System for Recognising and C assifying Naned Entities
Field of the Invention The invention relates to Naned
WEraosHg44Recognition (NER), and in particul ar tBCT/SG2003/000299
automatic |earning of pattefns. Background Named
Entity Recognition is used in natural |anguage
processing and informatio 8trLevaI t ecogni se
names ( NawslmHer Regognisingand Classi Named Enjtig
classify the names within predefined categories, e.g.
"person nanmes", "location nanmes", "organisation
Fieldhafiths Invehtla es”, "ti nes", "percentages", "noney
anounts", etc. (usually also with a catch-all category
"others" for words which do not fit into any of the
g e h , Nt Cional. .
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automhiic leaming eftpattespeci fi ¢ ki nds of information froma
docunent. Wth Nanmed Entity Recognition, the specific
information is entity names, which forma main
Bac nent of the analysis of a docunent, for instance
or dat abase searching. As such, accurate namng is
i nportant. Sentence el enents can be partially viewed

in r uestd.on sych_as e "who" 6 "where; .
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seguenc€ of wdrds, an-1 deographic character or "a
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Ent it cognition can be the first step.in a chain, of
categoriGee &E&n %%mmt%hﬁaalﬁ@gm&?se Flefsaartf telggmafionsiaction,
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relationship using a verb. Further processing iIs t
Recoghitiont the dpeiibe mforndaéionis entidy hdrnes, whiduieshiaomsn tomponent of

answer uch a he "what" ,and "how'. .of text. It is .
the ISR G o ISR SOD B o on A RB BT e e Ao gtk Aeykate Raming
is impy®atm Wi t h reasonabl e performance. However, there are

still many inaccuraci es and anbi guous cases (for
i nstance, is "June" a person or a nonth? Is "pound" a

o Sce Sl G b8 YA Il Rt 5 W R T e

“whdISAWhere”, “how much”, “what” and “how” of a sentence. Named Entity

Recognition performs surface parsing of text, delimiting sequences of tokens that answer
some of these questions, for instance the “who”, “where” and “how much”. For this
purpose a token may be a word, a sequence of words, an ideographic character or a
sequence of ideographic characters. This use of Named Entity Recognition can be the
first step in a chain of processes, with the next step relating two or more‘NEs, possibly
even giving semantics to that relationship using a verb. Further processing is then able to

discover the more difficult questions to answer, such as the “what” and “how” of a text.

It is fairly simple to build a Named Entity Recognition system with reasonable
performance. However, there are still many inaccuracies and ambiguous cases (for

instance, is “June” a person or a month? Is “pound” a unit of weight or currency? Is



The ultimate aimis to achi eve human performance or
better. Previous approaches to Naned Entity
WRe@sHeH4P0 on constructed finite state patternsPCT/SG2003/000299

manual | y. Using such systens attenpts are nade to
mat ch these patterns again a sequence of words, in
much the sanme way as a general regul ar expression
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Mar kov Mbdel tends to be better than that of the
systegpsase Raintpaednihey daewedkmvitswellhi s i s possibly the

ability of a H dden Markov Model to capture the

| ocality of phenonena, which indicates nanmes in text.
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(iii) ddession teeasnandfirgtiliddemMarkoardoddiachi ne Lear ni ng
(Special Issue on NLP); MIler S., Crystal M, Fox H.,
Ranshaw L., Schwartz R, Stone R, Wischedel R and

t NBRnDAR ek apProfFHRE Pthe &¥88atidRBNfoR8asde! ditd udeh Mdiov Model
SI FT system as used for MJC MJC- 7. Fali rfax,
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., Lot
Vl’fﬂ%b%‘%t)l’f;hvumwwng thegik-clasy st searcs Paul . 1998.
Description of the Kent Ridge

Various Hidden Markov Model approaches are described in:

Bikel Daniel M., Schwartz R. and Weischedel Ralph M. 1999. An algorithm that
learns what's in a name. Machine Learning (Special Issue on NLP);

Miller S., Crystal M., Fox H., Ramshaw L., Schwartz R., Stone R., Weischedel R.
and the Annotation Group. 1998. BBN: Description of the SIFT system as used for MUC-
7. MUC-7. Fairfax, Virginia;

United States Patent No. 6,052,682, issued on 18 April 2000 to Miller S. et al.
Method of and apparatus for recognizing and labeling instances of name classes in textual
environments (which is related to the systems in both the Bikel and Miller documents

above);



Digital Labs systemused for MJC-7. MJC-7. Fairfax,

Virginia; United States PatentNo. 6,311,152, issued on
wWQ@Sosaber 2001 to Bai Shuanhu. et al. SystenmPdD8G2003/000299

Chi nese tokeni zation and nayed entity recognition,

whi ch resol ves naned entity recognition as a part of

word segnentation (and which is related to the system
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Chunk Tagger", nentioned above. Summary According to
one aspect of the invention, there is provided a
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patterns in a pattern |exicon conprising a plurality

of initial pattern entries with associ ated occurrence
Summaghyenci es, the method conprising: identifying one or

nore initial pattern entries in the lexicon with | ower

occurrence frequencies; and relaxing one or nore

coAstardingtts ont akpedt of thedhventien, theretiberiovdésd 4 hictitbdosfback-off

. re initial ,pattern entries to broaden the . .
modljpe oxgisedf e PRURIFLBHCB 8 doleKiGP@PTHRe: ' apdaifigkpptiem
entrye Hoh & AGEOTElaRfhg! BndIR1 RoANCHIRRIAS gfrhe Ofnittdi€pattern entry;

invention, there i's provided a system
determining if the pattern entry after constraint relaxation has a valid form; and moving

iteratively up the semantic hierarchy of the constraint if the pattern entry after constraint

relaxation is determined not to have a valid form.

According to another aspect of the invention, there is provided a method of
inducing patterns in a pattern lexicon comprising a plurality of initial pattern entries with
associated occurrence frequencies, the method comprising: identifying one or more initial
pattern eniries in the lexicon with lower occurrence frequencies; and relaxing one or more
constraints of individual ones of the identified one or more initial pattern entries to

broaden the coverage of the identified one or more initial pattern entries.



recogni sing and classifying nanmed entities within a
text, conprising: feature extraction neans for
weasactsbing vari ous features fromthe docunentPCT/SG2003/000299

recognition kernel nmeans to, recognise and classify

named entities using a Hi dd&n Mar kov Model ; and

back-of f nodel I'ing nmeans for back-off nodelling by

c odscomling toraghimenotien asppctiefthe witentidatthers papseited s system for
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named entity recognition, wherein the ure sets are
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Lptroduction to.t Dr awi. n The jnvention.is, furthet
modglibe Pl B 8y AT Rty arola Spraicy o, desl Sith data
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Figure 1 is a schematic view of a named entity
recognition system according to an enbodi nent of the

in 1490, ;- Fi ' I [.agr r.el at i. t n
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whetgin @'ﬁé%?gWﬁéﬁftS aggy arganged Ripgarehielly tpialgwdondata sparsqngss.
diagramrelating to deternmining a | exi cal conmponent of
the Hi dden Markov Model of an enbodi nent of the
Intrddootéont iodhe DFivginge 5 is a flow diagramrelating to
rel axing constraints within the determ nation of the
| exi cal conponent of the Hi dden Markov Model of an
entyagiivRifionhs fdlier dBY@Ibea B9 wad W HbA MG v Sxdmplb Mih
diagramrelating to inducing patterns in a pattern
refergiest to dhragopompamnng dtsvdigsein whichthe i nventi on. Detai | ed
Description According to a bel ow descri bed enbodi nent,
a H dden Markov Model is used in Named Entity
ReBipgrd 1 {stischéiic vielki 0Ta afid @afSiread gilitidrelydéat 4@Brding to an
principle, a pattern induction algorithmis presente
emb?q‘inleﬁ@ﬁth%ﬂprﬂgo%r ocess to induce effective patterns.
The

Figure 2 is a flow diagram relating to an exemplary operation of the Named Entity

Recognition system of Figure 1;

Figure 3 is a flow diagram relating to the operation of a Hidden Markov Model of

an embodiment of the invention;

Figure 4 is a flow diagram relating to determining a lexical component of the

Hidden Markov Model of an embodiment of the invention;

Figure 5 is a flow diagram relating to relaxing constraints within the determination
of the lexical component of the Hidden Markov Model of an embodiment of the

invention; and



i nduced patterns are then used in the recognition
process by a back-off nodelling algorithmto resol ve
W0 b@saef490 spar seness probl em Various feat ur esPEr/8G2003/000299
structured hierarchically to facilitate the constraint
rel axati on process, hi thi s5vvay, the data sparseness
problemin naned entity recognition can be resol ved
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b t erformance and better portability can be
At of thp deatian.i s a schematic bl ock di agram of a
namsd entity recognition system 10 according to an
enbodi ment of the invention. The nanmed entity
Detailed dipneription syst em 10 i ncl udes a nmenory 12 for
receiving and storing a text 14 input through an
in/fout port 16 froma scanner, the Internet or sone
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i n the,.form
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In Named Entity Recognition a text to be analysed is input to a Named Entity
(NE) processor 20 to be processed and labelled with tags according to relevant categories.
The Named Entity processor 20 uses statistical information from a lexicon 24 and a
ngram model to provide parameters to a Hidden Markov Model 22. The Named Entity
processor 20 uses the Hidden Markov Model 22 to recognise and label instances of

different categories within the text.

