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Abstract: Language models depend on massive text corpora that are often filtered
for quality, a process that can unintentionally exclude non-standard linguistic vari-
eties and reinforce representational biases. In this paper, we argue that language
models should aim to capture the full spectrum of language variation (dialectal,
historical, informal, etc.) rather than relying solely on standardized text. Focusing
on the Basque language, we construct new corpora combining standard, social media,
and historical sources, and pretrain the BERnaT family of encoder-only models
in three configurations: standard, diverse, and combined. We further propose an
evaluation framework that separates Natural Language Understanding (NLU) tasks
into standard and diverse subsets to assess linguistic generalization. Results show
that models trained on both standard and diverse data often outperform those trained
on standard corpora, improving performance across task types without compromising
standard benchmark accuracy. These findings highlight the importance of linguistic
diversity in building inclusive, generalizable language models.

Keywords: Training, Low-Resource Languages, Corpus, Linguistic Diversity, Evalu-
ation

Resumen: Los modelos de lenguaje dependen de enormes corpus textuales que se
suelen someter a un filtrado de calidad que puede conllevar la exclusion de variedades
lingiiisticas no estandar y el refuerzo de sesgos de representatividad. Los modelos
deberian aspirar a la representaciéon de todo el espectro de variacién lingiiistica, en
lugar de limitarse al texto estandarizado. Utilizamos el euskera como caso de estudio
y creamos la familia de modelos discriminativos BERnaT, entrenada con fuentes
de mayor diversidad: redes sociales y textos histéricos. El preentrenamiento de los
modelos se realiza con tres combinaciones de textos: estandar, diversos y combinados.
Nuestra propuesta de evaluacién consiste en separar las tareas entre subconjuntos de
lenguaje estandar y no estandar, para poder medir la generalizacién lingiiistica de
los modelos. Los resultados demuestran que los modelos entrenados con una mayor
diversidad lingiiistica tienden a superar a aquellos basados solo en texto estandar.
Asi, es posible mejorar la generalizacién lingiiistica en muchas tareas sin perder
precision en las evaluaciones mas tradicionales. Esto evidencia la importancia de la
diversidad lingtiistica para lograr modelos mas inclusivos con una mayor capacidad
de generalizacion.

Palabras clave: Entrenamiento, Idiomas con pocos recursos, Corpus, Diversidad
Lingiiistica, Evaluaciéon



1 Introduction

The development of large-scale language mod-
els requires large quantities of textual data
that is often crawled from the web and sub-
sequently filtered to ensure its quality. The
amount of text that is left out as well as its
characteristics will vary according to various
factors, such as the target domain or language,
as well as to differences in the beliefs of au-
thors as to what constitutes noise (Laurengon
et al., 2022; Etxaniz et al., 2024). Unwanted
text may include code, text in languages other
than the target language, or pure gibberish.

In the process of corpus creation and fil-
tering, some authors may opt to exclude lan-
guage varieties that, although representative
of natural language use, do not meet their
standards of quality - either intentionally, or
by default through the selection of a reliably
high-quality subset of the data (Wenzek et al.,
2020; Artetxe et al., 2022; Soldaini et al., 2024;
Palomar-Giner et al., 2024; Etxaniz et al.,
2024). In contrast, in this paper we claim that
any corpus gathered with the final objective
of training a foundational model should try to
capture the full diversity of language, includ-
ing variation across dialects (diatopic), reg-
isters (diaphasic), social groups (diastratic),
and even time (diachronic). Modeling this
diversity can ensure that the resulting model
will be capable of handling a broader range
of domains and language varieties.

In practice, it has been proven that mod-
els trained with less diverse data suffer from
representation biases and problems in per-
formance (Blodgett, Green, and O’Connor,
2016). Even if this is not intended, a selection
of texts to train a model or a quality filter
performed without proper care is likely to be
skewed towards powerful groups (Gururangan
et al., 2022). These studies are mostly cen-
tered around English and other high-resource
languages. Conversely, in this work we focus
on Basque, a low-resource and morphologi-
cally rich language, and conduct our experi-
ments using encoder-based architectures. Our
research’s aim is therefore to contribute to
the body of resources for the Basque language
and develop new monolingual models designed
for specific Natural Language Understanding
(NLU) tasks.

As shown in Figure 1, we use three differ-
ent corpora combinations to pretrain a collec-
tion of models. The BERnaTstandarq models
are pretrained using a widely used standard

=
g BERNaT standard
standard
—_— BERnaT ]
E BERNaT diverse ]
diverse J

Figure 1: Summary of corpora combinations
used to train BERnaT models. Standard
Corpus: high-quality standard Basque from
sources like News or Wikipedia. Diverse Cor-
pora: social media and historical texts cap-
turing informal, dialectal, and pre-standard
Basque.

corpus, whereas BERnaT gjyerse models use
a newly introduced diverse corpus that cov-
ers different varieties of Basque. Finally, the
BERnaT models are pretrained with both the
standard and the diverse corpora.

