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Abstract

Named entity recognition is important in a sophisticated
information service such as Question-Answering and Text-
Mining since most of the answer type and text mining unit
depend on the named entity. Korean named entity recognition
is difficult since each word of named entity has not specific
features such as the capitalizing feature of English which
represents named entity distinctly. In addition, since named
entities are usually unknown words, the result of the
morphological analyzer would make an error. Considering
these problems this paper proposes hybrid named entity
recognition system for Question-Answering which is
constructed on people domain of encyclopedia. Finally, the
experiment shows the soundness of proposed hybrid NER
system which consists of determining word features, syllable
based NER, pattern-rule based NER and statistical NER.

1. Introduction

Named entity recognition(NER) is important for recent
sophisticated information service such as Question-
Answering(QA) and Text-Mining since it recognizes the
words to present a core information in a text. In particular, the
NE recognizer is a core module in the well-known question
answering systems such as FALCON, IBM[1][7]. NE
recognizer is applied to the recognition of answer type in the
QA system. Although the answer type would not be exactly
matched with the NE, it could be linked with the NE type by
using WordNet[1]. We developed NER system for the QA
system on the people domain of encyclopedia. We build NER
system as a answer type recognizer of QA system. Therefore,
we should extend conventional person, location and
organization types to the various answer types. These extended
NE types reflect a characteristic of encyclopedia domain.
However, in this paper, we describe our system with only 10
NE types of extended NE types in the Table 1 below since we
evaluate our system with NE types appearing over twenty
times in the test data.

Table 1: Named entity types

PERSON, LOCATION, ORGANIZATION, DATE, QUANTITY,
EVENT, POSITION, OCCUPATION, PRIZE, THEORY

Considering NER for Korean, one of the most representative
problems is that there is no distinct word feature like English.
The capitalizing word feature of English can be used in
detecting NEs of the text. It means that the issue of NER in

English is just the named entity classification. However, we
should do a Korean NER considering both NE detection and
classification. Therefore, we adopt the approach using internal
and external lexical clues of NEs as a feature like many other
researches, which require the morphological analysis since it
needs recognizing clue morphemes of NEs. It is possible that
it makes another problems because of the morphological
analyzer. Since NEs are usually unknown words, the result of
the morphological analyzer would be not good. Another issues
in Korean NER is that NEs are usually multi-word compound
nouns and in addition compound noun of Korean is very
productive. Thus, the NE dictionary based approach has a
limitation.

2. Related Works

Recently there have been many researches in NER. Statistical
approach is commonly used to recognize NEs. The most
representative research is a kind of HMM based NE
recognition. It builds various bigram models of NEs and
predicts next NE type with the previous history, lexical item
and NE type. Using simple word feature Bikel shows F-
measure 90% in English[4]. Zhou’s HMM-based chunk
tagger adopts more detailed features than Bikel’s, and shows
F-measure 94.3%[5]. In this paper, when we design context
model, we refer to the Zhou’s model.

In Korean, Seon’s NER system proposes a hybrid NER which
combines maximum entropy model, neural network and
pattern-selection rules. It shows good results in PLO
recognition with F84.09%[3]. Although the experiment
assumes part-of-speech(POS) result and permits duplicated
tagging, the performance of proposed NER system shows
high performance since NER task in Korean is difficult as
compared with English task.

3. Hybrid Named Entity Recognition

In this paper, we propose a hybrid NER approach which
considers the problems of Korean NER as stated above such as
indistinct word features, morphological analyzing errors and
various formed compound nouns. The hybrid system consists
of determining word features, syllable based NER, pattern-rule
based NER and statistical NER. The NER process is shown in
Figure 1. The step of determining word features assign pre-
defined features to each morpheme. The syllable-based NER
step use a fragment of word for searching the NE dictionary.
Pattern-rule based NER use NE patterns that consists of word
feature IDs and morphemes, and these patterns is applied to
NE recognition through Finite State Automata(FSA). In the
step of statistical NER, we experiment it with Hidden Markov



Model and Maximum Entropy Model. In the evaluation, we
draw a comparison between HMM and ME model.
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Figure 1: Hybrid NER system

3.1. Determining Word Features

The step of determining word features is the first procedure of
the recognition. It depends on two kinds of types such as
dictionary-based type and figure-based type. The target word
can have one or more word features which represent various
aspects of the word and apply to NER as the deterministic
clues of NE type.

