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ChatGPTS] Z4] 0| F2 5507 443 glojmeo] B
o] FAA HHEA vt ARBAEE PRt ERES A 2.1 Holf F7
4 dolidol dHor HolFE Aor AYE dojd &
A AR o] g 7 (Data Augmentation)-2 04 2 HYPLS 53] 40|
52 A T ALl 71Eo] FE 7|5t ddojnd [1]  go] el3 el A4 of7]ste] oja] theAEH H| A3 (Down-
FE AZoiA QJIEHE] Folu 4SS AEH0t] @2 Bl stream task)oA] REo] A58 =3 1 ola) AL E T 9
olelZ sjstoz WASAL AR Holeleld B4 94 A WA (Computer Vision) oA 7|akehd wek, Aap
(Optical Character Recognition)o|4 24 914] (Automatic — Z7F 27} 74 =, o]u|zx] &, EA Z7F 27 S0 vp-S
Speech Recognition) [3, 4] &2 ZHZAE HolHE A B 274 AEsty 1 [7] Aol HeloAs F2 74
Agotel WA AYE WS AT AAE JIASE JIte] oA Bk, md S WS S [

AAE 394 [5], Transformer 1ZE AF85to] th2 To]E 1 STk gl = b e =
E 1= = -
dZehe WAoR WeA A4 el AaEm ok 6. 7 MY SAEHIONE S S Fasy Data Avgmen
= = tation (EDA) [9]%= &<l A, A4, ©o] e AlA 22
2| olajgt stsHele LF o] dlojgrt daHoz
e e HH S AHgslo] dlol B E S35 S AT Seq2seq
= asitte ol QlojA tiEFe] HoleE A58 4 gl dut
= . ° N o 7|8 714 9 wEk 9% 1ol Back Translation [10] 2
AFEA7Y B8 5o o]f R WEA] o] "astta st Cooemer en N
2 BAS b2 ddojz W5t Qe o] dloj2 MAgsH=

Al
b RS AIERLAL, masked

language models 7]4te] G5t Wi = Shpel BERT (6]

o

2927} BaF A9l 4

AR ol AL e dolHE A4 8w 4 g sk fokend ESe] (mask) token THE Tl
nAQITE AT ek weba] B AT sae] 4 Nore §HE 4B

%2 AL S2Ael YolE AS TESL ol ChatGPT  H2 A7olA4 At} Qo] el ChatGPTE o §5}o] 2
mERES £d) 74 £AY 104 Seanh SE £ Bo 2L erEg fAded o 4SS HeFi Ao
o thelA o] ST, A% ST, BH 2% YolE £ 3 U9E Fo) 298 595, ChatGPTE o) A4E 2oz
70] AXE Fok1 o F FE WSO AL A4 S5 ek Finetuning® Sl B8 240 452 99 54 AE £
o1% Eo) A4 BA DO A4S 1 B AL DS AT (11, 12]. ol JolE ChatGPTE AH8 S 84 dlo]e)

=

SC). 7 TS Aok ik [13].
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Data Augmentation Process

LLM
Data
Augmenation

2.2 7Ad ¢of 2d

Transformer [14]2] 53 o]% Transformer 7|WF AFZSH
% (Pre-trained language) 2@ & thEZ <l BERTS} GPT
7} g1}, Transformero]| 4] encoderyt A8t %91 BERT [6]
o} Decoder@t AF8-9F 1291 GPTE [15] L% Ho]E Q] v}
rdl 3710 w2t 5ol Attt 237F ugkaL, oF 1007t
o] wtebu e A&t [16]. 7|Z GAN, LSTMo] |3
714 ot AEH (Down-Stream) HIAT A £2 A5
HoF I [6, 15]. Z|ofl= Ah¢dof A2 Zofo A= e 9|
37]E 719 o= =5le A7 2] A7 & AlR}tsHEA
Aok FA UL A7E ATl vt GPT-2= whfuH
o] 442 1.5B2 S1[17] GPT-3- 1750B2 St} [18].
ol tfet the 2EY HAIA Eit F2 dse Ho
F2lct. Wk, R o] Finetuning o] @7 sh-vfo] wat =
do] 277 Aol AR £2 4= HolFe A
= 1=, Chinchilla 5-shot (70B)2] A%5-©] Gopher 5-
shot(280B) Hr} £2 AJ5& HAFITH [19]. T3+ Meta AI9]
LLama-13B¥E 175B9] GPT-3REtt £2 A5S HAFI,
LLama-65B% Chinchilla (70B), Gopher (280B) Ht}&x £-&
dee HoAFr. T 7d ?lo] Rel= fARRE HlolHE &
745k A7} 9iek [8]. OpenAle] GPT-3 [18] 2 7]dto 25t
ChatGPT+= A48 H A3tE ARl ool rtoh= AS BAFS
= Reinforcement Learning from Human Feedback (RLHF)
St 2138519t ChatGPTLF GPT-4+= o] Reward-model
Sl o2 Lokl A A F5 57 1 o]/ e] Task &
28 HolFr} [20]. et 2 o= ChatGPT
A T IS A SR T T A0 ATl

T gt

2 Lo ﬂJiO
Bl o][‘ o

] 1 = O
U= l 1EW D;‘%— A= {‘ﬂx—i E_EJHAL la 1JJr
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3 1. ChatGPTE HE] JAHE BE glo|g <] o

A dE =8

There’s no room for error with me.

