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Abstract

Specialised translation relies on the use of
documentary and terminological resources, in-
cluding corpora. These resources are par-
ticularly useful for terminology. However,
their compilation and exploitation have sev-
eral limitations: they require time, technical
skills and access to data that can be difficult
to collect. This study examines the extent
to which LLMs can assist specialised trans-
lators in finding equivalents from English to
French. We evaluate four proprietary mod-
els, GPT-40, GPT-5.2, Claude Sonnet 4.5 and
DeepSeek, in two specialised domains, Earth,
Environmental and Planetary Sciences (EEPS)
and Natural Language Processing (NLP). The
experiment is based on 80 terms per domain
and compares two prompting strategies: a ter-
minology and a translation mode. The re-
sults highlight clear differences between mod-
els, prompting strategies and, to a lesser ex-
tent, domains. Claude Sonnet 4.5 achieves the
best results in the most favourable configura-
tion, while DeepSeek stands out for its greater
stability. Analysis of confidence estimates also
shows that they are only a partial indicator of
terminological accuracy. Overall, the findings
suggest that LLMs can be useful tools for spe-
cialised translators, but cannot, at this stage, re-
place specialised corpora. This research there-
fore paves the way for future work on the real
practical usefulness of LLMs for specialised
translators in work and educational contexts.

1 Introduction

Specialised translation refers to the translation of
texts that are specific to a particular field of knowl-
edge, such as Earth sciences, computer science,
law, etc. This type of translation, also known
as pragmatic translation, has significant economic
implications, as it is used in high-stakes industries.
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The main challenges associated with specialised
translation relate to aspects of Language for Spe-
cific Purposes (LSP). LSP is a language com-
mon to a group of specialists that serves the in-
terests of that group (Bowker and Pearson, 2002;
Basturkmen and Elder, 2004; Gollin-Kies et al.,
2015; Gledhill and Kiibler, 2016). Specialised
translation—-regardless of the domain—presents sig-
nificant challenges, mainly in terms of terminology
(Cabezas-Garcia and Ledn-Arauz, 2023). Each
domain is characterised by its own conceptual
network and, consequently, its own terminology
(Scarpa, 2020). For example, the terms fault creep,
effusive volcano and very low-frequency earth-
quake are part of the terminology of volcanology
(and more broadly, Earth sciences). On the other
hand, neural network, large language model and
text mining refer to natural language processing
and computer science. However, some terms may
have a different meaning in different specialised
languages, such as cloud, which does not refer to
the same concept in Earth sciences as it does in
computer science.

Consequently, specialised translation, even just
in terms of bilingual terminology research, is
a complex, cognitively demanding and time-
consuming task for translators, whether they are
still learners or already experienced profession-
als: “Pragmatically translating LSPs requires not
only knowledge of the source and target cultures
in general, but also knowledge of very specific ar-
eas. Even a very well-educated translator may not
know the terminology, phraseology, or even gram-
mar of a particular [specialised] domain” (Kiibler,
2011)

When it comes to terminology (but also other as-
pects such as phraseology, collocations, discursive
conventions, etc.), there are several tools available



to translators and translation learners. The sim-
plest tools are arguably term bases and bilingual
glossaries. However, these are far from exhaustive
and never cover all the terms in a given field. To
complement this method, specialised translators
must turn to corpora. Studies on the use of corpora
for translation and translation teaching began in
the late 1990s, notably with Baker (1999) and As-
ton (1999). Specialised translation is particularly
affected by the need to use corpora (Kiibler, 2011;
Kiibler et al., 2018; Bernardini, 2022; Granger
and Lefer, 2022). Corpora are useful for acquir-
ing knowledge in these specialised domains, find-
ing linguistic information, and searching for ter-
minological equivalents (Kiibler et al., 2018). Two
main types of corpora can be compiled to assist
specialised translation. Parallel corpora are an
ideal resource for translators, as they contain texts
aligned from the source language to the target lan-
guage (Kiibler and Aston, 2010; Kiibler, 2011;
Bernardini, 2022). This makes it relatively easy
to perform searches in parallel corpora. However,
parallel corpora are complex to compile, as they
require bilingual parallel data, which is not easy
to obtain for all language pairs and all domains
(Corpas Pastor, 2007; Mezeg, 2020). Comparable
corpora can also be useful for translators (Kiibler
et al., 2018; Kiibler et al., 2024; Loock, 2016).
These corpora are independent of each other (not
aligned), but contain texts that deal with the same
subject area. These corpora are much easier to
collect, but searching for bilingual terminology
in comparable corpora is more complicated, since
data are not aligned. In the educational context of
specialised translation training, the use of corpora
has also become a central component of the cur-
riculum. It is one of the skills required for trans-
lator training within the competence framework
of the European Master’s in Translation (EMT)
2022: “Students know how to: make effective use
of search engines, corpus-based tools, text analy-
sis tools, computer-assisted translation (CAT) and
quality assurance (QA) tools where appropriate.”
(European Master’s in Translation Network, 2022)

In this paper, we explore the use of a differ-
ent class of tools that may partially replace estab-
lished practices for terminological research in spe-
cialised translation. More specifically, we inves-
tigate the use of Large Language Models (LLMs)
as an alternative to corpus-based approaches tra-
ditionally employed to identify translation equiv-

alents. Given that LLMs are trained on massive
amounts of textual data and exhibit emerging rea-
soning and generalisation capabilities, they may
provide translators with direct access to plausi-
ble terminological translations without the need to
manually compile and query corpora. This raises
an important question for both professional trans-
lators and trainees: to what extent can LLMs re-
duce—or even eliminate—the need for corpus-
based exploration when searching for specialised
terminology, and what are the implications of such
a shift for translation practices and training?

