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Abstract

The event detection and classification task consists of two-step subtasks: identifying the event
trigger word and classifying it into the correct event type. The most important thing in this task is
the recognition of trigger words. Using neural network-based models to identify trigger words in
sentences is the mainstream method in these years. However, when it comes to sentences com-
posed of characters and phrases with unclear semantic structure and similar semantics, it becomes
difficult to identify the trigger words of the event. This paper proposes to train an n-dimensional
prototype network that integrates the embedded information of the word information: input the
embedded information of the fused word and word information, and project the embedded in-
formation of each composition into a high-dimensional feature space. For each dimension type,
the sample information extracts their mean value as the cluster center or prototype, and uses the
Euclidean distance as the distance metric. Training makes the test sample the closer to the proto-
type of its own category, the better, and the farther the distance to prototypes of other categories,
the better. Accurately identify the trigger words contained in the sentence and distinguish the type
of event.
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1. 5|15

FAERI(Event detection) ) B Ar 2k SCA H R 5 &G FAR IR AT 038 X T AR AL BSR4
WRATES, o H ARSI TE SCEER R AE TR EATHT 2%, flin, FETHRXA)E “fEEKE, 3£
[ 3H 7 o) B S R TPAR I, — BRI A, 7 BRI RN RGN AZ R B AN S, B dEE
FBET F A (BB AE T AN B R T R ).

TESAFRT I B, ke 5 oy 1R ) A4 ) 2 77 o g e S Rn il R A (R o ERDRPE Hh SO A — iR
() F SR A T B R BAR] FROR — BRI, A R 25 0T RS — AN BT B — N L] AR S A3 AL B 2 AL
TEIXFRESL R, BT 5 7 VR0 A e A il R 2%, AT RO AT 25 1 7 R ). A5 — L3 TARRAE 1) 7
VA1) [2] [BTH R R GEMR T IX A W, B IR S 5 Rl KRR B AR T N ThRic e BT — o), 5%
NG $2H T Nugget Proposal Networks [4], 1% 9 2% i BL#E 42 H DAREAS 720557 o 00 IR B A fid 2 S8 BROR ff Rt
TR BAVCEL A, AN R . AR, 1200 4% R AR (e ik i 2 8 ) 9 R PR Akl 4E — L s oK
NFIE TN, X2 A SEZIRR I, I HARE Ml A 2% 5 510 ) J

12 R TR T NREAS 3 ZAE 55 1 JEL L R 2% (Prototypical Network), A NAEAE—FiHiR A1
ForITa, G — PSR BRI s 8 SRS AE — A B ) S B ORIl o 12O B N INFEAR I R A AR
VBN T R B AT IX — A, AEE R T — R LT RER T, LIRS TS H ok,
AE 25 SR FH — ol 5 L 1 DU 20 4o 46 IO 6% 5 R0 B N T 15 IS i 381 i 2 PR R AE 23 TR (B 51D, BRI T
ReLU 7% ok £ H iz me S 2 AR e Ve AR JE o T8 — /N 28000, B e R AAE 1) 52 1) B (A O DR 2
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(Prototype, T LAFRAE NI ). foe i v SR URE AT N K0 v 4EARFAIE ) B 5 25 A B 2 RV BRI F)
H softmax K A MEARME, TRIZFEA BIRT o (HZSCE R —LE AL O [ ) AT 45 AR, et
B N TSR P 1 B PO AP 28 X 2% 5 A G ] ORAESR BB RS AILAS B 2 B T B 5

FERXRSCE o, BATR HOR R8T AT R A FOR AR H R T IRAFROR G5 & 2, B Z] R
I8 AT 03 2. F AT IR RIIRA RS R 2L R AN RS G5 & B — 2, Refs 30 il R4k
IR TRFTCER IRAE, I SEAERR IR A1 7 ke SR SRR ] o B N B SR R R 2 e
BEAT HE— D AR RN 2, RETRANE M 2% A IR EA 2, SR T RBI S RN, TR
JE AR A7 SR i 3R] o

