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Abstract This study presents a systematic exploration of strategies for pretraining generative Large Language Models

(LLMs) within the Galician-Portuguese diasystem, by focusing on two underrepresented varieties of this diasystem,

namely European Portuguese and Galician. We investigate the impact of combining versus separating linguistic

varieties during continued pretraining, the trade-offs between large-scale noisy data and smaller high-quality corpora,

and the potential gains from incorporating instruction-based data during the training phase instead of in post-training

(e.g., instruction tuning). Our findings show that the inclusion of language varieties in training enhances both

task-solving performance and linguistic quality in text generation, especially when leveraging curated linguistic

resources. By integrating technical experimentation with sociolinguistic insight, this work underscores the importance

of equitable and context-aware LLM development in multilingual and minority-language settings.
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1 Introduction

Large language models (LLMs) are essential for processing

text across language varieties. While it is well-established

that factors like the proportion of pre-training data and model

size influence performance, additional critical elements can

significantly impact their effectiveness, such as linguistic

characteristics of the corpora on which they are trained

[Bagheri Nezhad et al., 2025], including whether the LLM is

able to represent in a balanced way all the varieties of each

of the languages it models [Grieve et al., 2025]. Languages

with multiple varieties pose unique challenges for model de-

velopment, as training data often disproportionately represent

the most hegemonic varieties while underrepresenting others.

This issue is particularly evident in the case of the Portuguese

language, where Brazilian Portuguese tends to dominate large-

scale datasets, often at the expense of European Portuguese,

African varieties of Portuguese, and Galician.

At the crossroads between sociolinguistics and linguistic

technologies, a fundamental question remains underexplored:

What is actually being modeled by LLMs? Since each lan-

guage is an abstract entity that manifests and materializes

itself through its varieties, LLMs, and language models in

general, are actually models of dynamically changing vari-

eties rather than of static languages fixed to a single norm.

From a sociolinguistic perspective, LLMs should model all

varieties in a balanced way. However, two problems arise

from the data itself. On the one hand, LLMs are trained on

large, often poorly defined corpora (e.g., CommonCrawl),

making it unclear which specific language varieties they are

modeling. On the other hand, as mentioned above, LLMs

inherently learn to represent the dominant varieties present

in their training data, leading to an overrepresentation of the

most hegemonic varieties within a diasystem. In contrast, less

common varieties are either absent or underrepresented, for

instance, Spanish of Costa Rica, English of India, or Euro-

pean Portuguese and Galician vs. Portuguese of Brazil. This

sociolinguistic perspective provides crucial insights for the

development, evaluation, and deployment of LLMs [Grieve

et al., 2025].

This article analyzes the performance of different gener-

ative models trained on two underrepresented varieties of

Portuguese, namely European Portuguese and Galician. The

goal is to compare their text generation and task resolution

efficiency on datasets created explicitly for these linguistic va-

rieties. Through a systematic methodology, we investigate the
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most effective strategies for continued pretraining of LLMs

in the Galician-Portuguese diasystem, ensuring improved

language generation performance and the mitigation of catas-

trophic forgetting in solving tasks. In sum, our study aims to

identify the most effective training strategies for developing

generative LLMs that can handle the linguistic nuances of

the Galician-Portuguese diasystem while maintaining robust

task-solving capabilities.

To address these issues, this study systematically exam-

ines the impact of different pretraining strategies on LLM

performance across European Portuguese and Galician. Our

approach explores four key research questions: (RQ1) Is it

more effective to combine Galician and European Portuguese

into a single model, or should separate models be trained

for each variety? (RQ2) Does a large, noisy corpus yield

better results than a smaller, high-quality corpus? (RQ3)

Should instruction-based training be incorporated during the

pretraining phase to enhance performance prior to instruction

tuning? (RQ4) Does continued pretraining of models with

underrepresented varieties improve the ability to generate

text in these varieties with respect to the base multilingual

LLM? By answering these questions, our aim is to contribute

to the advancement of language modeling for underrepre-

sented language varieties and to provide insights into optimal

pretraining methodologies for linguistic diasystems.

Among the main contributions of this work, we highlight:

i) the training of a new generative model of Portuguese, spe-

cialized in European Portuguese and Galician, by continued

pretraining on the multilingual LLM Llama 3.1-8B; ii) the

creation of high-quality corpora in both language varieties,

and iii) the construction of instruction datasets in both vari-

eties. Models1, corpora and datasets2 are available under free

licenses.

The remainder of this paper is organized as follows: Sec-

tion 2 explores several papers on LLMs focusing on the Por-

tuguese diasystem, but also on Iberian languages. Then, in

Section 3, we will briefly describe the close relationship be-

tween Galician and the Lusophony in order to justify the

inclusion of Galician in the Portuguese diasystem. Section

4 details our methodology, including training data selection,

model configurations, and evaluation strategies. Section 5

presents the experiments conducted to compare different train-

ing strategies and discusses the results, highlighting the effec-

tiveness of different approaches. Finally, Section 6 concludes

the paper and outlines future research directions.

2 Related Work

This section reviews existing LLMs created to represent the

Portuguese diasystem and the broader cultural context of

Iberian languages. Recent studies highlight that language

models inherently represent specific linguistic varieties rather

than singular standardized forms. Frequently, dominant lan-

guage varieties become overrepresented in standard training

datasets, causing underrepresentation of minority or less dom-

inant varieties, and thus raising important issues regarding

linguistic fairness and potential biases. Understanding these

1https://huggingface.co/Nos-PT
2https://github.com/proxectonos/instruction_datasets

sociolinguistic dynamics is essential for the effective develop-

ment, assessment, and use of language models [Grieve et al.,

2025]. Beyond technical concerns, [Helm et al., 2024] in-

troduce the concept of language modeling bias, arguing that

current language technologies are often shaped by structural

design choices that systematically privilege certain languages

over others. This bias can lead to epistemic injustice, par-

ticularly when marginalized language communities are ex-

cluded from meaningful self-representation in AI systems.

Their analysis highlights the importance of moving beyond

merely increasing language coverage and instead embracing

approaches grounded in linguistic diversity and co-design

with affected communities. Additionally, even in multilin-

gual models, effective generalization across closely related

language varieties is not guaranteed. [Bafna et al., 2024]

show that LLMs exhibit performance degradation on unseen

closely-related languages and dialects relative to their high-

resource language neighbors. Their findings underscore the

necessity of explicitly modeling diasystems and evaluating

performance at the variety level to mitigate such performance

degradation.

