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WO 2008/097194PCT/SG2007/000044 KEYWORD CLASSIFICATION
AND DETERMINATION IN LANGUAGE MODELLING The invention
WO ﬁ&?ﬁﬁ%ﬁ defining a keyword class and/or classifying a k%’i‘ﬁ@%@%(ﬁm 4
eyword class and/or determining a keyword in a set of words. The :
invention has particular, but not exclukive, application in a task-oriented
language modelling (TO-LM) system for voice and keyword mining.
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keyword mining systems only focus on the se
concerned with, the vocabulary of which is much smaller than that of a

Thietation sy sims Regomnition Reieimanceaibe kayward mining.sygiem
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service is called natural language call routing. The paper by Bernhard
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In interactive dialogue systems, keyword mining technologies can be used to guide the
dialogue when certain keywords are detected, and enhance the flexibility and robustness
of the system. A typical example is a call handling system dedicated to financial
services. When the utterances “credit card” and “bill” are recorded and recognised by
the call transfer system, it is likely, or at least possible, the user wishes to discuss a
credit card bill. The call handling system then routes the call to a billing department.
This kind of service is called natural language call routing. The paper by Bernhard
Suhm “Lessons learned from Deploying Natural Language Call Routing at Verizon”

whitepaper, BBN Technologies discloses an example of such a system.

For different keyword mining applications in different domains (i.e. areas of interest),
different sets of keywords will be required. When the keyword set is changed, the

performance of a system will likely also change depending on the extent of the changes
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WO 2008/097194PCT/SG2007/000044 made to the keyword set. For
instance, a keyword mining system for financial services, as discussed
above, will not likely provide good performance if used for, say, a technical
gé;ﬁ,z%{moouﬁu
language model (LM) is coupled to an acoustic model in a recogniser for
enhancing the recognition performance. A LM provides the selection of
mededb tiakiepramd sworoleiet-guige oy wathASSOCIHHAS Fir AmanM DS Pices,
] , wistic. model is relatively static while the language model
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tepharfelcasniafireld linmapplaladeguage. 10Usually speech recognition
commercial system vendors, who target interactive dialogue systems,
provide well-built acoustic models for a language and language model
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enerated for the vocabulary set from the corpus. LMs

g 0rpus. |
CURmEEIRhsEreTaikd M padsTRIoRed o highivordlen ehecvscdinuery set
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keyword mining systems, this LM development approach does not
generate a model that is sharp enough to perform well on the keywords
Goemallsepthbiatthéoe trainingsispgenenic fevatghemardsinthere aneefisiisd
- ian fr e nternet as disclose VietBac LE, 3
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Statistical Langua%e Model Generation for
conducted over the texis by, first of all, counting word frequencies in the training corpus

and selecting the top K most frequent words as the LM vocabulary. The N-gram data is
then generated for the vocabulary set from the corpus. LMs developed with this |
approach are expected to perform well for all words in the vocabulary set and are
frequently used for dictation systems. But in domain-specific keyword mining systems,
this LM development approach does not generate a model that is sharp enough to

perform well on the keywords because the data for training is generic for all the words.

There are efforts for data collection from the internet as disclosed by Viet Bac LE,
Brigitte Bigi, et al in “Using the Web for fast language model construction in minority
languages”, Euro-speech 2003 and for LM generation for keyword spotting by Babak

Hodjat, Horacio Franco, et al in “Iterative Statistical Language Model Generation for




WO 2008/097194PC1'/SG2007/000044 3 use with an Agent-Oriented
Natural Language Interface”, 10th International Conference on
Human-Computer Interaction, 2003. US 6,430,551 discloses a system for
WO BAHAYS vocabulary and/or statistical language Smodefrdm& Xl
training corpus. This document disclases a system which identifies at least
one context identifier and derives at least one search criterion, such as a
ukeywne Aemibacantiextddentiiieibhamystent then sRleasidesuHsRisnce
Ofr?{n a sef of d(%c. ents,basgﬁoipon the search criterion. 10For
omu"%lll%n-spOe%i"igiice tﬁ&%ﬂs, IS necessary to apply a task partitioning
and/or word clustering process to a vocabulary set or a document corpus,
omain-specific users wish to focus on groups of word
e e R S Sl pee
mgidinm e ke saitivgingirakelinoddsendstphstitsredsysion wisels
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15most in the training corpus to be grouped together an eyworc?s’
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deeiRpMideacesRiablanesipEmangs returns for disparate domains. Task
partitioning is often regarded as a means for building domain-specific

models 20according to keyword distributions in the training corpus. Known

Falghrithinsgevithisgplicacsasincly dectisunde prdenh&ompassntARdNSISord

ICA) and the Probabilistic Latent Semantic Indexing (PLR) algorithms, the
o R B R IR S Mo g Specife
uprs cas indgscof tiegfawentf-Bechdrfimng kbriter datiaimabSdEdhvre other

D at in.Information Retrieval .
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because implementation of these algorithms imposes a very 30 heavy
CRRIFFE OISR YRR priitslsBrds frmtRahaalikrignsiiabie RemoBEREe

rdhenkGér dngPAiStalgesihms involve a very significant number of matrix
computations. The sizes of the matrices are determined by the vocabulary
size in and the number of WO 20081097194PCT/SG2007/000044

Task partitioning is often regarded as a means for building domain-specific models

according to keyword distributions in the training corpus. Known algorithms for this
purpose include the Independent Component Analysis (ICA) and the Probabilistic
Latent Semantic Indexing (PLSI) algorithms, the latter being described in “Probabilistic
Latent Semantic Indexing”, Proceedings of the Twenty-Second Annual International
SIGIR Conference on Research and Development in Information Retrieval by Thomas

Hoffman.

However, if the number of training documents and words in the keyword set is large,
the JICA and PLSI algorithms are unsuitable for the task of task partitioning in these
circumstances. This is because implementation of these algorithms imposes a very
heavy burden on memory of the processor on which the algorithms are run. Both the
ICA and PLSI algorithms involve a very significant number of matrix computations.

The sizes of the matrices are determined by the vocabulary size m and the number of
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4 documents n, in the form of in times it Furthermore, during computation
of the algorithms, the relevant matrices are loaded into the processor
emory because the matrix elements are accessed and used randomly

wo é?gé@?& @ to the algorithm. Thus, ye high specification pr%%y§§3pg7\//9[{(ﬁ)44

very large memories are required in arder to implement these algorithms.
The invention is defined in the independent claims. Some optional
dfwares of thehinfentioiatendefinBdrindhiods Randest elRimFor Ofyfirst
Sﬁtﬁ}n e artitioning process comprises defining one or more
aﬁéeyworgz cfﬁi%ega# F&eﬁ‘s‘,‘%%’r%eb‘y’aSS%%h‘i‘ﬁ%ﬁ%ﬁ}%&%&f BEROVRER D ica
Tatis fedtaenkeywerdsssahrak asap e micanke yovordictas Shéaatoriiam. Mk very
nhavipgslementSRREseON heiclass, Asecond step comprises
C asgifyin%ﬁas kg?{/vqrd Ina keywt:fr(% gaﬁ%@f S 1S 35%%8%9 dgt%rrr%lirtl?ng a
IGRHiARRY thsse ReqRiiBRS vector associated with the keyword with

15reference to a plurality of class vectors. An example of a keyword
Tﬁgctor iS,a matrix having elements representing the keyword.

PERREStRorPred indRegarereniny plostssSamelentinmgl drgwss of the

ipartitieningdefithe keywasgsatintasmasets so that keywords sharing a
mutual context the most in the 20training corpus are grouped together,
arid those sharing the mutual context less are grouped in separate

AkByavergsisdts [Fheretuienitiiepioventanihave developed orseal@Rlgword

it whi ndle size of keyword set and training corpus
e L i e SRt

Aﬁé‘ﬁé@ﬁ&n‘%@%@%@ﬁ@@ﬁﬁa@ommm sgyiifiodpntechrinabadimntage
chileraciBe-pisssab RSk AAUHANNOAIAUIDS I3 h3LApIRCesRor Il
lesser memory requirements may be utilised in implémentation of the
O RSP SCGHTRIEER, [of e AP LYRIIE RseoRiaeA wilhhreceesbwisan
rdfejplement leraligetthnas deasrbedharainmere ﬁééi@d&'at%é% lRrggrHata
t known algorithms. This is because most 30data used and

sets than
h%vrltl)lge%g%lgrﬁ/r &5 %Bﬁﬁ'fh?é@@@%joed herein (in the form of data

matrices) can be stored on, say, a hard drive during a clustering process.
medaskRastiion %J%t rithms described.herein process word vectors

ollrj}e-b -one in a V%/% 8%/‘85%%%3%‘?%&% ?gﬁgéﬁﬁmmomng of the
keyword set into subsets so that keywords sharing a mutual context the most in the
training corpus are grouped together, and those sharing the mutual context less are

grouped in separate keywords sets.

