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Supervisory Control of Discrete Event Systems

based on a Reinforcement Learning*

Tatsushi YAMASAKIT and Toshimitsu UsHIO!

This paper proposes a synthesis method of a supervisor based on a reinforcement learning. In
discrete event systems, a supervisor controls disabling of controllable events to satisfy control speci-
fications given by formal languages. However a precise description of the specifications is needed to
construct the supervisor. In the proposed method, the specifications are given by rewards, and the
optimal supervisor is derived under uncertain environments by considering rewards for occurrence
of events and control patterns through learning. By computer simulation, we examine an efficiency

of the proposed method.
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DES

Fig. 1 The Discrete Event System (DES) controlled by
the supervisor
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Fig. 2 The Discrete Event System (DES) controlled by

the learning supervisor
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1. Initialize T'(z,0),R1(z,7) , and n(z,0) at each state.
2. Calculate the initial ) value at each state by
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S ey )

3. Repeat (for each episode):
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(b) z +initial state.

Q(z,m) «+ Ri(z,m) +Z

ocem

(c) Repeat until z is terminal state (for each step of

episode) :
i. Select a control pattern m € II(z) based on the @
value by the supervisor.

ii. Observe event occurrence o € 7 and state transition
in DES.

iii. Acquire rewards 71 and ro.

iv. Make transition = > 2’ € X.

v. Add (z,0) to history H.
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viii. If 2" ¢ Spec
A. Search the latest controllable event o € 3¢ and
the corresponding state w € X from the history H.
B. Remove ¢ from the feasible event set F(w).
C. Normalize n(w,o’) so as to satisfy
ZU,EF(w)n(w,a/) =1 and update the Q values at
the state w
ix. z+ 2’

Fig. 3 The proposed algorithm for construction of a su-
pervisor
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Fig. 4 Relation between the number of episodes and the fraction that the supervisor found the optimal control pattern

in n-armed bandit problem
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Fig. 6 Relation between the number of episodes and the
fraction that the supervisor found the optimal
control pattern in the maze for cat and mouse
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Fig. 7 The representation of the learned control pattern

by the transition diagram
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