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Motivation

● Offensive language detection is crucial for safer online spaces (Ullah et al., 
2023).

● Social media platforms can amplify hate and acts of violence.

● Traditional NLP approaches have typically dominated the field of hate 
speech detection, which requires extensive tuning and careful model 
design.

● Resource gaps are severe for addressing offensive language, particularly 
when it is transcribed in non-native scripts, such as Roman Urdu and Urdu.

● Prompt-based LLMs may offer a more flexible, rapidly adaptable solution 
for offensive language detection.
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Can LLMs offer a scalable, explainable alternative?



Urdu Writing Systems and Code-Switching
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● Urdu, spoken by more than 70 million people, has a complex 

● morphological structure.

● Urdu is Pakistan’s national language and is central to cultural and social 
communication.

● Urdu uses an abjad script derived from Persian, with historical roots in the Arabic 
writing tradition.

● In daily online communication, people widely use Roman Urdu (Latin script) and 
frequently code-switch between Urdu and English, even within the same sentence.

Roman Urdu: 

Urdu:

English:



Problems Statement

4

● Low-resource setting: Urdu has limited labeled data and quite a few prompt-based 
ICL studies compared to high-resource languages.

● Multi-script reality and code-mixing is common: Urdu appears in both Urdu script 
and Roman Urdu, requiring models to handle both reliably.

● Urdu Script → Formal, standardized, used in media and official contexts

● Roman Urdu → Informal, non-standardized, common in social media and messaging

● Roman Urdu is highly noisy: it lacks standardized spelling, uses inconsistent 
abbreviations, and employs informal grammar, making modeling difficult.

● Supervised methods are costly: Fine-tuning strong classifiers requires large 
annotated datasets and careful training design.

● Limited generalization: Supervised systems can become dataset-specific and may 
reflect annotation or domain biases.



Related Work
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● Research on in-context learning (ICL) and prompt engineering for Urdu text 
classification is quite limited.

● Rizwan et al. (2020): introduced RUHSOLD and use supervised baselines for 
Roman Urdu hate/offensive detection.

● Ullah et al. (2023): studied fine-tuning vs prompt-based fine-tuning using 
BERT-family models.

● Arif et al. (2024): evaluated generalist LLMs (GPT-4, Llama-8B) only on Urdu-
script abuse detection.

• Hammad Rizwan, Muhammad Haroon Shakeel, and Asim Karim. 2020. Hate-speech and offensive language detection in roman urdu. In Proceedings of the 2020 conference on 

empirical methods in natural language processing (EMNLP), pages 2512–2522.

• Faizad Ullah, Ubaid Azam, Ali Faheem, Faisal Kamiran, and Asim Karim. 2023. Comparing prompt-based and standard fine-tuning for urdu text classification. In Findings of the 

Association for Computational Linguistics: EMNLP 2023, pages 6747–6754.

• Samee Arif, Abdul Hameed Azeemi, Agha Ali Raza,and Awais Athar. 2024. Generalists vs. specialists: Evaluating large language models for urdu. arXiv preprint 

arXiv:2407.04459.



Our Contribution
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● Multi-Script Robustness Analysis: Evaluates multiple scripts and datasets (Roman 
Urdu + Urdu script)

● Direct comparison with strong supervised baselines.

● The terms abusive and "offensive" are resolved and used interchangeably.

● Need for practical evaluation: We still lack clear answers about:

● Which LLMs and fine-tuned approaches work best for Urdu? Does k-shot help? Which 
script/prompt language works best?

● Focuses on inference-time prompting + ICL with 
state-of-the-art LLMs

● Prior studies prompt only in English

● Systematic Prompt Language Comparison: 
We test prompts in English, Roman Urdu, and 
Urdu



Datasets
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We evaluate LLM-based offensive language detection on three Roman 
Urdu/Urdu datasets:

● RUHSOLD (Roman Urdu Tweets; Rizwan et al., 2020)

● Coarse-grained: Abusive/Offensive vs Normal

● Fine-grained: Abusive, Religious Hate, Sexual Hate, Profane/Untargeted

● ~10K samples per setting

● RUTUBE (Roman Urdu YouTube Comments; Akhter et al., 2020)

● 10K sampled comments (~147K)

● Binary: Abusive vs Non-abusive

● USADC (Urdu Script multiple sources; Arif et al., 2024)

● Urdu script (not Roman Urdu)

● Binary: Abusive vs Non-abusive



Dataset Statistics and Prompt Variants
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Table: Summary of the data available for coarse- and fine-grained tasks using RUHSOLD, and binary tasks for 

RUTUBE and USADC, and prompt-based methodologies across each dataset.



Prompt Formulation (English, Roman Urdu, Urdu)
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Test studies to make 

sure the category 

labels are natural, 

understandable, and 

culturally 

appropriate in each 

language.



Few-shot Examples for RUSOLD, RUTUBE, and USADC
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Results using RUHSOLD (Coarse-Grained Task)

Table: Summary of RUHSOLD results for coarse-grained tasks under zero- and few-shot settings 
across English, Roman Urdu, and Urdu prompts. Results marked with (*) indicate fine-tuned models 
that we reimplemented for consistent evaluation.11

English prompts are 
strongest overall, but 
Roman Urdu prompts are 
surprisingly competitive,  
and Urdu-script prompts 
tend to be weakest.



Table: Summary of RUHSOLD results for fine-grained tasks under zero- and few-shot settings across English, Roman Urdu, and Urdu 
prompts. Results marked with (*) indicate fine-tuned models that we reimplemented for consistent evaluation.

Results using RUHSOLD (Fine-Grained Task)
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RUTUBE versus USADC (Binary Classification)

Table: Comparison of RUTUBE and USADC. Results marked with (*) indicate fine-tuned 
models that we reimplemented for consistent evaluation.13



Cross-Lingual Prompt Responsiveness of LLMs
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Table: Comparative analysis of various LLMs responsiveness to prompts provided in Roman Urdu 

and Urdu language, while also detailing each model’s ability to interpret and process prompts 

provided in English across these languages



Influence of `k’-shots
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Figure: Influence of `k' in few-shot setting with English prompts for zero-, 2-, 4-, and 6-shot experiments 

on Llama-3.2 and Llama-3 models of various sizes.



Conclusion
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● This work highlights the importance of script choice, prompt language, and low-resource realism in 
evaluating LLMs.

● Our experiments reveal both the potential and limitations of LLMs for Urdu hate/offensive content 
classification without training.

● English prompts consistently give the best performance across models.

● Urdu-script prompts tend to be less reliable, producing weaker prompt quality and lower accuracy.

Key Takeaways

● Roman Urdu prompts often improve results and provide a strong middle ground for prompt design.

● Prompt-based LLM approaches are effective for coarse-grained (binary) offensive language 
detection, while supervised fine-tuned models remain reliable for fine-grained classification tasks.

Future Work

● Extend evaluation to broader abuse categories (e.g., cultural, racial, age-related harmful content).

● Improve robustness for Urdu-script prompting and code-mixed settings.
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Thank you very much!
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Appendix
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Error Analysis (Fine-grained RUHSOLD)
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