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Abstract

Recent advances in large language models
(LLMs) have led to strong reasoning capabili-
ties; however, evaluating such models in low-
resource languages remains challenging due
to the lack of standardized reasoning bench-
marks. Urdu reasoning evaluation, in particular,
is limited by machine translation sensitivity and
an emphasis on general language tasks rather
than reasoning benchmarks. We propose a
contextually ensembled translation framework
with human-in-the-loop validation that lever-
ages multiple translation systems to develop
Urdu reasoning benchmarks while preserv-
ing contextual and structural integrity. Using
this framework, we translate widely adopted
benchmarks, including MGSM, MATH-500,
CommonSenseQA (CSQA), and OpenBookQA
(OBQA), into Urdu, collectively referred to as
UrduBench, and evaluate reasoning-oriented
and instruction-tuned LLMs across multiple
prompting strategies. Our analysis examines
four datasets, five task difficulty levels, diverse
model architectures, model scaling settings,
and language consistency. We find that multi-
step and symbolic reasoning tasks pose signif-
icant challenges in Urdu, and that stable lan-
guage alignment is a critical prerequisite for
robust reasoning. Overall, our work establishes
a scalable methodology for standardized Urdu
reasoning evaluation and provides insights into
multilingual reasoning failures, with applicabil-
ity to other low-resource languages. The code
and datasets will be publicly released.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable performance across reasoning,
comprehension, and knowledge-intensive tasks.
However, the benefits of these advancements are
not evenly distributed across languages. Low-
resource languages such as Urdu continue to face a
significant gap in standardized evaluation resources.
This disparity not only limits the development of
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Figure 1: Performance scaling of state-of-the-art LLMs on
Urdu benchmark datasets. Average accuracy is the average
of MGSM (CoT), MATH-500 (CoT), CSQA (Direct), and
OBQA (Direct) accuracies. Green highlights the top perform-
ing model in Urdu.

Urdu-capable LLMs but also restricts fair and rig-
orous comparison across multilingual models.

Existing Urdu evaluation resources discussed in
Section 2 focus primarily on evaluating LLMs’ ca-
pabilities in Natural Language Processing (NLP)
and Natural Language Understanding (NLU) tasks
that include machine translation, sentiment analy-
sis, basic classification, or extractive question an-
swering. While valuable, these evaluations pro-
vide only a partial view of model capability and
do not assess complex reasoning such as mathe-
matical problem solving or common sense reason-
ing. In addition, regional initiatives, including Tit-
uLLM (Nahin et al., 2025) for Bangla, C²RBench
(Wu et al., 2025) for Chinese, (Lamsiyah et al.,
2025) , (Hasanaath et al., 2025) for Arabic, and
MasakhaNER for African languages (Adelani et al.,
2021) further highlight local efforts to benchmark
complex model behavior in various linguistic set-
tings.

To address this gap, we introduce a reasoning-
focused benchmark for evaluating LLMs in Urdu
by translating four widely adopted datasets includ-
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English question with choices Translation without Context Context Aware Translation  
(with human validation) 

The sun is responsible for: 

a. puppies learning new tricks 

b. children growing up and getting old 

c. flowers wilting in a vase 

d. plants sprouting, blooming and wilting 

مّے ��ور��       ��ے: دار د�

a. ������� وں کے �� ے ��� �� �� �� ��� ر کھ ��� �ے ���� ���ں ر� �� 

b��� ����� و ���رؕے . �ے ��� ���ں ر� ورؕھے اور �� و ��� �ے ��� ���ں ر� �� 

c. ں ��لداں� ھول ���� ھا ��� �ے مر��� ���ں ر� �� 

dودے �ے اگ .��� ���ں، ر� ھل �� ��
�

�ے  ���ں ر� ھا اور �� �ے مر��� ���ں ر� �� 

مّے ��ور��  ��ے: دار د�

a. ������� وں کے �� �ٔ�� کے ��� � ��ر����� ���� � �������
�

�
�

�
�

 ��ا 

b. وں �� ے ���رؕے کے ��� و�� ورؕھے اور ��� ے ��� و��  ��ا ���

c. ں ��لداں� ھو��وں ���� ھا��ے کے ���  ��ا مر���

dودوں ، کے .��� ������� � ا � ��ھ�������
�

ے اور  ھا��  ��ا مر���

 
Squirrels spend their fall: 

a. looking for pretty leaves to collect 

b. stockpiling rocks for fighting in the winter 

c. stockpiling pecans for the frigid months 

d. collecting twigs to keep warm 

�ری اں ��ل� ر� ���ی ��وسم ��ا ��� ار ���ں: ��ر� �� 

a. مع ے ��� صور�� ������� کے ��ر�� و��� لاس� �����ّ��� ��� ی ��ر ��� ���ں ر�� �� 

bِں سر��ا .��وسم ے ���� دوں ������� کے اُرؕ�� رہ ��ا ���ر��� �� �� ا د�  ��ر���

cد ��� د وں کے سردی .��� �� �� د��ں� ������� کے ���� �� رہ ��ا ا��� �� �� ا د�  ��ر���

dرم��. � ��������
�

ہ ������� کے ر �� اس دار ��� مع ���� ا ���  ��ر���

���اں �ر اں ��ل� ر� ی  ��وسم ��ا ��� ��� ار ���ں: ��ر� �� 

aصور�� و��� مع �����ّ��� .��� ے ��� ے ��ر�� و�� ��� 

bوں ��� ں .سرد ھر ������� کے  ��رؕا��یٔ ���� �� رہ ��� �� �� ے د� ے ��ر�� و�� ��� 

cد ��� د وں کے سردی .��� �� �� کں�  ������� کے ����
�
��رہ ��� �� ے د� ے ��ر�� و�� ��� 

dرم��. � ������� ��اں ������� کے ر
�� مع ���� ے ��� ے ��ر�� و�� ��� 

 

Sean was in a rush to get home, but the light 

turned yellow and he was forced to do what? 

a.take time 

b.dawdle 

c.go slowly 

d.ocean 

e.slow down 

اں�  �� ��ھر ��و ��� � ������ ��
�

�
� �

�
�

لدی ��ی  ھی، ��� ��
�

کں�  ک ���� �� ��� ل ��ؕر ی ��ی ��گ�� ّ�� لی ��� �� و��ٔ�ی ���  وہ اور ���

��ر� ��س ور ���ر �� �� ���
�

ا؟  و���� ��� 

a�� ع .و��� ا��ٔ ا ���  ��ر���

b. ال ا ��ؕ�ول ��ؕ  ��ر���

c. ل ا دؕ����  دؕا����

dدر  .��م��

e. ہ س�� لو آ��� ��� 

اں� �� ��ھر ��و ��� � ������ ��
�

�
� �

�
�

لدی ��ی  ھی، ��� ��
�

کں�  ک ���� �� ��� ل ��ؕر ی ��ی ��گ�� ّ�� لی ��� �� و��ٔ�ی ���  اور ���

��ر� ��س وہ ور ���ر �� �� ���
�

ا؟  و���� ���    

a. ��
 ل����ا و��

b. ��
�عٔ و�� ا  کر��ا ��

c. ار �� ہ ر��� س�� ے آ���  ���ر ��ر��

dدر  .��م��

e. ار��
 کر��ا کم ر��

The runner was in third place, but he pushed 

harder and thought he might be able to reach 

second. What was beginning to do? 

a.near finish line 

b.finish 

c.get tired 

d.gain ground 

e.trip over 

���ر وہ سرے ر �� م��ر ��� ر ��� ھا، ��� کں� ��� ے اُس ���� ور اور �� ا ر� ا اور ��گا��� د وہ ��ہ ��و��� ا��� ��� 

