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Korean Named Entity Recognition
Using Subordinate (lause and Morpheme Segmentation

Yoon, Ho

Department of Computer Engineering

Graduate School of Korea Maritime and Ocean University

Abstract

Named entity recognition (NER) is a subtask that seeks to locate and
classify named entities in a given document into pre-defined categories such
as person names, organizations, locations, and so on. NER can be applied to
many applications related to natural language processing such as document
summarization, question answering, machine translation, and chatbot etc. There
is a notorious problem in NER called out-of-vocabulary (OOV). Many
previous works have tackled the problem through extension of training corpus
and various word representation in deep learning. In addition, most Korean
NER systems have used morphological analysis as preprocessors, but Korean
morphological analysis has the same problem of OOV of which errors are
propagated to the NER system and cause the performance to deteriorate
further.

In order to alleviate the problem, we propose a novel method for Korean

NER using subordinate clause and subword segmentation. The proposal
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method consists of three steps. The first step is to segment subordinate
clauses from a given sentence using a recurrent neural network (RNN),
especially Bi-LSTM/CRF. The second step is to segment morphemes from the
segmented clauses using the Transformer model developed by Google. The
model takes subwords as input in order to mitigate the OOV problem. The
third step is to assign the most proper BIO tag to each morpheme using
Bi-LSTM/CRF of RNNs. Through experiments, the proposed steps of
subordinate clause and morpheme segmentation have been evaluated, achieving
Fl-scores of about 95% and 98%, respectively. For the proposed NER,
experimental results show that our word outperforms the other Korean NER

models, carrying out Fl-score of about 72%.

In the future, we will do research on more accurate morpheme
segmentation using the Transformer model with copy mechanism and also on

subordinate clause segmentation or subsentence segmentation in linguistics.

KEY WORDS: Subordinate clauses segmentation, Morpheme segmentation,

Named entity recognition
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FA%e st stgdeAE AT F5E o
(check subordinate clause)< Figure 3.42} £t} ©] B
oA (curr_eojeol)d} Th o1& (next eojeol)®] 1, 8- FoZ ofHo] F4
A2 Eg|HojoF 3tH H(True)S HH&3tal, %A o™ ARl (False)=
Llg2ia=g

def check subordinate clause(curr _eojeol, next eojeol):

1)

if 'EC' not in curr_eojeol.pos: return False // 7|+
=< (2)

(
if ', in curr_eojeol.morph: return True Il 71 (
1 = get index(curr_eojeol.pos, 'EC')
if curr_eojeol.morph[i] in T4 AAon:

if 'VX' in next_eojeol.pos: return False / 7| (3)
return True /] 715 (4)
return False

Figure 3.4 The algorithm for checking subordinate clauses.

Figure 3.49] &18]&2 OIS Python ZZ 1" doje] FHE a1y
Jom, z+ Oii‘é(curr_eojeol, next_eojeol)= FAFE (pos) & El & E (morph)
2 FAHY Ao g FolA AREHE FAF £A ECY VX'E AEY
B EALZA(AETF &, 20002 wETh =3 gk get_lndex(pos EC)= &
At (pos)ell Al FAHEC)7E e MQdS wEgt) o] ° =S Q93
™, Table 3.29} 22 7|&& Y3t}

Table 3.2 The criterion for segmenting subordinate clauses.

=t =2 7|& w2 o7
(1) HAZoju] g ZISHA] U False
(2) AAojo] + HH() True
(3) HZojol + XL False
(4) 54575 HAZAoln] True
- 14 -
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Adoju] ‘o] thgel o7F vt FEHE ZEsHA "ok Al |A 7
%(3)% Adoln] ol Hxg&dol o Ao Addojues BxF
o] B2 BEHA] gkEth dF Bo], £ BA IrholA AP

