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Abstract

Korean Part-of-Speech (POS) tagging is different from and more difficult than other languages such as English, Russian and
Chinese due to raising issues of Korean word segmentation and analysis of sound-changed morphemes. In this paper we propose
a transformer-based Korean POS tagging model, which combines the output vector of a encoder of the transformer with a
representational vector of the input word obtained from character-level word embeddings network unlike existing deep learning-
based POS tagging models based on BiLSTM. First, in order to perform segmentation of words and changed sound analysis at
once, we have designed a model to make a new output sequence of the POS tagging model as a sequence of pairs of strings of
morphemes and its POS tags. Second, in order to obtain character-level word representations, word embedding network
employing convolution network and highway network are trained. Finally, to make more efficient use of the semantic information
of the input word in generating of sequences of POS tagging, we combined the word representation vector obtained from the
word-embedding generation network with the output of a encoder of the transformer. According to the experimental results, the
proposed model achieves 1.4% performance improvement over the model without incorporating the word representation vector
obtained from the word embeddings network, and as a result, the POS tagging accuracy is 96.1%, which is superior to all other
compared models including the BiLSTM+CRF model.
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1. Introduction

Korean Part-of-Speech (POS) tagging is different from the
one of other languages such as English, Russian and more dif-
ficult and more important than them.

In a Korean sentence, each word is segmented by space like
English or Russian. We can segment Korean words to mor-
phemes using the space, but it is more difficult to extract con-
struct of Korean words than English or Russian words due to
complexity and variety of combining of morphemes within
Korean words. Korean belonging to agglutinative language is

very elegant morphologically and Korean “To (particle)”, the
grammatical particle which represents a grammatical mor-
phology of Korean word, is very rich and combining forms of
them are diverse. These attributes of Korean are able to raise
language’s power of expression and able to ensure correctness
of intent carried, but make linguistic processing, particularly
morphological processing such as POS tagging awkward.
Korean words can be formalized as the following.

W=(P +R"+S" +T)"
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where W is word, P is prefix, R is the root of a word, S is
suffix, T is Korean “To” and *’ represents that its preceding
factor are repeated zero or more times than zero.

o= A

For example, Korean word “B L HE S

0= consists of

prefix “&”, the root of aword “IL $4”, Korean “To” “&”, the

=
—_ .

root of a word “%”, Korean “To” “0i”, Also
«ZtKHEFH|HH 2 2|0l M consists of the root of a word
“7=|-X|'”’ “l:é}-”, “HlHH”, csEI- EI”’ “TO” “o."A_I”' “E”.

Therefore, if you wish to develop the Korean POS tagger,
first of all you should divide Korean words to morphemes and
then attach the POS tag to each morpheme.

On the other hand English words can be formalized as the
following.

W=P+R+S

In English words prefix and suffix do not influence to the
POS tagging of the word, so the issue to segment words do not
raise.

As mentioned above the words in Korean sentence are seg-
mented by space like English or Russian words, but Korean
POS tagging raise the additional issue to segment words into
morphemes unlike English POS tagging.

Segmentation of words are raised in some language such as
Chinese and Japanese in which the sentences are not divided
to words by space. Such languages do not space words, so be-
fore POS tagging it should preprocess to segment the sentence
to words. But in Chinese segmentation of words is different
from the one in Korean.

In Korean some characters of morphemes are changed
when two or more morphemes are combined each other. For

example, Korean word “33% &S 2tCH” is consist of combi-
nations of prefix “&3”, the root of a word “& & 3}(CH”, “To”
“04”, the root of a word “2(Ch)”, “To” “Q%”, “C}”, where the
root of a word “& & 3H(C}H)” and “To” “04” are combined and

changed into “& & 3l”. And the root of a word “2(Cl)” and

“To” “Qt” are combined and changed into “2t(CH”. Also
“O}F&LC}=2” is consist of the root of a word “OF& & (CH” and
“To” “2” and the root of a word “OF& EF(CH” and “To” “2”

are combined and changed into “OF& CH2” instead of chang-

2ECcto»

ing into “OF& & 2. Therefore in Korean word segmentation
the issue to find out the original morphemes of changed words,
i.e. changed sound analysis is raised additionally.

