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Abstract

Grammar correction for Indian languages
poses significant challenges due to complex
morphology, non-standard spellings, and fre-
quent script variations. In this work, we ad-
dress grammar correction for English-mixed
sentences in five Indic languages—Hindi, Ben-
gali, Malayalam, Tamil, and Telugu—as part
of the IndicGEC 2025 shared task at Bhasha
Workshop. Our approach first applies word-
level transliteration using IndicTrans to nor-
malize romanized and mixed-script tokens, fol-
lowed by grammar correction using the mT5-
small model. Although our experiments fo-
cus on these five languages, the methodol-
ogy is generalizable to other Indian languages.
Our system demonstrates stable performance
across the five languages in the IndicGEC
2025 shared task, which included 8-11 partic-
ipating systems per language. We achieve our
best performance in Telugu with a rank of 3 out
of 8, while securing ranks of 7 out of 8 in both
Bengali and Malayalam. For Hindi, we obtain
a rank of 9 out of 11, and for Tamil, a rank of
9 out of 9. Our implementation and code are
publicly available at: https://github.com/
Rucha-Ambaliya/bhasha-workshop.

1 Introduction

Indian languages exhibit rich morphology and di-
verse scripts, which complicates grammar correc-
tion, especially when the text is code-mixed with
English. Standard grammar correction models
trained on monolingual text often struggle with
such inputs.

To address this challenge, we propose a word-
level transliteration approach: English tokens in
the sentence are converted into the selected main
native language script. The transliterated text is
then fed into a grammar correction model based
on mT5 (Xue et al., 2021), enabling accurate de-
tection and correction of grammatical errors. This
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pipeline can be easily extended to other Indian lan-
guages with minimal adaptation.

2 Related Work

Grammar Error Correction (GEC) for English:
Early work on GEC focused on English using
statistical and neural machine translation mod-
els. The CoNLL-2014 shared task (Ng et al.,
2014) evaluated GEC systems using the M? scorer,
with the best system achieving 37.33% F1 score.
Later work by Junczys-Dowmunt et al. (2018)
approached neural GEC as a low-resource ma-
chine translation task, achieving competitive per-
formance. The GLEU metric (Napoles et al.,
2015) was introduced specifically for evaluating
grammatical error correction systems, measuring
n-gram overlap between system output and refer-
ence corrections.

GEC for Indic Languages:

Transliteration and Normalization: Bhat et al.
(2015) developed rule-based and data driven sys-
tems used for standardized text processing, focus-
ing on transliterated transliteration search tasks
(Choudhury et al., 2014). Various neural ap-
proaches (Kunchukuttan et al., 2021; Madhani
etal., 2023) have been proposed for Indic language
transliteration, leveraging character-level and sub-
word representations to handle script variations.

Code-Mixed Language Processing: The SAIL-
2015 shared task (Patra et al., 2015) addressed sen-
timent analysis in Hindi-English, Bengali-English,
and Tamil-English tweets, with top systems report-
ing 66—71% accuracy using Naive Bayes. Sharma
et al. (2015) applied a lexicon-based method for
Hindi-English sentiment classification using FIRE
datasets. Joshi et al. (2016) used sub-word level
LSTMs (Hochreiter and Schmidhuber, 1997) for
Hindi-English code-mixed datasets, improving ac-
curacy by 18%. Hassan et al. (2016) used LSTMs
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for Bengali sentiment analysis, achieving 78% ac-
curacy on binary and 55% on three-class classifi-
cation tasks.

3 Corpus Details

The IndicGEC 2025 shared task at Bhasha Work-
shop provides a dataset for training and evaluation
in five Indic languages for the grammar correction
task. For each language, the dataset is distributed
in three files:

* train.csv: Contains both input and output
sentences, used to train the grammar correc-
tion models.

+ dev.csv: Used during the development phase
to evaluate the model on the organizers’ sys-
tem. It contains both input and output sen-
tences and is evaluated using GLEU to iden-
tify error patterns and improvement areas.

