Journal of Korea Society of Industrial Information Systems Vol.28 No.5, Oct. 2023 :15-30
http://dx.doi.org/10.9723/jksiis.2023.28.5.015  ISSN:1229-3741

= Y2E A oA i 2d A4S A%

o)A 243 Aol stsel R} A7

(A Study on Fine-Tuning and Transfer Learning to
Construct Binary Sentiment Classification Model in
Korean Text)

= D
T

(JongSoo Kim)

N

2 ¢ T EdMAEZW(Transformer) 25 7|ZE 3+ ChatGPTe} #& A mdo]l =A
FEwy gty EANAEHE Tk AlAW wdo $8% =4, 739 BERT(bidirectional encoder
representations from Transformers) ¥4 Edo| % AL&HATH E =R E= a2 g o
3} gl Rl dig dZo] FAHAAA FAXJAE Fdsts HAE o EREdS AAF7] 98
A, A skgEe] F7lE BERT th=ro] 444 2dS vAZA (fine tuning)dt &, A =& 3=
8k Ho] B Al & AF&3lo] A o] 8kt (transfer learning) Al7]E HHS A ¢r3lt) o] 2 9 aiA 104
7N o], 127) dlele], 76870 hidden®} 12719 F % (attention) 3= <= 110M 7§¢] FHEvEHE A&
skl Al gh5E BERT-Base th=ro] 344 2dS& 2830, 93 J=2& 34 £ 74

i+ rdg WA 9§, Abd 4% BERT-Base 2ol 98 #olojo &8 #olo]& nA]
zA4s Ay, 178M719] S HE 7[R AM2L 2do] YA FT vA 2AHE Zdd JHE
= @olo] Aol Jhs 128, batch_size 16, 8 3¢ 532 AHAsta, 10,000719] g5 ol Al
tlolHAS AFE-ste] Mol TFAIZl A¥, AEE 09582, &4 01177, F1
ol EFEol AU, dHolHAS ou 534 Mol FgHA Ay, 4=

2

Sh

ok
2

o Ml

GHFA: Edrmr], Ad S5E WE, MR, Hol s

rot

o 2 =
= o AT

Hd
S

)

Abstract Recently, generative models based on the Transformer architecture, such as
ChatGPT, have been gaining significant attention. The Transformer architecture has been applied
to various neural network models, including Google’s BERT(Bidirectional Encoder Representations
from Transformers) sentence generation model. In this paper, a method is proposed to create a
text binary classification model for determining whether a comment on Korean movie review is
positive or negative. To accomplish this, a pre-trained multilingual BERT sentence generation
model is fine-tuned and transfer learned using a new Korean training dataset. To achieve this,
a pre-trained BERT-Base model for multilingual sentence generation with 104 languages, 12
layers, 768 hidden, 12 attention heads, and 110M parameters is used. To change the pre-trained
BERT-Base model into a text classification model, the input and output layers were fine—tuned,
resulting in the creation of a new model with 178 million parameters. Using the fine-tuned
model, with a maximum word count of 128, a batch size of 16, and 5 epochs, transfer learning
is conducted with 10,000 training data and 5,000 testing data. A text sentiment binary
classification model for Korean movie review with an accuracy of 0.9582, a loss of 0.1177, and
an F1 score of 0.81 has been created. As a result of performing transfer learning with a dataset
five times larger, a model with an accuracy of 0.9562, a loss of 0.1202, and an F1 score of 0.86
has been generated.

Keywords: Transformer, pre-trained BERT, fine-tuning, transfer learning, Korean text
sentiment classification
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ol £9¢, OpenAlolA E WX (transformer)
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ChatGPT(generative pre-trained transformer)
7b AA FEYeon AHAdFTE ddsiA X8
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HyungDong, and S. Sunhee 2023).

