Two-Level Shallow Parser for Unrestricted Chinese Text
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Abstract: Shallow parsing provides partial solution
for syntactic parsing of sentences. Some previous
work applied statistical methods to assign phrase
boundaries based on the POS sequences. Because
many Chinese words have several different
grammatical functions without any change of forms,
the conventional POS sequences can not give enough
information for successful deduction of phrase
boundaries. This paper presents a method applying
two-level analysis for the shallow parsing of Chinese
text. At the firsi step, during POS tagging, verbs and
adjectives are assigned based on tags representing
their grammatical functions in the context. The
second step analysis works on the output of the first
step and assigns non-recursive phrase boundaries
between tag pairs. Both levels are based on Hidden
Markov Models. The expenment shows that the

results of this method are satisfactory.
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1. Introduction

Shallow parsing, also referred to as partial
parsing which aims at the partial parses of
sentences, has caught more and more
atiention in recent years. Both rule-based and

statistics-based approaches have been taken in
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this field [Abney 1997]. The statistical
methods have the advantages of simplicity
and robustness. [Church 1988] proposed a
simple stochastic technique for recognizing
the non-recursive base noun phrase (base NP)
in English. He utilized Hidden Markov
Models (HMMs) to insert the open brackets
and close brackets representing the beginning
and the end of non-recursive noun phrases
(base NPs) respectively and received very
Li Wenjie et. al. 1995]
applied a similar method for recognizing the

satisfactory resuits.

maximal-length noun phrase in Chinese. But,

the resuits were unsatisfactory. The
unsatisfactory results are due to two reasons.
Firstly, the maximal-length noun phrases have
more recursive structures within themselves
and this will make it more difficult to
correctly find their boundaries than the simple
non-recursive base NP. Secondly, some of the
Chinese words have several different
grammatical functions without any change of
forms. The sequences of conventional POS
tags cannot give enough information to
deduce the phrase boundaries. For example, a
Chinese verb can function as subject, object,
modifier or head in noun phrases,
complement, etc., without any change of
forms. Thus when a verb is encountered in the

text, there are too many boundary candidates
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around it to make a choice with high accuracy.
This makes it difficult to get distinguishable
statistical information on the correlation
between the POS tags and phrase boundaries.
Zhou (1996) assigned. brackets between tag
pairs as the first step towards the full parse of
Chinese sentences and he reported that the
assigning of brackets could get an accuracy
over 91%. However, his corpus mainly came
from the elementary school Chinese
textbooks of Singapore and the sentences are
short and simple. Therefore, it cannot
represent the difficulties in natural text.

In this paper, we present a new method
applying two-level analysis for the shallow
parsing of unrestricted Chinese text. At the
first level, in the process of POS tagging,
verbs and adjectives which are most
ambiguous in syntactic functions are assigned
with tags representing their grammatical
functions in the context. The second ievel
analysis works on the output of the first level
and assigns non-recursive unlabeled brackets
between tag pairs. At both levels, HMMs
based statistical method is used.

The remainder of the paper is organized as
follows. Section 2 describes the tagging of
words with syntactic functions. Section 3
presents the shallow parsing. Section 4 gives

concluding remarks.

2. Tagging words with syntactic
functions

2.1 Extension of tagset

Automatic part-of-speech (POS) tagging has
achieved quite significant results in the last
decade. A number of POS taggers are readily

available and widely used in major languages

in the world. However, all these systems only
take into account information about the static
categories of words. As we pointed out in
Section 1, many words can appear in
significantly different grammatical positions
without any change of forms because there is
no inflection in Chinese. This makes it
difficult to predict the phrase boundaries
based on the POS tags.

Te deal with the structural
ambiguities produced by the POS sequences,
we cxtend the conventional POS tagset to
attach the information about the syntactic

