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Research on Multi-machine Conflict Resolution Based on Deep Reinforcement Learning

HUO Dan, YU Fuping,SHEN Di and HAN Xueyan

College of Air Tralfic Control and Navigation, Air Force Engineering University, Xi’an 710000, China
Abstract With the increase in military, civilian, and general aviation flight activities, the conflict over airspace use has become
prominent,and it has become a normal phenomenon for multiple aircraft to fly simultaneously in the same airspace. Therefore, it
is an urgent problem that needs to be solved how to provide assistance in avoiding flight collisions through technical means. To
tackle the challenge of resolving conflicts between multiple aircraft in flight, this paper introduces a Graph Convolutional Deep
Reinforcement Learning(GDQN) algorithm. This algorithm combins multi-agent deep reinforcement learning with a graph con-
volutional neural network framework. Initially, it constructs a message-passing function to develop a multi-agent flight conflict
model, which can navigate multiple aircraft through three-dimensional, unstructures airspace while avoiding conflicts and colli-
sions. Subsequently.it employes a deep self-learning method based on graph convolutional networks to offer intelligent conflict
avoidance solutions for airport scheduling,creats a multi-agent system(MAS) for managing multi-aircraft conflict scenarios. The
effectiveness of the algorithm is validated through simulations using extensive training datasets in a controlled environment. The
results indicate that the optimized algorithm is effective,achieving a conflict resolution success rate of over 90 % , with resolution
decision times of less than 3 seconds. Additionally.it significantly reduces the number of air traffic control(ATC) commands is-
sued and improves overall operational efficiency.

Keywords Deep reinforcement learning, Graph convolutional neural network, Message passing, Multi-agent model , Multi-aircraft

flight, Conflict resolution

W 5 30 4 o B Aol Y oo B R 25 TP AT A AR B
SR o T 28 SR JRAT R, DRI k398 Jom T D0 Y AT o % ) f
H S . 3 — IR EDRE 2 o 23 v 2238 A5 4 S K AL B 9 5%
UL BE MR 5 R G 2 4 T AE R AR AR — R B AL, R STy 5E
AR AR N 22 0 R B 15 HEAT A5 S0 ) TC L AL R 4 R A
TRFE IS, R RE G I AT oy R SR I W5 22, BB =
NGB AR G4 A0 7 B9 B e TR A B R B RS T R
PG, Db, AR REAL A i SO 3 4 9 2 P 220 9 IE H

FH H ] :2024-08-23 & E HE.2024-12-02
HEUH . EH RSB 4 (22BGL319)

FBAT B A R B L B L A A A 2 (A L DRIE 2 P 3S 2
SHAREMNRLE L,

YR T 2 B CAT oh 52 A I RS G T SR B . TR
Ak A 2] 2 N TR RE 04 T I O SR L B R R Ak A 2T A
a5 ) e 5 43 () S IBr & R, Wang 25008 IR BE 5 Ak 2F 2 i
2 KAT bR A B P, 2 T K-Control Actor-Critic &
2 AE SR 2 S BOAY ER BT BEAT wi S T 5 R T L 38 Ao R A
o) £ 43 ) AT g B 5 ] B TRAT AR L DR D B TRAT A A

This work was supported by the National Social Science Foundation of China(22BGL319).

WAEEH # P} kannyh2022@163. com)



272

Com puter Science FHEMES Vol 52,No. 7, ]July 2025

T £ B U Ak A B B AT SRR S Ik R A i . Liu
AFUVAR T A TR A T I e e N ke A b e A Ak R )
AL, LU e g, Wen 2500 5 & 2 30 RAT 2% 94T i 25 A
JiE s LA 1 3 bR A A% [ 9 S Bl 1 2 TR B TR E TR
1 56 W A J3 3 (Deep Deterministic Policy Gradient, DDPG)
I T TR AT ol s AT 45 b i O O LSBT T 2 ML kAT
MR BRI, B 2 Ah, Cai 2070 K-Means 25 ) B 2%
S 3 T S A6 7 125 L Tong %5530 32 Bl 1 1R o 00 4 ok
fp ke 7 A W OCAT I A R A 2 ALk s 1

