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Chinese Event Detection with Hierarchical and Multi-granularity Semantic Fusion

DING Ling and XIANG Yang

School of Electronics and Information Engineering, Tongji University,Shanghai 201804 , China

Abstract Event detection is an important task in information extraction field, which aims to identify trigger words in raw text
and then classify them into correct event types. Neural network based methods usually regard event detection as a word-wise clas-
sification task,which suffers from the mismatch problem between words and triggers when applied to Chinese. Besides.due to the
multiple word senses of a trigger word. the same trigger word in different sentences causes the ambiguity problem. To address the
two problems in Chinese event detection,we propose a Chinese event detection model with hierarchical and multi-granularity se-
mantic fusion. First, we adopt a character-based sequence labelling method to solve the mismatch problem,in which we devise a
Character-Word Fusion Gate to capture the semantic information of words in different segmentation ways. Then we device a
Character-Sentence Fusion Gate to learn a character-word-sentence hybrid representation of sequence, which takes the semantic
information of the entire sentence into condition and solves the ambiguity problem. Finally,in order to balance the influence the
label “O” and the other labels,a loss function with bias is applied to train our model. The experimental results on the widely used
ACE2005 dataset show that our approach outperforms at least 3. 9% ,1. 4% and 2. 9% than other Chinese event detection models
under the metrics of accuracy (Precision,P) .recall (Recall,R) and F1.

Keywords Information extraction, Chinese event detection, Multi-granularity semantic fusion, Pre-trained language model,Con-

volutional neural network, Bidirectional long short-term memory model

MW HE ACE( Automatic Content Extraction) 2 i) € X,

sl T E il &% 08 (Trigger) MEF 4 5 F (Argument) 4 i,
F PR IR AR 2 A S o — A B S AT RS o, fh 3R 98 ) b B RE AR B SR 08 R A B3R 5 SRR DT R A

I, AR BE ) 20 AR B R M B O S E T2 BT HFHNESEHELR GFFGS5E 0 E b %, F
B 5 PR ARG IR S R A S 28— B R O A6 I 3 A5 AT AR S5 A AL B SR T SO SR IO SR Y
—%. LA I3 o i R = 0 e 7 | I el N R 2 o

il

FHG HI91:2020-08-10 &8 H I :2020-09-15  ASCEIMATFERHATHR] (OSID) |, 3 H14 EJ7 — 4RI FE 17 K .
HGUUH K E g BT R R RI (2019 YFB1704402)

This work was supported by the National Basic Research Program of China(2019YFB1704402).

A5V 11 BH (tjdxxiangyang(@ gmail. com)



T BT B R TR SR A ¥ b SO R A

203

T B AR TE I AR R AT A B & ) A, JF
I W BT i & 1 A2 805 “ Be-Born”

A T A 0 T 2 3 By A B T RRAE Al LY Oy v R R
TR R 2% 0 1. TR AR A IR 5 0 AR v | g vk R
SRR R 1Y B SRR S AL T R B R T
RZH B SCHRHE T 3R R . 3x 2 5 36 B HE o R By
AR B RN TR T R AE , T B R 2. T &M
400975 3L T8 SO v A B 3 1] B (Word Embedding) iF
172K SR 3 2 45 b AS [R]85 48] ) ot 22 T 26 DA SCAS o [ Bl 4l
CHS T BT Y AT T A I 0 R AR . T R Y
T EAR L R O R T SR 2 BN T ke T
T B SR8 B T H 1 0 R 25 R 8, DRtk R A 3 A T A 5
KRERMIET AT,

R IUA Y T 0 22 0 28 1) J7 1 R 22 3 T 3 S0 ) o
=Ly el (N R e P Y - e i a = N F = B
M DRI T 3 AR Ak B ik 2 1) R SCAS o Y 1) 3 52 4R TG
i (1 i) T

