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AND FI ELD O: THE I N\/ENTI ON *c00002* 5 This inventi on reI ates to apparatus
for classifying docunents. Traditionally, documents which arrive at a
central location, for exanple a post roomor facsimle machi
need to be distributed to a certain destination are sorted a mmll‘mﬂmmmmmr
delivered Db hand Efforts have been rrade to automate this procegg, tor
exanpl DO NI ELASSIFECATIO U888 to provi de appar at us whi ch
identifies the desti nati on of a facsimle by applying docunent imge
anal ysi s and recognition techniques to the facsimle. US 5, Afm
provi des routing based on identification of rec| pi ent namne. mmm” ”””Hm

S . aY{as> n gat hering or pub serVIce

i . T T ' fled reci pi ent nay no
present, so that such faxes woul d not be routed automatically. Gbneral
textsclassifying systens which classify docunents into one or nore
categories have been proposed in US 5,371,807 and US 5, 675, 710. Such
syst endhisiavention relaentyl appafuscloashis§ifyiag documsdntat egy, either '
profil e-based, having a keyword/character profile for each category or
rul e-based in which category know edge is represented in the form of rules.
The systens al so use only a single know edge acquisition strategy, either

statls tfr&ﬁhbx)(ally-, documents which arrive at a central location, for example a post room or
facsimile machine and which need to be distributed to a certain destination are sorted and

10 delivered by hand. Efforts have been rbade to automate this process. For example, it has
been proposed in US 5,461,488 to provide apparatus which identifies the destination of a
facsimile by applying document image analysis and recognition techniques . to the
facsimile. US 5,461,488 provides routing based on identification of recipient name.
However, for many faxes received, for example in information gathering or public service

15 industries, information identifying a specified recipient may not be present, so that such

faxes would not be routed automatically.

General text elassifying systems which classify documents into one or more categories
have been propesed in US 5,371,807 and US 5,675,710. Such systems use dnly a single
20 classification strategy, either profile-based, having a keyword/character profile fdr each
category or rule-based in which category knowledge is represented in the form of rules.
The systems also use only a 'single knowledge acquisition strategy, either statistically
learned knowledge or user-specified knowledge to provide the knowledge base with which

text from a document to be classified is compared to provide the document classification.



L_I'ear‘h_ed know edge or user-specified know edge to provide the kmorERdp® base

W th whi oo oig¥de2from a docunent to be classified is conpar i de
t he docunent classification. 1 0 FEB 2004 WD 01/14992 PCT/%%‘/%S@@@ 2 It

is a disadvantage of the prior art syskhens noted above that they are prone
to. ms- classification and consequent m s-routing of documents, as well as
cunbersone operation. 5 It is an object of the invention to provide an

i mproved document classification apparatus. SUVMARY OF THE | NVENTI ON
According to the invention, there is provided docunent classificati.on

appar atkists 2 giadyantags Al the rigr are systams i notechehoee that theyt nec prorg & mis-
plurality of features froma docunent and a classifier operable on the

ext r actaebsifecation end congeqoereInistroating of ABAimdrs, skt EGfberasild bsdbiign mode
in which the association of a cl asg%)fi cation with the docucrl;ent |b§ ragg[g'd

increnentally to a knowl edge base or in a docunent classification node in
which the classifier, using the know edge base, determ nes a predicted
class'f&catio for the 15 docunent, the classifier being swtchable

bet wekn 1t HENARDIEE of thfeinvertion arpyide an impsoveddashmentalassiiication apparatusr med
into a feature vector for input to the classifier and the features
preferably conprise classification-associated words or phrases which may
appear in the docunent. The extracting nmeans may be arranged to provide a

nmeasur SUMMARY OF THEIRVENPIONCccurrence of the features in the docunent.
The classifier may conprise a supervised ART system preferably an ARAM

systemof the type disclosed in "Adaptive Resonance Associ ative Map", an
article by one of the FEB 200h WO 01/14992 PCT/ SG9/ 00089

According to the invention, there is provided document classification apparatus
10 comprising feature extraction means for extracting a plurality of features from a document
and a classifier operablé on the extracted features to process the document in a knowlcdge-
acquisition mode in which the association of a classification with the document is addeﬁ
inc-rémentally to a knowledge base or in a document classification mode in which the '
classifier, using the knowledge base, determines a predicted classification for the

15 document, the classifier being switchable between the modes under user control .

The features are preferably formed into a feature vector for input to the classifier and the
features preferably comprise classification-associated words or phrases which may appear
in the document. The extracting means may be arranged to provide a-measure of the

20 frequency of occurrence of the features in the document.

The classifier may comprise a supervised ART system, preferably an ARAM system of

the type disclosed in "Adaptive Resonance Associative Map", an article by one of the
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'3 p},esent i nvent ors Ah- Hwee Tan, published in "Neural Networ kst FEGoRIB No

3 pp 437-WA4H149Bo5 or an an ARTMAP system of the type di sGcog66o9/ddoddS
5,214.715. The apparatus nmay further be operable , in know edge acqui sition
mode to process a 5 plurality of traifing docunents with associ ated
classifications as a batch. The apparatus may further be operable in a rule
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of features are input by a user to the classifier togéther wt

cl assi 4462l 99NoMh gnmm&wgstﬁbyﬁggggﬁggg%ﬁgﬁg : 10_The apparat us may

further conprising a router drrange 7130 one of a
plurality of destinations in dependence upon the classification and the .
classification may have associated therewith a confidence val ue conparabl e
to a threshold, the router being arranged to nake an automatic routing or

manual IMSURRPAERENSY dwrther He penedabie einupnowletiee EBqEiSIFBAT @ ,toV‘g}x‘o@es@‘ said
destination being a system adm ni strator, responsible for manua routing.

The dephnalﬁxgcbfermidgraeemm@m@wmﬁﬁssaciﬂﬁalem%csé@ﬁ%fi C?%{/O“ appar atus which
allows learning to be perfornmed in an increnental \ﬁa‘%? y allowi ng a system
adm nistrator to 20 correct docunent classification m stakes as they
occur, the apparatus learning fromthese m stakes. By increnental |earning

of new, gases does not_require re-learning of previous cases., thus
el i m naff APPARREIS BIRY fuEthel be coppeabiedn  aslesinfertion &ub-gRidei &0theVhd@lelife
descri bed enbodinment focuses prinmarily on increnental |earning, the

appar ageguidigorf mddeein sibich & plupgity Fffeh®PksNhra0; P ity Of.cases as a
bat ch. During batch | earning, t'he}f appar at uss 1 b@&k&yzz‘ogﬁﬁ' t&)}/}&lf%ﬁﬁéﬁr _

PCT/ SQRgeeP8Rth a classification with which the features are associated.
10
The apparatus may further comprising a router arranged to route the document to one of a
plurality of destinations in dependence upon the classification and the classification may'
have associated therewith a confidence value comparable to a threshold, the router being
arranged to _make an automatic routing or manual routing decision in dependence upon the

15 comparison, with a said destination being a system administrator, responsible for manual

routing.

The described embodiment provides a document classification apparatus which allows
learning to be performed in an incremental way by allowing a system administrator to
20 correct dc;cument classification mistakes as they occur, the apparatus learning from these
mistakes. By incremental learning of new cases does not require re-learning of previous
cases, thus eliminating the need to preserve past cases for re-learning. While the described
embodiment focuses primarily on incremental learning, the apparatus is further able to

perform learning of a plurality of cases as a batch, During batch learning, the apparatus



i nf or mat ivpg oi/ega t e know edge base. Besides | earning fro B0 at a,
the apparatus also allows rules to be inserted into the I OB 3cess
leading to a nore flexible [earning enyironment. 5 The apparatus is
furthernore able to determ ne a confidence that the classification of a

partic I rrect kn the r nfi dence val ue, This

conf i dgh%és S&F Hg&? é 6%0%'& PO %WWP%&?Q 5]3?% lon indormatiopeinte the
automat.i c nual _routi ng is desirable. Adjustnment of this threshold

par arretlg}o“‘i?q s¢-nBesidesrlearings fromtrpining dtaa theoapriaratus alsoitllogs tulebeo be
control led, by adjustnent of the threshold to match a desired confidence 10
val ue, inkaredahfoahé feanéing pretdy, leading itd h Mbre HeRibd: 18hALE MELEERNUal routi ng,
is favoured to one, as the classifier becomes more accurate, that favours
automatic routing. WO 01/14992 1 0 FEB 2004 PCT/ SG9/00089 5 BRI EF

DESCRI PTI ON OF THE DRAW NGS Enbodi nents of the invention will now be

descri bﬁl-(nj by way of exanple with reference to the acconpanying drawings in
whi ch?  BRO-RRAHFEUY 1§ @%h@m&rablecmdﬁmm ia canfidenes tigt thee classificttioneopt t he
descri bed enbodi rents of the invention; Figure 2 is a diagramillustrating

the doquminularcdarssieht & covfecEirgthecformiof 7oA AAEHER ValueC| eaSicbhfdddcenvalrds; 10
Figure 3 is a diagramillustrating the nodes of operation of the

enbodi rRypardd tot & hreS Y& Hatheter to decide if automatic or manual routing is desirable.

