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Abstract

India has arich diverse linguistic landscape in-
cluding 22 official languages and 122 major
languages. Most of these 122 languages fall
into low, extremely low resource categories
and pose significant challenges in building ro-
bust machine translation system. This paper
presents ANVITA Indic LR machine transla-
tion system submitted to WMT 2025 shared
task on Low-Resource Indic Language Trans-
lation covering three extremely low-resource
Indian languages Nyshi, Khasi, and Kokborok.
A transfer learning based strategy is adopted
and selected suitable public pretrained models
(NLLB, ByTS5), considering aspects such as
language, script, tokenization and fine-tuned
with the organizer provided dataset. Further,
to tackle low-resource language menace bet-
ter, the pretrained models are enriched with
new vocabulary for improved representation
of these three languages and selectively aug-
mented data with related-language corpora,
supplied by the organizer. The contrastive
submissions however made use of supplemen-
tary corpora sourced from the web, gener-
ated synthetically, and drawn from proprietary
data. On the WMT 2025 official test set,
ANVITA achieved BLEU score of 2.41-11.59
with 2.2K to 60K corpora and 6.99-19.43
BLEU scores with augmented corpora. Over-
all ANVITA ranked first for {Nyishi, Kok-
borok} <> English and second for Khasi <>
English across evaluation metrics including
BLEU, METEOR, ROUGE-L, chrF and TER.

1 Introduction

India is home to 22 official languages, 30 lan-
guages with a million plus native speakers and
122 languages with more than 10,000 speakers ! .
Most of these 122 languages fall into low and ex-
tremely low resource categories, where availabil-
ity of parallel corpora is very limited. Moreover,

"https://censusindia.gov.in/census. website/data/census-
tables

many of these languages do not only suffer from
scarcity of parallel corpora but also from quality
monolingual corpora and lack of language pro-
cessing resources and tools, making the develop-
ment of NLP solutions, including machine trans-
lation, particularly challenging.

WMT 2025 shared task on Low-Resource In-
dic Language Translation® presented a novel chal-
lenge of building robust machine translation sys-
tem for low-resource Indic languages from diverse
language families. The task focused on trans-
lation of seven North-Eastern languages to and
from English and comprises of (i) Assamese (an
Indo-Aryan language spoken mainly in the north-
eastern Indian state of Assam), (ii) Mizo (a Sino-
Tibetan language spoken primarily in the Mizo-
ram state of India), (ii1) Khasi (an Austroasiatic
language spoken in Meghalaya, India), (iv) Ma-
nipuri/Meiteilon (a Sino-Tibetan language and the
official language of Manipur, India ), (v) Nyishi
(a Sino-Tibetan language of Arunachal Pradesh,
India), (vi) Bodo (a Sino-Tibetan language of As-
sam) and (vii) Kokborok language (a Sino-Tibetan
language spoken primarily by the Tripuri people).

With the dawn of Neural Machine Transla-
tion (NMT) (Vaswani et al., 2017) and availabil-
ity of parallel corpora, translation systems have
achieved significant performance for high and
medium resource languages. However quality
machine translation system for the low-resource
or extremely low-resource languages still remains
a major challenge as NMT architectures (super-
vised) based on encoder-decoder framework need
large parallel corpora; the more quality parallel
data is available, the better NMT system can learn
accurate and fluent translations. A large num-
ber of Indian languages are individually resource
poor. Development of machine translation sys-
tems for low resource Indian languages poses sig-

Zhttps://www2.statmt.org/wmt25/indic-mt-task.html
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nificant challenges due to the scarcity of paral-
lel corpora and limited linguistic resources in-
cluding tools. Open source IndicTrans2 (Gala
et al., 2023) is a pretrained multilingual machine
translation model, specifically designed for the
translation of 22 officially recognized Indian lan-
guages and does not support many low resource
Indian languages such as Khasi, Nyishi and Kok-
borok. These low-resource Indian languages re-
mained under-represented in other popular pre-
trained language models such as ByT5 (Xue et al.,
2022) and Indic BERT (Doddapaneni et al., 2023)
and similarly in popular pretrained machine trans-
lation models such as NLLB-200 (NLLB Team
et al., 2022). However some of the recent devel-
opment in techniques such as sub-word tokeniza-
tion (Kudo and Richardson, 2018), use of mono-
lingual data, data-augmentation techniques such
as back translation (Kudugunta et al., 2019), trans-
fer learning, PEFT (Hu et al., 2022) over suitably
selected multilingual PLM (pre-trained language
models) (Xue et al., 2022) and pre-trained mul-
tilingual translation models (NLLB Team et al.,
2022; Gala et al., 2023) did open up gates for im-
proving translation systems for low-resource lan-
guage pairs.

