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Fusion Algorithm for Matrix Completion Prediction Based on Probabilistic Meta-learning

QI Xiu-xiu, WANG Jia-hao, LI Wen-xiong and ZHOU Fan

School of Information and Software Engineering, University of Electronic Science and Technology of China,Chengdu 610054, China

Abstract With the rapid development of Internet social media, using recommendation algorithms to effectively model and filter
massive amounts of information has become the key to predict user behavior preferences,hot spot tendency,network security si-
tuation and other issues. At the same time,with the development of deep learning.graph neural network model has achieved good
results in solving the dense graph structure data in recommendation system. Collaborative filtering algorithm,as the most widely
used recommendation algorithm, uses user-item group interaction data to predict users’ future preferences and item ratings. How-
ever,existing recommendation algorithms still face the problems of data sparseness and cold start,and lack of a good quantifica-
tion of uncertainty. This paper proposes an inductive matrix completion prediction fusion algorithm based on probabilistic meta-
learning(MetalIMC) , which re-characterizes meta-learning from the perspective of Bayesian inference, builds a robust GNN-meta-
learning model,and makes full use of data priors to build solutions for learning new tasks from sparse data. Firstly, MetalMC can
effectively use variational Bayesian inference to obtain the prior distribution,alleviate the uncertainty and ambiguity in the meta-
model task training.and further improve the generalization ability of the model. Secondly,MetalMC can implement new user reco-
mmendations and solve the cold start problem without any user side information. Finally.in the two scenarios of traditional matrix
completion and user cold start,the performance of the model is evaluated by using three public datasets of Flixster, Douban and
Yahoo_music, which verifies the effectiveness of MetalMC on traditional matrix completion task,and achieves the best perform-
ance on the cold start problem.

Keywords Recommendation system,Matrix completion, Graph neural network,Meta-learning, Variational Bayesian inference
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Datasets Yahoo_music Flixster Douban
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Density 0.0006 0.0029 0.0152
Rating types 1~100 0.5~5.0 1~5
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Table 4 Comparison of RMSE results of cold start experiment

Method s-info Yahoo_music Flixster Douban
sRGCNN N 22.736 0.909 0.808
F-EAE X 23.314 1.102 0.831
IGMC X 22.937 1. 007 0. 810
MAML X 18.131 0.947 0.853
ABML X 17.761 0.813 0.802
MetalMC X 15.423 0. 740 0.787

4.3.3

BB R B Y AT

Table 2 Comparison of RMSE results of MC experiment
Method s-info Yahoo_mMusic  Flixster Douban
GRALS NG 38.0 1. 245 0.833
sRGCNN N 22.4 0.926 0.801
GC-MC N 20.5 0.917 0.734
1GC-MC X 20.3 0.937 0.908
F-EAE X 20.0 0.908 0.738
1IGMC X 19.1 0.872 0.721
MetalMC X 19.7 0. 886 0.752
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Table 3 Data allocation under meta-learning settings
Datasets Uy, /U R, /R¢.
Yahoo_music 183/20 2921/315
Flixster 352/50 12904/1756
Douban 1836/180 102402/10240
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Fig. 3 Influence of hyperparameters on MetalMC
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