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Abstract

Offensive language detection poses a signif-
icant challenge in modern social spaces, ne-
cessitating advanced solutions. Online media
platforms have been known to escalate acts of
violence and broader conflicts, and thus, an
automated system to help counter offensive
content is essential. Traditional NLP mod-
els have typically dominated the field of hate
speech detection, but require careful model de-
sign and extensive tuning. Moreover, a no-
table resource gap exists for addressing offen-
sive languages, particularly those transcribed
in non-native scripts, such as Roman Urdu and
Urdu. This study explores the potential of pre-
trained LLMs in using prompt-based methods
using different transcriptions of the Urdu lan-
guage, particularly their efficacy in detecting
offensive content in diverse linguistic contexts.
Our study employs state-of-the-art open-source
LLMs, including advanced variants of Llama,
Qwen, Lughaat, and proprietary GPT-4, which
are evaluated through prompting strategies in
different under-resourced languages. Our find-
ings show that pre-trained LLMs achieve per-
formance comparable to traditional fine-tuned
benchmarks in detecting hateful and offensive
content.

Content Warning: This paper contains ex-
amples from datasets which are offensive in
nature.

1 Introduction

In today’s digital age, social computing has signif-
icantly reshaped how people interact, particularly
on social media platforms and online forums. How-
ever, these same modalities create a conducive en-
vironment for the spread of harmful and aggressive
expressions. Detecting hate speech is challenging
for humans (Jackson, 2011), which highlights the
critical need to fully understand the strengths and
limitations of crowd-sourced annotation, not only
in English but also in under-resourced languages.

Developing and evaluating hate speech detection
systems for low-resource languages is a useful and
understudied direction, which requires the creation
of annotated datasets (Ullah et al., 2023).

Recent advancements in large language models
(LLMs) have demonstrated significant improve-
ments in a variety of NLP tasks through zero-shot
and few-shot learning techniques (Brown et al.,
2020; Kojima et al., 2022). Notably, in-context
learning, which does not require fine-tuning, has
significantly advanced the capabilities of these
models (Meta, 2024; Achiam et al., 2023; Touvron
et al., 2023; Beltagy et al., 2022; Shin et al., 2020;
Schick and Schiitze, 2020). However, these devel-
opments primarily benefit resource-rich languages,
while under-resourced languages such as Urdu still
face considerable challenges in terms of accuracy
and reliability. Urdu, spoken by more than 70 mil-
lion people, has a complex morphological struc-
ture and remains significantly underrepresented in
NLP (Blasi et al., 2021). This presents distinct
challenges in evaluating LLMs performance in gen-
eration tasks for this language (Arif et al., 2024).

Although English serves as the official language
of Pakistan (Rahman, 1997), Urdu holds the sta-
tus of the national language and plays a central
role in cultural and social interactions. The Urdu
script is an abjad writing system that evolved from
the Persian script, which in turn originated from
traditions of the Arabic script (Alam and Hussain,
2022; Ubul et al., 2017). In everyday written com-
munication, it is common for individuals to use
Romanized Urdu, where the Urdu language is tran-
scribed using Latin characters (Shakeel and Karim,
2020). People frequently engage in code-switching,
seamlessly alternating between English and Urdu at
various linguistic levels, such as within a single sen-
tence, clause, or even at the phrase level, reflecting
the bilingual and dynamic nature of communica-
tion in Pakistan (Ansari et al., 2020; Bashir, 2011;
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Garcia, 2011). This poses challenges as Roman
Urdu is an informal and colloquial language that
does not adhere to standardized word forms, sen-
tence structure, uniform abbreviations, or specific
spelling rules (Saeed et al., 2021), thus presenting
a substantially greater modeling challenge.

Supervised deep learning methods currently rep-
resent the cutting-edge approach for text classifi-
cation tasks, including online hate speech detec-
tion (Nobata et al., 2016; Van Aken et al., 2018;
Akhter et al., 2020; Rizwan et al., 2020). Although
fine-tuned models are renowned for their strong
performance in a variety of tasks, the complex-
ity and resource requirements of fine-tuning these
models tend to make them less adaptable and more
prone to dataset biases (Plaza-del Arco et al., 2021;
Parthasarathy et al., 2024; Huang et al., 2020). Sim-
ilarly, the reliance on manually annotated datasets
in hate speech detection systems has led studies
(Waseem and Hovy, 2016; Kwok and Wang, 2013)
to demonstrate that a narrow focus on specific types
of hate speech or scenarios can skew their content
(Gao et al., 2017).

To the best of our knowledge, the literature on in-
context learning through prompt engineering for
Urdu text classification is quite sparse, with only
a few studies addressing this topic (Ullah et al.,
2023; Arif et al., 2024; Rizwan et al., 2020). Taken
together, Rizwan et al. (2020) contributes the RUH-
SOLD dataset and establishes supervised baselines
using pretrained embeddings, providing a valuable
resource for hate speech detection in Roman Urdu.
Ullah et al. (2023) compared standard fine-tuning
and prompt-based fine-tuning with BERT-family
models, offering insights into parameter-efficient
adaptation for Urdu text classification. More re-
cently, Arif et al. (2024) explores the applicability
of generalist models such as GPT-4 and Llama-8B,
using Urdu-script dataset. In contrast, our work
centers on inference-time prompting and in-context
learning with modern LLMs, extending existing
evaluations across scripts and datasets to better
understand their behavior in low-resource and mul-
tilingual settings. This paper investigates the effec-
tiveness of prompts in English, Roman Urdu, and
Urdu to identify offensive language within com-
ments sourced from both Roman Urdu (Rizwan
et al., 2020; Akhter et al., 2020) and Urdu (Arif
et al., 2024) texts on social platforms such as Twit-
ter and YouTube. In this manuscript, we focus on
the detection of offensive Urdu language and use

PER-CLASS RUHSOLD RUTUBE USADC
Labels Coarse Fine Binary  Binary
Normal 5342 4917 5000 2816
Abusive 4650 2208 5000 2854
Sexual Hate - 770 - -
Religious Hate - 719 - -
Profane - 582 - -
Prompts Tested

English v v v v
Roman Urdu v v - -
Urdu v - - -

Table 1: Summary of the data available for coarse- and
fine-grained tasks using RUHSOLD, and binary tasks
for RUTUBE and USADC, while also detailing the
implementation of prompt-based methodologies across
each dataset.

the term abusive interchangeably with offensive,
acknowledging their nuanced differences. This
choice aligns with previous studies and datasets
(Rizwan et al., 2020; Akhter et al., 2020), which of-
ten merge these categories under terms like ~offen-
sive/abusive,” so we adopt this convention for con-
sistency with the existing literature and resources.

In our study, we first aim to determine how well
prompt-based approaches with small and large pre-
trained LLMs capture the complex linguistic nu-
ances of Urdu in detecting hate speech and abusive
texts to clarify their potential for under-resourced
languages with limited labeled datasets. Then,
we assess the performance improvements offered
by different prompt-based Urdu transcriptions as
shown in Table 7 in the Appendix to assess which
models most effectively understand Urdu in its var-
ious forms and scripts. To this end, we conduct
an extensive evaluation of multiple open-source
LLMs on coarse- and fine-grained classification
tasks for Roman Urdu and Urdu datasets. This ap-
proach not only benchmarks the performance of
different linguistic prompts, but also enhances our
understanding of language processing in bilingual
contexts.

2 Related work

Research on automated detection of hate speech
has advanced significantly in the past five years.
This area comprises a variety of interconnected
tasks. Waseem and Hovy (2016) provides a dataset
comprising 16,000 hate speech-labeled tweets, ex-
ploring the most effective features for accurate iden-
tification. In a subsequent study, Waseem (2016)
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expanded on this work by addressing personal bias
in annotations through the involvement of multi-
ple annotators. An important contribution to the
field was the development of Roman Urdu hate
speech and offensive language dataset called RUH-
SOLD by Rizwan et al. (2020). To advance the
detection of hate speech and offensive language in
multiple languages, the Forum for Information Re-
trieval Evaluation (FIRE) hosts an initiative known
as Hate-Speech and Offensive Content Identifica-
tion (HASOC) in Indo-European languages (Mandl
et al., 2019). Akhter et al. (2020) also evaluates
different machine learning classifiers to detect of-
fensive language within Urdu text.

In recent studies, such as the work by An (2023),
highlighted the utility of prompt-based learning in
low-resource linguistic settings where traditional
fine-tuning is computationally expensive. Other
studies (Girdn et al., 2025; Gao et al., 2021; Wang
et al., 2022; Lee et al., 2021; Jin et al., 2022;
Schucher et al., 2022) also affirm the superior clas-
sification performance of prompt-based methods
in environments with limited resources. Design-
ing language-specific prompts for language models
significantly improves their ability to make accu-
rate predictions by effectively utilizing contextual
cues, even with minimal examples (few-shots) or
in zero-shot settings (Seo et al., 2022). Along these
lines, Tahir et al. (2024) evaluate the capabilities
of LLMs including GPT-3.5-Turbo in a zero-shot
setting across 14 different tasks using 15 distinct
Urdu datasets. Singh et al. (2024) evaluates state-
of-the-art open-source LLMs on generation tasks
across 29 under-represented Indic languages. Re-
cent work by Jin et al. (2024) explores the use of
GPT-3.5 in generating realistic test cases for hate
speech detection to uncover the shortcomings of
LLMs. In essence, LLMs offer a wide range of use-
ful applications that exceed their initial generative
capabilities.

It is beneficial for the community that users can
interpret multiple orthographies that support seam-
less text conversion (Person, 2009). Basaa’s ortho-
graphic history reflects diverse systems shaped by
English, German, and French transcription prac-
tices (Bird, 2001). Recent work by O’Neil et al.
(2023) highlights the use of NLP techniques over
traditional baselines in resource-scarce environ-
ments, focusing on the orthographic conversion of
Basaj texts from the Protestant missionary orthog-
raphy to the current national standard, AGLC (Gen-

eral Alphabet for Cameroonian Languages). Such
efforts demonstrate how standardized Latin-script
representations can enhance computations and lin-
guistic accessibility in under-resourced languages,
mirroring the role of Roman Urdu as a bridge to-
ward broader NLP support for Urdu. Jaavid et al.
(2024) extends LLMs to non-English languages
with non-Roman scripts by using romanized text
as an interface for instruction tuning. Hermjakob
et al. (2018) introduced uroman, a tool designed to
convert text from numerous languages and scripts,
including Chinese, Arabic, and Cyrillic, into a uni-
fied Latin-script format. Adouane et al. (2016)
addressed language identification for informal Ro-
manized Arabic and Berber using supervised ma-
chine learning to handle mixed-language text.

