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Graph Attention-driven Reinforcement Learning for

Cross-scenario Cooperative Interception

WU Zi-Peng! MA Qi-Chao' QIN Jia-Hu' ZHAN Chen-Guang® ZHANG Jin-Peng’

Abstract For large-scale unmanned swarm interception in complex dynamic scenarios, this paper proposes a co-
ordinated interception framework based on graph attention mechanisms and dynamic grouping. Existing rule-based
or optimization-based methods suffer from poor real-time performance, weak generalization, and low target alloca-
tion efficiency, while MARL (multi-agent reinforcement learning) faces dimensionality explosion and limited policy
generalization in such scenarios. To improve learning efficiency of swarm interception strategies and cross-scenario

generalization in complex dynamic scenarios, this work innovatively designs three modules A dynamic grouping

module, a graph attention module, and an improved MARL module And integrates them into a closed-loop al-
gorithm framework. The dynamic grouping module periodically clusters enemy units into low-dimensional tactical
groups and passes the enemy group information as nodes to the graph attention module, reducing state-action di-
mensionality. The graph attention module uses enemy group-node data, applies graph attention networks for fea-
ture fusion, builds relative relations between friendly agents and enemy groups, and outputs target-importance
weights to guide differentiated reward function design, improving target allocation and generalization. The MARL
module combines differentiated reward function with fused features, adopting the soft actor-critic (SAC) algorithm
and adversarial training to further enhance policy generalization. Simulation results show that the framework signi-
ficantly improves swarm interception efficiency and cross-scenario generalization in complex dynamic scenarios.
Keywords coordinated interception; multi-agent reinforcement learning; graph attention mechanism; dynamic
grouping
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Fig.1 Schematic diagram of missile intercepting
unmanned aerial vehicle
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VERJIRE, BIECT /N o T35 0 1 B FE FE
5 E M, o e A E ORI RO DA

w;, j = Softmax;(Score;, ;) =

Qe AR, TS 277 #5807 Hix
AN (by, i) BIRSRME; V), 4R 5, FHRB 1R
Score;, ; ZEHET K.

FERRE RN E G, #E— DR N a3
S REOT R REAE A B, B 2l A Rl &
IS P RRR AL :

m; = Zwi, js (12)
j=1
2z, = ReLU (m; @ fy(b;)) (13)

Horb m, RoRG I vE B I HLHI AL EE 5 R ECT /)N 2H Rl
BHRFIE; 2z, NI HHE; © B8HFF RN IR
A, HAEH BB G SHREEE, WAREITHE
BHIRAFFIER A E R S8 H & PRIRSHE.
3.2.2 EFUEMEHILIT

= ALl R B O AE T8 AN [F) O /N
SIRCA R AL . A SO IER JINE w, ; 5IAK
Jih R B TE R IR 2 S R B P A
PR R T B s, SEBLECIR A 58 R 5 R
AT XS5 KT E07 S 0 AT /INAL 5 (R I

R; j = w; j (Raist, ij + Rang, ij + Rattack, ij) (14)

15 2 B RE R Bk 2% > BB 1) 2R il R AT
Ry, j WO/ j kT EIJ5 3 R — &
ZHR N E I A =R R AR 51 T 5 U
EARAT . Raier, iy 7EERES 320, FORRD C7 358
i GRS EOT /N GO GBS R
AL FAR; Rang, o5 RSN, PEAL T 55 & AR
TEOT /N § R B T AL, 513 27 S A
AREARLLE ;. Rattack, ij THEC 225l 78 X &L
Ji/NAL GG S R AT I 45 3 1 IR A
Wb, sl C5 55 5E e A BIECT H AR5

ER BRI R R, ShEWIT A
SO /NAX T 07 SR R, W Oy T
H 3& B PR S ik RO N, SBLBIR 7 BE
5 R FRAL. BRE S IR AL
A7, 525 MARL BB 38 AN HE 28 o 3 47 i )
FRIBR A5 U . A R 2 A ) ) 4 JR 482K e B
Z WA (15), IF2E T o Bt 5045 28R A 2 1R
& HE S H M S
3.3 ZEEEMIRILE SIER

2 B RE R SR AL S SRR AL S A B I 2R
M0 1) 45 & BRI A SO B A R AR S 22 A
AN R BT C5 T RS I K 2) SR SAC 2
LR BLIL AT BOT IS 2R,
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3.3.1 7 FRRIEIILK

EL7 S SLHENG | W BCR T SAC BLIE{E NS
B RENR PP 7] R SR A S A 2, e i Ay s mh 3N 5
53 AT XIHAT (centralized training decentralized ex-
ecution, CTDE) J = USE Mm% 2] i 207 S
5 o ZHAIE P A EM L, X0 S5tk
R semg M2 RS HOL R, B 0 =0, = =0,,.
GSHOCENSIMR SR RE AL I 2RI R (R0 v
R TR W 2% S A, T SR . YIRS R Y
ESSIEEINEE )

J(0) = max Es,~p [Z( airome [Q¢ St, at):| +

aH(WQQSQ))] (15)

