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Abstract

Occitan is a Romance language spoken mostly
in the South of France and characterised by rich
dialectal variation, which can pose problems
for certain NLP tools. This shortfall is largely
attributable to the scarcity of dialect-annotated
corpora, in a context where linguistic classi-
fication within the Occitan dialect continuum
is still debated and major nomenclatures, such
as ISO 639, fail to provide granular codes for
varieties below the generic “Occitan” label. In
this paper, we introduce OcWikiDialects, a new
dataset comprising articles from the Occitan
Wikipedia. The corpus features rich metadata,
including dialect labels, and is segmented at
both paragraph and sentence levels. Combined
with previously released datasets, we explore
approaches for Occitan dialect identification by
training three types of model on up to 8 labels:
linear SVM classifiers based on word and char-
acter n-grams, FastText classifiers based on
pretrained vectors, and BERT-based neural clas-
sifiers adapted through fine-tuning. Evaluations
across in- and out-of-domain test sets demon-
strate the substantial impact of our new dataset
for the task. However, a peak macro-averaged
F1 score of 58.15 underscores persistent chal-
lenges for underrepresented Occitan varieties,
supported by our per-dialect analysis. Code,
dataset and models are available: https://
github.com/DEFI-COLaF/OcWikiDialects.

1 Introduction

Current NLP technologies offer very good perfor-
mance in particular with large language models
(LLMs), including in some low-resource settings
(Pomerenke et al., 2025). However, most avail-
able tools consider the supported languages as stan-
dardised monolithic entities, thus hiding many as-
pects of variation that occur in natural languages
(Bird, 2022). Ignoring these aspects in the NLP
development process has an impact on speakers of
under-represented and less standardised varieties,
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nord-occitan, © occitan moyen, M gascon / 1 gévaudanais, 2 sud-vivarois.

Figure 1: The dialect classification for Occitan proposed
in (Sibille, 2024).

as revealed in studies comparing performance be-
tween a standard variety (e.g. Standard American
English or Modern Standard Arabic) and related
non-standardised variants (e.g. African-American
English or Moroccan Arabic) (Khondaker et al.,
2023; Okpala and Cheng, 2025; Gupta et al., 2025).

In this paper, we focus on Occitan, a dialect con-
tinuum spoken mainly in the south of France and
supported as a monolithic entity in several NLP
models such as pretrained multilingual BERT (De-
vlin et al., 2019) and the machine translation model
NLLB (Costa-jussa et al., 2024). Existing Occitan
NLP datasets increasingly cover diverse aspects
of internal variation, including dialectal (Miletic
et al., 2020), orthographical (Poujade et al., 2024)
and other diastratic (Nédey et al., 2025) factors.
However, to the best of our knowledge, there are
no models available for the identification of the
Occitan variety of a text, although such tool could
be crucial for building and evaluating dialect-aware
NLP systems.

Our contribution is twofold: (1) we introduce a
new dialect-labelled dataset OcWikiDialects, and
(2) we use it in combination with other datasets
to train baseline models for the Occitan dialect
identification (0CDI) task. Our dataset is made up
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of articles from the Occitan Wikipedia and com-
prises metadata about dialects and users, aggre-
gated across revisions. Our OCDI experiments
involve three types of model: linear SVM based
on words and character n-grams, FastText (Joulin
et al., 2017) with pretrained vectors, and BERT
(Devlin et al., 2019) with pretrained models. By
analysing results across three model types, five
datasets and up to eight dialects, we demonstrate
the impact of the OcWikiDialects dataset and em-
phasise the need to develop more resources for
underrepresented Occitan varieties.

2 Related Work

2.1 Occitan Dialects and Datasets

Occitan is a dialect continuum that spans across the
south of France and some border regions of Spain
and Italy (see Figure 1). Linguistic studies based
on isoglosses and dialectometry experiments led
to a classification into dialects within the contin-
uum (Esher and Sibille, 2024) that are sometimes
used by speakers when referring to their language.
Dialectal variation of Occitan occurs at multiple
linguistic levels including phonetic, morphologic,
syntactic and lexical. While the so-called and most
popular classical spelling convention tends to re-
duce dialect variation in writing, some features re-
main visible (see some examples from our dataset
OcWikiDialects in Table 1), such as the vocalisa-
tion of [1] into [w] in final positions (e.g. aquel vs.
aqueu for ‘this’), the presence of the enunciative
particle qgue, or the use of definite plural articles /i,
lu, or lei (vs. los or las).

