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Abstract: To address the issues of resource conflicts, heterogeneous objectives among multiple entities, and poor adaptability to dynamic dis-
turbances in collaborative scheduling for multiple work orders under the multi—variety and small-batch production mode in intelligent manufac-
turing, a collaborative scheduling method integrating reinforcement learning with game optimization is proposed. This method characterizes the
interactions of interests by constructing a three—party leader—follower—cooperative game model involving a resource scheduling center, produc-
tion units, and work order managers. Meanwhile, it introduces the Deep Q—Network (DQN) to achieve adaptive strategy optimization. Experi-
ments conducted on publicly available datasets from automotive component manufacturing and electronic device assembly scenarios demon-
strate that, in the automotive component manufacturing scenario, the proposed method reduces the scheduling cycle by 18.5%, 9.9%, and
7.2% , improves resource utilization by 25.6%, 18.3%, and 12.5%, and lowers total costs by 16.2%, 8.7%, and 6.3% compared to Genetic
Algorithm (GA), Particle Swarm Optimization (PSO), and DQN algorithms, respectively. In the electronic device assembly scenario, the pro-
posed method reduces the scheduling cycle by 21.2%, 11.9%, and 8.5%, improves resource utilization by 27.9%, 19.8%, and 13.8%, and
lowers total costs by 17.7%, 10.7%, and 7.1% compared to GA, PSO, and DQN algorithms, respectively. Furthermore, robustness tests indi-
cate that, with a disturbance probability of 30%, the proposed method achieves an average coefficient of variation of only 0.045 - 0.047 in
both scenarios. This method achieves the unification of multi—entity interest balancing and dynamic scheduling optimization, providing a novel
approach for scheduling in complex manufacturing scenarios.
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tive production scheduling
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Table 1 Experimental results of scenario 1
®1 HE—XHER
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GA 16.8+0.5 68.3+2.1 89.6+3.2 75.2+1.8

PSO 152404 72.5+1.9 82.3+2.8 79.6x1.5

DOQN 14.8+0.3 73.3x1.5 80.1x2.3 79.4x1.2

Game-GA 153204 74.2+1.6 82.6x2.5 79.1x13

RL~-Game 13.7+0.3 85.8+1.2 75.1+2.1 88.9+1.1
RL-Game 4 GA fltft%/% 18.5 25.6 16.2 18.2
RL-Game % PSO f£/L%/% 9.9 18.3 8.7 11.7
RL-Game %8 DON 1AL %/% 7.2 12.5 6.3 9.5
RL-Game % Game-GA fifb%/%  10.5 14.2 9.2 10.8
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Table 2 Experimental results of scenario 2
F2 BEIEIKRER

HE=J BRI A T

Hh ik /7= H RI% TG AR

GA 11.320.4  65.7+2.3 68.9+2.5 78.4+2.2

PSO 10.1£0.3  70.2#2.0 63.5+2.1 83.6+1.8

DON 9.7¢0.2  70.3x1.4 61.0+1.8 85.0+1.1

Game-GA 10.0£0.3  69.6x1.5 62.9+2.0 83.7x1.2
RL~-Game 8.9+0.2  84.1x1.3 56.7+1.7 95.2x1.0

RL-Game % GA {lifb.2/% 21.2 27.9 17.7 21.4
RL-Game % PSO /L 5%/% 11.9 19.8 10.7 13.9
RL-Game % DQN AL %/% 8.5 13.8 7.1 10.2
RL-Game % Game-GA fifb%/%  11.2 15.5 9.8 11.5
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Table 3 Ablation experiment results

R3 HEMXRBRER

HomJi BRI BORA 2 RF b

Hh ik /A H /% ot BREE%
TRl 1L DON FLE:) 14.8+0.3  73.3+1.5 80.1+23 65.7
Tl 2(1H3E+GA) 15304  74.2+1.6 82.6+2.5 81.5
3O FEATEZE+DON)  15.620.4  78.2+1.4 83.5+2.4 78.2
RL-Game(J§ J5 %) 13.7+0.3  85.8+1.2 75.1x2.1 923
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Table 4 Comparison results with advanced methods

R4 SERHAFEOLRER

HE= R SR BURA S ia)

Here ik MEFEH S % TG W%
PPO £ F ARk 2] 11.320.3 76.5+1.4 65.8+2.0  78.3
M EIEZE+PPO 10.8+0.2 78.2+1.3 63.5+1.8 826
RL-Game 9.9+0.2 83.5+1.1 582+1.5 945
RL-Game % PPO {1L5%/% 12.4 9.15 11.55 20.69
RL-Game #[HZE+PPOILILR/%  8.33 6.78 8.35 14.41
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Table 5 Robustness test results of scenario 1