This paper presents ANVITA Indic LR ma-
chine translation system, submitted to WMT 2025
shared task on Low-Resource Indic Language by
ANVITA team. Our team focused on three lan-
guages Khasi (kha), Nyishi(njz), and Kokborok
(trp) and participated in six translation directions
translating both to and from English.

ANVITA’s strategy involved several key steps:

* Transfer Learning: Carefully selected exist-
ing public pre-trained models (NLLB, ByT5)
based on the relevance to the task’s language,
script, and tokenization.

* Fine-Tuning: Chosen pre-trained models are
fine-tuned using dataset provided by the or-
ganizers to develop primary systems with
the addition of new vocabulary pertaining to
these three languages for better representa-
tion.

e Data Augmentation and Contrastive sys-
tems development: Selectively incorporated
related-language corpora provided by the or-
ganizer for primary submission. The con-
trastive submissions include supplementary

corpora sourced from the web, generated syn-
thetically (with and without utilizing mono-
lingual corpora), and also drawn from propri-
etary data.

As part of synthetic parallel corpora genera-
tion back translation is carried out using openly
available third party translation tool. ANVITA
also employed pre-processing with set of language
agnostic heuristics and selective post edits using
LLM. On the WMT 2025 official test set, AN-
VITA achieved BLEU score of 2.41-11.59 with
2.2K to 60K corpora and 6.99-19.43 BLEU scores
with the augmented corpora. Overall ANVITA
ranked first for {Nyishi, Kokborok} <> English
and second for Khasi <+ English on the Official
test set across all the evaluation metrics used by
the organizer.

The rest of the paper is organized as given be-
low. WMT 2025 task set up is described in 2. Sec-
tion 3 presents Related work. Brief introduction to
datasets is given in Section 4. ANVITA Indic LR
System is described in Section 5. Section 5.5 de-
scribes the Experimental setup. Section 6 reports
Evaluation results. Section 7 concludes the paper
along with future directions.

2 Task Setup

WMT 2025 shared task on Low-Resource Indic
Language comprised of translation of seven
diverse, low resource Indian languages with the
objective of developing robust MT systems that
produce high-quality translations despite the
constraints of data availability. The languages
are divided into two categories. Category-1
comprised of five languages and 10 translation
directions Assamese<«>English, Mizo<«+English,
Khasi<+English, Manipuri<+English and
Nyishi<+English with moderate training data
and category-2 comprised of two languages, 4 di-
rections Bodo<«+English and Kokborok«+English
with very limited training data. For each language
pair three submissions were allowed. Primary
systems with the constraint of using only the of-
ficial data with additional monolingual resources
and public pretrained models and two optional
unrestricted Contrastive systems which may use
external or additional parallel corpora beyond the
organizer provided corpora.

ANVITA team submissions included three lan-
guages ( Khasi, Nyishi, Kokborok ), six translation
directions ( Khasi<>English, Nyishi<+English,
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Kokborok<«»English ) and 17 systems comprising
six Primary and eleven Contrastive systems.

3 Related Work

Building quality machine translation systems for
low resource languages remains a critical research
area. NLLB (No Language Left Behind) (NLLB
Team et al., 2022) is one such research initia-
tive to address limitations of MT for low re-
source languages which built large-scale multilin-
gual model for 200 languages (including few low-
resource Indian languages) on curated multilin-
gual corpora, using transformer-based architecture
(Vaswani et al., 2017). NLLB showed strong zero-
shot and few-shot translation capabilities. As,
fine-tuning such large models remains computa-
tionally expensive, our approach involved use of
Low-Rank Adaptation (LoRA) (Hu et al., 2022), a
method for parameter-efficient fine-tuning of large
models to significantly reduce the number of up-
date parameters. NLLB uses sub-word tokeniz-
ers such as sentencepiece (Kudo and Richardson,
2018) or BPE. To have a token free approach to-
wards wider inclusion, ByT5 (Xue et al., 2022)
introduced a byte-level variant of the TS model
(Raffel et al., 2020), which operates at the byte
level rather than the token or sub-word level. Our
work builds on these foundations. We leverage
the methodologies and insights gained from WMT
2024’s Indic MT shared task (Pakray et al., 2024)
efforts but extend them to the more challenging
low resource languages like Kokborok and Khasi.

