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A1E 7ol HiFnt =4

10| HjHT S

g El g Ao ] IEAIS(AD -8R ¥ 12f A-pAlloll A Eaful

W7 o5} g B ATE SR, 55 wEA WA TR HE
|

o PR P & Beel Qo] Aol HE 84E AFOR FESHE
o

o ATA BEL Fal WAl LA 2o o]Fold & Qx| ofie] AF

o AP SAN g 21 el i dws Alslsto] AAshE 71wl tHRE Al

ey 9] 13} Ak 98 o) F oF 217 GPT, BERT % Transformer 7]4F
ALA S OJOJE_H](pretrained language model; PLM)©] 543] @dsphHA, o]l=
ek Rele HTe o & deAo] AZIEHTE 1xF A7Al =& gl SK
gy F213)A7) §hto] El_fﬂ 22 A3 3 Korean BERT pre—trained cased
(KoBERT)2) & w]A|z24(fine—tuning) 3} A 3AN] & dSEHAES THERl oL o
SAGET} 7|dell= HIAA] EpAFHTHE A AR whd Aol thete] 379 2
FARS dSAHEE 69.9%). o] 2 &) teto g wike] A 7hke] Fhcho]
n kel S5k (feature) S 522 #|o]E" (labeling) 3HaL ©]& EH|E A
RS ThEo] 39 HHANE I ) 80.8%2] A5 =S 2Adst
t}3) a8} o] A H glol B S EE X =385 (supervised learning) 3hi=
01

>
o

o
ol 001'

12~

H

ok 32
> oy

flo T oy o é

B4 (attention) ‘& B]A|E=8H5(unsupervised learning) 7|HES T4 S

1) Agdigta Atk g a (g 9]), “Eafluld Ao e J1e2]5(AD) &-81<3t” (2021).
2) SKel#s, Korean BERT pre—trained cased (KoBERT), https://github.com/SKTBrain/KoBERT.
3) Agdista kst A BaA,
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AH2E 70| gy

[. RoBERTa E2(KLUE—RoBERTa—Large)9] Ew|¢] & 9w %A
S &3k =

Sharo] AR Ely Qo] ® el KLUE—RoBERTa~Large E@4)el] 2015%3~2020'
P ZAFsF AL 14 AR 5 o] HE IHAE 57 FYete] Rl 484 A
71-&* (domain adaptive pretrammg)g sG] o8 £ Egly RaS 3k
A7 3 GA dSolet= 34 (downstream task)ell BE5eo] WlA|xA
(fine—tuning)sli= WA 0.2 o= o] J53Hdo] J=AE 43l HksUt)

r\l

32 5ol niE w2z A

H )
=] 1

welo] MEY o 58 AnsiiA sigiiich ol EulsEn 7l 210l Ae
1

II. =w2] A-8-% RoBERTa 2499 oHdy} AR FAIEE &g
of| S A o F Ao 7l HE

o

2015W1~2020147F AFs2) Alar 14 SHA R = 3laA] dok B 3 AR
HAE 9o} Zo] =HQl A-&% RoBERTa F22] A< (embedding)oll BiX]3}o] HIE
AL fIAE ol & o) AR ko] AR vfE o] A o

4) Sungjoon et al., KLUE: Korean Language Understanding Evaluation, arXiv:2105.09680v4 (2021).
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o 2] fR|eke] AR AR (cosine similarity )& ALFste] A A S A S
A9 A HAEL] H A v1E-S FH (A% A9 AL tA (Y |
= W o2 A S-S oS53 & sS4 HEUTh

Holk, 437t felulsieis 1A sl A, Mate] 4T ZHEE(AAIL] Al
ARITPA ) Zzte] BraE-Ee] SV Bk o) $1x)sje] Fajel fAlEE AL
sho] 449) A4 HAS FAEE HOlFT o} F Faf o] BEo] 5ol B

= ofEE Aol A Vs S HES BEtsyth









A1E Ao{2-o| &

clojmeo| g

12} A77F S49 2021, 9. 0% 7P E5 R 1 A ChatGPT9] 2022.
11. 302} EAlell o] 20239 F<te] GPT-3, 4 ®de] tiFsleta & 4 glFych
EW@AIH(Transformer) 7] o|n] 2017 7= 1015 ofof 7]k GPT-3,
4 mo] sk vt 22 S8 ujsoe] AJFUTh

e,
o
)

AR, GPT-3%-8 Edeo] 27]|(ak]E 9] 7)o F9i% = dHolHAle] 7R(ES
)7 HleFg o2 Sojip tiatE dojRd(large language model; LLM) 2] AHlE
AU 53] OpenAl ®2 20201 =2 T8l 229 =17], vle]gAle] =17],
el 295 ArlFo] AojRElo] A5 (cross—entropy loss)& 2H9-51H, o] F
= 53] Yl A7|7F Fastrtal FeklEHTS)

ot m& 5

X

7
4.2 . T
6 o L =(0/5.4- 101209 | 5.6 \ L= (N/8.8 - 10207
39 b
- o 4.8 S
2 3.6
L 4.0
S
D 1.3 32
g
3.0
L = (Cpinf2.3+ 108) -0:050 2
2 27
io* 107 10~ 10°* 107! 10! 10¢ 10" 10° 107 10"
Dataset Size Parameters
tokens non-embedding

Compute

on-embedding

Loss vs Model and Dataset Size Loss vs Model Size and Training Steps

A5] ey

il
|

10* 10°
Estimated Sy

10 108 107 104
Tokens in Dataset

(28 1] A2, doleAl =17], 2dl A7]d m& dojrde] d5 Su7)

5) Ashish Vaswani et al., Attention is All You Need, NIPS 2017 (2017).
6) Jared Kaplan et al., Scaling Laws for Neural Language Models, arXiv: 2001.08361 (2020).