AF 5 oddd gk A ¥
2 Ae Bxx dAdn et o
vl HA Z1E@)e 1 9] 454
FAREA ECE WeF Ao vE

= o

TEH2 JdEoNE AR (TS QA er TFSEh ARSI
(@]
AA

2
N,

re
i
i

my o & e
o (- N
fu} _E (d rlo

o ol

&4 Bl o2xb4 FA FZ(sequence labeling) wAZ RAHT
FIA D)ol thaliA FHE FXE FARSE &
A stal I A= Figure 3.59F 22 Bi-LSTM/CRF Z&-& AF&-3h

g JdeEAdEe o dAd, F4AE, ALAAAE FAAEY, 4 A4
< @A Al(concatenate) B JHAAE ARt ofd (AL SG5H
ol 3 (word embedding)©] ™, M| FZ-E X oA GloVe(Pennington et al.,
2014)8 BalA TESTh SHAINE oj- e Ut wjf WoEE HE ofdE
St 7 flth Ao EE AWE ofHo] StFHA| GFeth o8 e
AE Bebetein 54 AdH A4 AdS FUHE.
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Figure 3.5 The structure of Bi-LSTM/CRF for segmenting subordinate clauses.
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Figure 3.7 The preprocessor of morpheme segmentation.
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S (encoder)?} Tl ZT(decoder)Z YTt IZH=
e d3 1Tl YAAHEIE JHAT. ARGl A= A
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Figure 3.9 The structure of Bi-LSTM/CRF for Korean NER based on
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A 47 A4¥ R Fr}

Table 4.1 Statistics of training corpus for segmenting subordinate clauses.

=5 A A A od
EIg<gsis bl 524,004 5,427,324
7N E- 74,810 777,173
W75 A 74,833 773,207

&£ By mdo AF 374e olz] Table 429 #Zrh 7]|E mdQl

Bi-LSTM/CRF2)&= Htjgk 7|2 w7 ¥ 5(default parameters)E ™5k T}. char
LSTM(S-4 7]¥F LSTM)3 jaso LSTM(A4& 718 LSTM)9] LSTM 4 ¢
az19k 9 Aol At dustd SHolY Aae wEFo|Ho] T

2) https://github.com/guillaumegenthial /tf _ner
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HAS A olg BE3r] % FHoE AEEHY] wFo|th wEtA]
A oo FAAANA o4d AAe ou|E AA wrFsHr] fsiA ot
wehA o el Ag FAFol Ado] 300, @I AL Y Aol 47
10001tk dH == 2HLo] 500224 F7] w&o] LSTM Y-S 50002

A stel BAS 2 WY 5 AES Sk

Table 4.2 Parameters of Bi-LSTM/CRF for segmenting subordinate clauses.

nd uf| 7 <=
dropout = 0.5
batch_size = 20

Bi-LSTM/CRF

LSTM size = 500
eojeol _input = 300

output dim = 100

char LSTM, jaso LSTM
LSTM size = 25

A= A S (precision)2} A A -E(recall)Z Fl-

P (Fl-score) S A&, 2k 2 @4.1)3 4 (4.2)9F 24.3)3 2o A
HH(Manning et al., 2008). Zt 21| A TP, FN, FP, TN Table 433 #©|
Ao Py IN & A" 57 Aol 47 pot N2 X3
72 Folm, FN#} Fpe A2 &3 Ago] M2 g2 759 £

Al

ol .
Table 4.3 2x2 contingency table for comparing the performance.
KR _
gl
P N
ALA] Z True Positive (7P False Negative (FN) TP+FN
Chi N | False Positive (FP) | True Negative (7N) FP+TN
A TP+FP FN+TN Total
- 25 -

Collection @ kmou



AUE= ANzdlo] FEHS ASF3 NF(TP+FP) oA Al A=(TP)

s} e o, AREL A HBIPEN) FlA Azdo] o5

TEHAY 2e(TP) W&ot Fl-@;% Az} A& =3I+
(harmonic average)©| T}

Precision = % (4.1)

Recall = %\[ (4.2)

- 25 e ¥

412 A3 A7 9 £4
TE5H BY A3 2= Table 449 2o AUEe A& 747
94.88%<}F 96.13%°] ™ wWEtA FI-HFE 95.50%°|th. ©o] 452 1A =
A gobx LF/FE EAS Btk 2F FoAe ofdo] WA ofn|rt
LFF AF YETE dE Eo] A3 IS Eo AEAMH
M Ao 249 BgooEls BAoA AW e I Y&

= =
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Table 4.4 Performance of Bi-LSTM/CRF in subordinate clauses.

