1 CHARACTER STRI NG | DENTI FI CATI ON Techni cal Field The present invention
relates to a nethod and apparatus for identifying a string formed 5 froma
nunber ofwibam@3aseétten characters, and in particular, to ipdamuokypizvg
hand-witten text. Background Art The reference to any prior art in this
specification is not, and should not be taken as, an 10 acknow edgnent or
any form of suggestion that the prior art forns part of the comobn general
knowl edge. One of the MEAHARACIER STRENG IDENTIHECATIONNt of highly
accurate handwiting recognition systenms is the inherent anbiguity of
handw i ti ng. Humans depend on 15 contextual know edge to correctly decode
handwitten text. As a result, a |arge anmount of research has been

di rect ed FbchAaI Pigldsyntactic and |inguistic constraints to handwitten
text recognition. Simlar work has been perfornmed in the field of speech
recogni ti GRS PreseRtinyention relaieretons sreiiod angl apprEatys &on dentifyiigss sringnforped | n a

handwr %t : ngr{/\ﬁ. Qe 0P Rafy-Srftlh dhGctktd %ﬁg&ﬁhi&wgwﬂﬁnﬁﬁﬁ@ hintewlifte
character. il'e sone reéecognition systens pass character recognition

al t oget hetex known as holistic word recognition) nost recognition systens
make sone attenpt to identify individual characters in the input signal
Systens that do not do this are overly dependent on dictionaries during
recognition, and support for the recognition of out-of-vocabulary words 25
(i.e. worgycRgrotndiAte dictionary) is usually not available. In systems
that do utilise character recognition, the raw output_ of a character

cl assi fi efhe referpneis 9oy preaathdn thie sppsifiqatian éy pet and shoyld nok be italiearasnen

anbi gyjt ya&éno%&%eh{ b Qréy( i%?/m? 85 B?%g%ﬁon ﬁg%ek{)/@&t %ﬁ f&%ﬁlgﬁ@ggf Bs&Smon

post - processi ng s gener to resol rea meani ng of
t he i nput gendR1GB6HRBAZ26 PCT/ AU02/ 01392 2 Many systens include sinple
heuristics that define a set of |anguage rules for handwitten
One of the major issues faced in the development of highly accurate handwriting
recognition systems is the inherent ambiguity of handwriting. Humans depend on
15  contextual knowledge to correctly decode handwritten text. As a result, a large amount of
research has been directed at applying syntactic and linguistic constraints to handwritten
text recognition. Similar work has been performed in the field of speech recognition,

natural language processing, and machine translation.

20 In a handwriting recognition system, the fundamental language primitive is a character.
While some recognition systems bypass character recognition altogether (known as holistic
word recognition) most recognition systems make some attempt to identify individual
characters in the input signal. Systems that do not do this are overly dependent on
dictionaries during recognition, and support for the recognition of out-of-vocabulary words

25 (i.e. words not in the dictionary) is usually not available.

In systems that do utilise character recognition, the raw output of a character classifier
inevitably contains recognition errors due to the inherent ambiguity of handwriting. As a
result, some kind of language-based post-processing is generally required to resolve the real

30 meaning of the input.



text. Thus, for exanple, capital letters are nost often found at the start
of words (as a counter-exanple, "MacDonald"), nobst strings are usually al
| ett ers owoaBlod4saérbers (as a counter-exanple, "2nd") andPcalAg®2oime defi ne
the likely position of punctuation characters 5 within a word. However,
these heuristics are time-consumng and difficult to define, fragile to
change, and are usually inconplete. In addition to the above heuristics,
some recolyhiny |symemsy mcmfb simplevbsristias Hhartaieﬁee aNetgvfalmguasd ailes f he&dmptt@l of
this is dgs e Fuj i " L
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Engi neering, Toronto, Canada P %6 1992, Vol . I, . WAL, 271-4. In
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t han t he toathagge, and areTioadllyi incorRpletet h) i s nuch greater than P(glth).
Character N-granms can be easily derived froma text corpus and are a
powerful technique in inproving character recognition wthout constraining
the Wit efy LR REHelabbve hipdsiiel, ffcdse g%ﬂldiv§@te§% inbful ol Rt WY of
letter I nations provid In a glven anguade, the use such Systens
is lim tedxodelndAn @qamples)fvthwseﬂatsmbemmﬂs|Bﬁeg1mrﬂcﬁs&13mgk1 ‘Aefbhamctdrl Imivel ng

the rang .applicati e techni 25 er nor.e, i
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In these cases the usé of regul ar expressions, sinple |anguage tenplates
and const Beit.idd 6c he82% ¥obrL, pptWAISAH be used to i ncrease recogni tion
accuracy. However, the use of these techniques is I|limted to circunstances
in which strict adherence to limted formats is provi ded. Thus, for 30
exanpl e, Irhparhaﬁﬁlﬂ tips€ sydtérhs Ofillige laxligﬂllage tnodtls Qleﬁ@l&g teOp@Bability dfiubsérvigy a f or
which the systemis trained and wi|l not a to general handwritten
text. 15 3@&%@4@@%%@% SHIY BN ngu%ﬁg@rg@}mﬁy Fapexapply, the letta ‘e is

character .}.e¥elore qﬂgelﬂosﬁ)ll%tv LRe AR tetter ‘q’. That is, P(e|th) is much greater than

P(q|th). Character N-grams can be easily derived from a text corpus and are a powerful

technique in improving character recognition without constraining the writer to a specific
list of words.

20
Even so, with large numbers of letter combinations provided in a given language, the use of
such systems is limited, and requires very data intensive processing, thereby limiting the

range of applications of the technique.

25  Furthermore, in some situations, the recognition system is expecting a certain format for the
input (for example, U.S. Zip codes, phone numbers, street addresses, etc.) In these cases,
the use of regular expressions, simple language templates, and constrained character sets
can be used to increase recognition accuracy. However, the use of these techniques is
limited to circumstances in which strict adherence to limited formats is provided. Thus, for

30  example, the technique will only apply to the post codes, or the like, for which the system is

trained and will not apply to general handwritten text.



| evel, particularly in cursive witing. Recognition systens address this

i ssue by including word-based | anguage nodels, the nost comon of which is
t he use oWoaspss2eefined dictionary. 5 Wrd N grans, whi eeTax@2miasel ar to
character N-granms but define transitidn probabilities between sequences of
words rather than characters, can be used for the post-processing of
witten text. To avoid the conblnatorlal menory and processing requirenents
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Q her sysygidbaded 1&@&5@@9@6@ ﬁleofnoSVBblﬁihohO(Ef wnroﬂ ﬂl &anﬁﬁeg&tahlméldeﬁ&libd
exanple of this 1is described in D. Tugwell, "A Markov Mbdel of Syntax"

Paper predei@n8gy.at the 1st CLUK 15 Col | oqui um University of Sunderl and
UK 1998. Anot her approach to word nodelling is the identification of wor d
col | ocations, sequences of two or nore words that have the characteristics
of a syntWokd N-gamsewhithiate wintilar ta&hatdetanl-gmﬂs foot defugenfrhmsition fobaihitiesng

and H. Schutze, "Founda |on of Stati t| cal r al 0 Langu
Pr oc eSS| rlfgetweerh@qmnpew wer 05 st thage’ alreﬁ@gsaem ePted f% @%@quqswwf
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Ilmtlngt applications in which the tecthni ques may be applied
Exanpl es wafcabulaty whel Negramisgswese custbingade atvod-clags N-graow, ydhede ther trmsdlqnn

Langullge WEBRTIISECRrP el i hesprd REou B it oo ed APER G a0 e

Pr oceedi ngsn ®dr ihd1€idGaAnNAsgtign Conference on El ectrical and Conputer
Engi neeri ng, Toronto, Canada, Sep. 13-16, 1992, VoI. |, pp. a generic
tenpl ate | anguage nodel for use in situations that "are very limted in

format or helr vocab t .
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The use of an N-gram character nodel used to estinmate the probability of a

char akt er W@Wﬁ@%?@%‘ﬂ@@@@ PhA8¥&cters is al so described.

Another approach to word modelling is the identification of word collocations, sequences
of two or more words that have the characteristics of a syntactic or semantic unit, as
described for example in C. Manning and H. Schutze, “Foundations of Statistical Natural

20  Language Processing”, The MIT Press, Cambridge, Massachusetts, US 1999.

However, again, the use of language post processing is data intensive, thereby limiting the

applications in which the techniques may be applied.
25  Examples of some the techniques outlined above will now be described in more detail.

H. Beigi and T. Fujisaki describe in “A Flexible Template Language Model and its
Application to Handwriting Recognition”, Proceedings of the Canadian Conference on
Electrical and Computer Engineering, Toronto, Canada, Sep. 13-16, 1992, Vol. I, pp.
30 WAI1.28.1-4, a generic template language model for use in situations that “are very limited
in format or their vocabulary”. In this case, templates are applied by integrating an elastic-

matching character-classification score with a model probability using a search heuristic.



In this system "the set of characters which are supported in the N-gram
character predictor 5 is a - z plus space", as described in nore detail in
H. Bei gi wWoWMd3/D343B@j i saki, "A Character Level Predictive LaogudageoMedel and
Its Application to Handwiting Recogn#tion”, Proceedings of the Canadi an
Conference on El ectrical and Conputer Engi neering, Toronto, Canada Sep.
13-16, 1992, Vol. I, pp. WAL. 27.1-4. 10 Furthernore, in H Beig

" Char act éFheRrsedif et Nagr afrocha@retdrimedaHasedyio iestimafe I%Q:yghiihlllb’rﬂf a Ch@m¢@€i pased

Conf erence n_El ect iland Oo é‘te Qﬂﬁ gl neering, |EEE, Toronto, Canada,
Sept enber®™'g§ PVt o[us ?eBsela PN 4 i's shown to be optimal for
practical on-line handwrl ting recognition". 15 Simlarly, J. Pitrelli and
E. Ratzlaff, describe in %antlfyl ng the Contrjbution of Language

Mbdel i ng Indhwswt@m, [thel sgfeni wharacters Whigl argvaneriad; in dheRicgrgimi dhpigater predictor
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char act erLéVeD rrasdictived nguigék Miodets ahd Ies Hpptieaiokbtd dandivbitial Rédevhition?,si ve
handwri ti ng recognition system 20 A word uni gran) 6%8 raml nguage nodel
derived flr@aeedingsr fudha & pefiagr oRBTesei & Kigrceled e ”ﬁﬁﬁewg’t ten
text is b & dpd T itten Sentence

Recogni tldg(%%ﬂong%dggd%ﬁg%@l? t'he’ Yg% %f’%‘?ng?fi%| Conf erence on Pattern
Recogni ti on Bar cel ona, Spain, 2000, Volune 3, pages 467-470. In this case,

the Viter 25 al m.us, clas i fier scores_and.,wosd.pr abilj.ti,esto
decod | rptherBee. Sokt dits CRBGCALTFcton B CIBLER BexHUspeggtton
non-stat i @&}ﬁ{cyaﬂ\/@biﬁewenap%lﬁzea%caz Ei%ﬁboﬁzfyﬁt%ﬁ‘%g%em SABER) ToRshts,ecammht i on
of U S. Zip codes in "Post processing of Recognized Strings Usi n

Non- st at i SapenybavHORYvit an dmabbe that |'IEE 4Tiseshewottp diesonbianal don prghca) ondingnd
Machi ne nt. gll | |eg:encgI ,21( 10), Cctober 1999, pp 990-999. In this case,
domai n-sgleaélf] 8 that Zip codes have a fixed | ength, and each
digit in the code has a specific physical neaning is used to aid

recognition. eEartl cul ar, Z&fg a training set. of Zip codes provided by
the Ufite¥ aglv Piigelhi and 8o RatzatT, descatbsiin | Qrantifying i Contabulion ofdsaguagey; t

Comut ed e e e R g R L PRl g e

Seventh International Workshop on Frontiers in Handwriting Recognition, September 11-

13 2000, Amsterdam, the use of character N-grams and word N-grams in a Hidden Markov
Model (HMM) cursive handwriting recognition system.

