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Abstract

Selecting a threat to attack is one of the most important decisions on the battlefield. The decision problem is represented as
a Weapon-Target Assignment problem (WTA) problem. In the previous studies, dynamic programming, linear programming,
metaheuristics, and heuristic methods have been applied to solve this problem. However, previous studies have been limited
by oversimplified-model, computational burden, lack of adaptability to disruptive events, and recalculation when the problem
size changes. To overcome these limitations, this study aims to solve WTA by using reinforcement learning and graph neural
networks. The proposed method has high practicality by reflecting the real-world decision-making framework, OODA-loop
(Observe-Orient-Decide). Experiments are conducted in various environments, and the effectiveness of the proposed method
is demonstrated by comparing it with existing heuristic and meta-heuristic methodologies. The proposed method introduces a
groundbreaking methodology for intelligent decision-making in tactical command and control traditionally considered exclusive

to human-expert.
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Artificial Intelligence in Combat Decision-making:
Weapon Target Assignment via Reinforcement
Learning and Graph Neural Networks

Seung Heon Oh, Geon Woong Byeon, Young In Cho, Seungmin Kwon and Jong Hun Woo

Abstract—Selecting a target to attack is one of thes
most critical decisions on the battlefield. The decision,
problem is represented as a dynamic weapon-target,
assignment (DWTA) problem. While deep reinforce-
ment learning (DRL) is the state-of-the-art approach’
for DWTA, previous studies have limitations in three¢
key aspects: representing topological relationships ons
the battlefield, scalability to increased problem sizes,
and the practicality of the objective function. To over-
come these limitations, this study aims to solve the
DWTA problem by leveraging DRL and graph neu®
ral networks (GNN), with a novel partially observable
Markov decision process (POMDP) design includings
graph-based action representation, observation feature,
and reward structuring. Experiments are conducted
across multiple military domains, including naval an
ground combat, comparing the proposed approach with’
existing heuristic and meta-heuristic methodologies?
The effectiveness of the GNN and decision-makings
pattern is extensively analyzed through comprehensive,

experimental validation. 6

Index Terms—Weapon Target Assignment Problems
Reinforcement Learning, Graph Neural Network 2

63

I. INTRODUCTION 64

Combat commanders must make decisions under ex®
treme uncertainty, which stems from incomplete enemy in®
formation and unpredictable events. The OODA (Observe?
Orient-Decide-Act) loop emphasizes that combat comman®
ders must rapidly adapt their decision-making to evolving’
battlefield conditions through cyclic information process®
ing and action under uncertainty. Weapon Target Assign?
ment (WTA), a key element in combat decision-making, i§’
an NP-hard combinatorial optimization problem [l thaf’
must be aligned with the OODA framework for practical’
implementation [2]. ™

Following the OODA loop concept, WTA must bé&
treated as a dynamic optimization problem (i.e. Dynamié’
WTA, DWTA) that reflects the time-evolving environmenf®
[3] (see supplementary material A). Traditional approache&’
to solving DWTA are open-loop methods, which optimizé&

81

Seung Heon Oh, Gun Woong Byeon, Young In Cho, Jong Hum
Woo are with the Department of Naval Architecture and Oceap,
Engineering, Seoul National University, Seoul, 08826, Republic of
Korea (e-mail: j.woo@snu.ac.kr)

Jong Hun Woo is with Research Institute of Marine Systemss
Engineering, Seoul National University, Seoul 08826, Korea.

Seungmin Kwon is with Naval Ship R&D Team of Hanwha Ocean
Co., Ltd., 3370, Geoje-daero, Geoje-si, Gyeongsangnam-do, 533027
Republic of Korea (e-mail: smkwon@hanwha.com) 88

solutions based solely on initial conditions. [4] applied a
greedy algorithm, and [B] utilized stochastic programming
to solve WTA problems, while [6] combined greedy heuris-
tics with nonlinear network flow. However, these open-
loop approaches have limitations in adapting to rapidly
evolving combat situations. They require computationally
expensive replanning to react to unpredictable or stochas-
tic events such as new threat insertion, decoying event,
or target hit. Their computational inefficiency contradicts
the OODA loop’s rapid decision-making principle.

To address this issue, the closed-loop approach performs
real-time decision making, which includes methods such as
exact, two-stage, and heuristic approaches. Exact methods
like dynamic programming [[] and mixed-integer linear
programming [8] adopt state-based sequential decision-
making. Despite their optimality guarantee, they face
curse of dimensionality and computational burden. Meta-
heuristics offer efficient alternatives, with [3] combining
constructive heuristics and tabu search, and [9] applying
genetic algorithm (GA). Adopting anytime frameworks,
meta-heuristic methods gradually improve solutions until
reaching time user-defined limits, allowing real-time imple-
mentation. Two-stage approaches decompose WTA into se-
quencing and assignment problems to enhance the compu-
tational efficiency. [10] adopts the Hungarian algorithm for
assignment and particle swarm optimization for sequenc-
ing. Both meta-heuristic and two-stage methods remain
sensitive to computation time and problem scale. Heuristic
approaches [[11], [12], [13] provide quick adaptation with
minimal computation, despite suboptimal solutions. No-
tably, recent studies [[13], [14] emphasize the integration
of high-fidelity wargame simulations to enhance real-world
applicability beyond lab-scale combinatorial optimization
research.

Deep Reinforcement Learning (DRL) approaches, includ-
ing value-based DRL [IL5], deep Q-network (DQN) [1L6],
and actor-critic methods [17], have emerged as state-of-
the-art (SOTA) solution for DWTA, offering significant
advantages in wargame simulation integration, real-time
adaptability [L&] and long-term reward optimization under
uncertainty [[19], [20].