2 Related Work

Since 2022, the year in which ChatGPT, arguably
the most popular GenAl model, was released
(OpenAl, 2022), numerous studies have examined
the use of LLMs for translation, with very encour-
aging results (Vilar et al., 2023; Hendy et al., 2023;
Jiao et al., 2023; Wang et al., 2023). Some even be-
lieve that the future of machine translation will be
closely linked (or is already linked) to the capabili-
ties of LLMs (Lyu et al., 2024). Other studies have
used LLMs for related tasks, including the evalua-
tion and annotation of translations (both machine-
translated and human-translated) (Kocmi and Fed-
ermann, 2023a; Kocmi and Federmann, 2023b; Lu
et al., 2024; Fernandes et al., 2023; Moosa et al.,
2024; Xu et al., 2023). With regard to our field
of study, only a few studies have explored the po-
tential of LLMs for specialised translation, partic-
ularly in the area of terminology.

Recently, Pecman (2025) looked at the integra-
tion of LLMs into terminology analysis, within
the framework of the ARTES (Kiibler and Pec-
man, 2011) term base (a terminology database for
research and teaching in specialised translation).
This work does not directly address specialised
translation, but rather the drafting of definitions
for emerging concepts (neologisms) or concepts
undergoing semantic change. The study proposes
an experimental protocol combining corpus lin-
guistics and interaction with several GenAl tools
(ChatGPT, DeepSeek, Perplexity, Claude, Gem-
ini). Pecman (2025) shows that LLLMs can be use-
ful for reformulating, improving or structuring ter-
minological definitions, particularly when guided
by knowledge-rich contexts extracted from spe-
cialised corpora. However, her study emphasises
that prior corpus-based analysis remains essential
to ensure conceptual accuracy and avoid inaccura-



cies or approximations. The results highlight that
LLMs are a relevant assistance tool, but that they
cannot replace a rigorous methodology based on
authentic data.

A few months prior to this study, an experiment
on the annotation of specialised translations in an
educational context with LLMs, in this case GPT-
40, was conducted (Minder et al., 2025). The re-
searchers prompted the model to annotate errors in
students’ translations in the Earth sciences domain,
based on an error typology adapted to the annota-
tion of specialised translations, the MeLLANGE
error typology (Castagnoli et al., 2011). This ty-
pology includes a wide range of terminological er-
rors. After analysing the proportion of errors de-
tected by the LLM, they observed that GPT-40 was
able to identify approximately 65 % of the termi-
nological errors (specifically 185 out of 289) con-
tained in the Master’s students’ translations. This
experiment opened up interesting perspectives on
the use of LLMs for processing specialised termi-
nology, which led us to conduct the present study.

These findings are particularly relevant to our
study, as they already question the role of LLMs in
the processing of specialised terminology. How-
ever, they focus on derivative tasks (drafting defi-
nitions of specialised terms, annotating translation
and terminology errors). Our work builds upon
this line of thinking by examining more specif-
ically the search for English-French terminology
equivalents in specialised translation and by com-
paring the performance of several LLMs on this
task.

3 Background and Goals

Our experiment aims to assess the extent to which
various GenAl tools can assist specialised trans-
lators performing tasks involving terminology re-
search, primarily when searching for equivalents
from English to French. This question is particu-
larly relevant in specialised translation, where ter-
minology accuracy plays a critical role in the qual-
ity, reliability and domain appropriateness of the
target text.

While LLMs are increasingly explored and used
for translation and MT evaluation tasks, their ac-
tual usefulness for more specific terminological
tasks remains, to our knowledge, poorly docu-
mented, especially in LSP with a focus on spe-
cialised translation. Unlike the vast majority of
studies on LLMs, which tend to focus on general

language, our research is grounded in two highly
specialised and contrasting fields: Earth, Environ-
mental and Planetary Sciences (EEPS) and Natural
Language Processing (NLP). These two domains
were intentionally selected to test the performance
of LLMs across diverse and varied knowledge ar-
eas. By comparing the results across these two do-
mains, we hope to determine whether the models
tested here remain stable or vary depending on the
domain. Beyond a simple comparison of models’
performances, the ultimate goal is more practice-
oriented. We aim to explore whether LLMs can re-
alistically serve as assistants for specialised trans-
lators in terminology research, or even whether
LLMs have the potential to replace corpora.

