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Chinese Entity Relations Classification Based on BERT-GRU-ATT
ZHAOQO Dan-dan"? , HUANG De-gen' , MENG Jia-na’ ,DONG Yu® and ZHANG Pan’

1 School of Computer Science and Technology,Dalian University of Technology,Dalian, Liaoning 116024, China

2 School of Computer Science and Engineering, Dalian Minzu University, Dalian, Liaoning 116600, China

Abstract As the basic task of natural language processing, entity relations classification plays a critical role in tasks such as
knowledge graphs,intelligent question answering, semantic web construction and so on. This paper constructs the BERT-GRU-
ATT model to classify Chinese entity relations. In order to eliminate the influence of Chinese word segmentation ambiguity on en-
tity relations classification, the pre-training model BERT (bi-directional encoder representations from transformers) is introduced
as the embedding layer to better obtain the context information of Chinese characters. Then gate recurrent unit(GRU) is used to
capture the long-distance dependence of entities in sentences and self-attention mechanism(ATT) is used to strengthen the weight
of characters that contribute significantly to relations classification,so as to obtain better results of entity relations classification.
In order to enlarge the Chinese entity relations classification corpus,we translate the SemEval2010_Task8 English entity relations
evaluation corpus into Chinese. The model achieves an F1 value of 75.46% on this translation corpus,which shows the effective-
ness of the proposed model. In addition, the model achieves an F1 of 80.55%on the SemEval2010-Task8 English dataset, which
proves that the model has certain generalization ability to English corpus.

Keywords Chinese entity relations classification, Pre-training model,Gate recurrent unit,Self-attention mechanism
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B A I LG 2] Tk L B RN R A T IR EE A S U
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AR DG T B A ey, A5 v S S A 0GR A IBUSCR A3 LR T

Bl 2% > 7 B8 5 T FR AR 1) &t I E T A% R B0 s 2 47
Che % (Guo 51 Gao 0T AR 48 v SCIY 5 5. AS T Ay BE
TR SCRFAE IR T LG 1 000 0 9 T A o R e A
T A% oK B ATl BT A R A A IBCRY B Al B R O A A
Brab 1 & 0L PR A% o 0 TR S0 0 Tl B & 2R AR AE L HE— 2B i
TRRMBUES MRS . Lin %07 Guo 0 [ Yu 0 H H
LR TT X SCOC R A OT AT TS RCR AR L TR
Tk ) 0 9 07 A TR T

FET IR ] W R RO B TR S 2 WA TT TR
B G R il IRCON) B 0 06 R 8 B 0O B 2 1 O 7 2. Petroni
SR 1 CORE B8, Qiu %1 #2111 ZORE 56 % 4l Bt
R Qin 4517 52 A UnCORE F G F 4T 1 SCHF IR —
b il

2018 4%, Google 24 Wl & #7 Wi Il 4k £ %! BERT ( Bi-direc-
tional Encoder Representations from Transformers) , i% #& %l
XF A SRR F AL B 1 2 BUE 5 BOR YA R F . A SO BERT
N T S0 OC R AMEUT 55, K] BERT 2R B 3CSCAR i 5
B[] 3 3R 7R 5 DT B ARG P ST SCAR 348 2852 5 8 3 il 7Y 4 i) 7 BRORS
Y % S A O 2R il IS 0 R . 2R B S R BERT
PE ik A )2 3RAS  SCSCA P B 1 B R SRR AR R
HE AL ) #8290 (Gate recurrent unit, GRU) #i £8 W 4% L)
i) Rl R ] B9 LG R TR A UE B I HLE] (Self atten-
tion mechanism, ATT) 58 £k % 72 554K 5¢ 5 BTRR AL KA F 11
KT, dc 2638 1 Softmax R BRI T SR G R HY . A SCHR
H2E T BERT-GRU-ATT f H SCS K6 R 70 KT I 7 Se-
mEval2010_Task8 1 3C B IR T RUFIIRCR . A
RIBTHRAN T : 1) #5377 SemEval2010_Task8 H 3C &1 1% 1 # 5
24 T BERT-GRU-ATT H 3L & R 43 FBE R, 5245 45
SRR MRS TR FLH , UL T TR A Ak

