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Abstract Processing of text for real world applications requires
lexicons which provide rich information about morphology
syntax and semantics [8]. Lexicons can be constructed from

Compar_ed to other electronic l.eX'Cf.iI resources avz_i'lable'existing lexical resources. A thesaurus is a unique source of
thesauri have yet to be exploited in such depth in text.

. : . ; information based on completely f@ifent oganisational
processing systems. Th|_s paper descrlbesatechmque_whwﬁmciple& Therefore, it is likely to contain semantic
|dentnf|es semantic relatlor_1$ using Roge‘_[hesauru_s. This information additional to that captured in MRDs and
technique generates ra?latlon weight which prqwdes a corpora. Unlike a dictionaryvhich explains the meaning of
measure of the relation between word pairs. In one

. titis sh that relati iaht b dtwords, a thesaurus groups words that express similar
experiment 1t 1S shown that refation Weignts can be use %eanings or ideas. Electronic thesauri currently available

g\lstmgglsr} semlz_intlpally ][etlr?te:j wr:)rpls fro_mtlrj]melatedt\_Nordef‘incIude Collins Electronic English Dictionary and Thesaurus
practica ‘?‘ptp ca |on_? IS tec mquells € co_rre<|: |é)n 0 consisting of 275,000 synonyms; Random Housbitéts
cursive script recognition errors.yfical errors include Electronic Dictionary and Thesaurus consisting of 180,000

unrecognised words or multiple candidate selections for theentries; and Roget’ Thesaurus (hereafter TR also

same word position. Semantic information can be used tocontaining approximately 180,000 entries. R probably
the most well-known thesaurus for the English language and
is a well-established writing tool (over 30 million copies
have been sold [9]). The use of Rs a lexical resource for
semantic information is supported by three points. Fjrstly
RT is oganised into groups of semantically related words,
1. Intr oduction representing a ready-made knowledge base of linguistic
information. Second)yit is comprised of object words [10]
The current trend for the development of text recognition which constitute words used in everyday language.
systems has focused on the pattern recognition stagelherefore, it provides lexical coverage of frequently used
However accurate text recognition is not possible based onwords. Thirdly the application of R for text processing is
image features alone. There will always be cases of visuasupported by the work of other researchers in the field
ambiguity where more than one candidate word is selected[11,12,13]. Semantic relations identified it Bompliments
To resolve these cases, contextual information is requiredhe existing sources of semantic information already applied
such as the transitional probabilities of words or the to text recognition.
identification of semantic relations between words. For text
recognition systems to attain the same level of recognition
performance as human readers, diverse knowledge sourc . :
must be considered. The need is recognised for integratin?' Relation V\EIghtS
different knowledge sources for successful recognition [1]
but few systems actually utilise linguistic information
beyond the word level. The relatively poor performance rate
of current text recognition systems, in comparison to huma
reading abilities, is attributable to the lack of integration in
such systems [2]. ékt recognition approaches based on
contextual cues include the consideration of word level
features [3], syntactic information [4,5] and semantic
information. Semantic information has been derived from
machine readable dictionaries (MRDs) [6] andyéatext-
based corpora [7]. Another lexical resource which can be 1. contact the authors at ajobbins@resumix.com and
used to extract semantic information, is a thesaurus. lie@doc.ntu.ac.uk

relation weights to locate the ¢ggt word from a number of
alternative candidates.

The following section describes a technique which quantifies
the amount of semantic relation between words based on the
Sentries in A. The third edition electronic version offRs
ncomprised of 990 sequentially numbered and labelled
categories. In each of these categories, closely related words
are grouped under paragraph groups and then semi-colon
groups. Vithin the semi-colon groups there may be cross-
references which point to other related categories in the




thesaurus. \Wds grouped together in the thesaurus areA semantic relation between two words can be predicted by
semantically related. For example, a semantic relationshighe satisfaction of one or more of four connection types in
between two words can be assumed if they occur in the samé&Lex. These connections are as follows:

categoryMorris and Hirst [12] utilised RogetInternational

Thesaurus for the detection of lexical cohesion as anll] Samecategory connection (ht*h§ defined as a pair of
indicator of text structure. They identified five possible links ~ headwords occurring in the same category

in the thesaurus index to manually locate chains of ) )
semantically related pairwise words in text. Morris and [2] Category to cross-reference connection (ht"s)
Hirsts method treats word pairs as equally related; the  defined as a headword occurring in a category that is
strength of relation is not considered. In the present work, a  Peinted to by another headwasdross-reference;
measure of the amount of semantic relation between words i

calculated. Four types of connections in the thesaurus arggl
identified and automatically searched for in the thesaurus
entries.

Cross-reference to category connection (crig)
defined as a headword having a cross-reference that
points to the category of another headword;

f [4] Same cross-reference connection (crisrilefined as
the cross-references of two headwords pointing to the
same category

RT’'s format is not conducive for automatic extraction o
information. Each paragraph is represented as one record
containing a continuous string of words. Furthermorg, R

contains abbreviations and annotations that are intended fofpq calculation of aelation weight quantifies the amount of

human perusal but present problems for automaticsemantic relation two words demonstrate. This is based on
processing. A paragraph excerpt from category 274 labelleqne total number of connections made normalised by the total
Vehicle,” is given in Figure 1. It shows some of the \ymher of connections that could be made. The calculation
typographical features employed (e.g. “>1e” encodes €).  f 5 relation weight for one connection type is expressed as

C (Wi,Wj)
100274. 04. 02. 03055. 13. 11. % aut onobi | e, ho RW(Wi’Wj) = x 100
rsel ess carriage, car, notor car; notor, auto
;1 i nousi ne, gas guzzl er; sal oon, t wo-door s.
,four-d. s.;tourer, roadster, runabout, bugg

y; hard-top,soft t.,convertible; coup>le ...

CM (Wi,Wj)

whereRW(w;,w;) is the relation weight for words; andw;.
C(w;,w) is the total number of connections made between
words w; and w;. Cy(w;,wj) is the maximum number of
connections that could have been made between these words.
A relation weight is calculated for each connection type. It

) ranges from 0, which indicates no semantic relation, to 100,
A method was developed to generate an alphabeticallyyyhich indicates the strongest possible semantic relation.
ordered index of R This index is referred to as the

Thesaurus Lexicon (TLex). The gamisation of TLex
optimises both the size and the search space of the thesaurus.
Each record in TLex consists of a headword, followed by a3
list of the category numbers in which it appears (preceded by™"
tag “ht”) and any associated cross-references (preceded
tag “cr”). An excerpt from TLex is given in Figure 2 showing
the entries for the headwordsitomobile, convertible and
limousine.

Figure 1: Paragraph Excerpt from Roget's Thesaurus

Identifying Semantic Relations

bX\n experiment was conducted which compared the relation
weights of semantically related pairwise words to unrelated
pairwise words. The objective of investigating the relation
weights was to determine whether higher weights are
assigned to the related word pairs.

Method: Forty word sets were used as test data, each

autonobi | e ht 274 consisting of three words between four and six characters

convertible ht 13 28 147 151 274 514 673 cr long (e.g. putter,bread,class}). The second word in each set
28 143 640 is a primary associate of the first word (e loutfer,bread}).
i mousi ne ht 274 The associate word pairs were selected from association

norms [14]. The third word of each set is a nonassociate of
Figure 2: Excerpt from TLex Showing Three Records the first word (e.g. Hutter,class}). The nonassociate word




Associate Relation ight Connections
Compared to
Nonassociate Relation éight ht*ht ht”cr cr™ht crcr All
Associate Wight > Nonassociate &ight 32 28 28 20 35
Associate Wight < Nonassociate &ight 6 7 7 6 4
Associate Weight = Nonassociate Weight 2 5 5 14 1

