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TECHNICAL FIELD
This application relates to neural nets. In
particular, the application relates to neural net model

30 building and maintenance.



Humans use their abilities of pattern recognition in nmany things they do,
and particularly to solve problens. The follow ng are sone exanpl es of how
peopl e uswopab@Esn 5 recognition to anticipate and/ or det ect/ysosbi7ess and
find solutions to the problens: (a) an experienced nanager, based on her
experience and know edge of custoners' buying patterns and her
observations of current conditions (for 10 exanple, weather, day of the
week, date, local econony, etc.), predicts the nunber of units of a

mer chandi se dEstr=TION dre Rekerenl Arr t he upcoming nonth; and (b) a
brewrast er sanpl es his product over tinme and 15 his intuition and

experi ence suggest¥maRs hisk ehahhedbidbithesi a§reateprs &ECPBBEESSThdNshoul d
make to i npr t he. d tificy I k.(70eural y
TP beiRGOUUGEy Bl T aﬂ?ﬂ&i"la%@{‘f‘@é\j sp108ULRLIRE).

t echni ques ide an infofmation processing t
pattern recdgm tfohloapabi 41¢ i egpe whkahphay b€ howi pedpfle psevipdetamn

[ t- t del . f t ed licati : t ypi I t,
conpri 68 a FURBEH 6ro™ | 1t FREOHRLET el AE0FOn- ke br BEGSLFRY BPEnerre (or
nodes) thatssand slad ad creacrsdhais al ong connections. A 25 processing

el ement receives a nunber of inputs, either fromother processing elenments
or directly from {Fputa? PXPEREEHERNIPRIASE, NBREEB| PBSNEHCRXBRTERECENpPUL S

by a corresponding wejght anh agds éPecﬁgéHhéfstOES§?§§S§9FE ehHE Ang

wei ghted sum It then applies a transfer function 30 erred to
herein as "activati on Hemctalmeraid orffshasifs fammtengn” ronclithensum(forobt ai n

a value, gnown as -2 example, weather, day of the week, date, local

economy, etc.), predicts the number of units of
a merchandise that should be ordered for the
upcoming month; and

(b) a brewmaster samples his product over time and

15 his intuition and experience suggests to him
changes to the ingredients or process he should
make to improve the product.

Artificial neural network ("neural net") techniques
provide an information processing tool, with similar

20 pattern recognition capabilities, which may be trained to
provide an input-output model for assérted applications.

A typical neural net comprises a number of
interconnected neuron-like processing elements (or nodes)
that send data to each other along connections. A

25 processing element receives a number of inputs, either
from other processing elements or directly from inputs of
the network, and multiplies each of the inputs by a
corresponding weight and adds the results together to
form a weighted sum. It then applies a transfer function
30 (also referred to herein as “activation function” and

“basis function”) to the sum to obtain a wvalue known as
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WD 03/ 090163 PCT/ US03/ 11713 the state of the elenent. The state is then
either passed on to one or nore other processing elenents along weighted
connect i owe,030p01p3 ovi ded as an out put of the network. ColPlcaatSos/ei7y3 st ates
are used to represent 5 information in the short term while weights
represent |long-terminformation or |earning. Processing elenents in a
neural net may be organized into |layers. For exanple, a nulti-I|ayer

hi dden-1 ayer net has an input |ayer, an output |ayer and one or nore 10

hi dden | ayershdetgseer the itmat diayehtand otHdUkchareris THheputhyigof the
i nput |ayer are passed to one of the hidden |ayers. Generally, hidden

| ayer proceéﬂﬁﬁfde@%n§9t§nﬂIQﬁNWQﬁ?rﬂﬁ@ﬁﬁkp¥@c%%$¥@9|ﬁﬂ@mﬁﬁﬁﬁaﬁéong
represent at i ang, Wi £h conhi-ng hgputoga%uolqu\gzays éhaatn ;QHQELQ the neural

net nodel to earn t he eS|re I nput - tput mapping wt reater accuracy
t hr ough trmnHqurk(htpﬁt&l@ttuwelwlddsnatayerararen§a$sed>t@ephes@ntput

| ayer, d t.he out a r odu ¢es one or output Training is a
process g ﬁW#gﬁP$eéPaﬂgﬁét§ Ofﬁlkﬁﬁ% aW hEut "SR FEREPSERTough
exposure tC)I&ﬁgL&gﬁh fﬁhé@ﬁéﬁﬂun(grtjgaﬂﬁaﬂgns associ ated with connections
bet ween processigg{nodes. A training process may involve the follow ng

