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Abstract

This paper proposes a method for classify-
ing discriminatory speech in Brazilian Por-
tuguese memes. Social media platforms
host large volumes of multimodal content,
particularly memes that combine text and
images to convey ideas, critique and hu-
mour. Within this setting, the spread of
discriminatory content has increased, yet
most existing detection models are trained
on English data.

The multimodal nature of memes poses chal-
lenges for automated analysis, as interpre-
tation depends on the interaction between
textual and visual elements, as well as the
cultural context. To address this, we eval-
uate a multimodal model that integrates
visual and linguistic features using late fu-
sion. This is particularly relevant as prior
work on Brazilian Portuguese has focused
on unimodal approaches.

We constructed a dataset of 1,500 labelled
memes for fine-tuning. The proposed
method achieves an F1 score of 0.60, com-
parable to results reported for multilingual
settings, and provides insights specific to
Brazilian Portuguese.

1 Introduction

The word meme was first introduced by
Dawkins (1976), which referred to a unit of
human culture similar to a gene. The use of
the term meme in the Internet context was
first used by Mike Godwin in a text for Wired.
In this paper, the word meme refers to a type
of content composed of text and images, which
are used in the semantic construction of the
message. Currently, memes are notably used
for communication on social media platforms.
However, it has been observed that the dis-
semination of prejudiced speech with this type
of artefact has generated a high impact on
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social relations, mainly in relations mediated
by instant messaging applications and social
networks.

This paper considers prejudice as the dis-
course which has an inclination against, or in
favour of, a person or a group, related to their
inherent or acquired characteristics, in a con-
sidered unjust manner (Mehrabi et al., 2021;
Panch et al., 2019).

According to Roy et al. (2024), Waseem and
Hovy (2016), and Ahmed and Lin (2022), due
to the universal access to the Internet in the last
decade, the web now has more than 4.5 billion
active users, about 59% of the total global
population, who are particularly connected to
social media. In this context, we can observe
the growing use of memes on social networks as
a way of expressing ideas, beliefs, and humour.

Numerous studies, (Kiela et al., 2020; Fersini
et al., 2022; Pramanick et al., 2021; Sharma
et al., 2022), have been conducted to detect
abuse/prejudice in memes. The majority of
the publicly available datasets are in English
(Das and Mukherjee, 2023). This impacts the
study of memes in non-English languages, such
as Brazilian Portuguese. Furthermore, under-
standing memes requires external knowledge
related to social, cultural and local contexts,
which are sometimes poorly represented in ex-
isting datasets and are often not taken into
account by existing solutions.

Associated with the element ‘idiom’, the In-
ternet meme has unique characteristics of com-
position and grammar. In the language aspect,
when interpreting this type of content, it is
necessary to consider that, in online interac-
tion, content development occurs rapidly. The
language is informal, with numerous abbrevi-
ations, fragmented syntax, hidden terms and
semantics altered due to alterations to the orig-
inal context (Gouveia, 2009).



Several studies in non-English contexts have
addressed the detection of harmful multimodal
content, typically comprising both text and im-
ages (Burbi et al., 2023; Pramanick et al., 2021;
Lin et al., 2024). In contrast, prior research
in Brazilian Portuguese has focused predom-
inantly on unimodal data, particularly text-
based analysis, for example (Silva and Freitas,
2022; Nascimento et al., 2019; Rosa et al., 2023).
This article describes a controlled analyses of
cross-lingual degradation in multimodal meme
hate detection and proposes a multimodal ap-
proach employing late fusion for the binary
classification of memes in Brazilian Portuguese.

The main contributions of this paper are
(i) the construction of a dataset of memes in
Brazilian Portuguese, named Prejudice Memes;
(ii) the adaptation of a multimodal late fu-
sion approach to the context of Brazilian Por-
tuguese; and (iii) a critical discussion regarding
the use of large multimodal models (predomi-
nantly developed from a vast English language
dataset) showing lower performance in content
analysis in other languages compared to En-
glish.

Thus, this research seeks to answer the
following question: is it possible to build a
prejudiced-meme detector for Brazilian Por-
tuguese that achieves performance compara-
ble to English-language detectors by using
(i) knowledge transfer with fine-tuning and
(ii) translation combined with a Portuguese
pre-trained language model?

