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Abstract

Idiomatic expressions pose a significant chal-
lenge for neural machine translation, encom-
passing both traditional sequence-to-sequence
models and large language models (LLMs).
This paper presents a systematic approach to
improve idiom translation between Spanish
and Galician. First, we build a high-quality
parallel dataset of idioms manually aligned
across both languages. Then, we automat-
ically extend this dataset into a large syn-
thetic parallel corpus using LLMs, following
a strategy that prioritizes the most frequent id-
ioms observed in authentic corpora. This aug-
mented dataset is used to retrain a seq2seq
translation model. We evaluate the resulting
system and compare it to both the original
model without idiom data and to state-of-the-
art LLM-based translators, such as Salaman-
draTA. Results show that the translation of id-
ioms improves significantly after the training,
alongside a slight boost in the model’s overall
performance.

1 Introduction

Idioms are one of the most persistent sources
of errors in neural machine translation (NMT).
While modern seq2seq architectures and LLMs
achieve remarkable fluency and adequacy for lit-
eral language, they often fail to capture the non-
compositional meaning of idiomatic expressions.
For example, a literal translation of the Spanish
idiom “estar en las nubes” (“to be in the clouds”)
would misrepresent its figurative meaning (“to be
distracted”) when translated word-for-word into
Galician (a Portuguese variety), whose true trans-
lation would be “estar nas verzas” instead of the
literal “estar nas nubes”.

This work addresses this limitation by focus-
ing on idiom translation between two closely re-
lated Romance languages: Spanish and Galician.
Despite their linguistic similarity, idiomatic ex-
pressions often diverge in subtle ways, making

them a valuable test case for evaluating the seman-
tic depth and pragmatic awareness of translation
models.

Our main contributions are as follows:

1. We create a manually verified parallel dataset
of Spanish—Galician idioms.

2. Using this dataset, we generate a large-scale
synthetic parallel corpus via LLMs, after se-
lecting the most frequent idioms from au-
thentic corpora and manually augmenting
them.

3. We train two seq2seq translation models, one
without and one augmented with this idiom-
enriched corpus.

4. We evaluate the models in two ways:
first, we check whether the model re-
trained with idioms improves on the base
model, and then we compare them against
the LLM-based translation system Salaman-
draTA (Garcia Gilabert et al., 2025).

Both the parallel data and the seq2seq models
will be publicly released and uploaded to Hug-
gingFace. This paper is organized as follows. Sec-
tion 2 reviews related work on idiomatic and low-
resource MT approaches. Section 3 provides the
details of the dataset construction. Section 4 out-
lines the training setups for our model and its eval-
uation and reports the results. Finally, we con-
clude with some notes on future work and limi-
tations in Section 5.

2 Related Work

This section reviews previous work on idioms
in machine translation and approaches for low-
resource language pairs.
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2.1 Idioms and Multiword Expressions in
Machine Translation

Idiomatic expressions present a well-known chal-
lenge for NMT systems due to their non-
compositional semantics (Liu et al., 2023). Pre-
vious work has approached this problem through
specialized datasets, retrieval methods, and archi-
tectural adaptations. In this context, creating high-
quality parallel datasets is a foundational step in
idiom-aware MT. The introduction of benchmark
datasets for idiom translation (Fadaee et al., 2018)
highlighted how most idioms in training data ap-
pear literally, requiring focused annotation.

Researchers have also developed specialized
techniques for MT. The proposal of retrieval aug-
mentation combined with loss weighting to im-
prove idiom translation (Liu et al., 2023) has
identified potential idioms during translation and
retrieved similar examples to guide generation.
More recently, an investigation on how verbal
multiword expressions affect MT quality (Liu
et al., 2025) found that transformer-based models
still struggle with these constructions despite ar-
chitectural advances.

2.2 MT for Low-Resource Languages

While approaches like back-translation (Sennrich
et al., 2016) and data augmentation (Pichel Cam-
pos et al.,, 2009) aim to mitigate data scarcity
in low-resource NMT, the need for high-quality
curated data remains paramount (Goyle et al.,
2023). Therefore, the use of synthetic parallel data
has become a common thread in this area. Re-
cent approaches have leveraged LLMs for higher-
quality generation (Zhu et al., 2023), showing
that LLMs can produce more fluent and contex-
tually appropriate synthetic translations than pre-
vious methods, particularly for low-resource lan-
guage pairs where human-curated parallel data is
scarce (Caswell et al., 2021).