Bk U, R Ry B S v /N 1 SC B 2 BRLR] L BT DL RT LA
AR IR TR Y S M AT 4 18 L SR S I W R R
JE fith 2 ) DA R fih K A SR 2 AL 5 AR, mh SO B /N T SR
SR T ELIR) U ) B 25 A% AT A B L DR G SR AT A
T b B, FE T R AT 4328 . (B, 43 1A T RE 23 3 ik % 1R 5
SCASH B ) T AN G E A TR) A8, B fih 2 8] 2 18] o i — 36 43 (part-
of-word trigger) 3 JLANTR1E A & ok 4 AL — A fil & 1) (multi-
word trigger) ., B 1 H T 1 ANREEM S 2 4 fik & 178 1) 1]
T RICWTRE S T 2 A ik & 1 W RE A2 A il ek kT
“Trial-Hearing” #1“Meet” S 4 & 1(b) 45 i T 3 A1) 15 41 L
1A i %% 18 0 B 7, 5 BT RS T — R il & T “ Phone-
Write”Z {1, PRt 40 SR 4 o SO 00 4 D 32 B 1R 1) 38 1Y 45
2 [) R R4 2 S0 T I TR 257 5 7 B R A K i AR 2
B 8258 Te ik E B X DL A i AT 2

(a) Trial-Hearing | T Semfence l
it/ mfmﬁﬂ R TR IR

The count made a trial after two days of hearing.
Phone-Write

o/ BIWIAE SR A KB .

We receive the letter from him today.

(b)

B L fih i 5 S0 AR ) T S DG 9 7S
Fig. 1 Examples of trigger-word mismatch

Chen 21 Qin ZEM00 A0 Li 25000 43 B4R T 36 7 45 41 3k
B T 5 S il DR 3 A [ R L J2 3k 48 7y ik 7 T MR A N ik
BAR M HE— AR 3, Lin S50 g X 3 AS ) 8, B T 3 T b
2 W 45 1) NPN (Nugget Proposal Networks) fi 5, 12 #& %Y L)
FREAE N i AT 5 B e AR A R s 3D 045 B A B
5 v, DT A5 B0 4 AT B 9 2 1R A 3w SRR T A7 AE fil
R Vi) L S 1Y []

WA, B SCIEE A — R 22 M AR R Y 3R 5 AR R [ Y
WRETSEEEARMNER, WE 2 Pos, iga BH 2440
TAERIAL At A O A &7 o 89 IF 7 — 18] fil & 19 /& “ End-Posi-

tion” F AR Wi iE A B T S b R T LS
JF7— i) fylh & 1 2 “ Transport” F{F:

End-Position
OB/ 24/ o9/ THERE /0 AN/ T4/ .

He is reluctant to leave the post working for many years.

b
( )ﬁ/ s/ s 1t B T N/ .

Leaving the supermarket, he went to the airport directly.

Bl 2 —ii % 5]k A s S )
Fig. 2 Ambiguity problem caused by a word with multiple senses

ASCAR I T — Tl 40 J2 U0 200 52 1 SO 19 471 A 0 A 1
e fig ke BRI . S T G P T T A R 3 Y fih 2 1R RS
AR T R VETC A 1) 2L B8 A DR 544 S i A 97 A S AR B
B [ B S50 75 38 T SUAFTE ) 22 B oy i) 45 28 o 2 A1) Y
A B RGBS Z A G AT R s e Ah L A T il ke
T SCHRL TR Y — 1) 22 SCVE ), TR AT H A A R R B0 5 B A
IR R IR T B ZAG B F A B - RR A R OR

A SCHY FEFETTHRANT « 1D &1 %8 v SO PG I b iy SCA-fih
& ] A DG C 7] 8 — UK 22 SCHE AL, AR SCHR Y T — Fh 2 JR IR
2 LT SRS B S A AR B 5 2) FE4r BB T 2 0 AN TR Y
SRS AR VAR A A B R BT T AR A A
AP AR (A JZ IR T A TTBLED s 3) 78 ACE wh 3Gkt B AT R
S S A SR R WA OO E I T A Y R S R AR
Tk

2 MXTIIE

SR SR A R i IS A — 0 R A Pk A
% BUAT S P A DN Ty i 32 4 O A Rl . BE T RR AR b IO O
RN BE A 4 4 1 kT

BE T RRAERE A 7 R B AR AL B T EL AR O %
T B3Rk Rk R TE SCRFAE , IF JH one-hot ] 1 # 1T R R R
Jii R Joe R | S ] 5 AT 46 A5 R ) A% T fih O 3R] R AT 43 26 L o
KM, Grishman 207 Huang 201 Li 28080 )UK ]
B A8 BE 3 M 1R AR AE S A DN b A R AR Bt T 2
FfOAS TR) A4 3 95 4 4 5 Li 2500 (Lu %M Yang %2 AT F
MR EM 2 RAE LR R TIRZ A B2 RTE URHIE,
XL T 2 B VERA R A L 7E ACE B SUE R BB TR A )
RO B 1 T AT ™ EE RO T3 IR RN A Y B R
WAL EE TR, FOOT IR 09 A B8 1 2% B LE RS T ORE B 09 1R 2% 1%
it ) J

