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Abstract

The relation extraction is one of the key technologies to automatically construct knowledge graph,
and its fundamental goal is to extract semantic relation between entities. The current methods for
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extracting entity relation from unstructured text are difficult to accurately describe the context
information, and the entity relation between sentences is not fully utilized. This paper proposes a
new relation extraction model PCNN-ATT-BIiLSTM based on the combination of neural network
structure and attention mechanism. The model adopts the “RNN + CNN” framework, in which RNN
uses the Bi-directional Long Short-Term Memory network (Bi-LSTM) to capture the context in-
formation and shallow semantic features of text data statements, uses the Piecewise Convolutional
Neural Network (PCNN) to capture the local phrase features of text statements, and combines the
attention mechanism to capture the key information of text statements, so as to better capture the
information in sentences for relationship prediction. The model achieves 82.92% F1 value on the
public dataset SemEval-2010 Task8. The experiment shows that the method shows good perfor-
mance and provides a new method support for the automatic acquisition of entity relation.
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1. 5|8

FEREIEAE S, A LRRMERMRS R, MgiEE R 2 URER KA, NgE
A B ICE MEAS B2 B ARE B I AU L . (5 B (Information Extraction) & H #ATE
F AbH(Natural Language Processing, NLP)#ids— AN E B {IHF 7L /7 M, 5% R (Relation Extracion, RE)/&
HAPMEZEESZ — RAMMPZA TR SCARSAE R BARK R[], TR C BRI T 54634
o E AR SR IR0 JR A SR I, A R 5% AR PR P DA TR R iR S i B A R % . &aad L+
IR IR, SR OC R IEHER ANEAR, TR RN AT R T 4 BB 3] f5 A 1) 25 T ML 28 2% SRR
R, CABRKEKE. FEE SIS PR R G B R AR, BRI R &R
P L6 DA BE 8

KRS B 2 KRB EN R B O . O SR U 2 TR0 HH SRR EAT 12 T 1 O R FF SR B H
K, FEHIMABN AR EE S, S 2iE B AR IERE 2], HAT, ESER R RAMIBUES T RIRN TSR A
B ST R AMEN, R B A VR FE AR 2 X 4 2 ST BB RN, R R B E T TR
W B RSk o R PRI VL3, B 4k B Al =R EF 5T 4 Hp AR dn el R H B R A 22 R 25 [4] (Convolutional Neural
Networks, CNN). G EFIZL M 4[5] (Recurrent Neural Network, RNN)FIK 55 i i 12 M 4% [6] (Long
Short-Term Memory, LSTM)&5 i 17524k 52 R HhEY .

CNN 7ESAR IR R EUE S N AR T2 o WA BHR B 40 AR B[ 71 L CNN, 5 k118
REFH T SO RA AT S H . 2014 4F, Zeng [8]5F NF& M CNN J7 VAR T 50446 ¢ REUE S, LATI
SRIF A ) B O R, G CNN 26 fl & 7 BAS SR ICE) T ZOARIE, 4] FRAE TR IR R 2 & 3047 55
R, SRR R ERAE R 75 A b 1) B B BERRAE, (R A S ORI Rl R AN B 52
R AN EE RIS S . It 2015 4F, Zeng [915F ATE 2014 fE [ 5:A B2 H T TR RIEHIUL S 170 B G
M g B0, il A 2 sl 22 203, R ZAE R T — AN TR s B e &
RS . KGR A M AR AL BRI, AR SCAREE B ROR S B IR ACE . R, RNN A H oo s
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R (I LSTM)EE e B A28 T 58 R EUE S . Socher 10712548 H 126 A HlER 5 348 FH 31 17 388 9 &
ML (RNN), ZITVERIH T A FIRAELE G R, (B2 20 1 SEpxd if A B A5 B AE S E . Zhang [11]
S5 NHR HE T X ) RNN REE 2E 350¢ R AT @A, 7R AR FdAT SRIR U0, B e BRIk A A
ANREE G BETH R R R, RERIH E BRI KR RBR . WA, FREI GRS S EHERME
XA 4% RIS A 25 X 2 SR BEAT T2 5 ZR T o Zhang [ 12175 N 26 FF A 8 X 48 0 XL i) K 4 s 0 12 0 4% ik 45 7
—HRHEHUE O R, FER PSR N 25 (1 RE Ul — PR BUE BRHIE . & VE R 7 (Attention) L 1%
i, — LRI T R TBR N B SR O RIS . Zhou [13]5F AFEIET-XUA] LSTM W 2% 1) S i
RAMBAI I NER IALS], X2 LSTM 2% 2] B IER R PAUE A, InbUs Bl B4 m )7
TR, (HRZITVERA N2 SEB % 20 B S2)  Be A e PR, [RIHCRI 7 4] ) 245 8

