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Abstract

We describe the IndicMT submission to the
WMT 2026 Shared Task on Low-Resource
Arabic-Asian Language Translation. Our sys-
tem covers all ten translation directions be-
tween Arabic and Bangla, English, Hindi, In-
donesian, and Urdu. For each direction, we
fully fine-tune a separate NLLB-200-distilled-
600M model using two NVIDIA T4 graphics
processing units. The training pipeline com-
bines Unicode normalization and length fil-
tering with direction-specific round-trip con-
sistency filtering of the available parallel
data. We additionally augment each direc-
tion with 500 source-side sentences whose
target translations are generated by the pre-
trained NLLB model, a procedure correspond-
ing to forward self-training rather than conven-
tional back-translation. On the official test set,
our strongest relative results are obtained for
Arabic—Indonesian and Indonesian— Arabic.
Across all five language pairs, translation from
Arabic obtains higher BLEU scores than trans-
lation into Arabic. Our results demonstrate
that full adaptation of a compact multilingual
translation model, combined with model-based
data selection and synthetic-target augmenta-
tion, provides a practical baseline under limited
computational resources.

1 Introduction

Neural machine translation (NMT) has achieved
strong performance for language pairs supported by
large parallel corpora, particularly with attention-
based encoder—decoder models and the Trans-
former architecture (Vaswani et al., 2017). Per-
formance remains substantially less reliable in low-
resource settings, where limited parallel data re-
stricts supervised adaptation and increases sensi-
tivity to noisy or domain-mismatched examples.
Arabic-centric translation introduces additional
challenges associated with rich morphology, cliti-
cization, orthographic variation, and optional di-
acritics, especially when Arabic is paired with

typologically and script-diverse Asian languages.
Massively multilingual machine translation models
can partially address data scarcity through trans-
fer across languages. No Language Left Behind
(NLLB-200) supports direct translation among a
broad set of languages, including all languages
considered in this work (team et al., 2022). Its
distilled 600M-parameter checkpoint is particu-
larly suitable for adaptation in computationally
constrained settings. Nevertheless, effective low-
resource adaptation depends not only on model
selection but also on the quality and coverage of
the available training data. The WMT 2026 Shared
Task on Low-Resource Arabic—Asian Language
Translation evaluates five directions into Arabic
and five directions from Arabic, pairing Arabic
with Bangla, English, Hindi, Indonesian, and Urdu
(Laskar et al., 2026). We participate in all ten di-
rections. For each direction, we fully fine-tune a
separate NLLB-200-distilled-600M model. To im-
prove the training set, we use the pretrained model
in two ways. First, we apply direction-specific
round-trip consistency filtering to retain parallel ex-
amples whose source sentence can be reconstructed
with sufficient character-level similarity. Second,
we generate synthetic targets for 500 additional
source-side sentences. The latter procedure is for-
ward self-training, rather than conventional back-
translation, because the generated side is the tar-
get side. Our contributions are threefold. First,
we develop ten direction-specific systems covering
all shared-task directions through full-parameter
adaptation under a two-T4-GPU budget. Second,
we combine round-trip selection of authentic bi-
text with synthetic-target augmentation in a single
NLLB-based pipeline. Third, we analyze the of-
ficial results across lexical, character-level, edit-
based, and semantic metrics, identifying a consis-
tent BLEU asymmetry between translation from
and into Arabic and a substantial development-to-
test performance gap.
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2 Related Work

Early Arabic machine translation (MT) was domi-
nated by rule-based and phrase-based statistical ap-
proaches, including systems developed with Moses
(Koehn, 2005). Progress on Arabic—Asian lan-
guage pairs remained limited, however, largely
because of scarce parallel data and the linguis-
tic complexity of Arabic. Its rich morphology,
productive cliticization, and optional diacritics in-
crease lexical variation and complicate alignment
and segmentation, particularly when paired with
typologically diverse Asian languages. Attention-
based encoder—decoder models and Transformers
(Vaswani et al., 2017) improved source—target mod-
eling, but their effectiveness in low-resource set-
tings remains strongly dependent on the availability
and quality of parallel supervision.