"4 | earns each case one by one and accumnul ates the classificat] % g‘

Adjustment of this threshold parameter allows the degrees of manual and automatic
routing to be controlled, by adjustment of the threshold to match a desired confidence
10 value, thus allowing a smooth transition from a state where manual routing is favoured to

one, as the classifier becomes more accurate, that favours automatic routing.



“Fi gure 4 is a diagram of an ARAM system used as a docunent cI in an
15 enbodiygiinghy t he invention. Figures 5, 6, and 7 sumrarl /g %3 Uret er
setting and t#le rel evant functional blocks of the docurrent ®at i on
systemin the learning, rule insertions and docunent classification nodes
respecti vel y 20 DETAI LED DESCRI PTI ON OF THE PREFERRED EMBODI MENT W't h

B |-assification apparatus i s shown.

’ a-Rirowredges acqui sition node and a docunent
cl assifj catl on WO 01/ 14992 1 0 FEB 200% PCT/ SG99/ 00089 6 node. In
knowl edefebedimentsi afi tha inveationwidl noyp he sesasibed dynsay obexampie miithgrefirenueaot S
and rules to recogni se categories based on docunent content. This

know edbeaccontpampimgpdraiviitbs infwigdelg:unment cl assification node to classify
further docunments. The structure of the apparatus is shown in Figures 1

and 2 and will now be described with reference to the 5 docunent
classifi cati on m)de The struct ure i s knowl edge acquisition node in the
sarne, er eng. ‘y as, described with reference to Figure 3. A

docur?e&p “‘E’éx lsr? F%hema&c isgram Wlugtrating the; stracyse of éhe dasoribed erobodimantard OCR
processed physical docunent or derived froma received and stored

f acsi nith@inwestieme whi ch has 10 been anal ysed for and converted to textual
content, or a word processor docunent file, is. fed to a docunent
classifier 10. The document classifier includes a feature extraction
nodul e 20 whi ch anal yses the text file and extracts previously sel ected

f eat ur form of wor d hr ase mthat file which are fed
as a f(ﬁ%‘?eﬁ\r}g& agram, 11}5.\5&@% %)%er "doBiiment c ass1 ter of Figure 1 in a document

classification made;
10

Figure 3 is a diagram illustrating the modes of operation of the embodiments of the

invention;

Figure 4 is a diagram of an ARAM system used as a document classifier in an

15 embodiment of the invention.

Figures 5, 6, and 7 summarize the parameter setting and the relevant functional blocks of
the document classification system in the learning, rule insertion, and document
classification modes respectively.

20

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENT

With reference to Figures. 1-3, a document classification apparatus is shown. The

apparatus is operable in a knowledge acquisition mode and a document classification



.30 which is in the formof an ARAM (Adapti ve Resonance Associ ative Map)
syst em 1%@/@1,%} ﬁrovi des a predicted classification for the outpltFicBballent
i_.n respons the i nput feature vector. This classificatiP6T/SG946889ci at ed
with a confidence val ue which, together wth the docunent, is passed to a
router 40. At the router 40, the value §s conpared to a threshold input by
a systemadmnistrator 50. If the value exceeds the threshold, the
documentqds. risukrawledga tguisiiian mate,otheSppameacs kel fym theiss a5shhERa ahan.
via path 55. If 20 not, the docunment is routed to the system adm ni strator
50 for maleyed récdghiseEateari LBt | al §9 .
communi cate w tdr?gt he stfgt e%ag%%@%flsc%o}gtﬁlgg?g%ﬁt?ﬁi oﬁ@% kgékvﬁeﬁggé% ﬁ%eg a}pé:’llﬁpn

m sdi r eg manual, rout i.ng.. WO 01/ 14992 PCTI SC99/ 0008904 7
The mdg@%ﬁ@%@ﬁ[ﬁ%@ﬁ&g{o H@’%p‘ﬁa&@f%@%‘r‘@% hEREIMERISF; glhte SBUCIFE RAJRE edge
acqui sition node, two sub-nodes are used. The first, represented by bl ock
100, i s2PRAIAYS 1§ hpwarip Figumsd pedydi ansk wilhaomn petdesdrived aividh mefeetaica tonthe he
form of docunments, for each of which a feature vector is extracted by
modul 6 20ocumeht fodabsifivation moee 30TheTteudnir@i i8iknG wledd® GYBISHSn GRSHSIH R sl

i nput individually or as a batch. The actual category of the docunent’is

i nput bﬁuﬁyﬁamé@mlyi%§HgﬁgmgdQ‘cha&??%ﬁge #oo%ir%{eh%v{mdul e 30. Module 30 then

adjusts. (if necessary e assocl a 0 €ctor to the predicted
category in a know edge base 105 so that the predicted category equals the
actual category. The second sub-nbde is based on rule insertion,.
represented by block 110. In rule insertion, a feature vector 10 and an

act ual éadesyoropt sexs filapfar exgmpleca soxs tfilendarived it atseanrzd 2A8MER FHBEEGEAL | ON
bet ween the input vector and the actual category is nmade, if one does not

e TIPS ke urestact e S3A0R R S RE AN AR T
kKnow§dg& AGANeE SoPYnd BSaverted to texmual content, or a word processor document file, is.
fed to a document cla'ssiﬁe.r 10. The document classifier includes a feature extraction
module 20 which analyses the text file and extracts previously selected features in tﬁe
form of keywords or phrasés from that file which are fed as a feature vector to a classifier
30 which is in the form of an ARAM (Adaptive Resonance Associative Map) system
15 which provides a predicted classification for the output document in response to the input
feature vector. This classification is associated with a confidence value which, together
with the document, is passed to a router 40. At the router 40, the value is compared to a
threshold input by a system administrator 50. If the value exceeds the threshold, the
document is routed to the destination 52 specified by the classification, via path 55. If
20 not, the document is routed to the system administrator 50 for manual routing via path 60.

The destinations 52 can also communicate with the system administrator 50 through path

60, to return misdirected documents for manual routing.



! .
‘15 know base in the know edge acqui sition node, a classijfhcatd S
det erm ngggﬁﬁlﬁ%ordance wth the feature vector and the clras %9%%%6%@ nis
out put together with the docunent. The system adm ni strator can access the
docunent classifier directly by via path 70 to 20 all ow switching between
the know edge acqui sition sub-npbdes and .the docunent classification node.
Such svifecModgs ey operatieedyf ther apparapisearei Showiiia- Bigweet®d IHORKGWRIALRAS
been returned to the system adm nistrator. The system adm ni strat or %ay

t hen caoqeisition ModeBR sub-Roaéd A@fust® %Eg’lrstf,] F@rk?e?ﬁéﬁi %Bﬁggllﬁgd {eshlgsﬁ%r r ect

know edge acquisition node, the system adm rat or

cl assi {4 | umen t he 1 FEB 2004 WO 01/14992

et sasbEtaRe atl bl AL TR of Gstaife fagy bt ot deeiments oneareaf ur o
extraction nmodul e 20, fromwhich the features are extracted and passed to
the cl Xdush pdramire vegior fsaextransedvby -rpduwe 28dando feadmenmodaled3®s SDigd fiafifing
correct classification are added to the know edge base. 5 Simlarly, at any

poi nt dpcwpentacanrithér badnplacinaBiduatlyassid b RitdroN | db
adm ni strator can add additi onal tralb/ni ng docunent gﬂgﬁgﬁ%?%rabe%@ %%ee

swi t chigpel i Lol AN I know edge i sition node.
The hi ghl i%ﬁ?g&dug)?gggggggﬁwﬂ?ﬁh%g\%%eﬁg%p %lgntégh‘? ﬁloﬂﬂﬁeﬁﬁeﬁ‘?ﬁle 39dhemat ure
Sel ect h&n Fzrf documa?t classification, there is a need to represent text
docureRAUEST {1 IGHESSE) the: AsSomatanpiiia yector tidis pertiered categoryciormkmiwledes ned a
feature representation, before :

base 105 so that the predicted category equals the actual category. The second sub-mode

is based on rule insertion, represented by block 110. In rule insertion, a feature vector
10 and an actual category are input by the system administrator 50 and an association

between the input vector and the actual category is made, if one does not already exist.

In document classification mode, represented by block 120, the feature - vector and
document are fed to the module 30 and based on the knowledge acquired by the
15 knowledge base in the knowledge acquisition mode, a classification is determined in

accordance with the feature vector and the classification is output together with the

document.

