A35%] 2 B =0l HEA 2

|

e
i
N|

IL:

St 2] 1(20234)

AE OB N &S /S AE, 28, sts 28 dHlw
OleO
st=aus|=d8H 13 A3 X sHOIHH2H

swlee@kisti.re .kr

Comparing Features, Models and Training for Span—based Entity

Extraction

Seungwoo Lee®

Al Data Research Center,

Korea Institute of Science and Technology Information

e
N =22 FEFE9| JIxE F4Hole HHAAZ, HH ==, 0|HIE =& S [JYe 2= A9
JIBte 2 =00 ZH20e= O diolZ2 MM S8 MME TRI| [k AmD|ete] HMFE0l =8
2 H7E D ULH 2 =20lhM= A™E HESdl= P%*é* HZ I NEsSS AHED MA=£E2 s
oHd g2 F==X2 240t0 2FO e L K& &S MAIGHACH L£8, 28 xR0 UM, AFE
5t A2 E(PLM) <0l BILSTM £259 FJ} 01T01| 2 Hds HoE 245, 2o 50 U0
A, OIMIZHE (finetuing) OI& 0l OlEstsS(warmup training)2 AFE2ols 2101 SUEQIXE AES Eoll dl
1 24050 MAIGHALH.
FHO: AT DB JHH ==, E2E-AW HE, A 20 A g S5
1. A& A 2l BA 52 A FEO] FRE ASEHIL
alct.
WA FZ(Entity Extraction)& E“/\EU}O]H E3)

ARFZFO 7|2o] H&= HAA=R, TAdA ILf
(Named Entity)y} 9wk 74| (Nominal Entity), %k
(Value Entity), A1ZF 7WAI(Time Entity) & ©33F

Fol MA] ®WMAE Fola, S

2 Aojd 4 9t} o] HAaE fAste HHS A
Al 7HAE UHE 5 9 A= BEEE dolEd W
Aoz wFHe 7 E%% NA-+&¥  Bl(Begin,
Inside)¢} O0(Outside) #Heol&d &S AR
CRF(Conditional Random Field)E %3] HA< d#olt
THES ﬁﬂﬂoi’ﬁ 7H1ﬂ‘j‘ FEsted[1][2], vlF
A g #HolE A F EH’\ELOHH a4 O]Z]“‘P
Uz dolE = F3 7Hiﬂ% = dldl& ATt 2

o =A4= 71 A58 (MRC) Ho“—lgi w3 HAFEE °
dojste] a7 FPol k= JHAe WA A & H
2)E wWeles st ool siFst=dl(3], F=
of & MAFE wrtE WEHoR FHfofetr] wid
HlEaAel o] Aok, AAl= Adll(span) WAL,
FolA Al FH ol ojfe] 7hed BE EEd
MAFEE yYdata 7oz 4]1[5]106] 7HA=
=35t7] "ol g5 dols # T /MAE 44 vE
Ath= Aol vk, JHAe] FHu Adolel B sl
A F-5e] 427} aoi‘/} A 2 vEe] ASES
= wAZE AR, B dele 27 AAE WA
o = ’\%H% NAFRZ AMSFoEN 3}
71. olsk o], v deol= H TH MAE
TﬂrE From Hools 29 wA(=d e

=

%0,
olN

A7
ki3

A > 2

-@mﬂéié-{%{)ﬁmbﬂﬂ
y

o >

_‘<',5;
1:}
(<3}
A

H{\joﬂ _,Tp;_d x}ﬂ S Agkstazl o}, EIE
g Lol QoM E= /\]-7{4'5]’—,/3\— ‘?_JOJDE]](PLM) el ¢
ﬂﬂﬂﬂﬂ+ﬂ@mmmunz F7 ekel wE

AA =S st5(fine-tuning)3t”7] Aol PLMS A< 3
YEYAE WA G (warmup-training)sti=tfe] u}&
HLE Faf 7iA F=9 Ao adAl WS A

ataLat g,

e TS e Z2n 230l #d Ay s
AR A, 3= 7]l &kl AE S "?}
A Ajbsks AdES AT, 4= A
Y 2d dHoly o Aded, ada A9 ?“zﬂr%
AAEY, 5FelA = A3 AFE ngeR AES Al

ﬂl

n

& ATolA AgE,

.