Next to large textual datasets using the mono-
lithic label “Occitan” (Schwenk et al., 2021;
Miletic and Scherrer, 2022; Costa-jussa et al., 2024;
Penedo et al., 2025), smaller Occitan corpora in-
clude dialect labels: Tolosa Treebank (Miletic et al.,
2020) is a corpus of literary texts from four Occitan
varieties, manually annotated with morphosyntac-
tic information. Similarly, CorpusAri¢ja (Poujade
et al., 2024) focuses on morphosyntactic annotation
of literary texts from a transitional area between
the Languedocian and Gascon varieties. The organ-
isation Lo Congres permanent de la lenga occitana
compiled bilingual sentences (Occitan and French
or other standardised languages) from their web-
sites (Séguier and Lo Congres, 2023a, 2024) and
from various translated tools (Séguier and Lo Con-
gres, 2023b) into corpora where the document-level
dialect label is available for each sentence. The
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organisation also released the ReVoc dataset (Lo
Congres, 2024), which contains not only sentences
and corresponding dialect labels, but also informa-
tion about the speakers of the related speech data
collection campaign. The inclusion of sociologi-
cal metadata was also emphasised in Nédey et al.
(2025) for the dataset ForumQOccitania, which is
made of posts from an online forum, accompanied
by user-declared information such as dialect, geo-
graphical location and age.

Despite the existence of these datasets, the ratio
of dialect annotated data remains very low, and
the distribution of dialects is very uneven, with
a large over-representation of the Languedocian
variety while some others are barely represented
(e.g. Auvergnat, Vivaroalpine).

2.2 Language Identification for Similar
Varieties and Dialects

While the most popular tools for language identi-
fication cover a large number of languages (Grave
et al., 2018; Kargaran et al., 2023; Costa-jussa et al.,
2024), many dialectal variants remain unsupported.
This is partly due to their reliance on major lan-
guage nomenclatures such as ISO 639, which typ-
ically lack granular codes for varieties below the
level of macro languages, for instance Brazilian
and European Portuguese. Works published during
VarDial workshops reveal that the identification of
similar languages and dialects remains challeng-
ing (Aepli et al., 2023), especially in the context of
dialect continuum where established linguistic cate-
gories have overlapping and occasionally contested
boundaries (Aepli et al., 2022).

For such varieties, a text can often be valid for
several labels, motivating recent work in similar
language identification (Keleg and Magdy, 2023;
Bernier-colborne et al., 2023; Chifu et al., 2024;
Fedorova et al., 2025) to emphasize a shift toward
multi-label classification. Although FastText is the
most popular architecture to discriminate between
many high-resource languages, its usage seems less
popular in the context of discriminating between
similar languages (Fedorova et al., 2025), where
the most common approaches are based on statisti-
cal models such as Naive Bayes and SVM, using
n-gram-based features, and on pretrained language
models derived from BERT (Devlin et al., 2019).
The limited amount of data and lack of diversity
(Cahyawijaya et al., 2023) that is common in anno-
tated corpora for these languages make the models
(especially statistical ones) more likely to over-rely



on named entities or other semantic aspects of the
corpora (e.g. names of cities or languages, topics)
instead of linguistic features. Sousa et al. (2025)
address this bias by creating a multi-domain cor-
pus for two national varieties of Portuguese and
by randomly masking named entities and replacing
words with their part of speech tag.

There are no publicly available systems to dis-
criminate between varieties of Occitan, although
some works on classification have been carried
out: Seguier (2015) explores statistical approaches
based on word and character n-gram frequencies,
as well as manually defined grapheme-based and
grammatical-based features, resulting in an almost
perfect accuracy on 45 samples in 8 Occitan va-
rieties when using only the character n-gram fea-
tures. More recently, Nédey et al. (2025) carry out
unsupervised topic modelling experiments that re-
sult in a classifier able to distinguish between 4
Occitan varieties with a macro F1 score of 85.50,
when evaluated on 9.5k in-domain test samples.

3 Dataset Creation

We fetch the clean Markdown text of the Occi-
tan Wikipedia' articles from the FineWiki dataset”
(Penedo, 2025), and we use the XML dump ver-
sion with complete history’ and texts with wiki
markup (Wikitext) to extract more detailed meta-
data about the dialects used, the article revisions,
and the contributors. We retrieve the dialect label
of each article from a tag in the Wikitext when it ex-
ists, and drop the article from our dataset otherwise.
From the revision history, we extract user IDs and
timestamps. We also parse user pages to extract
declared Occitan language proficiency levels* and
dialects, and to mark bot users.

We derive additional metadata from the revision
history, such as timestamps at creation and latest
update, Occitan level of the first contribution, and
highest Occitan level. We use the Wikitext version
of each revision to rank users by number and size’
of contributions on the article, and to aggregate the
number and size of contributions by Occitan level.

1https ://oc.wikipedia.org

2https ://huggingface.co/datasets/
HuggingFaceFW/finewiki

3https ://dumps.wikimedia.org/ocwiki/20250901/.
Since FineWiki was built from the HTML dump of 20250820,
we parse the history only up to that date.

4See scale in Appendix A.

3 Absolute difference in bytes with the previous contribu-
tion, where negative differences are divided by two, with a
minimum value of one.

The clean articles are split into paragraphs
(based on empty lines) and into sentences (using
NLTK (Bird and Loper, 2004)).
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Figure 2: Dialect distribution in OcWikiDialects.
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Figure 3: Distribution of self-declared Occitan profi-
ciency levels in OcWikiDialects articles. As #first, we
report the number of articles per user-declared Occitan
level when considering the first non-empty contribu-
tion, and as #max, the number when considering the
maximum level over the article’s history. Bar labels
correspond to #max.

