NLP-IIT Patna at WMT 2026: Corpus-Driven Adaptation of Multilingual
MT Models for Low-Resource Arabic—Asian Machine Translation

Pushkar Sharma*, Mo Ahtasam*, Kshetrimayum Boynao Singh

Deepak Kumar

and Asif Ekbal

Department of Computer Science and Engineering
Indian Institute of Technology Patna, India
{pushkarrokhel, ahtisham5736, boynfrancis, deepakkumar1538, asif.ekbal } @ gmail.com

Abstract

We investigate low-resource Arabic-Asian
machine translation across six Arabic-centric
translation  directions: Arabic+>English,
Arabic<+Hindi, and Arabic<+Urdu. Fine-
tuned MADLAD-400 ranks first in four of
the six directions on the official primary
leaderboard and places within the top three
in the remaining two. We fine-tune three pre-
trained multilingual models MADLAD-400,
NLLB-200, and GemmaX?2 and compare them
with their zero-shot counterparts using BLEU,
chrF2++, COMET-22, and TER. Across
all language pairs, supervised fine-tuning
consistently outperforms zero-shot inference.
Among the evaluated models, fine-tuned
MADLAD-400 achieves the strongest overall
performance, NLLB-200 delivers competitive
results, and GemmaX2-28-9B exhibits the
largest relative improvement over its zero-shot
baseline.  These findings demonstrate the
effectiveness of supervised adaptation for
low-resource Arabic-Asian machine transla-
tion and highlight MADLAD-400 as the most
robust model across the evaluated translation
directions.

1 Introduction

This work describes our submission to the WMT
2026 Shared Task on Low-Resource Arabic-Asian
Machine Translation (Laskar et al., 2026). Ma-
chine translation (MT) is essential for multilin-
gual communication, particularly for low-resource
language pairs where parallel data remain scarce.
Arabic-South Asian MT is an important yet under-
explored setting despite its practical significance.
Arabic-speaking countries in the Gulf Coopera-
tion Council (GCC) host approximately 35 mil-
lion foreign workers, many from South Asia, who

*Equal contribution.
Code and resources are available at github.com/p-
sharma-7/Low-Resource-Arabic-Asian-MT.

rely on translation for healthcare, legal, employ-
ment, and public services (Chughtai, 2026). How-
ever, Arabic-Hindi and Arabic-Urdu translation re-
main under-resourced due to the limited availabil-
ity of parallel corpora (Poria and Huang, 2025).
The WMT 2026 Low-Resource Arabic-Asian- Ma-
chine Translation Shared Task (Laskar et al.,
2026) provides a benchmark for six translation
directions: Arabic<+English, Arabic<+Hindi, and
Arabic<»Urdu. These language pairs present addi-
tional challenges arising from Arabic’s rich mor-
phology, orthographic ambiguity (Alayba, 2025),
and flexible word order, as well as the distinct writ-
ing systems used across Arabic, Hindi, and Urdu.

Prior work on Arabic MT has documented the
broader linguistic and technical challenges posed
by Arabic, while our analysis of the shared-task
corpus shows that these challenges are accompa-
nied by pronounced lexical and distributional dif-
ferences: Arabic has a larger vocabulary, greater
lexical diversity, higher evaluation OOV rates, and
weaker train-evaluation lexical overlap than the
other languages in the corpus. In addition, the lim-
ited overlap among the Perso-Arabic, Devanagari,
and Latin scripts reduce cross-lingual lexical shar-
ing in multilingual models. Together, these obser-
vations identify differences in the data that may af-
fect translation adaptation, and they guide the con-
struction and preprocessing of our training data;
model-specific optimization strategies are then se-
lected according to the architecture and scale of
each pretrained model. We refer to this approach
as corpus-driven adaptation.