ChatGTPE= Edlayw mdo] tmywt 7}
A e FE2E, A FEg 2ot
273 ekEel v EFErF (meta-learning) S A&
ged, F2 EFJoRE 1759 /9 vt
5 VRS A AT darE 28R
AR g GPT 7]|EEES nfgo = A Ln
M ZA (supervised fine-tuning) FAE 73 A
AdE 2l JA9AQl BAS Frbe md
(reword model)® THA] Sh5A]7] AL, HETRA] 7
3}3k<5 A4 A (proximal policy optimization) il

= A& srEAlF T = Aolt(S. John,
W. Filip, D. Prafulla, R. Alec and K. Oleg,
2017; B. Tom B, M. Benjamin, R. Nick, et
al.,, 2020; L. Ouyang, W. Jeff X. Jiang, A
Diogo, et al., 2022; B. Sébastien, C. Varun,
E. Ronen, et al., 2023).

B E(BERT: hidirectional encoder representations
from transformers)©= TEA EWRAEIHE
o EA mdojty, Fo 5Aow g
= F3el wiaA(mask)E AAAA B
4 dols 45 F s SaEn. 20184
g A& 49 =de 2x 9 NLP
(natural language processing, At¢lo}=g]) 1174
wopol A, dA Hi FF(SOTA: state of the
art)S A FHD. Jacob, C. Ming-Wei, L.
Kenton and T. Kristina, 2019).

H =RoME Folx stz EFo] FAA

R

FAAUAE B 018 B2
7

B
i
do
ro
ol
i
u
=
)
BN
o,
=
=)

a

-
o

.

=)

©
(o
o

SEEN - CEE

o
(transfer learning) Al7]& W o
Hl
L

oR EEelA A P S8, o
of e el tstel ¥4 A A
Fohi ol e Slo] thE okl M 44

Ir

BAE 5 vk

=14
A= [e) i 5 = A = =1
= HEES £A4S gotd £ v ERE

Fst iy agE: AdE T FUIeh 2ol
ol "xEV FAHANA BAAAE A
1l 3 E R I R

3 A7 ozl EREd
W T2+ Fig. 13 2 (TensorFlow Authors,

embedding input | input: | [(None, None)]

InputLayer output: | [(None, None)]

embedding | input: (None, None)

Embedding | output: | (None, None, 16)

I

dropout | input: | (None, None, 16)

Dropout | output: | (None, None, 16)
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global_average poolingld | input: | (None, None, 16)

GlobalAveragePoolinglD | output: (None, 16)
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dropout_1 | input: | (None, 16)
Dropout | output: | (None, 16)
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dense | input: | (None, 16)
Dense | output: | (None, 1)

Fig. 1 Example of an English text sentiment
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Fig. 3 RNN(recurrent neural network) model for text binary classification
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text input: | [(None,)]
InputLayer | output: | [(None,)]

preprocessing | input: None
KerasLayer | output: | {'input_type_ids: (None, 128), input_word_ids": (None, 128), ‘input_mask’: (None, 128)}

BERT _encoder | input: {'input_type_ids": (None, 128), ‘input_word_ids": (None, 128), 'input_mask’: (None, 128)}
KerasLayer | output: | {'pooled_output: (None, 768), 'default (None, 768), ‘sequence_output: (None, 128, 768), s » o o , (None, 128, 768)]}

dropout | input: | (None, 768)
Dropout | output: | (None, 768)

A A
classifier | input: | (None, 768)

Dense | output: | (None, 1)

Fig. 4 Structure of a pre-trained BERT-based model for an English text binary classification
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2 Fig. 49 #& F2Z 74t (TensorFlow
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Abgate] 53] StgE REE Hg 09805 & (recurrent neural network)Z} ThE A k5ol
A1 0.0672, F1 A5 097929 55 EAHh GPU WEA g dts AHEE & v Ao
Task Pool Step 1: Instruction Generation S_trca I;lf :lﬂ::‘:i!ii.]':;:i:i';n
ﬁi e g
— p LM : : " \ %t
o— . 7 Instruction : Give me a quote from a ‘
g'- m A / famous person on this topic.
ey

175 seed tasks with
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1 instance per task Step 3: Instance Generation

Yes
:f Instruction : Find out if the given text is in favor of or against abortion. —
Step 4: Filtering Class Label: Pro-abortion
Input: Text: I believe that women should have the right to choose whether | Qutput-first LM
"\ur not they want to have an abortion.