2 Related work

According to Rocha Junqueira et al. (2023),
the availability of pre-trained language models
for Portuguese remains limited. Notable exam-
ples include BioBERTpt, a BERT-based model
adapted for clinical and biomedical texts that
achieves competitive performance in Named
Entity Recognition tasks (Schneider et al.,
2020); BERTa1, a model trained from scratch
on Portuguese-language corpora from the bank-
ing domain (Finardi et al., 2021); and Por-
tuguese BERT base cased QA, which has been
fine-tuned on the Stanford Question Answering
Dataset (SQuAD) (Guillou, 2021). In addi-
tion, BERTimbau, developed by Neuralmind,
is a model for Brazilian Portuguese that has
achieved state-of-the-art results in Semantic

Textual Similarity and Named Entity Recogni-
tion (Souza et al., 2020).

There are a wide range of pre-trained visual
processing models with good results in the clas-
sification task. According to Liu et al. (2024),
the growing use of transformer architecture in
Computer Vision has presented competitive re-
sults in different tasks, such as detection (Car-
ion et al., 2020), segmentation (Wang et al.,
2021; Cheng et al., 2021), tracking (Chen et al.,
2021), generation (Jiang et al., 2021), and en-
hancement (Chen et al., 2021).

According to Jabeen et al. (2023), Multi-
modal Deep Learning (MDL) has the purpose
of creating models which can process and link
information using different modalities. MDL to
better comprehend and analyze when various
senses are engaged in the information process.
Despite extensive development through uni-
modal learning, MDL cannot yet cover every
aspect of human learning.

Multimodal learning enables the develop-
ment of robust, high-performing models, de-
spite potential redundancy across modality-
specific features. Certain tasks inherently ben-
efit from a multimodal approach, as learning
from multiple sources facilitates the capture of
cross-modal correspondences and supports a
deeper understanding of complex phenomena,
including cognition, emotion, attention, and
human interaction (Luo et al., 2024). Access
to multiple modalities also allows for the in-
tegration of complementary information that
may not be observable within a single modal-
ity (Jabeen et al., 2023). Moreover, in some
applications, multimodal systems can maintain
acceptable performance even when one modal-
ity is unavailable (Bayoudh et al., 2022).

There are several multimodal fusion meth-
ods, and the main difference between them
lies in the stage at which the characteristics
of different modalities are combined (Bayoudh
et al., 2022): (i) early fusion, also known as
feature-level fusion, combines raw features near
the input data; (ii) late fusion, or decision-level
fusion, processes each modality independently
and then combines their outputs; and (iii) mid-
dle fusion, which fuses features from different
modalities at an intermediate stage of the work-
flow.

According to Verma et al. (2022), approaches
to social computing tasks frequently rely on
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Figure 1: Examples of prejudice and no-prejudice
memes: (a) Prejudiced Meme (Racism) (“Black
folks aren’t like they used to be”). (b) Non-
prejudiced Meme (General Humor)(“Who’s my war-
rior?”)

large language models. Such tasks include the
detection of information related to humanitar-
ian crises (Alam et al., 2018), fake news detec-
tion (Shu et al., 2017), and emotion recognition
(Thang Duong et al., 2017). The authors high-
light disparities in performance between models
developed for English and those for other lan-
guages. They further emphasise the broader
implications associated with the use of large
language models, including environmental and
financial costs (Strubell et al., 2019), as well
as issues of linguistic bias (Bender, 2019) and
gender bias (Costa-juss and Casas, 2019).

Among the main challenges in developing
non-English language models are (i) large lan-
guage models have architectures that require
lots of computer resources to train the model,
which is quite challenging; (ii) the need for a
large dataset labelled in the target language,
which, depending on the language and the task
at hand, often requires building a dataset, as
there are no publicly available datasets to use;
and (iii) most NLP research is disproportion-
ately concentrated on English and a few lan-
guages with more resources (e.g., Spanish and
French) (Bender, 2019).

3 Methodology and Dataset

For this study, a multimodal dataset was devel-
oped to detect memes with prejudiced content
in the Portuguese language. The development
of the dataset was inspired by the processes
performed by Kiela et al. (2020), and Gasparini
et al. (2022).
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Figure 2: Meme Labelling Process. Source: Elabo-
rated by the authors.

3.1 Data Description

The process of building the dataset was di-
vided into three main stages: (i) collection of
memes on popular social media platforms in
Brazil, such as Facebook, X (formerly Twitter)
and Instagram; (ii) annotating and labelling
the memes with the participation of both ex-
perts and trained volunteers; and (iii) extract-
ing the textual content from each meme using
the Keras OCR software.

