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Abstract Classifying temporal relation between events is a significant subsequent study of event extraction. With the
development of deep learning, neural network plays a vital role in the task of event temporal relation classification.
However,it remains a major challenge for conventional RNNs or CNNs to handle structural information and capture
long distance dependence relations. To address this issue, this paper proposed a neural architecture for event temporal
relation classification based on self-attention mechanism,which can directly capture relationships between two arbitrary
tokens. The classification performance is improved significantly through combing this mechanism with nonlinear layers.

The contrast experiments on TimeBank-Dense and Richer Event Description datasets prove that the proposed method

outperforms most of the existing neural methods.
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Table 1 Relation type of TB-D and RED
TB-D RED
AFTER BEFORE
BEFORE CONTAINS
SIMULTANEOUS OVERLAP
INCLUDES BEGINS-ON
IS_INCLUDED ENDS-ON
VAGUE SIMULTANEOUS
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Table 2 Settings of hyperparameters

EloE-¥ 34 200

W M 50
REXFZHEEE 50
GRU # 70 A /b 230
CNN J& % 8 % 3
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Adam % ] % 103
AN 64
Epoch # 20

L2 &5 8 78 107°
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SERAEB] TR 2 W 45 07 1 5 36 N TR 9 R AR 5 00 Y O
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Table 3 F1 comparison with traditional feature-based

methods on TB-D dataset

Relation CAEVO  MIRZA  Self-At (RNN)  Self-At (CNN)
AFTER — 43.0 49.3 48.4
BEFORE - 47.1 51.8 50. 2

SIMULTANEOUS - - - -

INCLUDES — 4.9 9.0 8.6
IS_INCL - 25.0 31.2 28.3
VAGUEUDED — 61.3 63.0 62.8
Overall 49.4 51.9 54.5 53.8

TA0 AR AR R Lt F 2 5T b b NS ER 25 1T LU B
HLRNN ML CNN et g e 80 Lo BLfe g, RN g T
CNIN ZE 3 38 4] TR AE A 2 A2 rb X RE J AL 5 R 258 1 SRR AE L B
24 B SUE B F IR 5 CNN KRR A2, RNN #1iYid
TR YT H AR 8 50 4 % S AR B AR 0T FUE B, Wk o
L&A A REF A BAE S, M FEREE, BT SIMULTA-

NEOUS X Z LG EE T, R8ER Fik5mMa
I 2% T v 0 TC 1 IE R IR
4,.3.2 HEZEANHMN LB G YA

R T S UEAR B R A A T ML 5 AT B 6 R AR AT
S5 R R AR SCR B T 3 AN SRR, 34 BIFE TB-D Al
RED W #0484 b A7 505, 55 — MR Cheng % F
2017 4E4R H AL FRGETE LSTM 40 FEREAL 5 5 — AN 5
AR B HSR T RNN AL CNN 82 302 j 4%, 9 1%
AT BTERE TP . 3 A He A5 A R R foe K A B AR A
A I FVRERE 6 4 v A SR A R A B 3 L SRR R &R
YE RS AFRAE . X L S2 g 25 AR 4 fnk 5 T3],
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Table 4 Comparison on TB-D dataset

Relation LSTM GRU CNN  Self-At (GRU) = Self~At (CNN)
AFTER 44.0  43.7  43.0 49.3 48. 4
BEFORE 46.0  46.1  44.5 51.8 50.2

SIMULTANEOUS — - - - -

INCLUDES 2.5 4.5 3.0 9.0 8.6
IS_INCL. UDED 17.0 16.2 16.0 31.2 28.3
VAGUE 62.4 62.3 62.0 63.0 62.8
Overall 52.9 52.8 52.3 54.5 53.8

#5 7E RED R4 Fiyx) e

Table 5 Comparison on RED dataset

Relation LSTM GRU CNN  Self-At (GRU) = Self-At (CNN)
BEFORE 61.5 61.6 61.2 63.9 63.5
CONTAINS 55.5 55.2 55.0 60. 1 59.3
OVERLAP 32.6 32.5 32.6 34.4 34.0
BEGINS-ON 22.1 21.9 21.8 22.3 22.2
ENDS-ON 19.3 19.5 19.0 20.1 20.2

SIMULTANEOUS — — — — —

Overall 51.5 51.4 51.0 55.6 54.9

H5E . TB-D #1 RED PS84 48 19 SE 3 45 2R vh o] LU
G TEARGIA A EE I ALH B AL T . 3 T GRU ) RNN £
AT LIRS 5 LSTM AR M 158 38 30 (H 7R AL AL I 2580 )% 1
EREH . BolAAEE I Z 5, Sell-At(GRU) J5 i Al
Self-At(CNN) J7 3 H HUR ML= AR bk 2= A9 AR B,
PRITET A 3 5 AL B 9% A 2805 > JE 2 vk 2 0 11 ) 510 7
B HR B MO G R Wb TR Sl B b ] LU R E 2 B
SCH AR R . IR H L 23k SR I 51 5B AL BE B8 AN TR 1Y
FRFAE BRI WL MMEFER . LI TB-D B4k & b
By — A5

S2: Ms. Sanders was hit several times and was pro-
nounced dead at the scene.

S3:The other customers fled, and the police said it did
not appear that anyone else was injured.

Hodr T (dead s said) B H S P bR %8 8 AFTER., 2
T HLJZ LSTM/GRU/CNN (0 45 7 #6455 3% 0 000 Oy IN-
CLUDES M= VAGUE KR, i B 2 1 AL 9 51 Al
TH BRI FE X “ pronounced” “ police” 45 PA ja] 3 i AF £k 1 )2 4 1
Z 55 ) B 2R B DT A 4342 5 S0 22 1A Y
R SCER R B A B T SR R T O R

SEEIE ASCERM T Al AR WL R L R 2%
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