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Bi-GRU-Based Event Argument Extraction Approach
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Abstract Event extraction is one of the important precedent tasks for knowledge graphs, while as a sub-task,
event argument extraction has a significant impact on the quality of event extraction. The existing pipelined event
extraction approaches usually ignore the relationships between triggers and arguments, or among arguments, which
leads to low quality of event extraction. To solve this issue, this paper proposes a bidirectional gated recurrent
neural network (Bi-GRU)-based event argument extraction approach. The proposed approach considers Bert-based
word vector, word part-of-speech, word position, and trigger types as features, applies Bi-GRU to encode these
features of each word in a sentence to get a word vector, leverages the improved multi-attention mechanism to
assign weights to different parts of the sentence, and finally identify arguments and their roles in the sentence by a
full-connection layer. Experiments are conducted on a benchmark dataset, and experimental results show that
argument recognition and role classification tasks achieve 69.2% and 61.6% in F1-score respectively, and are better
than compared state-of-the-art approaches.
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fEo Rk, FAMBULHE T B 25 S 43 (natural
language processing, NLP) H1 47 T FAL 45 BT RE, 0
A SEARIR G TR AR IR S . N TR
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TV 1% TR e 1 — e I AR, 2R
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T, 35T IR PR 422 ) 268 1 S Al B 00 2 it g A
B TARZ O, SR IR 5 A IR 2 2 ) B Y
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2 %% (convolutional neural networks, CNN) ft] = 44:
FHHCTT ¥ DMCNN!, - BT A 242 [ 24 (recurrent
neural networks, RNN) ] 2 {4l L 77 7% JRNN!™
dbRNNP, 3 - [ 35 R 22 [ 2% (1) A1 b B V%
JMEE™. 5T CNN B4l HUO7 1 ()R i =& vk
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WS &R, HWM K SRS E S, It
Ah, B 5T IR EE M A M2 B AEEUO VEK %2
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RORAE .
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short-term memory, LSTM) TF 5 R0CR 5y, HAR
A, EA THERECRHBA . @it Bi-GRU #f—
AR BSOS, i e B RS IR EE XE
B ERR.

3) 7 JE 3| [\ — AN B LE AN [F) fish A 1] 2 7 1) A
NATREIEA R HE AR oM €, FF Bi-GRU Jwhl
13 2 PR 2 15 SUE IR ) Bl i ot B3 = A
RIS A IR R &, $REUR)Z ITE UE
B, R &Y m &,

4) F Z T g 15 B PR 215 X ) 2 A A )
S G NEIEE MY, 455 Softmax X A) - H1 1) L
i token HEAT 732, AR B BT AN IR IT A
B EEEES .

1.2 FHERBE

N TSR ER BT XS R, ERIEmIYE %
& 4 AN J7 T YRR XS R EAT G, 3 ) 2 A A &
1A T FRVE (part-of-speech tagging, POS). 1d] i & $F
TEA i R R AR AE . ELAACH, 30 A A Sk i 7
I &5 15 5 1 A (bidirectional encoder representation
from transformers, BERT) SRARE: £ &5 1) T 1)1 45 14] )
& f)Fd@t BERT 415 2| HI8h &0 &R RN
ep;» HAURINGFAESIMNLE P I B R R
EW AR EERN o, W

“ Attack” il R (1) AT AR 2 W 2 A4, IR
W VRN SRS, ] one-hot [ &3R8 w17
PERFIEIARAEILA 46 28 (SR RS “<unk>" |
“<pad>" ). fili ] ARSI S AR T A
W0 ) $5 B EERFAE,  F one-hot [7] 8 R I8 Aw, o [F
I, Rk A7 BAE B FE AR g i AR R A K 1A
fide AR B A R &R, X TR ELS E — MRS E
JF 5 w1, W2, W) we B O R 1 EHUME, 138
AR IR, 0 RARA AR, iR RN N
Wrio 3 MNIEARNHIEF i R AT | My E
B a, pot, r R X A E BVRFE o wp i weiowi 7T
Wb IR B, 90 He s, €4, €1

€pi=MpWwp (])
€= MtWt,i (2)
€ri= MrWr,i (3)

