Journal of the Korea Convergence Society ISSN 2233-4890 / eISSN 2713-6353

Vol. 12. No. 3, pp. 1-7, 2021 https://doi.org/10.15207/JKCS.2021.12.3.001
SI20| QIZAAY J|AMeo| ME YT BH 67 U
2d 7l E4 22| £33 Kot

Research on Subword Tokenization of Korean Neural Machine
Translation and Proposal for Tokenization Method to Separate
Jongsung from Syllables

1 . 1 1 . .2
Sugyeong Eo’, Chanjun Park’, Hyeonseok Moon’, Heuiseok Lim
"Master & Ph.D Combined Student, Department of Computer Science and Engineering, Korea University
Professor, Department of Computer Science and Engineering, Korea University

AZAAY 7| AHY(Neural Machine Translation, NMT)
o] AHdo] SEEA g2 TolEo] Ao R So& 7HsAdo] AUtk o
= 2= BA(Subword Tokenization)°]H, ol= &
olE FAsHs W Eolth & =RolAE dEHE < AB %E =4
bl Ue AME BHE7] Y8l ol 2E 5
AMEE FHESZ ANt AP 2T 2 =24 Agtss FHE0] 7]—5—

St Jap9] dojhg Moo o]&517] fE
3t Out of Vocabulary(OOV) A4S &43}3}
4L dolin ¢ Z2 AH QE d9E
IEES OFH, Yo7t g=tolg

EEEPERC L R

o, rlo

P

P

=
o}
=
o
=

oZ:FU
e iﬂ

i) OI-)I
Rl
|z
)
ok
%
gl
e
o
rlo
S
or
0

FHO : AR, A, AE = 24, ME A=, F2d, 5%

Abstract Since Neural Machine Translation (NMT) uses only a limited number of words, there is a
possibility that words that are not registered in the dictionary will be entered as input. The proposed
method to alleviate this Out of Vocabulary (OOV) problem is Subword Tokenization, which is a
methodology for constructing words by dividing sentences into subword units smaller than words. In
this paper, we deal with general subword tokenization algorithms. Furthermore, in order to create a
vocabulary that can handle the infinite conjugation of Korean adjectives and verbs, we propose a new
methodology for subword tokenization training by separating the Jongsung(coda) from Korean syllables
(consisting of Chosung-onset, Jungsung-neucleus and Jongsung-coda). As a result of the experiment,

the methodology proposed in this paper outperforms the existing subword tokenization methodology.
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AFAAY 71AM S (Neural Machine Translation,
NMD)2 &4 FZ Jgog Yolu, g 234<
8T 5 JEE AFTY B2EY VSAES SEIHA

= %(End-to-End) BHECIH 71& 13
9 A 7|5t 71 ARG 52 Hold ik NMT 2d
S A ff 2L 2dS dstAY a8l
&S dAsk= A= F85h 1A HlolEE o&
= A, HolEE & Ak A, AFE7) HolHE &
T 5= e A4 71D JAQ 1Y) HE FHIE
Z H8lele A 59 AA I A v FasieH1
NMTE 5ol7] Aol mlg dojAbds 53t
TolAPE-S i EE 3ntol A 209t Fxo] HE FU|E
FEEEH, o] 7|2 Aol EAske e doles
88 £ gith gEo] NMT 2L tiiti &g of3]
(Open Vocabulary) BAIE o#7] mj&o] Aol 55
EA] g2 T@ojEo] YY o R Eojg 4= Utk o|FA &
o] Aol EA51R] = Tol7t JYo R S0l F
%, 1 ©@oj= ‘unknown(UNK) EZ0Z X =H o]
£ Out of Vocabulary(OOV) EA2t1 stct. 9 &4
£ OF2A AQME Ao] HiZ A H = EA-(Subword
Tokenization)°|th. &, AE = EHL F=2xo0z
NMTAlA ] 14 E TojAbd 7i=& It UNK EAIE
Astslr] flsl AR AE fE BEL ‘dol= o
ojEtt 22 &9l AH Y59 2o g FLAdrt”
2= 7ML 7INte & b, 9] 7t EEEE WolR
o} o 22 AB 9t T2 BAEg 4B = 7]
2 EeE Xt 4lxof, 98 527 Qg UNK &
A9 sjdoE &3fHolct. o] AFAAH NMT EH9
e TR olojAH, i IS NMT =g A=
Al B4 oz AP Far et