20
A word unigram and bigram language model derived from a corpus to perform holistic
word recognition of handwritten text is described in U. Marti and H.Bunke, “Handwritten
Sentence Recognition”, Proceedings of the 15th International Conference on Pattern
Recognition, Barcelona, Spain, 2000, Volume 3, pages 467-470. In this case, the Viterbi

25  algorithm uses classifier scores and word probabilities to decode input text sentences.

Bouchaffra et al describe the use of non-stationary Markov models as a post-processing
step in the recognition of U.S. Zip codes in “Post processing of Recognized Strings Using
Non-stationary Markovian Models”, IEEE Transactions Pattern Analysis and Machine
30  Intelligence, 21(10), October 1999, pp 990-999. In this case, domain-specific knowledge
that Zip codes have a fixed length, and each digit in the code has a specific physical
meaning is used to aid recognition. In particular, using a training set of Zip codes provided

by the United States Postal Service, transition probabilities for each digit at each point in



performance. L. Yaeger, B. Wbb, and R Lyon, "Conbining Neural Networks
and Context-Driven 5 Search for On-Line, Printed Handwiting Recognition
i n the NewDw®a/034326 Magazi ne, Volunme 19, No. 1, p. 73-89, ARAAAWIOB2
descri bes inplenenting various weakl ySapplied |anguage nodelling
techniques to define a | exical context for a commercial hand-printed
character recognition system This schene allows the definition and

combi nat ithe didit $tving derd catpytedreith thiskoowladded being sprieddndmpravetracngniion
nodel s”, ingluding sone that are "derived 10 from a regul ar expression

gr ammar " .PFRENREC i onari es and | exical tenplates can be searched in
parallel, and include a prior probability for each expression. The

syntactic tenplates are hand-coded and probabilities are derived from
enpi ri calL.aWabgesi B, Webbsrandaki LyonséCanbining Newrah Netvayks edi comteddMifdes in

Recogni zi Handwpi t.t.en Jext', . 1 RPAL WO Kk p.o R 2N .
Technol og‘%%“i-lﬁ' ?%&Pi}ﬁ?e’hg?nmr%ﬁmﬁ%rgﬂl%gg@g% Us ?1?143 a c%lkbi‘%l;?iﬁ%ﬁmg?’

| exi cal anglusentReld. 4, beghuBoguesAT IS gaabiibeg Umbkenidhéng eatiblisswedkly applied
handwriting recognition system Specifically, the technique_gpplies,mord
col | ocat i lenguage akads!lingt teeliniquss jp slebine adexigplopoptest foyr 3l sommerdal dindprinksdy
and uses - Qf - hg. 20
05 pat ent eI BT s@hiem Fhi SHIRGHICASRE dBhy B wnd coRRERADR LPAGR
conbi nat i lgyis, Wirfix @hdeuffixhhists,| aid psndhmtionmodets™ hecladingiseny thit arhddemvedr

segnentatjon and recognition. In US Patent 6,111 985 a character granmar
duri nlf r EUY A ELUAT CXRFRFSION SFHRPES oiB‘F 1cH8N30S WF&W}%&@P}@PQWE‘E ﬁﬁgﬁﬁl?ee@m
esti mat i of AARY diTdihda pifbi SoBLbIARCRHLAS) oFsiuaCrhd Qmudiis MihbiEa bR
words from'nuneric strings usihg an gram character nodel. Simlarly, the
handwr i t tlemdvepdeld amlcugbdbilities asg dereved doie einbigigali analySisPat ent 5, 392, 363, uses
character- and word-grammar nodel s for disanbiguation in a frane-based
probabilistic 30 classifier. US Patent 5,787,197, uses a dictionary-based

POSt - pr OCRS SHR4H, @EBIIF 41eRidaPEnd Blyhidetic Tackfubs i Bet®@@0bis Habdvwriftee Text”,
dictionary search strips all punctuation fromthe input word, 6 which is
t hen Hat chBBA Heiksir en dfusian agq flechnelogpalancetan, NS, Magcls d Pk deseeibesn
function I?S?Igg a combination of lexical and syntactic techniques to disambiguate the results of a
handwriting recognition system. Specifically, the technique applies word collocation
probabilities to promote or propose words based on context, and uses a Markov model of
word syntax based on part-of-speech tagging.
20
US Patent 6,137,908, describes using a trigram language model in combination with other

heuristics to improve the accuracy of character segmentation and recognition.

In US Patent 6,111,985, a character grammar during recognition, and a traditional
25 maximum likelihood sequence estimation algorithm (i.e. Viterbi decoding) are used to

disambiguate words from numeric strings using an N-gram character model.

Similarly, the handwritten word recognition system described in US Patent 5,392,363, uses
character- and word-grammar models for disambiguation in a frame-based probabilistic

30 classifier.

US Patent 5,787,197, uses a dictionary-based post-processing technique for online

handwriting recognition. The dictionary search strips all punctuation from the input word,



spell-aid dictionary is used to construct a list of possible words".
Simlarly, US Patent 5,151,950 describes using a tree-structured dictionary
as a 5 dwoapmB4eetic finite automaton to nmerge cl assifi ePCTedwkOs39n t h
contextual information. This systemselects "fromthe exanple strings the
best-mat ching recognition string through H dden Markov processing". US
Patent 5,680,511, uses a word-based Ian%uage nodel "to recogni ze an

unr ecogni wirhde thenonaiehsid pigainst avdictionaratIf deecsgarshihilsh | ‘nsteokeanalaly &nstiopends .
The nethod i.s .described in.the ont ext of spoken pf, handwitten text
recogniti %e'_ll-%g%}@ggw 15 E}O ‘é%’f?‘“%trﬁpeﬁ%yfp%ssﬁﬁ%wre ge- based approach to
post - processi ng character recognition strings. The know edge source used

i ncludes word-probabilities, word di-gram 15 probabilities, statistics that

rel ate thé&imilagh i H§odatsnt wol 869 t despabasi asingr acHae-sEedyredr dictiopay anmg

rewitge sygaest i L rd : COl . US
pat ent’ 5, SR8 HoREubliihdn 63AbGe BRUEE! el SnE AIMBIERIGE RIS
for the syt rselecffafm ah¢ ertmaplesstringd thdUbesPaiatehingd r&dgnii6a, stdeg itvesgibot h
di ctionary, (géli ngs and a 20 nost-likely digit string during recognition,

whi ch ar eﬁ‘)‘? MLV PROCEYEBar i ter for selection. US-6, 084,985 describes a
nmet hod for on-line handwiting recognition based on a hidden Markov nodel
and uses real -tine sensing of at |east an instantaneous wite position of
the handWSi Raterd, 5,031V wegs farworditasechangwagie tmatigl Stot iecagniaerdnommeqognized ong  of
segnents each 25 asspciated to.a.handwiti feature vector.. Th t hod
hen Hh: cAECE PR Sa5hEaf protes vilin Adaraes of Rort-  Lhmediad i degaherin B da a
base pert gbfbndrpokich 8r RalmdMitichitdet recpgitione! ecting from the exanple strings
a best-matching recognition string through hi dden- Markov processing. 30
Accordingly, it can be seen that each of the above nethods suffer froma
variety o i.sad es particul e .QL I f techni S
Vond 1y ¢ I PHER ST TR0 S Qi bl R bl SoPRah 10 bSO R e

Ci r cunst aregnition siing$) THeckriodddipepoboeaRed hrIVEy A3 PPrbBaIlIRES] WA Q302 7
i npl enented, in particular because powerful processors are required_to

per f obn  Prababilifies, gatisticsihatprlate the dikelibgodiaf avards, with particular character prefixes,

and rewrite suggestions and their costs, and are derived from a text corpus.

US Patent 5,987,170, uses a combination of word and grammatical dictionaries for the
recognition of oriental script. US Patent 6,005,973, derives both dictionary strings and a

20  most-likely digit string during recognition, which are presented to the writer for selection.

US-6,084,985 describes a method for on-line handwriting recognition based on a hidden
Markov model and uses real-time sensing of at least an instantaneous write position of the
handwriting, deriving from the handwriting a time-conforming string of segments each
25  associated to a handwriting feature vector. The method then matches time-conforming
string to various example strings from a data base pertaining to the handwriting, and
selecting from the example strings a best-matching recognition string through hidden-

Markov processing.

