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Academic Knowledge Graph-based Research for Auxiliary Innovation Technology

ZHONG Jiang', YIN Hong' and ZHANG Jian®
1 College of Computer Science,Chongging University, Chongqing 400044, China

2 Chongging Xixintianyuan Data Information Co. ,Ltd. sChongqing 401121, China

Abstract Due to the rapid updating of computer knowledge with many ambiguities,it is difficult for students to seek reasonable
solutions for independent innovation. As an auxiliary innovation tool,intelligent question-answering system can help students to
grasp the frontier of subject development,find out solutions for problems faster and precisely. In this paper,a knowledge graph of
scientific research is constructed based on a large-scale database of scientific and technological documents, which realizes an intel-
ligent question answering system for assisting students in innovation. In order to reduce the influence of noisy entities on query
questions, this paper proposes an auxiliary task enhanced intent information for question answering in computer domain( ATEI-
QA). Compared with the traditional method, this method can extract the question intention information more accurately and fur-
ther reduce the influence of noisy entity on intention recognition. Additionally, we conduct a series of experimental studies on
computer and common datasets.and compare with three mainstream methods. Finally,experimental results demonstrate that our
model achieves significant improvements against with three baselines,improving MAP and MRR scores by average of 3.27%,
1.72% in the computer dataset and 4. 37 % ,2. 81% in the common dataset respectively.

Keywords Question answering, Knowledge graph,Intent recognition.Deep learning
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Table 1 Basic statistics of dataset
Question avg-len Answer avg-len

Train 12.23 6.07

Validation 11.93 6.36

Test 12.01 6.12
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Table 2 Experimental parameter settings

LS HEE BAE
word embedding size 300
LSTM/GCN hidden size 200
LSTM layer 1
GCN layer 3
learning rate 0.0001
Ir decay 0.05

4.2 HEEMERE XS LR S

Sk B AS R A B L 43 900 A 8 U AR TrecQATS T
BT EIE £ CF-QA LilFT T35, TrecQA il £ 2
TREC B4t i 20 IF 0] 225 B4 3L m 40 3 70 OB =X 0 o
£, W2 TRAIN fl TRAIN-ALL, TRAIN 3 % 10 A &%
PE N T AR TE W TRAIN-ALL 50305 45 i A 2%t 258 5t
E DU VG ¢ ) SR 25 28 B Bh 3G E AR IE . AR SCIR] B 7R 3P A B
& SRR R

P ITR A R 5 CA BR M U AR Lt T . 25
it EU AR R fu 5 3 20 LR IR K R B 1) 2 F 38 I 1 P
PR, 1) Yang 85000 $2 (45 BURH 48 190 4 X 10] /) 30047 4
1 [t 51 AT L2 2D R i SUAE 25 2) Yu
SR R L T2 Wk 25 LSTM Y 77 3 % 1) 1) 4T 4 1 5
3)Sachan ZE0) & H ] A R A 76 & [ 49) 1 BE b - A=
T2 o) ), TR A S A L R 24 %5 4) Huang™ T 2
H SR FH 28 T3 R 3 ML Al AR 18 28 ) =2 ) A a2 LA R #E—
2 SRR A R LR

X LU AR T 55 BT B AT R AE BT A BOHR A b 0 Ak R M e a0
F 3.k 4 FiA). Hd, ATEFQA FoR BRG] AT 4 BT &5
HEATR LI 2% , Un-ATEFQA 3 /R% 858 8 K 5] A i B AT: 45 itk
BRI, EARP AR AELRESE LN TREERAT
TR R DDA 55 A etk . AR 3.3 4 W LUE ), 72 3l 1 4
IRURR S S, I AR AR MR R AR L SRR AL T —
BT, M 4 AN B R, ATEFQA £ TRAIN-ALL Fi
TRAIN W 4 548 4 F 89 MAP i 5 MRR {8 ¥ ¥ 42 J)
3.84% 1 1.56% .2.48% F 2. 64 % ; ¥ CF-QA %t 4 b
W) MAP {65 MRR{E V¥ # 7t 2. 4186 1. 56 % . [Al#,
AR Z B, JC i 2 E T A B AR 55, BT SRR T Y
PERE A — E By TH, H MAP i fl MRR i s & 4271 7
7.2% M4, 79%

# 3 TrecQA L 4E R

Table 3 Experimental results on TrecQA

Models TRAIN-ALL TRAIN

MAP MRR MAP MRR
Yang'?") 0.7495  0.8109  0.7417  0.8102
Yul21] 0.7613 0.8312 0.7701 0.8218

Sachan'??] 0.7980  0.8540 - —
IKAAS 0.8237  0.8681  0.7843  0.8544
Un-ATEIFQA  0.8013  0.8519  0.7985  0.8482
ATELI-QA 0.8215  0.8523  0.7914  0.8579

* 4 CF-QA SR E5 R
Table 4 Experimental results on CF-QA

Model CFQA
MAP MRR
Yangt?" 0.7301  0.7918
yul?! 0.7577  0.8053
Sachant?? 0.7611  0.8172
IKAASHY! 0.7705  0.8013
Un-ATEI-QA 0.7762  0.7814
ATEI-QA 0.7824  0.8221
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Table 5 Typical task of intelligent QA
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Fig. 4 Display of intelligent QA

HERE AN TR B 5 B il i 5 408 i
B AR R A R BUR = oo MR T S LA R R
VL, 35 1) P 2 1130 68 DL A4 1) B0 4 A, AR B 4
SCIHR BE IR AR S5 A 25 AN FE . TE M A IR A AL 51T 4 Bl
552 > [7) ) G L 2% 7 o O 2 R 0B Rl T 00 45 40 4 1
AT T SE8e . SRURAE AR IR W, T B AR R A Oy o o B T
5] /) 2 L 3 LA (] st 1o FH T 4 S 4003 R 40 . R, A
A2 5 L 4 I )] R 2 8 AT R R 9 R IR AR A B
PR ER A R e . B TR — 2 TR, RAITE S &
FA P AT R AR B 455 B BEAT B9, i — A0 48 v RN Y
iR

£ % X M

[1] PRAGER ] M. Open-Domain Question-Answering [ ] ] Founda-
tion and Trends in Information Retrieval,2006,1(2):91-231.