FE TR 22 ) 4 4 T vk O] 1) A Sk RN i AT B O i
BEIHAS 5] 19 pl 25 0 2% S5 4 13 3l 3t 2% 2] i AT 51 o i oG B
fE, AT REMATTHEATIHANARET OB THDY
R 25 4% 38 1R, PRI UG T ) A G 0 B 5 R 2 SR T A T 42
W 4% 19 773 . Chen %7 #l Nguyen 25020 35 Y 7 244 46 0 p
P T R B3 20t A B i 2 I 45 455 T RS A [ 3 I A5 AR
P2 BERD FE ACE B30I R B RIS T 2 I I 5 1Y) S 30 445
H 3 Zhao FEPHHN Chen 455 $2 H A F R [ )22 kA9 1 32 1 AL
o AR AT TGN SCRY R 3 XAF B s Lin 880 58 3 % 45 2k o
BHEAT B R i e bR 4 2R RR VR R) R, X SR T5 R AR TE ACE
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BB SO R RIS T ARG RO RICR R B A B SC A
SRR 7 A 30 A5 M L Bk 2 3R] R SCAR o ) 3R] 3 A R 58 42 DT G
Y [

N T fEPEIX — [R) B, Chen SE0 4 1 T B TS 45 4 1 3
FRFOR AL IR BT T 2R il AR iR R (R A
FE 575 AR T AR BB AR i B 4R AE  Qin
SFLCHR I A Bl R 3 ik i 1) B A4 T 1 Ok il DX — [ A (L
SEAZTT R X IR R AN R AT . A, Xia SR
Zeng FEUCVRN Lin 80 DLFAF Oy S AR B[R] I @A T 0 i
0B SCAR R, S R T 22 I 6 27 ST i A7 91 B TR A5 320 L H— Al
T3 75 12 Fe 51 1) 2 i 233 45 SO0 TR & 227 1952 W LK A
T YR SAF Bk A A 7T

BT L ETBEMAR ARSI T —F LT 20 2 K 2 hE
JEE T SCR Y SO P ARG T A 2R Sl i AN R [ R IR
Fl e TIHLE Sl A RlA 90 B 749 9 3 T G A ) 5 9 2 A T
BLIE BRI SR R T 74 2P 900 o A 1 S 5 G A1 A 0

3 HPXEMH4EN

3.1 EEEAELE

ARSCHR T — B 3L T 00 2 IR 200 i SURLG 1 P AR
IR0 SR it e rp S AR A B A i & 3R R D S A B — 17 &2
) L B AR AR SR N 3 TR, AR EE A 3 A
WA D Z BRSO R AR B 5K AT 555 0 545 F 22 i
Ay 45 R AT RN L SR T S B S0 AR AR R ) ) A Y
B AAS5) 7 A 0745 KR L HE SRR A T R E R
DIETAZRE TN Z R R A F£w, 8RR E R W
Bl TTHL K Y 5 09 45 R R I TR PR R A F R R R
ARG A B S B - SR E IR A R D ET
J 5 o A D Y ik 2 ) T, 3 e 0L 1) K S 1132 12 (Bidirec-
tional Long Short-term Memory , BILSTM) % £ Hl 4% 4 i 1L %
#E71 (Conditional Random Field, CRF) X ¥ 51| {1 1R & 8
ATHRTE U SCAR Hp A fioh 2z 1) DA T fih 2z (1 = 4 2

[ Label Sequence |

C Bi-LSTM+CRF )]

0900000
H Rep
(_Character-Sen Fusion )

Character-Word Fusion

________________________ A A ________
[CICXCICIANI Y X X )
S Re; C Rep 4 AW _Rep
( Pre-trained Language ) ( Segmentation+Word
Mo4del Embedding;l"able+CNN

[ Input Sequence ]

7 :S_Rep,C_Rep, W_Rep Fll R_Rep 435l F 78 5 5 i 4] T 9 R VF
NN & TN | B S RN RS PN
R LT
Fig.3 Architecture of model
3.2 BERXAERT
BREBMAIFI) S={circoaven ), Hoe, R JF 5 1y
B AR PO GRIE S B8 BERTPY (2R, 1 S8 7
JF50 S B FF IR AL E B N F AR LCLS Ik #R B AT R 5 F

