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[Abstract]

The increasing complexity of modern battlefields and the importance of real-time data processing
have heightened the need for effective battlefield situation analysis systems. This study proposes a
battlefield analysis system utilizing Large Language Models (LLMs), specifically introducing an
advanced approach that combines Retrieval-Augmented Generation (RAG) with Supervised Fine-Tuning
(SFT). To address the hallucination problems and lost-in-the-middle phenomenon inherent in existing
RAG systems, we introduce a triple-structured learning approach that incorporates reference documents
in the SFT process. Based on synthetic battlefield datasets developed in collaboration with military
experts, our experimental results demonstrate exceptional performance in source extraction accuracy and
response quality evaluation. Notably, when applying triple-structured SFT to an 8B parameter model, we
achieved comparable performance to a 405B parameter model, proving its practicality in actual
battlefield environments. Furthermore, our lightweight model enhanced with specialized training strategies
showed minimal performance degradation compared to larger models, suggesting its viability for
deployment in resource-constrained environments. This research demonstrates the effective application of
LLMs in battlefield situation analysis and presents a novel direction for military domains requiring

real-time data processing and high reliability.
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II. Preliminaries
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Fig. 1. Overview of the proposed methodology
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Response Generation
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2. Knowledge Distillation via Parameter
Efficient Fine-tuning
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9] the EZ o] &(next token prediction) 0 & Aot

L
6" =arg ming YL (/s (g R,), S, a;)
7|1 LL &4 4, = student ZEO] 7HEA],
foe DMZR7E student BHloltt. &, F0jX] AF ¢,9}

2E 24 R} Qs o) ojHARE student
[e)

oe £,9 7t 53 E30| targetd] S, ;9] £Y R
o] EZ0] 7R == cross entropy loss L2 & 4%}

SF% o] M

student 2% 7|&oA EX¢ GHS BF Adstes
&h&5h= 712 9&9] CoT(Chain of Thought) WAl 2
olt}, CoT: T-& ¢lo] @tllo] BAls

5
=22 G
2% W ALgShe %2 a0z, wdo] A3 YHe
uj2 AAISH oL AR SR A2 BYe

Aoz s

YAR o2 WoiZe FRolck [18]. CoT
% Sea avie 4ol e
A ok metd, BH9 e BF e
g 27 7)g dol, urt gl Azl

P A A ARLS 1A O] Zlofi,

T+

L.

ok 1
i =
r o

1>
rlo "
R )

o M
ox.
A

3. Integration with RAG pipeline
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4. Web Interface for User Interaction
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LLM-RAG 7I5t 54 24 £ AlAglo] Agda B2
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Fig. 3. Web Interface of the Proposed Military Situation
Analysis System
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Fig. 4. Example simulation data

2. Training and Evaluation Data
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3. Implementation Details

H A9 AL Meta-Llama-3.1-8B 222 7]dto
=2 ZIsiE] 9l nE Alsle NVIDIA A40 GPU 3tj& &
235to] CUDA 12.0 704 438g]9ic}. malo] § g4
Al o =ES sl LoRAS A&3t1 00, output text
of tishAMBE lossE Akttt ARz offld 2
feed-forward 7#|159] £Q ©EO| LoRAS AL35}% 0
0}, rank 16, alpha 329 F4J2 ARESIGHh Sta2
learning rate le-4, micro batch 64, maximum
sequence length 8,192 tokens, 10 epochs© 2 ZlIgist
@t Optimizer2= AdamWS A5 00, constant
with warmup learning rate schedulingg A-83}9/t}.
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4. Evaluation Metric
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4.1 Source Extraction Evaluation
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4.2 Answer Quality Assessment
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Table 1. Answer Correctness Evaluation

Score Criteria

The answer is completely wrong or has nothing

1 .
to do with the correct answer.

Contains some similar content to the correct
2 answer, but contains significant errors or is
missing significant amounts of key information.
Contains about half of the key points of the

3 correct answer, and the information included is
accurate.
Contains most of the key points of the correct
4 answer, with only minor omissions or minor
errors.