The resulting OcWikiDialects dataset contains
7,292 articles with a dialect label, comprising ap-
proximately 57k paragraphs, 290k sentences, and
4M tokens.® Dialect labels have ten possible values,
six of them corresponding to the usual high-level
Occitan varieties (Auvergnat (AUV), Gascon (GAS),
Limousine (LIM), Languedocian (LAN), Provencal
(PRO) and Vivaroalpine (VIV)), two correspond-
ing to local, very distinct varieties (Aranese (ARA),
linguistically closer to Gascon, and Nigard (NIC),
linguistically closer to Provengal), and the last two
corresponding to transitional varieties between Oc-
citan and langues d’Oil’ (Aguianese (AGUI) and
Marchese (MAR)). The dialect distribution pre-
sented in Figure 2 reveals that PRO and LAN are the

®Counts after splitting on whitespace and removing punctu-
ation (more frequent with the Markdown format). Paragraphs
and sentences containing only punctuation are ignored.

A continuum of northern Romance varieties, encompass-
ing standard French and multiple regional varieties.
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most frequently assigned labels (ca. 2k articles),
closely followed by GAS. Notably, PRO articles
are substantially longer on average than those in
the other classes, resulting in PRO being the most
represented variety in terms of token count, with
over 2M tokens. Moreover, even if dialects AUV
and VIV are under-represented in OcWikiDialects,
Table 2 shows that the number of samples for these
dialects surpasses by far that of other datasets, en-
abling more reliable evaluations on these varieties.

Out of 1249 active users, only 35 declared a
dialect in their user page (see Figure 5 in Ap-
pendix B.1), with values only for the five most
represented dialects in the dataset. Yet, we ob-
serve that over 90% of articles labelled as PRO
were edited at least once by one of the 8 active
users declaring this dialect.

Our analysis of user-declared Occitan levels (see
Figure 3) shows that almost all articles were created
by users with a level either unknown or interme-
diate. However, when considering the maximum
level across contributions for each article, a clear
shift towards high levels is visible, especially as
almost 47% of articles were edited by a user of
level 4 (near-native ability) or above, whereas the
ratio of articles with an unknown level drops from
52% (#first) to 6% (#max).

Additional analyses in Appendix B.2 show that
bots are frequent authors of small contributions,
suggesting a limited impact on the textual contents
of the dataset. Nevertheless, a seemingly important
proportion of articles in OcWikiDialects concern
municipalities with very similar patterns and tem-
plates (see excerpts in Table 1). This lack of topic,
style and syntactic diversity could have a nega-
tive impact on downstream NLP applications, as
observed by Lambrecht et al. (2022) in Machine
Translation experiments on dialect-labelled articles
of the Alemannic Wikipedia.

4 Occitan Dialect Identification (0cDI)
Experiments

4.1 Methodology

We train 0CDI model baselines using three com-
plementary modelling approaches, each providing
benefits relevant to specific application scenarios.

SVM We combine n-grams of characters (2-
5) and full words (unigrams), vectorised with
TF-IDF, to train a linear SVM classifier using

scikit-learn (Pedregosa et al., 2018).8 The
learned features provide the most straightforward
basis for interpretability.

FastText We choose this type of model as it
usually provides very good results as well as the
fastest inference (Fedorova et al., 2025; Suarez
et al., 2026). We train a classifier based on Fast-
Text embeddings pretrained on Occitan data. For
the embeddings, we compare results obtained when
using existing vectors trained on Occitan data from
Common Crawl and Wikipedia (CC)° (Grave et al.,
2018), or when training a new embedding model.

BERT We fine-tune mBERT-cased!® and
mBERT-uncased'! models (Devlin et al., 2019),
multilingual Transformer (Vaswani et al., 2017)
encoders that were pretrained partly on Occitan
data, and oc-mBERT,!? the result of continued
pretraining mBERT-cased specifically on Occitan
data (Hopton and Aepli, 2024).

Hyperparameters for each type of model are de-
scribed in Appendix D.

We evaluate models using accuracy, recall, pre-
cision and F1 metrics, for each dialect and macro-
averaged per dialect class. As we train and evaluate
separately on datasets that contain differing sets of
labels (see Table 2), at test time we group predicted
labels that are absent from the test set under a single
“other” label, to avoid over-penalising these predic-
tions when computing macro-average scores.

To enable comparison in settings where source
datasets differ in both class sets and sample distri-
butions, we report the theoretically expected per-
formance of a random-label baseline. This base-
line assigns labels uniformly at random to samples,
resulting in a fixed per-class recall equal to the in-
verse of the number of classes, while the precision
for each class corresponds to its empirical preva-
lence in the test set (i.e., the number of samples of
that class divided by the test set size).

4.2 Data

We use the following dialect-labelled datasets to
train and evaluate the models on the 0CDI task:

8https://scikit-learn.org/stable/modules/
generated/sklearn.svm.LinearSVC.html

9https://fasttext.cc/docs/en/crawl—vectors.
html

10https://huggingface.co/google—bert/
bert-base-multilingual-cased

Thttps://huggingface.co/google-bert/
bert-base-multilingual-uncased

Zhttps://huggingface.co/zhopto3/oc_mbert
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LAN
PRO
NIC
VIV
AUV

LIM destruch en 1902.

