
International Journal of Informatics and Communication Technology (IJ-ICT) 

Vol. 15, No. 3, September 2026, pp. 1272~1289 

ISSN: 2252-8776, DOI: 10.11591/ijict.v15i3.pp1272-1289      1272  

 

Journal homepage: http://ijict.iaescore.com 

Bridging the linguistic divide: recent developments in machine 

translation for Indian languages 
 

 

Jayanand A. Kamble, Shivajirao M. Jadhav, Vinod J. Kadam 
Department of Information Technology, Dr. Babasaheb Ambedkar Technological University, Lonere, India 

 

 

Article Info  ABSTRACT 

Article history: 

Received Jan 21, 2025 

Revised May 19, 2026 

Accepted Jul 5, 2026 

 

 Significant advances have been achieved in machine translation (MT) in 

recent times, particularly state-of-the-art (SOTA) models for languages like 

English and Indian having distinct grammatical structures and limited 

monolingual training data. This paper analyses various recent state-of-the-art 

variants of large language models (LLMs) and neural machine translation 

(NMT) for Indian languages in comparison to statistical machine translation 

(SMT). It tackles key questions, such as idiomatic expressions, morphologically 

complex grammar or the scarceness of parallel corpora. Furthermore, it 

studies bytewise BPE, compares translation models in terms of BLEU scores 

using separate and shared-vocabulary representation with copy actions 

between the BPE translations, and analyses how multitask learning  

(Caruana (1997)) and attention mechanisms can contribute to the quality of 

translation. In summary, it provides directions for future work by suggesting 

new avenues of research, including better curated datasets, more efficient 

approaches for low-resource languages, and culturally aware translations. 
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1. INTRODUCTION 

For a linguistically pluralistic nation such as India, machine translation (MT) is essential to keep 

various languages in intermediary communication. Translation between Indian languages is advancing more 

quickly, not just using Google Translate but also with other popular MT services. This task has become more 

important in the advent of digital communication [1]. 

English is a West Germanic language which was first spoken in early medieval England and is now 

a leading language used around the world [2]. It has become a lingua franca in popular vernacular, science, 

and commerce, as well as among seers or sages [3]. Therefore, the international organisations, such as the 

EU, NATO and the UN all use English [4]. English is the world’s most-learnt foreign language, with some 

one billion people learning it at any time. 

The plethora of languages and dialects spoken in India (with 22 languages recognized as official) 

also constitutes a very strong motivation for the development of English to Indian language MT systems [5]. 

Although English is now used as a global lingua franca [6], and is the primary mode of education [7], 

business [8] and government administration [9] in India, many people still prefer to speak their local 

language. Strong MT systems can help fill the existing communication breach and allow access to 

opportunities, services, and information in local languages. 

In fields such as education [10], government [11], healthcare [12], and technology [13] and so forth, 

good MT has been in a growing demand. In the teaching domain, MT can be used to assist students that do 
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not have English as first language [14] by providing better access to learning materials with consequent 

increase in understanding and participation. In politics, MT can break barriers through including those who 

do not speak English as a first language [15]. MT is considered to be beneficial in healthcare where critical 

medical information needs to be delivered in a local language which the patient understands [16]. Also, in 

this age of digital media transcending the linguistic barriers (boundaries), MT assumes importance in 

developing user friendly interfaces and content for speakers of other languages [17]. 

MT has evolved in waves related to linguistic and computational technology shifts. In the early 

days, research in this field was mainly rule-based MT (RBMT) systems which utilised manually created rules 

and deep linguistic knowledge [18]. While such systems some of which may work better in some specific 

domains frequently broke down when it came to idioms or the characterising symptoms of linguistic 

variation. This was a turning point as research shifted to statistical machine translation (SMT) [19], which 

employed statistical models pegged on massive parallel corpora and generated translations that occurred with 

certain probabilities. SMT enabled us to process much more data, and take into account different types of 

language patterns but both fluency and context were still an issue. 

The advent of neural machine translation (NMT) [20] in the last few years has been a revolution for 

decades-old techniques based on deep learning approaches. NMT models, particularly those with the 

transformer architecture, leverage complex algorithms that analyze the full context of a sentence 

simultaneously resulting in more coherent and fluent translations. This progression has resulted in the 

substantial improvement in dealing with syntactic variants along with culturally dependent semantics, 

especially for translating English and Indian languages [21], but even these have further challenges such as 

low-resourced languages translation support and precise identification of Indian specific idiomatic 

expressions. The paper surveys the recent trends, techniques, and issues in continuously-growing area of MT 

systems for English to Indian language translation. We also hope to direct attention toward current status of 

MT, and possible ways of improving MT from previous research findings through comparing diversified 

approaches. We seek to promote better communication and understanding in India’s multilingual society.  

Table 1 shows the estimated number of speakers, geographic coverage and the online available data 

corpora for English and some of the leading Indian languages. English is a special case, for it has 1.5 billion 

speakers in 146 countries and an already massive online corpus of data. On the other hand, Hindi, Bengali 

and Tamil have large or moderate sized online corpora but in different languages with their speaker bases and 

country distributions. There are several other Indian languages (e.g., Telugu, Marathi, Kannada) with large 

numbers of speakers whose online data corpora are relatively limited, indicating a demand for enhanced 

digital resources in these languages. 

 

 

Table 1. English and the top Indian languages with number of speakers and  

available online data corpus [22], [23] 
Language Number of speakers (approx.) Number of countries spoken Online corpus/data available 

English 1.5 billion 146 Extensive 
Hindi 600 million 20 Large 

Bengali 300 million 4 Moderate 
Telugu 96 million 3 Limited 

Marathi 95 million 3 Limited 

Tamil 75 million 6 Moderate 
Urdu 70 million 26 Moderate 

Gujarati 60 million 6 Limited 

Kannada 56 million 3 Limited 
Odia 40 million 2 Limited 

Telugu 96 million 3 Limited 

 

 

2. METHOD 
2.1.  Comparative analysis of MT methods 

MT has evolved significantly over the years, and multiple methods have been developed to address 

the challenges of translating between Indian languages and English. In this area of work, SMT, NMT and 

LLMs are extensively used. Each has its unique strengths and weaknesses that make it more or less effective 

in different translation situations. 