ﬁ EP ’ Mp,M[*DMr%%%H%Ej‘%E% o By%%j"/fgfﬁuep,iz
e, enifiis FFAEGRASZ K ep AWLET 152 3 AMRFAE
PR, FHRERE M WS B EE Dy d B FRAR] R e -

ei=M;yx [eB,i;ep,i;ez,i;er,i] 4

X, e NI A) TR ERR: MBS HERE,
15 B 4] B A A B3 e B D SR AE )
ei5, NG FTWHEEHON M B FAE, W RR
HNE = (e1,e2,-- €) o BWIHRANYEE Nd,,, il 1]
IRANYERE d,, 7 BN BILERE N, RN
YERE N, B )G, el I4EREd AT KR N:
di=d,+d+ds;+d, %)

IR I AL = & 15 X IRFE 7] &= /E N Bi-
GRU EHIHIN, Anxd 4R, nyh) 7
AN G A G )RR AE 1) & N TR Bi-GRU-
MATT WA 2 AT — P 21T 5.
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13 B R4 g 1Y J2 fn ) F 3R OR W) &= T 5
WiE, W=7 54N —> Bi-GRU, #id RNN
i SR — 25 il SR K BE B AR 0% RR B R SXfE
B %M Bi-GRU /£ N RNN 45 2 H) R KE T 5
HAEME LK LSTM ML, GRUITHERY),
HAHESEMZE, ki mmAhas
K BE B A R

FERETY Bi-GRU-MATT b, R4 vb S B (1) 585
PR EE T PIRE S 38

zi=o(W.e;+U.h;_+b;) (6)

ri=oc(W,e;+U.hi_1+b,) (7

A1, ok sigmoid B, MTHHAR WEES: W W,
U~ U b, b2 EEFINSHG b
Fi-UBR A AR 2 ERTARRIN AR
HEEEMMRE. TRESITERRE, CHE
BITREER_, BEEFMR_ACHR_, HHHLS
B N\ x P42 J5 18 3 tanh BT 2R A4 TBOEUEE B (-1, 1]
B, I (8) M (9) Fis:

hyy=hi 07 ®)
lT, = tanh (W- [h;_l,x,]) )

BRI HZ P PR T LR IR A -
h; = tanh (W - e; + r;Uh;_, +b) (10)

B A E E M BCE Bz, 2 /15 280
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I8 B RS 1T 5 PRSI K KRS H
K, FBARAE Bi-GRU JZ M IE [ A [ P AN I T 4
RGP e S, fiPe 4 E KB o, JE
1 Bi-GRU K6 7 HIZRIR E NP T5 [ 4 A

S =
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« [
= GRU (1.1 (13)
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G 1 P B2 6L SR AT B 4 B 1) 27 51 E=(e1, 2, ,€4)s
XA GRS E VIR IE L bR & T N E
I R B AR S SR F R R RN
14 ZFAEHIGHIE

LR IWLHZ N Bi-GRU-MATT #E 7 4% 0
o FAHEIAE S — R AP A FER R
AT RELE AN AN (5] FR) ik 4 1] fish 5 1 2 A2 v 2 HH 3G AN [F]
e Tef . B, A7 RRHES Bk 5
PRI 18 TG = FEAR DG, FETH AT IR IE SRR
KEAE B EE, Frlh, f£ Bi-GRU-MATT #i%!
RS E BTN s a N g B LR 1S
TR 2%, AT A)F O FFE R EL .

R IR H TR 1 8 8 S A5 A [ e
B TFRaER, ETR—- AT Ras2
ANEAIHHF—ANSHOT R R ICAR, A3
KF T — PG i B AL, AR A fl % 1A B
Wb g id v h) 7 ROR &, R N2 EE AL .