GAS " Atlantics dens la region de Navera Aquitania.

ARA

Menerba es una comuna lengadociana situada dins lo departament d’Erau.

Barcilona es una comuna provencala situada dins lo departament deis Aups d’Auta Provencga.

Lo Puget Tenier es una comuna d’Occitania, dins lo departament dei Aups Maritims.

Chastelnou de Bordeta es una comuna occitana de Daufinat situaa dins lo departament de Droma.

Mauriac z-es ’'na comuna d’ Auvernhe ; z-es administrada pel departament delh Chantal.

Lo dolmen situat entre lo vilatge de la Valada e la D 979 fuguet fortament *bimat en 1862 e completament

Biriato qu’ei ua comuna de la provincia tradicionau de Labord, administrada peu departament deus Pireneus

Les ei ua vila e municipi dera Val d’ Aran, en eth tercon de Quate Locs, ath marge deth riu Garona.

Table 1: Excerpts from OcWikiDialects with some elements of dialectal variation in bold, as compared to LAN.

Translations are available in Appendix C.

Dialect WIKI TTB CONGRES SOFT FORUM CONCAT

Tr D Te Tt D Te Tr D Te Tr D Te Tr D Te Tr D Te
LAN 14575 507 501 615 61 437 9592 500 500 72119 500 500 1410 381 250 98311 1949 2188
GAS 13383 467 500 134 18 103 6821 500 500 103 102 204 1594 242 250 22035 1329 1557
PRO 17985 509 508 45 0 32 59 60 119 666 500 500 704 86 250 19459 1155 1409
LIM 1723 500 503 36 0 41 67 68 135 61 61 122 3619 291 250 5506 920 1051
AUV 2787 512 501 0 0 0 11 12 24 39 39 78 0 0 0 2837 563 603
NIC 127 145 274 0 0 0 0 0 0 861 500 500 0 0 0 988 645 774
VIV 223 223 414 0 0 0 9 10 18 39 40 78 0 0 0 271 273 510
ARA 57 58 122 0 0 0 15 16 32 0 0 0 0 0 0 72 74 154
CONCAT 50860 2921 3323 830 79 613 16574 1166 1328 73888 1742 1982 7327 1000 1000 149479 6908 8246

Table 2: Number of samples in each dataset and split (Tr = train, D = development, Te = test), with distributions per

dialect label.

* OcWikiDialects (WIKI),'> 8 dialect labels.
Article-level labels were projected onto
paragraph-level samples.

* Tolosa Treebank'* (TTB) (Miletic et al., 2020),
4 dialect labels. Document-level labels were
projected onto sentence-level samples.

» ForumOccitania (FORUM) (Nédey et al.,
2025), 4 dialect labels. User dialects were pro-
jected onto post-level anonymised samples.

* CONGRES: the deduplicated concatenation of
corpora Lo Congreés Websites'> and Lo Con-
gres News'©, 7 dialect labels. !” Document-
level labels were projected onto sentence-level
samples.

* SoftwaresOccitanTranslations'® (SOFT), 7 di-
alect labels. Document-level labels were pro-
jected onto sentence-level samples.

We use the existing train/dev/test splits for TTB
and FORUM and create splits for the other corpora.

BAGUI and MAR were excluded due to insufficient data.
The version of the dataset used for the experiments does not
include articles created after 2025-08-01.

“From UD 2.17. https://universaldependencies.
org/treebanks/oc_ttb/index.html

15https ://zenodo.org/records/12192029

16https ://zenodo.org/records/8411197

Cisalpine was excluded due to insufficient data.

Bsic. https://zenodo.org/records/8411351
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The dev and test sets are built by iterating over
dialect subsets without exceeding 500 or 50% of
samples for each dialect, in order to produce fairly
balanced test sets, in terms of dialects and domains.
We use paragraph-level samples for OcWikiDi-
alects, and do not mix articles between splits. We
concatenate all sources (WIKI, TTB, FORUM, CON-
GRES and SOFT) with their splits into CONCAT.

Our FastText embedding model is trained on
the concatenation of CONCAT-train and the fol-
lowing datasets: NLLB!? (Costa-jussa et al.,
2024), OcWikiDisc?” (Miletic and Scherrer, 2022),
FineWiki?' (Penedo, 2025), FineWeb2?* (Penedo
et al., 2025), and Tatoeba.?3

In order to assess the importance of preprocess-
ing on the 0CDI task, we train our models sepa-
rately on raw text and on preprocessed texts. The
chosen preprocessing steps take into account the
presence of User-Generated Content in ForumOc-
citania. First, we remove URLSs and emails, then
we convert accents to their ASCII equivalent. Se-
quences of three or more of the same character

Yhttps://huggingface.co/datasets/allenai/nllb.
We use the Occitan samples with a LID score > 0.8.

2Ohttps: //zenodo.org/records/7079580

Uhttps://huggingface.co/datasets/
HuggingFaceFW/finewiki

22https: //huggingface.co/datasets/
HuggingFaceFW/fineweb-2

23https: //opus.nlpl.eu/Tatoeba/oc&fr/
v2023-04-12/Tatoeba (Tiedemann, 2012)
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are normalised into a single one. Finally, we re-
move punctuation and numbers, and we turn the
remaining text to lowercase.

