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Abstract
This paper presents some novel results on Chinese spelkingec In this paper, a concise algorithm based on minimigath
segmentation is proposed to reduce the cost and suit the éetdirrent Chinese input systems. The proposed algorishactually
derived from a simple assumption that spelling errors oftexke the number of segments larger. The experimental sestétquite
positive and implicitly verify the effectiveness of the pased assumption. Finally, all approaches work togetheutjut a result much
better than the baseline with 12% performance improvement.
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1. Introduction as all legal characters have been stored in a font lib and

Spell checking identifies incorrect writing in text, and kpe & Chinese input system just attempts to build an effec-
correction gives advice after errors are detected. Thesh/e map between Latin letter encoding and the hanzi font.
techniques assist a writer by identifying incorrect wigtin  1YPically, a Pinyin-based Chinese input system uses ‘hao’
and giving useful advice. When only the former works, we!© represent hanzi4f'(good), where the character shape
say itis spell checking, and when the latter is also invojved X" Will be immediately given by the Chinese input sys-
we say it is spell correction. The work in this paper will €M from the build-in font lib. That isfrom a sense of
focus on the former task of spell checking as human exP@nzi a non-word(hanzi) spelling error is impossible in
perience indicates that one can immediately realize what iShinese. All Chinese spelling errors are effectively real-
wrong when the spelling error is clearly marked. word(real-_hanzo errors. Thus spell checking for Chinese
For English spell checking, many studies have been mad@as to mainly rely on context-dependent methods.

and quite good results have been obtained. In contrast,N€ rest of the paper is organized as follows. The next sec-
for Chinese it is still a challenging work due to some Spe_tlon discusses the rglatlon bgtween a Chlnes_e input system
cial processing difficulties that arise from Chinese wgjtin nd the corresponding spelling errors. Section 3. presents
which never occur in English spell checking. related works. Se_ctlon 4, proposes our approaches for Chi-
Spelling errors can be roughly putinto two main categoriesn®S€ Spell checking. The experiments and results are re-
One is a non-word spelling error, in which the input word’s ported in Section 5.. Section 6. concludes this paper.

form is definitely incorrect and cannot be found in any dic- . .

tionary. For exgmple, usindcrm’ rather than farm’. Thye 2. Chinese Input System and Spelling
other is a real-word spelling error in which the input word’s Errors

form can be found in the dictionary but is incorrectly used.Why do spelling errors happen when typing Chinese with
For example, usingcome formnot'come from Different  a keyboard? This is a question that draws little attention in
treatments are developed for these two types of spelling eexisting studies. Our empirical study shows that spelling
rors, context-independent methods for the former type, andrrors in Chinese text mostly depend on the way Chinese is
context-dependent methods for the latter. typed into the computer, not on how well users have mas-
Before analyzing Chinese spelling errors, some backgrountkred this language.

knowledge of Chinese needs to be introduced. It is welWe have been aware of that Chinese text is basically written
known that Chinese is written in a special way like somewith various characters. A Chinese character is not some-
other East Asian languages. This results in a sophistithing like a letter in other language, but a unit that intégga
cated consequence where ‘word’ is not a natural concepghape, meaning and pronunciation at the same time. We
for Chinese text processing, but hanzi is. As words cannoshow some hanzi examples in Figure 1.

be extracted in a smooth way, most existing spell checkAs there are thousands of characters for modern Chi-
ing techniques for other languages based on words cannatse, they cannot be directly typed into the computer by
be adopted for Chinese in a straightforward way. Chinesa standard Latin-based keyboard. The solution is to as-
hanzi sets normally include about 10,000-20,000 characsign a Latin-letter based code for each character. Pinyin
ters, but far fewer are really used in everyday life. Typi-is a systematic attempt to give Chinese a Romanized rep-
cally, the 2,500 most widely characters can cover 97.97%esentation based on Chinese pronunciation. Usually, a
of text, while 3,500 can cover 99.48% of text. pronunciation-based Chinese input system(CIS) depends
Chinese spelling errors are quite different from Englishon a specific Pinyin scheme for its hanzi encoding. There
ones, too. In theory, hanzi cannot be spelled incorrecthare several Romanized representations of Chinese. Figure
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shape meaning pronunciation CIS suggests most of the time. A cutting-edge Pinyin-to-

