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Abstract

Chinese spell checking is an important component of many Chinese NLP applications,
including word processors, search engines, and automatic essay rating. Compared to
English, Chinese has no word boundaries, and there are various Chinese input methods
that cause different kinds of typos. Therefore, it is more difficult to develop a spell checker
for Chinese. In this paper, we introduce a novel method for correcting Chinese errors
based on sound or shape similarity. In our approach, potential typos in a given sentence
are then corrected using a channel'model and a character-based language model in the
noisy channel model. In the training phase, we estimate the channel probabilities for each
character based on ngrams in Web corpus. At run-time, the system generates correction
candidates for each character in the given sentence and selects the appropriate correction
using the channel model and the language model. The experimental results show that the
proposed method achieves significantly better accuracy and recall than more complicated

methods in the previous work.

Keywords: A Noisy Channel Model, Character-based Language Model, Web Corpus,

Confusion Set.
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Chapter 1

Introduction

Spell checking is a necessary task for text processing of every written language, which
involves automatically detecting and correcting typographical errors. However, compared
to spell checkers for alphabetical languages (e.g., English or French), Chinese spell check-
ers are more difficult to develop because there are no word boundaries in Chinese writing
system and errors may be caused by various Chinese input methods. In this thesis, we
define typos as Chinese characters that are misused due to sound or shape similarity. Liu
et al. (2011) show that people tend to unintentionally generate typos due to sound sim-
ilarity (e.g., *& % (suo ding) instead of 4% T (suo ding)) or shape similarity (e.g., *%H
T (xiao ding) instead of 44 T (suo ding)). On the other hand, some typos found on
the Web (e.g., forums or blogs) are used deliberately for the purpose of speedy typing or
just for fun. Therefore, spell checking is an important component for many applications,

including computer-aided writing, search engines, and social media text normalization.

Relatively little work has been done on the task of Chinese spell checking. The meth-
ods proposed in the literature can be classified into two types: rule-based methods and

statistical methods. Rule-based methods use knowledge resources, for example, dictio-



Table 1.1: Example trigrams with corresponding frequency and probability.

Trigrams Frequency LM probability(log)
BT %€ 89 (suo ding de) 5 -0.70
84 % 89 (suo ding de) 2 -1.49

naries, confusion sets, and segmentation systems. Simple rule-based methods, however,
have their limitations. The following sentence is a snippet collected from students’ written

essays which is correct .

BAt AR Zdo oA AR ? W REF R > MAKREZAA T LA TH
T 8] B 4% © (wei she me ni yao ru ci di yong gong ne ? ru guo wo bu yong

gong * nayi houwo jiang gan bu shang zi ji suo ding de mu biao °)

Unfortunately, based on simple rules the two characters #T (suo) and € (ding) are
likely to be regarded as typos of the dictionary word 44 & (suo ding) with identical pro-

nunciation.

The data-driven, statistical spell checking approach appears to be more robust and per-
form better. Statistical methods typically use a large corpus to create a language model to
validate the correction hypotheses. Intuitively, by using B @ BT & 69 B 4% (zi ji suo ding
de mu biao), the three characters FT € #J (suo ding de) are a trigram with high probability
in a monolingual corpus, we therefore may determine the A7 & (suo ding) is not a typo
after all. Table 1.1 shows the frequency and probability of T % & (suo ding de) and 44

89 (suo ding de).

In this thesis, we propose a model using statistical approaches and model generates the
most appropriate corrections in a given sentence. In the training phase, we automatically

generate the channel model (confusion set). We use a Chinese spell checker to correct



Table 1.2: The three correction candidates of the given sentence.

Hypotheses
BT AR B LA R ? Jo R R T -
AU MR R LB TAT ) BAR

Bt AR o LI AR ? o R TR 2
RAK AR R LB T AAT o

Bt JEAR Bda IR R ? e R R TR )
MABEHFAET LA THE T AR -

instances in the training data and estimate the channel probability of a typo condition on

a correct character , then re-estimate the probability, and iterate until convergence.

At run-time, the checker corrects typos using a noisy channel model. Consider the

following sentence.

BT AR Ao LR AR ? e REA ARG > MUK KA T LA TH
8] B 4% © (wei she me ni yao ru ci di yong gong ne ? ru guo wo bu yong

gong ° na yi hou wo jiang gan bu shang zi ji suo ding de mu biao ° )

The checker generates correction candidates by the replacements of each character and
confusable characters with channel probabilities in a beam search algorithm, then calcu-
lates the probability of correction hypotheses according to the language model and the
channel model. Three correction candidates are shown in Table 1.2. Finally, the checker

returns the correction with the highest score, e.g., the follow sentence:

BAT AR B Ao LR AR ? e REA TRy > AR KM LA TH
T By B AR © (wei she me ni yao ru ci di yong gong ne ? ru guo wo bu yong

gong ° na yi hou wo jiang gan bu shang zi ji suo ding de mu biao ° )



The rest of the paper is organized as follows. We present the related work in the next
section 2. Then, we describe the proposed model for automatically correcting the spelling
typos in section 3. Section 4 presents the experimental data, results, and performance

analysis. We conclude in Section 5.



Chapter 2

Related Work

Chinese spell checking is a task involving automatically detecting and correcting typos in
a given Chinese sentence. Previous work typically takes the approach of combining rule-
based and statistical approaches. A rule-based approach depends on dictionary knowledge
and a confusion set, i.e., a collection set of certain characters consisting of visually and
phonologically similar characters.  On the ‘other hand, statistical-based methods usually
use a channel model and a language model, which is generated from a reference corpus. A
statistical language model assigns a probability to a sentence of words by means of ngram
probability to compute the likelihood of a sentence, or it correction candidates (derived

from the channel model).

Chang (1995) proposed a system that replaces each character in the sentence based on
the confusion set and estimates the probability of all modified sentences according to a
bigram language model built from a newspaper corpus, and produce a corrected sentence
with higher probability than the given sentence. They used a confusion set consisting
of pairs of characters with similar shape that were collected by comparing the original

text and its OCR results. Similarly, Zhuang et al. (2004) proposed an effective approach



using OCR to develop a shape-based confusion set. In addition, Zhuang et al. (2004) also
used a language model based on multiple resources, and Latent Semantic Analysis. Their
experiments seem to show that a simple ngram model performs the best. In contrast, we
automatically generate the confusion set with probability from the web corpus and correct

the given sentence with character-based ngram model.