Figure 2 is a flow diagram relating to an exemplary operation of the Named Entity

Recognition system 10 of Figure 1. A text comprising a word sequence is input and



text chunking process, involving dividing sentences
i nto non-overl appi ng segnents, in this case noun
wW@booa®es90 Det er m nati onof Features for Feat ur ePGESGXI08/000299
t oken sequence G (G' = g g2 -~gn ) is the observation
sequence provided to the Hi®den Markov Model, where,
any token gt is denoted as an ordered pair of a word w
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[ : [ 0 .
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OP“IF%E%?eélél?nG?ﬁ'LeESF%dse‘fPSré}Slnﬁgg? NitEi aledrfhsting wi t i n t he
word and/or word string to capture internal evidence
whil e external features are derived within the context
t oAakeptrihed embiodinaat o&ihi devention NbasdBMM-baseiditagdieg to model a
i.nternal and.external .f.eatures, including the words .
toxt (R B e RS R R B R iR el T o e By esin
this @By n6kat ghrafesr seness probl em and can be represented by
any node (word/feature class) in the hierarchical
structure. In this enbodinent, two or three-|eyel
st Kyg, [ I ad. , the hierarchical
stlr)ﬁ‘f jf@ﬁ%ﬁ ﬁ%{?%]fek %%fe?g%?ﬁg{ (A) Internal features
The enbodi nent of this nodel captures three types of
internal features: i) f 1. sinple determnistic
i nTlkg tokkn feqreneeeGdiG the, syor ds,) 1§ e dbs@vatiomseguense provided to
semantic feature of inportant triggers; andiii) / 3 :
the Hiddeay MarkoyaYledelewherpeanyitioken ig) i dandted ashan tralsied pair of a word
feature exploited in this nodel and organised into two
w; ifself @nd its rrplated patirecichés es, 9 /1. e > olbe Teasure|sehisegathered from
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simpheydgiermainistis IppPUtatinn "@a‘iB‘Pt‘é(Pl%safl /8hyorflinstfipg ik eappropriate
' : . : . Sinple
co o R LR BPAPUL e G e A Eent
Lower Level Exanple Explanation Hierarchical feature f

1 The feature set of a word includes several features, which can be classified into
'internal features and external features. The internal features are found within the word
and/or word string to capture internal evidence while external features are derived within
the context to capture external evidence. Moreover, all the internal and external features,
including the words themselves, are classified hierarchically to deal with any data
sparseness problem and can be represented by any node (word/feature class) in the
hierarchical structure. In this embodiment, two or three-level structures are applied.

However, the hierarchical structure can be of any depth.
(4)  Internal features

The embodiment of this model captures three types of internal features:

i) f': simple deterministic internal feature of the words;

ii) f?: internal semantic feature of important triggers; and
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punctuation. ii) / 2is orgéni sed into two levels: the
small classes in the |ower level are further clustered

into the big cl assesCdse the upper lwel, |agySbpialisdd Word

Table 2 Table 2: Feature f 2 :{the semantic
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ii) f? is organised into two levels: the small classes in the lower level are further

clustered into the big classes in the upper level, as shown in Table 2.

Table 2: Feature f*: the semantic classification of important triggers

Upper Level Lower Level Example Explanation
NE Type Hierarchical feature f> Trigger
PERCENT SuffixPERCENT % Percentage Suffix
MONEY PrefixMONEY $ Money Prefix
SuffixMONEY Dollars Money Suffix
DATE SuffixDATE Day Date Suffix
WeekDATE Monday Week Date
MonthDATE July Month Date
SeasonDATE Summer Season Date
PeriodDATE - PeriodDATEI Month Period Date
PeriodDATE - PeriodDATE2 Quarter | Quarter/Half of Year
EndDATE Weekend Date End
TIME SuffixTIME a.m. Time Suffix
PeriodTime Morning Time Period
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tTty ty e tengthio Tane (W
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ORGed ent iSuffitORE -CSﬂfﬁxORE}CSJﬁovm I nLidabl °C%mp'5ﬁi3t\hrr%28ufﬁx

Feature‘l_s____the_J_nl_eLnaJ__%a eer feature (G —
G obal |gaS@KORG - SHAXORGAersengt W6 t he GeicBeganisation

named entity) Upper Level Lower [Level Expnpl
H erarchical feature / 3 DATEG DATEGwn Chfi st ?rNa%EaD%&&

NUMBER? PERSONG VERp@Nah Bi || Gatles: SRERSON@Rhddal NGibéts
Bei j i ng—LOCE—ORGG-ORGG-United Nations: ORG2 [/ 3 is

gathered from varPsligall ook-up gagett®brs) | Osdigalgfumbers
5] S Of  PeT SO o &@né@'arl oTTS [T ORgtTons ﬁluf)egluu

I nds of named entities. This feature def er ni N6s’

whet her and how a named entity candi date occurs in the
gazetteers. This feature applies to both Roman and

i def g im this omdaryog gdisldert Bylatkev dindélf isabase@nTHe rationale that

enbodj nent of |s node] captures .one type of external
impogtagt tiiggersiagg use for pamed eniity greogpitipa éné g2 b glassified according

to their semantics. This feature applies to both single word and multiple words. This set

of triggers is collected semi-automatically from the named entities themselves and their
local context within training data. This feature applies to both Roman and ideographic

languages. The trigger effect is used as a feature in the feature set of g.

iii) f* is organised into two levels. The lower level is determined by both the

named entity type and the length of the named entity candidate while the upper level is
determined by the named entity type only, as shown in Table 3.

Table 3: Feature f°: the internal gazetteer feature

(G: Global gazetteer; and n: the length of the matched named entity)

Upper Level Lower Level Example
NE Type Hierarchical feature 73
DATEG DATEGH Christmas Day: DATEG?2
PERSONG PERSONGn Bill Gates: PERSONG2




iv) / 4 is the only external evidence feature captured

in this enbodi nent of the nodel. / 4 determ nes
wobk@sherd@and how a named entity candi dat e has PCT/8G2008/000299

inalist of named entities al ready recogni sed from

the docunent. / 4 is organi]soed into three levels, as

shown in Table 4: 1) The lower level is determ ned by

naned &Ity type, the | di@gC&rof nanmed ent iBejing: LOCG1

candidate the length of the matched naned entity in

the (QGni sed 1ijst and GROREt ch type. UniteindationssdPRGG2

revet—Ts determned by maned—entity—type—and—whether
it is a full match or not. 3) The upper lever is
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fo boﬁggg#a%x%g%(feég@%lgéﬁ%?%% Level Level Hierarchical NE

Type Match Type feature / 4 PERSON PERI PERI | dentn

BiLﬁ% Ga@;: Full identity person Full Match PERXI dent 2

natfdBIeRAI 6 G D. zHOU: Person acronym for

PERXAcr 03 "@uo Dong ZHOU' PERL PERI Last Nammm Jor dan:

Personal | ast nanme Partial Match PERXLast NanR1 f or

" M ehemabodimenizof thiPBERIdE] captuianhons tybe bbetternlefestoreal

fiyst n PERXFi r st NanR1l for "M chael Jordan”
1rv§ %m:aextema discourse feature.

(B)

iv) f* is the only external evidence feature captured in this embodiment of the

model. f* determines whether and how a named entity candidate has occurred in a list of

named entities already recognised from the document.

f*is organised into three levels, as shown in Table 4:

1) The lower level is determined by named entity type, the length of named
entity candidate, the length of the matched named entity in the recognised
list and the match type.

2) The middle level is determined by named entity type and whether it is a
full match or not.

3) The upper lever is determined by named entity type only.

Table 4: Feature f*: the external discourse feature (those features not found in a
Lexicon)
(L : Local document; n: the length of the matched named entity in the recognised list; me:

the length of named entity candidate; Ident: Full Identity; and Acro: Acronym)
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Jordan”

ORG

ORGL
FullMatch

ORGLIdentn

Dell Corp.:
ORGLIdent2

Full identity org

name

ORGLAcron

NUS:
ORGLAcro3

Org acronym for
“National Univ. of

Singapore”

ORGL
PartialMatch

ORGLPartialnm

Harvard:
ORGLtPartial21

Partial match for
org “Harvard

22

Univ.