K5 HE—EHUENXER

HE= T BRI AR

et R He= ik v BlACY  FEHCV

GA 0.032 0.038 0.041 0.037
10% PSO 0.028 0.031 0.035 0.031
RL-Game 0.015 0.018 0.020 0.018
GA 0.045 0.052 0.058 0.052
15% PSO 0.039 0.043 0.049 0.044
RL-Game 0.021 0.024 0.026 0.024
GA 0.068 0.075 0.082 0.075
20% PSO 0.057 0.062 0.069 0.063
RL-Game 0.028 0.031 0.033 0.031
GA 0.092 0.105 0.113 0.103
25% PSO 0.078 0.086 0.094 0.086
RL-Game 0.035 0.038 0.041 0.038
GA 0.125 0.142 0.151 0.139
30% PSO 0.103 0.118 0.127 0.116
RL-Game 0.042 0.045 0.048 0.045

Table 6 Robustness test results of scenario 2

x6 HR_EBUHMRER
T o fy% BRACY  EHCV

GA 0.035 0.041 0.044 0.040
10% PSO 0.030 0.034 0.038 0.034
RL-Game 0.016 0.019 0.022 0.019
GA 0.048 0.055 0.061 0.055
15% PSO 0.041 0.046 0.052 0.046
RL-Game 0.022 0.025 0.028 0.025
GA 0.072 0.080 0.087 0.080
20% PSO 0.061 0.067 0.073 0.067
RL-Game 0.029 0.032 0.035 0.032
GA 0.098 0.112 0.120 0.110
25% PSO 0.083 0.091 0.099 0.091
RL-Game 0.037 0.040 0.043 0.040
GA 0.132 0.150 0.159 0.147
30% PSO 0.109 0.125 0.134 0.123
RL-Game 0.044 0.047 0.050 0.047

BE X RE I 1 22 S Rl M E A ST 2 T R HE
FELEMGEIR v 28 22 K HAR AL | A 03 N 1 22 7]
R, AR SCHE A A2 2] 5 EFR AL B B R HE R O vk .
ZoPRS A SRR SO I IR, AR SR Y B I
HD— PR B — T U B = £ —G MR TR Y
RORE o Za R 2558 1, DUIE [ 3ah 40 8 SR S 4 R A
25,40 22 AR 55 K5 BE 38 92.3% , fiftpk 1 AL 48 4 b X HE
Fl 25 - iR A5 LRl HE QLR 2R SR W LA % oy IR AT R
e A, R DQN Bk s B ms 1 3 & AR Ak, 2k
TAE G R IR S FL S SR s . FE gl dy
B ERSEE 4 R, RL-Game 7L G B D A5 bR
P fk % 38 8.7%~27.9% , ¢ 5 it 7 ¥k L Ak R ik 8.63%~
20.7% ; B FEPEINR S5 BF S T H A Beom iy sh 2838 W 1

AWFFEERIREH T Z TR R A (B e
SR BT AL A T BC A PR PR R AL AR 5 23 I 45 S B
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52 25 s QAL RIEPEBE , SR T PPO \SAC A5G k5 1
A RRES AT AT AR TR 5T BRI AR

Sk

[1] LIUJJ, QIUJH, ZHANG Z M. Human—computer interactive scheduling
of complex manufacturing systems and case study [J]. Journal of Mechani-
cal Engineering, 2025, 61(15):351-371.

M AEE AR KRBT TR ARAMK LRSS EHAEL]
AR T A2 5 4R ,2025,61(15) :351-371.

[2] SONG T X, LIU H Z. Scheduling optimization of pharmaceutical work-
shop considering equipment setup time and production balance rate [J].
Journal of Machine Design, 2024, 41(10):93-100.

P I UF A L DS & E S U E e s S S R E LR i
fel 1], ALkt ,2024,41(10):93-100.

[3] DONGSK, LI C, YANG G, et al. Review on solution and application of
mixed game problemS[J]. Journal of Software, 2025, 36(1):107-151.
FRE,FR L, F. RS FFMG RS B A GE]] B
4k,2025,36(1):107-151.

[4] ZHANG D ,YUAN Q ,MENG L, et al. Reinforcement learning for single—
agent to multi—agent systems: from basic theory to industrial application
progress, a survey[]]. Artificial Intelligence Review,2025,59(2) :46.

[5]  FATHOLLAHI A. Intelligent control framework for improving energy sys-
tem stability through deep learning—based modal optimization scheme[J].
Sustainability,2024,16(21) :9392.

[6] JUL,LVS,LIY, etal. Two-stage scheduling optimization model and ben-
efit allocation strategy for virtual power plant clusters aggregated by multi-
dimensional information indicators [J]. Renewable Energy, 2025, 240;
122245.

[7] KOU G, YUKSEL S, DINCER H, et al. Queuing—theory—driven renewable
energy investment decisions through artificial expert choices with dynamic
hybrid multi-facet fuzzy modeling[J]. iScience,2025,28(11):113711.

[8] DONG W,LID,JIY, et al. Towards a next—generation LLM empowered
low=code programming industrial robotic system for human—centric smart
manufacturing[ J]. Journal of Manufacturing Systems, 2025,83:675-686.

