
Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 4889–4901
11–16 May 2026. ©ELRA Language Resources Association (ELRA), 2026

4889

Multiway Parallel Corpus in Forced Migration Domain for
Multilingual Machine Translation

Fatemeh Azadi, Samuel Larkin, Chi-kiu Lo羅致翹
Digital Technologies Research Centre, National Research Council Canada

{fatemeh.azadi,samuel.larkin,chikiu.lo}@nrc-cnrc.gc.ca

Abstract
High-quality domain-specific parallel corpora play a significant role in improving the performance of machine
translation (MT) and multilingual natural language processing (NLP) systems in a target domain. However, most
existing multilingual parallel corpora focus on general-purpose data, and a majority of highly specialized domains
such as forced migration are suffering from a lack of multilingual data. In this work, we present a new high-quality
4-way parallel corpus in the forced migration domain. The corpus consists of human-translated journal articles
from Forced Migration Review in English, French, Spanish, and Arabic. Our corpus contains data aligned at both
document and sentence level in four languages and provides a clean and reliable 4-way parallel resource for
multilingual research in forced migration. Using this dataset, we benchmark several open-weight large language
models (LLMs), an open-weight multilingual MT system, online closed MT systems, and a closed LLM across 12
translation directions. We further leverage our corpus to improve the MT quality of a top-performing multilingual
foundation model with two common domain adaptation approaches, fine-tuning and few-shot prompting. Our results
demonstrate the effectiveness of our corpus in improving the translation performance of current models in the forced
migration domain.

Keywords: Multiway Parallel Corpus, Domain Adaptation, Multilingual Machine Translation

1. Introduction

Recent advances in machine translation (MT) and
multilingual natural language processing (NLP) re-
search have been largely driven by the availability
of large-scale parallel corpora. However, the ma-
jority of existing multilingual parallel corpora cover
only general domain data, often derived from web-
crawled sources (such as CCMatrix (Schwenk et al.,
2021b), ParaCrawl (Bañón et al., 2020), and FLO-
RES (Goyal et al., 2022)), or cover only a limited
number of domains and focus on English-centric
translation directions. Thus, for the majority of non-
English language pairs and domains, few or no
parallel corpora are available.

Multilingual and domain-specific corpora play a
crucial role not only for the training and domain
adaptation of translation models but also for their
evaluation, as they are essential for capturing spe-
cialized terminology and writing styles. Previous
efforts have been made on the extraction of multilin-
gual parallel data for some specific domains, such
as scientific publications (Nakazawa et al., 2016;
Soares et al., 2018; Roussis et al., 2022), patents
(Soares et al., 2020), biomedical (Névéol et al.,
2018; Neves et al., 2016; Soares and Krallinger,
2019), or legal texts (Steinberger et al., 2006).

The forced migration domain, which pertains to
displacement and refugee issues, is a specialized
domain with specific terminology. Table 1 shows
an example of parallel sentences in this domain.
The specialized terms present challenges for MT

systems and other multilingual NLP tasks in this
domain. Developing effective translation systems
for this domain is important for multilingual com-
munication and information exchange between re-
searchers, policymakers, humanitarian organiza-
tions, and affected communities. However, to the
best of our knowledge, there is no publicly available
multilingual parallel corpus specifically designed for
this domain, which limits the ability to train, adapt
or evaluate translation systems or other NLP tasks
for accurate and reliable use in this context.

In this paper, we present a new high-quality 4-
way parallel corpus in the forced migration domain,
covering the English, French, Spanish, and Ara-
bic languages. The corpus is built from articles
published in an open-access journal, the Forced
Migration Review (FMR), which includes articles
professionally translated across the four languages.
The data is carefully processed, aligned across doc-
uments, and then sentence-aligned in each doc-
ument to ensure high-quality alignments. The re-
sulting corpus includes 979 documents and about
46K sentences aligned across all four languages,
which provides a clean, high-quality resource for
multilingual research in this domain, particularly for
developing and evaluating domain-specific multilin-
gual translation models.

With the remarkable multilingual translation capa-
bilities that large language models (LLMs) have re-
cently shown (Zhang et al., 2023; Zhu et al., 2024b),
evaluating and enhancing their performance in spe-
cific domains has become an important research
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English It has never come into force but international principles do exist – such as the guidelines
issued by the International Maritime Organization and the 1965 Convention on Facilitation
of International Maritime Traffic (FAL Convention) and its 2018 amendment. . . .