Jr 94 A 2] BERT 7,15 254 F £ ¢ 19 1) 2 R 7mxi AL A
FHI[CLS IRy % x

x',x{ =BERT(S) @)

peAh R AR T E, 75 S U RR R S={w ,
wy ety s He e RORIF IS ¢ AR AR A i
TN G5 1 17) 1] 1 3 e, T LAAS B))3 31 b A0 s 19 R Rx

X' =e(w;) (2)

EAREZWN I, P S T REATE L Fh 23 U7 K, it 2
H IR G R 22 AR I R, IR 4 BTR P 5 IE A Y
TSR R Bt/ LR AR SR B e 7R B — b gy
T 8 R T TR R T A 1 SCAE R R M A AT SRR
rh L 235 M RS RN L OE A A AR . BRI AR SO OSBRI A T
533 T EAR G HE Fe 51 T AR AE I i A R 3 L AR5 BE X T A AR
B Z MM 3 M iEw »we Mlws (FZ2TF 3 A &5, &
DT 3 AN 0 A I TR A5 B FE A e X R 2 AR R OR
X

x =X . xi ) (3)

W 4 Fros 0t 45 B iR T 245 8] 55 R A 0 r
WG RGP 5T A SR 3 AR (AP F T 7 e i S
IR AR E AN AER R RE AT A,

K T oK OB O ..

T LT Ay (51350 Y A 22 Ao 4 05) 45 380 B4 ) 1 g s T TR TG
AFRR A FoR
B4 P H0 ) 2 i 43 45 5S4
Fig. 4 Examples of multiple segmentation results for sequence

3.3 ETHEMAIINSHEERERT

A SCBA T F A1 A58 W AR TR J2 O A
FIBUE K 4 T T ) 5 rp A [ B B9 AR B Rl 78—
L] F IR R IR A ROR
3.3.1 FAF-133E kA 1T AUH

SR Y A fih 22 1) R SCAR v 3R AN DR I A [, T L)
SR R AR R SR B R R R R REAB AT R R
AR i DL SRR N TR 1 R OR 5 A I R R R P
TE—i& PN ENTRA MR R R AR, B2 7E b SCF
AU F L A () B 8 0 A AR 0 T AR RN RI .
TR ) - 2 o T K 0189 O A 2 7 004 0% 32 fih A ) © 25 7 L AE AR
JO7 32 BN G T A 27 Y I SR T A 2 0R 5R  WT IE 4 f AR
SRR R A A W IR 2 A A T IR A0 2 A fih & dA] L
SRBEAL £ b 06 T IE &7 IR SCE L B B R R
“ 22 7R B B Trail-Hearing” 45 04 11 i % 1) 5 72 92 51 4 5 3% ¥
HLRE AT 17 Y i 8] I R B 554 R B L BB N i
TEIN S TR ARG AT 7 B 33X R T O AT Y TR SRR R
TR TE A BRI R 2 28 2 3 56 1 AF 19 18 LA 5 1R T
X o R AR S AR

R T AR R LUAR 4G BRI B, B A AT A
AR BB E AR AR SR T AR R TP
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BLARRE, iy T2 U 22 9 2% 1T DLAR G b B BUJR SRARF AE
TATE B T AT o B Z A1 1 R R x e i A B B B 4 N 4%
b B 22 A T o v e T B AN S B R R X, LB
T R —Fh 43 A5 B B0 R 7 U )

x =tanh (W,,, * x4, + b)) )
Horpr W, 2 B TR 28 X 45 B 1 BB R b, 2 D B T s R o
Bl v, 30 ] B RN

SRIF A T4 ¢ I ARGk iy RN 1 R omx A
Wit AA 1T Gk AT R HF IR G RR r L Bk RXX
W,

G:=o(W, (tanh(W,. + x{ +W,, * x<))+b,) (5)

r=GOx+—G)Ox¥ (6)
o W W FIW, 23 B A5 R 7R )15 3R AT AL Y AL
b, S AL B IR BT, 0 & sigmoid BTG R, © iR T R
T2 TAT . G IR T B A T, B A F 455 8 8 i
15 B R AT B A A, r 2 2] B e, 172 1)
RAEERR,