In recent years, Chinese spell checkers have incorporated word segmentation. For
example, Huang et al. (2007) proposed a method that use the Sinica Word Segmenta-
tion System (Ma and Chen, 2003) as a preprocessing step for detecting typos. With a
character-based bigram language model and the rule-based methods of using dictionary
and confusion sets, the method determines whether the word is a typo or not using a set
of rules based on word segmentation results. There are many more systems that use word
segmentation to detect typos. In Hung and Wu (2009), the given sentence is segmented
using a bigram language model before typo detection. In addition, the method also uses
a confusion set and handcrafted common patterns of typos based on data provided by
the Ministry of Education (MOEFE) in Taiwan. Chen and Wu (2010) modified the system
proposed by Hung and Wu (2009) by combining statistic-based methods and a pattern-
matching module generated automatically to detect and correct typos based on a language

model.

More recently, Wu et al. (2010) adopted the noise channel model, a framework used in
many NLP tasks including spell checkers and machine translation systems. The system
combined a statistical method and template matching with the help of a dictionary and
a confusion set. They also used word segmentation to detect typos, but they did not use

existing word segmentation, as Huang et al. (2007) did, because that might identify a typo



as a new word. Instead, a backward longest first approach is used to segment sentences
using an online dictionary provided by MOE, and a set of error templates with a confusion
set. The system then corrects potential typos as a kind of translation by using ngram
language model and generating correction candidates from confusion sets. Contrary to
their approach, we directly corrects typos using a channel model with character-based

language model.

In SIGHAN-7 Bake-offs Chinese Spelling Check, Yeh et al. (2013) proposed a learning-
based method to estimate probability of confusable characters (sound similarity and shape
similarity). The similar characters they used is consisting of the confusing matrix con-
structed by the Hidden Markov Model Toolkit (HTK, used for speech recognition) and
length based Cangjie code similarity measure. Then, they used Sinica Word Segmen-
tation System (Ma and Chen, 2003), E-HowNet, a typo-correction list, and word-based
language model to correct typos. Jia et-al. (2013) also used word segmentation to detect
typos, but they modified shortest path word segmenter and transformed to a single source
shortest path problem on directed acyclic graph. For correction model, they used language
model with single source shortest path algorithm built on Sinica corpus and used mutual

information to choose the best correction.

In contrast to work on Chinese spelling checking in the literature, we introduce a novel
method for correcting typos, focusing on sound and shape similarity. We automatically
augment the confusion set with probability using Web corpus, and correct typos using the
channel model and the character-based language model. In the training phase, we estimate
the channel model using the Expectation-maximization algorithm based on the confusion

set and the character ngram in the web corpus. Our system generate the correction can-



didates using the channel model, and find the best correction using the language model.
The experiment results show that our method achieves significantly better performance in

a simple, systematic approach.



Chapter 3

Method

Using fixed rule to correct typos in a given Chinese sentence (e.g., & T44 & &) B 4% (zi ji
suo ding de mu biao)) does not work very well. Methods in previous work typically cor-
rect typos based on a set of detection rules. Unfortunately, the detection rules depend on a
lot of resources, and can be at times unreliable. Typo positions usually are detected using
heuristic rules based on Chinese dictionary, word segmentation, and the frequency of the
ngram. However, dictionaries, and word segmentation have their limitations. For exam-
ple, the segmentation result of the sentence "B T4 & &) B 4% " is "8 T/8 < /89/8
#% ", the two characters 48 and £ may or may not be considered as a word or a typo,
depend on the segmentation system. To avoid the limitations of the rule-based method, a
promising approach for Chinese spell checking is to train a noisy channel model based on

unannotated data.



Figure 3.1: Outline of the training and run-time phase.

1. Training phase (Section 3.2)

(1) Limit Confusable Characters (Section 3.2.1)

(2) Retrieve Ngrams (Section 3.2.2)

(3) Correct Ngrams and Train Channel Model (Section 3.2.3)
(4) Output the Channel Model

2. Run-time phase (Section 3.3)

3.1 Problem Statement

We focus on the task of correcting typos in a given sentence. Therefore, the purpose
is to find the typos in a given sentence which has the highest score of the probability
combining the channel model and the language model. In the noisy channel model. To
train the channel model, we use a set of predetermined confusable characters, iteratively
correct the confusable ngrams in the Web.corpus-using the existing checker, and estimate
the probability of a typo conditioned on a confusable character. Then, the confusable
characters in the sentence are replaced by a member in the confusion set as correction
candidates, the system calculates the score for each correction candidate using the channel
model and the language model, and returns the correction with highest score as the output
of the system. Our goal is to find corrections of the typos accurately. The correction
results can be used in a on-line Chinese essay writing system, or in a word processor. We
now formally state the problem that we are addressing.

Problem Statement: We are given a sentence S with n characters sy, s, ..., Sy, the
character-based language model LM: P(cy, c», ..., ¢n), and the channel model CM: P(cj,s;).
Our goal is to find ¢y, ¢3, ..., ¢y to correct S. For this, we train LM using the Chinese corpus
and generate CM using the ngrams (with typos) N using confusable characters CS, and a

existing Chinese spell checker CSC.

10



Table 3.1: The full confusion set and the limited confusion set of 44.

Type Sound Shape

Full Pl R R R BAAHEEH AR
RERBAGHE R AMIAL A
EXAZE LESSE 2 SOy 3 Yyl
gh48484540 450584 HABRYRA

Limited Z&IH44AT W& 5% 48

In the rest of this section, we describe our solution to the problem of Chinese spell
checking (see Figure 3.1). We describe the process of training the channel model in
Section 3.2. More specifically, we describe the method for limiting confusable charac-
ters in Section 3.2.1, and the use of ngrams in Section 3.2.2. We will also describe an
Expectation-Maximization (EM) algorithms for estimating channel probabilities in Sec-
tion 3.2.3. This algorithm relies on a set of confusable characters and ngrams. Finally in
Section 3.3, we describe how to correct typos using the trained noisy channel model at

run-time by combining channel model and-language model.

3.2 Training Channel Model

We attempt to learn to develop a channel model from the ngrams of Web corpus for

correcting Chinese spell typos. The training process is shown in Figure 3.1.