3 Methodology

Previous studies indicate that adapting LLMs
through instruction-based fine-tuning is a common
method to achieve gains in performance (David-
son et al., 2017; Fortuna and Nunes, 2018). How-
ever, fine-tuning language models is resource in-
tensive and is dependent on annotated data. Con-
sequently, efficacy of fine-tuned methods depends
significantly on the quality and volume of train-
ing data, and creating annotated datasets for toxic
content such as racism, attacks, hate speech, abuse,
and offense is challenging for various languages.

The methodology adopted in this study is designed
to explore how pretrained LLMs in hate speech
detection for under-resourced languages perform.
Prompt engineering research has mainly focused
on English, but recent studies, such as Song et al.
(2022), have tested its effectiveness in other lan-
guages such as Chinese, with results indicating that
prompt usage led to favorable results for text classi-
fication. Winata et al. (2021) and Nie et al. (2022)
worked on non-English prompts on several multi-
lingual tasks. Our work continues in this direction;
we combine in-context learning through different
language prompts to determine the capacity of var-
ious LLMs in processing the linguistic subtleties
of Urdu. The primary objective is to identify the
performance gaps of fine-tuned models versus pre-
trained LLMs, reducing the reliance on model fine-
tuning and scarce annotated data for low-resource
languages, such as Urdu (Rizwan et al., 2020; Ul-
lah et al., 2023). Our approach increases flexibility
in model selection, particularly through the use of
multiple LLMs.
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The design of our prompts is primarily driven by
their inherent flexibility to provide a robust plat-
form for experimenting with various LLMs across
different sizes, using different languages, and with-
out the need for fine-tuning. Similar type of prompt-
ing methods exist for hate speech classification as
reported by Choudhary et al. (2025); Han and Tang
(2022) which also shows that a substantial number
of input-labels pairs (few-shots) are necessary for
good performance. To demonstrate the adaptabil-
ity of LLMs to the Urdu language across varying
linguistic contexts, we introduce prompts in three
different settings: first in English, then in Roman
Urdu, and finally in Urdu. We evaluate the prompts
in the following settings.

Zero-shot For zero-shot learning, the model is
provided with a natural language query without
question-answer pairs for sentence classification
and is not fine-tuned. The zero-shot settings are
listed at the top in Table 7 in the Appendix.

Few-shot (K-SHOTS) In the few-shot setting, rel-
evant examples are provided in addition to the zero-
shot prompt, except that the examples are provided
in question-answer pairs (i.e., sentence-label pairs).
Given the limited data, the parameter ‘k’ (number
of examples) is selected based on the specific task.
We carefully selected K-SHOTS examples manu-
ally, showcasing the best cases for each category.
Our K-SHOTS examples were manually curated
to ensure balanced and informative prompts. This
was necessary because the fine-grained RUHSOLD
dataset is highly imbalanced, sentence lengths vary
substantially, and random sampling can produce
ambiguous or unrepresentative examples. Given
that in-context learning for Urdu hate speech is
still underexplored, manual selection helped main-
tain clarity and consistency. We therefore used
the same curated k-shot set across English, Roman
Urdu, and Urdu prompts, while ensuring cover-
age of frequently used terms that distinguish abuse
categories in each language.

Prompt Design Given the toxic nature of
datasets, we tested multiple prompts and found the
system prompt:"You are an abusive language detec-
tor" more effective than "offensive language detec-
tor." Also, since fine-grained classification requires
distinguishing categories such as sexual hate, reli-
gious hate, and profane language, framing the task
as abusive language detection proved more appro-
priate. For the Roman Urdu prompt, we translated

the English version into Latin script while preserv-
ing semantic fidelity. Direct adoption, however, re-
quired iterative refinements; a particular challenge
emerged with the translation of the label "Abusive"
for task prediction. The term "Gaali" directly con-
veys the meaning of abuse, but its antonym "Not
abusive" lacks a clear, single context-independent
translation in Roman Urdu or Urdu. Its mean-
ing varies by context, with formal or literary al-
ternatives including Tareef karna (praise), Tahsin
(appreciation), Shaista kalami (polite speech), and
Narm guftugu (gentle conversation). For in-context
learning, classification requires labels with direct
relevance so that LLLMs can consistently map in-
puts to outputs. After careful analysis of some test
prompts, we determined that ‘Ikhlaqi’ (ethical) and
‘Khair Ikhlaqi’ (non-ethical) best operationalize the
categories, being both semantically appropriate and
prevalent in our test sets. For more prompt details,
see Appendix B.

4 Experimental Setup

Datasets Our study utilizes three distinct datasets
that span a range of content related to hate speech,
including the detection of abusive language. The
first dataset is Roman Urdu Hate-Speech and Of-
fensive Language Detection (RUHSOLD) derived
from Rizwan et al. (2020), and comprises 9,992 and
9,196 tweets labeled for coarse- and fine-grained
classification, respectively. The coarse-grained
dataset is categorized into binary labels for Abu-
sive/Offensive versus Normal/Non-Abusive, while
the fine-grained dataset expands the Abusive/Of-
fensive label into four granular level categories of
Abusive, Religious Hate, Sexual Hate, and Pro-
fane/Untargeted. Table 1 provides a summary of
the examples available for each task. The sec-
ond dataset is also in Roman Urdu, sourced from
Akhter et al. (2020)'. From the original 147,000
user comments collected from various YouTube
videos, we randomly sampled 10,000 comments to
enable a balanced comparison with the RUHSOLD
dataset. We refer to this dataset as Roman Urdu
Tube (RUTUBE), where each comment is anno-
tated as either abusive or non-abusive. The third
dataset, which incorporates the Urdu script rather
than Roman Urdu, is derived from the work doc-
umented by Arif et al. (2024), previously utilized
by Akhter et al. (2020); Amjad et al. (2022), cate-
"https://github.com/shaheerakr/

roman-urdu-abusive-comment-detector/blob/master/
dataset.csv
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gorizing it with binary labels as either abusive or
non-abusive. We name this dataset the Urdu Script
Abuse Detection Corpus (USADC).

Tasks For RUHSOLD, we conduct coarse- and
fine-grained evaluations using both zero-shot and
few-shot settings across English, Roman Urdu, and
Urdu prompts. The zero-shot prompts are shown
in Table 7, and the few-shot prompts in Table 10.
For RUTUBE and USADC, we restrict our study
to English-based prompts. This decision is moti-
vated by: (i) Roman Urdu and Urdu prompts con-
sistently demonstrated lower performance across
all LLMs compared to English, and (ii) the ex-
tensive experimentation conducted on RUHSOLD
demonstrates sufficient generalizability across all
language prompts. The same English prompt uti-
lized for the coarse-grained (binary) task in RUH-
SOLD is used for RUTUBE and USADC. In few-
shot (K-SHOTS) settings, we follow the same proce-
dure as zero-shot but augment prompts with dataset-
specific examples. For all datasets, we adopt a 4-
shot setup (two abusive and two non-abusive exam-
ples), except for the fine-grained RUHSOLD task,
where a 5-shot setup is used with one example per
class (normal, abusive, sexual hate, religious hate,
profane). This design ensures balanced exposure
across categories despite label distribution varia-
tions, thus reflecting consistency with real-world
settings. Furthermore, we manually curate all K-
SHOTS examples from each dataset to accurately
represent each class.

Models We evaluate pre-trained LLMs without
fine-tuning, using zero-shot and few-shot prompt-
ing techniques to assess in-context learning across
standard benchmarks. Our framework includes
open-source models such as Llama-3 (1B-70B)
(Dubey et al., 2024; Meta, 2024), Qwen-2 (7B,
72B) (Yang et al., 2024), GPT-4, and the Urdu-
trained Lughaat, alongside reimplemented fine-
tuned baselines for fair comparison. Our code is
available at the link?. Please refer to Appendix
A for details on the hardware, models, technical
specifications, and answer parsing.

5 Results & Discussion

Coarse- & Fine-Grained Task In our first set
of experiments, we use English, Roman Urdu, and
Urdu prompts on the coarse- and fine-grained RUH-

2https://github.com/nii—yamagishilab/
offensive-urdu-language-detection

COARSE-GRAINED

English Roman Ur. Urdu
Model Acc. F1  Ace. F1 Acc. F1
Llama-3.2-1B 57.76 54.47 51.87 57.50 53.43 45.43
+ K-SHOTS 60.20 60.20 52.90 58.80 52.19 48.63
Llama-3.2-3B 63.60 64.08 55.93 50.87 54.67 48.60
+ K-SHOTS 66.47 67.12 56.25 53.53 56.77 49.55
Llama-3-8B 65.22 65.30 63.88 63.88 55.79 44.69
+ K-SHOTS 70.88 69.82 66.66 65.02 59.12 49.79
Llama-3-70B 74.36 74.36 70.26 70.76 70.83 68.88
+ K-SHOTS 78.41 78.41 73.77 73.11 73.68 71.07
Qwen-2-7B 73.21 73.21 69.17 67.40 - -
+ K-SHOTS 76.90 75.77 70.03 69.80 - -
Qwen-2-72B 82.07 81.11 72.32 75091 - -
+ K-SHOTS 84.53 85.75 74.55 7640 - -
Lughaat-1-8B 57.76 49.96 52.35 50.85 49.84 51.18
+ K-SHOTS 61.58 58.75 54.09 45.49 49.28 51.40
GPT-4 91.38 92.17 84.46 84.46 88.78 87.78
+ K-SHOTS 92.91 92.58 86.05 85.37 90.14 89.05
Supervised
BERT-MY¥ 5420 - - - - -
DISTIL-BERT %¢ 52.80 - - - - -
XLM-R¥¢ 5720 - - - - -
XLM-Roberta+CNN4  88.00 88.00 87.21%* 87.14* - -
RomUrEm+CNN# 89.00 89.00 61.90* 60.92* - -
BERT+CNN# 90.00 90.00 89.21* 89.17* - -

FINE-GRAINED

Llama-3-8B 59.11 53.33 21.27 2095 15.11 15.38
+ K-SHOTS 58.15 53.15 48.55 47.08 31.77 31.70
Llama-3-70B 67.34 62.04 62.79 60.48 57.59 55.36
+ K-SHOTS 72.67 69.25 69.21 68.86 68.34 68.33
Qwen-2-7B 52.16 49.90 50.34 51.60 - -
+ K-SHOTS 53.11 49.63 58.90 59.15 - -
Qwen-2-72B 73.96 68.31 59.71 59.39 - -
+ K-SHOTS 75.77 70.30 62.20 60.89 - -
Lughaat-1-8B 44.45 44.50 29.77 29.80 49.59 49.81
+ K-SHOTS 29.59 32.81 22.23 22.81 42.84 43.47
GPT-4 75.50 75.02 68.32 68.28 63.27 62.98
+ K-SHOTS 78.84 77.56 70.52 69.90 68.24 65.09
Supervised

XLM-RoBERTa+CNN# 81.00 72.00 79.57* 69.39* - -
RomUrEm+CNN# 75.00 64.00 55.92* 51.27* - -
BERT+CNN& 82.00 75.00 78.47* 75.83* - -

Table 2: Summary of RUHSOLD results for coarse-
and fine-grained tasks under zero- and few-shot settings
across English, Roman Urdu, and Urdu prompts. Qwen-
2 variants cannot process Urdu prompts. Bold values
denote each model’s best performance across tasks and
metrics. References include models marked with (¥¥)
from Ullah et al. (2023) and (4#) from Rizwan et al.
(2020) where results marked with (*) indicate fine-tuned
models that we reimplemented for consistent evaluation.