A =

1. T leave no room for mistakes.

2. There is zero tolerance for error when it comes to me.
3. I do not allow any margin for error.

4. T expect perfection without any room for mistakes.

5. There is no space for error when dealing with me.

3.1 dolel Al

Aol A8 dold A Bl A48T AE F Shiel
4% EE 728 doldst Basty, B¢ 28 A48 >
9t dlole] Alo] Bastt olE 15 Folgiste] AFgEE
Rkt BRSS vigoR 153 735709 YolHE 82719
e A S TR 7T BRS 4R HAL 2
AL 107 AR EI9le 450 dlole 52 E 20} P
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2. glo[g Al o

o] Fr A

A | AR AN 27 N
1. Meetings How nice to see you! 10

2 Introduction | Let me introduce myself. 10

3 Advice I need some advice 10
55. Appointment | I'm a man of my word. 10
56. Past Story It’s water under the bridge. | 6
82. Plan What is your objective? 10
3 | 82 | — | 735

3.2 Ad Aol RS AR TEA| U

At 2lo] mello] A ChatGPTE 73}ets-2 AHE-dl thE A
o] mlof Ha wlolH A4 52 Axtef A7} fARt
AE W} [20]. 12EE ChatGPTE dlolg 7o A&

gtk WA s $% REREL ot § 33 2ok

1=

EIDIE
===

Generate 10 semantically similar sentences

133

separated by three backticks (‘) “(source)

3.3 W7t A 74

L&A TS AF7] $I9) AR O] FAE S 9 A
G GAE S 1T EH B FOIE Seg, 5 217H0] Fol
191 0, 8,72 7HEEste] 4% WAL S 2 AT %
B RS 0|7 77re] AR ofelAlis MAA AA3]
At 4% HAAE 59 £ theat P,

S(Di7 ng) = aSsim + ﬁscon + 'YSedu (1)

3.3.1 9] §AI:

oJu] FALEE H7tetr] SlshiA B4 E dole et 7]E Ho]
B ote] dHld §AE (Embedding Similarity) £ 64= 1
= A&t dHlE FAEE Foks BHS 7Y 2 AR E
L g7} AL o= Euclidean 72|, Cosine S-AFE 18] 11 Dot
product FAFEZ}F Ql=t], ZFdo] A2 FofolA dutx o=
Ae5t= 2| oM A Euclidean 72| Hct dutxog 2o 4
& 7k Cosine FALE [21]5 ARESto] & 2471 A&

stetls] =74 (2023)

T3 SAEE EA T o] e T 24 v Afolo] A2}z
Ahe%E 19] e AT B =Ro|AE Do) wlg e} DS,
o] WlE} 2 Qi4to] AHE3te] Cosine SAME cos(6)S 8Tt

TSt o] :=RofA]= BERTScore?] F1 Score A45 X712

AF851=1], o]+= Contextual embedding model?l BERTE
Apgato] £ 24 7€) 7t E2uht Cosine SAHEE 245}
3! Inverse Document Frequency (IDF) 45 53| 7152 &
HoJsto] Precisiony} Recall 718]11 F1 Scores 1+ 4~ Q)
of [2]. 7]
Ato]€] Cosine fFAHES 5L o] & F8f 7 =472 Recall,

Precision, F1 ScoreE +& 4= Qit}.

24 D9 B2 09 AN B DG B2 4,

1
RBERT = — maxx; x] (2)
| | sica :Ifjei
1 -
Ppprr = El Z maxr; (3)
Tj;e
Pperr - RBERT
FBERT = 2% (4)

Pperr + RBERT

Cosine -SAFE 2} BERTScore?] F1 ScoreE T Ust H|Z 0

o
2 745gste] on fAEE TaTh £42 e 2tk

Ssim(Ds, Dicfk) =0.5%cos(0) + 0.5 % Fprgrr (5)
3.3.2 A% §A=
A% RS B7Ee7] Y54 ChatGPTe] ZEZES
43t} ChatGPTE ofg] zpelo] A2 o] 2o &
e [11]. ChatGPT7} 24 70| -2 AFgfol 2|2 &

ne
I
ol
=

o
n
my oy |m

<= Wt
1 sk Aoltk 1322 ChatGPTo &2
S A

o = au Mz ro 2>

Aursto] A A E Wobstart. Al 75 o
tiste] & 49} e mEnES At § Bo] 2L
A £2 10] 7k A4S 9 H3, oh2 ZPASE 0
ol 717he A4E WA "k 015 Seon (D, DS, E 7 234}
T4 A AL Z nETE
IE=IE
nETE

