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Abstract
The growing ability of large language models (LLMs) to process long-range context opens new perspectives for
document-level machine translation (MT), especially in scholarly communication. In fact, translating scholarly texts
requires to integrate both local and long-range contextual information to ensure the consistency and coherence
across the full document. However, document-level parallel corpora for such text types remain scarce, limiting
both evaluation and domain adaptation of MT systems for this task. To address this gap, we introduce PARAEPS
(Earth and Planetary Sciences Bilingual Corpus) and PARANLP (Natural Language Processing Bilingual Corpus),
two new parallel corpora covering 14k abstracts and 105 full-length articles in two scientific domains to be used for
fine-tuning and evaluation purposes. We compare the performance of eight MT systems on these test sets and find
that fine-tuning on document-level data closes the gap between open systems based on Large Language Models
(LLMs) and commercial systems. We also find that the performance of recent LLMs can worsen when translating
full articles instead of translating them on a per paragraph basisfine-tuning. These experiments underscore the
need for corpora such as PARAEPS and PARANLP.

Keywords: Machine Translation, Parallel Corpus, Scientific Documents, Long-context Modelling, Large lan-
guage models

1. Introduction

The development of large language models
(LLMs) creates new possibilities for document-
level machine translation (MT), owing to their abil-
ity to process long-range dependencies (Karpin-
ska and Iyyer, 2023; Peng et al., 2024a; Wang
et al., 2024, 2025; Zhu et al., 2025). However,
document-level parallel corpora remain scarce,1
particularly for scholarly documents. For such
texts, existing resources are mostly limited to
sentence-aligned parallel texts (Roussis et al.,
2022; Esalati et al., 2024) without document
boundary information or restricted to the medical
domain (Ive et al., 2016; Névéol et al., 2018). Al-
though some resources preserve the document
structure (Abdul Rauf and Yvon, 2024), they gen-
erally comprise only abstracts (Kleidermacher and
Zou, 2025). Consequently, the training of MT sys-
tems for scientific texts mainly relies on short texts,
thus failing to represent the actual complexity of
scholarly articles, which often contain complex for-
mulas, citations and long-range contextual depen-
dencies. Moreover, given the lack of document-
level test sets, the evaluation of recent LLMs to
translate scholarly articles is often restricted to
reference-free metrics (Zhu et al., 2025) or human

1A situation that is changing, at least for Web pages
(O’Brien et al., 2025).

judgments (Kleidermacher and Zou, 2025).
In this work, we present the curation of addi-

tional resources for document-level translation in
two scientific fields: Earth and Planetary Sciences
and PARANLP for Natural Language Processing.
Our corpora, PARAEPS and PARANLP, consist of
both abstracts and full-length articles; each con-
tains training, validation and test sets of parallel
abstracts, and a test set of complete parallel arti-
cles. These parallel articles are constructed using
one of the three different approaches: 1) human
translations opportunistically collected by the au-
thors, 2) human post-edits of machine translated
texts, 3) combination of human translations, auto-
matic post-editions and machine translations de-
rived from comparable articles published in both
English and French.

Using our test sets of full articles, we compare
the performance of six MT systems translating on
a per paragraph basis, and of two LLMs trans-
lating chunks of varying sizes. Experimental re-
sults show that 1) fine-tuning on paragraph-level
datasets closes the gap between the performance
of medium-size LLMs and commercial MT system
such as DeepLPro,2 for the translation of abstracts
and 2) there is no systematic performance gain
when using recent LLMs to translate scientific texts
at the article level as opposed to applying them at

2https://deepl.com

https://deepl.com
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the paragraph or sentence level. These results il-
lustrate the utility of our corpora and the need to
improve recent models for MT tasks addressing
the increasing needs of scholarly communication
across languages.3 Our main contributions are as
follows:

• the collection and construction of parallel
scholarly documents in two domains, includ-
ing 14k abstracts and 105 full-length articles.

• an original pipeline that constructs parallel ar-
ticles from comparable articles extracted from
scholarly publications in the NLP domain;
as these parallel texts are partly machine-
generated, partly human generated, we dub
this corpus a silver reference corpus;

• benchmark results of two commercial sys-
tems and recent LLMs, fine-tuned or not on
these newly created corpora.

We openly release our corpora and the code of
the corpus construction pipeline under a permis-
sive license.4

2. Related Work

Parallel corpora are central for training and eval-
uating MT systems, but most existing resources
for scholarly documents are only aligned at the
sentence level (Roussis et al., 2022; Esalati et al.,
2024; Roussis et al., 2024) disregarding document
boundary information, or restricted to specific do-
mains (e.g., for the medical sciences (Ive et al.,
2016; Névéol et al., 2018; Abdul Rauf and Yvon,
2024), or both (for instance the Taus Corona Cri-
sis corpus5 and the Mlia Covid corpus6)). Even
when document structure is preserved, documents
mostly correspond to abstracts (Kleidermacher
and Zou, 2025), failing to represent (a) very long-
range dependencies (e.g., between the Introduc-
tion and Conclusion sections) and (b) translation
issues that are specific to scholarly texts such as
the translation of captions, table cells, or the inser-
tion of citations in the discursive flow.