steps: 1) Repeat SHSCHITENt ¢ HSXahples? orewryphr PEEuUMaY bgsorapunized: put
task to the gy al ;nefs mdglLs %gc %@arénﬁiﬂ@ge@%ﬂ HEBER-?Q%e? degi red

output to neasure error and difying no g ts to reduce the
error. This lrsocess nspuépelaamruntaml dburpher lidwrat rod 3fef aid snbae

decreas?otm%fgéer £aye%geﬂgngégzﬂﬂg Pgﬁgglﬁayer and output layer.
The outputs of the input layer are passed to one of the
hidden layers. Generally, hidden layer processing
elements allow the network to build intermediate
representations which combine input data in ways that
15 help the neural net model to learn the desired input-
output mapping with greater accuracy through training.
Outputs of the hidden 1layers are passed to the output
layer, and the output layer produces one or more outputs.
Training is a process through which neural nets
20 learn an input-output model through exposure to data and
adjustment of the weights associated with connections
between processing nodes. A training process may involve
the following steps:
1) Repeatedly presenting examples of a particular
25 input/output task to the neural net model;
2) Comparing the model output and a desired output
to measure error; and
3) Modifying model weights to reduce the error.
This process 1is repeated until further iteration
30 fails to decrease the error (or the error falls below a

predetermined minimum) . The network then is said to be
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predeterm ned m ninun). The network then is said to be -3 WD 03/090163
PCT/ US03/ 11713 "trained". Through training with, for exanple, training
sets of weampleoidat a, neural nets can learn to extract relcatisonstrips from
the data, simlar to the way that 5 humans |earn from experience, and, when
in operation (often also called "consultation"), recall the |earned
relationships in order to extrapolate suitable solutions in new situations
(for exanple, not expressly represented in the training data). Training a
neural net byappladng 10 sets of specific, selected sanples hel ps the
network to develop a general input-output nodel._ The trained nodel is
expected to out pkREMHSRAFAIMRA Phth er FPBne*dFPHer et rBLDHDE §8FHeST

associ ated wddpitde iy, patlerds Whihbes B ai nidg.f he @ppearange of a

bl ackbox (i.e. 'the 15 details or inner workings, such as weights and nodes,
wi t hin t he tusdiateidnadtabs aferanot theadidte apparmédirt ota tiser wary obbekver).
Sel ecti ng ar}m%papropri ate net structure Rl ays a .substanti.al role i

bui | di ng-a RBIFELS néttEShpdesh ofdPS 267 F5tel 2 8F a til%aPngfaﬁtqloSnshi p

or system Ifofiter Saassunedlibat ‘onpuilentirew)edgesoh1t hectyy obkamnies known
and therefore only caonnonl y-used node activation functions are used, the

i ssues in t FEFRIAISTERS §BnereeFrolt ProteP i ideut hebt 8l FewREONS r st ,

a net 25 typg, ({of £xewPlLonbayess LahPeeNehdrabgpseketiedepPacenchhe net
type is selected, one determ nes an appropriate nunber and connectivity of

nodes in thamethastyelning daoak. pafaaktensg. a neural net by applying
10 sets of specific, selected samples helps the network to
develop a general input-output model. The trained model
is expected to output for each input pattern one or more
output values associated with the input pattern, while
maintaining the appearance of a blackbox (i.e. the
15 details or inner workings, such as weights and nodes,
within the trained model are not zreadily apparent to a
user or observer).
Selecting an appropriate net structure plays a
substantial role in building a neural net computational
20 model of a functional relationship or system. If it 1is
assumed that no prior knowledge of the problem is known
and therefore only commonly-used node activation
functions are used, the issues 1in the neural net
generation process include the following. First, a net
25 type (for example, layers in the net) are selected. Once
the net type is selected, one determines an appropriate
number and connectivity of nodes in the net as well as
node parameters.
FIG. 1 shows a plot of training error versus number
30 of nodes (ranging from one to twenty) in a hidden layer

of a conventional single hidden-layer net, for a sample
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FIG 1 shows a plot of training error versus nunber 30 of nodes (ranging
fromone to twenty) in a hidden |ayer of a conventional single

hi dden- | ayerosnatiss3 for a sanple -4 WD 03/090163 PCT/ US03/ PETAB03/derim set of
seven inputs and one output. As exenmplified in FIG 1, there is often no
observabl e rel ati onship between the training error and the nunber of

hi dden-1 ayer nodes. The nunber of nodes used in a conventional neural 5
net nodel typically is determ ned by experience and trial-and-error, which

of course isddwd se¢ittabl sefen iaghematdrd MBytel oltbhell Ngas! RxAG1tIFARG
conventional neural nets are not. conducive to _increnental and/or adaptive
| earni ng. The* FGG-er tr " i MePEfrentSal OfE&P NI RY" CRECIERT hereilat ipBshd Pt hat

