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Abstract

This paper investigates machine translation
between two linguistically distant languages,
Arabic and Romanian, with a focus on
translating from Arabic to Romanian. Dataset
cleaning techniques are addressed, offering
insights on the impact of translation for a
language pair with limited resources. Using
publicly available corpora (e.g., OPUS) and
manually translated diplomatic texts, filtering
methods are applied, such as duplicate removal,
embedding similarity analysis (LEALLA), and
Large Language Model (LLM)-based valida-
tion (Gemini-flash-002). Transformer models
are trained and evaluated with diverse prepro-
cessing pipelines that incorporate subword
tokenization. Additionally, the performance of
two fine-tuned LLMs is assessed for this task
and is compared to their pre-trained counter-
parts. Despite computational limitations, the
results emphasize the importance of targeted
preprocessing and model adaptation in im-
proving Arabic-Romanian translation quality.
Resources and code are available at: https:
//github.com/HiricaAlexandru/

Arabic-to-Romanian-MT

1 Introduction

Machine Translation (MT) has made significant
advancements in recent years, achieving strong
scores across a variety of evaluation methodolo-
gies (Kocmi et al., 2024). Currently, there are two
paradigms for developing MT models: 1. by creat-
ing sequence-to-sequence translation models with
deep neural networks or 2. by fine-tuning generic
Large Language Models (LLMs) for the transla-
tion. Both approaches are trained massively on
multilingual data to cover as many languages as
possible. However, most existing research and eval-
uation frameworks have focused on high-resource
languages or high- to low-resource language pairs,
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leaving distant language pairs relatively underex-
plored (Isozaki et al., 2010; Tayir et al., 2024).
These pairs are characterized by minimal linguistic
and cultural contact and pose several challenges,
including weak language transfer due to limited lex-
ical and syntactic overlap, a scarcity of high-quality
parallel corpora, and difficulties in developing ef-
fective bitext mining tools.

Despite these challenges, distant language pairs
can offer an interesting research case from a lin-
guistic and computational point of view. Address-
ing their translation requires novel approaches to
dataset creation, model training, and evaluation.
Given that available corpora are often limited to
official documents (e.g., Embassy translations) or
may contain synthetic or low-quality data, robust
cleaning and deduplication strategies are needed.

In this work, we train and evaluate models that
can translate from Arabic - an Afroasiatic, Semitic
language - and Romanian an Eastern Romance lan-
guage. The two have had little historical contact, do
not share the same scripts and have different gram-
matical properties. According to the parametric
comparison method of comparing languages (Lon-
gobardi, 2003; Ceolin et al., 2021), both Romanian
and Arabic have rich morphological systems with
grammaticalized agreement, number, and definite-
ness marking. In terms of differences, Romanian
retains a partially grammaticalized case system and
follows an SVO word order, has definite match-
ing pronominal possessives and genitives, as well
as genitive licensing iteration. Modern Standard
Arabic has largely lost case distinctions, tends to
follow a VSO structure (Hewitt, 2006) and features
head marking.

The growing popularity of Arabic countries
as tourism destinations and employment hubs
highlights the importance of learning the Arabic-
Romanian language pair to strengthen political and
economic ties. According to Kanakri and Ionescu

https://github.com/HiricaAlexandru/Arabic-to-Romanian-MT
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(2010), around 1,500 mixed Romanian families
live in Jordan, while Libera (2025) reports 6,444
Romanians in the UAE, 2,000 in Qatar, and 850
in Kuwait, further emphasizing the potential bene-
fits of this language pair for fostering international
relations.

This paper presents a comprehensive evaluation
of machine translation systems with several key
contributions. First, we train models from scratch
using various pruning strategies, demonstrating that
a more selective ”less is more” approach is benefi-
cial for translation performance. To assess the capa-
bility of large language models (LLMs) in this con-
text, we fine-tune a generic LLM and compare its
performance to our established baselines. We fur-
ther address the challenge of Arabic dialectal varia-
tion by evaluating multiple models across diverse
test sets, including in-domain, Out-of-Domain, and
FLORES+ benchmarks. To support research in this
area, we release a cleaned Arabic - Romanian par-
allel dataset, filling a gap in available resources for
this language pair. Finally, we perform an error
analysis to better understand the model behaviour
and translation quality. Through this research, we
contribute to the broader effort of improving MT
for distant language pairs, emphasizing the need
for targeted strategies in data processing and model
optimization.

