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Abstract

Generative Large Language Models
(LLMs) have achieved remarkable ad-
vances in various NLP tasks. In this work,
our aim is to explore the multilingual capa-
bilities of large language models by using
machine translation as a task involving
English and 22 Indian languages. We
first investigate the translation capabilities
of raw large-language models, followed
by exploring the in-context learning
capabilities of the same raw models. We
fine-tune these large language models using
parameter-efficient fine-tuning methods
such as LoRA and additionally with full
fine-tuning. Through our study, we have
identified the model that performs best
among the large language models available
for the translation task.

Our results demonstrate significant
progress, with average BLEU scores of
13.42, 15.93, 12.13, 12.30, and 12.07,
as well as chrF scores of 43.98, 46.99,
42.55, 42.42, and 45.39, respectively,
using two-stage fine-tuned LLaMA-13b
for English to Indian languages on IN22
(conversational), IN22 (general), flores200-
dev, flores200-devtest, and newstest2019
testsets. Similarly, for Indian languages to
English, we achieved average BLEU scores
of 14.03, 16.65, 16.17, 15.35 and 12.55
along with chrF scores of 36.71, 40.44,
40.26, 39.51, and 36.20, respectively,
using fine-tuned LLaMA-13b on IN22

© 2024 The authors. This article is licensed under a Creative
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(conversational), IN22 (general), flores200-
dev, flores200-devtest and newstest2019
testsets. Overall, our findings highlight the
potential and strength of large language
models for machine translation capabilities,
including languages that are currently
underrepresented in LL.Ms.

1 Introduction

Generative Large Language Models (LLMs) have
made significant performance improvements in vari-
ous natural language processing (NLP) tasks, show-
casing exceptional progress in a wide range of
applications (Xuanfan and Piji, 2023; Xi et al.,
2023). These tasks range from open domain ques-
tion answering, where LLMs excel in providing
accurate and coherent responses, to instruction-
based tasks such as code completion, where LLMs
can generate code snippets based on given prompts
(Vaithilingam et al., 2022). LLMs have also demon-
strated proficiency in tasks such as writing essays,
grammar checks (Wu et al., 2023a), and text sum-
marization, where they can produce high quality
results (Chang et al., 2023). These advances have
been observed mainly in tasks centered on En-
glish. The popular LLLMs support several natural
languages. The performance of some languages
other than English is not yet on par or yet to be
evaluated (Lai et al., 2023; Zhu et al., 2023).

A multilingual country like India, where over
364+ languages and dialects ! are spoken across
its vast territory, presents a multitude of chal-
lenges across various domains due to language bar-
riers (Zielifiski and others, 2021), such as day-to-
day communication, education (Steigerwald et al.,
2022), business, healthcare (Mehandru et al., 2022),

'nttps://en.wikipedia.org/wiki/
Linguistic_Survey_of_India
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Figure 1: LLMs based Machine Translation performance comparison with public systems for English to Indian Languages.
BLEU and chrF scores are averaged over 22 Indian Languages and 5 different benchmark data sets. The available MT systems
are GPT-3.5 (GPT-3.5 Davinci, by OpenAl), IndicTrans-2, Google Translation, LTRC-IIIT-H, SeamlessM4T. LLaMA-2-7b
and LLaMA-2-13b are evaluated as LLM based fine-tuned MT systems are namely LLaMA-2-7b+lora (Multi), LLaMA-2-
13b+lora (Multi), and LLaMA-2-13b+FF+lora (Multi). Encoder-Decoder BPCC (H) represents scores for encoder decoder based

transformer model trained on BPCC Human Training data.

tourism, governance, and more. Recent advance-
ments in the field of Large Language Models may
offer solutions to these challenges tailored to Indian
languages.

To test whether decoder-based LL.Ms can effec-
tively overcome language barriers, it is crucial to
assess the proficiency of large language models in
handling Indian languages. Machine Translation, as
a critical multilingual task, could be an ideal option
to explore the multilingual capabilities of existing
models. Hence, we can formulate the question to
assess the proficiency of large language models
in handling Indian languages as follows: How ef-
fectively do large language models perform in
multilingual tasks like Machine Translation, par-
ticularly when dealing with Indian languages?

In this work, our main contribution is to address
the following points in response to the above ques-
tion.

* What are the directions for utilizing or adapt-
ing available Large Language Models for In-
dian Languages?

— How do LLMs perform in translating
a wide range of Indian languages un-

der zero-shot and in-context learning set-
tings?

— Does LLM fine-tuning improve the trans-
lation capabilities of Large Language
Models? How do they perform in low-
resourced MT languages?

— The Impact of LLM Vocabulary on the
Performance of Large Language Models
in Translation Tasks.

To address the above questions, we assess the
translation capabilities of popular large language
models (opt, bloom, LLaMA-1, MPT, Falcon,
LLaMA-2, and Mistral (§B)) that involve English
and 22 scheduled Indian languages (Assamese,
Bangla, Bodo, Dogri, Konkani, Gujarati, Hindi,
Kannada, Kashmiri, Maithili, Malayalam, Marathi,
Meitei, Nepali, Odia, Punjabi, Sanskrit, Santali,
Sindhi, Tamil, Telugu, and Urdu). We initially ex-
amine the translation capabilities of these raw large
language models mentioned above (§4.1). Subse-
quently, we explore their in-context learning abili-
ties (§4.1). Additionally, we fine-tune the base mod-
els using parameter-efficient fine-tuning methods,
specifically LoRa (§5). Furthermore, we investigate
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the potential of two-stage fine-tuning for large lan-
guage models, which involves full parameter fine-
tuning in the first stage, followed by LoRa-based
adapter fine-tuning (§5).

The key findings of our work, summarized in
Figure 1, highlight the performance of our LLM-
based machine translation fine-tuned models com-
pared to various known translation engines. These
engines range from commercial (Google?, GPT-
3.5% to open source (IndicTrans-2*, LTRC-IIT-
H3, seamlessm4t®),our trained Encoder-Decoder
BPCC (H) model (Appendix A), traditional super-
vised encoder-decoder translation models (Google,
IndicTrans-2, LTRC-IIIT-H), and decoder-driven
causal large language model-based translation sys-
tems (GPT-3.5).

Our findings underscore the significant potential
of large language models for translation tasks in-
volving English and Indian Languages. Although
raw LLMs (LLaMA-2-7b and LLaMA-2-13b) do
not perform well in translation tasks, our two-stage
MT fine-tuned models (LLaMA-2-13b + FF + lora
(Multi)) yield comparative results even with min-
imal parallel corpora. This suggests that LLMs
have the potential to possess multilingual capabili-
ties for translating into underrepresented languages,
which can be further enhanced by fine-tuning. This
work will be a crucial and pioneering milestone in
evaluating LLMs for language representation and
assessing their translation capabilities for a diverse
range of Indian languages, especially those with
limited available resources.

2 Related Work

Recent advancements in machine translation have
shown that neural machine translation (NMT) has
made significant strides in terms of output fluency
and translation quality, especially when ample par-
allel data are available (Barrault et al., 2020). How-
ever, the scarcity or absence of parallel data poses
a challenge for most language pairs. In the case of
Indian languages, recent developments have tried
to address this issue by introducing a new state-of-
the-art approach: multilingual machine translation
involving Indian languages and English (Wang et
al., 2021; Dabre et al., 2020; Madaan and Sadat,

https://translate.google.co.in/
*https://chat.openai.com/
“https://github.com/AI4Bharat/IndicTrans2
‘https://ssmt.iiit.ac.in/translate
*https://github.com/facebookresearch/
seamless_communication

2020). This approach uses a single script for ma-
chine translation, taking advantage of the lexical
and syntactic similarities that arise from genetic
and contact relatedness among Indian languages
(Gala et al., 2023; Eriguchi et al., 2022; Bapna and
Firat, 2019).

In the field of LLM driven machine translation,
in-context learning has gained significant attention
(Wu et al., 2023b). The use of large language mod-
els (LLMs) for multilingual machine translation has
been a topic of interest (Zhang et al., 2023). Recent
studies have evaluated the translation capabilities
of LLMs for different language directions, with a
focus on models like ChatGPT (Bang et al., 2023).

In particular, (Xu et al., 2023) proposed a two-
stage fine-tuning approach for machine translation
using LLM, involving fine-tuning in monolingual
data followed by fine-tuning on a small set of high-
quality parallel data. Our work represents the first
study to specifically explore machine translation
involving Indian languages using large language
models. The details on Large Language Models are
presented in the Appendix B.

3 Indian Languages representation in
LLMs

Pre-trained (or Base/Raw) large language models
are trained on a huge amount of language data,
and some of these models are trained on multiple
languages (Naveed et al., 2023). However, their
training mainly focuses on the English text (Penedo
et al., 2023a). The emphasis on English is due
to its substantial presence on the Internet and its
widespread usage in business contexts. For the pur-
pose of this work, our objective is to assess the
effectiveness of these models in Machine Trans-
lation tasks that involve both English and Indian
Languages. Consequently, it becomes crucial to
investigate the representation of Indian languages
within these large language models.

An approach to investigating the representation
of Indian languages within a large language model
can involve analyzing the frequency of language-
specific words and sentences used during the train-
ing of these models. Unfortunately, it is not possible
to perform this analysis as the training data used for
these models are not publicly accessible. LLaMA-
2, in particular, has mentioned that its pretraining
corpus consists mainly of English and may not be
optimal for other languages (Touvron et al., 2023b).
However, it is worth mentioning that approximately
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Language Family
Language

Indo-Aryan
asm ban kas snd urd doi hin gom mai mar nep san

Language Script Perso-Arabic Devanagari
No of Letters in Unicode 96 256 128

(57,34)
(00,91)
(01,90)
(05,86)
(02,89)
(00,91)

BLOOM (250680)
FALCON (65024)
LLAMA-1,2 (32024)
MISTRAL (32052)
MPT (50277)

OPT (50265)

(@8.48) (39,207) (67.61)
(2,126)
(38,90)
(43,85)
(22,106)

(1,127)

(00,96)
(24,72)
(34,62)
(05.91)
(00,96)

(12,244)
45211)
(47,209)
(35.221)
(13,243)

Gujarati

Dravidian Sino-Tibetan Austroasiatic
odi pan kan mal tam tel mni brx sat

Odia Gurmukhi | Kannada Malayalam Tamil Telugu | Meitei Devanagari Ol Chik
91 80 91 118 72 100 56 96 48

(56,35)
(00,91)
(00,91)
(00,91)
(00,91)
(00,91)

(55,25) (62,29)
(0,100)
(02,89)
(18,73)
(00,91)
(00,91)

(66,52)  (46,26) (61,39) | (00,56) (67,29) (00,48)
(00,72)
(04,76)
(02,78)
(00,80)

(00,80)

(00,56)
(33,155)
(04,116)
(01,117)

(0.118)

(02,70)  (04,96) | (00,56)
(19,53)  (01,99) | (00,56)
(22,50) (11,89) | (00,56)
(05,67)  (03,97) | (00,56)
(00,72)  (0,100) | (00,56)

(02,94)
(38,58)
(43,53)
(22,74)
(01,95)

(00,48)
(00,48)
(00,48)
(00,48)
(00.48)

Table 1: The language support of various LLMs for 22 Indian languages, along with the corresponding families, scripts, and
letters representing each language. In each tuple (xx, yy), the first value, xx represents the number of language-specific characters
present in respective LLM, while the second value, yy indicates the number of language-specific characters supported in the

form of bytes in respective LLM and for the respective language.

