msvszuaningnssesuridsniviunaluladlne-diu a5ei 12
12th TNI Academic Conference (TNIAC2026)

&

21-22 WgwnIAu 2569

ATUNNUNIUAT

nsRaEIwMIUsueslaaanazn1iiRaya (RAG) LiNata

a A 0 Y ¢ 6
5zan ﬁﬂ']'wr&l l:ﬂaﬂ'nsﬂa']ﬂﬁ'ﬂﬂ']%ﬂ%ﬂ%']ﬂ%ii!ﬂﬂiﬂbla 2K

Hybrid Fine-Tuning and Retrieval-Augmented Generation for Efficient

Conversational Language Models on Edge Devices
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ABSTRACT —Currently, research on developing language
models for use on edge computing devices such as Raspberry Pi or
Nvidia Jetson, which do not rely on external networks for
applications, often face limitations in memory and processing power.
This results in high latency and a lack of smooth interaction,
significantly hindering communication performance. Therefore, this
research proposes an approach to improve communication
performance with a small-language model by fine-tuning it to the

context of a specific dataset. In addition, this research uses 4-bit
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quantization to enable smooth processing on edge computing
architectures. For performance testing, the proposed model was
tested on edge computing devices using BERTScoreF1, content
accuracy, solution generation speed, and memory usage rate to
evaluate its performance. The experimental results show that the
proposed model can operate flexibly and efficiently while
maintaining content accuracy at a level comparable to larger
language models.

Keywords — Fine-tuning, Edge Computing, Large Language
Model, Thai NLP, Domain-specific Al.
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Algorithm: Institutional_Aware_LLM_Training
Input:
D_train = gadayadnanu-aay (training dataset)
D_eval = 7avayanamay (evaluation dataset)
BaseModel = LLM model
Hyperparameters = {learning_rate, batch_size, training_steps}
Output:
FineTunedModel
Begin

-

. Model «<— Load(BaseModel)

I

Model <— Apply_LoRA(Model)
Model <— Apply_QLoRA(Model)

w

. D_train <— Clean(D_train)
D_train <— Tokenize(D_train)

D_train <— Format_QA_Pairs(D_train)

I

. For each sample in D_train do
sample <— Add_Context_Tag(sample, "institutional")
sample <— Adjust_Tone(sample, "formal-friendly")

EndFor

o

./l Fine-Tuning Process (Supervised Learning)
For step = 1 to training_steps do
batch <— Sample(D_train, batch_size)
predictions <— Model.forward(batch.input)
loss «— Compute_Loss(predictions, batch.target)
Model «<— Backpropagate(Model, loss, learning_rate)

EndFor

I

/I Evaluation Phase
results «<— {}
For each sample in D_eval do
output <— Model.generate(sample.input)
BLEU Score <— Compute_ BLEU(output)
F1 Bert Score <— Compute_ F1Bert(output
results «— Store(results, BLEU Score, F1 Bert Score)
EndFor
End
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Model Type BLEU BERTScoreF1
Llama-3.1-8B Base 0.027 0.516
Fine-Tuned 0.389 0.809
Llama-3.2-3B Base 0.038 0.610
Fine-Tuned 0.308 0.778
Llama-3.2-1B Base 0.039 0.538
Fine-Tuned 0.235 0.745
OpenthaiGPT7B | Base 0.031 0.609
Fine-Tuned 0.072 0.689
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BLEU ta191n 0.031 1w 0.072 uaz BERTScore F1 970 0.609
1w 0.689 Feuazdniswanndu LL@iﬂ'&ﬁﬂn'jﬂmmgulumju
Fine-Tuned 88148 %u &1y Uidiran1Taunssaves
OpenThaiGPT-7B 819@84n131avaya Fine-Tuning ﬁﬁmmﬂﬁlmy'
niielAAnmIsueiy domain awzldadnadudszinsnm
19 lunsiaudn BLEU Score fisinglua1ssfi 1 aas
§1#991 BLEU 'S“ﬂmwuﬂm‘iﬂ@mmﬁﬂmiﬁﬁ“ugjﬁmuumoﬁu
(Exact Match) @9 lalimanziuauaunuinis lnefisiuisnde
anuninaiisnuldmaimnemielasssdszlonfinainnans
Faviudn BLEU figndsldldazviaudalnm Hallucination w3ananu
§ULA17849713 Fine-Tuning udatnsla lasnangiufidaiaundn
13Mng91n¢" BERTScore F1 Gaiaanuadianfaifinnuning
(Semantic Similarity) lanluiaa Fine-Tuned 1naa ldazunugani
0.74 uazluiaa Hybrid lafis 0.9434 33a23l% BERTScore F1 13
masansnlumstssdiulueamendgniunusuninnening

