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Joint Question Answering Model Based on Knowledge Representation

LIU Xiao-long, HAN Fang and WANG Zhi-jie

School of Information Science and Technology,Donghua University, Shanghai 201620, China
Abstract Question answering system based on knowledge base aims to extract answers directly from the knowledge base by par-
sing users’ natural language question sentences. Currently, most knowledge based question answering models follow the two
steps of entity detection and relationship recognition, but such methods ignore the structural information contained in the know-
ledge base and the connection between the two tasks. In this paper,a joint question answering model based on knowledge repre-
sentation is proposed. First,the knowledge representation model is used to map the entities and relationships in the knowledge
base to a low-dimensional vector space,then the question sentences are embedded into the same vector space through neural net-
work.and the entities in the question sentences are detected at the same time. The semantic similarity between knowledge base
triples and question sentences is measured in the vector space,so that knowledge base embedding and multi-task learning are in-
troduced into the task of knowledge based question answering. The experimental results show that the proposed model can great-
ly improve the training speed.and the accuracies of entity detection and relationship recognition task reach the mainstream level.
It is proved that knowledge embedding and multi-task learning can improve the performance of knowledge based question answe-
ring task.

Keywords Knowledge base question answering, Knowledge base embedding, Multi-task learning
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representation
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Table 1 Experimental dataset
FB2M Simple Questios
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Test n/a 21687
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Predicates 1963130 131681

SimpleQuestions 75 10 J7 4~ LL /Y a5 28 ) 851, 45 4 7]
BE T 8 T Freebase F1 89—~ = J0 40 , [ b 4 7 o] 0 55 2% 2=



244

Computer Science THEHLEIZ  Vol. 48, No. 6.June 2021

B MRS . AR SCIBE JF A ) J 8 v o e T o2 1 H P ) Sk 5
RFICR A AR AR
3.2 EREE

TERIR A B 43 A SCR ] TransE 8 36 JHAE
S A SRR S 250 ZE Ry ) s 7E ) AR A BB R T
Glove!"™ i il 2545 AL , B 7] A1) 119 45 4~ B3] ik A B 300 4 119 1]
WA MY B R R FAFICEE A3 H T Fuzzy” . B
T Pytorch L, IF R Adam BIEHTSHEH ., LK
ffi i Linux #2 1 & 4, CPU ® 5 & Intel i7-6700HQ @
2.6 GHz,GPU %54 NVIDIA GeForce GTX 1080,
3.3 EWHR

AT A SRR BT SimpleQuestion £ 48 A9 H1IR
J ) 28 5 vk HEAT TOX L S R gk 2 Al

2 2 SimpleQuestions H 55 F 45

Table 2 Results on SimpleQuestions dataset

Methods Precision/ % Improvement
Bordes et al. [7? 62.7 +20%
Yin et al. 117 68.3 +10.2%
Golub et al. 1] 70.9 +6.2%
Lukovnikov et al. 6] 71.2 F5.7%
Bao et al. [7] 72.8 +3.4%
Ours 75.3 —

— S G B R T F AE ER RC B AT R
T AR APT R H AW A 45 2R W] DLFEAR KRR BE Ik 0 4t
R HBL, B, 0L API B2 AL TER S8
SEAEIRA FI AR AR TR T A, B3R 2l LIR I DU 45
W8 1) DA R B 0] 28 1 A R 22 0 6 T S ARG T R O R
U B9 L 7K 2R 7 s 5 T A SCHR M A T 5 11 25 A58 78 it Ty o 3k
WAL BEAE T —#;2) 5 Huang F B A ML,
ASCHERFE LG B R S8 Sl T 5 HILF — R
WER R, H R 4R T — 2 30 0IE T B A 2 > B B % o 2R
AR 5 3) AR SCBL YA LY DA A AR Y A ME R B b A ()RR
B A BT KT,
3.4 HEHSW
3041 AR it B AR A LI 4 R )Y e

ST 5 G R e A X R TR 28 o R B A R TR
AR SCREALA BT R T I SR AOC R ) i, O T IRIEAS [
PR SRR i AR TR ) 552 6 45 L 1 5 1], A SR T g A W R
PR AR Trans HEV AT TransR&H 53 7 bR 0 45 2 41 46
TransE EHIFE — X £ 2 X — 20 2 H 5 IRk R
i EEBBOR A B A . L TransE M X REME L
BRIt N S Uy N N e NI S R M N
AR R ; TransR #F— 590 8 T TransH . B 3¢ R MLk
JHCAE AN [R) 1 1) B 4 R) oy s 9K i K S92 AR T e e S 0 0GR 1) AR
(] v A5 B 7 i A

AR 52 58 7 A TR) R0 TR R i AR B 1 28 SR 5k 3 BT 1

3 A TR H R iR AREA 14 25 SR

Table 3 Results of applying different knowledge base embedding
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