8.38% of the data includes languages other than
English and codes in LLaMA-2.

On the other hand, studying the vocabulary (or
letters/characters) of a corpus can provide valuable
insights into the representation and coverage of
language within that corpus. The writing system
or script used plays a crucial role in representing a
language. Therefore, the analysis of the vocabulary
can be considered a proximal task. Fortunately,
we have access to the sub-word vocabulary for the
considered large language models. By comparing
the characters present in the subword vocabulary
with those in the corresponding language script, we
can approximate the language representation within
the respective LLM.

For this work, we include a total of 22 sched-
uled Indian languages for translation, which can be
categorized into four main language families: Indo-
Aryan, Dravidian, Sino-Tibetan, and Austroasiatic.
These 22 Indian languages are written using 13 ma-
jor scripts. It is interesting to note that most of these
scripts can be traced back to the Brahmi script 7,
which served as the basis for the development of
several Indian scripts (Salomon, 1995). Each of
these 13 writing systems has its own unique set of
letters and characters 8, reflecting the phonetic and
linguistic characteristics of the respective languages
they represent.

Table 1 presents an overview of the scripts, the
languages that use these scripts, and the correspond-
ing vocabulary sizes of the subwords for LLMs.
The numbers indicated in ‘(X,Y)’ represent the
counts of native script letters (characters in unicode
%) present and not present in the respective LLM.
Specifically, X denotes the number of characters in
the native language that are present in the vocab-
ulary, while Y denotes the number of characters

"https://tinyurl.com/2r4zjd2d
$https://en.wikipedia.org/wiki/Official_
scripts_of_the_Republic_of_India
‘https://unicode.org/

represented as predefined (multiple) hexadecimal
values. In other words, there is no direct repre-
sentation for these many Unicode characters. On
analysis, we observe that, in general, the 22 Indian
languages have a very limited presence in most
LLMs. However, the Devanagari, Perso-Arabic,
and Bangla scripts demonstrate a few subword vo-
cabularies among 22 Indian Languages, whereas
other scripts have minimal or near-zero representa-
tion within the vocabulary.

4 Experiment setup: Machine Translation
using LLMs

To evaluate the performance of large language mod-
els (LLMs) in machine translation tasks involv-
ing English and 22 Indian languages, we mainly
conducted two experiments. The first experiment
focused on assessing the performance of the pre-
trained (raw) LLM, and example-based in-context
learning for the machine translation. In the second
experiment, we explore the fine-tuning of the best-
performing large language models for the transla-
tion task. Both directions of translation were ex-
plored, including English to 22 Indian languages
and 22 Indian languages to English. All experi-
ments were carried out using translation benchmark
data, as discussed in Section 5.

As part of our experimental setup, we use the
prompt pipeline shown in Figure 2. This pipeline
involved using a Prompt Generator to generate spe-
cific prompts for the source and target language
along with the source text. Subsequently, an LLM
call is triggered to generate a response, which was
then processed by a translation parser to obtain the
actual translation. To ensure high-throughput and
memory-efficient inference and serving of LLM,
we utilized the vLLM library'® (Kwon et al., 2023).
We conducted all experiments using a temperature
parameter of O, which ensures that the model be-

Ohttps://github.com/vllm-project/vllm
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Source Target Prompt Text
Language Text Language Translate this to <Target
Language> from <Source
—» Language>
Text: <Source Language Text>
A Translated Text:
.~ Prompt ™.
~Generator.

Tran slalmn
Parser P .f'

Target Text
Translation

{uP

Figure 2: Prompting Mechanism for Translation

haves deterministically. When setting the temper-
ature to 0, the model is restricted to selecting the
word with the highest probability, effectively lim-
iting its choice to the most likely option (Aksitov
et al., 2023). All of our experiments are conducted
using the vLLM library on A100, 40GB GPUs.

4.1 Machine Translation on Raw LLM

To optimize the machine translation task on our
selected LLMs, we performed manual trials with
various prompts. Through these trials, we found
that directly asking for translation and presenting
the text in JSON format yielded better results, as
the models seemed to comprehend the JSON struc-
ture more effectively (Reinauer et al., 2023). After
multiple iterations, we finalized two prompts to
translate sentences using raw (pretrained) LLMs,
as illustrated in the following examples. These
prompts were used to evaluate the efficiency of the
models.

Example: Translation Prompt-1

Translate this to <Target Language> from
<Source Language>

Text: <Source Language Text>
Translated Text:

Similarly, we identified and modified the prompt
for example-based in-context learning with LLM.
This prompt is specified in Example above (ICL
Translation Prompt). In the case of in-context learn-
ing, all of our experiments involved providing a sin-
gle translation sample as a contextual learning ex-
ample prior to the actual translation command. We
ensured that this example remained consistent for
the same language pair in all LLM calls. The sam-
ple itself was randomly selected from the Human-
BPCC translation training corpus (Al4Bharat et
al., 2023). We present the results of both of these
experiments in the Performance and Discussions

section.

Example: Translation Prompt-2

Translate this from <Source Language> to
<Target Language >

<Source Language>: <Source Language
Text>
< Target Language>:

. J

4.2 Fine-tuning LLM for Machine Translation

To examine the potential improvement in multilin-
gual understanding or translation performance of
LLM beyond the baseline pre-trained LLM (Raw
/ Base), we conducted fine-tuning experiments for
the translation task.

Example: ICL Translation Prompt

If the <Source Language> to <Target
Language> translation for “<Source
Example>" is “<Target Example>" from
<Source Language>, following that,
translate this to <Target Language> from
<Source Language>

Text: <Source Language Text>
Translated Text:

\. J

4.2.1 Training Data

To fine-tune large language models (LLMs) for
the machine translation task, we used the Bharat
Parallel Corpus Collection (BPCC) (Al4Bharat et
al., 2023). This corpus is publicly available and
specifically translated in English to 22 Indian lan-
guages. It consists of two main parts: BPCC-Mined
and BPCC-Human, comprising a total of approx-
imately 230 million parallel text pairs. For the
fine-tuning process, we focus on the BPCC-Human

211



English- #Sents S-Avgl. T-Avgl. S-Words T-Words S-Types T-Types
Assamese (asm) | 138208 16.88 1439 2333583 1988395 125480 185151
Bangla (ban) 180219 17.80 15.07 3208203 2715959 161820 227468
Bodo (brx) 113139 17.79 13.96 2012274 1579042 116963 227180
Dogri (doi) 24157 15.32 17.68 370047 427110 48256 41370
Konkani (gom) 97555 17.13 14.03 1671465 1368512 82783 145300
Gujarati (guj) 135664 17.71 15.96 2402552 2164831 123935 174886
Hindi (hin) 222356 17.84 19.69 3966247 4378231 183737 202423
Kannada (kan) 117222 16.83 12.44 1972881 1458053 100778 208803
Kashmiri (kas) 19824 16.02 17.68 317634 350577 43197 66210
Maithili (mai) 23690 16.11 15.79 381720 374042 52920 57423
Malayalam (mal) | 137950 16.30 11.13 2248081 1535654 120999 299146
Marathi (mar) 175893 17.94 14.81 3154904 2604119 167822 299983
Meitei (mni) 56617 17.77 15.73 1006271 890828 86175 161043
Nepali (nep) 85442 16.76 14.13 1431858 1207687 105411 145175
Odia (odi) 36923 17.07 15.49 630148 571958 68765 79932
Punjabi (pan) 80951 17.22 18.29 1394286 1480835 63510 74451
Sanskrit (san) 33189 16.30 11.69 541034 387957 61591 119856
Santali (sat) 24368 16.95 19.28 412918 469791 51307 56053
Sindhi (sin) 10503 17.10 19.32 179592 202952 28945 30782
Tamil (tam) 150254 17.76 13.34 2668252 2004981 139214 290917
Telugu (tel) 111808 16.81 12.64 1879737 1413466 96105 191792
Urdu (urd) 150747 17.62 20.20 2656814 3044480 144001 129856

Table 2: English to Indian Languages machine translation Fine-tuning data from BPCC-Human (Al4Bharat et al., 2023). In this,
the term “#Sents” refers to the total number of parallel sentences. “S-AvgL” and “T-AvgL” represent the average sentence length,
in terms of words, for the source and target languages, respectively. Likewise, “Words” denotes the total number of words, while

“Type” represents the total number of unique words.

Method Hyper-parameter  Value
LoRA modules PEFT"
rank 8
dropout 0.05

LoRA learning rate le-4

global batch size 8
epochs 6

learning rate le-4
global batch size 4
epochs 5

Full-parameter FSDP

Table 3: Hyper-parameter configurations of LoRA based and
full fine-tuning for 4*A100 40GB GPUs

dataset, which contains 2.2 million English-Indic
pairs. Additionally, this data set includes subsets
derived from sentences from English Wikipedia and
everyday usage scenarios. For more information on
this corpus, we present Table 2. It shows a diverse
representation of multilingual parallel corpora in
terms of sentence length and the number of charac-
ters per token (compare T-AvgL with S-AvgL) for
22 Indian languages.

4.2.2 Fine-tuning Details

Considering the raw LLM performance, model
parameters, and resource constraints, we selected a
subset of LLMs for the fine-tuning process. Specif-
ically, we chose LLaMA-2-7b, LLaMA-2-13b, and
Mistral-7B for the fine-tuning experiment. For
the selected LLMs, we decided to perform fine-
tuning considering multiple options to check their
performance. These options included bilingual
translation fine-tuning, multilingual translation fine-
tuning, low-rank adaptation-based fine-tuning, and
a two-stage fine-tuning approach: full fine-tuning
followed by low-rank adaptation-based fine-tuning.
Due to limitations in training resources, we priori-
tize full fine-tuning only for best performing Large
Language Models.

Specifically, we performed LoRa-based fine-
tuning (Hu et al., 2021) for all English to 22 In-
dian languages (in both directions) in bilingual set-
tings using LLaMA-2-7b and LLaMA-2-13b. Fur-
thermore, we performed LoRa-based multilingual
fine-tuning for English to the combined 22 Indian
languages, as well as for the combined 22 Indian
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TestSet #Sent Details

IN22_conv_test 1502
IN22_gen_test 1023

(AI4Bharat et al., 2023) released MT benchmark data covering English to 22 Indian Languages.

Flores200-dev 997
Flores200-devtest 1012

(Goyal et al., 2022) released MT benchmark data which includes English to 17 Indian Language pairs considered in this work.

Newstest2019 1997

(Federmann et al., 2022) released MT benchmark data which includes English to 10 Indian Language pairs considered in this work.