(pinyin) hanzi translation system may achieve an accuracy as high as
2 love ai 90% (Zhang and Yao, 2004; Lu et al., 2009), which is quite
Fo  peace/and he a good score for such a translation system but not satisfac-
# of de tory for a CIS. The other 10% of Pinyin sequences that CIS
B bird niao cannot correctly recommend hanzi for surely require cor-
P2 swim you rection from user. If user fails to do so, then spelling esror

will inevitably occur. We evaluated a spelling error lisath
Figure 1: Hanzi is an integrated unit for shape, meaningVve collected for this study and found that 95% of errors are
and pronunciation. due to the misuse of homophones. This may be reasonably
explained as follows, 1) most users adopt a pronunciation-
based CIS; 2) most spelling errors are initially caused by
1 gives some examples of Pinyin. Figure 2 demonstrates ghe wrong recommendation from the CIS.
typical pronunciation-based CIS, In this figure, when we
type the Pinyin sequence "tongzhi”, the hanzi sequence }ﬁﬂ

. . ton !
candidates are shown as follows such @&a1”. 5 CE AR meR T ORI

L L e a

-----------------------------------------

RS A AAL AR TE ]

Figure 2: A Pronunciation-based Chinese input system. Figure 3: Longer hanzi sequences make the input more de-
terministic.
According to the ‘Hanyu Pinyin’ scheme, there are only
398 syllables for thousands of hanzi characters in modern 3. Related Work

Chinesée' This means that 6-20 different characters share _
the same Pinyin code. That is why an early pronunciationk-k€ many other natural language processing tasks, spell

based CIS was so inefficient, as users at that time had tehecking was first proposed for English (Peterson, 1980).
stop to choose a specific hanzi after each Pinyin sequend €arly work can be seen in (Pollock and Zamora, 1984),
was input. Later, researchers observed that the uncertainfhere a simple dictionary-based approximate search strat-
with which a Pinyin sequence is translated into a hanzi se9Y Was adopted. (Atwell and Elliott, 1987) usedyram
quence may be greatly reduced if longer Pinyin sequence¥0rd and part-of-speech language models for this task.
are input, thus more and more modern pronunciation-base0lding, 1995) considered spell checking as a disam-
CIS make use of this fact and handle longer and longepiguation task from an ambiguous set of correct and in-
Pinyin sequences. Figure 3 shows the number of hanzi s€orect cases. Furthermore, (Golding and Roth, 1996)
quence options is reduced as longer and longer syllables afigiroduced a Winnow-based approach to handle rich fea-
input. There are more than nine options whemgj is in-  tures and achieved quite good results. (Mangu and Brill,
put (only the first hanzi is recommended.), there will be five1997) introduced a transition-based learning method for
options whentongyi is input, and there is only one option spell checking(correction). Their method can acquireghre
when tongyidéis input. types of rules from training text and thus constructed a high
The kernel of a modern pronunciation-based CIS is arPerformance but concise system for English. A recent spell
effective Pinyin-to-hanzi translation and recommendatio COrrection work is (Li et al., 2006), where a distributional
sub-system. Users either accept the hanzi sequence rexiMilarity was introduced to improve the web query spell
ommended by the CIS or make another choice (correction§Orrection. For other languages, (Athanaselis et al., 010
from a list of all possible character sequences correspondiS€d @ language model to detect Greek spelling errors as
ing to the Pinyin input. Chinese spelling errors happerfAtwell and Elliott, 1987). _
when the CIS recommends a wrong decoding of a pinyir_(Qasem|Zadeh etal., _20_06) presented an adaptive, language
sequence and the user fails to perceive it. For the purpodBdependent, and ,bu”t"” error pattern free spell charck
of faster Chinese input, a modern CIS has to decode longdl implementing a "Ternary Search Tree’ data structure, but
and longer Pinyin sequences in order to automatically sethis sys_tem needs the user interaction to learn error patter
lect uncertain characters for users (Lee et al., 1999; Lu ¢?f media and needs a lot of other resources.
al., 2009). This has the consequence that the user seriougp for Chinese spelling checking, an early work was
relies on outputs of the CIS and tends to believe what théChang, 1994) where character tables for similar shape,
pronunciation, meaning, and input-method-code chargacter
1To pronounce a character, the tone must be considered, to'€ Proposed. His approach tries to “guess” all the possi-
There are five tones in modern Chinese. Thus there are somewhl€ €r7ors, and its limitation is in handling errors othearth
less than 2,000 syllables with tone considered. Howevee, ¢an- smgle character substitution errors. .
not be conveniently typed and is actually excluded by nealtly (Cai, 1997) found a useful fact that most spelling errors
CIs. cause a Chinese word segmentation abnormality. For ex-
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ample, hanzi sequence ‘abc’ may immediately form a valid 4. Our Approaches