م��ر دوسرے ر ��� ��� �� �� �� �
�
�

۔  ا وہ ���ک�� ے ���� ھا؟ ��گا ��ر�� ���  

aِط ام .��� �� �� ����� کے ا��� �ر �� 

bم �� ��
�

�کمل / ��رو .
�

 ��رو 

cھک ا .��� ا��� ��� 

dول �� ا .���� و��� ��� 

eھو��ر ا .��ؕ  ��ھا���

���ر وہ سرے ر �� م��ر ��� ر ��� ھا، ��� کں� ��� ے اُس ���� ور اور �� ا ر� ا اور ��گا��� د وہ ��ہ ��و��� ا��� ��� 

م��ر دوسرے ر ��� ��� �� �� �� �
�
�

۔  ا وہ ���ک�� ے ���� ھا؟ ��گا ��ر�� ���  

aامی �� �� ر .ا��� ����� کے ��ک�� �ر ا �� �� �� �� �� ��
�

 

b. م �� ��
�

ا   ��ر���

cھک ا .��� ا��� ��� 

d�� �� ا لے .���� ا��� ��� 

eھو��ر ا .��ؕ  ��ھا���

A person wants to start saving money so that 

they can afford a nice vacation at the end of the 

year. After looking over their budget and 

expenses, they decide the best way to save 

money is to 

a.make more phone calls 

b.quit eating lunch out 

c.buy less with monopoly money 

d.have lunch with friends 
 

���ک ص ا �� ��
�

ر کے ��ال  ں آ��� ���ک ���� ھی ا �
�
�

ھؕ�ی ا �
�
�

ے  ار�� �� ������� کے ��ر�  �����س���

ا ا��� �� روع ��� ا س� ��� ا ��ر �� ا��� �������� ��ے۔ ��� ؕ� ا �� ا�� اور ��� را��� ہ ��ا ا��� ا��ٔر� ��� ��  کے ���������

عد، صلہ وہ ��� �� ا ��� ��� �� ��ہ ��ے ��ر ے �����س��� ا�� �� ں� ��ا ��� ��� ��ر �� ہ ��� �� ��� ہ ��ر  ��ہ ��ے ���

aادہ ��� وں� .ر�  ��رد ��ا��ر� ��

bر� ا� �ر .��� � ا ��ا دو��� ا ��ھا��� ھورؕ ��ھا��� ا ��� �� ���  د

cولی و��� سوں کے .��و��� �� داری ��م سے ��� ��� ر ���ں ���  ��ر

dوں ھ کے .دو���� �ر ��ا��� � ا ��ا دو���  ��ھاد ��ھا���

���ک ص ا �� ��
�

ر کے ��ال  ں آ��� ���ک ���� ھی ا �
�
�

ھؕ�ی ا �
�
�

ے  ار�� �� ������� کے ��ر�  �����س���

ا ا��� �� روع ��� ا س� ��� ا ��ر �� ا��� �������� ��ے۔ ��� ؕ� ا �� ا�� اور ��� را��� ہ ��ا ا��� ا��ٔر� ��� ��  کے ���������

عد، صلہ وہ ��� �� ا ��� ��� �� ��ہ ��ے ��ر ے �����س��� ا�� �� ں� ��ا ��� ��� ��ر �� ہ ��� �� ��� ہ ��ر  ��ہ ��ے ���

aادہ ��� وں� .ر� ���ں ��ا��ر� ��  ��ر

bر� ا� �ر .��� � ا ��ا دو��� ا ��ھا��� ھورؕ ��ھا��� ���ں ���  د

cولی و��� سوں کے .��و��� �� �ں ��م سے ���
�د� ر�

�� 

dوں ھ کے .دو���� �ر ��ا��� � ا ��ا دو��� ں ��ھا��� ��  ��ھا��ٔ

Table 1: Example with and without Context Translation

ing Multilingual Grade School Math (MGSM) (Shi
et al., 2022), OBQA (Mihaylov et al., 2018), CSQA
(Talmor et al., 2019) and MATH-500 (Hendrycks
et al., 2021; Lightman et al., 2024) into high-quality
Urdu. These datasets span diverse and complemen-
tary reasoning abilities that have not been system-
atically evaluated in Urdu. MGSM measures math-
ematical and multi-step reasoning, OBQA assesses
factual and retrieval-based reasoning, and CSQA
evaluates commonsense knowledge and inference.

To ensure translation fidelity, we employ a
contextual ensemble translation framework with
human-in-the-loop validation as examples reported
in Table 1 and Appendix B. Using the resulting
datasets, we benchmark multiple state-of-the-art
reasoning and non-reasoning LLMs under a unified
LM Evaluation Harness protocol, enabling large-
scale and standardized comparison of reasoning
performance in Urdu as shown in Figure 1.

Key Findings The key findings of this study are
summarized below:

1. Scalable Urdu Translation Framework (§3)
A contextual ensemble translation pipeline
with human-in-the-loop validation produces
high-fidelity Urdu translations of MGSM,
MATH-500, CSQA, and OBQA, enabling re-
producible evaluation.

2. Comprehensive Model Evaluations (§4.3)
We evaluate diverse reasoning and non-
reasoning LLMs under multiple prompting
strategies in a unified, reproducible setup.

3. Impact of Task Difficulty (§5.2) MATH-
500 accuracy declines monotonically with
difficulty; non-instruction-tuned models de-
grade sharply, while DeepSeek-R1-Distill-
Qwen-14B (Guo et al., 2025) and Phi-4-Mini-
Reasoning (Xu et al., 2025) better sustain per-
formance.

4. Scaling Effects (§5.3) Larger models

(Gemma-3-12B-it (Team et al., 2025),
Falcon-h1-7B-Instruct (Zuo et al., 2025))
generally perform better, but scale alone is
insufficient, as Gemma-3-4B-it outperforms
several 7B models.

2 Related Work

Prior work shows that automatically translated
benchmarks, including Spanish MMLU, introduce
substantial errors that distort evaluation outcomes
(Plaza et al., 2024). Large-scale multilingual stud-
ies further confirm strong sensitivity to transla-
tion quality (Thellmann et al., 2024). Translation-
following demonstrations can also improve cross-
lingual alignment beyond monolingual instruction
tuning (Ranaldi et al., 2024a). Machine transla-
tion research highlights metric limitations and in-
stability, particularly for low-resource languages
(López, 2023; Zhu et al., 2024). Recent bench-
marks similarly reveal persistent performance gaps
and the need for human validation (Bhowmik et al.,
2025; Song et al., 2026). In contrast, we intro-
duce a scalable, context-aware ensemble transla-
tion framework with human-in-the-loop validation
for reliable Urdu reasoning evaluation.

Multilingual Reasoning and Translation Safe-
guards Recent multilingual reasoning suites ad-
dress translation artifacts via native authoring, ex-
pert post-editing, and pairwise audits: MATH-
MIST (Sobhani et al., 2026) for math with
code-switching analysis; FLORES-101 (Goyal
et al., 2022) for adequacy/fluency-audited MT
across 101 languages; and Indic-QA (Singh et al.,
2025)/IndicParam (Maheshwari et al., 2025) for
human-validated Indic QA. Cross-lingual Tree-of-
Thoughts further improves multilingual multi-step
reasoning through cross-lingual alignment and self-
consistent reasoning paths (Ranaldi et al., 2024b).
Language consistency diagnostic (§5.5) provides
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Figure 2: Contextual Ensembled Translations Framework with human-in-the-loop

complementary behavioral evidence in Urdu. We
adopt Sprague et al. (2025)’s finding that CoT pri-
marily benefits symbolic reasoning by restricting
CoT/FS+CoT to MGSM and MATH-500.

