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Abstract

This paper describes our submission to the
WMT 2026 shared task on Low-Resource
Indic Language Translation for the English-
Assamese pair. Our systems build on the com-
pact, distilled 200M-parameter IndicTrans2
model, adapted with parameter-efficient Low-
Rank Adaptation (LoRA). Beyond standard
supervised fine-tuning (SFT), we built a
preference-optimization pipeline that gener-
ates candidate translations, scores them with
a composite reward combining a GEMBA-
style LLM-as-judge score, a reference-free
CometKiwi quality-estimation signal, and an
XCOMET score, and then trains with Direct
Preference Optimization (DPO) on the result-
ing preference pairs. We used this pipeline
to guide our system choices: for Assamese-to-
English the SFT-only model scored best on our
development set, so we submitted it as primary
and the SFT-then-DPO model as a contrastive
system; for English-to-Assamese we went with
SFT-then-DPO as primary. On the official
WMT 2026 blind test set, the Assamese-to-
English primary system scored 24.08 BLEU
(25.11 for the contrastive system), and the
English-to-Assamese primary system scored
15.57 BLEU. We also report METEOR, TER,
chrF++, BERTScore, and COMET.

1 Introduction

Our team participated in the Low-Resource In-
dic Language Translation task for the English-
Assamese language pair in the WMT 2026 shared
task (Pakray et al., 2026)!. The shared task in-
volves developing machine translation (MT) sys-
tems with relatively small parallel datasets for
under-resourced Indian languages (Pal et al., 2023;
Pakray et al., 2024, 2025). Neural Machine Trans-
lation (NMT) has been a leading paradigm for
translating human languages in recent years; how-
ever, its application to low-resource languages

'Our code is publicly available at https://github.
com/AdityaSinghl41-design/adi-iitp-wmt2026.
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such as Assamese remains limited, primarily due
to the scarcity of large parallel corpora.

Motivated by the strong performance of open
multilingual pretrained models, we study how
competitive a compact distilled model can be un-
der minimal, targeted adaptation within the con-
straints of a shared GPU. Specifically, we develop
and assess models for translating from Assamese
to English and from English to Assamese, built on
the 200M-parameter distilled IndicTrans2 model
and fine-tuned with LoRA-based supervised train-
ing(Singh et al., 2026a). In addition, we build a
complete preference-optimization pipeline, using
a composite reward and DPO(Rafailov et al., 2023;
Xuetal., 2025), to guide our final system selection.
The predicted translations are evaluated using both
automatic and qualitative evaluation metrics.

1.1 About the Language

Assamese is an Indo-Aryan language spoken pre-
dominantly in the North-East Indian state of As-
sam, where it serves as the official language and
lingua franca. It is one of the 22 scheduled lan-
guages of India listed in the 8th Schedule of the
Indian Constitution. Assamese is the easternmost
Indo-Aryan language and is written in the Eastern
Nagari (Bengali-Assamese) script, sharing most of
its character set with Bengali while using a small
number of distinct letters. Despite having a rich
literary tradition and tens of millions of speakers,
Assamese remains under-resourced for natural lan-
guage processing, with comparatively a very lim-
ited amount of parallel corpora available for ma-
chine translation.

2 Related Work

Machine translation (MT) for low-resource lan-
guages has evolved from statistical machine trans-
lation (SMT) systems, which relied on phrase-
based translation models and parallel corpora, to
neural machine translation (NMT), which signif-
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icantly improved translation quality through end-
to-end encoder-decoder architectures(Gain et al.,
2026). While NMT has achieved remarkable suc-
cess for high-resource languages, its performance
remains limited for low-resource language pairs
due to the scarcity of parallel training data.

