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correlations extraction module which can capture
and model the potential genre correlations.

graph convolution network to model the genre
correlations.
* We use a pre—trained BER

model to encode genre

Proposed Method names as semantic embedding and treat them as
genre node features.
Our proposed model consists of three modules: * The correlation matrix I1s obtained by calculating the

co—occurrence conditional probability and the cosine

music representation learning module, multi—modal
fusion module, and genre correlations extraction similarity between node features. (a) accuracy (b) F-measure
module