SMT is widely used for translating content in specific fields, reading through the multilingual 

content and making predictions of whom will be translated based on statistical models [24], [25]. One of the 

benefits in SMT is controlling sentence fragments and structured phrases, using phrase-based models 

considering word frequency and co-occurrence patterns. Its training data [26], often yields decent translations 

for a few language pairs. Despite these benefits, SMT also has its drawbacks. Because it depends almost 

solely on large amounts of parallel data (for which data for most languages are nonexistent), idiomatic 
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expressions and higher-level language usage fare poorly [27]. Additionally, SMT is often ineffective for 

intricate phrase structures. It lacks a secondary layer of understanding on how to maintain coherence and 

fluidity in translations, especially in large and complex sentences where the overarching context is really 

important. 

Deep learning has optimized the translation model for NMT throughout the process. Remind that 

most of the NMT is based on encoder-decoder and adding attention mechanisms. The more context in terms 

of setting (which words appear nearest to one another) surrounding a statement, the higher the accuracy and 

fluidity of translations. An advantage of NMT is that it can manage long-distance translational dependencies 

between words in a sentence and maintains naturalness up to complex word order. The crucial role here is 

played by the attention that helps our model to focus on relevant parts of inputs when translating, thus 

providing linguistically and contextually rich translations. 

NMT mysteriously has no problem talking specifics, but only because the training data and model 

parameters are largem. In order to perform correctly, it needs a lot of training data, and this is the issue with 

low-resource languages: there just isnète enough data available. Additionally, models like these require a lot 

of computing power to train, meaning that teams that do not have world-class resources may not even be able 

to do so. Such challenges can reduce the effectiveness or availability of NMT in some cases, particularly for 

lower-resource languages and computing systems with less advanced technology [28]. 

Some recent large-scale language models (LLMs) such as GPT and BERT [29] have also made 

great impacts because they can translate tasks using multiple datasets and deep neural networks. They are 

capable of translating multiple languages because they can function across different formats. One of their 

prime strengths is in few-shot and even zero-shot learning. This comes out to be especially useful in low-

resource languages, where a large corpus of annotated data does not exist, since now they get the ability to 

generalize to their translation counterpart with little supervision. 

However, LLMs come with a set of challenges of their own. They require a lot of memory and 

power which many companies just don’t have the infrastructure for. Moreover, despite being able to be  

fine-tuned for a particular translation task, it requires lots of experts and huge dataset access, which is not 

readily available or can cost a lot. Due to this, adaptively tuning LLMs for domain-specific translation could 

be non-trivial especially in a low-resource context. Similar to what was done in [1], we compare the 

behaviors of each proposed translation technique, as present in Table 2. 

 

 

Table 2. Comparative summary of strengths, limitations, and BLEU scores for SMT, NMT, and LLMs 
Method Strengths Limitations BLEU Score (Average) 

Statistical machine 

translation (SMT) 

Good for structured phrases and 

short sentences 

Struggles with idiomatic expressions; 

requires large parallel data 

~25-30 (varies by pair) 

Neural machine translation 
(NMT) 

Handles long-range 
dependencies; better fluency 

Requires large datasets; 
computationally expensive 

~30-35 

Large language models 

(LLMs) 

Multilingual support: few-shot 

and zero-shot learning 

High resource requirements; needs 

finetuning 

~35-40 

 

 

We also provide comparisons with other major approaches to MT including SMT and NMT,  

as well as LLMs, to illustrate their relative strengths and weaknesses. SMT makes huge use of parallel data 

(the kind with translations), is extremely accurate for short sentences nicely framed by phrases, and simply 

breaks down when used on vernacular. Bleu score is expected to be somewhere between 25-30 depending on 

language pair. In contrast, NMT can allow fluent decoding and be robust to complicated architectures  

such as long contents dependencies. The BLEU scores are typically somewhere between 30 and 35, though 

both of those metrics are dependent on a massive amount of data and computer power. Due to the 

multilingual translation capabilities and zero-shot, few-shot learning ability, LLM excels in this regard,  

which is largely beneficial for low-resource languages. LLMs obtain the state-of-the-art performances  

(more than 35-40 BLEU) but are computationally demanding and require heavy fine-tuning. 

The era of NMT and LLM has indeed attracted us into an unprecedentedly high-quality and efficient 

processes of translation though SMT laid the cornerstone of MT. However, there are some problems with 

each of the approaches when treating more complex linguistic structures and resource demands. By knowing 

these approaches, especially in view of the different language requirements posed by the Indian context, 

researchers and developers can decide which strategy to adopt for a particular translation task. 

When the size of training data becomes larger, we compare BLEU scores of three different 

translation approaches in Figure 1: LLMs, NMT, and SMT. The BLEU score - a measure of the quality of 

translation — goes up as you use more data. However, irrespective of the scale of data, LLMs consistently 

significantly improve over both SMT and NMT having higher BLEU score. SMT shrinks very slowly, with 
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little further improvement after getting a certain amount of training data, while NMT continues to get better 

as it is provided more training data even without reaching SMT or LLM level. Such graph shows that LLMs 

are superior to SMT and NMT in hard translations, and they benefit the most from big corpora. 

 

 

 
 

Figure 1. BLEU score comparison for SMT, NMT, and LLMs with increasing training data 
 

 

2.2.  Challenges in MT for Indian Languages 

MT for Indian languages [30] has seen significant growth in recent times. There are, however, 

several important obstacles to MT systems being deployed and evolved effectively. These constraints are 

discussed in this section, and an insight to the future work of research and development is presented. 

 

2.2.1. Challenges with data scarcity 

One of the primary challenges in creating reliable MT for Indian languages in particular is the 

limited availability of large parallel corpora [31]. Despite some projects like Samanantar [32] being effective 

in crawling data for a few language pairs, there are very few or hardly any comprehensive datasets available 

to train and test models that would work on several of the regional languages. The data sparseness presents a 

basic bottleneck for training and testing of translation models. These corpora should be enlarged in the future, 

and development of such resources must illustrate new steps in parallel data preservation planning 

emphasizing continuous collaboration between language communities, educational institutions and 

technology generating entities to keep up high-quality parallel data able to face both dialectal as well as 

socio-register situations. 

 

2.2.2. Idiomatic and cultural nuances 

Indian languages have huge concurrent idioms and culture-specific phases, most of which can only 

be understood using the same method in MT these days [33]. There is a vast variability into such idiomatic 

structures based on source language culture, in any single target language it can very different.  

Models (particularly the ones which are trained on smaller datasets) struggle to capture such nuances, 

resulting in technical translation correct outputs that miss the mark. To this end, idiomatic phrase translation 

is relatively under-explored as a task on its own and in relation to the goal of creating systems that are able to 

understand/correct culture-specific translations. The New York team has partnered with local and linguistic 

experts to make sure that they are ready for this task, too; as cultural policies will become key in ensuring 

MT systems meet the performance expectations and suitability of the native speaker. 