7) Id



OpenAl= ool w2} £3] mele] 7](shejn]e] 4) 4 ojje} vlo]EiAle] 27)(=
2 ) ko ZUiATl GPT-38 sl 23k Huoh.

parameters

ELMo small
ELMo medium
ELMo original
ELMo large

Bert base -

Bert multilingual base

Bert large

cPT

GPT-2 small

GPT-2 medium

GPT-2 large

GPT-2 extra large
GPT-3 small
GPT-3 medium
GPT-3 large
GPT-3 extra large
GPT-3 « GPT-3 »

models

10° 10° 10° 10" 10
number of para meters

[ 2] GPT-39} 7]& mde] seju]E48)

175B9] w2hEl5=E 71 GPT—3% 280B2] 32hu]El5=E 7141 Gopher, 530B<]
g E4E 7F Megatron 5 AoIERES] F7] AAL FdellHUh

vk, o]ef o] 7|7} ARk e HT 5 S5 JF U Deep
, GPT—3, Gopher, Megatron°] AZ}sHA 2}

A (undertrain) ¥0] Q3= AAskaiaL, Bl 971 B ofue} HlolgAl 2719t A
AT B2HA F Q8= ARAS FEETEY) DeepMinds olof wle 24l 7=
70B= =°]il, EZ 5 14xE 1 ¥, & 1 8 Fdsto], ¢ oyt 2
et "3%% g5k & 2K Chinchilla)ghs Ao RES S8, i Ao]R
9 (small language model; SLM) 9] Ei-& Ut} HEH( Meta) %3+ DeepMind @
9 w=el 2Aste] AojRES ARFsl/aEstslalal, olol mhel 7~65B2] Y,

Mind+ € OpenAl =52 vl

sy

oE

8) Orange, The GPT—3 Language Model, Revolution or Evolution?, https://hellofuture.orange.com/.
9) Jordan Hoffmann et al., Training Compute—Optimal Large Language Models, arXiv:2203.15556v1

(2022).
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A1E Ao{2-o| &

= GPT-39] 1/10 =9 e E AR-3F LLaMA—13B= GPT—-39] J5A%E
M= ATE HREsIIF UL FYjoks ~Elx e A5 GPT-3.50] YA
Bl gitt FHSS AE skal o= Esl LLaMA-7BE wAl=Aste]
6005 oule] dlito = igte] A = Sl A719] At Aoj R (Alpaca)S 7Y
Hat7le] o] gtk

olg]gh el = Bkl 53] GPT—4+= =
GPT—-39] 75 &= g ¥ Holde Al 8= *3‘82 HAFAL Q5T 53]t
Ao elo] -g- Ao|RHle] 7|7} AXHA
o gli= LA 52 (emergent abilities)S &5

H
A AA o 12) it Ao REle] Alth= AlgEE]ehs eE Adgletal st

o

r&
_11'1 e
o,
ot
o9,
R
P
oS
o *
4,
DN
=
L
rQ,
2
ko
e

- Fine-Tuning
(SFT or RLHF)

Pre-Training

Bundwieid |

In-Context
Learning

[Z2% 3] miA=A3 &9 W

L%

213)

A, 71E& Ao 52 54 3721 (downstream task)oll 4-5-517] $13)] 1A
ZA(fine—tuning) 7ol o3k oL}, GPT—3 o] RElEL /futrlEo] o=

10) Higo Touvron et al., LLaMA: Open and Efficient Foundation Language Models, arXiv:2302.13971 (2023).

11) Rohan Taori et al., Stanford Alpaca: An Instruction—following LLaMA Model,
https://github.com/tatsu—lab/stanford_alpaca (2023).

12) Jason Wei et al., Emergent Abilities of Large Language Models, Transactions on Machine Learning
Research (2022).

13) Bijit Ghosh, Empowering Language Models: Pre—training, Fine—tuning, and In—Context Learning,
Medium (2023).
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HA) ookd I ThE Ak sy o X T2 E (prompt) B E3 EA sHRE )
A-e5l= o ] S5 (in—context learning) 528 B9, ol whg} TEZE <f

Aol (prompt engineering) 7|"HE°] ¥HAslar 5T

----------------------------- e AR dar Chaludas

Define "middle sar" (x) 2
the tympanic ity and

Question Answering: the three gssicles. (y)
Question Query f‘ Question Answering:

Answer Generation

supports (y)

Fact Verification: Fact Query | Margin- f:gé |V§::Zagf:r;
: rath
alize
Eheﬂjlv;.’.: i;) ; o pﬁ This 14th century work
Comedy (= is divided into 3

sections: "Inferna",

Jeopardy Question
Generation:
Answer Query

"Purgatoria® &
"earadiso" {y)

Question Generation

(23 4] AAF3AE 719 a1

AA, OpenAli= ChatGPTE] 7i g ol| A Bk 42541 HE"ofL} ofd]] 7|3t
R E8kgol| 1] A] ofuEtar Algke] w=mho]| o3t 7138k (reinforcement learning
with human feedback; RLHF) 7|'H-& 7ltsle] WA, A8 4 o2 qizkst y8-5&
FEA oAl UL s HERHE = UAFUTELE) o]= A A3] 5o $2E o=

AT Y27 ChatGPTY WE3lE =235 A2 A7) U954t

14) Patrick Lewis et al., Retrieval—Augmented Generation for Knowledge—Intensive NLP Tasks, NeurIPS
2020 (2020).