Chinese word without spell errors. In the case that chary, g section, two approaches are introduced: one is based
acter ‘b’ is incorrectly replaced by ‘B’ in “abc’, hanzi se- 4 minimized-path segmentation, and the other adopts two
quence ‘aBc’ will be quite probably be segmented intOgatistical criteria. Note that our approach is basicatly a
three single-hanzi words, ‘a’, ‘B’ and ‘c’. (Lee et al., ngypervised one as it assumes no labeled corpus is avail-
1999) proposed a Block-of-Combinations (BOC) segmenyp o

tation method based on single-character word occurrenggoever, additional linguistic resources are required by
frequency. the proposed method, including a Chinese word lexicon,

(Zhang et al., 2000b) proposed an effective approach to det hanzi-Pinyin dictionafyand a large sample of plain Chi-

tect and correct Chinese spelling errors. The largest imhese text.

provement over (Chang, 1994) is that their method can . L .

handle not only hanzi substitution, but also insertion andA'l' Approach using Minimized-Path Segmentation

deletion errors. They adopted an “approximate word matcin this subsection, a rule-based method (mini-path) is pro-

method used in English spelling error detection and correcPosed.

tion to find all words in a dictionary whose minimum edit Our algorithm for spell checking is partially motivatedino

distance to a given string is less than a threshold” ((Zhangome observations found by (Cai, 1997), that is, spelling

et al., 2000b): pp. 249). Due to a significant difference be-rrors make word segmentation abnormal. However, the

tween English and Chinese, they carefully refined the origword is not a natural processing unit in Chinés&vords

inal word match method. Finally, (Zhang et al., 2000b) de-are obtained after some word segmentation task is per-

veloped a more complicated approximate match algorithniormed. As words are usually required before error check-

in order to handle as many errors as possible, and achievé@d, and meanwhile, errors make word segmentation ab-

better performance than (Chang, 1994). normal. Our solution is to take advantage of the basic
idea of the minimized-path algorithm, one of the traditiona

Due to the significant difference between English and Chiy,je_-pased word segmentation methods for Chinese. Let

nese, the approach in (Zhang et al., 2000b) has been cargy — {{wi}i—1...} be aword list, where each itemy is

fully improved. To handle many errors as many as possiz jegal word. This is a Viterbi-style algorithm to search for

ble, a complicated approximate match algorithm was develg,q pest segmentaticit for a given textT’, as follows
oped. They did report better results than those by (Chang,

1994). S* = ' argmin_T n, 1)