We propose a new configuration of NLU
tasks to evaluate BERnaT models, splitting
existing benchmark tasks into standard and
diverse subsets depending on the register and
source of the annotated data, thus emulating
the standard/diverse separation. This evalu-
ation framework is designed to facilitate the
assessment of model performance under lan-
guage diversity conditions, enabling a more
comprehensive understanding of how well the
models generalize across different varieties
and linguistic contexts.

The following are the principal findings
from our experiments, which may help dataset
creation and model development for other
languages:

e The inclusion of non-standard text in
model pretraining is helpful for NLU
tasks that deal with non-standard lan-
guage, such as text from social media,
dialectal variations and historical texts.

e The performance gain of combined
BERnaT models is more pronounced
when the data used for fine-tuning is
scarce.

e Including diverse text doesn’t degrade
the results of traditional NLU tasks writ-
ten in standard varieties (BasqueGLUE,
NLI, POS).

e Even when including diverse corpora in
training, models perform worse in diverse



evaluations, showing that these tasks re-
main more challenging.

e Model size has an impact on performance,
with smaller models achieving better re-
sults if specialized either on standard or
diverse texts, and larger models obtain-
ing better when they combine both.

Beyond the insights previously discussed,
this work contributes several resources! that
support future research in Basque language
technology: (i) the new family of BERnaT
encoder models, available in three sizes and
three training configurations, designed to pro-
cess linguistically diverse text; (ii) the largest
diverse language corpus for Basque, contain-
ing both contemporary social media and his-
torical texts; and (iii) a comprehensive suite
of benchmark datasets, comprising both es-
tablished and new tasks, categorized into stan-
dard and diverse linguistic domains.

2 Related work

Approaches to language diversity. The
exclusion of varieties outside the standard can
be motivated by underlying language ideolo-
gies (Walsh, 2021), which shape researchers’
beliefs about which varieties are suitable for
corpus curation; or the convenience of a more
standardized and homogeneous language in
language modeling and evaluation (Jorgensen,
Hovy, and Sggaard, 2015). Nonetheless, it of-
ten leads to misrepresentation of social groups
outside of the mainstream (Gururangan et al.,
2022; Blodgett et al., 2020) and worse per-
formance and ability to generalize to unseen
language varieties (Markl and McNulty, 2022;
Bengoetxea, Gonzalez-Dios, and Agerri, 2025;
Srirag, Sahoo, and Joshi, 2025). When faced
with this challenge, previous approaches may
include the normalization of text before its
processing, or domain adaptation of models
(Han and Baldwin, 2011; Eisenstein, 2013; Ku-
parinen, Mileti¢, and Scherrer, 2023; Alhafni
et al., 2024).

Basque language diversity and standard-
ization. In the process of gathering a di-
verse corpus, we have identified sources which
include texts characterized by diatopic and
diaphasic variability, that is, different dialects
and registers, as well as a wide range of top-
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ics and domains. Our main sources of non-
standard language include a) texts written
before the development of Euskara Batua, the
standardized form of the Basque language
(Hualde and Zuazo, 2007; Onederra, 2016),
that use non-standard dialectal orthography
(Soraluze Irureta et al., 2019); and b) more re-
cent texts gathered from social media, which
include innovative spellings as well as a more
conversational and relaxed register (Elordui
and Aiestaran, 2022; Fernandez de Landa et
al., 2024).

Encoder models and corpora. While
decoder-only LLMs are popular due to their
text generation capabilities, encoder-only
models are still frequently used for classifi-
cation, clustering and retrieval, even beating
decoders that are much larger (Weller et al.,
2025; Gisserot-Boukhlef et al., 2025). The
majority of encoder models have been trained
on standard corpora, such as Wikipedia or
journalistic texts, both in English (Liu et al.,
2019) and multilingual settings (Conneau et
al., 2020). However, several efforts have also
focused on training encoder models on di-
verse corpora from social media in English
(Nguyen, Vu, and Tuan Nguyen, 2020) and
other languages (Barbieri, Espinosa Anke,
and Camacho-Collados, 2022), and on evalu-
ating them on that specific source (Barbieri
et al., 2020). Recently, works have centered
on training encoder models with modern tech-
niques and corpora scales closer to LLMs for
English (Warner et al., 2024), and the same
approach has been extended to cover around
1.8K languages (Marone et al., 2025). How-
ever, these models have been mostly trained
on standard filtered texts, with no special
focus on training or evaluating on diverse cor-
pora.