R T A A P 22 AL wh g ) R BRI kR (H
% BB BR A IR RAT AT, 2O 3 T4 R A LR R
fift e Z2 WL 2Z TR) 1 CAT vh 38, Bl 25 4 N B 1 T A B Ao A0
PR W AR & TR, X 15 50 00 B 6 BU 2 I 24 55 1k
B8 R A s A5 T 4 P T ML T A AF 9 i s
FEURAL 1Y L, DRI DL R 2R L 3h o) B BEAR RO . A, &
58 Sz i A e ST AH O 1) T O e SRR Y L R AT AR B AR SOR
FH P 5 R 22 I 45 R SRy B R A2, A4 36 T 8 A% 38 T L 3 5 1
fift P 2258 6 A AT wp 2 B A ) GDQN (GNN Deep Q-Net-
worl) F 3k K2 WL Z [ B TERAT SR, HE A8 L S ik F 45 A IR
AL ) R AT Bk WG R L 7R T4 RN 3 W R
B FE AN K AL VR BE R (Agent) SR BIFST, B %
TR 25 M 2% (Graph Neural Network, GNN)AE b § & HE 28 o
kBB B AL 2% > (Deep Q-Network, DQN) 8 12 k47 #F 5%
& 7E R TR 22 ML i 5% Al ek 28, 2 45 o 58 B ] CAlir Tralfic
Control, ATC) #§ &, & & £ oy X i &5 4% 19 % & P M i 17

25 LR 78 B A AN IE 53 28 HL AT IR S T A 5 )
FERl b, AR SCHY H b R 5 A 1B B 2 ) 46 g ST — R BE AL
T AR AT bR B SR A IR 2 4R LI AT IR A L
1 1 2 RS A T I 552 00 oo 28 A 06 L T LA A A o DL I 4 R
e — R

1 R E

g fk 2% 2] (Reinforcement Learning, RL) & —# il i 5
IRBE A B2 2 PR R M D HLAS 4 S Ok . B O B R
LR fE R (Agent) 78 $h4T 3 1 (Action) . W %% 3 53 (Environ-
ment) JZi5t BIRZS (State) F# il (Reward) B9 i 72 L 2% 2 #)
— N H M (Optimal Policy) » DT SZ B 411 2B 25 fif % K
117,
1.1 EeedEieEsER

9 AL 2 2 i e A) B B — 5 L — AN B AR T SR PSR b
# (Markov Decision Process, MDP)E ™ [ # #8465 4 43, 45 —
A RES 23 6] — A B AR 25 [a] T — > 22 Jil pR 4K
1.1.1 KRAZTH

TEAL AL ST S AR, B LAS 8 3 A0k T s L AR AR B A
BECRE s, B 2n MRESH B A S M= (D
FIiR -

S={x1 231 +X0 2 Y2 25 s Xy s Y0} D
1.1.2 ##E=xmH

RN n A2 A% T 8 R I 2 B A A S A A

m N, U —3F e MAS T BAEES W
KPR

A={a,az " sa, } (2)
1.1.3 & #

TERIE] ¢, RBEAL T — Ak AW BEIRE WS S={s).
LZARS R VB IK s, BT a, € {ACS) Y IR Al e AY Bh 11
Z— [ R A R — D BE R R BRAS AR h
Si+1 o

B R Y B AR K O 86 fe KA, 5 R BE HEAT K B )
28 H A A2 il ) AR BT A = (3) R

Rlikior*r,u,.l (3)
Hor BPIRE 01, XA REUR BN 1, % 681k 1
A B il B SRR . TE A S AR, AR A BE RS R
RIS E R RS o n (s, @) BDAEARDS s IERESI1E o MIMERR

ARSCETLH ERRRBR T E S M 2k ac Bt R R
Rz o A H AL 2= > 0y X, o {8 ek ZED B R
ST BAE . R BEAR 09 2 VR (5 o B30T X R 58 s 4
MBBERTER S s P IEBESIAE o IERENE % 5K W I 1% U Wi 25
BIECA BB, =X (O R

Q (ssa)=E (R, |s,=s,a,=a}

:En{/‘iz]r"rl}k\l\s,:s,cg:a} 4

WARA T o SRS A M (E R V() AT A3 3 5 (B R
AR AS T B o A Bl Sk R X A SR L T 0 HE S 1 5K
' TR R AL VT G SR PR AR AN (5) TR

7' () =arg m”axQ"(s,u)

=arg m“axEn{r,A]+7Vk(.v1+1)|.\y:s,a1:a} (5)

ot 3 04 SR W 7 o B BRI VT (o) R AT PEAN B2 R
F B B (B R BRI 7 SR A . AR BRSO, M SR R AR
B F G AR %o B A s B D AR SR
1.2 ETENSEERERLES