However, they do not fully account for the topological
relationships in real-world battlefields, such as attacking
[21], [22] and engagement availability [23], [5]. Previous
studies have represented these topological relationships
through vectors [15], [16], [24], images [[17], or sequences
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[25], which might fail to capture the valuable informatiomns
essential for quality decision-making that is latent ins
topological relationships (representation issue) [26]. Funs
thermore, these studies primarily focus on maximizing thes
cumulative value of destroyed targets, which is difficult tao
accurately assess in real-world combat situations, ratheg,
than maximizing platform survivability, which is botly,
measurable and aligns with the emphasis on damage mins,
imization in modern warfare [3] (practicality). To address,

these limitations, we make the following contributions: |,

o To overcome representation issue, we propose a novels
architecture that integrates DRL with Graph Neurals
Network (GNN) to enhance the representation of topes
logical relationships inherent in real-world battlefieldss
To the best of our knowledge, this is the first approacis
that combines DRL and GNN in the WTA domaisp
and our empirical results show that this integratiom:
leads to substantial performance gains over SOTh:
DRL approaches. 163

o To overcome scalability issue, we develop a graphs
based action representation framework that enabless
scalability across different problem sizes. This frames
work integrated into GNN maintains consistent pemw
formance without retraining when the number qof
units and threats vary.

o To enhance practicality, we propose novel observatlop
features and reward design that contribute to maxi;
mizing platform survival probability, enabling comy,
prehensive battlefield awareness and efficient policy,
optimization, respectively.

e The proposed method is integrated and vahdatecj5
with high-fidelity wargame simulations across multi
ple military domains (naval and ground combat). This
extensive validation demonstrates that our approachr
goes beyond lab-scale combinatorial optimization, eg;
tablishing its viability for real-world military applica;
tions. 150
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NOMENCLATURE 182

183

184

g-th sub-process of W

Index for interceptor

Index of threat

Threat with index j

q Sequence index of interceptor sub-process
t Decision timestep; ¢, h, 7 € {1,2,...T — 1} 189
Interceptor ¢ 190
Binary variable
w;;(t, h) Simultaneous guidance seizing indicator. Thé
physical meaning of w;;(t,h) indicates whether &
missile W; launched at timestep h targeting K 2
is seizing the simultaneous guidance resource 5%5
timestep ¢: if t < h+ZévE"l 0ijq(h), then w;;(t, h) =
1; otherwise, w;; (¢, h) = 0. o
Demsmn variable whether to launch the missile 6f
W; towards K; at timestep ¢: if selected to launch,
then z;;(t) = 1; otherwise, z;;(t) = 0.

185
186
187

188

191

z45(t)

yij(t, ) Arrival-on-target indicator. The phyisical mean-
ing of y;;(t, 7) is whether a missile of W; launched
at timestep ¢ arrives on K; at timestep 7: if
T = t + a;;(t), then y;;(t,7) = 1; otherwise,
Yij (t, T) =0.

(1)(15 T),ZZ-(;)(t,T) Non-arrival indicators. These variables
indicate when a missile from W,; launched at
timestep ¢ does not arrive at K; at timestep 7.
When y;;(t,7) = 1, both zi(;)(t,r) and Zg)(t,T)
are 0; otherwise, they are 0.

Integer variable

a;;(t) Flight duration variable : if W; launches a missile
at timestep ¢ targeting K, then a;;(t) = aij¢;
otherwise, a;;(t) is sufficiently large number

0ijq(t) Simultaneous guidance seizing duration variable: if
W; launches a missile at timestep ¢ targeting Kj,
then 0;;4(t) = 04jq4¢; otherwise, 0;54(t) =0

Parameters

1) Sufficiently small positive number

V5 Probability of K; hitting the own asset upon its
arrival

aijt Flight time for missile of W; launched at timestep

t until arriving at K;

b(l) Earliest time when W; can intercept Kj;

b(2) Arrival time of K; to the own asset

M Sufficiently large number

0ijqt ~ Processing time of e; 4: time required to complete
the gth sub-process when missile W; is launched
against K; at timestep ¢

Dij Probability that a missile launched from W; hits
K upon its arrival

T Terminal time

II. PROBLEM DEFINITION

In this study, we focus on the one-on-many DWTA
settings (one asset versus multiple threats), aiming to
maximize the asset’s survivability. In the problem, the
number of interceptor’s type that own asset has is Nw.
Interceptor W; belongs to the set of interception systems
W = {W,Wa,...,Wny}. The number of missiles of W;
is P; (i.e., up to P; missiles can be launched). Threat K;
belongs to the threat set K = {K1, K»,..., Kn,}. There
are two categories of threats: launcher-types and missile-
types, where missile-types are launched by launcher-types.
W; can only intercept threats K; that belong to the set of
engagement available set A;. The simultaneous guidance
resource type set M is the set whose elements are the set of
the simultaneous guidance resource set. The simultaneous
guidance resource set My, is an element of M: M, € M. W;
belong to one of the simultaneous guidance resource set
M, within the set M: 3k, W, € M, M, € M,VIW;, €¢ W.
The simultaneous guidance capacity of My is Cf, which
means that C missiles launched by interceptors belonging
to My can be guided simultaneously. Ordered tuple E; is
a series of Vg, sub-processes which the missile launched

11t is related to the management capacity of the operator or the
specification of the combat system.
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by W, must complete until releasing its simultaneouss
guidance resources: E; : (e;1,€i2,.. "eivNEi) (the simuks
taneous guidance resource is seized immediately after the
launch command is given, starting e; ; and ending e;, N2
and the simultaneous guidance resource is released wheno

e;, Ny, ends.). The objective function aims to maximizer
the éurvivability of our own assets by minimizing the:
probability of being hit by threats. 2
223

-1 T 224

max J(X)= [] ¢ H H H ypia (7Y
K;€eK t=1 =t W;eW 226

(1),

t 228

st Y zi; (7)) < Py Vi, t, W, €W (2),
=1 K, €K o

> omit) <1 vt 3y

W;eW K, €K 232
x;(t) =0; Vi, j,W, e W K, ¢ A; or 3
te{t:t> b ort < b(-2)} (éfi1

ij =5 23

a;j(t) — M(1 —x;5(t)) — aije = 0; 236

Vi, 5,t, W, € W, K; € K (57

238

T < (t+ag(t) — )20 (6,7) + (t+ ai; (0)yig (. T)+

M=2(t,7); Vit Wi € W, K; €K 6)o
7> tz( )(t,7) + (t + ag; (8))yi; (8, 7)+ -
(t+a;(t )+5) (t ), Vi, j,t,7,W; € W, K; € K*

