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Abstract

Multilingual LLMs support a variety of languages; however, their

performance is suboptimal for low-resource languages. In this work,

we emphasize the importance of continued pre-training of multilingual

LLMs and the use of translation-based synthetic pre-training corpora

for improving LLMs in low-resource languages. We conduct our study

in the context of the low-resource Indic language Hindi. We introduce

Nemotron-Mini-Hindi 4B, a bilingual SLM supporting both Hindi and

English, based on Nemotron-Mini 4B. The model is trained using a

mix of real and synthetic Hindi + English tokens, with conti

1 Introduction

This paper examines: Adapting Multilingual LLMs to Low-Resource Lan-
guages using Continued Pre-training and Synthetic Corpus. Research ques-
tion: What is the impact of vocabulary expansion versus continued pre-
training on the convergence speed and �nal accuracy of XLM-R when adapt-
ing to low-resource African languages?.

2 Methodology

Systematic literature search across multiple databases yielded 13 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 7.4/10.

3 Results

13 papers retrieved. 27 claims extracted; 19 independently veri�ed. Quality
review score: 7.4/10.
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4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.
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5 Extracted Claims

Claim Veri�ed Con�dence

Hindi pre-training is essential for achieving
strong results on Hindi benchmarks.

✓ 0.21

Nemotron-Mini-Hindi 4B leads to signi�cant
gains in factual accuracy for Hindi.

✓ 0.16

Nemotron-Mini-Hindi 4B leads to signi�cant
gains in factual accuracy for English.

✓ 0.17

Nemotron-Mini-Hindi 4B showcases e�ective
cross-lingual transfer.

✓ 0.17

OpenHathi, Airavata, TamilLLaMA, Navarasa4,
Ambari, MalayaLLM, and Marathi-Gemma are
examples of e�orts adapting LLaMA

✓ 0.21

Airavata introduced an evaluation framework for
Indic LLMs.

× 0.12

× 0.00
The key distinction of the authors' work is its
emphasis on developing bilingual LLMs, whereas
cited e�orts concentrate

✓ 0.20

Cahyawijaya et al. (2024) show that large lan-
guage models can learn low-resource languages
e�ectively using in-context

✓ 0.26

Gurgurov et al. (2024) enhance multilin-
gual LLMs for low-resource languages by using
adapters with data from ConceptNet.

✓ 0.24

Gurgurov et al. (2024) report boosted perfor-
mance in sentiment analysis and named entity
recognition using their method.

✓ 0.15

The study evaluates Nemotron-Mini-Hindi-4B
using native Hindi benchmarks including In-
dicXTREME, IndicNLG, and IndicQuest

✓ 0.16

The study evaluates Nemotron-Mini-Hindi-4B
using translated English benchmarks including
MMLU and Hellaswag.

✓ 0.17

The authors curated an open-ended QnA dataset
termed SubjectiveEval to assess generation ca-
pabilities in Hindi.

✓ 0.19

Human evaluation was conducted using the
translated MT-Bench dataset.

✓ 0.21

The Nemotron 4B model architecture consists of
32 layers.

× 0.08

The Nemotron 4B model has a hidden size of
3072.

× 0.11

The Nemotron 4B model has 24 attention heads. × 0.07
The Nemotron 4B model has 8 query groups. × 0.11
The Nemotron 4B model has an MLP hidden
size of 9216.

× 0.13

The Nemotron 4B model has 4.19B parameters. × 0.08
The authors' approach uses a mix of real and
synthetic corpora for continued pre-training.

✓ 0.16

The synthetic pre-training dataset is curated by
translating high-quality generic English corpora
into the target langua

✓ 0.22

Text is transliterated into Roman script to sup-
port Roman script queries in the target lan-
guage.

✓ 0.22

The base model is aligned using supervised �ne-
tuning (SFT) followed by preference tuning with
Direct Preference Optimi

✓ 0.23

An ablation study highlights that Hindi pre-
training results in signi�cant improvements in
Hindi chat capabilities and

✓ 0.28

Signi�cant improvements in Hindi chat capabil-
ities and factual accuracy cannot be achieved
through Hindi alignment alon

✓ 0.31
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