P 4 LR 2% (Graph Convolutional Network, GCN) f& it
AR W TRAT B — P R 25 R 45 S5 4, B RE AR AL IR ELA T LR
FE S R R s TR AR R R AE AR W] LUK A DG Fh
S5 R 3E 2L A2 IR AR OC R L R L O R R

AL FEGEE T TERMEERMAEI T . ¥ GCN
2 2 EAE RN R KA S B R NT

D5 EHiBE XE RINX D) JHH N 2R D ERA
AR,

D) AR A€ RN N) A T 6 0 i b

With— AN ZE€ RINXF) R F 265 1 4 th 4
FE . ABSEHTIE Alosco ) ib 06T LR 5 o R w Z
I EG BT 00 4 4 T LR 1, LSR5 A R 4, U 0,
S FE T HE 15 2 B 5 A o ) K AR 2
) 523 5 T v 28 11 T GON J52 30 3o 342 432795 4 MR 1
BRI ave . A0 BN DQN BE VA T 3458 3% . 3 1 I
B TR 20 100 24 1 7 FEAE 0 55 20 T .1 i M 22 0 26 i 2 1
i e AT SR () GDQN B ¥k . %88 T 7 4 o 2
VR 0 70 6 51 5 T MO0 1 KL 5 = 4 0 4 4% 4 A %



BT R TR R A 2 2 B 2 L S A TR v BRI 5

273

s R 2 T B B BRI 1 2 D 5 R D BL R R A e
PR o 58 1L e T B

2 ZEREEES

228 R M TAT r B i 2 S e G R ST ) A AR X A
RYHEAT R AN TE AL, DATHT A5 3 B8 1 B 0 o 98 i D SR gL
(R A 0 Bk 22 8 RE A AT w5 ) L AT 20 06 4 0 Y
1R[] R AT A
2.1 6] FE 5y #

TRALTE R E 25 RN AT I8 B L 28 X el e B AR e A R
AR A AT el g . N R R RO b R B A A O
SRIBUIE 2 0 05 AT o S AR . TCHLAE R A v SR L E AT
LA o 80 g 3 L B T 1) Of G A b 5% L X R A 3D
RTS8 IE 22 1AL 3 3 4 L (R 3D R BT 2 A 1 2 i iE
PRI RS 1 PRI 78K o 2 80 o o AT A ol 7 b i P
By o LB R TE I E 23 3P AT BT T R AT R L T
R 5 27 0 B R R B 22 U T B 2 ) LA AT A R B TE TR
A7 3 MR R BTN R ) LR R g . A, T s ) Sy %
PR 22 FU R 2 48 00 o B84 6 L 220 T o 2 RO 1) X K
A7 i 5% Y B, T BB BT b S AT M R WA i . A
I o AR SCEE 5 7 DB 2 R A R A e 5 ) R A 1) 9
2D il .

—RRHLEA B EIAE R S R AT IR E S
BT LA R Sy — A e LA E A A 1 Bros . %R fE
PR ELAT A AT | B g il 4 LIRS AR 5 IR

SREEEIRE,

(ol —p(Cmmmmme ) o
7

REERE
ARBY

12

v
E'/

Mz B B &

KATECHIEE

Bl fiuzs 458 R IR N IR S i
Fig. 1 Internal structure of aircraflt agent

ZHLRATHY S 57 v 5 T 2 A4 R A, i3k S0 38 R A 2 [R] AH
HEHE, B Z M b= 5T LLEE - oA X 2 F iR R
%t (Distributed Multi-Agent System, MASH', MAS fi4 i %)
RIS RN IR U Ay MDP s BEHL I AR 2 . N SEBR Y
T DU ke 5 244G 0 300 VB A w2 e A AR BOAR A TR IR
BT — A2 HOR S K36 e A AR 5 R LT IR 4
ZETH R GIRE . B 75 LT R R S 5 L R —
R RS SRS MR A 5 X A& MDP (| $2 4%
P BR B SR AT Rtk