Gk

244

yis(t7) + 25 (67) + 20 (8,7) = 1;
VZ,]J,T,WzEW,KjGK (8)s
0ijq(t) = 0ijqraiz(t) = 0; 1
Vi,j,q,t, W, e ‘N7 €iq € Ei, Kj cK (gjs
249

h+Y " 0ijq(h) —t < Mwi(t,h) — & -
Vi Wi e WK €K Ve vh <t (10),
254

h+Zo”q —t) < M(1 —w;j(t, h))

256

Vi, j, Wi eEW,K; cK Vt,Vh<t (1b)

t 258

S>> with) <Cr; VEEMREM
W;eMy K;€A; h=1 260
(123

23 (0), 9 (8, 7), wis (1), 24 (1,7), 237 (. 7) € {0,137
Vi, 3, t, 7, h, W; € W, K; € K (1%24

265

The problem is formulated as a_non-linear integer press
gramming, which follows as @)—( ). x;;(t) is a binars
decision variable indicating whether to launch interceptaoss
1 (W;) towards threat j (K;) at timestep ¢. The indices
i and j represent the interceptor types and threats ree
spectively, while ¢ denotes the decision timestep withim

the planning horizon {1,2,...,7 — 1}. When x;;(t) = 1,
it indicates a launch decision, and z;;(t) = 0 indicates
no launch. x(t) = [x11(t), ..., Tny Nk (t)] is the vector form
of the decision variable. X is the collection of x(t): X =
[x(1)T,x(2)T,....,x(T — 1) "]. Decision time step refers to
the specific time interval at which decision-making needs
to be performed in the physical system

The parameters a;jt, 0ijqt, Dij, bgj , and b are con-
sidered constant in this formulation, serving as instance
parameters that determine deterministically the dynamics
of the WTA. @) is the objective function, and the problem
is to find X that maximizes the probability of not being hit
by a threat by the terminal timestep T'. () is an stockpile
constraint that ensures that the number of missiles W;
launches does not exceed P;. (B) indicates that one missile
can be launched per time. () defines the conditions under
which threats cannot be intercepted. It reflects the oper-
ational limitations of an interceptor, specifically whether
the interceptor can intercept the threat: K; € A;. It also
establishes a bounded time window for threat interception,
with_a lower limit of b;z) and an upper limit of bg;). In
(|-, the value of y;; (¢, 7), arrival-on-target indicator, is
determined by the decision variable z;;(t). In (H)—(@), the
number of missiles which are launched from interceptors
in M}, and in the process of seizing simultaneous guidance
resource does not exceed Cj. The simple example of this
problem is described in supplementary material B.

III. WARGAME SIMULATION MODELING

The mathematical model of (m)—(@) has the advantage
of rigorously expressing constraints as a combinatorial
optimization problem. However, its assumption that pa-
rameters ajt. Oijges Pij bgj), and b( ) are predetermined is
unrealistic [[15]. Furthermore, mathematical formulations
are limited in their ability to represent the uncertain
events that naturally occur in combat situations. Specif-
ically, the uncertainties inherent in combat arise from
multiple probabilistic factors: the stochastic nature of hit
determination [27], probabilistic target acquisition [28],
and interceptor error circular distributions [29]. To reflect
these elements, we model the DWTA problem using the
high-fidelity wargame simulation proposed by [3(0]. In ad-
dition, this framework incorporates RL API and Section

constraints to enable dynamic agent-environment inter-
action while preserving the combinatorial nature of the
problem.

Fig. M depicts the stochasticity inherent in our wargame
simulation. Surface-to-air missile (SAM) and close-in
weapon system (CIWS) serve as the interceptor against
missile-type threat and surface-to-surface missiles (SSM)
can serve as an interceptor against launcher-type threat.
(D In aiming position generation, the error radius of
SAM increases quadratically with distance, and the aiming
point is stochastically generated following a Gaussian
distribution with target position as mean and error radius
as variance. (2) The target/decoy acquisition of SSM
follows a multinomial distribution determined by radar
cross sections (RCS) of targets and decoys. @ The hit or
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Fig. 1: Conceptual Diagram of Stochasticity in Our
Wargame Simulation
319

320
miss distribution follows a binomial distribution, wherg,

the probability of each SSM/SAM’s hit is stochastically,
determined. (4) In interception by CIWS, bullets are
stochastically generated following a Gaussian distributiof#?
with target position as mean and variance as stated in [B1}
at a known rate of fire. The detailed simulation logic ar

described in supplementary material C. 326
327

IV. POMDP

To address both the operational uncertainty described
in Section ﬂ and the partial observability arising from sen-
sor detection limitations, we express DWTA as a POMDP,
which models sequential decision-making under partially,
observable conditions. A POMDP consists of the following,
7-tuple < S, U, T, R,Q, O, >.

o S: Set of states

e U: Set of actions

e 7: Transition function

e R: Reward function

o (2 Set of observations

e O: Observation function

o 7: Discount factor: v € [0,1)

328

332

333

334
335
336
337

338

In our study, the partial observability is caused by th&
limitation of the detection and the incomplete informatioy,
about the enemy. The agent (the own asset), which intey;
acts with the wargame simulation by performing an action,
is the launcher that has several types of interceptorg,
Based on the observation on the environment, the agenj,
takes an action according to the policy. The details abouf,

POMDP are covered in subsections. i

A. Observation *

The observation at timestep t, denoted as o; is a obs
servable, summarized and partial representation of thwee
state s;, and is a collection of these six features: o; 20
FOILO SO OO fs(0), where fi(t) is the
feature I € {1,2,3,4,5,6}. Detailed derivations and esx2
perimental analyses of each feature are provided in thes

supplementary material D. 354
355

a) Feature 1 : Feature 1 represents the cumulative
number of missiles launched, and the feature 1 of W; at
timestep ¢, denoted as fi ;(¢) is defined by (@)

¢
Fra@) =" > wiy(r)
=1 KjEK
fi(t) is the collection of fy ;(t) for all W; € W:fi(t) =
[f1.:(D)]X%. In experiment, each element is normalized by

the initial number of each interceptor’s missile.