The lack of availability of full-length parallel doc-
uments also means that the evaluation of MT sys-
tems in their ability to translate scholarly content
mainly relies on reference-free metrics computed
at the paragraph level (Zhu et al., 2025), human
evaluation (Kleidermacher and Zou, 2025) or the
analysis of translated abstracts (Sebo and de Lu-
cia, 2024).

3https://www.helsinki-initiative.org/.
4https://anr-matos.github.io/pages/

resources.html
5https://md.taus.net/corona
6http://eval.covid19-mlia.eu/task3/

Recently, several parallel corpora comprising
long documents have been introduced in literary
domains (Jiang et al., 2022; Wang et al., 2024a,b).
In addition, O’Brien et al. (2025) recently intro-
duced DOCHPLT, a massive collection of paral-
lel documents extracted from the Internet Archive
for multiple language pairs. However, they do
not focus on scholarly texts, nor do they provide
sufficiently informative domain tags. Another re-
cent resource is ACADATA (Lacunza et al., 2025),
a collection of parallel abstracts across 12 lan-
guages harvested from public academic web sites
and archives. These documents are however rel-
atively short (about 1000 characters), and lack
gold domain tags. Finally, the ACL 60-60 initia-
tive aimed to produce reference translations for
NLP abstracts in multiple languages, as well as a
large number of automatically generated transla-
tions of papers and talks.7 One outcome of this ef-
fort was the release of development and test data
for the IWSLT 2023 shared task (Salesky et al.,
2023): each set contains a post-edited version of
the translations (in 11 languages) of 10 presenta-
tions delivered during the ACL 2022 conference8.

Our work complements these developments by
introducing two document-level parallel corpora of
scholarly documents, including full-length parallel-
articles, aimed to mitigate the scarcity of resources
required to study discourse-aware MT.

3. Dataset Creation

We create new parallel resources for English–
French translation in two fields of study: Earth
and Planetary Sciences (EPS) and natural lan-
guage processing (NLP). Each of the two sub-
sets, PARAEPS and PARANLP, comprises four
data splits: train, dev and test sets of abstracts
(TRAIN, DEV and TEST) and a second test set (TEST-
LONG) of full articles. We collect texts from multiple
sources and use various techniques to construct
the datasets, including manual translation, post-
editing and, in the case of the NLP domain, some
partial automatic translation to complement manu-
ally translated examples. We describe the sources
and dataset creation process for PARAEPS and
PARANLP in Sections 3.1 and 3.2 respectively;
statistics for both datasets can be found in Table 1.

3.1. EPS Dataset (PARAEPS)
For the EPS domain, we collected 11k abstracts
and 29 articles in both English and French. This
section presents data collection, text processing,
alignment and the construction of the data splits.

7https://acl6060.org/
8https://2022.aclweb.org/

https://www.helsinki-initiative.org/
https://anr-matos.github.io/pages/resources.html
https://anr-matos.github.io/pages/resources.html
https://md.taus.net/corona
http://eval.covid19-mlia.eu/task3/
https://acl6060.org/
https://2022.aclweb.org/
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Split #docs # sents #toks/doc (µ± σ)
en fr

PARAEPS

TRAIN 10,577 83,036 347 ± 180 474 ± 233
DEV 400 3,273 344 ± 144 483 ± 192
TEST 391 3651 401 ± 203 544 ± 271

BSGF 132 1311 472 ± 196 622 ± 263

CRAS 100 677 277 ± 118 388 ± 168

CRG 59 364 260 ± 101 360 ± 135

THESESEPS 100 1299 512 ± 211 707 ± 281

TEST-LONG 29 5,133 7,773 ± 2,755 10,539 ± 3,613
MERSENNE 19 3,532 7,673 ± 2,828 10,652 ± 3,814

STUDENT 10 1,601 7,962 ± 2,600 10,322 ± 3,186

PARANLP

TRAIN 2,723 24,085 287 ± 159 429 ± 234
DEV 96 1,024 353 ± 135 523 ± 210
TEST 346 2,022 176 ± 124 264 ± 181

rTAL 246 1,015 121 ± 46 184 ± 68

THESESNLP 100 1,007 310 ± 150 463 ± 216

TEST-LONG 76 14,467 6,064 ± 2,783 8,388 ± 3,820
NLPGOLD 4 533 4,477 ± 2,999 6,679 ± 4,436

NLPSILVEREN-FR 36 7,025 6,028 ± 2,399 8,433 ± 3,331

NLPSILVERFR-EN 36 6,909 6,275 ± 3,045 8,532 ± 4,145

Table 1: Statistics for PARAEPS and PARANLP and
their data splits. TRAIN, DEV and TEST splits are
composed of abstracts. TEST-LONG is composed
of full articles. English (en) and French (fr) token
counts are based on TOWERBASE tokens.

