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Abstract With the rapid development of natural language processing, constructing oriented national defense science
(ONDS) technology knowledge base has received more and more attention. The identification of technology and termi-
nology is fundamental for constructing ONDS technology knowledge base. To recognize technology and terminology,
this paper explored the application of subwords in the traditional Bi-LSTM-+ CRF sequence labeling model. In addition,
this paper proposed linguistic features to boost the performance. Experimental results on the annotated dataset show

that the proposed approach achieves 71. 8% F1 scores,with improvement of 3. 04 % over the baseline system,indicating

the effectiveness of the proposed approach in recognizing ONDS technology and terminology. Meanwhile, it also outper-

forms BERT-driven models in recognizing technology and terminology.
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has been developed in China since 1970s,and the first airborne

The Synthetic aperture radar (SAR) technology

SAR system was established in 1979 and obtained multiple
SAR images.
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Fig. 1 Word-based Bi-LSTM-+ CRF model
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Fig. 2 Char-based Bi-LSTM -+ CRF model
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Table 3 Experiment results of technology and terminology
identification
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Table 4 Identification results of each category
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Table 5 Boundary identification results of technology and
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Table 6 Experiment results of CoONLLO03 dataset
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