NAIST-1S-DT9961028

Doctor’'s Thesis

Partial Language Analysis
using Support Vector Learning

HIROYASU YAMADA

March 15, 2002

Department of Information Systems
Graduate School of Information Science
Nara Institute of Science and Technology



Doctor’s Thesis
submitted to Graduate School of Information Science,
Nara Institute of Science and Technology
in partial fulfillment of the requirements for the degree of
DOCTOR of ENGINEERING

HIROYASU YAMADA

Thesis committee: Yuji Matsumoto, Professor
Shunsuke Uemura, Professor
Kiyohiro Shikano, Professor



Partial Language Analysis
using Support Vector Learning *

HIROYASU YAMADA

Abstract

The difficulty of analyzing full language often hampers the problem to develop
practical natural language processing (NLP) systems. In this thesis, we focus on two
fundamentalpartial language analysis, 1) Japanese named entity extraction and 2)
Partial parsing in English. Named entity extraction is the task for extracting informa-
tion such as proper nouns and numerical expressions from a document and classifying
these expressions into some categories such as person, location, organization, and date.
Partial parsing takes a sentence as an input and interprets it as a parsed sub-tree which
does not include ambiguities. Both techniques are useful for not only a wide range of
applications such as machine translation and information retrieval field but also pre-
processing of full language analysis. We present corpus-based method for named en-
tity extraction and partial parsing using a machine learning technique, Support Vector
Machines(SVMs) and especially show how SVMs can work well in partial language
analysis.
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Chapter 1
Introduction

With the explosive growth of the Internet, a large number of electronic documents have
been available. The keyword-match based information retrieval provides fast access to
the relevant documents. For retrieving the more relevant information, it is necessary to
analyze the documents by using natural language processing.

However, there exists many forms of ambiguity in natural language, thus it is dif-
ficult to analyze completely the documents. Partial language analysis is one of the
most important techniques for solving this problem and is to analyze partial syntactic
structure of a sentence such as noun phrase and verb phrase. In many natural language
processing applications, partial analysis of language is often utilized rather than full
language processing. For instance, in information retrieval, it needs to retrieve docu-
ments or texts with information content that is relevant to users’ requirement at high
speed. Partial language analysis such as noun phrase analysis is helpful to such a re-
trieval. Furthermore, partial language analysis is useful for not only these applications
but also a preprocessing module for full language analysis.

In this thesis, we define “partial language analysis” as follows :

e Text Chunking:
Text chunking is to divide text into syntactically related non-overlapping groups
of words. Noun phrase chunking and named entity extraction are well known
techniques of text chunking. Part-of-speech tagging is also regarded as text
chunking.

e Bracketing:



Bracketing represents the result of text chunking as nested brackets which shows
syntactic structure. Noun phrase bracketing, partial and full parsing techniques
are categorized into the bracketing.

In this thesis, we focus on two problems of partial language analy3&panse
named entity extractionandpartial parsing in English.

Named entity extraction is a kind of the proper noun phrase analysis and is the task
for extracting proper nouns, numerical expressions, etc. from a document and classify-
ing these expressions into some categories such as person, location, organization and
date. Named entity extraction is an ‘intermediate task’, i.e., it is not an end in itself,
but rather is necessary at one level or another to accomplish most natural language
processing tasks and is expected to improve the quality of information retrieval(IR).
Especially, in question answering systems, named entity extraction techniques are nec-
essary to answer users’ queries such as 'when’, 'where’, and 'who’ [1, 34].

Partial parsing is one of the fundamental techniques in natural language process-
ing, and takes a sentence as an input and interprets it as a parse sub-tree which does
not include ambiguities. This technique is useful for not only a wide range of appli-
cations information retrieval field and machine translation but also a preprocessing of
full language parsing.

Over the last few years, a number of large scale machine-readable text corpora in-
cluding strategies for evaluation have become available. Therefore, partial language
analysis including named entity extraction and partial parsing has been studied based
on statistics or stochastic models of language. The statistical approach acquires auto-
matically rules for language analysis using statistic information from a large number
of documents. It has overcome the problems of conventional rule-based approaches
which rely on linguistic and domain specific knowledge. Statistical models are now
widely used as robust mechanisms. However, the approach still has a problem: it is
not clear how to handle rare usages.

Recent approaches to machine learning, especially the results of supervised learn-
ing approaches, show the effectiveness of their techniques and other tasks in natural
language processing with high accuracy [33, 43, 27, 2, 44, 32, 15].

In this thesis, we focus on a supervised learning algori8upport Vector Ma-
chines(SVMs) which are developed by Vapnik et al [41, 42]. SVMs have been found
to have a good performance for many natural language processing tasks such as chunk-
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ing [36, 37], part-of-speech tagging [38], dependency structure analysis[19], word
sense disambiguation[12] and natural language processing applications such as text
categorization [39, 40, 45, 10, 11].

In this thesis, we propose a method for two partial language analysis: Japanese
named entity extraction and partial parsing in English using support vector learning,
and show the effectiveness of our method throughout the experiments based on a large
corpus.

The rest of this thesis is organized as follows. Firstly, in Chapter 2, we report on
some studies related to the named entity extraction and parsing with some statistics
and machine learning approaches. In Chapter 3, we explain an overview of the SVMs
and its theoretical advantage for partial language analysis. In Chapter 4, we propose a
method for Japanese named entity extraction using SVMs. In Chapter 5, we propose a
partial parser which constructs a parse binary tree with deterministic bottom-up algo-
rithm Our parser regards each parsing process as a classification task which classifies
the context into the action for constructing a parse tree. We apply SVMs to the task.

Finally, Chapter 6 summarizes the thesis and ends with conclusions and future
work.



Chapter 2

Related Work

2.1 Named Entity Extraction

Named entity extraction is one of the noun phrase chunking. The task is to extract
a phrase like proper nouns and classify some category such as “PERSON”, “LOCA-
TION” and “DATE”. Most of the previous studies of named entity extraction have
applied chunking techniques to the task. We first explain some named entity represen-
tation models.

2.1.1 Representation of Named Entity

Ramshow et al. proposed a representation of chunk called 'Inside/Out’ for text chunking[21].
Tjong Kim Sang et al. proposed four models for representation of a chunk, i.e., IOB1,
IOB2, IOE1, and IOE2 [6]. The IOB2 models in his study is equal to 'Inside/Out’

model in Ramshow’s study. In this thesis, we call the Inside/Out model as the IOB2
model. Sekine[35] and Uchimoto[18] used Start/End model as the representation of
named entity, especially for Japanese. Furthermore, Uchimoto et al. add three tags

to the Start/End model: PRE, POST and MID. These 6 models are summarized as
follows:

e |IOB1: If the first word inside a named entity "X’ immediately follows another
named entity, the word is assigned to 'B-X’ tag, otherwise to 'I-X’ tag.

e IOB2: The first word inside a named entity "X’ is always assigned to 'B-X’ tag.
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e |IOE1: If the final word inside a named entity "X’ immediately precedes another
named entity, the word is assigned to 'E-X’ tag, otherwise to 'I-X’ tag.

e IOE2: The final word inside a named entity "X’ is always assigned to 'E-X’ tag.

e S/E(Start/End): If a word itself is a named entity "X’ then the word is assigned
to 'S-X' tag. The first or final word inside a named entity "X’ is always assigned

to 'B-X’, 'E-X’ tag respectively. Neither a first nor final word inside a named
entity "X’ is assigned to ’I-X’ tag .

e S/E+(Uchimoto’s model): this model is equal to the S/E model except for non-
NE tag. If the non-NE word precedes named entity X', the word is assigned to
'PRE-X’ tag. If the non-NE word is just one word between different named enti-
ties, the word is assigned to 'MID-X’ (X is the former named entity category). If
the non-NE word follows named entity 'X’, the word is assigned to 'POST-X'.

In all of 6 models, if a word is not named entity, then the word is assigned to 'O’ tag.
We call each ta@NE-tag in this thesis.

Figure 2.1 illustrates the representation of named entity using 6 models(IOB1,
IOB2, IOE1, IOE2, S/E and S/E+) for a sample senterige "0 00 0000 0O

0,0000 ™
[ PERSON | [ DATE |
00000 000 0 0 0 ,
10B1 I-PERSON O O I-DATE I-DATE O
10B2 B-PERSON O 0] B-DATE  |-DATE O
IOE1 I-PERSON O (@) I-DATE I-DATE O
I0OE2 E-PERSON (@] (0] I-DATE  E-DATE (0]
S/E S-PERSON (0] (0] B-DATE E-DATE O
S/IE+ S-PERSON POST-PERSON PRE-DATE B-DATE E-DATE  MID-DATE
[ LOCATION | LOCATION |
0 0 00
I-LOCATION B-LOCATION O
B-LOCATION B-LOCATION O
I-LOCATION E-LOCATION O
E-LOCATION E-LOCATION (@]
S-LOCATION S-LOCATION (0]

S-LOCATION S-LOCATION POST-LOCATION

Figure 2.1. Representation of named entity for 6 models



2.1.2 Named Entity Extraction using Machine Learning
Decision Tree

Sekine et al.[35] proposed a method for Japanese named entity recognition using deci-
sion tree learning. Their method recognizes a named entity in a sentence by classifying
each word in the sentence into a NE-tag with Start/End model. They constructed a de-
cision tree classifier using following three types of features.

e Part-of-speech tagged by JUMAN [20]
They define the set of categories based on the major and minor part-of-speech
tags.

e Character type of words
Character type of words, suchldanji, Hiragana Katakana Alphabet number
or Symbo| etc. and some combinations of these character types.

e Special Dictionaries
They use a dictionary which a word belongs to some types of named entity.
The dictionary created is based on dictionary entries of JUMAN, found on Web
documents or, from human knowledge.

They reported their experiments using a small set of data from two different do-
main: One is the Accident Report Domain which consists of a training set of 103
articles and a test set of 11 articles containing 2,368 named entities in all. The results
for the data set was 85 at F-value. The another one is the Executive Succession Domain
for demonstrating the portability of their method. The results is 84 at F-value for the
data set.

Nobata proposed a method for Japanese named entity extracion using decision tree
learing[47]. Their method is similar to Sekine’s study, and the result attained 70.3 of
F-value for GNENRAL domain test data in IREX workshop[14].

Isozaki

Isozaki proposed a method using a simple rule generator and decision tree learning for
Japanese Named entity extraction [9]. His method is summarized as follows:



1. Generatingecognition rules

In his method, each named entity for training data is converted to a recognition
rule via morphological analyser. ®ecognition rulesare written as

pattern, pattern,, - - -, patterm, — X,c,,c,

wherenis the number of words inside the named entity categoryattern can
be represented as a word: character-type: a part-of-spee¢h wbrd. c, refers
to the restriction of proper nouns by a suffix dictionary, apd that it does not
restrict numbers by a suffix dictionary. Everyhas either of two values, 0(no
restriction) and 1(restriction).

