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Abstract

Automatic named entity recognition (NER) is essential for many natural language processing applica-
tions, particularly in low-resource languages and those with corpora restricted to a single domain, where
the lack of diverse data may hinder cross-domain generalisation. In this context, we attempt to contribute
to the Galician NER field by extending manually annotated resources and exploring several approaches
to improve the performance of automatic classifiers. To this end, we enrich two new datasets with NER
annotations in Galician, which we release in this paper. Through experimental evaluation, we investigate
the benefits of fine-tuning transformers on NER data by comparing various monolingual and multilingual
BERT models and developing a new extra-small DeBERTa model for Galician. Furthermore, we assess the
quality of the NER model by expanding the initial training corpus with additional data from related vari-
eties, including Portuguese and Spanish. For evaluation, we use five Galician corpora, including our two
newly annotated datasets and three adapted from existing resources, ensuring assessment across multiple
domains. Our findings reveal (1) a positive impact of enhanced cross-lingual training data on improved
model performance across five Galician test datasets; (2) similar performance of monolingual and multi-
lingual models depending on the training data; and (3) the competitive effectiveness of extra-small BERT
models for Galician NER tasks compared to larger models.

Keywords: Named entities recognition; Galician; BERT; natural language processing

1. Introduction

Named entity recognition (NER) is a fundamental task in information extraction (IE) and plays a
central role in natural language processing (NLP). It involves identifying and classifying specific
entity types within large volumes of unstructured text. As a key preprocessing step, NER under-
pins numerous NLP applications, including IE (Lu ef al. 2022; Lezama-Sénchez and Vidal 2024)
and machine translation (Babych and Hartley 2003; Nowakowski et al. 2022), among many oth-
ers. Beyond traditional NLP domains, NER is also essential in areas such as anonymisation and
pseudonymisation, where it helps protect sensitive data while preserving its contextual relevance
(Mina et al. 2024). Additionally, it plays a significant role in Digital Humanities by enabling the
extraction and analysis of textual insights (Blouin et al. 2021). These diverse applications highlight
the pivotal role of NER across both technical and interdisciplinary fields.

A central challenge in NER for low-resource languages such as Galician is the scarcity of nat-
urally occurring annotated training data (Torge et al. 2023; Khade et al. 2025). To mitigate this
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limitation, the aforementioned works have explored various transfer learning strategies, for exam-
ple, leveraging language families to enable knowledge transfer between related linguistic varieties.
In such cases, the limited amount of training data available for a target language can be partially
compensated for by shared linguistic features within the same language family.

However, and despite advances in transfer learning and pre-trained language models that have
reduced the dependence on large manually annotated corpora, the scarcity of annotated NER
datasets continues to pose a major challenge for low-resource languages (Yadav and Bethard
2018; Keraghel, Morbieu, and Nadif 2024; Bade, Kolesnikova, and Oropeza 2024). In the case
of Galician, only a limited number of resources are currently available. An early contribution to
NER for Galician by Garcia et al. (2012) introduced an annotated dataset. However, due to its
limited sample size, it has been used exclusively to evaluate rule-based NER models. Additionally,
Garcia and Gamallo (2014) released a potentially useful dataset, but, to the best of our knowledge,
it has not been used for training or evaluating NER models, which has led to the limited number of
existing Galician NER models. More recently, the Corpus Técnico do Galego (Galician Technical
Corpus) for Named Entity Recognition (CTG-NER) dataset released by Agerri et al. (2018) has
served as the only benchmark for assessing NER models in this language, resulting in the limited
number of existing Galician NER models being tested exclusively on this dataset, which constrains
a broader understanding of their performance across diverse contexts.

The absence of alternative datasets significantly limits the assessment of model robustness and
generalisation across domains (Vania ef al. 2019). This limitation underscores a critical gap in the
Galician NER field, which remains a scarce resource and is insufficiently empirically validated.
Consequently, there is a pressing need for (i) the creation of additional Galician NER datasets,
(ii) the adaptation and reuse of existing linguistic resources for NER tasks, and (iii) systematic,
cross-dataset evaluations of NER models to enable reliable performance comparisons and foster
progress in this under-resourced language.

Based on these outcomes and to advance automatic NER solutions for Galician, this study
presents the following contributions:

o Creation of two novel, manually reviewed datasets for the evaluation of existing and newly
developed NER models for the Galician language.

« Adaptation and release of two supplementary datasets derived from previous research
(Garcia et al. 2012; Garcia et al. 2014).

« Comprehensive evaluation and fine-tuning of nine pre-trained monolingual and multilin-
gual transformer models, utilising five distinct datasets.

« Comparative evaluation of large language models (LLMs) with prompt-based strategies for
Galician NER.

o Release of a new DeBERTa extra-small model for Galician, included in the mentioned
evaluations.

« Incremental augmentation of training data with cross-lingual resources to assess its impact
on the performance of Galician NER models.

« Release of a new state-of-the-art NER model for Galician.

Therefore, our research aims to contribute to the fields of computational linguistics and NLP
by introducing new resources and models and advancing understanding of the lesser-studied
language, Galician. Some of our findings provide further evidence supporting hypotheses pre-
viously proposed for other languages, while also offering new insights. For example, our initial
experiments show that multilingual transformer architectures outperform their monolingual
counterparts on the NER task in Galician. This result contrasts slightly with the findings reported
by de Dios-Flores and Garcia (2022) for syntactic evaluation. However, after applying data aug-
mentation with cross-lingual resources in our final experiments, a monolingual model achieved
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the best performance. These and other findings from our study underscore areas warranting
further investigation in future research across additional languages.

Our findings reveal several key insights: (i) the multilingual DeBERTa model fine-tuned
with Galician data achieves better results compared to monolingual models, suggesting that its
cross-lingual training enhances its ability to generalise across languages; (ii) however, for other
architectures such as Bidirectional Encoder Representations from Transformers (BERT), mono-
lingual models still outperform their multilingual counterparts, highlighting the advantages of
language-specific models in certain cases; (iii) furthermore, the BERT-base-gl monolingual model
(Garcia 2021) achieves the best performance benefiting from cross-lingual data augmentation;
(iv) despite its smaller size, DeBERTa-xsmall demonstrates competitive performance, proving that
more compact models can still achieve strong results; (v) the performance of the BERT-base-gl
monolingual model declines when cross-lingual data in Spanish is added but improves with
the addition of Portuguese data; in contrast, the mDeBERTa multilingual model experiences a
performance decline when cross-lingual data from either the Spanish or Portuguese datasets is
used for data augmentation; (vi) the performance of NER models across different datasets varies
significantly, with factors such as dataset annotation guidelines influencing model effectiveness;
(vii) medium-size LLMs (< 10 B parameters) with standard few-shot prompt-based strategies are
not competitive with fine-tuning approaches; and (viii) our best models demonstrate statistically
significant performance gained across multiple datasets, with consistent increases in F1-scores.

The subsequent sections of this paper are organised as follows. Section 2 provides a brief
overview of existing resources and models for the NER task. Section 3 describes the creation of
novel NER datasets for Galician and explains their relevance to our work. Section 4 presents the
design of our experiments and their outcomes. Section 5 introduces the results of a qualitative
analysis that assesses the outputs of the best Galician NER models for each entity type. Section 6
refers to the discussion that emerges from the main findings collected within Sections 4 and 5.
Finally, the conclusions of our study are drawn in Section 7.

2. Related work

This section reviews prior work on NER, covering modeling approaches, datasets and domains,
and language-specific studies, with emphasis on cross-lingual methods for low-resource settings
with a focus on Galician.

2.1 NER methods and architectures

NER emerged in the 1990s, notably through evaluation campaigns such as the MUC (Message
Understanding Conferences)® and later the Conference on Computational Natural Language
Learning (CoNLL) shared tasks (Tjong Kim Sang 2002; Tjong Kim Sang and De Meulder 2003),
which established the ENAMEX category (PER, person; LOC, geographical locations; ORG,
organisations; and MISC, miscellaneous entities) alongside other entity types such as the NUMEX
numerical expressions (Grishman and Sundheim 1996). These initiatives also released benchmark
datasets that helped standardise the task and enabled systematic comparison of approaches.
Early NER systems relied on a combination of supervised learning methods and rule-based
techniques, often incorporating handcrafted features and external linguistic resources such as
gazetteers and lexicons (Keraghel et al. 2024). More recently, there have been significant advance-
ments across various types of NER architectures and approaches, including knowledge-based
systems (Wang et al. 2022), unsupervised strategies (Nadeau, Turney, and Matwin 2006),
feature-engineered supervised systems (Agerri and Rigau 2016), and neural network models (Yan
et al. 2019). While each approach offers its own advantages, they also have distinct limitations.

2https://www-nlpir.nist.gov/related_projects/muc/
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Knowledge-based NER systems rely on handcrafted rules, lexicons, and orthographic features
so that do not require extensive annotated training data and typically leverage domain-specific
resources to identify named entities. However, their dependency on manually crafted rules lim-
its their adaptability to new domains. Unsupervised NER methods minimise the need for large
labelled datasets by relying on patterns and statistical methods for data extraction. While effective
at reducing annotation effort, these methods may be less accurate than supervised approaches.
Feature-engineered supervised systems take a more holistic approach by employing machine
learning algorithms with carefully crafted features. These systems integrate domain-specific
knowledge, orthographic features, and other linguistic information. Before the rise of neural
networks, feature-engineered systems were the popular method for the NER task.

As in other NLP tasks, NER has also benefited from advances in pre-trained word embed-
dings (Levy et al. 2015; Habibi et al. 2017). Therefore, modern neural architectures for NER
classify words using representations based on different linguistic units, such as words, characters,
sub-word units, or combinations of these Wang et al. (2021a). These models offer greater flexibil-
ity and adaptability compared to earlier approaches, making them the current standard in NER
development.” Nevertheless, and despite its conceptual simplicity when compared to more elabo-
rate architectures, fine-tuning transformer-based models remains a highly competitive approach,
delivering strong performance that is often only marginally below the state of the art (Devlin et al.
2019; He, Gao, and Chen 2021a).

More recently, LLMs have been explored for NER due to their ability to operate in zero-shot
or few-shot settings and to support new entity definitions without extensive annotation (Ashok
and Lipton 2023; Keraghel et al. 2024). These properties make them attractive for low-resource
scenarios, but they still underperform task-specific models in several cases (Wang et al. 2025). In
addition, as generative rather than sequence-labelling models, LLMs may produce characteristic
errors such as hallucinated entities, extraneous text, or incomplete coverage of the input (Ashok
and Lipton 2023; Merdjanovska, Aynetdinov, and Akbik 2024).

