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Abstract

English dominates scientific publishing,
which disadvantages researchers who are
not native English speakers, especially
those in the earlier stages of their careers.
Being able to write and engage with sci-
entific content written in their own lan-
guage would clearly facilitate scientific
production. The MaTOS project (Machine
Translation for Open Science) seeks to re-
duce these barriers by developing machine
translation tools for scientific documents in
English and French. This article presents
the design of the MaTOS pipeline for the
HAL platform to automatically translate
article abstracts, with author validation, to
increase the number of bilingual abstracts
on the platform. We also report prelim-
inary experiments comparing translation
of sentence, three-sentence chunks, and
whole abstracts, evaluated using quality
estimation metrics. We release all the code
of the different stages of the pipeline.'

1 Introduction

A vast majority of academic publications are pub-
lished in English (Gordin, 2015). While having a
lingua franca has certain advantages, it also cre-
ates linguistic barriers for non-native speakers of
English; they may feel less at ease both reading
the literature and writing their own articles. In a
world of ever-increasing publication, it is impor-
tant to create a more inclusive research ecosys-
© 2026 The authors. This article is licensed under a Creative
Commons 4.0 licence, no derivative works, attribution, CC-
BY-ND.

'"https://github.com/ANR-MaTOS/HAL_
pipeline

tem that does not disadvantage non-native speak-
ers and, on the contrary, embraces the diversity
that comes with a multilingual community. Ini-
tiatives such as the Helsinki Initiative on Multilin-
gualism in Scholarly Communication® recommend
just that, encouraging the community to promote
and facilitate writing in their own language, and for
the Natural Language Processing (NLP) domain,
the ACL 60-60 initiative® sought to break down
linguistic barriers with their ambition to translate
the ACL anthology into 60 different languages.

Machine translation (MT) is one way of both fa-
cilitating access to publications in English and en-
abling researchers to write in their own language.
Progress in MT has been remarkable, thanks to
neural architectures (Bahdanau et al., 2015), large-
scale language models trained on large amounts
of data (Lewis et al., 2020; Raffel et al., 2020),
and, in more recent years, the use of large lan-
guage models (LLMs) (Hendy et al., 2023; Zhu et
al., 2024; Bawden and Yvon, 2023), which have
provided new opportunities for longer document
translation (beyond the sentence level) (Guo et al.,
2025; O’Brien et al., 2025; Peng et al., 2025b)
and the integration of domain-specific translation
guidelines and terminologies (Lu et al., 2024a; On-
cevay et al., 2025).

The MaTOS project* (Machine Translation for
Open Science), a project funded by the French Na-
tional Research agency, seeks to improve trans-
lation of academic documents between French
and English (Bénard et al., 2023; Bawden et al.,
2025). As part of the project, we have devel-
oped a pipeline to translate monolingual abstracts

https://www.helsinki-initiative.org
Shttps://2022.aclweb.org/
dispecialinitiative.html
*https://anr-matos.github.io



of scholarly publications submitted to the HAL
platform from English into French and vice versa.
The HAL platform is the French national scien-
tific publication archive, hosting publications of a
wide range of scientific domains. Its use is rec-
ommended, sometimes even mandatory, across all
French public academic institutions.

As of February 2026, HAL hosts 4.5M refer-
ences. Out of these, 1.7M references have a de-
clared English abstract and no French abstract,’
while 582k references have a declared French ab-
stract and no English abstract. Through our trans-
lation pipeline, we aim to provide HAL users with
an automatic translation of their monolingual ab-
stracts in French or English, depending on the orig-
inal source language, which the authors can then
post-edit before it is associated with their publica-
tion. In this article, we present the design of the
pipeline and also compare and analyse the transla-
tion quality of an LLM integrated into this pipeline
when translating segments of varying lengths (iso-
lated sentences, blocks of consecutive sentences
and the whole abstract).