LOC

LOCL
FuliMatch

LOCLIdentn

New York:
LOCLIdent2

Full identity

location name

LOCLAcron

N.Y: LOCLAcro2

Location acronym
for “New York”

LOCL
PartialMatch

LOCLPartialnm

Washington:
LOCLPartial31

Partial match for
location
“Washington D.C.”

f*is unique to this underlying Hidden Markov Model. The rationale behind this

feature is the phenomenon of name aliases, by which application-relevant entities are




Thus an article on Mcrosoft may include "Bill Gates",

"Bill" and "M. Gates". Normally, the full personal
wo008/06490ment i oned first in a docunment and | at B€T/SG2003/000299

menti on of the same person is replaced by various

short forms such as an acroiym the last name and, to

a |l esser extent, the first nane, or the full person
referraim®. indnath evayesthratighbutcallgtvenasse. i Bedamse o€ abigi ghendhénon, the

various forng of organi sational_ nanmes. For various .
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[ ong woNGENge JPrioB RN RO ESAERE i N & Phe New York” and
processiNy. PrIcaqs ey &kt BRndianRd a Batidl Mnﬂftf&ihi§§ %o used, e.g.

the naned entities already recognised fromt
docunmentWashingiont vdl “WashingiostD.C1'%. t he system

engount n ity.candjdate.(e.g...a word or
sethonc ng pIATER Bidatis? 1AL srfisrbrabiRal prgfernames.
t he aboYeushairartitld as Micesbfithay ikhideVvakHdGhesdeBAThAE “Mr.
dynami cally if the named entity candidate m gﬁt be an

al i as f&ates plesmallys the bl petsand agmedsmenfiongdeirst in a document
recogni r [

i o1 earre ool e BEpR AT I B3 A hort forms
| anguageshke an exanphetheilist nee dad,gdiarigsspr @a@s sthe first name, or
encount rmhe word "UN', the word "UN' is proposed as

an enti&? RESUAYPat e and the name alias al gorithm

| S4y NV OkR e GPEGHt dabe 1918 r8Qoise WY virfoudTothd @isoxgglli@ational
recogni sed entity nanme by taking the initial letters

of a r eoaggs skt ewious Jomrenesf, confpahymatmes, ddmsidens)' “Intergaiional

or gani sgt i.on tit ne, recognj.sed_earlier, i.n the .. ».
docurren?‘,m?ef’? %:hﬂyes gaﬁ‘p‘i’s I&S’?@t‘?ﬁ g&S’é‘SSﬁH&%}lﬁl@és apd “IBM”;
" Uni t edpNaiAtianise Richiield h@oﬁf/ﬁh@i”n ahd ”@G{@OU.‘I\J/nMWhlally, various

feature ORG2L2. The Hi dden rkov Model (H
abbreviated forms (e.g. contractions or acronyms) occur and/or the

company suffix or suffices are dropped. For various forms of other
organisation names, consider a) “National University of Singapore”,
“National Univ. of Singapore” and “NUS”; b) “Ministry of Education” and

“MOE”. Normally, acronyms and abbreviation of some long words occur.

During decoding, that is the processing procedure of the Named Entity processor,
the named entities already recognised from the document are stored in a list. If the system
encounters a named entity candidate (e.g. a word or sequence of words with an initial
letter capitalised), the above name alias algorithm is invoked to determine dynamically if
the named entity candidate might be an alias for a previously recognised name in the
recognised list and the relationship between them. This feature applies to both Roman

and ideographic languages.



The input to the H dden Markov Mddel includes one

sequence: the observation token sequence G The goal
wo@toosietsbh dden Mar kov Model is to decode a hi dPETSG293/000299

sequence T given the observation sequence G Thus,

gi ven a token sequence G1" B gg2gn, the goal is,

usi ng chunk tagging, to find a stochastic optiml tag

sequence T " =t t ~-t n that maximses P(T" G"

L oFE St i hediofing, ploossdSnpbiiets the s MY géhﬁo;d “ON®
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P(Tf) - P(G?) nut ual information between T' an
withdhqypitemhgl maso contpxitliaatiesOBG2LRi s item nut ual

i nformati on i ndependence (that an indi vi dual tag is

only dependent on the token sequence G " and

un@e@mmmfmwmeézmml n the tag Sequence T n)
is_assuned: M( (2) T

Pf £ hegnpuy to;_*ol\q@ Hrlqden El\@rkyv ngiet 1nclu§1eslor)e s,quqsry;e nt@e observation

ok BT Fhy b BB s ASE Il i

sequeigFY ivati the@bgrvatidnagRGdike ). - Thsp@iRéia tokeaGediehed GL" )
(4) ;=1 =1 Thus the aimis to maximse equation (4).
= g,8, """ &, the goal is, using chunk tagging, to find a stochastic optimal tag

sequence 1" =t,¢, ---¢, that maximises

P, G)

log P(T}" |G1') = log P(T") + log——21291)
1 19 gP(Ty") gP(TI")-P(GI")

)
The token sequence G;" = g,g, -+ g, is the observation sequence provided to the Hidden

Markov Model, where & =</i>Wi > Wi {5 the initial i-th input word and Ji isasetof

determined features related to the word 7. Tags are used to bracket and differentiate
various kinds of chunks.

PI,GY)

The second term on the right-hand side of equation (1), log - —,
PT")- P(GY)

mutual information between 7;" andGy'. To simplify the computation of this item, mutual
information independence (that an individual tag is only dependent on the token sequence

G’ and independent of other tags in the tag sequence 7}" ) is assumed:

M[(]}”,G{’):EMI(Q,G{’), (2)

P, GY) = 3iog L0 -

PIT")-P(GY) = P(l‘,-) - P(GY)
Applying equation (3) to equation (1), provides:



The basic prem se of this nodel is to consider the raw
text, encountered when decodi ng, as though the text
whawspesised t hrough a noi sy channel, where thePtE6G2003000299
been originally marked wi th Naned Entlty tags. The aim
of this generative nodel isl4o generate the origina
Naned Entity tags directly fromthe output words of
the noisy channel . This is the reversepfsthe
generative nbgéi(TéisGu)sebbgR(ngﬂﬁeZdbg{—he—H—éde Mar kov
Model related prior art. Traditiienal P bdeé i Nar kov
de] s assune conditional probability independence.

r, the assunption of equation (2) is |ooser than
this traditional assunption. Thissall ows the node
usedlogd(&” | 6 xpgP (i) e X.d08 BYH) i Milog ity [GP) to  (4)
determne the tag of a ctirrent token. Figure 3 is a
fl j peration of a Hi dden
Nh?ﬁ%%bﬁggg%hégﬁgﬁ&ggbggﬁﬁﬁg?fof the invention. In
step S102, ngram nodelling is used to conpute the
flrst termon the right-hand side of equation

R T S copsidiet the raw fext; e gihen
d“"&ﬁggi‘g Sobgife BaRE bESE Bbel ol Uradl Bl Bl d b had been

ongmadl}t maiked avithodahed Enhtyst@sl |’Thd aire ofthis g‘@erdmiettﬁndeﬂlstter m
he ri - ha s' uation (4 SlO8
geneiie JoeGriE TR e s el g ey i s rers Sidh BRRY

chanf8). tigs 1 'ﬂ%‘ltevaéé‘ or b %@néi%tl\%clﬂé‘&él ‘39 udein SMEE BF gae Hldden

equation (4), the first termon the right-h
Markoeg#odd r§lated miob art.c draditicad] Hiddap pMarkergMoldals rassumeewnditmnal

probo s B AR ARGy Py G5 dReBmtid TRbac @i donoet g i

tradlﬁoﬂén buhpRigHAThRAIOHY the H6de @saTbré & dPpBmbRecontext
ht -hand side, log P(tt), is the summation of | og
inforg BA feterneige B tag o 3 pranhigkondual tags. This term
can be determ ned using a uni-gramnodel.n Wthin
equation (4), the third termon the right-hand side,
I o@g@fé 3 1Sh flow diagtanc el atimgpo ltlszoptemtiohe)f AlHddeal farkov Model of
onent dj ctionary) of the tagger. G ven the above

an erp.]p @ﬁnq\;g}t SMVRHEY | Insigp SPQQZ,&%@;% n%%iﬁa}nlgés used to compute the
first term on the right-hand side of equation (4). In step S104, ngram modelling, where n

and

= 1, is used to compute the second term on the right-hand side of equation (4). In step
S106, pattern induction is used to train a model for use in determining the third term on
the right-hand side of equation (4). In step S108, back-off modelling is used to compute
the third term on the right-hand side of equation (4).

Within equation (4), the first term on the right-hand side, log P(7}"), can be

computed by applying chain rules. In n~gram modelling, each tag is assumed to be

probabilistically dependent on the N-1 previous tags.

