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ABSTRACT
Korean named-entity recognition (NER) systems have been devel-
oped mainly on the morphological-level, and they are commonly
based on a pipeline framework that identi�es named-entities (NEs)
following the morphological analysis. However, this framework can
mean that the performance of NER systems is degraded, because
errors from the morphological analysis propagate into NER systems.
�is paper proposes a novel syllable-level NER system, which does
not require a morphological analysis and can achieve a similar or
be�er performance compared with the morphological-level NER
systems. In addition, because the proposed system does not require
a morphological analysis step, its processing speed is about 1.9
times faster than those of the previous morphological-level NER
systems.
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1 INTRODUCTION
�e named-entity recognition (NER) is a subtask in information
extraction process, determining the locations of named entities
(NEs) and classifying them into prede�ned categories [7]. �ese
have commonly been utilized in natural language processing (NLP)
applications, such as information retrieval [2], �estion-Answering
[16] and machine translation [1]. For this reason, enhancing the
accuracy of the NER systems will play important role to improve
the performance of the many applications using NLP.

Previous studies have commonly regarded Korean NER as a
morphological-level sequence labeling task [4, 10, 19]. In this case,
NER is usually processed a�er the morphological analysis in a
pipeline framework. �is framework has some advantages for NER
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for Korean, as this is an agglutinative language with a segmenta-
tion problem [3]. �at is, morphological-level NER systems can
utilize richer linguistic information, such as word boundaries and
part-of-speech (POS) tags. However, their performance might be
degraded in real applications because system produced morpholog-
ical analysis results commonly contains analysis errors and they
are used as the input of the NER systems [4, 13].

�is paper proposes an e�ective syllable-level NER system with-
out any morphological analysis. �e proposed system is developed
by using a bidirectional long short-term memory conditional ran-
dom �elds (Bi-LSTM-CRF) [9, 12], known as the state-of-the-art
model for sequence labeling tasks. Furthermore, it e�ectively uti-
lizes syllable bigram and unigram embeddings. In addition, because
the location information for syllables can constitute an important
clue in detecting Korean NEs, the pre�x syllable bigrams of every
single eojeol1 in the text are distinguished by additional tags.

In experiments, the proposed system was evaluated on the 2016
Klpexpo NER data set2. We explored various methods of �nd-
ing an e�ective syllable-level NER system using various syllable
processing units, such as bigrams and unigrams. �e experimen-
tal results show that proposed method achieves a similar perfor-
mance to the morphological-level NER system. In addition, in an
actual application environment where one can’t correct the mor-
phological analysis errors, its performance is be�er than that of the
morphological-level NER system. Furthermore, we can accelerate
the processing speed of our NER system to be faster than that of
the morphological-level NER system.

�e remainder of this paper is organized as follows. In Section
2, we discuss related work. �e proposed system is introduced in
Section 3 and 4. In Section 5, we describe our experimental se�ings
and results. In Section 6, we present conclusions and describe
directions for future work.

2 RELATEDWORK
Early predominant research on NER concentrated on feature engi-
neering [14, 17] with linear statistical classi�ers, that contain Hid-
den Markov Models (HMM) [6], Conditional Random Fields (CRF)
[11], and Structural Support vector machines (SSVM) [18]. Unfor-
tunately, the domain speci�c features that are obtained through
the feature engineering are di�cult to implement in a NER system.
1Eojeol is a Korean spacing unit that consists of at least one lexical morphemes (verb,
adverb, adjective, noun, pronoun and so on) and grammatical morphemes (derivational
a�x, in�ectional su�x and so on).
2�is data set was disseminated by the National Institute of the Korean Language
for the 2016 Klpexpo contest. More information is available at the next link:
h�p://ithub.korean.go.kr/user/contest/contestIntroView.do
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Figure 1: �e overall processes of the proposed system with an example. �e ‘ˆ’ character means a special symbol for eojeol
boundaries. �e preprocessing step shows how an example input is converted to the syllable bigrams with the eojeol pre�x
tag, ‘ 1’. �e NER step describes the architecture of Bi-LSTM-CRF networkmodel that we used. Moreover, the IOB2 tag scheme
is used to identify NEs. �e ‘B-’ tag means that the begin of the NEs. �e ‘I-’ tag means the inner or end of the NEs. �e ‘O’ tag
indicates that a token does not belong to the NEs. �e word a�er the ‘B-’ or ‘I-’ tag stands for the category of the NEs. In this
example, ‘PER’ stands for a name of person.

However, Collobert et al. proposed a convolutional neural network
based NER model that does not require feature engineering, but
requires word vectors pretrained on large quantities of unlabeled
text [5]. In addition, Long Short-Term Memory (LSTM) networks
have been applied to resolve long term dependencies in sentences.
Hammerton proposed applying LSTM networks to NER �elds [8].
Huang et al. adopted a Bi-LSTM network for word-level embed-
dings and a CRF layer for label decoding [9]. Recently, le�er-based
word-level embedding approaches have been actively researched.
Lample et al. employed a Bi-LSTM network to encode le�er-based
word embedding [12].