Urdu Benchmarking Datasets Prior Urdu eval-
uations primarily target general NLP capabili-
ties rather than structured reasoning. Existing
work compares generalist and specialist models
across Urdu tasks (Arif et al., 2024), studies cross-
lingual QA and translation-induced errors (Kazi
et al., 2025), and probes linguistic competence us-
ing minimal-pair benchmarks such as UrBLiMP
(Adeeba et al., 2025). Other efforts address factual
verification (Ahmad et al., 2025) or classical NLP
tasks. However, these benchmarks do not system-
atically evaluate multi-step mathematical or com-
monsense reasoning. UrduBench addresses this
gap by providing standardized, context-preserving,
and human-validated Urdu translations of estab-
lished reasoning benchmarks.

3 Contextually Ensembled Translation
Method

Constructing reliable reasoning benchmarks in
Urdu requires more than direct machine-translation,
particularly for structured and multi-step reasoning
tasks. We observe that multiple-choice datasets
such as OBQA and CSQA are especially prone
to contextual fragmentation when questions and
answer options are translated independently, lead-
ing to semantically misaligned Urdu outputs. To
mitigate this, we employ a contextually ensem-
bled, human-in-the-loop translation pipeline that
preserves contextual coherence while integrating

multiple translation models and quality controls as
shown in Figure 2. A comparative analysis of trans-
lations generated with and without this contextual
grounding is provided in Appendix B (Table 5),
demonstrating a clear qualitative improvement in
semantic alignment.

3.1 Contextual Translations

We translate MGSM, CSQA, OBQA, and MATH-
500 into Urdu using a unified pipeline designed to
preserve semantic fidelity, contextual coherence,
and structural integrity. Each English instance is
first translated independently using four comple-
mentary translation candidates: IndicTrans2 (Gala
et al., 2023), NLLB (Koishekenov et al., 2023) ,
Qwen-3-30B (Yang et al., 2025a), and Gemini-2.5-
Pro (Comanici et al., 2025). These candidates are
selected based on their demonstrated translation
quality scores in prior multilingual evaluation stud-
ies (Basit et al., 2024; Nahin et al., 2025). Transla-
tion prompts used for these candidates are provided
in Appendix A.1.

For structured multiple-choice datasets such as
CSQA and OBQA, we adopt a context-preserving
translation strategy by concatenating the question
stem with all associated answer choices prior to
translation. This prevents semantic fragmentation
and ensures grammatical and logical alignment be-
tween the question and its answer options in Urdu.
After translation, questions and answer choices are
programmatically separated into their original com-
ponents.
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3.2 Candidate Translation Fusion

GPT-5.2 (OpenAI, 2025) is used to refine candidate
translations by leveraging complementary strengths
across models in lexical choice, grammar, and han-
dling of technical content. It compares candidates’
proposed translations against the original English
source to either synthesize an improved Urdu trans-
lation or select the best-performing output. Be-
yond quality improvement, this stage also serves
as an automated judging step and limits the need
for manual human validation. The prompt for best
feature selection and representative examples are
provided in Appendix A.2. The released artifacts
are the human-validated Urdu strings rather than
the fusion model’s outputs, ensuring downstream
use of UrduBench does not require GPT-5.2 API
access. Furthermore, our pipeline’s architecture is
model-agnostic, meaning future iterations can read-
ily substitute GPT-5.2 with emerging open-weight
multilingual judges as they reach semantic parity.

3.3 Heuristic Post-Processing

All translations undergo automatic heuristic valida-
tion tailored to Urdu, as described in Algorithm 1.
The validation detects the following issues in trans-
lated outputs:

• Empty or incomplete translations
• Missing Urdu questions or answer options
• Abnormally short translated questions
• Invalid or missing answer keys
• Excessive residual English content

Most translations pass these checks automati-
cally; flagged cases are reviewed and reprocessed
to ensure accurate and complete translations.

3.4 Human Validation

All candidate translations, including those pro-
duced by GPT-5.2, undergo final review by pro-
fessional native Urdu-speaking annotators fluent
in English. Annotators1 follow detailed guidelines
provided in Appendix C and select the most accu-
rate and natural translation for each instance. This
step is essential for resolving residual ambiguities,
ensuring semantic fidelity, and accounting for cul-
tural and linguistic nuances that automated systems
may overlook. Using this framework, the best qual-
ity translation is selected for inclusion in the fi-
nal benchmark, ensuring linguistic coherence and

1Paid hourly; above min. wage of country of employment.

Dataset Train Val Test
MGSM 8 – 250

CSQA 9,741 1,221 1,140

OBQA 4,957 500 500

MATH-500 – – 500

Table 2: Statistics of the translated Urdu datasets. For MGSM
the train column lists the 8 worked exemplars released with
the benchmark and used as few-shot demonstrations rather
than as a training set. CSQA and OBQA training splits are
translated for completeness but not used as training data in
this paper; all reported numbers in §4.3 are computed on the
test splits (CSQA evaluation uses the standard validation split
because the test labels are not public).

contextual fidelity suitable for evaluating LLM rea-
soning in Urdu. Dataset statistics for the resulting
benchmarks are reported in Table 2. Human Valida-
tion Win–Loss Statistics Across Translation Candi-
dates and human preference win–loss comparison
between GPT-5.2 refined and human-edited Urdu
translations across four datasets are shown in Ta-
ble 9 in Appendix.

For CSQA and OpenBookQA, annotators addi-
tionally verify that the Urdu option corresponding
to the English gold key remains uniquely correct
under standard Urdu semantics; residual key-drift
cases are corrected in-place before inclusion.

4 Evaluation of Models

In this section, we present a systematic evaluation
of diverse language models on the proposed Urdu
benchmarks, analyzing the effects of model design,
prompting strategy, and task difficulty on reasoning
performance.

4.1 Experimental Setup and Datasets

We evaluate models on the Urdu-translated rea-
soning and question-answering benchmarks intro-
duced in this work: MGSM (arithmetic reason-
ing, evaluated with Direct, CoT, and three Few-
Shot + CoT prompting), MATH-500 (symbolic
mathematics across five difficulty levels, L1–L5),
CSQA (commonsense reasoning), and OBQA
(knowledge-based scientific reasoning). Together,
these benchmarks span arithmetic, formal mathe-
matics, commonsense understanding, and factual
knowledge translated in Urdu. All evaluations use
lm-evaluation-harness (Gao et al., 2024) with
a vLLM (Kwon et al., 2023) backend.

