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Abstract

We present the findings of the WMT 2026
Shared Task on Low-Resource Arabic-Asian
Language Translation, which evaluated bidi-
rectional translation between Arabic and En-
glish, Hindi, Bangla, Indonesian, and Urdu.
We release AraAsianl.0, a news-domain par-
allel corpus with 20.1K-21.0K training pairs
per language pair, and evaluate submissions on
ten translation directions using BLEU, ChrF2,
TER, COMET, and BERT-based metrics. Of
23 registered teams, 13 submitted systems, pro-
ducing 70 primary and 65 contrastive runs.
Fine-tuned multilingual MT models remained
the strongest overall: MADLAD-based sys-
tems won four primary directions, while target-
aware pivoting, joint multilingual adaptation,
and MBR-based ensembling led the remain-
ing tracks. The best contrastive run exceeded
the best primary run in only three of ten di-
rections, and each gain was below 0.2 BLEU,
indicating that additional data, prompting, or
multi-pass refinement did not provide consis-
tent improvements. Bangla had the lowest win-
ning BLEU in both directions, despite com-
parable training-set size. BLEU and COMET
selected the same winner in nine of ten primary
results but only six of ten contrastive results,
with the largest disagreements occurring for
LLM-based and reranked outputs. These re-
sults emphasize domain-matched adaptation,
target-aware transfer, and multi-metric report-
ing in low-resource Arabic-Asian translation.
We made the AraAsianl.0 dataset available for
the community. !

1 Introduction

Machine translation (MT) has advanced rapidly
through multilingual pretraining, transfer learn-
ing, and instruction-tuned language models (Team
et al., 2022; Hendy et al., 2023). These advances,
however, remain unevenly distributed: systems are

! https://www2.statmt.org/wmt26/arabic-asian-mt-task.html

typically strongest for language pairs with abun-
dant parallel data and well-developed evaluation
resources (Joshi et al., 2020; Haddow et al., 2022).
When direct bitext is limited, translation quality be-
comes more sensitive to pretrained language cover-
age, domain mismatch, tokenization, and the qual-
ity of synthetic or mined data (Koehn and Knowles,
2017).

These challenges are particularly relevant for
Arabic paired with South and Southeast Asian lan-
guages. Arabic has rich inflectional morphology
and a right-to-left script (Farghaly and Shaalan,
2009; Darwish et al., 2020), while Hindi, Bangla,
Urdu, and Indonesian span different language fam-
ilies and writing systems (Kakwani et al., 2020;
Aji et al., 2022). Although large multilingual mod-
els cover many of these languages, direct Arabic—
Asian parallel corpora and standardized bidirec-
tional evaluations remain limited. Existing re-
sources and benchmarks often center English as
one side of the pair (Ramesh et al., 2022; Goyal
et al., 2022), leaving less evidence about how mod-
ern MT strategies transfer to Arabic-centric set-
tings.

The WMT 2026 Shared Task on Low-Resource
Arabic-Asian Language Translation addresses this
gap through ten directions: translation into Ara-
bic from English, Hindi, Bangla, Indonesian, and
Urdu, and translation from Arabic into the same
five languages. The task introduces AraAsianl.0,
a parallel news corpus with approximately 20K
training pairs per language pair, and permits both
primary submissions based on official data and op-
tional contrastive submissions that may use addi-
tional resources. Thirteen teams submitted systems
spanning conventional encoder—decoder M T, mul-
tilingual joint training, parameter-efficient adapta-
tion, English-pivot cascades, data augmentation,
LLM prompting, retrieval-augmented refinement,
and minimum Bayes risk (MBR) decoding.

This findings paper reports the task design,
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dataset, participating systems, and complete auto-
matic evaluation. More importantly, it goes be-
yond a winner-by-winner summary to examine
four questions: (i) which language directions re-
main most difficult under comparable data budgets;
(ii) which teams and architectural choices are con-
sistently effective across directions; (iii) whether
contrastive systems provide reliable gains over pri-
mary systems; and (iv) how stable the rankings are
across lexical and neural metrics. The results show
that strong supervised adaptation and target-aware
transfer were more dependable than simply adding
external data or an LLM refinement stage, while
metric disagreements increased for contrastive and
generative systems.

2 Related Work

Low-resource MT has traditionally relied on trans-
fer from multilingual models, monolingual-data
augmentation, pivot translation, and careful data
selection. Multilingual pretraining enables parame-
ter sharing across related and unrelated languages,
but its benefits depend on language coverage, vo-
cabulary allocation, and the amount and quality of
adaptation data (Haddow et al., 2022; Team et al.,
2022). Back-translation remains a standard way
to convert monolingual text into synthetic bitext
(Sennrich et al., 2016), while pivoting can connect
a low-resource pair through a better-resourced in-
termediate language. These methods can increase
data volume, but noisy generation and domain mis-
match may offset their gains.

Arabic-centric MT presents additional chal-
lenges. Arabic combines rich morphology, cliti-
cization, orthographic variation, and diglossia,
and many available corpora are concentrated in
news or Modern Standard Arabic (Farghaly and
Shaalan, 2009; Darwish et al., 2020). For South
Asian languages, resources such as Samanantar,
IndicBART, and IndicTrans2 have substantially im-
proved English—Indic translation and multilingual
transfer (Ramesh et al., 2022; Dabre et al., 2022;
Gala et al., 2023). Yet English is usually the central
source or target, so these resources do not directly
establish performance for Arabic—Indic translation.
Indonesian has stronger coverage in broad multilin-
gual models, but Arabic—Indonesian evaluation is
likewise limited and often embedded within mas-
sively multilingual test suites rather than studied as
a dedicated pair.

Recent general-purpose LLMs introduce a sec-

ond family of approaches. They can translate
through prompting, preserve requested output struc-
tures, revise drafts, or select among candidates,
sometimes without task-specific training (Hendy
et al., 2023). At the same time, purpose-built mul-
tilingual MT models remain competitive, particu-
larly when latency, constrained decoding, and low-
resource adaptation are important. The participant
systems in this shared task expose this compari-
son directly: they range from supervised MAD-
LAD, NLLB, OPUS-MT, and OpenNMT systems
to prompted LLMs, retrieval-augmented revision,
quality-estimation gates, and MBR decoding over
heterogeneous candidate pools.

The present task complements existing multi-
lingual benchmarks by holding the domain and
approximate training budget constant across five
Arabic-centered pairs and evaluating both direc-
tions. This design makes it possible to study
not only absolute performance, but also direction-
specific transfer, the reliability of external-resource
recipes, and agreement between lexical and neural
metrics.

3 Task Overview

The shared task evaluates Arabic-centric MT un-
der a common low-resource setting. Each of the
five language pairs is evaluated in both directions,
yielding ten subtasks (Table 1).

Task 1: Src. — Tgt. (Ar) Task 2: Src. (Ar) — Tgt.

En—Ar (1A) Ar—En (2A)
Hi—Ar (1B) Ar—Hi (2B)
Bn—Ar (10) Ar—Bn (20)
Id—Ar (1D) Ar—Id (2D)
Ur—Ar (1E) Ar—Ur (2E)

Table 1: The ten translation directions.

