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Abstract
The widespread use of Romanized text for Indian languages, particularly on social media platforms, poses significant
challenges for natural language processing due to the lack of standardized orthography and the presence of
contextual ambiguities. In this study, we explore sentence-level back-transliteration for 13 Indian languages, focusing
on addressing the limitations of word-level models that fail to capture contextual dependencies. We evaluate
state-of-the-art models, including fine-tuned LLaMA, mT5, and Multilingual Transformer models, comparing their
performance against the baseline IndicXlit model. In addition, we conduct a comprehensive error analysis to gain
deeper insights into model performance. Our results demonstrate that fine-tuned LLaMA and the proposed IndiXform
model, specifically designed to leverage sentence-level context, significantly outperform zero-shot LLaMA and the
IndicXlit baseline. These findings provide valuable insights into handling contextual ambiguities and enhancing the
accuracy of back-transliteration systems for Indian languages.
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1. Introduction

The use of Romanized text for Indian languages
has become widespread due to the dominance
of mobile communication and social media plat-
forms. While native-script keyboards are available,
users often default to the Roman script for faster
input and ease of use. However, the absence of a
standardized orthography for Romanized text for
Indian languages introduces significant challenges
in natural language processing (NLP). Unlike lan-
guages with established Romanization systems
(e.g., Pinyin for Chinese), Indian languages exhibit
highly inconsistent spelling conventions, influenced
by phonetic variations, user preferences, and re-
gional dialects.

The lack of standardization in Roman-to-native
transliteration introduces significant ambiguity in
both many-to-one and one-to-many mappings. For
example, as illustrated in Fig. 1, the Romanized
words Main, Mei, and Mai are all mapped to the
same Hindi word in the Devanagari script, de-
spite their distinct phonetic variations in different
contexts. In the Assamese language, it is found
that a total of 37 different Roman transliteration
variations are available (Baruah et al., 2024b). Ex-
amples from all the languages are listed in Table 1.
Conversely, a single Romanized word may corre-
spond to multiple possible transliterations in the
native script depending on the contextual mean-
ing. For instance, the Roman word sir can be
transliterated as either or , and kar may map
to either or in Devanagari. This variability
underscores the challenges of developing robust
transliteration systems capable of effectively han-

Main sir se milne ja rha. मैं सर से मिलने जा रहा।

Mei kar chla rha hun. मैं कार चला रहा हूँ।

Roman Native

Mai kam kar rha hun. मैं काम कर रहा हूँ।

Mere sir me dard hai. मेरे  सिर में दर्द  है।

Figure 1: Example of Hindi text written in Roman
and Devanagari script.

dling such linguistic ambiguities.
Most existing transliteration systems rely on

word-pair or character-to-character mappings,
which inherently lack contextual information (Kirov
et al., 2024). These approaches treat translitera-
tion as a direct mapping task, disregarding linguis-
tic dependencies within a sentence. As a result,
they struggle with disambiguation, leading to errors
in cases where multiple possible transliterations
exist for a given word. Since word-level models
operate in isolation without considering the sur-
rounding context, they often produce inconsistent
or incorrect output. To address these limitations,
there is a need to explore sentence-level transliter-
ation approaches that incorporate contextual cues,
enabling more accurate and reliable transliteration.
Despite the growing interest in Indic transliteration,
several questions remain unexplored:

RQ1: How do state-of-the-art models perform on
sentence-level back-transliteration for Indian lan-
guages, particularly in terms of handling contextual



Lang Native Multiple romanized representations

as

bn

gu

hi

kn
ml
mr
pa

sd

si
ta
te
ur

অসমীয়া
achomiya, ahomiya, akhamia, akhmia, akhomia, akhomiya, akxomiya, anaxomiya, aokhomia, asamia, asamiya, ashaima, asomia,
asomiya, asomiyoi, assamese, assamia, assamiya, assomiya, axamia, axamiya, axhomiya, axmia, axmiya, axomeaa, axomi, axomia,
axomiaaaa, axomiay, axomiya, axonia, ohomia, okhamiya, okhomeya, okhomia, okhomiya, okomiya, osomia, oxomia, oxomiya

মাধ্যমে
maddhom, maddhome, maddhomme, maddhoyme, maddhyme, maddhyome, maddome, madhom, madhome, madhomea, madhyom-e,
madhyoma, madhyome, mddhyme, modhe, modhyome

સુહાનાને suhaanaane, suhanane

भारतीय
Bharatiy, Bharatiya, Bharatoy, Bharity, Bhartiy, Bhartiya, Bhrtiy, Bhrtiya, bhaaratiy, bhaartiy, bhaartiya, bhaatiy, bharatiy, bharatiya,
bhartiy, bhartiya, bhrtiy, bhrtiya

ಭಾರತದ Bhaarata, Bhaaratha, Bharata, Bharatha, India, bhaarata, bhaaratha, bharata, bharatha, vibhajaneyindaa
ഭർത്താവ് Bhartthaavu, Bhrtthavu, bhartthaav, bhartthaavu, bhrtthav, bhrtthavu
एकदिवसीय Ekadivashiya, Ekadivasiy, Ekdivasiya, eakdiwasya, ekadivasiy, ekadivasiya, ekdivaseeya, ekdivasiya, ekdivsiya

