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This study proposes a multi-agent reinforcement
learning framework to maximize the engagement
efficiency of combat unmanned surface vehicle
swarms. The weapon target assignment problem is
formulated as a multi-mode resource-constrained
project scheduling problem with time windows. For
real-time optimization, a list-scheduling heuristic is
used to generate initial solutions, which are refined by
variable neighborhood search. In particular, graph
neural networks are used to represent dynamic
topologies, and a centralized training and decentralized
execution (CTDE)-based multi-agent proximal policy
optimization framework enables autonomous
decision-making during data link loss. Simulation
results demonstrate that the proposed model achieves
near-optimal solutions within 5 s, thereby improving
survivability and target neutralization.
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Phase 0: Situation Awareness & Sensor Fusion (0.5s)

!

Phase 1: TI-Heuristic
* Threat Index-based Initial Solution (< 0.5s)

Emergency Interrupt? Yes
(Anytime
Fallback)

No

Phase 2: RL-Guided VNS
*4-Neighborhood Search Refinement
(Iterative, < 2.0s)
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ime— ?
(Anytime Time-outor Emergency?
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Phase 3: GNN-MAPPO
*GNN-based Distributed Inference
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Buffer: Weapon Actuation & Comm. Delay
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)

Execute Engagement

Fig. 1. Flowchart of the 3-layer hybrid WTA decision
framework within a 5-second rolling horizon
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Table 1. Blue force USV weapon specifications[34]

Effective Ammunition

Capacity

Weapon Maximum

System Range Range

RCWS 2,000m  7,000m  0.37 2,000 rounds
Guided 5000m  8000m 070  4rounds
Rocket

Lotering 5 500 40,000m 025 12 units

Munition

Table 19| A LEFL= BFe} o] Usvel A4 H
A A7 2-(2~7 km), S (5~8 km), €A 2
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Table 3. 5-factor threat index

Factor Weight Rationale
w; (Distance) 0.40  Prioritize close-range threats
w; (Velocity) 0.20  Prioritize high-speed targets

Prioritize missile boats and

ws (Target Value) 0.15 large ships

Support confirmed kill

ws (Durabilty) 0.05 (Finishing off)
ws (Crossing Angle) 0.20 g/lpa;rlcrgéﬁ threat of frontal
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Table 6. Ablation study results (80 USV vs 80 enemy)

Overkill

O, O, H
Components DSR (%) 95% Cl Rate Duration

Phase 1 68.4  [67.1,69.7] - 0.55
Only
Phase 1 o
+Phase 2 77.2 [76.0, 78.4] 12.3% 2.5s
Phase 1
+Phase 2 >85.0 [84.2, 85.8] 2.1% 3.5s
+Phase 3

AA, 2] 715t2] Phase 1(TI-heuristic) &5 7}
& 2P 052 oW SHARI AANE S SFEFA
Oy, B DSRLS 68.4%°] 1A 584 AFAS
ot BJAEAAET 7|NEY] HE A dF2 & AH 9
AEAAZoT vtgstnz wAo AlF7te 34
2 23] WreshA] Rot 2AE AR B
Ag 7H.

=4, Phase 18] 7|5 E v 2 & Phase 2(RL-
guided VNS)7}A] A3t A2 40 o] X 1LXE &
B AAGN Fo A0 A ol AE S| 2
g4 AHAES AkS FY A5} sto], Phase 1
tfH] 8.8% TFAH DSR 77.2% 5 245ttt 13
VNSE 7| ofo]HE Q9 Sgul /AT & oo]HE
ﬂqﬂmﬂdaWﬂqzqaﬂam, 4 174
F A0 stgo] RrsHA HAFH= TH5LT T4l
A7 HEE A

