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Abstract

We describe the Charles University CUNI-AR
submission to the WMT26 General Translation
shared task for English into Egyptian Arabic.
Our pipeline is built around GEMBA (LLM-
as-judge) quality estimator that scores transla-
tions independently for accuracy and dialect
authenticity. We use it throughout our pipeline:
to filter training data, to construct preference
pairs for DPO, to select best checkpoints, and
to pick the best hypothesis per segment at in-
ference time. Our primary translation model
is Gemma-4-12B-it finetuned via QLoRA, we
also finetune Jais-2-8B-Chat and Aya-expanse-
8B. Gemma-4-12B-it provides a high-quality
Egyptian Arabic translation, so SFT yields only
marginal quality gains in automatic metrics;
DPO is able to improve the metrics it optimizes
for, but the real gain in translation quality is to
be assessed by human evaluation. The final sub-
mission selects the best-scoring translation per
segment from 31 candidate checkpoints, with
the unmodified base model contributing 31%
of the output.

1 Introduction

Translating into Arabic dialectal varieties poses
challenges that go beyond those of standard ma-
chine translation into high-resource languages.
Both spoken language and written norms differ
across varieties, and the boundaries between di-
alects are gradient rather than discrete. Standard
quality-estimation models such as COMET-QE
treat Arabic as a single language and have no mech-
anism to assess whether a translation is idiomatic
in the desired variety, making it harder to auto-
matically evaluate the quality of the translation.
Dialect-differentiated test sets are scarce, SO even
reference-based metrics do not solve the issue.
Our submission (team CUNI-AR) is built
around a quality estimation using LLM as a
judge (GEMBA), which scores translations inde-
pendently for accuracy (meaning preservation) and

dialect authenticity (idiomatic correctness for the
target variety). We use this signal at every stage
of the pipeline: to filter training data, to construct
preference pairs for Direct Preference Optimiza-
tion (DPO), to select checkpoints after finetuning,
and to perform segment-level best translation selec-
tion at inference time. For the translation models
themselves we finetune Gemma-4-12B-it (Team,
2026), Jais-2-8B-Chat (Anwar et al., 2026) and
Aya-expanse-8B (Dang et al., 2024) using QLoRA
(Dettmers et al., 2023) both for supervised finetun-
ing (SFT) and direct/contrastive preference opti-
mization (DPO/CPO).

The main findings of our work are as follows.
First, GEMBA with a Gemma-4-31B-it judge cor-
relates strongly with WMT25 human scores (Pear-
son r = 0.916 overall), validating its use as a
quality signal. Second, supervised finetuning on
GEMBA -filtered synthetic data (WMT23 English
sources machine translated to multiple Arabic di-
alects) yields only marginal or negative gains on
chrF and GEMBA, indicating that Gemma-4-12B-
it is already a strong Egyptian Arabic translator out
of the box (at least compared to other models used
to create the synthetic data). With the exception
of the Alexandria dataset, all the other datasets we
used for finetuning decreased both GEMBA and
ChrF scores on the WMT?25 test set. Finally, DPO
on preference pairs that include both intra-dialect —
choosing the best-scoring translation among multi-
ple options, and cross-dialect signal — pairing the
best translation into the target dialect against the
best translation into a different dialect — improves
GEMBA scores beyond the best SFT checkpoint.

The paper is organized as follows. Section 2
describes the related work. Section 3 describes the
experimental setup, including base model selection,
the GEMBA estimator, datasets, and finetuning
procedures. Section 4 reports results for SFT, DPO,
and the final segment-level ensemble.
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2 Related Work

Arabic MT has evolved through the same broad
paradigm shifts as the wider field. Early systems
combined rule-based and phrase-based statistical
approaches with dedicated morphological analysis
to handle Arabic’s complex inflectional morphol-
ogy (Habash, 2010; Habash and Hu, 2009). The
rise of Transformer-based NMT (Vaswani et al.,
2017) rendered many of these hand-crafted compo-
nents obsolete, yielding strong results on standard
Arabic benchmarks (Almahairi et al., 2016; Dur-
rani et al., 2016). More recently, large language
models finetuned for Arabic have pushed quality
further (Nagoudi et al., 2022a,b) — a broader com-
parison of current Arabic-capable LLMs is given in
Table 1 and Figure 1. Dialectal Arabic MT poses
additional challenges: parallel data are scarce, or-
thographic conventions are unstable, and dialects
diverge substantially from MSA and from each
other. Early approaches pivoted through MSA as
an intermediate (Sajjad et al., 2013; Salloum and
Habash, 2013); later work finetuned models di-
rectly on dialect data (Zbib et al., 2012; Nagoudi
et al., 2021). The MADAR corpus provided the
first broad-coverage dialectal resource (Bouamor
et al., 2018), and Egyptian Arabic in particular
has attracted attention as the most widely under-
stood spoken variety (Darwish et al., 2021). IWSLT
has included dialectal tracks (Tunisian, Levantine)
since 2024, where LLMs have proved competitive
(Ahmad et al., 2024; Abdulmumin et al., 2025;
Ben Kheder et al., 2024; Jon et al., 2025).

The GEMBA framework addresses this by
prompting an LLM to score translations on explicit
criteria (Kocmi and Federmann, 2023a,b); we ex-
tend it with a dialect authenticity dimension and
use it as the central quality signal throughout our
pipeline. Preference optimization methods—DPO
(Rafailov et al., 2023) and related contrastive objec-
tives (CPO; Xu et al. (2024))—have recently been
applied to MT to push finetuned models beyond
what supervised training alone achieves.

3 Experimental setting

This section contains an overview of our experimen-
tal setting, including models, datasets and tools.

3.1 Base Models

We have run extensive evaluation of LLMs on
translating from English into Arabic dialects, ex-
tending our previous work from Jon et al. (2026).

