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Abstract

Large Language Models (LLMs) are increas-
ingly used by students as informal assistants
for problem solving and concept clarification.
Despite growing adoption, the multilingual
reliability of these systems for educational
mathematics remains underexplored, partic-
ularly across Indian regional languages. In
this work, we present a multilingual evalua-
tion of contemporary LLMs on high-school
mathematics problems across six Indian lan-
guages: English, Hindi, Bengali, Urdu, Gu-
jarati, and Malayalam. To guide the design
of lightweight prompting conditions, we con-
duct a small exploratory prompt elicitation ex-
ercise with Grade 11-12 students and observe
that students predominantly use concise direct-
solution requests and lightweight expertise-
oriented phrasing. Guided by these observa-
tions, we evaluate GPT-40-mini, LLaMA 3-
8B, and DeepSeek-R1 using simplified student-
inspired prompting strategies on a parallel cor-
pus of numerically perturbed textbook mathe-
matics problems. Our results reveal consistent
multilingual performance disparities, with ac-
curacy strongest in English and lower across
several regional languages. We further ana-
lyze the effects of prompting strategy and math-
ematical topic, and provide qualitative error
analysis identifying recurring arithmetic, rea-
soning, and regional-language comprehension
failures. These findings highlight the impor-
tance of evaluating multilingual educational
reliability as LL.M-based learning assistance
becomes increasingly accessible across diverse
linguistic settings.

1 Introduction

Large Language Models (LLMs) are increasingly
being used as informal educational assistants for
problem solving and concept clarification. Re-
cent advances in conversational Al have made such
systems easily accessible through freely available
web interfaces and lightweight deployable models.

While prior work has extensively studied the math-
ematical and reasoning capabilities of LLMs in
English, comparatively limited attention has been
given to their multilingual reliability across Indian
regional languages in educational settings. This
gap is particularly important in multilingual coun-
tries such as India, where a substantial number of
students pursue school education in regional lan-
guages.

In this work, we present a multilingual evalua-
tion of contemporary LLMs on high-school mathe-
matics assistance across six Indian languages: En-
glish, Hindi, Bengali, Urdu, Gujarati, and Malay-
alam. We focus on high-school mathematics be-
cause it requires multi-step reasoning rather than
simple factual recall, making it a useful setting
for studying multilingual mathematical reasoning
reliability. We additionally focus on off-the-shelf
LLMs that are already widely accessible to students
and educational institutions, namely GPT-40 mini,
LLaMA 3-8B, and DeepSeek-R1.

To better ground our prompting strategies in
plausible educational usage patterns, we con-
duct a small exploratory prompt elicitation ex-
ercise involving Grade 11-12 students. The
collected responses commonly reflected concise
direct-solution requests and lightweight expertise-
oriented phrasing. Guided by these observations,
we design simplified student-inspired prompting
strategies rather than relying on heavily engineered
prompting pipelines. Our goal is not to optimize
model performance through sophisticated prompt-
ing techniques, but rather to study multilingual
reliability under lightweight prompting conditions
resembling typical educational interactions.

The scope of our study is defined by the follow-
ing research question (RQ):

How reliably do contemporary LLMs
provide high-school mathematics assis-
tance across Indian languages under
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lightweight student-inspired prompting
conditions?

To conduct this study, we construct a parallel
corpus of textbook mathematics problems aligned
across six Indian languages. We extract problems
from publicly available school textbooks, manually
validate cross-lingual alignment, and generate nu-
merically perturbed variants while preserving the
underlying mathematical structure.

Our primary evaluation uses a single response
per query to better approximate realistic educa-
tional usage. We analyze multilingual reliability
across languages, topics, and prompting strategies
using exact-answer accuracy and qualitative error
analysis, while supplementary repeated-query ex-
periments examine the gap between realistic and
best-case performance.

Our results reveal substantial variation across
languages, topics, and prompting strategies. Per-
formance is consistently strongest in English and
weaker in several regional languages, with recur-
ring failures including arithmetic inconsistencies
and regional-language comprehension errors.

Our work focuses on multilingual educational re-
liability under lightweight student-inspired prompt-
ing rather than advanced reasoning pipelines or
optimized prompting techniques. Prior stud-
ies (Frieder et al., 2024; Anand et al., 2024; Imani
et al., 2023; Li, 2024; Srivastava and Kim, 2024)
have explored mathematical reasoning using so-
phisticated prompting and fine-tuned models. In
contrast, we evaluate off-the-shelf LLLMs in real-
istic multilingual educational settings rather than
broader multilingual capabilities beyond mathemat-
ics assistance.

The primary contributions of this work are:

* A multilingual benchmark of high-school
mathematics problems aligned across six In-
dian languages using textbook-derived and
numerically perturbed questions.

* A multilingual evaluation of contemporary
LLMs using lightweight student-inspired
prompting strategies.

* An analysis of the effects of prompting strat-
egy, mathematical topic, and language on mul-
tilingual mathematical reasoning reliability.

* A qualitative error analysis identifying recur-
ring multilingual reasoning and interpretation
failures.