30 Accordingly, it can be seen that each of the above methods suffer from a variety of
disadvantages. In particular, the majority of the techniques tend to require large amounts of

data processing. This can limit the circumstances in which the techniques can be



51n a first broad formthe present invention provides a nmethod of
identifying a string forned froma nunber of hand-witten characters, the
met hod i ne@bwdiosu26 a) Det erm ni ng character probabilities fram/Aamehimdbar act er
in the string, each character probability representing the |ikelihood of
the respective character being a respective one of a nunber of

predeterm ned characters; 10 b) Determ ning tenplate probabilities for the
string, dmplenientgd, ahepptiodabbbdanye powpriab gmodessprs ee Ireduatedhivo gedorny,hthe
string corresponding to a respective one of a nunber of tenplates, each

t enpl at e TP Wnting a respective conbination of character types; c)
Determ ning string probabilities in accordance with the determ ned
character and 15 tenplate probabilities; and, d) ldentifying the character
string in accordance with the determned string probabilities. Typically
each preddsglasureditherlaventionavi ng a respective character type. 20 The

char agt er t r Vil : X & O S rs;
and. 0) Rirbeas, PERS B IEURE Bl opEar b e Ch metld O Hichiinad o sBie®

pr obabi | ifoimesl fiemer minhber bfikdndelestterschacpcters e methed inadbdisgi fi er. The net hod
of determ ning the tenplate probapjlities can includipg: .30 a term ning
the number 8k %ﬁ%&n@r@qaﬁteg ﬁé"%gglrhit’ﬁﬁ ,forb‘iacééfn%‘i?ﬁeﬁﬂl %grffﬂl?ﬁ’ @%g%%r?ﬁﬁeran

i dentical nu i i i L REAEcRhkaBR! B RreRRbivY t Y
for each sel gg? g%é?{lléﬁpl}lé‘%l?%mﬁ thgg?%%g%%o%?é A? la62%%31392 8 'Ilh% t?ﬁ’& ate

probabi | ity camelndf apuedbet eff predetetniyedsthatactars;cal anal ysis of a text corpus.
T Bt noc BE oG Rmiing" GertiflER HEaTAS "Bor *aROVEHy Yaof "REBTRE pr2bARY
representing the likelihood of the string corresponding to a respective one of a
number of templates, each template representing a respective combination of
character types;
¢) Determining string probabilities in accordance with the determined character and
15 template probabilities; and,
d) Identifying the character string in accordance with the determined string

probabilities.

Typically each predetermined character having a respective character type.
20
The character types generally include at least one of:
a) Digits;
b) Letters; and,
¢) Punctuation marks.
25
The method of determining the character probabilities generally includes using a character

classifier.

The method of determining the template probabilities can including:
30 a) Determining the number of characters in the string;
b) Selecting templates having an identical number of characters; and,

¢) Obtaining a template probability for each selected template.



each tenplate by: 5 a) Determ ning the character type of each character in
the string fromthe tenplate; and, b) Selecting one of the predeterm ned
char act erwofos3sach character in the tenplate, the predefrermusedidbaract er
bei ng selected in accordance with the8determ ned character type and the
character probability. 10 Preferably, the sel ected predeterm ned character
is the predeterm ned character having the highest character probability.
The net hobhetemptaieprobgbitity candephedetarmereddiyrstaitstical phalzsis pf & teat entpes. 15 a)
Determning a string probability for each potential string, the string
probability being determ ned by concatenating the character probabilities
of each sphegletitbd SdhrfAE! BEuaRIddtEenihREPE pbleBalt EARICERE @trﬁfgoaﬁkas%éﬁcﬁﬁg and,
b) Determ ning the character string to be the potential string having the
hi ghest stachigmplgiedtyabi lity. 20 The method nmay be perforned using a

[ 4 i ng. or i t ' h
br edoter m nal DRArARful e ciibactpc Myt G b, ShBleldnhe EBR AR I ergubiC.
25 (1) The tenpidggtes; and, (2) The tenpl a'.te probabilities; and, b) A
TN O T TR SR R
string, 30 iihkalietshtd %&@M&tﬂﬁﬁﬁiﬁégﬁed%%@&géﬂéekﬁ&i tht VikteRiel Thilactef 1 N9

probabilities 1n accordance eterm ned character an tenpl ate
probabi | iti es;typadnd WO dh3rabBnB@batiRlil. AU02/ 01392 9

10

Preferably, the selected predetermined character is the predetermined character having the

highest character probability.

The method of identifying the character string typically includes:

15 a) Determining a string probability for each potential string, the string probability
being determined by concatenating the character probabilities of each selected
character and the respective template probability; and,

b) Determining the character string to be the potential string having the highest string
probability.

20

The method may be performed using a processing system having:

a) A store for storing at least one of:
1) The predetermined characters;
ii) Template data representing at least one of:

25 (1) The templates; and,
(2) The template probabilities; and,

b) A processor, the processor being adapted to:
i) Receive the character string;
ii) Determine the character probabilities for each character in the string;

30 iii) Determine the template probabilities;

iv) Determine string probabilities in accordance with the determined character and

template probabilities; and,



v) ldentify the character string in accordance with the determ ned string
probabilities. In a second broad formthe present invention provides

appar at uswbas/osgent i fying a string 5 forned from a nunbePCafAtvantBoaritt en
characters, the apparatus including: 8) A store for storing at |east one
of: i) A nunber of predeterm ned characters; and, ii) Tenpl ate data
representing a nunber of tenplates; and, b) A processor, the processor
bei ng adapt ed Woldehdfy )thPectlsractare stingr aet eecoplavbabivith t thes detsrmimgd h string
character in the so'tbr'. each character probability representing the

li kel i hood of th&" é‘éﬁgést’i ve character being a respective one of a nunber
of predeterm ned characters; ii) Determ ne tenplate probabilities for the
string, each tenplate probability representjing the |ikeljhood of the
string cdnrasgsondibaepd: Ema the prsenti inseriion provides appastiih&r identifying as69e each

Dot or i nd 00 Rt B FRRRSH SRRSOy HARBRET Y0 har et er

and tenpl ahe Akebalirlsicringat leaidnebf) ldentify the character string in
accordance with the determined string 20 probabilities. The processor is
typical |y coup) ed Runb of prsdeternpned, chiagaeters. dssor bei ng adapted to receive

the string of ;Rag ikl &, ?Js@ﬁ‘tn‘%r dfﬁ‘t?ertott‘?erﬁgﬁ?déé;-ang,5 The apparatus and in
an there a

particul ar, the processor, ore be adapted to performthe nethod
of the firsb) A pactessor,theprotésson reingddapted tdn t hi s case, the tenplate data

o e bl 15, St TRl OB Bl RO b PG o i
tenplate data. 3@:dyabdity HepresdRfif@ hé AiEBIhOEd RifegRNMeshdtu OO dhaRcRE Odéih@%?a a
met hod of generating tenplate for wuse in handwiting recognition, the

met hod i ncl udi ngrespctOistoae af agumbsitof pr@etamisdTharaciers; AU02/ 01392
ii) Determine template probabilities for the string, each template probability

representing the likelihood of the string corresponding to a respective one of a
15 number of templates, each template representing a respective combination of
character types;
iii) Determine string probabilities in accordance with the determined character and
template probabilities; and,
iv) Identify the character string in accordance with the determined string

20 probabilities.

The processor is typically coupled to an input, with the processor being adapted to receive

the string of had-written characters via the input.

25  The apparatus and in particular, the processor, can therefore be adapted to perform the

method of the first broad form of the invention.

In this case, the template data can further include a template probability for each template,

with the processor being adapted to obtain the template probability from the template data.
30

In a third broad form the present invention provides a method of generating template for

use in handwriting recognition, the method including:

a) Obtaining text;



10 b) ldentifying character strings in the text, each character string
being formed froma sequence of one or nore characters, each character
havi ng a wespms4i3eeve type; c) Determ ning a sequence of chacacti@e/otippes for
each character string; and, d) Definiong a tenplate for each character type
sequence. 5 The nmethod typically includes: a) Statistically analysing the
determ ned tenplates; and, b) Determining a tenplate probability in
accordance ) tldentifyingt chiaraster staings mathesfest, ea¢hecharastqy|stiing peind &yinedtfyom a

i ndicating the probabi.lity of the respectiye character t Q sequence
occurring i n HEURERT O e Ko G er Y S Het G & TP PRER g he
frequency of) tiheeRigit LRERNCE o LAtV REHBN call BRarSREHULGNGE ahd) t he text;
and, 15 b) term ning tenplate probabilities in accordance with the

det er i ned dj rieefining ¢ teptiplata &0t coplnelasadber typpeequeitdence The net hod general |y
furthﬁr i ncl udes nodi fying the determ ned tenplate probabilities to
account for a limted nunber of character type sequences. This 20 nay be
achi eved Tht raethod Gty whdlitieksi dstone' s | aw. Preferably the nmethod includes
obtaining the text froma |arge text corpus. The_ text will also typically
be obt ai neda}r%ﬁﬁﬁlﬁlcﬁwyséﬁgtg?ﬂ?@ﬁ@ﬁﬁdmﬁlétéﬁ.an% The method is preferably

perfor med uE; n%e@n%ﬁ@eé ?énﬂ?zﬁcé Yot \éfrl géordﬁ?ceﬁ’viﬁf ﬂl(riestt%cgfica?';eﬁ)l:élé@ﬂ H;és he

text; and, processor, e proces el ng adapte ent
charact er stritegpldter prétabiliex tindicatingDétee prubabkilitth ef charrespeetivet gheracteqiygrces;
and, 30 iii) Define the.terrptLate . In a fourth broad formthe present

i nvent%i on pr oviCABENCE SFAHERS Y 6Fexgenerati ng tenplate for use in

handwriting recognition, the apparatus including a processor adapted to: WO

03/ 034326 PCT/ AU02/ 01392
The method generally includes:

a) Determining the frequency of the occurrence of each character type sequence in the
text; and,
15 b) Determining template probabilities in accordance with the determined

frequency of each character type sequence

The method generally further includes modifying the determined template
probabilities to account for a limited number of character type sequences. This

20 may be achieved in accordance with Lidstone’s law.

Preferably the method includes obtaining the text from a large text corpus. The

text will also typically be obtained from a number of different sources.

25  The method is preferably performed using a processing system having:
a) A store for storing the text; and,
b) A processor, the processor being adapted to:
i) Identify the character strings in the text;
ii) Determine the character type sequences; and,

30 iii) Define the templates.

In a fourth broad form the present invention provides apparatus for generating template for

use in handwriting recognition, the apparatus including a processor adapted to:



11 a) Obtain text; b) ldentify character strings in the text, each
character string being forned froma sequence of one or nore characters,
each charwotoaf34sawi ng a respective type; c) Determ ne a seqGEAI®/00H92
character types for each character striing; and, 5 d) Define a tenplate for
each character type sequence. The apparatus typically includes a store for
storing the text, the processor being adapted to obtain the text fromthe
store. 10 The Qhntaiaesgpr is generally adapted to performthe nethod of the

third broad formaof the inventi.on rief cription of .Figure he
present i nv@nﬁﬁ%&% Wﬁi‘ﬁﬁaﬂt%ég’@ﬁ% 1%%%??3‘:‘& 3 o%}afalr? er:‘s 15 lﬁlégfg@%dr %&9%’} 8n,
which is 15 g%&ﬂc@w YRVor Yhor ¥RATREErs QHCH chathetdr muvﬁfhgearlregskcﬂué typen-1i mting

enbodi ment th of, described in connection with the acconpanying figure,
wher ei n:  Fi guletdmiige apequersepif ehahctar fypec®s saehrcharastesirisgi andbl e f or

perform ng th esent jnvention, 20 des for Carrying out the Invention
The ol | owi %@ﬁ%@ia e@ﬁf’?cg‘ec&mﬁgteg%&eis PPt he witten description and
appended clains in order to provide a nore precise understanding of the
subj ect matter of the present invention. 25 An exanple of apparatus

sui t abl e Therappastusrtepicalyinehides ¢ sioemior istopiagithe ipxirthg prﬁﬁ%SWebel%ﬁ’eé%ﬁ%*efe Wi th

ref erence i]ao E{e%{tefro]mm& shows a processing system 10 adapted to
perform r?g A1 ng recognition. In particular, the processing system 10

generally includes at |east a processor 20, a.nenory 30 21, and an input
device 22, such as a graphics tablet and/ qr keyboard, an .qut devjce 23,
such 18s A hgiRpraRyor is ssperaty @6@%@42&% P?}‘?%aﬁ@e%ag &% %an@m T3] g‘%{%?‘hﬁﬁe
interface isualso provided as shown at 25, for coupling the processing
systemto a store 11, such as a database. WD 03/034326 PCT/ AU02/ 01392 12

In use, the processing systemcan be adapted to performtwo main functions.
In particular,

Brief Description of Figures

The present invention should become apparent from the following description, which is
15 given by way of example only, of a preferred but non-limiting embodiment thereof,

described in connection with the accompanying figure, wherein:
Figure 1 is an example of a processing system suitable for performing the present invention.