French Bien que cette convention ne soit jamais entrée en vigueur, certains principes interna-
tionaux, comme les lignes directrices publiées par l’Organisation maritime internationale
ou la Convention visant à faciliter le trafic maritime international (Convention FAL) de
1965, et son amendement de 2018, . . .

Spanish Nunca ha entrado en vigor, pero existen principios internacionales, como los lineamientos
emitidos por la Organización Marítima Internacional y el Convenio para facilitar el tráfico
marítimo internacional de 1965 (Convenio FAL) y su enmienda de 2018. . . .

Table 1: Example of Arabic, English, French, and Spanish sentences in forced migration domain.

direction. We carefully curated a test set from our
corpus to reduce the risk of data contamination
in existing LLMs, to provide a more reliable and
fair comparison. Then, we benchmark a variety of
open-weight LLMs (including Llama-3.1, Gemma-2,
Aya-101 and Aya Expanse), an open-weight multi-
lingual MT system (NLLB-200), online closed MT
systems (including Google Translate, DeepL, and
Microsoft Bing) and a closed LLM (GPT-4o) on this
test set, across all twelve translation directions be-
tween the four languages in our corpus.

To demonstrate the effectiveness and potential
impact of our corpus for domain adaptation, we
explore two common approaches to improve one
of the best-performing open-weight models in our
benchmark (Aya Expanse): fine-tuning and few-
shot prompting. Our results show that using our
multiway parallel, domain-specific corpus, both of
these domain adaptation approaches improve the
baseline model in almost all 12 translation direc-
tions.

In summary, our contributions are as follows:

• We present a new, high-quality 4-way parallel
corpus in the forced migration domain, cov-
ering English, French, Spanish, and Arabic,
which can be used as a valuable resource for
any domain-specific multilingual NLP research,
particularly machine translation.

• We conduct a benchmarking evaluation of the
translation capability of several open-weight
LLMs, open-weight multilingual MT system,
online closed MT systems and closed LLM
across all 12 translation directions in this spe-
cific domain.

• Using our corpus, we investigate fine-tuning
and few-shot prompting for domain adapta-
tion of a baseline model, and show that our

corpus can be effectively used to improve the
in-domain translation quality of open-weight
LLMs, across nearly all language directions.

2. Related Work

Multiway parallel corpora have been shown to pro-
vide remarkable benefits in the field of machine
translation (Freitag and Firat, 2020; Wu et al., 2024;
Mu et al., 2024). Earlier efforts in creating multi-
way parallel corpora focused on the parliamentary
(Koehn, 2005; Ziemski et al., 2016), wiki (Schwenk
et al., 2021a), subtitle (Lison and Tiedemann, 2016;
Qi et al., 2018; Reimers and Gurevych, 2020) or
religious domains (Christodouloupoulos and Steed-
man, 2015; Agić and Vulić, 2019). There are works
aiming to create multiway parallel corpora by au-
tomatically aligning multiple bilingual parallel cor-
pora or web-crawled corpora from different publica-
tion sources (Dabre and Kurohashi, 2019; Ramesh
et al., 2022; Xu et al., 2022). However, the quality
of parallelism (i.e. translation and alignment qual-
ity) and content type selection bias in web crawled
corpora are concerning (Thompson et al., 2024),
which affects performance on NLP tasks, espe-
cially for low resource languages. Besides, these
automatically created resources are mostly in the
general domain.

At the same time, domain-specific parallel cor-
pora have also been shown to play a significant role
for the improvement of translation models, as they
can help them adapt to the specialized terminology
and style of those specific domains (Moslem et al.,
2023; Wassie et al., 2025; Zhu et al., 2024a).

Several previous studies have addressed the
extraction of multilingual parallel data for some
particular domains, such as scientific publications
(Nakazawa et al., 2016; Soares et al., 2018; Rous-
sis et al., 2022), patents (Soares et al., 2020), med-
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ical (Névéol et al., 2018; Neves et al., 2016; Soares
and Krallinger, 2019; Anastasopoulos et al., 2020),
legal (Steinberger et al., 2006), financial (Ghad-
dar and Langlais, 2020) or educational domains
(Abdelali et al., 2014).

