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Abstract

The existing music recommendation model based on graph neural network ignores the weight dis-
tribution between the node itself and the neighborhood, and most models simply add or splice, which
does not fully exploit the differences of node characteristics. To solve the above problems, this paper
proposes a music recommendation model (MGWA) based on graph neural network with weighted
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aggregation. Firstly, a knowledge graph is constructed according to the behavior records of user in-
teraction. Then graph neural network enriches the project representation and spreads high-order
information by aggregating neighborhood information layer by layer. Especially, in the aggregation
stage, we use gating mechanism to assign weights to nodes themselves and their neighborhoods, so as
to better capture the node feature representation. In addition, the gating mechanism can dynamically
allocate weights according to the characteristics of nodes themselves and their neighbors, which
makes the aggregation method more flexible and learnable, thus better adapting to different graph
structures and node characteristics. Finally, this paper evaluates the performance of the proposed
model on real data sets, and compares it with the common recommended models. The experimental
results prove that our model has achieved improvement in AUC, F1 and other indicators.
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Figure 1. Overall structure of the model
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Table 1. Basic information statistics of the dataset
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