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Abstract

This paper explores the behavior of neural
machine translation models on two newly in-
troduced datasets containing noun-adjective
MWEs with different degrees of semantic am-
biguity and compositionality. We compare
general-domain machine translation systems
with fine-tuned models exposed to small sub-
sets of the target MWEs. By assessing the ef-
fects of the learning steps and corpus size, we
found that carefully designed fine-tuned may
improve MWE handling while mitigating catas-
trophic forgetting. However, our error analy-
sis reveals that models still struggle in several
scenarios, particularly when translating MWEs
with idiomatic meanings. Both the datasets and
the experiments focus on translation involving
Galician, English, and Spanish.

1 Introduction

In the last decade, Neural Machine Translation
(NMT) evolved from recurrent networks (Kalch-
brenner and Blunsom, 2013; Bahdanau et al.,
2015) to Transformer-based sequence-to-sequence
(seq2seq) architectures (Vaswani et al., 2017).
More recently, the use of Large Language Models
(LLMs) as translation engines has gained popular-
ity, especially due to their impressive performance
in high-resource languages (Zhu et al., 2024). How-
ever, the performance of seq2seq models in low-
resource languages remains competitive with cur-
rent LLMs (Robinson et al., 2023; Gibert et al.,
2025), while also providing other advantages such
as faster inference and lower computational energy
costs.

In either approach, incorporating new lexicon,
contexts, or textual domains in a Machine Trans-
lation (MT) system can be challenging. On the
one hand, training a model from scratch and ex-
ploring different hyperparameter configurations in-
curs substantial computational costs. On the other
hand, fine-tuning (FT) an existing model with new

datasets risks catastrophic forgetting, where gains
on the new data can lead to reduced performance
on previously learned contexts or domains (Mc-
Closkey and Cohen, 1989; Gu and Feng, 2020).

One particular challenge that NMT systems of-
ten struggle with is the accurate translation of Mul-
tiword Expressions (MWEs). In addition to being
pervasive across all languages (Ramisch, 2023),
MWEs present ambiguities at multiple levels. First,
from the perspective of semantic compositionality,
MWEs exhibit varying degrees of idiomaticity (e.g.,
the compositional apple tree, or red herring mean-
ing a ‘misleading clue’ idiomatically). Second, at
the level of individual components, some words
within MWEs have high degrees of polysemy (e.g.,
green bank where ‘bank’ may refer to a financial in-
stitution or to a river bank, while ‘green’ may also
have multiple senses). Finally, like single words,
MWEs can convey different meanings depending
on the context (e.g., glass ceiling as an ‘invisible
barrier’ or as a physical structure). Among other
factors, these make MWEs particularly challenging
to model, not only for NMT but also for neural
causal language modeling (Dankers et al., 2022;
Liu et al., 2025; He et al., 2025).

This paper investigates continual learning ap-
proaches for integrating MWEs into NMT models,
and evaluates their performance on such expres-
sions. We focus on the translation from Galician
(GL) to two languages: English (EN) —as an ex-
ample of a distant language— and Spanish (ES)
—a related language that exerts influence on Gali-
cian. Specifically, we present i) two new parallel
datasets (Galician-English and Galician-Spanish)
composed of sentences with MWEs with different
types of ambiguity;1 ii) an extensive set of experi-
ments assessing the influence of learning steps and

1The dataset is available at https://github.com/
marcospln/parallel_noun-adj_gl-en-es/. A subset of
manually created sentences is kept private to prevent data
contamination in future research.
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size of the training corpus; iii) quantitative analy-
ses comparing base and fine-tuned models; and iv)
a qualitative error analysis showing the effects of
the compositionality and frequency levels of the
MWEs on their translations.