[e]

o F59 A7) EASS AW o Lo} Sl
o BRI ) BEE o T AT 5 Yk AR W
£7] 9 ML B8 WEe Aty ¥t 24
2 59 1 ane 9o

2.1 Byte Pair Encoding

Byte Pair Encoding(BPE)2 201640] W#s &
2l AME Q= BEd digEolti2]. BPEE Ed
19944] AIRbH &Rl REE 7|50 & 7Ht Wol
S8 Ho|E(byte) BES AH 07 sh}e] Hlo]
Eg oo 24 HolHE &3, ol 2Rbsto]
AE Yt EHoA= FolX] dolAbd Sk FHAA
7P ©o] $78dte £A BEE WU o 2H dof
AR AESuie

BPEQ] ARHAQl AAl= thadt At} 4 2352
o4, T o] 92 v)g] £ pre-tokenization)
StAL = Moseset 22 3] 7|5k EFU]AE o]
B5to] BAzt} o] % tho] B 9] Thof v
o7& HAISH= AR VE SRR v|g] BEg
o]d = dolE2 EA(character) @92 THA] £
Hi, FEI0A; S AR 9] dolES sk &
AEE 273151t o2 7P o] S5k A A
o} sl A 11, WHERE A2 b4l REE ARe] A&
F7kett. o] Y- w2 AP APl F7]0] tohe
f7HA] Aggsh=d], ol @ojAbde] F7]= wiziHS
(hyper-parameter)Z A% 7Fs3lth AFHS] 27|+ A
= Z713RF @olAbA] A7]o|A S BEete SIE
gt gt 2ok

Vocab = {AFREAECh</w>': 5, 'SAZCl</w>": 6,
At AR </w>' 3, AHESHCE < fw> 2}
Ch > Ch
g ct > "k
A HCoh > AYCH
A& > R

Fig. 1. Merging process of the BPE algorithm

Fig 12 ARAET B4y, Agsta, Agsioy
7} APE 557 QI3 dolEolal, AFAHTTL A

< Yoz Eol A5 A9t Jdolrt. o] B¢
Fig 13t Zo] o'¢}t Vo] o'E, 'H'x o7t Edoh'E,
Ao FGoh 7L AR, Re} o] R o R WYt
Hogxn Ax AFAHY = AT Agch'Y F A
H fesg BEdY. 9 ¢SS ]85t open
vocabulary problemOA AFHo| 54314 &2 o
0| dgog Soigitt sttt ofg] AE fEE9
23S Bl AbHol gl= ©ol 7t ofd ‘AP o R Hdt
= e TolE T £ vk & o] Stk & BPE
L ES 5 HETt 7P B2 AL Folwle W
Aoz AME 9t £4Z ZFsHA = OOV #AIE &
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skotoict. sAYE BPE ¥ 8j5S o]-835t9S We]
A A5k, 5% RlE7t B2 e w2 e
HAgt 25 5sH= Aol disire Wil HA &
£ 397t Qlet. E3t thefet 2o 98] BEEA] gkar
7F o] SAsks Aol tisiATt Hetng Ad
AE & B4 23t g & Stk sAH0] EA%t
o} &, 2 shute] dolk AH o uet chefet
o= BAE 4 9l BPE= 18 t(greedy) S0
2 2AES AYStnR shte] B9 Aupdo] dg
o}, 85k ohg} ghto]o] Aol Fig 19] cflAlofA] -
ATPel -AHAE 712l YT 9ulE MYt
2t 9o wet Feirt 2oy o dolg 713
= EAZE BAYgic) sholollA] Yt S8 &
A2 AT = gl v Fetety| wiio] BPES] W4
< ol &Sttt Algte ¥ AMdS agHos &8sl
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2.2 Unigram Language Model Tokenizer

