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[Abstract]

The reliability of Large Language Models(LLMs) can be compromised by limitations in up-to-date
information and gaps in specific domain knowledge, often leading to issues like hallucination and decreased
trustworthiness. To address these challenges, Retrieval-Augmented Generation(RAG) models are increasingly
utilized, allowing LLMs to provide relevant answers by leveraging external data without additional training.
While much research has demonstrated the potential of RAG models to enhance the reliability of LLMs,
there has been limited investigation into how best to utilize external resources to improve RAG model
performance. In this study, we propose a methodology to enhance RAG model performance through
sentence-based extraction of external reference materials. To evaluate our proposed methodology, we
conducted a Q&A task in a specialized domain (Military English) using 5,006 abbreviations and acronyms.
We compared the accuracy of an LLM and two types of RAG models (simple text extraction and

sentence-based extraction), finding that our proposed approach outperformed the other models.
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Table 2. Category for ESP

Science & Technology English
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2. Sentence Composition from Table Type Data
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APPENDIX A
ABBREVIATIONS AND ACRONYMS

ALP administrative and personnel

A2C2 and control

A-3 Ipera COMAFFOR)

A Fy torate

A-S ans (COMAFFOR)

AA asseasment & < of approach

AAA antiaircraft artillery; arrival and assembly area; assign
ABCS Army Battle Command System

ABD airbase defense

ABFC advanced base functional component

ABFDS acrial bulk fuel delivery system

[u-lus \;I

A stands for analog in military

A&P stands for administrative and personnel in military

A2C2 stands for Army airspace command and control in military

A-3 stands for Operations Directorate (COMAFFOR) in military

A-4 stands for Air Force logistics directorate in military

A-5 stands for Plans Directorate (COMAFFOR) in military

AA stands for assessment agent; avenue of approach in military

AAA stands for antiaircraft artillery; arrival and assembly area; assign alternate area in military

Fig. 4. Example of Sentence Composition

3. Chunking, Embedding, and Vector Store
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CharacterTextSplitter

Chunk1 A-4 stands for Air Force logistics directorate
A-5 stands for Plans Directorate

Chunk2 stands for Plans Directorate(COMAFOR)
AA stands for assessment agent

RecursiveCharacterTextSplitter

Chunk1 | A-4 stands for Air Force logistics directorate

A-5 stands for Plans Directorate(COMAFOR) I
AA stands for assessment agent

Chunk2

Fig. 5. Compare of TextSplitters
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A} ZA0] o] Rojx] = FAISSE AH83ISITH25).
Chunk1 ABD stands for airbase defense
Chunk2 USAF stands for United States Air Force
Chunk1 |[1.2874669e-01, 3.81264e-02, -+, -2.531208e-01]
Chunk2 | [6.153892e-01, -2.587355e-01, *--, 5.38153e-01]

Fig. 6. Example of Embedding

4. Chunk Selection and Prompt Crafting
2 AoA= Fig. 32 Phase 204 o] fojx]= a4
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‘ Query | [0.8746509e-01, -1.34726e-01, -+, 2.63086-01]
Chunk1_similarity | 321.38495
Chunk2_similarity | 219.37465

Chunk1 |[1.2874669e-01, 3.81264e-02, -+, -2.531208e-01]

Chunk2 | [6.153892e-01, -2.587355e-01, -+, 5.38153e-01]

Fig. 7. Example of Chunk Similarity Score
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Prompt: Write a short alliterative sentence about a curious cat exploring a garden

Zero- | [Information] —
shot | [Answer] A cat looks at flowers in the garden

One- | [Information] Peter Piper picked a peck of pickled peppers.
shot | [Answer] Curious cat cautiously checking colorful cabbages.

[Information]
Fou Exam. 1: Peter Piper picked a peck of pickled peppers.
g Exam. 2: She sells seashells by the seashore.

Exam. 3: How can a clam cram in a clean cream can?
[Answer] Curious cat crept cautiously, contemplating captivating, colorful camations

Fig. 8. Example of Zero/One/Few—shot learning

oixjzoz, &% AyE LFLES Mol Bgsiol
LIMZ &oll 212 42 & dedl 2 =2olM+e 9
2] LLM & 2 oA &85 4 9)= Mistral 7B 2&

S MENIIT). Mistral 7B BEE w7 5ot 73970
| 275t Aok A Lofoll A oEte] 2o} 2 138
Lolsion, uf7feiZ 340917]91 ‘2ha} 1 34B7HR| A
ofol Al Holde & Hold 52 7& Jez 49
Ic}. T3t Mistral 7B 2Rl ojlEY 58 E5f &

=2

=
=
c}H
[¢]
A

¥0, r{m



Sentence-Based Extraction Methodology from External References to Enhance Performance in RAG 35

