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platforms. At present, the more efficient relationship extraction algorithms are usually
supervised. However, such methods suffer from low text quality, scarcity of corpus, difficulty
in labeling data, low efficiency of feature engineering, and difficulty in extracting directional
relationships. Therefore, this paper studies the relation-extraction algorithm between
concepts based on an encyclopedic corpus and distant supervision methods. An attention
mechanism based on relational representation is proposed, which can extract the forward
relationship information between knowledge points. Combining the advantages of GCN and
LSTM, GCLSTM is proposed, which better extracts multipoint information in sentences.
Based on the attention mechanism of Transform architecture and relational representation,
a BTRE model suitable for the extraction of directional relationships is proposed, which
reduces the complexity of the model. Hence, a knowledge point relationship extraction
system is designed and implemented. The performance and efficiency of the model are
verified by designing three sets of comparative experiments.

Keywords: knowledge system construction, relation-extraction, attention mechanism,

distant supervisor, Transformer
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Tab. 3 Comparison of BTRE model with GCLSTM model and PCNN model

BRI RS ABEZE F1 AUC
PCNN 74.15% 65.83% 69.74% 0.548
GCLSTM 74.73% 69.33% 71.93% 0.569
BTRE 75.35% 70.07% 72.61% 0.623
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Fig.4 BTRE, GCLSTM, PCNN accuracy-recall rate curve
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Fig.5 Comparison of time consumption for BTRE, GCLSTM, PCNN, and Attn_BiLSTM
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Tab. 4 Comparison of the number of different sub-layers in the BTRE model

FTEHEN M2 FECIES F1 AUC WEEF1
1 68.78% 64.84% 66.75% 0.543 91.35%
2 75.35% 70.07% 72.61% 0.624 93.26%
3 71.05% 67.33% 69.14% 0.602 95.33%
4 69.90% 68.33% 69.10% 0.573 95.78%
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