Adversarial Learning on Heterogeneous Information Networks
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Heterogeneous Information Network (HIN)
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Adversarial Learning (or GAN)
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HeGAN : The Proposed Model

HIN Embeddng with GAN based Adversarial Learning (HeGAN)

and efficiency of HeGAN
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Datasets Node Classification
Datasets || #Nodes | #Edges | #Node types | #Labels N DBLP Yelp AMiner Adversarial Learning
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