(Zhang et al., 2000a) also adopted a Winnow-based Chi-

nese spell error detection and correction approach that hagiith all {w;} € W. n is called path length for the seg-
been introduced by (Golding and Roth, 1996). Both localmentation. The idea behind the minimized-path segmen-
language features and wide scope semantic features weggtion algorithm is that a reasonable segmentation should
considered in their approach, which is evaluated on errormaximize the lengths of all segments or minimize the path
caused by a typical shape-based CIS, the “five-stroke” infength. Without any misused hanzi, the segmentation can
put. be performed successfully and output a segment sequence,

* DY e e e 1 i 1 -
(Cucerzan and Brill, 2004) made use of logs of userS = Wy~ w; - wy. ASSUMINg that handiy, is used in

queries to deal with the spelling correction of search aseri a}ﬁaﬁo?fgzesﬁzgrgscéfm& ::;2;:5 rf(rjcz)ur;?hzlhi?/.é.r? 7\7\/,01:)(; list
through an iterative transformation of the input queryan more. Usuall thé/ correct seam thags t0 be split
strings into other likely queries. This method relies hbavi y : Y gmen P

L into more than two parts; hs...h., hupry1...hy fOr a cor-
on the statistics of the Internet search query logs. . e L
queryiog rect matching. Thus, the path length with misused charac-

(Zheng et al., 2011) proposed a method which is based oters is larger.

a generative model to study how to correct people’s misThe algorithm first takes the output of a minimized-path
takes when people typed the Chinese Pinyins, however, theord segmentation which aims to minimize the number
difference between our work and theirs is that our input asef words based on a dictionary. Then we look for some
sumption is Chinese words rather than Pinyin. Our methodimilar word replacement from the given word list so that
is also effective in applications such as automatic coimact the path length can be reduced. If such a replacement is
for the OCR text. found, then it will be shown that some misused charac-

Note that all spell checking or correction tasks re uireesomters do exist. The idea |eads to the algorithm in Figure 4,
P 9 9 whereEdit_Dist(u;j, v;;) means edit distance of hanzi se-

supporting linguistic resources. Typically, a lexicon and encesu;; andu,;, anddist(us;, vi;) means their Pinyin
a very large text corpus are necessary. When a labeled” Y o R y
training corpus is exploited, we say that it is a ‘supervised - — _ , .
method, otherwise, it is an ‘unsupervised’ one. Among the 2A list which gives each character its corresponding Chinese
above approaches, (Golding and Roth, 1996; Mangu anamg‘”“?'a“"“ (Pmym).. I . .
Brill, 1097: Zhang et al., 2000a; Li et al., 2006) can be re- Chinese word definition is problematic; there are seveffal di

ded ised dth h ised Gferent Chinese word segmentation conventions in comounziti
garded as supervised, and the others as unsupervised. ‘ﬁn@uistics (Sproat and Emerson, 2003). So, to be more waref

erally_ speaking, the performance of these two categorées af,o sometimes call outputs of a word segmesEgmentsr seg-
not directly comparable. mented uniténstead of words in Chinese text processing.
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Input: A given legal word listi/
An input segmented sequenees w;ws...w, by using minimized-path segmentation algorithm;
The maximum length of a merging word sequeniges= 5
two dimensional array grapji][] to represent the candidates’ score
Initialization:
1=1
gll[] = —o0
Algorithm:
whilei < n
j=i
while j < min(i + K,n)
let Ujj = Wj...W;
find sets’ which includesy;; of W so thatEdit_Dist(u;j, vi;) < 1
if s’ not empty

for v;; in s’
gli — 1][j] = maz(g[i — 1][4], length(vi;) — dist(ug;,vi;))
eseif j ==
gli — 1][j] = length(ui;)
j=i+1
1 =1+1

Output: Revised segmented sentence~= arg max, distance(1,n)

Figure 4: Algorithm 1

edit distance. To effectively get the merged words’ can-ters, they are in the same confusion set.