2 Related Work

The definition of low-resource language is task-
specific and can be influenced by factors such as
a lack of high-quality parallel data, uneven avail-
ability across different domains and dialects, and
historical underinvestment in data collection and
NLP research (Nigatu et al., 2024). Arabic and
Romanian, despite having extensive speakers and
monolingual data, can be considered low-resource
pairs for machine translation due to the complete
absence of high-quality parallel datasets.

Ethical considerations are also crucial when
working with low-resource languages, as high-
lighted by Haroutunian (2022), who recommends
collaboration with stakeholders to develop more re-
liable machine translation tools and consider other
forms of language technology, such as strong con-
tent moderation policies, alongside machine trans-
lation to mitigate potential harms. To address these
concerns, our paper aims to incorporate careful
dataset curation and analyze the dialectal varia-
tion in Arabic data to improve model performance.

Both in the aforementioned work and an early study
done by Dodita (2012), limitations of automatic
translation systems like Google Translate are high-
lighted, emphasizing the need for rigorous dataset
preprocessing.

Previous research on Arabic MT mainly looks
at the difference in dialects and various translation
strategies; Harrat et al. (2019) compile a meta-study
where they explore Arabic dialect translation, high-
lighting as well that most contributions consider
only English as a target language, thus outlining
the need for a broader coverage. Baniata et al.
(2021) address these dialect challenges by focusing
on subword tokenization to handle morphological
complexity.

Multilingual machine translation (MT) solutions
have traditionally been used to cover efforts for
distant language pairs. However, researchers such
as Fan et al. (2021) have proposed a many-to-many
system that directly translates between non-English
language pairs using shared representations and
large-scale data. This approach shows improved
translation quality for low-resource directions com-
pared to conventional English-pivot methods, high-
lighting the benefits of a more inclusive and linguis-
tically diverse translation paradigm. Multilingual
NMT systems can also share representations across
languages to improve performance for underrep-
resented pairs as demonstrated by Aharoni et al.
(2019), a strategy that underpins our approach to
Arabic-Romanian translation. The No Language
Left Behind (NLLB) model (Team et al., 2022;
NLLB Team et al., 2024) shows promise in ad-
dressing translation challenges across a wide range
of languages. The authors also introduce the FLO-
RES multilingual evaluation benchmark covering
200+ languages, which provides consistent test sets
for assessing and improving low-resource language
pairs.

The current state-of-the-art techniques for ma-
chine translation are dominated by large-language-
model (LLM) approaches, with many challenges
remaining unsolved, particularly in low-resource
and domain-specific translation, as outlined in the
WMT24 Shared Task report (Kocmi et al., 2024)
as well. To our knowledge this is the first work to
address Arabic - Romanian machine translation as
a case study of distant language pairs.
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3 Dataset

3.1 Evaluation Dataset

To evaluate the models, we use three types of cor-
pora: a custom built high-quality Out-of-Domain
dataset, a in-domain dataset created by randomly
splitting the training set, and the FLORES+ (NLLB
Team et al., 2024) benchmark. The Out-of-Domain
Arabic-Romanian translation corpus was created
by selecting manually translated texts from diplo-
matic agreements between Romania and Saudi Ara-
bia, widely recognized documents published by the
United Nations, such as those on human rights and
refugee status, as well as content from the official
X account of Saudi Arabia’s embassy in Romania.
Since the texts are legal in nature, alignment is
straightforward, as they are divided into sentences
that follow a formal and structured pattern. The
documents are written in official Modern Standard
Arabic.

The number of pairs for each dataset type is
visible in Table 1.

Document Source Sents.
Saudi-Romania Econ. State AGT. 189
Geneva Convention UN 330
Children Rights UN 217
Economic Rights UN 124
Human Rights UN 79
Refugee Status UN 177
Saudi Embassy X 86
Total OOD 1202
FLORES+ Huggingface 997
In-Domain Training dat. 2100
Total - 4299

Table 1: Number of pairs for each data subset. The
first seven rows are Out-of-Domain (OOD) samples
manually collected for this experiment.