Hp s, AAERREHE, B8 AEESME
FHIE; ap = {a}, -+, o'} RRBEIERE; DA
S0 A1 H (g (- |st)) —Ba, o, [l0gy mo(ay | 5¢)]
I, R YEFRE BN 2 AR R G B e 24
HEZ SRS EN; o ﬁTlﬂwB’JlﬁIﬁ?iﬂz, Qs
N SAC B TP IRE-SIEX IR Q s

5 FR, 854 i B RS 2] 0 fhA R
TE 5 2= A S il ek % (56 3.2.1 RIS 3.2.2 54l
R, FIFH O 7 S5 HOs /N IRAE XS 6 R IR
ws, ST s Sz . 3D R Z Rk 2 il
BRI O 7 S P S 4 A EE M v RO B AR,
SEILEERAR X K R 5 R B EAT A IR 5.
3.3.2 BUAREEIZ

HUT RS R BOR A Bt DI R, &5 4
SAC HEX P O 7 T 5w LAY ZRECT SRms, A
EEXIASRIKSP (0 205 S 3 A B iR prR L. 1
U FE A G N B B AR RS AL, 2 AL ) A 1
TRAEAS RN ZRB B RO 5w 24, AT 3RAS AN [F)
(T SRERE AR | 4 L g BT SRR A Y
ARG AR T T A8 DL 2 FEAL I T e m
WERIRES, 45 O ST %5 AR TR Z A 1
By Rk, m el Oy S e 2 RROREUT R
WAL T XS BT, HAEZE A R E T, B R
T 7 O T7 5 AR 1 37 ez AP E AT ARE R

14 KREHH

SIS M B AE 81 LU R LA R ey
EEFEOR LR LT3R TR JEEA
[ USSR AN [RI BT SO (85 3 sz A P gy 7 3
& BIER AN A il s B S AR U 1 4
THTRBARTERE? AT E RSB E, B Bk

PRHEE BV  H E  f
VA B T TR M R B, AR
L4 MINZE (SR). THRH (AK) DR T35
(AS) SASEEIEHR; 55 IR B0 S VL 1L 2 AT
S5 o 02 A PE SR R, A9 VI SR B TR 1P 2 R [
Yt 5 8 e LA L P R SRR (A M 50 A7 3
FHEE S RS0, VBN AS A2 BT 0 2
U2 5 B B R

4.1 SIRE

BETHENTEREESRENAE, At T
—/NCO FHAER (20 ) EEEECE TTANLH AREE
(10 38) Il BOR S, 1 BIREE 55554
HBBAER 45 T Intel Core i5-13600KF CPU Al
NVIDIA RTX 4070Ti Super GPU K& L. #
28 W 2% S HOR BVE I 2Rk 2 800 i e T3 1R
F2, KT RENAT T,

x1 MEMSACE

Table 1  Neural network configuration
HR WA
7 0 246 B 2 2 4 2
b 90 255 [ 2 9 256 x 256
Critic %45 K82 25 2
Critic %45 K82 58 2 256 x 256
Actor M5 FEiRZ Z 4L 2
Actor P45 58 58 B 256 x 256
Wk R ReLU
(RiE Adam

*2 HIRNAESH

Table 2 Hyperparameters for algorithm training

e BOEME

kK7 (batch size) 4 096

ZB KN (buffer size) 1 536 000

O] 0.0001

Hrinx 0.99

IR HL 0.2

FI bR 26 SR 2 50 0.02

4.1.1 FHAANEE
HARREBMESH AT RBENRLIR 2, y
[—4 000 m, 4 000 m]. SEFR{TEH A T Gt 25 ) 245
I NE AR, B FH—R 2, y € [-1.0, 1.0] 1)
BRIk, fERA RIS IFAGET, CJ7 SRR AR
75 E bR SRR WA a6 A 2 B e A B, o ER 5 e
7 B bR B AL R A (Tmin, Ymin +J X Ay), Fai
S B AR N (@maxs Ymin +1 X Ay). Ay FIR
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S 52 &

FHAEOT BARBL 7 e BT 1) (y #h71m)) b
HITEIBE. Ay = 2.0/ (Nagent + 1), HAF Nygens FmXt
N7 S EEOTT B AR I ECR, B BT IIYI6 ROE
SR R T 1) o B 2 .