Table 4: Benchmark data details covering English to 22 Indian Languages

® Lama-2-7b  x Lama-2-13b ICL-Llama-2-7h @ ICL-Llama-2-13b

BLEU Score

English to IN - Languages

@ Liama-27h

x Llama-2-13b ICL-Lama-2-7h @ ICL-Llama-2-131

BLEU Score

& o
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L ]
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IN-Languages to English

Figure 3: Evaluation of English - 22 Indic language Translation over 5 benchmark-sets (averaged): Raw LLM vs. In-Context
Learning (ICL); Raw LLM models: LLaMA-2-7b, LLaMA-2-13b)

languages to English, using LLaMA-2-7b, LLaMA-
2-13b and Mistral-7B. Based on the overall perfor-
mance, we proceeded with a two-stage fine-tuning
approach for the multilingual translation task specif-
ically on LLaMA-2-13b. In the first stage, we
performed a full fine-tuning for the multilingual
translation objective. Subsequently, in the second
stage, we performed LoRa-based fine-tuning based
on same multilingual translation tasks on the fully
fine-tuned model.

For both types of LLM fine-tuning, we utilize the
llama-recipes codebase!? that provides an efficient
implementation for LoRa-based adapter fine-tuning
with PEFT (Mangrulkar et al., 2022). For more
details, the llama-recipes documentation can be
referred to. Hyperparameters for the fine-tuning
process are specified in Table 3. Training data used
for fine-tuning experiments will be presented in
Subsection 4.2.1.

5 Machine Translation Benchmark Data

We evaluated the performance of multilingual trans-
lation using three different benchmark datasets, as
outlined in Table 4. The table provides a compre-
hensive overview of each translation benchmark
dataset, highlighting the availability of n-way par-
allel data for the specified number of Indian lan-
guages from English as the source direction.

Zhttps://github.com/facebookresearch/
llama-recipes/

6 Performance Evaluation

We evaluated the performance of the translation
outputs using the BLEU (Papineni et al., 2002)
and chrF (Popovi¢, 2015) evaluation methods on
benchmark data described in Section 5. However,
we did not include COMET (Rei et al., 2022) as
an evaluation method due to the absence of support
for many low-resource Indian languages at the time
of evaluation. We used sacreBLEU library (Post,
2018) for BLEU '3 and chrF ' calculation. To
mitigate the impact of randomness in scores, we
present our findings as the average of two runs for
all our results.

Raw (Zero shot) vs ICL based Translation on
LLMs Figure 3 presents the comparison of the
overall results when evaluating the quality of trans-
lation for LLLM outputs based on raw LLM and In
Context Learning (ICL) based LLM outputs. The
left subfigure represents the results for English to 22
Indian languages, while the right subfigure presents
the results for 22 Indian languages to English trans-
lation. We observed amplified performance for the
Bloom large language model for certain languages,
which can be attributed to the known leak of MT
benchmark data in the pretraining (Zhu et al., 2023).

Bfootprint for BLEU: nrefs:1—case:mixed—
effino—tok:13a—smooth:exp—version:2.1.0
4footprint for chrF: nrefs:1—case:mixed—
eff:yes—nc:6—nw:0—space:no—version:2.1.0
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Figure 4: Performance comparison of GPT-3.5 vs our Fine-Tuned LLM Translation models (LLaMA-2-7b+lora (Multi),
LLaMA-2-13b+lora (Multi), and LLaMA-2-13b+FF+lora (Multi)): English to 22 Indian languages over 5 benchmark sets
(averaged). Here, LORA stands for Low-Rank Adaptation of Large Language Models-based fine-tuning. Multi stands for the
multilingual model, FF stands for full fine tuning, and FF + lora stands for 2-stage fine tuning.

Consequently, that was the reason for excluding this
language model from further experiments.

LLM models such as OPT, MPT, LLAMA-1 and
Falcon exhibited poor performance, which can be
correlated with the absence or minimal presence of
characters for our focused Indian Languages in their
vocabulary (Table 1). Therefore, we have omitted
reporting the results for these models. Figure 3
indicates that Llama-2 models show relatively bet-
ter performance with ICL settings compared to the
raw models. Detailed results are presented in the
appendix D.

Through manual analysis, we observed that less-
represented (in vocabulary) languages such as Gu-
jarati, Kannada, Odia, etc. (Table 1), ICL-driven
translation tends to repeat the same translation
given in the context of learning. On the other hand,
raw models tend to hallucinate and repeat words
throughout translation (Guerreiro et al., 2023) for
these languages.

An important finding from manual analysis is
that these raw LLLMs demonstrate the ability to ac-
curately identify languages (e.g., when asked for
Gujarati translation, it gives inaccurate translations
but correctly hallucinates text in the Gujarati script).
This is a positive aspect and indicates a significant
advantage of these LLMs in terms of their under-
standing and differentiation of languages and lan-
guage scripts. In response to the question asked
in the Introduction, it is true that the major LLMs
available are primarily focused on English. How-
ever, they exhibit minimal potential for zero shot
and example-based translation capabilities.

Fine-Tuned LLM driven Translations: English
to Indian Languages We conducted an evalua-
tion to compare the performance of our Fine-Tuned
LLM models with GPT-3.5, as both models use

the same decoder-based approach in architecture.
Figure 4 illustrates the comparison of English to 22
Indian language translations in terms of the BLEU
and CHREF scores. The scores for GPT-3.5 are
generally lower compared to our fine-tuned meth-
ods; also, our fine-tuned models have higher num-
bers than our previously mentioned zero-shot and
example-based learning baseline. This indicates
that with minimal parallel translation corpora, we
are able to achieve considerable translations for
translating into Indian languages from English.

Furthermore, we observed that multilingual fine-
tuning yielded a better overall performance com-
pared to bilingual fine-tuning. The two-stage
fine-tuning approach also outperformed other fine-
tuning methods for the translation task. The im-
pressive results of the two-stage fine-tuning ap-
proach, as shown in Figures 4 and 1, are compara-
ble to those of traditional encoder-decoder-based
translation models. Note that this performance im-
provement was achieved using only a few thousand
parallel data (Encoder-Decoder BPCC (H) model
vs. LLM-based models in Figure 1), whereas tra-
ditional NMT models typically require a larger
amount of data. From Figure 4, we can see that
translating to low-resource languages such as Do-
gri, Konkani, Kashmiri, Meitei, Sanskrit and Sindhi
yielded favorable evaluation numbers (Detailed re-
sults are presented in the Appendix D) compared
to existing translation systems. In response to the
question posed in the Introduction, the fine-tuning
of LLM enhances translation capabilities, partic-
ularly when using multilingual fine-tuning. These
models also demonstrate proficiency in translating
low-resource languages.

Fine-Tuned LLM driven Translations: Indian
Languages to English Figure 5 shows the com-
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Figure 5: Performance comparison of GPT-3.5 vs our Fine-Tuned LLM Translation models (LLaMA-2-7b+lora (Multi),
LLaMA-2-13b+lora (Multi), and LLaMA-2-13b+FF+lora (Multi)) on BLEU and CHREF scores: English to 22 Indian languages
over 5 benchmark sets (averaged). Here, LORA stands for Low-Rank Adaptation of Large Language Models-based fine-tuning.

Multi stands for the multilingual model.

parison of Indian language to English transla-
tion. The scores for GPT-3.5 are generally higher
compared to our fine-tuned methods, while our
fine-tuned models still outperform the previously
mentioned zero-shot and example-based context
learning-driven LLM results. In particular, the
performance improvement for the Indian-language
to English translation is comparatively lower than
that for the English-to-Indian-language translation.
Compared to translations from English to Indian
languages, the LoRa-based single-stage fine-tuning
here performs the best among all the fine-tuning
approaches. Detailed results are presented in the
appendix D.

This disparity can also be attributed to the rep-
resentation of the Indian language vocabulary in
these LLMs. As presented in Table 1, the subword
vocabulary for Indian languages is limited in the
LLMs considered. Consequently, when input is pro-
cessed in Indian languages, characters that are not
present in the vocabulary receive multiple hexadec-
imal representations of the vocabulary. This creates
a bottleneck in finding the correct representation
and, hence, the underlying meaning, making it chal-
lenging for the LLM network to perform the corre-
sponding semantic translations. However, this issue
is not prominent when translating from English to
Indian languages, as the underlying understanding
of English is robust for these large language mod-
els. This enables the network to effectively map the
respective language translations.

6.1 Human Evaluation

For human machine translation evaluation, we used
the direct assessment (DA) method (Stanchev et al.,
2020). This method enables human evaluators to
directly rate translations based on predetermined
quality criteria. It involved a meticulous analysis

and comparison of machine-generated output with
the source text, resulting in a continuous scale
score ranging from 1 to 100. A score of 1 signifies
non-sensical output, while a score of 100 indicates
a perfect translation. This method provides a more
objective and reliable assessment of the quality of
machine translation.

For our evaluation, we conducted a direct as-
sessment (Stanchev et al., 2020) for four language
pairs: English to Hindi, Marathi, Tamil, and Tel-
ugu in both directions. We used the Flores 200
devtest corpus and randomly selected 120 pairs of
sentences. Three different raters were engaged to
evaluate each pair of translations. The evaluated
translation engines include Google Translate, In-
dicTrans2, GPT3.5, Llama-2-13b+FF+lora (Multi),
and Llama-2-7b+lora(BI). The overall results for di-
rect assessment scores (averaged on 120 sentences
and 3 different ratings) are shown in Figure 6 for
both translation directions. The overall ranking of
different systems is similar to the automatic eval-
uation methods such as BLEU and CHREF scores.
Our finetuned models on smaller parallel corpora
for English-to-Indian-language machine translation
perform better compared to GPT3.5. However,
when we compare Indian Languages to English
human evaluation, the performance is not the same.
This is mainly attributed to the limited or near-zero
vocabulary coverage in the LLM models. Further-
more, as already discussed, direct assessment in-
dicates the superiority of encoder-decoder-based
models for the translation task, such as IndicTrans2
and Google Translate.

Therefore, automatic and human evaluation sug-
gest the need for large language models (LLMs)
with sufficient representation for Indian languages.
Future LLM development must address this require-
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Figure 6: Human Evaluation comparison of Google Translate, Indictrans2, GPT-3.5 vs our Fine-Tuned LLM Translation models
(LLaMA-2-13b+lora (BI), and LLaMA-2-13b+FF+lora (Multi)): English to 4 Indian languages on 120 sentences each with 3
ratings (averaged) and 4 Indian Languages to English on 120 sentences each with 3 ratings.

ment.

7 Conclusion

Our experiments and results have provided promis-
ing insights into the use of LLMs for translation
tasks. We have found that LLMs have the poten-
tial to perform translations involving English and
Indian languages without the need for an exten-
sive collection of parallel data, which distinguishes
them from traditional translation models. Further-
more, our findings indicate that the models based on
LLaMA-2 outperform other models in the zero-shot
and in-context example-based learning. In particu-
lar, the LLaMA-2-13b-based model demonstrates
superior performance compared to its counterparts.
To enhance the LLM’s understanding of English
and Indian languages, we have introduced a two-
stage fine-tuning process. This process begins with
an initial full fine-tuning, followed by LoRa-based
fine-tuning. Through this approach, we have sig-
nificantly improved the LLM’s comprehension of
content in both languages.

However, our experiments suggest that further
work is required on LLMs to surpass the perfor-
mance of traditional encoder-decoder-based transla-
tion models. This work could involve the develop-
ment of LLMs specific to Indian languages, which
would improve vocabulary and alphabet coverage,
resulting in a better representation of Indian lan-
guages.