Supplementary Material. We submit the com-
plete datasets, prompting templates, experimental
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outputs, and supplementary analyses used in our
study. The link to the github repository with all
the scripts and the resources are mentioned here:
Github repository link

2 Dataset

2.1 Dataset Description

To conduct the study, we created a dataset com-
prising 50 problems per mathematical topic (250
problems in total across five topics) from NCERT
and SCERT Class 11 mathematics textbooks, yield-
ing 1,500 problem instances across five topics and
six languages. NCERT textbooks provide aligned
mathematics content across English, Hindi, and
Urdu, making them a natural source for construct-
ing a multilingual parallel corpus. To further ex-
pand language coverage, we additionally collected
corresponding problems from Bengali, Gujarati,
and Malayalam SCERT textbooks. We sourced
textbooks from the official NCERT and respective
SCERT websites (nce, 2017; Mathematicians and
experts, 2020; ben, 2018; Mathematicians and ex-
perts, 2017), and manually aligned problems across
languages using textbook context, translation sup-
port, and manual verification.

Based on chapters containing sufficiently large
numbers of parallel problems, we selected five
mathematical topics (referred to as problem
categories) along with representative textbook
subtopics (referred to as problem subcategories):

¢ (Chapter 6) Permutations and Combinations: Funda-
mental Principle of Counting [10], Permutations [22],
Combinations [18].

(Chapter 9) Straight Lines: Distance of a point from a
line [19], Slope of a line [14], Forms of Equation of a
line [17].

(Chapter 8) Sequences and Series: A&G Mean [10],
Arithmetic Progression [15], Geometric Progression
[15], Sequences [5], Series [5].

(Chapter 10) Limits and Derivatives: Limits [20],
Derivatives [25], Limits of Trigonometric Functions
[3].

(Chapter 12) Conic Sections: Circle [13], Parabola [13],
Ellipse [13], Hyperbola [11].

Table 1 summarises the dataset structure, show-
ing the number of problems per topic, the total
per-language count, and the total instance count.

To reduce the effect of potential memorization
from textbook exposure during pretraining, we cre-
ated perturbed variants of the original problems by
modifying the numerical values while preserving
the underlying mathematical structure. Figure 1
shows an example of an original and perturbed
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Topic Problems Instances (x6 langs)
P&C 50 300

Straight Lines 50 300
Sequences & Series 50 300

Limits & Derivatives 50 300

Conic Sections 50 300

Total 250 1,500

Table 1: Dataset statistics: 50 problems per topic across
6 languages yield 1,500 total instances.

" Acoin is tossed 5 times and the outcomes are recorded. How many
English ;
possible outcomes are there?

ek AT AT IR STl STTelT & 3R TROTe 3ifehe T fore sier &1 aRomat

Hindi

v e g i (Sean S ey LU S i € i L€ Ve b g€ S S
rdu 5
o

936 3uT 5 AT s FAT 2T T O H%eT (% ST 27| TGN BT
SR S T?

Gujarati atsel uBeLdl 83 2

B@3 MITMDo 5 @AM GSIQ 21D al@len@anelo

Malayalam
GREUASITIIM}, af)(@ alGlEMI@aNLIEERUB MHIUNDIN0?

Fundamental principle of counting

Subcategory
wn

|
|
|
——
|
|
F

As RAsH UiA ctrtd Geotoclli A B U URRIH allticlmi 2UA B. 32l }
)

32

Figure 1: Sample problem from our dataset

problem across multiple languages. In this exam-
ple, the associated subcategory is ‘“Fundamental
Principle of Counting”, and the manually derived
solution to the perturbed problem is 32.

2.2 Dataset Creation Methodology

We use Optical Character Recognition (OCR) on
the PDF files of textbooks to extract text in Uni-
code. This involved converting the textbook files
of the book to an image format (JPEG) and export-
ing these images to Google Drive for use by the
inbuilt OCR from Google. For the SCERT books,
we had to search for problems that also appeared in
the NCERT books; further, we used Google Trans-
late (Jha and Patil, 2023), (Mondal et al., 2019) to
validate that the problems were indeed the same
using combination of Google Translate and our
understanding of those particular languages. This
procedure is shown in Figure 2.

We used the above procedure to extract 50 prob-
lems along with their numerical solutions from
five different mathematical categories: Combina-
torics, Straight Lines, Sequences and Series, Limits
and Derivatives, and Conic Sections. We catego-
rized these problems based on the section they
appear in. For instance, in the Straight Lines
category, we identified three subcategories in the
NCERT/SCERT textbook: "Distance of a Point
from a Line", "Slope of a Line", and "Forms of

OCR
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Figure 2: Dataset Creation Phase 1: Collect Problems

( Non-Perturbed Problem \

A coin is tossed 3 times and the
outcomes are recorded. How
many possible outcomes are
there?;

Perturbed Problem

A coin is tossed 5 times and the
outcomes are recorded. How
many possible outcomes are
there?;
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Figure 3: Dataset Creation Phase 2: Perturbations

Equation of a Line".