3.1 Submission Tracks

For each direction, a team could submit one pri-
mary and up to two contrastive runs. Primary sys-
tems were expected to use the official AraAsianl.0
parallel data; publicly available pretrained models
and monolingual resources were permitted. Con-
trastive runs could additionally use external parallel
data, proprietary synthetic data, or other resources
beyond the task set. The released labels are retained
throughout this paper. One submitted system did
not follow the nominal resource split; we identify
this case explicitly when comparing the two tracks.
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3.2 Evaluation

All runs were evaluated on the 1,500-sentence blind
challenge set using five automatic metrics. BLEU
measures word-level n-gram precision (Papineni
et al., 2002); ChrF2 is a character n-gram F-score
with recall weighted by § = 2, making it useful
for morphologically rich targets (Popovic¢, 2015);
and TER measures the edits required to transform
a system output into the reference, with lower val-
ues indicating better performance (Snover et al.,
2006). COMET provides a neural, human-aligned
estimate of translation quality (Rei et al., 2020),
while BERTScore or multilingual BERT similarity
captures contextual overlap (Zhang et al., 2020).

The released leaderboards are ordered by BLEU,
which we therefore use for the main ranking sum-
mary. We use ChrF2, TER, COMET, and BERT-
based scores to assess whether conclusions remain
stable under different notions of similarity. Be-
cause no human evaluation or significance testing
was available, small score differences should be
interpreted cautiously.

4 Dataset: AraAsianl.(

AraAsianl.0 contains parallel data for Arabic—
English, Arabic—Hindi, Arabic—Bangla, Arabic—
Indonesian, and Arabic—Urdu. The corpus was de-
veloped in three stages. (i) Harvesting and align-
ment: comparable English, Arabic and Urdu news
documents were collected primarily from Al Ara-
biya,” candidate sentence pairs were scored using
cross-lingual similarity and margin criteria using
LaBSE (Feng et al., 2022) (a multilingual sentence
embedding model), and English—Arabic and Urdu-
Arabic pairs with an alignment score above 0.80
were retained. (i) Multilingual expansion: the
high-confidence English sentences were translated
into Hindi, Bangla, and Indonesian, to construct
candidate parallel data for the remaining pairs. (iii)
Expert validation: professional linguists reviewed
the alignments, corrected syntactic and translation
errors, and removed partial, noisy, or mismatched
pairs.

The training sets are closely balanced: the largest
contains only 4.5% more sentence pairs than the
smallest. Consequently, large performance differ-
ences across language pairs are unlikely to be ex-
plained by training-set size alone. The blind test
is also systematically longer than the training data.
Across the five pairs, Arabic test sentences contain

2https ://www.alarabiya.net/

approximately 24-25% more tokens per sentence
than their training counterparts, while the increase
on the partner-language side is approximately 27—
29%. This length shift makes the challenge set
more demanding and should be considered when
interpreting the absolute scores.

The construction process also defines the scope
of the benchmark. The corpus is news-domain
rather than conversational or literary, and three of
the Asian sides originate from an English-mediated
translation stage followed by expert correction.
These choices enable controlled, aligned evalua-
tion, however, they may introduce translationese
and limit conclusions about other domains.

5 Participation and System Landscape

Twenty-three teams registered for the shared task
and 13 submitted at least one system. The final eval-
uation contains 70 primary runs and 65 contrastive
runs. Participation was highest for the English
and Hindi directions and lowest for Indonesian (Ta-
ble 3). Contrastive counts refer to runs rather than
unique teams, since a team could submit two con-
trastive systems per direction.

Table 4 summarizes the system landscape; de-
tailed descriptions and affiliations are provided
in Appendix A. NLLB was the dominant back-
bone, appearing in 12 of the 13 team descriptions.
The main differentiation therefore came from how
teams adapted or used the backbone: six teams
explicitly used LoRA or QLoRA, four explored
joint or pivot-based transfer, several cleaned or aug-
mented the training data, and four used MBR, qual-
ity estimation, retrieval, or LLM-based refinement
at inference time.

The submissions span two broad philosophies.
One group specialized established multilingual MT
models through supervised adaptation, joint train-
ing, or pivoting. The other used general-purpose
LLMs, retrieval, quality estimation, or hypothesis
reranking to alter inference without relying solely
on a single fine-tuned decoder. The results in the
next section show that both can be competitive, but
their behavior differs substantially across directions
and metrics.

6 Results and Findings

Appendices B and C report all five metrics for ev-
ery run. Table 5 condenses the BLEU leaderboards
and includes the gap between the first- and second-
ranked primary systems. The final column com-
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Pair Train Dev DevTest

Test Train tokens (Ar/X) Test tokens (Ar/X)

Arabic-English 21,000 1,000 500
Arabic—Hindi 20,100 1,000 500
Arabic-Bangla 20,500 1,000 500
Arabic-Indonesian 20,400 1,000 500
Arabic—Urdu 20,300 1,000 500

1,500
1,500
1,500
1,500
1,500

558,133 /670,845 49,844 /62,015
539,522 /770,493 49,844 /73,240
548,223 / 584,527 49,844 / 54,590
545,845 /605,281 49,844 /56,514
543,873 / 840,793 49,844 /79,536

Table 2: AraAsianl.O statistics. X denotes the non-Arabic language. All pairs use 1,000 development, 500 DevTest,
and 1,500 blind challenge test sentences; training sizes range from 20.1K to 21.0K pairs.

Lang. Into Arabic P/C From Arabic P/C
English 9/12 10/11
Hindi 8/7 10/9
Bangla 6/4 774
Indonesian 4/3 4/3

Urdu 6/6 6/6

Total 33/32 37/33

Table 3: Numbers of primary (P) and contrastive (C)
runs.

pares the best contrastive run with the best primary
run for the same direction.

6.1 Analysis

For each primary direction, we record the winner,
the top-two BLEU gap, and each team’s rank. To
compare teams across different sizes, we addition-
ally use normalized rank, (r — 1)/(n — 1), where
r is the system rank and n is the number of pri-
mary submissions; lower values are better. For a
matched primary—contrastive comparison, we se-
lect the highest-BLEU contrastive run from the
same team and direction, then subtract the team’s
primary score. These analyses are descriptive: the
shared task did not include significance tests or
human judgments.

6.2 Primary Detail

Tables 6 and 7 show the top three primary systems
in every direction. These compact tables expose
cases that a winner-only summary hides. For ex-
ample, Arabic—English has three systems above
32 BLEU, whereas Arabic—Indonesian has a large
separation between first and second place. The ta-
bles also show that high BLEU generally coincides
with high ChrF2 and BERT-based similarity, while
COMET occasionally favors a different system.