3.2.1 Limiting Confusable Characters

In the first stage of training the channel model (Step (1) in Figure 3.1), we limit the confus-
able characters in the full confusion set based on the sound and shape similar characters,
which containing unlikely confusable characters. For example, the full confusion set of
48 (suo) is shown in Table 3.1. The goal of this method is to reduce the sizes of the

confusion sets and improve the accuracy.

11



The input to this stage is a set of confusable characters. We generate potential con-
fusable characters by reducing some unlikely confusable characters, and expanding the

confusable characters slightly.

The output of this stage is confusion sets that can be used to correct ngrams (retrieving
and correcting steps in Figure 3.1) for training channel model. Limited confusion set of 44
(suo), automatically generated from the full confusion set is shown in Table 3.1. We can
see that the limited confusion set minimizes the confusable characters and retains more
likely characters. The limited confusion set is used to accurately find typos in ngrams and

reduce the computational complexity.

Our method for limiting confusable characters can generate many characters, poten-
tially including a significant number of characters that are not useful in correcting typos.
We also remove some loosely similarly relations and expand the confusable characters
slightly. For example, we remove all relations based on non-identical phonologically
similarity. After that, we add the similarly sounding characters based on nasal consonant
in Chinese phonetics (e.g., "%7 , " (en, eng) and "% , X" (an, ang)), and retroflex
consonant (e.g., "2, 7" (shi, si) and "4 , %" (chi, chi)). We also modify the shape
similarity by comparing the characters in Cangjie codes (& 3 #5%) to filter out confusable
characters with low similarity. We retain character pairs differing from each other by at
most one symbol in Cangjie codes that tend to be highly similar in shape. For example,
the code of #X (zheng) and # (wei) are highly similar in shape, and their corresponding

codes "#r Ali £ K" and "#F Al K", differ only in one place.

Note that we do not attempt to estimate the channel probabilities of typos of a character

at this point. Instead, we only use sound or shape similarity to limit confusable characters,

12



leading to more effective confusion set as the basis for subsequent probability estimation.

3.2.2 Retrieving Ngrams

In the second stage of the training phase (Step (2) in Figure 3.1), we retrieve ngrams (e.g.,
PT & B 4% (suo ding mu biao)) possibly containing a typo characters (e.g., PT (suo)) that
can be corrected using the confusable characters (e.g., T (suo), 42 (suo), or % (suo)). In
order to estimate channel probabilities, we use an existing Chinese spell checker CSC to
correct typos in the ngrams to a parallel corpus with typos annotated. We extract ngrams
based on collocates of high frequency words containing the confusable character. The
procedure for retrieving and correcting ngrams consist of a number of steps, namely,
generating collocates for words containing a specific character, filtering these collocates
by frequency, producing the ngrams for the remaining collocates, and correcting these

ngrams using CSC. Each step is described below in detail.

For this stage of the learning process, we use a collection of <Word, Collocate> pairs
(e.g., < B A%, 88> (<mu biao, suo ding>), <hR &, 3 T > (<ban mian, suo ding>)). We
generate the word from the corpus using word frequency and find corresponding collo-
cates using Dice coefficient, which is a statistic association value used for comparing the
relation of words and collocates. The collocates of each word are sorted according to the
Dice coefficient. We retain at most K collocates per word to reduce the computational

cost. We compute Dice coefficient using the following equation:

2- frEQ(word) 'freQ(collocate)
freq (word) T freq (collocate)

Dice(word,collocate) = (3.1)

13



Table 3.2: Two sample collocates of 44 & and 3{44.

Words Collocates Dice Words Collocates Dice

BT  R®m 025 34 R 019
B 021 &, 017
7 far 004 RAK 015
B 4% .004 ) &3 .007
#% % .004 e .002
g .002 PN .001
¥EE .001
RS .001

Table 3.3: Sample texts of typo PT and & of 44 from the corpus.

Typos Texts Count
BT T AT X BAR 86
iR BT & B AR 83
#3 R AR 44
£ BT = 89 B4R 42
® & ® BRI 66
A N 93
RE BHE 40

where freq,,orq) 18 the frequency of the word, and freqcoiocare) 15 the frequency of the
collocate. Take %% (suo) for instance, the words (e.g., 2 T (suo ding) and 3f 44 (feng
suo)) and their corresponding collocates of words are shown in Table 3.2. The word 44 &
(suo ding) has the highest Dice coefficient of 0.025 with the collocate W& &1 (ban mian),
while 2144 (feng suo)) has the highest Dice coefficient of 0.019 with the collocate 7 i1

(chong chu).

14



Table 3.4: A sample of instances containing character 44 and potentially confusable
characters.

Words Collocates Confusable Characters Confusable Collocates

BT  BAEZ BT AAZAT &
4 B % R &
ELE B 34 JB BA IR

For each <Word, Collocate> pair, we generate all possible potential ngrams N con-
taining Word and Collocate. This stage of the learning process operates over a dataset of
word ngrams. The sample texts of the typos (P, &, and 3¥) of 44 found in a corpus is
shown in Table 3.3. We find the ngrams in the corpus with identical collocates and Word
containing confusable characters (e.g., <7 %, B 4%>). Sample confusable collocates of
character 44 is shown in Table 3.4. In this sample, we can find that 4% may be misused as
confusable characters (e.g., A7, &, ##) in the corpus with such information in the ngrams,
we can generate typo pairs (e.g., [FT; 8], [ &, #4], [3#, 44]). Finally, we correct the typos
in these ngrams by using existing Chinese spell checker (In Section 3.2.3). With the typos

and corrections, we can estimate the channel probabilities.

3.2.3 Correcting Ngrams and Training Channel Model

In the third and final stage of training, we correct the ngrams and train the channel
model for supporting correction candidates. Figure 3.2 shows the algorithm for correcting
ngrams using a Chinese spell checker and estimating the channel probabilities related to
typo pairs. The procedure is repeated for all ngrams obtained in the previous stage until

the channel probabilities converge.

We are given a set of ngrams as training data (described in Section 3.2.2). Recall that
our goal is to estimate the channel model for each character, in the form of [original, cor-

rection, log channel probability] (e.g., [PT, 44, -4.284] and [%, 48, -5.264]). In order to

15



generate a parallel corpus, we need to provide representative ngrams to the training algo-
rithm. The training set is created by retrieving the ngrams from Words of each character

and the corresponding Collocates in the corpus.