Subword regularization ¥'#<l unigram language
model tokenizert 201840] A|E AXH Q= £4
daE]Eo|H([3] 712 BPE ¢1EE9] 23S Aot
olo] thgt s AIQMSFATE. Unigram language
model tokenizere W=7} ofd &L 7|WOE &
Hasl]  wie]  oekst wEel E&(multiple
segmentation)2IE B 4= U= o] Ut

Unigram language model tokenizer+= “ZF AH
EES AE EHolH AE E 1yga 248 &
“Hsubword sequence)?] &2 2479 AE =7t
Uehd SE52 J% A3 2ok g 7S VINe R
Stk F A3t APE F5517] Yol B HlolE 2R E
HA3t 3719] F& FolAbd(seed vocabulary)S 4843
gt} o] ©o] ARH9) Ji47t A FsleS A7]71 & o
7] g9 Al 7HA] L wHERCE A, do] S
145k EM Y8 (Expectation Maximization
Algorithm)& ©]83 A8 9r9] 54 &S ¥}
gtk AE 9E9) 54 FE2 AR Dotl7] ofg7] o
ol EM €a18j&Z ol8sto] AB E7 548 7|H
2 st 4, 244219 B =S dis] WAt
dEZT £4 ZHCross-entropy loss)S =43}
loss @& £78 AB QE7t @A AJH9] TojAbdd A
AA=RS o] &4 grolth. AA, loss gt A71=2
2 dstal A9 n%ihE GAE ARl 536k ¢
2 TolEo] Yd¥oR Fol& 4 9Joru=E FAKsingle

character)&2 gAFoloF it} o] Al Y& WHES
of m2] A3k AP 7)o =Estd st AR &
H|7} e o

o|gA wje] B4g do] ARS &
AEF(subword sampling) FHS
Forward-DP Backward-A ¥18]&& o]83dto] &&
of wteh 7HY =2 L9 (-best) £& $HE &
ojF st MEYS A= Forward-Filtering
and Backward-sampling algorithm(FFBS)2 ©]-&3t
th FFBSOIA 4B Q& 84 $RES AR #2824
Bl 9lon, 7t ME QIEE2 LEEE HEE O] Ut
WA BE 4B YEEY SEZ AL o] EA9 &
FE A7 LE5E ¢3l5tAA FEel w2t AAH
o7 MEYZ Pt

g HHES A Y= 24d agolA] dhEg 5= 9l
= noise®| HoiAE ALSHA AT ¢ Q= EA
Ak 2=y 7+ HE EEY FEE S5 A
unigram language model, @A A slsH7
3 EM €38E, AE gt B4 dEE 7] 9%t
Viterbi ¥ilZ|ES W= hEdfof stee Esith=
o] EAgtT

do ot

2.3 BPE-Dropout

BPE-Dropout< BPESY 52 7HAskaL unigram
language model tokenizer?] ©HS H st} A9t
St @igolcH4]. BPE-Dropout 71&9] BPE ¢1E|%
S 7]¥to 2 BPE merge table % FZYE Ha)A H]
€9 dropoutZ At AEL AE 9= P73t
(subword regularization) ®Zo|tt. g PHELS
Y dolof tisiME Tt A8 9 BHo| Ths
ke EAo] k. 7]& BPEC] dropouts F7Fst
= st WoldAE EEA Yehts TolEo] s
AYE #Fop, QEto] Aoiths AHE Bt

BPE-Dropout®] €il2&2 7|& BPE Eae|&3
S5t p% TE FERE dropouts R dYsict. wheF
dropout& S & p7} Ocl2td 7|& BPES] &1L
253 5Yok p7t 108k BE wordEo] FEEE
FAEE Uddh divlle B3] 7hedt A5 10% &
TE dropoutdttt.