CHRF

Model 24++sa  24++eg 25eg
EuroLLM-22B-Instruct 40.6 37.1 33.6
EuroLLM-9B-Instruct 39.9 35.7 31.0
Fanar-1-9B-Instruct 39.5 36.8 34.3

Fanar-2-27B-Instruct 42.7 394 354
Jais-2-70B-Chat 42.3 449 40.6
Jais-2-8B-Chat 39.6 42.8 374
Karnak-40B-v1.0 35.6 39.3 33.1

Karnak-6B-v1.0 41.1 41.1 37.6
Karnak-70B-LLAMA-v1.0 41.3 39.5 35.1

Llama-3.3-70B-Instruct 39.9 38.5 352
Mistral-Small-3.2-24B 38.9 35.7 32.2
Mistral-Small-4-119B 40.6 40.5 36.2
Nile-Chat-12B 38.5 42.7 38.0
Qwen3-14B 39.8 35.8 32.6
aya-expanse-32b 41.9 40.9 37.7
aya-expanse-8b 40.7 36.4 34.0
c4ai-command-r-08-2024 41.7 40.7 38.1

c4ai-command-r-v0O1 36.4 343 32.8
gemma-3-27b-it 42.5 41.3 39.3
gemma-4-12B-it 44.1 47.2 43.9
gemma-4-31B-it 44.2 47.5 44.5

Table 1: CHRF scores on WMT24++ Saudi and Egyp-
tian Arabic (24++ sa and 24++ eg) and on WMT25
Egyptian Arabic test set (25 eg) for multiple LLMs.

We expanded the original list of compared mod-
els with newly published Gemma 4 (31B) and
Karnak (6B, 40B and 70B) and the list of test
sets by the WMT25 and WMT24++ English to
Egyptian Arabic and Saudi Arabic test sets (Kocmi
et al., 2025; Deutsch et al., 2025), while using the
same inference setup and postprocessing. Table
1 and Figure 1 show ChrF scores on the WMT
and MADAR datasets, respectively. Table 7 in Ap-
pendix A shows the corresponding BLEU scores
on the WMT test sets. Note that the references
are not secret, so they might have been used in the
models’ training data, especially in the case of the
older MADAR test set.

Based on the results, we selected several models
for finetuning:

* Gemma-4-12B-it — our primary model
throughout the experiments. In automated
metrics, it performs only slightly worse
than the 31B and the number of parameters
fits within the WMT constrained-track limit
(<20B parameters).

¢ Gemma-4-31B-it — used for some of the ex-
periments and GEMBA scoring, but not in the
final submission.

* Jais-2-8B-Chat — a well-performing Arabic-
specialized model.
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CHRF Scores: All Test Sets vs All Models
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Figure 1: ChrF scores on MADAR test sets.

* Aya-expanse-8B — a lower-performing model
included to assess how much finetuning can
help.

3.2 GEMBA evaluation

Standard quality estimation (QE) models, like
COMET-QE, are not suitable for dialectal Arabic,
since it is not possible to indicate the target lan-
guage/dialect. Thus, they have no way of taking
the dialectalness into account when scoring. In
multiple stages of our pipeline, we experimented
with prompting multiple LLMs (method also called
GEMBA) to score the translations along two dimen-
sions:

* Accuracy — whether the translation faithfully
conveys the meaning of the source.

* Dialect authenticity — whether the target
text is in the desired Arabic variety.

We correlated the produced scores with the
WMT25 human evaluation on the Egyptian Arabic
translation. The results are shown in Table 2. We
see that Gemma 4 GEMBA scores correlate quite
well with the human scores, even though not for

all the systems, suggesting that some types of er-
rors made by these systems might go unnoticed.
We chose to use Gemma 4 as the main source of
the GEMBA scores in the following experiments,
even though we note that our base models are also
Gemma 4 and scoring their outputs by themselves
is not optimal, for example in the DPO stage.

Table 3 reports GEMBA accuracy, dialect au-
thenticity, and combined scores for a selection of
WMT?25 competition systems alongside our un-
modified base models, evaluated by two judge sizes
(Gemma-4-12B-it and Gemma-4-31B-it).