SOLD tasks using state-of-the-art LLMs as shown
in Table 2. Pilot experiments showed optimal per-
formance with 4-shot examples (Figure 3), leading
us to consider this setup for subsequent prompts.
It can be seen in coarse-grained task, 4-shot (K-
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SHOT) learning results in clear gains over zero-shot,
with higher F1 scores and accuracy in distinguish-
ing abusive from non-abusive tweets. It can also
be seen that the prompts in Roman Urdu achieved
performance comparable to those in English, espe-
cially when applied to large-size models such as
Llama-3-70B-Instruct, Qwen-2-72B-Instruct, and
GPT-4. We think that the difficulty smaller lan-
guage models (Llama-1B, -3B) face with long
prompts (K-SHOTS) arises from their limited ability
to process extended input, despite its high relevance
to the task. Consequently, the performance gap of
smaller size LLMs between zero-shot and K-SHOT
settings remains relatively small. The Lughaat-8B
model, developed for Urdu, shows comparatively
lower performance on coarse-grained classification
tasks than models of a similar scale, such as Llama-
8B and Qwen-7B, when evaluated on English and
Roman Urdu prompts. Furthermore, the model ex-
hibited notable difficulties in K-SHOT settings for
both Roman Urdu and Urdu prompts, highlighting
its limited ability to process longer inputs. Docu-
mentation and prior usage of this model are limited;
however, given its status as one of the few publicly
available Urdu-focused models, we include its re-
sults for completeness (see Section C).

In Roman Urdu prompt, Qwen-72B outperformed
Llama-70B with F1-score of 76.40 against 73.11
and similarly, Qwen-7B outshone Llama-8B scor-
ing 69.80 against 65.02, respectively, using K-
SHOTS, despite both pairs having comparable
model sizes. Due to the fact that Alibaba’s® (Yuan
and Zhang, 2024; Khaskheli and Jun, 2016) Qwen-
2 model supports 29 languages, including key
South Asian languages, such as Urdu, Hindi, and
Bengali, it has demonstrated exceptional adept in
processing Urdu as a result of its extensive multilin-
gual training. Our findings align well with Qwen-
2’s superior performance on Roman Urdu prompts
compared to similarly sized Llama-3 models, par-
ticularly in binary abusive detection task. However,
it can also be seen that the Qwen-2 variants com-
pletely failed to process Urdu prompts, while the
Llama-3 variants performed better in understanding
Urdu language prompts. The use of Urdu prompts
overall provides the lowest quality results. This
is consistent with the findings by Nguyen et al.
(2025), who report that non-Latin script languages,
such as Urdu, continue to underperform despite
strong multilingual benchmark scores. In partic-

Shttps://www.alibaba.com/

ular, Urdu, an abjad-derived script adapted from
Arabic and Persian is based on intricate ligatures,
contextual character forms, and joining rules, all
of which pose challenges for tokenization and rep-
resentation (Fatima et al., 2007; Zia et al., 2018).
Nevertheless, our results show that larger models,
such as Llama-70B still performed reasonably well
in Urdu under K-SHOT settings, achieving results
comparable to those for Roman Urdu, suggesting
that increased model size can partially mitigate this
limitation. This highlights the adequacy of open
source Llama-70B to effectively process Roman
Urdu and Urdu, demonstrating its strong general-
ization across linguistic variations, as evidenced by
the findings of our study.

With the English prompt, GPT-4 substantially out-
performed the others in 4-shot scenarios achiev-
ing an Fl-score of 92.58, compared to 92.17
in the regular (zero-shot) setup. For Qwen-2-
72B, the model consistently shows a robust per-
formance outperforming Llama-3-70B, achieving
an F1 score of 81.11 against 74.36, even without
k-shot-augmented examples. In general, among
the models, it is observed that GPT-4 consistently
achieves superior performance in all the prompt-
based methodologies tested, including those in
English, Roman Urdu and Urdu. Overall, in the
coarse-grained task, all models achieve their high-
est performance with English prompts, show com-
parable results in Roman Urdu, and the lowest in
Urdu. This limitation stems from the fact that most
LLMs are primarily optimized for Latin scripts,
reducing their effectiveness on morphologically
complex scripts such as Urdu. In contrast, English
prompts align with model’s dominant training lan-
guage, use familiar instruction patterns, reducing
ambiguity and tokenization noise that arise in Urdu
or Roman Urdu (see Appendix C for further details
on prompt language effects).

We also compare our approach against state-of-
the-art fine-tuned models, noting that, to the best
of our knowledge, no previous studies have em-
ployed pretrained LLMs on RUHSOLD. For this
study, we reimplemented the fine-tuned models
from prior work. However, since these models
rely on fine-tuning rather than in-context learning,
direct comparisons should be made with caution.
Specifically, we reimplemented the fine-tuned mod-
els XLM-RoBERTa+CNN, RomUrEm+CNN, and
BERT+CNN (Rizwan et al., 2020), and included
their original results alongside ours marked with an
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asterisk (*) in Table 2, to ensure consistency. While
these models achieve strong performance, it is im-
portant to note that they were fine-tuned on 4.7M
randomly collected hate-speech tweets (Rizwan
et al., 2020), whereas no fine-tuning is performed
in our settings. It can be seen that the GPT-4 K-
SHOT outperforms all baselines with an F1-score
of 92.58, followed by the fine-tuned BERT+CNN
model at 89.17. Notably, Qwen-72B attains a com-
parable score of 85.75 without any fine-tuning. For
completeness, we also report the corresponding
precision and recall results for Table 2 in Table 5.

Our overarching aim in this study is to determine
whether LLMs can process more nuanced cate-
gories of offensive language. To this end, we repeat
our experiments on the fine-grained RUSHSOLD,
results summarized in the lower section of Table 2.
In this task, the *Abusive’ category is further di-
vided into four sublabels, as shown in Table 1. The
zero-shot prompts are listed in Table 7, and the K-
SHOT context examples are provided in Table 10 in
the Appendix. Overall, we observe similar trends to
those found in the coarse-grained task, with a few
notable differences. Llama-8B exhibits strong per-
formance in English prompts, while showing larger
performance gaps between K-SHOT and zero-shot
settings in Roman Urdu and Urdu. This suggests
that few-shot examples in Roman Urdu and Urdu
enhance cross-script generalization, while zero-
shot comprehension of five-class labels remains
challenging. Details on contributing factors to this
unusual behavior of Llama-8B are provided in the
Appendix B. Interestingly, Qwen-72B K-SHOTS
achieve accuracy in English prompts comparable
to GPT-4 (zero-shot), underscoring its robust fine-
grained classification capabilities of hate speech.
For Lughaat-8B, we find strong performance in
Urdu prompts compared to Roman Urdu (F1 of
49.81 vs. 29.80 in zero-shot), reflecting its pre-
training on native Urdu script. However, the per-
formance declines with K-SHOT in all prompts for
this model, indicating a limited ability to process
longer contextual input.

Except for Lughaat, all other models show im-
proved performance with English prompts, with
GPT-4 K-SHOT achieving the highest F1 score of
77.56, followed by Qwen-72B with 70.30. While
in Urdu prompts, the Llama-70B K-SHOT model
outperforms GPT-4, achieving an F1 score of 68.33
compared to 65.09, and shows nearly equivalent
performance in Roman Urdu prompts, demonstrat-

RUTUBE USADC

Model Acec. F1 Ace. F1
Llama-3-8B 66.99 65.95 50.83 47.80
+ K-SHOTS 66.48 68.12 69.08 68.70
Llama-3-70B 7270 72.07 73.83 72.83
+ K-SHOTS 76.00 74.55 79.90 78.51
Qwen-2-7B 69.01 66.20 67.76 66.97
+ K-SHOTS 69.35 68.60 72.88 72.45
Qwen-2-72B 79.99 79.20 79.34 78.89
+ K-SHOTS 83.89 82.46 81.24 81.24
Lughaat-1-8B 52.59 11.56 52.34 47.82
+ K-SHOTS 78.34 75.36 56.79 55.20
GPT-4 86.70 8595 86.41 86.34
+ K-SHOTS 87.33 86.15 88.85 88.78
Supervised

SimpleLogistic Reg.®% 85.50* 85.61* 74.56* 77.86*
LogitBoost Reg.% 85.40* 85.35% 75.43* 77.77*
XLM-Roberta+CNN# 90.15* 90.11* 84.21%* 84.18*
RomUrEm+CNN#  68.60* 68.46* 70.17* 69.16*
BERT+CNN# 92.55% 92.53* 78.94* 77.97*
No Fine-tuning

Llama-3-8b% (0-shot) - - - 44.73
Llama-3-8b# (6-shot) - - - 71.64
GPT-4# (0-shot) - - - 86.27
GPT-4¢ (6-shot) - - - 88.71

Table 3: Comparison of RUTUBE and USADC to eval-
uate LLMs generalization capabilities in terms of accu-
racy and F1 scores. References include models marked
with (%) from Akhter et al. (2020) and (%) from Arif
et al. (2024). Best performing results across all datasets,
approach and metric are highlighted in bold and un-
derlined. Results marked with (*) indicate fine-tuned
models that we reimplemented for consistent evaluation.

ing its robust multilingual capability and adaptabil-
ity to diverse language instructions. Although fine-
tuned baselines remain competitive, open-source
LLMs achieve comparable results without any
training. Among the fine-tuned approaches, GPT-4
+ K-SHOTS achieves the highest F1 score (77.56),
followed by BERT+CNN (75.83), Qwen-72B (70.30),
and XLM-RoBERTa+CNN (69.39). These findings
highlight the potential of instruction-tuned LLMs
to rival fine-tuned baselines, even in complex multi-
classification tasks.

