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Entity Relation Extraction Based on Ensemble Learning Method

FENG Xiao-Li, ZHANG Ying-Jun, XIE Bin-Hong, ZHAO Hong-Yan
(School of Computer Science and Technology, Taiyuan University of Science and Technology, Taiyuan 030024, China)

Abstract: The entity relation extraction model based on neural networks has been proven effective, but a single neural
network model is unstable because it can yield various results with different inputs. Therefore, this study proposes a
method to integrate multiple single models into a comprehensive one using the idea of ensemble 1éarﬁing. Specifically,
this method integrates Bi-directional Long Short-Term Memory (Bi-LSTM) and Convelutional.Neural Network (CNN)
into a comprehensive model through MultiLayer Perceptron (MLP), which canﬁot only fully take advantage of the two
single models, but also make use of the self-learning ability and automatic weight allocation of MLP. This study obtains
F10f 87.7% on the SemEval 2010 Task 8 dataset, which is better than other mainstream entity relation extraction models.

Key words: entity relation extraction; Bi-LSTM; CNN; ensemble learning; MLP
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SRSCA T 3l B 25 K A R . S A 08 R AR S i I
FHE—H 5, HH R R % Sk 2 (8] (18 %
B R ) 5% 2R 23 KA R TR A 1) ) T R R ST 1Y
T OCHER A, M SE A A AT B AR E S AL B (Natural
Language Processing, NLP) 1155 th4k, 5¢ R ELLE 7]
ERG . HLasBERIE SR S5 T 1A 4 B2 B
P AEFNEN S L

H AT SR R EUT 55 35 R AE 45 08 1) 1 AR I 1
LR, TE A IR E 28 R B AR & kAT SEAR OC R
W AEZ 5 R, IRFE S 21 E N BT iz, T HAL
R 5465007 1EM L, UREE S 2] 5 L Re A 3k A) ¢
B R 2 UNTE A 2. Socher 251 7 S R 3 HUE
- G IR 1 45 X 2% (Recurrent Neural Networks,
RNN), $5)F AR5 % FEAE A, (R 208 T 5] 2
] )07 1% 15 Zhang 251 f# B RNN #EAT 524456 R
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HUt BARGIN T ALEAS B, (FB BEVH 2% 1n) A AR A
FRURATE B B A 1) 8, Zeng &1 7RI T B B3
fith I FH B FR A9 45 2% (Convolutional Neural Networks,
CNN), B8 CNN "] LA 2 A n-gram FF1E, 32
WP RAAE BE =, (H T AU T A 2 OR, PRt
ANBEAR 47 My 27 2] 3 ) 7 K AR 1 S B Miwa H
Bansal'! 754 7 F7 51| A8 A O A0 v (K 0 18 12
M %% (Long Short-Term Memory, LSTM) SK3RHA) 77
FI)_E R SUE R, TR T RNN 6B 2 10 1n) 8, i e
T AEE B OB ) L SR, X SR A R AR — T
TR B0 4T, T FLI P REAS R AR Fase ™, AN REAT 2
TR 28 1 B R e 7 S AT R AR T O B

BEXT B 1) #, AR SCHE H— BT I B2 B (ensemble)
P A £ A Y T2 AR = A F TS AS [ 7 B (4
FRONES 5> 48— KR IR Z M 2% (Bi-directional
LSTM, Bi-LSTM) /il CNN, 4hJr #HL He 1 {8 % 12
&AL (MultiLayer Perceptron, MLP) [ &k
TR A AR R ] Bi-LSTM il vk ) 1K P B8 48 451 i)
AR, FIH CNN il g FAT TH 5 I R 78 73 R IDURE
TEAE B HIALH, MU MLP & IRAT YA R F 4R S
H I RV AR 3y, B 3l A% ) H SRR 3 UK &
Rokach 2 I B {if FH 3k 26 S W b 22 M AY 45 & 2 ok,
AT DUA ROt R T & 25 S I PR RE.

i F B L ) D7 IR 4 T S gk = 2 ] B
BREFIMBCY- 35032, BRI PR A 789 7 1, (R AN
Rt & ARG MU, e M2 BA R B 2 ) M
FEOPENT B ARG RV RE A1, Rk, AR SCREA A