didates, we adopt the state-of-the-art index structure andihe first ways is based on a language model(LM), which
search algorithm in (Ji et al., 2009). The main idea is towas used in some existing work (Zhang et al., 2000b; Zhang
build a trie structure to index the words in the dictionary byand Yu, 2006; Liu et al., 2008). The difference is that a bi-
which we can quickly find the candidates within the speci-gram language model is used here rather than trigram as
fied edit distance. after the graph is built, we can get the rebefore. The idea is still simple enough. If a character in-
vised segmented sentences by using the dynamic prograroerrectly occurs, then it should significantly change higra
ming. The algorithm greedily tries to concatenate neighprobabilities (which can be estimated well by a language
boring words by making a change within edit distance 1, model) in which it is involved. For examplé, hohs is a

i.e. changing only one character, so that the modified wordhanzi string. Bigramsh, and hohs should appear with
sequence can find a match in the legal word list. Then alhormal probabilities. 1fi, is incorrectly replaced by,
word sequences with modifications are evaluated by a methenh,h}, andh}hz should not be so frequent &sh, and

ric Score;; = length(v;;) — dist(u;j,v;5). includes two  hohs, respectively. This leads to in the following spelling
items, the first indicates how many characters the matcheerror checking method.

word sequence consists of, and the second indicates thkirst, calculate the logarithmic probabilitigs_;h» and

the Pinyin edit distance between the original word and théhh 1, for hanzih in the textU, L, and Lo, respectively,
concatenated word sequence. Following the definition ofvhereh_; andh, are the previous and next hanzi/of

the metric, the algorithm will actually give a segmentationThen we calculate the logarithmic probabilities; 4, and

of which each include as many words and as few revision&sh. 1 in U of which theh; andh, areh’s candidates to

as possible, which still follows the idea of minimized-path get the maximum value of the logarithmic probabilities. the
segmentation. Comparing the output segmentation and thrmax values are respectively andL). Ifboth L] —L; > «
original one, the difference will be where spelling errorsandL}, — L, > « hold, thenh will be probably a misused
are located. Note that this algorithm also allows outpgttin character i/, wherex is a predefined threshofd.

spell correction according to the corresponding correctio The second is mutual information, which has been sug-

form in the word list. gested by (Zhang and Yu, 2006) for this task. However,
. o o we will use hanzi-based mutual information rather than the
4.2. Approach using Statistical Criteria word-based one in that work. Mutual information of two

We consider two statistical criteria to detect Chinesecharacters is defined as
spelling errors in this subsection. To realize our algonith p(hiha)
,we need a large text samgleto calculate the logarithmic p(h1)p(ha)
probabilities. In addition, we also need a confusion setto, .. . .. .

. . : ~._. "M indicates how possible two characters are collocated
get candidate errors. We build the confusion set by utijzin o .

A o ? together. So, our criterion is that if bot I(h_1, k1) —

the Pinyin. If the Pinyin is the same for two hanzi charac-

MI(hl,hg) = lOg

50ur empirical attempts with trigram or four-gram have been

“We set the edit distance to one because spelling errorsseldoshown unsuccessful, thus only bigram criterion is repoirettiis
occur in sequence according to empirical observation. paper.
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MI(h_1,h) > pandMI(hg,hy1) — MI(h,hyi) > 8 To evaluate our approach, a text sample with natural
for hanzi sequencé_;hh,1 in which h; andhs are the  spelling errors is collected in various ways and errors are
values to get the largest mutual information’s value, therannotated by hand. The corpus is collected from real

we sayh may be a spelling error candidate. human-input text and is quite different from those adopted
) in some existing work that consist of man-made spell er-
4.3. TheHybrid Model rors or confusion sets. This corpus has 8765 characters