These problems were perturbed by changing the
numerical values (see Figure 3). The reason for in-
troducing these perturbations is that the LLM may
have encountered these problems during training,
and hence, may employ recollection rather than rea-
soning. We first validated the perturbation proce-
dure on 25 P&C problems, observing performance
drops of 4-20 pp across prompting strategies, con-
firming reduced memorization effects. We then
applied the identical perturbation methodology to
all remaining problems across all five topics and
six languages.

After introducing these perturbations, the per-
turbed problems were solved manually to find the
ground-truth solutions. All perturbed variants were
manually verified to confirm mathematical validity.

3 Prompting Strategies

3.1 Prompt Elicitation Exercise

To better ground our prompting strategies in realis-
tic educational usage, we conducted a small prompt
elicitation exercise with 53 Grade 11-12 students
from schools in Uttar Pradesh, India. Students
were shown a representative mathematics problem
and asked how they would prompt an LL.M-based
assistant such as ChatGPT.
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Most responses consisted of concise direct-
solution requests, lightweight expertise-oriented
prompts, or prompts with minimal contextual fram-
ing. Only a small number of students explicitly
referred to mathematical subtopics or structured
prompting techniques.

Students were additionally asked to select
their preferred prompting format from lightweight
prompting styles corresponding to the strategies
explored in this work. Table 2 summarizes the
observed preferences.

Prompt Style Preference | Count | %
Zero-Shot with topic-level expertise fram-| 21 40%
ing

Plain direct-solution prompt 14 | 26%
Zero-Shot with subtopic information 9 17%
Multiple / other preferences 8 15%
Bare problem statement only 1 2%

Table 2: Observed prompt-style preferences from the
exploratory student prompt elicitation exercise.

The responses suggest that students generally
prefer concise prompting styles with lightweight
contextual framing rather than heavily engineered
prompting techniques. These observations in-
formed our selection of simplified student-inspired
prompting strategies for the experiments in this
work.

Limitations of the elicitation sample. The 53
participants are Grade 11-12 students from Uttar
Pradesh, reflecting a predominantly Hindi/English-
medium interaction context. This sample cannot
speak for Bengali, Gujarati, or Malayalam medium
students, precisely the sub-populations for whom
we observe the largest multilingual performance
gaps. We acknowledge that regional-language stu-
dents may prompt in-script, code-switch differently,
or exhibit different tool-use competence.

Additional details regarding the survey instru-
ment and anonymized responses are provided in
the supplementary material.

Now, we discuss our prompting strategies. Re-
call that we refer to the chapter and section in the
chapter from which the problem is taken as the
category, and subcategory of the problem, respec-
tively.

3.2 [Strategy 1] Zero-Shot Prompting

In this case, we use Zero-Shot prompts that re-
quests the LLM to solve the problem, followed by
the problem. We do mention that the LLM should

You are expert in solving problems in [Category: Straight Lines/Limits and
Derivatives/Combinatorics/etc.]. Use your expertise to solve the problem:
[Mathematical problem in above mentioned category]

Example: You are expert in solving problems in Straight Lines. Use your

expertise to solve the problem:
0 8 e (0,5) ~h a8 (B S gsa (S 05 (i )R 515 S e

Figure 4: Zero Shot Prompt
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A,

You are expert in solving problems in
Slope of a line. Use your expertise
to solve the problem: YuiRAlell
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Problem Statement:
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ad (0, 5). U™AIR 44 (0, 5)
l New prompt
LLMs
Solution used in (GPT-40 mini/
our analysis LLaMA 3/
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Figure 5: Self-Ask Prompt

use its expertise in the respective category (Combi-
natorics, Limits and Derivatives, etc.). The prompt
remains the same for all the languages, except for
the problem. Figure 4 shows a sample prompt.
The instruction wrapper (e.g., ““You are expert in
solving problems in [Category]...”) is written in
English, with only the mathematical problem itself
in the target language.

3.3 [Strategy 2] Self-Ask Prompting

The Self-Ask prompting was proposed in (Press
et al., 2023). In this strategy, we initiate a dialog
with the LLM by first asking it to choose a suitable
subcategory from respective subcategories of the
problem’s category (see Section 2). Next, we create
another prompt using the subcategory chosen by
the LLM and prompt it to solve that problem. We
show an illustration in Figure 5: the LLM chooses
"Slope of a line" as the subcategory, which is used
to create a new prompt. We prepend the complete
history of the conversation in each prompt to pro-
vide the complete context.

Note on Self-Ask motivation. Self-Ask was
included as a lightweight conversational decom-
position strategy motivated by expert-framing pat-
terns observed in the elicitation responses, rather
than as a direct instantiation of a surveyed student
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You are expert in solving problems in [Subcategory of the problem to which it
belongs to]. Use your expertise to solve the problem: [Mathematical problem in
a chosen language from this subcategory]

Example: You are expert in solving problems in Forms of Equation of a line.

Use your expertise to solve the problem:
G 8 o (0,5) ki 2 02 S G5 sl (S O3 S (308 55 se S sme

Figure 6: Zero Shot Prompt using Subcategory of the
Problem

Table 3: LLMs in our experiments

Model Hosting License Purpose Params.
GPT-40 Mini remote proprietary general undisclosed”
LLaMA 3-8B local open-source general 8B
DeepSeek-R1 local open-source | reasoning 7B
fOpenALI has not publicly disclosed the parameter count for
GPT-40 mini.
preference.

