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Abstract

In the age of digital communication, social me-
dia platforms have become a medium for the
spread of misinformation, with racial hoaxes
posing a particularly insidious threat. These
hoaxes falsely associate individuals or com-
munities with crimes or misconduct, perpetu-
ating harmful stereotypes and inflaming soci-
etal tensions. This paper describes the team
“Hope_for_best” submission that addresses the
challenge of detecting racial hoaxes in code-
mixed Hindi-English (Hinglish) social media
content and secured the 2" rank in the shared
task (Chakravarthi et al., 2025). To address
this challenge, the study employs the HoaxMix-
Plus dataset, developed by LT-EDI 2025, and
adopts a multi-phase fine-tuning strategy. Ini-
tially, models are sensitized using the THAR
dataset—targeted hate speech against religion
(Sharma et al., 2024) —to adjust weights to-
ward contextually relevant biases. Further
fine-tuning was performed on the HoaxMix-
Plus dataset. This work employed data balanc-
ing sampling strategies to mitigate class im-
balance. Among the evaluated models, Hing-
BERT achieved the highest macro F1-score of
73% demonstrating promising capabilities in
detecting racially charged misinformation in
code-mixed Hindi-English texts.

1 Introduction

In the digital era, social media platforms have rev-
olutionized global communication by enabling in-
dividuals to disseminate information across vast
and diverse audiences. However, this accessibility
has also facilitated the rapid spread of misinforma-
tion, including racially charged hoaxes that falsely
implicate individuals or communities in criminal
or unethical behavior. Such hoaxes are not merely
misinformative but are deliberately crafted to re-
inforce harmful stereotypes, incite hostility, and
exacerbate societal divides (Singh et al., 2025).
Platforms like Twitter, Facebook, and YouTube
empower users with the ability to express opinions
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publicly and anonymously. While this democrati-
zation of speech has positive implications, it also
opens the door to misuse. These platforms, with
their anonymous nature and rapid content spread,
often intensify hate-fueled narratives. This makes it
increasingly important to build automated systems
that can identify and curb such content before it
leads to real-world consequences (Shanmugavadi-
vel et al., 2022).

In the domain of targeted hate speech detection,
Natural Language Processing (NLP) has made sig-
nificant progress with the advent of deep learn-
ing architectures (Sharma et al., 2025b). Early
approaches employed Long Short-Term Memory
networks (LSTM) (Hochreiter and Schmidhuber,
1997) and Gated Recurrent Units (GRU) (Chung
et al., 2014), but the emergence of transformer-
based models, particularly BERT (Vaswani et al.,
2017), has significantly improved performance
across a range of language understanding tasks.

One of the major challenges in this domain is
dealing with code-mixed text, especially Hindi-
English (Hinglish), which is commonly used in In-
dian social media discourse. This linguistic mixing
complicates tokenization, syntactic parsing, and se-
mantic understanding. While several studies have
focused on hate speech detection in Indic languages
(Mathew et al., 2021; Patwa et al., 2020), the prob-
lem of detecting racial hoaxes in Hinglish remains
underexplored.

The present study contributes to this growing
field by introducing a transformer-based approach
for the classification of racial hoaxes in code-mixed
Hindi-English social media content. Building on
the HoaxMixPlus dataset introduced by LT-EDI
2025, this study employs a multi-phase fine-tuning
strategy to adapt models for the detection of con-
textually biased misinformation. Initially, pretrain-
ing is conducted on the THAR dataset (Sharma
et al., 2024), which targets hate speech against re-
ligious communities, followed by fine-tuning on



task-specific HoaxMixPlus data. Among the mod-
els evaluated, Hing-BERT achieved the best perfor-
mance, demonstrating its effectiveness in captur-
ing racially hostile content embedded in informal,
code-mixed linguistic structures.

This paper is structured as follows: Section 2
provides a comprehensive review of the existing
literature on misinformation and hate speech detec-
tion, specifically within the context of code-mixed
languages. Section 3 outlines the datasets utilized
in this study, namely the THAR and HoaxMix-
Plus datasets, along with a detailed description of
their respective features. Section 4 describes the
methodology employed, with an emphasis on the
multi-phase fine-tuning approach, model architec-
ture, and data preparation techniques. In Section
5, the experimental results are presented. Section
6 offers a detailed discussion and analysis of the
model’s performance. Finally, Section 7 concludes
the paper and highlights potential avenues for fu-
ture research.