Instruction : Give me a quote from a famous person on this topic. ~ No
Input: Topic: The importance of being honest.

Qutput: "Honesty is the first chapter in the book of wisdom." - Thomas
_Jefferson o

Fig. 5 A high-level overview of the self-instruct

Input-first
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Table 1 List of InstructGPT models provided by OpenAl

TRAINING METHOD

MODELS

SFT: A guided fine-tuning model for human demonstration

davinci-instruct—betal

FeedME: Supervised fine-tuning model for samples rated 7/7
by human labelers and human-written demonstrations in overall

quality score

text—-davinci-001,
text-davinci—002,
text-curie-001,

text—-babbage—-001

PPO: Reinforcement learning model using a reward model

trained on human comparisons

text—davinci—003

g xA0 EAoltH(V. Ashish, S. Noam, P. Niki,
U. Jakob, J. Llion, G. Aidan N., K. Lukasz
and P. Illia, 2017).
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Iy
:
l

494, FHALE, oMARMY, AE e
AR e Aol AE] HofoA 43
Bes BA Adiggrg Aol el A

self-instructe} #o] Al £&
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K. Yeganeh, M. Swaroop, et al., 2022). Fig. 5
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GPT4¢ #4838 942 ¥ Z2(UC Berkeley),
CMU, 2" X =(Stanford) % Mt]ol 2(UC San
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B (reward) RE<&
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| x: Acatis.. |

Initial Language Model (RL Poll:y)

Tuned Language Model |

Diego)] st A 1HolA ShareGPTSF dlo]
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&S 594 SFAAA AT
GPT-4& dn|R7IAE ALgsto, 227], 94
=, A2, 249, F3h, AAE Z A # 28](Fermi)
&, HM}N Xq-J deS H7hsk A7, OpenAl
9] ChatGPT35 ¥ 2 Bard9] 90% ©°]4<] #
S 49t
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1o (¥x)

Fig. 6 GPT's proximal policy optimization algorithm
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H doJrEd(tuned language model)o] Z+z}
=5 A9 s 7 T, AN RS F
3t Zd(reward model)ol A Foi HAS
F7hshe Adteas $ste A dorRd
(tuned language model)S AlEsiA k527
oh QIZbT =wlE B3k 7F8l S5 (reinforcement
learning with human feedback) 3+%5< 6B ©]
ol dlelgHAl S fg A4 A dds
to]HAl 5o Z R8sttt

2.5 BERT &% 7 A

F
AT

D. Jacob et al.el 2l& 2019 w¥H BERT
= EdAaxy a8 yjHto g2 3 oFHlsE o] of
Rdlg old dolet o]F wo]E T i1y}
o T4E oldlT F A& AFAToE My
Atk 4 g HIbeA e IET ¥ =&
S 71EP o, ALA S5 (pre-training), 391
74 (fine turning)¥} 7 o] &<F(transfer learning),
g wpxaF] FEksE o] of(bidirectional layer)
A8 22 T2 EAE Stk

o3}

TEolA By de Base @3 Large
wdo] 9t dAl Hi FF(SOTA)E 243
d mde BERT Large R @olt}. ztzte] 3ol
bRl el = R e STy e e

MBERT-Base(7] %) =4 3}o] 3 v}z}n] g
« NUM_LAYERS: 12

« D_MODEL: 768

« NUM_HEADS: 12

@BERT Large 249 3}o]3 3z}n g
e NUM_LAYERS: 24

« D_MODEL: 1024

e NUM_HEADS: 16

BERT-Base E9@2 < 339($171M2(259)
+ BooksCorpus(8%))
subword 159 S
H &2 mtaacsy

o
2

P(adam) HA 37 E AE

S/hE Foj7|gke] g3}
o] BERT Xdo] 7]|ER
vz ke HEs W
7|25 o]

N
o #A gl Yok skl
S Fgate 2

[e)

-
=
Z

Table 2 Key features of artificial intelligence for Korean natural language processing

Function

Description

Text Analysis and
Tokenization

Divides text into meaningful units such as words, phrases, and sentences.

