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Abstract

Large Language Models (LLMs) have shown
impressive capabilities across many language
understanding tasks; however, their ability to
perform numerical reasoning remains fragile,
particularly outside English. This limitation
is especially concerning for Hindi, a language
with hundreds of millions of speakers but
relatively little focused evaluation in numer-
ically grounded reasoning. In this work, we
present HI-REASO, a benchmark designed to
systematically evaluate numerical reasoning
in Hindi. The benchmark comprises six
complementary task types and 3k instances
drawn from educational materials, real-world
problem formulations, and commonsense
reasoning scenarios. We assess a range of
state-of-the-art LLMs using Hindi-native
prompting as well as cross-lingual prompting
and cross-lingual chain-of-thought reasoning.
Across all settings, models consistently
underperform compared to human baselines,
with the largest performance degradation
observed when reasoning is conducted di-
rectly in Hindi. While cross-lingual strategies
offer partial improvements, they do not close
the gap. Our findings reveal fundamental
shortcomings in current LLMs’ numerical
reasoning abilities under Hindi-native condi-
tions and motivate the development of models
and training paradigms that better support
linguistically diverse numerical reason-
ing. We publicly release the code and data at
https://github.com/kraritt/hi-reaso.

1 Introduction

Numerical reasoning is a core capability required
for many real-world applications, including educa-
tion, finance, and scientific problem solving. In
natural language, numerical information is embed-
ded in text, requiring models to identify quantities,
interpret relations, and map linguistic descriptions
to formal mathematical representations.

Large Language Models (LLMs) have achieved
strong performance across diverse natural lan-
guage processing tasks (Brown et al., 2020; Zhao
et al., 2026), yet numerical reasoning remains
a persistent challenge. Prior work shows that
LLMs are sensitive to superficial variations in
problem formulations and frequently fail on multi-
step numerical reasoning tasks (Bang, 2023; Patel
et al., 2021; Ahn et al., 2024). While techniques
such as chain-of-thought prompting improve per-
formance by eliciting intermediate reasoning steps
(Wei et al., 2022), these gains are limited, particu-
larly in multilingual and non-English settings (Shi
et al., 2022a; Qin et al., 2023; Huang et al., 2023).

Several benchmarks have been proposed to eval-
uate numerical reasoning. English-centric datasets
such as NumGLUE and LILA assess a range of nu-
merical reasoning skills (Mishra et al., 2022b,a),
while multilingual studies highlight substantial
variation in reasoning performance across lan-
guages (Shi et al., 2022a; Qin et al., 2023). How-
ever, these benchmarks provide limited insight into
language-specific numerical reasoning challenges.

This limitation is particularly evident for Hindi,
one of the most widely spoken languages world-
wide. Although Indic benchmarks such as In-
dicGLUE and IndicXNLI support general lan-
guage understanding evaluation (Sankalp et al.,
2025; Aggarwal et al., 2022; Khanuja et al., 2020),
they do not explicitly target numerical reasoning,
leaving Hindi numerical reasoning largely under-
explored.

In this work, we introduce HI-REASO, a bench-
mark designed to systematically evaluate numeri-
cal reasoning in Hindi. The benchmark comprises
six task categories and 3k instances curated from
educational materials, real-world problem descrip-
tions, and commonsense numerical scenarios. We
evaluate state-of-the-art LLMs using Hindi Na-
tive Prompting (HNaP), Cross-Lingual Prompt-
ing (XLP), and Cross-Lingual Chain-of-Thought
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Figure 1: Overview of HI-REASO. The figure shows the dataset construction pipeline, the experimental setup with
different numerical reasoning prompts, and a system example where a Hindi numerical question is combined with
the XCoT prompt to form a language-independent input for step-by-step reasoning and evaluation by an LLM. .

Prompting (XCoT), enabling a diagnostic com-
parison of language-dependent reasoning perfor-
mance.

Our results show that LLMs consistently under-
perform human baselines across all tasks, with the
largest performance degradation observed under
Hindi-native prompting. Although cross-lingual
strategies yield partial improvements, they fail to
close the gap, highlighting persistent limitations in
current models’ numerical reasoning abilities.

The main contributions of this work are:

e We introduce HI-REASO, the first bench-
mark for evaluating numerical reasoning in
Hindi, covering six task types with 3k curated
instances.

* We present a systematic evaluation of LLMs
under Hindi-native and cross-lingual prompt-
ing settings, providing diagnostic insights
into language-dependent reasoning failures.

* We demonstrate a substantial gap between
model and human performance, motivating
future research on language-aware numerical
reasoning.

2  Overview of Tasks in HI-REASO

Evaluating numerical reasoning in Large Lan-
guage Models (LLMs) is particularly challenging
in non-English settings due to limited linguistic re-
sources and differences in numerical expression.
To address this challenge for Hindi, we introduce
HI-REASO, a benchmark comprising six task cat-
egories focused on evaluating numerical reasoning
in Hindi (see Table 1). The tasks span arithmetic

computation, commonsense reasoning, domain-
specific knowledge, and quantitative inference.

Commonsense Arithmetic (CA). Consider the

problem: I 7 A R W B TR foram afg
TD TR 7 IR fola@r =, O a8 W Pl e
31eR foig T2 (Abhay wrote each Hindi vowel on
the board. If each vowel was written 7 times, how
many letters were written on the board in total?)
Solving this problem requires both arithmetic rea-
soning and numerical commonsense knowledge,
such as recognizing the number of Hindi vow-
els. These tasks combine common numerical facts
(e.g., days in a week, fingers on a hand) with arith-
metic computation.

Domain-Specific (DS). 12 AT 1 feift & =k
IR R 74 e 8FT? (What is the value of 12
radians in degrees?) This task requires numerical
reasoning combined with domain-specific knowl-
edge, such as applying the formula Degrees =
1% x Radians. The dataset includes problems from
domains such as physics, chemistry, advanced
mathematics, and computer science.

Commonsense Quantitative (CQ). This cate-
gory involves quantitative comparison tasks. For
example: FEIT 1234567890 FIT 9876543210
q BIct g AT I (1) B (2) ISt (Is the number
1234567890 smaller or larger than 98765432107
(1) Smaller (2) Larger) These questions may re-
quire direct magnitude comparison or intermediate
arithmetic operations.

Fill-in-the-Blanks (FiB). 4 U &1 &1¥d 80 30

g1 10 P BIIa W BRI (The price of
4 pens is 80 rupees. The price of 10 pens is __
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Table 1: Task categories in HI-REASO, dataset, and representative examples. Hindi examples are shown first,

followed by English glosses.

Tasks  Examples (Hindi — English)

CA
300 rupees, what is the price of seven dozen eggs?)

A: 420 TUF (420 rupees)

Q:?JﬁSEGT:TSETEﬁEﬁ‘:H3OOW%, aT 7 SO TSl P HFT et g (If the price of five dozen eggs is

DS Q: % 9155 7 Jdbs H 21 HicR Foidt &1 ST3P I i T ST DI (A bike travels 21 meters in 7 seconds.

Calculate the average speed of the bike.)

A: 3 Hie® / Tqhs (3 meters/second)

CQ  Q: T US &l IRaT H AT 6 9 & 3R 7 Pl AICTS 0.25 9 81 B 31 AT 82 (The branch is 6 inches thick,
while the trunk is 0.25 inches thick. Which is thicker?)
A: 9T (Branch)

FiB  Q: < H131 &1 AN 5,452 &1 €N 2,563, , 3R 1,245 &l (The sum of three numbers is 5,452. The
numbers are 2,563, ___, and 1,245.)
A: 1,644 (1,644)

QNLI  Premise: g1 7 65 fobcirel WRIST | (Rahul bought 65 books.)
Hypothesis: gt q 25 9 1fe fhars R (Rahul bought more than 25 books.)
Label: Entailment

AWP  Q: I 8 fctlu™ A1aet it HIFd 960 TU &, AT 4,800 B H fha fhellumT aTaet @RI O Havd 82 (If the price

of 8 kg of rice is 960 rupees, how many kg can be bought for 4,800 rupees?)

A: 40 T (40 kg)

rupees.) Unlike tasks requiring external knowl-
edge, this category is self-contained and focuses
solely on numerical reasoning, following a fill-in-
the-blank formulation.

Quantitative Natural Language Inference
(QNLD). Y& 1gel 71 50 ¥ H Ua fahde
RIS IR B 7 1 W H 80 fha
GRS (Premise:  Rahul bought a book for 50
rupees. Hypothesis: Rahul bought 80 books for
one rupee.) This task evaluates the relationship
between a premise and a hypothesis using numer-
ical reasoning, framing arithmetic problems as
natural language inference tasks.

Arithmetic Word Problems (AWP). Arith-
metic word problems require interpreting real-
world scenarios and performing arithmetic calcu-
lations. For example: 15 I U 75 B § GRS
Tq 3R 90 W H 99 U M| wfderd e e
BRI (If 15 ballpoint pens are bought for 75 ru-
pees and sold for 90 rupees, what is the percentage
of profit?) This task assesses the ability to apply
arithmetic reasoning in practical, real-world con-
texts.

3 Dataset Development

Constructing a benchmark for numerical reason-
ing is inherently challenging due to the sensitiv-

ity of numerical tasks to linguistic variation and
annotation errors. These challenges are ampli-
fied in low-resource, non-English settings such
as Hindi, where high-quality, domain-specific re-
sources are limited. Additional difficulties in-
clude curating diverse problem types across mul-
tiple task formats and ensuring mathematical cor-
rectness through careful annotation. The dataset
development pipeline for HI-REASO is illustrated
in Figure 1.