4 Methods
4.1 Models

In order to assess the potential usefulness of LLMs
for specialised terminology research, we examine
the performance of four models in the search for
equivalents from English into French: GPT-4o,
GPT-5.2, Claude Sonnet 4.5 and DeepSeek. We
selected these models for pragmatic reasons. As
this experiment aims to assess the potential useful-
ness of LLMs for finding terminological equiva-
lents, we intend to test the tools that are exploited
by users. These proprietary models are used in
practice by professional translators and translation
learners. We test the models on 80 terms per do-
main, for a total of 160 terms per model.

4.2 Term selection

The first step was to select 80 terms per domain
(EEPS and NLP), for a total of 160 terms. To
do so, we manually selected terms from several
specialised resources, namely texts (research arti-
cles) translated by Master’s students in specialised
translation, a terminology database, ARTES!, that
is fed annually by, among others, Master’s stu-
dents, and other specialised texts that we had used
for other experiments on specialised translation
(references will be provided once the submission
can be de-anonymised). We ensured that terms of
different structures and varying levels of complex-
ity were represented in our sample: simple terms
as well as compound and complex terms. The 80
terms are identical for all models and prompts. The
selected terms are detailed in Figures 8 and 9 in the
appendices; the responses generated by each LLM

Uhttps://artes.app.univ-paris-diderot.fr/



Scenario English term

Main equivalent

Secondary

equivalent Rare equivalent

low-resource
language

Correct Main
Equivalent (CME)

langue peu dotée

langue a faibles
ressources

langue pauvre en
ressources

Main Equivalent cross-entropy
Identified (MEI) loss

entropie croisée

perte d’entropie
croisée

Main Equivalent Not
Identified (MENI)

megathrust
earthquake

séisme de
mégaséquence

méga-séisme de /
subduction

Figure 1: Suggestions from LLM — examples for each case: main equivalent correctly identified as main equivalent by the
LLM (first example); main equivalent identified as a secondary equivalent by the LLM (second example); main equivalent not
identified by the LLM (third example). A green cell indicates that the equivalent is considered appropriate by the professional
translator. In the third example, the model failed to identify the correct French equivalent; the French term is séisme de

mégachevauchement (ou séisme de méga-chevauchement).

for each domain and mode, along with the anno-
tations for these responses, will be made available
upon publication.

4.3 Prompts and modes

We test two different prompts for each model and
each domain. These prompts correspond to dif-
ferent modes. The first prompt is what we call
‘terminology mode’: it simply instructs the model
to search for terminological equivalents, and for
each term, we provide in the prompt a context sen-
tence (in English) containing the term. In the sec-
ond mode, ‘translation mode’, we first request the
model to translate the context sentence provided,
then to list the identified terminology equivalents
(Figures 10 and 11 in the appendices illustrate
the specific differences between terminology mode
and translation mode). A total of 16 individual ex-
periments were conducted (4 models, 2 domains
and 2 modes). In both prompts, we also request
LLMs to indicate their level of confidence for each
term processed. In addition, we request LLMs
to sort the equivalents found into three categories:
main equivalent, and, where applicable, secondary
equivalents and rare equivalents. The criteria we
give to the models are: “(a) main equivalent — at-
tested (equivalent found in one or more terminol-
ogy databases) and/or more frequent (frequently
found in similar contexts in corpora, in texts of the
same register and type); (b) secondary equivalents
— less frequent in terminology databases and cor-
pora, but still used; (c) rare equivalents (found only
occasionally and with statistically insignificant oc-
currences). If there is only one equivalent, list it
as the main equivalent. There do not necessarily
have to be multiple equivalents” (excerpt from the

prompt). Two examples have also been added to
the prompt to show the desired output presentation.

In addition, we introduced a last variant (re-
ferred to as ‘documentary justification’ in the fol-
lowing) on the best-performing model. On this
model, we tested the inclusion of a constraint: we
asked the model, for each equivalent it identified,
to provide a source (scientific, which could be an
article, a book chapter, a conference paper, etc.)
containing that equivalent and to give a sentence
illustrating the use of the equivalent. We explic-
itly instructed the model not to invent any sources
or sentences. Our idea was to see whether forcing
the model to identify a source would yield more
accurate and precise results. The full prompts for
both modes and for the documentary justification
are detailed in Figures 10 and 11 in the appendices.

4.4 Performance, annotation and evaluation

For each term, one professional translator with ex-
tensive expertise in corpus linguistics and transla-
tion annotation in both domains analyses whether
the LLM is able to provide a correct French equiv-
alent. This allows us to precisely quantify the pro-
portion of equivalents correctly identified by each
model, and to compare the impact of the prompt-
ing strategy and the domain of specialisation.

For performance evaluation, we first classified
each equivalent provided by the model as follows.
Each term was assigned one of the possible out-
comes: the main equivalent was correctly identi-
fied as the main equivalent, the main equivalent
was identified but classified as a secondary or rare
equivalent, or the main equivalent was not identi-
fied (see Figure 1 for an example of each case).
These three outcomes were weighted differently



in the scoring procedure: full credit was assigned
when the main equivalent was correctly identified
as the main equivalent, partial credit when it was
identified but not ranked as the main equivalent,
and no credit when it was not identified. The final
score for each model, mode and domain was then
obtained by averaging these weighted outcomes
across all terms and normalising the result on a 0
to 1 scale.