Within equation (4), the second term on the right-hand side, Zlog P(,), is the

i=1
summation of log probabilities of all the individual tags. This term can be determined

using a uni-gram model.



tokeng, =<f,,yv, > where w=ww2-wn is the word
sequence, F1" =f 2- nis the feature set sequence and
W0 2005i064490 set of features reI at ed with the worBCEEG2003/000299
Further, the NE-chunk tag, , Is structural and
i ncludes three parts: 1) Boléndary category: B = {0, 1,
2, 3}. Here O neans that the current word, W,, is a
whol e entity and 1/2/3 nmeans that the current word,
WL, is at the beginning/in the mddle/at the end of an
en p | n
Wd{}%fn '%gen (1)<%ne hgﬁéc lltﬁéflgds ¥er1;12)nﬁ BRL | 1{1%’ht %%& gs?c{e\,’ 3ﬁog %(} ¥GH,
Feature set: F. Because of the I|mted nurrber of
corrdspomiddo yhediekienlt conppawne@mtionsry) vhithefizgetre set is
added into the structural nanmed entity chunk tag to
represent nore accurate nodels. For exanple, in an
| NGiealthd ARME Hi8dn Markov MJdR8 tfbd MEECHuAK tdg3fcomm
Research .. .", there exists a hidden tag sequence (to
be decoded by the NarielenEntk tfy wppocessor) "... 1 _ORG *
2 ORG *2 ORG * 3 ORG * (where * represents t he
Wherﬁ:erq’(‘ Hi@woS etvn £9 the Meoré seqhibmss it utig; - gris nf featoraset sequence and
Research” is the entity nane (as can be constructed
f; isfa sirof featunésddedt with the gredog) ,
“Institute"/"for"/"I nfocomi'/"Research" are at the
begi nni ng/in the mddle/in the mddle/at the end of

caf Wy N B4 4B Pl oS e

sequential tags tt_x and ti wi thin the Boundary
Category, BC, and the Entity Category, EC These

cons Boundiry categosNBMA {01, Dabh ebre OMMRHS: thiathe dirrBBaRsd, w,,
the tag sequence tt_t, is valid, "Invalid" neans the

tag sequemoRrt kntity, ands 12/ ahéams tiié]td theVatiréht OWordyeansis at the
the tag sequence t is valid as long as ECL = E C1
(t hatbegigninigén BE mhldle/at the endtdfensatity mend, lr@p&(ﬁvhlyr t,

et ween int, 01

) -~ Tabl. nts t

'Y BEUn RN EoVar 6 PR RRAS b TR et o

| nypRlfeguMalsbel BN BYadusel @Mthe limited number of boundary and entity
categories, the feature set is added into the structural named entity chunk tag

to represent more accurate models.

For example, in an initial input text “... Institute for Infocomm Research ...”
there exists a hidden tag sequence (to be decoded by the Named Entity processor) “...
1_ ORG_* 2_ ORG_*2 ORG_* 3_ORG_* (where * represents the feature set F). Here,
“Institute for Infocomm Research” is the entity name (as can be constructed from the
hidden tag sequence), “Institute”/*for”/“Infocomm™/“Research” are at the beginning/in
the middle/in the middle/at the end of the entity name, respectively, with the entity
category of ORG.

There are constraints between sequential tags ¢, , and ¢, within the Boundary

Category, BC, and the Entity Category, EC. These constraints are shown in Table 5,

where “Valid” means the tag sequence ¢, | f; is valid, “Invalid” means the tag sequence



2 Invalid Invalid Valid on Valid on 3 Valid Vvalid

Invalid Invalid Back-Of Mdelling: Gven the nodel
war@snbaor i ch feature set above, one probl em i BCTeG2008/000299

H conpute] Tp(t, 1G"), the third termon the right-hand

side of equation (4) nentiohed ;=1 earlier, when there

is insufficient information. Ildeally, there woul d be

t,.; sulkfieiliandnd railidi g rekahatHeke BNk ent isWhng 8s long as £C,.,
conditional probability it is w shedto calculat

EC\nlianid the @Cefoy 7,_t Rehesdnse 4sah€EY fonRYgh training data to
conput e accur at e probabilities when decodi ng new dat a,
especi al ly considering the conplex feature set
descri bed above. Back-off nodelling is therefore used
in such circunkbitedoastraint debiantj oandr,ocedure. The

H
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lﬁ(t’-} | E|1) as the probablllty of jftag tt rel atjed with
a ImenL| ﬂfh

g = Tile—[.1 atternentry |rUJ
t oken stili ng, VBt ve consve%‘lﬁ]t i ve| t ok &melidn thi s Invalid

enbodi nent.  Aavgrch tokenmgi®NT Y| a Syng &, word ; Y'cﬂﬁon
ite

assunptign only considers the context in a linmi

0
1
2 sized w rtdowInVaildt hi s| caskvalid 5 wbr dsValison s i|ndi Valiédn
3

above,—g 3 s—the current word

i tsel f aHmd £ Vah‘if | f 'é’aﬁlﬁ, :i', fIqpvaids j 4 t hdnwalid

of the Internal and external features, Tnmthis
emhodi pe ?[ur of the features, described above. For

v ent-ef PE' \Et ) is denoted as the probability
di strlbutlon of various NE-chunk tags related with the
pattern entry E1 . Conputing P( | El) becones a problem
of Gfviendihsgmedelopnd ntie fisledo@ntel yetoabyrer iong patbleni Nis how o
entr,y E, which can be used to replace P(* |El)

compwite WHA(Z, / (]} )E)the ehirdbbyn ofr0he triphS-hntl Bids eof écﬁiaﬁon (4) mentioned
enbedi nent uses a back-off nodelling approach

earhéfo %%ﬁ%eﬂg 1sr1§§\gﬁgi%5'tt01§fo {1%1 %W?}?St r\)@{ﬁt&ge ﬁ\%%lgl%gte {saining
data ofnrt tedy evertl whbae ecbnditionalt f}ﬁoﬂ)a%ﬂﬁ? TP el Bkd V\’ﬁy callilate.

whi ch the constraints could be rel axed, the challenge
Unfortgnqtg[% thgredy Eﬁr aly, WF%?WK@? taﬁéﬂllpe'@rﬁcemteq}rebﬂbylmes when

decoa_lhé SRw Qfal e &t d%ﬁﬁé tﬁ co{}lgéﬁr)]cl %eg ugg odi Eibed above.

the rel. at n proces rac
Back—off modelhng is therefore used in such circumstances as a recognition procedure.

The probability of tag ¢,, given G} is P(t,/G}'). For efficiency, it is assumed
that P(t;/G) ~ P(t, | E,) , where the pattern entry E, = 8i28,18:8:118, and P(z, IE,.)
as the probability of tag ¢, related with E;. The pattern entry E; is thus a limited length

token string, of five consecutive tokens in this embodiment. As each token is only a
single word, this assumption only considers the context in a limited sized window, in this

case of 5 words. As is indicated above, g, =< f,,w, >, where w, is the current word
itself and f; =< /7, /%, /7, ;' > is the set of the internal and external features, in this
embodiment four of the features, described above. For convenience, P(e| E,) is denoted

as the probability distribution of various NE-chunk tags related with the pattern entry E,.



manageabl e: (1) Constraint relaxation is done through
iteratively noving up the semantic hierarchy of the
W@ oeseadnt . A constraint is dropped entirely PCDRIGL008000299
pattern entry if the root of the semantic hierarchy is
reached. (2) The pattern entty after relaxation shoul d
have a valid form defined as ValidEntryForm={f, 2/ 1
1w, /,f1Wl1+1 WJl,/JV\ﬂ. >/ o+ "] -0 -
L/, " 1,7/, " - -I/>f-\ffiff+|f+2
| >Compuiing P('Jﬂ,) Jbtrcemea 3 problem) ofaBinding kari wptimal frequently
pattern entry after relaxation should have a valid
occufBRgpatitef prsd Fas Whidhi c@séaammcbtpcmpﬂﬂ@ecﬂ- /) ith (s BEY) feliably.

F4><(r)fk\(rg)%$1 %k> <fk\fk2% .

or s pu@%e,) thig>emb gqe@t stﬁe’a cleafit 19;10(1@1}1@@ @@grquh t constraint
Th th

s il BRI TSI D

are 0%1%855 1tnrg' nfacfeﬁ Vhlﬂle gg?l alLe xrvg)é&e 1? H %cg%}ee glonj r@m fs, could

near -optT'ia rring

be rél@?&f‘ &fle (?-ﬂ@?e[n qu ft@ ravgﬁn%hﬂgﬂ%l a]nflllgéeka«lffficﬁeﬁcy. Three

I scusse reference £6 th
restrietigoy eredapplibd $n p:hm eeﬁasdmmnt eﬁskeemmetrelathm pibo&ssafactable and
%%re 3. The process of Figure 4 starts, at step
Wi ththe feature set =< 1,/, 2, / 3,/, 4 > being

detgr m pefstfadit Blakat¥n W dddk r’thl%gh 1teﬁ.|t1tvg Bvﬁlg u@p B $Bmantic

in this enbodi nent occurs within th est uting
P(t /G meramhyapf ithee Sm@p‘a&‘w%o@nﬂrgm & ﬂmpphcé entirely from the

wthin oHeThrRbel oRpoLia dsiisHiaRRay  radied® ™
ser at Thy pat@émsetnﬁ@ D AelakMiord BOWH MO VMHOforY, defined as
bei ng processed to be recogni sed and nanmed, there is

assuned Valiggiodionme{tiy B g BS/M G | g uSuas 2 finfivr,
>where g; =<f i,wl > and /, =</I/L/L/, 4>.
fzw Jiats f~1W—1f ff+1W,+1, fiafialis FiafiSuas Sfifmafuzs Siwi,

Jeadis fifins fi}-
(3)  Each f, in the pattern entry after relaxation should have a valid form,

defined as  ValidFeatureForm={<f}, £, 1, [><fl,0, 1}, 0}>,
C<fL0,8, 1> <flL,£1.0,0> < f!,0,0,0>), where © means empty

(dropped or not available).

