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Abstract

Deep learning models have become one of the core
technologies for handling complex language tasks in
the field of modern natural language processing,
particularly excelling in part-of-speech tagging, where
they automatically identify and label the part of speech
for each word in a text according to a predefined set of
tags. This study employs two bidirectional neural
network models, BILSTM and BERT, to compare their

effectiveness in POS tagging for the Sixian and Hailu
Hakka data sourced from Taiwan Hakka Corpus. K-
Folds cross-validation is applied in both models to
evaluate performance, calculating the average loss and
accuracy for the validation and test sets of Hakka data.
Experimental results indicate that both models achieve
an accuracy rate of approximately 93% in POS tagging,
demonstrating excellent tagging performance and
highlighting the potential value of deep learning
technology in processing Taiwan Hakka language.

Keywords : Natural Language Processing, Deep
Learning, Bidirectional Neural Networks, Part-of-
speech Tagging, Taiwan Hakka Corpus
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