Regarding the prejudice categories, the sam-
ple sizes are uneven, as some types of prejudice
appear more often than others in social me-
dia posts. Additionally, a single meme may
include more than one category of prejudice.
A majority-voting method was used to assign
labels. The final label for each meme was deter-
mined by agreement of two out of three votes,
where two social science experts each cast one
vote, and the third vote came from the major-
ity of three volunteers reviewing each meme,
as shown in Figure 2.

The survey, executed through an online form,
aimed to gather information on how individuals
who access and share such content perceive
the presence (or absence) of prejudice in these
artefacts. The research sample consisted of 300
volunteers (recruited via institutional email,
academic groups, and social media outreach)
and two social science experts.

For the evaluation stage with volunteer re-
viewers, Google Forms was used to create the
assessment instruments. Each form contained
15 memes, and each meme was evaluated in-
dependently by three different participants.
Agreement among the evaluators was 50%: 750
memes received the same label from all three
evaluators. To statistically measure how much
the observed agreement exceeded what would
be expected by chance, the Fleiss’ kappa co-



efficient (Fleiss et al., 2013) was calculated.
The resulting value was 0.35, which, accord-
ing to Fleiss (Fleiss et al., 2013), indicates fair
agreement, showing that classifying memes is
inherently challenging.

The final dataset, Prejudiced Memes' , com-
prises 1,500 memes, categorised into two main
groups: prejudiced and non-prejudiced. The
prejudiced memes include examples of the
following types of offensive content: racism,
LGBTQ+ phobia, religious intolerance, xeno-
phobia, fatphobia, misogyny, ableism, ageism,
and classism.

In addition to the constructed dataset, the
datasets of the Hateful Memes challenge formu-
lated by Facebook (Kiela et al., 2020) and the
Automatic Misogyny Identification dataset pro-
posed by Fersini et al. (2022) for the SemEval-
2022 challenges were also used. Both datasets
have nearly ten thousand memes in the En-
glish language, labelled (binary classification)
in two categories: hateful and not hateful and
misogynist and not misogynist, for the hate-
ful memes dataset and the misogynist dataset
memes, respectively.

3.2 Model Description

The deep neural network architecture employed
in this paper uses scalar product attention to
learn the multimodal representation from text
and images with late fusion. The architecture
used was proposed by Sharma et al. (2022),
which is composed of vision and language mod-
els previously trained as extractors of features
from text and image to jointly learn the multi-
modal representation.

Visual and textual features were used as
query parameters in attention. The context
vectors obtained from the attention layer go
through a one-dimensional convolution layer to
learn the final multimodal features, and these
features are finally flattened and fed into the
final classification layers (Figure 3).

The attention mechanism uses Queries (Q),
Keys (K) and Values (V) to calculate the con-
text vectors. The Query (Q) and Key (K) are
used to calculate attention weights, and the
final features are a linear combination of atten-
tion weights over the values (V). Attention is
calculated as the product between the matrices
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Figure 3: Proposed Model Architecture.

Q and K transposed, divided by the square
root of the scale factor (dK) applied to the
softmax function, and multiplied by V. The
output from this stage of attention represents
the vectors of context (Equation: (1)).

Attention(Q, K, V) = softma ( : > V
VK, V) = X
Vg

(1)

We adopted transfer learning to decrease
the model training time and to compensate
for the scarcity of training data. Pre-trained
vision and language models were fine-tuned
with data from a new target task. In addition
to the developed dataset containing Brazilian
Portuguese memes, the Hateful Memes and
Misogyny Memes datasets were also used to
fine-tune the models.

Two scenarios were investigated: (1) English,
and (2) Portuguese. To conduct the experi-
ments in scenario 1, the developed dataset was
translated to English, and for the experiments
from scenario 2, the datasets from the Hateful
Memes and the Misogyny Memes were trans-
lated to Brazilian Portuguese. The translation
model T5 (Lopes et al., 2020) was used in both
scenarios.

As it may be observed in Figure 3, the archi-
tecture proposed by Sharma et al. (2022) was
adapted. Considering the necessity of trans-
lation of datasets from English to Portuguese
or vice versa, stages of pre-processing textual
content (e.g. stopwords, expand abbreviations)
were added before and after the translation



Dataset Train Val Test
Misogyny Memes 6,000 2,000 2,000
Hateful Memes 6,000 2,000 2,000

Prejudice Memes 1,000 250 250

Table 1: Dataset split

process, with the purpose of changing the raw
text in an appropriate format to be used by the
model. Considering a large number of model
parameters (more than one hundred and ninety
million), the initial layers of the visual and lan-
guage models were frozen.

