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Abstract

This paper describes our submission to the
WMT 2026 Low-Resource Indic Language
Translation Shared Task for the English-
Assamese and English-Bodo pairs in both trans-
lation directions. We fine-tune the pretrained
NLLB-200 distilled 600M model for primary
as well as contrastive tasks. Since Bodo is
not supported by NLLB-200, we use the Hindi
(hin_Deva) language tag as a proxy for Bodo
during fine-tuning and inference, based on an
empirical evaluation of Devanagari-script lan-
guage tags. The constrained systems are trained
exclusively on the official task data, while the
contrastive systems additionally incorporate
publicly available parallel corpora, including
AI4Bharat BPCC and Google Smol. A rig-
orous preprocessing pipeline, combined with
the extra parallel data, yields consistent gains
across all automatic metrics, with the largest
improvements observed for the lower-resource
English–Bodo pair.

1 Introduction

Low-resource machine translation remains chal-
lenging due to limited high-quality parallel data,
particularly for several Indic languages. Pretrained
multilingual models such as NLLB-200 can help by
transferring knowledge across languages, but some
low-resource languages are not directly supported.
Additional parallel data and alternative adaptation
strategies can therefore be useful for improving
translation in such settings.

This paper describes our submission to the WMT
2026 Low-Resource Indic Machine Translation
shared task (Pakray et al., 2026), focusing on
English⇔Assamese and English⇔Bodo. Our sys-
tems use the pretrained NLLB-200 distilled 600M
model with bidirectional fine-tuning. For Bodo,
which is not supported by NLLB-200, we use the
Hindi language tag (hin_Deva) as a proxy based

∗* Equal contribution.

on an empirical evaluation of Devanagari-script
language tags. We submit constrained (Primary)
systems using only shared-task data and contrastive
systems with additional publicly available paral-
lel corpora. A common preprocessing pipeline is
applied to all training data.

Results on the official WMT 2026 test sets show
that the contrastive systems consistently outperform
the constrained systems, with the largest gains for
English⇔Bodo. The results also demonstrate the
effectiveness of supervised fine-tuning and proxy
language tags for adapting multilingual models to
low-resource and unsupported languages.

The remainder of this paper is organized as fol-
lows. Section 2 reviews related work. Section 3
introduces the shared task. Section 4 describes data
preparation and preprocessing. Section 5 presents
the system architecture, and Section 6 describes
training and inference. Section 7 reports the ex-
perimental results, followed by the conclusion in
Section 8.

2 Related Works

A range of approaches have been explored for the
WMT shared task and for low-resource Indic trans-
lation more broadly, most of them centered on adapt-
ing large pretrained multilingual models to the tar-
get languages. In previous editions of the shared
task, most participating systems followed a similar
recipe: fine-tuning a large multilingual pretrained
model on the task data, usually with some mix of
preprocessing, back-translation, and external cor-
pora (Wei et al., 2024; Pal et al., 2023; Pakray et al.,
2024, 2025).

Massively multilingual sequence-to-sequence
models like mBART (Liu et al., 2020), M2M-100
(Fan et al., 2021), and NLLB-200 exploit cross-
lingual transfer, which makes them a fairly natu-
ral starting point for low-resource translation work.
For Indic languages specifically, AI4Bharat’s In-
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dicTrans2 release, along with large parallel and
back-translation corpora covering all 22 scheduled
languages, has become something of a go-to re-
source (Gala et al., 2023)), and further monolingual
corpora and benchmarks have further expanded
the data and evaluation resources for Indic lan-
guages (Doddapaneni et al., 2023). Instruction-
tuned LLMs have also been used for this kind of
task, such as fine-tuning LLaMA2-8B model for
English⇔Kokborok and English⇔Bodo transla-
tion (Kumar et al., 2025).

