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[Abstract]

In the field of patents, as NLP(Natural Language Processing) is a challenging task due to the linguistic
specificity of patent literature, there is an urgent need to research a language model optimized for Korean
patent literature. Recently, in the field of NLP, there have been continuous attempts to establish a
pre-trained language model for specific domains to improve performance in various tasks of related fields.
Among them, ELECTRA is a pre-trained language model by Google using a new method called
RTD(Replaced Token Detection), after BERT, for increasing training efficiency. The purpose of this paper
is to propose KorPatELECTRA pre-trained on a large amount of Korean patent literature data. In addition,
optimal pre-training was conducted by preprocessing the training corpus according to the characteristics of
the patent literature and applying patent vocabulary and tokenizer. In order to confirm the performance,
KorPatELECTRA was tested for NER(Named Entity Recognition)) MRC(Machine Reading
Comprehension), and patent classification tasks using actual patent data, and the most excellent performance

was verified in all the three tasks compared to comparative general-purpose language models.
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II. Related Work

2.1 Pre-trained Language Models
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1) https://github.com/monologg/KoELECTRA
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III. Methods

3.1 Models
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5) https://github.com/KLUE-benchmark/KLUE
6) https://www.cooperativepatentclassification.org/index
7) https://sourceforge.net/projects/hannanum/

8) https://github.com/open-korean-text/open-korean-text
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3.3 Vocabulary and Tokenizer
odo] 9zl elAEo| Ojs) THRIY 2719] Al WiE 2
gote il e mados M) feiMs
2} @2 E7} ojul2 shal ol T9le] &3 (token)o
QAE|E 2 sjot 7ic}. 127] Y81 vocabo] Be
bo E3 U9lz Beld 4 9t E3uolRo] ool
oS Festtn ¥2dA Qlch. RUST, Phillip, et
al(2020)= monolingual BERT?} multilingual BERTS
chgo2 B glo|2 Ajxiatel Eaujolrl2 ssteltt
[18]. =Egh &l dofo] ot HheAE™ EA3
(downstream task)S 4385t @Y o] & 3L o|A|7}
multilingual 229 monolingual g% 3o =20]
Hohs e AARto 2 B A 3ol clojuel
clol&o] 27]qt ofgt EFUo]A|9] Ho]

HUEO hﬂl

ol

Qs Zlg Adxog ZHsigi
gojo] HLQo= Toj#r|E 7]F0 R To|E J7|E E

= ©9= ARESHR|RE ool I’L"WOPI ofjzof &
5] BPE(Byte Pair Encoding)[19]3+S A}g5}] 539}
& 3% Lt QuiE 7Hl ol 4/\}7} = FHZ
EZoP} Elof 2H st Halrt go] HASsH] wiZof| &
o] A g]x] ¢F=r}. PARK, Sungjoon, et al(2021)°]
KLUEOA = FEjA 7|8k9] M B E(subword) EE3}
7IH2 AiRtste| ©<s] BPERRS ARESHA] Al raw
textE2 mecab-koll) HEjAEAMI]IS AFRSl0] 0]2] E
ii}oP—?—vocabE 1\(1)4}5]01— q E3S 1:-] AF Ea]s: 7—]
285t 20]. Tt 2 A-tolM =
] X A AE mecab-ko FEfA
A Telz 539}5 Syiy
T}2.0 2 vocabd UHE7| 954 271x] BPEYAlQ] &
FUJolXE AFR5IYTE A BIMl= KoELECTRAS 153t
o ARE-SF WAl0 2 mecab-ko FElA 247 Rt
Ao AofA word piece EFU0|XZ SHESH MWP
(Mecab-ko Wordpiece Patent tokenizer)o|™, &= Hxj
+ o] 56 FAWAZ e £2 52 B0l E
F1}o]A grAle AoFst MSP(Mecab-ko Sentencepiece
Patent tokenizer)[21]A102 vocabs +&oIACH
MSP 8142 25bjle] E28) 28 ARl WA, T
21 A9} BHUAIES £55}1 mecab-ko HEJ4 B
X7)0) AR} AP o2 SE3to] 1xt EAUo|N 2 AL
sloic}. Eaolrie] 452 Holste 20 ElA39 7]

vocab2 A8
CEHERSER

é”.:&"ﬂilo
|‘

A9 BLEU(Bilingual Evaluation Understudy) H7t=
EZ EYE e Hlas sto] B2 7145 =&k AA
Am 20| that vocab 3712 ZAASIICE olnf ALRSH E
2o} 9Alo] ARA} AbAlo] maHE 2R} & Futo]Aolct,

IV. Experiments
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Table 3. The size of the vocabulary according to
the tokenizer used in the pretrained models.

Model Tokenizer Vocab size
mBERT WPM 119,547
KoELECTRA MWP 35,000
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KorPatELECTRA
MSP 19,400
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9) https://github.com/shineware/KOMORAN

10) https://github.com/hyunwoongko/kss

11) https://bitbucket.org/eunjeon/mecab-ko-dic/src/master/
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4.1.2 Train data Transformation
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4.1.3 Experimental Setup and pre-training
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4.2 Fine-tuning KorPatELECTRA
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Table 4. Data list of patent and non-patent fields
used for downstream tasks.