6.3 Overall Patterns Across Directions

For translation into Arabic, all systems generate the
same target language, making cross-source BLEU
comparisons more interpretable than comparisons
across different target languages. English— Arabic
obtained the highest winning score (22.45), fol-
lowed by Hindi (19.85), Urdu (19.00), Indonesian
(18.72), and Bangla (17.93). The 4.52-BLEU range

is substantial given that the training sets differ by
fewer than 1,000 sentence pairs. Source-language
coverage and transfer quality therefore appear to
matter more than the small differences in corpus
size.

For translation from Arabic, target-language
tokenization and morphology limit direct
cross-language comparison. Nevertheless,
Arabic—Bangla is a clear low-scoring case under
the official BLEU ranking: its winning score is
17.10, compared with 25.89—-33.83 for the other
four target languages. Bangla consequently has
the lowest winning BLEU in both directions. By
contrast, Arabic—Indonesian reaches 30.51 BLEU,
11.80 points above Indonesian— Arabic. Four of
five pairs have higher BLEU in the from-Arabic
direction; Bangla is the exception. We treat this
as a descriptive asymmetry rather than evidence
that translation from Arabic is intrinsically easier,
because the target languages and their tokenization
differ.

Most primary submissions were competitive.
The median gap between the top two systems is
0.74 BLEU, and six of ten gaps are below one
point. Arabic—English is especially close: Open-
Bracket leads NLP-IIT Patna by only 0.16 BLEU.
The main exception is Arabic—Indonesian, where
NERDS_NITS leads the runner-up by 5.84 BLEU,
indicating a decisive advantage for its direction-
specific QLoRA-tuned NLLB system. Bangla
presents a different pattern: both directions are
low-scoring, yet Arabic—Bangla has only a 0.51-
point top-two gap, suggesting a shared bottleneck
rather than one isolated weak submission.

6.4 Participation Breadth and Consistency

Table 8 separates coverage from rank. OpenBracket
and NLP-IIT Patna have the best average normal-
ized ranks, but they entered only two and six pri-
mary directions, respectively. Among the four
teams covering all ten directions, NERDS_NITS
is the most consistent: it records two wins, six top-
two finishes, and an average normalized rank of
0.24. FARABI also wins twice, but its mean rank
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Team P/C dirs. Models and main strategy

OpenBracket 2/2 MBR over NLLB, X-ALMA, ALLAM, and OPUS-MT candidates; QLoRA ALLAM and COMET-Kiwi-pruned sampling.
BVSLP 10/0 NLLB fine-tuning with LLM-assisted bitext cleaning and back-translation.

UPES_NLP 3/10 Fine-tuned NLLB and NLLB-MoE primary systems; zero-shot GPT-5-mini with structured output for contrastive runs.
NERDS_NITS 10/0 English-pivot NLLB+IndicTrans2 cascades for Indic targets; QLoRA NLLB for Indonesian; OPUS models for English.
MTG-LIRA 2/2 OpenNMT Transformer for Arabic—Hindi; BPCC/OPUS pivot-based augmentation before task fine-tuning.

NITM AI Lab 2/2 OPUS, NLLB, and mBART models with full or LoRA fine-tuning, normalization, and optional OPUS augmentation.
MAGADIR 2/2 Cross-model MBR using NLLB and LLM candidates, with entity-recall constraints and neural reranking.

Code & Corpus 4/0 One jointly fine-tuned NLLB model for Arabic—Hindi and Arabic—Bangla in four directions.

IndicMT 10/0 Direction-specific NLLB-600M fine-tuning after filtering and adding 500 synthetic pairs per direction.

SLPG_FIWU 3/3 NLLB-3.3B with LEALLA-filtered CC-100 and News Commentary data; official-data NLLB-600M alternative.
FARABI 10/10 Joint NLLB-3.3B with language-pair controllers into Arabic; Qwen2.5 LoRA and optional RAG from Arabic.

NCI-MT 6/6 LoRA NLLB primary system; COMET-Kiwi-triggered retrieval and Gemma refinement for low-confidence outputs.
NLP-IIT Patna 6/6 MADLAD primary systems, with NLLB and GemmaX2 variants as contrastive runs.

Table 4: Overview of participating systems. P/C dirs. gives the number of distinct primary and contrastive translation

directions, not the number of runs.

Direction Primary winner BLEU Top-2 gap Best contrastive BLEU A C-P
En—Ar  NLP-IIT Patna 22.45 0.64 OpenBracket 2248 +0.04
Hi—Ar  NLP-IIT Patna 19.85 1.24 FARABI 18.80 —1.05
Bn—Ar FARABI 17.93 2.85 FARABI 17.85 —0.08
Id—Ar  FARABI 18.72 0.80 FARABI 18.78 +0.07
Ur—Ar  NLP-IIT Patna 19.00 0.68 FARABI 1823  —0.77
Ar—En  OpenBracket 33.83 0.16 OpenBracket 34.02 +0.18
Ar—Hi  NLP-IIT Patna 29.28 1.50 NLP-IIT Patna 27.87 —1.40
Ar—Bn  NERDS_NITS 17.10 0.51 FARABI 13.54 —-3.57
Ar—Id  NERDS_NITS 30.51 5.84 FARABI 2455 —5.96
Ar—Ur  SLPG_FIWU' 25.89 0.51 NLP-IIT Patna 25.68 —0.21

Table 5: BLEU summary. A C—P is the best contrastive BLEU minus the best primary BLEU. The SLPG_FIWU
run labelled primary used supplementary data; its official-data run was labelled contrastive. We retain the submitted

labels.
R. Team BLEU ChrF2 TER| COMET mBERT R. Team BLEU ChrF2 TER] COMET BERT
En—Ar(1A) Ar—En (24)
1 OpenBracket 3383 5972 57.00 8249 8330
I NLP-IIT Patna ~ 22.45  55.17 67.26 84.74  85.67 2 NLP-IITPatna  33.67 59.67 57.30  82.01 83.11
2 OpenBracket 21.81 5499 69.29 85.23 85.40 3 UPES_NLP 3208 58.18  59.00 81.42 8245
3 FARABI 20.57 53.34 69.45 84.04 85.03 :
Ar—Hi (2B)
Hi—Ar (1B) I NLP-ITPama 2928 5473 6252 7234 8545
I NLPWTPuma 1985 S317 7047 8430 8482 3 CodedCopus 2544 5040 6608 (98 Sids
' ’ ' ) ’ Ar—Bn (2C)
3 NERDS_NITS 1559 49.10 75.19 8151 83.50 | NERDS_NITS 17.10 5183 7411 7869 8328
Bn—Ar (1C) 2 Code& Corpus 1659 49.80 7428 7797 8301
| FARABI 1793 5073 7271 8304  84.03 3 NewT 1509 4940 7626 7697 8243
2 NERDS_NITS 15.09 4855 75.77 81.61 83.36 Alr—#é]({?gs) NTS 3051 5982 59,14 il 8606
3 Code& Corpus 1379 4632 77.74 8039 82.69 2 IndieMT 2467 5458 6395 8199 8472
Id—Ar (ID) 3 FARABI 2395 5665 6775 8375 8450
1 FARABI 18.72 51.24 71.70 83.39 84.23 Ar—Ur (2E)
2 NERDS_NITS 17.92 50.99 72.80 82.96 84.05 I SLPG_RIWU' 2589 5106 6536 76.26  83.49
3 IndicMT 13.58 46.68 79.88 80.82 82.42 2 NERDS_NITS 2538 5091 65.12 75.19 8351
3 NLP-IITPatma 2249 4870 68.11 7552 8276
Ur—Ar(1E) . .. .
1 NLP-IIT Patna 19.00 5223 71.86  83.87 84.43 Table 7: Top three primary submissions for translation
g gﬁggB;JWU 12-2(2) gggg ;é-ég g;ég g‘;;g from Arabic. R. denotes rank. "This run used supple-

Table 6: Top three primary submissions for translation
into Arabic. R. denotes rank. Scores are rounded to two
decimals; complete results are provided in Appendix B.

is reduced by weaker from-Arabic results. This
distinction matters for shared-task interpretation: a
specialized system can maximize one pair, whereas
a multilingual submission tests whether one recipe
generalizes across targets and scripts.

mentary data despite its primary label.

