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Abstract:

der or higher-order approximation of nodes, but less on the attributes of network nodes. This paper proposes a nested genera-

The current network embedding researches focus more on the information network structure and first-or-

tive adversarial network model N-GAN(Nesting Generative Adversarial Networks for Network Embedding), which embeds
the network structure and nodes’ attributes into the low-dimensional vector at the same time, so as to preserve the feature of
the original high-dimensional information network maximumly. N-GAN model is flexible in design and has good extensibil-
ity and expansibility. The performance and stability of N-GAN model are verified on real datasets. The embedded low-di-

mensional representation of N-GAN model shows good performance in different tasks.
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