Therefore, the inventors have developed a scalable algorithm which can handle any size
of keyword set and training corpus and achieve partitioning of keywords into subsets
with a better performance than known algorithms. One significant technical advantage
offered by the present task partitioning algorithms is that a processor with lesser
memory requirements may be utilised in implementation of the algorithms. Conversely,
it can be considered that a given processor can implement the al gorithms described
herein more efficiently for larger data sets than known algorithms. This is because most
data used and processed by the algorithms described herein (in the form of data
matrices) can be stored on, say, a hard drive during a clustering process. The task

partitioning algorithms described herein process word vectors one-by-one in a




10

15

20

25

30

O 2B87184d the data sets in their entirety into "fast” memor

5 predefined order in order to determine the class/class vector. Therefore,
data can be stored on, for example, a. hard drive and extracted for
rocessing as required. Them is no requirement, as there is in the Brior
P(Y*/T SGROQT/000044
ch'as
processor RAM, Thus, the task partitipning algorithms described herein
are practical for all data sets whereas prior art algorithms, such as the ICA

paR RS balgarithins E@q@i&iﬁiﬁliﬁ@@ﬁM@mw;f&ﬁom d@ﬁ@ﬂ%}&@ﬂ&éﬁ& can rt]}e
rocessi ower and processing memory, This renders t eseaggrit ms
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nbQequinaitoeacomprisingirowsieatumnisadithetiasands veteagiadty into
« a%u%landosr ogu%rﬂ[trisesf Ipe roge ing words one-by-one in a predefined
order, the fXIgorl At described herein perform complex computations on
seed words (defined below), merging the non-seed words to the classes
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15vectors. This implementation reduces significantly the resources
vheranccRl oy at elamgchr b udhes iadeh radtRlsSkalgerifentismauiicabeviicanat
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to perform the algorithm is in linear relation to the number of words in the
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REBSRIANSHmBRAIGHGRATehNR tiennbeakeriobsesd ¥iends 206 MLdtintiad
by the number of documents it. This may be significantly less than that
required by known algorithms. A method of classifying a keyword in a

Iheywossigiassds alscbgeafirdd. aDneisfietdandela gsifgsdilchkejasoiten@rein

) slgss idenifissh from e fask pastiign
et b R A S SR
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similar class vector of the plurality of class vectors is determined from a

algonithiity datartnemisitn g (R RERNOERE FORasUIREtSManmRss: YRt
sebassiassciatedh Wihdthedraest sisnianielass Maetf the algorithm is in linear

relation to the number of words in the matrices. The memory requirement for the

algorithms described herein corresponds approximately with the number of seed words
s multiplied by the number of documents n. This may be significantly less than that

required by known algorithms.

A method of classifying a keyword in a keyword class is also defined. One method
classifies the keyword in a keyword class identified from the task partitioning process
mentioned above. In a first step of this method, a similarity score for a keyword vector
associated with a keyword is determined with reference to a plurality of class vectors,
each class vector being associated with a class. A most similar class vector of the
plurality of class vectors is determined from a similarity determination and the keyword

is classified in a most similar class associated with the most similar class vector.

Another method allows for determination of a keyword in a set of words. This method

comprises assigning a distance parameter for a first word in a word set which designates



WO%(

10

15

20

30

30 WO 2008/097194PCT/SG2007/000044 6 a first word distance from
the word set. A document is parsed for an occurrence of the first word in

h&ﬂ&qmﬂent. Upon identification of an occurrence of th% (ngr?StGw(?Or%( {I??) gtp4¢

ocument, the distance parameter is modified. Upon determination
modified distance parameter satisfiessa threshold criterion, the word is
designated as a keyword. The present invention will now be described, by
Gt ofask disiphecofifyn diwoith st fetahmateths aosedipaaying draningstin

AvhiGhFigwe do i Ji iagram lllustrati example of a TO-LM,
training prﬁeﬁﬁé&%%ﬁ%%%%% oﬁ%ﬁg?a%gﬁ%%s%%ﬁgl a ﬁ?s&,?%oé%lg&nﬁ
ey distanss permpeoryedieds Hroy s fowiiouahe Hostfating a

aeennchiathed fon drliniRgARRRS YSRIAr nuhichiGahe yses 4%; adfég%

: '”9(1
a plurality of keyword classes; Figure 4 is a logic flow didagram illustr tlr(l)g '

a first method for classifying a keyword in a class; Figure 5 is a logic
Tievpdiegrameiilisiratingoy secanemethacy ey slassibing.alkeyyargl5in a
& g,%bgvttgi h %gcnope used in clasgifyin %E_Iurality of keywords in a plurality
of classes: igurené)allgyénl%gfé‘?@mfé‘?a‘gj? {illustrating a method for
Hegterminin gikiywdidginm Sesoitngrasexamptigire TAS alegigiiewrocess;

j llustragi aple. of.a pracess for building a 20 language
e e e K e s S5
Frevie Miappoadiorijegen idustitor adregradniktisidatingedisysterdass vector,
wRhitas ol FAILHRG ONbHBIRAGSIAR.0f fgWes to 8. Referring now

};,o Figure 1, an example of a TO-LM training process is described. Initially,
BB SR A odagEa b iBs kB cmthap icelaeniping pdeifiedibyin a
chnnsend user. The keyword set 2 is extended iteratively by parsing and
ngx&gggt'&gg %ata IIlrom on-line, dictionary resources 4 or on-line thesaurus

28

resourées BERA B%EHEE GiP&érecenh auibeddarir ey s eamlegvord
iygetheithbidhycandeaumiintdeaitingropasslit) dOkpiBKords in a plurality of
classes;
Figure 6 is a logic flow diagram illustrating a method for determining a keyword in a set
of words;
Figure 7 is a logic flow diagram illustrating an example of a process for building a
language model;
Figure 8 is a logic flow diagram illustrating a training process for a TO-LM approach;
Figure 9 is a block diagram illustrating a system architecture for carrying out the

processes of figures 1 to 8.

Referring now to Figure 1, an example of a TO-LM training process is described.
Initially, a keyword set 2 is derived from a task-specific application or specified by an
end user. The keyword set 2 is extended iteratively by parsing and extracting data from
on-line dictionary resources 4 or on-line thesaurus resources 6. An extended keyword
set is consolidated in step 8 and is used either by a document search process 10 to pick
out relevant text from available off-line sources such as text corpus 12 or by a search
engine caller 14 to perform internet search tasks with a search portal 16 to generate

search results 18, defining a collection of URLs. This set of search results 18, after
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30out relevant text from available off-line sources such as text corpus 12
or by a search engine caller 14 to perform interact search tasks with a
search portal 16 to generate search results 18, defining i
wo Wﬁglgﬁﬂis set of search results 18, after WO gc@ﬁyg%hg%(%ﬂ
2008/097194PCT/SG2007/000044 77some simple pre-processing such as
removal of duplicated entries, is used by a web spider application 20 to
soetrigupleptdioorsieigitesi2? fomndaabimplisiisdr bR s el afedanralwed
stfshlis A8, helormaton (documents) fetdsved from, hese vigtsites, o
efines atraining document corpus 24. This Corpus 24 may be
sesugptesmenidd biredotormetins Gloumetitsietdocuhient deacchepsscedsibos a
AR InibenaHblecier 16 2UgaK RGN PTG
G Y %ﬁl % i %a sgégﬁcr?begﬁﬁg%ow)

(described below) and language model training

fqengriovieredimigiang scmskiarcgata 8. Thelwéeies epaeeduadeieustiiccted to
2 GREYNENEH bUe i dacementyelassesdayhs Ll Qe REESERIRH B8 (also

vectors. Groups of words, documents and classes may be represented by

descrhed BLOTRPABIRY L ltnaitgdrotidré: e elements of the vectors are
counts of words appearing in reference documents. The elements of each
row of the matrices can efined as couw of a word.in the reference

A TR R B e e A L B A P hoaraor
rapi¢reresdreferenas. docuperits s, réferemnaesd duyt thvsosdsaylitergfesented by

rrm%?e@,% AURAReNeHRrS FeRIESERHNd yord flis k giens in documents
anda n colu n§ fh matrix a,, are vectors representing ocument
WSk iRIGOHS OVeielorras. dpeimensrdd kmel aragnin gldechimems thegnatrices can

veignificantly, largg &8 Hweach althemeheing i ihetensafthaysands) any

processing algorithm must be able to handle the complexity of the data
COHEREMBryragEfafetE 6T UEREIRTpIERCaARE HEHTD GratBisscorRe Y

walgerittisefescrbedwith referc s, e dguias 2 ieeaiedesignedtutions
ir?gndle data oé]ggﬁ%size and to achieve acceptable performance within a

