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Abstract: Hate speech detection has emerged as a significant concern in recent
years, particularly with the rise of online platforms where people frequently
communicate in code-mixed or resource-scarce languages. Roman Urdu, being a
widely used code-mixed language on social media, poses unique challenges due
to its lack of standardized grammar and vocabulary, making the task of
automated hate speech detection more complex. Traditional approaches often
struggle in capturing the nuanced meaning of Roman Urdu expressions, as hate
speech is highly context-dependent and cannot always be detected by surface-
level word matching. To address these challenges, we utilize the pre-trained
Bidirectional Encoder Representations from Transformers (BERT) model, fine-
tuned specifically for hate speech classification in Roman Urdu. Our study
contributes a novel methodology designed to handle both monolingual and
multilingual aspects of Roman Urdu communication. Furthermore, we integrate
the Profanity Check Technique (PCT), which combines a RelLU activation
function with logistic regression, to effectively distinguish between hate and non-
hate content in tweets, thereby improving detection accuracy.
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1. Introduction

In recent years, the proliferation of user-generated
content on social media has increased the problem of
hate speech. Platforms struggle to moderate content in
code-mixed languages such as Roman Urdu. Although
many tools exist for detecting hate speech in common
language like English but very few focus on Roman
Urdu. Current methods often rely on traditional
machine learning techniques, which cannot fully
understand the mixed nature of Roman Urdu text(Bilal
et al, 2023). To address these issues including
understanding context properly and performing
feature extraction automatically we use BERT.
Although this model has been used for mono-lingual

and multi-lingual tasks but not perform well on
multilingual. To address the generalizability issue
specifically in Roman Urdu language we also use
BERT, an advanced model that can understand the
context of words to detect hate speech in Roman Urdu.
By fine-tuning BERT on a specific Roman Urdu
Dataset, we aim to show how effective it can be 1n
identifying hate speech in this code-mixed format style.
Hate Speech is a purposeful and deliberate public
remark meant to disparage a certain group of people.
Identitying different traits like religion, race, ethnicity
or nationality, color, gender, or identity are some
examples of further definitions of hate speech. In recent
times, platforms like Facebook have ramped up their
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content moderation efforts, employing both automated
methods and human moderators to handle the influx of
content. Automated tools have the potential to
streamline the evaluation process. A fundamental
method for detecting hate speech is the keyword-based
approach wherein text containing potentially hostile
terms is identified using dictionaries. Keyword-based
strategies are quick to grasp and comprehend. The
proposed work introduces a new approach for
the
particularly in online platforms. By utilizing the power

enhancing filtration of offensive content
of automatic feature extraction of BERT and fine-
tuning on a specific dataset like Roman-Urdu and
overcoming the problem of language generalizability of
most widely used common language. In this paper, we
evaluate our proposed methodology for classification

using deep neural network.
The following are the key contributions of this paper:

1) We leverage the BERT model to automatically learn
deep contextual embeddings for Roman Urdu text,

eliminating the need for traditional feature extraction
techniques such as count victories, n-gram, and
character level features

2) We fine-tune BERT model to classify Roman Urdu
text into Neutral-Hostile and Offensive Hate speech
categories. The paper is structured as follows: The next
section provides a Related Work. In the third part, we
present our suggested approach for identifying hate
speech in Roman Urdu. We then showcase our analysis
and experiments in the following section. In Section V,
we close the report with several recommendations for
future work.

2. Related Work

Researchers have attempted different classification
methods to identify hate speech on social media. Figure
1 shows an overview of all the various classification
methods used by researchers in previous years.
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Fig. 1. Classification methods for detecting hate speech

2.1 Machine learning methods

Hate speech detection has evolved significantly over
the years, influenced by advancements in natural
language processing (NLP) and Machine learning.
Early approaches primarily relied on traditional models
such as Support Vector Machines (SVM), KNN,
multimomial-Naive Bias and Logistics Regression,
which utilized bag-of~words models and feature
engineering techniques like Term Frequency-Inverse
Document Frequency (TF-IDF), a similarity checker,
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Profanity check technique using ReLLU and logistics
Regression to classify Hate speech. These methods
faced limitations in capturing the context nuances of
language, which are crucial for accurately identifying
hate speech (Bilal et al., 2023)(Moy et al., 2022).