(a) the net \can,de, expanded; With sew,podes eﬁgeﬂuaﬁgr( Bk HAAER tatian of a

new set of weights for the expanhded net wutilizes the weights frombefore
t he expansi orpdss a Brarnumgepodht nedehenseannseacbnngntiomadc natuglal The

15 term Ladapt.ive_ | earning"., used heyein, .neans.that after a neural net
model ha3 bergent esnfoac%i i shté'gflcaaglgliyt i onal d’e%ﬁrgu@g% b&®Yus EXPES 1GPFA e e
nmodel to achieM€l heid edrrawer alHidtesulft Scofigke exadplist nejditebliencrrgrent al

| ear ni ng nor adaptive | earning can be achieved 20 efficiently by a

hi dden- | ayer2\He"Heka ¥ e hehoflinfear processing by a hi dden-1ayer net is

widel y distributed, apndqipighconnectedracngss theades,e@nd therefore any
adjustnments to the weights based on determned error also nust be
nonl i near | y airstuding etdo 25.CHeereafterle, amd(wal adept Avdell egemamat.i on Tied

naintenﬁace1ﬂggpod9£89é%gn%gﬂCHJ&%%JA&*?E%énSESHE@E¥ein, means that

(a) the net can be expanded with new nodes added and (b)

computation of a new set of weights for the expanded net

utilizes the weights from before the expansion as a

starting point rather than starting from scratch. The

15 term “adaptive learning”, as used herein, means that

after a neural net model has been established, additional

data can be used to update the model to achieve better

overall results. For example, neither incremental

learning nor adaptive learning can be achieved

20 efficiently by a hidden-layer net because the nonlinear

processing by a hidden-layer net is widely distributed

and interconnected across the nodes, and therefore any

adjustments to the weights based on determined error also
must be nonlinearly distributed.

25 Therefore, neural net model generation and

maintenance methodologies which facilitate incremental

and adaptive learning are needed.



and adaptive learning are needed. -5 WD 03/090163 PCT/US03/11713 SUMVARY
The di scl osure provides a nethod of increnentally form ng and adaptively
updat i ng wornememEb3 net nodel. 5 According to one enbodi mercy/usag11mes hod
includes (a) increnentally adding to the neural net nodel a function
approxi mati on node, and (b) determ ning function paraneters for the
function approxi mati on node and updating function paraneters of other
nodes in the neural 10 network nodel, by using the function paraneters of
the other nodes prior to addition of the function approximtion node to
the neural network nodel. Steps (a) and (b) may be repeated, if a nodel
accuracy of TH®%eural net nodel with the function approxi mati on node 15

added thereto is ﬁ@éowl%c%%gl%ermwﬁd@g%r aﬁxthga{tel)og/*%%r %;m@ %\gf&ne

enbodi ment, a set of sanple data patterns 1s use orma
function appﬁ’cwmmsgl amd ncdmaind ldat espdaemdlg he f mectriadn ajepr oxodetli.on

node is _selected,.fromthe |i 0 funct r oxi de, 20
candi dat 8s. 19T ofF uﬁ@tel oﬁ"%BSHSﬁP %ﬁ trga% rtfg‘tuéise%)/aﬁe
formed by spindtdahtdielsesdafnganpl echaaﬁém@@lt QRS mdHdl aaplEunakiiby of

clusters in a first level of a cluster hlerarcdy determning that a
sel ected clIRREXITREIRNfi Q9§ eveltiths dPopullsticsiisidedi Agngtion

predet ef mi ned: SigfeANd SBLT L hRY_ the el aot bl st By 1 bt OnbdD OGO &

clusters an epl acing the selected cluster e two or nore clusters
in a next I@m@atﬁngtfmn@ﬂl@mepah@@¢@¢nmyofTheheruaoées on éeaehnkeewell of

the C'Hﬁte%e wofH Qﬁ?ean”u%EHét% Eunctgoao%@f%ﬁ%@g¥gjof the
other nodes prior to addition of the function
approximation node to the neural network model.‘ Steps
(a) and (b) may be repeated, if a model accuracy of the
neural net model with the function approximation node

15 added thereto is below a predetermined accuracy level.
According to one embodiment, a set of sample data
patterns is used to form a list of function approximation
node candidates, and the function approximation node 1is
selected from the 1list of function approximation node
20 candidates. The 1list of function approximation node
candidates may be formed by splitting the set of sample
data patterns into a plurality of clusters in a first
level of a cluster hierarchy, determining that a selected
cluster in the first level has a population exceeding a
25 predetermined size, and splitting the selected cluster
into two or more clusters and replacing the selected
cluster with the two or more clusters in a next level of
the cluster hierarchy. The clusters on each level of the
cluster hierarchy based on cluster size, to form a sorted

30 list of function approximation node candidates.

