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Abstract

In recent years, the world’s expectations for artificial intelligence (Al) are high. Especially, the technology called ma-
chine learning is being investigated in many systems. The use of machine learning is also being considered in accelerator
systems. There are many tuning parameters in the accelerator system. It takes a long time to adjust these parameters and
the finish is often dependent on the system tuner. As such a reason, the attention is focused on reinforcement learning
that involves trial and error. In this paper, we introduce an experimental result of applying reinforcement learning to the
three-tank level control system and a comparison result with PID control implemented by PLCs used in the accelerator.
Moreover, we discuss the future, which uses reinforcement learning for tuning parameters in the accelerator system.
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Figure 1: Three tank level control system.
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Figure 2: Reinforcement learning.

2.1 Kernel Dynamic Policy Programming
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Figure 3: System archtecture.
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Table 1: Observed Values

Tag Name Description

LI001 Tank1 Level (%)

LI002 Tank?2 Level (%)

LI003 Tank3 Level (%)

FI001 Control Path Flow (%)
FI1002 Disturbance Path Flow (%)
V001 Valve actuater (%)

Table 2: RL Experiment Setting

Name Description
Settingl ~ 6-dimensional input.
Read the status once per step.
Setting2  24-dimensional input.
Read the status 4 times per step.
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Table 3: Experiment Result

Experiment  Time (s) Level average (%)
until stable level  after stable status

PID 208 29.96

RL settingl 26.56 + 11.95

RL setting2 82 31.36 £ 1.49
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Figure 4: PID control level result.
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Figure 5: RL setting] result. (a) : x axis means iteration count and y axis means each iteration’s reward sum total. (b),

(c) : x axis means step count and y axis means level or valve value(%) after 30 iteration’s learned.
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Figure 6: RL setting2 result. (a) : x axis means iteration count and y axis means each iteration’s reward sum total. (b),

(c) : x axis means step count and y axis means level or valve value(%) after 30 iteration’s learned.
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