2.4 Word Piece Model

WPM(WordPieceModel}2 20124 S Aot
g E[5]elH, 20169 7|AHY Eold o]&= 3k
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94 BPE gare|5dt sdsitt. ¢ 714 o A
BPE P42 WI=E 7|We = wolg estA,
WPM2 $=(likelihood)E #ol& HAlog dojE |
st}

A S5 A0 FAof thsl dol= Hojrr] Ei=
T4 7|4k EFYo]|AE o|-85fo] pre-tokenization
RS AZ & 243 o= A4 99E vt 4
= = 2y IS Al A 2 239 5ol
2715 BRo= E¥ES E&(special token) — = &
Fobo] B4 BUSH TolA Re) 25| mojn]
of Hu 9= wag Ty Agolnt ol% e W
SHe BRelE 27 AR 9E 17 AR S 29 5
T IES JH T AME YE 1, AR QE 2 pair'd] &
& GER olF e #ol 7MY A4S HEdTh 59
oIS o =8 7P E=ole S HEdWWe
Alojot. el T2 vlg] X7Get dolabd Y] F7]9]
tohs tj7kA] AlGsiA shEgl)
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)
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2.5 Sentence Piece

Sentence Piecer= 20180l AIRFE HIA = Sl 7|9t
EFuUo]A(tokenizer) ¥ TIEFLo]|A(detokenizer)
oJtH7l.

WA AT AE Qe B S E BF TEE W
o] 9|2 Eelst= u|g] EA3Hpre-tokenization) I}
A& Aok Ft. L FHoAT 7 gl o, dE
of T w09 EAE Ad Fol9] Hf= TolR
8] B85k A A7 7S Sentence Piece©ll
A 9 EAE AAska, BPE, Unigram language
model 5-& <1ojol] FetA d E(raw text)< HIE
Sl&o] AFRE 4= QEE WAL & Hojultt EsbE
A, TAF Al o-§sH] %3l end-to-end AlAEE
ol gFgo RN NMT +2ok g7 B4 & J=E T
=

Sentence Piecet= Normalizer, Trainer, Encoder,
Decoder9] Y] 72 4%t Normalizer= 294
o8 FU EAEE #E FAoE Askith
Trainerol A= A A18te A= YBAERE A
Qe B4 2d sk535tt) Encodero A+ Trainer
o5 2ES 0]-83to] Normalizer278 5ok
LEAE AE YE9 Yda £ DecoderolAl=
AE e Yds &4 FH= HIst Sentence
Piecet= U 24l dish #hE £=2 9olE id= ¥

o

W, SE A 129 5% A9 BB BAY 4
the o] EAEtt.
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T 3ol dolE AHZoR Bt & gdHdS X
Pol= ARl AE Yt & A3y 7S o]8sto
o} [10]°14 = 2AHG S XgstdA e Eo] gt A
BE HE5P7] 9efl 7iA JHEol s A8 9= £ 2+
HolA RestrictE: APt 0™ o]F 7|8t & BPEE
Agstart. (1A= wFole] EAE  1Esio
SentencePiece® ©J8%t AH Q= EFH X
MeCab-koE ol-&sto] Fejd £4& I PPt
olg gFgsto] [11ol4e AR, &4, FHia, AE
E, Feia A AB Q5 o] &9 5 ot EE
3} AFEZ FEote] AR, FHAE 13 AE
o

HE 40| 7 F2 A2 Wes Btk

=

3.2 Hetol= LHE

71E BT 5 AR DGR EEE st 24,

d, 5
4, $/30] 7 E2lHA H=d 019 Ae] w=d 2}
2 AR 227t A9 s iAe 2l 2 =
o 24T FA, BHE BF BeleiA] g TS
23 F/g0lA Eelshs WS AR &l s
She FE2 dolEol IAT e diE EH B8

