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Multimodal knowledge graph embedding based on tensor decomposition

HU Yuqi's YANG Yizhong', ZHANG Qingyu’
(1. School of Microelectronics, Hefei University of Technology, Hefei 230601, China; 2. School of Computer Science and Information

Engineering, Hefei University of Technology, Hefei 230601, China)

Abstract: Due to the heterogeneity between different modal information, simple multimodal information fusion
methods cannot effectively capture the deep semantic information, which makes it difficult to assist the tensor
embedding of multimodal knowledge in low-dimensional continuous space. In order to explore an effective
method for optimal representation learning of visual modal information, this paper proposes a multimodal
knowledge representation learning model based on tensor decomposition, aiming to solve the problems of
multi-source knowledge fusion and multimodal knowledge embedding. The model first uses a multimodal data
filtering module to perform basic encoding on the visual information, and calculates the common similarity of
images to filter potential information interference. Then, the weights are set in the multimodal data fusion
module to fuse the information from different modalities to obtain the initialized multimodal knowledge
encoding. Finally, the multimodal knowledge encoding is embedded into a low-dimensional continuous
tensor space through the tensor decomposition principle in the multimodal knowledge embedding mod-
ule. The paper also designs a joint loss function based on the multi-prediction task to improve the
model training efficiency and knowledge embedding effect. The results of the link prediction experi-
ments show that the model exceeds the classical baseline model in several indexes, indicating that the
multimodal information can significantly improve the effect of knowledge representation through rea-

sonable data filtering, encoding and embedding methods.
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