FEFEFIEAR DN R R R PZE h, AR 7755 B SRS B aIF, I b R R 2 A b 4 Y
PR THSERR . TR 4 5 BRI AR [5], LR B TSR ER B I I Af R A 2 U (0 T K L LB B )
fEFISRTTEN N R R A A o AR DT 256 7T DA E B2, B A F0r SRR HER > 2, [
N P | E A e AT A A v B8 P PR AR S AR AU BE O ROTRS B o A LI, JRATTSEBL 1 e
BATRE . F RIS R RS 5 R R NN RS A B ik, ool 1R S AR 2R
IR -

2. FHXTIE
2.1, EHEm

FAFA AT 55 ZERAS L R dE rh S 2 O RS E SRR MR . 2 AT AR rp e R S R 42 ACE
2005 1 RHAE . AZER R ELEE 8 R, 33 R T, AR RE— A FAA T HEAE Z M 2 R A, 1
KRRy 33 MO A F AR HARRI A B 2RE S B BRI — . CEONIXTUESS P
T2 5. BUE ) ACE HAHESS 7 i) LA I B s BATHE— P EA 17 Ty TRAE R AN
BT RO AR TR 5, M T — A R RS ARS  R R R B R R E [ 5. Ahn
(6148 FIARNCRFAE (A id]) A ERFAE (AR AR AE) AN S0 S U URFAE (WordNet) SR FR B F A . 2 AN iEiE —
AN SRR JR A, 7155 538 R ok B A SR SR &2 JRIE U 5 T TSR B SR A kS S . 9 T
SCAHRIE Z 2%, [8] [9] [10155 2= St 1 ACE ST 55 (115 FAFFIES ST/ HERE . [11]55 28 42
T NEE BRI PR AR S SR H S RAE . [12]55 22 Fe ) 7 —Fh R HERE T, R VS LE 1 R
AR BT A . SRR, FETRIEMINEE S T, AR, fRIEFIHE LA
R, WMNEHEPBUERIMh M. [I3IM[141RR — VA EE — A DA A AR T A 22
4o N T B SR AN SR ARNE , [15]55 23 R 1 — P2k T3 A p 22 I 2% (R BG5S PHR UV - [16]
S5 B T B LA X S T 8 S A S AT D

2.2. BB DI EIEINCA BE3E)

PR BN 2 ) RN 2 S e L, AR H POTE T2 2] — R B d(xi, X)RRIE % 5 X,
BV SEFARABLRE o JHCAS 0T 2 B0 T o B AR R AT 2 M B 2 1 AR R ) — P BB A 200 X 43 B R R R TR X,
SEAFH S T REA A AR, AR R TR R T REAE IR . NCA St e — My B 20 BE
BN R 21 Bk . A BRREN LT A, @i A B — i (Leave-one-out, LOO) A2 XA i 45 F ok k19 1
2 2 v ) A R

3. AXTTE

ASCH R RPN 5 S RN — TP HIR LRSS . S TR, BRI Z e B2 —1
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il R A — 805y, FFRAZ AR A IR 7 SO — AR SR FRATIB AR 284 - EAHE LU =4
e

(1) FERREN, R HR ARG RN .

(2) il S SEEN R SR A A, IR SE ) LSTM BAL [ ShHR BUAR [F] 2 R 18 SR AL .

(3) W4 AT Z IR IRFIE AL PE L BN 25 (8], THR SRS 2 T I RE RS, SR BB AR 2R
JRAY, AR S LE A RN I ) s AT
3.1 BRRTEFES

ERMANFFIIS ={c,,Cyr-o- 0} Het o RRFHITHIZE | AN 4RF. M Skip-Gram #5%Y SkipGram
TE[LT], FEFRH, FATFIRERRR N X &
=e(c) (1)

FESRAAILR, HANFH S W2 S = { Wy, Wy, -+, Wy, | » FEATBAAN] w, 7 5 51 (58 0 ANl o fEAS ST,
BATEAEF b Fl e AR IRRR— A IR L R . 7ERIRR P RRN:

Xpe =€(Whe ) )