QLGRS B dRAMAPIE S e ERDE G W PRI R ERfiifes 2 to
dﬁ;rﬁ)si@ﬁfioammmmvﬁmﬁmdmaemmmﬂgmdmme_memdifg)ﬁmempgmgﬁge
o a‘?'h"%'%‘%ﬂ‘e&oé‘éi?’%r%‘ﬁtﬁ% %9&%%9&%“%%‘%%”"rto‘é%%?n‘fg‘ WOLAYSIEMS be able

ith these examp?és, a language model 25wi improved-accuracy can he

thbardiatHhin PmPBHEUPE heittaatbroimm kdoiksmdesiiopesdmpumendtia
nSRESHIGRIRN Phe SAYo 3@ JUGIORI RES SO ARE LGB A LaRA0™ ACARSS ned

memory. Significant concepts for the algorithms are as follows:
to handle'data of any size and to achieve acceptable performance within a reasonable

time. In the examples described with reference to Figures 2 to 5, a significant
improvement in accuracy can be achieved for the language model when compared to
language models built with known systems. With these examples, a language model
with improved accuracy can be built within 2 to 3 hours, with an “ordinary” known
desktop computer with a specification of, say, 3GHz microprocessor and 1GB of

random access memory.

Significant concepts for the algorithms are as follows:
« The algorithms are sensitive to the training corpus size and avoid sparse data
problems (where large numbers of elements in the matrices are zero entries). The

training corpus size is a factor in determining the number of partitions in the task
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30 The algorithms are sensitive to the training corpus size and avoid
sparse data problems (where large numbers of elements in the matrices

re zero entries). The training corpus size is a factor in determining the
wo ST partitions in the task WO 2008/007104PCT/SEIGUTHIEE

partitioning process described belowgA user can decide on the number of
classes/partitions by, for example, applying an empirical formula. One
erartiipheiof arsudatiestoimad izisvl/ (A vsdd catG@rside 30 mhaiamTeisthe

bigran mation of thg corpus. N iesthe.e ected vocabulary size

fo@‘é%%@?‘n&%e %Zg@o% Ie SRRt Sopincl °6F%1&§s§é]§/5’é%’ﬁ{?6%§fa
FhBfiakissomminisraay bidtark coantiwiide THe tigogthmsaan saohieren of
ancarormance sgsulis UBIR IRe0nARIe dIme RYan IR i3 3 TS,

algorithms are fully automatic to perform the process in"an‘op
f4BRRIMABRESSIHGS Rartiifue Erom fikh AretMeradobidediniogpat ¢ass Bid/or

aghassivecion iwhev desarkedmihrdndividualisians.ofihe Algarishm il

be described in greater detail with reference to Figure 3. Prior to
infi&fis&fon of the algorithm, the extended set of keywords 8 and training

« 1 Sberpymriddmarasioghondise hihertask prriiaRIRGAIE AHAISashion.
implemented by a processor of a, for example, personal computer. When
matrices are built, these, too, are also stored on disc, and the contents of

ReferingticBigurelas dassedthod fovaieinilat ed ysthel fpracaasovsadg o tbm
d@eea el ZOINGRIQReISPRONEgY IN%.8L 18P, 22; £l 100, 3%
the algorithm aﬁlallyses tﬁe exteen%lé sé%é’ %%\:N%rs gs%gﬁén%rﬁ?éﬁrg%%ownh
redeItaNn iod Wt of seed keywords, where the seed keywords are those
keywords in the keyword set most relevant to the domain specific to the
Pggrglic,al;ion‘in guestion. At step 56, the algorithm determines first and

BHAHRSELHM RA TR RS H B GHiTGisd Sp seldep agie fandrineirinst
canossEcandioaabbsiontar ReywardsrarRihosa kaynadsip hssaidafseed
1k%¥¥¥81~r% which are most _simj&ar to one a{;g%tgher. At step 58, the algorithm
Pstermines a ciAsS Vel T RERFS an 868%“??&%?0}?81%%% too, are
alyghitshearenadisociadatioith ttings fifshamthseesack nuostssiinitairkeywaeds by the
pﬁﬁgg%%o?%rgﬁﬁgﬂ%ﬂi@d‘?‘ class vector containing elements

representing the class, a class of keywords is defined by the process of
Figure 2.

The process 50 of Figure 2 begins at step 52. At step 54, the algorithm analyses the
extended set of keywords 8 from Figure 1 to determine a set of seed keywords, where
the seed keywords are those keywords in the keyword set most relevant to the domain
specific to the application in question. At step 56, the algorithm determines first and
second most similar keywords from the set of seed keywords. The first and second
most similar keywords are those keywords in the set of seed keywords which are most
similar to one another. ‘At step 58, the algorithm determines a class vector from the first
and second keyword vectors which are associated with the first and second most similar
keywords. Effectively, by definition of a class vector containing elements representing

the class, a class of keywords is defined by the process of Figure 2.

A second, more detailed example of an algorithm for defining one or more class vectors

1s now described in relation to Figure 3. The algorithm consists of two main steps:
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30 WO 2008/097194PCT/SG2007/000044 9 firstly, this algorithm also
determines potential seed words from the extended keyword set 8 and
erforms optimisation amongst the seed words. The number of seed
wo %)%‘/&95 1¢*determined by the vocabulary set and seed matrix §1781% defined
by the number of seed words and the number of documents in the training
corpus. The second step of the algorithm is to merge the non-seed

filEveng sipdthtine seedkeyites gsasearsing vedistaneehseastiementvord

criteria. The algorithm 70 begins at step 72. At step 74, a user. defines the
S PO IS BT AR RS R SRS IOT A C R P gHoorct i
dgarifioning proceshuldie setmkierddinbiclazses dsfimddiater initiver of seed
algorithm.as described below with respect to 106. At step 76 ord
S Re e I P B R alER, e R e
algerigyroisit mwardbtorsiheada fetemdnidicho tiers! vy word eowndiog éach
dﬁ{iﬂc@’ﬁ{&ﬁféﬁe&ﬁ%ﬁ‘?&% documents. At step 78, the total word count for

each word in in word rows is calculated fro ).1where(IL./ . is the matrix
element representing the count for 15the r of In words in thef of n

THOGLINRIS. 7TDhRL1as thewyord cRURESdetarminra (Fomaneatat 0bpflasses
element in a keyword vector associated with the keyword, the element

andispelasivRg'ah iRh e LS EiaHEN eE DB PASEUCEINGITQ SRS rbheraRer 1 of
caeamantdidibere isalrinimum atanbadierer valeragntinotae e worstep

ector, Ctihe word count will 1[()t;{;tl fnﬁé\%néﬁero resultr..After hgt\ﬁ}rg% been.

7§ a word,copnt matrix 18 ord ¢ matrix 1S a m omprising a
um ed,?ﬁ% Wo?&c {ifits for the indivi ua?%m Wword row vectors are ©

satiosad in mwdmmvmmmﬁtts@nﬁmgtﬁ@ prbrdarm%emmhé wovdrds in
nﬁ@fé'i’édﬁ%‘ SRR eA%%%?%%%{ ﬂ?&%ﬁ‘@o\ﬁ%ﬁ%?@é&ﬂ%ﬁ‘ﬁn%%%%

vector bullt at step 78. 25in parallel to step 80, a threshold criterion Is

. calculated at st&p,82, One method fcalgrulat'nrgtqe threshold criterion i
R R s B i e B o B
coynt matrix by sum@inguthe total word counts for the keywords and

thederabin g BESE 18p theuARSERER o fde iSRS Werdreaies i deifmaned from

a count of an element in a keyword vector associated with the keyword, the element
representing a number of occurrences of the keyword in a reference document. If there
is a minimum of one non-zero element in the m™ word vector, the word count will
return a non-zero result. After having been summed, the word counts for the individual

m word row vectors are stored in a word count vector.

At step 80, the m word rows in the word count matrix U, are sorted according to the

word count in the word count vector built at step 78.

In parallel to step 80, a threshold criterion is calculated at step 82. One method of
calculating the threshold criterion is to calculate an average of the word counts for each
word in the word count matrix by summing the total word counts for the keywords and

averaging these for the number of words and/or reference documents.

