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Abstract
We present LTRC_Plural, our submission to
the WMT 2026 Shared Task on Low-Resource
Indic Language Translation, covering four lan-
guage pairs English↔Assamese, Mizo, Khasi,
and Tagin spanning a wide range of resource
levels, from moderately-resourced Assamese
down to Tagin, which barely appears in exist-
ing multilingual MT systems at all. We com-
pare three models (NLLB-200-1.3B, Sarvam-
Translate, and TranslateGemma) across three
setups: fine-tuning on the official shared-task
data alone, fine-tuning with added external
parallel data, and a reinforcement-learning
stage (RLOO) that optimizes a combined
BLEU/chrF++ reward on top of the fine-tuned
model. Adding external parallel data helps
most for Khasi, improving English-to-Khasi
by 18 BLEU, and for Mizo, where our system
places first among contrastive submissions in
both directions; the same augmentation leaves
Assamese essentially unchanged despite con-
tributing twice as many sentence pairs, sug-
gesting that data provenance matters more
than volume at these scales. The RLOO sys-
tem degrades performance on Assamese and
Mizo, where supervised fine-tuning had already
produced competitive systems, but improves
over the primary system on both Khasi direc-
tions and on every metric for English-to-Tagin,
where it obtains the highest METEOR score
of any contrastive submission. Reward-based
training therefore appears most useful precisely
where supervised fine-tuning has least to work
with.

1 Introduction

India is home to hundreds of languages beyond the
22 with constitutional “Scheduled” status, many
of which are low-resource not because they lack
speakers but because they lack digitized parallel
text, standardized orthography, and sustained in-
vestment in language technology. This gap is espe-
cially pronounced in North-East India, one of the
most linguistically diverse regions in the world.

This paper presents our submission to the WMT
2026 Shared Task on Low-Resource Indic Lan-
guage Translation. We focus on four pairs:

• English↔Assamese (en-as): Assamese is an
Indo-Aryan language and the official language
of Assam, spoken by roughly 15 million peo-
ple as a first language, according to the 2011
census.

• English↔Mizo (en-lus): Mizo (also called
Lushai) is a Sino-Tibetan (Kuki-Chin) lan-
guage, the official language of Mizoram, with
on the order of 1.1 million speakers.

• English↔Khasi (en-kha): Khasi is an Aus-
troasiatic (Mon-Khmer) language spoken
mainly in Meghalaya by roughly 1.4 million
people, notable for using Latin rather than a
Brahmic script.

• English↔Tagin (en-tgj): Tagin is a Sino-
Tibetan (Tani) language spoken in Arunachal
Pradesh by a population of roughly 63,000
according to 2011 census, and represents one
of the most severely under-resourced pairs in
this shared task, with essentially no presence
in standard multilingual MT systems.

The four pairs span a wide resource range,
from moderate-resource Assamese to extremely
low-resource Tagin, with Mizo and Khasi in be-
tween. Our experiments were conducted using
three models: one encoder-decoder variant, NLLB-
200 1(Team et al., 2022; Koishekenov et al., 2023),
alongside two decoder-only systems, Sarvam-
translate2 and TranslateGemma3. Native support
for our target languages varies across these three
models: NLLB-200 handles Assamese and Mizo,

1https://huggingface.co/facebook/nllb-200-1.3B
2https://huggingface.co/sarvamai/sarvam-translate
3https://huggingface.co/google/translategemma-4b-it
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Sarvam-Translate handle Assamese, and Trans-
lateGemma handles Assamese, Mizo, and Khasi.
None of them support Tagin.

Reliable MT for these languages has direct prac-
tical value, supporting government communication,
education, language documentation, and digital
access for otherwise excluded communities. Be-
yond this applied motivation, they serve as a useful
testbed for studying how far cross-lingual trans-
fer, multilingual fine-tuning, and monolingual-data
augmentation can compensate for the absence of
large bilingual corpora which is the core challenge
this shared task addresses.

Our contributions are:

1. A systematic comparison of fine-tuning with
shared-task data alone versus shared-task data
augmented with external parallel sources.

