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Abstract  This study proposes an integrated Al interviewer system framework for on-premise
environments. The system combines an STT-LLM pipeline, a Rasa-based dialogue manager, and a
KoBERT-MeCab preprocessing module to enable real-time interview dialogue processing, automated
evaluation, and feedback refinement. Applicants’ spoken responses are converted via STT, after which
the LLM functions as an interviewer and evaluates responses based on professional relevance, logical
consistency, coherence, and feedback usefulness. The application of Retrieval-Augmented Generation
(RAG) and Reflection Tuning improves response quality and evaluation consistency. Experimental results
show that the LLaMA 3.1 8B model with the proposed architecture demonstrates competitive
performance compared to the 70B model under identical conditions, supporting its applicability from
a non-inferiority perspective. These findings suggest that small-scale language models can achieve

performance comparable to larger models through appropriate architectural design.

Key Words : Al Interviewer, On-Premise Artificial Intelligence, Speech Recognition-Based Interview,

Retrieval-Augmented Generation (RAG), Automated Interview Response Evaluation
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1. M2

2 Y A3 As(Generative AT} = <o
HY(LLM: Large Language Model)o] &%t a2
7714 Tt F5 280 F4E g4 08 P71
AUtk Eo] Wy, A8, AT 22 57 4 S A

oA LLMS] €& 7+ vl =A B7HE 1y
o|2Jgt 3§ woolA= Tes| S AAsHAY AR
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7129 iy Zd(d: LLaMA 3.1 70B, GPT-4,
Claude 3 5) Wizt geu]g] =5 7|¥to g 24=35t
Qlo] HPYT & 52 o, e A4k A
3 Wz g3Fe R s 2X#u]A(On-premise)
ol 713 WHE Aol 9] AdE 28ol= AL
A3t

43 2dS HFE Ao
o 293t GPU Hejet ¥ A4k AHlo]
S = F7leH, old WE s AY 15 HlE
o PJZ-[Aulgo] S45 *JAOW} S
2]& Aofo g Q] FF7|Hol SR
dlo] 24| 2-8o] A4 01%@
55| 3371, #8713, IS 52 MUBE H
Z WAL i BokE A3ely] Aol oF Sk

715t el Al ZA] A 280 7hseh 2|
LLM9] Z¢jo] WFolok, J&u o]t oA
1350 Bk H5F FESHAL, AlghE oFER
o] AHPollA HPgFoE AT = e AFY 15
Ldo] gQETh

olZ HAs}r] Y& & A7) 423 LLaMA 3.1

8B A 7|Wto g g 2uu|A Al WY AlAES A
Qreitt. 8B Bl HatulE 7 Ao & o] A4t
880| £1, GPU A 4£W7t tiE FolEo] A¥ 3
H]-8-Z 70B H@ oiH] oF 1/10 olst2 AHE 4= 9l

FEY B9, Aa L FE
71

W
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e > n

Aerslo] 1AA ¢k, 9 28

& FE 2 THQl AE dlolg 9] A&4
HHP|EE F85to] R|4] AHEE FAI6HATT.
o238, RAG (Retrieval-Augmented Generation)

7188 it 2] 9% Aol A Ba% 3

$ g} AN A o —z;aag_— 27 9ol &
mEEs AN DEAS) B TS AT
% 9l AUAS Tt Agth EE RE Yol

7h ol s Bejsy] wEo], Hetd - mejoluA k.
SR A4 SUoAE 3Tl W R X

2] o] Agtoict.

EE 4% gl nE oA iy 1l E0] &
g A4y 2¥88S Adshrle ofgAT, T
A(Virtual Interview) °o]gk= E< T4 Qo] 4t
AEAog AA-FJchd, ¥ LLaMA 3.1 70B &
do] F#oks Ad3 J5& S5 24T 4 Utk £

AR A= o]t BRE HS317] Y3, LLaMA 3.1
8B RulS =xloz A L9l glo]E], RAG 7|4t X
et Al A H7} 4]

A 32 QA -HE BAH nES
28 FESIH.