HIFW = (wi,wo, -, wp) & FFE 9w 15 /2 A1 Bi-
GRU 24wz Ja i AT IE=(e1,e2,-++ ,en) s
)7 R A B w X N I 1) T G e, B [ B
JFHE = (e1,e2,- -+ ,e,) FT LAAE B AT ) B Gevent o FHEF
) AR R IR IE R R, B BB SR
BOTHEAFEEN LT XER, AT H0EmE
M3 s, AR 2 = L 2 I AR R A
% 36 fih 2 1) R S8 TC S B IE RS, DA
BT _E— AN RN — N R GRS 4 A B
i, sk (14) Fros:

Gevent = [€i—1:€i3€i415€i—15 €. €5 41] (14)

XA, RN RIE R AR A B i R R A
WICHINL B . AT F Al F ik 1A (fik ik S AF fik
FAAARIE F RIS ), PHEE R S &
BE TREFARE LT UER, RER S
RACR

FAF A A IO R LS S, IR R BT
2% 53 ¥ R AL ) B OR 58 K> AR 55 . E Bi-GRU-
MATT #E7 A R Y Bt ) 22 3 LR R A5 2 A0 1
PN Sqen o MRYEARAL fih S ) A ik AR 1R 7T, B
PRI EIDN 3 #8500 S A B gevend AT
EEBE, [EA) TR sene HITRE M A
M2 S A8 T L B i, AN I IRUFP A2 AN [F) £ 5 o
REAE DO, ARk, B < Bk, A
T HRIR S sen T T RIA Y

_ [ att(E,1,i);att(E,i;+1,i.);
Ssen = att(E,i. +1,n) (a3)

K, att(E,a,b) iEE I E T REL, RoRx )
R BT B ) S SO A R P 2

b
Mmmmammzzym (16)
a

Kb, a2 B URE, A IR TR IRE N

@ = L(Oi) (17)

l Z exp(o;)

J
FLH, 0N Attention THE IR A JIALE :

0; = a(e;, qevent) (18)

X, a(oy) RARERE IR ERE, &=L
MIRZ L, fEE B TP A T X Query A key
THEER IR, AR AR o TS+
T F A 7] B evend 1 A1) F WAL B i Ak 1 52 95] 1) DT Fic
FEEEHAT V7, PR E IR . R JIRE R
EAFEERER, RTEENHANRA R ESE—A
AEACLRE 73 BRI AT o 3 B A FH 9 4 A B2 SR AR R 4
m= (19) s, BFHE T REZ R 4E R4 1,
5151 R H 5 B A Rk

1
a(s,h) = %f(WIS)Tf(th) (19)

XA, WRIWLRRA R RN AL,
X B3k I ReLU BRI 3. 40k 2953 L2 g
Je, 133 T FA A geven F M-ATT 465 (5] 73R
TN B Sqen, 2 AT T VE G R AE AN ) 2]
BIFRAE, JLRN TR Z S TS .
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JE I RAE S . AIEE R NG i FH A AR
Gevent M1 572 2 B ) M-ATT G 5 1 51) 275 ) B s gen
PUREARATRNN, RN

k= [qevem;ssen] (20)

Arb, SEEEWMANKYERE R 9d,, keR%, dfE
i NA) 1 W R AR U] 28 1 REE 4 5 )2 A1 Bi-GRU
JE Y 5 i ) B4R RE . KRR N A ROk
FhHC A0 TC ) S B2
y = softmax (W;k + b;) 21)

A H,  softmax F 75 1] 42 softmaxpf L ; y e R™;
W, e R™%e; b, R™; miR FEHhHU S48 70 A 04
&, SHFEAEFEMFRIC “NONE” ; W Hlb, et AL £f
FAMSEG y—EMPEH, NE—NFFR T
MRt T EEES S, I EAA softmax IH—1k.
1.6 RKEH

A Al R RS AT 5 AR R, A FH 4 452 2
HE 3 B 70T BBUAL SR AR DA AN AR (1) 453 2K R B

N n
J(0) = —% Z Z Yplog(5p,-6) (22)

p=1i=1

X, oRFBENMEMNSUES; NRARH
TR nNEFRCRENRREE, O
NONE RAMMIFREE; yp 2 — A MEMTERR, Zyft
REIEWFIHRTTMEn, eErEn 1, Hibko
TR0; 3, AR BTN LB p J& T HAFR T
iR o

2 X I

21 XWEE

TE A 41l S v B9 48 ACE2005 JF & SE 56 .
ZEARAE T E X T 35 ML ITTRAL, ik NONE
FRA, 36K, NTHEEAER TIEHRT
b, S EATHEEIREE 2 EI77%, B 40 N6
R0 G 881 MAF) 1E 8R4, 30 4
FAR BB SCA G 1087 A7) E NS,
PR 529 AR GEF 21090 M)F) FFENIZREE.