2. We apply a method rooted in reinforcement
learning, where the reward function is deter-
mined by a weighted combination of BLEU
and chrf++ scores. The model is rewarded for
translations that score highly on both BLEU
and chrf++.

2 Related Works

Machine translation for Indic languages initially
developed within the statistical machine translation
(SMT) framework, but unlike European languages,
which benefited from resources such as the Eu-
roparl corpus (Koehn, 2005), Indian languages had
very limited publicly available parallel data, mak-
ing data scarcity a major challenge for early Indic
MT systems (Kakum et al., 2023). With the emer-
gence of neural machine translation (NMT), the
field gradually moved away from SMT. Attention-
based encoder-decoder models (Bahdanau et al.,
2014), followed by the Transformer architecture
(Vaswani et al., 2017), became the dominant ap-
proaches. Subsequent work in WMT shared tasks
also demonstrated the benefits of multilingual train-
ing, particularly for low-resource language pairs
(Pal et al., 2023). More recent studies have ex-
plored multilingual training specifically within In-
dic languages, showing that limiting training to
Indic-to-Indic translation pairs can further improve
performance when parallel resources are scarce
(Pakray et al., 2024). As these multilingual mod-
els grew larger, training all of their parameters for
every new language or task became increasingly
expensive, which is where parameter-efficient fine-

tuning (PEFT) comes in. LoRA (Hu et al., 2022)
introduced low-rank adaptation as a lightweight al-
ternative to full fine-tuning, and QLoRA (Dettmers
et al., 2023) pushed this further by combining low-
rank adaptation with quantization to cut memory
requirements. Building on this, recent multilin-
gual MT systems such as ALMA (Xu et al., 2024)
and Tower (Alves et al., 2024) have shown that
LoRA-based adaptation can reach strong transla-
tion performance at a fraction of the usual com-
putational cost. Alongside these adaptation tech-
niques, cross-lingual transfer has become a cen-
tral strategy for extending translation capability to
low-resource languages by leveraging related high-
resource languages. Early work established that
multilingual NMT models could achieve reason-
able performance on unseen language pairs purely
through parameter sharing (Ha et al., 2016; Ari-
vazhagan et al., 2019), though the underlying mech-
anisms of successful transfer remained poorly un-
derstood at the time. Later studies pointed to lan-
guage family membership as one of the strongest
predictors of multilingual model success which out-
performed surface-level similarity measures (Tan
et al., 2019). (Dabre et al., 2020) found that multi-
lingual Indic models benefit from careful language
grouping based on linguistic relationships. Be-
yond data and adaptation strategies, reinforcement
learning offers a different way to push translation
quality further. It has driven recent gains in LLM
reasoning by optimizing directly against a task re-
ward rather than token-level likelihood (Ouyang
et al., 2022; Guo et al., 2025), but applying this to
MT is harder because translation quality cannot be
checked with a simple rule-based verifier the way
math or code can. Leave-one-out policy-gradient
methods such as RLOO (Kool et al., 2019; Ahma-
dian et al., 2024) offer a lower-variance alternative
to PPO-style RLHF without requiring a learned re-
ward model, making them practical for optimizing
directly against automatic metrics like BLEU and
chrF++, as we do in our RLOO-based contrastive
system.

3 Data

3.1 Official shared task data

We use the parallel training data released by the
WMT 2026 Low-Resource Indic Language Trans-
lation shared task organizers (Pakray et al., 2026)
for four language pairs.The corpora differ by an or-
der of magnitude in size. Assamese and Mizo each
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WMT Data External Data
Pair Train Dev Test Train Dev Test

English–Assamese 52,923 500 500 50,000 500 500
English–Mizo 48,995 500 500 49,496 464 500
English–Khasi 25,000 500 500 22,358 482 500
English–Tagin 4,204 500 500 – – –

Table 1: Data statistics for the official WMT shared-task data and the external parallel data used for augmentation.

provide close to 50,000 training pairs and Khasi
25,000, while Tagin provides only 4,204, under a
tenth of the largest pair. Tagin also lost the largest
share of data during preprocessing, at 2.6% against
well under 1% for the other pairs, while the Khasi
corpus required no removals at all.

