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[Abstract] In the fragment molecular orbital (FMO) calculations, the inter-fragment
interaction energies (IFIES) are of the most useful quantity to grasp the nature of interactions
in the given system. However, when the number of sample structures grows (e.g. a hundred),
the manual analyses for IFIEs should become intractable. Thus, we have been developing the
machine learning assisted analyses on IFIEs with the MS Azure environment. Furthermore,
Google’s TensorFlow as a representative deep learning tool has been used to interpret the
IFIE-map which is a two-dimensional visualization of IFIE values. In this presentation, we
brief the workflows of these analyses and show several demonstrative examples.
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