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Extraction method of multiple semantic relations in domain knowledge
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Abstract: For the fragmentary management needs of multi-modal, intelligent, refined, knowledgeable and reorganized
professional content resources in the knowledge service industry, how to efficiently generate and apply professional
knowledge to promote the innovation and development of the real economy has become a common strategic choice and
a challenging problem. Therefore, this paper studies the multi-relation classification system and knowledge relationship
labeling standard of content resources in eight strategic emerging industries, and develops a consistent multi-relation
classification description system for service-oriented professional content resources. Then an extraction model of multiple
semantic relations based on domain knowledge is proposed, which can distinguish various entities (e.g., knowledge,
information, resources, services, objects), and meet the requirements of automatic deframe, aggregation and intelligent
extraction among entities. A multi-level attention mechanism is used to highlight representational details. At the same
time, it designs and optimizes meta-attributes between the core source and the target in heterogeneous contexts through
the knowledge graph. Unlike previous baseline models, the proposed model structure supports end-to-end learning in the
specific domain without explicit dependence on external knowledge. The experiments show that the proposed method can
effectively improve the accuracy of the multi-relation classification and the efficiency of professional knowledge service.
Keywords: multiple semantic relation; domain knowledge; relation extraction; natural language processing; artificial
intelligence; deep learning
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1247 300 4 epochs, dropout 15 & 4 0.2. H H1200 4k
TESCA] RN HE B, ik B 20k R RS 4R R
S 2k 5 1 word2vec. A5 T 1 Ak 4 3 S B E AL
WIUGA, FRIE 22 AT R . i S 50n R
gpCGAFEX AL BAEFE) = 25; g.(BFUZ KN = 100051

(HHKPM= ZAEAFR)= 00Lp(FTF)=
0.000 1.

43 LIWER

AR ICR AL G Fy 53 3007 1 (LR F )
) FEHUE RO R PP 4B AR, I8 X M7 vk A]
HER PR AL 1 R, G0 N B

F recision X Frccall
Fy=2x =P x 100 %. (12)
! Fprecision + Frecall

4.3.1 Semeval-2010 FIEEK LI 4R

9 PEA Domul AetCNN A5 B L it 5G 6 1 e, 7
JG1E Semeval-2010 (Task 8) 4l 45 |5 5 25 9 Fl B 2k
BT AT A5 G0 R o0 R AR IR AT bL S, 4 Sk
4.

sz 6 2k B AT DL & I, Domul AttCNN #5272 4 G
B, R, VLR B4 Ge B T N THRHE ) SVM B AL
UK EN THRE, 315 TR m e, K R ER
82.2. H TAFHFIE N TPt o, ) 5 7= A A vl
(P 22 5 BT A 5, B W WL R AR AR .
TAHAE ) MVRNN #5441 SDP-LSTM 52 A4 181 3=
BLE I TR A SR A T SR R I e A
PEAZ RSB, SR, LIS T VA ) BT S A O S
A TR B 5% 21, LA X A 22 A i 4 15 25 TG DR Bk 1) 7 5
UNEPSEI AT - AR Rich R R il W ey R
— RO R TH R R T S Bl R ) 1 4 S n g R
. 2015 4, DR JE 27 2] J7 V210 R TR i 72 A2 11 ity 1) i
BT N A% G0 35 T SCRF ) S AL 0 A58 20 i J8F 0 0
1.9 % (4 b CR-CNN #574) . 3.4 % (% Lt depLCNN+NS
RREAY). F A T DAL, 3 e i 1 i P A 28 T A R A Y 4%
SER, TR A ) AT SR Rk T 8> N T SR, EH
St 4k AT LUK B, IR P 48 G5 R A7 AE R 13 B
B FR) 1 50, FL Pk B T i, 5 — 2R R B Y,
F I T B B AE B9 Mintz 32 %5 [8] )5 4 2B 5 3
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+POS, WordNet, prefixes and other morphological features,
N TRHEAR A svmi4 dependency parse, Levin classes, PropBank, FanmeNet, NomLex-Plus, 82.2
Google n-gram, paraphrases, TextRunner
MVRNN [ +POS, NER, WordNet 82.4
Hetr i .
SDP-LSTM ! +POS embeddings, WordNet embeddings, grammar relation embeddings 83.7
N CR-CNN 7! +Word embedding, POS embeddings 84.1
i ] By A5 Y
depLCNN+NS o +WordNet, words around nominals 85.6
Mintz 12! +KB, POS, dependency parse 67.6
TR B A
PCNN 13 +KB, Word embedding, POS embeddings 75.0
R . PCNN+ATT !4 +Attention, Word embedding, POS embeddings 80.7
TERE FILH R
SEE-TRANS [15! +Attention, Entity Embedding 85.0
P 242 omulAtt +Attention, Position features, External lexical resources .
AR Domul AttCNN A P fi E 11 1 (KG) 89.1