3.1 Data Collection

Manual Data Collection. Arithmetic and word-
problem instances were manually sourced from
Hindi-medium school textbooks' aligned with na-
tional and state-level curricula, including materials
published by NCERT? and state education boards
3. For the Domain-Specific (DS) task, problems
were collected from standard academic books cov-
ering Physics, Chemistry, and Higher Mathemat-
ics. These sources ensure linguistic naturalness
and curriculum relevance.

We observed that certain task categories, specif-
ically Commonsense Quantitative (CQ) and Quan-
titative Natural Language Inference (QNLI), were

"https://epathshala.nic.in/
*https://www.ncert.nic.in/
*https://www.cbse.gov.in/
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underrepresented in school textbooks. To address
this gap, relevant problems were adapted from ex-
isting numerical reasoning benchmarks and trans-
lated into Hindi using automated translation tools*.
All translated instances were manually reviewed
to correct mistranslations, incorrect numerals, and
residual non-Hindi artifacts.

Commonsense Arithmetic (CA) problems were
additionally curated using widely accepted numer-
ical commonsense knowledge encountered in ev-
eryday contexts. Where appropriate, culturally
grounded Hindi contexts were incorporated to im-
prove the naturalness of the problems.

Task Formatting. Collected problems were re-
formatted into task-specific templates correspond-
ing to the six evaluation categories. For exam-
ple, selected arithmetic word problems were con-
verted into fill-in-the-blank formats to support the
FiB task, while preserving the original numerical
reasoning requirements.

3.2 Data Processing

Cross-Checking. The dataset was derived from
two primary sources: Hindi-medium educational
textbooks (for CA, DS, FiB, and AWP tasks)
and adapted benchmark problems (for CQ and
QNLI tasks). Since these sources had been pre-
viously validated by educators or prior bench-
mark efforts, recomputation of answers was gener-
ally unnecessary. Nevertheless, all instances were
cross-checked to identify typographical or numeri-
cal inconsistencies introduced during collection or
translation, and duplicate entries were removed.

Manual Validation. Minor annotation errors
were identified in fewer than 1% of the instances.
These cases were manually reviewed and corrected
by an experienced high school science teacher, im-
proving the dataset’s overall quality, consistency,
and reliability.

4 Dataset Distributions

The HI-REASO dataset is designed to cover a
broad spectrum of numerical reasoning skills. This
section presents an overview of the dataset distri-
bution, analyzing its composition across task cate-
gories and data sources. We examine the balance
of task types, sample sizes, and problem formats,
highlighting how the dataset systematically chal-

“https://pypi.org/project/deep-translator/

lenges models across multiple dimensions of nu-
merical reasoning.

Table 2: Statistics of the HI-REASO dataset grouped
by task categories and data sources.

Group #Instances (%)
Grouped by Task
CA 650 (21.59%)
DS 652 (21.66%)
CcQ 370 (12.29%)
QNLI 120 (3.99%)
FiB 616 (20.46%)
AWP 602 (20.01%)
Grouped by Source
School Math Book 1080 (35.88%)
Translated 860 (28.57%)
DS Math 327 (10.86%)
Manual Curation 160 (5.32%)
Physics 280 (9.30%)
Chemistry 230 (7.64%)
CS 73 (2.43%)
Total 3010 (100.00%)

4.1 Task-wise Dataset Distribution

The task-wise distribution of HI-REASO reflects
a deliberate focus on diverse numerical reasoning
phenomena. Domain-Specific (DS) tasks consti-
tute 21.66% of the dataset, emphasizing contextu-
alized arithmetic grounded in specialized domains
and real-world applications. Commonsense Quan-
titative (CQ) tasks account for 12.29%, integrat-
ing numerical comparison with general reasoning,
a relatively underexplored but important aspect of
numerical understanding.

Fill-in-the-Blanks (FiB) tasks form 20.46% of
the dataset, underscoring the importance of funda-
mental arithmetic skills across varied contexts. To-
gether, the remaining categories, including Com-
monsense Arithmetic (CA), Quantitative Natural
Language Inference (QNLI), and Arithmetic Word
Problems (AWP), contribute to a balanced evalua-
tion framework. This distribution enables a holis-
tic assessment of numerical reasoning, spanning
both general arithmetic proficiency and domain-
specific problem solving (see Table 1 and Table 2).

4.2 Source-wise Dataset Distribution

HI-REASO integrates traditional educational re-
sources with translated and manually curated prob-
lems to ensure comprehensive coverage of numer-
ical reasoning scenarios. A substantial portion
of the dataset (35.88%) is sourced from Hindi-
medium school mathematics textbooks, contribut-
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ing primarily to CA, FiB, and AWP tasks and align-
ing the dataset with formal educational settings.

To increase linguistic and contextual diversity,
28.57% of the dataset consists of translated prob-
lems, which primarily support CQ and QNLI tasks
while also contributing to CA. Domain-specific
mathematical problems account for 10.86% of the
dataset and are dedicated to DS tasks. In addition,
subject-specific problems from Physics (9.30%)
and Chemistry (7.64%) further enrich the dataset
by incorporating real-world scientific contexts that
require numerical reasoning. A smaller portion
(2.43%) originates from Computer Science, focus-
ing on number systems and contributing to DS
tasks.

Finally, 5.32% of the dataset comprises man-
ually curated problems aimed at evaluating com-
monsense arithmetic reasoning, reflecting every-
day numerical scenarios encountered in real-life
contexts. By integrating such diverse sources, HI-
REASO ensures a balanced representation of for-
mal educational content, domain-specific knowl-
edge, and linguistic diversity in Hindi. This com-
position establishes it as a robust benchmark for
assessing numerical reasoning in low-resource lan-
guage settings (see Table 2). A comprehensive
analysis of dataset diversity is provided in Ap-
pendix B, and task-wise difficulty characterization
is detailed in Appendix A.

S Experiments

We evaluate the performance of Large Language
Models (LLMs) on numerical reasoning tasks in
Hindi using the HI-REASO benchmark. As il-
lustrated in Figure 1, the evaluation pipeline be-
gins with a Hindi numerical reasoning question,
which is processed using one of three prompt-
ing strategies: Hindi Native Prompting (HNaP),
Cross-Lingual Prompting (XLP; Qin et al., 2023),
or Cross-Lingual Chain-of-Thought Prompting
(XCoT; Huang et al., 2023). The prompted input
is then provided to the LLM, whose generated re-
sponse is post-processed through answer extrac-
tion and evaluated against gold answers.

5.1 Large Language Models

We evaluate Mathstral-7B  (Mistral Al Team,
2024), Llama-3.3-70B (Meta Al, 2024),
DeepSeek-R1-Distill-Llama-70B  (DeepSeek-Al,
2025), Qwen2.5-Math-72B (Yang et al., 2024b),
InternLM-Math-7B (Ying et al., 2024a), GPT-

40 (OpenAl, 2024), Gemini-2.0-Flash (Google
Cloud, 2025), GPT-5.2 (OpenAl, 2025), Gemini-
3.1-Pro (Google DeepMind, 2026), and Claude-
Opus-4.5 (Anthropic, 2025). For consistency,
we use instruction-tuned variants of all models.
Across all experiments, we fix the temperature
and top-p values to 1.0 and apply a standardized
prompt template (see Appendix G.3) to ensure
fair comparison across models and prompting
strategies.

5.2 Prompting Techniques

Prompt design plays a crucial role in LLM perfor-
mance, as models are highly sensitive to prompt
formulation (Zhao et al., 2021). Given the strong
zero-shot capabilities of modern LLMs (Wei et al.,
2021; Kojima et al., 2022), we evaluate three zero-
shot prompting strategies.

Cross-Lingual Chain-of-Thought Prompting
(XCoT). XCoT extends chain-of-thought reason-
ing (Wei et al., 2022) to multilingual settings, en-
abling LLMs to perform step-by-step reasoning
across languages (Huang et al., 2023; Shi et al.,
2022b). Following prior work, the Hindi ques-
tion is first translated into English, after which the
model generates an explicit reasoning chain before
producing the final answer in a standardized for-
mat.

Cross-Lingual Prompting (XLP). XLP enables
LLMs to solve numerical reasoning problems
across languages by translating the input while pre-
serving its underlying mathematical structure (Qin
et al., 2023). The model directly outputs the fi-
nal answer without explicit intermediate reasoning
steps.

Hindi Native Prompting (HNaP). Hindi Native
Prompting evaluates LLMs’ ability to directly per-
form numerical reasoning in Hindi. Both instruc-
tions and questions are presented in Hindi, and
models are required to generate answers in a fixed
Hindi format. This setting provides a direct as-
sessment of language-specific numerical reasoning
without cross-lingual assistance. Detailed prompt
templates are provided in Appendix G.

5.3 Evaluation Protocol

For robust evaluation, each model is tested us-
ing two independent runs, each on a randomly
sampled subset of 920 instances from HI-REASO.
The sampling ensures balanced task coverage, with
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130 instances each from CA, CQ, FiB, QNLI,
and AWP, and 270 instances from DS. Final re-
sults report the average accuracy across both runs
(see Table 3), with per-run results provided in Ap-
pendix G. Model performance is measured using
Exact-Match accuracy, following standard practice
in numerical reasoning benchmarks (Dua et al.,
2019; Qin et al., 2023).

