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Generating Descriptions for Brain Activity caused by Visual Stimulus with Deep Learning
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The quantitative analysis of human brain activity based on language representation such as the semantic cate-
gories of words has been actively studied in the field of brain and neuroscience. Our study aims to generate natural
language descriptions, instead of words, to human brain activation patterns caused by visual stimulus by employing
deep learning method, which has gained more interest as an effective approach of automatically describing natural
language expressions for various multi-modal information like images. We employ an image captioning system
based on a deep learning framework as the basis for our method by learning the relationship between the brain
activity data and the features of an intermediate layer of the deep neural network. We carried out three experiments
and could generate natural language sentences which enable us to quantitatively interpret brain activity.
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