T B AR 2 2% ) PCNIN AR TR B R I R 1y
B 77 T2 R A, H HL s Dl o iR R (KB) 5% 3C
A P KA L DA AT . B Ja — 28, i B L
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4 1145 PCNN+ATT #1 SEE-TRANS. 2R 1fij, it &5 1 %
5 FL £ B RAR B4 () Domul ACNN B Fy {1 1 VGE
190 %o K%, 14 REAA 24 T HoAth 5 SR LR 5 1L % b
Mintz #8432 755 21.5 %o, 8] B 3641E 7 F1) FH 30 2k #E 2 11
H A bR AL B ORI OC R BRI 4R T T R I S A
Rt 5 M AL 1 25 85 B H b bR B AR (1)
S RN, 5 45 48 H b 2R 2 (Softmax 28 ) BI1SL
PEAT AT X R, 45 R 4 Fros. 4 0] 0L B2
B AR AR I 255 B2 A, Domul AttCNN A5 784 A DL
i S B I & Fy . SR AR SRR 5 7 AR
JE TR A U, 2 5] S B 5 PR e ) % 96 R00RE, AT H

B RR G IR
0.9

0.8} ¢

0.7} -
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0.6}/

0.5} —— DomulAttCNN loss function
----nomal loss function
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iteration
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432 DPC30HHEEMTRELE R
9 B U AR A () 32 Ak %, AR SC kI 7E Semeval-
2010 (Task 8) H 4 45 R IR M 6 MY 4T
A SCHR E R OC RS B T SR A 22

0.4

S, A GE I 5 R AL R 28 AU 2k, AN TR RE B L
A7 AE SR B 0. T AR SO AR R AR FE E o itk
K In] R AL T AR 7 R, TR A A 1 P
Z0) 6 S A AR 3 v A3 R R B G, 7 AR SC R AR A ]
DAAR % 25 A3 RE AU P2 4 L v 208 ORI S R, I
FH 538008 22 J2 (03 T T WL AR A R AR A e A 5 R
JE K F M TR 7). R & ST L lb 25 45 1 A
TE 5 R P, A B T AR 5 A0l R A 20 i ) i
MU 20 3 b Ja BNt 1R 6 T 100 5 96 5 1) E AR iR
o] U H AR (IS SRR AL T AR Y. 3R
545 BT LUE Y, Domul AttCNN #5574 78 Tk 22 3 4videk
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1) AR GERAIE D 3 A5 B g 2 1o 7% o, 55 0
RE 2> B4 AE AR 1) 32 B AL T AR . AR, b SR AE A
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() e 0 e, T e DA A S T o Pl i Ak B
Domul AttCNN £ B AR 47 1 fift e 13X — @, Mk 0
PR S, 520 Az R B 1 e S R R R h
[ % RBERE, AR (SR BRI RS LR R
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SVM SDP-LSTM 1! depLCNN+NS [ PCNN 1 SEE-TRANS " Domul AttCNN
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e TR 54.58 56.41 52.13 50.10 62.05 66.30
& B AR 5 LM 64.36 72.23 71.39 65.10 57.63 77.16
TREIR 68.72 50.22 57.35 57.90 60.95 72.74
B IRIR G 65.02 58.42 74.56 65.63 65.96 74.05
N T2 52.20 56.00 52.22 61.43 51.34 69.74
o i 2 4% 1l 60.75 68.30 72.93 63.23 66.64 76.63
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e A TP 8% 285 ), ) P B AR 14D 0 3m) Jg V2dEA T B 1
FRAEZRIWAE 7, T 1 1 7 Vi 5 PR A ) 49 28 4
iz,