Additionally, we construct an in-domain dataset
by selecting 2,100 samples evenly distributed from
each source of the training dataset, derived from the
dataset after duplicate removal and length filtering,
described in the following section.

3.2 Training Dataset

For training an NMT model from scratch we
combine together several datasets available online
covering Romanian and Arabic: OPUS-subtitles
(Tiedemann, 2009), CC-Matrix (Schwenk et al.,
2019), and the data originally used for training

NLLB (Team et al., 2022) were used. Various tech-
niques are applied to filter the datasets, aiming to
enhance their quality.

The first filtering steps is to remove entries with
fewer than 5 words or more than 50 words. Since
the NLLB dataset is also created from similar
sources (OPUS, CC-Matrix), we implement a fuzzy
duplicate removal method using Min-Hash (Broder,
1997) which removes sentences with any Jaccard
similarity of at least 0.8.

Dataset Filtering Method Number of Pairs
Removed dup. + len. Filter 13.57M
LEALLA Filtering 10.84M
Gemini Filtering 7.44M
Dialect Removal Filter 5.44M

Table 2: Number of dataset pairs (in millions) remaining
after each filtering stage for NMT training

After this initial filtering, we applied LEALLA-
base (Mao and Nakagawa, 2023), a lightweight
sentence embedding model distilled from LaBSE
(Feng et al., 2020). This model provides compa-
rable performance to LaBSE while being signifi-
cantly smaller in size. Employing this approach,
Arabic-Romanian sentence pairs were encoded to
generate embeddings for each sentence. The em-
beddings were normalized using the L2 norm, and
cosine similarity was calculated. Sentence pairs
with a similarity score below 0.4 were deemed poor
translations and removed from the dataset.

Further refinement was carried out using a Large
Language Model (LLM) to eliminate ungrammat-
ical or nonsensical sentences. Gemini-flash-002
(Team et al., 2024) is chosen for this task due to
its cost-effectiveness and comparable performance
to GPT-4. This decision is based on an evalua-
tion of both models on a test dataset, where Arabic
sentences were translated into Romanian.

The final data cleaning step is to remove all Ara-
bic sentences that were not in Modern Standard
Arabic. This is done to evaluate the impact of di-
alects in the training, especially since the OOD
dataset consists in Modern Standard Arabic (MSA).
To distinguish between different Arabic Dialects,
we use a classification model introduced by At-
tieh and Hassan (2022) and built upon AraBERT
(Antoun et al., 2020). The model can distinguish
between MSA and a wide range of regional di-
alects. This analysis is conducted to compare with
the large corpus used for training the translation
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models. MSA is the predominant variety in the
training corpus, accounting for over 70% of the
dataset, followed by Tunisian Arabic (TN) at just
above 10%. Table 2 contains the number of pairs
remaining after the application of each filtering
method. The largest dataset, even after the removal
of duplicates and longer sentences, is still more
than twice the size of the data obtained after all
filtering methods have been applied.

4 Training and Comparing NMTs

To compare the performance of different ma-
chine translation models, we employ several
evaluation metrics, including string-based met-
rics and embedding-based similarity metrics like
BERTScore (Zhang et al., 2019). The values of
these are reported in the Appendix available in our
official repository1. In this paper we incorporate
reference-based evaluation through MetricX-23-
XL (Juraska et al., 2023), and reference-less evalu-
ation using CometKiwi-DA-XL (Rei et al., 2023)
by adopting AutoRank following the methodology
used in WMT24 (Kocmi et al., 2024). AutoRank
uses two top-performing metrics: MetricX-23-XL
(Juraska et al., 2023), a reference-based metric built
on the mT5 model, and CometKiwi-DA-XL (Rei
et al., 2023), a quality estimation metric built on
the XLM-R XL model. These two distinct metrics
were chosen to minimize bias and potential issues.
To create the ranking, scores from both metrics
are linearly scaled to a range between 1 and the
number of systems in a given language pair. The
normalized scores are then averaged to produce the
final metric.