4.2 Evaluated Models

We evaluate a broad set of open-source and open-
weight LLMs, including instruction-tuned and ex-
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Model MGSM CSQA OBQA M500 Avg

Direct CoT FS+CoT Direct Direct CoT %

Non-Reasoning-oriented Open-source LLM

MobileLLM-Pro (1B) 0.40±0.0 0.00±0.0 0.40±0.4 20.8±1.2 27.4±2.0 2.80±0.8 17.0±1.0

Llama-3.2-3B-Instruct 28.4±2.9 40.0±3.0 35.6±3.0 37.1±1.4 29.4±2.0 12.6±1.5 29.7±1.9

Gemma-3-4B-it 54.8±3.2 64.0±3.0 44.0±3.2 40.5±1.4 31.2±2.1 44.2±2.2 44.9±2.2

Nemotron-Mini-4B 18.8±2.5 22.4±2.6 25.6±2.8 38.4±1.4 32.0±2.1 5.00±1.0 24.5±1.8

Falcon-h1-7b-instruct 71.2±2.9 72.4±2.8 70.4±2.9 59.3±1.4 32.8±2.1 49.6±2.2 53.5±2.1

MiMo-7B-Base 29.6±2.9 20.8±2.6 56.4±3.1 37.4±1.4 28.8±2.0 15.4±1.6 25.6±2.2

Mistral-7B-Instruct 0.40±1.2 4.40±1.3 11.6±2.0 27.5±1.3 30.2±2.1 6.60±1.1 17.2±1.5

Olmo-3-7B-Instruct 21.6±2.6 23.6±2.7 24.0±2.7 27.9±1.3 26.6±2.0 20.6±1.8 24.7±1.9

Qwen2.5-7B-Instruct 53.2±3.2 57.6±3.1 60.4±3.1 30.4±1.3 31.6±2.1 41.2±2.2 40.2±2.2

Alif-1.0-8B-Instruct 21.6±2.6 30.4±2.9 43.6±3.1 51.3±1.4 33.4±2.1 10.6±1.4 31.4±1.9

Aya-Expanse-8B 22.0±2.6 30.8±2.9 28.8±2.8 37.5±1.4 31.6±2.1 17.2±1.7 29.2±2.0

Granite-3.3-8b-instruct 8.00±1.7 33.6±3.0 30.4±2.9 28.2±1.3 29.6±0.0 12.4±1.5 25.9±1.4

Qalb-1.0-8B-Instruct 19.6±2.5 17.6±2.4 7.60±1.7 38.4±1.4 32.2±2.1 6.00±1.1 23.6±1.6

Llama-3.1-8B-Instruct 62.0±3.1 62.8±3.1 54.4±3.2 52.8±1.4 33.8±2.1 22.4±1.9 42.9±1.7

Ministral-8B-Instruct-2410 55.2±3.2 58.4±3.1 50.8±3.2 29.6±1.3 30.8±2.1 19.4±1.8 34.6±2.1

Mistral-NeMo-Minitron-8B-Instruct 4.00±1.2 0.40±0.4 0.40±0.4 39.2±1.4 29.0±2.0 17.0±1.7 21.4±1.4

Rnj-1-instruct (8B) 22.4±2.6 13.2±2.2 9.20±1.8 27.9±1.3 26.6±2.0 42.6±2.2 27.6±1.9

Gemma2-9B-it 74.0±2.8 73.6±2.8 75.2±2.7 25.3±1.2 32.8±2.1 37.0±2.2 42.2±2.1

Gemma-3-12B-it 80.4±2.5 80.8±2.5 82.8±2.4 49.4±1.4 37.4±2.2 70.0±2.1 59.4±2.1

Reasoning-oriented Open-source LLM

DeepSeek-R1-Distill-Qwen-1.5B 8.40±1.8 6.40±1.6 9.60±1.9 20.6±1.2 30.0±2.1 21.4±1.8 19.6±1.7

Phi-4-mini-reasoning (4B) 38.4±3.1 32.4±2.9 29.2±2.9 20.4±1.2 32.4±2.1 65.8±2.1 37.7±2.1

DeepSeek-R1-Distill-Qwen-7B 39.6±3.1 42.0±3.1 36.0±3.0 22.9±1.2 31.2±2.1 57.0±2.2 38.3±2.2

DeepSeek-R1-Distill-Qwen-14B 54.4±3.2 59.2±3.1 68.8±2.9 19.4±1.1 31.8±2.1 69.2±2.1 44.9±1.2

Average considers MGSM (cot), MATH-500 (cot) CSQA (direct), and OBQA (direct).

Table 3: Evaluation Across All Urdu Benchmark Datasets. Metric: Normalized Accuracy

plicitly reasoning-oriented models, under a fixed
evaluation protocol as shown in Table 3. The mod-
els span parameter scales from 1B to 14B+, di-
verse multilingual pretraining regimes, and differ-
ent reasoning recipes, including distillation- and
RL-based approaches (e.g., DeepSeek-R1, Phi-4-
Mini-Reasoning) as shown in Table 8. This di-

versity enables controlled analysis of how various
model architectures, model scaling, training strat-
egy, prompting methods, and language consistency,
influence Urdu reasoning performance, particularly
under increasing task difficulty as demonstrated in
Figure 3. All evaluation prompts, configurations
and model details are provided in Appendix D.
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4.3 Results
We report normalized accuracy across all Urdu
benchmarks in Table 3, covering arithmetic rea-
soning (MGSM, MATH-500) and commonsense
question answering (CSQA, OBQA). Results are
aggregated across multiple prompting strategies
to analyze prompt sensitivity, architectural effects,
and overall model robustness in a low-resource lan-
guage setting.

Prompt Sensitivity Prompting strategy is a ma-
jor determinant of performance on MGSM. Direct
prompting consistently underperforms reasoning-
aware prompts, indicating that most models strug-
gle to implicitly perform multi-step reasoning in
Urdu without explicit guidance. Introducing Chain-
of-Thought (CoT) leads to substantial gains across
nearly all architectures, often yielding large rela-
tive improvements over Direct prompting. How-
ever, the benefits of Few-Shot + CoT are uneven:
while it enables peak performance for some mod-
els (e.g., Falcon-h1-7B-Instruct (Zuo et al., 2025)),
it introduces instability or regressions for others,
particularly smaller models. This suggests that
Urdu samples can impose additional distributional
shift rather than uniformly improving generaliza-
tion. Overall, CoT emerges as the most reliable
prompting strategy, while few-shot gains remain
highly model-dependent.

Model Architecture Model architecture and
training objectives strongly influence Urdu rea-
soning performance. Models with stronger mul-
tilingual pretraining and instruction tuning ex-
hibit more reliable transfer across tasks. Gemma-
family models, particularly Gemma-3-12B-it
and Gemma-3-4B-it, achieve strong performance
across both reasoning-intensive and commonsense
benchmarks, indicating effective cross-lingual ab-
straction. In contrast, compact or efficiency-
oriented architectures (e.g., MobileLLM-Pro (Hu-
ber et al., 2025), Mistral-NeMo-Minitron (Muralid-
haran et al., 2024; NVIDIA, 2024a)) perform low
on MGSM and degrade sharply on MATH-500,
reflecting limited capacity for sustained symbolic
reasoning in Urdu. Reasoning-oriented distilled
models (e.g., DeepSeek-R1 variants) show moder-
ate but inconsistent improvements, suggesting that
reasoning distillation alone does not fully compen-
sate for limited multilingual grounding.

Overall Performance Across Benchmarks. De-
spite improvements from prompting and archi-

tecture, performance in Urdu remains uneven
across tasks, underscoring the challenges of low-
resource evaluation. Gemma-3-12B-it (Team et al.,
2025) and Falcon-h1-7B-Instruct (Zuo et al., 2025)
achieve the highest overall averages, demonstrat-
ing that strong instruction tuning combined with
multilingual exposure transfers most effectively.
Taken together, the results indicate that reliable
Urdu reasoning requires a combination of explicit
reasoning prompts, sufficient model capacity, and
multilingual-aware training, with no single factor
being sufficient on its own.

5 Analyses and Discussion

In this section, we analyze the results to isolate
how dataset properties, task difficulty, model scale,
reasoning specialization, and language consistency
influence Urdu reasoning performance.

5.1 Impact of Dataset

How does dataset choice affect model performance
in Urdu?