T pytorch HE ZE SE LA A, ff A standford
CoreNLP T H AL F1 {485 5 A B torchtext >k i
TR TRALER, K] ¥ o HE RS A) T R AR AN LA
wil1 38 P AR VE . ] Google B 7 B TN 25 A5 7Y
BERT-Base REURFESRD 2 b SCAH G IA] ] 82 3%
N, ZTNG AR E 12 2 transformer, [&8 J2
YERE 768 4E, SR 1L1ALA . KT Ymhd 2 1 1

POS FHIE il AR SR BURFAE LA S AL BRFAE,  4EREYY
50, EKNAFREREN S0, 508 MAT
F padding £ 1E#h L, b 50 & [ A7 3R 4T 8
#4F . Bi-GRU & j8 /Z 4 F£ 24 200, dropout A4
0.5, H. batch [f1 K /NA 640 FTK B4 B 7Y A1 [
B e s ] ReLU B N AE 2R M W05 o8 £ . (R e A
H mini-batch /)N it & B8 HLES T B& Al AdaDelta 58
FOHN L N FH R ) AR R R SRR . BB I Sk
20 /> epoch. Bi-GRU-MATT 45 %4 5% FJ 1E A2 45 [ A1
e T 40 A1 SR 23 BT AR Ak 2 O B A A S 40

97 it Bi-GRU-MATT B2 E F 18 o il H
114 ERIPERE, 5 RS 1 % (Precision). # ] %
(Recall) £ F1(F1-score) {E A1EM 4547

TP

Precision = TP+ FP (23)
TP
Recall = —— (24)
TP +FN
Fl = 2% Pre.c'ision X Recall (25)
Precision + Recall

A, TP VR FE B Hh g 1 2R I A 1 2R 1 4
H: FP AR F R FoRe 57 S F000 o 1F 2 1 i il
DUEC; PN 2 VR VA R R Aol IR S T0I D 47 2 () i
TRIIEL o
2.2 jHRLSIIE

N TR LB 2R Bi-GRU-MATT BRI 2
X RERI oTmR, EAT VRS, 43 AL BERT i
WIEF A, Bi-GRU E M2 3= JIHLH 2 Pk
TEEER .
2.2.1 BERT A M A8 69 %o

A Sy B 76457~ BERT TRl 48 % Bi-GRU-
MATT & ot B PEREHI 520 . 2% L8 B ZR AR it 2
P B ORI BV R I I R, 18] R A A mT I 201K
SHREINGER, 2 RIRFER N2 Hcs ik 5 ki
PG )R, DRSS TS B A BR PRI 2508 & 154
KA Bl SIS, 11 A B 45 A SR R SR 250 1)
B R LR A [F) 8] ) = g A T 452 2 () i AR
iRk 1. WJUUEH, KA BERT IR HIZ
NOCHE T R g AS )1 &N ], FEFEAT IR IT IR
BRI TC A B FAT S R R B T SRR . Bk
M, EPRADEMAAES B, R T B SOHESCHA )
4 t% BERT F1 ELMo [ 45 $# 2 & It T % H A%
i) R S 2% A [a) &= word2vee Fll GloVe, 1X 3%
B A R 215 SCRN R SCAE B ] 1) i 2 A B AT 1)
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KINRE ). wE— M, ¥4 BERT 5 ELMo A ELLL
B, WIMMES ) Fl-score [H 2> AR T+ T 1.3% #
1.4%, X182 BERT KA T 584 WA {5 S Kk kb
7 ELMo M)k Fea, H A 2% 7 K ¥ 1 15 BERT
Mg PEF A2, B A5 B A gmhs
{75% Fl BERT ff) Bi-GRU-MATT 7£ 525 HUS 1
eV

R 1 FHERDETER BRI A R M EA ST

. W TR/ % WL K%
18] ] & — —

Precision  Recall F1 Precision  Recall F1

word2vec 67.7 60.2  63.7 58.6 53.4 55.8

GloVe 68.3 58.1  62.7 59.4 532 56.1

ELMo 70.2 65.7 679 67.1 54.7 60.2

BERT 73.3 65.6  69.2 69.9 55.1 61.6

4, AR FRIRAREEL: a(s,h) = fF(Ws)TDf(Wh)

5. AR MRS R A a(s,h):# FW1s) (W2 h)

TE AL TR B 65 8 AME 45 L i s2 it
gk 3 Pron. ATLUEH, DL ReLU N¥E R %L
(2R 1 s B e bR B Dy 7 A B b T TR
TEWAMES E3RAE T & =) Fl-score {6, RIMLT
RVERER IR, ARG bR BT I bR BUE P AME:
%% W) Fl-score {8 Hb 3R B B I B 28 14 72 0 BR By
SEH 0.4% F10.2%.

