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KEYWORD CLASSI FI CATI ONAND DETERM NATI ON I N

LANGUAGEMODELLI NG The invention relates to defining a
whegsoooc| ass and/ or classifying a keyword i nPEI/SG2007/000044

keyword cl ass and/or determ ning a keyword in a set of

words. The invention has parti%ular, but not

excl usi ve, %@I ication in a task-oriented | anguage

model | i ngSEYON ORI (TASSIFHCATEONA NRIDESRBRIVIANATTION) .
Speech keyword mi ni i to detect

one or nore keymord@gPééﬁgﬁégﬁgﬂﬁkﬁg%ég utt erances.
Unli ke dictation systens, keyword m ning systens only

focus on the set of keywords a user is concerned wth,
tINE IRsRHBRY rdates tordefimingp keywiord elagsrandlasclassifying hkeywérdan a

' [ it rfo nce, of the .
S s AP B R AR B0 8 HE VP g Efsprioghas
ipaptiontaaritut nonsictisivat apphicatipih iacadd eitdddandRy¥aiddelling (TO-

i ng s é}ens i n¢l ude gonejand security and
' eSrYg@f‘%/ & VHics B eYeFd tUAEE | n honel and security
applications, keyword mning systens are used to

detect possible locations of sensitive words and can
Reeqshkepwerd mining$udechnilpgiy fusabiotdeyect bee @f horetkeywords from

i.red o cannin n entire recorded speech
R R e haEARRS ke AL B SE% e gtbmag e sysiems only
Ky tha¥eb byt WhR istonEdhePRithSIBE vba{6F §ih is much
dlalogue when certain keywords are detected, anhd

SRl dean that gfj adirtelion sygtean d Reedanitionepasfopmandeeofeheskeyword
D e . handl i t em dedi cat ed
PSR TP e RO B BT ©

nmancil al ‘servi'ces.
card" and "bill" are recorded and recogni sed by the

alﬁ_txan?fﬁé Sésten1 it is likely or at l|east )
%BB §30BS 1qr ey WRR Mifing wystems ipgludd kemeland segntityad dnteractive
' I Rlgte : |
Bl TR ARSI RS LA, KB 59 B g e e

tvadetachpodsibiey lesgéomsalf semstiveiwgds Fitbcanaiely a byer Beredbey dgriificantly
uhm "lLesson earned from Depl oyj ng Natural Language

BAPoRS TREMGE ot SGaRRE ah ot rapaBL B aeR A BB

di scl oses an exanple of such a system For different

keyword m ning applications in different domains (i.e.

Lyripggacgve diplegue 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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different sets of keywords will be required. When the
keyword set is changed, the perfornmance of a system

waowdos/oditkel y al so change dependi ng on the extePCT/o6G2001Y@00044

changesmade to the keyword set, For instance, a

keyword m ning systemfor fi nahci al servi ces, as

di scussed above, will not |ikely provide good

papdedp gy word Eﬁeﬂorflmtanogag'ke)avqré @nmngasbfstsmpfpnfmaﬂ@ﬁil services,

I ARECERR Ak O pp BTRET BT BB Mo Brctiv

dechmimabsippert helyrlirerdpplicativg. t he recogni tion
performance. A LM provides the sel ection of
vocabul ari es and word | evel guide for word

e L T T
dly ﬁacmogmb@tfaus:dlantmg shecteosgitidropdrfoempne; €45 $.M brdledsithselection

K. [ ter es defined. in natural
05 N 8%%5%“35’&}& &Fﬁﬁs 8&8@?&1 PSSP MEPE Y Sivgleagiage,
\RNAERStic b ‘iﬂe%ﬁvelyrkrtﬁfca%ﬂe\’tg %‘n@?%‘iﬁ (F% X gr?}gi'ﬁrmc begause it is

provide well-built acoustic ge an
cksgfiiadlee proeess of é%lin@pwﬁntask-epﬂcﬁicanwmfaass definied én Sdtatablanguage.

and a ¢ en buildin
SR R 20 TS Rt Bl iome
dystang, |p¥o¢1d@mmlbﬁll€évm§t[@m©ﬁel§ Fo A MAES Snd MEg@o8 model
| oped ¥ hly-skilled experts who are
g%ﬁiﬁ’ﬁ%&? § graa mRELe-s{ate gramgnas fierntadisins iand a\mmpﬂem éVhen
t I eakl
g BRI ISP RE BT RRls o SR el B
amnemalrsyngnwmre tMe aneoddvebpadbgdnigm-aiﬁaéﬂ &dpRita i are
training.data is cql.l ectcfgfrgrom bal anced donai n
SRPEReEd i Sraynar jviiHng A Har withh g dek spreifiadniaisats.
The training document corpus is a collection of text

files. In the n-gramformalism a training process is
Esprrakdy ﬁwabms;thcmc txa stepwyin LNl dsvelopmentt traioimgrdatan@llection and

ot AR D60 ed foibn EraiFodl el i Jo ot Gied fipm Belanced
E[dsm.aﬂ-sgmréﬂ@ 1daieal Wwih difeted Qﬁ%ﬁ@éeeéi'tufaﬁénst hﬁme\’cpd‘ﬁﬁg ent
set fromthe corpus. LMs developed wth this ap%roa
cRrBuS 6&8{1%‘810P@f;§@¢f’é‘?3mmel n-gxgm ﬁllrmahﬂndstrammlgip&ocess is
u far .dict
zdjfgﬁgﬂéng 8l utﬁéa{exf’s ?ﬁ'_'rs(? og %@gcl ﬁ%ﬁ%woxkdgt?faquﬁpﬂfz%la B L raining corpus
andstelaoting theitsp Kl\thdﬁ\fﬁdquﬂrmvﬁrdﬁmh@ aphn Vﬂ&ﬁbﬁlaﬁﬁ’t The N-gram data is

enerat nodel [ har p enough_t
Hen ge:nera%e(il for the voca glary set ?rom the corpug 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
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performwell on the keywords because the data for
training is generic for all the words. There are

w@kdosn9a9f or data collection fromthe internetPEESG2007/000044

di scl osed by Viet Bac LE, Brigitte Bigi, et al in

"Using the Web for fast |anguabe nmodel construction in

m nority |anguages", Euro-speech 2003 and for LM

Jea atithtangkeenbPricpieddfaturabloangnage Inyerfiatiy H Otidajeanational Conference

R . I ipg.~Jterative Statistica
EghguaggﬁkgﬁggiEﬁ%@%ﬁ??ggpioruse with an
Agent - Ori ented Natural Language Interface", 10th

llﬂ‘{t gr national Conference on Human- Conput er
Ut @307 beisclogns 3. sysigmdorgratima vocsbileseandéorsasistical flarguage

j 4] . lor. statistical |anguage ..
AT} DR AR AE Yo B0 Phis Tollnd Blase AT mien
ddentifiesaideamt syestomraxtidentifiedgidtdefivesatadast @rsdeaRBRriterion, such as
cg?text i.dentifier and derives at | east one search
RV P Fomifie fonfextideatifizs r he sysism thea selests deeuments from a set of
adentird Bised T BY SLEH LhieRopel ects docunents from a
set of docunents based upon the search criterion. For
domai n-specific applications, it is necessary to apply
ﬁo}&ﬁﬁ' grtL.ionﬁngfand/or word clustering process to
20V 0C SHUTPRPH S BPUGPUANS il 4 RRERTSAYJP SRELY afa tioning and/or word
clos®iing pivRedsitb & voeufarPs&drbQob Qass c%ggmg,r&‘é%eq{onmgﬁecific
pertaining to the domain, and ignore other
WRsEWishde IoRuA OB SFIPs o wordstpedeimignto thexderagik, and ignore other

7% M Malall . S i rtitioned into . .\
R btdoc BB nofhn AR Th ke Ponine BRekGiets partitioned

