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[Abstract]

In the modern battlefield environment, where vast amounts of information are distributed in real time,
there is a growing need for Al-based battlefield situation analysis systems to support commanders in
analyzing massive volumes of data. This study aims to align the preferences of a small large language
model (sLLM) tailored for a Retrieval-Augmented Generation (RAG) system designed for battlefield
situation analysis. To this end, we redefine "safety" in the military domain from the perspective of
minimizing hallucinations and construct a Direct Preference Optimization (DPO) dataset using a Teacher
Critique-based ~ Inference-with-Hint ~ technique. =~ This  technique = achieved improvements in
hallucination-related safety preferences of 47.35% based on human evaluation and 78.42% based on
LLM-as-Judge evaluation. Subsequently, through DPO-based preference learning, we identified the
optimal hyperparameter configuraion for battlefield environments as 3=0.9, epoch=15. Under this setting,
the model achieved improvements of +24.41% in safety and +3.77% in helpfulness compared to the
SFT baseline. Furthermore, it achieved a performance gain of +85.58 points in the normalized
safety-focused Z-score metric, demonstrating the effectiveness of the proposed method in reducing
hallucinations.This study demonstrates the potential of developing an sLLM that effectively balances
safety and helpfulness in defense applications.

» Key words: Large Language Models, Language Model Safety, Hallucination, Direct Preference Optimization,
Retrieval-Augmented Generation, Battlefield Situation Analysis

* First Author: Hansle Lee, Corresponding Author: Dong-Hyun Kim
*Hansle Lee (hssarah@hanwha.com), SW Team(Future Technology), Hanwha Systems
*xDong-Hyun Kim (kim.dh@hanwhasystems.com), SW Team(Future Technology), Hanwha Systems
*xHyeong-Seok Kim (hs25.kim@hanwha.com), SW Team(Future Technology), Hanwha Systems
**Jaesung Yoo (jaesungy@hanwhasystems.com), SW Team(Future Technology), Hanwha Systems
* Received: 2025. 05. 15, Revised: 2025. 06. 07, Accepted: 2025. 06. 10.

Copyright © 2025 The Korea Society of Computer and Information
http://www ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



32 Journal of The Korea Society of Computer and Information

ot BRI AXOR FEHE dd A A, Wik & dHolHE EA st A9
e Adsr] g AT 719 A S A A" ado] S ok & A
A A BAE A A4 4 AHARAG) A=Rlel 53k &3 diafR o] EEGLLM)Y
MEw AEs HRE gl o5 9 wAF EulQlel &gk kA S 3K hallucination)©]
23t BHENA A AL, Teacher Critique 714t Inference-with-Hint 7]¥H<S &85} Direct
Preference Optimization(DPO) &% Hlo|EAS 5330t ald 71 37 kA HE=d
Atk °]5- DPO 7]%k

I. Introduction

A2 Cosh ZA1 R AR AN YIEYE S0 W
o e AR/t AN R fEHE AR
F41 AR Wetela ol oM Wk Watsie A4
garold AsTe Wopd o) doleg Bajstel Alg
© ARE ] 21500 A Uelop stk mapy AT

],

AR GREOR AT 4 O A B A A

ARl " Q/do] F7Fskal o}, E3] tiEke] HojElE A
2|5kl oJu] Ql= QIAIES T&ES 4 Ql= FAls 7]
gt 9o} me(Language Model)> o]2ist @ of H3ts

+ AREe 7 7R A QT O5ME =2

Jeor ZRdan Qe L-d(Large

Language Model, LLM)& «utdo g t}e A TAE A

A Jpck
* APAlst5(Pre-training): oA 24 Ot &

Efz oF EES
(Next-token Prediction)© 2 ¢109] AuhA! mjeint
L R =

o X8 )| RA(Supervised Fine-Tuning, SFT/
Instruction  Fine-Tuning, IFT): AA|-2%
(instruction-response) Aoz LA Go|EAlS
283, APslsE Beo] ALEA} A2 e of
st G2 =2 245k 97

e M3 & Sk (Preference Learning): 23 S¢9] A

=0l WA=,

BIAEES
=g

S 22 Reinforcement

gk Q17F Bk 47.35%, LLM-as-Judge H7FollA 78.42%9] FAES H
x g A B8l A 40l HA SR stold Ty A p=0.
Aol 43.77%9] &S dAsT) Bek, At
A T Z-score 7]EOET +85.58% 9] e S DAdste] AlRbskE 7] gzt )

A
Qo SFT =g thu] bAoA +24.41%, &
.l Y
A E3E ety B dAge FAFE wEboA ek Ada §849 #ES BAld dAleE

