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Abstract—We present a multi-way parallel corpus of Math
Word Problems (MWPs) in nine languages, including six low-
resource languages. To date, this is the largest multilingual
MWP dataset available. We utilize this dataset and show the
viability of using large language models (LLMs) for autore-
gressive MWP generation in both monolingual and multilingual
setups, particularly for low-resource languages. We also integrate
a math constraint satisfaction module with autoregressive text
generation. Our extensive evaluations identify several factors that
affect autoregressive text generation on LLMs. These include
language representation in the LLM, model size, existence of
similar languages in the model, and language script. Overall,
our results reveal that autoregressive MWP generation on top of
LLMs is very promising, even for low-resource languages.

Index Terms—Multilingual Dataset, Multi-way Parallel
Dataset, Low-Resource Languages, Math Word Problem Gen-
eration, Benchmark.

I. INTRODUCTION

MATHEMATICS is undoubtedly one of the challenging
subjects for school children [1], [2]1. Unlike many

other subjects, Mathematics questions cannot be answered
by memorizing theories and concepts. Instead, students are
expected to practice by solving different types of mathematics
questions [3]. However, this poses a challenge for tutors to
come up with a diverse set of questions, which may be seen
as an additional burden. This problem is more aggravated in
the Global South, where there is an imbalanced distribution of
mathematics tutors and resources [4]–[7]. Despite Mathemat-
ics being a universal subject, it may be taught using the mother
tongue of students (e.g., in Government schools of Sri Lanka,
school children are taught mathematical concepts in either
Sinhala or Tamil). This means that students cannot benefit
from Mathematics problems available in other languages such
as English. This is particularly true for Mathematical Word
Problems (MWPs).

An MWP is expressed in natural language and expects
language comprehension skills of a student in addition to

*Main/corresponding authors:Omega Gamage (omega.gamage@accelr.site)
and Surangika Ranathunga (s.ranathunga@massey.ac.nz).
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1In 2019, 33% of students who took the Ordinary Level examination in Sri
Lanka failed mathematics.https://tinyurl.com/4tvd5r6f

TABLE I
EXAMPLES FROM SIMPLE DATASET AND ALGEBRAIC DATASET

Type Example
Simple MWP: Bill has 9 marbles and Jim has 7 fewer marbles

than Bill. How many marbles does Jim have?
Equation: x = 9 - 7

Algebraic MWP: Find three consecutive odd integers such that
the sum of the first integer, twice the second integer,
and three times the third is 70.
Equation: x + 2*(x+2) + 3*(x+4) = 70

mathematical skills. An MWP is formally defined as “a mathe-
matical exercise, where significant background information on
the problem is presented as text rather than in mathematical
notation” [8]. Table I shows two examples of MWPs.

Natural Language Processing (NLP) based systems are
continuously being experimented with to provide improved
solutions in education [9]. Thus, NLP can be used to assist
math tutors in creating MWPs. Machine-assisted MWP cre-
ation in a multilingual setting can be addressed in two different
ways: (1) Machine Translating MWPs written in a high-
resource language, such as English, into the target language,
and (2) machine-assisted language-specific MWP generation.
A limiting factor of technique (1) is that it always depends on
the availability of MWPs in a high-resource language, such as
English. Moreover, the tutor should have bilingual proficiency,
in order to verify the correctness of the translations.

Therefore, machine-assisted MWP generation for individual
languages can be considered as the way forward, where a
trained MWP generation model produces questions in the
considered language. In other words, we expect the tutor to
provide the starting phrase (henceforth referred to as the seed)
of an MWP written in their native language, the machine
will generate the MWP, and, finally, the tutor checks for the
correctness of the generated MWP.

However, most of the time, only high-resource languages
are benefited from such NLP applications. This is mainly due
to the lack of data for low-resource languages to train modern-
day data-intensive NLP systems [10]. Given that the languages
used in most of the Global South are low-resource [11], data
creation becomes an important precursor for this type of NLP
task.

Therefore, this paper presents a novel multilingual MWP
0000–0000/00$00.00 © 2023 IEEE
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dataset. We started with an existing multilingual (English,
Tamil, Sinhala) MWP dataset [12] and first focused on improv-
ing its quality. Then this dataset was manually translated into
six more languages (Oriya, Assamese, Albanian, Urdu, Hindi,
and Chinese). Each language had a main contributor, who
was responsible for data creation and evaluation. This corpus
(multiMWP) of 7470 MWPs is multi-way parallel, meaning
that each MWP is present in each language. All except
English, Chinese, and Hindi are low-resource languages [13].
MWPs can be in categories such as Arithmetic, Algebraic,
Statistics, and Geometry. The MWPs included in our corpus
belong to Arithmetic (which we term ‘simple’ MWPs) and
Algebraic categories (see Table I for an example from each
of these categories). This dataset will be publicly released.

Our MWP generation system is implemented as an au-
toregressive text generation system on top of the pre-
trained multilingual sequence-sequence language models -
namely, mBART50 [14], mT5 [15], M2M-100 [16], and
IndicBART [17]. While [12] experimented with mBART50
and mT5 for autoregressive text generation, all three lan-
guages were included in both models. In contrast, not all
our languages are included in all the considered models.
This allowed us to look into the generalization capabilities of
these languages for unseen languages. In addition to building
language-specific MWP generation models, we built a multi-
lingual MWP model by combining data from all the languages.
Our extensive evaluations show that the performance of large
language models (LLMs) for autoregressive text generation
depends on the interplay of several factors: language repre-
sentation in the model, model size, the existence of similar
languages in the model, and language script.

Previous work that focused on autoregressive text generation
suffered from errors related to math constraint violations [12],
[18]. As a solution, we integrated a math constraint mod-
ule [19] into our autoregressive text generation model. This
constraint-based multilingual MWP generation model is our
best pick for the task.

Dataset creation, as well as manual evaluation of results,
was inspired by the success of the concept of participatory
research in language data creation [20]. To be specific, we fol-
lowed a hybrid model, where the main language contributors
were given the option to either pay their language workers, or
offer them co-authorship. In participatory NLP research, rather
than employing paid workers for data creation and model
evaluation, NLP researchers and language experts (as well as
language users) contribute to data creation, and become co-
authors of the publication. This is a great alternative to paid
workers when the researcher has no funds.

In summary, this paper makes the following contributions:
• A multi-way parallel dataset consisting of MWPs (nine

languages, with six being low-resource). This covers
two MWP domains. Thus, our dataset has 18 separate
datasets.