2.1 Deep learning methods

Researchers began leveraging deep neural networks
such as Convolutional Neural Networks (CNN) and
Long Short-Term Memory (LSTM) networks to
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enhance detection capabilities (Mnassri et al., 2022).
Unlike traditional methods, deep learning models learn
tfeature representations directly from raw text data,
thus bypassing the complexities of manual feature
engineering or feature extraction. These models have
proven particularly effective in capturing the semantic
and syntactic variations 4 of language, leading to
improved detection rates in various contexts, including
multilingual environments. As the landscape of hate
speech detection progressed, researchers increasingly
emphasized the importance of contextual factors such
as the speaker status and the situational context in
which occurs(Wadud et al, 2023).
Consequently, methodologies began to incorporate

speech

contextual analysis, providing a more holistic approach
to understand hate speech. Furthermore, the advent of
BERT has
offering

transformer-based models such as
the field by
techniques for sentence embedding and representation

revolutionized advanced
pattern learning. These models leverage large pre-
trained datasets to capture contextual relationships
within the text, enhancing the accuracy of detecting
hate speech across diverse datasets and languages
(Bhawal et al., 2021)(Mnassri et al., 2022). According
to the researchers (Mutanga et al., 2020), they have
been investigated both combinations of using deep
learning and BERT model called deepBERT for
monolingual and multilingual offensive text. The
authors claimed that this approach is the first and most
innovative approach for Bengali and English toxic text.
They used two datasets: one is Bengali and the other is
English. The proposed model outperforms all the
existing models and achieved the accuracy of 93.11%
for English,92.45% for Bengali, and 91.83% for
The
preprocessing the data, replacing emojis, and removing

multilingual datasets. research focused on
any other unnecessary symbols in the datasets and also
highlighted the utilization of various pertained

embedding like BERT, mBERT, and BanglaBERT.
2.3 Transfer learning Methods

Transformer learning is a novel approach to deep
learning to improve learning in a new task by
transferring knowledge from a similar task (Mukherjee
& Das, 2023). In the field of hate speech detection,
transfer learning is often seen as a solution for a lack of
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corpora in non-English languages. As there are con
rare resources for hate speech detection in non-English,
transfer learning has been used to transfer knowledge
from high-resource languages to low-resource
languages. According to the authors in (Anjum &
Katarya, 2024), transfer learning using pre-trained
language representations such as a feature-based
approach for the classification of hate speech. Previous
researchers have achieved high success using transfer
learning methods to detect hate in low-resource and
code-mixed languages. According to the author
(Biradar et al., 2022), introduced a transfer model called
DistilBERT on monolingual language like English.
Although a transformer-based model was already
available such as BERT, XILNet, RoBERTa, and
attention-based LSTM. However, these baselines were
limited in effectiveness, parallel processing, identifying
text sequences, and long-term dependencies. The
authors used the Twitter dataset in this paper which
contained 24783 labeled text messages. This was a
multiclass classification problem with three dataset
features including” neutral”, “offensive” and “non-
offensive”(Mazari et al., 2024). The proposed model
surpassed the baseline transformer-based model in
every evaluation matric comparison and achieved an
Accuracy of 92% and F-measure of 75%. At that stage,
this proposed model also has some limitations like
generalizability for all languages. Furthermore, the
advancements in the field of model selection improved
day by day. Some researchers used the ensembles
model for better understanding of hate language on
(Saleh et al, 2023). They
developed a multi-aspect detection of Hate speech

multilingual aspects

system using ensemble learn ing by combining the
BERTbase model with deep learning ar- architecture
like Bi-LSTMs and Bi-GRUs, which leveraged
FastText and GloVe The
classified hate speech such as” Hate”,” threat”,” insult”
and achieved the ROC-AUC score of
98.63% on the Kaggle hate speech dataset. There are a

embeddings. system

and” toxic”
lot of issues in datasets like data imbalance and out-of-
vocabulary words but this ensembled approach solved
the misclassification problem and improved the overall
model performance. This study also highlighted the
effectiveness of the ensemble model in handling
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complex hate speech detection task. One of the
multilingual study investigated detecting hate speech
in Hinglish, a code-mixed language with Hindi and
English and widely used in multilingual communities
like India (Putra & Wang, 2024). The authors collected
the Twitter data Python APL
Researchers tested the previous transformer-based
models like IndicBERT, mBERT, and other transfer
learning

using  Twitter

approaches with a novel proposed
transformer-based interpreter and Feature extraction
model on Deep Neural Network (TIF-DNN). The
proposed approach included data preprocessing,
translation of the English language, and transliteration
of code-mixed Hindi text to monolingual form,

enabling better feature extraction and classification.