Bitasubsets acaondingto ertati€wihidhhg oWy wiordst sh8rifd it context the
rouped together and keywords sharing the

conﬁu%hto.be g s
HOPUA I GHER CopHe 1 Regroupsdtogether anddgywardsisheyiieg the daitual
RSkt R [t R € ﬂ% f i 0Stb R
o PR S D BET ROV 0B pggrmance
mptrns foedisparfaterdomeibsdi ng domai n-speci fic nodel s
according to keyword distributions in the training
corpus. Known algorithms for this purpose include the
Tatepanianis ConBoReaideAaah ifdads - biyla@p ?o}n%ﬁs-specific models
Probabilistic Latent Semantic |ndexing (PLSI

@‘@1‘1}& Rksywerldistabutéonsiie thefrajeisg cptpusl Known algorithms for this

ar

" tic.ndexing', Proceedings.
PR IR ASHE dsBLche CRRROR ASRRRE By and s BESbabRric
IGgerfteSeemaatic hdeRag CRLST) abioditHRey, eheaAB Beid g dds SR EPRIbabilistic
]B%t rieval 'bﬁ Thongs ) )

atent 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 ICA and PLST algorithms are unsuitable for the task of task partitioning in these
circumstances. This is because implementatjon 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



10

15

20

25

30

Hof f man. However, if the nunber of training docunents
and words in the keyword set is large, the I CA and

woL@B/ogd1gori t hns are unsuitable for the task oPCT/863007/000044

partitioning in these circunstances. This is because

i npl enentati on of these algori4hns i nposes a very
heavy burden on menory of the processor on which the
glogwmpnth frsingthe foromof rBtines rh &urtibAmeme) daLiSE cagomtiomobthe

_ Coni fi f T
Bl R L A CRG oo KNG R neBpenemeny s the
byattik elenenaute agoessedzad Weaenddiflyeeaain Qb HRCUEBTAR. Thus, very
in the formof mtimes n. Furthernore, §ur| ng

BiFhPeskficaOmLProeeRsOms Wi ki Yer v Hisge mpmoried are agwuined fir prdesto
%h_bhgﬁgﬁgggg%gﬁﬁﬁﬁ processor nmenory because the
rm? ' emen ’

rx e S are accessed and used randomy
according to the algorithm Thus, vlery hi gh _

ecification processors with very |arge nenories are
f@a di¥eagon ffﬁffg%ﬁ? i %‘e mfsPerdent clainss Somepmtionsrfsatureh ef the
iVeaibn R definélein MEdepelaliieidifdlependent claime. Some
opti onal features .of e Invention are defined in the

dependent clainms. A first step gnfthe t ask

i t.ioni ' i ni r nore
S AR G A R
classes. YTatiofdodd WaeFnsft a BywiRe dlakeYMrdfom ﬁ‘@et‘?{f@g@f l?eg‘words.

of a keyword class vector “is a matrix having el enent
Aasragpla eirigkaymerd Flasssvectar icroatixdtavngrdemerits epresenting the
l,assSA .y g ke rd cl.ass. This s ne,
BhoGat ool Rp SRR ARy PICL R B R3e v e, 1S done
by daeimainggg aitdilatityefok @ kepwetdwetdor a3beinRAGaH tBe Reyword with
| ass_ vectors. An exanple of a keyword

' f
8"'@%%’3‘%5 t% urﬁfﬁfyrqf@%é\‘i?%we ParfEarple el keyeierd yeytariea matrix

& at | task partitioning process
E@X%?J?ﬁggﬁgﬁﬁgﬁghp y@??'o%ﬁ%g of the keyword set into
subsets so that keywords sharing a nutual context the

i .he training.carpus are grquped together, and
@@%@e@ﬁéﬂ f %ﬁlép la%lrlg PHIESAs Cﬂaé@gg %%W@P%B@agg Rt the
ESPALALE iKOKWBeHSsoSRhiSeyWBRIs@h& 2 a hlial chrﬁ&z WSmBEYE th
developeé axgcalg%le afgorifhm\é%%h can an&le]gny ©
tg3ipigg 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 algorithms 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
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of keyword set and training corpus and achieve
partitioning of keywords into subsets with a better

w@eoBosTance t han known al gorithns. One signi f PCHSG2007/000044

techni cal advantage offered by the present task
partitioning algorithms is thal a processor with

| esser nenory requirenents nmay be utilised in

i prpdedimedh baie onordér tohieteaingerthe tlas/cla3s veetos eTheredole, dam can be
be considered that a gi.ven processqr can inplenent the
BT PRI P! FYC SHIAGOR 95 REpessping o grauired. There is
| /Ry 18Qiredtin® a8 Bhete INAT&KRAWAAlABAI HRMBita BN B thSr entirety i
becaﬁge nmost data used and pfocessed byast he a1‘1g€)ern|1 %rﬁtﬁlsmto
déas€’r mpagryraick anpyacessohBAMr m of data matrices) can be
stored on, say, a hard drive during a clustering

process. The task partitioning algorithns described

MEHue, the P BE%iBiOWRE Al RIAS SeseABedNerSifGrd Pradfida® A& NG sets
order in order to deterni ne the cl ass/class vector.

THEFes priar arg ahearithaps, pechsasdhelCAand PHSI algarifhins, requireasighificant
' . ' tequired. -There

Felote e B L Brd iyl SR B ARGy Tiigichoen
|thoessel algorithaiat sonsesttmt impradtiableefot hugetdatd setOconipfing, say, elements
nenony such as processor RAM Thus, the task )
L AATHGES APRBIISIRG EPW Y FRIEmaS Wathithtigands g tensHf shqnsamrdsiof gntries.
for all data sets whereas prior art algorithms, such
as the I CA and PLSI algorithnms require significant
de pragessgg Words enerbyfvot i @ predeficselsgdery theamgarithmdiescribed herein
processi ng nenory. ..This render hese, .al. gorit hns

SR S iteS EaRpratinreo 5R0Moge (R, miePe thgon-seed
My ds 8lieERdses Oie-BRbhé @&érrﬁiﬁﬁﬁéél?ﬂ B'Sgcdnﬁ’;‘lﬁi’n%%&méctwsttb class
t housands or tens of thousands of entries. In
rdewss Jhisgmabrarntaing iegucss significanthy éeedonengs orquéned by e

h ' . ' : I
B0 "OREASH RE 8 8 AeRBSEAIEIRLH gy s
stoeednioysayeebardarios ahd thetine tegaied toamefody-thd 8lgorithm is in linear
det erm n1i13t ically by c,orrgari ng word vectors to cl ass
\f/%%tt%lrte t Wf&bﬁr%wﬁ%@é ¢ BAriCet ud B8 Mgty Feqreerent for e
ﬁ%_%ﬁﬂﬁﬁs%s&r?&ﬂ' Hefn BYrrdpEnd @?Edgéiﬂ?%ﬁﬁh 'ﬂ'f‘earﬁ.lgﬂbefr %g seed words

this is, as nmentioned above, on-seed words
anwligplisddy thewpumbgr, ofalobamentsini Thisanay bdsighificenttyelgss thawthat
to performthe al.gorithmis in linear relation to the
ﬁ?#%%‘ﬁ%k“%?&@opﬂmﬁe matrices. The nenory

requi renment for the algorithnms described herein

corresgonds approxi mately with the nunber of seed
gtbod 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
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s multiplied by the nunber of docunments n. This may be
significantly |less than that required by known

wab@snitirs. A nmet hod of classifying a keywor dPCTISG2007/000044

keyword class is al so defined. One nethod classifies

the keyword in a keyword cl assPidentified fromthe

task partitioning process nentioned above. In a first

st fst werd distgngedlrar dhe wors sei. | éldpcl}m@m@ﬂ’ parfedrfonaik egmmledce of the