We apply a previously developed Chinese spell checker(CSC) to correct ngrams. In
this checker, we adopt the confusion set generated in Stage (1) to reduce the unlikely con-
fusable characters and improve the accuracy for generating typo pairs. We combine the
global error rate and local error probability to reliably estimate the channel probabilities

using following equation:

Channel Probability(O,C) = W gL, - GlobalErrorProb+ (1 —WqL ) - Local ErrorProb(0,C)
(3.2)
where O is original character, C is corrected character, and Wqp, is a weight for probabil-
ity. The global error probability is a prior probability calculated from a development data
set, which can instead the detection and avoid data sparse. The global error probability

calculated by the following equation.

count (nochange)
count(char)

GlobalErrorProbability(OriginalSet,CorrectionSet ) = (3.3)

count (typos)
count (char)

where count(nochange) is the count of corrected characters, count(typos) is the count of
typos, and count(char) is the count of characters. The Original Set and Correction Set are

the development data.

16



Figure 3.2: Automatically correcting ngrams and estimating the channel model.

Procedure BuildChannelmodel(ngrams N):

for each ngram in N:

M correctedngram = CSC(ngram)
for each character i in ngram and correctedngram:
(2) typopairs += [ngram(i), correctedngram(i), frep(ngram)]

(3) global = globalerrorprobability(development data)
(4) typopairs sorted by ngram(i), i =0
for each [Original, Correction, Freq] in typopairs:

(5a) local = localerrorprobability(Original, Correction)
(5b) channel = channelprobability(local, global)
(5¢) channelmodel += [Original, Correction, channel]

(6) Output the channel model.

Table 3.5: A sample of the typo pairs for 4.

Ngrams Corrected Ngrams  Typo Pairs

AT BERZE [B, B, 4%, AR] [T, PT), [, & ]
Tkt kR [&, K], [#, @’i [3, 3], [%, #]
JE SRR A AR (&, R [%8, 3] [, &), 3, éé]

We use the Expectation-maximization algorithm to estimate the local error probabilities
related to the confusion set. We initialize the confusion set with uniformed probability
in the E-step and re-estimate the probability of each character in M-step until the local
error probability converge. For each of the potentially confused ngram (e.g., 7 & B 4%
(suo ding mu biao), we attempt to find typos and corrections using CSC (Step (1)) and
produce the typo pairs (Step (2)). The typo pairs are in the form of [Original, Correction].
The frequency is the count of how many times of the ngram occurs in the corpus. We
estimate the local error probability based on nochange pair (e.g., [PT, PT] ([suo, suo])),
and correction pair (e.g., [T, 48] ([suo, suo])). In Table 3.5, we show a sample of the

typo pairs in the ngrams of the character %4 (suo).

17



Table 3.6: Sample of the typo pairs with frequency.

Original Correction Typo Pairs Frequency
iz B [T, ] 6,799,532
2 Iid [T, £ 529
2 £ [PT, &1 235
Total Frequency 6,800,296

Then we calculate the global error probability using the development data (Step (3)).
In Step (4), the typo pairs are sorted according to the Original. For each [Original, Cor-
rection] pair, we calculate the local error probability of the Original conditioned on Cor-

rection (Step (5a)). The probability is calculated as follows:

count (Original ,Correctionoriginal )

Local ErrorProbability(Original, Correctionoﬁginal) = count(Original)
(3.4)
As shown in Table 3.6, the total count of P (suo) is 6799532 + 529 + 235 = 6800296, the

count of (FT, %) is 235, and the LocalErrorProbability(F7, & ) is calculated as follows:

LocalErrorProbability(#T, %)= Count(#T, %))/ Count(FT) =235/6800296 =0.0000346

However, we can not reliably estimate that PT (suo) as a typo of 3 (suo), if CSC
does not find [PT, 3] ([suo, suo]). In that case, we use smoothing algorithm to adjust
the frequency count. If a confusable character does not has a certain typo pair, we use
add-one smoothing algorithm to deal with the unseen problem. For example, confusable
characters (e.g., 3, 84) of AT (suo) are not found in the corpus, so we add count one for
them. Table 3.7 shows a confusion set of PT (suo) and the corresponding smoothed local

error probability.
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Table 3.7: The result of the local error probability with smoothing.

Original Correction Frequency Local Error Probabilityioe

BT BT 6799532 -0.0001
Bt i 529 9.4614
BT & 235 -10.2728
Bt B3 1 -15.7324
Br 44 1 -15.7324

Table 3.8: A sample of the channel model for PT (suo).

Original Correction Frequency Channel Probabilityi,e

BT BT 6799532 -0.1416
BT iid 529 22111
BT ® 235 -4.4357
iz H 1 -10.4947
BT 44 1 -10.4947

We combine the global error probability and the local error probability to estimate the
channel probabilities in Step (5b), and save the Original, Correction, and their channel
probability in the channel model in Step (5¢). Steps (1) through (5) are repeated to re-
estimate the local error probability until the probabilities converge. The output of this
stage of training is a channel model with reliable probabilities, automatically estimated
using the confusable characters and ngrams based on collocates. A samples of the channel

model for PT (suo) is shown in Table 3.8.

3.3 Run-time Typo Correction

Once the channel model is automatically trained for each character, we store the model
as a confusion set with probability. We then correct a given sentence using the procedure

shown in Figure 3.3 with the character-based language model and the channel model.

For each character in the given sentence of n characters (e.g., &8 T84 & 89 B 4% (zi ji

suo ding de mu biao)), we correct typos as follows. In Step (1), the system initializes n
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Figure 3.3: Pseudocode of the runtime phase.