#3 TEIEBENNERHXEEMERERIF M

2.2.2 Bi-GRU E#= % 2 & 7 AUh) B 3 AR AL M AR 49
EAL)

AT 8T A FE R Bi-GRU J2 M £ 13 2 L
EH 77 SRV EA TSR ) P R s, 45 Rk 2
Fime WRHATUUE W, ZEE PG ZESETL
TCIRN AN A 873 AT 55 73 AR Y 1) F1-score B
T+ T 1.7% F1 1.6%, 1fi Bi-GRU JZ7EFAF 18I0 iR
AR L AT 55 v A A R T Y] Fl-score {H 32 T
T 1.0% M1 0.8%, XEWZ Bi-GRU % i J5 Kk
) BB T BRI A PR B AR ¢ &R DL S ) R
fE. LRGSR IGUE T £ 9F = 1M 4% F1 Bi-GRU 4wt
A 51

%2 Bi-GRU-MATT #R8IF8 %t sois

MAEII%

IR %

ERIEH Precision Recall F1 Precision Recall F1
Multiplicative 72.7 649 68.6 69.2 55.2 61.4
Additive 72.8 64.7 68.5  68.8 54.7 60.9
Symmetric multi 73.0 652 68.8 69.4 549 61.3
Symmetric multi (ReLU) 73.6 65.1 69.0 69.7 55.0 61.5
Scaled multi(ReLU) 73.3 65.6 69.2 69.9 55.1 61.6

WICH IR/ %

Precision Recall Fl1

WICIRA %
Precision Recall F1
65.6 69.2 69.9 55.1  61.6
64.5 67.5 68.2 53.6  60.0
644 68.2 68.9 544  60.8

7

Bi-GRU-MATT 73.3
Multi Attention 70.9
Bi-GRU 72.6

24 REEZILTESHGLHNRN

N T kB IAE Bi-GRU-MATT #ERUZE HAFL
TCHHIBUTS ERA R, XA E—AMg oo
F)F o AR AT R e B R) F  BRR E
A — Mo iR a) A SRS 76.8%,
A5 PN TC I A 5 AR AR 1Y 23.2%.
% Bi-GRU-MATT S5E£457Y Embedding+T+ CNN,
PL &% DMCNN. JRNN A1 JMEE 3 /> §if #5354 il By
BT XL, 3RIS A Fl-score {H U1K 4 AN

% 4 Bi-GRU-MATT =B RIPTEHE (1/1) MZLT

23 EZEEDNSIEEXSH

ZVERE IHHZ & Bi-GRU-MATT B2 (1% 0
& o ARSEEREN R 2 N A A R R )
BCE BRBOEAT R L SESS, H& A T RiE k£ 4E 4
PERR B2 AR R B E i B BB A B

HAkth, FHa(s, HDREEZIIBEERE, sHl
MRS H5ER TR E. BRI 5
AN T () 3 7B R ORI R B 2, H v ek 4
4 M5 B ARG 0 BR 4 — 8 ReLU BRi4H.