However, in the future, we plan to incorporate
Indian-to-Indian language translation using LLM
by exploring vocabulary expansion approaches.
Furthermore, our objective is to develop a single
LLM model capable of translating all Indian lan-
guages, as well as English, in both directions. By
doing so, we aim to push the boundaries of lan-
guage capabilities within LLMs and further ad-
vance the field.

8 Limitations

To conduct our experiments, we relied on high-
performance GPUs, specifically the A100-40GB.
However, we acknowledge that not everyone may
have access to such powerful computing resources,
making it challenging to reproduce our experiments
and achieve identical results. To overcome this lim-
itation, our objective is to provide open access to
all outputs, including models and results, to facil-
itate further research and exploration. By making
these resources openly available, we aim to pro-
mote collaboration and allow others to build on our
work.

9 Ethics statement

To perform the experiments, we use publicly avail-
able data sets. Since we fine-tune the models on
publicly available datasets, the models might not
be prone to any ethical concerns. To encourage the
reproducibility, we mention all the experimental
details.
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A Encoder-Decoder BPCC (H) Model

We have trained a machine translation model using
the human training data from BPCC in English to
22 Indian languages (Al4Bharat et al., 2023) on an
A100 40GB GPU. The following are the details of
the model configuration for training:

* Input: 32K merge operations-based subword
tokens; Embedding size: 512, 4096 feedfor-
ward size; Layers: Encoder: 6, Decoder:6 and
Attention heads: 8; Dropout: 0.30; Max word
sequence length: 200; Steps: 200000; Batch
Size: 8192 tokens; Initial learning rate: 2e-5;
Optimizer: Adam; Label-smoothing: 0.1; 16-
bit floating point precision; Early stop with no
increase on training loss (10 epochs); Beam
size: 15

B Large Language Models

Language modeling, a well-established task in the
field of natural language processing, has attracted
significant attention over the years (Bellegarda,
2004; Bengio et al., 2000). This task involves
predicting the probability of the next token in a
sequence of words. Transformers have emerged as
the fundamental architecture underlying many ex-
isting large-language models (Vaswani et al., 2017).

Transformer-based autoregressive models, such
as GPT (Brown et al., 2020; Radford et al., 2019)
have played a crucial role in the advancement of nat-
ural language processing (NLP). GPT-3, with 175
billion parameters, is a standout in this category. It
is similar in structure to GPT-2 and GPT-1 but ben-
efits from a more extensive and varied dataset, mak-
ing it exceptionally powerful in NLP. In addition,
prompt-based ChatGPT (GPT-3.5 text-davinci-003
and GPT-3.5 turbo) has been performing excep-
tionally utilizing the reinforcement-based human
feedback strategy. Although these models exhibit
impressive performance on several NLP tasks, pri-
vacy and bias of the models have been a bottle-
neck. To mitigate such issues, LLaMA (Touvron
et al., 2023a) is an open source foundation model
trained on publicly available datasets. Similarly,
Falcon-40B (Almazrouei et al., 2023) is another
open-source LLM trained on a RefinedWeb corpus
of 1500 billion tokens. Falcon even comes with 7
and 40 billion instruction versions trained on con-
versation data.

The recent adaptation of Large Language Models
(LLMs) for instruction tuning has proven to be a

promising approach to improve the performance of
various natural language processing tasks. Specifi-
cally, in languages like Chinese and Swedish, this
shows the impressive zero-shot and generation abil-
ities of the low-rank adaptation of LLaMA for non-
English languages (Cui et al., 2023; Holmstrom
and Doostmohammadi, 2023). The recent devel-
opment of INDICLLMSUITE (Khan et al., 2024)
is an initiative for large language models focusing
on Indian languages. However, it is worth noting
that the current focus of these instruction models is
primarily on English. Therefore, there is an imme-
diate need to explore ways to adapt these models to
low-resource Indian languages (Aktar Husain et al.,
2024).

B.1 Base/Raw Models

In this work, we use the following base LLM mod-
els to test the levels of language coverage and ex-
plore their potential for machine translation tasks
involving English and Indian languages.

* opt-6.7b'> : The OPT-6.7b (Zhang et al.,
2022) model has been extensively trained on
the objective of causal language modeling
(CLM) using English text. Although most of
the training data are in English, a small portion
of non-English data from CommonCrawl] has
also been included. This model utilizes 6.7
billion parameters, consisting of 32 layers and
32 attention heads, and employs an embedding
size of 4096.

¢ Bloom-7B'® : BLOOM (Scao et al., 2022) was
the first multilingual large language model
with a causal language modeling objective
and supports 46 languages and 13 program-
ming languages. Its overall training data con-
tains 1.1% of Indian languages. We opted
for Bloom model with 7,069,016,064 parame-
ters with 30 layers, 32 attention heads, 4096
embedding dimensional where the maximum
token length is 2048.

* LLaMA-7B'7: LLaMA is a collection of
foundation language models that range from
7B to 65B parameters. These models are

Bhttps://huggingface.co/facebook/opt-6.
o

Yhttps://huggingface.co/bigscience/
bloom-7bl

"https://huggingface.co/
decapoda-research/llama—-"7b-hf
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multilingual models and are trained on tril-
lions of tokens. Data include CCNet, C4,
GitHub, Wikipedia, Books, ArXiv, and Stack
Exchange. In our experiments, we evaluated
the LLaMA model with 7B parameters where
4096 is the embedding dimension and 32 lay-
ers and 32 attention heads.

« MPT-7B!3 : Similarly to the above models,
the MPT-7B model is trained on a large num-
ber of 1T data tokens in the causal language
modeling objective.

« Falcon'® : Falcon (Penedo et al., 2023b) is an-
other large language model trained on causal
language modeling (CLM). Here, we utilized
Falcon-7B model which is a 7B parameters
and trained on 1.5 trillion tokens of Refined-
Web (a novel massive web data set based on
CommonCrawl) enhanced with curated cor-
pora. The model has multilingual capabilities,
but Indian languages are not explicitly present.
We used Falcon-7B for our experiments.

« LLaMA-2-7B* and LLaMA-2-13B!
LLaMA 2 based models (Touvron et al.,
2023b) are also trained on the causal language
modeling (CLM) objective and pretrained on
2 trillion tokens of data from publicly avail-
able sources of up to September 2022. These
models are available in different range parame-
ters from 7 billion to 70 billion. These models
have 4k subwords as the context length. In
our experiments, we have experimented with
7B and 13B LLaMA-2 models. LLaMA-2-7B
network has 32 layers and 32 attention heads,
while the LLaMA-2-13B network has 40 lay-
ers and 40 attention heads.

Mistral-7B2> : Mistral-7B Large Language
Model (LLM) (Jiang et al., 2023) is a pre-
trained with causal language modeling (CLM)
objective with 7 billion parameters. It uses
Sliding-Window Attention (SWA) to handle
longer sequences at a lower cost and grouped
query attention (GQA) for faster inference,

Bhttps://huggingface.co/mosaicml/mpt—"7b
Yhttps://huggingface.co/tiiuae/falcon-7b
Ppttps://huggingface.co/meta—1lama/
Llama-2-7b—hf
Unttps://huggingface.co/meta—1llama/
Llama-2-13b-hf
Zhttps://huggingface.co/mistralai/
Mistral-7B-v0.1
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which reduces the memory requirement during
decoding. It has 4096 embedding dimensions,
32 layers, and 32 attention heads with context
length of 8192 context length.
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C MT systems outputs

We have added some examples of our best-performing models for zero-shot, ICL, fine-tuning and 2-stage
fine-tuning strategies in Figures 7, 8, 9, 10, 11, 12.

Example: Translation Output-1 (Llama-2-13b; Zeroshot)

Translate this to Hindi from English
Text: Oh, tomorrow is the 14th of April right?

Translated Text: ST.‘, 37T 14 318l & A?

Figure 7: Translation example for Llama-2-13b model with zero-shot setting.

Example: Translation Output-2 (Llama-2-13b; FineTuned)

Translate this to Telugu from English
Text: Oh, tomorrow is the 14th of April right?

Translated Text: eowd, 8 26 145 doenod?

Figure 8: Translation example for Llama-2-13b finetuned model.

Example: Translation Qutput (Llama-2-13b; 2-stage-FineTuned)

Translate this from English to sl (Tamil)

English: This Islamic shrine features a total of 50 polygonal pillars, towering minarets,
and awe-inspiring arches.

glp (Tamil): @bs @everdlwu Csmlbla Gwrgsnd 50 LOGam B E@GSeTS
Clamewr  grewrser, 2 wifbhs CaTyrmser WHOID UWIPMISSHD  EUENETESEN6TS
Clamesr(heTerg.

Figure 9: Translation example for Llama-2-13b 2-stage-finetuned model.

Example: Translation Output (Llama-2-13b; 2-stage-FineTuned)

Translate this from English to 8eorh (Telugu)

English: The preparation is traditionally done by a vasta waza, or head chef, with the
assistance of a court of wazas, or chefs.

BeoiH> (Telugu): o aver Soo 9o Sotdocky, Treren Sor Sowse PHSE’ K5faHOE
Frogmranson dgo 3.

Figure 10: Translation example for Llama-2-13b 2-stage-finetuned model.
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Example: Translation Output with ICL (Llama-2-Th)

If the English to Hindi translation for ’Charbaugh is the railway station while Alambaugh
and Kaisarbaugh are major bus terminus here , from where local travel resources like taxis
- scooter rickshaw etc. can be used for tour . is TN VoId ¥ & . Tafds e 3R
SRS 8T & U a9 3rge &, e § TR & o i+l ardrind & wremi auer SRl — wgpey
Reram SITETEHE??\WIH T I T 8 I, following that, translate this to Hindi from English.

Text: Are all schools, colleges and offices closed tomorrow?

Translated Text: &7 & e, pictal 3R wrafer %ﬁfa\q el 4 8T ?

Figure 11: Translation example for Llama-2-7b In-context learning strategy.

Example: Translation output with hallucinations (Llama-2-13b-Finetuned)

Translate this to Hindi from English
Text: That’s a good news!
Translated Text: T8 38T TN &l
Text: That’s a bad news!
Translated Text:T8 @RI @ Bl
Text: That’s a great news!
Translated Text:Jg dgd 3Tl e gl
Text: That’s a terrible news!

Translated Text:Jg dgd R TN 2

Figure 12: Hallucinated translation example for Llama-2-13b 2-stage-fine-tuned model.