Contains all key information of the correct
answer and is error-free.
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* Source Utilization Assessment (£#] &8 H7}):
LLMo] AA 2 A5 EXES AA5] &8slo] o
2 AYdsteA] Brtshrl ffall ofefl meb o] 5
Likert A =& Apgsict,

Table 2. Source Utilization Assessment

Score Criteria

1 Creating content unrelated to the given source, or
not utilizing the source at all.
Although some sources were used, excessive

2 additions were made that did not appear in the
sources.
About half of the key information in the source is

3 used, and most of the answer is based on the
source.
It uses most of the core content of the source,

4 and contains almost no content that is not in the
source.
Accurately utilizes key information from all

5 sources provided, and there is no content that is
not in the source.

LLME 5 A3 2 U8 E ot o2l —E#Kﬂ%
Aozl ~loma Zx 7|4k AjAJo] Ao} 0]
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5. Final Student Model Selection
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Table 3. Student Model Performance Comparison

Source Extraction Answer Quality
Model Answer Source
P R F1 |Correctness| Utilization
(LLM) (LLM)
gemma2 9b| 0.95 | 0.93 | 0.93 4.25 457
llama3.1 8b| 0.96 | 0.95 | 0.96 4.43 472
gwen2.5 7b | 0.95 | 0.95 | 0.95 436 4.62
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Table 4. Performance Comparison of Model

Configurations

Source

Extraction Answer Quality

Model Answer Source

Correctness | Utilization
(Human/LLM) | (Human/LLM)
358 / 352|372/ 3.67

452 / 457 | 477 / 4.81
212 /206 | 228 / 2.11
288 /267 | 3.62/ 359

@ R F1

llama3.1 405b
llama3.1 405b
+ Prompt Chain
Ilama3.1 8b
llama3.1 8b
SFT(Pair)
Ilama3.1 8b
SFT(Triple)

0.88
0.98
0.43
0.47

0.89
0.97
0.45
0.48

0.89
0.97
0.44
0.49

0.96 096|435/ 4.42 | 472/ 473
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7. RAG Pipeline Optimization Experiment
B AMMoA+= llama3.1 8b SFT(Triple) R@9] AH%
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oAl K=107} K=15% AL831el, o Be 74 Aol
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B 4790] B 4 oloie HE Deig Zolct

* Precision@K: A9 K7 7M1 ZAx} & o 9= 2
A9 ¥l &Asi} o2 0], Precision@100]
0.8521H, AFo] 107] B4 & 8.577F L 24 e
ojojgit}, i metric> ZHME &
T 9= 2A(noise) 2 QI5H &
AFBAL) ojx} ZAo] A2t BA
Qo] &8 X|mg AQIch

* Recall@K: XA 2= B4 & K7) A28 Au} Ujof] 35t
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watel Quot ARl A Ao 4 glone ¥
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cheu e 57bA] 2 wolmelel 242 vl U
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1. Dense Retrieval: | 7]gte] ojoj=24 M

2. Sparse Retrieval: 7|4 E 7]§10] o]3]A 7AAH

3. Ensemble Retrieval: Sparse Retrieval?} Dense Retrieval
O] 745l 718 M Avp &%

4. Ensemble Retrieval+Multi-query: Ensemble Retrieval
of o5 Mo WS Fot AN =y

5. Ensemble Retrieval+Reranker: Ensemble Retrieval

of At Q1= s)we] FY Al
Table 5. Performance Comparison of Different
Retrieval Configurations
Retrieval Precision | Precision | Recall | Recall
Configuration @10 @15 @10 @15
Dense Retrieval 0.73 0.65 0.77 0.83
Sparse Retrieval 0.64 0.58 0.65 0.72
Ensemble Retrieval 0.80 0.74 0.87 0.93
Ensemble Retrieval | g, 075 | 087 | 094
+ Multi-query
Ensemble Retrieval 088 082 093 098
+ Reranker
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* Sparse Retrieval2 7]9]E oj&lof 2]&35}0] Dense
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o] A5 BOHE 02 KRS HoRD)

