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Abstract

We present EROL, a multilingual neural ma-
chine translation system for four English—Indic
language  pairs: English<> Assamese,
English<»Bodo, English<»Manipuri (Bengali
script), and English<+Manipuri (Meitei
Mayek). Our systems are built on the
Transformer-Base architecture with 6 encoder
and 6 decoder layers, a 512-dimensional
model size, 2048-dimensional feed-forward
networks, and 8 attention heads. We employ
shared source and target embeddings, GELU
activation, layer normalization, dropout
regularization, and byte-pair encoding (BPE)
tokenization. The models are trained using the
standard sequence-to-sequence cross-entropy
objective, providing a simple yet effective base-
line for multilingual translation in low-resource
settings. Experimental results demonstrate
competitive performance across all translation
directions, achieving BLEU scores of 25.10 for
Assamese—English, 23.50 for Bodo—English,
22.47 for Manipuri (Bengali)—English, 24.71
for Manipuri (Meitei Mayek)—English,
1531 for English— Assamese, 14.25 for
English—Bodo, 10.21 for English—Manipuri
(Bengali), and 3.96 for English—Manipuri
(Meitei Mayek).

1 Introduction

Machine translation (MT) for low-resource lan-
guages remains one of the most challenging prob-
lems in natural language processing. While neural
machine translation (NMT) has achieved remark-
able quality for high-resource language pairs, its
data-hungry nature makes it difficult to apply di-
rectly to languages with limited parallel corpora
(Koehn and Knowles, 2017). This challenge is par-
ticularly acute for the languages of Northeastern
India, a linguistically diverse region whose lan-
guages are severely under-represented in digital
text resources and have only recently begun to re-
ceive sustained attention in the MT community.

In this paper, we describe the EROL submission
to the WMT Shared Task on Low-Resource Indic
Language Translation (Pakray et al., 2026). We
participate in four language pairs covering three
languages of Northeastern India in eight transla-
tion directions: English-Assamese (Eng<+>Asm),
English-Bodo (Eng<+Brx), English-Manipuri (Ben-
gali Script) (Eng<+Mni), and English-Manipuri
(Meitei Mayek) (Eng<>Mni-Mtei). Notably, the
shared task treats the two orthographies of Ma-
nipuri - the Bengali script and the indigenous
Meitei Mayek script - as two separate translation
tasks, reflecting the real-world digital coexistence
of both writing systems.

Our approach deliberately favors simplicity
and computational efficiency. For each language
pair, we train a single bidirectional Transformer-
Base model (Gala et al., 2023; Vaswani et al.,
2017) that handles both the English—Indic and
Indic—English directions. Bidirectional training
doubles the effective amount of training signal seen
by the model and allows the encoder and decoder
to share cross-lingual representations through tied
embeddings over a joint BPE vocabulary (Sennrich
et al., 2016). Despite using no external pretrained
models and no additional monolingual data, our
systems achieve competitive results across all eight
directions, with BLEU scores of up to 25.10 for
Assamese—English and chrF++ scores above 53
for all Indic—English directions.

The remainder of this paper is organized as
follows. Section 2 reviews related work on low-
resource Indic MT. Section 3 presents the partic-
ipating language pairs and surveys the literature
on their scripts and usage. Section 4 describes the
shared task data and our preprocessing pipeline.
Section 5 presents the model architecture, work-
flow, and training configuration. Section 6 reports
and analyzes the official evaluation results, and
Section 7 concludes.
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2 Related Work

The Transformer architecture (Vaswani et al., 2017)
is the de facto standard for NMT, but its perfor-
mance degrades substantially in low-resource con-
ditions, where careful choices of vocabulary size,
regularization, and model capacity matter greatly
(Sennrich and Zhang, 2019). Subword segmenta-
tion with byte-pair encoding (Sennrich et al., 2016)
is particularly important for morphologically rich
Indic languages, as it mitigates data sparsity at the
lexical level.