TEAR S PAT SRR, i SRsy H ARk N 5311
Breya I, ) H bR 2x AT G BE IR 4l o B8 (A
SCBE N 60%). MALBEETEEIE N dij < R, 0;; <
B/2, b d;; IRESFH BB IR j FEKIKIEE, 0,5
RIS BT 38 3 AHE T H AR 5 X M B, Bk Ve
BlE2 R=0.05m, 8=n/10 (ZEL6i4/ NEUE)
XN SR ETLE. W e, S
SR DI BT A BT BARBECT BN R H R X35,
I, 20 B el A 45 R B AR Ik B d R I 258 )
PACREAEEIEEY 8
4.1.2 KE=E

A O SRS T M =5k B8
FRAIE BAACRFAE LA BT HFRFFAE. b, B SYRFAE
BLE RATARIG AR bR B 4B E . KAT
SR 5 RESHOL I AT R RORE; BURRHE
TER 755 25 BA AR T 12 8 R4 PR AR 6 A B [ 5 AFDGS
PR AR T AL RS BN AR FERES ; &
77 BRI & & 8507 B AR 5% 3 3R AR X A B )
BB E L BUh A TR SRS A
77 B AR RS
4.1.3 EHEZE

T EH 1.1 WEOT BB R RE — B, K
7 BEARIEE 02 SN {ay} x {wa}, FHH {au}-
{eo, } ARFRE A I BE SR R EUE R G,
VAR I NN 3 Y- NI T
HFRIZ 5l v 03 B 5 VR e g ot LA 259 R o 7
[—1, 1] XT[a], H H¥Fr#EEZRR 4 [0.005, 0.010] X
], VR A LR B AE [~ /6, n/6]. [FEL, AT 5%
1.2 i i) S A 2, of 27 T 3R B AR 3 1A
i€ XN {aa} x {ag}, FHH {aa}s {ap} RENFN
R JEE 55 000 ) o e ) BB R, 4 il R ) SR 2
HEAIEA ), HUE FIREBRILE [—1, 1) X (A HE &
FHARECT BAR T ANE LD B K, HH
T E X R B [0.005, 0.020], fw A X 1A B M
[—m/10, w/10].

4.1.4 ZRRHBIZIT

A AGRITWERERE, 23l T e %
BEFROT BRI, O J7 S m ke 54 2
XFCTT B AR AR NS, BT B A 2 e ) SR I 25
ZAALI B AR R S, SR IS 2 AR A0 H bR SRS
RANGRAM R 7 SRR s ) Sz A

ML 3 prik, £ 277 FHMPATEBRES N, &
T3 2 o 9 Bk 22 il AN 2 oA TR 4. B 2 ah
A0 FIREEIT B I B AN H AR, W R 2 i)
N Ad; - 10~ w; g, Hrp Ady FEiT E*ﬂ?ﬁj‘jﬁ, 7T
B EARA At F SR SR B Ax; 24 H AR AR
N 75 56 LA R D e BN, 45 T B e 2 e
200w 5, BB B, W% TS
5.0, DRI TR A, R
1] 3 R Al AR, 4 o A] R B /N T8 I A I
457 —0.10 BT, TS HAT S, AT —
W4T —0.05 AETT, H T 3h 7 SRR
TE AT S

®3 Rkt
Table 3 Reward function design
O FHERAE S KB E
FHEEIL B L B H AR Ady 10w,
Flbr 5 2 NG5 4055 Y [ EL A el ol B +20.0w;,
FbR 5 #EN T 58000 5 VS R R A R i B +5.0w;,
A A flf A —0.10
ARG —0.05
807 HAR NMRAESS L E
FARSEIT B 2 H AR XI5 Ady - 100/Distance
H bR B3k bR X856 5% +100.00
Fbrath N 3500 2 3 Bl Ll ol B —5.00
I btk N3 3800 B 0 BB AR A ol B —0.20
A A fli A —0.10
SBHIET —0.05

TERUT B AR AT NRAT S0, 807 22 i3 8 B
PRIl B B AE S DA A RAE ST =N . B
WAL HE: ®Oor H ARSI B s I 55 B bw X 3, 6B
Rh{E N Ads - 100/Distance, o Ady fE5EIT H AR
X IRES N IE, 22 B B bR X 38E U A 971 ; Distance &
TN AT E B H AR X BRSO B bR EE
H Fr X 35k BY 58 e NARAT 55, B 4h T B K I 32 b
+100.00, PA5 T &7 B bR IF BE N = H bR X
Wk 3 prik, B SR AE . ARG RIS 2
77 S AT S B AR AL, RAEAERR 2 2UE 1
5.

4.2 SEWHLER

1E 20 vs 10 FEHFEB s, FrigBikqE
FATN BRI EAT T USRS, Bk, &
J7ERAE VAL i FE R B checkpoints HL# 3RS
PISRBE B, X T OO SR 5, R X g
FEWE AT B BUHMERI K, CLUE SR VPl O 07 S 0
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AN[FTC T SREME & . HLk, BB T 27 3 LA
AN TR BSR4 AU [ A B80T H A, BT 2
77 FEMEAEAN [F) 0 HUAUAE N B . A A b
Kl & HE BN 3000, FAMEIE D ECERY 1200
. BB (Baseline) B E N AT AT AL EL AN
PLEIE) SAC 5%, i ad dro Al 2k 5 5nE 2 40t
ENH B 2 BRI . PR AR K B FE AR
BFEALST I T RBP4

1) SR (success rate) x& WAl BIEAR € HEFIA 2L
PERE R bR, W R B 5O HARABOE K, WA
N AT BT, 9 T VRS A SCRLE R R RE, A3
FEANFE BT BB PGt T 100 AE 55 B Eh .