3.2. fill & RAAHFHIE SR BN RS

fi R SRR AE SR B A S FRA TS R (A% o 2L o Rl IS, BREES P ) A i N ) T P B i bR 45 1
ho 45 LSTM /238 T #PZ M Z& (RNN) Y, 7E RNN L3I0 7 1] (gates) K% i M5 B . LS 1R,
LSTM A LAREARTT: AT i FiHl] o MBS fo B3R s B2y R . BB .
BT = AN TS EC A R B AE B We AT FURAS ¢ 03 7 FTA VR S AT R 07 25 8. Rk, 3
T AREHE LSTM BREUE :

i o
o’ o | x°
- R R P 3
£ o ( {hfj ] @)
(o tanh
¢ =ffoc, +if Ocf (4)
h' = of o tanh () (®)

Horp b 2 RS &

ARSCAE F ) fil R ARG LSTM 2 LSTM il lattice LSTM 14 & . BE FRFRISE IR K AN,
BANTRE ¢ M5 | A E SRR ST .

1) BETRNZUEL

SEFA AN LSTMCell &% 7 A/F I FTA & 3L, I E SC74 ¢ ) cellgate 152

o G
ol
tanh h

¢l = 5 OcH +i% O W

Hodrc§ S5 | ANFRFIEE | ASE U cell IRZS, SR T -1 MR cell IRE. N T HREFFFI

DOI: 10.12677/csa.2021.114095 923 MR 5 R


https://doi.org/10.12677/csa.2021.114095

cell JIRZs, A 7 — AN 545 & LT

'R =G(WT[:§}+b} ®)
i

SRIGFTA 8 R BB A B — NG 1 cel IR, W R R, Hobaf RIA—LEFRE X
NE
c = z'f a?‘ OC?‘ 9)

o o0(07)

a; =

Lo en(gr)

(10)

2) BEWHME UER
O & IR & SUE R, 53] T ImE 8 cell IRZ ¢, (R, 3 75 225 1§17 15 2% (word level)
R, s RRTW, , (955 ] & UK. TR, LSTMCell #5431 cell state:

i

) o Wh,c

e = o (WS | (12)
J hcb,l

c?v“ tanh

¢’ = f*r oc¥ +if o (12)

R (8)~(10)FAl, %A FTH senses [ cells {5 2., 15EI3 M cell state:

X

g\ij'C :O'[WT[ W: :|+b] (13)
clhe
]

e =Y "ot oc (14)

we_ 0(91")

' Yren(g)

(15)

3) &I FRHE B E

TR c, IGETE cell W& W5 THIA sense (M5 2. @4 BT LUHE B A LARS] i
gE R Y cell RA, iE%j{cW"" |be[Li],w, e D} (D Rt ). T RN RS BT AR E ¢ 4%
[ cell JIRZS, A —DESMAT] gp; #ET4F cells A3 cells:

or, = a(w i [;W }b'} (16)
b,i

FHF ¢ A cel IRASTHEINT, Horh " F1 oS 435152 word gate H1 character gate JH—14 5 18 -

€% = Dnefpruge0) @ OC™ +a® OC™ (17)

B, 20 ¢ i ABNAS R R 2 A . inXG) R, F300 s Fd— 4], 53
B, ot R ML A .
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3.3. RBImMLK N

ZN L USSR R, B BREIE S A 64 BIER 3 * 3 MBHE, —MLINEZE, —4
ReLU BUE ZM—A> 2 * 2 i Kbz

P B 5 AR SO FH 12 Bregman H0RE P 7 B IGEE RS, X2 5 Bregman HU% B % —Fhift R
MR, 0T — RIVRHE AL, REAE 2 (A 5 BT U R P 350 B 8 B 1) 05 A2 1% R A VRRAE s 3518 . IE
SETAJE A, FRATAT DL B3R AN 28 AR 7] 5 AR 3B AR i S %o R SR 28 o SR FH ST IR IR B
VB e R B 7 SR BUR AR T R R, FRATCHFI A Bergman HIREAE i 85 1 & 7 A nT LK /INEEA
o S R EE A N — R 2 M SR, T b ZE AR LR MEAS B S TE A I A T,

X FINGRAEAR S SR 2 TR (B B d B8, A softmax s B0 A A MESR1E p, Yo HEE =R (20 R 67 % 4
PERIR . BARR AR A S IR 200 J5 B 2 (] PR SRR, 5 A 0 S 284 2 [) (%) B B b ke iz

