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Abstract

We present a comprehensive evaluation of
Urdu—English idiomatic translation, introduc-
ing a parallel benchmark encompassing Native
and Roman Urdu across translation, paraphras-
ing, idiom span detection, and idiomatic back-
translation. Eight prompting strategies—in-
cluding literal, cultural, idiomatic, and few-
shot prompts—are used to assess multiple open-
source LLMs and NMT systems. Performance
is evaluated using BLEU, ChrF, BERTScore,
COMET, XCOMET, ROUGE, Levenshtein dis-
tance, and multilingual embedding cosine sim-
ilarities (LASER, LaBSE, USE). Results indi-
cate that LLMs outperform NMT systems in
preserving idiomatic meaning, with cultural
and idiomatic prompts yielding the highest se-
mantic fidelity. Few-shot prompting further
improves idiom handling. Native Urdu consis-
tently achieves higher scores than Roman Urdu
across all tasks, highlighting the influence of
script on translation quality. This study pro-
vides the first multi-metric, cross-script bench-
mark for idiomatic Urdu—English translation,
offering insights into model behavior, prompt
sensitivity, and the challenges of Romanized
input.

1 Introduction

Idiomatic expressions pose a long-standing chal-
lenge in machine translation due to their non-
compositional semantics, cultural grounding, and
contextual dependence. For example, the Urdu id-
10m o)y (w ~w 2— &osl (“a cumin seed in a camel’s
mouth”) corresponds to the English idiom “a drop
in the ocean,” illustrating how figurative meaning is
easily lost when systems rely on literal alignments.
Accurate translation requires recognizing idiomatic
spans, interpreting figurative intent, and generat-
ing culturally appropriate equivalents rather than
surface-level mappings.

Urdu, the 10th most spoken language globally,'

'https://en.wikipedia.org/wiki/Urdu

presents additional complexity due to its dual writ-
ing systems: the formal Perso—Arabic script (Na-
tive Urdu) and the widely used but orthographically
inconsistent Roman Urdu. The lack of standardized
spelling and phonetic ambiguity in Roman Urdu
complicate idiom preservation across scripts. De-
spite the prevalence of idioms in Urdu communi-
cation, there is limited research on how modern
LLMs or NMT systems handle idiomatic content
in either script, and no unified evaluation spanning
translation, paraphrasing, span detection, and back-
translation.

To address these gaps, we introduce the first
comprehensive benchmark for Urdu—English id-
iom understanding and translation. Our benchmark
extends prior idiom-focused work by covering mul-
tiple subtasks, including direct and literal transla-
tion, culturally grounded translation, paraphrasing,
idiom-span detection, idiomatic back-translation,
and few-shot translation with 5-shot and 10-shot
demonstrations. This design enables analysis of
idiom recognition, cross-script transfer, prompt sen-
sitivity, and robustness under varied conditions.

We evaluate a suite of open-source LLMs and
NMT models, including GPT-OSS-20B (Kumar
et al., 2025), Qwen 3-8B (Yang et al., 2025),
DeepSeek R1-Distill-Llama-8B (Guo et al., 2025),
Gemma 3—-1B (DeepMind and Team, 2025), Mis-
tral Instruct-7B (Jiang et al., 2023), LLama-3.2-
3B-Instruct (Grattafiori et al., 2024), NLLB mod-
els (Team et al., 2022), and Google Translate as
a strong NMT baseline. We curated a total of
4,000 idiom—sentence pairs for evaluation, divided
equally across scripts: 2,000 written in Native Urdu
and 2,000 written in Roman Urdu. Each sentence
contains at least one idiomatic expression and is
paired with a verified English reference translation
checked by native speakers.

We assess model outputs using a diverse met-
ric suite capturing surface similarity (BLEU,
ChrF), semantic similarity (BERTScore, COMET,
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XCOMET), paraphrase consistency (ROUGE), and
idiom-level variation (Levenshtein distance, un-
igram overlap, and multilingual embedding co-
sine scores). This multi-metric pipeline enables
a holistic analysis of figurative meaning preserva-
tion across scripts, prompts, and architectures.
Our main contributions are:

* We release a unified benchmark for Urdu—
English idiom understanding across transla-
tion, paraphrasing, idiom-span detection, and
back-translation in Native and Roman Urdu.

* We provide a systematic analysis of prompt
sensitivity in idiom translation for Urdu using
eight prompting strategies.