Our findings show that i) the degree of overlap
in MWE composition seems to be a function of lin-
guistic proximity (i.e., Galician-Spanish MWEs are
more similar than Galician-English equivalents),
and this crucially affects translation performance;
ii) targeted fine-tuning can be an effective and effi-
cient strategy for enhancing MWE translation, al-
though only in some cases; iii) NMT still struggles
to translate MWEs, primarily due to idiomaticity,
with factors such as frequency and linguistic dis-
tance also contributing to the difficulty.

2 Related work

Recent studies in low-resource NMT demonstrate
that combining multilingual pre-trained models
with synthetic corpora can achieve strong trans-
lation performance even when high-quality parallel
data is scarce (Sant et al., 2024). Fine-tuning self-
supervised multilingual models such as mBART
on small parallel corpora has proven effective for
adapting to new language pairs (Thillainathan et al.,
2021). A key challenge in continual training is
catastrophic forgetting (McCloskey and Cohen,
1989). Several works analyze forgetting at both
module and parameter levels, showing that ex-
cessive parameter drift during domain adaptation
can degrade general-domain performance (Gu and
Feng, 2020). Complementary research highlights
that the extent of forgetting is related to the proper-
ties of the adaptation data, such as the introduction
of new target vocabulary (Saunders and DeNeefe,
2024). These findings suggest that careful, targeted
fine-tuning is less likely to harm overall translation
quality than broad domain shifts or large, uncon-
trolled adaptation datasets.

Instruction-based fine-tuning, originally devel-
oped for LLMs, has also been adapted to tradi-
tional encoder-decoder NMT systems. Such meth-
ods allow models to learn multiple translation
customization tasks jointly through compact fine-
tuning stages, demonstrating that specialized be-
haviors can be efficiently acquired without full re-
training (Raunak et al., 2024). According to recent
reviews, multilingual pre-training on generic lan-
guage tasks allows models to internalize shared
structures across languages. This shared knowl-

edge helps compensate for the lack of parallel data
during fine-tuning for translation (Ataman et al.,
2025).

In the context of MWEs and idiomaticity, early
work demonstrated the benefits of detecting and
specially handling phrasal verbs, which signifi-
cantly improved translation consistency and flu-
ency (Kordoni and Simova, 2014). In the same line,
MWE-aware NMT approaches using annotation
and data augmentation with external linguistic re-
sources have shown substantial improvements (Za-
ninello and Birch, 2020). More recent research on
Transformer-based NMT demonstrates that these
systems exhibit an excessive bias toward composi-
tionality, leading to systematic difficulties in model-
ing non-compositional expressions (Dankers et al.,
2022; Liu et al., 2025)

Several datasets have been released aimed at
evaluating the performance of NMT and other mod-
els on MWEs with different degrees of idiomatic-
ity, such as the English-based MAGPIE (Haagsma
et al., 2020), MultiMWE, including Chinese, En-
glish, and German (Han et al., 2020b), or the
also multilingual AlphaMWE —with the same lan-
guages and Polish— (Han et al., 2020a), recently
expanded to other varieties including Italian and
Arabic (Han et al., 2025).

Regarding NMT for Galician, the Proxecto Nós
(Nós Project) recently released state-of-the-art
models2, and its research reported benefits from ar-
chitectural adaptations such as smaller BPE vocab-
ularies, which consistently improve performance
across data scales (Outeirinho et al., 2024). New re-
sources, including the CorpusNÓS (de Dios-Flores
et al., 2024) and parallel datasets3, provide large-
scale training material for both NMT and LLM-
based translation models enabling improved trans-
lation quality in low-resource settings.

To the best of our knowledge, there is currently
no parallel MWE dataset for Galician that provides
manually curated translations together with annota-
tions for idiomaticity class, sense, and frequency.
Moreover, no prior work has specifically investi-
gated continual learning strategies for NMT with
a focus on MWEs including Galician. Our work
directly addresses these gaps.

2https://nos.gal/gl/proxecto-nos
3https://github.com/proxectonos/corpora#

traducion-automatica
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3 New parallel corpus of noun-adjective
MWEs

This section introduces two new parallel corpora
(Galician-Spanish and Galician-English) composed
of sentences containing fine-grained annotation of
noun-adjective MWEs.