For the specific languages considered in this
work, a growing body of research has emerged
around the WMT shared-task ecosystem. Singh
et al. (2023b) developed a Transformer-based
NMT system for the English-Manipuri (Bengali
Script) pair at the WMT 2023 Low-Resource In-
dic Language Translation task, obtaining 22.75
and 26.92 BLEU for the English—Manipuri and
Manipuri—English directions, respectively - re-
sults that our from-scratch systems are directly
comparable to. In a complementary study, com-
pared from-scratch Transformer training against
transfer learning with the multilingual pretrained
mT5 model for English-Manipuri Singh et al.
(2023a), finding that a well-tuned conventional
NMT model can outperform pretrained transfer
in this low-resource regime, which motivates our
own decision to train compact Transformer-Base
models from scratch. Follow-up work at WMT
2024 extended English-Manipuri translation to the
Multilndic22MT (Singh et al., 2024) shared task
and highlighted how conversational and general-
domain test sets can yield sharply lower surface-
metric scores for Manipuri, a phenomenon we also
observe for our English—Manipuri (Meitei Mayek)
system.

Beyond Manipuri, low-resource Indic MT re-
search has explored multimodal signals, with CLIP-
based selective visual grounding on top of strong
Indic translation backbones (Kumar et al., 2025),
and script-centric evaluation of large multilingual
models such as IndicTrans2 (Gala et al., 2023) and
ByTS5 for the Ol Chiki script of Santali (Singh
et al., 2025a), a setting closely analogous to our
Manipuri (Meitei Mayek) task. Large multilin-
gual models such as IndicTrans2 (Gala et al., 2023)
and NLLB-200 (Team et al., 2022) cover several
of our languages and represent a strong transfer-
learning alternative; in contrast, our submission
investigates how far a compact, from-pretrain bidi-

rectional Transformer can go using only the con-
strained shared-task data. Finally, our evaluation
protocol, which combines the surface-level met-
rics BLEU, METEOR, and TER with the character-
level chrF++ and the embedding-based BERTScore
and COMET, follows recent multi-metric evalua-
tion practice for Indic MT, which shows that no
single automatic metric adequately characterizes
translation quality for these languages.

Previous editions of the WMT Low-Resource
Indic Language Translation shared task (Pakray
et al., 2025) have established benchmarks for As-
samese, Manipuri, and other languages of North-
eastern India, and participating systems have ex-
plored techniques ranging from transliteration and
back-translation to fine-tuning of large pretrained
models.

3 Languages and Scripts of the
Participating Pairs

This section surveys the four language pairs in our
submission, with particular attention to the writ-
ing systems involved, since script choice directly
affects tokenization, resource availability, and eval-
uation in low-resource MT.

Assamese: Assamese is an Eastern Indo-Aryan
language and the major lingua franca of the
Brahmaputra valley, spoken by approximately 15
million people according to the 2011 Census of
India. It is the official language of the state of As-
sam and has been included in the Eighth Schedule
of the Indian Constitution since its inception. As-
samese is written in the Assamese script, a variant
of the Eastern Nagari (Bengali-Assamese) script
family that shares most of its character inventory
with the Bengali script but differs in a small num-
ber of letters (Meetei et al., 2026), most notably the
characters for ra and wa. As an abugida, the script
encodes consonant-vowel sequences with inherent
vowels, vowel diacritics, and a rich set of conso-
nant conjuncts, all of which increase surface lexical
sparsity and make subword segmentation essential
for NMT. Among the four pairs in our submission,
English-Assamese is the best resourced, and As-
samese also enjoys comparatively better coverage
in large multilingual corpora and models.

Bodo: Bodo (also Boro) is a Tibeto-Burman lan-
guage of the Bodo-Garo group, spoken by roughly
1.5 million people, primarily in the Bodoland Ter-
ritorial Region of Assam. It was added to the
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Eighth Schedule of the Indian Constitution in 2003
and serves as an associate official language of As-
sam. Historically, Bodo has been written in several
scripts, including the Assamese and Latin scripts;
since the 1960s-70s, the Devanagari script has been
officially adopted and is used in education, ad-
ministration, and print media. Devanagari is well
supported digitally, but the available Bodo text is
scarce, and English-Bodo is the smallest pair in
our submission, with only 15,215 training sentence
pairs. Bodo morphology is agglutinative, with pro-
ductive suffixation, which further increases type-
token ratios and motivates our use of a joint BPE
vocabulary.

