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Abstract

In this paper, we present ANVITA machine
translation system submitted to WMT 2026
shared task on Low-Resource Indic Language
Translation, where the team participated for
six translation directions: {Khasi, Nagamese,
and Tagin} <« English. Two core ideas
shaped the design of ANVITA system. Firstly,
transfer learning by symmetric fine-tuning of
T5-base model and enhanced cross-lingual
transfer from related languages (Assamese
to Nagamese) by mitigating script mismatch
through transliteration.  Secondly, to alle-
viate data scarcity, primary submissions are
trained on datasets augmented with related-
language corpora and paraphrased pairs (En-
glish sentences), utilizing only the organizers
provided datasets. For the contrastive submis-
sions, training corpora are further expanded
by compiling synthetic parallel data and re-
lated language data followed by corpora distil-
lation with suitable selection strategies. AN-
VITA submissions are evaluated on the of-
ficial test sets using multiple metrics which
include BLEU, METEOR, TER, CHRF++,
BERT score, and COMET. In the primary
submissions, ANVITA achieved first rank for
English—Tagin translation.  For the con-
trastive submissions, ANVITA secured first
rank for English — Khasi and Khasi — En-
glish with BLEU scores of 32.89 and 26.48 re-
spectively. Furthermore, the contrastive sub-
missions for Nagamese <+ English and Tagin
— English ranked second, underscoring effi-
cacy of the data augmentation strategies ap-
plied.

1 Introduction

India’s linguistic diversity is one of its greatest
cultural treasures, yet the lack of comprehensive
digital high-quality datasets creates a significant
barrier for development of language technology
including machine translation (MT). Many ma-
jor Indian languages are low-resource, particu-

larly the North Eastern languages, such as Khasi,
Nagamese, Tagin and lack the necessary data re-
sources, thus posing challenges in building mod-
ern MT systems.

To address the scarcity of high-quality training
data for the world’s 7,000 languages, the SMOL
(Caswell et al., 2025) (Set of Maximal Overall
Leverage) open-source suite provides profession-
ally translated datasets at both the sentence and
document levels. This initiative aims to bridge the
critical performance gap in MT systems for low-
resource linguistic contexts. The SEACrowd ini-
tiative (Lovenia et al., 2024) establishes a stan-
dardized collection of approximately 500 diverse
corpora, including numerous parallel datasets to
support linguistic resources for nearly 1,000 lan-
guages.

Khasi (kha): Khasi, an Austroasiatic language
spoken in Northeast India, exhibits significant lex-
ical influence from neighboring Indo-Aryan lan-
guages. More than 450 words have been in-
tegrated into the Khasi lexicon from Assamese
(asm), Bengali, and Hindi, spanning essential se-
mantic domains(Baishya, 2012). Early research
on MT resources for Khasi language introduced
EnKhCorpl.0 (Laskar et al., 2021), a parallel cor-
pus specifically curated for Khasi <+ English ma-
chine translation.

Nagamese (nag): Nagamese, an Assamese-
lexified creole language with an Indo-Aryan struc-
tural base, is built primarily on an Assamese lexi-
cal base (Mahanta, 2012) and is spoken in North-
east India. Nagamese shares a vast percentage of
its lexicon and roots with Assamese. This paper
(Maiti et al., 2025), released a human-validated
10K pair conversational dataset and NagaNLP
toolkit!. This toolkit serve as a foundational re-
source for downstream NLP tasks for Nagamese.
The "NagaKotha” system, introduced by (Yadav

"https://huggingface.co/agnivamaiti
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etal., 2024), aims to build a specialized translation
system to overcome the challenges of translating
Nagamese language.

Tagin (tgj): Tagin, a Sino-Tibetan language
spoken in Northeast India is a UNESCO classified
“definitely endangered” language. Tagin shares
the closest structural, phonological, and lexical
similarities with Nyishi language, again a low-
resource language. GinLish corpus (Dugi, 2024)
is a parallel corpus of English and Tagin, devel-
oped to facilitate research in machine translation,
linguistic analysis, and related fields.