The split into accuracy and dialect immediately
clarifies the low human rankings at the bottom of
the WMT?25 field: AyaExpanse-8B scores 57 on
accuracy but only 1-3 on dialect authenticity un-
der both judges, and Algharb shows the same pat-
tern (accuracy 63-68, dialect 0.7-2.2). These sys-
tems translate into Modern Standard Arabic rather
than Egyptian Arabic, which human raters penal-
ize heavily — and GEMBA captures this correctly.
Aya-expanse-8b re-evaluated with our pipeline on
the same 199 WMT?25 test segments, yields 58.7 /
3.1/30.9 (G-12B) and 56.8 / 1.4 / 29.1 (G-31B),
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System Hum. Gemma-4-12B Gemma-4-31B Gemma-3-27B Aya-Exp-8B Jais-2-8B Jais-2-70B GPT-5.4-nano
Acc. Dial. Comb. Acc. Dial. Comb. Acc. Dial. Comb. Acc. Dial. Comb. Acc. Dial. Comb. Acc. Dial. Comb. Acc. Dial. Comb.
GPT-4.1 77.0 0310 0.334 0.368 0.250 0.293 0.283 0.326 0.243 0.358 -0.071 0.003 -0.035 0.079 0.025 0.064 0.263 0.090 0.191 0.164 0.169 0.197
CommandA 74.0 0.260 0.677 0.609 0309 0.650 0.611 0.214 0.115 0.190 0211 0.128 0.206 0.066 -0.008 0.026 0.175 0.102 0.168 0.170 0.349 0.287
Gemini-2.5-Pro  60.6 0.587 0.974 0.942 0.718 0.973 0.955 0.163 0493 0.378 -0.165 -0.126 -0.172 -0.015 -0.025 -0.026 0.147 0.519 0492 0.153 0.675 0.583
DeepSeek-V3 56.8 0.326 0.877 0.819 0.330 0.838 0.782 -0.096 0.156 0.060 -0.182 -0.050 -0.134 0.103 -0.064 0.022 0.022 0.347 0.316 -0.063 0.506 0.352
Claude-4 55.7 0.599 0.879 0.855 0.638 0.860 0.841 0.026 0.369 0.233 -0.089 -0.078 -0.102 0.127 -0.064 0.002 0.117 0366 0.346 0.051 0.659 0.556
IRB-MT 519 0.349 0.838 0.798 0.217 0.839 0.739 0.024 0.313 0.237 -0.141 -0.030 -0.089 0.038 0.011 0.030 0.075 0314 0.290 -0.063 0.506 0.357
Mistral-Medium ~ 36.0 0.565 0.916 0.884 0.567 0.932 0.887 -0.082 0.272 0.143 -0.142 0.001 -0.064 0.006 -0.112 -0.084 -0.041 0.364 0.305 -0.042 0.541 0.401
CommandA-MT  34.6 0.700 0.952 0.926 0.695 0.961 0.933 -0.165 0.316 0.170 -0.170 0.064 -0.018 -0.089 -0.202 -0.218 -0.207 0.282 0.096 -0.043 0.589 0.530
UvA-MT 29.0 0.553 0.838 0.820 0.546 0.893 0.868 -0.164 0.220 0.062 -0.164 0.111 0.015 0.038 -0.083 -0.037 -0.127 0.225 0.166 -0.076 0.507 0.443
CommandR7B 3.7 0.268 0.798 0.636 0.239 0.841 0.637 -0.087 -0.055 -0.079 -0.110 0.083 0.011 -0.030 0.090 0.046 -0.164 0.065 -0.167 -0.054 0.251 0.164
GemTrans 3.7 0.129 0.683 0423 0.152 0.734 0475 -0.211 -0.120 -0.185 -0.063 0.118 0.059 0.092 0.107 0.131 -0.134 0.076 0.030 -0.144 0.118 0.064
Algharb 32 0.092 0.624 0.289 0.157 0.609 0.355 -0.173 -0.088 -0.131 0.053 0.083 0.090 -0.006 0.042 0.027 -0.185 0.010 -0.165 -0.064 0.040 0.021
Shy 32 0.179 0.753 0.507 0.155 0.777 0.525 -0.071 0.068 0.026 -0.070 0.045 0.007 0.088 0.113 0.132 0.127 0.020 0.052 0.039 0.092 0.095
AyaExpanse-8B 2.0 0.114 0.691 0.350 0.123 0.816 0425 -0.125 -0.155 -0.161 -0.065 0.030 0.001 -0.034 0.063 0.026 -0.049 0.039 -0.070 0.004 0.172 0.133
ONLINE-B 1.7 0.118 0.617 0.341 0.072 0.672 0.323 -0.126 -0.215 -0.207 -0.071 0.013 -0.004 0.064 0.063 0.089 0.001 -0.038 -0.008 -0.070 0.159 0.115
Yolu 1.4 0.091 0.545 0.286 0.137 0.754 0.388 -0.037 -0.209 -0.170 0.142 0.184 0.207 -0.020 0.075 0.037 0.056 0.087 0.096 0.031 0.133 0.116
‘Wenyiil 1.4 0.125 0.735 0.353 0.114 0.793 0.386 -0.029 -0.118 -0.104 0.147 0.108 0.149 0.059 0.073 0.085 0.010 0.053 0.050 0.012 0.012 0.014
SRPOL 0.9 0.102 0.701 0.326 0.109 0.836 0402 0.006 -0.159 -0.119 0.160 0.165 0.202 0.056 0.050 0.070 0.160 0.102 0.134 0.112 0.128 0.151
Overall 27.6 0.617 0.948 0.910 0.643 0.952 0.916 -0.056 0.348 0.226 -0.253 0.031 -0.093 0.009 -0.042 -0.026 0.026 0.368 0.319 -0.017 0.551 0.465

Table 2: Pearson r between GEMBA and WMT25 human scores (English—Egyptian Arabic) by WMT?25 system
and GEMBA judge model. Acc. = accuracy, Dial. = dialect authenticity, Comb. = combined. Human scores are
MQM-style DA on a 0-100 scale; systems sorted by average human score (descending).

compared to 56.8 /2.5/29.7 and 55.4 /0.9 /28.2
in the WMT?25 scoring. The small discrepancy is
expected: mostly due to a different prompt and
decoding parameters.

Overscoring by GEMBA The first form of
overscoring concerns the absolute calibration of
GEMBA scores against human direct assessment
(DA). Although both GEMBA and human DA nom-
inally use a 0-100 scale, they are not aligned. Even
if we focus on the more correlated dialect score,
it tends to overestimate the quality compared to
human evaluators, especially at the high end (e.g.
77 human vs 94.5 dialect GEMBA for GPT-4.1).

The second form of overscoring, which we
hypothesize, is towards the GEMBA evaluator
model’s own outputs (or outputs of the models from
the same family). It is probable that the quality of
Gemma-produced translations is overestimated by
a Gemma-based GEMBA evaluator. As we do not
have human evaluations available for the Gemma
models we use, we could not test this hypothesis.
However, we still used Gemma 4 models both for
translating and quality estimation, keeping this risk
in mind, since no other models came close to it in
terms of correlation with human judgment.

3.3 Tools

Training All finetuning was implemented with
the HuggingFace transformers library (Wolf
et al., 2020) and the TRL library (von Werra et al.,
2020) for SFT and DPO trainers. LoRA adapters
were managed via PEFT (Mangrulkar et al., 2022).
4-bit QLoRA quantisation used bitsandbytes
(Dettmers et al., 2023).

