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Abstract
This manuscript presents the INFOTEC+CentroGeo team’s solution for task 1 of the DIMEMEX@IberLEF2025,
which asks for solutions to a three-way classification problem using a meme and its text as data. The categories
included are hate speech, inappropriate content, and harmless content. Our approaches include the use of CLIP
models, our EvoMSA framework, and traditional machine learning models with different encodings for text and
image data. Our result in the internal evaluation was a f1-score of 0.75 yet our result in the gold standard was
relatively low, achieving a f1-score of 0.42. However, we draw a set of useful recipes and conclusions to help
people select models for multimodal tasks.
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1. Introduction

Memes are a well-known way to communicate ideas, especially on social media platforms. A meme is
an image that includes a small text; the sense of a meme is usually humorous, funny, satirical, or ironic.
Using these multimodal data (image and text) to tackle the problem of hate speech, inappropriate, and
harmless content has become more frequent in the natural language processing research community.
Nevertheless, this kind of problems are also addressed through text; unfortunately, hate speech and
harmless content are very common phenomena in social networks, particularly Twitter (now X),
Facebook, Youtube, and also in more professional networks such as LinkedIn.

Chetty and Alathur [1] define hate speech as “any speech that attacks an individual or a group with
the intention of hurting or disrespecting based on identity.” Paz et al. [2] present a systematic review
surveying different proposals dealing with the recognition of hate speech using the Web of Science as
a source of information. This task has also been deeply studied with Social Media data, for instance,
Chetty and Alathur [1] presented a review of several methodologies applied to data from Twitter and
Facebook. The main conclusions of this review are that laws on hate speech are not the same in all
countries, and there are also a variety of communities dealing with this kind of discrimination on social
networks.

In the harmless content detection task, the community has made some efforts. Arora et al. [3] survey
the existing methods and suggests future research lines for this topic. Kirk et al. [4] developed an
analytical scheme to categorize harms in text in three aspects: (1) type of harm (misinformation, racial
stereotypes), (2) if harm is sought or intentionally addressed, and (3) who the affected people are.
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Also, some research has classified memes containing text and image into hateful or not-hateful,
depending on whether the message is funny. Some works use feature extraction; in some cases
it could be with attention mechanism methods or classic methods of machine learning [5]. Another
approach dealing with multimodal data is presented in [6], where it compares and fine-tunes VisualBERT
pretrained on several datasets, such as the Conceptual Caption dataset. For images was used the
ResNeXT-152 Aggregated Residual Transformations–based Masked Regions with Convolutional Neural
Networks was used, and for the text representation, the well-known uncased BERT (Bidirectional
Encoder Representations from Transformers) model.

In addition, Burbi et al. [7] present a method called ISSUES, which is based on a pretrained CLIP model.
Outstanding results were reached with two datasets, the Hateful Memes Challenge and HarMeme.1
After reviewing different approaches, one can conclude that the image and text are not homogeneous
and that the Transformer-enhanced ensemble models perform better, see [8]. Nevertheless, in our
case, we tested both a more traditional approach (EvoMSA) and CLIP to represent the combination of
par-associated image and text, trying to explore which one achieved better results in this particular
problem.

Furthermore, this is a very complex task because sometimes the same image with different text is
about two different and opposite classes; this is not the case of the dataset provided by the DIMEMEX
2025 organizers, since each meme has a unique text and classification.

This manuscript is organized as follows. Section 2 describes the target task of our solution. Section 3
describes the dataset used and provided by the competition organizers. Section 4 shows our efforts to
solve Task, while Section 5 is dedicated to present and discuss our results. Finally, Section 6 concludes
with some general ideas and future directions.

2. Task description

In general, DIMEMEX 2025[9] involves three different tasks, especially our solution is only for task 1,
Detection of Hate Speech, Inappropriate, and Harmless Memes. It is important to say DIMEMEX is part
of a set of text classification contests hosted by IberLEF 2025 [10].

This task has a three-way classification in which each meme should belong exclusively to one of
the following classes: hate speech, inappropriate content, and harmless. These classes are defined as
follows.

Hate Speech: The meme presents "Any kind of communication in speech, writing, or behavior that
attacks or uses pejorative or discriminatory language with reference to a person or a group based on
who they are, in other words, based on their religion, ethnicity, nationality, race, color, descent, gender,
or other identity factors" (United Nations, n.d.).

Inappropriate Content: The meme presents any kind of manifestation of offensive, vulgar (profane,
obscene, sexually charged), and/or morbid humor content.

Harmless: The meme does not present any kind of manifestation that presents neither hate speech
nor inappropriate content.

3. Dataset

The data set provided for DIMEMEX 2025 consists of approximately 3,000 memes, extracted from
public Facebook groups based in Mexico, and manually annotated for the presence of hate speech,
inappropriate content, and harmful content.

Figure 1 shows the distribution of the three classes of task 1. Here, it can be seen that the most
frequent class is Hate Speech, having a higher number of 1’s in comparison with inappropriate and
harmful content, being the last two more or less balanced between them.

1https://github.com/miccunifi/ISSUES



Figure 1: Distribution of the classes in task 1

4. Methodology

For internal purposes, we split the train data into training and testing (70% training and 30% for testing),
the second where all our proposals were evaluated, and the highest was submitted to the Codalab
platform. In this section, all our efforts will be explained.

Figure 2 shows the general methodology that consists of obtaining the features contained in the
images of the dataset, depending on the model it can be text, image or both. Then, a machine learning
model is used to train with these features, and finally, the classification is obtained. In our case, there
are two general ways to extract features with text or image, or both. As for the machine learning
approaches, two were tested, Support Vector Machine and Random Forest.