Directional specialization. The aggregate ranks
reveal strong directionality even when a team cov-
ers the same language pairs in both directions (Ta-
ble 9). FARABI has the clearest asymmetry: its
average rank is 1.80 when Arabic is the target, but
7.00 when Arabic is the source. NERDS_NITS
shows the opposite, improving from an average
rank of 3.00 into Arabic to 2.00 from Arabic. NLP-
IIT Patna is nearly dominant in its three into-Arabic
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Team Dirs. Wins Top-2 Mean rank Norm.|
OpenBracket 2 1 2 1.50 0.06
NLP-IIT Patna 6 4 5 1.50 0.09
NERDS_NITS 10 2 6 2.50 0.24
SLPG_FIWU' 3 1 1 3.00 0.28
Code & Corpus 4 0 1 3.00 0.30
FARABI 10 2 4 4.40 0.52
NCI-MT 6 0 0 5.33 0.60
UPES_NLP 3 0 0 5.67 0.61
MAGADIR 2 0 0 6.50 0.65
IndicMT 10 0 1 5.10 0.68
BVSLP 10 0 0 5.50 0.78
MTG-LIRA 2 0 0 7.50 0.83
NITM AI Lab 2 0 0 8.50 0.88

Table 8: Primary-system coverage and consistency.
Norm. is the mean normalized rank (r — 1)/(n — 1).
Narrow and broad coverage are not directly comparable.
TResource-label caveat in Table 5.

tracks and remains strong, though less uniformly,
for the corresponding reverse directions.

Into Arabic From Arabic

Team Dirs. Meanrank Wins Dirs. Meanrank Wins

NLP-IIT Patna
FARABI
NERDS_NITS
Code & Corpus
IndicMT
NCI-MT
BVSLP

1.00
1.80
3.00
3.50
5.40
5.67
5.40

3 2.00
7.00
2.00
2.50
4.80
5.00
5.60

[ RV I SRV RV N
OO OO N W
[V RNRV N SRV RV

SO OO N O —

Table 9: Direction-specific primary ranks for teams
entering at least four directions. Rank averages are
computed within each submitted subset and are affected
by the number and strength of competitors.

The asymmetry corresponds to the systems’
transfer structure. ~FARABI shares informa-
tion across several source languages while keep-
ing Arabic as the common target, whereas
NERDS_NITS connects Arabic source sentences to
target-specialized IndicTrans2 models or directly
adapts NLLB for Indonesian. The results there-
fore support a practical distinction between multi-
source transfer, which pools encoders for a com-
mon target, and multi-target transfer, which must
generate several scripts and morphological systems.
Success in one setting does not predict success in
the other.

The remaining broad systems are more sta-
ble but occupy the middle of the rankings. In-
dicMT and BVSLP use largely uniform NLLB-
centered recipes across all ten directions; neither
wins a track, although IndicMT is runner-up for
Arabic—Indonesian. This suggests a coverage—
specialization trade-off: one portable recipe of-
fers complete task coverage, while direction-aware
components are needed to reach the top of hetero-
geneous leaderboards.

6.5 Winning Strategies Across Directions

Table 10 groups the ten nominal primary wins
by their main system recipe. Supervised MAD-
LAD fine-tuning accounts for four wins, while
NLLB-based transfer accounts for another four
through shared into-Arabic training, pair-specific
controllers, pivoting, or direct adaptation. The re-
maining two wins come from heterogeneous MBR
for Arabic—English and filtered supplementary
data for Arabic—Urdu. No zero-shot general-
purpose LLM system wins a primary run.

Winning methods Wins Tasks
MADLAD  supervised fine- 4 1A, 1B, 1E, 2B
tuning
Joint NLLB + pair controllers 2 1C, 1D
NLLB pivot/direct adaptation 2 2C,2D
Cross-model MBR ensemble 1 2A

1

Filtered-data NLLBT 2E

Table 10: Nominal primary wins grouped by the prin-
cipal system recipe. TThe 2E run used supplementary
data despite its primary label.

These results are not a controlled comparison of
architectures because model size, training data, op-
timization, and decoding differ across teams. They
nevertheless show that model family alone does not
determine performance. NLLB appears throughout
the runs, but outcomes depend strongly on how it is
adapted, how transfer is matched to the target lan-
guage, and how supplementary data are selected.
Code & Corpus also reaches three top-three po-
sitions with a 600M joint model, suggesting that
parameter sharing can partly compensate for model
scale.

Evidence across teams. NLP-IIT Patna (Sharma
et al., 2026) provides the clearest evidence for su-
pervised multilingual fine-tuning. Its MADLAD
systems won four of the six directions entered and
placed in the top two in five. This consistency
shows that conventional supervised adaptation of a
strong multilingual MT model remains difficult to
outperform in this data regime.

NERDS_NITS (Karim et al., 2026) and FARABI
show different benefits of transfer. NERDS_NITS
won Arabic—Bangla and Arabic—Indonesian and
recorded six top-two placements. Its English-pivot
NLLB+IndicTrans2 cascade performed well for
Indic targets, while direct QLoRA adaptation of
NLLB produced the largest winning margin for In-
donesian, which IndicTrans2 does not cover. Its
weaker results when translating into Arabic suggest
that target-specific adaptation contributed more
than pivoting alone.
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FARABI (Aldabbas et al., 2026) showed the re-
verse pattern. Its shared NLLB backbone with
source-specific controllers won two into-Arabic di-
rections and placed second in two others, whereas
its from-Arabic Qwen-based systems varied more
across targets. This favors joint multi-source adap-
tation when several source languages share Arabic
as the target. A similar pattern appears for Code &
Corpus, whose jointly trained four-direction NLLB
model reached the top three in three directions de-
spite using a smaller backbone.

Inference-time combination was strongest for
the English pair. OpenBracket entered two pri-
mary directions and placed in the top two in
both. Its heterogeneous MBR ensemble won
Arabic—English and achieved the highest COMET
score for English— Arabic.