The system administrator can access the document classifier directly by via path 70 to
20 allow switching between the knowledge acquisition sub-modes and the docurent
classification mode. Such switching may be used, for example, if a mis-directed
document has been returned to the system administrator. The system administrator may
then cause the document classifier to enter the leaﬁﬁng sub-mode of knowledge acquisition

mode, the system administrator inputting the correct classification for the document to the



“15 processing by a classifier. One of the nmost conmon forms of 410 FEB 200
represenWQ01849f features is that of singular word tokenspcChmavbhiosal |y,

t he tokens are individual words that have been extracted from each
document and transfornmed to their root8 form(e.g. root formof "selection"
is "select"). Other "filtering" options based on sentence structure, such

as  rechgsifier BQ togekhernoith sha\loduindrl O the) Galirk &fxrBich f¥REE 2 FPord Swhich
prepositions and 20 conjunctions, can also be used as will be apparent to

t hose j [ : j e : I i.rements.  Th

coyvor 3 pabtporle FOFAEl pot RacseRE BERIERIARND, L8 ML R ot dpgpent
automatically. froma set .Pf pre-| a& | ed docunents. 1 _ 1 0 FEB 2004 WO
01/ 1499%?@%%@%%89139“ IG4LiONATE 8 &i‘h‘iﬁ’l the kngyiedgabrss. keywor d. sel ection
accepts a list of pre-classified (i.e. training) text docunents which are

anal yzed, processing one docunent at a tine. Processing involves the
extraction of all nouns (in root form fromeach docunent and 5 recording

the guBhfilargl, ReaY FRNCRSoRratRLEE He ﬁéﬁﬁﬁagg Efelgﬂggétg)\ﬁgaﬁﬁ?’a%r, qﬁet g\%s?é}h? each

category as well as wthin each docunent. S arn’se
selectign. rules, an verall rating of, the "qualjty" of each word as a
keywor aé)rpgusg%?%fulca? eac?%aﬁgg-‘l“ﬂgall 'iréf dogy dnddgl wles Ry swishing) frem The
top N keywords with the highest rating are then selected as the "feature
space" deguneat glagsification mpde teknowlgdgs acqidsitioremode (t rai ni ng or 10

otherwi se). The algorithmuses four different selection rules in ranking
keywords which are conbined to forma selection rating These are: (a)

Cl ass Entropy

The highlighted processes will now be explained in more detail.
10

Feature Selection

For document classification, there is a need to represent text documents in some format-
and language- independent form,' .coxmnOnly termed a feature representation, before
15 processing by a classifier. One of the most common forms of representation of features is -
that of singular word tokens. Specifically, the tokens are individual words that have been
extracted from each document and transformed to their root form (e.g. root form of
"selection” is "select"). Other "filtering" options based on sentence structure, such as
recognizing only nouns while ignoring other word types such as prepositions and
20 conjunctions, can also be used as will be apparent to those skilled in the art, in

dependence upon requirements.

The keyword-based feature sets can be pre-defined manually or generated automatically

from a set of pre-labeled documents.



“'('b) Docunent Entropy (c) Rel ative Document Count 15 (d) Docunmepy FEBI200%i on
Rate a) Gveswidmiropy (fCE): this measures the distri butiorpcq;s@%@%g\ord' S
occurrence across the different categories. The nore "pol arized” the
keyword's occurrence is towards a par®icular category, the nore
significant wll the keyword be. This is because a keyword 20 which occurs
al nost solely within one category and not at all in the others is. much
nore likely to have sone non-trivial association with the that category,

as co red. with a. keyword. which has .a more even di.stribution .across the
cat egor s AlsHrkfing for, AUtoRiatls " Kb orc S B BRe ReBtC it it cbeifed clidhn
categories is: WD 01/14992 PGI/ S@1 9/00 FEB 2004 10 rr J. fcE =1-

Count ( i trainingpuaxy jdocwmentg ( Whisht @rg analyaed: pamestifx)ons documhemuatber tinfe.
occurrences of keyword in category x 5 b) Docunent Entropy (fDE): this

neasur egrobéi8indi Jivbives tth® x@hctidnk e ¥R busis QRCHOt §BEE) fRe! esh dbinstint faapent
docunents in a particular category. The criteria for a good keyword here

mor o SRRty e yieer GepeBS  ERNEAPE FoshRBE FEARR Lkl 4"

better feature than one 10 that has a nore_ "polarized" distribution. This
i s becRMEE0RY REWRY & WiRIn sedudecumenty Rased @ ptrtain so ohseleciioaauiegory i s
more |ikely to be one nore commonly associated with docunents of that
cat egorgverall rating of the "quality" of each word as a keyword is calculated and the list of
keywords sorted by this value. The top N keywords with the highest rating are then
selected as the “feature space” to be used for representing all documents (training or
10 otherwise). The algorithm uses four different selection rules in ranking keywofds which
are combined to form a selection rating (f.,4,,). These are:
(a) Class Entropy
(b) Document Entropy

(c) Relative Document Count

is (d) Document Inclusion Rate

a) Class Entropy (fz¢): this measures the distribution of a keyword's occurrence across the
different categories. The more "polarized" the keyword's occurrence is towards a
particular category, the more significant wili the keyword be. This is because a keyword
20 which occurs almost solely within one category and not at all in the others is much more
likely to have some non-trivial association with the that category, as compared with a

keyword which has a more even distribution across the categories.

The formula used to calculate class entropy for C different categories is:



“The fornula used to cal cul ate docunent entropy for D docunments \%t F—‘E@ hos
cat egor ywo ®714992n J=n f,, ,; Count (i) / Count(j) Ix I og(GeetvsEbdoooss | 9]
15 where: Count(x) = Total number of occurrences of keyword in document x
c) Relative Keyword Count (fRkc): forlam particular keyword, the top 2
docunent categories 20 are defined as the 2 categories with the highest
absol ute count for that keyword. The WD 01/14992 1 0 FEB 2004
PCT/ S&39/ 00089 11 keyword-per-docunent ratio (ffa,i0 i) for a category, i,
is the total keyword coynt (C) for the . category daw ded by the total

t

ity as: 5 1ot ﬂté'rfifi)( D et s et

i us gives an indication
of the difference betwe t he ke Wor d- p docunent “ratio of the Pt
(fRa,i,,1) and 2nd (fRa,io0,) categories. A keyword with a |large difference
between fRatiol and fRa,io, is better than one with a small difference. 10
A neaswhergent of fRKC for C different categories is given by: f RKC Rati ol
- f Ratio?) / f Ratiol d) Docunent Inclusion Rate (fDIR): fRDC can be

i Y. RO TP e SOEVEL RS of ol g vot one o7 1o

5
b) Doéument' Entropy (fpg): this measures the distribution of a keyword's occurrence
across the different documents in a particular category. The criteria for a good keyword
here is the opposite of that for Class Entropy. Here, the keyword which is much more
evenly distributed across the documents in one category is a much better feature than one

10 that has a more "polarized" distribution. This is because a keyword that occurs in more.
documents within a category is more likely to be one rﬁore commonly associated with

documents of that category.

The formula used to calculate document entropy for D documents within 1 category, is:

Ial j=

=D =D
fop = Z[(Count(i) / ZCoum‘( j)) X log(Count(-i)]
15
where:

Count(x) = Total number of occurrences of keyword in document x

¢) Relative Keyword Count (frc): for a particular keyword, the top 2 document categories

20 are defined as the 2 categories with the highest absolute count for that keyword. The



‘15 out" such situations by considering the number of docunents, i neddhegyop
category WROMHAYRA the keyword occurs at |east once. A nea 7006%2 fDIR
for D, s, docunents in the top category is given by: fDIR = Ast"lst 20

where: O's, = nunber of docunents in tlbp category in which keyword occurs.
WO 01/ 14992 PC7/ S899/00DS9 2004 12 The overall ranking of each keyword is

t her ef &egpweidipérydodemientnitibyfy aRifona cattgdignikisle Tothl Kywhrd cBERXCl) BPHX |
nfRwith: 5 0.0 <=fRanking < = 1.0 Inthis case, équal wei ghtage has

been gickRBok/iGRIEN bl B @fal nﬁ}'nfb&xeéfed}}cu@%ﬁ%‘;(bag?g{]af%aggcgudrg,oﬁggél;}%%b%ﬁ dged to

each factor 'to give it a larger or sma

exanpl .smal |l training set of two categories with 124 rel evant
docum%ﬁgég%g%}mﬁgstat egories are business newspaper articles in the first

category and non-business (e.g. sports) articles in the other. Consider a
sanpling of 40 keywords taken fromthe set of all keywords selected from

the training sets. The total count of each keyword within each category as
wel | sas thefpuneer, /of documents (per category) in which 15 it" occurs, is as

tio t

shown in Table 1. In Table 2, the "paths" (as shown by arrowed |ines) of
two exenplary keywords as they are ranked according to the four different.
factors, together with the final rating are shown with the conbi nati on of
the four factors helping to provide a better overall view of the relative
sui tab e‘iattlye CYMTR u§.21y¢s an indication of the difference between the keyword-

per-document ratio of the 1% (fy,4) and 2™ (fi,...) categories. A keyword with a large
difference between fy,;,, and fi..., is better than one with a small difference.