ਪੰ ਜਾਬੀ Panjabi, Punjab, Punjabbi, Punjabi, Punjbai, pajabi, panjaabi, punjab, punjabi, punjai, punjani, punjbai
Panhjay, Panhje, Pehnji, pahinje, pahnjay, pahnji, panhjay, panhje, panhjee, panhji, panhnje, paye, pea(father), pehje, pehji, pehnje,
pehnji, penhainjen, penhainji, penhaji, penhanje, penhanji, penhinje, penhje, penhnje, penhnji, penjahi

සහෝදරියක් sahodariyak, shodriyk
மூன்று Moondru, mondru, moodru, moondru, moondu, moonru, mundru, munru, muundru, muunru
జాతీయ Jaateeya, Jateeya, Jathiya, Jatiya, gaateeya, gitam, jaateeya, jaatheeya, jaathiya, jateeya, jathiya, jeeteeya

Alaihi, Alaihis, aalehi, alaih, alaih-e-, alaihe, alaihey, alaihi, alaihis, alaihissalaam, aleh, alyhi, alyhis

‬‮پنهنجي

‬‮علیہ

Table 1: Multiple representation for native word into roman in Assamese(as), Bengli(bn), Gujarati(gu),
Hindi(hi), Kannada(kn), Malayalam(ml), Marathi(mr), Punjabi(pa), Sindhi(sd), Sinhala(si), Tamil(ta),
Telugu(te), and Urdu(ur)

ambiguities?

RQ2: To what extent can modern large language
models (LLMs) be effectively utilized for sentence-
level back-transliteration without task-specific fine-
tuning and with fine-tuning?

RQ3: How effective are existing publicly available
parallel corpora in supporting sentence-level back-
transliteration for Indian languages, especially in
the context of informal social media text?

RQ4: How do social media-specific text charac-
teristics (e.g., informal spellings, code-mixing) af-
fect the performance of back-transliteration mod-
els?

To address these questions, this study presents
a comprehensive analysis of sentence-level back-
transliteration for Indian languages, focusing on
state-of-the-art models and publicly available
datasets. We investigate the effectiveness of exist-
ing parallel corpora, including the Dakshina (Roark
et al., 2020a) and IndoNLP (Weerasinghe et al.,
2025) datasets, in supporting sentence-level
transliteration tasks. Our evaluation encompasses
advanced models such as LLaMA 3.1, IndicXlit,
and mT5, assessing their capabilities in handling
contextual ambiguities. Additionally, we intro-
duce IndiXform, a transformer-based transliteration
model designed specifically to leverage sentence-
level context, aiming to improve accuracy and dis-
ambiguation in back-transliteration.

Our results show that sentence-level models
leveraging contextual information significantly out-
perform word-level approaches, with IndiXform and
fine-tuned LLaMA achieving the lowest error rates.
However, challenges persist with code-mixed text

and diacritic generation. These findings highlight
the importance of contextual modeling and the
need for enhanced training strategies to improve
transliteration accuracy across diverse linguistic
scenarios.

2. Related Work

Research on transliteration for Indo-Aryan lan-
guages has witnessed considerable progress over
the years, with numerous important contribu-
tions. One early effort, Brahmi-Net, introduced
by Kunchukuttan et al. (2015), provided a statisti-
cal approach capable of handling script conversion
across 18 Indo-Aryan languages, covering a total
of 306 language pairs, including Hindi. This work
laid the groundwork for subsequent large-scale
multilingual transliteration studies. Beyond these
foundational works, other noteworthy corpora have
been developed for transliteration-specific tasks.
The NEWS 2015 Machine Transliteration Shared
Task (Banchs et al., 2015) focused on transliter-
ation of proper names across 14 language pairs.
Additionally, Gupta et al. (2012) proposed an ap-
proach to mine Hindi-English transliteration pairs
from Hindi song lyrics, creating a dataset of 30,823
word pairs. Another pivotal resource, the Dakshina
dataset developed by Roark et al. (2020b), sup-
ports both transliteration and language modeling
tasks across 12 South Asian languages. By provid-
ing data for Roman-scripted text, this dataset has
become essential for research on Indian languages
represented in non-native scripts.

Building on these foundational efforts,
Kunchukuttan et al. (2021) demonstrated
the effectiveness of multilingual neural machine
transliteration for English and 10 Indian languages,



Statistic as bn gu hi kn ml mr pa sd si ta te ur

#Total 15076 14991 10358 14985 9905 15000 9998 9739 9658 15066 9865 9909 9569
#Train 12060 11992 8286 11988 7924 12000 7999 7791 7726 12004 7892 7927 7591
#Dev 1507 1499 1035 1499 990 1500 1000 973 965 1500 986 990 948
#Test 1509 1500 1037 1498 991 1500 999 975 967 1502 987 992 1030
#Token(R) 32.0k 46.4k 27.0k 41.6k 55.3k 42.9k 39.7k 40.8k 40.8k 15.5k 52.8k 48.9k 30.3k
#Token(N) 20.2k 31.6k 25.5k 26.3k 49.3k 30.3k 34.2k 29.4k 28.1k 11.7k 42.7k 41.6k 22.8k

Table 2: Dataset Statistics. #Total, #Train, #Dev, and #Test represent the total number of samples in the
entire dataset, the training split, the development split, and the test split, respectively. #Token(R) and
#Token(N) indicate the unique number of tokens present in Romanized and Native text across the entire
dataset for each language.

showcasing how neural models can generalize
across multiple languages where they created a
corpus of 600K word pairs mined from parallel
and monolingual corpora. Similarly, Madhani
et al. (2023) presented the Aksharantar dataset,
which spans 21 Indian languages and achieved
state-of-the-art results with the IndicXlit model.
Expanding the scope further, Ruder et al. (2023)
examined sentence-level transliteration across 13
languages using transfer learning models such
as mT5-Base, ByT5-Base, and FlanPaLM-62B,
including languages from the Dakshina dataset
and Amharic.