Being a low-resource language, Galician shares
these challenges. While Galician-specific re-
search has been scarce, we have recently con-
ducted a comprehensive comparison between tra-
ditional seq2seq models and generative LLMs for
low-resource MT (Bujén et al., 2025), suggesting
that while LLMs offer strong zero-shot capabili-
ties, fine-tuned seq2seq models can achieve com-
petitive results with less computational overhead.

3 Dataset Construction

This section describes the process of building, fil-
tering, and augmenting our parallel idiom dataset
for Spanish-Galician.

3.1 Parallel Idiom Dataset

We compiled an initial set of idioms in Spanish
and Galician from existing dictionaries, phraseo-
logical databases, and online newspapers. Each
idiom pair was manually verified for equivalence
in meaning and pragmatic use by native speakers.
The resulting dataset of roughly 250 idiom pairs
was later refined by a dual-phase process involv-
ing frequency analysis followed by manual selec-
tion to identify the most relevant items.

Importantly, a crucial methodological consid-
eration is that we do not assume a one-to-one
mapping between idioms across languages. Id-
iomatic equivalence is known to be highly vari-
able depending on register, context, or geograph-
ical variety. Accordingly, our dataset does not
aim to capture all possible variants of each idiom;
instead, we prioritized the most frequent variant
based on corpus evidence and native-speaker con-
sensus. Expanding the dataset to include synony-
mous expressions and diatopic variants remains as
future work.

3.2 Frequency-Based Selection

The first step of the selection process aimed to
maximize the relevance of our data despite the
constraints of Galician’s low-resource language
status. Consequently, we extracted the most fre-
quent idioms from our original set consulting large
Spanish and Galician corpora, such as CORPES
XXI' and CORGA 2. We also incorporated smaller
corpora of transcribed oral data, both authentic
spontaneous speech and scripted dialogue. Specif-
ically, we included the ESLORA (Vazquez Rozas
and Blanco, 2023) corpus (for Spanish) and the
TED2020 (Reimers and Gurevych, 2020) and
OpenSubtitles2016 (Lison and Tiedemann, 2016)
corpora (for Spanish and Galician). Our frequency
measurements were obtained through a combina-
tion of manual and automated methods: manual
searches were conducted within the native inter-
faces of the larger corpora to account for all po-
tential variants, while for the smaller corpora, we

"https://www.rae.es/corpes/
https://corpus.cirp.gal/corga/
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implemented an automated approach using regu-
lar expressions to capture all possible instances of
each idiom.

The initial frequency analysis revealed gener-
ally low ocurrence counts for idioms, even for
those considered culturally significant (for in-
stance, the Galician idiom “outra vaca no millo”
—*"“another cow in the cornfield”— was attested
only six times in the major CORGA corpus). To
compensate for this limited representativeness in
the available corpora, we implemented an addi-
tional manual selection phase.

3.3 Manual Augmentation and Expert
Validation

This second phase aimed to capture idioms that
are widely recognized by speakers but are infre-
quent in written data, using a human-centered ap-
proach. Accordingly, a group of linguists used
their native-speaker expertise to identify culturally
salient and frequent expressions from the original
list that lacked strong corpus attestation. The final
idiom set comprised 66 bilingual pairs.

3.4 Synthetic Parallel Corpus Generation

We employed Deepseek V-2 3 to generate parallel
sentences containing each idiom in context follow-
ing a two-step prompting strategy:

First, we iteratively applied a meticulously de-
signed prompt, detailed in Appendix A, to gen-
erate Galician sentences. For each iteration, the
prompt provided the LLM with a single bilin-
gual idiom pair and its meaning, then instructed
it to create 100 original sentences, drawing on the
model’s capacity to emulate a Galician phraseol-
ogy expert. The prompt specified certain limi-
tations to ensure syntactic and semantic diversity
and provided three to five usage examples for each
idiom, which were either created manually or ex-
tracted from a corpus (CORGA or CORPES XXI).
To ensure grammatical correctness, it explicitly
listed and explained a series of recurrent errors to
prevent their occurrence in the new sentences.

Second, we used a separate, targeted prompt
——provided in Appendix B— to translate the sen-
tences into Spanish. This phase allowed us to
manually correct errors, explicitly enforce stan-
dard Spanish orthography, and give particular em-
phasis to specific rules that are frequent sources of
error when translating from Galician.

