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Abstract

Bioinformatics is almost invisible in Machine
Translation (MT) research, despite being a hard
case: dense specialised terminology, a high den-
sity of Multiword Expressions (MWEs), and
an acute scarcity of parallel data. We address
this gap for English—French. We compile a
bioinformatics parallel corpus (14,467 sentence
pairs) and expand it to 236k pairs through four
augmentation strategies, each profiled for lex-
ical diversity before use, then fine-tune five
compact models (223M-8B parameters) un-
der an incremental data ablation. We evaluate
with automatic metrics and with a three-rater
MQM evaluation involving professional life-
sciences translators and using an error typology
extended with a dedicated MWE category. Do-
main adaptation improves every system on ev-
ery metric, with fine-tuned models surpassing
much larger state-of-the-art commercial mod-
els on our domain test set. Expert judgements
reveal a more structured picture with Accuracy
errors falling by up to 68.8% and MWE er-
rors by up to 51.1%, while also highlighting an
accuracy—fluency trade-off that the automatic
metrics conceal. Notably, the least lexically
diverse augmentation sources contribute gains
comparable to the most diverse ones, which we
advance as one candidate account of the trade-
off. We release all corpora, synthetic data, and
adapted models.

1 Introduction

Machine Translation (MT) has become a routine
part of how scientific knowledge circulates, but
its coverage of specialised domains is uneven.
Biomedical translation has been the subject of a sus-
tained shared-task effort (Neves et al., 2018, 2024),
while the neighbouring field of bioinformatics, now
central to genomics, proteomics, and translational
medicine, has received essentially no attention. At
the outset of this work we could identify no bioin-
formatics parallel corpus, no domain-adapted MT
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system, and no evaluation protocol designed for the
domain’s characteristic linguistic profile.

This absence matters for three reasons. First,
bioinformatics is where much of the life sciences’
methodological literature now lives, and its training
and documentation materials are overwhelmingly
English-first, a barrier for learners and practition-
ers working in other languages. Second, the do-
main is linguistically distinctive rather than sim-
ply “biomedical text with more code”: it combines
dense specialised terminology with a high density
of nominal MWEs (Giraud and Gargett, 2026), so
that the units a translator must get right are fre-
quently multi-token rather than single-token. Third,
and most practically, parallel data in the domain is
scarce enough that the standard recipe of “fine-tune
on in-domain bitext” cannot be applied directly.

We also take a position on system scale. The pre-
vailing assumption that translation quality tracks
parameter count is a poor fit for institutional deploy-
ment in the life sciences, where compute budgets
are modest, data governance may preclude commer-
cial APIs, and MT is increasingly one component
in a larger pipeline rather than an end-user prod-
uct. Compact, specialised translators are attractive
precisely because they can be fine-tuned cheaply,
deployed locally, and orchestrated as tools inside
agentic workflows, where the translation task is
decomposed into drafting, checking, and editing
stages handled by separate components (Briakou
et al., 2024; Wu et al., 2024). Establishing whether
a sub-4B domain-adapted model can match a fron-
tier general-purpose system on a specialised do-
main is therefore a question about system design,
not only about benchmark scores.

This paper reports a full pipeline for English—
French bioinformatics MT and asks:

* RQ1: What impact do the selected domain-
adaptation strategies, in particular synthetic
data augmentation, have on the effectiveness
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and efficiency of MT for bioinformatics?

* RQ2: To what extent does domain adaptation
improve translation quality according to au-
tomatic metrics and to professional human
judgement, with specific attention to terminol-
ogy and MWEs?

Our contributions' are: (i) the first English—
French bioinformatics parallel corpus and two com-
parable monolingual corpora, together with 174k
synthetic pairs produced by four distinct strategies
and profiled for lexical diversity before use; (ii)
five domain-adapted systems spanning 223M-8B
parameters, released openly, with a data ablation
isolating the contribution of each augmentation
source; (iii) an MQM-based human evaluation with
three professional life-sciences translators, using
an error typology extended with a dedicated MWE
category and reporting high inter-rater reliability;
and (iv) evidence that domain adaptation buys accu-
racy and terminological precision at a measurable
cost in idiomaticity, a trade-off that the automatic
metrics used here do not surface.

2 Background and Related Work

MT for specialised and life-science domains.
Domain-specific MT has concentrated on “flag-
ship” domains where large parallel corpora and
institutional demand coincide: EU law (Koehn,
2005), patents, and broad scientific platforms such
as SciELO (Soares et al., 2018). In the life sci-
ences, the WMT biomedical task has driven most
progress, working from Medline abstracts and clin-
ical text (Neves et al., 2018; Bawden et al., 2019;
Neves et al., 2023, 2024). Its recurring recipe is out-
of-domain pre-training plus in-domain fine-tuning
and data selection, and dedicated biomedical sys-
tems consistently beat generic ones on terminol-
ogy and adequacy (Bérard et al., 2020; Liu and
Huang, 2021). Two findings carry over to our set-
ting: biomedical text has a long-tail terminological
distribution that makes generic models suboptimal
(Liu and Huang, 2021), and adapted systems are
repeatedly observed to track source structure and
lack the fluency of human translation (Neves et al.,
2024), an observation our human evaluation quan-
tifies. Bioinformatics shares the biomedical reg-
ister but draws on computational, statistical, and
software vocabulary alongside biological entities,
limiting how far biomedical resources transfer.

!An earlier version of this work appeared in the author’s
doctoral thesis (Giraud, 2026).