Massively multilingual MT models mitigate data
scarcity through cross-lingual transfer. NLLB-
200 supports translation across 200 languages us-
ing large-scale multilingual training and mined
parallel data (team et al., 2022); its distilled
600M-parameter variant offers a practical back-
bone for adaptation under limited computational
resources. Parameter-efficient methods provide
a less resource-intensive alternative to full fine-
tuning: LoRA introduces trainable low-rank up-
dates to frozen pretrained weights (Hu et al., 2021),
whereas DoRA decomposes weights into magni-
tude and directional components (Liu et al., 2024).
However, their effectiveness relative to full fine-
tuning is less established for low-resource multi-
lingual MT (Su et al., 2024). Prior work on Indic
translation has explored LoRA- and DoRA-based
adaptation of NLLB-200 and IndicTrans2, while
also demonstrating the importance of linguistically
informed preprocessing (Acharya et al., 2025).

The WMT 2026 Shared Task on Low-Resource
Arabic—Asian Language Translation establishes a
common benchmark for bidirectional translation
between Arabic and Bengali, English, Hindi, In-
donesian, and Urdu (Laskar et al., 2026). Within
this setting, we study full fine-tuning of the distilled
NLLB-200-600M model combined with back-
translation-based data augmentation. In contrast
to prior work centered on parameter-efficient adap-
tation, our approach evaluates whether full-model
optimization and synthetic parallel data can jointly
improve Arabic—Asian translation under strict dual-
GPU constraints.

3 Methodology and Implementation
Details

System overview. We initialize all systems from
facebook/nllb-200-distilled-600M
and fine-tune the model independently for each of
the ten translation directions. This produces ten
direction-specific checkpoints that share the same
architecture and training configuration, rather than
a single jointly trained multidirectional model.
All experiments are conducted on two NVIDIA
T4 GPUs with 15 GB memory per device. The
same pretrained checkpoint is also used to filter
the parallel data and generate synthetic training
examples, as described in Section 3.2.

NLLB-200 is a multilingual encoder—decoder
Transformer developed to support translation
across 200 languages, with an emphasis on low-
resource translation (team et al., 2022). We select
its distilled 600M-parameter dense checkpoint be-
cause it supports Arabic, Bengali, English, Hindi,
Indonesian, and Urdu through dedicated language—
script identifiers and remains feasible for full-
parameter fine-tuning under our hardware budget.
This coverage permits direct translation in all task
directions without an intermediate pivot language.
We also considered IndicTrans2 (Gala et al., 2023)
and Sarvam Al translation models. However, these
systems primarily cover English and Indian lan-
guages and do not natively support Arabic as a
translation endpoint. Our selection is therefore
based on language coverage and computational
suitability, rather than a controlled comparison of
translation quality.

3.1 Preprocessing

We apply a uniform preprocessing pipeline to every
language pair. Each sentence is first normalized
using Unicode Normalization Form KC (NFKC)
(Unicode Consortium, 2025). We then collapse
consecutive whitespace and remove leading and
trailing whitespace. A sentence pair is discarded if
either side exceeds 100 tokens, with filtering per-
formed jointly to preserve source—target alignment.
Table 1 reports the number of examples retained
after preprocessing.

3.2 Round-Trip Filtering and Forward
Self-Training

Synthetic parallel data can supplement authentic
bitext when human translations are limited. In con-
ventional back-translation, target-language mono-
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Direction Raw Retained Training Held-out
Arabic—Bengali 15,000 10,960 10,958 575
Bengali— Arabic 15,000 10,960 10,957 575
Arabic—English 17,000 11,583 11,563 1,287
English— Arabic 17,000 12,434 12,378 1,381
Arabic—Hindi 15,000 11,507 11,440 603
Hindi— Arabic 15,000 11,643 11,584 612
Arabic—Indonesian 15,000 10,184 10,180 536
Indonesian— Arabic 15,000 11,712 11,704 616
Arabic—Urdu 15,000 10,675 10,646 561
Urdu— Arabic 15,000 11,966 11,875 626

Table 1: Numbers of parallel sentence pairs before and
after preprocessing, together with the training and held-
out set sizes.

lingual sentences are translated into the source lan-
guage, producing synthetic sources paired with au-
thentic targets (Sennrich et al., 2016). In contrast,
forward self-training translates source-side mono-
lingual sentences into the target language and uses
the generated hypotheses as pseudo-targets (Abdul-
mumin et al., 2021; Jiao et al., 2021). Our pipeline
combines round-trip filtering of authentic parallel
data with the latter form of synthetic-target aug-
mentation.