3.4 [Strategy 3] Zero-Shot Prompting with
Topic Information

The prompts created here are similar to Strategy
1 (Zero-Shot prompting), but instead of providing
the category of a problem, we use the subcategory
of that problem. We show an illustration in Figure
6: we provide the information that the problem
belongs to the subcategory to which this problem
belongs (limits and derivatives, etc.).

3.5 Structured Output for Evaluation

For automated evaluation, some prompt variants
additionally requested answers in a lightweight
structured format to simplify multilingual answer
extraction and consistency checking. The under-
lying mathematical queries remained unchanged
across prompting variants. Simplified prompt ex-
amples are shown in the main paper, while the
exact prompts are provided in the supplementary
material.

4 Experiments

We employ the perturbed dataset (see Section 2),
which contains 50 parallel mathematical problems
across five topics and six languages (1,500 in-
stances total). We use three LLMs: the general-
purpose remotely-hosted proprietary GPT-40 mini
(Achiam et al., 2023), the general-purpose locally-
hosted open-source LLaMA 3-8B (lla, 2024), and
the open-source locally-hosted reasoning model
DeepSeek-R1 (7B) (Guo et al., 2025) (see Table 3).
We conduct all experiments on an NVIDIA RTX
A4000 GPU (16 GB card), using the prompting
strategies discussed in Section 3.

Evaluation Metric. Since LLM responses are
stochastic, each prompt is queried over three inde-
pendent trials, with each trial commencing from an
empty context. Our primary metric is single-trial
accuracy (Trial-1): the percentage of problems for
which the model’s first-trial response matches the
ground-truth numerical answer. This metric best
approximates a realistic educational interaction, in
which a student submits one query and acts on the
response received. As a supplementary measure,
we additionally report any-of-3 accuracy: the per-
centage of problems answered correctly in at least
one of the three trials. This upper-bound metric
quantifies the additional coverage gained through
repeated querying and allows us to assess the gap
between best-case and realistic performance. As
we show in Section 4.2, this gap is substantially
larger for weaker models, motivating our use of
single-trial accuracy as the primary measure.
Given the relatively small benchmark size, our
analysis focuses primarily on descriptive trends
rather than formal statistical significance testing.

4.1 Justification of Perturbed Dataset

We introduce perturbations in our dataset instead of
using the original problems, as an LLM may have
encountered these problems during training and
employ recollection rather than reasoning. To vali-
date this, we compared model performance on 25
original (unmodified) versus perturbed problems
across languages in the Permutations and Combi-
nations category. Figure 7 shows the results for
GPT-40 mini: performance declines by 4-20 per-
centage points on the perturbed problems across
all prompting strategies. This is consistent with
reduced memorization effects and encourages gen-
eralization beyond textbook recall. The identical
perturbation methodology was subsequently ap-
plied to all 1,500 problem instances across all five
topics and six languages.

4.2 Results

Table 4 summarizes overall Trial-1 accuracy across
models and prompting strategies, while Figure 9
summarizes topic-wise performance trends. De-
tailed language-wise and topic-wise Trial-1 break-
down plots are provided in Appendix A, while Ap-
pendix B presents the corresponding any-of-3 anal-
yses. Unless otherwise noted, all discussion refers
to single-trial (Trial-1) accuracy; any-of-3 results
are discussed in Section 4.2.6 as a supplementary
measure.
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Figure 7: Performance of GPT-40 mini on: Original and Perturbed Problem Set

Model Prompting Strategy Language Avg.
Zero-Shot Topic Info Self-Ask Overall English Hindi Malayalam
GPT-40 mini 62.2 64.7 65.7 64.2 66.8 59.6 49.5
LLaMA 3-8B 17.8 20.7 24.5 21.0 31.7 21.0 18.0
DeepSeek-R1 479 47.1 43.7 46.2 55.6 47.8 31.8

Table 4: Overall Trial-1 accuracy (%) across prompting strategies and representative languages. All models perform
best on English and degrade substantially on regional languages such as Malayalam. Bootstrap 95% ClIs for
the English—-Malayalam gap are non-overlapping across all models (e.g., GPT-40 mini: English [41.9, 47.9] vs.
Malayalam [27.0, 32.7] under equivalence-aware scoring), confirming this finding is robust. Intermediate contrasts
(e.g., Hindi vs. Bengali) overlap and should be treated as descriptive trends.

4.2.1 Overall Model Performance

GPT-40 mini consistently achieves the strongest
multilingual mathematical performance across all
prompting strategies, obtaining an overall Trial-1
accuracy of 64.2%. DeepSeek-R1 follows with
46.2% , while LLaMA 3-8B achieves 21.0%. De-
spite comparable parameter scales (7B—8B), the
models exhibit substantial differences in multilin-
gual mathematical reliability, suggesting that in-
struction tuning, multilingual representation qual-
ity, and reasoning optimization contribute more
strongly than parameter count alone.