10

A measurement of fpy for C different categories is given by:
fRKC = _(fRaliol - fRalioz ) /fRaliol

d) Document Inclusion Rate (fyr): frpc can be skewed by the high number of occurrences
of a keyword in just one or two documents of a category. The use of for helps to "balance
15 out” such situations by considering the number of documents in the top category in which

the keyword occurs at least once.

A measurement of fy, for D, documents in the top category is given by:

for =0,/D

Ist Ist

20 where;

O, = number of documents in top category in which keyword occurs.



*'IQ FEB 2004 WD 01/14992 PCT/ SG9/00089 13 TABLE 1 Keyword Tot al cougﬁ
Unit doowoentsezount Cat | Cat 2 Cat | Cat 2 annual 33 2 gty
27 2 23 2 bank 92 6 28 4 capital 61 1 29 1 cent 560 32 87 21 chanpion O
60 0 31 coach 0 26 0 19 conpany 191122 65 8 corporate 48 4 26 3 cup O
54 0 20 distribute 17 0 15 0O econony 87 1 28 1 event 2 34 | 25 exchange
34 2232 tan 1361 18 final 12 98 10 45

The overall ranking of each keyword is therefore simply derived by taking:

fRnnking =feg xfpg X frpe X Lpp

with:

In this case, equal weightage has been given to each factor. Different coefficients could

easily be added to each factor to give it a larger or smaller weightage.

10 The following example uses a small training set of two categories with 124 relevant
docum‘gnts each. The categories are business newspaper articles in the first category and
non-business (e.g. sports) articles in the other. Consider a sampling of 40 keywords taken
from the set of all keywords selected from the training sets. The total count of each
keyword within each category as well as the number of documents (per category) in which

15 it occurs, is.as shown in Table 1. In Table 2, the “paths” (as shown by arrowed lines) of
two exemplary keywords as they are ranked according to the four different factors,
together with the final rating_ are shown with the combination of the four factors helping to

provide a better overall view of the relative suitability of each keyword.

20
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counts which are expected to be found within each training document. The training
documents are pre-processed by the method described above to determine the number of
5 non-zero keyword counts in each document. Whenever a training document is found to
have too few non-zero keyword counts, the next highest ranked keywords within the
document are added to the set of N keywords initially selected, to bring the number of
non-zero keyword counts for that document up to K. The total number of unique “bonus"
keywords B, extracted from all training documents thus increases the dimension of the

10 feature space to N+B.

Kevword Extraction

Once the keywords. have been selected in the manner described above, keywords are
15 extracted from a document and are formed into a feature vector, using the N+B set of
. .keywords obtained during the selection process as the limited éet of significant keywor&s
that are to be searched within the document. This procedure is applied to both training
documents to-producé a set of respective training feature yeétors and new documents to
produce, respective feature vectors for yet-to-be categorized documents.
20
Based on the selected keyword feaﬁxrcs, the feature extraction algorithm parses the
document to record the number of times a keyword w; appear in the document (c)). The
keyword counts are then normalized such that the maximum score is 1 and the minimum

score is 0. These scores are then provided as input to the classifier 30 as a normalized



nunber . Kiw8b1//498z zero keyword' counts which are expected

wi t hin each tralning docunent. The training docunents are

t he nethod descri bed above to determ g the nunber of 5 non-zero keyword
counts in each docunent. Wenever a training docunent is found to have too
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t he nurrber of non-zero keyword counts for that docunment up to K The total
nunmber keywardsdnshe degwments ans thus providesexraugh representatioml ¢f the dosimentdocunent s
thus increases the dinension of the 10 feature space to N+B. Keyword

Ext r actcogenOnce t he keywords. have been selected in the manner descri bed
above, keywords are 15 extracted froma docunent and are forned. into a
feature vector, using the N#B set of keywords obtained during the

sel ection process as the [imted set of significant keywords that are to
be searched within the docunent. This procedure is applied to both training
docurferkh$ FeauR SYWREION RIFESST USRE bWe (Sanple uiclasnig, lllﬂ@taateql delpsot orhe BrE new
docunents to produce, respective feature vectors for yet-to-be categorized
docunenitrtcle,2forB@argonn 1t risiebe ctaibr eyroducts f £3josities, wob® coemt forecertain
extraction aI gorithm parses the docunent to record the nunmber of tines a

keywor ‘f)r ds“netsﬁ?elgﬁﬁ RordsSwhich3fe céér%\“@{i]% cQUnte nlhient %Qlues

normallze at t he max m score IS e m ni num Sco
These scores ar rovi ded |ng to.the_classifier 30 as a
nor mal & eséo%tcbfq ﬁg@rﬁ'@e second article, for Category 2 (sports, music and

"PCT/ 8699/ 00089 15 The algorithmallows for the specification of ag
sed by

life section) produces a positive word count for certain predominantly sports-related
10 keywords which are likewise converted to relative frequency values to from the input

vector.



*PCT/ S9/ 00089 16 keyword frequency count feature vector which epgaEss 200he
statisti CEPOHIP?i bution of the keywords in the docunents rausdosi6oss

provi des a rough representati on of the docunent content. 5 The feature
extraction process using two sanple arlficles is illustrated bel ow. The
first article, for Category 1 (business section) produces a positive word
count for certain predom nantly business-rel ated keywords which are
converted to relative frequency values as shown to formthe input vector.
The second article, for Category 2 (sports, nusic and life section)
produces a positive word count for certain predom nantly sports-related 10
keywords which are |ikgw se converted to relatiye frequency values to. from
the i nput vector. VD%"R&%%CMOF togery 1 (usinssy oeationo” 17 Sanpl e
article for Category 1 (business section) JUN 30 1997 Stationery maker

Ni ppecraft in the red MAI NBOARD-LISTED speci alist stationery maker

Ni ppecraft has reported losses of $ 12 mllion for the yvear ended March,
but said a conpapyUXadrgani Satiorery muked Mippeemt buie red S bottonline this year.
The | osses cane oh the back of a 4 per cent drop in turnovef to $64

m | lion and i ncl ud&ANB@ARPGBHAIEDzpatiatist diatimery mekeaNipp&erdfiot al | {ng cl ose to $1

| mllion, accordj nghaseeperted lassaef$A3 mélienfanshs steacnded March, but
g :

said a company reorganisation would improve its bottomline this

year.

The losses came on the back of a 4 per cent drop in turnover to
$64 million and include exceptional and ordinary charges totalling
close to $11 million, according to the company's unaudited
results.

There will be no dividend payouts this year. Net tangible asset
backing per ordinary share dropped to 0.69 cent, from 7.82 cents
last year. The results were in line with Nippecraft's projections
announced in February.

Managing director Bill Habergham attributed a large part of the
loss to reorganisation of businesses in Britain, the United States,
Australia and Malaysia.

"The exercise has now largely been completed and
notwithstanding the tougher prospects ahead, we expect to reap
the benefits of the reorganisation and restructure exercise in the
current financial year," a company statement quoted him as
saying. '

Nippecraft said the exceptional charges, amounting to $6.8
million. included the writing down of stock by $5 million,
operating losses and costs associated with the closure or
restructuring of subsidiaries which cost close to $2 million.

The group managed to reduce inventory levels by a third to $18
million. Mr Habergham said this would benefit the group in the
long term.
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Sample article for Category 2 (sports, music & life section)

JUL 21997

seed.

advice.

LONDON -- One point short of a famous victory, Sandrine
Testud rolled her eyes to the leaden skies then across the net to
Monica Seles, shifting nervously from foot to foot.

Finally she turned to her ltalian boyfriend Vittorio, huddled
among the spectators overlooking the No. 3 court.

On his signal she served straight, deep and fast for her sixth ace
and an astonishing 0-6, 6-4, 8-6 win over the Wimbledon second

Nothing had looked less likely half-an-hour into Monda) s
third-round match.

On a court of low and uncertain bounce after the heavy rain
which ravaged the opening week, Seles breezed through the first
set in exactly 30 minutes.

"l was just trying to start playing." said the unseeded Testud.

"I was just so slow and nothing was going right."

The 25-year-old Frenchwoman, who Jives and trains in Rome,
finally won a game, holding serve in the second game of the
second set after dropping the first two points.

She broke Seles in the next game. Hitting longer and with more
power as she gained in confidence; Testud held servzce to win the

second set in 42 minutes.

"I got a little bit tight, missed a couple of shots and the set was
gone,” Seles reflected.

Vittorio's contribution apparently goes further than his court-side

How have you gotten so fit?, Testud was asked.