 

2.2.3. Model complexity and computational costs 

NMT and LLMs improve fluency and correctness, but the computational cost involving the use of 

NMT and LLM is far beyond the capability of most small research groups and much of industry.  

Developing and training these models can also be expensive for non-profit or low resource organizations, 

who may lack the infrastructure to support such initiatives financially. This is undoubtedly a major negative, 

which warrants designing algorithms and models that provide high-quality translations without being 

computationally prohibitively expensive. Model compression and optimization techniques are also an option 

to improve accessibility. 
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2.2.4. Multilingual models and transfer learning 

Transfer learning has emerged as an effective approach for improving MT systems [34] especially 

low resource Indian languages. One can scale low resource translation ability to scale for even low resources 

(such as Odia, Kannada and Assamese) using data/models trained on high resource languages such as Hindi 

and Marathi. This strategy leverages the information already present in the data and enables cross-lingual 

transfer of knowledge that can enhance translation quality and efficiency. To systematically try and validate 

such an approach over a multitude of Indian languages calls for well-defined transfer learning methods and 

frameworks in the future.  

 

2.3.  Key concepts in MT 

In this section we present the well suited solid machine learning methods and we classify them besides 

translation low and high precision. It describes several machine translation approaches implemented in depth 

varying from statistical up to more modern ones. The ability for these models to provide translation accuracy from 

simple statistical methods to sophisticated deep learning and multilingual models is highlighted in the section. 

 

2.3.1. Statistical machine translation  

SMT relies on statistical models to predict translation based on probabilities derived from a large 

collection of parallel texts. It was based on how often words and phrases naturally occur together 

(spontaneously combine) in parallel texts in two languages, and made use of these probabilities to construct 

translations. SMT does well when the phrase length is small and sentence structure gets classic but SMT 

relies on parallel corpus for matching patterns between source language and target. On this count,  

phrase-based models excel, producing occasionally quite satisfactory translations of these basic sentences. 

However, SMT has its limitations. Deeper linguistic structures and idioms, or fine language use are 

out of its league. And the performance gets worse as the sentence becomes longer and more complicated. 

This is because SMT is heavily dependent on massive parallel corpora and does not have any kind of 

conceptual constraints, which are necessary for deeper order use of the language [35], [36]. The basis for the 

SMT are pharse-based models (there is e.g., no single word translation model), and a TM/LM combination 

generating proper-shape sentences with fluent use of language, respectively. Decoding is a central component 

of SMT: the machine "decides" on the best piecewise translation combining words and phrases based on 

statistical likelihood (Snover et al. Those percentages have to do with the particular math of SMT, which I in 

theory determines how likely a given translation produced by the system is to be right, versus absolute 

gibberish. This process allows SMT to handle structured translations pretty well. Nevertheless, because it relies 

so heavily on data and statistical models, it has a harder time with the more complex nuances of language. 

Mathematical Expression [25]: 

 

ê = arg max
𝑒

P(e ∣ f) = arg max
𝑒

P(f ∣ e) P(e) (1) 

 

Where, 

P(e ∣ f) is the probability of a target sentence being given a source sentence. 

𝐏(𝐟 ∣ 𝐞) Is the probability of a source sentence given a target sentence. 

 

2.3.2. Neural machine translation 

MT use occurs in automated translation tools and programs (including but not limited to SMT),  

but recently NMT has become the industry standard for advancing the performance of MT through deep 

learning technology. Instead of pieces, that word or phrase you use is fed to NMT and everything translates at 

once taking the full context into account. Encoder takes the input sentence as input and generates a fixed 

encoding which is then used by the decoder to predict its second language translation. Attention is one of the 

key features of NMT and grants the model with an ability to focus on important words/phrases in a sentence, 

especially crucial when translating longer and more syntactically complex sentences which ultimately 

enables us to better passing long-range dependencies from inputs so we generate applicable translations that 

are not only natural sounding but contextually pertinent too. Additionally, NMT uses language models to 

ensure that translations are also syntactically and stylistically correct. 

Another benefit of subword NMT system is that they can produce idiomatic and natural, contextual 

translation. NMTs: So, While NMT Has Limitations. To perform well, it requires a large amount of training 

data which is difficult to come by for low-resourced languages. In addition, they are computationally 

intensive and not all the research groups may have an ability to build it or apply in re-source limited 

environments. Despite the mentioned challenges, NMT nowadays is the state-of-the-art approach to obtain 

high quality MT for various languages [35], [36]. The basic architecture of NMT applies the encode-and-
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decode (END) mechanism and attention liberally to deduce the mapping from a source sentence to its most 

similar parts. NMT additionally uses advanced neural nets like RNNs, LSTMs and GRUs to handle 

sequential dataand keep the context within longer sentences. These things combined allow for translations to 

be fluid and sensible even if the sentences are complex. In particular, the mathematical forms of the 

relationship between the input and output sequences gives insight into how such contextually similar 

translations should be generated by this model accordingly. 

Mathematical Expression [25], [37]: 
 

NMT(X) = softmax(W ⋅ ht + b) (2) 
 

where is output probability distribution over target vocabulary, is weight matrix, ht is hidden state of neural 

network at time step, b in notations denotes bias vector and acts as activation function that maps input logits 

to be a probability distribution. 

 

2.3.3. Byte pair encoding (BPE) 

BPE [38] is a powerful text tokenization algorithm, for character removing methods in NLP that 

learns to embed rare or unseen words. BPE splits words even further into smaller pieces, often characters or 

subwords, while full-w3ords can lead to out-of-vocabulry instances (OOV). Next, to reach a predetermined 

vocabulary size it combines the levels of highest counts in an iterative way until the desired size is reached.  

This is a nice trade-off: common words remain present (so are easy words stay intact), but less common  

(or harder) ones are broken into easier chunks. 

Such an approach works well for NMT which is a task that utilizes large vocabulary to translate text 

and the model should not be biased by unseen words. One downside though, is that, as we set top vocabulary 

size manually, a wrong choice can lead to poor performance. Therefore, while BPE is a powerful and 

important part of the encoder that boosts model performance, an optimal vocabulary size should also be 

finetuned. BPE works by iteratively replacing most frequent adjacent characters or character pairs (up to a 

limit in size degree) until the target preprocessed vocabulary size is reached. Though it allows a model to 

better learn from different linguistic domains, its performance is sensitive both too small and too large of 

vocabulary sizes (which impacts translation quality) [39]. 