Inference Translation and GEMBA scoring were
performed with vLLM (Kwon et al., 2023).

Evaluation ChrF (Popovié, 2015) and BLEU
(Papineni et al., 2002) were computed with
SacreBLEU (Post, 2018). GEMBA scoring used
our own implementation on top of vLLM-served
judge models. Prompts are given in Appendix B.

3.4 Datasets

We have experimented with multiple datasets, listed
in Table 4. We created the WMT?23 dataset by trans-
lating all of the source segments of WMT23 dev
sets using gpt-5.4-nano, Gemma-4-{12,31}B-it and
Jais-2-{8,70}B-Chat into 21 Arabic dialects, which
we name by the countries in which they are used:
Egyptian Arabic (eg), Saudi Arabic (sa), Jordanian
Arabic (jo), Palestinian Arabic (ps), Lebanese Ara-
bic (Ib), Syrian Arabic (sy), Moroccan Arabic (ma),
Mauritanian Arabic (mr), Tunisian Arabic (tn), Al-
gerian Arabic (dz), Libyan Arabic (ly), Iraqi Ara-
bic (iq), Sudanese Arabic (sd), Omani Arabic (om),
Yemeni Arabic (ye), Emirati Arabic (ae), Bahraini
Arabic (bh), Kuwaiti Arabic (kw), Qatari Arabic
(qa), Chadian Arabic (td) and Modern Standard
Arabic (msa). We note that this is not a perfect
approach to distinguish the dialects, since many
dialects are used across multiple countries and mul-
tiple dialects can be used in a single country, but
we have chosen this approach to align with the
MADAR dev/test set we used for evaluation. We
then scored all the translations with GEMBA with
Gemma-4-31B-it model. These scores were used
both for filtering the dataset for SFT and to choose
the preferred translations for the preference opti-
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Gemma-4-12B-it
Dial.

Gemma-4-31B-it
Comb. Acc. Dial. Comb.

System Hum. Acc.

WMT25 Egyptian Arabic competition systems (sorted by human score)

GPT-4.1 77.0 932 92.1 926 963 945 95.4
CommandA 74.0 90.7 86.7 88.7 94.6 85.7 90.2
Gemini-2.5-Pro 60.6 889 68.0 784 90.2 68.2 79.2
Mistral-Medium 36.0 782 455 619 774 362 56.8
CommandA-MT 346 755 415 585 782 38.6 58.4

AyaExpanse-8B 20 568 25 29.7
Algharb 32 630 22 326

554 09 28.2
679 0.7 343

Our base models on WMT25 Egyptian Arabic test set (no finetuning)

Gemma-4-12B-it — 954 930 942 969 937 95.3
Jais-2-8B-Chat — 775 742 759 743 64.0 69.2
Aya-expanse-8B — 587 31 309 550 1.2 28.1

Table 3: GEMBA accuracy (Acc.), dialect authenticity (Dial.), and combined score (Comb., 0—100) for selected
WMT?25 Egyptian Arabic competition systems and our unmodified base models, under two judge sizes. Human
scores (Hum.) are MQM-style DA averages from the WMT25 evaluation.

mization methods. We call the filtered SFT dataset
wmt23-gemba and the PO dataset wmt23-po.

Our backtranslated HPLT dataset is based on
version 3.0 of originally a monolingual dataset
compiled by the HPLT project'. It contains fine-
grained language identification, differentiating be-
tween Arabic dialects (Levantine, Tunisian, Egyp-
tian, Moroccan, Najdi and MSA). We backtrans-
lated the texts into English using Gemma-4-31B-it
to obtain a synthetic parallel dataset.

Alexandria conversational dataset
(alexandria). The UBC-NLP/Alexandria
dataset (EL Mekki et al., 2026) provides multi-turn
bilingual conversations (English <+ 13 Arabic di-
alectal varieties) covering Egypt, Jordan, Lebanon,
Libya, Mauritania, Morocco, Oman, Palestine,
Saudi Arabia, Sudan, Syria, Tunisia, and Yemen.
We used the full training split.

Other datasets listed in Table 4 are either parallel
or monolingual resources found on HuggingFace.

For evaluation, we use WMT?25 test set (Kocmi
et al., 2025), Alexandria dev split and MADAR
(Sajjad et al., 2020) dev and test sets.

3.5 Finetuning

SFT We have finetuned the pretrained models
using QLoRA. We compared Aya-expanse-8B,
Gemma-4-12B-it and Jais-2-8B-Chat as the base
pretrained models and we finetuned them on dif-
ferent combinations of all datasets. Target dialect
sets ranged from Egyptian Arabic only to 21 Ara-
bic varieties. As the sweep narrowed, Gemma-
4-12B-it and Jais-2-8B-Chat became the primary

"https://hplt-project.org/datasets/v3.0

base models, with training data converging on
GEMBA-filtered WMT23 synth data with and
without Alexandria (other datasets did not bring
any increases in ChrF scores on the WMT?25 test
set). Across all models we swept LoORA rank r €
{4,8,16,32,64, 128}, LoORA o = 2r and learning
rates {1e-5, 2e-5, 4e-5, e-5, 6e-5, 6.36e-5}. Train-
ing ran for up to 8,000 steps in early broad runs and
was capped at 1,000 steps in focused later runs.

DPO We generated preference pairs from the
same pool of WMT23 hypotheses used for SFT,
i.e., for each of the 22,518 WMT23 source sen-
tences, multiple translations were produced across
21 Arabic dialect varieties, each scored by GEMBA
(Gemma-4-31B-it judge) along two dimensions: ac-
curacy and dialect authenticity. We used the mean
of the two scores as a single combined quality sig-
nal.

