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Abstract

Language models adopted by most existing error
detection and correction approaches of Chinese text
are N-Gram models of character, word or POS tag.
Their deficiencies are that only local language
constraints are employed and there is no language
model unification process. A multifeature-based
automatic error detection and correction approach is
presented. It uses both local language features and
wide-scope semantic features. Winnow is adopted in
the learning step. In experiment, this method gets an
error detection recall rate of 85.1%, an error detection
precision rate of 41.0%, and a correction rate of 51.2%.
This approach shows better performance than existing
approaches.

Keywords: automatic error detection and
correction of Chinese text, natural language processing,

Winnow

1. Introduction

Because Chinese is a very flexible language and
there are no distinct delimiters between words in
Chinese text, the automatic detection and correction of
Chinese text errors is a very difficult task. Existing
methods achieve error detecting recall rate 60%~70%
and error detecting precision rate 20%~30%. Their
deficiencies are obvious. (1) N-Gram model adopted
by most approaches uses only local language
constraints. No long-range constraints are introduced.
(2Many approaches that use POS tag N-Gram model
in error checking always introduce an automatic POS
tagging step before the checking procedure. This

conceals many errors because not only the tagging step

tries to find a path with the highest probability, but also
the checking procedure uses same basis as the tagging
step. (3) Many approaches only use one language
model or use several models separately. There should
be a language model unification process when multiple
models are used.

We present a feature-based approach M7 to
automatic error detection and correction of Chinese
text to overcome the shortage. Feature so-called is
linguistic pattern in the context of the target word or
target character. There are two advantages of feature-
based method. First, there are many kinds of features
can be extracted from context. Different features can
be used in different applications. Second, the unified
language model is implemented by treating all features
equally. Our method adopts four feature templates:
adjoining word, POS class collocations, context
semantic class, adjoining characters within a word.
Because the feature space is extremely huge and any
targets depend only on a small subset of the features in
the space, Winnow method which was first used by
Golding ' in English context sensitive spelling check

is applied in the learning step.

2. Task Model and Feature Template

“String” is used to represent a Chinese character
or a Chinese word in this paper. The task of error
detection and correction will be cast to as a string
disambiguation task by introducing the concept of
confusion set. The confusion set of a string § is
cfs(8) =14y, Vsse-s ¥, - Where y, is a string. It
means that each string ), in the set is ambiguous

with §. When string § appears in a sentence, we
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take it to be ambiguous among {s} U cfs(s), the
task is to choose the one y that is actually intended
upon the context. If V€ ¢fs(s), we consider the
appearance of string § as a mistake, and it should be
corrected by )N/ Acquirng confusion sets is an
interesting problem. In this paper, a target string’s
confusion set only contains characters and words
whose five strokes input codes are similar as the target
string.

Disambiguation is a progress of evaluating and
selecting. What to be evaluated is how much the
context suggests the target string. In feature-based
approaches, a list of active features is used to represent
the target string’s context. A feature extractor is used
to extract feautres from the context. Let the sentence to
be checked is S =WW,,...,W,, where W, is
words; and the target string S is either Wj or a
character inside Wj . We use four types of features:

(DAdjoining word. Features of this template

record the previous and the next word of target string.
They look like W, & and &V,. Where &

means the target string.

(2)POS class collocations. As discussed in
section 1, it’s necessary to avoid automatic POS
tagging process if POS information is used in spelling
check task. POS class is therefore introduced. Let T
is the set of all possible POS tags. Every subset of T
is a POS class. Under this definition, words with same
possible tags belong to same POS class. For example,
all words that only have tags of Noun and Verb belong
to Noun-Verb class. Features of this template look like
C,,C, & ,C,&C,, ,C, &C,,, Where C,
is the POS class of word W, .

(3)Context semantic class. One word may also

j2°

have several semantic tags. So the concept of semantic
class is introduced using the similar definition and
implementation as that of POS class. The initial
semantic tags of words are from “TongYiCiCiLin ",
There are 6 levels of semantic tags and only the 4™

level tags are used in this experiment to generate the

semantic classes. The semantic classes of context
words inside a window of [12,£6] are used as
features. These features look like M, . Where M,
is the semantic class of word W, in the context
window.