3 SYLLABLE BIGRAM EMBEDDINGWITH
EOJEOL PREFIX INFORMATION

�e proposed Korean syllable-level NER system consists of prepro-
cessing and NER steps, as illustrated in Figure 1. �e input text is
transformed into the syllable bigram sequence. �en, the location
information is a�ached to each eojeol pre�x bigram in the prepro-
cessing step. In the NER step, the sequence of NEs is predicted
using with the syllable bigram and syllable unisgram embeddings.

3.1 Syllable Bigram in Korean NER
�ere are two major problems that makes Korean syllable-level
NER more challenging. Firstly, the meaning of a syllable is not
clear in many cases. Secondly, it is di�cult to separate a�x mor-
phemes from Korean eojeol because Korean is an agglutinative
language and there are no explicit boundaries between morphemes.
To ameliorate these problems, we invent the syllable bigram NER
to take advantage of the n-gram in Korean syllable-level NER, as
shown in Figure 1. For example, the Korean eojeol “이승엽이” (lee-
seung-yeop-i) contains a person’s name, ‘이승엽’ (lee-seung-yeop)

and subject marker ‘이’ (-i). �is eojeol can be divided into the
syllable bigram sequence (‘ˆ이’, ‘이승 1’, ‘승엽’, ‘엽이’, ‘이ˆ’) with
the eojeol pre�x tag ‘ 1’. If the predicted labels of ‘ˆ이’, ‘이승 1’
and ‘승엽’ are ‘B-PER’, ‘I-PER’ and ‘I-PER’, respectively,then ‘이승
엽’ can �nally be predicted as a person name.

3.2 Syllable Bigrams Embedding with Eojeol
Pre�x Information

In fact. even the same syllable bigram can have di�erent meanings,
depending on its position and context. We assume that the position
of syllables in eojeol can provide an import clue for Korean NER
because the content element precedes the functional element by the
nature of the Korean eojeol. �us the pre�x bigram if each eojeol is
distinguished from other bigrams by an a�ached positional tag ‘ 1’,
such as ‘이승 1’ in Figure 1. In this manner, it is possible to re�ect
the word pre�x information in syllable embeddings.

4 RECURRENT NEURAL NETWORK FOR
THE PROPOSED NER SYSTEM

�e Bi-LSTM-CRF network is chosen as a learning model for our
NER system. �e architecture of model is summarized in the NER
step in Figure 1.

For the input layer, a vector embedding is created for each sylla-
ble bigram, by concatenating three di�erent syllable bigram-level
embeddings. �e �rst syllable bigram-level embedding is from a
lookup table that is initialized by the same embedding technique,
word2vec [15], used as a word-level embedding. Furthermore, the
second and third syllable bigram-level embeddings come from the
forward and backward processes of the other Bi-LSTM network,
with syllable unigram-level embeddings as inputs. �en, the vector
embedding for each syllable is fed into the Bi-LSTM network layer,

Short Paper CIKM’17, November 6-10, 2017, Singapore

2140



which is also composed of forward and backward LSTM networks.
Finally, the outputs of the Bi-LSTM network layer are fed through
the CRF layer, to jointly decode the best chain of labels for a given
input sentence.

5 EXPERIMENTS
5.1 Experimental Data
We evaluated our model on the 2016 Klpexpo NER data set. �is
data set was annotated by �ve prede�ned classes: person, location,
organization, date and time. �e data set consists of 3,555 sentences
of training data, 501 sentences of development data, and 1,000
sentences of test data. Furthermore, the training, development, and
test data contains 8,142, 2,641, and 1,589 NEs, respectively.

An additional unlabeled corpus, crawled from Korean news, was
used for training the embeddings. �e corpus is approximately 2GB
in size, and contains 12,023,772 sentences and 195,687,332 eojeols.

5.2 Experimental Settings
To initialize our lookup table, we pretrained embeddings using the
word2vec skip-gram model with 50 dimension vectors, a window
size of 9, and a negative sampling size of 10. All other se�ings are
used by default se�ings of the word2vec.

In the Bi-LSTM-CRF network, we set up the vector represen-
tation of the lookup table to 50-dimensional vectors. �e vector
representations are initialized using arbitrarily generated or pre-
trained values, according to the experiments. To optimize the NER
classi�er, we used stochastic gradient descent with a learning rate
0.005 and a gradient clipping of 5.0. Dropout regularization and
cross validation were selected to avoid over��ing. �e training
processed up to 100 epochs and the dropout rate was set to 0.5.

To demonstrate the e�ectiveness of the proposed method, we
conducted six experiments, with three for syllable-level NER and
three for morphological-level NER, using the Bi-LSTM-CRF net-
work. �e details of the comparison methods for the experiment
are as follows:

• SylUni: �is is a syllable-level NER system where the input layer
consists of syllable unigram embeddings from a lookup table.

• SylBi: �is system has the same architecture using syllable bi-
grams as introduced in Section 3.3, but does not distinguish
eojeol pre�x bigrams.

• SylBi+Epi: �is is the proposed system, using syllable bigram
embeddings with eojeol pre�x tags.