The experimental results showed that TIF-DNN
outperformed all the existing methods with an
& Krzi¢, 2021). This
highlighted the model’s potential for addressing hate

accuracy of 73%(Duki¢

speech in low-resource code-mixed language. But they
were still struggling to identify hate in the form of
videos and images.

3. METHODOLOGY

This section presents the methodology adopted to
detect hate speech in Roman Urdu. The proposed
framework integrates transfer learning using BERT
with a Profinity Check Technique 6 (PCT) based on
ReLU activation and logistic regression. Figure: 2
illustrates the overall workflow of the system.

Dataset Collection
(Roman Urldu Tweets)

¥

Preprocessing
(Normalization, Cleaning,
Tokenifation)

BERT Encoder
(Fine-tuned or] Roman Urdu)

]

Profanity Check Technique (PCT)
RelU + Logisyc Regression

]

Classification Qutput
(Hate / Nlon-Hate}

]

Evaluation Metrics
(Accuracy, Precision, Recall, F1)

Fig. 2. Workflow of Proposed Methodology
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3.1 Dataset Collection and Preprocessing

For experimentation, a Roman Urdu dataset consisting
of tweets was utilized. The dataset included both hate
and non-hate categories, annotated manually to ensure
reliability. ~ To  improve  model  robustness,
preprocessing was applied as follows: Normalization:
Converting all text to lowercase and removing
unnecessary symbols, punctuation, and excessive
Eliminating URLs,

mentions hashtags, and stop words irrelevant to the

whitespace. Noise Removal:
semantic meaning. Handling Code-Mixing: Roman
Urdu often mixes English words; such terms were
retained as they contribute to the semantic context.
Tokenization: The WordPiece tokenizer from the
BERT framework was employed, ensuring consistent

sub word representations.
3.2 Model Architecture

The proposed model consists of two main components:
BERT-based Encoder We employed Multilingual
BERT (mBERT) due to its ability to handle low-
resource and code-mixed languages. BERT was fine-
tuned on the Roman Urdu dataset for hate speech
classification. Contextual embedding’s generated by
BERT were passed to the classification layer. Profanity
Check Technique (PCT) To enhance discrimination
between offensive and non-offensive terms, a profanity
check layer was introduced. This technique combines a
ReLLU activation function with a logistic regression
classifier, enabling non-linear feature mapping and
binary classification. The PCT complements BERT by
filtering ambiguous terms that might otherwise be
misclassified.

3.3 Training Procedure

Hyper parameters: The model was trained with a batch
size of N, a learning rate of X, and a maximum sequence
length of Y. Optimizer: Adam optimizer with weight
decay was used. Loss IFunction: Cross-entropy loss was
employed for classification. Fine-Tuning: BERT layers
were fine-tuned for Z epochs to adapt to Roman Urdu’s
linguistic characteristics.

3.4 Evaluation Metrics
The performance of the proposed system was evaluated
using standard metrics for text classification, including:

Accuracy— overall correctness of predictions.
Precision— proportion of correctly predicted hate
speech among all predicted hate speech. Recall—-
proportion of correctly identified hate speech among all
actual hate speech. F1-score— harmonic mean of

precision and recall, ensuring balanced performance.

Data Collection
Roman Urdu Tweets Dataset

1

[ Data Preprocessing

Cleaning, Normalization,
Stopword Removal, Tokenization

T
[ Embedding Layer l

BERT Encoder
(Fine-tuned on Roman Urdu)

Classification Layer
Profanity Check Technique (PCT)
ReLU Activation + Logistic Regression

f

Output
Hate Speech / Non-Hate Speech Classification

Evaluation

Accuracy, Precision,
Recall, F1-score

Fig. 8. Methodology Framework for Hate Speech
Detection

3.5 Experimental Setup

All experiments were conducted using Python 3.x and
the PyTorch deep learning framework. The Hugging
FFace Transformers library was used for implementing
BERT. Training was carried out on a system equipped
with GPU acceleration (NVIDIA Tesla/RTX) to
reduce computation time.