• A detailed analysis of the autoregressive text generation
capabilities of LLMs, with a special focus on low-
resource languages

• A constraint-based autoregressive MWP generation
model

II. RELATED WORK

A. MWP Datasets
Table II summarises the currently available MWP datasets.

Here, the MAWPS dataset [21] is an extension of [22]–
[25]. [12]’s dataset extends [18]’s dataset and Dolphin18 [26].
Math23k [27] dataset was originally compiled for Chinese
and [19] subsequently translated this dataset to English. [18]
and [12] are the only multilingual datasets, and only [12]’s
dataset is multi-way parallel. However, both these datasets
contain MWPS for English, Sinhala, and Tamil only. In
summary, there is only a handful of multilingual MWP
datasets. The only multi-way parallel dataset covers only three
languages.

B. MWP Generation
MWP generation techniques can be categorized as ques-

tion re-writing [32], template-based generation [33]–[36], and
generation with Neural Networks (NNs). NN-based techniques
can be further categorized as those that use LLMs [12], [19]
and those that use architectures such as Recurrent Neural Net-
works (RNNs) [8], [18], [37] and Variational Auto-Encoders
(VAEs) [38], [39].

NN-based techniques generate MWPs either by considering
an equation and a context [8], [19], [38]–[40], or in an
autoregressive manner [12], [18], [37]. As far as we know,
these autoregressive techniques are the only models that were
tested in a multilingual setting. [12] showed that autoregressive
text generation with LLMs significantly outperforms their
RNN counterpart, when the considered languages are included
in LLM pre-training.

III. THE MULTILINGUAL MWP DATASET

We extended the multi-way parallel dataset presented
by [12] to six more different languages and present the
multiMWP dataset. The statistics of the languages can be
found in Table III. A detailed description of each language is
in the Appendix. Language selection was purely based on the
availability of an NLP researcher to provide the data.

A. Data Cleaning
[12] carried out a manual evaluation of their dataset and

identified some quality issues. However, no subsequent effort
was taken to clean the dataset. Therefore, the first author
manually cleaned both the English and Sinhala MWP datasets
of [12] (English-Sinhala were selected because these are the
two languages that the first two authors are familiar with).
Through this process, a variety of errors including grammati-
cal, typographical, and lexical inaccuracies were identified and
subsequently corrected (see Table IV). Any misalignment in
the Sinhala-English parallel corpus was also fixed.

B. Manual Translation
For each language, an NLP researcher, who was a native

speaker of the language, acted as the main language contrib-
utor, and was responsible for providing the translated data for
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TABLE II
DATASETS FOR MATHEMATICAL WORD PROBLEMS (MWPS)

Dataset Reference Number of MWPs Problem Type
[28] 1024 Linear Algebra (single and two-equation problems)
[22] 395 Arithmetic (addition and subtraction for third to fifth grade level)

SINGLEEQ [23] 508 Algebraic (single equations with multiple operations)
[24] 1404 Arithmetic (involving addition, subtraction, division, and multiplication)

allArith [25] 600 Arithmetic (comprising two operations)
MAWPS [21] 3734 Arithmetic and Algebraic problems
DRAW-1k [29] 1000 Algebraic problems
[30] 1878 Numerical Word problems

dolphin18k [26] 18460 MWPs at primary and secondary school level
MathQA [31] 37259 Problems across domains such as physics, probability, counting, geometry, and numerical computations
Math23k [27] 23162 Linear Algebra (at elementary level)
[18] 4350 Arithmetic (simple) and Algebraic problems
[12] 7370 Arithmetic (simple) and Algebraic problems

TABLE III
LANGUAGE DETAILS (DATA ON THE LANGUAGE COVERAGE OF MODELS WAS EXTRACTED FROM [14]–[17])

Language ISO 639-3 Family Subgroup Script mBART50 IndicBART mT5 M2M-100
#Sentences(M) #Sentences(M) Tokens(B) Pages(M) mT5(%) Coverage

Albanian sqi Indo-European Albanian Latin 0 0 4 4.1 0.76 Yes
Assamese asm Indo-European Indo-Aryan Bengali 0 1.4 0 0 0 No
Chinese zho Sino-Tibetan Sino-Tibetan+Kra-Dai Han 10.08 0 39 55 1.67 Yes
English eng Germanic Anglo-Frisian Latin 12.61 54.3 2,733 3,067 5.67 Yes
Hindi hin Indo-European Indo-Aryan Devanagari 1.33 63.1 24 19 1.21 Yes
Oriya ory Indo-European Indo-Aryan Oriya 0 7 0 0 0 Yes
Sinhala sin Indo-European Indo-Aryan Sinhala 0.57 0 0.8 0.5 0.41 Yes
Tamil tam Dravidian Dravidian Tamil 0.61 31.5 3.4 3.5 0.73 Yes
Urdu urd Indo-European Indo-Aryan Perso-Arabic 0.03 0 2.4 1.9 0.61 Yes

TABLE IV
ERRORS THAT WERE IDENTIFIED DURING DATA CLEANING

Error Type Description Example
Grammar error Sentence violates grammar rules of the language Supun wrote essay and he used 5 pens and 4 pencils. How much more pens than pencils did Supun use?

Here essay should have the article ”an”

Co-reference Inconsistent co-reference Nimal ran 8 mile and walked 5 mile. How much farther did Vimal run than walk?
Here, the second sentence has the proper noun Vimal, instead of Nimal

Random characters Non-alphanumeric characters can occur within sentence/word structure අඛණ්ඩව පූර්ණ සංඛ්‍යා තුනක එ���තුව 54 ෙව්, පූර්ණ සංඛ්‍යා තුනම ෙසායා ගන්න.
Here, එ���තුව should be change to එකතුව

Transliteration error-1 Inclusion of source language script in target language sentence ඩාර්නල් වට 0.875ක් දිව ගිය අතර පසුව වට 0.75ක් දුවමින් විෙව්කයක් ගත්ෙත්ය. Darnel මුළු වට කීයක්කළාද?
Here, ”Darnel” is an English word(noun), instead of it ,ඩාර්නල් should be used

Transliteration error-2 Source language words are represented in the script of the target language
rather than being translated

ෙටා්යි ප්ෙල්න් මීටර් 3 ක් පැන මීටර් 2 ක් පියාසර කෙළ්ය. ෙටා්යි ප්ෙල්න් පියාසර කරනවාට වඩා ෙකාපමණ පැන ගියාද?
Here ෙටා්යි ප්ෙල්න් is an incorrect translation and it is the English word "Toy plane" written in Sinhala scripts,
correct translation is, ෙසල්ලම් ගුවන්යානයක්