To mitigate this limitation, researchers have
explored multilingual transfer learning, back-
translation, and semi-supervised learning (Sen-
nrich et al., 2016). The introduction of multilin-
gual pretrained MT models, such as IndicTrans2
(Gala et al., 2023), has substantially improved
translation quality for many under-resourced In-
dic languages through parameter sharing and trans-
fer across related languages. For Manipuri specif-
ically, recent work has explored script-level chal-
lenges such as bidirectional transliteration between
Manipuri Bengali and Manipuri Latin scripts
(Singh et al., 2026b) and byte-level translation ap-
proaches (Singh et al., 2026¢). Related shared-task
systems have investigated instruction-tuned adap-
tation for other under-resourced pairs, including
Bodo and Kokborok (Kumar et al., 2025) and San-
tali (Singh et al., 2025a). Assamese itself has re-
ceived comparatively little attention, with recent
work limited to a pragmatic comparison of transfer-
learning and from-scratch strategies (Meetei et al.,
2026).

More recently, large language models (LLMs)
have emerged as powerful multilingual transla-
tion systems (Singh et al., 2025b), and their
reasoning capabilities have been explored as
supportive context for translation (Singh et al.,
2026d). Parameter-efficient fine-tuning methods,
such as LoRA, enable adapting these models for
low-resource MT with modest computational re-
sources, while instruction tuning further improves
translation quality in multilingual settings. In par-
allel, preference-based alignment methods, includ-
ing Reinforcement Learning from Human Feed-
back (Kaufmann et al., 2025) (RLHF) and Direct
Preference Optimization (DPO) (Rafailov et al.,
2023), have provided effective alternatives for
aligning language models with translation quality
preferences without complex reinforcement learn-
ing pipelines; Contrastive Preference Optimiza-
tion has similarly been applied to low-resource
English-Bhojpuri translation (Singh et al., 2025c).

Our work adapts a compact IndicTrans2 model
with LoRA, refining it via DPO to empirically
compare SFT-only and SFT+DPO models for low-

resource English-Assamese translation.

3 System Overview

We build separate systems for the two transla-
tion directions, Assamese-to-English and English-
to-Assamese, using the same underlying pipeline:
LoRA fine-tuning of IndicTrans2 followed by pref-
erence optimization with a composite reward and
DPO. The two directions use different base check-
points and, as shown later, different final submit-
ted models. Figure 1 outlines the pipeline.

3.1 Dataset

We use the official parallel data provided by the
organizers of the WMT 2026 Low-Resource Indic
Language Translation shared task for the English-
Assamese pair, together with the official devel-
opment and blind test sets. The statistics of the
experimental dataset are shown in Table 1. The
Assamese text is written in the Eastern Nagari
(Bengali-Assamese) script.

Language Sentence Word Avg
Eng-Training 50,078 813,060 16.2
Asm-Training 50,078 713,579 14.1
Eng-Validation 1,024 25,347  24.8
Asm-Validation 1,024 23,343 22.6
Eng-Testing 1,000 11,698  11.7
Asm-Testing 1,000 11,818 11.7

Table 1: Statistics of the experimental dataset. Avg is
average words per sentence. Validation/testing splits
are local sets, separate from the WMT 2026 blind test.

3.2 Data Preparation

The official training set contains 54,001 English-
Assamese sentence pairs. Prior to fine-tuning, we
applied a pre-processing pipeline consisting of du-
plicate removal, whitespace normalization, and ad-
ditional cleaning and filtering; the retained pairs
were then ordered by increasing sentence length.
After pre-processing, 50,078 sentence pairs re-
mained, whose statistics are reported in Table 1.
We adapt the pretrained IndicTrans2 model (Gala
et al., 2023) and therefore reuse its native pre-
processing and subword (SentencePiece) tokeniza-
tion rather than learning a new vocabulary. Source
and target sentences are normalized and tokenized
using the IndicTrans2 tokenizer before fine-tuning.
For the Assamese-to-English primary system, we
also incorporate a small in-domain (news and en-
tertainment) parallel corpus during fine-tuning; we
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Figure 1: Overview of the proposed machine translation pipeline. Starting from a distilled IndicTrans2 model, the
system performs LoRA-based supervised fine-tuning (SFT), generates multiple translation candidates, constructs
preference pairs using a composite reward (GEMBA, CometKiwi, and XCOMET), and refines the model through
DPO. For Assamese-to-English, both SFT-only and SFT+DPO models were submitted; for English-to-Assamese,

the SFT+DPO model was submitted as primary.

verified that this set has no overlap with the devel-
opment set used for model selection.