We constructed two complementary pair types.
Within-dialect pairs contrast translations of the
same source into the same target dialect produced
by different translation models: the higher-scoring
hypothesis is chosen and any lower-scoring hypoth-
esis is rejected, provided the chosen score meets
a minimum threshold (combined GEMBA > 95)
and the score gap is positive. Cross-dialect pairs
use the best-scoring translation into dialect A as
the chosen side and the best-scoring translation of
the same source into a different dialect B as the
rejected side, where the prompt requested dialect
A. This gives the model a direct signal that pro-
ducing the wrong variety is undesirable, even if
that variety would otherwise score well on accu-
racy. To avoid spurious negative signal, we ex-
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Dataset (HuggingFace ID)

Dialects Size

Parallel corpora (SFT)

UBC-NLP/alexandria
IbrahimAmin/arz-en-parallel-corpus
HeshamHaroon/ArzEn-MultiGenre
HeshamHaroon/Egyptian_English_parallel

Omar-youssef/English-Egyptian-Arabic-Translation-Pairs

Monolingual, back-translated (SFT)
yrrhall/arabic-dialect-corpus

Omartificial-Intelligence-Space/FineWeb2-Egyptian-Arabic

Omar-youssef/QA_LAW_Egyptian_dataset
HPLT 3.0 (web crawl, back-translated)
Monolingual, forward-translated (SFT)

WMT23 translations®
Preference pairs (DPO/CPO)

WMT23 pref. pairs®

13 varieties® ~70K turns
Egyptian 24K segs
Egyptian 25K segs
Egyptian 874 segs
Egyptian 8K segs
MSA, Egyptian, Saudi 150K segs
Egyptian 50K segs
Egyptian 3.7K segs
Multiple —
21 varieties ~200K segs
21 varieties 536k pairs

Table 4: All training data sources used across SFT and DPO experiments. Segment counts reflect training examples
(source-hypothesis pairs) after dialect filtering; sizes vary by dialect subset used in each run.
¢ Derived from WMT23 English—Arabic system outputs translated into 21 Arabic varieties using multiple MT

systems (22,518 source segments per dialect).

®EG, JO, LB, LY, MA, MR, OM, PS, SA, SD, SY, TN, YE.

cluded cross-dialect pairs where the two dialects
belong to the same equivalence group (Gulf cluster:
ae/bh/kw/om/ga/sa; Levantine: jo/ps; Maghrebi:
dz/ly/ma/mr/td). The resulting dataset contains
535,688 pairs in total: 344,513 within-dialect and
191,175 cross-dialect.

We applied DPO either starting from the base
model weights or from an SFT checkpoint in the
final experiments. Training used either a CPO
loss or a composite loss combining the standard
DPO sigmoid objective (weight 0.8), a BCO pair
loss (weight 0.2), and an SFT cross-entropy loss
on the chosen translations (weight 1.0). We set
B = 0.1, trained for 3 epochs, and used a batch
size of 64 (1 example, 64 gradient accumula-
tion steps), maximum sequence length 512 tokens,
LoRA r € {8,64,128}, LoRA a = 2r and learn-
ing rates € {3e-5, 6e-5}. Checkpoints were saved
and evaluated every 25 steps against the WMT25
Egyptian Arabic held-out set via ChrF.

4 Results

This section describes the results obtained in our
experiments.

4.1 Supervised finetuning

We ran 123 SFT experiments spanning three base
models, six LoRA ranks, six learning rates, and
multiple data combinations. We present our find-
ings in the following paragraphs. ChrF and
GEMBA scores on the WMT?2S5 test set for best

or interesting training runs are shown in Table 5,
the corresponding WMT26 GEMBA scores are in
Table 9 in the Appendix.

Base model Gemma-4-12B-it was the winner
across all configurations. It achieved average com-
bined GEMBA of 94.23 and ChrF of 42.65 on
the WMT?25 validation set, compared to 75.88
GEMBA and 36.63 chrF for Jais-2-8B-Chat and
30.88/32.67 Aya-expanse-8B.

SFT doesn’t improve metrics of a good base
model A notable result is that the unmodified
Gemma-4-12B-it base model already scores 42.65
ChrF and 94.23 GEMBA on the WMT?25 validation
set — higher than most finetuned checkpoints. We
actually used 4-bit quantized version of the model
for the finetuning, so the starting scores were 42.1
and 93.54, but we consider it fairer to compare the
results with the full precision baseline.

ChrF and GEMBA scores of finetuned models
rarely exceeded the base model (or by a very small
margin compared to 4-bit quantized version of the
base model), suggesting that Gemma-4-12B-it al-
ready produces high-quality Egyptian Arabic and
that even our best SFT configs do not help with
the translation quality. Also, we are computing the
GEMBA scores with the Gemma-4-12B-it model it-
self, so the scores might be biased towards the base,
non-finetuned model. Additionally, the finetuning
1s done on WMT23-GEMBA dataset, where most
of the selected target translations are already pro-
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r Ir Data @step ChrF GEMBA
Base model — Gemma-4-12B-it (no finetuning)

— — — — 42.65 94.23
Base model — Jais-2-8B-Chat (no finetuning, not used in the final submission)
— — — — 36.63 75.88
Base model — Aya-expanse-8B (no finetuning, not used in the final submission)
- — — — 32,67 30.88
SFT— Aya-expanse-8B (best SFT checkpoint, not used in the final submission)
128 5e-5 G+A (eg) 800 39.50 79.14
SFT — Gemma-4-12B-it