At step 84, any seed keywords which have a reference word count greater than the

threshold is determined. Therefore, at steps 80, 82 and 84, the algorithm determines a
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WO 2008/097194Pa/562007/000044 10 set of seed keywords from a word
count of each of the set of keywords in a set of reference documents and

WO Zﬁ&%%&eyword to the set of seed keywords from the W(};&%) B,];R)I(’)&glﬁt

eyword satisfies a threshold criterion. In the example given, the threshold

criterion is that the word count is grel@ter than an average word count. 5 At

step 86, the algorithm determines whether the number p of seed keywords
sefsrfpeeddietiventds Prandetemhivtedtiminimbiof. tHethis d§ lngttbE casesdsher

reRlaatimalions e HARTie Al (NG umberpefsceddaponds )

manually. One method of doing this is to allow the userto’r

cougbEPKERMET Y ik et Ege w e sheld stoetints in the aproupcadit@sabe
kuadseRydoing o® e esiis et iareing dheschol keyords

manually; in this example, the user refines the set of seed eyworél's by
removing selected keywords from the set of seed keywords, Alternatively,

Athepigorthmeaithedoanfigused teurarinmithis sten autoraaticalyi el
matep %QXI é?s .%esdltuat%on wh%r%alf‘the average word count is too low, the
sead mathx. deacHBET B0l WiEY AStBE Setuhsalcedhar aligp e, o
adihef treatertitrpaiecad&ayorddanaintie. botie mpaifarsianee MR 1@ allow
itigni ' rovide is well known.in the art. 20 The
o e e e R R B&r o e EhABls
sS¢

iSegutREden BioAoiRe secths praposliowad stepfBe, theseed atwin Gpmbamplly;
in SRELNBEIV SR Rty AhsleR- 92 ar\id %ﬁ%é&iﬁ%ﬁ%@& k%é/x@&é%co“”t

vectorare created. At steg 94. Ip and the mean count’vector Epxn

kexroTREREL iRt STheY firet PR e TasioT valved emitbrep @G eaconfigured

to pisriberityh(osidjsaimattamaRatrix for the p seed vectors is 25determined.
For each of the set of seed keywords, a measure of similarity, (or
dissimilarity) for a seed keyword vector is made with keyword vectors as

Thassiepiatethisith dreatther heeyyidtasobihe seirotsaed keywardsdadhe

Hole it i venient to calculate dissimilacrit grgatrix,
R P G Bt
AVIBEROTETH FRENS B pakeriReSiotnualcuthtadsir panti 86hi Rl RO XD B W,

as 14 %211 known in the art.

The algorithm loops around steps 86 and 88 until 2 number of seed keywords p is
sufficient for the user’s purposes. At step 90, a seed matrix Spam for p seed vectors is
built. At step 92, an index set I, and mean keyword count vecior Epx are created. At
step 94, I, and the mean word count vector E,x are initialised to the first of the p seed
vector values. At step 96, a similarity (or dissimilarity) matrix for the p seed vectors is
determined. For each of the set of seed keywords, a measure of similarity, (or
dissimilarity) for a seed keyword vector is made with keyword vectors as associated
with the other keywords of the set of seed keywords. In the present example it is
convenient to calculate a dissimilarity matrix according to a dissimilarity measure of the

angular separation of two vectors in the seed matrix Sy, calculated from:

n n H
— 2 2 1/2
Di:j - <Z Exl,ylExZ.yZ ) /<Z Exl,yl Z Exz,yz )
k=1 T=1 o]
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k=1k=1 WO 20118/09704PCT/SG2007/000044 11 where Ex10.; is the
seed matrix Sp," element for Eth word in the ylth document and Ex2,y2 is

the seed matrix Sp, element for x2th word in the y2th document. That is
007/000011gr

WO Zﬂ’f@@sgl?ﬁ?férity (or dissimilarity) scores may be determined frofCAR angu

separation in vector space of elements of the seed vectors. An illustration
of this is shown in Figure 3c where vectors in vector space for two words
wl, w2 are shown. The angle between two vectors is defined by Equation

vl 9L 3, The dssieriy mayix D con b considered o0

triangl&atrix having elem&hts 10represen a

Aissimiliehemagrswordsefthe Resesygras-Absien 98, e first and
second keyword vectors which are most similar to one another are
sidetenitpitvedisinsiapt§Edlee imeptevizttors fed thedwomest:siepiaition in )
\/ IS are rged into the mean keyword ¢ount vector Ep.,, This
B e D R e
SewampleciorsDitvertmrgmeldsstiio erdsiGlpdatedsdtmvandie bysk between

WS Wk 1 e ey 8 PR R PumeL gL glements in io,d; set 11 Then, all

the elements in /] to If are added. Another example of this merging is for
the average value of corresponding elements in the two most similar

TheywarehMeeiarsdeds, avaraged At WAtEeR iRiQ &%5%8%%9!%1&‘&&5@“

of the mean keyword count vector Er,. 20 Subsequent to this, the see

TEPERART B e Brtane B HS A IS MRSTeRY 1w 9einal e mrepRdrssedt step
ofnatsikrSpridbecidee pebip Biund aipriatstendQhandithenpumpes pof
dgtged keedywpgtrdtg i &?% emer(}lted. At %t)e 106, the number p is compared
With the humber of classes 1 '§efihe %@\?ﬁg%g@ﬁ%ﬁl%?f SO SRR
mefesdatkelyavoeds eisvgre atem? stbian Bt HEhA! godtheblonestFatle thstep

he process is repeated uptil it is determined at step. 106 that the
srﬁ%}%‘%%lte Rl PTERS fangle matii Eor {%r nun%"égeo?léféééﬁé aﬁl%\

. 2.4 &
er of seed VBCtors p 15 hot gréater than

geediclasg matpx Bl assvectors Is pujlt ep 108, The seed
" class matrix vec o?;‘ dePt' : J’h%%e%%bfﬂ (gfgsljgse}smf{c%rttEé%@?%ﬁ‘?fe%%%%.m

The process ends at step 110.
set /. Then, all the elements in 7, to [, are added. Another example of this merging is

for the average value of corresponding elements in the two most similar keyword
vectors to be averaged and written into a corresponding element of the mean keyword

count vector Epy,.

Subsequent to this, the seed vector for one of the most similar keywords is removed
from the seed matrix Spy,, the index set I, is updated at step 104 and the number p of
seed keywords is decremented. At step 106, the number p is compared with the number
of classes / defined by the user at step 74. If the number of seed keywords p is greater
than /, the algorithm loops back to step 96 and the process is repeated until it is
determined at step 106 that the number of seed vectors p is not greater than the number
of classes [. A seed class matrix Gy, of seed class vectors is built at step 108. The seed
class matrix vectors define the keyword classes for the set of keywords. The process

ends at step 110,
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WO 2008/097194PCT/SG2007/000044 12 Referring now to figure 4, a
first algorithm for classifying a keyword in a keyword class is how

WO q)%§§ribg9. The process begins at step 120 and, at step 122, a Similarity
or [

|957§|milarity) for a keyword vector with respect to clafsc$@&6(}%7/&)3?/ﬁf4
the class vectors obtained in the algepithm of Figure 3) is made. At step
124, a most similar class vector 5is determined from the similarity
I‘ZE@;? nawdn .fr_gh?%,atﬁgml?smenm ofamﬁygﬂigraﬂiéy@%ﬂ%ﬁ%k%?%ﬁlc}ass
iWRiGhsis imest sl 2yword vector is determjned. Subsequently,
at ste 1216, the keg\g\?oré ige&%ﬁ iség in E)énr%gétssﬁ%il‘é%r’ B584586 Ated
dighimtkeindet siangioiassivectoh THeptockss endsratssiept 2851 0butors
OBEERNTn RS gg}{@gfql%%gg o Allocat yword or a.plurality of
115‘? words to ogr%é%or more eyvrggid_classes isggzisgcgr’ll:a)en%lG \%i%mr% e?gaﬁééef%tor
! gﬁF@%‘?érﬁ%l@SﬁfﬁPéaﬁégF%?éea_fl@t@tms@tﬁm, Hhestings182(ca o steixlulplity
ofail aysveetorswiiopn-seRd Mﬁt@tﬁyﬁbyméb@%%&y&%%ﬂ%‘ﬁﬁords in the
rit