Several recent academic works have introduced genera-

tive models adapted explicitly for Iberian languages, notably

Portuguese and Galician. For example, GlorIA is an openly

available generative model developed using a comprehen-

sive dataset consisting of European Portuguese texts from

various domains, including literature, news, and formal publi-

cations, aimed at enhancing linguistic accuracy and represen-

tational balance for this particular variety [Lopes et al., 2024].

Likewise, the Gervasio-7B-ptpt model aims to advance text-

generation performance for European Portuguese by under-

going additional pretraining on carefully selected regional

corpora, resulting in improved linguistic coherence and more

precise language representation compared to broader multi-

lingual or general Portuguese-focused models [Santos et al.,

2024]. Additionally, the Carvalho pt-gl-1.3B model investi-

gates the effectiveness of simultaneously training generative

models on both Galician and Portuguese datasets, capitalizing

on their linguistic proximity. This work, specifically aims to

enhance the model’s performance and linguistic coverage by

creating a unified corpus of these two closely linked language

varieties [Gamallo et al., 2024b]. Likewise, the Carballo-

Bloom model was developed solely for Galician, utilizing

a carefully selected corpus designed to accurately represent

Galician linguistic features and cultural elements. By concen-

trating exclusively on Galician, this model provides a strong

baseline for assessing generative capabilities related to this

distinct linguistic variety [Gamallo et al., 2024a].

Beyond models specifically targeting single or closely re-

lated linguistic varieties, multilingual generative models have

also emerged, aiming for broader linguistic coverage. An

influential example is BLOOM, a large-scale open-access

multilingual language model trained on 46 languages, in-

cluding Portuguese but not Galician. Despite this exclusion,

BLOOM demonstrated strong performance on translation

quality of Galician, likely benefiting from linguistic transfer

due to Galician’s proximity to Portuguese and other Romance

languages included in the training corpus [Scao et al., 2022].

Similarly, the Llama family of models has recently become

influential as a multilingual foundation, particularly due to

https://huggingface.co/Nos-PT
https://github.com/proxectonos/instruction_datasets
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their extensive multilingual training data and capability for

efficient adaptation to specific languages and tasks [Touvron

et al., 2023]. It is also important to highlight the Salamandra

model family [Gonzalez-Agirre et al., 2025], pretrained on 35

languages spoken across Europe, including both Galician and

European Portuguese. Although these two varieties represent

a relatively small portion of the overall training data, their

inclusion is proportionally higher than in most existing multi-

lingual models, making Salamandra a notable contribution to

the representation of lesser-resourced Iberian languages.

Despite these important advances, critical open questions

remain regarding optimal training strategies, corpus quality

considerations, and the representation of specific linguistic va-

rieties within generative language models. These challenges

are especially pronounced for closely related but distinct vari-

eties such as Galician and European Portuguese. Addressing

precisely these concerns, our research investigates effective

pretraining strategies and evaluates their impact on generative

performance for these underrepresented language varieties.

3 Language Varieties of the Por-

tuguese Diasystem

Galician and Portuguese are two different names for the same

linguistic heritage [Carvalho, 1979; Cintra, 1971], with the

former reflecting its kingdom of origin and the latter repre-

senting the kingdom that historically expanded it worldwide,

similar to the distinction between Castilian and Spanish. Both

varieties trace their roots to medieval Galician-Portuguese

[Lopes, 2010] and are spoken in different states: Galician

in the autonomous region of Galicia within the Kingdom of

Spain, and Portuguese in the Republic of Portugal as well as

in eight other countries, each with its own linguistic charac-

teristics.

Despite some divergences between European Portuguese

and Galician, mainly due to Spanish influence on the latter,

both Romance varieties share grammatical features differen-

tiating them from other Ibero-Romance languages [Duarte,

2024]. They share significant phonological, lexical, and gram-

matical similarities, forming a closely related linguistic con-

tinuum in the western part of the Iberian Peninsula.

These unique characteristics have led to various perspec-

tives on the linguistic relationship between Galician and Eu-

ropean Portuguese, shaped by historical and political factors

[Herrero-Valeiro, 2003; Collazo, 2014]. These influences

have played a significant role in the evolving configuration

of Galician, which has varied in its similarity to Portuguese

or Castilian across different historical periods and standard-

ization processes [Pichel et al., 2021].

The view advocating for a linguistic reunion, known as the

reintegrationist movement [Durão, 2008; Paz Felix, 2020], ar-

gues that Galician is a variety of the language known globally

as Portuguese [Muhr, 2013; Dayán-Fernández and O’Rourke,

2020], emphasizing their shared medieval origin and high

mutual intelligibility. Supporters of this perspective call for

aligning Galician more closely with Portuguese orthographic

and linguistic norms, strengthening its connection to the Lu-

sophone world. This approach suggests that Galician and

Portuguese should be treated as a single language in compu-

tational models and educational policies.

In contrast, the linguistic segregation stance, supported

by institutions such as the Galician autonomous government

and the Royal Galician Academy, regards Galician as a dis-

tinct language [Ramallo and Rei-Doval, 2015] that evolved

separately under the influence of Spanish [Monteagudo and

Santamarina, 1993]. While acknowledging the historical con-

nection with Portuguese, this view highlights the lexical, pho-

netic, and grammatical differences that justify Galician’s in-

dependent linguistic identity. Galician’s official orthography

follows Spanish-influenced norms, rather than those of Por-

tuguese, and linguistic policies in Galicia often emphasize

preserving a unique Galician identity.

As none of these academic views is completely hege-

monic, a diasystemic approach [Romero, 1999; del Olmo

and da Cunha, 2017] offers a middle ground for Galician-

Portuguese strategies in natural language processing, recog-

nizing Galician and European Portuguese as closely related

yet distinct varieties within a linguistic continuum. This per-

spective acknowledges mutual intelligibility and shared fea-

tures while also considering the differences that have emerged

over time. In language modeling, the fact of considering these

two varieties as part of an inclusive diasystem leads to con-

ceive training strategies that favor linguistic transfer. This

contrasts with the vision of separate languages which leads

to strategies requiring separate training data for independent

and monolingual continued pretraining.

Our research highlights the importance of completing the

Portuguese diasystem by giving more presence and visibility

to two of its closest varieties, Galician and European Por-

tuguese, which will have an impact on the improvement of

generative AI applications for the Portuguese language.