Table 2: NE and suffix/clue word dictionary

A;;"’::r NE Dic. Suffix Word Dic. Clue Word Dic.
PER. DicPERSON* (83619)
LOC. DicLocation*(26903), .. SuffixLOC (251) ClueLoc (87)
ORG. DicOrganization* (20521) SuffixORG (386) ClueORG (133)
DATE DicDate* (384) SuffixDate(47), ... ClueDate(23)
QUANT. DicQuantity (35) SuffixQuantity(90) ClueQuantity (48)
EVENT DicEvent* (4058) SuffixEvent (61) ClueEvent (26)
POS. DicPosition*(2374), ... SuffixPosition (45) CluePosition(46)
OCCU. DicOccupation* (587) ClueOccupation (21)
PRIZE DicPrize* (2178) SiffixPrize (20) CluePrize (11)
THEORY DicTheory* (6503) SuffixTheory (129) ClueTheory (25)

* : multi-word dictionary
() : # of entities

The dictionary-based word features can be looked up in the
vocabulary such as NE, suffix word and clue word dictionary
as given in Table 2. The suffix word is an internal morpheme
of NE and the clue word is an adjacent external morpheme of
NE. We acquired them semi-automatically from NE tagged
corpus. However, the task requires handicrafts.

Table 3: Figure-based feature

Feature Type Ex.
WEID_OneDigitNum 1,2,3 ...
WFID_TwoDigitNum 12,21,23 ...
WEFID_FourDigitNum 1984, 2000, 2004 ...
WFID_AlIDigitNum 234234, 1,234,566 ...
WFID_ContainsDigitAndPeriod 3.14,42.195 ...
WEFID_AllCapitalization BBC, CBS ...
WFID_ThreeLetters =& (no-mu-hyeon) ...
WFID_ContainsCapitalPeriodHangul AD.8E(adlittle) ...
WFID_Symbol (<

The figure-based features have a use of recognizing DATE
and PERSON that has a form of digit and unknown word. It is

necessary because a dictionary can not recognize digit-based
NE types and proper nouns. There is a guiding principle in
using these features. It can raise recall but lower precision in
NER. For this reason, these features should be verified and
selected from experiment. As shown in Table 3, we use only
nine figure-based features.

3.2. Syllable-based NER

Korean NER depends on morphological information since a
word of Korean has a characteristic of various morphological
inflection and highly productive compound noun. The
problem is that morphological analyzer would make an error
in analyzing NE word candidates since NEs are usually
unknown word. In addition, NE dictionary has a lot of multi-
words as shown in Table 2. Therefore, NER requires a
method for the morphological error correction and multi-word
search.

The syllable-based NER use a fragment of word in
recognizing NE. It is simple but effective for NER. It use last
6bytes syllables and length of multi-word NEs that are used as
indexes for NER. We apply syllable-based approach only to
the NE entries which has a length over 8bytes since short
word would make an ambiguity in NER.

Although syllable-based NER depends considerably on NE
dictionary, it can be used for a method of the morphological
error correction and multi-word search. Furthermore, if the
domain text of NER is limited, it would be useful since we
can construct NE dictionary in advance.

3.3. Pattern-rule based NER

There are a few NE types that are unknown NEs but has a
normalized form such as DATE and QUANTITY. It requires
a pattern based approach to recognize them. Furthermore,
some NEs besides DATE and QUANTITY has a structure of
regular pattern. For example, EVENT ‘A& S¢3
Al A (Seoul Olympic Game)’ has a pattern of ‘FID_LOC
[& ¥ (Olympic)] FID SuffixBvent’. The pattern can be
applied to recognize ‘LA =83 AN (LA Olympic Game)’,
‘Wold 28 AlA(Beijing Olympic Game)’ and ‘T
239 AYULondon Olympic Game)'. Pattern-rule based
NER use these patterns for NER.

Table 4: Pattern rules

# of Pattern rule (Total 1,134)

PERSON 93 EVENT 115
LOCATION 76 POSITION 81
ORGANIZATION 472 OCCUPATION 23

DATE 36 PRIZE 124

QUANTITY 114

Pattern-rule based NER use NE patterns that consists of word
feature IDs and morphemes. We apply these patterns to
recognize NEs through FSA. Although pattern rules are
commonly used for a recognition of a formal patterned NEs
such as DATE and QUANTITY, we apply it to all of NE
types. Thus, it can be used to recognize unknown multi-words
which syllable-based NER couldn’t do. We extract NE
patterns automatically from NE tagged corpus which has a



1,000 NE tagged text of people domain in encyclopedia. We
extract 1,134 pattern rules as shown in Table 4.