Source data: The source data is the dataset pre-
sented by Castro et al. (2025), which comprises
240 noun-adjective MWEs in Galician conveying
322 different senses. Each of these senses is con-
textualized in up to 6 sentences, totaling 1,858 ex-
amples (average of 5.77 per sense). The initial
identification of the 240 MWEs was performed
using i) a dependency-based approach, i.e., extract-
ing contiguous and non-contiguous noun adjective
pairs linked by a dependency relation, and ii) a
frequency-based criterion, selecting expressions
from two ranges: high and low frequency.

MWEs’ properties: At the token-level, each con-
textualized MWE is classified according to its com-
positionality class in the given context as idiomatic
(e.g. obra morta, ‘freeboard’, literally ‘death job’),
compositional (e.g. centro comercial, ‘shopping
center’), or partial (e.g. campo magnético, ‘mag-
netic field’). At the type-level, MWEs that may
have different compositionality scales depending
on the context are marked as potentially idiomatic
expressions (e.g. montaña rusa, literally ‘Russian
mountain’ which can refer idiomatically to a roller
coaster or to an actual mountain in Russia).

Translations: Each of the 1,858 sentences was
manually translated into Spanish and English by
a professional translator, and then reviewed by a
second one, ensuring the quality of the parallel
resource. The translators were asked to perform
an adequate translation taking into account both
the meaning of the MWE and of the whole sen-
tence, so that the original MWEs (in Galician) were
not always translated by a MWE in the target lan-
guages (e.g. fondo mariño, literally ‘sea bottom’,
translated as ‘seabed’). During this process, the
translators also identified those elements in the new
sentences conveying the meaning of the original
MWE, allowing for further qualitative analyses.
The final resources are two parallel corpus com-
posed of bilingual pairs of 1,858 sentences. Table 1
includes some examples of the original sentences
and their English translations.

Semantic phenomena: The dataset contains
three main types of linguistic phenomena that may
challenge language modeling in general and NMT
in particular: i) compositionality class, including
idiomatic, partially idiomatic, and compositional
expressions (see examples above); ii) ambiguity
of the components: a component of the MWE,
namely the head, may have different meanings:
e.g., número enteiro, where número (‘number’)
may have the following three senses and corre-
sponding translations: mathematical (‘integer’),
graphical (e.g., ‘whole number’), journalistic (‘full
issue’, as in the complete volumes of a journal);
iii) ambiguity of the whole MWE, e.g., auga doce
(literally ‘sweet water’) which may refer to ‘fresh
water’ (vs. ‘salty water’), or to ‘sweetened water’
(i.e., with sugar). It is worth mentioning that the
former ambiguities (at the word and at the MWE
level) may occur in the same compositionality class
or across different scales.

Note that the degree of semantic divergence is
considerably smaller between Galician and Span-
ish than between Galician and English. For many
MWEs, a literal, word-for-word translation from
Galician into Spanish is often accurate and pre-
serves both meaning and structure, whereas this is
not the case for Galician-English. This contrast fur-
ther motivates the use of GL-EN MWEs as a chal-
lenging evaluation setting, since the model must
resolve non-literal correspondences that are not pre-
dictable from morphology or word-level semantics
alone.

4 Materials and methods

Models: All experiments are based on the NMT
models developed within the Proxecto Nós, pub-
licly available through HuggingFace.4 These mod-
els are implemented using the OpenNMT frame-
work (Klein et al., 2017) and follow a Transformer-
based encoder-decoder architecture. They repre-
sent state-of-the-art systems for Galician-centric
MT (Buján et al., 2025).

