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Abstract
This paper describes NCI-MT’s submission
to the low-resource Arabic-to-Asian language
translation task as part of the WMT shared task.
Our submission covered six of the ten language
pairs. We built two separate systems, the pri-
mary and the contrastive. The primary was
built using the data provided by WMT. In this
approach, we fine-tuned our baseline model
(NLLB) with per-direction LoRA adapters. For
the contrastive system, we introduced an ad-
ditional quality-gated refinement stage, which
includes two stages: in the first stage, we use
a reference-free quality estimator to evaluate
the quality of the translations produced by our
base model. In the second stage, we iteratively
re-translate those translations that are below a
certain threshold using LLM-based in-context
learning. Our results show that both systems
are successful in improving the translation qual-
ity in low-resource scenarios.

1 Introduction

In recent times, we have seen significant improve-
ments in translation quality across multiple do-
mains and languages. This improvement can be
attributed to LLMs, which are the current state-of-
the-art in the field. Although LLMs have shown
tremendous capabilities, they still struggle with
low-resource languages. Low-resource languages
such as Arabic, Bengali, and Hindi pose significant
constraints for translation systems due to the lim-
ited availability of data, script variations, and the
morphological richness of these languages. These
factors often result in suboptimal translation perfor-
mance (Wang et al., 2021). Even with strong multi-
lingual pretraining, translating for low-resource lan-
guage pairs remains a difficult task. This motivated
us to participate in the WMT 2026 low-resource
Arabic-to-Asian shared task (Laskar et al., 2026),
which includes translation between Arabic and five
target languages. However, we restrict our exper-
iments to English, Hindi, and Bangla because of

the authors’ proficiency in these languages, thereby
allowing for qualitative analysis through manual
evaluation of the translation errors.

As mentioned above, we carried out our exper-
iments for six translation directions: Arabic-to-
English, Arabic-to-Hindi, and Arabic-to-Bangla
in both directions. Our setup consisted of two dif-
ferent settings, namely the primary and the con-
trastive. The primary systems are fine-tuned ver-
sions of the NLLB model with parameter-efficient
LoRA adapters. These systems strictly used the
official data provided by WMT organisers.

Our contrastive systems are built as a quality-
gate cascade. In this approach, the translations gen-
erated by our baseline model (NLLB) are passed
through a reference-free quality estimator. These
scores are then compared against a set threshold
value. Translations whose quality score falls below
a threshold go through a translation improvement
stage. In this stage, we used in-context learning,
where we retrieve examples similar to the source
sentence being translated and append them to the
prompt provided to an LLM. Only translations that
improve are retained.

Our main contributions in this system descrip-
tion paper include an empirical study of retrieval-
augmented cascade refinement across six Arabic-
centric low-resource directions, showing consistent
gains over the baseline, and a domain-guided cor-
pus selection procedure for the contrastive mining
pool based on unsupervised clustering of data. The
rest of the paper is organised as follows: Section 2
reviews related work. Section 3 describes the data
used in our experiments. Section 4 discusses in
detail our primary and contrastive systems. In Sec-
tion 5 we discuss our experimental results. We
conclude with limitations and provide avenues for
future work in Sections 6 and 7.
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2 Related Work

Large language models have shown strong trans-
lation capabilities, with prompting strategies, in-
context learning, and translation memory all con-
tributing to their performance (Zhu et al., 2024).
For low-resource directions, the choice of context
is of utmost priority. The similarity-based retrieval
of bitexts improves translation quality over random
selection, particularly for low-resource language
pairs (Zebaze et al., 2025). However, the benefit
depends heavily on what is being retrieved. Even
small LLMs can exploit prompt context for zero-
shot low-resource translation, but only when suf-
ficient relevant linguistic information is provided
(Court and Elsner, 2024). When parallel data is
scarce, in-context examples can instead be gener-
ated from monolingual resources (Lee et al., 2025).

For low-resource pairs with little direct parallel
data, pivoting through a high-resource language
is a standard technique. Pivot-based training can
exploit monolingual pivot data when source-pivot
parallel data is unavailable (Currey and Heafield,
2019). Beyond pivoting, the choice of training or
retrieval data can be guided automatically by using
sentence embeddings to form interpretable domain
clusters without supervision (Aharoni and Gold-
berg, 2020), and cross-lingual embedding similar-
ity can select in-domain data for domain adaptation
(Vu et al., 2021).