Dataset choice has a strong, task-dependent ef-
fect on model performance in Urdu. Reasoning-
intensive benchmarks such as MGSM and MATH-
500 exhibit the highest variance across models, in-
dicating that multi-step and symbolic reasoning is
particularly sensitive to linguistic transfer and trans-
lation noise in a low-resource setting as shown in
Figure 5 in Appendix E. In contrast, commonsense
and knowledge-based tasks such as CSQA and
OBQA remain comparatively stable, with tighter
performance distributions. Overall, these results
indicate that reasoning depth and symbolic com-
plexity are primary drivers of evaluation difficulty
in Urdu, while semantic and knowledge-oriented
tasks are more robust to cross-lingual transfer.

5.2 Impact of Task Difficulty

How does task difficulty affect mathematical rea-
soning in Urdu?

Task difficulty has a systematic impact on per-
formance in MATH-500-Urdu. As shown in Fig-
ure 3 and Table 7 in the appendix, accuracy de-
clines steadily with increasing problem difficulty,
with the largest drops at higher levels (L4–L5).
While most models perform well on low-difficulty
problems, they degrade sharply on more complex
subsets, indicating limited robustness to deep sym-
bolic and multi-step reasoning in Urdu. Larger and
reasoning-oriented models such as Gemma-3-12B-
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Figure 3: Performance of different language models across difficulty levels (L1–L5) on the MATH-500-Urdu benchmark. Each
subplot shows the accuracy degradation pattern as problem difficulty increases.

it and DeepSeek-R1-Distill-Qwen-14B retain com-
paratively stronger performance at higher difficulty
levels, but the overall trend shows that linguistic
transfer amplifies the inherent challenges of formal
mathematics.

5.3 Impact of Model Size

How does model scale influence performance in
Urdu?

Model scale contributes to performance on Urdu
benchmarks, but it is not sufficient on its own.
While larger models such as Gemma-3-12B-it
achieve strong overall results, scale does not guar-
antee superiority. Notably, Gemma-3-4B-it out-
performs several larger models, including Llama-
3.1-8B-Instruct and DeepSeek-R1-Distill-Qwen-
7B as shown in Table 3 and in Figure 1, highlight-
ing the importance of multilingual training and
Urdu exposure. Similarly, Gemma-3-12B-it sur-
passes the larger DeepSeek-R1-Distill-Qwen-14B
on reasoning-intensive benchmarks, indicating that
reasoning-oriented scaling alone does not ensure
better low-resource language performance. Over-
all, these results show that model size is only one
factor, with targeted multilingual coverage playing
a critical role in Urdu reasoning quality.

5.4 Impact of Reasoning and Non-Reasoning
Models

How do reasoning-specialized models compare to
general instruction-tuned models in Urdu?

A central goal of UrduBench is to evaluate
whether explicitly reasoning-oriented models out-
perform general instruction-tuned models in Urdu.
As shown in Figure 1, reasoning-specialized mod-
els such as Phi-4-Mini-Reasoning and DeepSeek-
R1-Distill variants exhibit clear gains on MGSM,
indicating that explicit reasoning supervision par-
tially transfers to low-resource languages. How-
ever, these advantages are less consistent on CSQA
and OBQA, where large instruction-tuned models
such as Gemma-3-12B-it (Team et al., 2025) and
Llama-3.1-8B-Instruct (Grattafiori et al., 2024) of-
ten outperform reasoning-specialized counterparts.
This pattern suggests that reasoning supervision
alone is insufficient without strong multilingual
grounding, and that performance on commonsense
and factual reasoning tasks in Urdu depends more
on pretraining diversity and language alignment
than on explicit reasoning objectives alone.

5.5 Language Confusion Test on Reasoning
Models

How well do models maintain Urdu language con-
sistency in their responses?

Language confusion test measures whether a
model produces its final answers consistently in the
target language (Urdu) without unintended code-
switching. For each generated response, special to-
kens and mathematical notation are removed, and
language identification is applied to the cleaned
text. An answer is counted as language-consistent
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Model Acc. (%) Cons. (%)

Gemma-3-4B-it 64.0 98.8

Falcon-h1-7b-instruct 72.4 89.2

Qwen2.5-7B-Instruct 57.6 100.0

Llama-3.1-8B-Instruct 62.8 100.0

Ministral-8B-Instruct-2410 58.4 98.8

Gemma2-9B-it 73.6 99.6

Gemma-3-12B-it 80.4 100.0

DeepSeek-R1-Distill-Qwen-14B 59.2 82.0

Table 4: Language Confusion Test on MGSM Urdu CoT. Ac-
curacy versus Answer language consistency for Urdu. Higher
consistency indicates lower language confusion or codeswitch-
ing

only if Urdu is the sole detected language; very
short responses are excluded to avoid unreliable
detection.

Formally, the Answer Language Consistency for-
mula is taken from the study (Wang et al., 2026)
as:

Lang. Consistency (%) =
# answers in Urdu
# total answers

×100

In our evaluation, we measure this by check-
ing whether the generated answer contains only
Urdu; higher consistency therefore indicates less
language confusion or code-switching. The results
in Table 4 reveal a notable issue with DeepSeek-
R1-Distill-Qwen-14B, which achieves only 82.0%
Urdu consistency on MGSM-CoT, substantially
lower than the other evaluated models, most of
which exceed 98%. Importantly, language consis-
tency should not be interpreted as a direct predic-
tor of reasoning accuracy. For example, Qwen2.5-
7B-Instruct achieves 100% Urdu consistency but
reaches only 57.6% reasoning accuracy, while
DeepSeek-R1-Distill-Qwen-14B has lower consis-
tency (82.0%) but slightly higher reasoning accu-
racy (59.2%). Falcon-h1-7B achieves only 89.2%
Urdu consistency, it attains the second-highest rea-
soning accuracy (72.4%). This observation is con-
sistent with the study (Wang et al., 2026), which
shows that reasoning models can exhibit substantial
language inconsistency, including DeepSeek-R1-
671B, which also shows notable language consis-
tency issues. The similar behavior observed in
DeepSeek-R1-Distill-Qwen-14B suggests that this
language inconsistency may persist in models dis-
tilled from DeepSeek-R1. Taken together, these
results highlight language consistency as an impor-
tant diagnostic of unintended language switching,
while also showing that language inconsistency

does not necessarily translate into lower reasoning
accuracy.

6 Conclusion

In this study, we introduced UrduBench, to the best
of our knowledge, the first standardized reasoning-
focused benchmark suite for Urdu, comprising
translations of MGSM, OBQA, CSQA, and MATH-
500. Our contextually ensembled human-in-the-
loop framework combines four diverse translation
systems with LLM-based feature integration and
native human validation. By processing questions
and answer choices as unified contextual units, the
framework preserves linguistic coherence and task
structure during translation.

Through comprehensive evaluation of state-of-
the-art reasoning and non-reasoning models, we
provide the first large-scale standardized compari-
son of LLM reasoning capabilities in Urdu across
mathematical reasoning, commonsense knowledge,
and factual understanding. Our results highlight
key challenges in multilingual reasoning and lan-
guage alignment. Beyond advancing Urdu NLP,
our methodology provides a scalable framework
for adapting standardized reasoning benchmarks to
other low-resource languages.

Limitations

Scope. UrduBench targets Modern Standard
Urdu across MGSM, MATH-500, Common-
SenseQA, and OpenBookQA. Dialectal, code-
mixed, and Urdu-origin reasoning corpora are out-
side the present scope. We evaluate 20+ open-
source/open-weight LLMs from 1B–14B; propri-
etary and frontier-scale models are excluded.