(14)

b) Feature 2: Feature 2 represents the number of
missiles in each interceptor sub-process. For ¢-th sub-
process of W; at timestep ¢, feature 2, denoted as fa; (%),
is defined in (@).

t
frig®) = D > wijg(t,h)
K]‘ €A; h=1
Fori(t) = [ @1 and fo(t) = ||V} fo,0(t) denotes the
concatenation of f ;(t) across all W; € W. In experiments,
each element corresponding to W; is normalized by its
associated C} such that W; € My.

(15)

¢) Feature 3: Feature 3 provides the distribution of
threats located within the detection range of the own asset.
The area within the detection range from the own asset can
be divided into ng segments where ny refers to number of
segments for discretizing the detection range. We define
the set of threats in the e-th zone as

-1
Joelt) = {E; € Kld—— < d;(t) <d—}|, ecN1<e<
Nng Nng

(16)
where d;(t) represents the distance at timestep ¢ from the
own asset to threat K; and d is the maximum detection
range. f3(t) = [f3e(t)]L2, repesents the collection of
feature 3. In experiment, each element is normalized by
the initial number of each enemy interceptor’s missile.

d) Feature j: Feature 4 quantifies the cumulative
number of successfully intercepted threats up to time t.
The feature 4 at timestep t, denoted as f4(t), consists
of two elements: the cumulative number of successfully
intercepted launcher-type threats fy1(t) and missile-type
threats fio(t): fa(t) = [far(t)]2;.

e) Feature 5: Feature 5 represents the number of
successful intercepts between time ¢ — 1 and ¢ (myopic
view), while feature 4 tracks total intercepts up to time ¢
(long-term view). At timestep ¢, feature 5, denoted as f5(t),
consists of two elements for launcher-type and missile-
type threats: f5(t) = [f5,:(t)]2_1, where f51(t) and f52(t)
correspond to launcher-type and missile-type threats, re-
spectively.

) Feature 6: Feature 6 is the collection of threats’
information that have been assigned interceptors from
1 step before to nj, steps before, where n; is the time
horizon for recording: fo(t) = [f6, ()2, fo.y(t) is the
representation of the threat to which the interceptor was
assigned y time step ago from ¢, and the representation of
the target fg,(t) includes the relative position and velocity
with respect to the own asset (polar coordinate).
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B. Action 408

The action u; at timestep ¢ is to choose one of th¢’
interceptable threats to attack at this time. The inte#
ceptability is related to the constraints in (E)7 (H), (@2
The set of possible actions U(s, = s) is the set qf,
threats that includes the interceptable threats in state g;
U(s = 5) = {K; € KI3W;; (K € A A fr(t) < BB <
t < b§2)) AN Qw,em, f2i(t) < CiWi € M)} U Ko
where K is dummy threat indicating the own asset. If;
K is chosen as an action, no interceptor will be launcheg
against any threat: it means to do nothing. Also, K is thg,
only action that can be taken if there are no interceptable
threat. The u; denotes the action to launch a missile froift®
the interceptor aimed at the threat K;. The intercept(%z
is selected by a distance-based rule (see supplementary
material E), and a missile from that interceptor is launched:

and follows the specified sub-process. a2
1) Graph-based Action Representation: 23
Graph-based  action  representation  G(s) =

(V(s), (E(5),E:(5), &5 (5), Ex(s), E5(5)) is & dynamic
and heterogeneous graph constructed based on state s.
V(s) is defined as the set of nodes corresponding to the
own asset (friendly), threats (enemy), missiles launched by
interceptor of the own asset as shown in ([17). The nodes
vn(s) are sorted in the order: dummy, interceptable,
missiles of the interceptor (launched by the own asset),
where dummy node refers to the own asset. A node v, (s)
with n > |U(s)| corresponds to missiles of interceptor.

V(s)=1{ wo(s) ,01(5), s vju(s)-1(8),
dummy threat  interceptable threats 424
(own asset) (13)5

()] (8); -+ VUs) [(s) -1 (8)}
missiles of interceptor
where L(s) is the number of interceptor missiles which are
launched by the own asset and flying in the skies.

o &1 (s) represents bidirectional connections between t1&
own assets and threats that fall within the detectiof®
range of the assets. 420

e &(s) is bidirectional links between threats withiff
distance (d,). The proximity threshold d, is a usef®
defined hyperparameter. 432

o &3(s) is bidirectional links between the threat and t1#
missile of interceptor. If v, (s);n > |U(s)| correspond
ing to the missile of the interceptor flying towards the°
threat v, (s);1 < n < |U(s)| — 1, they are connected?
otherwise disconnected.

o &4(s) is a bidirectional links between launcher-typé’
threats and their launching missile-type threats. 43

e &s(s) is bidirectional links between flying missiles of
interceptors and the own asset. 440

A node w,(s) has a feature vector z,(s)
(pT(S; Un)v pG(S; Un)v ur(s; 'Un)v Ua(S; Un))v where each Cornpéf'2
nent of z,(s) represents the relative position (p.(-)) and
relative velocity (u.(-)) with respect to the reference nodé’
in polar coordinate, respectively. The reference node fom
dummy node wvg(s) and threat node v, (s);n > |U(s)| —s
is the own asset itself (i.e., zo(s) = (0,0,0,0) Vs € S) ands

441

for missile of intercepting v, (s);1 <n < |[U(s)| — 1 is the
targeting threat node which each missile is flying toward.