3.3 Pretrained Model

Our systems are built on the distilled 200M-
parameter IndicTrans2 model (Gala et al., 2023),
using indic-en-dist-200M for Assamese-to-
English and en-indic-dist-200M for English-
to-Assamese. We adapt the model using Low-
Rank Adaptation (LoRA) (Hu et al., 2021), a
parameter-efficient fine-tuning method that intro-
duces a small number of trainable low-rank matri-
ces while keeping the base model weights frozen.
This allows fine-tuning within the memory con-
straints of a shared GPU.

3.4 Preference-Optimization Pipeline

Beyond supervised fine-tuning, we developed a
full preference-optimization pipeline and used it to
guide our system selection. The pipeline proceeds
in four stages: (i) LoRA-based supervised fine-
tuning (SFT) of the base model; (ii) generation
of two candidate translations per source sentence
from the SFT policy—one produced by greedy de-
coding and one by nucleus sampling (temperature
0.8, top-p 0.9) for a fixed random subset of 2,000
training sentences; (iii) scoring of each candidate

with a composite reward

R =0.4-GEMBA + 0.4 - CometKiwi 4+ 0.2 - xCOMET,

combining a GEMBA-style large-language-model-
as-judge score (Kocmi and Federmann, 2023),
a reference-free quality-estimation signal from
CometKiwi (Rei et al., 2022), and a reference-
based score from xCOMET (Guerreiro et al.,
2024). The weights reflect a deliberate prefer-
ence for the reference-free signals (GEMBA and
CometKiwi) over the reference-based xCOMET;
exhaustive weight tuning was not performed; and
(iv) DPO (Rafailov et al., 2023) of the policy
against the resulting preference pairs. For each
source sentence, the higher-scoring candidate is
taken as the preferred (chosen) translation and the
lower-scoring one as the rejected translation, yield-
ing one preference pair per sentence. Figure 1
gives an overview of our system.

3.5 Model Parameters

For LoRA, we set rank r 8, scaling factor
o = 16, and dropout 0.1, applied to the q_proj
projection, yielding 442,368 trainable parameters.
The SFT stage uses a learning rate of 2 x 107°
with early stopping on the development set. Dur-
ing candidate generation, we produce k£ = 2 can-
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Direction System BLEU METEOR TER chrF++ BERTScore COMET
as-en primary (SFT) 24.08 57.32 67.59 54.28 94.69 85.43
as-en contrastive (SFT-DPO) 25.11 58.06 67.09 54.87 94.71 85.51
en-as primary (SFT-DPO) 15.57 39.91 65.52 50.06 86.30 82.36
Table 2: Official WMT 2026 blind-test scores for the submitted Assamese—English (as-en) and

English—Assamese (en-as) systems. For BLEU, METEOR, chrF++, BERTScore, and COMET, higher is bet-

ter; for TER, lower is better.

Result Samples

Sourcel: TP AT o AReFT <177 QB LW Mo o e Baw oifcs
[CoIR RSO EREEAE R R (4]

Referencel: Ajanta, located in the Aurangabad District of Maharashtra has thirty-nine caitya and vi-

Baseline (Zero-shot):

Primary (SFT only):

hara caves decorated with sculptures and paintings from the first century B.C.E. to the fifih
century C.E.

Ajanta, located in the Aurangabad district of Maharashtra, has thirty-nine chaitya and vihara
caves adorned with sculptures and paintings dating from the 1st century BCE to the 5th
century CE.