[9] DUSZ,LI QJ ,SONG N H , et al. Solving the permutation flow shop
scheduling problem with sequence—dependent setup time via iterative
greedy algorithm and imitation learning[J]. Mathematics and Computers in
Simulation,2025,234:169-193.

[10] YANGBY, YANGY, LIY Z, et al. UAV detection method for polari-

metric radar based on heuristic search[J]. Journal of Signal Processing,
2025, 41(5) :867-885.

BT, TR, F R T R AR R AOMALE ERANAR
&[J]. 455 422 ,2025,41(5) :867-885.

[11] WUZJ, XISL, MENG R H, et al. Research on batch scheduling prob-
lem of parallel machines considering multi-resource constraints[J]. Jour-
nal of China Three Gorges University (Natural Sciences), 2024, 46(6) :
104-112.



42

BAE 5 A

2026 4

[12]

[13]

[14]

K AR RO R BRAE L B E B AR R ST AL B L PR
FRR)]. SRR (8 AFFFRL),2024,46(6) : 104-112.

QASIM M, SAJID M, LAPINA M , et al. COBGA: MCDM-assisted im-
proved genetic algorithm for scheduling Industrial-Internet—of-Things
jobs in cloud computing[ J . Cluster Computing,2025,28(15):944.

XU Y, ZHANG M, WANG D, et al. Hybrid Gaussian quantum particle
swarm optimization and adaptive genetic algorithm for flexible job—shop
scheduling problem [J]. Engineering Applications of Artificial Intelli-
gence,2025,154:110882.

THEPPHAKORN T ,PONGCHAROEN P , VITAYASAK S. Multi-objec-
tive hybrid optimizations for designing course schedules based on operat-
ing costs and resource utilization [J]. Annals of Operations Research,
2024 (prepublish ) : 1-68.

MIGLIAVACCA G. Multi~energy static modeling approaches: a critical
overview[ ] ]. Energies, 2025, 18(7) : 1826.

LU X Y, HAN X L. Research on dynamic energy—saving scheduling of
flexible job shop based on deep reinforcement learning [J]. Operations
Research and Management Science, 2025, 34(8):99-104.

[ s, S A . IR T IR ESRAL S 5T 09 oA A & 1) 3 25 0 AR 1)
AL, B %5 ,2025,34(8):99-104.

HU J, WANG ] Y, YIN LJ, et al. Benefit equilibrium decision-making
of new energy vehicle enterprises empowered by digital technology [J/
OL].
https : //link. cnki. net/urlid/34. 1133. g3. 20250915. 1411. 002.

&, A AR, HCFHARAE T AR A S A A &
J R [JOL]. i3 % 5 % #2 ,2026-02-03. https://link. cnki. net/urlid/
34.1133. g3.20250915. 1411. 002.

WUN ,WUQ ,REN H , et al. Hierarchical game optimization of inde-

Operations Research and Management Science, 2026-02-03.

[19]

[20]

[21]

[22]

[23]

[24]

[25]

pendent shared energy storage system considering multiple profits and
penalty[ J]. Energy,2025,321:135448.
TIAN C, MEI J, TIAN K, et al. Distributed adaptive Nash equilibrium
seeking for games of heterogeneous high—order players over a directed
graph[J]. Automatica,2025,179:112296.
LIUJW ,YAOY X ,HUA M, et al. Distributed Nash equilibrium seek-
ing for multi—coalition games with constrained NASVs: a hierarchical pre-
scribed—performance algorilhm[ﬂ. Neurocomputing,2025,650:130821.
DUFJ, LIJ, WANG L, et al. MEF: a cloud computing resource sched-
uling method based on online fault tolerance[J]. Computer Applications
and Software, 2024, 41(3):336-344.
ARER, FH, T 5g, F . MEF A T e S8 A6 23 SRR B
[J]. 350 8 5 34t ,2024,41(3) :336-344.
WEI J H, SHANG G G, LIU X F, et al. Robust model and solution of
two—stage four—layer stackelberg—cooperative game for multiple prosum-
ers[J]. Electric Power Automation Equipment, 2025, 45(1):208-216.
WAL, BT KT, E L S A RN R S
SRR AR MI]. B A B B4, 2025,45(1):208-216.
JIANG H,ZHANG T, XI Y, et al. Intelligent multiple parameters optimi-
zation methods integrating hydraulic model and SIAs with various con-
straints for extended reach drilling[J]. Geoenergy Science and Engineer-
ing,2025,251:213846.
VENTURA F ,JAMES J , CARISTI G , et al. From cooperative play to
multi-critical decision: the Shapley index and the Choquet integral in
comparison[J]. Energy Economics,2025,150: 108816.
XIAO Q,PAN T, WANG K, et al. Research on AGV path planning based
on improved DQN algorilhm[ﬂ. Sensors,2025,25(15) : 4685.
(FTAE % 4 . F R 30)