4.3 Results and Discussion

Results in Table 3 show that our pretrained Fast-
Text vectors increased the overall macro-F1 by
4.48 points. Similarly, our BERT classifier fine-
tuned from oc-mBERT performed better than the
original mBERT-cased pretrained model, and also
slightly better than the mBERT-uncased model (see
Table 4).

While preprocessing is usually recommended
to prevent overfitting on irrelevant features when
training language identification models (Fedorova
et al., 2025; Sousa et al., 2025), our experiments
on domain-specific and multi-domain data resulted
in lower or similar performance when using it, as
shown in Table 5. The rest of our analysis will
therefore focus only on models trained and eval-
uated on non-preprocessed datasets, and adapted
from the pretrained FastText vectors and BERT
model that resulted in the best performance scores.

FastText vectors F1 Recall Precision Accuracy
CC 47.11 4530 69.25 62.70
Ours 51.59 4930 70.39 65.95

Table 3: Results of FastText 0CDI models depending on
the pretrained vectors used. Training set: CONCAT-train.
Test set: CONCAT-test. Except for accuracy, scores are
macro-averaged over dialect classes.

Pretrained model F1 Recall Precision Accuracy
mBERT-cased 5451  50.78 75.99 65.69
mBERT-uncased 57.89  53.66 77.64 67.89
oc-mBERT 58.15  54.27 78.49 66.61

Table 4: Performance depending on the pretrained
BERT model, fine-tuned on CONCAT-train and tested
on CONCAT-test. Except for accuracy, scores are macro-
averaged over dialect classes.

Model type  w/prep  w/o prep
SVM 53.47 55.45
FastText 51.54 51.59
BERT 54.84 58.15

Table 5: F1 scores macro-averaged, comparing ap-
proaches with and without text preprocessing, fine-tuned
on CONCAT-train and tested on CONCAT-test.
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Model type F1 Recall Precision Accuracy Time
Random baseline ~ 11.32 12.50 12.50 12.50 -
SVM 5545 52.12 72.32 67.05 3
FastText + our vectors 51.59 49.30 70.39 65.95 0.01
oc-mBERT 58.15  54.27 78.49 66.61 192

Table 6: Performance of models trained on CONCAT-
train and evaluated on CONCAT-test, without prepro-
cessing. Recall, precision and F1 scores are macro-
averaged. Best score for each column is indicated in
bold. Time corresponds to the average runtime per sam-
ple, expressed in milliseconds, measured on an 13th
Gen Intel Core i7-1370P CPU. For oc-mBERT, time is
measured on 1000 random samples from CONCAT-test
instead of the full test set.

Performance scores in Table 6, obtained from the
evaluation on CONCAT-test, report a macro-average
F1 score of 11.32 for the random baseline, which is
surpassed by all models trained on CONCAT-train.
The best F1 score of 58.15 is achieved with the
BERT model, which corresponds to an accuracy
of 66.61. Performance using the SVM classifier is
lower with 55.45 F1, and the lowest using FastText,
with 51.59.

While these scores are low, we expect our eval-
uation methodology to underestimate the systems’
performance, due to the projection of single labels
from original documents onto the samples, which
hides situations where a same text could be valid in
more than one variety, especially for shorter texts.

A more in-depth analysis of results indicates per-
formance disparities between dialects and models
(see Table 7). Dialects that are under-represented
in the training data (ARA, VIV, NIC) tend to have
higher a precision (up to 91.76 for ARA) and
a lower recall (only 19.51 for NIC) than bigger
classes. As shown in Figure 4, this is due to the
over-prediction of the larger classes, especially
LAN, which gets a 91.86 recall, and only a pre-
cision of 59.10 with oc-mBERT. In usage cases
where recall is preferred over precision (e.g. data
mining), we recommend using the best-performing
model in terms of recall per Occitan variety, rather
than a single model across dialects: SVM for AUV,
GAS, NIC, and VIV, FastText for GAS and LIM, and
oc-mBERT for ARA, LAN and PRO.

The analysis of dialect-specific features ranked
by the SVM weights (see Table 8) reveals that
some numbers and punctuation are incorrectly over-
weighted, and that the model is biased with features
related to names of languages (like ‘aran’ for class
ARA). However, some important features of each



Model ARA AUV GAS LAN LIM NIC PRO VIV

P R P R P R P R P R P R P R P R
Random baseline  1.87 1250  7.31 1250 18.88 12,50 26,53 12,50 1275 1250 939 1250 17.09 1250  6.18  12.50
SVM 8529 18.83 6230 37.81 7649 83.82 6022 89.03 8183 70.69 88.16 2791 60.11 6749 64.12 21.37
FastText 86.36 1234 66.21 32.17 7561 83.82 6049 9040 79.06 71.84 86.38 23.77 57.18 66.15 51.82 13.92
oc-mBERT 91.76 50.65 79.69 33.83 77.37 82.15 59.10 91.86 7650 66.60 8882 19.51 5822 68.35 9643 21.18