BT b, ARSCHRH T — R TR AU K T IEAZ I 2% (Bi-LSTM) 5 43 B A6 AR 28 ) 445
(Piecewise CNN, PCNN)MH 45 A 1 /7% . AR A “RNN + CNN” PIZEHESL, Hodr i) RNN Fi H XA &
A2 25 (Bi-LS TM) KA SR SCAR SRS A R S5 B AIR EE SURFE, R PCNN i3k SCARE )
() JR BB R, FE45 G B UL 3R SCA TR A 1) GBS BT % R T o

2. {REY

ASCRHB TR M 28 SOEIA P2 28 25 & RO AT SR SC RIMIBUE 55, BRI 1 R .
BN SRR T AT A ERACR R, KA 2K 1A B IE N PCNN-ATT-BILSTM R4 R, 5 Jm %t
R R HEAT 222, 19 B R AR A R

WA bYA= Bi-LSTM/Z  Attention)z W R

Zhang
San
likes

action
movie

Figure 1. PCNN-ATT-BiLSTM module
& 1. PCNN-ATT-BIiLSTM #& 8!

2.1. [AIEFTR

H e 0 R 2 A R AN R ELRE AR T IR A A N SCARE 2, T BAERS B 2RTE 5 SO TE A A1) 7 A\ pih 42 kA
AR Z R, SR AU R T AT RN . ARSIk I R AR 1 A B A S A A, RIS S A
B SCfE B BRI RN R, KA TR A E RS

2.1.1. IREEFRFR

i [ B R I A2 O R B A JE AL, A SR GloVe J5i5[14]. GloVe f& 3 T4 JA {5 25X 4 J5 il 4
G vE AL R SL I B Sk e R iR al A, AT AT A2 S T 2 A S, 1R CANEEEE R X — AN n
AN A FRNT I X ={x,%,,,x,}, EH GloVe J5 244 5 — A~ 8 ia] Wbt Ay M — 1) o 4 5 1) 1
eV
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2.1.2. B EERR

KAFH Zeng [81FE NFEH T 45600 BRHIEFIARE, R ST JE Bl ) Sm) R =F & {5 BAFE . 72
BRI B GIACERHME, SHEmERFEHEITE S, HlnfER)F “Xiaoming want to read books in the
school.” #1, il “read” F|SLAK “Xiaoming” FIE|SLAR “school” FIFHXTFEE 2502 2, =3, SRJEH d7 4
JE 1) B R R AN AN BE S f oy, PR IE S S B RN BREREER P(x,) =[n.n] -

2.1.3. & ETX
PSRBT, PERS RIS . ASCHR U ST L P (B, AL S
LTI ARk R s EFSUB R, SRS IR BRI ) B SEAR I P 0 B PR AR AT A e TR
FEWTR()FTR:
h:[x],xz,x3,x4,y,,y2,y3,y4] (1

X, 5 X, TN B N SEAAR TR e 0 AR R AN TR BT RE I BRI ) B (AR N ), xy, o, BRI B — AN SR A
(T AN BT L A [ e, (RS 8x d ) TR I SREL B AN Sk 1 | R SOE B

WJE, AT R & EFE ARG R B R =S SRS BSOS BB 4 A
TeR™ (s ®A)TKE, dERHELNYEE, d=d"+2xd” +8xd’ .

