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Abstract: Metaphor has the purpose of inspiring understanding and persuading others. At present, metaphor
presents the trend of multimodal integration of text, image, and video. Therefore, identifying the metaphorical
semantics contained in multimodal contents is of research value for Internet content security.. Due to the lack of
multimodal metaphor data sets, it is difficult for scholars to build research models and pay more attention to
text-based metaphor detection. To overcome this shortcoming, we first generate a new multimodal metaphor
dataset MDEI from the perspectives of image-text, metaphor appearance, emotion expression, and author intention.
Then, Kappa scores were used to assess the consistency among the annotators of the dataset. Finally, a multimodal
metaphor detection model is constructed to verify the quality and value of the multimodal data set by combining
image attribute features, image entity features, and text features with the help of a pre-training model and attention
mechanism. The experimental results show that the MDEI can improve the effectiveness of metaphor model
detection, and confirm that the interrelationship of multimodal information is helpful for understanding metaphor.

Key words: Content security; multimodal metaphor detection; external knowledge; multi-modal
dataset; attention mechanism.
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Tablel Statistical Information of the MDEI Dataset

Training Valid Test
Metaphor 13687 1390 1289
Non-metaphor 12907 1303 1291

All 26594 2693 2580
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Fig.2 Samples of the multi-modal metaphor category
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Fig.3. Evaluation model based on attention mechanism
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Table 3 Hyperparameter

Hyper-parameters Value
LSTM hidden size 256
Batch size 64
Learning rate 0.0001
Gradient Clipping 5
Early stop patience 5
ResNet FC size 512
LSTM dropout rate 0.2

Classification layer 12 parameters le -7
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Table 5 Comparison results of the dataset
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