3.3 Experimental Setup

The experiments were conducted with trans-
former models: TensorFlow, Keras, and Hug-
ging Face, using A100 GPU and T4 on Google
Colab Pro.

For the English text feature extraction, pre-
trained BERT (Devlin et al., 2019) model was
used, and the BERTimbau (Souza et al., 2020)
for Portuguese text. Image processing was
performed using the ViT (Dosovitskiy et al.,
2021) vision model.

To evaluate the proposed model, experiments
were conducted with different scenarios to com-
pare the results obtained with other datasets,
both in English and Brazilian Portuguese, fo-
cused on verifying the model’s efficiency in
classifying prejudiced content in Brazilian Por-
tuguese memes.

In both scenarios (English and Portuguese)
the following datasets were used: (i) dataset of
Misogyny Memes (10k); (ii) dataset of Hateful
Memes (10k) and (iii) the dataset of Prejudice
Memes (1.5k). Table 1 shows the division of
data between training, testing and validation
for the three datasets used.

Importantly, for the result of the Hateful
Meme dataset, the weighted average F1-score
was considered as the primary evaluation met-
ric, taking class imbalance into account. For
the other datasets, the macro average F1-score
was considered, given that these datasets are
balanced.

Other adjustments to improve the perfor-
mance were made to the model proposed by
Sharma et al. (2022). The adjustments were:
batch size, number of epochs, early stop, addi-
tion of regularization (L1) and adaptive learn-
ing rate.

In addition to the configurations presented in

Parameter Value
Epochs 30

Max seq. length 80
Optimizer Adam
Learning rate 0.001
Early stopping (pat.) 2
Batch size 32

Loss Cross-entropy
L1 regularization (\) 0.01

Table 2: Hyperparameter configuration

Model / Scenario BERT + ViT
Prec. Rec. F1

Misogyny Memes (EN) 0.85 0.85 0.85

Hateful Memes (EN) 0.82 0.81 0.81

Prejudice Memes (EN trans.) 0.71 0.70 0.70

Table 3: Performance of BERT + ViT on meme
classification tasks

Table 2, the data were preprocessed using stan-
dard techniques, including stopword removal,
tokenisation, conversion to lowercase, punctua-
tion removal, and abbreviation expansion.

4 Results and Discussion

The classifiers achieved their best performance
on the English-language Misogyny Meme
Dataset, attaining an Fl-score of 0.85. This
dataset is balanced and focuses on a single cat-
egory of offensive content. The second-highest
F1-score was obtained on the Hateful Memes
Dataset, which is unbalanced and encompasses
multiple, distinct categories of offensive con-
tent. Furthermore, the Hateful Memes Dataset
includes benign confounding memes, that is, in-
stances that are visually or textually similar to
hateful memes but are in fact non-harmful, of-
ten referred to as contrastive or counterfactual
examples.

Despite these characteristics, the Hateful
Memes Dataset was constructed in a synthetic
manner, with a standardised format in terms of
text presentation, including uniform font and
capitalisation, as well as consistent image size
and quality. In contrast, for the experiments
presented in Table 3, the result obtained on
the Prejudice Meme Dataset was considered
satisfactory, with an F1l-score of 0.70.

When evaluated with the BerTimbau model,
the three datasets produced lower results com-
pared to those obtained with the English BERT
model. However, as shown in Table 4, the
best result came from the Prejudice Memes



Model / Scenario BERTimbau + ViT

Prec. Rec. F1

Misogyny Memes (PT trans.) 0.61 0.60 0.59
Hateful Memes (PT trans.) 0.59 0.62  0.59
Prejudice Memes (BR-PT) 0.60 0.60 0.60

Table 4: Results of the 3 Portuguese language
datasets.

dataset. Despite having fewer samples (1,500
memes) and containing a diverse range of cate-
gories (distinct types of prejudice content), this
dataset consists of data in Brazilian Portuguese,
which aligns with the language the model was
trained on. The other two datasets, despite
having specific features, achieved the same
result (Fl-score 0.59). For the experiments
shown in Table 4, the texts from the Hateful
Memes and Misogyny Memes datasets were
translated into Portuguese using the T5 auto-
matic translation model (Lopes et al., 2020).