X
X
rx
B
M
o
_E)'E
oY
1=
O|N
e

\O

, epoch=155 =3}

G

[HI

.I
=

Feedback (RLHF),
Reinforcement Learning from Al Feedback
(RLAIF) ¥+ Direct Preference Optimization (DPO)
59 Wpe S olo] 2] Ale] Hawo] B2
(Aligned) 38311 9T SYL WYI=S FK3)
st o

Learning from Human

o]} 7+ wirlo g Jj¥tEl GPT, Claude, Llama 9]
nd=so x1Ho] A2](Natural Language Processing)
oPollA Eof| T AJukE o] Rt HIAE A, W,
Q0 ZE A 5 ol dlof AN Aol AxY
(State-of-the-Art, SOTA) ASS 7|25t 9oH, o]
off W} thefet 2719 9lo] BHlS off] Rofel RAE
2 EjA 3 (Downstream Task)ol] X854} 5H= A-1L7}t
as] AliE Y ok SER|RE ol2fqt Qlo] wHElR
next-token-prediction ¥fA10 2 JjdE]o] AN O 2
&7}(Hallucination)o]2}= wAlE Sukeitt
TruthfulQA A1 A= e vlet Zo], ¢lo] e
QIZHO] ARHAQl @5yt IR S RRshe 4ol Qlof At
Ao Yok RS Y 4 o ole AR AdElAM
xHo] w9t ofRo] ST AA OXJsh Yelo] 52
2 AP =HQloA 5] X|gAo|t.

Qo] malo] B2hg Aaskb] ¢t WHE 5 St
AN =7+ A 7]4(Retrieval-Augmented Generation,



Preference-Aligned sLLM for Safe and Helpful RAG-Based Battlefield Analysis System 33

RAG)o] 'd2] ARBE|1L )t} RAGE T o] mHio]
B S R KA AA V)52 AYsH Al o7 |ElA
2, ARBAF A7) AdEed i JEE QF FAY o
o[EfHf|o] A0f|A] FAGH= Retreival TAQ} AAE 7JH
2 5= A8 AE(context)E HIFC2 Qlo] RHo]
2= A/dsh= Generation ©®A = o]FojZict. =1 &
ofof Al RAG 7|§te & 73 Zo|7| st A7} 2|2
R4 =l A7} Qltt. RAG A|ARIO] A&E] = T <o
D vt TQloA Ao R Heol njNEA g
o] AF2E]X]gF RAG-Enhanced small Large Language
Models AH2]= FAM AZ 807t 4S5 AKXk
TAF ZOQIoflA K=sts 27 glo] RAGE AR8-st
7]0ﬂ 49 AT )l AlARHTE. o]of] 1EA flojE
< FE5ML o|F 7|§te g X|wsky UARYS 48

9_? A3 g 9o wH(small Large Language
Model, sLLM)Z 7|80 2 XA+ Afel 24 RAG A|AES
55T
2 9=
A= sLLMS tjAt
Mese °**Oﬂ st ﬁ—_rL— 335}9'19‘31,

ol 34 A7

I_.

‘ObRI A’

v v O

o A EHRloA LLMY]
o} PRloA R

» Teacher Critique 7|§} Inference-with-Hint 7|
I} Intended Over-optimizationS &8st DPO &t
% dole 7%

« AV AR B RAG AR AAjetE HEE o
2t 91 DPO sfojmmtatule] Aee £5] AV 3

7} g1t stel

e wre] Az

x

II. Preliminaries

1. Redefinition of Safety in Military Domain
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4. Direct Preference Optimization(DPO)[10]
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Safety Preference Dataset

Fig. 1. Overview of Safety Preference Dataset Construction and Optimization
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Table 2. Inter-rater Agreement between Human
Evaluators and LLM Judges
. DeepSeek | Llama Qwen
Evaluator Pair Human R1 31 25
Human j 127 123 125
uma (61.35%) | (59.42%) | (60.39%)
177 169
DeepSeek-R1 70b (85.51%) | (81.64%)
173
Llama 3.1 70b (83.57%)
Qwen 2.5 72b - - - -
LLMs All Agree 159 (76.81%)
Human and All o
LLMs Agree 109 (52.66%)

BolA] ERIT 2 9%, QRF WIS LIME o)
e LR&-L Bt 60.39% 702 UEpod, LIME
ole Bt 83.57%9] =& xS ET Al Judge
Belo] RE Solgh SEhe Melgh ot MR 2072 5
15971(76.81%) &, LLM-as-Judge 7|8t H7pPt 2@ 7t
=2 9IS X5k Q82 EoE

E3F QIZF FIIAEY e LLMo] SAof] sUst
< A=st ARl A 52.66%00 sigsh= 1097101
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3. DPO Hyperparameter Ablation Study
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Table 3. Safety and Helpfulness Evaluation Criteria

Safety Criteria
SAFE

Reflects critique well with giving
specific reason.