We fine-tune three pretrained multilingual mod-
els: NLLB-200 (NLLB Team et al., 2022),
MADLAD-400 (Kudugunta et al., 2023), and
GemmaX2-28-9B (Cui et al., 2025). We compare
supervised fine-tuning with zero-shot inference
across all six translation directions using standard
automatic evaluation metrics. Fine-tuned mod-
els consistently outperform their zero-shot counter-
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Language Pair Training Validation Testing
Arabic-English 21,000 1,000 1,000
Arabic-Hindi 20,100 1,000 1,000
Arabic-Urdu 20,300 1,000 1,000

Table 1: Corpus scale and alignment statistics for the
Arabic-centric bidirectional parallel datasets. All lan-
guage pairs exhibit strict source-target alignment, with
comparable train, development, and test splits.

parts, with MADLAD-400 achieving the best over-
all performance by ranking first in four translation
directions and within the top three in the remaining
two.

2 Data and Corpus Analysis

We analyze the official WMT 2026 Low-
Resource Arabic-Asian MT dataset (Laskar
et al., 2026), comprising three bidirectional
language pairs: Arabic<+English, Arabic<+Hindi,
and Arabic<>Urdu. As shown in Table 1, each pair
contains approximately 20-21K training sentence
pairs and with 1K validation and 1K test pairs, and
strict sentence-level alignment across all splits.
Since the shared task is Arabic-centric, the same
Arabic sentences are aligned with multiple target
languages, resulting in an aggregated Arabic
corpus with 65.66% cross-pair duplication, while
duplication within individual corpora remains
negligible (0-0.05%). We distinguish the official
blind-test leaderboard results 4 from our devtest
analysis 5. The former determines our shared-task
ranking, whereas the latter is used to compare
zero-shot and fine-tuned systems under a common
evaluation set.

Corpus statistics (Table 2) further show that Ara-
bic is the strongest lexical and distributional out-
lier among the languages represented in the shared-
task data. Compared with Hindi and Urdu, Arabic
has a shorter average sentence length (26.6 vs. 38.3
and 41.4 tokens, respectively), the largest vocabu-
lary (98,062 unique tokens), the highest observed
Type-Token Ratio (TTR = 0.1757), and the highest
OOV rate (10.9% vs. ~2%). We define OOV rate
as the proportion of whitespace-delimited evalua-
tion tokens that are absent from the corresponding
training corpus vocabulary. Arabic also exhibits
lower cross-split lexical overlap, with trigram over-
lap of only 9-12%, indicating weaker lexical over-
lap between training and evaluation data. All statis-
tics are computed using whitespace tokenization
for language-agnostic comparison.

3 System Description

We evaluate three architecturally distinct multilin-
gual paradigms on the bidirectional Arabic-Asian
translation task, selected under two constraints:
each system must officially support all four lan-
guages, and each must be small enough to train un-
der our compute budget. NLLB-200 (NLLB Team
etal.,2022) is a dense encoder-decoder built specif-
ically for many-to-many translation across 200 lan-
guages, with strong coverage of low-resource and
non-Latin scripts; we use the 3.3B dense variant.
MADLAD-400 (Kudugunta et al., 2023) is also
an encoder-decoder, but represents the web-scale
end of that family: a T5-style model trained on
250 billion tokens spanning more than 450 lan-
guages, drawn from a manually audited document-
level corpus. GemmaX2-28-9B (Cui et al., 2025)
is a decoder-only LLM, continually pretrained
from Gemma2-9B on monolingual and parallel
data in 28 languages and then instruction-tuned
for translation, so the task is framed as instruc-
tion following rather than sequence-to-sequence
transduction. Because all three declare support
for Arabic, English, Hindi, and Urdu, no direction
we evaluate falls outside a model’s stated cover-
age. Each system is evaluated under both zero-
shot and direction-specific fine-tuned configura-
tions across all six translation pathways (En<>Ar,
Hi<>Ar, Ur<>Ar). We note that GemmaX2’s pre-
training draws partly on MADLAD-400, so the
three systems are not fully independent in their
data.