TR 28 HEAT BUEE 73 e U4, PR SRR AR AR S |

J7iE, BIRAE —E AR, @ﬁﬂﬁ%ﬁ%?@@ﬁﬂé\
TR T4 22 ) 2 T r] e 2 BOE MK, Dropout PAK
A B 1E O P 2 54 S 7 ORI I B () R E

1 MHRTAE

Sk K RAMEU/E Ay NLP — T L fill HL 25 221 4F 4%,
SR T Tz M OEABE T, B, RO 5% R
B 75 2% 32 AR AT T SR ) S R R A UG P )
I 9 77, FLATR & B 22, TR R R 52 3 PR
FEFHRAE™ 173, 38 3k H U AR v ) B AR AR R AR
SR B B2 B, WA AT S5 (25 Ak T
NLP T H#EmPE, Kk, Araes S8 RL % 1
IR S TR (i 3 LI BN AR 6 S M NEIPS

256 W7t JF K Research and Development

RS2 1 R AR, LR B B B T R AR

HEATBRIC, TR GE T AU 5 RAHEUT 55
I, 60 28 0 2 7 LR )32 3 PR A

FEALFERET CNN A RNN 5 24 R 0.

FETF BRI 4 07V 5 B Chen 2500 41211
ST SR AL 2 TR0 bR AR T, IR R PCNN
(Piecewise Convolutional Neural Network) 1E 4] F 4
RS AT IR I B 6 R, W0 (6 ATT-
CNN 5 BSRU(fé] (5 FR 80 22 45) &6 25, RV T 24
BE 2 eh L R S0 10 96 & ; Lin0%) I CNN 4
B PERE STHL B FERAT A B OF R E, 2B MR
A5/ 1y 1 ;. i 550 0 P T B8 £ 56O
B R — Pl SRR G 1 2 T K, %07 VT LAZE I
Y5 T2 3 A5 1 4 TE A R AR Qin 250 U4 7
ST 26 A1 CNIN HEAT 45 & R 22 R0 72 1 16 Z Y
90 75 i R XU 20 PV S ONIN R G
Tree-base CNN, fiEtk CNN S iEE(E & 4l A T )
B T IR FR L8 I 48 (1977 7 E B : Gupta 2509 i i
18 v 2 [ 4% S5 0 VG 9 1 LK £ 47 R, D)
SREA) T 9 BRIEE A) T 5 2R 2 TaEasl ) (i
Bi-LSTM fif th 8] 2 ] (9 (i 52 &, 17 ELs i B3
RN, AREAIE XS B 2, T
BT 20 51 P 51 P 0 R AE 2 6 P 250 P
JE X 145 45 35 257G (Bi-directiohal Gated Recurrent
Unit, BGRU) $HUA)TAE F b, TR 0 T 4 B
1T IHL, DA LT AN B ) T (B4

Gl LA I 25 5 I8 B 28 D0 24 45 Sk 5 R UAT
SR e BRI IR T H e E % R
S R B, B R R T A 4 R A L TR 3
ORI IR R, TR H 4 3 B PR A T, (%
T R AIE SO R R e TR, 2 ) R %
JIRNFE. LA AR S 2 T TR, FE AR —
UG 3, 46 2 B P g — A B IR T R A LA
B TR 28 90 2% 6 P 55 0435 JEL RO 4, T FL LG (R F
AR 4 S 4 R 125 JEL O, IR ESFS T LA ) MLP i
R AV

FAb, SRR SR — i 4 HOHL IR 2 ST 0, Peng
S0 R 4 2 51 7 R AT A 2 R 1R 5 R G
Yang 200 7 TR UGB AU, 47 T — iR
L AP R B 1 E S LSTM R, Li 26020 4ty
WS R ST R TT UL B 0 R T RE R 2 ST %

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://www.c-s-a.org.cn

20214F 55304 5 631

http://www.c-s-a.org.cn

i H AR SN A
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A SRAUAE 55 Hh [ R .

