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The Named Entity Recognition system is a system that recognizes words or phrases with
object names such as personal name (PS), place name (LC), and group name (OG) in the document as
corresponding object names. Traditional approaches to named entity recognition include statistical-based
models that learn models based on hand-crafted features. Recently, it has been proposed to construct the
qualities expressing the sentence using models such as deep-learning based Recurrent Neural Networks
(RNN) and long-short term memory (LSTM) to solve the problem of sequence labeling. In this research,
to improve the performance of the Korean named entity recognition system, we used a hand-crafted
feature, part-of-speech tagging information, and pre-built lexicon information to augment features for
representing sentence. Experimental results show that the proposed method improves the performance of
Korean named entity recognition system. The results of this study are presented through github for future
collaborative research with researchers studying Korean Natural Language Processing (NLP) and named
entity recognition system.
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[Fig. 2] Extract Char Feature using CNN
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[Fig. 4] Feature Representation using Lexicon Information
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<Table 1> Fl—score with different word embedding

methods
Word Embedding Dimension F1-score
Word2Vec 300 76.1
fastText 100 76.6
GloVe 100 78.4
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<Table 2> Fl—score depending on filter size and number

of filters
Filter size Number of filter F1-score
128 85.2
234
256 84.9
128 84.0
345
25%6 834
128 85.8
23456
256 85.3
128 86.2
2345
256 85.9

<Table 3> Fl—score depending on Feature Representation

(backpropagation) #--g ol A w| 2] &<5(pre- tramed) 5
= Jwlgd =9 fine-tuning ©4-(static, non-static)°l
e A vlal AES 28kt [Table 4= 7]& <
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w2 fl-scores YERITH

<Table 4> Performance of Proposed Model Comparing
with Previous Work

Model Word Embedding F1-score
static 81.6
BLSTM-CRF
non-static 83.7
static 84.9
BLSTM-CNN-CRF
non-static 86.2
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<Table 5> Performance of Korean Entity Recognition

Feature Representation F1-score System depending on Feature Representation
morpheme 84 Feature Representation Accuracy F1-score
morpheme + grapheme 84.1 morpheme 97.4 784
morpheme + syllable 86.2 morpheme + grapheme 97.5 84.1
morpheme + syllable 978 86.2
morpheme + syllable + POS tagging 9.3 83.1
= o olo Z I3 HIH T S o
[Table 3Jx= &4 ©91e] A B@ gt Aha 9] morpheme + syllable + POS tagging %9 80.4
o1& A|~Hl9] + lexicon ' .

[Table 6] ¥ AdoA g=ro] AAH 914 A|xE
- T AR HE stoly sehuE e o
= HolH e 74 AEE vehdt

g BA)7]



<Table 6> Training Data Information and Hyper—parameter
Setting Values

Hyper-parameter Value

word vocab size 6516

char vocab size 1899
Training Data entity tag vocab size 7
morphological vocab size 45
lexicon vocab size 6
Glove window size 20
dimension 100

filter sizes 2345

CNN number of filters 128
dropout 08
initial state 0.0

LST™M state size 600
dropout 0.8
training epoch 17

initial learning rate 0.01

decay rate 0.9

char dimension 100

4 = R=%
. T
B Aol M= daro] WA 1A Al2Fle] s &
A4S 938, end-to—end learning "WHAlo] 713k

bi-directional LSTM-CNN-CRF 7]%+e] 2dlo] wjg] =
Z5]o] 91 hand-craft¥l AFEolu} FAF B AR 9
7195 AP (lexicon) HE F7F2 &83te] A4S H

ZF(augmentation) 3= WHE Aokt

Frol o] 545 1elsh] 918 CNNE o] &8t &
q 92 225 skl AdE Fdske A9 &
9lz 248 PHdd A0e wdsht 498 1
st 2k el Aes vlalstl o, dharo] A
whole] 22 #ES 93] GloVe, Word2Vec, fastTextot
o] 37141 €] A= QIHle WAlS o] &ato] Z47he] ol

o HHoR ¥ AL o] &3k A5 Hjn AFS A
A

= [€) 22 =

I o e E SAE TS A
< 3 Aa G R FAE FdEe] A4S R
A A9 HT} ok 2% =L fl-scoreS YRR Y= <]

