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Research on multi-UAYV cooperative confrontation algorithm
based on improved reinforcement learning
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Abstract; The research of combat cooperation of multi-UAVs mainly includes flight cooperation,
reconnaissance cooperation and interference cooperation. With the increase of both the number of UAVs
and the content of cooperative decisions, state space and action space dimensions of the multi-agent
reinforcement learning model grow exponentially. Multi-agent reinforcement learning algorithm is not easy
to converge in training, and the level of cooperative decision-making is difficult to be significantly
improved. This paper adopts and models on the principle of multi-agent deep deterministic policy gradient
(MADDPG) algorithm, based on which it also proposes a multi-agent deep deterministic policy gradient
algorithm of the selective experience storage policy (SES-MADDPG). The algorithm selectively stores the

experience entering the experience pool by setting the recycling storage criteria as well as selectivity factors
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to alleviate the problem of reward sparsity. The simulation experiments show that, with guaranteed time

complexity of the algorithm, the SES-MADDPG algorithm has a better convergence effect than other

reinforcement learning algorithms, and shows an increase of 25.427% in task completion rate compared

with MADDPG algorithm.

Key words: unmanned aerial vehicle swarm; reinforcement learning; cooperative control; swarm

intelligence ; attack-defense countermeasure

0 35

T

AR MG DIBLas S R N TR Re R AR 1 —
o, AT R G U g R AP AT
PN FYITERE  WAC  RE | T R RS 0
FOTEE R A AT, 4% [ R ) T g 4
TNHLA FPSRPATREEALS . BIHRCN IR, A EPR
25 WA ST R, A 3 A BRSO SR HECE R
2, XA TR A M 20 22 60 AFAE T A4 i, (HR BAR
GRS BN TR B, X T BT B 451 =, AR K
R R B | BRI A A 33 Tl 5 30 T 2 7™ s 14 505 - TE P
FRMBEARRL Q) HLAE R Ik IR Iy Ik A7 52 4
R R PR AE 1% R AR T A HLT I X AN [
B AT A PP I Xt B AR AT HEE " e m AR DA
SRR EARHEF AT SRS HLER S 2O % O
HETLRAL, I E k5 AN R BA RIS % 50, 15
Rz ALRE 1455, HAELL N X B 2 2 RN, @ &b
TS B R BE o Ak 2 > J5 vk R e IR g A i 42
THEIMERFAKF-

2013 4 DeepMind £ & T — i FI FH 58 1k 2% 5 350 4% I
Atari WEXERYIESC, AL S IR R SOGE T RARBER

TR T W 2 2 ik b 2 R K AR I 1 B
UG e 5 PR A T A TR R PRI R 2 1 X AT
HIFREEIRAS B AR IR S AR S I IR BN R Y Sl A, SR8 23 R
PRSI ERE T N — AR, FR I SR F 1 3
YA TR ReAA— AR, B RN ZR B brl 2 15 8
BN H IR, 25 Kt i I 25, B AR K — B B Ak e 3 3R
W TREESRALAE 2D SR s AL T i — 2B R R SR SR A )
WA ALES G o R 22 2005 SR W bR B sl 1 1 R, A
TS E Bk, AHA Fom i 2] IR R fb 2% ) FREREAT:
HESE R SIS

PRS-  sRfbar 2J BA0 N H TEk | [ 32 Bl R HERE
AL, MBI R BRI 0B, B AL 2 2 ) 43 D PR
BRERERIAE S P2 Re AR Ak E 2 P B R IR R Ak 2
A RARHEL T WA — A e IR T AT S E TR AlphaGo
WS MR P B R AR, i TR T RO — AR e A
PO RSB 1 5 AR 25 5 . T AHLEEDR ] A 3
MYUE T EE ey S B EE SN F ek, w s
KE BERRUL B P LRFE RN LERFET AN
BHReIRZIN , BEE R R AR 1 LU B Re R Z Tl iy &

AR RIBRAE ST 55 AR5 @ R e, B i A SR A R
TRBR A2 S B4 DON'® DDPGH! PPO™! A3CHS 4
F R 2R RER SR L% > 55 45 MADDPG! QMIX'™® |
VDN 2%

H RS Ak > H R FE T AL [ PSR Sk gt 2 5T,
TE 2 T ML RIS 2R B AR LRI R 45 A5 ) S5 F 9 v, B 22
PAT T AR RRR

SCHR 21 148 T —Fh B FER B s Ak 28 2] AT 55 2h 8 4y
P07, %05 B JC AL T 92 38 T, WA 45 AT B S
LR FPRAT S (DI LA 2 3R, #2055 1 A BR B 1R] YR AR AT 55
SEREE , SCHR[ 22 48 H — 7l 35 7 VR 0 2 O s Ao R vk
F RO |, $ i T B I Sl 1 A B TE A LTE Ao i
XFERBEAOE R fE ST, SCHR[ 23 T4 T — Rl ZHLD [ 45 R ok
RRAESE IZAEARR = T A 24 AN R X b 5 R
REAA ] ) I [l R

SEA PR Y A AIF AT LA K H i 3 3 Y TR H
X, & BN R TN A T U TR Z AL,

1) Bl SEE IS5 0 A HLER G B 38, 5358 N BE T
R AT S5 SE AR, FURS BEAS G

2) RZSZS [E A B 1 2 ) 2ok T A, 20 56 1m0 g it v A 5k
LR A IS BRI S [l R,

3) Ugrpald &, HIRSERCR A H AR,

E1 X H AT AN L Z AL FSEBR Y TR B 75Kk, /S
A 2% BEIR B MADDPG (9 3L il [, 75 2 0 A6 3ok A
HEg | AT BRI AT AL | 15 20 00 Db o L B 0k 4
PR F, IFARYE L PRAT 55 PR5E & PR 2l R B, Bl i
D5 FLIO TR, TE BT T Rk 00 S A A A B A ) Bk 1
PR I ) 52 2 BE (R HR A T A A IR

1 ESHERKRERET

1.1 E&#ERE

LLEE T I EF Ny 05 1, a5 thsh T APLEERE, 6
AMLEAWEF TP DI 6E, W5 77 FE b A 1% 75 1k | 25 Hh T AL
P FHES REE, 07 NAES R 3l o AL BT i
I TR IS AT UMFASE B 8 W 5 R Ak L &, T X TR Ak AT I
[T, 55 S AR AR X3, TE ANLEE A ek
RATEEZ, B 40Uk T 04T 55, O P 5 il Bk 2 41 45 oK
W S5 R BE RS LT D5 (9 SE DO AR A 8 FE58 | A2 46 #7350 J R
ATV TE TR IR ALK AT R G, e A P A B AL — 42,
IS8 7 MrdthifF AT RATTIE . YssoR BIERWE 1 PR,



232 x %

http : //bzxb. cqut. edu. en/

Bl ShEfrEH

Fig. 1 Schematic diagram of the confrontation process
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Fig.2 Schematic diagram of the basic algorithm framework
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B3 SES-MADDPG f =& H
Fig. 3 SES-MADDPG algorithm diagram
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Fig. 4 Comparison of average rewards for all UAVs
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Fig.5 The reward comparison chart of the leader of UAV
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Table 4 Average reward comparison for the first

20 000 rounds per UAV
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Table 5 Comparison of the average rewards for the

first 20 000 rounds of the leader UAV
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Table 6 Number of times of the task successfully completed
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Fig. 6 Simulation results of the confrontation
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Fig. 7 UAVs flight path based on DQN algorithm
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Fig. 8 UAVs flight path based on SES-MADDPG algorithm
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