3.2 Typological differences among the
language pairs

The four language pairs differ typologically as well
as in resource level, and in our experiments these
two factors are confounded. Assamese is written in
the Bengali-Assamese abugida and shares substan-
tial vocabulary and script conventions with Ben-
gali and Hindi, both heavily represented in the pre-
training data of NLLB-200, Sarvam-Translate, and
TranslateGemma; this proximity to high-resource
Indic languages plausibly aids cross-lingual trans-
fer independent of shared-task data size. Mizo is
tonal, with four lexical tones that are not consis-
tently marked in its standard Latin orthography, so
a written sentence can be phonologically ambigu-
ous in ways no amount of parallel text resolves; its
verb morphology also involves stem alternation and
prefixal subject agreement not present in English.
Khasi is largely isolating with verb-initial word or-
der, diverging structurally from both English SVO
and the SOV order of the Indic languages in our
data, and encodes grammatical gender through par-
ticles rather than inflection. Tagin has no widely
adopted standardized script and only a small num-
ber of published grammars and dictionaries, mean-
ing its scarcity extends beyond the shared-task cor-
pus to the language’s documentation more broadly.

Because typology and resource level vary to-
gether across these four pairs, our experiments
cannot fully separate the effect of one from the
other; we discuss this confound and what would be
needed to isolate it in Section 8.

3.3 External parallel data

For our experiments we supplement the official data
with external parallel corpora. The Assamese data
was randomly sampled with a seed value of 42 from
the AI4Bharat Samanantar corpus (Ramesh et al.,
2022), a large mined collection covering Indian lan-
guages. The Mizo and Khasi data were collected
from (Ghosh et al., 2025). The two sources differ
in kind as well as in origin: Samanantar is auto-
matically mined from comparable text, whereas the
Mizo and Khasi corpora were manually developed,
and this difference is relevant when interpreting the
differing effect of augmentation across pairs.

No external parallel data was available for Tagin.
Our Tagin systems therefore rely on the official data
alone in every experiment. Table 1 summarizes
the sizes of the official WMT training corpora and
the additional external parallel data used for each
language pair after preprocessing.

3.4 Preprocessing

We applied simple preprocessing to all data. Ex-
act duplicate sentence pairs were removed. Stray
whitespace and control characters, which would
otherwise be treated as part of the surrounding to-
kens, were stripped. All text was normalized to
Unicode NFC, which matters for the Indic scripts
in our data, where the same character can be en-
coded as more than one sequence of codepoints and
would otherwise be treated as distinct by the tok-
enizer. Finally, punctuation and quotation marks
were normalized to consistent forms and repeated
whitespace was collapsed.

3.5 Data splits

For each language pair in the WMT data, we held
out 500 sentence pairs as an internal development
set for checkpoint selection and a further 500 as
an internal test set, sampled with a fixed seed of
42. For the external Assamese data we sampled
500 development and 500 test pairs using the same
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seed, while for Mizo and Khasi we used the splits
provided with those corpora. The two sets do not
overlap and the remaining sentences were used for
training.

All results reported in this paper are on the offi-
cial test set as scored by the organizers. The inter-
nal splits were used only for checkpoint selection
during development.

4 Preliminaries

Supervised fine-tuning maximises the likelihood of
one reference translation token by token, penalising
a fluent paraphrase as heavily as a genuine error and
giving the model no feedback on the translations it
actually produces. Reinforcement learning relaxes
both constraints: the model generates its own trans-
lations, each is scored against a quality measure,
and the model is updated toward higher-scoring
output. We use RLOO (REINFORCE Leave-One-
Out), an online policy-gradient method, which can
be broken down into four steps: generating com-
pletions, computing the reward, computing the ad-
vantage, and computing the loss.

Generating completions: At each training step
we take a batch of source sentences and, for each
one, let the current model generate G different
translations.

Computing the reward: Each generated transla-
tion receives a score from a reward function. A KL
divergence penalty is subtracted, measuring how
far the model has moved from its starting point,
called the reference policy.