The challenges of transliterating informal and
non-standard text, particularly from social me-
dia platforms, have also gained attention in re-
cent years. Shared tasks organized by the Fo-
rum for Information Retrieval (FIRE) have specif-
ically focused on such text. For example, tasks
held in FIRE 2013 and FIRE 2014 (Roy et al.,
2013; Choudhury et al., 2014) tackled the prob-
lem of transliterating Romanized Hindi song lyrics,
thereby highlighting the complexities of informal
text processing. Baruah et al. (2024b) explored
the transliteration of Romanized Assamese text
found in social media content, while Baruah et al.
(2024a) investigated back-transliteration of simi-
lar text using BiLSTM, Neural Transformer mod-
els, mT5, and ByT5. Recently, the IndoNLP work-
shop (Weerasinghe et al., 2025) introduced a back-
transliteration task for five Indo-Aryan languages,
aiming to develop a real-time reverse transliterator
to enhance the typing experience for users of these
languages. In response Baiju et al. (2025); De Mel
et al. (2025); Perera et al. (2025), and Kumar
et al. (2025) have explored various methods includ-
ing rule-based, deep learning, transformer-based
encoder-decoder model and LLMs like LLaMA 3
for different Indo-Aryan languages.

3. Proposed Approach

We have considered the sentence level translit-
eration of 13 Indian languages written in Roman

script back to their native script. These lan-
guages include Assamese (as), Bengali (bn), Gu-
jarati (gu), Hindi (hi), Kannada (kn), Malayalam
(ml), Marathi (mr), Punjabi (pa), Sindhi (sd), Sin-
hala (si), Tamil (ta), Telugu (te), and Urdu (ur).
We have investigated different state-of-the-art se-
quential models, including LLaMA 3.1 (Dubey
et al., 2024), Transformer-based encoder-decoder
model (Vaswani, 2017), and mT5 (Xue et al., 2021)
for the task. We have also investigated zero-shot
learning approach with LLaMA 3.1 model.

3.1. Dataset

We use the dataset from two major sources: one
is Dakshina (Roark et al., 2020a), and the other is
from the IndoNLP Workshop (Weerasinghe et al.,
2025) shared task1. IndoNLP dataset includes
data for Bengali, Gujarati, Hindi, Malayalam, and
Sinhala and is characterized by complex, irregu-
lar writing patterns such as vowel omissions, and
shortened words resembling informal text from so-
cial media. Assamese language dataset is taken
from the work (Baruah et al., 2024a). The remain-
ing languages, including Kannada, Marathi, Pun-
jabi, Sindhi, Tamil, Telugu, and Urdu, are taken
from Dakshina dataset. Unlike IndoNLP dataset,
Dakshina follows more structured orthographic
rules with well-formed romanized text, making it
suitable for systematic transliteration tasks.

To ensure a balanced evaluation of the model,
the dataset is split into training (Train) (80%), devel-
opment (Dev) (10%), and test (Test) (10%) sets for
each language. Table 2 provides detailed statistics
of each set across different languages, including
the total number of samples and unique tokens per
language.

With this dataset we investigate the back translit-
eration work with different models. We investigate
zero-shot and prompt fine-tuning approach with
LLaMA 3.1 along with state-of-the-art translitera-
tion model IndicXlit.

1IndoNLP Shared Task: https://github.com/IndoNLP-
Workshop/IndoNLP-2025-Shared-Task

https://github.com/IndoNLP-Workshop/IndoNLP-2025-Shared-Task
https://github.com/IndoNLP-Workshop/IndoNLP-2025-Shared-Task


Example Pair

Romanized text

Native text

Transliterate this romanized { lang } 
text into native text.

Input: [ romanized text ]
Response: [ generated native text ]

Transliterate this romanized { lang } 
text into native text.

Input: [ romanized text ]
Response: [ native text ]

Transliterate this romanized { lang } 
text into native text.

Input: [ romanized text ]
Response: [ ]

Input prompt

Target prompt

Figure 2: LLaMA Prompt Fine-tuning

3.2. Back-Transliteration with LLaMA 3.1

We explore both zero-shot and prompt fine-tuning
methods to evaluate the LLaMA 3.1 8B model
(Dubey et al., 2024) for the back-transliteration task
across 13 Indian languages. The LLaMA 3.1 8B
model is a large transformer-based architecture
with 8 billion parameters. It is designed to be multi-
lingual and supports an extended context length of
128K, making it well-suited for applications such as
long-form text summarization, multilingual dialogue
systems, and coding assistance.

3.2.1. Zero-Shot Testing

In zero-shot testing, the model is evaluated
without any task-specific fine-tuning. We have
applied an Alpaca-style prompt to assess the
model’s capability to perform back-transliteration
from romanized text to native script. The prompt
provided to the model followed the following format:

"Back transliterate this romanized {language}
text into native {language} text."

For example, the prompt for Hindi text is struc-
tured as:

Instruction:
Back transliterate this romanized Hindi
text into native Hindi text:

This method enabled us to measure the model’s
inherent performance in transliteration tasks with-
out additional training.

