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Abstract

‘We present a chunking method for Korean which uses
both a rule-based method and a machine-learning
method. Given a sentence to be chunked, our method
first divides it into chunks based on the heuristic
rules, and then the chunks are verified by a machine-
learning method, k-nearest neighbor algorithm. The
method can therefore improve the preexisting sim-
ple rule-based chunkers. An evaluation of the pro-
posed method on the sentences gathered from Korean
homepages yields 2.3% of improvement over the sim-
ple method only with heuristic rules.

Keywords : chunking Korean, k-nearest neighbor,
heuristic rules, combined system

1 Introduction

Text chunking is to divide sentences into non-
overlapping segments on the basis of fairly superficial
analysis. Abney [1] proposed that chunk can be an
useful intermediate step for a full parsing. Let us con-
sider the following sentence in Korean.

e A vhele) ol vhgol A BT RE £
stk

small three bear-NOM' playground-LOCA
play-AFTER sleep seem

(Three small bears seem to sleep after play-
ing at the playground.)

This sentence can be chunked as follows.

o [NP 22 A wie] o] Fo|] [NP nfZo|A] [VP =
Tl [VP RS S3hth]
( [NP small three bearssNOM] [NP playground-
LOCA] [VP play-AFTER] [VP sleep seem] )

As we regard a chunk as syntactically correlated parts
of words, the eight words in the above example are
grouped into four chunks. Because the complexity
of most natural language parsers is O(n?) where n is
the length of an input sentence, the chunking achieves
great efficiency in full parsing.

Since Ramshaw and Marcus applied the machine
learning method in text chunking [9], many re-
searchers have used a statistics-based or machine

n this paper, we use four case markers such as:
NOM = nominative, OBJ = objective, AFTER = time after,
LOCA = locative

learning methods to capture the best hypothesis on
text chunking [2, 3, 4, 5, 8, 13]. On the other hand,
the rule-based methods are widely used in chunking
Korean [7, 12]. The well-developed postpositions and
endings of Korean enable the simple heuristic rules to
show high performance. However, the rules obtained
by thorough observation on the target text give no
guarantee of the optimum. This fact implies that the
rules must be changed if the text which is used to con-
struct them changes. Thus, more careful exploration
in constructing the chunking rules is required. This
is important because the misguided chunks incur fatal
and unrecoverable errors in syntactic analysis.

In this paper, we describe a novel method on chunk-
ing Korean which combines a rule-based method and
a machine learning method. Since the application of
the rule-based method gives high accuracy by itself,
it is used as a base method and then augmented by
a machine learning method, k-nearest neighbor algo-
rithm.

The rest of this paper is organized as follows. Sec-
tion 2 gives the simple introduction on a Korean
chunking system. Section 3 explains how the Korean
sentences can be chunked based on heuristic rules.
Section 4 describes a Korean chunking system combin-
ing with heuristic rules and k-NN, the machine learn-
ing technique. Section 5 presents the experimental
results and Section 6 draws conclusions.

2 Overview of Korean Chunking
2.1 Characteristics of Korean

Korean is a head-final and agglutinative language.
Due to its agglutinative property, the boundary of
chunks can be determined relatively easily compared
to other languages such as English or Chinese. Since
the postpositions give much information on grammat-
ical relation, they are used in chunking Korean. For a
noun phrase, for instance, it is certain that the noun
with a postposition except possessive ones become the
end of a noun phrase. But, more observation is needed
for the start of a noun phrase. Since the nouns with-
out postpositions also can be the end of a noun phrase,
the successive nouns without postpositions can be di-
vided into two chunks. Thus, it is difficult to find the
start of a noun phrase.

By the way, it is more difficult for verb phrase. Since
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Figure 1: The procedure for chunking a Korean
sentence into chunks.

each verb has one or more endings, it is difficult to find
out which kinds of endings yield the start or the end
of verb phrases. Thus, it is required to construct the
separated knowledge for various kinds of phrase.