A19191 2: MU RWBIAININ

Model Type Contextual Comprehensi Multi-turn

Coherence | on Depth Capability
Llama- Base 1.8 1.5 1.4
3.1-8B Fine-Tuned 4.2 3.9 4.0
Llama- Base 2.8 25 22
3.2-3B Fine-Tuned 3.8 35 3.6
Llama- Base 2.0 1.8 1.6
3.2-1B Fine-Tuned 3.5 3.2 33
Openthai Base 23 2.0 1.8
GPT7B Fine-Tuned 25 22 2.0

@139 3: MIAaTzaNNAanaIn
Model Type Hallucination Bias Lack of
(%) (%) Specificity

(%)

Llama-3.1-8B Base 80.0 30.0 90.0

Fine-Tuned 20.0 10.0 20.0

Llama-3.2-3B Base 60.0 20.0 70.0

Fine-Tuned 30.0 10.0 30.0

Llama-3.2-1B Base 70.0 20.0 80.0

Fine-Tuned 40.0 10.0 40.0

OpenthaiGPT7B Base 70.0 20.0 80.0

Fine-Tuned 60.0 20.0 70.0

luﬁmmsﬂﬁnﬁm%aqmmw (@177197 2) Wu31 Llama-3.1-
8B Fine-Tuned fiazuuugifigalunndi@n 4.2,3.9 uaz 4.0

MudGU azriaul@iiuiinig Fine-Tuning @ 13NInWAMIQ NN
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nsaauldeg1elinadany Tap Llama-3.1-8B Base dnzuunudn

Ngan 1.8, 1.5 Uaz 1.4 Lﬁaamﬂwuﬁtym repetition loop 111
“a18A101d Llama-3.2-3B Fine-Tuned Was Llama-3.2-1B Fine-
Tuned fnzuunluszduddl 3.5-3.8 fﬁaganiw Base 8819TAL2%
&% OpenThaiGPT-7B Fine-Tuned ﬁﬂ:uuw‘iwﬁqmlunﬁjw Fine-
Tuned Lﬁam’mﬂuﬂzyu’l token LAN WAL response format 1
AaUn@ z&malﬁqmmwmiéamm@m
PnmIenziTefanana (a1397 3) Wuin Llama-3.1-8B
Fine-Tuned §8@31 Hallucination G‘%ﬂﬁqﬂl%ﬂé&l“{l&dﬂ&l@ﬁ 20.0%
AAA491N Base ©i9 60 percentage points waadlALAUIN Fine-
Tuning °ﬁaymuquqmmwﬁmau"l,@i"asjnﬁﬂs:ﬁﬂﬁmw Llama-
3.1-8B Base 48@31 Hallucination W&z Lack of Specificity gld“?llfjﬂﬁl
80.0% WAZ 90.0% ANUAIAL OpenThaiGPT-7B Fine-Tuned €964
faam error gaﬁ 60.0% 1fla991n1Toyw1 token fragmentation 7i.fia
97N tokenizer 7 MIEATUAL prompt format lunwsan (s 4)
Llama-3.1-8B Fine-Tuned Qﬂﬁwuﬂlﬁﬂu Proposed Model Tu
31Uz baseline ﬁﬁﬂi:ﬁw%mwgaﬁq@ lasiien BLEU 0.389,
BERTScoreF1 0.809 uaz Hallucination dnfigafl 20.0% agnalsf
o asanluaauua 88 ddasnaduniwensluns deploy
vugUnItkuwalan §39u3sWanIan Liama-3.2-3B Fine-Tuned lu
gﬂu:@hLﬁaﬂﬁﬁﬁ‘ﬂUmwgaq@ﬁm%’umsﬂﬂﬂ‘li&muu Edge
Device laa i@ Perplexity @%ﬁﬁqﬂlun&iuﬁwuﬂﬁ 11.25
BERTScoreF1 11 0.778 uaz BLEU #i 0.308 @afiadnlndidnariy
Proposed Model lunniziildninensanninatafiiety