2) AK (average kills) /24§ 100 i #4 o
A AT ARSI AR 5E. X—f8hanf
RO BRAT 55 1 56 B

3) AS (average steps) &z~ 100 KA H 277
TERAE S P EE 8, IR 58 BN BT ®OT B
PRAETH K. X — AR v A RS W 56 BRAT 55 i 5 I 1)

wnE 4 PR, L3R Bh A o H EIE = R
FEARR SR B e RO 58 O U AR T AT 25 R i B
s, gk 3000 BIE 5 RRSE]— M
AR TE R IE . N3k 4 PoR, 78 20 vs 10 HIIlZk
Wi, A ST IR R 55 i) % T Baseline,
STt T AR BE BRSSO AL, BT A
W& 5 3y 5z A [ REREAT 22 48 52 O

T S MR A ST T R FEAE A R HURUBE T /i

2 000 |
1 500

1 000

BN

500

0 500 1000 1500 2000 2500 3000
Il 5 4

Bl 4 VRS ek Hth 26

Fig.4 Reward function curve of proposed method

Rithe, SEER S5 R UER 4 s, 1€ 20 vs 10 BIIZR3F
Berp, ASCHTHR LS BB FIEAEAN K, A5 K
R RN 97% 5 93%, HILLLFIRIFH D8
B YR ) FERS B R 2 15 vs 10 B
IR, BEIRA TR I S B BRI A AN
FEBE PR RE T B, AEATY SR8 i R 58 il T S 2
45 ARSI Z 353N 95% 5 91%, HH13E 4 7
DL, PP ECE R, SR ] 10 vs 10 B35
W RSCRT R SR S R A 2 (R ZE BE T IR B
K. RS- EIE IR 34%, T H 4L F %)
RS IR CLBFEENIE 4%. WAL, AT
A RIE PR BN 8.81, B R & T3 5k
7.88. Rk, ASCHEEFEERE AIWLH S ahAS 0 HE
EAEBE G FAT S R B 2 AGRE T, Bee
BT AN [R B TT SHEMS LA S AN [T R

B i S O SRS R BT S N TS5 3R
L, SEEGEE RN 5 s, 20T RIS 5 E NI 2k
B B IR SR I A SO ZRHE SR 15 21 1) S ms 5 3L 4R 5
EIN 2R A5 B SRS R AR 2, AT % BIh 25 R
97% 1 93%, FF HIBA R = 1~V 350 A 2 AR D>
(35020 8. T TR B A A8 I R R DL I i) o
m, BRIZRAM SRS, A4 XE SRR (512050 mE 2
M ZERR), BB “UIZRI RS 17, <Y ZhobiRng 27
KN GRAMSEmS 37, O 5 e $2 A AH Yo 7 B f )1
SRANREE 1T, DR A 12 SRS 5 1)1 S5 SR s AR DL 52 1
ARSCHME 5B A B RIF TSR M. 28
BEOT VIR AN RS 2 B SRR LT A SR
PIRE I R BEAG. RAEE P& R B ZEAR KR
(9.99 5 9.62), {HSRIK; & B 28 SVEPATAE 55 i
SISO H bR, i H IR L T R T
KT 25 56 BT R). 24 O 3 o A 5 Kl
SRAMRIE 3 I, BRI SRR B R SV A A N 1 R
br N B, GAE S5 I 3R PR, (R A PERE T
FEEE WK, AR5 R R 62%, HF¥B 50
.

B, MR 6 FIEE 7 ] LUE Y, BEE SOy T
Virain IETHEHTUG BATE & 44k, AT 55 M B 5 35 3
I, BRI RN IR, AR SCTEE SR
FeI 5T B B AT L T AR O o FE AR T

® 5 AFEECT RS S

R4 REXPU Sz Table 5  Experiments with different enemy policies
Table 4 Experiments with different scales of combat 7S Ours (SR/AK/AS) Baseline (SR/AK/AS)
77 vs U7 Ours (SR/AK/AS) Baseline (SR/AK/AS) PR S 97% / 9.97 / 220.00 93% / 9.93 / 197.48
20 vs 10 97% / 9.97 / 220.00 93% / 9.93 / 197.48 Wgrshskms 1 100% / 10.00 / 210.35 96% / 9.96 / 186.41
15 vs 10 95% / 9.91 / 317.34 91% / 9.87 / 279.72 I oh sk 2 99% / 9.99 / 199.08 71% | 9.62 / 420.87
10 vs 10 34% / 8.81 / 509.00 4% | 7.88 | 455.37 B R 95% / 9.94 / 274.66 62% / 9.30 / 962.25
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Eitd 52 %

100% BT A EREE 40% W R Th 2 1 2 261N 20%:;
1E 3-3-4 TN R, ARSI INIZ A 64%, Tk
LT 58 AR (0%). ASCATHE H 1 3h 745 43 41 B i
BJEAERAE IR B 5 37 50 B R B AR 4T 1)
ZALTE.