RUTUBE versus USADC In addition to RUH-
SOLD, we evaluate pretrained LLMs performance
on RUTUBE and USADC using zero- and few-
shot methods. In this experiment, we also report
the results of reimplemented models, denoted with
(*). For fair comparison, we report only the results
obtained using English prompts against fine-tuned
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Figure 1: Influence of ‘k’ in few-shot setting with En-
glish prompts for zero-, 2-, 4-, and 6-shot experiments
on Llama-3.2 and Llama-3 models of various sizes.

baselines. Prior studies have evaluated the RU-
TUBE dataset only in (Akhter et al., 2020) and
the USADC dataset in (Arif et al., 2024). There-
fore, we reproduce experiments using fine-tuned ap-
proaches from Rizwan et al. (2020) on both datasets
for consistency (see Appendix A for model details).
Since, Akhter et al. (2020) reported results for fine-
tuned approaches, such as Simple Logistic Regres-
sion and LogitBoost Regression—trained on entire
147,000 instances of the RUTUBE dataset, we use
a sampled subset of 10,000 instances for fair com-
parison with pretrained LLM:s.

Our findings, summarized in Table 3, show that de-
spite the absence of model fine-tuning, large-scale
models such as Qwen-72B achieve competitive
performance. Among the in-context learning ap-
proaches, GPT-4 and Qwen-72B emerge as the top-
performing models across both RUTUBE and US-
ADC. Overall, fine-tuned models exhibit superior
performance on the RUTUBE, which is written in
Roman Urdu, indicating that fine-tuned approaches
still hold a performance edge in handling the Ro-
man Urdu. However, on the USADC (composed
in Urdu script), GPT-4 achieves the highest F1
score (88.78), followed by XLLM-RoBERTa+CNN
(84.18), Qwen-72B (81.24), Llama-70B (78.51),
and BERT+CNN (77.97). These results highlight
that while fine-tuned models perform well on Ro-
man Urdu data, datasets written in Urdu script re-
main challenging, where in-context learning ap-
proaches without model fine-tuning demonstrate
relatively stronger generalization.

Role of k> We also explore the impact of k-shot
learning by testing 1, 2, 4, and 6-shot configura-
tions to determine their impact on the model perfor-

mance. Specifically, we choose the Llama-3 model
variants across varying sizes (1B, 3B, 8B, and 70B)
to evaluate the influence of different shot examples
in a binary coarse-grained task on the RUHSOLD
dataset. Each k-shot scenario is designed to evenly
distribute examples between the abusive and non-
abusive categories. For example, in a 2-shot setup,
one example is drawn from abusive content and
another from non-abusive content. As shown in
Figure 3, a progressive increase can be seen in the
F1-score for binary classification as the number of
shots increases, highlighting the benefit of more
examples. However, the incremental performance
gains tend to show no significant increase beyond
4-shots, when advancing to 6-shots. These results
indicate that while the addition of more examples
initially increases the model’s ability to discrimi-
nate between abusive and non-abusive text, there is
a threshold beyond which additional examples lead
to no extra gains.

5.1 Error Analysis

To gain a deeper understanding of the zero-shot
abilities of LL.Ms in our tasks, we performed a qual-
itative analysis of the predictions made by Llama-
3-8B-Instruct, Llama-3-70B-Instruct, Qwen-2-7B-
Instruct, and Qwen-2-72B-Instruct on the coarse-
grained RUHSOLD dataset. Detailed results from
this analysis are presented in the Appendix under
Tables 11, 12, 13, and 14, respectively. These ta-
bles include examples of both correct and incorrect
predictions, along with insights into the models’
reasoning processes, illustrating why certain devi-
ations from expected performance occurred. We
noted that in examples where the model identifies
an even slight derogatory element, the sample is
predicted as abusive. To this end, we also provide
a detailed analysis of the fine-grained classification
behavior of Llama-3-8B-Instruct and Qwen-2-7B-
Instruct on RUHSOLD, revealing that both models
tend to overgeneralize into the ”Abusive” class,
frequently misclassifying non-toxic content as abu-
sive. A major limitation of Llama-8B is its poor
performance on the Sexual hate category, where
only a small number of instances are correctly rec-
ognized, as shown in Figure 2. This occurs despite
these instances being labeled as non-abusive in the
gold-standard annotations (Appendix C).

Table 15 in the Appendix presents illustrative ex-
amples of fine-grained classification outputs of
RUHSOLD across different hate speech categories,
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Figure 2: Comparison of model performance across coarse-grained RUHSOLD using Roman Urdu prompt with

few-shot settings for (a) Llama-3-8B and (b) Qwen-2-7B

Responsiveness to
prompts provided in

Given English prompt
can process

Model Roman Urdu Urdu Roman Urdu Urdu
Llama-3 v v v v
Qwen-2 v X v v
FLAN-T5 Partial X vV Partial
Falcon Partial X v v
GPT-4 v v v v

Table 4: Comparative analysis of various LLMs respon-
siveness to prompts provided in Roman Urdu and Urdu
language, while also detailing each model’s ability to in-
terpret and process prompts provided in English across
these languages.

highlighting the challenges LLMs face when mak-
ing distinctions at a granular level. Our analysis in-
dicates that the Lughat model often confuses sexual
hate with religious hate, misclassifying instances
of the former as the latter. In contrast, LLaMA and
Qwen models exhibit greater confusion between
abusive and profane language. These patterns show
the limitations that current LLMs face in capturing
the nuanced boundaries of human language, par-
ticularly between profanity and targeted abusive
expressions. Furthermore, our study also explores
the selection of LLMs based on their ability to
process prompts in the Urdu language as part of
pilot experiments. Table 4 provides a summary
of various LLMs in handling Roman Urdu and
Urdu. In addition, since our datasets span both Ro-
man Urdu (RUHSOLD, RUTUBE) and Urdu script
(USADC), we conduct a cross-linguistic dataset
evaluation, detailed in Appendix D. Appendix E
provide further information on the severity of toxi-

city across the datasets. In addition, supplementary
experiments demonstrate the results of a supervised
approach applied to the Roman Urdu datasets.

6 Conclusion

This paper aims at advancing our understanding of
abusive language detection in linguistically chal-
lenging scenarios for the under-resourced Urdu
language, a task of significant importance in so-
cial media, news media, and the research commu-
nity. With the increase in digital media usage, there
is a growing need for automated text classifica-
tion systems that can address offensive content in
non-English languages without requiring extensive
training. Our extensive experimental setup under-
scores the potential and limitations of applying
LLMs in a zero-shot and few-shot configuration
to classify sentences that manifest abuse. In ad-
dition to exploring the ability of LLMs to detect
abusive content, we also examine whether prompts
written in non-English languages like Roman Urdu
and Urdu provide enough information to effectively
distinguish between abusive and non-abusive con-
tent. While English prompts continue to deliver the
highest performance, Roman Urdu prompts also
significantly improve the quality of prompt engi-
neering; however, prompts in Urdu tend to result in
lower quality prompts more frequently. We hope
our work inspires further research on offensive lan-
guage detection in under-resourced settings. Fu-
ture work may extend to more aspects of the Urdu
language, such as cultural, racial, or age-related
content, to better understand the capabilities and
limitations of LLMs.
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Limitations

The field of offensive language detection in Urdu
utilizing in-context learning remains an under-
explored area. Hence, there exists many potential
research directions to explore. Variability in the
sizes of datasets and their labels presents multi-
ple opportunities for future research. Moreover,
datasets on hate speech in non-English languages
are notably limited. Our investigation has primarily
focused on the Urdu language and its representation
in Roman Urdu. Moreover, the baseline models
used in comparitive study are not in direct compe-
tition with the models evaluated in this research.
Future studies may involve more LLLMs to broaden
the scope of in-context learning to include addi-
tional languages, further exploring the capabilities
and limitations of LLMs.

Ethical Considerations

The task of detecting hate speech in digital media
is a persistent and critical challenge, which makes
it crucial to have fast and dependable methods to
curb the dissemination of harmful content. Tradi-
tional approaches to hate speech detection often
depend on extensive model training, which can
restrict their applicability to real-world scenarios.
Our methodology promotes enhanced flexibility, es-
pecially through the use of large language models.
Nevertheless, it is imperative to strike a judicious
balance that ensures accurate predictions, model
adaptability, and the preservation of individuals’
rights to access truthful information.

Finally, we recognize a potential ethical concern
in presenting examples of highly abusive content.
Therefore, we urge readers to approach this mate-
rial with caution. Our intention is to advance re-
search and understanding of offensive language de-
tection, not to promote or normalize such language.
We also encourage researchers and practitioners to
consider the sensitive nature of the content and the
potential psychological impact on those analyzing
1t.
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A Technical Specifications

Hardware We utilize two types of GPUs: the 16-
GB NVIDIA V100 and the 40-GB NVIDIA A100.
These GPUs are accessed through nodes in a large
cluster, and each node is equipped with multiple
GPUs. To enhance the speed of inference, some of
our experiments leverage data parallelism.

Pretrained Models & Implementation Specifics
We used PyTorch to implement the models, bor-
rowing from HuggingFace (Face, 2021) for Llama-
3 Meta ATI’s third-generation LLM family (Meta,
2024; Dubey et al., 2024) instruction tuned vari-
ants including Llama-3.2-1B-Instruct 4, Llama-3.2-
3B-Instruct 3, Llama-3-8B-Instruct ®, and Llama-
3-70B-Instruct /. In addition, we use Alibaba’s
advaced LLM series Qwen-2 (Yang et al., 2024)
instruction tuned models inlcuding Qwen-2-7B-
Instruct 8, and Qwen-2-72B-Instruct °, spanning
a broad spectrum of computational capacities.
We also use an Urdu language model trained on
lughaat-urdu-dataset-1lm named Lughaat-1.0-8B-
Instruct '°. Another relevant model is Alif-1.0-8B-
Instruct, designed for Urdu and English, however,
due to missing configuration files, we were unable
to integrate it into our experiments in the current
work. Lughaat is built on the Llama-3.1-8B archi-
tecture and has been reported to outperform Alif-
8B. Limited documentation or prior research exists
on Lughaat; however, as it is the only publicly avail-
able Urdu-based model, we included its results in
our evaluation for completeness. Finally, for GPT-
4, we utilized the official OpenAl API and tested
it at various temperature settings (0, 0.5, and 0.8).
Despite these variations, we noted minimal differ-
ences in the generated texts. We report accuracy
and macro F1 scores.