Source: (SOURCE)

Generated: (GENERATED)

Score from 0 to 1 the extent to which

(SOURCE) and (GENERATED) are in the same context
with (SOURCE) context : (CONTEXT)
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A7 w5A AVE HESH] floiA 237 o9 &
T A HE AT o3& 7IREe 2 7F 52 Tes| Tollt
TE ¥715te] Sh5ot= 2 #at oy g}, o] 91& A dsHA AHS
ol s8= dulEth BB R A4 o5 v o r o
Sh=Zlo] mi-¢ F a5ttt [23]. SHA|RF Z7HE] o) §] - A}o]
7F R =AY YR 2Eod *é“é% w402 HE 9 ot5art
£ 71dst7171 ofF . o] += w49 ofgleE

ztol& SA4517] st ChatGPTg ZE
Formulagl Flesch reading-ease score (FRES)

Zol9] A% AHgET ChatCGPTS] TELES AHgalE 1

4]t

E 9} Readability
EERE

HoRt AR LEREC} §AS] A TR nE

glolE Alof| jste] &

7 Apolel) 22 03] 5EE 7Hd 45 16 e

5ot e m2aEE A4

- —a—

gatoict 2

HE

511, 0]3] 29| zto|7} AL 0] 717t H 42w et
] EITE SGPT voca—Fl‘— Z—]__,]o]—]:]—

5.

= 15 ol

L

B\

7

I=

EIE
E..___

I=1IE
==

Source: (SOURCE)
Generated: (GENERATED)

Score from 0 to 1 the extent to which
(SOURCE) and (GENERATED)

are in the same vocabulary level

FRES: o]®

e

2ot BA7E the Ao SfafA
917] olele 22 thehft Holtt

Ak

27}

Uetll = AR Snl= & 63 2t [25]. 412 (6)3 Zt.

otal words )

SrrEs = 206.835 — 1.015(

total sentecnes

total syllables
—84. 6( total words

)

X 6. FRES chart [25]

(6)

e ot (US) Cki

90 to 100 5th grade Very Easy
80 to 90 6th grade Easy

70 to 80 7th grade Fairly Easy
60 to 70 | 8th & 9th grade | Plain English
50 to 60 high school Fairly Difficult
30 to 50 college Difficult

0 to 30 | college graduate | Very Difficult

grato] AR A sh&)e] =24 (20234)

ERAE 7|E EAY AAE BRI o3
Z4517] 98] T FRESQ] 2fo] o] AHighe 4] SJEH
222 WHeZE 194 w320} 00f] 717he =2 A4

12 Bl ) U B e olF] $E8 7w
1] PHe4E H2at olf) 28 /Iy Bad 4

ol
—|—‘

N

S
\lH

|SrrES(D:) — SFRES<D€I¢>|
121.22

EN|

(7)

M= B H 240 dol7t defl 2 EY UR AV v+ 4
O™ ot5of Tgo] ¥ iS5 Aotk A FH-E AAR 249
Zdo|9] 27t A-LF 00f] 7W7hE 32 Z7HAAE ot Alkbst
Atk o] AFE Sy ARt oA M4 W 37HE T
sto] B4 W& ol H4E Ittt
Sedu(Di, ng) = 0.33 %« ScPTvoca +0.33 % SprES D (8)
+0.33 * Sy

1 Ad A%

= %%‘6}7%1 gpt—3.5—turbo§ Apg5tAc. 5t
= 0.8, temperature= 0.72 A5}
2t g R FAY THEAE ol AnA AuE A7) 9
S|4 44 (1)9] stoldutatulg a, 8,7 5 03322 A
Asto] Aty BERTscore= AFH8l5E BERTRZ QI
RoBERTa-large 92 AFg35lo] =45}t [26].