4.5 Verification resources

In order to check LLM answers, we use sev-
eral resources: comparable and parallel corpora
(English-French) compiled and enriched over the
years in our research lab as part of various projects,
specialised terminology databases such as TER-
MIUM?, and a terminology database developed in
our research lab. (We will provide proper refer-
ences for these resources when the authors’ iden-
tities may be disclosed). All answers, for the 80
terms per domain, each model and each prompting
method, were annotated manually.

5 Results

We analysed the models’ performance across dif-
ferent modes and domains according to several sta-
tistical indicators.

5.1 Overall performance

3 NLP - Terminology mode

Bl NLP - Translation mode

[ EEPS - Terminology mode
.7so  EEE EEPS - Translation mode

0.8

0.7

0.650 .656
0.631 0.631
619

0.600 .600

0.6

0.5

Score

0.4

0.3

0.2

0.1

0.0

GPT-40
NLP EEPS

GPT-5.2
NLP EEPS

Claude Sonnet 4.5
NLP EEPS

DeepSeek
NLP  EEPS

Figure 2: Results achieved on the four models, by mode (ter-
minology or translation) and by domain (EEPS and NLP).

Zhttps://www.btb.termiumplus.gc.ca/.

Figure 2 shows that, overall, there are substan-
tial variations in results across models, modes and,
to a lesser extent, domains. Of the four LLMs
tested, Claude Sonnet 4.5 achieves the highest av-
erage score, with peak performance in terminol-
ogy mode in the NLP domain. However, Claude
Sonnet 4.5 shows greater variation across domains
and modes than the other models. DeepSeek per-
forms satisfactorily and shows stable results across
modes and domains. GPT-5.2 achieves intermedi-
ate scores, and GPT-40 remains the weakest model
overall for this experiment.

The effect of the prompting strategy (terminol-
ogy vs translation mode) is not consistent across
models. GPT models seem to benefit from trans-
lation mode, with a systematic improvement from
terminology to translation mode. On the other
hand, Claude Sonnet 4.5 performs better in ter-
minology mode, particularly in NLP. DeepSeek
shows only very limited variation depending on
the mode, suggesting potential robustness to the
prompting strategy.

The effects of domain are also noticeable, but
less consistent than the effects of mode and
prompt. Some models perform slightly bet-
ter in NLP (GPT-5.2 and Claude Sonnet 4.5),
while GPT-40 performs slightly better in STEP.
DeepSeek, on the other hand, remains fairly sta-
ble across both domains. This suggests that the
domain does influence model performance, but
that this effect interacts with other conditions: the
model and the prompting strategy. DeepSeek,
while not achieving the best scores, is the most
stable model to changes in mode and domain. Al-
though the difference in performance across dif-
ferent domains appears to be rather minimal, this
may be useful for specialised translators: selecting
a specific model based on the domain covered may
yield better results.

These results do not allow for the conclusion
that LLLMs can replace corpus-based searches by
specialised translators. However, the results are
sufficiently positive to suggest that LLMs can
indeed provide useful support in the search for
equivalents, with some models performing slightly
better in one area than in another, in translation
mode or terminology mode.

5.2 Confidence estimates

Figure 3 shows the distribution of confidence es-
timates reported by each model, compared in
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Figure 3: Distribution of confidence estimates for each model, based on the accuracy of the identified equivalents (green: the
main equivalent has been identified as the main equivalent; orange: the main equivalent has been identified as a secondary or
rare equivalent; red: the main equivalent has not been identified).

terms of the accuracy of equivalents (identified
(green), partially identified (yellow) and uniden-
tified (red)). Overall, confidence estimates re-
main high across all three categories. However,
there is a general trend across all four models to-
wards higher average confidence estimates when
the main equivalent is correctly identified. In con-
trast, partially identified and unidentified equiva-
lents tend to be associated with lower average con-
fidence estimates. This trend is particularly no-
ticeable in Claude Sonnet 4.5, where the distri-
bution of estimates becomes progressively weaker
and more dispersed as accuracy drops. In other
words, when Claude Sonnet 4.5 fails to correctly
identify the main equivalent, it reports a gener-
ally lower confidence estimate than the other mod-
els. GPT-4o0, GPT-5.2 and, to a lesser extent,
DeepSeek, however, tend to remain confident in all
three scenarios. Consequently, for these models,
confidence estimates are less clearly aligned with
terminological accuracy. From a practical perspec-
tive, these results show that confidence estimates
are only partially informative as indicators of ter-
minological accuracy.

Figure 4 shows that all four LLMs report higher
confidence levels in the EEPS domain, although
confidence scores also remain relatively high in
NLP. Claude Sonnet 4.5 has a more distinct profile:
it has a significantly more dispersed and weaker
distribution in NLP, showing that the NLP domain
is associated with the presence of many cases of
lower confidence. However, Figure 2 shows that
Claude Sonnet 4.5 is one of the models with the

best results in NLP, particularly in terminology
mode, further demonstrating that confidence esti-
mates do not necessarily correlate with accuracy.