Ajanta, in Aurangabad district of Maharashtra, has thirty-nine chaitya and vihara caves
adorned with sculptures and paintings dating from the 1st century BCE to the 5th century
CE.

Contrastive (SFT+DPO):  Ajanta, located in Aurangabad district of Maharashtra, has thirty-nine chaitya and vihara
caves adorned with sculptures and paintings dating from the Ist century BCE to the Sth
century CE.

Source2: I ©lTed AT AP G133 R CTRIMILS 359 <191 i S @y 33y
TICET 2 BRI P = |

Reference2: Cinnamon is native to India and, as such, its uses range from that of a flavoring agent to a

Baseline (Zero-shot):

medicinal agent.
Cinnamon is native to India and is therefore used from a flavouring agent to a medicinal

product.

Primary (SFT only): Cinnamon is indigenous to India and hence is used from a flavouring agent to a medicinal
product.

Contrastive (SFT+DPO):  Cinnamon is native to India and hence is used from a flavor enhancer to a medicinal product.

Source3: Qe (et - foasgz A5 19 SRIHFI0T B AT 17 ISt o[ 5 6.0, @99
SRIES |

Reference3: The Bagh Caves, consisting of Buddhist mural paintings, are located 97 km from the Dhar

Baseline (Zero-shot):
Primary (SFT only):

Contrastive (SFT+DPO):

district of Madhya Pradesh.

The Bagh Caves, with Buddhist murals, are located 97 5.1 away from Dhar district in
Madhya Pradesh.

The Bagh cave complex with Buddhist murals is located 97 5. away from Dhar district,
Madhya Pradesh.

The Bagh Caves, with Buddhist murals, are located 97 .M. away from Dhar district in
Madhya Pradesh.

Source4:

Reference4:

Baseline (Zero-shot):
Primary (SFT only):
Contrastive (SFT+DPO):

TR0 (FIIAE J§ 2; (1 SATE5TIP 137 ©lp S FWR TS AF
All the Kauravas die; only the five Pandava brothers and Krishna survive.

All the Kauravas die; only five Pandava brothers and Krishna survive.

All the daughters die; only the five Pandava brothers and Krishna survive.

All the Kauravas die; only five Pandava brothers and Krishna survive.

Table 3: Sample Assamese to English translations comparing the baseline (zero-shot IndicTrans2), primary (SFT),
and contrastive (SFT-then-DPO) systems. Words in blue match the reference; words in red differ. References are
taken from the IN22 dataset, selected using some random seed to highlight the model output analysis.

didates per source sentence for a random subset of
2,000 training sentences: one via greedy decoding
(num_beams= 1) and one via nucleus sampling
with temperature 0.8 and top-p 0.9. For DPO we
use 3 = 0.1, a learning rate of 1 x 107>, and
three epochs. Final translations for submission
are produced using greedy decoding. We report
BLEU (Papineni et al., 2002) using sacreBLEU

(Post, 2018), together with METEOR (Banerjee
and Lavie, 2005), TER, chrF++ (Popovi¢, 2015),
BERTScore (Zhang et al., 2020), and COMET
(Rei et al., 2020).

4 Results and Discussion

Table 2 reports the official WMT 2026 blind-test
scores for our submitted systems. For Assamese-
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Result

Samples

Sourcel:

Referencel:

Baseline (Zero-shot):

The Grand Canyon is in northern Arizona, and is one of the great tourist attractions in the
United States as well as one of the seven natural wonders of the world.

(ol @HET Ted ISHie 3tg 3% 2 JAIWF ST AR U6
FYOF PN (FHH2A [oosw BT @IIF e5lts [KET S0 AiFfod e
foesw Wbl

oo @ Ser ufitoTare sfEs, e SIWRS T8 SIaien 28 o
IIFNF TS [HT STO0T &f1Fhed [T fowse Saren|

Primary (SFT+DPO): (8% (37 Twd QRTsiare dfs, ST« AW JSa18 Saed 328 =G
IFYF ST 4T ST0T &1Fhess [T fowse Sayey|

Source2: Cinnamon is native to India and, as such, its uses range from that of a flavoring agent to a
medicinal agent.

