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Research on CNN-based academic collaborator recommendation
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[ Abstract] With the rapid growth of the number and types of papers, more and more advanced tools are needed to help the
exploration of academic data, and the recommendation of collaborators has become the focus of research in recent years. In order to
solve this problem, this paper proposes an academic collaborator recommendation algorithm based on convolutional neural network.
Convolutional neural network ( CNN) is used to learn the situation features of the abstract, and the hidden layer features of
researcher topic matrix is learned through Probabilistic Matrix Factorization( PMF). Siamese Network is used to compare the feature
correlation between the two researchers, and the recommendation is based on the similarity between the features. Finally,
experiments show that the accuracy of this model is better than that of its comparative model.
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Tab. 1 Performance of recommended algorithm

Top-K@3  Top-K@6  Top-K@9  Top-K@ 12
LR 0.971 1.023 1.011 1.083
SDNE 0.842 0.996 0.914 0.869
ConvMF 0.710 0.782 0.757 0.734
TCCR 0.687 0.734 0.727 0.694
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Tab. 2 Impact of PMF on TCCR

Top—-K@3 Top-K@6 Top-K@9 Top-K@ 12

TCCR(JC PMF) 0.895 0.944 0.925 0.908
TCCR 0.687 0.734 0.727 0.694
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