From the user’s perspective, these results show
that confidence estimates alone do not constitute
a reliable indicator of terminological accuracy.
While there is a slight overall trend—correctly iden-
tified equivalents are, on average, accompanied
by slightly higher confidence estimates—the signif-
icant overlap between the three categories shows
that high estimates can also be associated with par-
tially identified, or even unidentified, equivalents.
In other words, a model may be highly confident
while proposing an inadequate equivalent. From
a practical perspective, this means that translators
cannot rely on the confidence estimate alone to
judge the probability that a suggested equivalent
is correct. At best, this estimate can serve as a sec-
ondary indicator, but it cannot replace verification
in corpora, term bases or other resources.

5.3 Documentary justification

Based on the previous results, we considered
Claude Sonnet 4.5 to be the best-performing model
according to several variables: good overall perfor-
mance in both domains (Figure 2) and a stronger
correlation between confidence estimates and ac-
curacy of equivalents (Figure 3). Consequently, we
tested the addition of an instruction in the prompt
for this model: providing a scientific source and
a sentence containing the term from that source.
The purpose was to determine whether forcing the
model to rely on concrete references would yield
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better results. We only tested this in terminology
mode, as this is the mode in which Claude Sonnet
4.5 achieves the best results.

NLP - without providing ref/source

0.8 1 B NLP - providing ref/source

0.750 EEPS - without providing ref/source
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0.631
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Figure 5: Comparison of the performance of Claude Sonnet
4.5 in terminology mode, with and without the specification
of a scientific reference and a sentence illustrating the term.

Figure 5 shows the results obtained with Claude
Sonnet 4.5 in terminology mode, with and without
the addition of an instruction requiring the model
to provide, for each equivalent identified, a sci-
entific source and an example sentence from that
source. In both domains, the addition of this con-
straint leads to a decrease in scores. The decrease
is therefore visible in both domains, and particu-
larly marked in NLP. This approach to documen-
tary justification poses an additional issue. Al-
though we explicitly instructed the model not to
invent any references or sentences illustrating the
term, this instruction was not observed. In most
cases, the sources provided by the model do not

exist: they are either completely fabricated or are
a translated source (for example, the source does
not exist in French as provided by Claude Sonnet
4.5, but can be found in English). Furthermore,
in every single case without exception, the sen-
tence given as a reference by the model is made
up, meaning that, upon verification, we cannot
find it anywhere. These results show that, in the
framework of this experiment, adding a require-
ment to reference and justify with a source does
not improve the model’s performance in finding
equivalents. On the contrary, this additional con-
straint seems to be associated with a decrease in
the model’s ability to correctly identify the main
equivalent. However, it is important to provide
some insight into this observation. This drop in
performance may not necessarily be (solely) due to
the addition of the new instruction. Indeed, LLMs’
performances are unpredictable: it has been ob-
served that the performance of models varies be-
tween different iterations of the same model (Siu,
2023). It is therefore not directly possible to claim
that this decline in performance is the result of the
addition of the documentary justification instruc-
tion.

5.4 Qualitative analysis

Beyond quantitative and statistical analysis, it is
also interesting to observe in concrete terms how
the equivalents provided by LLMs, even when in-
correct, can potentially guide a translator towards
the right solution. Other examples show, on the



contrary, that there are cases—albeit rare—where
LLMs produce completely nonsensical or even ab-

surd results.

g,
i in equi y ival
English term Main eq equivalent Rare eq it
(1) mineral assemblage minéral | " 7= Lo gt de
assemblage association minérale minéraux
2) melt imprégnation par le imprégnation par le /
impregnation liquide magma
(3) isotope ¥
systematics isotopique isotopiques
inductively coupled spectrométrie de
(4) plasma mass masse / /
spectrometry a plasma induit

Figure 6: Examples of equivalent search results by LLMs
that are inaccurate but may still prove useful to a specialised
translators. The slash (/) in ‘Secondary equivalent’ and ‘Rare
equivalent’ indicates that the LLM did not identify any equiv-
alents of this type, and that it identified only a main equiva-
lent, with a secondary equivalent where applicable.

The examples illustrated in the Figure 6 show
instances where the equivalents provided by LLMs
are inaccurate, but where a simple corpus or term
base search based on the equivalents suggested by
the LLM quickly provides an accurate solution.
The first example (mineral assemblage) is the most
straightforward: a simple search for assemblage
associated with the stem minéral shows that the
most common term is assemblage minéralogique,
i.e. the same head associated with an adjective that
has the same stem as minéral. Here, the LLM does
not provide the correct equivalent, but it does pro-
vide clear clues pointing to the correct solution.

Lines 2 and 3 are similar in terms of ap-
proach: they are both examples of confusion be-
tween attributive adjectives and noun complements
(compléments du nom) in French. In French, mod-
ifiers can take several forms: either an attribu-
tive adjective (an adjective directly linked to the
noun, without a preposition), or a noun comple-
ment (a modifier separated from the noun by a
preposition). Here, imprégnation par le magma
and systématique isotopique fall into this cate-
gory: a quick corpus query for the head nouns
(imprégnation and systématique) combined with
the stems magma and isotop* provides the an-
swer. This reveals the most frequently used terms:
imprégnation magmatique and systématique des
isotopes.