C. Reward

To align the cumulative sum with the true objective
function and address the sparse reward problem, we define
a shaped reward r,(H) as shown in (@I;.

ry(H) = Hrig +ray (18)
where 71 ¢+ = 1 if all threats being successfully intercepted
(otherwise 0) and 7y ; is the number of threats intercepted
from ¢ to t + 1 and H is a non-negative constant.

Proposition 1. Assuming Zthl ro.+ 15 bounded, as H
goes to infinity (H — o0), J(m) and J(7)" have a strict
monotonic increasing relationship.

Proof. 0 < Zthl ro: < ¢ where ¢ is the up-
per bound. ETNW[ZZ; ri(H)] < max Zle ri(H) =
Ey—1[Y 1y r{(H)| = H +c

T
Jy(m) = Err[ ) ri(H)]
t=1
T
= Y P =ylr ~m)Ey—y[Y_ri(H)]
ye{0,1} t=1 (19)

=(H+c)J(m)+ (1 - J(m))C(nm)
where C(7) := EY:O[ZZ; ri(H)].
Given two policies 71 and 7o (Jj; (1) < Jp(72)),
Jy(m2) = Jy(m) = (H + ¢)[J(m2) = J(m1)] + C(m1)J (m1)—
C(me)J(me) — C(my) + C(m2) > 0
therefore, Jy(m1) < Jj(me) implies J(m1) < J(m2) O

where J(m) and J'(7) represent the true and shaped ob-
jective functions under policy 7, respectively. The shaped
objective function J'(7) is defined as the expected cumu-
lative sum of shaped rewards: J'(7) := ]ET~7T[ZtT:1 ri(H)).
According to Proposition [l|, there is a strict monotonic
increasing relation between the original objective function
and the shaped objective function. For numerical stability,
the value of H is appropriately adjusted as a hyperparame-
ter. The detailed derivation is described in supplementary
material F.

V. NEURAL NETWORK ARCHITECTURE

The proposed decision-making neural network (NN)
model consists of three parts: observation_embedding, ac-
tion embedding, and policy network. Fig. f illustrates the
network architecture and information flow of the proposed
framework.

A. Observation Embedding

An observation o comprising six features is embedded
into a higher dimension using a function ¢(-) to improve
its representation. ¢(o) facilitates state estimation under
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the partial observability conditions. The observation enm
bedding function ¢(+) is implemented using a multi-layered:
perceptron (MLP). Batch normalization is applied, and thes

output dimension is d,.
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B. Action Embedding 495

We adopt the GNN architecture, graph attention ne:tzij
works (GAT) [@] for action embedding. The feature vectog8
of v, denoted as z,(s), is fed into this GNN aurchitecturg9
and thus serves as the initial (0-th layer) action embeddin%;)
h(O)( ) = zn(s). The kth layer action embedding function
}"(k) for the edge type &;(-) forms the kth action embeg]o

dlng, as shown in the w3

W (s) = FP(h DD (5), Al (o (). £4(5))) (20),
ol Y P emWpMhl () eff
Um(s) 506

N (vn(s), EE(S)) 507

where N (v, &) 1s the set of nodes connected to node v by
edge £ and WZ’
W‘z/(k) has dimensions dy x dy, while for k = 1, it hasg8
dimensions dy x 4. Here, dy represents the dlmensmn 3P
h(k)( ). The attention coefficient am(jf)( ) is defined as

is a learnable parameter. For k # 1,

exp(¥(alls - WP ()W RSV (5)))

) exp(v(agls) - WP i (s) WM Rl (s)))

attn
(22)

where ¢ is a LeakyReLU activation function and WQ(k)
Wz ,(k) z ,(k) 2, (k)

attn
and W “®) have dimensions dattn X dy, respectively, Whlle

for £ = 1, they have dimensions dattn X 4. aat(m) has
dimension 2 X d,tty. By using attention mechanism, the
function aggregates the information of the neighboring
nodes connected by each edge. It outputs a new embedding
that reflects the topological structure. The embeddings
for each edge types are concatenated to form the kth

embedding, as shown in (R3).

R (s) = HE (B ()] 115 ()11 () |1RE) ()1 1REE) ()

(23)

Ut €
(vn,€i(s))

are learnable parameters. For k # 1, Wo

where || is concatenating operator and H¥) is MLP that
reduces the dimension of input vector into dy . By repeat-
edly applying (@)—(@)7 the information of neighboringe
nodes beyond 1-hop can be blended in the embedding;
That is, hglk)(s) is a k-hop action embedding for v,(s) &
V(s), where k > 1, and h%k)(s) utilizes information froms
neighboring nodes that are k-hops away for embedding. Hs
K layers are stacked in total for the action embeddings
the output h%K)(s) from the final layer of the GNN #ss
delivered to the policy network as stated in the subsequent
section. v, (s) is uniquely assigned to each threat, wheres
n < |U(s)| — 1. Therefore, h%K)(s) refers to the action
embedding corresponding to each action wu, attacking

the threat K,, where u, — hX(s). h¥(s) denotes the
collection of action embeddings for all possible actions:

I (s) = () (5), .o Bl 1 ().

C. Policy Network

At this point, we have the representation of state s and
action u, and they are ¢(0) and h¥ (s), respectively. Policy
7w takes state s as input and outputs the probability of
action u (i.e., m(ul|s) in general policy form). In our case,
this can be interpreted as a probability distribution that
takes o and h(s) as input and outputs the probability of
choosing the action corresponding to each node (threat).
Specifically, for scalability regardless of the number of
threats, the policy network takes ¢(0)||hX (s) as input for
each action u, € U(s) and outputs a scalar value for the
action. These scalar values are passed through a softmax
function as shown in (Q) to obtain the probability of
selecting wy,.
exp(MLP(6(0)|[hX (5))

Smla " exp(MLP((0)| |1 (5)))
The agent makes demsmns randomly by choosm an ac-

tion sampled from the policy distribution [ S)l L

24)

(unls) =

(unls)]

