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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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ti-mode resource constrained project scheduling
problem with time windows, MRCPSPTW)Z A
oI5}, 814 0 2 4 A|5Heket o] & Fo) £
1) 9 olYAITE, A A % 7T, EH
o JEE Vs 5 FUMoR oo A% 2 Y
< Ygtr10,11].
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74 B3 o) B4 719 Edo]ConE FRAL 3
A% 2145} o} 7| 9141 & Fig, 17} o] AA gy, 774
O & Phase 101]/\1—‘; 59 A 9]& = (threat index, TI) 7|
HF FE2EE 0.52 Yo A¥ste] 27]8E st
11, Phase 201]/\11—‘:— 7} o] &AMl (variable neighbor-
hood search, VNS) HEFGFZ|AES 2%27F -85}
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(graph neural network, GNN)3} T} oo " E 4
A2 % A3} (multi-agent proximal policy opti-
mization, MAPPO) & A3t 7 9}3]"15*5 127+ A5}
oc] _,,]&7(40] ga;q _4/\]_73 5‘—%
= AAAFEl 4 (phase 0, 0.5%) 0] &35, 212
L AAZYA, BEAA G B Bald ST (LE A

9 5)= AT AR 8 dFetr(12-14].

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)

Yes
ime— ?
(Anytime Time-outor Emergency?
Fallback)

No

Phase 3: GNN-MAPPO
*GNN-based Distributed Inference
(Zero-Masking upon Comm. Loss) (< 1.0s)

!

Buffer: Weapon Actuation & Comm. Delay
(1.0s)

)

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 2. Red force Naval vessel specifications

Ship Type

Landing Craft Air 14.5 mm

Cushion (LCAC) K 3 achinegun  H1GH

Guided Missile STYXP-15

Patrol Boat (PTG,  40kts 6 (2rounds) +  CRITICAL

Haesam-class) Torpedo

Patrol Torpedo

Boat (PTB, ks 3 O m r“]'a"a' MEDIUM
Chaho-class)
Large Patrol Ship _
(PTAG, 25kts 6 Kumsong=3  pimear
(4 rounds)
Nongo-class)
Small Patrol Boat 3b5kts 3 Autocannon LOW
(PB)
Landing Ship Tank
(LST, i5kts 8 14.5 mm HIGH
Machine Gun
Hantae-class)
Fire Support Boat e
(PCFG, dokts 6 B2MMZISTSTS3 4
. Tank Gun

Chongjin-class)

Table 20] UEH vt} 2o] & gL m&AY)
TE £9F(FNNGY, £Y 2A%) B 43
W7E GERFEEE, HEBAN e auE
Yol gde TA 53, SEAT e
717} STYX P15 W] AL 7} 3435 TS <%
v AL A ste] critical 59 YO BT
o, AlEg o] AoA 7MY =2 FAEHE ST
A Ade A gol| 71 A ARE 44 2y
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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
Frontal Attack -
: (MaxThreat: 1.0) :
N (0°) -
EE i s

300" = E - — ) 607
- = g : Broadside
: (MaxThreat: 0.5) :

W (270°)% E (90°)

o Retreating -,
{ (Min Threat: 0.0) : ) 120

S (180°)

roadside (0.5) §
etreating (1.0)}

i=— Threat Index (W)

[
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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]

F7shob7bA) et AT 22 v}

o] FojA =& A5t 6.4 AT} 54
I

o2 AR 3L BN 919 et e
SAZAE LS A& RE ot 7 & 80 o] 80 |72 A A1} 20] A 100,0003] 9]
1 2]% (QMIX, MADDPG, Adv-TransAC, At 2 g REAEY YEA S B8] A& H Aot d 3} 52 0]
= LS AEY oA &4, LT HAA o, 54 izt ¢aEE 9 5 ¥l 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}

MILPS} CBBAE 8t 310 2411 & vlst & 293t AN 7te] Edo|Eox #A5 4

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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BHOR 24e}y] o) M E TR AN A ok Mgl 80F FROIA ANt Sk =
%2 Fig. 73} o] LAY 1R L] xFS A Sho] Fa T A2 ukekstA| £51u], o] NP-hard £
AP A ALY S7A AAE 2ES] fsl 21 A FEO] 7] mEbA, MILPO| DSR 91.2%+= A
ALz PR, &5 F2 FAL 2 8 d A 8] E7sT o4 IERF L= A E

a0 Aed BA A 52 £8A Y whA A ok sk
£ 235t AH 2§o] BT 1L vl CBBAL B4 §o] X2 E 29 Ed] ot glolk
71% DSRE SR 5He Aol Lo, To] £
Table 8. Performance comparison of algorithms 0.8%7} 28 5 o] 5% dJAF Yo A9 A|AE 347}
" Robustness A Al F97t E7Hsste] dsol &

Algorithm DOSR 95% Cl De(_:|5|on to Comm. = o]
(%) Time = | it

Loss

Minutes None

MILP 9.2 - (Unsuitable)  (Centralized) & &2 DSRZ E e 1Y 7R 25 o d 24 Al
Wheble  oFo g ela) MHzH B (Cl: 1AW BHL 9
U I S I ERIE R RS L R P
QMIX 73.8 [725751]  15ms Moderate Sh5o1A] &oto] A5 3HA7F &A%ttt MADDPG
MADDPG ~ 69.9 [68.5, 71.3] 12 ms Vulnerable = 69.9%E 7} 42 DSRE HY =T, o]= 807
Trgcrj]\;;(: 722 [71.0,73.4]  45ms Moderate oeldES] AA #5S AT SIS 22H
TS Y= Ao HEaA AA s Yol Aokd A
(Pl\r/lcﬁ)id) g50 (842,881 11.9ms (GNN) o 7]913tt}. Adv-TransACE transformer ©ElA
2 g3l ool HE 1 45 48L ARHoR R
Sto] 72.2% 5 EAotR o, Al of’l 9] O(N2)
A4t BEF LR QIS FEAIZFO] 45 msE At E

. B (1.9 ms) th¥] oF 3.8%) L 2| c}.
-4 A%, Agnde AN 28 M5 nE
B %2 T p<0.001 $:20H EAFO T $.olm
& 4% 292 BYov, Cohen's d &I} A7|E
ki _ . ue huge 222 (d>2.0) 2. & L}E} T} 0] 2 Table 9] 4

i L

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

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

Comparison ADSR t= p- Cohen’s | Effect
- . _ - Pair (%) value  value d Size
Table 82] 4=%] ¢} Fig. 79| T7H& &I A WA}

2 9l o] AHetrdL 100,0003] REAEF HbeB”EfA"S +14.0 452 <0.001  2.84  Huge
22 53 B DSR 85%2 2A5H.01, 95% :

Hybridvs 415 389 <0001 245  Huge
AF L7 713 H A 84.2% 0|49 DSRS Q& o QMIX : - : -
2 BA%S A5 ool o= AAIZE 80| 7t m;g;’é +15.1 517 <0.001 325  Huge
DEQRF 1 YEE FYv|sHA 2Tot= 22 Hybrid vs

+12.8 42.1 <0.001 2.65 Huge

N
N,

ojt}. Adv-TransAC
A HAEE M= MILPE= FA S 4kAIZE

o] 5182 ©| 91.2%2] DSRS &4 50} o] 27 Agto] 53], &
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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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6.5 V&V A A3
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Table 119 A] &1 &= QL
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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
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