128 6e-5 G (eg) 400 42.21 94.07
128 6e-5 G (eg) 700 42.22 93.56
128 6e-5 G+A (eg) 500 42.05 93.75
128 6e-5 G+A (eg) 600 42.40 94.18
128 6e-5 G+A (eg-tn-msa) 300 42.29 93.54
128 6e-5 G+A (eg-tn-msa) 600 42.64 94.06
128 6e-5 G+A (eg-tn-msa) 1000 42.46 93.71
128 6e-5 G+A (eg-tn-msa)” 400 42.26 93.48
128 6e-5 G+A (eg-tn-msa)”* 500 42.39 93.98
32 2e-5 G (eg-tn-msa) 50 42.63 94.34
32 5e-6 G (eg-tn-msa) 100 42.66 94.08
32 S5e-6 G (eg-tn-msa) 300 42.69 94.24
SFT — Jais-2-8B-Chat

128 6e-5 G+A (eg) 200 39.65 88.43
128 6e-5 G+A (eg-tn-msa) 1000 40.50 87.54
128 6e-5 G+A (eg-tn-msa)* 500 40.28 88.53
128 6e-5 G+A (eg-tn-msa)” 800 40.52 87.99
PO — DPO from base, Gemma-4-12B-it, within + cross-dialect, eg-tn-msa

128 3e-5 wmt23-po 25 4225 94.94
128 3e-5 wmt23-po 50 42.90 94.92
128 3e-5" wmt23-po 25 4221 94.63
128 3e-5" wmt23-po 50 42.76 94.29
128 6e-5 wmt23-po 25 41.71 94.48
128 6e-5 wmt23-po 50 42.70 93.92
128 3e-5 wmt23-po 25 4237 94.90
128 3e-5 wmt23-po 50 42.75 94.82
128 6e-5 wmt23-po 25 41.74 94.55
128 6e-5 wmt23-po 75 43.25 94.39
128 6e-5% wmt23-po 50 43.64 93.29
128 6e-5F wmt23-po 75 4254 93.81
PO — DPO from SFT@500, Gemma-4-12B-it, wnt23-po, min-sc = 90

128 5S5e-5 wmt23-po 20 41.84 93.95
128 5e-5 wmt23-po 20 41.75 94.00

Final ensemble — segment-level GEMBA selection across all 31 checkpoints

42.62 97.41

Table 5: WMT?25 Egyptian Arabic test-set scores (Gemma-4-12B-it judge; 199 segments) for all 31 checkpoints
in the final pool and the segment-level ensemble. GEMBA is %(acc + dial). G = GEMBA-filtered WMT23; A =
Alexandria. * pairs of runs with identical hyperparameters, different seeds; f * same for DPO runs.

duced by the Gemma-4-31B-it or Gemma-4-12B-it,
leaving too few new translations for the model to
learn from. For Jais-2-8B-Chat, the improvements
in both metrics after SFT are more clear. Table 9
in Appendix C shows that there are some gains in
GEMBA scores after SFT on the WMT26 test set
even for the Gemma model.

Training data Most datasets led to a decrease in
automated metrics. The best-performing dataset

was our synthetic WMT23-GEMBA, filtered to
only contain examples with GEMBA score >
95. Adding Alexandria conversational data to the
GEMBA -filtered WMT23 translations (G+A) con-
sistently improved dialect authenticity scores over
WMT23-GEMBA-only training (G), with the gains
most visible on ChrF. Including all 21 Arabic di-
alect targets in training (eg-tn-msa and broader
sets) generally matched or exceeded Egyptian-only
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Model / training category Segments %0
Gemma-4-12B-it (no finetuning) 200 30.9
SFT — wmt23-gemba, no alx 152 23.5
SFT — wmt23-gemba + alx (Gemma) 49 7.6
SFT — wmt23-gemba + alx (Jais) 27 4.2
DPO — wmt23-pairs 197 30.4
Alexandria SFT — DPO 23 3.5
Total 648 100.0

Table 6: Segment-level contribution of each model cat-
egory in the final ensemble submission. For each of
the 648 test segments (Egyptian Arabic arz/arz_Arab,
Tunisian aeb, MSA ar_AR), the hypothesis with the
highest combined GEMBA score (Gemma-4-12B-it
judge) was selected from 31 candidate checkpoints. Alx
means Alexandria dataset.

training, likely because broader dialect coverage
acts as a regularizer.

Hyperparameters LoRA rank r = 128 was the
strongest setting for most configurations, though
r = 32 with a lower learning rate (2e-5) achieved
the highest finetuned-checkpoint GEMBA score
(94.34). The best-performing learning rate was
6e-5 for r = 128 runs. Checkpoints typically
peaked early (steps 50-700) and degraded or
plateaued thereafter, so the 1,000-step training bud-
get was sufficient.

4.2 Preference optimization

Aside from the hyperparameters, we varied the
preference pairs dataset for the training. We tried
filtering it by GEMBA score thresholds of 80, 90
and 95 for the positive examples. We have also
tried using only intra-dialect pairs vs. cross-dialect
pairs. We compared the DPO and CPO loss func-
tions.

DPO training on high-quality preference pairs
(chosen GEMBA > 95, including both within-
dialect and cross-dialect pairs) improved the com-
bined GEMBA score by ~ 0.7 points over the best
SFT checkpoint on the WMT?25 test set and by
~ 0.3 points on WMT?26. The best DPO configura-
tion used Ir = 3e-5, = 0.1.

4.3 Final submission

For the final submission, we selected 20 runs with
the best ChrF scores on the dev set (first 150 sen-
tences of the WMT?25 test set) across SFT and PO
finetuned models. From these 20 runs, we then se-
lected the top 30 checkpoints based on the GEMBA
score on the WMT?25 test set, with at most 2 check-
points per each run (model configuration) selected.