4 Dataset

The training dataset provided by the WMT 2025
organizer varies from 60,000 to as low as 2,269
sentences as summarized in Table-1. ANVITA
Primary submissions used only parallel corpora
provided by the WMT 2025 organizer. Contrastive
systems however used additional parallel data cu-
rated as part of this work and is summarized in
Table-2. For evaluation, the official test set used is
summarized in Table-3

5 ANVITA Indic LR Machine
Translation System

This section describes the design of ANVITA sys-
tems for three low resource languages Nyishi,
Khasi and Kokborok.

5.1 Data Preprocessing

As part of data preprocessing, selected noise fil-
tering as described in (Vegi et al., 2021, 2022) are
applied on all the datasets as mentioned in Table
1 and 2 with the objective of reducing corpora
noise and improve translation quality. Addition-
ally, non-linguistic artifacts such as timestamps,
nan/null etc. present in any language are also re-
moved from the bi-text corpora. Finally, text is
processed using moses decoder * for punctuation
normalization of English Text, and unicode nor-
malization on both Indic and English text. Statis-
tics of corpora before and after preprocessing is
captured in Table-4.

5.2 Data for Contrastive Systems

Our supplementary data collection strategy for
Contrastive systems include harvesting of mono-
lingual and parallel corpora from web. Further
to create synthetic parallel corpora for augmenta-
tion, the harvested monolingual resources are back
translated (Kudugunta et al., 2019) using openly
available third party translation tool, where only
sentences with up to 20 words length are consid-
ered. Additional data is curated for Khasi and
Kokborok languages, as detailed in the Table-2.

5.3 Nyishi <+ English Translation Systems

For Nyishi <+ English primary systems, ByT5 pre-
trained language model (Xue et al., 2022) is fine-
tuned with the organizer data. ByT5 does not na-
tively support Nyishi language. Unlike typical T5
variants that use subword tokenization like Sen-
tencePiece or BPE, ByT5 operates directly at the
byte level. For Contrastive systems, data synthe-
sis technique is used to generate additional paral-
lel corpora from the organizer provided data using
a custom method, as described in the subsequent
subsection.

5.3.1 Byte-level Tokenization

Byte level (Wei et al., 2021) language and script
agnostic tokenizer is used for both Nyishi and En-
glish text inline with the ByTS language model.
This approach does not require vocabulary build-
ing. So no new vocabulary is added. ByT5 is ex-
plored for better adaptation and potential noise ro-
bustness.

3https://github.com/hplt-project/sacremoses

1242



Laneuage Pairs Language Language Parallel Number of Number of Average sentence
guag Family Script Corpus (P) words unique words | length (num_words)
. . Sino-Tibetan Latin 60,000 (njz) 324,105 (njz) 39,074 (njz) 5.4
Nyishi (njz) - English (en) (en) 338.278 | (en) 13,647 (en) 5.6
. . Austroasiatic Latin 26,000 (kha) 966,353 (kha) 8,123 (kha) 37.16
Khasi (kha) - English (en) (en) 798,291 | (en) 12,778 (en) 30.7
. Sino-Tibetan | Devanagari 15,215 (bodo) 20,4947 | (bodo) 32,039 (bodo) 13.47
Bodo (brx) - English (en) (en) 227,408 | (en) 30,546 (en) 14.94
. Sino-Tibetan Latin 2,269 (trp) 51,261 (trp) 6,619 (trp) 22.59
Kokborok (trp) - English (en) (en) 55,498 (en) 6,175 (en) 24.45

