5458 12 D2 M- N 1 M = A < Vol. 45 No. 12
S4E 12 A COMPUTER SCIENCE Dec. 2018

BTl & 9875 )RR Twitter 455 BB R
#

FOHEXE FHER E=ERFE
(bxEmEMRAFHENFER L2 10019D' (FEHFREZFRZFELEFARF L A 100142)°

W E MAMAIEAOEARS ST e TRAEIATFHHBLEGERXRACARYI A RFEREORHR, &%
FEF LB BT, FZMNLP T Ao foif B F KA F 5 0935 UL, X AF o XARAIRAH) T AR A9 47 Rk, @y B
RGFHTREEE, ATHRERHR . RBET —AHNANETFHMAAREBTREL L T BT E, AF B &
AP FEFGERE LR, G A AN REKEEITICREAR (BrLSTM) 32 B 42 SR # 4] T 28 35 SUH A F 3 48 36 38 2035 5L
AR ok B RS TR LS R —ANE T EH MR A6 3T R AR G FRE AT AR AR
RE,ZFTHRAFDEZAKHEABHAN BB, RE . BIREALFEB R —ASEESRTAMERX £,
KA AE LR Gk, A T Twitter 2 3BARET — A 09 # # £ EventCoreOnTweets(ECT), ZHh 2R 2, 5B AL A
AR AR AR R B AR BRI T A AN AR,

KEEIFE FHEBEM. ALK, WG KRR A Z W%

hEESES TP391 XEkARIRAD A DOI 10.11896/j. issn. 1002-137X. 2018. 12. 020

Selective Expression Approach Based on Event Trigger for Event Coreference Resolution on Twitter
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Abstract With the development and popularization of social media, how to recognize the coreference relation between
two event mention in short texts is an urgent issue. In traditional researches about event coreference resolution.a rich
set of linguistic features derived from pre-existing NLP tools and various knowledge bases is required, which restricts
domain scalability and leads to the propagation of errors. To overcome these limitations, this paper proposed a novel se-
lective expression approach based on event trigger to explore the coreference relationship on Twitter. Firstly,a bi-direc-
tion long short term memory (Bi-LSTM) is exploited to extract the features at sentence level and at mention level.
Then, the latent features are generated by applying a gate on sentence level features to make it selectively express.
Next, two auxiliary features named the overlapped words of trigger and time interval are designed. Finally,all these fea-
tures are concatenated and fed into a simple classifier to predict the coreference relationship. In order to evaluate this
method. this paper annotated a new dataset EventCoreOnTweet (ECT). The experimental results demonstrate that the
selective expression approach significantly improves the performance of coreference resolution of short texts.

Keywords Event coreference resolution, Short text,Bi-direction long short-term memory, Neural networks
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Fig. 2 Judgement of the coreferential decision of two event mentions
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lary”“presidential election”) # i iE#E ¢, M TARiEHIEE
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R FATT A TR IR L SRR S A 3X 20 AR FATT I R AT
TG UE L ARG 14330 FKHESC. 2R 0 U A 0 A e 4 i
FTRR e o FR AT SRR 10 35 ) T 4 SR 75 4 B — AR 5 4R
S5 5 X T B B S I A S, BT S A A 0 9 S B R
R0 7 il & 1) R0 48 R 51, A Cohen’ s Kappa &
BO o M R AR TR B 2 TR — Bk . X R ) R A A R —
HARSE M, AR EHIXR T 0. 78 B Cohen’s Kappa £ %
(B s B X5 0 b 1) AR AR R 51 AR EE IR E T 0. 84 /1 Co-
hen’s Kappa ZEUMH . FATHELEAR T 78 & — B0 2994 F4f 3¢
VBl % S PR AETE B E (Corpus of Event Coreference on Twit-
ter, ECT) . ECT WrBHRIIGEIHFH BNk 1 prsil.

# 1 ECT HB4EE g4 R

Table 1  Statistical results of ECT dataset
Data Total
Tweet 2994
Event 1112
Event mention 3879

5.2 BEERSRE

FRATZ 25 D SCRY v 3 T 2 PR 0 A = 3 A R A B T
R AR T Twitter SCAS B 5 1 2L 48 T M 15 55 AU REAC 42
CULPE 3>, $52 MR [T 2 A0 K00 2 b B8 2 1 0 6 A
AR A T AR 2 A GE W R Ak SO R — X
(pair) . U0, AW S E DB 8 7 K, HET S0 18 & 4
T JH i 0] 55 HC G A 0 408 255 < 0 4 3 an 20 2 AR R LU .

XA {7 A ) ALRS AN 3 BT R .