Retrieval-augmented decoding in NMT has
largely been explored at the token level, as in k-
nearest-neighbor MT, where the model consults a
datastore during decoding (Zheng et al., 2021). The
domain mismatch between the datastore and the
model remains a key challenge (Cao et al., 2023).
In contrast, sentence-level quality estimation with
reference-free metrics such as COMETKiwi (Rei
et al., 2022) enables selective refinement of com-
plete translations at inference time.

3 Dataset Description

This section describes the data used in our exper-
iments. We normalise whitespaces, strip empty
lines, and cap sequence length at 256 subword to-
kens for both training and inference. We provide
data description in Table 1.

3.1 Other Data

For our contrastive systems, we created a mining
pool (c.f. Section 4) for which we sourced ad-
ditional data from the following resources: FLO-

Language Pair Train Dev Test
en–ar 21,000 1,000 500
hi–ar 20,100 1,000 500
bn–ar 20,500 1,000 500

Table 1: Official data provided by the task organisers

RES+(Goyal et al., 2022),1 Tatoeba(Tiedemann,
2020),2 OPUS-100,3 UNPC(Ziemski et al., 2016),4

News Commentary,5 and Samanantar (Ramesh
et al., 2022). We use this data as part of in-context
learning in our experiments.

4 System Description

In this section, we discuss our primary and con-
trastive systems in detail.

4.1 Primary system

Our primary system used the NLLB(Team et al.,
2022) model as the baseline. Specifically, we used
the NLLB-200-distilled-600M version for our ex-
periments. We fine-tuned the model using the
data provided in Table 1. We trained a separate
LoRA adapter for each of the six translation di-
rections. We applied LoRA to the attention pro-
jections (q_proj, k_proj, v_proj, out_proj) of
every transformer layer, with rank r = 16, scaling
α = 32, dropout of 0.05, and no bias adaptation.
This gives approximately 4.7M trainable parame-
ters, or ≈ 0.33% of the full model. All other pa-
rameters, including embeddings and feed-forward
layers, remain frozen. Our hyperparameter setup
used the default setting.

4.2 Contrastive System

Our contrastive systems use the NLLB model as
the baseline. The translations generated by NLLB
are evaluated using COMETKiwi,6 a reference-free
translation-quality metric. These scores were com-
pared against a threshold, which we set to 0.75 in
our experiments. Translations that fell below the
threshold went through a translation improvement
stage, in which we refined them using in-context
learning, i.e., we passed the source sentence, re-
trieved similar examples from the mining pool de-
scribed in Section 4.4, and appended them to the

1https://github.com/openlanguagedata/flores
2https://tatoeba.org
3https://opus.nlpl.eu
4https://conferences.unite.un.org/UNCorpus
5https://data.statmt.org/news-commentary/
6https://huggingface.co/Unbabel/wmt22-cometkiwi-da

https://github.com/openlanguagedata/flores
https://tatoeba.org
https://opus.nlpl.eu
https://conferences.unite.un.org/UNCorpus
https://data.statmt.org/news-commentary/
https://huggingface.co/Unbabel/wmt22-cometkiwi-da
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Reference translations into
{target_lang} for similar sentences:
Source: <retrieved src 1>
{target_lang}: <retrieved tgt 1>
Source: <retrieved src 2>
{target_lang}: <retrieved tgt 2>
Source: <retrieved src 3>
{target_lang}: <retrieved tgt 3>

Source:
<query source>

A draft {target_lang} translation:
<NLLB baseline output>

Using the references as a guide,
produce an improved, accurate
{target_lang} translation. Output
only the translation, without
explanation.

Figure 1: Sample prompt used for in-context learning.

prompt provided to the LLM to perform transla-
tion. Only translations that improved were retained.
We have shared Sample prompt used for in-context
learning in Figure 1.

