-
lizing the textual content of memes to refine unimodal models (BERT, RoBERTa,
XLNet, ALBERT) specifically for the identification of distinct persuasive tactics.
It was determined that the ensembles exhibited superior performance relative to
the utilization of a single model. The outcomes of ensembles utilizing Mean and
Majority Voting procedures are presented in the table 1.

Model Loss Dev-Set Dev-Set Test-Ser Test-Ser
F1-micro F1-macro F1-micro F1-macro

BCE with Logit Loss 0.55 0.23 0.48 0.09
MMBT Weighted BCE Loss 0.35 0.20 0.33 0.13

Focal Loss 0.57 0.24 0.48 0.10
BCE with Logit Loss 0.56 0.23 0.44 0.08

Visual BERT: ResNet50 + Text-Transformer Weighted BCE Loss 0.27 0.15 0.26 0.12
Focal Loss 0.54 0.23 0.44 0.08

BCE with Logit Loss 0.57 0.23 0.47 0.08
DVTT Weighted BCE Loss 0.57 0.24 0.41 0.15

Focal Loss 0.53 0.23 0.46 0.08
Table 2. Comparison of results of different models for Subtask 2

In the second round of testing, as seen in Table 2, the most effective model is
MMBT (Multimodal BiTransformers), which incorporates both the picture and
the text included on the meme, achieving a FocalLoss with a F_1-Micro of 0.48
and an F_1-Macro of 0.10 on the test set.

5 Conclusion

This research examines the persuasive communication inherent in memes, high-
lighting its influence on public perception. Utilizing multimodal models, we
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sought to connect textual and visual modalities, thereby improving the classifi-
cation of persuasive approaches. Our trials illustrate the efficacy of this method-
ology, with our optimal model, MMBT, attaining significant performance en-
hancements. Nonetheless, we noted that the performance improvements fluctu-
ated according to the dataset’s characteristics and the models’ complexity. Our
findings enhance comprehension in this field and facilitate future study efforts to
counter internet disinformation tactics. For future study, we must concentrate
on a more profound examination to ascertain why the model fails to effectively
leverage its image analysis capabilities for categorization. Therefore, by enhanc-
ing that aspect, we may undoubtedly increase the model’s accuracy and yield
superior results.
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