The POS taggers for English or Chinese mostly employed
bidirectional long short-term memory (BiLSTM) model. But
it needs the additional process to use this model for Korean
since in Korean the segmentation of words and the changed

sound analysis are raised together.
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Recently, in NLP tasks Seq2Seq model is widely used.
Seq2Seq model is the DL model that inputs sequence of
tokens and outputs sequence of tokens. Korean POS tagging
can be carried out using this model.

As mentioned above, Korean POS tagging is to segment
words into morphemes and attach the POS (include “To”) tag
to each morpheme. In a few words, Korean POS tagging is to
input words (a sequence of characters) and output the se-
quence of pairs of morpheme and its POS tag. To mention a

word “&HE 017" as example, Korean POS tagging is to

input character string “&f 24 & 0| | and output the sequence
of the pairs POS tags
«&F M<Noun>E<plural To>0lH|<case To>". In the rest of

this paper, the sequence of pairs of morpheme and its POS tag
of a word are simply named as the sequence of POS tagging.

In the sequence of POS tagging of Korean word, if POS and
“To” tags are considered as the specific characters then Ko-
rean POS tagging is come to a Seq2Seq task that inputs the
sequence of characters and outputs the sequence of characters.

In this work, we present a Korean POS tagging model using
character-level transformer and compare this model with dif-
ferent preceding models.

First, we present the Korean POS tagging model using a
character-level transformer and second, in order to improve
the performance of the presented model, we combine charac-
ter-level word embedding with the model.

According to experimental results, the presented model out-
perform the model combining conditional random fields (CRF)
and BIiLSTM (BIiLSTM+CRF) as well as encoder-decoder
model based on LSTM and character-level transformer model.
The experimental results show the presented model is very ef-
ficient in Korean POS tagging.

of morphemes and its

2. Related Work

Since the POS tagging is fundamental stage of many NLP
tasks, a number of approaches including rule-based and statis-
tical approaches have been offered. Recent years many DL
based POS tagging models have been offered and they outper-
formed the all different previous approaches and achieved the
state-of-the-art accuracies.

The most works on the DL based POS tagging use BiLSTM
[2-4,9, 10, 12, 16, 17].

Applying BiLSTM tagger for English, Makarenkov, V. et
al. [10] presented a novel DL based application of word choice
task for writing scientific papers by non-native English speak-
ers.

For the POS tagging of Arabic tweets, AlKhwiter, W. et al.
[2] presented two supervised POS taggers that are developed
based on two approaches: CRF and BiLSTM models. The
BiLSTM-based POS tagger achieved the state-of-the-art re-
sults with 96.5% accuracy for the “Mixed” dataset that Mod-
ern Standard Arabic (MSA) and Arabic dialects, namely Gulf
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(GLF) mixed.

In the study of Anbukkarasi et al. [3], it was addressed for
the problem of POS tagging for the Tamil language, which is
low resourced and agglutinative. For this work, various se-
quential DL models such as recurrent neural network (RNN),
LSTM, Gated Recurrent Unit (GRU) and BiLSTM were eval-
uated. According to experiment results, among all the combi-
nations, BiLSTM with 64 hidden states displayed the best ac-
curacy (94%).

Pathak, D. et al. [12] presented a DL-based POS tagger for
Assamese. This tagger employs the pre-trained word embed-
dings and BiLSTM-CRF. For presenting Assamese POS tag-
ger, several pre-trained word embeddings are evaluated and
the top-performing model FlairEmbeddings [1] is chosen. Us-
ing this embedding, they compared the performance of CRF
and BiLSTM+CRF model. As a result the tagging accuracy of
CRF model attained with an F1 score of 84.88%,
BiLSTM+CRF model 86.52%.

