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Abstract Event factuality represents the factual nature of events in texts,it describes whether an event is a fact,a possibility,or
an impossible situation. Event factuality identification is the basis of many relative tasks,such as question-answer system and dis-
course understanding. However,most of the current researches of event factuality identification focus on the sentences level,and
only a few aim at the document-level. Therefore, this paper proposed an approach of document-level event factuality identification
(DEFD with gated convolution network. It first uses gated convolution network to capture both the semantic information and the
syntactic information from event sentences and syntactic path,and then uses the self-attention layer to capture the feature repre-
sentation of the overall information that is more important for each sequence itself. Finally,it uses the above information to identi-
fy the document-level event factuality. Experimental results on both the Chinese and English corpus show that the proposed DEFI
outperforms the baselines both on macro-F1 and micro-F1. In Chinese and English corpus,the macro-average F1 value increased
by 2.3% and 4. 4% , while the micro-average F1 value increased by 2. 0% and 2. 8% , respectively. The training speed of this

method is also increased by three times.

Keywords Discourse understanding, Event factuality identification, Gated convolution network
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Table 1 Distribution statistics of corpus
Chinese English
CT— 1342/28.8% 279/16.13%
PS+ 848/18.24% 274/15.84%
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H A (Uut+PS—) 57/1.22% 27/1.56%
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Table 2 Micro-average and macro-average results

Micro-ave Macro-ave

P R F1 P R F1

Language System

Qian™*!  83.86  84.19 84.03 82.70  80.92  81.64
DEFI 85.65  86.41 86.03  83.80  84.08  83.93

Chinese

Qian'")  83.56  83.56 83.56 77.62 75.76  76.28

English
DEFI 85.71 87.03 86.37 82.13 80.70  80.74

R3OBRRNN I LR

Table 3 Experimental results for each category
CT— PS+ CT+
Language System
P R F1 R F1 P R F1
. Qian 83.68 83.17 83.35 79.05 69. 74 74.06 85. 36 89. 86 87.52
Chinese

DEFI 86.59  84.20  85.38

76.49 77.12 76.81 88.32  90.93  89.60

Qian 77.21  77.78  76.87

English
DEFI 79.75 82.45 80. 28

66. 89 58.46  62.14 88.76  91.04  89.84
77.33 66. 41 70.76  89.32  93.24 91.19
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Table 4 Proportion of Chinese misclassified samples

BT 2 %)
Label CT— PS+ CT+
CT— — 4.9 10.7
PS+ 7.1 — 15.7
CT+ 4.2 4.8 -
5 PESCIRGF SR AT i LA
Table 5 Proportion of English misclassified samples
(AL )
Label CT— PS+ CT+
CT— — 2.2 15.8
PS+ 7.3 — 26.2
CT+ 3.0 3.8 -
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