ASCR RN Episode FI/INIEELRE BE T B UIZR 772, X TR — MR BEHLIERE N, N ERIREA,
X FAREAN IR Ny MEEAE NS I 258 (Support Set), FHFit5 A, tF FRANEH], e
RN RO, FIRIIFEAR TR Ny MEARE RIS, AT RS R MR, JHERHK,
TR ZH AFF S SR R, T IIGRIREA S ECE RO 2 TR AR 2o 0, A
FEANINGRREAR R HE SO S MR AR B AR ], IXRERR 08 G /IMREAR I 0 AR . JRAE A T
N ZRH R FH B 2 R AR AR AR VN AT 55 SE N IR e, 98055 1 i 3005 I8, S T BEZY (132 AL R

4, SCOE
4.1 HEESSRRE
4.1.1. HIEE

ASCAERA LR LT T — R 415256 ACE2005 Hi 3L 44 4 (ACE 2005)#1 TAC KBP 2017
P S HAS T PP EAE A2 (KBP 2017). O 7 HEAFAIELES, AV 115 LAAG 1 ik 7] 808 2> #0[18] [19]
[20]. Ak, ACE2005 HfEfetu s 697 fiocw, o 569 j5 M T8I, 64 RHITIRIE, HAix 64 mH
TPk, W T KBP2017 ¥4 4 (LDC2017ESS), F {13t {6 15 [19) 42 # A ) 1y e . 4 0 f
506/20/167 SCHA1E NGRS .

4.1.2. VEIRE
PEAG AR AL BEAR AL T 25K 12 (Standard micro-averaged Precision). 7 [81% (Recal ) A1 F1 234k, % T
ACE2005, 1HH I 514

413 BREHLE

TAVE L TEIGUFHE S EIEAT RS 2R A AL ) 240, Adam [18]75 I 2 21 Ze 2 A A Ak 25 -
T AURE RN KN & 50, N T RIS, RG] T rate HL#I[13], dropout rate 3 E N 0.5,
A VLR AT (A SRR A L1 FL 25 R B R . T2 G R, FRATEAE oAb S50

S E.
42 R

FEIX 8870, BN PR IRATHRRE R 5 LART e et MU VE AT LU, 2 AT S H I i) e Se it AR AR AT AR
JUR

DMCNN: & 1 —Fhah& 2 i G R sg, ERYE SR 8 M S 5l H 2 & 2 2 R OREE
ZREEE.
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HBTNGMA: #&HH 1—/NEA 148 2 Q0 B2 A A [ PEAR T X 26, DR 85 ) 7 20T
SCRRAE R

NPN: $&H T —FlE Ik 5 8l ) il 28 P 38 2E A 42 60 R gk Uk i 2 % A DG TR ) 8 119 2 Y

M L858, AT DL EE R

(1) XFF ACE2005 Al KBP2017, ATk 35 00 T HAh 4 th B, ZE PN EitlR 4 IS T et
ah R XL INP RO 2~ A5 B T A RS B A iR . BEAh, BTN T 2 EAUNAE
B RS B k], ISR B A B IR A U S SR

(2) I8 I J5 R D 2% 1 SR SN T A k38 B3] PR PR B BR A 5 2 T AR Rk, 1R W] LA R R A
FERIBIAME R, TR AR AR A AN DT 9 i f . b4, o P RR L B AP 2 DK K v 1 AR 5% B AR M
XA ORS T R B P4 TN SE, FEJR AL, DA RZIE B S A% SHUE TR, HEEREA
FORSCRE AP B A IS A TR LB R S .

Table 1. On the data set ACE2005 and the data set KBP2017, the training results of DMCNN and HBTNGMA based on the
character level, the training results of DMCNN and HBTNGMA based on the word level, and the NPN of the joint training
of words and words are compared with the results of this method

= 1. TEHUIESE ACE2005 E5¥#RE KBP2017 £, ETFFHFRIEEA DMCNN 5 HBTNGMA BIIIZLER, ETiH
JEZRHI DMCNN 5 HBTNGMA HIIIZZER, URFIIREHKAINEF I NPN 5AKC5 AR ERITEE

