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ABSTRACT

Aims: Social media and digital platforms face increasing challenges in dealing with multilingual abusive content, which calls for
the development of effective solutions for the automatic detection of hate speech. This research presents a practical system for
monitoring hate speech in three languages (Arabic, Turkish, and English) based on the improved XLM-RoBERTa model, while
exploring ensemble techniques as a baseline for comparison.

Methods: FrancophonIA data, consisting of 219,508 texts across the three languages, was used after processing. Baseline models
were developed combining logistic regression, support vector machines, and random forest using soft voting with TF-IDF
feature extraction. The main model was based on XLM-RoBERTa with graphics processing unit (GPU)-accelerated training
and an early stopping strategy to improve efficiency. The final models were converted to ONNX for compatibility, and a mobile
application was created for Android.

Results: The baseline model achieved a macro Fl-score of 0.7796, outperforming the individual classifiers. In contrast, the
optimized XLM-RoBERTa achieved a substantial improvement of 84.93% accuracy and a macro Fl-score of 0.8493 across
different languages. Optimization via open neural network exchange (ONNX) enabled efficient real-time inference in both the
API and the mobile application.

Conclusion: The research proves the feasibility of employing transformer-based multilingual models in building practical
content monitoring systems, with the potential for actual deployment on mobile devices to achieve real-time monitoring of hate
speech in real-world environments.
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INTRODUCTION

Globally, the way people communicate and share information
has changed dramatically as a result of the digital
communication platforms’ explosive rise. But this growth
has also accelerated the dissemination of damaging content,
such as hate and offensive speech, which has a detrimental
impact on people’s well-being and social cohesiveness (Vogels,
2021). A Pew Research Center survey found that 41% of
American adults have personally been the victim of internet
harassment, with 25% reporting more severe or protracted
instances. Furthermore, recent reports from the EU highlight
substantial challenges in content moderation, particularly the
ineffectiveness of automated systems and human reviewers
in detecting nuanced hateful speech across languages and
dialects (Online Content Moderation-Current Challenges
in Detecting Hate Speech | European Union Agency for
Fundamental Rights, 2023).

Despite increasing attention, current hate speech detection
approaches face several limitations. Studies show that
approximately 85% of existing systems are designed
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exclusively for English, with less than 15% addressing
multilingual contexts, leaving a considerable gap for widely
spoken languages such as Arabic and Turkish (Mnassri et
al., 2024). Moreover, many models remain computationally
expensive, resource-intensive, and difficult to deploy in real-
world scenarios, particularly on mobile devices where content
is frequently generated and consumed (Mahajan et al., 2024).

New developments in natural language processing (NLP)
have shown promising cross-lingual performance, especially
transformer-based  architectures like ~XLM-RoBERTa.
However, practical integration of these models into deployable,
real-time applications remains limited due to infrastructure
complexity and high resource demands (Usman etal., 2025). A
recentsystematic review by (Ahmad etal.,2024) compared over
one hundred studies concluded that multilingual transformer
models consistently outperform traditional methods, though
they raise challenges in terms of computational cost and
fairness across languages. (Conneau et al., 2020) expanded
on multilingual capabilities by introducing XLM-R, showing
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that zero-shot cross-lingual transfer is much enhanced by
scaling multilingual models with a variety of language data.
For morphologically rich languages like Arabic and Turkish,
(Rust et al., 2021) investigated language-specific fine-tuning
techniques in more detail, addressing dialectal variances and
code-switching that are common in social media contexts.
For under-resourced languages, recent work has emphasized
Arabic and Turkish (Ahmad et al., 2024) investigated Arabic
hate speech detection, noting the difficulties posed by dialectal
variation and informal writing styles, and highlighted the
need for tailored preprocessing.

Addressing these challenges requires solutions that not only
achieve high detection accuracy but also ensure accessibility,
scalability, and efficiency for end-users. This paper presents
a complete methodology for detecting hate speech in Arabic,
Turkish, and English. The system combines an improved
transformer model, XLM-RoBERT?4, that has been fine-tuned
on GPU with balanced sampling, with the traditional ensemble
baselines of Random Forest, Support Vector Machines, and
Logistic Regression coupled through soft-voting. In addition
to performance, the models were deployed in a practical
environment that included an enhanced open neural network
exchange (ONNX) API for real-time inference and an Android
mobile app for easy access by end users. This combination
of improved accuracy and scalability demonstrates the
feasibility of translating advanced multilingual NLP research
into practical content management solutions.