AA, 2|52 O 2 Phase 3(GNN-MAPPO)7}HA] L5+

A3l Aot d L GNNS E5F 2713 QAIAH w3et
7 MAPPOS] @A HF sho] A& Lesto]
FEIGY AAAYE AdFom 2&TOEHN
Phase 2 4] 7.8% ©]4 A H Hat DSR 85% 5 E4
o} th. £79], ‘Phase 1+Phase 2’ thH] F-ETF H]|-&0]
12.3%00 A 2.1% 2 F35F3 2™, o]i= GNN H| A ] o
e S AH USVECl AR 87 =5 T RT2
24 318 24to] HHstE A= PrhH

ZAEAOE 72 A 719 DSR F#-2
A4 A3 p <0.001 FFNA SAZHO R
%}, o] = Phase 19] A14:4], Phase 29] =+
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A, Phase 39| A& FAF @o] f714 2= A%  H(non-learning) d 2 Fo|BE HE9| <5 ¢l
2 A2 BAA AYAZE SHstES Aoz o] 3T HUF AYF oA AH HAFPsto] Je5=
JFe Aol Z75}9th. MILPE: Gurobi 11.0 £H S A}-8-5}0]
AIZEAIRE glo] A A& HM5HaL, CBBA=

6.3 FAL LI E S v o] ¥HE S14=E Xt 1003 & A5kt
HE g1 EY T 458 7= g0l A
At dlo] &444S ABHow JFstr] A 2 EMEO HAE AUF L 1,000494 3
2| WTA ZopoflA qEH o= &85 559 o Hon, 5L A A, L 27 £, 5L
27 S ST AAZRJ v AYZ P S EHE A E® U5kl AUl HME Ao ® Qe
22 59 H A5 7|¥H(MILP), &4 9F9] 7IvF A5 HIFE YA S 87 23 =R E 100,000
(CBBA), 7FA| &3 Z3}sts(QMIX), HE -2 3] REAEY AHPYS HE5to] 95% AFH At
7+3}3t4 (MADDPG), o8l 7|4t 743}sks (Adv- =231tk 2 22 Qe 2o 4 EAI 12

] XA 3}RH 4 A 2] QA& Table 70 74 2] 5ttt

TransAC) 0. & LA 35}o] A5 3]
S E7HA gt HIH e 23 vk
o] 2o} A =2 A8t siet. 64 A5t
EREEES PP T e
AZAL Qs 48Tt RE s 7]
=

12 rlo

80 ol 80 H++ & w3 ALt 204 100,0003] 9]
=

=

118&(QMIX, MADDPG, Adv-TransAC, At & HEAEYH YRS 5] A& A d s} 529

= 5L Al e ol B4, TLT B o, Y gz digE 749 45 Bl Ai}+= Table 834

S} action masking, 1211 FASF G5 A =of A Z+ Zrct,

10,000 o ¥ & = & &5kt Lol7}, Table 891 A A A8 4 427} v 25}
MILP2} CBBA+= <5 T o] A 5HA] += H] 5} = I Z 4 AAZHA 1Y EFolE e AAE A

Table 7. Characteristics of compared algorithms

Algorithm Type Core Mechanism Structural Limitations REMENS

Due to NP-Hard complexity, computation time

MILP Mathematical ~ Global optimal solution search based on takes several minutes or more for an 80-vessel Non-
Optimization  Branch-and-Bound swarm, failing to meet the 5-second Rolling Learning
Horizon constraint.
I Inter-agent communication is essential for
Distributed o . . . o
Distributed allocation through iterative bundle consensus convergence, resulting in severe Non-
CBBA Consensus . ) . - }
Auction construction and consensus protocols performance degradation during communication  Learning
disruptions.
Value Decomposes the joint action-value function The monoto.muty constraint preyents the .
- . A A representation of non-monotonic cooperative .
QMIX Decomposition into a monotonic mixing of individual agent . i Learning
. strategies (e.g., one agent sacrificing to
MARL value functions iy
maximize total rewards).
. . I Vulnerable to changes in the number of agents
L Multi-agent cooperative learning in . : S h
Actor—Critic ] . - . due to fixed-dimension inputs, and learning .
MADDPG continuous action spaces using a centralized I Y . . Learning
MARL o : stability degrades as the critic’s input dimension
critic and decentralized actors B
exponentially increases at an 80-vessel scale.
. Models inter-agent interactions by combining  The O(N?) complexity of self-attention increases
Adv- Attention— ) . . ; . .
Transformer self-attention and adversarial inference latency in large—scale environments, Learning

TransAC based MARL reward shaping restricting deployment on edge devices.