2.2. FERERMZMLEPCNN)

2.2.1. £RE
B RUZ AT LA A LK R0 b AN R SR B Sk, R Erh, BUEMEFEW e R (¢ ot
BUZIIRAN, d RAd ) YL A PR RR S =(s,,5,,,5,) (0 BRAITFRE, s, e RY)ZIAHITRFIR
MizH . AR —RHZ NG, BEENPER T MR, BT RS58NS
ISR B —MHIE, AR — MR, . WAKQ):
¢ =S (W, +b,) 2)

Mo, s, RIS s, B s IRFAE ) R (KR, W, R by 23 BRI 58 k AN BRERIES k Mr e, f
FRI A& ReLu AR MBS B3

I — RIS AL 2 A 7 R LA A FNE UE BEE, &G EEERZM R
C:{cl,cz,---,ck} o
22.2. RKHBHE

WAL EREEIZE G, 7T LA AR G AR IR AT PR 4E R A% . PCNN(Piecewise CNN) &7 CNN J:filf
B & pooling 177 AN, TEPAT SEBRIERIEZ G, ik 22 ARHE AN SEAR BT 7E 0 7 B K G R 45
R NZB, TR — Bl AT S KAk A

py =max(c;),1<i<kl1<j<3 3)

P A B 245 B2 =30 9 % BL AL 1) SRR B M8 S s — N p, ={p,, po Py}
T A RAZ AT 2 (8T (6 ) R AE — 15 B IR 5 (0 45 AR
2.3.Bi-LSTM &

Bi-LSTM /& —Ff RNN k92K, O 7 fi vk RNN BB rp K R# . A HE BRmEE Ka /0. K
A8, 7E 1997 SEHEH T 4 udk ) RNN 25 ——LSTM [15] (Long Short-Term Memory M%%).
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Figure 2. LSTM structure
& 2. LSTM &1

BRI f: SOST IR AR S ORAF KPR €, BRI RE 3 B — I 2R €, b — A

M5 Bk ok IF “Bid” el
/1, :O-(Wf.[ht—lﬂxt]-'-bf) 4)
21T T HE R RS A BHCHIIRES C,, g 1 H N BIE S x, AE— 205 1455 h_
WP L 15 SRR 8 O B B4 RS € e
it :O-(VVI"[ht—lﬂxt]"'bi) (5)
(6)

C, = tanh (W, -[h_.x,]+b.)

AT ZI P TIRES C, 2l E— IR IeIRES C_ Honm Mg s 1] f, BT A8, PR AT N 1
(7

TEIRAS C ARG HE SN i, BATSC ., B A 58 EL 45 AH = A= 11 o
Ct :ft *Ct—l +lt *ét

Btk o, TTEHDE SR C 92 HTH LSTM K%, K b — I 20 4R 2 €, A

HAE S A TE RS ST RNE B x, EETE—RETHH A, .
o,=c(W,-[h_.x]+b,) (8)
©)

h, = o, *tanh(C, )
LSTM 2 o 25 R84 1t ] 45 44 ] DA ok RNIN TG ik A B BE B RO ) B, 2% =) SIS 12

AT B A AT AR KA o« AR SR AU AR HTE 12 I 25 (Bi-LS TM) R AR 27 3] B TN 55 42 ) R 5

{5 50 P B I B\ BT ) LSTM AU [0 LSTM 1, S5 S 160 B e, S 60 OB B 3
(10)

TP 3 Bi-LSTM B2 M4 4,
ht = htl ® ht2

B JE A KA S G5 R H = {hy, by, b} FRZ5E Bi-LSTM FEAL 5 27 > B RFAE .
RGXIRE =SS

2399
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24. FRHE
R IBB Il JUFEAE IR B 5 ) & AN 2 A, o R B EE . & &R A2 HAAE S b
PRAE AN [F) B BT 55 AN 21 TV E R HLEI[16]. 08 T M 2 B RFAE B B M i T 45 s N 2
PIRHIE, EROANELZRHEG S, AT AE R IHLEI RS B T A IR, I/ 28 T o0 R U E 55
AN SN
V) ERpAG, HREARXIAD)FR:
exp(wTH)

Zexp(wTH)

a = softmax (WTH) =

(11)

2) BT, A2 FR:
att=Ha'" (12)

TR R BRI T Attention AL Bi-LSTM il RSCAFAE 7] & RHIE AL & (1945 3R H, = tanh (arr)
2.5. Mih R