Table 7: Precision (P) and recall (R) per dialect for each model trained on CONCAT-train and evaluated on CONCAT-

test. Best score for each column is indicated in bold.

dialect stand out in the learned features, such as the
lexical variant ‘dab’ (with) specific to GAS, the non-
vocalised ‘1’ at word ending in LAN (as in ‘sul’ on
the), the aphaeresis of [a] in LIM (e.g. ‘qud’ this),
the muting of intervocalic [d] in VIV (as in ‘poetz’
you can), or the variant ‘lu’ for the masculine plural
definite article in NIC. However, we notice that the
character n-gram features ‘ou’ and ‘i’ correspond
to the so-called mistralian writing norm. While
this norm seems to be used only for quotes and
explanations in the Occitan Wikipedia, their over-
weighted association to NIC is problematic as this
writing norm is not restricted to only this Occitan
variety; in fact it is also used frequently by PRO
speakers.

Dialect  Features
aran determinants referéncies der comandar mes lesan
ARA . . .
galin telediario substantius
AUV delh cercar pueis 3,45 z-es 982 dreita 26,43 favier
20,17
GAS dens dab ei shens mei ua au deu dreta 2019
LAN sense del sul @, 10 ambe O, aude ier ie
LIM maires daus qud queu ’na ente quo quel 833 quela
NIC ou ag lu caracter adressa ligna statut recerca da 1<
PRO lei deis 0 leis dau dei direccions #& premiera @1
VIV internes recércha poetz aa navigaor pechon predefinia

segua mas mesmes

Table 8: Top 10 learned features per dialect for the
SVM model without preprocessing. Word features are
highlighted in blue, and character n-gram features in
green. Word boundaries are indicated with &.

From the results of models trained on a single
data source (cf. Table 9), the best macro-F1 scores
are obtained by models trained and evaluated on
only four classes, i.e. TTB and FORUM. Out of
the two, all three models trained on FORUM exhibit
larger performance gaps on TTB-test compared to
the TTB models evaluated on FORUM-test, suggest-
ing potential overfitting of the FORUM models, even
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if scores on TTB-test are within the range of scores
with the same-source model. Models trained on
CONGRES and SOFT (with similar sets of seven la-
bels) display a low performance on the 0CDI task
in general, and a clear drop of performance out-of-
domain on the test sets with seven or eight labels,
with some scores that are close to the random base-
lines, or even lower for two out of the three models
trained on SOFT and evaluated on WIKI. Possible
reasons for these drops are the very specific and
technical domain of SOFT, a large class imbalance
in the training datasets, and for CONGRES, a very
low number of samples apart from the LAN and
GAS classes. Models trained on WIKI obtain the
best results when evaluated in-domain, and often
surpass performance of other single-source models
in the out-of-domain evaluation settings. Scores
on SOFT-test are similar to those obtained with
the same-source models, and for CONGRES-test,
WIKI models reached a better performance than the
same-source ones. Training on the concatenated
datasets results in higher scores across test sets, as
the CONCAT models obtained the best scores on
three test sets (CONCAT, CONGRES and SOFT), and
second or third rank otherwise. Also, the macro F1
scores on CONCAT-test are higher for the CONCAT
models than for the WIKT ones, showing that aug-
menting both the quantity of data and the diversity
of domains has an impact on the ocDI task.

In order to assess the impact of our dataset
OcWikiDialects on the 0cDI task, we performed
an ablation study comparing models trained on
the full concatenation of available training data
(CONCAT) with models trained on the same data
excluding WIKI-train (CONCATNOWIKI). Evalua-
tion was performed on the CONCAT-test set in both
settings. As shown in Table 10, the inclusion of
OcWikiDialects results in substantial performance
gains, with improvements of up to 23.48 macro
F1 points for the oc-mBERT model. This impact
is particularly pronounced for the rarer classes, as
shown when comparing the confusion matrices in
Figure 4: while the oc-mBERT model trained with-
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v 21.18 1.57
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ARA AUV GAS LAN UM NIC PRO VIV

Predicted label

(b) CONCATNOWIKI-train

Figure 4: Confusion matrices for the oc-mBERT mod-
els fine-tuned from CONCAT-train (top) or CONCAT-
NOWIKI-train (down), without preprocessing, and eval-
uated on CONCAT-test.

out OcWikiDialects never predicts the rarer classes
ARA, AUV and VIV, incorporating the WIKI sam-
ples to the training leads to more frequent predic-
tions of these labels, and results in higher recall
across all classes except LAN, while also reducing
over-prediction of the LAN label (i.e. improving
precision).