Round-trip consistency filtering. For a parallel
pair (z, y) in a particular source-to-target direction,
we translate the source sentence x into the target
language and then translate the resulting hypothesis
back into the source language:

U= Mxﬁ\y(x)a = Myﬁ:p(?))'

Both translations are generated using the pretrained
facebook/nllb-200-distilled-600M

checkpoint  before direction-specific  fine-
tuning. We compute the similarity between
x and & wusing Python’s character-level
difflib.SequenceMatcher ratio and
retain the authentic pair (x,y) if the ratio is at
least 0.3. Round-trip similarity has previously
been used as a quality signal for selecting pseudo-
parallel data (Imankulova et al., 2019; Khatri and
Bhattacharyya, 2020); our use differs in that the
signal is applied to the available authentic bitext.
Filtering is performed independently for every
translation direction. Consequently, reversing a
language pair may produce a different retained
subset because reconstruction is evaluated in a
different source language. The threshold of 0.3
follows prior use of round-trip similarity as a
pseudo-parallel quality signal (Imankulova et al.,
2019; Khatri and Bhattacharyya, 2020) and was
fixed across all ten directions without per-direction
tuning, given the two-GPU computational budget.

We did not conduct a threshold sweep; Section 5
lists this as an avenue for future ablation work.

Synthetic-target generation. For each direction,
we sample 500 additional source-language sen-
tences from the dataset. We remove examples over-
lapping with the official training and development
sets using exact string matching against the normal-
ized source sentences in the official training and
development sets. The pretrained source-to-target
NLLB model translates each sentence into the tar-
get language, and each source sentence is paired
with its generated hypothesis:

No additional filtering of the synthetic pairs was
applied beyond the generation step described above.
Synthetic and authentic examples receive the same
training weight. Because the generated side is the
target side, we refer to this procedure as forward
self-training.

Dsyn

3.3 Model Training

For each direction, we fully
fine-tune all parameters of
facebook/nllb-200-distilled-600M
(team et al., 2022). We use Adafactor, which
reduces optimizer-state memory by maintaining
factored second-moment estimates for matrix-
valued parameters (Shazeer and Stern, 2018).
Training is conducted for three epochs with a
learning rate of 3 x 1075, 150 warm-up steps,
and cosine learning-rate decay. The per-device
batch size is 2, and gradients are accumulated
over four steps, giving an effective batch size of
16 across two GPUs. Input and target sequences
are truncated to 128 subword tokens. We disable
FP16 training and perform optimization in FP32.
Checkpoints are selected using BLEU on the
development set. Table 2 summarizes the complete
configuration.

3.4 Inference

At inference, we use beam search with a beam
size of 8, a length penalty of 1.2, and a maximum
generation length of 128 tokens. We additionally
block repeated trigrams to reduce repetitive gener-
ation. We apply the same decoding configuration
to all translation directions to maintain a controlled
evaluation setting.

Our approach differs from adapter-based low-
resource MT systems in two respects. First, we

2320



Hyperparameter Value
Optimizer Adafactor
Learning rate 3x107°

Learning-rate schedule Cosine decay

Warm-up steps 150

Batch size 2 per device
Gradient accumulation 4 steps
Effective batch size 16

Training epochs 3

128 subword tokens
FP32
Development-set BLEU

Maximum sequence length
Numerical precision
Checkpoint criterion

Table 2: Hyperparameters used for all direction-specific
systems.

fully fine-tune a compact multilingual model rather
than applying LoRA or DoRA to a substantially
larger backbone. Second, we reuse NLLB-200 for
data filtering and pseudo-label generation, avoid-
ing an additional multilingual sentence-embedding
model. The result is a self-contained pipeline for
all ten Arabic—Asian directions that operates within
a two-GPU computational budget.