Fine-tuned Approaches We also compare our
approach with state-of-the-art fine-tuned models
for offensive language detection in Urdu by reim-

4https://huggingface.co/meta—llama/Llama-3.
2-1B-Instruct
5https://huggingface.co/meta—llama/Llama—3.
2-3B-Instruct
6https://huggingface.co/meta—llama/
Meta-Llama-3-8B-Instruct
7https://huggingface.co/meta—llama/
Meta-Llama-3-70B-Instruct
8https://huggingface.co/Qwen/
Qwen2-7B-Instruct
9https://huggingface.co/Qwen/
Qwen2-72B-Instruct
10https://huggingface.co/muhammadnoman76/
Lughaat-1.0-8B-Instruct
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plementing the architectures introduced in (Rizwan
et al., 2020). Specifically, we use pretrained em-
beddings from BERT (Devlin et al., 2018), and
XLM-RoBERTa (Conneau et al., 2020), a multi-
lingual variant of ROBERTa trained on 100 lan-
guages—and fine-tune them on the RUHSOLD
dataset to evaluate their transfer learning capa-
bilities across domains and languages. These
models are referred to as BERT+CNN and XLM-
RoBERTa+CNN, respectively. In addition, Rizwan
et al. (2020) introduced domain-specific embed-
dings, termed RomUrEm, trained using word2vec
(Mikolov et al., 2013) on a corpus of approximately
4.77 million Roman Urdu tweets, which were inte-
grated into the RomUrEm+CNN model. All three
models share the same CNN-gram architecture
but differ in their source of embeddings. In our
reimplementation, we adopt BERT+CNN and XLM-
RoBERTa+CNN with their original pretrained embed-
dings, while RomUrEm+CNN is re-evaluated without
using the pretrained domain-specific embeddings
to assess its dependence on language-specific fea-
tures. As a result, we observe a performance drop
of approximately 15 to 20 F1 points across both
coarse- and fine-grained RUHSOLD tasks (Table
2), confirming that the absence of pretrained Ro-
man Urdu embeddings substantially weakens per-
formance compared to the original setup and the
in-context learning approaches. We also evaluate
the performance of these models on the RUTUBE
and USADC datasets (Table 3). Furthermore, since
Akhter et al. (2020) evaluated fine-tuned models
such as Simple Logistic Regression and LogitBoost
Regression on the entire 147,000 instances of the
RUTUBE dataset, we instead used a balanced sub-
set of 10,000 samples from the same source to
ensure consistency when comparing results with
pretrained LLMs.

Answer Parsing Models such as Llama-3 (8B,
70B) and Qwen-2 (7B, 72B) produce the required
target labels, simplifying the interpretation process.
In contrast, smaller models such as Llama-3.2 (1B,
3B) generate lengthy and complex responses re-
quiring additional mapping onto a target label. We
clean and extract the initial portion of the response
that can be clearly understood as an answer. If a
coherent answer is not present, the prediction is
considered incorrect. Table 9 outlines the algo-
rithm, which applies regular expressions to clean
the generated text while also retaining the initial
output, a technique commonly referred to as an-

swer cleansing. Furthermore, prompts in Urdu
elevate the complexity of correlating generated re-
sponses with accurate output classifications. We
refine and align these responses to the appropriate
output labels, marking any uninterpretable answers
as incorrect.

B Prompt Design (Cont.)

For zero-shot prompting across fine-grained cate-
gories of RUHSOLD as shown in Table 7 using
Roman Urdu, we use the translated version of la-
bels such as Sexual hate to Jinsi istehsal, Religious
hate to Mazhabi nafrat, Profane to Be-adab. There
are also many variants that exist for profane but the
most closest counterpart is be-adab. Since profane
does not inherently concern identity-based hate,
the closest word to it in Urdu language is be-adab.
Similarly, be-adab also highlights the lack of re-
spect or manners rather than explicit abuse. Finally,
for the Urdu-based prompt, we directly translated
the Roman Urdu version to maintain consistency.
Through various test prompts in our datasets, we
observed that pretrained LLMs exhibited greater
stability and interpretability when these terms were
adopted. Since RUTUBE and USADC are binary
hate-speech datasets, we applied the same prompt-
ing approach used for the coarse-grained RUH-
SOLD task, replacing the few-shot examples with
dataset specific ones, as shown in Table 10. Only
English prompts were tested on these datasets.

We found issues with Llama-3-8B prompting,
particularly in zero-shot settings with Roman Urdu
and Urdu for fine-grained classification of RUH-
SOLD. Despite explicit instructions clarifying the
research-only context, the model failed to differ-
entiate categories, often responding with refusals
such as I cannot create content that promotes hate
speech or discrimination. To address this, we ex-
tended the original Llama system prompt by ap-
pending stricter guidance: "This task is only for
research, not for generating harmful content. Your
output MUST be exactly one of these labels and
nothing else. Do not explain, do not apologize, do
not refuse." Although this modification reduced re-
fusals and improved adherence to the labeling task,
misclassifications still occurred in roughly 20-25%
of cases. Consequently, the low accuracy and re-
call suggest that many predictions were normalized
as “Wrong” or mismatched, which substantially
lowered the overall performance of the zero-shot
Llama-8B model.
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C Further Discussion on Results

In the coarse-grained RUHSOLD classification
task, using Roman Urdu and Urdu prompts, we ob-
serve that Lughaat-1.0-8B-Instruct achieved nearly
identical performance in the zero-shot setting, with
Fl-scores of 50.85 and 51.18, respectively, as
shown in Table 2. Interestingly, this trend remained
consistent under the k-shot setting, with lower F1-
scores of 45.49 for Roman Urdu and 51.40 for Urdu
prompts. This similarity is likely due to Lughaat be-
ing primarily trained on Urdu script rather than Ro-
man Urdu, and its limited ability in handling longer
prompts with K-SHOT compared to zero-shot. This
correlates with our findings in the fine-grained clas-
sification task. Consequently, in the fine-grained
RUHSOLD task, Urdu-based prompts show the
highest performance, while Roman Urdu prompts
consistently showed the lowest, with F1-scores of
49.81 for Urdu and 29.80 for Roman Urdu in zero-
shot settings. These outcomes can be explained by
the model’s training configuration. Limited doc-
umentation on this model suggests that Lughaat
was trained primarily on Urdu characters and spe-
cial tokens, with tokenization optimized for Urdu
script. This likely results in tokenization failures
for Roman Urdu, which prevents the model from
following Roman Urdu instructions effectively. De-
spite these limitations, Lughaat-1.0-8B shows im-
proved performance with Urdu prompts compared
to its similarly sized Llama-3-8B model on coarse-
and fine-grained RUHSOLD tasks. This highlights
the potential of Urdu-specific LLMs and under-
scores the importance of further development of
models tailored to underrepresented languages such
as Urdu and Roman Urdu.

Prompt Language Effects English prompts per-
form best among all settings because most LLMs
(e.g., GPT, Llama, Qwen) are predominantly
trained and instruction-tuned in English, aligning
their embeddings, syntax, and semantics closely
with it. In contrast, Urdu prompts introduce tok-
enization inefficiencies due to its cursive Nastaliq
script, an abjad derived from Persian and Arabic
that omits short vowels and exhibits complex mor-
phology, while Roman Urdu adds further ambiguity
through inconsistent spellings (e.g., acha, achha,
achaah for the English word okay). These charac-
teristics fragment token representations and reduce
semantic coherence in multilingual settings.

85

=¢=|lama-3- 1B
80
=s-Llama-3-3B
=#=Llama-3-8B

==Llama-3-70B

75

~
=)

F1-SCORE
&

w -
@ S

50
[} 2 a4 6
# OF SHOTS (K)

Figure 3: Influence of ‘k’ in few-shot setting with En-
glish prompts for zero-, 2-, 4-, and 6-shot experiments
on Llama-3.2 and Llama-3 instruction models of vari-
ous sizes.

Role of k> We also explore the impact of k-shot
learning by testing 1, 2, 4, and 6-shot configura-
tions to determine their impact on the model perfor-
mance. Specifically, we choose the Llama-3 model
variants across varying sizes (1B, 3B, 8B, and 70B)
to evaluate the influence of different shot examples
in a binary coarse-grained task on the RUHSOLD
dataset. Each k-shot scenario is designed to evenly
distribute examples between the abusive and non-
abusive categories. For example, in a 2-shot setup,
one example is drawn from abusive content and
another from non-abusive content. As shown in
Figure 3, a progressive increase can be seen in the
F1-score for binary classification as the number of
shots increases, highlighting the benefit of more
examples. However, the incremental performance
gains tend to show no significant increase beyond
4-shots, when advancing to 6-shots. These results
indicate that while the addition of more examples
initially increases the model’s ability to discrimi-
nate between abusive and non-abusive text, there is
a threshold beyond which additional examples lead
to no extra gains.

Error Analysis (Cont.) We observe that for
smaller models such as Llama-8B and Qwen-7B as
illustrated in Figure 2, they exhibit notable differ-
ences in their fine-grained classification behavior
on the RUHSOLD dataset. The strongest predic-
tions for both models are observed in the "Not abu-
sive" class. However, Llama-8B frequently misclas-
sifies neutral comments as Abusive, reflecting its
tendency to over-flag non-toxic content and achieve
high recall but low precision. In contrast, Qwen-7B
produces fewer such misclassifications, maintain-
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ing higher recall with moderate precision. A key
weakness of Llama-8B lies in its handling of the
Sexual hate category, where only a few instances
are correctly identified, and most are incorrectly
classified as Abusive. The model also struggles
to differentiate between profanity and direct abuse.
Qwen-7B, on the other hand, tends to conflate Re-
ligious hate with general abusive, and performs
weakly on Profane examples. Overall, both smaller
models tend to overgeneralize in the "Abusive"
class. Llama-8B is more aggressive, leading to fre-
quent over-detection of abuse, while Qwen-7B is
comparatively conservative, producing better preci-
sion on neutral content but still failing to capture
nuanced distinctions—particularly in Profane and
Religious hate categories.

D Cross-Linguistic Dataset Evaluation

As an alternative to human evaluation, we employ
GPT-40 to assess the quality of the text written in
Roman Urdu and Urdu of each respective dataset.
This approach is supported by previous work (Sun
et al., 2024; Alabi et al., 2025), which has shown a
strong alignment between GPT-based evaluations
and human judgments.