FAVH T -1 15wl & TTALE L A BT ) S 516 1R
BFIRR={r ro s ory b AL E T 5 911 45 24 00 45 44 A
F & i EE X,

3.3.2 FAF-4 F @A TIMA

T P R SO — ] 2 SCT ] 0 ke Pk ) B, AR S ik
T F -0 F il TTHLER AU ik R e R T A AR
P S AT BRI I B . Bk U, Xt A 1 A - 1R

WBIRA R r, AR AR R R IRAT B -m0-4R G
Forkr, R .
r' =ReLUW,_[r;x';|lri—x1;r,Ox ] (D

Hodr, s FZoR I RABHE, Ir, —x | RoR M EZMAHE. A
T3 Ao 4 %o {5 B R T8 SR s Rl 22 [ 25 T
AR AR 85— A A R R WA T A SRR
it 22 8] PR 25 S R e A 22 (R] A AR L HE AT AR

2ot WA AR Z WA EA TTHLE FATH 751 S 747
G 1) T R R G S S TRREBE 1 2R B A A — A L 15 51 5
B F-1a-AIR AR AR = (ror ey}
3.4 EFFIIFRFRENE G/ % IR

N T AR B AR R SO B [ R S A
% 2 ] AR A L AR SR T BILSTM 45 %1 fl CRF A8 #1751 )%
F1) H i S 2 TR G A7 B RIS L e A AR SR “BIO” B bR
R PR O” TR FE /A8 T T A fih % 370, b1 % “B-= 14
TN AN CT-T 44 2K 77 26 7R AR I T 0 25 B ok 2 3R B O B 1
(Begin) A1 H A7 B (Inside) ,

B FEAFAAR R WA LSTM S /) LSTM 43
1B S b N i Rl " = M ¥ 7 N7

- — ,
h,=LSTMC(Ch;, ,r;") (€9)
< -— - ,
h,:LSTM(hHr] o F; ) 9)

SR 5 DBk, FR, 15 B 5 R, 58 B8 1 I HOIR 28 R
ho=L[hsh]. 55 BIF 05 H=h . hy . hy A
| CRF 550 b W0 fih % B2 B0 Y = {31+ 3o s oo sy L0
2 B
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OCy) =Wixeh + bl (10
exp (Z:(O(y,)+T(y,—1 syi)))

pYIO)= [@RD]

gexp (O +T Ly DO)

Horf O TS B 0 T AR 2 Ay 975 5 0 K0 Wk il b JE:
T 43 O AR N B T R RS R RS S B L YR T A T g
BB 2 B ) P B AR R — A . A SO T 48 5 b 30 A D fige A5 5
A5 2 73 B IR e ) fih A TR B 48 PP 81 e 2445 B ) T b 9 A6 32 ik
KA,
3.5 MEKEH

7R SCR FH S8 SUI i % bR B A S AR TR 1 45 2k R K T () L TR
24 T S bR 28 O 2 i ) B R T A 22 A 2 o AR A O
Sl 2Kz 1w A A8 X A T (1) 2 o L BRI

N,
JH= ; 2N Uog pCY, 10 « I4alogp(Y:10,) »

(1—D) (12)
1, if tag=“0"

- 8 (13
0, if tag#“0”

Horr, NJE— YNGR v /) 7 /Y Bt N &) TS & A 1Y
TR T IR BREG WER P4 e AR 2 0”7 8 4 T WME
1A o,

4 LBWRERSH

4.1 HIEEMELRIEE
4.1.1 BB kR AT AR

ALK ACE2005 7 SCEE il O B S 52 30 508l %8
P A A0 633 FF v SCOCARY , BLARTE T S5 1R 0 il k3 L2
SR TR MOEREL . ERRAE DT SRS R
TR H L AR SCR 5 200 By AR 250 M ] Y 30 4y O
B84 569/64 F SCR 43 BIAE N gl /IR AR L T IR 4 b
Bl A% B 33 G SCRIME N B IE4E . s, AT RS MK P,
R, F1 {H (37 77 1 AR AE b SO (A6 rb 19 22 AN i 4
(TR
4.1.2 FHBAHEE