For example, in the pattern*d O 0", which consists of two words: [
0”and “0O 07, two patterns, i.e.[d O : all-kanji:location-name, and O :all-
kanji:common-noun are generated from the following rules.

**:|ocation-name,
*:common-noun
— ORGANIZATION, 0,0

In the above rule, * shows that it matches any sequence of words.

2. Refinement of recognition rules by using decision tree learning, and generating
named entity candidates

By applying each recognition rule to the untagged training data, named entity

candidates for the rule are obtained. By comparing the candidates with the given
answer for the training data, these candidates are classified into two types, i.e.,
positive and negative examples for the recognition rule. Finally, decision tree

learning is applied to classify these examples correctly.

3. Arbitration of these named entity candidates

Once the refined rules are generated, they are applied to a new document and
a large number of named entity candidates are obtained. They use a kind of
left-to-right longest match methdd rank candidates. The method operates as
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follows: First, compared with each starting point of named entity candidates,
then selected the earliest ones. If two or more candidates start at the same point,
their ending points are compared and the longest candidate is selected. The
procedure is repeated until the candidate set becomes empty.

They evaluated their method by comparing it with maximum entropy system(ME).
They use the standard IREX[14] training data and the formal run test data. For to-
kenization, they use ChaSen 2.2.1 [46]. which has about 90 part-of-speech tags and
large proper noun dictionaries, i.e., 32,167 person names, 16,610 organization names,
67,296 location names, and 26,106 other proper nouns. The result of ME attained at
82.8 of F-value when length of left and right context is one word respectively. When
left and right context length are two words respectively, ME attained at 82.7 of F-value.
The success rate of their method, on the other hand, was 84.1 when left context is one
word and as right context is two words.

2.1.3 Maximum Entropy Model

Uchimoto et al. proposed a method based on a maximum entropy (ME) model and
transformation rules for Japanese named entity extraction [18]. The maximum en-
tropy model has recently been successfully introduced to a variety of natural language
application, such as part-of-speech tagging [30], parsing [31, 8] and so on.

The method estimates a probabilRyNE-tagw) by using ME model, wherev
is a word in a sentence, then extracts named entity to search for the optimal NE-tag
sequences for whole the sentence by using Viterbi algorithm.

Further, in Japaneses named entity extraction, named entity boundary is often dif-
ferent from a word segments by morphological analyser. In this case, the system can
not extract named entity correctly. To cope with the problem, they used a transforma-
tion based method similar to Brill's one in the part-of-speech tagging [3]. Transfor-
mation rules are automatically acquired from the training data using the difference be-
tween word segmentation by morphological analyser and correct named entity bound-
ary. Let word ‘0] 0 ” be the categories which is illustrated the follows.



word  part-of-speech part-of-speech NE-tag
(major tags) (minor tags)
‘ag’ ‘og’ ‘ooono’ @)

if “0”in "0 0" is the named entity of “LOCATION”, then[J O is translated into
two words. These two words are assigned to new part-of-speech and correct NE tags
as follows.

word part-of-speech part-of-speech NE-tag
(major tags) (minor tags)

‘o’ ‘oon’ ‘cooo’ PRE-LOCATION

‘o’ ‘ong’ ‘cooo’ ‘S-LOCATION’

They use lexical items and part-of-speech features, and 40 NE-tags. They used the
CRL named entity data, the IREX-NE dry-run training data, and the formal-run data,
which consist of about 12,000 sentences in their experiment. They also sued F-measure
as an evaluation measure. They reported that the method achieved at 85.75 of F-value
for the test set of restricted domain, and 80.17 at F-value for general domain in IREX
competition[14]. Although their results have shown satisfactory performance, they
used a simple feature selection in the training data, i.e. they only use words in the data
with more than two. This means that it deteriorate the performance of the training data
itself.

Sassano

Sassano et al. proposedriable length modelor Japanese named entity extraction
[23, 22]. The idea behind the method is that it overcomes the disadvantage of the fixed
context length model(especially, 3 context length model like Sekine and Nobata'’s stud-
ies) and it incorporates richer contextual information as well as patterns of constituent
morphemes within a named entity. In principle, as part of the training phase this model
considers which of the preceding/subsequent words constitute one named entity to-
gether with the word at the current position in a sentence.

It also considers several words in the left/right contexts of the NE. Their method
restricts the model to explicitly considering the cases of NEs of the length up to three
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words and only implicitly considering those longer than three words. It also restricts
the model by considering two words in both left and right contexts of the named entity.

As the learning model, they used decision list and maximum entropy model. and
use a IOB2 and Start/End models in figure 2.1. They use three kinds of features :(i) a
pair of word and part-of-speech tag, (ii) a pair of character types and part-of-speech,
and (iii) part-of-speech. The character type consists of 6 elemEliiagana, Kanji,
Katakana Numeric,Alphabet Symbal and their combination.

They evaluated their method using the IREX workshop’s training and test data.
They compared the results of the combinations of the two NE representation models:
the I0B2 and Start/End models, two approaches to contextual feature design: the 3,
5 context length and the variable length models, and two learning algorithm: decision
tree and Maximum entropy model. Among these combinations, the variable length
model, Start/End models and ME learning outperforms other combinations and the
accuracy rate of 82.8 of F-value.

2.2 Parsing in English

Jensen

Jensen et al. proposed a partial parsing ‘fitted parse’ [16]. The significant feature of
the parsing is to produce a reasonable approximate parse that can serve as input to the
remaining stages of processing, if the rules of a more conventional syntactic grammar
are unable to produce a parse for an input sentence.

The fitting procedure begins after there grammaihas been applied in a bottom-
up, parallel fashion, but has failed to produce an complete parse tree of the sentence.
At this point, as a by-product of bottom-up parsing, records are available for inspection
that describe the various segments of the sentence from many perspectives, according
to the rules that have been applied.

The algorithm of fitting proceeds in two main stages: first, a head constituent is
chosen; next, remaining constituents are fitted in. In the first stage, candidates for the
head are tested preferentially as follows, from most to least desirable:

(a)Verb phrases with tense and subject;
(b)Verb phrases with tense but no subject;
(c)Segments other than verb phrase;

10



(d)Untensed verb phrases;

If more than one candidate is found in any category. The one preferred is the widest. If
there is a tie for widest, the leftmost of those is preferred. If there is a tie for leftmost,
the one with the best value for the parse metric is chosen. If there is still a tie, an
arbitrary choice is made. If the head constituent covers the input sentence, the fitting
process is complete, otherwise to go to the next stage.

In the next stage, the remaining constituents are added on either sided, with the
following order of preference:
(i) segments other than verb phrases
(i) untensed verb phrases ;
(iii) tensed verb phrases;

As with the choice of the head, the widest candidate is preferred at each step. The fit
moves outward from the head. Both leftward to the beginning of the strnig, and right-
ward to the end until the entire input sentence has been fitted into the best approximate
parse tree. The overall effect of the fitting process is to select the largest chunk of
sentence like material within a text string and consider it to be central, with left-over
chunks of text attached in some resonable manner.

2.2.1 Statistical Parsing

In this section, we report on some statistical parsing using standard data set “Penn tree-
bank Wall Street Journal” corpus. We first describe the standard data set and evaluation
measure in this corpus. Then we report on four studies using this corpus.

Penn Treebank Wall Street Journal Corpus

The Wall Street Journal portion of the Penn Treebank corpus developed by Marcus
et al. for wide range of research fields in natural language processing [28, 29]. The
corpus consists of over 4.5 million words in 24 sections of American English and is
annotated for part-of-speech information and syntactic bracketing.

The standard data set consists of two parts: training and test set. The training
set contains 39,832 sentences from section 2 to section 21 and test set consists of

11



2,416 sentences of section 23 in the corpus. The standard evaluation measure based on
PARSEVAL [5] is follows:

number of correctly detected constituents
number of constituents annotated by human

Labeled Recall (LR) =

number of correctly detected constituents
number of constituents annotated by the parser

Labeled Precision=

number of constituents crossing a annotated constituent
number of sentences

Cross Brackets (CB)=

0 Cross Brackets (OCB)= percentage of sentences which have 0 crossing brackets.

2 or less Cross Brackets(2CB)»- percentage of sentences which have less than 2 crossing brackets

Magerman

Magerman presented a statistical parser called SPATTER which is based on decision-
tree learning techniques constructing a complete parse tree for every sentence [4]. A
parse tree for a sentence is constructed by starting with the sentence’s words as leaves
of a tree structure, and labeling and extending these nodes until a single-rooted, labeled
tree is constructed. This pattern recognition process is driven by the decision-tree
learning.

In his method, representation of constituent consists of four elements: words, tags,
labels, and extensions.

Figure 2.2 shows the representation of constituent in the method. the word features
are string of the word itself(e.g, a, brown, and cow in figure 2.2). The tag feature can
take on any value in the part-of-speech tag set, like ‘DT’, and the label feature can take
on any value in the non-terminal set, like ‘right’. The extension can take on any of the
following five values.

¢ right: ‘Right’ is a node which is the first child of a constituent.

e left: ‘Left’ is a node which is the last child of a constituent.

12



NP
caw
NN
| eft
A
ri ght up left
a br own cow
DT JJ NN

Figure 2.2. Representation of constituent and labeling of extensions in SPATTER for
sample noun phrase “a brown caw”.

e up: ‘Up’is a node except for the first and last child of a constituent.
e unary: ‘Unary’ is a node which is a child of an unary constituent.

e root: the node is the root of the tree.

SPATTER consists of three main decision tree models: a part-of-speech tagging
model, a node-extension model, and a node-labeling model. These decision tree mod-
els are grown using following question with traversing the parsed sentence in training
data.

What is the X at the current node?

What is the X at the node to the Y?

What is the X at the node two nodes to the Y

What is the X at the current node’s first child from the Y ?

What is the X at the current node’s second child from the Y ?

where X is one of the word, tag, label or extension, and Y is either left or right.
The training is proceeded as follows. The training corpus is divided into two set,
one is tree growing, approximately 90% and another is tree smoothing, 10%. For

13



each parse sentence in the tree growing corpus, the correct state sequence is traversed.
Each state transition frog to s , is used as a training example for the decision-tree
growing process for the appropriate tree. After the decision tree are grown, they are
smoothed by the tree smoothing corpus. By searching the highest probability of a
parse tree, the parsing is proceeded. The probability of a parse is just the product of
the probability of each of the actions made in constructing the parse, according to the
decision-tree models, the parsing procedure.

They evaluated SPATTER using the Penn Treebank Wall Street Journal corpus.
The result attained both 84.6% precision and recall for sentences of 40 words or less.

