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[ Abstract] Traditional automatic question answering methods mostly tely on priori information such as predicate to
realize knowledge base question answering, which is labor-intensivejand leads to poor generalization performance. To
address the problem, this paper proposes a KBQA method for weak dependency information.The method uses BERT in
combination with the BiLSTM-CRF network to extract the named entity in a question. Then, it locates the triple
information related to the entity in the knowledge base, and/uses the answer matching network to give similarity scores
to the answers in the triple set. Finally, it uses the thresholdsselection strategy to select the answer set that meets the
requirements, and the answers are sorted according\to the similarity before being presented to the user. Experimental
results show that the method weakens the dependenee\on priori information, and reduces the manual intervention while
ensuring the quality of KBQA.It achieves an”F1"score of 87.05% on the NLPCC-ICCPOL-2016KBQA data set.
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Fig.1 Overall process of knowledge base question

answering
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Fig.4 Result of entity annotation
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Fig.5 Network model of named entity recognition
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Fig.6 Network model of answer matching
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Table 2 Hyperparameters setting of

named entity recognition

K I fH
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Table 3 Test results of named entity recognition %
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Pl RS 100.00 99.99 100.00 100.00
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Table 4 Dataset size of answer matching
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Table 5 Test results of answer matching %
LGRS iRTIES AUC
HERS 99.41 98.64
iV & 96.46 87.55
UGS 92.58 86.27
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Table 6 Question answering results without threshold

selection mechanism %
gk F1 /34
Il 25 4k 95.28
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Table 7 Question answering results of development set

with different similarity thresholds %
HEALLE 13 i Uit ES Tl 2 F1 34
1072 86.37 89.61 87.96
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107 85.61 90.95 88.20
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Table 8 Final results of knowledge base
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Table/9 Automatic question answering results of

question answering %
LGRS i f % PEN IS F1 4%
=S 93.03 95.69 94.34
A 85.61 90.95 88.20
MR 84.59 89.65 87.05

ten methods %

Eqygl 7] % )5 12 MR 4L F15r 40
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NEU(NLP Lab) 72.72
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InsunKBQA 81.35
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WenRichard 84.71
A7k 87.05
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