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Abstract

False narratives that manipulate racial tensions
are increasingly prevalent on social media, of-
ten blending languages and cultural references
to enhance reach and believability. Among
them, racial hoaxes produce unique harm by
fabricating events targeting specific communi-
ties, social division and fueling misinforma-
tion. This paper presents a novel approach to
detecting racial hoaxes in code-mixed Hindi-
English social media data. Using a carefully
constructed training pipeline, we have fine-
tuned the XLM-RoBERTa-base multilingual
transformer for training the shared task data.
Our approach has incorporated task-specific
preprocessing, clear methodology, and exten-
sive hyperparameter tuning. After developing
our model, we tested and evaluated it on the LT-
EDI@LDK 2025 shared task dataset. Our sys-
tem achieved the highest performance among
all the international participants with an F1-
score of 0.75, ranking 1% on the official leader-
board.

1 Introduction

Racial hoaxes on social networks have continu-
ously emerged as a significant concern, which may
lead to increased ethnic tension and social unrest.
In this study, we define Hoax Speech as intentional,
deceptive linguistic content that mimics the tone or
structure of hate speech or propaganda, yet lacks
genuine hateful intent. It often uses irony, satire,
or fabricated narratives to incite confusion or mask
malicious undertones for a criticise race. Racial
hoaxes refer to fabricated statements that falsely
accuse specific racial groups with malicious intent.
These intents are designed to manipulate public
opinion and provoke communal or ethnic tension.
According to Amnesty International in The
News Minute, Racial hoaxes and hate speech have
become prevalent in South Asia day by day, lead-
ing to violence and social turmoil. For instance,
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between 2015 and 2019, India witnessed 902 al-
leged hate crimes resulting in 303 deaths, with Mus-
lims constituting the majority of victims !. Social
media can amplify such crimes, leading to hatred,
misinformation for the minority group or commu-
nity, especially. A significant number of previous
studies have been conducted on spreading misin-
formation, fake news, and hate speech detection
(Barker and Jurasz, 2021), (Arellano et al., 2022),
but the task of racial hoax detection has not been
explored too much.

The primary objective of this paper is to detect
Hindi-English code-mixed racially deceptive
text on social media platforms. We have used a
transformer-based model, HinG-RoBERTa, which
is pre-trained on Hindi-English code-mixed data,
to train our model. The core contributions of our
research work are as follows:-

1. We have developed an effective model to de-
tect racial deception in Hindi-English code-
mixed text.

2. We have conducted a series of experiments
on the dataset and comprehensively analyzed
their performance outcomes.

The implementation details have been pro-
vided in the following GitHub repository:-
https://github.com/Mizan116/LT-EDI-LDK-
2025/Racial Hoax.

2 Related Study

Hate speech detection identifies degrading informa-
tion, especially on social media. Hate speech, sex-
ism, homophobia, racism, bullying, and other ver-
bal abuse are detected. Prior work has studied the
online dissemination of racially based stereotypes

12019 sees steepest rise in hate crimes since 2016, finds
Amnesty tracker
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and disinformation. However, very few studies ex-
amine racial hoaxes through multilingual lenses
(Bourgeade et al., 2023).

Initially, the discipline was dominated by clas-
sical machine learning algorithms such as Sup-
port Vector Machines (SVMs) and Naive Bayes
and Random Forests for text mining techniques.
The authors of Afroz et al. (2012) used machine
learning techniques to detect hoaxes in the English
language. Rule-based machine learning methods
have also been used in Chopra et al. (2020). They
have been used for detecting hate speech in Hindi-
English code-mixed text. Research across multi-
ple languages shows how racial hoaxes and stereo-
types circulate in social media conversations in
Bourgeade et al. (2023). In a related shared task
on Dravidian languages, the authors of Rahman
et al. (2025) employed transformer models like
XLM-R and MuRIL, demonstrating high perfor-
mance in abusive language detection. The authors
of Ahmed et al. (2022) have detected hateful users
more accurately and fairly, including social net-
work context. On the other hand, (Papapicco et al.,
2022) researched how adolescents show confidence
in spotting fake news, but often fail to detect or re-
member racial hoaxes.