20 Modes for Carrying out the Invention
The following modes are described as applied to the written description and appended
claims in order to provide a more precise understanding of the subject matter of the present

invention.

25 An example of apparatus suitable for implementing the present invention will now be
described with reference to Figure 1, which shows a processing system 10 adapted to

perform handwriting recognition.

In particular, the processing system 10 generally includes at least a processor 20, a. memory
30 21, and an input device 22, such as a graphics tablet and/or keyboard, an output device 23,
such as a display, coupled together via a bus 24 as shown. An external interface is also

provided as shown at 25, for coupling the processing system to a store 11, such as a

database.



the processing system can be adapted to generate statistical tenplates from
a text corpus and/or use statistical tenplates in the decodi ng of

handwr i t twp iB@34326 Fromthis, it will be 5 appreciated tharcrhaopomoessi ng
system 10 may be any form of processifg system such as a conputer, a

| apt op, server, specialised hardware, or the like, which is typically
adapted to performthese techniques by executing appropriate applications
software stored in the nenory 21. 10 In the case of tenplate generation,

t he processing,system.i s adapted to, apalyse tex whi.c .S typicall
Storod | M WEPHsRRuAE SRR b pd B o e g SR Bnolifos B flcter,
identify thepedtewinig spdterditdah e eidﬁ;t)t"e@% toedrat@ndatished] tampRES fidie adgxtcdp@ience
of characters. The P_rocessor determ nes the tyge_s of the characters in

1

each wor cingforsiseistajistieal dpmplatestiatthe deqading ehhangdveritten taxte Fram thissit willnkser s

or punctuati on. r 1 ive
of the stibiibisdtenfiE FOASARS Yol 1D i 6 B By R AL oL B SRA

r epr esentdongpuitdifa 1GRES Geives, spbeitlivet dardwapgsor thblike,fwhich éxgpithly adaftedml at e
for the word "the" may be of the form "aaa”, where "a" represents, a
letter. sriormyfhese feehaigyes By aexequtinga APRTARHP cAPlicatings 08 POt the
generateqPEBB yf ferent strings. Accordingly, for exanple, the word "cat"”
will result I'n an identical tenplate to the word "the" 25 The processor 20
records the nunber of times each tenplate is determned in the database
11. Once all the rds.in the text have been analysed, .this . allo h

o oball 111y et TpIE SEOR e JErR T S Y ARteCeg PR Pl

det er m ned -tyﬁl%lgr Q8RdtineRe BaabRed1] M kRS regdld,IBE ?gweggopao QberiRB do WenkifEN
text. WO 037034326 PCT/ AU02/01392 13 In particular, if the processor 20
obt ai ns heaall-wwiidt ore stringxin, the dextestalniien dspesm thei@s o peguencieof elaragiersor Thee
dat abase 11 theegroces

database SRR i e S Al B R TR ol
char act erchatactdi€arll étkddg numbers or punctuation.
15
The processor then determines a template representative of the string. In this regard, the
template is formed from tokens representing the respective character types. Thus for
example, a template for the word “the” may be of the form “aaa”, where “a” represents a
letter.
20

It will be appreciated that identical templates will be generated for different strings.
Accordingly, for example, the word “cat” will result in an identical template to the word
CGthe’Q.

25  The processor 20 records the number of times each template is determined in the database

11.

Once all the words in the text have been analysed, this allows the probability of any given
template occurring within a text sample to be determined. This can then be used in the

30 recognition of hand-written text.



5 1In general the processor 20 will inplement a character classifier which
determ nes a nunber of possible character identities, together with an
associ at edopsobaké [ ity for each identity. This is repeat@dTfaamn20m2entire
string, such that a nunber of potenti® character identity 10

conbi nati ons, corresponding to different potential strings, exist. The

t enpl at es descrlbed above are then accessed by the processor 20, which

sel ect's Inepqnhaﬂas 1f1$hﬂ prycesser 6 robtamsband- Wflttcma@acf@r@iamplet fremy 'é@pléptﬂi ve

t T det | ] babi |
Shrt cul AEViCRI A FR ER A thask Ty e B CereR i e ik PRt o 16y | o
t he nost dhbi’é%{e‘x‘s b%dtﬂ‘i)erlbt% a@c&h?ﬂ'dgtéiﬁﬁlne tﬁee&@tltgz@mbm diRFactérlih tOstrihe

described in nore detail. Statistical Tenpl at e neration 20 This section
descri bes the generatl on of statistical tenplates froma text corpus, and

Dot tor's PPl e HEOT Rt ARAL D) R PRe gl el i oty vi e

handwr i t trﬁﬂhﬁe@ﬁf 1&53161%0611}1@&&&1‘(166:1&&&‘5 etvgether il arsbssobﬁteﬂE;frsbabﬂrty tfer each
classified as al phabetic ("a'-"z","A'-"2"), nuneric ('0'-"9"), or

punct uatlléﬁflt(tﬁveryt hi ng el se). To assist in the general recognition of

al phabetic characters, dictionaries and character granmars are often used
for disanbi guation. Gener al | y, dictionaries and character grammars include
only al pHElieti$ eepeatedr foe tiee sntfral st ghclaics tar ophber aff potemtinbtchanaster idshtifed t o
nodel conmpoynd words such .. 30 hey' and "he'|1"). Since nost

| anguye NS, GOBESPPAES B%bffqr t 'fﬂngf‘]r@f‘?%f‘ne’%tout nureri ¢ and
punctuation letters, recognition systens use heuristic nethods to extract
strings of WD 03/ 034326 PCT/ AU02/ 01392 14 al phabetic or nuneric characters
from a r éBegtemplotes stesentpd abnvc harartben mewsmdobss@eoprgsﬁssrg 2y whishusedgets

nodel . However, these. heuristi rLoaches ver

| eadi ng ¢ 5P ViEShE SALR I %’ﬁfa Pﬁg gsﬁtiaﬁ gs oC 1ve rlagoofhe '8 erslg%%

recogni zegedeRMRRE Sn ovérallnptﬁsamletysfof 'a%&ldt@fﬁ'%ﬁiblﬁﬂloﬁsofaihmaﬂéﬁﬁde&hues
15 and templates, to allow the most likely string to be determined.

These techniques will now be described in more detail.

Statistical Template Generation
20  This section describes the generation of statistical templates from a text corpus, and gives

examples of templates that have been statistically derived.

Overview

Letters represent the fundamental primitive of classification for a handwritten text
25  recognition system. In English, letters can be classified as alphabetic (‘a’-‘z’,’A’-‘Z’),

numeric (‘0’-‘9”), or punctuation (everything else). To assist in the general recognition of

alphabetic characters, dictionaries and character grammars are often used for

disambiguation. Generally, dictionaries and character grammars include only alphabetic

characters (although apostrophes are sometimes included to model compound words such

30 as “they’re” and “he’ll”).

Since most language models do not include prior information about numeric and

punctuation letters, recognition systems use heuristic methods to extract strings of



wor ds contai ning text and nunbers (e.g. 2nd, V8, B2) m srecogni zed as

al phabetic or nuneric strings, msrecognition of punctuation as

al phabet iwoms/osusaeric | etters, and m srecogni tion of al peabatoeo1oe
nuneric letters as punctuation. 10 Holever, the presence of certain
punctuation characters in a text sequence can actually assist in the
decodi ng of other characters in the sequence. For exanple, apostrophes can
be indi caphabetiobr aumeni¢ clwaatcrg fromha t@ogmmstnnguwmhw W@Sseémmg

periods can be i ndi une tr|n S tha ude d shes
Dt en corft IS PRt oG vitm ERR st oM AR oo ST T 161G 1688

" 30- year -1ghding & condBoR @liftdcognitlon pReleths Quithtae: t his, some punctuation
characters are usual |y founémgt Specific locations within a string (e.qg.

suf fi x puncalphabdie stlmgsrrqurﬁzed ashurhbergr “:'). Statistical |anguage

tenpl ate processing. is a nethod of coding prior information 20 regarding
the sttuc uPBmSFCWF é%og@%?fﬁsﬁiﬂhaﬁ%bcel s the interaction between

al phabetig, Edit nﬁfgq RURE Mt (£ BHACVR! B2y $ife ahahiHaBétc
nodel . The ﬁgﬁ c&ﬁs e?s pd@?%%ongl |nformat|zn1 h § abl élfo nDQ%I
| ett er depemdmedt sisingb,obal |y by considering the entlre |nput word (rather

than a fixed .nunber of ocal rece I ag states as 1| n character N grans). 25
Letter TokeRHSEEPHioH R‘@PT”E ‘Pn‘fs@g@} Bic EReLic Igtters-e0er f or ned usi ng a

Wi tten-textycar idifot (Bet?ce&r etn%)fcr:tteré é@ ﬁﬁhbﬁm ed froma nunber of
sources). To genetate te ate stati stics, e in the corpus |s
processed as a sequential set of letters dellnlted by white space (i

wor d, 30 senten e, and par.agr.aph rkers IS .seq ce of letters forms
254 1 ng. HBNPYSi e SR Ch bR e ags Pharacte R v R o Bh e i s%aﬂ
convert edykfif B he la@wdlﬁ@af othECHRRRR intthe s&dulise. FOf ethaila %;@gtr hBedant e
which the letter belongs. WD 03/034326 PCT/ AU02/ 01392 15 efinition of
| etter cliadivetivé of altarhistiingpwiile commas qusresest ssanbals.radagriods eandeandicative y

]E ?)Ia][ o\r/]\neﬁgsc%nglggﬁ? r%—%%: Vﬁgords-r it qIIICU. ¢ 3as?1 %ﬁl £ WohiP 854t WMkl and

15  alphabetic strings (e.g. “30-year-old” or “20-pound”). In addition to this, some punctuation

characters are usually found at specific locations within a string (e.g. suffix punctuation

such as ?°, ‘I’, or <:%).