A 3-layer hybrid architecture where Phase 1
guarantees a feasible initial solution, Phase 2

WAORL NSt perfoms local optimizaton ana rase3 SR SR RS RIS
GNN-MAPPO  finalizes decentralized cooperative decisions . yperpar g cos 9
(Proposed) inter-phase connection (Soft Action Bias).

via CTDE. The Anytime property returns the
best-found solution even if interrupted.
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Table 8. Performance comparison of algorithms

Robustness
to Comm.
Loss

DSR 95% Cl Decision

Algorithm A Time

Minutes None
MILP 91.2 (Unsuitable)  (Centralized)
Vulnerable
CBBA 71.0 [69.8,72.2] 0.8s (Comm-
Dependent)
QMIX 73.8 [72.5,75.1] 15 ms Moderate
MADDPG 69.9 [68.5,71.3] 12ms Vulnerable
Adv—
TransAC 72.2  [71.0,73.4] 45 ms Moderate
Hybrid- _
MADRL . [84.2,858]  11.9ms Robust
85.0 (GNN)
(Proposed)
g * Hybrid-MADRL (Predicted)
2
% 80
g 75 QMIX
9 A Agv-TrnsAC Algorithms.
8 v CBBA ® wMLP
" S = e
HRet $ e
vxv :y;r\dfMADRL(Propused]
100 10" 107 10° 10°
Decision Latency (ms) - Log Scale

Fig. 7. DSR performance vs. decision latency trade-off
across algorithms

Table 82] 4=%] ¢} Fig. 79| T7H& &I A WA}
2 gl o] AtEd-2 100,0003] FEAES
NEYZ 5l B DSR 85%E DA5H 2, 95%
AZFTE 71% 24 84.2% o3| DSRS *A A ©
& BATS 456t ol AA *80] 7Hs T
HE d2d F1ES FYvIsHA 23st=
o|t}.

A9 HA 8|S FHsth= MILPE FA’E AAHAIZ
o] 5|89 u| 91.2%°] DSRZ 24 5}o] o] 2] At
7t7h2 AsS EQlth J13Y 5% rolling horizon A

¢

B
i
<

N
N,

AAAIZ
2

oFZ A-&5tH 80 F oA A7t A &
slo] &3t o 2 uhelel x| B5}H, o] NP-hard &

Zrrof 7]A3stt}. uwhEkA], MILPS] DSR 91.2%+= 4l

AlZE &80] BE7H5S o2 IR A H]

of gttt
CBBAL B4l 3ol T2 EZS £3) 5t Qlojk
71% DSR< SHHoF= o] oy, &9 Y714
0.8%7} A Q ¥[0] 5% o4t Yol 4 o] A E 317}
A A Fo7t E7Fs ot 5ol &

% 52 DSRE Stk T2ivt /hA 2ol o] Bzl A
oto Qg Witz A Wl (ol: RHW HHL 9
St7] flsf AR USVZF Q= 0 & 35t = Aw)S
SH&3HA 5] 4% @A 2T MADDPG

69.9%=Z 7H ¥ DSRS H =4, o] &= 8074

olo]HES] HA &S AF YHFT 29

Aglo] skl A A st g g0l A5t A
| 7]91sttl. Adv-TransAC:= transformer o] El A
2 B3 ool UE 1 4o REL BHEH O nT
Sto] 72.2% 5 EAotR o, Al of’l 9] O(N2)
QA BAER Q1% 2EALO] 45 ms2 ALRY
(11.9 ms) o H] 2F 3.8u]f == t}.