In the study of Xiang, Z. et al. [16], it was proposed a
Masked Part-of-Speech Model (MPoSM) using BiLSTM, in-
spired by the recent success of Masked Language Models
(MLM). They evaluated the performance of the MPoSM on
10 diverse languages, MPoSM achieves competitive perfor-
mance on most languages, but achieves the lowest perfor-
mance on Indonesian and so on.

Hongwei, L. et al. [6] proposed a model based on Trans-
former for English POS tagging. Attending that in POS tag-
ging, BIiLSTM is commonly used and achieves good perfor-
mance, but BiLSTM is not as powerful as Transformer in lev-
eraging contextual information, since BiLSTM simply concat-
enates the contextual information from left-to-right and right-
to-left, In this work, they obtain all possible POS tags of each
token and select a single tag of the token by using rule-based
methods and obtain the tag of each token in a sentence by us-
ing a masked transformer. Experimental results show that the
proposed method achieves the better performance than other
methods using BiLSTM.

Transformer first was proposed in the study of Vaswani, A.
et al. [14], which has encoder-decoder structure. The encoder
maps the input sequence to a sequence of representations, the
decoder generates an output sequence from the sequence of
representations obtained by encoder. At each step the model
auto-regressively generates the output. Both the encoder and
decoder are composed of a stack of 6 identical layers. Each
layer has a multi-head self-attention mechanism and a fully
connected feed-forward network (Figure 1). And the decoder
also has another layer, which performs multi-head attention
over the output of the encoder.

Vaswani, A. et al. [14] experimented on English-to-German
and English-to-French translation tasks and achieved the new
state-of-the-art performances.
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Figure 1. The Transformer-model architecture.
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Ying, X. etal. [17] investigated Chinese word segmentation
(CWS) and POS tagging for Chinese clinical text. They com-
pared two state-of-the-art methods, i.e. CRF and BiLSTM
with a CRF layer. As a result, if only CWS was considered,
CRF achieved higher performance than BiLSTM+CRF. When
both CWS and POS tagging were considered, CRF also gained
an advantage over BILSTM. CRF outperformed
BiLSTM+CRF by 0.14% in F-measure on CWS and by 0.34%
in F-measure on POS tagging. The CWS information brought
a greatest improvement of 0.34% in F-measure, while the
CWS&POS information brought a greatest improvement of
0.74% in F-measure.

Furthermore, Dangguo, S. et al. [5] proposed a domain-spe-
cific CWS based on BiLSTM model. First, the word segmen-
tation model is obtained by using the BiLSTM model to train
on metallurgical training set and the open data set (MSRA cor-
pus). Then the metal-BiLSTM model and msr-BiLSTM model
are obtained respectively. Second, the label probability of the
two models are combined to obtain the probability of each
Chinese character label. Then, the probability of each label of
the combined Chinese characters is calculated by Viterbe al-
gorithm. The final probability of each label is obtained. Then,
the probability values of each Chinese character under each
label are compared. Finally, the maximum probability label is
used as the one of each Chinese character. Thus the Chinese
word segmentation is completed. Experimental results
showed that the accuracy of the word segmentation method
proposed in this paper is 97.6% and this method can achieve
a better word segmentation effect.

In the study of Dangguo, S. et al. [5], the general structure
of CWS based on neural network was showed (Figure 2).

Character
sequence R X 9 i
[ | | |
s T v
Look-up | '
Table
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Linear
ktransformation [ | |
-4 =
[ Sigmoid ]
- =
Linear
transformation
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[ Label prediction ]
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B E B E s

Figure 2. The general structure of CWS based on neural network
(labels “B”, “E”, ““S” represent the start character, the end charac-
ter of word and the single character, respectively).
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In the study of Dangguo, S. et al. [5], a BiILSTM was used
instead of two Linear transformation in the general neural net-
work structure. As figure show, each Chinese character is at-
tached only a label. But in Korean there are cases that more
than two characters combine into one character due to sound-
changed morphemes. In these cases it is not able to attach only
a label to each character.