6.6 Do Contrastive Systems Help?

Contrastive submissions could use additional re-
sources and often changed the backbone or decod-
ing strategy. They therefore measure whether a less
constrained system performs better rather than the
effect of supplementary data alone. Overall, they
rarely improve the best result. The best contrastive
run exceeds the best primary run in only three direc-
tions, English— Arabic, Indonesian— Arabic, and
Arabic—English, with gains of only 0.04, 0.07, and
0.18 BLEU. Primary systems remain ahead in the
other seven directions.

Matched team—direction comparisons show the
same pattern in Table 11. After excluding
SLPG_FJWU (Zafar et al., 2026) because its re-
source labels are reversed, contrastive runs improve
BLEU in 13 of 33 comparisons and decrease it in
20. The average change is —1.46 BLEU and the
median is —1.31. Only OpenBracket (Alotaibi,
2026), MAGADIR (Boudraa, 2026), and FARABI
have non-negative mean BLEU changes.

Team Matched Better ABLEU ACOMET
FARABI 10 6 +0.09 —1.11
NCI-MT 6 0 —-3.21 +0.16
NLP-IIT Patna 6 1 —1.01 —0.19
UPES_NLP 3 0 —4.87 +0.80
NITM AI Lab 2 1 —3.18 —2.06
MTG-LIRA 2 1 —2.96 —3.33
OpenBracket 2 2 +0.43 —0.43
MAGADIR 2 2 +1.13 —0.59
All matched 33 13 —1.46 —0.66

Table 11: Best contrastive minus primary score for
matched team—direction pairs, averaged by team. “Bet-
ter” counts positive BLEU changes. SLPG_FIJWU is
excluded because its resource labels are reversed rela-
tive to the nominal track definitions.

The matched comparisons also reveal metric
trade-offs. NCI-MT’s RAG pipeline lowers BLEU
in all six directions by 3.21 points on average but in-
creases COMET by 0.16. UPES_NLP shows a sim-
ilar pattern, with GPT-5-mini trailing its primary
systems by 4.87 BLEU while improving COMET
by 0.80. In contrast, OpenBracket and MAGA-
DIR improve BLEU in both matched English direc-
tions while their average COMET scores decrease.
These results show that improving one metric does
not necessarily improve overall translation quality.

Additional data are similarly inconsistent.
SLPG_FJWU’s larger model trained with filtered
supplementary data outperforms its official-data
alternative by 1.09-3.05 BLEU across three direc-
tions, although model size and data change together.
MTG-LIRA gains 1.21 BLEU for Hindi— Arabic
but loses 7.12 in the reverse direction. NITM Al
Lab also reports opposite effects across its two
evaluated directions. Supplementary data therefore
need to be evaluated separately for each direction
and domain.

6.7 Metric Agreement and Ranking Stability

Metric agreement is high for primary systems but
decreases for contrastive submissions, as shown in
Table 12. BLEU and ChrF2 produce very similar
primary rankings, and BERT-based similarity is
also strongly aligned with BLEU. COMET shows
the lowest correlation with BLEU in both tracks.
Among contrastive systems, BLEU and COMET
select the same top run in only four of ten direc-
tions.

Mean Spearman p Same top run

Metric vs. BLEU Primary Contrastive Primary Contrastive

ChrF2 0.92 0.83 10/10 9/10
—TER 0.92 0.69 9/10 9/10
COMET 0.81 0.62 9/10 4/10
BERT-based™ 0.98 0.69 9/10 7/9

Table 12: Rank agreement with BLEU. TER is negated
so that higher is better. *The duplicated BERT column
for contrastive 2A is excluded.

Several rank reversals illustrate this disagree-
ment. For English—Arabic primary systems,
NLP-IIT Patna leads BLEU, ChrF2, TER, and
mBERT, while OpenBracket leads COMET. For
Arabic—Bangla contrastive systems, FARABI
leads BLEU with 13.54, whereas UPES_NLP
leads COMET and mBERT despite a BLEU
score of 8.94. A similar reversal appears for
Arabic—Indonesian. Such disagreements are espe-
cially relevant for prompted, reranked, or retrieval-
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augmented systems, which may produce valid para-
phrases that overlap less with the reference. Con-
versely, semantic metrics may overlook specific
translation errors. Without human judgments, these
cases do not establish which ranking is more reli-
able, but they show that reporting a single auto-
matic metric is insufficient.

6.8 Cross-System Findings

The results support four broader conclusions.
Supervised adaptation remains the most reli-
able strategy. Strong multilingual MT models
with task-specific fine-tuning dominate the primary
leaderboards, while zero-shot and multi-pass LLM
systems are less consistent.

Transfer works best when it matches the tar-
get language. English pivoting is effective when
paired with a strong target-specific model such as
IndicTrans2, joint multi-source training benefits
translation into a shared Arabic target, and direct
adaptation works better for Indonesian.

More data do not guarantee better performance.
Broad augmentation often underperforms official-
data systems, while carefully filtered supplemen-
tary data can help. Domain match and translation
direction matter as much as data volume.
Inference-time optimization is metric-sensitive.
MBR, prompting, and quality-estimation pipelines
sometimes improve one metric while reducing an-
other. Development objectives should therefore
match the final evaluation and, where possible, be
complemented by human assessment.

Implications for future evaluations. Future edi-
tions could make contrastive submissions more di-
agnostic by recording which component changes
across runs, including additional data, model back-
bone, fine-tuning strategy, or decoding method. A
small set of matched ablations and explicit resource
declarations would make it easier to attribute im-
provements to data, scale, or inference-time selec-
tion. Metric disagreements also provide a natural
basis for targeted human evaluation. We could
sample cases with the largest BLEU-COMET rank
reversals and evaluate adequacy, fluency, entities,
numbers, and omissions. Sentence-level scores
would support analysis by length and entity den-
sity, particularly as challenge sentences are roughly
24-29% longer than the training sentences. Overall,
with standardized metric versions, these additions
would make the runs more informative about where
Arabic-Asian MT systems succeed and fail.

7 Conclusion

The WMT 2026 Low-Resource Arabic-Asian
Translation shared task establishes a bidirectional
benchmark across Arabic and five Asian languages
using AraAsianl.0 and submissions from 13 teams.
The results show that low-resource performance
depends less on adding model scale or external re-
sources in isolation than on selecting an adaptation
strategy that matches the language direction and
data domain. MADLAD fine-tuning was the most
consistently successful approach, while joint mul-
tilingual adaptation, English-pivot transfer, direct
QLoRA fine-tuning, and MBR ensembling each
led particular directions.

The analysis also identifies persistent gaps.
Bangla obtained the lowest winning BLEU in both
directions, contrastive systems rarely improved
over the best primary systems, and metric agree-
ment weakened for LLM-based and reranked out-
puts. Future editions shall add human evalua-
tion, standardized metric configurations, stronger
organizer baselines, and test sets spanning addi-
tional domains and underrepresented Asian lan-
guages. These additions would help distinguish
genuine semantic improvements from reference-
overlap changes and provide a more complete ac-
count of Arabic-centric low-resource MT.