-3 23, AtRd2 AAT & Tt BE
g2 dv] p<0.001 24 BAHOZ felu
3t A5 95 HYOoH, Cohen's d 837 A7 =
huge 4% (d>2.0) 0. 2 YE}GT}. o] & Table 99 &
259,

2

_—
_

Table 9. T-test and Cohen’s d effect size analysis for
the proposed framework

Comparison ADSR t= p- Cohen’s | Effect
Pair (%) value  value d Size
Hybrid vs
CBBA +14.0 45.2  <0.001 2.84 Huge
Hybrid vs
QMIX +11.2 38.9 <0.001 2.45 Huge
Hybrid vs
MADDPG +15.1 51.7 <0.001 3.25 Huge
Hybrid vs
Adv-TransAC +12.8 42,1 <0.001 2.65 Huge
=35, 228 A AAwdo oAEF Azto|
1.9 msof| E3sttt= Ao|th. o= MILP(F &)%+
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CBBA(0.8%)&= EE°]1, QMIX(15 ms), Adv- 2O 2 o] 4Al 24 9 7tE&H A9 HF
TransAC(45 ms) X Tt Wl 2t} 5% rolling horizon AT 2712 BASG T AlA 20418 15%, &
ol Ao zko]A|7F 5}35 FANA Agdnde AR, 714} (sea state 4~5) 5 A opEE 2
Phase 3 32 (11.9 ms)S 1 3] 4hE A g)s}to] 2|3 £ A 83t A7} DSR2 55~65% =502 £
fEHIH ez D 5 &’l% ol #& FEIH. oh. 2 o33 24 div] #AI7F Wot B £ 9le

dEd 45 B =AU DSR(Wa * Drace + ,ole At dHE AU E 11 A AR A &
Wi * Srae) 0] BE FEAEY ARF FA A 3+ 24 7l o] 50~60%2] Fol&s AHEHA &
Aoz Jg3] JHdS A 45 2A-ER Adne A AAVF HHA A gdet Mg E
glstRon, =8 AlEdold B DSRY} FEL  FHAT 7|29 A7HA] FAEH &= o] Ane
EY 34 B DSRTY A7t 10 £E(A AL @ ] o] A A7} B FA o7 g el n, 7.9
L ) AS FRAste] gioly ARG AN AYQ &4do] AP Hsz AAHA gethe A
= 4SSk 2 ol ¥7kA] L std I FAH a8 VA= HE =

Table 10. Self-validation results of the 12-item V&V

Validation Item Acceptance Criteria Validation Basis (Evidence)

1:1 cross—checking completed between 14 formulas in the paper and
Pass  Python source code. Passed automated verification script for TI
weight sum =1.00

0 discrepancies between

1 DataConsistency formulas and code

Conducted 2 rounds of Delphi method with 7 naval combat experts.

2 Model Validity Expert consensus rate = 80% Pass  Achieved an 85.7% consensus rate (6 out of 7 experts agreed) on the
5-factor Tl model and weight distribution

Statistical , t-test p<0.001 and Cohen’s d>2.0 (Huge) against all baselines.
3 Significance p<0.01, Cohen'sd>0.8  Pass  goo/ ¢ nfidence Interval [84.2%, 85.8%]

(i) 0 enemy vessels, (ii) 80 enemy vessels / 1 friendly USV, (i) 0
ammunition for all weapons, (iv) Complete sensor failure (0%