R BEE BER IR IR IR S 2 50 s BB — A FNHE 00 PUAT. B
e AR BT —DRE 510 RRPATIH A3
YE a BT —ARE s, EE XA BRI EE, 55, ¢
X—=AH G=V.E).VAFEP AL D E E RN
A TERML, LR ERMTRERERA INH (v, w) T
SR LA — 4 GON A BRI, & g, 4 A4~y
S — AT R AE 1] e R 7 2 B IR B R OIR A b €

ny s T USRI PR AE T 1 e €, AP AL AT EE T 05 o
M ow BEFE B ARG WA AR T SR A5 BT,
I J T L R OIR A s e, i LR kAR S L A T A
CMARJE AR ER T2 T, 3T Al @A B A TR
PR . MEEREA AR P, DOIRES s, BLIRES sep 1 15 400K 45
R strpl,
2.2 HERIEEST

ot LR K Z P CAT iR i SRR O — 4 MAS,
TP IR B S — A RE IR B U8 I DL AR 4 B
TTH8 4 0 R0 0 T AR R AT A BE 7 o 3k b TRAL B Bt A ST
1% GDQN F1 MPNN 1E R & ek iy 2 2 ik, KA B4 g
PR LT 99 5 AL T O T E AT A R A B RR AR . TE
ZREHE P AT T BT RS RE IR E S T fE R B &
17 8h Z W SR A7 V838, A S R BR B b 4 v 4 30 2 D R AIRAE 5 4
B BT AT R A > ATC $84 .
2.2.1 ik

BB E T B R BA SRR AR O T IRE A
HE BT B R RO M, » 12X (6) BT R

M, =Ale,. )R (6)
Hh Alen) HIBMRI e B E] d X d JEBE 02 45,

ZH B REUH TR A HAR 1 A 048 3 RR AR AL 56 AR 1y
FOR AR IE AT S R IR ey o E T B — AN 9 L ) I
3% 25 B AR 2 X (D iR .

m{P = 2 M., (h? LAY Jen) )

wEN,
HAr N, FoRTE o WY AES.

SRIG S ALE MR A RRAE DL BT B R ECh AR AR
HE W A ST RURE, i (8 PR

U, =GRU, sm{™Y)

RS =U, (A smST)
H.rf ,GRU(Gated Recurrent Unit)!" 52 [ TG 3R BT .

B 5 ) P 3 M pR B0 AT 1T AR 332 3, R T — SRR AE o) i 3R
NEE R A () IR

R:v;v' o(f, (A A ) © f, (hS)

8

. €D

y=RUh" |vEN})

Hoh, OFRR GBI 50 & sigmoid WG KA £, F £,
K T 35 28 ) 4% (Feedforward Neural Network, FNN)M#
2.2.2 Actor-Critic £ %!

BT v (g TR W] LA S — > B A R R A, T e A L [
HILZHEERRGE, EXDTREF . BN RERZ AT
PR AT LA i 1 B8 2R B, B G= (VL E) .V H Ry 34~ 5
X R — A ek B P i E R AR BT TR AR IR 2 (] fE %
HEATE B AW AL & T 5 3% 2 19 WA 8 6 1 M G 1Y e
&,

5T TER IR AL BR RS L EAT S AE SR RR AR TR Y 2 IR
WAF . AR AR AL AL B D e LT
AN AE A 1) G A AR R A A DG TR AT I LS RLERAE IR B
FA X 215 BA IF B HAE R B A b, T B R BN =L (10)

VAN

myTV =2 el e Y (10

w€ N,

Enr"\



274

Computer Science FHEHFIZ  Vol. 52, No. 7.]July 2025

Hopapo FRBRER o 4T3 fig
BB XA FiR
exp(u £ (A e el 1))

w?\v’exp(vﬁ” L FOCRY R el )
b, £ % FNN o €, oV IS H,

TE BRI [8] A5 v 4 28 B A 20 B g e R 25 7T 52 90 A6 7
DA B2 il 3 FNN i sz 81, izl (12) iR .

R = £, (0,)

e = FO (LAY LAY e D)
Horpr, o, W SSURHAED S B A RE AR 19 AT WL EOR A

e Ja Ml XA A E P EME V.,

Vi D= £ f TR R T (13)
2.2.3 DL h

TS GDQN BB AE 25 v 288 A AT 55 AR I, ¥
W RN NS R . PRI G R A 2 Pros,

W we N, B HE I ACE

(t+1 —
Qg =

an

12>

A6 IR & N
e 1
CD&R o 1 | CD&R
78 1 I : R AN
|
| |
I kA 22 :
L g

[So.A0.Ro.S1]
[S1.ALRLS:)

