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Robust control of autonomous systems based on the

linearly solvable Markov Game*

Ken Kinjo

Abstract

Optimal control and robust control are the methods to obtain a control policy for
an autonomous system, such as a robot, to act appropriately in adapting to surround-
ing environment. A control policy is derived by solving the Hamilton-Jacobi-Bellman
(HJB) equation for optimal control and the Hamilton-Jacobi-Isaacs (HJI) equation for
robust control, respectively. However, it is generally difficult to solve those equations
analytically because they are nonlinear partial differential equations. A class of prob-
lem called Linearly solvable Markov Decision Process (LMDP), in which the HIB
equation can be converted to a linear differential equation, was proposed and it was
extended to a class called Linearly solvable Markov Game (LMG) to make the HJI
equation linear. This linearization allows us to solve a certain class of nonlinear control
problems efficiently. Previous studies on LMDP and LMG assumed that the environ-
mental dynamics are given. However, a robot is often required to construct the model
of the environmental dynamics through interaction with the environment. Moreover,
the LMDP and LMG have been evaluated only in low dimensional problems, and there
are only few applications to real systems.

In this research, to test the applicability of the LMDP and LMG to real systems, we
investigate how the approximation error of the model affects the performance of the

obtained control policy. First, we propose a framework which integrates LMDP and a

*Doctoral Dissertation, Department of Information Systems, Graduate School of Information
Science, Nara Institute of Science and Technology, NAIST-IS-DD1161005, March 13, 2014.
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module which learns the environmental model. Through the experiments of visually-
guided navigation task using a wheeled-type mobile robot, we investigate how the
approximation error of the environmental model affects the learning process of LMDP
and show the proposed method is effective to the real system. Next, to clarify the
relationship between the approximation error and the parameter which moderates the
strength of the permissible disturbance, we conduct simulations using a grid-world
task and a swing-up pendulum task under a variety of training and test environments
and investigate the differences of the performances among the simulation conditions.
The results show LMG gives a robust control policy in the discrete state problems such
as the grid-world task when the above parameter is maximum, which means the worst
disturbance is considered. On the other hand, we find that the parameter should be set
appropriately to get a robust control policy in the continuous state problems such as

the pendulum task.
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16 I Contol cost | |

Total cost
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qg(x):a<1—exp (— (x —x,)" 3L (x—xg))), (2.28)
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Input: The date set of state, Dy .

Output: The set of initial center positions, M,,;;
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while D, # () do
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Dy + Xp —{x}
if Vi fi(x;m;) <7 or M,;; = () then
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end if
end while

return M;,;;
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