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Optimization by Chaotic Simulated Annealing

We developed a neural network model with transient chaos, which can achieve the
global search for combinatorial optimization problems. Chaotic dynamics of our
neural network is temporarily generated for searching and self-organizing, and
eventually vanishes with the autonomous decrease, and thus it gradually approaches a
dynamical structure similar to the conventional neural network models. It is expected
to be applied to various areas for learning and optimization.
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Application of machine learning methods in fragment selection and contact
prediction

Machine learning techniques have been extensively used to facilitate the protein
structure prediction nowadays. In this work, | will introduce our application of
machine learning methods in improving the fragment selection and contact prediction,
both of which will benefit the conformational sampling of protein structure prediction.
In the first aspect, we constructed machine-learning models to optimize the extraction
of near-native templates for fragments of 7-15 residues in the target protein. Fragment
templates collected using our method show significant improvement in the degree of
structural similarity to native ones over the other state-of-the-art methods and thus
could enhance the efficiency of structure prediction algorithms using the fragment
assembly protocol. In the second aspect, we developed a few machine-learning
models either to predict the native residue contacts or to further refine the accuracy of
a predicted residue contact map. Our methods show better or at least comparable
performance to the other state-of-the-art ones. The predicted native residue contacts
can be properly utilized in simulations to restrict the conformational space and thus to
improve sampling efficiency in practical protein structure prediction.
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Improving the Accuracy of Physics-based Atomistic Models for Proteins

Atomistic force fields constitute the underlying models for a variety of molecular
modeling and simulation methods, and improving their accuracy could enhance the
the explanatory and predictive power of these in silico techniques. In this talk, 1 will
present recent advances in developing more accurate protein force fields. | will
introduce new parametrization schemes that make full use of condensed phase
experimental data, using our recent development of the CHARMM36m protein force
field as an example. | will then illustrate the importance and the advantage of
explicitly incorporating polarizability into protein force fields, and present our efforts
in developing polarizable protein force fields using the Drude model as well as a
multiple and induced dipole model.
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Parallel evolving uninterpretable intelligence
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