Limitations

Our study has several limitations. AraAsianl.0
focuses on the news domain and covers five Arabic-
centered language pairs, so the findings may not
generalize to other domains, dialects, or under-
represented Asian languages. In addition, three
Asian-language sides were constructed through an
English-mediated translation stage followed by ex-
pert correction, which may introduce some bias.
The shared task relies on automatic metrics with-
out human evaluation or significance testing, so
small score differences and metric disagreements
should be interpreted with care. Future evaluations
can address these limitations through broader do-
main coverage, additional languages, and targeted
human assessment.

Ethics and Social Impact

This shared task aims to support more inclusive
machine translation research by providing data and
evaluation for Arabic and several Asian languages
that remain less studied in direct translation set-
tings. Better translation technologies for these lan-
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guages can improve cross-lingual access to infor-
mation and support communication across diverse
communities. At the same time, MT systems can
reproduce biases in their training data or produce in-
accurate translations, particularly for culturally spe-
cific content, entities, and low-resource languages.
We therefore encourage careful evaluation across
languages and contexts before deployment in set-
tings where translation errors may have meaningful
consequences.
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A System Descriptions

NERDS_NITS (Karim et al., 2026).

NERDS_NITS wused an English-pivot cas-
cade for the Indic languages, combining a
fine-tuned Arabic—English NLLB-200-600M
model with pretrained IndicTrans2 checkpoints.
Because IndicTrans2 does not cover Indonesian,
Arabic<Indonesian was handled directly through
QLoRA fine-tuning of NLLB-200-1.3B. The

standalone Arabic<+English directions used
fine-tuned Helsinki-NLP OPUS models.
NITM AI Lab (Koirala et al., 2026). NITM

Al Lab explored several architectures.  Its
English— Arabic primary system fully fine-tuned a
domain-specialized OPUS-MT-TC-Big model. Its
strongest Arabic—Hindi primary system adapted
NLLB-200-distilled-600M with LoRA on the of-
ficial data. Adding targeted OPUS parallel data
caused a slight degradation, which the team at-
tributed to domain mismatch. The team also eval-
uated fully fine-tuned mBART-50 with rule-based
orthographic and numerical normalization.

UPES_NLP (Singh et al., 2026). UPES_NLP
compared supervised NLLB fine-tuning, a pre-
trained NLLB mixture-of-experts checkpoint, and
zero-shot API prompting. The fine-tuned NLLB-
200-1.3B model served as the Arabic—English
primary system, while the NLLB-MoE checkpoint
was used for Arabic—Hindi and Arabic—Bangla.
Contrastive runs prompted GPT-5-mini without
task-specific training and required structured JSON
output to reduce changes to entities and numbers.

OpenBracket (Alotaibi, 2026). OpenBracket’s
primary system used MBR decoding over candi-
dates from fine-tuned NLLB-3.3B, X-ALMA-FT,
X-ALMA-CPO, ALLAM-FT, and OPUS-MT, with
COMET-22 as the utility. Its first contrastive sys-
tem QLoRA-tuned ALLAM-7B-Instruct. Its sec-
ond contrastive system used COMET-Kiwi-pruned
sampling and MBR over NLLB-3.3B candidates.

NLP-IIT Patna (Sharma et al., 2026). NLP-
IIT Patna evaluated NLLB, MADLAD, and Gem-
maX?2 across six directions. Fine-tuned MADLAD
outputs were selected as the primary submissions,
while NLLB and GemmaX?2 variants formed the
contrastive systems.

SLPG_FJWU  (Zafar et al., 2026).
SLPG_FIJWU focused on Urdu<«sArabic and
Arabic—English. Its run labelled primary fine-
tuned NLLB-200-3.3B on an augmented corpus
derived from CC-100 and News Commentary
and filtered with LEALLA-large multilingual
embeddings. Its run labelled contrastive fine-tuned
NLLB-200-distilled-600M only on the official
task data. Thus, the submitted labels are reversed
relative to the nominal resource distinction; the
leaderboard labels are preserved in this paper.

NCI-MT (Deb and Nayak, 2026). NCI-MT ap-
plied LoRA (r = 16, a = 32) to the attention
projections of NLLB-200-distilled-600M for its
primary systems. Its contrastive system used a two-
pass retrieval-augmented pipeline. COMET-Kiwi
first scored an initial translation. Low-confidence
cases triggered LaBSE encoding and FAISS re-
trieval of the three most similar source—target pairs
from external corpora, which were supplied to
Gemma-3-4B as in-context examples. COMET-
Kiwi then rescored the revision, and the system re-
tained it only when the estimated quality improved.

MAGADIR (Boudraa, 2026). MAGADIR de-
veloped direction-specific cross-system MBR
pipelines. For Arabic—English, it combined a
LoRA-tuned NLLB-200-1.3B model with zero-
shot outputs from Hunyuan-MT-7B, HY-MT1.5-
7B, and Gemma-3-12B. A Wikidata entity-recall
constraint filtered candidates to reduce proper-noun
omissions, after which MetricX-24 selected the
output. For English— Arabic, the team pooled can-
didates from six zero-shot or pretrained models,
including Aya Expanse 8B and NLLB-200-3.3B,
and used COMET-Kiwi as the MBR utility.

IndicMT (Jana et al., 2026). IndicMT indepen-
dently fine-tuned NLLB-200-distilled-600M for
all ten directions using Adafactor. Before train-
ing, the team filtered official pairs whose model-
output/reference SequenceMatcher similarity was
below 0.3. It then generated 500 synthetic pairs per
direction from the filtered back-translation pipeline
and appended them to the remaining real data. The
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Team Organization

OpenBracket King Fahd University of Petroleum and Minerals, Saudi Arabia
BVSLP Banasthali Vidyapith, India

UPES_NLP UPES, Dehradun, India

NERDS_NITS  National Institute of Technology Silchar, India

MTG-LIRA Centre for Development of Advanced Computing (CDAC), India
NITM AI Lab National Institute of Technology Meghalaya and VFSTR, India
MAGADIR Tampere University, Finland

Code & Corpus  IIITDM Kurnool, India

IndicMT Jadavpur University, India

SLPG_FIWU Fatima Jinnah Women University, Pakistan

FARABI University of Bonn, Germany

NCI-MT National College of Ireland, Ireland

NLP-IIT Patna

Indian Institute of Technology Patna, India

Table 13: Participating teams and affiliations.

team reports that this augmentation substantially
improved its internal BLEU scores.

FARABI (Aldabbas et al., 2026). FARABI com-
bined multilingual backbones with lightweight pair-
specific adaptation. For translation into Arabic,
it jointly fine-tuned one NLLB-200-3.3B model
across all source languages and applied NTK-
Mirror hidden-state controllers at inference time to
learn pair-specific residual corrections. For transla-
tion from Arabic, it adapted Qwen2.5-7B-Instruct
with task-specific LORA modules and, for some
runs, added a retrieval-based second pass using
few-shot examples from the training data.