Human Baseline. To establish a human perfor-
mance reference, we randomly sampled 300 test
instances with balanced coverage across all six
task categories. Each instance was independently
solved by three native Hindi speakers with strong
mathematical backgrounds. Human accuracy is re-
ported as the average across annotators, serving as
an upper bound and highlighting the performance
gap between LLMs and human numerical reason-
ing.

6 Results and Discussion

We evaluate LLM performance on HI-REASO to
analyze model behavior across prompting strate-
gies and task categories (see Table 3). The re-
sults reveal clear performance stratification across
models, prompting methods, and reasoning types.
To further disentangle the effects of model scale
and training procedures, we complement our main
analysis with a controlled scaling study within a
single model family; detailed experimental setup,
scaling trends, and distillation effects are presented
in Appendix F. Also, a detailed error analysis ex-
amining failure modes across task categories is
provided in Appendix D.1.

6.1 Performance Across Prompting
Strategies

Large, general-purpose models such as GPT-
40 and Gemini-2.0-Flash consistently achieve
strong performance across all prompting strate-
gies. Gemini-2.0-Flash attains average accura-
cies of 87.31, 89.63, and 83.02 under Hindi Na-
tive Prompting (HNaP), Cross-Lingual Prompt-
ing (XLP), and Cross-Lingual Chain-of-Thought
Prompting (XCoT), respectively, with GPT-40
closely matching these results. These models
demonstrate robustness to prompt variation, re-
flecting strong multilingual and numerical reason-
ing capabilities.

In contrast, smaller or distilled models ex-
hibit substantially lower performance, particularly
under HNaP. Mathstral-7B and DeepSeek-R1-

Distill-Llama-70B achieve accuracies of 17.59%
and 14.78%, respectively, under this setting.
However, both models benefit markedly from
XLP, with Mathstral-7B improving to 42.32% and
DeepSeek-R1-Distill-Llama-70B to 51.91%. This
trend suggests that cross-lingual prompts provide
linguistic and structural cues that better align with
the models’ pretraining distributions.

Despite its larger size, DeepSeek-R1-Distill-
Llama-70B underperforms Llama-3.3-70B under
Hindi prompts and, in some cases, even trails
Mathstral-7B. Qualitative inspection indicates dif-
ficulties in following Hindi instructions and gener-
ating coherent Hindi output. This behavior is con-
sistent with prior findings that distillation can trade
off multilingual generalization in favor of reason-
ing performance in high-resource languages (Pay-
oungkhamdee et al., 2024; Diddee et al., 2022).

6.2 Task-wise Performance Trends

Domain-Specific (DS) and Quantitative Natural
Language Inference (QNLI) remain the most chal-
lenging task categories across models. Earlier
models such as GPT-40 and Gemini-2.0-Flash
show relatively lower performance on DS and
QNLI compared with arithmetic-oriented tasks,
while newer frontier models improve results sub-
stantially. For example, Gemini-3.1-Pro reaches
90.20 on DS under HNaP and 79.00 on QNLI un-
der XLP, and GPT-5.2 reaches 89.20 on DS un-
der HNaP and 78.33 on QNLI under both XLP
and XCoT. However, these scores still remain be-
low the human baseline, particularly on QNLI,
where human performance is 99.45. In contrast,
models perform substantially better on Arithmetic
Word Problems (AWP), Fill-in-the-Blanks (FiB),
and Commonsense Arithmetic (CA), reflecting
stronger capabilities in standard arithmetic com-
putation and proportional reasoning. Under XLP,
Gemini-3.1-Pro achieves 99.40 on AWP, 99.00 on
CA, and 98.00 on FiB, while Gemini-2.0-Flash
also performs strongly on these categories.

6.3 Impact of Cross-Lingual Prompting

Switching from HNaP to XLP yields consistent
performance gains, particularly for lower- and mid-
tier models, highlighting the effectiveness of cross-
lingual cues in mitigating language-specific limi-
tations. However, XCol' does not uniformly im-
prove performance across models and tasks, sug-
gesting that multilingual chain-of-thought reason-
ing requires further refinement to be effective in
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Table 3: Comparison of LLM performance across prompting strategies on HI-REASO. Results report average

Exact-Match accuracy (%) over two evaluation runs for six task categories. The best results are boldfaced
and second-best results are gray underlined.
Models CA DS CQ FiB QNLI AWP Avg.
HNaP
Mathstral-7B 16.67 12.60 24.67 16.67 21.33 13.00 17.49
Llama-3.3-70B 67.67 34.00 60.33 50.33 27.67 51.33 48.56
DeepSeek-R1-Distill-Llama-70B 19.67 11.00 18.67 12.67 15.67 11.00 14.78
Qwen2.5-Math-72B 73.00 36.00 68.00 56.00 24.00 55.60 52.10
InternLM-Math-7B 60.00 27.00 55.00 41.00 18.00  46.80  41.30
GPT-40 94.00 68.40 93.00 86.67 66.33 90.33 83.13
Gemini-2.0-Flash 98.00 84.20 91.67 90.00 64.00  96.00 87.31
GPT-5.2 98.67 89.20 96.33 92.67 74.33 94.80 91.00
Gemini-3.1-Pro 99.00  90.20 97.00 9433  76.67 96.60  92.30
Claude-Opus-4.5 97.33 86.40 94.67 90.33 72.67 95.00 89.40
XLP
Mathstral-7B 45.33 27.20 54.33 41.33 45.33 40.33 42.32
Llama-3.3-70B 92.00  71.60 94.00 86.67 63.00  92.00 83.21
DeepSeek-R1-Distill-Llama-70B 75.33 37.80 45.67 59.67 36.00  57.00 51.91
Qwen2.5-Math-72B 94.00 63.00 92.00 84.00 51.00 85.20 78.20
InternLM-Math-7B 82.00 50.00 78.00 70.00 35.00  67.80 63.80
GPT-40 95.33 66.00 96.00 83.67 71.67 86.67 83.56
Gemini-2.0-Flash 97.00  78.80 96.67 96.00 67.33 99.00 89.63
GPT-5.2 98.67 84.60 98.33 97.67 78.33 96.80 92.40
Gemini-3.1-Pro 99.00 8720  99.00  98.00 79.00 99.40  93.60
Claude-Opus-4.5 97.00 83.60 97.00 95.33 74.67 99.00 91.10
XCoT
Mathstral-7B 46.00 28.20 57.67 38.00 43.67 44.00 42.93
Llama-3.3-70B 92.33 66.60 90.67 83.67 59.00 88.67 80.16
DeepSeek-R1-Distill-Llama-70B 67.67 28.00 58.00 45.00 31.67 4233 45.45
Qwen2.5-Math-72B 92.33 58.60 91.67 75.33 49.33 86.00  75.54
InternLM-Math-7B 79.67 44.20 74.33 61.33 33.67 62.33 59.26
GPT-40 96.33 61.60 95.33 75.67 69.33 83.67 80.32
Gemini-2.0-Flash 93.33 72.00 98.67 85.33 65.00 85.00 83.02
GPT-5.2 96.67 82.20 97.00 91.00  78.33 98.40 90.60
Gemini-3.1-Pro 97.33  83.20 97.67 91.33  78.67 99.00 91.20
Claude-Opus-4.5 95.00  79.60 95.33 88.00 76.67 99.40 89.00
Human Baseline (Avg., N=3)
99.61 97.74 100.00  97.72 99.45 99.89 99.40
low-resource language settings. 7 Related Work
Numerical Reasoning Benchmarks. Numeri-

6.4 Gap to Human Performance

Despite strong model performance, a clear gap re-
mains compared to human annotators, who achieve
near-perfect accuracy (99.40% average). Mod-
els struggle most on Domain-Specific (DS) and
Quantitative Natural Language Inference (QNLI)
tasks. We report the Language Robustness Index
(LRI) and Reasoning Residual Gap (RRG) in Ap-
pendix E to further analyze these limitations.

cal reasoning in natural language has been stud-
ied through a wide range of benchmarks that vary
in scale, complexity, and task formulation. Early
datasets focused on mapping text to arithmetic or
algebraic expressions, enabling models to solve
structured word problems (Kushman et al., 2014;
Hosseini et al., 2014; Koncel-Kedziorski et al.,
2015). These benchmarks established core formu-
lations for numerical reasoning but were limited in
scale and linguistic diversity.
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Subsequent work expanded both dataset size and
reasoning complexity. Larger benchmarks enabled
neural models to address compositional and multi-
step reasoning (Ling et al., 2017; Dua et al., 2019),
while datasets such as MathQA introduced diverse
problem structures and operation-based supervi-
sion (Amini et al., 2019). Other efforts exam-
ined numerical representation challenges, includ-
ing scale sensitivity in embeddings (Zhang et al.,
2020), and increased problem difficulty through
competition-level datasets such as GSM8K and
MATH (Cobbe et al., 2021; Hendrycks et al.,
2021). More recently, unified benchmarks such
as NumGLUE and LILA have provided system-
atic evaluations across multiple numerical reason-
ing tasks (Mishra et al., 2022b,a). Although these
benchmarks are comprehensive, they are largely
English-centric. Multilingual extensions, includ-
ing MGSM, demonstrate that numerical reasoning
performance varies substantially across languages,
even when models are evaluated on parallel prob-
lems (Shi et al., 2022a). However, existing multi-
lingual benchmarks offer limited diagnostic insight
into language-specific numerical reasoning behav-
ior. To ensure that HI-REASO is not a derivative or
translated version of existing benchmarks, we per-
form a comprehensive overlap analysis with prior
datasets; details of the methodology and findings
are provided in Appendix C