4 Results and Discussion

Evaluation metrics. We evaluate development
outputs using corpus-level BLEU (Bilingual Eval-
uation Understudy) (Papineni et al., 2002), com-
puted with SacreBLEU (Post, 2018). The shared-
task organizers additionally report ChrF2, a char-
acter n-gram F-score with recall weight § = 2
(Popovi¢, 2017); Translation Edit Rate (TER)
(Snover et al., 2006); COMET, a learned neural
metric for translation evaluation (Rei et al., 2020);
and an mBERT-based score (Zhang et al., 2020).
Higher BLEU, ChrF2, COMET, and mBERT-based
scores indicate better performance, whereas lower
TER is better. Table 3 reports development-set
BLEU, while Table 4 presents the official WMT
2026 shared-task results for the IndicMT team. Be-
cause BLEU emphasizes surface-form overlap, we
interpret it together with the character-level and
semantic evaluation metrics reported on the official
test set.

On the development set, Arabic—English ob-
tains the highest BLEU score (38.87), followed
by Arabic—Indonesian (36.34) and Arabic—Hindi
(33.14). Bengali—Arabic yields the lowest score
(18.74). More generally, translation from Ara-
bic outperforms translation into Arabic for all
five paired directions. The directional differences
are especially large for Indonesian (16.63 BLEU),
Hindi (12.22), and English (14.33), but smaller

Direction BLEU
Arabic—English 38.87
Arabic—Indonesian  36.34
Arabic—Hindi 33.14
Arabic—Urdu 29.54
English— Arabic 24.54
Arabic—Bengali 21.01
Hindi— Arabic 20.92
Indonesian—> Arabic 19.71
Urdu— Arabic 18.77
Bengali— Arabic 18.74

Table 3: Development-set BLEU scores after three
epochs of direction-specific fine-tuning.

for Urdu (10.77) and Bengali (2.27). This pattern
indicates a systematic directional asymmetry in
the present systems. Possible contributing factors
include differences in target-side generation dif-
ficulty, pretraining coverage, and the lexical and
morphological variation of Arabic. Establishing
the individual contribution of these factors, how-
ever, would require controlled linguistic and data-
distribution analyses.

The official test results exhibit a similar di-
rectional pattern.  Among the Arabic-target
systems, English— Arabic achieves the highest
BLEU (16.05), followed by Indonesian— Arabic
(13.58). Among the Arabic-source systems,
Arabic—English obtains the highest BLEU (25.49),
closely followed by Arabic—Indonesian (24.67)
and Arabic—Hindi (24.11). Arabic—Indonesian is
the strongest system in relative leaderboard perfor-
mance, ranking second, while Indonesian— Arabic
ranks third. These results suggest that the proposed
training procedure is particularly effective for the
Arabic-Indonesian pair, although system rankings
should be interpreted in relation to the number and
strength of submissions in each subtask.

Translation into Arabic remains more difficult
according to BLEU for every paired direction. The
test-set differences are 9.44 BLEU for English,
11.47 for Hindi, 2.47 for Bengali, 11.10 for Indone-
sian, and 8.59 for Urdu. The smaller Bengali differ-
ence indicates that the directional asymmetry is not
uniform across languages. Moreover, the metrics
do not always induce the same system-level inter-
pretation. For example, Arabic—Hindi records a
lower COMET score than Arabic—English and
Arabic—Indonesian despite achieving a similar
BLEU score. This divergence highlights the impor-
tance of reporting both overlap-based and model-
based metrics, particularly for morphologically rich
target languages with multiple valid surface real-
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Task Direction Rank BLEU ChrF2 TER COMET mBERT
1A English—Arabic S5th 16.0545 49.3012 76.4907 81.9755 83.4821
1B Hindi—Arabic 6th  12.6454 46.2765 80.9425 80.3644 82.2278
1C  Bengali— Arabic S5th 11.5256 45.1398 82.3128 79.3155 81.7783
1D  Indonesian—Arabic  3rd  13.5751 46.6783 79.8812 80.8181 82.4175
1E  Urdu—Arabic S5th - 12.5320 45.8115 81.2936 79.9090 82.0278
2A  Arabic—English 8th  25.4940 51.9472 64.0603 79.7175 80.2948
2B Arabic—Hindi S5th 24.1114 49.1763 67.0918 69.3231 84.1642
2C  Arabic—Bengali 4th  13.9948 47.7002 76.5946 76.9274 82.3213
2D  Arabic—Indonesian 2nd 24.6707 54.5822 63.9452 81.9856 84.7227
2E  Arabic—Urdu 4th  21.1249 46.3495 69.5899 73.8075 82.4280