Fine-tuning data: We use the new MWE
datasets (§ 3) to both fine-tune and evaluate the per-
formance of the NMT models. As mentioned, each
parallel corpus is composed of up to 6 sentences
for each of the 322 MWE senses. We first select
two sets of 322 sentences, using one for fine-tuning
and the other for evaluation. We then increase the

4https://huggingface.co/collections/
proxectonos/mt
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MWE Sentence (GL) Sentence (EN)

fonte principal . . . a principal fonte da cidade. . . . . . the main fountain of the city. . .
fonte principal . . . eran a fonte principal de recruta-

mento das súas tropas.
. . . and they were also the main source
of recruitment for their troops.

zona húmida As zonas máis húmidas son as rexións
occidental e central. . .

The western and central regions are the
most humid areas. . .

zona húmida . . . das zonas húmidas europeas foron
totalmente destruídos.

. . . of European wetlands were totally
destroyed.

centro comercial É o principal centro comercial e indus-
trial do estado. . .

It is the main commercial and industrial
hub in the state. . .

centro comercial O centro comercial tiña no seu proxecto
inicial. . .

The initial design for the shopping mall
included. . .

Table 1: Examples of the original MWEs and sentences in Galician and their English translations.

training data with more sets to analyze the impact
of the amount of learning data.5

Evaluation sets: We assess the impact of fine-
tuning in both generic parallel corpus and in a sub-
set of the MWE dataset for each pair of languages.
As standard datasets, we use parallel sentences
from Flores (Goyal et al., 2022), Tatoeba (Tiede-
mann, 2020), and from the Nós Project, which
contain generic datasets and a detailed test-suite fo-
cused on particular linguistic phenomena.6 Table 2
shows the size of each of the evaluation sets. These
test sets allow us to measure both general MT per-
formance and improvements on targeted MWEs,
providing a balanced evaluation of fine-tuning ef-
fects and potential catastrophic forgetting.

Dataset GL–EN GL–ES
Flores 1,012 1,012
Tatoeba 1,018 3,131
Nós_MT_Gold_1 1,777 1,998
Nós_MT_Gold_2 1,777 1,998
Nós_MT_Test-suite 364 334
MWE dataset 322 322

Table 2: Size (in number of sentences) of the test sets.

Evaluation metrics: For general translation qual-
ity, we use the standard BLEU and TER metrics.7

The results on the general MT corpora are reported
using the micro-average across the five datasets

5Some of the final sets contain slightly fewer than 322
sentences, particularly for low-frequency senses.

6https://github.com/proxectonos/corpora
7We also computed ChrF, BERTScore, and METEOR, but

we mostly rely on BLEU to discuss the results as in general
all of these metrics correlate in our experiments.

(Table 2). Besides, during experimentation, model
selection is guided by Score_mwe, a metric pro-
posed by Zaninello and Birch (2020). This metric
is specifically designed to evaluate how accurately
MT systems render MWEs, without relying on ex-
plicit phrase alignment. It operates at the sentence
level by comparing each word of the reference
translation of a source-side MWE with the clos-
est matching word in the system hypothesis, using
a character-based Levenshtein distance.

5 Experiments

All experiments were conducted using the Open-
NMT framework.8 Fine-tuning was performed on
a single NVIDIA Tesla V100S GPU (32GB) on
an HPC cluster. All models share the same archi-
tecture and base training configuration (detailed
in Appendix A). Fine-tuning experiments use the
hyperparameter settings of the original models, and
differ only in the number of FT steps and the size
of the MWE corpus.

As the fine-tuning datasets were designed us-
ing Galician MWEs as source, our analyses focus
on NMT systems from Galician, although we also
refer to the other translation directions when neces-
sary.

Experiment 1. Learning steps: We conducted a
series of experiments varying the number of fine-
tuning steps, using values from 100 to 2,000 in
increments of 100. For each translation direction
we used one set of 322 sentences for fine-tuning,
and the other for evaluating.9

8https://opennmt.net
9To ensure that the results do not depend on the sets used,

we also reverse their role for training and testing, with almost
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Experiment 2. Corpus size: To assess the im-
pact of the number of examples used for continual
learning, we incrementally fine-tuned the model
with additional sets of ≈322 sentence pairs (from 1
to 5 sets), until reaching 1,536 instances, i.e., the
full dataset except for the held-out set. In each
case, we fine-tuned the models during 600 and
1,200 steps.