2 Related work

Traditionally, MT models have been trained to
perform sentence-level translation, for computa-
tional reasons as well as the availability of large
sentence-level parallel datasets. However, trans-
lating at the sentence level means that certain as-
pects of the translation cannot be ensured, no-
tably those that span across several sentences or
even whole documents such as lexical cohesion,
which requires extra-sentential processing (Fer-
nandes et al., 2023). Context-aware and document-
level translation has therefore been an important
area of study in MT from as far back as statisti-
cal MT (Hardmeier, 2012), and the task has been
made more flexible with the use of neural MT
models (Miculicich et al., 2018; Lopes et al., 2020)
and nowadays with LLMs (Wang et al., 2023).
The advent of LLMs that can handle large con-
texts, sometimes of thousands of tokens, has en-
abled the research community to envisage holis-
tic document translation that can potentially ensure
document-level consistency and coherence. Al-
though theoretically whole-document translation
would be ideal, it is less obvious that this is the op-
timal granularity for current models, particularly

SHAL users may submit an abstract for their publication with-
out specifying its language.

for longer documents. Despite the theoretical con-
text window being big enough to accommodate
the whole document and prompt, in practice it has
been shown that additional problems can arise for
the translation of longer documents, including du-
plicated segments, missing or hallucinated content,
resulting in worse overall quality (O’Brien et al.,
2025; Peng et al., 2025a). It has even been shown
that sentences that appear far from the beginning
of the input text are more affected by this decrease
in translation quality than those at the beginning
(Peng et al., 2025a). We therefore choose to test
several granularities of translation in our pipeline
to find the right balance. An additional advantage
of LLMs for translation is that they can easily in-
tegrate additional information sources such as ter-
minologies (Moslem et al., 2023; Lu et al., 2024a;
Oncevay et al., 2025), style guidelines and domain
information (Hu et al., 2024), as well as exam-
ples of the type of translation to be carried out (in
the form of few-shot examples) (Tan et al., 2024)
through prompting. We conduct experiments with
both 0-shot and few-shot prompting for document-
level translation.

A previous project had a similar aim to our own.
The ANR COSMAT project (Lambert et al., 2012)
aimed to translate entire PDF documents submit-
ted to HAL, with the goal of having the authors
post-edit, validate or reject the suggested transla-
tion. However, this pipeline was not integrated
in the platform. Much has changed since, no-
tably the MT technologies available for translation
(and therefore the quality and usefulness of trans-
lation). Our ambition to translation abstracts ini-
tially rather than whole documents is partly due to
it being more straightforward and more likely to be
adopted by authors in this initial implementation of
the pipeline, and abstracts are part of the publica-
tions’ metadata and therefore belong to the public
domain, making it possible to translate them for all
articles, even those without permissive licences.

In a user-oriented setup, it is important to eval-
uate the quality of MT output before submitting
it to the user for validation. While traditional
MT evaluation scores like BLEU (Papineni et al.,
2002) and chrF (Popovié, 2015) require a refer-
ence translation (which we do not have in our set-
ting, except in rare cases), it is possible to carry
out reference-less evaluation, known as quality es-
timation (QE). Several neural QE metrics have
been made available in the last years. COMET-



QE (Rei et al., 2021) and CometKiwi (Rei et
al., 2022a), like their reference-based version,
COMET (Rei et al., 2020), are based on a neural
language model fine-tuned on human judgments
of MT quality. We choose to use CometKiwi in
this article as a measure of MT quality, and we
also use it within the pipeline (alongside heuris-
tic measures such as translation length ratio and
language identification tools) to identify poor qual-
ity translations. More recently, Kocmi and Fe-
dermann (2023b) introduced GEMBA, an LLM-
powered metric for assessing MT quality with or
without a reference translation. GEMBA relies
on zero-shot prompting of GPT-models to assess
a translation and return a quality score. There have
also been approaches to obtain fine-grained as-
sessment of translation quality, including specific
errors (Kocmi and Federmann, 2023a; Lu et al.,
2024b). The one we use in this article for the as-
sessment of MT quality is GEMBA-MQM (Kocmi
and Federmann, 2023a), which emulates the mul-
tidimensional quality metrics (MQM) framework
(Lommel et al., 2013; Freitag et al., 2021).