Correct | Question: What does the “NSL” stand forin military?
Answer - NSL stands for "no-strike list."
Question: What does the “AAAS” stand for in military?
- -l can't provide an exact answer without additional context
Available ; ; ;
vy -1t coulq potent.lal!y stand for different thing
* American Aviation Academy and School(US Army)
* Asiatic-Pacific Area Service Command(US Navy)
Question: What does the “NFESC"” stand for in military?
Can’t - | cannot directly answer that question
Answer -1I'm unable to provide an exact answer
-1 need more information to provide an accurate answer

Fig. 9. Example of Answers

IV. Experiment

1. Experiment Overview
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(B) RAG_tbl Model
(Table type)
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(Sentence type) (C) Pure LLM
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Accuracy score Accuracy score Accuracy score

Fig. 10. Overall Process of Performance Evaluation
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102+ et
A analog
: A&P administrative and personnel
Table 3 SYStem EnVIrOnmentS A2C2 Army airspace command and control
Texts
CPU AMD Ryzen 7 ‘ Extraction
H/W GPU Radeon 780M A
analog
RAM 32GB A&P administrative and personnel
0S Windows 11 A2C2 Army airspace command and control
Python 3.12.3
LLM Mistral 7b Q A
S/W
Ollama 0.3.13 A analog
LangChain 0.2.1 A&P administrative and personnel
FAISS 180 A2C2 Army airspace command and control

Fig. 11. Example of Q&A Data



36 Journal of The Korea Society of Computer and Information

EH 9 HlolEE Fig. 129} o] & 7H] fYo=
2Astedct B =20 A|olsl= RAG_sent RES 2
Ae1El K12 (Sentence type)S &8st vl T &

5Pl RAG_thl 22 HAE2QE S/dd & FAQ A}
=(Table type)S &85t

Sentence type
TAC-D stands for tactical deception

Table type
TAC-D

tactical deception

TACDAR stands for tactical detection and reporting TACDAR tactical detection and reporting
TACINTEL stands for tactical intelligence TACINTEL tactical intelligence

TACLAN stands for tactical local area network TACLAN tactical local area network
TACLOG stands for tactical-logistical TACLOG tactical-logistical

TACM stands for tactical air command manual TACM tactical air command manual
TACO stands for theater allied contracting office TACO theater allied contracting office
TACON stands for tactical control TACON tactical control

TACOPDAT stands for tactical operational data TACOPDAT tactical operational data

TA/CP stands for technology assessment/control plan | |TA/CP technology assessment/control plan

TACP stands for tactical air control party TACP tactical air control party
TACRON stands for tactical air control squadron TACRON tactical air control squadron
T-ACS stands for auxiliary crane ship T-ACS auxiliary crane ship

Fig. 12. Example of PDF files

2. One-shot Prompt Crafting

2 Hoqt 2o A% ZEXEes Hgsp|
One-shot ZTETE RMd WS A :
oot g of]A]Z One-shot B1Z2] HFEj2
2 dlojelg Zgsto] 15H WE] AP AR 3
of 7 GARE AtR 2 AR ATtet WEjste ol

sto] wHlof] Agak AIQlZ Fig. 132 o]

Template = ““«
Q: What does the acronym or abbreviation “{acronym}”
stand for in military?
A: “{acronym}” stands for “{definition}” """

Prompt =PromptTemplate(input_variables=[“acronym”, “definition”],
template=template)

Answer = chain({“input_documents”:docs, “question”:Prompt})
*docs: retrieved chunks of Vector Store

Fig. 13. Example of Prompt & Chain

3. Results

gstol Y AUS RAIT Hojole WY BS
14 MEfols) . 9j% FIolEE Pl sl e A
49 A2E GAES vl
e Alagol N 9 390, Fg 14+ AuARY
efoll w2t sto] olol ohet SALEs} 71 e A9l
A fel Hagol 59 ol2A, 49 Fag0l & 7|
2o A2 cheA] FYEL AL 4 9

_l
;O

Question: What does the acronym or abbreviation "A&P" stand for in military?

Data type Table Sentence
IA stands for analog in military
IA&P stands for administrative and

IA analog
IA&P administrative and personnel

Rank 1 5 personnel in military
fi202: Army aispaceicompnantd IA2C2 stands for Army airspace command
and control it
and control in military
Sim_score 309.0539 240.76529

IAA&E stands for arms, ammunition,
and explosives in military
IWAEC stands for aeromedical evacuation
control team in military
IANAFES stands for Army and Air Force
Exchange Service in military
262.425

IACOCC air combat operations
command center
Rank2 [ACOS assistant chief of staff
IWAMDC US Army Air and Missile
Defense Command

Sim_score, 343.11017
IAAOE arrival and assembly
operations element

IAAOG  arrival and assembly

AP stands for Allied administrative

Rank 3 : publication
operations group :
biAsE arms, ammunition; and IAAR stands for after action report
explosives
Sim_score 359.25125 285.23712