NE-BERT (Nyalang, 2026) is a domain-specific
149M parameter multilingual language model
trained on 8.3M sentences spanning 11 Northeast-
ern languages, designed to enhance NLP capabil-
ities of nine highly underrepresented Northeaster
Indian languages: Meitei, Assamese, Khasi, Mizo,
Nyishi, Garo, Naga, Kokborok,and Pnar. Kren-
M (Labs, 2025) serves as a primary technologi-
cal pillar within Northeast India’s ongoing efforts
for Al-driven language preservation. This work
(Mitri et al., 2025) leverages the zero-shot and
fine-tuning capabilities of generative Large Lan-
guage Models (LLMs) specifically for Khasi ab-
stractive text summarization.

Google TS5 model (Raffel et al., 2020) was pri-
marily trained on massive text corpora of En-
glish data (C4 corpus), along with some base-
line exposure to French, German, and Romanian
from its training mixture. T5-base is well-suited
for machine translation (Usui and Komiya, 2023)
due to its encoder-decoder architecture and text-
to-text paradigm. However, achieving enhanced
translation performance requires fine-tuning on
target language and domain-specific parallel cor-
pora. T5-base is employed as the foundational pre-
trained model for majority of the ANVITA pri-
mary and contrastive submissions. In this work,
ANVITA explores how transfer learning can be
effectively utilized along with different data aug-
mentation strategies to overcome data scarcity and
improve machine translation quality for the low-
resource Indian languages.

2 Task Setup

WMT 2026 Low-Resource Indic Language Trans-
lation shared task continued its focus on creation
of MT models that perform robustly, despite lim-
ited parallel data availability by integrating inno-
vative training techniques and data augmentation

strategies into the MT model building pipelines.
The participating languages are classified into two
categories based on the volume of training cor-
pora made available by the organizers. Category 1,
designated as the moderate—resource tier, encom-
passed six languages and twelve translation direc-
tions — Assamese, Mizo, Khasi, Manipuri, Meiti,
and Nyishi paired with English. In contrast, Cat-
egory 2 represented the low—resource tier, con-
sisting of five languages and ten translation direc-
tions — Bodo, Kokborok, Karbi, Nagamese and
Tagin paired with English. Translation submis-
sions are capped at three per language pair, con-
sisting of one constrained Primary system utilizing
only the organizer’s provided resources, monolin-
gual resources, and public pre-trained models; and
two unrestricted Contrastive systems, which per-
mit usage of auxiliary external data. Comprehen-
sive details of the task is available in the findings
of WMT 2026 shared task on Low-Resource Indic
Language Translation(Pakray et al., 2026).

The WMT Indic MT shared task utilized blind
test sets, with the suite of evaluation metrics
(BLEU, METEOR, TER, chrF++, BERTScore,
and COMET) designated by the task organizers.
Furthermore, the organizers independently exe-
cuted the evaluation pipeline by scoring the sub-
mitted translations against hidden reference sets
and subsequently publishing the official evaluation
results on WMT website 2.

ANVITA made fifteen submissions (six Pri-
mary and nine Contrastive) addressing six trans-
lation directions: Khasi <+ English, Nagamese <>
English, and Tagin <+ English.