Shttps://www.deepseek.com/

Thus, the model produced Galician and Span-
ish examples of the uses of each idiom, ensuring
contextual diversity. All generated examples were
manually verified to assess quality, correctness,
and fidelity. The resulting parallel idiom dataset
is publicly available *.

4 Experiments

This section outlines the training setup, evalua-
tion metrics, and comparative results of our idiom-
augmented translation models.

4.1 Model Training

We trained two transformer-based seq2seq mod-
els for the ES—GL language pair on a single A100
GPU. Both models were optimized with AdamW
using the parameters 5; = 0.9, 82 = 0.998, and
e = 1078, and employed the default learning rate
of OpenNMT-py 3.2°.

The models share the same architecture: 12 en-
coder and 12 decoder layers, 16 attention heads
per layer, a hidden size of 512, and a vocabulary
of 30K tokens, the most adequate size according
to previous work (Bardanca et al., 2024). Training
ran for 20 epochs with batches of 2048 sentences
(maximum sequence length of 150 tokens). After
training, the models were converted to the CTrans-
late2 format® to reduce memory footprint and im-
prove inference efficiency. Each model contains
approximately 120M parameters, resulting in a fi-
nal size of around 500 MB.

Both systems were trained on bilingual corpora
of approximately 70 million sentence ES-GL pairs
(de Dios-Flores et al., 2024). Their only difference
is the inclusion of the additional idiom-specific
dataset: one model was trained without idioms,
whereas the second incorporated them during full
training. We opted not to perform a dedicated fine-
tuning step solely on the idiom dataset, since pre-
liminary experiments showed that this procedure,
while improving idiom translation, tends to de-
grade overall translation quality. Given that these
are small models, retraining, despite being more
expensive than fine-tuning, is a task that can be
completed in a reasonable amount of time: ~ 40
hours using ~ 11G of GPU.

*https://huggingface.co/datasets/
proxectonos/corpus_paralelo_idioms

Shttps://pypi.org/project/OpenNMT-py/

*https://pypi.org/project/ctranslate2/
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4.2 Evaluation

We evaluated three systems:

Original Seq2Seq: Trained on standard paral-
lel data only.

Idiom-augmented Seq2Seq: Retrained with
the synthetic idiom corpus.

LLM: The state-of-the-art LLM translator
SalamandraTA-7b-instruct (Garcia Gilabert et al.,
2025), fine-tuned with parallel datasets that in-
clude the same ES-GL parallel corpora as our
seq2seq original model. It is a decoder-only trans-
former with 7 billion parameters, ~ 60 times
larger than our seq2seq models.

We conducted our primary evaluation using
BLEU (Papineni et al., 2002) and COMET (Rei
et al., 2020). Alternative string-overlap metrics
were excluded as their scores showed strong cor-
relation with BLEU (Bujan et al., 2025) and thus
provided redundant information. The evaluation
proceeded along two dimensions: overall transla-
tion quality with the two above-mentioned metrics
and targeted idiom accuracy with a specific met-
ric developed specifically for this purpose. Fur-
thermore, a qualitative manual evaluation was also
conducted on the idiom-specific dataset compar-
ing the original and idiom-augmented seq2seqs.

To assess overall quality, we evaluated the three
systems on three ES-GL gold standards we pre-
viously developed (Bujan et al., 2025), in addi-
tion to established multilingual datasets (Flores
(Goyal et al., 2022), Tatoeba (Tiedemann, 2020),
and TaCon (de Gibert et al., 2022)). Moreover,
we also created two specific golden datasets suited
for measuring idiom translations: the test partition
of the dataset described in Section 3 and the Aya
dataset, based on the Spanish version of the Aya
Red-Teaming’ dataset, which we have corrected
and translated into Galician and Portuguese, suit-
able for evaluating idiomatic expressions as it con-
tains informal language. This resource, along with
our other materials, has been released under an

open-source license®.

4.3 Results and Discussion

The BLEU and COMET scores displayed in Ta-
ble 1 confirm our core hypothesis: explicitly aug-

"https://huggingface.co/datasets/
Coherelabs/aya_redteaming

$https://huggingface.co/datasets/
proxectonos/aya_nos

menting training data with parallel idiom exam-
ples significantly improves an NMT system’s abil-
ity to translate idiomatic expressions correctly.
This result was supported by the human compari-
son on the idiom dataset translation, showing that
the augmented model produced a preferable trans-
lation compared to the original one in 90.3% of
cases, while the opposite was true in only 0.9%
of instances, with the remaining cases resulting in
equivalent translations. The high accuracy on seen
idioms demonstrates the effectiveness of our data
generation and retraining strategy. However, sub-
sequent testing reveals this does not hold for un-
seen idioms, underscoring the non-compositional
nature of idioms and how, without explicit exam-
ples, models struggle to infer their correct transla-
tion. This points to the need for continued expan-
sion of idiom lexicons and techniques for better
cross-idiom generalization.

