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[ Abstract] As the missing data estimation method based on Probabilistic Matrix Factorization (PMF) model on large—scale sparse
data is prone to overfitting and long iterative training time, this paper innovatively proposes a so—called instance — frequency —
weighted regularization incorporated and neural network PMF (IR-NNPMF) model that combines instance —frequency — weighted
Regularization (IR) and Neural Network (NN). On the one hand, the unbalanced distribution of known data in the data matrix is
fully considered to improve the generalization ability and prediction accuracy of the model, and the regularization parameters are
weighted according to the instance frequency related to latent factors. On the other hand, neural network is introduced to alleviate the
time consumption caused by iterative training, which can improve the prediction accuracy of the model while reducing the model
training time. Finally, experimental results on four real data sets show that compared with the classical PMF models with standard L,
regularization or traditional gradient descent training algorithm, the proposed IR-NNPMF model can greatly improve the prediction
accuracy and training speed of the model.
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Tab. 3 Lowest prediction error achieved by models M, ~M; and the corresponding time costs on D, ~D,
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M, 0314 97(2) 139.679 1(2) 0.261 54(2) 139.679 1(2) 2 0.302 37(2) 56.829 5(3) 0.238 12(2) 50.359 2(3) 2.5
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