Manipuri: Manipuri (Meiteilon) is a Tibeto-
Burman language spoken by approximately 1.8
million people, chiefly in the state of Manipur, and
was included in the Eighth Schedule of the Indian
Constitution in 1992. It is a tonal, agglutinative
language with rich verbal morphology. Its defin-
ing characteristic from an MT perspective is its
digraphia: Manipuri is currently written in dif-
ferent scripts, its original indigenous script called
Meitei Mayek (Meetei Mayek) and the Bengali
script (Singh et al., 2026a,b, 2025b). The Bengali
script was adopted in the early eighteenth century
and dominated Manipuri writing, education, and
publishing for nearly three centuries. A sustained
revival movement in the twentieth century led to the
formation of a Meetei Mayek advisory committee
in 1973 and, eventually, to the official reintroduc-
tion of Meetei Mayek into the school curriculum
of Manipur from the mid-2000s onward. Meitei
Mayek was encoded in Unicode only in version 5.2
(2009), which partly explains why digital text in
the indigenous script remains scarcer than Bengali-
script Manipuri text.

The two orthographies are not trivially intercon-
vertible: Meitei Mayek is a more phonemic alpha-
syllabary with a compact letter inventory, whereas
the Bengali script, inherited from Indo-Aryan us-
age, distinguishes several characters that map to a
single Meitei Mayek letter, so rule-based transliter-
ation between the scripts is lossy in one direction.
As a consequence, the MT literature has largely
treated the two scripts as separate tasks: earlier
WMT systems for English-Manipuri were built on
Bengali-script data, while later shared tasks moved
to Meitei Mayek and reported substantially lower
surface-metric scores in the English—Manipuri di-
rection. Analogous observations have been made

Pair Script Train Dev
Eng—Assamese Assamese 54,000 1,024
Eng—Bodo Devanagari 15,216 1,024
Eng—Manipuri (Beng.) Bengali 23,687 1,024
Eng-Manipuri (Mtei.) Meitei Mayek 17,000 1,024

Total 109,899 4,092

Table 1: Parallel data statistics (sentence pairs) used for
training and validation. Beng. denotes Bengali script
and Mtei. denotes Meitei Mayek.

for other indigenous Indic scripts, such as Ol Chiki
for Santali, where translation into the indigenous
script is markedly harder than translation into En-
glish. Our shared task mirrors this two-script real-
ity by including both English-Manipuri (Bengali
Script) and English-Manipuri (Meitei Mayek) as
independent pairs, and our results in Section 6 re-
produce the characteristic asymmetry reported in
this literature.

4 Task and Data

We use only the parallel corpora released by
the shared task organizers, without any addi-
tional monolingual or external parallel data. Ta-
ble 1 summarizes the corpus statistics. The train-
ing data ranges from 15,216 sentence pairs for
English-Bodo to 54,000 sentence pairs for English-
Assamese, placing all four pairs firmly in the low-
resource regime. Each pair is accompanied by a de-
velopment set of 1,024 sentence pairs, and the En-
glish side of the development data is shared across
all pairs.

Preprocessing: For each language pair, we apply
a uniform preprocessing pipeline. We first normal-
ize Unicode representations and remove empty and
duplicate sentence pairs. We then learn a joint BPE
vocabulary (Sennrich et al., 2016) over the con-
catenated English and Indic sides of the training
corpus of each pair. A joint vocabulary enables
tied source and target embeddings and allows the
model to share subword units, which is especially
useful for named entities and code-mixed content.