5 R R AT T R 4. Wil 5(a) B
TN, ELLEE IR B A5 2 4L AT BE R BE 78 40 I WL
IIARREE, SRR BAY; £ B4 —2E 0T,

F 6 AIRIECT SR
Table 6  Experiments with different enemy speed
O EFE Ours (SR/AK/AS)  Baseline (SR/AK/AS)

Vtrain 97% / 9.97 / 220.00
85% / 9.81 / 198.45

40% / 8.60 / 197.75

93% / 9.93 / 197.48
38% / 8.44 / 251.29
20% / 7.25 / 196.30

Virain (1 + 50%)
Virain (1 + 100%)

x 7 ARETT AT S5
Table 7 Experiments with different enemy formation
T A Ours (SR/AK/AS) Baseline (SR/AK/AS)
— 97% / 9.97 / 220.00 93% / 9.93 / 197.48
3-3-4 64% / 9.16 / 459.36 0% / 4.76 / 282.36
h > B
» > he
O [] N N
. Ly - |
» w =
E & E

o AR 2 (c) SR 5 S A

(b) Ignore some (c) Insufficient guidance

(a) SRR BT (b)

a
(a) Unreasonable

el 5(b) Fros, R U7 A T S L
R, Wi B AR B4, Best, wlEl 5(c) B,
WL A il bR BE R E 357 T 51 AN 2, ATRE S EL
ARG RAT N A SR L. DA SO Sk AE
BN U5 IR AR5 A AR it 23 ).

HRASEEE

B REAT I LS, EEAA S IR UM S E:
1) B% MARL. & 041 DL K B & i
[ 52 B HE 2.

2) A7 MARL. 3755 4 DK BV & s,
15 25 Bk 2 S A 2 il ok Bp Lo

3) A& MARL. 3255 4 DK BEE = s,
T2 AL il B 8, 1 MARL B8 (3 A i 4
BT TR 5 P 7R R ) R R AT

4) AU MARL 5 BV 2 i,

5) FEBENAS o AL B R D R 1 S Ak
HEZE.

TH RS L7 S SR H b 1 B I
MEZR ISR 2), IIgri ki 6 frs. HBE 1) 18
0T SRR EL, BT A 25 32 il ok A i 2 1 X LG
WE 1) 12 Jah ok Kot 22 0B 4. 75T Rl B
J5 H AR [ AN AR 2R 41 SR

MF 8 H RS R AT LR Y, 2 J A il e
FOHL X T BEARAT 55 (1) R Th 2 THIE FE /N, (B
B 2) EBRZHLE G 58 AT 55 BT 7 167 38 25 H
T, AL 22 5 4 22 il o K B REAE — s AR RE
PATSSPAT R E, Ak B AR BCROR. Ak, 75 255k

4.3

distribution targets by the reward function 72 AL Sl R BRI R G 0 1 5 T e
characteristies MAAN, B 3) BAATERITS I T 95 MR
B 5 RGBT Z RS R F R R BRI T E 1)
Fig.5 Failure case visualization (1) e BEAE SR, X i B A E B I A5 R S
— TR R L — EZ AL R E, L R ARG S5 Rl A R
Tz S ek B S Bh A 4 4 TZEFA LB B0 5 EE R IR
3 000

2 000

EAniEl

0 500

1 000

Kl 6
Fig.6
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Comparison of reward function curves in ablation experiments with different settings
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Table 8 Experiments of different ablation settings
H R E SR (%) AK AS
wH 1) 98 9.96 187.60
WH 2) 95 9.90 315.33
WHE 3) 100 10.00 201.18
wWH 4) 80 9.33 387.47
WwWH 5) 65 9.31 783.25

JEAEWLIAR EE AT B AAAEAS B 22K, B T T an WL
BEAT 1 5 1A A IR S B A 2 18] il 55 MR A 7
BEIN, KT 5T SRR,

WE 4) LR T EhA A, B RET
FERETT B b Bold 9 4> (— 3% 10 NEOT H AR,
(BT FAE 55 I R A 220 B e ok, ik
AN PR, B 5 3 I ) H AR R R
%, b 70 e AR e JRE A E R o, DRI e R B b
T OBERAB AR TN, EFE AL 55 5E AR, B
5) it —D LB T R R B, CJ7 S A X
R FUAEL AR A [7] Bt 5k = A2 I H A A X 5% 2% 7 E
73, BB T B B AR BORR, wnlEl T
Fizn. S E A, FEROT AR A 5 I 2550 7
AT ZE BRI, BV R ML RE% I 1 e 4 A
Xt R AR RBEAT R RN SRS IE RS, 155 I iz AL
LR R IR 2 5 R B ©J7 5 50 S T
XF N R3S TR RS, 5 BUEARMIE 55 78 R
LUK 2 AT 55 e oD B

4.4 HEEFRE
A5 IR TR BAEE N G S PAT I BL I R 2%

Baseline Ours
o
| : e 2
| | HERER wig-
| | o~
- 2
> o
2 e
 __ 7 X -
» @ X g
wy = - ¢ A
. ) A
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| ]
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[ Hy C
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Fig.7 Target allocation visualization comparison