When a target language is not in a pretrained
model’s vocabulary at all, prior work tends to fall
back on script similarity or transfer from a related
language. HW-TSC, for instance, combined script-
aware transfer with IndicTrans2 at WMT 2024 (Wei
et al., 2024), and Kakum et al. (2023) built some of
the earliest Neural Machine Translation (NMT) sys-
tems for English⇔Nyishi, an even lower-resource
pair than what we work with here. Ghimire et al.
(2026) faced a similar issue with Tamang, a Tibeto-
Burman language written in Devanagari that does
not have its own NLLB language tag. They found
that using the Hindi tag as a proxy during NLLB-
200 fine-tuning gave the best results. Based on
this finding, we tested the same approach for Bodo.
These studies motivate our approach of adapting
pretrained multilingual models for low-resource In-
dic languages while addressing the challenges of
limited data and unsupported languages.

3 Shared Task Setup

The WMT 2026 Low-Resource Indic Machine
Translation shared task evaluates machine trans-
lation systems for under-resourced Indic lan-
guages. The task is divided into two categories
according to the amount of available parallel
training data. Category 1 includes moderately
resourced language pairs: English⇔Assamese,
English⇔Mizo, English⇔Khasi, English⇔Ma-
nipuri, English⇔Nyishi, and English⇔Meitei.
Category 2 comprises very-low-resource lan-
guage pairs: English⇔Bodo, English⇔Kok-
borok, English⇔Karbi, English⇔Nagamese, and
English⇔Tagin.

We participate in one language pair from
each category: English⇔Assamese (En⇔As) and
English⇔Bodo (En⇔Brx). Both language pairs
are evaluated in both translation directions, re-
sulting in four translation tasks: Assamese⇒En-
glish, English⇒Assamese, Bodo⇒English, and

English⇒Bodo. We submit systems to both official
tracks:

• Constrained (Primary): Training uses only
the parallel corpora released for the shared
task.

• Contrastive: Training additionally incorpo-
rates publicly available parallel corpora be-
yond the official shared task data.

4 Data Preparation and Preprocessing

We use the official parallel corpora released for the
WMT 2026 Low-Resource Indic Machine Transla-
tion shared task (Pakray et al., 2026) as the train-
ing data for the primary systems. For the con-
trastive systems, we additionally use publicly avail-
able parallel corpora, including ai4Bharat BPCC-
latest (Gala et al., 2023) and Google Smol (gatitos)
(Jones et al., 2023). Since data quality is particu-
larly important in low-resource machine translation,
we apply the same preprocessing pipeline to the of-
ficial and external datasets to improve data quality
and consistency before fine-tuning. Table 1 sum-
marizes the corpus sizes for each language pair and
training track. It reports the number of sentence
pairs before (Org. Pairs) and after (Preproc. Pairs)
preprocessing.

4.1 English-Assamese (en-as)

For the English-Assamese language pair, we be-
gin with the official parallel corpus released for
the WMT 2026 shared task. We apply several pre-
processing operations to improve sentence align-
ment and textual consistency as shown in Figure
1. First, we normalize text in both languages by re-
moving redundant whitespace and correcting spac-
ing around punctuation marks. We also normalize
numeral representations by converting Roman nu-
merals occurring within Assamese sentences into
their corresponding Assamese numeral forms. To
improve alignment quality, we remove sentence
pairs in which a hyperlink appears on only one
side, as this can indicate an extraction or align-
ment problem. We also remove placeholder arti-
facts such as PRODUCTNAME and PRODUCTVERSION,
along with malformed or semantically inconsistent
sentence pairs. Finally, we deduplicate the data at
the sentence-pair level so that identical English–
Assamese pairs occur only once.
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Pair (Track) Source Org. Pairs Preproc. Pairs

En⇔As (Primary) Official WMT-2026 (Pakray et al., 2026) 54,000 52,914

En⇔As (Contrastive)

Official WMT-2026 54,000 53,992
ai4Bharat BPCC-latest (Gala et al., 2023) 106,728 99,490
Google Smol (gatitos) (Jones et al., 2023) 3,975 3,975
Total 164,703 157,457

En⇔Brx (Primary) Official WMT-2026 (Pakray et al., 2026) 15,215 12,770

En⇔Brx (Contrastive)
Official WMT-2026 15,215 12,758
ai4Bharat BPCC-latest (Gala et al., 2023) 106,223 103,774
Google Smol (gatitos, smallsent) (Caswell et al., 2025) 4,857 4,851
Total 126,295 121,383

Table 1: Total training pairs by source for the primary and contrastive systems, before and after preprocessing.