NER MRC CLS
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Patent CPC
Patent (Chemistry) PatQuAD Code
NER EjA3+= 0]2] ool + 7IAHS HEIAEA
QlAlsto] F&Eshil #57ok= EjATo|tt & ALoi=
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Qrfats} ofeist cjke] §h3o] HlojE|= Q8. o
ok, A|9%A & 14719 7HAg o= —TWH‘H O‘Ur
Patent Hjo]EL gfer E35] BolQ] gojg] Alog 1B}
2344] Lolo] a3t A/t B3] 22902 Bf3gol
APA 1+ BIO(begin-inside-outside) Ej7] 0.2 J1&519iTH
a5 dlolel &4, 24, &4 Tel, 24 Bl 24 2,
=4 wez F o719 JiAg s HdElof it
NER E|A50] 587} AlEE F1 445 AM8slgch
MRC E} 233 o] Exfsh EAI0IA ALgA} Ao
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13) https://github.com/naver/nlp-challenge
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4.2.2 Non-Patent Domain

Table b= Thofet oo U¥PAQl JEjjo]l Tt o]
B Mg &&ste] fine-tuning HES A3t 2xtolct.
2= EjA30ofA BERT 2@HCH= ELECTRAS APA &t

£e BEso] O UL 45g o,

Table 5. Performance of tested model on the
Non-Patent downstream tasks. Overall best scores
are underlined and highlighted in bold. Document
Classification Task is indicated by CLS.

CLS NER MRC
Model - (SL)VER—CW =
K-NSCC | KLUE Challenge KorQuAD
mBERT 62.68 83.4 83.23 70.12/90.19
KoELECTRA 66.82 83.5 86.43 84.74/93.48
KorPatELECTRA | 68.68 | 80.67 84.63 81.88/90.75

NERZ} MRC EjA 3| A= KoELECTRAZF 2= Ho]H
AlojlA KorPatELECTRAS] “d5= S7I5IGiT). BHHo,
=27} R&DE VA BE= EfATA KorPatELECTRAZ}
KoELECTRAYCH A&t 71 1.68% Ar&-519iT} o= =27}
R&DE A9} S5]w3l2 Thefet afelr l% AAE 7|9k
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SR 7ol OFX FAlI} Bt 7|20 1802 TAE]
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4.2.3 Korean Patent Domain

Table 6+ 53] Hlo]&] Alg &85t 4.2.20049] Ej
230} =gt Ayt ofelulHE fine-tuning AE-S
A3yt Aifolct.

Table 6. Performance of tested model on the
Korean patent downstream tasks. Overall best
scores are underlined and highlighted in bold.
Document Classification Task is indicated by CLS.

CLS NER MRC
ACC F1 EM/F1
Model (cpc) P( ¢ ) ¢ S
aten
Code (Chemistry) R
mBERT 72.33 87.98 51.48/81.79
KoELECTRA 72.98 87.48 72.46/88.09
KorPatELECTRA 73.45 91.2 75.79/88.64

KorPatELECTRA= B.E EJAT0|4 BERTZ S7}s}
QT 42.201Me] Alg Ao} vtz RE BT
KOELECTRAMC} £ 452 89k CPCAE B ¢
A 30{A] KoELECTRAETH A=t} 0.47%, NER EfA
FoJAN= 3.72% T dsS BT £ MRC BjA
FofA] EM2 3.13%, F1& 0.55% A5ty o2 A
£35] Hlo]Bgts &5t KorPatELECTRAZE E5]H o]
AL &8st B E fine-tuning EfA T oA KoELECTRA

=2 O

ot BERT9] d52 5715t 574 AEe=0r HolHE

14) https://www.msit.go.kr/SYNAP/skin/doc.html?fn=c41890287bdde8054310eb89c78ed285&rs=/SYNAP/sn3hcv/result/
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4.2.4 Tokenizer Comparison

Table 7 58] Glo|E}2 LGS CheAE EjAT0
A MWPQ} MSP & FLtol&{o] w2 KorPatELECTRA
ds BiE UE moloh

Table 7. Performance of KorPatELECTRA model
according to tokenizer on the various Korean
patent downstream tasks. Overall best scores are
underlined and highlighted in bold. Document
Classification Task is indicated by CLS.

CLS NER MRC
. Vocab | (ACC) (F1) (EM/F1)
Tokenizer size CPC Patent
Code (Chemistry) R
MWP 35,000 | 73.45 91.2 75.79/88.64
MSP 19,400 | 73.64 90.91 62.71/85.12

MSP vocab®] 7]+ 4.1.104 Ag3t vet o] 5
5] Fmj o] SHA Alptet 19,400712 A5ttt MSP
ETLO|X S ALEet 0] CPCEE 27 B AT oA
0.19% © =2 A4E EAch NERZF MRC Ej 2304

+ MWP E3UO[X S ARG 2Hlo] § U2 55 &
Mttﬂ NER EjAF0]A= MWP E3ULOIX S ARESH &
oA 0.29% 55ttt Egh MRC BjAToA = Fl
< 3.42% Aol 2 NER Bj230] sl & 2 4d5 Al°l&
Boon, EME 13.08% Alo]2 T EfjAF9} v]ws}o]
EIUoIX T2 A5 Aot o 2 ZiE Hich

V. Conclusions and Future Work
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