To the best of our knowledge, there is no publicly
available multiway parallel corpus for the special-
ized domain of forced migration, which we aim to
address in this paper.

3. Dataset

In this section, we present our 4-way parallel corpus
in the forced migration domain. This corpus is cre-
ated from articles published in four languages (En-
glish, Arabic, French, and Spanish) in the Forced
Migration Review (FMR) journal.1 FMR is an open-
access journal that has been published since 1998
and covers articles related to forced migration,
refugees, and displacement issues. Most issues
of FMR are published in parallel in English, Arabic,
French, and Spanish, making it a suitable resource
for creating high-quality domain-specific 4-way par-
allel corpora that can be highly valuable for mul-
tilingual research. In the rest of this section, we
first describe our corpus creation methodology and
then provide some statistics and analysis of the
resulting dataset.

3.1. Corpus Creation
In collaboration with the publisher of the Forced Mi-
gration Review (FMR) journal, we obtained access
to a collection of multilingual issues published in
this journal, which we used to create our four-way
parallel corpus. This collection includes issues 34
to 75, where articles were provided as separate
Word Document (docx) files.

We first perform manual document-level align-
ment, since article filenames were not always con-
sistent across languages. As not all of these issues
and articles were published in all languages, we
only used the issues that were available in all four
languages (i.e., English, Arabic, French, and Span-
ish) and excluded the articles missing in one or
more languages from this data. After this filtering
step, a total of 979 documents (articles) remained,
which were then converted to plain text format for
further processing.

Next, we apply sentence splitting on each
document using the Portage Text Processing
toolkit (Larkin et al., 2022) for English, French and
Spanish, and CoreNLP2 (Manning et al., 2014) for
Arabic, to prepare the data for sentence-level align-
ment.

1https://www.fmreview.org/
2https://stanfordnlp.github.io/CoreNLP

For sentence alignment, we use SentAlign3 (Ste-
ingrimsson et al., 2023), a state-of-the-art sentence
aligner based on the bilingual semantic similar-
ity of sentence embeddings encoded by LaBSE
(Feng et al., 2022). Since SentAlign is designed
for aligning bitext, we align sentences within each
document for the English-French, English-Spanish
and English-Arabic language pairs separately. Us-
ing English as the pivot language, we merge
these aligned bitext to form the aligned quadruplets
across all four languages and obtain our 4-way
parallel dataset. In cases where a sentence was
missing or could not be reliably aligned in one lan-
guage, the sentence and its aligned counterparts
in other languages were discarded from the final
4-way aligned dataset.

As the journal is published online and openly
accessible, there is a potential risk that some of
its content may have been seen by existing LLMs.
Thus, using this data for evaluating existing mod-
els on translation for the forced migration domain
and across the four languages could lead to data
contamination, and thus unfair comparisons and
overestimated performance. We reserve the most
recent issue published in May 2025 as our held-
out data for validation and evaluation to ensure
uncontaminated and reliable evaluation of models’
translation capability in the following benchmark-
ing and domain adaptation experiments. To further
reduce the risk of contamination, we remove any
sentences in the held-out dataset that have 13-
gram overlaps (following Brown et al. (2020)) with
sentences in the CCMatrix corpus.

Through this methodology, we produced a clean,
high-quality 4-way parallel corpus in the domain of
forced migration issues, aligned at both the docu-
ment and sentence levels. This corpus supports
the development and evaluation of domain-specific
multilingual machine translation, as well as other
multilingual research.

3.2. Data Statistics

Table 2 presents detailed statistics on the multiway
parallel corpus that we created, including the num-
ber of documents and sentences in each set. As it
shows, our corpus consists of 979 4-way aligned
documents and 46,301 aligned sentences in each
language. The training set contains 953 documents
(about 44k sentence quadruplets). The held-out
data described in the previous subsection (around
1.8k sentence quadruplets) is further divided into
the development set and the testing set. The test
set contains the first 1000 sentence quadruplets
of the held-out set, whereas the development set
contains the remaining ~800 sentence quadruplets.

3https://github.com/steinst/SentAlign

https://www.fmreview.org/
https://stanfordnlp.github.io/CoreNLP
https://github.com/steinst/SentAlign
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# documents # sentences # words
en fr es ar

Train 953 44490 1.13M 1.41M 1.37M 1.10M
Dev 12⋆ 811 21463 26183 26432 20939
Test 15⋆ 1000 24316 30743 30358 25262
Total 979 46301 1.18M 1.47M 1.43M 1.14M

Table 2: Number of documents, sentences and words per language for each train, validation and test
datasets. ⋆ indicates that part of a document is in Dev and the rest is in Test making the total one less
document.