Models and Multilingual Numerical Reasoning.
Alongside benchmark development, significant ef-
fort has focused on improving numerical reasoning
capabilities in large language models (Ahn et al.,
2024). General-purpose LLMs such as GPT-3
and GPT-4 achieve strong language understanding
performance but exhibit consistent weaknesses on
complex numerical reasoning tasks (Brown et al.,
2020; Achiam et al., 2023). Prompting meth-
ods, particularly chain-of-thought prompting, have
been shown to improve numerical reasoning by
eliciting intermediate steps (Wei et al., 2022). Nev-
ertheless, these gains are limited and degrade in
multilingual settings, where reasoning accuracy
varies across languages (Shi et al., 2022a; Qin
et al., 2023; Huang et al., 2023). Recent work has
introduced math-specialized LLMs aimed at im-
proving numerical reasoning accuracy, including
Llemma, WizardMath, DeepSeekMath, Qwen2.5-
Math, and InternLM-Math (Azerbayev et al., 2023;
Luo et al., 2023; Shao et al., 2024; Yang et al.,
2024a; Ying et al., 2024b). While these models

perform well on English benchmarks, their behav-
ior under non-English and low-resource language
conditions remains insufficiently studied.

Indic and Hindi Evaluation. Despite Hindi be-
ing one of the most widely spoken languages glob-
ally, evaluation resources for numerical reason-
ing in Hindi are limited. Existing Indic bench-
marks such as IndicGLUE and IndicXNLI sup-
port general natural language understanding evalu-
ation across Indic languages (Sankalp et al., 2025;
Aggarwal et al., 2022; Khanuja et al., 2020), but
they do not explicitly evaluate numerical reason-
ing. Consequently, the extent to which LLMs can
perform numerical reasoning under Hindi-native
conditions remains unclear.

HI-REASO addresses this gap by introducing
a benchmark focused specifically on numerical
reasoning in Hindi. By evaluating models un-
der Hindi-native and cross-lingual prompting set-
tings, our benchmark enables a controlled analysis
of language-dependent numerical reasoning fail-
ures and complements existing English-centric and
multilingual evaluations.

8 Conclusion

We introduced HI-REASO, a benchmark com-
prising six diverse task categories designed to
evaluate the numerical reasoning capabilities of
Large Language Models (LLMs) in Hindi, a low-
resource language with limited computational lin-
guistic support. Through extensive evaluation, we
observed a substantial gap between state-of-the-
art LLMs and human performance across multiple
numerical reasoning tasks, particularly in domain-
specific reasoning and quantitative inference. By
providing a structured and challenging evaluation
framework, HI-REASO contributes toward ad-
vancing equitable numerical reasoning research for
underrepresented languages.

Limitations. Despite its contributions, HI-
REASO has several limitations. First, while the
dataset covers a range of task types, its scale can be
expanded to include a broader variety of problem
formulations and real-world contexts. Second,
the current focus on Hindi limits cross-lingual
analysis; extending the benchmark to additional
low-resource languages would enable more
comprehensive multilingual evaluation. Third, a
deeper comparison with existing numerical rea-
soning benchmarks and a larger human evaluation
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set would provide stronger contextualization of
model performance. Finally, our experiments
focus on zero-shot prompting strategies; future
work could explore few-shot settings, more op-
timized chain-of-thought prompting, and newer
reasoning-oriented LLMs to further enhance
evaluation depth.

Ethical Considerations. The HI-REASO
dataset was curated by native Hindi-speaking
researchers and trained student annotators aged
22-26, each with prior research experience.
Detailed annotation guidelines were provided to
ensure consistency, covering numerical reasoning
principles, data sources, task formatting, and ver-
ification procedures. All annotations underwent
cross-checking and manual validation, and anno-
tators were compensated fairly in accordance with
institutional standards. The dataset contains no
personal or sensitive information and is intended
solely for research purposes.
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A Difficulty Characterization

To better characterize the reasoning demands of
HI-REASO, we annotated each instance with a
three-level difficulty label: Easy, Medium, or
Hard. Difficulty was assigned using a rule-based
rubric that considers the number of reasoning
steps, presence of implicit quantities, need for for-
mula selection, unit conversion, domain-specific
knowledge, and whether the answer requires map-
ping a computed value to a logical relation. An in-
stance is labeled Easy if it requires a single arith-
metic operation, direct numerical comparison, or
retrieval of a common numerical fact. Medium
problems require two-step arithmetic, proportional
reasoning, basic unit conversion, or use of an
explicitly indicated formula. Hard problems re-
quire multi-step reasoning, implicit quantity ex-
traction, formula selection without direct cueing,
domain-specific constants, or numerical inference
over premise-hypothesis pairs.

This distribution Figure 2 shows that HI-
REASO is not dominated by trivial arithmetic.
While approximately one-third of the dataset con-
sists of single-step or direct reasoning problems,

Medium Hard Easy

50 5.0

40 440 489 44.0

Accuracy (%)

CA DS Q FiB QNLT AWP

Figure 2: Difficulty distribution of HI-REASO.

nearly two-thirds require medium or hard reason-
ing. Domain-Specific and QNLI tasks are inten-
tionally skewed toward harder examples, reflect-
ing their reliance on formula selection, unit con-
version, and logical inference

B Diversity Analysis

We also categorize each problem by its primary
reasoning phenomenon. Unlike task labels, which
describe the output format, this analysis captures
the underlying numerical reasoning skill required
to solve the problem.

Num. NLI
207

CS Num. "
Arith,
276 728

Unit Conv.
384

3,010

Instances

Rates/Pct.
524

Compare
420
aaaaaaa

Figure 3: Primary reasoning-skill distribution.

The analysis in Figure 3 shows that HI-IREASO
covers a broad set of numerical reasoning phenom-
ena rather than only arithmetic word problems. In
particular, 28.4% of the dataset involves either unit
conversion, measurement, or formula-based rea-
soning, while 20.9% involves comparison, order-
ing, or numerical entailment. These categories
are underrepresented in many existing math word-
problem benchmarks.

We further analyze linguistic and contextual di-
versity. HI-REASO includes problems expressed
using school-style Hindi, everyday conversational
contexts, formal STEM terminology, rupee-based
commerce, measurement units, time and calen-
dar quantities, and culturally grounded Hindi com-
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Figure 4: Context-domain distribution.

monsense facts such as Devanagari vowels, Indian
currency, and classroom objects described in Fig-
ure 4.

C Opverlap with Existing Benchmarks

Exact dups. Sem. = 0.85 Sem. = 0.90 Near-dups.

w
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Figure 5: Overlap between HI-REASO and existing
benchmarks.

To determine whether HI-REASO duplicates
existing math benchmarks, we conduct both lexi-
cal and semantic overlap analysis against GSM8K,
MGSM, MATH, MMLU-STEM, NumGLUE, and
LILA. All problems are normalized by lowercas-
ing, removing punctuation, normalizing numer-
als, removing unit markers where appropriate, and
translating Hindi problems into English for seman-
tic comparison. We then compute exact-match
overlap and sentence-embedding similarity using
multilingual SBERT. Candidate overlaps are man-
ually inspected when cosine similarity exceeds
0.85. The maximum semantic overlap is 4.2%,
and exact duplication is effectively absent. Manual
inspection shows that most high-similarity cases
share only a broad mathematical template, such
as unit price calculation or percentage profit, but
differ in language, cultural setting, quantities, and
task formulation. Cases that were judged to be

genuine near-duplicates were removed or rewrit-
ten. These findings, summarized in Figure 5, sub-
stantiate the claim that HI-REASO is not merely a
Hindi translation of existing English benchmarks.
Its novelty comes from three sources: Hindi-native
problem formulation, culturally grounded numer-
ical contexts, and the inclusion of task types such
as QNLI, CQ, and FiB that are not jointly covered
by prior math reasoning datasets.

C.1 Difficulty Validates Model Behavior

We also analyze whether the proposed difficulty
labels correlate with model performance. As re-
ported in Figure 6, accuracy decreases monotoni-
cally from Easy to Hard across all model groups,
while humans remain near ceiling throughout.

Gemini-3.1-Pro, XLP Llama-3.3-708B, XLP

InternLM-Math-7B, XLP Human baseline
100 978 99.9 99.5 98.6

80.4
80 78.6

60 58.4

Accuracy (%)

20

Easy Medium Hard

Figure 6: Accuracy trends of models and humans across
increasing task difficulty.

This analysis demonstrates that the proposed
difficulty labels are meaningful: accuracy de-
creases monotonically from Easy to Hard for all
model groups, while humans remain near ceiling.