In DL based methods, how to obtain the vector representa-
tion of word affects the performance of the method. The same
is true of the case with POS tagging. From importance of word
representation, Priyadarshi, A. et al. [13] proposed POS tag-
ging using pre-trained word embeddings. To evaluate the im-
portance of the vector representation of words in POS tagging,
first POS tagger using CRF classifier was trained on given da-
taset and the accuracy of 82.67% was achieved. Secondly
word embeddings were trained using the word2vec Continu-
ous Bag Of Words (CBOW) model on the corpora created us-
ing Wikipedia Maithili dumps and other web resources. Incor-
porating generated word vectors into the system, the accuracy
was improved to 85.88%. This paper shows intuitively the im-
portance of word embeddings in POS tagging.

Yoon, K. et al. [18] proposed character-level language
model, a notable approach is to use character-level word em-
beddings. In this work, the vector representation of input word
is obtained by employing a convolutional neural network
(CNN) and a highway network, whose output is given to a
LSTM (Figure 3). The proposed model outperforms word-
level/morpheme-level LSTM baselines, again with fewer pa-
rameters.

Next word

T

LSTM

Highway network

A

CNN

T

word

Figure 3. A architecture of character-level language model.

3. Proposed Approach

3.1. Architecture of Korean POS Tagger Based
on Neural Network

In NLP model based on neural network which is choosed as
token is the important issue.
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In Korean, token is able to be one of character and subword,
morpheme, word and according to which of them is used as
token, the models can be classified to character-level,
subword-level, morpheme-level and word-level model.

In  word-level or morpheme-level models Out of
Vocabulary (OQV) issue is raised and segmentation issue is
raised in subword-level models. So in this paper we use
character-level model.

LSTM is a well-known effective structure to address long-
term dependency issue in sequence models. Although LSTM
can capture long-term dependencies, Transformer is much
better at capturing long-term dependencies because its atten-
tion mechanism sees all context directly. Transformer was
shown to outperform LSTM and is now replacing LSTM in all
sequence models [8].

In this work we employ a character-level transformer for
Korean POS tagging. The character-level transformer follows
the structure proposed in the study of Vaswani, A. et al. [14]
as it was. It is different from the study of Vaswani, A. et al.
[14] only in that both of input and output are Korean
characters. Figure 4 shows the structure of the character-level

transformer for POS tagging (POS tagging Transformer; PTT).

=

output character
encoder L

T

input character

Figure 4. The architecture of PTT.

decoder

T

output character (shift left)

3.2. Character-level Model to Generate Word
Embeddings

PTT proposed above only depends on characters of a word
and does not use a bit the context information of the word in a
sentence. In a sentence words are not independent of other
words and have the relationships with other words in context
of the one. Only if one consider the context information of
words, the sense of words can be identified correctly and POS
tagging can be carried out more correctly. Therefore, in this
work we obtain the word embeddings impacted from context
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information of the one and improve the accuracy of Korean
POS tagging adding the word embeddings to PTT.

In order to obtain the word embeddings impacted from
context information, we employ the structure proposed in the
study of Yoon, K. et al. [18].

Figure 5 shows the structure of Character-level model to
generate word embeddings (Word Embedding Network;
WEN). The aim of the study of Yoon, K. et al. [18] is to pro-
pose character-level language model, but our work aims at ob-
taining character-level word embeddings. That is, in this work
output of Highway network is used for word embeddings of
input words instead of using the output of character-level
model to generate word embeddings. Therefore we replace
LSTM by a Feed-Forward Network (FFN) so that the proba-
bility distribution of context words are simply obtained.

context word

T

FFN

Highway network

A

CNN

T

word

Figure 5. The structure of Character-level model to generate word
embeddings.

3.3. The Combination of WEN and PTT

Given a word w = (¢, ...c,), We assume that the word
embedding of w from WEN is x € R™ and the output
vector of ¢; from encoder in PTT is y; € R'. Then y; is
modified to z; as following.

z;=x@y @
The z; € R™*! obtained in this way is become to the final

representation of ¢; from encoder to be inputted to decoder
(Figure 6).
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Figure 6. The architecture of the improved PTT.