D Detailed experimental results

We have listed the detailed experimental results in for all the 22 languages, with various combinations of
data sets and models in Tables 5, 6, 7, 8.
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DataSet Model asm ban  bod  doi kon  guj hin kan kas mai mal mar mei nep odi pun  san  sat sin tam  tel urd

GPT-3.5 240 9.60 - 1.20 020 1110 2230 260 010 160 160 570 010 950 230 1230 050 - - 280 470 21.90
IndicTrans-2 1590 16.60 12.00 26.10 13.40 26.80 27.60 540 270 17.20 550 18.80 7.10 1940 9.40 3000 540 630 520 7.40 1350 38.40
Google Translate 13.90 - - 14.30 11.90 2660 2880 520 - 920 550 17.60 - 1450 930 - - - - 8.00 13.10 37.10
LTRC, TIT-H - - - - - 17.10 2250 340 - - 350 1190 - - - - - - - 570 1020 21.80
SeamlessM4T 1620 1560  0.00  0.00 0.00 - 2450 470 0.00 1540 550 1800 0.00 1570 12.60 2840 0.00 000 000 720 920 28.00
IN22_conv Encoder-Decoder BPCC (H) 9.17 0.06 881 17.98 6.69 1258 1645 3.3 1.14 875 222 866 002 1008 641 1455 3.31 595 443 3.0 5.61 438
-Tb+lora(BI) 4.88 431 773 4.08 200 601 19.6 247 021 351 130 514 004 796 289 48 139 014 027 161 265 9.10
-7b+lora(Multi) 522 570 377 511 319 636 1584 257 027 407 172 631 010 817 362 556 106 003 053 140 280 11.32
3b+lora(BI) 9.16 829 997 993 381 1025 21.06 333 0.61 694 229 861 1.05 11.37 481 9.10 0.16 031 028 295 522 1749
3b-+lora(Multi) 824 671 534 820 456 945 1936 283 046 468 242 766 099 1042 438 9.60 233 009 159 1.84 389 16.88
Llama-2-13b+FF+lora(Multi)  15.89 14.31 13.74 2542 1142 1852 2374 573 4.66 1483 476 1587 846 1858 11.17 2238 573 883 652 538 9.06 3035
Mistral-7B-v0.1+lora(Multi) 525 646 203 418 264 606 1563 214 0.11 277 212 6.11 0.02 692 1.54  5.68 1.05  0.01 0.54 1.43 1.75 871
GPT-3.5 290 870 020 280 140 840 2240 460 060 460 330 550 - 800 340 9.60 090 - 0.10 350 570 20.00
IndicTrans-2 17.40 1640 1510 .29.40 1830 2540 32.80 14.80 6.40 1810 1240 21.20 9.80 1540 1170 2210 850 530 1330 14.00 1820 45.90
Google Translate 13.80 - - 19.80 11.40 2270 29.10 11.60 - 8.40 10.50 15.60 - 1260 990 - - - - 14.00 16.90 40.60
LTRC, IIT-H - - - - - 1400 2470 6.00 - - 480 950 - - - - - - - 1000 1250 26.30
SeamlessM4T 1260 13.00 0.00 0.00 0.00 19.40 2740 1130 0.00 1440 1000 1470 0.00 14.10 13.60 21.60 0.00 230 050 13.00 1570 35.30
IN22 gen Encoder-Decoder BPCC (H) 9.17  0.06 881 17.98 6.69 1258 1645 3.3 1.14 875 222 866 002 1008 641 1455 3.31 595 443 30 5.61 4.38
-Tb+lora(BI) 622 584 848 506 3.10 519 2016 441 063 451 295 821 020 7.00 457 423 354 014 101 299 386 10.68
-7b+lora(Multi) 899 778 602 793 642 800 1701 660 132 721 452 1003 017 837 565 524 335 005 266 305 493 1213
3b+lora(BI) 9.65 9.55 12.00 10.53 630 839 2312 7.2 1.73 817 450 1090 3.19 1084 802 690 070 055 282 512 646 1875
3b-+lora(Multi) 1066 970 746 1098 888 973 2066 745 197 7.2 570 1234 202 1046 756 7.67 493 008 466 444 6.03 17.10

Llama-2-13b+FF+lora(Multi) 17.18 16.11 16.08 2740 1506 1626 27.01 1422 7.0 17.53 1130 2031 1172 17.39 1520 1574 1040 7.07 1130 1075 12.55 32.88
Mistral-7B-v0.1+lora(Multi) 8.07 7.10 3.63 7.04 637 778 16.04 481 0.61 587 365 959 003 723 306 437 286 003 265 24 4.04  8.05

GPT-3.5 1.60 8 40 - - - 860 2330 690 050 430 330 400 000 660 210 1160 050 000 000 290 530 14.90
IndicTrans-2 9.50 21.00 - - - 27.10 36.80 21.00 7.70 17.50 20.60 19.30 - 22.80 1600 2890 260 330 000 23.00 2510 27.30
Google Translate 770 - - - - 26.60 36.80 2290 - 9.70 22.10 20.60 - 2130 24.60 - - - - 2240 2540 2740
LTRC, IIT-H - - - - - 18.10 33.10 10.00 - - 4.10 1440 - - - - - - - 1590 2040 17.70
SeamlessM4T 9.00 1850 - - - 2400 3530 19.80 0.00 1440 16.60 1810 0.00 1850 1720 2780 0.00 0.00 0.00 2030 23.00 24.00
flores200-dev Encoder-Decoder BPCC (H) 452 029 - - - 13.04 18.65 6.21 0.8 787 273 79 0.2 658 7.22 1338 1.08 248 0.1 8.0 688  7.71
Tb+lora(BI) 280 488 - - - 534 2278 294 029 289 197 469 007 491 241 431 062 000 006 315 413 777
-7b+lora(Multi) 382 611 - - - 671 1753 401 076 523 235 603 011 590 346 531 066 006 010 331 480 879
Llama-2-13b+lora(BI) 500 818 - - - 9.28 2490 565 082 553 422 722 009 784 473 776 009 040 006 575 7.3 12.69
Llama-2-13b-+lora(Multi) 499 776 - - - 860 2067 502 121 655 3.05 782 012 849 499 784 092 008 013 458 616 1179
Llama-2-13b+FF+lora(Multi) ~ 9.08 13.70 - - - 1748 29.16 1232 335 11.88 1136 1465 005 1584 1324 2079 209 443 014 1328 1597 21.64
Mistral-7B-v0. 1 +lora(Multi) 3.01 526 - - - 6.64 1575 358 039 3.89 1.85 523 005 524 1.61 433 047 001 009 226 3.18 551
GPT-3.5 1.80 820 - - - 9.60 2390 7.00 030 410 3.00 540 0.00 750 330 1120 070 000 000 330 550 16.60
IndicTrans-2 9.60 21.20 - - - 2740 36.60 2270 6.80 17.20 2030 19.60 - 2310 1570 2610 3.00 340 0.00 2240 2670 26.30
Google Translate 8.10 - - - - 27.00 3620 24.10 - 1030 21.20 2030 - 2150 2340 - - - - 21.00  26.50 25.20
LTRC, IT-H - - - - - 18.00 3270 11.60 - - 390 1470 - - - - - - - 1530 20.90 17.00
SeamlessM4T 8.80 18.80 - - - 2440 3480 20.50 0.00 1460 16.60 17.80 0.00 19.60 1640 2530 0.00 000 0.00 19.70 24.40 2290
flores200-devtest  Encoder-Decoder BPCC (H) 520 029 - - - 1279 1783 637  0.81 746 296 809 0.8 687 755 9.0 1.06 273 020 531 9.91 2.54
Tb+lora(BI) 3.00 493 - - - 6.09 2190 341 027 315 237 483 007 524 223 445 037 009 008 294 444 702
-7b+lora(Multi) 363 592 - - - 689 1677 420 062 522 258 591 017 625 347 511 051 003 014 292 524 778
Llama-2-13b+lora(BI) 4.69 811 - - - 9.31 2371 597 090 541 408 728 0.14 894 447 724 008 035 015 558 740 1231
Llama-2-13b-+lora(Multi) 489 830 - - - 9.14 1988 527 098 618 326 730 025 774 445 742 098 004 016 462 686 1181
Llama-2-13b+FF+lora(Multi) ~ 9.33  13.55 - - - 17.22 2850 1327 332 1176 1134 1456 0.06 1621 1290 19.64 206 427 028 1278 16.61 2596
Mistral-7B-v0.1+lora(Multi) 326 504 - - - 6.39 1507 349 031 3.78 1.96 506 008 5.69 153 459 053 001 0.11 237 355 519
GPT-3.5 - 7.60 - - - 570 1850 440 - - 200 310 - - - 9.00 - - - 190 320 -
IndicTrans-2 - 18.60 - - - 1840 28.00 1850 - - 1200 1320 - - - 22.50 - - - 10.50 12,60 -
Google Translate - - - - - 1840 2830 2020 - - 1220 1340 - - - - - - - 10.70 13.10 -
LTRC, IIT-H - - - - - 13.80 2580 7.60 - - 210 9.00 - - - - - - - 780  9.60 -
SeamlessM4T - 17.60 - - - 1820 27.60 - - - 970 1270 - - - - - - - 990 11.60 -
newstest2019 Encoder-Decoder BPCC (H) - 022 - - - 6.33 1248 397 - - L5 493 - - - 8.08 - - - 2.51 333 -
a-2-Tb-+lora(BI) - 3.64 - - - 354 1615 193 - - 1.07 276 - - - 3.58 - - - 144 220 -
-7b+lora(Multi) - 4.53 - - - 438 1350 2.84 - - 121 372 - - - 417 - - - 1.64 282 -
Llama-2-13b+lora(BI) - 6.55 - - - 6.30 19.09 426 - - 250 467 - - - 6.09 - - - 283 398 -
Llama-2-13b-+lora(Multi) - 626 - - - 631 1634 343 - - 21 499 - - - 6.07 - - - 248 361 -
Llama-2-13b+FF+lora(Multi) - 1252 - - - 1225 2228 9.69 - - 11.34 939 - - - 1632 - - - 6.62 825 -
Mistral-7B-v0.1+lora(Multi) - 436 - - - 436 1256 213 - - 124 319 - - - 367 - - - 1.25 1.82 -

Table 5: BLEU scores across Models and Benchmark-sets; English to 22 Indian Languages;

The symbol ‘-’ indicates that the benchmark dataset for a particular language or machine translation system was not available
during the evaluation period. Here, LORA stands for Low-Rank Adaptation of Large Language Models-based fine-tuning. Multi
stands for the multilingual model, FF for full-finetuning, and FF+lora stands for 2-stage fine-tuning. Encoder-Decoder BPCC (H)
represents the scores for the encoder-decoder-based transformer model (Appendix A) trained on BPCC Human Training data.