Errors due to translation gap Translation gap refers to the challenge of achieving equivalent meaning in
the target language due to disparities between the source and target languages

ෙමා්ගන් ඇෙග් ෙදවන SAT උත්සාහෙය් 10% ක දියුණුවක් ගැන ෙබෙහවින් සතුටු විය.
ඇය ෙදවන උත්සාහෙය්දී ලකුණු 1100ක් ලබා ගත්තාය. ඇෙග් පළමු ලකුණු ෙමානවාද?
Here, ”SAT” is an exam in the USA and, the Sinhala language does not have a proper term for it

Partial translation Only part of the text is translated. Resulted text is incoherent
42 A. ொ¼ GAலயˆ¶ட¡ மŸÁெமா¼ Í¡Á °ண‹ ெபKய¶. எ‹ GAல ேத´ƒகœ.
Complete translation should be: இர‡´ ேந˜மைற º¿ எ‡கÀ‚° இைடJலான ேவÁபா´ 42 ஆ°‹. ொ¼ º¿ எ‡
மŸறைத Mட Í¡Á மடƒ° ெபKய¶. º¿ எ‡கைௗ‚ க‡டPய¾‹.

Source language errors Mistake in the source language text that can make it difficult to accurately
translate the text into the target language.

অিনেল গাডী় িকিনিছল আৰু েতওঁ ২০ খন নগদ ধনৰ অভাৱ আৰু ১০ খনত েচকৰ অভাৱ আিছল। েচকতৈক িকমান েবিছ নগদ ধন অিনেল ব্যৱহাৰ কিৰিছল?
Here, অভাৱ means ”lacks”. In the corresponding English MWP, lacks was mistakenly typed instead of ”lakhs”.
This mistake had confused several translators in few other languages. Correct Assamese term is ”লাখ টকা"

Lexical errors Uses the wrong word in a translation لاسل میں 10 سنگترہ ہیں اور ومل کے پاس لاسل سے 6 کم سنگترہ ہیں۔ ومل کے پاس کتنے سنگترہ ہیں؟
Here سنترے (oranges) should be used instead of سنگترہ (tangerine)

Typos Errors due to typing mistakes නාලින්ටකිරිගරු 11 11 ක් සහ ජිම්ට නාලින්ට වඩා කිරිගරු 9 9 ක් ඇත. ජිම්ට කිරිගරුකීයක් තිෙබ්ද?
Here repetition of 11 and 9 are typos

that language. The NLP researcher and/or some translators
they found, carried out the translations. Each translator was
either paid or made a co-author2. All the translators were given
the following set of instructions to follow during translation.

1) Keep the same question order as the English version
2) Keep the same number of sentences as in the English

MWP
3) Maintain the syntactic structure of the English sentence

in the target language sentence, if the target language
syntax allows it (e.g., if the English MWP is in active
voice, the target language MWP should be kept in active
voice)

2depending on the fund availability of the NLP researcher.

On average, there are two sentences per question, with a
maximum of four sentences. A detailed analysis of the dataset
statistics is included in Table V.

C. Quality Estimation of the Dataset

The quality of the translated datasets was estimated auto-
matically as well as manually.

1) Automatic Quality Estimation: Our automatic quality es-
timation method is based on sentence similarity. The intuition
is, if the translation of an MWP is correct, then the translation
should have a high similarity with the corresponding English
MWP.
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TABLE V
DATASET STATISTICS

Lang. Context Num. Words Unique Words Words/Sent. Chars/Sent.
Albanian

Simple

57783 5783 (10.01%) 18.29 84.1
Assamese 54894 4870 (8.87%) 17.37 90.07
Chinese 69216 4099 (5.92%) 21.9 36.09
English 62229 4043 (6.5%) 19.69 87.77
Hindi 65624 3586 (5.46%) 20.77 83.29
Odia 61415 4815 (7.84%) 19.44 93.26
Sinhala 58211 5330 (9.16%) 18.42 92.97
Tamil 45525 7034 (15.45%) 14.41 114.95
Urdu 68314 3497 (5.12%) 21.62 80.26
Albanian

Algebraic

87924 2872 (3.27%) 20.88 93.05
Assamese 56108 2258 (4.02%) 13.33 77.05
Chinese 86390 1611 (1.86%) 20.52 32.01
English 79325 1638 (2.06%) 18.84 84.79
Hindi 74966 1505 (2.01%) 17.81 74.37
Odia 68197 1813 (2.66%) 16.2 81.94
Sinhala 60724 2762 (4.55%) 14.42 76.53
Tamil 56163 3455 (6.15%) 13.34 97.82
Urdu 76902 1446 (1.88%) 18.27 67.43

To measure the similarity between sentence pairs, we uti-
lized the cosine similarity of MWP embeddings. We con-
sidered LaBSE [41] and XLM-R [42] to generate MWP
embeddings.

First, we plotted the similarity scores for each English-
Sinhala sentence pair in the dataset using both LaBSE and
XLM-R embeddings. A thorough analysis of the similarity
scores in relation to the perceived quality of the English-
Sinhala translations indicated a stronger association with hu-
man assessment of translation quality in the XLM-R embed-
ding similarity scores. Therefore, we chose XLM-R sentence
embeddings for the similarity measure.

This analysis helped us to identify a potential threshold (0.4)
of the cosine similarity score to distinguish good translations
from bad ones in Sinhala-English translations. Then this
threshold was used to identify MWPs that may have been of
low quality in other languages. The plots of similarity scores
(see Figure 2 in Appendix) visualize the quality of MWPs of
each language before refinement.

Specifically, this approach and plot visualization facilitated
the identification of the following translation errors:

• English MWP has been copied to the target side (indi-
cated by a perfect similarity score of 1)

• Discrepancies in the ordering of MWPs compared to that
of the English dataset (evidenced by sudden drops in
similarity scores throughout a range in the plot)

• Duplicate MWPs on the target side (indicated by equal
similarity scores)

• Some MWPs have not been translated into the target
language (identified through simple error checks).

The identified errors were marked, and the dataset was sent
back to the contributor to manually fix.

2) Manual Quality Estimation: 200 sentences of the final
dataset for each language were evaluated by three independent
reviewers.

In order to verify the quality of the manual translation,
we used the Direct Assessment (DS) method [43], which is
commonly used in translation evaluation research. We selected

three bilingual speakers for each language pair. Each evaluator
was assigned 200 translated MWPs along with the original
English MWP. They were asked to rate the translated version
with respect to adequacy and fluency and give a rating between
1-100 as per the criterion defined in [43], where 0-10:
incorrect translation, 11-29: a translation with few correct
keywords, but the overall meaning is different from the source,
30-50: a translation with major mistakes, 51-69: a translation
which is understandable and conveys the overall meaning of
the source but contains typos or grammatical errors, 70-90: a
translation that closely preserves the semantics of the source
sentence and 91-100: a perfect translation.