METHODS
Ethics

Ethical approval was not required for this study as it does not
involve human participants, animal subjects, or identifiable
personal data. All procedures were carried out in accordance
with the ethical rules and principles.

Study Design

This study was designed as an experimental analysis
concentrating on building a system for detecting hate speech
in multiple languages. Our methodology covered six stages:
dataset preparation, preprocessing, baseline construction,
transformer-based modeling, evaluation, and deployment as
shown in Figure 1.
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Figure 1. The methodology steps
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Dataset: The FrancophonIA multilingual hate speech dataset
was used, this dataset originally contained approximately
219,508 training samples in Arabic, English, and Turkish.
The dataset shows a moderate imbalance in classes, with
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hate speech comprising 38.5% (84,418 samples) and non-hate
speech 61.5% (135,090 samples). To address this imbalance,
under sampling was applied, randomly selecting 84,418
samples from the larger group. This resulted in a balanced
dataset of 168,836 samples, with each group representing
50%. Subsequently, stratified sampling was used to divide the
balanced dataset into three groups: a training set (138,122
samples), a validation set (15,349 samples), and a test set
(15,365 samples). The 50% representation of each group was
maintained across all groups. The final dataset distribution
is summarized in Table 1. In addition, the dataset provides
formal test sets dedicated to each language, used to assess
performance separately for each language, including: Arabic
(463 samples), Turkish (5,397 samples), and English (5,906
samples), as shown in Table 2.

Table 1. The dataset distribution

Subset Non-hate samples  Hate samples Total
Training 69,061 69,061 138,122
Validation 7,674 7,675 15,349
Test 7,683 7,682 15,365
Language Total
Arabic 463
Turkish 5,397
English 5,906

Preprocessing: Preprocessing was applied consistently
across the three languages using a five-stage pipeline. In the
first stage, null records were identified and deleted, reducing
the dataset from 219,981 to 219,508 samples (473 samples
deleted). In the second stage, all text was converted to string
format, removing extra spaces at the beginning and end of
the text. In the third stage, URLs were removed using regular
expressions. In the fourth stage, spacing was standardized by
combining spaces and consecutive lines into a single space. In
the fifth stage, character-level filtering was applied to retain
only Unicode ranges associated with the target languages.
These ranges include Arabic characters (U+0600-U+06FF),
expanded Latin characters covering Turkish characters such
as ¢, §,1,0,s, and it (U+00C0-U+024F), and standard English
letters and numbers, while all other special characters and
symbols were removed. The average token length remained
relatively constant before and after processing, at 18.66 tokens
before processing and 18.97 tokens after processing per
sample, with a maximum of 2,909 tokens and a minimum
of 1 token. Finally, the labels were standardized into a binary
format, so that the value 0 represents texts not classified as
hate speech, and the value 1 represents hate speech, resulting
in a data distribution of 135,090 non-hate samples (61.54%)
and 84,418 hate samples (38.46%).

Baseline models: Classical machine learning models were
implemented as a benchmark. TF-IDF vectorization was
used to represent text, followed by classification with logistic
regression, support vector machines (SVM), and random
forest. Their outputs were combined through a soft-voting
ensemble. The ensemble designed was primarily as a baseline
for comparison with the transformer approach.
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Transformer models: For the main structure, the XLM-
RoBERTa transformer was fine-tuned on the balanced
dataset. Training was conducted on an NVIDIA A100 GPU
with optimized hyperparameters to prevent overfitting
while capability. Table 3
summarizes the key training configurations and deployment
specifications. The trained model was exported in ONNX
format, ensuring portability and efficient inference across
various deployment environments, including resource-
constrained mobile devices.