AR SCAESG AR [ 3l ok o A 18 2Rk R R R ) S 4, B
oL I ZR1E S B BERT M9 2805 STk (27 0+ — 80 11
B 14 TR] ] o 3 S A R B Y oh SO ] %245 35 BILSTM
I CNN A5 5 14 1o 2% 2 5018 5 S 300 4 5 20 (12) 1 I 25 2 8K
BB R 2. 0; BEAIR ] Adam {1028, 306 H 2 3 H iR
0.001;BL Ak B dropout ¥ B R 0. 5. FL 78 B 8 25 i 72
rP B T T iR .
4.2 BEXBWERRSH

AR SR B 4 TR IR 2 T SR A AL S R R Y
A I A B AT LA, BB B A 4

(1)LSFE(Language Specific Feature Exploration) £ L1
B T REAE Bl L T vk B R N B Y 45 R R
A5 fi 2 ) Wy 15 2 AT T SO AR

(2)Rich-C(Rich Component) #1250, F—Fh 3 T 54 4
B T7 1 B X rh SO A A R, N D TR TR
FA) R AT SH 106 A5 il BB 1k R i) R S e R A £

(3)DMCNN (Dynamic Multi-pooling Convolutional Neu-
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ral Networks) 587, g —Fif 3 T 4 28 X 4% 19 7 1% L 100 R 18
T T —Fh 3l 2 22 3t Ak 2 BRI 28 I 2% 25 4 > ) 3 Hl i I %
) R RRAE DL R AT S R

(4)C-BiLSTM(Convolution BiLSTM Neural Network)
RYEEST TR — ol B R I 45 1) 1 TR R s b 4 ) 4%
FAL ] LSTM BRI AR S5 G o P 1 1)+ Hh 42 HURH DGR AIE

(5)HBTNGMA ( Hierarchical and Bias Tagging Net-
works with Gated Multi-level Attention) 5 #1180, B — Fh Jt T
P2 I 25 04 0 i B i TR T 2 R O B AL B bR
T 0 2% S5 4 o DA B SCRS RO - o Al IR B SO ARAE .

(6)NPN(Nugget Proposal Networks) #& FI0130, B — Fif 3t
TR O 245 1) T 1% s R TR ARG v SCEE R T 14 REAE R
FFGR: SUAR AR T G A B I TR A 3227 oK gkt fid 2 3] A
SCA v ] AN DG B Y [R) A

B AR R S S5 R SR 1 s, ot DMCNN, C-BilL-
STM #l HBTNGMA X 3 A 8 7 i) B T 5= 45 7l 3] i ok
SR,

* 1 BRI SRS R

Table 1  Overall results of models
Trigger Trigger
Models Identification Classification
p R F P R F

LSFEM 82.4  50.6  62.7  78.8  48.3  59.9
Rich-Cl%8] 62.2 71.9 66.7 58.9 68.1 63.2
DMCNN(e)  60.1  61.6  60.9  57.1  58.5  57.8
CBiLSTM(o) %61 65.6 66.7 66. 1 60. 0 60.9 60. 4
HBTNGMA(c) 41.6  59.3  48.9  38.7  55.1  45.5
DMCNN(w)  66.6  63.6 65.1  61.6  58.8  60.2
CBILSTM(w) %61 75.8  59.0  66.4  69.8  54.2  61.0
HBTNGMA(w) 54.3  62.8  58.3  49.9  57.6  53.5
NPNE 64.8  73.8 69.0 60.9 69.3 64.8
Ours 67.2  73.1 70.0  64.8  70.7  67.7