[2] SUN H,DHINGRA B.,ZAHEER M, et al. Open Domain Ques-
tion Answering Using Early Fusion of Knowledge Bases and
Text[C]/ Proceedings of the 2018 Conference on Empirical
Methods in Natural Language Processing. 2018:4231-4242.

[3] TONG P,ZHANG Q,YAO J. Leveraging domain context for

question answering over knowledge graph[ ]J]. Data Science and
Engineering,2019,4(4) :323-335.

[4] LIANG Z P,JI Z,LIU X L. Research on Question and Answer
System of Paper Template[ ] ]. Journal of Shenzhen University:
Science and Technology Edition,2007,24(3) :281-285.

[5] YAO X,VAN D B. Information extraction over structured data:
Question answering with freebase[ C]// Proceedings of the 52nd
Annual Meeting of the Association for Computational Linguis-
tics. 2014 :956-966.

[6] BORDES A,CHOPRA S,WESTON ]. Question Answering
with Subgraph Embeddings[ C] // Proceedings of the 2014 Con-
ference on Empirical Methods in Natural Language Processing
(EMNLP). 2014:615-620.

[7] DONG L,WEI F,ZHOU M,et al. Question answering over
freebase with multicolumn convolutional neural networks[ C]//
Proceedings of the 53rd Annual Meeting of the Association for
Computational Linguistics and the 7th International Joint Con-
ference on Natural Language Processing. 2015:260-269.

[8] HAO Y,ZHANG Y,LIU K,et al. An end-to-end model for
question answering over knowledge base with cross-attention

combining global knowledge[ C] // Proceedings of the 55th An-



K 8 T 2 R IR B9 4 B BB R BT 5

199

[10]

[11]

[12]

[13]

[14]

[16]

[17]

nual Meeting of the Association for Computational Linguistics.
2017.221-231.

XU K,REDDY S.FENG Y,et al. Question Answering on Free-
base via Relation Extraction and Textual Evidence[ C] // Pro-
ceedings of the 54th Annual Meeting of the Association for
Computational Linguistics(Long Papers). 2016:2326-2336.
SAXENA A, TRIPATHI A, TALUKDAR P. Improving Multi-
hop Question Answering over Knowledge Graphs using Know-
ledge Base Embeddings[ C] // Proceedings of the 58th Annual
Meeting of the Association for Computational Linguistics. 2020 :
4498-4507.

JIANG H,YANG B,JIN L,et al. A BERT-Bi-LSTM-Based
Knowledge Graph Question Answering Method[ C] // 2021 In-
ternational Conference on Communications, Information System
and Computer Engineering (CISCE). IEEE,2021:308-312.
KACUPA]J E, PLEPI J,SINGH K, et al. Conversational ques-
tion answering over knowledge graphs with transformer and
graph attention networks[ J]. arXiv:2104. 01569,2021.

XIONG H,WANG S, TANG M, et al. Knowledge Graph Ques-
tion Answering with semantic oriented fusion model[]J]. Know-
ledge-Based Systems,2021,221:106954.

WU P,WU Y,WU L,et al. Modeling Global Semantics for
Question Answering over Knowledge Bases[]]. arXiv: 2101.
01510,2021.

SCHLICHTKRULL M, KIPF T N,BLOEM P, et al. Modeling
relational data with graph convolutional networks[ C]J // Euro-
pean Semantic Web Conference. Cham: Springer,2018:593-607.
HJELM R D,FEDOROV A,LAVOIE-MARCHILDON S, et al.
Learning deep representations by mutual information estimation
and maximization[ ] ]. arXiv:1808. 06670,2018.

KIPF T N,WELLING M. Semi-supervised classification with

[18]

[19]

[20]

[21]

[22]

graph convolutional networks[J]. arXiv:1609.02907.,2016.
WANG M,SMITH N A,.MITAMURA T. What is the Jeopardy
model? A quasi-synchronous grammar for QA[ C]// Proceedings
of the 2007 Joint Conference on Empirical Methods in Natural
Language Processing and Computational Natural Language
Learning(EMNLP-CoNLL). 2007:22-32.

HUANG W Y. Deep Neural Networks for Legal Question An-
swering Based on Knowledge Graph[ D]. Beijing: University of
Chinese Academy of Sciences,2020.

YANG L,Al Q,GUO J,et al. aNMM:Ranking short answer
texts with attention-based neural matching model[ C] // Procee-
dings of the 25th ACM International Conference on Information
and Knowledge Management. 2016 :287-296.

YU M, YIN W,HASAN K S, et al. Improved neural relation de-
tection for knowledge base question answering[ ] . arXiv:1704.
06194,2017.

SACHAN M, XING E. Self-training for jointly learning to ask
and answer questions| C // Proceedings of the 2018 Conference
of the North American Chapter of the Association for Computa-

tional Linguistics: Human Language Technologies. 2018 629-

640.

ZHONG Jiang, born in 1974, Ph.D, pro-
fessor. His main research interests in-
clude natural language processing, big
data analysis and mining,cloud and net-

work integration technology.

(GUAL G 3 2 W)