Collins

Collins proposed generative lexicalized models for statistical natural language pars-
ing [26]. The his model is based on probabilistic context-free grammar. The model
searches the best parse tiigg, that maximizes conditional probabili(T |S) as fol-

lows, whereSis the input Sentence ardis the parse tree. The

Toest = argmaxP(T|S)

= arg maxP(T,S)P(S
= arg maxP(T,S)

To maximize conditional probabiliti(T|S) is equal to maximize the joint prob-
ability P(T,S). A joint probabilty P(T,S) is then defined by attaching probabili-
ties to a top-down derivation to tree using probabilistic context-free grammars rules
LHS— RHS whereLHS andRHSstand for “left hand side” and “rigt handside” re-
spectively. Thus a conditional probabiliB(T,S) can be written by applications of
context-free rulesHS§ — RHS (1 <i < n) as follow:

= []P(RHS|LHS)

Furthermore, each probability( RHS|LHS) can be wriiten as lexicalized con-
stituent ofRHS and using head word of tHeHS
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P(RHSILHS) = P(Ly,1(lh.q) - Ly(l)HNRy(ry) -+ Ry, aF 1 [Par(h))
= Ry(H[Par(h))
. 1P|(Li(|i)||-1(|1)"-Li,l,Par(h),H)><

. 1Pr(Rj(rj)|L1(I1)---LnH(InH),Rl(rl)---ijl(rjfl),Par(h),H)
i=1.-m+

whereH is the head-child of the phrase, which inherits the head-vadram its
parentPar. L, ---L, andR; ... Ry, are left and tight modifiers dfi. Eithern or mmay
be zero, andch = m= 0 for unary rules. By the two assumptions: the modifiers are
generated independently of each other and distance can be incorporated into the model
by increasing the amount of dependence between the modifires. The probaility can be
written as follows:

R(Li()[Ly(ly)---L_q,Par(h),H) = BR(L;(1;)|D,(i —1),Par(h),H)

Pr(Rj(rj)“-l(ID"'Ln+1(|n+1)’R1(r1>"'Rj_l(rj_1>apar(h)aH) =

Pr(R](r])|Dr(| _1)7Par(h)7H)

whereD, (i — 1) andDy (i — 1) are functions of the surface string below the previous
modifiers. The distance measure is a vector with the following two elements: (1) is the
string of zero length? ; (2) does the string contain a verb ?

Finaly, the model is extended to make the complement/adjunct distinction and to
have parameters corresponding directly to probability distributions over subcategoriza-
tion frames for head-words. The model, as a preprocessing, adds the “-C” suffix to all
non-terminals in Penn treebank training data that satisfy the following conditions:

1. The non-terminal must be:(1) an NP, SBAR, or S whose parent is an S; (2)an NP,
SBAR, S, or VP whose parent is a VP; or (3) an S whose parent is an SBAR

2. the non-terminal must not have one of the followin semantics tags: ADV, VOC,
BNF, DIR, EXT, LOC, MNR, TMP, CRL or PRP.
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In addition, the first child following the head of a prepositional phrase is marked as a
complement. The generative process is extended to include a probabilistic choice of
left and right subcategorization frames as follows:

1. Choose a head with probability P, (H|Par(h))

2. Choose left and right subcat frame€,andRC, with probabilitiesh . (LC|Par(h),H)
andP¢(RCPar(h),H). Each subcat frame is a multiset specifying the complements
that the head requires in its left or right modifiers.

3. Generate the left and right modifiers with probabilitigs,; (I;)|D, (i — 1), Par(h),H,LC)
andR (R;(r;)[Dr (i — 1), Par(h),H, RC) respectively. Thus the subcat requirements are
added to the conditioning context. As complements are generated they are removed
from the appropriate subcat multiset.

In his experiment, the accuracy of this model is over 88.1% recall and precision for
the standard data set of Penn Treebank Wall Street Journal corpus.

Ratnaparkhi

Ratnaparkhi proposed a machine learning method to parse sentences with maximum
entropy model [31]. His parser constructs labeled syntactic parse trees with actions
similar to those of a standasthift-reduceparser. The actions of the parser are produced

by some procedures(passes). The first pass takes an input sentence, and uses TAG to
assign each word a part-of-speech tag. The second pass takes the output of the first
pass and uses CHUNK to determine the ‘flat’ phrase chunks of the sentence, where
a phrase is ‘flat’ if and only if it is a constituent whose children are not constituents.
Starting from the left, CHUNK assigns each pair a ‘chunk’ tag, either Start X, Join

X, or Other, where X is a constituent label. The chunk tags are then used for chunk
detection, in which any consecutive sequence of wakgls - -, w, (m > n) are grouped

into a ‘flag’ chunk X if wy has been assigned Start X awg, ,, -+, Wy have all

been assigned Join X. The third pass always alternates between the use of BUILD and
CHECK, and completes any remaining constituent structure. BUILD decides whether
a tree will start a new constituent or join the incomplete constituent immediately to
its left. BUILD always processes the leftmost tree without any Start X or Join X
annotation. After, BUILD, control passes to CHECK, which finds the most recently

16



proposed constituent, and decides if it is complete. If CHECK decides yes, then the
proposed constituent takes its place in the forest as an actual constituent, on which
BUILD does its work. Otherwise, the constituent is not finished and BUILD processes
the next tree in the foredf, ;.

He evaluated his method using the same data as Collins[24, 25] and Charniak([7]:
Penn Treebank of the Wall Street Journal developed at the University of Pennsylvania.
The maximum entropy parser was trained on sections 2 through 21 of the Wall Street
Journal corpus, and tested on section 23. Table 2.1 describes the number of training
events extracted from the Wall Street Journal corpus.

Table 2.1. Sizes of Training Events, Actions, and Features
Procedure # of training events # of actions # of features

TAG 935,655 43 119,910
CHUNK 935,655 41 230,473
CHECK 1,097,584 2 182,474
BUILD 1,097,584 52 532,814

The result of his experiments is over 86.3% recall and precision for the standard data
set of Penn Treebank Wall Street Journal corpus.

Charniak

Charniak proposes a new parser for parsing down to Penn tree-bank style parse trees
[8]. The characteristic of his approach is to use a ‘maximum-entropy-inspired’ model
for conditioning and smoothing.

The parser is based upon a probabilistic generative model. For all senseaoes
all parsegr, the parser assigns a probabilfis, 1) = p(11), the equality holding when
we restrict consideration toa whose yield iss. Then for anys the parser returns the
parsert that maximizes this probability. That is, the parser implements the function:

argma;p(s) = argmax;p(1)

They estimate the above probabilfiyrr) by usingmaximum-entropy-inspiredodel.
A conditional probabilityp(a | H) with a set of feature$,, - - -, f; that connecato the
historyH. is computed as follows:
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1 H)f, (aH)+-Am(aH) fm(aH
p(alH) = mez\l(a )f1(@,H)++Am(a,H) fm(a,H) (2.1)
Here theA; are weights between negative and positive infinity that indicate the relative
importance of a featur&(H) is the normalizing factor.

Maximum-entropy models have two benefits for a parser builder. First, the prob-
ability model should be easily changeable, i.e., it is enough just to change the set of
features use. Second, the features used in these models need have no particular inde-
pendence condition of one another. Further, they used smoothing method which can
write as follows:

palbyy) = Abyy)p@lbyy)+(1-A(by,))p@lbyy ) (2.2)

A(by ) is the interpolation factor, whetlg , = by, - - bn.

They created a parser based upon the maximum-entropy-inspired model, smoothed
using standard deleted interpolation. They used the chart parser as a first pass to gen-
erate candidate possible parses to be evaluated in the second pass by his probabilistic
model. For runs with the generative model based upon Markov grammar statistics, the
first pass uses the same statistics, but conditioned only on standard PCFG information.

The result achieves 90.1% average precision/recall for sentences of terfih
and 89.5% for sentences of length100, when they used ‘standard’ sections of the
Wall Street Journal Treebank.
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Chapter 3

Support Vector Machines

Support Vector Machines (SVMs) were developed by V. Vapnik et al. based on struc-
tural risk maximization from statistical learning theory [41, 42]. We first explain the
binary classification problem and an overview of SVMs. Then, we show the theoretical
advantage of SVMs for partial language analysis. Section3.3 will introduce the kernel
method for dealing with non-linear classification problem. The last section shows two
conventional methods for multi-class classification with SVMs.

3.1 Overview of Support Vector Machines

Binary classification problem

Suppose we are given a training Saif | examples, such as
S={(Xp, 1), (X2, ¥3)s (X ¥i)s o, (X, ¥))
wherex, € R", y; € +1,—1. If y; = 0 represents positive example, and otherwise to
negative example.
Binary classification is frequently performed by using a real-valued fundtion
X C R"— R from given training examples. Laf € R" be a test example, the is
assigned to positive class,fifx’) < 0, and otherwise to the negative example.
SVMs is a kind of the binary classifier with a linear functibfx) = w-x+bin the
feature spacX. We explain a case in which all training examples are linear separable.
Figure 3.1 shows an overview of SVMs in linear separable case. SVMs optimize
parametersv and 'b’ based on maximumargin strategy. The margin is defined as
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the distance between two separate hyperplanes which is equal distance from and a
parallel with the optimal hyperplane. The advantage of the maximum margin strategy
is not fitting for any training examples. Like hyperplane in Figure 3.1. The strategy

theoretically guarantees low generalization error for unknown example even in a high
dimensional feature space.

Opti mal Hyper pl ar;e R \- N ]
B o \.. { ] 4 o °
. \og® 040
‘\ o 040y
| ° ® %o °
o \ o ® e %
Y. ® °
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hyperpl ane with ‘snal | mar\gi n

Figure 3.1. Overview of Support Vector Machines
The margin can be written as normm. Thus, we can find an optimal hyperplane

maximizing margin by solving the following problem:
Primal Problem

minimizes 3|wi|?

subjectto y(x,-w+b>1),i=1,..,l

The primal problem can transform into the following dual problem by introducing
Lagrange multiplieo;. The primal Lagrangian is the following formula:
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|
L(w,b,a) = %HWHZ—;ai (y;(w-x,+b) — 1) (3.1)

The corresponding dual is found by differentiating with respeet &ind b,

aL(w,b !
L(V;\,N,a) _ W_i;aiyixi:o (3.2)
dL(w,b !
% — i;aiyizo (3.3)
|
w o= _Zlaiyixi (3.4)

Eq.(3.4) shows that the optimal can be written as a linear combination of train-
ing examples. And substitute Eq.(3.4) for Eq.(3.1), we can obtain the following dual
problem:

Dual Problem

|
_Zlai — %z Y000 - X (3.5)
i= 1]

i;y,orI =0, 0;>0 (3.6)

The dual problem is the well known quadratic problem, it is possible to solve opti-
mal a;. Finally, the optimal hyperplane can be expressed the following function:

f(x) = sgn(_lzloriyixi ~x+b> (3.7)

Notice that there is a Lagrange multipligy for every training examples. In the
solution, these examples for whieh > 0 are calledsupport vectarand lie on one
of the separate hyperplanes in Figure 3.1. All other training examplesdaveD,
and line on outside a pair of separate hyperplanes. The support vectors are the critical
elements of the training set.