Basque encoder models and corpora.
Current SoTA Basque monolingual encoders
such as RoBERTa EusCrawl (Artetxe et
al., 2022) and EIhBERTeu (Urbizu et al.,
2022) were mostly trained on standard text
that mostly comes from news websites and
Wikipedia. (Artetxe et al., 2022) found that
using other lower-quality corpora, such as
mC4 (Xue et al., 2021) and CC-100 (Conneau
et al., 2020), provided similar results com-
pared to Fuscrawl. Recently, bigger corpora
such as Latxa corpus (Etxaniz et al., 2024)
and ZelaiHandi (San Vicente et al., 2024) have
been introduced, but no encoder models have



Source Docs  Words Diversity

Wikipedia 409k 51M  0.le”%10.2¢!
Egunkaria 176k 39M  0.3¢™%+0.2¢7
EusCrawl-vli.l 1.79M  359M 0.de 210.4e!
Colossal-oscar 234k 105M  1.8e 240.8e—!
CulturaX 1.31M 541M  1.9e 240.8¢1
HPLT-v1 375k 120M  3.0e 2i1.1e7!
Booktegi 166 3M  7.3e Zi1.3e!
BSM [new] 13k 188M  l.de 'ir7e-?
EKC [new] 338 21IM  7.3e"'i1.7e71

Table 1: Corpora sizes and diversity anal-
ysis for latra-corpus-vi.1 (upper part) and
our proposed Diverse Corpora (bottom part).
Diversity is calculated per document as de-
scribed in Section 3.3, and we also include the
standard deviation.

been trained on these. These corpora, de-
spite having more diverse sources, still lack
language diversity, which is very minimal as
shown in Section 3. In contrast, our new cor-
pora include a larger number of diverse texts.

3 Training Corpora

To represent diverse language usage in Basque,
we combine an existing large-scale standard
corpus (latza-corpus-vl.1) with a newly cu-
rated corpus called Diverse Corpora, which is
composed of varied and non-standard collec-
tions of texts (c.f. Section 3.2). This approach
allows us to capture both formal, well-edited
language and informal, dialectal, or historical
varieties. We perform an empirical analysis of
the selected corpora, quantifying their linguis-
tic diversity and confirming their alignment
with the intended categories, therefore ensur-
ing that our pretraining data reflects a broad
spectrum of Basque language use.

3.1 Standard Language Corpus

We utilize the largest standard Basque corpus
currently available, latra-corpus-vi.1 (Etx-
aniz et al., 2024). The corpus comprises 4.3M
documents in standard Basque, summing up
to 1.22B words. Its sources include EusCrawl-
v1.1, extracted using ad-hoc scrapers (Artetxe
et al., 2022), as well as Egunkaria, containing
content from the daily Basque newspaper Eu-
skaldunon Egunkaria (2001-2006), and Book-
tegi, which provides a collection of literature
books in Basque. Additional sources include
Wikipedia, as well as datasets derived from
Common Crawl, namely CulturaX (Nguyen
et al., 2024), Colossal OSCAR (Abadji et al.,

wikipedia egunkaria euscrawl-vl.1l

colossal-oscar CulturaX hplt-vl

booktegi BSM EKC

Figure 2: Visualization of diversity distribution
for latxa standard corpora (wikipedia, egunkaria,
euscrawl-vl.1, colossal-oscar, CulturaX, hplt-vl, book-
tegi) and newly added BSM and EKC non-standard
corpora.

2022), and HPLT v1 (de Gibert et al., 2024).
To ensure linguistic consistency and quality,
latxa-corpus-vl.1 was systematically normal-
ized, deduplicated, and exhaustively filtered
(Etxaniz et al., 2024).

3.2 Diverse Corpora

We create Diverse Corpora by combining text
from two linguistically rich and varied sources:
social media and historical texts. Social me-
dia captures informal, spontaneous, and up-
to-date language use, including dialectal vari-
ation, slang, and code-switching. Historical
texts, in turn, provide access to pre-standard
Basque, which is highly rich in dialectal diver-
sity. Diverse Corpora represents the largest
and most diverse non-standard corpus con-
structed to date, with its overall size being
half that of EusCrawl-v1.1 (refer to Table 1).