3 Related Work

While Neural Machine Translation (NMT) has ad-
vanced significantly, building robust MT systems
with limited training corpora remains a complex
and vital objective. Recent studies have explored
balancing translation performance with compu-
tational efficiency and fine-tuning strategies to
adapt pre-trained language and machine transla-
tion models for the under-represented languages;
for instance robust models like mBART, mT?5,
TS5, IndicTrans2 or NLLB(Galiano-Jiménez et al.,
2023; Sant et al., 2024; Sahoo et al., 2024; Wei
et al., 2024) successfully adapted for low resource
Neural Machine Translation with varying success
rates. However, LLMs are yet to catch up (Pucin-

Zhttps://www2.statmt.org/wmt26/indic-mt-task.html

2171



.| Language Family, | Data(Org) | Data(PP) Total Unique Average sentence
Language Pair Script (#sent) (#sent) words words length (# words)
Khasi(kha)- Austroasiatic 26.000 25.995 (kha) 966,353 | (kha) 8,123 (kha) 37.16
English(en) Latin ’ ’ (en) 798,291 (en) 12,778 (en) 30.7
Nagamese(nag)- Creole 2,000 1.997 (nag) 27,747 (nag) 5,490 (nag) 13.89
English(en) Latin ’ ’ (en) 26,480 (en) 5,592 (en) 13.24
Tagin(tgj)- Sino-Tibetan 5.343 5108 (tgj) 26,072 (tgj) 5,161 (tgj) 4.88
English(en) Latin ? ’ (en) 26,575 (en) 3,477 (en) 7.97
Assamese- Indo-Aryan 54.000 53923 (asm) 787,788 | (asm) 62,826 (asm) 14.59
English Bengali-Assamese ’ ’ (en) 901,984 (en) 31,379 (en) 16.7

Data(Org): Parallel data before data processing

Data(PP): Parallel data after data processing

Table 1: Statistics of WMT 2026 official training corpora (provided by the organizers) and preprocessing results

Il;:ir:iuage ])(121(1111;)) Contrastive I | Contrastive 11 Domain ’gl(;:g(llleol]l(cie sNe(l)l't::)It;ce
kha-en 8,018,784 Yes Yes Business > 50 107,092
nag-en 12,948 Yes Yes Culture > 50 361,049
tgren | 1981427 Yes N/A Education > 90 10,905
Table 2: Statistics of synthetic parallel corpora Ente?rtamment = 80 48,632
compiled for ANVITA contrastive systems Environment > 80 83,069
Finance >90 7,089
Average Food and > 90 10,370
Translation | Data | Total | Unique | sentence Cooking
direction | (#sent) | words | words | length Geography > 90 3,653
(#words) Healthcare > 70 37,441
en —kha | 1,000 | 11,903 | 3,654 11.9 Legal >80 29,210
kha —en | 1,000 | 22,699 | 2,313 22.7 Medical > 40 47,595
en — nag 1,000 | 11,903 | 3,654 11.9 Politics > 90 87,752
nag — en 1,000 9,933 2,301 9.93 Science > 90 20,313
en — tgj 1,000 | 11,903 | 3,654 11.9 Sports > 170 153,724
tgj — en 1,000 12,339 2,418 12.34 Techno]ogy > 80 51,471
Table 3: Statistics of respective source languages of E)i:slrind > 70 11,984
WMT 2026 official Test set

skaite and Mitkov, 2025) and the recent studies
introduced various approaches (Gain et al., 2026;
Nag et al., 2025) to improve low-resource transla-
tion performance.

4 Dataset

WMT 2026 official training corpora provided by
the organizers is outlined in Table 1, along with
corpus size variability which ranges between 2K
to 26K sentences w.r.t Khasi, Nagamese and Tagin
languages. ANVITA primary submissions are
solely based on the official parallel datasets pro-
vided by the organizers.

Synthetic Corpora for Primary Systems :
To generate additional sentence pairs utilizing
the primary data, English sentences are para-
phrased and paired with the respective unchanged

Table 4: Statistics of domain classification
of synthetic Khasi-English corpora (1M+)

Khasi, Nagamese and Tagin sentences. For para-
phrasing of English sentences, round trip transla-
tion strategy is used where English sentences are
first translated to intermediate non-English lan-
guages and subsequently translated back to En-
glish. Open source machine translation models
of high resource languages to/from English with
good BLEU scores are employed for both forward
and backward translations. This iterative pipeline
leveraged multiple open translation models® to
generate a diverse set of paraphrased English sen-
tences. Further, quality of these paraphrased sen-
tences are assessed using sentence similarity tool*

3https://huggingface.co/Helsinki-NLP
*https://huggingface.co/sentence-
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and included without filtering.