2 L #k (References)

[1] Qian L H, Zhou G D, Kong F, et al. Semi-supervised
learning for semantic relation classification using
stratified sampling strategy[C]. Proceedings of the 2009
Conference on Empirical Methods in Natural Language
Processing. Morristown: Association for Computational
Linguistics, 2009: 1437-1445.

[2] Chen J, Tandon N, de Melo G. Neural word
representations  from  large-scale
knowledge[C]. 2015 IEEE/WIC/ACM International
Conference on Web Intelligence and Intelligent Agent
Technology (WI-IAT). Singapore: IEEE, 2015, 1:
225-228.

[3] Hendrickx I, Kim S N, Kozareva Z, et al
SemEval-2010 Task 8:

semantic relations between pairs of nominals[C].

commonsense

Multi-way classification of

Proceedings of the Workshop on Semantic Evaluations:

Recent Achievements and Future Directions. Morristown:

Association for Computational Linguistics, 2009, 6:
94-99.

[4] Rink B, Harabagiu S. UTD: Classifying semantic
relations by combining lexical and semantic resources[C].
Proceedings of the 5th International Workshop on

Association for
Computational Linguistics, 2010, 4: 256-259.

[5] Tratz S, Hovy E. Isi:

relations between nominals using a maximum entropy

Semantic Evaluation. Morristown:

Automatic classification of

classifier[C]. Proceedings of the 5th International
Workshop on Semantic Evaluation. Morristown:
Association for Computational Linguistics, 2010, 4:
222-225.

[6] Zeng D, Liu K, Lai S, et al. Relation classification
via convolutional deep neural network[C]. Proceedings
of COLING 2014, the 25th International Conference
on Computational Linguistics. Dublin: Association for
Computational Linguistics, 2014: 2335-2344.

[71 Santos C N D, Xiang B, Zhou B. Classifying relations by
ranking with convolutional neural networks[J]. Computer
Science, 2015, 86: 132-137.

[8] XuY, Mou L, Li G, et al. Classifying relations via long
short term memory networks along shortest dependency
paths[C]. Proceedings of the 2015 Conference on
Empirical Methods in Natural Language Processing.
Lisbon: Association for Computational Linguistics,
2015: 1785-1794.

[91 Auer S, Bizer C, Kobilarov G, et al. Dbpedia: A nucleus
for a web of open data[M]. The Semantic Web, Berlin,
Heidelberg: Springer, 2007: 722-735.

[10] Socher R, Huval B, Manning C D, et al. Semantic
compositionality  through recursive matrix-vector

spaces[C]. Proceedings of the 2012 Joint Conference

on Empirical Methods in Natural Language Processing
and Computational Natural Language Learning. Jeju

Island: Association for Computational Linguistics, 2012:

1201-1211.

[11] Xu K, Feng Y, Huang S, et al. Semantic relation



60

o)

B

=

5 xR

#36%

[12]

[13]

[14]

[15]

[16]

[17]

classification via convolutional neural networks with
simple negative sampling[C]. Proceedings of the 2015
Conference on Empirical Methods in Natural Language
Processing. Lisbon: Association for Computational
Linguistics, 2015: 536-540.