Code & Corpus (Yadav and Kuila, 2026). Code
& Corpus addressed Arabic—Hindi and Arabic—
Bangla in both directions. It constructed a unified
four-direction corpus and jointly fine-tuned one
NLLB-200-distilled-600M model, using parameter
sharing to reduce overfitting relative to separate
direction-specific models.

MTG-LIRA (Hede et al., 2026). MTG-LIRA
trained a Transformer encoder—decoder system
with OpenNMT-py for Arabic<+Hindi. The pri-
mary model used only the official WMT 2026
data. The contrastive model first learned from
pivot-augmented data built with the BPCC English—
Hindi corpus and OPUS resources and was then
fine-tuned on the shared-task data.

BVSLP (Arora et al.,, 2026). BVSLP used
NLLB as the core model for all directions and
combined transfer learning with LLM-assisted data
preparation. LLMs cleaned noisy sentence pairs,
and back-translation generated synthetic bilingual
data before iterative fine-tuning.

B Full Primary Results

Tables in this appendix reproduce the full primary
results. Ranks are normalized to the BLEU order-
ing; this resolves the duplicated rank label in the
supplied Arabic—Urdu table.

R. Team BLEU ChrF2 TER COMET mBERT
1 NLP-IIT Patna 2245 55.17 67.26 84.74 85.67
2 OpenBracket 21.81  54.99 69.29 85.23 85.40
3 FARABI 20.57 5334 69.45 84.04 85.03
4 NERDS_NITS 19.77 5349 71.82 83.49 84.39
5 IndicMT 16.05 4930 76.49 81.98 83.48
6 NCI-MT 16.01  50.59 76.01 81.95 83.62
7 MAGADIR 1459 51.48 80.85 83.88 83.13
8 NITM AI Lab 14.08 49.13 75.75 82.21 83.18
9 BVSLP 12.47 4485 81.52 80.77 82.05

Table 14: Primary results for Subtask 1A (English —
Arabic). R. denotes rank.

R. Team BLEU ChrF2 TER COMET mBERT
1 NLP-IIT Patna  19.85 53.17 70.47 84.30 84.82
2 FARABI 18.62  51.53 72.01 83.44 84.30
3 NERDS_NITS 1559 49.10 75.19 81.91 83.50
4 Code & Corpus  14.77  47.59 176.50 81.16 82.99
5 BVSLP 13.28 4820 82.63 81.89 82.55
6 NCI-MT 13.10 4741 80.54 80.08 82.35
7 IndicMT 12.65 46.28 80.94 80.36 82.23
8 MTG-LIRA 9.17 4329 8292 79.27 81.30

Table 15: Primary results for Subtask 1B (Hindi —
Arabic). R. denotes rank.

R. Team BLEU ChrF2 TER COMET mBERT
1 FARABI 1793  50.73 72.71 83.04 84.03
2 NERDS_NITS  15.09 4855 75.77 81.61 83.36
3 Code & Corpus  13.79 4632 77.74 80.39 82.69
4 BVSLP 1292 47.10 82.32 81.25 82.38
5 NCI-MT 12.01  46.39 8143 79.37 82.03
6 IndicMT 11.53  45.14 8231 79.32 81.78

Table 16: Primary results for Subtask 1C (Bangla —
Arabic). R. denotes rank.
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R. Team BLEU ChrF2 TER COMET mBERT R. Team BLEU ChrF2 TER COMET mBERT
1 FARABI 1872 51.24 71.70 8339  84.23 1 SLPG_FJWU 2589 5106 65.36 7626 83.49

2 NERDS_NITS 17.92  50.99 72.80 8296  84.05 2 NERDS_NITS 2538 5091 65.12 7519 83.51

3 IndicMT 1358  46.68 79.88 80.82  82.42 3 NLP-IIT Patna 2249 48.70 68.11 7552 82.76

4 BVSLP 12,75 4631 81.81 81.19 8221 4 IndicMT 2112 4635 69.59 73.81 8243

5 BVSLP 20.99  47.59 7037 73.81 8244

Table 17: Primary results for Subtask 1D (Indonesian 6 FARABI 1831 44.63 71.81 7401 8137

— Arabic). R. denotes rank.

R. Team BLEU ChrF2 TER COMET mBERT
1 NLP-IIT Patna  19.00 52.23 71.86 83.87 84.43
2 FARABI 18.32  50.94 72.29 83.26 84.18
3 SLPG_FJWU 1640  50.22 76.00 82.84 83.55
4 NERDS_NITS 14.12 45.84 76.80 80.59 82.83
5 BVSLP 1294  47.07 82.12 81.41 82.35
6 IndicMT 12.53  45.81 81.29 79.91 82.03

Table 18: Primary results for Subtask 1E (Urdu — Ara-

bic). R. denotes rank.

R. Team BLEU ChrF2 TER COMET BERT
1 OpenBracket 33.83 59.72 57.00 8249  83.30
2 NLP-IIT Patna  33.67 59.67 57.30 82.01 83.11
3 UPES_NLP 32.08 58.18 59.00 81.42 8245
4 NERDS_NITS 2935 55.83 59.85 80.88 81.92
5 SLPG_FJWU 2927 5571 61.23 81.15 81.78
6 MAGADIR 2745 56.61 64.49 81.94 81.28
7 NCI-MT 26.73  53.83 62.85 7991 80.44
8 IndicMT 2549 5195 64.06 79.72  80.29
9 FARABI 2276 5479 170.31 80.47 79.15

10 BVSLP 20.13 4734 69.44 78.88  77.90

Table 19: Primary results for Subtask 2A (Arabic —

English). R. denotes rank.

R. Team BLEU ChrF2 TER COMET mBERT
1 NLP-IIT Patna  29.28 5473 62.52 72.34 85.45
2 NERDS_NITS  27.78 5295 63.75 70.05 85.02
3 Code & Corpus 2544  50.40 66.08 69.83 84.44
4 BVSLP 24.67 50.07 66.12 68.88 84.32
5 NCI-MT 2447 50.23 67.05 69.11 84.12
6 IndicMT 24.11  49.18 67.09 69.32 84.16
7 MTG-LIRA 24.10  49.56 66.95 67.73 84.06
8 UPES_NLP 22.61 47.15 67.16 68.92 83.87
9 NITM AI Lab 22.55 47.64 68.28 68.24 83.57

10 FARABI 21.84 4720 68.20 68.73 83.55

Table 23: Primary results for Subtask 2E (Arabic —
Urdu). R. denotes rank.

C Full Contrastive Results

The BERT values supplied for Arabic—English
are identical to COMET for every contrastive run.
They are reproduced without modification and are
not used in the aggregate metric-correlation analy-
sis.