4.1 Training Transformers from Scratch

To compare the impact of different filtering meth-
ods, we train a transformer system from scratch
on the filtered datasets. We use the OpenNMT
(Klein et al., 2017) framework to train a transformer
model with 6 encoder-decoder layers, 8 heads, a
hidden size of 512 and a vocabulary of 50K tokens
(Vaswani, 2017). The model contains a total of
100M trainable parameters.

The results of these models can be seen in Ta-
ble 3 with prefix Transf, indicating that data filter-
ing can substantially enhance translation quality.

The results are not conclusive on all test sets, i.e.,
on the out-of-domain data the models trained from

1https://github.com/HiricaAlexandru/
Arabic-to-Romanian-MT/

scratch are below LLM-based and NLLB models;
on the FLORES+ the models are better than NLLB
and on the in-domain data the models are slightly
below proprietary LLMS (GPT-4, Gemini).

Notably, filtering the dataset using Gemini has a
negative impact and the best results tend to be the
ones where only duplicates are being removed. The
only exception is the out-of-domain data, where
the removal of dialects yields the best transformer-
from-scratch model, confirming that the OOD data
consists mostly of Modern Standard Arabic.

4.2 Pre-trained Models

JAIS (Sengupta et al., 2023) is a bilingual large lan-
guage model (LLM) created at MBZUAI trained
on Arabic and English texts, currently consid-
ered the best “Arabic-speaking” LLM. However,
the model performs poorly on Romanian and
we use Jais to translate into English (pivot lan-
guage). Subsequently, to translate into Romanian,
a pre-trained transformer model, trained on an
English-Romanian corpus, was employed (Tiede-
mann, 2020). This ensemble performed similarly
to the models trained from scratch, the only signifi-
cant performance increase being on social media
posts from the Saudi Embassy in Romania.Overall,
this approach performs mediocrely on all test sets
and on the in-domain data generating extremely
poor translations.

NLLB-600M (Team et al., 2022) is a
transformer-based architecture distilled to 600 mil-
lion parameters from a 3.3B Sparsely Gated Mix-
ture of Experts designed for massively multilingual
translation.

We compare both the the Pre-trained NLLB and
a Fine-tuned version on the dataset with the dialects
removed (the smallest version). For finetuning, the
evaluation metric is BERTScore and early stopping
is employed, so training would halt if the score did
not improve after 6000 steps. The model reached
its best performance after just 1800 steps, with a
batch size of 16.

The out-of-domain dataset is the only one where
the NLLB models outperform our models trained
from scratch (see Table 3). The Out-of-Domain
dataset is mostly made of legal documents, unlike
the FLORES+ and in-domain datasets which pri-
marily consist also of informal sentences, such as
those found in film subtitles.

https://github.com/HiricaAlexandru/Arabic-to-Romanian-MT/
https://github.com/HiricaAlexandru/Arabic-to-Romanian-MT/
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Dataset Model CometKiwi ↑ MetricX ↓ AutoRank ↓

Out-of-Domain

Human 0.615 0.019 2.469
Gemini-flash-002 0.624 1.100 2.699
GPT-4 0.624 1.472 2.807
Fine-tuned RoLLama3.1-8b 0.573 2.890 3.733
Fine-tuned RoMistral-7b 0.557 2.926 3.905
Pre-trained RoLLama3.1-8b 0.530 3.764 4.421
Jais+Transf 0.529 4.036 4.513
Pre-trained NLLB-600M 0.535 4.443 4.577
Fine-tuned NLLB-600M 0.537 4.703 4.638
Transf (Dialects removed) 0.535 5.554 4.908
Pre-trained RoMistral-7b 0.486 4.471 5.067
Transf (Duplicates removed) 0.495 5.017 5.140
Transf (Gemini filter) 0.477 5.099 5.350
Transf (Lealla filter) 0.469 5.265 5.473