Additional Corpora for Contrastive Systems:
Low-resource language translation requires di-
verse and quality parallel data to bridge the lin-
guistic gaps between widely represented English
and low-resource Indic languages. To address this,
ANVITA leveraged curated bilingual resources to
enhance performance and generalization capabili-
ties of the machine translation models. The addi-
tional parallel corpora curated for the contrastive
submissions is summarized in Table 2. Our data
collection strategy for Contrastive systems include
harvesting of monolingual and parallel corpora
from web and creation of synthetic parallel cor-
pora using back-translation, followed by corpora
distillation, primarily using round-trip translation
similarity.

Khasi: Synthetic English—Khasi parallel cor-
pora of size 8M have been curated from three
sources (a) Kaggle >, (b) Github ° and (c) Mono-
lingual Khasi sentences harvested from news por-
tals” and back translated to English.

Nagamese: For compiling Nagamese-English
parallel corpora of 12.9K, first FNPC-25 cor-
pus® comprising parallel sentence pairs majorly
sourced from Bible and conversational texts are
included. Further, to ensure broader linguistic
generalization, ANVITA utilized 3.3K Nagamese-
English machine translation corpus hosted on
Hugging Face’ which covers diverse domains in-
cluding sports, narration, and dialogue to ensure
models generalize beyond a single, narrow do-
main. Together, these datasets provides reason-
able corpora for fine-tuning pre-trained translation
models.

Tagin: A synthetic Tagin-English parallel cor-
pora of 1.98M sentence pairs are created as
follows: 21M English sentences are collected
from Samanantar'®, Tatoeba !'', and TinySto-
ries 2. Further forward and backward translations
are generated using a public Tagin <> English

transformers/paraphrase-MiniLM-L6-v2
Shttps://www.kaggle.com/datasets/user10383/english-
khasi-synthetic-parallel-corpus
Shttps://github.com/kirbynuggets/t5-kha-eng
"https://www.urupang.com/, https://unongsainhima.com/
8https://www.kaggle.com/datasets/belovedorange/first-
nagamese-english-parallel-corpus-fnpc-25
*https://huggingface.co/datasets/agnivamaiti/nagamese-
english-mt

translation model'® and subsequently 1.9M Tagin-
English sentence pairs are filtered out based on
round-trip translation similarity scores, computed
using paraphrase-MiniLM-L6-v2'# sentence simi-
larity assessment tool.

Validation Set The data provided by the or-
ganizers is partitioned into training and valida-
tion sets. Specifically, for the Tagin-English and
Nagamese-English language pairs, the validation
set is formed by reserving 150 sentences, while
the remainder of the data is allocated for training.
For the Khasi-English language pairs, the previ-
ous year’s WMT 2025 test set was adopted as the
validation set for all experiments.

Test Set The WMT Indic MT shared task uses
blind test sets, where the ground-truth references
remain withheld from participating teams. The of-
ficial test set utilized by the organizer for perfor-
mance evaluation is outlined in Table 3.

5 ANVITA Machine Translation System

This section describes design of ANVITA system
for three low resource languages Khasi, Nagamese
and Tagin.

5.1 Data Preprocessing

The preprocessing pipeline involved cleaning the
corpora listed in Tables 1 and Table 2 using lan-
guage agnostic noise reduction strategies estab-
lished in (Vegi et al., 2021, 2022), a step intended
to improve the overall quality of the training data.
The original dataset statistics are presented in Ta-
ble 1 and preprocessing outcomes are presented in
Table 1. Further for Indic transliterations wherever
applied has used IndicXlit tool'> and paraphras-
ing wherever mentioned has used technique men-
tioned in Paraphrasing for Augmenting Primary
Dataset4.