2.2 Datasets and domains

While several unsupervised approaches exist, the major improvements in NER model develop-
ment and evaluation have been driven primarily by accessible annotated corpora (Yadav and
Bethard 2018). In this regard, recent advancements have led to the development of a wide vari-
ety of datasets covering multiple languages, domains, and entity types (Keraghel et al. 2024; Bade
et al. 2024). Among the most prominent datasets are those created for the mentioned CoNLL 2002
and 2003, which released datasets derived from newswire articles in Spanish, Dutch, English, and
German. NER datasets have also been created for social media platforms, particularly Twitter/X,
where the data present unique challenges compared to well-formed text. These challenges include
inconsistent spelling, informal and abbreviated language, creative punctuation, and incomplete
or ungrammatical sentences. One of the earliest and most influential datasets in this domain is
the Twitter NER corpus introduced by Ritter et al. (2011), which annotated ENAMEX entities
in noisy microblog text. Subsequent efforts further expanded the scope of social media NER,
notably the WNUT 2016 and WNUT 2017 shared task datasets on emerging and rare entities
(Strauss et al. 2016; Derczynski et al. 2017), which include entity types that are less common in
traditional newswire corpora. These datasets feature a broader range of entity types, including
people, companies, facilities, bands, sports teams, movies, and TV shows, reflecting the dynamic,
domain-specific nature of social media content. Together, these advancements underscore the
growing diversity and specialisation of NER datasets designed to address the linguistic variabil-
ity and domain shift inherent in social media platforms. The diversity of these datasets reflects

YNote, however, that performance varies significantly across datasets; state-of-the-art approaches for English exceed 94%
F1 on CoNLL datasets but rarely reach 60% on social media data (Wang et al. 2021b).
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the evolving nature of NER tasks and highlights the need for specialised approaches tailored to
different textual contexts.

A particularly interesting case in the context of NER are BioNER tasks, which focus on the
extraction of entities from biomedical texts, such as proteins, DNA, RNA, or cell attributes
(Thiyagu et al. 2019). In this context, the 2010 i2b2 NER task (Uzuner et al. 2010) targets clin-
ical data, focusing on entities related to clinical problems, tests, and treatments. Other notable
examples include the Drug NER shared task (Segura-Bedmar, Martinez, and Herrero-Zazo 2013),
which concentrates on entities like drugs, brands, chemicals, and related terms. Crucially, BioNER
typically distinguishes between flat NER, which considers single, non-overlapping entity spans,
and nested NER, which allows entities to overlap or be embedded within others (Park et al.
2024). While flat entities are relevant in biomedical scenarios, a substantial portion of the BloNER
literature focuses on nested structures, which require specialised annotation schemes and mod-
elling approaches. In this paper, however, we follow a flat annotation scheme, consistent with the
standard paradigm for ENAMEX entity recognition.

2.3 Languages and cross-lingual NER

Most resources and studies for NER have been developed for English, covering domains such
as medical texts, news, social media, and Wikipedia (Keraghel et al. 2024). For less-resourced
languages, early approaches leveraged Wikipedia data to perform automatically annotation of
multilingual data (Kim, Toutanova, and Yu 2012). Recent studies have shown the benefits of
implementing cross-lingual knowledge transfer methods (Feng et al. 2018), while others simply
rely on the fine-tuning of multilingual transformer models, obtaining competitive results even
in zero-shot scenarios (Pires, Schlinger, and Garrette 2019). A widely adopted strategy for sev-
eral downstream tasks involves exploiting annotated data from closely related languages, either
directly via cross-lingual transfer or through adaptation methods that account for structural and
lexical differences between the source and target languages (Garcia et al. 2018; Torge et al. 2023).

In the case of Galician, Portuguese and Spanish are the most commonly employed source
languages and have been shown to yield the best results in cross-lingual tasks (Sarymsakova,
Sanchez-Rodriguez, and Garcia 2024). Portuguese is particularly effective due to its strong linguis-
tic proximity to Galician, while Spanish also proves beneficial given its long-standing coexistence
with Galician within the same territory, which has resulted in significant linguistic influence (see
Section 3.1 for details about Galician language).

Regarding NER studies for Portuguese, the earliest systematic evaluations were conducted
within the HAREM shared tasks (Santos et al. 2006), which introduced a substantially
finer-grained entity classification than the traditional ENAMEX scheme, making direct adap-
tation to standard NER settings not always straightforward. Subsequent evaluation campaigns,
such as IberLEF 2019 (Collovini et al. 2019), as well as independent studies, have largely followed
approaches comparable to those adopted for other languages. A comprehensive overview is pro-
vided by Albuquerque et al. (2023), who survey manually and automatically annotated Portuguese
NER corpora spanning multiple domains and venues and report competitive results across a
range of models, including BiLSTM+Conditional Random Field (CRF) and transformer-based
architectures, in line with contemporary NER benchmarks for high-resource languages. Reported
performance varies considerably across datasets and domains, with F1-scores ranging approxi-
mately from 67 to 97 for BILSTM+CRF models and from 75 to 95 for BERT+CRF approaches,
reflecting differences in annotation schemes, corpus size, and domain specificity.

Regarding NER research for Spanish, the CoNLL-2002 shared task dataset remains one of
the most widely adopted benchmarks, consisting of manually annotated newswire texts labelled
using the BIO scheme with the ENAMEX categories (Carreras et al. 2002). In addition, the
AnCora corpus provides a large-scale manually annotated resource that, although originally
designed as a linguistic treebank, has been successfully exploited for NER (Taulé et al. 2008).
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Recent Spanish NER systems predominantly rely on fine-tuning pre-trained transformer mod-
els on these datasets, achieving strong performance comparable to other high-resource languages
(Gutiérrez-Fandifio et al. 2022). Reported results vary depending on the dataset and evalua-
tion setup, with fine-tuned Spanish-specific and multilingual transformer models, such as BETO
(Caiiete et al. 2020) and XLM-RoBERTa (Conneau et al. 2019), typically reaching F1-scores in
the 88-90 range on CoNLL-style benchmarks, confirming the effectiveness of transformer-based
approaches for Spanish NER.

As for Galician, the object of our study, several studies have focused on developing NER
resources. Garcia et al. (2012) presented a rule-based (knowledge-based) NER model, achieving a
precision of 69.9, a recall of 62.05, and an F1-score of 60.42. Building on these results, Agerri et al.
(2018) proposed a semi-supervised approach for NER, improving performance to 83.85 for pre-
cision, 84.54 for recall, and 84.19 for F1. More recently, Garcia (2024) explored the effectiveness
of syntax-based vector models across various NLP tasks, including NER.

The aforementioned study evaluates several training techniques for NER models in Galician,
comparing architectures like BiLSTM-CNN-CRF initialised with static embeddings, and
fine-tuned BERT models such as mBERT (Devlin et al. 2019) and XLM-RoBERTa. Among
these, fine-tuned BERT models demonstrated the best performance. Specifically, the multilin-
gual XLM-RoBERTa-large achieved an F1-score of 86.93, outperforming multilingual mBERT and
other approaches. However, monolingual BERT models yielded even better results for Galician,
achieving a precision of 87.69, a recall of 89.7, and an F1-score of 88.68. This NER system was
trained and evaluated using these methods and a comprehensive, manually reviewed corpus, SLI
NERC (Agerri et al. 2018), which is described in detail in Section 3. These and other previously
mentioned findings emphasise (i) the superior performance of NER models trained on large,
meticulously curated corpora and (ii) the superior suitability of monolingual BERT models for
Galician NER tasks compared to recurrent networks, with fastText obtaining the highest results
among static embeddings. Nonetheless, apart from the SLI NERC dataset, no other datasets have
been used to evaluate these recently proposed NER models for Galician. Therefore, a compre-
hensive assessment is essential to understand how these models perform across different Galician
corpora.

In summary, this section has presented an overview of state-of-the-art methods and resources
for NER, encompassing both monolingual and cross-lingual settings and accounting for different
annotation schemes, including flat, nested, continuous, and discontinuous entities. English serves
as a reference point, with consistently strong results, while transformer-based architectures also
constitute the dominant and most effective approach for Portuguese and Spanish. On CoNLL-like
datasets with flat annotations, state-of-the-art performance is typically high, often exceeding 94%
F1, but degrades notably across datasets, domains, and more complex annotation schemes. In
contrast, results for Galician remain inconclusive, highlighting the need for further evaluation
across multiple corpora.

In light of these findings, our contributions, as formulated in Section 1, aim to (i) expand the
resources available for training and evaluating NER systems in Galician using flat annotation
schemes, (ii) evaluate the use of various pre-trained BERT-based word embeddings for train-
ing Galician NER systems on five different datasets, and (iii) analyze and confirm the impact of
incorporating cross-lingual data into the NER system training process.

3. Datasets

To improve Galician NER, we annotated two new corpora and adapted existing datasets,
significantly expanding labelled resources for the language.
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3.1 Galician

Modern Galician (ISO code g1) originated from mediaeval Galician-Portuguese and retains many
features in common with Portuguese, being currently spoken by approximately 2 million people,
primarily in the Spanish Autonomous Region of Galicia (Monteagudo et al. 2024). Although its
dialects have historically been regarded as part of the same language as Portuguese (Lindley Cintra
and Cunha 1984; Mira Mateus et al. 2003), a combination of sociolinguistic, political, and identity
factors, along with the substantial linguistic influence of Spanish, is used to support its recognition
as a separate language (Fernandez Rei 1991).

Officially standardised since 1983, Galician now coexists with Spanish as an official language
and employs a Spanish-based orthography (Samartim 2012). Therefore, in computational con-
texts, differences in spelling have posed challenges for resource sharing with Portuguese, yet
several studies have successfully adapted Portuguese resources to develop NLP tools for Galician
(Garcia et al. 2018; Sarymsakova et al. 2024). Although Galician remains a low-resource lan-
guage (Mateo and Rodriguez 2012; Sédnchez et al. 2024), initiatives such as the Proxecto Noés
(de Dios-Flores et al. 2022) have contributed valuable datasets and models, further enriching
the language’s representation in NLP and complementing its prior inclusion in widely used
multilingual models, such as mBERT or XLM-RoBERTa.