Domain adaptation. General-purpose MT per-
forms poorly on specialised text, with errors con-
centrated on exactly the lexical and phraseolog-
ical phenomena specialists care about (Chu and
Wang, 2018; Saunders, 2022). Fine-tuning on in-
domain bitext is the dominant remedy (Sennrich
et al., 2016), with evidence from legal MT (Bago
et al., 2022), in-house translation-memory adap-
tation (Vieira et al., 2024), and scholarly commu-
nication, where Macken et al. (2024) found in a
fine-grained human evaluation of English—French
scientific translation that adapted systems made
fewer terminology errors than a generic commer-
cial baseline. Most relevant to our argument, Han
et al. (2024) report that a small specialised clini-
cal model outperformed a much larger general one
in expert judgement. This is the pattern we repro-
duce for bioinformatics, and the reason we make
expert evaluation rather than metrics the arbiter of
the base-versus-adapted comparison. Fine-tuning
nonetheless presupposes sufficient in-domain bi-
text and well-defined domain boundaries (Chu and
Wang, 2018), neither of which holds here.

Data scarcity and augmentation. Low-resource
conditions arise from under-resourced domains as
well as language pairs (Haddow et al., 2022), and
sparse in-domain data impedes the learning of do-
main terminology and MWEs (Haque et al., 2019).
Back-translation of in-domain target text is a com-
mon response (Sennrich et al., 2016), effective
across medical, legal, and IT domains (Kumari
et al., 2021) and in biomedical shared-task sub-
missions (Wu et al., 2022; Castaldo et al., 2024).
LLMs now generate in-domain bitext directly un-
der three broad strategies: paraphrasing, which
rivals zero-shot generation (Radliski et al., 2025)
but shows diminishing and eventually negative re-
turns at volume (Sobrevilla Cabezudo et al., 2024);
terminology-constrained generation, which nearly
doubled correct term usage in Moslem et al. (2023);
and free generation from scratch (Oh et al., 2023;
Yang and Nicolai, 2023), scaled to build large syn-
thetic corpora (de Gibert et al., 2025). Gains from
added data saturate early, around 50k pairs in low-
resource settings (Lee et al., 2022). Synthetic data
also carries hallucinations and stylistic quirks that
diverge from human translation norms (Nadas et al.,
2025). Lexical Diversity (LD) is one measurable
proxy for this, and correlates with downstream
quality in both LLM training (Chen et al., 2024)
and back-translation for MT (Burchell et al., 2022);
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we profile each of our synthetic sources on it in
Section 3.4. What remains unestablished is how
these strategies contribute differentially, since most
studies test one against a natural-only baseline; our
ablation separates them, and our human evaluation
probes the stylistic cost they may carry.

Compact models and efficiency. Scaling laws
favour larger models in general, but the heuristic
that capability follows from scale is weakening
(Hooker, 2025), and for task-constrained applica-
tions the evidence runs the other way. Wassie et al.
(2024) show a domain-adapted 3.3B NLLB-200
beating fine-tuned 7-8B LLMs on biomedical trans-
lation, and Keles et al. (2024) report sub-100M
biomedical models outperforming GPT-4-TURBO
and Google Translate. Belcak et al. (2025) gener-
alise this beyond MT, arguing that small models are
the appropriate default for agentic workloads that
repeat a narrow task under latency and cost con-
straints, a description that fits domain-specific MT,
and that makes compact adapted translators natu-
ral tool-level components in orchestrated pipelines.
Quantisation (Dettmers et al., 2022) and parameter-
efficient fine-tuning (Bapna and Firat, 2019; Hu
et al., 2022) make this practical; QLoRA com-
bines both, enabling single-GPU fine-tuning with-
out degradation relative to 16-bit training (Dettmers
etal.,2023). In MT, Zhang et al. (2023) and Koneru
et al. (2024) report consistent gains from PEFT,
and, closest to our setup, Rios (2025) adapts FLAN-
TS5, LLAMA-3-8B, and TOWER-7B to the medical
domain with 4-bit QLoRA. These choices are not
only computational. Training a single large Trans-
former can emit hundreds of thousands of pounds
of CO5 (Strubell et al., 2019), and carbon account-
ing is now reportable (Lannelongue et al., 2021).
Hence our restriction to sub-10B systems.

Terminology and MWEs. Specialised terminol-
ogy is a documented MT failure point (Haque et al.,
2020), and neural models are sensitive to domain
shift partly because they lack parallel supervision
for domain terms (Hu et al., 2019); evaluation of
this is typically coarse, via term-list accuracy, and
rarely covers multiword variants. Yet specialised
concepts are frequently lexicalised as multiword
units: multiword noun sequences are the predomi-
nant vehicle for technical term formation in English
(Justeson and Katz, 1995), and scientific prose
packs knowledge into dense nominal groups (Alves
et al., 2024a). MWEs are the proverbial “pain in
the neck” for NLP (Sag et al., 2002) because they

violate compositionality (Constant et al., 2017);
in MT this surfaces as literal renderings and ter-
minological inconsistency when systems fail to
treat them as single units (Monti et al., 2018; In-
urrieta et al., 2020), and linguistically motivated
evaluations still report weaknesses on phraseology
for systems competitive on aggregate scores (Man-
akhimova et al., 2023). For bioinformatics specifi-
cally, Giraud and Gargett (2026) show that nominal
MWESs dominate the bioinformatics inventory, with
distributions varying across IMRaD sections. Since
English nominal compounds must generally be un-
packed into prepositional or relative constructions
in French, MWEs are a natural pressure point for
EN-FR MT here, and one automatic metrics are
poorly placed to detect, motivating our dedicated
MQM category.

