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Abstract

This paper describes a new approach to auomatically
learn contexua knowledge for spelling and gamnar
corredion —we aim particularly to deal with cases where
the words are all in the dictionary and so it is not obvious
that there is an error. Traditiond approaches are
dictionary based, or use dementary taggng a partial
parsing d the sentenceto oltain contex knowledge. Our
approach uses affix information and ofy the most
frequent words to reduce the mplexty in terms of
training time and running time for contex-senstive
spelling corredion. We build large scale confused word
sets based on keyboard adacency and appy our new
approach to learn the contexual knowledge to detea and
corred them. We exylore the performance of auto-
corredion undr condtions where significance and
probalilty are set by the user.

1. Introduction

In many applicdions it is necessry to corred errors
that have been introduced by human typists and operators,
including ron-native speekers, or by Artificial Intelligence
systems suich as Speedy Reaognition or (Opticd or
Handwritten) Characer Recognition, or even by Madhine
Trandation.

Errors that simply involve non-words being generated
can very easily be discovered by looking up a dictionary,
but such simple Spell-Cheders are inadequate to the
extent that they cannot pick up errors which involve
substitution of another valid word, or which involve
grammeaticd errors. We [1] distinguish six different types
of reasons for substituted word errors: typographic eror
(form' versus ‘from’), homophone eror (‘peacé and
‘piece), grammaticd error (‘among and ‘betwean’),
frequency disparity errors, leaners errors and
idiosyncratic eror. These erors acount for anywhere
from 25% to over 50% of observed spelling errors [2].
Fixing these kinds of errors requires analyzing the
contextual information and is not handled by conventional
spell-chedk programs. The task of fixing these spelling
errors that happen to result in valid words is cdled

David Powers
Schod of Informatics and Engineaing
The Flinders University of Souh Australia
powers@ist.flinders.edu.au

context-sensitive spelling corredion. Note however, that
all spelling corredion is context sensitive — the difference
with confused words is that the identification of spelling
errorsis also context sensitive.

2. Confused Words

Rather than attempting to deted and correa all
posshle arors, our context-sensitive crredion agorithm
attempts to choose between known pairs or sets of
ambiguous words for which statistics are present at
significant levels. The ambiguity among words is
modelled by confused sets. A confused set means that
ead word in the set could mistakenly be typed when
another word in the set was intended.

These @nfused sets can be discovered based on a
number of models and sources of errors, including
keyboard proximity (typos), phonologicd similarity
(phonos), grammaticd confusion (grammos), frequency
disparity, foreign idioms, and idioledic idiosyncrasies.
These ae often present in combination - in particular
frequent words like ' are’ are often substituted for less
frequent but similar sounding words like ' our' : it seems
that our fingers automaticdly complete the more common
confusions of words that are neaby either on the
keyboard or phoneticdly — and they can even complete
common endingslike' ing .

For keyboard proximity, we model which keys are
adjacent and thus often substituted, we model omissons
of letters, shifting of a pattern left or right on the
keyboard, clipping an adjacent key causing an insertion.
These models can be used to autocorred words that aren' t
in the dictionary, or can be used with the methods
explained below to pick up and corred problems where
they happen to produce avalid word.

For phonologicd similarity, we use a dictionary to
map to a phonologicd representation and then look in a
similar way for exad homophones as well as nea
homophones resulting from substitution, deletion or
insertion of a phoneme.

Frequency information also needs to be taken into
acount as a bias, and we can patentially tune our models
at run time to the kinds of idiosyncratic erors that are



frequently made by an individual - taking rote of the
corredions that they make themselves as they type or on
subsequent proof-reading.

There ae dso databases/corpora of common errors
made by second-language leaners, e.g. foreign speders
of English. This information can be treaed in the same
way as the sets of words discovered using the éove
models, and indeed there ae dso models explaining the
type of errors made by language leaners of a spedfic
lingustic/cultural badkground.

3. Context-sensitive spelling correction

The general problem considered in context-sensitive
spelling corredion is the resolution of lexicd ambiguity,
both syntadic and semantic, based on the feaures of the
surrounding context. Two kinds of feaures have been
shown useful for this: context words and collocations.
Context words test for the presence of a particular context
word within +n words of the ambiguous target word. The
context words capture the semantic amosphere (discourse
topic, tense, etc.). Collocations test for a pattern of up to
m contiguous words and/or part of speed tags around the
target word. Collocaions capture locd syntax.