Skg%/wgéddset tistin Z g{/g?sged words are defined in the algorithm of Figure
R S48 Cy o T SAUIRBLP & §5tieria hncs! aiecIBOpsseainied
viitle tedonesbe mimsitteredtobethiifibam thasnerwseegsword vectors. At
step 134, a similarity (or dissimilarity) measure for each of g vectors LTq
from the matrix with class vectors (say, class vectors of the seed class
Arieaphdaneroitikrstalgotibraliporittvonidi Figused)domadeahe algoribak
tcC pak) issimilari esfor the keyword vector with
e et of oles Deue e L RS, Thimetetin

bYRIBHE HEPIETA SRLaAbHERNE Simmaity $boréx aredeterfimeeséedmnvads is
bleatiuhe tAMARGYISF FORA AR IR ¥PGIPESRAGE AL SISeNS 8f 1he 1o fined
. kt%!?”fﬁ“%'n ect%rgapd the class vectors similar to the détermination of the .
ToimifaF ) ATAM 1R alfo RERRICE! KRyt dsenumbsioptaabotias gveatdriix
Up#: see thelefos matinsGlersdvbishbsileastdissimilacmitioias vastor J%@ %&ﬁ
issimilarit culation being determined jn a manner as 25described -
S R et VECHST G (R FRaRR b
Wittt ey ihitdastovdeanwiththe spettitasHigine 8),feseilkadabeve.
aldhahis,dhe is, glassifi rging the keyword vector. with the
d;grnost similaﬁ%\g’g\%ﬁgf /S@ g’% %%%g?gncg%‘%%reasils earclr{&iﬁ)é f&sdrﬁli or

SPGHAS PR ks FRiFg e iRV B crSPrencentpshepiudlits ofetesminationiashtoseed
cluhetheixtte, NMBRrAfNaR-seedVadYag L%&%%%‘i%%%ﬁ%&‘ﬁﬁﬂeﬁﬁ&%?

mn%%gr%'olyj Eg}is g&Fater than zero, the algorithm loops back to step 134 an
fhe procass 18 pEEA Pl FHSR SBat e FaRe B ek thn besred d o eriora

thaehtespraoers similar to the determination of the similarity matrix in the algorithm of
Figure 3c. At step 136, class vector U, of seed class matrix Gy, which is least dissimilar
with the vector U,, the dissimilarity calculation being determined in a manner as
described above. At step 138, vector U, is merged with vector U, (the manner of
merging being similar to that with respect to Figure 3) described above. That is, the
keyword is classified by merging the keyword vector with the most similar class vector.
At step 140, number ¢ is decremented as vector U, has been merged into vector U,. At
step 142, a determination as to whether the number of non-seed word vectors is greater
than zero is made. If g is greater than zero, the algorithm loops back to step 134 and the

process is repeated until all non-seed words ¢ are allocated to a class at step 144,
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wo 2P§?é)|9§ﬁ%4e document to a most similar class document coprgyé%ﬂﬂe

WO 2008/097194PCUSG2007/000044 13 The non-seed key word vector
comprises an element identifying a number of occurrences of that
word in a reference document. At step 146, the algorithm assi%]sﬁggf
nthe
number of occurrences for that. docgment is non-zero. 5 Therefore, the
algorithm or Figure 5 allocates the non-seed keywords to the class
Theotorseddgurenditivsttatesapristhan dendetdtsinig a Keyweieoirom a set
begins at step 150 and, at s 52, a djstance
o R R e o e R Bt
asgiges Wy e oy aeiznisnio s sigat aivaleeclestipdistemcepasarmetaheA
ndBIRLERCS-AocBRNLINANSSAIRING £AIBNS oy the class for the key word is
then parsed for an occurrence of the word at step 156, If an occurrence of
the word is found in the document, the distance parameter is modified at

THeAEE AN e IRPIe Menia s oftbe wlopsithaathe Algatithmexiacts a

text string from the document in which the word occurs and the distance
Veﬁé?’éfmeter is modified in dependence of a position of the word in the text
string. For instance, the value of the distance parameter could be set to

say, nd each time.an.occurrence of the wqrd is found in the
e o SRR R e S g g Toe
pidesrepagining ROtHE isthncetqyal aMmetésiditis ppraness roay Hereprbtethe
dO% ultiple doc ! cygent.corpus.and.. upon detection, of
{e%gé:h occurrenc%@(}%?rfl%%ég’l; I|]n(aa ﬂﬂguﬁla n?;?t Oéndingr%%oﬁgsflé%%ﬁaarhfg o
thndisifess. DRt Rsien dorodesarsrAipimont isths Whisthe ropmofahdaibientre the

kdRmatanebsatisies-atuesheltismade ng &éﬁ%?ﬁ%ﬁ@éﬁ%ﬁ'&%&

to be satisfied is that the word is that word in the word set w

the KaTh &t IHNRER dPi 0 RE WSS D R R RS h e isutiinskabrie é88n da

ortbéngatishativieshatdagrietian tHepmaassdaepskask o siepdmtndVhen
the distanc meteé satisfiesdf thr%?hold criterion at step, 160, the word

par [ ), -0V,
g e iR (S T o Etan L S P aREe FHEREIIER SR AFs threshold
de@@uditarionf torveisatisfitt isdhbinkiywondsrinithFihe smatie sheistiaB egsHo
d'%&? %@;Eg& vigee 'tgg : that is, the distance parameter far that . .
lkeyv,vo%r%}l ST sma%llest%teggéir%d’ anla eacﬁttlme ari3 occurrence (%J’ t%xe word 1s
found in the document, the distance parameter is modified at step 158 by decrementing

the distance parameter.

This process may be repeated for multiple documents in the document corpus and, upon
detection of each occurrence of the word in a document, the distance parameter is
modified. At step 160, a determination as to whether or not the distance parameter
satisfies a threshold is made. One example of the threshold to be satisfied is that the
word is that word in the word set which has the smallest distance to the keyword set. If
the distance parameter does not the satisfy a threshold criterion, the process loops back
to step 156. When the distance parameter satisfies a threshold criterion at step 160, the
word is designated a keyword at step 162. In one implementation, the threshold
criterion to be satisfied is that keywords with the smallest distances to the keyword set

are identified; that is, the distance parameter for that keyword is the smallest after being
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WO 2008/097194PCT/G2007/000044 14 decremented a number of times
after having been found in the document(s). At step 162 the word is

Wo 2%(3&(’9(3?%@ as a keyword. Figure 7 illustrates the buildingg;/gg;ezgwg}dg&e
model I

In more detail. Initially, and starting from the training corpus an
keyword set described above, the taBk partition process 34 partitions the
training corpus and keywords into smaller groups 38. In parallel, the

deeaimpR CbipusBpiképes At esdtB inatesuiented toewocdntugtaring 86p
10 erd wbiatering s anplied ik iapfFainingi corpus is not big enough for a
particular keyword subset, and words having the same or similar
grammatical class are imported 10into the keyword subset. A vocabulary
FliskisTextiaeiad oML iNmeQS I IRMPHIES NG CasaRs ARIMA and
rammatical manner (e.g. as described in US 6,430,551). After this,
SRR SHTERE PG SeAFOBh s deerHsed Rbet Beaepierion

pmu@mmmﬁnomaﬁes&iﬂ&@t@i@ﬁﬂ&t@ﬁ&f@@&k@?%@%&ﬁwﬁ EtetTh
eyword set. The

et
result of the task partitioni t re
Wesédlfstehng iscepelind dehtrainino 40img enendit; eptingises Mmodedsifer the
5  madels 48. Referring now tq Figure 8, the
e R R e i don
m&%@%&@c}w@éwmfsé«t opabater yigeididrettrectrsiifiing (rocesss Thertuimingis
in€OERUS:302 1R dfiishpasarhANoHal AU ARG AAR PG BRCRSONA2 1ris

which performs tokenisation and entity recognition tasks to provide

WSTRSBIELESLRArd SHESRIIAETE RBIHBRIE RRABIIPEY Srsivierdmicmentation
pipestorn ie hakienisatian anderinhsaesanilion tasksaieBakak Hodiat,

crHora%io fr?nco, et al "lterative Statjstical Language Model Generation for
LA AR A ENY GRS KeAPR Peindiisgesitiafihedask pgitioning 34

ar@SeyeioratimgalcBriferéh oo kiumad-Gomiiesd Rietacignin0R3and
Shiho an §1hH %] i, Paul Wu, "Description of Kent Ridge Digital

gaLabs S%gslter% Useg(? (%Jr%ratlhﬁ/?ﬂc'} r%%%cgg}%é], @%ﬁ.nﬁﬁge% bulary
selection process 178 is then invoked to build the vocabulary set for the

RE¥ERININIR caRWaR: 3election c%r%%@si%(i)sog&?%ipggha %}{&V‘Q% Fi gre

reference to Figure 6. The vocabulary keyword set 180 is then 30idertii
ang {beAsRrddpracEb st idg a et R-Brativiginsareor aftietMinileasepus