The next section explains why the maximum margin strategy guarantees for low
generalized error bound even in a high dimensional feature space.
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3.2 Low Generalization Error in High Dimensional Fea-
ture Space

The following theorem proof by Vapnik et al [42].

Theorem 1 Let H be a hypothesis space having VC dimension d. for any probability
distribution D on Xx {—1,1}, with probability1— & over | random examples S, any
hypothesis k& H that makes E gmperrors on the training set S has error no more than

En < Erremp+\/h(ln(ZI/h)Jrll)—In(é/4)

provided d< |

Decreasing the generalization error of hypothdsidepend on only the VC di-
mensionh, if the Errorempandl are fixed. And VC dimension of SVMs bounds the
following equation,

h < min(D?/p?n)+1 (3.8)

whereD is the radius of hypersphere covering all training examgdas,the mar-
gin, andn is the dimension of the feature space. Eq.(3.8) denote that VC dimension of
SVMs depend on only the margin if the number of dimension of the feature space is
sufficiently large. Thus maximum margin strategy can decrease the low generalization
error even in high dimensional feature space.

In many NLP tasks including partial language analysis, it is often use a lot of fea-
tures such as word, part-of-speech tags, character type of the word, and so on. There-
fore, we need to deal with high dimensional feature space. However, most previous
learning alorithms were inevitable to over-fitting when they applied to the high dimen-
sional feature space.

However, maximum margin strategy of SVMs make it possible to avoiding the
over-fitting even in a high dimensional feature space.

The next section explains the kernel method for dealing with a case in which clas-
sification problem is potentially not linear separable.
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3.3 Learning with Combination of Features by Kernel
Method

Limitation of the linear learning machine is that it can not deal with non-linear sep-
arable problem like well-known XOR problem. Kernel function can deal with the
non-linear classification by using implicitly mapping the original feature space into
high dimensional space. Especially the polynomial kernel function make it possible to
deal with combination of any features.

We illustrates the advantage of kernel function using a simple example. Consider
the case of two dimensional feature space and polynomial kernel furiC{iin) =
(a-b+1)2 Letab be two dimensional vector&,,a,) and (b;,b,) respectively.
Suppose that a mapping functidn: R? — RS is in Eq.(3.11).

K(ab) = (a-b+1)? (3.9)
= (b, +ab, +1)?
= afb? +2a,a,b,b, +2a,b,
+2a,b, +agh5 + 1
= ®(a) - d(b) (3.10)

D(X) = (8, V2X X, V2Xy, V2%, X3, 1), (3.11)

X = (X3,%5)

Eq.(3.9) can be written as Eq.(3.10), this is equal to the inner product in the map-
ping spaceR®. Note that the space mapped by the functibiave some elements
which represent a combination of two elements k2, , in the original space.

Thus the value of inner produgt(a) - ®(b) in the mapping space can be obtain by
calculating value of functiok (a,b) = (a-b +1)2.

Applying kernel method to SVMs can only replace X| with K(x; -xj) for opti-
mization problem described previous section. Thus we can obtain the foll@iag
problem
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Dual Problem with Kernel Function

| |
Zl .- %Z Yiy; 00 K (X - X;) (3.12)
= 1]

And the decision functiori (x) can be written as the following:

f(x) = sgn(_lzlaiyiK(xi - X) +b> (3.14)

This is equal to linear classification problem in the high dimensional feature space
mapped by functiom.

The advantage of kernel method in NLP including partial language analysis is that
it can handle any combination of features. For instance, collocations as an association
among lexical items, where the probability of iteaco-occurring with itemsy, z,

. Is very important features to solve many NL ambiguity problems. Kernel method
makes it possible to treat these collocations by mapping the original space to a higher
dimensional space.

Conventionally, these features were selected by some heuristics based on the hu-
man institution, or using statistical information such as mutual information between
words. This is because that to use a large number of features causes the problem of
computational cost and over-fitting to data with increasing dimensions of feature space.
The approaches based on feature selection, however, often deteriorate the overall per-
formance of the learning, because it is difficult select all the information needed.

3.4 Multi-Class Classification

SVMs is basically introduced for solving binary classification, while most of the NLP
tasks are a multi-class classification problem. In this section, we introduce two tradi-
tional methods for extension binary classifier to multi-class classifier:

e One versus rest method:
In this methodk different classifiers are constructed, one classfier for each class.
In the classification phase the classifier with the maximal output defines the es-
timated class label of the current input vector.
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e pairwise method:
For each possible pair of classes a binary classifier is constructe#&g&.).
Each classifier is trained on a subset of the training data containing only train-
ing examples of the two involved classes. In the classification phas@',%@
binary classifiers are combined through a majority voting scheme to estimate
the final classification. In use of SVMs as binary classifier, the class with the
maximal number of votes among 5“‘2_—2) classifieres is the estimation.

Computational Cost

It has not well formulated the difference of the performance between one versus rest
method and pairwise method when we use SVMs as a binary classifier. However,
from computational cost point-of-view, these approaches are quite different from each
other. A time complexity of SVMs is known &3(1%) ~ O(12), wherel is the number

of training data.

Supposek categories classification éftraining data, average of size of training
data per one categoriesﬁs And the time of training for all of categories represents
ask'-T(I"), whereT (I') represents the time for learning one binary classifier uging
training data. And’ is the number of binary classifier. We assume thdt) of one
SVMs is roughlyT (I') = C-1”® whereC is a constant. One versus rest method, learning
is done in timeCkI® and pairwise method <2 (2)3 — C% :

In practical, it strongly depends on the task or a given data for which techniques,
i.e. one Vv.s. rest or pairwise method is better. Therefore, we use either of these methods

depending on computational time or accuracy of the task.

3.5 Summary

This chapter describes an overview of the SVMs, especially we mentioned that why
SVMs is effective for partial language analysis. The generalization performance of
SVMs does not depend on the size of dimensions of the feature space, even in a high
dimensional feature space. Furthermore, SVMs can induce an optimal classifier which
considers the combination of any features by virtue of polynomial kernel functions. In
the next two chapters, we present two methods which apply SVMs to partial language
analysis: Named Entity extraction and partial parsing.
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Chapter 4

Japanese Named Entity Extraction
using Support Vector Machines

In this chapter, we describe a method of Japanese named entity extraction by using
SVMs[13]. The first section shows the definition of Japanese named entity extraction.
Next, we explain the method for learning and extracting named entity. In section 4.3,
we will report the experiments of applying our method to the CRL named entity data,
then we will discuss the results and limitation of our method.

4.1 Japanese Named Entity Extraction in IREX

Information Retrieval and Extraction Exercise (IREX) was held in 1999 [14], and fif-
teen systems participated in the formal run of the Japanese NE exercise. Table 4.1
shows the definition of 8 categories of named entity and their examples provided by
IREX.

We employ the definitions of named entity and use the data providing by IREX for
comparing our method with some previous studies.
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Table 4.1. The definition of Japanese named entity in IREX and their examples.

Type of Named Entity Example
ARTIFACT OoooDo0oOO
DATE oooo
LOCATION 00,00
MONEY goododao
ORGANIZATION oo0o
PERCENT ooo,00
PERSON oooo
TIME oooo

4.2 Learning and Extracting Named Entity

4.2.1 Features

Whether a word is inside a named entity or not, it depends on the context of the word
as well as the word itself. For examplé) ] O O ", which consists of two words; “

O 0"and “00 7 is classified into ORGANIZATION. However, the context in which
the word ‘] 00 ” occurs alone, it is assigned to PERSONL [F1 ” which follows “[1
O07in*“0000"is akeyto classify ‘0 0 O O ” into ORGANIZATION. Therefore,

like much of the previous research, we use such contextual information as features.

Contextual informatiorc can be written as a set of triplets, a triplet defines as
(p,t,v), wherep represents the position from current positiphpresents the type of
a feature, and is a value of the feature If p= 0, it shows that the position equals
to the current position If p < 0, itis a preceding-th position from current position.

If p> 0, itis a seceding-th position fromi. A context length can be defined by the
minimum value ofp and the maximum value gb. In our experiments, the context
length is fixed as 5 words i.e., from -2 to 2 p&imilar to Uchimoto’s study.

Table 4.2 summarizes types of features and their values.

The feature of “part-of-speech” gives important clues for named entity extraction,
since named entity is a kind of noun phrase. The values of the feature part-of-speech
are those produced by a morphological analyser.

The “character type” is one of the important clues for discriminating whether a
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type of feature value

part-of-speech Noun, Verb, Adverb etc.
character type | Kanji, Hiragana Katakana Numeric, Symbol
word surface form of the word itself

previous NE-tag B-ARTIFACT,I-ARTIFACT.,..., I-MONEY, O

Table 4.2. Summary of features and their value

p -2 -1 0 +1 +2
words 0o 0 0 0 0o
part-of-speech | Noun  Particle Noun Noun Noun
character types| Kanji Hiragana Kanji,Numeric Kanji Kaniji
previous NEtags O O B-DATE I-DATE B-TIME

Figure 4.1. An example of contextual information.

word is named entity or not in Japanese. The values of the feature are classified into
five categories in table 4.2. And we use all types of characters in a word as features.

The “word” is surface form of the word in the sentence, and the value is a string of
the word itself.

Some named entities consist of several words, for example 1 0 000" as
LOCATION which cosists of three word: X0 07, “0O0” and “O00 0". We can
estimate 1 0 0 0 00O O as LOCATION, if we know that both 1 0 00 "and “00 ”
are words which show LOCATION. Therefore, we use previous NE-tags as features .

Figure 4.1 shows an example of contextual information foi4tewords ‘1 " in a
sentence- 00 000O0OOO ---" In this example, the-th contextual infomation
is the following set of triplets:{(-2, word,C0 O O), (-1, word,O ), (-0, word, O ),

(+1, word,0), (+2, word,0 0O0), (-2, pos, Noun), (-1, pos, Particle), (-0, pos, Noun),
(+1, pos, Noun), (+2, pos, Noun), (-2, char.type, Kanji), (-1, char.type, Hiragana),
(O, char.type, Kaniji), (0, char.type, Numeric), (+1, char.type, Kanji), (+2, char.type,
Kanji), (-2, NE-tag, O), (-1, NE-tag, Q)
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Suppose that kinds of tripletsc, (k < n) for all of the training data in a context
length. Consider the feature spacé which each axis corresponds to a tripggtThe
feature vector corresponding itéh word can be written as follow:

X; = (b(cy),b(Cy),- -+, b(cy), - -, b(Cn))

whereb(c,) = 1 if i-th context includes the contextual informatign otherwise itis 0.
Suppose further that is the NE-tag of wordv,. An example corresponding g can

be represented as a pai(x;,y;). Thus we can learn the classification rules for each
named entity category using SVMs with the pairwise method for multi-class problems.