* We present a cross-script comparison of id-
iomatic translation quality, revealing substan-
tial performance gaps driven by orthographic
representation.

* We introduce a comprehensive multi-
metric evaluation combining BLEU, ChrF,
BERTScore, COMET, XCOMET, ROUGE,
Levenshtein distance, and embedding
similarity.

2 Related Work

Idiomatic translation has been examined in sev-
eral language pairs, with prior studies highlight-
ing the difficulty of preserving figurative mean-
ing in neural systems. Fadaee et al. (Fadaee et al.,
2018) showed that data augmentation and semantic
cues can improve idiom handling in NMT, while
Liu et al. (Liu et al., 2023) explored cross-lingual
idiom understanding using multilingual encoders.
Recent work on Persian—English idiom translation
demonstrates that retrieval-augmented prompting
and semantic similarity models can enhance figura-
tive meaning retention (Rezaeimanesh et al., 2025).
However, these efforts remain limited to high- or
mid-resource settings.

Research on Urdu NLP has focused primarily
on low-resource challenges, including morpholog-
ical complexity, script variation, and inconsistent
orthography (Wahid et al., 2024; Butt et al., 2025).
Despite the prevalence of idioms in Urdu commu-
nication, no prior work has investigated idiomatic
translation across Native and Roman Urdu, and
existing MT benchmarks do not include idiom-
specific evaluation for Urdu.

3 Dataset

We construct a unified dataset of 4,000 Urdu—
English idiom—sentence pairs, divided equally
across writing systems. Each instance contains an
Urdu sentence with at least one idiomatic expres-
sion, the extracted idiom, and a gold English trans-
lation verified by bilingual annotators. The dataset
covers a broad range of figurative expressions span-
ning common proverbs, culture-dependent idioms,
and semantically opaque phrases.

Table 1 shows an example idiom and its gold
translation.

3.1 Native Urdu

The Native Urdu dataset contains 2,000 sentences
written in the Perso—Arabic script, commonly used
in formal communication, print media, and educa-
tion. Idioms were collected from publicly avail-
able resources such as UrduPod101,? LingApp,’
and EnglishUms,*, supplemented with manually cu-
rated examples from native speakers. Each idiom
was paired with an English equivalent and contex-
tual sentence. Translations generated with an LLM
were manually reviewed and corrected by a group
of university students, fluent in Urdu and English,
to ensure translation quality and idiomatic equiva-
lence.

Idiom (Native Urdu): o, (o s g &l
Idiom (Roman Urdu): Oont ke munh mein
zeera

Idiom (English): A drop in the ocean
Sentence (Native Urdu): < g ol & o
LA ey e e S i) e Wie & lal 2
Sentence (Roman Urdu): Ye tankhwah to

mere kharchon ke mugqablay mein oont ke
munh mein zeera hai.

Gold Translation: This salary is just a drop
in the ocean compared to my expenses.

Table 1: Example instance from the Native and Roman
Urdu datasets.

3.2 Roman Urdu

Roman Urdu refers to the representation of Urdu
using the Latin script, commonly used in informal

https://www.urdupod101.com/
*https://ling-app.com/
*https://englishums.com/


https://www.urdupod101.com/
https://ling-app.com/
https://englishums.com/

digital communication such as texting, social media,
and online forums. Unlike Native Urdu, Roman
Urdu lacks standardized orthography, resulting in
substantial spelling variation and increased lexical
diversity, which pose challenges for translation and
evaluation systems.

For this work, the Roman Urdu portion of the
dataset was constructed to mirror the Native Urdu
split. Starting from the 2,000 Native Urdu idioms
and their accompanying sentences, we used an
LLM (ChatGPT) to generate corresponding Roman
Urdu versions. These automatically generated Ro-
man Urdu idioms and sentences were then manually
reviewed and corrected by native speakers profi-
cient in both scripts to ensure linguistic accuracy,
naturalness, and consistency with real-world Ro-
man Urdu usage.

The final Roman Urdu dataset consists of 2,000
high-quality idiom—sentence pairs aligned with
their Native Urdu and English counterparts, en-
abling controlled cross-script comparisons in down-
stream evaluation.

3.3 Dataset Statistics

Table 2 presents a quantitative comparison of the cu-
rated Native Urdu and Roman Urdu idiom—sentence
datasets. Each split contains 2,000 idiom—sentence
pairs, resulting in a total of 4,000 aligned instances
with verified English translations.