5.2 Training Methodology With TS-base:

This section details the training methodology em-
ployed using T5-base architecture. The consid-
erations for choice of T5’s over massive multi-
lingual models like mT5, mBART, NLLB, In-
dicTrans2 are the compact, Latin-only vocabu-
lary, which potentially enhances script-level trans-
fer with a reduced risk of language bleeding, as

Bhttps://huggingface.co/repleeka/ginlishMT-mbart50-tgj-

Ohttps : | /opus.nlpl.eu/datasets/Samanantar?pair = en-bi

en&hi
https://tatoeba.org/en/downloads
Phttps://huggingface.co/datasets/roneneldan/TinyStories

“https://huggingface.co/sentence-
transformers/paraphrase-MiniLM-L6-v2
Shttps://github.com/Al4Bharat/IndicXlit
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Khasi, Nagamese, and Tagin all utilize the Latin
script. However, an empirical validation of this
architectural choice remains to be explicitly con-
ducted. The details regarding experimental proce-
dure and datasets utilized are captured in the sub-
sequent subsections.

5.2.1 Training Data Preparation

To facilitate bidirectional translation for sym-
metric fine-tuning, the dataset was processed by
prepending specific language-pair prefixes to the
source sentences. This preprocessed data was used
as input for training.

For the Indic-to-English direction, input se-
quences were prefixed with “translate [Indic Lan-
guage] to English: 7, while for the English-to-
Indic direction, the prefix “translate English to [In-
dic Language]: ” was used. Consequently, for
each parallel pair for instance like (kha,en), two
training samples were generated: one mapping
kha — en and another mapping en — kha. This
approach effectively doubles the training corpus
size, enables deep alignment and better general-
ization. Following the addition of these prefixes,
the entire dataset was shuffled to ensure there are
no order biases during training.

5.2.2 Sub-word Tokenization and Language
Tagging of Sentences

The pre-trained T5 tokenizer was used without
extending its original vocabulary with custom
sub-word tokens. Instead, language-specific pre-
fixes were employed to identify the source and
target languages for both translation directions.
For instance, prefixes containing the relevant lan-
guage identifier (e.g., Khasi, Tagin, or Nagamese)
were prepended to the input sentences to facilitate
direction-specific translation learning.

5.2.3 Batch Preparation for Symmetric
Fine-Tuning
Batches were constructed using default dataloader
from Hugging Face toolkit and the Hugging Face
DataCollatorForSeq2Seq'® was used to handle se-
quence padding. As the dataset was shuffled prior
to training, each batch comprised a heterogeneous
distribution of samples covering both translation
directions. This batch composition enable that
the cross-entropy loss reflected the model’s per-
formance on both Indic-to-English and English-
Yhttps://huggingface.co/docs/

transformers/en/main_classes/data_
collator

to-Indic translation objectives within each training
step.

5.2.4 Hyperparameter Settings and
Evaluation During Training

In the primary experimental setting, models were
trained for 12—15 epochs with an effective batch
size of 128, distributed across multiple GPUs. In
the contrastive setting, training was extended to
20 epochs with an effective batch size of 256.
Throughout the training process, the models were
evaluated on automated metrics at the end of each
epoch to monitor performance.

5.2.5 Loss Function

A cross-entropy loss function with label smooth-
ing was employed for symmetric fine-tuning,
where each training instance represents a single
translation direction. Consequently, the batch
level loss comprised the aggregated losses from
both translation directions. These losses were av-
eraged across the batch to facilitate gradient-based
weight optimization.

All translation systems, encompassing both pri-
mary and contrastive models, were trained using
the identical methodology, with the exception of
Nagamese — English primary submission.