Reference2: TIET(H BITeT UeIdT P CT3IE@R AKE CTRMAYE 389 <171 oifk s afqs 333

Baseline (Zero-shot):

GI5CETCP RUTF TIRIF 9T 2|

"IICWCDT;I RIBICE “ﬁlf?l%l NP (.H(.%I(.Q?Zﬂ. J IRI9 d]ﬁT CATd M ﬁﬂ. ki](.\?l"‘l:d MBIRIEN 3"%
SFYL ATSTOCE(P 2T

Primary (SFT+DPO):  WIST(b(q ©IT6F BT SN GTR 3719 T2 QBT OTM TRl Qrsrod 247 3949
QTSTOCeT( 2|

Source3: Liquefied Natural Gas (LNG) is assuming greater importance in the energy segment as it is
used to operate Power Plants and Industrial (fertilizer) Plants.

Reference3: TIIPe AFhoF (oIt (9e1.97.15.) i 19376 28 A5 66 FICeT 0y

Baseline (Zero-shot):

Rzp 35 *Ife aFg o SToifs (3117) &g STy beTaie TR FaT 27
91 Aiphod (oI (el @7, &) e 196 s 3P oo S0 AET 2115

T oiFg e SToIfF (3719) ATYBTeTT FFCeT TR BT 27|
Primary (SFT+DPO):  ©<¢1 &iFhed (577 (9eT. aq. 51.) *Ife 496 JE 3y o176 FEg [FET SqH
I aFg P STHIF (17) AFFNE AREEAT FEAE T2 FI =27
Source4: Kaba Gandhi married four times in succession, having lost his wife each time by death.
Referenced: FRT AR (087 ARSI *1GIF Jo§ @IT FeTo EFAR 51 (=T I QJTT

Baseline (Zero-shot):

Primary (SFT+DPO):

o1%e QI19CP BIfIT A sergfe|
FIAT SR QAR BRI et sar2fes, afed1s Jove wete Qe aarafal
FIT SR ARSI J 3T FeTw QT (P13 T b1 Rameirrs o fie |

Table 4: Sample input and output from the English-to-Assamese MT system, comparing the baseline (zero-shot
IndicTrans2) and primary (SFT+DPO) systems. Words in blue match the reference; words in red differ. References
are taken from the IN22 dataset, selected using some random seed to highlight the model output analysis.

to-English, our primary supervised fine-tuning
(SFT) system obtained a BLEU score of 24.08, and
our contrastive SFT-then-DPO system obtained
25.11, the highest of the two. For English-to-
Assamese, our primary SFT-then-DPO system ob-
tained a BLEU score of 15.57. As is commonly
observed for this language pair, the into-English di-
rection yields substantially higher scores than the
into-Assamese direction across all metrics, reflect-
ing both the morphological richness of Assamese
and the relative difficulty of generating its script.

We further observe that, for Assamese-to-
English, the SFT-then-DPO model edges out the
SFT model on the official blind test by roughly
one BLEU point (25.11 vs. 24.08), with small
parallel improvements in METEOR, chrF++, and
COMET and a lower (better) TER. A one-point
gap on a 1,000-sentence test set is not something
we treat as statistically significant, but every met-
ric moving in the same direction is at least sug-

gestive that DPO did not hurt quality here, and
plausibly helped a little. We had selected the SFT
model as our primary run based on development-
set performance before the blind-test scores were
released; in retrospect, the DPO-trained variant
would have made an equally reasonable, if not
slightly stronger, choice for this direction.