Statistical language template processing is a method of encoding prior information
20 regarding the structure of written text that models the interaction between alphabetic,
numeric, and punctuation characters using a probabilistic model. The model considers
positional information, and is able to model letter dependencies globally by considering the
entire input word (rather than a fixed number of local preceding states as in character N-
grams).
25

Letter Tokenisation

Statistical template generation is performed using a written-text corpus (a large set of text
files collected from a number of sources). To generate template statistics, each file in the
corpus is processed as a sequential set of letters delimited by white space (i.e. word,

30 sentence, and paragraph markers). This sequence of letters forms a string,

During the generation of templates, individual letters are converted into tokens that

represent the class (or character type) to which the letter belongs.



schene: upper and | ower case al phabetic characters are converted to the
token "a', all digits 5 are converted to the token "d', and all remaining
char act erwo(03/084329ounct uati on) are not converted, and ret ®Ca/Atvelor39ori gi nal
val ues. The sequence of tokens that r®present a word or character string
define a tenplate. 10 As an exanple, the string "15-years?" is converted to
the tenpl ate "dd-aaaaa?" Note that alternative tokenisation schenes could

be used to nodel ot her | anguage forrrati ons such as wupper and | ower case

ot ikt cTintion ok BN GnRes & dotinipesitic sl Hleded hiffes BRES b8BT "

gener at i ngatSieddd BibeGalolvedn %@ﬁ%oﬁ@f&'b@l&ﬁls'b%sé@arbﬁiﬁnﬂlleffMl&ﬁﬂg'@msmﬁcahon
witten-text idionms, and to calculate the probability of the idiombeing

encount ersshether ugpet angowexease alyhelesticrchatapiersgre eonveriad Ihiheteleara's i digitse
| ett h I
ol e T Sy TRoRRE 0T, A0 e 0 i B iR GR W B,

tenpl ate ¢@V@¢e@93§mneta{dﬂt}@hdﬂg@ha@a‘alasg.the nunber of times the particul ar

tenpl ate has been seen in the input stream After all text in the corpus

has been processed, the table contains a list of all tenplates encountered

inthe t a b f L&t s seen. 25
. t d 8f ctfakdBe gR't éé’a

Obvi ousl s?ﬁecsgﬁﬁﬁ gf%%%srt?%ngms ates (Ce g. tﬁgﬁ@neqil?‘ate a

representing "the", "but", or "cat") will contain rruch hi gher counts than

O b e, B Yreb S PSS o S o SRR bt e R

simply di é’lieﬁﬁ@v@l/okeﬁﬁaﬂﬁﬁscﬁ&%@éoﬂ be hRANS AL OUBL ﬁngﬁﬁ@@$&1ﬁéﬁbﬁbe§u@f ) Can
be stored as logs to avoid numerical underflow and to ease processing

during r eqpgnand bowerTase Hlisgngionbizig. [‘MagDotald'eap(‘alldllll} with ‘wiPoaGs 4826

PCT/ AU02/ 013 ere: ci is the nunber of tines
t enpl at e zfn]dwgéoref%vga%%s?g[a@&laﬁ%q%atc;e\ﬁsﬁni ng text. nis the total number of
different tenplates 5

15 Processing
The purpose of generating statistical language templates is to identify common written-text

idioms, and to calculate the probability of the idiom being encountered in written text.
Model training proceeds by tokenising the letters in each white-space separated word, and
storing the resulting template in a table, typically in the database 11. Associated with each
20 template is a count, which indicates the number of times the particular template has been

seen in the input stream.

After all text in the corpus has been processed, the table contains a list of all templates
encountered in the text, and a count of the number of times each template was seen.
25  Obviously, commonly occurring templates (e.g. the template “aaa” representing “the”,
“but”, or “cat”) will contain much higher counts than unlikely templates (e.g. the template

“ada” representing “x1y” or “b2b”).

To calculate the prior probabilities for a template, the template count is simply divided by
30  the sum of all template counts. These values are can be stored as logs to avoid numerical

underflow and to ease processing during recognition. The log-probability of template # is:



Cal cul ating prior probabilities over all encountered tenplates all ows

tenpl ates of varying nunber of letters to be conpared. This neans that the
| anguage wodalo34sah assi st in decodi ng i nput where | etter POT/AUOR/A1392
segnentation is not known, or a nunbers of alternate segnentation paths are
possi ble. 10 However, if the nunber of letters in an input string is known
at recognition tine, the tenplate nodel can be partitioned such that

tenpl ates are grouped py letter count. The prior probabilities can then be
cal cul at ed based on the nunber of tenplate counts of the tenplate group,
rat her than thp@gunbg$.aﬁL_ ounts over all groups. 15 Snoothing The above
procedure produces a "'gu | i keli hood estinmate (MLE) of the tenplate
probabilities based on| #he {ext corpus. That is, the calcul ated
probabilities are thos th gi ve the highest probability when applied to
the training corpus. None of the probability 20 distribution is assigned to
tenpl ates that were not encountered in the training text, and thus these

t enpl at eswhere: assi gnisdhenwaber qfitishesiemplpte i vRisreneountered Edhe gginigstestan onl y
ever represent a subs t he i i to the | anguage nodel, a
snoot hi ng nodel nuéimg%s%%%PPgﬁgﬁgﬁggégégggB hg probability of the observed
25 events by a small anmpunt and assign the residual probability mass to
unseen events. This procedure is comonly used  in character and_ word

N-grams, Galceating prrrcprpbibilitiesnpyics al pncquntdyeth iropjatshallpys applatse of varying

" Foundat i rﬁﬂl&e?f of Heflls Si! & bgﬁ@g%ga lniﬁsaﬂlg%gﬁlaprtﬁg ¢l mo-ﬁlaﬁ caMadsi&r 8SS,

Canbri dge, ssachusetts, he sane techniques can therefore easily
be appl i edkcbding hiysut svtepatetton or 3Ord\N:HIMERBIOR 26 nBCITIAIN) 2r Gl B8aber DT altarngtei s
exanpl e, Lidstones's Law, as described in "Foundations of Statistical

Nat ural Se8RGHRHRN PHBLREPOSIPe menti oned above has been used to snooth the
genergfed probabilities, such that: 5

However, if the number of letters in an input string is known at recognition time, the
template model can be partitioned such that templates are grouped by letter count. The prior
probabilities can then be calculated based on the number of template counts of the template
group, rather than the sum of all counts over all groups.
15
Smoothing
The above procedure produces a maximum-likelihood estimate (MLE) of the template
probabilities based on the text corpus. That is, the calculated probabilities are those that
give the highest probability when applied to the training corpus. None of the probability
20  distribution is assigned to templates that were not encountered in the training text, and thus

these templates are assigned a zero-probability.

Since the text corpus can only ever represent a subset of the potential input to the language
model, a smoothing model must be applied to decrease the probability of the observed

25  events by a small amount and assign the residual probability mass to unseen events. This
procedure is commonly used in character and word N-grams, as described for example in
C. Manning and H. Schutze, “Foundations of Statistical Natural Language Processing”, The
MIT Press, Cambridge, Massachusetts, US 1999. The same techniques can therefore easily
be applied in this situation.

30



] =1 where: B is the nunber of unique tenplates derived fromthe corpus; ?
is a snoothing factor (enpirically set to .5). 10 The result is that a
non- zer o Woababi3ké ty can be assigned to word structures tirat/Ataeo1390t been
seen in the training corpus, allow nglorare and unusual word structures to
be recognised. It will also be appreciated that nore accurate
probabilities will be obtained the larger the 15 text corpus used in

det er m nilnghishexaprpdabidstohésis LaBangsl desRabed irs “Foundatiansn ph Pigistca dyp@ralas
run over a |large_ text corpus, which in this exanple. s thet] D. I—Iare n and
M Li ber rERgUAEsnBrsessing pmensionsd pakove; §8s hesn g uire ¢ eSHoth; hr eepEpicdt cal
20 langu abfiRk a8 thafxanmpl es of the determned tenplates are set out
below. In particular, Table 1 contains the twenty tenplates with the

hi ghest frequency of occurrence in the witten text corpus (and thus have
t he hi ghest prior pr obagi lity). 25 The table reveal s a nunber of obvious
propekties of prydyd i , such as short words are generally nore common
t han | onger words, s and periods are the nost likely punctuation
characters and appe# ‘as Word suffixes. These rules are inplicitly defined
by the tenplates ahd their corresponding prior |og-probability, and allow
robust and statistically well-founded decodi ng of input. 30 WO 03/034326
PCT/ AU02/ 01392 18 The tenplates in the table given above detail a number
of rat herwhsiseii ous |Bisghegenben ol smiqugtemplgtes éefb‘@dcf&’&%?%@ap‘ﬁj/ a number of
simpl e heuristics ( el he prior probabilities
for these rules couklaigtaggl%gglsn:lé%hg)ﬁg&gglggé%%%}g%ti mated). 5 Table 1
RankTenpl ateP(t) laaa-0.779 2as-0.842

10 The result is that a non-zero probability can be assigned to word structures that have not

J1

been seen in the training corpus, allowing rare and unusual word structures to be

recognised.

It will also be appreciated that more accurate probabilities will be obtained the larger the

15  text cbrpus used in determining the probabilities.

Sample Results

The training procedure was run over a large text corpus, which in this example is the ] D.
Harman and M. Liberman, Complete TIPSTER Corpus, 1993 to generate a set of statistical

20  language templates. Examples of the determined templates are set out below.

In particular, Table 1 contains the twenty templates with the highest frequency of

occurrence in the written text corpus (and thus have the highest prior probability).

25  The table reveals a number of obvious properties of written text, such as short words are
generally more common than longer words, and commas and periods are the most likely
punctuation characters and appear as word suffixes. These rules are implicitly defined by
the templates and their corresponding prior log-probability, and allow robust and
statistically well-founded decoding of input.