C det erm ne
o bl R oS RE G ST s BT P it word in he
vectment) merdj;stm:e @atanictst 1thoh1fﬁd0 ICR®8 -detdrii@tion tHY thédified
cl.ass vector of the plurality of class vectors is
dJé%t%ﬁ‘% RRENGiST Satisfies |aﬁhqe§hq1@ gitgdprrthe ward isdesiguatedias a keyword.
keyword is classified in a nost simlar class
associated with the nost simlar class vector. Another
r%temndseat ingemionovilldewebendesatibednbypfvag ok eyaneple ohly, andwith

This nmet hod conprises assigning a distance

ﬁgﬁeﬁeﬁﬁ? ic} the gpcompanyiae digyyiges i whighr d set whi ch

r : .
e 1S R NER PR INLROBRE CLAIE I YOUMARninE prpcess:
ifigurp @ isla tagiefiew diageam iltistratidg < fitst metlmﬂ fand&funmg 4 elagevector:

ument ,
%fl‘(%&argrrgtlge? e M Bidelh tlfbﬁ%ﬁ“%% S Torde e ¢ plags vector,
va}ﬁﬂﬁmndoelﬁﬁécaﬁfﬁdeﬁnuﬁgaé dplafalﬁysoﬂcéylaro@é Biaksds;criterion,
&pe word is_ designated as a keyword. The present
ieHER fHildm lagiq flow gng?én db@trﬁﬁntge@ﬁrsbmemg for classifivisige keyword in a
Qnky, and with reference to the acconpanying draw ngs
in which: Figure 1 is a logic flow diagram
iHigwis b is4 logiy fow diagraph ﬁlusfralalgTaQechllcll fmathot fer QAR ?ﬁag atkeyword
Ei e 2.5 a Io ic flow diagramillustrating a tirs
i Rt PO Chdpibf g i ssLng aplsrltyt ferorgs ima plurality of
kRGdes; f1 ow di agram il ust rating a second net hod for
deflnlng a class vector, which can be used in defining
Highraup i @ iofllccﬂovk élﬁwmllhllsiawsgsa methgd fe détarmimng agegword in a set
B#&‘é’rdél agramillustrating a first nmethod for
assifying a keyword in a class; Figure 5is a logic
Fignm Hisglogi® fidw dREFaad illﬁ@tr@n%%@%ﬂr\}\lgl%fm%r&%ss for building a
assi fyi a keyword in a class ch can be used
énggagefrg)q) pa plurality of keywords in a plurality of

Pl ARSE R 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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Figure 6 is a logic flow diagramillustrating a nethod
for determning a keyword in a set of words; Figure 7

w0 2008/09Tagd ¢ fl ow diagramillustrating an exanpP@r/86G20a7/000044

process for building a | anguage nodel; Figure 8 is a

| ogi c flom1diagran1i||ustrati%§ a training process for

a TO LM approach; Figure 9 is a block diagram

iSPgStmple ipryPrOCESsIgetTiaacivinovel off duplicated eutriys, hgused by a web

BSPRERIGT 20l Y RS b RS B, et

de&eﬂi resells 18.nThe ifdryhatidn &ﬁé\dﬁkﬂts?férm&leﬂ?rdﬂ? fHeé’eeQelgs‘it@gHeﬁnes a
a task- SpeCIfI c application or specif by an end

GBHNE dPranpesy Grrpas bt This cerpux 24 nuwde Supplamlemed ivy ldycuments
BRI 1908 u?ﬁgn{ &%ﬁdh&q %ﬁ§ fo. f Tg@% ? glg{%ﬁ%@%c@ 4 19 fen subJected to

resources esaur

a)(ammlemhdfepimsd 26 &dlestisbed Wrtoh ) hdtlgshuabe flog8l t&uﬂﬁgl 2B $also
sed, ei docunent search process 10 to pick

5%”?8@% ﬁ@“¥E%W“kﬂ@ﬂW@F§WP@HM@@ﬁQ-I|ne sources such
as text corpus 12 or by a search engine caller 14 to
performinternet search tasks with a search portal 16
fmwa yester snaee wdclc wordssdodusieh 8, andafordidoguraert @ldsess tohayrbe

set,of search results 18, aftersone

‘?Pﬁ%ﬁegtsés A8 Vﬁ?t%e LupiRs & s Sorunenfs indelagses,may Re sgpresented by
@iditrfideS Som {pﬁsﬁﬂlg ALY df@@c@f&' Tjﬁé el@ﬁﬁhﬂs %?Elhe%c%@s iR counts of

retrieve text fromwebsites found at the URLs in
eedssappegingiageierence dodumentss . Thﬁlﬂemﬁft@oﬁmhw of the matrices can

h bsi t .
t()t? glgfgféﬁgs?cgaﬁé (#tae\)égr(ra hezr& ere?;ﬁ:g éiV\Elgfllf)t&gsagg %?ﬁiegjersgﬁs in each
soippinear bt ddfibad ai;@cnmﬁmt of fimn ebfbenéd @ clARHITRI ref@ad@h by

roce 10. The training corpus data is then subjected
?vgrcg ?‘i’é’?@ I8y PPV 1 %H@g@%gm@ BT YREEUS rapeaseniéngwprdadigiributions

irﬁd&ﬂﬁﬁﬁts Rde coilfrﬁ'ﬂsg\h rl‘lgaég)? U(,,g,ldﬁg vgc%% rr%&?%rngﬁ % auntRie

provi de | anguage no ace
dxstjéllurlonmm walldss Uifithetvgords alnd/mldirxgalwmeﬁts atexsgaficantly large
as. vectors, . Gou of words, docunents

Qeﬁ% egriL g %}‘%‘8 ﬂ?f‘e*ﬁ?%%%h?%ﬂ@iﬁ %PFQCG%%H%:%E?W@ gt be able
 Hdndleahé Edm xi(? 6% G Yata BHE nRISIS iR nehRGol &h %Bﬁlglex data

are counts of words appearing in're erence docuns
mReipelagiganht Bheodlgeritbms desoribed whd referenice ésFigares 2 to 5 are designed

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:
e 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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be defined as a count of a word in the reference
docunments, and the elenents in each colum can be

waledosiedosns a nunber of times reference docunmePCESGL007/000044

referenced by words. Therefore, mrows in a matrix U m
r vectors representing word di%tributions in documents
and n colums in matrix U mare vectors representing
do @arisieningipseqeshdescribed balew. Vorsdscanl decidesnvibe dsmberctbf

SRR EATI 8 A 0, G B e ot

aI gmtabll&f@nﬁu&tls reNe Nex K9 >Bandiieerd es E}férﬂi’éﬁ?ﬂ 60\ﬁn9§un§rﬂ§uon of
data and nenory requirenents for such conpl ex

matReRNRLS; Nris themxpecipd ypsabnisry Hesstor pafévnmﬁlctlmsaye%ﬂ@%md K is
to tl@ 1‘%2}%’? o?clﬁﬁse?/yglrtﬁogf %{&E%S a?l afvgfcl%aﬁagga%cpﬂ?tﬁg ig The

size and to ac e acce e per

r ea&on&mhsecahlmvé goédlperﬁxmaﬁxieaﬁsdsmtmb eshs¥dble time for very
ere ce to Figures 2 to 5, a significant inprovenent
|n aé%ecgﬂi%(cy can be achieved for the | anguage nodel

Whehe GRERANRGLE full PNl Qntgni ﬂ&gﬁﬁ{)ﬁF géj cddk Eﬁ]?jﬁ(?ﬁw%lhfashion.

systens. Wth these exa age no
i mproved accuracy can be built within 2 to 3 hours,

Kl S UG B SR SOTREA G s novw

HeseelBed. AR gi vicRiAP Et}é?s St 88 hicbhtit wAPPE 8REALEPHI $rbfer detail with
al gorithms are as follows: "The algorithns are

seforenge todigwse Bhe trai ni ng corpus size and avoid sparse
data problems (where |arge nunbers of elements in the
matrices are zero entries). The training corpus size