Both datasets exhibit similar structural patterns:
idioms average between six and seven words, while
sentences typically range from nine to ten words.
Roman Urdu shows a slightly larger vocabulary
size (3,254 vs. 3,033 in Native Urdu) as well as
a higher Type—Token Ratio (TTR), reflecting its
greater orthographic variability and lack of stan-
dardized spelling conventions.

Dataset # of Pairs Avg. Idiom Length Avg. Sentence Length Vocab. Size TTR

Native Urdu 2000 6.74 9.62 3033 0.213
Roman Urdu 2000 6.65 9.71 3254 0.232

Table 2: Linguistic statistics of the curated Urdu idiom
translation datasets.

Figures 1 and 2 visualize the distributions of id-
iom and sentence lengths, respectively.

4 Experimental Design

This section outlines the prompting strategies,
model configurations, and evaluation metrics used
across all experiments, including idiom transla-
tion, idiom classification, English—-Urdu back-
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Figure 1: Distribution of idiom lengths in the Native
and Roman Urdu datasets.
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Figure 2: Distribution of Urdu sentence lengths in the
Native and Roman Urdu datasets. Sentences typically
range between seven and fourteen words, reflecting con-
cise idiomatic usage in context.

translation, and Native vs Roman Urdu compar-
ison.

4.1 Prompting Strategies

Table 3 summarizes the set of prompting strategies
used in the experiments.

All large language model experiments were car-
ried out using a chat-based interface in which the
system role was explicitly set to “You are an expert
translator fluent in both Urdu and English.”

4.2 Models

We evaluate a mix of open-source LLMs and
Neural Machine Translation (NMT) models. The
LLMs include GPT-OSS-20B (Kumar et al., 2025),
Qwen 3-8B (Yang et al., 2025), DeepSeek RI1-
Distill-Llama-8B (Guo et al., 2025), Gemma 3-1B
(DeepMind and Team, 2025), Mistral Instruct-7B
(Jiang et al., 2023), and LLama-3.2-3B-Instruct
(Grattafiori et al., 2024). For NMT baselines,
we include nllb-200-3.3B, nllb-200-distilled-600M
(Team et al., 2022), and Google Translate.

The models were executed with their default con-
figurations and the output tokens were allowed to
reach a maximum of 500. Some models produced
explanations or reasoning along with the transla-



Prompt

Description

Literal Translation
Cultural Translation
Paraphrase

Idiomatic Transla-

Direct translation from Urdu to English with no additional explanations, reason-
ing, or text.

Translation that preserves cultural and idiomatic meaning while producing
natural English expressions.

Paraphrase the Urdu sentence into fluent English, avoiding word-for-word
translation while keeping the meaning intact.

Identify the idiom in the Urdu sentence and provide an English idiomatic equiv-

tion alent.

Back-Translation

Translate the Urdu idiom into an English idiom and then back to Urdu, returning

only the back-translated Urdu idiom.

Idiom Span Detec-
tion

5-Shot Translation
10-Shot Translation

Detect and extract only the idiom span from the Urdu sentence.

Translate Urdu to English using five in-context example pairs as references.
Translate Urdu to English using ten in-context example pairs as references,

providing more extensive few-shot guidance.

Table 3: Summary of prompting strategies used in the idiomatic translation experiments. Each prompt specifies the
type of translation or task and any contextual guidance provided to the model.

tion, so we used regular expressions to extract the
final translated sentences.

4.3 Evaluation Metrics

We employ a combination of lexical, semantic, and
idiomatic evaluation metrics to comprehensively
assess translation quality. BLEU (Papineni et al.,
2002) and ChrF (Popovi¢, 2015) measure surface-
level n-gram overlap between the model output and
reference translations. BERTScore (Zhang et al.,
2020), COMET (Rei et al., 2020), and XCOMET
(Guerreiro et al., 2024) capture semantic similarity
and cross-lingual adequacy. ROUGE (Lin, 2004) is
used for paraphrase evaluation, while Levenshtein
distance and unigram overlap assess idiom-level
variation and lexical preservation. Additionally,
cosine similarity computed using multilingual em-
beddings (LASER, LaBSE, and USE-multlingual)
quantifies semantic fidelity across scripts.