3.1.1. Data Collection and Processing

Abstracts We collected over 11k parallel scien-
tific abstracts (89k sentences, and 2.2M and 2.6M
words in English and French respectively) from
seven sources (listed in Table 2 with the statis-
tics after quality filtering), by extracting the plain
texts from the HTML pages, and aligning them
across the two languages. We use langdetect9

to filter out noisy abstracts written in other lan-
guages, and we also disregard abstracts of source-
to-target length ratio is smaller than 0.5.

We applied NFC normalization using unicode-
data,10 before segmenting abstracts in sentences
using Trankit (Nguyen et al., 2021), which re-
liably disambiguates the multiple interpretations
of the dot (‘.’) symbol in scholarly documents
(e.g. in numbers or abbreviations, in addition
to the sentence-final punctuation mark). We
aligned the resulting bilingual segments using a
slightly modified version of BertAlign (Liu and Zhu,
2022), which robustly supports many-to-many sen-
tence alignments.11 We use the value 0.001 for
the skip parameter, which improves zero-to-one
alignments. We also introduce a new parameter
len_slack (with value 0.15), which prevents to
apply a length penalty for parallel segments hav-
ing length ratio close to 1; this tends to reduce the

9https://pypi.org/project/langdetect/
10https://docs.python.org/3/library/

unicodedata.html
11https://github.com/ANR-MaTOS/

bertalign

number of spurious many-to-any alignments.
Then we filtered the aligned sentences using

quality estimation scores from TransQuest (Ranas-
inghe et al., 2020). Additional details concerning
the filtering are provided in Section 3.1.2, as we
also use the alignment scores when selecting data
for the different data splits.

Full Articles We collected parallel articles from
two sources. Firstly, ten English articles and
their translations were obtained from a specialised
translation course. The original articles were ei-
ther sourced from the ISTEX database12 (Maurel
et al., 2019) or were Open Access. The transla-
tions, which were produced by master’s students,
were the result of either translation from scratch
or post-edition of MT (both standard approaches
used by translation specialists) followed by proof-
reading. We refer to these texts as the STUDENT
collection.

Secondly, we also collected 19 articles (five in
English and fourteen in French) published in the
“Compte rendus Géosciences” journal,13 which
were then automatically translated and post-edited
by a professional translator using the MateCat plat-
form (Federico et al., 2014). We refer to these texts
as the MERSENNE collection. Unlike the STU-
DENT collection, we had to extract parallel texts
from MERSENNE. We used pandoc14 to extract
the plain text from the HTML documents, remov-
ing empty lines, the symbol \xa0 and carrying
out NFC normalization. We extract the blocks of
text (hereafter referred to as paragraphs),15 equa-
tions and tables.16 Since the English and French
versions contain the same number of paragraphs,
we trivially align them, before segmenting into sen-
tences and aligning the sentences using the same
pipeline as for the abstracts. Non-aligned sen-
tences were manually realigned. We validated
the resulting alignment using TransQuest (Ranas-
inghe et al., 2020): all paired sentences had an
alignment score of at least 0.75, indicated good
alignment throughout.

12https://www.istex.fr/
13https://comptes-rendus.

academie-sciences.fr/geoscience
14https://pandoc.org/
15In practice, these also correspond to section titles

and captions in addition to paragraphs.
16We store equations and tables as complementary

information to be used in future work.
17We collected abstracts from the following scientific

journals: Hydrogeology Journal, Mineralogy and Petrol-
ogy, Swiss Journal of Geosciences, Geodinamica Acta,
Journal of South American Earth Sciences, etc. in IS-
TEX, which is a data portal of multilingual scientific data.

https://pypi.org/project/langdetect/
https://docs.python.org/3/library/unicodedata.html
https://docs.python.org/3/library/unicodedata.html
https://github.com/ANR-MaTOS/bertalign
https://github.com/ANR-MaTOS/bertalign
https://www.istex.fr/
https://comptes-rendus.academie-sciences.fr/geoscience
https://comptes-rendus.academie-sciences.fr/geoscience
https://pandoc.org/
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Source of abstracts #segments #abstracts (all) #abstracts
TRAIN DEV TEST

PARAEPS

BSGF (Bulletins de la Société Géologique de France) 1,311 132 - - 132
CanMin (Canadian Mineralogist) 8,140 793 793 - -
CJES (Canadian Journal of Earth Sciences) 37,525 4,624 4,524 100 -
CRAS (Comptes Rendus de l’Académie des Sciences -
Earth and Planetary Sciences, 1995-2001)

9,620 2,026 1,826 100 100

CRG (Comptes rendus Géoscience) 364 59 - - 59
ISTEX (Infrastructure de services pour la fouille de textes)17 15,190 2,117 2,017 100 -
THESES (Database of PhD abstracts) 17,810 1,617 1,417 100 100
TOTAL 89,960 11,368 10,577 400 391

PARANLP

ISTEX (Infrastructure de services pour la fouille de textes) 8,099 1,309 1,309 - -
rTAL (revue TAL) 1,015 246 - - 246
THESES (Database of PhD abstracts) 18,987 1,610 1,414 96 100
TOTAL 30,543 3,165 2,723 96 346

Table 2: Data sources and statistics for the abstracts in the PARAEPS and PARANLP TRAIN, DEV and TEST
splits, after quality filtering.