15) Id
16) Long Ouyang et al., Training Language Models to Follow Instructions with Human Feedback,

arXiv:2203.02155 (2022).
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A2E ArgolS 220 01 I

AFEoIS 220 o2 I

ojel 22 AR W ool A A o= AP eS Brllo] k=) s ght
A= e gl YTk vlE v 2] AR SEE(COMPAS) o) &7 24
(pre—trial investigation) 3 %% & I3 &8, T=9] “FAR FARPA (SR

K" 2 FE A AT 71 A AE 0] 2, 5520 X9, AR S QL

}

;

T H T

H] 2, A71E, T FollAe] Auiae FAoR 3 34 Abssle] A Al
o] 9lor} ¢= mdlo] ApHAx}el] Sks] Sa-w L Z1o] A ATE = o EkA
A Ao] ARy

—

2l

Lo} sk q] k) APRE- 9739 214 dHlolHE A4 Ass w7k 24,
Hlul, o) 58 HB2lolv ao= el ARS8k A& PAPE (art L10, Code de
justice administrative)sh= 9% 9131, EU ATHOHAI Act)o] A= < S35
735 dAT A7 ITH@AA <F 71 2d)S AR HI/ARE S AlE 548k AP,
AL, S B7F, AN AE %’4 'J ZRalY HERAE 913 AlY] &8-S

=o] WA S AE(legal Turing test) S E38ta 95U L) o8} 3= GPT-4
7} v)=r HEARA S (bar exam) A9 10%, 2222 JSAIS(LSAT) A9 1
AN S-S HoEU )

17) AR A A&t et Ed, 9 B,

13



AR 12k G Ol 202 AA0IX 2| 7]E0] Lt 2 S&E0| CiEh AJARY

Simulated exams GPT-4 GPT-4 (no vision) GPT-35
esummedpercerie P cstmespercertie
Uniform Bar Exam (MBE+MEE+MPT)! 298/400 298/400 213/400
“eom “som o
LSAT 163 161 149
sen e <o
SAT Evidence-Based Reading & Writing 710/800 710/800 670/800
o 0 o
SAT Math 700/800 690/800 590/800
s s o
Graduate Record Examination (GRE) Quantitative 163/170 157/170 147/170
som ~on 250
Graduate Record Examination (GRE) Verbal 169/170 165/170 154/170
oo “som i
Graduate Record Examination (GRE) Writing 4/6 4/6 4/6
i -5 s
USABO Semifinal Exam 2020 87/150 87/150 43/150
san-i00m 9%h-100m ey
USNCO Local Section Exam 2022 36/60 38/60 24/60
Medical Knowledge Seff-Assessment Program 5% 5% 53%
Codeforces Rating 392 392 260
Seowsin Seiow st Delowstn
AP Art History
Bt San-100m Sam-i00n
AP Biology 5 5 4
Ssn-100m astn-r00m e
AP Calculus BC 4 4 1
s3-500 o onn

(22 5] GPT—-49 A8 A4 H7} A3718)
ol¥ g ¥z GPT—48 53] HE Fv el 5 =rQl 4-&(domain adap
tation)3HA] a1 e A ylul=
%04 ~7]§ JI_ A}AL. Therat vl o] A o] Sk question answering) 1915
S

3t gl AT,

‘GPT-4 3-shot accuracy on MMLU across languages

Random guessing — 250%
Chinchilia-Engiish —

[18] 6] GPT—49] t}ao] A7 AL H|ul9)

GPT—47} o]0 &A% To] Aol vhsl el P 3 i

of METMES £43 oS50l thek 7= ARAL § %L%E‘r

18) OpenAl, Research: GPT—4, https://openai.com/research/gpt—4 (2023).
19) /d

14



2 S2070] st AJAFAED} 5HA|

thik o] dojrdle] BhdS- o] 713 GPT—4% HHRERA, 7o) A&-akal
n)g7) FAFEE 2ol n|AZA (fine—tuning) ©H} RAG 71H 28L& 98], ==
3l GPT—4 APIol| 743 -9~ OpenAl 42 3lj9] AHd]
n) g7l Aol HEEe= A3t e o2 iAe] A= el digh 7Y

o B7Fs 37| witoll, B olal IRt e dol 7ol o & A=

09
=
ol
o
(0]
ﬁ',
gl
ne o
N

ueb B FEA el = Rl RoBERTa RS 17437 2h(A & thetl)
o] Alzglell &7l F 1o Algi2 WAT dofE HAlE FHse] =l
85 gro= WE 53t el w5l o8 Ve SRS vAlzAehs ]
HE A ARSEYTE dolrh ek 2ol HlolEE F7t Fdsto] 2
RoBERTa ELxle] Jud /el spald7ml& Abge] 22A7F s AR A &
2k SARL A sl o] s A EES %
A v 2 fGAske] dSehes Wale 289to =M, ke dhdo] o] Hi=
fEefAelde] ArtelE 2ot sisy.

