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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. To enhance the
generalization performance of our model developed in the previous year, molecular dynamics
simulations were performed on a total of 36,555 proteins from 16 species to build a training dataset.
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Arabidopsis 27,434 7,722 3,050
Nematode worm 19,694 11,852 1,927
C. albicans 5,974 3,452 817
Zebrafish 24,664 8,054 3,524
Dictyostelium 12,622 8,743 1,120
Fruit fly 13,458 8,303 1,313
E. coli 4,363 3,299 543
Soybean 55,799 17,393 5,761
Human 23,391 4,155 2,726
M. jannaschii 1,773 1,491 195
Mouse 21,615 3,257 2,751
Asian rice 43,649 23,739 3,945
Rat 21,270 4,123 2,905
Budding yeast 6,039 3,259 831
Fission yeast 5,128 3,035 577
Maize 39,299 14,772 4,570
Hi 326,172 126,649 36,555
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