3 The MaTOS pipeline

The MaTOS pipeline involves the extraction and
translation of abstracts from HAL and submitting
the translated abstracts to the authors for valida-
tion and/or post-editing. Abstracts belong to the
metadata of articles, and therefore we are able to
process all submitted abstracts in compliance with
the intellectual property code.® While it would be
interesting in the future to work on the translation
of whole articles, we believe that this initial first
step (i.e. translating abstracts) is important.

As shown in Figure 1, the pipeline is composed
of five steps, which are described in more de-
tail below: (i) Extraction of publication metadata,
(i1) language identification and filtering, (iii) trans-
lation using an LLM, (iv) filtering of the abstracts
based on the translation to avoid insufficiently cor-
rect translations, and finally (v) submission of the
translation to the authors for validation.

3.1 Extraction of submissions from HAL

This first step consists in extracting metadata of
publications submitted to HAL. We are planning to
initially deploy the pipeline only for publications
submitted to the Inria portal of HAL (in computer

®https://doc.hal.science/en/
legal—-aspects/

science). However, in this paper we present re-
sults both from Inria portal publications (mostly
computer science-related) and publications from
all of HAL (from different institutions and scien-
tific fields). We download the submissions on a
daily basis using the HAL APIL’ Extracted meta-
data fields include the document ID, title, key-
words, abstracts, author IDs and names, the day
of submission, and the scientific field.® All kinds
of publications are taken into account, including
articles, theses, reports, images, videos, etc.

3.2 Language identification and source-side
filtering/processing

This step has two aims: (i) identify English and
French abstracts that are to be translated by the
pipeline (i.e. those for which a translation does not
already exist), and, as a by-product of the pipeline
(i1) identify abstracts for which the translation is
provided by the author(s), with a view to creating
a parallel corpus of scientific publication abstracts.

The metadata fields specify the language of the
abstract (i.e. English or French), but we carry out
language identification to verify that the declared
language matches the actual language of the ab-
stract. We use an off-the-shelf fastText model
(Joulin et al., 2016; Joulin et al., 2017) without a
confidence threshold to predict the language. Any
abstracts for which the predicted language does not
match are excluded. We also exclude abstracts that
contain fewer than 15 words or that end in an el-
lipsis (indicating an incomplete abstract).

We also collapse multiple spaces, replace sub-
scripts and superscripts by their Unicode equiva-
lents and remove HTML tags which are not part of
the abstract content and posed problems for MT in
preliminary experiments.

3.3 Machine Translation

We choose to use EuroLLM-9B-Instruct (Martins
et al., 2025) for translation, as preliminary experi-
ments showed the results to be good whilst min-
imising computational resources required. The
model is an instruction-following model based on
the 9B-parameter EuroLLM model. It has the ad-
vantage of being open-weight and trained on pub-
licly available data in 35 languages, including par-
allel corpus to increase its translation abilities.

"nttps://api.archives—-ouvertes.fr/docs
8 Although we do not currently use all extracted fields to help
translation (e.g. keywords and the scientific field), we believe
this could be useful information to include in the future.
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Figure 1: Illustration of the stages of the MaTOS pipeline.

We batch the translation requests to accelerate
inference, and translate using vLLM (Kwon et al.,
2023). The average time for processing a single
request on an NVIDIA A100 GPU is 5.95 sec-
onds. We only translate those abstracts for which
the prompt and source sequence do not exceed the
model’s maximum context length of 4096 tokens.

In the experiments presented in this article, we
test zero-shot, one-shot and two-shot MT. A zero-
shot prompt example is displayed in Figure 2. We
take few-shot examples from the ACAD-TRAIN
and ACAD-BENCH subsets of the ACADATA
parallel dataset of academic abstract (Lacunza et
al., 2026) and use BM25 (Lu, 2024) to select the
most similar texts, after all texts are lemmatised
with SpaCy (Honnibal et al., 2020).