Previous work has been done based on the
combinations of these two types of feaures. Word-
trigram methods [3], Bayesian clasdfiers [4], Dedsion
Lists [5], Bayesian hybrids [6], Winnow-based methods
[7] and transformation-based leaning [8] have gradually
improved the acaracy of the mntext-sensitive spelling
corredion. But in obtaining the cllocaions most neel to
use adictionary to tag ead word in the sentence with its
set of possble part-of-speed tags, which increases the
complexity of the system in terms of both training time
and the runring time, whil st those that use words diredly
are limited to trigram statistics due to the exponential
explosion of posshiliti es.

Entwide's [9] parser which uses crude dfix
information to parse Endlish inspiresusto oltain syntadic
information only based on sentence form. We use two
kinds of word forms to capture the syntax around the
target word: the most frequent words and affixes.
Kilgarriff [10] shows the most frequent words tend to be
syntadic in nature and to be ae dmost all function words.
A vowel or a onsonant prefix shows us the ‘a/an’
distinction. Suffixes cgpture the useful syntadic feaures.
Both the most frequent words and affixes give us the
syntadic cues to discriminate the confused words. We
define them as eigenunits. Tagging ead word around the
target word using a dictionary is smply replaced by
matching the dgenunt. This dgnificantly reduces the
complexity from the order of a milli on passble tokens per
position, to afew hurdred.

With the availability of large text corpora, it has
become possble to automaticdly learn the grammaticd
rules diredly from the text, instead of manually generated
rules, which can be time @nsuming. Furthermore it is
difficult to generate dl syntadic and semantic rules, asthe
rules of languege ae vast and idiosyncratic. Leaning
rules from corpora is more redistic and applicable.
Traditional ‘spell-chedking and ‘grammar-cheding tend
to use fixed rules of thumb which lead them to flag all
occurrences of particular words like 'which' or particular
congtructs like pasdves or prepositions at the end of
sentences. These ae deprecaed by style manuals, but are
very commonly used and not redly wrong.

4. Experiment and result

The Wall Stree Journal (19871992 - WSJ) and the
Lewis Carroll's novel Alices Adventures in Wonderland
(Alice) were used in this experiment. Around 716M
words (WSJ87-89, 91-92) were used for trainingand 1990
WSJwas used for testing.

The first phase of the projed involved developing the
initial sets of confused words - primarily for the modeled
typographicd errors. Peterson [11] shows that up to 15%
of typographicd errors yield another valid word in the
language. We extraded 7,407 mirs of confusable words
based on 6,131 words from the 25143word Unix
dictionary by systematicdly performing charader
insertion, deletion or transposition. These include the
following four stuations: a) where ajacant keys are
substituted such as 'sun’ and 'sin’; b) where one charader is
deleted or inserted such as 'its and 'it’s; ¢) two charaders
are transposed such as 'form' and ‘from’; d) where two
charaders are aljaceit on the key board and are
substituted with the wrong pair of adjacent charaders sich
as 'trap' and 'regp’. About 44% of the words in the training
corpus belong to these confused words.

The second phase mncerns sledion of the @genunts.
We use the 145 frequent words and function words plus
65 common suffixes, a dummy null-infledion suffix and
the 34 individua non-alphanumeric  punctuation
charaders as our eigenunits. In order to dstingush
between ‘a and ‘an’, we use vowel and consonant prefix
versions of the 66 suffixes. We dso classfy week, month,
ordinal number and cardina number as sparate dasss.
Irregular word forms can also be usefully added to the
eigenunits to reduce to the noise in these but we did not
choose to use these & the &isting eigenunts cover at
least 85% of the training and validation texts (85.6% in
the 187M 1991 WSJ and 884% in the 26.5K Alice
corpus).

Once we had the sets of confused words and the
eigenurnits, the third phase was to develop statistics from a
large crpus (5 yeas of WSJ from 198789,91-92). For



eah ambiguous word we lean the rules smply by
substituting the surrounding words with eigenurits and
courting the occurrences of the rules. We gradually
extend the window size from 1 to 5 on both sides urtil a
desired degree of significance is readed. We do this to
avoid leaning rules that are uselessbecaise the mntext is
so large that insufficient examples are present to lean
from. Based on ead context for ead confused set, we

ignore the ntext occurring less than a minimum
occurrence threshold, currently set to 1Q as these
occurrences are not sufficient to discriminate @nfused
words reliably. Only where there ae more than 10
contexts avail able do we perform the relatively expensive
significance caculation acording to Fisher's exad test

[12.

