ETBELEREBRIEINZ TV A Z K
EFR, ETH, HE

G AL

FR, FTH, #EHh ETHEZEREELEINZ TANMEANTRIT]. FaeRg Tk, 2025, 20(3): 548-
556.

YONG Yuchen, LI Ziyu, DONG Qi. Multi-UAV within-visual-range air combat based on hierarchical multiagent
reinforcement learning[J]. CAAI Transactions on Intelligent Systems, 2025, 20(3): 548-556.

TELR AL View online: hitps:/dx.doi.org/10.11992/tis.202408008

LT BRI HA S
S AT ) P R SRR IS

Research on the equal card force competition system of competitive two against one game

BHER G 2A4R. 2021, 16(3): 466473 hitps://dx.doi.org/10.11992/tis.202007005
—FhEET AR A M PR T 2R R G He

System architecture of Texas Hold’ em based on experience

BIRERGE . 2020, 15(3): 468-474  https:/dx.doi.org/10.11992/tis.201803043
ZART ZHNHES MIDTTELriA

A survey of mission planning on UAVs systems based on multiple constraints

BIBE R G244 2020, 15(2): 204-217  https://dx.doi.org/10.11992/tis.201811018
— P ZERHLER IR 1 22 B P R R T vk

A multi—chess collaborative game method for military chess game machine

BHERG AR, 2020, 15(2): 399-404  hitps://dx.doi.org/10.11992/tis.201812012
FHAFIR S5 2T 28 e A G AT il

Event—triggered reinforcement learning formation control for multi—agent

B GE R G244 2019, 14(1): 93-98  https://dx.doi.org/10.11992/tis.201807010
TR S TC AL ZS AT

Dynamic UAV trajectory planning based on receding horizon

BIBE R G244 2018, 13(4): 524-533  https://dx.doi.org/10.11992/tis.201708031


http://tis.hrbeu.edu.cn/
http://tis.hrbeu.edu.cn/
https://dx.doi.org/10.11992/tis.202408008
https://dx.doi.org/10.11992/tis.202007005
https://dx.doi.org/10.11992/tis.201803043
https://dx.doi.org/10.11992/tis.201811018
https://dx.doi.org/10.11992/tis.201812012
https://dx.doi.org/10.11992/tis.201807010
https://dx.doi.org/10.11992/tis.201708031

5520 B4 3 W B OoRE R & % it Vol.20 No.3
202545 H CAAI Transactions on Intelligent Systems May 2025

DOI: 10.11992/tis.202408008
W 4% H BR S 2k htps://link.cnki.net/urlid/23.1538.tp.20250428.1003.004

ETHoEZERFRULFIINZ T ANMER = i

BTFR, FTH, EH
(L Ad R KHFR,TH A% 211189,2. % B €A FAHFH LK, £F 1000413 A k% 5 8H%5
TAFE, A BT 210096)

 E: RS LAV a0 A EVLEhEREE ), A SCEE H — A ST [ I ZR G (self-play, SP) f1 £
B ey 2584k 22 3 (mutil agent hierarchical reinforcement learning, MAHRL) 1Y )2 YK P56 R4 HE SR . J2HE 425 i
A A BHEMEE R R, PR T 2 XIS R 5 . BAM 2 AT o oh 12 S50
IG5 AT B AT IREEAT 55, AR T ORTT BRI M, JH48 8 T 2 T AN s h iy A EHLshik
KRETT o LA, AT TR0 2L 5 SR ECRUR A R Tk, b TR B I S B T SRR . [
R, R B TR Be R 2 2] JEAR 9 AT AR A= AR SR AR, T ELAE B A A0 a2k e se o 1 A F A
ZR IR KB E .

KR MRS R 201 B EALshIR; A SR Ay BimAb S s 2 AR IRIEZE ; 4y B UL W45 5 Kl R BT
FESES: TPIS XHiIRE:A XEHS: 1673-4785(2025)03-0548—09

RS ARKEFER, TFR, ER. ETHOESERFEALEZINSETANMENTE J]. TRRAZFR, 2025 2003):
548-556.

35| &3 : YONG Yuchen, LI Ziyu, DONG Qi. Multi-UAV within-visual-range air combat based on hierarchical multiagent
reinforcement learning[J]. CAAI transactions on intelligent systems, 2025, 20(3): 548-556.

Multi-UAYV within-visual-range air combat based on
hierarchical multiagent reinforcement learning

YONG Yuchen'?, LI Ziyu’, DONG Qi*

(1. College of Software Engineering, Southeast University, Nanjing 211189, China; 2. Electronic Science Research Institute of China
Electronics Technology Group Corporation, Beijing 100041, China; 3. School of Information Science and Engineering, Southeast
University, Nanjing 210096, China)

Abstract: To improve the autonomous maneuvering decision-making capabilities of unmanned aerial vehicles (UAVs)
in within-visual-range air combat, a hierarchical decision network framework based on self-play theory (SP) and multia-
gent reinforcement learning (MARL) is proposed in this paper. A multi-UAV dogfight scenario is studied by combining
SP and an MARL algorithm. The complex air combat task is divided into upper-level missile strike tasks and lower-level
flight tracking tasks, which effectively reduces the fuzziness of tactical action and improves the autonomous maneuver-
ing decision-making ability in a multi-UAV dogfight scenario. In addition, through an innovative reward function design
and by adopting the SP method, the algorithm reduces the meaningless exploration of an agent due to the large battle-
field environment. Simulation results show that this algorithm can help agents learn basic flight tactics and advanced

combat tactics and has better defensive and offensive capabilities compared with other multiagent air combat algorithms.
Keywords: air combat within visual range; dogfight; autonomous decision-making; self-play; hierarchical reinforce-
ment learning; multi-intelligent body game; hierarchical decision networks; reward function design
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