Aol digahe madel aRe s aaHos
Pt YA 2 A5 L YR By DS o)
A Boo



A35%] g2 B ft=o] JEA 2 statd] =24 (20231d)

wA, EEd-zd [lad v g ow
first-last—cate] o2 AFE([4]1[5]1[81[9D) A Ak
EHATt. ol 2AME FAsk= A WA EE Q=Y
(first)z} w9t E%’—(last) USSR < |
(concatenation)d}e] 3l ?li%% T8 ettt

[5]9 A= all-meane F714 A
B = :rL/H e BE - f1rst91r las
olmY L T o
"15'—%’15% ES W= 3}” AP ERE dojRdER]
BERT[10]o] A MB-Y= 3G S Y= o] 51

@ (pooling)dl”] 13l first ¥, 5 =2 3 WA
ME-9IE QIYS 11 =9 dFY o
MA F5& HsiAE

He Askad A @, A
e PR bed BE Edd dmde Agss

Walo] F=2 A Q] of kT,

Sog, [11]dAM+= =9 FH$
context)S AA= &k, 2
Zy7yol 7l B Q13gS AMEE 4 Qe
Ae 9 IR EF d3de] AREESAT. [9]A
= 3 Aol $£x}E(sequential width)S F7} =2

= ARkl ol 2 23E EE FE 7HY
719, A Aol(F)ol W FEH REE W3]

A5 Aol

ATl A A AR g AdEs A, F
MR o g b EEd-2 A3y vlg s} A9
o] Bl RAES AuHi, o] AAES AP E3
Hlaste] Aol Ad 2¢& AA A o, w3
o3t AAES BILSIM1][2] MIEN T AHE o 3-9} w]

A %A (fine-tuning) A c’4]0“5L*t|~(warmup training) A&
o Fo} Aztele] A FE9 Ao FEe 23S A
A&}y gkt

3. At W

23 Ao A FEAME A Aol(L)elie] &
= 7bed EFZA(2M)E A FEHE FEI A
HE a2y AL TAT softmax (GFF BF) F&
signoid (o]7 ®F)E T3l wFHY] Wi, 29 %
S o9 FAsk=ATE A F=E4 dse ek
TaF axolt. 23 3 ESA-29 g 29
= AR HE 5 gl
3.1 EZE-=9 v

ME-9l=8 EF 92 ke BERTY Q1ids 9=
F9l2 Z= (pooling)dt7] A&l first WAlo] ALEEA
=dl[101[12], °]F v& A7-[13]e14= all-mean ¥4

o] wr} mHHo] A v vk 58, 2@ wH

1,
ol first WA A% B2 FHate Lo} e
ofel 2% FRES FEHA Ras @ op|w
o mebd, Hol® e Afw £ 2 E¥EE
5 FAT Bask ow, Gk ol A el s
AA w1 gAel sbsstch, ma, 2pe] 3 A 23}