Pipeline-side proprietary dependency. Candi-
date fusion uses GPT-5.2, while Gemini-2.5-Pro
often provides the strongest base candidate (Ta-
ble 9). However, downstream use of the released
human-validated benchmark requires no API ac-
cess; only pipeline reconstruction does. A fully
open-weight pipeline can be made in future work.

Methodological constraints. Validation relied
on expert consensus and win-loss tracking rather
than formal Inter-Annotator Agreement (IAA). We
provide qualitative translation-failure examples
(Appendix B).
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A Prompts and Results Used in the
Translation Framework

This appendix provides the exact prompts used in
our Contextual Ensemble Translation framework
with human-in-the-loop. All translations in the
benchmark were generated using the following
LLM prompts.

A.1 Qwen 3 and Gemini 2.5 Pro Urdu
Contextual Translation Prompt

The prompt below was used to generate Urdu
translations directly from English source texts for
MGSM.

Translate given text into Urdu.
DO NOT respond the text. ONLY
output the translation of the
text. Maintain natural, fluent,
and cultural context in Urdu
translation.

For OBQA, and CSQA, following prompt was used
using Context-aware strategy:

You are a translation expert.
Analyze the given translations
against the original text and
create one improved translation
by combining the best features
from all of them.

Translate the following English
text into Urdu. Return only a
valid JSON object with two keys:

1. "question": the translated
question
2. "choices": an array of
translated choice texts (maintain
the same order)

Maintain natural, fluent, and
culturally appropriate Urdu. Do
not include any explanation or
extra text.

Question: {question_stem}
Choices:
{choices_formatted}

Return format:
{"question": "translated

question", "choices":
["choice1", "choice2", ...]}

For MATH-500, following prompt was used:

You are an expert translator
specializing in translating
mathematical content from
English to Urdu while preserving
all LaTeX mathematical notation.

Task: Translate the following
from English to Urdu.

Critical Rules:
1. NEVER translate or modify ANY
LaTeX math expressions keep all
content inside $ or $$ EXACTLY
unchanged
2. NEVER translate mathematical
symbols, variables, or formulas
3. Only translate natural
language text
4. Preserve exact structure,
line breaks, and spacing
5. Use fluent, formal academic
Urdu
6. Preserve punctuation and
special characters

A.2 GPT-5.2 Prompt for Best Feature
Selection

GPT-5.2 was used to merge, refine, and improve
candidate translations generated by IndicTrans2,
Qwen-3-30B, Gemini 2.5 Pro, and NLLB.

You are a translation expert.
Analyze the given translations
against the original text and
create one improved translation
by combining the best features
from all of them.

A.3 Translation and Heuristic Processing
Algorithm

The translation and heuristic processing pipeline
applied to all translated samples is described in
Algorithm 1.

B Context-Aware Translation Examples

This appendix provides illustrative examples
demonstrating how context-aware translation im-
proves the grammatical coherence and semantic
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alignment of Urdu multiple-choice questions. Ta-
ble 5 compares translations generated with and
without contextual information, highlighting the
benefits of translating the full questionchoice se-
quence as a unified input.

C Human Annotation Guidelines

The rubrics provided in Table 6 were given to native
Urdu-speaking annotators to guide their evaluation
and selection of the best translation candidate from
the ensemble outputs.

D Evaluation Prompts and
Configurations

All evaluation prompts are fixed across models and
prompting strategies, including Direct, Chain-of-
Thought (CoT), and Few-Shot + CoT (FS+CoT),
to ensure comparability. Evaluations are conducted
using lm-eval-harness with a vLLM backend and
tensor parallelism set to 4. Figure 4 shows evalua-
tion prompts for Urdu MGSM, MATH-500, CSQA,
and OBQA.

E Extended Results

Algorithm 1 Multi-Model Translation with Heuris-
tic Validation and Consensus
Require: Dataset D,

translation models M={IndicTrans2, NLLB,
Gemini-2.5-Pro, Qwen-3},
maximum retries K = 5,
minimum length Lmin = 10,
english content ratio threshold τ = 0.3

Ensure: For each sample x, translations Tx =

{t(1), t(2), t(3), t(4), tGPT }
1: for each sample x ∈ D do
2: T ← ∅ {Validated model translations}
3: for each model m ∈M in parallel do
4: attempt← 0
5: valid← false
6: while attempt < K and valid = false do
7: xm ← TRANSLATE(x,m, prompt)
8: if required fields missing in xm then
9: Record missing field error

10: end if
11: qur ← Urdu question in xm

12: if qur is empty or |qur| < Lmin then
13: Record invalid Urdu question
14: end if
15: if no Urdu characters in qur or English ratio > τ

then
16: Record mixed-language question
17: end if
18: Cur ← Urdu answer choices in xm

19: if Cur missing or number of choices incorrect
then

20: Record invalid Urdu choices
21: end if
22: for each choice c ∈ Cur do
23: if no Urdu characters in c or English ratio

> τ then
24: Record invalid Urdu choice
25: end if
26: end for
27: if answer key missing or invalid then
28: Record answer key error
29: end if
30: if no errors recorded then
31: T ← T ∪ {xm}
32: valid← true
33: else
34: attempt← attempt+ 1
35: end if
36: end while
37: if valid = false then
38: T ← T ∪ {xm}
39: end if
40: end for
41: tGPT ← GPT-5.2(D,T, prompt)
42: Tx ← T ∪ {tGPT }
43: Save(Tx)
44: end for
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English question with choices Translation without Context Context Aware Translation  
(with human validation) 

The sun is responsible for: 

a. puppies learning new tricks 

b. children growing up and getting old 

c. flowers wilting in a vase 

d. plants sprouting, blooming and wilting 

مّے ��ور��       ��ے: دار د�

a. ������� وں کے �� ے ��� �� �� �� ��� ر کھ ��� �ے ���� ���ں ر� �� 

b��� ����� و ���رؕے . �ے ��� ���ں ر� ورؕھے اور �� و ��� �ے ��� ���ں ر� �� 

c. ں ��لداں� ھول ���� ھا ��� �ے مر��� ���ں ر� �� 

dودے �ے اگ .��� ���ں، ر� ھل �� ��
�

�ے  ���ں ر� ھا اور �� �ے مر��� ���ں ر� �� 

مّے ��ور��  ��ے: دار د�

a. ������� وں کے �� �ٔ�� کے ��� � ��ر����� ���� � �������
�

�
�

�
�

 ��ا 

b. وں �� ے ���رؕے کے ��� و�� ورؕھے اور ��� ے ��� و��  ��ا ���

c. ں ��لداں� ھو��وں ���� ھا��ے کے ���  ��ا مر���

dودوں ، کے .��� ������� � ا � ��ھ�������
�

ے اور  ھا��  ��ا مر���

 
Squirrels spend their fall: 

a. looking for pretty leaves to collect 

b. stockpiling rocks for fighting in the winter 

c. stockpiling pecans for the frigid months 

d. collecting twigs to keep warm 

�ری اں ��ل� ر� ���ی ��وسم ��ا ��� ار ���ں: ��ر� �� 

a. مع ے ��� صور�� ������� کے ��ر�� و��� لاس� �����ّ��� ��� ی ��ر ��� ���ں ر�� �� 

bِں سر��ا .��وسم ے ���� دوں ������� کے اُرؕ�� رہ ��ا ���ر��� �� �� ا د�  ��ر���

cد ��� د وں کے سردی .��� �� �� د��ں� ������� کے ���� �� رہ ��ا ا��� �� �� ا د�  ��ر���

dرم��. � ��������
�

ہ ������� کے ر �� اس دار ��� مع ���� ا ���  ��ر���

���اں �ر اں ��ل� ر� ی  ��وسم ��ا ��� ��� ار ���ں: ��ر� �� 

aصور�� و��� مع �����ّ��� .��� ے ��� ے ��ر�� و�� ��� 

bوں ��� ں .سرد ھر ������� کے  ��رؕا��یٔ ���� �� رہ ��� �� �� ے د� ے ��ر�� و�� ��� 

cد ��� د وں کے سردی .��� �� �� کں�  ������� کے ����
�
��رہ ��� �� ے د� ے ��ر�� و�� ��� 

dرم��. � ������� ��اں ������� کے ر
�� مع ���� ے ��� ے ��ر�� و�� ��� 

 