4.2.2 Effect of Prompting Strategy

The effect of prompting strategy is strongly model-
dependent. For GPT-40 mini, Self-Ask prompt-
ing improves Trial-1 accuracy by approximately
+3.5 pp over Zero-Shot prompting, while LLaMA
3-8B benefits more substantially with a gain of
approximately +6.7 pp. In contrast, DeepSeek-
R1 performs strongest under standard Zero-Shot
prompting and slightly degrades under Self-Ask
prompting by approximately —4.2 pp. This sug-
gests that conversational prompting may benefit
general-purpose instruction-tuned models more
than reasoning-oriented models optimized for di-
rect single-turn inference.

Across all models, Zero-Shot prompting with ex-
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plicit topic information performs comparably to or
slightly below Self-Ask prompting, indicating that
lightweight conversational decomposition may pro-
vide more useful reasoning guidance than simply
specifying the mathematical subtopic upfront.

4.2.3 Effect of Problem Topic

As shown in Figure 9, topic difficulty is reasonably
consistent across models. Averaged across all mod-
els, languages, and prompting strategies, Trial-1
accuracy ranks as follows: Limits and Derivatives
(60.3%) > Sequences and Series (42.8% ) > Conic
Sections (41.3%) > Straight Lines (30.8%) > Per-
mutations and Combinations (28.4%). Permuta-
tions and Combinations emerges as the most chal-
lenging topic overall, while Limits and Derivatives
consistently achieves the strongest performance
across all models. Given the small number of prob-
lems per topic, these rankings should be interpreted
as descriptive trends; bootstrap CIs show the Lim-
its vs. P&C gap is distinguishable (Limits: 61.3%
[58.1, 64.4] vs. P&C: 28.0% [26.1, 30.0]), while
intermediate topic contrasts overlap.

GPT-40 mini and DeepSeek-R1 achieve partic-
ularly strong performance on Limits and Deriva-
tives, exceeding 80% and 65% average Trial-1
accuracy respectively. LLaMA 3-8B exhibits the
largest variation across topics, performing compar-
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Figure 8: Heatmap of overall Trial-1 accuracy (%)
across models and languages. English consistently
achieves the strongest performance, while Malayalam
exhibits the largest multilingual degradation. GPT-40
mini shows the strongest overall multilingual robust-
ness.

atively better on procedural symbolic manipulation
tasks while struggling on combinatorial and geo-
metric reasoning problems. Overall, these results
suggest that current LLMs handle procedural alge-
braic transformations more reliably than problems
requiring deeper combinatorial reasoning and arith-
metic consistency.

4.2.4 Effect of Language

All three models perform best on English prob-
lem statements, consistent with the dominance of
English in LLM pretraining corpora (Figure 8).
Performance across the six languages follows a
rough hierarchy: English > Hindi/Urdu > Ben-
gali/Gujarati > Malayalam. Malayalam is con-
sistently the weakest language across all models,
exhibiting the largest degradation relative to En-
glish. Hindi and Urdu generally show stronger
multilingual performance, while Bengali and Gu-
jarati occupy an intermediate position. GPT-4o0
mini demonstrates the strongest multilingual ro-
bustness overall, whereas LLaMA 3-8B exhibits
substantial degradation across regional languages.
The language gap is present across all prompting
strategies, although Self-Ask prompting partially
reduces this gap for GPT-40 mini and LLaMA 3-8B
in several non-English settings.

4.2.5 Equivalence-Aware Accuracy

Exact-match evaluation can penalise mathemati-
cally correct answers that differ only in symbolic
form (e.g., —8 vs. x + 8 = 0). To quantify this
effect, we applied a three-layer deterministic equiv-
alence checker to all Trial-1 responses: (1) numeric
extraction with comma normalisation (e.g., 60,480
= 60480; 3/5 = 0.6); (2) symbolic equation solving
(e.g., z + 8 = 0 vs. —8); and (3) SymPy algebraic
simplification. Table 5 reports exact-match and
equivalence-aware accuracy with bootstrap 95%
confidence intervals (2,000 resamples).

3 GPT-40 mini
100

[ LLaMA 3-8B [ DeepSeek-R1

80+ ]

60

Hﬂ”ﬂm

P&C Straight Seq. &Limits & Conic
Lines Series Deriv. Sections

Mathematical Topics

Trial-1 Accuracy (%)

o

Figure 9: Average Trial-1 accuracy (%) across math-
ematical topics. Limits and Derivatives achieves the
strongest overall performance, while Permutations and
Combinations remains the most challenging topic.

Model Exact-match

GPT-4o mini  40.2% [37.0,43.3] 50.9% [47.7,54.2] +10.7 pp
DeepSeek-R1  21.9% [20.6, 23.3] 39.0% [37.5,40.6] +17.1 pp
LLaMA 3-8B  15.9% [14.3, 17.7] 18.3% [16.5,20.1] +2.3 pp

Equiv.-aware Gain

Table 5: Equivalence-aware vs. exact-match Trial-
1 accuracy with bootstrap 95% ClIs. The English—
Malayalam hierarchy is fully preserved under robust
scoring; the largest gains appear for Conic Sections
(+19.3 pp), consistent with the equivalent-form mis-
match failures identified in Section 4.3.