)& AL 2 YR EZE5S g 7 A9
23 7 w3 w2l 7hssltt.
o 2WAA!: first-last-cat,
first-last—-max, first—last—sum
o 235 inner-mean, inner-max, inner—sum
2~WAA wWE F first-last-cate 7]¥ dATE
[4]1[5][8][9]el A F2 AFGEHAARE, & F 7FA v
o] vyt AAEHA = Zdrd. first-last-mean
Al B2 & B9 A HA S v 7, vzl
A=, first-last-max+= HAQA= HE=EA=
first-last-sum ®§3 =3+ 7}k DA R, z?}ﬁ](sum)
= do7b 11 2ddFE EAbS }]7]L dgko] 9
=, ol& ¢&slstr] &, =¥ Ho 2 Z]’\ﬁo
2 A3H(clipping) S FE= % Z o] 7} 101 EaSi )
A5, AN EEY E EES 5%1’3}3}.
2P v o g2 [5]o0 4 Mo Azt 2 B
Jﬂo}‘ﬂ 29 Ui BE EF QlaYe] dHds H
= all-mean WS A& =, & AFAME &
A2 2 BEES A A H"é o Al olm thF A7)
Atk 2 BEEE A9 R e WE E2ER A
3Fo] 3 (inner-mean) sk A Y # )X (inner-max)Z vl
Fatgok. WEE 2% gtele= WA (inner-sum)E 7Hs
shd], Z~#WAA A 9 vt A2 dol7t 21 3o
b S7VE @siA 7)) flEl Hdl-H Ak AlghS l:rlr:—%
StAth. Aolzk 1-291 =] A5 & UF EFo] gl
7] W&ol o] 9ol 9 (zero) WEHE AFEESITE

first-last—-mean,

r% SL mlo

ol

F

d op

0

¢

l

3.2 29 ¥4 A4

2] i g oF M AAES2A, AW A
8 E7d =S = 7 U AHEE g Zol,
2o F3h ARLCA, I, Bl 7kt
1=

o ~WEZ: £3}FE(seq. width), T"FZ(syn. width)

. 2gLCA 29E TASE RE ES59 LA

(Least Common Ancestor)

o AW S pgram ESE

o AW cls, all-mean, all-max

29 & g 2d8Es FAste EFY & 7Y

= &3 E(sequential width)¥ FEEZ A 9] z+
EZ A »JEH = 7}\‘471 TF(syntactic
width) o2 Ux&E 5 At 7 EF 9 j7e A
T oditd— 2><dLCAE A = e, 4 EEiY
FERREY Zlo], LCA;v= EZi?t EZjY =
Z%}(Least Common Ancestor)< 7}&]71t}. /\Jﬂl
FHZ NAE 2 BT o A A el
4 227 bE ¢ dS5S S Bl
Aaghol™, 23k HelHoe= ﬂ%}f H 9] o] A
=o]7] 9l El(log)% A 5, T2 273
Y WE 2 wFE s skl

*ﬂLCAL s9g TARE RE 25 TR 4
Z2F(Least Common Ancestor)?l E&9] <F3HS

Pé AHEFE ZHE 7T 2 YR BEE S St

¢

ol

=) Jm e
oo
0% it rlo et o ol

l>

e

o
& 2l

- 389 -



A35%] g2 B ft=o] JEA 2 statd] =24 (20231d)

ot il
2 0y ot S
-
° o _Q_u_‘d
H Hnmﬂ
2
75
o [o
i)

et~
o &
ofr oM,
T
=2
e

o,
~ >
=
Olor_mg
Mh o X
DY

% e

" yo rr F

o T T30 (ot [y (&
o Moo N o g o

ZepEhadm)
o

4

rin

1

i

e

N

3

5

=

il

>

2 oot N
)
lo

_.%_1]1

Y
2y
s
fm L2
=
12

Lo

K2 e
X
ol
s
! )
Lo
Ho
oft
g
=il
2

o
fol
ot
)
>
o
it}
-
%0,
v

o] AdEL EF 29 Ui 9 2o A
EZEZ5FH foA7] utel, 2@o] xsH A9
AA AR oJule} WEs HbgdsX| = HE3ikt), olE K
st7] 8, T ~go] xgH FAe] A AR
oul zAS HkgEr] 93k Ao = cls, all-mean,
all-max & Al 7FA ¥2lo] 7bssirt. clst BERTOl A

WA WA ES Qmyo[10], o
AU F B A%y onE
A

A A

AFsleE =89
BERTS] A} &35 &

e A BFe RE OEE A3YS Hit
(all-mean), WX (all-max)3 AL 7}&]Z1t}k. all-sum
T JhssARE, dolzk 71 & el diE dAE & A5,
HU-HAHeE AFS stuete B4bs 4338 5714
A s5ES Aslske Aol AAl wiA|SEATE.
Edd-2~d ujgy 29 9 2 d FoA HA