2.2 System Structure

Figure 1 shows an overall structure of the system to
chunk given a Korean sentence. The morphological
analysis is, in general, the first step in natural lan-
guage processing. Because Korean is an agglutinative
language, not only the base form of a given word and
part of speech but also various kinds of syntactic fea-
tures are revealed by the Korean morphological an-
alyzer. The morphological analyzer usually outputs
ambiguous results so that the POS (part-of-speech)
tagger is needed to resolve such ambiguity.

Since a Korean sentence can be, in general, divided
into noun phrases, verb phrases and adverbial phrases,
in the proposed system are there three chunkers which
take charge of noun phrase, verb phrase and adverb
phrase respectively. Each chunker is further explained
in the following section.

3 Chunking Korean by Heuristic
Rules

3.1 Noun Phrase Chunking

With the well-developed postpositions of Korean, the
noun phrase chunking can be accomplished with ease
[7, 12]. The heuristic rules for Korean noun phrase
chunking can be formulated as follows:

e Rule 1: (Determiner)* NP

e Rule 2 : (Noun)* NP

Rule 3 : (Pronoun)* NP

e Rule 4 : (Possessive Postposition)* NP

Rule 5 : (Relative Postfix)* NP

Rule 6 : (Relative Ending)* NP

No. of Cases Probability
Forming Chunk 775 0.61
Not Forming Chunk 496 0.39

Table 1: The possibility that an adverb sequence
forms a chunk.

Since determiner, noun and pronoun play the similar
syntactic role in Korean as the indeclinable parts of
speech, they forms noun phrase chunk when they ap-
pear in succession without any postposition. Rule 1-3
imply this.

All nouns with postposition become the end of noun
chunk, but there is only two exceptions. When the
postposition is the possessive one, it is still in the mid
of noun phrase (Rule 4). In the example sentence
above, ‘v}2]9] (mari-eus)’ is decomposed into ‘©}E]
(mari)’ and ‘9] (eui)’, where ‘2] (eud)’ is the possessive
postposition, so that it is in the mid of the first noun
phrase chunk. The other exception is when the pre-
ceding words is finished with relative postfiz ‘2 (jeok)’
(Rule 5). Such a word in general does not constitute
an independent phrase. Rule 6 states that a simple
relative clause without any sub-constituents also does
not constitute an independent phrase.

In rule 5, we include the cases where a copular post-
position ‘©] (y1)’ and a relative ending appear in suc-
cession after the relative postfix ‘& (jeok)’. This is
because such cases play the same grammatical role as
the single relative postfiz does.

3.2 Verb Phrase Chunking

The verb phrase chunking has been studied for a long
time in the name of compound verb processing in Ko-
rean and shows relatively high accuracy. Shin and Kim
used a finite state automaton for verb phrase chunk-
ing [7, 12], while Kim used a knowledge-based rules
[6]. For the consistency with noun phrase chunking,
we use the heuristic rules based on knowledge of Ko-
rean verbs. The rules used in this paper are the ones
proposed by Kim [6] and the further explanation on
the rules is skipped.

3.3 Adverb Phrase Chunking

When the adverbs appear in succession, they have a
tendency to form an adverb phrase chunk. Though a
adverb sequence is not always an adverb phrase chunk,
it usually forms a chunk. Table 1 shows this empir-
ically. The usage of the successive adverbs is inves-
tigated from 3,002 sentences collected from Korean
textbooks for the elementary school, and 1,271 cases
where two adverbs appear in succession are observed
in the sentences. Among them, 775 cases form a chunk
whereas only the remaining 496 cases do not form a
chunk. Thus, it can be told that the possibility that
an adverb sequence forms a chunk is far higher than
that of not forming. In this paper, the cases where the
successive adverbs do not form a chunk are specially
handled by the machine learning technique explained
below.