5197 4: msdsuRunaunmainly1Fuede
Model Technique | Accuracy BERT Final TPS
ScoreF1 Score
Liama- Base 04710 | 06943 | 0605 | 1538
3238 Fine- 04306 | 07781 | 06391 | 1459
Tuning
RAGOnly | 08140 | 08358 | 08271 | 849
Hybrid 08614 | 09434 | 09106 | 7.58
(FT+RAG)

WA NIz dnkatiedinsnzilsr AnEanuazaiy
Qﬂﬁawa\ﬂmL@mmmﬁ'andnﬁﬁﬁ%’umiﬂfumiﬂumma%aévuuﬁa
mmsna@ﬂ@ﬁﬂuLﬂaﬁmm:auﬁq@ﬁw%‘umiﬁﬂﬂf\ﬂu‘uu
fauNLAsauIaLAnAaluiaa Llama-3.2-3B @Tmmmﬁa:ﬁaa
dluldoruasesaldnninafinves RAG unldiRadsziiu
UszAninmaslueanimlasiaanugndasmamssidinoy
(Accuracy) Anugndadludrunisidrlauiun (BertScoreF1)
‘ﬂ"nasmjad Accuracy LLae BertScoreF1 L‘ﬁiaﬂ’]iﬁm?uslil (Final
Score) AaaRIanNLTIluA1TRIIIAIABL (Token per second,
TPS) TamamInasasusaslaainisei 4

na1397 4 madszdiunewnai lulgmuesiuu Edge
Device lagltluiaa Llama-3.2-3B 1USuuifiy 4 tnafla wuin
Hybrid (Fine-Tuning + RAG) Tﬁwaé'wﬁﬁﬁqﬂlunn@ﬁ%i’ﬂ lapddn
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Accuracy 0.8614 BERTScore 0.9434 iLa¢ Final Score 0.9106 “f}d
§9n Fine-Tuning \RB98Eniafi Final Score 1#iB9 0.6391 uas
RAG 190t aidinafl 0.8271 adsfiinddny wsasldifudnns
nEwsseInafiand e ius N TaTaLTsTa i e susaz 3R e
2t9NUT=ANTAW naAe Fine-Tuning Trolwlutaainlavsun
uaz3zUuuUNIABUMININTEI domain LWL Tuumefi RAG 128
ﬁﬂ]”agaﬁgn@TaoLLa:ﬁ'umTzJmm%wmmmjuﬂn 8@ Hallucination
Anwulunsld Fine-Tuning 1iigvagnadies adrslsfiay Tuias
Hybrid {61 Token per Second (TPS) ay;ﬁ 7.58 %de]umﬁiﬂﬁligﬂ
Tuameilaiaadug léun luias RAG Only, Tuias Fine-Tuning,
lulaa Base Lfigdad19Lauafid1 TPS ag‘]ﬁ' 8.49, 14.59, 15.38
AUENPU BINANNINARBIRLIT N TuLAaNT 3 7 (RAG Only, Fine-
Tuning Wa¢ Base) ﬁﬁunuﬁwummlumsﬁuﬁuiagaﬁﬁndﬂ
at1413@14 61 TPS B89 Hybrid (Fine-Tuning + RAG) f3aglu
sraufivewusvlddniunisldiuun Edge Device laglidna
ni:'ﬂmiaﬂs:aummimmuwmmaaqﬂ% ﬁammsnagﬂﬁdw
F010a8nNTIN Hybrid Fine-Tuning uae RAG Ut Llama-3.2-3B 1du
Lmeaﬁmm:auﬁqﬂé’milmsﬁ’lvlﬂslfﬁmuszuuauwmuu Edge
Device luvFunianz lasaansninmanuuiudiluszaugs