~

s-mean) ¥ H A (x-max) S o= dlo] Fo7F 249
fra &3 oot fra 29 Holx 7t Holr] u
39 (padding)S X8t g, o] o] H
E WA = 7] dEold. Hd S A9t
vt~ F (mask) & AHEsloF 3, Hat ALkl A
(sum)E "= o=z vyres WAooz ALt
st HU A Aol = ddel ddEts FE
] 2o S (eg, -le-9) & A 33 T Hx A
24, gl o BE &9 #he] 022 A%
Tl &foF .

g 2 zpFEo] 2w WA o] JfA|FE A
A o F= 4G A HE ARE F3 AR

2.
o by =
o g

1

2
o L
2
i

Of

Moo A0 rr N A

rr wo ol

R

1 |o
o

I fol

T H oo
2 o
0 o

3.3 A4 g

FHol 9AE wlolyd AFTAAEE i AbdEsE
A=A (P S 7o = 3,
A Z7A (finetuning) 3= WAl S
Aol W FRE FIT Z 7
T2 F7FeHA s, o] g3ad AT TR 27
sty = Zlo] dnkA ol ° D e R R
tg=2xw MM (Masked Language Model)Z} NSP (Next
Sentence Prediction) B3 =2 F13 &S AR A

glojth, PLMY Y=Y UEYAE 33 dA nd
=& ®Hl2=a doly &2 v A xA (finetuning) 3t
AARE, PLM t]2Y W[EL A 7He] 7hsA v A wA
2 3, 3hF 7] Eehge A4S B glow,
ol HZF IH AH4E AT 5 Ak, ol He o3}
at7] 918, mAlEA del 2AE ox:A Fte o ddtE
(warmup training)& F8sl= Aol axdd 4 9},
4gelM AEE T3, dgeTH AT nE JAFE
ds Apolg AAsSITE.

)
o

)

4, A3
4.1 49 37

29 WA ANAFEES APty 9 deolgAo=x
CoNLL2003 <go] dlo]EAl[15]8 AH&3talet. gh-7d-
HAEZ&o 72 717k 9467, 21670, 231708 A= F4
Ho] glom, PER(AFEY)I LOC(EAT), ORG(71#HY),
MISC(Z1E}) & 470e] 2 7RA7F el =o] vt. &5
|02 6,60070¢] PER, 7,14078¢] LOC, 6,32170¢] ORG,
3,438711¢] MISC & s Fas 7o A7
A s o] oM, ASAAES shEsta A S P rtst
7l Agsittar wdsioltt. st5&
stetar g dolg el tiE micro Fl& 7IE£o®
s AdAste] HAES doluMlel Wit micro F1 4
Te 5483t

el ES d3dS f% AMESG dord=Es
BERT-base-casedE A3l Ed, AE-9= d9E 9
= 992 F™(pooling)stz] 93l v A@NA 7HF
E£& A¥N}E HoFE first-last-max #2AS Adslc).
BERT7} oJ&ll A 7|Hto = 73 U EEE 7o) #AE <l
FAPAFAR, ESLEHY AR HAE FUIE S5

3t7] 98 BiLSTME-= (BiLSIM - Add&Norm - FFN -
Add&Norm WIE S =1)S BERT Yol F7}sl3itt. ol EA
2¥H Q3g/vay EF[16]9] F3e] kst Zlo]
). o] 3k BTk FWS TR S JRE, Yy &
T salel i Hd 9 de] (128 B E 168

