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Deep reinforcement learning (RL) has attracted research interest in the manufacturing area in recent years, but real
implemented applications are rarely found. This is because agents have to explore the given environments many times until
they learn how to maximize the rewards for actions, which they provide to the environments. While training, random actions
or exploration from agents may be disastrous in many real-world applications, and thus, people usually use computer
generated simulation environments to train agents. In this paper, we present a RL experiment applied to temperature
control of a chamber for ultra-precision machines. The RL agent was built in Python and PyTorch framework using a Deep
Q-Network (DQN) algorithm and its action commands were sent to National Instruments (NI) hardware, which ran C codes
with a sampling rate of 1 Hz. For communication between the agent and the NI data acquisition unit, a data pipeline was
constructed from the subprocess module and Popen class. The agent was forced to learn temperature control while
reducing the energy consumption through a reward function, which considers both temperature bounds and energy savings.
Effectiveness of the RL approach to a multi-objective temperature control problem was demonstrated in this research.
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NOMENCLATURE S = Environment State at Time Step t
Ty = Reference Temperature

> = Probability of Random Action Toom = Ambient Temperature
o = Function Representing State Histories with a Fixed Length T,, = Set Point Temperature for PID Controller
0 = Weight Vector in a Network T, = Chamber Temperature at Time Step t
¥ = Reward Discount Factor
T = Policy
a = Agent Action at Time Step t
P = Probability Distribution 1. M2
0 = Action-value Function
O = Target Action-value Function AFAs 71A%t5(Machine Learningy> =7 A= 33
" — Reward at Time Step t (Supervised Learning)?} H| ] &}<5(Unsupervised Learning) Z12]

I 7}3lsk5(Reinforcement Learning)?] Al 7] o2 elch

Copyright © The Korean Society for Precision Engineering
This is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/
by-nc/3.0) which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.


https://crossmark.crossref.org/dialog/?doi=10.7736/JKSPE.022.124&domain=http://jkspe.kspe.or.kr/&uri_scheme=http:&cm_version=v1.5

468 / June 2023

s
i
ox
12
OH
o
Job
>
=
N
o
o
=
»
fo

—— [agent |

Reward
BT
uonoy

Environment | «——

Fig. 1 Reinforcement learning cycle
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Table 1 DQN algorithm [7] (Adapted from Ref. 7 on the basis of OA)

Algorithm: Deep Q-learning with Experience Replay

Initialize replay memory D to capacity N
Initialize action-value function Q with random weights &
for episode = 1, M do
Initialize sequence s; = {x,} and preprocessed sequenced
$h=9(s)
fort=1,Tdo
With probability € select a random action a,
otherwise select @, = argmax, O(¢ (s,), a; 6)
Execute action g, in emulator and observe reward r, and
image x;.
Set 511 = 8,, @y, X;+1 and preprocess @1 = @ (s,+1)
Store transition (@, a;, 7, @+1) in D
Sample random minibatch of transitions (¢, a;, 7}, @+1)
from D
Set y; = r; for terminal ¢,
otherwise set y; = r; + y max, O(é.1, a'; 6) for non-
terminal g,
Perform a gradient descent step on (y; — O(¢;, aj; o))
with respect to the network parameters 6 N
(Refer to [6] for target action-value function Q part)
End for
End for

(r;+ y max, Q\(¢/+1, ai 0) - Qg a;; 0)?

Target value Action value

Y
0 update
w.r.t Loss

Target Network Clone Main Q -Network
(Weights, &) periodically (Weights, 6) Action Rk
Environment
T Sample

Store transition
Replay Buffer

Fig. 2 An illustration of DQN architecture
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Fig. 3 Experimental chamber for ultra-precision machines
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