1. FFREL: als.h) =sTWIW,h.

2. INANHEREE: a(s,h) = vitanh (Wis +Wah).

3. K FRIRA R EL: a(s,h) = s"WTDWh.

=48 (1/N) ERYHELE AR
TR PERE/%
1/1 1/N F1-score

Embedding+T 37.4 15.5 32.6
CNN 51.6 36.6 48.9
DMCNN 54.6 48.7 53.5
JMEE 59.3 57.6 60.3
JRNN 50.0 55.2 55.4
Bi-GRU-MATT 60.1 58.7 61.6

M 4 ATLLE Y, Bi-GRU-MATT R ig /2
ERR LA (/1) R Z R ILFHMA4A] (UN) LH
H & = H Fl-score fi . fEZ Wit F M+ L, Bi-
GRU-MATT Lt 3l & £ ith 1k W 4% DMCNN [ Fl1-
score fH Rt T 7.1%, XHUE T Bi-GRU-MATT J7
TR RO . R RRE S T 2R 22 X 5% S 28
JMEE 1 JRNN M Et, Fl-score {673 A H T 1.3%
F52%, X2 PR 9 AR R A AL 8 3 E T
BERT #A g fidh fin],  F H 2 vE =2 I HLHAE B T2
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AR EZHNE SR, BN
2.5 XFEESRIE

# Bi-GRU-MATT 5 24 Je it i FAF B
FE AR TG IR B AR 7T A 5 RAT 55 AT X EE .
KB EE 750 3 98, T RRAE e R 28
BT 26 2R BB ZRL R B S B A, L g
TREAE (1) 4t BXAE AL 40,45 Cross-Event.  Cross-Entity
F1IRBPB, 2 i /K £ =X 4 U 24 5 DMCNN.
JRNN. dbRNN, Tfij Bt & i HU 85 2 4 JMEE. S-
CNNs™' Ding’s model™ #I Joint3EE*,

# 541 T Bi-GRU-MATT #i A 5 ix 6% b
FEEFA R BT S E R, FTLLE T,
#2 th 1) Bi-GRU-MATT #5& 8 7E = 11 18 7 14 1) A A

&5 RAE S EEAS T B £ #) Fl-score { . Bi-
GRU-MATT 5 BRI R (1) 58 T~ REAIE 11 4tk AR 284
ML, KRR A F A Fl-score {H Y & E LT
Ja#&, TEW KRAES B Fl-score 18 Lt et ) 3 T
FRE R HE A (RBPB) & 8.0% f1 7.8%, MEAEIRTH
o SECAMBUE XS IE, Bi-GRU-MATT 1) F1-
score fH AL T &A1, 7EF 418 ke L% | Fl-
score {1 Lt 3% I &% 47 1 BE & 4l HU B2 & (JMEE) =
0.8%, HAFHRMH R BART. ikt
GrRAESS b, BMRAT fish 1] e EOAR T A BT
Z B RE L T BC A L), B R AR T R
B4 J2 I 8] 18 T0 4 AR 45 v () B ERRAE,  [RII Bl
fitk 7 ) R 2 R B A5E Y 5 D 2R RR i ) SIS R R
fEAH R HIAE B

%5 Bi-GRU-MATT SHE 5 /7 5R0M RELL 4R

wm WILIRM/ % WItHEE%
Precision Recall Fl1 Precision Recall Fl1
Cross-Event 50.9 49.7 50.3 45.1 44.1 44.6
Cross-Entity 53.4 52.9 53.1 51.6 455 48.3
DMCNN 68.8 51.9 59.1 62.2 46.9 53.5
S-CNNs 69.2 50.8 58.6 63.3 45.8 53.1
RBPB 63.2 59.4 61.2 54.1 53.5 53.8
JRNN 61.4 64.2 62.8 54.2 56.7 55.4
dbRNN 71.3 64.5 67.7 66.2 52.8 58.7
JMEE 71.4 65.6 68.4 66.8 54.9 60.3
Ding’s model 64.7 65.0 64.8 57.4 55.8 56.6
Joint3EE 59.9 59.8 59.9 52.1 52.1 52.1
Bi-GRU-MATT 73.3 65.6 69.2 69.9 55.1 61.6

3 #RIE s £ X #
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RHE s 2 R T IR R SCTI 2505 5 15
A BERT, F&5G il ERrE AL, B ARFAE, DA A ik
TREAE SR YD HLIA] ) &, 2 536 Bi-GRU W 45 H
DK EE B RIS R, FRMAZERINGIZE T
FEEIRE, AR EMNa) RN, X
RN A4 )2 S R 5 R 3 R AR . SeBe R 1%
B AT DL 3R T H AR I AR, fE SRR
TCIRI RN TG 0 AT 55 Bk B TR AT RUCR
Fl-score {43 714 69.2% 1 61.6%-
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