D Error Analysis

D.1 Quantitative Error Analysis

To better understand the limitations of different
prompting strategies and model behaviors, we con-
duct a detailed error analysis, summarized in Ta-
ble 4 & Table 5. We categorize errors into two
types: wrong format (wf%), which captures out-
puts that deviate from the expected answer for-
mat, and wrong calculation (wc%), which captures
arithmetic or logical errors among correctly for-
matted outputs. While wf% reflects failures in in-
struction adherence, wc% isolates reasoning errors
independent of formatting issues.
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Table 4: Breakdown of error rates (Run 1) across HNaP, XLP, and XCoT prompting strategies. wf% denotes wrong-
format errors and we% denotes wrong-calculation errors; lower values indicate better performance. Avg. represents

the mean error across all tasks. The best results are boldfaced and second-best results are gray underlined
Models Error Type CA DS CQ FiB QNLI AWP Avg.
HNaP
Mathstral-7B wf% 46.00 56.40 65.33 5333 52.00 56.67 54.96
wc% 71.82 7773 30.54 73.64 56.67 80.00 65.07
Llama-3.3-70B wf% 22.67 5840 30.67 40.00 63.33 42.00 42.84

wc% 8.81 19.11 6.85 1267 1250 1.11 10.17
DeepSeek-R1-Distill-Llama-70B wi% 75773 8031 7327 7991 78.63 80.71 78.09

wc% 6.12 2333 1222 15.00 4385 3.45 1733
Qwen2.5-Math-72B wf% 1020 2840 16.00 20.00 22.10 13.10 18.30
wc% 6.10 2270 7.40 1390 2820 4.00 13.72
InternLM-Math-7B wf% 2450 39.20 28.10 3570 38.40 24.90 31.80
wc% 19.00 4520 2430 43.10 5640 50.20 39.70
GPT-40 wi% 285 040 566 4.11 3.02 644 375
wc% 3,70 23.04 438 11.83 3122 268 12.81
Gemini-2.0-Flash wi% 223 150 000 113 0.00 0.00 0.81
wc% 2,67 1245 533 1095 3533 133 1134
GPT-5.2 wf% 1.85 030 140 220 1.80 1.60 1.53
wc% 1.80 1090 3.20 890 2540 120 8.57
Gemini-3.1-Pro wi% 140 020 1.10 170 120 120 1.13
wc% 1.50 9.70 2.80 820 2390 090 7.83
Claude-Opus-4.5 wf% 205 060 190 260 210 2.00 1.88
wc% 2.10 11.60 3.60 9.40 26.10 1.10 8.98
XLP
Mathstral-7B wi% 22.00 2480 16.67 20.00 7.33 24.67 19.25
wc% 4588 61.17 31.82 4238 45.65 40.00 44.48
Llama-3.3-70B wi% 492 308 655 249 133 577 4.02
wc% 565 2097 310 944 2985 507 1235
DeepSeek-R1-Distill-Llama-70B wf% 14.67 46.00 42.00 28.67 46.67 24.00 33.67
wc% 504 2727 10.83 12.83 2538 9.19 15.09
Qwen2.5-Math-72B wf% 6.10 820 530 6.80 1040 4.10 6.82
wc% 380 2240 490 10.70 28.60 5.80 12.70
InternLM-Math-7B wf% 1240 1890 13.00 17.60 18.50 8.40 14.80
wc% 10.30 31.80 12.50 25.40 45.80 2540 25.20
GPT-40 wi% 633 120 294 427 369 511 392
wc% 1.03 2739 4.09 13.08 2649 620 13.05
Gemini-2.0-Flash wf% 322 648 261 495 538 273 423
wc% 506 2198 133 4.09 3324 0.74 11.07
GPT-5.2 wi% 205 090 1.80 230 270 1.80 193
wc% 090 17.80 240 620 2390 130 8.75
Gemini-3.1-Pro wf% 1.70 0.70 140 2.00 210 150 1.57
wc% 070 1690 200 550 22,70 1.00 8.13
Claude-Opus-4.5 wf% 240 1.10 210 260 290 2.00 2.18
wc% 1.10 1840 280 680 2480 1.50 9.23
XCoT
Mathstral-7B wi% 18.67 27.60 9.33 28.67 7.33 20.00 18.60
wc% 38.60 57.95 3132 4326 4484 3476 41.79
Llama-3.3-70B wf% 258 617 0.67 341 1400 4.88 528
wc% 319 2509 1.19 1286 27.72 418 1237
DeepSeek-R1-Distill-Llama-70B wf% 22.00 61.20 42.00 44.00 5533 46.67 45.20
wc% 078 2472 389 1029 20.77 11.54 12.00
Qwen2.5-Math-72B wf% 6.10 940 520 7.80 1030 440 7.20
wc% 3.60 2490 420 11.80 27.70 4.60 12.80
InternLM-Math-7B wf% 13.20 2040 1250 17.60 19.00 8.50 15.20
wc% 10.10 3250 11.40 23.80 45.10 29.50 25.40
GPT-40 wf% 592 1280 236 6.67 674 0.67 5.86
wc% 042 23.68 3.01 10.00 2786 6.42 11.90
Gemini-2.0-Flash wi% 3.07 360 462 267 133 667 3.66
wc% 629 1778 0.74 0.69 2759 2.00 9.18
GPT-5.2 wi% 240 2.80 1.70 210 2.40 1.30  2.12
wc% 040 1620 1.10 6.00 2240 120 7.88
Gemini-3.1-Pro wf% 200 230 140 1.8 2.00 1.10 177
wc% 030 1530 090 540 21.60 0.90 7.40
Claude-Opus-4.5 wf% 270 310 200 250 2.80 1.60 2.45
wc% 050 1690 130 6.50 2320 140 8.30
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Formally, we define the following quantities:

WP =T — EM (D
WF
CF=T - WF 3)
WP — WF
= " %1 4
WC% CF x 100 4)

where T' denotes the total number of samples,
EM denotes exact matches, WP denotes wrong
predictions, WF denotes wrong-format outputs,
CF denotes correctly formatted outputs, WF% de-
notes the percentage of formatting errors, and
WC% denotes the percentage of reasoning errors
among correctly formatted predictions.

To ensure robustness, we perform two indepen-
dent evaluation runs for each experimental setting.
Error statistics for each model and prompting strat-
egy are reported in Table 4 & Table 5.

D.2 Qualitative Error Analysis

To complement the quantitative results, we pro-
vide a qualitative, operation-level error analysis
grounded in HI-REASO task definitions and sum-
marized in Table 6 and Figure 7. We observe that
model failures consistently decompose into rea-
soning errors (wc%) and instruction-following er-
rors (wf%), with their relative contribution vary-
ing by task. In simpler tasks such as common-
sense arithmetic (CA) and comparison (CQ), rea-
soning is often correct, but performance is dispro-
portionately affected by format non-adherence un-
der Hindi Native Prompting (e.g., omission of the
required answer template or option identifier), in-
dicating wf% as the dominant bottleneck. In con-
trast, tasks involving formula application and unit
conversion (DS) exhibit primarily we-type failures,
including incorrect formula selection, misuse of
constants (e.g., ), rounding inaccuracies, and unit
inconsistencies—consistent with their higher er-
ror rates and status as the most challenging cate-
gory. More complex settings such as QNLI and
arithmetic word problems (AWP) reveal dual fail-
ure modes, where numerical reasoning errors (e.g.,
division, ratio setup, or incorrect percentage base)
interact with difficulties in mapping computed val-
ues to logical relations or required output units.
The operation-level breakdown in Figure 7 further
shows that multi-step chaining (47.9%) and unit
conversion (42.5%) are particularly error-prone
due to error propagation and ambiguity in Hindi

quantifiers, while proportional reasoning (39.1%)
and formula-based tasks (33.7%) suffer from struc-
tural setup errors and inconsistent constant us-
age. Opverall, this analysis demonstrates that per-
formance limitations arise not only from arithmetic
weaknesses but from the interaction between com-
positional reasoning complexity and strict output
constraints, with wf% dominating in structurally
simple tasks and wc% driving errors in conceptu-
ally demanding ones.

Arit:{u;etic

Multi-step
401

1,754

Instances

Unit Conv.
287 Formula App.
298

Prop. Reason.
356

Figure 7: Error analysis of GPT-40 across mathematical
tasks using HNaP.

E Language and Reasoning Bottleneck
Indices

A central objective of HI-REASO is to distin-
guish between failures arising from language re-
alization and those arising from limitations in nu-
merical reasoning. The evaluation protocol incor-
porates multiple prompting conditions designed to
isolate these effects. In this section, we formal-
ize two aggregate diagnostic indices that quantify
language robustness and residual reasoning limita-
tions across models.