Type

Example

B-NP, I-NP & B-NP

[o] #F] [Z2 7131 E] [# 214 vhe}]
([this gold] [like opportunity-OBJ] [miss not])
= [°]] [F= 22] [713 €] [#A1A viet]
([this] [gold like] [opportunity-OBJ] [miss not])

B-NP & B-NP

[(Zu] [Z7H [A8 4] [olth]
([she-NOM] [nose] [pretty girl] [be])
= [2U=] [Z27H [18] [&U] [o]Th]
([she-NOM] [nose] [pretty] [girl] [be])

B-NP & I-NP

(3ol [HE] [E¢ FRrES] (3]
([Korea-LOCA] [stay] [while parents-OBJ] [visit])
= [Tl [9le S [FRE2] ¥ 990
([Korea-LOCA] [stay while] [parents-OBJ] [visit])

I-NP & I-NP

o] (25 oF vFsbtel Al [ A
([he-NOM] [today morning beach-LOCA] [trembling])
= [25] (25 oF] (Sl Al (23 215k
([he-NOM)] [today morning] [beach-LOCA] [trembling])

B-ADVP & I-ADVP

(=] 2] (w2 =88] [hehi gtet]
([-NOM] [he-OBJ] [sometimes quietly] [watch])
= [ 18] [l =] (28 3] (w22 ghoh)
([ENOM] [he-OBJ] [sometimes] [quietly] [watch])

Table 2: The types of errors caused by heuristic rules.

4 Enhancing Chunkers Using Heuris-
tic Rules

4.1 Errors of Heuristic Rules

Though the heuristic rules show considerably high ac-
curacy [7, 12], they make some errors since chunking is
not a linear problem of simple rules. Table 2 shows the
errors which can be caused by the proposed heuristic
rules. We classify the errors into five types based on
the chunk labels assigned by the rules. For instance,
let us consider the first error type, B-NP?, I-NP &
B-NP. In the example of this type, ‘©] (this)’ is la-
beled to be B-NP, ‘33 (gold)’ to be I-NP, and ‘Z&
2 (like)’ to be B-NP, where the correct label of ‘33
(gold)’ is B-NP and the correct label of ‘Z+2 (like)’ is
I-NP. For other error types, Table 2 shows the exam-
ples mislabeled by the heuristic rules. The underline
in the examples indicates the mislabeled words.

To ameliorate the chunking problem, the k-NN al-
gorithm, a machine learning technique supports the
heuristic rules by the way of the confidence of the
labels assigned by it. In our problem settings, the
number of training examples for k-NN in small, be-
cause only the examples which are misclassified by
the existing rules are used for training. But, the k-
NN achieves high accuracy with only a small number
of training examples. since its learning is an instance-
based method. In addition, because it is a kind of
lazy learning method, it shows higher accuracy as the
number of training examples increases. Especially, k-

2The chunk tags used in this paper are consistent with those
of CoNLL 2000 shared task. There are six tags for chunks,
which are B-NP, I-NP, B-VP, I-VP, B-ADVP, and I-ADVP, since
we consider three types of phrases in chunking Korean. For
each phrase, B-CHUNK implies the first word of the chunk
and I-CHUNK means each other word in the chunk

Training algorithm:

e For each training example <z, f(z)>, add the example
to the list training_examples.

Classification algorithm:
e Given a query example z4 to be classified,
— Let z1,...,x, denotes the k examples from
training_ezamples that are nearest to zg.
— Return

SES 4

k
f(mq) = argmaxZ(S(s,f(mi)),
i=1

where d(a,b) = 1 if a = b and where §(a,b) = 0
otherwise.

Table 3: The k-NN algorithm for a discrete-
valued function f: R" — C.

NN can pay attention to the particular local problem,
so that it is proper for the cases where the problem is
further divided into sub-problems. Thus, k-NN is an
appropriate learning algorithm for our problem set-
tings, since it is going to be applied only when the
heuristic rules are not good enough to determine the
chunk labels.

4.2 k-NN to Enhance Exiting Chunkers

The k-NN learning algorithm [4] assumes that all
examples correspond to points in the n-dimensional
space R"™, where n is the number of features used
to discriminate examples. The nearest neighbors of



Attributes Explanation
w; lexicon of w;
Wi—1 lexicon of w;—1
Wi—2 lexicon of w;_»
POS; POS of w;
POSifl POS Of Wi—1
POSi_Q POS of Wi—2
E;_1 Postposition or Ending of w;_1
Ri_1 Chunking Label of w;—1
Ri o Chunking Label of w;_»

Table 4: The attributes of k-NN for Korean
chunking system.

an example are defined in terms of the standard Eu-
clidean distance. Thus, the distance between two ex-
amples z; and z;, D(x;, x;) is defined to be

n

> (@) - v))?

r=1

D(zi,x;) =

and v(z;) denotes the value of example z;.