3.2 Galician NER resources

We have used the SLI NERC corpus as our primary training and evaluation resource (Agerri et al.
2018). We rely on splits of 161,853 tokens for training and 40,482 tokens for testing, released by
Garcia (2024).¢ This corpus was encoded in CoNLL format, specifically created, annotated, and
manually reviewed using Galician texts for NER. This dataset originates from the CTG Galician
Technical Corpus,? which encompasses a wide range of domains, including GALEX (Galician
legal texts), XIGA (Galician texts on computing and telecommunications), AUGA (Galician texts
on ecology and environmental sciences), ACHEGA (Galician economy texts), SOGAL (Galician
texts on sociology and social sciences), and MEDIGAL (Galician texts on medicine). It is impor-
tant to note that the currently available Galician NER model released by Garcia (2024) was trained
and evaluated on this dataset. We aim to enhance this model’s performance by leveraging the same
baseline resources.

Additionally, other annotated datasets, such as LREC (Garcia and Gamallo 2014) and CorNER
(Garcia et al. 2012), were adapted and employed as evaluation resources in our study. The LREC
dataset comprises journalistic and encyclopaedic (Wikipedia) texts in Galician, with approxi-
mately 35% journalistic and 65% Wikipedia content, totalling around 47,000 tokens. This dataset
was primarily designed for person entity recognition tasks in journalistic and encyclopaedic docu-
ments. After processing the data, two linguists, both native Galician speakers, manually reviewed
the NER annotation and added coreferential information to the corpus, ensuring linguistic
accuracy and consistency.

The CorNER dataset (Garcia et al. 2012), consisting of around 20,000 tokens, is focused
on named entities in Galician, including ENUMEX types such as dates, numerals, quantities,
and proper nouns (ENAMEX). It was partially created through a random selection from the
Gari-Coter project (Barcala et al. 2007), a textual corpus focused on economic press and sup-
plements in daily newspapers. This corpus comprises 601 news articles totalling 235,175 tokens.
Among others, the sources include newspapers and magazines such as ‘O Correo Galego’, ‘Galicia
Confidencial’, and ‘Tempos Novos’. Beyond the Gari-Coter project, the dataset also incorporates
encyclopaedic texts (including Wikipedia articles) and articles from the ‘Galicia Hoxe’ newspaper,
spanning various sections. The corpus was preprocessed using FreeLing (Padr6 and Stanilovsky

“https://github.com/marcospln/evaluation_splits_gl
dhttp://sliuvigo.gal/CTG/
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2012), and a subset of 20,000 tokens (containing nearly 1,000 proper names) was manually
annotated to evaluate the system’s ability to identify ENAMEX entities.

All of the resources described, covering a wide range of domains, have enabled researchers
to tackle various NLP tasks in Galician. Many of these tasks have already been successfully
implemented and reported in the previously cited works, yielding promising results and positive
performance metrics. However, only a few of these corpora have been used for NER evaluation
in Galician to date. Specifically, the SLI NERC corpus has been used as an evaluation resource in
Agerri et al. (2018) and Garcia (2024). The other resources, such as LREC, CorNER, and others,
have not been used in current NER models for Galician. As such, our goal is to adapt and include
these resources for training and evaluating NER models.

3.3 Galician PUD and TreeGal NER datasets

In the following subsections, we detail the procedure for processing, annotating, and the results
obtained with two newly developed NER corpora in Galician. Both corpora are released in the
Universal Dependencies (UD) format (de Marneffe ef al. 2021). These datasets aim to contribute
to the Universal Named Entity Recognition (UNER) framework (Alves et al. 2020), addressing the
multilingual challenges in NLP by providing high-quality NER datasets across multiple languages,
all using unified guidelines.

3.3.1 Preprocessing

The first corpus, Galician-TreeGal v0.42 (Garcia et al. 2018), contains 1,000 sentences, totalling
approximately 25,000 tokens. The TreeGal corpus was created by semi-automatically convert-
ing part-of-speech tags from the original resource® and assigning dependency labels using
cross-lingual parsing techniques Garcia et al. (2018). TreeGal is derived from the XIADA Galician
corpus (Rojo et al. 2015), annotated with lemmas and rich morphological information and thor-
oughly reviewed by experts. The full version of the XIADA corpus consists of 741,833 tokens. It
is divided into four subsets, each representing a different typology: (i) generic press, (ii) economic
press, (iii) short stories, and (iv) free, unrelated sentences.

The second corpus, Galician PUD, was recently developed and released by Sanchez-Rodriguez
et al. (2023). It consists of 1,000 sentences and approximately 23,000 tokens. The source material,
derived from the English PUD corpus (Zeman et al. 2017), comprises English sentences from the
news domain and Wikipedia. Professional native Galician translators carried out the translations,
following detailed guidelines to ensure consistency. The Galician PUD corpus was manually anno-
tated, with every sentence reviewed by professional translators and aligned with 23 other PUD
datasets in the UD framework.

Initial linguistic annotations for both corpora were generated using state-of-the-art NLP tools
for Galician and subsequently refined by two experts, achieving a high level of inter-annotator
agreement (ITA), as detailed in Section 3.3.4.

3.3.2 Annotation guidelines

In this study, we initially follow the UNER guidelines using the standard ENAMEX entities,’ based
on and its (proto)typical entities classes (PER: people; LOC: geographical locations; ORG: organ-
isations; MISC: other entities). We leveraged a BERT-based model and tokeniser pre-trained for
Galician Named Entity Recognition (NER) by Garcia (2024), specifically fine-tuned for token
classification in Galician, to annotate TreeGal and Galician PUD tokens within the CoNLL-U
framework, using the aforementioned tagset.

¢http://corpus.cirp.es/xiada/

fAs UNER does not use the MISC class, these annotations can be removed for full compatibility. Nonetheless, we include
the MISC annotations to ensure alignment with the other Galician datasets used in this paper for model evaluation.

Downloaded from https://www.cambridge.org/core. 05 Nov 2026 at 09:19:13, subject to the Cambridge Core terms of use.


http://corpus.cirp.es/xiada/
https://www.cambridge.org/core

Natural Language Processing 563

Table 1.Results of inter-annotator agreement (IAA) for the
Galician PUD and TreeGal NER labelling

Modality Dataset 1AA

A TreeGal (400) 0.959
PUD (200) 0.969

B PUD (800) 0.958

Our NER annotation involves marking all names of people (both real and fictional), organ-
isations, locations, products, and events mentioned in the texts. The primary principles for
identifying and annotating named entities have already been established within the UNER frame-
work and other related works cited in Section 2. However, we encountered some challenging
annotation cases related to ambiguity in our datasets and, as a result, adapted the following
guidelines specifically for the Galician corpus:

1. Contextual abbreviations, such as “o cataldn inventor de MISC |” referring to

“ Zapatero Presidente PER 7 are annotated as MISC, as they represent a phenomenon
rather than a person.

2. Coordinated elements like “/PSA ORG || e a | Zona Franca| ORG | acabardn entendén-

dose” should be annotated with the same label, in this case, ORG, although Zona Franca
could also be interpreted as a location.

3. Metonymic cases, such as “toda a vida sen tocar MISC | ou MISC |»
should be annotated as MISC entities; or other metonimic cases of LOC and ORG entities,

such as “O apetito insaciable de [China ORG | ”and a “cidade mais grande ao oeste de.

China LOC ~

4. Non-lexicalised foreign words (according to Real Galician Academy (Real Academia
Galega)), such as “best-séller” or “ikebana” have not been annotated.

We followed a systematic process to ensure accurate token labelling and format compatibility,
as detailed in the following Subsection 3.3.3.

3.3.3 Annotation of named entities

The TreeGal and Galician PUD corpora were annotated by two experts: a native speaker with
a strong linguistic background and a postdoctoral researcher in Linguistics with advanced pro-
ficiency in Galician. To ensure consistency and alignment with the annotation guidelines, both
annotators initially worked on a test dataset (400 sentences for TreeGal, then 200 for Galician
PUD) from the original split of each corpus. To ensure quality in the annotation process, the initial
annotated sets underwent a manual review by both annotators, who cross-examined each other’s
results through exchanges and comparisons of annotations. The results of the inter-annotator
agreement for this review task (Modality A) are presented in Table 1.

For the further annotation process, the training datasets (along with the Galician PUD devel-
opment set) were divided and assigned to each expert for semi-automatic annotation. After
predicting the NER tags for each token using the aforementioned BERT-based pre-trained model,
the outputs for both TreeGal and Galician PUD were reviewed by the annotators (Modality B).

Downloaded from https://www.cambridge.org/core. 05 Nov 2026 at 09:19:13, subject to the Cambridge Core terms of use.


https://www.cambridge.org/core

564 A. Sarymsakova et al.

During the annotation phase, regular follow-up meetings with additional language experts were
held to resolve any ambiguities or questions that emerged during the review and curation phases.
It is worth noting that, for the machine-assisted annotation review, the training dataset from
Galician PUD was chosen and evaluated by both annotators, since the inter-annotator agreement
for this corpus in the Modality A review task is higher than that of TreeGal.

This enabled us to enhance the quality of the manually annotated NER corpus for Galician at
the final stage. By implementing this methodology, we mitigated the potential for mutual influence
or bias among annotators during the review process conducted under Modality A. Consequently,
we were able to evaluate whether the agreement for the machine-generated annotations remained
consistent. As demonstrated by Modality B in Table 1, the results confirm that the annotation
process was devoid of bias among annotators.

3.3.4 Inter-annonator agreement

After the NER annotation review process was completed, we calculated the annotators’ agreement
using all tagged entities (including O for “out”) from the TreeGal and Galician PUD datasets.
To do so, we used a framework proposed by Artstein and Poesio (2008) to calculate weighted
Cohen’s ¥ (Cohen 1960) for both A and B Modalities Table 1.

Within the Modality A, which involves the review of manually annotated tokens, the
inter-annotator agreement values ranged from 0.96 (Cohen’s « for TreeGal, as it was anno-
tated first, as noted in the previous Subsection 3.3.3) to 0.97 for the subsequently annotated
Galician PUD. These scores are relatively high, particularly given that this represented the ini-
tial phase of annotation for both annotators. As for ITA for Modality B, consisting of the review
of machine-generated annotation, these values slightly descend to x = 0.96. Nevertheless, we con-
sider this a positive dynamic in the annotation process, as the Modality B corpus encompassed a
greater number of reviewed sentences than the Modality A corpus.

