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MNE AEY(crawling)ste] AMIPGS L 37H4] A2 AFS AdsIolnh & A2k OA AFe &34 S 245
slAsta vt A BEXolA M Ao Ag IAIFlen wo|2gldl 22 = Adu(global bilingual word
embedding)Z} Bl 8lolS wf 2u]9] F5S sk

FAo] 1 oo]F o] Y= dHld, AAqAE, 99 5FH, HE I, dF, HE g5, v 4, do] fARE
skip-gram, =22 9Wd

Abstract Recently, studies about bilingual word embedding have been gaining much attention. However, bilingual
word embedding with Korean is not actively pursued due to the difficulty in obtaining a sizable, high quality corpus.
Local embeddings that can be applied to specific domains are relatively rare. Additionally, multi-word vocabulary
is problematic due to the lack of one-to-one word-level correspondence in translation pairs. In this paper, we crawl
868,163 paragraphs from a Korean-English law corpus and propose three mapping strategies for word embedding.
These strategies address the aforementioned issues including multi-word translation and improve translation pair
quality on paragraph-aligned data. We demonstrate a twofold increase in translation pair quality compared to the
global bilingual word embedding baseline.

Key Words : Bilingual word embedding, natural language processing, domain-specific, law domain, dictionary seed,
semi-supervised training, paragraph-aligned, word similarity, skip-gram, local embedding
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2.1 Word Embedding
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Law Documents +
Paragraph-Aligned Data

Term Extraction

I

Term Stemming/
POS Tagging

Training Data

Test Data

Term Stems/Tags

| =

Term Replacement | N Query Bilingual Word
- Embedding Vector
Preprocessed [77TTTTT -
Data l
Generate Cross-Lingual
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Translation Performance
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Fig. 1. Overview of local bilingual word embedding system
upeba] gro] whetel]l e o] gl of9E o9Rlel R A&skHrt Aol oS s [Fig. 2] = &
Tt Fo] Fol(equivalent) = WA g gl & s 485 o4 Agadh [Fig. 210+ &

dtolet ol Aol 2 thEEE W olFE ol &, Yol WelE B, Ablel veht gk @
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[Korean sample sentence]
0l go| S22 20| 2L HYE R8st NFS
=& 210ICh

dictionary :
= ational defense”, “armed
tional armed forces],

| “Act’, “legislation], ...}

pos tagging result : ~—
18,25, 22, 25, B4, ASCH A&, BSOT—~{__

[English sample sentence] RM SMGI MMGI
The purpose of this Act is to create ines for -

the organization and formation of the National (a)nation_d | forces nation_ar
Armed Forces. efens m_forces
stemming result : Lbs)arm_forc

[the’, ‘purpos’, ‘of, 'this', "act, 'is', 'to', 'creat’,

‘quidelin’, 'for’, 'the’, 'organ’, 'and', 'format', 'of', 'the', (c)nation_ar

"nation’, 'arm', 'forces.’] ////// m_forces

~— _ _

Fig. 2. Effect of each strategy on translation
equivalence selection for sample sentence
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3.2 Single Match Greedy Intersect

Single Match Greedy Intersect HefoA&= x
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‘nation_arm_ forces' & 1A t o2 s}
nation, arm, forces & 71 71 ©olE Mg gt} Fig. 291
A= nation} forces?] Zo]7F - H, o] Z$-olli= o3
el A WA TS dolE FHEHR sho] ko] of
3o wA] o3 = degict

3.3 Multiple Match Greedy Intersect

Multiple Match Greedy Intersect A2k +
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tirsto] do] o3& 05 SEE wA T & s
983 [Fig. 215 B SMGS} 2] ‘nation_arm forces’
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4.1 Dataset

11,6057]¢] @h=rof-Jol= &(parallel- aligned)#l
WE BAE 35 HE AFelEoA 19488.30.5-F
20187.1.7441 2] 713kel WA A&
ag1 #Ed BE wAE A2 (preprocessing)dF] &
868,163711 2] ¥ H(parallel- aligned) ©ehe o]F 1] ¢
E dWds shsAld B A2 St Bdt dharo]-
o 1Y & 538k vos sgToldolA] Algsts
o3& AHEEITE TR Tl dolA AlEate A2
A 2 EAow yrofA] AN oH, gharo]-do] W
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SAE A A5t Tyl ARE U 2
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o F\
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o] M A3} 5 top k ¢l A A Ayt Yl
=] ¢k YehbEAel gk 75 —5—235
HER 1,3, 5 & T she glow
cross-lingual AW S AMESH] Wi ]
=y A o] 52 Ao} opd 4
2 Yehd & ok 1822 topkE 7
A= wEle] ] AxolA 57 dojrt Pd U] o]

