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Bidding Document Named Entity Recognition Algorithm Based on Multi-head Attention
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Abstract The preparation and review of bidding documents play a crucial role in ensuring the smooth operation of the bidding
process. Entity recognition technology can notably enhance the accuracy and efficiency of information extraction. thereby impro-
ving the readability and retrievability of information during the review of bidding documents. However,due to the complexity of
the content and the presence of numerous specialized terms, recognizing long entities poses a significant challenge. Traditional
methods for named entity recognition(NER) perform poorly in addressing these issues. This paper proposes an NER approach
named Roberta-DFF-BILSTM-MHA-CRF, which integrates a multi-head attention mechanism, dictionary feature fusion,and the
Roberta-BiLSTM-CRF model. Utilizing Roberta as the input layer,this method enhances the capability to capture long-range de-
pendencies. The introduction of the multi-head self-attention mechanism improves the recognition of long entities. Meanwhile, in-
corporating domain-specific dictionary features addresses the issue of unclear term boundaries. Experimental results demonstrate
that the proposed model significantly boosts the accuracy and efficiency of information extraction in the context of NER for bid-
ding documents. When compared to the Bert-BiLSTM-CRF model, it achieves a 2. 49 percentage point improvement in precision,
a 4. 28 percentage point increase in recall,and a 3. 37 percentage point enhancement in F1 score. These improvements effectively
reduce time and labor costs,offering an efficient new solution for information extraction from bidding documents.

Keywords Entity recognition in tender documents, Multi-head attention,Dictionary feature fusion,Roberta
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Table 3 Comparison of experimental results
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Roberta-DFF-BiLSTM-MHA-CRF 78.21 81.53 79.84
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Fig. 5 Impact of different numbers of attention heads on the model
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Table 4 Results of ablation experiment
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A Precision  Recall F1
Roberta-DFF-BILSTM-MHA-CRF ~ 78. 21 81.53  79.84
MHA 77.02 79. 46 77.59
—BiLSTM 76. 84 80. 66 77. 81
—CRF 69.14 78.93 72.56
—DFF 74,52 78. 26 75.59
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