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Abstract

Translation: Knowledge-based question answering (KBQA) is an important component of question
answering systems. However, most existing KBQA systems primarily focus on answering simple
questions that involve single triple pattern queries, resulting in lower accuracy when it comes to
answering complex questions involving multiple entities and relationships. To improve the accu-
racy, this paper adopts contrastive learning to calculate semantic similarity and proposes a se-
mantic joint modeling framework that combines entity disambiguation and relationship matching
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tasks to avoid error propagation. The proposed method is evaluated on the CCKS2019KBQA data-
set, and the experimental results demonstrate that compared to the BERT model, the contrastive
learning model has a greater advantage in computing semantic similarity, and the effectiveness of
semantic joint modeling is superior to the approach of first performing entity disambiguation and
then relationship matching.
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Figure 1. Example of complex problem query
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Figure 2. Semantic-based knowledge base question answering approach
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Figure 3. BERT-BiLSTM-CRF model architecture
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Figure 4. Sentence-BERT model architecture
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Figure 5. ConSERT model architecture
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Figure 6. Framework diagram of a contrastive learning-based semantic fusion model
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Figure 7. Path expansion methods
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SPARQL #ifjiEH) select ?y where { ?x <{UERAE M><ibfif>. 2x <> ?y. }
s <P >
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Pycharm Community Edition 2020.2.5 x64. Python3.7 kx4, Tensorflow-gpu 1.14. Pytorch 1.7,
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Table 2. Entity named recognition performance
2. LB BIRBIBR

it P R F1
BiLSTM-CRF 0.7431 0.8108 0.7806
BERT-CRF 0.8367 0.8512 0.8358
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h COSENT MR B R fc i, H7E conSERT HLARL A AHTHIE .

Table 3. Accuracy of the entity disambiguation and relation matching joint task model
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Table 4. Evaluation results of the CCKS2019KBQA dataset
< 4. CCKS2019KBQA HiREEMITESLER

Y F11H
Sentence-BERT (Pipeline) 0.7158
conSERT (Pipeline) 0.7311
CoSENT (Pipeline) 0.7332
Sentence-BERT 0.7349
COnSERT 0.7375
CoSENT 0.7397
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