6 Results and discussion

Experiment 1. Number of Fine-Tuning Steps:
Figure 1 displays the BLEU learning curves of
GL-EN and GL-ES from 0 (original model) to
2,000 fine-tuning steps. Figure 1a shows the micro-
average in the general corpora and in the MWE
test sets, while Figure 1b plots the results of the
Score_mwe metric. In GL→EN, as fine-tuning pro-
gresses, average scores steadily decline in BLEU,
indicating gradual drops in overall translation qual-
ity. Meanwhile, MWE evaluations show small
gains in BLEU and Score_mwe early on, but the im-
provements do not hold and drop rapidly, showing
that targeted MWE updates offer limited benefits
and cannot compensate for the declining general
performance. In GL→ES, average scores remain
stable throughout fine-tuning, with BLEU around
56 and consistent general translation quality. MWE
evaluations show strong and sustained improve-
ments, reaching Score_mwe above 0.98. In this
respect, it is worth recalling that, due to the linguis-
tic similarity between the two languages, MWEs
in Galician can be translated literally into Spanish
in most cases (see § 3).

In general, the number of fine-tuning steps in-
fluences both overall translation quality and MWE
learning. Early steps primarily stabilize general per-
formance, while moderate fine-tuning (600–1000
steps, depending on the translation direction) tends
to maximize MWE gains without significantly
destabilizing the model. However, excessive fine-
tuning steps can lead to overfitting or gradual drops
in general BLEU scores, showing the need for care-
ful step selection to balance MWE learning with
overall translation quality.

In sum, the results of this set of experiments sug-
gest that continual learning of MWEs, especially
for a distant linguistic variety and with limited data
(just 322 sentence pairs) is a hard task that requires
careful analysis of the trade-off between learning
new expressions and overall performance of the

identical results.

(a) BLEU scores GL→EN, GL→ES

(b) Score_mwe GL→EN, GL→ES

Figure 1: Effect of varying fine-tuning steps on BLEU
and Score_mwe across different translation directions.

NMT systems. In the next experiment, we explore
whether more training data enables improvements
in the performance of the models.

Experiment 2. Corpus Size: In GL-EN, increas-
ing the MWE learning data involves a gradual loss
in overall translation quality, although with modest
gains in the performance on the MWE dataset (left
column of Figure 2). In GL-ES, more training data
also generally improves the quality of MWE trans-
lations while maintaining competitive results in the
general domain, although the BLEU in the MWE
dataset was high in the original model (Figure 2,
right column).

Overall, the impact of increasing the MWE fine-
tuning corpus size is highly direction-dependent.
While larger data can substantially improve MWE
translation, these gains are not always aligned with
improvements in general translation quality. Taken
together, these results show that scaling MWE fine-
tuning data is more effective when combined with
moderate fine-tuning steps and when the translation
direction exhibits inherent robustness to domain-
specific updates.

Best model selection: The best-performing mod-
els for each translation direction were selected
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(a) BLEU scores

(b) Score_mwe

(A) GL→EN translation vs. MWE corpus size.

(c) BLEU scores

(d) Score_mwe

(B) GL→ES translation vs. MWE corpus size.

Figure 2: Translation performance as a function of MWE corpus size for GL→EN and GL→ES.

based on a balanced evaluation of general-domain
translation quality and MWE-specific performance.
In particular, model selection aimed to maxi-
mize improvements in MWE translation accuracy
while preserving performance on general test sets,
thereby minimizing the risk of catastrophic forget-
ting. This selection criterion ensures that improve-
ments in MWE handling are not obtained at the
expense of overall translation quality.