Across models, non-zero RRG values indi-
cate that reasoning limitations persist even after

RRG LRI
Mathstral-7B B | 57.08
DeepSeek-R1-Distill-70B a0 | 4749
Llama-3.3-70B aes ‘ 1619

GPT-40
Gemini-2.0-Flash
Qwer
InternLM-Math-7B

Math-72B

1584
0.43]

2320
-41.9 |

-40.7

PT5.2 073
GPT-52 -7.67
Gemini-3.1-Pro P 04
) 24
le-Opus-4.5

Claude-Opus-4. 26

|
|
|
|
60 -40 20 0 20 40 60

Figure 8: Diagnostic analysis of reasoning and language
sensitivity across models using RRG (bigger; closer to
zero value is better) and LRI (smaller value is better).
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Table 5: Error analysis breakdown by prompting strategy (Run 2). We report wrong-format (wf%) and wrong-
calculation (wc%) error rates; lower values indicate better format compliance and reasoning accuracy. Avg. denotes

the mean error across all tasks. The best results are boldfaced and second-best results are gray underlined
Models Error Type CA DS CQ FiB QNLI AWP Avg.
HNaP
Mathstral-7B wi% 3233 41.80 5433 37.00 4033 49.00 4247
wc%o 70.04 73.86 26.00 6433 56.41 72.67 60.55
Llama-3.3-70B wi% 11.00 4820 19.67 29.67 59.67 3833 34.42
wc% 3.92 2.95 2.08 283 1225 267 4.45
DeepSeek-R1-Distill-Llama-70B wi% 69.67 79.80 7033 77.67 71.67 8033 7491
wc%o 0.00 0.00 17.00 0.00 16.09 78.63 18.62
Qwen2.5-Math-72B wi% 980 2670 15.10 1820 20.60 1230 17.12
wc% 560 1820  6.40 950 2590 420 11.63
InternLM-Math-7B wi% 22.10 36.80 2630 33.10 3690 2370 29.82
wc%o 1820 43.10 23.60 41.00 5490 50.10 38.48
GPT-40 wi% 2.26 3.27 2.09 2.66 3.52 2.08 2.65
wc% 260 1675 395 3.63 26.33 2.66 9.32
Gemini-2.0-Flash wi% 3.77 0.81 0.00 1.76 0.00 291 1.54
wc% 2.47 7.72 2.33 4.87 2767 3.01 8.01
GPT-5.2 wi% 170 0.60 090 1.10 1.40 120 115
we 120 240 190 180 1460 210 4.00
Gemini-3.1-Pro wi% 1.30 040 0.70  0.90 1.10 0.90 0.88
wc% 0.90  2.20 1.70 150 1340 140 3.52
Claude-Opus-4.5 wi% 2.10 0.90 1.30 1.50 1.60 1.50 1.48
wc% 1.50 3.10 2.10 2.30 15.50 2.40 4.48
XLP
Mathstral-7B wi% 17.67 13.80 633 1233 3.00 18.33 1191
wc% 16.79 57.79 1939 3828 3741 3632 3433
Llama-3.3-70B wi% 2.28 2.29 4.54 3.81 4.42 4.19 3.59
wc% 3.61 13.44 492 1.83 24.57 3.14 8.59
DeepSeek-R1-Distill-Llama-70B wi% 3.71 8.41 0.00 8.33 0.00 734  4.64
wc% 3.66 1433 449 386 2386  4.59 9.13
Qwen2.5-Math-72B wi% 5.80 7.90 4.80 6.20 9.80 3.90 6.40
wc% 340 16.80 4.20 890 2530 4.80 10.57
InternLM-Math-7B wf% 11.80 1790 1220 16.50 18.10 820 14.12
wc% 9.80 3020 11.90 2390 43.60 2430 23.95
GPT-40 wi% 3.73 4.11 2.14 2.68 2.87 2.24 2.96
wc% 270 1691 230 283 2033 057 7.61
Gemini-2.0-Flash wi% 391 3.09 3.11 2.63 2.80 4.81 3.39
wc% 3.94 9.46 3.83 2.51 2194  4.19 7.65
GPT-5.2 wf% 1.90 1.80 1.70 1.90 2.00 170 1.83
wc% 210 820 220 170 19.80 1.10  5.85
Gemini-3.1-Pro wi% 1.50 140 130 1.60 1.70 1.30 1.47
wc% 1.80 7.60 1.90 140 1890 090 542
Claude-Opus-4.5 wi% 2.20 2.10 2.00 2.20 2.30 2.00 2.13
wc% 2.40 8.80 2.60 2.10  20.40 1.30 6.27
XCoT
Mathstral-7B wi% 11.67 1420 7.00 13.67 2.49 17.00 11.01
wc% 30.04 5645 16.14 4041 45.00 3517 37.20
Llama-3.3-70B wi% 314 497 3.92 3.67 2.33 4.05 3.68
wc% 453 2073 433 0.29 16.59  2.69 8.19
DeepSeek-R1-Distill-Llama-70B wi% 1433 5620 15.67 39.67 4633 47.00 36.53
wc% 2.10  11.65 295 035 2523 280 7.51
Qwen2.5-Math-72B wi% 5.60 8.70 5.10 7.10 9.70 4.20 6.73
wc% 370  18.60  4.00 8.20 2560 420 10.72
InternLM-Math-7B wi% 1270  19.60 1190 1690 18.50 830  14.65
wc% 9.60 29.80 11.20 2270 4290 2850 24.12
GPT-40 wi% 2.63 260  4.83 0.33 4.63 2.94 2.99
wc%o 397 1467 3.19 0.83 16.00  4.74 7.23
Gemini-2.0-Flash wi% 3.38 2.79 2.74 0.33 3.68 2.79 2.62
wc% 3.75 6.24  4.69 320 2284 266 7.23
GPT-5.2 wi% 210 220 200 027 210 190 176
wc% 200 610 280 027 1540 220  4.80
Gemini-3.1-Pro wi% 1.70 1.90 1.60  0.25 1.80 1.60 1.48
wc% 1.80 570 250 025 1480 2.00 451
Claude-Opus-4.5 wi% 2.40 2.50 2.30 0.31 2.60 2.20 2.05
wc% 2.30 6.50 3.00 0.55 16.10  2.50 5.16

language complexity is reduced. This observa-  underlying numerical reasoning challenges.
tion supports the interpretation that performance
deficits arise from both language sensitivity and
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Table 6: Qualitative failure analysis by task category, grounded in HI-REASO task definitions and released exam-
ples. wc% denotes reasoning errors among correctly formatted outputs; wf% denotes instruction non-adherence.

Task Example (Hindi — An- wc% Failure Modes wf% Failure Modes Key Insight
swer)
CA Ud a8 § 7 ... 3 WHTE  Incorrect multiplication (3 x Correct numeral produced Arithmetic is straight-
T 7); misreading unit relation- but missing required 3TX: forward; format non-
— Ans: 21 ship (days vs. weeks) [§%a1|  wrapper under adherence is the pri-
HNaP mary bottleneck for
weaker models
DS 12 ST ot S H... Wrong formula (degrees Less common for strong Hardest task across
— Ans: 687.55° conversion or 7r2); impre- models; more frequent for all models including
cise constant (7); rounding smaller models under HNaP GPT-40 and Gemini;
o 5 Hiex... &aher? errors; incorrect unit con- due to domain-specific compounding  rea-
— Ans: 78.54m? versions output constraints soning errors explain
persistently high wc%
even when wf% is low
CQ 12345 941 54321 d BIET Reversed comparison direc- Outputs BIT instead of Comparison logic is
ERIESY tion; place-value confusion required option-ID format often sound; errors
(1) BIc (2) <t with large numbers I: (1), masking an are disproportionately
— Ans: (1) otherwise correct judgment  driven by format non-
compliance under
HNaP
FiB 4 9 & $HWd 80 9 &1 Incorrect proportional Providing a full sentence or FiB tasks are self-
10 951 &Y i Leep] scaling; arithmetic errors expression as the answer in- contained yet models
i T in cross-multiplication; stead of the required bare struggle with multi-
—5 Ans: (200) misidentifying the unknown numeral; including units or step proportional
quantity currency symbols (e.g., ”200 reasoning. Format
6@”) when on]y a number C€ITOrS are a secondary
is expected; omitting the re- bottleneck as models
quired STR; [T¥eAT| wrapper Over-explain  rather
under HNaP. than produce minimal
numerical fill.
QNLI Premise: 100 ¥9 ¥ 5 Division error (100 + 5); Outputs raw relation label No model exceeds
confusing entailment vs. without required SR 71.67% accuracy;
Hyp.: UAD U 20 BW...  neutral when quantities are [QTGIH] format under HNaP  requires precise map-
— Label: Entailment consistent but not defini- ping of arithmetic
tionally equivalent correctness onto log-
ical relation—a dual
failure point for all
models
AWP 15 ﬁ*f 75 ¥ WIS, Reports  absolute  profit Percentage symbol omitted Models excelling
90 H ... UfAerd @m? (Rs. 15) instead of percent- or answer given in wrong on FiB often fail
— Ans: 20% age; divides by wrong base unit (e.g., 15 B9 instead of here, revealing a

(selling price instead of cost
price)

20%)

gap between basic
arithmetic and gen-
uine  word-problem
comprehension

Language Sensitivity Under Hindi Prompting.
Hindi Native Prompting (HNaP) requires mod-
els to interpret instructions and produce outputs
directly in Hindi while adhering to a fixed an-
swer format. In contrast, Cross-Lingual Prompt-
ing (XLP) translates the task instructions into En-
glish while preserving the underlying numerical
structure. Because the numerical content remains
unchanged across these settings, performance dif-
ferences between HNaP and XLP primarily reflect
language realization and instruction-following dif-
ficulty rather than changes in task complexity.

Appendix D.1 provides instance-level evidence
supporting this distinction.  Specifically, the
wf% (wrong-format) metric captures failures in
output format compliance, while wc% (wrong-
calculation) measures numerical errors among cor-
rectly formatted outputs. Together, these met-
rics establish an operational separation between
language-related failures and computation-related
failures.