EAF
[SAnR.SrH]

, ‘ %
[Sr1.A71.R1.57]

K2 ARl gl B
Fig. 2 Single-set training process
AN YILETT IR AR P W AR so KIZAH
REfA . TEREIFIEE o 8 B AR B BOIRAS 5 JF 1) 3R 858 % 3% 5
YEA, . ZJF . BRERIEEMAE A, PAT— 25 0K F —AIk
& S MR R, WAL BB RER, REXAEE, HB S
AR . S AR Sepy BE X R o0 I A7 B TE P AE
W B RE MR A Bl A P et AR B L T AR GDQN B3k 547 A
I,
D=5 iz 3l 7 1
EXﬁ—"”Kﬁlﬁﬁﬁﬂﬂﬁ NN SR LNUR TN
AT LA = 425 [ AR AR B (2, sy s 20) s RATHER (V) LIE £A
Y LI A 2 RS RE A Y T RS E = (1D TR
x, @+ D =x,()+V,(sing, (1) At
v, (t+1)=y,t) +V, ()cos ¢, (1AL
Z,G+D=Z,(0)+V, (O)siny, (At
V,(t+1D =V, () +AV,
¢, (t+1D=¢, () +Ay,
Y.+ =7,()+Ay,
Hrb AV, FLAG, J3 5 2 B R Rk s A R AP K
2)4ﬁ</\lﬂj
B RE AR ZML G L Y 1R A L DER I e 4 H A R 3
58 JTVU“'J*HXT HA R we N, PIE—min %S
(Closest Point of Approach,LPA) s HE SN RER v Ml w

(14

T Y A0 B AT ORI R R . BB A o
Ml wo Z[E] g CPA JUfT T 81 45X (15) T 7R 13 R AIE
teea,, /60 7
depa,, / d in
080,

[ (15)

sin0,.,
cos(¢, — )
L sin(¢, — ¢,) |
Horf s tepa,, M depa,, 791 R B CPA S B E] A M o F w By
BHeAAR) CPA MUY E B 5 i 24 B )25 43 %0 40 g 4
Z AR 22 4 (1 0] B BE 25, b 1) R J2 38 o X 23 B 8 24K 1
dlwin I BEAAXT 25 T 070 22 il CHR & 311D S 52 U 1Y 50, o8 CPA
A BEMR v B B w TR Ap=, — . .

S TR Re A AR B N R R AR AT B B AR AR B AT
Z AL ATHEAT G AR . T8 SEBR TRAT 2L A2 i TRAT A 0 38 A S
[l o T SRE 1Y 20 06, HOWR B2 AR AL A PR L O B AE 434 R () 2B
KTXHL*”'@EWZI‘EHM MRS 2R E B E do, . HIL,

SRR 2 LR T 0 7S e AU 1] R AT e 5% i B T“TEAI** K
ﬁLl R 5 0T o A 00 B R A 52 S O B T LA TR Y ]
A7+ X0 LA Bk e 22 5 1 A L L R L R R AL HEAT AL 1] O A
SE L ARG . TCHILAG I B R AR v 5L R R G PR )
A i g K A R VA RS ) S AL S T E R BT DA
AT AR PR I 20K 5 b 2 18 0 e AR A S
i e TESR 5 2 A D B 3% i 5 AR A 2 1005 L b 58 e 57 20 3
A Dl SR R A B H A, B 3 Sy — A TRAL AT AL R
A A Y R

R A

Bl 3 TRALHLEE R R

Fig.3 Schematic diagram of aircraft avoidance angle

3) B 25 ]

ZIKXCEPE’J*”AEM:W/F{%@%L Ak AT 18 A8 4k L )
YEZs 1) A, SRR n A0 AS 5% 0 28 3 3 A0 O 1) B9 41 & o IR I 30
2 T A A qn =X (16) fr s

A,={n LJrnV e any oy ) (16)

Hodr, my, Aoy 3 5 AT B B B A B AR AL R,y €
(—gygymewmymx B R 1 B 7 A I
[ A8 K #0810 08 B A2 R A S L PN

4) % Jil pR B

TER WA ZJG BB R A R — A S R 2 3 R,
AR AL Y SR X T AR Y . 2l eR B R R
SN 87T 2k S U IS VR I TR S R (I T RS R PR i
I S R A ST A T O P e R 0 R 220 Y R e AR B
A 3 o S R R L AR T oK B S T SRR . RS SR



BT R TR R A 2 2 B 2 L S A TR v BRI 5

275

FETE (1 H A 2 B A TE AT 35 0 Z0 A9 BE B AR T i W2 45 T M XS
L3 N U RO I = Dol e o S B U 1 B N A 11 I = N
=t QD) R .