Morphological Analysis stems and endings.

Extracts and analyzes morphemes in Korean, understanding the combination of

Part-of-Speech Tagging structure.

Attaches part-of-speech information to morphemes, understanding the sentence

Named Entity Recognition | Recognizes and extracts named entities (organizations, people, places, dates,

(NER) etc.) in text.

5 Parsi .
Syntax Parsing meaning.

Analyzes sentence structure and grammatical relationships to understand

Sentiment Analysis

Analyzes the sentiment of text (positive, negative, neutral).

Machine Translation

Performs translation between Korean and other languages.

Question Answering

Extracts or generates accurate answers to user questions.

Automatic Summarization | Summarizes long text documents into key information.

Chatbots

meaningful interactions.

Implements AI chatbots that mimic conversations with users, supporting
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oo, @Rojusts HolN UEe
ghaio]l Aol A #dE =S Avfeka sl AR StEE wdS ugzAdstd, otd A7k
(S. Chang-Uk, 2020). & A F dvke Aol Ak dF wA
o] Adde]l HE]lE 1% BERT 716ke] AF 744 o]x 2R welprde bAZzoo 7g
A oshgE Qo] mde] gk vl e A% A2 Algdrh A FUlE AbA SEH
Output ........................................
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LayerNorm E Connection
Cgﬁf:igé?én‘ [m&f netwnrk] i

Residual
Connection || I

BERT

Input
Fine Tuning
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Fig. 7 A fine tuning model of BERT
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BERT-Base =92 & 72 5A0o] o1zl
o 3¢ dlo]E Ml (dataset): °F 339 wol(9]7]

M 71(2591) + BooksCorpus(89))
* 104709] QlojZ sty

- Subword  mHE A% Edveld  qEE Bge 44 BRE £9Y 5 JES
(tokenizer): E&3} 3 ¥ 15% H| &= Fig. 7¢} #o] BERT-Base 229 &HS 7
nAIEE dolZE AAFA Rdo] o= Al Z% (Fine Tuning) gttt
=3 4 Jd=E g5d EWayrel vuste] BERTOA A2 71

o o AN B S T A do] ¥ ¥ d (embedding)& A EA= ES W
512 (subword token embedding)¥ A 1HE JH|d
e &7 3|4 (epochs): 1007+ ~®l(step) T& (segment embedding)©|t}. 4 (input)¥} =¥
(33%] ofell s 40 epochs +sF) (output) #ejole] MAzA W& GEF3 %
o A 3}7](optimizer): o} (adam) o},
st - Fe #A o BEFE Y3 BERT DInput Tuning: Subword Token Embedding
rdo] FdNHLE o5 Zr) + Segment Embedding
@Output Tuning: 9% Fd= 272 99
DOstsS A delgal A4 & Softmax =S Zebd F, 43 25
@A]‘;ﬂ @%%(Pre—trained) BERT-Base =4 7]— =4 ?_]_X] FA ?_]_X]% T_ﬂ-ﬁ]——:f Dense(1)
A F7}
@A g5¥ BERT-Base RE93 7h5A
(weight) =1 AL g<5%® BERT-Base Z9& 3= 7%
@=9H 718 BERT-Base RuolA 9 34 24 RRRdz na z2qat #4e o
g3 &S A x4 (fine tuning)sto], + ¥ Z2oh
BERT base model
input: | [(None, 128)] input: | [(None, 128)]
Input-Segment: InputLayer suput | [(None, 128)] Input-Token: InputLayer output | [(None, 128))
N S
Embedding-Segment: Embedding | ror| NON&128) | | o e dding Token: TokenEmbedding 2o | (None, 129) I
output: | (None, 128, 768) | output: | [(None, 128, 768), (119547, 768)] I
______ ——— Sl S A i
// |r I
: ‘ - = = 7 1
T a— input: | [(None, 128, 768), (ane, 128, rﬁiw : I
output: (None, 128, 768) P 1
T 7 }aa
Vd
’
Fine tuned model it
i % None, 12| E None, 128
Input-Token: InputLayer uI::;k:l‘. ::sz:,é:g Input-Segment: InputLayer c:::l:l:(: EN:::, 128::
7
_____________ L___J-ﬁ________l l
| ) . input: (None, 128) . i input: (None, 128)
| | Embedding Token: TokenEmbedding - - I | Embedding-Segment: Embedding =
1 output: | [(None, 128, 768), (119547, 768)] 1 output: | (None, 128, 768)
connected to the output - 7 input: | [(None, 126, 768), (None, 128, 768)]
iayer part deleted Embedding-Token-Segment: Add P (None, 128, 768)
|