Reflects critique without specific
reason.

PARTIALLY_SAFE

UNSAFE DOES NOT reflect critique at all.
Helpfulness Criteria
CORRECT Utilizes all the chunks relevant to

the question in the context.

Fails to utilize some of the chunks
relevant to the question in the
context to generate the response.
Generates based on something that
was not in the context, or uses
something in the context that was
not relevant to the question.

PARTIALLY_CORRECT

INCORRECT
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Table 4. Evaluation Results of Safety and Helpfulness Based on DPO Hyperparameters

Avg. Avg. Impfz\flztr!rqent I:(:)I:)(:\L/J(Ierr]:(jit Imp?‘\(;(\e/re?'rl:ent Gy cle S
S_Safety S_Helpfulness (%) (%) (%) (5:5) (7:3)
SFT 53.73 72.61 0 0 0 28.47 14.42
Bota | CP 15 | 6341 66.45 18.01 -8.48 477 22.92 4213
050 | Cp20 | 5463 68.12 1.67 -6.18 -2.26 0 0
' Cp 25 | 69.48 68.01 293 -6.34 11.48 58.05 82.96
Bota | CP 15 | 6446 66.68 19.96 -8.17 5.89 28.66 48.98
Oeég Cp 20 | 6659 6759 23.93 -6.92 851 43,61 64.92
' Cp 25 | 7118 67.97 32.48 -6.39 13.04 64.56 92.39
Beta | CP 15 | 6293 66.86 17.13 -7.92 46 23.93 4122
0973 Cp 20 | 67.72 64.44 26.04 -11.25 7.4 2567 57.65
' Cp 25 | 69.23 6659 28.85 -8.29 10.28 46.96 75.44
Bota | CP 15 | 6428 70.41 19.63 -3.03 83 54.59 6416
0go | Cp20 | 6386 67.42 18.85 -7.15 5.85 31.58 4883
' Cp 25 | 67.63 6633 25.87 -8.65 8.61 38.78 65.33
Bota | CP 15 | 6684 75.35 24.41 3.77 14.09 100 100
000 | Cp20 | ¢348 67.93 18.14 -6.44 5.85 33.75 48.93
' Cp 25 655 69.36 219 -4.48 8.71 51.91 66.46
59| Ohg F AAo] 5 vhsict. s ASAZ & S ERATH
* DPO-B0.90-Cpl5: QFRl/do] +24.41%, G-87J°] ot Y TR AI(w=0.7) =AU AN
+3.71%=2 F A& 2% /A% st dAol, Z-score F4vt MEtAo g ARt mel, FAF 209l
Z-score 4> T3t 2| VRS 7|55t OWHL} 8 A" /o] BAIE = 2ofof] st W 5ol '
g9l A HgS B/dotnt o= =2 8 3H0.90)0]  Qlct. off O-2 T 7FER] AA(5:5, 7:3)o|Ae] mHH
SFT 2Hlo] 5845 HESIHAME B4 EE“J Mz deS dlust Zleg MY 7SR 70l m2} DPO
S o R BPS 2 QlZS BojRr) 5k H]  nElEo] Hs 7F g% AetES HoEo
WA A2 epochofA] £]A49] 55 EQI AL oAt AeRos, 2 AYS ol A A &4 RAG AlA
= WAISIHA dute} 585 9AIT o = A & HlojMe R §84S d3AesE 1T AR
&ako] ExEtS A|AFSICH DPO-B0.90-Cpl5  AAo], <oMAdS %ﬁ%‘ d%
& o

* DPO-B0.60-Cp25: B A3 & 7P =2 obeal skt
(+32.48%) ZAston, ©
Z-score(7:3)0|A] 96.20 02 =

epoch £30] DPO **Loﬂ ujRl= 0"5‘% o= AlARet
t}. £3] B0.50-Cp202 Z-score’t &A% (50.00)& 7|=
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of Aollx S38=]9lon, 3 2= Meta®l Llama
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Performance Score with Equal Weights (5:5)

70
N |I|‘||

Z-Score(5:5) (Scaled 50-100)

>~

Performance Score with Safety Focus (7:3)

80
60
50 I

Z-Score(7:3) (Scaled 50-100)

Fig. 3. Performance Score Comparison
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V. Conclusion
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