(—

:

3 =)

ST HAa= E Uﬁoﬂ

r-‘i

o]2]3t FHol| A GPT—4 & FHH(state—of —the—art)2] Slojx =l
NS &g, JEstr] Sl 3% WA 3N 5 AFo] Held Dart

o WS F7A HASFYLk

]

tha,
&
)

30 H

rir
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RoBERTa E2l9] Lwol

43 9 vAzES

o
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A1& =00l 82 ARME2(Domain Adaptive Pretraining)

ol A2 AfM=3(Domain Adaptive Pretraining)

%=1l #-8-(domain adaptation)o]gt 71 A|sks o] FHH 7|& ogg]ﬂ(sour co
domain) ¥} TFEAIRE P Q1= A= o H(target domain)oll M 9] 5= flske] A
2w, 71 oo ARE ANz Gl 2-(adapt) A Ak@—ﬂi}ﬁ RECE]
7ol i3k A4 (robustness)S o] 71HAU T B Ao = Ea] dukzlel 3t
Zo] FHAE THE o]l HE FHAE A Folsle] HERA Q] o= E
shel mdls veE Fsiisyth

. .
O S _admme <'> T @
P mezennt A A A
________ é. " A A A A,
.
¢ .. & :{",f'A:-_. A
.......... A A g £ A,

(29 7] =vd &89 7id =20

20) Rohit Kundu, Domain Adaptation in Computer Vision: Everything You Need to Know,
https://www.v7labs.com/blog/domain—adaptation—guide (2022).

19



A3 RoBERTa 22| =00l g U DMZYES S8t oS

I AHAE Qo] ml

LISy |

3177 o] 2~ (Hugging Face)oll A klue/roberta—large AAXSIE2DE E&{o} HE
Erel A% MLM (Masked Language Model) 523 F7H4 o2 283195
t}h. KLUE-RoBERTa& 1Z=Ho]#], vlo]®] Al KAIST 59 A7AkEo] 3%
AMalglom & 1,024709) Qule Alo]=, 1,024712] &4 Alo]=, 247) #o]o], 16
A BlER e REgiuT22)

[IL. dlolH

°F 1.24GBY] dlolE¥ o] A S (unlabeled) HE Tl Bl~E 1128 KLUE
—RoBERTa9] 57} &&Hol U35 UTE F 2,852,073 2] €YAET} F]Hn}
71 FRFE ol3ke) sy th
1. AQ o2 Y AFwe A2k Al I #45 (20159~20204)

B gpxe AhdozHE 2015, 1. 1. ~ 2020. 12. 31. 7|3+ = A3% 2= 2w}

o
&
.
i
=

I

, | ATREAIR CPAE, HATE, LA FATIE
AR 53 o) ol wol} wHHAY 238

A
ks 719ER AAEE HAE F 43 9 4 BATL AR 92 9
Z o

21) https://huggingface.co/klue/roberta—large.
22) Sungjoon et al., KLUE: Korean Language Understanding Evaluation, arXiv:2105.09680v4 (2021).
23) A&digta A, A BalA,

20



A1 =0l 22 ARME2(Domain Adaptive Pretraining)

14

O

2. &

15893 AHsxirta gHaAn R4 Aok (2020)29

s gl SilE el A8HR) S s nAlel 1R e

-

o2 Ql7puo} Lodaks APEAMAL TN EEA Ho)91 98] e AoAeE HolE

oL

Aut 7} 37 Ho) 2o AT F 301,32871¢] FAE HolE YT}

6. LegalQAH] o] E]27)

selzge] WEASSH HolHE 4319 A7k Githubell Sele msf gk

A doly] T YAE vz Wzl F o Fr} vhyslk glolE 372 A9 5Tk

A W2, Go] 287 % thRA, S, B, 71RA BYIENE TP

24) EAREFE], AsaAtar AR EEA A AT (2020. 10.),
https://accident.knia.or.kr/research—content?index=87957.

25) https://huggingface.co/datasets/Ibox/Ibox_open.

26) https://huggingface.co/datasets/jiwoochris/easylaw_Kkr.

27) https://github.com/haven—jeon/LegalQA.
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= Ay a2 (regex) [N 7-8a—zA—Z0—Ns~1@#%5% ™ &+()—.,_+| <> {} +S &
3l Z2)ella, line'H = split() 5 4835l 6014 o]l A-ThS 355
o} B3k line?] & S40] 5108 Z¥ol= A5 ESesy T

&Aool Al EE= MLM 855 A=288 &-8-3k3155H

st slolH 2} epoch=3, batch size=32, gradient accumulation
steps=1

o 2143 GPU: A100 80GB * 3

-
e & 9

)

g A7k oF 95417

ﬂl

o|=X HE Lol 53kd W ofe} Fdo] Algt WAL ES Tl 7 THE
KLUE—RoBERTa 2&-& A& 4 AAFYTLH
epoch 0: perplexity: 1.92165443533486 eval_loss: 0.6531865000724792

epoch 1: perplexity: 1.7952154257546065 eval_loss: 0.5851250290870667
epoch 2: perplexity: 1.712825710978678 eval_loss: 0.5381444692611694

IX

= (perplexity) & M 23 ES5 AT wjo] S A, 5
Lelo] <loje] &1 sfels 25t shgeto] A= dadl] F&els A=E ofv|sh
0F-E] Fatoe] ks 7Yt 714 (evaluation loss) A3 THAlAIA S5
w2 Qi oujahsd] Gk o 019 1.0 Atole 93 Aate FrRgvth o