30



3aaaa-0. 918 4aaaaa-1. 080 5aaaaaaa-1. 145 6aaaaaa-1.171 7aaaaaaaa-1. 259
8aaaaaaaaa- 1. 394 9a-1.523 l10aaaaaaaaaa-1.575 llaaaaaaaaaaa-1. 826
12aaaaaaawo03MiB2d 3aaaa. - 2. 158 14aaaaaa, - 2. 165 15aaaaa, - 2 PCEAWGasRa, - 2. 209
l7aaaaaaaa, - 2. 257 l18aaaaaaa. - 2. 260 198aaaaa. - 2. 293 20aaaaa. - 2. 296 However,
further exam nation of the results reveals a | arge nunber of | anguage
idions that would be very difficult to nodel accurately using a heuristic
appr oach, Thestetgplaied ladhe tablEgiven abpve Thted @ mlmbpt oft rethenobradus language etlesthaon

et v AR Sl b BB o R B B L

PCT/ AUOZQ%B&&lmés%F fHobrufes3a0ld rergabid) R ddchiatednBititnabdy. a. - 2. 765U.S., A M,

35aaaa' a-2.786that's, didn't, hasn't, Rone's, bank's
56$ddd 3.211%400 64d, ddd- 3. 3073, 200
5 Table 1

Rank Template P(t)

1 aaa -0.779
2 aa -0.842
3 aaaa -0.918
4 aaaaa -1.080
5 aaaaaaa -1.145
6 aaaaaa -1.171
7 aaaaaaaa -1.259
8 aaaaaaaaa -1.394
9 a -1.523
10 aaaaaaaaaa -1.575
11 aaaaaaaaaaa -1.826
12 aaaaaaa, -2.118
13 aaaa. -2.158
14 aaaaaa, -2.165
15 aaaaa, -2.184
16 aaaa, -2.209
17 aaaaaaaa, -2.257
18 aaaaaaa. -2.260
19 aaaaaa. -2.293
20 aaaaa. -2.296

However, further examination of the results reveals a large number of language idioms that
would be very difficult to model accurately using a heuristic approach, as detailed in Table
2. These templates model the interaction between alphabetic letters, digits, and punctuation

10 and implicitly define a set of rules about the structure of written text.



68dd% 3. 32651% 82( aaa) - 3. 424Kor ea Broadcasting (KBS), agreenent (but) it
89(ddd) - 3. 456(202) 940-5432 118aa' aa-3.639we're, we've, he'll, we'll
122d: dd- 3w63383433¢ 5: 45 134ddaa-3.70425', 70"', 140ddd- ddadT/A310Z24040- 1234.
142dd- aaaa- 3. 72892- page, 12-mle, 10-Wour, 14-foot, 30-year
15l1aaa: -3. 767"they are:", "thus far:" 153dd-aaa-3. 78230-day, 21-gun,
35-man, 10-ton 157...-3.784o0ne nore tinme ... 159daa-3.8091 st, 2nd, 3rd
164d. d% 3. 8251. 2% 170dd- aaaa- aaa- 3. 833ﬂﬁ_£ear-old 215d-d- 4. 0364-0 vote,

rul ed 7-0, rheatef—2—1—216da=de—4- b—14=18,—60-70ptanes,—42=587 vot es
224ddda- 4. ( 73, e@é‘&% refb®s, 3‘% Wﬁll-;\’AM 225dda- 4. 07320s, 30s, 40s, | 50s
226a' aa-4. 082l ' veaal ' 227dﬁﬂaa-4J99A1@OPm4‘BSBrd 230dddda 4.1061940s,
1950s, 1960s 231ﬁd’””/dd 410712 23%ad—4 —VR—2
244a- aaaa- 4.3966X] F%ﬁ?é‘ C-SP Rf\? 86 rﬂﬁaﬁé d‘é{‘qbg?ﬁ}’t lfe Pank‘/g o
279d, ddd, ddded. 25344000, OO):QﬁﬁdCfaaaaa 4.26912-nonth, 10-ounce, 15-piece,
12- gauge, 18-point 317a-d-4 361B-11 M2 .8 VELQS#Q%4326—PGIFAU@2#@¢392
20 1t will B¢ not 849¢ hat t1é3§} ﬁd@ﬁ of this technique lies in the
generation (@§g a I @age nunmders 9l | 51%

82 (aaa) -3.424 | Korea Broadcasting (KBS), agreement (but) it

89 (ddd) -3.456 | (202) 940-5432

118 aa'aa -3.639 | we’re, we’ve, he’ll, we’ll

122 d:dd -3.653 | 9:08, 5:45

134 | ddaa -3.704 | 25", 70",

140 ddd-dddd. -3.724 | 940-1234.

142 dd-aaaa -3.728 | 92-page, 12-mile, 10-hour, 14-foot, 30-year

151 aaa: -3.767 | “they are:”, “thus far:”

153 dd-aaa -3.782 | 30-day, 21-gun, 35-man, 10-ton

157 -3.784 | one more time ...

159 | daa -3.809 | 1%, 2%, 3%

164 d.d% -3.825 | 1.2%

170 dd-aaaa-aaa | -3.833 | 63-year-old

215 d-d -4.036 | 4-0 vote, ruled 7-0, beaten 2-1

216 dd-dd -4,038 | March 14-18, 60-70 planes, 42-58 votes

224 ddda -4.072 | 747s, 304a members, 256k RAM

225 dda -4.073 | 20s, 30s, 40s, 50s

226 a'aa -4,082 | I’'ve, I’ll

227 | dddaa -4.094 | 100", 833"

230 dddda -4.106 | 1940s, 1950s, 1960s

231 dd/dd/dd -4.107 | 12/11/98

239 ad -4.141 | T4,K9, M2, U2

244 a-aaaa -4,166 | X-rays, C-SPAN, O-ring, A-bomb, K-mart

279 d,ddd,ddd -4.251 | 1,000,000

283 dd-aaaaa -4.269 | 12-month, 10-ounce, 15-piece, 12-gauge, 18-point

317 a-d -4.361 | B-1,M-2,V-8




tenpl ates, and the corresponding relative probabilities of the tenpl ates.
Typically, many thousands of tenplates are generated, which together
define a woawiostseeal |y wel | -founded set of rul es regardi RgTiAT®28192Ct Ur e
of witten text. 5 Statistical Tenpl alle Processing This section describes
the use of statistical tenplates in the decoding of handwitten text. The
general procedure is given, together with sone exanple processing. A

descri pt i lbwilhbe nhted thay thostizngth of s techoique dieeinthe gemsration dfargigagembetel s i s

al so given. Overvi ew The ai m of.. handw,i.l.t.en ar.act rec g js to
accur at el tﬁm@g?g?felafl& ;ﬁﬁeec?fé?‘?p%qqq%gxé atlvgee?{g}é\%tflgéesogfQ‘e\/&elinP%Fesl ﬁé’@%{ﬂ% Rhhy

cor r espon@bianl L3t tendphNEYVRE getaedyWwititke fodethet défind Ditetiidkily weliToigledust and
thus the use of contextual Information is required to decode the input. The

15 st at i sefirekes regapdinathestyelee oftvaiftendedescri bed above assist in the

recogrg' tion of the general structure of the input, and can be conbi ned

wi th ot her | anguage nodel s such as dictionaries and character granmars
duri ng reSngisiticad Teniplate Phevessingr cl assification systens generate a set of
possible |etter, matches apd 20 associ ated confi s f.or. an input

. : ence scor
| etter. FHHSsgeinn desculies ihe papsa ?tﬁ»tﬁﬁ‘ﬁalaiem%@rm‘tge ?‘e%Pd“F;’I qndgitten dexter
hypot hesi o, | OWim ineC Al 8&Bhi¥tidn o - 6
d' .37 o'f}ié:géle%%&go%ﬁgﬁggt es (le%i? E(glr%pnal %oafelhat tpg;ipll(?l%%s;élsnl%fi er Si sf;GO%A?
conf i denthdvhad canteiné &tig eechrigueawith ather BOgtageaomddetiantlst lgatent he letter is a
"d', and so on. Note that for statistical processing, the scores should
confofmto the rules of probability, that is: 0:5P(x):51 foralli WO

03/ 0343260RPGT4AW02/ 01392 21

The aim of handwritten character recognition is to accurately convert the pen strokes
generated by a writer into the corresponding text. However, handwritten text in inherently
ambiguous and thus the use of contextual information is required to decode the input. The
15  statistical templates generated as described above assist in the recognition of the general
structure of the input, and can be combined with other language models such as dictionaries

and character grammars during recognition.

Most character classification systems generate a set of possible letter matches and
20  associated confidence scores for an input letter. For example, when classifying a letter ‘a’, a

classifier letter hypothesis could be as set out in Table 3 below.

Table 3
Letter P(x;)
‘a’ .6
‘d’ 3
‘o’ N

25  This indicates (informally) that the classifier is 60% confident that the letter is an ‘a’, 30%
confident that the letter is a ‘d’, and so on. Note that for statistical processing, the scores

should conform to the rules of probability, that is:

0<P(x;)<1 foralli



and, n Y, P(x,)=15 For classifiers that do not generate probabilities (for
exanpl e, classifiers that report distance values), the output score vector
shoul d bewpasmadseeed to ensure the above rul es hold. For Pogut@k/onsewor k
classifiers, a normalised transformatilon function (such as the softnax
activation function described in J. Briddle, "Probabilistic Interpretation
of Feedforward 10 Cl assification Network Qutputs, with Relationships to
Statistical Pattern Recognition”, Neuro-conputing: Al gorithns,
Architectures, and Applications, pp. 227-236, New York, Springer-Verl ag,
1990) cadﬂﬁe used to nornmalise the output values. Decoding 15 Decoding is
performed on a set of |etter hypotheses generated by a character classifier
that represents an input word or series of words. The probabilities

associ at ed mﬁtﬁi t nplates mean that features such as word | engths and
the location o % n%tuatlon characters can be wused for statistical word
segnent ati on. & nce the statistical tenpl ates are able to estinate the
probals ity of a speC|f|c word structure, they can be used to assist with

word 20 segnentatl U|red ver i vep..bel ow
assumes tFatclaeig %tgﬁtrfi?rﬂ BRatR Q?bggl\iﬁeﬁ EfP? S’F efsﬁg g’@&%ﬁﬁl ﬁtﬁ'“ ©
procedur evdl&es? nth% gﬁgﬁg sEdid ve&of bdhid BE nHHﬁJrhsledi |f@'ex¥su|r@¥}feedbo$@ ﬁﬂ@sﬂﬁ@lﬁgmﬁen

the output o racter classifier. This is done by finding t
t enpl at e neustl getwesk mMSlﬁ&snamqmmlmﬂonensjommonhﬁlncm ésucbraSpﬂ@bmftma& i es

ted th | td bi th
Denpi at o 1RalgHh Sareon doperbeaoapt ol hrobdbiftg, BlerBledR af fekaRinylaltf
lettefs iOlakdifcdtdRUNeSHdTk rmutpﬁt@ %m Reftibhiigseto Statis@au %ﬁ@rnpRG&fglﬂltidrf y WO

03/ 034326 PCT/ AU02/ 01392
Neuro-computing: Algonthms Architectures, and Applications, pp. 227-236, New York,

Springer-Verlag, 1990) can be used to normalise the output values.