Overall, we observe a very high level of agreement, highlighting (i) the consistency between the
two annotators in their annotations and (ii) the effectiveness of both types of annotation review
(Modality A and B) and follow-up meetings throughout the annotation and curation phases. The
enhancement in annotation quality is clear, with total agreement values exceeding 0.95 within both
modalities. As a result, discussions of the discrepancies and a review of the initial annotations
during the curation phase enabled the annotators to identify inconsistencies in the labelling of
specific entities, leading to a comprehensive revision of the final annotations for the TreeGal and
Galician PUD datasets.

3.4 Results

Building on the previous works cited in Section 3 and leveraging our two newly annotated Galician
NER corpora, we compiled five datasets for the NER task. The named entity statistics for each
dataset are provided in Tables 2 and 3. The per-token distribution of annotations ranges from
1.82% to 7.02%, meaning that across datasets, between 1.82% and 7.02% of all tokens are annotated
as named entities. The TreeGal dataset has the fewest annotated entities (488, or 1.82% of the
corpus). It is worth mentioning that the distribution of the four named entity classes in TreeGal
and Galician PUD is roughly similar, indicating a consistent annotation approach across both
datasets, which are nearly identical in size.

The combined total of annotated entities across the five datasets is 11,039 (see Table 16 in
the Appendix). The majority of these are classified as organisation entities, accounting for 31.25%
(#3,450), followed by location entities at 28.05% (#3,096). Person entities make up 22.29% (#2,461),
and miscellaneous entities constitute 18.41% (#2,032). The distribution of named entities across
the datasets is relatively balanced, with a slight predominance of organisation entities. The pro-
portional frequency of these entities is beneficial for the fine-tuning and improvement process of
the existing Galician NER model, as it provides a solid representation of one of the most frequent
entity types.
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Table 2. Distribution of entity classes in Galician PUD, TreeGal, CorNER, and LREC datasets

Galician PUD TreeGal CorNER LREC
Tag # % len # % len # % len # % len
PER 420 33.71 1.44 141 28.89 1.88 121 13.10 1.83 1184 35.68 1.88
LocC 399 32.02 1.44 110 22.54 1.15 280 30.30 1.14 543 16.37 1.42
ORG 276 22.15 1.89 150 30.74 1.57 438 47.40 1.66 805 24.26 1.94
MISC 151 1212 2.28 87 17.83  2.08 85 9.20 2.08 786 2369 2.74
Overall 1,246 5.30 - 488 1.82 - 924 4.41 - 3,318 7.02 -
Total tokens 23,509 26,817 20,932 47,254

Percentages for each entity are calculated over the total number of tags (see “Overall”), and overall percentages for annotated entities per
dataset are computed over a total number os tokens. The average token length per entity type is shown in the “len” column.

Table 3. Distribution of entity classes in SLI NERC dataset

Train Dev Test

Tag # % len # % len # % len
PER 303 0.21 1.90 79 0.49 1.92 213 0.53 2.07
Loc 1247 0.86 1.44 78 0.48 1.34 439 1.09 1.49
ORG 1095 0.75 1.92 130 0.80 177 556 1.38 2.15
MISC 538 0.37 2.36 25 0.15 2.36 360 0.89 2.53
Overall 3,183 2.19 - 312 1.92 - 1,568 3.88 -
Total tokens 145,582 16,254 40,405

4. Experiments and results

This section describes the experiments conducted to train and evaluate several transformer-based
NER models in Galician. We first introduce the data and methods, followed by the assessment
of the pre-trained models, including a new DeBERTa_v3-xsmall for Galician. We then show
the evaluation results and further experiments using data augmentation techniques as well as a
comparison to prompting strategies using LLMs for NER.

4.1 Data

To enhance the performance of the existing Galician NER model (Garcia 2024), we conducted a
series of experiments using datasets comprising the SLI NERC, TreeGal, Galician PUD, CorNER,
and LREC corpora. We used the SLI NERC splits provided by Garcia (2024), which divided the
SLI NERC test dataset into ‘dev’ and ‘test’ splits. Therefore, SLI NERC was divided into training
(70%, 145,582 tokens), development (10%, 16,254 tokens), and test (20%, 40,405 tokens) sets, as
shown in Table 3.

In line with our contributions outlined in Section 1—particularly the evaluation of a newly
trained model with additional data integration—we incorporated the TreeGal training split into
the training dataset. The TreeGal training split comprises 60% of TreeGal, amounting to 16,705
tokens. As Table 4 shows, we obtained the final splits to perform the evaluation. Consequently,
the final training set combined the SLI NERC and TreeGal datasets, resulting in a total of 162,287
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Table 4. Distribution of entity classes in final training, devel-
opment, and test dataset

Set Corpus Tokens
Train SLINERC (train) 145,582
TreeGal (train) 16,705
Dev SLINERC (dev) 16,254
Test Galician PUD 23,509
TreeGal (test) 10,112
CorNER 20,932
LREC 47,254
SLI NERC (test) 40,405

tokens. The development set, exclusively from the SLI NERC dataset, remained at 16,254 tokens.
The test splits consist of the following datasets: the Galician PUD corpus (23,509 tokens), the
TreeGal test set (10,112 tokens), the CorNER corpus (20,932 tokens), the LREC corpus (47,254
tokens), and the SLI NERC corpus (40,405 tokens).

4.2 Architecture selection

To train the NER models, we used the standard fine-tuning approach of pre-trained transformer
models. To do so, we took advantage of the transformers library® provided by HuggingFace (Wolf
et al. 2020). For each model, we explored the different batch sizes {8, 16, 32} and learning rates
{le™>,2e7>,3¢7>, 47>, 5¢°} and selected the best checkpoint by its F1-score in the development
set after five epochs. To assess the performance across datasets, and taking into account their
different sizes, we compute both micro and macro average F1-scores.

We compare the performance of the following monolingual and multilingual pre-trained
models (see Table 17 in Appendix A.2 for the details of each model):

Monolingual. We compare both “small” and “base” variants of Bertinho (Vilares, Garcia, and
Gomez-Rodriguez 2021) and BERT-gl Garcia (2021) models. Additionally, we evaluate the new
DeBERTa-xsmall model, described in Section 4.3.

Multilingual. Regarding multilingual models, we tested the official multilingual BERT base
(mBERT, Devlin et al. (2019)), the ‘base’ and ‘large’ versions of XLM-RoBERTa (Conneau et al.
2019), and the multilingual DeBERTa_v3 model (mDeBERTa_v3-base, He et al. (2021a)).

Baseline. As a baseline, we use the best model provided by Garcia (2024), which consists of
a BERT-base-gl fine-tuned with the CTG-NER corpus and available at the HuggingFace Hub.”
Therefore, this is a strong baseline with state-of-the-art performance on NER for Galician, which
only differs in having used slightly less training data than the models we are fine-tuning in this
study.

4.3 Anew Galician DeBERTav3 xsmall

Available monolingual encoder models for Galician (Vilares ef al. 2021; Garcia 2021) take advan-
tage of the BERT architecture (without the next sentence prediction training objective) and appear

8https://github.com/huggingface/transformers
Phttps://huggingface.co/marcosgg/bert-base-gl-SLI-NER.
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Table 5. Accuracy of the baseline model trained with custom splits (70/10/20%) of SLI NERC

Model Test dataset F1 P R Micro F1 Macro F1
Baseline SLINERC test 88.68 87.69 89.69 84.70 85.24
Treegal test 84.36 85.06 83.67
PUD 79.84 79.43 80.26
CorNER 90.13 90.87 89.39
LREC 83.20 81.88 84.57

at ‘small’ and ‘base’ sizes, having 6 and 12 hidden layers, about 44 and 86 million backbone
parameters, and occupying approximately 300 and 600 megabytes, respectively. The standard
BERT architecture was improved by DeBERTa models (He et al. 2021b), which use disentangled
attention (differentiating content and position embeddings) instead of self-attention and, in its
version 3, substitutes masked language modelling with replaced token detection (He et al. 2021a).
This sample-efficient pre-training task allows smaller models to obtain better results than larger
models from previous architectures.

To verify how well this architecture performs on NER for Galician and to compare it with larger
available models, we trained a new extra-small (xsmall) DeBERTa_v3 model for Galician. To do
s0, we did a continual pre-training of the original English DeBERTA-xsmall! on CorpusNOS, an
open Galician corpus composed of 2 billion words (de Dios-Flores et al. 2024). We trained the
model using the original tokeniser on a server with two 80 GB NVIDIA Hopper H100 GPUs for
one epoch over the corpus. The final model, here dubbed deberta-gl-xsmall, has 22 M backbone
parameters, occupies 142 megabytes, and is freely available on HuggingFace.

4.4 Results

We present the results on the five evaluation datasets, starting with the baseline and then the
monolingual and multilingual models.

Baseline. As shown in Table 5, the baseline model achieves a micro average accuracy of 84.70% and
macro average of 85.24%, with its highest prediction score (90.13%) observed on the CorNER test
dataset, and the lowest in the Galician PUD corpus (79.84%). The F1-scores reported in Table 5
are averaged across datasets. This difference of more than 10 points across datasets reinforces the
need for improved cross-domain NER systems for Galician.

4.4.1 Monolingual models

We started by searching for the best hyperparameters of the BERT-base-gl model, whose results
are plotted in Figure 1. A comparison of both results (Table 5 and Figure 1) reveals an improved
performance (84.70% vs. 85.07% in micro average F1). The red bar in Figure 1 highlights the
best performance, obtained with a learning rate of 4e-05 and a batch size of 16. This prelimi-
nary finding, combined with the studies discussed in Section 2, supports the further experiments
comparing additional models and data to enhance accuracy for the NER task in Galician.

A summary of the results for the best checkpoint of each monolingual model is shown in
Table 6. These results show that BERT-base-gl outperformed all other models at both micro and
macro F1 levels. This model, trained with 5 epochs, a batch size of 16, and a learning rate of
4e™>, achieved the best results among the monolingual models and delivered the highest F1-scores

Thttps://huggingface.co/microsoft/deberta-v3-xsmall
Thttps://huggingface.co/proxectonos/deberta-xsmall-gl
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Figure 1. Results for NER Galician model trained with BERT-base-gl embeddings and diverse hyperparameters.

across all five test datasets. Among these, the best accuracy was observed in the SLI and CorNER
evaluation datasets, and the lowest metrics were observed in the PUD and LREC corpora.