As observed in the confusion matrix (Fig-
ure 3) for English evaluation and from the
Fl-scores in Table 3, the percentage of true
positives and true negatives for the Misogyny
Memes (Figure 3a) and Hateful Memes (Fig-
ure 3c) datasets follow a similar pattern, with
a slightly higher percentage of true positives
in both cases. In contrast, for the Prejudice
Memes (Figure 3e) dataset, despite the factors
mentioned above, the performance on the test
set achieved competitive results compared to
state-of-the-art approaches, with a higher-than-
expected percentage for class 0 (no prejudice
memes).

In the case of the Portuguese data, as shown
in Table 4, the classifier performed worse on
all three datasets compared to the English lan-
guage experiments. This drop in performance
can be attributed to the changes made, which
included translating the Hateful and Misogyny
Memes datasets into Portuguese and using the
BerTimbau language model.

With regards to the evaluation of the test
data from the Prejudice Memes dataset (Fig-
ure 3f), a more balanced situation is observed,
with close percentages of true positives and true
negatives, indicating that the model is manag-
ing to correctly classify both classes (prejudice
memes and no-prejudice memes).

The translation process between English and
Portuguese requires further refinement in or-
der to more accurately preserve the intended

Approach| Lang. Dataset | Model F1
(Size)

(MoctezumaSpan. Memotion | RNN  +/0.21

et al., (8k) Vis. attn.

2021)

(Li, 2021) | Tamil Tamil BERT 4| 0.55
Memes ResNet152
(2.9k)

Ours BR-PT Prejudice | BERT- 0.60
Memes imbau +
(1.5k) ViT

(Hossain | Beng. MUTE VGG16 +| 0.67

et al., (4.15k) B-BERT

2022)

Table 5: Results in other languages

semantic content.

Although the experiments conducted in Por-
tuguese yielded lower performance than those
carried out in English, the results remain com-
petitive when compared with studies in other
languages (Table 5).

Direct comparison between the evaluated
approaches is not feasible due to the specific
characteristics of each study, including differ-
ences in dataset composition and scale. Never-
theless, the studies presented in Table 5 high-
light the respective strengths and limitations
of multimodal approaches that analyse com-
bined textual and visual content, and which
aim to achieve state-of-the-art performance
within their respective languages.

According to Table 5, the results indicate
that it is challenging to develop solutions of
high performance in the binary classification
task of harmful memes. Another aspect to be
observed is that all studies presented in Table
5 used a lower dataset in comparison with the
dataset in the English language (over 10k sam-
ples), and in some cases they also used data
originally in the English language translated
to the target language (e.g., Bengali and Span-
ish), in other words, the amount of data is a
bottleneck when it comes to languages with
few resources.

According to Verma et al. (2022), the mul-
timodality, for example, the textual modality
with the visual modality (e.g. text and image),
can bring considerable gains in the multimodal
model performance since the visual modality
transcends the language and can be extremely
informative. When analyzing classification er-
rors presented with the constructed dataset,
it was observed that when harmful content is
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Figure 4: Confusion matrices of test data in English (EN) and Portuguese (PT) for the three datasets:
Misogyny Memes, Hateful Memes and Prejudice Memes.

present in the text and also in the image, the
error rates were considerably lower in compari-
son to error rates of memes when the harmful
content is present only in the text or only in
the image.

In contrast, as presented in the experiment
results, such as in the results for other language
studies for the same task (multimodal binary
classification) (Table 5), Verma et al. (2022)
also emphasize that the vision models depend
mostly of the informative content from the
images to the classification task.

Despite multilingual models, projected to
more than a hundred other languages besides
English, it’s a crucial factor that these model
performances are directly related to the amount
of data (of each language) with which the model
was pre trained, once that generate a depen-
dency related to the corpus of the linguistic
model. In other words, a superior represen-
tation in the pre training corpus is related to
better performance in subsequent tasks (Verma
et al., 2022).

4.1 Error Analysis

To obtain a wider view of the predictive capac-
ity of the model and understand the recognition
and classification of memes with prejudiced con-
tent, an error analysis was conducted, in both
scenarios (English and Brazilian Portuguese).