Fig. 8 Comparison of model input layers before(top) and after(bottom) refinement
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..\—\— — e wes wes wes = layers being deleted = s

BERT base model
[ input: | (None, 128, 768) |
Encoder-12-FeedF N LayerNi —
| output: | (Nane, 128, 768) |
inpur: | {(None, 128, 768) inpu: | (None, 128, 768)
Exuact: Exract ~ I MLM-Dense: Dense
output: (Nomne, 768) output: | (None, 128, 768)

[ input: ] (None, 128, 768) |

[‘output | (None, 128, 768) |

mput:

| input: | ((None, 128, 768), (119547, 768)]
(None, 128, 119547)

" [ ouput: |

/

T [ input: T [(Mone, 128, 119547), (None, 128)] |

| output: |

I
I
f
T |I
I
I
J

(None, 128, 119547) |

Fine tuned model L

I input: ] (None, 128, 768) |

Encoder-12-FeedForward-Norm: LayerN

l output: | (None, 128, 768) I

input:
Extract: Extract
output:

(None, 128, 768)
(None, 768)

NSP-Dense: Dense

input:

output:

(None, 768)
(None, 768)

———1

real_output: Dense

input:

(loce 769) | | Dense(1): added layer

L

output

(None, 1) ]

Fig. 9 Comparison of model output layers before(top) and after(bottom) refinement

Dinputs = modleinputs[:2] — B Y= EE
ol ¥ | (subword token encoding)® A]1%H
E I "(segment encoding)S I3 35}7]
gk #olo] e
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embedding): 2 & (input) ® S
BERTEncoding©. 2 W3 F st38 713
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e N2HE IuH(segment embedding):
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3l

T EAo] o Yo EAAA FHo i}
E wAAA dHE §, S st
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@dense = modellayers[-3].output — # A
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Layer (type) Qutput Shape Param #  Connected to

;nnut-Token (InputLayer) [(None, 128)] .

Input-Segment (InputLayer) [(None, 128)] 0

Embedding-Token (TokenEmbedding [(None, 128, 768), ( 91812096  Input-Token[0][0]

Embedding-Segment (Embedding)  (None, 128, 768) 1536 Input-Segment [0][0]

Embedd |ng-Token-Segment (Add)  (None, 128, 768) 0 Embedding-Token([0] (0]

Embedding-Segment [0][0]

Embedding-Position (PositionEmb (None, 128, 768) 98304 Enbedding-Token-Segment [0][0]
skipping the middle ... ...

Encoder-12-FeedForward-Norm (La (None, 128, 768) 1536 Encoder-12-FeedFormard-Add(0](0)

Extract (Extract) (None, 768) 0 Encoder-12-FeedForward-Norm[0][0]

NSP-Dense (Dense) (None, 768) 530592 Extract[0](0]

real_output (Dense) {None, 1) 769 NSP-Dense[0][0]

