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[Abstract]

With the advancement of unmanned aerial vehicle technology, swarm drones are increasingly being

deployed across various domains, including disaster response and military operations, where their

effectiveness is particularly pronounced. These swarm drones leverage real-time data sharing and

decision-making capabilities to execute tactical missions, making collaborative behavior essential in

complex battlefield environments. However, traditional rule-based behavior mechanisms

face limitations

as environmental complexity escalates. This paper explores the potential of applying multi-agent

reinforcement learning (MARL) to swarm drone models and proposes strategies to enhance their mission

success rates. By utilizing QPLEX and Prioritized Experience Replay (PER), we present methods aimed

at improving learning efficiency. Validation through the SMACv2 simulator reveals that the proposed

approach achieves faster learning convergence and higher mission success rates compared to existing

MARL algorithms.
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I. Introduction
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II. Preliminaries
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III. The Proposed Scheme
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item sub-item type
movable direction
bool
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own health float
absolute position(x, y) float
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health float
ally relative distance float
relative position(x, y) float
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health float
enemy relative distance float
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unit type one-hot
2.2 action

2elo] s8F F7Haction space) discrete action B
A2 w2 Sgo] HEE 4 9t WSlaction)e 7|5
o FA0R FR/E 4 AT 752 [go west, go east,
go north, go south]’t 7F=3stH AjU2]e Y & B2
< Top TAIQle]l Mz FEF 4 YL AU oM AlF
she T g0zt Uz 4 ik ok e Aud AT
=g0] 37 Abje) U YR 2o eI 34 Ba
£ AT 4 Ack
3. network architecture

2 =RoAls 290) R g Eat golg o
o]7] 95l MARL ¥2]& QPLEXe 41 &9|7]4t
tlol8 7HeA] A&7l PERE A|QFett,. Fig b
LneEe AT s PAS EARkL Zow
Hlol& A7d, PER 719k ¥lx] Hlo]& A&7, QPLEX
52 ol 83H TD loss A TS Uehich, s
Q3= FA Duplex dueling &5 7}A]&= mixing

o

IID‘ t\l‘r
>
o

]_

o 24 o
rin

o
m o) o r2

d

Ry

network®t MLP, GRUZ 1A% agent network@ L&
Elck

3.1 agent network

agent network

0 [0 [0 g Sk
| O Q Q é MLP GRU MLP ~O Q}
olelei || ¥ O et
O O O; K O er

4

Fig. 3. agent network architecture

o

agent network= ofo]MEQ] 3= 71X Q}E AAts)
W e— greedy’3Mol| T} 3% 71| Q7 TP =2

55 A7)0l et MeEigtct =5 7} ool MER R
a5t agent networkE AH23H= weight sharing 7]
Agstol oh% mejole g Foln wHTe YAsich
ol of2] oo]RE 719 5o YA FAIZ 4
TolxRn ot &t mlelulE AL =Y 4

Ql'(fpal‘> = max (Qk(fi*ai»* VkEa; (7)

i

wlo oft o%

o 4
&

N

3.2 mixing network

mixing networky= £§ A2 2= ofo]HEQ] Y
= 7HR7F A¢E 3reg Transformation 25, Dueling
mixing 252 &9l AR A4tEo] S3H.

dojFESt HEF FE Qb V., A2 Lefso]
mixing network®] Transformation @-&of|A KA AHFE]
W s, 5 vtgall Al(8)ofl whet AlatEct.

Qi(r* fli> = wi(r>Qi(fi’ai> +bi(r>
Vi(t) = w;() V,(z;) + b,(z) (8)
Ai(r,a;)= Qi(r,a;)— V(r) = w,(r)A;(t; a

I3

L

Transformation ©-52] hyper networke w,, b, 7|
Aohe HEYIZ /d=0 27} 2 layer MLP2 HASH
o A®)9 re A R ss °ol8stH hyper
network®] /el Relus ARSI ol2{eh 4
HOZ w(r) > 0 A1 WA ofo|3EY] Hax
5 Heto] AuAe gAlst BE BE hsAe Ukt
9t} Dueling Mixing 252 key, agent, action® 2 -
/4%l hyper networkz ©o]£0{& 9louf ofo]HEEZ 7|
ME Vo), Air,a;), A4(z,a)7I8keg A(3)o] 9jsj



84 Journal of The Korea Society of Computer and Information

QeaelT, 1)

]

b
.