Sean was in a rush to get home, but the light 

turned yellow and he was forced to do what? 

a.take time 

b.dawdle 

c.go slowly 

d.ocean 

e.slow down 

اں�  �� ��ھر ��و ��� � ������ ��
�

�
� �

�
�

لدی ��ی  ھی، ��� ��
�

کں�  ک ���� �� ��� ل ��ؕر ی ��ی ��گ�� ّ�� لی ��� �� و��ٔ�ی ���  وہ اور ���

��ر� ��س ور ���ر �� �� ���
�

ا؟  و���� ��� 

a�� ع .و��� ا��ٔ ا ���  ��ر���

b. ال ا ��ؕ�ول ��ؕ  ��ر���

c. ل ا دؕ����  دؕا����

dدر  .��م��

e. ہ س�� لو آ��� ��� 

اں� �� ��ھر ��و ��� � ������ ��
�

�
� �

�
�

لدی ��ی  ھی، ��� ��
�

کں�  ک ���� �� ��� ل ��ؕر ی ��ی ��گ�� ّ�� لی ��� �� و��ٔ�ی ���  اور ���

��ر� ��س وہ ور ���ر �� �� ���
�

ا؟  و���� ���    

a. ��
 ل����ا و��

b. ��
�عٔ و�� ا  کر��ا ��

c. ار �� ہ ر��� س�� ے آ���  ���ر ��ر��

dدر  .��م��

e. ار��
 کر��ا کم ر��

The runner was in third place, but he pushed 

harder and thought he might be able to reach 

second. What was beginning to do? 

a.near finish line 

b.finish 

c.get tired 

d.gain ground 

e.trip over 

���ر وہ سرے ر �� م��ر ��� ر ��� ھا، ��� کں� ��� ے اُس ���� ور اور �� ا ر� ا اور ��گا��� د وہ ��ہ ��و��� ا��� ��� 

م��ر دوسرے ر ��� ��� �� �� �� �
�
�

۔  ا وہ ���ک�� ے ���� ھا؟ ��گا ��ر�� ���  

aِط ام .��� �� �� ����� کے ا��� �ر �� 

bم �� ��
�

�کمل / ��رو .
�

 ��رو 

cھک ا .��� ا��� ��� 

dول �� ا .���� و��� ��� 

eھو��ر ا .��ؕ  ��ھا���

���ر وہ سرے ر �� م��ر ��� ر ��� ھا، ��� کں� ��� ے اُس ���� ور اور �� ا ر� ا اور ��گا��� د وہ ��ہ ��و��� ا��� ��� 

م��ر دوسرے ر ��� ��� �� �� �� �
�
�

۔  ا وہ ���ک�� ے ���� ھا؟ ��گا ��ر�� ���  

aامی �� �� ر .ا��� ����� کے ��ک�� �ر ا �� �� �� �� �� ��
�

 

b. م �� ��
�

ا   ��ر���

cھک ا .��� ا��� ��� 

d�� �� ا لے .���� ا��� ��� 

eھو��ر ا .��ؕ  ��ھا���

A person wants to start saving money so that 

they can afford a nice vacation at the end of the 

year. After looking over their budget and 

expenses, they decide the best way to save 

money is to 

a.make more phone calls 

b.quit eating lunch out 

c.buy less with monopoly money 

d.have lunch with friends 
 

���ک ص ا �� ��
�

ر کے ��ال  ں آ��� ���ک ���� ھی ا �
�
�

ھؕ�ی ا �
�
�

ے  ار�� �� ������� کے ��ر�  �����س���

ا ا��� �� روع ��� ا س� ��� ا ��ر �� ا��� �������� ��ے۔ ��� ؕ� ا �� ا�� اور ��� را��� ہ ��ا ا��� ا��ٔر� ��� ��  کے ���������

عد، صلہ وہ ��� �� ا ��� ��� �� ��ہ ��ے ��ر ے �����س��� ا�� �� ں� ��ا ��� ��� ��ر �� ہ ��� �� ��� ہ ��ر  ��ہ ��ے ���

aادہ ��� وں� .ر�  ��رد ��ا��ر� ��

bر� ا� �ر .��� � ا ��ا دو��� ا ��ھا��� ھورؕ ��ھا��� ا ��� �� ���  د

cولی و��� سوں کے .��و��� �� داری ��م سے ��� ��� ر ���ں ���  ��ر

dوں ھ کے .دو���� �ر ��ا��� � ا ��ا دو���  ��ھاد ��ھا���

���ک ص ا �� ��
�

ر کے ��ال  ں آ��� ���ک ���� ھی ا �
�
�

ھؕ�ی ا �
�
�

ے  ار�� �� ������� کے ��ر�  �����س���

ا ا��� �� روع ��� ا س� ��� ا ��ر �� ا��� �������� ��ے۔ ��� ؕ� ا �� ا�� اور ��� را��� ہ ��ا ا��� ا��ٔر� ��� ��  کے ���������

عد، صلہ وہ ��� �� ا ��� ��� �� ��ہ ��ے ��ر ے �����س��� ا�� �� ں� ��ا ��� ��� ��ر �� ہ ��� �� ��� ہ ��ر  ��ہ ��ے ���

aادہ ��� وں� .ر� ���ں ��ا��ر� ��  ��ر

bر� ا� �ر .��� � ا ��ا دو��� ا ��ھا��� ھورؕ ��ھا��� ���ں ���  د

cولی و��� سوں کے .��و��� �� �ں ��م سے ���
�د� ر�

�� 

dوں ھ کے .دو���� �ر ��ا��� � ا ��ا دو��� ں ��ھا��� ��  ��ھا��ٔ

Table 5: Examples of with and without Context Translation
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Marking Criteria Evaluation Question Correct Example Incorrect Example 

1. Response 
Completeness 

Does the translation 
fully capture the 
source text without 
omitting any part? 

Original: The cat sat on the mat. 

Translation: لی ئی ب ا ٹ ھی پر چ ٹ ی ب



ھی۔  ت


 

Original: The cat sat on the mat.  

Translation 1: لی ھی ب ٹ ی ب



ھی۔  ت


 (Omitting “on 

the mat”)  
Translation 2: I don’t know (No 
response) 

2. Translation vs 
Generation 

Is the output a 
translation and not 
new content 
generation? 

Original: The boy reads a book. 

Translation: کا اب لڑ ا کت ھت ہے۔ پڑ   

Original: The boy reads a book.  

Translation: کا اب لڑ ارے کے کت ں ب ا می ت سوچ  

ہے۔  (New content generated) 

3. Grammar and 
Structure 

Is the grammar and 
structure of the Urdu 
translation accurate? 

Original: She went to the market. 

Translation: ار وہ از گئی۔ ب   

Original: I bought an iPhone 
today. ​
Translation:  

ں  ے می ج ن ک آ دا۔ iPhone   ای ی ر  خ

Original: She went to the market.  