4.3 Domain-guided data pool creation

We investigated the training data provided by WMT.
Reflecting on the baseline translations across all
directions, we concluded that one of the factors lim-
iting the model was limited domain coverage. Our
goal was to have a more morphologically rich data
pool. To ensure that the mining pool covered do-
mains relevant to the shared task, we first ran an un-
supervised domain clustering analysis on the train-
ing data. Following Aharoni and Goldberg (2020),
we encoded each language side with LaBSE (Feng
et al., 2022), reduced the resulting 768-dimensional
embeddings to 50 dimensions with PCA, and fit
a Gaussian Mixture Model with full covariance
(k = 5).

We wanted to label each cluster with a domain
name to help with data selection for the mining
pool. We observed that each cluster is characterised
by its most distinctive words. However, stopwords
are numerous and could skew the clusters due to
their high counts. Before computing each remain-
ing word’s TF-IDF value, we removed stopwords
in all four languages (e.g., "if", "is", "and") as well
as any word appearing in a large fraction of the cor-
pus, since such words carry no topical information.
The remaining words are ranked by TF-IDF, so that
terms frequent within a cluster but rare elsewhere
are ranked highest. We use LaBSE to filter polyse-

mous terms whose representations and meanings
shift across clusters. Finally, a natural-language
domain label is generated for each cluster by an
LLM; in our case, we used Gemma-3-4B (Team
et al., 2025). For non-English text, NLLB-200
translates the text before passing it to the LLM.

Domains recovered from the above experiments
on the training data included labels such as Mid-
dle East politics, financial markets, sports (partic-
ularly football/soccer), cybersecurity and digital
society, and cultural and social discussion. These
domain labels informed our selection of external
corpora for the mining pool. We chose sources
whose expected content overlapped with the dis-
covered domains. These sources are described in
Section 3. They were added to the mining pool,
indexed with LaBSE and FAISS, and made avail-
able to the retrieval-augmented refinement step de-
scribed in Section 4.2.

4.4 Synthetic data creation for low-to-low
translation directions

Our in-context learning approach relies on similar
parallel data to achieve a good outcome. How-
ever, we found that there was a lack of good pub-
licly available parallel data for Hindi-to-Arabic
and Bangla-to-Arabic (both directions). Also, we
found that the baseline translations for these lan-
guages were of poor quality. This made us use
a pivot language. We chose English as the pivot
language given that it is a high-resource language,
and most models translate well to and from En-
glish. Our translation of Bangla-to-Arabic was
therefore split into Bangla-to-English and English-
to-Arabic similarly for Hindi. In this scenario, we
took Hindi–English and Bangla–English pairs from
Samanantar (Ramesh et al., 2022) and translated
the English side into Arabic with NLLB-200, gen-
erating synthetic Hindi–Arabic and Bangla–Arabic
pairs, which we then used as the mining pool for
in-context learning.

5 Results

In this section, we discuss our results in detail. Ta-
ble 2 shows the results for both primary and con-
trastive systems for each language pair. From the
table, we see that the primary system outperforms
the contrastive systems on BLEU, chrF2, and TER
in all six directions. Our contrastive system, even
though it undergoes a translation refinement stage
(cf. Section 5), does not outperform the primary
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Figure 2: The contrastive system pipeline. NLLB-200 generates a draft translation in baseline1. COMETKiwi
scores it without a reference; if the score is at least 0.75, the translation is kept. Otherwise, LaBSE+FAISS retrieves
similar source–target pairs from the contrastive mining pool, Gemma-3-4B refines the translations from baseline1
using those examples in context, and CometKiwi re-scores. The refined translation is kept only if it improves over
the baseline1.

systems. The results therefore show that quality-
gated LLM refinement of the baseline model, while
beneficial relative to that baseline, does not recover
the gains obtained by direct LoRA fine-tuning on
the official training data.

Interestingly, we also see from Table 2 that the
evaluation on the COMET metric shows that the
contrastive system matches or exceeds the primary
system on COMET across four directions (hi-to-ar,
bn-to-ar, ar-to-hi, ar-to-bn; Section 5.1), despite not
improving on BLEU, chrF2, and TER. This sug-
gests that Gemma’s refinements diverge lexically
from the references, which penalises n-gram-based
metrics, while preserving or improving adequacy
as judged by a neural metric. It is to be noted that
the improvement in the COMET metric may be
due to our using COMET-based estimators in the
quality-gate cascade (cf. section 5), which selects
refinements scoring higher on COMETKiwi. This
may provide some of the COMET advantage and
possibly therefore reflect metric affinity rather than
genuine quality differences.