: Mixing network

loss = (Q(:8) — QG8"))P+w g

= priority = (loss + eps)®

Qu(:8). Q;(:6). Qul:5)

Q:87), Q7). Qu(z87)

LY
~
~
st ! Dueling Mixing J \\5 T . update weight
QPLEX
FI{TJ. A*l{ti (11] VI‘I(':)I “l:[r! a’n) T r
i
/ | —
st —-{ Transformation | iy b e I ------------- 5 v
] ’:'Ir | Scen; (a.ls,u.r}, w; : '@
Valry), Aylry, @y) - Vi(r), At @) ! I Scen; (0,5, a,r),w; IL._‘.‘.'.'i!fﬂ.'.'Q_... g .
T T J:r IScenk (0,8, a,1),w, } CJ SO
@iy, a;) On(rnlﬂnJ : e e S = :
i
i
Agent 1 Agentn !
 Agent network ;
(of,af™") (on, a5} Rollout worker Prioritized Experience Replay

Fig. 4. proposed learning architecture

Qu(r,a)S AXRICE oA AN Q,(r, )2 23
AHolES ¢t TD lossE L3He= o ARRECH

w hyper network w; S v hyper network by
S O O
o O @)
MLP Q MLP o Ly MLP MLP| | .
=
o O O
S O o
observation dim
advantage hyper network
Pa s
i O O E St—» MLP | @c—w MLP | t.St—» MLP O A4
0| O] Ol
M= I
1 0000 [O5--G0]
O O I ’ vl Olu-s
O O »(x) O Ay

Fig. 5. mixing network architecture

4. Learning architecture

4.1 management of learning data

Rollout worker= #& B2 AJU2] QS AISH5IHA]
St5 HIolEIE s 982 st o HlolEe AlY
2] AIAREY Fa7HA] BE ARLS SHUO] HiR] Co]E
2 AR viA] dlo]8= PER UiR o] Aj7%fE]of
X7] 7F8AlE FoUAL Segment treeo] 25| wa]Hct.
egment treex= =& F &5 o]&3l HARHE &
Moz AR & Qe AteA2 g A2 BiA] Hlo]E7t
7t AY 71E HiA] dlolHo] 47t HARIS
T Olog(N) ARt B4=2 YHO|EZ} 7Hssit e

B AR o= sYT AR SHEE 77| gl
o &5 dlol8 #2oll sipAoli sk 4% 7HAshe
ol 7]oj 4~ Qlok. HiR] Hlojeje] 459 p+= QPLEX
9] TD loss L(6)7]8ro.2 Al(9)0]] we} ALt o] s 4t
= A&s] vjx] Hlo]E{2] segment tree YX]E TG

pi=((L(G) » w;) +€)" 9)

4.2 update network

B 2o sy AR0 )T B FH0)e] M2
o2 off-policy gA 02 23 sios sttt ¥& 4
Ao Aluele K1) 5 A 352 Aeehs Aol of

[ mlo
ol

o
>
ox
=
o2

fr
o
22
15
i=) I
iC)
=)
o

|ru

ol

oL

>

2

M

==
2
i
=z

ol

AFRE]H, Dec-POMDPZ uFate] Al(10)at Zto] Ajo]st
2 ok

LO)=E[r +7V(z’;07)—Q(z,a;0))*]

_ ~ (10)

V(z’; 6 ) =max,Q(',a’;0 )
r< tAR 35 Be-TE olF roflA 5 a s FISH
< o] BAoln, V(r;0 )&= ¢+ 1A 8 JAo] ¢/
710 R VMY w2 e 7RIS EYcte 5 @' 2 Y
2 4% 7Rl uS uisit). e Ao &A
L(6)& HiR] tlo]g9] 7+ AR fjojEfo] &4 7]T)gte]



Multi-Agent Reinforcement Learning based Swarm Drone using QPLEX and PER 8

5

POz ANH ol2 Attt g BHe o)
2 ol g5} a2 WAL ole} 2L B XS I
Aol 71t g Ret olee) o BAFe 3% A W
stol, g5 M52 FAAIA ofolHET} AlK0) BT A
2 g Jlolg 4 g

IV. Experiment

= o= 1 oM Ao AY2le s Ediz v
=& 9] MARL Hg 7}54e A5t w3t 7)E
MARL %12l% ofe] 99 435 & 48 4E50
Ald Aq= H}E}i xﬂo % %F_,—La%q SEA /\-1% al &

=20 E'. L 1y O
& B892 W,

1. Experiment environment

AP Aelgl ARl Ao met o), Ape] =g
20 A5 Fo] D5_D6, D10_DI1302 AlU2leg 74
Siick Aeles R g i ol Ego| MY u}
YE|AALE AP ole Fc) AR B 49 A1 52
s7) ARtk oleigt 274 vlgo2 ol g e o)
AElOlC} APAlO] SiZof w2 QARS Hi HiAlo 2 &k
glo]E]S AYAJSITE o] HANL o X A =290] F= 7F
agof] 719ksto] Alpte]t. o] Qlsf +A HAYO] R|chA]
+ 1" o=t HAAE AU ol Adt EE
= 25 mfjsfoltt AT BAS ¥ 4 e AR A
T =20 dEo] 58] 2oz AR AR Agsich

[

Table 2. proposed algorithm learning parameter

Items D5_Dé6 D10_D13
agent network [90x64x12] [186x64x19]
hyper network [131x64x5] [338x64x13]

key [131x1] [338x1]
MHA agent [131x5] [338x10]
action [143x5] [350x10]

Items PER
buffer size 4000 scenario
parameter (&) 0.1
parameter (3) 0.1
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Table 3. common hyper-parameter

Al=E ol sto] tiefet Fd2 At sytol] &3
—’,\— 91 E epsilong 3l explorationyt exploitation
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