Ad Az AtE AlAF2 BrE FoE, 4 e
AWA, Bk & 5 FQ HA LLaMA 3.1 70B
e o] 95% o] A deS Bt ol 4%
LLM®] =4 i%i}% 2nguls oA o] H-8A &
€ 7M5/3E AT SR AHIE, FF 3371 L W
2k 7149] ®et 7&2}% Al B 2 m7}p A AE o
AAHQ 714 & g 7dHrt

o
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2. 0|2X HiZE

2.1 MAS

ooo

QlZX|s(Generative At LLMS| 7HQ

2.1.1 MAMS olZX|59| 7Y 2 2N

oo
Y QQFAIs(Generative Artificial Intelligence,
Generative A2 7|&9] 83 <IFA5(Discrim
inative AD¥} 2], FolA 48 = 270 tq’ﬂ' A=
2 dlole] MES AT 5= s ATAE 7Ies 9]
gt (1] ol Hlole Y] gEREE AH —]’%0}04, iy
HlolElg} FARE A4S 7THHA L A2 FE9 1}
& AAok=s A4 ZE@™(generative modeling)
of 7]utgtet.[2]
2719 GAN(Generative Adversarial Network)
I} VAE(Variational Autoencoder) 2 22 A173% 7]
Ht A ndo] F5E o]|FQith
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ol R FE oujA] Y, A I T EF &
Holof FE A4 FAdel EEEHIoY, olF
Transformer 39| 573 A AFAo] A2|(NLP) 9
oAM= o] AA(generative language modeling)
o] 7FsolAHA BEE AlY & H7F 245 gy
= ATHAI.

2.1.2 Transformer 7|dt HO{EEIO| SAku} Shat

Vaswani 5(2017)2 TAttention Is All You Need,
=04 Transformer F2& AIFoHH, 442 FHEA
2]o] ¢J&sld RNNRecurrent Neural Network) 2
LSTM(Long Short-Term Memory) 7|5t 2d9] 314
£ SE5ltH4L

Transformer+ Self-Attention {AUES S &
Ul do] 719 A9H & PAE HEHoE g
o=z 7 BHE BEFOZF olgfstal it HlolH
Shgoll At & AlTStlt

o]% OpenAl(GPT Alg]&), Google(BERT, PalLM
AlF2), Meta(LLaMA A]8]2), Anthropic(Claude) 5
F8 A7 FHA~HY AY getvEE 7t
A 28 dojnde dhHEsiiA, diiE ARSK:
(pretraining) ¥ v|AZH(fine-tuning) < Z
LLM Alti7F F=eH5].

£53], Kaplan et al.(2020)°] AA3t Scaling Law©l|
W=, 2o mejulE 0 Sk HlolH 9] FE L
g HEE A A9 dojrde] Aol AHHoR
FeET= Zo] AFEHUt

o|2fgt 0|24 ZAE B & GPT, PalM, LLaMA
Y 2L £HY 7 gy R ShsE Bl ?
7t 9] Ao oJsf 9 A 58S FASHA =HUTHol

]I.?l’.

0|
pal

213 HiRE olo{Re(LLM) Ho| o =7

it AojRH(LLM: Large Language Model)
A~ A9 mheta|E(parameten)E SH5eH
AgoR, st HAE IHAE 7[Htoz Fuy
E BEXE 53t

O|Z4 LLMZ A7t +£9] "92E 44, HosH
(QA), 89K Summarization), ¥¥(Translation), =
(Reasoning) 5 &34 AojAE7} 755ttt

LMY 8 EAL H2 qAfte g A2 EAE
2 & Q= Few-shot / Zero-shot 35 53,
3ko] 35 W 9udy IS FAloke B 75 &

(Contextual Reasoning), =H|Ql Ho] A&o] &

dob 2 rlo

i)

Sl

Nt

oE

24(Generalization) @ A7 X E=8=5(Self-supervised
Learning) 7|¥F0& tit= H[HF Hlol§ 3<% 7hso}
th= HoltH71(8].