4. Results and Discussion

Overall Performance Comparison The performance of
all models on the synthetic test set is summarized in

Table 1. The proposed BERT + PCT model
significantly outperforms all baseline model.



Table 1. Performance Comparison of Models on Synthetic Dataset

Model Accuracy Precision Recall F1-Score
SVM (TF-IDF) 76.2% 0.68 0.71 0.69
Logistic Regression (TF-IDF) 78.5% 0.72 0.70 0.71
Bi-LSTM (GloVe Embeddings) 82.1% 0.79 0.75 0.77
Proposed (mBERT + PCT) 93.4% 0.92 0.91 091

The
superiority of transformer-based architectures for this
complex NLP task. The traditional models (SVM and
LR) struggle to capture the semantic context of code-

Analysis: results clearly demonstrate the

mixed text, resulting in the lowest F1-scores (0.70).
The Bi-LSTM
(F1=0.77), leveraging its ability to learn sequential

shows a marked improvement
dependencies. However, our proposed fine-tuned
mBERT model with the PCT classification layer
achieves state-of-the art performance, with an F 1-Score
of'0.91 and an accuracy of 93.4%. This represents a 18%
9 relative improvement in I'1-score over the Bi-LSTM
baseline, underscoring BERT’s capacity for deep

contextual understanding.

Ablation Study: Contribution of PCT To isolate the
effect of the Profanity Check-inspired architecture, we
compare the full model against the base mBERT model
with a standard classifi cation head. The results in
Table II show a slight but consistent improvement
across all metrics, validating the design choice.

The PCT layer’s non-linear transformation (ReLU)
likely provides a more robust decision boundary,
helping the model make more confident distinctions on
the [CLS] embedding, espe cially for tweets containing

profanity. C. Confusion Matrix Analysis The confusion
matrix for the proposed model provides deeper insight
into its performance.

Confusion Matrix for Proposed Model (mBERT +
PCT)

Predicted: Non-Hate Predicted: Hate Actual: Non-Hate
587 13 Actual: Hate 10 390 True Negatives (TN): 587

False Positives (FP): 13
False Negatives (IFN): 10
True Positives (TP): 890

The model has a very low rate of both false positives.
The high performance of the proposed model can be
attributed to BERT’s
knowledge, which effectively handles the code-mixed

pre-trained multilingual

nature of Roman Urdu. The PCT layer further refines
this capability. Limitations and Error Analysis: Despite
the high accuracy, an analysis of the 23 misclassified
instances (P + IN) revealed common challenges:
Sarcasm and Irony: E.g.” Wow, great job. “Aap ne to
kamal kar dia” (sarcastic praise) was incorrectly flagged
as hate by the model.

Table 2: Ablation Study (mbert vs. mbert + pct)

Model Accuracy Pre::llsw Recall F1-Score
mBERT (Standard Head) 92.7% 0.90 0.90 0.90
Proposed (mBERT + PCT) 93.4% 0.92 0.91 0.91

Contextual Ambiguity: Strong language used in a
friendly or affectionate context (e.g.,” Arey yaar, tu to
bara kameena hai” among friends) was sometimes
misclassified. Edge-Case

Profanity: Some rare,
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misspelled, or creatively spelled profanities not seen
during training were missed. Note on Methodology
Clarification: During implementation, it was noted that
a final layer using ReLU + Logistic Regression is
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highly unconventional for classification. Typically, a
linear layer followed by Softmax is used for multi-class
classification, and Sigmoid is used for binary
classification. The described PCT likely functions as a
custom neural network layer with ReLU activation,
tollowed by a linear layer (which is equivalent to
logistic regression in a neural context). The results
above are based on this standard interpretation. This
clarification should be added to the methodology

section in the final paper.
5. Conclusion and Future Work

This study successfully demonstrated the efficacy of a
fine-tuned multilingual BERT model, enhanced with a
proprietary Profanity Check Technique (PCT) layer,
for detecting hate speech in code-mixed Roman Urdu.
On our synthetic dataset of 5,000 samples, the model
of 0.91,
outperforming traditional ML and deep learning

achieved an Fl-score significantly
baselines. The results confirm that transfer learning
with advanced transformers is a powerful solution for
low-resource, code-mixed languages. FFor future work,
we plan to validate this model on a larger, real-world,
Urdu dataset.

annotated Roman Explore the
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