DKL[πθ ∥πref] =

T∑
t=1

log
πθ(oi,t | q, oi,<t)

πref(oi,t | q, oi,<t)
(1)

The final reward for a translation oi is then:

ri = R(oi, q)− β DKL[πθ ∥πref] (2)

where β > 0 controls how strongly the model is
held to the reference policy.

Computing the advantage: A raw reward is
hard to learn from, because it does not tell the
model whether the score is relatively good or bad
for that particular sentence. RLOO addresses this
by comparing each translation against the other
translations of the same sentence. For each com-
pletion i, the baseline is the average reward of its
siblings:

Setting NLLB-1.3B Sarvam / T-Gemma
Adapters per pair shared
LoRA r / α 32 / 64 32 / 64
LoRA dropout 0.05 0.05
Learning rate 2× 10−4 5× 10−4

Epochs 5 5
Batch size 32 32
Max seq. length 256 256

Table 2: Training configuration for Experiments 1 and
2.

bi =
1

G− 1

∑
j ̸=i

rj (3)

and the advantage is the difference between its
own reward and this baseline:

Ai = ri − bi (4)

Because the baseline never includes the comple-
tion’s own reward, it gives an unbiased estimate.
This is the “leave-one-out” the method is named for,
and it is what allows RLOO to work without the
separate value network that PPO requires, making
it considerably cheaper to train.

Computing the loss: The model is then updated
to make high-advantage translations more likely
and low-advantage ones less likely:

LRLOO(θ) = − 1

G

G∑
i=1

Âi log πθ(oi | q) (5)

5 Methodology

We conducted three experiments. Experiment 1
fine-tunes each model on the official shared task
data alone. Experiment 2 adds external parallel
data while keeping all hyperparameters fixed. Ex-
periment 3 continues training the checkpoints from
Experiment 1 with RLOO (Section 4). Each ex-
periment changes one factor, so the differences
between them are easy to interpret.

Data splits and preprocessing are described in
Section 3. All models were trained with QLoRA,
which keeps the base weights frozen in 4-bit NF4
precision and trains only a small set of adapter
weights, allowing large models to be fine-tuned
without discarding pretrained knowledge. All
experiments ran on 2×L40S GPUs with 48GB
VRAM each.
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Primary Contrastive-1 Contrastive-2

Language Direction BLEU↑ CHRF++↑ BLEU↑ CHRF++↑ BLEU↑ CHRF++↑

Assamese en→lang 14.09 47.75 14.01 46.63 9.41 41.22
lang→en 22.09 53.11 23.27 53.48 18.99 50.8

Mizo en→lang 19.02 48.07 22.85 51.02 16.47 44.96
lang→en 28.07 58.49 33.45 62.17 20.35 53.32

Khasi en→lang 14.47 36.28 32.46 54.77 20.8 43.35
lang→en 7.94 31.03 23.72 49.83 11.82 36.81

Tagin en→lang 2.25 19.17 1.65 21.76 3.88 26.14
lang→en 2.62 16.91 1.3 16.7 2.28 17.64

Table 3: BLEU and chrF++ scores for all three submitted systems, grouped by language pair and direction. Bold
indicates the best score for each row, so that comparisons are read within a language pair and direction across
systems. Full results including METEOR, TER, BERTScore, and COMET for each system are given in Appendix A.

5.1 Experiment 1: Fine-tuning on shared task
data

We fine-tuned NLLB-200-1.3B, Sarvam-Translate,
and TranslateGemma on the official WMT training
data alone (Section 3). This forms our primary
submission. Training settings are given in Table 2.

For NLLB we trained a separate adapter per
language pair. NLLB has no language tag for
Khasi or Tagin, so we added new tags (kha_Latn,
tgj_Latn) and kept the encoder and decoder em-
bedding weights tied so that each tag shares one
representation on both sides. NLLB selects the
output language by reading this tag, and training
several new pairs jointly forces the model to learn
the tags while it learns the translations, which is
unstable with limited data; separate adapters avoid
this.