Evaluating domain-specific MT. Reference-
based metrics remain standard (Papineni et al.,
2002; Snover et al., 2006; Popovié, 2015; Post,
2018), supplemented by neural metrics (Rei et al.,
2020). Both have limits: reference dependence pe-
nalises valid alternatives, including renderings that
follow domain convention more closely than the
reference (Mathur et al., 2020), and neural metrics
degrade under domain shift (Zouhar et al., 2024).
More pointedly, general-purpose metrics give no
fine-grained signal on specific phenomena, so ter-
minological consistency and MWE rendering can
improve substantially without this being visible in
BLEU or COMET (Agrawal et al., 2024). Hu-
man evaluation therefore remains the reference
point (Freitag et al., 2021), and error-typology
annotation such as MQM (Lommel et al., 2013;
Lommel, 2018; Freitag et al., 2021) yields a struc-
tured error profile supporting diagnosis rather than
ranking alone, extensible to new domains through
custom categories. Three recurring methodolog-
ical concerns shaped our design: crowdsourced
raters are contested for domain-specific assess-
ment (Liubli et al., 2020; Kriiger, 2022); report-
ing of rater profiles, instructions, and agreement is
frequently incomplete (Marie et al., 2021); and
sentence-level evaluation sits uneasily with the
view that the unit of translation is the text in con-
text (Kriiger, 2022). We follow the first two (pro-
fessional domain-specialist raters, transparent pro-
tocol, reliability statistics) and return to the third in
Section 6.
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3 Experimental Setup
3.1 Natural parallel data

No bioinformatics parallel corpus could be iden-
tified, so one was compiled. English—French ab-
stract pairs were sourced from (i) research articles
retrieved via the PubMed and Scopus APIs and
scraped from publisher sites (EDP Sciences, Sci-
enceDirect, John Libbey Eurotext), and (ii) fran-
cophone doctoral and master’s theses from HAL
Theses and theses. fr, which conventionally pub-
lish abstracts in both languages. This yielded 1,563
parallel abstracts (158 from articles, 1,405 from
theses).

Abstracts were segmented with pySBD
(Sadvilkar and Neumann, 2020), aligned with
Bertalign (Liu and Zhu, 2023), and filtered with
Bicleaner Al (Zaragoza-Bernabeu et al., 2022) at a
stringent threshold of 0.85 (against the 0.5 used by
the tool’s authors) in order to retain high-quality
pairs. The resulting corpus, BIOPAR, contains
14,467 sentence pairs, split 80/10/10 into train
(11,567), development (1,450), and test (1,450).

3.2 Monolingual data

Two comparable monolingual corpora support aug-
mentation and domain profiling. We utilised
BIOMONO_EN? (Giraud and Gargett, 2026), a
corpus comprising 4,707 bioinformatics articles
from the allofplos collection (24.2M words), and
BIOMONO_FR, comprising 212 French bioinfor-
matics articles from ScienceDirect, M/S, and Inter-
stices (343,834 words; 14,005 sentences).

3.3 Synthetic data generation

Four generation strategies were applied, chosen
to target different weaknesses of the natural cor-
pus, alongside a small quantity of mined bitext
(Table 1).

Wikipedia bitext mining. EN/FR Wikipedia ar-
ticles from six bioinformatics-adjacent categories
were mined with LaBSE (Feng et al., 2022) sen-
tence embeddings via the Sentence-Transformers
mining framework (Reimers and Gurevych, 2020),
retaining pairs above a similarity threshold of 1.65
(against the 1.2—1.3 usually recommended). 715
sentence pairs were retained. Unlike the four strate-
gies below, this data is mined rather than generated,
and is reported separately throughout.

Terminology-constrained generation. A bilin-
gual terminology database was extracted with

2https://github.com/jurgigi/BioMONO

Source Pairs
BIOPAR (train split), natural 11,567
Wikipedia bitext mining 715
Terminology-constrained generation 60,039
Paraphrasing (GPT-40) 34,704
BIOMISTRAL over-generation 64,972
BIOMONO_FR back-translation 14,005
ELRC-EMEA (biomedical) 50,000
Total 236,002

Table 1: Composition of the training data.

tm2tb, a KeyBERT-based (Grootendorst, 2020)
bilingual extractor, and used to constrain syn-
thetic generation. Following Moslem et al. (2022,
2023), the top-1k single-, two-, and three-word
terms from the bilingual terminology database were
used to constrain generation: GPT-3.5-TURBO was
prompted to produce 20 in-domain English sen-
tences containing each source term, then to trans-
late them under the constraint that the term be ren-
dered by its approved French equivalent. 60,039
pairs.

Paraphrasing. GPT-40 generated three domain-
constrained paraphrases per training-split English
sentence, which were then translated. 34,704 pairs.

Open-model over-generation. To reduce re-
liance on commercial APIs, BIOMISTRAL-7B
(Labrak et al., 2024) was used in an over-
generation setup (Moslem et al., 2022): 15,000 ran-
domly sampled French in-domain sentences from
BIOMONO_FR were used as seeds (top-k = 10,
top-p = 0.95, 2 returned sequences), producing
roughly four synthetic sentences per seed. 64,972
pairs after back-translation.

Back-translation. BIOMONO_FR was back-
translated with GPT-40 under a format-preserving
prompt. 14,005 pairs were generated.