* test.csv: Contains only input sentences and is
used for the final evaluation during the work-
shop.

3.1 Original Dataset Statistics

Language Train Dev Test
Hindi 599 107 236
Bangla 659 102 330
Malayalam 312 50 102
Tamil 91 16 65
Telugu 603 100 315

Table 1: Statistics of the original dataset provided by
the Bhasha Workshop organizers.

Although the original dataset already contains real-
istic grammatical issues such as insertions, incon-
sistent punctuation, character-level errors (missing
or swapped characters etc.), and word-level errors
(misplaced or missing tokens etc.). Its overall size
is too limited to train a large multilingual model
scuh as mT$5 effectively. Given the complexity of
Indic languages, which involve rich morphology,
spelling variations, and frequent code-mixing, the
amount of erroneous data in the original set is in-
sufficient for the model to learn diverse and robust
error patterns.

3.2 Baseline Performance on Original
Dataset

To assess the effectiveness of the provided dataset,
preliminary experiments are conducted using the

mT5-small model trained separately for each lan-
guage using its respective train.csv file provided
by Bhasha Workshop. The trained models are
then evaluated on the corresponding dev and test
datasets. We measure GLEU scores with and with-
out applying the IndicTrans transliteration step.

Language GLEU GLEU
(Trans-  (Non-Trans-
literated) literated)

Hindi 17.74 18.13
Bangla 17.00 17.00
Malayalam  20.05 20.05
Tamil 4.99 4.99

Telugu 12.21 12.21

Table 2: GLEU scores on dev.csv using the original
dataset.

Language GLEU GLEU
(Trans-  (Non-Trans-
literated) literated)

Hindi 15.62 15.56
Bangla 18.08 18.08
Malayalam  27.07 27.07
Tamil 0.46 0.46

Telugu 12.39 12.16

Table 3: GLEU scores on test.csv using the original
dataset.

The results indicate consistently low GLEU
scores across all languages, with extremely poor
performance for Tamil and only marginal improve-
ments across the remaining languages. Further-
more, the transliteration step did not yield signif-
icant gains at this stage. This can be largely at-
tributed to the fact that, except for Hindi and a
very small number of instances in Telugu, none
of the other languages contained English tokens in
their dev and test datasets, thereby limiting the ob-
servable impact of transliteration. Even for Hindi,
only a single English word was present in the
dev.csv file across the evaluated samples, while
the Telugu test set contained only 2-3 English to-
kens in total. However, the slight improvement
observed in the Hindi and Telugu test set suggests
that transliteration may have contributed positively
where English-mixed content was present. Over-
all, the poor performance indicates that the pri-
mary limitation stemmed from insufficient train-
ing data rather than script normalization, which
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motivated the need to expand and augment the
dataset with synthetic grammatical errors to im-
prove model generalization and correction capabil-

ity.
3.3 Data Filtering

To address this, we construct an augmented train-
ing corpus by incorporating additional sentences
from the IndicCorpV?2 dataset (Doddapaneni et al.,
2023) for each language. The following filtering
criteria are applied:

* Only sentences containing characters of the
main language are retained, since mixing with
other languages reduces the prediction accu-
racy of mT5 for the target language.

» Sentence length between 5 and 15 words is se-
lected, as IndicCorpV2 contained long para-
graphs and multiple iterations show that the
model performs best with this length.

This process resulted in an initial corpus of
10000 sentences per language.

3.4 Data Augmentation

To simulate realistic grammatical and spelling er-
rors, we apply both character-level and word-
level augmentations:

e Character-level: random insertion, deletion,
or swapping of characters.
(Inserted or swapped characters are arbitrarily
selected from within the same sentence and
placed at a random position.)