The performance of the other available models follows relatively similar trends as those
reported in other studies, here with better results for both Bertinho models than for
BERT-small-gl. Regarding the new DeBERTa-xsmall-gl, it performs better than the ‘small’ models,
despite having half their backbone parameters (22M vs. 44M) and size.

4.4.2 Multilingual models

For the multilingual models, the results in Table 7 indicate that the mDeBERTa_v3-base NER
model outperforms the monolingual BERT-base-gl model (85.47 vs. 85.07 . F1). Trained with 5
epochs, a batch size of 16, and a learning rate of 4e~>, the model achieved the highest F1-scores
(micro F1 of 85.47 and macro F1 of 86.34) across all five test datasets, outperforming other mul-
tilingual models: 87.78% for the SLI test set, 85.28% for TreeGal, 85.01% for PUD, 90.40% for
CorNER, and 83.22% for LREC. Among these, the highest accuracy was observed in the SLI and
CorNER evaluation datasets. At the same time, the lowest scores were observed for the PUD and
LREC corpora, consistent with the results from the monolingual BERT-base-gl model.

Among the other multilingual models, XLM-RoBERTa-large achieved competitive per-
formance, matching the best monolingual model. At the same time, both mBERT and
XLM-RoBERTa-base performed similarly to Bertinho-base, as also noted by previous research
(Vilares et al. 2021).

In conclusion, regarding transformer architectures, our initial results on monolingual corpora
differ slightly from trends reported in other evaluations across different tasks, for example, de
Dios-Flores and Garcia (2022). While monolingual models trained on smaller, language-specific
datasets perform well in our study, multilingual models trained on larger datasets seem to outper-
form them providing better accuracy metrics. These results suggest that multilingual models may
be more effective for training NER models in contrast to other downstream tasks and intrinsic
evaluations, as NER is less dependent on linguistic structure than, for example, PoS-tagging or
targeted syntactic evaluation. Crucially, for both best monolingual and multilingual models, and
despite using the same development set, the variation across datasets was lower than that of the
baseline model, making them more suitable for generic NER labelling in Galician.
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Table 6. The results on NER task trained with BERT-based monolingual models and evaluated on five different

datasets
Model Test dataset F1 P R MicroF1 MacroF1 BS LR
BERT-base-gl SLI NERC test 88.08 86.46 89.76 85.07 85.88 16 4e-05
Treegal test 8598 8563  86.33
PUD 82.66 81.94 83.39
CorNER 89.45 89.93 88.96
LREC 83.22 81.39 85.14
BERT small gl SLI NERC test 86.99 85.18 88.87 82.33 82.86 8 3e-05
Treegal test 82.70 8155  83.88
PUD 76.19 75.12 77.29
CorNER 87.45 87.45 87.45
LREC 80.98 79.22 82.82
DeBERTa xsmall gl SLI NERC test 87.41 86.11 88.74 83.01 83.49 16 3e-05
Treegal test 82.86 82.86 82.86
PUD 78.75 78.84 78.65
CorNER 87.03 86.93 87.12
LREC 81.42 79.82 83.09
Bertinho base SLI NERC test 86.97 85.86 88.10 83.33 83.58 8 5e-05
Treegal test 81.87 81.71 82.04
PUD 80.67 80.13 81.22
CorNER 86.44 86.30 86.58
LREC 81.96 80.32 83.66
Bertinho small SLI NERC test 85.44 83.97 86.96 82.45 83.08 8 5e-05
Treegal test 82.63 81.80 83.47
PUD 79.63 78.94 80.34
CorNER 86.81 86.72 86.90
LREC 80.88 79.11 82.73

BS—batch size; LR—learning rate. All the provided models were trained using a configuration of 5 epochs.

4.5 Augmentation of training data
To achieve our contributions as formulated in Section 1, we aim to incorporate supplementary
data from closely related linguistic varieties to evaluate their effect on the performance of Galician
Named Entity Recognition models. For this purpose, we have incorporated the Spanish AnCora
dataset (Taulé et al. 2008) converted to IOB format from its UD version, and the Portuguese
Bosque dataset! as released by Pires (2017).™

Using data from languages related to Galician allows us to test the model’s sensitivity to subtle
linguistic contrasts, its capacity to generalise across related varieties, and its robustness in handling
language continua rather than clearly separated systems.

Khttps://github.com/UniversalDependencies/UD_Spanish-AnCora

Thttps://www.linguateca.pt/floresta/corpus.html\#bosque
TMhttps://github.com/arop/ner-re-pt/tree/master/datasets/harem/nltk
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Table 7. The results on NER task trained with BERT-based multilingual models and evaluated on five different

datasets
Model Test dataset F1 P R MicroF1 ~ MacroFl  BS LR
mDeBERTa_v3-base SLINERC test 87.78 86.48 89.12 85.47 86.34 8 2e-05
Treegal test 85.28 84.85  85.71
PUD 85.01 84.24 85.79
CorNER 90.40 90.11 90.69
LREC 83.22 81.67 84.84
mBERT SLI NERC test 86.68 85.42 87.98 83.53 84.09 8 3e-05
Treegal test 83.13 8279 8347
PUD 80.49 79.39 81.62
CorNER 88.22 88.12 88.31
LREC 81.96 80.59 83.36
XLM-RoBERTa-base SLINERC test 86.71 85.29 88.17 83.05 83.76 16 4e-05
Treegal test 84.17 8425  84.08
PUD 82.30 81.77 82.83
CorNER 84.58 84.86 84.31
LREC 81.03 79.40 82.73
XLM-RoBERTa large SLINERC test 88.53 87.46 89.63 85.28 85.54 8 2e-05
Treegal test 81.99 81.74 82.24
PUD 83.78 82.99 84.59
CorNER 89.86 90.01 89.72
LREC 83.53 82.20 84.90

BS—batch size; LR—learning rate. All the provided models were trained using a configuration of 5 epochs.

Table 8. Distribution of entity classes in Spanish AnCora, Portuguese Bosque, and PUD

datasets
AnCora Portuguese NER
Tokens Tag # % Tokens Tag # %
589,548 PER 8,450 1.4 240,215 PER 4,230 2
LOC 5,408 1 LOC 2,768 1
ORG 11,522 2 ORG 3,396 1.5
MISC 9,046 1.5 MISC 1,438 0.5
Total 34,426 6 11,832 5

These datasets are comparable in size and annotation standards to SLI NERC, which constitute
most of our training data. Specifically, the Portuguese NER dataset contains 11,832 annotated enti-
ties, while the Spanish Ancora dataset contains 34,427 NER-labelled tokens. However, the Spanish
AnCora corpus is significantly larger, with 589,548 tokens. Table 8 provides an overview of the
named entity distribution across these datasets.

To explore the impact of the data augmentation, we have selected the best monolingual
and multilingual models evaluated in the previous section. In each case, we performed three
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Table 9. Results for cross-lingual training data augmentation using BERT-base-gl embedding model, compil-
ing Spanish and Portuguese NER corpus

Train dataset Test dataset F1 P R MicroF1 MacroF1 BS LR
AnCora SLINERC test 87.48 86.50 88.49 84.65 85.18 8 2e-05
Treegal test 85.54 85.37 85.71
PUD 85.11 84.84 85.39
CorNER 83.04 81.51 84.63
LREC 84.65 83.63 85.70
Portuguese NER SLI NERC test 88.90 87.88 89.95 86.30 86.72 8 3e-05
Treegal test 84.81 84.73 84.90
PUD 82.07 81.87 82.26
CorNER 92.71 92.56 92.86
LREC 85.09 84.02 86.20
Mixed SLINERC test 88.81 87.76 89.89 86.30 87.03 32 4e-05
Treegal test 86.38 86.03 86.73
PUD 83.82 83.45 84.19
CorNER 91.51 91.46 91.56
LREC 84.60 83.29 85.96

BS—batch size; LR—learning rate. All the provided models were trained using a configuration of 5 epochs.

experiments: (1) fine-tuning of the model with the Galician and Spanish data; (2) fine-tuning using
Galician and Portuguese data; and (3) fine-tuning with the training data of the three varieties,
Galician, Spanish, and Portuguese (Mixed).

The results of cross-lingual data integration are presented in Tables 9 and 10, for the mono-
lingual and multilingual models, respectively. In the first cross-lingual training split, including
Spanish data, the performance of the monolingual BERT-base-gl model decreases (84.65 . FI,
and 85.18 macro F1 vs. the previous 85.07/85.88). For the multilingual model, results also decline
(from 85.47 to 83.91 for micro and from 86.34 to 84.27 for macro), indicating that including
Spanish data negatively impacts the model’s performance.

In the case of integrating a more closely related variety (Portuguese), the performance of
both models, especially the monolingual one, improved. For BERT-base-gl, it achieved a micro
F1-score of 86.30 and a macro Fl-score of 86.72, while the mDeBERTa_v3-base model demon-
strated improved performance in the micro F1 scenario (85.96) and a small drop of 0.02 in the
macro Fl-score. The multilingual model improves only when trained on the Portuguese NER
corpus, whereas training on the cross-lingual dataset with Spanish AnCora slightly decreases
performance. A deeper investigation into this case is left for future work.

Finally, in the Mixed scenario (with a total corpus of 991,436 tokens), Table 9 exhibits that
the macro Fl-score for BERT-base-gl increased to 87.03, while keeping the same values as for
the previous experiment (86.30) In contrast, the performance of the mDeBERTa_v3-base model
slightly declined, obtaining a micro F1-score of 85.35 and a macro F1-score of 85.70 (Table 10).
Notably, across the evaluation datasets, both monolingual and multilingual models trained on the
Mixed dataset achieved the highest accuracy on the SLI and CorNER datasets. At the same time,
the lowest scores were recorded for the PUD and LREC corpora. This observation was previously
noted in Section 4.4.