The evaluation results, displayed in Table VI, demonstrate
the effectiveness of the translation process across various
languages and contexts. Specifically, for Albanian, Assamese,
Odia, and Sinhala, over 80% of the MWPs have a translation
score exceeding 70. For Chinese and Hindi, the corresponding
figure surpasses 75%. However, Tamil is an exception, with
only 64% and 55.6% of MWPs in the Simple and Algebraic
contexts, respectively, reaching scores above 70.

TABLE VI
PERCENTAGE DISTRIBUTION OF DIRECT ASSESSMENT SCORES FOR

TRANSLATED SENTENCES ACROSS LANGUAGES AND CONTEXTS

Dataset Rating

Language Context 0-10 11-29 30-50 51-69 70-90 91-100

Albanian Simple 1.3 1.7 1.7 4.3 12 79
Algebraic 0.3 3 1.7 12 12 71

Assamese Simple 0.5 0 0.5 10 12.5 76.5
Algebraic 9.5 2 3 4 25.5 55

Chinese Simple 1.3 3 5.3 9 31 50.3
Algebraic 2.7 2.7 11 5 25 53.7

Hindi Simple 0.7 0.7 5.3 13.7 10.3 68.3
Algebraic 0.7 1.7 6.3 9.3 6 75.7

Odia Simple 0 0 0 2.7 15.3 82
Algebraic 0 0 0.7 0.7 10.3 87.7

Sinhala Simple 1 1 1 3 6 88
Algebraic 2 4 6 6 10 72

Tamil Simple 1.7 4 12.3 18 44.3 19.7
Algebraic 11 6.3 9 18 21.3 34.3

Urdu Simple 0 0 1.7 9 13.3 76
Algebraic 0.3 0 4.3 8.3 23.3 63.7

IV. METHODOLOGY

A. Autoregressive Text Generation
Previous work has shown that autoregressive text genera-

tion, either with RNNs or LLMs, is a viable option for MWP
generation [12], [18]. In particular, [12] showed that autore-
gressive text generation, even with a small seed, is effective
for low-resource languages such as Sinhala and Tamil. On the
other hand, we did not have any contextual information related
to the MWPs in the considered languages in order to employ
NN-based techniques that generate MWPs by considering an
equation and a context [8], [19], [38], [39] (Note that we would
need contextual information in nine different languages).

Therefore, we resort to autoregressive text generation. Our
dataset is not large enough to train an autoregressive model
from scratch. Therefore, we used LLMs to initialize our text
generation model. To be specific, we used the conditional
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generator option in LLMs. Input to the model is the seed text
(the starting portion) of the MWP, and the model is expected
to generate the rest. For all the experiments, we selected seed
size of 25% of the words in the original MWP. Note that this is
the smallest seed size that was experimented with by [12]. Via
a human evaluation, they have shown that text generation using
this seed size is still more effective than a tutor generating a
question from scratch.

B. Constraint-based Text Generation
Generating MWPs presents unique challenges as it requires

the generation of linguistically coherent and grammatically
correct text while also ensuring compliance with mathematical
rules. While traditional natural language generation (NLG)
approaches have been successful in addressing linguistic con-
straints, the satisfaction of mathematical constraints in MWPs
has received less attention. A significant portion of the errors
in the model proposed by [12] was attributed to the basic au-
toregressive generation on ptMSLM models failing to adhere
to these mathematical constraints. For instance, in the MWP
shown in Figure 1, if Anil’s age is 7, it results in an unrealistic
age of -3 years for Harin.

Fig. 1. Constraint-based MWP generation model (Adapted from [19])

The only NN-based work that we could find on constraint-
based MWP generation is [19]’s model. They utilized an
equation consistency constraint for mathematical equations to
improve the mathematical validity of the generated MWP.
Their model consists of two sub-models:

1) MWP generation model
2) MWP to equation conversion model (mwp2eq model)
The overarching objective for the MWP generation model,

represented by p⇥, is illustrated in Equation 1.

L = Lmwp + ↵Leq (1)

Where L denotes the total loss, Lmwp the MWP loss, Leq the
equation consistency loss, and ↵ the hyperparameter balancing
the constraint term.

Here Lmwp is the negative log-likelihood objective for
MWP generation.

Lmwp =
TX

t=1

� log p⇥(mt|E, s, {mr}t�1
r=1) (2)

The notations {mr}t�1
r=1, E, and s in Equation 2 denote the

MWP as a sequence of tokens, equation, and seed, respec-
tively.

We further introduce an equation consistency constraint,
denoted by Leq, which is defined as:

Leq =
TX

t=1

� log p�(et|M 0, e1, ..., et�1) (3)

In Equation 3, p� represents the mwp2eq generation model,
M 0 symbolizes the generated MWP, and et refers to a se-
quence of mathematical symbols. This approach treats the
equation as a sequence of mathematical symbols et, rendering
it suitable for sequential processing.

We modified [19]’s model to suit our research objectives.
Specifically, we omit the keyword selection model, which re-
quires contextual keywords such as nouns and proper nouns for
effective performance. Extracting such linguistic information
from MWPs, particularly in a multilingual dataset with low-
resource languages, poses challenges. As an alternative, we
used a seed of 25% of the words. Additionally, we replaced
their decoder-based GPT-2 with a LLM. The main reasoning
behind this design choice is our seed-based generation ap-
proach, which facilitates a tutor to create an MWP without
providing any contextual information.

The training process consists of two phases. In the initial
stage, we trained the ‘mwp2eq’ model independently using the
MWP dataset. This independent training offered the necessary
weights for initializing the MWP generation model.

The subsequent stage involved the joint training of both the
MWP generation and ‘mwp2eq’ models. The purpose of this
stage is to fine-tune the MWP generation model by leveraging
feedback from the ‘mwp2eq’ model, thereby enhancing the
mathematical validity of the generated MWPs. The interplay
between the MWP generation model and the mwp2eq model
during this joint training phase is depicted in Figure 1.