FEREAT T 53 4. USRI B ) v B 3 SRR T B
B4 E MARL H 50— 8 W 4% 1) 58 3T 72,
SINS S 53 o NI PR RS N4, A 4K
BAIR T THEE S 2% BE s T 5 N P R AR 5 0 B vk
R MG 7E B2 TH SR WG 2 A ) TR B 2 348 o AR A O
FE. AL TR B, AR SCOOTELE IR B n 1
— BT R A, B BT TR
AL, BB TR RS SRR

PATH BRI R B R Bk A T a4 4 B
AR TR DA K S 4 4% R A, AR 2L
N Oh((m +n)d? +mnd) + (dindy + (Lo — 2)d3 +
dhdout)) + O((Tmaxnend, ) /1), Fert h N2 ERT]
HUHI LB, dins di~ dour T Lo 53590 S50 W0 285 (0 %
A BETBUZ a4 R DL R X 28 28, ne NEODT B
R,  AREKSEM, d, NEANHTT RS
5 R FEAG 2 AVRHAE 4R FE . B b, B T P2 0
BBV, &S HEUEIIAR /N, BT B B o 5
TR AEH /.

5 #ERIE

ARSCHR TP T 2 A 0 L5 BE R LI
SRR A2 ST, I X SO SRR AT H AR 4,
PEARORERLE S, $RTT 7 SR SRR AR
I SRR BLok &, LB #E H AR T, 32
THAEmE 5 I sz A, I BT 2 R A 2l R ks
PR ARG ERAT R ER A el 2 4 B0 b
IR T HE S AE HENg 2 A 1 5 SR A E M LRI,
45 5 T R SIS B e 1 BB AT R R SR
B2 I P TR0 I 2% R R AL il 5 8 70 0 AT Ak &
8], J& 62 AR 4k 82 5GTE AR B R sh &5 T sk
Rkl & T ik, Beah, ZarJrid R IRAE T AL sh 72
R — i 5t 5P KSR AUE 55 08
DT 2280, Ja S TARR E— 2D Wk 70 i DR A B 1Y
RIBEEETEXT HLAE, DLIRTH SRS .

Sk

1 Jia Yong-Nan, Tian Si-Ying, Li Qing. Recent development of
unmanned aerial vehicle swarms. Acta Aeronautica et Astro-
nautica Sinica, 2020, 41(S1): 723-738
(BUKHE, BALUE, 25 T AHUERET Fodt R 4538 . 22 2 1,
2020, 41(S1): 723-738)

2 Xue Jian, Zhao Lin, Xiang Xian-Cai, Lv Ke, Hong Chen, Zhang
Bao-Lin, et al. A review of the research on UAV swarm con-
frontation under incomplete information. Journal of Electronics
and Information Technology, 2024, 46(4): 1157-1172
(R4, X3, ) 5200, BRL, 2R, KE, % FEEELTEA
HUEREX HIIT 458, BT 515 B 244K, 2024, 46(4): 1157-1172)

3 Gao Shu-Yi, Lin De-Fu, Zheng Duo, Hu Xin-Yu. Intelligent co-
operative interception strategy of aircraft against cluster attack.
Acta Aeronautica et Astronautica Sinica, 2023, 44(18): 276-291
(Fidt—, PREEAR, A2, HIR T BRI SRR B (K VAT AR R AE VD )


https://doi.org/10.11999/JEIT230544
https://doi.org/10.11999/JEIT230544
https://doi.org/10.7527/S1000-6893.2023.28301

1688 H 3

S 52 4

10

11

12

13

14

15

16

17

18

FARORE. TSR, 2023, 44(18): 276-291)

Duan H B, Zhang D F, Fan Y M, Deng Y M. From wolf pack
intelligence to UAV swarm cooperative decision-making. Sci-
ence China Information Sciences, 2019, 49: 112—-118

Zhou Mo, Sun Hai-Wen, Wang Liang, Yu Shao-Zhen, Meng Xi-
ang-Yao, Li Dan. Research on foreign anti-UAV swarm warfare.
Command Control and Simulation, 2023, 45(2): 24-30

(R, o, E52, THBL dkisg, 7 BN ANUIERHE
R A, FREEAE IS 07, 2023, 45(2): 24-30)

Luo R N, Huang S C, Zhao Y. Guidance strategy of mother-son
missile against unmanned aerial vehicle cluster. Systems Engin-
eering and Electronics, 2023, 45(10): 3249-3258

Burgin G H, Sidor L B. Rule-based Air Combat Simulation,
Technical Report TITAN-TLJ-H-1501, Titan Systems Inc.,
USA, 1988.