<|im_start|>system

You are a professional translator of scientific
documents. Translate the following text from
English into French. The target text must have the
same number of paragraphs as the source text.
Reply only with the translated text.

<|im_end|>

<|im_start|>user

English: Geological data show that, early in its
history, the Earth had a large-scale magnetic
field with an amplitude comparable to the one of
the present geomagnetic field.

French:

<|im_end|>

<|im_start|>assistant
Figure 2: Example prompt (English-French, sentence-level).

For the translation of scientific abstracts, which
can be considered to be small documents, the size
of the segment to be translated is important for the
overall consistency of the output. In Section 4,
we compare different translation granularities (iso-
lated sentences, chunks of 3 sentences and whole
abstracts), to test the trade-off between maximal
access to context to aid translation and minimis-

ing potential deterioration in quality linked to hav-
ing to translate longer sequences. As shown in
Section 4, we find that document-level translation
leads to fewer errors overall, notably concerning
terminology and style. We therefore choose to
translate at the document-level, but still envisage
to split very long documents into smaller chunks
to avoid processing issues and the degraded qual-
ity that can come with MT of very long texts.

3.4 Target-side filtering

It is important to ensure that the translated ab-
stracts submitted to the authors are of sufficiently
good quality to maximise the chances that the au-
thors will accept to validate (or post-edit) the ab-
stracts and to avoid any potential disillusion with
the tools provided. We therefore apply the follow-
ing filters on the output: (i) language identifica-
tion to check that the output is in the expected lan-
guage, (ii) verification of the length ratios between
the source and target texts (rejecting any that differ
by more than 35%)° and finally (iii) carrying out
QE using CometKiwi (Rei et al., 2022b).

3.5 Author notification and validation

Only the translations of the abstracts that pass the
previously described filters are submitted to au-
thors. It is important for authors to maintain con-
trol over the information associated with their ar-
ticle deposits. We therefore implement a mecha-
nism by which authors are notified of the transla-
tion of their abstract and are encouraged to validate
and post-edit it, after which the translation will be
added to the metadata of their article.

°This is based on the length ratios of the bilingual abstracts
extracted from HAL in February 2026; French abstracts are
29% longer than their English translations, while English ab-
stracts are 23% shorter than their French translations.



4 Experimenting with the translation
segment size

As described above, we attempt to find the optimal
granularity of the translation segment. In theory,
more context should be useful (i.e. translating ab-
stracts as a whole). However, in practice, it has
been shown that this can have adverse effects, es-
pecially with longer texts, such as hallucinations
and deleted sentences (Karpinska and Iyyer, 2023).
We compare three levels of granularity for trans-
lation: sentence-level, chunks of three sentences
and whole abstracts. For the first two methods,
we split abstracts into individual sentences using
Trankit (Nguyen et al., 2021). 3-sentence chunks
are the concatenation of three sentences, although
there may be fewer than three sentences at the end
of an abstract. For the document level, we also ex-
periment with one-shot and two-shot prompting.

4.1 Data and evaluation

We experiment with two datasets collected from
HAL and filtered as described in Section 3.4. The
HAL-Inria corpus contains the first 500 abstracts
submitted to the Inria collection of HAL start-
ing from Ist February 2026,'° while the HAL-all
corpus contains the first 500 abstracts submitted
to HAL (every discipline combined) starting from
23rd February 2026. Detailed statistics about the
evaluation data can be found in Table 1.

mainly on sentence-level judgments (Dahan et
al., 2026). Therefore, we decide to apply it to
shorter (sentence-like) segments. The same sen-
tence alignments are not guaranteed for all gran-
ularities, so we create segments by aligning in-
put and output sentences for each granularity us-
ing Bertalign (Liu and Zhu, 2022) and calculate
the alignment that is compatible with all three,
concatenating sentences in the case of many-to-1
alignments. We then apply CometKiwi to each
aligned input-output pair.