4 Methodology

In this section, we present a comprehensive methodology

for building generative LLMs for the Galician-Portuguese

diasystem. Our approach focuses on exploring the optimal

strategies for continued pretraining LLMs that can effectively

give rise to models with the following characteristics: on the

one hand, they improve the generation capabilities in these

two language varieties with regard to the base model on which

the continued pretraining is performed and, on the other, they

prevent catastrophic forgetting as they do not forget the strong

ability to solve tasks underlying the base LLM. To this end, we

investigate several key research questions: Is it more effective

to combine Galician and European Portuguese varieties into

a single model, or should separate models be trained for each

variety? Does a large, noisy corpus yield better results than

a smaller, high-quality corpus? Should instruction-based

training be incorporated during the pretraining phase, prior

to instruction tuning?

In the following subsections, we provide a detailed descrip-

tion of the methodologies employed, including the construc-

tion of training corpora, instruction datasets, and evaluation

frameworks. This systematic exploration aims to identify

the most effective strategies for developing generative LLMs

for the Galician-Portuguese diasystem, contributing to the
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advancement of natural language processing for underrepre-

sented languages varieties.

4.1 Strategies for Continued Pretraining

This subsection details our methodology for continued pre-

training, which leverages diverse datasets for Galician and

European Portuguese to determine the optimal training con-

figurations. Specifically, we investigate three key factors: (i)

whether training a single model on both varieties yields bet-

ter results than training them separately, (ii) whether a large,

noisy corpus is more effective than a smaller, high-quality

one, and (iii) whether incorporating instruction-based data

before instruction tuning enhances performance.

I. Variety Combination

We examine whether it is more effective to train a single

model on both Galician and European Portuguese data or to

train separate models for each variety. These two approaches

reflect different priorities: capturing cross-variety generaliza-

tions versus preserving linguistic specificity.

• Combined models: Models trained on data from both

varieties, aiming to learn shared linguistic patterns across

the diasystem.

• Separate models: Models trained individually on Gali-

cian or European Portuguese, focusing on the unique

characteristics of each variety.

II. Corpus Size and Quality

This dimension investigates whether model performance ben-

efits more from larger but noisier data or from smaller, higher-

quality corpora. The trade-off here lies between data quantity

and linguistic precision.

• Large, noisy corpora: Models trained on corpora col-

lected from diverse web sources, such as social media

and online forums. While these corpora provide broad

coverage and linguistic diversity, theymay contain noise,

inconsistencies, and lower-quality text.

• Small, high-quality corpora: Model trained on care-

fully curated datasets comprising literary works, aca-

demic publications, news articles, and official docu-

ments. Although smaller in size, these corpora are char-

acterized by their linguistic accuracy, coherence, and

cultural relevance, ensuring high-quality input for pre-

training.

III. Instruction-Based Pretraining

We also assess the effect of introducing instruction-based data

during pretraining, prior to any instruction tuning. This tests

whether early exposure to task-oriented language improves

downstream performance, bringing out the emergent ability

to solve tasks in few-shot scenarios.

• With instruction data: Models are exposed to prompts

and task structures during pretraining, enabling them

to learn how to follow prompts and solve tasks more

effectively. This approach aims to enhance the models’

ability to generalize across diverse tasks and improve

their performance in instruction-following scenarios.

• Without instruction data: Models follow a traditional

pretraining approach, focusing solely on language mod-

eling without explicit task-specific instructions. This

baseline allows us to evaluate the impact of instruction-

based pretraining on model performance.

This systematic approach enables us to identify the most ef-

fective strategies for training generative LLMs in the Galician-

Portuguese diasystem.

4.2 Evaluation Strategies

The performance of these models is evaluated using two com-

plementary methodologies: one focuses on assessing the lin-

guistic quality of the generated text, while the other evaluates

the ability of the models to solve diverse tasks.

4.2.1 Linguistic Quality of Text Generation

To assess the linguistic quality of the text generated by the

models, we employ two distinct strategies:

I. Automatic Evaluation

This approach relies on specific datasets and metrics designed

to evaluate the quality of the generated language. The model

is asked to predict a word based on the preceding context

and we employ the surprisal metric to measure the degree of

semantic coherence of the new generated token. Surprisal

captures how unexpected or surprising a token is within its

context in the sequence. This makes it particularly useful for

assessing the sensitivity of the model to linguistic plausibility.

II: Qualitative Evaluation

This evaluation is conducted by human annotators to assess

the correctness and coherence of the text generated by the

LLMs. The models are prompted to generate a specific num-

ber of tokens following a text, as in an autocomplete task.

The generated text is evaluated across two dimensions:

• Formal Correctness: The text is considered formally

correct if it is grammatically accurate and free of spelling

errors.

• Content Coherence: The text is deemed semantically

coherent if it is contextually relevant to the preceding

text and maintains a consistent language register.

Both dimensions are assessed using a binary evaluation

scheme (e.g., correct/incorrect or coherent/incoherent). Anno-

tators are provided with clear guidelines to ensure consistency

and reliability in their assessments.

4.2.2 Task-Solving Performance

This evaluation measures the model’s ability to solve tasks:

automatic summaries, translation, or question answering. The

evaluation is performed in two platforms: LMEvaluation Har-

ness (lm-eval) [Gao et al., 2024] and Simil-Eval [Rodríguez

et al., 2025], which provide standardized tasks for assessing

model capabilities in diverse contexts. Both platforms rely on

the datasets from the IberoBench benchmark [Baucells et al.,

2025], originally designed for lm-eval and adapted in some
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tasks for Simil-Eval. For multi-choice question-answering

tasks, lm-eval relies on probabilistic log-likelihood metrics,

while Simil-Eval requires models to generate answers to com-

pute the semantic similarity (using contextualized embed-

dings) between the generated answer and the correct answer,

measured with cosine similarity metrics. The strategies used

by these two evaluation platforms can be seen as complemen-

tary, which helps to have a more solid view of the behavior

of the models in this type of tasks.

4.3 Datasets and Corpora

In this subsection, we describe the datasets and corpora used

for training, instruction pretraining, and evaluation. These

resources fall into three main categories: training corpora,

which support both unsupervised and instruction-based pre-

training; instruction datasets, which provide task-oriented

examples across multiple languages; and evaluation datasets,

which are used to assess model performance on both genera-

tive and task-specific benchmarks.