3.1.2. Dataset splits

PARAEPS consists of TEST-LONG, containing the
29 parallel articles, and TRAIN, DEV and TEST splits
composed of parallel abstracts.

EPS-TEST-LONG is composed of the full articles
from the MERSENNE and STUDENT collections
aligned at the sentence level. For MERSENNE ar-
ticles, we also preserve paragraph-level boundary
information, comprising 915 paragraphs.

EPS-TEST is composed of abstracts from four of
the collections listed in Table 2: BSGF, CRAS,
CRG and THESES. To ensure the quality of the
test set, we computed the average alignment score
for sentence pairs within each abstract, and empir-
ically excluded abstracts with an alignment score
below 0.5. We then kept the remaining abstracts
from BSGF and CRG due to their small size, and
selected the 100 most recent abstracts from CRAS
and THESES.

EPS-DEV contains a total of 400 abstracts. Only
considering parallel abstracts with an alignment
score above 0.5, we randomly sample 100 ab-
stracts from the 200 most recent abstracts from
each of the CJES, CRAS, ISTEX and THESES col-
lections.

EPS-TRAIN contains the remaining 10,577 paral-
lel abstracts after filtering the most unreliable align-
ments (i.e. those whose average alignment score
is below 0.4 when all sentences are aligned, or be-
low 0.5 if at least one sentence is unmatched).

The right side of Table 2 displays the distribution
of abstracts in EPS-TEST, EPS-DEV, EPS-TRAIN,
broken down by data source.

3.2. NLP Dataset (PARANLP)

For the NLP domain, we collected 3k parallel ab-
stracts and 76 parallel articles. The complete ar-
ticles are derived from four human translated ar-
ticles and 36 comparable human-written articles,
each turned into two parallel texts as described be-
low. The corresponding statistics are reported in
the bottom part of Table 1.

3.2.1. Data Collection and Processing

Abstracts We collected abstracts from NLP
publications for which both English and French ver-
sions are available. These raw texts include 246
parallel abstracts extracted from the French NLP
journal revue TAL (rTAL),18 1358 NLP abstract re-
trieved from various journal articles available in
the ISTEX archive, and 1701 abstracts from PhD
dissertations (THESES).19 We processed the ab-
stracts using the same pipeline as for PARAEPS,
i.e. first segmenting them with Trankit, then per-
forming sentence alignment using BertAlign. Fur-
thermore, we filtered the resulting alignments
using TransQuest scores.20 These abstracts
are then split into three parallel corpora NLP-
TRAIN, NLP-DEV and NLP-TEST, as detailled in Sec-
tion 3.2.2. NLP-TEST was aligned using hunalign21

(Varga et al., 2005) in the early stage of our data
preparation process. To ensure its quality, we
manually reviewed all the sentence pairs having
a TransQuest score lower than 0.3. The statistics
of PARANLP after quality filtering are in the bottom
of Table 2.

18https://www.atala.org/revuetal
19https://theses.fr/
20We use the same filtering heuristics as for

PARAEPS.
21https://github.com/danielvarga/

hunalign

https://www.bsgf.fr/fr/
https://pubs.geoscienceworld.org/canmin
https://cdnsciencepub.com/journal/cjes
https://www.sciencedirect.com/journal/comptes-rendus-de-lacademie-des-sciences-series-iia-earth-and-planetary-science
https://www.sciencedirect.com/journal/comptes-rendus-de-lacademie-des-sciences-series-iia-earth-and-planetary-science
https://comptes-rendus.academie-sciences.fr/geoscience/page/anciens-articles/
https://www.istex.fr/
https://www.theses.fr/
https://www.istex.fr/
https://www.atala.org/revuetal
https://www.theses.fr/
https://www.atala.org/revuetal
https://theses.fr/
https://github.com/danielvarga/hunalign
https://github.com/danielvarga/hunalign
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NLPSILVERFR-EN NLPSILVEREN-FR

total mean min max total mean min max correct total TER

Copy 2205 61 17 132 1677 46 13 104 41 126 24.6
APE 3478 96 38 246 4031 111 43 256 51 199 27.5
MT 1226 34 3 176 1317 36 5 184 12 42 21.5

all 6909 191 103 408 7025 195 112 477 109 367 26.2

Table 3: An analysis of the composition of our silver NLP corpus in number of sentences, with translations
being produced through (i) copying the original aligned human-written translations (Copy), (ii) postediting
them (APE) or (iii) machine-translating from scratch (MT). The three columns on the right correspond to
a quality assessment, based on 3 articles that were manually post-edited by one author. For these, we
report the number of correct translations out of all sentence pairs (total), and the TER score based on a
comparison between the silver and the post-edited versions.