5 Results

5.1 General Translation Experiments on the
Native Urdu Dataset

We evaluate baseline translation performance on
the Native Urdu idiom dataset under three configu-
rations: direct NMT translation without prompting,
literal prompting, and cultural prompting (Table 4).
Across all settings, semantic metrics (BERTScore,
COMET, and XCOMET) remain relatively stable,

indicating that both NMT systems and LLMs gen-
erally preserve sentence-level meaning despite id-
iomatic constructions. In contrast, BLEU scores re-
main uniformly low, reflecting substantial surface-
level variation, while ChrF shows only modest
gains under literal and cultural prompting, suggest-
ing that prompting alone only partially alleviates
idiomatic ambiguity.

Table 5 provides a model-level analysis, dis-
tinguishing between NMT systems and LLMs.
Among NMT models, Google Translate and NLLB-
600M achieve the strongest semantic scores, with
NLLB-3.3B performing comparably but slightly
weaker on XCOMET, while all NMT systems ex-
hibit low lexical overlap. Among LLMs, GPT-OSS-
20B achieves the highest COMET, XCOMET, and
ChrF scores, demonstrating strong idiomatic ro-
bustness and cross-lingual adequacy, with Qwen3-
8B also performing competitively. Smaller models
such as Gemma 3-1B and Mistral 7B perform con-
sistently worse across metrics, indicating limited
idiom handling without explicit reasoning. Overall,
the results suggest that while NMT systems remain
reliable for general adequacy, larger LLMs—par-
ticularly GPT-OSS-20B—are better suited for se-
mantically faithful idiomatic translation.



Experiment BERT COMET XCOMET BLEU ChrF
Direct (NMT) 0.87 0.63 0.62 0.02  21.39
Literal Prompt 0.89 0.64 0.66 0.02  24.69
Cultural Prompt  0.89 0.64 0.67 0.03  25.36

Table 4: General translation performance across three conditions: direct NMT translation, literal prompting, and

cultural prompting.

Model BERT COMET XCOMET BLEU ChrF
Qwen 3-8B 0.88 0.65 0.71 0.03  25.38
DeepSeck-8B 0.87 0.59 0.59 0.02 21.82
NLLB-200 3.3B 0.87 0.63 0.61 0.02 21.14
NLLB-200 600M  0.87 0.64 0.62 0.02 21.33
Gemma 3-1B 0.87 0.59 0.57 0.01  20.02
Google Translate  0.86 0.63 0.64 0.03  21.70
LLaMA 3.2-3B 0.88 0.60 0.64 0.02 21.64
Mistral 7B 0.87 0.57 0.56 0.01 1943
GPT-0OSS-20B 0.89 0.66 0.74 0.04  26.33

Table 5: Model-wise translation performance on the Native Urdu idiom dataset across semantic and lexical metrics.

5.2 Comparison of Few-Shot and Zero-Shot
Translations

To evaluate the influence of in-context learning on
idiomatic Urdu—English translation, we compare
two few-shot settings (5-shot and 10-shot) with
two representative zero-shot prompting strategies
(Literal and Cultural). Table 6 reports BERTScore,
COMET, XCOMET, BLEU, and ChrF scores for
all settings.

Few-shot prompting consistently improves id-
iomatic translation quality over zero-shot settings.
Semantic similarity increases with in-context ex-
amples, with both 5-shot and 10-shot configura-
tions achieving higher BERTScore (0.91) than zero-
shot (0.89). Adequacy-focused metrics show simi-
lar gains, as COMET rises from 0.64 to 0.67 and
XCOMET from 0.66-0.67 to 0.70-0.71, indicat-
ing better cross-lingual meaning preservation and
idiomatic fidelity. Surface-level overlap remains
low in BLEU (0.02—-0.03), reflecting the non-literal
nature of idiomatic translation, while ChrF pro-
vides clearer improvements for few-shot prompting
(28.12-28.35 vs. 24.69-25.36). Increasing the num-
ber of examples beyond five yields only marginal
gains, suggesting diminishing returns from larger
shot sizes.

5.3 Paraphrasing Experiment

To evaluate how well models generate fluent En-
glish paraphrases of Urdu idioms and sentences
while preserving meaning, we assess six LLMs us-
ing semantic similarity, surface-level lexical over-
lap, levenshtein distance, and multilingual embed-
ding coherence. Table 7 presents the results.