Mathematically, Expression [40]:  

 

BPE(input) = iterative replacement of most frequent byte pairs (3) 

 

2.3.4. Attention mechanism 

The attention mechanism is a huge advance for the neural network of especially for MT.  

This enables models to focus more on relevant components of their input rather than treating everything in 

the input as equally relevent. It does this by assigning attention weights which helps the model to determine 

that part of the input on which it should focus (0 for forgetting, 1 for remembering), allowing it to learn 

complex sentences and long-range word dependencies more efficiently. It is this attention that allows for 

more accurate models, and a greater context awareness especially when there are certain words that signify 

the importance more than others. They basically aid for the better and precise translations because they 

capture the in-place peculiarities of language. The mathematical expressions concerning this process are 

mentioned as follow [41]. 

Mathematical Expression [42]:  

 

Attention(Q, K, V) = softmax (
𝑄𝐾𝑇

√𝑑𝑘
) 𝑉 (4) 

 

Q is the query matrix, K is the key matrix, V is the value matrix, and 𝑑𝑘 is the dimension of the keys. 

 

2.3.5. Transformer architecture 

The Transformer in natural language processing eliminates the sequential order of things and can be 

done on batch much faster, more efficiently in parallel. Unlike language models such as RNNs that are 

processed token by token, the Transformer processes all tokens at once and this is why it captures long range 

dependencies much better than any other architecture ever created. The foundation for this is self-attention, 

which allows each token to “look at” every other token in an input sequence and get back a context 

representation of the entire context for each word. 

The core components of the Transformer are its self-attention layers and positional encodings, 

which allow it to know how tokens relate tot one another as well as word order. In addition, it uses  

multi-head attention that allows the model to pay attention to different positions of the input sequence at the 



                ISSN: 2252-8776 

Int J Inf & Commun Technol, Vol. 15, No. 3, September 2026: 1272-1289 

1278 

same time making it better able to find complex patterns. These set of features enable the transformer to 

excel in like translation, summarized it and answer any question. Overview of the mathematical formulations 

of self-attention in transformers [43], [44]. 

 

Transformer(X) = MultiHead(X) + FFN(MultiHead(X)) (5) 

 

MultiHead(X) represents the multi-head attention mechanism and represents a feed-forward network that is 

applied to the output of multi-head attention. 

 

2.3.6. Large language models 

LLMs are robust neural networks designed to solve various kinds of language tasks such as text 

generation, translation, question-answering and summarization. GPT, BERT and LLaMA are all examples of 

language models trained by deep learning over very large sets of written/typed data; they utilize their training 

data to generate human-sounding responses with respect to a given prompt. LLMs are different because they 

leverage self-attention and transformer architectures to achieve context over longer distances, which enables 

them to better process and generate text. 

LLMs are basically defined as transformers (Another Dimension for Transformers and Language 

Models) or the use of large-scale pretraining and finetuning to achieve state-of-the-art results on language 

tasks. This makes for powerful models that are trained on large datasets followed by a fine-tuning phase on 

many downstream tasks, producing very effective models even with limited data available. While these 

models can do wonder work, they also require significant compute resources to train and run. Here we simply 

define the maths for their main operation (mostly self-attention) implementation of core part. 

Mathematical expression [45], 

 

𝑃(𝑤𝑡|𝑤1,𝑤2, … … … , 𝑤𝑡−1) =
𝑒𝑓(𝑤1,𝑤2,……𝑤𝑡−1)

∑ 𝑒𝑓(𝑤1,𝑤2,……𝑤)
𝜔𝜖𝑉

 (6) 

 

2.4.  Evaluation metrics 

Automatic evaluation metrics: automatic evaluation metrics play a critical role in MT systems, 

evaluating the produced output against human reference translations and measuring how closely it 

approximates them [46]. One popular metric is called bilingual evaluation understudy (BLEU) that quantifies 

what percent of the ngrams in your MT and a reference translation overlap with each other, as a measurement 

of fluency and accuracy. The second metic is the metric for evaluation of translation with explicit ordering 

(METEOR), which also focuses on words in both reference and translation but also accounts for contextual 

meaning, reduces inflectional variability. Lastly, translation error rate (TER) gets the minimum number of 

edits that are required to match a machine output translation to the reference translation and focuses only on 

those segments where translated text mismatches human. These dimensions represent a holistic in-depth 

profiling of the translation quality beyond adequacy and post-editing effort of MT output. 

BLEU score: BLEU score is a commonly used metric by Papineni et al. [47] to evaluate  

machine-generated translations. It indicates how much a translation deviates from a set of human reference 

translations, ranging between 0 and 1 with higher value representing better alignment. n-gram precision 

measures the overlap of n-grams in machine output and references, computing BLEU score. A brevity 

penalty (BP) is accounted for in the final computation to avoid favoring shorter translations, and penalize 

translations that are excessively short which a high precision only would reward. BLEU developed as a 

standard metric for automatic machine translation evaluation due to its objective, reproducible computation 

and its good scaling properties across languages and models. The formula includes a brevity penalty which 

constrains the length of the translation: 

 

𝐵𝐿𝐸𝑈 = 𝐵𝑃 ⋅ 𝑒𝑥𝑝(∑ 𝑤𝑛
𝑁
𝑛=1 𝑙𝑜𝑔𝑝𝑛) (7) 

 

where: 

BP is the brevity penalty. 

𝑝𝑛 is the precision of n-grams. 

𝑤𝑛 is the weight for each n-gram length (usually uniform). 

These concepts help in the origin of modern MT methods, from historical views to contemporary 

techniques [48]. METEOR Score: A scoring method that allows for a more nuanced comparison of the 

MTwith BLEU. The first, METEOR, focuses more on meaning and synonyms than n-gram overlap.  

The methods characterise the meaning and relations between words to a more accurate degree, by 
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representing not only exact word patterns but also matches that are embedded together in certain ways.  

The score varies between 0 and 1, with a higher value indicating a better coverage of the human translations. 

In terms of computation, METEOR's calculation does not rely on exact matches as do BLEU.  

This consists of different types of word matches, exact match, stemmed match and synonym-based match as 

well as accounting for the order in which words were written. And we penalize a translation if it places words 

in awkward spots. METEOR aggregates precision (amount of MT that corresponds to human reference) and 

recall (how much the human reference is captured), both are equally weighted. This, and its word order 

penalty make it a powerful measure for assessing the quality of translation. The METEOR formulation is 

given below [49]. 

