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Abstract: As a basic component of the semantic knowledge base and knowledge graph, named entity recognition plays an
important role in intelligent system construction and science & technology intelligence services. In recent years, the deep learning

method that excels in feature extraction depth and model accuracy has surpassed the traditional method, but both traditional
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machine learning and neural network methods rely on a large amount of labeled resources to train the model. Since the existing

research rarely discusses the sparsely labeled data problem, this paper comprehensively summarizes the sparsely labeled data

named entity recognition methods. Specifically, according to the learning logic of data, model, feature, knowledge, we divide

these methods into four categories: the methods based on data augmentation, model migration, feature transformation, knowledge

linkage. And then, we analyze and compare these categories. In addition, we integrated data resources and evaluation of typical

methods, and finally predict the possible future development direction.

Keywords: Named entity recognition; deep learning; transfer learning; science & technology Intelligence
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