Total params: 177,559,297
Trainable params: 177,559,297
Non-trainable params: 0

Fig. 10 Structure of a fine-tuned Korean sentence sentiment classification model
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Table 3 Example of model training dataset
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['[CLS]', "M, '#40|', '#B, '#S', W', 'S, '#Sy, 8 @AE ‘J:.“. WA, 'R, 2, '[SEP]!
['[CLSI', 'Ab', '##F', '8F, ‘s, "#E, B, '®E', 'OH, '#0, 'S, '#d’, '[SEP]']
Fig. 11 An example of token generation
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A 7F A E = 9o
larray([[ 101, 9519, 9074, ..., 0, 0, 0], 7Fadd 5 ) o )
101, 100, 119, ..., 0, 0, o], @epochs: b(datasetS o] &3k g5 3|4 1
[ 101, 9004, 32537, ..., 0, O 0], epOChSOﬂHE w=o 7@2157]' )
[ 101, 100, 12508, ..., 0, 0, O], @ validation_data = (testX, testY): F &= 7
[ 101, 9451, 33077, ..., O, 0, 0], o o] =
[ 101, 8924, 118729, ..., 0, 0, 011, AHS 98k dlolH Al(testDataset)
Fig. 12 Example of embedding the dataset ) o )
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Fig. 13 BERT embedding procedure
(DSubword Token Embedding — @Segment Embedding — @ Positional Encoding)
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Table 4 Performance comparison according to the amount of learning data

Catego Dataset loss Acc Val Val F1
gory. Train Test ’ loss Acc. Score
Basic Mode 0.1407 0.9536 0.3008 0.8818 0.86
RNN( layer) . 0.2968 0.8678 0.3194 0.8562 0.85
IMDB(English)
RNN(2 layer) 0.2955 0.8754 0.3187 0.8484 0.84
BERT 0.0672 0.9805 0.7291 0.8604 0.86
BERT NEWS Review 0.0929 0.9656 0.2488 0.9124 091
10000 5000 0.1177 0.9582 05237 0.8258 0.81
Proposed BERT 20000 10000 0.0669 0.9497 0.6543 0.8430 0.84
model 30000 15000 0.1107 0.9604 0.4917 0.8467 0.85
(dataset=nsmc) 40000 20000 0.1423 0.9477 0.4109 0.8576 0.86
50000 25000 0.1202 0.9562 0.4135 0.8621 0.86
4. M= g} RNNE Y= v)&], BERT® +%9¢ RdEE
e AR BoA =& AL T 3l
&2 srdolElAl 10,0007, HZEdOEA  w=wolA Al g= HAE gATiEd
5000702 st5e melo] s, HAE Hol glo] B Al 9] E =955 Hd¥He= F
A AREste] gQlst Ay F1 A4 0817 A T Aol EmokA+= A &2l 9o
g% (08lo] UxFozM g 3tHo] o] I 53 744 tlol Bl ] 5u = " 2g
ol AAA G AeyAoR FIPHUSTS N = Huo g AL & = 9
< 4 Ao FIME B s delEAlY s
n A=A 3} 7] A&7 918l Table 59 #2o] 38ty

9 mdel AP onEg W
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(S« 2a00F =s2H A 22 S22 2 Si0le ] = 23H2 2lFdLct

[Z30] 2Als 20|12 olop|il OF LELRM0=.] - SEHY RULICH
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Fig. 14 Predicted results of the model(F1 score = 0.81)
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Fig. 15 Predicted results of the model(F1 score = 0.86)

Table 5 Dataset of news article comments = AL & F o FgFdelgAly AvE
document label 10,0002:]_7 E‘“Z\_E Eﬂ O] Eﬂ%jl,o,] 3_7];_ 5,0002:]__9_?,;
Lio| E0{A E2|T XA 8 270 R X7 § Xr= 20| 2|2 7 Fo{LtEAR] (4] B N B N B
A% %, 53 SFAI A, HEgE 0.9656,
0 £2400.0929, Ao gk F1 A4 095 73
- g3 F1E5 0319 A4S Hole mdS A9
3 ot Ao A FAHI FA dis F1 "A57F 2
0 o7} Y= A2 AE7IAF HE dHolE Al AA| o
He 2 817 5 wol ol SAC S &Y 0 H 2 o] O o] O
Oj%l 7§ & & 18| 2 FIX+ CF 2t2t shsltet (1] T A= ] o= ]‘rrﬂ'
wassum=an o ChatCPTZ A" st 4 9d2(3H 10
N, 74 1071) dielHe F1 A7F 08190 =4
FoA & S gl%o] AEIA} AF golgAl = AHES @2 HAE A S d53 AdE
o 2A dZ(=DRT B4 dZ(=0)] ¢ @ Fig. 14914 = & Slth. o SARZHE, F1 A
|t e | 200 20 s prye 220 L G 208
[ input: | (None, 128) | input: [ (None, 128) |