C. Multilingual Text Generation

For multilingual text generation, we reused the baseline
(Section IV-A) and the constraint-based text generation (Sec-
tion IV-B) models. However, we trained one model for all the
languages. Here, the training was done in one go, and the
dataset was a concatenation of MWPs from all the languages.
The training set was created by randomly integrating MWPs
from the training subset of each language.
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TABLE VII
RESULTS FROM BASELINE MODELS. BOLD FONT DENOTES BEST RESULTS, italic font DENOTES SECOND BEST. GRAYED OUT RESULTS INDICATE THAT

THE LANGUAGE IS NOT COVERED IN THE MODEL.

mBART50 IndicBART mT5 M2M-100
Context Language BLEU-4 METEOR BLEU-4 METEOR BLEU-4 METEOR BLEU-4 METEOR

Simple

Albanian 45.38 0.6385 30.56 0.5585 46.00 0.6431 45.33 0.6442
Assamese 48.74 0.6371 46.59 0.6220 46.31 0.6162 15.22 0.4221
Chinese 48.89 0.4787 5.00 0.1720 50.52 0.4850 48.83 0.4767
English 52.67 0.7202 51.87 0.7102 53.12 0.7214 51.27 0.7141
Hindi 50.47 0.6450 49.4 0.6312 48.5 0.6312 50.6 0.6480
Oriya 44.76 0.6514 43.46 0.6391 41.12 0.6189 44.21 0.6506
Sinhala 44.47 0.6204 0.96 0.1454 41.57 0.5922 46.01 0.6388
Tamil 41.34 0.6145 39.84 0.6025 39.05 0.5953 40.04 0.6075
Urdu 51.43 0.6383 40.11 0.5409 48.52 0.6123 50.89 0.6365

Algebraic

Albanian 41.50 0.5447 38.49 0.5269 41.64 0.5524 41.81 0.5470
Assamese 36.18 0.4996 33.91 0.4853 33.06 0.4766 11.33 0.3236
Chinese 34.74 0.2024 7.78 0.1337 35.57 0.2096 35.02 0.2032
English 46.98 0.6521 42.97 0.6239 45.38 0.6427 46.61 0.6450
Hindi 44.41 0.5742 42.91 0.5651 43.34 0.5711 45.49 0.5841
Oriya 41.01 0.5947 36.35 0.5453 38.85 0.5708 40.79 0.5902
Sinhala 21.13 0.4253 0.67 0.1004 18.1 0.408 20.74 0.4200
Tamil 27.47 0.4467 27.58 0.4670 26.96 0.4595 26.82 0.4459
Urdu 46.21 0.5641 37.82 0.4923 43.62 0.5486 44.76 0.5603

V. EXPERIMENT SETUP

The model selection was based on the coverage of the
languages in our dataset. To achieve this objective, we se-
lected four models, namely mBART50 [14], mT5 [15], M2M-
100 [16], and IndicBART [17]. The IndicBART model was
chosen due to its compactness and relevance to the Indic
languages present in our dataset. The pre-trained models were
obtained from Huggingface3. Tables III and VIII carry more
information about the models and their language support.

TABLE VIII
SUMMARY OF MODELS

Model Huggingface model #Parameters #Languages

mBART50 mbart-large-50 610M 50
IndicBART indic-bartSS 244M 12
mT5 mt5-base 582M 101
M2M-100 m2m100 418M 484M 100

All experiments were conducted using an A6000 GPU with
48GB of memory. To train models for various languages,
a consistent approach was adopted by maintaining a fixed
number of epochs (30) and batch size (8) while manipulating
other relevant hyper-parameters related to training. Addition-
ally, an early stopping mechanism was implemented to prevent
over-fitting. An issue encountered during the experimentation
process was that when training models for each language
individually, it was necessary to adjust the learning rate and
the number of warm-up steps to obtain better results. It was
observed that the optimal hyper-parameters for one language
may not necessarily produce favorable results for another
language.

For all the experiments, a train:validation:test split of
60:10:30 was used.

VI. RESULTS AND EVALUATION

In this study, both human evaluation and automatic metrics
were used for evaluation. The two metrics used were BLEU-
4 [44], and METEOR [45]. All metrics were calculated using
the Huggingface library.

A. Experiments on Baseline Models
The baseline results of different models are shown in Table

VII. Similar to [12]’s observations, the mBART50 model
performed better compared to other models. This could be
due to it being relatively larger than others (see Table VIII).
In particular, for simple MWPs, the mBART50 model gen-
erated the highest BLUE-4 and METEOR scores for four
languages. Additionally, it obtained the second-highest BLUE-
4 scores for all other languages. In more detail, mBART50
performed the best in English, followed by Hindi and Chinese.
We believe this is due to the high representation of these
languages in mBART50. A surprising result is Urdu, which is
relatively under-represented. This result gain might be due to
its syntactic similarity to Hindi and script similarity to Persian.
The high result of Albanian, which is missing in mBART50,
might be due to its script being Roman. [46] made a similar
observation for Afrikaans in Neural Machine Translation.
Similarly, Oriya and Assamese languages seem to benefit
from related languages such as Hindi and Bengali. [47] noted
a similar behavior for Indo-European languages in encoder-
based models such as mBERT, and [11] hypothesized that this
is due to this language family being dominant in LLMs. The
result for Tamil is even below some unseen languages. This
discrepancy can be ascribed to several factors. Primarily, the
insufficient representation of Tamil and associated Dravidian
languages within the mBART50 model could have contributed
to this outcome. Moreover, as illustrated in Table VI, the
relatively low quality of the Tamil dataset might have also

3https://Huggingface.co/
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TABLE IX
MBART50 RESULTS FROM ALL APPROACHES USING THE SIMPLE DATASET. BOLD FONT DENOTES BEST RESULTS, italic font DENOTES SECOND

BEST.GRAYED OUT RESULTS INDICATE THAT THE LANGUAGE IS NOT COVERED IN THE MODEL.

Language Baseline Constraint-based Baseline + Multilingual Constraint-based + Multilingual

BLEU-4 METEOR BLEU-4 METEOR BLEU-4 METEOR BLEU-4 METEOR

Albanian 45.38 0.6385 43.12 0.6539 38.16 0.5747 45.22 0.6645
Assamese 48.74 0.6371 50.05 0.6772 37.26 0.5318 49.31 0.6698
Chinese 48.89 0.4787 51.34 0.6852 48.99 0.63 52.45 0.6836
English 52.67 0.7202 52.91 0.7572 48.94 0.6974 51.5 0.7369
Hindi 50.47 0.6450 51.45 0.6839 47.31 0.6235 50.89 0.6775
Oriya 44.76 0.6514 45.02 0.6861 33.06 0.5437 44.96 0.6826
Sinhala 44.47 0.6204 44.16 0.6451 38.71 0.579 44.74 0.6498
Tamil 41.34 0.6145 42.97 0.6691 36.51 0.5808 40.8 0.6445
Urdu 51.43 0.6383 52.4 0.6815 47.61 0.6121 51.43 0.6696

had an impact. The results from Algebraic MWPs exhibited
similar trends, albeit with relatively lower scores.

mT5 performed the best for Chinese, English, and Albanian
for Simple MWPs, and only for Chinese for Algebraic MWPs.
However, the results of Oriya and Assamese show its general-
ization capabilities to unseen languages, similar to mBART50.