H7HA = A5l

A= 94.88

2 A& 96.13

F1-& 5 95.50
4.2 JegiA £

Fe4 2 APY stasgeA= ATIHEADTAE o83t H
7PEE A1 20161 o] AH A"l A A3 wj=E7E JiAHE
A2 TEA A FHA E4 R AE 2R/RE T8t AEStATE B}
FEA25 KMOU HAH @Ex49E AHgstdth Zh dexo gk Hn
+ Table 459 2t} Fej4: £ 2D Transformer =2 (Vaswani et al.,
2017) Arg3stgom, I =dol MY wj/l¥SEE Table 4.67 2th

Transformer® &% N4+ 67|

ko
U,

= o] dYE s12zH 0], BRI
feedforward 41737 =2 20482t o]l™ Multi-head self-attentionl| A]
head= 167}, drop out 2 AdAsit. 28a 28d dde AR
I JRAY LdagFEs olEsiA LA AFE Asiin.

o rlo
e
TS

Table 4.5 Statistics of the training corpus for morpheme segmentation.

=54 3 4 od s
Sr5de A 671,977 8,616,562 15,521,232
H7HES A 1 4,092 72,583 158,777
B7HEE ]2 23,964 345,739 764,403

3) https://ithub.korean.go.kr/user/contest/contestIintroView.do
4) https://github.com/kmounlp/NER
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Table 4.6 Parameters of the transformer model.

A 2~ El ol 7] ¥
num_hidden layers = 6
hidden_size = 512
Transformer filter size = 2048
num_heads =16
dropout = 0.3

422 AY A3 2 B4

Fejx B2 A48 A= Table 473 2oy H7dax19 4% I
T AP S A9, AUEE 90.06%0] 1, AH &L 88.45%°]™, Fl-
T 89.25%°lth =S FHH REE st FEHA BEHE AIIE
-, AUEE 90.35%°]3, AFEELS 90.05%°™, FI-HFE 90.20%°] T}
I3 FHrEEE 29 A5 FHA EEo AEEE 86.31%°l1, AAE
< 83.38%°]™, FI-F+ 84.82%c°ltt. 54 ok FEHid 85 A
4 < 8527%°]lH, Fl-AF+

85.79%°1th. AAE F&HA EEE AAIS o, Hsol ZA AAHA
Aoyttt 1 o]fE AHuz 4 By 2de JdFg-tzy mdl
AFTOE FAY Zol7t 50 o] FFH A%l A 3tehetr] AZETHCho
et al., 2014). T2 do|7} 50 o4 TEA BYE T34 FHA
28 A MAE 58 4 Atk SHAITF Table 4.83 o] H7bda A1
5 o]l A TEA oA 035% Hroll ZFHEA

oAl Aol IA MAFA Ut FH54 Eevl & HEHT FH A
e = H&2Q AP go] Fslok 3t

o AUEe FSERT AL FSEo] Bl THE BYY I

o
VS|

=t
73

NH= 2ol
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Table 4.7 Performance of the transformer model for segmenting morphemes.