Table 1 Diameter with occurrences, significance and probability — number of contexts

1 2 3 4 5 Total %
Occurs<10 5601175 3928959 114481 414 2171 9647200 87
Occurs>=10 1020095 398380 13798 151 653 1433077 13
S>=70,P>=70 283959 23002 0 0 0 306961 2.8
Table 2 Relationship between probability and significance — number of contexts
Occurence>=10 P>=0 P>=70 P>=80 P>=90 P>=95
S>=0 1433077 1413030 1399495 1379896 1350122
S>=70 326420 306961 294005 272192 247368
S>=80 291713 272843 261050 242090 220657
S>=90 247499 231416 222023 206704 189346
S>=05 218889 204697 196581 183469 168604
Table 3 False errors and recall testing on test and validation corpora
% Confused | Confused | Significant |Recall(%)
Corpus Words S&P Errors Introduced (E/W) Words Sets(CS) Sets(SS) (SS/CS)
S,P>=95 199 (unchecked) 0.30 52791 24.3
WSJ0801 | 64,718 | S,P>=80 532 0.80 34805 216963 65355 30.1
(90) S,P>=70 666 1.02 70794 32.6
S,P>=95 | 169 ( 2 true errors) 0.30 44587 23.9
WSJ1231 | 56,163 | S,P>=80 467 0.83 29594 186812 55543 29.7
(90) S,P>=70 572 1.02 60435 32.4
S,P>=95 | 156 (11 true errors) | 0.60 17467 15.0
Alice 26,457 | S,P>=80 772 2.92 20082 116640 22464 19.3
S,P>=70 938 3.55 24472 21.0
Table 4 True errors detected and corrected when errors seeded rando mly
Corpus Errors seeded | S& P |Errors Detected [Detect Rate(%) |Errors Corrected| Correct Rate(%)
S,P>=95 806 24.8 664 20.4
WSJ0801(90) 3253 S,P>=80 980 30.1 804 24.7
S,P>=70 1058 32.5 853 26.2
S,P>=95 663 23.7 541 19.4
WSJ1231(90) 2792 S,P>=80 856 30.7 686 24.6
S,P>=70 919 32.9 734 26.3
S,P>=95 279 17.6 226 14.2
Alice 1588 S,P>=80 364 22.9 293 18.5
S,P>=70 390 24.6 308 19.4
Table 5 Seeded errors of the confusion set of ‘from’ and ‘form’ (S,P>=95)

Corpus Errors seeded Errors Detected Detect Rate(%) | Errors Corrected | Correct Rate(%)
WSJ0801(90) 331 267 80.7 227 68.6
WSJ1231(90) 288 245 85.1 214 74.3

Alice 36 18 50.0 16 44.4




From the Tables 1 and 2 we can work out which
contexts allow reliable wrreaion and what window size
of the cntexts best represents the syntadic information
which is more significant and useful. From table 1 the
diameter 2 is enough to cach the syntax around the
targeted word. Golding [6] obtained a similar result
indicaing that the window size 2 for collocaions
generaly did best to discriminate anong words in the
confusion set. Table 2 shows that most highly significant
contexts are high probability but not vice versa, as
expeded. High probabiliti es without high significance ae
probably not trustworthy. It remains to be seen how best
to tradeoff between probability and significance in user
trials — some users want to be sure to catch al errors even
if that means lots of false crredions are proposed. Others
would rather see only errors with a high degree of
certainty, viz. high significance and probability.

We reocord the mntexts which are reasonably
significant and likely to suggest a crredion (S>=70 and
P>70). Both significance and probability can be used in
defining a function for corredion. These statistics based
on the surrounding words will be sufficient to give us a
context in which one choiceis clealy preferred.

We tested our text corredor on two issues from the
withheld 1990WSJ test corpus as well as on a validation
corpus of an entirely different genre, namely Alices
Adventure on Wonderland. Initially we did not seed any
error into these corpora. Table 3 tells us that our system
will i ntroduce aound 0.3% false erors on the same genre
(WSJ) but introduce 0.6% false erors on the different
genre (Alice). With less sgnificance ad probability,
more false arors will introduce This dows that our
system is a genre oriented as expeded, and that our use of
significance and probability even at these moderate levels
keeps the number of false crredions under control — this
isthe major problem with conventional systems.

In order to evaluate our system, we mlled the statistics
for al the confused words occurring on the test and
validation corpora. For eat of these confused words we
count the significant confused word sets of all its passble
confused word sets acording to the levels of significance
and probability. We can only deted and corred the arors
occurring on these significant confused word sets. The
rate of these significant word sets and all the possble
confused word sets is equal to recdl. Table 3 shows us
that our system can obtain about 24% recdl on the same
genre but only 15% on the different genre (Alice) at the
levels of 95% significance and probability. One reason
why we obtain such alow recdl isthat our confusion sets
are rather big and the training corpus is not large enough
to lean significant contexts. Our confusion sets include
semantic erors sich as 'he' and 'she’ which are difficult to
distinguish using locd context alone. Table 5 shows that
we get better result of about 80% recdl for syntadic
errors 'form' versus 'from'.