Paoatofinitibligation ofl eteedl gorithimgth Retetdtbet obkeyRdirld § b Fainihg
the t art?él oni ng_process descri bed bel ow. A user
%{H%%ﬁ?fgét% PheisfuBe Fsk partifigiag afgoaihm 5 wwdemgated by a

| f
SRS 1 SR YARPLE PRI KA A oy SR ikl oo o
tlhe storegramisn and thelconenise tief mathieecare pocesse dndl rhdmgpulated by the

expect e abul a si.ze for each nodel (say, 20, 000)
rr?gesfioﬁs %%@“ﬂlﬁ‘ﬁﬁ%ﬂ“ 18¢- ¢l asses/partitions. Fromthis,

an average bigramcount is 10. The al gorithnms can
achi eve %ood performance results w thin reasonable
Theyeropess S)of fFiguse gdegias 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

is now described in relation to Figure 3. The algorithm consists of two main steps:
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The algorithns are fully automatic to performthe
process in an optinmal fashion. Referring to Figure 2,

wa@2dosnogtivfret hod for defining a class and/ or a BPCEHSG62007/000044

vector is now described. The individual steps of the

algorithmwi |l be described i greater detail with

reference to Figure 3. Prior to initialisation of the

dirgbr ithibajgotithen &lx¢ deteievineepotaftiak spedovatds Bomrthe extandedrigyword
us, 24 _are stored on disc. The task ;}grtltlonl n

SPUDHILIGFTPES PRYPEAEA OB e 5Pk ueEh, 1he nimbpigpt sted words is
%@H’ﬁlrﬁd b@%esﬂf&ﬁbulﬁﬂf@%ﬁf seemm){fﬁ% isQi%ﬁnéH By {“Hé'du}nber of seed
th ese, too0O, are al s6 stored on di SC, and the contents
o*fordswldrﬁtemuuéasr ef éocaowatsse thearaining nmmus aihelsdppnd htep of the

/ al ith d.., Th 50 o
RISGEEN Y Bafirae anoBpgn KSMORI i el RGPS aecPring o
AnBdrs efeatlrementtceingdpd set of keywords 8 from Figure
1lto determine a set of seed keywords, where the seed
keywords are those keywords in the keyword set nost
T8 BBl 8 AT EDRELE e b ABEC TR RP s

aﬂdi/os classnctobstor shendlssifickigynof tﬁs phitioioning @r@o'ets UfheSrﬁﬂldaer 1 of
ywor, ds. lhe first and second _nobst_ sim]ar

Sets fodsed kaichig thrsalgprithpeasdescrifed beloy ng\m)a%t tmiee H06 At step
‘?Bea W&t co%gmnlaﬁ‘fx &9, MKuRNPhEGord &un fn%ﬂuéﬁ n?ﬁﬁx comprising a
algorithmdeterm nes a claSs vector rom I rst Rd
serosod nkepeactbry batiog slemiehshieaotingabe sordicauht of edehtdie words in

first and second t simlar. ke rd Ef fecti

Byt BoRhy AL an. B ReBl MORbTEE Frsgeh efbiped word rows
representing &:he class, a class of keywords is defined
iycaidudated Hows Bf; .Filgoe ¥/, 2is the setronelemensrreprdssinting ¢lte count for
exanpl e of an~al gorithm for defini ng one or nore class

Chh described in.r to Figure The
U0 PF i e Brdd REfH T CE b Sptlubut 2 kgl Forll B fpegtified rom
alcgm[tldfhﬁb&hﬁ:ﬁt thed IedyRione Seddt REGdiAtd #aRthedydrd,rtBeTtlement
the extended keyword set 8 and perforns optim sation

%ﬁ@@en& heugkes of gegurencas R thekgyayord in & ederengsy dpsument. If there
th
U5 BETRSEATE ARPAUREYu55) YA S84 BRLLY St
rfftumiamumemr@ reisult. tm{ﬂaeﬂhamnlglhegn sionpad,. thd erdsemmisdfos thepindividual
e al‘%orlt mis rrer e the non-seed keywords

(M ‘P’ﬂr TRY CEE REGIRE GHRg T

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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di stance neasurenent criteria. The algorithm 70 begins
at step 72. At step 74, a user defines the nunber / of

w@bkas®egraIand/ or cl ass vectors for the cl assifiPeE/SGWODH00044

the partitioning process. The nunber 1lof classes is
used later in the algorithm adOdescribed bel ow with
respect to step 106. At step 76, a word count matrix

et needskayiards frame weyd ¢ouwinfteactaof thx sétHf &eywords % a set of
' el epent s

TR A0 PR SRS i R o Sisoibkeaain from the word
cedre ferntbet lbyoiorbsisfiess thidsBbld (Biteridie Ifl%eﬁéxaﬁg)%iggﬁm e
e om’U |

for each word in TOword rows n is cal cul at

thrﬁﬁ]i’é’f criggjion 1§ that dharixerd gouat is igeentertharr arsmietiga gvdri eount.

count for the zth of mwords in the 1of n docunents.

That is, the word count is determ ned froma count of

an step &Aptht algorishrk dytennites @béther 1AS BOBIbAL B Of Well Re§06rds is greater

E@ word, the el enent ra&resentin a nunber of
ﬁ&rﬂ“’e‘ﬂﬁt@%‘m&Fd fHRIMUER K RS i neg thease.dhe algaddumalinws the user to

Adyg$tehd SudbdFbTEER l@efa/w%?@s ﬁ%ﬁaﬁl&? ?)n[%lrﬁé'fﬁ&i of &il&%ﬁm&s@s to allow

word vector, the word count w eturn a non-
the $18¢1tto revheer thhseviend kiyereords withiethk 1oiweet Wordg coRtOirSthe @foup of

Lndivi dual . TO wor,d row vectors are stored in a
{08 kR Wl el sOathe 5 ergs lowetho TR sty Hordsenanually;
ahid exomple, MRtuséretilisthe 8t Of %ﬁt&gwegﬁﬁiﬂéﬁgvﬁg sEI'agtgd
r buil step .

word count in the word count vect t at
liqywosdsirpra)the et of eg5d deywerds hilerhatibly the algorithi @an be configured

. One net hod of cal culating the
tt% e%trglttlgg(s:r ]b attofiRBA

res ferion 19 to cal cul ate an aver age of the
word counts for each word in the word count matrix by
,@}ljrmi ng the total word counts for the keywords and

SPER PRYeten asELation Whese, Af s @verage wordieouahis/top low, the seed
matier Jojolo3uNess t 4 d. ke rds
S o Sy o 3 el BT BB R fter e
AVRIagS Mordi count dbe bettrr pexfornTinee efeattisk paatiticiie®slg88thnBean provide,

ri‘sdwgﬁl t he.al.gorithm determ nes aset of seeg keyvvordps

rom akﬁgﬁy{’ju}: At of each of the set of keywords in a
set of reference docunents and adds a keyword to the

et of seed keywords fromthe word count for that

Wi hs deopstareundzstaph 86 ahd BY until 4 eumber. of Iseed keywords p is

sBIFRIR Sordhy ﬁ&r’stph}?poses. At step 90, a seed matrix S,,, for p seed vectors is
built. At step 92, an index set I, and mean keyword count vector Epx are created. At
step 94, I, and the mean word count vector Epx, 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 Spxn calculated from:

Di,j = (; Exl,ylExZ.yZ ) /(Z Ezl,yl Z E§2,y2 )1/2
= k=1 k=l
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threshold criterion is that the word count is greater
than an average word count. At step 86, the algorithm

waledogoiipes whet her the nunber/? of seed keywoPdBESGH07/000044

greater than a pre-determned mninmum If this is not
the case, the algorithmall owdlthe user to adj ust the
nunber/? of seed keywords manual ly. One net hod of

doing this is to allow the user to renove those seed

SR Wl b oSl rag B S R0 G2 E e e Gt anc
BB sl Hou s RES o ED e Horipabt vl tpumeso e, the

p s fromthe set of .seed keywords. .
Ak fort e%’s%ﬁ%ﬁtg MOHS PR st MRECCER 24 G 8t tparation in
pectbospaice bf Semt @ oftHeG8®I Veefrs.Y An Ihistrafib® B GAVis 3h&%n fh Figure

ityation where, if the average word count 1s too | ow,

R&/DSERYFCIAAT 1 Yecta sBaei piaiy oeprdew lrwy ato shdyen. &the anglt detween

[ f he average word
%ﬂﬁ%@bﬁsﬁ%&ﬁgﬁh g?qar%l%&%nr ?}éﬁﬁlgﬁ{%gec‘t ask partitioning
al gorithm can provide, as is well knOV\g |8g th;e_ Iart.
[ . it hm | pops around steps 86 an until a
ﬁﬁ%ﬂ’gr“%ﬁalﬂbég&“ m?%l’sbepPOP‘é}d%rgfl\aF aitdansls watrixhavingeergents
3 A0, 1 Qs ' [ 2 seed

Dot (10 aBle (PR RESy POk KRR AL STy, At sep
R&ythofiest sadisacond keovoriyretomrvehichr aratreckt sidiilss t@pndahottep are

. ount, vectar xn are initialised to
PREbNRLTRE ey PG SRSkt v o 8 e Sloswaimilee eswipra sectors are
sleffelldfitolthe f@in Kéywedrdchitiveotdr BRL ik & Abnd B %&nﬁ@@ﬁjg the
vectors i s deternined. For eacH of the set © ~Seel
xealigst element ipthestinnglo fmagiiniHoaexample,(for Ddlj,ssdrge tlass jity ¥ and
for a seed keyword vector is nade with Keyword vectors
elatesEacimit/p bywEt & (thes, di(Ffer 1 e ymbsrd I *af thehfini®k oPélements in
seed keywords. In tke;present exanple it is convenient
to calculate a dissimlarity matrix according to a
Wt §sThen all theyelemenss fre I pfo {;fwee advipd] dnctleparanplert dfis mefging is

ectors in the seed matrix Spxn cal culated from iJ ~
ﬁ({)r Fl@efve@_% yglue pf corresponding elements in the two most similar keyword

vectors to be averaged and written into a corresponding element of the mean keyword

count vector By,

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 I defined by the user at step 74. If the number of seed keywords p is greater
than J, 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 L. 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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hyl E2 2,yl 1/2 Ax2,y2 k=l k=l A-l1where ExWl is the
seed matrix Spxn elenent for xI t word in the yl

waelomanemd4 and Ex2y2 is the seed matri x Spxn el BOESG2000000044

x2th word in the y2th docunent. That is, the _
simlarity (or dissimlarity) 13cores may be determ ned
from an angul ar separation in vector space of elenents

dteferiag gewdo figareot. . firsfral gorithmt fonclassifying & keiysvoird irsdlsyword class
is [ tors jn v or, space for t )
iSnGyAFincs TEERARRR00 ol dent P B, FBER 140 bk Tasis or
idsssitailarhigfoby kewaddi vebtod wath rEdpabl 18 cBEs vddiérs (say, the class vectors
dissim.lari mat ri x _Dpxp can be considered as a

Pﬁﬂéff?@ 13 a}?a?ﬁgqr%hwﬁiwré Bbisenads. rdstapsids & n‘fg)St shlmllar class vector
T " i i+ i . r t p .
g 4 ARG S BRI U8Rl L e o
wé clasy eectulnd whichiemwsisdimslintol the kéyavoad @e@bois Mefer@iRd.

i . 00, thi d vectors for the two
B it P o S e EEb ot S Scined
KRIEVYRE FhoSIRt ANV @Eds YectEP X Phe Jéakéss'eﬁ?égé%r%getpbpégl denti fying

the smallest element in the triangl rix. For
exanple, forDlj , nerge classy to i and update Epxn

MR IR G T N -

& @reottnsort ReywordicPaskes-is @ERriBEWIRSth réiBRLRE O ﬁ?ﬁ%@ . 81 algorithm
éhi S msrgilgg is for the average val ue of correspon m%]

PEREAHEDi IN0R. atwisprigst a Bty by fesymsetdryelionred erobts is
BV 28@d tﬁﬁ%u‘f’ﬁﬂg} b 9/0%({&8 t lge%{\_fro?f %3 Esgilggxgg %ltsg n%gv%)ﬁfg;?re defined

t he nmean keyword count Vector e
tnitbe skgedtiwect Bigufed, tiengonodectl keyw®ISs nBinBid Bfot OF WA A [p Matrix
p

U BB Bl s bS CorTerth corcbit oAb Sprgecst werlatscior. Af sicp
Ko O B il (IR s U,
Witk class vestasp (say. class vettersmfitbeseediclaserdtrise@upstsisingd b the
HESRAhR of Figure 3) is made. The algorithm calculates similarity (or dissimilarity)
scores for the keyword vector with reference to the plurality of class vectors in the seed
class matrix Gy,. In one implementation, the similarity scores are determined from a
measure of an angular separation in vector space of elements of the keyword vector and
the class vectors 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.



10

15

20

25

30

than /, the algorithmloops back to step 96 and the
process is repeated until it is determned at step 106

wao b@s/ophied nunber of seed vectors p i s not grealP@r/SGHan000044

t he nunber of classes /. A seed class matrix G of seed
class vectors is built at ste|33108. The seed cl ass
m%trix vectors define the keyword classes for the set
dfhelnonsisedikey wer yseioe eempBsed an slernsng memfyl@a_i ]Etm_nbdsrgaf

' irs rithmfor, classifying a
REnichsts OMh yuhd bt E dnbtiitnuc oy iR B Afkoriem

peogresthe befgiense dicusiketto bAoA RnilR clas 86cuh@at cétpus when the
imlarity) for a keyword vector

imlarjit or dissjm

\?i’i:“{ln’il?elf%é?%ﬂéferfcﬁs &r iéﬁéd@@@ﬂ@ﬁés p¥mgerot he cl ass vectors
obtained in the algorithmof Figure 3) is made. At

step 124, a nost simlar class vector is determ ned
flherefarnethe algotithn b Figetees atiovates ette. nohhsebd kéywdiStthd Shiss
VEeSLAr of the plurality of class vectors which is nost
SP%Par to the keyword vector is determ ned. o
Subsequently, at step 126, the keyword is classified
in the nost simlar class associated with the nost
igvre @ illusiraiss awethagrfor deternpiningedeysods fram sdeepf Wdfls. Ahe

PRS0 el B SR PP DB e bl Bt wora n e
keyywart detob alsesses itbedf id @SEeidae ‘*%%f"‘%ﬁ“ﬁ“ms E@aﬁig%?%@alue to

. The algorithmbegins at step nd, at step
g‘erﬁjéstt"f“fcf PETATIERT- 4§ T6igEanse doqmen in the drdining dapisfob thid dlass for the
; I 0. the keyword_s is m
KO R TR an oIS of T G 8P 1 Dfmfie Stoffrence of

e gtard igfoundin thodosentht khy distadse patabeter & hodidibd af stép T98. In
re.be considered to be

- : ix \J .t her ef .