The language hierarchy of Section 4.2 is fully
preserved under equivalence-aware scoring: En-
glish 44.9% [41.9, 47.9] > Hindi 35.2% [32.3,
38.3] > Bengali 34.0% [31.1, 36.8] > Urdu 32.4%
[29.7, 35.2] > Gujarati 32.5% [29.7, 35.3] >
Malayalam 29.8% [27.0, 32.7]. The English—
Malayalam gap remains non-overlapping, confirm-
ing the core multilingual disparity finding is ro-
bust to metric choice. Format failures (unparseable
outputs) are slightly more frequent in regional
languages (avg. 11.8%) than in English (9.6%),
with LLaMA 3-8B and DeepSeek-R1 showing the
largest regional overhead (up to 15.2% for Malay-
alam).

4.2.6 Any-of-3 Inflation

To quantify the gap between realistic and best-case
performance, we compare Trial-1 accuracy to any-
of-3 accuracy (the percentage of problems solved
in at least one of three trials). Table 6 compares
Trial-1 and any-of-3 accuracy across models. The
inflation from single-trial to any-of-3 is strongly
model-dependent: GPT-40 mini gains +6.4 pp un-
der Zero-Shot and +5.0 pp under Self-Ask, while
LLaMA 3-8B gains +10.5 pp and +12.5 pp respec-

176



Model Trial-1 Any-of-3 Inflation
GPT-4o mini  64.2% 73.5% +9.3 pp
DeepSeek-R1  46.2% 61.4% +15.2 pp
LLaMA 3-8B  21.0% 343%  +13.3 pp

Table 6: Comparison between realistic single-query per-
formance (Trial-1) and repeated-query upper-bound per-
formance (Any-of-3). Weaker models exhibit substan-
tially larger inflation under repeated querying.

tively, and DeepSeek-R1 gains +11.2 pp and +15.4
pp. Weaker models benefit disproportionately from
repeated querying, meaning that any-of-3 accuracy
substantially overstates their reliability in a realistic
single-query educational setting. This motivates
our use of Trial-1 as the primary metric.

4.3 Error Analysis

To better understand multilingual model failures
beyond aggregate accuracy scores, we manually ex-
amined incorrect Trial-1 responses across models,
languages, and mathematical topics. Our analysis
revealed several recurring categories of failure.

Arithmetic and reasoning failures. A common
failure mode involved models identifying an appro-
priate solution strategy but making arithmetic mis-
takes during intermediate computations. For exam-
ple, in a Bengali Permutations and Combinations
problem with ground-truth answer 49,086,048,
LLaMA 3 generated the answer 1858 despite par-
tially correct reasoning steps. Similarly, in several

multi-step algebraic problems, models produced
expressions that were structurally close to the cor-
rect answer but contained incorrect coefficients or
constants. These observations suggest that main-
taining symbolic and arithmetic consistency across
multiple reasoning steps remains challenging, par-
ticularly for smaller models.

Equivalent-form mismatches. For several
Conic Sections problems, models generated math-
ematically equivalent but syntactically different
answers. For example, for a problem whose
expected answer was represented as x + 8 = 0,
GPT-40-mini generated only the equivalent direc-
trix value —8. In another example, GPT-40-mini
produced the expression y = %xz + %az + 4 instead
of the ground-truth form 3y = 22 + 42 + 12.
Such cases highlight the difficulty of evaluating
symbolic mathematical reasoning using strict
answer matching alone and partially explain
the comparatively low accuracy observed for

Conic Sections. The equivalence-aware scorer in
Section 4.2.5 recovers these cases automatically.

Format compliance and truncation failures.
We additionally observed cases where mod-
els failed to generate parseable final answers.
DeepSeek-R1 occasionally echoed portions of the
prompt template itself (e.g., returning phrases such
as “Numeric answer” instead of a numerical value),
while LLaMA 3 sometimes produced truncated
or incomplete outputs without a clearly identifi-
able final answer. These failures were substan-
tially more common for smaller models and under
regional-language prompting conditions, consis-
tent with the higher format-failure rates observed
in Section 4.2.5.

Regional-language comprehension failures.
Some multilingual failures appeared to stem from
language understanding rather than mathematical
reasoning alone. In several Gujarati and Malay-
alam examples, models appeared to misinterpret
the problem statement or mathematical terminol-
ogy, occasionally solving a different mathematical
formulation than the one posed. We also observed
occasional language interference phenomena
where reasoning traces partially switched into
English or transliterated Hindi despite the original
query being written entirely in a regional script.
These observations suggest that multilingual
mathematical reasoning failures may arise from
upstream comprehension limitations in addition
to symbolic reasoning errors. Note that OCR was
used only for dataset construction and was not part
of the model inference pipeline; Google Translate
was used only to validate NCERT/SCERT problem
alignment, not to generate or translate problems.