BSM: The Basque Social Media corpus
(BSM) provides a valuable source of per-
sonal, spontaneous, and varied written con-
tent. It includes standard language as well
as a wide range of dialectal, slang, informal,
and code-switched data (Fernandez de Landa,
Agerri, and Alegria, 2019). Building on the
same techniques and extending previously col-
lected resources (Fernandez de Landa et al.,
2024), BSM contains approximately 11 million
posts produced by more than 13,000 Basque-
speaking users, amounting to around 188 mil-
lion words. We perform a data augmentation
step that effectively doubles the dataset size
by reordering the existing material in two dis-
tinct ways. Specifically, we divide BSM into



Dataset Task Train/Dev Test Domain

BHTC Topic classification 10,442 1,854 News

Korref 5 Coreference resolution 1,306 587 News

NERCid 3 NERC 64,475 35,855 News

NERCod NERC 79,420 14,462 News, Wikipedia
QNLI QA/NLI 1,994 238  Wikipedia

WiC 4 WSD 409,159 1,400 News

XNLIeu-nat 4 t NLI 392,000 621 News

POSud 5 POS tagging 7,194 1,799 News, literary texts

POShis-nor [new| 1 POS tagging

5,095 526 Normalized historical texts

BEC Sentiment Analysis
Intent ¢ Intent classification
Slot ¢ Slot filling

Vaxx 7 Stance detection
XNLIeu-var g T NLI

POShis [new] { POS tagging

7,380 1,302 Twitter
5,322 1,087 Facebook
30,443 5,633 Facebook
1,070 312  Twitter
392,000 894  Dialectal language
5,095 526 Historical texts

Table 2: Dataset characteristics and sizes for Basque benchmarks. The upper block includes standard language
datasets, while the lower block includes diverse language datasets (non-standard, dialectal, or historical). Datasets
marked with 1 are not part of BasqueGLUE. Sources: '(Urbizu et al., 2022), ?(Soraluze et al., 2012),*(Alegria
et al., 2006),*(Heredia et al., 2024),%(de Marneffe et al., 2021),°(Lépez de Lacalle, Saralegi, and San Vicente,
2020),7(Agerri et al., 2021),%(Bengoetxea, Gonzalez-Dios, and Agerri, 2025).

two complementary subsets containing the
same textual content but differ in organiza-
tion: i) BSMtime, where posts are ordered
chronologically by publication time, indepen-
dent of author identity (11M posts). ii) BS-
Mauthor, where posts are grouped by author,
forming 13K complete individual documents
representing their timelines. This dual organi-
zation enables the analysis of both diachronic
language variation and author-specific linguis-
tic behavior, providing a flexible resource for
a range of sociolinguistic and computational
studies.

EKC: The Corpus of Basque classical writ-
ers (Buskal Klasikoen Corpusa, EKC) (Eu-
skara Institutua, 2013) aims to serve as the
repository for nearly all classical texts up to
the 20th century. It contains 338 documents
or books ranging from the 16th century to
1975, comprising a total of 21 million words.
This corpus covers various literary genres, in-
cluding poetry, narrative, theater, essays, and
religious texts. The texts originate from differ-
ent dialects, as the standard Basque language
was not established until the late 20th century.
Due to the historical span and dialectal vari-
ety represented in the collection, the corpus
is expected to be highly diverse.

3.3 Language diversity analysis

We conduct a language diversity analysis on
the entire pretraining data to verify that the
sources align with the theoretical distinction

between standard and diverse language. To
that end, we employ the method presented in
(Fernandez de Landa and Agerri, 2021), which
automatically classifies each sentence in a doc-
ument as either standard or non-standard. Us-
ing these classifications, the diversity of each
document is computed as the proportion of
non-standard sentences relative to the total
number of sentences. Subsequently, the lan-
guage diversity of each source in the corpus is
determined by calculating the mean diversity
across all documents within that source.

Table 1 and Fig. 2 present the results
of our language diversity analysis across the
standard corpora of latza-corpus-vl.1 corpus
as well as our newly proposed Diverse Cor-
pora. The results show that, on the one hand,
standard language sources such as Wikipedia,
Egunkaria, and EusCrawl exhibit very low
levels of non-standard usage, indicating low
linguistic diversity. Although CulturaX and
Colossal-oscar are both large-scale multilin-
gual corpora derived from Common Crawl,
their diversity values are slightly below those
of HPLT-v1, likely due to the more exten-
sive preprocessing applied to produce cleaner,
more standardized text. Booktegi, though
small, contains literary genres (fiction, essays,
and poetry) that are inherently diverse in syn-
tax and vocabulary, which explains its slightly
higher diversity. On the other hand, the BSM
corpus, representing social media text, reaches
diversity levels more than double those of the



most heterogeneous standard corpus. Finally,
the EKC corpus stands out with a mean diver-
sity of 0.733, an order of magnitude greater
than any other source. This high diversity
observed in the BSM and especially the EKC
corpora confirms their role as essential comple-
ments to standardized resources for modeling
the full spectrum of Basque linguistic varia-
tion.