2hA o] Ait= K] Ade] A or FHENES AR

el

28) https://github.com/huggingface/transformers/blob/main/examples/pytorch/language —modeling/
run_mlm_no_trainer.py
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W7 HlZ oSS flst OMIZE

[. 718

n A 227 (fine—tuning) o] ¢+ AFAEE Adojrdls 54 3172 (downstream

task)el A 2SR A4S i) ISR RE seulels tiRe] s
A9 A Aape sl b Rag SR skespl fuck

@3 Mask LI Ma‘s‘ LM \ /ﬁl /ﬁg @ﬂn StartEnd Spah

=
BERT

L& [l & ] [&]

Masked Sentence A P Masked Sentence B Question P Paragraph
\ Unlabeled Sentence A and B Pair / Question Answer Pair

Pre-training Fine-Tuning

BERT ; |- ....... 0 .. P

(e[ ]

[Z2¥ 8] BERT =29 HlMxA9] 7d&=29)

QRN O T BAL F A7) B PO AEFEE 13} AT o}
A5 WA 0w SR O 13} ATHIAE FEshA] Highc) 112k T
b, WA B F oful g vhto] el aalgH FHL A bl ol et

e 2T FET P o] U I BE PEOR 0, o]F
AR So] Bae] TR, 2, 3, -/ 7k ok, -/ (1), (2), (3)F B8]

29) Jacob Devlin et al., BERT: Pre—training of Deep Bidirectional Transformers for Language
Understanding, arXiv:1810.04805v2 (2018).
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dolE(pn = FY IPIAMES AFs-0 2 FETPAA BAlol o el Il dAM|E
o] FEHA] = WATS AN Alefshs Aak= v A= X8 81SlEUHtk32)
o ‘TR ‘v G2 7F EstE O] 98 49 AR T Apdo| =R AL
F Qe ‘T2 wolsd 4= glny, ‘SAVE I R E
& FAE HIEo] opd FARAPE 53 nlgelnE A<
o "FOl xAN\dx P xR AT, "N xN\dxPp PR T T N w2\ x?
2 AT &9 #N\dx %S vt A", "ANs?H] S+ N\d* %" Q] ATFHE
SA1S o] gale] ¥|ar Moln]| LS FE3 T 1000 2HE ¥|a Holn]8-S wiA

dar IERES AL

i

o 9 WHom FEEA Be AT, "H\H[EAAGR", "H\s?H]
EoA\deR", "I 2R E AN %" ] AN o]-&ste] YA 3

AHlEe 2RkE 52

o, ARES AR FYskA] FaL A (tertile) ([0, 1/3] 772 0,
< 2% HF3hHE #olE(labeD) & ko] &7 B

i
=
&
n
2
Y
__>|4_-1
>
K
!
it
r—m
0
—
'@
,4;
M
_L
o,
of\
1%
o
2
>
}_4
ri;

rr r-m

O
& 7257 7 Fe HolEAle R 747t Ades 113 3}%75‘45}. def 71 Hlo ]H

30)
31)
32)
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747} 1,948717} 7277101 o, AR S 2 IAUEo] FU3E dloJEfEoe] IF-
EAte] AdelA= SHEE F dlolH 5 & 7R EFelglGUTE BegR) AfaL
o} 2k, e &l APAA, 7|El Alal AL S 1948718 BT BA1EE So]
At 12 Ateke] 2 APl AUt - FF9] vlolBlE 242} 60:20:209] HIE= &
H:ASAIY HlolH = g8k v‘i—%doﬂhtﬂ TAH o7 AA A

. A3

RS FEE 7|7 o 2 slo] AFS 28slgSUh BE A 35202 epochs
10, batch sizet= 32, weight decay+= le—5, learning ratet™= 5e—52.% A4 351A5UH
o} BEgh F9s X3S valid loss7F o] valid loss®Ut 2 74-F- early_stop_loss
2B g=t, o] Holrf 4o dab 5E HAFUFUTE Optimizer & AdamW

£, learning rate scheduler® Exponential LRS- AF&-3}951 Tt

import os

import time

import random

import datetime

import numpy as np

import pandas as pd

from copy import deepcopy

from argparse import Namespace

import torch

import torch.nn as nn

import torch.nn.functional as F

from torch.optim import AdamW

from torch.optim.lr scheduler import ExponentiallR
from torch.utils.data import Dataset, Dataloader
from transformers import AutoTokenizer, AutoModel
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def read file(infile):

data = pd.read csv(infile)

label 1st
query_1lst

return {'judge':query_lst,
'ratio':label 1st}

class LawDataset(Dataset):

def __init_ (self,infile):

list(data['ratio'])
[query.strip() for query in list(data['judge'])]

super(LawDataset,self). init ()

corpus = read_file(infile)

self.query 1lst
self.label 1st

self.label id

corpus|[ 'judge']

corpus[ 'ratio']

{topic:

(list(set(self.label_1st)))}

def len_(self):

assert len(self.query lst) == len(self.label 1st)
return len(self.query_lst)

def getitem (self, index):

idx for

query = self.query lst[index]

label

return {'query': query,

'label’:

class SampleCollate():

