F45% Fab M PH OB I X % ¥ Vol. 45 No. 4

2026 F8 A Journal of Shenyang Ligong University Aug. 2026
* ﬁﬁgﬁﬁf\.l * XEHS: 1003 - 1251(2026)04 — 0001 —07

ETREBAFINSERHEHEHUAR

1

RER,EHE, Z8m, 2 A%

(LBHBET K2 5 BARk: 5 TR 2EBe , LIH 110159)

B AR 5% AR R R SR AR BRI SRR AR T 3 e R BGRT R AESE E Bat

T MA-POCA ( multi-agent posthumous credit assignment) F-i% , 4% th 7 2 T 8 18] 320,49 2~ & L AL

s

BT Unity3D #5D4R205E, LI 401K 5 205009 B | B R A A &A% 2 33 % Unity API

HEIM Z T RS 8], FILT ARG B £ 5 58 KRG R A AR T ad 1) R ad o B L0
Aotk Bt 69 MA-POCA Sk MR fig sk KEAAE 5P 6945 A & BL 1AL, il ad ot =02 & H AU
SRR RHERELEN, FASHBERR T, 21E3000 7 FIN%E, FRIKEILT AAIK
YR B BB A AR, T XK AFERARATA, KB TR B ERZH T IR ERE &
T Ay iEaX, Al Fe bl 35 AR S ARG RN R E LA F

X # 8. 54 MA-POCA Sk S i LS 3
hESES: TP391.9 M ERFREARD: A DOI:10.3969/j. issn. 1003 - 1251.2026. 04. 001

Research on Multi-agent Shooting Games Based on Deep Reinforcement Learning
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( Shenyang Ligong University , Shenyang 110159 ,China)

Abstract: To solve the problems of low sample efficiency,unstable training ,and difficulty in desig-

ning reward functions in multi-agent shooting games, the MA-POCA ( multi-agent posthumous

credit assignment) algorithm was improved,and a hierarchical reward mechanism based on time de-

cay was proposed. Firstly,a training environment was built based on Unity3D to enable interaction

between the intelligent agent and the environment. Then, a radiation sensor and Unity API were

used to construct an observation system and design a hybrid action space to achieve autonomous de-

cision-making of the intelligent agent. Then, the MA-POCA algorithm improved by a hierarchical

reward mechanism based on time decay was used to construct a model to solve the credit allocation

problem in long-term tasks. The spatiotemporal attention mechanism was then used to achieve mem-

ory

retrieval and improve tactical continuity. The simulation experiment results show that after 30

million steps of training, the intelligent agent has achieved from individual combat to advanced team

collaboration ,and mastered tactical behaviors such as cross firepower. The optimized algorithm sig-

nificantly improves the tactical synchronization rate of the intelligent agent, which can provide im-

portant references for in-depth research in fields such as game AI and robot collaboration.
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