 

METEOR =
10⋅P⋅R

R+9P
(1 − 𝑃𝑀) (8) 

 

where: 

where the unigram recall and precision are given by R and P, respectively. The brevity penalty MN is 

determined by:  

 

𝑃𝑀 = 0.5 (
𝐶

𝑀𝑈
) (9) 

 

where QR is the number of matching unigrams, and C is the minimum number of phrases required to match 

unigrams in the SMT output with those found in the reference translations. 

 

2.5.  Review of existing methodologies 

Early MT systems used rule-based approaches that however are constrained by the amount of 

linguistic resources required. These systems exploited hand-crafted linguistic rules to translate but they tend 

to be brittle and did not generalize well to novel sentences [50]. We now present related work for the task of 

English to Marathi MT. 

In 2017, a research studied by Kunchukuttan and Bhattacharyya [51] showed that BPE could 

facilitate translation between similar languages. Their aim was to enhance translation by being capable of 

learning variable-length sub-word units, enabling an improved handling of vocabulary and the addressing 

common issues such as vocabulary sparsity or out-of-vocabulary (OOV) words. BPE proceeds by beginning 

with a vocabulary of words and iteratively merging the most frequent pair of characters or symbols. It repeats 

the process until a fixed number of merges or some vocabulary size is obtained. 

In this way, BPE decreases vocabulary size when retaining sense and allows more effective 

translation between similar languages (compare Table 3). The approach naturally solves the problem of 

OOV, also tunes the SMT system for languages with similar lexical structure. In the end, this helps make 

translations more efficient in managing vocabulary and so is well-suited to the optimization of related 

language pairs. 

 

 

Table 3. The parallel corpora's train, test, and tune splits [52] 
Language pair Train Tune Test 

ben-hin, pan-hin 44777 1000 2000 
kok-mar, mal-tam,tel-mal,hin-mal,mal-hin 44777 1000 2000 

urd-hin, ben-urd,urd-mal,mal-urd 38162 843 1707 

bul-mac 15000 1000 2000 
dan-swe 150000 1000 2000 

may-ind 137000 1000 2000 

kor-jpn, jpn-kor 69 809 1000 2000 

 

 

2.5.1. Dataset 

We employed the dataset described in Table 3 to train, finetune and test MMT models for various 

language pairs comprising Indian languages as well as non-Indian languages. The approach ensures 

responsible model optimization and estimation by maintaining balanced splits for training, tuning, and 

testing. Collectively, it includes Indo-Aryan and Dravidian languages from the ILCI corpus [17] and pairs of 

world languages from the OpenSubtitles2016 corpus [18], resulting in a comprehensive challenge dataset for 

cross-lingual translation systems. 

This also poses the intrinsic challenge of linguistic heterogeneity, including vocabulary sparseness 

induced translation errors in such datasets. BLEU is score which measures the quality of a model by 

comparing translations to human references so that we can estimate how good are with our translation. BLEU 
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score highlights the areas that need improvement, and encourages those contextually relevant translations can 

be produced fluently by MT models across different language pairs. 

Another study by Jha and Bhattacharyya [53] in undertook the construction and resource-building of 

NMT systems for Indian languages with difficulties such as rich morphology and relatively more complex 

syntax. Every one of these linguistic element makes translation increasingly complex and calls for additional 

refined models to check with it. The authors examine a number of NMT architectures, with particular 

emphasis on transformer models that use self-attention to learn long-term term dependencies in sentences. 

They use transfer-learning from better-resourced languages or strengthen accuracy on low-resource ones with 

pre-trained models as well. The demonstrated experiment of nmt in Table 4 that, built between Indian 

languages, the reported improvement is visible using BLEU scores. Hindi-Bengali, in other words the score 

for TL-less Transformer improves from 25.4 to 30.7 after BPE (the value before was 28.5) However, for the 

Transformer + TL case, this number had fallen to 28.4 from an initial score of 30.1 after applying BPE 

meaning that transfer learning needs more fine-tuning before it becomes useful. Despite the advancement in 

translation quality provided by nmt, acquires a considerable bottleneck of requiring large training datasets 

from text corpora, especially for low-resource languages. 

 
 

Table 4. The parallel corpora of Indian languages [54] 
Dataset Language pair Number of sentences Source 

Dataset 1 Hindi - Bengali 500,000 Parallel Corpus 
Dataset 2 Marathi - Tamil 300,000 Parallel Corpus 

Dataset 3 Telugu - Gujarati 200,000 Parallel Corpus 

 
 

As further evidence of improvements in NMT systems [55], Kandimalla et al. [56] focus on 

translating from English to various Indian languages. They wring some improvements above the vanilla 

attention based NMT implementation by leveraging transfer learning, domain adaptation and finetuning 

methods. These mechanisms are used with an intent to model the linguistic difficulties of Indian languages, 

thus helping our system in generating context sensitive and higher quality translations. The rightness of the 

other portion of the model on which it is hinging is due to splice/optimize it somewhat (the models), as 

present in formula 5,4 and 7 responsible for its gradually important build up in cause–effect calculations. 

The dataset used for this work is the large parallel data for English to Indian languages pairs, with 

domain adaption and finetuning using monolingual data. Such heterogeneous datasets facilitate the NMT 

model to deal with the intricate syntactic characteristics of Indian languages. In the bigger BLEU score case, 

we make further analysis on the impact of Ding et al. But the paper also mentions that data availability and 

quality continue to be a historical challenge, particularly in lack of resources Indian languages, which is 

bottleneck for the better performance of our models across all L2s. 

Ramesh et al. [32] Present Samanantar: most largest accessible public parallel corpus for any 11 

Indic languages as well as Golden Benchmarking dataset for MT. These are expanded into multiple sources 

from three different areas (legal, religious and government and web) to make a rich data set for MT 

development in languages like Hindi, Bengali, Tamil and Telugu. They focus on one million sentence pairs 

with alignment and quality data. However, the paper cites one drawback, a lack of quality control for such a 

large and varied dataset. However, Samanantar is an important step towards creating such large-scale 

repositories; and it highlights the issues that come into play in vetting this multitude of sources for quality. 

Statistics in Table 5 show insight into parallel corpora with their corresponding language pairs  

(from English to basic Indic) -- all datasets are either extracted or originally created. For instance,  

English-Hindi has 1,000,000 sentence pairs from general parallel corpora and English-Bengali has 800,000 

pairs. 0 corpus with sentence pairs defining English–Tamil specificity We also report monolingual corpora 

for Hindi, Bengali and Tamil too amounting to 2,000,000 sentences each in the table. The key message from 

this table, however, is that there are very large, in fact unbelievably diverse parallel and monolingual data 

available which are important to build MT systems for these languages specifically across multiple domains. 