2 MHXIE

2R 5 FR 43 2 S A W S T A S AR 22 TR YOG R 2B
EFRIMBOZOME S Z —, TECA TIEMERL -, TR
JE 2 ) WA B S R A U ¥R AT 4 IR 2 2] T B I K 46
RN AR SRR O R T R T SR IE AR I B TR K £k
P A% ZE 07 5 R I T B B 4 W 45 (Convolutional Neural
Network, CNN) i 3 # 22 % 4% (Recurrent Neural Network,
RNN) Al 44 B} {812 (Long and Short Term Memory, LSTM)

2 W ST,
2.1 ETF CNNHWFHE

F+ CNN K Rk R el Zeng %0 F 2014 4
P %O R R R AE RN A B AR IE A AR b A,
CNN 2R45A) F GRHE , T4 4] 7 AR AE 5 ok 9 A 5248 L 92 4
By R 3. L K WordNet - 437 3] 20 g A9 1) V1 9 5 AiF B2 BB
kLl Softmax bR UK B 22 S5 T A9 DG R . %7 kP I
G R] - SRR AR A R AN T AT % B T Ak B ki fe T AR
FHE A NLP T EL 3R 10 R A0 1m0 5 | i 1R 22 15 45 .

TE Zeng %5 fift UL G R 4y K W A Al I, Xu VTR
CNN Efils B T 5 S ARAE AR AR AE IR W] T e 8 AR A7 A2
SR FK A ME . Santos U 4R A CR-CNN 51 R 7¢
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Sun SEP R FH CNN X 36 & B Hh SO 55 k47 T 224
{EAF R M2 Sun 45 1 TAE 276 COAE2016 %04 4 £ R IT
B, BT A 4R % B B I 2R 4R R 3 4E #8311 000 F%
Pt A T CNIN A 3 (1 R0 LE A% e AL 4% 2 T J7 125 S ) e A1L
(Support Vector Machine, SVM) #i &I i F1 {8 EAK 2 10%,
B AT DA L SR R A E e BT R TR B A 2] B A RE 5 4
RIEVER
2.2 EF RNNMFZ%

2012 4F , Socher %510 $ W 741G B4 - [m] it ASE A L 922 1k
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HEPE,

2.3 EFLSIM KBEMAZE

2015 4, Xu & i B A LSTM #4756 R, Vu
ZLUAE Santos Z U H AR B SR Al B BE— B CNN 55
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A& B TEBE X3, 3 Ty ik E AR AN SR 22 I i o e O 8
5 R — R AL H S CNN Al RNN R 45 R Pt 4,
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R REE R
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IR TR B S R SRS RO AT T2
T 5% A 245, JH SR 56 2 il TBUROR 3 v SCSUAR 38 7 3 R 1 4
Fhasial, ARSCEH TR Google & A7 iy £ X v 3¢ SCAS Y i
Y%k BERT BB, 3145 & Lo B 19 GRU Hl A T 3 1 HL
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BERT-GRU-ATT #8384 4n ] 1 B 7R i 0 AU A 55 %
AJZ.BERT # A JZ W GRU JZ . H & & ML Z Al Soft-
max i 2. B JZE R BERT FI 25K 8, 35 75105 2 75 2%
I 0 R R IR DU S 4R o A ) GRU JZ 18 847 1
S R SCRERE X W GRU ik 2 19 [ 2 b B m oA [ 3
T IR R A BN TR SR O FR BT/ G A AR )
F A A Softmax 2 B ERA MK REM, &2 M EMAE
BLHIINT

(DTSR BB LR 1,524k 2 Fam) 5 A, 4]+
NGl DABRAS BT O i A B AL, Sy B o S R T R e AL
AR S G i E TS

(2)BERT JZ : 5% ] BERT T Il 25455 0, 8 iy A1 072 5
e 4 & F — T UE B AR & s . RATRA
12 BERT-Base 1 3 il .