Dataset Model CometKiwi ↑ MetricX ↓ AutoRank ↓

FLORES+

Human 0.687 0.022 1.748
GPT-4 0.736 0.986 1.551
Gemini-flash-002 0.729 0.958 1.614
Fine-tuned RoLLama3.1-8b 0.664 1.979 2.559
Fine-tuned RoMistral-7b 0.653 2.496 2.823
Pre-trained RoLLama3.1-8b 0.644 2.606 2.950
Transf (Duplicates removed) 0.633 2.922 3.148
Transf (Lealla filter) 0.632 3.114 3.216
Fine-tuned NLLB-600M 0.628 3.045 3.242
Jais+Transf 0.603 2.720 3.394
Pre-trained NLLB-600M 0.617 3.336 3.435
Transf (Gemini filter) 0.615 3.309 3.442
Transf (Dialects removed) 0.610 3.260 3.478
Pre-trained RoMistral-7b 0.534 4.597 4.632

Dataset Model CometKiwi ↑ MetricX ↓ AutoRank ↓

In domain

Human 0.571 0.033 2.901
GPT-4 0.693 1.415 2.110
Gemini-flash-002 0.681 1.409 2.227
Transf (Duplicates removed) 0.625 1.798 2.894
Transf (Lealla filter) 0.620 1.849 2.963
Transf (Dialects removed) 0.618 1.865 2.989
Fine-tuned RoMistral-7b 0.623 2.089 3.005
Transf (Gemini filter) 0.616 1.874 3.011
Fine-tuned NLLB-600M 0.611 2.081 3.117
Pre-trained NLLB-600M 0.600 2.241 3.280
Fine-tuned RoLLama3.1-8b 0.586 2.871 3.600
Pre-trained RoLLama3.1-8b 0.584 3.097 3.689
Pre-trained RoMistral-7b 0.531 3.954 4.474
Jais+Transf 0.140 18.700 12.745

Table 3: Aggregated results for all models. Saudi-Romania Econ., Geneva Convention, Children Rights, Economic
Rights, Human Rights, Saudi Embassy, Refugee Status subsets represent Out-of-Domain data (OOD), results are
averaged. Values have been rounded - to 3 decimals. The models are sorted by AutoRank score. MetricX and
AutoRank are metrics where lower values are better, while CometKiwi is a reference-less similarity score where
higher values are better.

4.3 Fine-tuning LLMs

RoLLama3.1-8b-Instruct (Masala et al., 2024)
is a model that has been instruction tuned with
Romanian data. We fine-tune it using LoRA (Low-
Rank Adaptation (Hu et al., 2022)) on a sample of
1 million examples extracted from the dataset after
applying the Dialect Removal Filter. The model
is loaded in 8-bit precision, utilizing the AdamW
optimizer, LoRA modules are applied to the LM
head and Embedding tokens layers, with a rank of
16.

A second LLM fine-tuning uses RoMistral-7b-
Instruct (Masala et al., 2024) with the same pa-
rameters as in the fine-tuning of RoLLama-3.1.

Table 3 shows that these models achieve the

best evaluation scores on FLORES+ and Out-of-
Domain datasets from all our open-sources models.
Fine-tuning is beneficial for all models, but even
the base pre-trained LLama 3.1 obtains a strong
performance. However, the same LLM models sig-
nificantly underperform on the custom in-domain
dataset, where transformers trained from scratch
are leading in evaluation.

Open source models are surpassed only by pro-
prietary systems like GPT-4 and Gemini-flash-002
by a considerable margin. Since the training data of
proprietary models is not known, the comparison
is not entirely fair.

Proprietary Large Language Models (LLMs)
such as Gemini-flash-002 (Team et al., 2024) and



428

GPT-4 (Achiam et al., 2023) are used in single
shot to translate sentences. Both models use the
same prompt and significantly outperformed other
approaches on the evaluation datasets and their per-
formance comparable is at a close (insignificant)
margin. The models are very large and may have
seen a lot of web data, which may have included
our test sets, therefore the comparison is not en-
tirely just. For example, Gemini demonstrates a
substantial advantage in BLEU scores over GPT-
4 on the Saudi Embassy dataset,2 meaning that
the string overlap with the true translation is very
high. Furthermore, the transformers trained from
scratch show the best BLEU and chrF++ scores
on the in-domain datasets, indicating that a high
string similarity could be a source of overfitting on
a particular type of language / dataset.