2 BETERNEE S TR I SR O Al U A

ASCHR M ER BRI 1 fros, 28 E
ZHLAUN 5 AN AR

(D) FINJZ: KRG R A R U R . WA EGE
SRR VR A8 1 Il BEAT TR, R B SR BRI

(2) WHRAJZ: R (1) HIF e A7 P RS ]
LSS BSAR A AR 5 17 B, O SR B P B PR SR 1E
EEFAES L DA

(3) B9 REZH (2) A [ RS AL E B

Ja B E BN B 5552528 Bi-LSTM Al CNN 1, 4351

HEATHSGERRE S 432, (RAFILH 4

(4) 322 KB 4 (3) IS K Bk 45
Output_BiLSTM # Output CNN i‘#ﬁ%@ﬂ%, PNEIE]
432478 MLP eiv, BUEEI 0T 19 4 1 U4 18

(5) 1 th 22 U Softmax B HCHE 1795 % RHEAT

K.
i
MLP

KR
000 O
Output_BiLSTM Output_ CNN

FAKBE | Fis™] [OW ]

N R

MNZ

K1 e

2.1 AEIERK

{87 FH 1] 1r) B S 1) R R o N PR AN ) A 4
R TR R, TR AU TR T 75 A
F B 75 ) 1 P O XS B, AR OB AN N 1) 1A
HEA AR AT BN 455

(1) W ) =

Ak A\ (Word Embeddings, WE) H &3 817 4%

e AR 4 2 4 1) B, DU 3R S 1R] ) R VE RN TR VAR 12 R
Wl o NHEAEAB A TS = (wi,wa, -+, wy b, AT
ISR AN BE M € ROV, B BEAN 1l w,; B SF 2A S ] &
e, b, VERIRIA R KD, dFomia R4 E, B, A
TR [ B A RN NS, = (e1,e2,- -+ ,en) € RET.

(2) 17 & [

A7 B #x A\ (Position Embedding, PE)®! FI T A 41)
F oA B 5 AN SR ey e, AN AL E. Wnf) ¥
The <e,>deficits</e,;> are caused ?y%ﬁez>people</ez>
save too much of their money.%ﬁiﬂl'caused AT
e, (deficits) E"JEE%_?'\J 2, A% ﬂ:‘ez(people) PR B 2.
25 56 A RO B 00 S5 7 0 6 A1 Y45 1
AT 02, 45 T 0 Sk B A0 B 8 220 o O B N 4
M’ € RO N SEAE [ B py, Forbr, ¢ S Ar B 1 B4 1%,
L & 5] HAT AR — AN B a] O T PR A S A4 1) B K BE
BTN T B AR ISR, BT LA B hr
B, Bk, 5 0 S A E i R R R W ().

pi=pli®p2; (1)

Hrplyy p225 i NN T e e, BN B M ERR.
DAL, A1) T RN B RN NS ) = (p1,p2s -+ pn) € R¥™.

I J H 1l ) R B ) B A R, 19 B R A
FFHERRU =S,8S, € R,
2.2 Bi-LSTM 554> 28158

AT AR T I E 4EESE R, IR A
JRRFE, 75 SCAE R BI-LSTM BERLXH 4\ (040 7391 itk
1ﬂﬁﬂ%&ﬁ%mmazﬁ%¢ﬁ?m¢WMﬂu
MBI [m) 0 i e R ESp R AT 48 SR, BRI T L
780 R BT FI BT SUE BOREICRHE(S B & 2
HR R JZ A2 BT A ] [ R B ) R P AR AE
MU = (uy,u2, - un), Fe, u; = e; + pi, uj € R¥2¢. Bi-
LSTM B [G580 2 1) 507 dn = 3) M=K (4).

— —
h =lstm (ut, h,_l) 2)
— —
it = lstm(u,, hm) 3)

o, u o I 2 RN T B, T AT IR D B RCIR 2
T L BATROR A, T R BT I 2 B IR,
Ty B T — I 2 BERRIR . BT LA, ¢ B 20 Bk &5
SR LR [ RAOR A5 (0 B2, HF2m s (5).