Built on a compact distilled 200M-parameter
model and adapted within the memory constraints
of a shared GPU, our systems remained competi-
tive with other WMT 2026 submissions to the task
(Pakray etal., 2026), supporting our earlier motiva-
tion that parameter-efficient adaptation combined
with preference optimization is a practical strat-
egy for low-resource Indic translation under lim-
ited compute.

4.1 Qualitative Analysis

Automated evaluation metrics such as BLEU mea-
sure precise lexical overlap between the translated
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output and the reference. However, natural lan-
guage exhibits substantial variation through syn-
onymy and syntactic reordering, so a translation
can preserve the intended meaning of the source
while still receiving a lower n-gram score. To com-
plement the automatic metrics, we manually exam-
ine a small sample of source sentences together
with the corresponding system outputs and refer-
ences taken from the IN22 dataset, selected using
some random seed. In Table 3 and Table 4, words
in blue match between the reference and the output,
whereas words in red differ.

For Assamese-to-English (Table 3), the zero-
shot baseline already produces fluent translations
for most examples, reflecting the strong multi-
lingual capability of IndicTrans2 out of the box.
Sourcel shows all three systems getting the trans-
lation mostly right, with only minor phrasing dif-
ferences from the reference. Source?2 is a case of
word choice: zero-shot uses “is therefore used,”
SFT picks “indigenous,” and DPO picks “native”;
none is wrong, just different from what the ref-
erence used. Source3 is a pattern we saw across
the test set where all three models leave Assamese-
script units like “fe. (kilometer) untranslated
instead of writing “km.” Source4 is the most in-
structive example: the zero-shot model correctly
outputs “Kauravas,” the SFT model confusingly
outputs “daughters”, a real meaning error, while
the DPO model recovers the correct translation.
This example illustrates that SFT alone can occa-
sionally introduce errors on specific lexical items,
and that DPO can correct them, consistent with
the modest overall gains DPO showed on the blind
test.

For English-to-Assamese (Table 4), the zero-
shot baseline and the SFT+DPO model produce
identical output for Sourcel and Source3, suggest-
ing the base IndicTrans2 checkpoint is already
strong on these particular sentences; for Source2
and Source4, the two systems diverge, differing
in word choice and sentence structure. Sourcel is
near-perfect except for minor wording differences
like “SIIES” (situated) vs. “STZ” (is). Source2
shows both models reaching for English borrow-
ings like “qQTSTH” (agent) where the reference uses
a more natural Assamese term. Source3 is interest-
ing because the reference, baseline, and our output
all write out “LNG” in Assamese script as “Q¢T.
aq. f&.” (transliterated letters for L, N, G), so
this isn’t really an error, just a shared convention.

Source4 is worth noting: the English input itself
says “Kaba”, and both models correctly translate
what they were given, though with different phras-
ing. Many of the differences that n-gram metrics
would flag are actually valid variants, with only a
few being genuine errors.

5 Conclusion

Enabling MT for low-resource languages poses
several challenges due to the scarcity of paral-
lel resources for training. In this work, we re-
ported the performance of MT systems for English-
Assamese in both directions, built on the compact
distilled 200M-parameter IndicTrans2 model and
adapted using LoR A-based supervised fine-tuning,
with a preference-optimization pipeline used to
guide system selection. On the official WMT 2026
blind test set, our Assamese-to-English primary
system achieved a BLEU score of 24.08, with the
preference-optimized contrastive system reaching
25.11, and our English-to-Assamese primary sys-
tem achieved 15.57. These results support the view
that a compact distilled model with parameter-
efficient adaptation is a competitive choice for low-
resource Indic translation under limited compute;
for Assamese-to-English, where we could directly
compare, preference optimization gave a mod-
est, consistent improvement over supervised fine-
tuning alone without any observed degradation in
quality. Future work could extend this preference-
optimization pipeline to other low-resource Indic
language pairs, and explore whether larger or more
diverse candidate pools further improve reward-
guided selection.
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