3.2.2. Fine-Tuning with Alpaca Prompts

The second experiment involves fine-tuning LLaMA
3.1 using a task-specific dataset. We use the
dataset consisting of pairs of romanized and na-
tive script texts for each language. Two different
prompting approaches are used to fine-tune the
model. In the first approach, the model is fine-
tuned with individual languages, where the lan-
guage tag is included in the prompt. In the second
approach, the model learns to identify the language
and perform back-transliteration. For this approach,

we merge the datasets from each language and
prompt-tune the model accordingly.

The fine-tuning process follows these steps:
- Formatting Prompts: Each example is con-

verted into an Alpaca-style prompt. The instruction
specifies the transliteration task, the input contains
romanized text, and the response provides the na-
tive script. The prompt template is:

Below is an instruction that describes
a task, paired with an input. Write a
response that appropriately completes
the request.

Instruction:
Transliterate this romanized {language}
text into native {language} script.
Input: {romanized text}
Response: { }

- Model Adaptation: The FastLanguageModel
API from Unsloth loads and prepares the base
model. LoRA (Low-Rank Adaptation) is applied to
fine-tune the model efficiently with minimal compu-
tational overhead.

- Optimization Parameters: Hyperparameters
include a learning rate of 2×10−4, a batch size of 4,
400 training steps with a linear learning rate sched-
uler, LoRA-specific parameters (rank of 16, alpha
value of 16, zero dropout), 4-bit model loading for
memory savings, and gradient checkpointing for
efficiency.

- Training Process: Mixed precision is used
to accelerate computation and reduce memory
usage. The dataset is tokenized and processed
in batches with gradient accumulation to support
smaller batch sizes.

In another prompt-tuning approach, the instruc-
tion first identifies the language of the given sample
and then performs back-transliteration. All other
parameters for prompt tuning remain the same as
in the previous training. The following instruction is
used for this approach:

Instruction:
1. Identify the language from the given
romanized text.



2. Transliterate this romanized text into
the identified native script.

After fine-tuning, the model is evaluated with
the same Alpaca prompt format to ensure con-
sistency. The fine-tuned model shows improved
accuracy and fluency, especially for complex or
low-frequency word forms.

3.3. IndiXform: Back-transliteration with
Transformer

We further train IndiXform, a transformer-based
encoder-decoder model for sentence-level back-
transliteration. The model consists of 6 lay-
ers in both the encoder and decoder, with
256-dimensional input embeddings, a 1024-
dimensional feedforward network, and 8 attention
heads. We implement the model using Facebook’s
Fairseq toolkit (Ott et al., 2019), a robust and scal-
able sequence-to-sequence model for multilingual
NLP tasks.

We explore both a multilingual character-level
transliteration model (Kunchukuttan et al., 2021)
and a multilingual subword-level model. For the
subword-level model, we use Byte Pair Encoding
(BPE) for training.

3.3.1. Training Procedure

For training the IndiXform Multilingual Trans-
former, we employ two tokenization methodologies:
character-level tokenization and byte pair encoding
(BPE) subword tokenization. We name these two
models as IndiXformct and IndiXformswt respec-
tively.

Character-Level Tokenization In character-level
tokenization, each character is treated as an indi-
vidual token. All the training data across the 13
languages were combined into a single corpus file.
During tokenization, white spaces are not treated
as tokens. Instead, the special token __WB__ (Word
Break token) was introduced to separate words
within sentences. A dictionary of 852 and 232
unique characters and tokens is formed from the
dataset combining all text in native script and Ro-
man script respectively.

Byte Pair Encoding (BPE) Subword Tok-
enization For BPE tokenization, we use the
subword-nmt toolkit to learn subword merges. The
BPE algorithm starts by splitting each word into
its smallest units, usually individual characters or
bytes. Frequent pairs of characters or subwords
are then iteratively merged based on their fre-
quency in the dataset. We have experimented with
various sizes of frequent merges, including 8000,
16000, 24000, 32000, and 39000. After extensive

testing, a merge size of 32000 provided the most
meaningful results, balancing token coverage and
model performance.

Training : The training process configures vari-
ous hyperparameters to optimize the performance
of the transformer model. The model uses a bal-
anced set of encoder and decoder hyperparame-
ters, with 6 layers for both, each layer containing 8
attention heads. The encoder and decoder have
embedding dimensions of 256 and feedforward di-
mensions of 1024. Dropout regularization is set to
0.5 to prevent overfitting. GELU (Gaussian Error
Linear Unit) serves as the activation function, and
the Adam optimizer with betas (0.9, 0.98) is used
to update the model weights. The learning rate
starts at 0.001 and follows an inverse square root
scheduling strategy with 4000 warm-up updates.
The batch size is set to 16, and the training runs for
a maximum of 41 epochs. Multilingual dictionaries
and encoder language tokens are used to handle
different languages efficiently.

3.3.2. Evaluation Procedure

For evaluation, we use a beam search mecha-
nism to generate transliterations. Beam search
is a heuristic search algorithm that expands mul-
tiple hypotheses (beams=4) at each step and se-
lects the top candidates based on their cumula-
tive probabilities. In this setup, we generate the
top four predictions (nbest=4) for each input sen-
tence, allowing users to choose from multiple high-
probability outputs. For evaluation, we select the
best prediction from the top four generated outputs,
choosing the one with the highest probability score.
This approach ensures flexibility and robustness
in real-world applications, as users can select the
transliteration that best fits their needs from these
high-confidence options.