4  FEvaluation datasets

We use NLU tasks to assess the effect of lan-
guage diversity on Basque. Hence, we evalu-
ate the models on all tasks from BasqueGLUE
(Urbizu et al., 2022), the standard benchmark
for Basque NLU, as well as Natural Language
Inference (NLI) and Part-of-Speech (POS)
tagging tasks. We divide each dataset into
standard and diverse subsets, which allows us
to analyze how linguistic diversity influences
model performance. Details of each dataset,
including size and domain, are described in
Table 2. We apply the same linguistic di-
versity analysis to the evaluation datasets as
performed on the pretraining data; these re-
sults are detailed in Appendix A.

BasqueGLUE. This dataset collection con-
sists of ten tasks that cover a wide spectrum
of Basque NLU challenges. The benchmark
includes datasets from standard language do-
mains such as news and literature, as well as
collections drawn from more diverse contexts,
particularly social media, where dialectal and
non-standard Basque are widely used (Fer-
nandez de Landa, Agerri, and Alegria, 2019).
The standard subset of BasqueGLUE includes
Topic Classification (BHTC), Coreference Res-
olution (Korref), Question Answering framed
as NLI (QNLI), Word Sense Disambiguation
(WSD) in Context (WiC), and Named Entity
Recognition/Classification in both in-domain
(NERCid) and out-of-domain (NERCod) set-
tings. The diverse subset, in contrast, covers
Sentiment Analysis (BEC), Stance Detection
(Vaxx), Intent Classification (Intent), and Slot
Filling (Slot).

Natural Language Inference. We use the
Basque NLI dataset introduced in (Heredia
et al., 2024), which extends the XNLI bench-
mark (Conneau et al., 2018) to this language.
The standard subset consists of the so-called
XNLIeu-nat part of the dataset, a test set cre-
ated entirely from scratch by native Basque
speakers. The diverse subset consists of the

Corpora
Tokenizer | Standard Diverse Both
Tokstandard 1.29 1.62 1.53
Tokpiverse 1.37 1.42 1.41
Tokpoth 1.30 1.45 1.41

Table 3: Token fertility for different tokeniz-
ers. Rows correspond to tokenizer’s training
corpora, and columns to evaluation corpora
(lower is better).

NLI dataset in (Bengoetxea, Gonzalez-Dios,
and Agerri, 2025), where XNLIeu-nat was
adapted into three Basque dialects (Western,
Central, and Navarrese), therefore allowing
NLI evaluation in both standard and diverse
language settings. For training, we rely on
the automatically translated XNLIeu training
set, derived from the English XNLI corpus,
which naturally retains certain domain char-
acteristics from the original English data.

POS tagging. The standard subset con-
sists of the Universal Dependencies POS (PO-
Sud) dataset (de Marneffe et al., 2021), based
on the Basque UD treebank (Aranzabe et al.,
2015), which contains 8,993 sentences (121,443
tokens) drawn primarily from literary and
journalistic sources. The diverse subset is
POShis, a dataset derived from the BIM cor-
pus (Estarrona et al., 2021), which comprises
historical texts dating from the 15th to the
mid-18th century, spanning multiple histor-
ical dialects (Western, Central, Labourdin,
Souletin). We select 5,621 instances (693,414
tokens) from this morphosyntactically anno-
tated diachronic corpus, making the resulting
POShis subset approximately five times larger
than POSud. The manual annotations have
been converted to follow the same criteria as
POSud. Additionally, we provide a parallel
normalized version, POShis-nor, to facilitate
evaluation under standard conditions.

5 Training Models

The main aim of the experiments is to eval-
uate the effect of including diverse language
data in pretraining on NLU tasks. To that
end, we start by pretraining the models with
the corpora described in Section 3, which are
then fine-tuned to each task and dataset (c.f.
Section 4). In this section, we describe these
steps in turn.

Pretraining. We use encoder-only models
that follow the RoBERTa (Liu et al., 2019)



BERnaTandard BERnaTgiverse BERnaT

med base large ‘ med base large ‘ med base large

BHTC (F1) 74.85  75.37  77.53 | 73.37 73.97 76.70 | 75.06 75.56 77.83

Korref (Acc.) 56.45  62.24  57.69 | 56.27 56.67 52.13 | 63.09 64.68 62.07

NERCid (F1) 83.35 83.83 86.48 | 80.19 75.50 83.34 | 81.33 83.39  84.97

NERCod (F1) 73.29 75.14 75.04 | 65.99 67.77 70.63 | 72.60 75.67 76.06

Standard tasks ~QNLI (Acc.) 69.61 73.25 74.23 | 70.73 70.73 7101 | 69.19 7115  72.96
WiC (Acc.) 67.69 70.57  70.07 | 68.86 70.33 70.14 | 69.07 69.55 70.86