To effectively incorporate the statistical informatiortdn  with 439 spelling errors at this time. In addition, we espe-
the rule-base algorithm. we add the statistical featuresially annotate a development set with 3018 characters and
into the score function as stated in the rule-based method.57 spelling errors to determine some necessary parame-
In the mini-path+LM method, we add the score functionters. checking for Chinese has suffered a lot from the lack
ImScoreg;;)-ImScore{:;;) of which ImScore(u) is the lan-  of a standard evaluation corpus, the corpus will be released
guage model score of the sequence of words u. And théor research purpose.

results proves the effectiveness of the statistical featur

Our algorithm earn three merits. First, it is an efficient-seg 5-2- Experimental Results

mentation algorithm. Existing work, for example, (Zhang Spell checking performance is evaluated by F-sdore-

et al., 2000b), has to greedily generate too many words c2RP/(R + P) which is a common way to measure the
word sequences to match all possible error cases. In our appelling checking system’s performance. The reéais
proach, this difficulty is avoided as we only consider com-the ratio of the correctly identified spelling errors of the
bining neighboring words. As our search space is greatlyhecker’s output to all spelling errors in the gold-staddar
reduced, the final decoding algorithm can be also efficientlyand the precisio® refers to the ratio of the correctly iden-
executed in a Viterbi style like finding the longest pathtified spelling errors of the checker’s output to all idesetifi

in a DAG. Second, our algorithm effectively separates theerrors of the checker’s output.

knowledge source for spelling errors from the processing
procedure. All knowledge is from the functiatist() and

the word listiW (We will give all necessary details about Table 1: Results of all methods

the list in the experimental section.). The former defines Approach R P| F

error bias from the correct cases, and the latter defines how mini-path 0.421| 0.287 | 0.337
the correct cases look. Such separation makes the algorithm LM 0.456 | 0.429 | 0.442
easier to adapt for spelling errors caused by other types of Mi 0.492 | 0.303 | 0.374
CIS, for example, the five-stroke input (the most popular mini-path+LM 0.712 | 0.364 | 0.482
shape-based CIS and focused on by (Zhang et al., 2000b; mini-path+LM+MI | 0.720 | 0.367 | 0.486
Zhang et al., 2000a)). Third, as the edit distance is uskd, al MS-Word 2007(SC)| 0.554 | 0.269 | 0.363

three types of spelling errors, hanzi substitution, ineart

and deletion errors can be detected in a unified way. ) )
y The best results that modern Chinese spell checking sys-

5. Experiments tems ever achieved are less than 0.7 for recall and less than
0.4 for precision according to (Chang, 1994; Cai, 1997;
Zhang et al., 2000b; hua Li and Wang, 2002). Due to the
In the proposed approach, three types of linguistic reapsence of all evaluation corpora in the existing work, we
sources are required, cannot give a direct comparison with them. The best results
that were ever reported are from (Zhang et al., 2000b), but
we found that a key function in it is not disclosed, which
(b) a hanzi-Pinyin dictionary makes it impossible to re-implement their work. Hence,
the spell checking output of Microsoft Word 2007 Simpli-
fied Chinese version is taken as our baséfine

For (a), we adopt an online standard lexi€avhich has From table 1, we see that the proposed method gives a
been frequently used for Chinese input methods and corBroup of satisfactory results, and achieves 12% F-score im-
tains about 213,662 words. For (b), we choose a lisProvementover the baseline. For LM criterienis tuned
that contains 7,809 characters and their correspondinp 1.5. Note that although the mini-path’s F-Score is lower

Pinyin? For (c), the 1998 China Daily newspaper cofpus than the base-line method MS-Word, after we incorporate
is adopted. the element of Language Model, the score is much better

Good-Turing algorithm as smoothing strategy is adogted.from the table, the mini-path+LM method improves 15%
and the berkeleyli software is used to support the arpa compared to the rule-based method and 12% compared to