S P e B ST i Bnes rant agovs rmefom the
ddctideat int whitk thedl &8 loBddr@hhd Eﬁl& dﬁ@ﬁﬁH{pﬁraﬁ%&erqéﬁEdﬁfedqn
vectors U9 fromthe matrix \5gxn w class vectors
depaydenge gE 8 posidereighetvotin the &kt stiriag SFarenstince Ghe Xalke of the

' e.algorithm Figure 3) is nmade. The )
s IERmel SRRt B0 ayTeh difead i reg Y the word i
foand istht docurent kiy Wefadlcd/ Bib@bteMsRodiBhe 5@%%?15%;1 B&rementing

rality of class vectors in the seed class matrix

I
tap fistance PyABeteEp| ement ation, the simlarity scores are
determined froma neasure of an angul ar separation in
vect or space of elenents of the keyword vector and
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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the class vectors simlar to the determ nati on of the
simlarity matrix in the algorithmof Figure 3c. At

wGeL@p/09384 cl ass vector U of seed class matri XPC/862007/000044

which is least dissimlar with the vector U9 the
dissimlarity calcul ation beiﬁ@ deternmined in a nanner

s described above. At step 138, vector U is nerged
af:?rﬁn@%t@fi grugpber phdmesaftes havifig beergfongd Ergiha glosumﬂ_lt_?ly. Aostep
t ' : Figure 3) described above. at
ilg,gh%e\llﬁwé&@eléags? |e§1tag'laas? |1O|Fdéd by nmerging the keyword
vector with the nost simlar class vector.h At bstep

40, er i s decrenented as vector U has been
#&“@%ﬁ %ﬁ"%frateg thertytildiye of the lagguage murgle] in metealetailn dnitioHy, and
¥he . -S€ rd,vectors.is ..

A R Ry LA DA Sh R R AP T U it Gciion

preses qpartitions|thopaingchrue asd keyvidds afel sihiferRiQERSS. In

until all i d d | 'ocat ed
el E R G s orHondih 2L esruedptodap e clering 36

VTR CiusRFing s £)pHER Mthé %ﬂidgf‘%"#‘% i€nBEHTR Ehowth for a particular

occurrences of "that keywor reference “docu
gyweard gubisg and fuerds hpwingtthersanssompmilohgramefagic sindss are imported

?’ﬁ%&%n%‘é’é’lodo bgegg rvl%}é{ﬁéllag}rl }ict:,isagitgz?:?c gﬁtélpé: gqrrgtlljssto\g;c?u% words

merelaseo42 e prbenfical Mgk 60§ i ds AR Qe PUES 830,55 ). After this,
al | ocates the non-seed keywords to the class vectors.

erntedgeymord subsets 46 arebitined 4soy reglt of akejiwgd augmentation
LRI i SRR o ol B3 Ky SRR B S Pt
gramsiatioglrafass s toedskie yiwokeywoed sdt.0 ThB eesSR bf iHeS@lkipattftioning 34
FNREOH wimrobtharks s Sromsed fos araeseipodnmining 46 he.
18 T b 58 chlind RF Y e e® 11"

an occurrence of the word is found in the docunent,
i s nodifi step .158. In one

A oG TR R B Qogpeiottommi T8 Ebuingdittsference % Figure 5
e thaedtsndrdtkeywosl set 04 4ré as_d ih%h@ﬁ&iﬂﬂ%'ﬁroée@s.%&t?a&ﬁiﬁg corpus

r.d_occurs and the distance paranmeter is nodified I
l\é\{@ﬂ%ﬁﬁﬁé Resedthraughoxirainiog deta rérgraeesser il 72 whichtpexforms

L8 SR 368 DL 5 AT B
hxeopieserfdaowh sydtemworithican 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-7”, 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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found in the docunent, the distance paraneter is
nodi fied at step 158 by decrenenting the distance

w@aranegties . This process may be repeated for nmeECT/EERO7/000044

docunents in the docunent corpus and, upon detection
of each occurrence of the wordin a docunent, the

di st ance Baramster is nodified. At step 160, a
e B¥steRt pghitesirg 200 fonpesformimgche algorithngs mf&gms:e to 8 is 1llustrated

resh
B €TSS Rl ERRARD s TR GRE R oot one
to¥itht tewvadath infortriadionioth (e tintedbCI02N Bt dFlesHBH hroedss 204 also
di stance to the keyword set. If the distance paraneter

GoRLtsslevandkeyword feptsfram Qsfing | Gorpws 206rif availablee The output of
Ma@&@@lfech@ﬁ 2oP&0440 sHiRRd Iéli ? ? or he&q g,f 3 r}ggh 8,

par aneter s tlsfl es a thres
dpenmnt doritginsletslegsane HeﬁvdtdyﬂaywbrdtSeS RE&Pcakbdso baPhfented using
Ienental

a e L tféi’i%‘{ %tﬁ%ﬁé g&lﬁqtd%{altofﬁ’i‘%t% tFl%sTbails iPattitionggocess
200 ishpphkal Whvich BRds ﬁéﬁvdr@ %@f% g ?ﬂ% fzq ag inputs,
eyvvor tghe I2 gtl P

di st ance par aneter for that
splitdng KeywerdStst 0% inte smallersnbrets (. ﬁwmsaiﬁlﬁcﬁ’[‘rahﬁﬁg QGrpus 212

TR B S ST At B

Bsiiniog Detacf1 6tvieich anapags Tpﬁﬁﬁféhed SubB ©f R Rbld Set 208 gnd related
Initia ka and startlng romthe training” corpus hd

{0558 PHT2@ing €9EUSBdd above, the task partition

process 34 partitions the training corpus and keywords
into smaller groups 38. In parallel, the training
YoeabukrpSeedtmpprockss 214 Bisad 6n ml&ﬁﬁﬁaﬁdﬂa@mﬁ@ tgka 216, to extract

SO P R e S e Afuash. ABR mogule eoliusemonds
AppyaTedn $Mbt%§ﬂs ad RGO b Fed) gxgal m&}ﬁi g%gds b dgéumen%s and

grammati cal class are inpor
Hoduces a vacapplaay sdtdereach stb-task exlladefitbersl lV@fiaHuMy QQ@8pus
to group words into classes 42 in a grammtical manner
(e.g. as described in US 6,430,551). After this,

Iﬁnlajlye nwewrdmng\@f&egstmﬁg spPlfedatgis %&gmg% ﬁasu'b-ecgﬂé Fraining
lgf} % vvor d au nent ati on process
12 é lﬂbta’élﬁ 0&@%@&@1& &0 buitd mb-tgkia}aagmm rsateds, or Task

r
%egﬁ@ﬁtaita% %ﬁ g{c@g‘%gﬁa ?ooc&&n an glfo %ybﬁpgpage model task
adegyationt. The adlap4ﬁld1d pro&ms annq)lyl ﬁpdiltésCthe bﬁ@ﬁﬁ@ﬂ@d&@ d@khe data

n to
ex{racteci H‘gm extra tramlng 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



generate optim sed nodels for the sub-tasks and the

| anguage nodel s 48. Referring nowto Figure 8, the
waelomasend4 corpus 170 obtained with reference tRCHBG0B000044

5 and the extended keyword set 174 are used in the

training process. The tralnlnd corpus 170 is first

passed through a training data pre-processor 172 which

pepPopihe cloitesn i Keaturespreseatedrin iong aspectonfithe ln(vnnti(asﬂnsy b®presented

6. f k
35 S8l A RART BSRES R odenioo SHOPBHER NG ot vy

recognition tasks are Babak Hodjat, Horacio Franco, et
al "lterative Statistical Language Mobdel Ceneration
for use with an Agent-Oriented Natural Language
Interface", 10th International Conference on