Overlap Ratio
English 60.25%
French 54.44%
Spanish 52%
Arabic 40.13%

Table 3: The overlap ratio of sentences in our cor-
pus with CCMatrix.

3.3. Data Analysis

We perform a manual evaluation to validate the
accuracy of the sentence alignment. We sam-
ple 500 4-way aligned sentences from the collec-
tion, and alignments were examined separately
in English-French, English-Spanish and English-
Arabic language pairs. For each language pair, the
alignment error rate was calculated as the percent-
age of incorrect alignments over the size of the
evaluation set. Our evaluation shows that the error
rate is less than 1% for all three language pairs,
which indicates that our multiway parallel corpus is
aligned with high accuracy.

To demonstrate the novelty of our corpus, we
examined its coverage in the CCMatrix corpus, a
large-scale multilingual dataset constructed from
Common Crawl data. Assessing the level of this
overlap provides useful insight into the distinctive-
ness and value of our dataset, beyond its advan-
tages of being domain-specific and multiway paral-
lel. Similar to the formation of the held-out dataset,
we follow Brown et al. (2020) and considered a sen-
tence in our dataset to be overlapping if it shares at
least one 13-gram with a sentence in CCMatrix, or
if it is found entirely in CCMatrix when it is shorter
than 13-gram. We use the English-French, English-
Spanish and English-Arabic sections of CCMatrix
to compare against our corpus. Table 3 shows the
overlap ratio for each language between our corpus
and CCMatrix is around 40-60%. This shows that
our corpus contains a significant amount of poten-
tially unseen data to further train publicly available
MT systems and pretrained LLMs.

In order to show the quality of our corpus, we
compare the similarity scores for aligned sentence
pairs in our corpus with those obtained from CC-

Matrix. For this purpose, we randomly select a set
of 46301 sentence pairs from CCMatrix, yielding a
corpus of the same size as our corpus, for English-
Arabic, English-French, and English-Spanish lan-
guage pairs. We then compute the cosine similarity
between the aligned sentence pairs based on the
sentence embeddings obtained from LaBSE.4

Figure 1 shows the distribution of LaBSE similar-
ity scores for sentence pairs from our corpus and
CCMatrix. For all three language pairs, our cor-
pus shows a greater proportion of sentence pairs
with higher similarity scores. More precisely, for
English-Arabic, about 84% of the sentence pairs in
our corpus have similarity scores of 0.8 or above,
compared to around 74% in CCMatrix. Similarly, for
English-French and English-Spanish, these ratios
are about 92% vs. 80% and 96% vs. 86%, indicat-
ing that our corpus contains more similar sentence
pairs, and thus translations and alignments in our
corpus are cleaner and of higher quality.

4. Benchmarking Experiments

As the baselines for our experiments, we first bench-
mark various open-weight LLMs, an open-weight
multilingual MT system, online closed MT systems
and a closed LLM across all 12 translation direc-
tions between English, Arabic, French, and Spanish
in the forced migration domain.

4.1. Setup
In our experiments, we examined a variety of open-
weight LLMs, an open-weight multilingual MT sys-
tem, online closed MT systems and a closed LLM.
To avoid data contamination, all models and sys-
tems, except the closed MT systems, were selected
such that all were released before the publication
date of our held-out test dataset. Open-weight
LLMs include Llama-3.1 8B,5 Gemma-2 9B,6 Aya-

4https://huggingface.co/
sentence-transformers/LaBSE

5https://huggingface.co/meta-llama/
Meta-Llama-3.1-8B-Instruct

6https://huggingface.co/google/
gemma-2-9b-it

https://huggingface.co/sentence-transformers/LaBSE
https://huggingface.co/sentence-transformers/LaBSE
https://huggingface.co/meta-llama/Meta-Llama-3.1-8B-Instruct
https://huggingface.co/meta-llama/Meta-Llama-3.1-8B-Instruct
https://huggingface.co/google/gemma-2-9b-it
https://huggingface.co/google/gemma-2-9b-it
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Figure 1: Distribution of LaBSE similarity scores for our corpus against CCMatrix