26

label}

idx,

topic

self.label id[self.label lst[index]]
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def init (self,
tokenizer,

args):

self.tokenizer = tokenizer
self.padding = args.padding
self.max_length = args.max_length

self.truncation = args.truncation
def _ call (self, samples):
query_lst, label 1st = [], []
for sample in samples:
query_lst.append(sample[ 'query'])
label 1st.append(sample['label'])
query _encode = self.tokenizer(

query_1st,
padding = self.padding,

truncation = self.truncation,
max_length = self.max_length
)

batch = {

"input_ids':torch.tensor(query_encode['input_ids']),

'attention_mask':torch.tensor(query_encode[ 'attention_mask']),

'token_type_ids':torch.tensor(query_encode[ 'token_type _ids']),
‘label': torch.tensor(label 1st)
}
return batch

class LawModel(nn.Module):

flet OMI=Y
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def __init__ (self,
num_labels,
len_tokenizer,

args):

super(LawModel,self). init_ ()

self.num_labels = num_labels
self.len tokenizer = len_tokenizer
self.dropout = args.dropout
self.hidden_size = args.hidden_size

self.mod = AutoModel.from pretrained(args.model)

self.mod.resize token_embeddings(self.len_ tokenizer)

self.bn = nn.BatchNormld(self.hidden_size)

self.dropout = nn.Dropout(self.dropout)

self.fc = nn.Linear(self.hidden_size, self.hidden_size)
self.gelu = nn.GELU()

self.output = nn.Linear(self.hidden_size, self.num_labels)

def forward(self, input_ids, attention_mask, token_type_ids,
return_embedding=False):
outputs = self.mod(input_ids=input ids, attention_mask=
attention mask, token type ids=token type ids)
last_hidden_state = outputs[9]

cls = last_hidden_state[:,0,:]

if return_embedding: return cls

cls = self.bn(cls)
cls = self.dropout(cls)
cls = self.fc(cls)
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cls = self.gelu(cls)

logits = self.output(cls)

return logits

def create_adamw_optimizer(model, args):

if args.no_decay:
no_decay = args.no_decay
optimizer_grouped_parameters = [
{'params': [p for n, p in model.named_parameters() if not
any(nd in n for nd in no_decay)], 'weight decay': args.weight decay},
{'params': [p for n, p in model.named parameters() if any(nd
in n for nd in no_decay)], 'weight_decay': 0.0}
]
else:
optimizer_grouped_parameters = model.parameters()

optimizer = AdamW(optimizer_ grouped parameters, 1lr = args.
learning rate, eps = args.eps)

return optimizer

def create explr scheduler(optimizer, args):

scheduler = ExponentiallLR(optimizer, gamma = args.gamma, last_
epoch=-1,verbose=False)

return scheduler
def format time(elapsed):
elapsed_rounded = int(round((elapsed)))

return str(datetime.timedelta(seconds=elapsed_rounded))
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def get accuracy(logits, labels):
labels flat = labels.flatten()
return (np.sum(logits == labels flat) / len(labels_flat))*100

def train(model, train_dataloader, valid dataloader, optimizer,

scheduler, args):

epoch_step = ©

early stop loss = list()

total to = time.time()

best loss, best model = None, None

for epoch_i in range(args.epochs):
print('======== Epoch {:} / {:} ========'_.format(epoch_i + 1,
args.epochs))

t0 = time.time()

total_train_loss = 0

model.train()

for , batch in enumerate(train_dataloader):
input_ids = batch['input_ids'].to(args.device)
attention_mask = batch['attention_mask'].to(args.device)
token_type ids = batch[ 'token_type ids'].to(args.device)
labels = batch['label'].to(args.device)
model.zero_grad()

logits = model(input_ids, attention_mask, token type ids)

train_loss = F.cross_entropy(logits, labels.long())
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total train_loss += train_loss.item()

train_loss.backward()

torch.nn.utils.clip_grad norm_(model.parameters(),
max_norm=5.0)

optimizer.step()
scheduler.step()

avg_train_loss = total_train_loss / len(train_dataloader)
training_time = format_time(time.time() - tO)
print("Average Train Loss : {}".format(avg train_loss))
print("Training epoch took: {}".format(training_time))
print()

t0 = time.time()

total_valid loss = 0@

logit_lst = np.array([])
label 1st = np.array([])

model.eval()

for , batch in enumerate(valid dataloader):

input_ids = batch['input_ids'].to(args.device)
attention_mask = batch['attention_mask'].to(args.device)
token_type ids = batch['token_type ids'].to(args.device)
labels = batch['label'].to(args.device)

with torch.no_grad():

logits = model(input_ids, attention_mask, token type ids)
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valid loss = F.cross_entropy(logits, labels.long())

total valid loss += valid loss.item()

logits = logits.detach().cpu().numpy()
logits_flat = np.argmax(logits, axis=1).flatten()
labels = labels.to('cpu').numpy()

logit _1st = np.concatenate((logit_lst, logits flat))
label 1st = np.concatenate((label 1lst, labels))

avg_valid loss = total_valid _loss / len(valid_dataloader)
if not best loss or avg valid loss < best loss:

best loss = avg valid loss

best_model

deepcopy(model)
epoch_step

epoch i + 1

valididation_time = format_time(time.time() - tO)

print("Average Valid Loss :{}".format(avg _valid loss))

print("Epoch Valid Accuracy :{}".format(get accuracy(logit lst,
label 1st)))

print("Validation epoch took :{}".format(valididation_ time))

if len(early stop loss) == @ or avg valid loss > early stop loss[-1]:
early stop loss.append(avg valid loss)
if len(early stop loss) == args.early stop:break

else: early stop_loss = list()

model saved path = args.path + ' _epochs ' + str(epoch_step) + '.pt'
torch.save(best _model.state dict(), model saved path)
print('TRAIN DONE."')