— Insertion: ¥R — ®RY (random character
T inserted)

— Deletion: IHd — Id (letter H deleted)

— Swap: €HI — A14ET (characters T and
|1 swapped)

* Word-level: random insertion, deletion, or
swapping of words within a sentence.
(Inserted or swapped words are arbitrarily se-
lected from within the same sentence and
placed at a random position.)

— Insertion: # ¥qd Tl — & AT gl
AT (word T inserted)

— Deletion: & ¥qd ATl — & ATl (word
The deleted)

— Swap: # W@d W1 — Whd d T
(words & and Thel swapped)

For each sentence, either a character-level or a
word-level error is introduced randomly. The aug-
mented sentences are paired with their original ver-
sions to form input-output pairs for training.

During early experiments, augmenting only
50% of the sentences did not provide the model
with enough erroneous examples, leading it to of-
ten copy the input as-is instead of applying correc-
tions. To ensure that the model learns error pat-
terns effectively, we increase the augmentation ra-
tio to 70% of the sentences. Each augmented sen-
tence is paired with its original version to form
input-output pairs for training.

3.5 Final Dataset Statistics

Language Correct  Augmented Final
Original Pairs  Training

Pairs Pairs

Hindi 10000 7000 10000
Bangla 10000 7000 10000
Malayalam 10000 7000 10000
Tamil 10000 7000 10000
Telugu 10000 7000 10000

Table 4: Corpus augmentation statistics after filtering
and applying character- and word-level perturbations.

7,000 sentences were randomly selected for aug-
mentation while preserving 10,000 input-output
pairs per language. Although error injection was
performed randomly, the resulting distribution of
augmentation types was approximately uniform.
Since the final model used in our experiments was
trained only on the Hindi corpus, we report de-
tailed augmentation statistics for Hindi to illus-
trate the distribution of error types. The aug-
mented Hindi samples were evenly spread across
different perturbation categories: word deletion
in 596 sentences (17.03%), word insertion in 598
sentences (17.09%), word swapping in 575 sen-
tences (16.43%), character insertion in 564 sen-
tences (16.11%), character deletion in 570 sen-
tences (16.29%), and character swapping in 597
sentences (17.06%). This balanced distribution en-
sured exposure to a diverse range of grammatical
and spelling error patterns without bias toward any
single error type.

This augmentation strategy provides a balanced
distribution of correct and erroneous sentences,
significantly improving the model’s ability to learn
grammar correction patterns and handle real-world
noise such as spelling errors, informal usages, and
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code-mixed constructions common in Indic lan-
guage text.

4 Approach

4.1 Features
4.1.1 Token-level embeddings:

Sentences are first tokenized using the mT5 tok-
enizer. Tokens belonging to the main language
(e.g., Hindi, Bangla) are kept unchanged, while
tokens in other scripts or Romanized form are
transliterated into their canonical native script us-
ing IndicTrans (Bhat et al., 2015) transliteration
toolkit.

4.1.2 Subword-level encoding:

The SentencePiece (Kudo and Richardson, 2018)
tokenization of mT5 helps effectively handle out-
of-vocabulary (OOV) words that frequently occur
in Romanized and code-mixed Indic language text.

4.1.3 Cross-lingual Generalization:

Although the mT5 model is trained only on Hindi
data, we directly use for inference on the other
four languages (Bangla, Malayalam, Tamil, and
Telugu) without additional fine-tuning under zero-
shot settings. This is possible because mT5 is a
multilingual model with shared subword represen-
tations across Indic languages. The transliteration
step ensures that the input text for all languages is
standardized to native scripts, allowing the model
to generalize effectively across languages.

4.2 Models

4.2.1 Transliteration with IndicTrans:

Since the grammar correction model is trained ex-
clusively on sentences in the main language, it is
unable to handle words in other scripts (e.g., En-
glish or Romanized Hindi). To address this, we
use IndicTrans (Bhat et al., 2015) to transliterate
all non-main language tokens into the canonical
script at the word level. Tokens already in the main
language are left unchanged. This ensures that the
grammar correction model is provided with inputs
in a consistent script.