2 Related Work

The detection of misinformation and racially mo-
tivated hoaxes in social media has attracted in-
creasing attention in recent years, particularly in
multilingual and code-mixed contexts. Prior stud-
ies have explored various linguistic and contextual
challenges in identifying harmful narratives, such
as hate speech, fake news, and racially biased mis-
information.

There is a growing need for research addressing
harmful and biased content in code-mixed and mul-
tilingual social media, supported by the creation of
linguistically diverse datasets and model strategies.
Studies such as HopeEDI (Chakravarthi, 2020) and
the ensemble-based model for hope speech detec-
tion in English and Dravidian languages (Sharma
et al., 2025a) highlight the effectiveness of such
approaches in promoting inclusive and equitable
language technologies.

Code-mixed language, especially Hindi-English
(Hinglish), presents significant challenges for nat-
ural language understanding due to its informal
structure and lack of standardized grammar. Re-
cent efforts, such as Patwa et al. (2020), have ad-
dressed sentiment analysis and offensive language
detection in code-mixed texts through SemEval-
2020. Similarly, Barman et al. (2014) provided
foundational insights into part-of-speech tagging
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in Bengali-Hindi-English code-mixed social media
content, underscoring the complexity of such texts.
Although racial hoaxes remain an underexplored
domain, prior research in hate speech detection
provides valuable foundations. Datasets such as
THAR (Sharma et al., 2024) target religious hate in
multilingual Indian contexts, offering pretraining
potential for models tackling similar sociolinguistic
phenomena. Other notable works include Mathew
etal. (2021), who introduced HateXplain—a bench-
mark dataset for hate speech detection with multi-
perspective annotations including class labels, tar-
get communities, and human-provided rationales
to improve model explainability and reduce bias,
and Vidgen and Yasseri (2020), who developed a
multi-class classifier to distinguish between non-
Islamophobic, weakly Islamophobic, and strongly
Islamophobic content, emphasizing the need for
nuanced categorization over binary classification.
Transfer learning through sequential fine-tuning
has shown considerable promise in improving task-
specific performance for low-resource and domain-
specific problems. The use of a multiphase fine-
tuning pipeline, where models are initially exposed
to related bias-aligned data (e.g., hate speech or reli-
gious hostility) and subsequently adapted to the tar-
get task (e.g., racial hoaxes), aligns with strategies
explored in Gururangan et al. (2020), who demon-
strated the efficacy of domain-adaptive pretraining.
In the current work, models such as Hing-BERT
leverage this approach by first calibrating on THAR
before task-specific tuning on HoaxMixPlus.
Pretrained multilingual models like MuRIL
(Kakwani et al., 2020) and domain-specific trans-
formers such as Hing-BERT (Kumar et al., 2020)
have been specifically optimized for Indian lan-
guages and their mixed variations. These models
benefit from pretraining on diverse scripts and col-
loquial structures, making them suitable for nu-
anced detection tasks in Hinglish texts. Moreover,
models like hing-roberta-mixed have demonstrated
competitive performance in identifying hate speech
in informal, noisy, and multilingual settings.
Given the skewed nature of real-world social
media datasets, strategies like data sampling, loss
re-weighting, and oversampling are commonly
adopted to mitigate bias and improve minority class
detection. Approaches documented in Rathpisey
and Adji (2022) emphasize the importance of bal-
ancing in achieving fairer performance across all
classes.
Despite the substantial progress in detecting hate



speech, fake news, and offensive content in code-
mixed and multilingual contexts, the specific prob-
lem of identifying racially motivated hoaxes re-
mains insufficiently addressed. Most existing stud-
ies focus on broad categories of harmful content,
often overlooking the nuanced linguistic and con-
textual markers unique to racial hoaxes, especially
in informal, code-mixed languages like Hinglish.
This presents a significant research gap, as racially
charged misinformation can have far-reaching soci-
etal impacts. In this work, we aim to address this
gap by proposing a novel multi-phase fine-tuning
approach—first sensitizing models on a related hate
speech dataset (THAR), then adapting them to the
task-specific HoaxMixPlus dataset for racial hoax
detection. This strategy enhances model perfor-
mance in low-resource settings while introducing a
focused lens on racial misinformation.

3 Dataset Description

The datasets used in this work were provided by
the organizers of the LT-EDI 2025 shared task '
(Chakravarthi et al., 2025). Two datasets were em-
ployed in our multi-phase fine-tuning approach:
the THAR dataset (Sharma et al., 2024), which tar-
gets religion-based hate speech, and the HoaxMix-
Plus dataset, a novel resource annotated for racial
hoaxes in code-mixed Hindi-English social media
content.