Across evaluation metrics, GPT-OSS-20B and
Qwen3-8B consistently outperform smaller mod-
els. They achieve the highest semantic fidelity
(BERTScore up to 0.90), indicating strong meaning
preservation, while also leading in lexical overlap
(ROUGE up to 0.31), reflecting closer surface cor-
respondence to reference paraphrases. Levenshtein
distances between 39 and 43 across all systems
suggest substantial rewriting behavior, with GPT-
0SS-20B maintaining the highest unigram overlap
(32.45%). Cross-lingual embedding-based evalua-
tions using LASER, LaBSE, and multilingual USE
further confirm that GPT-OSS-20B and Qwen3-8B
better preserve deep semantic structure, whereas
smaller models such as Gemma and Mistral show
slightly weaker alignment.

5.4 Idiom Span Detection Results

In addition to translation and paraphrasing, we eval-
uated the models on their ability to detect idiomatic
expressions within Urdu sentences. This experi-
ment measures how accurately models can identify
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Figure 3: Model performance comparison across Urdu and Roman Urdu datasets using (a) BERTScore, (b) BLEU,
(c) COMET, and (d) XCOMET.



Experiment BERT COMET XCOMET BLEU ChrF
Few-Shot Experiments

5-Shot 0.91 0.67 0.70 0.02  28.12
10-Shot 0.91 0.65 0.71 0.03  28.35
Zero-Shot Experiments

Literal Translation 0.89 0.64 0.66 0.02  24.69
Cultural Translation  0.89 0.64 0.67 0.03  25.36

Table 6: Comparison of few-shot and zero-shot idiomatic translation performance across semantic and lexical

metrics.
Model BERT ROUGE Lev Dist UniOverlap Cosine Similarity
LASER USE LaBSE

Qwen3-8B 0.90 0.30 39.36 30.42 0.56 0.53 0.55
DeepSeek-8B 0.89 0.26 42.34 27.57 0.49 0.48 0.51
Gemma-3-1B 0.89 0.21 42.67 21.21 0.45 0.43 0.46
Llama-3.2-3B 0.89 0.26 40.65 27.02 0.52 0.47 0.51
Mistral-7B 0.88 0.23 42.18 22.36 0.44 0.42 0.45
GPT-0SS-20B  0.90 0.31 40.36 32.45 0.57 0.54 0.57

Table 7: Paraphrasing results using BERTScore, ROUGE, Levenshtein distance, unigram overlap, and embedding

similarities.

the span of an idiom, which is critical for subse-
quent translation or paraphrasing tasks.

For evaluation, we used ROUGE to measure
n-gram overlap between predicted and reference
spans, Levenshtein distance and unigram overlap
for exact lexical matches, and cosine similarity us-
ing multilingual embeddings to capture semantic
similarity across scripts.

Qwen3-8B and GPT-OSS-20B show the high-
est BERTScore and cosine similarity, suggesting
strong semantic alignment with reference idioms.
LLama-3.2B also performs well, particularly in un-
igram overlap, indicating precise token-level id-
iom detection. Lower scores for Mistral-7B and
Gemma-3-1B indicate challenges in identifying id-
iomatic spans accurately. This experiment high-
lights the variation in models’ capability to detect
idioms, which directly impacts downstream trans-
lation quality.

5.5 Roman vs Native Urdu

We analyze the impact of writing systems by com-
paring translation quality for Native Urdu and Ro-
man Urdu inputs (Figure 3). Semantic metrics
(BERTScore, COMET, and XCOMET) remain
largely stable across scripts, indicating robust mean-

ing preservation despite Romanization. In contrast,
surface-level metrics such as BLEU and ChrF ex-
hibit noticeable declines for Roman Urdu, reflect-
ing reduced n-gram and character-level overlap.
This trend holds across all translation strategies,
including Cultural, Literal, Direct, Idiomatic Back-
Translation, and Idiom Span Detection. Overall,
the results suggest that while semantic adequacy is
resilient to script variation, lexical fidelity degrades,
highlighting the need to jointly consider semantic
and surface-level metrics in multi-script translation
settings.

6 Conclusion

We present the first systematic benchmark for
Urdu—English idiomatic translation across Native
and Roman Urdu, covering translation, paraphras-
ing, idiom span detection, and back-translation.
Our results show that large LLMs, particularly
GPT-OSS-20B and Qwen3-8B, outperform NMT
systems in preserving idiomatic meaning, with cul-
tural and idiomatic prompts yielding the highest
semantic fidelity. Few-shot prompting provides
additional gains.