4.2.2 Extracting Named Entities

Named entity extraction is to estimate NE-tag for each word in a sentence by using a
learned classifier. Thus, we first divide each sentence into some words and put part-of-
speech tags by using morphological analyser. In this process, every contextual infor-
mation of a word is assigned in advance except for NE-tags. However in our algorithm,
features of NE-tags are assigned to words in a deterministic manner, i.e., they are es-
timated in the process of extraction. Such information is dynamically usable through
the NE-tagging process.

In this chapterforward extraction is to assign NE-tags from the beginning of a
sentencebhackward extraction is to assign NE-tags from the end of a sentence. Note
that preceding NE-tags using forward extraction are different from those of using back-
ward extraction, since “preceding” in forward extraction is the side of the beginning of
the sentence, and that in backward extraction is the side of the end of the sentence.

4.3 EXxperiments

4.3.1 Data and Setting

The CRL (Communications Research Lab.) named entity data is a large-scale anno-
tated corpus from Mainichi Simbun news articles . The data contains about 11,000
sentences in 1,174 articles, and the total number of named entities is 19,262. Table 4.3
illustrates the frequency distribution of each named entity categories and the ratio of
the NEs in the data.
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Table 4.3. The frequency distribution of named entity in the CRL data.

Type of NE frequency (%)
ARTIFACT 747 (3.88)
DATE 3,567 (18.52)
LOCATION 5,463 (28.36)
MONEY 390 (2.02)
OPTIONAL 585 (3.04)
ORGANIZATION 3,676 (19.08)
PERCENT 492 (2.55)
PERSON 3,840 (19.94)
TIME 502 (2.61)
Total 19,262

“OPTIONAL" tag was assigned to a case in which a human annotator cannot decide
uniquely the category for a named entity. When only the beginning and the end of NEs
are estimated correctly, itis judged to be correct. Therefore, we also use this evaluation
measure.

Parameters of SVMs

We have to decide two parameters for running SVMs,

¢ type of kernel function and its coefficients

— polynomial function:(Ax; - X+ j + B)d
— RBF function:

— Sigmoid function

e Soft margin parameter

In our experiments, we uskth degree of polynomial functiofx; X+ 1)9 as the
kernel function, and soft margin parameter C is to fixed 0.1 for faster learning time.
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Evaluation measure

We use the standard evaluation measures which are widely used in IR research fields,
i.e., Precision, Recall and F-measure:

ne the number of correctly extracted NEs
~ the number of extracted NEs by the system

e precisio

the number of correctly extracted NEs
the number of NEs annotated by a human

e recall =

2Precisionx Recall
o F—measure= Precision-Recall

We evaluate our method by using 5-fold cross validation for the CRL named entity
data set. We do not use the formal run test data, since only the participants of the IREX
workshop allows to use the formal run test data.

4.3.2 Results

We first show the extraction accuracy of the following 4 kinds of feature spaces and
investigate which features contribute the extraction accuracy for each named entity
category.

(1) word and major categories of part-of-speech

(2) word, major and minor categories of part-of-speech

(3) word, major categories of part-of-speech, and character types

(4) word, major and minor categories of part-of-speech, and character types

In this experiment, we fixed the setting as the following: representation of named
entity is the IOB2 model, the direction of extraction is forward, the kernel function is
polynomial function(x; - X; + 1)2. Table 4.4 summarizes the results.

Table 4.4 shows that the best results is 82.0 of F-value in feature space (4), even the
number of dimensions of the feature space become to be about 94,400. Part-of-speech
minor categories contribute the accuracy for PERSON, ORGANIZATION and LOCA-
TION categories, since some minor tags include directory clues like Noun-Pronoun-
Person O-0000-00).

This demonstrates that the performance of NE, especially to extract ORGANIZA-
TION, PERSON and LOCATION categories depends on dictionaries(proper-nouns)
prepared in morphological analysis systems.
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Table 4.4. The extraction accuracy for each feature set.

Fs_, value
feature type @ @ @G @

ARTIFACT 46.5 45.8 47.0 46.8

DATE 89.4 91.1 90.7 91.9
LOCATION 76.3 81.6 78.182.3
MONEY 90.5 91.3 915 91.0

ORGANIZATION | 64.2 75.8 67.8 75.7
PERCENT 91.2 913 913 911
PERSON 69.6 83.7 729 85.0

TIME 89.0 88.9 89.3 88.7
Total 74.8 815 76.8 82.3

There are no significant improvements for DATE and PERCENT by including part-
of-speech minor tags as features. On the other hand, the accuracy of ARTIFACT,
MONEY and TIME decreased. These results shows that it is necessary to select opti-
mal feature space for each named entity category.

Named entity representation and direction of extraction

We investigate the extraction accuracy for each NE-representation models and each
direction of extraction.

Table 4.5 shows that the best result is the IOB2 model and backward extraction
and it attained 83.2 of F-value. For most of NE-representation models, the results of
backward extraction is better than those of forward extraction, except for the IOB1
model.

Effectivness of Learning with Combination of Features

Table 4.6 illustrates the extraction accuracy using different number of degree of poly-
nomial kernel function.

The best resultis id = 2, i.e., learning with combination of any two features. All
of the results ird > 2 are superior to any one df= 1. This means that learning with
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Table 4.5. Extraction accuracy and combination of NE-representation models and di-

rection of extraction

Fﬁzlvalue

Chunk-tag IOB1 I0B2 IOE1 IOE2 SE
extraction direction for. back.| for. back.| for. back.| for. back.| for. back
ARTIFACT 471 445|46.8 47.1|47.2 48.3|448 46.3|44.1 47.1
DATE 920 919,919 922|919 926|91.3 924(91.0 91.8
LOCATION 82.6 823|823 825|825 82.8|82.1 819|817 81.8
MONEY 90.7 93.9/91.0 94.3|90.7 93.9/90.6 94.1|90.9 94.0
ORGANIL. 76.1 78.0|75.7 79.0|76.3 76.7|752 757|747 7T7.9
PERCENT 89.2 948|911 94.2|89.1 925|886 91.8(91.4 937
PERSON 85.0 855|850 86.3(851 855|849 852|848 85.7
TIME 87.1 89.0/88.7 89.2|87.1 86.5|84.3 86.3|88.7 88.7
Total 824 821|823 832|824 829|812 817|812 824

combination of features is an important factor for named entity extraction.

Determistic extraction

Our method has somewhat incremental nature, i.e., it estimates deterministically NE-
tag and use the results to analyse later sequence of a sentence. Therefore, itis important
to ensure how we can estimate earlier NE-tag without false.
We extract approximately the optimal NE-tag sequence for the whole sentence by
using beam search algorithm. A degree of priority for each nhamed entity category
defines as the number of vote using pairwise method. Then we compare with our
deterministic extraction method.
Table 4.7 illustrates the results, heveepresents the beam width, and processing
time shows the ratio for the deterministic method.
The results show that searching an optimal NE-tag sequence using beam search
does notimprove extraction performance. This demonstrates that it is difficult to define
the degree of priority by using outputs of SVMs. SVMs is a binary classifier, not a
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Table 4.6. The number of degree of polynomial kernel function and the extraction
accuracy.

Fle measure
d 1 2 3 4
ARTIFACT 28.7 47.1 46.3 443
DATE 89.1 92.2 91.2 90.2
LOCATION 78.4 825 819 815
MONEY 94.1 943 93.7 935

ORGANIZATION | 71.5 79.0 775 76.7
PERCENT 928 94.2 93.1 92.8
PERSON 82.0 86.3 85.6 85.2
TIME 86.5 89.2 87.4 86.9

Total 78.5 83.2 82.3 81.7

probability estimator. Therefore the number of votes in the pairwise method dose not
represent preciously the degree of priority which a word is classified into an NE-tag.

4.3.3 Discussion
Failure Analysis

One of the causes of the error is that named entity boundary is often different from
the word segmentation of the output by morphological analyser. For example, “
[0 0" is segmented into two words{1'0 " and “00 O ” by the morphological analyser
‘ChaSen’. However 0 00 ”is a LOCATION defined in IREX. We cannot extract this
named entity in that case, because our method assigns NE-tag to a word segmented by
the morphological analyser.

We investigate the effect of this problem by using the following two kinds of pre-
processing, then compare those with our method.

e preprocessing (A): In the training data, if the word segmentation of the morpho-
logical analyser is different from the boundary of NE, the word in the test data
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Table 4.7. The beam width and the extraction accuracy.

F-measure
w 1 3 5 10
ARTIFACT 47.1 47.3 46.3 46.6
DATE 92.2 92.3 92.3 923
LOCATION 825 82.6 82.6 827
MONEY 94.3 94.3 94.3 94.3

ORGANIZATION | 79.0 78.8 78.8 78.7
PERCENT 942 94.2 943 945
PERSON 86.3 86.0 86.0 85.9

TIME 89.2 89.1 88.8 89.0
Total 83.2 83.2 83.1 83.2
Ratio of Time 1 342 552 10.73

is subdivided into two parts. For example, a word suchCasl” is subdivided
into ‘00 "and ‘0.

e preprocess (B): For all of NEs in the test data, word segmentation is performed
beforehand according to the annotated information.

Table 4.8 shows that the accuracy of preprocessing (A) is lower than those of non-
preporcessing methods. One possible reason behind this is that the segmentation of
preprocessing (A). We recall that in the preprocessing (A), a word sudh &s is
subdivided into [1 " and ‘0’ if the result of morphological analyser is different from
the result of NE. As a result[T O’ which should be a meaningful word itself are
subdivided into[1* and ‘00 ". This yields a high recall rate, but low precision rate.

For further improvement, it is necessary to tag part-of-speech correctly and to seg-
ment words correctly. The results of the (B) can be view as the upper bound accuracy
of our method in which the morphological analyser produces the complete word seg-
mentation and the part-of-speech tags.
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Table 4.8. Effects of word segmentation by morphological analyser.

F-measure
our method (A) (B)
ARTIFACT 47.1 48.3 48.2
DATE 92.2 92.7 92.8
LOCATION 82.5 82.6 87.8
MONEY 94.3 94.3 94.5
ORGANIZATION 79.0 77.3 81.4
PERCENT 94.2 91.4 97.1
PERSON 86.3 85.7 86.4
TIME 89.2 85.2 90.1
Total 83.2 83.0 85.9
Precision (%) 86.4 85.1 88.1
Recall (%) 80.3 81.0 839

Comparison with Related Work

We compare our method with two related work for demonstrating the effectiveness
of our method, although it is impossible to compare our method with their methods.
This is because the IREX test data set is no more available. The two related works are
Uchimoto’s [17] and Sassano’s [22] studies. Uchimoto’s study is the best results using
machine learning techniques of the participants in the IREX workshop [14]. Table 4.9
illustrates the summary of these results.