Translation: ار وہ از ا۔ ب گی  (Incorrect gender 

agreement)  
Original: I bought an iPhone today.  

Translation: -iphone دا ی ر ں  خ ے می ج ن ک آ ای   

(Incorrect placement of English 
equivalent) 

4. Number and 
Date Formats 

Are the number and 
date formats 
preserved as in the 
original? 

Original: The event is on 
12/12/2024.  

Translation: ہ یب ی قر کو 12/12/2024 ت  

ہے  

Original: The event is on 12/12/2024.  

Translation: ہ یب ی قر ہے۔ کو ۱۲/۱۲/۲۰۲۴ ت    

(Converted to Arabic numerals) 

5. Cultural 
Considerations 

Are idioms translated 
using cultural 
equivalents, not literal 
translations? 

Original: The ball is in your court. 

Translation: صلہ ی پ اب ف ھ کے آ ہات ں  می  

ہے۔  (Cultural equivalent used) 

Original: The ball is in your court.  

Translation: د ن پ اب گی ں کورٹ کے آ ہے۔ می   

(Literal translation) 

6. Common Error 
Patterns 

Does the translation 
avoid direct 
transliteration and 
ensure meaningful 
translation? 

Original: He is an experienced 
teacher.​

Translation: ہ وہ ب جر اد کار ت ہے۔ است   

Original: He is an experienced teacher.  

Translation: ک وہ سد ای ن ی ر کسپ چر ای ی ہے۔ ٹ   (Direct 

transliteration) 

7. Style and 
Register 

Is the translation’s tone 
and formality 
consistent with the 
source text? 

Original: Please submit your 
documents at the earliest 
convenience.  

Translation: ی کرم براہ ن ات اپ اویز دست  

لد لد از ج مع ج ں۔ ج ی کرائ  

Original: Please submit your documents 
at the earliest convenience. 

Translation: ات اویز یں۔ دے دست د  (Casual 

tone used instead of formal 

Table 6: Overview of the Urdu-translated datasets refinement guidelines.
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MGSM (Arithmetic Reasoning) 

Direct Prompt 
 :مسئلہ
{Urdu math problem} 
 

دیں۔ جواب عددی آخری صرف کرم براہِ  

Chain-of-Thought (CoT) 
 :مسئلہ
{Urdu math problem} 
 

دیں۔ جواب میں آخر اور کریں فراہم حل وار مرحلہ  
کو جواب آخری کرم براہِ نوٹ:  \boxed{} لکھیں۔ میں  

Few-Shot + CoT (FS+CoT) 
کریں۔ حل مسئلہ پر طرز کی انہی ہیں۔ گئی دی مثالیں چند میں ذیل  

 
{Few-shot Urdu examples} 
 
 :مسئلہ
{Urdu math problem} 
 

لکھیں۔ حل وار مرحلہ  
\boxed{} :۔ لکھیں میں کو جواب آخری کرم براہِ نوٹ   
 

 

MATH-500 (Symbolic Mathematics) 

Chain-of-Thought (CoT) 
 :مسئلہ
{Urdu math problem} 
 

لکھیں۔ حل وار مرحلہ  
\boxed{} :۔ لکھیں میں کو جواب آخری کرم براہِ نوٹ   
 

 

CommonSenseQA and OpenBookQA 

Direct Prompt 
 :سوال
{Urdu question} 
 
 :اختیارات
A) {Option A} 
B) {Option B} 
C) {Option C} 
D) {Option D} 
E) {Option E} 
 

لکھیں۔ حرف کا جواب درست  

Figure 4: Evaluation prompts for Urdu MGSM, MATH-500, CSQA, and OBQA
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MGSM
(CoT)

CommonSenseQA OpenBookQA MATH-500
(CoT)
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Dataset Difficulty Across Urdu Benchmarks

Figure 5: Distribution of model performance across four Urdu benchmarks. Box plots revealing MATH-500 and MGSM as the
most challenging tasks with lower median scores and wider performance variance compared to CSQA and OBQA.

Model L1 L2 L3 L4 L5 Avg

Top-performing LLMs in Math500-Urdu

Gemma-3-4B-it 65.1 58.9 56.2 39.8 22.4 44.2

Phi-4-mini-reasoning (4B) 76.7 67.8 66.7 69.5 56.72 65.8

Qwen2.5-7B-Instruct 76.7 56.7 46.7 32.8 23.1 41.2

Falcon-h1-7b-instruct 76.7 61.1 56.2 46.9 30.6 49.6

DeepSeek-R1-Distill-Qwen-7B 65.1 57.8 60.9 56.3 51.5 57.0

Gemma2-9B-it 74.4 56.7 44.8 29.7 12.7 37.0

Gemma-3-12B-it 86.1 83.3 80.0 69.5 48.5 70.0

DeepSeek-R1-Distill-Qwen-14B 79.1 70.0 76.2 65.6 63.4 69.2

Lx correspond to increasing MATH-500 difficulty levels.
All results are zero-shot, CoT based prompts.

Table 7: MATH-500 Urdu Performance by Difficulty Level

<7B 7B 8B >8B

MobileLLM-Pro (1B) Falcon-h1-7B-Instruct Alif-1.0-8B-Instruct Gemma2-9B-it
(Huber et al., 2025) (Zuo et al., 2025) (Shafique et al., 2025) (Team et al., 2024)
LLaMA-3.2-3B-Instruct MiMo-7B-Base Aya-Expanse-8B Gemma-3-12B-it
(Grattafiori et al., 2024) (Xiaomi et al., 2025) (Dang et al., 2024) (Team et al., 2025)
Gemma-3-4B-it Mistral-7B-Instruct Granite-3.3-8B-Instruct R1-Distill-Qwen-14B
(Team et al., 2025) (Jiang et al., 2023) (Granite Team, 2025) (Guo et al., 2025)
Nemotron-Mini-4B OLMo-3-7B-Instruct LLaMA-3.1-8B-Instruct
(NVIDIA, 2024b) (Olmo et al., 2025) (Weerawardhena et al., 2025)
R1-Distill-Qwen-1.5B Qwen2.5-7B-Instruct Ministral-8B-Instruct
(Guo et al., 2025) (Yang et al., 2025b) (Liu et al., 2026)
Phi-4-Mini-Reasoning (4B) R1-Distill-Qwen-7B Mistral-NeMo-8B-Instruct
(Xu et al., 2025) (Guo et al., 2025) (NVIDIA, 2024a)

RNJ-1-Instruct (8B)
(Vaswani et al., 2025)
Qalb-1.0-8B-Instruct
(Taimoor Hassan et al., 2026)

Table 8: Categorization of evaluated models by parameter scale
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Split IndicTrans2 NLLB-200 Qwen-3-30B Gemini-2.5-Pro GPT-5.2 fused Human-edited Total

MGSM (test, n=250) 3 2 1 125 97 22 250

CSQA (val, n=1,221) 74 52 17 826 205 47 1,221

OBQA (test, n=500) 36 27 9 313 86 29 500

MATH-500 (test, n=500) 3 2 51 312 67 65 500

Table 9: Human Validation Win–Loss Statistics Across Translation Candidates. Breakdown of the final Urdu translation sources
for splits subjected to the human review pass. The table distinguishes between direct wins by the four base translators, selections
of the GPT-5.2 fused candidate, and instances requiring a human-authored edit. Row totals correspond exactly to the split sizes.
Held-out CSQA/OBQA training splits are excluded, as they underwent only automatic validation (Algorithm 1).
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