Language Robustness Index (LRI). To quan-
tify language sensitivity at the model level, we de-
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Table 7: Detailed accuracy (%) scores for two independent evaluation runs across prompting strategies (HNaP, XLP,
XCoT) and task categories (CA, DS, CQ, FiB, QNLI, AWP). The best results are boldfaced and second-best
results are gray underlined

Models CA DS CcQ FiB QNLI AWP Avg.
Run 1
HNaP
Mathstral-7B 8.72 262 1598 6.54 13.81 3.63 8.88
Llama-3.3-70B 59.57 2442 53777 4215 2253  46.50 41.49
DeepSeek-R1-Distill-Llama-70B 8.72 087 10.17  2.18 4.36 2,18 475
Qwen2.5-Math-72B 6490 2642 6144 4782 18.86 50.77 45.04
InternLM-Math-7B 5190 17.42 4844 3282 12.86 4197 3423
GPT-40 91.56 6540 90.83 80.66 63.22 90.11 80.30
Gemini-2.0-Flash 9592 8284 9229 85.02 59.58 96.63 85.38
GPT-5.2 96.59 87.84 9695 87.69 6991 9543 89.07
Gemini-3.1-Pro 96.92 88.84 97.62 8935 7425 97.23 90.70
Claude-Opus-4.5 9525 85.04 9529 8535 6825 9563 8747
XLP
Mathstral-7B 3270 2049 46.50 36.33 3997 3560 35.27
Llama-3.3-70B 90.11 68.02 91.56 8429 58.13 90.11 80.37
DeepSeek-R1-Distill-Llama-70B 69.76  30.08 4142 51.60 30.52 58.13 46.92
Qwen2.5-Math-72B 92.11 5942 89.56 81.62 46.13 8331 75.36
InternLM-Math-7B 80.11 4642 7556 67.62 30.13 6591 60.96
GPT-40 9447 60.60 9341 7993 6831 86.50 80.54
Gemini-2.0-Flash 98.10 7325 96.65 93.01 61.77 96.65 86.24
GPT-5.2 99.77  79.05 9831 94.68 72.77 9445 89.84
Gemini-3.1-Pro 100.00 81.65 98.98 95.01 7344 97.05 91.02
Claude-Opus-4.5 98.10  78.05 9698 9234 69.11 96.65 88.54
XCoT
Mathstral-7B 39.97 21.80 51.58 31.25 40.69 42.15 3791
Llama-3.3-70B 90.83 6453 8647 7848 51.58 87.93 76.64
DeepSeek-R1-Distill-Llama-70B 66.13 2049 45.05 3997 26.16 37.06 39.81
Qwen2.5-Math-72B 90.83 56.53 8747 70.14 4191 8526 72.02
InternLM-Math-7B 78.17  42.13 70.13 56.14 2625 61.59 5574
GPT-40 93.74 5581 9229 7267 6322 8139 7652
Gemini-2.0-Flash 9229 68.02 96.65 8502 60.30 79.93 80.37
GPT-5.2 95.63 7822 9498 90.69 73.63 9333 87.75
Gemini-3.1-Pro 96.29 79.22 95.65 91.02 7397 9393 88.35
Claude-Opus-4.5 9396 7562 9331 87.69 7197 9433 86.15
Run 2
HNaP
Mathstral-7B 5.81 3.05 1598 7.99 1090 2091 777
Llama-3.3-70B 66.13 2790 5595 4578 1598 43.60 42.56
DeepSeek-R1-Distill-Llama-70B 12.35 1.31 8.72 3.63 7.99 0.00 5.67
Qwen2.5-Math-72B 7146 2990 63.62 5145 1231 47.87 46.10
InternLM-Math-7B 58.46 2090 50.62 3645 631 39.07 3530
GPT-40 91.56 6191 90.11 8647 59.58 85.02 79.77
Gemini-2.0-Flash 9592 7892 8574 89.383 58.13 90.83 83.15
GPT-5.2 96.59 8392 9040 92.05 6846 89.63 86.84
Gemini-3.1-Pro 96.92 8492 91.07 9371 72.80 9143 88.48
Claude-Opus-4.5 9525 81.12 88.74 89.71 66.80 89.83 85.24
XLP
Mathstral-7B 4433  17.00 50.14 3197 37.06 30.52 3584
Llama-3.3-70B 88.65 6627 91.56 8284 57.41 88.65 79.56
DeepSeek-R1-Distill-Llama-70B 72.67 30.52 3633 56.68 26.16 4433 4445
Qwen2.5-Math-72B 90.65 57.67 89.56 80.17 4541 81.85 74.22
InternLM-Math-7B 78.65 4467 7556 66.17 2941 6445 59.82
GPT-40 9341 6148 9447 80.66 66.13 80.66 79.47
Gemini-2.0-Flash 9737 76774 9229 9447 6394 97.37 87.03
GPT-5.2 99.04 82.54 9395 96.14 7494 95.17 90.30
Gemini-3.1-Pro 99.37 8514 94.62 9647 75.61 97.77 91.50
Claude-Opus-4.5 9737 81.54 9262 93.80 7128 97.37 89.00
XCoT
Mathstral-7B 38.50 17.88 5232 29.80 32.70 3197 33.86
Llama-3.3-70B 88.65 5886 89.38 82.11 5524 8357 76.97
DeepSeek-R1-Distill-Llama-70B 59.58 18.75 59.58 36.33 21.07 3343 3879
Qwen2.5-Math-72B 88.65 50.86 90.38 73.77 4557 8090 71.69
InternLM-Math-7B 7599 3646 73.04 59.77 2991 5723 5540
GPT-40 93.74 56.68 9229 72.67 6322 79.18 76.30
Gemini-2.0-Flash 89.38 67.14 96.65 79.18 59.58 83.57 79.25
GPT-5.2 9272 7734 9498 8485 7291 9697 86.63
Gemini-3.1-Pro 9338 7834 95.65 85.18 7325 97.57 87.23
Claude-Opus-4.5 91.05 7474 9331 81.85 71.25 9797 85.03

fine the Language Robustness Index (LRI) as the  difference between performance under Hindi Na-
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tive Prompting and Cross-Lingual Prompting:

LRI = Accuracyyn,p — Accuracyy;p  (5)

Because both prompting conditions preserve
identical numerical content, this index isolates the
performance degradation associated with Hindi
surface realization and instruction-following re-
quirements.

As visualized in Figure 8, large negative LRI
values indicate substantial performance degrada-
tion under Hindi-native prompting, suggesting that
language realization and format adherence remain
limiting factors. Conversely, values near zero in-
dicate stable performance across prompting condi-
tions, reflecting strong multilingual robustness.

Reasoning Residual Gap (RRG). To quantify
residual reasoning limitations after controlling for
language effects, we define the Reasoning Resid-
ual Gap (RRG) as the difference between human
accuracy and model accuracy under Cross-Lingual
Prompting:

RRG = Human Accuracy — Accuracyy;p (6)

Because XLP reduces language-related difficulty
while preserving the numerical task structure, this
metric reflects the remaining reasoning gap rela-
tive to human performance, as illustrated in Fig-
ure 8.

F Controlled Scaling & Distillation
Analysis

We conduct a supplementary controlled-scaling
study within a single model family. This analysis
isolates the effects of parameter count from con-
founding factors such as architecture differences,
training data composition, and distillation proce-
dures.

Experimental Setup We evaluate the Qwen2.5
family—a multilingual lineage with consistent ar-
chitecture and training protocols—across four con-
tiguous scales: 7B, 14B, 32B, and 72B param-
eters. For distillation analysis, we include dis-
tilled variants at the 7B and 70B scales (Qwen2.5-
Math-Distill), trained via standard knowledge dis-
tillation from the respective base models on
English-dominant mathematical corpora.  All
models are evaluated zero-shot on HI-REASO un-
der Hindi Native Prompting (HNaP) and Cross-
Lingual Prompting (XLP), with temperature fixed
at 1.0 and identical prompt templates.

Scaling Law Analysis As shown in Figure 9, fit-
ting a log-linear model Accuracy = a.log(Params)
+ [ to the HNaP results yields R2~0.96, confirm-
ing that Hindi numerical reasoning follows pre-
dictable scaling dynamics within a controlled fam-
ily. However, diminishing returns emerge be-
yond 30B parameters: the gain from 32B—72B
(+13.2% HNaP) is markedly smaller than from
7B—32B (+23.3%). This empirically supports our
claim that size alone is not the primary bottleneck
for low-resource numerical reasoning.

LD e
80

60 - S

Accuracy (%)

40 o~

—
——— HNaP Log-Linear Fit (R?=0.96) Qwen2.5 Distil (HNaP)
® Qwen2.5 Base (HNaP) X  Qwen2.5 Distil (XLP)
® Qwen2.5Base (XLP) e Human Baseline

-9.1% penalty
20 X

T T T T
7B 14B 32B 72B
Model Parameters (Billions)

Figure 9: This figure presents a controlled scaling anal-
ysis within the Qwen2.5 family. The log-linear fit (R2
~ 0.96) confirms predictable scaling for Hindi numeri-
cal reasoning, while the pronounced distillation penalty
(red/orange x markers) isolates knowledge compression
as a distinct failure mode.

Distillation Penalty The distillation effect is
both substantial and scale-dependent. At 7B, dis-
tillation reduces HNaP accuracy by 9.1 percentage
points; at 70B/72B, this penalty more than dou-
bles to 23.7 points. This pattern aligns with our
main-paper observation that DeepSeek-R1-Distill-
Llama-70B (14.8% HNaP) substantially underper-
forms Llama-3.3-70B (48.6% HNaP), but now iso-
lates the effect from architectural or training-data
confounders.

