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Named entity recognition method based on video resources and
WoBERT-AT-BiLSTM-CRF

LIU Yang, TANG Hai, ZHU Menghan, XU Hongsheng

(School of Electrical and Information Engineering, Hubei University of Automotive Technology, Shiyan 442002, Hubei, China)

Abstract: Aiming at the lack of named entity recognition data sets in the field of education, this paper proposes using video
resources to construct corresponding subject datasets. The traditional speech recognition model has a high word error rate, which is
difficult to deal with long sequences. The end-to—end speech recognition model Whisper is proposed. A WoBERT-AT-BiLSTM-
CRF named entity recognition method based on word is proposed to solve the problems of error accumulation and entity diversity in
entity recognition. The data set learns word vectors with contextual semantic information through WoBERT pre—training model, and
adds adversarial training to generate adversarial samples to improve the robustness of the model, then obtains comprehensive text
representation through BiLSTM. Finally, CRF is used to further optimize the named entity recognition results by using the
correlation between sequence annotations. The experimental results show that WoBERT - AT-BiLSTM —-CRF model is superior to
other comparison models. The accuracy rate, recall rate and F, value of this model are 94. 21%, 94. 39% and 94. 30%,
respectively, indicating the feasibility of this method and providing a new scheme for constructing named entities in the field of
education.
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Table 6 Model identification results before and after optimization
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