T ()RR A IE T AT 2R S2BL . (w) R B R IE T i) i 32 n 52 3L

M1 1 AT 1) 5 b O WA HE A SO 7 Ml 2 3R R
Ak 3] 43 A 55 T B T RGPS R FL EH E D 4
BHRE T 1% M 2.9%;2) 5 LSFE K% A1 Rich-C 5% A 1L,
AR SCAEAVAE P AT 55 P B IS T B B 0 4 e , ELVERR SR R A
IR 56 I P A 3 6 U 5 5 ARRAE A9 O R G L 3 b 4 I 4%
B 7 1R LA E Bl Al BB SCAS B R R R R R 3)
NPN #RAH L, A SCBO R AE AN E 55 T iy F1OfH RS T B &
P R i o K U B B T Bl A R A A BRI RS B A TR
20 R R A B B T A e ik Ok ) A B SO M )
4)5 DMCNN(Char) BB A H . DMCNN (Word) 458 %1 78 1 4~
EE TR F1LESNESET 4.2%.2.4%,. 5 CBILSTM
(Word) fil HBTNGMA (Word) #l It . C-BiLSTM ( Char) #
HBTNGMA(CHar) s B4 T B 45 /Y 52 3 45 28, X 5 B 7E
SCHE A A v 5 R B A A R b 3R T S A B A R R 1Y
SR TR g N TR R B T R SO RIE IR S IR 5 A R
3CH SR T AL R M AR R M R T B L 4 0, HNTNG-
MA R AE 58 30T i & 18) 43 24T 45 P AR B0 P R 779,
RAAN69. 1. F1 H N 73. 3CEHE R IE F IR LR 30 - i HNT-
NGMA(Word) 76 h 3CHE A 3 Bl 1) P.R,F1 X 3 MR 5
ZARLL P B F B T 28% .11, 5% Al 19. 8% . X i W P 3¢ A 4%

T A L e XA 9 ek A A KR R E T SO A
T b R BUAR AT B AR AR — 2 3 T o SO AR
4.3 StLEXWERRSH

ST S UE AR SCHRE 4 43 J2 R 2R B T SCRL B BILTR L R
B 22 i) 45 SAE P SCR R I R R RATHEAT T — R
SIS L SC g . HARXT LA AL Y3 B A0 3R 2 r g, SE G 25 R
m 3 pisl,

R2OXF R T
Table 2 Setting of ablation study

Models Description
Char-Only B R A TTALE L RAL R e NP T A R R
. AR F - E A T &2 8 F 7853586
Char-Word Lo ) e .~
R HF TP EE R AR — R 4R
. RERF -4 F s TIH &2 BN F o F-48 4
Char-S ==

FEYET S 1 P EEE PN ES
KT R FA G AERTAN S M A AL R

Y E NS RS L TR E PN
FltyF-wH-ARekr, AV FI N RELETAR -
4 R

R E NS e L TR PN
FltyF-wH-ARekr, RV FI N RELETAR S M
4 R

Char-* Word

Char-Word-S

Char-* Word-S

£ 3 XA R
Table 3 Results of ablation study

Tr-ig-,ger. Trigger Classification
Models Identification

P R F P R F
Char-Only 59.6 68.5 63.7 58.0 66. 2 61.9
Char-Word 66.5 69.7 68. 1 63.8 67.1 65.3
Char-S 64.3 68.4 65.9 60. 8 65.7 63.1
Char-* Word 67.1 70. 6 68.9 64.5 68.3 66. 2
Char-Word-S 66.9 71.8 69.3 64.1 69.0 66. 4
Char-* Word-S  67.2 73.1 70.0 64.8 70.7 67.7

M2 38/ %.:1)5 Char-Only # B AH H, , Char-Word 45 %Y
WS B0 FLE S R T 4. 4% F 3. 4% . Char-Sen
EWAES L0 FLESNRT T 2. 2%/ 1. 2%, XU H 7
A 1 1 1 2 R R A R B A R U B G ) A
B B BT R L L3R O 0 1 A RN AR AR T AT S
2)Char-Word-S & B 78 9 A~ 55 1 /9 F1 i tk Char-Word #
B4 T T 1. 2% M 1. 1%, H Char- * Word-S B 7¢ 7§ 4~
155 | 19 55 A L Char- * Word #85 %0 4 45 JiF #2 FF L 3 138 1 43
JZE YR S A ML AR G I R 7R R D R g R A O
SUAR B AT LA F-1R) R A R 4T A AUk 75 3) 5 Char-Word
AL . Char- * Word 7B MME 55 LB F1AES AT T 0.8%
F10.9% . Char- * Word-S # %& 3 1 47 F Char-Word-S, iX Uit
WA 2% & 22 Bl 2 i AT L S0 5235 b % 18 B R D OE B E
FE— R AR T R T 51 43 1) 5 158 S B0 18 22 % 8 [ L
4.4 RBIHH

A5 FI) FH A 78 53t — 2 150 B A R A i ple fih & 3R] 5 SCA
rp ] B N DG C ) DL K — ] Z2 SCPE () 248 TR AE .