3.1 THAR Dataset

The Targeted Hate Against Religion (THAR)
dataset comprises social media comments anno-
tated for the presence of religious hate speech. The
dataset consists of binary labels, with values Non-
AntiReligion and AntiReligion. This dataset was
used to contextually sensitize the model toward
sociocultural bias before fine-tuning on the target
task. Due to limited data in HoaxMixPlus, we first
fine-tune the model on the larger, related THAR
dataset to help it learn code-mixed hate speech pat-
terns, enhancing its performance on racial hoax
detection.

3.2 HoaxMixPlus Dataset

The HoaxMixPlus dataset consists of 5,105
YouTube comment posts written in code-mixed
Hindi-English (Hinglish). It is annotated specifi-
cally for racial hoaxes, which are a subcategory of
misinformation that falsely associates individuals

"https://codalab.lisn.upsaclay.fr/competitions/21885

41

or groups with crimes or controversial events. This
dataset represents an important advancement for
low-resource language settings, offering a bench-
mark for racial hoax detection in multilingual so-
cial contexts. The dataset(Training and validation)
includes two fields: clean_text and labels, and the
test set contains three fields: id, clean_text, and la-
bels. The labels are binary, with values non-racial
hoax and racial hoax.

The distribution of both datasets is provided in
Table 1 and 2.

Table 1: THAR Dataset Distribution for Religious Hate
Speech Detection

Total
11,549

Dataset
THAR

Non-AntiReligion
6,095

AntiReligion
5,454

Table 2: HoaxMixPlus Dataset Distribution for Racial
Hoax Detection

Dataset Non-Racial Racial Total
HoaxMixPlus (Train) 2,319 741 3,060
HoaxMixPlus (Dev) 774 247 1,021
HoaxMixPlus (Test) 774 247 1,021

4 Methodology

Text classification remains a fundamental task in
Natural Language Processing (NLP), particularly
when dealing with complex phenomena such as
racial hoaxes in multilingual contexts. Our ap-
proach addresses the challenge of detecting racial
hoaxes in code-mixed Hindi-English social media
content through a novel multi-phase sequential fine-
tuning architecture using Hing-BERT model.

This paper aims to highlight the importance of
detecting racially motivated hoaxes in online dis-
course and presents a robust methodology that inte-
grates contextual pretraining, class balancing tech-
niques, and model architecture selection tailored
for code-mixed inputs.

4.1 Data Preparation and Balancing

The experiment utilizes two distinct datasets:
‘Racial Hoaxes dataset’, and “THAR dataset’ (Tar-
geted Hate Against Religion dataset). Due to the in-
herent class imbalance in the racial hoaxes dataset,
we implemented an upsampling technique for the
minority class (racial hoaxes) to create a balanced
training dataset. This process involves randomly



sampling with replacement from the minority class
until it matches the size of the majority class, fol-
lowed by shuffling the combined dataset. This
approach prevents bias toward the majority class
and improves model generalization.

4.2 Model Architecture

Our approach leverages the “l3cube-pune/Hing-
BERT” pre-trained model, which is specifically
designed for Hindi-English code-mixed text. This
model builds upon the BERT architecture but has
been pre-trained on a corpus of code-mixed Hindi-
English data, making it particularly suitable for
our task. We adapted this model for sequence
classification with a binary output layer to clas-
sify text as either containing racial hoaxes (1) or
not (0). The Hing-BERT model maintains the
transformer-based architecture with multiple self-
attention heads, which allows it to effectively cap-
ture contextual relationships in code-mixed text
where linguistic patterns differ significantly from
monolingual content.

4.3 Multi-Phase Sequential Fine-tuning

The core innovation in our methodology is the
multi-phase sequential fine-tuning approach:

1. First Fine-tuning Phase (Domain Adapta-
tion/Sensitivity Conditioning): We initially
fine-tune the Hing-BERT model on the THAR
dataset focused on anti-religious hate speech
content. This phase sensitizes the model’s
weights towards recognizing nuanced and sen-
sitive linguistic cues commonly present in
harmful content. The model thereby develops
a refined sensitivity to contextually offensive
and hate-indicative language patterns, effec-
tively conditioning it for task adaptation in
subsequent fine-tuning stages.