Bidirectional training: Following common prac-
tice for low-resource multilingual NMT (Johnson
et al., 2017), we construct the bidirectional training
corpus for each pair by concatenating the original
(Eng—X) data with its reversed (X—Eng) coun-
terpart, prepending a target-language tag token to
each source sentence to indicate the desired trans-
lation direction. This doubles the number of train-
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Shared-task parallel corpora
English<>{Asm, Brx, Mni-Beng, Mni-Mtei }

v

Preprocessing
Unicode normalization, deduplication, cleaning

v

Joint BPE segmentation }

shared English+Indic subword vocabulary

v

{ Bidirectional data construction

(Eng—X) U (X—Eng) with target-language tag

v

Transformer-Base (pretrained model)

6 encoder + 6 decoder layers, dmodel =512,
FEN 2048, 8 heads, GELU, layer norm, dropout,
shared src/tgt/output embeddings
cross-entropy loss + label smoothing

v

Inference
direction tag selection, beam search, detokenization

Evaluation
BLEU, METEOR, TER, chrF++, BERTScore, COMET

Figure 1: Architecture and workflow of the EROL trans-
lation systems.

ing examples each model sees and encourages the
emergence of shared cross-lingual representations.

S System Description

5.1 Workflow Overview

Figure 1 shows the end-to-end architecture and
workflow of the EROL systems, from the raw
shared-task corpora through preprocessing, joint
BPE segmentation, and bidirectional data con-
struction, to Transformer training, beam-search de-
coding, and multi-metric evaluation. The same
pipeline is instantiated once per language pair, pro-
ducing four independent bidirectional models.

5.2 Architecture

All EROL systems use the Transformer-Base ar-
chitecture (Gala et al., 2023; Vaswani et al., 2017)
with the configuration summarized in Table 2. Each
model has 6 encoder and 6 decoder layers, a model
dimension of 512, a feed-forward inner dimension
of 2048, and 8 attention heads. We use GELU acti-
vations (Hendrycks and Gimpel, 2023) instead of
ReL.U, layer normalization, and dropout for regu-
larization. Source embeddings, target embeddings,
and the output projection are shared, which reduces
the parameter count and acts as an additional regu-
larizer in the low-resource setting (Press and Wolf,
2017).

Hyperparameter Value
Encoder / decoder layers 6/6

Model dimension (dmodel) 512
Feed-forward dimension 2048
Attention heads 8
Activation GELU
Embedding sharing Src + Tgt + Output
Dropout 0.1

Label smoothing 0.1
Tokenization Joint BPE
Optimizer Adam
Learning rate schedule Inverse sqrt, warmup
Beam size (inference) 5

Table 2: Model and training hyperparameters of the
EROL systems.

5.3 Training

The models are trained with the standard sequence-
to-sequence cross-entropy objective with label
smoothing. We optimize with Adam (Kingma and
Ba, 2017) using an inverse square-root learning-
rate schedule with linear warmup, following
Vaswani et al. (2017). Model selection is performed
on the official development sets: we monitor vali-
dation loss and select the checkpoint with the best
development performance for each pair.

5.4 Inference

At test time, the desired translation direction is
selected via the target-language tag, and transla-
tions are generated with beam search. Generated
subwords are merged back and detokenized before
evaluation.

6 Results and Analysis

We report the official automatic evaluation results
of our primary submissions in Table 3. Follow-
ing multi-metric evaluation practice for Indic MT,
systems are evaluated with BLEU (Papineni et al.,
2002), METEOR (Banerjee and Lavie, 2005), TER
(Snover et al., 2006), chrF++ (Popovié, 2017),
BERTScore (Zhang* et al., 2020), and COMET
(Rei et al., 2020).