M2M-100 also shows on-par results for languages already
represented in it. It is the best for Hindi and Sinhala simple
MWPs, as well as for Albanian and Hindi Algebraic MWPs.

The results of IndicBART are rather disappointing. Most
of the time, it does not outperform other models even for
Indic languages, despite being specifically trained on those
languages with larger dataset sizes. These observations are in
alignment with those made by [17] for text summarization and
question the practicality of utilizing language-specific small
multilingual models.

Generalization capability of IndicBART to unseen lan-
guages is also not consistent across languages. Out of the
languages missing in IndicBART, results for Urdu and Al-
banian are generally good. This could be due to Urdu having
a high syntactic similarity to Hindi and Albanian using the
same script as English. On the other hand, Sinhala and
Chinese had very low results, which might be due to script
differences. In order to further verify the impact of the script,
we converted Sinhala and Tamil MWPs to Roman scripts using
a transliteration tool [48]4. In Table X, we see a significant gain
for Sinhala. On the other hand, the results for Tamil show a
decrease when comparing the baseline and romanized results.

TABLE X
INDICBART RESULTS: BASELINE AND ROMANIZED DATASET FOR

SINHALA AND TAMIL

Context Language Baseline Romanized

BLEU-4 METEOR BLEU-4 METEOR

Simple Sinhala 0.96 0.1454 26.98 0.3797
Tamil 39.84 0.6025 19.52 0.3398

Algebraic Sinhala 0.67 0.1004 21.5 0.3561
Tamil 27.58 0.467 21.46 0.3431

Table VII indicates notable variations in LLMs performance
between high-resource and low-resource languages, as well as

4Earlier we converted the Tamil script to Devanagiri, using IndicBART
utilities

between Simple and Algebraic contexts.
In terms of model performance, mBART50 demonstrated

the most consistent results, exhibiting the lowest standard devi-
ation in BLEU-4 metrics across both Simple (3.77) and Alge-
braic (8.86) contexts. This was followed by mT5 (4.68, 9.13),
M2M-100 (11.27, 12.56), and IndicBART (18.77, 15.30). The
data further suggests that language representation in the LLMs
is a critical determinant of their performance. This is evident
from the performance of English, the language with the most
representation in all LLMs (except for IndicBART, where
Hindi is more represented), which consistently achieves the
highest BLEU scores.

Language-wise, all the models typically exhibit higher stan-
dard deviation for low-resource languages (LRLs) compared to
high-resource languages (HRLs), a trend that is expected based
on the disparity in available training data. However, an ex-
ception was observed with IndicBART. This model, primarily
trained on low-resource Indic languages (excluding Hindi) and
not on high-resource languages like Chinese, deviated from
this trend.

In terms of datasets, the Simple dataset demonstrates a lower
standard deviation compared to the Algebraic dataset, indicat-
ing more uniform performance across different languages and
models.

In summary, we see that factors such as language represen-
tation and the existence of similar languages in the pre-trained
model, as well as language script have a noticeable impact on
model performance for autoregressive text generation.

B. Improvements to the Baseline Model

Since mBART50 showed the overall best performance, we
used it for further experiments.

Table IX summarizes the results of the improvements we
carried out on mBART50 baseline system. To be specific, we
trained the baseline model in a multilingual manner, integrated
the constraint-satisfaction model with the baseline, and finally
trained the combined model in a multilingual manner. Results
are reported only for the simple MWP dataset, as it is the only
dataset that contains equations that are compatible with [19]’s
approach.

As per the METEOR scores, the constraint-based model
outperforms the baseline consistently. The same was observed
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TABLE XI
IDENTIFIED ERRORS IN THE GENERATED MWPS

Error Type Description Examples
Co-reference issues Inconsistent co-reference White is 19 years old and "lack is d years younger than white. How old is Ealu?

Here the second sentence has the proper noun Ealu, instead of "lack

Grammatical errors Violates grammar rules of the language Emiley ran 14 mile and walked 15 mile. How much farther did Emiley walk than run?
Here mile, should be pluralc”miles”

Misspellings Incorrectly spelled word/s ලසල්ට පැකැට් 12ක් ඇති අතර ෙරා්සිට ලසල්ට වඩා 6ක් අඩුෙවන් පැකැට් ඇත.ෙරා්සිට පැකැට් ෙකාපනම ප්රමාණයක් තිෙබ්ද?
Here, correct spellings for ”ෙකාපනම" is ෙකාපමණ

Incomplete sentences Incomplete sentences are present in the MWP පූෙසකු සැතපුම් 2 ක් ගමන්කල අතර සැතපුම් පූසන් පසු කල මුළු දුර ෙකාපමණද?
Possible correction: පූෙසකු සැතපුම් 2 ක් ඇවිද්ද අතර සැතපුම් 5 ක් දිව්වා. පූසා ගිය මුළු දුර ෙකාපමණද?

Unsolvable problems Not enough information or contradictions
Daren mblodhi 18 dardha nga pema e dardhďs. Sa dardha kishin mbetur?
English translation: Daren picked 18 pears from the pear tree. How many pears were left?
Cannot solve without knowing the initial number of pears in the tree.

Unrealistic Solvable but, solution is not realistic
نرمل نے 8 کتابیں خریدیں اور نمل کو 9 کتابیں دیں۔ نرمل کے پاس اب کتنی کتابیں ہیں؟

English Translation: Nirmal bought 8 books and gave 9 books to Nimal. How many books does Nirmal have now?
Answer is -1

Trivial problems MWP is trivial and easy to solve
170 ெவௗவா™கœ உœௗன. ெவௗவா™கௗி¡ ெமாˆத எ‡E‚ைக எ¡ன?
English translation: There are 1dy bats. What is the total number of bats?
Asking about total number of bats. "ut the answer is already given in the question itself

Unit issues An inconsistent unit is linked
to a numerical value

奈良 有 12 把 钥匙 , 哈里 比 奈良 多 6 把 钥匙 . 哈里 有 几个 钥匙 ?
The unit of the question should be”把" instead of"个"

for BLEU-4, except for the Albanian and Sinhala. This im-
provement can be attributed to the use of equation consistency
constraint during the training process of the constraint-based
model, which improves the mathematical validity of the gen-
erated MWPs.