4.3.1 Training Corpora

We divide the training corpora into two main categories, each

consisting of multiple corpora (see Table 1 for their composi-

tion).

Large, noisy corpora. This category includes corpora com-

posed of both crawled and curated web data covering a wide

range of domains and languages. It encompasses theMulti-

lingual Noisy corpus and its subset, the PT-GL Noisy corpus,

both designed to provide high-volume, diverse training mate-

rial despite potential variation in text quality.

TheMultilingual Noisy corpus is a large-scale, heteroge-

neous collection of texts in Galician, Portuguese, Spanish,

Catalan, and English, compiled from a wide range of sources

and genres. It integrates both professionally edited content

and automatically collected material, such as web-scraped

texts and informal writing. This composition supports a broad

linguistic and stylistic range, including formal and informal

registers, factual and narrative modes, and domain coverage

across politics, science, culture, and everyday discourse. The

corpus was constructed to maintain a balanced token distri-

bution across the five languages, while also accounting for

variations in data availability and source characteristics. For

Galician, the core of the corpus is derived from CorpusNÓS

[de Dios-Flores et al., 2024], a large-scale compilation of texts

spanning journalistic, literary, and institutional domains. For

Portuguese, the main sources include CETEMPúblico [Santos

and Rocha, 2000] and Arquivo.pt [Gomes et al., 2009], the

Portuguese national web archive. While both CorpusNÓS and

CETEMPúblico contain primarily structured and high-quality

texts, Arquivo.pt, despite undergoing cleaning and filtering,

retains typical challenges of web-crawled corpora, such as

residual noise, domain imbalance, and duplicated material.

The Spanish and English components include a wide range

of structured resources, such as literary corpora, encyclope-

dic entries, academic publications, and parliamentary records,

supplemented by selected user-generated content like reviews.

The Catalan portion draws from a variety of domains, such as

news outlets, online forums, digital libraries, and institutional

websites. However, only a filtered, high-quality subset of this

content was included to ensure consistency.

The PT-GL Noisy corpus is a targeted subset of the multi-

lingual corpus, designed to prioritize Galician and Portuguese

while preserving limited exposure to Spanish and English.

Catalan was excluded entirely, as it was not a target language

for the subsequent models and was not present in the origi-

nal training distribution. The decision to retain Spanish and

English, although in drastically reduced proportions, was in-

tended to maintain compatibility with the initial multilingual

setup while preventing these high-resource languages from

dominating the training dynamics. The Galician and Por-

tuguese portions were downsized relative to the multilingual

corpus, but their proportional balance was preserved. For Por-

tuguese, the same sources were reused, with Arquivo.pt under-

going a second filtering stage to extract smaller, higher-quality

subsets. This process involved perplexity-based selection, us-

ing thresholding to discard low-quality content. Very low

perplexity scores did not consistently indicate high-quality

texts, while high scores often flagged noisy or incoherent ma-

terial; therefore, texts with intermediate scores were selected

as a more reliable proxy for quality. This filtering task was

performed with the pyplexity library [Fernández-Pichel et al.,

2024]. Additional cleaning was performed using regular ex-

pressions to remove recurring undesired patterns identified

in the corpus. The Galician portion likewise consists of a

carefully selected subset of previously used corpora, with

strong representation in journalistic and institutional domains.

For Spanish and English, only general-domain, high-quality

corpora were retained. This corpus also includes instruction

datasets in Portuguese, Galician, Spanish, and English. It

remains classified as noisy due to two aspects: first, the appli-

cation of a data augmentation strategy, in which content was

replicated multiple times to match target token counts and

enhance exposure to the core languages. Second, it contains

a significant proportion of text from web scraping, which,

although filtered, maintains structural problems that are very

difficult to detect.

Small, high-quality corpora. Unlike the large, noisy sets,

these corpora are composed of carefully curated texts selected

for their linguistic quality and domain consistency. Drawn

from sources such as literature, academia, and official publi-

cations, this category includes the PT-GL High-Quality, GL

High-Quality, and PT High-Quality corpora, each designed

to support focused training on high-quality language data.

The PT-GL High-Quality corpus builds on the same

sources as the noisy version but removes data augmentation

and applies stricter filtering with pyplexity (a lower thresh-

old). It retains the same language composition, with Galician

and Portuguese as the main focus and reduced contributions

from Spanish and English. In addition, it introduces a signifi-

cantly larger volume of instruction data in Portuguese while

preserving smaller amounts in the other languages.

TheGLHigh-Quality corpus adapts the PT-GL configura-

tion to center on Galician. The Galician portion is retained in

full, while Portuguese, Spanish, and English are downsized

to equivalent volumes. Its instruction component mirrors

that of the PT-GL Noisy corpus, with Galician having the



Enhancing Large Language Models for Underrepresented Varieties:

Pretraining Strategies in the Galician-Portuguese Diasystem Rodríguez et. al., 2025

Multilingual

Noisy

PT-GL

Noisy

PT-GL

High Quality

GL

High Quality

PT

High Quality

Plain text

Galician 2570 1160 232 232 29

Portuguese 3000 1500 250 29 250

English 3500 145 29 29 29

Spanish 3390 145 29 29 29

Catalan 3390 - - - -

Instructions

- 28.5 72.2 28.5 72.2

Table 1. Corpus used to train the models, detailing its composition by language and number of instructions (in millions of tokens).

largest share, and Portuguese, Spanish, and English present

in smaller amounts.

The PT High-Quality corpus, in turn, focuses on Por-

tuguese. It maintains the full Portuguese dataset and uses

the same instruction data as the PT-GL High-Quality corpus,

where Portuguese constitutes the largest portion, followed by

Galician, with minimal Spanish and English. This configura-

tion supports Portuguese-centered modeling while preserving

limited multilingual robustness.

4.3.2 Instruction Datasets

The instruction datasets used in this work were created

through a combination of synthetic generation, adaptation

of existing resources, and repurposing of general-purpose

corpora. These approaches resulted in three main types of

datasets, which differ in their source, structure, and method

of construction, and are described in detail below.

Model-generated datasets: A subset of the instruction cor-

pus was synthetically created using Salamandra-7B-Instruct3,

including datasets for multiple-choice question answering

in Portuguese and Galician, as well as a Galician summa-

rization dataset. While useful for aligning the models with

instructional prompts, this method may introduce limitations

or biases related to the generative behavior of the model used

for dataset creation.