XNLIeu-nat (Acc.) 67.31 71.28 74.93 | 61.89 66.72 64.52 | 66.51 67.95  72.79

POSud (F1) 94.85 95.61 96.27 | 94.06 9542 95.38 | 94.46 95.86  95.97

POShis-nor (F1) 71.48 74.29 7892 | 72.73 7255 76.96 | 73.10 76.12 79.74

AVG standard tasks | 73,21 75,73 76,79 | 71,57 72,18 73,42 | 73,82 7555 77,03

BEC (F1) 69.87 66.05 68.10 | 69.43 69.82 70.10 | 68.87 70.02  69.40

Intent (F1) 75.31 77.46  77.80 | 77.34 7550 79.70 | 75.22 76.84  78.04

Slot (F1) 76.73 78.95 77.01 | 76.93 7826 76.01 | 78.02 7575  78.61

Diverse tasks Vaxx (MF7) 61.60 63.06 6597 | 64.03 66.67 68.46 | 66.13 65.77  67.44
XNLIeu-var (Acc.) 65.21 68.05 74.05 | 58.50 65.14 63.68 | 62.30 64.91  72.82

POShis (F1) 73.06 73.96  75.84 | 73.22 73.17 7327 | 73.00 74.36 76.33

AVG diverse tasks | 70.30  71.26  73.13 | 69.91 7143 71.87 | 70.59 71.28  73.77

AVG overall | 7258 73.70  75.35 | 70.96 72.04 7343 | 7237 7376 76.24

Table 4: Results by task for all BERnaT model variants and sizes, divided by standard and
diverse tasks. Metrics based on the original implementation of the tasks as explained in the
respective papers (F; = micro-average Fj-score , Acc. = Accuracy, MF; = macro-average

Fi-score).

architecture for several model sizes: medium
(51M), base (124M) and large (355M). We
train the models from scratch, using three
corpora combinations (standard, diverse and
both) therefore generating BERnaTgtandard,
BERnaT giverse and BERnaT models, respec-
tively (see Figure 1). We follow (Artetxe et al.,
2022) and pretrain each model with a batch
size of 1 million tokens and a sequence length
of 512 tokens. We use packing, i.e., shorter
documents are concatenated or packed into a
single sequence to fully utilize the sequence
length and maximize the efficiency of each
training iteration. Documents that exceed
the sequence length, particularly those from
Booktegi and EKC, are divided into smaller
chunks. We train the models up to 100 epochs
and choose the best checkpoint based on the
validation loss. To speed up pretraining, we
use Flash-Attention 2 (Dao, 2023) and mixed-
precision (FP16), as preliminary experiments
have shown no difference in performance com-
pared to full precision and regular attention
implementation.

Handling diversity. During the initial
phase of training the standard models, we
adopted the hyperparameter configuration
proposed by (Artetxe et al., 2022). Applying
the same configuration to the more hetero-
geneous corpora, however, frequently yielded

exploding gradients. This instability is likely
due to the increased data diversity, and the
corresponding sensitivity of the model under
such a distribution. To mitigate this issue, we
progressively reduced the learning rate until
stable convergence was achieved. Preliminary
experiments showed a correlation between cor-
pus diversity and the learning rate required
for stability: as diversity increases, smaller
learning rates are needed to prevent exploding
gradients. Accordingly, we identified learning
rates of 8¢, 4e=* and 1le™* as good candi-
dates for stable training of medium, base, and
large models, respectively. We maintain these
learning rates across all BERnaT variants to
enable fair comparison. For the remaining
hyperparameters, we follow the configuration
proposed by (Artetxe et al., 2022).

Tokenizers. To accurately represent the
data on our corpora, and given that the target
language is morphologically rich and exhibits
substantial cross-domain lexical variation, we
train a specialized BPE tokenizer for each
corpus combination, with a vocabulary size
of 50k (Liu et al., 2019). Table 3 reports the
token fertility (Rust et al., 2021) of each to-
kenizer (denoted ToKstandard, L0KDiverse, and
Tokpetn) across all corpus configurations. To-
ken fertility measures the average number of
subword tokens required to represent a single
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Figure 3: Average performance of Diverse, Standard and combined models in three sizes on
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word, providing insight into the tokenizer’s
efficiency and its alignment with the linguistic
properties of the data. Lower fertility values
indicate more compact tokenization, reflect-
ing a closer match between the tokenizer’s
learned vocabulary and the underlying lexi-
cal structure of the corpora. Table 3 shows
that tokenizers trained on specific corpora ob-
tain the lowest token fertility on that corpora,
as expected, with the tokenizer trained with
both standard and diverse corpora obtaining
the second-best token fertility values.

