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Abstract

The explosive growth of music libraries
has made music information retrieval and
recommendation a critical issue. Recom-
mendation systems based on music emo-
tion recognition are gradually gaining at-
tention. Most of the studies focus on au-
dio data rather than lyrics to build mod-
els of music emotion classification. In ad-
dition, because of the richness of English
language resources, most of the existing
studies are focused on English lyrics but
rarely on Chinese. For this reason, We pro-
pose an approach that uses the BERT pre-
training model and Transfer learning to im-
prove the emotion classification task of Chi-
nese lyrics. The following approaches were
used without any specific training for the
Chinese lyrics emotional classification task:
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(a) Using BERT, only can reach 50% of the
classification accuracy. (b) Using BERT
with transfer learning of CVAW, CVAP,
and CVAT datasets can achieve 71% clas-
sification accuracy.
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CVAT Transfer Learning

Label Precision Recall F1l-score
Q1 0.96 0.53 0.69
Q2 0.72 0.98 0.83
Q3 0.63 0.84 0.72
Q4 0.61 0.44 0.51

Accuracy 0.71

CVAT Training from Scratch

Label Precision Recall Fl-score

Q1 1.00 0.26 0.41

Q2 0.65 0.62 0.64

Q3 0.40 0.86 0.55

Q4 0.38 0.23 0.29

Accuracy 0.50
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