Repurposed datasets: These are resources originally not

intended for instruction-based training, but adapted into an in-

struction–response format. They include corpora for morpho-

logical analysis, named entity recognition, sentiment analysis,

linguistic simplification, definition generation, and simple

question answering. Although designed for traditional super-

vised learning, these datasets were reformulated by pairing

inputs with task-specific prompts to simulate instructional

settings.

Instruction-aligned datasets: Datasets originally devel-

oped for instruction-based tasks were adapted to match the

instruction–response format used during training. These

datasets contributed examples for chat-style interactions,

multi-turn reasoning, reading comprehension, natural lan-

guage inference (NLI), textual similarity, and general QA

supervision.

3https://huggingface.co/BSC-LT/salamandra-7b-instruct

Instruction data was predominantly composed of Euro-

pean Portuguese (approximately 60%) and Galician (around

36%), reflecting the central focus of this work and the relative

availability of resources in these language varieties. Spanish

and English accounted for less than 4% combined, providing

minimal but intentional coverage to support some degree of

multilingual generalization. A detailed overview of the in-

struction datasets, including their language, task type, number

of entries, and creation method, is presented in Table 2.

4.3.3 Evaluation Datasets

To evaluate our language models, we will make use of two

types of datasets: those used as standardized benchmarks from

IberoBench to assess performance on tasks such as text classi-

fication, question answering, and summarization, among oth-

ers; and CALAME, a dataset used to measure the generative

ability of models, involving surprisal and human judgment

of the quality and coherence of open-ended text generation

[Lopes et al., 2024].

Task-based datasets: Table 3 provides an overview of

the benchmarks drawn from IberoBench (GalicianBench and

PortugueseBench) used to evaluate structured tasks using

lm-eval and Simil-Eval. This table provides details of the

dataset names by language, associated task types, and the

evaluation frameworks utilized. The datasets are categorized

into task types such as multiple-choice, text generation, and

exact match, with corresponding evaluation frameworks.

CALAME: For the evaluation of the linguistic quality of

generated texts, we used the CALAME dataset [Lopes et al.,

2024], originally developed as a benchmark for European

Portuguese and adapted into Galician through translation for

this work. This dataset is used in two different types of model

evaluation. First, the model is asked to predict a word based

on the preceding context in CALAME. However, instead of

using an exact match to verify whether the predicted word

coincides with a reference, as proposed by the authors of the

dataset, we employ the surprisal metric for a quantitative

evaluation of the coherence of the generated word. Second,

instead of predicting the final word from a given context, the

texts of CALAME were used as prompts to elicit open-ended

text generation. More precisely, the models are prompted to

generate 50 tokens following each example from CALAME

https://huggingface.co/BSC-LT/salamandra-7b-instruct
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Language Dataset Name Type Entries Creation Method

GL EGU (Enciclopedia Galega Universal) Encyclopedic Knowledge 47,396 Repurposed

GL RAG (Real Academia Galega) Definitions 47,845 Repurposed

GL MT (GL - ES) Translations 275,292 Repurposed

GL MT (GL - EN) Translations 421,974 Repurposed

GL SLI NER Named Entity Recognition 8,138 Repurposed

GL GalCoLA Orthographic Correction 8,160 Repurposed

GL SLI PoS TAGGING Morphological Analysis 46,864 Repurposed

GL Wikipedia Multiple-Choice QA QA Multiple-choice 1,486 LLM-Generated

GL CódigoCero Summarization Summarization 342 LLM-Generated

PT Wikipedia Multiple-Choice QA QA Multiple-choice 547 LLM-Generated

PT Extraglue-Instruct (Boolean Questions) QA Simple 28,281 Instruction-Aligned

PT Extraglue-Instruct (CB) Concept Bottleneck 1,500 Instruction-Aligned

PT Extraglue-Instruct (MultiRC) Reading Comprehension 108,972 Instruction-Aligned

PT Extraglue-Instruct (STSB) Text Similarity 22,996 Instruction-Aligned

PT Extraglue-Instruct (WNLI) NLI (Inference) 3,810 Instruction-Aligned

PT Aya (Train) QA Simple 8,997 Instruction-Aligned

PT OpenAssistant Chat / Assistant 287 Instruction-Aligned

CA Parafraseja Paraphrase Detection 21,984 Repurposed

CA CASSA Sentiment Analysis 6,400 Instruction-Aligned

EN Natural Instructions - NER Named Entity Recognition 1,574 Instruction-Aligned

EN QASC QA Multiple-choice 9,980 Instruction-Aligned

EN OpenAssistant Chat / Assistant 154 Instruction-Aligned

ES ALEXSIS Linguistic Simplification 3,918 Repurposed

ES COAH Sentiment Analysis 1,816 Repurposed

ES COAR Sentiment Analysis 2,202 Repurposed

Table 2. Overview of the instruction datasets used in our experiments, including language, dataset type, number of entries, and creation

method. Datasets were constructed through three main strategies: (1) generating synthetic examples using Salamandra-7B-Instruct, (2)

repurposing existing supervised resources, and (3) aligning instruction-based datasets to our training format. Due to license restrictions,

Parafraseja, CASSA, and RAG cannot be publicly released.

(100 examples per model and language variety). This adapta-

tion enabled a qualitative evaluation of the generated outputs

through human annotation, focusing on both formal correct-

ness and content coherence.

By carefully curating and defining these datasets, we en-

sure a robust and reproducible framework for training and

evaluating generative LLMs for the Galician-Portuguese di-

asystem.

5 Experiments

5.1 The models

During the experimentation, we will compare the models

trained following the methodology presented with others,

including Galician or Portuguese, during their training phase.

In relation to the models trained by us, all of them take

Llama-3.1-8B4 as the base model. Moreover, although the

corpus used varies among them, almost all of them include

instructions in Galician and Portuguese, and to a lesser extent,

in English and Spanish:

• Carballo-Llama: Multilingual model trained on mul-

tilingual noisy corpus (see Multilingual Noisy column

in Table 1), with all available corpus for Galician and

Portuguese including noisy and high-quality sources,

4https://huggingface.co/meta-llama/Llama-3.1-8B

and a proportional amount of English and Spanish. This

multilingual corpus does not contain any instructions.

• CarvalhoAll: Model trained on a corpus of Galician and

Portuguese, including noisy and high quality sources,

and a small amount of English and Spanish (see PT-GL

Noisy column in Table 1). This model was provided

with 28.5M tokens in instructions during continued pre-

training.

