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Abstract: The domain terms in power grid operation management documents are professional and complex.
In the process of information extraction, excellent and applicable event detection methods are needed to
extract event subjects. However, most of the current Chinese event detection methods use the word
embedding technology to capture semantic representation, but it is difficult for these methods to capture
the dependency between trigger words and other domain words in the same sentence. Based on the above
situation, this paper proposes a novel hybrid representation architecture to represent the semantic and
structural information of two characters and words. The model can capture rich semantic features through
the semantic representation generated by the dependency parser. The experiment is based on the corpus of
dispatching log, dispatching maintenance ticket, and dispatching plan. The results show that this method
can significantly improve the performance of power grid dispatching text event detection.
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Fig. 2 Framework of scheduling text’s semantic event detection

fii 7.
L1 BWAFIIRRLE
g T S G AR AR A OGN [ GO0 1945 B A SCfil
NS N K AT NI N S R e 31/ N
R Tk R R BE L AR SO TS I S Y R Sk
BItR Ak AL AR 45 > Token-Level #2845
T DAl 1] VR S 3 ) 3 AR HBCRE IR I £ 4 A 2 A0
F Nugget X ZE M4 (NPNs). & T=1{t,,t,,
. P G=1, 2, -, n) AT token
B on Ry ) RERE o e A B IRNE AR, RS X Rt
SR UNET AR NE RS R AT DI NS @ N i S by
s TR o0 RS R SCAR i AT Lo e Rom
GBRZZERE R FRE L KR EE R
wr .

h; = tanh(w;x; ;1. +0;) (D
Rt = maxh; , R = maxh;  (2)
A FRREPUL R H P . w, KR JZER
JEBIUE WA 37 R token TR T3 X, RANIK
AJZ x; B x o BOERIR 00 N I .
22D 3 3o it 1 3 2 220t o 4 3t 4] A [ 35 4
AR, o R SRR ARZ ¢ M IC A 4
BRI SR AR BUZ ¢ A7 O 0 I AR A5 2R 5 T A 3% 4
R LR SR BUZ ¢ B SUEIRTE RIR S ywora 5 18
o 1 38 1R L G 4 b AT AR ] AY G AR L 5 AT L3R
(GRS UIRCIRIBE/ E LN .
1.2 ETFTRE D HESFERE
MG Fife A i 2 TR G 2R AR A ) 1 23 A
8 AR ) A TR A OC & T T AR A R T AR



] 2 #

K F R TE U ARINIROE W E F 4R e A R 89

PSR EUNER S CAEH NE S NG I ¥ EZY EES B
HR (P R R RO L. A X T AR R = AN AN TR Y
FRAE A 42 )2 K Fm =AU E - POS FEm 1) M bR 1 5
DR F /R M ¢ 2R 20 15 DIS %78 53k Y fE 5. POS
LA B B TE HARIES h RS AR B
N 45 SE AR BRI L 40 B AN R . 4% ) B AR
4 1A A LIAE R ) 1 R Y SR (H N BE AT AR X2
DR o 3 LA % o o A A B Rt POS 3
TG ARAE L DL A SCAE UAE B IR R RRAE. 43¢
4 POS A 2 — Bl REAE > in 5 56 T~ 5 im) B9 4 1. v S
W R RE KA A 52 A A SO A 52 4k ik
P O R AT POS M4y, XEWEH AT
FEA R Y POS BT LK R A 52 4 RRAE 1) 5. 52 4
R FANEE LR T POS ) — 34> 6, %R
— AR AL L AR — AN 1O BRI
51 4l 0.

DR K1 5¢ R F ik 7 4] F 4 M4 2 [0 5y i L%
F.O6 T R R AT 55 . ol & IR 8 R O 9 0 (RIS
D) — T R X B TR v fih & R O B ) k42
A €0 7 19 %0, PRI, AR SCOA Sk il LAl R A G &R
o B3 fik AT . AR ARG R IRRAIE 2 I R R
JEH 23(22 R FRFEAN 1A HAb” A, 22 Fh
MR 56 72 28 il ) AR 0, I HL R T R IR RRAE
FoR WY B 2 B AR A G 3R 432 Sy A 28 R

DIS AR A2 K . B L dn S — 4 2
)RSk 35 B AR G, W) S S DIS = 1. 4 2 B 42 40 %
— AR R M L ) DIS= 2. i, 7E & 1 A T
o, K Il R B 5 & E U T A AR R A
mr.