GR RGBS —J2, RN 28 W 48 S0 A R AR 3RS BRI AR K AR JR 15 21
Wt H, R, SRR R BT R R 0 KA R 10 KA R

ASCR R L2 BRSNS SO B R AL, T8I I8 ML) Adam DAL HLARAL . 22 OB 2K b
S WINE

1 <
J(@):—; t,log(y,)+ | (13)

i=1"i
m RRNFER R RFIRRTRE, 2 KR L2 ENL RS
S H it %2 7050 2K R B Softmax BUE R . Softmax EREUK £ 45 K& B UMER BRI H k.
p(y) = softmax (W,H, +b,) (14)

arg ma
e xp(»)
y

TE S5 o 16 EOUAY HH 5 SR PO, 79 EUROE 256 5 K (R A 2 A 5 K 17 5 SR 000 D e«
3. LIy

N T R AR SRR AR Y S 9% AR SR 55 B AT SR E KA AU/ SemEval-2010 Task8
Bl gk B, IR 5 AU IR AT X . A B R B R R, S HORE DAL SRR 4

3.1. ¥iEE

SemEval-2010 Task8 £#i 42 /& 544 0¢ R 55 bR E SR 45 . B0 51| 254 (Training Dataset)
£ (Test Dataset) 4, LB BCan 36 1 Frs.

(15)

Table 1. SemEval-2010 Task8Dataset
%% 1. SemEval-2010 Task8 #1E&

YRS/ Kot 1 51 TR AR/ A K 451 S A B R
8000 2717 10,717

DOI: 10.12677/csa.2022.1210245 2400 TR 5 R H


https://doi.org/10.12677/csa.2022.1210245

ol B B — R BE AR — A e B E A AR A SR — AN RR DR, HAE )
5 RAREAGE N T, AEEEERE, HAAWNEREIEE. SRS ass 9 dh Bk o6 /AR
1 Flt other ALY ) F iR Z FIAH R AT LM X R, BT IZKLREA).
3.2. BS¥RE

i) ) R AR N B B A PR A2 TIN5 19 GloVe 100 ZE[3A] [y &, A7 B [ 4 3 0t 10 4, SEfR B RS
B 40 4E, BRZE RN 3, BRUZN 150, ®EZEHEN 0.5, L2 ENLRECH 0.0001, dropout
9 0.5 AR A A S B0 B R H BE AL 2R 4 1 7 2
3.3. XWERE S

ER—NIRIET, BRI TESIE XN L EE R — BB E LT 5 thsegs, spigss Ry
KH Fl-score SRIFATIRAL . HARTYAGSLIG 2 RUn% 2 Frw.

Table 2. Resulting data of model experiment
F 2. REILIER

Model Feature Sets Fl1
CNN [3] word, position, word pair, words around word pair 79.81
PCNN [4] word, position 81.47
ATT-BiLSTM [7] word, position 82.59
PCNN-ATT-BiLSTM word, position, context before and after words 82.92

7 1 A, GRS AT, TESMER RN F1 AR KANATRUE H, ARSCATIREA! PCNN-
ATT-BiLSTM (1) F1 fE it . 5 TIRAME WL A PR AR R 00 T 51N IR AT 11, TR A P 0 I 2 58
RIS a8 T &AM BE OC R BIPE I EAN, AT LA 2 AN A R EAT RAAE SR ISR, AT B i B X
RAFHE. #iltn, B4 PCNN A8 K G803 25741 o 1) RFRHE, kT PCNN A1 Bi-LSTM AN
WR 2% 80 () PCNN-ATT-BiLSTM VR A8 AT DLl it Bi-LSTM KAl $5 U AR5 A (1) B F S5 BANKZ
T RFIE LA B PCNN B P i SREURHIE Z AIER R, & BB I RSCARIE R GG B, mAdR
E BB OCHEAREAE, AT 2B A7 00 RAMENEE SR, HEMISGTE T e 2L i 2t

N T BEE B & AN B R ZE SR 2 SemEval-2010 Task8 (73 25 fE R ok, I £k &I s
B XF 4 SR Fl-score T Hisk. XFHLgs Rl 3 fros.