Al 2~H) AUz | AL | FI-AF
JE A B 90.06 88.45 89.25

o
N
—_
=
ofn

1
=

54 29 + ¥
Feja 2

B &
54 29 + 39

g | 9035 90.05 90.20
86.31 83.38 84.82

2 | 86.33 85.27 85.79

o

ot
N
—‘—l
i
old
A
)

P8
Flt

Table 4.8 Distribution of sentence lengths in test corpus for morpheme

segmentation.
Z o] HEg AA dFHo thek nL
0~19 2,810 68.67%
20~29 969 23.68%
30~39 256 6.25%
40~49 43 1.05%
500] % 14 0.35%
A 4,092 100%
P4 8 A AFolA HAARE s Fo]o & HhEe=XE A E
ot FrbEEX 204 TR HAEY =2 gE otol: IFol UEE
o, Fej4 EEr)E HEYXE IUdE JHiga BEsig o),
A BAZ|AIEE & SHY, 2012)00A4 = 2] & HXE BA4S St Z4
Zbo] AFHALR o]F= FEHE FHo] Usith E O E 2= AHY
2z gtE AlYol &A= FEHA EYodAE AWz OE A
A o]Fo] U2 Hido] FEjA EA7]|AE oA nTIA R A

sole] SEHO T
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A A fEoRE BEEd Yol BUAE B9 FEsh A
Ho Aol Fgo] BYXFE eFolth o F Sof HRYsH: obF
olehs F7b 4FHNUL W, FElhk Bt H2Ys = oflE o BA
9tk 290 Agels AE of 3 2o Hof BYX LFIF WA
o F A% oln Ao ARolmtm BH¥ F gith Uty W=l
oleh: BH AL EETANAR SAH shte] EAE QYH ]

&

AdH ofol Pt vl WA K A8 Aving gy

‘gu A E o 2=

2

olth. & FRAGAR] o' 8

Z7h2 AAAA B Aol o A9 FUF e Folnh

4.3 MAE A4

431 43 374 2 43 3=

MAE QA2 TFA & 20161 o] BR A2gl Azl t3]7o A )
25 A Q1A TEXAA FejA B4 U HE L/FE FASIA A
g3l o o] TExo HHE Table 4103 2t A Q2] mdo
7| == Table 4.11% Zom -3 A4 HHE FIHekA| &2 o fF
T 54, FEdo] 2dio] HuE fsiA FEA BATNE dEgom ¢

5) https://ithub.korean.go.kr/user/contest/contestIintroView.do
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& 2de pASAH. 2Rla 54 22 2o A #9717 500
Adl vla) MAE Q12 mdol dHe A A4 JHE XA o
u=g d¥ f9 Z71E F4590
Table 4.10 Training corpus for Korean named entity recognition.
=54 =3 T He & & NAE
St s A 3,241 126,073 6,890
N5 A 425 16,398 894
75 A 426 16,306 886

Table 4.11 Parameters of Bi-LSTM/CRF for Korean named entity recognition.

A 2H uf| 7] ¥ =
dropout = 0.5
Bi-LSTM/CRF batch_size = 20
LSTM size = 100
input_dim = 300
432 A3d 47 € £4
MAE Q124 A= Table 4.129F 2t} AA=Z 2, FEGY, s
e o E AW A4 Eo] sttt 4 FETGoRTE FH A
227t 453 dsst , ol FHAE Edsta MAEE dA sk
WiHol o A9d & Utk Aol ik A3 A A= dHl 2E
Zxehes Aol ST & o, A9 A A4 = sk
= Y= Feia, FEYY AAYE ATl Es db W 2E 22
Aajste] < 2E2S} cmacof tisfiA MAES AAHAT. T FEL
A= e 2ER2E QIAFHY HH] AERXEHE JIEE BF
- 32 -
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A = O ozt A nchehs
£ YehiE AAEdE o7lox £ mae P%ﬂﬂi‘ﬂ”&ﬂ
Qi BEToIE AU RS shte] Wol= A4stel A AAH
AT LT, AT Fels RS e ek 1
of Auspel s Wk AAY EAES PAsAT

Aol A Adal vt ke

Md

Table 4.12 Performance of Korean named entity recognition.

Bt = AU A& F1- "
] 68.48 54.46 60.67
FEo] 69.33 63.31 66.18
Hej 4 B 73.84 68.51 71.07
TE4d 9 + FH A £ 74.66 69.52 71.99
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