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Lattice Named Entity Recognition Based on Global Nodes and Multi<fragments
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[ Abstract] A lattice Named Entity Recognition (NER) model that combines global'nodes and multiple fragments is
proposed to address the high demand for annotation data in existing NER models and the high cost of annotation
incurred by manual‘word segmentation in active learning-based: NER' models. The fully connected structure of the
Transformer is replaced with a global node and multi-fragment structure, where each node performs only attention
calculations with the constructed context vector. The global and“fragmented nodes obtain global and local information
separately, thereby reducing the demand for annotated data. The Flat-Lattice structure is improved to solve the problem
of word segmentation in existing active learning strategies,thereby reducing the cost of data annotation and ensuring
model performance. The experimental results on four datasets,namely MSRA , OntoNotes 5.0, Weibo, and PeopleDaily,
show that compared with the FLAT model, the proposed model reduces the amount of annotated data required to reach
the corresponding F1 threshold by 39.90%,2.17%:,34.60% ,and 35.67% ,respectively.
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Fig.1 Structure of lattice named entity recognition model based on global nodes and multi-fragments
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Fig.3 Ablation experimental results
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