5.1 Refinement Rates on the challenge dataset

Table 3 shows how many sentences passed the qual-
ity gate and how many needed refinement in each
direction. The differences between directions are
large. For en-to-ar, only 5.8% of sentences scored
below the 0.75 threshold and went through refine-
ment. For ar-to-bn, the figure is 42.8%, nearly eight
times higher.

We observed that, NLLB is better at translating
English, Hindi, and Bangla into Arabic than out

of it. The three into-Arabic directions needed re-
finement for 5.8%, 31.3%, and 32.2% of sentences,
while the three out-of-Arabic directions needed it
for 13.0%, 41.0%, and 42.8%.We can conclude that
this could be due to the morphological complexity
of Arabic, and additionally due to the composition
of NLLB’s training corpus.

The refinement rates match what we would ex-
pect from language difficulty. English is the easiest
partner language in both directions, due to its large
training data corpus, while Hindi and Bangla, being
on the lower resource side, are harder.

6 Conclusion

We presented NCI-MT’s WMT 2026 submission
for the Low-Resource Arabic–Asian Language
Translation shared task (Laskar et al., 2026). Our
primary system fine-tunes NLLB-200-distilled-
600M with LoRA adapters on the official train-
ing data. Our contrastive system adds a quality-
gated cascade in which weak NLLB translations
from baseline1 are refined by Gemma-3-4B with re-
trieved in-context examples, accepting refinements
only when a reference-free quality estimator judges
them to be improvements. To construct the min-
ing pool, we ran unsupervised domain clustering
on the training data and used the discovered do-
main labels to guide our choice of external corpora.
On the official challenge test set, the primary sys-
tem outperforms the contrastive cascade on BLEU,
chrF2, and TER in all six directions, while the cas-
cade matches or exceeds the primary system on
COMET in the four directions.
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Direction System BLEU↑ chrF2↑ TER↓ COMET↑ mBERT↑
en-to-ar Primary 16.01 50.59 76.01 81.95 83.62

Contrastive 12.93 49.34 82.42 81.82 82.84
hi-to-ar Primary 13.10 47.41 80.54 80.08 82.35

Contrastive 11.53 46.33 84.30 80.78 82.84
bn-to-ar Primary 12.01 46.39 81.43 79.37 82.03

Contrastive 10.70 44.71 83.84 79.92 81.47
ar-to-en Primary 26.73 53.83 62.85 79.91 80.44

Contrastive 22.56 50.80 66.26 79.13 79.13
ar-to-hi Primary 24.47 50.23 67.05 69.11 84.12

Contrastive 21.41 48.11 69.19 69.38 83.53
ar-to-bn Primary 15.09 49.40 76.26 76.97 82.43

Contrastive 9.02 43.16 83.18 77.31 80.88

Table 2: Official challenge test set results for NCI-MT across the six sub-tasks, as computed by the task organizers
(Laskar et al., 2026).

Dir. Kept Refined Ref. (%) Err.
en-to-ar 1,413 87 5.8 0
hi-to-ar 1,030 470 31.3 0
bn-to-ar 1,017 483 32.2 0
ar-to-en 1,305 195 13.0 0
ar-to-hi 885 615 41.0 0
ar-to-bn 858 642 42.8 0

Table 3: Challenge test set refinement breakdown
(1,500 sentences per direction). “Refined” counts sen-
tences where Gemma’s refinement scored better than
the NLLB(baseline 1) and was kept; “Err.” counts gen-
eration errors (Ollama timeouts, malformed outputs).

7 Future Work

We plan to extend the quality-gated cascade into
a hierarchical system that refines the primary sys-
tem’s output, and to validate it across a wider range
of quality thresholds. We also aim to extend the
data corpus and evaluate different quality estima-
tors to study how their scores vary and how this
affects the refinement rate.
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