print("\nTotal training took {:} (h:mm:ss)".format(format_time

(time.time()-total to)))

32



A2 IHHA BIE o

return model saved path

def test(model, test dataloader, args):

logit 1st
label 1st

np.array([])
np.array([])

for , batch in enumerate(test _dataloader):

input_ids = batch['input_ids'].to(args.device)
attention_mask = batch['attention_mask'].to(args.device)
token_type ids = batch[ 'token type ids'].to(args.device)
labels = batch[ 'label’'].to(args.device)

with torch.no_grad():

logits = model(input_ids, attention_mask, token type ids)
logits = logits.detach().cpu().numpy()
logits_flat = np.argmax(logits, axis=1).flatten()

labels = labels.to('cpu').numpy()

logit_1st = np.concatenate((logit_lst, logits_flat))
label 1st = np.concatenate((label 1lst, labels))

print('Accuracy: {}(%)'.format(get _accuracy(logit 1lst, label 1st)))

def trainer(args):

train_dataset

LawDataset(args.train_data)

valid_dataset

LawDataset(args.valid_data)

tokenizer = AutoTokenizer.from_pretrained(args.model)

collator = SampleCollate(tokenizer, args)

=S I OME
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train_dataloader = Dataloader(train_dataset,
batch_size=args.batch_size,
shuffle=args.shuffle,
collate fn=collator)

valid dataloader = Dataloader(valid dataset,

batch_size=args.batch_size,
shuffle=args.shuffle,
collate fn=collator)

model= LawModel(len(train_dataset.label id), len(tokenizer),
args).to(args.device)
optimizer = create_adamw_optimizer(model, args)

scheduler = create_explr_scheduler(optimizer, args)

saved_path = +train(model, train_dataloader, valid dataloader,
optimizer, scheduler, args)

return saved_path

def tester(model path, args):

test dataset = LawDataset(args.test data)

tokenizer = AutoTokenizer.from pretrained(args.model)

collator = SampleCollate(tokenizer, args)

test_dataloader = DatalLoader(test dataset,
batch_size=args.batch_size,
shuffle=args.shuffle,
collate fn=collator)

model= LawModel(len(test dataset.label id), len(tokenizer),
args).to(args.device)
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model.load state dict(torch.load(model path))

test(model, test_dataloader, args)

seed_everything(args):

random.seed(args.random_seed)
np.random.seed(args.random_seed)
os.environ["PYTHONHASHSEED"] = str(args.random_seed)
torch.manual seed(args.random_seed)
torch.cuda.manual_seed(args.random_seed)
torch.backends.cudnn.deterministic = True

torch.backends.cudnn.benchmark = False

argument_parser():

args = Namespace(
train_data = 'mini_ratio_train_dup.csv',
valid data = 'mini_ratio_valid dup.csv',
test_data = 'mini_ratio_test_dup.csv',
path = 'klue-roberta-large-law-mini-best’,
model = 'klue-roberta-large-law',
dropout = 0.5,
hidden_size = 1024,

epochs = 10,
early stop = 4,
max_length = 512,
batch _size = 32,

padding = True,
truncation = True,
shuffle = True,
no_decay = None,
weight_decay = le-5,
learning rate = 5e-5,
gamma = 0.996,

eps = le-8,
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random_seed = 42,

device = 'cuda' if torch.cuda.is_available() else 'cpu

)

return args

def main(args):
torch.cuda.empty_cache()
saved_path = trainer(args)

tester(saved path, args)

if _name__ == '_main__ ':
args = argument_parser()
seed_everything(args)

main(args)

V. 23}

71 A3 A HZEA] tste] th5-3 22 =538 (confusion matrix) S 9=

=
T ASFH T

i predicted [0, 1/3] (1/3, 2/3] (2/3. 11
[0, 1/3] 67 12 2
(1/3, 2/3] 12 " )
(2/3, 11 1 6 1

(28 9] &&3dd: BagA} Alare] 5 (EF4SE 75.86%)

36



A2 YA BIZ oE2 QT DIMZRY

predicted

actual [0, 1/3] (1/3, 2/3] (2/3, 1]
[0, 1/3] 217 28 1
(1/3, 2/3] 65 55 0
(2/3, 1] 12 10 1
[Z19 10] E&3E: A4 AkaLe] 39 (E748%= 70.18%)

A= 389 W e B Akare]l M= 75.86%E, FA| Akazel] thalA]
= 70.18%% Y= T UAFHH 12} A2 3¢} vlarehd, 1xjel 4 BERT R4k
ARgste] KRl Aol te AWt 69.9%F A &401] H)3l] A3 Holar gl
HE 12l A viird @t golERE Ae o ¥ darels ¥ 75.4~80.8%2] 54
SHerThes oE "ojHu, HlolE 21S 3] kA g¥ar T1of uAdE vkek oS54

o

Fug dudtn B 5+ AU
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AT RAFTHA] ZM0f QlF o 2RA| HE
FrAF ZEA| ZA0f| ofet oS 2Ee| AE