We translated the WMT26 test set with each se-
lected checkpoint and we also added translations by
the original base model to the pool. We computed
the GEMBA score on the WMT26 test set using
Gemma-4-12B. For each test example, we selected
the best-scoring translation. The per-model type
breakdown is shown in Table 6. Almost all of the
translation models were Gemma-4-12B with small
LoRA adapters on top of them, so even though the
submission is not considered constrained by the
official rules, the total number of different param-
eters involved is under the 20B limit (same base
12B for translation and scoring and a small number
of LoRA adapter parameters on top of them). The
only exception is 27 (4.2%) sentences that were
translated by a finetuned Jais 8B model. 30.9%
of translations were chosen from the base model
without any finetuning, however, this exact model
was used for the GEMBA scoring for the selection,
so preference for its own outputs could be expected.
The per-model breakdown for the WMT?25 test set
ensemble is reported in Table 8 in the Appendix C.

4.4 Manual inspection

To complement the automatic evaluation, we man-
ually inspected the first 50 translations and their
Gemma-12B-it GEMBA assessments. The inspec-
tion suggests that, although the LLM is generally
effective at identifying clear differences in trans-
lation quality, it can overlook errors that are sub-
tle but noticeable to a native speaker, particularly
those affecting fluency, dialect authenticity, lexical
choice, and overly literal or word-for-word phras-
ing. Several translations received very high accu-
racy or dialect scores despite containing slightly un-
natural Egyptian Arabic, MSA-influenced spelling,
awkward constructions, minor mistranslations, or
typographical errors. A particularly illustrative
case is the first inspected example, “You could
tell those fuckers where to get off.” The explicit
insult “fuckers” is not faithfully represented in the
translation, yet the GEMBA reasoning effectively
treats the Arabic expression as accounting for both
the insult and the idiom, leading to a high assess-
ment despite the loss of this source-side detail. We
also observed cases of word-by-word translations,
where the resulting sentence was unnatural or even
difficult to interpret as a whole, as well as overly
literal translations that GEMBA scored close to per-
fectly. Overall, the manual inspection indicates that
our Gemma-12B-it GEMBA assessment captures
broad semantic adequacy and dialect differences
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well, but is less reliable for fine-grained errors in
naturalness, register, idiomaticity, and exact mean-
ing preservation that are readily apparent to a native
speaker. It is important to note again that the trans-
lations were also produced by a finetuned Gemma-
12B-it model, so it is expected that when the same
model is used as a judge, some translation errors
may be ignored. We plan to carry out a more exten-
sive evaluation after the human assessment scores
of all the competing systems are published.

5 Conclusions

We have compared multiple base models and fine-
tuning methods and datasets with the goal of im-
proving the translation quality on the WMT26
English to Egyptian Arabic task. We saw some
increases in various automatic metrics, however,
the possible real improvement in translation qual-
ity will become clearer after human evaluation.
GEMBA with a Gemma-4-31B-it judge correlated
strongly with WMT?25 human scores (r = 0.916),
validating its use as a development signal through-
out the pipeline. DPO on high-quality cross-dialect
preference pairs provided the largest single quality
step beyond SFT, while segment-level ensemble se-
lection over 31 checkpoints further boosted scores
by exploiting complementary strengths of individ-
ual models. The effect on real, human-perceived
translation quality remains unknown.

Limitations

The limitations of our paper are shared across all
LLM-based research. The evaluation of our meth-
ods is limited by the fact that we use pretrained
LLMs, so it is possible that our test data were part
of their training data. A more specific concern is
that we use the Gemma-4 family both as the pri-
mary translation model and as the GEMBA judge.
A judge model may favor outputs from models
in the same family, which could inflate GEMBA
scores for our Gemma-based checkpoints and bias
segment selection in the ensemble toward them.
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A Base models’ BLEU scores

Evaluation:
BLEU Dialect:

Model 24++sa  24++eg 25eg . .

Score how authentically the following
EuroLLM-22B-Instruct 9.5 7.3 5.3 translation uses {target_lang} (appropriate
EuroLLM-9B-Instruct 9.1 6.6 4.1 dialect, register, and locale conventions)
Fanar-1-9B-Instruct 8.5 7.1 5.3 on a scale from @ to 100, where @ means not
Fanar-2-27B-Instruct 10.5 9.0 5.6 authentic / wrong variety and 100 means fully
Jais-2-70B-Chat 10.9 14.2 9.9 authentic {target_lang}. If a dialect is
Jais-2-8B-Chat 9.0 12.5 8.4 specified and the translation is entirely in
Karnak-40B-v1.0 7.9 10.2 6.7 a different dialect, score the translation 0.
Karnak-6B-v1.0 9.1 110 8.0 You can briefly reason about the errors and
Karnak-70B-LLAMA-v1.0 9.9 9.4 6.2 describe them, but make sure to output a Score:
Llama-3.3-70B-Instruct 8.7 8.1 59 and a single number as the final score at the
M¥stral—Small—3.2—24B 8.8 7.0 4.8 end of the output.
Mlstral-Small-4-119B 9.3 10.6 7.4 {source_lang} source: {source_seg}
Nile-Chat-12B 7.9 118 7.6 {target_lang} translation: {target_seg}
Qwen3-14B 8.3 6.2 4.1 Evaluation:
aya-expanse-32b 9.8 10.2 7.3
aya-expanse-8b 8.7 6.1 4.6
c4ai-command-r-08-2024 9.8 10.1 7.9 C Additional Results
c4ai-command-r-vO1 6.8 5.1 3.9
gemma-3-27b-it 10.1 9.9 8.6 Table 8 reports the per-model breakdown of seg-
gemma-4-12B-it 11.5 15.4 12.9 . . .
gemma-4-31B-it 11.8 15.5 13.6 ment selection in the WMT25 Egyptian Arabic en-

semble (199 segments, same 31-checkpoint pool as

Table 7: BLEU scores on WMT24++ Saudi and Egyp-  the WMT26 submission). Table 9 reports GEMBA
tian Arabic (24++ sa and 24++eg) and on WMT25 Egyp-  scores on the WMT26 test set broken down by