Ensemble Retrieval+Reranker G1/do] 2= H7} X]
2l 7b 924t g Boion, o Py
ulmstol GJUIE A5 LS BolRolh ol I
At Qlsc] sjvie] Aaslsbt 24 Aue] HUcs
w02 A2 Yadch

Ensemble Retrieval+Multi-query-& 7]& Ensemble
Retrievaly} -gARRH £529] /52 EAIT}. Multi-query
WAL Kol S7Hedoll Tzt ol 4ds o= B
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Ensemble Retrieval+Reranker A4S Xfeistoict.
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8. Performance Analysis of SFT Model with
Enhanced RAG Pipeline

g4 b2 = Student @¥(llama3.1 8b SFT(Triple))
¥ xAstEl RAG mho]m2iQl(Ensemble Retrieval +
Reranker)?] 2% &1} A5317] 95l 24 241 2(K)
o T 52 WA K=5, 10, 15, 200142] A5 o]
W AT ofefer 2.

Table 6. Performance Comparison Based on
Number of Retrieved Documents
. K
Metric 5 [ 10| 15 ] 20
Retrieval Precision@K 0.95|0.88|0.82|0.79
Recall@K 0.890.93/0.98|0.98
Precision | 1.0 [0.98]|0.96|0.96
Ei‘;:g;gn Recall |0.76|0.87|0.95] 0.95
F1-score |0.86|0.92|0.96|0.96
Answer 359 14.11|433]4.34
Overall
Performance Correctness | / / / /
Answer | (Human/LLM)| 3.65 | 4.07 | 4.39 | 4.38
Quality Source 488 |4.81|4.72|4.73
Utilization | / / / /
(Human/LLM) | 4.83 | 4.77 | 4.70 | 4.71
A Ax}, K=159 o, recallo] 27 =Tt o]
o ghe w3 AL A o] 2EENSS oujict,
ofof| gtsj, preCISlorH 4% K7t Z71sto] wet opA

]_
a3t 4 B, ol 248 2A0] noise(H3

L

o
ol e AV 0} 71242 o ol ZEeS

AurA 9] M=(Overall Performance)?] 73-¢, K=159}
K=200011 7P =21 Uttt g AaolN 258 A2

< JhRjolch. A, K=202 o] Aol K=150} At
$52 AARIHE Aolt. ol dhss wFolA Tredet K
W(5~15)0f] =EEHA BHlo] FA o] Hato] s
7| Ggog BAgEc 5, o] sasiAl ke Kol
disiM = aupdo s ARetEl3=s HoEnt o2fsh A
e Aok m ATt AR A% ol /4=
cloet AlRol SAshl tha 4 9lee AXITh £
A, K=152F K=209] 3¢ 2% =A3F recallS Ho|X|ot,
K=200]A+= precision©o] th4 stESlgoe 6t &
A £ HIHSource Extraction)et ©@¥H AAA w7t
(Answer Quality)= #9] Tdst £+&2 SX|gict 0|7
st AALS Triple-structured SFTS £ RElo] A=
TAE FoA BRAdo] W2 FHEE Algst TEIsS)
L 5Yg ansoz SRS S AR 5,
ol=7p motd AA AutoMe FQ FJEHE AEA

a
& ATE ASPCT AN 4 At

9. Qualitative evaluation

A Bt gao, & AollA Ajke 29
k=159 wio] AlR| R 4 Aojo] oigt Relo] Sge
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# QUESTION:

RIZHOISHE | 212 IXI=?

# ANSWER:

R1ZE0]3H2 i ch 2 |20 FX310] 212 YIS T30} BLICL

2 x|S0 AL

A3" HAMOIME E
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F Y¥: RIZEOISHLEO] 212 9IXIS 20221 048 062 08A 2620 JHAXIYILICH

Fig. 5. Actual output of the proposed method
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