Table 3. The key training configurations and deployment specifications

maintaining generalization

Parameter Value/description
Model XLM-RoBERTa-base
GPU NVIDIA A100
Learning rate le-5
Max_length 128

Batch size 16

Epochs 8

Scheduler linear_warmup_decay
Weight_decay 0.01
Early_stopping patience=3 on val_loss
Random_seed 42
Num_labels 2

Dropout 0.1
Optimization AdamW optimizer
Deployment target Cross-platform mobile applications

XLM-RoBERTa: Cross-lingual language model-robustly optimized BERT approach, BERT:

Bidirectional encoder representations from transformers, GPU: Graphics processing unit

Deployment: To ensure real-world applicability, deployment
was emphasized as a central contribution. The ONNX-
optimized transformer model enabled efficient inference
with reduced latency, achieving real-time predictions in 22
ms on CPU. A lightweight API was developed for integration
into applications, and an Android mobile app was built in
Kotlin with a modern interface, confidence visualization,
and network status indicators. This dual deployment API for
scalability and Android for mobile accessibility demonstrates
the feasibility of bridging state-of-the-art multilingual NLP
research with practical solutions for multilingual content
moderation.

RESULTS

The experimental evaluation was performed on the balanced
internal test set of 15,365 samples. Table 4 summarizes the
results. The ensemble baseline achieved a macro Fl-score
of 0.7796, slightly outperforming individual classifiers. The
multilingual BERT baseline (nBERT) achieved an Fl-score of
0.8356 and accuracy of 83.57%. These results demonstrate the
advantage of contextual embeddingsin capturing multilingual
hate speech semantics compared to TF-IDE-based approaches.
The fine-tuned XLM-RoBERTa model achieved the highest
performance with an Fl-score of 0.8493 and accuracy of
84.93%, confirming its superiority for multilingual hate
speech detection. Early stopping was triggered at epoch 6 for
mBERT, while XLM-RoBERTa continued to improve through
the full training cycle.

Doghmash et al. \

Table 4. The comparative performance of baseline models and the
transformer model

Model F1 macro Accuracy Precision Recall
Ensemble baseline (LR+SVC+RF)  0.7796 0.7797 0.7801 0.7797
mBERT 0.8356 0.8357  0.8367 0.8357
XLM-RoBERTa (ours) 0.8493 0.8493  0.8493 0.8493

mBERT: Multilingual BERT, XLM-RoBERTa: Cross-lingual language model-robustly optimized

BERT approach, BERT: Bidirectional encoder representations from transformers

To provide a more detailed evaluation, the transformer
model was tested separately on the language-specific test
sets provided by the FrancophonIA dataset, which includes
Arabic (463 samples), Turkish (5,397 samples), and English
(5,906 samples), totaling 11,766 samples. Table 5 presents the
results for each language individually. In English, the model
achieved an FI score of 0.9395 and an accuracy of 93.97%,
reflecting strong performance in the language with the most
readily available data. In Turkish, the F1 score was 0.8205 and
the accuracy was 89.12%. Arabic performed relatively less
well, with an F1 score of 0.7628 and an accuracy of 76.89%,
attributed to the small size of the test group (463 samples)
and the complexity associated with the diversity of Arabic
dialects.

Table 5. Performance of the fine-tuned XLM-RoBERTa across languages

Language Precision Recall Flmacro Accuracy
Arabic 0.7612 0.7761 0.7628 0.7689
Turkish 0.8389 0.8055 0.8205 0.8912
English 0.9388 0.9405 0.9395 0.9397

XLM-RoBERTa: Cross-lingual language model-robustly optimized BERT approach, BERT:

Bidirectional encoder representations from transformers

Confusion matrices for each language are shown in Figure
2, demonstrating that the model maintains a high capacity
for recognizing non-hate speech texts across all languages,
although its sensitivity to hate speech varies, particularly in
Arabic and Turkish.

Per-Language Confusion Matrices

Confusion Matrx - Aratic Corfusion Matri - Turkish Cenfusion Matrix - English

Nor-Hate Hate NonHate Hale NenHate
redicted predcted Predicted

Figure 2. The confusion matrices for per-language using XLM-RoBERTa
model

XLM-RoBERTa: Cross-lingual language model-robustly optimized BERT approach, BERT:
Bidirectional encoder representations from transformers