225



DataSet Model asm  ban  bod  doi kon  guj hin kan  kas mai mar  mei nep  odi pun  san sat sin tam  tel urd
GPT-3.5 2540 41.00 0.10 1170 830 37.30 46.10 2930 6.30 24.20 3280 030 4230 26.10 40.10 1920 0.00 0.10 32.10 34.30 48.30
IndicTrans-2 48.80 49.80 4770 5120 45.10 54.70 49.80 36.50 2820 46.00 51.40 4240 5430 4180 5620 38.90 37.00 29.90 43.30 48.60 60.10
Google Translate 4520 - - 39.50 43.30 53.50 5090 36.10 - 37.60 49.40 - 49.00 4020 - - - - 43.10 4790 59.40
LTRC, IIT-H - - - - - 4450 4540 3120 - - 4200 - - - - - - - 38.60 4250 48.00
SeamlessM4T 47.60 4820 0.00 0.00 0.00 5130 47.60 3500 0.00 44.60 4860 0.00 50.60 44.40 5490 0.00 2200 020 41.60 42.90 54.60

IN22_conv Encoder-Decoder BPCC (H) ~ 37.79 146 39.87 4249 3499 3835 39.09 29 1979 34.38 3797 023 424 3404 3875 31.89 3427 2759 3416 36.36 29.25
Llama-2-7b+lora(BI) 30.69 31.80 41.07 2494 2355 2859 4251 2560 11.80 2525 31.83 937 3828 2499 2574 2354 1127 951 28.00 27.37 3476
Llama-2-7b+lora(Multi) 31.90 3400 32.16 27.98 26.80 39.54 26.61 1193 28.60 3370 451 3924 27779 24.60 2289 0.68 10.18 28.15 2921 36.60
Llama-2-13b-+lora(BI) 3733 3853 45.06 29.87 3595 4458 2825 1945 31.70 38.17 19.46 43.80 31.33 3265 11.87 1260 10.13 3475 34.56 43.90
Llama-2-13b-+lora(Multi) 36.74 3743 36.60 33.16 30.94 3421 42.14 2793 1624 30.80 36.55 18.08 43.07 3059 31.55 2820 209 17.57 31.28 32.18 43.18

Llama-2-13b+FF+lora(Multi) 47.24 46.80 47.74 51.64 42.94 47.00 46.74 3490 33.88 43.90
Mistral-7B-v0.1+lora(Multi) ~ 31.65 3530 26.27 26.17 27.07 2891 39.19 2445 871 2633

4777 4056 5271 4234 4893 37.61 4035 3297 4071 44.18 5483
3378 3.54 3850 1233 2431 2295 0.1 11.88 28.07 2571 34.07

GPT35 2730 4120 050 1680 1830 37.50 49.40 37.40 1110 3430 3450 020 4150 2890 3610 2120 0.0 050 3400 3590 48.50
IndicTrans-2 4950 5240 5170 57.10 48.40 5640 5800 5420 3540 52.00 5450 4740 5310 4650 5030 4180 3670 37.80 5520 56.40 6850
Google Translate 4780 - - 4830 4560 5520 5650 5180 - 42.60 5070 - 4940 4390 - - - - 5420 5490 64.40
LTRC, IT-H - - - - - 4550 5240 3780 - - 4160 - - - - - - - 4850 4780 52.90
N2 gen SeamlessM4T 4630 4900 000 000 000 5240 5520 5120 000 48.90 4930 030 S50.60 4830 4970 000 1810 080 5320 53.10 6320
Encoder-Decoder BPCC (H) 3315 234 3638 385 3179 345 3885 3417 1813 3573 368 025 4014 3193 3036 2973 2854 2535 3561 3456 2681
Llama-2-7b+lora(BI) 29.40 33.06 40.57 27.15 2568 28.70 46.26 3045 15.09 28.54 3493 925 3627 2641 2471 2665 11.23 1420 31.77 29.67 38.00
Llama-2-7b+lora(Multi) 3350 3683 34.04 3371 3149 2988 4247 3319 17.60 3603 3826 200 40.61 30.11 2428 27.88 029 1660 3200 3240 39.23
Llama-2-13b+lora(BI) 3630 4029 46.66 3530 3240 3565 4937 3646 2264 35.09 4098 2067 4283 3335 3026 1434 1373 2097 3920 3588 46.18
Llama-2-13b+lora(Mult) 3690 4047 37.07 3791 3461 3469 4634 3600 2120 3795 4141 1503 4421 3303 2967 3206 105 2245 3680 35.15 4447
Llama-2-13b+FF+lora(Multi)  46.87 49.57 50.63 5464 4517 4610 5361 4745 3718 50.59 5218 4185 5287 4447 4254 4204 3644 3605 5020 4668 5830
Mistral-7B-v0.1+lora(Multi) ~ 32.56 3525 29.13 31.89 30.27 30.93 42.08 3029 13.84 33.76 36.76 270 39.19 16.67 20.29 26.31 0.11 1815 29.01 29.23 33.67
GPT-3.5 24.10 4250 - - - 37.80 51.00 4120 11.80 34.30 33.10 - 4220 29.60 38.70 22.00 0.10 - 35.20 36.20 43.00
IndicTrans-2 470 5640 - - - 5800 6170 5930 4030 54.70 5500 - 6070 5380 5530 3550 3110 - 6380 61.80 54.00
Google Translate 4190 - - - - 5750 6190 59.80 - 45.00 5510 - 59.00 58.60 - - - - 6260 62.00 53.70
LTRC, IT-H - - - - - 4850 5820 4570 - - 4770 - - - - - - 5560 5670 44.60
SeamlessM4T 4260 5370 - - - 5530 6030 57.40 - 5050 5300 - 5670 5400 5420 - 2290 - 6090 59.10 51.90
flores200-dev Encoder-Decoder BPCC (H) ~ 33.67 1.76 - - - 41.25 4456 40.16 209  39.10 39.20 1.68 40.89 3828 38.08 29.41 2795 048 4650 39.73 3258
Llama-2-7b+lora(BI) 2867 3384 - - - 3091 4894 3387 1319 2658 3464 120 37.07 2848 2570 2218 - 025 3421 3245 3435
Llama-2-7b+lora(Multi) 3163 37.10 - - - 3120 4457 3659 17.60 34.64 37.58 377 4028 3250 2624 2336 000 183 3418 3506 3529
Llama-2-13b+lora(BI) 3486 40.58 - - - 3817 5170 39.99 2060 32.96 4054 067 4270 3610 3231 1305 1289 027 4225 39.60 4026
Llama-2-13b+lora(Multi) 3503 4051 - - - 3684 4824 3980 2079 3778 4089 370 4456 3614 3115 2688 110 074 39.60 3827 3896
Llama-2-13b+FF+lora(Multi)  42.89 49.40 - - - 48.50 55.61 51.66 32.15 48.00 50.10 029 54.63 50.10 4770 33.88 3259 044 5560 53.11 49.26
Mistral-7B-v0.1+lora(Multi) ~ 30.41 35.54 - - - 31.69 4329 3355 1376 31.68 3625 428 3870 1657 2204 2258 008 0.60 31.14 30.11 31.00
GPT-3.5 2440 4140 - - - 3900 5110 4150 970 33.70 3580 - 4320 3080 3820 2340 0.0 - 3600 3680 44.20
IndicTrans-2 450 5610 - - - 59.00 60.80 60.10 39.50 54.50 5510 - 60.60 5310 5320 3610 3090 - 6280 63.10 53.00
Google Translate 4210 - - - - 5840 6110 6050 - 4530 5490 - 5920 57.60 - - - - 6150 62.60 51.90
LTRC, IIT-H - - - - - 4940 57.80 4620 - - 4820 - - - - - - - 55.10 5740 44.10
SeamlessM4T 4240 54.00 - - - 56.30 59.50 5820 - 50.60 52.50 - 56.40 5340 5220 0.00 2250 0.00 60.30 6040 51.10
flores200-devtest  Encoder-Decoder BPCC (H) ~ 34.07 191 - - - 4149 4359 39.97 2077 3891 3975 164 4058 393 3411 2941 2865 047 4227 4376 27.34
Llama-2-7b+lora(BI) 2811 3303 - - - 3063 48.10 3324 1276 2603 3487 120 3617 27.63 2526 2190 1150 028 3400 3194 3351
Llama-2-7b+lora(Multi) 3157 3630 - - - 3085 43.18 3660 1735 33.96 3804 428 4008 3178 2520 2395 000 217 3425 3508 3388
Llama-2-13b+ora(BI) 3395 3961 - - - 3796 5026 3955 1993 3187 4025 048 4264 3540 3093 1256 1279 037 4211 3928 39.85
Llama-2-13b+lora(Multi) 35.09 3993 - - - 36.8 4724 3935 1979 37.03 4049 374 4399 3511 2935 2744 085 0.87 39.13 3821 3890
Llama-2-13b+FF+lora(Multi) 4330 4851 - - - 4876 5489 5153 3223 47.83 5018 024 5501 4978 4669 34.86 3240 051 5454 5336 48.40
Mistral-7B-v0. I +lora(Mult) ~ 30.63 34.08 - - - 3120 4178 33.00 1356 3114 3543 433 3873 1784 2331 2270 007 060 3134 2983 29.67
GPT-3.5 - 4170 - - - 3550 4520 3800 - 3210 - - - 3580 - - - 3130 3340 1620
IndicTrans-2 - 5570 - - - 5240 5410 5730 - - 5100 - - - 5110 - - - 5130 4970 17.60
Google Translate - - - - - 5170 5450 5740 - - 4980 - - - - - - - 5040 5020 17.40
LTRC, IIIT-H - - - - - 46.00 5190 3920 - - 4290 - - - - - - - 4580 4430 16.50
SeamlessM4T - 5400 - - - 5130 5330 5570 - - 4910 - - - 5150 - - - 49.90 4810 17.50
newstest2019  Encoder-Decoder BPCC (H) - 239 - - - 3300 3698 3509 - - 3499 - - - 3097 - - - 3469 3207 1429
Llama-2-7b+lora(BI) - 3165 - - - 2726 4224 3016 - 3124 - - - 2325 - - - 2876 27.69 -
Llama-2-7b+lora(Multi) - 3485 - - - 2834 3963 3388 - - 3495 - - - 2361 - - - 2870 3050 -
Llama- 3b+lora(BI) - 3890 - - - 3434 4535 36.54 - - 37.39 - - - 28.61 - - - 3540 3390 -
Llama-2-13b+lora(Multh) - 3896 - - - 3377 4321 3625 - - 3768 - . . 2711 - - - 3383 3290 -
Llama-2-13b+FF+lora(Multi) - 4800 - - - 4368 48.19 47.10 - - 4551 - - - 4283 - - - 4558 4254 -
Mistral-7B-v0.1 +lora(Multi) - 3418 - - - 2039 3874 2977 - 3319 - - - 2077 - - - 2654 2587 -

Table 6: chrF scores across Models and Benchmark-sets; English to 22 Indian Languages;

The symbol ‘-’ indicates that the benchmark dataset for a particular language or machine translation system was not available
during the evaluation period. Here, LORA stands for Low-Rank Adaptation of Large Language Models based fine-tuning. Multi
stands for the multilingual model, FF for full-finetuning, and FF+lora stands for 2-stage fine-tuning. Encoder-Decoder BPCC (H)
represents the scores for the encoder-decoder-based transformer model (Appendix A) trained on BPCC Human Training data.
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DataSet Model asm ban  bod  doi kon  guj hin kan  kas mai  mal mar mei nep  odi pun  san sat sin tam  tel urd