4. Experiments

4.1. Methods

HHIE2 BiCiststo] =EE JHdste Aol

window

Figure 7. The training of WEN using skip gram (size of window = 3).

Before training the PTT, WEN are trained to generate word

embeddings by using skip gram. The size of window of skip
gram was setted to 3 and extracting the pairs of words and
their context words from Korean text corpus, the train dataset
is prepared. The WEN is inputted the words and outputs the
context words (Figure 7).

After training the WEN, the PTT is trained using word em-
beddings generated from WEN. The train data have the type
of (word embedding, character string of word, sequence of
POS tagging), where word embedding and character string of
word are input data, and sequence of POS tagging is output
data.

4.2. Data

4.2.1. Tag Set

D. P. R. K. Standard tag set has been declared the national
standard for annotating Korean language data. It contains 60
tags with 25 top-level categories. The description of all tag
sets is presented in Table 1.

Table 1. D. P. R. K. Standard tag set.

No POS, To tag
1 AL Nn
1-1 TRHEAL nnp
1-2 S2THAL nnb
2 2= A} nm
3 CHEAL pr

4 SA vb

4-1 HEZXSAM vbx
5 HEA aj

5-1 EXEEM ajx

English
Noun

proper noun
bound noun
numeral
pronoun

verb
auxiliary verb
adjective

auxiliary adjective

16
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No

6-1

10

10-1

10-2

10-3

10-4

10-5

11

11-1

11-2

11-3

11-4

11-5

13

14

15

AT A
MOIA
HAPOIA}

A O[AF

0z
tm

tag
ad
adc

pn

pf
pfn
pfm
pfv
pfi
pfd
sf
sfn
sfm

sfv

sfd
tc
tcs
tco
tcp
ted
tel
tci
tce
tev
X
tu
th

tv

English

adverb
conjunctive adverb
pre-noun
interjection

prefix

noun prefix
numeral prefix
verbal prefix
adjective prefix
adverbial prefix
suffix

noun suffix
numeral suffix
verb suffix
adjective suffix
adverb suffix

case particle
subjective particle
objective particle
possessive particle
dative particle
locative particle
instrumental particle
company particle
vocative particle
auxiliary particle
plural particle
change particle

voice particle

17
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No POS, To tag
16 E4EE tr
17 AIZHE tt
18 THE td
18-1 HAHE tds
18-2 LHAHE tdp
18-3 DA HE tdf
19 M&E tj
19-1 HEYUSEE tip
19-2 CHRIX % tjo
19-3 MEHH & tjn
19-4 Hold% tjc
19-5 ZHHEE tjd
20 NEE tm
21 BZEE tp
21-1 ARUSZHE tpd
21-2 ES3EE tpq
21-3 AEHBZEE tpi
21-4 FUFTEE tpa
22 7% sb
23 o= E7| fc
24 MEE0] ht
25 M im

We except “3=*(idiom)” category from 25 top-level catego-

ries showed above and we merge “2|=2f & 7|(foreign charac-

HES

ter)” category and O{(technical terms)” category into

“B4Ab” category. As a result, we have 22 top-level categories.

4.2.2. Vocabulary of Characters

Both of WEN and PTT use the same vocabulary of charac-
ter.

English

honorific particle, respected

time particle

determinative particle

determinative particle-present

determinative particle-past

determinative particle-future

conjunctive particle

parallel conjunctive particle

opposite conjunctive particle

optional conjunctive particle

causative conjunctive particle

conditional conjunctive particle

modifiable particle

predicate particle

declarative predicate particle

interrogative predicate particle

imperative predicate particle

advisory predicate particle

symbol

foreign character

technical terms

idiom

18

The vocabulary of character is consisted of 2,978 characters
and symbols in all including 2,605 Korean characters in com-
mon use and number, English characters, Russian characters,
Greek characters, unit symbols, declarative symbols, scien-
tific symbols, punctuation marks and POS tags such as “nn”,
“prr, “tx”, “tc”.