Connection to Error Analysis As shown in
Appendix D.1 (Tables 4-5), distilled models ex-
hibit sharply elevated wrong-format error rates
(wWf%) under HNaP—e.g., DeepSeek-R1-Distill-
Llama-70B reaches wf% = 78.1% on HNaP ver-
sus 33.7% under XLP. This suggests that distil-
lation, typically optimized on English reasoning
trajectories, prunes token distributions critical for
Hindi instruction-following and numeral syntax.
The scaling results thus mechanistically explain
why distilled models fail: compression sacrifices
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low-resource language alignment in favor of high-
resource reasoning patterns.

G Experimental Details

G.1 Hindi Native Prompting (HNaP).

As shown in Table 4 & Table 5, several models
— most notably DeepSeek-R1-Distill-Llama-70B—
exhibit extremely high wf%, indicating poor adher-
ence to output constraints under native-language
prompting. In such cases, wc% remains artificially
low because few predictions qualify for reasoning
evaluation. In contrast, GPT-40 and Gemini-2.0-
Flash maintain strong format compliance but still
incur substantial wc% on tasks such as QNLI, re-
vealing reasoning failures despite correct format-
ting.

G.2 Cross-Lingual Prompting (XLP).

As reported in Table 4 & Table 5, XLP substan-
tially improves format adherence across all mod-
els. For example, Mathstral-7B reduces wf% from
HNaP to XLP on DS tasks, while Llama-3.3-70B
consistently maintains wf% below 10%. However,
wcY% remains high for several models, indicating
that improved formatting alone does not resolve
deeper reasoning limitations.

G.3 Cross-Lingual Chain-of-Thought
Prompting (XCoT)

Table 4 & Table 5 shows that XCoTl generally re-
duces wc% by encouraging step-by-step reasoning,
particularly for stronger models such as Gemini-
2.0-Flash. However, verbose rationales often in-
crease wf% for models with weaker instruction-
following abilities, such as DeepSeek-R1-Distill-
Llama-70B, and occasionally for GPT-40. Llama-
3.3-70B achieves a favorable balance, with low
wi{% and moderate wc%.

Together, Table 5 shows that formatting compli-
ance and reasoning accuracy are not tightly cou-
pled. High wf% indicates instruction-following
failures, while high wc% reveals reasoning er-
rors despite correct formatting.  This under-
scores the need for disaggregated error analysis
to diagnose model- and prompt-specific failure
modes. This appendix provides supplementary
material to support reproducibility and deeper in-
spection of our experimental setup. We include the
prompt templates used for each prompting strat-

egy: Cross-Lingual Chain-of-Thought Prompt-
ing (XCoT), Cross-Lingual Prompting (XLP), and
Hindi Native Prompting (HNaP). Additi onal ex-
amples from the HI-REASO dataset are presented
in the task category box. Finally, Table 7 reports
detailed results for each individual evaluation run.
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Prompt for HINDI NATIVE PROMPTING (HNAP)

forcar:

31 U Mo - fAAwet A7 Hee &, S fact e & quid: St €1 et Sri foy g ToidiT w3 o TRueg B | gt BT
3iR sifom IR &t o vRgd F=e B

(You are an Al model specializing in mathematics and fully proficient in Hindi. Your task is to solve the given mathe-
matical problem step by step and provide the final answer in Hindi.)

Applicable Tasks: Tasks 1 ( CA ),2 (DS ), 4 ( FiB ), 6 ( AWP )
FuT AT UTRey @1 Te o

e TR [ ] (Answer: [number])

#94 (Problem):
<question>

H#UHHTT (Solution):
<LLM Response>

Task 3: CQ

e

MY Uep IO faLIsT Al Hise &, S et uTeT § &7 &1 31Ul Brf U 10 Torcir usr a1 fmor oA ofiR T&t ey
BT AT PRAT &

(Analyze the problem and choose the correct option.)

FuT AT UTRey &1 Ter o

e JTN: [ 1 (Correct option)
#94 (Problem):
<question>

#3ITN 1: <optionil>
#3TIX 2: <option2>

H#IHTYT (Solution):
<LLM Response>

Task 5: QNLI

focer: o o .

31T T ToIT—fAASe A7 At &, St &t e = <& 81 a1uest drf & ¢ gdarer SiR g & e qifdid - S
BECABEINGERGIR!

(Determine the numerical-logical relationship between the premise and the hypothesis.)

FUT FRREIT IReY T T o

e JX: [ ] (Correct relation)

Options: Entailment / Neutral / Contradiction
#ICTT:FQFT (Premise):

<premise>

#3191 (Hypothesis):

<hypothesis>

#THTET (Solution):

<LLM Response>
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Prompt for CrROSs-LINGUAL PROMPTING (XLP)

You are a Math Expert Al model proficient in Hindi and English. Your task is to solve a mathematical reasoning problem
provided in Hindi and deliver the solution in English.

Applicable Tasks: Tasks 1 ( CA ),2 (DS ),4 ( FiB ), 6 ( AWP )
Format:

¢ Translate the Hindi problem into English.
¢ Conclude with Answer: [num].

Problem:
<question>

Response:
<LLM Response>

Task3 CQ

You are a Math Expert Al model proficient in Hindi and English. Your task is to solve a mathematical reasoning problem
provided in Hindi and choose the correct option.

Format:
* Translate the Hindi question and options into English.
¢ Conclude with Answer: [Option] (Option 1 or Option 2).

Question:
<question>

Option 1: <optionl>
Option 2: <option2>
Response:

<LLM Response>

Task S QNLI

You are a Math Expert Al model proficient in Hindi and English. Your task is to solve a Quantitative Natural Language
Inference (QNLI) problem presented in Hindi and determine the relationship between the premise and the hypothesis.

Format:
* Translate the premise and hypothesis into English.
» Conclude with Answer: [Option].

Options: Entailment / Neutral / Contradiction
Premise:

<premise>

Hypothesis:

<hypothesis>

Response:
<LLM Response>
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Prompt for CROSS-LINGUAL CHAIN-OF-THOUGHT (XCoT)

You are a Math Expert Al model proficient in Hindi and English. Your task is to solve a numerical reasoning problem
provided in Hindi and deliver the solution in English.

Applicable Tasks: Tasks 1 ( CA ),2 (DS ),4 ( FiB ), 6 ( AWP )
Instructions:

¢ Translate the Hindi problem into English.
* Provide step-by-step reasoning in English.
¢ Conclude with Answer: [num].

Problem:
<question>

Response:
<LLM Response>

Task 3: CQ
Instructions:

¢ Translate the question and options into English.
* Perform step-by-step reasoning.
¢ Conclude with Answer: [Option].

Question:
<question>

Option 1: <optionl>
Option 2: <option2>
Response:

<LLM Response>

Task 5: QNLI
Instructions:

» Translate the premise and hypothesis into English.
¢ Provide step-by-step reasoning.
¢ Conclude with Answer: [Option].

Options: Entailment / Neutral / Contradiction
Premise:

<premise>

Hypothesis:

<hypothesis>

Response:
<LLM Response>
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Examples from HI-REASO by Task Category

Question:

U HHTE 5 7 fa 81 81 3 FHIE N Pt fobar ot 812

(There are 7 days in a week. How many days are there in 3 weeks?)
Answer: 21 Question:

TP HR H 4 URY BRI &1 12 PRI H Pal ober Uiy BHI?

(A car has 4 wheels. How many wheels are there in 12 cars?)
Answer: 48

DS

Question:

12 T &1 St & e &R 71 fava=1 s
(What is the value of 12 radians in degrees?)
Answer: 687.55° Question:

5 Hicx A3 aTel g1 a1 &t fadT 8NTT?
(What is the area of a circle with radius 5 meters?)
Answer: 78.54

CQ
Question:
AT 12345 91 54321 A BIS 2 AT s (1) Bt (2) 7€t
(Is 12345 smaller or larger than 543217 (1) Smaller (2) Larger)
Answer: (1) Question:
T US &l SalTs 8 Hiex 8 3R @R &1 5 Hex| B A1 Us 3118 el 87
(One tree is 8 meters tall and another is 5 meters. Which is taller?)
Answer:

FiB
Question:
4 U7 1 HHT 80 P &1 10 YT DI I v &t
(The price of 4 pens is 80 rupees. What is the price of 10 pens?)
Answer: 200
Question:
15T A BB
(The double of 15is __.)
Answer: 30

QNLI
Premise: .
RIES A 50 BHI H Wp b1y @Rl |
(Rahul bought a book for 50 rupees.)
Hypothesis:
R1EA 7 50 IR H & fhare TR
(Rahul bought two books for 50 rupees.)
Label: Contradiction
Premise:
31T ¥ 100 W F 5 U7 TR
(Amit bought 5 pens for 100 rupees.)
Hypothesis:
TS U Y BT 20 R B
(Each pen costs 20 rupees.)
Label: Entailment

AWP

Question:

15 U 75 W H WIS Y 3R 90 9 H 991 1Y M| Hfdterd @ fapem gme

(15 pens were bought for 75 rupees and sold for 90 rupees. What is the profit percentage?)
Answer: 20% Question:

800 TR H 4 AT Tact fBierd €1 600 U § b= fhetiam ataet fBei?

(If 4 kg of rice costs 800 rupees, how much rice can be bought for 600 rupees?)

Answer: 3
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