Since there is no standardized system for Roman
Urdu, and having our datasets sourced from social
media platforms such as Twitter and YouTube, we
evaluate their quality using our best-performing
model, GPT-4, which we found to outperform
even supervised approaches. To ensure the reli-
ability of the datasets and the evaluation metrics,
GPT-4 was prompted to correct grammatical mis-
takes, resolve misinterpretations, and produce a
standardized form of Roman Urdu that is easily
understandable. The prompt is provided in Fig-
ure 5. After generating reference sentences with
GPT-4, we conduct a further evaluation of other
metrics against the target (original) sentences in
each Roman Urdu dataset, namely RUHSOLD and
RUTUBE. Below are the prompts used to evaluate
RUHSOLD, RUTUBE, and USADC datasets using
GPT-4o for fluency, content errors, and cohesion
errors—specifically lexical (LE) and grammatical
(GE) errors. Since USADC is available in Urdu
script and does not have a corresponding reference
sentence, we limit its evaluation to fluency scor-
ing only. Although these metrics are traditionally
applied to document-level translation evaluation
(Alabi et al., 2025), they are equally applicable to
sentence-level analysis in our case, as our datasets

COARSE-GRAINED

English Roman U. Urdu
Model Prec. Recall Prec. Recall Prec. Recall
Llama-3.2-1B 59.11 58.76 54.94 60.29 51.82 50.74
+ K-SHOTS 59.65 60.20 56.40 61.26 52.19 52.19

Llama-3.2-3B 65.76 64.08 66.85 57.15 54.33 51.51

+ K-SHOTS  66.90 64.99 66.51 59.34 56.77 56.77
Llama-3-8B  71.23 65.04 75.55 63.88 55.12 55.79
+ K-SHOTS  73.58 66.23 74.73 64.22 56.61 57.09
Llama-3-70B 80.23 71.61 74.92 73.07 70.88 69.06
+ K-SHOTS  79.30 78.41 77.13 74.55 74.16 73.92
Qwen-2-7B  75.33 7321 76.44 69.17 - -
+ K-SHOTS  76.24 78.38 7897 7037 - -
Qwen-2-72B  82.01 79.96 80.69 72.32 - -
+ K-SHOTS  85.19 86.32 83.23 73.90 - -
Lughaat-1-8B 62.71 57.76 51.62 52.35 53.65 49.84
+ K-SHOTS  62.56 61.58 55.71 54.09 54.06 49.28
GPT-4 90.46 92.94 86.33 83.65 89.12 87.88
+ K-SHOTS  91.44 93.70 86.70 86.05 90.60 88.77
FINE-GRAINED
Llama-3-8B  55.94 54.28 59.11 21.27 56.81 15.11
+ K-SHOTS  53.02 53.71 68.35 48.55 65.61 31.77
Llama-3-70B 63.07 61.69 66.07 62.79 64.99 57.59
+ K-SHOTS  67.88 59.19 74.49 65.21 71.72 68.34
Qwen-2-7B 4935 49.10 59.92 50.34 - -
+ K-SHOTS 4736 5091 61.33 5890 - -
Qwen-2-72B  69.89 67.43 68.63 59.71 - -
+K-SHOTS  71.00 69.22 61.28 60.21 - -

Lughaat-1-8B 46.78 44.45 39.09 29.77 44.75 49.59

+ K-SHOTS  40.09 29.59 41.40 22.23 44.13 42.84
GPT-4 75.44 73.00 74.46 68.32 74.04 63.27
+K-SHOTS  77.11 76.84 7594 70.52 76.41 68.24

Table 5: Summary of RUHSOLD results for coarse-
and fine-grained tasks under zero- and few-shot settings
across English, Roman Urdu, and Urdu prompts. The
evaluation metrics included precision (Prec.) and recall
(Recall).

are sourced from Twitter and YouTube, which con-
tains short, independent statements where fluency,
coherence, and grammatical accuracy directly indi-
cate dataset quality.

Fluency We used GPT-40 to assess the fluency of
the Roman Urdu datasets (RUHSOLD, RUTUBE)
and Urdu script (USADC). The model rated each
sentence on a scale from 1 (very poor fluency) to
5 (high fluency). No reference sentences were pro-
vided during this process. The overall fluency score
for each dataset was calculated as the average of
all sentence-level scores, as shown in Table 8. The
exact prompt used for this evaluation is presented
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Test
Train RUHSOLD RUTUBE USADC
RUHSOLD 56.13 42.60 23.10
RUTUBE 49.08 59.08 25.55
USADC - = -

Table 6: Summary of cross-training results using
RoBERTa-large model using the RUHSOLD, RUTUBE,
and USADC dataset.

in Figure 7. We adapt this prompt from (Sun et al.,
2024).

Content GPT-4 is prompted to categorize errors
in the target sentence by comparing with the ref-
erence text, i.e., the generated standardized output
(ref. Figure 5). Identified errors are classified into
categories such as mistranslations, omissions, ad-
ditions, or other discrepancies. Once the errors are
collected, their total is averaged over all target sen-
tences, and this aggregated value is reported as the
content error (CE) with results shown in Table 8.
The exact prompt is provided in Figure 7.

Cohesion To evaluate cohesion, GPT-4 is
prompted to identify errors related to lexical choice
and grammatical structure by comparing the Ro-
man Urdu target sentences with the reference sen-
tences. Each error is recorded separately, and aver-
ages are calculated across all target sentences. The
results are reported as lexical errors (LE) and gram-
matical errors (GE) with results shown in Table 8.
The prompt template used is presented in Figure 8.

E Toxicity Analysis Across Datasets and
Cross-Training Evaluation

Figure 4 shows a violin plot that visualizes the dis-
tribution of different levels of toxicity across the
RUHSOLD, RUTUBE, and USADC datasets on a
logarithmic scale. Overall, RUHSOLD appears to
have a broader distribution of toxicity levels, sug-
gesting a varied range of Roman Urdu texts from
less to more severely toxic. RUTUBE shows a nar-
rower distribution around the lower toxicity levels,
which indicates that samples in this dataset are gen-
erally less toxic. USADC, similar to RUHSOLD,
shows a wide distribution, but with a noticeable
concentration of data points around a lower level
of severe toxicity compared to RUHSOLD.

We also explore the efficacy of using the target
dataset as a training source since we have three
different datasets. In this analysis, we use the su-

pervised model to evaluate its performance and
generalization capabilities across different datasets.
Our goal is to assess the performance of different
datasets in a zero-shot supervised setting to deter-
mine how well the model adapts to diverse data dis-
tributions, with datasets originating from distinct
sources such as Twitter and YouTube. This analysis
seeks to enhance understanding of the underlying
factors that contribute to their generalization ca-
pabilities. We use the RoBERTa-large model on
the RUHSOLD, RUTUBE, and USADC datasets.
Given that the USADC dataset is in Urdu script,
unlike the Roman Urdu format of the other two,
its performance was significantly lower; hence, we
omitted its scores from the report. Notably, the
RUTUBE dataset demonstrated the highest over-
all performance, likely due to the absence of class
imbalance, which contrasts with the challenges ob-
served in RUHSOLD and USADC, where class
imbalances affect performance under supervised
conditions with unseen dataset instances. The re-
sults of this configuration are detailed in Table 6.
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Type Prompt Template Labels

English System: <As a responsible Al tool, you are an abusive language detec- c,: Abusive
tor.> User: <Your job is to classify the following “sentence’ as either c¢,: Not abusive
Ca, OT ¢,. Only output one of these two labels.> Sentence: <sentence>

Roman Urdu System: <Ek zimmedar Al tool ke tor par, aap ek gaali detektor hain> c,: Khair ikhlaqi
User: <Barah-e-karam darj zael jumlay: “sentence’ ko cq, ya cp, ke tor ¢y Ikhlaqi
par darja bandi karein. Inn darja bandiyon kay ilawa koi izafi malomat
na den.> Jumla: <sentence>

Urdu System: - .‘/bé'tjdgvg _{T‘/,MLJJ(}T;UB.AVQ User: ¢, Jﬂplﬁf'
.:Z.J!.S@Ar/of/, “sentence” fca, ya cp —u:/d,u'-,:./)/,u}’L cn: Jlf
—@);&L}”Ju’&ﬂﬂkLuiﬁ:‘Au' : 1% <sentence>

English System: <As a responsible Al tool, you are an abusive language detec- c,: Abusive
tor.> User: <Classify the following “sentence’ as cq, Cb, Cc, Cd, OF Ce. Cp: Not abusive
Only output one of these five labels.> Sentence: <sentence> cc: Sexual hate
cq: Religious hate
ce: Profane

Coarse-Grained

Roman Urdu System: <Ek zimmedar Al tool ke tor par, aap ek gaali detektor hain> c4: Khair ikhlaqi
User: <Aap ek gaali detektor hain. Barah-e-karam darj zael jumlay: c;: Ikhlaqi
“sentence” ko ca, cb, Cc, Cd, ya Ce, ke tor par darja bandi karein. Inn c¢.: Jinsi istehsal
darja bandiyon kay ilawa koi izafi malomat na den.> Jumla: <sentence> c4: Mazhabi nafrat
c.: Be-adab

System: - ”‘/‘é’:ﬁdﬁ’.«g ..:T‘/,/;LLJ:"(}Q—UD.ABV{‘ User:  ¢,: Cg”"i
Urdu /.V J-'-SGA(/@/, “sentence” /}LL».{'U’KLU‘:’H J,’.}GA e ‘jt‘;_,’dj
> o 4
u,/dici:/)/, Ca; Cb, Cc, Cdy Y& Ce dW&/MﬂF Lu”.ﬁ.i,/ﬁu' ca: S P (S
-wu&t)’" : 1% <sentence> cet sl &

Fine-Grained

Table 7: The strategy for formulating zero-shot prompts for the RUHSOLD dataset using coarse-grained and fine-
grained tasks that utilize prompts in English, Roman Urdu, and Urdu. The labels c,, ¢, c¢, cq, and ¢, correspond to
distinct classes within the dataset. The sentences are not translated — all datasets are used in their original form
(Roman Urdu or Urdu script) as provided.

Test
DATASET Fluency T Content Errors | Lexical Errors | Grammatical Errors |
RUHSOLD (Coarse-Grained) 2.6264 1.3215 1.4527 0.7981
RUHSOLD (Fine-Grained) 2.2798 1.3457 1.5173 0.8020

RUTUBE 2.1860 1.3860 1.2419 0.6279
USADC 2.3968 - - -

Table 8: GPT-40 evaluation of datasets based on comparisons between target and reference sentences. Fluency is
assessed as a reference-free metric. Best scores are highlighted in bold.
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Cleansing Approach

Pseudocode

Detect labels by matching the first word or dis-
tinctive prefix of the expected classes:

* For binary labels, check for "Not
abusive" before "Abusive” to avoid sub-
string conflicts.

¢ For multi-class labels, pick the first key-
word such as Jinsi for Jinsi istehsal,
Mazhabi for Mazhabi nafrat, Profane
for profanity, and Be for Be-adab.