4 Extreme_ Value Oerrors und_e|_’ > extreme Pass recognition rate), (v) All USVs departing from the same coordinates
Testing conditions . - . .
— Confirmed normal termination without exceptions for all 5
conditions.
Sensitivity DSR variation < 5%p under Fluc_tuated each of _thg 5 weights byotZOé (_1 0 gond_|t|c_>ns in total); the
5 . o . . Pass  maximum DSR variation was £3.5%p, which is within the threshold
Analysis +20% Tl weight fluctuation (5%p)
Internal 100% match rate for DSR Automatlc_ally verified that DSR=0.7 x Drate + 0.3 % Srate holds
6 - . Pass  mathematically accurate across all 100,000 bootstrap resamplings.
Consistency calculation formula . 15
Discrepancy < 10
7 Convergence Mean variation < 0.1%p for Pass Mean DSR variation of 0.02%p in the interval from 90,000 to 100,000
Verification additional 10,000 runs bootstrap resamplings. Variance convergence confirmed
Complexity . . 2 40v40 (4.1 ms), 80v80 (11.9 ms), 160v160 (26.3 ms), 400v400 (68.7
8 Scaling Linear scaling R"> 0.95 Pass ms) — Regression analysis R? = 0.997, linear relationship confirmed
9 Reoroducibilit DSR difference = 0 under same Pass 3 independent runs with a fixed random seed (seed=42). Exact same
P Y seed execution DSR (84.37%) for all 3 runs — Deterministic replay achieved

Blocked preemptive strikes north of NLL (ROE), blocked entry into

0 ROE (Rules of Engagement) Pass landmass areas based on GIS raster, blocked firing beyond maximum

10 Physical Realism

violations range — 0 constraint violations during 1,000 simulation runs
Interpreted (i) DSR =85% in ideal environments as the algorithm’s
Result Expert qualitative assessment: performance upper bound, and (i) DSR 55~65% in harsh

11 Pass

Reasonableness Reasonable environments as the conservative lower bound for actual combat. All 7
experts evaluated this as tactically reasonable

Fully preserved DSR logs per training episode (CSV), model
Pass checkpoints (.pth), scenario configurations (JSON), and bootstrap
results (JSON). Git version control maintained

Training logs, checkpoints, and

12 Documentation ;
scenarios fully prepared
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Table 119 A] &1 &= QL
4] GNN-MAPPO FEA|7F2 11.9 mso|H, HA Al
HAA FA~AAE G~ z
o 4ko] oF 58%WtS AHESHTE. 0] = 2.08% 9] &7t
& g HE 5k glo] AR oA Y o dA] gk

Raspberry Pi 40 A &£ 4.72 & 5% oAt
u, obzo] 0.3% 2 tf¢ Fol AH 8= Jetson
Xavier NX 0| A}9] 5}l = 9| o] 7} A= T},

Table 11. Inference performance across H/W platforms

GNN-MAPPO Total 5-Second Budget

Platform Inference Time Compliance
Desktop
(i7-7700, RTX  3.2ms 1.85s Met
3080)
Jetson Xavier 11.9ms 2.92¢ Met
NX
Raspberry Pi 4 85 ms 4.7s (Narro'\vcel\;argin)
7.HE

B 345 na QNS AT 120 4

Al = o=
WTA RES A 7HA A Fz Aol 3E AAZY &
A (RCPSP) 2 A A olsto] A 54 EFS A

520 2026; 9(2); pp. 504-522 Journal of the KNST



Woo Seok Lee et al., Multi-Agent Reinforcement Learning-Based Real-Time Distributed Decision-Making Framework ...