Embedding-Token: TokenEmbedding,

Embedding-Segment:
| output: | ((None, 128, 768), (119347, 768)] |

\ /

Embedding Token-Segment: Add [ imput: | [(None, 128, 768), (None, 128, 768)] |
= M [ouue | (None, 128, 768)

| output: | (None, 128, 768) |

[ inpuc: | (None, 128, 768) |
| ouput: | (None, 128, 768) |

Embedding-Position:

skipping the middle ... ...
¥

I Encoder-12-FeedForward-Dropout: Dropout

input: | (None, 128, 768)
output: | (None, 128, 768)

b T e [ input [ [(None, 128, 768), (None, 128, 768)] |
lcutpm [ (None, 128, 768) ]
S oot ol [ input: | (None, 128, 768) |

[ output: | (None, 128, 768) |

input: | (None, 128, 768)
Extract: Extract
output: (None, 768)

. input: | (None, 768)
NSP-Dense: Dense
output: | (None, 768)

Fig. 16 Tensor flow diagram of the re-fine-tuned model for a 3D graph visualization
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Fig. 17 Distribution of prediction result from two text sentiment classification models

_28_



Journal of Korea Society of Industrial Information Systems Vol.28 No.5, Oct. 2023 :15-30

AE 5w =9 ezl Rl Jgn

&4 01202, F1 A 0.869
e wde oF 4%e e

P

ChatCPT®2 AA € Z47te] 43 54 9=
1070 tisked, F1 A4 08691 PR oS3
A3}, 100%°) FHES BAT FHREEA
TSNE 2228y dagFS AREste] HAE
delel Aoz o5 Ao #X5 3 1
Z2 AZtsket A, FAEDH FAE0)S
Bl= gEe] A= 49

FHHE AT AS EAT F U

A Aol = (large language model)
ofel A, FES 9% A& Al ZEAA ] 45
S MAs7] flgk A AEEA @ E I 9l
= - =
RNN 7]yt mds} n

ol
&
frm
=
[>

B Son)
T,
o I F
Im
U?l
o
o
™~
N
EN
i

N
-

S}
A rle
Oy oz zo
e

)

B

)

>
bl

22
ok e

=

[Sye-)
H
2
i
5
oft
o
fru
QL

LU Ay

N K % o
o
(B}
&

Ll

o

=

5

)

"U
ﬁmb
M

o

fof 4

References

O. Dongsuk, P. Sungjin, L. Hanna, J. Yoonna,
and L. Heuiseok, (2021), KoDialoGPT2
Modeling Chit-Chat Korean,
Proceedings of the 33th Korean Language

Dialog in

and Korean Information Processing Conference,
Oct. 14 - 15, 457-460, Korea
K. EunJung. (2022), A study on the difficulty

adjustment of programming language

multiple-choice problems using machine

learning, Journal of Korea Industrial

Information Systems Research, 27(2), 11-24
K. SeongAn, K. SoHui and R. Min Ho.
(2022), Analysis of
Factors by Life Cycle Based on Machine

Hypertension Risk

Learning, _Journal of Korea Industrial
Information Systems Research, 27(5), 73-82

L. DoegGyu, Kyungkeun B, L. HyungDong,
and S. Sunhee. (2023), The Prediction of
Survival of Breast Cancer Patients Based on
Machine Learning Using Health Insurance
Claim Data, Journal of Korea Industrial
Information Systems Research, 28(2), 1-9