Fine-tuning. For the tasks included in
BasqueGLUE, we use the same training con-
figuration and hyperparameters as in (Artetxe
et al., 2022; Urbizu et al., 2022), except for
the large models, where we halve the learn-
ing rate to reduce excessive variation across
random seeds. For POSud, POShis-nor, and
POShis, we use their respective training sets
for training and evaluate on the corresponding
test sets. All POS tasks use the same hyper-
parameters as those employed to fine-tune the
NERC tasks in BasqueGLUE. For the NLI
tasks, we use XNLIeu-nat and XNLIeu-var
as test sets, while training on the XNLIeu
training set, following the same hyperparam-
eters as in (Bengoetxea, Gonzalez-Dios, and
Agerri, 2025). We perform three runs for
each task and report the average performance
along with the variation across runs.

6 Results

Table 4 summarizes the performance of all
BERnaT model variants (BERnaTgtandard,
BERnaT giverse; and BERnaT) on the pro-
posed set of standard and diverse NLU tasks.
Models are evaluated in three sizes (medium,

base, and large), enabling analysis of the ef-
fects of both training data composition and
model scale.

Including diverse corpora is beneficial.
The BERnaT models trained with both stan-
dard and diverse corpora achieve the best re-
sults overall on both standard and diverse
datasets. This shows that including non-
standard text in pretraining improves model
performance not only on NLU tasks involv-
ing informal, dialectal, or historical texts, but
also on tasks dealing with standard Basque
texts.

In the standard subset (Table 4, upper
half), BERnaTstandarda unsurprisingly achieves
strong results. However, on average, these re-
sults are still below those achieved by the
combined BERnaT model. While standard
models perform well on tasks such as NER-
Cid, QNLI, XNLIeu-nat, and POSud, the
combined model achieves higher average per-
formance across all large-model tasks. This
indicates that exposure to diverse data does
not harm performance on conventional bench-
marks; on the contrary, the mixed-corpus
BERnaT retains or improves accuracy on
most tasks.

The diverse subset (Table 4, lower half)
highlights the advantage of training with
linguistically heterogeneous data. The
BERnDAaT giyerse models surpass their standard
counterparts on several tasks, including In-
tent, Vaxx, and BEC, showing a clear corre-
lation between pretraining data composition
and task-specific performance, except for the
NLI tasks, where BERnaT giverse yields results
up to 13 points lower than BERnaTgandard, af-
fecting its average scores. This stark contrast
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appears in both XNLIeu-nat and XNLIeu-var,
which suggests that it is not a consequence
of the diversity of the tasks, but rather of
the task itself. Nonetheless, the combined
BERnaT again delivers the best average per-
formance on diverse tasks, slightly above both
the standard and diverse variants, confirm-
ing that mixing standard and diverse sources
leads to a more balanced and generalizable
representation space. All in all, these results
show that data diversity is particularly bene-
ficial when balanced with standard language
data: overly diverse corpora may introduce
stylistic or lexical noise, but when paired with
curated standard text, they help models cap-
ture a wider linguistic spectrum (variation
across dialects, registers, social groups or even
time) without losing precision on standard
tasks.

Model size matters. The increase in per-
formance resulting from including diverse cor-
pora in pretraining varies according to the
model size, as shown in Figure 3. Smaller
models (med) do not benefit when including
diverse text, and for most tasks (6 out of 9
standard tasks and 4 out of 6 diverse tasks),
it is more effective to train specialized models
using either standard or non-standard texts.
With base models, using both standard and
diverse corpora slightly underperforms com-
pared to specialized models. As previously
mentioned, large models gain the most from
the inclusion of the entire corpus. Moreover,
the performance boost increases with model
size, not only on diverse tasks but also on
standard benchmarks.