4.2.2 Grammar Correction with mT5:

Once standardized, the transliterated sentences
are passed to the mT5 encoder, which predicts
grammatically corrected sequences in the decod-
ing stage. This step improves sentence structure,
morphology, spelling, and word order, producing
clean and standardized output sentences.

4.3 Inference Pipeline

The complete inference pipeline follows these
steps:

1. The input sentence is tokenized using the
mTS5 tokenizer.

2. Non-main language tokens (e.g., English
words in a Hindi sentence) are transliterated
into the main language script using Indic-
Trans.

3. The standardized (transliterated) sentence is
fed into the mT5 grammar correction model.

4. The output sentence contains corrected gram-
mar and transliterated tokens in the native
script, while the original main language to-
kens are preserved.

Hyperparameters:

The hyperparameters used in fine-tuning the mT5
model are detailed in Table 5.

Hyperparameter Value
Model mT5-small
Learning Rate 2e-4
Batch Size 2
Epochs 21
Max Seq Length 128
Gradient Accumulation 4

Table 5: Hyperparameters for mT5-based translitera-
tion and grammar correction.

5 Evaluation

We evaluate our model using the GLEU
score (Napoles et al., 2015), following
the official evaluation script used by the
IndicGEC 2025 shared task (available at
https://github.com/BHASHA-Workshop/
IndicGEC2025/blob/main/score.py). It
measures the grammatical accuracy of predicted
sentences by comparing them to reference sen-
tences using n-gram precision and recall. Higher
scores indicate better grammatical quality.

5.1 Performance on Augmented Data

We evaluate the model trained on the augmented
dataset under two configurations: with and with-
out applying the IndicTrans transliteration step, on
both dev.csv and test.csv.
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5.1.1 Development Set Results (Augmented

Training)
Language GLEU GLEU
(Trans-  (Non-Trans-
literated) literated)
Hindi 83.25 83.25
Bangla 86.94 86.94
Malayalam  89.79 89.79
Tamil 73.07 73.07
Telugu 85.18 85.18

Table 6: GLEU scores on dev.csv using the augmented
dataset.

5.1.2 Test Set Results (Augmented Training)

Language GLEU GLEU
(Trans-  (Non-Trans-
literated) literated)
Hindi 79.47 78.98
Bangla 81.83 81.83
Malayalam 89.77 89.77
Tamil 84.48 84.48
Telugu 85.03 85.03

Table 7: GLEU scores on test.csv using the augmented
dataset.

5.1.3 Observations

The augmented data yielded substantially im-
proved results after training on the expanded cor-
pus, as evidenced by the significant increase in
GLEU scores when compared with the baseline re-
sults reported in Tables 2 and 3.

Notably, the transliteration step showed a slight
but consistent positive effect for Hindi in the test
set. This can be attributed to the presence of a
small number of English tokens in the Hindi data,
whereas the other languages contained no English
words in both dev.csv and test.csv. Even for
Hindi, only a single English word was observed
in the development set. Despite this scarcity, the
marginal improvement in the Hindi test results sug-
gests that transliteration contributed positively in
scenarios involving code-mixed content, indicat-
ing its potential effectiveness when such inputs are
more prevalent.

5.2 Final Submission Results

For the final shared task submission, our model
was trained on 10,000 augmented sentence-pairs

of Hindi and infered for others, incorporating the
IndicTrans transliteration step. The trained model
was evaluated on the official test.csv file. Table 8
presents the official GLEU scores and correspond-
ing ranks obtained on the leaderboard.

Language = GLEU Rank
Hindi 79.47 9
Bangla 81.83 7
Malayalam  89.77 7
Tamil 84.48 9
Telugu 85.03 3

Table 8: Final leaderboard performance of our system
on the IndicGEC 2025 test set.