While the LLM is supposed to have inherent
knowledge of idioms, our specialized, augmented
seq2seq model outperforms it on most datasets
(especially on that containing idioms) with greater
efficiency and a smaller environmental footprint.

5 Conclusions and Future Work

This paper addresses key challenges in machine
translation: translating multiword expressions and
operating in low-resource language settings. Af-
ter reviewing the state-of-the-art literature, we pre-
sented our main contribution: a high-quality, par-
allel idiom dataset for Spanish—Galician. We then
detailed a multi-step construction process, includ-
ing the use of synthetic data.

We evaluated our resource by training and com-
paring two transformer-based seq2seq models on
a large general-domain corpus, one augmented
with our idiom dataset. The results demonstrate
that targeted idiom data not only substantially im-
proves the translation of idiomatic expressions but
also enhances overall translation quality, as con-
firmed by the evaluation process.

Nevertheless, we acknowledge limitations in
the dataset’s scale and the models’ capacity. The
dataset, while curated, is limited to 66 core idiom
pairs. Furthermore, the 120M-parameter seq2seq
models, while efficient, are not the most power-
ful architectures available. We suggest that future
work could expand the idiom dataset and evaluate
its impact on larger, pre-trained models and large
language fine-tuned for translation, to further ex-
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COMET

Dataset  Original Augmented LLM Original Augmented LLM
gold1 79.5 79.7 632 0.894 0.895 0.873
gold2 44.0 437 435 0.877 0.876  0.869
test-suite 75.2 76.2  56.1 0.921 0.925 0.886
flores 21.8 219 281 0.842 0.842 0.859
tatoeba 63.7 63.8 54.1 0.898 0.898 0.880
taCon 82.8 83.6 76.2 0.953 0.954 0.947
aya 66.4 66.8  65.7 0.907 0.909 0.909
idioms 70.4 90.2 519 0.811 0.912 0.798

Table 1: Comparison of BLEU and COMET scores across datasets for the three models.

plore the trade-offs between performance, data ef-
ficiency, and computational cost.
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Appendix A.1 — Galician Generation
Prompt (Original)

Imaxina que es un catedritico en gramética e
fraseoloxia galegas. Tendo isto en conta, tes que
xerar 100 oraciéns en galego usando o idiom ““id-
iom_gal” (significado “idiom_gal_sdo”) e, posteri-
ormente, terds que darme a sda traducién ao cas-
telan empregando o idiom equivalente “idiom_es”
(significado “idioms_es_sdo™).

Sigue detalladamente e con precisién todas e
cada unha das seguintes indicaciéns:

« E imprescindible que as oraciéns que xeres
non teflan unha estructura sintactica similar
ou equivalente entre elas; é dicir, deben ser
sintictica e semanticamente diversas e vari-
adas, ademais de ser complexas.

* E imprescindible que parezan creadas por hu-
manos e non xeradas por un LLM.

* E imprescindible que non contefian erros gra-
maticais nin ortogrificos de ningun tipo.

* Cando xeres frases en galego, non uses nunca
o portugués nin o espaiol.

Sobre a redaccion:

@,

* Non uses nunca “;” e/ou ao comezo
das frases interrogativas e/ou exclamativas en
galego (€ dicir, en galego o correcto seria
“onde vai?” e non “;onde vai?”).

66,9
6

O b

* Non ponas “” despois de “?7” e/ou en
galego (nin en casteldn tampouco cando fagas
a traducién). Cando un enunciado remata con
“?” e/ou “!”, comeza sempre con maidsculas
despois de devanditos signos.

* Non acenties nunca 0os pronomes interroga-
tivos nin exclamativos en galego (por exem-
plo, o correcto € “que fixeches?” e non “qué
fixeches?”).

* Evita as estructuras pasivas tanto en galego
coma en casteldn cando traduzas as frases
(non son tan frecuentes e naturais coma
noutras linguas).
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¢ Intenta manter maioritariamente o suxeito
antes do verbo na sintaxe das tdas frases.