[ —
e T T Wy ‘Ueu‘
[
ry — *vamgz:u
[
r = —wLsy an
’ Al
re — > CU1L41W« d
w€ N\ {v
r__
Yo — 2 (U Ldu PA e in L’L'V\ <Zmin
wE N\ (x

HH BB w, s we s wa oy Tl wy R8RS T X 2
A7 IMAL s DA TAT Ay 5 BT 27 7 B4 5 Wi o K5 A i 4. 22Tl el 6 R

[0 14 207 2 A 5 JHG o R 0 A o S AR R B L, g 1, T
M0,
R R, AN (18) R
=|r"+r +r,+r +r | (18)
2T ) s A Ak PR AR AN IR 4 R
- Amas |
| N
| lom g ta
| B RLE |
% #GCN : MAX Uz
RS o RU L (1 D
MALE s %] 1%
| s | - m| |
| )
|

P4 BTk MR AL B AR

Fig. 4 Overall processing flowchart of the proposed algorithm

3 HEFEXH

3.1 IWiEE

TS T LUK ) 5L SR KR — DA 4 . actor
H critic Fe=E R 2% Y484 AR I = S B
A AN RHDIRESF 3 AN E R SBIEFEBE, B 28 ALY
REE el WA FT SR TG B R 64 4L R 5
BB 128 4k, i A RHLRES

AN [R) 4 08 42 AR A 55 F b, AL B 3 AR L LAAS TR Y
T A AR SR RHLBE B (5 B . B ALl 3 A~
[Fi] f1 S8 422 6 B o 3 o 1 A T 46 AR Bl R 1 3 0 2B HE 3 Ik AT
FEA 3 AN 128 I, &S 4T PR AR TEAL AR I X DL R 2

actor I critic

POR T AN TE] Y A8 B A B S B 3 AP AT IR TR E, sl
AN Al LUE TR &8 B3R5 A 2 A2 KW 1 i, 4 2R
RHLFE R T o T DS BT 2 (5 B S — D SRR B
LRFEEFZIEEN BN AL T BR A & A H A R HLAY
AR BRTXAL EMILHES HATRBNEFT TR,
S A R R A B R B R I X R A B AL A B

B AR R R T A X N AL,
EIRE RN (373 8
0 1
Adjucencyl[ ]
1 0
Adj 2 0! (19)
jacency [1 O]
Adj 3 00
acenc
jacencsd ]
300m’
» —
209111
<«20000m->|
‘«—30000m—>

]
5

(&)

K5 CHLAHIRER
Fig.5 Aircraft situation diagram

Wk BRE RN T 3 MR B2 ARSI A £ 2Z
] F 2 S B0 B T BB A AE 22 5 B — )2 RO Y R0 A5
AR, PO = 2 i o e 2 B S B e (R I 45 5 . H
X% 4 A ] B PE AT SRR, I G 5 T 15 JZE 4 B 4% (Fully Con-
nected, FO" LK 64 4E N . &5 ARt 5 — &tk )2
P AR5 B8 T ahE K AR W 27 Ak —A> 7 ) ik, 2R
BT RIA, W 2 A — A 1 Y R A AR B A
RelLU #3G sR B BR T ShE MM LR E — 2, HARHS
AR o % 4 A 128 )2 AE NS A 55 — A B0 R
B, BERLGSEIE 6 TR,

B2 [y
» CGN#E—2 —
2 RER3
- o - = , T (als)
R . FC#iE FC#hiE - FC# & FCHR#4 2
EBERE P . . > CGN & > R - ORI o 2
EBR (64%) (1284) o ®_’ (64%) (74 R 14) VO(I;)
------- »|
» CGN # = —

&l 6 actor Fl critic FyFLEZEZAHY

Fig. 6 Shared architecture of actor and critic



276

Computer Science FHEHFIZ  Vol. 52, No. 7.]July 2025

X 1FH T actor-critic B [ B 2% 251,
21 actor-critic F5 Y ) X 4% 81

Table 1 Parameters of actor-critic model
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Table 2 Environment parameters
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Table 3 Results of the conflict resolution scenarios
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