Procedure CorrectTypos(sentence S of length n, LM, CM):

for each char s in S:
(1a) initial n+1 stacks(S, correction, score), stack(i), i = 0...n
(1b) place null char & score = 1, (Null, Null, 1) in stack(0)

for all stack(i), i = 0...n-1:
for (s, ¢, p) in stack(i):
for each confusable character ¢’ of s;’ with pey’:

if s does not overlap with s’ or s’ = Null
(2) Create new hypothesis c¢’’=c+c’ with p’’=p*pey’ *pm(c,c’)
(3) Place (s’’, ¢’’, p’’) in stack(k), s’’=s or s’, k=|s’’|
for all (Q, U, Py) in stack(k):
4 Combine(c’’, U) if s’’=Q & Compatible(c’’, U)
(5) Prune stack(k) if stack(k) is to big

(6) Output correction c* with maximal score in stack(n)

stacks for the channel model, [Character, Ngram, Score]. In Step (2), the system replaces
each character with the confusable characters (e.g., PT, % 3,44 (suo, suo, suo, suo)) in
the channel model as the correction candidates. For each confusable characters, we create
new hypotheses with a score, character ngram state, character, and correction candidates.
In order to reduce computational complexity, we use beam search algorithm to replace
each and calculate the score of sentences. The score in a hypothesis is calculated based

on the channel model and the language model as follows.

Score(hypothesis) = log(LanguageProbability"LC - Channel Probabil ity(I*WLC)) (3.5)

= Wyc - log(LanguageProbability) + (1 — W) - log(Channel Probability) (3.6)

where Wy c is a weight parameter in channel model and language model. A sample hy-

pothesis is shown in Table 3.9. In Step (3), the new hypothesis are stored in the stack and
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Table 3.9: A sample of the hypotheses.

Originals Corrections Ngrams Score
<s> <s> None 1
B B (<s>,) 0.0
< o (<s>,B) -2.6049
44 Bt (8,2)  -2.6756
4 T (TA1) 51145
3| #) (FT,)  -6.3698
H H (Z,49) -5.1627
1% 1% (89,8) -5.7875
</s> </s> (B.,4%) -10.2282

Table 3.10: A sample of the given sentences and corrections.

Sentences Corrections
Given Sent. BB T A 0 RTTLAFAEHE - >3,
Corrected Sent. & 3| 35 0F » KA/ FA@H o

Given Sent. RHABRMGERTPAHLSATR LG RER | A SE
Corrected Sent. RKF&RMEGEHIFAHSATRE LE RILE |

Given Sent. Ak 3 g mt B oy — 2 dd I o S S
Corrected Sent. A& 3 %, st 3| 69 — e o

combined with the existing hypothesis in Step (4). If the stack has too many hypotheses,

we prune the stack down to a fixed size in Step (5).

Finally in Step (6), we compare the score of all the hypotheses in the last stack, and
output the correction candidate with the highest score as output. When there is no cor-
rection candidates with the highest score (e.g., score( 8 AT & &9 B %) = -10.2282), we
output the given sentence. Table 3.10 shows three input sentences and the corresponding
corrected sentences output. For example, 5% (jing) is corrected as 3% (jing), because 3T

(jing) is the most appropriate for the context of & | 3% * B (yu dao ni jing shi).
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Chapter 4

Experiment and Discussion

We describe the resources we used and the systems compared in our experiments in Sec-
tion 4.1, and the results of the experiments and the limitations of our system show in in

Section 4.2.

4.1 Experiment Setting

Our systems were designed to provide wide-coverage spell checking for Chinese texts.
As such, we trained our systems using the confusion set, a compiled corpus, Web-scale
ngrams, and an existing Chinese spell checker. These resources are used for different
purposes: The confusion sets provide the correction candidates; the compiled corpus pro-
vide the training data for the language model. And finally, Web-scale ngrams and the
existing Chinese spell checker are used for training the channel model. We evaluate our
systems on the sentence level. In this section, we first present the details of data used
in training(Section 4.1.1 to Section 4.1.4). Then, Section 4.1.5 describes the test data,
while Section 4.1.6 describes the systems compared. Finally, the evaluation metrics for

the performance of the systems are reported in Section 4.1.7.
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Table 4.1: Sample sound-similar characters from SIGHAN 7 Bake-off 2013: Chinese

Spelling Check Shared Task.

for & for & for #
Jii RV T 251k AR KF AWM #4588
i A Aok % 2 & ) I IS
ID FHEIC SN R FAEREE RIER N ELERE FIR
wHGEAEEN R BER BT P B RA R
O B R R B R AR #
SRR Rbiw 8
ERIRAAR H &
MR X & HBF
FREELEHRER
TR X B Pk 38 =
FEBBIERE S
MR E—HIp R IR
i3
SI R TR AE ) ARG & R bk
T& 5 92 AR AR F
R A5 R A 02 W A AR
FAF
SD BRHAALH S GHEWEREM
BAIRIEZIMER MRAMEMEEEE
TELG LY el £ Bitie
TR M 4R G A AL b A sk s
B E % ALEK A R B AR SR
RS A hEh%h B A PR B R e
R& IE N
Count 94 68 106

Table 4.2: Sample of shape-similar characters from SIGHAN 7 Bake-off 2013: Chinese
Spelling Check Shared Task.

for & for & for #
Shape LRRERERY BRMBFHMmE TR
Similarity BILEILTEAETLR Bbiiatedrd FhdkasEE
JB B RIACENSE S5 B B WEFAL R R A
B A48 T 48 E
Count 25 22 30
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4.1.1 Confusion Set

The confusion sets we used were the same as those provided for SIGHAN 7 Bake-off
2013: Chinese Spelling Check Shared Task (Liu et al., 2011). The confusion sets repre-

sent sound similarity and shape similarity between a typo and potential corrections.

There four categories of phonological similarity between two characters: identical
sound and tone (II), identical sound but different tone (/D), similar sound and identi-
cal tone (SI), similar sound and different tone (SD), and identical radical and number of
strokes (RS). A sample of sound-related confusion sets from SIGHAN 7 Bake-off 2013 is
shown in Table 4.1. In this sample, the confusion sets of & (yi), & (yong), and #A (hu)
contain a lot of unlikely confusable characters. Examples of unlikely pairs include & (yi)
and ¥ (yi)in ID, & (yong) and & (wen) in SI, #A (hu) and # (fu) in SD. In Table 4.2, we
show the shape-related confusion sets of ‘& (yi), & (yong), and #A (hu). The confusion
sets also contain loosely similarly relations, for instance, & (yi) and B (quan) are not

very similar visually.

In our work, we expand the sets slightly, while also remove some unlikely confusable
characters in order to improve the performance. We modify the confusion set using the
pronunciation and Cangjie codes (% 3 #%). The process is described in detail in Sec-

tion 3.2.1.