The multilingual version of the baseline lags behind the per-
language model in all languages except Chinese. The average
result (BLUE-4) drop for languages included in mBART50 is
3.53, and the same for languages not included in mBART50
is 10.13.

However, when the constraint-based model is implemented
in a multilingual manner, it outperforms the baseline for all the
languages with respect to METEOR score. The same is ob-
served with respect to BLEU-4, except for Albanian, English,
and Tamil. This model even outperforms the constraint-based
per-language model for Chinese and Sinhala (and Albanian
with respect to METEOR score). Considering the added conve-
nience of a single model that can support multiple languages,
our best pick is the constraint-based model implemented in a
multilingual manner.

C. Human Evaluation
While BLEU-4 and METEOR scores can indicate the

quality of generated text in general, they do not have specific
capabilities to determine whether the generated MWPs satisfy
mathematical constraints. Therefore, we conducted a com-
prehensive human evaluation of the quality of the generated
MWPs5. Our primary objective was to identify the impact of
the constraint-based text generation model.

The list of errors commonly identified in the generated
MWPs is given in Table XI, along with examples of each
type. Out of these, the first five errors have been introduced
by [12]. They have categorized all errors related to math-
ematical validity into the Math constraints category. In our
analysis, this error type is sub-categorized in order to assess
the effectiveness of the constraint-based model in preserving
the mathematical validity of the generated MWPs.

For the human evaluation, we used a consistent sample
of 100 MWPs randomly selected from the Simple dataset.

5Note that this evaluation was not carried out for Assamese, since we could
not find human evaluators.

The same corresponding versions of these MWPs were used
for each language, ensuring fair comparison across different
models and languages. Additionally, we used only the MWPs
generated by the mBART50 model, as it had shown the
best performance according to automatic metrics. Each set of
MWPs was evaluated by three evaluators (who were not part of
the manual MWP translation or manual translation evaluation).
The evaluators were provided with the set generated by the
baseline model and the corresponding set generated by the
constraint-based model and a guideline document about the
evaluation. The results are reported in Table XIII as the
average error percentage for each error category.

Human evaluation results generally align with the find-
ings from the automatic metrics. We observed reductions in
“Unrealistic” and “Unsolvable” error types, indicating the
effectiveness of the constraint-based approach in generating
mathematically coherent and logical MWPs. We noted an
exception in the Albanian and Sinhala MWPs generated by
constraint-based approach, where errors of these types in-
creased. The automatic metrics also showed this deviation,
with a drop of 2.26 and 0.31 in the BLEU-4 score for Albanian
and Sinhala, respectively.

D. Qualitative Evaluation
Table XIV shows the questions generated by the baseline

and the constraint-based models for the quarter seed ‘Tom got
3 eggs’.

The baseline model produces a question, ‘Tom got 3 eggs
but 4 were actually damaged. How many good eggs did Tom
get?’ leading to an unrealistic answer of -1. This suggests a
failure to observe a critical constraint: egg count cannot be
negative, a fundamental reality in both mathematics and the
real world.

Conversely, the constraint-based model, employing the
‘Equation Consistency Constraint’, formulates a more logical
problem: ‘Tom got 3 eggs but 2 were actually damaged. How
many good eggs did Tom get?’.

There were instances in which both the baseline and
constraint-based models failed to generate high-quality MWPs,
as demonstrated in Table XII. We also note that the likelihood
of generating erroneous MWPs increases with the problem
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TABLE XII
COMPARISON OF MODEL OUTPUTS

Input Seed Baseline Model Output Constraint-Based Model Output Expected Output
How many plants should How many plants should the park

have?
How many plants should be planted
in 15 days?

How many plants should be planted
per column if you have 52 plants
and 15 columns in all?

Marc sold 563 tickets for
the school play. Student

Marc sold 563 tickets for the
school play. Student tickets cost 12
dollars each and none. In total, how
many student tickets did he sell at
the school?

Marc sold 5 tickets for the school
play. He bought 6 tickets at a yard
sale over the weekend. How many
tickets did he sell in total?

Marc sold 563 tickets for the
school play. Student tickets cost
4 dollars and adult tickets cost 6
dollars. Marc’s sales totaled 2840
dollars. How many adult tickets
and student tickets did Marc sell?

It took Shalani 32 minutes
to reach Matara.

It took Shalani 32 minutes to reach
Galle. It took Sanduni 2 minutes
less than Piyal to reach Galle. How
many minutes did it take Piyal and
Sanduni to travel to Galle?

It took Sanduni 32 minutes to reach
Matara. It took Sanduni 3) minutes
less than Piyal to reach the distance
they have traveled. How many min-
utes did it take Piyal and Sanduni
to travel to the distance they had?

It took Shalani 32 minutes to reach
Matara. It took Lalani 3 minutes
less than Shalani to reach Matara.
How many minutes did it take for
both of them to go to Matara?

TABLE XIII
PERCENTAGES OF DIFFERENT TYPES OF ERRORS FOUND IN SIMPLE MWPS

GENERATED BY THE BASELINE AND THE CONSTRAINT-BASED TEXT
GENERATION MODELS.BOLD FONT DENOTES LOWEST ERRORS

Language Context Co-ref. Spell. Unit Gram. Unreal. Unsol. Trivial Incomplete

Albanian Baseline 3 11 6.3 7.7 5 5 1.3 8.7
Constraint-based 3.3 11 5.7 6.3 5.3 6.7 1 9.3

Chinese Baseline 16.3 1.3 3.3 4.7 3.3 11 1.3 6.3
Constraint-based 13.3 0 1.7 3.7 2.3 5 4.3 5.7

English Baseline 7 1.3 0 13 5.7 6.7 3.7 2.3
Constraint-based 3.7 1 0.3 11.7 5.3 3.7 2 3

Hindi Baseline 14 5.3 1 15.7 5 6.3 2.7 3.7
Constraint-based 13.3 4.3 0.7 11.3 4.7 3.7 2 3.3

Odia Baseline 18.7 3.3 0 15.3 2 6 1.3 2
Constraint-based 11.3 1.7 2 7.7 1.3 2 0.7 4

Sinhala Baseline 8.3 18.3 2.3 8.3 8 7.7 1.3 4.3
Constraint-based 7.3 22.7 1.3 8 12.3 5.7 2.7 4.3

Tamil Baseline 15.3 11 3.7 36.3 6.7 10 6.33 8.3
Constraint-based 8.3 7.3 1.3 36.7 6.3 6 5.3 7

Urdu Baseline 9.7 12.3 32.3 9.3 5.3 6 6 3
Constraint-based 8 11.7 29.3 2.7 5 4.7 4.7 12

TABLE XIV
A SAMPLE MWP GENERATED BY BASELINE AND THE

CONSTRAINT-BASED MODELS

Model Generated MWP Ans:

Baseline Tom got 3 eggs but 4 were actually
damaged. How many good eggs did Tom
get?

