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Abstract

Human intelligence seems to process external environ-
ment adequately. In other words, human beings can deal
with the dilemma between regularity and specialty. In the
area in machine learning, there exist many algorithm pro-
posed so far, in order to deal with data complexity. Here,
we tried to model this kind of optimization problem in
order both to learn generalization and special events in
life. Contribution of emotional system, such as Amygdala
in limbic system, was implemented as coeflicients corre-
sponded to each life event. It could also be regarded as
regularization parameters in Ridge regression. Although
these parameters might introduce ill-posed problem, it
would be worth considering as the first step to an exten-
sion toward a human valuable optimization or decision
processes.
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