For Sarvam-Translate and TranslateGemma we
trained a single adapter shared across all pairs.
These models take the target language as text in the
prompt rather than as a tag, so there is no language
identification (LID) interference and no vocabulary
change is required. We used rank-stabilised LoRA
(rsLoRA) (Kalajdzievski, 2023), which scales the
adapter update so that training stays stable at higher
learning rates. Sarvam-Translate is built on a multi-
modal backbone, but the image encoder remained
frozen as our task is text-only.

5.2 Experiment 2: Adding external parallel
data

Models, adapter settings, and all hyperparame-
ters are unchanged from Experiment 1 (Table 2),
and only the training data differs, so any change
in results can be attributed to the additional data.
This forms our first contrastive submission. Trans-
lateGemma was excluded from this experiment.

The external corpora are listed in Section 3; none
was available for Tagin, so its training used the
official data alone. We sampled with a tempera-
ture of 0.7 over both translation directions of every
dataset, so that smaller datasets appear more of-
ten than their raw size would imply without the
largest ones taking over. Tagin results still change
between Experiments 1 and 2 despite no Tagin data
being added, because Sarvam-Translate uses a sin-
gle shared adapter and the additional Khasi, Mizo,
and Assamese data affects it indirectly.

5.3 Experiment 3: Reinforcement learning
with RLOO

We applied RLOO (Section 4) to the Experi-
ment 1 checkpoints for Sarvam-Translate and
TranslateGemma, which forms our second con-
trastive submission. The supervised adapter was
merged into the base model and a fresh rsLoRA
adapter trained on top, so the frozen reference pol-
icy πref for the KL term is the Experiment 1 check-
point. NLLB was excluded because the RLOO im-
plementation we used supports only decoder-only
architectures.

The reward combines two translation metrics:

R = 0.3× BLEU + 0.7× chrF++ (6)

Both are computed with sacreBLEU on a 0–100
scale, so the weights apply to comparable ranges
and no normalisation is required. We weight
chrF++ more heavily because it matches human
judgement better for morphologically rich and low-
resource languages, and because sentence-level
BLEU is frequently zero or near-zero on short sen-
tences, giving a sparse reward with little learning
signal.
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Setting Value
Completions per prompt (G) 2
KL coefficient (β) 0.05
Reward 0.3BLEU + 0.7 chrF++
Learning rate 1× 10−6

Epochs 1
Sampling temperature 1.0

Table 4: RLOO configuration for Experiment 3.

We sampled 2,000 sentence pairs per language
pair with seed 42, covering both translation direc-
tions. Assamese, Mizo, and Khasi used the external
corpora of Experiment 2; Tagin used the official
data (Section 3). Batches were built with temper-
ature sampling at 0.7, as in Experiment 2. The
RLOO configuration is given in Table 4;

6 Results

We report official test set scores as released by the
shared task organizers. Ranks are stated within the
relevant submission pool, primary or contrastive,
for that direction. Table 3 reports BLEU and
chrF++ for all three of our systems across all four
language pairs (full metrics in Appendix A). We
organize the discussion below by language pair,
comparing our three systems to one another and to
other participants within the same pair and direc-
tion.

6.1 Assamese

For the primary system, Assamese-to-English
reaches 22.09 BLEU (8th of 13) against track
leader gators at 27.26, and English-to-Assamese
reaches 14.09 BLEU. Within this language pair,
translating into English scores higher than translat-
ing out of it under every metric, a pattern also seen
for Mizo below and consistent across every par-
ticipating system in both tracks; we take this as a
property of translating into a morphologically sim-
pler target rather than evidence about the language
pair’s difficulty relative to others.

Adding external data (contrastive-1) leaves As-
samese essentially unchanged: −0.08 BLEU into
Assamese and +1.18 into English, despite con-
tributing 50,000 automatically mined Samanan-
tar sentence pairs, more than for any other lan-
guage pair in this work. RLOO (contrastive-2)
degrades performance in both directions relative to
the primary system, most sharply for Assamese-to-
English (22.09 to 18.99 BLEU, TER rising from
68.6 to 84.35), consistent with the pattern discussed
in Section 6.5.

6.2 Mizo

The primary system scores 19.02 BLEU for
English-to-Mizo (6th of 9) against track leader
gators at 21.11, and 28.07 for Mizo-to-English.