22 LLaMA AlZIX9| 7|25 EX

Meta Al°f|A] 7Rt LLaMA(Large Language Model
Meta AD Alg2= QEAA AFAE0] A 7Hs38t &
4 g2 dojZ(foundation LLM)E ZEZ A4
=it

LLaMAE GPT AEt 5Ygt EFAEH(Transformer)
yaxig 76k 125 wEn, J2 sk AYegr 14
52 GAOIES metulE 5835 9 Holg 4 A
< FHHoR AMsATHIL

2.2.1 O7|8lX{(Architecture) ¥ &t& FX

LLaMA R @2 253]F(autoregressive) EMAL
W OIEE F4Em, 7]1& GPT-3 thH] ¢ 22 =
uje] x(7B~70B)2k AR e 452 EHlrh

LLaMA 1(2023,2) 7B, 13B, 33B, 65B &S &
7Wstiow, LLaMA 2(2023,7)= 7B, 13B, 70B= &
%, Chat ZE& 7t m=w 3leks JHRLHPDS
SY5ATH6]. 241 HHl LLaMA 3.1(2024)2 2df
405B TetulE FRE SPFEglow, HErd (o]
A HAE)T 7] AHAE J=-HF ] 128K ES)E
A L7

71202 1LaMA A|2]Z+= RoPE (Rotary Position
Embedding) 718F ¥J%] d¥go= 71 B X2 %
78t SwiGLU 243} o= Ago= it a8 P4,
FlashAttention¥ KV-Cache &3z F2 £ 7j
A, Pre-normalization LayerNorm Z-80 = 3k oF
4 8k 9 Mixed Precision (bfloat16) £ 53
A4t 9 Wm1E 84 Folge 124 S X
=g

o3t A= FUT FLOPS(AAEED tiv] &4
ASsl= Chinchilla Scaling Laws &4510], dlo]g-
gl 37]19] 43 Y3t E ST
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2.2.2 & GOy ¥ IORIRH MEf

LLaMA A2]|29] F83t 42 374 dlolg 7|5t 5}
&oltt. LLaMA 12 “publicly available datasets
exclusively”& HAIot] Bl H(Private) 3 0] 9JEs
] 931, CCNet, Wikipedia, GitHub, StackExchange,
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Books, ArXiv & &% HIo|EHAl $Z(token-level)9]
HAES S85FTHIL

LLaMA 2 ¥ 3.1914+& JAAEZHA dojegloz 3}
ARAFH dol-3d £J5H= Supervised Fine-Tuning
(SFT), AFS] A% HlolElE o|-&d “=&E(helpful)-
e harmless)—g 2 ¥H(honest)” WFoE HLsh=
Reinforcement Learning from Human Feedback
(RLHP), 17t m=Hls B ekstr] gt it As B7t
Fne 8% RL from Al Feedback (RLAIF)Y 22
RJIFJEAZA) 2 FLE(Alignment) DAE F715F
ATH10I[11].

o|2jgt mo]melele i3ty HH(Chapolx Y 5

BA3 924 B A Sr

2.2.3 ds 2 &2XM(Efficiency and Performance)

LLaMA 13B &€ GPT-3(175B) Ett 22 mjajn]
E]2 MMLU, GSMS8K, HellaSwag & F8 #lxul=0]
A AU B 2 5= Btk

TS LLaMA 3.1 222 OpenAl9] GPT-3.5 =&
9 5 ERER St B uESich

884 ¥4 LLaMAE 2E 37 BlFg &H
HlojElgF Scaling law £55k= dlole H&4(Data
Efficiency), FlashAttention, Speculative Decoding
ZAgx A|A(latency) FAS} st downstream
tasko] LoRA-QLoRAZ 41&3] 28 7MHs3st ZEshE
P (Modularity)d 22 71€4 E4S 7HIdh

2.2.4 RAG ¥ OOIME &Y (Retrieval-
Augmented Generation and Reflexion)

Z LLaMA 3.12 RAG (Retrieval-Augmented
Generation) %8+ Aglste] AR1Zery Hojowt
(Knowledge-Intensive Tasks)oll Z&s}=]11 Qlct.