Figure 1: Data Preprocessing Pipeline.

4.2 English-Bodo (en-brx)
Compared with the Assamese corpus, the official
English-Bodo dataset requires less cleaning. Nev-
ertheless, we apply the same general preprocessing
pipeline to ensure consistency across language pairs.
The preprocessing pipeline removes sentence pairs
containing asymmetric hyperlinks, placeholder ar-
tifacts, malformed translations, and duplicate sen-
tence pairs. Since Bodo text is already represented
consistently in the official corpus, no additional
numeral normalization is applied.

4.3 Dataset Split and Evaluation Sets
For the primary systems, the preprocessed WMT
2026 parallel data are divided into training, valida-

tion, and internal test sets. The internal test sets
contain 501 sentence pairs for English⇔Assamese
and 504 sentence pairs for English⇔Bodo. For
the contrastive systems, the preprocessed WMT
2026 data are combined with the additional exter-
nal parallel corpora, and the resulting data are di-
vided into training and validation sets. The WMT
2026 internal test sets are kept separate and used
for internal evaluation. The same training and val-
idation splits are used across the corresponding
experiments to ensure consistent comparisons. In
particular, we use the internal test sets to evaluate
proxy language selection and compare zero-shot
and fine-tuned models. The external contrastive
data are not used for these comparisons.

For final evaluation, we use the official WMT
2026 test sets, which contain 1,000 source sentences
for each translation direction. The target sentences
are not provided with the test sets. We generate
translations for the provided source sentences and
submit the system outputs to the WMT 2026 shared
task organizers for evaluation. The organizers eval-
uate the submitted translations using the official
evaluation pipeline and provide the resulting scores.
These test sets are kept separate from the training,
validation, and internal evaluation data and are used
only for the final evaluation of the submitted pri-
mary and contrastive systems. Table 2 summarizes
the training and validation sizes used for the pri-
mary and contrastive experiments.

5 System Architecture

5.1 Overview
We fine-tune the pretrained NLLB-200 (Costa-
Jussà et al., 2022) model for each language pair
without modifying its architecture. Our approach fo-
cuses on data preparation, bidirectional fine-tuning,
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Pair (Track) Train Validation
En↔As (Primary) 50,413 2,001
En↔As (Contrastive) 150,055 5,400
En↔Brx (Primary) 11,762 504
En↔Brx (Contrastive) 114,099 5169

Table 2: Training and validation sets used in our experi-
ments for the primary and contrastive tracks.

and consistent training and inference procedures.
The overall system consists of four stages: data
collection, corpus preprocessing, bidirectional fine-
tuning, and inference. The dataset sources, pre-
processing steps, and data splits are described in
Section 4. For the primary systems, only the official
parallel corpora released for the WMT 2026 shared
task are used for training. The contrastive systems
additionally incorporate publicly available parallel
datasets, as shown in Table 1. The same prepro-
cessing pipeline is applied to all training data. Fol-
lowing preprocessing, each parallel sentence pair
is converted into two training examples by revers-
ing the translation direction. This allows a single
model to learn both directions for each language
pair. The resulting training data are used to fine-
tune the pretrained NLLB-200 model with the same
training configuration across Assamese⇔English
and Bodo⇔English. During inference, translations
are generated using beam search with language-
specific source and target language identifiers.

5.2 Proxy Language Selection for Bodo
Although Bodo is primarily written in the De-
vanagari script, it is not among the 200 languages
supported by NLLB-200. Consequently, NLLB-
200 does not provide a dedicated language iden-
tifier for Bodo. To fine-tune the model without
modifying its vocabulary or architecture, we use
a proxy-language tag. We evaluated four NLLB-
supported Devanagari-script languages as candi-
date proxies for Bodo: Hindi (hin_Deva), Nepali
(npi_Deva), Maithili (mai_Deva), and Marathi
(mar_Deva). For this comparison, we used the
WMT 2026 training data and the internally held-
out Bodo test set described in Section 4.3. The
internal test set contains 504 sentence pairs. The
same training data and fine-tuning configuration
were used for all candidate proxy languages, with
only the proxy language identifier varied. The re-
sults are reported in Table 3. Hindi achieved the
best performance across all evaluation metrics in
both translation directions. It obtained the high-