These final experiments show that labelled Portuguese data is beneficial for training NER mod-
els in Galician, while incorporating Spanish data has, in general, adverse effects (or little macro
F1 in the Mixed scenario for the monolingual model). Furthermore, it is worth noting that when
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Table 10. Results for cross-lingual training data augmentation using mDeBERTa_v3-base embedding model,
compiling Spanish and Portuguese NER

Train dataset Test dataset F1 P R MicroF1 MacroF1 BS LR
AnCora SLINERC test 86.88 85.94 87.85 83.91 84.27 16 5e-05
Treegal test 83.65 83.23 84.08
PUD 84.26 83.24 85.31
CorNER 84.19 83.65 84.74
LREC 82.34 81.03 83.69
Portuguese NER SLINERC test 87.07 85.75 88.42 85.96 86.32 8 2e-05
Treegal test 84.40 84.32 84.49
PUD 81.87 81.31 82.42
CorNER 93.00 92.51 93.51
LREC 85.24 84.27 86.23
Mixed SLINERC test 86.77 85.13 88.49 85.35 85.70 8 3e-05
Treegal test 84.72 85.15 84.29
PUD 84.08 84.04 84.11
CorNER 88.60 88.46 88.74
LREC 84.34 83.34 85.35

BS—batch size; LR—learning rate. All the provided models were trained using a configuration of 5 epochs.

augmenting the training data with cross-lingual examples, improvements are higher in the mono-
lingual model than in the multilingual one, with BERT-base-gl achieving the best macro and micro
F1-scores.

4.6 Comparison with LLMs

Although not the primary objective of our study, we include a comparison between few-shot
methods using LLMs and our best supervised model, BERT-base-gl fine-tuned with the Mixed
cross-lingual data. It is worth noting that generative LLMs are known to present challenges
when applied to sequence labelling tasks, as their outputs may exhibit structural mismatches with
gold-standard annotations, including token misalignment, missing or duplicated tags, and invalid
label sequences (Zhou et al. 2024)."

We compared four state-of-the-art open-weight instruction-tuned models with coverage for
Galician: (i) Qwen2.5-7B-Instruct (Qwen Team 2024),° selected as the best-performing LLM for
Galician in the IberBench leaderboard (Gonzélez et al. 2026)P; (ii) Qwen3-4B-Instruct-25074
and (iii) Qwen3-8B" (Qwen Team 2025), included as successor models; and (iv) Llama-3.2-3B-
Instruct® as a representative of the Llama 3.2 family (Grattafiori et al. 2024). Regarding the
prompting strategy, we evaluated both zero-shot and few-shot (k =3) settings and report the
latter, as it consistently yielded better results (see Section A.3 in the Appendix for further details).

"Several strategies have been proposed to improve the reliability of LLM outputs for NER, including advanced prompt
engineering techniques (Ashok and Lipton, 2023; Wang et al. 2025) as well as model distillation and adaptation approaches
(Zhou et al. 2024). We leave a systematic exploration of these methods for future work.

Chttps://huggingface.co/Qwen/Qwen2.5-7B-Instruct

Phttps://huggingface.co/spaces/iberbench/leaderboard

dhttps://huggingface.co/Qwen/Qwen3-4B-Instruct-2507

"https://huggingface.co/Qwen/Qwen3-8B

*https://huggingface.co/meta-llama/Llama-3.2-3B-Instruct
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Table 11. LLM performance (F1-score) across NER datasets under fuzzy span evaluation

Dataset Qwen2.5-7B Qwen3-4B Qwen3-8B Llama-3.2-3B BERT-gl
CORGA 62.3 60.0 65.2 18.0 92.3
LREC 63.7 0.620 62.4 16.1 88.1
PUD 60.6 58.7 60.8 19.2 88.3
SLI 58.6 55.7 53.1 15.3 93.2
TreeGal 58.0 58.7 55.0 16.3 91.8
Macro avg 60.6 59.0 59.3 17.0 90.7

Bold values mark the highest score achieved by the evaluated LLMs on each of the test datasets.

Due to their generative nature, LLMs can produce outputs that are incompatible with the gold
standard, so an evaluation strategy must be defined to maximise the alignment between both
annotations. Following recent studies on sequence labelling (Paolini et al. 2021) and LLM-based
NER (Santos et al. 2024), we first apply the Needleman-Wunsch global sequence alignment algo-
rithm (Needleman and Wunsch 1970) between each LLM output and the corresponding test set.
Then, we project the predicted tags onto the gold tokens as follows: gold tokens aligned to gaps
are assigned the tag O, LLM output tags are repeated when multiple gold tokens align to a single
LLM token, and tokens inserted by the LLM that do not align with any gold token are discarded.
Finally, the performance at the entity level is computed using a fuzzy span-matching criterion,
in which any overlap between predicted and gold entity spans is considered a match (Zhou et al.
2024).

Table 11 reports the Fl-scores of the evaluated LLMs (see Table 18 in Section A.3 of the
Appendix for the complete results). As shown, the performance of the LLMs is substantially lower
than that of our best model, the baseline, and the previously proposed supervised models. These
findings are consistent with recent work showing that, even in controlled settings, LLMs tend
to produce noisy NER annotations (Merdjanovska et al. 2024). However, as mentioned above, it
should be noted that one of the main factors underlying this low performance is the nature of the
models’ outputs and their varying degrees of adherence to the provided instructions. In particular,
the Llama model exhibited especially poor performance, largely due to frequent deviations from
the input sentences, such as generating tags for empty tokens and assigning a large number of
named entity labels to common words (e.g., determiners, prepositions, and verbs). More exten-
sive prompt engineering could potentially mitigate these issues. The reported values for Llama are
therefore included for completeness and should not be interpreted as a fair or direct comparison.

4.7 Significance tests

To assess whether our best-performing models perform significantly better than the baseline, we
have carried out a series of statistical significance tests.

First, we compared the overall performance of BERT-base-gl and mDeBERTa_v3-base, both
trained on monolingual data, using the Friedman Aligned Ranks test. This choice was made
because the data were not normally distributed and did not meet the homoscedasticity assump-
tion. Following the approach of Rodriguez-Fernandez et al. (2015), we obtained significant results
with p = 0.028, which is below the significance threshold of o« = 0.05.

Next, we examined whether our best-performing model (BERT-base-gl trained with mixed
data) significantly outperformed the baseline across datasets. To do so, we applied the Wilcoxon
Signed-Rank Test (Wilcoxon 1992) using Fl-scores from the five datasets. The results con-
firmed statistically significant performance gains, with a consistent improvement validated by the
Wilcoxon Signed-Rank Test (z = —2.023, p < 0.05).

Overall, the new models trained in this study demonstrate statistically significant
improvements over the previous state-of-the-art NER model for Galician.
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Table 12. Qualitative analysis micro average results for Galician NER models trained with BERT-based embeddings and
evaluated on five Galician datasets. Values in bold are the best F1 results for each category and for each metric (bottom
row)

BERT-base-gl
Baseline BERT-base-gl mDeBERTa_v3-base (cross-lingual)

Tags F1 P R F1 P R F1 P R F1 P R

PER 95.34  95.30 95.39 95.45 94.62 96.30 95.75 95.12 96.40  96.07 94.60 97.60

LoC 86.11 83.06 89.39 87.25 8537  89.22 86.58 84.95 88.26 86.90 86.01 87.81

ORG 81.41 79.66 83.24 82.36 80.17  84.67 82.55 79.01 86.43 84.01 81.29 86.92

MISC 72.95 75.64  70.45 72.09 72.51 71.67 73.82 76.34 7147 74.82 77.45 72.35

Total 84.70 84.02 85.54 85.07 83.91 86.41 85.47 84.32 86.69 86.30 85.42 87.23

5. Qualitative analysis

To gain a better understanding of how the models work, this section presents the results of a
qualitative analysis that assesses the behaviour of the best models across entity types and explores
their performance on datasets where results are more dissimilar.

5.1 Performance across entity types

In order to obtain qualitative data on the performance of the best models, we applied the approach
proposed by Tjong Kim Sang and Buchholz (2000) to calculate the F1-score for each named
entity type, with the results compiled in Table 12. As observed, the highest accuracy among the
annotated named entities was achieved for person entities, with scores of 95.34 for the base-
line model, 95.45 for BERT-base-gl, 95.75 for mDeBERTa_v3-base, and 96.07 for BERT-base-gl
trained with cross-lingual data integration. In contrast, the lowest metrics were recorded for mis-
cellaneous entities, with scores of 72.95 for the baseline model, 72.09 for BERT-base-gl, 73.82 for
mDeBERTa_v3-base, and 74.82 for BERT-base-gl trained with cross-lingual data integration.

The numbers in Table 12 show consistent improvements across entity types for both mono-
lingual and multilingual models trained with Galician and cross-lingual data. As shown in the
final row of Table 12, the overall F1-score for named entities reached 86.30% on the mixed eval-
uation dataset, which compiles five Galician corpora, using the BERT-base-gl monolingual model
and an augmented cross-lingual training dataset. This represents an improvement over the initial
84.70% F1-score achieved by the baseline model, and our BERT-base-gl NER model outperforms
the previous state of the art by nearly two points across all named entity classes.

As for the span-wise evaluation of the BERT-base-gl model evaluated on the Mixed scenario,
Table 13 reveals substantial variation in performance across entity types. The model achieves the
highest accuracy for person entities, with an F1-score of 96.2, and a minimal error rate of 7.74%.
Locations show similarly robust performance (87.4 F1). In contrast, organisational and miscel-
laneous entities pose greater challenges, with F1-scores of 84.9 and 75.9, respectively, and error
rates of 30.88% and 45.81%. The lower recall for MISC entities indicates frequent omissions,
while the elevated false-positive rates for ORG suggest occasional over-prediction or boundary
errors. Overall, the model attains a micro-averaged F1-score of 87%, corresponding to an aggre-
gate error rate of 26.11%, underscoring strong generalisation capabilities in cross-lingual settings
while highlighting the need for targeted improvements in specific categories, such as MISC and
ORG.
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Table 13.Span-wise metrics per entity type from Mixed dataset for the best-performing BERT-base-gl
(cross-lingual) model

Entity TP FP FN Errors Error% Precision Recall F1

PER 2,026 107 54 161 1.74 94.98 97.40 96.18
ORG 1,933 395 292 687 30.88 83.03 86.88 84.91
MISC 1,062 266 407 673 45.81 79.97 72.29 75.94
LoC 1,553 232 217 449 25.37 87.00 87.74 87.37
Overall 6,574 1,000 970 1,970 26.11 86.80 87.14 86.97

Table 14.NE labels errors for BERT-base-gl predictions evaluated on five Galician datasets and trained with
cross-lingual data

SLINERC TreeGal PUD CorNER LREC

Tags # % # % # % # % # %
0 95 28 37 32 93 29 8 6 233 22
B-LOC 29 8 13 11 110 34 8 6 54 5
I-LOC 22 6 9 8 38 12 4 3 30 3
B-PER 10 3 6 5 23 7 7 6 50 5
I-PER 9 3 2 2 16 5 7 6 48 5
B-ORG 36 10 11 10 20 6 35 28 234 22
I-0RG 45 13 11 10 8 2 9 7 234 22
B-MISC 45 13 8 7 12 4 20 16 89 9
I-MISC 54 16 18 16 5 2 27 22 72 7
Total # 345 0.85 115 1.07 325 1.38 125 0.60 1,044 2.21
Total tokens 40,405 10,112 23,509 20,932 47,254

5.2 Performance across datasets

5.2.1 Best-performing model outcomes

Across the evaluation datasets, a consistent trend is observed: the SLI and CorNER datasets
achieve the highest accuracy, while the PUD and LREC corpora consistently yield the lowest
results. This pattern was previously noted in Sections 4.4 and 4.5, during the experiments with
monolingual and multilingual models and cross-lingual data augmentation.