 If the predicted response contains addi-
tional raw text beyond the label, discard it
using regex filtering.

pred = pred.strip()

# Remove punctuation and extra symbols

pred = re.sub(r’[A-Za-z]’, pred)

# Normalize whitespace

pred = pred.lower().strip()

# Match labels with priority for “not abusive”

if re.match(r’ *not + abusive’, pred) :
found_label = "Not abusive"

elif re.match(r’ *abusive’, pred) :
found_label = "Abusive"

elif re.match(r’* sexual + hate’, pred) :
found_label = "sexual"

elif re.match(r’* Religious + hate’, pred) :
found_label = "religious"

elif re.match(r’*profane’, pred) :

found_label = "Profane"
else:
found_label = "Unknown"

if re.match(r’* khair + ikhlaqi’, pred) :
found_label = "Khair ikhlaqi"

elif re.match(r’* ITkhlaqi’, pred) :
found_label = "ikhlaqi"

elif re.match(r’* jinsi + istehsal’, pred) :
found_label = "Jinsi istehsal"

elif re.match(r’ *mazhabi + nafrat’, pred) :
found_label = "Mazhabi nafrat"

elif re.match(r’*be + adab’, pred) :

found_label = "Be-adab"
else:
found_label = "Unknown"

Table 9: Details of the answer cleansing approach for abusive language classification. The logic ensures correct
disambiguation between “Abusive” and “Not abusive,” handles multi-word classes by matching their first keyword
(e.g., “Jinsi” — Jinsi istehsal, “Mazhabi” — Mazhabi nafrat, “Be” — Be-adab), and discards any trailing raw text

using regex patterns.
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Figure 4: Comparison of toxicity distribution between RUHSOLD, RUTUBE, and USADC (all six categories).
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TASK Prompt Template Labels

COARSE-GRAINED Sentence: “lanati slected government murdabad.” Label: [, lq: “Abusive”

RUHSOLD Sentence: “be hn sary bas khan per bhokny ky paisy mil rhy sab ko.” Label: [, lo: “Abusive”
Sentence: “lagta hsi man chaha job nae de rahy bhai ko.” Label: [, lp: “Not Abusive”
Sentence: “acha ha g bohat acha ha.”” Label: [ lp: “Not Abusive”
Sentence: “s”, Label:

FINE-GRAINED Sentence: “or haan tm pe or uss ghaleez soowr pashteen per bahrpoooor lanat.” Label: [, [4:“Abusive”

RUHSOLD Sentence: “kasy btaaa du itna mushkil hai aesy uska direct nam ly kar btana.” Label: l;, [,: “Not Abusive”
Sentence: “rt : tum jese khusray maa bhen ki baatein hi krty hain oqat dekh r baatein [.: “Sexual Hate”

dekho gandi naali k keeray ki.” Label: [.
Sentence: “is molvi ne yahoodi dress coat pehna hua hay is k iman ka b mujhy shak hay.”
Label: 4

~

4: “Religious Hate”

Sentence: “kyaaaa musibbaattt ha yr sara mood khraab kr diya ha bc.” Label: [, le: “Profane”
Sentence: “s”, Label:

RUTUBE Sentence: “Inhi jahilon ki Waja say Nawaz shreef select hota hai” Label: [, lo: “Abusive”
Sentence: “bharwy phely to sham ki level pe aa phr akar bt kariyo bc randi ki nasal” [,: “Abusive”
Label: I,
Sentence: “kia bat hay larke you are our jani.” Label: [, lp: “Not Abusive”

Sentence: “Karachi Me Aashura K Maugay Per Mukammal Aman Raha.” Label: [, lp: “Not Abusive”
Sentence: “s”, Label:

USADC

—~

o “Abusive”
lp: “Abusive”

. e . . . ) lg: “Not Abusive”
Sentence: ‘L@Jla,’»’.) QLLﬂu’/Lj"J&LU}f(“'L#LuﬂJIM‘) 1 “Not Abusive”
&l dos fﬂf f&/é::uf” Label: lo
Sentence: “‘Lﬁ,f/.}} Kol ’/3‘” Label: I
Sentence: “la?f}t(«/u.}/ u‘ffﬁf}TuW KA"/.U:L@T{‘(_—/QJ’ Label: Iy

Sentence: “s”, Label:

Sentence: “iu"/’/,y’;u” v" Label: I,

Table 10: Few-shot prompt examples for RUHSOLD (coarse- and fine-grained classification tasks), RUTUBE, and
USADC datasets. Labels I, lp, I, l4, and [, indicate distinct classes, and ‘s’ represents the target sentence relevant
to the task.

Roman Urdu Text Correction Prompt

SYSTEM:

"You will be provided with text in Roman Urdu."

"Your task is to correct mistakes and output a standardized Roman Urdu translation.”
"Only output the corrected text, nothing else.”

INPUT:
*xSentence:xx
{sentence}

Figure 5: Prompt used with GPT-4 to convert Roman Urdu text to standardized format.
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Model Input Ground Prediction

a b ni skhti nzr 1 X Incorrect, no response The given sentence ap-

Can not be seen. pears to be a mix of random letters and does not
convey any meaningful information. It does not con-
tain any abusive language.

dear customer, mubarak ho ap hbl bank and zong company ki taraf 1 Not Abusive. v' Explanation: The sentence appears

say toyota corolla car jeet chuky hain car hasil krny k liye rabta to be a promotional message and uses polite language

krain. without any abusive tone.

Dear customer, congratulations! You have won a Toyota Corolla

car from HBL Bank and Zong company. Please contact us to claim

your prize.

fazlu bhen chod. there, i said it. 0 Abusive. v This contains explicit abusive language

Fazlu, sister f***er. There, I said it. and is classified as abusive.

abe akhrot si shakal ke #arhaankhan tu bolega #asimriaz ko shakal 0 Abusive. v This includes abusive language and

dek khud ko deka h itne bure to log adhar card m b ni dikhte derogatory comments.

#wesupportsidharthshukla

Hey, walnut-faced Arhaan Khan, will you speak to Asim Riaz?

Look at yourself, you look worse than people in Aadhaar card

photos.

ek banda meri tatti tweets bhi rt krta hai bc itna die hard fan hai 0 Abusive. v' This sentence includes offensive slang

mera and inappropriate language, making it abusive.

One guy even retweets my shitty tweets. He’s such a die-hard fan

of mine.

itni late ai ;-; is scooby ko dekh zara 1 Not Abusive v This sentence is casual, non-abusive,

So late ;-; Look at this Scooby. and informal.

i hate dipika randi. 0 Not Abusive X The sentence uses a derogatory word

I hate Dipika, prostitute. and is abusive, making the classification incorrect.

na kehti toe pata nhi zinda hoti abhi tak. 1 Not Abusive v This is a poetic sentence and not

If I hadn’t said it, who knows if I’d still be alive now.

abusive.

zaroor likhain phir jab ban hoga onair honay say pehlay toh hum

phir campaign chlain gay wooowwww

Sure, write it down. Then when it gets banned before going on air,

we will run a campaign again. Wooowwww.

Abusive. X The tone is sarcastic but not abusive. The
prediction is incorrect.

Table 11: Examples showing zero-shot English prompt performance by the Llama-3-8B-Instruct model on the

coarse-grained RUHSOLD dataset, with model justifications for categorizing specific samples as abusive or not.

Sentences translated into English are displayed in italics.
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Model Input Ground Prediction

Khan sib waqae ahmagq hi kyo ki ap jesi makar awrt si shade jo 0 Abusive v Explanation: The sentence contains abu-

kye the sive language and derogatory terms in the Sindhi

Why are you such an idiot, Khan, because you married a deceitful language. The translation of the sentence is not

woman like yourself? provided, but it includes words like “ahmaq” which
means “fool” or “idiot”.

Bharwe k aulad .... tum saray indian ko duniya deikh rahi hai 0 Abusive v' Explanation: The sentence contains

tumhare zulam ko aur atankwad ko. soon it will end and u will be abusive language and derogatory terms, including

destroyed. “bharwe” which is a vulgar term in Hindi/Urdu. The

Son of a whore... the whole world is watching the oppression and sentence also includes threatening language towards

terrorism of all you Indians. It will soon end, and you will be a group of people based on their nationality.

destroyed.

Bhole nahi hon yar mona khud khti hai ke saab ke sath noti bejte 1 Not Abusive v' Explanation: The sentence is in Ur-

hai mona ko bhla kon bhoo sakta hai. du/Hindi and translates to “Bhole doesn’t listen”.

I’m not naive, buddy. Mona herself says that she sends naughty

messages to everyone. Who can forget Mona?

Kahan jao ge mujhe chor kar main pooch pooch k thak gaya wo 1 Not Abusive v Explanation: The sentence provided

jawab mujh ko na de saka wo to khud sarapa sawal tha wo jo mila is in Urdu and can be translated as “Where will you

sadyion baad bhi mere lab pe koi gila na tha meri chup ne usay go”.

rula diya jisey guftagu main kamal tha.

Where will you go leaving me behind? I'm tired of asking; he

couldn’t give me an answer. He himself was a complete mystery.

Even after meeting him after centuries, there was no complaint

on my lips; my silence made him cry, he who was brilliant in

conversation.

Five star??....ap baat ko badalty q hn ..daleel k tarazu m tol k 1 Not Abusive v' Explanation: The sentence does not

wazan barabar q nh krty. contain any abusive language, threats, or insults. It

Five star?? Why do you change the topic... Why don’t you balance appears to be a question or complaint about someone

the arguments fairly on the scales of reason? not being fair or consistent in their actions. However,
it is written in Urdu and may require translation.

Lekan teri agg nei buje gi randi. 0 Abusive v The given sentence is in the Igbo lan-

But your fire won’t be extinguished, whore. guage and translates to “Let your head swell and
burst”. This sentence can be considered abusive be-
cause it contains aggressive and threatening language.
The phrase “swell and burst” implies harm and vio-
lence.

En judges ki gand ma ap log danda q nae dete ye bhen chod sirf 0 Abusive v* Rationale: The sentence contains offen-

en choron ko relief dete hain or aaam awam mar jati hai likn insaf
nae milta.

Why don’t you guys shove a stick up these judges’ asses? These
motherfuckers only give relief to those crooks, and the common
people die, but justice is not served.

sive language and derogatory terms, which are dis-
respectful and intended to harm or demean. The use
of vulgar words like “gand” (ass) and “bhenchod”
(sister-fucker).