R. Team Run BLEU ChrF2 TER COMET mBERT
1 OpenBracket C-1 2248 5458 68.21 84.26 85.31
2 FARABI C-1  20.68 5349 69.29 84.10 85.07
3 NLP-IIT Patna C-2 2038 53.64 70.06 84.19 85.02
4 NLP-IIT Patna C-1 19.21 5299 72.00 83.79 84.61
5 OpenBracket C-2  19.17 5259 71.17 84.93 84.87
6 MAGADIR C-2 1625 51.53 7694 83.07 83.22
7 MAGADIR C-1 1580 5143 77.63 83.26 83.43
8 FARABI C-2 1576 4936 7632 82.94 83.34
9 UPES_NLP C 13.02  44.27 80.24 80.20 81.58

10 NCI-MT C 1293 4934 8242 81.82 82.84

11 NITM AILab C-2 7.03 4095 85.89 78.27 79.64

12 NITM AILab C-1 575 40.48 96.96 76.81 79.46

Table 24: Contrastive results for Subtask 1A (English
— Arabic). R. denotes rank and C denotes contrastive
run.

Table 20: Primary results for Subtask 2B (Arabic —
Hindi). R. denotes rank.

R. Team BLEU ChrF2 TER COMET mBERT
1 NERDS_NITS 17.10 51.83 74.11 78.69 83.28
2 Code & Corpus  16.59  49.80 74.28 7197 83.01
3 NCI-MT 15.09 4940 76.26 76.97 82.43
4 IndicMT 13.99  47.70 76.59 76.93 82.32
5 BVSLP 13.80 48.00 77.25 77.65 82.22
6 UPES_NLP 12.14  44.82 78.00 77.31 81.71
7 FARABI 10.86  44.76 80.07 77.12 81.16

R. Team Run BLEU ChrF2 TER COMET mBERT
1 FARABI C-1 18.80 51.75 71.83 83.53 84.34
2 NLP-IIT Patna C-2 17.62  51.34 73.60 83.61 84.15
3 NLP-IIT Patna C-1 16.63  50.54 75.04 83.06 83.79
4 FARABI C-2 12.85 45.58 81.61 81.43 81.84
5 NCI-MT C 11.53  46.33 84.30 80.78 82.84
6 MTG-LIRA C 10.38  42.05 8275 78.31 81.08
7 UPES_NLP C 9.17  36.25 96.31 69.47 73.41

Table 25: Contrastive results for Subtask 1B (Hindi —
Arabic).

R. Team Run BLEU ChrF2 TER COMET mBERT
1 FARABI C-1 17.85 50.80 72.84 83.12 84.09
2 FARABI C-2 12.07 4485 8252 81.14 81.52
3 NCI-MT C 10.70 4471 83.84 79.92 81.47
4 UPES_NLP C 7.34  32.00 100.52 65.08 69.31

Table 21: Primary results for Subtask 2C (Arabic —

Bangla). R. denotes rank.

R. Team BLEU ChrF2 TER COMET mBERT
1 NERDS_NITS 30.51 59.82 59.14 84.11 86.06
2 IndicMT 24.67 5458 63.95 81.99 84.72
3 FARABI 2395 56.65 67.75 83.75 84.50
4 BVSLP 2281 53.10 65.36 81.90 84.26

Table 26: Contrastive results for Subtask 1C (Bangla —
Arabic).

R. Team Run BLEU ChrF2 TER COMET mBERT
1 FARABI C-1 18.78  51.38 71.57 83.42 84.26
2 FARABI C-2 14.10 46.88 78.88 82.09 82.42
3 UPES_NLP C 14.02 4882 78.45 83.08 82.75

Table 22: Primary results for Subtask 2D (Arabic —

Indonesian). R. denotes rank.

Table 27: Contrastive results for Subtask 1D (Indonesian
— Arabic).
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R. Team Run BLEU ChrF2 TER COMET mBERT
1 FARABI C-1 1823 5095 7233 83.18 84.17
2 NLP-IIT Patna C-2 17.07  50.74 7455 83.43 83.91
3 NLP-IIT Patna C-1 1587  49.67 76.10 82.75 83.52
4 UPES_NLP C 14.17  49.00 78.61 83.02 82.64
5 SLPG_FIWU C 1335 47.17 79.12 80.22 82.44
6 FARABI C-2 11.40  44.09 8584 80.79 81.04

Table 28: Contrastive results for Subtask 1E (Urdu —

Arabic).

R. Team Run BLEU ChrF2 TER COMET BERT
1 OpenBracket C-1 ~ 34.02 59.98 58.51 82.61 8261
2 NLP-IT Patna C-2  32.05 60.02 60.15 82.33  82.33
3 OpenBracket C-2 3126 5819 58.82 8271 8271
4 NLP-IIT Pama C-1  30.32  57.01 59.70 82.05 8205
5 SLPG_FIWU C 28.18  54.96 61.80 80.96  80.96
6 MAGADIR  C-2 2805 56.13 62.61 81.57 81.57
7 UPES.NLP C 2519  53.37 63.55 81.01 81.01
8 MAGADIR  C-1 2424 5449 67.69 80.00  80.00
9 FARABI C2 2416 5408 69.73 78.93 7893
10 NCI-MT c 22,56 50.80 66.26 7913 79.13
11 FARABI C-1 1953 5285 74.65 77.50  77.50

Table 29: Contrastive results for Subtask 2A (Arabic —

English).
R. Team Run BLEU ChrF2 TER COMET mBERT
1 NLP-IIT Patna C-1 2787 53.50 6335 7176  85.12
2 NLP-ITPama C2 2633 5254 6823 7146  84.38
3 NITMAILab C-1 2325 4801 6829 6806  83.46
4 NITMAILab C2 2226 47.56 6929 6797  83.38
5 NCL-MT C 2141 4811 6919 6938 8353
6 FARABI C-1 1851 4433 7681 6460  81.64
7 UPES.NLP C 1808 4679 7210  70.58  83.07
8 MIG-LIRA C 1697 4235 73.99 6203 8177
9 FARABI C-2 1608 4211 7895 6385  80.8l

Table 30: Contrastive results for Subtask 2B (Arabic —

Hindi).

R. Team Run BLEU ChrF2 TER COMET mBERT
1 FARABI C-1 13.54 46.09 80.73 74.54 81.05
2 FARABI C-2 9.32  40.72 85.70 72.31 79.26
3 NCI-MT C 9.02 43.16 83.18 77.31 80.88
4 UPES_NLP C 8.94 4476 84.46 78.45 81.10

Table 31: Contrastive results for Subtask 2C (Arabic —

Bangla).
R. Team Run BLEU ChrF2 TER COMET mBERT
1 FARABI  C2 2455 57.19 6761 8376 84.52
2 UPES_NLP C 2277 5593 64.65 84.15  84.82
3 FARABI  C-1 2143 5123 67.13 82.01  83.84
Table 32: Contrastive results for Subtask 2D (Arabic —
Indonesian).
R. Team Run BLEU ChrF2 TER COMET mBERT
| NLPITPama C-1  25.68 51.04 6515 7633 8353
2 NLP-ITPama C-2 2465 50.17 69.55 7600  82.95
3 SLPG_FIWU C 2335 4881 67.02 7453 8287
4 FARABI C2 1761 4356 7620 7094  80.56
5 FARABI C-1 1746 4368 7531 7175 80.77
6 UPES.NLP C 16.60 44.67 7253 7545 8145

Table 33: Contrastive results for Subtask 2E (Arabic —

Urdu).
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