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Multilingual Event Detection Based on Cross-level and Multi-view Features Fusion

ZHANG Zhiyuan,ZHANG Weiyan, SONG Yuqiu and RUAN Tong

School of Information Science and Engineering, East China University of Science and Technology.Shanghai 200237 ,China
Abstract The goal of the multilingual event detection task is to organize a collection of news documents in multiple languages in-
to different key events,where each event can include news documents in different languages. This task facilitates various down-
stream task applications,such as multilingual knowledge graph construction, event reasoning, information retrieval, etc. At pre-
sent,multilingual event detection is mainly divided into two methods: translation first and then event detection, and single lan-
guage detection first and then alignment across multiple languages. The former relies on the effect of translation while the latter
requires a separate training model for each language. To this end, this paper proposes a multilingual event detection method based
on cross-level multi-view feature fusion, which performs end-to-end multilingual event detection tasks. This method uses the
multi-view features of documents from different levels to obtain high reliability. It improves the generalization performance of
low-resource language event detection. Experiments on a news dataset with a mixture of nine languages show that the proposed
method improves the BCubed F1 value by 4. 63%.
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Multilingual pre-training model, Multilingual event detection, News documents clustering, Weighted similarity, Incre-

mental clustering
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Fig. 2 Multilingual synonymous entity set
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Table 1  Details of experiment datasets
Language en es de zh ru it fr sl hr
Documents 12233 4527 4032 10 - - - - -
Train
Key events 593 416 377 1 - - — - -
Documents 8726 2177 2101 440 231 88 61 37 13
Test

Key events 222 149

118 9 1 2 2 3 2
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Table 2 Experimental environment configuration

BE A
GPU RTX 3090
HREEST Python3. 8

REFIELE Pytorchl. 8.1

3 HMSHE

Table 3 Hyperparameters setting
5 H 8
Mbert b U & 4 & 768
Mbert £ b % Adam
Mbert = 3] % 2X107°
Mbert 4 4 3# K /)N 8
FHREEEAR K REER 2
it ] B A L u 0
B E B A E W o 3
T A L JE AR B A o 0.4
T KA DL FE R AE W B e B 0.4
e ATAR B A B EY Y 0.2
B LI B M AL TE R T O 0.3
mae W % 2 B 5 W% T H 2 % 100

5.1.5 EEBAZRL5 S
ELEARME 4 A,

Table 4 Main experiment results

Key Event B-Cubed Metrics

Method

Count P/% R/% F1/%

K-Means 394 61.45 58.93 60. 06
SinglePass 455 71.38 71.51 71. 44
Miranda %7 587 89. 28 73.87 80. 86
Linger % [8] 606 80. 25 83.97 82.06
CMFF-MED;; 385 32.23 41.60 36.32
CMFF-MED.,, 805 89.91 74, 81 81.67
CMFF-MED,, | 4 759 89. 94 74,97 81.78
CMFF-MED,, 763 91. 46 77. 46 83. 88
CMFF-MED, 708 91.75 77.54 84.05
CMFF-MED,, + ¢ 785 84.85 87.14 85.98
CMFF-MED,, + o 1 731 94.75 79. 89 86. 69

4 /T LUFE B A SCH H 2 9 FR AR ) CMFF-MED
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Fig.5 Weight analysis experiment 1
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Fig. 6 Weight analysis experiment 2
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Table 5 Generalization analysis experiment

Language Key Event B-Cubed Metrics
Count P/% R/% F1/%
English 389 93.93 93.01 93.47
Spanish 284 94. 46 88. 31 91.28
German 191 96. 17 91.96 94.02
Chinese 17 98. 77 94.22 96. 44
Russian 1 100. 00 100. 00 100. 00
ITtalian 3 97.81 98. 82 98. 31
French 3 99.63 98. 04 98. 83
Slovenian 8 87.36 76.76 82.15
Croatian 4 89. 94 71.80 79. 85
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5.2.3 HEEMIERE

A SCHEE T P M (Decision Tree, DT) 40 26 %% . B HL S
J¥ F [ (Stochastic Gradient Descent,SGD) 4r2%% (K 3T 4% (K
Nearest Neighbors)7r 25 %% . H i&i b 3 5% ( Adaptive Boosting,
AdaBoost) 43 25 #% . 32 #F In] 1 Hl (Support Vector Machine.,
SVMD) 432485 LA Ko 4 % $ 1 28 I 2% 3 2 485 1 hy S B < 1 1R
LB g 19 205 5 AR INBOR 45 R 3R 6 fT 31,

RO rEEX LR

Table 6 Classifier comparison experiment

Language Key Event B-Cubed Metrics
Count P/% R/% F1/%
DT 568 71.38 84.94 77.57
SGD 656 84.62 76.73 80. 48
KNN 684 84.55 79.41 81.90
AdaBoost 781 93. 89 76.36 84.22
SVMiincar 793 91.56 76. 94 83.61
SVM,¢ 822 91.03 74.82 82.13
SVMP‘,I}, 834 78.95 65.96 71.87
FNN 731 94.75 79.89 86. 69
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