AILFNL Token per second AranzausRIUMI LTS

V. ayduazafilnuna

NuispiEeumIMImMs RN sEEnEnnnsdesnsdae
Tuaanisematanlasldnisysuuas (Fine-tuning) Iiinanzas
AuuIunaaTaTayalan: Fsanuaniinasasuaasliiinin
lu1@an11 Llama-3.2-3B Fine-Tuned WAN1Z&UFIATUNNTITINU
uugdnyal Edge Computing lasRI13191NANFUGATEAIN
Uz AnSnnuasninennsiidasns ual Llama-3.1-8B Fine-Tuned
azﬁﬂs:ﬁ'ﬂ%mwgaﬁqmlm%mﬁ%ﬂh LATWIA 8,000 SwAuL T
Wﬁﬁaﬁ‘hﬁ'@‘lumsﬁﬂvlﬂ‘l%muuuqﬂmtﬁﬁﬁ%mUmmﬁ‘hﬁﬁhﬁ'@
Tuumiedi Llama-3.2-3B Fine-Tuned flvwai&nnings 2.5 1vin ud
Sainslidssansnmda wenanit sudseilstlddemnafianstu
sadomimanlnisty 4 Ja (4-bit Quantization) teIWIALENAS
LLa:{Tamﬁ'ﬂmmwugnﬁaaﬁlnmﬁmﬁ'ﬂuL@mauﬁﬂﬁmmm
Urzanansuusadasnsmwvasguniaineniaimaiwnaian (Edge
Computing) 'l@agnauau adrslsfiany masouiiouszning
Llama-3.1-8B Fine-Tuned ¢ Llama-3.2-3B Fine-Tuned U% Edge
Device 4 lWifindaTodve o fitaian nanade Liama-3.1-8B Fine-
Tuned ﬁmwmujua"wLm:ﬁmﬁ"ﬁﬁi’ﬂmmL%ﬂumm&”mﬁmauf;m
ndned1slinuday LL@i@Tﬂdmin%’Wmnsganinﬁaﬁﬂﬂl’ﬁmuuu
aunItiawaLen é’ufumnﬁansl“ﬂumaﬁmmzau?ﬁa’ﬁayjﬁ’u
AnumznTlEw windasnIanuuiningigauazininens
WWEIWaAITIaen Llama-3.1-8B Fine-Tuned wawindaansin lule
muuuaﬂﬂnstﬁmumLﬁn‘ﬁ'ﬁwfwmmﬁﬁ]"wﬁ'@ Llama-3.2-3B Fine-
Tuned \udndeonfinansganin wazdwsudasriasudiaas
§a7 Hallucination 289 Llama-3.2-38 Fine-Tuned fifagsfignansn

AARILNITHANNTIBINATA Retrieval-Augmented Generation
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(RAG) U Tuiaadsna2fiHwn3 Fine-Tuning U Edge Device
Warnanuuindrwassaavlusiunanzmelaglimuvwe
Tuies GeanuamInaassusasliiiuagretaawinanTaonssy
Hybrid (Fine-Tuning + RAG) Tﬁwaﬁ’wEﬁﬁqﬂlunﬂﬁﬁa:ﬁaﬂﬁﬁu
MsHERTIIReINARA NN T TALTETas AT e A ez T T e
nanada Fine-Tuning TaelilutaaitnlavIunuazgUuuuniiney
f101989 domain 1AWz VTl RAG ﬁanﬁﬁagaﬁgnﬁmm
LS uAINLARELAZAA Hallucination Midudadniavas Fine-
Tuning WBdedadsrNwITsluawaaa i adszidug
289321 Retrieval a9t duiFsUSuronAnidin 15w n13iadn
Retrieval Precision LLaz Recall 183 Knowledge Base LL&naanan
msdszdinlues e lwidnlaléddunouladu bottieneck wan
PaI3EUY Hybrid LL@mlﬁ"Lﬂgjmiﬂ%’uﬂyﬁmdg@ﬁ'aﬂfu wananit
AIVLIBVWIALAEANNAR AR VBITATBYA Fine-Tuning o
Wnaua w1 3nluns Generalize vaslutaaluusunnisdnen

Ay
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