101,7 and Aya Expanse 8B.8 The open-weight mul-
tilingual MT system is NLLB-200 3.3B.9 The closed
LLM is GPT-4o.(OpenAI et al., 2024) The online
closed MT systems include Google Translate,10

DeepL,11 and Microsoft Bing Translator.12

For the open-weight LLMs, the translation infer-
ence is performed using Hugging Face’s pipeline
with default parameters. We use the following
prompt for both inference and fine-tuning the LLMs
in our zero-shot prompting experiments, where
<src_lang> and <tgt_lang> are the source
and target languages and <test_sentence> is
the test input to be translated:

Translate the following text from
<src_lang> into <tgt_lang>.
<test_sentence>

4.2. Evaluation
We use our test corpus, which contains 1000 4-way
aligned sentences, to evaluate the models for trans-
lation across all 12 possible translation directions.
We report translation quality based on two widely
used automatic MT evaluation metrics, spBLEU
(Goyal et al., 2022) and COMET (Rei et al., 2022).
We compute spBLEU using the implementation in
sacreBLEU13 (Post, 2018) and for COMET, we use
the wmt22-comet-da model.

4.3. Results
Table 4 and 5 present the results of the bench-
marking evaluation on the selected LLMs and MT
systems across all 12 translation directions in the

7https://huggingface.co/CohereLabs/
aya-101

8https://huggingface.co/CohereLabs/
aya-expanse-8b

9https://huggingface.co/facebook/
nllb-200-3.3B

10https://translate.google.com/
11https://www.deepl.com/en/translator
12https://www.bing.com/translator
13nrefs:1|case:mixed|eff:no|

tok:flores200|smooth:exp|version:2.5.1

forced migration domain, in terms of spBLEU and
COMET, respectively.

Our results show that online MT systems gener-
ally outperform LLMs and open-weight multilingual
MT systems in all translation directions. However,
their performances on translating to or from Arabic
are considerably weaker than translating between
the other three languages.

One peculiar aspect of GPT-4o’s performance
is that it produced translations that consistently
achieve better spBLEU scores but much lower
COMET scores than those produced by the open-
weight models.

Among open-weight models, Aya Expanse and
NLLB appear as the two best performing models,
consistently outperforming the other three models
in all translation directions. While Aya Expanse
achieves the best performance in most directions
(except Arabic→English) in terms of COMET, NLLB
achieves, on average, higher spBLEU scores in half
of the translation directions. Since COMET is better
at reflecting translation adequacy while spBLEU
is reflecting subword matching with the reference
translation, that means Aya Expanse might be pro-
ducing more adequate translations than NLLB.

5. Fine-tuning Experiments

We now examine the effectiveness of our corpus for
domain adaptation and improving the translation
performance of existing models. We consider Aya
Expanse, one of the overall best performing open-
weight models, as the baseline, and we fine-tune it
using our in-domain 4-way parallel corpus.

5.1. Setup
The advantage of multilingual LLMs or MT systems
is the simplicity of encapsulating multiple transla-
tion directions in one model. Therefore, we decided
to fine-tune Aya Expanse jointly in all 12 translation
directions at the same time using our in-domain
4-way parallel corpus. As full fine-tuning is very
compute-intensive and requires too much GPU
memory for our available hardware, we leverage
LoRA (Hu et al., 2022) for efficient fine-tuning. For
this purpose, we use the LLaMA-Factory (Zheng

https://huggingface.co/CohereLabs/aya-101
https://huggingface.co/CohereLabs/aya-101
https://huggingface.co/CohereLabs/aya-expanse-8b
https://huggingface.co/CohereLabs/aya-expanse-8b
https://huggingface.co/facebook/nllb-200-3.3B
https://huggingface.co/facebook/nllb-200-3.3B
https://translate.google.com/
https://www.deepl.com/en/translator
https://www.bing.com/translator
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Model en→fr en→es en→ar fr→en fr→es fr→ar es→en es→fr es→ar ar→en ar→fr ar→es Avg.
Open-Weight LLMs
Llama-3.1 8B 36.41 41.61 22.74 34.69 29.47 12.00 42.11 27.93 12.89 26.12 19.39 21.77 27.26
Gemma-2 9B 40.24 45.36 26.76 37.61 33.12 21.50 45.99 33.87 23.93 30.73 25.62 26.24 32.58
Aya-101 31.54 36.24 20.31 31.35 27.62 17.53 38.31 28.73 18.25 26.90 22.34 23.78 26.91
Aya Expanse 8B 40.40 45.59 33.52 38.24 33.87 27.20 46.44 34.90 29.45 33.02 27.85 29.05 34.96
Open-Weight Multilingual MT System
NLLB-200 3.3B 40.33 45.72 33.24 40.67 33.48 26.10 49.26 33.57 27.85 35.13 28.50 29.45 35.28