4.1.2 Google Chinese Web 5-gram

In 2010, Google published a Chinese Web 5-gram dataset based on public webpages

through Linguistics Data Consortium (LDC).! Chinese Web 5-gram consists of Chinese

"https://catalog.ldc.upenn.edu/LDC2010T06
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Table 4.3: The information of n-grams in Google Chinese 5-gram and Traditional
Chinese 5-gram.

N-gram Types Google Chinese 5-gram Traditional Chinese 5-gram

Unigram 1,616,150 527,694
Bigram 281,107,315 102,092,428
Trigram 1,024,642,142 237,599,483
Fourgram 1,348,990,533 201,500,549
Fivegram 1,256,043,325 126,959,922

word n-grams and their observed frequency counts generated from approximately 883
billion word tokens of text in publicly accessible Web pages. The Google Chinese Web
S-gram contains 30 GB (gzip compressed) of text files with n-grams ranging from un-
igrams (single words) to fivegrams. In this work, we used only the traditional Chinese
5-grams. Table 4.3 shows the information of 5-grams in Google Chinese Web 5-gram and
traditional Chinese Web 5-gram. We use the traditional Chinese Web 5-gram to retrieve
ngrams (at most ten Words) in the training phase for estimate channel model probabilities.

The advantage of using the Web ngram is that unlike a compiled corpus, it contains many

typos.

4.1.3 Existing Chinese Spell Checker

We use an existing Chinese spell checker (CSC) we previously developed in 2013 (Chiu
et al., 2013). This CSC is based on a novel method for detecting and correcting Chi-
nese typographical typos. The approach involves word segmentation, detection rules, and
phrase-based machine translation. The error detection module detects typos by segment-
ing words and checking word and phrase frequency based on compiled and Web corpora.
The phonological or morphological typographical typos found then are corrected by run-
ning a decoder based on the statistical machine translation model. The language model is

trained using the word-based corpus using the SRILM (Stolcke et al., 2011) toolkit. The
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Table 4.4: The information of the word, character, article, and percentage in the area of
sinica corpus.

Areas Word Token Character Article Percentage
Literature 777,050 1,169,801 1,385 15%
Life 858,750 1,398,791 2,301 25%
Society 1,610,997 2,711,720 3,246 35%
Science 629,838 1,054,738 994 10%
Philosophy 439,955 673,080 695 8%
Art 474,340 781,415 518 6%
Others 101,394 160,306 89 1 %
Total Count 4,892,324 7,949,851 9228 100%

translation model is trained using the frequency of the word containing typos and the cor-
rected word. The results show that the proposed system achieves high accuracy in error
detecting and correcting. We use this Chinese spell checker to train the channel model

and as a system to compared with the proposed method.

4.1.4 Sinica Corpus

"Academia Sinica Balanced Corpus of Modern Chinese", or "Sinica Corpus", is the first
balanced Chinese corpus with part-of-speech tags. The size of the corpus we used is about
5 million words. The corpus is segmented according to the word segmentation standard
proposed by the ROC Computational Linguistic Society. Each segmented word is manu-
ally tagged with a part of speech. Texts in the corpus are collected from different areas:
Literature, Life, Society, Science, Philosophy, and Art. Table 4.4 shows the information
about numbers of word, character, article, and percentage by area. We use Sinica Corpus
(ignoring word segmentation) to train a character-based n-gram language model running
the SRILM (Stolcke et al., 2011) toolkit. The sizes of the ngrams of the character-based

language model is shown in Table 4.5
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Table 4.5: The information of n-grams in character-based language model.

Ngram Types Ngram Count

Unigram 17,201
Bigram 741,739
Trigram 859,442
Fourgram 791,846
Fivegram 588,200

Table 4.6: The information of test dataset from SIGHAN 7 Bake-off 2013: Chinese
Spelling Check Shared Task.

Dataset Subtask 1  Subtask 2
Number of sentences with typos 300 1,000
Number of typos 376 1265
Average length of sentences 69 74
Sentence-level typo percentage 30% 100%

Character-level typo percentage 0.55% 1.70%

4.1.5 Test Data

We used the test dataset from SIGHAN 7 Bake-off 2013 to evaluate our systems. This
dataset is used for two sub-tasks: error detection and error correction. For the error de-
tection (Subtask 1), there are 1,000 sentences with/without spelling errors. And for the
error correction (Subtask 2), there are also 1,000 sentences but all sentences have typos.
These sentences are extracted from student essays containing various common typos. The

information of the dataset is shown in Table 4.6.

In Subtask 2, we observe that all sentences contain from one to five typos and that most
typos are confusable either because of pronunciation or shape. Therefore, the confusion
set was suitable for error correction. The dataset was released in sentence format with
the information of sentences NID. Several sample sentences in Subtask 2 are shown in

Figure 4.1.
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Figure 4.1: Several sample sentences in subtask2 from SIGHAN 7 Bake-off 2013:

Chinese Spelling Check Shared Task.

(NID=00401)

(NID=00402)

(NID=00881)

(NID=00882)

(NID=01481)

(NID=01865)

(NID=01866)

BB RMLAFA @Y mAEZAHAT > BRAMT 4
P H R L H AT o

KB REL—HH) » BERRA AR » RRAPER] > 2427 > 3
Ao iz ft 0 AR HF 0 REBBARAT LR -

FHTRGRT B0 4T RER OB > LH ST EHE T 48
— AW AAREBER > RFF QRS AN AE -

RBALREENEIEZARATOTE | TELEMEN - §F
R A LR — A B E LT & 2RTERE AL L EF 27
o ?

BR o wRAE AR GEE » {2 — 8 R T RLLABRZI
JRAERN G EY o AR TR EARE —TAHACHEET -

EEAAAEOHS > TAETRBA TG LA—T R |
W R & R by ekl » RGP @ Tt F ek B 3G B JHRF
CHAT R A K B ERE T AR ST -

KRB BIRRRAR » ETHET » BRERFHE? RZHREABHE £
ER A FHE—FBELT > RBEFEHBLEAFIE - GxHE
WS IR MRS MR EFFREERBEZGREET -
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4.1.6 Systems Compared

Recall that we propose a system to correct typos in Chinese based broadly on a noisy
channel model. The systems starts with a given sentence, and use the language model and
the channel model generated in training phase. The output of the system is a corrected
sentence, which can either be returned to the user directly. Hence, we propose to use CSC
based on statistical machine translation in 2013 described in Section 4.1.3. We found that
the translation probability (in the channel) is not reasonable and the system rely on mostly
the detection model and the language model. In order to solve these problem, we propose
a novel method for training a channel model in this paper. The most important point
is that we calculate the channel model more accurately and reasonably. We propose a
method using Expectation-Maximization (EM) algorithms to learn to estimate the channel
probability form the training data of ngrams. We also combine the global error probability
and local error probability in the channel model. Finally, we correct typos using a noisy

channel model based on channel probability and character-based language model.