The example of pattern rules which consist of word feature
IDs and morphemes are given in Table 5. It seems that the
morpheme unit of pattern rules imposes restriction on pattern
based NER. However, we conclude empirically that
morpheme pattern is better than POS pattern or semantic
pattern in a limited NER domain.

Table 5: Example of pattern rules

BC 19 (bc I nyeon : 1 BC) : “DATE=[BC] 47 24~
X& &89Y A7) (seoul olympic gyeong-ki : Seoul Olympic Game)
“EVENT=2 [-& ¥ 3 (Olympic)] 26"

Feature ID or word

47 WEFID_OneDigitNum
[BC] Word ‘BC’

2 FID_LOC

[2 % F(Olympic)] Word ‘& ¥ 3 (Olympic)’
26 FID_SuffixEvent

24 FID_SuffixDate

3.4. Statistical NER

Statistical model is commonly used in NER since it is
impossible to construct NE dictionaries that have all of the
NE entries. Moreover, some NE words can belong to one or
more NE types. Therefore, we should adopt statistical
approach to disambiguate NE types. We use HMM and ME
for a statistical NER. These models predict sub-tags of NEs
considering the context of target word. The sub-tags consist
of start, end, continue and unique sub-tags to each NE type.

3.4.1. HMM-based NER

For HMM based approach, the sub-tags are used as HMM
states for NE types. Each state can be determined statistically
by computing the probability of relevant context. We build
HMM model which has a few special features such as
word/feature context model, modified trigram model, multi-
feature model and modified Kneser-Ney smoothing[6]. The
solution for probability is described in Figure 2.

P(s, |w,)=AP(s, |W.), . +(1-2A)P(s, |W.)

right left
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Figure 2: HMM based statistical model

We combine word context model and feature context model.
Each context model divides into left and right context model,
which use a bigram context. It is possible that there are multi-
feature words since a few clue words could be involved into

one or more NE types. In this case we use most frequent
feature of them. We unify each model for a prediction of
HMM state. In addition, each model has a weight which is
determined empirically. In order to train the model we extract
automatically the context data from NE tagged 1,000
documents, then build statistical information which can be
applied to HMM-based NER.

3.4.2.  ME-based NER

Recent researches have shown that ME model has a benefit of
unifying easily multiple features as compared with the HMM
approach. For that reason, we build ME model using the
HMM context model since HMM cannot use all of the feature
information, which use only most frequent feature.

The equation of probability predict sub-tag x of NEs based
on a context y as given below. fi(x,y) is a feature function; if a
target word has sub-tag x and context y, it returns 1. if not, it
returns 0. The feature information which should be
determined in advance can be extracted from NE tagged
corpus. Each feature has the weight A which can be
calculated  through  IIS(improved iterative  scaling)
algorithm[2].

p(ylx) = eXp(Z/l J:(%))

ACED eXp(Z Afi(x.3))

We build six feature templates which define feature functions.
The templates consider word context and feature context. We
extract these templates empirically from many experiments. It
is described in Table 6.

Table 6: Context patterns for ME model

m; Mi| fi fin1
word I feature £r
context il context H

m; fl

4. Evaluation

4.1. Experiment settings

We use the people domain text of the Doosan Dong-A
encyclopedia for an evaluation. We construct 1,000 NE
tagged corpus with 13 NE types. This 1,000 docs are used for
a training step. For test data, we build NE tagged 300 QA test
set which has an identical domain with the training data. We
use 10 NE types since the test data has only them. The
evaluation data is described in Table 7. It shows that both test
and training data have an analogous distribution of NE types.

Table 7: Setting experiment data

NE Type Training Test NE Type Training Test
Data (#) Date (#) Data(#) Data(#)

PER. 2867 435 EVENT 605 42

LOC. 1972 292 POS. 1667 228

ORG. 3936 159 OCCUP. 314 123

DATE 1782 435 PRIZE 387 39

QUANT. 1591 107 THEORY 542 35




4.2. Experiment results

We evaluate NER system according to each step of NER:
syllable based NER S, pattern-rule based NER P, statistical
NER (HMM H and ME M). We experiment 7 combinations
of NER steps: S, P, SP, H, SPH, M and SPM. Every
experiment shares the function of NE dictionary look-up L.
NE dictionary look-up is different with syllable based NER
since it uses the result of determining word features.

We evaluate NE systems with exact matching policy between
NE tagged test data and NE recognized data, thus we don’t
use partial matching and duplicated matching. In addition, the
experiment has the error of morphological analyzer. Therefore,
the error of morphological analyzer has influence on both
training task and evaluating task.

