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[Abstract]

In this paper, we propose a reinforcement learning-based decision-making algorithm tailored for

multi-weapon and multi-threat combat environments. The proposed method separates actor-critic

structures by weapon type and incorporates self-attention and cross-attention mechanisms to enable
interaction-aware learning across agents. A responsibility-based reward function is designed to evaluate
the contribution of each weapon to combat outcomes, promoting cooperative behavior and preventing
policy bias. The algorithm is implemented using the Stable-Baselines3 library and validated through
tactical simulations. Experimental results demonstrate that our method achieves superior strategic
efficiency and collaboration performance compared to conventional PPO-based models, especially under
sparse reward conditions and resource constraints.

» Key words: Reinforcement Learning, Multi-Agent, Threat Assessment, Weapon Allocation,

Attention Mechanism, Simulation

2 <f
2 =rdAE v TS A% Ay A5 ddd) F4 g AEs s s
g5 7dt daElesS Arsith A9l dugFe FAH  actor-critic TEE  Edsa,

self-attention 2 cross-attention ™74

HAS fresta, HakH A 5SS WA et} Stable-Baselines3 #ho] B2 ]S &-&3lo] dugls
S FEsta, AlEdelAd S0A 7] PPO 7N EEly} vl AES Sty A Ay A
oty dyE|FL 34 B 24T A Ak AdeAE HAEd a8 Y e SHlA
T3 Aes Belon, HAA A Ayl od 48 7hsdt 7heAdS g1t

EO0IME, Y 87t &4 &%, ol WPUF, AlE=o|d

—

e

> ZHOf: Y,

» First Author: Woo-Hyeon Moon, Corresponding Author: Jae-Bok Sung
*Woo-Hyeon Moon (moonstar@hanwha.com), InfraTechnology R&D Center, Hanwha Systems
*Seo-Ho Lee (Ishpilot@hanwha.com), InfraTechnology R&D Center, Hanwha Systems
*Won-Seok Jang (cws0714g@gmail.com), InfraTechnology R&D Center, Hanwha Systems
*Ji-Seok Yoon (jsyoon2118@hanwha.com), InfraTechnology R&D Center, Hanwha Systems
*Hyeon-Mo Kim (hyeonmo1227@hanwha.com), InfraTechnology R&D Center, Hanwha Systems
*Ju-Mi Park (jumipark1126@hanwha.com), InfraTechnology R&D Center, Hanwha Systems
** Jae-Bok Sung (jaebbok@gmail.com), Reinforcement Learning Team, AgileSoDA

* Received: 2025. 11. 10, Revised: 2025. 12. 16, Accepted: 2025. 12. 23.

Copyright © 2026 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



262 Journal of The Korea Society of Computer and Information

I. Introduction
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II. Preliminaries

1. Threat Assessment
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Fig. 1. Target Threat Assessment Using Time To Goal(TTG)
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2. Weapon Assignment
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4. Reinforcement Learning
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State, Reward

Action a,
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Fig. 2. Training Process of
Reinforcement Learning Algorithms
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III. The Proposed Scheme
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1. Artificial Intelligence Architecture
1.1 Separate Hidden Layers

Fig. 4. Separate Hidden Layers Architecture of Threat
Assessment and Weapon Assignment Algorithm
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2. State and Reward Design
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IV. Experiments
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Scenario 3
(W=2, T=4~8)

Fig. 9. Scenario 3: Evaluation of Resource Allocation and
Survival Strategy in a Complex Threat Environment
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Fig. 10. The Result of Multi—-Threat Battlefield Threat Assessment and Weapon Assignment Algorithm Architecture
Table 1. The Result Of Proposed Algorithm(Ours PPO)
. . Shape
Scenario Actor Loss Critic Loss Ent Loss Penalty Score Total Loss
Rewards
1 0.000637 0.010755 0.021794 -0.001538 -13.965115 1.016673 0.002788
2 -0.000151 0.000954 0.010358 0.000000 -2.395769 -0.395769 0.000058
3 0.000686 0.040258 0.015433 -0.324615 -0.190962 2.472019 0.004809
Table 2. The Result Of Traditional Algorithm(PPO)
. . Shape
Scenario Actor Loss Critic Loss Ent Loss Penalty Score Total Loss
Rewards
1 -0.000177 0.079256 0.002012 -0.396154 -15.552404 0.008721 0.015674
2 -0.000412 0.004671 0.001838 -0.023077 -3.335865 -1.001038 0.000521
3 -0.000966 0.038297 0.018827 -0.400000 -0.442192 2.18349 0.007678
7h el otk e Aoke dmalsol AR &g ARle 32 = 91d oMol A9 vl g
o] 88742 IUgEIHA STt SAS AAasllSs  AE Hrish] St Aoz, tofet Y 3 Algt
AJASHE}. Actor loss®t Critic loss @A] 71& PPO tfju] & BHoF 70| mSHE|QITt o] Alua] @ ofjA] A|Qkst &t
e 252 oxjslo], AT 71A] #40) shhol 3H 252 ScoredlA 71E PPO bl 56% FHE ATHE 7]
o7 o]2ojFSS T 4 99l 235l900, Total Loss= 37% 7443519} Critic loss
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