4.2 AY 2%

%79 Doyl BH92 1] AEAT 7129 £ ol
oltt. Doy At Aol2LE Atgste] Holels 24T &

A3 24 DS, 9F D3y Atolofl A4t = Zhzhe] 2] et 49
37H4 A5 7M1= 4= FEo1 A48 37|13 Aolth
79] A9 Aol A, Dagoll A A4
X]E Qrell Al ofm] fAMY, &S A,
BT =2 A5 7 & AAsida & 4 ok 59
SOl M &2 A4 08515 7HA= w2 AE S
SeanIA T &S] 37]S el E= RS gl & 4= it A5 E3F
=SS HoE
A=A ”"Joﬂ AHGHE BE HlolHAlS thE Atitlo] B
=l Scons Seaw 12|21 SE ol Bt
W A Ftot 7o) He B shUE AER A & 1
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AEol =7 o= e 4] dHlolHE 1070 dF 5 FE
2o mH1 W gHo] 9
AR R AT o s B =22 ChatGPTeF 2 At <lo] el 7]uke] Zqlo]
:’.a\j 29/] E‘E‘t‘ %&Q] H]'G ?ﬂ}ﬂ-&]‘gi E1 174{?‘ ;l{:lq_l_E = ;_dal = o}\]_ \:l;q- /qq/g-] ﬁjq_a _\—1:]7]_=1_ A~ o]L_ /\HEO ;(]ﬁo]
— =5 6‘ —_— o - i
oAET. 50 4% A At olnl AR Aol e U ST B o]k 8 A, 1es e
448 HolPdD, 83 2% ols Bre AqHez pe DS AT 0EEE T SEA A B8 2SS
A2 AL AL W olETh A AL A4S0 T 2 =gt F9 Z]ﬁolﬂ}. JAH B 5 S7F P =2 E
UTE]’]L/\E 041_]:]' 'IT]' L_.OO]E]—I__T'__O % q2]s o =2 = 15
ol o A ol Ao s o o o SR ABTORA YT Bl WelHE antHoz 59
o]7] g ¥ H4E 7IA= AR 5T 4= Al on] . olo] - R, ol o A
oL gHOA 712 golg el A golE Alolo] ©x TMME}ONL@H st 719 Ad) ?lof mdls A
AR I e s T A S VA i St e
o OF O — Hre =
AL e dolt 9] W] e A4S A ez T TR T e e e e
AR o e de] e g RS sistel, o s 44 Anke
TFE T W& Holk e 7 Aol offjaeET W 2 Q1T HrorS |7 3 Aol )
£A19] ol ol B4 Zolof ofaf Aal] gef wmy ¢ | oo o= TR
e 442 A5 Ao B 4 9r Aol 2
B 7. 88E A9 3 &9 A o] =20 2022W &k AE(w8H)o] Yoz sH=ATAH
o] 2] YL drot o E 7] 2 ATAFA Y (2022R1F1A1071047)
4 A%
D34 | T'll see you again tomorrow. - 183
Tomorrow, we will see each other again. | 0.83 (1] J-K. Kim, C-H. Kim, M-A. Cheon, H.-M. Park
Ssim | I will meet you again tomorrow. | 0.78 H. Yoon, Y. Nam-Goong, M.-S. Choi, and J.-H. Kim,
I will be seeing you again tomorrow. 0.78 “Generating Korean NER Corpus using Hidden Markov
I will meet you again tomorrow. 0.9 Model,” Annual Conference on Human and Language
Scon | I will be seeing you again tomorrow. 0.9 Technology, pp. 357-361, 2019.
Tomorrow, we will see each other again. | 0.8 [2] J. Pascual Espada and I. Cid Rico, “Automatic Process-
We will meet again tomorrow. 10 ing of Books to Generate a Quality Corpus for Educa-
Sequ | 1 will meet you again tomorrow. 0.9 tional Content,” Rochester, NY, Apr. 2023.
W tch in t . 0.9
¢ ool cateh T el Tomorow 3] D. S. Park, W. Chan, Y. Zhang, C.-C. Chiu, B. Zoph,
I will meet you again tomorrow. 0851 E. D. Cubuk, and Q. V. Le, “SpecAugment: A Sim-
s We.wﬂl mee-t agaill tom.orrow. 0845 ple Data Augmentation Method for Automatic Speech
L will be sceing you again fomorrow. 0-835 Recognition,” Interspeech 2019, pp. 2613-2617, Sep.
2019.
. [4] S. Mihov, K. Schulz, C. Ringlstetter, V. Dojchi-
nova, V. Nakova, K. Kalpakchieva, O. Gerasimov,
08 A. Gotscharek, and C. Gercke, “A corpus for compar-
ative evaluation of OCR software and postcorrection
06 techniques,” FEighth International Conference on Doc-
BEZ
o ument Analysis and Recognition (ICDAR’05), pp. 162—
0.4 ST
166 Vol. 1, Aug. 2005.
02 _ [5] H. Chen, L. F. Pieptea, and J. Ding, “Construction and
. evaluation of a high-quality corpus for legal intelligence
0 ) using semiautomated approaches,” IFEE Transactions
S_sim S_con S_edu S
on Reliability, Vol. 71, No. 2, pp. 657673, June 2022.
a8 2. AAE 1 E glo|g Al gt z+ x|z o] Ayt F2H9) [6] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova,
glo|HE AMSSE 99 Bt Hw “BERT: Pre-training of Deep Bidirectional Transform-

ers for Language Understanding,” May 2019.
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