The process embodied here solves the problem of computing P(¢,/G)') by
iteratively relaxing a constraint in the initial pattern entry E, until a near optimal

frequently occurring pattern entry E; is reached.

The process for computing P(¢,/G;') is discussed below with reference to the
flowchart in Figﬁre 4. This process corresponds to step S108 of Figure 3. The process of
Figure 4 starts, at step S202, with the feature set f, =< £/, £, f’, f;* > being determined

for all w; within Gy'. Although this step in this embodiment occurs within the step for



At step S206, the process determines if El is a
frequently occurring pattern entry. That is a
waledosned4p@t i on i s made as to whether E1 has anPCT/SG2003/000299

occurrence frequency of at |east N5 for exanple N may

equal 10, with reference td8 FrequentEntryDictionary.

If E1 is a frequently occurring pattern entry (Y), at
comysilt OBzt hendtioses S168bs Fisur Bt P82 32hdhn

S Rad P(‘Y),h’l A |Ef)%ﬁlr§’l}§?g%§%%%? A Sr i ocour
at an®adl#r point within the pRRSSOIPIgE88, anshtideldeéRk4ttlnat i on is

made at step S214, whether the end of the text has

been reached, i.e. whether i =n. If the end of the

o AL AP o PRl Yo BT bl e T ks wsagind onc

ew initial ern ry, based on the,change in
namd, W I st ea AR P b o, Bodeenthen | OGBS/ > and
_frequentsl yaoccurring pattern entry (N), at step S216 a
fi‘ﬁﬁfﬁ ’gi'af%o?'pattern entries CL(El) can be generated
by relaxing one of the constraints in the initial
pattern entry E1l. Step S218 deternines if there are
anyt tep Suestthy pReesddeionfiinea it &1 i £Rbhhcpdy Wb&lhﬁﬁ% phiern entry.
constraint relaxed set of pattern entries. If there is

That 4918 deteehin@ién 16, mideeds tb Reetl@nt £ Yhds inGeeeeehcd Sreglierdy ik least
there is nore than one frequently occurring pattern

N, foRkanipletN) enafyregaalertl, mithaefurdiice 1@ a kg EeniDitionaig Nif E, is a
maxi m ses the |ikelihood neasure is chosen as Ef , in

frequehp odadOing Paced @8BSEYY, &Y StdpSS108 fHeeftosid QetsWREEE. | B the
algorithnreturns P(t, I'G') =P(t, IEf) . If step S218

algorithherciirne P, hay ) LIy ¢ ) eatled SEOLEAt bt¥p SQERUI4G" Rlincreased by
pattern entries’ in ClL(E1) , the process reverts to
one atdkep deFimindtiorrie madeuatt ey ST, i ehakér bt ¢adt 6the text has been

entries El i . be generated by. rel axi.ng one of .
reacflel eoNeERE ln% i Ba e Shilbolart bRt Py reazhg%) (Y), thgealgorithm
endsP U?ﬁ&%v’fésectﬁ@{)#o'&é’ﬁzfe%ﬁ%sﬁb s gfsméﬁatakam&%%e ia‘??&%%ﬁ%ntry,

entry s foun I'n a constraint relaxed se
basepan therahaege ini“gsin s®peS2d@nst rai nt rel axati on al gorithm

in conputing P 1ZG') , in particular that relating to

steps S216, S218 and S220 in Figure 4 above, is shown

[ f Il b | T I @Y r
Ry lstp b 4 UGy TR S L o a1

validf € Gf"géﬁérﬂ _eﬂt_‘fl‘é%’ [ BY cRAbE SERerfRl 'reﬁkinﬁtboga? oo?gtﬂcz cotsfiSints in

process Initialises’a pattern entry set

the iRIBAB bR EnfrfEaX g&é‘g?@z@a&aﬂiﬁél' 'tthQ@ O B yuethB St etrring

pattern entry se ter constrain

pattern entries within the constraint relaxed set of pattern entries. If there is one such
entry, then that entry is chosen as E; and if there is more than one frequently occurring
pattern entry, the frequently occurring pattern entry which maximises the likelihood

measure is chosen asE;, in step $220. The process reverts to step S210, where the

algorithm returns P(¢,/G/') = P(t,/ E?).

If step S218 determines that there are no frequently occurring pattern entries in

C'(E,), the process reverts to step S216, where a further valid set of pattern entries

C*(E,)can be generated by relaxing one of the constraints in each pattern entry



rel axation Com= {} (here, HUeHhOOd(El) = 0). At step
S304, for a first pattern entry Ewthin CIN, that is
wo2a5/0644@l | hood(E j ) > CLIN , a next constrai PCT/8k2003/000299
rel axed (which in the first iteration of step S304 for
any entry is the first condfrai nt). The pattern entry
E after constraint rel axation beconmes E1 ' .
of C'(Bi)t i 'Bikd ProcéBRbaties @flila GeguendToceing JaltednenGINE! is found
However, that changes over further iterations. At step
withiB3Qnstidiet Blagedss oflpitermentsss.if E1 ' is in a valid
entry formin ValidEntryForm, where ValidEntryForm =
{f _2f f 1w, / , f 1j 1+1, [ >/, +1/ +2 , [ - I/ "
>, [ - I *" - [ > ff . R, T S Py T, S W O
| Fhe Songfapint pgapation Al ju bomopting 7, /% dn ppteblar hat
. lJ r ; t oo
reatfly 43 éb 372160 52P% Bha 2700 3FERE e Js Mgk P ol ot in
Figured.id entry form the process continues to step S308.

At step S308, the process determnes if each feature
in El ' isin avalid feature set form where

Valyi d r = . , . k* | ¥
TR LA b § e Sifien, g pgsngos

: A Ey S300S ' r f
o B o A S e P B e e
consirgint elaxution d,§f =B E,,lielihovdd EY)at} adfaggttarmeergsit sef after constraint

the process continues to step S310. At step S310, the
relaxpti@c €55, ¢4} dherenklelihbodE,) =6%i sts in a dictionary. If

E3 ' does exist in the dictionary (Y), at step S312

the likelihood of E3 ' is conputed as v i Vi - nunber

of \ f f i.n E +.0.1 hkehhood(E, - e a1 .
nu‘ﬁ%eﬁter aé]‘;%é’/foz, 5 firg” patew q%/ IE}J‘ EFIthing o Lo ohat i
exist in the dictionar ., at step S3 t he ) .
< E \ kikebppodids) o€ &3 @ npst Gigét%t'r\%gt F?Ef k1é|rPlga%idQ‘éﬁ§l iy the figst iteration
Once the likelihood of E3 ' has bheen set in step S312 .
of step S&eh for qyeenbole dbs g senstigsd). wilhe petterp enty1 £ affey constraint
which the pattern entry set after constraint
relaxpiipmbegomsn 5o ditiplly, shdre iseanly epprsucheginy £4in L3 However, that
",likelihood(E 3 ") >}. Step S318 determnes if the
changes<qver BEE§E ItEr3tipns. t he | ast pattern entry E3 within

At step S306, the process determines if £’ is in a valid entry form in
ValidEntryForm, where ValidEntryForm = { fiofiafiwis JiafiWiSurs fiwmiSfinSiuas
fi-lfiwn f}W,-f,»H, f}—lwi—lf}a f;'fi+1wi+19 fi—zfi—lfia ./;‘-lf;'fm: fifi+l i+2 2 f;-W“ f;'—l i

fifia> ;3. If E;” is not in a valid entry form, the process reverts to step S304 and a next

constraint is relaxed. If £’ isina valid entry form, the process continues to step S308.

At step S308, the process determines if each feature in E,’ is in a valid feature set
form, Where ValidFeatureForm = {<fk1=fk2=fk3afk4>: <fk1:®:fk39®} >: <fk19®:®:f}c4>:

<f,f2.0,0>,<f,,0,0,0>}. If E,’ is not in a feature set form, the process reverts to



CIN. If it is not, step S320 increasesj by one, i.e.

"] =] +1", and the process reverts to step S304 for
w@omsosadnt rel axati on of the next pattern entPpPgr/E32003/000299

within CIN. If E is the |last pattern entry E3

within CIN at step S318, tH0s represents a valid set

of pattern entries [CI1(El) , C2 (El) or a further

step (830$ta!'rlé' dhedteloaxednSRt BNt TP 1§klﬁVaelzath—féaﬁ1r§ @@@Rﬁ‘m the
fromthe valid set of pattern eritries at step S

proc@B BRGNS td QefrSF1Ar gmax | i kel i hood(Ef)
<Ej\likelihood(E ')>eCouT A determ nation is rrade at
step S324 as to whet her the likelihood (E) = O .

