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Entity Relationship Extraction from Text Data Based on Deep
Reinforcement Learning
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Abstract Extracting entity relationship information from text big data quickly and accurately is very
important to build knowledge maps. The existing main methods for remote supervised relationship extraction often
ignore the type information and syntactic information of entity pairs. In this work, a bi-directional long short-term
memory (BiLSTM) model combined with an attention mechanism layer of words around entities is utilized as the
first module of sentence encoding. Then, an entity type embedding module is added to the model to enrich sentence
encoding information. Finally, a semantic dependency parsing module is also included to the model. Thus, the three
modules form a relation extractor. In addition, most of distant supervised relationship extraction models are
designed to reduce noises in packets and sentences, they ignore the impacts of noise labels on model performances.
Focused on noise reduction of labels, this work designs a label learner, which can learn soft labels of sentences on
the basis of reinforcement learning so as to modify noisy labels. A novel relationship extraction framework for text
entities based on deep reinforcement learning is built from our designed relationship extractor and label learner.
The experiment results for a self-constructed dataset and two public datasets, ACE2005 and Chinese-Literature-
NER-RE-Dataset show that our proposed method outperforms several state-of-the-art models in precision and
recall rate.

Key words deep learning; entity relationship extraction; reinforcement learning; remote supervision;
text data
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FIF 5 6 S Ja] Bl 3] v = AL X R) K
#1212 M 2% (bi-directional long short-term memory,
BiLSTM) k% ] fi) 73 =", fii#k BiLSTM+atten-
tion, ZEHJUIE 3 Fis. M T1& SEH 4 N 2%
(recurrent neural network, RNN), K} id1Z (long
short-term memory, LSTM) A] DL &b Bl #5 K A1) 1~
B LTS R 1A 1R 2 R RS S, s 3 AN 145
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D exp(d)
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B & A ICF SRR A THT R, P2 %
IESGI AT IIAA B EMR A C R Bk, A
T BERIE] — SRR 0 ) 705 S A R 7S B 0 Y 1]
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P BRI B 7 R R XTSRS
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g= Z,Bisi (10)

HT 30 (10), EriEd Softmax pR £ 1T 545 2 Sk
KA HIREE A
exp(Wg;+b)

D exp(Wgp+b)
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s py RN j Mok RETRINGE R w o
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pi= (1)

y* = argmax{py, p2,-*,Pn} (12)
A, n RSB, 1B AR EIRIRA:
loss(3, p) = —9logp (13)
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A5 R TH Ok RIS TR AR S,
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AR FH bR 2S5 2] 38 R B T ol % 5] R R e
P EBARRIER ), "B REBE I Ik — A SR X 2% B IE M
WA, R RS, B RGN

1) RE

NT G DR AT R RS REY, A SO RN
RIS BRI 2 1 AR 25 B 45 A i R AE N 4 ai ik
& BKRERFNESSEINFE s, ERmiGLLTE
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3) TR

PR S B BIE a, A WIRERE, ke
X a,€{0, 1}, 0FKRIRZES )& E# DS %,
1 AR BIREE A ) BHIEBETFR LS o A SR HE 2R 3
A1 B8 B (agls; @) = o (Ws, + DTEIRZS s, I 3R a, 1)
B, Ho={(w, b} RFEINSHE, wH
SRAERE, b NME, o() Fos Sigmoid BAEL. 7LV
i, JEITTRRS R, ARAESE 2] AR RE R EU S MR I
A, HREUENERABENLME, SCHL 7R bR
2]

4) #Jih

B2 il & — NS U ZE IR 25 . TEFTA )
TEERSEZ Ja, B T 3R 2 30 AR 24 IE
PRAE R H 0 RAMELES, AR5 1 IR IE S X T S
IR RAMEERHEATIOAE, JRR 45 R DA hr 22 2]
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Kot Val BERIFE: g BAE A v,
g 19 DS % Fs plylg)Fom e RMEURZ T 54 5
B2 R I 2 2 JE T 26 R MR
AR b MRS SR O T B A B ok
(% R P RS . T 6 RS S
FRASTRR, 7 T 55 e R 0 50 (F R 08 I %
ANELES (O RERE 7 LS50 A 08 5 bR 2 2 =1 5
R A,
5) H kR4
RS AT bR S Vb =] 53
MG TEE, HAREREON:
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Ry AR EERR IEHA 2R AR 235 — A
BORKI2 N, AT L 12 75 V5 5 Tl U A U] 5k
RHITERE.