(4)Adjoining characters within a word. In
Chinese text, an error word that consists two or more
characters may be caused by an error of a single word,
such as “fth/Mg/ T /—/Bi/#i” changes to “fi/M/ T /—/
Wi/4k 227, Tt also may be caused by an error of a single
character inside the word, such as “fih/%/2/ I i
changes to “ft/%3K/ #§”. The former kind of
mistake can be checked out wusing above
disambiguation model when “35” is in the confusion
set of “4kK%E”. Yet, under the later circumstance, the
confusion set of string “%>K” does not include the
string “¥% 73 due to the definition of the confusion
set. If we want to find out this kind of errors, each
character inside the word “ZZ3K” should be checked
individually. But when extracting the previous three
kinds of features with the target character “3K” inside
the word “ZL3K”, the result is same as the target is “Z&
3k”. To distinguish single character “3K” and word “%
k>, adjoining characters within a word are adopted as
another feature template. This kind of feature will be
extracted only when the target string is a single
character and appears in a word that consists two or
more characters. Let X, is the target character in

W. =ux, , X

j i—p o PR

» X4, - This kind of features look
like x, &x,,,. Where the X, , and Xx,,, are the
previous and next character of X; inside the word
W, respectively. If X, is the first character of W,
then X, , is set to nil. If X, is the last character of
W, then x,,, is setto nil.

These templates of features capture important but
complementary aspects of context. Not only local
lexical atmosphere and syntax, but also long-range
semantic constraints are included. The 4™ kind of

feature is designed specially for Chinese text.
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Figure 1. A simple model example

3. Algorithm model

Our algorithm based on Winnow model that is
similar to Golding’s. Figure 1 shows a simple model
example to disambiguate Chinese character “Vi.” and
“J%”. In the middle of the figure, overlapping bubbles
represent classifier of strings. Every classifier
connects some features in the bottom. Each
connection has a weight. Let 95 be the classifier of
string s. For a given active feature set [ :

0,(F)=1e Y w(f.0,)>¢

feF

where W(f,0 ) is the weight between classifier
0, and feature f . € isa constant and is set to 1.0
in the experiment.

The first step of trainning is to establish the
connections. Initially, there is no connection between
features and classifiers. Let S =W,W,,..,W isa
segmented sentence. Each word W, is treated as
target and its active feature set [ is extracted form
the sentence, then we connect each features in F'
and the classifier of W, with an initial weight. The
same process is also used on every character X in
W, to establish connections between the classifier of
X and features.

The second step of trainning is to update

connection weights. Active features F extracted
from the trainning sentence using string § as target
is treated as a positive example for the classifier of
s, and as a negative example for the classifiers of
strings in the confusion set of §. Weights are
updated only when classifiers make wrong
predictions. If the classifier 6, predicts 0 for a
positive example F', then the weights are promoted:

Vfe F,w(f,0,) < a-w(f,0,)
where O >1 is a promotion parameter. If the
classifier QS predicts 1 for a negative example F',
then the weights are demoted:

Yf e F,w(f.6,) < B-w(f.6,)
where 0 < 8 <1 is a demotion parameter.

Using diffirent parameter O, ﬂ , Wwe can
construct diffirent classifiers of a target. In this
experiment, O is set to 1.5, ﬂ is set to 0.90, 0.75,
0.65 to get three classifiers of each string. It is
resonable to give more trust to the classifier that has
better performance in the trainning. So, the jth
classifier @7 is assigned a weight v, =y".
Where 0 <y <1 isaconstant, and m is the total
number of mistakes made by the classifier in
trainning. When combining evidences from several

classifiers using diffirent parameters, the final score



assigned by the weighted majority is:
C(F) =, v,0/(FNIX,v)

The checking step is to determine whether an
appearance of target string S is suitable or not in a
S=WWw,,..,W, . Where

string s is either a word W, or any character in

segmented sentence

these words. First, active features [ of string § is

extracted from the sentence. Then a string

Y € {s}Ucfs(s) is selected to satisfy:
C; (F ) - yGZ}{éJ)C(ﬁ (s) CJN} (F)

There are two situiations where the appearance
of § is treated as a mistake:

()s # Y . At this circumstance, ) should be
suggested as a correction of § .