Closed LLM
GPT-4o 42.76 47.57 36.21 38.34 34.60 29.34 47.28 35.01 31.22 32.49 28.91 29.81 36.13
Online Closed MT Systems
Google Translate 47.81 48.52 38.50 41.09 35.73 31.02 50.86 41.42 33.12 39.74 36.51 34.65 39.91
DeepL 43.33 49.74 38.08 42.05 35.98 30.47 52.74 39.04 32.71 39.09 32.29 32.05 38.96
Microsoft Bing 45.56 48.69 35.59 41.07 34.93 28.47 50.23 38.13 30.87 36.20 31.38 32.50 37.80

Table 4: Models’ performance as measured with spBLEU↑ for all translation directions between English
(en), Arabic (ar), French (fr), and Spanish (es). The best score for each direction is shown in bold.

Model en→fr en→es en→ar fr→en fr→es fr→ar es→en es→fr es→ar ar→en ar→fr ar→es Avg.
Open-Weight LLMs
Llama-3.1 8B 85.08 86.73 78.22 86.97 84.54 65.47 88.19 81.42 62.37 82.99 77.12 80.58 79.97
Gemma-2 9B 86.98 88.04 83.04 87.80 86.31 81.03 89.09 85.67 81.85 85.74 82.89 83.94 85.20
Aya-101 85.16 86.84 83.16 86.43 85.20 81.65 87.52 84.09 81.84 84.82 81.50 83.40 84.30
Aya Expanse 8B 87.37 88.39 86.22 87.89 86.50 84.77 89.11 86.04 85.15 86.39 83.85 84.85 86.38
Open-Weight Multilingual MT System
NLLB-200 3.3B 87.01 88.06 85.32 87.84 86.15 83.98 88.79 84.92 84.28 86.47 83.42 84.27 85.88

Closed LLM
GPT-4o 82.36 84.30 82.13 83.80 82.17 80.86 85.25 80.79 81.27 82.07 79.36 80.94 82.11
Online Closed MT Systems
Google Translate 88.31 89.03 87.68 88.25 86.71 85.64 89.83 86.82 86.35 87.70 85.20 85.99 87.29
DeepL 87.97 89.36 87.38 88.75 87.09 85.51 90.18 87.10 86.57 87.76 85.23 85.95 87.40
Microsoft Bing 87.92 88.70 85.88 88.05 86.29 83.77 89.51 86.17 84.59 86.83 83.75 85.02 86.37

Table 5: Models’ performance as measured with COMET↑ for all translation directions between English
(en), Arabic (ar), French (fr), and Spanish (es). The best score for each direction is shown in bold.

et al., 2024) platform, with a learning rate of 2e− 6,
a training batch size of 4, a warm-up ratio of 0.01,
a weight-decay of 0.01, and a LoRA rank of 16. We
perform fine-tuning for 5 epochs using 4 NVIDIA
A100 GPUs. The translation inference and evalua-
tion setup is the same as described in section 4.1
and 4.2.

5.2. Results
Table 6 shows translation quality of all 12 direc-
tions after fine-tuning, in terms of both spBLEU
and COMET. Our results show that the fine-tuned
models have statistically significant (p ≤ .05)14 im-
provements in 11 out of the 12 translation directions.
Although the increase in COMET scores is relatively
small indicating that fine-tuning had a limited impact
on the translation adequacy, the improvements ac-
cording to spBLEU are more substantial in most
directions. This suggests that fine-tuning with our
in-domain corpus improves the lexical overlap with

14Statistical significance tests performed using sacre-
BLEU and comet-compare.

references, which could mean an improvement in
the choice of terminology for the targeted domain.