A further 50,000 pairs of neighbouring-domain
biomedical data were drawn at random from ELRC-
EMEA (Bicleaner-filtered at 0.85) to test whether
adjacent-domain data still helps once in-domain
synthetic data is abundant.

3.4 Lexical profiling of the synthetic data

Synthetic data can degrade a corpus while enlarg-
ing it: LLM outputs carry hallucinations, termino-
logical slips, and stylistic quirks that diverge from
human translation norms (Nadds et al., 2025), and
decoding strategies bias generation toward high-
frequency phrasing (Holtzman et al., 2020). Lexi-
cal Diversity (LD) is one measurable dimension of
this. Chen et al. (2024) report a positive correlation
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Source MTLD HD-D
Natural reference

BIOPAR_EN 89.81 0.8678
BIOMONO_EN 80.60  0.8898
Synthetic

Back-translation 85.50 0.8537
Paraphrasing 65.24  0.8737
BIOMISTRAL over-generation 56.45 0.8371
Terminology-constrained 4720 0.8490

Table 2: Lexical Diversity of each synthetic source
against natural in-domain reference corpora.

between synthetic data diversity and downstream
LLM performance, and in MT specifically Burchell
et al. (2022) find that LD correlates more strongly
with final model quality than syntactic diversity
does. Work on recursive training shows the failure
mode at the limit, with output diversity collapsing
over successive generations (Guo et al., 2024; Shu-
mailov et al., 2024; Zhang and Pavlick, 2025); our
setting mixes synthetic with natural data and so is
not that scenario, but the direction of risk is the
same.

We therefore profiled each source before use
with MTLD and HD-D, two measures designed
to mitigate the length sensitivity of naive type—
token ratios (Malvern et al., 2004; McCarthy and
Jarvis, 2010), computed with lexicalrichness.
All scores in Table 2 are computed on the English
side, so that synthetic sources and natural reference
corpora are directly comparable; BIOPAR_EN de-
notes the English side of the natural parallel corpus.
Wikipedia mining is excluded, as 715 pairs is too
small for stable MTLD estimation.

Generation method drives LD far more than
volume does (Table 2). Back-translation is the
only source approaching natural text, exceeding
the BIOMONO_EN reference on MTLD. Since
these scores are computed on the generated English
side, this cannot be attributed to natural prose: it
reflects the seeding, as each sentence derives from
a distinct naturally occurring French sentence and
generation is constrained neither by a term list nor
by a paraphrase target (Fadaee et al., 2017).

It is important to note that LD captures repetition,
not adequacy; a highly diverse corpus can still be
terminologically wrong. LD in generated text is
also sensitive to prompt and decoding configuration
(Martinez et al., 2024), so these figures characterise
our generation setups rather than the strategies in
the abstract. Section 5 returns to these figures once
the ablation results are in view.

3.5 Ablation scenarios

Four incremental scenarios isolate the contribution
of each data type’: 11k (natural only); 107k (+
Wikipedia, terminology-constrained, paraphrased);
186k (+ BIOMISTRAL, back-translation); 236k (+
ELRC-EMEA biomedical).

3.6 Models and fine-tuning

Three architectures were fine-tuned* across all
four scenarios: T5-BASE (223M) (Raffel et al.,
2020), NLLB-200-DISTILLED-600M (NLLB Team
et al., 2022), and LLAMA-3.1-8B-INSTRUCT
(Touvron et al., 2023). Two further systems
were fine-tuned on the 236k scenario only:
MADLAD400-3B-MT (Kudugunta et al., 2023)
and TOWERINSTRUCT-7B-v0.2 (Alves et al.,
2024b). Encoder—decoder models were trained
with Seq2SeqTrainer; decoder-only models with
SFTTrainer and QLoRA (Dettmers et al., 2023).
Full hyperparameters are in Appendix A.

3.7 Automatic evaluation

BLEU, chrF2, and TER are computed with Sacre-
BLEU (Post, 2018), and COMET with WMT22-
COMET-DA (Rei et al., 2020), on the held-out 1,450-
pair in-domain test set. Comparison systems in-
clude non-adapted baselines, larger models in the
same families, AYA-EXPANSE-8B, as well as com-
mercial state-of-the-art and frontier models.’

3.8 Human evaluation

Thirty sentences (=1,000 words) were sampled
at random from BIOMONO _EN, within the 500—
5,000-word range recommended for MQM linear
scoring (Lommel et al., 2024). MWEs were identi-
fied by dependency parsing and list matching fol-
lowing Giraud and Gargett (2026), and marked
inline with <mwe> tags so that raters could locate
them; unsegmented raw source was also supplied
for context.

The analysis reported here is restricted to
base and domain-adapted pairs, so that the com-
parison isolates the effect of adaptation under
matched architectures: TS5-BASE vs. TS5_236k,
and LLAMA-3.1-8B-INSTRUCT vs. LLAMA-3.1-
8B-INSTRUCT_236k. A fifth system, a commercial

3All training sets as well as development and test
sets are available at https://huggingface.co/jurgiraud/
datasets

“All fine-tuned models are available at https://
huggingface.co/jurgiraud/models

SCommercial systems were accessed via their respective
APIs.
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baseline, was annotated in the same sessions but is
excluded from this analysis, since it shares neither
training data nor architecture with the adapted sys-
tems and would confound the base-versus-adapted
contrast. Each rater therefore annotated 5,000
words in total. Three professional EN—FR transla-
tors specialising in the life sciences were recruited
through the Société Francaise des Traducteurs,
from a pool of 36 eligible translators identified
across four professional bodies, and compensated
at £0.05/word® (£250 each), above prevailing post-
editing and proofreading rates.