Mintz M, Bills S, Snow R, et al. Distant supervision for
relation extraction without labeled data[C]. Proceedings
of the Joint Conference of the 47th Annual Meeting
of the ACL and the 4th International Joint Conference
on Natural Language Processing of the AFNLP.
Suntec:  Association for Computational Linguistics,
2009: 1003-1011.

Zeng D, Liu K, Chen Y, et al. Distant supervision for
relation extraction via piecewise convolutional neural
networks[C]. Proceedings of the 2015 Conference on
Empirical Methods in Natural Language Processing.
Lisbon:
2015: 1753-1762.

Lin Y, Shen S, Liu Z, et al. Neural relation extraction

Association for Computational Linguistics,

with selective attention over instances[C]. Proceedings
of the 54th Annual Meeting of the Association for
Computational Linguistics. Berlin:  Association for
Computational Linguistics, 2016: 2124-2133.

He Z, Chen W, Li Z, et al. SEE: Syntax-aware entity
embedding for neural relation extraction[C]. The 30th
Innovative Applications of Artificial Intelligence. New
Orleans: AAAI, 2018: 5795-5802.

Zhang S, Zheng D, Hu X, et al. Bidirectional
long

classification[C]. Proceedings of the 29th Pacific Asia

short-term memory networks for relation
Conference on Language, Information and Computation.
Shanghai, 2015: 73-78.

Riedel S, Yao L, McCallum A. Modeling relations and
their mentions without labeled text[C]. Joint European
Conference on Machine Learning and Knowledge
Discovery in Databases. Berlin, Heidelberg: Springer,
2010: 148-163.

(18]

(19]

[20]

(21]

Hoffmann R, Zhang C, Ling X, et al. Knowledge-based

weak information extraction of
Proceedings of the 49th

Annual Meeting of the Association for Computational

supervision for

overlapping relations[C].

Linguistics: Human Language Technologies. Portland:
Association for 2011:
541-550.

Surdeanu M, Tibshirani J,

Multi-instance

Computational Linguistics,
Nallapati R, et al.

multi-label learning for relation
extraction[C]. Proceedings of the 2012 Joint Conference
on Empirical Methods in Natural Language Processing
and Computational Natural Language Learning. Jeju
Island: Association for Computational Linguistics, 2012:
455-465.

Akbik A, Blythe D, Vollgraf R. Contextual string
embeddings for sequence labeling[C]. Proceedings of
the 27th International Conference on Computational
Linguistics. Santa Fe: Association for Computational
Linguistics, 2018: 1638-1649.

He X, Cai D, Niyogi P. Laplacian score for feature
selection[C]. Proceedings of the 18th International
Conference on Neural Information Processing Systems.
Cambridge: MIT Press, 2005, 8: 507-514.

=Tk

FH (1989-) %, i+, MFBRIEF LM, BRFT

K I (I 4T, E-mail: liging@cqu.edu.cn;

PR (1974-), 5, ¥, WA, NFERIES &

PR BRI 4 9, B-mail: zhongjiang @cqu.edu.cn;

ZEILJ1(1989—), i, 4, MMM FEIE I . Hoda iz

P& O 5C, E-mail: lilili@cqu.edu.cn;

etz

k8 (1977—), 5, TR, W1, W EIRE S A 5
BB FT, B-mail: 13608341660@ 139.com;
ZEEH (1987-), 53, i, T EITHEL SR 248 Mt oL,

E-mail: liqi0713 @foxmail.com.

(AR FhE4r)

ZEREEE

W SCAR & AUORIE T 5018 SO TR A i AR AE

P AN — R 2 B ) AL, 35 R AR AR B ) i, — )
TUE R SCVE AR, B SR SRAE TR S & 44
T, 5 R A A A SR R SR R E

Z ST L DS TIVE | & A =R NS BTN

FATAE B AL AT 230 A TSI R C A
o B 0 S AR ALGE H 3. i B A4 AR T A TR A
SRR AT AR IR L I R 1 AR
P 1t 1.