 

 

Table 5. Parallel corpora of English to Indian language pairs [32] 
Dataset language pair Number of sentences Source 

General Corpus English - Hindi 1,000,000 Parallel Corpus 

General Corpus English - Bengali 800,000 Parallel Corpus 
Domain-specific English - Tamil 200,000 Parallel Corpus 

Monolingual Corpus Hindi, Bengali, Tamil 2,000,000 (each) Monolingual Corpus 
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Singh et al. [57] on how BERT, GPT-3 (LLMs) work well (or not really) at translation between 

English and Indian languages in their paper, Evaluating Translation Capabilities of LLMs for English and 

Indian Languages consider (both automated and human) evaluation approaches to measure the quality of 

translations between languages. They are combined with human fluency, accuracy and cultural references 

criteria based on automatic measures like BLEU, TER, METEOR. The team is employing transformer 

models with attention to boost translation quality. 

Table 6 shows their eng-ind pairs and as such their parallel corpus [23]. The resources for  

English-Hindi (2,000,000 sentence pairs) are wealthier and then fol- lowed by English-Bengali with 

1,500,000. Marathi Tamil Telugu and Gujarati are the other three which has scale dataset (800000-1200000 

sentence pairs). This span shows the ability of the model to tackle inter-Indian language translatability. 

In terms of performance (Table 7) English-Hindi is the best, with 32.5 BLEU sore, and  

English-Bengali it the second-best with 28.9 On the lower side, we have respectable BLEU scores of 21.5 

and 22.8 for English-Assamese and English-Oriya so which indicates that the quality of translation is not as 

great here. This is also supported by TER scores and both IndoHM+Indo B are much less erroneous 

compared to error-prone English-Assamese and Engligh-Oriya. 

However, for all that promise there is one big drawback as indicated in this study: you need massive 

compute resources to tangle with these LLMs. This could be a bottleneck particularly in resource constrained 

settings, which confines the utility of these models for real translation tasks. Lastly, the LLMs can be 

considered a basic solution to improve translation systems for English-Indian language pairs; however, their 

usage will remain limited because of this high computational requirement. 

 

 

Table 6. Parallel corpora for English and Indian languages 
Language pair Number of sentences 

English-Hindi 2,000,000 
English-Bengali 1,500,000 

English-Marathi 1,200,000 

English-Tamil 1,000,000 
English-Telugu 1,000,000 

English-Gujarati 800,000 

English-Kannada 800,000 
English-Malayalam 700,000 

English-Punjabi 600,000 

English-Oriya 500,000 
English-Assamese 400,000 

 

Table 7. Automated metrics result 
Language pair BLEU TER 

English-Hindi 32.5 56.2 
English-Bengali 28.9 59.3 

English-Marathi 25.7 61.7 

English-Tamil 24.6 62.5 
English-Telugu 24.8 61.9 

English-Gujarati 27.2 60.1 

English-Kannada 26.5 60.8 
English-Malayalam 23.4 63 

English-Punjabi 25.1 62.2 

English-Oriya 22.8 64.3 
English-Assamese 21.5 65 

 

 

 

3. RESULTS AND DISCUSSION 
3.1.  BLEU Score Improvements from SMT + BPE  

Table 8 shows the BLEU scoring of two translation models towards language pairs, with which we 

observe how BPE influences translation quality. The scores of BOTH the models increased significantly after 

BPE as can be seen in Figure 2 with model 1 improving from 25.3 to 30.7 and model 2 from 22.8 to 28.4, 

denoting that BPE leads to much improved translation accuracy and fluency. Which means, only rule based 

SMT has been the part of research. It does not use recently developed methods in NMT that might produce 

better multilingual translations and more effectively address linguistic complexities. 

 

 

Table 8. BLEU scores indicating enhanced translation quality [51] 
Model Language pair BLEU score (Before BPE) BLEU score (After BPE) 

Model 1 Language A - B 25.3 30.7 
Model 2 Language B - C 22.8 28.4 

 

 

 
 

Figure 2. BLEU score improvements achieved by using BPE 
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3.2.  NMT results (Transformer + TL)  

The methodology of this study also focuses on the use of transformer architecture, and in this way, 

self-attention is introduced to preserve such a complex structure of Indian languages [54]. It includes the 

good deployment of parallel collection of Indian language bilingual sentence pairs for effective training, 

which is also quite random and demonstrative to develop prominent translation models. The results show that 

the BLEU scores–which provide a measure of how understandable and readable the translations are–are very 

significantly higher. Work shows that, with state-of-the-art architectures combined with transfer learning for 

Indian languages NMT can solve a lot of the problems regarding its translations which is promising because 

it can improve upon this approach by improving the MT used in those scenarios. 

The outputs are evaluated using BLEU, which serves as a metric for the correctness and fluency of 

the translations contained in the output. (TL: Transfer Learning) as in Figure 3. The Lodha et al. tentative to 

improve NMT for Indian languages using multitask finetuning [55] (2021). Figure 4: Multitask learning [17] 

The authors propose a multitask learning framework, as depicted in Figure 4. In this way the NMT model is 

cotrained with an extra parametric output component on related tasks like translation, language modeling and 

paraphrasing. This assists the model in comprehending the subtleties of Indian languages much better and 

resulting in more precise translations. This framework relies on a transformer-style NMT model augmented 

with multitask learning using corpora which provide parallel data for translation and monolingual data  

for language modelling and paraphrasing in order to benefitFrom full training coverage as the one 

represented in Table 9. 

 

 

 
 

Figure 3. Architecture of the NMT model used 

 

 

 
 

Figure 4. Multitask learning framework 
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Table 9. The BLEU scores for [53] 
Model Language pair BLEU score BLEU score (After BPE) 

Transformer without TL Hindi - Bengali 25.4 30.7 
Transformer with TL Hindi - Bengali 30.1 28.4 

 

 

3.3.  Multitask finetuning results  

As shown in Table 10, we observe significant improvement in BLEU scores. As an example, for the 

Hindi-Bengali pair; we observed the BLEU score of baseline transformer improved from 28.5 to 33.2 

through multitask finetuning. Marathi-Tamil was the best-performing pair with a score 30.7 – originally 26.1, 

in which the multitask model overperformed baseline between Telugu-Gujarati as well. As can be seen in 

Table 11, multitask finetuning produced the improvement of BLEU score on the language pairs consistently, 

demonstrating that this is an effective method. Nevertheless, augmenting translation in order to achieve the 

latter can be at a detriment of training complexity, making it resource-heavy and less practical. 