In scenario 1, the Misogyny Memes and the
Hateful Memes datasets presented a balanced

amount of false positives and false negatives.
The Prejudice Memes dataset, the situation is
a litte different, the number of false positives
is higher in comparison to the false negatives,
indicating that for that dataset, the model
faced more difficulty in classifying correctly
the memes of class 1 (prejudice memes).

When investigating which categories pre-
sented the highest number of false negatives in
scenario 1, it was found that for the dataset
of Misogyny Memes, the stereotype category
presented the highest number of false negatives
(36) followed by the objectification category
(32). Regarding the dataset of Hateful Memes,
the religion category presented the highest num-
ber of false negatives (31) followed by the sex-
ism and racism category (29 in both). The
data on Prejudice Memes, the racism category
was the one that presented the most errors (28)
followed by the homophobia category (20).

It is important to notice that a specific meme
may belong to more than one category (e.g.,
racism and misogyny), in other words, multi-
label. Such a condition occurs in the three
datasets used. According to Kassim et al.
(2024), on literature, there are two main ap-
proaches to handling the multilabel classifica-
tion: (i) problem transformation, in which the
original problem of multilabel classification is
turned into one or more problems of unique
label; and (ii) algorithm adaptation, which
modifies an existent algorithm to attend the
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Figure 5: Examples of memes incorrectly classified: (a) Harmful content generally is present only in the
text, (b) references to the news, celebrities, and cultural practices, and (c) sarcastic content.

restriction of multilabel data.

In scenario 2, the linguistic model used was
the Brazilian Portuguese (BerTimbau), to the
Hateful and Misogyny Memes datasets the
number of false positives was higher than false
negatives, indicating that, to this dataset, the
model has found more difficult to classify cor-
rectly the memes of class 1 (hateful and misog-
yny memes). While, for the Prejudice Meme
dataset, the model had the most difficulty cor-
rectly classifying the memes of class 0 (not
prejudice memes).

When analyzed by category, it was observed
that the most number of false positives in sce-
nario 2, to the Misogyny Memes dataset was
the same categories as from scenario 1, stereo-
type (279) and the category objectification
(243). Related to the Hateful Memes dataset,
the category of religion presented the high-
est number of false positives (158) followed by
the category of racism (147). For the preju-
dice memes dataset, the categories fatphobia,
ageism, and classism obtained the highest num-
ber of false negatives (3 in each category).

A detailed analysis of the memes revealed
the following observations: (i) in many cases,
the harmful content is predominantly conveyed
through the textual component alone (Figure
5a); (ii) several memes include references to
news events, celebrities, and cultural practices
(Figure 5b); and (iii) some memes contain sar-
castic content, which is often only fully under-
stood when the image and text are interpreted
jointly, together with external knowledge re-
lated to the cultural or contextual references
embedded in the meme (Figure 5c).

5 Conclusion

Considering the speed of production of content
on the web, harmful content can not be com-
bated merely with a simple manual inspection
by humans. In this sense, automatic learning
and artificial intelligence can play a very impor-
tant role in the mitigation of social problems,
such as the predominance of prejudiced speech.

This paper presents a multimodal approach
to the binary classification of prejudiced speech
in Brazilian Portuguese memes, having yielded
results compatible with the state of the art.
The discussion of the results suggests that the
learning transfer technique could be further
improved by using a larger dataset.

Although a lower performance was obtained
than models trained and evaluated on English-
language memes, when the results obtained are
indirectly compared with those of models devel-
oped for non-English languages, it is observed
that such results are consistent with the recent
work (F1-score of 0.60).

Therefore, the translation process requires
further refinement to effectively incorporate
the intended message and expand the dataset
in the target language, ultimately leading to
improved results. Additionally, it was observed
that the presence of numerous categories, along
with their limited representativeness (i.e., few
examples per category), can hinder the model’s
learning process by restricting its generaliza-
tion ability.

The main threats to the validity of this
study comprised the high demand for compu-
tational resources required to train the model,
the scarcity of available data in the target lan-
guage, and the noise potentially introduced by
the machine translation process.



In future work, we plan to expand the meme
dataset and focus on one or two specific types
of prejudice. This is essential, as effective pat-
tern recognition in multimodal models requires
a substantial amount of labelled data for each
targeted category of prejudice. In addition,
we intend to evaluate alternative model ar-
chitectures in order to improve classification
performance in the target language. We also
plan to analyse the visual and textual modali-
ties separately to gain a clearer understanding
of the contribution of each modality to meme
classification.
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