W AR SRR LAt J U ASE 2 &5 SR 9 28 P Je o HE SR IEAT 6 B, AT DA Bt SR AR AR T
Fofth JURR A 25 5L

TESEAR R RMIUT S, FIFHMRHERE B Z, X0 R8URSMT . HRMNE NRHEE BN R,
AR SIEORIGE . SLIR LS R 3 iR,

MR R IS, 6T AT HE A POCNN-ATT-BILSTM #EAUEEAE 4 N 3047 LA, X
I FH 1] ) B A R PR S 5 & SR L ] ) A L ) A S A S I 0 LA B [ AT SR B SCfE R
(context before and after words)Z5 & B A E % . ERIFEEHA M EE S, (HESGHAME M EE S
R AR B G A St bR SOfE BAIRCRE0F, X il B 7 SRR i A B AE B SR RSB B
A, HEULSEEBEE. MEERUSANT B SUE BAENRER NS, F1 AR SR, BT LA Y 2545
B NIRHIE (S B, JQ /BRI 7 RBUR LT
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Figure 3. Model comparison results

[ 3. RBUIEELER

Table 3. Resulting data of feature experiment

3. FHESSIREER

Model Feature Sets F1
word 78.89
word, position 82.36
PCNN-ATT-BiLSTM
word, context before and after words 81.94
word, position, context before and after words 82.92

SR FHAIT 2 R A ST 2 H R (AR AR i - By N ARFAIE (R SE B80T B 25 SR Fl-score 2R R o X EL &5 3
B4 PR WY ORI, POS R E &, CON FoRZSLM ETRER.
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el
H
g
0.6
0.5
1 16 31 46 61 76 91
AR
— WV —— WV+CON
WV-+POS — WV+POS+CON

Figure 4. Feature comparison results
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ARSI AR ZRL R F ey NAFAE A A [ ) s B 8 SROE R 37 4R 1 o ok, W] USE ELWL A 31 24 45
FEE ALEE R LS bR SE BAEVRHE RN, R R AU RE 4T .

4. B4

BT AR A SCAR SR O R BT 1L AR I R SCREAE B DALER R AE . A1) IR SR ¢ R
TIE R A 70 2 R 55 1) 8, AR ST T — PRI IR T A R X % 5 A R T 0 L 4 A O R i A Y
PCNN-ATT-BiLSTM. ZA# %! 25T PCNN Hil Bi-LSTM PR i 4 A, fefis 3 47 (102 38 H S0 A B )
HEE TR SCE XAE R, TR I SR SR SRR AE, e e 1 A P B R I RRAE AR, el id e 5L
#i4E SemEval-2010 Task8 #7540, B T HUFHISEIG AR . ARRASTIE AT LA RFIERIH 77 TN F
TESEAR S RN RS N TE XA, e IEVEGE M SR RRAE, DA ORS00 () S R Ok SR PP A

E&WMAE
Wb E SR IR TE - WZERUR R B9E SRR SRR RSP B 78 (HB20TQO003)
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42(1): 64-70.

[2] Hendrickx, I., Kim, S.N., Kozareva, Z., Nakov, P., Séaghdha, D.O., Padd, S., et al. (2009) SemEval-2010 Task 8: Mul-
ti-Way Classification of Semantic Relation between Pairs of Nominals. Proceedings of the Workshop on Semantic

Evaluations: Recent Achievements and Future Directions, Boulder, 4 July 2009, 94-99.
https://doi.org/10.3115/1621969.1621986

[3]1 XUME, YLF2, Hempidt, sk, TR, T, & SO RIMBGE AR 7 R R0, tFEANLNM B, 2020,
37(S2): 1-5.

[4] Lin, Y., Shen, S., Liu, Z., Luan, H. and Sun, M. (2016) Neural Relation Extraction with Selective Attention over In-
stances. Proceedings of the 54th Annual Meeting of the Association for Computational Linguistics, Berlin, 7-12 August
2016, 2124-2133. https://doi.org/10.18653/v1/P16-1200

[5] Xu,Y.,lJia, R., Mou, L., Li, G., Chen, Y.C., Lu, Y.Y., et al. (2016) Improve Relation Classification by Deep Recurrent
Neural Networks with Data Augmentation. Proceedings of the 26th International Conference on Computational Lin-
guistics: Technical Papers, Osaka, 11-16 December 2016, 1461-1470.

[6] T4, &g, skEM. EFEZANEM LSTM 1 O RHEL]. 5 LR B 5, 2018, 35(5):
1417-1420+1440.