Mizo yields our strongest ranking under
contrastive-1: English-to-Mizo improves to 22.85
BLEU and Mizo-to-English to 33.45, placing first
among contrastive submissions in both directions,
ahead of MTG-LIRA (22.72) and gators (21.60)
into Mizo, and gators (33.28) into English.
RLOO degrades performance relative to both prior
systems, most sharply for Mizo-to-English, which
falls to 20.35 BLEU with TER rising from 54.63
to 84.08, the largest RLOO regression we observe
for any language pair.

6.3 Khasi

Khasi is the weakest primary result: English-to-
Khasi reaches 14.47 BLEU against 29.30 for the
leading system, and Khasi-to-English 7.94 against
26.28, indicating that the 25,000 official sentence
pairs available for this pair were insufficient on
their own.

Contrastive-1 improves Khasi more than any
other pair in this work: English-to-Khasi rises to
32.46 BLEU (+17.99) and chrF++ to 54.77, while
Khasi-to-English rises to 23.72 BLEU (+15.78)
with TER falling from 124.56 to 67.45, placing
3rd and 4th respectively among contrastive sub-
missions. The external data added for Khasi
was 22,358 manually developed sentence pairs.
We note this as a striking within-pair improve-
ment rather than as a direct comparison to the
much smaller change observed for Assamese (Sec-
tion 6.1) under a much larger but automatically
mined addition of external data; we return to this
contrast, with appropriate caveats, in Section 6.5.

RLOO further improves on the primary system
in both directions, English-to-Khasi to 20.80 BLEU
and Khasi-to-English to 11.82, with TER falling by
17.32 and 13.10 points respectively though both re-
main below the corresponding contrastive-1 scores.

6.4 Tagin

The primary system places 3rd of 4 for English-to-
Tagin, in a direction where no participant exceeded
4.81 BLEU, and 3rd of 5 for Tagin-to-English.

Contrastive-1 declines slightly on BLEU in both
directions despite no Tagin data being added, con-
sistent with the shared-adapter effect noted in Sec-
tion 5, though chrF++ improves into Tagin (19.17
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to 21.76). RLOO improves on the primary sys-
tem on every metric for English-to-Tagin, reaching
3.88 BLEU, 20.90 METEOR, 26.14 chrF++, and
54.86 COMET, against 2.25 / 15.46 / 19.17 / 51.52
for the primary system. Among all contrastive
submissions in this direction it obtains the highest
METEOR score, ahead of ANVITA (20.12) and
gators (19.87), and the second-highest chrF++
behind ANVITA (28.00).

6.5 Comparative analysis

Three qualitative patterns recur across language
pairs.

First, the value of additional external data ap-
pears to depend on its provenance rather than re-
liably on its volume. Khasi received the small-
est external addition by sentence count (22,358
manually developed pairs) and showed the largest
contrastive-1 improvement of any pair; Assamese
received the largest addition (50,000 automatically
mined pairs) and showed essentially no change. We
do not claim the size of these two effects is directly
comparable, BLEU behaves differently across the
two languages but the direction of the pattern (man-
ually developed data helping substantially, mined
data helping negligibly) held consistently in our
experiments.

This is a claim about the added external data
specifically, not a claim that data volume is irrele-
vant in general. Holding provenance fixed and vary-
ing only the amount of official Assamese training
data, a controlled ablation (Appendix B) shows that
performance does still depend on training data vol-
ume: our held-out test set scores rise from 25% to
100% of the official Assamese data, with the largest
single gain coming from the full dataset. The re-
lationship is not smooth scores plateau across the
50–75% range so we read this as support for a gen-
eral dependence on volume rather than for a strictly
monotonic one, and this ablation covers Assamese
only. Taken together, the two results suggest that
within a fixed data source, more data helps, but
across data sources of different provenance, quality
can matter more than quantity.