TR LR S E 5] & T

Horpre Z ok iR S 1F 7 R X A Sk, <51 &7
T Sk R - T RO A 2 A ) T rb e AR PR
Xif BT X A RN DIS=2. Sk
JE AV I B AR Y A TR R SRR A A G
5 K fi AR R rp A BN A T
JE TERE PR il & 1) 40 BT AR SC R B Sk Al K 1) R
AEARL Y. 3 WA A 0 Sk 3 1% B 25 ] FH 00 4 )
ST M Bh B b i fh % . A DIS AR 2 b fil
M 74EmERR 05 6 M. 54, REHKF
6 TSR AP Ny 6.
1.3 BERUEES

Xif o SO A I, A A 40 ek 1) YT 6 R 5
8- 38 1)V R s vk KA RS R AR B B an , dn SR
PR R T B R & — A B R R
I fish g . E AR P R R T, R G 5 B T DA $

BETE I Y 15 8 SOR 51 7RI LXK AR T

TEHR A JZ Z Je s B RL3R A5 O 4 4 A 2 R
Sowora »— DB HBLFAEFRIR fora FI— A BARFFAE R
R e AR SCHE 2 2T WA DR A L A 2 1R S N
PER B 3 AR 5 B A 5L F

or. =
SIGM(WT!fbwnrd + UTzfnword + VT;f{‘ + bTr) (3)
a’r{ =
SIGMWT  f yuora +UT o f o + VT f e + 0T (4)

K1 :SIGM 3y sigmoid PR W. U,V ¥ 8 FLE 5
B 5 b 327 I

FET 2 Hi = A FRAE B2 A AR AR = A FRAE
FoR .l X AR IR RS R > 82 i
B e R s T AR AT AR N PR TR A S T B R B H
E%:fl/\: [f’r fbword]-

HR A 5 LA il 2 042 A A A AR 25 A i 2R 2 1
HIEAS i DLSRASAE A A e &R

fr.=arTif s + (1 —ar) fi (5)
Sr =0 Tif s + (A —ar ) fi (6)

s fr A2 il i PN TR B R s f - R 2R AL )
KAFONR A AL s ar, (1 —ar ) 23 B fil & 1R 51
H foword B fL BT B s @ 76 FF AR AL S 2K 28 4
AL H.
1.4 HESHUERBEME

1% 48 1) A5 B 28 00 26 AU A P — 1> 1t 2 55 IR e R
PRAE. X BR S 15 G0 0 45 B 28 I 28 AN A 2 )+ 1Y
FoR R EZNE R, EFARN T — A4 ] g
WEWALEZAF A I H S 8007 DT R [R) #Y fil
R ARBOAS R 4 A . (H 2 AE GRS B 2 W 45 H
S AR B A 1 oA S B R4 TRl — A )
(A5 K. S T e A )8, 38 5 DMCNN
PEAN TR B RO A O R AR AR S A B A5 S
AR SR A AL i 25 N 4%, [ 3 4 AR T e e A
N ) Gy

S A A AR AL E x, YRR X H
BB b S e SR REAE 1] 3 s BE SR TR 2000 4
TEAE N B BUZ 0 5 A o DU 2R 20 0 E SO 4R 15 R ik
L HAR b, 5 B AR o S R AR WA
BAR] (9 11K 77 AR I R AE L b W OR HEAT A5 R
A IRNE RN s — Ml 3 8% 5. — AN B ™ — A
B —DRE ¢ = o(wx,i; +0)  Hp o 2 dE LM
PREL (— A O tanh) 57 WIS 1 B msm 2
Eo A A G WAy SACIR| N IR G

ZJE S MR A A R B BB R AT B
e o W . iR — A — 1 EH



90 E B X

i

X F ¥ R 55 55 %

20214E10H 30 H 08:30A% Bufi#3 A8 f F R Ml BRI BIET | & B LA 5%
4fi4y-iA] FEIR IR R iR Rk
o5 1 2 3 4 5
R 0.01 0.02 0214 0253 0.3
il % IRBEE
E Uyl WiE MR B4 F=iK
i 0.07 062 024 0.07
AL
A
s F

P 3 i A A ) AE 4

Fig. 3 Framework of trigger detection
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