3.4. Back-Transliteration with mT5

We further investigate back-transliteration using
the Multilingual T5 (mT5) model (Xue et al., 2021).
Developed by Google, mT5 extends the T5 (Text-
to-Text Transfer Transformer) architecture and is
pre-trained on the mC4 dataset covering 101+ lan-
guages. Its multilingual pre-training enables ro-
bust language representation, making it suitable
for transliteration, language translation, and low-
resource scenarios.

3.4.1. Fine-Tuning Process

We fine-tune mT5 on Romanized and native script
text pairs across 13 languages using the following
steps:



as bn gu hi kn ml mr pa sd si ta te ur avg

In
di

cX
lit cer 0.41 0.20 0.27 0.20 0.14 0.18 0.19 0.21 0.26 - 0.13 0.15 0.24 0.27

wer 0.60 0.55 0.64 0.48 0.47 0.60 0.56 0.53 0.59 - 0.51 0.50 0.56 0.56
bleuc 47.7 72.1 58.8 70.5 81.8 74.6 72.4 68.1 61.7 - 81.4 79.0 63.2 63.1
bleuw 11.9 18.0 8.5 22.9 28.4 12.9 17.9 17.3 12.3 - 21.4 24.7 19.0 18.0

LL
aM

A
zs cer 0.53 0.30 0.43 0.24 0.42 0.46 0.67 0.38 0.74 0.45 0.37 0.43 0.94 0.47

wer 0.77 0.52 0.64 0.31 0.61 0.76 0.76 0.54 0.98 0.73 0.64 0.65 0.89 0.64
bleuc 36.8 67.7 50.0 80.9 54.3 47.7 63.1 58.1 40.9 43.2 63.0 53.3 54.4 55.2
bleuw 5.5 22.9 14.5 54.3 17.5 7.6 27.1 24.4 6.8 7.7 14.2 14.8 34.0 19.9

LL
aM

A
ft

s cer 0.11 0.11 0.07 0.12 0.04 0.02 0.06 0.06 0.10 0.02 0.09 0.06 0.17 0.08
wer 0.21 0.23 0.08 0.21 0.19 0.11 0.21 0.19 0.25 0.09 0.29 0.25 0.33 0.20

bleuc 85.4 89.0 95.6 90.5 92.2 96.1 90.0 88.9 84.6 94.9 89.8 90.2 81.5 89.4
bleuw 58.6 55.3 80.9 66.1 58.7 73.5 53.4 58.9 52.7 76.2 48.9 49.2 56.5 60.1

LL
aM

A
ft

m cer 0.16 0.19 0.08 0.15 0.14 0.06 0.14 0.14 0.31 0.06 0.17 0.17 0.23 0.15
wer 0.28 0.34 0.21 0.25 0.27 0.24 0.32 0.29 0.55 0.20 0.40 0.37 0.36 0.31

bleuc 80.3 81.1 87.1 82.5 85.6 90.1 80.7 79.6 66.1 88.1 82.0 78.0 72.3 80.2
bleuw 44.5 42.8 57.4 58.6 48.6 48.6 41.3 48.3 25.9 54.6 35.8 38.4 49.2 45.5

In
di

X
fo

rm
ct cer 0.09 0.06 0.02 0.06 0.06 0.02 0.06 0.07 0.09 0.02 0.07 0.07 0.13 0.07

wer 0.18 0.24 0.07 0.19 0.24 0.11 0.27 0.23 0.22 0.08 0.31 0.30 0.27 0.20
bleuc 86.8 88.4 96.1 89.0 90.1 96.4 87.3 86.3 85.6 95.7 87.6 86.8 80.4 88.2
bleuw 60.0 48.1 81.6 58.1 52.0 72.5 43.3 52.9 55.1 78.2 38.3 40.3 51.4 55.0

In
di

X
fo

rm
sw

t cer 0.14 0.17 0.09 0.13 0.17 0.11 0.15 0.16 0.16 0.07 0.16 0.20 0.24 0.15
wer 0.25 0.40 0.21 0.30 0.48 0.35 0.42 0.36 0.37 0.17 0.51 0.57 0.40 0.37

bleuc 81.1 75.1 86.1 79.1 75.7 83.9 75.6 75.1 74.5 88.3 75.9 69.7 70.0 77.4
bleuw 48.6 28.1 55.1 42.4 22.0 33.6 25.9 34.1 35.0 61.9 18.7 15.5 35.8 36.3

m
T5

-b
as

e cer 0.12 0.07 0.03 0.06 0.09 0.04 0.08 0.13 0.13 0.02 0.09 0.10 0.10 0.08
wer 0.23 0.20 0.09 0.15 0.27 0.19 0.26 0.26 0.25 0.10 0.30 0.33 0.22 0.22

bleuc 82.9 88.7 94.8 90.6 86.7 93.4 86.1 81.0 80.7 95.4 86.0 83.6 84.1 87.1
bleuw 54.2 57.7 79.8 67.8 49.4 63.0 47.0 52.5 53.9 78.3 41.4 39.5 57.9 56.3

Table 3: Evaluation Results Across Models and Languages, with best (lowest) CER/WER and best
(highest) BLEUc/BLEUw in bold for each language. The symbol ‘-’ indicates that the metric is not
applicable.