• Carvalho PT-GL: Model trained on a high-quality cor-

pus of Galician and Portuguese, with a small amount of

English and Spanish (see PT-GL High Quality column

in Table 1). This model was provided with 72.2M tokens

in instructions during continued pretraining.

• Carvalho GL: Model trained on a high-quality corpus,

with an emphasis on Galician over Portuguese, and a

residual amount of English and Spanish (see GL High

Quality column in Table 1). This model was provided

with 28.5M tokens in instructions during continued pre-

training.

• Carvalho PT: Model trained on a high-quality corpus,

with an emphasis on Portuguese over Galician, and a

residual proportion on English and Spanish (see PT High

Quality column in Table 1). This model was provided

with 72.2M tokens in instructions during continued pre-

training.

The other models evaluated are the following

• Carballo-Bloom: 1.3B paramater model, based on
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Language Dataset Task Type Evaluation Framework

Galician

Multiple-choice

belebele_gl Reading Comprehension Simil-Eval, lm-eval

galcola Linguistic Acceptability lm-eval

openbookqa_gl Question Answering Simil-Eval, lm-eval

parafrases_gl Paraphrase Recognition lm-eval

paws_gl Paraphrase Recognition lm-eval

truthfulqa_gl (mc1) Factual Consistency Simil-Eval, lm-eval

xnli_gl Natural Language Inference lm-eval

xstorycloze_gl Commonsense Narrative Understanding Simil-Eval, lm-eval

Text Generation

summarization_gl Summarization lm-eval

truthfulqa_gl (gen) Factual Generation lm-eval

flores_gl Translation lm-eval

Exact Match

mgsm_direct_gl Mathematical Reasoning lm-eval

Portuguese

Multiple-choice

belebele_pt Reading Comprehension Simil-Eval, lm-eval

xstorycloze_pt Commonsense Narrative Understanding Simil-Eval

assin_entailment Natural Language Inference lm-eval

paws_pt Paraphrase Recognition lm-eval

assin_paraphrase Paraphrase Recognition lm-eval

Text Generation

flores_pt Translation lm-eval

Table 3. Overview of evaluation datasets from IberoBench (GalicianBench and PortugueseBench), organized by language, task type, and

evaluation framework. The Portuguese datasets of PortugueseBench consists of datasets for European Portuguese.

FLOR-1.3B model5, trained on Galician data.

• Carvalho_pt-gl-1.3B: 1.3B parameter model, based on

Cerebras-1.3B6, trained on a combination of Galician

and Portuguese data.

• GlorIA: 1.3B parameter model, based on GPT-Neo7,

trained on 35B Portuguese tokens from different sources.

• Gervasio-7B-ptpt: Model based on LLaMA-2-7B en-

riched with Portuguese data. It has Brazilian and Eu-

ropean Portuguese varieties, but we only analyze the

European model.

• Salamandra-7B: 7.7B parameter multilingual model

pretrained in 35 European languages, including Galician

and Portuguese.

• Llama-3.1-8B: Base model for the training of our mod-

els, used as a baseline to compare the effectiveness of

the methodology presented. Galician is not included in

the pretraining, and Portuguese is in its Brazilian variety,

not in the European one.

5.1.1 Continued Pretraining Configurations

To pretrain the different models, we maintained consistent hy-

perparameter configurations across all experiments, making

minor adjustments to account for differences in corpus size

and HPC cluster specifications. The models Carballo-Llama

and Carvalho GL were trained at the Galician Supercomput-

5https://huggingface.co/projecte-aina/FLOR-1.3B
6https://huggingface.co/cerebras/Cerebras-GPT-1.3B
7https://huggingface.co/EleutherAI/gpt-neo-1.3B

ing Center (CESGA), using 10 and 8 NVIDIA A100 GPUs,

respectively. Carvalho All and Carvalho PT-GL were trained

on MareNostrum V at the Barcelona Supercomputing Center

(BSC), utilizing 20 NVIDIA H100 GPUs. Finally, Carvalho

PT was trained on the VISION cluster at the University of

Evora (UEvora). The variation in training locations was

due to computational and scheduling constraints at each cen-

ter. However, this diversity in infrastructure contributed to

the robustness of our methodology, demonstrating that the

proposed approach is replicable across different hardware

configurations.

To distribute the training load across computational nodes

efficiently, we utilized DeepSpeed with ZeRO 2 stage [Ra-

jbhandari et al., 2020]. All models were trained for a single

epoch with a fixed sequence length of 2048 tokens. Finally,

training was conducted using BF16 mixed precision.

5.2 Results

We distinguish between purely automatic or quantitative eval-

uation and manual or qualitative evaluation, separating both

types into two subsections.

5.2.1 Quantitative Evaluation

The automatic/quantitative assessment is also divided into

two subtypes: task-based and surprisal-based evaluation.

The second one directly assesses the quality of the generated

text by making use of surprisal.
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Task-Based Evaluation: This evaluation compares multiple

LLMs across multiple-choice, text-generation (BLEU), and

exact-match tasks for both European Portuguese and Gali-

cian. As introduced in Subsection 4.2.2, two evaluation plat-

forms are used: lm-eval using IberoBench (GalicianBench

and PortugueseBench) and Simil-Eval. The results provided

by the former are shown in Tables 4 and 5. The results in

Table 4 for Portuguese show that the two best models are

clearly LLama-3.1-8.B, which dominates in belebele_pt (0.83

accuracy) and flores_pt (29.94 BLEU), and Carvalho PT-

GL, the best model in three datasets: paws_pt (0.72), xsto-

rycloze_pt (0.66), and assin_paraphrase (0.70), suggesting

balanced Galician-Portuguese training benefits task-specific

performance. It is also noticeable that Carvalho PT excels in

assin_entailment (0.67), indicating Portuguese-focused train-

ing aids in semantic tasks. The results in Table 5 for Galician

also show that the most competitive models are still Car-

valho PT-GL, achieving the highest scores in galcola (0.60),

parafrases_gl (0.64), paws_gl (0.72), and xnli_gl (0.54), be-

ing the second best model in other three tasks (underlined

scores), and Llama-3.1-8B, which leads in belebele_gl (0.81),

summarization_gl (7.99 BLEU), and truthfulqa_gl (mc2,gen).