4.2 Quality estimation results and analysis

QE results can be found in Table 2 for HAL-all and
in Table 3 for HAL-Inria.

Segment  #shots CometKiwi GEMBA-MQM LR
en—fr
Sent 0 85.71 -6.29 1419
3-sents 0 85.65 -4.87 1.370
Doc 0 85.24 -3.87 1.356
Doc 1 85.22 -3.98  1.349
Doc 2 85.05 -4.63  1.341
fr—en
Sent 0 83.31 -6.51 0.847
3-sents 0 83.39 -4.86 0.828
Doc 0 82.92 -4.44  0.822
Doc 1 82.74 -3.66 0.817
Doc 2 82.16 -4.15 0.816

Table 2: Comparison of MT performance for the HAL-all
corpus. LR indicates the length ratio.

#docs  #sents  #aligned segs #toks Segment #shots CometKiwi GEMBA-MQM LR
HAL-Inria en—fr

en—fr 500 3,775 3,429 121,692 Sent 0 84.48 -6.82  1.427

fr—en 45 299 287 10,694 3-sents 0 84.34 -5.09 1.385

Doc 0 84.10 -5.09 1.380

HAL-all Doc 1 83.87 -5.01 1.374

enfr 500 5,105 4701 180,339 Doc 2 83.32 607 1.366
fr—en 500 2,831 2,479 120,210 fr-en

Sent 0 85.04 -6.93 0.797

Table 1: Statistics for the evaluation data. 3-sents 0 85.00 -5.68  0.798

Doc 0 84.73 -340 0.794

. . Doc 1 84.80 -3.84 0.794

For evaluation, we calculate QE scores with Doc 2 84.85 471 0792

CometKiwi and with GEMBA-MQM to provide
a finer-grained analysis of translation errors. We
apply GEMBA-MQM to the complete document
translations, i.e. where the sentence-level and
3-sentence-level translations are concatenated to
form documents. However, CometKiwi’s abil-
ity to faithfully evaluate longer text segments is
subject to discussion, as the model is trained
0There are way fewer monolingual French abstracts in the

INRIA collection, therewefore we only gathered 45 abstracts,
submitted in all of February and March 2026

Table 3: Comparison of MT performance for the HAL-Inria
corpus. LR indicates the length ratio.

CometKiwi and GEMBA-MQM CometKiwi
scores are similar for all segment sizes. For both
language pairs, the sentence-level and 3-sentence-
level scores are almost identical and higher than
document-level scores.

These results are not mirrored exactly by
GEMBA-MQM scores, as the translation where



Sent. 3-sents Doc 0-shot Doc 1-shot Doc 2-shot
Acc./Mistranslation 4(5) 8 4(5) 4(6) 2
Acc./Omission 0 2 0 1 0
Flu./Grammar 5(6) 54) 4 4 2(3)
Flu./Punctuation 34) 4 0 3 4
Term./Inappropriate for context 2 2 1 1 2
Term./Inconsistent use 2 4(5) 2 1 0
Style/Awkward 2 3(4) 3 2 1

Table 4: Number of occurrences of each GEMBA-MQM error type across different translation segment sizes. Macro error

types are acc(uracy), flu(ency) and term(inology).

the text was translated sentence by sentence is
scored lower than the other two granularities. This
is maybe unsurprising, as we applied GEMBA-
MQM to whole abstracts, while CometKiwi was
applied to sentence-like segments, therefore pos-
sibly missing important errors concerning consis-
tency and coherence. In our pipeline, we cannot
use GEMBA-MQM for cost and reproducibility
reasons (Kocmi and Federmann, 2023a); we there-
fore use CometKiwi, which is nevertheless sensi-
tive to the most severe problems.