Another reason for low recdl is that irregular forms of
the dgenurits particularly for the suffixes distort the
contexts around the target word. This distortion aso
causes many of the false erors introduced by the system.
We can deaease the level of significance and probability
to increase the recdl but it will then introduce more false
errors (Table 3).

As ®a in Table 4 we adualy obtain about 24%
deted rate & 95% significance/probability level overall.
This coincides with the testing results on Table 3. But we
only obtain about 20% corred rate & the same
significance/probability level. From Table 4 we know that
the system can detead 806 errors at levels of 95% both
significance and probability when seeded with 3253errors
on the testing corpus (WSJO801). Of these 806 errors the
system can automaticdly corred 664(%82) errors. The
other 142 errors have two o more proposals to corred
them. Further experiment need to be done to find out how
many errors of these 142 errors deteded can be
automaticaly correded based on the value of significance
and probability of ead proposal. According to these
dtatisticsit isposdble to perform reliable aito-corredion.

We now turn to look at acarracy in terms of the false
errors from the original corpus. No matter how many true
errors are sealed in the @rpus, we canot change these
false erors. The more seeded errors, and the higher
acairacy we require, the more false erors introduced.

A fina isae relating to acaracy is the lak of a
psychologicdly or empiricdly motivated user-model. At
this gage we ae using an elementary model that assumes
that all errors relate diredly to low keyboard or
phonologicd distance, but in fad as discused above,
word frequency, language and ideoledic badkground play
a role, and certain types of errors compassd in our
confused words sts are much rarer than our model
predicts. We propose to tune this model by obtaining
corpora of language leaner errors, typographic
corredions, and by making wse of the statistics for errors
which do lead to non-dictionary words to inform our
model.

5. Interface

In order to compare our text correcor to Microsoft
Spelling and Grammar-cheding, we integrated our text
corredor into Microsoft Word using Maao, Visua Basic
and Access This is useful for the user in evaluating the
performance of the system as well. Microsoft Word can
only corred 90 pairs of confused words but our correcor
can chedk and corred 7,407 pairs of confused words. Our
text corredor outperforms Microsoft Word in picking uyp
errors but still i ntroduces me new errors. Initialy we
proposed to use the significance and probability to colour
the words © that the words that are more likely to be



wrong are highlighted more strongly but experience with
the colour coding in the latest versions of Word indicae
that this may confuse or annoy the user and detrad from
appropriate dtention to the significant corredions in the
text. At this ¢age we only display the significance ad
probability of the dternative to the user in a dialog box
when a highlighted word satisfying the significance and
probability thresholds is sleded.

Note that, as discussed above, there ae two types of
errors that a spelling corredor aways can make: false
negatives (complaining about a crred word) and false
positives (faili ng to notice an error), so in order to give the
user the oppatunity to trade off these two kinds of errors,
we dlow the user to change the significance ad
probability at which notificaion of potential errors occurs.
Thus users can dedde the balance between being bothered
for some false erors and missing some true arors.
Normally this is st at a 95% significance level and a
predsion setting of 95% in the mnfused set. It is posgble
to set levels of significance and likelihood for auto-
corredion to occur in the interface

6. Conclusion and futurework

The techniqgue we developed here can be used to
resolve lexicd ambiguity in the syntadic sense. It captures
the locd syntadic patterns but not semantic information
as the agenunits can mot represent the semantic
asociation with the target word. For example the word
'‘cake’ maybe is useful to disambiguate the mnfusion set
dessrt and desert but ‘ceke’ does not exist in the
eigenunits © this aswociation cannot be leaned.
Furthermore the window size 2 is too small to capture this
asciation. If we extend the window size keeuing the
whole environment is not suitable for this smantic
purpose. Further work need to be done to exploit this
distant word asociation to generate more dficient
algorithm for resolving this problem and minimising the
feaures we learned.

In order to improve the performance of the system, we
must handle the noise caised by the irregular words in the
eigenunits. As mentioned above this noise did not make
the statistic oolledion worse but it will distort the context
around the target word when the crredion happens. This
is the main cause for the false arors. As the vast
confusion sets we have, we can optimise the @nfusion
sets to huild a better model through evaluating ead
confusion set as mentioned in the testing stage.

We eped to be ale to reduce the number of false
corredions by modeling the kind o errors people
adualy make in more detail as at present we only use
keyboard adjacancy.
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