La tâche

Chaque segment est caractérisé par le type (ou catégorie syntaxique) de sa tête unique.

Il y a ainsi autant de types de chunks que de types de têtes fortes possibles.

Les chunks sont des séquences contiguës et non récursives d'unités lexicales liées à une unique tête forte (Abney 
1991).

Target : FR (mix of Copy, APE and MT)

La tâche de chunking, également appelée analyse syntaxique de surface, consiste à identifier les phrases 
syntaxiques élémentaires (c'est-à-dire non récursives).

Source: EN (human)

The Task

Each chunk is characterized by …

The chunks are thus …

Chunks are "contiguous and …

The task of chunking also …

EN (human)

The Task

The task of chunking also called shallow 
parsing consists in identifying elementary 
(i.e. non recursive) syntactic phrases.

Chunks are "contiguous and 
non-recursive lexical units sequences 
bound to an unique head" (Abney 1991).

Each chunk is characterized by the type 
(or syntactic category) of its unique head.

So there are as many different types of 
chunks as there are of considered heads.

The chunks are thus intimately linked 
with the part-of-speech (POS in the 
following) tags associated with the lexical 
units of the sentences.

FR (human)

La tâche

La tâche de chunking également appelée analyse 
syntaxique de surface a pour but d'identifier les 
groupes syntaxiques élémentaires des phrases.

Les chunks sont en effet des séquences contigües 
et non-récursives d'unités lexicales liées à une 
unique tête forte (Abney 1991).

Chacun est caractérisé par le type (ou étiquette 
Part-Of-Speech (POS)) de sa tête.

Il y a ainsi autant de types de chunks que de 
types de têtes fortes possibles.

nan

(rule 1)

(rule 2)

(rule 3)

S(APE)

0.96

0.76

0.87

0.72

0.69

S(HUM)

unaligned                         MT

0.89    

0.89  

0.90   

0.64 

> 0.6 & <0.9

> 0.9                    Copy

S(APE) > S(HUM)

S(APE) < S(HUM)
MT

APE

Figure 1: The pipeline to construct parallel articles from comparable articles, with examples from
NLPSILVEREN-FR. We denote S(HUM) and S(APE) the cosine similarity between an English (EN) sentence
and its human-written translation (HUM) or automatic post-edition (APE), based on LaBSE embeddings.

Full articles We collect full parallel articles
from two sources: (i) regular human transla-
tions (NLPGOLD), consisting of two English arti-
cles translated into French and two French articles
translated into English, collected opportunistically
by the authors, which we complement with (ii) a
larger set of silver translations (NLPSILVER), which
we assembled using a combination of automatic
and manual operations, as described below.

In addition to full human translations
(NLPGOLD), we also construct NLPSILVER, which
is derived from articles from the ACL Anthology.22

22https://aclanthology.org/

While the ACL Anthology mostly stores English
articles, it also contains a small number of French
articles, published in French journals and confer-
ences. A fraction of these also have an English
counterpart, as some French speaking authors
wish to publish their research in both languages,
possibly using MT and post-editing to speed up
the process. Given that there is no guarantee that
the English and French versions are strictly paral-
lel, we apply a more complex alignment process
than for the previously described datasets. We
first extracted the text version of all English and
French papers, segmented them into sentences,

https://aclanthology.org/
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filtering short segments or segments containing
mostly non-alphabetic characters (likely equations
or OCR errors, for older articles) and embedded
them in a joint multilingual space using LaBSE
(Feng et al., 2022).23 We then indexed the em-
beddings using FAISS (Johnson et al., 2021), and,
for each French sentence, searched for its closest
English neighbours. We manually inspected the
French articles with a large number of sentences
whose neighbours were found in the same English
documents, resulting in a final list of 36 pairs of
articles.

We convert these articles from pdf to markdown
using pymupdf4llm24, remove noisy texts (page
numbers, pdf headers, algorithms, etc.) using reg-
ular expression and manual verification, extract
and keep aside tables, resulting in clean mark-
down files, which are finally converted into plain
texts for sentence segmentation.

For each of pair of articles, we first performed
sentence alignment using the same pipeline as
described previously (using Trankit and Bertalign).
We then derived a fully parallel English-French ver-
sion, denoted as NLPSILVEREN-FR, as follows. We
process each English article, and for each source
segment e and its aligned French counterpart f
and apply the following rules, which are also illus-
trated in Figure 1:25

1. if the alignment score between e and f is
above 0.9, we keep the pair (e, f), assuming
that they are mutual translations (Copy).