PRSI B LR S el o
exise@&he;t@;n%azaﬂftg%%t&@%t@?é@%@g%@%c BERIET RS

- Co ut and Co ut = The pyocess then reverts to
Steps?%‘liho"‘@fé? _t en "g@frlffhmfst%(?‘t sfgdﬂr@tmé)dgh t he
pattern entr E«E]umbeﬁ% i fAithey yleretEpug Wi t,hl@vreset
CIN, starting at the flrst pattern entry. If

It EORdRE %maétq&t&tdlato%agﬁg\ﬁfaélsep@q akh/Bielinb6d 8F @Of i sgatl%

exits the process of and-reverts to step
; e where the algorithmreturns P(t t 1G") -
szelgf()og EE) o* The likelihood of a pattern entry is
determined, in step S312, by the nunber of features /
2,/ 3 and / 4 in the pattern entry. The rationale
cofree thedielilediecE  "tHaabedrhet Bestemb3 12 dreSX1dy the pfocess
i mportant triggers ( f 2), the internal gazetteer
contiheed witle step /S339, iandhidththe @xiten Batry sitaciotic@striiatielixatién £, is
4 ) are nore informative in determning nanmed entities
altered)al, f ReChptefnal', Arebordd Eof) >di gi t al i sation and
capi talisation (/*) and the words thenselves (wW). The
nunber 0.1 added in the likelihood conmputation of a
pattern try,.in step S312, to guarantee the
| i R&p .Sﬁéggeteen@%fébe WRSHTCCESt & if thq#ést@atttr@reﬁtr@ it r Yithin
occurred. This value can ¢ An exanpl e

frequent| an
Cwi Hi 1t i§@0% é%r%?e%@@ inorggses § Wyps heyt oS4 oartd%bto er%%emts to
nts in her class”". For sinplicity in this
step éi@h%r gonstigint flaErsiRn of the next paticen gt & wigin Gwis only

three (instead of five, which is used above) and only
the top three pattern entries are kept according to

h sj’Fﬂ Ii}%t%‘lg ?]a{sp]‘j"r? 211 tmﬁl@ts {@gﬁvﬁﬁ‘? CCUGLE 88 SYPY, Sil Fepresents a valid

set of pattern entries [C" (), C*(E,) or a further constraint relaxed set, mentioned

above]. E; is chosen from the valid set of pattern entries at step $S322 according to

ED = argmax likelihood(E ;")
<E; \ikelihood(E j¥><Cour

A determination is made at step S324 as to whether the likelihood(E')==0. If

the determination at step S324 is positive (i.e. that likelihood(E) == 0), at step S326 the

pattern entry set before constraint relaxation and the pattern entry set after constraint

relaxation are set, such that Cp, =C,,, and C,y ={}. The process then reverts to step



pattern entry is E =g\ g2S3 >where Si - <f \ ~
CapQt her Period,/* =PvebxPersonl,/™ =F, f =f ,wW=Ms.> g
WQ2005f0644b0 i t i al Capj Z =F, /J =PEKI LI J* =LOC\ d , WBCT/SG2003/000299
=Washi ngton> 3 </ 3 = w%rCase/* =F/ 3 3 =F/ 34
=F 3 =said > First, the 2y gorithm | ooks up the
entry E2 in the FrequentEntryDictionary. |If the entry
S304i, syHeewithd, algdrith@ndtarys Boing throegiu et pattene entrick NG, *i a3 if ey were
training corpus and the entry is returned as t he
E;, @ihin@bet € ﬁgsteﬂirﬂg)at decirst pagrpaitier if teatdétgrminan@y@rsiep S324
assum ng the entry Eis not found in

is nefatBaLERaEiwbieglth drRagrycest beFiganes ahd satitot gepSeBEof Figure
begi ns by rel axi ngthe constraints. This is done by

4, witrohsiatgpridhre retornst PEj /1) )at PEvEEy) i teration. For the
entry E2, there are nine possible generalised entries
si nce there are nine non-enpty constraints. However,

Ve RIS, YA & PGS g 5312, by e umber o
featuY@' ]f 2d fmaﬁdl 65 Al eGB! &firyale Pitiohalh@mMREM MBS fact that the
general i sed entrles are kept: U2 - | with a likelihood

semaQﬁ@‘featﬁ% ofVighpotthit @ighék glA2hond ibtedthl ahgktder fodhkd (F°) and the

i kelihood 0.34. The three generalised entries are

exterREGKkRArdeFeslateer M Nae What gbribdiRy i8Xe®imining Afined entities than
Frequent Ent ryD| ctionary. However, assum ng none of

the ihieeinl ifsatireUstddiglthigsaclon wad g2 ﬁﬁlﬁhﬂl(ﬁﬁ( Fonamd @eessrds themselves
continues for each of the three generalised entries.
(w).Afthernuimbee Ogknddal instiei ldwelipoat mp\gamm of @ pastern entry, in step

ener al i >~W2~ 3~f\
5319 R g i b ket dieaeh tuituriepyt e Pl ontP s érequenﬂy
Occuﬁggqmgl@tvaﬁ%rcgpcﬁéﬂg@nary, the generalised entry 2 - -
s retunme( i a s the optinal frequently

occurrlng pattern entry with the probability .
di st ribution Jous NE -chunk tags. Pattern
§HCF?8%€+%t 6? it enbodi ment i nduces a pattern

di cti onar yNas. mamﬁg@hlsadshezre werd 20\t ddntidter chasgTot
every pattern entry frequently occurs, with rel ated
probability distributions of various NE-chunk tags,
for use with the above back-off nodelling approach.
ThEorssimplicty inrthis lssardplet the mandovasiee firdlicpaitshyenjonie oaly three
enough to cover previously unseen or |ess

(instead of five, which is used above) and only the top three pattern entries are kept

according to their likelihoods. Assume the current word is “Washington”, the initial

pattern entry is £ = g1g2g3, where

g1 =< fl1 = CapOtherPeriod, f12 = PrefixPersonl, f13 =®, f14 =D, w| = Mrs. >
g2 =< f3 = nitialCap, {3 = @, f5 = PER2L], fo = LOCIG\,wy =Washington >
g, =< f; = LowerCase, f32 =, f33 =®, f34 =®,w, = said >

First, the algorithm looks up the entry E; in the FrequentEntryDictionary. If the
entry is found, the entry E; is frequently occurring in the training corpus and the entry is
returned as the optimal frequently occurring pattern entry. However, assuming the entry

E; is not found in FrequentEntryDictionary, the generalisation process begins by relaxing



frequently seen instances, but at the sane tine
constrained tightly enough to avoid over
w@eosed4v&at i on. This pattern induction i s useBCT/8G2003/000299
train the back-off nodel. The initial pattern
di ctionary can be easily cdated froma traini ng
corpus. However, it is likely that nost of the entries
the cdmstradtts. 0Thigtis foreduediobyingrde chesteigat ecapittatios. l]Fs»e the entry

to estimate ro abllt distribution of vario
By, thgee arguhine P%ﬁjé’tfer %‘? 5?3139 e“}"ﬁ‘é‘s SRS eFFe'ﬁF ngrea%%la?m@ﬁy °°n3tmmts
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they Skidt irbthe ﬁi@{]ﬁent‘ﬁntﬁﬁﬂmenmaryt eItdvee laysung mahé Sf fent Befound,
| eastfrequently occurring entry in the pattern

the abgvst ge@ﬁr@}u;atlona)é@c@squ’ﬁnw%for srdheofiberihaee mlewéw@d grpries. After
whi ch the constraints could be relaxed, there are an i

five ggpsorlisatiomPrasgemserthere enerarplitd; Gy Fasstibt € +#8 -afl
given entry. The challenge is how to produce a_near

with &mtppﬂkelﬁmpdé)rfn @$S@mlwﬁmye1my ip fowpddn mq@equentEnzrychtzonaiy,
intractability and maint a| ng,a rich expressiveness

the geheralispdegntnyi &3 —WihevappB o 3;@@ rprnedngs) the apbimeh dtequently
used in the back-off nodel I ing. Three restrictions are

occury patterni antryhwish eipochabiity distiitotiep of heriape ™Nf adbluslatagen
process tractabl e and nanageabl e: (1) Ceneralisation
is done through iteratively noving up the semantic
hi pradrsWaRliom constraint. A constraint is dropped
entirely fromthe entry when the root of the semantic
hi erarchy is reached. (2) The entry after

Vol fRnt T ErPRFRAY bR Sohcffbicondl B AT BRNES in which

mostAf dot, eveRy; patlerrd entr}Zfrequlanﬂy /océurs -'ded ﬂelatechtbbaElhty disthibitidns of
Z172+J) +2, Z (3) Each_Zzk
vaiogs Mecwrtwafqréwe g‘éﬂ'e% beva sk oghmaitlin eanahal T enircs

in t}Le/e@itc!i I%rfl ?e&@q,p(gf)@{al)&%eﬁ&alv@h&%ﬁeﬁ)t WERECh ATy T udseéh or less

frequently seen instances, but at the same time constrained tightly enough to avoid over

e

generalisation. This pattern induction is used to train the back-off model.

The initial pattern dictionary can be easily created from a training corpus.
However, it is likely that most of the entries do not occur frequently and therefore cannot
be used to estimate the probability distribution of various NE-chunk tags reliably. The
embodiment gradually relaxes the constraints on these initial entries, to broaden their
coverage, while merging similar entries to form a more compact pattern dictionary. The
entries in the final pattern dictionary are generalised where possible within a given

similarity threshold.