ACE2005 KBP2017
A

P R F1 P R F1
DMCNN 60.10 61.60 60.90 53.67 49.92 51.73

TR
HBTNGMA 4167 59.29 48.94 4052 46.76 43.41
DMCNN 66.60 63.60 65.10 60.43 51.64 55.60

il 18
HBTNGMA 54.29 62.82 58.25 46.92 5357 50.02
i NPN 7063 64.74 67.56 58.03 59.91 58.96
R ARAE A7 68.12 75.46 71.60 66.71 59.85 63.09

5. &g

FATHR T 5117 RS E 5 i R 10X 285 a1 ) 2 20 SR VTS 2R DR At e B2 v fik 8 ) 1R 70 5 e T Y Al
FFRB PRI R TS 1R 2 B R 2 20 AT D[R] I g o i 3] A DG R AN 22 SCAR] gk ) 10 A, 3
13 JR AR 5 ST Rl A R SR B PN SRR X 2% et s AF 20 2, RERS A ROtRI ] 22 J2 kA5 BT
SRR SURFIE . EAN LSRR ERSEI RN, iR RS AT RO DX P A L, AR LA
Tof et 2 0 22 AR S 0 (KD RICRE o AEARORI AR oy, BATRGAETE 218 M Ldb AT 5058, 55 05t B AF I OCR
B oW

AR GIELRE S, FE IR RCBITBUE TR 10, AR, SRR,
B3 N g AR P KRR L, PPAR S, TETEE VS, AR MIRIOR O (RN PR B
FEP A ST PRI 25 BRI Lo R ST IR 88 0T LA R R o B 1K) [ A M Ao

SE K

[1] Chen, Z. and Ji, H. (2009) Language Specific Issue and Feature Exploration in Chinese Event Extraction. Proceedings
of Human Language Technologies: The 2009 Annual Conference of the North American Chapter of the Association for

DOI: 10.12677/csa.2021.114095 926 HENLIRE 55


https://doi.org/10.12677/csa.2021.114095

[2]

(3]

[4]

[5]
(6]
(7]
(8]

(0]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]
[18]
[19]

[20]

Computational Linguistics, Companion Volume: Short Papers, Boulder, June 2009, 209-212.
https://doi.org/10.3115/1620853.1620910

Chen, Y.B., Xu, L.H., Liu, K., Zeng, D.J. and Zhao, J. (2015) Event Extraction via Dynamic Multi-Pooling Convolu-
tional Neural Networks. Proceedings of the 53rd Annual Meeting of the Association for Computational Linguistics and
the 7th International Joint Conference on Natural Language Processing (Volume 1: Long Papers), Beijing, July 2015,
167-176. https://doi.org/10.3115/v1/P15-1017

Zeng, Y., Yang, H.H., Feng, Y.S., Wang, Z. and Zhao, D.Y. (2016) A Convolution BiLSTM Neural Network Model
for Chinese Event Extraction. Natural Language Understanding and Intelligent Applications: 5th CCF Conference on
Natural Language Processing and Chinese Computing, NLPCC 2016, and 24th International Conference on Computer
Processing of Oriental Languages, ICCPOL 2016, Kunming, 2-6 December 2016, 275-287.
https://doi.org/10.1007/978-3-319-50496-4_23

Lin, H.Y., Lu, Y.J., Han, X.P. and Sun, L. (2018) Nugget Proposal Networks for Chinese Event Detection. Proceed-
ings of the 56th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), Melbourne,
July 2018, 1565-1574.

Banerjee, A., Merugu, S., Dhillon, I.S. and Ghosh, J. (2005) Clustering with Bregman Divergences. Journal of Ma-
chine Learning Research, 6, 1705-1749.

Ahn, D. (2006) The Stages of Event Extraction. Proceedings of the Workshop on Annotating and Reasoning about
Time and Events, Sydney, July 2006, 1-8. https://doi.org/10.3115/1629235.1629236

Ji, H. and Grishman, R. (2008) Refining Event Extraction through Cross-Document Inference. Proceedings of ACL-08:
HLT, Columbus, June 2008, 254-262.

Gupta, P. and Ji, H. (2009) Predicting Unknown Time Arguments Based on Cross-Event Propagation. Proceedings of
the ACL-1JCNLP 2009 Conference Short Papers, Suntec, August 2009, 369-372.
https://doi.org/10.3115/1667583.1667697

Liao, S.S. and Grishman, R. (2010) Using Document Level Cross-Event Inference to Improve Event Extraction. Pro-
ceedings of the 48th Annual Meeting of the Association for Computational Linguistics, Uppsala, 11-16 July 2010, 789-
797.