-1

Constraint-based Tom got 3 eggs but 2 were actually
damaged. How many good eggs did Tom
get?

1

length. The complexity of the sentence structure and lack of
sufficient information in the input seed also contribute to the
generation of flawed problems.

Example 1: The baseline model introduces an unrelated
entity, a park, demonstrating an issue of hallucination. Further-
more, it generates a problem that lacks sufficient information
necessary for a solution. The constraint-based model, while
maintaining relevance to the seed, also lacks mathematical
validity due to insufficient information for a solution.

Example 2: The baseline model introduces irrelevant infor-
mation, demonstrating an issue of hallucination. On the other
hand, the constraint-based model alters parts of the input seed,
specifically reducing the number of tickets sold, demonstrating
an issue of context maintenance. The expected MWP is much

longer, which may pose a challenge for both the models.
Generating longer sequences while maintaining context and
coherence is a known challenge in NLG [49], [50].

Example 3: Both models replace the character Shalani with
Piyal and introduce a new character, Sanduni, indicating an
issue of context maintenance. The constraint-based model also
introduces a grammatical error, indicating a language quality
issue. Both models fail to generate the expected output, which
involves subtraction and addition. This could be due to the
models’ inability to handle longer sentence structures and
maintain context.

VII. CONCLUSION

This paper presented the multiMWP dataset consisting
of nine languages (with six being low-resource) for MWP
generation. Using this dataset, we extensively evaluated the
utility of LLMs for auto-regressive text generation across the
nine languages. Our findings reveal that the autoregressive text
generation capabilities of LLMs are very promising, even for
low-resource languages. However, their performance depends
on the interplay of language coverage in the model, the
existence of similar languages, as well as language script. We
also presented a constraint-based MWP generation model and
experimented with multilingual MWP generation. The model
that combines both these extensions is our pick for MWP
generation. We note that the constraint-based model does not
generate the expected results for some languages. Therefore,
we plan to explore more on this line. We also invite other
researchers to extend this dataset to their native languages.
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APPENDIX A
LANGUAGES

A. Albanian
Albanian is an Indo-European language spoken by around

7 million people, primarily in Albania and Kosovo. Albanian
is a unique language within the Indo-European family, with
no close linguistic relatives. It has a number of distinct
characteristics that set it apart from other Indo-European
languages, including a distinctive phonetic and grammatical
structure. Albanian is written in the Latin script, with a number
of additional letters and diacritics used to represent sounds
specific to the language.

B. Assamese
Assamese is an Indo-Aryan language spoken in the Indian

state of Assam and parts of Arunachal Pradesh, Meghalaya,
and Nagaland. Assamese is closely related to Bengali and
shares a common ancestor with other Indo-Aryan languages
such as Hindi, Sanskrit, and Punjabi. It is written in the
Assamese script, which is derived from the Eastern Nagari
script and is closely related to the Bengali script.

C. Chinese
Chinese is a language spoken by approximately 1.4 billion

people, primarily in China, but also in Taiwan, Singapore,
and other countries with large Chinese diaspora populations.
It is the most widely spoken language in the world. Chinese
is written in characters, which represent individual words or
concepts rather than sounds. There are over 50,000 characters
in the Chinese language.

D. English
English is a West Germanic language spoken by around

1.5 billion people around the world. It is the official language
of many countries, including the United States, the United
Kingdom, Canada, and Australia. English has a rich history,
with roots in a variety of languages including Old English,
Latin, and French. It is written in the Latin script.

E. Hindi
Hindi is an Indo-Aryan language spoken by around 500

million people in India and around the world. Hindi is spoken
primarily in northern and central India, but it is also spoken
by significant communities in other parts of the country, as
well as in Nepal, Bhutan, and other countries where there
are large Indian diaspora populations. Hindi is written in the
Devanagari script and is closely related to other Indo-Aryan
languages such as Sanskrit, Bengali, and Punjabi.

F. Oriya
Oriya (also known as Odia) is an Indo-Aryan language

spoken by around 33 million people, primarily in the Indian
state of Odisha and in parts of Andhra Pradesh, West Bengal,
and Jharkhand. Some other languages that are closely related
to Oriya include Bengali and Assamese. All of these languages

share a common ancestor and have a number of linguistic
similarities, such as a similar grammar and vocabulary. Oriya
is written in the Oriya script, which is derived from the Brahmi
script and is closely related to the Bengali and Assamese
scripts.

G. Sinhala
Sinhala (also known as Sinhalese) is an Indo-Aryan lan-

guage spoken by around 16 million people, primarily in Sri
Lanka. It is the official language of Sri Lanka and is also
spoken by significant communities in other countries with
large Sri Lankan diaspora populations. Sinhala is written in
the Sinhala script, which is derived from Brahmic scripts.

H. Tamil
Tamil is a Dravidian language spoken by around 78 million

people, primarily in the Indian state of Tamil Nadu and is also
spoken by significant communities in other parts of India, as
well as in Sri Lanka, Singapore, Malaysia, and other countries
with large Tamil diaspora populations. Tamil is written in the
Tamil script, which is an abugida (syllabic) script.

1) Urdu: Urdu is an Indo-Aryan language spoken by over
100 million people, primarily in Pakistan and India. Urdu is
written in the Perso-Arabic script and is closely related to
Hindi, with many common words and a shared grammatical
structure.

APPENDIX B
ETHICAL CONSIDERATIONS

Workers were compensated either by paying university
stipulated rates or were made co-authors of the paper. We ob-
tained permission to use [12]’s dataset. [19] and [48] privately
provided their code upon request. The dataset contains only
elementary-level Mathematics questions. A generative model
trained with this data cannot cause any additional harm than
what can be already caused by the LLMs we used.

APPENDIX C
SUPPLEMENTARY MATERIALS

TABLE XV
MODEL HYPER-PARAMETERS

Approach Optimizer lr Batch size

Baseline Adam 0.0001 8
Constraint-based Adam [1e-5 ,1e-4] 8
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Fig. 2. Distribution of similarity scores for the Simple dataset before and after data cleaning. Included are plots only for languages that translators agreed to
correct
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