5.3 Nagamese <> English Translation
Systems

For Nagamese — English (primary) translation
system, Assamese was employed as a linguistic
bridge, considering the deep lexical and struc-
tural overlapping characteristics of Nagamese as
an Assamese-lexified creole. To formally define
the pipeline proceeds through two main phases:
transliteration followed by translation.
Transliteration: Nagamese text was converted
into the Bengali script (the same script as used
in organizers provided Assamese-English parallel
dataset) for better cross-lingual transfer, utilizing
IndicXlit tool aligning with the script supported
by IndicTrans2 (Gala et al., 2023), a open source
multilingual translation model covering 22 official
Indian languages including Assamese and exclud-
ing Nagamese.
Translation: Zero-shot translation was performed
via the IndicTrans2 model on the Nagamese to
Assamese transliterated text to generate English
translations.

For the English — Nagamese (primary) sys-
tem, English-Assamese dataset provided by the

2174
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Optimizer AdamW

learning rate le-4

weight decay by optimiser 0.01

warmup steps 500

learning rate scheduler linear with warmup
precision fp32

maximum number of epochs | 15 /20

(Primary /contrastive setting)

metric for best model BLEU

Table 5: Parameters used for fine-tuning TS5-base

organizers was used as an auxiliary data resource.
The English-Assamese data was transliterated into
Assamese Latin script and augmented with the
English-Nagamese dataset to create a total train-
ing corpus of 56K sentences, followed by model
training as described in subsection 5.2.

To construct the Nagamese < English (con-
trastive) translation systems, related-language
parallel corpora from Samanantar(Ramesh et al.,
2022), specifically Assamese—English, Ben-
gali-English and Hindi-English language pairs
were augmented with the Nagamese—English in-
stances to compile the training data. To facilitate
cross-lingual knowledge transfer, these related
language corpora were incorporated into the
training datasets at varying mixing proportions
for Contrastive Systems I and II. For Contrastive
System 1, the training corpus comprised 12K
Nagamese—English, 900K Assamese—English,
300K Bengali-English, and 50K Hindi—English
parallel sentence pairs. For Contrastive Sys-
tem II, the training data consisted of 12K
Nagamese-English, 100K Assamese—English,
75K Bengali—English, and 50K Hindi-English
instances. Further, Assamese, Bengali, and Hindi
texts were transliterated to Latin script for better
cross-lingual transfer. Model training followed is
as described in subsection 5.2.

5.4 Tagin < English Translation Systems

For Tagin <> English (primary) system, training
was carried out as described in the subsection 5.2.
The training data was curated by combining re-
lated language data along with paraphrased sen-
tences, all from the organizers data and includes
(i) Tagin-English and Nyishi-English organizers
data (ii) Assamese-English organizer data translit-
erated to Assamese Latin script using IndicXlit
tool while keeping the English text intact and
(iii) Created 20K+ paraphrased Tagin-English sen-

tence pairs by paraphrasing every Tagin-English
organizers data into 4 variations and by keeping
the Tagin text intact.

The Tagin <> English (contrastive) system
was developed using additional 1.9M synthetic
parallel corpora as described in section 4.

5.5 Khasi <> English Translation Systems

For primary and contrastive Khasi <> English
translation systems, training was carried out as de-
scribed in the subsection 5.2.

The Khasi <+ English (primary) submissions
also used related language data along with para-
phrased sentences, all from the organizers data
and includes (i) Khasi-English dataset provided
by organizers (ii) Created paraphrased 50K+ sen-
tence pairs from Khasi-English organizers data by
paraphrasing every English sentence into 2 vari-
ations and by keeping the Khasi text intact (iii)
Assamese-English organizers data transliterated to
Assamese Latin script while keeping the English
text intact.

