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Abstract Event temporal relation extraction is an important natural language understanding task,
which can be widely used in downstream tasks such as construction of knowledge graph, question
answering system and narrative generation. Existing event temporal relation extraction methods often
treat the task as a sentence-level event pair classification problem, and solve it by some classification
model. However, based on limited local sentence information, the accuracy of the extraction of
temporal relations among events is low and the global consistency of the temporal relations cannot be
guaranteed. For this problem, this paper proposes a document-level event temporal relation extraction
with context information, which uses the neural network model based on Bi-LLSTM (bidirectional long
short-term memory) to learn the temporal relation expressions of event pairs, and then uses the self-
attention mechanism to combine the information of other event pairs in the context, to obtain a better
event temporal relation expression for temporal relation classification. At last, that event temporal
relation expression with context information will improve the global event temporal relation extraction
by enhancing temporal relation classification of all event pairs in the document. Experiments on TB-
Dense (timebank dense) dataset and MATRES (multi-axis temporal relations for start-points) dataset

show that this method can achieve better results than the latest sentence-level methods.

Key words event temporal relation extraction; temporal relation classification; event relation

identification; self-attention; bidirectional long short-term memory (Bi-LSTM)
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Fig. 1 An sample of event temporal relation extraction
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Fig. 2 Context information enhanced event temporal relation extraction model
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Fig. 3 Temporal relation coding module

B3 IR AR g A R

25 38 F A XS B A 1 ) O] DL By 1 44
%ﬁﬁﬁﬂg 2 /l\/lﬂ?) 9%‘%%?‘7 tk - (tkl s °°°
Lijseest) s o b 7R 20) - 2 SCEE 5 4R Xk

slpio®""y

B G BIER B AR ot R 2 R SR R A 3.
TSR Sl R B 2 4 i) BERT A5 AL 3 5
TS I TR A v, 15 B8] T 1 ) iR OR sent il
F BERT iH5 3 i A B9 H A28 T8 130
KB 1) 1] i e, (AT 5 S A B R B AT b 2 2] 5
X I 96 2R R A WU 26 BERT B F it
B 1) NS SR A I kL IR AN £ 5 i
A A I ZRdfE B2 OB Ak o 72 R
sent, = (v, sV s vy ) =Embedding gerr (t,). (3)
5 A FAF X T AE ) F sent, 3 Bi-LSTM
B, 0] LS B0 ) KB BROECIR S P A H, =
(Ryysvorshy oo shy oo by ) B 2 DAL E G
1 AH X R Y B ROIR 25 ks R By, HR IR R OR L 15 3 g
XY A F R P R R M RIR S, = (hyshy). L
W #E el B ik
(hyyshyysershy ) shy =Bi LSTM (sent, h,,)
€Y)



T ORERE LT OSUE B AR YR S R O ik

2479

FLH L, S o IE 16 2B 1 B, R [ 2 16 Jik, 3
ST B Ry = (s ) o TS, = Chi s B s By s
Ty ) JE S PE B BiELSTM 19 5 X1 1 B2 i i
AT LS 3 25 4 B R SC A5 8 1 S5 1 % 1 B 56 R
FIR.

B o1 AV F T B4 2 A ot TR o A
BBt X 1 AT A TT RS H 2 AN T P 1)
TR AR R 0 N R A
2.3 B4 ETiEEELR

7SO 56 28 G T A e 15 0 1 4 A S fr
TR T 5 R R A B T SR R
BB A B 1R S0 K0 1 T X I G R R
AR 4 FR

I, I, I,
tention |

| Self-Attention . l Self-Atf

Fig. 4 Context enhancement module for event pairs
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