5 Discussion

The rows prefixed with “Human” in Table 3 reflect
the scores assigned by the reference based evalua-
tion metric to the human-translated baseline. For
MetricX we use the same texts as reference and
hypothesis and we observe that MetricX does not
obtain a perfect zero score when the references
and hypotheses are identical, but a lower bound of
0.033.3

The CometKiwi quality estimation metric does
not assign the best scores to the Human transla-
tions with a difference as large as 0.122 between
the in-domain reference Human translations and
the GPT-4 translations. This clearly shows that
the metric is biased towards more literal transla-
tions and, possibly, that the efficiency of the metric
for the Arabic-Romanian language pair is ques-
tionable. Regardless of this bias against human
translations, the overall ranking from AutoRank
of machine translation systems is not significantly
different from MetricX with the exception of small
differences between Gemini and GPT-4.

Figure 1 presents the AutoRank scores for var-
ious models and each out-of-domain sub-corpus.
The selection includes the best-performing model
in each proprietary category: the top propri-
etary LLM, the best locally run LLM, Fine-tuned
NLLB-600M, and a Transformer-based architec-
ture trained on the smallest dataset. This plot pro-

2See Appendix in our github repository:
https://github.com/HiricaAlexandru/
Arabic-to-Romanian-MT/

3We hypothesize that a MetricX difference smaller than
0.066 between systems is not relevant.
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Figure 1: AutoRank (lower is better) scores of selected
models on each Out-of-Domain dataset. Saudi Em-
bassy documents, Saudi-Romanian Econ., and Chil-
dren’s Rights are the only three subsets where the human
translations are ranked significantly better than GPT-
4. The differences come from the bias of CometKiwi
against human translations for Arabic-Romanian lan-
guage pair. Additionally, the Transformer trained from
scratch performs on par (or even better) than the Fine-
tuned NLLB model on multiple test sets.

vides a comparison for each test subset, highlight-
ing instances where GPT-4 surpasses the Human
translations.

Notably, on the Saudi Embassy dataset, Human
translations achieves a much higher score than GPT-
4, likely due to its manual sourcing from X, fea-
turing recent data that GPT-4 would not have pro-
cessed during training. Similarly Children’s Rights
and Saudi-Romanian Economic cooperation agree-
ments are datasets where the human translations
are ranked better than automatic translations.

For locally run models, Fine-tuned RoLLAMA-
3.1-8b appears to be an excellent choice, as it out-
performs all other locally run models. However,
NLLB-600M is not far behind and could be a viable
option for systems with limited resources, given its
smaller size of 600 million parameters compared
to RoLLAMA’s 8 billion parameters.

6 Error Analysis

An automatic analysis of machine translation out-
put quality is conducted across a diverse set of
Arabic–Romanian models using the XCOMET-XL
framework.4 This approach provides both scalar

4https://huggingface.co/Unbabel/
XCOMET-XL

https://github.com/HiricaAlexandru/Arabic-to-Romanian-MT/
https://github.com/HiricaAlexandru/Arabic-to-Romanian-MT/
https://huggingface.co/Unbabel/XCOMET-XL
https://huggingface.co/Unbabel/XCOMET-XL
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Figure 2: CometKiwi-DA-XL score distribution across all evaluated models.

Figure 3: Distribution of error severity levels per model.

quality estimations and token-level error segmenta-
tions with associated confidence scores. Distribu-
tions of XCOMET-XL score and error severity for
each model are visible in Figure 2 and Figure 3.

Across all evaluated models, the average num-
ber of errors per sentence was between 2 and 3, as
visible in Figure 3; however, the distribution and
nature of translation errors varied significantly de-
pending on both the dataset and the architecture
of the model. Proprietary models like Gemini and
GPT4 have a significantly low number of critical
errors, and a noticeable balance of major and minor
errors, suggesting a more uniform and qualitative
translation. However, for the Transformer-based
models trained from scratch, as well as for Jais and
the non-finetuned versions of Llama, NLLB, and
Mistral, major and critical errors are more common
on average, indicating a higher risk of serious dis-
parities. These values are in agreement with the
results obtained for the metrics in Table 3.