The MQM typology followed Freitag et al.
(2021), with two severity levels (Minor, Major;
multipliers 1 and 5) and main categories Termi-
nology, Accuracy, Linguistic conventions, Style,
Locale conventions, Source error, and Other. A
dedicated Multiword Expressions category was
added to capture errors on tagged MWESs. Annota-
tion was carried out in a purpose-built Label Studio
interface with a free-text comment field per error;
comments were subsequently coded thematically
(Braun and Clarke, 2022) in NVivo. Raw Quality
Scores (RQS) were computed per system per rater,
and inter-rater reliability assessed with two-way
mixed-effects ICC.

4 Results

4.1 Data ablation

Table 3 shows a consistent picture across archi-
tectures. Every scenario improves on its baseline
on every metric, and the largest single step is al-
ways the first: moving from no adaptation to 11k
natural pairs gains T5-BASE 4.96 BLEU, NLLB
3.11, and LLAMA-3.1 1.88. For T5-BASE, this first
step alone accounts for 79% of the total adaptation
gain. Subsequent increments are far smaller and
no longer follow a single pattern: for T5-BASE,
11k—107k adds 0.61 BLEU, 107k—186k adds
0.65, and 186k—236k adds 0.08; for NLLB the
corresponding figures are 0.57, 0.04, and 0.05.
LLAMA-3.1 is the exception to the plateau: its
largest post-baseline gain (+1.41 BLEU, —2.33
TER) comes at the final 186k—236k step, where
the ELRC-EMEA biomedical data is added. This

The amount provided to participants was based on a sur-
vey conducted by the Institute of Translation and Interpreting
(ITT) Medical and Pharmaceutical Network (2022) which
reports the various rates used by professional translators
across translation-related tasks.  Available at: https:
//itimedical.co.uk/wp-content/uploads/2023/01/
Translator_and_Interpreter_Survey_Results.pdf

System BLEU! chrF2t TER| COMET/
TS5-BASE 3923 6731 5127 84.50
+11k 44.19 7115 4598 85.43
+107k 4480 71.57 4624 85.60
+ 186k 4545 7199 45.62 85.61
+236k 4553 71.92 45.62 85.64
NLLB-600M  41.00 6848 49.26 84.54
+11k 4411 7090 46.72 85.41
+107k 44.68 7133 4642 85.74
+ 186k 4472 7153 46.38 85.75
+236k 4477 7164 46.24 85.84
LLAMA-3.1 4039 6941 50.36 85.01
+11k 4227  69.68 48.83 85.30
+107k 4269 69.83 4871 85.30
+ 186k 43.16 7046 48.01 85.27
+236k 44.57 7144 45.68 85.55

Table 3: Data ablation across three architectures on the
in-domain test set. Best per block in bold.

is consistent with a decoder-only instruction-
tuned model benefiting from additional register-
consistent data even after in-domain saturation,
whereas the encoder—decoder systems have already
converged.

Total adaptation gains are largest for the small-
est model: T5-BASE gains 6.30 BLEU and 1.14
COMET, against 3.77/1.30 for NLLB and 4.18/0.54
for LLAMA-3.1. Baseline quality and headroom
are inversely related, and architectural differences
that are visible before adaptation largely disappear
after it, with all three systems converging into a
44.5-45.5 BLEU band.

4.2 Cross-system comparison

Table 4 places the adapted systems against non-
adapted open models and commercial baselines.
The best system overall is MADLAD400-3B-
MT_236k, a 3B model that outperforms every com-
mercial system tested on all four metrics, including
the frontier models GPT-5.5, Claude-SONNET-5,
and Claude-OPUS-5. TOWER-7B_236k is close
behind and posts the highest chrF2 of any system.
Four of the five adapted systems, including the
223M T5-BASE, sit within 1.3 BLEU of GPT-40,
and all five outperform Google Translate by a wide
margin.

Adaptation is also more effective than scale
within families: T5_236k (223M) exceeds T5-
LARGE (738M) by 5.08 BLEU, and NLLB-
600M_236k exceeds NLLB-200-1.3B by 1.69. No-
tably, BIOMISTRAL-7B, pre-trained on biomedical
text, is the weakest system tested (34.31 BLEU), a
reminder that adjacent-domain pre-training is not a
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System BLEUT chrF21t TER| COMET?
Domain-adapted (this work)

T5_236k 4553 7192 4562 85.64
NLLB-600M_236k 4477  T71.64 46.24 85.84
LLAMA-3.1_236k 4457 7144 45.68 85.55
TOWER-7B_236k 46.18  72.83 4532 86.29
MADLAD-3B_236k 4744 72772 43.78 86.38
Non-adapted open systems

T5-LARGE 40.45 68.03 50.21 84.90
NLLB-200-1.3B 43.08 69.84 47.65 85.19
BIOMISTRAL-7B 34.31 64.59 56.47 82.41
MISTRAL-7B-INST 36.31 66.97 54.04 83.89
AYA-EXPANSE-8B 39.91 69.61 50.74 85.42
TOWER-7B-v0.2 42.65 70.39 48.46 85.73
MADLAD400-3B 43.64  71.01 46.44 86.15
Commercial systems

Google Translate 40.29 6931 49.03 83.30
GPT-3.5-TURBO 45.06 7199 46.10 86.21
GPT-4-TURBO 4556 7234 45.61 86.29
GPT-40 4584  72.66 4597 86.22
GPT-5.5 46.67 7255 4523 86.23
Claude-SONNET-5 46.87  72.05 4541 85.97
Claude-OPUS-5 4520  71.82 46.52 86.22

Table 4: All systems on the bioinformatics test set.