serious

functions of words. The most serious
ambiguities exist in the classes of verb and
adjective. At first. we divide the class of verb
into 4 subclasses: (1) auxiliary verb, e.g. “BE,
422,87 LL; (2) copular verb, e.g. “& & (3)
formal verb. e.g. “BEIT.INLL: (4) generai
verb, e.g. “Fz, &M&”. This classificaticn is
based on the static syntactic properties of the
words. There is almost no overlapping
between the subclasses. Furthermore. the
general is divided 9 categories based on
syntactic functions: (1) verb as modifier in
noun phrase, e.g. “HE% B #1. EF=RAT; (2)
verb as head in noun phrase, e.g. “ EiR#EIT,
ZTTRIRE; (3) verb as complement. e.g.
“EEREAN, HEFEAR" 4) verb with noun
phrase as object, e.g. “RERI, THEH H"
(5) verb with verb phrase as object, e.g. “FR
R, HEHECHE™; (6) verb with adjective as
object, e.g. “BEFRBE, BEFE”; (7) verb
with clause as object. e.g. “fLIEE A B 14f2
R, RELEHE”, (8) verb with pivot
object, e.g. “WHMRIENIRS, #EEF
N ANHWE”; (9) verb in other positions
including:

a) the first part of “DE construction™, e.g.
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RS HERN, BEMERRE

b) the second part of “SUO construction”,
e.g. “TEiE AT ELE FIRLURL B 15T R

c) preceding direction/position word, e.g.
“ZRET, BAE, ERRT, HAF

d) as the head of predicate but without
object, e.g. “UKIERE, EiREEHE";

e) as subject or object, e.g. “Ei& TLiEBHHAT,

The syntactic function tags for adjectives
contain: (1) adjective as adverbial, e.g. “IAE
¥ 3], RRFEIE”; (2) adjective as subject or
object, e.g. “RAEREEN, KRIFEE,”; (3)
adjective as the head of noun phrase, e.g. “%&
KEIER, #H=HEEE”; (4) adjective in
other

position, including as predicate,

modifier and complement.

2.2. Experimental results
Because many verbs and adjectives can have
multiple grammatical functions, the additional
functional tags will make these words have
more tag candidates to be chosen when
tagging. To test the feasibility of tagging
words with syntactic functions automatically,
we conducted a tagging experiment, applying
two tagsets to the same corpus. (1)TAGSETTI,
containing 20 tags; (2) TAGSET2, contains
34 tags. TAGSET! is the tagset used in the
large syntactic lexicon described in Yu(1968)
and is commonly used irn the community of
Chinese information processing. TAGSET?2 is
the extension of TAGSET1. The classes of
verb and adjective in TAGSET]1 are extended
as described in Section 2.1. The tags in
TAGSET1 and the extensions in TAGSET2
are list in Appendices 1 and 2, respectively.

In the experiment, we used a corpus of

203,499 words, comprising 157 articles from

People’s Daily. The whole corpus was divided
into two parts: (1) the training set containing
137 files and 183,050 words; and (2) the
testing set containing 20 files and 20,449
words. Two tagging algorithms were applied
separately. The first algorithm, referred to
Algorithm1, chooses the most likely tag for
every word in the lexicon . The second
algorithm, referred to as Algorithm2, is a
HMMs based Viterbi algorithm which uses
both tag transition probabilities (P(T; | T;.)
and the emit probabilities (W; | T;) and utilizes
dynamic programming to choose the path
with greatest possibility from all possible
paths in one sentence (DeRose 1988). The
experimental results are shown in Table 1
(unknown words were not taken into

account).

Table 1 Accuracy Rate of Tagging

TAGSETI1 TAGSET2
Algorithm! (%) 95.50 89.26
Algorithm2 (%) 96.60 92.85

The above cxperiment shows that although
the accuracy of TAGSET2 is 3.75 percent
lower than that of TAGSETI1. The whole
accuracy is up to 93%. This meets the
requirements of many NLP tasks. On the
other hand, comparing the two algorithms, we
find that TAGSET2 has greater improvement
of accuracy than TAGSET1 when applying
applying
Algorithm1.The improvement is 1.1 percent
for TAGSET] and 3.59 percent for TAGSET?2.
The difference between the two algorithms

Algorithm2 as compared to

can be explained as that transition
probabilities in the tag sequences have more
effect for Algorithm?2 than Algorithml. The

experiment shows that it is feasible to extend
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the conventional POS tagset to contain

dynamic information about the words’
grammatical functions in a framework of

simple statistical POS tagging.
3. Shallow parsing

3.1. Parsing Paradigm

[Church 1988] and [Li Wenjie et.al.1995]
used two boundary marks: the beginning of
NP and the end of NP. When reviewing
Church’s work, [Abney 1997] proposed five
types of brackets: (1)
beginning of a base NP; (2) “]” marking the
end of a base NP; (3) “J[” marking the end of
one base NP and the beginning of another one;

“I” marking the

(4) “T” marking the inside of a base NP; and
(5) “O” marking the outside of a base
NP.[Zhou 1996] appiied three types of phrase
boundaries, i.e. open bracket marking the
beginning of one phrase, close bracket
mearking the end of one phrase and no bracket.
[Taylor & Black 1998] assigned one of the
two possible breaks. break or no break, to any
pair of tags.

