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Table 1 The accuracy of each model in relation detection task on SimpleQuestions and WebQSP
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%) (¢Z3)
1 BiCNN char-3-gram 90. 00 77.74
2 AMPCNN word level 91. 30 -
3 BiLSTM (w/words) word level 91. 20 79.32
4 BiLSTM (w/relation names) relation level 88.90 78.96
5 HR-CNN word level + relation level 92.90 79.08
6 HR-BILSTM word level + relation level 93. 30 82.53
Multi- View Matching ( word embedding +  entity pair + abstract question + relation
7 , r + ab: 93. 69 86. 19
char embedding) name + tail entity type
8 Multi-View Matching (word embedding) cntity pair + abs“?“ qgcstion * 93.79 85.41
relation name + tail entity type
Note:" — " indicates that the model performance has not been experimentally verified on this data set,the bold font represents the best performance

of the compared models on this data set
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Table 2 Results of ablation experiment with Multi Feature View Matching model

w/o FAFHA

SimpleQuestions

J¥5 1D LR Model w/o character embedding %) WebQSP (%)
1 ( Q' ,Relation) Y 93.15 75.26
2 ( Q' ,Relation) N 93.27 75. 63
3 ( Q' .Relation + Type) Y 93.32 76. 41
4 ( Q' ,Relation + Type) N 93. 46 75.95
5 (Q ,Relation) ( Q , Type) Y 93.16 83.71
6 (Q' .Relation) ( Q' . Type) Y 93. 42 84.74
7 ( Q' ,Relation) ( Q" . Type) N 93.55 84. 86
8 [ (Entity Pair)( Q" ,Relation) ( Q" , Type) ], BIGRU Y 93.68 86. 05
9 [ (Entity Pair)( Q" ,Relation) ( Q" , Type)],BiGRU N 93.71 86.15
10 [ (Entity Pair)( Q" ,Relation) ( Q" , Type) ], BILSTM Y 93.73 86.19
11 [ (Entity Pair)( Q" ,Relation) ( Q" , Type) ], BILSTM N 93.79 85.91

Note: the bold font represents the best performance of the compared ablation experimental models on this data set
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Relation Detection Method Combining Question-Relation Atten-
tion and Feature View Matching

WANG Dong' s WANG Hairong'*"* ,CHE Miao',SUN Chong'
(1. College of Computer Science and Engineering, North Minzu University, Yinchuan, Ningxia, 750021, China;2. The Key Labora-

tory of Images &. Graphics Intelligent Processing of State Ethnic Affairs Commission, North Minzu University. Yinchuan, Ningx-
ia, 750021, China)

Abstract: As an advanced form of information retrieval,question answering system has become a research di-
rection that has received much attention in the field of artificial intelligence and natural language processing.
This article focuses on relation detection in Knowledge Graph Question Answering (KGQA) research. In
view of the problems that the existing methods fail to take into account global semantic and local semantic in-
formation and the low accuracy of complex problems,a relation detection method combining question-relation
attention and feature view matching is proposed. This method extracts multi-granularity features from ques-
tions and knowledge base,constructs the extracted features into feature pair view as the input of the relation
detection model. Bilateral Multi-Perspective Matching (BiMPM) is used to compare and match within the
view to obtain the relation prediction results. In order to verify the method proposed in this article, the accu-
racy of this method is improved by 3. 42 and 0. 45 percentage points respectively compared with the six main-
stream baseline methods on the SimpleQuestions and WebQSP datasets.

Key words: relation detection; question answering system;attention mechanism;information retrieval;feature

matching
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