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Community detection is an important task to understand network structures. Non-negative Matrix Factoriza-
tion(NMF) is a useful method to discover the latent states of nodes or overlapping communties in the networks.
NMF is basically an unsupervised learning method. However, in practice we often have prior knowledge about
community memberships in a part of the network. The semi-supervised NMF method for community detection can
be used to integrate prior knowledge into the NMF process. In this paper, we propose a novel method based on
semi-supervised NMF. By combining the improved objective function and the gradient-based optimization method,
we have improved the performance of existing semi-supervised NMF. We implemented our method on Tensorflow
platform and performed experiments on real world networks. The empirical results show that our method outper-

form existing methods in term of accuracy.
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