Our work highlights the promise of multitask finetuning in drastically improving NMT performance 

for Indian languages, though training complexity remains a major concern we need to address. 

The objective function for multitask learning can be expressed as: 
 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑀𝑇 + λ1𝐿𝐿𝑀 + λ2𝐿𝑃𝑃 (7) 
 

where: 

𝐿𝑀𝑇  is the loss for the MT task. 

𝐿𝐿𝑀 is the loss for the language modeling task. 

𝐿𝑃𝑃  is the loss for the paraphrasing task. 

λ1 and λ2 are the weights that balance the contribution of each auxiliary task to the total loss. 

 

 

Table 10. Parallel corpora for multiple Indian languages [38] 
Dataset Language pair Number of sentences Source 

Translation Corpus Hindi - Bengali 500,000 Parallel Corpus 

Translation Corpus Marathi - Tamil 300,000 Parallel Corpus 
Translation Corpus Telugu - Gujarati 200,000 Parallel Corpus 

Language Modeling Corpus Mixed Indian Languages 1,000,000 Monolingual Corpus 

Paraphrasing Corpus Hindi - Hindi 150,000 Paraphrase Corpus 

 

 

Table 11. Resulting BLEU scores on different language pairs for the baseline models and models in [55] 
Model Language pair BLEU score 

Baseline Transformer Hindi - Bengali 28.5 

Multitask Finetuned Hindi - Bengali 33.2 
Baseline Transformer Marathi - Tamil 26.1 

Multitask Finetuned Marathi - Tamil 30.7 

Baseline Transformer Telugu - Gujarati 24.3 

 

 

3.4.  IndicTrans2 model results  

Another study by Gala et al. [58] showcased in their work, IndicTrans2: Towards High-Quality and 

accessibility machine translation models for all 22 Scheduled Indian Languages, a model titled as the 

IndicTrans2 NMT model which was trained to address all 22 scheduled Indian languages. This model is 

based on the Transformer architecture, and it makes use of attention mechanisms to better capture  

long-range dependencies in the text. The main mathematical ingredients are the Transformer Attention 

Mechanism and the cross-entropy loss function that we need to optimize (translation). 

The corpus used in the experiment is a parallel text corpus of diverse domains across 22 Indian 

languages. In this section (Table 12), we show the detail comparison of translation quality in terms of BLEU 

scores for several language pairs comparing them with a baseline Transformer model. We report a large 

improvement, for instance upwards of 32.4 to 37.8BLEU score on the English-Hindi pair with 

IndicTrans2compared to the baseline model. Similarly, English-Bengali BLEU score increased from 30.1 to 

35.7 and English-Tamil pair gained from 28.6 to 33.5respectively; 

These results validate that IndicTrans2 is the best as it does outperform the baseline on different 

language pairs. This shows that IndicTrans2 has the potential to produce superior translations in various 

Indian languages. Yet work reveals a huge hurdle too: the computational horsepower needed to train such 

models and let them loose in the wild. This could be a hindrance to practical application, especially in 
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resource-scarce settings. The IndicTrans2 Model Architecture, shown in Figure 5, which is a transformer 

based model that leverages advanced self attention mechanisms for Indian language translation. 

 

 

Table 12. BLEU scores for English-to-Indian language translation models on Samanantar dataset 
Model Language pair BLEU score 

Baseline Transformer English - Hindi 32.4 

Improved Transformer English - Hindi 37.8 
Baseline Transformer English - Bengali 30.1 

Improved Transformer English - Bengali 35.7 

Baseline Transformer English - Tamil 28.6 
Improved Transformer English - Tamil 33.5 

 

 

 
 

Figure 5. IndicTrans2 architecture 

 

 

3.5.  Cross-comparison results  

The comparison study of the different techniques in MT utilized by the pertinent researchers is 

depicted in Table 13. The table also summarizes BLEU score improvements using different paths and gives 

statistics and main failures of each dataset. For example, [51] uses BPE and achieves +3 BLEU improvement 

but is limited to SMT approaches. In comparison, [53] is an NMT based model with +5 BLEU improvement 

on average but needs large resources to yield better performance. Rate-2016 [55] mentions that multitask 

finedtuning results in a +4 BLEU improvement, but the training process is complex. The enhanced NMT 

model in [56] has the highest BLEU improvement of +6.00 BLEU, nevertheless it suffers from data quality 

issues. On the other hand, [58] proposed IndicTrans2 - a NMT model with the best improvement of +7 BLEU 

but is computationally demanding post-processing steps. The table shows the trade-offs among various MT 

strategies in their efficiency and practical difficulties. Like [32], where the main purpose is to create large 

parallel corpora, we intend to provide high-quality datasets and not necessarily improving translation systems. 

Therefore, no performance gains for BLEU scores are included. Similarly, [57] studies LLMs for translation, 

providing useful insights about generalization and performance but does not report quantitative BLEU score 

improvements. As both papers focus on collecting data and do not make concrete model improvements 

anchored in manual evaluation, they are excluded from BLEU score comparison in the table. 

 

 

Table 13. Cross-comparison analysis 
Paper Methodology Dataset size BLEU score improvement Limitations 

[1] BPE for SMT Not specified +3 BLEU Limited to SMT 

[2] NMT Varies +5 BLEU Requires large datasets 
[3] Multitask Finetuning Large-scale +4 BLEU Complex training 

[4] Improved NMT Medium to large +6 BLEU Data quality issues 
[5] Parallel Corpora Compilation Extensive N/A Data quality 

[6] LLM Evaluation Varies Insights, not scores Generalizability 

[7] IndicTrans2 NMT Extensive +7 BLEU High resource needs 
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3.6.  LLM performance results  

3.6.1. STATE-of-the-art LLMS for MT for english to Indian Languages 

The progress of LLMs, such as GPT-3 [59], LlaMA [60], and BLOOM [61] has had a significant 

impact on NLP, including MT. These models, using transformer-based neural frameworks, have simplified 

the task of addressing very complicated language tasks, such as translating between many languages. But 

one of the hardest problems that these models are still working on are idiomatic expressions, particularly in 

translating them into Indian languages from English. In this paper, we study how these idiomatic translations 

are handled by state-of-the-art LLMs, and identify their different strengths and weaknesses. Meta's OPT-6.7b 

[62], which has 6.7 billion parameters, was largely trained to perform English-based tasks with inclusion of 

some non-English data, e.g. [63]. It is okay for translation needs, but when it comes to Indian languages 

especially idioms- it fails miserably. Indian languages, which are morphologically rich and also have 

complex sentential structures, present a challenge that OPT-6. Whereas 7b unable to really handle primarily 

because it not trained enough on various Indian languages dataset. This model has good finetuning 

capabilities and can work in causal language modeling, but again, it simply has not seen enough of Indian 

languages to be able to translate idiomatic expressions fluently. 