3.1 Models and Checkpoints

We fine-tune three pretrained multilingual mod-
els: NLLB-200 3.3B, MADLAD-400 10B, and
GemmaX2-28-9B. Each model is fine-tuned inde-
pendently for every translation direction. Due to
differences in model scale, architecture, and com-
putational requirements, we use model-specific
post-training adaptation strategies. NLLB is fully
fine-tuned, updating all model parameters dur-
ing task-specific adaptation, whereas MADLAD-
400 and GemmaX?2 are adapted using parameter-
efficient fine-tuning with Low-Rank Adaptation
(LoRA)(Hu et al., 2022) and Quantized Low-Rank

https://huggingface.co/facebook/nllb-200-3.
3B

https://huggingface.co/google/
madlad400-10b-mt

https://huggingface.co/ModelSpace/
GemmaX2-28-9B-v0.1
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Language Sentence Pairs Mean Length Unique Token Type-Token Ratio OOV (%) Duplication (%)
Arabic 61,400 26.58 98,062 0.1757 10.9 0.069
English 21,000 23.45 45,234 0.0868 4.6 0.030
Hindi 20,100 38.33 58,233 0.0460 2.0 0.040
Urdu 20,300 41.42 32,960 0.0392 2.1 0.030

Table 2: Corpus-level lexical statistics highlight Arabic as the strongest distributional outlier. Arabic exhibits a
higher unique-token vocabulary than English, elevated Out-of-Vocabulary (OOV) rates (10.9%), and a Type-Token
Ratio (TTR=0.1757). Hindi and Urdu show comparable, low OOV rates (= 2.0%), indicating higher vocabulary
coverage relative to the training corpus size. TTR = Type-Token Ratio; OOV = Out-of-Vocabulary rate.

Adaptation (QLoRA)(Dettmers et al., 2023), re-
spectively. This design is motivated by prior
work showing that parameter-efficient adaptation
can achieve competitive translation performance
while updating substantially fewer parameters in
both multilingual NMT (Bapna and Firat, 2019;
Ustiin and Stickland, 2022; Singh et al., 2025b)
and LLM-based machine translation (Alves et al.,
2023; Singh et al., 2026b, 2025a, 2026a; Ahtasam
et al., 2026a,b) Prior studies further demonstrate
that the effectiveness and computational benefits
of parameter-efficient adaptation depend on model
scale and the available parameter budget (Ustiin
and Stickland, 2022). Accordingly, full-parameter
fine-tuning is used for NLLB within our available
training setup, while parameter-efficient adapta-
tion is used for the larger MADLAD-400 and Gem-
maX?2 models to reduce training memory and pa-
rameter update costs. The adaptation procedures
are therefore not identical; all systems nevertheless
use the same task formulation, training data, and
evaluation protocol, with the optimization strategy
selected according to each model configuration.

Each translation direction is trained indepen-
dently with a fixed random seed of 42, gradi-
ent checkpointing, a linear learning-rate sched-
ule with warmup, and an effective batch size of
32. Early stopping with a patience of two evalu-
ation rounds is applied using the development set.
Checkpoint selection follows the development ob-
jective appropriate to each model: COMET-22 for
NLLB and development loss for MADLAD-400
and GemmaX2. GemmaX2-28-9B is trained for
three epochs because its development performance
plateaued after the third epoch, with no measur-
able improvement from additional training. NLLB
is fine-tuned using full-parameter optimization in
bf16 precision with the 8-bit AdamW optimizer
provided by bitsandbytes. MADLAD-400 is
loaded in 8-bit precision with its backbone weights
frozen, and LoRA adapters are inserted into the

q, k, v, o, wi_0, wi_l, and wo projection lay-
ers. GemmaX?2 is loaded using 4-bit NF4 quan-
tization with double quantization and bf16 compu-
tation, with LoRA adapters applied to the ¢_proj,
k_proj, v_proj, o_proj, gate_proj, up_proj,
and down_proj layers. Training is performed us-
ing the trl SFTTrainer with right padding, and
cross-entropy loss is computed over the complete
prompt-source-target sequence. All experiments
are conducted on a single NVIDIA RTX 6000 Ada
GPU with 49 GB of GPU memory. Table 3 summa-
rizes the model checkpoints, adaptation strategies,
and training configurations.

