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Development of new computational intelligence techniques fusing the optimization
techniques using nonlinear dynamics and the machine learning technologies for
the real applications
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Sequential Minimal Optimization

In this research, new computational intelligence techniques fusing the
optimization techniques using nonlinear dynamics and the machine learning technologies for the real
applications has been developed. Specifically, a fast solver for the network routing problems using
a redundant paths removing techniques and the sequential minimal optimization has been developed.
Applications of the optimization techniques using the nonlinear dynamics to the deep learning have
been investigated, and then, a new deep learning algorithm has been developed. A new Pareto solution

visualization method using the self-organizing maps and its derived method has been developed. A
new optimization techniques using the nonlinear dynamics without the parameter tuning and its
parallelization have been developed. Then, the computational intelligence techniques including the
developed methods in this research have been applied to the real problems; consequently, their
effectiveness have been confirmed.
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