Salamandra-7B shows robustness in xstorycloze_gl (0.74)

and openbookqa_gl (0.51), and Carvalho GL performs well

(the second-best model) in three datasets, suggesting that a

monolingual model with a single variety may still be com-

petitive even if it does not perform at the same level as the

model enriched with more varieties.

Figures 1 and 2 show the results obtained in the Simil-Eval

platform. For both European Portuguese and Galician,

the best model is Llama 3.1-8B, followed not far behind

by Carvalho PT-GL and Salamandra 7B. Although the

correlation is not exact with the IberoBench results, this

evaluation complements and ratifies the previous one,

confirming that Llama 3.1-8B and Carvalho PT-GL tend to

have a more regular and stable behavior in the evaluated tasks.

Surprisal-Based Evaluation: To automatically measure

linguistic quality in textual generation, we use the Calame

dataset, initially conceived for European Portuguese [Lopes

et al., 2024] and partially translated into Galician. In this test,

we measure the validity of the word proposed by the model,

given the previous context. The lower the surprisal, the better

the choice of that word. In this evaluation, the models with

the best values were again Carvalho PT-GL, Llama 3.1-8B,

and Salamandra 7B. Specifically, the best model in Galician is

Carvalho PT-GL (surprisal 2.08), followed by Llama 3.1-8B

(2.12) and Salamandra 7B (2.14). In Portuguese, the ranking

is reversed: first, Salamandra 7B, followed by Llama 3.1-

8B and Carvalho PT-GL. Notice that those models trained

exclusively with the European variety, such as GlorIA and

Gervasio 7B-ptpt, have a very high surprisal (5.14 and 4.79,

respectively) in the Galician variant. This great disparity

of surprisal does not occur with other monolingual models

since their base is multilingual, for instance, Carballo Bloom,

Carvalho GL, or Carvalho PT.

Figure 1. Portuguese hit rate using Simil-Eval

Figure 2. Galician hit rate using Simil-Eval

5.2.2 Qualitative Evaluation

As it was stated previously, the qualitative evaluation focuses

on the quality of the text generated by the LLM, specifically

on formal and content errors. A total of 400 texts were eval-

uated. 200 in European Portuguese and 200 in Galician. In

each language, 100 were generated by Llama 3.1-8B and 100

by Carvalho PT-GL. The evaluators, three in total, 1 for the

texts in European Portuguese and 2 for Galician, divided the

texts without duplicate annotations, so there is no margin

to evaluate the inter-rater reliability. Figure 4 shows the re-

sults of this evaluation. The results show that the two models

generate better quality text in European Portuguese than in

Galician. This is due to the fact that, on the one hand, this

variety is more present in the base model and, on the other

hand, it shares many normative and standardization aspects,

especially in orthography, with the most represented variety,

Brazilian.

If we focus on the form errors, we find that in both Galician

and European Portuguese, but especially in Galician, the base

model, Llama 3.1-8B, makes many more errors than Carvalho

PT-GL. The main problem of the base model is that it mixes

languages such as Spanish and English in many of its genera-

tions, especially when it tries to use the Galician variety. As

for content errors (e.g., coherence and linguistic register), the

differences between the two models are much smaller. This is

because the base model already has the necessary knowledge

to complete the text coherently, but lacks the ability to write

correctly in the variety requested in the prompt.

It is very important to emphasize here that there is no corre-

lation between the formal errors of this qualitative evaluation

and the automatic evaluation based on surprisal. In fact, we

consider that the surprisal-based evaluation measures, not the

formal quality of the generated text, but rather the coherence

and content of what is generated.
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Carv

1.3B

Carb

Bloom
GlorIA

Salam

7B

Gerv

7B

Llama

3.1-8B

Carb

Llama

Carv

All

Carv

PT-GL

Carv

GL

Carv

PT

Multiple-choice tasks (accuracy)

belebele_pt 0.273 0.228 0.230 0.502 0.270 0.832 0.231 0.573 0.619 0.519 0.269

paws_pt 0.521 0.542 0.529 0.631 0.695 0.703 0.635 0.510 0.724 0.684 0.626

xstorycloze_pt 0.560 0.548 0.556 0.675 0.643 0.649 0.645 0.514 0.661 0.616 0.571

assin_entailment 0.603 0.592 0.621 0.646 0.540 0.572 0.549 0.413 0.570 0.603 0.668

assin_paraphrase 0.618 0.694 0.548 0.648 0.665 0.641 0.588 0.479 0.702 0.586 0.672

Text-generation tasks (BLEU)

flores_pt 6.407 9.538 3.891 13.855 8.880 29.945 19.682 0.962 18.316 21.937 21.149

Table 4. Evaluation results for PortugueseBench using lm-eval. Model names were shortened due to space constraints, where Salam =

Salamandra, Carb = Carballo, Carv = Carvalho, Gerv = Gervasio, Carv 1.3B = Carvalho_pt-gl-1.3B.

Carv

1.3B

Carb

Bloom
GlorIA

Salam

7B

Gerv

7B

Llama

3.1-8B

Carb

Llama

Carv

All

Carv

PT-GL

Carv

GL

Carv

PT

Multiple-choice tasks (accuracy)

belebele_gl 0.276 0.231 0.229 0.374 0.231 0.807 0.32 0.226 0.601 0.5 0.327

galcola 0.494 0.498 0.496 0.533 0.504 0.588 0.524 0.493 0.599 0.576 0.540

openbookqa_gl 0.234 0.258 0.222 0.332 0.25 0.316 0.308 0.206 0.324 0.324 0.282

parafrases_gl 0.541 0.571 0.537 0.558 0.561 0.626 0.565 0.575 0.639 0.561 0.602

paws_gl 0.514 0.533 0.470 0.603 0.641 0.667 0.610 0.503 0.72 0.628 0.602

truthfulqa_gl (mc1) 0.237 0.257 0.191 0.228 0.176 0.278 0.235 0.269 0.220 0.268 0.225

xnli_gl 0.449 0.480 0.349 0.505 0.425 0.501 0.500 0.397 0.536 0.509 0.516

xstorycloze_gl 0.598 0.624 0.453 0.736 0.540 0.680 0.713 0.541 0.712 0.686 0.662

Text-generation tasks (BLEU)

summarization_gl 1.017 1.308 0.014 2.308 2.265 7.992 0.281 0.540 3.700 4.020 3.223

truthfulqa_gl (gen) 7.310 0.858 11.950 9.219 2.493 13.734 1.182 0.383 2.461 7.326 0.337

flores_gl 5.893 11.763 1.143 12.823 6.991 2.579 20.772 0.943 15.918 3.110 20.37

Exact match tasks (accuracy)

mgsm_direct_gl 0 0 0 0.028 0 0.06 0.044 0.004 0.052 0.04 0

Table 5. Evaluation results for GalicianBench using lm-eval. Model names were shortened due to space constraints, where Salam =

Salamandra, Carb = Carballo, Carv = Carvalho, Gerv = Gervasio, Carv 1.3B = Carvalho_pt-gl-1.3B.