5.1. Linguistic Resources

(a) alegal word list

(c) alarge sample of plain text

file format. the baseline method. It fully represents that the stagibtic
information brings big improvements because it incorpo-
Shttp://download.csdn.net/detail/daxuea/2144016 rates probability differences between the target phrage an
"This list is at http://download.csdn.net/source/1992252
8http://ccl.pku.edu.cn:8080/ccl corpus/jsearch/injsgx. Y Another reason that we take MS-Word as the baseline is that
Shttp://www-speech.sri.com/projects/srilm/ it was unofficially reported that the work of (Zhang et al.020)
http://code.google.com/p/berkeleylm/ has been successfully transferred into MS-Word.
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the original phrase. It coincides with our impression that5.4. Summary

the LM is an important criterion to estimate a sentence’sroday, the most popular CIS are pronunciation-based and
ﬂuency. In addltlon, we find that |nC0rp0rat|ng the 6|ementnear|y everybody uses a pronunciation_based CIS for their

of Mlinto the final result gives little improvement. work or entertainment. This is where our work is mostly
motivated, that is, to catch up with the recent changes in
5.3. Detailed Analysis this field. In addition, we develop a new evaluation corpus

for the task of spell checking. This corpus is collected from

Fi_rst,_we g?ve the result curve according_to language modefea)-world applications so that it can effectively reflduos t
criterion with differenta.. The results in Figure 5 show that \,rrent state of CIS.

peak performance is given witlh = 1.5. In addition, the

shape of this curve means a language model alone is not
so good a criterion for spell checking as it doesn’t provide
0.5
stable performance. /
0.4 /
os F-score 03 —
0.45 0.2
0.4 //\\’\\ -
0.35
/ \ :
0.3 / \ 0 0.5 1 15 2 2.5
F-score 0.25 x100000
0.2 \ DataSize
0.15 \
\\
0.05 N Figure 7: mini-path+LM:the relation between datasize and
0 ‘ ‘ ‘ ‘ ‘ ‘ f-score.
0 1 2 3 g 4 5 6

6. Conclusion

In this paper, we investigate the relationship between Chi-

We also investigate how the size of the legal word list af-"€s¢ Input systems and spel_l errors, ar_1d report_some novel
results about Chinese spelling checking. Chinese spell

fects the performance of the proposed rule-based metho . L : :
(mini-path). Choosing 1/10, 2/10, .... of the original word c‘:%eckmg is presented in this paper. As modern Chinese in-

list uniformly, the results of spell checking are given igFi put systems have generally turned to Pinyin, spell checking
ure 6 and Fi;:]ure 7 where the solid red line represents thtasks for Chinese should tune itself to fit the new challenge.

actual performance, and the dashed green line represen%s(?s'des’ existing work often requires high computational

the corresponding linear fit. This figure shows a stable pe COst to solve the problem due to some special characteris-

I- . . . . .

; L . tics of Chinese. This work aims to give a positive response

formance improvement as the word list is continuously en-
to all these challenges.

larged. The results also demonstrate that a W(.)rd list ma¥he contributions of this paper can be summarized as fol-
be a good knowledge source for the spell checking task anld

the size of the word list is an important factor in the final OWs,

performance. They also show that the proposed mini-path(1) An assumption for Chinese spell checking tiael|
approach relies on a large high-quality lexicon. errorsin Chinese usually lead to a larger number

of segmented units is proposed and its effectiveness
is verified. An efficient novel spell checking algo-
rithm for Chinese based on the above assumption is

" proposed.

P (2) Two statistics-based approaches for spell errors are
Fescore 02 o also evaluated and compared and are effectively
/ combined into the rule-based method which proves
It promising results.

Figure 5: Choose a betterfor language model criterion.

o (3) We empirically show that a legal word list plays anim-
portant role in spell checking. Precisely, the accuracy
Datasize of the proposed approach increases with increases in

the size of the word list.

Figure 6: mini-path:the relation between datasize and f- 7. Acknowledgements
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