(2)s=7Y,but

> 0 2w, v <y
feF

Where 0 <y < €. VW is set to 0.3 in this paper. In
this situation, although § is more suitable for the
context than any string in its confusion set, the
intension with which the context support it is too
little. Yet we can not give the suggestion about how

to correct this kind of error at present.

4 Experimental results

The trainning corpus consists People’s daily 93-
94, Market 94, BaiJiaBao 94. 1t’s about 200M bytes
in size. Due to the difficulty for collecting text that
contains real errors, our test is based on both real
errors and synthesized errors.

In the synthesized error test, five strings are
selected at random as the target to check. The target
strings are “Ui”, “ZF7, “fi”, “Bizl” and “{52”. For
each target, five kinds of error sentences are
generated by a comuter program. ()For a sentence
that contains an element of a target’s confusion set,
use the target string to replace the element. This kind
of error is called confusion set substitution error and
represented as CS substitution in Table 1. (2)For any

sentence, use a target string to replace a character at

random position. This is called random substitution
error and represented as R substitution in Table 1. (3)
For a sentence that contains a target string, delete the
left or right character of the target. This is called
deletion error. (4)For a sentence that contains a
single-character target, duplicate the character. This is
called duplication error. (5)For any sentence, insert a
single-character target string into a random positon.
This is called insertion error. Table 1 shows the check
result of these errors. The approach also gives proper
corrections to 796 confusion set substitution error
sentences. In addition, we try to check 31180 right
sentences that contains tagets to be checked and 1905
of these sentences are marked containing error by our
approach. Assuming the propotions of each kind of
errors and the propotions of the error and no-error
occurrences here is similar as that of the real text, the
approach gets an error detection recall rate of 85.1%,
an error detection precision rate of 41.7% and an
correction rate of 51.2%.

In the real error test, we select 20 targets to
check. The test paper is an 15000 characters news
text input with five strokes input method. In this
paper, the 20 targets appear 443 times, including 43
times of error. Our approach marks 32 errors. Among
them, 21 places are real errors. The error detection
recall rate is 87.5% and the error detection precision
rate is 65.5%. The approach also gives proper
correction to 16 error appearances of the targets, the
correction rate is 65.6%. When only a character
trigram model are used to check this paper, the error
detection recall rate and precision rate are only 70.8%
and 32.1% respectively.

This approach achieves better performance than

Error type Number Number of Recall

of error  Markedrate(%)

sentence sentence
CS substitution 1119 1070  95.6
R substitution 191 170 89.0
Deletion 125 21 16.8
Duplication 60 12 20.0
Insertion 60 50 83.3

Table 1. Check result of synthesized errors



those using simple N-gram model. The improvement
comes mainly from the following aspects: (1)The
adoption of context semantic class features makes it
possible to find the errors that can not be detected by
local language constraints. There are many errors that
can not be detected using any local language
contraints. For example:
P R R R OR— 220, k.
TEARBANANBOE AT A3

In these sentences, the underlined characters or words
are wrong and their right forms are inside the square
brackets. It is obvious that these errors do not cause
any local liguistic abnormity. Yet in our test, many of
this kind of errors are correctly detected and
corrected. This is the outcome of using context
semantic information. (2) Multiple features that
capture important but complementary aspects of
context compensate the deficiencies of each single
kind of feature. (3)The introduction of confusion set
makes the task model of automatic Chinese text error
detection and correction more explicit. (4)Winnow
method is suitable for the learning step in the spelling
check task.

The problems of our approach are data sparseness
and space complexity. Insufficient trainning is one
aspect of the Data sparseness. Especially when words
with high frequency and words with very low
frequency both belong to one confusion set. At this
circumstance, many correction sugguestion given by
our approach prefer words with high freqency even
the right correction should be the word with very low

frequency.

5. Conclusion

A multifeature-based approach to automatic
error detection and correction of Chinese text is
implemented. It has the following advantages: (DIt
adopts four feature templates that capture important
but complementary aspects of context: adjoining
word, POS class collocations, context semantic class,
adjoining characters within a word. (2)The concept
of POS class resolves the problem that both the

automatic tagging procedure and the checking

procedure use the same basis. (3)The introduction of
confusion set makes the task model more explicit. (4)
Winnow method is suitable for the learning step in
the spelling check task. In experiment, the approach
shows better performance than existing approaches.
The problems of data sparseness and space

complexity should be studied deeply in the future.
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