For each of the four translation directions, we
compare the original baseline model with its fine-
tuned counterpart. General translation quality is
assessed using standard MT metrics (BLEU and
TER) computed over multiple general-domain test
sets and aggregated using micro-averaging. In par-
allel, MWE-specific performance is evaluated on
a dedicated MWE test set using the same metrics,
together with the value of the Score_mwe. Table 3
summarizes the results for the models (original
and fine-tuned versions), reporting micro-average
BLEU and TER scores on the general-domain test
sets alongside the corresponding scores on the
MWE test set. Although they are not the focus
of this analysis, we include the results of the mod-
els from English and Spanish to Galician.

Model General MWE
BLEU TER BLEU TER

GL→EN B 44.6 40.4 36.9 46.5
GL→EN FT 43.6 40.6 36.9 46.3
EN→GL B 38.6 45.9 37.9 47.7
EN→GL FT 38.9 45.1 40.2 45.5
GL→ES B 56.5 33.2 84.9 8.8
GL→ES FT 56.6 32.7 86.3 7.9
ES→GL B 52.3 36.3 83.7 9.2
ES→GL FT 51.6 36.1 83.4 9.0

Table 3: Summary of best models (Base and Fined-
Tuned) for all translation directions. Results are general-
domain and MWE-specific micro-averaged BLEU and
TER. Numbers in bold are FT models with better results.

7 Qualitative Analysis

To complement the quantitative results, we use the
best-performing models to carry out a series of
qualitative analyses of the MWE translations from
Galician to EN and ES. This analysis also allows
us to gain a finer-grained understanding of how
fine-tuning affects the translation of noun–adjective
MWEs with different semantic properties.
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MWE (GL) Base model output Fine-tuned model output
zona húmida wet zone wetland
liña férrea iron line railway line
montaña rusa mountain of Russian rollercoaster
réxime franquista Franco regime Francoist regime
banda estadounidense band American band

Table 4: Examples of MWE translations improved after fine-tuning (GL→EN)

To do so, a language expert manually classified
each MWE translation in the test sets as Correct,
Variant, and Incorrect.10 An instance was labeled
as Correct when the MWE was translated with the
same expression as the reference. Variant labels
were assigned to meaning-preserving alternatives
that differed lexically or stylistically from the refer-
ence. Incorrect cases were subsequently classified
as i) inadequate literal translations, ii) wrong sense
disambiguation, iii) partial or full omission of the
MWE, and iv) other errors (e.g., spelling errors,
untranslated source-language words, or otherwise
unintelligible outputs).

MWE translation accuracy: The first analysis
examined the influence of the reference sentences
on the quantitative results by computing accuracy
under two evaluation criteria: (i) only Correct in-
stances are counted as correct, and (ii) both Correct
and Variant instances are treated as adequate trans-
lations: For GL-ES, the results were very similar
(accuracies around 0.97 in every case), while for
GL-EN the results increased from 0.62 (original
and fine-tuned models in the first scenario) to 0.77
(both models in the second evaluation). These re-
sults reinforce the need for qualitative evaluation
of MT systems.

The manual review of all translation allowed
us to observe MWE translation differences be-
tween the original and the fine-tuned models.
In this regard, in some GL-EN cases, FT en-
abled the model to correctly translate several
MWEs that were previously mistranslated by the
base model. These include cases involving non-
compositional meaning or strong sense shifts, such
as zona húmida (wet zone→wetland) or the id-
iomatic montaña rusa (Russian mountain→roller
coaster). Additional improvements were observed
in cases where the fine-tuned model selected a
more idiomatic or semantically precise variant
(e.g. Franco regime→Francoist regime; harsh

10In a first step, we included the category Doubt reserved for
borderline cases, which were solved before the final analysis.

blow→hard blow). Table 4 highlights cases where
fine-tuning successfully corrected MWE transla-
tions that were previously incorrect in the base
model. At the same time, a small number of MWEs
that were correctly translated by the base model be-
came incorrect after fine-tuning. These regressions
typically involved increased literalness or minor
lexical degradation, such as main fountain being
rendered as main source, or reduced lexical realiza-
tion (e.g. Olympic gold medals → Olympic golds).
Although these cases are relatively few, they illus-
trate the delicate balance between specialization
and generalization in continual learning. Table 5
presents representative examples of observed error
types from the GL→EN experiments.