The results are shown in Table 8. The comparison of the
experiment results shows that syllable based approach(S) and
pattern-rule based approach(P) are good in precision, but they
are not good in recall. We found that statistical NER(H, M)
shows good results in both precision and recall. The hybrid
NERSs(SPH, SPM) are better than any other approaches.

We found that some NE types are not good in recognition
such as ORGANIZATION, QUANTITY, EVENT, PRIZE
and THEORY. We found that there are a few reasons; first, it
is a characteristic of the encyclopedia domain which has a lot
of dead expression. Second, the length of NE words is too
long. For this reason, NE dictionary shows sparseness.
Furthermore, we found the peculiarity in DATE type. We
cannot expect that statistical NER is better than pattern-rule
based approach. This is mainly because encyclopedia domain
has a date type with a single word form such as 1984, 2003
and 2000 while pattern-rule based approach apply only to
NEs which has a long length. Therefore, pattern-rules can not
be applied to the DATE type recognition.

Table 8: Results of NER?

L s P sP H M sPH | SPM
PER. 7855 | 80.72 | 8377 | 83.88 | 79.77 | 77.74 | 83.50 | 84.42
LOC. 6722 | 6947 | 6735 | 6893 | 83.11 | 8256 | 81.00 | 81.77
ORG. 56.03 | 64.66 | 6028 | 6645 | 6222 | 6513 | 6508 | 68.09
DATE 008 | 173 | 2130 | 21.74 | 9056 | 89.57 | 90.82 | 92.99
QUANT. 0 0 5425 | 5425 | 3444 | 3730 [ 58.14 | 60.90
EVENT 5070 | s52.94 | 6027 | s8.82 | 48.00 | 5135 | 5633 | 57.14
POS. 7323 | 7341 | 7323 | 73.41 | s0.65 | 78.57 | 81.07 | 7880
0OCCUP. 6729 | 6761 | 6729 | 67.61 | 76.85 | 78.08 | 7583 | 77.91
PRIZE 3728 | 66.66 | 5373 | 6578 | 45.16 | 4062 | 6578 | 65.78
THEORY | 2333 | 4395 | 2333 | 4395 | 3125 | 2760 | 47.82 | 4468
recall 4238 | 4681 | 5073 | 5370 | 7672 | 77.13 | 80.48 | 81.94
precision 80.55 | 78.27 | s0.66 | 7837 | 7692 | 7571 | 78.15 | 78585
F-measure | 5554 | 5858 | 6228 | 6373 | 7682 | 7642 | 7930 | 8036

Considering statistical NER, the result shows that HMM-
based approach H is better than ME-based approach M but
ME-based hybrid approach SPM is better than HMM-based
hybrid approach SPH. We found that the design of context
pattern of each statistical model is responsible for the
difference. In the case of HMM-based context model, the
context model use NE type which could be recognized in the

' The accuracy of unknown word recognition of morphological
analyzer which is used in NER system is about 62%.

We use F-measure for evaluation of each NE type.

step SP before the step H, but ME-based context model do
not. Which means that ME-based context model is
independent of the error that could be happened in the prior
step SP.

When it comes to the preceding research, Seon’s NER
system[3], it is difficult to compare each other’s performance
because of a few reasons; the different test domains of both
NER and different evaluation method. However, we can
compare two systems by using a performance enhancement
from the baseline, NE dictionary search, to final result. While
in the case of Seon’s NER system, he showed precision
97.80% and recall 33.84% in the baseline, we showed
precision 80.55% and recall 42.38%. Considering each
other’s precision, it is apparent that the Seon’s domain is less
complicated than our domain. Therefore, seeing that two
system’s final results, Seon’s F84.09% and our result
F80.36%, we are better in a performance enhancement.

5. Conclusion

This paper describes a system which uses hybrid approach for
the recognition of NEs in Korean encyclopedia texts. The
experiment results show the soundness of the proposed NER
system which consists of determining word features, syllable
based NER, pattern-rule based NER and statistical NER; the
step of determining word features can alleviate the problem of
weak word features of Korean by using internal and external
word clues, syllable-based NER can lessen the influence of
the error of morphological analyzer and various formed
compound nouns, pattern-rule based NER can recognize the
NEs which has a normalized pattern, and statistical NER can
recognize the NEs which has a unknown word. The best result
of the evaluation shows F-measure 80.36%. The best system
is the hybrid model which is composed of syllable-based NER,
pattern-rule based NER and ME-based NER.
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