Fig. 14. Example of Question & Chunk Similarity Score

ol AN A2 L Aeolols Bgalol YII A%
mexEo} LIMS 53 % AnE el @ 4 ok
Fig. 16& 7t Rz Aojof dish E¥a UEH oA
2, gyle mibaa o] 4 clolele] Aoje] st 7
ool ‘Answer C|o]E]'Q} Ux|shs Aetst g AXHo 2
ESH
things depending on, several meanings depending
on'st ol of2] JpA| bsA Qe ARSS T8t
LLMo] A37dsl W ¥, 2]
answer, answer cannot be given, cannot provide an
answer 2 o] o] =7gt gyioz e

%

‘several other acronym such as, various

‘does not offer an

-The acronym “AFI” in military stands for “Air Force Instruction.”
-“AlS” appears to be a part of several other acronyms such as ...
- Automatic Identification System(maritime navigation and tracking)

- Airborne Information System
-The context provided does not offer an answer.

- In the context provided, “BLOS” stands for “beyond line of sight,”
-“ALCG” could potentially stand for various things depending on ...

- AACG(Arrival Airfield Control Group)

- ARL-M(Airborne Reconnaissance Low-Multifunction)
-Without additional context, an answer cannot be given with certainty

RAG_sent

RAG_tbl

-“BVR” stands for Beyond Visual Range, In military context.
-“CAR” can have several meanings depending on the context.
- Combat Arms Rifleman - A soldier who is trained to engage the enemy
- Combat Aircraft Rescue - aircraft that are used to rescue
-1 apologize, but | cannot provide an answer without additional context

Pure LLM

Fig. 15. Example of Model Answers

4, Performance Evaluation

2 Ao Aotk weel 2Astd oy FuAlR
= 285t RAG_sent 2d, BIAETLS =&5}0] 8351=
RAG_tbl 2, 72]3 RAGE AFESHA] 9= Pure LLM &
do] M8 H| w3t AvE AVfsith s Alrs Aste S
AH&SHET, Fig. 162 2o] Full Formt 742ts] LX|st
+ ‘Clear Answer’, 72|11 44 t}2 g3lo] gl oL} 2ju]
7} =23t 'Unclear Answer’, 0]Z 7] 7t AlslS Hoto g
55he 5 71R) dae sl $x10) A9 A2l
og ZEige 55 BY ove Blsiolct

)||
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Abbreviation Q-ship
Clear .
Arewer Decoy ship
Quasi-Ship or Queens’s Ship. In the military context, a Q-ship
Unclear |, oo : :
A is a decoy vessel used to lure submarines into revealing their
nswer o ) : .
position by simulating the appearance of a real warship.

Fig. 16. Example of Model Answers

% 77 Table 4 % Fig. 17049} 20| Aot w2
9] RAG_sent =2Ho] ZZ5l0] gL
RAG_tbl 2% @ THs] LLMOHS A}83F Pure LLM
duct Asle Eof|A] oAsH =9 UERES sto

Gick. ol RAG B8] 9J% HIAIZS] FEIE Balst

o]
-

Bl A EOLRS.
—u=

&Hﬂr

of x502K LLM B¥o] BRes PPN 4+ S
< Yepdict,
Table 4. Performance Comparision
Model RAG_sent RAG_tbl Pure LLM
(A) (B) (C)
Accuracy 83.4% 60.4% 14.8%
100%
90% 83.4%
80%
708 60.4%
60%
50%
40%
30%
20% 14.8%
0%
RAG_sent RAG_tbl Pure LLM

Fig. 17. Performance Comparison

V. Conclusions

52 LLME Choret ol tlofet Fefz 8ol
943t tE AT Lk SIAI3E HE LLMo] ZEA
ol AT AN Huol MAA wrgo] Agtehe 2
2 polo] uje}, WA @PolAe YAIRE BEstA
= Pt 38.E Agsh R Ot 071 3
oIt o2 g LLMO| AZHS F87] 9Is] RAG
292 oot Wiiol YA FPEI2 YAl 913
FuAkRY] S4o] 112 RAGY %52
o2 stoher] ofaict. ojziat upol & Aol
o8 FuAlRs} Umste ujg %

],
= 1__
A PO Al22 &-8sle] RAG BEI0] LS 3RARA]

Z35tal

Mo rlr

7l YRS AT A YU 45 Wi 9
3 54 =HA(BAE)A Atgshe o
5006712 LLM1} % 7}K] RAG DH(EIAE Ch =&
/et FE)0] Uik QA BiA3E 4 =
wslglon, 1 At Ao WE 2ol BAE 55 RAG 2
Ho] T} Hlur} 945 452 Bl Selsiairt.
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S AUAlE R &8sl= RAG Zdlo] BlAETH L} o]
[e]
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