Table 1: Comparison of Relation Weights for Associate and Nonassociate Word Pairs

pairs acted as controls. They were selected to balance thd. Correcting Recognition Errors

corresponding associate pairs in terms of word frequency

and word length [15]. @ generate the relation weights, A problem for cursive script recognition is the variability
connections were considered both individually and in between samples with regard to size, shape and slope. There
combination. Wights were combined by addition and then are many variations on the stylisation of individual
re-normalised from 0 to 1000Tdetermine which word pair ~ characters that can be found between writers. Even when
in each set demonstrated the strongest semantic relatiotvritten by the same writedifferent instances of the same
their relation weights were compared. For example, associat&/ord can vary considerablfRecognition of cursive script
pair {church,priest} attained a relation weight of 81.25 can produce many errors because of the problem of
which indicates a strong semantic relation. The nonassociatéetermining the correct character segmentation of a word.
pair {church,bridge} in the same word set attained a relation Consequently multiple characters are recognised which

weight of 1.19 which implies a weak semantic relation. combine to produce multiple candidate words at each word
position. Relation weights can be used to select the most

Results: Table 1 shows the results for each connection andikely correct candidate.

the combination of all connections. Thefeliénce between _ _ -

the relation weights for the associate and nonassociate worlflethod: Twenty texts of cursive script recognition outbut
pairs was compared using a two-santptiest. This showed Were used as test data. The texts consisted of approximately
that the associate word pairs achieved significantly highet?00 words each and were taken from fivdedént subject
weights than the nonassociates .88,p < 0.001df = 39). areas (four from each). In this test data, 77.1% of the word
This result provides evidence that the relation weight is apositions had multiple candidates. Relation weights were

reliable indicator of a semantic relation between word pairs.calculated for each candidate word in the texts using a
combination of all connection types. The relation weight of

Discussion:When considering the ht*ht connection, 32 out wordw with textT can be calculated as
of the 40 associate word pairs attained a higher relation
weight than the corresponding nonassociates. For both ht*cr

and cr*ht connections, 28 of the associates were more highly c (W W. )
weighted. The results for these two connection types are x 100
identical because they are directionally associated. For the CM (W W)

crcr connection only 20 of the associate word pairs attained RW (W, T) -i=1

a higher weight. The combination of all connections attained n-

the best correct rate with 35 out of 40 associates achieving

higher weights than the nonassociates. Five associates faileghereRT(w,T) is the relation weight of wone compared to

to score higher than the corresponding nonassociates. One @f| other words in texT. This algorithm runs in ord@(nz)
these associate pairsth{ead,needle} may have failed time.

because the corresponding nonassociate pair
{thread,wander} could actually be considered related. For

another of the failed pairs the outcome was a tie. Both
associate pair seedspoppy} and nonassociate pair 1. A large sample of recognition test data was required, so the
{seedsruler} were weighted at 0. The combination of all  output was generated by a simulator program [16]. This
four connection types identified in TLex can be used to program generates a number of lexical strings for each word in
generate a relation weight between pairwise words. This a text. Lexical strings are derived from a confusion matrix of

relation weight reliably identifies semantically related words. ~ commonly mis-recognised characters in a cursive script
recognition system




Subject Area of @xt Text Level Sentence Level
Group Correct (%) Tie (%) Correct (%) Tie (%)
Applied Science 64.2 6.5 61.4 10.2
Commerce 69.9 3.5 68.1 4.8
Pure Science 61.5 5.5 58.8 9.8
Social Science 65.3 4.9 63.6 6.8
World Affairs 71.6 2.7 71.1 54
Average 66.3 4.7 64.5 7.4
Total (Baseline: 30.8%) 71 71.9
Standard Deviation 6.7 5.5

Table 2: Cursive Script Recognition Rates for Text Level Compared to Sentence Level