tian Arabic test set (25 eg) for multiple LLMs. dialect for all 31 checkpoints.
Table 7 shows BLEU scores on WMT Arabic = Model / training category Segments %
test sets for multiple LLMs. Gemma-4-12B-it (no finetuning) 48  24.1
SFT — wmt23-gemba 39 19.6
B Prompts SFT — wmt23-gemba + alx (Gemma) 23 11.6
SFT — wmt23-gemba + alx (Jais) 7 3.5
We have used the following prompt for all transla- ~ DPO from base 5 317
i DPO from SFT 7 3.5
tions:
Total 199 100.0
<bos><|turn>system You are a professional,
very precise translator and a native speaker. Table 8: Segment-level contribution of each model cat-
Translate inputs based on the instructions and egory in the WMT25 Egyptian Arabic ensemble. For
always print out only the text of the best each of the 199 test segments the hypothesis with the

possible translation, no explanations. Keep
the same formatting (e.g. markup, lines,
spacing) as the original. Do not translate
untranslatable parts of the input (URLs, code
and similar).<turn|> <|turn>user Translate the
following text into {dialect} Arabic, only
print out the translation. Do not add any
explanations: {text} <turn|>

We have used the following prompts for the
GEMBA scoring: Accuracy:

Score the following translation from
{source_lang} to {target_lang} on a continuous
scale from @ to 100 for translation accuracy
only (meaning preservation and grammar). You
can briefly reason about the errors and
describe them, but make sure to output a Score:
and a single number as the final score at the
end of the output.

{source_lang} source: {source_seg}
{target_lang} translation: {target_seg}
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highest combined GEMBA score (Gemma-4-12B-it
judge) was selected from 31 candidate checkpoints.



GEMBA avg (0-100)
r Ir Data @step aeb ar_ AR arz arz_Arab Avg

Base model — Gemma-4-12B-it (no finetuning)

- — — — 86.57 97.26 94.08 93.64 92.89
Base model — Jais-2-8B-Chat (no finetuning, not used in the final submission)

- — — — 69.23 9236 85.97 78.09 81.41

SFT — Gemma-4-12B-it

128 6e-5 G (eg) 400 85.37 97.58 95.30 95.28 93.38
128 6e-5 G (eg) 700 86.29 97.51 94.42 95.17 93.35
128 6e-5 G+A (eg) 500 85.53 97.54 9491 95.61 93.40
128 6e-5 G+A (eg) 600 8591 97.24 94.59 95.41 93.29

128 6e-5 G+A (eg-tn-msa) 300 86.10 97.67 94.16 94.47 93.10
128 6e-5 G+A (eg-tn-msa) 600 8893 97.15 94.15 94.80 93.76
128 6e-5 G+A (eg-tn-msa) 1000 88.58 97.52 94.95 95.00 94.01
128 6e-5 G+A (eg-tn-msa)” 400 88.29 96.98 94.37 95.27 93.73
128 6e-5 G+A (eg-tn-msa)” 500 89.78 97.15 93.28 9591 94.03

32 2e-5 G (eg-tn-msa) 50 87.54 97.26 94.13 94.06 93.25
32 5e-6 G (eg-tn-msa) 100 86.20 97.13 94.28 94.16 92.94
32 5e-6 G (eg-tn-msa) 300 86.47 97.61 94.26 94.61 93.24
SFT — Jais-2-8B-Chat

128 6e-5 G+A (eg) 200 81.84 94.80 92.54 85.19 88.59

128 6e-5 G+A (eg-tn-msa) 1000 87.04 94.44 9230 88.95 90.68
128 6e-5 G+A (eg-tn-msa)” 500 87.72 95.23 92.78 87.87 90.90
128 6e-5 G+A (eg-tn-msa)” 800 86.90 9445 92.74 88.47 90.64

PO — DPO from base, Gemma-4-12B-it, within + cross-dialect, eg-tn-msa

128 3e-5 wmt23-po 25 88.45 97.66 95.18 95.91 94.30
128 3e-5 wmt23-po 50 87.67 97.29 94.66 95.90 93.88
128 3e-5" wmt23-po 25 87.59 97.50 94.90 95.49 93.87
128 3e-57 wmt23-po 50 85.40 96.08 92.32 96.26 92.51
128 6e-5 wmt23-po 25 85.87 96.89 94.44 96.21 93.35
128 6e-5 wmt23-po 50 79.67 89.12 86.60 96.03 87.85
128 3e-5 wmt23-po 25 86.34 97.51 9457 95.65 93.52
128 3e-5 wmt23-po 50 87.90 97.35 93.59 96.47 93.83
128 6e-5 wmt23-po 25 85.69 97.45 94.53 95.48 93.29
128 6e-5 wmt23-po 75 8239 90.60 89.11 95.74 89.46
128 6e-5* wmt23-po 50 79.79 9372 89.98 95.61 89.77
128 6e-5t wmt23-po 75 7192 86.36 82.74 95.23 84.06
PO — DPO from SFT@500, Gemma-4-12B-it

128 5e-5 wmt23-po 20 86.14 97.25 94.30 94.85 93.14
128 5e-5 wmt23-po 20 85.83  96.27 94.42 94.36 92.72

Final submission — segment-level GEMBA selection across all 31 checkpoints
— 97.00 99.70 98.69 98.16 98.39

Table 9: WMT26 GEMBA scores (Gemma-4-12B-it judge) for all checkpoints in the final pool and the combined
submission, broken down by target dialect. G = GEMBA-filtered WMT?23 translations; A = Alexandria. * pairs of
Gemma SFT runs with identical hyperparameters, different seeds. T # same for DPO runs.

1290



	Introduction
	Related Work
	Experimental setting
	Base Models
	GEMBA evaluation
	Tools
	Datasets
	Finetuning

	Results
	Supervised finetuning
	Preference optimization
	Final submission
	Manual inspection

	Conclusions
	Base models' BLEU scores
	Prompts
	Additional Results