Love-fit Testud clinches famous win
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Market Gefinthg 6fFecdbnitidh cdtbedhidd- Parbiddbfibdel) nd nlitidimensional maps of both
5 binary and analog patterns. An ARAM system is shown in Figure 4 and can be visualized

as two overlapping Adaptive Resonance Theory (ART) '[1,2,3] modules consisting of two

input fields F,* (300) and F," (310) with an F, category field (320). For classification
problems, the F," field (300) serves as the input field containing the input activity vector

| and the F," field (310) servers as the output field containing' the output class vector. The

10 F2 field (320) contains the activities of categories thet are used to encode the patterns.
Dur'mg learning, given an input pattern presented at the F,* input layer and an output

pattern presented at the F,* output field, a F, category node is selected to encode the

pattern pair.

15 When performing classification tasks, ARAM formulates recognition categories of input
patterns, and associates each category with its respective prediction. The knowledge that
ARAM discovers during learning is corniaatible with IF-THEN rule-based representation.
Specifically, each node in the F, field (320) represents a recognition category associating
the. F,* input patterns with the F,® output vectors. Learned weight vectors, one for each F,

20 node, constitute a set of rules that link antecedents to consequents. At any point during the
incremental learning process, the system architecture can be translated into a compact set
of rules. Similarly, domain knowledge in the form of IF-THEN rules can be inserted into

ARAM architecture,
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The ART modules used in ARAM can be ART 1 [1], which categorizes binary patterns,

or analog ART modules such as ART 2-A [2], and fuzzy ART [3], which categorize both

binary and analog patterns. The fuzzy ARAM model, that is composed of two overlapping

fuzzy ART modules is described below.

Knowledge Acquisition Mode

Learning Sub-Mode

In the learning sub-mode of knowledge acquisition mode, ARAM learns a set of
10 recognition categories or rules by training from- pre-labeled document sets. During
learning, the keyword frequency vectors, each representing a document, are presented to

ARAM as input A one at a time together with the associated class label input B.

Given an input keyword vector A, ARAM first searches for a F, recognition category
15 encoding a k_e‘ywqrd template vector that is closest to the input vector according to some
similarity measure. It then checks if the associated F, output prediction of the selected
category matches with the output _clags label B. If so, under fast learning, the keyword
templates of the F, recognition category is modified to contain the intersection of the
original keyword templates and the input keyword vector. Otherwise, the recognition

20 category is reset and the system repeats to select another category until a match is found.

Given a set of the documents with a specific class label, the system learns to pick up
combinations of keywords that consistently appear in the documents and derive rules that

associate combinations of the relevant keywords to the target output class of the
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presented at the F, b output field, a F2 category node is sel ect ed to encode
the patheslorahbt reéﬁxr&’%@arﬂﬁ{cf&fdm QgtaCl assification tasks, ARAM fornul ates
recognition categories of input patterns, and associates each cat egory
with its respective prediction. The know edge that ARAM di scovers during

| earning is conpatible with | F-THEN rul e-based representation.

Specifically, .each node in the F, field (320) represents a recognition

cat egor y n§slstniled migagithmifer incrementaltlegraingsisigivenitielowhe F, b out put vect ors.
Lear ned wei ght vectors, one for each F2 20 node, constitute a set of rules
that |ink antecedents to consequents. At any point during the increnental

| earni ng process, the systemarchitecture can be translated into a conpact

set Input vectors: The F/* and F," input vectors are normalized by complement coding that
10 preserves amplitude information. Complement coding represents both the on-response and
the off-response to an input vector a. The complement coded F,* input vector A is a 2M-

dimensional vector

A = (a, at‘.) = (al,...,aM',alc,...,aMc)

15
Where a; represents the normalized frequency score of keyword w,, and a® = 1 - a,.
Similarly, the complement coded F,® input vector B is a 2N-dimensional vector

20 B = (b, b°) = (b},....by,b/5%,...,by%)

where b, represents the presence (b,=1) or absence (b,=0) of a class label c,, and b, = 1

- by.




l,df rules. Simlarly, domain know edge in the formof |F-THEN rul @S
i nsertedwammomi49$RAM ar chi tecture. 1Q WO 01/ 14992 FEB 2004 ppKcD a{@%&

22 The ART nodul es used in ARAM can be ART 1 [1l], which categorizes binary
patterns, or anal og ART nodul es such @ ART 2-A [2], and fuzzy ART [3],
whi ch categorize both binary and anal og patterns. The fuzzy ARAM nodel,
that is . a I Yoo fyz gm,qwl j i OW.
5 Know e(ége i’gﬁ[ﬁg't Il'%,)t{r:;x lc\)%lge}k Lea%%hﬁgp'ségq Ilg?(lj-aé I'n t‘%gtqriégﬁﬁﬁge%g“ﬁde of
know edge Cﬂiji ition mode, ARAM | earns a set of 10 recognition categories
or rule ert@e S Y 6 PBr e- | abel ed docunent sets. During |earning, the
keyword frequency vectors, each representing a docunent, are presented to
ARAM as input A one at a time together with the associated cl ass | abel
input B. Gven an input keyword vector A, ARAMfirst searches for a F2
recogni Weishtoactae! Eachl B, enegstynibde jlie wecddewith 38 aulﬁ‘}ﬁl\ﬁ&rwéigﬁtt tenfplatbPSest
to the 1nput vector according to sone simlarity neasure. It "then checks

if th sogi. at ed. ouyt,p redictio th el ected . cateqary mafghes
i th tnd> ae 0t Ty’ el fodes 488 yRtoap 3o A eia B <R el
tenpl ates of the F2 recognition category is nodified to contain the

i nt er sed CAGEORY NQdeeis sglerigd far encoding: dt besemescemmitted.t he i nput keyword
vector. Qtherwi se, the recognition 20 category is reset and the system
repeats to sel ect another category until a match is found.

Fuzzy ARAM dynamics are determined by the choice parameters o,>0 and o, >0; the
learning rates B, in {0,1] and B, in [0,1]; the vigilance parameters p, in [0,1] and p, in

10 [0,1]); and a contribution parameter ¥ in [0,1].

Bottom up propagation: Given the F,* input vectors A, for each F, node j, the F* to F,

ioput "1“j is defined by :
15 T, = |A"w'| / (e, +|w])

where the fuzzy AND operation “ is defined by (p * q);, = min (p,,q;), and where the norm

|.] is defined by |p| = Z, p; for vectors p and q.

20 Category choice: Using a choice rule, at most one F, node can become active. The choice

is indexed at J where T, = max {T;: for all F, node j}.

When a category choice is made at node J, y,=1; and y;=0 for all j not equal to J.



'G ven a set of the documents with a specific class |abel, the syst rpEIBemps
to pick UO0WAMIZnati ons of keywords that consistently appeerr/sdve ﬁgg
docunents and derive rules that associgte conbinations of the rel evant
keywords to the target output class of e ., 1 W 01/14992 1 0 FEB 2004
PCT/ S&9/ 00089 23 docunents. ARAM |l earning is stable in the sense that

wei ght val ues do not oscillate, as they can only decrease but not

i ncrease. As new cases are incorporated by adjusting the weight tenplates

of the cReaEn@abegesdt: Regemnct QREMISNE BREMARA RNV €}20
| ear ned knowl edge. This allows increnental Iaearjr-li ng@shwﬁ%eﬁge}rﬁééﬁﬁéttm

| ear ni ng,:9f; D . ire relearning of old data. The
det ai | egwgfl%ﬂolr%}l&trﬁ%ggr?&%hrggg%gﬁ?%f’{q%glaé?hi ng i s given below |nput vectors:
The F,' and F, b input vectors are normalized by conpl enent coding that 10
preserves anplitude information. Conpl enent coding represents both the
on-response and the off-response to an input vector a. The conpl enent

coded F,' inpmf* welA Srwp |/ $Ad 34 gli ANy ora|Bvegrpy |BP Vherp a, represents

the normalized frequency score of keyword w,, and a ,r = - a,.
Simlarly, the conplenent coded F,b input vector B is a 2N-di mensi onal
vector 20 B = (b, b)) = (b,,...,bNb, ,...,bN) where b, represents the

presenceLe(abk: 1t)n or absence g_bk:O) of a class label Ck, and bka =1 - bk.
i rning then ensues, as defined below. If any of the vigilance constraints is violated,

mismatch reset occurs in which the value of the choice function T, is set to O for the

duration of the input presentation. The search process repeats to select another new index