.78

AN @ Ao AR £ 5 22 58 =4 5 YA, ol
S AR clETo s W] v

o ol Al s 2 b
A5je] 71 FATAN o @A TAPEAE AT Kol Baw 9 AP,

]
_4

Aojrdo] oY (embedding) 70\l 2] EAHrepresentation)2 S2AFe] AlH
(sequence) = WISk 215 ofu]aln, o5 Eall AFE = ol 7 1k WAlE 7
ola|& 4= UFUTE 53] ddojEHle] gluel ] 7 EZ(token) o] 72lE S st
H 1 EF He gu|EA AREE Fetd 5 Ysuyth

Embedding

anatine amigos E—
model

-0.027 -0.001 -0.020 -0.023

Text Text as vector

(28 11] dulde] 71d =33)

E3 1 Ag A AFE /P Zo] Fay= AL FAFl SAME(cosine

similarity) 241, WE] A, Bell tigh FAR] fFAR== w23t o] SAHE.

A x B;
A-B e; ; "

NAlBl ~ /= _ s
3 (4)? x [ 35 (Bi)?

[Z23 12] ZA FAHE ] AkA)34)

similarity = cos(#) =

33) OpenAl, New and Improved Embedding Model,

https://openai.com/blog/new—and—improved —embedding—model.

34) 17103}, IARQ] F-ALE, https://ko.wikipedia.org/wiki/%EC%BD%94%EC%82%AC%EC%9ID%B3_

%BEC%ICHRA0RECTH82%ACHREB%SE %84.
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cos 6 | ab

L2 distance cosine similarity inner product

(23 13] ZARRD fFA=S] d s} FAF Smoke] #A)35)

5 He o] Yeje] Bl ghebx| eral ol e =
A B e (sentence embedding)©] A 2] word2vec, glove 5 ¢
HEA 3} EEE o] EdAEE Z]uk ol rdle] i) s
7 2l tigk eldE e R v, S A 4 BEE

2
n%

m\j
_0‘17
[
-
12

(2 Wol)Eo] Bule] mhe QuPS WA T F, olge] Birgke Aske Bt E
F(mean pooling) B2 S 2 42| WS AHEstar olol 713l g ko] on|&4
A= FetsiAl Hu.

o
Contextualized /=
Transformer . \ggrd . Pooling
em' e |ngS or E_g. mean
2 gMDggEeRITa allinput tokens | pooling: average
Text 768 dimensions generated|by the ouput
Variable length HZEE 19 95l Fix length

g length vector embedding of
/768 dimensions

(18 14] &4 WD A= 2436

35) Google Cloud, Finding Anything Blazingly Fast with Google’s Vector Search Technology (2021),
https://cloud.google.com/blog/topics/developers—practitioners/find—anything—blazingly —fast—go
ogles—vector—search—technology?hl=en.

36) Hugging Face, Train and Fine—Tune Sentence Transformers Models (2022),
https://huggingface.co/blog’how—to—train—sentence—transformers.
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from sentence_transformers import SentenceTransformer, models, util
import numpy as np

import pandas as pd

import statistics

from collections import Counter

import seaborn as sns

import matplotlib.pyplot as plt

import sklearn as sk

o

],0:1_4
A9 DAl H, 1 o]t
AR

7o) PARL RAsGLIT
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word_embedding model = models.Transformer("klue-roberta-large-law", max_seq_length=256)
pooling model = models.Pooling(word_embedding model.get word _embedding_dimension())
embedder = SentenceTransformer(modules=[word_embedding model, pooling model])

data = pd.read_excel('dataset.xlsx', na_filter=False)
corpus, holdings, tertiles, rates =[], [], [], []
for id, row in data.iterrows():
corpus.append(row[ ' A UE' ].replace(str(row[ 'H]<']) + '%", '").replace(str(100 - row["
HIE]) + %', 1)
holdings.append(row[ ' A& "]
rates.append(int(row['H]£']))
tertiles.append(int(row['H|&"'] / 100 * 3))

pool = embedder.start_multi_process_pool()
embeddings = embedder.encode multi_process(corpus, pool)

top_k, threshold = 10, 0.95
predicted_rates, predicted_tertiles = [], []
for i in range(len(data)):
cos_scores = util.pytorch_cos_sim(embedder.encode(corpus[i]), embeddings)[@].cpu()
top_results = np.argpartition(-cos_scores, range(top k))[0:top k + 1]
predicted _rate, predicted tertile = [], []
for idx in top_results[1l:top k + 1]:
if cos_scores[idx] > threshold:
predicted_rate.append(rates[idx])
predicted_tertile.append(tertiles[idx])
if not predicted_rate:
predicted _rate.append(rates[top_results[1]])
predicted_tertile.append(tertiles[top_results[1]])
predicted_rates.append(statistics.mean(predicted_rate))
predicted tertiles.append(Counter(predicted tertile).most _common()[@][@])

sns.lineplot(data=pd.DataFrame([[predicted_rates[i], rates[i]] for i in np.arg
sort(rates)], columns=['predicted', 'actual']))
plt.show()
errors = 0
for i in range(len(rates)):
errors += (predicted rates[i] - rates[i]) ** 2
print((errors / len(rates)) ** 0.5)

cm = sk.metrics.confusion _matrix(tertiles, predicted tertiles)
disp = sk.metrics.ConfusionMatrixDisplay(cm)

disp.plot()

plt.show()
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