We compare four systems in our experimental evaluation. We experimented with dif-
ferent probability in statistical machine translation and noisy channel model in first ex-
periment. We compare our system with the system proposed by Chiu et al. (2013), which
detect and correct typos using the result of the rule-based method and the machine trans-
lation method. The second experiment is designed to compare our system and one to one
weight for the language model and channel model. The last, we compare the system with
one to one weight in global error probability and local error probability. The four systems

compared are:

* The proposed system: The system proposed in this paper (NCM): Correct typos
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used the noisy channel model with accurate and reasonable channel probability.
The local error probability is trained using EM algorithm and the system also using

the global error probability and the weight, Wgr, and Wy c.

e The system compared with Chiu et al. (2013).

— The system proposed by Chiu et al. (2013) (CSC): Correct typos used the

machine translation method with inaccurate translation probability.

* One to one weight use in the language model and the channel model in the noisy

channel model.

— One to one weight in the noisy channel model (NCMpyemwy): Correct typos
use the noisy channel model with one to one weight of the language model

and the channel model.

* One to one weight use in the global error probability and the local error probability

in the channel model.

— One to one weight in the channel model (NCMgrwy): Correct typos use the
channel model with one to one weight of the global error probability and the

local error probability

4.1.7 Evaluation Metrics

Spell checking is usually compared based on the evaluation of the systems. This evalua-
tion calculate using two metrics, recall and precision We used the evaluation tool provided
by the SIGHAN 7 Bake-off 2013: Chinese Spelling Check Shared Task. For error correc-

tion subtask, SIGHAN adopt sentence-level metrics for performance evaluation, because
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the number of typos is too small comparing to all the characters so that it is not suitable to
use characters as the unit of performance metrics. In order to assess the effectiveness of
the proposed system, we use the test data and the gold standard which are also proposed
by SIGHAN to experiment with our system. We also exploit different confusion set and
channel probability in the proposed system and compare the system in this paper to the
system we developed in 2013 (Chiu et al., 2013). To evaluate our system, we use the

SIGHAN evaluation metrics are follows:

L
LocationAccuracy(LA) = T 4.1)
. A
CorrectionAccuracy(CA) = T 4.2)
. > A
CorrectionPrecision(CP) = R (4.3)

where L is the number of sentences correctly detected the error location, 7 is the
number of sentences in the test data, A is the number of sentences correctly corrected the
error, and R is the number of sentences the system returns corrections. The standard data
format for determining corrections includes NId, location of the typo, and the correction

of the output from the system, which is used to match with the gold standard.

For example, give 6 test sentences with gold standard shown in Table 4.7. If the output

the results of our system:

e Qutput:

1. "00403, 24, 3F"

31



Table 4.7: The given test sentences with gold standard.

Sentence

Gold Standard

(NID=00403) 213 £ = R B F 05 » &2 KGA K& >
R EFOEAR - BETE o

(NID=00408) & 7F &M € £ 347 F 7 S AR F LA
8 PRI |

(NID=00415) F&51& H 69 £4F %k » 4 B A
A FBFHAR > AAETN KR MERZ %
A 0B 3% Ao 15 3% 0 4545 69 18 RIS AR B b 6 R
A28, o

(NID=00436) & &R 0% 69 % AL R BE » S d 49
BKECAZLET » REPLAFT » BEEEAHEIRLG

I S

RE°

(NID=01122) B T H# A Rt B LR FF] » 1
BT —Ay » B4 KRB LA - B B
WEFRGBELR > RARBEZRARTE 224
AENFE s BRFTGERASMRG o 5363400 T%
RFABECA o | ERAZERE o

(NID=01441) % T4 > T &R » EAMN » T
TAEFE—REFH?

00403, 24, 3E

00408, 16, &

00415, 16, ¥, 31, #%, 52, %

00436, 19, €., 28, I

01122, 19, /£, 72, 5, 82, £,
85, &,96, &

01441, 14, 1
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2. "00408, 16, %"
3. "00415, 16, "%, 52, 1&"
4. "01122, 72, &"

5. "01441, 14, ¥&"

The evaluated tool will yield the follows:

* Location Accuracy (LA) =0.50 (=3/6)

L =3 sentences ("00403, 24", "00408, 16", "01441, 14"), T = 6 sentences ("00403,

24, JE", "00408, 16, L", "00415, 16, &, 52, #", "01122, 72, 5", "01441, 14, &™)
* Correction Accuracy (CA) = 0.33 (=2/6)

A = 2 sentences ("00403, 24, 3E", "01441, 14, "), T = 6 sentences ("00403, 24,

3E". "00408, 16, 2", "00415, 16, &, 52, %", "01122, 72, J&", "01441, 14, 1&")

¢ Correction Precision (CP) = 0.40 (=2/5)

A = 2 sentences ("00403, 24, 3E", "01441, 14, 1&"), R = 5 sentences ("00403, 24,

JE", "00408, 16, ££", "00415, 16, =&, 52, ", "01122, 72, /&5" , "01441, 14, 1§")

4.2 Evaluation

In this section, we report the results of the experimental evaluation using the methodology
described in the previous section. First, we report the results of Comparison 1, which
compared the two systems of Chiu et al. (2013) (CSC) and our system (NCM). For this
comparison, we set the parameters as follows according to the some experimentation with

the different values of these parameters in our system.
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Table 4.8: The evaluation results of comparison systems.