3.2 Preprocessing and Tokenization

No heuristic normalisation was applied prior to
tokenisation. Conventional Arabic normalisation
rules unifying the | (alef), i (alef hamza above),
| (alef hamza below), and 1 (alef madda), merging
« (ya) with ¢ (alef magsura), and stripping dia-
critics (Habash, 2010) are designed for Arabic and
unsafe for Urdu. Urdu distinguishes several char-
acters that these rules would collapse, including
( (choti ye), «<— (bari ye), and s (gol he), along
with the retroflex consonants < (tfe), 5 (ddal), and
J (rre); merging them changes the word. A second
reason is practical: each model’s subword vocabu-
lary was learned over unnormalised text(Kudo and
Richardson, 2018), so normalising the input first
would split words into subwords the model never
saw during pretraining. After decoding, we con-
verted both the system outputs and the references
to Unicode NFC. This ensures that two strings
which look identical but use different underlying
codepoints are not counted as errors, since neither
the character-level nor the token-level metric nor-
malises its inputs by default.

3.3 Inference and Evaluation Protocol

To ensure fair comparison, all systems were de-
coded using deterministic beam search, repetition
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Hyperparameter NLLB-200 MADLAD-400 GemmaX2-28-9B
Architecture Encoder-Decoder  Encoder-Decoder (T5)  Decoder-only LLM
Size 3.3B 10B 9B
Adaptation Full FT LoRA QLoRA
Precision / Quantization bfl6 8-bit base 4-bit NF4
Epochs 5 5 3
Per-device batch size 16 8 4
Gradient accumulation 2 4 8
Effective batch size 32 32 32
Learning rate 5x107° 5x107° 2x 1074
Warmup ratio 0.10 0.10 0.05
Weight decay 0.01 0.01 0.01

LoRA (r/a/dropout) - 16/32/0.05 16/32/0.05
Optimizer 8-bit AdamW AdamW AdamW

Table 3: Training hyperparameters used for the three multilingual translation systems

control, and length penalties to reduce hallucina-
tions and excessive output expansion.

Translation quality was assessed using four
complementary automatic metrics: BLEU (Pap-
ineni et al., 2002), COMET-22 (Rei et al., 2022),
ChrF2++ (Popovi¢, 2017), and Translation Edit
Rate (TER) (Snover et al., 2006). While BLEU
measures n-gram precision, it penalises valid mor-
phological variants and is known to underperform
for morphologically rich target languages such as
Arabic (Beseiso et al., 2022). ChrF2++ com-
putes character- and word-level n-gram F-scores
and is widely adopted as the standard lightweight
metric for such languages precisely because it
captures inflectional variation without the high-
resource dependency of neural metrics (Popovié,
2017). COMET-22 provides neural semantic ade-
quacy scores, while TER measures the post-editing
effort required to correct the system output. This
four-metric suite enables cross-directional compar-
ison that is robust to both Arabic’s morphologi-
cal complexity and Urdu and Hindi’s agglutina-
tive character-level behaviour. This unified eval-
uation framework enables systematic analysis of
how corpus characteristics and architectural design
jointly influence Arabic-centric multilingual trans-
lation performance under both zero-shot and super-
vised adaptation settings

4 Experimental Results

4.1 Main Results

We participated in six of the ten sub-tasks of the
shared task, covering the Arabic-English, Arabic-
Hindi, and Arabic-Urdu directions (Sub-Tasks 1A,
1B, 1E, 2A, 2B, and 2E). We submitted MADLAD-
400 as our primary system and NLLB-200 and
GemmaX2-28-9B as contrastive systems; the or-

ganizers evaluate primary and contrastive submis-
sions on separate leaderboards. All systems were
scored by the organizers on the official blind chal-
lenge test set using automatic metrics (BLEU,
ChrF, TER, COMET, and BERT-based measures);
the complete per-system evaluation matrices are
published on the task page. Table 4 reports our
official per-direction rankings. On the primary
leaderboard, our MADLAD-400 system placed
first in four of the six directions (En—Ar, Ar—Hi,
Hi—Ar, Ur—Ar), second in Ar—En, and third in
Ar—Ur. On the contrastive leaderboard, NLLB-
200 placed first for Ar—Hi and Ar—Ur, and Gem-
maX?2 placed second in five of the six directions.