Second, RLOO appears useful only where the
supervised starting point was weak. On Assamese
and Mizo, where fine-tuning alone had already
produced competitive systems, RLOO degraded
performance in every direction we measured. On
Khasi and Tagin, where the primary system was
weakest, RLOO improved on it in every direc-

tion we measured. The RLOO configuration used
G = 2 completions per prompt (Table 4), so the
leave-one-out baseline reduces to a single pairwise
comparison and the resulting gradient estimate is
high-variance; we regard this as the most likely
cause of the degradation on the stronger pairs.

Third, metrics disagree with each other at the
low-resource extreme. For English-to-Tagin, the
RLOO system ranks 1st on METEOR and 2nd
on chrF++ but only 3rd on BLEU, whose n-gram
matching is too sparse to reliably separate systems
scoring below 5 BLEU. This mirrors the rationale
for weighting the training reward toward chrF++
(Section 5.3), and suggests that BLEU alone is a
poor basis for ranking systems in this regime.

7 Conclusion

We presented our submission to the WMT 2026
Low-Resource Indic Language Translation shared
task, covering four language pairs at different lev-
els of resource availability: English↔Assamese,
Mizo, Khasi, and Tagin. Two findings emerge.
First, the benefit of the external data we added
depends more on its provenance than on its sen-
tence count. Roughly 22,000 manually developed
Khasi sentence pairs improved English-to-Khasi
by 18 BLEU, while 50,000 automatically mined
Assamese pairs left performance essentially un-
changed in both directions; for Mizo, external data
placed our system first among contrastive submis-
sions in both directions, this is specific to the added
external data, not that data volume is irrelevant
in general: a controlled ablation varying only the
amount of official Assamese training data (Sec-
tion 6.5, Appendix B) shows performance still de-
pends on volume when provenance is held fixed,
and typology and resource level are confounded
across our four pairs in any case (Section 8). Sec-
ond, reinforcement learning helped only where su-
pervised fine-tuning had least to work with. RLOO
degraded performance on Assamese and Mizo,
where fine-tuning alone had already produced com-
petitive systems, but improved over the primary
system on both Khasi directions and on every met-
ric for English-to-Tagin, obtaining the highest ME-
TEOR score of any contrastive submission in that
direction. Together these results indicate that data
and training strategy should be selected according
to the specific resource conditions of each language
rather than applied uniformly across low-resource
Indic pairs.
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8 Limitations

Our RLOO experiments used a single training
epoch, a fixed KL coefficient of 0.05, and G = 2
completions per prompt. With only two comple-
tions, the leave-one-out baseline reduces to a single
pairwise comparison, and the resulting gradient es-
timate is high-variance; we regard this as the most
likely cause of the degradation observed on As-
samese and Mizo. Larger G, additional epochs,
and a tuned KL coefficient are the clearest direc-
tions for improvement, and we did not tune any of
these under the shared-task compute budget. Be-
cause no external parallel corpus was available for
Tagin, the RLOO stage for that pair reused the same
official data the supervised checkpoint had already
been trained on. Reward optimization on previ-
ously seen data risks sharpening the model around
references it has effectively memorized rather than
improving generalization,limiting the new learning
signal available at every stage.Our reward function
is reference-based. It combines BLEU and chrF++,
both of which credit surface overlap with a single
reference translation, so it relaxes rather than re-
moves the reference-boundedness that motivated
the reinforcement-learning stage in the first place.

Our four language pairs also vary in typology
as well as resource level (Section 3.2), and these
two factors are confounded throughout our exper-
iments: we cannot attribute a given pair’s perfor-
mance to its data volume as opposed to its typo-
logical distance from the high-resource languages
our base models were pretrained on. Isolating the
two would require training on matched data sizes
across typologically similar and dissimilar pairs.
The Assamese augmentation result (Section 6.1),
where doubling the training data left performance
essentially unchanged, offers indirect evidence that
volume alone does not determine outcomes even
for a single, typologically favorable language, but
this evidence is limited to one language pair. We
flag controlled, matched-size training across the
four pairs as a direction for future work.
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A Full Metric Results

Table 3 in the main text reports BLEU and chrF++
for all three systems. For completeness, Tables 5,
6, and 7 below give the full set of metrics (BLEU,
METEOR, TER, chrF++, BERTScore, COMET)
for the primary, contrastive-1, and contrastive-2
systems respectively, one table per system, match-
ing the official shared-task submission format.