[ (1 )] 2011

Policy Network Policy Network

Multi-layered Perceptron

Multi-layered Perceptron

05(0)\\/1\1(3(5)\-1(5)

| (o) Q nK ( 5)
K-th Action Embedding Layer
2-nd Action Embedding Layer

1-st Action Embedding Layer

Graph Attention Network

t
G(s)
Fig. 2: NN Architecture
VI. Poricy OPTIMIZATION
Proximal policy optimization (PPO) [@] is used to op-
timize the NN architecture. PPO uses clipped surrogate
objective function to improve its policy. The aim of this
clipping method is to limit excessive policy updates by
suitably adjusting the step size in the policy space. PPO
also improves sample efficiency by utilizing previous ex-
perience (old sample) for training. The clipped surrogate
objective function Lorrp(6) in PPO is defined as:
Leprp(0) = Ey[min(r:(0)) Ay, clip(r:(0),1 — €, 1 + €) Ay)]
(25)
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where 6 is the collection of learnable parameters for the
observation embedding, action embedding, and policy net-
work. Here, r:(6) denotes the probability ratio my/m,,,
and e is a clipping parameter. Old policy mg,,, denotes the
policy from which trajectories are sampled before being
updated. To estimate advantage flt, we use the generalized
advantage estimator (GAE) [34], which is computed as in
(.

Ay =0+ (W N1+ -+ (N0, (26)
where the temporal-difference (TD) error §; is defined as
Tt +v(se41) — v(st). To approximate v(s), ¢(o) is fed into
the critic network, which shares parameters with the policy
network except for the input and output layers. The learn-
ing process is a policy optimization process that adjusts
the parameter 6 to maximize Lcprp. The optimization
process iterates for Nepocns €pochs using the old samples.

Algorithm 1 outlines the policy optimization process.
For Nepisodes iterations, trajectories are collected from
randomly generated wargame instances using the current
policy. Each trajectory consists of observations o, graph-
based action representation G(s), actions u, and rewards r:
(0t,G(s¢),us, 7). The network parameters are updateg,
for Nepochs iterations, where the optimization minimizeg,
Lrotar consisting of Lerrp and Leritic- 549

550

Algorithm 1 Policy Optimization Procedure

551

1: Initialize parameters 0 of actor network and w of critig,

network 553
2: while not converged do 554
3:  trajectories < () -
4:  for ¢ =1 to Nepisodes do 556
5: Sample problem instance from combat scenarig,
distribution and initialize wargame simulation g
6: Generate trajectory (og, G(8t), ut, 7¢) 1, by execuds
ing agent policy in the simulation 560
7: trajectories <— trajectories U (o, G(8¢), us, 7)1y
8  end for 561
9:  for epoch =1 to Nepochs do -
10: for each batch in trajectories do w63
11: ¢(0) + ObservationEmbedding(o) won
12: h%) (s) < ActionEmbedding (G (s)) oo
13: 7(uls) + PolicyNetwork(¢(0), h(5) (s)) so6
14: vA(s) + CriticNetwork(¢(0)) .
15: A < ComputeGAE(v, v, \) w6
16: Leprp < ComputePPOLoss(m, w14, /AD 560
17: Lcritie +— ComputeMSELoss(v, 7) 70
18: Lrotar < —Lcrrp + 0.5Loritic 1
19: Update parameters to minimize Ly¢q;
20: end for

572
21: end for

22: end while o

575
VII. EXPERIMENT

In this study, we validate the effectiveness of the pro-
posed method through a series of experiments involving

TABLE I: Hyperparameters

Parameter Value Parameter Value
do 52 5y 0.99
dattn 72 A 0.95
dy 42 € 0.18
nd 12 Nepochs 2
np 10 Nepisodes 35
dg 10 Learning Rate 0.88e-4
Optimizer ~ Adam - -

TABLE II: Network Architecture of MLPs

Hidden Units
[128, 64, 48, 39, 32]
[126, 108, 64]
[dv, 23]

ELU

Layer

Observation Embedding
Policy Network
Hk

Activation Function

both ground and naval combat engagements. In ground
combat scenarios, the experiments simulate missile engage-
ments between transporter erector launchers (TELS), while
naval combat scenarios examine missile exchanges between
ships. The performance is measured by the probability of
complete survival (PCS), defined as the ratio of trials with
zero hits over total trials, which represents the likelihood
that all incoming missiles are successfully intercepted,
aligning with the objective function ([l). To prevent inter-
ference between friendly interceptor missiles, the decision-
making timestep in the experiment is set to 4 seconds.
The experimental datasets and detailed specifications for
TEL and ship platforms are included in the supplementary
material G.

A. Training

In training, a type A friendly TEL/ship engages three
enemy TELs/ships (types B, C, and D). The proposed
method is applied to the friendly unit’s decision-making,
with two models trained for ground and naval combat sce-
narios. The encounter distance and angle between friendly
and enemy units are randomized each episodef. After
random hyperparameter search (detailed in Tables || and

), the ground combat model was trained for 46.67 hours
(33,110 episodes) and the naval combat model for 33.28
hours (15,450 episodes).

B. Test

In the test phase, the enemy group engages friendlies
using stochastic policy (SP) 0, consistent with the training
phase (Details for SP 0 are described in the supplementary

2Tnitial encounter distances follow A (90,32) for ground combat
and N(60,32) for naval combat. Encounter angles follow 2/(0, 360)
for ground combat and U (65,115) for naval combat.
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Scenario 1 (Ground) Scenario 2 (Naval)

PCS
pCS

i $ 0 7 g g i it i
Dataset Dataset

(a) Generalization Test

Scenario 3 (Naval) Scenario 4 (Naval)

i® i E % 2 7 E 3 3 7
Dataset Dataset

(b) Scalability Test

Fig. 3: Performance Analysis Results((a) Generalization Test, (b) Scalability Test)