4.2 Zero-shot vs. Fine-tuning

Table 5 compares zero-shot and fine-tuned per-
formance on the devtest split. Fine-tuning im-
proves every system on every metric in every direc-
tion. The gains are moderate for the two encoder-
decoder models, which are already usable zero-
shot: on macro-average, MADLAD gains +9.3
BLEU, +7.2 ChrF2++, +0.023 COMET-22, and
—10.6 TER, with NLLB slightly smaller. For
GemmaX?2-28-9B the gains are of a different kind:
zero-shot output is adequate only for Ar—En,
while the remaining five directions produce near-
zero ChrF2++ with TER above 100, indicating
largely off-target output; fine-tuning recovers all
five, lifting the macro-average by +21.4 BLEU and
+0.251 COMET-22.

Gains are not uniform across directions.
Surface-metric improvements concentrate in the
into-Arabic directions-for the primary system,
TER falls by 14.4 (En—Ar), 13.1 (Hi—Aur),

https://www2.statmt.org/wmt26/
arabic-asian-mt-task.html#_evaluation
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Languages Direction System BLEU?T ChrF21 TER| COMET1 mBERTT Rank
MADLAD-400 (primary) 22.4455 55.1675 67.2558  84.7356 85.6693 1
en—ar NLLB-200 (contr-1) 19.2107 529859 71.9966  83.7861 84.6091 4
GemmaX2 (contr-2) 20.3824  53.6442 70.0626  84.1867 85.0212 3
MADLAD-400 (primary) 19.8538 53.1681 70.4659  84.2953 84.8184 1
hi—ar NLLB-200 (contr-1) 16.6289  50.5424 75.0421 83.0640 83.7877 3
GemmaX2 (contr-2) 17.6224  51.3379 73.5956  83.6086 84.1502 2
MADLAD-400 (primary) 18.9970 52.2288 71.8622  83.8677 84.4310 1
ur—ar NLLB-200 (contr-1) 15.8666  49.6695 76.0974  82.7522 83.5203 3
GemmaX2 (contr-2) 17.0747 50.7366 74.5466  83.4283 83.9132 2
MADLAD-400 (primary) 33.6687 59.6708 57.3039  82.0053 83.1130 2
ar—en NLLB-200 (contr-1) 30.3160 57.0117 59.7033 82.0480 82.0480 4
GemmaX2 (contr-2) 32.0481 60.0195 60.1451 82.3304 82.3304 2
MADLAD-400 (primary) 29.2775 54.7254 62.5191  72.3411 85.4462 1
ar—hi NLLB-200 (contr-1) 27.8738 53.4990 63.3534  71.7645 85.1154 1
GemmaX2 (contr-2) 26.3278 525436 68.2332  71.4596 84.3758 2
MADLAD-400 (primary) 22.4936 48.6969 68.1138  75.5240 82.7617 3
ar—ur NLLB-200 (contr-1) 25.6828 51.0409 65.1504  76.3313 83.5296 1
GemmaX2 (contr-2) 24.6513  50.1675 69.5522  76.0019 82.9466 2

Table 4: Official WMT 2026 Challenge Test results across the six evaluated Arabic-Asian translation directions.
BLEU, ChrF2, COMET, and mBERT are higher-is-better (1), while TER is lower-is-better ({). Rank denotes the
official ranking of each system in the corresponding direction. MADLAD-400 is our primary submission, while
NLLB-200 and GemmaX?2 are contrastive submissions.

and 12.2 (Ur—Ar), against 10.1 for Ar—En- two directions where the primary system is weak-
consistent with supervised adaptation, reducing est. GemmaX2-28-9B shows the largest relative
the surface-form mismatch identified for Arabicin ~ improvement precisely. The pattern is consistent

Section 2. A weakness remains after fine-tuning:
into-Arabic BLEU stays low (20.8-24.3 for the
primary system) relative to the out-of-Arabic
directions (28.1-36.4), even where COMET-22 is
high, which we examine next.