VNS W EtfE| &
2 Solost AT A
/\] o] EH35}l= anytime ¥ FS T A
6] GNN-MAPPO 2 E £¢
1, i Fl & Al o] WAl Fobst At Ao A = S
A P BA HAS AAFH T
1,0003] &4 Al&#o]Ad¥ 100,0008] FEA
AL E3)] H4 DSR 85%= QtPH oz B
251 2.1, Jetson Xavier NXO]| 4] 11.9 ms
o] AN 7 22 AT AA V&V 7] FE B
W2 i B A A M&S A8 7Hs A& Felsk At
B 479 3t sofk e v ZHA 2 2okl
g, VNS W EtF 2 A€, GNN-

foh 4, Im ot m

AN

e
MAPPO 7F3l8t532 ASH o2 AT 345 =9
Ao o2 FHoltt. ol A4 7|HA FHe =
qetetal, e A HYstE 229 53 o7
Aotk 4], LA S G 2E9] A ST R
=% 584 TI 29| A|jtoH. o] 7|&9] 2~3
84 AFA S 2dg gsto] AAF] &4

AN LS IA FFAAFH T A, CTDE + GNN +
MAPPOE BESH BAFE &7 77 A 942

v

v}
)
rir
0$¥
I Lo
)
:Ll
Hi
2
>
=
e
e
-
é
@
it
ol

N 4

B of %@

AAdHL= ;%a 313}

ILS(hardware—m—the—loop
simulation) 7]%t9] sim-to-real transfer Z-&o|t},
A, A Aol 3355ty 714t self-plays = o}
of mo} Mol Ao %3}5l= Nash equilibrium
59 4% W 4o)d Feot J)u o A 1E 5
ojt}. A A, USVEY o} 2 UAV, UUVZ} 238 o

CEREEPESE L E L B DEEL
o] 8ol
4TEd

[1] DARPA, Mosaic Warfare, DARPA News, 2018.
https:/Aww.darpa.mil/news/mosaic-warfare (accessed
2026.04.01.)

[2] Jinsung Lee & Jongchul Na, ‘Required Capabilities for
Maritime Manned-Unmanned Teaming,” Journal of KNST,
VOL. 6, NO. 3, 2023, pp. 308-313.

[3] Sang-Kyum Na & Dong-Sun Park, ‘A Study on the
Autonomous Level of the Maritime Manned and Unmanned
Combined Combat System,’ Journal of KNST, VOL. 6, NO. 3,
2023, pp. 286-292.

[4] at58t, ‘-2 ®H AR Do D} 5= SR Mah/H
20| chet stol,” 2T, M68H M25, 2025, pp. 157-186.
[5] Tao Hu, Xiaoxue Zhang, Xueshan Luo, & Tao Chen,
‘Dynamic Target Assignment by Unmanned Surface Vehicles
Based on Reinforcement Learning,” Mathematics, VOL. 12,
NO. 16, 2024, Article 2557.

[6] Chan-Woo Kim, Seong—Hyeon Ju, & Kyung-Min Seo,
‘Discrete-Event Simulation Framework for Composite Warfare
with Modular CFCS Modeling for Naval Combat System,’ IEEE
Access, VOL. 14, 2025, pp. 37-53.

[7] 0124, ‘SH=d S5 PAIEZ M2 2XS BRI,
VOL. 99, 2024, pp. 69-81.

[8] Woo Seok Lee, Jae-Kwan Ryu, JooYoung Lee, & Bongwan
Choi, ‘A Study on Integrated Command and Control Methods
for Combat Unmanned Surface Vehicle Swarm Operations,’
Journal of KNST, VOL. 8, NO. 4, 2025, pp. 816-832.

[9] Guoging Xia, Xianxin Sun, & Xiaoming Xia, ‘Distributed
Swarm Control Algorithm of Multiple Unmanned Surface
Vehicles Based on Grouping Method,’ Journal of Marine
Science and Engineering, VOL. 9, NO. 12, 2021, Article 1324.
[10] Manuel Blanco Abello & Zbigniew Michalewicz,
‘Multiobjective Resource-Constrained Project Scheduling
with a Time-Varying Number of Tasks,” The Scientific World
Journal, 2014, Article 420101.

[11] Woo Seok Lee, Jae-deok Jang, Bong Wan Choi, &
JooYoung Lee, ‘Missile Allocation Using Multi-Mode
Resource—Constrained Project Scheduling Problem with Time
Window,” Journal of the Korea Society of Systems
Engineering, VOL. 21, 2025, pp. 63-77.