The system finds useful generalisation of the initial entries by locating and

comparing entries that are similar. This is done by iteratively generalising the least



<QQ/I> <, Il,(r), %, </;, QQQ}, where Q neans
such a feature is dropped or is not available. The
W@ 105064390 nducti on al gorithm reduces the apparBer/Bg2003/000299
intractabl e problem of constraint relaxation to the
easi er problem of finding 23 optimal set of simlar
entries. The pattern induction algorithmautomatically
frequibatlgooturEsg amey gxtae phijern dictivesy! Facabwih tla latgetinatber of ways
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modQlig8erhid atﬁstﬁ@ﬁ@tlstzﬂé %gﬂ%ddin(tﬁisgem ment g 1RE ?}%S%enfepilisation
pattern i1 nduction 1s discussed below with reference to
process draftablecind mpanageablegur e 6. The process of Figure 6

tarts, { st S402, it injtial]j.si th it .
ai 001 onGPyerERnd i5n dot e febFhmatiigt By fien gemanti
i mredi ahRlacHyedod GoRBhiner A ddtdigit ﬁrﬂroié;sedcéfﬂirél? RN ehe entry

separately and i ndependent|y beforehand. The |east
f r equenwhen thegoetrof flap semantic Biergrchshis reficbed.onary, with a

frequen bel ow @ predet.erm n l.evel . e.q..,<:.10, i

folla T it (Rl BB ER Bod Brve it iy pdeBined as
first | Vehakweroph 3R/ 400, T OF Y f80L 1Y 5, A8 fiafw,
first constraint) in"the current entry E is T'él aXed

one stegyy, at  Stepy, pA06, suel  t al s | ipe i) i th i ivzs JiWis
pr oposegi pgtlte{ﬁl e?td‘ry. §F§E Szog Eét e?ﬁgﬁé‘g ifft“i{[e2 7
proposed, congia ai pt. rel axed pattern entry E is in a
valid egrt*r:y for% in ValideEntryForm . |If the proposed

cof®t r aEmth pelimthednfratafter gererdlisytion sheoulidiave a valid ddtdre form,
entry form the algorithmreverts to step S406, where

the sandefomdstasai Wb/idFeatirsFomhaged! orfe 3t e, f ux h@, 77,0} >,
If the proposed constraint relaxed pattern entry E is

in a vakid @, >f arAl 11 e eal gor] @)®,0-9ceae% HOngh®Psuch a
S410. Step $S410 determnes if the rel axed constraint E

1 is i nfeatualsiddoprediovisendt availabe. Val i dFeat ureForm . | f

the rel axed constraint E is not valid, the algorithm

reverts to step S406, where the same constraint E' is
f . h j
TR PSRl A el BB, SPERHIA o of

constraint relaxation to the easier problem of finding an optimal set of similar entries.
The pattern induction algorithm automatically determines and exactly relaxes the
constraint that allows the least frequently occurring entry to be unified with a set of
similar entries. Relaxing the constraint to unify an entry with a set of similar entries has
the effect of retaining the information shared with a set of entries and dropping the
difference. The algorithm terminates when the frequency of every entry in the pattern

dictionary is bigger than some threshold (e.g. 10).

The process for pattern induction is discussed below with reference to the

flowchart in Figure 6.



Step S412 determnes if the current constraint is the

| ast one within the current entry E. [fthe current
w@omsosadnt i s not the last one within the curpP@nsG2003/000299

entry E, the process passe;{to step S414, where the

current level "i" is incredsed by one, i.e. "i =1 +

1". After which the process reverts to step $S406,

whépeprcess\pf @wm@ﬁtsta&tarﬁ slieniSAP2, with mltaal@mgatm pattgrn dictionary.
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C(E) , which can be unified with E by relaxation of E
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en. - 1 |
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IS no such entry, the process ends here 1s a

step Aty in the dictionary with a frequency of |ess than
the threshold, the process reverts to step S404, where
the generalisation process starts again for the next

| N$tef AN tdeitninks if heCQRFMBSonstal i€ WcSlakieheSWRbhRMhe current
each of the interpal and external features,
entry E. If the current constraint is not the last one within the current entry E, the process
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passes to step S414, where the current leve is increased by one, i.e. “i=1+ 1”. After

which the process reverts to step S406, where a new current constraint is relaxed a first

level.

If the current constraint is determined as being the last one within the current entry

E at step S412, there is now a complete set of relaxed entries C(E") , which can be unified

with E by relaxation of E’. The process proceeds to step S416, where for every entry
E' in C(E"), the algorithm computes Similarity(E, E"), which is the similarity between
E and E', using their NE-chunk tag probability distributions:

Zp(ti I E)'P(ti IE')
\/ZPZ(@ RRONEAE

Similarity(E,E') =



including the internal semantic features of inportant
triggers and the external discourse features and the
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descri bed enbodi nent provigies effective integration of
various internal and sxternal features in a machine
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digitalisation; 2) unique and effective internal
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internal gazetteer features, which determ ne whether
and how the current word string appears in the
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_entity recognition probfemi$ reso
again fohthegisstiafiggeant epry.on, vari ous conponents of the
systemof Figure 1 are described as nodul es. A nodul e,
and in particular its functionality, can be
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) software sense, a nodule is a process, program or
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use with other conmponents or nodul es. For exanple, a
| ement ed using discrete electronic
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rovidgsassitiord intlianengaithm and an effective back-off modelling approach by

‘onstraint relaxation in dealing with the data sparseness problem in a rich feature space.

This embodiment presents a Hidden Markov Model, a machine learning approach,
nd proposes a named entity recognition system based on the Hidden Markov Model.
hrough the Hidden Markov Model, with a pattern induction algorithm and an effective
ack-off modelling approach by constraint relaxation to deal with the data sparseness
roblem, the system is able to apply and integrate various types of internal and external

vidence effectively. Besides the words themselves, four types of evidence are explored:



Those skilled in the art will appreciate that the
system can al so be inplenented as a conbi nati on of
whasodnesseo and sof t ware nodul es. CLAIMS 1. A net hoTS6£003/000299
back-of f nodelling for usez'gn naned entity recognition
of a text, conprising, for™an initial pattern entry
.fromthe text: reLaxi ng one or nore constraints of the
1) simple detgrmipasticantgrnahicatprespdithe wordsngpchias caritalisatioaand
. . V. I . . i I,
e i L e
wordk;IB) intengl g@ctiteriffattrhse width éstarneine fwhethkef aid leondiercatmit word
. relaxation is ,gecterm neil, not to have a valid form_ 2.
stringrapypgts oy thequeyidehepzettess gh and 4) uparennd sHrpiivgexternal

discobifsE FHikE lel}l?}P%l%ag %éﬁ%ﬂ%ﬁénég{%??ﬁ g)f‘ e Qfastd el\/Ioretover, each of

constraint 1 at't ter constrarn
the intehabeatlieatera fehtitres, mohetingtite wardb themselveslis okghuised

o T R

{3 Rbng t;o A6ke8 bFdtgrd. f the pattern entry after
recog?:]gnstﬂgai nltnlr{el axati on has}} avalid form 3. A nethod

according to claim1 or 2, further conprising:

deter m.ni ng i f. constraint in th attern try,

2R FRVE Bateripom AREGUT Cmpnntsich D e Gl b 1 e
describe@adiodaley. UPmbdde, SRaRM phitichiaitafiflddodlity, R8n be implemented

constraint if the constraint in the pattern entry

in eithgrthardveasn ot safivrare.r b thy sefiwareissnsger Brodiiedsla pusicessoplogras, or
poﬂi%’t‘éﬁ&lg:oﬂ e 'i1g&aél§r:pteﬁo{:$§ Qg%@&u%f) flﬁqlézﬁgn 50 a:t%i Iﬂx]ln(gt?jogllsb %the

nmoving-rterativ sena
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entry after. constraint relaxation is determ ned not to
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electrgiaﬁc%g@x%rg% o eeafi 5481 & Bbiton JFGh 2KERBIBEnL YT 8idhas an
Application Spéciﬁc Integrated Circuit (ASIC). Numerous other possibilities exist.
Those skilled in the art will appreciate that the system can also be implemented as a

combination of hardware and software modules.



returning to determning if a constraint in the
pattern entry after constraint relaxation has a valid