Abney’s five types of brackets enumerate
all the possibilities of brackets between tag
pairs when determining the phrase boundaries
of base NP. But. his fifth type of brackets is
unnecessary if we want to mark the
boundaries of any phrases instead of any
specific type. We add “][”” to Zhou’s paradigm,
since this will make all types of brackets to
form a whole set of finite states. The four
types of phrase boundaries between any word
pair W; W,,, are defined as follows:

(1) [: indicates that W, and W ,,, are not
immediate constituents of a constiuction and

W,,; combines with one word or phrase on its

right side;

(2)]: indicates that W, and W ., are not
immediate constituents of a construction. W,
combines with one word or phrase on its left
side; _

(3) }{ : indicates that W; and W ., are not
immediate constituents of a construction. W,
combines with one word or phrase on its left
side and W 4, cormnbines with one word or
phrase on its right side;

(4) *: indicates that W, and W ,, are
immediate constituents of a construction.

We do not consider the recursiveness of
phrases and assume that only one of the four
types of phrase boundaries can appear
between any pair of tags. Such boundaries as
“IE <, “NrP, ete. are not permitted. This
assures that the shaliow parser assigning
brackets between tag pairs can be abstracted
as a finite state automata, so the HMMs can
be applied.

For example, in the Chinese sentence “/H
KRB R EANERFE” | aftier POS
tagging and bracketing. we wili get the
following result:

[ HFEmn [ #Bth/az [ thE/iven [ ¥
Fivg * B [ EEm* FiEn]

In the above sentence. after bracketing, we
can determine two phrases in it immediately.
Le, " HE R and “IEREIE

In parsing schema, we choose to use binary
tree to represent the syntactic structure for
any constructions, even for multi-branching
structures like conjunction. For example, the
phrase “IZFH. # . TRRIW. KA. B
BRUKEHM B &M wili be analyzed as
below if multi-branching is permitted:

[EF. #7. ¥R [Rik. K, &8
MK ] LR &
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But in our notation, it will be analyzed as:
DES/ven /v ] I ven] L/ E
Kivgn ][ ®R/m /] MARM) A 1 E
An] Mic] K= ] B RB/a R
/n]

Because of the use of binary-tree paradigm,
out of the sixteen possible boundary bigrams
only half are valid. The boundary bigrams are
listed below (the two adjacent boundaries are
delimited by hyphens):

(1) valid bigrams: [-[, [-*, -], I-IL, I[-[, 1[-*,
*-1. *-1L.

(2) invalid bigrams: [-], [-1[, 1-[ , 1-*%, 1[-
1 -IG *=%, *-[

This paradigm has two advantages: (1) It
can prevent some of the bracketing errors,
even for the errors produced by the human
annotators; and (2) It can help to alleviate the
sparse data problem in statistics.

3.2. Algorithm for bracketing

The input to the shallow parser is a sequence
of word/tag pairs and the output is a sequence
of phrase boundaries. The HMMs are used in
bracketing, where hidden states are phrase
boundaries and the transitions between states
likelihood of particular
sequences of phrase boundaries. Each state

represent the

has an observation probability distribution
giving how likely that state is to have
produced a sequence of POS tags. The state
observation probabilities are called the POS
sequence model and the set of transition
probabilities is called the phrase boundary
model. Bayes equation is used to relate the
two and the most likely phrase boundary
sequence for a given tag sequence can be
found by searching through the model and
selecting the most likely path. In searching

process, dynamic programming algorithm is
used to reduce the search space (DeRose
1988).