– Prompt Formatting: Each example follows a
task-specific prompt:

Transliterate {language}: {romanized text}

– Tokenization: The mT5 tokenizer processes
input and target sequences with a maximum length
of 64 tokens, ensuring uniform batch sizes.

– Model Adaptation: We use the
"mT5ForConditionalGeneration" model with
pre-trained weights from ‘google/mT5-base‘.

– Optimization: Fine-tuning employs a learning
rate of 2×10−4, a batch size of 8, 6 training epochs,
and a weight decay of 0.01. Logging occurs every
100 steps, with checkpoints saved every 500 steps.

– Training: The Hugging Face ‘Trainer‘ class
handles training and evaluation, selecting the best-
performing checkpoint.

– Inference: The model generates native script
text from romanized input using the same prompt
format:

Transliterate {language}: {romanized text}

The fine-tuned mT5 model demonstrates strong
performance in back-transliteration tasks, effec-
tively handling multiple languages and accurately

generating native script text from romanized inputs.
Its ability to generalize across languages further
validates the benefits of multilingual pre-training.

4. Result and Evaluation

We evaluate the performance of all the six trained
transliteration models at sentence level across
13 Indian languages i.e. Assamese (as), Ben-
gali (bn), Gujarati (gu), Hindi (hi), Kannada (kn),
Malayalam (ml), Marathi (mr), Punjabi (pa), Sindhi
(sd), Sinhala (si), Tamil (ta), Telugu (te), and
Urdu (ur). We consider (i) Back-transliteration
with LLaMA 3.1: Zero-Shot approach (LLaMAzs),
Prompt-fine-tuning using individual languages
(LLaMAfts), and Prompt-fine-tuning combining all
languages with language identification and back-
transliteration (LLaMAftm), (ii) Back-transliteration
with Transformer based encoder-decoder model:
using character-level tokenization (IndiXformct)
and using sub-word level tokenization with BPE
(IndiXformswt), and (iii) Back-Transliteration with
mT5 (mT5-base). We consider the IndicXlit
model as the baseline. IndicXlit is a transformer-
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Matngi devi samta ka suchak hai . तंगी देवी समता का सूचक है । तंगी देवी समता का सूचक है ।

pr bhooleene pNa srch n kro aa paaanch
vstu, phsaai jsho mushkeleemaa

પર ભૂલીને પણ સર્ચ ન કરો આ પાંચ વ , ફસાઇ
જશો મુશ્કેલીમાં

પર ભૂલીને પણ સરચ ન કરો આ પાંચ વ , ફસાઇ
જશો મુશ્કેલીમાં

Baad men chalkar inhi logon me naujawan
Bharat sabha ki sthapana ki.

बाद में चलकर इ  लो  ने नौजवान भारत सभा
की स्थापना की।

बाद में चलकर इ  लो  में नौजवान भारत सभा
की स्थापना की।

pr aavee rhyaa chhe aa chaar jbrdst phichrs પર આવી ર  છે આ ચાર જબરદસ્ત ફિચર્સ પર આવી ર  છે આ ચાર જબરદસ્ત ફિચર્સ

 के  बाद से यह दल मलिंग के  नेतृत्व में राज्य
में निरंतर सत्ता में है।

 के  बाद से यह दल मलिंग के  नेतृत्व में
राज्य में निरंतर सत्ता में है।

slip. subh divs, srs ratri, aramdayk pthari. પ. શુભ દિવસ, સરસ રાત્રિ, આ દાયક પથારી. પ. શુભ દિવસ, સરસ રાત્રિ, આ દાયક પથારી.
alsno divs adbhut che prmtu mare khrekhr
bhar jvum joie

આ સનો દિવસ અદ્ભુ ત છે પરંતુ મારે ખરેખર બહાર
જવું જોઈએ

અ સનો દિવસ અદ્ભુ ત છે પરંતુ મારે ખરેખર બહાર
જવું જોઈએ

मा म

સ્તું સ્તુ

न्ही गो न्हीं गों

હ્યા હ્યાં

१९९४ चा 1994 चै

સ્લી રામ સ્લિ રાં

ળ લ

1994 ke baad se yah dal Chamling ke netrutwa
men rajya men nirantar satta men hai.

Table 4: Examples of different errors due to the mismatch in character count.

as bn gu hi kn ml mr pa sd si ta te ur avg

In
di

X
fo

rm
ct ins% 3.38 3.04 2.25 2.93 2.82 2.14 3.21 3.02 6.04 2.5 3.46 3.46 3.97 3.24

bleuc, ins 79.1 83.6 89.7 84.6 85.4 90.6 83.5 81.7 77.3 90.2 84.1 81.5 82.0 84.1
del% 6.89 3.92 2.29 3.46 5.1 2.18 3.87 5.54 6.21 2.76 5.01 6.48 12.33 4.93

bleuc, del 76.8 83.7 90.6 84.0 83.5 90.0 82.9 78.7 79.0 90.6 83.7 79.5 67.2 82.3
bleuc, sub 93.2 92.9 97.6 92.5 93.9 97.1 90.3 90.2 91.0 97.6 92.2 92.1 90.2 93.1

LL
aM

A
ft

s

ins% 4.2 4.63 5.44 4.29 2.76 2.24 3.87 2.95 3.99 2.62 4.35 3.78 4.26 3.77
bleuc, ins 75.0 83.0 86.8 84.0 86.8 89.9 84.3 85.1 78.1 89.5 86.0 84.8 82.3 84.3

del% 3.59 3.99 2.4 3.44 2.89 2.69 3.56 3.64 4.07 2.69 3.79 3.39 8.22 3.73
bleuc, del 78.5 84.4 90.4 85.8 87.2 89.8 85.3 82.3 78.5 89.3 86.5 85.2 65.5 83.7
bleuc, sub 91.3 94.2 97.6 94.6 95.0 97.4 94.2 92.2 88.6 96.4 93.7 93.9 91.7 93.9

Table 5: Error analysis and performance of models for difference class of character mismatch.