According to Ahmed et al. (2022), the integra-
tion of social network data contributes to improved
performance and equity in classification systems.
The dearth of developed critical thinking skills
exposes teenagers to greater deception. Adoles-
cents often feel immune to fake news despite be-
ing unable to identify or remember it (Papapicco
et al., 2022). The Biradar et al. (2024b) introduced
a novel dataset with Hindi-English code-mixed
dataset of hateful comments, aiming to explore
the link between fake narratives and hate severity.
It is problematic to identify hate speech in code-
switched Languages such as Hinglish because of
its intricacy. Some social network analyses have
applied a focus on features of social media such
as usual name-calling but study of bias elimina-
tion and diversity linguistics is scant (Chopra et al.,
2020).

3 Dataset & Task Overview

We have utilized the abusive detection dataset from
the LT-EDI@LDK 2025 shared task (Chakravarthi
et al., 2025). This research makes use of a code-
mixed Hindi-English dataset meant for detecting
racial hoaxes in social media posts. The dataset is

64

Racial Hoax

24.2%

75.8%

Non-Hoax

Figure 1: Training Data Distribution

publicly available in Chakravarthi (2020) research.
We used their dataset to train, test and evaluate our
model. The dataset is divided into three parts: train-
ing, development, and test. The test set does not
have labels. Our models predicted the labels for
that set. The dataset has two ‘Non-Hoax’ (0) and
‘Racial Hoax’ (1) annotations per sample. We have
training (3060 samples), validation (1021 samples),
and test (1021 samples). Around each text sam-
ple, there is a word count of 29-30. The dataset
suffers from class imbalance (76% - 24%) as the
Non-Hoax class dominates strongly over the Racial
Hoax class.

Split Non-Hoax (0) Racial Hoax (1)
Train 2319 741
Validation 774 247
Test 774 247

Table 1: Class-wise distribution across dataset splits.

The distribution has been demonstrated in Ta-
ble 1. To handling the class imbalance problem,
we used different preprocessing techniques. The
details procedures have been demonstrated in the
Methodology section.

4 Methodology

This section provides an overview of the methodol-
ogy and approach that have been used to build the
system using the previously described dataset and
transformer model. The methodology of our work



|

.......... |

Input
Text

Preprocessing

Data Augmentation,
Tokenization

Preprocessed

Data .

.| Validation

Transformer
Model

!

Hyperpara-
meter Tune

I

Model
Evaluation

Best Model
(XLM- RoBERTa)

Class
Prediction

Figure 2: Methodology of our work

is shown in Figure 2.

4.1 Preprocessing

In our approach, preprocessing has focused on han-
dling the unique challenges of code-mixed Hindi-
English. The dataset is evaluated to determine its
distribution and structure. The labels are encoded
as containing Racial Hoax: 1, Not Racial Hoax: 0.
The provided dataset was label encoded. We began
by the tokenization and encoding the text using the
AutoTokenizer from the HuggingFace library. For
this task we used hing-roberta for Hindi-English
code-mixed language. Text augmentation was ap-
plied during training, with a 10% random word
masking. Additionally, the dataset was split into
training and validation sets with stratified sampling
to ensure balanced class distribution. The dataset
is divided into training and validation sets using an
80%- 20% ratio.

4.2 Model Architecture and Training

For model selection, we have chosen XLM-
RoBERTa, a multilingual transformer-based model,
to capture the diverse nature of Hindi-English code-
mixed data. We utilized XLM-R as the base model
due to its proven effectiveness in multilingual tasks
and its strong performance in low-resource lan-
guages. Prior work in deception detection, like
Biradar et al. (2024a), has used similar transformer-
based models successfully. Moreover, XLM-R’s
ability to capture cross-lingual semantic nuances
makes it well-suited for hoax speech detection,
which often relies on code-mixing.

Then, the provided dataset is converted into
the Hugging Face Dataset format. The model ar-
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chitecture was improved with a custom classifier
head that features dropout, layer normalization, and
ReLU activation. Initially, all layers of the model
were frozen. During the training period, we ap-
plied gradual unfreezing, starting with the last two
layers. We optimized the model using AdamW
with differential learning rates. Early stopping is
implemented to prevent overfitting by monitoring
validation loss.