(3)GRU JZ: iz%tlﬂz%ﬁi)lléﬁﬁﬁ"ﬂ@iﬁﬁméﬁ%,ﬁﬁﬂrﬂm
GRU RG] T8 BT SCH-E . X BRH GRU 21 F 3 41
J5 R % R 158 GRU 1R LSTM #5 B fY 48 Fh L figt e T
RN A7 g 66 J3E R IO A6 J32 o e ] 0 ; JL9k GRU 247 7
3 DT 4 AL K B B IR B 32 R B F GRU W48 55 g
LSTM W&, I HAE RS R 2 AR K A 15 ) s SR e 4

(OATT JZ R B 3 LN 5% 3¢ R 52 51 ik
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3.1 BERTE
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BT B AR B R B L R M T OE X T AR
AR SR & 1T EE BERT I 25455 B 30 454 90 7 1Y
Seu it . W2k e BERT FIH XU A transformer 1 4 4
W RGN FHERPEIFTEEATNNGEL. BEE
Ui BERT #50 UAS S i FH 1 55 455 TSR R A7 WU 45 , o A SR 3L
r’wﬁf%ﬁf T 2 FH WA 57 9K 4T 45 %1 BERT #5584 35 17 W1 25 .

X AT 55 43 5l S #5715 5 A (Mask Language Model,
MLM) FII'F —A4~4] F I (Next Sentence Prediction, NSP)
MIMﬁth%u/\LLEPE’J 15 Y4 Bt AL B i » 98 J5 3 5k Y1l 24 A X

3R WEE 11 = £ 3R AT 0, 3R T AR SR IR Y 2 R AR B A
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REAY , BV AT ] 19 isNext” 26 2 K B T 1 “ yes” B “no” . 3
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HI BB S N R SRTHTA N, » XF N R B S8 b, b, T
by, EAITHEH T HERMA ) XGFR, o H sig-
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Fig. 3 Cell structure of GRU
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SemEval2010_Task8 )5 2 fih O AR 52 1 5 5 fih AT
FE R B R & 9 RO R T, 8000 KUNZRTE K,
2717 SRR RL . IR LB iR A R R YR A
BRI AS K 17 TR O AR SC R 95 T A i R R AT 0 I 1% v S
SR FR A U R A ik

TR REGEE 174, — N AN BERR T TAEE K
PLA, B8 T e 0 J0 ik IR . 78 1 T S0 AR G R il U R Y
RBCGT R AR SCRA T 3 AL PR AL A 91 10 A~/ B
M1 AEK AR S 10 DR . "R 5E K 100 &
BRI B RE G IE S 10 /N s & /N SE A AN B AR
G5 A0 HRE N AR AL B 1 32 i AL DA JE — 25 o DR B T
B R RS B — 2 ROT & A/ E R EEESR

X LG PR VRS B ) 0 S B R R B B AR F R AR
PUF B4

(1) 3 J3 [A) i3t

P T 38 3¢ DL A 1R AR T B M T AR S L DU WA R
UL RNLE TS S AB U T AR T . P AR R SR LR L A I R S R
B 1 7 5 U

JASC: A small ceramic (el) figurine(/el) of a baby was
hidden in the (e2)cake(/e2),

PESC: (e2) KR/ e2) A — A B LI /N & Cel) BEAR
(/el),

o Ce2) HRE (/e2) HUEE — > el BIERE(/el) .

AN S REOCR T W IR R .

()R K

X TSR] AR SOR ] SR B SRR R LR
7 35 ), 4 245 (wine) £ 38 KL & (carton) P SE 4K 2 [a] & Y
-2 %% (Content-Container) [ 3¢ £ . {H A B 3 AT A % 7 1w =
BB HAB MO AR S R ROMITE S 5 b2 T 2 U P A 52
N

JASC: When T first arrived in Italy I was amazed to find
that they sell (el)wine{/el) in a {e2)carton(/e2),

BLBE Y TR N B R ORI B R AT b R BT (el ) i A
W</ el Ce2) SRR &5 (/e2) B SE

R IR W) B R I A A R AR AR (e2) &
(/e2) e AT /el I,

(3)—1d) 2 L[]

YL E R 2 2 SR FRATT R R e SR T Y 1R SOk
VR A] (LK R A B R 6 2 F IR .

JE3C: The United States has (el)laws(/el) that limit
magazine {e2)size{/e2) ,too.