Decoding
15 Decoding is performed on a set of letter hypotheses generated by a character classifier that

represents an input word or series of words. The probabilities associated with the templates
mean that features such as word lengths and the location of punctuation characters can be
used for statistical word segmentation. Since the statistical templates are able to estimate
the probability of a specific word structure, they can be used to assist with word

20 segmentation if required.

However, the description given below assumes that word segmentation has been performed,
and the decoding procedure is only required to find the most likely letter sequence given the
output of the character classifier. This is done by finding the template that gives the
25 maximum score given the character probabilities generated by the classifier combined with

the prior probability of the template likelihood:

POw) = PE)XT [ Psy)

where: n = number of letters in the input string

30 P(w;) = the letter sequence probability



P(xy) = the classifier score for the token at position |j

in tenplate ti
(see below) P(tl) = the prior

probability of tenplate t1 5 When

cal cul at iwg oslas3e@l ue of P(xy), the highest scoring nmenbercCtugiongiivhe
classifier hypothesis at letter posi22ion j) of the token class is used.
For exanple, if the tenplate contains an "a', the score of the highest
ranked al phabetic character is used. Simlarly if the tenplate contains a
“d', the score of tHg) hirgthesdlassifiek ecbrdlifgi theliskelsaupomnpmtﬁmﬁﬂﬁdn(se@ he
score of the specified 5@ uation character is used. 10 If

| og-probabilities are u&@Wor the tenplates, the classifier output nust

al so be converted p[gg Iggthggﬁg,a?bbmlﬁ@%ﬁ@ﬂ}qakhe decodi ng procedure finds
t he maxi num of : - =1 15 As an exanpl e, assune a
classifier has produced the scores shown in Table 4 fromthe input string
" 30-day",_ for th charact ated

P(X1) B xﬁYlFf(f&%l L] “Ex‘gn B G- g 51%6&0%%6 member- (isipe the classifier

z0. 0800. i?g&h%@(at 49RP p9EIdn 4% of Ghd Rsln 248 . 19 136d.0F&0e:0RHe, A2 tIROtemplathi s
exanpl e, e correct decodi n E&&;h i s_shown jin, bold.

If th res.are
conver t edontgins ¢g-p’ Hisetsprd afi est agvked alphabetie gharagtep I‘Sa‘ﬂség Sﬁmlﬁ’ai’ éﬁ‘ih

Length, YOSRLNS DLANESE, HEALACA AIRIgHAT R @Bit IS hsdd!Fol PunkAdien, 51025 VO
score of the specified punctuation character is used.
10
If log-probabilities are used for the templates, the classifier output must also be converted
to log-probabilities, and the decoding procedure finds the maximum of:
P(w,)=P(t,)+ 2 P(x;)
r=
15
As an example, assume a classifier has produced the scores shown in Table 4 from the input
string “30-day”, for the characters indicated.
Table 4
P(x1) P(xz) P(x3) P(x4) P(xs) P(xs)
31087 o] 0.50 - 10.97 d| 0.53 0.58 0.53
z | 0.08 0!048 r | 0.02 a| 0.40 0.40 0.45
r | 0.05 c|0.02 110.01 8| 0.07 0.02 0.02
20

25

In this example, the correct decoding path is shown in bold.

If these scores are converted to log-probabilities and applied to all templates of matching

length, then the highest scoring templates are as set out in Table 5.



Tenpl ateText P(t) P(w ) dd- aaa30-day- 3. 782-4. 963 aaaaaazorday-1.171-5. 056
dddddd301809- 4. 549- 6. 932 Wiere: P(t) is the prior probability of the

tenpl at e we ostat3esti cally derived fromthe text corpus. PCTAWabcekat e
P(w) for the tenplate "dd-aaa", the cZ cul ati on perfornmed by the processor
20 is as follows: P(wl= -3.782 - 0.060 - 0.319 - 0.013 - 0.276 - 0.237 -
0.276 10 = -4.963 To calculate P(w) for tenplate "aaaaaa", the cal culation
is: P(w _ -1.171 - 1.097 - 0.301 - TabR® - 0.276 - 0.237 - 0.276 15 =
-5.056 To cal cul ate D’w:)l fof %?l ate—rdgdddd—the—catcuiation is: P(w)
-4.549 - 0.060 - O.ElTE‘?mP‘%*.eOOO lgxtys5 - | £{gho - 1_]8 ¥ 20 =|-6.932 The

hi ghest scoring temil@gig, (" dd- ag?_"d)i 'S 1Qsipgy and| Ifs3corr ésponding text is
selected as the correct string "3}6-da "), 25 1tlwll be noted that the
maxi mum | i kel i hood deasmiang (i | eordéyki ng-1.481 nost| 45066l y character at each

position) wll not fihd-the—ecoireet—text—as—3o-ggy-rs—the
maxi mumt | i kel i hood é@éﬁ%ce). 9@&%/ 034 Ségz%CT/ ALJ83293(§1392 24 Language
Model Conbi nation | mthe exanpi e gi ven above, the string of the best

mat chi ng tenpl ate was sel ected as the decoded string. Usually, however,
t he mat chhertenpl atRswislthe paocprobitibiyy ofi thé tamplate as|statigticadly derved Somghe
addi tional processing. 5 For exanple, rather than taking the

maxi mum | i kel i hood PRCPEMS: from t he al phabetic section

5
To calculate P(w;) for the template “dd-aaa”, the calculation performed by the processor 20
is as follows:
P(w;) =-3.782-0.060 - 0.319 - 0.013 - 0.276 - 0.237 - 0.276
10 =-4,963
To calculate P(w;) for template “aaaaaa”, the calculation is:
P(w) =-1.171-1.097 - 0.301 - 1.699 - 0.276 - 0.237 - 0.276
15 =-5.056
To calculate P(w;) for template “dddddd”, the calculation is:
P(w) =-4.549 -0.060 - 0.319 - 2.000 -1.155 - 1.699 - 1.699
20 =-6.932

The highest scoring template (“dd-aaa”) is found, and the corresponding text is selected as

the correct string (“30-day”™).

25 Tt will be noted that the maximum-likelihood decoding (i.e. taking the most likely character

at each position) will not find the correct text (as “30-day” is the maximum-likelihood

sequence).



of the string (i.e. "day"), the classifier scores fromthis segnment can be

passed to a dictionary or character granmar for further decoding. 10

Al t er nat iwelog/0343he t ext segnments from a nunber of top scoPCAgUoeop9at es can

be processed wusing an additional |anguage nodel, with the resulting scores

bei ng conbined to produce a final word probability. Accordingly, it wll

be appreciated that the process described above provides a nethod for 15
pEruRgesMoag] emnmadiont | stical | anguage tenplates for handwitten

character rgcognitjon. This includes procedures.requlr 0 ner at he
Cenpl at oot P ampls.Bven fidhel B 588 qEIRCRPh PERe R R e a RS S )
decode chaécat® strilgd I%ubllgr hOMéru! tHeSinBGhéd €emplerpPivil 8. codbbihéll patht othet ar ,

t hese techni ques generally allow faster, nore accurate hand witing

recogni t i BAgEagemrodsk fphadddonal prasgssit®ss pr ocessi ng power, than in the prior
art nethods. The invention nmay al so be said broadly to consist in the
parts,” elenents and features referred to or indicated in the specification
of the appbr exatrpbys) rathercthan thitilgl tie ataxivmih dikelivaldyiett@s fiom theyalphabetld section
conbi nati ops of two or re of said_parts, elenents or features, apnd where

speci fic PhilsgeiFiasaie el )-oMedcIasrnsepfes chomalids RyeuFt i RFaPased 10 t he
art to whigehot SRyeRt i ﬁ?ﬁ] eSthes Hedhhdkpown equi val ents are deened to
be incorpora?é%ﬁﬁgﬁg¥n aéﬁl g%ﬁ%ivié%aﬁﬁyhgit forth. 30 Although the
preferred enbodi nent has been described in detail, it should be understood
that variqQus change sybstitutions, and alterations, can be de herein by
one. ofS or GTREPYVEIEihE (o4 Fepments Som  rEher HeBRAEPTE FPBR e eehoEosred ne
present i pygAEH Q&Hiﬁ@ndl'%r@uﬁ!%@ﬁ@ﬂ& witB 3K¢ feb@finaREbrashdifs 8dMBib&Eto proahderd. WO
03/ 034326 PCT/ AU02/ 01392 ~ 2 CLAIMS 1) A method of identifying a string
formed frB&nelaverdprbebidity.hand-written characters, the nethod including: 5
a) Determ ning character probabilities for each character in the string,
each character probability representing the |ikelihood of the respective
char act er Abedrtgghy, itesidEls appeecigive ok ik prucdae dewtibed sbialeqirovided althioddder s;

15 contextual processing using statistical language templates for handwritten character

-

recognition. This includes procedures required to generate the templates from a text corpus,
together with the techniques required to decode character classifier output using the

templates.

20 In particular, these techniques generally allow faster, more accurate hand writing

recognition to be performed, using less processing power, than in the prior art methods.

The invention may also be said broadly to comsist in the parts, elements and features
referred to or indicated in the specification of the application, individually or collectively,
25 in any or all combinations of two or more of said parts, elements or features, and where
specific integers are mentioned herein which have known equivalents in the art to which the
invention relates, such known equivalents are deemed to be incorporated herein as if

individually set forth.

30  Although the preferred embodiment has been described in detail, it should be understood
that various changes, substitutions, and alterations can be made herein by one of ordinary
skill in the art without departing from the scope of the present invention as hereinbefore

described and as hereinafter claimed.



b) Determning tenplate probabilities for the string, each tenplate
probability representing the Iikelihood of the string corresponding to a
respecti vweomame3ke a 10 nunber of tenpl ates, each tenpl at @Creyire®eei ng a
respective conbi nati on of character 25pes; c) Determning string
probabilities in accordance with the determ ned character and tenplate
probabilities; and, d) ldentifying the character string in accordance with
the deternmined string 15 probabilitCeAIMS) A nethod according to claiml1,
each predeterm ned character having a respective character type. 20 3) A

t hod di j. cl aj ' g i1 i t
oast ondd op nfleh Bf fieRSias £fihidb Mt sl SRAIAGE Rind KBS, LRELGIGe,
met hod accoméihod ihdudiny: one of the clains 1 to 3, the method of determ ning

the character probabilities including using a characﬁler classifier. 5) A

met hod accoidiPrierniag Phesmeten probapiligies fareeash character MelhfstHig eth eheraststi ni ng
the tenplate p?ﬁ%%ﬂﬁr !céﬁ)trés%gt)iﬁ%ﬁﬁllequeﬁﬂéod?’& tﬁr% resacBl BcrAerl Bindh FBECtRE
the stting; e at

characters in ecting tenp s having an i dentical nunber
of char act er s;onand a numper@ftpaedetermpisedtchamaktetsg probability for each sel ected

t enpl at e. 3/ 034326 PCT/ AU02/ 9.2 6) A nethod.according t L.aimb5,
t hgp t enpl a:/B 8?%%5?@& tenlatR P é@gflgsr 2n‘lglhe e p3frngt &PFt (PR gtea%’if’%&’?létygf a
text corpus. Zf):%éséﬁﬁﬁg%le ?iﬁ@l%&hp@f %51& lifk BoRePonding t6) £ redpb&ivEESROHS a

including determning a potentia character string corresponding to each
tenpliat e by: ajunibet exfnieniphaes, heack hismpbate reprpgsating @ getpeetier gembination (e
string fromthe te ate; and, b) Selecting one of the predeterm ned
characters forC%Q%?E%P SPacter in the tenplate, the

¢) Determining string probabilities in accordance with the determined character and
template probabilities; and,
d) Identifying the character string in accordance with the determined string

15 probabilities.