4.4 Summary

GPT-40 mini is the strongest model overall, fol-
lowed by DeepSeek-R1, while LLaMA 3-8B ex-
hibits substantially weaker multilingual mathemat-
ical reasoning performance. All models perform
best on English problem statements, with Malay-
alam showing the largest multilingual degrada-
tion. The core English—-Malayalam disparity is
robust to metric choice, holding under both exact-
match and equivalence-aware evaluation with non-
overlapping bootstrap confidence intervals.
Prompting effectiveness is strongly model-
dependent: Self-Ask prompting improves perfor-
mance for GPT-40 mini and LLaMA 3-8B, whereas
DeepSeek-R1 performs strongest under simpler
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Lang. Topic Model Error Type Expected Model Output Observation
Bengali P&C LLaMA 3 Arithmetic failure 49,086,048 “1858” Correct reasoning path but in-
correct arithmetic computa-
tion.
English  Conics GPT-40- Eqv.-form mis- ¢ +8 =0 “—-8” Correct directrix value gen-
mini match erated instead of symbolic
equation form.
English ~ Conics GPT-40- Reasoning break- 3y = 22 +4x + “y = %xz + %:r + 47 Incorrect coefficient intro-
mini down 12 duced during algebraic trans-
formation.
Gujarati  Conics DeepSeek- Comprehension  Parabola equation Solved as ellipse problem  Gujarati mathematical de-
R1 failure scription misinterpreted.
Malayalam Straight LLaMA 3  Language interfer- Numerical answer Mixed English reasoning Code-mixed and incomplete
Lines ence with incomplete Malayalam final response.
output
English ~ Multiple DeepSeek- Format failure Numerical answer “Numeric answer” Prompt template echoed in-
Topics R1 stead of numerical solution.

Table 7: Representative multilingual failure cases observed during manual analysis of Trial-1 responses.

Zero-Shot prompting. Across mathematical do-
mains, Permutations and Combinations emerges
as the most challenging topic, while Limits and
Derivatives achieves the strongest performance.

Finally, the substantial gap between Trial-1 and
any-of-3 evaluation for weaker models shows that
repeated querying can considerably inflate apparent
reliability relative to realistic single-query educa-
tional usage.

5 Related Work

Prior work has extensively explored the mathemat-
ical reasoning capabilities of LLMs, particularly
in English. Several studies have evaluated LLMs
on mathematical word problems and benchmark
datasets (Frieder et al., 2024; Srivastava and Kim,
2024; Imani et al., 2023). Mathify (Anand et al.,
2024) introduced the MathQuest dataset based on
English NCERT mathematics problems for evalu-
ating and fine-tuning open-source models. In con-
trast, our work focuses on multilingual educational
mathematics across multiple Indian languages us-
ing lightweight student-inspired prompting strate-
gies.

Recent multilingual reasoning studies have ex-
plored mathematical reasoning across languages
such as Chinese, Vietnamese, Arabic, Spanish, Rus-
sian, and Japanese (Li, 2024; Wu et al., 2024; Le
et al., 2024). The closest work to ours is (Kumar
and Roy, 2025), which evaluates LLMs on Hindi
combinatorics problems. Our study substantially
expands this setting across multiple mathematical
domains and Indian regional languages.

Several studies have additionally explored the
broader use of LLMs in education, including read-
ing comprehension generation, tutoring systems,
and database education (Xiao et al., 2023; Zhai,

2022; Prakash et al., 2024). Prior work has also
examined risks associated with LLM usage in ed-
ucational settings, including Al-generated content
detection in examinations (Orenstrakh et al., 2024).

Multilingual NLP for Indian languages. Sev-
eral efforts have focused on improving NLP sup-
port for Indian languages through multilingual
pretraining and benchmark creation. IndicNLP-
Suite (Kakwani et al., 2020), MuRIL (Khanuja
et al., 2021), IndicTrans2 (Gala et al., 2023), and
Airavata (Gala et al., 2024) improved multilingual
resources, translation, and conversational capabili-
ties for Indian languages. However, comparatively
little work has investigated multilingual mathemat-
ical reasoning reliability in educational settings
across Indian regional languages, which our work
begins to address. Future work should evaluate
Indic-focused models such as Airavata (Gala et al.,
2024) and MuRIL (Khanuja et al., 2021) directly
on this benchmark.

6 Conclusions

Our experiments reveal consistent multilingual re-
liability disparities across Indian languages, sub-
stantial variation across mathematical topics, and
strong model dependence on prompting strategy.
We additionally observe that repeated-query eval-
uation can substantially inflate apparent model re-
liability, particularly for weaker models. Quali-
tative analysis further suggests that multilingual
degradation reflects not only arithmetic errors, but
also regional-language comprehension challenges
in under-resourced settings. These findings high-
light the importance of careful multilingual evalua-
tion when deploying LLM-based educational assis-
tance systems across linguistically diverse environ-
ments.
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Ethical Considerations

The prompt elicitation exercise was conducted
with the knowledge and consent of participants.
We collected only minimal academic metadata
and excluded personally identifying information
from the released data. All survey responses were
anonymized prior to release.

Our work evaluates the multilingual reliability of
existing LLMs in educational mathematics settings
and does not advocate replacing qualified instruc-
tion with automated systems. We note that multilin-
gual reliability disparities may disproportionately
affect students studying in regional languages.