Table 1: Statistics WMT 2025 parallel corpora provided by organizer for Nyishi, Khasi, Bodo, Kokborok and used
for Primary submission

Language Number of . System: System:
A Description . .
Pairs sentences Contrastive 1 | Contrastive 2
1. Curated parallel sentences by employing custom data synthesis
Nyishi 30000 technique from Nyishi-English parallel corpus provided by the Yes No
(njz)-English WMT 2025 organizer with pairwise cosine similarity > 0.8
(en) 2. Curated parallel sentences by employing custom data synthesis
10000 technique from Nyishi-English parallel corpus provided by the No Yes
WMT 2025 organizer with pairwise cosine similarity > 0.9
10,000 1. English senteqces harvested from children stories and back Yes Yes
. translated to Khasi.
Khasi (kha)- .
English (en) 5.50,000 2. Khasi sentences ha?vestefi from news port.als . Yes No
and translated to English using back translation technique
3. English sentences (taken from Nyishi-English parallel cor-
50,000 pus provided by the WMT 2025 organizer) and back translated Yes Yes
to Khasi
7000 4. Sentences drawn from proprietary parallel corpora Yes Yes
Kokborok 22793 1. Parallel sentences harvested from web No Yes
(trp)-English 2. English sentences (taken from Nyishi-English parallel corpus
(en) 50000 provided by the WMT 2025 organizer) back translated to Kok- Yes No
borok

Table 2: Statistics of supplementary parallel corpora used for contrastive systems

5.3.2 Data Augmentation through Synthesis

In the organizer provided Nyishi-English parallel
corpus, average length of sentences is 5.4 and 5.6
for Nyishi and English text respectively. So to cre-
ate synthetic data involving long sentences from
the existing data, a custom data synthesis tech-
nique is implemented as described below. The
goal is to generate longer and coherent sentence
pairs by concatenating compatible bilingual text
segments, thereby enriching the training dataset.

Given a bilingual corpus of sentence pairs (.5;,
T;), where \S; is a source sentence and 7; is the
corresponding target translation, we combine two
such pairs (5;, T;) and (S}, T}) to form:

Sz‘j =5, + joiner + Sj,
T;; =T; + joiner + T},

only if for S; and S sentence-level cosine simi-
larity is > Threshold

* For Contrastive-1 system, threshold is chosen
to be > 0.8 , which resulted in 30000 parallel
sentences. These synthetically created paral-
lel sentences are augmented with the given
training set.

* For Contrastive-2 system, threshold is chosen
to be > 0.9, which resulted into 10000 paral-
lel sentences. These are augmented with the
given training set.

Here joiner is usually sentence end marker fol-
lowed by one white space.

The performance results of contrastive-1, con-
trastive 2 systems are presented in Table-7. Pri-
mary systems BLEU scores are better than the
contrastive systems in case Nyishi-English lan-
guage pair, indicating little effectiveness of the
data synthesis method on the official test set.
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Translation direction Numt?er of sentences Number of words | Number of unique words Average sentence length
in test file (num_words)
English (en)—Nyishi (njz) 1,000 (en) 11,355 4,244 11.35
Nyishi (njz)—English (en) 1,000 (njz) 13,323 3,347 13.32
English (en)—Khasi (kha) 1,000 (en) 11,355 4,244 11.35
Khasi (kha)—English (en) 1,000 (kha) 22,399 2,186 22.39
English (en)—Kokborok (trp) 1,000 (en) 11,355 4,244 11.35
Kokborok (trp)—English (en) 1,000 (trp) 13,675 3,563 13.67

Table 3: Statistics of WMT 2025 Official Test set for Khasi, Kokborok, Nyishi

Language Pairs Parallel data (Pb)- Parallel data (Pa)-
Before data processing | After data processing
Nyishi (njz)-English (en) 60,000 51,000
Khasi (kha)-English (en) 26,000 25,995
Bodo (bodo) - English (en) 15,215 12,765
Kokborok (trp)-English (en) 2,269 2,266

Table 4: Statistics of preprocessed parallel corpora

Optimizer AdamW

learning rate le-5

learning rate scheduler linear with warmup
precision fpl6

patience 5

maximum number of epochs | 20
metric_for_best_model CHRF++

Table 5: Training parameters

peft type LORA
rank 64
lora alpha 128
lora dropout 0.1
target modules all

Table 6: LoRA configuration

5.4 {Khasi, Kokborok} <> English
Translation Systems

Our approach for {Khasi, Kokborok} <> En-
glish Primary systems involve finetuning of pre-
trained translation model NLLB-200-distilled-
600M (NLLB Team et al., 2022) 4 with the orga-
nizer provided data. Language specific additional
vocabulary for Khasi and Kokborok are also added
to the NLLB vocabulary. For contrastive systems
similar techniques are employed, but with addi-
tional parallel corpora as described in Table-2.