The function parameters for the nodes in the neural
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30 list of function approxi mati on node candi dates. The function paraneters

for the nodes in the neural -6 WO 03/090163 PCT/US03/11713 net nodel may

be det er mwoed/ofmieappl yi ng a hierarchical k- neans cl ust er ipag/uses/nodol ogy to
a set of sanple data patterns. For exanple, a function approximtion node

may be a radial basis node, and a center and radius of the 5 radial basis

node are determ ned through a hierarchical k-nmeans clustering nethodol ogy.
The nethod may further include nonitoring a nodel accuracy of the neural

net nodel whidte did@eNetdnl boedet 8BEehed ShYSEEPRP1hENE, haBdagdaRtRYERY
updating the neural 10 net nodel, if the nnde? accuracy of the neural net

model  i's b&lISRS FEFECE MBS ERPESHBZY. The dadapti vef upthitd e melptiancl ude
| nerenent al Ly, addidly ongaor o RBns 8L EGRAL 5 010088 b hDE1 BRURBLEN BT

del ,
to represent new data. The new data may corresp 0 a data range not 15
repr esent ed len & heasietlofbaaingl rodat aapdt teer osnaad/ andt cradi whaofe tihe

system dynam cs._ .The_adapti ve updat .include updating.the functi.on
par anet er's d?“ﬁﬁg‘ngaﬁésiﬁOthe:ﬁ%ugﬁpg%@fnﬁgdéﬂgx?ggkH% g&&ﬁ??ﬁglﬁﬁéating
reaches a I|d-Mdans duldtdeidinktHoddigieural net nodel may be 20

perfornmed. The additional nodes, according to one enbodi nent, may be
formed by applyi ng*® BRGECEr iRy mEtKEBEFogi G B dewnonAt @Y paSt e nFOdFHe

clustering MRINAYALOGY Mhd NELUGGY & GKARR! G CIdISEEL! N Lie ngwcdat a
patterns into a 25 ‘nunber of clusters ich is approxi mately a nunber of
the nodes impddile Tewsdd net- hode| , adét adaphinglyhapdat isgl ebtedeciradter i s
far amﬁ¥0f“%g (ﬁgééfpsigs§ggi%%%%l accuracy of the neural net model
is below a predetermined threshold. The adaptive update
may include incrementally adding one or more additional
nodes to the neural net model, to represent new data.
The new data may correspond to a data range not
15 represented in the set of sample data patterns and/or to
a change in system dynamics. The adaptive update may
include updating the function parameters of the nodes in
the neural net model. If the adaptive updating reaches a
limit, a full retrain of the neural net model may be
20 performed.

The additional nodes, according to one embodiment,
may be formed by applying a clustering methodology to new
data patterns. - The clustering methodology may include,
for example, clustering the new data patterns into a

25 number of clusters which is approximately a number of the
nodes in the neural net model, determining that a
selected cluster is far away from positions associated
with the respective nodes in the neural net model, and
adding to the neural net model an additional node

30 associated with the selected cluster and a center of the

selected cluster.



with the respective nodes in the neural net nodel, and adding to the
neural net nodel an additional node 30 associated with the selected cluster
and a cenwenspdoithe selected cluster. -7 WO 03/090163 PCPCDEG83/11r713 An
ort hogonal |east squares nethodol ogy may be applied to determ ne a set of
wei ghts for the neural net nodel. The set of weights may be adaptively
updated by wusing new data patterns and/or to conpensate for system5
drift. The weights of the nodes in the neural net nodel prior to the

adaptive update may berchodimell Wiédsa SehuadésnewmevBbablsghbasedyon
forgetting factor. The forgetting factor may he determ ned based on a
cause of mARALIRYrEAafPBRIMIBE The SHte SNtV H Dstp® BlGonpHERLIESTA

met hod of iggd&rment ahky sf&rr@@gw@igﬁygahapetbéméi&épti\%%fﬁgggpedi t,

t he nethod includes applying a hierarchical clustering ogy to a
set of sanplusiday anpat dertas pat-dwrsn anfl/ st ¢b fenmpdrosrtappfoxi mswisitem node

candi dates, 15 and increnentally applyin uncti on_ approxi mati on _nades
fromt hegl iS rlo“’?t f un?ﬁ?oweégglrchpﬁa%}%en r%oc{(fes clarhd?%%t ggur?gaf% m's “Todel