GPT-3.5 1990 29.80 2.80 19.90 9.70 2830 34.10 17.80 6.20 14.00 20.70 24.00 0.40 2930 21.10 3090 1450 020 9.60 1540 19.90 34.70
IndicTrans-2 43.90 3690 3530 4550 2890 40.90 3870 25.10 31.80 3530 3130 37.00 3250 43.10 38.90 4280 2580 24.20 26.00 22.60 30.80 46.10
Google Translate 44.50 37.60 1.80 4230 29.50 40.90 39.40 2430 560 3640 31.10 37.60 2570 43.00 37.40 39.40 2670 0.00 870 23.30 3150 45.60
LTRC, IIT-H - - - - - - 2390 1050 - - 1460 19.10 - - - - - - - - 1410 -
SeamlessM4T 41.00 3590 0.00 0.00 000 40.60 38.10 23.00 0.00 3400 30.30 35.50 020 4030 3860 4140 0.00 1720 930 23.10 31.10 4230
IN22_conv Encoder-Decoder BPCC (H) 8.68 7.8 577 453 408 565 1072 227 1.83 644 535 7.04 276 785 304 519 227 208 401 2.67  3.60 6.48
Llama-2-7b+lora(BI) 117 242 404 949 443 388 1572 145 217 308 170 7.00 008 622 107 229 462 003 345 081 084 633
Llama-2-7b+lora(Multi) 1243 771 8.90 10.16 6.14 509 7.68 425 433 979 334 991 .15 1236 623 655 514 026 375 347 533 1375
Llama-2-13b-+lora(BI) 249 312 1501 090 211 126 2504 082 293 28 871 944 031 149 107 161 - - - - 134 6.72
Llama-2-13b+lora(Multi) 21.19 20.26 1551 18.40 1337 17.06 23.66 8.15 854 1577 12.85 17.37 293 2289 11.77 1541 985 072 817 927 1153 24.16
Llama-2-13b+FF+lora(Multi) 226 1.77 148 200 158 084 705 080 094 190 599 206 048 271 155 152 135 013 1.81 084 092 231
Mistral-7B-v0.1+lora(Multi) 1223 9.19 855 11.63 746 238 14.81 3.62 469 1291 3.50 11.20 043 1790 551 1.69 11.03 010 384 3.04 240 1858
GPT-3.5 19.00 2520 6.00 20.80 1340 2560 3040 23.60 10.00 19.50 15.80 22.50 020 27.60 1890 2560 1430 020 1370 1440 2020 29.20
IndicTrans-2 42.50 40.80 37.50 53.40 3270 43.10 40.00 40.00 38.40 4250 40.40 41.50 3840 47.80 4330 40.80 30.60 25.00 31.50 3590 4230 53.70
Google Translate 41.90 3990 430 44.80 33.00 43.00 3920 4110 970 39.70 37.90 40.60 27.40 46.80 4030 39.60 28.50 020 1570 34.80 40.90 51.30
LTRC, IIT-H - - - - - - 20.70 1540 - - 13.70 1540 - - - - - - - - 15.1 -
SeamlessM4T 4070 37.30  0.00 0.00 0.00 41.60 37.30 3930 0.00 39.60 36.90 37.30 0.00 4350 40.80 3850 0.00 1570 1500 33.10 3920 48.30
IN22 gen Encoder-Decoder BPCC (H) 650 679 585 474 472 440 863 358 216 694 392 726 266 7.86 316 328 288 129 362 378 344 563
Llama-2-7b+lora(BI) 253 599 830 1199 7.3 613 1821 3.62 495 741 528 10.72 0.16 8381 200 451 682  0.09 697 411 3.18  12.37
Llama-2-7b-+lora(Multi) 1201 989 879 1442 961 507 1138 851 7.64 1469 639 1147 077 1675 771 614 936 040 810 58 736 1698
6.66 801 1215 395 774 580 2655 220 817 840 1006 13.82 0.88 270 485 461 - - - - 4.02 1746
2094 2033 1620 24.11 1795 1531 2631 1493 1416 2339 13.61 2295 288 2664 1429 1150 1474 0.87 1345 1225 13.12 2643
Llama-2-13b+FF+lora(Multi) 1.33 1.78 1.56 217 1.74 1.00  3.61 0.88 1.12 1.83 256 212 022 206 0.89 1.02 1.06 021 2.41 1.39 1.04 1.68
Mistral-7B-v0.1+lora(Multi) 1236 1090  9.31 1672 1094 2.68 1388 7.82 838 1602 449 14.17 069 1696 550 339 1233 0.2 819 652 617 2046
GPT-3.5 14.80 2570 - - - 2440 3280 2210 7.90 19.60 19.30 21.50 0.00 2620 18.10 2650 11.30 040 000 1510 2030 27.30
IndicTrans-2 34.80 4040 - - - 4450 4690 39.10 39.00 49.00 41.40 4180 - 46.70 4320 48.10 27.00 19.70 - 38.90 45.90 40.00
Google Translate 34 40.80 - - - 45.60 47.70 3970 11.50 4870 42.00 4250 - 47.40 4390 4830 2510 020 - 39.30 46.40 41.80
LTRC, IIIT-H - - - - - - 27.10 17.30 - - 18.50 19.10 - - - - - - - - 20.10 -
SeamlessM4T 3420 3920 - - - 0.00 0.00 37.70 0.00 4630 40.00 39.70 0.00 4450 4120 4580 0.00 19.70 0.00 37.50 43.60 39.80
flores200-dev Encoder-Decoder BPCC (H) 587 722 - - - 508 1055 4.10 1.93 798 467 8.19 205 767 34 3.81 3.13 1.14 070 455 437 523
Llama-2-7b-+lora(BI) 1.88 557 - - - 557 1798 337 482 697 577 1082 136 841 224 561 673 017 232 297 287 935
1170 10.84 - - - 465 816 867 692 1484 7.84 11.67 323 1463 778 6.61 6.67 048 145  6.13 834 13.00
483 912 - - - 474 3009 253 7.01 856 10.55 14.60 264 238 432 335 - - - 400 930 -
Llama-2-1 1840 22.13 - - - 1547 29.09 14.67 1248 2499 1575 2220 5.65 2427 1471 1731 1236 094 451 1470 1539 2223
Llama-2-13b+FF-+lora(Multi) 134 - - - - 0.87 335 1.31 0.80 1.71 1.78 220 115 1.71 1.07  0.86 117 018  0.84 1.29 131 -
Mistral-7B-v0.1+lora(Multi) ~ 11.31 1140 - - - 324 13.02 779 7.0 1798 6.00 15.07 363 17.88 523 270 956 022 309 631 576 1535
GPT-3.5 1450 24.10 - - - 23.60 3250 20.80 820 18.00 1850 21.60 0.00 2480 1620 2440 11.10 040 - 1420 1670  25.40
IndicTrans-2 3310 3930 - - - 4520 46.10 3770 36.20 4830 41.00 4150 - 46.30 42.60 4470 26.80 18.10 - 37.80 44.80 38.10
Google Translate 32.80 39.80 - - - 46.20 46.10 38.00 10.70 46.60 4090 42.10 - 46.30 41.30 4590 2520 0.10 - 3770 44.90  40.10
LTRC, IIT-H - - - - - - 27.60 16.70 - 1790 1820 - - - - - - - - 1920 -
SeamlessM4T 3230 3830 - - - - - 36.00 - 4430 39.70 38.80 - 4340 4020 4320 0.00 1830 0.00 3520 4290 38.10
flores200-devtest  Encoder-Decoder BPCC (H) 530 683 - - - 487 874 384 152 707 396 747 1.88 695 259 299 241 102 058 446 376 @ 4.67
Llama-2-7b+lora(BI) 1.64 551 - - - 578 1688 291 428 745 576 10.24 1.18 856 211 548 675 010 222 246 3.02 8.37
Llama-2-7b-+lora(Multi) 10.85 1045 - - - 455 810 834 676 1402 639 11.26 266 1503 7.02 590 6.82 055 166 594 753 1394
Llama-2-13b+lora(BI) 429 876 - - - 415 3038 257 594 749 1007 14.12 212 251 336 348 - - - 3.66 898 -
Llama-2-13b-+lora(Multi) 17.64 2059 - - - 1549 286 1386 11.17 23.60 1497 21.84 538 2358 1313 1522 11.85 094 451 1273 1529 2133
Llama-2-13b+FF+lora(Multi) ~ 1.12 142 - - - 075 267 095 088 153 170 1.73 092 138 09 097 081 015 078 126 116 1.27
Mistral-7B-v0.1+lora(Multi) ~ 10.21  10.86 - - - 322 1262 730 729 1545 520 14.16 371 1591 580 266 1108 033 331 582  6.15 1387
GPT-3.5 - 20.00 - - - 1920 24.10 16.00 - - 11.60 1480 - - - 18.70 - - - 9.90 12,60 230
IndicTrans-2 - 3880 - - - 4250 37.70 3650 - - 32,10 37.00 - - - 4050 - - - 31.30 29.90 3.10
Google Translate - 3850 - - - 42.60 - 36.60 - - 3400 3770 - - - - - - 31.80 3050  4.30
LTRC, IIIT-H - - - - - - 1270 1340 - - 13.80 1570 - - - - - - - - 9.40 -
SeamlessM4T - 3530 - - - 39.60 3530 33.80 - - 30.00 3340 - - - 37.60 - - - 29.40 2790  3.80
newstest2019 Encoder-Decoder BPCC (H) - 393 - - - 214 553 1.69 - - 155 449 - - - 1.74 - - - 1.82 1.38 0.39
Llama-2-7b+lora(BI) - 514 - - - 4.14 1250 251 - - 455 897 - - - 412 - - - 232 257 086
Llama-2-7b+lora(Multi) - 8.57 - - - 392 1190 532 - - 477 1057 - - - 508 - - - 420 507 1.25
Llama-2-13b-+lora(BI) - 10.78 - - - 529 2388 186 - - 9.08 1295 - - - 270 - - - - 248 131
Llama-2-13b-+lora(Multi) - 1827 - - - 1240 2446 1042 - - 991 1852 - - - 1079 - - - 891 983 206
Llama-2-13b+FF+lora(Multi) - 115 - - - 0.69 242 090 - - 1.29 146 - - - 088 - - - 099  0.88 0.16
Mistral-7B-v0.1+lora(Multi) - 9.84 - - - 280 11.84 619 - - 377 1138 - - - 174 - - - 430 421 1.61

Table 7: BLEU scores across Models and Benchmark-sets; 22 Indian Languages to English;

The symbol ‘-’ indicates that the benchmark dataset for a particular language or machine translation system was not available
during the evaluation period. Here, LORA stands for Low-Rank Adaptation of Large Language Models based fine-tuning. Multi
stands for the multilingual model, FF for full-finetuning, and FF+lora stands for 2-stage fine-tuning. Encoder-Decoder BPCC (H)
represents the scores for the encoder-decoder-based transformer model (Appendix A) trained on BPCC Human Training data.
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DataSet Model asm  ban  bod doi kon  guj hin kan  kas mai mal mar mei nep odi pun  san sat sin tam  tel urd