Despite the high performance of the original
GL-ES model, fine-tuning still leads to targeted
improvements. Several MWEs previously mis-
translated by the base model are correctly han-
dled after adaptation (e.g., yacimiento→yacimiento
arqueológico, piedra filosofalda→piedra filoso-
fal, pescado azul→pez azul). Improvements
also occur in stylistic variants (e.g., pariente cer-
cano→pariente próximo). Some representative
GL-ES error examples can be seen in Table 6.

Error types: Table 7 shows the distribution of
the translation error types of the MWEs. In every
case, wrong sense disambiguation and wrong lit-
eral translations account for the majority of errors,
confirming the difficulty of resolving meaning for
non-compositional MWEs. While in GL-ES there
are no significant differences between the base and
fine-tuned models, in GL-EN, the fine-tuned mod-
els seem to perform better semantic disambigua-
tion, but also produce more (inadequate) literal
translations.

Frequency effects: We take advantage of the
MWE frequency classification included in the orig-
inal dataset to observe if it has any effect in the
quality of the translation. The results (Table 8) in-
dicate that in most cases high-frequency MWEs
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Error type MWE (GL) System output (EN) Reference (EN)
Literal translation xénero musical musical gender music genre
Wrong sense disamb. montaña rusa Russian mountain roller coaster
Omission terra firme land dry land
Others fosa común mass mass mass grave

Table 5: Representative error types in GL→EN MWE translation

Error type MWE (GL) System output (ES) Reference (ES)
Literal translation letra grosa letra gruesa letra negrita
Wrong sense disambiguation peixe azul pescado azul pez azul
Spelling error cambio climático cambio climatico cambio climático
Untranslated words xogador novo jugadoras novas jugadoras jóvenes
Others pedra filosofal piedra filosofalda piedra filosofal

Table 6: Representative error types in GL→ES MWE translation

Error type GL-EN GL-ES
Base FT Base FT

Literal trans. 0.41 0.44 0.38 0.38
Wrong sense dis. 0.53 0.48 0.25 0.24
Omission 0.05 0.07 0.12 0.00
Others 0.01 0.01 0.25 0.38

Table 7: Percentage of MWE translation error types.

are more easily translated than low frequency ones.
While in GL–ES the translation accuracy of fre-
quent MWEs is, on average, less than 1% higher
than that of low-frequency MWEs, in GN–EN the
gap is much more pronounced, reaching almost
10% on average.

Pair Frequency Base FT

GL-EN
High 81.53% 82.16%
Low 72.73% 71.51%
Overall 77.02% 76.71%

GL-ES
High 98.09% 97.45%
Low 96.97% 97.57%
Overall 97.51% 97.51%

Table 8: Percentage accuracy of MWE translation by
frequency.

Compositionality effects: However, because
MWEs can display different contextual senses inde-
pendently of their frequency, we additionally exam-
ine translation performance across token-level com-
positionality classes. The results in Table 9 show
that, namely in GL-EN (as in the previous analy-
ses), idiomatic expressions remain challenging for
NMT, both for generic systems and for FT models

trained with examples of the target MWEs, yield-
ing the lowest average accuracy (54%). By con-
trast, performance is substantially higher for par-
tial MWEs (77%) and fully compositional MWEs
(82.5%), confirming a clear correlation between de-
gree of compositionality and translation accuracy.

Pair Comp. class Base FT

GL-EN
Idiomatic 56.25% 52.08%
Partial 76.47% 77.65%
Compositional 82.54% 82.54%

GL-ES
Idiomatic 93.75% 95.83%
Partial 96.47% 95.29%
Compositional 98.94% 98.94%

Table 9: Percentage accuracy of MWE translation by
compositionality class.