—> «—
l’llz ht@h[ (4)
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D] b i ¢ B2 4 Y PT3RORH = (b ho, -+ S hy).

H TSRS R IIUESS B T2 02Ky € (1, m),
mBIRRKZFHANEL, R AT Softmax 73 4, 155
FEAN G R I I FIRE 91

91 = softmax(H) (5)

Lk

BiLSTM JZ

AR
(WE+PE)

N

2 Bi-LSTM ss‘ﬁj\z:s%ﬁﬁ*ﬂ%m

23 ONN B5atiam

CNN A] DU ER 54 OC R AT 55 h A7 0 S 1)
TR, 5 B 164 100 DX 45 22 A80RT DS e S B AR R 1 1) R, (EL
b 223G, SR S H I 2, TS B0 2R
BFEE K. FTUAARSCIER 2 EEHEM 2 B2EREE
BEAT R Z AL, BELCRUE FHAT P B (BRI T 4, 38
] LSRR A U RHE. ek, S T B Ak R AR £
PR K AN [ 17 5 PR N R O A A [ g ) R, A
SOKG B RS TR RS F) T padding #E1E, % padding
B E)F I ECR K S Max_len, [RIE N T R IE T H 2 A%

NZHEFER14—, il SAME A% padding #1E. A%

SCAFF ) CNN Mg g5 fan i 3 s,

TR, BB RUR R U= (0, ),
HWHE KAk, JE AU LW, R
Wi tis1s - ik B j AN E DB B R R (7):

Q) = (wjpujsr, - ttjeic1) (6)

BRI RAW € RMAT29) e N8 B I 56 BE, U I7)
Q& B 5 A Z 5 I RHE A S T A A =X
(8) 1=K (9) THH.

Xj:f(Qj®W+b) (7
Vj=max ()Cj) (8)
v=[vi,v,ee vl ©)
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Horh, o B RURAE, b2 W&, £/ JF 2V BN iR 4L,

s BRI E. R4 21E#ES Softmax 7328
SEFE AT, it Rt (1) fizt (12),

z=f) (10)

Yo = softmax(z) (11)

Softmax

R

k2 x]

x2

i

Input
B3 CNN 55402548 W 4% 4544 [

24 FEHER

EE RN 21 K — FR AR O 55 1B A DL R A
21075 AL AR, 15 31 b F SN R 5 A 1
B SO P ML 30 20 SR 3 0 2 180 2%
P 4 F 7. g o, N 3 2 AR P AN
Output BiLSTM.- Output CNN. H: 1, Output BiLSTM
JE BELSTM 54 2 88 015111955 2 26 5T B39, L
HBL K fBmax () FE 9 R K BIRR 25, 28t B D
T 2 FL 4 mZE 1 % 24 K5 Output CNN 75
J5i%5 Output BiLSTM [FIE. [K i, 8 AR %N

AR A (13):
X=518h (12)
SEIG I RE A MLP SRR D B 2 )2 40, T FLky
TR I 20 SR 2, 2 D0 4% J2 00 AR i g o, A 70 5
ZeFE RGN, B R FCPR G R R A P, (E R % S
AW 2, it S EE GRS R, B
DLAS SRR VE TR 3 J2BEZ 1 MLP AT AE SRR, 75
PR I ZRR A TR, AR 92 06 S E fr v R
MLP #4715 BAERE T DUEH 20 (14) FA5X (15) AT THE:
20— WO 4 40D 4 p® (13)
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a® = fz(Z(D) (14)

Hop, (ORRIZME TN, dDRIRIZEME T
i, £ ()RR TS 4, WORRI- 123
12 AL EHE B, pORIRI- 12012 W B . 55 FH
Softmax 73 K&, 13 B e £ B> ¢ 2 295 1 I A
y=s0 ftmax(z(l)).