4.2.3. Dataset

WEN: The WEN was trained on 415MB text data, which
includes 5,360k sentences, 61,240k words, 5,620k single
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words. The vocabulary of words is consisted of 80k words
which are the most frequent words among 5,620k single words.

The frequency of a word which has the lowest frequency in
vocabulary is 61(Figure 8).

Frequency of words

2000

1750

1500

1250

1000

Frequency

500

—— Frequency
Frequency=61(0.0001%)

0 20000 40000

60000 80000 100000

Words

Figure 8. The frequency of words in train dataset.

PTT: In order to make dataset for training PTT, we
extracted 3,200K single words and their sequences of POS
taggings from annotated text corpus (includes 3,800k
sentences, 47,000k words).

The maximum of length of 3,200K single words and their
sequences of POS taggings is 38. So we set 40(be added start

Max tokens per example: 29

Max tokens per example: 38

and end mark of words) as the maximum of length of input
and output sequences in PTT. Figure 9 shows the distribute of
length of words and sequences of POS tagging included in
input data, output data and both of them, respectively.
Dataset is divided into train dataset (80%: 2,560Kk),
validation dataset (10%: 320k) and test dataset (10%: 320Kk).

Max tokens per example: 38

700000
500000 4

600000
400000 1
500000

400000 300000

200000 4{
100000 4 I
L

300000
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o 1

800000

600000
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L

20 30 40 50 ] 10

(@)

200000 H‘
° || |||||h
20

30 40 50

(b) (©)

Figure 9. (a) The distribute of length of Korean words in dataset; (b) The distribute of length of sequences of POS tagging in dataset; (c) The

distribute of length of input and output sequences in dataset.

4.3. Model

WEN
WEN was designed by combining default parameters in [18]
and customized parameter. Since the dimensionality of word

embeddings generated from WEN equals the sum of hs, the
counts of filters, in experiments we set 3*w as the counts of
filters with width w= [1-7] and 20 as the count of filters with
width w = 9, so that the sum of counts of filters become 128.
In other words, we designed the dimensionality of word em-
beddings generated from WEN to be 128.

19
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The details of parameters of CNN, Highway network and Training was performed using NCE (Noise contrastive es-
FFN in WEN are showed in Table 2. timation) loss function [11] and the Adam optimizer and a
batch size of 64 was used.

Table 2. The hyperparameters of WEN.

Layer Hyperparameter Value
size of vocabulary of characters 2,978
dimensionality of character embeddings 128
NN width of filters [1-9]
count of filters [3,6,9,12, 15, 18, 20, 21, 24]
nonlinearity function tanh
number of layers 1
Highway
nonlinearity function RelLU
number of layers 1
FFN .
size of vocabulary of words 80,000
PTT same dimensionality as input and output of decoder.
Dimensionality of input and output of encoder, decoder in Dimensionality of inner layer of FFN was set to 512, and
PTT were setto 128, 256, respectively. That is, dimensionality ~ maximum length of input and outpour of PTT was set to 40.
of input and output of encoder was set to 128, so that the di- In Table 3, we show the hyperparameters of PTT.
mensionality of final output of encoder which the output vec- Training was performed using Adam optimizer and cate-
tor of encoder was concatenated with word embeddings (di-  gorical cross-entropy as the loss function.

mensionality of 128) from WEN become 256, which is the

Table 3. Hyperparameters of PTT.

Hyperparameter Value
Size of vocabulary of characters 2,978
Maximum length of input and output tokens 40
Dimensionality of input and output encoder: 128, decoder: 256
Number of layers encoder: 4, decoder: 4
Dimensionality of inner layer of FFN 512
Number of heads 8
Dropout rate 0.1
Batch size 64
5. Results
WEN

In training WEN, we obtained minimum average loss of 7.6 at 597,000 step and loss was not decreased no longer. In this time,
words which have the closest representation to one of a given word are showed in Table 4.

