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To analyze the functions of proteins, molecular dynamics simulations are widely used to study the
dynamics of protein structures. However, molecular dynamics simulations have the drawback of
requiring significant computational resources, and even with the use of supercomputers, conducting
long and large-scale simulations can be time-consuming. In this project, we developed a deep neural
network that can mimic molecular dynamics simulations with high speed and accuracy. Through
validation using benchmark datasets, we demonstrated that our method can perform fast and accurate

simulations for any given protein.
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