2. if the alignment score between e and f is be-
tween 0.6 and 0.9, we use automatic post-
editing (APE) of (e, f) with TowerInstruct-13B-
v0.126 to generate f ′. If f ′ has a better align-
ment score with e than f , we keep f ′; other-
wise we retranslate e from scratch (MT).

3. if the alignment score between e and f is be-
low 0.6, or if e is not aligned with any French
counterpart, we retranslate e from scratch as
for case 2 (MT).

We used the same heuristics to create a fully par-
allel French-English version, which we refer to as
NLPSILVERFR-EN, comprising all the human-written
French texts and their corresponding translations
derived from the pipeline of Figure 1. We provide
the corresponding number of segments produced
by each rule for each version in Table 3.

23https://huggingface.co/
sentence-transformers/LaBSE.

24https://github.com/pymupdf/
pymupdf4llm

25e and f each correspond to one or more consecu-
tive sentences resulting from BertAlign’s many-to-many
alignment.

26https://huggingface.co/Unbabel/
TowerInstruct-13B-v0.1

In order to evaluate the confidence of each type
of rule, a native French speaker with expertise in
NLP post-edited a random sample of three articles
from the English-French version.27 TER scores
(Snover et al., 2006) were also computed using
SacreBLEU (Post, 2018). The results of this anal-
ysis are in the right part of Table 3. Sentences
produced through the Copy action (i.e. the transla-
tion was taken from the original article) are slightly
more likely to be fully correct than segments gen-
erated with the other rules, but the edit distance to
acceptable references is still non-negligible.

3.2.2. Dataset Splits

As for PARAEPS, PARANLP consists of TEST-LONG,
containing full parallel articles, and TRAIN, DEV and
TEST splits composed of parallel abstracts.

NLP-TEST-LONG is composed of the parallel ar-
ticles just described (NLPGOLD, NLPSILVEREN-FR
and NLPSILVERFR-EN).

NLP-TEST contains 346 parallel abstracts, corre-
sponding to all RTAL abstracts and 100 randomly
selected abstracts from THESESNLP.

TRAIN and DEV NLP-DEV is composed of 96 ab-
stracts randomly sampled from THESESNLP (non-
overlapping with those selected for TEST). NLP-
TRAIN contains the remaining abstracts extracted
from ISTEX and THESESNLP.

4. Experiment Settings

We provide benchmarking experiments to illustrate
the usefulness of the two datasets for both fine-
tuning and evaluation of document-level MT for
scholarly documents.

MT Engines We test the translation perfor-
mance of two multilingual LLMs: TowerBase-7B28

(TOWER) (Alves et al., 2024) and EuroLLM-9B29

(EUROLLM) (Martins et al., 2025), when translat-
ing abstract test sets at the paragraph level, before
and after fine-tuning on the corresponding training
set (EPS-TRAIN and NLP-TRAIN). For comparison,
we also evaluate the translation quality of two com-

27Using the MateCat platform, without knowledge of
each segment origin.

28https://huggingface.co/Unbabel/
TowerBase-7B-v0.1

29https://huggingface.co/utter-project/
EuroLLM-9B

https://huggingface.co/sentence-transformers/LaBSE
https://huggingface.co/sentence-transformers/LaBSE
https://github.com/pymupdf/pymupdf4llm
https://github.com/pymupdf/pymupdf4llm
https://huggingface.co/Unbabel/TowerInstruct-13B-v0.1
https://huggingface.co/Unbabel/TowerInstruct-13B-v0.1
https://huggingface.co/Unbabel/TowerBase-7B-v0.1
https://huggingface.co/Unbabel/TowerBase-7B-v0.1
https://huggingface.co/utter-project/EuroLLM-9B
https://huggingface.co/utter-project/EuroLLM-9B
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mercial systems: DeepLPro (DEEPL)30 and Sys-
tranPro (SYSTRAN).3132

For the translation of complete articles, we com-
pare the performance of Llama3.1-8B-Instruct33

(LLAMA3) (Grattafiori et al., 2024), which has a
context length of 128k tokens, and Qwen3-8B34

(QWEN3) (Yang et al., 2025) with a context length
greater than 32k on the MERSENNE subset of
EPS-TEST-LONG.

Fine-tuning and Inference We perform super-
vised fine-tuning using QLoRA (Dettmers et al.,
2023), following the quantization and LoRA con-
figurations proposed by Moslem et al. (2023, Sec-
tion 2.3) for TOWER and EUROLLM. The QLoRA
learning rate is 2e−4 adjusted by a cosine sched-
ule, with neither warm-up steps nor packing. The
batch size is set to 8.

For NLP we fine-tune TOWER and EUROLLM for
two epochs on NLP-TRAIN, with two gradient ac-
cumulation steps to produce FT-TOWER-NLP and
FT-EURO-NLP respectively. Similarly, we fine-
tune both models on EPS-TRAIN to produce FT-
TOWER-EPS and FT-EURO-EPS, although due to
the fact that the training set is larger, we do so for
one epoch only and set the gradient accumulation
steps as 4.