10 J until resonance is achieved.

Learning : Once the search ends, the weight vectors w,* and w,® are updated according to

the equations

15 “’j‘ (new) — (I'Ba) wjz (old) + Bn ( A ~ WJ' (old))
and

b — -
‘VJ (new) (l'ﬁb) Vle:(old) + Bb (B ij (old))

respectively. For efficient coding of noisy input sets, it is useful to set B, = B, = 1 when
20 J is an uncommitted node, and then take B, < 1 and B, < 1 after the category node is

committed. Fast learning corresponds to setting B, = B, = 1 for committed nodes.
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and xb de¥8OHM%% F,' and F, b activity vectors respectivel pcrisdooyoosdenot e
the F2 activity vector. Weight vectors: Each F2 category node j is
associated with two adaptive weight teRplates 5 w,' and wpb. Initially,
all category nodes are unconmtted and all weights equal ones. After a

cat egor Marcldgraéldngehe teardart of efdCiagingreséritat RN g AMP Jat Afletef EZ%@&a@@M

dynam cs are determ ned by the cholce paraneters a, > 0 and ab

| earnin tes.(.3 in [ 1] and (3b.i 0,1]; t | gi l ance paraneters p in
620 aibateng Vidithngt By tha tefliOc? in Toe Baediiy ik ¥ P, B oErRe e el Do
up propagation: Gven the FI' input vectors A for each F, node j, the F,'
to F2 shghily egérsthaefthaguatbly funanTm,”. The"search-ptocéssattienvieldc)s whaher Ehe
fuzzy AND operation " is defined by (p " 91 =mn (pl,g), and where the

nor m | nofe I Gndtfth@esvided Yipildnce cBilerih,f or vectors p and g. 20 Category
choice: Using a choice rule, at nost one F. node can becone active. The

choi cg is indexed at J where T3 = max {T,: for all F2 node j}. Wen a
categdry choice is mude at node J, yj =1; and yy = 0 for all j not equal to
J. wo 01/14992 1 0 FEB 2004 PCT/ SG9/00089 25

Rule Insertion Sub-Mode _

Through the rule insertion process, user-defined knowledge in the form of rules is inserted
into the ARAM network (knowledge base). A rule is typically in the iF—THEN format,
16. consisting of a set of keyword features as the antecedents and a classification as the
consequent. Due to the compatibility of ARAM grchitectu‘re and rules, domain knowledge

in the form of IF-THEN rules can be readily inserted into an ARAM network:

For example, given a rule such as

15 "Stock", "Share”, "Price" -> Business,

the rule insertion algorithm creates a keyword frequent vector in which the frequency
score of “Stock”, “Share” and “price” are 1s and all others zeros; and an output class
vector in which the score of “Business” is 1 and all others zeros. Given the keyword
20 frequency vector in the F* field, and the class vector in the F,® field, ARAM first searches
for a recognition category that encodes the exact same set of keywords. If such a
recognition category exists and its predicted class is "Business”, no action is required as
the rule already exists. If the predicted class is not "Business", a contradiction occurs and

it is flagged to the users. If such a recognition category does not exist, a recognition



'Resonance or reset: Resonance occurs if the match functions, m’ 1ﬁnﬂ:_é Pogh-
meet the WOi0yil¥¥ace criteria in their respective nodul es: Sd/5699/00089
LAMW' I/1 Al >= Pa and mb= | B*w, bl/I Bl >= Pb. Learning then ensues, as
defined below. If any of the vigilance2onstraints is violated, msmatch
reset occurs in which the value of the choice function T, is set to O for
the durcategory & ckddted Pehcddees KehwbiPRemdile SHRIA 0 ol 6 s L9
sel ect another new index 10 J un?il resonance |§B§%ﬁfe\‘isz§. Legfﬁ%itenga?dmce
t he seard); en t I egtars w and w, are updated according to the
equat i on?}fg %@f‘aaé?%%aﬂ&i pré“ﬁ’"%va (old) + Pa (A~ Wa (old)) and 'V,b
(new) =\1-Pb) Wb (old) + Pb (» Wb (old)) respectively. For efficient
codi ng of noisy input sets, it is useful to set 13a = Pb =1 when 20 J is
an unconirljet edFBOdF“ and then take Pa < 1 and Pb < 1 after the category
node is cf'f‘ﬁ‘ﬂ‘ dyle wsgrtion dlgorithy & 85 falgyads to setting P. = Pb = 1 for
comm tted nodes. WD 01/14992 1 0 FEB 2004 ' PGI/ SG9/ 00089 26 Match
trackisng: At the start of each input presentation, the vigilance paraneter
p, equals a baseline vigilance p,. If a reset occurs in the category field
F2, p, iRuld PedePice Protabad id twh | gl [ emateh funcgion
m'. The search prgcess thenwszihgiés'sglg{r?o lhsjéa;hg& trtﬁgsgg[e%e ﬂb&’let‘ﬁ & Sed
vigilancg criterion 5 Rulge | tiopn Sub-Nbde

9 Wimésional véctors A and a er\?-%{me:nsg]onail vectors B, where M is the total number of

document features and N is the number of classes.

10 In the most general case, given a rule of the following format,

IF Xps Xay <2y Xy ROL(X’)), DOL(X")), ..., DOL(X’,)

THEN ¥y, Y2, ++vs Yo DOL(Y’ ), DOL(Y",), ..., NOL(y',)

15
where x,, X,, ..., X, and y,, ¥, ..., ¥, are positive attributes, and X'y, X'5, oy X' pand y’y,
Y'2s s ¥'q preceded by the logical NOT operator are negative attributes, the algorithm
derives the pair of vectors

20 | A = (a, a) and B = (b, b°)

such that for each index j = 1, ...,.M,

€) —
(aj1 aj )'-



",Throhgh the rule insertion process, user-defined know edge in ttﬂ% Ees mogf
rules i s wWQQui498d into the ARAM network (know edge base). perisdod/obdse
typically in the IF-THEN format, 10 consisting of a set of keyword
features as the antecedents and a clas$ffication as the consequent. Due to
the conpatibility of ARAM architecture and rules, domain know edge in the
formof |F- THENiff’Wj%Si fonsorme i i dtli L yminserted into an ARAM network. For
exanple, given a rule such as 15 "Stock ", "Share ", "Price " > Busi ness,
the rule inggntion .2 J C tes keyword frequent vector in which the
frequency gg’é?l‘f?f' k%?%ﬂc : l"@ﬁ{gl’é"’nz'r}\d “price" are is and all others
zeros; and Z& output .class vector in which the score of "Business" is 1
and all ot hé9) stieswiseq ven t he keyword 20 frequency vector in the F,'
field, and the class vector in the F,b field, ARAMfirst searches for a
recogni andn category that encodes the exact sane set of keywords. |If such a
recognition category exists and its predicted class is "Business ", no
actiog is required as the rule already exists. If the predicted class is
not "Business", a contradiction occurs and it is flagged to the users. If
such a Q)ecgﬁgi_ti on category does not exist, a recognition WO 01/14992 1 O
FEB 200%°% I'S@E@9/ 00089 27 category is created to encode a keyword

tenpl ate consisting of "Stock,", "Share ", and "Price" and a

cl assi fi cat (bR) tfc,~Busfoneemt i imfe,.datdai | ed rule insertion algorithmis as
follows: 5 Rule insertion proceeds in tw phases. The first phase

transl ates e®ehifr "I ok @oe 264 {di. MBI onal vectors A and a 2N-di mensi onal
vectors B, where dl{!/lEi%'s’the t ot al {nur'rbe? of

(0,0) otherwise
10

where w; is the j" keyword feature and c, is the k™ class label,

The vector pairs derived from the rules are then used as training patterns to initialize an
ARAM network. Given a pair of vectors A and B derived from a rule, their respective

15 recognition categories are associated through the map field.

During network initialization, the vigilance parametefs p, and p, are each set to 1 to ensure
that only identical attribute vectors are grouped into one recognition category. Contradictory
symbolic rules are detected during rule insertion when identical input attribute vectors are
20 associated with distinct output attribute vectors. The detection is achieved through a perfect
mismatch phenomenon, in which the system tries to raise p, above 1 in response to a

mismatch in F,".



docurrent features and N is the nunber of classes. 10 In the rms,to 66%5%0@ .

case, gi VRAOH14%3ke of the following format, |IF x1, X,, . pc-p,(scg,g,o
not(x'2), ..., n&(Xm THEN yli y2, ..., y.. not(y'" 1), not(y'2

not(y'm 15 where x1, x2, ..., xmand 9, y2, ..., VY,, alre p03|t|ve
attributes, and x'1, x'2, ..., X,nandy', y'2, ..., Yy, preceded by the

| ogi cal D@uinmdrchdssificatiennegati ve attributes, the al gorlthm derives the
pair of vectors 20 A = (a, a ) and B = (b, b‘) such that for each index |
=1 ...,M (aj, al’) r - 10 F E B 2004 WO 01/14992 PCT/ S@9/00089 28
(1 0) if wd=x; for some i in {1, ..., n (0,1) if w=x"; for some i.in {1,
s Qt herwi se and 5(bk b™ k) _ (1,0) if ck=y; for sone i in
Q}x er{ d)nl)mgqt Went,f ér fegsire extraetipn, modyla’ parsdsOfid) teither \gesi®e a

normalized keyword frequency vector (as described above). The complement coded input

5 vector A is then presented to the F,* field.

Given an input keyword vector A, ARAM first searches for a F, recognition category
encoding a keyword template vector that is closest to the input vector according to the
choice function. The associated F, output prediction of the selected catégory is then used

10 as the output class label.