. Second Fine-tuning Phase (Task Adapta-
tion): Building on the sensitized weights from
the first phase, we perform a second round
of fine-tuning using the racial hoaxes dataset.
This phase involves relatively minor adjust-
ments to the preconditioned weights, steer-
ing them toward the specific task of detecting
racially motivated hoaxes while preserving the
model’s learned sensitivity to harmful content.
This sequential approach allows the model to
build upon the knowledge acquired in the do-
main adaptation phase while specializing in
the specific characteristics of racial hoaxes.
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Phase I: Fine-Tuning

THAR Dataset

v

Tokenize using Hing-
BERT Tokenizer

v

Fine-tune Hing-
BERT - Phase 1

Racial Hoaxes Test
Dataset

Phase IIl:Fine-Tuning

Racial Hoaxes Train
and Validation

v

Balance Classes
(Oversampling)

L v

. A Tokenizer
Tokenize using same

Hing-BERT
Tokenizer

v

Fine-tune previously
fine-tuned Hing-
BERT - Phase 2

l v

Run Inference using
Final Fine-tuned
Hing-BERT

!

Compute Evaluation
Metrics

!

Predict Racial Hoax /
Not Hoax Labels

—

Figure 1: Two-stage fine-tuning and evaluation using
THAR and HoaxMixPlus datasets.

This multi-phase approach follows the principle
of curriculum learning (Bengio et al., 2009), where
the model progressively learns from a broader or
similar related domain (religious hate speech) to
the specific target domain (racial hoaxes).

4.4 Tokenization and Model Configuration

We employed the specialized tokenizer from
“I13cube-pune/Hing-BERT”, which effectively han-
dles code-mixed Hindi-English text. Texts were
tokenized with a maximum sequence length of
128 tokens, applying padding and truncation as
needed. This configuration balances computational
efficiency with the need to capture sufficient con-
text from social media posts.



4.5 Training Configuration

The model fine-tuning involves adjusting several
standard hyperparameters during the train-
ing process, which are set explicitly in the
TrainingArguments objects. The learning
rate is tuned in two phases: Phase I (THAR dataset
pre-training) uses a learning rate of 2 x 1075,
while Phase II (racial hoax dataset fine-tuning)
uses a reduced learning rate of 2 x 1075, This
staged reduction allows the model to converge
smoothly and helps prevent catastrophic forgetting
after initial domain adaptation. The batch size
is set to 16 per device for both training and
evaluation. The number of training epochs is set
to 4 in both phases. A weight decay of 0.01 is
applied to regularize the model and reduce the
risk of overfitting. The model saving strategy
includes 1oad_best_model at_end=True,
ensuring that the best model, based on validation
F1-score, is retained at the end of training. All
fine-tuning is done by updating the standard
transformer layers and the classification head pa-
rameters with no weights are frozen. No adapters
are used in this model and the fine-tuning directly
optimizes the full model without incorporating
any additional adapter modules. The code uses
AutoModelForSequenceClassification,
which internally applies cross-entropy loss for
binary classification. This is standard and not
overridden or custom-defined in the code. The
optimization was performed with the AdamW
optimizer.

4.6 Inference Pipeline

For deployment and testing, we developed a pre-
diction function that processes new text samples
through the following steps:

1. Tokenization of the input text
2. Forward pass through the model
3. Classification based on the output logits

4. Return of human-readable prediction (Racial
Hoax detected/Not a Racial Hoax)

Several transformer models were trained using
the training and development datasets, and their
performance is shown in Table 3. After testing the
performance of various transformer models, the top
three models with the best performance were se-
lected. The models, Hing-BERT (Nayak and Joshi,
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2022), BAAI BGE-M3 (Sun et al., 2024), hing-
roberta-mixed (Nayak and Joshi, 2022), MuRIL
(Khanuja et al., 2021) were selected. The chosen
models were trained using a combined version of
the training and validation datasets to make the
final predictions.

5 Results

The proposed approach, centered around Hing-
BERT and refined using a multi-phase fine-tuning
strategy, demonstrated strong effectiveness in iden-
tifying racial hoaxes in code-mixed Hindi-English
(Hinglish) social media data. After initially adapt-
ing the model to socio-religious hate contexts using
the THAR dataset, the system was further fine-
tuned on the HoaxMixPlus dataset, allowing it to
capture task-specific linguistic and contextual cues.