4.3 Evaluation and Testing

During model evaluation, we assessed performance
using the new dataset for development to fine-tune
hyperparameters and ensure optimal performance.
Once the model had achieved satisfactory results,
we proceeded with the test dataset for the final clas-
sification. We have utilized the test dataset that
has been provided by the shared task competition,
which contains unlabeled comments, to classify
racial hoax and non-racial hoax comments. The
trained model predicts the labels, distinguishing
between racial hoax and non-racial hoax content.
This ensured the model’s ability to generalize ef-
fectively to unseen data.

5 Result and Error Analysis

In this section, we have compared the results and
analyzed the different transformer’s performance
based on the evaluation metrics. The macro F1-
score measures the supremacy of the models. Table-
3 shows the evaluation metrics for our best model.

5.1 Parameter Setting

We have tuned different hyperparameters to find
the corresponding transformer’s best model. The



Hyperparameter Value
Learning Rate 5e-4 (Max)
Batch Size 16
Epochs 10
Dropout 0.3
Weight Decay 0.01
Masking Prob. 0.1
Optimizer Adam
Scheduler OneCycleLR

Early Stopping Patience= 03 epochs

Table 2: Hyperparameters of the model
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Figure 3: Confusion matrix of our transformer model

hyperparameters that are used in our model are
shown in Table 2.

5.2 Metrics Evaluation

The performance of different models are evaluated
by various metrics such as F1-score, Accuracy, Pre-
cision, and Recall on the test (Provided dev dataset)
set. This ensured the model’s ability to generalize
effectively to unseen data. The evaluation metrics
of our best model (XLM- RoBERTa) are shown
in Table- 3. Figure- 3 demonstrates the confusion
matrics of our model. Both of Table-3 and Figure 3
are based on the validation dataset. So we have an
f1 score of 0.81 for the validation dataset, where
the test data (unseen data) has an f1 score of 0.75.

5.3 Error Analysis

An analysis of the dataset splits has revealed a con-
sistent class imbalance across the training, vali-
dation, and test sets. In each split, approximately
75.8% of the samples belong to the Non-Hoax class,
while only 24.2% correspond to the Racial Hoax
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Evaluations Value
F1-Score 0.81
Val. Loss 0.183
Accuracy 85.57%
Precision 0.87
Recall 0.75

Table 3: Evaluation Metrics on the validation set

class. That’s why the result is skewed to the non-
racial hoax due to class imbalance problem. After
analyzing the error, we found that the racial hoax
containing text is misclassified as a non-racial hoax
in some cases.

The confusion metrics show them well. These
are due to the language morphology and lexical
ambiguity, sarcasm, and irony when the context of
the sentence is ambiguous. Rare words or dialects
may also be another reason for these misclassifi-
cations. The evaluation metrics of our best model
for corresponding languages are shown in Table
3. Incorporating additional context using hierar-
chical models could help in better understanding
the context. Fine-tuning multilingual transform-
ers in domain-specific corpora may also improve
performance.

6 Conclusion

In this study, we proposed a transformer-based clas-
sification pipeline for detecting racial hoaxes in
code-mixed Hindi-English social media content.
Our approach incorporated robust preprocessing,
Hinglish-specific tokenization, and fine-tuned mul-
tilingual models such as XLM-RoBERTa. Due to
the problem of class imbalance in the dataset, we
placed additional emphasis on preprocessing, in-
corporating techniques such as oversampling, data
augmentation to mitigate the skew and enhance
model generalization. That is why the experimen-
tal results demonstrated the effectiveness of our
methodology, achieving strong performance on the
LT-EDI@LDK-2025 shared task. Among all in-
ternational participants, our system secured first
place in the shared task with a satisfactory F1-score
of 0.75, demonstrating the effectiveness of our
method in addressing racially manipulative content
in multilingual contexts. These findings highlight
the importance of addressing racial disinformation
in multilingual online spaces using deep learning.



Limitations

While our approach demonstrates better perfor-
mance, it has certain limitations also. First of all,
the provided dataset is quite small and class imbal-
ance problem. The impact of the dataset on model
development is visible in the result and error anal-
ysis section. The class imbalance problem skews
the expected output to non-racial hoax class. Im-
proving the dataset volume and more sample for
‘Racial Hoax’ class, better output can be expected.
Secondly, our model shows limitations in captur-
ing the sarcasm, irony, or implicit abusive content.
As these are low resources languages and due to
their native morphology, capturing the context is
challenging.
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