The impact of fine-tuning data size. We
analyze whether the benefits of including di-

Model ‘ Central Western Navarrese
BERnaT 75.13 72.08 66.67
BERnaTgtandard 75.47 72.50 69.84
BERnaT giverse 64.64 58.75 61.90

Table 5: Accuracy per dialect obtained by the
large models of the BERnaT family.

verse data in pretraining diminish with the
size of the annotated data used to fine-tune
the models for downstream tasks. In Fig-
ure 4, the evaluation tasks are grouped into
two main categories, depending on the size of
the training split: those with fewer than 10K
instances and those with more than 10K in-
stances. While minor differences can be found
depending on the model size, a distinct trend
can also be perceived. For models trained
on smaller training sets, BERnaTgtandard Out-
performs BERnaT giyerse in standard tasks,
whereas the opposite holds for diverse tasks.
This behavior aligns with our expectations:
when the pretraining and the fine-tuning data
match in diversity, the performance of the
model improves. Nevertheless, with an in-
crease in the size of fine-tuning data, this
match is no longer necessary, as we can see
that BERnaTstandarg achieves the best results
in almost all cases, regardless of diversity. The
gains from combining standard and diverse
data during pretraining are therefore most no-
table when fine-tuning data are scarce, which
suggests that the smaller the training dataset
for fine-tuning, the more important the diver-
sity of models’ pretraining models becomes
for downstream performance.

NLI Dialect Results. Finally, we analyze
NLI performance of BERnaT models for dif-



ferent Basque dialects. Table 5 shows the
results of the large BERnaT models on three
dialects, central, western, and navarrese. Sim-
ilar to the results by (Bengoetxea, Gonzalez-
Dios, and Agerri, 2025), all BERnaT models
show a clear preference for the central vari-
ety, as it is closer to standard Basque, fol-
lowed by western and navarrese. Surprisingly,
BERnaTgiandarda shows slightly higher results
than BERnaT, and BERnaTgjyerse lags be-
hind both by a large margin. We attribute
these results to the effect of the size of fine-
tuning data as discussed earlier, given the
considerable size of the training data used for
the XNLIeu-var task.

7 Conclusion

This study examines the impact of linguis-
tic diversity on language model pretraining
through the lens of Basque, a low-resource
language. We introduce the BERnaT family
of encoder-only models, each trained on differ-
ent types of corpora: standard, diverse, and
combined. To assess their performance, we
introduce a novel evaluation framework com-
prising a comprehensive suite of NLU tasks,
organized into two distinct subsets: standard
and diverse evaluation benchmarks.

Our findings demonstrate that combining
standard and diverse data yields the best over-
all performance. Models trained only on di-
verse data do not outperform standard models,
but the integration of both leads to substan-
tial gains in generalization across linguistic
contexts. Importantly, exposure to diverse
linguistic data does not degrade performance
on standard benchmarks, indicating that di-
versity and quality are not mutually exclusive.

We also observe that larger models bene-
fit more from data diversity, suggesting that
increased capacity enhances the model’s abil-
ity to internalize complex linguistic variation.
Furthermore, tasks involving social media or
historical texts benefit most from diverse pre-
training, confirming the practical value of
incorporating diverse language data in low-
resource settings.

In conclusion, our results underscore the
importance of linguistic diversity in build-
ing equitable and reliable language technolo-
gies. The balanced inclusion of standard and
clean texts with informal, dialectal, and pre-
standard language variations is key not only
for fair representation but also for improved
performance and generalization in multilin-

gual and low-resource contexts.

Limitations

Despite the advances presented in our paper,
our approach remains constrained by the avail-
ability of labeled data for diverse language
tasks and the limitations of encoder-only ar-
chitectures. We will therefore explore the
use of both larger model scales and gener-
ative architectures in few-shot or zero-shot
settings. This direction is promising for cap-
turing complex linguistic variation with lim-
ited labeled training data. We will also inte-
grate generation-based evaluations to assess
linguistic adaptability beyond fine-tuning.
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A  FEwvaluation datasets language
diversity analysis

As with the pretraining data, we conducted
a language diversity analysis on the evalua-
tion datasets. For each task, we computed
diversity by combining the train, validation,
and test splits. The exceptions to this were
XNLIeu-var and POShis-nor, where we used
only the test splits, as their training data is
directly extracted from the XNLIeu-nat and
POShis tasks, respectively. Table 6 presents
the diversity scores for each task in descend-
ing order. We observed a correlation be-
tween domain and diversity, the most di-
verse datasets typically originate from broader
domains (such as social media or historical
texts). An exception is POSud, which yielded
diversity scores similar to those of the Slot or
Intent tasks.

Task Diversity
POShis 6.58¢ !
XNLIeu-var®  3.97¢7!
POShis-nor* 1.68¢~1
BEC 9.13¢72
Vaxx 2.94¢2
Slot 1.65¢2
Intent 1.58¢72
POSud 1.56e2
WiC 9.50e 3
NERCid 8.82¢73
Korref 6.69¢ 3
XNLIeu-nat*  5.60e~3
NERCod 5.52¢73
BHTC 3.65¢3
QNLI 3.47¢73

Table 6: Diversity scores per evaluation
dataset. Scores are computed across all com-
bined splits, except for datasets marked with
(*), which use only the test split.