The POS sequence model is trained by the
statistics of the occurrences of distinct
sequences of POS tags preceding and
following the boundary when a boundary type
is given. The POS sequence is a window of N
tags around a boundary b; with M tags
preceding b; and N-M tags following b;. The
probability of a FOS sequence given a phrase
boundary can be estimated by maximum
likelihood estimation as:

Count(Tb,)

PTe,) = Count(b,) (0
where T indicates the tags preceding and
following the phrase boundary b;. When N is
2, M has the value of 1, which means one tag
preceding bi and one tag following bi are
chosen in the window. Thus Equation (1) can
be rewritten as:

Count(T,, T,,,|b,)

P(T1b,;) Count(b,)

where T, indicates the tag for the i-th word in
a sentence or word string.

The phrase boundary model is trained by
the statistics of the probability of N-gram of
phrase boundaries in the corpus. It is assumed
that the occurrence of the N-th boundary is
only dependent on the previous N-I

boundaries. Thus the estimation is:

b, | B,\_ll) =P, |b.1,b0> b)) €

- Count(b;,,.1,6,55,- b1 yu1)
- Count(b,_,,b,_,-,b,_y.,)

!

C)

When N=3, only the previous two boundaries
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are taken into account, Equation (4) can be
rewritten as:

Count(b, ,b,_,b,)
Coun!(b,m

This is the trigram model of the phrase

P, (5)

b,1,b,,) =

boundaries.

3.3. Experimental Results

In the task of assigning phrase boundaries,
we selected 4,051 sentences in the tagged
corpus described in Section 2.2. The total
word tokens is 131,516 and the average
sentence length is 32.5 words per sentence.
ranging from 2 words per sentence to 278
words/sentencel. At first, the 4,051 sentences
were manually bracketed. Then, they were
divided into two parts: 3,051 sentences for
training and 1,000 sentences for open testing.
In the bracketing experiment, we tried three
algorithms. The first algorithm chooses the
most likely bracket between two tags. The
second is the Viterbi algorithm and the
bigram mode! is applied when estimating the
transition probabilities of phrase boundaries.
The third is also the Viterbi algorithm but
trigram model is used (i.e. Equation (5)). In
the test. we took 1,000 sentences from the
training set for close testing compared with
the open testing. The results are shown in
Table 2.

Table2 Experimental resuits of shallow parsing

accuracy of accuracy of

close testing open testing
Algorithm 1 85.4% 83.6%
Algorithm 2 86.2% 84.5%
Algorithm 3 87.8% 86.3%

! We delimited the sentences by one of the three punctuation

marks: full stop, question mark and exclamation mark, except
for the titles, which were followed by a paragraph mark in our
corpus. The shortest sentence comprising 2 words is a title.

The experiment shows that the third
algorithm works best within the three
algorithms.

4. Conclusion

In this paper, we proposed a new method of
shallow parsing for unrestricted Chinese text.
In view of the fact that there is no inflection
in Chinese, we divided the task into two steps.
During POS tagging, the conventional POS
tagset is first extended to contain the dynamic
information about grammatical functions of
words in the context. Then, one of the four
iypes of phrase boundaries is assigned
between each pair of tags. The experiment
shows that it is feasible to add the syntactic
functions 1o the POS tag, and based on the
output of the first step, the shallow parser can
obtain satisfactory resuits in processing
unrestricted Chinese text. In both steps, the
simple stochastic method based on HMM
model is applied. so the system is very easy to
implement.

In the future, we will continue our work in
two directions. Firsi, we will extend the scale
of the experiment and improve the algorithm
further. Second, we will conduct research on
identifying linguistic structures, such as noun
phrascs formed by consecutive content words,
V-O phrases and other collocations, from very
large Chinese corpus with the help of the
shallow parser described here.
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Appendix 1 List of tags in TAGSET1

TAG NOTE TAG NOTE TAG NOTE
n noun v verb u auxiliary word
t time word m numerai y modal particle
s location word q classifier o onamatope
£ direction & position T pronoun e exclamation
a adjective p preposition k affix
b distinguishing word d adverb 1 idiom
z static word ¢ conjunction

Appendix 2 Extensions of verb and adjective from TAGSET1I to TAGSET2
TAG NOTE TAG NOTE TAG NOCTE
va au*iliary verb vge verb as complement az adjective as adverbial
vi copula verb vgn verb with NP as object as adjective as subj. or obj.
vf Formal verb vgv verb with VP as object ax adjective as head in NP
vg verb without object vga verb with adjective as obj. a adjective in other

position

vgp verb as modifier in NP | vgs verb with clause as object
vgx verb as head in NP vgj verb with pivot object