Table 4.10 shows that the extraction accuracy for each set of 5-fold cross-validation
in our method, since we can not use IREX test data set. As we introduced in Chap-
ter 2, Uchimoto’s method uses a maximum entropy model and transformation rules
for Japanese named entity extraction. Transformation rules are automatically acquired
from the training data using the difference between word segmentation by morpholog-
ical analyser and correct named entity boundary. Table4.9 shows that the results of
their method attained 80.17 at F-value for GENERAL data in the IREX.

Sassano et al. usesriable length modelor Japanese named entity extraction.
Their method restricts the model to explicitly considering the cases of NEs of the length
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Table 4.9. Comparison with related work

Uchimoto Sassano our method
features word, part-of-speech, character types
morphological JUMAN BREAKFAST ChaSen
analyser
length of the con- +2 variable length +2
text (num.  of
word)

Chunk represent- Start/End Start/End 10B2

tation

word segmentat transformation nothing nothing

tion rule

training data CRL NE data CRL NE data CRL NE data
dry-run data

size(sentence) about 12,000 about 11,000 about 8,800

Learning Algo-| Maximum  En-| Maximum  En- SVMs

rithm tropy tropy

F-value 80.17 82.8 83.2

Table 4.10. The accuracy for each data set in 5-fold cross-validation.
Total | 1 2 3 4 5
83.2 1828 833 84.8 81.6 83.6
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up to three words and only implicitly considering those longer than three morphemes.
It also restricts the model by considering two words in both left and right contexts of the
NE. They use Start/End and I0B2 schemes for NE-representation. Like Uchimoto’s
method, they use three kinds of features: (i) a pair of word and part-of-speech tag, (ii) a
pair of character types and part-of-speech, and (iii) part-of-speech tags. The character
type consists of 6 elementktiragana Kanji, Katakana Numerig Alphabet Symbal

and their combination. The results show that the success rate of 82.8 of F-value.

Table 4.10 shows that the performance of our method is at least 81.6 which is
similar to Uchimoto’s result. The result of Sassano’s method outperforms our method
in some conditions. One possible reason is that they vaedble length modekhich
implicitly considering the length of named entity longer than three morphemes. For
future work, it is necessary to incorporate this technique into our method.

Uchimoto and Sassano’s method use a simple feature selection in the training data.
For example, Uchimoto’s method only uses words in the data with more than two
occurrences. This means that it may deteriorate the performance on the training data
itself. Actually, Uchimoto’s study reports on the accuracy of about 85.0 at F-value for
GENERAL domain training data in IREX. On the other hand, our method does not
select features using any heuristics. The accuracy for the training data of our method
is 99.7 despite the fact that our method dose not select features using any heuristics.
From this point-of-view, our method is more effective than their method.

SVMs can learn with exhaustive combination of any features by virtue of poly-
nomial kernel functions without explosively increasing computational costs. Further-
more, maximum margin strategy of SVMs makes it possible to avoid over-fitting even
in a high dimensional feature space mapped implicitly by a polynomial kernel function.

4.4 Summary

In this chapter, we reported an experimental study for Japanese named entity extraction
using Support Vector Machines. We also showed how SVMs can be used effectively
to extract named entity using the CRL named entity data with the IREX named entity
task.

We first described the definitions of named entity in IREX and then presented a
method to extract them using SVMs. We reported the results of experiments. The re-
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sults of cross validation showed that our method attained more than 83 of F-value. The
results also show that in Japanese named entity extraction, backward extraction method
is more effective than one of forward extraction. Further, throughout the experiments,
we have found that a learning model concerning combination of features is necessary
for extracting, especially combination of any two features is the best performance.

39



Chapter 5

Partial Parsing in English

In this chapter, we propose a method for partial parsing using SVMs. We first described
our motivation: why partial parsing is needed for language analysis by comparing it
with a parser which constructs a complete parse tree, and define some notation. Next,
we explain our parsing algorithm and how to apply SVMs to learn for partial parsing.
Finally, we report on our evaluations using Penn TreeBank.

5.1 Why Partial Parsing is needed for Document Pro-
cessing?

Natural language parsing for language processing is to take a sentence as an input
and returns syntactic representation as the output. In this process, we encounter a
number of syntactic ambiguities, such as noun phrase ambiguities, prepositional phrase
ambiguities and the scope of coordinate conjunction ambiguities and so on. Therefore,
it is not easy to produce the correct parse result automatically. Sentence (1) shows one
of the typical ambiguities in English sentences: PP attachment.

(1) Isaw a girl with a small telescope.
Difficulties in resolving PP attachment ambiguity arise because of the Polyphemus
usage of prepositions. In (1), there are at least two interpretations, and the results
using conventional parsing techniques are illustrated in Figure 5.1 and 5.2.
In Figures 5.1 and 5.2, boxes at the bottom denote words with part-of-speech infor-
mation which forms a sentence. Figure 5.1 shows that a phase ‘with a small tele-
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| {saw}
VP
__| {saw}
NP
{girl}
PP
{wi t h}

NP NP NP
{1} |_{girl}_| |_{telescope}
PRP VB DT NN I'N DT JJ NN
| saw a girl with a smal | t el escope

Figure 5.1. A parse tree for 'l saw a girl with a small telescope’.

S
— {saw}
VP
{saw}
VP PP
{saw} _| {wi t h}
NP NP NP
{1} I_{girl}_| |_{telescope}
PRP VB DT NN I'N DT JJ NN
| saw a girl Wwith a smal | t el escope

Figure 5.2. Other parse tree for 'l saw a girl with a small telescope’.
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scope’ modifies the noun word ‘girl’, whereas Figure 5.3 shows another interpreta-
tion: a phrase ‘with a small telescope’ modifies the main verb ‘saw’. Syntactically,
a prepositional phrase attaches to a noun phrase(‘a girl’) slightly more often than to
a verb(‘saw’). However, the difference is small and the real interpretation is decided
using thecontextin which a preposition is used.

PP

_J{with}
NP NP NP
{1} H{girl} L _|{tel escope}
PRP VB DT NN I'N DT JJ NN
| saw a girl with a smal | t el escope

Figure 5.3. Partial parse tree for 'l saw a girl with a small telescope’.

One significant feature of partial parsing technique is to give an interpretation par-
tially in the form of parse sub-tree which is not contain ambiguities. For instance, the
result of (1) using partial parsing is illustrated in Figure 5.3, instead of Figures 5.1 and
5.2.

In this chapter, @onstituenttorresponding to a node in a tree, is represented as a
pair of a phrase label and a head word:

label: label denotes a category of a constituent such
as NP, VP and so on. In particular, the label
constituent at a terminal node, i.e. a leaf, refers
to a part-of-speech tag.
head : head refers to the head word of the constituent.
The notation of a constituent is 'labéhead’, especially, a terminal node can be writ-

ten as 'I/PRP’. A sub-tree(or tree) can be written in a bracketed form. For example, a
noun phrase 'a girl’ in figure 5.1 can be written as follows:
(NP-{girl} (a/DT girl/NN))
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5.2 Parsing Algorithm

Our parser employs a deterministic bottom-up algorithm, that constructs labeled syn-
tactic binary trees using three kindsparsing actionsshift, unary: X, andbinary:X,H .
Here, X represents a label, H denotes the head of the tree (i.e. left or right).

These parsing actions constitutmadelwhich is learned by SVMs, and a sentence
is parsed by repeatedly executing the action for the current constituent; hethe
i-th constituent in a sentence. Three actiostsft, unary:X, andbinary:X,H are
described as follows.

e unary:X
unary:X means to construct a new constituent labeled X from the current con-
stituentc,, and the new constituent X is inserted into a current constituent. Figure
5.4 shows the action unary:X.

unary: X

Cia Ci Cis1

3 {2}
\

Ci-l new Ci Ci+1
X
{a}
|
A
{a}

Figure 5.4. An example of the action 'unary:X’

Figure 5.4illustrates the action unary:X, i.e. unary:X is inserted into a current
constituent, ‘a’, where ‘a’ refers to the head word of the current constituent.

e binary:X,H
binary:X,H is to construct a new constituent labeled X from the current and
succeeding constituents, and ‘X’ is inserted into the current constituent in two

ways.
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If H is to ‘Left’, then the head of the new constituentds otherwise it isc; ;.
The left hand side of Figure 5.5 illustrakenary:X,Left action, and the right
hand side shows thginary:X,Right action.

bi nary: X, H

Cia Cj Civ1 Cit2

A B
{a} { b}

Cia new C; Cis2 Cia new Ci Cis2
I— {a} |~ ¢ (b} —I
A B A B
{a} { b} {a} { b}

Figure 5.5. An example of the action 'binary:X,H’

e shift

shiftis to move the current positiarto the next + 1 position, i.e. no construc-
tion of a new constituent.

Next, we describe an overview of a parsing mechanism step by step, especially the
procedure to construct a parse tree in a bottom-up style using these actions. Initially,
the input sentencBis given to the parser a part-of-speech tag is assigned to each of
the words as shown in Figure 5.7. In Figure 5.7, down ariamdicates the current
position, i.e, ‘I/PRP’, in this case.

As shown in Figure 5.8, for the constituent of current position, i.e., ‘I/PRP’, if the
model outputs the action 'unary:NP’, the parser executes the action, creating a new
constituent which is labeled by 'X’, and constructs a unary tree by inserting the new
box, ‘NP-{l}’, into the current constituent, ‘I/PRP’. As the head word of the new
constituent is {I}’, the constituent at the current position is replaced by the created
new constituent 'NPH }'.
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Figure 5.6. An example of the action ’shift’

Next

Ci Cin1 Cir2
A B

{a} { b}

Ci1 Ci Cis
A B

{a} { b}

current position
PRP VB DT NN I'N DT JJ NN
| saw a girl with a smal | t el escope
Figure 5.7. Initial state
unary: NP
NP VB DT NN I'N DT JJ NN
{1} saw a girl with a smal | t el escope
]
PRP
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The next step is that the parser recursively inquires to the model which action
should take at the same position (Figure 5.9). If the model answers the action ‘shift’,
the parser moves the current positido the nexi + 1 position. Figure 5.14 illustrates

the action.

NP VB DT NN I'N DT JJ NN
{1} saw a girl with a snmal | t el escope
]
PRP
|

Figure 5.9. The model answers to the action 'shift’

NP VB DT NN I'N DT JJ NN
{1} saw a girl with a smal | t el escope

Figure 5.10. Execution of 'shift’

In a similar way shown in Figure 5.11, the model answers the action ‘shift’ for the
constituent, ‘'saw’, and the parser moves the current position to the next position.

