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Abstract

With the passage of time and the rapid development of Internet technology, how to obtain useful
information from a large amount of text data has become a new challenge. Named entity recogni-
tion is an important task in information extraction and information retrieval, and its purpose is to
identify and classify the components that represent named entities in the text. It is widely used
and plays an important role in many fields such as spam filtering, opinion analysis and message
classification. Taking into account the advantages of using adversarial generation networks to
better learn the feature distribution of sample data and the advantages of using variational au-
toencoders to better approximate real samples, this article uses the form of adversarial networks
to separate the two current stages. The advanced models with characteristics are combined to de-
sign a named entity recognition algorithm model based on adversarial generative network to im-
prove the accuracy and effectiveness of feature extraction.
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Figure 1. Research trends in named entity recognition
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Figure 2. Named entity recognition algorithm model based on generative adversarial network
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Figure 3. Generator G1
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Figure 5. Discriminator network D1
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Figure 6. Discriminator network D2
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Figure 8. BiLSTM model based on adversarial generation network
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