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Abstract

Recently in the fields of stochastic optimal control (SOC) and reinforcemnet learning (RL), there have been a
great deal of research efforts for the problem of finding data-based sub-optimal control policies, The conven-
tional theory for finding optimal controllers via the value-function-based dynamic programming was estab-
lished for solving the stochastic optimal control problems with solid theoretical background. However, they
can be successfully applied only to extremely simple cases. Hence, the data-based modern approach, which
tries to find sub-optimal solutions utilizing relevant data such as the state-transition and reward signals in-
stead of rigorous mathematical analyses, is particularly attractive to practical applications, In this paper, we
consider a couple of methods combining the modern SOC strategies and approximate inference together with
machine-learning-based data treatment methods. Also, we apply the resultant methods to a variety of appli-
cation domains including financial engineering, and observe their performance.

Key Words : Data-driven methods. Stochastic optimal control, Approximate inference, Machine learning,

Financial engineering..
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Fig. 3. Distribution of final payoff when the proposed
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