The next step is that the parser executes the action ‘binary:NP,R’ according to an-
swer from the model. The actidmnary:X,H constructs a new constituent labeled
X using the current and next constituents, and ‘X’ is inserted into the current con-
stituent in two steps according to the value of ‘H’. In this case, the parser creates a new
constituent of label ‘NP’, and inserts this between a current position ‘a/DT’, and the
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NP VB DT NN I'N DT JJ NN
{1} saw a girl with a smal | t el escope
|
PRP
|

Figure 5.11. Execution of the action ‘shift’

next position ‘girl/NN’. ‘girl’ is selected as the head, since ‘H’, in this case, equals to
‘Right’. The current position becomes the new constituent, fgR}}’. Figure 5.12
summarizes these steps.

bi nary: NP, R

NP VB NP I'N DT JJ NN
{1} saw «{{girl} with a smal | t el escope
[ i 1
PRP DT NN
| a girl

Figure 5.12. Execution of action ’binary:NP,R’

As shown in Figures 5.13 and 5.14, the procedure is repeated until the current
position moves on the last constituent of the sentence. Then the procedure is repeated
from the beginning of the sentence until any new reduction action is applicable.
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NP VB NP I'N DT JJ NN
{1} saw ~{girl} with a smal | t el escope
. |
PRP DT NN
| a girl
Figure 5.13. The model answers to the action 'shift’
NP VB NP IN DT JJ NN
{1} saw ~{girl} with a smal | t el escope
. |
PRP DT NN
| a girl

Figure 5.14. Execution of the action ’shift’
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5.3 Applying SVMs to General Parsing

5.3.1 Converting N-ary tree into binary tree using head rules

The parsing algorithm in the preceding section constructs a binary tree for the input
sentence in a bottom-up manner.

The trees used for learning, therefore, should be binary. However, most of previ-
ous researches are based on the Penn Treebank, which uses N-ary tree representation.
Thus, the first step to apply SVMs to parsing is to convert N-ary trees into binary trees.
We use Penn treebank parse trees and convert them into binary using head rules.

Table 5.1 shows a sample of NP head rule. Other rules are shown in Appendix B.
The first column is the label of the mother, and the second shows the starting position
in searching for the head. Starting position has either of two values, ‘left’ and ‘right’.
‘Left’ indicates that the search should go from the first child of the children, and 'right’
shows that the search should go from the last. Third column shows the priority order.

Table 5.1. NP head rule
label | starting position priority

NP right (POS, NN, NNP, NNPS, NNS), NX, JJR, CI
JJ, JJS, RB, QP, NP

O

Figure 5.15 shows an example of converting an N-ary tree to a binary tree using the
head rule. ‘H’ in Figure 5.15 is the head constituent of the N-ary tree ‘X'.

Conversion starts from the left of the head constituent ‘H’, and each node is trans-
lated into binary tree. Each node of a binary tree is called ‘intermediate node’, and its
label *X’ represents the intermediate node of ‘X’. The head of the intermediate node,
e.g., ‘X' is obtained by applying head rules. This process is also used to convert binary
tree into N-ary tree.

Figure 5.16 illustrates the binary tree that is obtained by converting the N-ary tree
of Figure 5.1. In the next section, we present a method to learn syntactic rules by
applying SVMs.

49



{h}

{a} {b} Thi {d} {e} I_{h} ...........

X
i L)Y S

X

P [0 _I
X
{h

B

N ; .
H D E
{a} { b} {ht {d} {e}

Figure 5.15. An example of converting N-ary tree to binary tree.

S head
o { saw} —| -------------- non- head
VP
— | {saw} |ocrcreeeenen .
NP
{girl} b, .
PP
_{wi th} L,
NP
...]{tel escope} _l

NP NP NP
{1} {girl} { ~J{tel escope}

[ [ 1 . 1
PRP VB DT NN I'N DT JJ NN

| saw a girl with a smal | t el escope

Figure 5.16. An example of the binary tree for the sentence (1): “I saw a girl with a
small telescope.”
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5.3.2 Learning Parsing Actions

As we described in the previous sections, our parser constructs labeled syntactic binary
trees using three kinds of parsing actions, instead of using a paticular grammar rules.
Therefore, the model needs to answer the appropriate action in the context. Thus the
learning for the parsing is to to learn which ‘actions’ should be taken in a particular
context. Each training example corresponds to each action in parsing process, and is
obtained by parsing training sentences itself with regarding the model as parsed tree
corresponding the sentences. This is one of the classification task that classifies an
arbitrary constituent or two adjacent constituent into the parsing action. We can apply
SVMs to the task.

For learning rules for classifying into parsing action, we use contextual information
as features. Contextual informaticrcan be written as a set of triplets similar to that
in Chapter 4. A triplet can be written @p,t, V), wherep represents the position from
current position, t presents the type of a feature as follows, arid a value of the
featuret.

o Default feature

— constituent-labelthe label of the constituent at the context. For example,
if the constituent NFgirl}, the value of tonstituent-labelfeature is NP.
In this chapter, the feature is written as 'const-label’ for short.

— head-word the head word of constituent. If the constituent (i }, the
'girl’ is the value ofhead-wordfeature.

— head-posthis refers the part-of-speech tag of the head. If ‘{gi}’, NN
is the value ohead-podeature.

e Special feature for PP and CC

— PP non-head information :
Suppose a sentence, ‘| buy a car with money’. This sentence an example
of PP attachment, thus, a parsing algorithm constructs two syntactic trees
like Figures 5.17 and 5.18. As we mentioned in the previous section, syn-
tactically, prepositional phrases attach to noun phrases slightly more often
than to verb, and the tree shown in Figure 5.18 is regarded to be a correct
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parse tree. This judgment is made by a noun ‘money’ followed by ‘with’.
However, default feature which uses only a head word information can not
assigned correctly, since its featurgvgith }. We therefore, useonst-label
head-word andhead-pof non-head in prepositional phrase as features.
These three special features for PP are distinguished from those of default

features.
S
—1 {buy}
VP
— {buy}
NP
|— {cars} —|
NP NP PP
{1} {cars} {wi th}
. — [—
PRP VB NN I'N NN
| buy cars with noney

Figure 5.17. An unlikely parse tree for the sample sentence “I buy cars with money ”.

— CC: CCisone of mostimportant clue whether a action 'binary X,H’ should
take or not.

In head rules, CC which followed by NP is not head word. Therefore, it
is necessary to distinct whether or not NP accompanies with CC. We use
intermediate nodes which accompanies with CC as features.

Figure 5.19 illustrates an example of CC. ‘NP’ has ‘and/CC’. Arrow in Fig-
ure 5.19 shows that the intermediate node ‘NBiH} accompanies with
‘and/CC’.

‘and/CC’ use as a feature until the sub-tree of NP are completely parsed.
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{ buy}

{ buy}

NP

{1}

NP

PP

{cars}

I—{with}

PRP

VB

NN

I'N

NN

buy

cars

with

money

Figure 5.18. A likely parse tree for the sample sentence “I buy cars with money ”.

NP
........... {girl}
l\iP NP’ <and>
>
..... _| ~{gi r|/}/_|
c /|| w
and '| [{girl}

Figure 5.19. Special feature for CC
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Suppose that, (k < n) is a triplet as contextual information, whevés the number
of different triplets for all of the training sentence. Consider the feature spane
which each axis corresponds to a triptgt the feature vectox can be written as
x = (b(cy),b(cy),---,b(c), --,b(cn)), whereb(c,) = 1 if a context in the parsing step
includes the contextual informatian, otherwise it is 0. Suppose further thais the
parsing action in the context. An example can be represented as dyair. :Thus we
can apply SVMs with one-versus-rest method in Chapter 3 to learn rules classifying a
context into the parsing action.

bi nary: NP, L

---------------------------------- ‘
Nl ovB NP PP |
0y |l saw ~{{girl} {with} |
e frvee A N Nvrererll
PRP DT NN I'N NP
| a girl wth [t el escope} —|
DT NP’
a E--[tel escope} —|
JJ NN
smal | t el escope
I default features I
(-1, const -1 abel , VB) (0, const - | abel , NP) (+1, const -1 abel , PP)
(-1, head- pos, VB) (0, head- pos, NN) (+1, head- pos, I N
(-1, head-word, saw) (0, head-word, girl) (+1, head-word, wi t h)

speci al features

(+1, spec. PP-const - | abel , NP)
| classification category | (+1, spec. PP- head- pos, NN)
(+1, spec. PP- head-wor d, t el escope)

bi nary: NP, L

Figure 5.20. A sample of a training example.

Figure 5.20 shows a sample of a training example in a parsing process when each
length of left and right context is 1. In the Figure 5.20, contextual information is the
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following set of triplets: {(-1, const-label VB), (-1, head-word saw), (-1,head-pos
VB), (0, const-labelNP), (0,head-word girl), (0, head-posNN), (1, const-label PP),
(1, head-word with), (1, head-posIN), (1, spec. PP const-labeNP), (1,spec. PP
head-word telescope), (1spec. PP head-posiN)}.

5.3.3 \Variable context length model

In the fixed 2 context length, our parser cannot parse some phrase which include the
punctuation of ’; or ’:’. Figure 5.21 and 5.22 illustrate an example of this problem.

NP
5-{Cuperti no} -|

VBN I'N DT NNP
predi cted ||that the | ICupertino

< ont ext >

Figure 5.21. The Problem of fixed context length

NP
{ conpany} —I
NP’

I—{ conpany}

NAC

—{Calif.}—l

NAC
{calif.}

]
NAC
{calif.}

VBN I'N DT NNP NNP NN MD VB
predi cted ||that the | [Cuperti no Calif. conpany will report

Figure 5.22. The Problem of fixed context length
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Figure 5.21 shows the result when we use current position as ‘the/DT’, and the
length of context is 5 (i.e., left and right context lengthti& constituents). In this
context,it can be interpreted that ‘the/DT’ and ‘Cupetino/NNP’ make {Ripeting-.

The correct interpretation of Figure 5.21 is illustrated in Figure 5.22. We can see that
the action which is shown in Figure 5.21 is not correctly interpreted.

To solve the problem, we extend our method, i.e. 1) variable length of context
which use right context length so as to be longer than that of left context length, 2)
when CC :, 7, and “ are included in the right context, variable length of context is
applied to these features. This model is 'variable context length model'.

5.3.4 Dividing training examples into some parts

As mentioned in the preceding section, a training example corresponds to a pair of
parsing action and feature vector as its contextual information.

However, the number of training examples corresponds to the number of parsing
actions and become to be a large size when the number of training sentences increases.
As a result, it is difficult to use all of the training data because of a large amount of
computational cost (actually, when we use 5 context length as features, the number
of training example is more than 3,000,000 for about 40,000 sentence of the standard
training set in Penn treebank corpus).

For solving this problem, we divide a set of training example into some subsets
according to theonst-labefeatures. LeBbe a set of all of the training examples and
L be a set of constituent label i.&.= {NP,VP,PP,---I, }. We define a set of example
S, as follows:

§, = {(x,y)[(0,const—label ly) € x}
Furthermore, some sets af) are subdivided inté)‘%’Iq defined as follows:
S|p’|q = {(x,y)|(0,const—label | ) € x, (1, const—label l4) € x}
Using a simple heuristic, we determine whether S is subdivided or not\,q.pgh,\ <

30,000. Thus multi-class SVMs using the one versus rest method in Chapter 3 is
applied to each different set of example independently. Then each claﬁﬁtﬁerand
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fi,14(X) is constructed by learning from each sefpfands , .