8 Conclusions and further work

This study explored the effects of targeted fine-
tuning on MWE translation in Galician-English
and Galician-Spanish, systematically analyzing the
impact of both the number of learning steps and the
size of MWE corpora. We release two new man-
ually created datasets composed of pairs of 1,858
sentences with detailed annotation of the MWEs.

The results of systematic evaluations suggest that
moderate FT (around 600–1000 steps) generally
provides the best balance between general transla-
tion quality and MWE-specific improvements, but
this depends on the language pair under evaluation.
In this regard, for similar varieties where the seman-
tics of MWEs may be less divergent (Galician and
Spanish vs. Galician and English), the performance
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of the original models is competitive.
Regarding the datasets, increasing the size of

the MWE fine-tuning corpus does not always guar-
antee improvements. GL→EN models show lim-
ited sensitivity, and ES→GL only exhibits mod-
est gains, indicating again that language-specific
characteristics influence how effectively additional
MWE data can be leveraged.

A qualitative analysis allowed us to observe that
high-frequency MWEs are generally easier to trans-
late, and that idiomatic ones are harder to translate
than compositional MWEs, indicating that non-
compositional meaning remains difficult to capture.

Building on the insights from this study, several
directions for future research are suggested: First,
to explore adaptive FT methods that adjust the num-
ber of steps or learning rate based on model perfor-
mance on both general and MWE-specific valida-
tion sets. Second, to experiment with synthetic or
automatically extracted MWE corpora to increase
coverage of rare and idiomatic expressions, and
assess their impact on model robustness and gener-
alization. Finally, we plan to extend the proposed
FT approach to types of MWEs (e.g., verb–object
constructions) and semantic phenomena (e.g., vari-
ous types of lexical ambiguity).

Limitations

This study presents a controlled analysis of targeted
fine-tuning for MWE translation. However, several
limitations should be acknowledged.

First, the size of the manually curated MWE
datasets is relatively small. Although the corpora
were carefully constructed and translated to ensure
high linguistic quality, the limited number of sen-
tences per MWE sense restricts the statistical power
of the results and may limit their generalizability
to broader domains or unseen MWE types.

Second, the experiments focus on a restricted set
of MWE categories, noun-adjective pairs. Other
types of MWEs are not covered, and as a result, the
conclusions may not directly transfer to all forms
of non-compositional language.

Third, the analysis is limited to four translation
directions involving Galician, English, and Spanish,
with a primary focus on translations from Galician.
While these directions offer valuable insights into
low-resource and asymmetric translation settings,
the findings may not generalize to languages with
different typological properties. Furthermore, the
original MWEs were compiled in only one of the

languages (Galician).
Finally, fine-tuning was performed under con-

trolled experimental conditions using fixed archi-
tectures and hyperparameters. Alternative model
architectures, parameter-efficient fine-tuning meth-
ods, or dynamic training strategies were not ex-
plored and could lead to different trade-offs be-
tween MWE performance and general translation
quality.
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Appendix

A Training and Fine-Tuning
Hyperparameters

Table 10 summarizes the architecture and train-
ing hyperparameters used for both base training
and continual fine-tuning of the Seq2Seq Trans-
former models. All models were trained using the
OpenNMT framework, using the same configura-
tion across all translation directions.

Parameter Value
Model architecture
Encoder layers 12
Decoder layers 12
Attention heads 16
Hidden size 512
Feed-forward size 2048
Dropout 0.1
Label smoothing 0.1
Position encoding Enabled
Training and fine-tuning
Optimizer Adam
β2 0.998
Learning rate 2
Warmup steps 8,000
Batch size 4,096 tokens
Gradient accumulation 4 steps
Maximum sequence length 150 tokens
Training precision FP32

Table 10: Model architecture and training hyperparame-
ters
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