EFXF R B 1% b/ P R/ /WEE 45/, /i B/ /iR
H”, C-BILSTM(Word) # #1 \ NPN A5 1 A< SCAR A1k H: 1) bk
T 4 Fra), MR 4 T, 2 SR ] 5 ) A ik & 1)
VG g A, 35 TR 3 A B8 C-BILSTM (Word) Al L 1E % 35 51



T BT B R TR SR A ¥ b SO R A

207

fith % 18] I 29 2 5 LR 25 SCA o A T8 I SIE 2 7 A A A fih & 1)
“FIE” 542371, C-BILSTM(Word) £ #1 HBE X % A 7] 15 “ Wy
UE2 74T 25 S SO A fil & 38 CWTUE”“ 27 P 45 iR 5 ik
AT NPN BERUSR M3 8 Om = A B ZIETEAR
) 5 T 3R 5 AT 22 ) A B ) B, TR 5 S0 O i % 1
“ox, R SCRBEALR B A T A bR 0 5 2L R 32 4 Y
W) 5 A0 AR 2 22 b 4 3] 2 3 R 5 A 1R A T AL
s T LR 4% LA 1) o B8 X 45 R ) 15 43 TC A T B AR #E T
CWEUE AN A AT AR T I, T4 2 AR I T IR B9 1 X
15 B WK T RNE MAL R FE X & 7 AT AR T B, R4 R
FFeL7 s UE B R T F A AL . BT X 3 A 7 B
1B Ay B B AR TS R A B 5 TR .

F4 RP 1 ABRES R

Table 4 Results of labeling for example 1

Models Trigger Identification/Classification
CBIiLSTM %k 4 . T-H # H, Se
NPN %riE, T-H F H . Se
Ours o3k, T-H %, Meet W #,Se
Answer WFiE , T-H £, Meet ¥, Se

VE: T-H 2R Trail-Hearing 1 . Se /R Sentence 1}

F 5 R 2 MRS

Table 5 Results of labeling for example 2

Trigger Identification /Classification

Models
Sentence 1 Sentence 2
CBILSTM # , Transport i% 7 , Transport
NPN i# , Transport 3%, Transport
Ours # , Transfer-Money # , Transport
Answer i#% , Transfer-Money *®, Transport

00 0 O OIB=THIETHIBEN O O O O O'B-Se I-S¢ O
ZAFmAY (NEE B, ke BT

The count made a trial after two days of hearing.
VE: T-H #/R Trail-Hearing,Se 7”8 Sentence, Mt 78 Meet
B 5 RS bR
Fig. 5 Labeling for whole sequence of example 1

XTI 2 vk / At/ — B8/ /RO /R AT /14 /T B R
“ORJG /B /Ml /3% 5E /T 7, C-BILSTM (Word) £ 1 | NPN 5 #1
AR SCASE AR St B AR an 28 5 A . A0 g A sk % 3R R
T ARSR A AN FE A S A R R LB A
FECRONTR R . WSRO A A 3 S, B R AR HE X
433K WA fish ¢ 8] 1 SCrp i 22 51, R C-BILSTM (Word) 188 44
5 NPN BRI 55 — S35 4] 19 fil & 1) o 8 ¥ I B0 T4, B
AR SUBERYSE 1o AR T RLA TTHLH 5 R T A AT R
S, I 3 P A - IR A R, B T DL A s ik
BV LA KA 0 R SCHI T L5 AT 1 e R ik
7, T XA 1Y fith 2 37 2 47 15 A IR0 9 42

GRIE ARSCIRI T R T4 2R 2R T SCRlA 1Y
R DO ABE 2R A e e ey SC R I v A S ) AR SRS b i )
TR VG C () B L B — i) 25 SOk ) B, A S A A Bert
Skip-gram %5 J5 1545 5 )3 51 19 3 FlOR [RVR B (0 2R R L 4R )5 8 i
PN AS 1] 2 0k B & TR0 7 A7 ) 3 ALE ) o S A TR
SUAE BH#ATRLG A5 BT 5 14 718 -4 R & o » e 8 Sk
T AT 5 b A 2 AR S S A R 4] - o 4 A O T R A 2

B, MeAh R TR 07 AR S HAL AR 2 2 (A R R 22 5
AR SR T A A O 25 B 40O R BOR BE T R AT N 2 . LI A5 R
BT A SCRERAE v SO PR AG I A R

HP SO A I 3 A A — S Al ] AL 49 e AR A B
T 3 85 A MR A R Sl i 3 A e TG W T
AT P Jg % MR A S TR0 26 I SR AR B T AT R — 28
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