AMBE-E)ojylofA] o] W o]F FHES 5ol
deate] JAAPEEE STt BILSIESS AX F,
i EgRt =ebdie]l o dol 10 EE o] 7hs e
23 F3S WA FEN - SoftmaxE Zaf /AA-FdS
29 RS FEo 283 oEFTEDE
spaCyl) gholB g7} AEH AT, AT HozZE 5
77y 1N (n=1) 8] EES AREsllal, 23 dugdes
= 20709 202k B 7} AREE QT o] Ao EE
one-hot &2 <@ E A EAA (nedict)[17]0] A}&-5]
At

wdo] &% Fok Algd Fo oy ueuEE o
I P},

o A3} daeg]E: AdamV with weight decay(=le-4)

o SF&HE: warmup-lr=(le-3, le-4), ft-1r=(5e-4,

A

(

1) https://spacy.io/

- 390 -



A)353]

rok
il
i)

0), 10% warmup ¥ A& 7+4(LinearDecay)=7&
o HiX=7]: 32
o o¥3: 3 (warmup) + 10 (finetune) I+ 13
(finetune-only)
e dropout rate: 0.1

4.2 28 A3}

obx w3k upel o], CoNLL2003 &+5-4 HlolEl&
AbgEte] 29 7HE JfA|FE RS ke & E g
dolEol 3 micro F1S 7|E£o 2
2~Eg dolgo Wal micro F1< 7}9]
2d g 9 zd 2IFEE 53] wHE A9 & i)
X=AAE AT

WA, EFE-23 vfjg 29 F9 A 50 AAF
gy exE AH BT, E 1S BiLSIMES I 4
o Ab&she SHACA, 7 AAEe 2F e e
F= A5FDE 543 Aiolr. WdA4, EEYE-~
A5, 2 AASt 29 |E i3S 25 A
Sstohi, AFAQD wEe o= WAS 2AhugE Ade
of Aol ApolE Holx] edrt. YA A Z3S 9
&, A first-last-cat + inner-means A &sle] 7]
2 Az AFESdTE. o] 718 A F AW (levec)
I NATE AR (nedict)s F7HE A5, g A =
s ZFol7t mlwmskA| gk HAE S A= 0.3%p °©]/d9]
NS Btk FrbH o g ~WLCA, 2WE | e
(sentpool) AHEES 717t Adst AdAes FuF
(synwidth)7} /W& F1&, EFEA-cls7l HAEER F1
Ass MAste o= Yetwrk, wHAE, el
all-max®} all-mean> d5S AdH Adsls Aoz

237 an s

ID AAzE

(0)| first-last-cat + inner-mean 96.61| - 92.88 .

first—last—cat + inner—max 96.59 -0.01 92.86 -0.02

first—last—-cat + inner—sum 96.61 0.01 92.90 0.03

first—last-mean + inner-mean 96.61 0.01 92.79 -0.08

first-last-max + inner-mean 96.63 0.02 92.86 -0.02

first-last-sum + inner-mean 96.57 -0.04 92.94 0.06
(D] (0) + levec 96.64 0.03 93.19 0.3]
(2)] (1) + nedict 96.61 0.00 93.27 0.39
(2) + spanlca 96.65 0.059 93.25 0.37
(2) + seqwidth 96.60 0.00 93.14 0.27
(2) + synwidth 96.67 0.0 93.31 0.43
(2) + sentpool-cls 96.61 0.01] 93.34 0.44
(2) + sentpool-al l-mean 96.66 0.05 92.93 0.05
(2) + sentpool-all-max 96.47 -0.14 93.02 0.14

Fo] ARAE &t =2 (20234)

2 F8 AAd =g BILSTM 2 AlE oo W& /45
=

e FR
oX,

s HiE
F1 | Diff | F1
96.53
96.61
96.61
96.64
96.53
96.61

| Bi- AAZG

(0) first—-last—-cat + inner-mean
first-last-cat + inner-mean
(2) (0) + lcvec
(1) + lcvec
(2) + nedict
(3) + nedict