T5 LLAMA-3.1
Category base 236k A base 236k A
Accuracy 77 24 —68.8% 40 15 —62.5%
Terminology 31 21 —-323% 52 27 —481%
MWE:s 45 22 —511% 34 26 —235%
Ling. conv. 18 20 +11.1% 54 16 —704%
Style 55 65 +182% 62 58 —6.5%
No error 12 30 +150.0% 10 26 +160.0%

Table 5: MQM error counts aggregated over three raters
and 30 segments per system. Italics give the change
from base to adapted.

substitute for task-specific adaptation, even though
the same model proved useful as a synthetic data
generator.

4.3 MQM evaluation

Table 5 aggregates error counts across the three
raters. The pattern is sharply structured. Errors in
the categories that matter most for technical ade-
quacy fall steeply: Accuracy by 68.8% for T5 and
62.5% for LLAMA-3.1, Terminology by 32.3% and
48.1%, and MWESs by 51.1% and 23.5%. Segments
annotated error-free rise from 12 to 30 (T5) and
from 10 to 26 (LLAMA-3.1).

Style behaves differently. It is the only cate-
gory that does not improve for TS5, rising by 18.2%,
and it improves only marginally for LLAMA-3.1
(—6.5%). After adaptation, Style becomes the sin-
gle largest error category for T5_236k (65 of the

T5 LLAMA-3.1
base 236k A base 236k A
Rater 1 64.46 78.62 +21.97% 67.52 84.52 +25.18%
Rater 2 87.37 9491 +8.63% 84.22 95.72 +13.65%
Rater 3 74.64 87.78 +17.60% 66.19 86.56 +30.78%
Mean 75.49 87.10 +16.07% 72.64 88.93 +23.20%
>1 Major 74.44 38.89 —47.8% 68.89 35.56 —48.4%

Table 6: MQM Raw Quality Scores per rater, and per-
centage of segments containing at least one Major er-
ror (mean over raters). For the RQS rows, A in the
Mean row is the mean of the three per-rater percentage
changes; for the Major-error row, A is computed on the
rater means.

152 errors distributed across the five main cate-
gories), having been roughly comparable to Ac-
curacy before. Linguistic conventions diverge be-
tween architectures: LLAMA-3.1 improves dramati-
cally (—70.4%, from a very high base of 54), while
TS worsens slightly.

Table 6 reports quality scores. Domain adap-
tation raises RQS by 16.07% for TS5 and 23.20%
for LLAMA-3.1 on average, with every rater show-
ing the effect in the same direction. The pro-
portion of segments containing at least one Ma-
jor error roughly halves for both architectures:
74.44% — 38.89% for TS and 68.89% — 35.56%
for LLAMA-3.1. The two adapted systems converge
on a similar quality level (87.10 and 88.93) despite
a 36-fold difference in parameter count, mirroring
the convergence already visible in the automatic
ablation.

Inter-rater reliability is high: ICC(3,1) = 0.85
(95% C10.47-0.98, p < 0.01) and ICC(3,k) = 0.95
(95% CI 0.72-0.99, p < 0.01), in the excellent
range on standard interpretations (Koo and Li,
2016). Absolute severity differs between raters,
with Rater 1 consistently the strictest, but relative
system rankings are stable across all three.

4.4 Thematic analysis of translator comments

Coding of the free-text comments produced six
top-level themes: Lexical Accuracy and Appropri-
ateness; Syntactic and Grammatical Errors; Omis-
sion and Addition; Stylistic and Idiomatic Quality;
Morphological and Orthographic Issues; and Mul-
tiword Expressions.

The lexical theme is the densest, with mistrans-
lated adjectives, adverbs, and verbs alone account-
ing for 81 references across all four systems. Com-
ments on base-system output typically concern out-

181



right failures of meaning; comments on adapted
output concern finer distinctions of register and
precision, for example flagging grande where trés
grande or immense would render huge. The dis-
tinction is diagnostic: adaptation moves the failure
mode from misunderstanding to imprecision.

The MWE theme confirms the quantitative pat-
tern while adding nuance. Base systems omit or
mistranslate MWEs in ways that distort meaning,
as when in competition with each other is rendered
en compétition with the reciprocal element dropped.
Adapted systems generally preserve MWE bound-
aries and components but sometimes select French
realisations that raters mark as non-idiomatic rather
than incorrect.

The stylistic theme is dominated by the code
“grammatically correct but overliteral or unnatu-
ral,” together with specific recurring complaints,
notably the overuse of the preposition pour in con-
structions where French would prefer a different
linker. Raters also flagged inconsistent terminology
within a single system’s output, a document-level
failure that segment-level training does not address.