5 Conclusion

In this paper, we introduce a new corpus OcWikiDi-
alects, comprising over 7k articles (4M tokens)
from the Occitan Wikipedia, segmented into para-
graphs and sentences. In doing so, we contribute to
increasing the amount of dialect-labelled Occitan
data, necessary to increase the visibility of Occitan
variation as a non-standard language in datasets
for NLP. Metadata from revision histories and user
pages included in the dataset enabled us to label
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Testset

Trainset CONCAT ~ WIKI CONGRES  SOFT TTB  FORUM
and model
Random baseline 1132 12.07 10.59 1252 19.08 25.00
CONCAT-train
SVM 5545 56.15 4274 4233 60.57 68.98
FastText 5159 5127 3927 3945 6242 67.85
oc-mBERT 58.15 5772 59.15 4391 56.79 70.22
WIKI-train
SVM 53.61  60.21 4481 3199 44.16 57.61
FastText 49.23  49.86 43.01 3471 57.67 66.06
oc-mBERT 48.12  53.18 5045 31.67 4599 52.37
CONGRES-train
SVM 2045 1598 3833 1421 33.29 36.77
FastText 2401 16.63 3746 15.60 37.51 43.14
oc-mBERT 20.71 1848 3324 16.66 37.66 48.32
SOFT-train
SVM 20.57 11.52 1500 3935 25.60 20.02
FastText 19.42  9.06 19.86 30.18 38.52 38.41
oc-mBERT 2444 1421 26.16 31.17 4222 45.70
TTB-train
SVM 2092 17.56 2827 1748 66.66 47.36
FastText 26.00 19.71 32.86 2523 7319 68.85
oc-mBERT 1548 11.23 2273 1420 46.38 36.36
FORUM-train
SVM 29.11  26.90 36.36 2221 53.82 88.93
FastText 32.66 2891 41.63 3135 71.38 89.01
oc-mBERT 29.22  26.11 3729 2214 6395 86.62

Table 9: F1 scores on individual test sets for each model
based on its training dataset and type. Best score for
each test set is marked in bold. We warn the reader
about the non-comparability of scores between most
columns, as the number of labels differs between the
test sets.

w cC-W

F1 F1 Recall  Precision Acc.
SVM 36.94 +18.51 +15.52 +16.46 +11.70
FastText 35770 +15.89 +13.20 +16.63  +10.38
oc-mBERT  34.67 +23.48 +17.39 +17.92 +9.25

Table 10: Performance gaps between models trained on
CONCAT-train (C)) or on CONCATNOWIKI-train (W),
and evaluated on CONCAT-test. Except for accuracy
(Acc.), scores are macro-averaged over dialect classes.

articles with ten Occitan varieties and allowed us
to carry out in-depth analyses of user-declared pro-
ficiency levels and bot contributions.

We used this dataset in combination with pre-
viously published dialect-labelled corpora to train
Occitan dialect identification (OCDI) models in
single-domain and multi-domain settings to dis-
criminate between up to 8 dialects. Our approaches
include n-gram based SVM classifiers, FastText
classifiers based on pretrained vectors, and fine-
tuned BERT models. Results favour the fine-tuned
oc-mBERT model without text preprocessing, with
a macro-average F1 score of 58.15 and fairly bal-
anced scores across domains. However, perfor-
mance differs between dialect classes, with low
recall scores for less represented dialects, and low
precision scores for the over-represented classes



which tend to be over-predicted, especially Langue-
docian. Future work should therefore prioritise the
development of additional resources for underrep-
resented Occitan varieties.

We release models from all three main ap-
proaches (SVM, FastText, BERT), as they have
different advantages, in particular interpretation of
predictions, inference speed and overall accuracy,
and we hope that our new dataset and 0oCDI models
will foster more dialect-aware NLP research and
applications for the Occitan language.

Limitations

The models presented in this paper are meant as
baselines for future research on the topic of Occi-
tan Dialect Identification, with several limitations
that may restrict their suitability in certain settings,
especially when a high confidence is required.

Beside a limited performance described in this
paper, in particular for underrepresented Occitan
varieties (Section 4.3), we did not train our models
to predict a class ‘other’ when prompted with texts
from other varieties, closely related to Occitan (e.g.
Croissant transitional dialects) or not (e.g. French
or Italian).

Furthermore, the datasets used in this study only
contain texts in the classical spelling, except for
the Nicard subset of SoftwaresOccitanTranslations
which contains both samples in classical and mis-
tralian norms. Therefore, using our models on texts
written with the mistralian norm might lead to bi-
ased predictions towards the Nicard label.

Assessing performance in a multi-domain set-
ting enhances the reliability of results, however the
test samples have been selected automatically from
the available datasets without removing irrelevant
samples such as bibliography entries with titles in
languages other than Occitan. Manual annotation
of the test samples by Occitan specialists could be
particularly relevant to improve the quality of test
sets, and also to move towards a multi-label classi-
fication task where the samples might be valid in
multiple varieties.
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A Scale of Occitan Proficiency Levels

The Occitan language proficiency levels used in
OcWikiDialects correspond to the Babel scale de-
fined by Wikimedia Commons.?*, with the follow-
ing definitions to which we add level ‘None’:

e ‘None’ means that no Occitan level was found

in the user page

¢ ( indicates someone who does not understand
the language.

* 1 stands for basic knowledge: the ability to
understand and answer simple questions in the
language.

2 stands for intermediate knowledge.

3 stands for advanced or fluent knowledge:
the ability to correct spelling and grammar
errors in the language.

4 stands for near-native ability.

5 stands for professional proficiency.

* N stands for native language.