(a) Scenario 2

180°

(b) Scenario 3

—e— Proposed  —— S|
SP1 -

(¢) Scenario 4

Fig. 4: PCS by Encounter Angle in Generalization and Scalability Test ((a) scenario 2, (b) scenario 3, (c) scenario 4)

material C.3). For comparison, we adopt 9 additionads
baselines: 4 deterministic policies (DPs) and 5 SPs. DPs:
are rule-based approaches that reflect deterministic prefes
ences such as threat distance or speed. SPs are stochastie
approaches based on threat distance, speed, engagemento
range, or purely random selection. Among the five SPay
SP1-3 use GA optimization (denoted as Opt-SP), whike
SP4-5 use uniformly random policies (denoted as Randomas
SP). Opt-SPs combine GA-optimized performance with ism
herent unpredictability of human decision-making . Detailss
about the baselines are provided in the supplementarss
material H. 617

We conduct several tests to evaluate the generalizations
ability and scalability of the proposed method. In Sectioawo
[VII-B1, the two models are tested in situations involving ao
single friendly TEL or ship against multiple enemy TEIss:
or ships, respectively. In Section we verify that
the proposed methodology works effectively in multi-agents
situations where the number of friendly ships varies. o

1) Generalization Test: We evaluate the generalizations
ability by testing one friendly TEL/ship against multipkes
enemies across two scenarios: ground (scenario 1) aner
naval combat (scenario 2). A total of 15 datasets anes
used (dataset 1-6 for scenario 1 and dataset 7-15 faw
scenario 2). For scenario 1, each dataset is tested witdo
200 episodes at a single encounter angle. For scenario 2
each dataset is tested with 200 episodes at 9 different
encounter angles (0° to 180° in 22.5° increments, withs
episodes randomly generating orientations and positions.
within the specified direction ranges), resulting in 1,808

test episodes per dataset. Fig. @ illustrates PCS across
datasets. The proposed method consistently outperforms
other approaches, demonstrating superior generalization
across untrained scenarios. Fig. demonstrates that the
proposed method achieves the highest performance and
lowest performance fluctuation compared to other base-
lines across all encounter angles. This demonstrates that
the proposed method maintains its robustness regardless
of factors such as detection probability variations due to
RCS changes from different encounter angles and node
feature variations in 2D space.

2) Scalability test: The scalability test involves naval
combat scenarios with multiple friendly and enemy ships,
using 15 additional datasets. Scenario 3 (dataset 16-21)
involves combat with a relatively lower ratio of enemy
ships, while Scenario 4 (dataset 22-30) involves combat
with a relatively higher ratio of enemy ships. For each
dataset, 200 episodes are tested per encounter angle (0°
to 180° in 22.5° increments, with the randomness as in
generalization test). Fig. shows the proposed method’s
PCS, consistently outperforming baseline methods across
all datasets.

Fig. shows PCS by encounter angle in Scenarios
3 and 4. The proposed method consistently outperforms
other methods across all encounter angles in both scenar-
ios, indicating robust performance regardless of the rela-
tive positioning of ships. Notably, the proposed method
consistently maintains superior performance around 0.8-
1.0 across all encounter angles, while SP1-SP3 show gener-
ally good performance but with subtle fluctuations. SP4-
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SP5 demonstrate moderate performance around 0.6, and:
DP1-DP4 show relatively poor performance below 0.4
across all angles. 668

Table illustrates the average PCS across differerif’
scenarios. Notably, in the generalization test (Scenarios °1°
and 2), the difference between the proposed method ant!
baseline is 0.08, whereas in the scalability test (Scenarid
3 and 4), this difference reduces to 0.04 and 0.05, respet?
tively. Based on these results, we observed meaningful fin&*
ings regarding the method’s performance: the proposet®
approach demonstrates potential scalability in multipfé®
unit scenarios while revealing the inherent complexity &t

decision-making in multi-unit environments. o7
679

Proposed Opt-SP Random-SP DP

681

Best Best Beﬁ§2t

Scenariol 0.31 0.23 0.14 0.62
Scenario?2 0.75 0.67 0.44 0.1
Scenario3 0.99 0.95 0.89 0.67
Scenario4 0.91 0.86 0.69 0.47
TABLE III: Average PCS for scenarios 688

689
690
691

C. Comparisons with other DRL Approaches

692
To validate the performance of the proposed method, we,

compare it with actor critic from [[L7], DQN from [24], [16],
and recent DQN variants (implicit quantile networks [35],
priority replay buffer [36], dueling DQN [37], n-step TD),,
For each method, we train with 5 different hyperparameter
sets for the naval combat training scenario and record’
the average PCS for 20 validation episodes on datasét’
7 every 10 episodes (see supplementary material 1.1). A%®
the problem settings differ across studies, we train thé&
baseline methods under our experimental conditions. Fig*

shows the learning curves of each DRL approaches. Th&
proposed method achieved over 0.7 PCS after 6,000 epoch®?
while actor critic converged to 0.4 PCS. DQN and it%
variants showed no policy improvement, remaining at thé
initial performance level of 0.1. The solid lines indicates
mean values and shaded regions represent 25-75 percentiler

ranges across different hyperparameter sets. 708
709
—— Proposed 710
— DN 711
os — Do v
712
e 713
KJ 714
§ 0.4 715
=M
N 716
02
77
A PSRN AN A AAA A, 718
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720
Fig. 5: Learning Curve of DRL approaches 721

722

D. Analysis of GNN

1) Impact Analysis of GNN Layer Depth: This study
evaluates GNN performance by comparing 1-, 2-, and 3-
layer structures against a non-GNN model. For each struc-
ture, we select the top three and bottom three performing
hyperparameter combinations from six training runs in
naval combat scenarios (see supplementary material 1.2).
Training runs for 25,000 epochs, with PCS measured on
validation set (dataset 7) every 10 epochs for 20 epochs.
The visualization shows the average performance (solid
line) and 25-75 percentile range (transparent color) for each
K-layer structure. Fig. ff shows the results.

