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Abstract; Prompt-based fine-tuning was a new direction to improve the performance of domain specific
named entity recognition (NER). However, the existing methods faced challenges such as the need of
manual template construction, lengthy prompt information, and fixed prompt templates. To address these
issues, a method combined prompt learning with expert knowledge was proposed in the field of domain
specific named entity recognition. Firstly, by introducing the bootstrapping algorithm, potential entities
were automatically identified. And the string matching algorithm used in the process of obtaining unanno-
tated entity types from the same context was improved to obtain more prompt information templates. Next,
expert knowledge from the domain ontology was introduced to address the reliability concerns associated
with prompt information. Simultaneously, first-order predicate logic was used to represent prompt infor-
mation and to improve the representation of prompt information. Finally, with experiments on finance
dataset and information security dataset, the method was verified to improve the performance of domain
specific named entity recognition effectively.
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Figure 1 Model architecture diagram
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Table 1 Performance evaluation of methods on datasets in the finance and cybersecurity domains
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Table 2 F1 scores of different models with different training set ratios

Dataset | Dataset I
R
100% 50% 30% 20% 10% 100% 50% 30% 20% 10%
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Table 3 Statistical information of keywords set and the memory occupancy with different algorithms
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