* Presta especial atencién aos pronomes en
galego e sitdaos correctamente na oracidn
(atencidn, sobre todo, ao par “te”—“che” e 4
colocacién dos cliticos).

A continuacién, vouche proporcionar unhas
oracions de exemplo co idiom que tes que usar en
contexto. Engade estas frases dentro dese conx-
unto de 100 e inspirate nelas en calquera aspecto
relevante para a xeracion das restantes:

» Engadir as 3-5 oraciéns de exemplo usando
“idiom_gal” en contexto.

Ultimo paso: comeza xerando exclusivamente
as 100 frases en galego (mdis adiante, cando cho
diga eu cun prompt distinto, terds que traducilas
ao espaiol). Dame todas as oraciéns xuntas,
separadas unha da outra por saltos de lifia.

Appendix A.2 — Galician Generation
Prompt (English)

Imagine you are a professor of Galician grammar
and phraseology. Taking this into account, you
must generate 100 sentences in Galician using the
idiom “idiom_gal” (meaning “idiom_gal_mean”)
and, subsequently, you will have to give me their
translation into Spanish using the equivalent idiom
“idiom_es” (meaning “idioms_es_mean”). Follow
in detail and with precision each and every one of
the following instructions:

* It is essential that the sentences you generate
do not have a similar or equivalent syntac-
tic structure among them; that is, they must
be syntactically and semantically diverse and
varied, in addition to being complex.

* It is essential that they appear to be created
by humans and not generated by an LLM.

e It is essential that they contain no grammati-
cal or spelling errors of any kind.

* When generating sentences in Galician, never
use Portuguese or Spanish.

Regarding writing:

@, @, 9

* Never use “;” and/or “;” at the beginning of
interrogative and/or exclamatory sentences in
Galician (that is, in Galician the correct form
would be “onde vai?” and not “;onde vai?”).

[T 2]

* Do not put a “.” after “?” and/or “!”” in Gali-
cian (nor in Spanish when you do the transla-
tion). When a sentence ends with “?”” or “!”,
always start with a capital letter after these
marks.

* Never accent interrogative or exclamatory
pronouns in Galician (for example, the cor-
rect form is “que fixeches?” and not “qué fix-
eches?”).

* Avoid passive structures both in Galician and
in Spanish when translating the sentences
(they are not as frequent and natural as in
other languages).

* Try to keep the subject mostly before the verb
in the syntax of your sentences.

* Pay special attention to pronouns in Galician
and place them correctly in the sentence (es-
pecially, the “te”’—“che” pair and the place-
ment of clitics).

Next, I will provide you with some example
sentences including the idiom you must use in
context. Add these sentences within that set of 100
and be inspired by them in any aspect for the gen-
eration of the remaining ones:

* Add 3-5 example sentences using “id-
iom_gal” in context.

Final step: start by generating exclusively the
100 sentences in Galician (later, when I tell you
with a different prompt, you will have to trans-
late them into Spanish). Give me all the sentences,
separated by line breaks.

Appendix B.1 - Spanish Translation
Prompt (Original)

Has tenido algunos errores, pero te devuelvo a
continuacion las oraciones corregidas. Ahora, tra-
duce dichas frases al espafiol de modo fiel y per-
fectamente correcto con respecto a la gramatica
espafiola (en concreto, tienes que traducir “id-
iom_gal” por su equivalente “idiom_es”). Ademads,
quiero que afiadas “;” o ““;”” si hay alguna oracién
interrogativa o exclamativa y que acenties los
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pronombres interrogativos y/o exclamativos que
aparezcan (es decir, “jqué guapo!” y no “que
guapo!”).

Quiero que me devuelvas una oracidn después
de otra, separadas por saltos de linea. Aqui tienes
las oraciones correctas en gallego:

Appendix B.2 — Spanish Translation
Prompt (English)

You have made some errors, but I am providing
you with corrected sentences below. Now, trans-
late these sentences into Spanish in a faithful and
grammatically perfect manner (specifically, you
must translate “idiom_gal” with its equivalent “id-

[Tk}

iom_es”). Additionally, I want you to add “;” or
“1” if there is any interrogative or exclamatory
sentence and to accent any interrogative and/or
exclamatory pronouns that appear (that is, “jqué
guapo!” and not “que guapo!”).

I want you to return one sentence after another,
separated by line breaks. Here are the correct sen-

tences in Galician:
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