In the case of Indian languages, however longer BLOOM-7B [64], [65] may be a more promising 

candidate. Given that you are trained on 46 languages including Hindi Tamil and Bengali it has a bit more 

understanding of sentence structures in Indian languages as compared to OPT-6. 7b. Then it gets to idioms, 

and BLOOM still struggles with those. The 1.1 percent of Indian language data it has been fed is insufficient 

to fiable the multilayering cultural and contextual shades sought by initial idioms' transposition done-verse 

into words high century as a stop-splice auxiliary carrier. Much of BOOM strength comes from how 

multilingual it is for certain low resource languages. But to get idiomatic translations right, it would need 

further-tuning for Indian languages. Yes, Meta's XLM-LLaMA-7B [66] seems to be suitable for multilingual 

tasks based on its pre-training on diverse corpora such as CCNet and Wikipedia. However, the translation of 

idiomatic conversation and most especially from Marathi or Hindi can be hit-or-miss. However, its token 

vocabulary is richer – which does not fit the larger phrases and the necessary more idiomatic use of the 

culture. LLaMA-7B finds it a bit easier to accommodate these different grammatical structures, but also 

needs extra fine-tuning on Indian languages so that idiomatic use cases can be modeled effectively by the 

other models. 

One of the highlights in our study is MPT-7BTM from MosaicML, which has being able to tackle 

long sequence on general language tasks [67]. But this is where this logic hit a wall when it came to Indian 

language idioms. The inability for the model to learn from Indian language data is what makes it almost 

impossible to account for the nuances and complexities that idioms bring with them. 

What is also interesting is that the model has a good fit for tasks involving long text sequences, 

however MPT-7B trained directly on Indian languages does not perform well and the team doesn't state 

whether they went back to further fine-tune it. Falcon-7B [68] (Token: Trillion 1.5) ideal on zero-shot 

learning unworking in Western languages, and shows capabilities of processing large datasets But,  

its performance is restricted to normal language as training of Indian languages in it are not mapped well so, 

anything that is idiomatic will be handled poorly. Such representation is missing, therefore Falcon-7B 

struggles to encode context influenced by culture in Indian languages. Falcon-7B does extremely well on 

most large data and typical NLP benchmarking tasks, but flunks an acid test when it comes to performing 

idiomatic translations in Indian languages, without any fine-tuning. Models of LLaMA-2 [69] in particular 

provide significant advantages over previous state-of-the-art models for Indian languages and especially the 

13B versions. For a specific task, they also work better when finetuned; even for lowerresource languages 

like Marathi and Tamil. 

These models also perform better for morphologically rich languages like Hindi and they are one of 

the best-performing models after finetuning to translate Indian languages. Even first-stage prototypes from 

LLaMA-2 models performs poorly with idiomatic phrases in drawing general-purpose translations,  

fine-tuned for that task. Mistral-7B [70] is new architecture designed for long-sequence tasks capable of 

effectively managing larger input context lengths. So, it has all the issues of other LLMs, despite working 

with Indian languages and idiomatic translations; in brief if an Indian language dataset is not fine-tuned 

enough then it doest fit to keep cultural nuances when organic phrases form. While capable of generic 

language tasks like long sequences, Mistral-7B, too, works well only after rigorous finetuning to handle tasks 

such as translating idiomatic expression for Indian languages. General Crosslanguage evaluation of idiomatic 

expression of Indian languages = Type410Variableforwidelyvely = Coverage General Evaluation = Table 

MT [71] Table 14 finetuning-based 4-gram scores laserations method fast minuteloads slow parse Average. 

To make it even easier to interpret the data in Table 7, Figure 6 illustrates a comparative view of the 

translation performance across different LLMs using BLEU scores and idiomatic accuracy on Indian 

languages. 
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Table 14. Comparative analysis of translation models' performance for Indian Languages 
Model Parameters Dataset size 

(Tokens) 

Indian Language 

data (%) 

Supported Languages BLEU score for 

Indian Languages 

Idiomatic 

translation 
accuracy (%) 

OPT-6.7B 6.7B Unspecified Limited  Limited Low 40% 

BLOOM-7B 7B 1.1 trillion 1.10% 46 Moderate (Better 
in low resource) 

60% 

LLaMA-7B 7B Unspecified Unspecified Unspecified Moderate 55% 

MPT-7B 7B 1 trillion None Limited Low 45% 
Falcon-7B 7B 1.5 trillion Underrepresented Limited Low 50% 

LLaMA-2-7B 7B Unspecified Improved  Unspecified High (after 

finetuning) 

70% 

LLaMA-2-13B 13B Unspecified Improved Unspecified High (after 

finetuning) 

75% 

Mistral-7B 7B Unspecified Unspecified Limited Low 45% 

 

 

 
 

Figure 6. Comparative model performance chart 

 

 
4. CONCLUSION 

The evolution from statistical techniques to the state-of-the-art neural methods of MT in Indian 

languages is really a positive step. Measuring LLMs 10 (LLMs) Such As OPT-6 It includes 7b, BLOOM-7B, 

LLaMA-7B, MPT-7B, Falcon-7B and LLaMA-2—13b models which indicates english to Indo Aryan 

language translation. Even though such models are designed using best techniques like byte pair encoding, 

multitask finetuning and large multilingual data there are still some challenges; in case of idiomatic 

expressions as a linguistic feature or in case of any morphological language as in Indian languages. 

Each LLM has its own distinct seed to it such as multilanguage support and enormous sequence 

architecture. However, the performance of such models on Indian languages is limited due to low resource 

culturally driven data and insufficient finetuning for particular linguistic scenarios. Better datasets, model 

architectures and finetuning leads to better translation quality. 

Going forward, the focus has to be on creating large scale and high-quality parallel corpora for 

Indian languages, training translation models that are sensitive to cultural translational differences (because 

many of them exist) and tackling the computational challenges. By addressing those areas, we could build 

stronger MT systems that facilitate comms and inclusion better in and for Indian linguistics, and contribute to 

opening access to information in minority languages. 
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