Cross-script analysis reveals that semantic met-
rics remain stable across Romanization, while



Model BERT ROUGE LevDist Uni Overlap Cosine Similarity
LASER USE LaBSE

Qwen3-8B 0.83 0.48 15.93 49.57 0.70 0.62 0.66
DeepSeek-8B 0.73 0.27 27.18 27.18 0.54 0.43 0.48
Gemma-3-1B 0.68 0.15 38.21 17.06 0.49 0.43 0.46
Llama-3.2-3B 0.82 0.55 19.62 57.35 0.69 0.61 0.66
Mistral-7B 0.66 0.05 36.64 5.83 0.45 0.40 0.45
GPT-OSS-20B  0.84 0.53 15.67 53.37 0.72 0.66 0.69

Table 8: Idiom Span Detection results using ROUGE, Levenshtein distance, unigram overlap, and embedding

similarities.

surface-level metrics like BLEU and ChrF degrade,
highlighting challenges posed by inconsistent Ro-
man Urdu orthography. Idiom span detection fur-
ther emphasizes that accurate identification of figu-
rative expressions is critical for translation quality.
Overall, this study offers a unified multi-metric
evaluation framework and benchmark for idiomatic
Urdu—-English translation, providing insights for
LLM development and cross-script evaluation. Fu-
ture work can explore Romanization normalization
and expansion to other low-resource languages.

Limitations

While this study provides a comprehensive bench-
mark for Urdu—English idiomatic translation, there
are several limitations. First, the dataset covers
only 4,000 idiom-sentence pairs, which may not
fully represent the diversity of Urdu idioms in real-
world usage. Second, Roman Urdu lacks standard-
ized orthography, leading to evaluation challenges
and potential inconsistencies in model performance.
Third, our experiments are limited to the selected
open-source LLMs and NMT systems; results may
vary with other architectures or commercial models.
Finally, GPU constraints restricted batch sizes and
prompt variations, which may affect scalability and
generalization to larger datasets or more complex
idiomatic constructions.
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A.2  Full Prompts
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Prompt

Prompt Instruction

Literal Translation

Cultural Translation

Paraphrase Translation

Direct Translation
Idiomatic Translation
Idiomatic Back Transla-
tion

Idiom Span Detection

Few-Shot Translation

Translate the following Urdu text to English. Do not include explanations,
reasoning, or additional text.

Translate the following Urdu text into English. Use natural expressions and
preserve the cultural meaning. Do not include explanations, reasoning, or
additional text.

Paraphrase the following Urdu sentence into fluent English, keeping the mean-
ing intact. Avoid word-for-word translations. Do not include explanations,
reasoning, or additional text.

Translate this Urdu text to English. Do not include explanations, reasoning, or
additional text.

Identify the idiom in this Urdu sentence and produce an equivalent English idiom.
Do not translate word-for-word. Do not include explanations or reasoning.
Translate the following Urdu idiom to an equivalent English idiom, and then
back to Urdu. Provide only the final back-translated Urdu idiom.

Detect and extract the Urdu idiom in the sentence. Provide only the final detected
Urdu idiom.

Translate the following Urdu text to English using the examples as references.

Table 9: Summary of full prompts used in the experiments.

Prompt

Translation Result

Literal Translation
Cultural Translation
Paraphrase Translation
Direct Translation
Idiomatic Translation
Idiomatic Back Transla-
tion

Idiom Span Detection

Her hands and feet swelled up.

She suddenly became extremely nervous.

She lost her composure and couldn’t think straight.
She panicked instantly.

She completely freaked out.

ST e LalS o

Table 10: Sample translation results for the Urdu idiom Ul> Js¢ s s across different prompting strategies.

instructions given to the models. For few-shot panicked the moment she heard the sudden
prompts, the examples were randomly selected news.

from the dataset.

A.3 Sample Translations

Table 10 presents translation outputs generated
using each prompt type.

To illustrate the behavior of our prompting strate-
gies, we provide a representative example from the
dataset. The following idiom and its contextual
usage serve as the reference (“gold”) instance:

* Urdu Idiom: Ul Jsg » gls

* English Equivalent Idiom: to panic / to get

flustered

* Golden Urdu Sentence: _» & s n> Sl

-gdﬂijyg.@ﬂhi

* Golden English Sentence: She completely
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