Table 12: Examples showing zero-shot English prompt performance by the Llama-3-70B-Instruct model on the
coarse-grained RUHSOLD dataset, with model justifications for categorizing specific samples as abusive or not.
Sentences translated into English are displayed in italics.
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Model Input Ground Prediction

randi olado tumne kab kab talvar chalai hai mador-  Abusive  The given sentence is classified as Abusive. The

chod teri ma ki choot maru bosdike sentence contains offensive language and inappropri-

When did you pick up the sword, you mother***er? ate content that is not suitable for general use. The

LIl f*** your mother, you son of a b***h words used in the sentence are vulgar, disrespectful,
and highly offensive, making it unsuitable for any
kind of communication. True. v/

rt : bharwe masjid mae hoon mae Abusive  False. X The given sentence is not abusive. It appears

I am at the mosque, pimp to be a statement in the Hindi language, possibly
expressing that someone is associated with a mosque.

raatein dengi bata neendo mein teri hi baat hai Not Abusive The given sentence can be classified as Abusive. The

bhoolun kaisay tujhe tu toh khayalo mein sath hai sentence contains aggressive and disrespectful lan-

Nights tell me that it’s only you in my dreams. How guage, such as "dengi" (money) and "bhoolun kaisay"

can I forget you? You are in my thoughts. (how to forget), which are commonly used in abusive
or" X

i think base is akhrot halwa and topping of gulab Not Abusive The given sentence is not abusive. It appears to be

jaman it is sweet dish a statement or description about food items, specifi-

1 think the base is walnut halwa and the topping is cally mentioning "base is akhrot halwa" and "topping

gulab jamun. It is a sweet dish. of gulab jaman," which are components of a sweet
dish. True v/

tu hijra hai...ae hijrechatya Abusive  The sentence is considered abusive. The words used

You are a eunuch... hey you eunuch fellow in this sentence are derogatory and offensive towards
transgender individuals, which falls under the cat-
egory of abusive language. It is important to treat
others with respect. True v/

ham to yah bhi jante hain ki yahoodi har chij ko  Abusive  The given sentence can be classified as Abusive. The

dhundhte rahte hain aur yahoo bhaiyon ko vah chij
nahin milati aur itni hi purani academy nabiyon ki
dor ki ki yahan insan pahle raha karte the vahi chijen
mil rahi hai jo chij inko chahie vah chij nahin mil
rahi hai

We also know that Jews keep searching for everything,
and those brothers cannot find the thing they want.
The academy is as old as the prophets’ era, where
people used to live. They are getting those things, but
not the one thing they need.

language used is aggressive, and there is an underly-
ing tone of disrespect and hostility towards a specific
group ("yahoodi"). The sentence also contains inap-
propriate religious references that may be considered
offensive. True v/

Table 13: Examples showing zero-shot English prompt performance by the Qwen-2-7B-Instruct model on the
coarse-grained RUHSOLD dataset, with model justifications for categorizing specific samples as abusive or not.
Sentences translated into English are displayed in italics.
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Model Input Ground Prediction

abe akhrot si shakal ke #arhaankhan tu bolega #asimriaz ko shakal dek khud ko 0 Abusive v' Reasoning: The sentence

deka h itne bure to log adhar card m b ni dikhte #wesupportsidharthshukla contains abusive language and deroga-

Hey, with a face like a walnut, #arhaankhan, youﬂ talk to #asimriaz? Look at tory terms targeting an individual§ phys-

yourself first. People donf even look this bad in their ID cards. #wesupportsid- ical appearance. It also includes a hash-

harthshukla tag that supports another individual, po-
tentially indicating bias and further em-
phasizing the abusive nature of the com-
ment. Note: The language used

koi wja to ho gi ? 1 Not Abusive v Reasoning: The sen-

There must be some reason? tence koi wja to ho gi?is in Urdu and
translates to There must be some rea-
son?in English. It doesnf contain any
offensive language, threats, or deroga-
tory terms, so it

aby han mn bhol gya ye to sasti randi hy 0 Abusive v Reasoning: The sentence

Oh yes, I forgot. Shes just a cheap prostitute. contains derogatory language and in-
sults, which are directed towards a per-
son. The use of the term fandiis particu-
larly offensive and demeaning, making
this sentence clearly abusive in nature.
Additionally, the sentence

hum sy toh na ho paye ga 1 Not Abusive v' Explanation: The sen-

We wonf be able to do this. tence hum sy toh na ho paye gais in
Urdu language and it translates to We
wont be able to do this.There are no abu-
sive words or phrases in this sentence.

bhenchod messi kahin se bhi goal daal deta hai 0 Abusive v* Explanation: The sentence

F***ing Messi can score a goal from anywhere. contains a derogatory term in Hindi,
which is considered vulgar and offen-
sive. Therefore, it is classified as abu-
sive. Additionally, the sentence also
contains a reference to a person (Messi)
which can be considered as

rt : logon ke relationship ka randi rona dekh dekh ke single hone pe proud feel 0 Abusive v' Reasoning: The sen-

hota hai. tence contains derogatory language

RT: Watching people whine about their relationships makes me feel proud of and insults, referring to someone as a

being single. fandiwhich is a highly offensive term
in Hindi/Urdu. This kind of language
is disrespectful and intended to demean
and humiliate.

nhi be apne sbhi londe lage hue hain 0 Abusive v' The sentence is in Hindi

No, bro, all your boys are busy at it.

and it translates to No, bro, all your
boys are busy at it.The use of the word
Tonda(translated here as boys) is vulgar
and offensive, making this sentence

Table 14: Examples showing zero-shot English prompt performance by the Qwen-2-72B-Instruct model on the
coarse-grained RUHSOLD dataset, with model justifications for categorizing specific samples as abusive or not.
Sentences translated into English are displayed in italics.
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Model Input->Roman Urdu [Translation] Ground Llama-70B Qwen-72B Lughat-8B

khabasaat se bharppor yaar maar ein tu....assi dost samjhday umar Religious Religious hate v Not abusive X  Religious hate v’
guzar deti tu yahoodi nikaleya hate

You are filled with filth, man. We considered you a friend and spent

a lifetime with you, and it turns out you’re a Jew.

apne gawah banna hay ya marriage hall ki booking krwani hay? Not Not abusive v'  Religious Hate X Abusive X
krne deen jo krty han Abusive

Do you want to become a witness yourself or are you arranging a

marriage hall booking? Let people do what they are doing.

aunty aap sunni shia barelvi ahmedi etc etc etc kya ho Religious Not abusive X  Religious hate v Religious hate v/
Aunty, are you Sunni, Shia, Barelvi, Ahmadi, etc.? hate

ye koi randi khana he? Profane  Sexual hate X Profane v/ Sexual hate X
Is this some kind of brothel?

ap transgender ki representation kro gee kal mera jism meeri merzi Sexual Not abusive X Abusive X Sexual hate v/
march mn shamal ho k hate

You will represent transgender people by joining tomorrow’s ‘My
Body, My Choice’ march.

aur ye phattu unko appreciation dete hue Abusive  Not abusive X  Religious hate X Abusive v/
And this coward is giving them appreciation.

agar unmute na kre to bol dena chehre to langoor hai tera or tu Sexual Abusive X Religious hate X Profane X
hijra hai hate

If they don’t unmute, then tell them their face looks like a langur
(monkey) and that they are a eunuch.

Table 15: Fine-grained classification prediction of RUHSOLD using few-shot Roman Urdu prompt by the Llama-3-
8B-Instruct, Qwen-2-72B-Instruct, and Lughat-1.0-8B model.

Fluency Prompt

SYSTEM:
You are an expert in evaluating the fluency of Roman Urdu text.

INPUT:
Please evaluate the fluency of the following text given in Roman Urdu.

### Instructions:
- Task: Evaluate the fluency of the text.
- Scoring: Provide a score from 1 to 5, where:
- 5: The text is highly fluent, with no grammatical errors, unnatural wording, or stiff syntax.
- 4: The text is mostly fluent, with minor errors that do not impede understanding.
- 3: The text is moderately fluent, with noticeable errors that may slightly affect comprehension.
- 2: The text has low fluency, with frequent errors that hinder understanding.
- 1: The text is not fluent, with severe errors that make it difficult to understand.
- Explanation: Support your score with specific examples to justify your evaluation.

### Output Format:
Return **onlyx* the following JSON object, with no extra text:

"Fluency":
"Score": "<the score>",
"Explanation”: "<your explanation on how you made the decision>"

**xText to Evaluate:*x
{sentence}

Figure 6: Prompt used with GPT-4 to find fluency.
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Content Prompt

SYSTEM:
You are an expert evaluator of finding text accuracy.

INPUT:
Please evaluate the accuracy of the following Roman Urdu text in <<target>> by comparing it to
the provided reference text.

### Instructions:

- Task: Compare the text to the reference text.

- Identify Mistakes: List all mistakes related to accuracy.
- Omission: Missing words, phrases, or information present in the reference text.
- Addition: Extra words, phrases, or information not present in the reference text.
- Others: Mistakes that are hard to define or categorize.

### Output Format:
Return **onlyx* the following JSON object:

"Accuracy”:
"Mistakes"”:
<Mistake Types: summarize the mistake>"

*xReference Text:xx
{reference}

**Text to Evaluate:*x
{hypothesis}

Figure 7: Prompt used with GPT-4 to find cohesion errors—specifically lexical (LE) and grammatical (GE) errors.

Cohesion Prompt

SYSTEM:
You are an expert evaluator of cohesion in text.

INPUT:
Please evaluate the cohesion of the following Roman Urdu text in <<target>> by comparing it to the
provided reference text.

### Instructions:
- Task: Evaluate the cohesion of the text.
- Definition: Cohesion refers to how different parts of a text are connected using language structures
like grammar and vocabulary. It ensures that sentences flow smoothly and the text makes sense as a whole.
- Identify Mistakes: List all mistakes related to cohesion.
- Separate the mistakes into:
- Lexical Cohesion Mistakes: Issues with vocabulary usage, incorrect or missing synonyms, or overuse
of certain words that disrupt the flow.
- Grammatical Cohesion Mistakes: Problems with pronouns, conjunctions, or grammatical structures that
link sentences and clauses.
- Provide Lists: Provide separate lists for lexical cohesion mistakes and grammatical cohesion mistakes.
Provide empty lists if there are no mistakes.

### Output Format:
Return **onlyx* the following JSON object:

"Cohesion":
"Lexical Cohesion Mistakes": "<list mistakes here>"
"Grammatical Cohesion Mistakes”: "<list mistakes here>"

**Reference Text:xx
{reference}

**Text to Evaluate:xx
{hypothesis}

Figure 8: Prompt used with GPT-4 to find cohesion errors—specifically lexical (LE) and grammatical (GE) errors.
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