Let us consider learning a discrete-valued target
function of the form f: R™ — C, where C is the finite
set {c1,...,cs}. The k-NN algorithm for this problem
is given in Table 3. The value of f(z,) returned as
an estimate of f(z4) is the most common value of f
among the k training examples nearest to z,.

In this paper, five k-NNs are constructed in accor-
dance with Table 2. The training examples for k-NN
are only the ones which are not correctly labeled by
the heuristic rules. The sentence in the corpus are
first labeled by the heuristic rules, and those sentences
with mislabeled words are gathered separately and re-
labeled manually by human experts. Those relabeled
sentences are further divided into five sets according to
the category of mislabeled words. Each of five k-NNs
are trained with each set of relabeled sentences.

We assume that the k-NNs classify only the exam-
ples only when they can determine with high confi-
dence the label of a concerned example z,. That is,
the result of k-NN is accepted only when the average
distance between x, and k nearest neighbors is larger
than the predefined threshold #. This can be formu-
lated as

T deix)
% 2z
From the viewpoint of k-NN, it determines the label of
x4 only when z, is very similar to the examples whose
labels are already known.

Though the local lexical information, in general,
may not give reliable linguistic knowledge in Korean, it
is very efficient and reliable information in this prob-
lem since the examples are considered locally in the
chunks. For this reason, we can use n-gram like at-
tributes for k-NN of Korean chunking. We select nine
attributes (Table 4). For lexicons, part of speech tags,

Input Sentence

Heuristic Rules

k-NN Classifier

Heuristic
Module

HM ChunLed Sentence

Istheinput
correctly chunked?

HM Chunked Sentence

ML Chunked Sentence

Figure 2: The procedure for Korean chunking
system.

and chunk tags, we use trigram-like attributes. Three
of the attributes, which are w;, w;—1 and w;_2, are
lexical features. Since the chunk labels determined by
k-NN are used only when the confidence of k-NN is
high, we do not use any kind of smoothing methods in
comparing lexicons for those features. Another three
attributes are the part-of-speech tags of w;’s. E;_1 is
a postposition or an ending of w;—1. R;—1 and R;_»
are two previous labels. It is a postposition if w;_ is
a noun or a pronoun, whereas it is an ending if w;_1
is a verb or an adjective. This attribute is selected
because, as shown in Section 3, it holds much informa-
tion on chunking, especially in noun phrases and verb
phrases. Since k-NN measures the similarity in the
Euclidean space, it performs best when the attributes
are orthogonal. Though the attributes presented may
not be orthogonal, k-NN shows an improved accuracy
empirically.

4.3 Combined Chunking System

The chunking system combined by heuristic rules and
k-NN is shown in Figure 2. For a given input sen-
tence, the heuristic module which uses only the heuris-
tic rules first determines the chunk label of each word.
The labels assigned by the rules are reaffirmed by one
of five k-NNs. The k-NN to be selected is determined
by the current labels assigned by the rules.

Assume that z4 is the word whose label is assigned
by the rules. For each z, in the input sentence, the la-
bel of z, is set by k-NN if the average distance among
x4 and k nearest neighbors is larger than the prede-
fined 6. Otherwise, the label of z, is set by the heuris-
tic rules.

For instance, let us consider the last example in Ta-
ble 2, where ‘WJw] 2 (sometimes)’ is labeled to be B-
NP and ‘Z 83| (quietly)’ to be I-NP by the heuris-
tic rules. The k-NN which handles the B-NP & I-NP
problem determines that the label of ‘2 -83] (quietly)’
is B-NP and the average distance is 2.70 where 6 is
2.24. Since the average distance is larger than 6, ‘&



Type Heuristic Rules Combined k-NN
No. of Errors Ratio No. of Errors Ratio
B-NP, I-NP & B-NP 5 8.48% 4 11.11%
B-NP & B-NP 6 10.17% 3 8.34%
B-NP & I-NP 9 15.25% 4 11.11%
I-NP & I-NP 30 50.85% 17 47.22%
B-ADVP & I-ADVP 9 15.25% 8 22.22%
Total 59 100.00% 36 100.0%

Table 5: The error distribution in the training set.

