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Abstract

Deep learning has achieved excellent results in the field of single-modal applications due to its pow-
erful learning ability. However, single-modal deep learning cannot learn the complete information
of a phenomenon. In order to alleviate this problem, multimodal deep learning has been proposed
and received widespread attention. Multimodal deep learning aims to build models that can correlate
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multiple modal information. This paper first introduces multi-modal deep learning technology and
multi-modal decision-level fusion. Then, the decision-making algorithm in multi-modal decision-
level fusion is introduced in detail, and the application status of decision-making algorithm in multi-
modal deep learning is introduced. Finally, the multi-modal decision-level fusion is summarized
and prospected.
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Figure 1. Multimodal fusion
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Figure 2. Bayesian inference fusion process
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Figure 5. Tree structure model
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Figure 6. Random forest algorithm
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