On the test set consisting of 1,021 instances,
the model achieved a high overall accuracy of
80%, affirming the robustness of the learned rep-
resentations. Notably, the model attained a macro-
averaged F1-score of 0.73, indicating balanced per-
formance across both hoax and non-hoax classes.
The weighted average precision and recall values,
both reaching 0.81 and 0.80 respectively, high-
light the model’s strong capability to make reli-
able predictions while handling class distribution
effectively.

The BAAI BGE-M3 model also performed well,
with a macro Fl-score of 0.72 and accuracy of
0.79, closely followed by MuRIL and hing-roberta-
mixed. Models like Indic-BERT, Hing-BERT
LID (Nayak and Joshi, 2022) and roberta-en-hi-
codemixed exhibited comparatively lower scores,
suggesting they are less effective for this specific
task. The results affirm that domain-specific pre-
training and code-mixed adaptability significantly
enhance model effectiveness for this challenge.
The results of all the models evaluated using the
training data are presented in Table 3.

The results presented in Table 4 show the per-
class F1-scores, precision, and recall for various
models in detecting non-racial hoax (Class 0) and
racial hoax (Class 1) content.

6 Discussion

Hing-BERT outperforms other models in detect-
ing racial hoaxes within code-mixed Hindi-English
social media text due to its alignment with the lin-
guistic characteristics of such data. Unlike mod-
els like Indic-BERT, mBERT, or MuRIL, which



Table 3: Model Performance with Multi-Phase Fine-Tuning

Model Macro F1 Score Accuracy
Indic-BERT 0.68 0.74
roberta-en-hi-codemixed model 0.67 0.73
BAAI BGE-M3 0.72 0.79
Muril model 0.70 0.75
hing-roberta-mixed 0.70 0.75
Hing-BERT LID 0.69 0.78
Hing-BERT 0.73 0.80

Table 4: Performance Metrics for Each Model (Per-Class F1 Scores)

Model Non-Hoax Hoax
Precision Recall F1-Score Precision Recall F1-Score

Indic-BERT 0.80 0.87 0.83 0.62 0.50 0.55
roberta-en-hi-codemixed 0.75 0.87 0.81 0.66 0.46 0.54
BAAI BGE-M3 0.87 0.84 0.85 0.56 0.59 0.57
Muril 0.83 0.86 0.85 0.59 0.53 0.56
hing-roberta-mixed 0.76 0.89 0.82 0.70 0.49 0.57
Hing-BERT LID 0.77 0.88 0.69 0.67 0.49 0.56
Hing-BERT 0.88 0.86 0.87 0.57 0.60 0.58

were pre-trained on formal or monolingual cor-
pora, Hing-BERT was pre-trained on large-scale
real-world code-mixed data from platforms such as
Twitter and YouTube. This exposure enables it to
model code-switching patterns, transliteration vari-
ants (e.g., acha, accha, achha), and the blending
of grammatical structures across languages more
effectively.A key strength is its ability to deal with
the informal, messy nature of social media, includ-
ing slang, spelling variations, hashtags, emojis, and
subtle code-switch points that may signal sarcasm
or misinformation. However, the model has its
drawbacks. It tends to favor the majority class due
to dataset imbalance and can be sensitive to noisy
inputs like excessive emojis or special characters.
There’s also the risk of hidden biases linked to de-
mographics or dialects in the training data. Finally,
the model’s decisions are not easily explainable,
making it harder to understand or trust why certain
posts are flagged as racial hoaxes.

7 Conclusion and Future Work

This study presents an effective multi-phase fine-
tuning approach for detecting racial hoaxes in
Hinglish social media content, achieving a macro
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F1-score of 73% using Hing-BERT. By incorporat-
ing bias-aware pretraining via the THAR dataset
and addressing class imbalance through strate-
gic sampling, the model demonstrates enhanced
contextual sensitivity and robustness. Future en-
hancements may include using contrastive learning
(Chen et al., 2020) to better identify subtle forms
of hate, incorporating other types of information
such as images and hashtags, and expanding the
system to support more code-mixed languages spo-
ken in India and fairness audits and bias mitigation
to improve reliability. Techniques like adversarial
testing (Goodfellow et al., 2015) and explainability
(Ribeiro et al., 2016; Lundberg and Lee, 2017) can
also help make the model more reliable and easier
to understand when used in real-world settings.
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9 Source code availability

https://github.com/Abhi-3022/De
tecting-Racial-Hoaxes—-in-Code—Mix
ed-Hindi-English-Social-Media-D
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