est SacreBLEU scores of 43.07 for Bodo⇒En-
glish and 30.68 for English⇒Bodo, while also
achieving the best scores for ChrF, ChrF++, ME-
TEOR, and COMET. Based on these results, we
use hin_Deva as the proxy language tag for all sub-
sequent English–Bodo systems during both fine-
tuning and inference. Using a proxy language al-
lows us to use the pretrained NLLB-200 model for
Bodo without modifying its vocabulary or archi-
tecture. Among the evaluated Devanagari-script
candidates, the Hindi language tag provided the
best performance for our Bodo experiments.

6 Training and Inference

6.1 Training Configuration
For every parallel sentence pair (x, y), where x de-
notes the Indic sentence and y its English trans-
lation, we construct two supervised training ex-
amples: Indic⇒English (x, y) and English⇒In-
dic (y, x). Thus, each bilingual sentence pair con-
tributes two training instances, allowing a single
model to learn both translation directions. All sys-
tems are fine-tuned using the Hugging Face Trans-
formers framework (Wolf et al., 2020), with the
pretrained NLLB-200 distilled 600M model as ini-
tialization. The fine-tuning hyperparameters used
in our experiments are summarized in Table 4. The
training and validation sets described in Section 4.3
are used for all fine-tuning experiments. For each
experiment, the checkpoint with the lowest valida-
tion loss is selected for final inference. The same
training configuration is used across language pairs
and submission tracks, except for the specified dif-
ferences in training epochs and warm-up steps for
the contrastive systems. Training is performed us-
ing the AdamW optimizer (Loshchilov and Hutter,
2019) with mixed-precision (FP16) training to re-
duce GPU memory consumption and improve train-
ing efficiency. Model performance is monitored on
the validation set through periodic evaluation and
checkpointing. All experiments are conducted on
a single NVIDIA RTX Ada Generation 6000 GPU
with 48GB of memory.

6.2 Inference Configuration
During inference, translations are generated using
beam search with a beam size of five. For each
input sentence, the tokenizer is configured with
the corresponding source language, while gener-
ation is constrained by forcing the beginning-of-
sentence (BOS) token to match the desired target
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Proxy Bodo⇒English English⇒Bodo

BLEU ChrF ChrF++ METEOR COMET BLEU ChrF ChrF++ METEOR COMET

Maithili (mai_Deva) 41.33 64.53 62.78 0.69 0.80 22.30 56.54 51.74 0.44 0.61
Marathi (mar_Deva) 42.19 64.86 63.09 0.69 0.80 27.53 63.81 58.82 0.51 0.65
Nepali (npi_Deva) 41.73 64.56 62.83 0.69 0.80 26.40 62.44 57.47 0.50 0.64
Hindi (hin_Deva) 43.07 65.85 64.09 0.70 0.81 30.68 66.23 61.43 0.54 0.67

Table 3: Comparison of candidate NLLB proxy language tags for Bodo. All models were fine-tuned using identical
hyperparameters, differing only in the proxy language identifier. Hindi (hin_Deva) consistently achieved the best
performance across all evaluation metrics in both translation directions and was therefore selected for all subsequent
experiments.

Hyperparameter Value
Optimizer AdamW
Learning rate 5× 10−5

Epochs 5
Dropout 0.1
Max length 128
Gradient accumulation steps 2
Effective batch size 64
Warm-up steps 100
Weight decay 0.01
Precision FP16

Table 4: Fine-tuning hyperparameters used for all exper-
iments, except for contrastive experiments, where the
number of epochs is reduced to 3 and warm-up steps is
increased to 500.

language. This ensures that the multilingual model
generates translations in the intended target lan-
guage. Input sequences are truncated to a maxi-
mum length of 128 tokens, and generated transla-
tions are decoded after removing special language
identifiers and tokenizer-specific control symbols.
To improve inference efficiency, sentences are trans-
lated in batches using the PyTorch DataLoader API.
The same decoding configuration is used for both
the primary and contrastive systems across all trans-
lation directions, so that differences in translation
quality are primarily due to the training data and
fine-tuning process rather than decoding settings.