Hong, Y., Zhang, J.F., Ma, B., Yao, J.M., Zhou, G.D. and Zhu, Q.M. (2011) Using Cross-Entity Inference to Improve
Event Extraction. In: Proceedings of the 49th Annual Meeting of the Association for Computational Linguistics: Hu-
man Language Technologies, Association for Computational Linguistics, Stroudsburg, 1127-1136.

Li, Q., Ji, H. and Huang, L. (2013) Joint Event Extraction via Structured Prediction with Global Features. Proceedings
of the 51st Annual Meeting of the Association for Computational Linguistics, Volume 1: Long Papers, 73-82.

Liu, S.L., Liu, K., He, S.Z. and Zhao, J. (2016) A Probabilistic Soft Logic Based Approach to Exploiting Latent and
Global Information in Event Classification. The Thirtieth AAAI Conference on Artificial Intelligence, Phoenix, 12-17
February 2016.

Srivastava, N., Hinton, G., Krizhevsky, A., Sutskever, I. and Salakhutdinov, R. (2014) Dropout: A Simple Way to
Prevent Neural Networks from Overfitting. The Journal of Machine Learning Research, 15, 1929-1958.

Nguyen, H.T. and Grishman, R. (2015) Event Detection and Domain Adaptation with Convolutional Neural Networks.
The 53rd Annual Meeting of the Association for Computational Linguistics, Beijing, 26-31 July 2015.
https://doi.org/10.3115/v1/P15-2060

Nguyen, H.T. and Grishman, R. (2016) Modeling Skip-Grams for Event Detection with Convolutional Neural Net-

works. The 2016 Conference on Empirical Methods in Natural Language Processing, Austin, 1-5 November 2016.
https://doi.org/10.18653/v1/D16-1085

Liu, S.L., Chen, Y.B., Liu, K. and Zhao, J. (2017) Exploiting Argument Information to Improve Event Detection via
Supervised Attention Mechanisms. The 55th Annual Meeting of the Association for Computational Linguistics, Van-
couver, 30 July-4 August 2017.

Mikolov, T., Chen, K., Corrado, G. and Dean, J. (2013) Efficient Estimation of Word Representations in VVector Space.
Kingma, D.P. and Ba, J. (2014) Adam: A Method for Stochastic Optimization. arXiv preprintarXiv:1412.6980.

Lin, H.Y., Lu, Y.J., Han, X.P. and Sun, L. (2018) Nugget Proposal Networks for Chinese Event Detection. arXiv pre-
print arXiv:1805.00249.

Feng, X.C., Qin, B. and Liu, T. (2018) A Language-Independent Neural Network for Event Detection. Science China
Information Sciences, 61, Article ID: 092106. https://doi.org/10.1007/s11432-017-9359-x

DOI: 10.12677/csa.2021.114095 927 H LR 15


https://doi.org/10.12677/csa.2021.114095
https://doi.org/10.3115/1620853.1620910
https://doi.org/10.3115/v1/P15-1017
https://doi.org/10.1007/978-3-319-50496-4_23
https://doi.org/10.3115/1629235.1629236
https://doi.org/10.3115/1667583.1667697
https://doi.org/10.3115/v1/P15-2060
https://doi.org/10.18653/v1/D16-1085
https://doi.org/10.1007/s11432-017-9359-x

	基于字符词组特征与原型网络融合训练的事件分类
	摘  要
	关键词
	Event Classification Based on Fusion Training of Character Phrase Features and Prototype Network
	Abstract
	Keywords
	1. 引言
	2. 相关工作
	2.1. 事件检测
	2.2. 近邻成分分析算法(NCA算法)

	3. 本文方法
	3.1. 分层表示学习
	3.2. 触发感知特征提取器
	3.3. 原型网络分类

	4. 实验
	4.1. 数据集与实验设置
	4.1.1. 数据集
	4.1.2. 评估标准
	4.1.3. 超级参数设置

	4.2. 结果

	5. 结论
	致  谢
	参考文献