Lang Diacritics Marks

as

bn

gu

hi

kn

ml

mr

pa

sd

si

ta

te

ur

 া, ি, ী, ু, ূ, ৃ, ে, ৈ, ো, ৌ, ং, ঃ, ঁ

 া, ি, ী, ু, ূ, ৃ, ে, ৈ, ো, ৌ, ং, ঃ, ঁ

 ા, િ, ી, ુ, ૂ, ૃ, ે, ૈ, ો, ૌ, ૅ, ં, ઃ, ઁ

 ा, ि, ी, ु, ू, ृ, े, ै, ो, ौ, ॅ, ं, ः, ँ

 ಾ, ಿ, ೀ, ು, ೂ, ೃ, ೇ, ೈ, ೋ, ೌ, ೆ, ಂ, ಃ

 ാ, ി, ീ, ു, ൂ, ൃ, െ, േ, ൊ, ൌ, ൂം, ഃ

 ा, ि, ी, ु, ू, ृ, े, ै, ो, ौ, ॅ, ं, ः, ँ

 ਾ, ਿ, ੀ, ੁ, ੂ,  ,  ,  ,  , ੂਂ

 ා, ි, ී, ු, ූ, ෛ, ෙ, ෝ, ෞ, ෟ

 ா, ி, ீ, ு, ூ, ெ, ே, ொ, ௌ, ்

 ా, ి, ీ, ు, ూ, ృ, ె, ే, ొ, ౌ, ం, ః

(No specific matras listed)

‬  ‮َ ا , ِ , ُ , ۃ , ٓ , ٖ , ٗ , ٛ

Table 6: Diacritics across different languages.

based state-of-the-art multilingual transliteration
model with 11 million parameters, supporting 21
Indian languages for Roman-to-native and native-
to-Roman script conversions. This model was
trained on the parallel token corpus. For sentence-

level transliteration using this model, we have first
broken down the sentence into tokens, performed
the transliteration on tokens, and then joined the
transliteration to get the transliterated sentence.

For evaluation, we consider character error rate
(CER), word error rate (WER), character-level
BLEU (BLEUc), and word-level BLEU (BLEUw) as
performance metrics.

Table 3 summarizes these results, compar-
ing our experimental models (Transformer-based,
LLaMA-based, and mT5-base) with the IndicXlit
model. Our analysis highlights the strengths and
weaknesses of each model across different lan-
guages and sentence structures.

The IndicXlit model performs significantly low
across all metrics, with an average CER of 0.27
and a high WER of 0.56. The reason behind this
low performance is that this model was trained
on the word pair which potentially lacking the con-
text. The same romanized word can have different
interpretations depending on the context. More
over this model is trained mostly on well structured
word pair lacking the real life or social medial text
annomolies like vowel commission, misspelling,
shorten forms etc.

In contrast, IndiXformct and fine-tuned LLaMAfts
demonstrates considerable improvements, achiev-
ing an average CER of 0.07, a WER of 0.20 and
an average CER of 0.08, a WER of 0.20 respec-



as bn gu hi kn ml mr pa sd si ta te ur avg

IndiXformct
Diact. 70.3 77.2 92.4 76.6 86.2 94.7 77.7 73.7 81.1 81.7 82.2 78.4 - 81.0
Char. 84.4 87.7 95.6 89.8 89.9 96.5 88.1 86.0 81.3 95.5 86.6 84.4 78.4 88.0

LLaMAfts
Diact. 69.0 79.0 92.0 81.1 89.1 94.0 81.3 78.2 79.1 80.9 84.9 82.3 - 82.5
Char. 83.2 88.4 95.7 90.1 92.1 96.4 90.1 88.1 80.0 94.5 88.7 87.6 80.0 88.8

Table 7: Diacritic Marks analysis. The symbol ‘-’ indicates that the metric is not applicable.

tively. The IndiXformct with low error rates for Gu-
jarati (gu) at 0.02 (CER) and 0.07 (WER). Similarly,
IndiXform model show strong performance on lan-
guage Hindi (hi) ( CER: 0.06, WER: 0.19). The
mT5 model achieves the significantly good perfor-
mance overall, with CER and WER averages of
0.08 and 0.22, respectively.

When comparing BLEUc scores, the LLaMA
model trained for each language, LLaMAfts
achieves a high average of 89.4, excelling in Kan-
nada, Marathi, Punjabi, Tamil, and Telugu. In con-
trast, IndicXlit reports a significantly lower BLEUc of
63.1, indicating poor transliteration accuracy. The
IndiXformct excelling in some languages such as
Bengali (bn) at 96.1 and Sinhala (si) at 95.7. The
mT5 model delivers similarly competitive results
with an average BLEUc of 87.1, demonstrating its
effectiveness in handling multiple languages.