2 1RBUEXSIIZk

AR SCAR H ) 50 R At BT VR 7 0 A5 e PR A A
PREATHON SR B S AT B S 5 B g iE R
IZRR RS s HAOR A L — DR 2R 2
K, I R R W E AR BN AR RS T i T
IRbRRE A ) 4 Ba o8 R A UAS AR 2 2 ) gt
THRE N SR B AT NIRRT -

N I Tra, HIEEE Val, K RHNEES M)
WNZGZELE &, 27 S TIGSEIE 6,

i RAMMEISEE 0, BFEABSH
£ 0;

for episode /=1 to L do

THE G R AR AE I ZREE Tra 1 OC R T
W,
73205 A R AR B 4R 5 Noi, R
ERAIR R S RS
for x,€Noi do
WL 7(als;0) FRFENE a,, FREVK

end for
AR BhR 25 B ok R AR I S HUE &
TFEIGUESE Val (17 7344
THRARZE 5 2] AR 22 Jih «
BRI ) SRS S
end for
SRV FH O AR i B 1 TN o 25 oz A
PRI IR ST HPIRAS, FRIRBURT R AR 1L
A, HLUOhREE S 2] Al S R A 3REN 1, BRI
BARZAES, AR F Rk B 37 5% ARl BGER Y
SR, BILIIEE BNISIESIR, N (18) 3K
IR, B)E RS SRS . 28
& o f o MEHAXBIMRE 5 A M E—%1Hz
HoMozor, HHEINERN:
D=1D+(1 —)d (17

0=10+(1 -0 (18)

3 SKWERKSR

3.1 EIEH
A SCSEIG TR IR 5 28 BC & N :  Intel Xeon

E51620 v4 4:FR2% (3.5 GHz T45). 8 GB 1%, GPU
N NVIDIA Quadro P4000, Windows10 64 £/ f {F
A4, HwmIEM BN PyCharm, fUHSEE T Python3.6
WS o SCAHIEFUN B g o s B ATUOTAS 1) O Z i
W ie) @, By CLSR56 R s A 20 Pl oy 1) g 3k
g SCAR SR H R RNRE B 3bRiE X5k
(10 b B AT SCAR KR B, LA 21 T3 SR AR E TIURERT
10 e &R, HAlgGER 13 TMA)T, BUEER
4 AANA)T, MRRER 4 INE)T. 2) KA ZiEFR
N T 5 ACE2005 A rh 304 JF 24 £ Chinese-
Literature-NER-RE-Dataset, X % > %} §& 48 18 i %
FEEAREAREAER, RG2S 3:1 (Lt
B3 73 9 — IR AN . Horb A ACE2005
HHE AR TRk I T o8 RS B ORI 10 PR %S
HAH)— T4 ACE2005-small, Chinese-Literature-
NER-RE-Dataset I ZE U 1 & T 5 9 F o R AL AN
HAMZH R 10 Fhoe 222875,
32 BHKRE

857 R B2 iR AN 2 2] AT SCAR SR G R 2
B, FTRENEMOSHATRE, FEAIEN W
s FREE2E RTINS E LB G 2
5, FESHEREWNE 1 s,

*1 HESHRE

BH BHME
A ] 4 B 300
or B e A 5
SR ] B 50
BiLSTMEg i /= 4k i 300
Dropout 0.5
EES 0.001
HEIRR AN 50
PR 3] Sk AR AL 3
B ERPEHL 3
A IR R 0.01
B ihr 50 5 5
IEARIREL 100

33 H#R59H

K HR I VL F ER I FSFE (precision). A
Z (recall) F1HT N MEEARFIRS B (P@N) BE4T VP4,
HrRs N

T,
Precision = — (19)
T,
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T,
Recall = T, (20)
A, T RIS R EMPI R E; T, %
NI R BHG T, RN 108 R S HL.
3.3.1  ABERUE A AL IR

ARSCHGAIE T L ik S w5 $8 A A SR O R
TR RCR, A8 A SE I B 5 9 A JT ) ACE2005-
small ##55. Jede 45 B8 A P-R 42 Bk 7=
N SEAAR G ZR R BB AR AZ ) VRS H T B P e
PR, A 4 Frs, Hod ATT RoRiEE
HLH (attention), E,y,, FANEIARRERELL, DSP
(dependency syntactic parsing) /K A7 AJVEM B .
ME 4a H AT LLE & SOE SR ¢ 2R Al B R
TR RAE T —ETEH . FEINA SR A
LRGSO RS A A B # 0 0.025 /2
H LR B TR BE R s R E, R JEREE
A 2R L TIRE BE T FRAR, AR DN S A4 SR A5
YU SO A B RS P 5 R AR B A A LU AR TR . i
—BIIANKAFAEM B f5, BEE B 34
Th, BRUKSEE) R R RSB T A R, HAER
FIZ KT 0.1 25, BAUKS L& T 00U St
KPR B Ja ISR I Ja, ool
HATE A R F KT 0.05 2 J5 Hobs BEAEfT A Sk 47
R, FHHSAIANGR S 5] PR AR LT
K, IR BN N BRA 27 ST HEAT BR 25 B 2 S R
BRI SC SR A HR RO
332 AR X AMILTy ik A