Human- Conput er I nteraction, 2003 and Shi hong Yu,
Shuanhu Bai, Paul Wi, "Description of Kent Ridge
Digital Labs System Used for MJC- 7", MJC7 Proceeding,
1998. The vocabul ary sel ection process 178 is then

i nvoked to build the vocabulary set for the system
Thi s vocabul ary sel ection process is described above
with reference to Figure 6. The vocabul ary keyword set
180 is then identified and passed to process step 182
for N-gram generation and LMrel ease. The | anguage
nodel data 184 is then conpiled. A systemarchitecture
200 for performng the algorithnms of Figures 1 to 8 is
illustrated in Figure 9. The Data Col | ecti on process
204 takes the keyword set 208 as input along with text
data information fromthe internet 202. Data
col l ection process 204 also extracts rel evant keyword
texts fromOfline Corpus 206 if avail able. The out put
of Data Col |l ection process 204 is supplied to Training
Corpus 212, in which each docunent contains at | east
one keyword. Keyword Set 208 can al so be augnented
using a thesaurus as illustrated in Figure 1. After
data col l ection, the Task Partition process 210 is
appl i ed, which takes Keyword Set 208 and Trai ni ng
Corpus 212 as inputs, splitting Keyword Set 208 into
smal | er subsets (i.e. partitions) and Training Corpus
212 into smaller groups with |ess overlap. Task
Partition process 210 outputs Sub-task Training Data
216 which conprises partitioned subsets of Keyword Set
208 and rel ated
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subsets of Training Corpus 212. Vocabul ary Sel ecti on
process 214 is used on the Sub-task Training data 216,
wo 00809TIact vocabul aries for | anguage nodel s oPCE&GH07/000044
subtask. This nodul e collects words appearing in the
texts adjacent to or near posﬂ?ions of keywords in
docunents and produces a vocabulary set for each
sk called Sub-task Vocabulary 218. Finally, LM
Trai ning process 220 is applied. This process works on
Sub-task Training Data 216 and Sub-task Vocabul ary 218
tlo buiA corapilteit agiehanglagthodFiedcFini a é}%r@éla@s%%%r
| angyage nodel s 222. This process can al’'so be used I n
CERgUeYE nodel task adaptation. The adaptation process
si mpl yMpdat ySLi I y.the data
extra?fg . Pgiﬁgﬁﬁgg% %%#ﬁg%%?%%$éﬁ§1ﬁ%F$%0$§’not used
bef or deteffthining fifseamdesebondl mise similira@kwoRRFidnh thelsM of seed
ggftapiog approach aimng at inproving voice mning
E Yfirei€e. It exploits information that is readily

avai | gbtefininthg {18adsNeSHP bm ﬁx‘@%@%‘@%@id&%&%ﬁoﬁl | Héql}%s rglss%giated

automati c manner. Performance o

witbrtoabirst ard/sespgohimostcsimilankeyeddse keywor d per pl exity
by 30-50% The perplexity reduction will be transl ated
to an overall inprovenent in voice mning performnce.

Bt Wi fThe bRt@RTREHIALIC bR AL dét&%ﬁhﬁ‘l:ggﬁ% b198% 22y B&EPrises merging

descri bed by way of exanple only a at various

ths dirsti angspesing kedyorkvestod® i n detail without departure
fromthe spirit andscope of the clains. Features
presented in one aspect of the invention may be

pr esefheteihod ofohimatdremiiniZ, heidetheafidtB6d Sorfprise! Betermining

B 0r Do S BkenoHb T Stermaning fageashieg hacsetof seed
IEdyRfordsy 8 Fhedbure Q)?Efrﬁiﬁfﬂ?&gf(or qqge?{yg};ﬂdﬁgg)r%sf‘o%}ate%f ‘?/1?1? g geeéi kgyword

kegmords froma set of” keywo ermning
with fayiverdsiectornassaniatkd yth thisotheckayimoedsseftthofet sead keywords,

ds:. and d i pi | ctor fromfjrst
SRR Tine BEy 460 FPbl kO SedoRy Bih framos Asniarva pre

#@ivthesecond nost simlar keywords.

4. 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.

5. The method of claim 4, 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.

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

the set of seed keywords.
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2. The nmethod of claim1l1l, wherein determning the
cl ass vector conprises nerging the first and second

woeososdoavectors. 3. The nethod of claim1l or BPCEHBG20B7/000044

wherein the nmethod conprises determning first and
second nost similar keywords B§ determining, for each
of the set of seed keywords, a neasure of simlarity
flor a Theynwshed Qfs@@lm 6.akavein atlowing & ksentsefide Keysabofbeed

ke§ it fe fRISE,5 tﬁ%@%ﬁ&@ﬂ? e e i fhggpet of seed

fieywbrdand second keyvvord vectors which are nost
simlar to one another. 4. The method of any precedi ng
claim wherein the nethod conprises determ ni ng t he

;8:: ofThEeyvvor ds |ﬁ/dosf @914? wgﬁrgiﬁggt &1? ﬁfn?nﬁ‘??oca?cmatmg a

ammhq@d vallessnr averapetdf ke pedrdaford eedntk,fth&\ﬂfr%ol/@f@ﬁeﬁcﬁﬁbem g that
at keyword satisfies a threshold

%ﬁount ggor tE

cHt ¢ tha, K A srietaaterihan Fedhroshald amhict he
met hod conprises determ ning the word count from a
count of an elenment in a keyword vector associ ated

Wi th hhe rrl@elwd?rfcaﬁym«eéinggmn fueqhe?mmmsi@dﬂldw@tamégfto define
4 s of the word i erence documen .
%91%%) 'ie% To o) i eglldéc?rr#aﬂa;?ct%qség %C HEFOR conpri si ng

allowing a user to refine the set of seed keywords. 7
The net hod of claim6, wherein allow ng a user to
1@ i n&he methadiof eny peasading yleimdbe ot being Airthemfonglasdifying a

words fromthe set of seed
Eeym%?g%!lﬁw&ﬁzﬂﬁg?{@gm{éfg Hﬁ%/ of clains 4 to 7,
wher edetetntieinget diodladgror o Regvaahvestbaidsbdad WnEBE R Fvord with

ue as a \(era% of keyword word counts, the
BT @ DAY 1 STash Hrigro: G268 ClaRGV GG Po B esiaterbelass;

keyWoldednfin@&eahsd: sgﬂl‘?ﬂ cﬁﬁgg véclﬁgr‘%ﬁl?l?%@u}{ﬁ O)zgf ClgSS Vec{%rs from the

nmet hod of any preceding claim fu
awmwtmmntmwefl ne a nunber of classes and/or
cl ass .classifi catl on. 10. The nethod

of “angE S REd S BT oH i 2 fiost bt DSt ived WHBALY pst similar
chasgtioy.i ng a

11. 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;

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.

12.  The method of claim 10 or claim 11, wherein the method comprises performing
the similarity determination by calculating similarity scores for the keyword vector with

reference to the plurality of class vectors.
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keyword in a keyword class and conprising: determ ning
a simlarity for a keyword vector associated with the

woeososdmi th reference to a plurality of cl asBCT/SG2007/000044

vectors, each class vector having an associ ated cl ass;
determning a most similar cld2s vector of the
plurality of class vectors fromthe simlarity

determi nation; and classifying the keyword in a nost

hm | [ d with . the nos imlar class .
3ot | Aty GSR0RH B 1b LA VR e v %S mpriss an
eleawnt fdghtifyirg d@yber & oBuRrdiEVETTIRL Rdyaoid ir @%f%ﬁ%%cument,
g@:}g&b& glg_: determning a simlarity for a keyword

od fxther ceraprisipg dssigninadby vrferenod dasumeneiogrmestisoniar class

Bb&tiaddt by I _yector having
an associ tg geg&%lﬁglgsn?ﬁﬁg#g? éf?ﬁcﬁﬁ%ceg lsﬁlgoijt ze??‘m’ | ar cl ass
vector of the plurality of class vectors fromthe

pmlarity determnation; and classifying the keyword
Th"s s metioiaf apy ef slains L Eioca percin e maseothesseprises classifying
e Rely HorCnaBS mbQ iR lar chass f | Vi
cl ai % 11, V\,herrnei n thécler mtshggﬁ%g%%%gggfep%& 8{r:ﬂm}e%éoqt‘¥1%h the
BIot Jimilpt glasseeesoni nation by calculating simlarity
scores for the keyword vector with reference to the
plurality of class vectors.13. The nethod of any of

t5.ai nFhd fhethod b2 any\beelging 100 1MEWNBYeth (he %ie%od%ﬁgj;dstéfz

n el ement identifying a nunber of occurrences

@%%P@gitw Hmilarityrsepies figorameasure phan angulrodeparatiduen vector
F S| hgRl f nce. docunent to a nost

P R ot el e R R b er o
occurrences is non-zero. 14. The nmethod of any of
](C:fli ai 10 to 13, wherein the_nethod conprises

‘as st ORGP BF RS A dnsthod fos datsEmingnen kaywaad ise setio§ wiords,
memlgﬂrcog{prfsﬁ, . keyword vector with the nost simlar
class vector. I5. The nethod of any of claims 10 to

14, vaseigeing ardistanvetpacenatenipr & fiest word in the word set, the distance

parameter designating a first word distance from the word set;

parsing a document for an occurrence of the first word in the document;

upon identification of an occurrence of the first word in the document,
modifying the distance parameter; and

upon determination the modified distance parameter satisfies a threshold

criterion, designating the word as a keyword.