5 Discussion

Bigger doesn’t necessarily mean better. On au-
tomatic metrics, compact models below 4B param-
eters match and at times outperform much larger
open and commercial models, including frontier
models such as GPT-5.5 and Claude-OPUS-5. This
carries practical implications for life-sciences in-
stitutions, as compact domain-adapted models can
be served locally on a single consumer GPU while
keeping potentially sensitive data inside the insti-
tution, and at a fraction of the training footprint of
the largest system we fine-tuned (Table 7). Com-
pact models are also more tractable components for
agentic and multi-agent pipelines, where transla-
tion is one call among several and per-call latency
and cost compound, thus directly contributing to
current conversations regarding compact models
and their practical advantages as agents (Belcak
et al., 2025). The corollary is that the relevant
investment is data, not parameters. Our results
suggest that the first 10k in-domain pairs deliver
most of the achievable gain, that roughly 100k pairs
bring systems close to their ceiling, and that further
scaling of either data or model size returns little.

Different synthetic sources do different work.
The ablation lets us attribute effects, though
the pattern differs by architecture. For NLLB,

the 11k—107k step, driven by terminology-
constrained generation and paraphrasing, is the
largest post-baseline gain; for T5-BASE it is es-
sentially tied with the following step; and for
LLAMA-3.1 the largest gain comes last. Where
the 11k—107k step does help, it improves chrF2
and TER alongside BLEU, which suggests gen-
uine structural learning rather than n-gram infla-
tion. The 107k— 186k step adds back-translated
in-domain French and yields smaller but consistent
gains, most plausibly on target-side fluency. The
final 236k step adds neighbouring-domain biomed-
ical data and helps least for the encoder—decoder
systems, consistent with the core bioinformatics
phenomena already being covered, while helping
LLAMA-3.1 most. Terminology-constrained gener-
ation and back-translation are thus complementary
rather than interchangeable: the former densifies
coverage of the terms the domain actually uses,
the latter supplies naturally occurring target-side
phrasing.

The lexical profile in Section 3.4 complicates
this picture. The two sources dominating the 107k
scenario are by some margin the least lexically di-
verse of the four (MTLD 47.20 and 65.24, against
80.60—89.81 for natural in-domain text), yet they
deliver gains comparable to the far more diverse
back-translated data added at 186k. This sits awk-
wardly with the positive diversity—performance
association reported by Chen et al. (2024) and
Burchell et al. (2022). The likely reconciliation is
that terminology-constrained data trades diversity
for term coverage, which is what a terminology-
dense domain most needs. Whether that trade is
worthwhile depends on which errors one is willing
to tolerate, a question the automatic metrics cannot
answer and the human evaluation can.

Terminology and MWEs are where domain
adaptation pays off. The dedicated MWE cate-
gory earns its place in the typology. MWE errors
fall by half for TS and by a quarter for LLAMA-
3.1, and the qualitative data shows the mechanism:
adapted systems learn to keep multi-token units
intact and to select their conventional French equiv-
alents, where base systems decompose or drop
them. Given that nominal compounds dominate
the domain’s MWE inventory and generally require
restructuring in French, this is precisely the phe-
nomenon a bioinformatics-specific system needs to
handle, and precisely the one that a BLEU differ-
ence of a few points fails to make visible.
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An accuracy-fluency trade-off that metrics con-
ceal. The most consequential finding is the di-
vergence between what the metrics and the raters
see. On automatic metrics, T5_236k improves
monotonically. On human judgement, its accu-
racy improvements are accompanied by an 18.2%
increase in Style errors, so that stylistic quality
becomes its dominant residual weakness. Adapta-
tion appears to pull the output toward the literal,
term-faithful end of the spectrum, and in doing so
toward translationese. This matches the accuracy—
fluency trade-off formalised by Lim et al. (2024)
and the information-theoretic account of Flamich
et al. (2025), and aligns with the biomedical MQM
profile reported by Zouhar et al. (2024), where flu-
ency errors substantially outweigh accuracy errors,
in contrast to news-domain benchmarks.

Our synthetic data is a plausible contributor, and
Section 3.4 gives the suspicion some empirical foot-
ing. Back-translated source text carries the arte-
facts of the back-translating system, and the two
sources dominating the 107k scenario score well
below natural in-domain text on LD, indicating
training material that is more repetitive and formu-
laic than the prose the systems are ultimately asked
to produce. Fine-tuning on such pairs may teach
terminology and structure while simultaneously
teaching a slightly off register. We stress that this
is an association rather than a demonstrated cause:
our four sources differ on many dimensions besides
diversity, and LD in generated text is itself sensitive
to prompt and decoding configuration (Martinez
et al., 2024). If the account holds, the trade-off is
not intrinsic to adaptation but a property of how the
adaptation data was built, and could be attacked
by filtering synthetic data on stylistic as well as se-
mantic criteria, or by a dedicated fluency-oriented
editing stage downstream of translation.

Implications for evaluation. On automatic met-
rics, adaptation looks uniformly positive: every sce-
nario improves every score for every architecture.
The raters see something more differentiated, and
locate a regression in a category that the metrics do
not isolate. Any evaluation of domain-specific MT
that reports only sentence-level metrics will there-
fore overstate how close adapted systems are to
being deployment-ready. The practical recommen-
dation that follows from the human study is that
domain adaptation raises the floor of quality sub-
stantially, but does not remove the need for stylistic
post-editing where publication-quality French is

required.

6 Limitations

Single language pair. All experiments are
EN—FR. French is a well-resourced target with
an established scientific register and existing termi-
nological infrastructure; the same pipeline applied
to a lower-resourced or morphologically richer tar-
get would face different constraints, particularly in
terminology-constrained generation, where the as-
sumption of a single approved target form is weaker.
Extension to additional targets is the most direct
next step.