Choice Rule: In ARAM systems with category choice, only the le node J that receives

maximal F;* to F, input T, predicts output. Specifically:

15 y;= 1 if j = J where T, > T, for all k not equal to J;

0 otherwise

The F,? activity vector x* is given by x* = Z,wy, = w,” and the output vector B, = (b,, b,,...,
by) is then read directly from the F,® field. The output class is predicted to be K if b,> b, for

20 all k not equal to K and the confidence value is given by b,.



"to where wj is the j h keyword feature and Ck is the k' h clas ,'The
vect or pawmonidessneved fromthe rules are then used as traini Ag?
iLnitialize an ARAM network. G ven a pair of vectors Aand erive froma

rule, their respective 15 recognition smtegories are associ ated through
the map field. During network initialization, the vigilance paraneters pa
and Pb are each set to 1 to ensure that only identical attribute vectors
are grouped into one recognition category. Contradictory synbolic rules

are det e&%gﬂdggcrelv@&ur ule insertion when identical input attribute vectors
are 20 a

h distinct output attribute vectors. The detection is
achi eved through a perfect msmatch phenomenon, in which the systemtries
to raise pa above | in response to a msmatch in F,a. WO 01/14992 1 0 FEB
2004 PCT/ SG9/ 00089 29 Docunent classification Gven an input docunent, a

feat ure Gitenaetiniag oxatiples Marues dthesinglktclie di@;sdt\ﬁ%d%tﬁ%ma&ﬁﬁd J&gmr d
ve

frequency vector (as described above). The conpl enent coded I nput ctor

it SoaeRngse pume Lty 2%53&? Sl PRy Tt BB b SR i P st o

vect or that F cl os ‘faé’ t%Fé) i nput vector according to the choice
f unct i on% &8!S YKy ed OFor gl kot paealite &5.okp derivena real| vabreeptedistien segrei s
then used 10 as the output class |abel. Choice Rule: In ARAM systens with

cat egor ybatWeérc@ and i) 3/ fevhstrateyieoate p&ssﬁlblé,t offvaitich Wes areni¥driBRl below:t 0 F, i nput
Tj predicts output. Specifically:

a) Distributed category prediction

Using distributed category prediction, more than one F, nodes can become active. The F,
10 output vector y represents a less extreme contrast enhancement of the F* to F, input T, in
the sense that the higher T,'s are amplified and smaller T;'s are further reduced. Two

algorithms that approximate contrast enhancement are given below.

Power Rule: The power rule raises the input T; to the j* F* node to a power p and

15 normalizes the total activity:
yy = (T Z, (T,

The power rule converges toward the choice rule as p becomes large.
20
K-max Rule: In the spirit of the K Nearest Neighbor (KNN) system, the K-max rule picks

the set of K F, nodes with the largest input T; for prediction. The F, activity values y; are

then:



"15y; = 1if j =J where T, > Tk for all k not equal to J; O eghprmigg The
F, b acti vWOP1AQeH2or xb is given by xb = E;, $vj by] = wb and fchigscasigabs
vector B2 = (b, b,,..., DbN) is then read directly fromthe F, b field. The
output class is predicted to be Kif bR bk for 20 all k not equal to K
and the confidence value is given by bK. WO 01/14992 1 0 FEB 2004

PCT/ S&9/ 00089 30 Confidence Value G ven training exanples and rules of a
single class output and with fast |earning. ARAM 5 associates input

f eat ur e, Lora, Bi namy sg_prediction. In other words, only one output

cl ass ?K egugf?'%'"’brrl% gng ‘§l€‘p: 0 for all k not equal to K To derive a real
val ue prediction score between O and 1, a few strategies are possible, of
which two afe descri be@thsswisey: a) Distributed category prediction Using

di stributed category prediction, nore than one F, nodes can becone active.
The F2 10 output vector y represents a |ess extrene contrast enhancenent
of the F,'" to F2 input T, in the sense that the higher Tj's are anplified

and snal Js g o | . al gori.th t hat approxi mat e

cont r da ks R Inglee OK BELgry RHES wib e BLGRCT Wlfes, e REBFOTENES e
input Tj to the j' F2 node to a power p and 15 normalizes the total

acti vi t%=§‘j15<=1}11)\fﬂ¥en&tq@em)v}§;r ripavigoperd. rul e converges toward the choice

rul e asp becones large. 20 K-max Rule: In the spirit of the K Nearest
Nei ghbor (KNN) system the K-max rul-e picks

After the F, activity vector y is contrast enhanced by the power rule or the K-max rule,

the output activity vector x° in the F," field computed by

10
X' = w Y,
The output. vector B, = (b, b,,..., by) is then read directly from x’. The output class is
predicted to be K if by> b, for all k not equal to K and the confidence value is given by b.
15

b) Voting strategy

Using the voting strategy technique, multiple ARAM systems are inserted with different
sets of rules and/or trained using different sets of input patterns or different orderings of
20 the input patterns. When performing classiﬁcétion, each ARAM votes for its predicted
class, The Qoting scores normalized by the number of ARAM pro.vide a prediction score

between 0 and 1 for each output class.



‘the set of K F2 nodes with the |argest input T, for prediction. oliregF04
act|V|tyW/‘é M9%j are then: WD 01/14992 10 FEB 2004 PCTF 9000089 31
y, =T, [/ EK ;1, n Tk if j in n O otherwise, 5 where it is the set of K
category nodes with the largest TT val 38s. The K-max rule with K = Nis
equivalent to the power rule with p=1. After the F2 activity vector y is
contrass; ®nkgn&ge, by the power rule or the K-max rule, the output activity
vector x' in the F,b field conputed by 10 b b x = Ef wi yy The out put.
vector B2 = (b,, b,,..., bN) is then read directly fromxb. The out put
class is predicted to be Kif bK> bk for all k not equal to K and the
confidence val.ue is ven_b 15 b) Voting strategy Using the voting
strategy ?’Fﬁc’ﬁr}? (ﬁ]iﬁ%n“ﬁ‘k?ﬁ PEV%‘CA@W“SS‘PSQ% inthe noraligesipredictionistérer fomtthe set s -
of rules and/or trained using different sets of input patterns or different

or der i ngstpof cla0j.tTiee output clasy withrthe hiftest predictiofisbereGh AxSididtat b%act@cﬁCh
ARAM votes for its predicted class. The voting scores normalized by the

nunbe [ etween 0 and 1 for each output
nThes AP A L RS

Switching between modes

The system administrator can switch between the classification mode and the knowledge
10 acquisition sub-modes by sending a message together with the appropriate data to the
document classifier. The message can be either LEARN, INSERT, or CLASSIFY.
Pepending on the message received, the ddcument classifier adjusts the input baseline
vigilance parameter p, and the output vigilance parameter p, of the ARAM classifier
accordingly and carries out the appropriate sequence of ‘actions.
15
With a LEARN message, the document classifier receives a document text together with a
classiﬁcatio.n_ label. First, the feature extraction module derives the normalized keyword -
 frequency \;ector from the document. The keywérd vector is pfesented as the input vector to’
the F* field and the classification vector (based on the classification label) is presented to
20 the F," field of the ARAM classifier. The ARAM classifier is then run with ga <1 (typically

0, to maximize generalization) and p, = 1.

With an INSERT message, the document classifier receives an IF-THEN rule. First, the rule

insertion module converts the given rule into a pair of input and output vectors, presents the
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s, Is thewoama®zed prediction score for the output classpggs %ﬂ) tput
¢l ass with the highest prediction score is the sel ected predict cl ass

and its prediction score is the confidegre val ue. Sw tchi ng between nodes
The system admi ni strator can switch between the classification node and the

know edgﬁxputlpeéi&qfé' théoﬂela%drmg%ﬁ véftlafg&dqui: TRaf2gfe tA@@&NQ& s‘f\ﬁﬁst he

appropriate data to th docunent c assi nessage can

LEARN, | NSERT . on the nessage received, the
docurrentthsﬁ’é‘ggmtﬁ@qlﬁ%edgﬁ%af‘%&f g %ﬁﬁ SRAHBEICRiSg Pdfice paranmeter pa and
the output vigilance paraneter Pb of the ARAM cl assifier accordingly and

carries out the appropriate sequence of actions. 15 Wth a LEARN nessage,
t he docunent classifier receives a docunment text together with a

cl assi fi wafhi ATLASSIY. nfelséat, tHeh&:chﬁ@th&sﬁﬁ&r é@&ﬁ@&f&@%@mﬂ'ﬁu \ﬁ (g

normal i zed keyword frequency vect or fromt e docunent ke vvor ‘vect or

vactor (aate Wit R ARG bR mhpBeleen fpiedreanten”y ‘é‘cStS%f ] el d

of the ARAMcIaSS|f|er The ARAM cl assifier is then run with p, <1
(typi cal dapument ard RESSERIS HeasyladrpHti vegtardaythaRd field. The ARMM classifinsisRtien
nmessage, the docunment classifier receives an IF-THEN rule. First, the rule

i nserti omnwicthibethgaue i, sqidl€o gérsento éllsard d@n@@;sralﬂayg MBAK, m@qxem&tealt
vectors, presents the .1 t WD 41/14992 1 0 FEB 2004

classification label is then read from the F,® field and returned to the user.