RAGE 95 A4 "Hlo]A(qf]: AFH ZA)E AM-Q1&
sto] mdlo] mEtu|Ejo] AAetA] 3t X4l JEE B
=g

3L Reflexion ZH AN} A o] ofo|HE
(Language Agent) 727} A= gloH, oj= 2HEo]
ZA19] E2E “AolZ] 78} AlG(verbal reinforcement)”
2 Jrh-ggo 2N A7/ Reflexive) AR A

o & dEe Holgth

225 2EAA MHA & 2EY

LLaMA AJ2]2+= Meta A7t Algoke A4 23k

oftl

QEAA BAlZ Hugging Face, Ollama, vLLM, LM
Studio & thFet ESHFONA ARG 7HsSte

LLaMA 3.1 A% o8& 3]7HLlama 3 License)
£ 53l 7147 AF 71#e] ALEuo]Y 9 2ugn]
A Wi E 2| UgiTt

3. &7

3.1 A7 e ¥ =X
2 Ao EH2 21 u|A(On-premise) TFO
<9 7Fsst A4 Al APT A AFS AA st
4% Qo] 29l LLaMA 3.1 8B7} tlg 70B =&

rl

FE‘
&

Tl WY Bk M SHlH B9Y Ak S
1 |=3

Hog Y & YA ojRg AFHoR

o o Bk x
jus)

Ol
o
n

o
o2 9Isf & ATt PHY o] BB BEY WY
AEHIA B B2k AES} B HYATE vhrow,

RAG(Retrieval-Augmented Generation)2} Reflection
Tuning(Reflexion) 7|H-& 2t Al ©F H7 =&Y
H2E Attt A AL Ay E=HRle] E3t
H A4 A 7Y 7e g R AAE Sl ¥
7t AT A=ES AT A BHE Jth

55| £ A+ 1Y wehE o] UE o A5
H|w7} ofd, 53t A 24 stoflA 43 8B HHo|
g 70B 2d thu] FAHCE Fou|Ft 5 A5t 9l
o] && 7S Hol= ¥ 2HEZ £t} o8 B9 A
QFgE F27F x| mA A 9] AA A8 7Hsd

£ SHA omEt Jed A ATetexE A

o
FHoz 13T

ot ol

3.2 Fot AlAEIO| FA PX
2 QoA ARk Al BET B9 ZA9a
chewt 2ol Wl Ai9) Fa AR TR

3.2.1 39 ¥ 3 STT Hat o

SRS Wsk= Whisper Large-V3 STT ZEE 0]
83 AAzto g gAER WlEh

3ka+ E2|(Speaker Diarization), &% AA, AF
HAY B8E S5 24 dolE e AFes FEAET

3.2.2 XAH0| O3 X SEfA HX2| HHA|
H3lE EAELE= KoBERTS MeCab €4

IS

-17]
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£ &9 &80 AA, BA HA, B4 AHsE 35t
gt o] IFE Bl STTY Q14 oF 9 H|EE U3}
£ AAslo], <o 9Ju] EEE(Semantic Retention
Rate) & °F 12% FIAIAL

3.2.3 HY Oist ¥ HIt MM A
(LLaMA 3.1 8B =4

Meta AI9] LLaMA 3.1 8B Rdlg F4loz HAET
qeS Aot E HASIA

e SAIRY] FHE BAsk, U AR A=
2y Br-ged Al IS AR 483t

B7F A AR, APE, =24, AR 434, T
T 384 522 F4HH, Softmax 7|5t &E HA
3t ARESHSITh

3.2.4 XA ZAM 3 X7 [HIEA shs A
(RAG + Reflection Tuning)

Retrieval-Augmented Generation (RAG) +2&
HEgote], Ay FA B A JRE JF Z4HolA
oA HMstar ol wgstitt.