2 Yehd Axe AQAFTH

w3 F2Y 9= v d(global word embedding) @}
2 =7 24 = duld(local word embedding) 2]
Aol & Lol ] Y F=E Y gyl 979y
ol Wikipedia) ©]% <o) 1= AdwgdS Hojxzlol
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(baseline) 0.2 AHg-3Hick. A2k wlag 9la) 4 9
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0 else.
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Accyak® FoZ o] Alkeith BE AEe
Ubuntu Linux 18.04.914 Python 3% =3 % %t}
9 B
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5 Aol 214 Gk W0l 2=ehelgl $171IE o} o] %
Qo] 9= Julgste] Aol of 2] Aol7} vk AL
2 % itk o] 3714 ARl Azke W E HlolEE o]
§3 27 Qulgol A 94715 tel 9= Quge) B
o F2 Qulgol B oleld §of HHel ZA
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[olefol M= =2 ulde] Aol B =7 vehdtt
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60
50
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20
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Baseline - Strat 2
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Fig. 3. Performance (Y—axis : %) of various strategies
vs. baseline on the single word translation
task

Fig. 4= & =20l A ASkehs 3714 A=k 5 A A
oF Al WA defo S

< o] el thel A vz thof M es wlagh
e

[ Strat3

Fig. 4. Performance (Y—axis : %) of first and third
strategies on the multiple word translation
task
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Z(POS tagging), #7454 (Sentiment Analysis) 5 A
Aol Al wopllA & YA AFEEHASAE B8k,
kool B4 Qdojo] WE HoJHE AMEE o]F o
A= dude] Agol= HE volE 7} &aslr] Wi
o o] & ARES o]F o] Y= AP AT &

A A Az AR SR & S ve) 4 5 A% W aE o
SOl = HH7HH%$ k2 1358 243k =33k} A H o . .
) Azke] 7o BA oo] MRS Azl dt5E A HT BoA tE Ao 9= el (Multilingual
A% wo ol
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o] WEAS] B glo] ol HYRE ALgR sty o VM Machine Translation), %71
A

o= = ﬁ}i A WA defe] Asol ¥ =7

HeE AE ¥ A ol & 97 488 8E
1 &

- w8 ojo}xx FATh Eak 1 FANE 4 544
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58 ._)r/«;r/:/n\ﬂ o]F 9lo] Y= guy AT ] 3]stk
5] —%— upba] 2 Ao A g HEL] ghapo]-do] MY T
TAE AHEst =F = duwd(ocal  word

44 embedding)& H5AIZ OH, Shgoll AREE BE A7t &

37 e 2 7% 48 doleoln We} e 94 o Y o
O\G/O——/_W

20 Zeo] olfE 4%E Ast7] HaiA Random Match,
50 75 100 125 150 175 200 Single Match Greedy Intersect, Multiple Match Greedy

Intersect 37H4 A4 AL Aoksiain).
B el Flof s, et 49 BEAE ST 4
= ugal 2o B AE uhEx g ALEE 9 oy

Fig. 5. Performance (Y—axis : %) of strategy 1 on 9 B ez do] "ol 4= 9le TaA uis)

the single word translation task when ) B }
varying embedding dimension ohest visg s A U}Qiljr =M, ]':71'01 o] ‘wﬂj@l
w37

o 10P-1 _4 TOP-3 _, TOP-5

[Fig. 515= A|dbeh= 37k ek 5 3 A Aol ol o8] 7)9) wo]& o] Fej R jxq o137} AAE = A
3 uld AH ol whE T wol W AeS Ukl = g dsly] 938 37119 AEkS AQketa 7 A ar54
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A71iz el 2 s IRAE kgkel 391 B0k F2W 9= duge dk5AR1 o]F o] g rT) 2
591 ol A ol mhE Adsol 2 WEE Aotk we) A EE A58 norh
k7} 3¢ mE A 71 1759 w9k 5%9] A ol 8 Apm B AdoA HE A gtos 37}
AR k7F 5 wli= AT 2008 W oF 7% AER ) Agow 24 = g AR f F
7P 2 e ol itk olHd A= A 7w Y= QwidrT Aol B e Fold 4 919
TS dlolEo et 54o] o & B3E 5 AUt o} welA] o2 g golHe AYow 2 Y= 9
A vehdck ey ko 19 499k 30 AfelE wgo) 22 9 dudrt) Ao = UL Ao
AL 7E 2009 W Adso] At A = ¢ EE, 2 JgiEn) £ B Ao o]F o] 9= gl
ol 3 d(sparsity)e] =2 HolHY A A 7 & Algslg=d, thEode]l dwdel AE(r) ARE
SR Q38 ool Askd o dvke s A (quad)de] UMM 24 9= ud ) 22 ¢
gt = el A e & 37 S AR A e &

Aol 9le Ao 7rHr}
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