Building on these findings, it becomes crucial to conduct a qualitative analysis of NER task
performance for both the BERT-base monolingual model and the mDeBERTa multilingual model.
This analysis should focus on their performance within the PUD and LREC datasets, which con-
sistently exhibited the lowest accuracy scores. Additionally, it is essential to extend this evaluation
to the Combined Galician NER datasets, which aggregate all five Galician corpora, to understand
better how these models perform when trained on a more diverse and comprehensive dataset.

In order to address the disparity in F1-scores observed between the PUD and LREC datasets,
a qualitative analysis was conducted using the BERT-base-gl model’s predictions, which achieved
higher performance (86.30% for micro and 86.72% for macro average F1) and was trained on
cross-lingual data. The results are presented in Table 14.
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Regarding the SLI corpus, comprising 40,405 tokens, 345 tokens (0.85% of the total dataset)
were identified as erroneous. Among these errors, the most significant proportion (95 tokens, or
28% of the total errors) were O-tagged tokens, indicating they were either missed or not identified
as named entities. As for the TreeGal corpus, consisting of 10,112 tokens, the model predicted
115 erroneous tokens (1.07% of the total corpus). Similarly, the majority of these errors were
concentrated in missed or unidentified named entity tokens.

The PUD results show a slightly different trend, with a total of 23,509 tokens and 325 erro-
neous tokens (1.38% of the entire corpus). The majority of these errors are found in location
entities, accounting for 110 cases, or 34% of the total errors. The CorNER corpus, consisting
of 20,932 tokens, contains 125 erroneous tokens (0.60% of the total corpus), with most errors
occurring within the organisation class, comprising 35 cases (28% of all errors). Finally, the LREC
dataset, which includes 47,254 tokens, contains 1,044 erroneous tokens, representing 2.21% of the
corpus—the highest error rate among the five datasets. In LREC, the most frequent errors (22%)
occur across two classes: O-tagged tokens and organisation entities."

Although errors related to O-tagged tokens are commonly observed across the datasets (with
four out of five exhibiting this pattern), the notably higher error rate in organisation-tagged enti-
ties for the LREC dataset predictions is particularly striking, as shown in the heatmap presented
in Figure 2. The performance of BERT-base-gl drops significantly on the LREC test dataset, with
the highest number of erroneous tokens occurring in O-tagged tokens (233 cases) and organi-
sation entities (234 cases each for B-ORG and I-ORG). These results are followed by the PUD
predictions, which show 110 errors in location entities and 93 in unidentified named entities.
These findings suggest that BERT-base-gl likely struggles to resolve ambiguity between location
and organisation entities, as explained in Subsection 3.3.2.

5.2.2 Best-performing monolingual versus multilingual model outcomes

Additionally, to investigate the differences in micro and macro F1-scores observed in the mono-
lingual and multilingual models trained with the cross-lingual data (Mixed scenario), we focused
our analysis on the final training split. This split included the SLI and TreeGal datasets, as well as
cross-lingual data from the AnCora and Portuguese NER corpora, and was evaluated on the Mixed
test dataset. The Mixed test dataset comprises all five Galician corpora, as detailed in Tables 2
and 3.

As shown in Figure 3, the BERT-base-gl monolingual model has predicted 1,952 erroneous
tokens, while the mDeBERTa-v3-base model shows a slightly higher total of 2,115 errors. This
suggests that, despite its more advanced architecture, the mDeBERTa multilingual model is prone
to more errors when performing NER in Galician. As for the highest error count across both
models, it occurs in O-tagged tokens, which account for 24% of total errors in the BERT monolin-
gual model and 21% in the mDeBERTa multilingual model. This may indicate that both models
tend to miss named entities or fail to identify them accurately. Regarding other errors within NE
classes, B-LOC and I-LOC failed tags are more prominent in mDeBERTa multilingual predic-
tions, with 254 (12%) and 125 (6%) cases, respectively, compared to BERT-monolingual, with 214
(11%) and 103 (5%) errors. This suggests that mDeBERTa struggles slightly more with identifying
the boundaries and continuity of location entities.

mDeBERTa also exhibits higher errors for B-PER and I-PER tags, with 149 (7%) and 106 (5%)
errors, respectively, compared to BERT’s 95 (5%) and 81 (4%) errors. This suggests that a mul-
tilingual transformer-based model may struggle to distinguish individual names accurately. The
errors in B-ORG and I-ORG tags are substantial for both models, though the numbers are similar.

'To facilitate the interpretation of these results, Table 15 in the Appendix presents the tag frequency data across the five
Galician datasets.
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Figure 2. Distribution of the erroneously annotates NE for BERT-base-gl predictions among five Galician datasets.

For BERT-base-gl, there are 336 (17%) and 307 (16%) errors, while mDeBERTa has 347 (16%) and
326 (15%) errors.

This finding supports the observed tendency identified during our analysis of the distribution
of erroneously annotated named entities in the BERT monolingual predictions across five Galician
datasets. Specifically, it suggests that both monolingual and multilingual models may be having
difficulty distinguishing between ambiguous cases involving location and organisation entities.
Finally, errors for B-MISC and I-MISC tags are comparable across the models. BERT monolin-
gual predictions exhibit 174 (9%) and 176 (9%) errors, while mDeBERTa multilingual shows 178
(8%) and 180 (9%) errors. Compared to other entity types, miscellaneous entities do not pose a
significant challenge for both monolingual and multilingual BERT-based models in Galician.

Overall, both models exhibit the highest error rates on O-tagged tokens and organisation enti-
ties, suggesting that both the BERT-based monolingual and multilingual models may struggle to
distinguish between ambiguous cases involving location and organisation entities, as previously
discussed. The multilingual mDeBERTa model tends to have slightly higher error rates across
most categories, particularly for person and location entities, compared to the BERT monolingual
Galician model.

Regarding the annotation of named entity tags and their associated error rates, an analysis was
conducted on the predictions made by the BERT monolingual Galician model across five datasets
to explore potential discrepancies in relation to annotation errors, especially for the PUD and
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Figure 3. NE labels errors for BERT-base-gl fine-tuned with cross-lingual data evaluated on five Galician test dataset.

LREC datasets, which showed the highest error rates. The results, both in terms of error percent-
ages and the most common NE tag errors, suggest that revising the NER tagging guidelines may
be considered. This is particularly evident from the high rates of O-tagged token errors observed
in four of the five datasets, as shown in Figure 2.

6. Discussion

The results obtained under the Mixed training scenario indicate the beneficial impact of
cross-lingual data augmentation on Galician NER performance. As reported in Section 4.5,
increasing the training corpus to 991,436 tokens led to a noticeable improvement for the monolin-
gual BERT-base-gl model, which reached a macro F1-score of 87.03. In contrast, the multilingual
mDeBERTa_v3-base model experienced a slight performance degradation, suggesting that addi-
tional heterogeneous data may not be as beneficial for multilingual models as it is for monolingual
models. Across all evaluation datasets, both monolingual and multilingual models achieved their
best performance on SLI and CorNER. In contrast, PUD and LREC consistently proved more
challenging, corroborating earlier observations from Section 4.4. Overall, these findings confirm
that labelled Portuguese data is particularly beneficial for training NER models in Galician. At the
same time, including Spanish data tends to yield limited or even negative gains, especially in macro
F1. Moreover, the fact that the monolingual model benefits more from cross-lingual augmenta-
tion than the multilingual one underscores the advantage of language-specific representations,
with BERT-base-gl ultimately achieving the best overall results.

The performance metrics obtained for Galician are relatively comparable to the best fine-tuning
transformers for English, Portuguese, and Spanish NER, as described in Section 2. Depending
on the dataset and language, F1-scores for these languages are around 90%, achieving very high
performance (*97%) in some cases, but also lower values in different domains (e.g., 60% on
social media data). More complex models, using cooperative learning, embedding concatenation,
and external resources, achieve slightly better results (Wang et al. 2021a, 2021b). Unlike previ-
ous approaches trained exclusively on large monolingual datasets, the proposed Galician NER
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model attains competitive accuracy using relatively small training data by exploiting cross-lingual
resources.

As for the qualitative analysis results of the final training split in the Mixed cross-lingual
scenario, the following insights into the differences in micro F1 performance between the mono-
lingual BERT-base-gl and the multilingual mDeBERTa-v3-base models were observed. When
evaluated on the Mixed test dataset, which comprises all five Galician corpora, BERT-base-gl
produced fewer overall errors (1,952 erroneous tokens) than mDeBERTa (2,115), indicating a
more robust behaviour for Galician NER despite the latter’s multilingual architecture. For both
models, the most significant proportion of errors occurs in O-tagged tokens, accounting for 24%
in BERT-base-gl and 21% in mDeBERTa, suggesting a common tendency to miss or misrecog-
nise named entities. Beyond this general pattern, mDeBERTa consistently shows higher error
rates across several named entity classes. In particular, errors related to location entities (B-LOC
and I-LOC) are more frequent in the multilingual model, pointing to greater difficulty in cor-
rectly identifying entity boundaries and continuity. A similar trend is observed for person entities
(B-PER and I-PER), where mDeBERTa shows notably higher error rates, indicating challenges
in distinguishing individual names. Errors for organisational entities (B-ORG and I-ORG) are
substantial in both models and comparable in magnitude, suggesting that organisational enti-
ties may also pose a challenging category across models. Overall, these findings help explain the
observed micro F1 differences and highlight that, in this cross-lingual setting, the monolingual
BERT-base-gl model achieves more reliable performance for Galician NER.