RAG HE&EE FAISS 7|3t #E] HA AE AMES
o [12]134E B2 LLaMA 98 ZEIEQ]| Context
Embedding FEiZ 3=t

ESEH Reflection Tuning(Reflexion) 7S %-8-9]
of, Bdo] 13} g2 e H ol& AA Briska 2
A 8EE £ EA%ke AVHEE gF F2E T4
st

o] 2+ o] o] EY] Verbal Reinforcement
Learning 7]'"§< 7|8tC & sh, S o7 B71 A
g SAlo /NSt

Rdg 7juto g Al Hubd] "84
A Qe dofel, 9 AA |y tist 235 ARESto]
LoRA(H® = #-3) 7|4t mRIFdS st

S5 88492 =017] S15) 4bit QLoRA FAEHE &
£35to] GPU HEe] AMFE 30% ol Aztstgit

KoBERT 718t 7278 &4 Z3LE 7} FeatureZ 2
el -9 LA =E 7Fsketqtt

3.3.3 RAG &% & &zt X M (Integration

and Extension of RAG Framework)

B oA 7]& Retrieval-Augmented Genera
tion (RAG) FX[13]& 7|WtC& stof, A Azel 4
A S5 7ol A5 AZ(Verification) BAE Z&ok=
NAE RAG & +2& AASII
71& RAGE A9)(Query)oll tish ¥ A5 A
, 012 A4 2d(Generator)ol 25l S-S A4
H= &Y il A(single-pass) +2E Z&=t) 184 o]
3 55 R A AR Aoy A 84
=29 A3y FHo| HAE 7RI
o|& dfidst7] Hsfl, & A+elAE= CoRAG (Chain
-of-Retrieval Augmented Generation) T-X[14]5

Hzsto] Tk -3 A vlolmetele THs

ol —loll

i)

olo

CoRAGE AE-AM-SH-AA-AS5e] vz

]
op
o
g
(] i
il
)

y
ot
o
oflh
@)
[H
i}
o
o
u
i)
I}

& 7En

(Table 1) Multi-Stage Search-and-Response Chain
Pipeline Procedure Based on CoRAG

Stage Procedure Description

The user query is vectorized, and Top—k similar
documents are retrieved from domain-specific
knowledge bases (e.g., interview data, industry
FAQs, educational materials)

The retrieved documents are combined with the
LLaMA 3.1-8B model prompt to generate the
initial response (Generation 1).

The internal evaluation module verifies the
response using Coherence, Factual Consistency,
and Context Relevance. If reliability is below the
threshold, an additional re-query is performed.
A refined document set is used to regenerate
(Generation 2), and the result is integrated with
the previous response via a Response Fusion
algorithm to minimize redundancy and
inconsistency.

Initial Retrieval

First Generation

Verification &
Re-retrieval

Regeneration &
Fusion

o|2|3t CoRAG 7|9t RAG F&+= 7129 ©d fiA
RAG tid], A4 AFE 12.7% 4, 39 BT 9.3%
PR A 7199 275 B

o= 55| Al W AARIANY AEA Tt =1
A F2o] Hast s}y 3-8 HololA aaxdS &
Qlst3iTt.
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3.3.4 Reflection Tuning EXI ME (Application
of Reflection Tuning Procedure)

£ AFoAE Reflexion ZHYYA(1515 Fxs}
o], LLaMA 3.1 8B Z&] Reflection Tuning (AH7H]
3E 7F9) dAE F&sioith

Reflection TuningS XEo] AFA19] A ZAAE
‘A B7Hself-evaluation)”dtal, oS sk mj=uio
2 Z-835= Verbal Reinforcement Learning (210]
715t skeks) Aol

Reflection Tuning= °}l] (Table 2)%} o] 44|
2 A"

(Table 2) Step-by-Step Procedure of Reflection

Tuning
Stage Procedure Description
Response LLaMA 3.1 generates an initial response to the
Generation given query.

The model produces self-assessment statements
based on Logical Validity, Expertise, and Coherence
(e.g., “This response lacks consistency and
sufficient examples.”).

Self-Evaluation

A second, refined response is generated using both
the initial answer and the self-evaluation as
prompts, guiding the model to improve its
weaknesses.

Reflection
Integration

The generate—evaluate-revise loop is repeated
several times, enhancing the model's
Self-verification Capability.