6.3 Zero-shot Baseline

To measure the effect of task-specific fine-tuning,
we also evaluate the pretrained NLLB-200 distilled
600M checkpoint without fine-tuning on the WMT
2026 training data. The zero-shot baseline uses
the same decoding configuration described in Sec-
tion 6.2. Its performance is evaluated on the inter-
nally held-out test sets described in Section 4.3.

7 Experimental Results

7.1 Evaluation Protocol

Following the WMT 2026 IndicMT Shared Task
protocol, we report the official evaluation scores
using SacreBLEU (Post, 2018), ChrF++ (Popović,
2017), METEOR (Banerjee and Lavie, 2005), TER
(Snover et al., 2006), COMET (Rei et al., 2020),
and BERTScore (Zhang et al., 2020). The official
results, released by the shared task organizers, are
based on evaluations on the WMT 2026 test sets
using the organizer’s evaluation pipeline.

7.2 Results and Discussion

Table 5 summarizes the official automatic eval-
uation results of our submitted systems on the
WMT 2026 Low-Resource Indic Machine Trans-
lation Shared Task test sets. Results are reported
for both the primary and contrastive tracks across
the English-Assamese and English-Bodo language
pairs. Across all translation directions, the con-
trastive systems consistently outperform the cor-
responding primary systems. These results indi-
cate that additional parallel data provide useful su-
pervision for low-resource translation, with con-
sistent improvements across both language pairs
and translation directions. Improvements are ob-
served across lexical metrics such as SacreBLEU
and METEOR, character-level similarity measured
by ChrF++, and semantic evaluation metrics in-
cluding BERTScore and COMET. In addition, the
contrastive systems achieve lower TER scores, in-
dicating that fewer edits are required to transform
the generated translations into the reference trans-
lations.

For the English⇔Assamese language pair, the
contrastive systems consistently outperform the pri-
mary systems in both translation directions. For
English⇒Assamese, SacreBLEU improves by 2.57
points (14.96⇒17.53), accompanied by an increase
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Trans. Dir. Track BLEU ↑ METEOR ↑ TER ↓ ChrF++ ↑ BERTScore ↑ COMET ↑

As ⇒ En Primary 21.27 54.30 69.40 51.33 94.18 84.70
Contrastive 23.13 56.17 68.93 52.97 94.37 84.97

En ⇒ As Primary 14.96 36.66 66.75 47.81 85.42 80.75
Contrastive 17.53 40.53 63.22 50.77 86.35 82.18

Brx ⇒ En Primary 19.39 52.43 67.71 48.12 92.83 74.86
Contrastive 24.29 60.62 62.26 54.23 94.09 78.89

En ⇒ Brx Primary 12.00 28.74 77.71 43.67 82.90 59.94
Contrastive 17.34 37.95 68.50 50.98 85.10 62.79

Table 5: Official automatic evaluation scores of our submitted systems on the WMT 2026 Low-Resource Indic
Machine Translation Shared Task test sets. Results are reported by the shared task organizers using the official
evaluation pipeline. Higher scores indicate better performance for BLEU, METEOR, ChrF++, BERTScore, and
COMET, whereas lower TER indicates better translation quality.

Trans Dir. Assamese⇔English Trans. Dir. Bodo⇔English

BLEU ChrF ChrF++ METEOR COMET BLEU ChrF ChrF++ METEOR COMET

En⇒As (zs) 9.04 35.51 32.15 0.24 0.74 En⇒Brx (zs) 0.83 15.95 13.13 0.05 0.42
En⇒As (ft) 14.59 42.28 38.74 0.32 0.78 En⇒Brx (ft) 30.68 66.23 61.43 0.54 0.67

∆En⇒As 5.55 6.77 6.59 0.07 0.04 ∆En⇒Brx 29.85 50.28 48.30 0.49 0.25

As⇒En (zs) 23.96 45.34 43.85 0.47 0.77 Brx⇒En (zs) 2.53 22.55 19.83 0.17 0.42
As⇒En (ft) 31.92 50.78 49.53 0.53 0.79 Brx⇒En (ft) 43.07 65.85 64.09 0.70 0.81