RICETE H RGN A T E R B T B
PR A I A ABE A b B N A3 S AR 7 T 1)
PERE . AB G0 7k B R HE R B Ik 45 17 e A M B )
fith Mintz 155 4 " F1 3 - ¢ ik 1 22 52 48] 5 2] 5
(MIML). 35 Mintz #58) & H ) iz 72 5 28 3 88
B, MIML A58 2 A% 43 7 3 H 1 Mintz (7] 8 ) 5
PRI, EIR I = I 7AYo BILSTM M
PCNN 757k 5vER JIHLE] (ATT)"'" BL K& PCNN 5
At %%~ 2] (reinforcement learning, RL) 45 & f# F 1Y,
HE ARSI E AT L

MK 4b 1 H R ER MRS BT LR, (%
4t J51% Mintz Al MIML ()8R AR T2 TR 5 )
7535, FF HAER EIZ 0.20 7247 A FE kT B
# 0. 1M BILSTM+ATT BAAE £ [m] 50y 0.025 24

IR LT oAt 3 R vk, (HBEE A B2 136 Kk
BN BRI R . 3 @4 L PCNN+ATT
PR R| TR G, HEEE F R,
W AL AS KT & . PCNN+RL R 7R 7 7] %K T
0.10 Z J&, MEREALTHALUAEE, X R 0IL
5O BeA AR TR FE 25 21 0 R EUBR B (1 M e . AR
SCE AL BT, RRETIETE A RN
0.01 IS FE B S 85 7 PCNN-+RLAEE B4 R0 HAth )1 Fil
Jiik, FFHAERBEREKT 007 2 )5, HEEREAR
T A . BRI, ARSCATHR AR P-R 2R
AR KT AR LR 73, MTSGHIE T A SCRTHE R
FRA B AR e

M K 4c ] Chinese-Literature-NER-RE-Dataset
R AT EARER P-R f1Z6KE, Mintz fl MIML
SR E S ST LRI 5 AR BRSO AT 3 2 . BILSTM+
ATT PR 22, B AE A BIRALT 0.05 B K
FE N REEE R, (HREEARRN 0.2 2 55 HAh
TR 25 I B A ZE A K . PCNN+ATT AR
EARZFE KT 0.2 25 1 fe  BILSTM+ATT f
75, KEEMBIHAHE . PCNN+RL /£ A4 [FIZH 0.05
B A Pk B d KA, (HE M H IR KT 020, EH
A A L LA IR B 2 ST AL B AR AR . AR
I JTIEAEAR A B 2 RS B2 /N T- PCNNHRL, IX 1] R
JE BT AR SR FH A2 % Ml A58 1) SCAR B o sz o
RABUE R AT U S5, DRI b3 FH 500 45 1) L Ath A3
(R bR BN A1 2 B AR B AN I P bR 2, AT 3 B0
WA, RS EEEKT 0.15 2 5 AR A
R S — B a T Al 4 AR, i BARSCRT 7
2 P-R AR THIAR AR K T oA J L/ RL, 3 i B
T AR B AR )z A AT

N T PRI AR SR A I VERE, A
59l SR FH T S 5 S 0 S B 4 F R — AN )
FHIEL R HT NS SRR EE (P@N) >k ) Wy 4 B A4
. 22 FIFR 3 2o g T JLFRO% R A EUT V2%
H 2 5 8E 4 A 2 L E iR & 1 P@100, P@200.
P@300 {HA-FIME . M 2 FK 3 14 R #n]
LA, 1550777 Mintz F1 5 T REE T2 MIML
TEM P@N 5 5 4 i3 T 1R 0P 28 I 25 11 77 Vs
ZPRAIECR, HAS B M m K.t 4 Mt TR
FEM G W 28 1 7, 7E R ERAE b, AU R
b PCNN+ATT 559K B 5 ) J7 V0 38 kG B 4 v
5% fiAq, TR SR AL S ) () PCNNARL #5784
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b, AR P@N W3R T 2% ifi; fEASL
b b, RSO LR FE 5 21 07 (1) BILSTM+
ATT BRI IRE R RR 1 7% /o4, 15 PCNN+
RL A5 B R B 55 40 2% >) 1) PCNNA+RL 7Y 4 EE
ARITTER) P@N WIS 1 3% k. Mk, 32
) &8 Bt 3 TS = TR 3 ISR, EEA AR RN
B0 G AR AE — 0 SE AR AL 2 RO R
TP/ €7 TE B ¥ N Y e e ey R
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0.6 |
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0.9 —yL MIML
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Model P@100/%  P@200/%  P@300/%  Mean/%
Mintz 68.4 66.9 60.1 65.1
MIML 772 73.6 70.8 73.9
BiLSTM+ATT 81.4 77.1 73.5 77.3
PCNN+ATT 82.2 79.4 76.8 79.5
PCNN+RL 84.1 81.7 76.4 80.7
AR 86.6 83.2 80.7 83.5
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Model P@100/%  P@200/%  P@300/% Mean/%
Mintz 64.0 60.5 62.3 62.3
MIML 73.0 70.5 68.0 70.5
BiLSTM+ATT 78.0 77.0 71.3 75.4
PCNN+ATT 82.0 715 79.0 79.5
PCNN+RL 82.0 79.5 76.0 79.2
AR SCAEAL 85.0 81.5 80.0 82.2
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