2Z‘https: //commons.wikimedia.org/wiki/Commons:
Babel Consulted on 2025-12-30.
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B Additional Statistics from Dataset
OcWikiDialects

B.1 Dialects Distribution

Figure 5 shows the distribution of dialect tags de-
clared in articles and in user pages.
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Figure 5: Distribution of article dialect tags (#articles)
and user-declared dialects (#users, only active users) in
OcWikiDialects, and number of articles per dialect for
which at least one contribution was made by a user of
the same dialect (#udmatch).

B.2 Bot Contributions

Regarding the role of the 135 active users detected
as bots, they have been used to create 13% of the
articles in the dataset and 41% of the total contri-
butions. However, this ratio drops to 14% when
considering only contributions with at least +100
bytes (based on the difference before and after),
and to 8% for the first non-empty contributions>
authored by a bot.

C Excerpts from OcWikiDialects

Table 11 shows a few excerpts from the dataset
OcWikiDialects with their translations into En-
glish.

D Hyperparameters

For SVM models, the impact of class imbalance
is reduced by setting the class_weight option to
“balanced”. Features occurring in only one sample
(min_df) or in more than 90% of the training data
(max_df) are ignored.

For FastText, our embedding skipgram model
has the same dimension of 300 than the CC vec-
tors, and is trained for 5 epochs with a learning
rate of 0.05. The classification layer is trained for
20 epochs with a hierarchical softmax loss and a
learning rate of 0.1. In preliminary experiments we

2 For each article, we consider the earliest revision with at
least 100 bytes.

56

found that using word unigrams for the 0CDI task
results in performance that is better than or similar
to using word bigrams.

For BERT models, we use a learning rate of 1e-5
with linear scheduling and AdamW optimiser, an
effective batch size of 64. Each model is trained
for 50 epochs with 0.2% of the total steps (i.e. 1%
of the training set) used for warmup and early stop-
ping with a patience of 10.
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Menerba (Minerve en francés) es una comuna lengadociana situada dins lo departament d’Erau e la region d’Occitania,
ancianament de Lengadoc-Rosselhon.

Menérba (Minerve in French) is a Languedocian municipality located in the Hérault departement and the Occitania
region, formerly Languedoc-Roussillon.

Barcilona o benleu Barciloneta (Barcelonnette en francés) es una comuna provengala situada dins lo departament deis
Aups d’Auta Provenca e la region de Provenca-Aups-Costa d’ Azur.

Barcilona or maybe Barciloneta (Barcelonnette in French) is a Provence municipality located in the Alps of Upper
Provence departement and Provence-Alpes-Cote d’Azur region.

Lo Puget Tenier (Lou Puget-Teniés en norma mistralenca; Puget-Théniers en francés) es una comuna d’Occitania, dins
lo Pafs Nigard e lo departament dei Aups Maritims.

Lo Puget Tenier (Lou Puget-Teniés in the mistralian norm; Puget-Théniers in French) is a municipality of Occitania, in
the County of Nice and the departement of Maritime Alps.

Chastelnou de Bordeta (Chateauneuf-de-Bordette en francés) es una comuna occitana de Daufinat situaa dins lo
departament de Droma e la region d’ Auvernhe-Rose-Aups, ancianament de Rose-Aups.

Chastelnou de Bordeta (Chdteauneuf-de-Bordette in French) is an Occitan municipality of Dauphiny located in the
Droéme departement and the Auvergne-Rhone-Alpes region, formerly Rhone-Alpes.

Mauriac (Mauriac en francés) z-es ‘na comuna d’ Auvernhe ; z-es administrada pel departament delh Chantal de la region
d’ Auvernhe-Rose-Aups, ancianament d’ Auvernhe.

Mauriac (Mauriac in French) is an Auvergnat municipality ; it is administrated by the Cantal departement of Auvergne-
Rhone-Alpes region, formerly Auvergne.

Lo territori de la comuna de Sent Deunis fuguet ’bitat desja la Preistoria. Ne’n tesmonha lo dolmen situat entre lo vilatge
de la Valada e la D 979, qui fuguet fortament bimat en 1862 e completament destruch en 1902.

The territory of Sent Deunis municipality was already inhabited during Prehistory. This is testified by the dolmen located
between the village of La Valada and the D 979 [road], which was strongly damaged in 1862 and completely destroyed
in 1902.

Biriato (Biriatu en basco, Biriatou en francés) qu’ei ua comuna de la provincia tradicionau de Labord, administrada peu
departament deus Pirenéus Atlantics dens la region de Navera Aquitania, ancianament d’ Aquitania.

Biriato (Biriatu in Basque, Biriatou in French) is a municipality of the traditional province of Labord, administrated by
the Pyrénées Atlantiques department in New Aquitaine region, formerly Aquitaine.

Les (en catalan: Lés) ei ua vila e municipi dera Val d’ Aran, en eth tercon de Quate Locs, ath marge deth riu Garona.
Les (in Catalan: Lés) is a city and municipality of the Val d’Aran, in the district of Quate Locs, along the Garonne river.

Table 11: Excerpts from OcWikiDialects with their translation into English.
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