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Abstract: In response to the deficiencies of low efficiency and high costs associated with the existing manual diagno-
sis of injection molding product defects, this paper proposes a method for constructing a knowledge graph for injection
molding product defects and its application. The objective is to represent expert knowledge by using a knowledge graph
and utilize knowledge graph-based vertical retrieval techniques to address the difficulties in fault troubleshooting and lo-
calization. Firstly, a corpus of fault resolution solution texts is built based on the multiple heterogeneous sources, and a
knowledge ontology model is constructed. Secondly, a knowledge extraction model for unstructured texts is employed
to automatically extract relevant expert knowledge regarding product defects from the original corpus. Finally, the Neo4;
graph database is used to implement knowledge storage and the construction of a visualized knowledge graph. In the con-
structed knowledge graph, applications such as intelligent knowledge search, fault diagnosis, and process card analysis are
explored and implemented, demonstrating the promising application prospects of knowledge graph technology in the field
of injection molding.
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Fig. 1 Construction process of defect knowledge graph of injection molding product
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Table 7 Effect of relationship extraction

P/% R/% F1/%

BERT4BiLSTM-+CRF 7202 7282 7242
BERT-+ew-+BiLSTM+CRF 7196  73.05  72.50
BERT+BiLSTM+ 7102 7275 71.87
Self-Attention+CRF
Our_Model 72.63 7354  73.08
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Table 8 Entity recognition effect of People’s Daily dataset

LOC ORG PER
P/% R/% F1/% P/% RI/% Fl1/% P/% R/% Fl/%
BERT+BiLSTM+CRF 9329 94.66 9397 8822 90.26 89.23 96.26 96.15 96.21
BERT+-ew+BiLSTM+CRF 93.62 9483 9422 88.61 9127 8992 96.69 9643 96.56
BERT+BILSTM+Self-Attention+CRF  94.09 95.06 94.57 8892 91.87 90.37 96.71 96.87 96.79
Our_Model 9327 9521 9423 8797 91.14 89.52 9656 97.25 9691
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