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Quadruplet Metric Loss Based on Multimodal Variational Auto-Encoder
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Abstract: Because of the heterogeneity and coupling of multimodal data,it is difficult to model multimodal data. At
present, an important research direction of multimodal data modeling is the multimodal depth probability generative model
based on the framework of variational auto-encoder. However, the existing research has no explicit constraints on the shared
information between different modal data, which makes the multimodal data sharing and private information can not be ef-
fectively decoupled and represented, thus resulting in inaccurate data extraction and unclear image generative quality. Based
on the research idea of decoupling representation of shared and private information, in this article we propose a quadruplet
metric loss based multimodal variational auto-encoder (Q-MVAE) , introduce quadruplet metric loss, explicitly constrain the
extraction and alignment of shared information in the hidden space, and make the model learn better decoupling representa-
tion. Relevant qualitative and quantitative experiments show that the data representation and generative performance of the
proposed model on MNIST-SVHN multimodal data set is better than that of the comparison models. At the same time, the
experiment verifies that the model can also be used for downstream tasks such as multimodal data classification. Moreover,
the model also shows the potential of generating decoupled representations of private information such as image style.
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Fig.3 Cross generative results

Tab. 1 Experiment results of data cross generative accuracy
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Fig.4 Translation generative experimental results
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Tab.2 Experiments of multimodal data classification ac-

curacy
B4R HER/%
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MVAE!™! 79.8+3.8 65.1+4.6 80.2+3.6
MMVAE!" 91.3+0.4 68.0 0.6 N/A
DMVAE!™! 95.0 0.6 79.9 + 1.4 92.9+1.8
Q-MVAE 98.3+0.1 80.2 % 0.2 97.9+0.1
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