Inference is performed without additional in-
context examples, with bfloat16 and greedy
search, using the Huggingface implementation, ex-
cept for the inference of LLAMA3 and QWEN, which
is carried out with vLLM (Kwon et al., 2023). For
QWEN3, we use the suggested configuration for
the non-thinking mode using a hybrid decoding
method that combines top-k and top-p, with tem-
perature, top-p, top-k values of 0.7, 0.8, and 20 re-
spectively.

Prompts We prompt base models following their
HuggingFace model cards, using the following two
prompts for TOWER and EUROLLM respectively:

(1) English: SRC\nFrench:

(2) English: SRC French:

We use the following prompt for fine-tuning and
fine-tuned models:

(3) Translate the following text from
English into French.\nEnglish:
SRC\nFrench: TGT

30https://deepl.com
31https://www.systransoft.com/
32DEEPL and SYSTRAN were accessed in March 2026

for abstracts and October 2025 for MERSENNE articles.
33https://huggingface.co/meta-llama/

Llama-3.1-8B-Instruct
34https://huggingface.co/Qwen/Qwen3-8B

For the translation of full articles with QWEN3, we
use the following prompt:

(4) Translate the following text from
English into French.\nEnglish:
SRC\nFrench:

For full article translation with LLAMA3, we use
the following system prompt:

(5) You are a good translator!
Translate the following text from
English into French. Reply only
with the translated text.

and the following user prompt template:
English: SRC\nFrench:

Metrics To evaluate translation quality, we use
standard BLEU (Papineni et al., 2002) and its
document-level variant, denoted ds-BLEU (Peng
et al., 2024b).35,36 We also report the document-
level COMET (d-COMET) score (Vernikos et al.,
2022) with wmt22-comet-da (Rei et al., 2022).
While ds-BLEU can be applied as-is to documents
without requiring sentence alignment, to evaluate
BLEU and d-COMET, we first have to realign ab-
stracts, paragraphs, and articles at the sentence
level.37

5. Results and Analysis

5.1. Paragraph-level MT
Tables 4 reports the translation quality of the six
MT systems in translating abstracts from test sets
in EPS-TEST and in NLP-TEST.

For EPS, DEEPLPRO and FT-EURO-EPS are
ranked as the top two MT systems. DEEPLPRO
achieves the best d-COMET scores for all test sets,
while FT-EURO-EPS results in higher BLEU scores
for three out of four subsets of EPS-TEST. We
obtain performance gain through fine-tuning both
LLMs on EPS-TRAIN, except for CRG when using
the fine-tuned EUROLLM.

35For ds-BLEU, each document is considered as a
single segment (all sentences concatenated), ‘sentence-
level’ BLEU is applied to each document and the aver-
age score is calculated over documents.

36We use SacreBLEU (Post, 2018) with the signature
nrefs:1|case:mixed|eff:no|tok:13a|smooth:exp|
version:2.4.0 to compute BLEU. For ds-BLEU, ef-
fective order is activated with eff:yes

37We do this by first aligning at the character level
between the automatic translation and its reference us-
ing edlib (https://pypi.org/project/edlib/)
then segmenting sentences with respect to the sentence
boundaries of the reference.

https://deepl.com
https://www.systransoft.com/
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
https://huggingface.co/Qwen/Qwen3-8B
https://pypi.org/project/edlib/
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BSGF CRAS CRG THESESEPS

BLEU ds-BLEU d-COMET BLEU ds-BLEU d-COMET BLEU ds-BLEU d-COMET BLEU ds-BLEU d-COMET

Systran 42.8 44.3 78.5 33.3 33.0 79.5 48.1 48.2 82.6 47.3 48.4 82.4
DeepL 41.2 43.2 80.1 33.5 33.2 81.1 47.5 47.9 83.6 45.8 47.2 83.0

Tower 36.1 38.2 75.6 33.2 33.1 78.6 48.5 48.3 81.7 43.9 45.5 80.6
FT-Tower-EPS 38.7 40.0 77.9 34.9 34.4 79.5 49.1 48.9 82.0 45.0 46.7 81.9

EuroLLM 40.7 42.1 78.6 35.8 35.5 79.9 51.5 51.5 82.8 47.5 49.2 82.7
FT-Euro-EPS 41.1 42.5 78.5 36.6 35.8 80.1 50.9 50.2 82.5 48.0 49.5 82.6

rTAL THESESNLP

BLEU ds-BLEU d-COMET BLEU ds-BLEU d-COMET

Systran 34.5 33.4 76.1 43.0 43.1 78.9
DeepL 34.2 33.6 78.0 41.7 42.4 80.4

Tower 32.1 31.1 75.5 40.0 40.1 77.7
FT-Tower-NLP 32.8 32.1 76.4 41.5 41.6 78.6

EuroLLM 34.6 33.5 76.4 43.0 42.7 79.2
FT-Euro-NLP 35.0 33.8 76.9 42.8 43.1 79.3

Table 4: BLEU, ds-BLEU and d-COMET scores for each subset of EPS-TEST (top) and NLP-TEST (bottom),
corresponding to abstract translation. Best and second-best scores are bold and underlined, respectively

For NLP, DEEPLPRO and FT-EURO-NLP achieve
the best and second-best performance for all met-
rics. As for EPS, we observe that fine-tuning is
beneficial for both TOWER and EUROLLM.