For Khasi <+ English (contrastive) submis-
sion, datasets used are as presented in the Table
2. The contrastive systems were developed us-
ing distinct data sampling strategies. Contrastive
System II was trained on a randomly selected sub-
set of 4M instances from the total compiled cor-
pus of 8M. Conversely, contrastive system I uti-
lized a combined dataset of 1M randomly sam-
pled instances and 1M instances selected based on
pre-defined information domains (Table 4). For
selecting 1M domain-classified instances, classifi-
cation was performed on the remaining 7M sen-
tences using bart-large'’ model, with a confidence
threshold as captured in Table 4. To align the
training data with the target evaluation domains,
domain distribution of the previous year’s WMT
2025 Khasi-English test set was considered as a
reference and 1 million sentences matching WMT
2025 test set domain distribution were compiled.
Furthermore, confidence thresholds were dynami-
cally adjusted to filter the data and ensure adher-
ence to this reference domain distribution.

5.6 Model Training and Experiment Details

All the experiments were conducted on NVIDIA
DGX with 8xA100-80GB and HPE Cray with
4xH100-80GB GPU systems. For {Tagin, Khasi}
<> English primary setting, the effective batch-

"https://huggingface.co/facebook/bart-large-mnli
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Lang. Direction Primary/ | gy £y | METEOR | TER | chrF+ | BERTScore | COMET | Rank
[# sent] Contrastive

Khasi (kha) — English (en) primary | 5.17 22.98 119.93 | 25.78 88.01 50.7 Sixth

[1000] contrastive | 26.48 55.26 6248 | 52.31 94.55 75.62 First

English (en) — Khasi (kha) primary | 10.08 28.94 77.15 | 30.46 74.13 57.43 Fifth

[1000] contrastive-2 | 32.89 56.75 48.53 | 54.84 84.51 69.69 First
contrastive-1 | 32.46 57.5 48.65 55.54 84.66 69.76 Second

Nagamese (nag) — English (en) primary | 10.91 37.91 80.09 36.1 90.96 66.47 Third
[1000] contrastive-2 | 13.82 39.43 73.78 | 39.37 92.52 72.95 | Second

contrastive-1 | 14.72 40.78 72.56 | 40.48 92.7 73.57 Third

English (en) — Nagamese (nag) primary | 16.37 52.05 81.65 51.81 80.25 65.16 Third
[1000] contrastive-2 | 16.14 50.13 82.28 50.22 79.63 64.14 | Second

contrastive-1 | 15.88 50.25 83.73 | 50.48 79.66 63.81 Third

Tagin (tgj) — English (en) primary | 2.43 12.59 100.71 | 16.72 86.52 47.01 Fourth
[1000] contrastive | 3.52 15.46 91.48 | 17.96 87.1 49.56 | Second

English (en) — Tagin (tgj) primary | 4.81 15.04 92.58 | 22.39 70.49 52.61 First
[1000] contrastive | 3.71 20.12 99.11 28 72.76 58.65 Fourth

Table 6: Performance of ANVITA on the WMT 2026 official Test set

size was set to 128 (by using 4 GPUs and 2 gra-
dient accumulation steps) during training. For
{Nagamese, Khasi, Tagin} <+ English contrastive
setting, effective batch-size of 256 (by using 4
GPUs and 4 gradient accumulation steps) was
used during training. Gradient accumulation was
used to avoid out-of-memory issues while train-
ing. Other training parameters for all the experi-
ments are shown in Table 5.

6 Evaluation and Result Analysis

To evaluate the submitted primary and contrastive
systems, the WMT organizers used blind test set
(Table 3) and suite of select metrics (BLEU, ME-
TEOR, TER, chrF++, BERTScore, and COMET).
Furthermore, the organizers independently exe-
cuted the evaluation pipeline by scoring the sub-
mitted translations against the hidden reference
sets. The performance of ANVITA systems on
the official test, as released by the WMT organiz-
ers are captured in Table 6. Further, findings of
the WMT 2026 shared task on Low-Resource In-
dic Language Translation(Pakray et al., 2026) pro-
vides a comprehensive evaluation of the participat-
ing systems, benchmark results, and performance
trends to highlight the current capabilities.
Primary Systems: As shown in Table 6 using
2K, 26K, and 5K+ parallel corpora, ANVITA MT
systems for English to {Nagamese, Khasi, Tagin}
attained BLEU scores of 16.37, 10.08, 4.81 re-
spectively. For {Nagamese, Khasi, and Tagin}
to English direction BLEU scores of 10.91, 5.17,
2.43 respectively were attained. The relatively
higher score for Nagamese with just 2K corpora