Regarding the limitations of our study, the qualitative error analysis of the best-performing
model suggests that the imbalance among NER categories in the training data may contribute to
errors in certain entity classes. Although the class imbalance is not severe, as shown in Tables 3
and 8, additional experiments would be necessary to verify whether a more balanced training
dataset could further improve Galician NER performance. Therefore, experiments using larger,
more diverse training and evaluation datasets are required to assess the model’s performance
stability.

7. Conclusions

The study presented in this work aims to contribute to the field of NER for Galician. In summary,
we emphasise the following key contributions, as outlined in Section 1.

We have examined the impact of various factors on NER for Galician, including training data,
pre-trained Transformer models, hyperparameter selection, and cross-lingual data augmentation.
Our study introduced two new manually annotated datasets with high inter-annotator agreement
and leveraged five distinct evaluation datasets to robustly assess model performance across varying
conditions.

Our results show that (1) among the models evaluated, the multilingual mDeBERTa-base
demonstrated the best performance when using monolingual training data, highlighting the
strength of multilingual representations in this scenario. However, the monolingual BERT-base-gl
obtained similar results, and the new DeBERTa-xsmall-gl—released as part of this study—
achieved competitive results despite its smaller size, underscoring its efficiency. (2) Augmenting
the training data with related varieties, particularly Portuguese, shifted the performance land-
scape. In this scenario, the monolingual BERT-base model consistently outperformed mDeBERTa,
achieving the best results in almost all cases. This underscores the value of leveraging cross-lingual
data for low-resource language tasks using monolingual models. (3) The best-performing models
demonstrated consistent improvements across all evaluation datasets, with significant increases in
F1-scores and large effect sizes, and consistently outperformed few-shot LLMs on the NER task,
reinforcing the robustness of the results. (4) Our qualitative analysis revealed that ‘person’ enti-
ties were identified with the highest accuracy. However, we also highlighted the need for more
harmonised annotation standards across datasets to enhance model performance further.
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Moreover, our work addressed several critical gaps in the Galician NER landscape, outlined
in Sections 1 and 2. The lack of datasets has been a constraint on evaluating the Galician NER
model’s robustness and cross-domain generalisation, limiting progress in this under-resourced
language. In response to this challenge, we contribute on multiple fronts. First, we support the
expansion of Galician NER resources by creating two new manually annotated datasets. Second,
we adapt and leverage existing Galician linguistic resources, promoting their reuse and applicabil-
ity for NER tasks. Finally, we conduct systematic evaluations of NER models across five datasets,
enabling more reliable performance comparisons and advancing the understanding of models’
performance in Galician. Collectively, these contributions help mitigate long-standing resource
and evaluation limitations and represent a step forward for Galician NER research.

Finally, it is worth to note that, by releasing the new annotated datasets and new state-of-the-art
models," we aim to provide valuable resources for the NLP community, fostering further research
and development in NER for Galician and related linguistic varieties.
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Appendix
A.1 Named entity tags per dataset

Table 15. Tag frequencies of five Galician datasets

SLINERC TreeGal PUD CorNER LREC

Tags # % # % # % # % # %

0 37,198 92.06 9278 91.75 21,461 91.29 19,487 93.10 40,539 85.79
B-LOC 439 1.09 110 1.09 399 1.70 280 1.34 543 1.15
I-LOC 217 0.54 12 0.12 177 0.75 39 0.19 229 0.48
B-PER 213 0.53 141 1.39 420 1.79 121 0.58 1184 2.51
I-PER 229 0.57 125 1.24 185 0.79 100 0.48 1047 2.22
B-0RG 556 1.38 150 1.48 276 1.17 438 2.09 805 1.70
I-0RG 640 1.58 101 1.00 246 1.05 290 1.39 754 1.60
B-MISC 360 0.89 87 0.86 151 0.64 85 0.41 786 1.66
I-MISC 553 1.37 108 1.07 194 0.83 92 0.44 1367 2.89

Total # 40,405 100 10,112 100 23,509 10,000 20,932 100 47,254 100

Table 16.Total amount of annotated NE over five
Galician datasets

Entity type # %

PER 2,461 22.29
Loc 3,096 28.05
ORG 3,450 31.25
MISC 2,032 18.41
Total 11,039 100.00
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A.2 Pre-trained models
Table 17 details the main properties of the pre-trained models used for fine-tuning.

Table 17. Comparison of pre-trained models used for fine-tuning on Galician NER data. Parameters include
both backbone and vocabulary parameters and are approximate values in millions. Corpus is the approximate
size of the respective training corpus. Additional corpus size for BERT-base gl and DeBERTa_v3-xsmall-gl refer
to the training corpus of each original model they are based on (mBERT and deberta-v3-xsmall)

Model Lang Param. Pre-training Corpus Hugging face handle
BERT-base-gl gl 177 3.1MB (+13GB) marcosgg/bert-base-gl-cased
BERT-small-gl gl 83 3.1MB marcosgg/bert-small-gl-cased
Bertinho-base gl 108 250 MB dvilares/bertinho-gl-base-cased
Bertinho-small gl 66 250 MB dvilares/bertinho-gl-small-cased
mBERT 104 177 13GB bert-base-multilingual-cased
XLM-RoBERTa-base 100 277 2.5TB FacebookAl/xIm-roberta-base
XLM-RoBERTa-large 100 559 2.5TB FacebookAl/xIm-roberta-large
mDeBERTa_v3-base 100 278 2.5TB microsoft/mdeberta-v3-base
DeBERTa_v3-xsmall-gl gl 71 11 GB (4160 GB) -

A.3 Comparison with large language models

This appendix provides a brief description of the prompting strategy employed for the LLMs and
reports the corresponding results.

Prompting strategy

Input and output format. In preliminary tests, we evaluated several prompting strategies aimed
at obtaining outputs which could be aligned with the gold-standard. We explored given the input
both as plain text (e.g., ‘Maruxa Souto foi incluida. ..”) and tokenised (‘Maruxa’, ‘Souto’, ‘foi’,
‘incluida’. . .). Regarding the output, we compared asking only for the tags (e.g., ‘B-PER’, ‘I-PER’,
‘0’, ‘O’) and for ‘token TAG’ pairs (‘Maruxa B-PER’, ‘Souto I-PER’, ‘foi O’, ‘incluida O’). In every
combination, we tested several format configurations, including processing the content of each
sentence as a whole, token by token, etc. The best alignment results were obtained with the format
shown in the example below.

Zero-shot versus few-shot. We evaluated both zero-shot and few-shot scenarios, including in the
examples entities of the four ENAMEX classes. The best results were obtained with few-shot
(k =3), as exemplified in the following prompt.

Downloaded from https://www.cambridge.org/core. 05 Nov 2026 at 09:19:13, subject to the Cambridge Core terms of use.


https://www.cambridge.org/core

Natural Language Processing 587

Few-shot prompt example:

Instruction:
"Your task is to perform NER annotation on a text written in Galician."
"Use the IOB2 annotation schema with the following classes: PER, ORG,
LOC, MISC, and 0."
"Valid TAGs are 0, B-PER, I-PER, B-LOC, I-LOC, B-MISC, I-MISC, B-ORG,
I-ORG."
"Input tokens are given ONE PER LINE."
"Output must contain ’token TAG’ pairs (EXACTLY ONE PER LINE), aligned
with the input."
"VERY IMPORTANT:DO NOT add extra text, punctuation or explanations."
"IMPORTANT: THE NUMBER OF OUTPUT LINES SHOULD BE EXACTLY THE SAME
AS THE NUMBER OF INPUT LINES."

Example 1 Input:

llMaruxa" llSoutoll n n lldell IIAII llcoruﬁall n n Ilfoill lllncluidall
"na", "proposta", "da", "Federacidén", "Ecoloxista", "Galega",

n (ll |IFEG|I Il) n Ilparall llall n ampliaciénll lldall IlRedeIl llNaturall
IIQOOOII

Example 1 QOutput:
"Maruxa B-PER", "Souto I-PER", ", 0", "de 0", "A B-LOC", "Corufia I-LOC",
", 0", "foi 0", "incluida 0", "na 0", "proposta 0", "da 0",
"Federacidén B-ORG", "Ecoloxista I-ORG", "Galega I-ORG", "( 0",
"FEG B-ORG", ") 0", "para 0", "a 0", "ampliacidén 0O ", "da 0", "Rede B-MISC",

"Natura I-MISC", "2000 I-MISC"

Example 2 Input: [...]
Example 2 Output: [...]
Example 3 Input: [...]
Example 3 QOutput: [...]

Input: [tokenised input]

Results

Table 18 displays the NER results of the LLMs compared to the best supervised model
(BERT-base-gl fine-tuned with Mixed cross-lingual data, see Section 4.5). As mentioned, the Llama
model had a very low performance mainly because it often produced outputs differing from the
input sentences (generating labels tags for empty tokens, large number of NE tags in common
words, etc.).
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Table 18.LLM performance (Precision, Recall, and F1-score) on NER under fuzzy span evaluation across datasets. Values
in bold are the best P/R/F1 per dataset. BERT-gl, included for comparison, is the BERT-base-gl fine-tuned with Mixed
cross-lingual data

Qwen2.5-7B-Inst  Qwen3-4B-Inst-2507 Qwen3-8B Llama-3.2-3B-Inst BERT-gl
Dataset P R F1 P R F1 P R F1 P R F1 P R F1
CORGA 0.527 0.762 0.623 0.483 0.790 0.600 0.546 0.811 0.652 0.181 0.179 0.180 0.926 0.920 0.923
LREC 0.566 0.728 0.637 0.526 0.755 0.620 0.537 0.744 0.624 0.191 0.139 0.161 0.875 0.886 0.881
PUD 0.509 0.750 0.606 0.467 0.787 0.587 0.498 0.781 0.608 0.187 0.196 0.192 0.886 0.880 0.883
SLI 0.477 0.761 0.586 0.445 0.743 0.557 0.416 0.735 0.531 0.145 0.163 0.153 0.930 0.934 0.932

TreeGal 0.481 0.730 0.580 0.478 0.762 0.587 0.453 0.699 0.550 0.164 0.162 0.163 0.923 0.912 0.918

Macroavg 0.512 0.746 0.606 0.480 0.768 0.590 0.490 0.754 0.593 0.174 0.168 0.170 0.908 0.906 0.907

Cite this article: Sarymsakova A, Mariotti E, Pérez Puente H and Garcia M (2026). Named Entity Recognition Across
Datasets and Domains: Resources and Models for Galician. Natural Language Processing 32, 555-588. https://doi.org/10.1017/
nlp.2026.10040
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