Figure 2: Approach methodology

4.1. Text and image representation with CLIP

We used CLIP for the representation of text and images. Specifically, we used the OpenAI version
available 2. All technical details can also be found in [11]. We tested several CLIP models, but with
ViT-B/32 the best result was reached, so our final submission was with it. In this case, three ways were
tested, the first one was using only the embeddings provided by CLIP of the images, to finally classify
using an SVM classifier with default parameters (Radial Basis Function, RBF, with gamma selected

2https://github.com/openai/CLIP/



automatically). The second one is the same but using only text data (in this case, we only use the meme
inside text), and finally, the last way is using both embeddings, text, and image.

All of the approaches used the same configuration of the SVM algorithm. The vector size for both
image and text was 512, so in the case of using both types of data, the vector size was 1024.

4.2. EvoMSA for text representation

The other kind of representation used was based on EvoMSA [12], which is based on a kind of Bag-
of-words scheme. This scheme combined traditional supervised learning estimators as well as their
decision functions.

EvoMSA has been tested in a variety of international text classification competitions, achieving
outstanding results compared to Deep Learning solutions in terms of computational resources, dataset
sizes, and explicability. As mentioned before, this representation was only tested with the text, both the
text inside the meme and the text description provided by the organizers; just in the case of the other
representations, the text inside the meme was only used. Similarly to CLIP representations, EvoMSA
vectors were classified using an SVM with the same configuration (Radial Basis Function, RBF, with
gamma selected automatically).

4.3. Count-Vectorizer for text representation

This approach uses the count vectorizer [13, 14] from scikit-learn. We then obtain the normalization of
the meme text by transforming the textual data into a numerical representation that can be used by
machine learning algorithms.

The count vectorizer converts each text into a vector whose dimension corresponds to the total
vocabulary, and each value represents the frequency of a specific word in the text. Since the simplicity
of this representation, in contrast to other text representations tested, here we used a set of elements
that are filtered out if necessary (e.g., punctuation marks, very common or very rare words). Each
unique word is assigned a numerical index in the vocabulary. This process is carried out for both the
training and test data, ensuring that both sets share the same representational structure.

The classification approach used is a probabilistic model based on the frequency of the text features.
The model is trained with transforms into vectors and their corresponding labels, the machine learning
method is the random forest classifier (RF) with n_estimators=100 and criterion=“gini” [15].

5. Results and analysis

As mentioned above, we use the training set to test our solutions internally. The training set consists of
2263 memes with their associated text as well as a general description of the image provided by the
competition organizers. For our internal evaluation, we split this dataset into training and test, 70% for
training (1584), and 30% for testing (679).

Table 1 shows our internal results with this dataset split. Here, it can be seen that the best internal
result was achieved by CLIP using only the image embeddings; nevertheless, very similar results were
achieved using text and both text and image. Bigger differences were reached with Count-Vectorizer
with text (F1-score of 0.38) and with EvoMSA (F1-score of 0.63).

Our official results with the test data were: f1-score of 0.422, precision of 0.422, and recall of 0.423.
Table 2 shows the results and the team name shown on the Codalab platform 3. In this table, it can be
seen that the best achieved F1-score was by Ryuan team with a score of 0.58, and in terms of precision,
the highest was achieved by the same team with a value of 0.58 as well as the same value for recall.
Despite achieving an equal value for the three metrics, our score remains low compared to the winner
team, which places us at the seventh position, in general, tied with VeronicaNeriMendoza.

3https://codalab.lisn.upsaclay.fr/competitions/22012#results



Table 1
Results with proposal approaches

Approach F1-score Precision Recall

CLIP-IMG+TEXT+SVM 0.74 0.89 0.67
CLIP-IMG+SVM 0.75 0.92 0.65
CLIP-TEXT+SVM 0.74 0.90 0.66
Count-Vectorizer+TEXT+RF 0.38 0.63 0.38
EvoMSA (TEXT)+SVM 0.63 0.62 0.64

Table 2
Final official results

Team F1-score Precision Recall
Ryuan 0.58 0.58 0.58

Onarion 0.57 0.58 0.56
ymlopez 0.55 0.57 0.55
VickBat 0.52 0.54 0.51

michaelibrahim 0.44 0.46 0.43
John94 0.43 0.45 0.42

VeronicaNeriMendoza 0.42 0.42 0.42
Infotec+Centrogeo 0.42 0.42 0.42

csuazob 0.34 0.42 0.36
AngelBaron 0.33 0.35 0.34

6. Conclusions

The results obtained in the DIMEMEX 2025 challenge show the superiority of models based on the
combination of visual and textual features, especially those using the CLIP model in conjunction
with SVM. The CLIP-IMG+SVM model achieved the best F1-score, indicating a solid balance between
precision and recall. Although the CLIP-IMG+TEXT+SVM model showed a slight decrease in this
metric, it achieved better recall, suggesting that including text can help improve classification. However,
the CLIP-TEXT+SVM model also maintained a competitive F1-score, demonstrating that even using
only the textual part of the CLIP model, quite high performance can be achieved.

In contrast, more traditional approaches such as Count-Vectorizer+TEXT+RF showed inferior perfor-
mance. This may reflect the limitations of classical methods in the multimodal and semantic aspects.

The EvoMSA (TEXT)+SVM model, while outperforming the Count Vectorizer-based approach, still
lagged behind the CLIP models, indicating a lack of ability to match the multimodal understanding
offered by CLIP.

In summary, the results reinforce the importance of integrating both visual and textual features to
effectively classify memes; nevertheless, more efforts must be made to achieve better results, which in
our case were low.
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