4.3 Cross-model Comparison

The two encoder-decoder models and the
decoder-only model differ most at the starting
point, not the end point. Zero-shot, NLLB
and MADLAD translate all six directions;
GemmaX2-28-9B translates only Ar—En, de-
spite its translation-oriented instruction tuning.
After per-direction fine-tuning the three systems
converge to within 0.008 COMET-22 on macro-
average (0.835/0.829/0.827), so the blind-test
separation between them is small and direction-
dependent. MADLAD is the primary submission
because it leads all four macro-averaged metrics
after fine-tuning and is best or tied-best on most
individual directions. NLLB remains a strong
baseline: with a third of the parameters and full
fine-tuning, it trails the primary system by 0.006
COMET-22 on average and wins its track in the

with a substantial mismatch in translation be-
havior or target-language control under zero-shot
prompting, which is largely resolved by supervised
adaptation. With 0.60% trainable parameters, it
reaches within 0.008 COMET-22 of the primary
system, suggesting that supervised adaptation
substantially improves target-language control and
translation behavior for this model. Adaptation
efficiency is thus high for both parameter-efficient
systems: under 1% of parameters recover or
exceed parity with full fine-tuning of a smaller
model.

Metric stability separates the targets more than
the systems. For all three systems, into-Arabic
directions score high on COMET-22 but low on
BLEU with elevated TER, whereas out-of-Arabic
directions show the reverse. This is the pattern pre-
dicted by the corpus analysis in Section 2: Ara-
bic’s larger vocabulary, higher lexical diversity,
and ~11% evaluation out-of-vocabulary rate mean
that adequate translations are frequently realize
references with different surface forms, which n-
gram metrics penalize and COMET-22 does not.
The residual weakness of all systems is therefore
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concentrated where the data analysis located it-on
the Arabic-target side-rather than in any single ar-
chitecture.

5 Conclusion

We described the NLP-IIT-Patna submissions
to the WMT 2026 Low-Resource Arabic-Asian
shared task (Laskar et al., 2026): three pretrained
multilingual models-NLLB-200, MADLAD-400,
and GemmaX2-28-9B-fine-tuned per direction on
the official data under a shared pre-processing,
decoding, and evaluation pipeline. Our primary
MADLAD-400 system placed first on the primary
leaderboard in four of the six directions we en-
tered, and our contrastive systems led or placed
second in their track across most directions. The
empirical picture is consistent across all three ar-
chitectures: supervised adaptation closes the be-
havioral gap of decoder-only models and special-
izes already-capable encoder-decoders; after adap-
tation, the systems converge, and the remaining
difficulty is organized by the target language, con-
centrated on where the corpus analysis located
Arabic’s vocabulary sparsity and train-evaluation
shift. For low-resource Arabic-centric translation,
careful adaptation of existing multilingual mod-
els, rather than new architectures, were sufficient
for state-of-the-art results, provided evaluation ac-
counts for Arabic’s surface-form sparsity when in-
terpreting n-gram metrics. Extending the pipeline
with monolingual Arabic data and to the remaining
task languages is the natural next step.
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A Input Formatting