Training Set Test Set step of full parsing.
Baseline 95.3% 95.5% : :
Combined k-NN 97.2% 97.8% Two experiments that demonstrate the effectiveness

Table 6: The experimental result of chunking
Korean. The baseline is when we wuse only
heuristic rules, and the combined k-NN is when
we use both the rules and k-NNs.

23] (quietly)’ is relabeled to be B-NP.

5 Experiments

We collected 1,911 sentences from the Internet home-
pages written in Korean for the experiments. 1,273
sentences among them are used as a training set and
the remained 638 sentences are used as a test set. An
average length of the sentences is 8.9 ojeols®.

For 1,273 training sentences, the heuristic rules re-
ports 59 errors. Table 5 shows the distribution of each
error type in Table 2. It reports that the most errors
in the training set occurs in the noun phrase, while no
error is reported in the verb phrase. The most difficult
type among them is B-NP & I-NP, since every noun
whose previous noun has no postposition is classified
into I-NP. The k-NN learns from the misclassified ex-
amples that some previous words, e.g. time-related
words, forms an independent noun phrase. For ad-
verb phrases, k-NN give much improvement over the
heuristic rules. It is usually determined by the lex-
icons of two adverbs whether two successive adverbs
form a chunk or not. Since there are the small num-
ber of examples for this case and we do not apply any
smoothing technique to comparing lexicons, it is diffi-
cult for k-NN to shows great improvement.

Table 6 summarizes the performance of the pro-
posed method. The baseline implies the model which
uses only heuristic rules and it shows the accuracy of
95.5%. When we augment the rules with k-NN (noted
as ‘Combined k-NN’ in Table 6), we could achieve the
accuracy of 97.8%, which is 2.3% of improvement over
the baseline. This result is obtained when k, the num-
ber of the nearest neighbor, is 1. The improvement
seems to be minute, but such an improvement is mean-
ingful because chunking is in general an intermediate

3The ojeol in Korean is the mixture of words and is a basic
unit of spacing.

of the number of the nearest neighbors and the thresh-
old 0 are presented. Figure 3 displays the accuracy of
the proposed method. Figure 3(a) shows the accuracy
curve when k = 1, and Figure 3(b) is when k£ = 3. In
both figures, z-axis represents the value of 6 and y-axis
represents the accuracy. The accuracy curve shows
the similar aspect regardless of k. As the value of
increases, the accuracy curve goes up and gets nearly
flat after # = 2.2. When 6 is greater than 2.5, the
accuracy rather decreases. Such a phenomenon takes
place because the number of candidates of which label
is determined by k-NN is reduced if 6 is too high. The
difference between the highest accuracy and the accu-
racy of baseline is the improvement which we can ob-
tain by using k-NN in addition to the heuristic rules.
In Figure 3(a), the highest accuracy is 97.8% when
6 = 2.5 and the accuracy of the baseline is 95.5%.
Thus, we achieve 2.3% of accuracy improvement.

6 Conclusions

In this paper we presented a novel method to chunk
Korean sentences using both heuristic rules and a
machine learning algorithm, k-nearest neighbor algo-
rithm. Given a sentence to be chunked, our method
first divides it into chunks based on the heuristic rules,
and then the chunks are verified by k-NN. When k-
NN can determine the chunk label with high confi-
dence, the chunk is determined by k-NN. Otherwise,
it is set by the heuristic rules, since the heuristic rules
by themselves can achieve high performance. Thus,
the use of k-NN enhances the heuristic rules.

The proposed model is evaluated on the sentences
gathered from Korean homepages and shows 97.8% of
accuracy, which is 2.3% of improvement over the sim-
ple method using only heuristic rules. Such a minute
improvement is important in chunking, since chunking
is an intermediate step of full parsing and the errors
in this step can not be recovered in the following steps
of language processing.
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