A more in-depth analysis of the errors in the

OOD datasets reveals, however, interesting obser-
vations. For instance, Gemini exhibits a large vol-
ume of low-confidence errors classified as “critical”
or “major” when applied to formal diplomatic text
(e.g., Saudi Embassy and Geneva Convention). In
these cases, a pattern can be observed: mistransla-
tions often involve the misrendering of official ti-
tles, named entities, or domain-specific expressions.
This suggests that while the general fluency of the
output may be preserved (as partially reflected by
moderate XCOMET-XL scores), semantic fidelity
is somewhat compromised in areas important to
official translations.

Some models attain relatively high XCOMET-
XL scores even in the presence of severe errors.
This discrepancy points to a limitation in how
sentence-level scoring alone reflects translation ad-
equacy, particularly when the surface form remains
grammatical but semantically distorts the source.

On the other hand, minor errors are frequently
associated with high XCOMET-XL values, reflect-
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ing issues that are largely stylistic or morphologi-
cal in nature - such as gender agreement or article
usage. These could be addressed through post-
editing rather than retraining, especially in produc-
tion workflows where fluency is acceptable and
semantic drift is minimal.

Error confidence scores provide an additional
layer of diagnostic value. In critical segments, low
confidence often aligns with deeply flawed trans-
lations or hallucinations, such as the introduction
of fictitious roles (“croitor” Eng. tailor, “Sluji-
tor al Slujitorilor” Eng. servant of servants) in
otherwise formulaic diplomatic statements. This
behavior is especially visible in models that were
either undertrained or applied out of domain, such
as general-purpose transformer models evaluated
on official political text.

The error analysis also reveals that models fine-
tuned on domain-adjacent data tends to reduce the
frequency of severe errors and increased the propor-
tion of accurate renderings in technical and diplo-
matic subdomains.

7 Conclusions and Future Work

Proprietary systems are performing strongly across
different metrics and corpora for Arabic-Romanian
language pair and none of the fine-tuned models
exceeded these performances.

Our experiments demonstrate that data filtering
is an essential step for improving Machine Transla-
tion quality, especially for distant language pairs,
such as Arabic-to-Romanian. The most important
data cleaning process is the removal of duplicates
followed by filtering with a cross-language em-
bedding model such as LEALLA. Filtering the
data based on prompting and LLM such as Gem-
ini does not bring any significant improvements
over LEALLA while removing the Arabic dialects
hurts the ability of the model to translate diverse
texts. This can lead to incidental high evaluation
scores on Modern Standard Arabic official docu-
ments (e.g., in Table 3 the best Transformer from
scratch model on Out-of-Domain data). Training
a transformer model with only 100M parameters
from scratch on a filtered corpus—reduced by up
to 60%—requires significantly less training time,
yet still achieves competitive and sometimes supe-
rior results compared to NLLB or even 8-billion-
parameter LLMs.

Compared to NLLB models and proprietary
large language models (LLMs), the from-scratch

approach performs competitively on the FLORES+
and In-Domain datasets, while maintaining lower
computational and resource costs. However, such
methods have major limitations on out-of-domain
data.

We found that quality estimation metrics such
as CometKiwi and MetricX can sometimes mis-
judge human translations. CometKiwi may exhibit
biases, occasionally rating human translations as
worse than machine-generated ones, while MetricX
may fail to assign a perfect score even when the
hypothesis is identical to the reference.

Error analysis performed using XCOMET-XL
highlights that proprietary LLMs produce fewer
critical and major errors, particularly in formal or
structured domains. In contrast, the use of English
as a pivot via Jais (an Arabic LLM) did not yield
significant performance improvements for this lan-
guage pair.

Looking forward, expanding the evaluation
scope to include additional domains, such as med-
ical and technical fields, will enable more com-
prehensive assessments of model robustness and
generalization. Incorporating such domain-specific
corpora is essential for improving specialized trans-
lation quality.

A second avenue for future work involves deeper
analysis of dialectal variation within Arabic, which
remains a critical factor in achieving more accurate
and culturally aware translations. Finally, reversing
the translation direction to Romanian-to-Arabic
introduces unique linguistic challenges that war-
rant exploration. Addressing this direction will
contribute to a more holistic understanding of MT
performance for low-resource and structurally di-
vergent languages.
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