Table 4: Official WMT 2026 test-set results for the IndicMT team. Higher BLEU, ChrF2, COMET, and mBERT

scores are better, whereas lower TER is better.

izations.
Direction Dev. Test A BLEU
Arabic—English 38.87 2549 —13.38
Arabic—Indonesian  36.34  24.67 —11.67
Arabic—Hindi 33.14 24.11 —-9.03
Arabic—Urdu 29.54 21.12 —8.42
English— Arabic 2454 16.05 —8.49
Hindi— Arabic 2092 12.65 —8.27
Bengali— Arabic 18.74 11.53 —-7.21
Arabic—Bengali 21.01 13.99 —7.02
Indonesian—Arabic  19.71  13.58 —6.13
Urdu— Arabic 1877 12.53 —6.24

Table 5: Difference between development- and official
test-set BLEU. Negative values indicate lower perfor-
mance on the official test set.

As shown in Table 5, test BLEU is lower than
development BLEU for every direction, with de-
creases ranging from 6.13 to 13.38 points. The
largest decreases occur for Arabic—English and
Arabic—Indonesian, whereas the smallest occur
for Indonesian— Arabic and Urdu— Arabic. These
differences should not be interpreted as direct evi-
dence of overfitting because the development and
official test sets may differ in domain, sentence
length, reference style, or data construction. The
results instead indicate a distributional or evalua-
tion mismatch between the two sets. Future analy-
sis should compare their domains, length distribu-
tions, lexical coverage, and subword fragmentation
rates, and should report results over multiple ran-
dom seeds to separate systematic generalization
differences from training variance.

5 Conclusion

We presented direction-specific Arabic—Asian MT
systems based on full fine-tuning of the distilled
NLLB-200-600M model under a two-GPU compu-
tational budget. The proposed pipeline combines

deterministic preprocessing, round-trip consistency
filtering, and forward self-training with synthetic
target sentences. On the official WMT 2026 test set,
the systems achieved their strongest relative results
for Arabic—Indonesian and Indonesian— Arabic,
ranking second and third, respectively. Across all
five paired languages, translation from Arabic ob-
tained higher BLEU than translation into Arabic,
although the magnitude of this asymmetry varied
substantially by language.

The consistent development-to-test degradation
further indicates that robustness to domain and
evaluation-set variation remains an important chal-
lenge. Future work will evaluate the individual
contributions of filtering and synthetic augmenta-
tion through controlled ablations, examine iterative
back-translation using genuine target-side mono-
lingual data, and compare full fine-tuning with
parameter-efficient adaptation. Additional analysis
using multiple random seeds, human evaluation,
and language-specific error categories would pro-
vide a more reliable account of adequacy, fluency,
and morphological correctness.

Limitations

This study has several limitations. First, we do not
conduct controlled ablation experiments to isolate
the contributions of preprocessing, round-trip con-
sistency filtering, and synthetic-data augmentation.
Consequently, the effect of each component cannot
be quantified independently. Second, we do not
compare the fine-tuned systems against the zero-
shot NLLB-200-distilled-600M baseline, which
limits our ability to attribute the observed per-
formance to direction-specific fine-tuning. Third,
BLEU is consistently lower on the official test set
than on the development set (Table 5). This discrep-
ancy may reflect domain, difficulty, or reference-
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distribution differences between the two sets, as
well as possible overfitting; however, the present
experiments do not distinguish among these factors.
Finally, our evaluation relies exclusively on auto-
matic metrics. Human evaluation and targeted error
analysis are required to assess adequacy, fluency,
and language-specific phenomena such as Arabic
morphological realization.
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