Park H, Lee B Y, Tahk M J. Differential game based air com-
bat maneuver generation using scoring function matrix. Interna-
tional Journal of Aeronautical and Space Sciences, 2016, 17(2):
204-213

Sunehag P, Lever G, Gruslys A, Czarnecki W M, Zambaldi V,
Jaderberg M, et al. Value-decomposition networks for cooperat-
ive multi-agent learning based on team reward. In: Proceedings
of the 17th International Conference on Autonomous Agents and
Multi-agent Systems. Stockholm, Sweden: ACM, 2018. 2085
2087

Rashid T, Samvelyan M, de Witt C S, Farquhar G, Foerster J,
Whiteson S. Monotonic value function factorisation for deep
multi-agent reinforcement learning. Journal of Machine Learn-
ing Research, 2020, 21(178): 1-51

Yu Wen-Wu, Yang Xiao-Ya, Li Hai-Chang, Wang Rui, Hu Xiao-
Hui. Attentional intention and communication for multi-agent
learning. Acta Automatica Sinica, 2023, 49(11): 2311-2325
(GG, MR, 2515, T3, BARE . TH M 2 8 AR UME R
NEE SR TNE. BEMER, 2023, 49(11): 2311-2325)

Wang Yao-Nan, Hua He-An, Zhang Hui, Zhong Hang, Fan Ye-
Xin, Liang Hong-Tao, et al. Performance function-guided deep
reinforcement learning control for UAV swarm. Acta Automat-
ica Sinica, 2025, 51(5): 905-916

(ERER, B, R0, Bi, Em0, Risd, 55 ERER G
B TC NAUER B VR P B A0 27 ST P 7 0. B 343k, 2025, 51(5):
905-916)

Zheng Z, Wei C, Duan H. UAV swarm air combat maneuver de-
cision-making method based on multi-agent reinforcement learn-
ing and transferring. Science China Information Sciences, 2024,
67(8): 180—204

Yu C, Velu A, Vinitsky E, Gao J, Wang Y, Bayen A, et al. The
surprising effectiveness of PPO in cooperative multi-agent
games. In: Proceedings of 2022 Advances in Neural Information
Processing Systems. New Orleans, USA: Curran Associates, Inc.,
2022. 24611-24624

Xuan S Z, Ke L J. UAV swarm attack-defense confrontation
based on multi-agent reinforcement learning. In: Proceedings of
the 2020 International Conference on Guidance, Navigation and
Control. Singapore: Springer, 2021. 5599-5608

Lowe R, Wu Y, Tamar A, Harb J, Abbeel P, Mordatch I. Multi-
agent actor-critic for mixed cooperative-competitive environ-
ments. In: Proceedings of 2017 Advances in Neural Information
Processing Systems. Long Beach, USA: Curran Associates, Inc.,
2017. 6379-6390

Wang B, Li S, Gao X, Xie T. UAV swarm confrontation using
hierarchical multiagent reinforcement learning. International
Journal of Aerospace Engineering, 2021, 2021: Article No.
3360116

Pope A P, Ide J S, Mic¢ovi¢ D, Diaz H, Rosenbluth D, Ritholtz

19

20

21

22

23

24

25

26

27

28

29

30

31

32

L, et al. Hierarchical reinforcement learning for air-to-air com-
bat. In: Proceedings of the 2021 International Conference on Un-
manned Aircraft Systems. Athens, Greece: IEEE, 2021. 275-284

Cai H, Li X, Zhang Y, Gao H. Interception of a single intruding
unmanned aerial vehicle by multiple missiles using the novel
EA-MADDPG training algorithm. Drones, 2024, 8(10): Article
No. 524

Han Y, Piao H, Hou Y, Sun Y, Sun Z, Zhou D. Deep relation-
ship graph reinforcement learning for multi-aircraft air combat.
In: Proceedings of the International Joint Conference on Neural
Networks. Padua, Italy: IEEE, 2022. 1-8

Scarselli F, Gori M, Tsoi A C, Hagenbuchner M, Monfardini G.
The graph neural network model. IEEE Transactions on Neural
Networks, 2008, 20(1): 61-80

Sun Z, Wu H, Shi Y, Yu X, Gao Y, Pei W, et al. Multi-agent
air combat with two-stage graph-attention communication.
Neural Computing and Applications, 2023, 35(27): 19765-19781

Foerster J, Nardelli N, Farquhar G, Afouras T, Torr P, Kohli P,
et al. Stabilising experience replay for deep multi-agent rein-
forcement learning. In: Proceedings of the International Confer-
ence on Machine Learning. Sydney, Australia: PMLR, 2017.
1146-1155

Koh W, Oh W, Kim S, Shin S, Kim H, Jang J, et al. FlickerFu-
sion: Intra-trajectory domain generalizing multi-agent reinforce-
ment learning. In: Proceedings of the 13th International Confer-

ence on Learning Representations. Singapore: OpenReview.net,
2025. 59197-59234

combat based on improved glowworm swarm optimization and
ELM neural network. International Journal of Aerospace Engin-
eering, 2021(1): Article No. 4687167

Veli¢kovi¢ P, Cucurull G, Casanova A, Romero A, Lio P, Ben-
gio Y. Graph attention networks. arXiv preprint arXiv: 1710.
10903, 2017.

Haarnoja T, Zhou A, Hartikainen K, Tucker G, Ha S, Tan J, et al.
Soft actor-critic algorithms and applications. arXiv preprint
arXiv: 1812.05905, 2018.