20


http://www.sciencepg.com/journal/ajnna

American Journal of Neural Networks and Applications

http://www.sciencepg.com/journal/ajnna

In Vocabulary

Out-Of-Vocabu-
lary

PTT

Training PTT was performed for 20 epochs. After 10 epochs,
the accuracy on validation dataset reached a maximum 98.86%

Table 4. Words close to the given word.

given word close words
Gk Asted, e, AekAe, AaFE, A, A8, AN, AL e
UE A71E, JUXIE, UE, AHE, JZ, U222, RIAUE, U2,
a2t Jeqctzh, T-dckzy, aedsE, 2edchot, ol2dLt, olgdubXedut, ol2{chzt, aEHE,
=0l £0|£0|, 3XIE0l, £0l&, E£0|, 7|x[£0|, E4%E0l, AE%E0], FOIX|HA,
Lt2tol Lt2tetel, Li2lel, Lt2tAtolel, LigtEel, okwetel, Ligtollkel, LigtEAtolel, XAte,

ZASA, RZIEAA, HEEAA, ARISAA, ZASAHAH, SRHEHA,
H20ls0H

Ot ARSI, MUAS A,
ds{FEL AU AL, 3RAHY, oiu, 322z E, 2oL, ofdtol, oL, 2u,

SHHIZTE7IUA0AM, BT AT 7IUL, BEIMEIRE, dHMUEZET7|HA,
HENZTE

FHolM, SHHIZRE7I™A0], AT, FHHN, =HMHERTT[YA,
712440l A )

YoM E 7| H4, HETIYHLoME,
EfZ HiHZ, 483, 232, 2Z, 42, 242, 9z, EHELRE,

EBtAIAC, RIstot AR HEXIARCE, KIAISHAIRACH, Efo{3F AIACH ErS|AIAC,
M5 AIALCH

M Alst AR

on the validation dataset and loss was 0.0543.

We compared the performance of PTT combined WEN to
LSTM based encoder-decoder model and BiLSTM+CRF [5],
only PTT. LSTM based encoder-decoder model has two
LSTM layers in encoder and decoder respectively and atten-

tion to output of encoder in decoder.

Table 5. Test dataset accuracy of different methods.

Method

BiLSTM+CRF
Encoder-Decoder
PTT

PTT+WEN

Accuracy (%)

944
93.1
94.7
96.1

Ct 7E2RIAIACH

dataset. BiLSTM+CRF model cannot deal with sound-
changed words. Therefore, in the table the accuracy of
BiLSTM+CRF is to obtain by evaluating only on sound-un-
changed words. Nevertheless, our PTT+WEN outperformed
BiLSTM+CRF in POS tagging accuracy.

The third column in the Table 5 shows that performance of
proposed method is the highest among all compared methods.
Also it shows that performance of PTT is higher 1.4% when it
is combined with WEN than when it is not.

6. Analysis

In order to analysis the performance of our PTT in more
detail, we experimented on another dataset, which consists of
20,000 words not included in the train dataset, validation da-
taset and test dataset. In this dataset there are proper nouns of
6,761, compound of nouns and pronouns, numerals (com-
pound Cheon in Korean) of 7,686, compound of verbs and ad-
jectives (compound Yongon in Korean) of 3,328, foreign
words of 1,784, spacing errors of 326 and so on. The experi-
ment results on each word class are same as Table 6.

Table 5 shows the accuracies of compared methods on test
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Table 6. Accuracy of POS tagging on different word classes.

Word class Accuracy (%)
proper noun 99.3
compound Cheon 98.2
compound Yongon 99.7
foreign word 87.3
spacing error 68.4

Table 7. Examples of sequence of POS tagging obtained by PTT.

