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A Study on a Correlation between a Predictive Model of Motion Pictures
Imitating the Predictive Coding of the Cerebral Cortex and Brain Activity
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Great strides have been made in studying deep learning architectures. In addition, developing machine learning
modules imitating each organ in human brain has been actively studied as an approach to an artificial general
intelligence. Here we explore a correlation between internal representations in a predictive neural network which is
inspired by the concept of predictive coding from the neuroscience literature and brain activity evoked by natural

movies.
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