We also find that few-shot examples tend to de-
crease CometKiwi scores. One-shot prompting
can have a light positive or negative impact on
GEMBA-MQM scores, but two-shot prompting al-
ways deteriorates scores except for the fr—en direc-
tion for the HAL-Inria corpus.

Analysis based on GEMBA-MQM Gemba-
MQM allows us to perform finer-grained evalua-
tion, offering insights into translation errors in ad-
dition to providing QE scores. The detected errors
are classified into three categories: critical, major
and minor, and each category is weighted differ-
ently in the calculation of the final quality score.

We perform qualitative analysis by reviewing
the translations and the Gemba-MQM error an-
notations for the first 10 en—fr abstracts of the
HAL-all corpus. Table 4 shows the number of oc-
currences of the most important error types. We
find that some errors were misclassified or hal-
lucinated by Gemba-MQM and therefore indicate
the true count of errors in parentheses after our
re-annotation. We present some misclassified and
false errors in Appendices A and B respectively.

The most prevalent error type is mistranslation,
reflecting the difficulty for LLMs to translate sci-
entific terms accurately. Inconsistent translation of
terms becomes more common for smaller trans-
lation segments (i.e. worse at the 3-sents level),
as consistent use of terminology often requires

context beyond the sentence or chunk level (Xiao
et al., 2011). We also find some basic gram-
matical errors. They mainly concern subject-
verb agreement and gender agreement. We pro-
vide below two examples of errors annotated by
GEMBA-MQM. In the first example, the English
source term bio-oil, is inconsistently translated
into French as bio-huile and huile biologique. In
the second example, the French word dimension-
nement ‘sizing’ is preceded by a feminine deter-
miner, even though it is a masculine noun.

(1) terminology/inconsistent use: “bio-huile” vs “huile bi-

ologique” (both acceptable but inconsistent within the
text)

(2) fluency/grammar: la dimensionnement optimal” should
be “le dimensionnement optimal” (gender agreement
error: “dimensionnement” is masculine)

Based on the above findings, we have decided
to implement document-level MT in our pipeline.
We will continue experimenting with few-shot
prompting and different strategies for example se-
lection.

5 Conclusion and future work

We have presented the pipeline of the MaTOS
project for the translation of English and French
publication abstracts submitted to the HAL pub-
lishing platform. Our aim is to break down lan-
guage barriers in research (where English dom-
inates) by encouraging publication in other lan-
guages, in our case French. The design of the
pipeline takes into account the need to filter sub-
mitted abstracts and the resulting translations in or-
der not to discourage users from using the technol-
ogy. The idea is for users to validate or post-edit
the translations, which will also be publicly avail-
able as a useful resource for the MT community.

In the near future, we intend to experiment with
more sophisticated prompting techniques, integrat-
ing translation of terms using bilingual glossaries
and other domain-specific information.
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A Misclassified errors

In this section we show some examples of errors
that were detected by GEMBA-MQM in our eval-
uation sample but were classified in the wrong cat-

egory.

(3) fluency/grammar: some minor punctuation issues in the
abbreviation list (missing commas or semicolons in a
few places)

This was annotated as a fluency/grammar error,
but we re-annotated is as a fluency/punctuation er-
ror, since it concerns missing punctuation marks.

(4) accuracy/mistranslation: “la hybridation” should be
“I’hybridation” (missing elision of the article “la” be-
fore a vowel)

This was annotated by GEMBA-MQM as an
accuracy/mistranslation error, even though it is a
grammar error.

B False errors

In this section we show some examples of errors
that were detected by GEMBA-MQM in our eval-
uation sample but are actually correct translations.
(5) terminology: the terms “sphére biogéographique” for
“biogeographic realm,” “dissemblance” for “dissimilar-

ity”” and other scientific terms are consistent and appro-
priate.

This was counted as a terminology error, even
though the model itself explains that scientific
terms are translated in a consistent and appropri-
ate manner.

(6) style: the translation is formal and appropriate for the
scientific context.

This was counted as a style error, even though
the model itself explains that the translation is for-
mal and appropriate.