17. The method of claim 16, further comprising, upon identification of an
occurrence of the first word in the document, modifying the distance parameter in

dependence of a position of the first word in the document.

18.  The method of claim 16 or claim 17, 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
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determining the simlarity scores froma neasure of an
angul ar separation in vector space of elenents of the

woeososdoaect or and the class vectors. 16. A PCT/SG2007/000044

conput er -i npl ement ed nmet hod for determ ning a keyword

in a set of words, the method2Bonprising: assigning a

di stance paranmeter for a first word in the word set,
{dRRendieRtepicersiiioaras the fitsewpighiatthegocantent sdmpwives modifying the

Qi - rd.set: parsing.a document for an
RO P el ARA-R B ABOiST bt B oy RLoBsSRatie. upon
identification of an occurrence of the first word in

Ege dqcunent , nodi fo¥i ng the di stance paraneter; and
on ERRacLRti ag of Rlalmb e ta Y thi wethad beipgeaemitast for a plurality

bedsl ;i ol si gnating the word
R s PpAY D Whefimfi Sy PERHTEY iFinkr Bptimiters for he
pblmirty of myrdsigndriesigeatinigfa subsdt of thefplavalifCsrur a8 §RisBfing the
Ehesg%k{stt word in the document, nodifying the distiance
By GHCHON FkFINIce of a position of the first
word in the docunent. 18. The nmethod of claim 16 or
claim17, further conprising, upon identification of
& ocdbe methed offclaimd 9f wheteinsbe thresholdheritdion ot determined

FRABRED & efliEbn Bf Loy SBkangonts v b igance parametes

(i gatih @ thei 164be pRAEENEEmMAhe FoRPSL i on of the first word
in the docunent conprises nodifying the distance in

dependence of a position of the word in the text

string : of ¢l ai 16 to 18, the
net hod p%%rlgtﬁa T(gidee gﬁ %ﬂ%%q?e%mg&égﬁslfrvaelc *Oﬁfﬁg Pp%?tﬂ%%%iﬂ%i configured
toonprising determning a plurality of nodified
di stance paraneters for the plurality of words and
desi gﬂ%ﬁ?ﬁ@e & s b seed Ksywerds Ty a setafikepwordsr ds
sat i sdetdritfind HR¢ bAY &8 i ds; 2%
The net hodn of claim %&Qﬁg?@%@ﬁ@f%ﬁ%%%a szseed
keywoeds; #d t o be det er ni ned conprises a determ nation

of ke i ed di stance

of a al it rds with nodj
par arr&e%{t egimsnedaegl]aijsnvgﬁoﬁg%phﬁrs %‘éfgﬁecﬁli“ls]ff%’md egpss@apociated with

thofitst aed second most similar keywords.

22. Apparatus for classifying a keyword in a keyword class, the apparatus 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;

determine 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.

23.  Apparatus for determining a keyword in a set of words, the apparatus being

configured to:
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21. Apparatus for defining a keyword class vector, the
apparatus being configured to: determ ne a set of seed

waeoso9dss from a set of keywords; determ ne fiPGL/S@A7/000044

second nost simlar keywords fromthe set of seed
keywor ds; and determ ne a cl agd vector fromfirst and
second keyword vectors associated wth the first and
secondsyiss & distawce garaisienderdsfitspwordap the wordsset,ahe distance

Asid v . ke d in.a keyword class, the _

ppar g\%ruds? E}‘%‘éiﬁh‘gﬁ %@ﬁ# Wﬁﬂdr@%a?%:fpgc}g?@rWPﬁége& simlarity
for apaspaaiodumestfor anscagkaiead thé fikkt WoR] fayuaschnnt:h
reference,to a plurality of class vectors, each class

vect oMPRAIdeAtIgaton0f 3B joaeustenes aktbe figgveardiim theglogwwent, modify
Shdiika cecﬁa?éﬁ MECHQr of the plurality of class vectors
f .

romthe simlarity determnation; and cl assifying the
keywongon determinstiorsihainaiifiel dssn@smeahatedtiviidsh thighold

mast. sim|ar c]ass vector. 23. Apparatus for
&E‘feé]loﬁ’i‘?ﬁJS’rgé‘atﬁt %y@gi/@se}lppyg/og t of words, the apparatus
bei ng configured to:assign a distance paraneter for a
first word in the word set, the distance paraneter
dési giwprratpsaonfigeied woexkcuiesheameofl o6 any becluinsol ©0;
parse a docunent for an occurrence of the first word
in the docunent; upon identification of an occurrence

0b. t he\ ddnfisilterV2é graiprofieet HREHEBAhputBPE deXtdrB®idicdh 30 R fining
par anet er; and upon determ nation the nodified

diksysprdeclassr thaeemputsneadsbieing canfigired kesl d criteri on,
i J . 4 t us
desig H@t%ﬁlal‘il?% Y5 k%r\]ué)?gs\/\@%rg 3 s%? ofal'cr?ésl %%c?s

configure execute 0 \ ¢laims 1 to
20. 2Beternioe fipsttaad sqond nest gmdldikdywiadd fEMABEFE 0B Eeed
ﬁode atorgd t hereon for defining
eywords; an
determine a class vector from first and second keyword vectors associated with

the first and second most similar keywords.

26. 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;
determine 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.

27. A computer program product having computer code stored thereon for
classifying a keyword in a keyword class, the computer code 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;

parse a document for an occurrence of the first word in the document;



a keyword cl ass, the conputer code being configured

to: determne a set of seed keywords froma set of
woeoso9ds4s deternmine first and second nost si nPCEHEG2007/000044

keywords fromthe set of seed keywords; and determ ne

a class vector fromfirst and23econd keyword vectors

associ ated with the first and second nost simlar

keyworgen idestifigetion m an eccyrenge afithp fivstweurd athieripcument, modify

red thereon for classifying a keyword
o BB AR e

t he computer code being configured

to: deperf detegnifatidnnthb iddifled dibtadcdqRYMEEE 486 Y a threshold
associated with the keyword with reference to a

Grigrion; depiggate the;werd asa kgyavordach cl ass vector havi ng
an associ ated cl ass; determne a nost simlar class
vector of the plurality of class vectors fromthe

8Bmi | & camypudetprogramairddurt havidg compsief odeGtdrb® tHeeavndollexecuting
i,n a t siw%lgﬁ cIas; associated with the nost
thempthpd of ayofiplaims L 029, A conput er program pr oduct
havi ng conputer code stored thereon for classifying a
keyword in a keyword class, the conputer code being
configured to: assign a distance paraneter for a first
word in the word set, the distance paraneter
designating a first word distance fromthe word set;
parse a docurent for an occurrence of the first word
in the docunent;upon identification of an occurrence
of the first word in the docunent, nodify the distance
paraneter; and upon determ nation the nodified

di stance paraneter satisfies a threshold criterion,
designate the word as a keyword. 28. A conputer
program product having conputer code stored thereon
for executing the nethod of any of clains 1 to 20.