*https://github.com/facebookresearch/fairseq/tree/nllb

5.4.1 Data Augmentation Through Related
Language Data

For augmenting Kokborok —English training data
for primary submission, Bodo<>English corpora
provided by the organizer is utilized, as Bodo is
related to Kokborok. For better transfer, Bodo text
is converted from Devanagri script to Latin script
using a romanization tool’.

5.4.2 Data Augmentation Through
Harvesting from Web and Synthesis

For contrastive systems, quality monolingual cor-
pora is compiled from children stories, news por-
tals and also used Nyshi«+English data provided
by the organizer. Further, these sentences are back
translated using openly available 3rd party trans-
lation tool. Sentences are also drawn from propri-
etary corpora as described in Table-2. As low re-
source languages Khasi and Kokborok do not have
sentence tokenizers, pySBD (Sadvilkar and Neu-
mann, 2020) is used for the same.

5.4.3 Sub-word Tokenization

Sub-word tokenization is one of critical compo-
nent of any NMT system. In our work, specifi-
cally for building Khasi and Kokborok MT sys-
tems, SentencePiece (Unigram language model)
tokenizer is trained on data provided by the or-
ganizer. The SentencePiece (Unigram language
model) is chosen as it is compatible with NLLB
tokenizer.

Shttps://github.com/anoopkunchukuttan/indic_nlp_library

1244



Lang. Primary/ | g1 £ | METEOR | ROUGE-L | chrF | TER | Cos Similarity | Rank
Direction Contrastive
English (en)—Nyishi (njz) primary | 6.21 0.21 0.28 34.01 | 81.53 - First
contrastive | 5.92 0.20 0.27 34.08 | 82.83 - First
Nyishi (njz)— English (en) primary | 11.59 0.41 0.51 49.85 | 74.09 0.79 First
contrastive-1 | 11.13 0.42 0.51 48.92 | 74.17 0.80 First
contrastive-2 | 11.25 0.40 0.51 49.36 | 73.79 0.78 -
English (en)—Khasi (kha) primary | 7.34 0.25 0.34 28.34 | 75.77 - Second
contrastive-1 | 18.83 0.45 0.54 4548 | 55.75 - -
contrastive-2 | 19.43 0.46 0.55 4593 | 54.41 - Third
Khasi (kha)—English (en) primary | 1.99 0.11 0.14 20.88 | 223.26 0.30 Second
contrastive-1 7.44 0.38 0.42 41.85 | 102.87 0.74 Second
contrastive-2 | 4.39 0.22 0.28 30.65 | 123.25 0.55 -
English (en)—Kokborok (trp) primary 1.76 0.11 0.17 18.58 | 104.04 - First
contrastive-1 6.99 0.30 0.37 38.08 | 76.26 - First
contrastive-2 | 0.55 0.04 0.05 13.38 | 335.55 - -
Kokborok (trp)—English (en) primary | 2.41 0.11 0.18 23.55 | 129.15 0.36 First
contrastive-1 2.99 0.16 0.22 25.52 | 117.73 0.49 First
contrastive-2 | 0.79 0.05 0.08 16.46 | 170.6 0.20 -

Table 7: Performance of ANVITA on the WMT 2025 Official Test set

5.4.4 Fusion of Language Vocabulary with
Pre-trained Model

To have better representation of language and re-
duce OOV words, NLLB vocabulary is updated
with the sub-word vocabulary of Khasi and Kok-
borok languages. Initial vocabulary of NLLB tok-
enizer is 2,56,204, which is augmented with addi-
tional 831 Khasi vocabulary and 235 kokborok vo-
cabulary and this took the final tally of NLLB vo-
cabulary to 2,57,272. As NLLB does not support
Khasi and Kokborok, hence special language to-
kens are also added to NLLB. This vocabulary in-
clusion enabled effective finetuning and better rep-
resentation of words from low-resource languages.