10 - Figures 5, 6, and 7 summarize the parameter setting and the relevant functional blocks of the
document classification system in the learning, rule insertion, and document classification

‘modes respectively.

The embodiment described is not to be construed as limitative. For example, elthough the
15 classifier module has been shown implemented using an ARAM structure, this may be
implemented using any other structure which allows incremental learning and rule

insertion, such as an ARTMAP structure.
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eut put vigilance paraneters set to 1 s. Wth a CLASSI FY nessage, the
docunent classifier receives a docunment4text. First, the 5 feature
extraction nodul e derives the nornmalized keyword frequency vector fromthe
docunentRefeeknpésgsent s it as the input vector to the F,' field. The ARAM
classifier is then run with both p, and Pb equal to zeroes to ensure a
prediction is always made. The predicted classification |abel is then read
fromthe F,b field and returned to the user. 10 Figures 5, 6, and 7

summari ze the paraneter setting and the rel evant functional bl ocks of the
docunentlkl &5 ef-f Cemensn 8 s Genssberg (198T)e ax miasgively phelliehs@hitdctive fand self-
docunent classification nodes respectively. The enbodi ment described is

not to be corgmnlzimel reardl i gtiea iréCognifin mm%@c&@?&“%%fﬁr@r%a%@f‘ er

nodul e has been shown i npl enented usi ng an ARAM structure,

i mpl egent ed plsi : trgcture which allows increnental |earning and
rule insert#%&pg%gﬁﬂ%%siﬁ P structure. WD 01/14992 1 0 FEB 2004
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0 FEB 2004 POGTuiBeR0/deRRatisw t classification apparatus
conprising feature extraction %@g@or%rﬁsﬁgf&ﬁ&rs FFEACKORt YGRS £ EUt ur es

froma docu g | assi fier operable on the 5 extracted features to
process t hen%{)t%:aﬁﬁgﬂtaa?lﬁrajﬁ% ﬁg\m%g%ﬁf@]@i dacument amshie classifishbpérablecon the
assocjation of a classification with the docunent is added increnentally
to a know edydrastsefegrures tey procassehe doturaatf inC &Ko 16828 €adq st tholib &in
classifier, S _
which the association of a classification with the document is added incrementally

to 2 knowledge base or in a document classification mode in which the classifier,
using the knowledge base, determines a predicted classification for the document,

the classifier being switchable between the modes under user control .

10
2. Apparatus as claimed in claim 1 wherein the classifier comprises a supervised
adaptive resonance theory (ART) system.
3. Apparatus as claimed in claim 2 wherein the system comprises an ARTMAP
15 system.
4. Apparatus as claimed in claim 2 wherein the system comprises an ARAM system.
5. Apparatus as claimed in any one of the preceding claims further comprising a
20 _router arranged to route the document to one of a plurality of destinations in
dependence upon the classification.
6. Apparatus as claimed in any one of the preceding claims wherein the classification

has associated therewith a confidence value.



"usi né the knowl edge base, deternines a predicted classification ¢ @ggtfig
documnent , WOt0Rd492 assi fi er bei ng swi tchabl e between t he nodescr/sdeioobeer
eontrol 10 2. Apparatus as claimed in claim1l wherein the classifier
conprises a supervised adaptive resonalfce theory (ART) system 3.
Apparatus as clained in claim2. wherein the system conprises an ARTMAP 15
system 4. Apparatus as clainmed in claim2 wherein the system conprises an
ARAM system 5. Apparatus as clained in any one of the preceding clains

further £onprjsi . t.er ;arranged to, route t.he _docunment to one of a
plurali t7):7 of ‘%éésat??tr‘fgtals c??gaéﬁ\gﬁ mcﬁ&%ﬁhgégégpﬁm?toﬂéﬂmés‘f’li‘qr‘élﬁt‘?lﬁr?.on@dence
Apparatus as claiped in any one of the preceding clains wherein the

cl assi fi cat i offlueniscomparbleitay thgghaldv the rauien heing enmagehtamakah Glibind8e2 10
FEB 2004 PCT/ SG9/00089 36 7. Apparatus as clainmed in claim6 as

dependent - on rolingrob maneslerontih$ decisioh il @Bs@deN@l 1Rdni the EOMPAIARAL € tO @
threshold, the router being arranged to nake an automatic  routing or

manuals routing decision in dependence upon the conparison. 5 8. Apparatus
as claimed in claim7 wherein the threshold is adjustable. 9. Apparatus as

claimedgn claim?7 or claim$§ vi,h,erﬁi n a said destination is a system
adni ni st% at or*PRAEAPY AS FIBIRe By Clalgh f ayhereinithe threshyld is adjustable.

0. Apparatus as claimed in claim 7 or claim 8 wherein a said destination is a system
administrator, responsible for .ménual routing,
10
10.  Apparatus as claimed in any one of the preceding claims wherein the features are

formed into a feature vector for input to the classifer.

11.  Apparatus as claimed in any one of the preceding claims wherein the features
15 comprise classification-associated words or phrases which rriay appear in the

document.

12.  Apparatus as claimed in any one of the preceding claims wherein the extracting
means is arranged to provide a measure of the frequency of occurrence of the

20 features in the document.

13. Apparatus as claimed in claim 5 wherein the destinations include a system

administrator to which the other destinations are connected, mis-routed documents



.10. Apparatus as clained in any one of the preceding clains wheyepgs Ding
features Y19 med into a feature vector for i nput to thecrikesseobsy . 11.
Apparatus as clained in any one of the preceding clains wherein the
features 15 conprise classification-a¥sociated words or phrases which may
appear in the docunment. 12. Apparatus as claimed in any one of the
precedi ng clbéing sahdabld bytthe @hér destinfgonsrioaihe dyStert h&RFE a6 R:ﬁox\ﬁgﬂt?ala
nmeasure of the frequency of occurrence of the O features 1 n the docunent.
13. Appar at ugugigeCl aimed in claim5 wherein the destinations include a
system adninistfator to which the other destinations are connected,

m s-routed docunents WO 01/14992 1 0 FEB 2004 PCT/ SG&9/00089 37 being
sendabl e by the other destinations to the system adm ni strator for nanual
routing. 14. Apparatus as clainmed in claim13 wherein the system

adni ni sk4-at oApparawisras etaimed im clamtI3ewhe@inuthe sittinaiifRIBARS céiticred to
classifier, the arrangenent being such that a said ms-directed docunent,
i n associ at i@ f¥dhife infAe GRLL i.ed . the . system,
St at o R SrRY Medhy 3RS oLy BBk, A0 SRR Bhire en i e
associ ation fs_%&%teadcéu%l classification wth the ms-directed docunent to
the know edge base 1UVIEML AP RIROMLWILR | ag; 3ol classifigatinnesupplieh by the
preceding claims wherein the apparatus is operable to performrule
insertion i rFYSRE RABMIBEYEr, atsqprenessedninmidewledgeicqlisBion mode to add the

association of the actual classification with the mis-directed document to the

knowledge base.

10 '
15.  Apparatus as claimed in any one of the pi'eceding claims wherein the apparatus is
operable to perform rule insertion in the knowledge acquisition mode in which a
plurality of features are input -by a user to the classifier together with a
classi_ﬁcation with which the features are associatéd.
15

16.  Apparatus as claimed in any one of the preceding claims wherein the apparatus is
operable in knowledge acquisition mode to process a plurality of training

documents with associated classifications as a batch.

20 17.  Document classification apparatus comprising:
feature extraction means for extracting a plurality of features from a document,
a classifier operable, using a knowledge base, to determine from the features a
predicted cla§siﬁcation for the document, the classification having a confidence

value associated therewith; and



plurality of features are input by a user to the classifier together with a
classification with which the features are associ ated. 15 16. Adp&E8t 2084 as
claimed in any one of the preceding clains wherein the apparatus is
operabl e in know edge acquisition node to process a plurality of training
docunents with associated classifications as a batch. 20 17. Docunent
classification apparatus conprising: feature extraction means for
extracting a plurality of features froma docunent, a classifier operable,
usi ng a knowl edge base, to determine fromthe features a predicted
classification for the docunent, the claSsification havi ng a confi dence
val ue associated therewwth; and 1 O FEB 2004 -38 a router arranged to
conpare the caénféuteneeraugddi¢o toonmpatdties lrohfldentd vedke ta 2 tdeesholdrand anekeite
t he docunent automatically to one of a plurality of destinations or to a

destination f QecisRpua roﬁ&%& 'agcv.irge L oM ﬁp&%’lg%%eto‘?% ;g@ﬂm%/ o] &Eltmgtfd'rﬁ or

Apparatus as clained" in claim threshol’d I s “adj usta

to a destination for manual routing in dependence upon the comparison.

5 18. Apparatus as claimed in claim 17. wherein the threshold is adjustable.