Results show all GNN structures consistently outper-
form the non-GNN model. The 2-layer and 3-layer GNNs
show steady improvement in both worst-case and 25th
percentile performance, achieving higher PCS, while the
non-GNN model remains poor. The 2-layer and 3-layer
structures demonstrate clear advantages, with their best
cases significantly exceeding the non-GNN model’s perfor-
mance. Notable performance differences exist between the
2-layer and 3-layer structures:

e Overall Performance: The 2-layer structure consis-
tently outperforms the 3-layer structure throughout
the learning process in both best and worst cases.

e Learning Stability: The 2-layer structure showed
a narrower performance range (25-75 percentile),
indicating more stable learning, while the 3-layer
structure exhibited wider performance variation and
greater instability, particularly during the 10K-15K
epoch interval.

2) t-SNE Visualization of GNN Representations: The
colored scatter plot in the center of Fig. [] shows the t-
SNE (t-distributed stochastic neighbor embedding) visu-
alization of node features from the layer preceding the
policy network’s output, reduced to two dimensions. Each
node represents observation-selected action pairs from 500
test runs, colored by TD target value (r; +yv(s¢y1)). This
visualization reveals clustering and distribution patterns
of states according to the TD target.

The central visualization is surrounded by histograms
representing the values of observation feature 3 for each
point. We focused on analyzing the visualization in terms
of observation feature 3 because feature 3 intuitively and
perceptually illustrates the concept of current threat level.
In Fig. [, we observe that states with similar threat levels
are positioned close to each other in the embedding space,
maintaining perceptual similarity as spatial proximity.
This is evident in pairs 1-2, 3-4, and 7-8. Conversely, pairs
5-6, 9-10, and 11-12 are positioned close together in the
embedding space despite having relatively low similarity
in the detailed aspects of their distributions. Additionally,
we note pairs like 5 and 9, or 1 and 4, where threat
distributions are similar but are positioned far apart in
the embedded space. These observations suggest that the
graph embedding through the GNN captures more com-
plex representations beyond simple perceptual similarity.
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E. Analysis of the Proposed Decision-making Strateqy o

To analyze the proposed decision-making strategy, 1 ()07(5)1
test episodes are conducted for the ground battle sce—
nario (dataset 1). Fig. shows the status of Stockplles
(i.e., remaining quantity) changes of each interceptor over
timesteps, while Fig. § records the count of threats tha%6
hit based on their distance from the own asset. Long- range
and middle-range interceptors correspond to SAM, whlle
short-range corresponds to CIWS. Analyzing the proposed
method and comparing with other methods reveals strate—
gic engagement patterns based on threat distances and
accuracy considerations. The method aggressively depletes
long-range interceptors (<60NM) by timestep 30 (F1%3

(c)), compensating for their lower accuracy due to lon%4
distance. While interception attempts decrease sharply
beyond 40NM, the engagement activity shows a dlstlnct
intense concentration in a narrow band around 25- 3ONM
as red in Fig. B. These nuanced patterns of the proposet®
method show a distinct difference from those that aré
overly concentrated at specific distance ranges (DP1, DP 2
or widely distributed (SP4, DP3, DP4). Medium-ranges
interceptors (<30NM) show 75% usage (Fig. E(b)), whileo
highly accurate short-range interceptors (<4NM) maintaim
95% of their stockpile (Fig. §(a)). This suggests that the:
proposed method takes into account the fact that despites
the high accuracy of short-range interception, engaging ata
this range should be avoided if possible, as it serves as as

critical last line of defense.

This coordinated pattern between stockpile consump-
tion and interception distances reveals a deliberate lay-
ered defense strategy: intense early engagement of distant
threats using larger quantities of long-range interceptors
to overcome accuracy degradation at distant range, while
avoiding wasteful attempts at extreme distances. This
is followed by concentrated medium-range interceptions,
while preserving highly accurate short-range interceptors
for critical close-range defense. Unlike other methods
which show more scattered (SP4, DP3, DP4) or biased
(DP1, DP2) interception patterns, this approach demon-
strates a systematic transition from long to short-range
engagements, adapting interceptor usage based on the
inherent accuracy-range tradeoff.

VIII. DISCUSSION

The proposed method demonstrates high generalization
and scalability due to the following characteristics:

o Representation of Topological Relationships:
GNN architecture effectively captures crucial informa-
tion for quality decision-making embedded in graph-
based action representation (Section ‘VH—DE) lead-
ing to significant performance gains (Section @,
VII-D1). While Section shows the GNN ap-
proach significantly outperforms baseline non-GNN
methods, the analysis reveals optimal performance
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with moderate network depth (2-layer) due to over-
smoothing effects B in deeper architectures. o14
o Scalability based on Graph Approach: In ad?
dition to the rerpesentation improvement, GNN anii
graph-based action representation enhances scalabif;
ity by just utilizing local information from nelghw
boring nodes. This local approach achieves bettar
efficiency compared to global approaches that sufféf’
from information overflow and redundancy [38].
« Informative observation features: Specificall§,
these observation features derived from dynamics anfj;
objective function perspectives provide crucial infoss
mation for estimating the value function, contributin@
significantly to reaching a good policy. 833
o Sophisticated interception strategy: The prgg
posed method considers interceptor stockpile statig
and distance-dependent hit probabilities, yielding @s
sophisticated engagement strategy that delivers supgf)

rior performance. 841
842

343

IX. CONCLUSION 844

845

In this study, we proposed a GNN-DRL based comggs
bat decision-making model for optimizing su]rvivabilit?ﬁs
850

3Deeper architectures exhibit oversmoothing, where excessive me&:

sage passing homogenizes node features and reduces model perfog,
mance. 854

We developed the model using a high-fidelity wargame
simulation environment and introduced key components
including observation features, graph-based action repre-
sentation, and reward for DWTA. Our NN architecture,
comprising observation embedding, action embedding, and
policy network are optimized by using PPO. Experimental
results demonstrated superior generalization and scala-
bility in multi-domain environments compared to base-
line methods. Furthermore, we confirmed that the GNN
implementation significantly contributed to performance
improvement.

As limitations, our DRL approach lacks generalization
performance guarantees and does not address multi-agent
cooperation. Future work will integrate hyperheuristic-
based DRL [B9Y] and explore cooperative multi-agent re-
inforcement learning frameworks [@], [@].
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