Example 4 is even more straightforward. It
is sufficient to search for spectrométrie de masse
(confirmed in term bases, including Termium) in
association with plasma, and this should lead to
the solution: spectrométrie de masse a plasma a

couplage inductif.

These examples demonstrate that even when the
LLM does not provide the appropriate equivalents,
the suggestions can guide a translator in conduct-
ing the correct searches (in corpora or term bases).
However, this depends on several factors, includ-
ing experience in the domain (particularly the in-
tuition that can be acquired with experience) and
with corpus exploitation tools. Therefore, it should
not be assumed that these examples would be use-
ful for any given translator. Only practical experi-
ments in real-world contexts would allow us to as-
sess the usefulness of LLM suggestions.

English Context Main Secondary Rare
term excerpt equivalent | equivalent | equivalent
“... which are very
useful
aligner for evaluating aligner apparier /
sentence
aligners...”
“... behavior of the
volatile ||thosphe_re and regyglage des
cycling v_olat_lle eleme_nts / /
cycling in the volatils
Earth...”
“... successful
probabilistic arboré
treebank parsers syntaxique / !
require large Y/ a

treebanks...”

Figure 7: Examples of LLM hallucinations when searching
for equivalents. The slash (/) in ‘Secondary equivalent’ and
‘Rare equivalent’ indicates that the LLM did not identify any
equivalents of this type, and that it identified only a main
equivalent, with a secondary equivalent where applicable.

Figure 7 shows striking examples of hallucina-
tions produced by LLMs in the search for equiva-
lents. The first term, aligner, which is a noun re-
ferring to an alignment tool, is associated with a
verbal equivalent, i.e. the verbs aligner (to align)
and apparier (to pair up) in French; the issue here
is that the LLM did not accurately identify the part-
of-speech of the term, despite the context sentence
clearly illustrating the noun. The correct equiva-
lent here would be aligneur or outil d’alignement
In the second example, the term cycling was trans-
lated as recyclage (recycling) in French, which
does not correspond at all to the meaning of the
English term. A correct French equivalent for this
term would be cycle des (éléments) volatils ou cy-
cle des espéces volatiles. In the last example, the
noun has been translated as an adjectival phrase
without a head noun, which makes no sense. The
correct equivalent for this term is corpus arboré.
These three examples show that, although in most
cases LLMs identify the correct equivalents or pro-



vide good starting points for the search of the cor-
rect equivalent, they can still produce completely
disconnected or absurd outputs.

6 Discussion

The results show that LLMs can prove useful
tools for specialised terminology research, but that,
within the current scope of this experiment, they
cannot replace specialised corpora. Even in the
best configurations, performance remains limited
and uneven depending on the model, mode and do-
main. These results therefore argue in favour of us-
ing LLMs as a complementary tool in specialised
translation workflows rather than as a direct substi-
tute for comparable, parallel corpora or terminol-
ogy databases. LLMs can help to quickly gener-
ate potential equivalents, but the verification, val-
idation and contextualisation of terms remain the
responsibility of external resources and human ex-
pertise.

The effect of the model appears to be the most
decisive factor. Claude Sonnet 4.5 achieves the
best overall results in the most favourable configu-
ration (terminology mode), while DeepSeek stands
out for its greater stability between modes and do-
mains. GPT-5.2 occupies an intermediate position
and GPT-40 lags behind overall. In addition, the
effect of the prompting strategy is not consistent:
GPT models seem to benefit from the translation
mode, while Claude Sonnet 4.5 performs better in
terminology mode. This suggests that there is no
universally ideal prompting strategy for termino-
logical equivalence search, and that effectiveness
largely depends on the model being queried.

Analysis of confidence estimates also shows that
these are only a partial indicator of terminological
accuracy. While Claude Sonnet 4.5 seems to ad-
just its confidence better when the actual quality
of the equivalent decreases, LLLMs often maintain
high confidence levels, even when the main equiv-
alent is partially identified or unidentified. This
highlights possible overconfidence and suggests
that self-reported confidence should not be con-
sidered a reliable indicator of terminological accu-
racy. The domain effect also comes into play, but
remains moderate and inconsistent. Confidence
levels appear to be slightly higher and more stable
in EEPS than in NLP for several models, although
this trend cannot be generalised to all cases.

Finally, the complementary experiment con-
ducted on Claude Sonnet 4.5 shows that adding a

requirement to provide a scientific source and an
example sentence does not improve performance,
but rather degrades it in both NLP and EEPS. This
finding suggests that an additional constraint of
documentary justification does not guarantee bet-
ter terminological quality and may even distract
the model from the main task.

7 Conclusion and Future Work

Specialised translation relies heavily on the use of
documentation and terminology resources, among
which corpora play a central role. However, com-
piling and exploiting them has significant draw-
backs: it requires time, specific technical skills
and access to (parallel) data that can sometimes
be difficult to obtain, particularly for certain do-
mains and language pairs. It is in this context that
this study sought to assess the extent to which pro-
prietary LLMs available to general, non-technical
users can assist specialised terminology research.