is due to its significant similarity with Assamese,
a relatively more resourced language. The lower
scores for Khasi and Tagin may be attributed to
the following: (i) Lack of these language support
in T5-base leading to a weaker transfer and (ii)
Linguistic complexity of these languages like in-
tricate agglutinative structures and word order pat-
terns that differ substantially from English, com-
plicating the learning process for the model with
the existing very low corpora.

Contrastive Systems: Performance of AN-
VITA on the WMT 2026 test set for English to
{Nagamese, Khasi, Tagin} attained BLEU scores
of 16.14, 32.89, 3.71 and 14.72, 26.48, 3.52 for
{Nagamese, Khasi, and Tagin} to English re-
spectively. For Khasi <+ English, the contrastive
systems showed significant performance enhance-
ment upon incorporating the additional curated
dataset. The English — Nagamese contrastive sys-
tems however showed no significant variation be-
tween the 2K and 12K+ training data configura-
tions. Similar trend is also noticed with Tagin <+
English systems. The lack of significant improve-
ment in BLEU scores could be that the additional
data lacks high-quality alignments or domain rel-
evance. Furthermore, the average sentence length
in the WMT 2026 Tagin test set is 12.34 words,
compared to just 4.88 and 8.29 words for the or-
ganizers provided Tagin training dataset and the
Tagin contrastive datasets respectively. This dif-
ference in sentence length is likely one of the con-
tributing factors for the lower BLEU scores ob-
served on the WMT 2026 test sets.

Overall, finetuned T5-base also exhibited effective
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absorption of syntactic and semantic patterns in
case of contrastive {Khasi, Nagamese} <> English
MT systems.

7 Conclusions

ANVITA submissions have demonstrated encour-
aging MT performance for the three low-resource
Indian languages by employing effective training
strategies utilizing transfer learning along with
data augmentation, including utilization of syn-
thetic parallel corpora and related language cor-
pora with distillation for mitigating the limita-
tion of training data. Despite substantial data
scarcity barrier, ANVITA primary submissions
achieved BLEU scores between 2.43 - 10.91, uti-
lizing organizers datasets ranging only 2K to 26K
for Nagamese, Tagin, and Khasi and the submit-
ted English — Tagin system secured First rank.
By employing robust data augmentation and re-
finement techniques, ANVITA contrastive sys-
tems secured first and second ranks for Khasi
<> English and Nagamese <> English transla-
tions respectively. The contrastive submissions,
trained on datasets varying from 14K to 4M sam-
ples, yielded competitive performance with BLEU
scores spanning 10.08-32.89. The finetuned T5-
base (220M) striked a balance between computa-
tional efficiency and translation quality with novel
training methodology.

Despite the utilization of data augmentation
and effective training techniques, the performance
metrics underscores a critical requirement of im-
provement in strategies for a robust MT system.

8 Future Work

Future work should focus on assessing a few other
potential pre-trained models for enhanced transfer
learning with maximal representational overlaps
and further fine-tuning with the aligned objectives
and suitable loss functions. Further in depth abla-
tion studies covering some of the techniques used
in ANVITA systems are also likely to add value in
the journey of low resource machine translation.

9 Contributions

Siva Bhavani J and Biswajit Paul conceptualized
and designed ANVITA system. Abhinav Gugu-
lothu led the compilation and distillation of the
corpora, preparation of the training data, and eval-
vation. Daneshwari Kankanwadi and Siva Bha-
vani conducted the model training and core experi-

ments. The manuscript was prepared by Siva Bha-
vani J.
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