5.3 Discussion

The discussion of the results will focus exclusively on

answering the four questions raised in the introduction,

which will be answered on the basis of the results obtained in

the different experiments carried out.

[RQ1] Is it more effective to combine Galician and European

Portuguese into a single model, or should separate models be

trained for each variety? Among the three best-performing

Carvalho models, results suggest that the model with the two

varieties, Carvalho PT-GL, outperforms the best models with

just one of the two varieties, Carvalho PT and Carvalho GL,

in both Galician and Portuguese. This justifies the need for

a dedicated Galician-Portuguese model since models that

combine varieties work better than those that separate them.

[RQ2] Does a large, noisy corpus yield better results

than a smaller, high-quality corpus? The results indicate

that the models with small high-quality corpus, such as

Carvalho PT-GL, Carvalho GL, and Carvalho PT perform no

worse than other models trained with larger noisy corpora,

such as Carvalho All, Carballo-Llama, Carballo-Bloom

or Carvalho_pt-gl-1.3B in both task resolution and text

generation. And if we focus on the best model trained with

small high-quality corpus, Carvalho PT-GL, it outperforms

all other models. Therefore, the answer to the question seems

clear: The use in continued pretraining of a small corpus of

high-quality is more useful than a larger but noisy model.

[RQ3] Should instruction-based training be incorporated

during the pretraining phase to enhance performance prior

to instruction tuning? Carvalho PT-GL, Carvalho GL,

and Carvalho PT, which include instructions during their

continued pretraining, are close to Llama3.1-8B in solving

tasks. However, those models pretrained without explicit

instructions, such as Carballo-Llama, Carballo-Bloom,

or Carvalho_pt-gl-1.3B, tend to have difficulty not only

responding appropriately to tasks but even understanding

what to do to solve the task. So, including instructions in con-

tinued pretraining prevents catastrophic forgetting, which is

present in thosemodels trained on corpus without instructions.
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Figure 3. Surprisal of the last word predicted in the Galician and Portuguese

version of the Calame dataset. A lower Surprisal value indicates a greater

compression of linguistic variety by the model.

Figure 4. Results of the qualitative evaluation for form and content errors.

Carvalho refers to Carvalho-PT-GL, and Llama to Llama 3.1 8B.

[RQ4] Does continued pretraining of models with underrep-

resented varieties improve the ability to generate text in those

varieties with respect to the base multilingual LLM? In the

qualitative experiments, it is clearly shown that the model

generated with continued pretraining, Carvalho PT-GL, gen-

erates much higher quality text in Galician and European

Portuguese than the base model, Llama 3.1-8B. Therefore,

the results of the experiments performed allow us to answer

this question in the affirmative. Specifically, the continued

pretraining helps to integrate new varieties in the models, im-

proving their generative capacity without losing their ability

to solve tasks compared to the base multilingual models.

6 Conclusions and Future Work

This study explored strategies for developing generative

LLMs for the Galician-Portuguese diasystem, addressing crit-

ical questions about corpus design, variety combination, and

instruction-based pretraining. Based on our experimentation,

the strategies to be followed to improve continued pretraining

are as follows: Combined models (namely, Carvalho PT-GL)

outperform separate monolingual models in most tasks, sug-

gesting that shared training on both varieties captures cross-

linguistic generalizations without sacrificing performance.

Additionally, high-quality corpora yield better results than

larger but noisier datasets, emphasizing the importance of lin-

guistic quality and precision in pretraining. Instruction-based

pretraining mitigates catastrophic forgetting, enabling models

to retain task-solving capabilities while improving generative

quality. Lastly, continued pretraining significantly improves

text generation in underrepresented varieties (e.g., Galician

and European Portuguese) compared to the base multilingual

model.

The key contributions of our work included the develop-

ment of a specialized portuguese generative model adapted

to European Portuguese and Galician. by continuously pre-

training the Llama 3.1-8B multilingual LLM, the creation

of high-quality corpora for both varieties, and the construc-

tion of synthetic instruction datasets to enhance the model’s

instruction-following capabilities. All models, corpora, and

datasets are released under free licenses, promoting open

access and further research in these Portuguese varieties.

For future work, we plan to extend this research by incor-

porating instruction-tuned models, which will allow us to

evaluate whether the patterns and behaviors observed dur-

ing pretraining remain consistent when models are further

adapted for task-specific instruction following. This could

provide valuable insights into how instruction tuning influ-

ences performance across language varieties. Additionally,

we intend to include African and Brazilian Portuguese in

our analysis to examine how the introduction of these geo-

graphically and socially distinct varieties affects the overall

performance and balance of the diasystem. This extension

will help assess the scalability of our approach to a broader

and more heterogeneous linguistic landscape. In this sense,

we plan to expand corpus diversity by incorporating all possi-

ble Portuguese varieties while balancing the amount of text

of each variety, genre distribution, and noisy vs. high-quality

data. We also intend to develop machine translators between

the different varieties of Portuguese in order to be able to

adapt the resources available in one of the varieties to all the

others as automatically as possible.

As with any empirical study, our work presents certain limi-

tations. Although the proposed methodology produced robust

results, it was tested exclusively on the Galician-Portuguese

diasystem. Further research is needed to assess its applicabil-

ity to other pairs of closely related languages. Additionally,

our analysis focuses solely on pretrained models and does not

consider instruction-tuned models, where different dynamics

may emerge. Also, while we conducted human evaluation to

complement automatic metrics, the pool of annotators was

limited. Expanding the number and diversity of evaluators

would strengthen the reliability of these assessments. And fi-

nally, the development and deployment of LLMs raise ethical

questions, including potential biases in training data and the

environmental impact of large-scale computations. Although

we have been able to make better models with less corpus

and, therefore, with fewer computational hours, it will be

necessary to address these concerns in a more systematic way

in order to help develop responsible AI.
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