S. John, W. Filip, D. Prafulla, R. Alec and K.
Oleg, (2017), Proximal Policy Optimization
Algorithms, Aug. 28, https://doi.org/10.48550/
arXiv.1707.06347

B. Tom B., M. Benjamin, R. Nick,
(2020), Language Models are Few-Shot
Learners. NIPS’20: Proceedings of the 34th
International Conférence on Neural
Information Processing, Jun. 22, 1877 - 1901,
https://doi.org/10.48550/arXiv.2005.14165

L. Ouyang, W. Jeff, X. Jiang, A. Diogo, et
al.,, (2022),
follow instructions with human feedback,

et al.,

Training language models to

Journal of Advances in Neural Information
Processing  Systems, 35, 27730-27744,
https://doi.org/10.48550/arXiv.2203.02155

B. Sébastien, C. Varun, E. Ronen, et al., (2023),
Sparks of Artificial General Intelligence:
FEarly experiments with GPT-4, Apr. 13,
https://doi.org/10.48550/ arXiv.2303.12712

D. Jacob, C. Ming-Wei, L. Kenton and T.

(2019), BERT: Pre-training of

Deep Bidirectional Transformers for Language

Kristina,

Understanding, 2019 Annual Conféerence of

Chapter of the
Association for Computational Linguistics,
May. 24, https://doi.org/10.48550/arXiv.1810.
04805

TensorFlow  Authors,

the North American

(2019), Basic text
classification | TensorFlow Core, https://www.

_29_



A Study on Fine-Tuning and Transfer Learning to Construct Binary Sentiment Classification Model in

Korean Text

tensorflow.org/tutorials/keras/text_classificati
on?hl=ko(Accessed on Oct. 3th, 2023)

Gooble Colab, (2023), Text classification with
an RNN, https://www.tensorflow.org/text/
tutorials/text_classification_rnn?hl=en(Access
ed on Oct. 3th, 2023)

TensorFlow Hub Authors, (2020), Classify text
with BERT, https://github.com/tensorflow/
text/blob/master/docs/tutorials/classify_text_
with_bert.ipynb(Accessed on Oct. 3th, 2023)

K. Jared, M. Sam, H. Tom, B. Tom B, et al,
(2020), Scaling Laws for Neural Language
Models, OpenAl, Jan. 23, https://doi.org/
10.48550/arXiv.2001.08361

V. Ashish, S. Noam, P. Niki, U. Jakob, J.
Llion, G. Aidan N., K. Lukasz and P. Illia,
(2017), Attention Is All You Need, 7he
Thirty-first Annual Conference on Neural
Information Processing Systems, Dec. 6,
https://doi.org/10.48550/arXiv.1706.03762

W. Yizhong, K. Yeganeh, M. Swaroop, et al.,
(2022), SELF-INSTRUCT: Aligning Language
Model with Self Generated Instructions,
Dec. 20, https://doi.org/10.48550/arXiv.2212.
10560

Team with members from UC Berkeley,
CMU, Stanford, and UC San Diego, (2023).
Vicuna: An Open-Source Chatbot Impressing
GPT-4 with 90%* ChatGPT Quality,
https://vicuna.lmsys.org/(Accessed on Jun.
25th, 2023)

S. Chang-Uk, (2020), Awesome Korean NLP

https://github.com/changukshin/
Awesome-Korean-NLP-Papers(Accessed on
Oct. 4th, 2023)

L. Eunchan, L. Changhyeon and A. Sangtae,
(2022), Comparative Study of Multiclass
Text Classification in Research Proposals

Papers,

Using Pretrained Language Models, applied
sciences, https://www.mdpi.com/2076-3417/
12/9/4522(Accessed on Oct. 4th, 2023)

Z % 4 (JongSoo Kim)

- 434

s AU Y53t FeA)

T s s Rl e AR P e B =
gy} FeA A}

c TSt AFEAZES
F5ta Fshubal

< (FA) FEEEEA, VYFRAAT L, A%
[e]

_30_