Based on four models tested on a task of finding
English-French equivalents in two specialised do-
mains, the results show that LLMs have real poten-
tial for assistance, but that their performance varies
depending on the model, the prompting strategy
and, to a lesser extent, the domain. They also
show that the confidence estimates provided by the
models are only a partial indicator of terminologi-
cal accuracy. Overall, our results therefore support
the idea of LLMs playing a complementary role
in specialised translation workflows rather than di-
rectly replacing specialised corpora.

This study does, however, have several limita-
tions. It focuses on two specialised fields and
a single language pair, English-French, and on a
specific experimental task of finding equivalents.
In future work, it could be useful to extend the
analysis to other fields, other languages and other
prompting configurations. Another limitation of
this study is that it is based on annotations by
a single expert, with no measurement of inter-
annotator agreement between different expert an-
notators. This is due to the highly specialised,
complex and time-consuming nature of this task.
In the future, we aim to involve several expert an-
notators and incorporate IAA measurements, ei-
ther across the entire dataset or a subset of the data.
This study also lacks testing to determine whether
using LLMs as a support tool can reduce time and
cognitive load for specialised translators, as op-
posed to relying, as usual, on corpora and termi-



nology databases. The qualitative analysis of LLM
outputs has been undertaken in this study, but in
future work, we intend to assess in real-world set-
tings (such as educational contexts involving trans-
lation learners) how these outputs can be exploited
and how they might complement or be combined
with corpus-based alternatives. Most importantly,
it would be relevant to go beyond task evaluation
to examine more practically the usefulness and us-
ability of these tools for specialised translators,
particularly in an educational context, for exam-
ple with Master’s students in specialised transla-
tion. Such investigations would make it possi-
ble to observe more concretely their effect on the
time spent searching for terminology, the quality
of the choices made, the verification strategies im-
plemented and, more broadly, their place in trans-
lation and training practices.
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8 Appendices
8.1 Terms selected (NLP)

run aligner log file
treebank MT output text span
fine-tuning open source scalability
fine-grained ground truth post-editing
priming text context-aware crowdsourcing
to outperform training loss disambiguation

opinion mining

word embedding

baseline model

neural network

input sequence

inductive bias

computerization multi-word term parametrization
dependency tree ontology mapping back-translation
attention weight back propagation annotation scheme

syntactic pattern

transfer learning

constituency tree

diarization system

k-means clustering

textual entailment

vector space model

chart-based parser

speech recognition

cross-entropy loss

multi-task learning

clustering algorithm

image quality metric

constituency parsing

syntactic dependency

keyphrase generation

adversarial training

summarization model

contextual embedding

information retrieval

knowledge engineering

low-resource language

prosodic highlighting

variational inference

commonsense reasoning

Gaussian mixture model

part-of-speech tagging

reinforcement learning

parallel training data

multivariate time series

named entity recognition

self-supervised learning

masked language modeling

Transformer architecture

discriminative classifier

human-machine interaction

term mismatch probability

computer-aided translation

deep convolutional network

multi-label classification

task-specific output layer

natural language generation

stochastic gradient descent

principal component analysis

state-of-the-art performance

compositional generalization

word-level confidence estimation

Figure 8: 80 terms selected for the Natural Language Processing domain.




8.2 Terms selected (EEPS)

geofluid xenocryst flowstone
Bragg peak ground ice mantle rock
radiotracer bioavailable wet sediment
pore pressure decarbonation trace element

igneous crust

solidus curve

forearc region

midocean ridge

melt inclusion

redox reaction

injection well

laser ablation

field sampling

soil aggregate

subduction zone

caprock leakage

megasplay fault

hotspot volcano

upwelling plume

transform fault

aromatic moiety

ultramafic rock

fluid chemistry

plume migration

seismic imaging

fluid inclusion

ice core record

melting behavior

fluid entrapment

volatile cycling

subducting plate

diffraction line

lowermost mantle

Raman scattering

drainage pattern

inflection point

thermal response

magma supply rate

melt-impregnation

deep carbon cycle

X-ray diffraction

superdeep diamond

slab-top geotherm

equation of state

deviatoric stress

nanoscale porosity

hydrothermal fluid

mineral assemblage

diamond anvil cell

breakdown reaction

isotope systematics

carbonate reduction

water contamination

rare earth elements

oxidizing condition

accretionary complex

carbon concentration

carbon-bearing phase

megathrust earthquake

atom probe tomography

convergent plate margin

short-chain hydrocarbons

bulk isotopic composition

grain size-sensitive creep

carbon capture and storage

terminal electron acceptor

wastewater treatment plant

clumped isotope thermometry

transmitted light microscopy

sub-cratonic lithospheric mantle

carbon isotope chemostratigraphy

inductively coupled plasma mass spectrometry

Figure 9: 80 terms selected for the Earth, Environmental and Planetary Sciences domain.




8.3 Prompt: terminology mode

You are a terminologist specialising in the field of Natural Language Processing (NLP)/
Earth, Environmental and Planetary Sciences (EEPS).

Your goal is to find French equivalents for English terms based on their frequency in
NLP/EEPS specialised language corpora and their attested translations in glossaries or
terminology databases.

Your task is to find one or more French equivalents for each English term in the same
specialised NLP language and register (scientific articles), and to sort them by frequency
and attestation.

