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Multi-view Attentional Approach to Single-fact Knowledge-based Question Answering

LUO Da SU Jin-dian LI Peng-fei

(School of Computer Science and Engineering,South China University of Technology,Guangzhou 511400, China)

Abstract Knowledge base question answering (KB-QA) has received extensive attention in recent years,and becomes
an important natural language processing task. In the knowledge base question answering task,simple question refers to
the question that can be answered by a single-fact of the knowledge base. For this task,the existing approaches mainly
map the question and the KB fact into a common vector space and calculate their similarity to get the answer. But this
approach would lose part of the semantic interaction information of the original words. To solve this problem,a multi-
view attention-based relation detection approach was proposed, which aims to model the correlation between the ques-
tion and the KB relation from multiple perspectives,and preserves more original interaction information so as to improve
the accuracy of the approach. In addition.in order to alleviate the impacts of noisy data and improve the accuracy of enti-
ty recognition,this paper also encoded the question by combining the dynamic word vectors based on the language model
and the part-of-speech feature of the word during the process of entity linking. Finally, experiments conducted on the
SimpleQuestions dataset based on FB2M and FB5M achieve the accuracy results of 78. 9% and 78. 3% , respectively,
which illustrative the effectiveness of the proposed approach for reflecting the semantic correlation between the question
and the KB relation,and reflect the improvements of the accuracy for single-fact KBQA.
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Table 4 Accuracies of sequence labeling models

#A HFRR EHE Y
Clo-CRF 91.2
Cfo-RNN-CRF 95.5
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Table 5 Recall of Top K candidate entities
CBLAT . 95)

Top  Golub(2016) Yin(2016)  Qu(2018) E S

1 52.9 73.6 74.5 74.6

5 — 85.0 86.0 86. 4

10 74.0 87. 4 88.5 89.2

20 77.8 88.8 90. 2 91.3

50 82.0 90. 4 91.9 93.1

100 85.4 91.6 93.1 94.3
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T3 1 H A ] T T A 2 45 1 O B b A R SR il B S AL A
F|f Topl — Topl00 Ay SEHR 1 M K Lk Golub %5 Y n-gram
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Table 6  Accuracies on SimpleQuestions relation detection tasks
A KRG R EHE/%
BiCNN EET 90.0
AMPCNN ERtE el 91.3
HR-BiLSTM B BR 4 xR R 93.3
AR-SMCNN B B Ak R A 93.7

Ours (scorel +score2+

score3 -+ scored) LR R Sl &l 93.5
Ours(without scorel) B 9E R G+ % R R 92.5
Ours(without score2 and score3) ER R IR ¢ 93.1
Ours(without score4) 898 R B+ % R R 92.9
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W56 R U050 ML P AL RESE T R . e Ah B
5 45 P P4 A TR R R 7. 2 AN R G R L I A SO S M B
R 14 45 5t e 45 A ) SO 6 17 18, 8 MR SE R LX) R
R AL R Y L MR RE TR T AR R EER . R T XTI
TR I £ B TR S HLE YOG R K TR R AR-
SMCNN, H AR-SMCNN #4555 py 3 F 75 2 JF A AG o
F) 26 Z K DU A A5 BT A5 2 /Y .

T OANIE] S F A B AL AR SO AR HE A5 R b i v A

Table 7 Accuracies of different relation detection models on

entity-linking results

HA BEHRE/ N
AR-SMCNN 90.5
AR A A WA A 90.9

N 7 AT LA W, B AR SCHR R A ST AR R 4 O TR 6 R
AR Yy 2 M i ) R R e FEARE R R B MG LT L A S0
SR BB T AR-SMCNN B 20, ok 5 R 7 T
0.4% . AT N ix 3 FJE R N F I 3 F £ B 2 1 HLH
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[ 70 (RS ) 3 A ) B T K () R G 2R 1 A OG 1 g
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