0.08

0.03
0.08

AN

tgow, Fa Ad zFHL BILSIN 2=

b agA e A5 NMAFE Hss
o 3 2004 B wpel o], Al 7HA|

oz Frpshe AAEelA BILSIN £5& A

= Mo
S
S o

[ex
BT e

N
ko
_|>~_L
i)
rir N o

S
otk
0%
)
T
flo
o,

Ir
o
fz
2
N
32
o
=
ik
oo
fz

$£pﬂ@
M2

e O

Mo > O rf to WU o o 1 >~

o=
| web AAAFE A
st & 32 BILSIME S AFE o4
of el ddetEe AHgetA g A
L
7

olf
rE
ot
N
olo i
N

il

o] A zol(Diff)E HETt.
A8

Aew  dyggern, 7
HAEgo M= 0.13~0.88%pHE F1 A

e 234
MAA7
0.4~0.6%p,

dastse

= of
T
13
ofo
=
off X off

/3= Ao

A~
o 5 itk

MAFE s 7Hdel &33]

kol
B
)
jaleA

%3 Ee A48 2% 9 mdTey sty e o9 1
2 MAFE A5 vl
Bi- | o 3 g HXES
1D A=
LST™| & ¥ & F1 |Diff | F1 |Diff
(0 first-last-cat + inner-mean 96.02 -192.40 -
(1 v | first-last—cat + inner-mean 96.53| 0.51] 92.53| 0.13
2 (0) + Icvec 96.09 -192.33 -
3 v/ [ (D) + Icvec 96.61] 0.51] 93.05] 0.73
(2) + nedict 95.98 -192.24 -
v | (3) + nedict 96.53| 0.54| 93.13| 0.88
[ first-last—cat + inner-mean 95.99 -192.56 -
(5) v | /[ first-last-cat + inner-mean 96.61] 0.62] 92.88| 0.32
6) v (4) + levec 96.21 -1 .92.58 -
(7)Y v [/ 1)+ Icvec 96.64| 0.43] 93.19]| 0.61
v (6) + nedict 96.21 -1.92.60 -
v |/ (D) +nedict 96.61] 0.40] 93.27| 0.67
5. A%

2 AT A= 29 7Rk AAIFE Hed ZEA
ALEE ¢ Qe Y AW 18 AAES AHET 7h
zve] A go] HAAl MAFZE ool od avs By
FTEAE APE T st EAET. EEE-~
W ool dojA= 2MAA wEI AWy oE S
Zkzy Abgske Aol @A ol AFAQ] wig W o
ztol = Aol FEFS FA4 Fe AoE FAEHIIY. &
FAaEM (levee) ¥ FEE



SF—=L
Sl

A)353]

HEL

(synwidth), ¢
£2 o *éb 10]

md o 91‘3%1% A}zﬂf‘%
BiLSTM E£%& F7I2 Alg3she
0.13~0.35%p9 A% MA ax=
o dojE=, w A ZFAH (finetuning) Ao F7FE U EY
o thak L85 (warmup training)S 3= Aol
0.13~0.88%p2] EI~E As A4S HojFo] HI3s] &
A AE gels 4= At}

E;d?A MAFZ A% 93.34 F1& v =8 1R9)
Aoy s AHgste 71 Ad+E% vl AY
A% wkek $2Fo] x| vk, CoNLL2003 t©lolEle] thdk SoTA
@EﬂL-mpwﬂwa}lﬂ.iﬂ7%ﬁ%ﬂﬁ£?ﬂ
ojmdujel A3 o ﬂ*ﬁ%ﬁii%, K22 2}
Aol g 5 U Wers Adsle] AEHoR AT
S T3 dol7l 71 ~We A=
s A7)

gkel l =
& Ao d(PLM) €l
H2E AFoA

S~
wolFela, v S

.

@)

= 29 yd #4s 5o :élﬁrx*"] 2~ AA P55 v
Aoz g dgAgo|rt
Acknowledgement
H AR AU 'Data/Al 7]k

A= d=aerle
!