g
Output_
BiL STM ‘
JRtar
Output_/ :
CNN
DN i ) g

K4 (&M MLP BEAT SN 1190 2% 45 44 I

3
%

3 MRS S LR
3.1 HEE .

N T PP SR A A TE SR O R BT 55 A 2
P, AR SCAE FH SR 58 R B U TT 404 42 SemEval 2010
Task 8 AT I, fE 1285 T, B3LE8 10717 M5
WFEAR, Hod T UIZR R A=A 8000 /S, H T
RIEEARSER 2717 A (RN T P2 A Z R K552
SR, AR SCE SR B AN AN R 55 5 o 38 AT SR R
>3, FLURASE R B R A AT 450, B BE LIk 5 R
A1) 80% 1E AN ZREARE, T 1) 20% 15 A KK,
DAL, IR AR EC 8573, MAAFEAEL )y 2144, ZFEAR

ST 9 Rl AR 5¢ R RBLAT—Fh“other”J I (12K

A AR AFAIE | Pos.
£ REFM |

B s RKEFKH 8 Eitipay

0 Cause:Effect ESES S

1 Comp‘onent-Whole W5k R
2 Content-Container NEEHAE KR
3 Entity-Destination TG HPIXR
4 Entity-Origin SRS SRR R
5 Instrument-Agency TEEPMXR
6 Member-Collection WA SHE KR
7 Message-Topic SRS EMKRR
8 Product-Producer PSR R R
9 other HAbL R

CIEHER R (precision)s R (recall) UL} F1{H. X}
THEMRRFY, FEALT 4 MHW: TP (True
Position). FP (False Position). 7N (True Negative)
FN (False Negative), ‘B AT 7l 75 1= KT R 1k
K R TESEIIAIESE . K ST A T A £
T 42K, B A 3 FrpFara bR v 507 X=X (16)-
= (18).

TP
precision = m (15)
recall = _Ir (16)
] TP+FN

lFl _ 2 X precision X recall

(17)

precision+ recall

T T B A TR BT BN IR R I HEAT 1A,

N T AEARSCASE A B HH 4R B AT IR E, A AR AR R

AL %13 (macro average) 46 iiE A% SC I SEBG 25 3L,

RIS — b 6 22 28 1145 20 P ME 2 SRR Ji5 BT 38 45 3

REFDHNEH m Fow, W BARF 5 77 a0
(192X (21).

1 m .. .
P= = Zi:l precision (i) (18)
1 m .
R=- Zizl recall (i) (19)
Fl=— Zi:LFl (i) (20)

33 SHRE

RS F (e 5 B R B 200 B,
Q] T\ FH T3 2547 ) Glove300 4[] 2% iR A —
B 43 KR4 SI2 06 0 25 4T 2 O R, A R 9 25 1
batch_size B2 4%, ALK 5236 2 40% B I3 2 IR,

K2 ERBHIRE

3.2 N IRRR
EEEOR, SR KRBT 5 E FEbr 32 2

ZH 5

Word dimension (WE) 300
Position dimension (PE) 100
Dropout 0.7
Max_len 100

LSTM unit hidden number 128
LSTM batch_size 128
CNN kernel_size 2,3
CNN filter number 100
MLP batch_size 128

34 TWERKRSR
AT IR A ST HE H R S8 A AR TR X SE AR S 2R i B
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REMRZ M, 2 BT DL R X E s

(1) BR800 5 B — R A o S B0 S8R P R

G A G AN B — R S 6 45 S (K 5
3 PR ZAE R, LEE A Ensemble AHE T
— A Bi-LSTM 7£ F1 {H L3R & T 21.97%, #HE T #
— B CNN £ F1{H E4EE T 28.92%. %45 R A5t
B 25 B AR 0] AR 55 40 28 38 (R A 35, 19 21 L A FH o
AN 555 2 R EAT SR 5K R el HRU T B A (g 45 AL

R3O ROBAE BRI SCI X EE

B P R F1
Bi-LSTM 66.73 65.10 65.73

CNN 60.12 58.10 58.78
Ensemble 87.77 88.21 87.70

(2) G5 BB 15 R O
AT Wil 45 £ B S PSR AR E S 1 2
E, 6 S th R S T i B 5 4 AT
L, FLpkE BN 4 i, St WYL PF. PL. POS 4
SRR, (R S BRTEE.