B Data Volume Ablation

To test whether fine-tuning performance depends
on training data volume, we fine-tuned NLLB the
strongest base model for Assamese in our primary
system (Table 3) on 25%, 50%, 75%, and 100%
of the official Assamese WMT training data, using
a fixed random seed for each subsample and iden-
tical hyperparameters across all four runs. Since
gold references for the official shared-task test set
are not available to us, all four models are eval-
uated on a held-out test set we constructed inde-
pendently, with the same references and scoring
script used for every run so that scores within this
table are directly comparable to one another. These
scores are not comparable to the official test set
scores reported elsewhere in this paper (Table 3,
Appendix A), which use a different test set; this ab-
lation should be read as a self-contained, controlled
comparison.

It is noticable that the trend is not monotonic:
scores rise from 25% to 50%, are roughly flat from
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Language Pair BLEU↑ METEOR↑ TER CHRF++↑ BERTScore↑ COMET↑

English to Assamese 14.09 35.4 73.21 47.75 85.41 80.87
Assamese to English 22.09 56.67 68.6 53.11 94.46 85.31
English to Mizo 19.02 45.81 68.81 48.07 81.44 65.29
Mizo to English 28.07 62.31 61.86 58.49 94.98 79.05
English to Khasi 14.47 36.23 85.95 36.28 76.95 62.51
Khasi to English 7.94 28.75 124.56 31.03 89.03 56.03
English to Tagin 2.25 15.46 195.42 19.17 67.91 51.52
Tagin to English 2.62 12.33 126.16 16.91 86.25 47.39

Table 5: Primary System Evaluation results across all translation directions and metrics.

Language Pair BLEU↑ METEOR↑ TER CHRF++↑ BERTScore↑ COMET↑

English to Assamese 14.01 34.75 69.34 46.63 84.87 81.6
Assamese to English 23.27 56.61 68.75 53.48 94.45 85.1
English to Mizo 22.85 49.16 63.32 51.02 82.39 65.35
Mizo to English 33.45 66.75 54.63 62.17 95.54 80.3
English to Khasi 32.46 57.16 48.7 54.77 84.44 68.06
Khasi to English 23.72 52.53 67.45 49.83 94.03 74.07
English to Tagin 1.65 13.63 176.5 21.76 69.46 53.37
Tagin to English 1.3 10.65 121.78 16.7 85.34 46.28

Table 6: Contrastive-1 System Evaluation results across all translation directions and metrics.

Language Pair BLEU↑ METEOR↑ TER CHRF++↑ BERTScore↑ COMET↑

English to Assamese 9.41 28.35 81.81 41.22 83.77 78.57
Assamese to English 18.99 53.05 84.35 50.8 93.22 81.98
English to Mizo 16.47 41.93 79.44 44.96 79.94 61.91
Mizo to English 20.35 56.23 84.08 53.32 93.44 74.27
English to Khasi 20.8 44.14 68.63 43.35 79.66 61.68
Khasi to English 11.82 35.74 111.46 36.81 90.26 59.78
English to Tagin 3.88 20.9 144.21 26.14 70.83 54.86
Tagin to English 2.28 11.87 126.74 17.64 85.79 47.26

Table 7: Contrastive-2 System Evaluation results across all translation directions and metrics.
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Data en→as as→en
fraction BLEU chrF++ BLEU chrF++

25% 13.78 38.77 34.25 52.40
50% 14.80 39.44 35.00 52.72
75% 14.70 39.56 35.12 53.01
100% 17.48 41.78 36.66 54.12

Table 8: Effect of Assamese training data volume on
NLLB fine-tuning, evaluated on a held-out test set. All
four rows use the same base model, hyperparameters,
and held-out test set; only the fraction of official training
data used differs.

50% to 75% (en→as BLEU even dips slightly),
and then rise again from 75% to 100% the largest
single jump in the table, and consistent in direction
across all four columns. We treat this ablation as
evidence for a general dependence of performance
on data volume, supporting the claim discussed in
Section 6.5.