A Al ith(K 23-L04-C05)' Algeo=xiE A4

2123
[1] Z. Huang, W. Xu and K. Yu, Bidirectional
LSTM-CRF Models for Sequence Tagging,

arXiv:1508.01991, 2015.

X. Ma and E. Hovy, End-to—end Sequence Labeling
via Bi-directional LSTM-CNNs-CRF,
arXiv:160.01354v5, 2016.

X. Li, J. Feng, Y. Meng, Q. Han, F. Wu and J.
Li, A Unified MRC Framework for Named Entigy
Recognition, Proceedings of the 538" Annual
Meeting of the ACL, pp.5849-5859, 2020.

[4] Z. Zhong and D. Chen, A Frustratingly Easy
Approach for Entity and Relation Extraction,
Proceedings of the 2021 Conference of the NAACL:
HLT, pp. 50-61, 2021.

H. Trieu, T.T. Tran, K.N.A. Duong, A. Nguyen, M.
Miwa and S. Ananiadou, DeepEventMine: end-to-end
neural nested event extraction from biomedical

[5]

texts, Bioinformatics, vol.36, issue 19,
pp.4910-4917, 2020.

[6] W. Gu, B. Zheng, Y. Chen, T. Chen, B.V. Durme,
An Empirical Study on Finding Spans, Proceedings

of the 2022 Conference on EMNLP, pp. 3976-3983,
2022.

Y. Chen, L. Wu, Q. Zheng, R. Huang, J. Liu, L.
Deng, J. Yu, Y. Qing, B. Dong and P. Chen, A
Boundary Regression Model for Nested Named
Entity Recognition, Cognitive Computation, 15,

o] JHEA 2

[10]

[13]

[14]

[15]

- 392 -

Shate] =24 (20239)

pp. 534-551, 2023.

D. Ye, Y. Lin and M. Sun, Pack Together: Entity
and Relation Extraction with Levitated Marker,
arXiv:2109.06067v1, 2021.

D. Wadden, U. Wennberg, Y. Luan and H.
Hajishirzi, Entity, Relation, and  Event
Extraction with Contextualized Span

Representations, arXiv:1909.03546v2, 2019.

J. Devlin, M.W. Chang, K. Lee and K. Toutanova,
BERT: Pre-training of Deep Bidirectional
Transformers for Language Understanding,
arXiv:1810.04805v2, 2018.

T.H. Nguyen, K. Cho and R. Grishman, Joint
Event Extraction via Recurrent Neural Networks,
Proceedings of the 2016 Conference of the North

American Chapter of the Association for
Computational Linguistics: Human Language
Technologies, pp.300-309, 2016.

Y. Lin, H. Ji, F. Huang and L. Wu. A Joint

Neural Model for Information Extraction with
Global Features, Proceedings of the 58th Annual
Meeting of the Association for Computational
Linguistics, pp.7999-8009, 2020.

T.M. Nguyen and T.H. Nguyen, One for All:
Neural Joint Modeling of Entities and Events,
The Thirty-Third AAAI Conference on Artificial
Intelligence (AAAI-19), pp.6851-6858, 2019.

M. Lee, L.-K. Soon, E.G. Siew, Effective Use of
Graph  Convolution Network and Contextual
Sub-Tree for Commodity News Event Extraction,
Proceedings of the Third Workshop on Economics

and Natural Language Processing, pp.69-81,
2021.

E.F.T.K. Sang and F.D. Meulder, Introduction to
the CoNLL-2003 Shared Task:

Language-Independent Named Entity Recognition,
arXiv:cs/0306050v1, 2003.

A. Vaswani, N. Shazeer, N. Parmar, J.
Uszkoreit, L. Jones, A.N. Gomez, L. Kaiser, I.
Polosukhin, Attention Is All You Need,
arXiv:1706.03762, 2017.

C. Ronran, S. Lee and H.J. Jang, Delayed
Combination of Feature Embedding in
Bidirectional LSTM CRF for NER, Applied
Sciences, 10(21), 7557,

https://doi.org/10.3390/app10217557, 2020.