170he first passed through a training data pre-processor 172 which performs
tokenisation and entity recognition tasks to provide a pre-processed corpué 176.
Examples of known systems which can perform the tokenisation and entry recognition
tasks are Babak Hodjat, Horacio Franco, et al “Iterative Statistical Language Model
Generation for use with an Agent-Oriented Natural Language Interface”, 10th
International Conference on Human-Computer Interaction, 2003 and Shihong Yu,
Shuanhu Bai, Paul Wu, “Description of Kent Ridge Digital Labs System Used for
MUC-77, MUCT Proceeding, 1998. The vocabulary selection process 178 is then
invoked to build the vocabulary set for the system. This vocabulary selection process is
described above with reference to Figure 6. The vocabulary keyword set 180 is then
identified and passed to process step 182 for N-gram generation and LM release. The

language model data 184 is then compiled.
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language model data 184 is then compiled. WO
20081097194PCTISG20071000044 15 A system architecture 200 for
erforming the algorithms of Figures 1to S is iIIustrated]';raﬁ'éQ&% oldle

818 Collection process 204 takes the keyword set 208 as input along

with text data information from the Idternet 202. Data collection process
204 also extracts relevant keyword texts from Offline Corpus 206 if
A gysitablehiteioe fin i DettoCuie o grmiibessc? Feissuprlig s tlustrated

mEﬁ%[GH% %&%@8}1@&%@5&8&8@&9&&5@% ﬁg‘gﬁ"ﬁssgtﬁ%% Dbt along

keyword. Keyword Set 208 can also be augment sing a thesatrus as
wifuserbeat infrigution fisethgdnieasi@ShoRath eotlagior artitiers pPdcdss 210

exifRRRIRS VNS akes KenwRroSai-208 ARa Jy ?f%ma%%pﬂ%%ﬁgﬁéfof
Dlgfrtlii)(l,ﬁ#g litting Keyword Set 208 into smaller subsets (i.e. partitions) and
a

BR3G5e54 S oimEgRIcH Y iUting (vhimye &4 Duarmdpciensh
ddEaﬂﬁ'HliQ DopEaiaeas 125-% @wg&w&m{@%&mﬂd ! é'trlg)g%@éﬁ\ %Q@F‘é’ﬁid@?neélted usi?g
omprises partiti ] sets of Keywor et, and re ate‘ subsets o

o S 30 SRR oty SE R OO bbb o BEAPB RS
218ubappdled ramthgaitatak2160td Sxt20% hbddeabidpdesior lapguagsis,

e is;module callects words appearing in.the text
S e PSR A e
iniporaplfagyosns fitletash emliaskaskiRedtiGab resksy 8t Abutanys X18-Eshally,

TreMidd BRDABREESSHE f’%s@soﬁtpﬂﬁ | Sas
Tralinin 20Data 216 and Sub- as@%%%fﬁ%rﬁgﬁ%g%ﬁgfﬁté%slé(related

SURSEE P S RBEHSTBISTAEk Oriented language models 222. This process
can also be used in language model task adaptation. The adaptation

impl dat isti dels by the data extracted f
Y AT B oG A< B QB e g Ao dags e

vaabidspeciicluidadaptatiols eppiceaib@inithatibMREOTeaicRMINING
erfor e, |t exploits infoimation that is readily availahle in the interact,
et AT o ST TR er P Lo e BPER B0t i
prefiscepproadh s gigaiiteahtyiréailicalia) Svdrthgeiflestitiay B350%. The
perplexity reduction will be translated to an overall improvement in voice

.mining performance. _ '
Finally, LM Training process 220 is applied. This process works on Sub-task Training

Data 216 and Sub-task Vocabulary 218 to build sub-task language models, or Task
Oriented language models 222. This process can also be used in language model task
adaptation. The adaptation process simply updates the existing models by the data

extracted from extra training corpus which is not used before.

Thus, the method uses a task-specific LM adaptation approach aiming at improving
voice mining performance. It exploits information that is readily available in the
internet, thus adapting the LM in an automatic manner. Performance of LMs built in
this approach may significantly reduce keyword perplexity by 30-50%. The perplexity

reduction will be translated to an overall improvement in voice mining performance.

It will be appreciated that the invention has been described by way of example only and

that various modifications may be made in detail without departure from the spirit and
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Features presented in one aspect of the invention may be presented in
ingation with other aspects of the invention as appropti
wo %%%?%Js 1. A computer-implemented method for definigg?ggﬁémﬁuﬁ
class vector comprising: 5determiningpa set of seed keywords from a set -
of keywords derived from a task- specific application, and further
wOpheE hke ¢leiging Rethusapiersredou e, tireged dikeyventiis: beinde presented
ngation of interest,

. ‘ : fic t
15%&1@@&1@1@5&5%%@%{530% dPmaiRveRaSIiS 9?%[6”@9

wherein the seed keywords and keywords are a similar word class;
determining, for each of the set of seed keywords, a measure of similarity
for a 10 keyword vector associated with a seed keyword with keyword
vectors associated with the other keywords of the set of seed keywords,
wherein the measure of similarity is determined from the angular
separation of the keyword vector with another keyword vector;
determining, based on the measure of similarity, first and second most
similar 15keywords from the set of seed keywords; and determining a
class vector from first and second keyword vectors associated with the
first and second most similar keywords. 2. The method of claim 1,
wherein determining the class vector comprises 20merging the first and
second keyword vectors.
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3. The method of any preceding claim, wherein the method comprises MCSLLP
determining the set of seed keywords from a word count of each of the set
of keywords in a set of reference documents and adding a keyword to the
set of seed keywords when the 25word count for that keyword satisfies a
threshold criterion. 4. The method of clddm 3, wherein the method
comprises determining the word count from a count of an element in a
? d vector associated with the keyword, the element representing a
number of occurrences of the keyword in a reference 30document. 5,The

method\of SRiMe?- A B fe JURtIRE RSP BERSL 2l RYIREIE Hiass tRErfine
the set of g%@d keywrogrds MCSL P18 6.The methoéij\w]c (Elalm 5, wherein

SREWHRING user to refine the set of seed keywords comprises allowing the
user todeterovieisgle ceicdbkeymdorepifontn frrensesef sEaykeydsatelivesi7ibhea task-

%]fﬁ&ﬂg oy C'éﬁ@mﬁﬁer@u%%wa thenpsthed £ rises calcHialing

reshold value as an average of keyword word counts, the threshold

ERIYRSHSRSH AR BIRFLERURNADH thaceaRIbASS Brdat araiicgion of
thteshkoldnalue. tih ddw rm;hodiobaayw@oexh rsgeciaim afwithiar eampeisisg

o PSRN SRRSO PUTOPL IR RaGR AN o FIESSMEGIUR Rty for o

the class ification. e met any preceding claim, the method

&;@Wgafgrm@toro@sag@gmﬁgﬂa Ré@%ﬂ@warﬂewm@ma@bvsﬁ%oﬁﬁ%md with
Gdesimin Iwﬁeﬁw@wﬁrt%f%t@k@%m@lyw&r assasintrd wibsthe keymwosdty is

e B Bl ol I3 S R RS SRS SR ARL BBV RS wora
vector;

determining, based on the measure of similarity, first and second most similar
keywords from the set of seed keywords; and

determining a class vector from first and second keyword vectors associated

with the first and second most similar keywords.

2. The method of claim 1, wherein determining the class vector comprises

merging the first and second keyword vectors.

3. The method of any preceding claim, wherein the method comprises determining
the set of seed keywords from a word count of each of the set of keywords in a set of
reference documents and adding a keyword to the set of seed keywords when the

word count for that keyword satisfies a threshold criterion.

4. The method of claim 3, wherein the method comprises determining the word
count from a count of an element in a keyword vector associated with the keyword, the
element representing a number of occurrences of the keyword in a reference

document.

5. The method of claim 3 or claim 4, further comprising allowing a user to refine

the set of seed keywords.
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determining a most similar class vector of the plurality of class vectors

from the similarity determination; and classifying the keyword in a MCSLLP

most similar class associated with the most similar class vector. 20 10. A

computer-implemented method for classifying a keyword in a keyword

class, the method comprising: determinifg a similarity for a keyword

vector associated with the keyword with reference to a plurality of class

Foctors T BRGHPHIRSKOYERBY ReViTouh s ot BlAed HeRMEra ghased

keywordsvestprieesliisangihe eoert isentis/at et relyaoaiolonr traces of

Sﬁfgé]%eié?’c%fcggf tlﬁea refer_ence document; determlmn_g a most similar
plurality of class vectors from the similarity

dgtermination; classifying the keyword in a most similar class associated
with thermosicsibdar 3a¢lassapRiariog)ardtdReraaibabeeatpisass calculating a

assifying the keyword in the maost similar class from a ,merger of .
RO o e et R AL S SR SRR Eliign ein

réktrthece o conTdriotdhativesyeithitareriss thaetifedhieshipa s alten the
number of occurrences is non-zero, wherein the similarity
determipation i rformed 1(3?/ (%.alcu'atin similarity scares 35far th

5 ityesan

Eoyword VB EIEH WA B BRSSO B Bl R e to define
racasuveraff NMESisidhd/r class vectors for the classification.