In addition to the quantitative evaluation, the deployment
aspect was validated through real-world testing. The fine-
tuned XLM-RoBERTa model achieved an average inference
latency of9.26 ms per sample (+7.14 ms) on GPU using PyTorch.
Following ONNX export, the model was served through a
lightweight API server, achieving real-time inference with
response times below one second. The ONNX exported model
has a file size of approximately 1.061 MB, comparable to the
PyTorch model, while enabling CPU-only inference without
requiring a GPU. Inference latency measurements, as shown
in Table 6, revealed that the PyTorch model achieved a latency
of 2.62 ms per sample when running on the A100 GPU, while
the ONNX model achieved a latency of 22.41 ms per sample
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when running on the CPU without requiring GPU input.
Despite the different operating environments, the ONNX
model maintains real-time inference capability (less than 25
ms), highlighting its suitability for applications in resource-
constrained environments such as mobile devices. To further
demonstrate usability, an Android mobile application was
developed with a simple interface for multilingual text
input and real-time classification. Figure 3 shows sample
screenshots of the application, where the system successfully
identifies hate speech across English, Turkish, and Arabic
examples while displaying confidence scores.

Table 6. PyTorch vs ONNX: latency and model size comparison

Format Hardware Avglatency  Model size
PyTorch GPU (A100) 2.62 ms 1,100 MB
ONNX CPU 22.41 ms 1,061 MB

ONNZX: Open neural network exchange, GPU: Graphics processing unit, CPU: Central processing

unit, Avg: Average, ms: Milliseconds, MB: Megabytes
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Figure 3. Sample screenshots from the application

Together, these results confirm that while ensemble baselines
provide a reasonable benchmark, the transformer-based
solution offers superior accuracy and practical deployability
in both cloud and mobile environments.

DISCUSSION

The experimental results highlight the superiority of
transformer-based models compared to classical machine
learning approaches. While the ensemble baseline achieved
moderate performance with a macro Fl-score of 0.7796, the
fine-tuned XLM-RoBERTa model substantially improved
the results, achieving a macro Fl-score of 0.8493 and an
accuracy of 84.93%. This highlights how accurately contextual
embeddings capture the complexity of multilingual hate
speech. For comparison, the mBERT model achieved an overall
F1 score of 0.8356, confirming that the broader multilingual
pre-training of the XLM-RoBERTa model provides a
significant advantage over the standard multilingual BERT
model.

The evaluation for each language revealed a marked
variation in performance among the three target languages.
English achieved the best results with an FI score of 0.9395
and an accuracy of 93.97%, while Turkish showed average
performance F1=0.8205, accuracy 89.12%. Arabic showed
relatively lower results F1=0.7628, accuracy=76.89%, which
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can be attributed to two factors: the small size of the formal
Arabic language test group (463 samples) and the inherent
complexity of the diversity of Arabic dialects, for which the
model was not specifically trained.

The strength of the study lies in its coverage of three languages
(Arabic, Turkish, and English) within a unified model, with
a significant reduction in false negatives thanks to data
balancing and preprocessing. Furthermore, the successful
ONNX export enabled real-time inference of 22.41 ms per
sample on the CPU. This confirms its practical deployment
on resource constrained devices without relying on the GPU.
The Android application also underscores the system's overall
feasibility for managing multilingual content in the real world.

Limitations

However, some limitations remain. The dataset does not
adequately reflect the diversity of Arabic dialects, as Egyptian,
Levantine, and Gulf dialects differ significantly from the
patterns observed in the training data. Furthermore, the
system is limited to text only and does not support multimedia
speech that combines images or audio with text, which is
increasingly common on social media platforms. Social
media language also evolves over time, meaning the model’s
performance may decline without periodic retraining.

Overall, the results demonstrate that transformer-based
architectures constitute a robust and deployable solution
for multilingual hate speech detection, providing a solid
foundation for future developments in practical content
moderation systems.

CONCLUSION

This study presents a multilingual Android-based system for
detecting hate speech, covering Arabic, Turkish, and English.
Based on experimental results, the modified XLM-RoBERTa
transformer performed significantly better than traditional
baselines, achieving an overall Fl-score of 0.8493 and an
accuracy of 84.93%, while the baseline achieved an overall
Fl-score of 0.7796. These results confirm the effectiveness
of contextual embeddings in dealing with multilingual hate
speech detection compared to traditional feature-based
methods. In addition to the model’s performance, the system
was successfully deployed with ONNX export and Android
app, ensuring instant inference with lightweight deployment.
This highlights the feasibility of linking advanced natural
language processing research with deployable solutions for
online content management.
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