5.2. MT of full articles

To investigate the capacity of LLMs with large con-
text lengths to translate full scientific articles, we
evaluate LLAMA3 and QWEN3 on the full-length ar-
ticles from the MERSENNE subset of EPS-TEST-
LONG. We also calculate the scores at the para-
graph level in order to also compare the LLMs
to the MT models from the previous experiments,
whic have limited context window sizes.

Scores for paragraph-level translation are given
in Table 5: EUROLLM and FT-EURO-EPS perform
the best.

To study the effect of increasing the size of trans-
lation segments, we compare the translation qual-
ity (BLEU scores) of LLAMA3 and QWEN3 when
translating MERSENNE at the sentence, para-
graph, and article level. The results reported in
Table 6 show that the translation quality of LLAMA3
slightly improves when translating paragraphs in-
stead of sentences, although it degrades when
translating full-length articles, despite the lengths
of input articles fitting within the context window
size. This is consistent with the findings of Wang
et al. (2024) and Peng et al. (2025). The value of
the brevity penalty observed suggests that under-
translation is one of the reasons apart from the
quality degradation. In contrast, the BLEU scores
of QWEN3 increase when translating full articles
with respect to paragraph-level translation, sug-
gesting its robustness in long-context MT.

MT system BLEU ds-BLEU d-COMET

Systran 57.3 58.0 87.3
DeepL 56.2 58.6 88.0

Tower 56.2 55.5 85.8
FT-Tower-EPS 57.1 58.4 87.0

EuroLLM 61.7 62.7 87.6
FT-Euro-EPS 59.7 60.7 87.6

Table 5: Scores for MT systems translating the
MERSENNE subset of EPS-TEST-LONG (full arti-
cles) at the paragraph level. Best and second-best
scores are bold and underlined, respectively.

Model sent2sent par2par doc2doc

Llama3 51.2 (1.00) 51.8 (1.00) 49.2 (0.96)
Qwen3 48.4 (1.00) 48.3 (1.00) 50.8 (0.99)

Table 6: BLEU score (and brevity penalty) for
LLMs translating MERSENNE articles at the sen-
tence (sent2sent), paragraph (par2par), and full
document (doc2doc) levels.

6. Conclusion

To address the scarcity of parallel documents
in scientific fields for document-level MT, we
constructed two English–French parallel corpora,
PARAEPS and PARANLP, consisting of parallel ab-
stracts and full-length parallel articles in Earth
and Planetary Sciences and in Natural Language
Processing respectively. Each corpus comprises
TRAIN, DEV and TEST sets of abstracts and a sec-
ond test of full articles (TEST-LONG). While most
of the translations are produced through manual
effort, the NLP-TEST-LONG is partly made up of sil-
ver translations constructed from comparable ver-
sions of the same article in English and French.
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We present the original pipeline by which we de-
rive silver parallel articles from those comparable
human-written articles. Our experiments demon-
strate the usefulness of our corpora, as fine-tuning
LLMs on our dataset improves translation quality,
and the parallel articles provide resources for the
evaluation of article-level MT. Our future work will
explore more precisely how document-level phe-
nomena are handled by machine translation sys-
tems. This includes discourse phenomena that
require extra-sentential context, but also termino-
logical variation (in terms of consistency and logi-
cal use of term variants such as acronyms and re-
duced forms). Another short term goal will be to de-
velop parallel scholarly corpora for a more diverse
set of scientific domains, including other scientific
domains that are characterised by domain-specific
notation and formulae.

7. Ethical Considerations

BSGF, CRAS and CRG articles are released un-
der a permissive CC BY 4.0 license. PARANLP ab-
stracts are considered as part of the metadata of
published documents and are therefore not copy-
righted. The status of the CanMin and CJES ab-
stracts is more restricted. Therefore, we open-
source the scripts to collect and process the ab-
stracts. This situation could change if specific per-
mission of the respective publishers is received.

The parallel articles will also be released in ac-
cordance with the licenses of raw texts. Comptes
Rendus Géoscience has been distributed since
2020 in partnership with the Mersenne Centre for
Open Scientific Publishing based on a diamond
open access policy, the journal articles and their
translations distributed under a CC-BY 4.0 licence.
The translated articles from the STUDENT collec-
tion are either Open Access or included in the IS-
TEX database.

The tools and LLMs used in our experiments are
open-source or open-weights except for the com-
mercial MT systems Systran and DeepL. We do
see any ethical issues with this work.
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