For each term you process, assess your level of confidence. The confidence level, between
0 and 1, is determined according to the following criteria: whether or not the term is used
frequently in similar contexts, whether or not the term is attested in one or more relevant
term bases, or whether the translation of the term was not found in corpora or term bases
and was therefore created.

[For each equivalent term you identify, you must also find a sentence in which that term is
used. This sentence must come from an article of the same type and in the same domain. Also
provide the full source of the article from which the sentence is taken. Be careful not to
invent sentences or references!]

Example 1:
Term: to annotate

Context: A pair was annotated noisy only in the case of serious problems; sentences with
single translation errors or relatively poor fluency were still considered clean.

Equivalents(s) :
a) Main equivalent: annoter

[Identified context: Ces trois constats ménent les auteurs a considérer la tdche de QA-SRL
(Question Answer Driven Semantic Role Labelling), qui est une tdche similaire au QA, mais
ou on présente a des annotateurs des relations et des phrases et ceux-ci doivent annoter
certaines informations relatives a4 cette relation.]

[Reference: Lamarche, Fabrice. (2023). Méthodes d'évaluation en extraction d'information
ouverte. Université de Montréal (thése).]

b) Secondary equivalent: /
c) Rare equivalent: /

Confidence: 0.98

Example 2:
Term: large language model

Context: In recent years, Natural Language Processing (NLP) systems have gotten increasingly
better at learning complex patterns in language by pretraining large language models like
BERT, GPT-2, and CTRL.

Equivalent (s) :

a) Main equivalent: grand modele de langue
b) Secondary equivalent: grand modele de langage
c) Rare equivalent: giga modele de langue

Confidence: 0.82

Here are the terms to be processed, accompanied by a context. Sort the equivalents you
identify according to this taxonomy: (a) main equivalent - attested (equivalent found in
one or more term bases) and/or more frequent (frequently found in similar contexts in
corpora, in texts of the same register and text type); (b) secondary equivalents - less
frequent in terminology databases and corpora, but still used; (c) rare equivalents (found
on an ad hoc basis and with insignificant occurrences). If there is only one equivalent,
place it as the main equivalent. There are not necessarily several equivalents.

[..]

Figure 10: Prompt used for terminology research on LLMs in “terminology” mode. The segments in square brackets and
underlined were added only for the additional documentary justification test on Claude Sonnet 4.5.



8.4 Prompt: translation mode

You are a terminologist and translator specialising in the field of Natural Language
Processing (NLP)/ Earth, Environmental and Planetary Sciences (EEPS).

Your goal is to find French equivalents for English terms based on their frequency in
NLP/EEPS specialised language corpora and their attested translations in glossaries or
terminology databases.

Your task is to find one or more French equivalents for each English term in the same
specialised NLP language and register (scientific articles), and to sort them by frequency
and attestation.

For each term you process, assess your level of confidence. The confidence level, between
0 and 1, is determined according to the following criteria: whether or not the term is used
frequently in similar contexts, whether or not the term is attested in one or more relevant
term bases, or whether the translation of the term was not found in corpora or term bases
and was therefore created.

You must translate the context sentence by inserting the equivalent term you have identified.
If there are several possible equivalents, insert the main equivalent in the translation
and note all possible equivalents below the translation, as in the examples below.

Example 1:
Term: to annotate

Context: A pair was annotated noisy only in the case of serious problems; sentences with
single translation errors or relatively poor fluency were still considered clean.

Translation: Une paire a été annotée comme bruitée uniquement en cas de problémes graves ;
les phrases comportant une seule erreur de traduction ou dont la fluidité était relativement
mauvaise ont été considérées comme propres.

Equivalents(s) :

a) Main equivalent: annoter
b) Secondary equivalent: /
c¢) Rare equivalent: étiqueter

Confidence: 0.98

Example 2:
Term: large language model

Context: In recent years, Natural Language Processing (NLP) systems have gotten increasingly
better at learning complex patterns in language by pretraining large language models like
BERT, GPT-2, and CTRL.

Translation: Ces derniéres années, les systemes de traitement automatique des langues (TAL)
ont fait d'énormes progres dans 1'apprentissage des patrons linguistiques complexes grdce
au pré-entrainement de grands modeles de langue tels que BERT, GPT-2 et CTRL.

Equivalent (s) :

a) Main equivalent: grand modele de langue
b) Secondary equivalent: grand modele de langage
c) Rare equivalent: giga modele de langue

Confidence: 0.82

Here are the terms to be processed, accompanied by a context. Sort the equivalents you
identify according to this taxonomy: (a) main equivalent - attested (equivalent found in
one or more term bases) and/or more frequent (frequently found in similar contexts in
corpora, in texts of the same register and text type); (b) secondary equivalents - less
frequent in terminology databases and corpora, but still used; (c) rare equivalents (found
on an ad hoc basis and with insignificant occurrences). If there is only one equivalent,
place it as the main equivalent. There are not necessarily several equivalents.

[..]

Figure 11: Prompt used for terminology research on LLMs in “translation” mode. The underlined segments are those that have
been added for ‘translation’ mode compared to ‘terminology’ mode.