[12] Ling Wu, Changfeng Xing, Faxing Lu, & Peifa Ha, ‘An
Anytime Algorithm Applied to Dynamic Weapon-Target
Allocation Problem with Decreasing Weapons and Targets,” in
proceedings of IEEE Congress on Evolutionary Computation,
June 2008, pp. 1703-1710.

[13] Yannick Molinghen, Augustin Delecluse, Renaud De
Landtsheer, & Stefano Michelini, ‘Reinforcement Learning
Methods for Neighborhood Selection in Local Search,’ arXiv

FEERI

[[OII

’

Journal of the KNST 2026; 9(2); pp. 504-522 521



preprint arXiv:2601.07948, 2026.

[14] Sinki Jeong, Hyunseop Uhm, & Young Hoon Lee,
‘Rolling—Horizon Scheduling Algorithm for Dynamic
Weapon-Target Assignment in Air Defense Engagement,’
Journal of the Korean Institute of Industrial Engineers, VOL.
46, NO. 1, 2020, pp. 11-24.

[15] Anthony Goeckner, Yueyuan Sui, Nicolas Martinet,
Xinliang Li, & Qi Zhu, ‘Graph Neural Network-Based
Multi-Agent Reinforcement Learning for Resilient Distributed
Coordination of Multi-Robot Systems,’ arXiv preprint
arXiv:2403.13093, 2024.

[16] Haoran Su, ‘Hierarchical GNN-Based Multi-Agent
Learning for Dynamic Queue-Jump Lane and Emergency
Vehicle Corridor Formation,” arXiv preprint arXiv:2601.04177,
2026.

[17] Alan S. Manne, ‘A Target-Assignment Problem,’
Operations Research, VOL. 6, NO. 3, 1958, pp. 346-351.

[18] Alexandre Colaers Andersen, Konstantin Pavlikov, & Tulio
A. M. Toffolo, ‘Weapon-Target Assignment Problem: Exact
and Approximate Solution Algorithms,” Annals of Operations
Research, VOL. 312, 2022, pp. 581-606.

[19] Xiangping Zeng, Yunlong Zhu, Lin Nan, Kunyuan Hu, Ben
Niu, &Xiaoxian He, ‘Solving Weapon-Target Assignment
Problem Using Discrete Particle Swarm Optimization,” in
proceedings of 2006 6th World Congress on Intelligent Control
and Automation, June 2006.

[20] Lingren Kong, Jianzhong Wang, & Peng Zhao, ‘Solving
the Dynamic Weapon Target Assignment Problem by an
Improved Multiobjective Particle Swarm Optimization
Algorithm,” Applied Sciences, VOL. 11, NO. 19, 2021, Article
9254.

[21] Chao Yu, Akash Velu, Eugene Vinitsky, Jiaxuan Gao, Yu
Wang, Alexandre Bayen, & Yi Wu, ‘The Surprising
Effectiveness of PPO in Cooperative Multi-Agent Games,’
Advances in Neural Information Processing Systems, VOL. 35,
2022, pp. 24611-24624.

[22] Petar Veli¢kovi¢, Guillem Cucurull, Arantxa Casanova,
Adriana Romero, & Pietro Lio, ‘Graph Attention Networks,” in
proceedings of 6th International Conference on Learning
Representations (ICLR), 2018.

[23] Sihan Wang & Chengjun Ji, ‘A Reinforcement
Learning-Variable Neighborhood Search Method for the Cloud
Manufacturing Scheduling Robust Optimization Problem with
Uncertain Service Time,” in proceedings of the 2023 4th
International Conference on Management Science and
Engineering Management, 2024.