L M= (my omy smy s eeomyy ) .sorted by time
2. Pn<0

3.for i=1,+,|M,| do

4. forj=i,,IM,| do

5. if Days(m, .mj)<Windows then

6. Py~ (m;,my)

7.return P
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Fig. 3 Generation of pair examples
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D https://dev. twitter. com/docs/streaming-api
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3 https://github. com/tensorflow/tensorflow
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E A 0 B
T 1 T 42 0 B
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CoNLL” 45 th 7 H T ¥F W 3t 5 5 3 09 31 43 4% (scorer) .
it 28 4B MUCEY, BPEY, BLANCES , CEAFeR™ #1
CoNLLP* {f , Hith CoNLL {8 /& MUC F, ,B* F, #1 CEAFe F,
-3 1E
5.4 EIGEE

i Ffl TensorFlow® HEZE v1. 2 e 52 B T 32 4% 18,5 %% 1 48
ECT 4% 9 : 1 WY Lh il 4 4 TF & 4 (Dev) AN 4 (Tesv) , 2R J7
HE—B W TF R R4 9+ 1 1Y AR 43 S DI 25 4E (Train) #1563 48
(Valid), % 2 Z0ih 74 BB E MG ITHE B

F2 A ECT MRS B

Table 2 Statistical results of splitting ECT dataset

Data Train Vali Test Total
Tweet 2425 269 300 2994
Event — — — 1112
Event mention 3157 346 376 3879

SR JH T 4> B R A AR ke G 38 A SC T 4R 07 15, — A R T HR AR
BB 8 60T 1 B LR R AE s 55 — AT
Krause [ R4 . (0 FiZ R G0, AT MM — L b2 B K
PLIE B Twitter 3CAC, IR SCHE Y pairwise FFAE H A BR T
PIF 3 AMRHE : D FA R A E S — 862 F M modality 28—
#;3) 4617 (Antecedent) J& & J& SCAY I 885 — A1 F, B D X
SERHIE AN G T RATE B & . S, Tweet & 7 09 B [1]
E] B Vo 4 WA~ ] - 22 TR Y RS 8 2B 0 S B0 AR ) )
B A B e g A8 A fi 2 AR) o R TR R] 9 A B B R AE 1 £
PR 2 K0 5 TR SCAH A

AR EAR AN RAERF SRR T Z R LR, IE
JEIR A LB A R . K 3 L T A SCHAT R BT A S
WS HOE .

#3 SHkHE

Table 3 Setting of parameters

5 [

rnn size 128

batch size 128

decay rate 0.9
learning rate 0.01
attention size 128
word embedding size 100

distance embedding size 14

5.5 SLWHER
4P 1 ATAIGE 2 4T WOR T AR SCHE AR A Y S 56 5
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SE AT /Y 2 45 Rl & ) 4% (Convolutional Neural Net-
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TR R BE 1] L R AL R R FR A A 2 i S R R
PRFHE AR ; “ G & “ Selective Gate” 4R , 18 (i FiI 1k £8 4
[TZ5 48 5« A7 Attention Mechanism” 485 . $8ffi H T 1 =
FIALH;“L7 R “Local Features” 455 .38 T /&R 4F .

F4 BRI RAAE ECT LS gs

Table 4 Experimental results of model and datum experiment on ECT

BT %)
Approsch BLANC BCUB CEAFe MUC CoNLL
P R F1 P R F1 P R F1 P R F1

CNN 54.4 65.3 52.8 33.3 77.7 45.5 65.9 26.2 33.2 53.4 72.7 61.1 46.6
RNN 59.2 72.7 62.4 44. 8 81.1 57.7 68.1 33.0 44.5 57.7 82.0 67.7 56. 6
RNN+G 72.6 79.0 75.3 62.2 76. 1 68. 4 64.2 50.3 56. 4 60. 4 70.7 65. 2 63.3
RNN+A 64.3 70. 1 66.6 55.7 75.6 64. 1 71.6 51.1 59.6 61.1 75.1 67. 4 63.7
RNN+L 66.2 71.2 68. 2 55.4 75.5 63.9 74.4 51.4 60. 8 60.5 75.6 67.2 64.0
RNN-+G+ A 65.9 87.7 1.70 58.9 85.5 69.1 73.7 51.7 60. 8 66. 1 82.0 73.2 67.7
RNN+GH+L 69.7 73.3 71.3 59.4 75.8 66.6 68.9 51.2 58.8 61.5 74.1 67.3 64.2
RNN-+A+L 72.8 73.2 73.0 64.0 77.7 70. 2 75.8 56.3 64.6 64.8 78.0 70. 8 68.5
RNN+G+A+L  68.4 85.1 73.7 60.7 85. 4 71.0 78.2 55. 4 64.8 68.0 83.9 75.1 70.3

A3 RNN #7 H CNN #5778 BLANC F1 & T
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