G @0l dolEelA Hol] 2xol=
SrH fastText Y= AW
wels o] &gk gho] A

oF 2% 715 =2 fl-score

ol

T3 71 ATohe] vaE 98] PP LSTME of
goto] 97 wele) AAe HAT WD B ol

AQFsh= CNNS: o] &3t 54 ©ele] A4S ke W

Hylo] A% njn Aee I

7] sh<r(pre-trained) ¥ Y=

o] B(static, non-static)oll W& A

Ack Ad Az B =R o]£3 BLSTM-

CNN-CRF ®24le] mtdllel] CNNS o] &35te] &4 w99
AAL BE AAY oA A"l A%o] BLSTM

-CRF %2 9] 7§41 Q14 Al2~glET oF 25%71 =&
fl-scoreE Ul 9 3AoA] Y= oduy 7dl
S fine-tuning 3= 749, fine-tuningS M4 &+ 49

o} oF 2% 7 =2 fl-scores UERITH
HEA R oA 9o 2 1A W o]Qfo] FAL
7 Qrel 7195 AP ARE FUtE E8ske] A
S B78FS w), 98.9%9] A (accuracy) 9t 89.4%¢]
fl-scoreZ UebALE o2 ZAR, &4 TS 93z
A& 74 o dole] FeH 54 EHA 54 18

e hl
775 AA ARE F7h2 283 A T AEHE )
A Q0] et AL BAE 5 AT EF

o] Ao 42| (NLP) 2
= A7) &5 F A7 8 githubs
of # Oﬂ%%ﬂfﬂ Alkah= Q

REFERENCES

[1] L. Ratinov and D. Roth, 2009. “Design challenges
and misconceptions in named entity recognition,” In
Proceedings of CoNLL, pp 147 - 155, 2009.

[2] A. McCallum, D. Freitag, and F. Pereira. “Maximum
entropy Markov models for information extraction
and segmentation,” Proceedings of ICML, 2000.

[3] G. Luo, X. Huang, C Lin, and Z. Nie, “Joint entity
recognition anddisambiguation,” In Proceedings of
EMNLP-2015, pp 879 - 838, 2015.

[4] X. M, F. Xia, “Unsupervised de- pendency parsing
with transferring distribution via parallel guidance
and entropy regularization,” In Proceedings of ACL,
pp 1337 - 1348 2014.

[5] A Graves, A. Mohamed, G. Hinton,
recognition with deep recurrent neural networks,”
In Proceedings of ICASSP, pp 6645 - 6649, IEEE,

“Speech



62 =gl =wA] A8 A2

2013.

[6] J. P. Chiu, E. Nichols,
with  bidirectional
arXiv:1511.08308, 2015.

[7] K. Cho, B. Merrie, D. Bah-danau, Y. Bengio, “On
the properties of neural machine translation:

“Named entity recognition

Istm-cnns,”  arXiv  preprint

Encoder - decoder approaches,” Syntax, Semantics
and Structure in Statistical Translation, pp 103,
2014.

[8] R. J. Pemnington, C. Manning, “Glove: Global
vectors for word representation,” 2014.

[9] T. Mikolov, K. Chen, G. Corrado, J. Dean, “Efficient
Estimation of Word Representations in Vector
Space,” In Proceedings of Workshop at ICLR, 2013.

[10] P. Bojanowski, E. Grave, A. Joulin, and T.
Mikolov. “Enriching word vectors with subword
information,” Transactions of the Association for
Computational Linguistics, 5:135 - 146, 2017.

[11] Z Huang, W. Xu, K Yu “Bidirectional
LSTM-CRF models for sequence tagging,” CoRR,
abs/1508.01991, 2015

[12] Ma, X. and Hovy, “End-to-end sequence labeling

via bi-directional LSTM-CNNs- CRF,” In Proc. of
ACL, 2016.
[13] K Yoon, “Convolutional neural networks for

sentence classification,” arXivpreprint arXiv:1408.5882
2014.

[14] J. P. Chiu and E. Nichols, “Named en- tity

recognition with bidirectional Istm-cnns,” arXiv
preprint arXiv:1511.08308, 2015.
[15] A. Graves and J. Schmidhuber, “Framewise

Phoneme Classification with Bidirectional LSTM
and Other Neural Network Architectures,” Neural
Networks, 2005.

[16] T. Mikolov, A. Deoras, D. Povey, L. Burget, J.
Eernocky. “Strategies for Training Large Scale
Neural Network Language Models,” Proceedings of
ASRU, 2011.

[17] R. Pascanu, T. Mikolov, and Y. Bengio, “On the
difficulty of training recurrent neural networks,”
arXiv preprint arXiv:1211.5063, 2012.

AR} 270 |

o] & %(DongYub Lee) [43]]
. e 2017 2¢ @ QlStustal 3T
ikl 513 (olstaia))
w2017 32 ~ @A :
AFE S} AAkHy

EEEE

<HAER 1 | Y

2 3] (Wonhee Yu) [%3]4]
0 2007d 2€ : SISt X EY
o] &hu}(o] 8F8kA})
2009 29 © kAl 3kl FE 8}
TH(o] 8 A}

1 e2000Wd 39 T &A1
’ %aquﬂuww

©] 3] A1(HeuiSeok Lim) [438]9]
e 1992 ye gt e staH(o] st
SHAD)
1994 e ehstal 7 57E skak(o] gt
A2))
e 1997 T thsti el shako) st
HEAL)
¢ 008~& A wH sty AR AFE 3 ws
<FAROE> 1 2F9lo A, WA Qo] AR Az