A test examplex' including triplet(0, const— label, I)) and (1, const-label ;) is
classified into a parsing action by using the SVMs learned from the exampﬁs”%et
If there is no SVMs learned from the exampﬁ%la (that means, a s@b did not
subdivide) x’ is classified into a parsing action by using the SVMs learned tﬁ(gm

For instanceSp is the set of examples containing the triplet¢dnst-label NP).
The |Sypl| is more than 500,000 in the standard training set of Penn Treebank Wall
Street Journal corpus, aifpn [, [Syp. | [Supvel: [Sup.ls [Supepls [Sypyepl are more
than 30,000 in the corpus. we divide gy into some subsetsSypn, Syp.: Sypyp:
SNp.r Shpppr Supvep a@nd each resulting set whichp is removed from each set:

NeIN' Ne,» Neve e SNpPP NPVED:

5.4 Experiments

5.4.1 Data and Setting

The data we use in the experiment is from section 2 to 21 and 23 of the Penn Treebank
Wall Street Journal corpus. This is a gold standard data set. We use 2-21 for training,
and 23 for test data, i.e., we use the same data in our evaluations to make our results
comparable with the results by others in the Penn Treebank benchmark evaluations
described in Chapter 2.

Most of previous studies use the perfect post-edited output of part-of-speech tag-
ging, or perfect annotation by human intervention. We also use the perfect analysis.
Further, previous studies evaluate their method by using two types of data: one is a
set of sentences consisting of less than 40 words, and another is a set consisting of all
sentences in the target section.

5.4.2 Results

Fixed versus variable context length

We investigate parsing results to compare fixed length with variable length model.
Table 5.2 illustrates the parsing results of fixed and variable length model. In Table
5.2, L and R in (L,R) shows that the length of left context and that of right context,
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respectively. The result of the variable length model by far outperforms the fixed lenght
model.

Table 5.2. Comparison fixed length with variable length model. (size of training =
39,832 sentences)

(2,2)
all sentences fixed variable
LR(%) 84.2 87.0
LP(%) 85.1 87.9
CB 151 1.18
0CB(%) 546 61.3
2CB(%) 775 827
length< 40
LR(%) 85.0 87.8
LP(%) 85.8 88.6
CB 1.30 1.00
0CB(%) 58.0 64.5
2CB(%) 80.3 85.3

Table 5.3 illustrates how the length of left and right context influences parsing
accuracy.
Table 5.3 shows that the best result is when we use the model (2,3) (i.e., 2 left and 3
right context), and the labeled precision and recall attained 88.1% and 88.9%, respec-
tively. The accuracy of model (1,3), (2,3) and (2,4) were superior to those of the model
(1,2) and (2,2). This demonstrates that the parsing accuracy depends on the context
length, and the longer the right context contributes the performance. The result of
(2,4) was worse than that of (2,3). One reason behind this lies that features which
are not effective for parsing are included in the context (2,4). Therefore we need to
investigate the optimal context length for improving the accuracy of our parser.
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Table 5.3. Context length and parsing acurracy. (size of training = 39,832 sentences)
all sentences (1,2) (1,3) (2,2) (2,3) (2,4
LR(%) 86.7 87.3 87.0 88.1 87.6
LP(%) 87.6 88.3 87.9 889 885
CB 1.16 1.05 1.18 1.02 1.05
0CB(%) | 60.9 625 613 63.5 62.9
2CB(%) | 83.1 84.4 827 85.1 84.6
length< 40
LR(%) 87.5 88.2 87.8 888 884
LP(%) 88.3 88.9 88.6 89.5 89.0
CB 0.98 0.90 1.00 _0.87 0.90
0CB(%) | 64.2 65.5 64.566.3 65.8
2CB(%) | 85.7 86.6 85.3 87.3 86.7

5.5 Comparison with Related Work

We compared the variable context length method (i.e., left context is 2, right context is
3, respectively ) with three related work: Ratnaparkhi [31], Collins [26], and Charniak
method [8]. Table 5.4 summarizes our evaluation.

Table 5.4 shows that the result of our method outperforms Ratnaparkhi’s and Collin’s
one, since the accuracy of our method attained 88.1%/88.9% labeled recall/precision,
while Ratnaparkhi’'s method attained 86.3%/87,5% and Collins’s parser attained 88.1%/88.3%
for all of the test sentences.

Charniak method is superior to our method, this is because his method empolys
two path approch: (i)first path is to generate candidate possible parse tree, (ii) then
the second is to evaluate these candidates using probablistic generative model based
on top down derivation using treebank grammar extracting from Penn Treebank copus.
However, the effect of the treebank grammar in the second path strongly depends on
the Penn treebank corpus, because the grammar are extracted from the parsed sentence
of training data using statistics of context-free rules and some heuristics. Therefore, it
is not clear if his approach is effective for different corpora.

Our approach, on the other hand, does not depend on the specific grammar rules or
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Table 5.4. Comparison with related work (size of training = 39,832 sentences).

all sentences our method| Ratna99 Coll00 Char00
LR(%) 88.1 86.3 88.1 89.6
LP(%) 88.9 87.5 88.3 89.5
CB 1.02 - 1.06 0.88
0CB(%) 63.5 - 64.0 67.6
2CB(%) 85.1 - 85.1 87.7

length< 40

LR(%) 88.8 - 88.5 90.1
LP(%) 89.5 - 88.7 90.1
CB 0.87 - 092 0.74
0CB(%) 66.3 - 66.7 70.1
2CB(%) 87.3 - 87.1 89.6

corpora, since it requires only head rules and a given syntactic trees for learning. This
yields the best results among the previous one path approaches, although our parser
employs a deterministic bottom-up algorithm with one path mechanism.

5.6 Summary

In this chapter, we reported an experimental study for partial parser using SVMs. We
first described our motivation: why partial parsing is needed for language analysis
by comparing it with a parser which constructs a complete parse tree. We then ex-
plained our parser which constructs a binary parse tree with a deterministic bottom-up
algorithm. We regarded each parsing process as a classification task that classifies
the context into the action for constructing parse tree, and applied SVMs to learn the
classification rules. The result using Penn Tree bank corpus shows that our method
outperforms Collins’s one: the accuracy of our method attained 88.1%/88.9% labeled
precision/recall without a paticular grammar and some semantic information.
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Chapter 6

Conclusion

6.1 Summary

In this thesis, we focused on partial language analysis: Japanese named entity extrac-
tion and partial parsing in English, and proposed a new method using Support Vector
Machines for effective analysis.

Firstly, in Chapter 2, we reported on some studies related to the named entity ex-
traction and parsing with a machine learning approach which are similar to our own. In
Chapter 3, we briefly introduce an overview of the SVMs and its theoretical advantage
for partial language analysis.

In Chapter 4, we described a method for Japanese named entity extraction using
SVMs. The results of cross validation using the IREX data showed that our method
attained more than 83 of F-value. Throughout the experiments, we found that (i) in
Japanese named entity extraction, backward extraction method is more effective than
one of forward extraction, and (ii) a learning model concerning combination of fea-
tures is necessary for extracting, especially combination of any two features is the best
performance.

In Chapter 5, we presented partial parser which constructs a pased binary tree with
a bottom-up deterministic algorithm. We regard each parsing process as a classification
task which classifies a context into the parsing actions, and learn the classification rules
by uisng SVMs. Then we applied our parser to Penn Treebank Wall Street Journal
corpus. Our parser attained over 88.1% labeled precision and recall without a particular
grammar and some semantic information.
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6.2 Future Work

We plan to continue our research in two directions. The first is to investigate for im-
provement of accuracy in two partial language analysis. In Japaneses named entity
extraction, we will incorporate variable context length model into our method. In par-
tial parsing in English, we will extend our parser to two path approach like Charniak’s
parser.

The seconds is to apply our method to other information retrieval tasks such as text
categorization and information extraction system, and to show both effectiveness and
robustness of our method.
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Appendix

A Abbreviations for phrasal categories in the Penn Tree-
bank.

S Simple clause (sentence)
SBAR S’ clause with complementizer
SBARQ  WHhquestion S’ clause

SQ Inverted YES/NO question S’ clause
SINV Declarative inverted S’ clause
ADJP Adjective Phrase

ADVP Adverbial Phrase

NP Noun Phrase

PP Prepositional Phrase

QP Quantifier Phrase (inside NP)
VP Verb Phrase

WHNP W hNoun phrase
WHPP W H-Prepositional Phrase

CONJP Multiword conjunction phrases
FRAG Fragment

INTJ Interjection

LST List marker

NAC Not A Constituent grouping
NX Nominal constituent inside NP
PRN Parenthetical

PRT Particle

RRC Reduced Relative Clause
UCP Unlike Coordinated Phrase

X Unknown or uncertain

WHADJP W hAdjective Phrase
WHADVP W hAdverb Phrase
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B Head Rules

label search position priority
NP right (POS, NN, NNP, NNPS, NNS), NX, JJR, CD, JJ, JJS, RB,
QP, NP
ADJP right NNS, QP, NN, $, ADVP, JJ, VBN, VBG, ADJP, JJR, NP,
JJS, DT, FW, RBR, RBS, SBAR, RB
ADVP left RB, RBR, RBS, FW, ADVP, TO, CD, JJR, JJ, IN, NP, JJS,
NN
CONJP left CC,RB, IN
FRAG left
INTJ right .
LST left LS:
NAC right (NN,NNS,NNP,NNPS), NP, NAC, EX, $, CD, QP, PRP,
VBG, JJ, JJS, JJR, ADJP, FW
PP left IN, TO, VBG, VBN, RP, FW
PRN right .
PRT left RP
QP right $, IN, NNS, NN, JJ, RB, DT, CD, NCD, QP, JJR, JJS
RRC left VP, NP, ADVP, ADJP, PP
S right TO, IN, VP, S, SBAR, ADJP, UCP, NP
SBAR right WHNP, WHPP, WHADVP, WHADJP, IN, DT, S, SQ,
SINV, SBAR, FRAG
SBARQ right SQ, S, SINV, SBARQ, FRAG
SINV right VBZ, VBD, VBP, VB, MD, VP, S, SINV, ADJP, NP
SQ right VBZ, VBD, VBP, VB, MD, VP, SQ
UcCP left :
VP left VBD, VBN, MD, VBZ, VB, VBG, VBP, VP, ADJP, NN,
NNS, NP
WHADJP right CC, WRB, JJ, ADJP
WHADVP left CC, WRB
WHNP right WDT, WP, WP$, WHADJP, WHPP, WHNP
WHPP left IN, TO, FW
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