Indic—English: Translation into English is con-
sistently the stronger direction, with BLEU scores
ranging from 22.47 to 25.10 and chrF++ scores
ranging from 53.04 to 55.39 across all four source
languages. This is expected: English is the shared
target across all bidirectional models and benefits
from being the higher-resource side of every corpus,
and n-gram metrics are more reliable for English
than for morphologically rich Indic languages. Our
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Direction BLEUt METEORT TER| chrF++1 BERTScoret COMET?
Indic — English

Assamese—English 25.10 59.33 64.72 55.39 94.90 85.86
Bodo—English 23.50 58.14 66.75 54.02 94.55 81.87
Manipuri (Beng.)—English 22.47 56.60 69.41 53.04 94.27 80.15
Manipuri (Mtei.)—English 24.71 58.97 65.96 55.00 94.69 77.82
English — Indic

English— Assamese 15.31 39.22 65.76 49.42 85.91 81.92
English—Bodo 14.25 35.31 75.40 48.68 84.47 61.38
English—Manipuri (Beng.) 10.21 18.40 85.13 38.83 84.42 67.04
English—Manipuri (Mtei.) 3.96 19.80 118.02 41.39 96.76 84.75

Table 3: Official automatic evaluation results of the EROL primary submissions on the shared-task test sets. Beng.
= Bengali script; Mtei. = Meitei Mayek. 1 indicates higher is better, and | indicates lower is better.

Manipuri (Bengali Script)—English score of 22.47
BLEU is in the same range as the 26.92 BLEU
reported by the WMT 2023 NITS-CNLP system
for this direction (Singh et al., 2023b), despite our
model being trained on a considerably smaller cor-
pus. Assamese—English achieves the best scores
overall (25.10 BLEU, 85.86 COMET), which cor-
relates directly with English-Assamese having the
largest training corpus (54,000 pairs). Interestingly,
Manipuri (Meitei Mayek)—English translates into
English nearly as well (24.71 BLEU) despite hav-
ing far less training data (17,000 pairs), suggesting
that the indigenous script provides a clean, unam-
biguous input representation.

English—Indic: Translation out of English is
markedly harder, with BLEU ranging from
3.96 (Eng—Manipuri (Meitei Mayek)) to 15.31
(Eng— Assamese). The gap between the two di-
rections reflects both genuine modeling difficulty
- generating fluent text in a morphologically rich,
low-resource language is harder than generating En-
glish - and a well-known evaluation artifact: word-
level n-gram metrics such as BLEU and METEOR
heavily penalize agglutinative morphology and
script-level tokenization mismatches. This artifact
is most visible for Eng—Manipuri (Meitei Mayek),
where BLEU is only 3.96, yet the embedding-based
metrics remain high (96.76 BERTScore, 84.75
COMET), the latter being the second-best COMET
score among all English—Indic directions. Sharply
reduced BLEU in the English—Manipuri direction
has likewise been reported for Meitei Mayek out-
put, supporting the interpretation that indigenous-
script tokenization conventions, rather than trans-
lation quality alone, drive the low surface-metric
scores. The character-level chrF++ score of 41.39
further supports the view that the translations are

of considerably better quality than BLEU alone
suggests.

Effect of data size: Across both directions, rank-
ing by translation quality broadly follows ranking
by corpus size (Assamese > Manipuri (Bengali
Script) =~ Manipuri (Meitei Mayek) > Bodo in
data; Assamese best in quality), but the correlation
is not perfect: Bodo, the smallest corpus at 15,216
pairs, outperforms Manipuri (Bengali Script) in the
Indic—English direction. This suggests that corpus
quality, domain match, and script characteristics
play a role at least as important as raw corpus size
in this regime, echoing the finding of that careful
configuration of a conventional Transformer can
matter more than model scale or pretraining in low-
resource English-Manipuri translation.

7 Conclusion

We presented the EROL submission to the WMT
Shared Task on Low-Resource Indic Language
Translation, covering eight translation directions
between English and Assamese, Bodo, Manipuri
(Bengali Script), and Manipuri (Meitei Mayek). Us-
ing a bidirectional Transformer-Base model per lan-
guage pair, trained from a pretrained model on only
the constrained shared-task data with joint BPE
vocabularies and shared embeddings, we obtained
competitive results in both directions, including
25.10 BLEU for Assamese—English. Our analy-
sis highlights a substantial asymmetry between the
Indic—English and English—Indic directions and
shows that surface-level metrics can severely under-
estimate translation quality for Meitei Mayek script
output, consistent with prior findings for Manipuri
and other indigenous Indic scripts.
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