B IR SC 6 AT BRI A4 35 Ce2) RN/ e2) 1 Cel ) 6
(/el),

TE 3 SC - 5 T AT R A A Ce2) R/ e2) B Ce ) T 1
(/el),
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WA AT e BB LAS TR HR Y S A A AR A s T
B, B VERIHE, RM1E 3 T SemEval2010_Task8 #y
SCHRHIRIT R
4.2 XWiEE

AR Google & AT 1 3C BERT il il 25 45 A Jié F 52
By, I ik B U 2R AR AIE , I SR AR U A, BERT 19 2 50wk
B LI N TN 2505 5 BB 52, SRR E R 1 5,

®1 ERHESH

Table 1 Experiment environment parameters
BIUERA Windows10
GPU Nvidia GeForce RTX 2080 Ti
CPU Intel(R) Core 19-9900K
CUDA 10. 2. 89
CUDNN 7.6.5
Python 3.6.10
Tensorflow 1.13.0

FEZ P SCIAROE R 43 24E 55 P BERT 42 768, XA
GRU 2R R 128, A B AR E R 32, %S85
i B A ) ik BE AL 4R 1k
4.3 HEIFMAR

PEREVEAN SR T IZ U8 H A A B 3R (PO L A LR (RO
FIE, A3 —RKA5, HTHREXRMEUS T £ 5320
R, PR 0 6 DT R I R RO 3 BRI S B 1 e 4R A

MR8
P:%xmo% (13)
R= e X 100% (1D
F1=1%><100% (15

Horhr, TP Sy TR 30 W SR 3% 28 00 1 S5 60 40 FP oy 340 o i 28
B AR BRI B TR KM LB A FN RoR 8 FiZ 250, |
A 5 kg 2 2 Y S B
4.4 ZWHERRITE S

AR CTE SemEval-2010 Task8 B P& 15 Bl | ¥FAE T 4 0k
B ZAE R & 10717 ASFR AL 7R 1], Hp 8000 A4~ F T I
2717 AT MR, A SR E s h B HLAER T 2182
A REA AT IAE
441 AmEn

GRU J& 8 % 00y & 56 B 30 44 R0 2% (1 — Ff A48 {4, 1
LSTM )& DA ¢ R BT 55 i E A8 . S 1 XF L4 b7
Sy GRU 1 LSTM B 458 51 ¢4 B 19 5% i, % BERT-
GRU-ATT B ) GRU £ ey LSTM 34T T 9056, 9256
giR i 2 iy,

F 2 GRU 5 LSTM A i X [t 45 5

Table 2 Comparison results of GRU and LSTM models
LA 6)
A P R Fl
BERT+LSTM 74.38 74.5 74.44
BERT+GRU 75.42 73.94 74.67
BERT+LSTM+ATT 74.71 75.46 75.08
BERT+GRU+ATT 75.55 75.39 75.46
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Table 3 Results of classification experiments

3l KAEERA F1 /%

Cause-Effect JRE -5 R 82.39
Component-Whole - E K 69. 35
Content-Container WK B 80. 10
Entity-Destination SLpR-H B H 86.67
Entity-Origin K-k E 75.10
Instrument-Agency TR # 64.83
Member-Collection AR -E A 72.77
Message-Topic W E-E A 76. 34
Product-Producer P 71.82

MR 3 Al LU L B JE 06 284, 92 k- H 19 3 (Entity-
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T. B~ H# (Instrumnet-Agency) 3¢ & i1 5] 45 £ & K, F1 {6
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Table 4 Experimental comparison of distinguishing direction of

relationship or not

BT 2 %)
K 477 1 FRHH
P 75.55 78.38
R 75.39 78. 22
Fl 75. 46 78.23
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Table 5 Comparison of model variations SRR B, H SR S E A K, L
G 26 W 6 P, T3 SCB ALY A [ R4, Sk F1O(E A 22

e P R HE AR 305, S Bl 2 BT Fb SRR T 5 R X
GRU-+ ATT (Baseline) 61.08 57.46 59.21
BERT 61.94 60. 33 60.94 6 I SemEval2010_Task8 i Bk L A9 52 56 45 B 5%+ 1
BERT+ATT 69. 20 69. 47 69.33 . . . .
BERT--GRU 7542 73. 94 7467 Table 6 Comparison of experimental results on SemEval2010_
BERT+GRU+ATT(A X) 75.55 75.39 75.46 Task8 Chinese and English corpora
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Fig. 5 Influence of dropout on experimental results
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