Liu E, Zhu J, Lin Z, Ning X, Wang S, Blaschko M B, et al. Lin-
ear combination of saved checkpoints makes consistency and dif-
fusion models better. arXiv preprint arXiv: 2404.02241, 2024.
Vinyals O, Babuschkin I, Czarnecki W M, Mathieu M, Dudzik
A, Chung J, et al. Grandmaster level in StarCraft II using multi-
agent reinforcement learning. Nature, 2019, 575(7782): 350—354
Yuan G, He M, Ma Z, Zhang W, Liu X, Li W. Multiagent fol-
lowing multileader algorithm based on K-means clustering.
Journal of System Simulation, 2023, 35(3): 616—622

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez
A N, et al. Attention is all you need. In: Proceedings of Ad-
vances in Neural Information Processing Systems. Long Beach,
USA: Curran Associates, Inc., 2017. 6000-6010

Tao F, Wu M, Cao Y. Generalized maximum entropy reinforce-
ment learning via reward shaping. IEEE Transactions on Artifi-
cial Intelligence, 2023, 5(4): 1563—-1572

RFWEE  PEBEEEAREEAR
R R e eE 2 W B G E &
Ml s S F-AT P E.

E-mail: zipengwu@mail.ustc.edu.cn
(WU Zi-Peng Ph.D. candidate in
the Department of Automation,
University of Science and Techno-


https://doi.org/10.1360/n112018-00168
https://doi.org/10.1360/n112018-00168
https://doi.org/10.3969/j.issn.1009-086x.2023.04.001
https://doi.org/10.5139/IJASS.2016.17.2.204
https://doi.org/10.5139/IJASS.2016.17.2.204
https://doi.org/10.16383/j.aas.c240519
https://doi.org/10.16383/j.aas.c240519
https://doi.org/10.16383/j.aas.c240519
https://doi.org/10.3390/drones8100524
https://doi.org/10.1007/s00521-023-08784-7
https://doi.org/10.1155/2021/4687167
https://doi.org/10.1155/2021/4687167
https://doi.org/10.1155/2021/4687167
https://doi.org/10.1038/s41586-019-1724-z
https://doi.org/10.1109/tai.2023.3297988
https://doi.org/10.1109/tai.2023.3297988
https://doi.org/10.1109/tai.2023.3297988
mailto:zipengwu@mail.ustc.edu.cn

8 ST MEAE: P R ) SR (¥ 85 3 55 W R 2 AR A 2 21 T 1689

logy of China. His research interests include MARL
and human-AlT collaboration.)

DB PEAAREARR B R
Bl EEH T A8 A R R
RERGIR S M, ZERAREAEYS
A

E-mail: gcmaQustc.edu.cn

(MA Qi-Chao Associate professor in
the Department of Automation,
University of Science and Technology of China. His re-

search interests include decision-making and control of
autonomous intelligent swarm systems, multi-agent
game and RL.)

FHRE TPEEPAHEARR Y HIMER

k. FEPR T ONE R

gt, Baiflds N B L3S B 5 #RAE,

N-HUAEE. ASCEEE.

E-mail: jhgin@ustc.edu.cn

‘ h (QIN Jia-Hu Professor in the De-
A partment of Automation, Uni-

versity of Science and Technology of China. His re-

search interests include autonomous intelligent sys-

tems, autonomous navigation and embodied manipula-
tion of mobile robots, and human-machine interaction.
Corresponding author of this paper.)

ERE TEELRmMEMEEEE
RUSEIS = TARIW. E W7 AT
Z5 RN SRABAIE.

E-mail: zhanchenguang@qq.com
(ZHAN Chen-Guang Engineer at
the National Key Laboratory of Air-
based Information Perception and
Fusion. His research interests include task planning
and requirements justification.)

SREMS  AE BRI SR E A E
RRSEES A . BT T A ]
T, L ETEH

E-mail: zhangapengly@163.com
(ZHANG Jin-Peng Researcher at
the National Key Laboratory of Air-
based Information Perception and
Fusion. His research interests include guidance, naviga-
tion and control.)


mailto:qcma@ustc.edu.cn
mailto:jhqin@ustc.edu.cn
mailto:zhanchenguang@qq.com
mailto:zhangapengly@163.com

	1 集群拦截环境
	1.1 敌方目标模型
	1.2 己方导弹模型
	1.3 拦截任务规则

	2 问题描述与数学建模
	3 动态分组图注意力集群拦截算法
	3.1 动态分组模块
	3.2 图注意力模块
	3.2.1 交叉注意力机制
	3.2.2 差异化奖励函数设计

	3.3 多智能体强化学习模块
	3.3.1 己方导弹策略训练
	3.3.2 敌方策略训练


	4 实验与分析
	4.1 实验设置
	4.1.1 对抗规则设置
	4.1.2 状态空间
	4.1.3 动作空间
	4.1.4 奖励函数设计

	4.2 实验结果
	4.3 消融实验
	4.4 算法复杂度

	5 结束语
	参考文献