R4 CREBMS H AT R L

Rt FEAESE F1 (%)
BRNNP WV, PI 82.5
BRCNNE! WV, PI, POS 86.3
BIiLSTM-ATT* WV, PF 84.0
RCNN-ATT#! WV, PI, POS 83.7
Hybrid BILSTM-Siamese™" WV, PF 81.8
Ensemble WV, PF 87.7

BRNN: %75 Zhang 2% 75 2015 444 B XU 1]

a2 2% (BRNN) BEAT 256, W 3CR A7 RS

IR WAL EAS R IEEN, £ SIERIM F1{EA
82.5%. A< SCAE AR AL AR L Tz AL R e 5.2%.

BRCNN: %77 %2 CaiZ" 7 2016 44 CNN 5
RNN %5 & 2k 7% HERT 15 15 17 SDP (Shortest Depen-
dency Path, ¢ AKATB%AE), [F) S {58 A4 3 4R B2 (1)
Softmax K& 73 AR, H F1 L F] 86.3%. A XAHH
IR AR %A AR T 1.4%.

BiLSTM-ATT: % /752 Zhou 5% 78 2016 4F, 7E
R AL B R AR b, o Bi-LSTM HiE &
JINLHI S G BEAT MG SEES, H F1HAS 3] 84.0%. A
PEH BRI AR 2R & T 3.7%.

RCNN-ATT: %7775 /& Zhang 25%% 78 2018 4E i
F CNN. RNN Fl Attention #EAT 5286, 78 2% &1 7] &

260 W7t JF & Research and Development

AL B ) = PR R, 59 AN B3] ()il PR AE A R, L
F1 IR 3] 83.7%. A% SCA8 A B RYAH LE Tz A 42 v
T 4.0%.

Hybrid BILSTM-Siamese: 1% Jj ¥ /& Cui £ 7
2019 “FAFHH Siamese 158 (1) [F] iF, K 9 AN 18] 35 )2 1)
BiLSTM 45 & 75—, 2 F1 (HiA %] 81.80%. A fd F
IR RUAE L Tz R = T 5.9%.

4 BERARTAE ¢\

ARSCHH T —FiKEP A Bi-LSTM Al CNN
SRR MLP (1) %5 2R 17 125 K 52 75 52 7 6 B
ERE, 12BN D 4 PR P R 1 34,
TG ELIE A TR MLP 11 £ 2 51 fig 1 K32 3 6 R 9
I PERE. 55455 FE AR R 0% 4 o (0 B AR B RUAT L, AT
15 FE ) 7 4 O

A4b, TR AL T LA R £ 4 T LTS
S, BT L 754 (3 SR T HORRAEAS B, BB T — 5
R 7 % S 45250 b R L SRR B S R
R F 1k . [ LT DA% B N — 28 86 3 f
TS B, AR . SO R ERRAR 9 R %

SEH

Socher R, Huval B, Manning CDz et al. Semantic

—_

compositionality through recursive?meitrix-vector spaces.
Proceedings of 2012 Joint Conference on Empirical Methods
in Natural La‘ngt{;;age Processing and Computational Natural
Lapguagé Leamiﬁg. Jeju Island, Republic of Korea. 2012.
1201-1211.

2 Zhang DX, Wang D. Relation classification via recurrent
neural network. arXiv: 1508.01006, 2015.

3 Zeng DJ, Liu K, Lai SW, et al. Relation classification via
convolutional deep neural network. Proceedings of the 25th
International Conference on Computational Linguistics.
Dublin, Ireland. 2014. 2335-2344.

4 Miwa M, Bansal M. End-to-end relation extraction using
LSTMs on sequences and tree structures. Proceedings of the
54th Annual Meeting of the Association for Computational
Linguistics. Berlin, Germany. 2016. 1105-1116.

5 Yang DD, Wang SZ, Li ZJ. Ensemble neural relation
extraction with adaptive boosting. Proceedings of the 27th
International Joint Conference on Artificial Intelligence.
Stockholm, Sweden. 2018. 4532-4538.

6 Rokach L. Ensemble-based classifiers. Artificial Intelligence
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