Word

$ 77543 (proper noun) 9w
-t E 2] (proper noun) 9%
Z 7o) oJ 7 o] 3] 5-F 42 (compound Cheon) X<
o] Hofe]F F35targlthar (compound Yongon) o]

A2 E-224 (compound Yongon) A

AR5 R (spacing error)

L
o

1A} 22 (spacing error)

A o] A 4ol A (spacing error)

As shown in Table 6, the accuracy of PTT on proper noun,
compound Cheon and compound Yongon is very high as 98%.
In specialty, as shown in Table 7, our PTT performs correctly
the tagging of relatively long length of compound Cheons and
compound Yongons. This indicates that our PTT address long-
term dependency issue very well.

Furthermore, our PTT address well segmentation and tag-
ging for the sound-changed words.

And since the input unit of our PPT is character, PPT does
not suffer from OOV issue and deals well with unknown
words unlike word-level or morpheme-level models and pre-
vious rule-based or statistical models do.

While PPT has many benefits, PPT does not work well with
spacing errors. As shown in Table 7, PTT tagged incorrectly

“TIZFOIMER” with “T1=f<nn>0| M E<aj>2<td>"(cor-

rect tag is “TI=F<nn>0|<th>AiF<aj>2<td>") and
“TZHO| K| AFOf| A with
“T-<nn>0l<th>X|&f <tj>0f| M<tc>"(correct ~ tag s

“Z1Z<nn>0|<th>X|&t<nn>0{| M<tc>"). But our PTT cor-
rectly tagged 68.4% of total spacing errors like tagging
“MME T &2 with

22

Sequence of POS tagging

47 <nn>7}F5<nn>< & <nn>

F-9-<nn>th E<nn>2]<tc>

nn>7gell<nn>¢] A o] <nn>3] F<nn>F 4l <nn>-2<tx>
g o} o]<nn>F F<nn>3l<vb>al<tj> Y <vb>T} L <tj>

2] <vh>o] <tj> ¥ <vb>L<td>ZA <nn>S-<tc>

A D <nn> 2 L<nn>1 0] Z<ad>

% gF<nn>o] Al 5 <aj>--<td>

A A <nn>o] <th>X] J<tj>ol A <tc>

“MMi=l<nn>2 &<nn>1CHE<ad>". And since spacing er-

rors appear very infrequently in a text, the low accuracy of
POS tagging on spacing errors little effect the accuracy of tag-
ging on to overall text.

7. Conclusion

In this work, we trained and evaluated the Korean POS tag-
ging model using character-level word embeddings and Trans-
former. First, we trained character-level word embedding net-
work using the Convolution network and Highway network.
Secondly, we trained the POS tagging model using character-
level Transformer and the word embedding from the word em-
bedding network. Finally, we evaluated experimentally the
proposed model on two dataset: test dataset and analysis da-
taset. Our model has 96.1% of accuracy of POS tagging on
test dataset and outperforms the other compared models.

Most of Korean words have only one POS tagging sequence
corresponding to each word. In other words, POS tagging se-
quence of a Korean word has no change in any Korean sen-
tence. From this specificity, it is able to design and train the
model obtaining directly the sequences of POS tagging from
words in this work.
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However, there are some Korean words have more than two
POS tagging sequences. For example, <7 X|=" has two POS tag-
ging sequences: “7Xl<nn>=<tx>" and “7}X|(EH<vb>E<td>".

In order to perform POS tagging correctly for all Korean
words including words like above, we should use additional
information of other words in a sentence. In the future, we will
study the Korean POS tagger using information of sentence.

Abbreviations

BiLSTM Bidirectional Long Short-term Memory
CBOW Continuous Bag of Words
CNN Convolutional Neural Network
CRF Conditional Random Fields
CWS Chinese Word Segmentation
DL Deep-Learning

FFN Feed-Forward Network

LSTM Long Short-term Memory
NCE Noise Contrastive Estimation
NLP Natural Language Processing
oov Out of Vocabulary

POS Part-of-Speech

PTT POS Tagging Transformer
Seq2Seq Sequence-to-Sequence

WEN Word Embedding Network
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