∆As⇒En 7.96 5.44 5.68 0.06 0.02 ∆Brx⇒En 40.54 43.30 44.26 0.53 0.39

Table 6: Comparison of zero-shot and fine-tuned NLLB-200 performance on the internal test set for the English⇔As-
samese and English⇔Bodo translation tasks. zs=zero-shot and ft=fine-tuned.

in COMET from 80.75 to 82.18 and a reduction
in TER from 66.75 to 63.22. Assamese⇒English
also shows improvements across all reported met-
rics, with SacreBLEU increasing from 21.27 to
23.13 and COMET from 84.70 to 84.97. These
results indicate that the additional parallel cor-
pora provide useful supervision beyond the official
shared-task data. The performance gains are more
pronounced for the English⇔Bodo language pair.
For English⇒Bodo, SacreBLEU improves by 5.34
points (12.00⇒17.34), while METEOR, ChrF++,
BERTScore, and COMET improve by 9.21, 7.31,
2.20, and 2.85 points, respectively. TER also de-
creases from 77.71 to 68.50. For Bodo⇒English,
SacreBLEU increases from 19.39 to 24.29, while
COMET improves from 74.86 to 78.89. The larger
gains for Bodo suggest that additional parallel data
are particularly beneficial for the more resource-
constrained language pair. Since the primary and
contrastive systems use the same model architec-
ture and decoding strategy, the improvements are
largely associated with the additional training data.

To assess the impact of supervised fine-tuning,
Table 6 compares the pretrained NLLB-200 model
in the zero-shot setting with the corresponding fine-
tuned models. This comparison is performed on

the internally held-out test sets described in Sec-
tion 4.3. Fine-tuning consistently improves trans-
lation quality across all translation directions and
evaluation metrics. For English⇒Assamese, Sacre-
BLEU increases from 9.04 to 14.59 (+5.55), while
Assamese⇒English increases from 23.96 to 31.92
(+7.96). Similar improvements are observed across
ChrF, ChrF++, METEOR, and COMET.

The improvements are substantially larger for
English⇔Bodo. English⇒Bodo improves from a
zero-shot SacreBLEU score of 0.83 to 30.68 after
fine-tuning, while Bodo⇒English increases from
2.53 to 43.07. Comparable improvements are ob-
served across the other evaluation metrics. These re-
sults demonstrate that task-specific supervised fine-
tuning substantially improves translation quality,
particularly for Bodo, where the pretrained model
has limited zero-shot capability. Together with the
proxy-language results in Section 5, these findings
suggest that appropriate language-tag selection can
facilitate adaptation of multilingual models to un-
supported languages.

8 Conclusion

In this paper, we presented our submissions to the
WMT 2026 Low-Resource Indic Machine Transla-
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tion Shared Task for the English⇔Assamese and
English⇔Bodo language pairs. Our systems are
based on the NLLB-200 distilled 600M multilin-
gual model and use bidirectional fine-tuning under
both primary and contrastive settings. For Bodo,
which is not directly supported by NLLB-200, we
used the Hindi language tag (hin_Deva) as a proxy
based on empirical evaluation. The official results
show that incorporating additional publicly avail-
able parallel corpora consistently improves trans-
lation quality over the primary systems, with the
largest gains observed for English⇔Bodo. The
zero-shot comparison further demonstrates the im-
portance of supervised fine-tuning for low-resource
translation.

Our study has some limitations. Bodo is not
directly supported by NLLB-200, so the use of a
proxy language tag may not fully capture its lin-
guistic characteristics. The experiments are also
limited to two language pairs, and the individual
contributions of the additional parallel corpora are
not evaluated separately. Finally, we focus on full
fine-tuning of NLLB-200 distilled 600M and do
not explore parameter-efficient adaptation or larger
multilingual models.

In future work, we plan to investigate parameter-
efficient adaptation techniques, such as LoRA, to
extend multilingual translation models to unsup-
ported low-resource languages while reducing the
computational cost of full fine-tuning.

Code and Repository

The source code for this work is publicly available
at:WMT-2026-Low-Resource-Indic-Language-
Translation-Shared-Task.
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