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Cross-modal Understanding: A Survey
USHIKU Yoshitaka

In addition to the fact that deep learning has dramatically improved the accuracy of existing tasks with various
types of data, it is also worth noting that it has dramatically eased the barriers to mutual entry into neighboring
fields. Such barriers had arisen as a result of the construction of highly specialized pipelines for each problem.
For example, researchers and engineers specializing in image recognition would have had to learn their pipeline
for speech signal processing if they wanted to introduce a speech recognition module into their image recognition
system. These pipelines, which differ greatly in name and content, have been unified into Convolutional Neural
Network (CNN), Recurrent Neural Network (RNN), and more recently, Transformer. As a result, it has become
casier to understand the state-of-the-art pipelines in each other fields. Thus, research on cross-modal understand-
ing has made significant progress in which diverse data, such as images, speech signals, and natural language can
be traversed and understood simultaneously. In this article, the author outlines various tasks for understanding

data in such a cross-modal manner.
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