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Noise Event Classification Model Based on Multimodal Attention

WU He-xiang, WANG Zhong-qing and LI Pei-feng

School of Computer Science and Technology,Soochow University,Suzhou, Jiangsu 215006, China
Abstract Social media is nowadays one of the main channels for people to obtain news and learn about real-time events due to its
low costseasy access and rapid dissemination. Social media provides a variety of modal information including text and images for
analyzing specific events, which contains abundant irrelevant events and false information. To this end, this paper combines the
text-image pairs to determine whether the text and image provide information related to specific events,so as to find out irrelevant
noise events from the sentence-level of the text. Motivated by the observation that the description in the text is often associated
with the scene in the corresponding image, this paper proposes a method of combining text and image information to classify
events based on attention mechanism.which can effectively attend to the important information in text and image and promote in-
formation interaction in different modalities. Experimental results on CrisisMMD show that our model outperforms six strong
baselines.and it can effectively fuse features of different modality to obtain a superior joint representation.

Keywords Attention mechanism, Multimodal fusion, Noise event classification
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Table 1  Categories and data split for Informative task of CrisisMMD
. Train(70%) Dev(15%) Test(15%) Total
Categories
Text Image Text Image Text Image Text Image
Informative 5546 6345 1056 1056 1030 1030 7632 8431
Not informative 2747 3256 517 517 504 504 3768 4277
Total 8293 9601 1573 1573 1534 1534 11400 12708
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Table 2 Experiment results of event classification

The Informative task

Modality Model

P R F1

KimCNN 82.2  82.3  82.2

Text LSTM 83.2  82.1  83.1

BERT 85.8  85.8  85.8

Image VGG16 82.6 82.9 82.6

KimCNN-VGG162) 83.8  84.1  83.8

LSTM-VGG16 84.5  84.6  84.5

BERT-VGG16gneat 89.4  89.5  89.4

_ BERT-VGG16 yeighted 89.7  89.7  89.7
Multimodal

MMBT?H 85.7  85.4  85.5

Oscar-*?! 89.9  90.0  89.9

NECMA pyraliel 90.7  90.7  90.7

NECMA jermate 9.0  91.1  91.0
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Fig. 4 Examples of classification results with different fusion methods
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