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Scheduling semiconductor cluster tools is particularly challenging in concurrent processing environments, where
wafers with diverse characteristics are processed simultaneously. Effective cooperative scheduling between the
vacuum transfer module (VTM) robots and atmospheric transfer module (ATM) robots is essential because it
directly impacts overall system throughput. However, traditional rule-based scheduling methods often degrade in
performance under dynamic and complex conditions. To address this issue, this study proposes a multi-agent
deep reinforcement learning (MADRL) framework in which the VTM and ATM robots are modeled as
independent agents that jointly learn collaborative scheduling strategies without relying on expert-designed
rules. Experimental results show that the learned scheduling strategies consistently outperform rule-based
baselines-including heuristics commonly used in practice-in terms of throughput. Moreover, the proposed
framework exhibits strong generalization capabilities under increased process complexity. These results
highlight the potential of the MADRL-based approach as a rule-free, adaptive, and generalizable solution for
optimizing scheduling in complex semiconductor manufacturing systems.
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2
=
op
=2
>

zd AN d&&
HlE & 7 v §o] FHkE & ’S 10]7] EHT‘)ﬂ 13
TA AEE FAY WA HEEEH T, ddEd AEFS 9 9L A8 F 28 THPan er al., 2017; Lee, 2008). E3,
Fog Aiketes AAE MEA HAHT I} o2 A3 A2 g2 EAL M gdd 25 YolFrt £ &
A @I g E8E SHstel g @7 ASA SR = 37 Z A (concurrent processing) 373 9 A & ¢l o] H njrk
StaL QloH, Tkt I8 DA E stuhe] AHl Yol F A Az o)4 A, A3 Azke] Aolste] Awdt AAEY A
THT 5 = S 2F BH(cluster tools) = AT FHEA go] @ FHTHKim and Lee, 2024).

T AZAZ AW W 02841 AEEEA HE

20253 49 219 A" 20259 5€ 6Y FAE H4 20059 52

5, Tel: 02-3290-3397, Fax: 02-929-5888,

i=
E-mail : sbkiml@korea.ac.kr

164 AA 24,


https://crossmark.crossref.org/dialog/?doi=10.7232/JKIIE.2025.51.4.288&domain=https://jkiie.org/&uri_scheme=http:&cm_version=v1.5

N

|Eole AR AT Fel 28 AR 7Iwg ~2A &
& W2o] YukA o 2 A& 5 o] $TH(Lee ef al., 2015; Lee and
Lee, 2021). o] &g 72 7|5 2] & F27} dedtal 739
%013}3}% Aol go, Al FAoU 34 270 M
T s g3kl 01?4'1—‘11 Mz& 2o g 1t
7'—‘1% A AAS L ASafoF drke HAlA FA RS W&
o] =1 A&7} YEEI} Atk FAE Z=THSuerich and
Mecllroy, 2022). o8& &4 & oH 317 913 it g, A
o= AFA S 7R 2AEF 71, 56 A5 23k (deep
reinforcement learning, DRL)% 283 Ao
I Ytk DRLE M43 5482 58 Bds Hldste
EgE X—]Zﬂo /\/\i B_l_uéfl:g)\o'],@%ﬂ' 7H(ﬂ %

=g 9| %‘1
TR 20E FTE3 D OV] X8 AL AT o & B0,
Eollo]AE A% 7}8}8l<r(multi-agent deep reinforcement

learmng, MADRL) TzE 439 condition-based chamber
A% 2AZHE TIPS ¢+ 9= d1Y

AF, 9 dold fF3we o sto] B EF 34
37 o A &37] o= Aol 9 th(Hong and Lee, 2018). £,
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Figure 1. Semiconductor Cluster Tool Environment and Wafer Flow
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Table 1. Configuration of wafer type appearance probabilities
in each scenario. As the number of wafer type(k)
increases, the scheduling becomes more complex. A,
refers to the scenario in which & wafer types appear in
environment A.

Scenario | Wafer A Wafer B Wafer C
A, 0.67 0.33 -
A, 0.5 0.3 0.2 -
A, 0.4 0.3 0.2 0.1
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Table 2. Configuration of processing time coefficients applied to each chamber for each wafer type in environment B. Wafer A shows

no variation across chambers, while wafer B, C, and D show slower processing in early-numbered chambers. This setting

reproduces heterogeneous chamber behavior that may occur in real-world equipment.

Chamber 1 Chamber 2 Chamber 3 Chamber 4 Chamber 5 Chamber 6
Wafer A 1 1 1 1 1 1
Wafer B 1.3 1.3 1.15 1.15 1 1
Wafer C 1.5 1.5 1.25 1.25 1 1
Wafer D 1.5 1.5 1.25 1.25 1 1
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Figure 2. Overview of the proposed multi-agent learning architecture. The VTM and ATM robots are each controlled by a separate

Duling DQN agent with distinct action spaces. The environment offers the same state vector and reward to both agents. Each

agent independently computes Q-values, updates its parameters via backpropagation using a shared replay buffer. Actions for

the VTM and ATM robots are selected independently using Q-value computed. Target networks are synchronized

periodically every N step for stable learning.
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Figure 3. Comparison of standard DQN (left) and Dueling DQN (right) architectures using state vector inputs. Dueling DQN separates the

estimation of state-value and advantage, which are then combined through an aggregation module to compute the final action-value

function , as proposed by Wang et al. (2016).
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Table 3. Major hyperparameters used in training the proposed

MADQN agent
Hyperparameter Value
Initial learning rate 0.0005
. StepLR
Learning rate scheduler (step = 5000,pgamma - 05)
Discount factor 0.99
Network sync rate 10,000 steps
Replay memory size 10,000
Batch size 32
Initial exploration rate (€) 1.0
Epsilon decay 0.9995
Number of training episodes 10,000
Number of hidden units 1,024
PER priority exponent () 0.6
PER IS weight exponent (3) 0.4
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Table 4. Performance evaluation of MADQN and rule-based policies across six scheduling scenarios. Each value represents the

average number of wafers processed per 10,000-step
shows consistently superior throughput in all cases.

episode (mean with standard deviation in parentheses). MADQN

Environment MADQN Random Rule 1 Rule 2
A, 128.80(0.40) 108.10(1.70) 110.50(1.75) 119.00(0.00)
A, 126.10(0.30) 107.00(1.61) 110.30(1.95) 118.60(0.49)
A, 127.10(0.30) 106.90(2.26) 110.30(2.05) 119.00(0.00)
B, 128.00(0.00) 106.00(1.84) 108.20(1.60) 100.00(0.00)
B, 122.10(1.76) 104.00(2.10) 109.20(1.47) 100.40(0.92)
B, 117.30(1.42) 104.80(1.08) 107.70(1.79) 100.80(1.17)
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Table 5-2. Generalization performance in Environment B. Each
value represents the average number of wafers
processed per 10,000-step episode (mean with
standard deviation in parentheses). “MADQN” refers
to the agent trained and tested in the same scenario.
“MADQN,” refers to the agent trained only in 2, and
tested in B,, B, and B,.

B B B,

MADQN | 128.00(0.00) | 122.10(1.76) | 117.30(1.42)
MADON, 128.00(0.00) | 111.20(1.33) | 111.60(1.62)
(0.00%) (-8.93%) (-4.86%)

Random | 106.00(1.84) | 104.00(2.10) | 104.80(1.08)
Rule 1 108.20(1.60) | 109.20(1.47) | 107.70(1.79)
Rule 2 100.00(0.00) | 100.40(0.92) | 100.80(1.17)
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