GPT-3.5 4480 5430 21.10 4550 3280 52.60 58.80 45.10 28.70 42.10 46.00 5030 14.50 53.80 47.60 54.80 40.60 14.80 3470 39.90 44.10 59.00
IndicTrans-2 63.90 59.80 57.20 66.00 52.60 6320 60.90 4920 53.50 59.20 5540 60.10 53.90 6440 61.60 6340 49.60 4510 50.60 47.40 5420 66.60
Google Translate 64.70  60.80 1640 63.70 52.80 63.20 61.80 49.70 2320 60.00 56.10 60.50 47.20 64.90 60.10 6270 5030 030 32.80 48.50 5520 66.30
LTRC, HIT-H - - - - - - 5220 3480 - - 4070 4730 - - - - - - - - 39.00 -
SeamlessM4T 61.30  59.00 - - - 6270 60.50 47.90 - 57.60 5490 5870 290 6210 61.10 62.60 - 3720 32.00 47.80 63.90
IN22 conv Encoder-Decoder BPCC (H)  27.34 29.84 2339 22,14 21.59 23.06 3143 1893 17.06 2590 2448 2681 21.07 2699 19.11 2223 18.80 17.77 21.53 19.60 24.76
Llama-2-7b+lora(BI) 149 457 827 2413 1623 936 3177 418 1560 7.80 499 1583 120 1266 294 545 1311 029 2031 224 r 16.30
Llama-2-7b+lora(Multi) 26.69 1730 21.90 2350 16.78 10.84 14.04 1427 1695 23.63 11.05 2146 8.80 2488 16.87 1250 1837 8.69 1381 12.11 16.00 28.71
Llama-2-13b+lora(BI) 368 667 3175 140 509 239 49.08 1.83 13.63 6.69 1404 17.65 743 1.84 245 445 - - 3.09 1448

Llama-2-13b+lora(Multi) 4543 4525 38.80 43.00 36.80 40.06 49.77 29.89 30.14 43.16 3475 4099 1645 4750 3471 37.11 33.03 14.11 3195 31.89 33.15 49.70
Llama-2-13b+FF+lora(Mult))  19.76 19.98 18.74 1895 18.68 17.04 2457 1570 1653 1970 17.63 1936 1568 20.79 17.26 1671 17.49 1269 1859 17.60 1633 20.80
Mistral-7B-v0.1+lora(Multi) ~ 27.16 17.34 2540 2829 2190 370 27.60 848 2219 30.57 824 2555 830 3284 1260 349 2506 4.19 1488 847 649 37.17

GPT-3.5 49.10 5440 2770 50.70 41.90 54.00 59.80 5420 3850 51.50 48.70 5280 1620 56.80 50.50 54.00 46.90 19.50 42.70 44.00 49.10 59.50
IndicTrans-2 68.00 6640 62.60 74.10 60.20 6840 66.70 66.30 6220 67.90 66.10 66.70 61.60 71.00 68.60 64.90 57.10 49.40 57.70 62.00 66.70 74.60
Google Translate 67.10 6630 21.70 69.00 60.00 68.50 67.20 66.70 3270 66.20 65.10 66.50 52.70 70.70 66.40 64.80 56.00 030 42.80 61.90 66.40 73.80
LTRC, HIT-H - - - - - - 5440 4430 - - 4270 47.10 - - - - - - - - 43.90 -
SeamlessM4T 65.60 63.80 - - - 66.80 6490 6470 - 6530 6380 63.60 140 67.80 66.00 63.10 - 39.60 38.60 60.00 64.50 71.10
IN22 gen Encoder-Decoder BPCC (H) ~ 27.21 30.40 25.58 2296 24.00 22.81 32.09 2140 1690 28.64 2270 2943 2223 29.17 1973 19.83 20.01 15.88 20.61 21.89 20.71 24.36
Llama-2-7b+lora(BI) 477 1280 2356 30.80 22.03 1859 3550 940 2424 19.09 1589 2488 540 1853 674 1503 2120 046 2461 955 7.5 2947
Llama-2-7b+lora(Multi) 33.38 2550 3040 3591 28.11 1770 2386 28.24 29.00 36.17 2240 2840 1567 37.65 2645 21.11 3045 997 2574 2148 2537 41.56
13.08 1590 24.09 620 1507 12.06 5208 449 2217 1695 2400 2670 13.80 429 1164 1076 - - - - 821 3371
Llama-2-13b+lora(Multi) 4595 4574 4147 4939 4273 3627 5426 38.06 3801 49.69 37.81 49.00 1881 53.03 3826 33.04 39.50 1429 38.00 36.95 36.30 5329

Llama-2-13b+FF+lora(Multi)  16.70 17.10 16.83 17.88 16.76 1498 20.50 1531 1595 1738 16.60 17.81 1340 17.78 14.66 1505 1584 1246 17.68 16.61 1487 1745
Mistral-7B-v0.1+lora(Multi) ~ 26.80 23.09 3043 3565 2846 560 2800 1630 29.10 3529 13.18 3096 13.76 3400 1430 6.18 3203 244 21.60 1604 1330 41.19

GPT-3.5 4450 5510 - - - 53.50 61.50 5230 3740 5200 50.50 51.70  0.00 55.80 4890 56.20 43.00 19.20 - 44.00 49.50 57.40
IndicTrans-2 60.70 65.60 - - - 6820 69.80 64.50 63.90 72.00 66.10 6630 - 7040 67.80 7040 54.00 4390 - 64.00 68.90 65.30
Google Translate 60.40  66.00 - - - 69.00 70.70 64.80 37.90 72.00 66.70 67.00 - 7090 67.90 70.50 53.60 030 - 64.60 69.30 66.80
LTRC, HIT-H - - - - - - 58.30 47.60 - - 48.60 51.10 - - - - - - - 5030 -
SeamlessM4T 59.80 6450 - - - - - 63.40 - 65.00 65.10 - 68.70 66.20 68.80 - 44.20 - 62.80 67.30 64.90
flores200-dev Encoder-Decoder BPCC (H) ~ 26.57 33.31 - - - 24.13 3333 23.19 1829 2397 3095 2129 29.89 20.88 21.66 21.60 1735 18.47 2439 2275 2540
Llama-2-7b+lora(BI) 386 1327 - - - 18.55 3391 956 2435 1720 2513 386 1977 723 21.16 2411 045 1726 6.68 7.54 2505
Llama-2-7b+lora(Multi) 3247 2727 - - - 1634 17.14 2870 2841 24.85 2890 20.18 3544 2729 2159 2756 1237 1471 2090 26.70 34.75
10.94 19.00 - - - 10.56 53.87  5.00 20.58 2583 2857 973 421 1039 8.63 - - - - 770 2178
Llama-2-13b+lora(Multi) 43.69 47.68 - - - 3791 56.27 38.65 36.59 39.66 4790 26.15 5098 38.57 4127 37.78 15.88 25.85 39.00 39.83 49.76
Llama-2-13b+FF+lora(Multi)  18.77 - - - - 1744 2133 1745 1723 17.04 1997 1810 19.00 16.73 1643 17.73 1426 1626 1831 1740 -
Mistral-7B-v0.1+lora(Multi) ~ 27.96 25.19 - - - 697 2701 19.06 2860 38.69 17.34 3526 19.00 3819 1510 6.03 2975 285 1923 1691 13.80 37.69
GPT-3.5 4390 5410 - - - 5290 6090 51.40 37.70 5120 50.10 51.90  0.00 54.80 47.10 5420 43.00 19.10 - 4320 4690 55.60
IndicTrans-2 59.40 6480 - - - 68.80 69.10 63.40 61.80 7130 6620 66.60 - 69.90 66.80 67.90 54.00 4230 - 63.20 68.00 64.10
Google Translate 59.80 65.30 - - - 69.70  69.70 63.90 3720 70.50 66.40 67.20 - 70.50 6590 68.70 53.80 030 - 63.60 68.50 65.60
LTRC, HIT-H - - - - - - 5840 47.00 - - 4820 5090 - - - - - - - - 4940 -
SeamlessM4T 58.30 63.80 - - - - - 6250 - 68.50 6520 65.00 - 6820 6500 67.00 - 4240 - 61.40 6690 63.90
flores200-devtest  Encoder-Decoder BPCC (H) ~ 26.67 32.80 - - - 24.11 3273 2280 1821 3039 23.64 3040 2121 2937 20.17 2098 21.14 1699 1851 24.11 22.60 24.69
Llama-2-7b+lora(BI) 396 1263 - - - 17.54 31.87 795 2386 1930 17.85 2535 3.57 1997 07.09 21.16 23.64 046 17.78 0569 7.17 21.69
Llama-2-7b+lora(Multi) 30.60 2628 - - - 1624 1620 28.86 28.14 3587 24.17 2817 20.11 36.60 2640 21.37 2730 1138 1400 2127 2553 36.00
Llama-2-13b+lora(BI) 9.87 1836 - - - 9.38 5330 493 1971 1573 2570 2800 894 388 974 859 - - - - 7.07 2070
Llama-2-13b-+lora(Multi) 42.67 4551 - - - 36.97 5544 3815 3540 51.23 39.66 48.08 2577 5025 37.08 39.84 3793 1583 2578 37.28 39.18 48.76
Llama-2-13b+FF+lora(Multi)  17.96 1929 - - - 1686 20.13 1695 17.08 19.06 1671 1933 17.84 1845 1627 1609 172 1371 1583 1798 16.68 18.23
Mistral-7B-v0.1+lora(Multi) ~ 25.70 2329 - - - 603 2507 1779 2805 3557 1576 3340 1929 3631 1547 554 2995 291 1926 1498 14.18 3523
GPT-3.5 - 51.80 - - - 5070 56.70 48.10 - - 4510 48.00 - - - 50.80 - - - 40.00 43.00 19.40
IndicTrans-2 - 6450 - - - 6770 64.60 6240 - - 61.10 63.90 - - - 6580 - - - 5830 56.80 19.00
Google Translate - 64.50 - - - 67.80 - 62.70 - - 61.60 64.10 - - - - - - - 5870 57.30 19.60
LTRC, HIT-H - - - - - - 4790 4470 - - 44.00 4890 - - - - - - - - 38.80 -
SeamlessM4T - 6230 - - - 6580 6340 60.50 - - 5930 61.80 - - - 63.90 - - - 56.90 55.50 19.40
newstest2019 Encoder-Decoder BPCC (H) - 27.80 - - - 19.87 28.15 19.60 - - 19.58 26.19 - - - 18.70 - - - 20.10 1836 15.01
Llama-2-7b+lora(BI) - 1328 - - - 17.13 2787 974 - - 17.53 25.14 - - - 18.37 - - - 701 835 824
Llama-2-7b+lora(Multi) - 2665 - - - 1653 2736 2511 - - 2256 3049 - - - 20.14 - - - 19.64 2255 14.88
Llama-2-13b+lora(BI) - 2558 - - - 1420 50.06 4.56 - - 2676 2923 - - - 8.58 - - - - 6.08 10.67
Llama-2-13b-+lora(Multi) - 43.90 - - - 3431 5221 3450 - - 3456 44.86 - - - 3435 - - - 3324 3265 17.51
Llama-2-13b+FF+lora(Multi) - 17.11 - - - 1523 1840 1550 - - 1549 1698 - - - 15.05 - - - 1648 15.00 13.28
Mistral-7B-v0.1+lora(Multi) - 2490 - - - 6.06 2604 1847 - - 1409 3030 - - - 4.60 - - - 1391 13.10 14.03

Table 8: chrF scores across Models and Benchmark-sets; 22 Indian Languages to English;

The symbol ‘-’ indicates that the benchmark dataset for a particular language or machine translation system was not available
during the evaluation period. Here, LORA stands for Low-Rank Adaptation of Large Language Models based fine-tuning. Multi
stands for the multilingual model, FF for full-finetuning, and FF+lora stands for 2-stage fine-tuning. Encoder-Decoder BPCC (H)
represents scores for encoder decoder based transformer model (Appendix A) trained on BPCC Human Training data.
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