Ab B o AR, oI, o] Pz Hekd
4 Atk ofol] disf 2|7 Aldske HHELR 228
St oE, dE, Ha, diioos 27t HiL,
AE Y= ARdol|A ‘aBh= Shte] Tz Al 289
= 54 Au|E T & A Ho 82 B2 E
&= 9 AN 7=, -, 3=, 2-(go), F-, -, A
-, H(sleep), "o, 3L, WOV} o] Az EEo=®
et WkEl= 4es0] Bt wEA 240 S44e
Hdshe e WA APsHA] i AE A= 24
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41 Holf & 2&

k52 9t glojg A& OpenSubtitles[12], Al
HUBDol|A Algoh= 39 71AIMY D5AE L85t

Table 3. Experiment result according to beam size

1[13], HAE dlo]g Ao ZE [wslt-162& o833 Beam Size JongSung Syllable
ot X22 FariseqoA AlFdk= Transformer[14] & 1 1630 15.88
d& o]83] HI9E s BLEU[15]E ol-8sto # 2 16.60 16.59
o] et 718 APk APE A% GPU B0z ’ 7 102
L RTX 8000 282 ol-83ich, ! 172 1089
5 17.15 16.93
6 17.24 17.05
42 A Zy 7 17.33 16.94
Table 1. Subword tokenization experiment result 8 17.36 1694
9 1735 17.00
Subword-Tokenization BLEU 10 17.30 16.96
Subword-nmt[2] 15.71
SP-BPE[7] 16.03
SP-Unigram(7] 16.93 /é.]—c?:x] 7%-?4' Beam SiZ@‘%‘ 7]*3‘ 5= gxoqéﬂ'% ]IHEE]'
34 £ Al 0.21 BLEU ¥H Ao] = &4
= MAE 0] A oJoirt FA] H
A A% BPE GSE olgane Ul g A o2 PLEU R TR & G 58 &
o] ot =%, SentencePiece(SP)lA 2d (IS

unigram language model2 AHHES uj 71 A5o0]
E9Th o] oA AFTE HieE o] getol: viE] 4
37} o]@7] "o Subword-nmtE 083519 W=
e ol d A2 AYEAAT SentencePieces T]E]
243} glo] HIE T5E ) el B F2 A B
Rt &S 4= Qiet wEbA B =E2 $4 29
ol Ao tigt Ago]4 SentencePiece?] unigram
language model2 A¥E APt A ZHik=
Table 2%} Ztt.

Table 2. Experimental results of the proposed methodology

Subword-Tokenization BLEU
SP-Unigram+Syllable 16.93
SP-Unigram + Jongseong tokenization 17.15

71& AE Q& 24 9o o JsHETt 0.31 BLEU
T FIEQ o] A Y 22 REo] FYg A
£ 0o]83E W beam sizeE 2Esh= AVOCRE H5
< A FHAZ $ A

2 =R MHos dH B 5o HA S8 @
A2 AH Y S5 APFE YEoh F4S 20

P
3T T
2] A& beam sizeE 82 AAWUL w7} 1736202
5
=
[e]

Table 4. Qualitative analysis of vocabulary obtained by
the proposed methodology

Jongsung Tokenization word dictionary
MLXo/AHo7|/

MABLICH MO/ M1/ MmO/ ME L/ MmOt /AT v LT/ 22)/ 22}/ 271/
09L/0C2M/LE

/NALOY/=20PY =7 |/H27L/ =20/ o 4/E a2/ate7|/=2 T8/

Dhttp://www.aihub.or kr/aidata/87
2)https://sites.google.com/site/iwsltevaluation2016/mt-t
rack
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el = AL, Aol maoprt, WEzbe 2
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<= & B8 AT & AU vlofE Alof HisiM =
ME e 24 A8t 2 ERISHEA H/o/u

Utk 391/ o7k, $ELth/auth Fo1ush/Al
Ja7bs, Ao7bnetAl/e'at ol thd Ase E1g
o mgUThY A% 24 99lzo] An 9= 2ug
AYHYEA B9} mg—o] 77} T2 o]z 7]
SEQAAE 4 Belg A3t 'mo 0] hte) gl
2 oSS & HWY 4 Utk 2% SN 42
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o HolRE HS Be S o18E 4 9L I
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st Tol= 9n] Qe ofd Wi dojE9]
2 3849 A @7 bR, 4B =
(Subword Tokenization)2 sl TolE AE
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Ao}, 2 =52 Ot AE Qe Bd dugE
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g8gog Qg Y Toj7t 44 tE dolz %
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