These results demonstrate that training on aug-
mented data substantially enhanced the model’s
grammar correction capability, leading to stable
and competitive performance across languages—
especially in Telugu where we secured the 3rd rank.
While transliteration’s benefit was limited to Hindi
due to the scarcity of English tokens in the other
languages, the overall trend confirms that our aug-
mentation strategy and pipeline were effective.

6 Error Analysis & Observations

Analysis of the model outputs reveals distinct er-
ror patterns for Hindi and non-Hindi languages due
to differences in training exposure and linguistic
structure.

6.1 Errors in Hindi Outputs

Since the model was fine-tuned on Hindi input—
output pairs, most Hindi errors are surface-level
formatting issues:

* Spacing and punctuation inconsistencies:
Extra or missing spaces around commas, full
stops, colons, hyphens, quotes, digits, and
measurement units, reducing textual readabil-

ity.

Incorrect hyphen and quote formatting:
Improper spacing in compound words and
misaligned quotation marks, especially
around acronyms such as “3IT3.378.&”
already given in Hindi.

* Minor transliteration and tokenisation er-
rors: Occasional incorrect mapping of Ro-
man words into Devanagari script, e.g.,
“CHATGPT” — “Tdwd” instead of “Te
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6.2 Errors in Other Languages (Bangla,
Malayalam, Tamil, Telugu)

For non-Hindi languages, the model exhibits more
severe linguistic issues arising from poor cross-
lingual generalisation:

* Cross-script contamination: Output sen-
tences occasionally include Devanagari char-
acters due to Hindi-centric training, espe-
cially when the model is uncertain about the
target language context.

* Semantic drift instead of correction:
Rather than performing precise grammatical
correction, the model occasionally produces
partially translated or semantically altered
sentences, deviating from the original
meaning.

* Poor linguistic adaptation: Hindi-centric
training leads to incorrect grammar, mis-
placed punctuation, and structurally invalid
sentence formations when applied to other In-
dic languages.

Summary: Hindi outputs primarily suffer from
formatting and minor transliteration inconsisten-
cies, whereas non-Hindi languages demonstrate
deeper structural problems such as script mix-
ing, semantic deviation, and poor linguistic coher-
ence. These differences highlight the limitations
of applying a Hindi-trained mT5-small model to
multilingual grammatical correction tasks without
language-specific fine-tuning or adaptation strate-
gies.

7 Limitations

* Limited fine-tuning across languages: Al-
though evaluation was conducted for multi-
ple Indic languages, the model was only fine-
tuned on the Hindi augmented corpus. For
the remaining languages, the model was used
in an inference-only setup, without language-
specific fine-tuning on their respective aug-
mented datasets, which may have constrained
performance and generalization.

* Numerical normalization: English numer-
als were not converted into their correspond-
ing Indic script representations (e.g., 123
— %R3), which could affect readability and
grammatical correctness in certain contexts.

* Transliteration of unseen tokens: The
transliteration module occasionally produced
incorrect outputs for unknown or rare tokens
such as brand names and technical terms (e.g.,
“CHATGPT” — “9Idtd”), highlighting limita-
tions in handling out-of-vocabulary words.

8 Conclusion & Future Work

We present a word-level transliteration approach
using IndicTrans for English-Hindi code-mixed
text, followed by grammar correction by mTS5. The
approach improves the performance of grammar
correction systems on code-mixed inputs. Future
directions include:

* Contextual Understanding: Better handle
long and complex sentences using syntactic
or semantic features using larger models such
as mT5-base and mT5-large.

* Multilingual Datasets: Explore multilingual
GEC datasets to enhance grammar correction
for code-mixed text.

* Punctuation: Incorporate explicit punctua-
tion correction modules or multi-task learn-
ing.

* Evaluation: Complement GLEU with con-
textual embedding based metrics such as
BERTScore (Zhang et al., 2020), LaBSE
(Feng et al., 2022), and human-in-the-loop
evaluation.
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