[24] Nader Shamami, Esmaeil Mehdizadeh, Mehdi Yazdani, &
Farhad Etebari, ‘A Hybrid BA-VNS Algorithm for Solving the
Weapon Target Assignment Considering Mobility of

Resources,’ Economic Computation and Economic
Cybernetics Studies and Research, VOL. 57, 2023, pp. 59-76.
[25] Binhui Chen, Rong Qu, Ruibin Bai, & Wasakorn
Laesanklang, ‘A Variable Neighborhood Search Algorithm with
Reinforcement Learning for a Real-Life Periodic Vehicle
Routing Problem with Time Windows and Open Routes,’ Rairo
Operations Research, VOL. 54, NO. 5, 2020, pp. 1467-1494.
[26] Alexander G. Kline, Real-Time Heuristic Algorithms for
the Static Weapon-Target Assignment Problem, Defense
Technical Information Center (DTIC), Tech. Rep. AD1055142,
2018.

[27] =M RIE S, ‘LIGHA M-I | RSHA, WEE
Folpal sl IHFIX| 7|& Y, 2T 71%, X563, 2026.
https://www.dbpia.co.kr/journal/articleDetail ?nodeld=NODE1
2554202 (accessed 2026.04.01.)

[28] LIGHIA R, ‘LIGHA R, HES ROISAH Si8 7| X| 7|&
HorAIZ,” LIG Nex1 3|AtA4], 2025.
https://www.lignex1.com/news/nex1newsView.do?bbs_no=72
93 (accessed 2026.04.01.)

[29] 0192, ‘[&lz 2] K-35l "HI0lH| M DAE'Q| S THE,
LIGHA RIS R20| SBIHERH ®E,” mAME, 2026.04.01.
https://www.newsvalue.kr/news/articleView.html?idxno=2337
9 (accessed 2026.04.01.)

[30] 227, ‘LIGHAR, Al 7|8t 28 K=
Cjdal, 2026.02.25.
https://www.thelec.kr/news/articleView.html?idxno=52683
(accessed 2026.04.01.)

[31] 244, ‘LIGHAR "HES RoILMH, SIA2 SR 27| HAL
Y ME", 721, 2025.05.31.
https://www.news1.kr/industry/general-industry/5800759
(accessed 2026.04.01.)

[32] Hui Xie, ‘Cooperative Control of Multi-Agent Systems
Under Communication Delays and Packet Loss Scenarios,’
IEEE Access, VOL. 12, 2024, pp. 149804-149813.

[33] Guihao Wang, Fengmin Wang, Jiahe Wang, Mengzhen Li,
Ling Gai, & Dachuan Xu, ‘Collaborative Target Assignment
Problem for Large—Scale UAV Swarm Based on Two-Stage
Greedy Auction Algorithm,” Aerospace Science and
Technology, VOL. 149, 2024, Article 109146.

[34] 243, ‘LIGHAR, MEE 2OILMH 7|5 Y 24
FAEDHE, 2025.12.23.
https://www.newstomato.com/ReadNews.aspx?no=1285742
(accessed 2026.04.01.)

[35] Yang Xiong, Shangwen Wang, Hongjun Tian, Guijie Liu,
Zihao Shan, Yijie Yin, Jun Tao, Haonan Ye, & Ying Tang,
‘Spatiotemporal Meta—-Reinforcement Learning for Multi-USV
Adversarial Games Using aHybrid GAT-Transformer,” Journal
of Marine Science and Engineering, VOL. 13, NO. 8, 2025,
Article 1593.

27| H B,

ot

522 2026; 9(2); pp. 504-522 Journal of the KNST



	군집 USV 무장할당을 위한 다중 에이전트 강화학습 기반 실시간 분산 의사결정 구조 연구
	Abstract
	1. 서론
	2. 이론적 배경
	3. 문제 정의 및 수학적 모델링
	4. 하이브리드 무장할당 알고리즘 설계
	5. 다중 에이전트 강화학습 프레임워크 설계
	6. 성능 분석
	7. 결론
	참고문헌