Synthetic data quality is only partially assessed.
We profile each synthetic source for Lexical Di-
versity (Section 3.4) and measure the downstream
effect of each on translation quality, but we do not
assess the intrinsic adequacy, terminological cor-
rectness, or register fidelity of the synthetic pairs
themselves. LD captures repetition, not whether
a generated sentence is well-formed, accurate, or
stylistically typical of the domain. Given our ev-
idence that the least diverse sources deliver gains
comparable to the most diverse, a fuller pre-use au-
dit, combining LD with adequacy checks, register
comparison against natural in-domain text, and hal-
lucination detection, would allow the trade-off to
be attributed with confidence rather than inferred.

Human evaluation scale. Three raters, 30 seg-
ments, and four systems is at the lower bound of the
range recommended by Freitag et al. (2021), cho-
sen under budget constraints. ICC values are high
but their confidence intervals are wide (ICC(3,1):
0.47-0.98), and absolute severity varies noticeably
between raters. Additionally, the two best systems
on automated metrics, MADLAD400-3B_236k and
ToOwWER-7B_236k, were not included in the hu-
man study. A larger study with more raters, more
segments (and therefore longer context), and full
system coverage would allow significance testing
rather than descriptive comparison.

7 Conclusion

We have presented the first end-to-end study of
machine translation for bioinformatics, covering
corpus construction, four synthetic augmentation
strategies profiled for lexical diversity, adaptation
of five compact and mid-sized systems, and ex-
pert evaluation under an MWE-extended MQM
protocol. Domain adaptation works, and works
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best where it matters: a 3B adapted model outper-
forms every commercial system we tested, includ-
ing current frontier models, on the domain test set,
and adapted systems reduce Accuracy errors by
roughly two-thirds and MWE errors by a quarter
to a half in professional judgement. It also has a
cost that automatic metrics do not report: stylis-
tic quality does not improve alongside accuracy
and can degrade. For a domain where termino-
logical precision is non-negotiable but the output
will often be read by specialists rather than pub-
lished, this is a favourable trade, but it is one that
should be made knowingly, and it points toward
adaptation pipelines that treat fluency as a sepa-
rately optimised objective rather than a by-product.
All corpora, synthetic datasets, and adapted models
are released openly.

Ethics Statement

The human evaluation received institutional ethics
approval (reference number 2024-0259-2). Partici-
pants gave informed consent, were free to withdraw,
and were compensated for their time. Annotations
are reported in aggregate and by anonymised rater
ID.

Sustainability Statement

The carbon footprint of the fine-tuning runs was
estimated using the Green Algorithms framework
proposed by Lannelongue et al. (2021). Across all
runs, fine-tuning consumed 137.5 kWh for an esti-
mated 31.8 kgCOqe; the per-model breakdown is
given in Table 7. LLAMA-3.1-8B-INSTRUCT alone
accounts for 56% of the total, while MADLAD400-
3B, the best-performing system, accounts for 6.5%.
These figures exclude synthetic data generation,
which was performed on external API infrastruc-
ture and could not be measured.

Model kWh kgCO-e
T5-BASE 19.72 4.56
NLLB-200-DISTILLED-600M 17.21 3.98
LLAMA-3.1-8B-INSTRUCT 76.57 17.70
TOWERINSTRUCT-7B-v0.2 15.00 3.47
MADLAD400-3B 8.97 2.07
Total 137.47 31.78

Table 7: Estimated energy use and carbon footprint of
all fine-tuning runs.
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A Fine-tuning parameters

A.1 Training setups

A.1.1 TS5-BASE and
NLLB-200-DISTILLED-600M
(Seq2SeqTrainer)

Both T5-BASE and NLLB-200-DISTILLED-
600M were fine-tuned with the transformers
Seq2SeqTrainer using the same training configu-
ration:

* Epochs: 8
* Learning rate: 2 x 107°
* Batch size: 16 (per device)

¢ Precision: bfloat16 (bf16)

A.1.2 LLAMA-3.1-8B-INSTRUCT
(SFTTrainer + QLoRA)

LLAMA-3.1-8B-INSTRUCT was fine-tuned using
transformers SFTTrainer with QLoRA (4-bit
quantization + LoRA adapters):

LoRA configuration
e Rank (r): 8
e a: 16
* Dropout: 0.05

* Target modules: ["q_proj", "v_proj",

uo_proj u:l

Training configuration
* Epochs: 4

Learning rate: 1 x 10~4
Batch size: 16 (per device)
Gradient accumulation: 2

Optimizer: paged_adamw_8bit

Chat template

<|im_start|>user
{USER_PROMPT}<|im_end|>
<|im_start]|>assistant
{MODEL_RESPONSE}<|im_end|>

A.2 Total runtime across all runs

Model Total runtime (hh:mm:ss)
T5-BASE 33:31:12
NLLB-200-DISTILLED-600M 29:03:18
LLAMA-3.1-8B-INSTRUCT 307:44:12

Table 8: Total fine-tuning runtime aggregated across all
runs for each model.

A.3 Compute environment

A.3.1 TS5-BASE and
NLLB-200-DISTILLED-600M

Platform: Google Colab’

CPU: Intel(R) Xeon(R)

GPU: NVIDIA A100-SXM4-40GB

RAM: 83.5GB

A3.2 LLAMA-3.1-8B-INSTRUCT
* Operating system: Windows 11 (Desktop)

¢ CPU: Intel Core 17-14700F
e GPU: NVIDIA GeForce RTX 4060 Ti

« RAM: 64 GB (DDR4)

"https://colab.research.google.com/
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