Word-level BLEU (BLEUw) scores clearly demon-
strate the enhanced performance of our exper-
imental models. The LLaMA zero-shot model
shows limited effectiveness, achieving an aver-
age BLEUw of only 19.9, highlighting the necessity
of fine-tuning. In contrast, the fine-tuned LLaMA
(LLaMAfts) achieves a remarkable average BLEUw
of 60.1, significantly outperforming the baseline
score of 18.0. This improvement illustrates the im-
portance of incorporating sentence-level context
for more accurate back-transliteration. Addition-
ally, IndiXformct shows exceptional performance
in specific languages, achieving BLEUw scores of
60.0 in Assamese (as) and 81.6 in Gujarati (gu).
To gain deeper insights into model performance,
we conducted detailed error analyses, examining
language-specific challenges.

4.1. Error Analysis

We analyze the errors of the two best-performing
models, LLaMAfts and IndiXformct, considering
several error categories: character count mis-
matches, diacritic generation errors, sentence
length effects, and code-mixing challenges.

Error due to Character Mismatch: We catego-
rize character mismatches into three classes: (i)
Insertion Class, where the predicted output has
more characters than the reference, (ii) Deletion
Class, where the predicted output has fewer char-
acters, and (iii) Substitution Class, where the

character count is the same but incorrect charac-
ters are substituted. These errors are primarily
caused by the insertion, deletion, or substitution
of vowels (diacritics). Additionally, numbers, digits,
and confusion between similar consonants also
contribute to substitution errors. The examples
for each case are shown in Table 4. Due to space
constraints, we include samples from Hindi and Gu-
jarati, although the analysis covers 13 languages.

We calculate the percentage of character inser-
tions and deletions for each language and their
corresponding BLEU scores, as shown in Table 5.
On average, IndiXform has an insertion rate of
3.24% and a deletion rate of 4.93%, while LLaMA
has rates of 3.77% and 3.73%, respectively.

To assess the impact on performance, we com-
pute the correlation between character error rates
and BLEU scores. For IndiXform, the correlation
is -0.81 for insertion and -0.96 for deletion, indi-
cating strong negative impacts. For LLaMA, the
correlations are -0.44 and -0.93, respectively.

Error due to diacritics : To gain a deeper under-
standing of the errors, we analyze the models’ per-
formance in generating diacritics. Diacritics from
different languages are tabulated in Table 6 We
separate the diacritics and characters from each
sample in both the references and predictions for
both models. We then calculate the BLEU scores
for diacritics and characters separately, as shown
in Table 7.

For IndiXform, the average BLEU score is 81.0
for diacritics and 88.0 for characters. Similarly,
LLaMA achieves scores of 82.5 for diacritics and
88.8 for characters. These findings indicate that
both models struggle more with generating diacrit-
ics than characters, highlighting a key challenge in
transliteration accuracy.

Effect of Sentence Length: We have also done
the error analysis of all models based on the sen-
tence length effects. The LLaMAfts model outper-
formed others on long sentences (≥20 words) with
an average BLEU score of 88.8, while IndiXformct
excelled in Gujarati and Sinhala with BLEUc scores
of 93.8 and 94.8. For short sentences (≤ 5 words),
both models showed strong performance (average
BLEUc = 84.4), with mT5-base achieving the high-
est score of 95.6 for Gujarati.



5. Conclusion

This paper presents a comprehensive analysis of
sentence-level back-transliteration for 13 Indian lan-
guages, addressing challenges posed by informal
Romanized text, including irregular spelling, vowel
omissions, code-mixing, and contextual ambigui-
ties. By evaluating state-of-the-art models such as
LLaMA 3.1 (in zero-shot and fine-tuned modes),
mT5, and the proposed IndiXform, we demon-
strated the importance of sentence-level context
in enhancing transliteration accuracy. Fine-tuned
LLaMA and IndiXform consistently outperformed
the baseline IndicXlit model, achieving lower char-
acter error rates (CER) and word error rates (WER),
while mT5 exhibited competitive performance due
to its robust multilingual pre-training.

However, challenges remain with code-mixed
text, short sentences, and unique character sets,
highlighting model-specific weaknesses. The find-
ings emphasize the need for advanced models with
better contextual understanding and handling of lin-
guistic diversity. Future research should focus on
improved pre-training strategies, data augmenta-
tion for informal text, and hybrid approaches, ulti-
mately contributing to more accurate and robust
back-transliteration systems for Indian languages.

Limitations

Despite achieving promising results, our study
faced several limitations, particularly in terms of
data availability and performance in challenging
linguistic scenarios. One of the primary challenges
was the limited availability of high-quality anno-
tated data for several Indian languages. Many low-
resource languages in India have minimal digitized
corpora, restricting the scope of comprehensive
training and evaluation.

Another significant limitation was the scarcity
of data containing code-mixed text, such as that
found in SMS, social media, and informal commu-
nications. These forms of communication often
blend English and native languages, presenting
complex transliteration tasks. Due to insufficient
examples in the training data, the models strug-
gled to handle code-mixed sentences accurately,
frequently misinterpreting or incorrectly transliterat-
ing English words within these sentences. Conse-
quently, model performance in this category was
noticeably lower than in others.

Additionally, transliteration performance for sen-
tences with long and complex word structures
proved to be another area of difficulty. Certain
long and morphologically rich words, particularly
in highly inflected languages, posed challenges to
the models, occasionally leading to errors in output
generation. These limitations highlight the need

for further data augmentation efforts, particularly
in gathering code-mixed and long-form content, to
enhance the robustness of transliteration models
across diverse linguistic contexts.
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