Table 7 shows an example of the translation out-
put from the baseline model and the fine-tuning
experiment for the French→English part of the test
set. As we can see, for the French term “subi une
agression”, the baseline model has translated into
“having experienced an attack” which is literal but
does not fit the context and domain. After fine-
tuning, the model output becomes “having been
assaulted”, which is a more accurate translation of
the term in the forced migration domain.

Figure 2 shows the distribution of sentence-
level COMET differences (∆COMET) between
our fine-tuned model and our baseline model for
the Arabic→English translation direction. Approxi-
mately 67.30% of the translations were of identical
(∆COMET = 0) or better quality (∆COMET > 0).
Note that some translations have an improvement
greater than 0.1 whereas we do not observe any
translations that degraded more than 0.1. Only
32.70% of translations had a slight degradation
in COMET. All other translation directions exhibit
similar distribution of COMET differences between
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Translation 0-shot Prompting 5-shot Prompting
Direction Baseline Model Fine-tuned Model Baseline Model Fine-tuned Model
ar→en 33.02 / 86.39 36.71† / 87.08† 34.64† / 86.75† 37.29† / 87.08†

ar→es 29.05 / 84.85 30.77† / 85.04† 29.83† / 85.12† 30.95† / 85.10†

ar→fr 27.85 / 83.85 32.44† / 84.21† 29.67† / 84.10† 31.30† / 84.11†

en→ar 33.52 / 86.22 34.05† / 86.50† 34.03† / 86.39 33.95† / 86.49
en→es 45.59 / 88.39 45.85 / 88.49 46.14† / 88.68† 45.92 / 88.45
en→fr 40.40 / 87.37 43.77† / 87.61† 44.17† / 87.62† 44.06† / 87.47
es→ar 29.45 / 85.15 29.73 / 85.46† 29.72 / 85.37 29.75 / 85.29
es→en 46.44 / 89.11 49.78† / 89.46† 47.65† / 89.27† 49.80† / 89.36†

es→fr 34.90 / 86.04 38.64† / 86.21† 38.31† / 86.35† 38.50† / 86.12
fr→ar 27.20 / 84.77 27.85† / 84.92 27.72† / 84.95 27.86† / 84.79
fr→en 38.24 / 87.89 41.00† / 88.13† 39.05† / 88.06† 41.77† / 88.27†

fr→es 33.87 / 86.50 34.67† / 86.66† 34.37† / 86.77† 34.83† / 86.71†

Avg. 34.96 / 86.38 37.11 / 86.65 36.28 / 86.62 37.17 / 86.60

Table 6: Results of using our 4-way parallel corpus for fine-tuning the baseline model (Aya Expanse
8B) and 5-shot prompting. Scores are reported as spBLEU/COMET. The best score for each direction
is shown in bold. Scores marked with a † are statistically significant (p ≤ .05) different than the 0-shot
prompting baseline.

Source En 2024, 42 % des patients de MSF ont déclaré avoir subi une agres-
sion, contre 17 % l’année précédente.

Reference In 2024, 42% of MSF patients reported experiencing assault, com-
pared with 17% the previous year.

Baseline Model Output In 2024, 42% of MSF patients reported having experienced an attack,
up from 17% the previous year.

Fine-tuned Model Output In 2024, 42% of MSF patients reported having been assaulted, up
from 17% the previous year.

5-shot Prompting Output
(Baseline Model)

In 2024, 42% of MSF patients reported having experienced an as-
sault, up from 17% the previous year.

Table 7: A French→English translation example, showing the baseline, fine-tuned model and 5-shot
prompting outputs.

Figure 2: Distribution of sentence-level COMET differences (∆COMET) between our fine-tuned model and
our baseline model for the Arabic→English translation direction. The blue line represents the univariate
kernel density estimate (KDE) over the COMET differences. Positive differences indicate an improvement
in translation quality in terms of COMET scores.

the baseline model and the fine-tuned model with
roughly the same ratio of sentences with improved
translation quality.

6. Few-shot Prompting Experiments

Since supervised fine-tuning is more compute-
intensive, we investigate the potential of using our
corpus for few-shot prompting, which is a less tech-
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nically demanding approach to improve the trans-
lation quality of the model.