9. The method of any preceding claim, the method being further for classifying a
keyword in a keyword class and comprising:

determining a similarity for a keyword vector associated with the keyword with
reference to a plurality of class vectors, each class vector having an associated class;

determining a most similar class vector of the plurality of class vectors from the
similarity determination; and

classifying the keyword in a most similar class associated with the most similar

class vector.

10. A computer-implemented method for classifying a keyword in a keyword class,
the method comprising:

determining a similarity for a keyword vector associated with the keyword with
reference to a plurality of class vectors, each class vector having an associated class,
wherein the keyword vector comprises an element identifying a number of occurrences
of the keyword in a reference document;

determining a most similar class vector of the plurality of class vectors from the
similarity determination;

classifying the keyword in a most similar class associated with the most similar
class vector, wherein the method comprises classifying the keyword in the most similar
class from a merger of the keyword vector with the most similar class vector; and

assigning the reference document to a most similar class document corpus
when the number of occurrences is non-zero,

wherein the similarity determination is performed by calculating similarity scores
for the keyword vector with reference to the plurality of class vectors from a measure of
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an angular separation in vector space of elements of the keyword vector

and the class vectors. 11. A computer-implemented method for

determining a keyword in a set of words, 5the method comprising: MCSLLP
assigning a distance parameter for a first word in the word set, the

distance parameter designating a first wérd distance from the word set;

parsing a document for occurrences of the first word in the document;
LToRNGlEAtiSeREIGH BT BortieritesoPlintemebinofda KRR ESEPRIAL, and the class
mesdydng 10the distance parameter; and upon determination that the
modified distance parameter satisfies a threshold criterion, designating the
word as a keyword, wherein the threshold criterion is satisfied by a word
heving theammaliestmpig eitesoetheHendsterséningnl e rsthinfosehafgords,
the RiRBeHARBREST comprises iteratively decrementing the distance

par ter. 15 12. T thod of cl ther.

lonCERATIEA SETERBEBISRS Fa i e oot Gaisingee
tperdistdecdepmyraatiegex finstiapet detaeefrapdkiionrdfstte first word in the
document, 5.3 Jhe METERA GLEIAHERCLS 6f R Lo TINECRSBRNRING.

upon identification of an occurrence of the first word in the document
extractitgd teRpEfitAtRahosRy tsRerRohthA PR AT Wu%od'fvmg
and oadifyingatametistaaes: parameter in dependence of a position of the

first wordl I tQ tgr%HgE%ﬂtt ﬁ(ﬁ%i i gpé'l%gclg ngﬁé%sfles a threshold

dependeﬁce a position o e text st ing. 25 1
rﬁétﬁrmoﬂaﬁgr@ma&m%mrcﬂ@m Kﬁ@w@t%@ﬁ@m@%ﬂaeﬁ%dfaﬁtéﬂon is satisfied

p&vtrawwr@fmombsta@@rﬁan@nflm d@@rrww(s;gwa whitpdity, ehmadiieth modifying
ance parameters for the uralt ords and designati
e ST e L Do e A e SR e e o B e

15. Apparatus for defining a keyword class vector the apparatus including

aqprocegpar REINCHCAHIGRTAd Rirther AFHRKE lgéﬁmmﬁ%ccurrence

I&?%fi%%?ﬁéﬁ%ﬁ%%ﬁ%Ea%g?vﬁﬁﬁ&? %356"" geten T dependence of

position of the first word in the document.

13. The method of claim 11 or claim 12, further comprising, upon identification of an
occurrence of the first word in the document, extracting a text string from the document
in which the first word occurs and modifying the distance parameter in dependence of a
position of the first word in the document comprises modifying the distance in

dependence of a position of the word in the text string.

14. The method of any of claims 11 to 13, the method being executed for a plurality
of words and comprising determining a plurality of modified distance parameters for the
plurality of words and designating a subset of the plurality of words satisfying the

threshold criterion as keywords.

15. Apparatus for defining a keyword class vector, the apparatus including a

processor being configured to:
determine a set of seed keywords from a set of keywords derived from a task-

specific application, and further augmented using a thesaurus resource, the seed
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MCSLLP 20 keywords being keywords most relevant to a domain specific

to an application of interest, wherein the seed keywords and keywords are yCSLLP

from a similar word class; determining, for each of the set of seed
keywords, a measure of similarity for a keyword vector associated with a
seed keyword with keyword vectors as38ciated with 5 the other keywords
of the set of seed keywords, wherein the measure of similarity is

HEYIPFRSCRE BRI ST SBI5 AR Sh B R SRITS VB AB ARRIFton of
anetbsr Weyvedrdnester keywdetemminiesyvasdd ame flemeesisular obrd class;

similari etg%ﬁﬁﬁgdﬁrgﬁ%%ggﬁ Ll keYWOyHR e the Rk bFeRlarity for a

keywords; an class vector froim first and second keyword

: . : 0 .
YevunslaesiRiaeAasdathassre KevTd WBskemmas Kesisaesotigted with
m%f?éusépﬁmaﬁw?g& ke o ckdnveokey Wikt aitass; theaaprasatirsilarity is
includin rocessar. bein igured 10; ' imilari
R T e
olegiovectors, each class vector having an associated class, wherein the

keyworgde(esHiic Qassisen f plemens identifiing dintaresajnooudsoetar
%fthe kgeg}/vord in a ref ren%ﬁ(document' determine a most similar
t 0

ISR (5?r8ftﬂ$e38}uora I )(/a %YéNs%rQ/séca{%Or‘s from the 20similarity
determidrtonine a desssifictiiesylist@nd sased kavivardtresioss asepsiatd with
withdthe JHesksbRian siashyRe Iy WdgEein the apparatus is configured to

classify the keyword in the most similar class from a merger of the
keyword vector with the most similar class vector; and 25assigning the
refereng@phratunéot cassifyoss sikeyaoctbissadesworstiasspiie whraratys including

géu ggésggpggHg%gﬁadgegqg;zero, wherein the similarity
e

ermination is"performed by calculating similarity scores for the kew/vord,
vector WRIPFETBRR SEMIPER TOA SRy Y AR RIS PS AlS fh U RS REVar AW th
aBHcsapa plinalit) veckysspater gfcalemeints védtue hayngeh vestoideticlass,

tovﬁecrle%ﬁ%he keyword vector comprises an element identifying a number of occurrences
of the keyword in a reference document;
determine a most similar class vector of the plurality of class vectors from the
similarity determination;
classify the keyword in a most similar class associated with the most similar
class vector, wherein the apparatus is configured to classify the keyword in the most
similar class from a merger of the keyword vector with the most similar class vector,
and
assigning the reference document to a most similar class document corpus
when the number of occurrences is non-zero,
wherein the similarity determination is performed by calculating similarity scores
for the keyword vector with reference to the plurality of class vectors from a measure of
an angular separation in vector space of elements of the keyword vector and the class

vectors.

17. Apparatus for determining a keyword in a set of words, the apparatus including

a processor being configured to:
assign a distance parameter for a first word in the word set, the distance

parameter designating a first word distance from the word set;
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30vectors. 17. Apparatus for determining a keyword in a set of words, the
apparatus including a processor being configured to: assign a

distance parameter for a first word in the word set, the distance MCSLLP

35parameter designating a first word distance from the word set;
NICSLLP 21 parse a document for occédrences of the first word in the
document; upon identification of occurrences of the first word in the

documeatserdrgumeifennceupanse b tha st worddp ihgterhmsaton
that theypapdiiesitistancef pacarmeiessatisieirst Wwesnaldeatieninant, modify the

%ﬁ&@gt%g?n\évt%pﬁan%g keyword, wherein the_threshold criterion is
stied by a word having the smallest word distance to the word set, and

whereitypapdigjateitasahbeidaranratifed sinisnseLREramiel P distieidhteshold

%ﬁﬁﬁéﬁ“&%@@i@@éﬂﬁé&mm asl8kARpataiNRsenligureddshexesitteithds satisfied
metho any of claims 1 to 14. 10 19. A camputer progr rod. ,
e ARG, GEaE lere AL LB o YRR S e ad et oy e
clistgnue padeetrsingnepiifRfutewively degaaaentrieadidabeePatrRNords
from a set of keywords derived from a task-specific application, and

i KRS E LTSV P AL e PR oaH SRbeation &

: Sgi cto’an 5p|'orﬁcatlon of
interest, wherein the seed keywords and keywords are from a similar word

%?S? A cE!ﬁ%SﬁF@FB%brE% ‘fo?&hh@@( ﬁg@ﬁ&% _ SR KeyWarste dAHER3RUER @fining

similarity for a keyword vector associated with a seed keyword with

Kl g slasts He SOTRIEE FRARIRE BRGNS of the set of seed
keywordstenhgie i $beofeasiieyolosiyfiarityais < 0d degmmorisdigomdiiom a task-
angular separation I\ r :
B e A e e ¥ seec

diminerie pribaisywordsanast srewaH legwertain grgcific to an application of

interest, wherein the seed keywords and keywords are from a similar word class;

determining, for each of the set of seed keywords, a measure of similarity for a
keyword vector associated with a seed keyword with keyword vectors associated with
the other keywords of the set of seed keywords, wherein the measure of similarity is
determined from the angular separation of the keyword vector with another keyword
vector;

determine, based on the measure of similarity, first and second most similar
keywords from the set of seed keywords; and

determine a class vector from first and second keyword vectors associated with

the first and second most similar keywords.