Self-Reinforceme
nt

019} o] LLaMARDE HiE0] QI7k =) glo],
B FAE WAl A ik ) 242
B3 AUZS B9 S9e) BA% Wk NS
PPAIE S B

34 4

oo

z7

(Table 3> Technical Specifications and Training
Overview of the LLaMA Model

Category [tem Description
NVIDIA RTX A5000 x 2 (connected via
GPU Server NVLink)
Experime
ntal On-Premise Setup Ubuntu 22.04 / CUDA 12.1 / vLLM
) framework
Environm
ent Al Hub Job Interview Dialogue and real
Dataset company interview logs (approx.
12,400 samples)
. Accuracy (R?), Logical Consistency,
:V,\zjllstag‘cos Key Indicators Feedback Usefulness, Evidence
Citation Rate, GPU Memory Usage

B Ao 49 LLaMA 3.1 8B 2dlo] A¥ 314
< A5k, 2E9] H5S HASoH] ¥l vt A x
& A5t

(Table 3)& A%l A8 St=go] 5l AXEFo]
43 gt IS 99K Aol

]?l tlojg F7le] wE
LaMA 3.1 8B =&
5/4< Bl RAG 3
£ oRe}t B Ho| wE HFH J5 vl AIe=
(Table 4)%} Zt}.

(Table 4) Performance Comparison by RAG
Application and Model Size

LLaMA3.1 8B +
Model Type LLaMA3.1 70B| LLaMA3.1 8B | RAG + Interview
Data
Parameters 70B 8B 8B
RAG Application Not Applied | Not Applied Applied
Interview Data Not Applied | Not Applied Applied
Accuracy (R?) 0.95 0.91 0.93
Logical Consistency 0.93 0.89 0.92
Feedback Usefulness 0.91 0.90 0.93
Evidence Citation 25% 1% 74%
Rate
GPU Memory (GB) 150 18 18
712 LLaMA 3.1 8B B&2 HE=(RY) 7|& 091
718510 tig 70B HH(0.95)°] HI3] 85 AolE B
o}, RAGH Hx =]l glolHE F7F 8% A%
Aot 09302 AU ol FUT AP 24
StollA dijg Zd ] i g5 °F 95.8% &l

Sto, 124 BeS o 43 2d9 45 AAt /9
u|eHA AAghS AJAFRITE

=22 A (Logical Consistency)@ T=H] 52
“J(Feedback Usefulness) SHAAE FARSE H3fo]
=T RAGE 28514 %2 8B HE2 =23 &
T4 4= 0.898 7183t v, RAG € HH Hlolel7t
AgE 2E2 0.922 =] giF 70B EH(0.93)°l
LT 52 HArh ol R A4 AMD £ =57}
o] SE9 2 ¥A4T Bt Y ol 71013
== 9ulgit},

E35] 274 A-&E(Evidence Citation Rate)> RAG
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2% LlaMA 3.1 8B 229 70Bg Al B I} I M5 A5 ¢

28 2L 7P e UEhd A EE, RAGE 28
SHA] e mElofA= oF 25% ol W W, SUg
8B Zdo RAGE 83t B¢ U&Eol 71%= 2A
FaENeH, |y = Hol8rt 7 B 74%
7HA] 7kt o= RAG 719F &9 4jlo] 3&9
=7 AA 58 Aefstal, B7F A SHCM L

o Sge SFL HolzT
3, GPU Hlwe] Ahge} Zwolq 8B muL of

18GBE, 70B =H(150GB) thH] F 1/8 4:32] A0
2 59 AHE FFT 5 o], 2= u|A oA
aE4T 2P/ SHAA AAARI oFE AFTI
AYE, =21, g, JI8ES 7|EC0= 3 LlaMA
3.1 70B 293} LLaMA 3.1 8B ®d 181 LLaMA
3.1 8B+RAG Hd+HAHo|EF715r =l 370] gt

‘g5 A®S Bl 5= HEE [Fig. 1] % ok
Relative Performance by Metric (%)

89 (8B)

[Fig. 1] Performance Comparison Graph of Three

Models

go EH 70B &g ‘:HH] o]x—]
#29) B Rol@ Bgov, RAGSH A =114l )
_‘5 T(R?), =& 44, 1
A7} folulsiA) 4t
o 59 %iE 7]% ﬂ%%* EE*‘ oiH] oF 95% ol
° HOS B3 49 nE
H ATt
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