6.1. Setup
We retrieve the k most similar training examples
for each test sentence and add them to the prompt
with their target language translations to provide in-
domain context to the model. We experiment with
different values of k ∈ {0, 1, 3, 5, 7}. We use the
Sentence-Transformers (Reimers and Gurevych,
2019) model all-MiniLM-L6-v215 to compute
sentence embeddings and their similarities. Using
the k most similar training examples to the test
input, we construct our few-shot prompt as follows:

Translate the following texts from
<src_lang> into <tgt_lang>.
<src_lang>: "<source_example_1>"
<tgt_lang>: "<target_example_1>"

...
...

<src_lang>: "<source_example_k>"
<tgt_lang>: "<target_example_k>"
<src_lang>: "<test_sentence>"
<tgt_lang>:

The evaluation setup is the same as described
in sections 4.2.

6.2. Results
Figure 3 presents the spBLEU results for different
values of k ∈ {0, 1, 3, 5, 7}. As shown, even adding
a single example to the prompt (k = 1) can re-
markably improve the quality of translation in most
translation directions. The best performance is
achieved with k = 5 for most language pairs, while
using more examples (k = 7) seems to give little to
no additional improvement, or even degradation in
some directions.

Table 6 shows the results of 5-shot versus 0-
shot prompting for both the baseline and fine-tuned
models. Although some score differences with re-
spect to their 0-shot prompting baseline might seem
small, those marked with † are nonetheless statisti-
cally significant (p ≤ .05).16 For the baseline model,
using 5-shot prompting significantly improves the
performance scores in 9 out of 12 translation di-
rections, showing that even without fine-tuning, giv-
ing a few in-domain examples similar to the input
can help the model produce better domain-specific
translations. However, for most translation direc-
tions, the improvements are smaller than those

15https://huggingface.co/
sentence-transformers/all-MiniLM-L6-v2

16Statistical significance tests performed using sacre-
BLEU and comet-compare.

achieved with fine-tuning. This shows that few-shot
prompting is less desirable for domain-specific MT
systems with long-term frequent usage.

Another interesting result is that combining 5-
shot prompting with the fine-tuned model shows
very small or no further gains in translation perfor-
mance. This shows that the domain knowledge
learned by these two adaptation approaches are
largely overlapping and thus using the same in-
domain training data, there is no need to apply
these two adaptation approaches on top of each
other.

Table 7 shows an example of the translation out-
put from the baseline model with 0-shot prompting
and 5-shot prompting for the French→English part
of the test set. Similar to the previous section, the
baseline model with 5-shot prompting is also able
to adapt to the forced migration domain and more
accurately in translating the French term “subi une
agression” to “having experienced an assault” in-
stead of “having experienced an attack”.

7. Conclusion

In this paper, we introduced a new high-quality 4-
way parallel corpus in the domain of forced migra-
tion. Using this corpus, we benchmarked several
open-weight LLMs, an open-weight multilingual MT
system, online closed MT systems and a closed
LLM in this specific domain, across all 12 transla-
tion directions between the four languages in our
dataset (i.e., English, French, Spanish and Arabic).

We also explored two approaches for leveraging
our corpus to improve translation performances of
current open-weight models: fine-tuning the model
and few-shot prompting. The results show that
both of these approaches can improve the trans-
lation performance of the baseline model for this
specific domain, demonstrating the effectiveness
of our corpus for domain adaptation.

This domain-specific, multiway parallel corpus
does not only support further research on multilin-
gual machine translation and domain adaptation
in future, but it also supports other topics of multi-
lingual natural language processing research such
as extracting specialized terminology, and cross-
lingual information retrieval. In the future, we aim to
further expand our corpus, incorporating new publi-
cations from the FMR journal, or other multilingual
resources in this domain.

8. Limitations

Forced Migration Review is published in a mixture
of different language variants in the four languages
depending on the translation services employed.
The Arabic is standard Arabic, possibly mixed with
a variety of different Arabic variations because the

https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2


4897

Figure 3: spBLEU results of few-shot prompting for different number of given examples (k).

translation was done by a diverse group of transla-
tors from different countries. The English is British
English. The French is standard French. The Span-
ish up until Issue 70 is predominantly European
Spanish and it is predominantly Latin American
Spanish after Issue 70. We acknowledge that our
corpus does not cover all the variations of the four
languages and may result in potential biases in the
language variations of the text generated by sys-
tems developed using our corpus. We recommend
developers thoroughly evaluate and mitigate these
potential biases before deploying systems trained
on our corpus.
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