Limitations

Our study has several limitations. First, the bench-
mark contains only 50 parallel problems per math-
ematical topic across six Indian languages mak-
ing a total of 1500 problems, which limits statisti-
cal robustness and topic coverage. Expanding the
dataset to additional mathematical domains and ed-
ucational sources would improve generalizability.

Second, we evaluate only lightweight prompting
strategies representative of typical student inter-
actions and do not explore model fine-tuning or
advanced reasoning pipelines. Future work may in-
vestigate whether smaller instruction-tuned or fine-
tuned multilingual models including Indic-focused
systems such as Airavata (Gala et al., 2024) and
MuRIL (Khanuja et al., 2021) can provide stronger
and more reliable educational assistance or not.

Third, the exact-match evaluation metric can
conflate reasoning failures with format or extrac-
tion failures. We address this partially through
the equivalence-aware scorer described in Sec-
tion 4.2.5, though residual measurement uncer-
tainty remains for edge cases not covered by sym-
bolic simplification.

Fourth, the instruction wrapper for all prompting
strategies is written in English, with only the math-
ematical problem in the target language. Adapting
instruction language per condition is a valuable ab-
lation for future work. Since this design is consis-
tent across all conditions and models, cross-lingual
comparisons within our study remains internally
valid.

Fifth, the prompt elicitation sample consists of
53 Grade 11-12 students from Uttar Pradesh, re-
flecting a predominantly Hindi/English-medium
interaction context. This sample cannot represent
Bengali, Gujarati, or Malayalam-medium students,

whose prompting behaviour, in-script usage, and
tool competence may differ substantially from the
observed patterns.
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A Appendix
A.1 Detailed Topic-wise Multilingual Results

Figures 10-12 provide detailed language-wise
Trial-1 accuracy breakdowns across prompting
strategies for all evaluated mathematical topics and
models. Each figure contains three subplots cor-
responding to GPT-40 mini, LLaMA 3-8B, and
DeepSeek-R1 respectively.

A.2 Any-of-3 Accuracy Across Topics and
Languages

Figures 13—14 show the corresponding any-of-3 ac-
curacy (%) results, where a problem is considered
solved if the model produces the correct answer
in at least one of three independent trials. Com-
pared to Trial-1 accuracy, weaker models exhibit
substantially larger gains under repeated querying.
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B Supplementary Material

All resources for this study are publicly available
in our GitHub repository: Github repository link

Datasets. The Datasets/  folder con-
tains five CSV files, one per mathemati-
cal topic (PnC.csv, StraightlLines.csv,
SeqnSeries.csv, LimitsnDerivatives.csv,
conic_sections.csv). Each file contains 50
parallel problems across six languages (English,
Hindi, Bengali, Urdu, Gujarati, Malayalam), with
columns for problem text in each language, the
perturbed ground-truth solution, and the original
unperturbed solution.

Inference Scripts. The Supplementary_
Materials/ folder contains one inference
script per model: GPT-4o/test_openai.py,
LLaMA 3/1lama_fast.py, and
DeepSeek-R1/deepseek_r1.py. Each script
accepts a topic and prompting strategy as ar-
guments and queries the respective model over
three independent trials from an empty context,
saving per-record results as CSV files. Results are
organized by model, topic, and prompting strategy
(One_Shot, One_Shot_Subcat, CoT correspond-
ing to Zero-Shot, Zero-Shot + Topic Info, and
Self-Ask respectively).

Equivalence-Aware Scoring and Bootstrap ClIs.
robust_equivalence_scoring.py implements
the three-layer deterministic equivalence checker
described in Section 4.2.5: numeric extraction
with comma normalisation, symbolic equation solv-
ing, and SymPy algebraic simplification. Run-
ning it over the results produces per-record flags
and summary CSVs aggregated by model, lan-
guage, and topic, available in the output/ folder.
bootstrap_ci.py reads these outputs and com-
putes bootstrap 95% confidence intervals (2,000
resamples), reproducing the CI tables reported in
Section 4.2.5.

Survey Results. The Supplementary_
Materials/Survey_Results/ folder con-
tains the anonymized responses from the prompt
elicitation exercise conducted with 53 Grade 11-12
students. The CSV includes student responses
and prompt-style preferences. Email addresses
and all personally identifying fields were removed
prior to release, consistent with the anonymization
procedure described in the Ethical Considerations
section.
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Figure 10: Trial-1 accuracy (%) on Permutations and Combinations (top) and Straight Lines (bottom) problems
across languages and prompting strategies.
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Figure 11: Trial-1 accuracy (%) on Sequences and Series (top) and Limits and Derivatives (bottom) problems across
languages and prompting strategies.
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Figure 12: Trial-1 accuracy (%) on Conic Sections problems across languages and prompting strategies.
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Figure 13: Any-of-3 accuracy (%) on Permutations and Combinations (top) and Straight Lines (middle) and
Sequences and Series (bottom) problems across languages and prompting strategies.
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Figure 14: Any-of-3 accuracy (%) on Limits and Derivatives (top) and Conic Sections (bottom) problems across
languages and prompting strategies.
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