[7T Kim, Y. (2014) Convolutional Neural Networks for Sentence Classification. Proceedings of the 2014 Conference on
Empirical Methods in Natural Language Processing (EMNLP), Doha, 25-19 October 2014, 1746-1751.
https://doi.org/10.3115/v1/D14-1181

[8] Zeng, D., Liu, K., Lai, S., Zhou, G.Y. and Zhao, J. (2014) Relation Classification via Convolutional Deep Neural Net-

work. Proceedings of COLING 2014, the 25th International Conference on Computational Linguistics: Technical Pa-
pers, Dublin, 23-29 August 2014, 2335-2344.

[91 Zeng, D., Liu, K., Chen, Y. and Zhao, J. (2015) Distant Supervision for Relation Extraction via Piecewise Convolu-
tional Neural Networks. Proceedings of the 2015 Conference on Empirical Methods in Natural Language Processing,
Lisbon, 17-21 September 2015, 1753-1762. https://doi.org/10.18653/v1/D15-1203

[10] Socher, R., Huval, B., Manning, C.D. and Ng, A.Y. (2012) Semantic Compositionality through Recursive Ma-
trix-Vector Spaces. Proceedings of the 2012 Joint Conference on Empirical Methods in Natural Language Processing
and Computational Natural Language Learning, Jeju Island, 12-14 July 2012, 1201-1211.

[11] Zhang, D. and Wang, D. (2015) Relation Classification via Recurrent Neural Network. arXiv:1508.01006.

[12] Zhang, X.B., Chen, F.C., Huang, R.Y., et al. (2018) Entity Relationship Extraction Based on the Fusion of CNN and
Bidirectional LSTM. Chinese Journal of Network and Information Security, 4, 48-55.

[13] Zhou, P., Shi, W., Tian, J., Qi, Z.Y., Li, B.C., Hao, H.W., et al. (2016) Attention-Based Bidirectional Long Short-Term
Memory Networks for Relation Classification. Proceedings of the 54th Annual Meeting of the Association for Compu-
tational Linguistics (Volume 2: Short Papers), Berlin, 7-12 August 2016, 207-212.

DOI: 10.12677/csa.2022.1210245 2403 MR 5 R


https://doi.org/10.12677/csa.2022.1210245
https://doi.org/10.3115/1621969.1621986
https://doi.org/10.18653/v1/P16-1200
https://doi.org/10.3115/v1/D14-1181
https://doi.org/10.18653/v1/D15-1203

Rielg, 88007

https://doi.org/10.18653/v1/P16-2034

[14] Pennington, J., Socher, R. and Manning, C.D. (2014) GloVe: Global Vectors for Word Representation. Proceedings of

the 2014 Conference on Empirical Methods in Natural Language Processing (EMNLP), Doha, 25-29 October 2014,
1532-1543. https://doi.org/10.3115/v1/D14-1162

[15] Hochreiter, S. and Schmidhuber, J. (1997) Long Short-Term Memory. Neural Computation, 9, 1735-1780.
https://doi.org/10.1162/nec0.1997.9.8.1735

[16] A%, T3, G, FEHK. HOME S OB A FERE VIR SR, B i 5 5R B, 2020, 4(5): 1-14.

DOI: 10.12677/csa.2022.1210245 2404 TR 5 R H


https://doi.org/10.12677/csa.2022.1210245
https://doi.org/10.18653/v1/P16-2034
https://doi.org/10.3115/v1/D14-1162
https://doi.org/10.1162/neco.1997.9.8.1735

	基于深度神经网络和注意力机制的实体关系抽取方法研究
	摘  要
	关键词
	Entity Relation Extraction Based on Deep Neural Network and Attention Mechanism
	Abstract
	Keywords
	1. 引言
	2. 模型
	2.1. 向量表示
	2.1.1. 词向量表示
	2.1.2. 位置向量表示
	2.1.3. 实体对上下文

	2.2. 分段卷积神经网络(PCNN)
	2.2.1. 卷积层
	2.2.2. 最大池化层

	2.3. Bi-LSTM层
	2.4. 注意力层
	2.5. 输出层

	3. 实验
	3.1. 数据集
	3.2. 超参数设置
	3.3. 实验结果与分析

	4. 总结
	基金项目
	参考文献

