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Latent Factor model based on transfer learning and neural networks
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[ Abstract] Latent Factor (LF) model is one of the effective methods to solve the problem of filling missing information in large—
scale sparse data. However, the traditional LF model and most of its variants only consider a single form of target data set, and the
model has many training iterations and slow convergence speed, which makes it difficult to meet the real-time requirements of rapid
response. To solve these problems, this paper innovatively proposes a so—called transfer learning incorporated and neural network LF
(TL-NNLF) model that integrates transfer learning and neural networks, which comprehensively considers the prediction accuracy
and the training time of the model. On the one hand, the relationship between known information can be fully explored by
transferring the shared potential information under different rating patterns, so as to carry out better learning of feature representation.
On the other hand, neural network is introduced to alleviate the model training burden caused by the introduction of additional rating
domain, which can improve the model training speed while ensuring satisfactory prediction accuracy. Finally, experimental results
on real data sets show that compared with other classical LF models, the TL-NNLF model proposed in this paper can greatly reduce
the model training time on the premise of guaranteeing the prediction accuracy.
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