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Cross-Domain Approaches
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How to train a model to distinguish language varieties

Delexicalization

Our initial models relied on context terms like locations and person names to classify
language variety, rather than linguistic differences. To mitigate this bias, we explored
delexicalization as a hyperparameter, replacing named entities and part of speech elements
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Portuguese as a Case Study

Although Portuguese is not considered as a low-resource language, most available digital and
textual resources are in Brazilian Portuguese.
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This predominance skews the performance of natural language processing models, which
often struggle to generalize to other varieties, particularly European Portuguese. The lack of

balanced datasets limits the applicability of these models in domains where formal European 100 33 100 49
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Our results show that both N-gram and BERT models benefit from delexicalization, improving
cross-domain generalization by reducing reliance on named entities and thematic content.
Models trained with this approach achieved higher F1 scores, demonstrating its effectiveness
in Portuguese variety classification.
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