20. A computer program product having computer code stored thereon for
classifying a keyword in a keyword class, the computer code being configured to:
determine a similarity for a keyword vector associated with the keyword with
reference to a plurality of class vectors, each class vector having an associated class,
wherein the keyword vector comprises an element identifying a number of occurrences
of the keyword in a reference document;
determine a most similar class vector of the plurality of class vectors from the

similarity determination;,
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determine a class vector from first and second keyword vectors

associated with 25the first and second most similar keywords. 20. A MCSLLP

computer program product having computer code stored thereon for
classifying a keyword in a keyword class, the computer code being
configured to: determine a similarity for% keyword vector associated with
the keyword with 30 reference to a plurality of class vectors, each class

vector RERGHIY SedeyvQitdn 2mest simdrsidars ma‘%d\)@@oﬁhédﬂ?ﬁfi?@yar
anslapeant idestifiinpeacorpher obdecucefigasdfitthadesifwiire kayavord in the

relerence drcf:?gs@?r% 'O?Sn?éjr%qrg?itrﬂ% @fgﬁw{ﬁ FAPmYeHIY Qi‘;ﬁn%zclass

plurallsty of class vec om the simi etermination; MCSLLP
ofegfsiyate keyword in a most similar class associated with the most

similar glasgnitestas refesatie e cormutes aaste hmanigisedoiciasstfyrpus
the keyword IB the_ most similar.class from a merger of the keyword vector
S

\X}ﬁ‘ﬁq hodt ?Frﬁfa?cc Lérsrgn\}:eegtgr;n 8ﬂgﬁgssigning the reference document
to a moshsimiildheisissl ey sielenninainrsiswrIfPIRE A RnBRF dRe SrdiReBsscores

IR PRIE EEYRord verReIRith teesaimilariyrdeierainasiondssnesiaimedms measure of
calculating similarity scores for the lggé\jvord rf%wt'(th reference 1o th
a

! m % e keyword vector. 2hdhe class
A0 BF BRRALATIOCSHY $ROM $PATE BF AR ZhgGIAF SRS ahoR if

wectorsspace of elements of the keyword vector and the class 10vectors.
21. A computer program product having computer code stored thereon for

classifying a keyword in a keyword class, the comput d '
cohfigufeBoBPy igmaramta%ﬁ%%&m%eﬁ%%fﬁ%ﬁ??%ﬂ%%? Let,

thedigjaice Kopaanmetckalesighalting, mﬁrsowvgutbdima@beih@nwﬁeumﬁdo:
st parse. dacymentdonosauiLeRgesRLLG AR ieiidn b dRcumeRie

. ,as
upon idéntification o urrences of the first word in the document, modify
tn@ramﬁ@r(;@eﬁ'@,@w&ea;ﬁﬁ{dvord distance from the word set;

parse a document for occurrences of the first word in the document;
upon identification of occurrences of the first word in the document, modify the

distance parameter; and
upon determination that the modified distance parameter satisfies a threshold

criterion, designate the word as a keyword, wherein the threshold criterion is satisfied
by a word having the smallest word distance to the word set, and wherein modify the

distance parameter comprises iteratively decrement the distance parameter.

22. A computer program product having computer code stored thereon for

executing the method of any of claims 1 to 14.

23. A computer-implemented method for classifying a keyword in a keyword class,

the method comprising:
determining a similarity for a keyword vector associated with the keyword with

reference to a plurality of class vectors, each class vector having an associated class,
wherein the keyword vector comprises an element identifying a number of occurrences
of the keyword in a reference document;

determining a most similar class vector of the plurality of class vectors from the

similarity determination;
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upon determination that the modified distance parameter satisfies a

threshold 20 criterion, designate the word as a keyword, wherein the MCSLLP

threshold criterion is satisfied by a word having the smallest word distance

to the word set, and wherein modify the distance parameter comprises
iteratively decrement the distance parardéter. 22. A computer program

product having computer code stored thereon for 25executing the method

of any oflesiffiagtthekedra inchipetkbrimiBlcHseh s asiatesEh the most similar
chassdfyingon kayword in a keyword class, the method comprising:

determining a. simijlarity for a k ord vector associated with the keyword
with 30@?8?%%3% %ea{e)p( J?tht?/ %%Qgg\(/%’c orps?,sgg'c %%facslgs\?ec(}:%wﬂgﬁ ncé’ PUs
anhessthel atettstn e comheiensah i Kepwerd vector comprises an element

gﬂoecnjir;y;%@rér%mt%&iﬁe%m@%f eéf%w%hﬁwgv@r@ d‘tranﬁarfmt gesl@es }’_rom a

; etermining a mast similar class vector o rality o
RS N ARG STIAI] SoARLSEET SR 38! HedRedhgiigctor
tradkdwvdaddvectoest similar class associated with the most similar class

vector; and assigning the reference document to a most similar class
document corpus when the number of occurrences is non-zero, 5wherein

14 methORUGHB N3RSt R ARG NS SiMifaRy LBt 68 ot RBAES BFiuding
an proguisbsbpiatptionigureattor space of elements of the keyword vector

and the cﬁé?gﬁn\'l’?ﬁté)Eﬁhﬁg'r@g’e?‘?‘E@E%F&@%ﬂy&g&igmﬁq {RePkeyword with
keyword class, the apparatus including 10a processor being configured to:
reference to a plurality of class vectors, each class vector having an associated class,

wherein the keyword vector comprises an element identifying a number of occurrences
of the keyword in a reference document;

determine a most similar class vector of the plurality of class vectors from the
similarity determination;

classify the keyword in a most similar class associated with the most similar
class vector; and

assigning the reference document to a most similar class document corpus
when the number of occurrences is non-zero,

wherein the apparatus is configured to determine the similarity scores from a
measure of an angular separation in vector space of elements of the keyword vector

and the class vectors.

25. A computer program product having computer code stored thereon for
classifying a keyword in a keyword class, the computer code being configured to:

determine a similarity for a keyword vector associated with the keyword with
reference to a plurality of class vectors, each class vector having an associated class,
wherein the keyword vector comprises an element identifying a number of occurrences
of the keyword in a reference document;

determine a most similar class vector of the plurality of class vectors from the
similarity determination;

classify the keyword in a most similar class associated with the most similar

class vector; and



determine a similarity for a keyword vector associated with the keyword

with reference to a plurality of class vectors, each class vector having an  jcsLLp
associated class, wherein the keyword vector comprises an element

identifying a number of occurrences of the keyword in a reference

document; 15determine a most similar dass vector of the plurality of class

vectors from the similarity determinati ns classify the keyword in a

most si%?%?%f&?ggéeél {iS5] %ﬁfﬁ%e@ O3 LhmiRC arscsavses)(;(\f{:/())ﬁuénne corpus
askgniing nhempeferboenidecceadnnen-aefost similar class document

corpus ZRwhanitRecBHPREr BQCHEEREERIPIBIIER e thadieiRitR ores from
apparatus is conﬁgured to determine the S|m|Iar|té/ sgores frog} a r}(:easur
h Wia

of Q7 25HI6IST LR ARPHR PRV pRALoPRASHERTCOIRAE R ord vector
vaoddhaththeetass.vectors. 2525.A computer program product having
computer code stored thereon for classifying a keyword in a keyword
class, the computer code being configured to: determine a similarity
for a keyword vector associated with the keyword with reference to a
plurality of class vectors, each class vector having an associated class,
wherein the keyword vector comprises an element identifying a number of
occurrences 300f the keyword in a reference document; determine a
most similar class vector of the plurality of class vectors from the similarity
determination; classify the keyword in a most similar class associated
with the most similar class vector; and MCSLLP 24 assigning the
reference document to a most similar class document corpus when the
number of occurrences is non-zero; wherein the computer code is
configured to determine the similarity scores from a measure of an
angular separation in vector space of elements of the keyword vector
5and the class vectors.