• ManAll: �is is trained and tested on an environment where
morphemes and POS tags are manually annotated.

• AutoTest: �is is trained on an environment where morphemes
and POS tags are manually annotated, but is tested by an en-
vironment where morphemes and POS tags are automatically
annotated by a POS tagger.

• AutoAll: �is is trained and tested on an environment where
morphemes and POS tags are automatically analyzed.

All experiments were conducted on an Intel Xeon E5-2690 CPU
with 2.90GHz and 256GB of RAM. In addition, we carried out stu-
dent’s t-test to verify statistically signi�cant performance di�erence
between experimental results.

Table 1: Results of F1 scores in di�erent syllable-level NER
experiments. “Random init” indicates that lookup tables
are randomly initialized, and “With pretrain” indicates that
lookup tables are initialized with pretrained embeddings.

Method Random init With pretrain

SylUni 73.64 74.22
SylBi 78.15 81.99

SylBi+Epi 77.64 83.38

Table 2: Results of F1 scores in di�erentmorphological-level
NER experiments. “Random init” indicates that lookup ta-
bles are randomly initialized, and “With pretrain” indicates
that lookup tables are initialized with pretrained embed-
dings.

Method Random init With pretrain

ManAll 80.51 83.78
AutoTest 71.53 73.47
AutoAll 75.49 79.86

Table 3: Results of running times of the proposed system
and the morphological-level NER system with a pipeline
framework.

System Running time

Proposed syllable-level NER system 2,187 sec.
Morphological-level NER system with

pipeline framework 4,179 sec.

5.3 Experimental Results
5.3.1 Performance of Syllable-level NER. Experimental results

in Table 1 shows that SylBi+Epi outperforms SylUni and SylBi.
SylBi+Epi showed signi�cant di�erence from SylBi as well as Sy-
lUni by t-test (p < 0.01) when the lookup table is initialized with
pretrained embedding. �is is an evidence that syllable bigram
is be�er than syllable unigram in NER and the quality of bigram
embedding can be improved with eojeol pre�x information.

5.3.2 Performance of Morphological-level NER. Table 2 presents
the experimental results on the morphological-level NER methods.
From these results, we can see that ManAll achieves a performance
level of 83.78%. �is performance is no signi�cant di�erence from
that (83.38%) of our syllable-level NER system at the p-value 0.306
(p > 0.05). Furthermore, in real applications where the NER system
is applied, input text cannot actually use manually annotated mor-
phemes and POS tags. �us, the results of AutoTest and AutoAll
show that the performance of the morphological-level NER system
decreases in an environment that contains errors in morphemes
and POS tags. In such an environment, our NER system surpassed
the morphological-level NER system.

5.3.3 Running Time Comparison. Because our system omits the
morphological analysis process, we could achieve faster running
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Table 4: Performance comparisons of existing Korean NER
systems. Both of existing models are morphological-level
NER systems and reported their performance in theManAll
environment.

System F1-Score

SylBi+Epi + gazetteer (ours) 85.53
Kwon et al., 2016 [10] 85.47
Yu and Ko, 2017 [19] 85.49

speed than that of the morphological–level NER system with a
pipeline framework. Table 3 presents the running times of each
NER systems for the randomly crawled one million sentences. As a
result of this experiment, the running time of our system could be
shorten by about 48%.

5.3.4 Comparison with existing systems. To show competitive-
ness of proposed system, we conducted a comparative evaluation
with existing systems [10, 19]. Kwon et al constructed their system
using SSVM with delicate feature engineering. Yu and Ko suggested
to initialize the Korean syllable vector representations based on the
NE’s distribution probabilities. Our system achieved similar level
of performance with the existing morphological-level Korean NER
systems, when we have applied same gaze�eer used by them.

5.3.5 Error Analysis. Despite the competitiveness of our system,
it can sometimes separate NEs from functional elements in an eojoel
incorrectly. For example, an eojeol “이시이가 (i-shi-i-ga)” contains
a person’s name ‘이시이 (i-shi-i)’ and subject marker ‘가 (-ga)’.
However, because ‘이가 (-i-ga)’ can be analyzed as euphony a�x
‘이 (-i-)’ and a subject marker ‘가 (-ga)’, our system tagged only ‘이
시 (i-shi)’ as a person’s name. Morphologically complex inference
should be considered to ameliorate this kind of errors.

6 CONCLUSIONS
In this paper, we introduced a novel Korean syllable-level NER
system. �e proposed system employs a syllable bigram embedding
with eojeol pre�x information. In our experiments, our system
showed the signi�cant performance improvement in the Korean
syllable-level NER system. In addition, we showed that our system
is more robust and faster than existing morphological-level NER
systems. �e contribution of this paper is to provide a foundation
to develop more e�cient Korean analysis systems, such as natu-
ral language understanding and information retrieval systems, in
terms of both performance and time by eliminating the need of
morphological analysis for Korean NER.

In the future, we are going to investigate methods to be�er
utilize the morphological informations using our system. For this,
we plan to study a joint learning method that handles NER and the
morphological analysis concurrently.
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