5.4.5 {Khasi, Kokborok} <> English Model
Training

The training steps followed for the four directions

are as given below:

* Addition of Khasi and Kokborok language
codes to NLLB vocabulary.

» Addition of Khasi and Kokborok sub-word
vocabulary to NLLB vocabulary.

* For Kokborok primary systems, Bodo text is
Romanized and augmented as presented in
Table 1 .

* Primary models are trained on the data as pre-
sented in Table 1.

* Supplementary training data of contrastive

systems include the data collected and back-
translated as presented in Table 2.

* For Kokborok—English both contrastive
models, Kokborok language token embed-
ding is shared with the pre-trained NLLB
Mizo (lus) language token embedding. Thus,
the learned embedding is used for Kokborok
token generation during inference time.

* Fach language direction is separately fine-
tuned on NLLB-200-distilled-600M (NLLB
Team et al., 2022) model using Low-Rank
Adaptation (LoRA) (Hu et al., 2022) method.

* For {Kokborok, Khasi} — English transla-
tion, English language token is set as target
language and also it is forced as beginning of
sentence. Similarly for other direction, cor-
responding language tokens are forced as be-
ginning of sentence tokens. This is required
since NLLB being a multilingual many to
many MT model one needs to ensure tokens
from the correct target language are gener-
ated.

* For Kokborok—English translation in
Contrastive-2 submission, DeepSeek-R1
LLM (DeepSeek-Al et al., 2025) is used for
post-editing of English translations.

5.5 Model Training and Experiment Details

All the experiments are conducted on NVIDIA
DGX machine with 8xA100 80GB GPU cards.
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ANVITA Indic LR used huggingface ¢ toolkits for
training. Training parameters and LORA configu-
ration for all the experiments are shown in Table-5
and Table-6 respectively. For {Nyishi, Khasi} <>
English, training batch-size is set to 32, whereas
for Kokborok <+ English training batch-size 16 is
used. Gradient accumulation is used to avoid out-
of-memory issues while training.

6 Evaluation and Result Analysis

Performance evaluation was carried out by the
WMT 2025 organizer using BLEU, METEOR,
ROUGE-L, chrF, TER and Cosine Similarity met-
rics on the Official test set (Table-3) for both Pri-
mary and Contrastive systems submitted. The re-
sults published by the organizers are shown in the
Table-7.

Primary Systems: Nyishi—English with
60K parallel corpora attained BLEU score
of 11.59, English—Khasi with 26K paral-
lel corpora attained BLEU score of 7.34 and
Kokborok—English with only 2.2K parallel cor-
pora attained BLEU score of 2.41.

Contrastive Systems: With augmented cor-
pora, overall English—Khasi achieved BLEU
score of 19.43 and English—Kokborok 6.99.

Scores of our system for {Nyishi,
Kokborok } —English directions are relatively
better than that of English—{Nyishi, Kokborok}
direction; English— Khasi performance scores
are better than Khasi—English direction.

In terms of ranks, ANVITA on the WMT 2025
official test set, secured First rank for {Nyishi,
Kokborok} <> English and second for Khasi
<> English across evaluation metrics including,
BLEU, METEOR, ROUGE-L, chrF, TER and Co-
sine Similarity.

7 Conclusion

WMT 2025 shared task on Low-Resource Indic
Language Translation posed significant challeng-
ing problem of building robust MT system for ex-
tremely low-resource Indian languages, many of
which have little presence in digital domain. AN-
VITA team utilizing multi-pronged approach with
transfer learning strategy achieved BLEU score of
2.41-11.59 for 2.2K to 60K corpora and secured
top ranks. Overall with augmented data, the team
achieved BLEU score of 6.99-19.43 which also

®https://huggingface.co/

fell short of robust MT system threshold indicat-
ing need for data augmentation in terms of both
quality corpora and synthetic data and innovative
techniques for data generation, suitable architec-
tural enhancement and better learning objectives.
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