Two types of context in text thatfe€t word meaning percentage. For each subject area the text level attained the
comprehension for human readers have been determinediighest correct rate, with an average of 66.3% of tlgetar
global context and local context [1TGlobal context is the words ranked top. The majority of otherger words were
text in which the tayet word is embedded ahatal context ranked in second place. More ties were found at the sentence
is the immediately surrounding sentence or phrase. Hence, ievel which reduced its recognition rate. Many ties occurred
can be assumed that semantic relations between words cdrecause of non-scoring words. For instance, if all candidates
occur both across entire texts and within sentencefor a word position fail to form connections (i.e. have relation
boundaries. Experiments were conducted at both the textveights of 0) they are all tied at first place. More words failed
level, whereT represents an entire text, and at the sentencao form connections at the sentence level because less
level, whereT represents a sentence. Therefore, connectiongonnections are found between words within the same
were considered between words at the supra-sentential angentence than words across an entire text. The resolution of
sentential levels. Candidates were ranked according to theitied words can increase the recognition rate. At the sentence
relation weights. The highest weighted candidate was rankedevel the combination of correct and tied words attained an
in first place, the second highest weighted candidate wasverage recognition rate of 71.9%ok¥s can also fail to
ranked in second place, and so on. For each text, a baselirseore because they do not appear in TLex. Therefore, they
recognition rate was calculated which represents the chanceannot form connections with other words. Omissions in
percentage of ranking the g@t word at the first positidn TLex indicates that those words did not originally appear in
RT. An investigation into the lexical coverage of,Rvhen
Results: Table 2 gives the results for both the text level and compared to a 160,000 word sample from the Lancaster
sentence level analysis. The results are given for groups 0bslo/Begen Corpuf British English[18], found it to be

four texts belonging to the same subject area. The tabl®29,. The majority of omissions were attributed to word
shows the percentage ofdat words that were correctly inflections and proper nouns.

ranked in first place for those cases where there were two or
more alternative candidates. The percentage gétavords Using relation weights, the correctdat words are selected
that were jointly ranked in first place with at least one othersignificantly higher than chance and comparable to the rates
word (i.e. they attained the same top ranking relation weight)obtained when using other semantic techniques, such as
is shown as a tie. definitional overlap [6] and collocations [7]. Integration of
different techniques can improve text recognition rates [2].
Discussion:In each case, the percentage of correct wordsRelation weights are based on TLex which is generated from
selected was significantly higher than the baselinerT. In future work, this technique could be integrated with
semantic information derived from other lexical resources,
such as corpora and MRDs.

1. The chance of selecting thegat word from the multiple
candidates was calculated bﬂr:x 100 wheren is the total
number of candidates.



5. Summary (2]
RT was investigated as a potential source of semantic
information for the resolution of cursive script recognition 3]
errors. An alphabetically-ordered index of Ras created,
referred to as the Thesaurus Lexicon (TLex). This
organisation reduced both the size and the search space of the
thesaurus. A semantic relation between two words can be
predicted by the satisfaction of one or more of four [4]
connections located in TLex. A measure of this semantic
relation is given by a relation weight. An experiment was
conducted which calculated the relation weights for associate
and nonassociate words pairs. It was found that in 35 out ofg
40 cases the associate pairs were weighted significantly
higher than the corresponding nonassociate pairs. The
identification of semantically related words is useful for
automatic text processing applications, such as the correction
of text recognition errors. (6]

Text recognition provides an alternative mode of
communication with a computelRecognition can be of an
existing paper document or of handwriting as it is being
written. A text recognition system initially conducts pattern
recognition on the tget text where recognised characters or
words are output. The combination of recognised characters
can produce a number of candidates at each word position.
The consideration of contextual cues, such as semantigs]
relations between words, can be used to select those
candidates that are most likely correct. Relation weights
were successfully used to resolve cursive script recognitiorLg]
errors. Candidates that attained the highest relation weight
were biased for recognition. Connections between words
were considered at both the supra-sentential and sententig{ g
levels. The taget word was selected an average of 66.3% of
the time when considering connections across an entire text.
The inclusion of tied words at the sentence level achieved afhl1]
average recognition rate of 71.9%.

(7]

Human reading ability outperforms text recognition systems.
For automatic techniques to achieve the level of human
competence in cursive script recognition the integration of

. . - 12
knowledge sources is required. Additional semantic
information to that captured by the thesaurus can be obtained
from corpora and machine readable dictionaries and

integrated with the relation weights technique. [13]
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