WO 000510644900 net hod according to any one of the PCESELI0SH00299
clainms, wherein if a const ?Zl nt is relaxed, the
constraint is dropped entifely fromthe pattern entry
if the relaxation reaches the root of the semantic
hi erarchy. 6. A method &ded®Sng to any one of the
preceding clainms, further conprising termnating if a
near optimal frequently occurring pattern entry is
r eached\ ietlicipdaeekiofemotelling fodadet i@ manRHtehlity Bcoghition of a
met hod according to any one of the preceding clains,
f Getheqmprising foiandnisial tiermentoniombe fesl: pattern entry
for backs0: i [0 S I : dy
occurr ﬁ%}aQ % £ e?ﬁlng#t}%f s{ragh% cifset}ieplgiglna?p %e%ﬂ&?rtg}%’hod of
I nduci nigtep@idisg ifshd pat@rpaittseafier lcoxstain relagiondiang valid form;
plurality of initial pattern entries with associated
o®trrence frequencies, the nethod conpri sing:
| dent T foydige RSOy TBUS: doflehliBhiALELEMNEBhIshStht iftht Bhttern
| exi con w't ower” occurrence frequencies; an
r ehayiaftgr amstraint relaxetiaoissieteainited nof toi lade wivdlidforones of
the identified one or nore initial pattern entries to
broaden the coverage of the identified one or nore
i nitialp nabhed acedidge o Fain 1TBWRPEnARRN Y ReratiQely up the
claim@8, further conprising creating the pattern
| esineufic bitraceliytafdhe penstreint ticthe prdernfentypnaier ecuisiraimg relaxation

.10, A hod di .0 claims 9,
£ & BelEminetatt g el R Rdetfatal ones of i he
const r ahd¥ing €p eeeemhantid hidtardstdfehdlcoBtraings W th

simlar pattern entries in the lexicon to forma nore
conpac trelgging dhgeonsikgigbirtber; andh et hod according to

claim . SATEAC | €S . Bk .
patter %e exi gona%r e gg tedrqaeﬁ%@éﬁ]a%tﬂ%rubcf{?pgg&gossig%)l'fvéaﬂon has
wiatshiid farngi ven sim larity threshold. 12. A nethod
according to any one of clains 8 to 11, further

conprising:determining if the pattern entry after

const r gi HeroRl REHingMo BB o, bHiHePEShprising:
determining if a constraint in the pattern entry, after relaxation, also has a
valid form; and
moving iteratively up the semantic hierarchy of the constraint if the
constraint in the pattern entry after constraint relaxation is determined not to have

a valid form.

A method according to claim 3, wherein moving iteratively up the
semantic hierarchy of the constraint if the constraint in the pattern entry after
constraint relaxation is determined not to have a valid form comprises:

moving up the semantic hierarchy of the constraint;

relaxing the constraint further; and

returning to determining if a constraint in the pattern entry after constraint

relaxation has a valid form.



10.

11.

12.

and noving iteratively up the semantic hierarchy of
the constraint if the pattern entry after constraint

w0 edoaxes4pon i s determ ned not to have a val i d POF/EG2003000299
A nmet hod according to clai g%lz, wher ei n novi ng
iteratively up the semanti€” hierarchy of the
constraint if the pattern entry after constraint )
r el axatA anethed d@ioéfﬁ)lﬁg rfecenyoene of Mgy pregeding jodpimey fherein if a
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‘axing t

I gblakatiohdeddhesitibesdtiofitigsenfantib Bicpathyer n entry after
constraint relaxation has a valid form 14. A nethod

according to claim 12 or 13, further conprising:

determ pi [ rai [ t try.

after r[{]el I%)%glto ?oﬁc’&g@% %as% 4 g%eit P)g ﬁger ﬁécgﬁ%%ngya?rﬁ%’ further
| toermplising| tyrmipatidye ifse meai optilbe feqedtyly obcctifttng pattern entry is
constraint jf the constraint in the pattern entry
affﬁ@&’e‘giﬁ’@Plﬁﬁ?W@nﬂ@P@?@éﬁF%@WS deternmined not to have

a valid form 15. A nethod according to claim 14,

wherein noving iteratively up the semantic hierarchy

of t he Aomsthodi adcoiding hie @apsomeaiaft then prévedipgt chims, further

entry after constraint relaxatjon i eterm.ned not to
A9BSR PSR e dEipl PSR CHSY Moighash Qi G RRR LY & 1s ot a
h'ﬁqﬁéﬁmoc%ﬁrrh%%aﬁé}ﬁ%ﬁ?'iﬂh?le)ﬁ@dnf?‘x! ng the constraint
furthher; and returning to determning if a constraint

in the pattern entry after constraint relaxation has a

valid for 6...A,decodi rocess | arich feature ]
space CoMBIOLIMRTES RUBPCiGE g Pl Sogmmeiore & Plurality
Clofti ifRial gaBterf edtfies Avith akiciled o0& R Ehct Nruehdibs, the method
feature space conprising a nethod according to any one

OfCOBIPHFE: 8 to 15.18. A systemfor recognising and
cl assi fi&én@i@yiﬁ@%‘ﬁg of thide i%ﬁiaWptaHérﬁ Stfi& 4y the lexicon with lower

occurrence frequencies; and
relaxing one or more constraints of individual ones of the identified one or
more initial pattern entries to broaden the coverage of the identified one or more

initial pattern entries.

A method according to claim 8, further comprising creating the pattern

lexicon of initial pattern entries from a training corpus.

A method according to claim 8 or 9, further comprising merging individual
ones of the constraint relaxed initial pattern entries with similar pattern entries in

the lexicon to form a more compact pattern lexicon.
A method according to claim 9 or 10, wherein the entries in the compact
pattern lexicon are generalised as much as possible within a given similarity

threshold.

A method according to any one of claims 8 to 11, further comprising:



13.

14.

15.

16.

17.

conprising: feature extraction neans for extracting
various features froma docunent; recognition kernel

wWOore@n®64400 r ecogni se and cl assify naned entiti eBCTISGH®3/000299

H dden Markov Model ; and b?gk-off nodel | i ng nmeans for
back-of f nodelling by consfraint relaxation to dea

W th data sparseness in a rich feature space. 19. A

syst emdstEmingl thopaiesn srirgafieisepgrantaplaxgipsihag pfvalid form;
modal | i ng nmeans i s operable to provide a nethod of
back-of f nodelling according to any one of clainms 1 to

7. 20. rhoviygiteratiodg apdhagniatic hirarclBoHihe tohastiait ifde pattern
conprising a pattern induction neans for inducing

f resfyafer Pugleant Iiefax@u%t&d@m@.meéﬂot i@ hays eaiglid et di ng

to claim20, wherein the pattern induction neans is
operable to provide a nethod of inducing patterns

accor disign¢thodirgcandimgoto clainn®2,8wherelb mAdng AtesatBieBMup the

accordi ng to_anyone of cl|ai, 18 to 21, erein said |
SFPBDE HEHFRPEA thr SORKRIAL A PRIGREY dbionFuniftaint Frlaxation
t 6XHet@Gint 8ot db BERLY §;ﬁic9fonh%§?ugﬁ§é& and conprise one

or nore of: a. determnistic atures of words,

i ncl udimgyicgpp thel sematiiohiesrclyi dithatdmsagingn; b.

semantic features of. {rigger rds; c. gazetteer
f eat ur SElAxIRR g copsiraip r“ﬁ@‘g’{nﬁﬁ her and how the current

wor d  strfuffin@RPEAESihihgaf BRZMEACtY e cOnstilint GO Sfon has
features, which deal wth the phenonena of nane alli as;
aridvalid fetse wor ds t hensel ves. 23. A feature set for use
in back-off nodelling in a H dden Markov Model, during
naned entity recognition, wherein the feature sets are

ar r angednhitedaceditimbgltb ldia 12ldr a8/ fuethed@ingporspa: seness.

determining if a constraint in the pattern entry, after relaxation, also has a

valid form; and
moving iteratively up the semantic hierarchy of the constraint if the
constraint in the pattern entry after constraint relaxation is determined not to have

a valid form.

A method according to claim 14, wherein moving iteratively up the
semantic hierarchy of the constraint if the constraint in the pattern entry after
constraint relaxation is determined not to have a valid form comprises:

moving up the semantic hierarchy of the constraint;

relaxing the constraint further; and

returning to determining if a constraint in the pattern entry after constraint

relaxation has a valid form.

A decoding process in a rich feature space comprising a method according

to any one of claims 1 to 7.

A training process in a rich feature space comprising a method according

to any one of claims 8 to 15.
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19.

20.

21.

22,

23.
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A system for recognising and classifying named entities within a text,
comprising:

feature extraction means for extracting various features from a document;

recognition kernel means to recognise and classify named entities using a
Hidden Markov Model; and

back-off modelling means for back-off modelling by constraint relaxation

to deal with data sparseness in a rich feature space.

A system according to claim 18, wherein the back-off modelling means is
operable to provide a method of back-off modelling according to any one of

claims 1 to0 7.

A system according to claim 18 or 19, further comprising a pattern

induction means for inducing frequently occurring patterns.

A system according to claim 20, wherein the pattern induction means is
operable to provide a method of inducing patterns according to any one of claims
8 to 15.

A system according to anyone of claims 18 to 21, wherein said various
features are extracted from words within the text and the discourse of the text, and
comprise one or more of:

a. deterministic features of words, including capitalisation or digitalisation;

b. semantic features of trigger words;

c. gazetteer features, which determine whether and how the current word
string appears in a gazetteer list;

d. discourse features, which deal with the phenomena of name alias; and

e. the words themselves.

A feature set for use in back-off modelling in a Hidden Markov Model,
during named entity recognition, wherein the feature sets are arranged

hierarchically to allow for data sparseness.