Systems Location Accuracy Correction Accuracy Correction Precision
NCM 49 44 .60
CSC 40 .38 58
NCMpMmcemwi .10 .09 S5
NCMgrwi 48 40 43
® WGL =0.1
e Wic= 0.7

* Local error probability = EM

Second, we show the results of Comparison 2 for the system with one to one weight
(NCMLvcmwe) for the language model and the channel model. Finally, we describe the
results of Comparison 3, which compared the system with one to one weight (NCMgrwt)
for the global error probability and local error probability. During this evaluation, we
tested our systems on 1,000 sentences containing at least one typo, provided in SIGHAN
Bake-off 2013: Chinese Spelling Check. The confusion set with identical sounds and
strongly similar shape relations described in Section 3.2.1. In this section, we discuss our
evaluation results and analyze the cause of these errors. Table 4.8 shows the results of

NCM and comparing with three systems.

As we can see, the performance of noisy channel model NCM is significantly better
than CSC. Because CSC use a lot of unreliable rules to find typos position during error
detection. In contrast, we skip the detection process and correct the typos systematically
and without heuristic rules. CSC adopts a statistical machine translation to correct typos,
but uses inaccurate probabilities for the confusion sets. On the other hand, we use the

global error probability and local error probability based on EM algorithm to reliably
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Table 4.9: The comparison systems with weight for the language model and channel
model.

Language model Channel model Location Correction Correction

W) (1-Wrc) Accuracy Accuracy  Precision
1.0 0.0 589 489 491
0.9 0.1 558 471 410
0.8 0.2 549 478 575
0.7 0.3 493 443 .600
0.6 0.4 419 381 594
0.5 0.5 341 .309 .566
0.4 0.6 268 243 533
0.3 0.7 231 202 414
0.2 0.8 164 137 228
0.1 0.9 .089 .068 .073
0.0 1.0 031 .018 .025

One to one weight .098 .089 546

estimate probabilities, leading to better results.

We investigate the weight for the language model and channel model. The results
(Table 4.9) show that setting the weight 0.7 for the language model and 0.3 for the chan-
nel model performs significantly better than other weights in terms of CP. So the bal-
ance weight between language model and channel model is important in spell checking.
We also show that the channel model we estimate is useful. We compare NCM with
NCM| viemwe (Comparison 2) in Table 4.8. LA ranges from 0.10 to 0.49, and CA from
0.09 to 0.44, which shows that the weight can be tuned for the language model and chan-

nel model to increase the recall.

In the last comparison, we use different weights in global error probability and local
error probability. We compare the system with different and with one to one weight
NCMgiwt, although NCMgrw: has the acceptable performance but we can enhance the

performance using the global error probability. As can be seen in Table 4.10, the weights
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Table 4.10: The comparison systems with weight for the global error rate and local error
rate.

Global Error Prob. Local Error Prob. Location Correction Correction

(WagL) (1-WgL) Accuracy  Accuracy  Precision
1.0 0.0 479 400 430

0.9 0.1 .509 427 471
0.8 0.2 522 444 509
0.7 0.3 S18 446 528
0.6 0.4 522 449 544
0.5 0.5 525 456 .563
0.4 0.6 516 456 582
0.3 0.7 508 453 .589
0.2 0.8 498 447 .596
0.1 0.9 493 443 600
0.0 1.0 483 433 .599
One to one weight 479 400 430

0.1 and 0.9 in global probability and local probability leads to the highest precision. But
if we do not consider the global probability, the performance decrease by 1%. The results
show that with the global error probability added in channel model, we can improve the
LA and CA, while decrease precision. In Table 4.8, we can see that the CP ranges from
0.43 to 0.60, so that the weight for the global error probability and local error probability

can be tuned to improve performance.

Since a Chinese spell checker is often relied on the manually compiled confusion sets
and data, the correction performance of our system is limited by the confusion set that we
used to correct typos. There are three situations where our system can not correct typos
successfully. The first situation is when the correction is not in the confusion set of a typo.
The second is the correction fail to result in the highest score. The last is due to semantic
errors not covered by the current confusable sets. Examples of these situations are shown
in Table 4.11. To deal with these errors, we may have to use Web-based character n-

grams to automatically generate confusion sets, which are more likely to cope with such
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Table 4.11: A sample of three situations.

Type

Sentence

Correction

Confusion Set

R—BEREAGZEAZHRIZ 63 KL ATAR
AR~ b s B RT rﬁmﬁ‘ B LE
HORER o YM?L"%'E*;%% v A S AT SRR
HGARFARBRIEIT » AR EMIETFHE -

PREEFFH R AGE LR > ALF| A6 ERSLAR L A
/i%i’é;%ﬁ{"éﬁ » TAREHRA AT o Bivk > AR R
ARETHEYIFE » A XFR A THRE £ F
EEAREH B TR -

76, T&->1&

Score FIREZRBFIF  AXBAKE REHF DA L2 f->IE
R~ BERETE o
BB AR A RIEIRHE » RRMHSHFE TR & 11, Fl->3%
7~E$}}£éﬁ)ﬁ(‘pp v O

Semantic r%ﬁf?:?ﬁ‘f AR R XA ] F‘M‘]‘/ﬁ“/"\ﬁ:'] NEg— 02, HE->H
HME > AG i bE A2 TXRECE SRR ™
i%?ﬁ/%’[“%ﬁﬁﬁ‘fy o

situations.
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Chapter 5

Conclusion and Future Work

Many avenues exist for future research and improvement of our system. For example,
confusion sets can be automatically generated using Web-based character n-grams to im-
prove correction performance. Part of speech tagging can be performed to provide more
information for the noisy channel model. Named entities can be recognized in order to
avoid false alarms. A supervised statistical classifier can be used to model channel prob-
ability more accurately. Additionally, an interesting direction to explore is using a Web
corpus in addition to a compiled corpus for correcting typos. Yet another direction of re-
search would be to consider errors related to a missing or redundant character, or collect

data from user to update channel probabilities dynamically.

In summary, we have introduced a novel method for Chinese spell checking. In our
approach, the channel model is trained based the sound and shape similarity using Web
corpus, and the potential typos in a given sentence is corrected using a noisy channel
model. In the training phase, we limit the confusable characters, retrieve the ngrams from
the Web corpus, and correct ngrams and estimate the channel probability. At run-time,

our system generate the correction candidates and calculate their probabilities using the
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language model and channel model from a given sentence. The results show that the
proposed system achieves significantly better accuracy than our previous system. The
experimental results prove that the channel probability we estimate for the noisy channel

model are useful in Chinese spell checking.
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