2) A method according to claim 1, each predetermined character having a respective

character type.

20 3) A method according to claim 1 or claim 2, the character types including at least one of:
a) Digits;
b) Letters; and,

¢) Punctuation marks.

25  4) A method according to any one of the claims 1 to 3, the method of determining the

character probabilities including using a character classifier.

5) A method according to any one of the claims 1 to 4, the method of determining the
template probabilities including:
30 a) Determining the number of characters in the string;
b) Selecting templates having an identical number of characters; and,

c) Obtaining a template probability for each selected template.



predeterm ned character being selected in accordance with the determ ned
character 10 type and the character probability. 8 A nethod according to
claim7, wbasseisect ed predeterm ned character being the mpcaddioernmoned
character having the highest characte? probability. 15 9) A method
according to claim7 or claim8, the nethod of identifying the character
string including: a) Determning a string probability for each potenti al
string, theAstethod mcoflaty kd toaimbsj the thmmdatei prebatitljtycbeioa tnsedatsrmgnadn by
character praobabili tf es gf each selected character and the respective
tenpl ate prYBEHcHanglysi§nha 96 @PUbet er ni ni ng the character string to be the
potential string having the highest string probability. 10) A method
according to any one of the clains 1 to 9, the nethod bei ng perforned using
a procesd) ng msthodaqchedingig: claim ayr daim 6rthe methodiinelpdigs determining pypierffal )
The predeterm ned characters:.ii) T ta representing at |east one
of . £1) Thearases s %s‘%onﬁ??d’f‘d‘(nﬁ)tg’?%‘gmg‘lé‘%?% % probabilities; and, 30 b) A
processor, HheORERERns ke biRirageraypp o tbatlo charbjterRmcibie \stringh fonhthedemeplate;

string; ii) Determ ne the character probabilities for each character in the
string; iii)a8ternne the tenplate probabilities; WD 03/034326 27

PCT/ AU02/ 01302 b Au; ' ' ! lofsi thi &thi HaRECPIAB $Gnikfe e he
det erm ned ?regecc%uelgg}éﬁd{%?g)ﬁ%l%%%ﬂelglgrggg%%?qelstf?es; e‘fnd, V) Identi% t he

char act er st r ippgietermired ahaaoiee being seletted deseoranedwith thewdeterpriotshdiakdctdres. 5

10 type and the character probability.

8) A method according to claim 7, the selected predetermined character being the

predetermined character having the highest character probability.

15 9) A method according to claim 7 or claim 8, the method of identifying the character string
including:

a) Determining a string probability for each potential string, the string probability
being determined by concatenating the character probabilities of each selected
character and the respective template probability; and,

20 b) Determining the character string to be the potential string having the highest string
probability.

10) A method according to any one of the claims 1 to 9, the method being performed using
a processing system having:
25 a) A store for storing at least one of:
i) The predetermined characters;
ii) Template data representing at least one of:
(1) The templates; and,
(2) The template probabilities; and,
30 b) A processor, the processor being adapted to:
i) Receive the character string;
ii) Determine the character probabilities for each character in the string;

iii) Determine the template probabilities;



11) Apparatus for identifying a string forned froma nunber of hand-witten
characters, the apparatus including: a) A store for storing at |east one
of : 1) A WoOrmb®s4306 predeterm ned characters; and, 10 ii) TPerpareidat a
representing a nunber of tenplates; a¥d, b) A processor, the processor
bei ng adapted to: i) Determ ne character probabilities for each character
in the string, each character probability representing the Iikelihood of

t he respecti vév)cheteanine rstrhngj progbabilitiessipectordancenwitio fhealetermiead abfaracter and
predet ermi ned characters; 1E.i[) termne tenplate probabilities for the
string, each teni§ e probetiBiies #9% r epresenting the Iikel i hood of the

string correspongicn@nt Ghé dRRRRS! kiiRgOne AlcomlantyiNbigy ©BE Uewph@abesstriggch
tenpl ate representing a respective conbination of character types; iii)

Det ermi ne stringpyobaphitiés ities in accordance with the determnmined character
and 20 tenplate probabilities; and, iv) Identify the character string in
accordance with the determined stri ng probabilities. 12) Apparatus

accor di ng 1}&%194:aﬂu§1f&lideﬁtifﬁng RGEEESPIMbE o6 £oupbedf handwrittep vharadtbrs, the
processor ~ 25 being further adapted to receive the string of had-witten
char act er s apparaterainplgging: 13) Apparatus according to claim10 or claim 11,

t he processaﬁaﬁ%%%ﬁoﬁgtgﬂéggtlre%tggéBfgrm the nmet hod of any one of the clains

1to 9. 30 generating tenplate for use in handwiting
recogni tion, tijheAmeinitedof preddtesiiined clayactdrs;aindj ng text; WO 03/ 034326

PCT/ AU02/ 01392 28 b) Identifying character Stlii nsgs in the text, each
chardBter strithgTeap At TFREFSFIH B A QbW %‘F’S?FL or nore characters,

Coch o Ao, LA SRR AR, o g seauence o

each char act en) t Ppermiguwbareter probabilities for each character in the string, each character
probability representing the likelihood of the respective character being a
respective one of a number of predetermined characters;

15 i) Determine template probabilities for the string, each template probability
representing the likelihood of the string corresponding to a respective one of a
number of templates, each template representing a respective combination of
character types;

iii) Determine string probabilities in accordance with the determined character and

20 template probabilities; and,

iv) Identify the character string in accordance with the determined string

probabilities.

12) Apparatus according to claim 11, the processor being coupled to an input, the processor

25 being further adapted to receive the string of had-written characters via the input.

13) Apparatus according to claim 10 or claim 11, the processor being adapted to perform

the method of any one of the claims 1 to 9.

30  14) A method of generating template for use in handwriting recognition, the method
including:

a) Obtaining text;



5 15) A nethod according to claim 14, the nmethod including: a)
Statistically analysing the determ ned tenplates; and, b) Determning a
tenpl at e woobabiskéty in accordance with the statistical amamydiog/oidhe

tenpl ate probability indicating the p8obability of the respective character
type 10 sequence occurring in the text. 16) A method according to claim 14
or claim15, the nethod including: a) Determning the frequency of the
occur r ence Wf Idmtifyingahaetter sttiygreinsthgueric eachrehataeter steing;beingdformed fpm a

Determining tenplate probabilities in accaordance with the term ned
frequency of SERERCE OF 801§ %@‘3&&3@:&” ‘%ﬁﬁvwgtaﬁg‘qc?eg%geot Tng to claim

16, the metd)oghetdiitiRE alsitfileHél AYLhARGict WpREfiriach dRtRidshg; aelpl at e

probabilitiés to account fTor a |imted nunber of character type 20
sequences. d)8Pefiningt iethpiate b gachycharactdr &ype sequenceie net hod i ncl udi ng
nodi féi ng the probabilities in accordance with Lidstone's law. 25 19) A
nmet hod according to any one of the clains 14 to 18, the nethod incl uding

obt ai ni ngs) A hgeth@Kdccbrdmg @ dlamget, texhetbod piectudi®l)) A method according to any
one of the clains 14 to 19, the nethod_ including obtaining the text froma

number of df Statisticallynelysing thpdaemmediwrmlicsaa8dr ding to any one of the
clains 14 t t - i LOCERS] "
8 ﬁ%?ﬁgg%sﬁ%glﬁgbﬁggl{ﬁgﬁ e raddsd gxgthztgﬁ SDERESH RHaIFYS! @

havi ng: a) I ng and, A processor, the
processor bei ngnpldeppatbabitity indicdtagnthief probitelityhaf dot eespsttiviengsraatert typet ext ;

ii) Determ ne the character, tﬁ/‘fe sequences; and, iii) Define the
t enpllt es. sequence occurring in the text.

16) A method according to claim 14 or claim 15, the method including:
a) Determining the frequency of the occurrence of each character type sequence in the
text; and,
15 b) Determining template probabilities in accordance with the determined frequency of

each character type sequence.

17)A method according to claim 16, the method further including modifying the
determined template probabilities to account for a limited number of character type

20 sequences.

18) A method according to claim 17, the method including modifying the probabilities in

accordance with Lidstone’s law.

25 19) A method according to any one of the claims 14 to 18, the method including obtaining

the text from a large text corpus.

20) A method according to any one of the claims 14 to 19, the method including obtaining
the text from a number of different sources.
30
21) A method according to any one of the claims 14 to 20, the method being performed
using a processing system having:

a) A store for storing the text; and,



5 22) Apparatus for generating tenplate for use in handwiting recognition,
the apparatus including a processor adapted to: a) Obtain text; b)

| dentify whasas43e6¢ strings in the text, each character strcaguseiomy2for med
froma 10 sequence of one or nore ch¥®racters, each character having a
respective type; c) Determ ne a sequence of character types for each
character string; and, d) Define a tenplate for each character type
sequence. 23J) A&prpeésedruﬁle@ssd'rbgng(admtedtw 22, the apparatus including a

store for storin e t, the . 15 sor being adapted to obtain the
text fromt helstIgP@t}Yﬁ}lﬂc ﬁc’ﬁ‘ﬁ?ﬁré‘i"lﬁlﬁsﬁ@%?‘?ﬁﬂg to claim?22 or claim23, the
apparatus bei g BgaRLiRdHeQnRGEEPPe sbdikns®! Al of any one of the claims 14

to 21.
iii) Define the templates.

22) Apparatus for generating template for use in handwriting recognition, the apparatus
including a processor adapted to:
a) Obtain text;
b) Identify character strings in the text, each character string being formed from a
10 sequence of one or more characters, each character having a respective type;
¢) Determine a sequence of character types for each character string; and,

d) Define a template for each character type sequence.

23) Apparatus according to claim 22, the apparatus including a store for storing the text, the

15 processor being adapted to obtain the text from the store.

24) Apparatus according to claim 22 or claim 23, the apparatus being adapted to perform
the method of any one of the claims 14 to 21.