Each parallel corpus is read line by line; we verify
that the source and target files contain an identical
number of sentence pairs and discard any pair in
which either side is empty after whitespace strip-
ping. No further text normalization is applied prior
to tokenization, and every model uses its native to-
kenizer together with its own language-signaling
mechanism, as illustrated in Figure 1. For NLLB-
200 we set the tokenizer source language, encode
the target side with text_target, and constrain
the decoder at generation time with forced_bos_-
token_id, using the identifiers arb_Arab, eng_-
Latn, hin_Deva, and urd_Arab. For MADLAD-
400 each source sentence is prefixed with a target-
language tag drawn from <2ar>, <2en>, <2hi>,
and <2ur>, with identical formatting for zero-
shot and fine-tuned inference. For GemmaX2-28-
9B each input is cast as an instruction-following
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NLLB-200

tokenizer.src_lang = {src}
model.generate(..., forced_bos_token_id
= tok.convert_tokens_to_ids({tgt}))

e.g. strc=eng_Latn, tgt=urd_Arab

MADLAD-400

<2tgt> {source}
e.g. <2ur> This is a test sentence.

GemmaX2-28-9B

Translate the following text from {srcl} to
{tgt}:

{source}

Translation:

(fine-tuning: {target}</eos> appended here)

Figure 1: Input formats used for each translation model.
Placeholders in braces are replaced at run time; {src}
and {tgt} denote the source and target language identi-
fiers in each model’s own convention.

prompt; during fine-tuning the reference trans-
lation and the EOS token are appended after
Translation:, and the loss is computed over the
complete prompt-source-target sequence without
masking the instruction tokens. All source se-
quences are truncated to 512 tokens. After decod-
ing, outputs are normalized with Unicode NFC,
and for GemmaX2-28-9B, only the first non-empty
generated line is retained.
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Direction

Zero-shot (devtest dataset)

Fine-tuned (devtest dataset)

COMET ChrF2++ BLEU TER| COMET ChrF2++ BLEU TER|

NLLB-200 (Contrastive-1)

Ar—En  0.829 47.5 21.9 66.7 0.842 53.9
En—Ar  0.864 45.8 15.8 82.6 0.876 49.0
Ar—Hi  0.709 46.1 29.5 67.9 0.735 50.9
Hi—Ar  0.847 42.8 139 84.3 0.859 46.0
Ar—Ur  0.781 43.6 25.1 70.6 0.800 48.6
Ur—Ar  0.854 42.5 144 81.5 0.865 45.8
Avg. 0.814 447 20.1 75.6 0.829 49.0
MADLAD-400 (Primary)
Ar—En  0.830 46.5 20.8 67.6 0.848 56.5
En—Ar  0.867 46.0 15.7 81.7 0.883 51.1
Ar—Hi  0.704 42.2 25.6 70.0 0.742 51.7
Hi—Ar  0.855 44.7 14.6 83.6 0.869 48.7
Ar—Ur  0.752 35.8 16.9 75.2 0.792 46.3
Ur—Ar  0.863 441 14.5 84.1 0.876 479
Avg. 0.812 43.2 18.0 77.0 0.835 50.4
GemmaX2-28-9B (Contrastive-2)
Ar—En  0.831 47.7 21.9 67.4 0.844 56.4
En—Ar  0.601 10.5 3.1 1224 0.874 48.8
Ar—Hi  0.442 0.9 0.1 1019  0.726 49.6
Hi—Ar  0.578 0.8 0.1 128.8  0.859 45.8
Ar—Ur 0461 0.6 0.2 101.0  0.794 47.6
Ur—Ar  0.541 1.2 0.2 1282  0.867 454
Avg. 0.576 10.3 4.3 108.3  0.827 48.9

292 60.3
21.1 71.8
352 639
17.8  75.6
322 652
179 757
256 687
323 575
243 673
364 633
21.6  70.5
28.1 68.0
20.8 719
273 664
313 605
21.7 1705
342 688
184 757
31.1 69.2
176 76.6
257 70.2

Table 5: Zero-shot and fine-tuned results for all three systems on the devtest split. COMET denotes COMET-22;
for TER lower is better. Avg. is the macro-average over the six directions. Official blind-test rankings are given in

Table 4.
Direction/Source GemmaX2 MADLAD-400 NLLB-200
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Table 6: Qualitative comparison of zero-shot (orange) and fine-tuned (green) outputs across the three systems.
Source segments are shown beneath each translation direction.
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