W th an accymicyr atoorhabevam isel entdske aasiyr dey deewelinedAcenridi Bg sle®
anot her enbodi ment, the method includes 20 formng a plurality of function
appr oxi mati G ndtR¥s MI9hGRe Rared MRt FoddiCNRtappISyi AGCARi-er ar diecal

clustering ngg Ay EQcfosehadf manpleeAalfePabhEERAS on ANd-2RRLYISFY an
ort hogonal |east squares nethodology to determne a set of weights

associ at ed wiadel} eduaratiiom. 25 approxi mati on nodes.

10 The present disclosure also provides a method of
incrementally forming a neural net model. In one
embodiment, the method includes applying a hierarchical
clustering methodology to a set of sample data patterns
to form a list of function approximation node candidates,

15 and incrementally applying function approximation nodes
from the list of function approximation node candidates
to form a model with an accuracy at or above a selected
accuracy level.

According to another embodiment, the method includes

20 forming a plurality of function approximation nodes for
the neural net model by applying a hierarchical
clustering methodology to a set of sample data patterns,
and applying an orthogonal least squares methodology to
determine a set of weights associated with the function

25 approximation nodes.

BRIEF DESCRIPTION OF THE DRAWINGS
The features of the present disclosure can be more
readily understood from the following detailed
30 description with reference to the accompanying drawings

wherein:



BRI EF DESCRI PTI ON OF THE DRAW NGS The features of the present disclosure
can be nore readily understood fromthe follow ng detailed 30 description
wi th ref ewerns@Idies t he acconpanyi ng drawi ngs wherein: -8 WOTABNO90163

PCT/ US03/ 11713 FIG 1 shows a graphical representation of a plot of
training error versus nunber of nodes in a hidden |ayer of a single-Ilayer
hi dden-1 ayer net; FIG 2A shows a flow chart for a nethod of 5
increnentally formng a neural net nodel, in accordance wth one

enbodi ment of t he ¢ esenshdwschoguaphi 4G réPrebensasibhowtchapt okolra

hi erarchi cal clustering nethodol ogy, in accordance with one_ enbodi nent;

10 FIG 2C SHH | 8 ehaVErsde 4 RSP bf NogeReriat ihghafderdérean | st

of candi dat g;mades fncd i piger REEALAI NG, 4,0 Qe enbodi nent, using the
hi erarchi cal clustering rret hodol ogy shown in FIG 2B; FI G 2D shows a flow

chart for a nethdtf@f 25 |abeeaeneal |f§10®0n51f¥a}dll nngJa mddehlethodor difng to
one , embedi Nt cising, & | kstmohacandidale nade funeti ongy ELG, 34-shove a

fl ow chart f'or I NCrament & g AN
mai nt ai ni ng wa ttewred entsddimset @f tae epiﬁmmtte dictlranyrd evel , according to
one 20 enbodi nent_ of the present dis Iosur% FI G_ 3B shows a fl ow chart

for a method of ‘ddapti<Rl yRPthtithg S ndi%t aitn SCCHPECRIGR Lt he
nodel , accordiyg: 4:0i.0n€ eﬂ@@ﬁbasmégyw ngnnewai@é@ﬁdfrlc% 4 Shoms acgne

schematic view of a functional lin
embodiment ;

10 FIG. 2C shows a flow chart for a method of
generating an ordered list of candidate node functions,
according to one embodiment, using the hierarchical
clustering methodology shown in FIG. 2B;

FIG. 2D shows a flow <chart for a method of

15 incrementally constructing a model, according to one
embodiment, using a list of candidate node functions;

FIG. 3A shows a flow <chart for a method of
incrementally forming and adaptively maintaining a neural
net model at an adequate accuracy level, according to one

20 embodiment of the present disclosure;

FIG. 3B shows a flow <chart for a method of
adaptively updating a model to maintain accuracy of the
model, according to one embodiment, using new data;

FIG. 4 shows a schematic view of a functional 1link

25 net structure;

FIG. 5 shows a plot of data patterns and outputs
produced by a model generated by applying methodologies
provided by the present disclosure, for a non-linear time
series example;

30 FIG. 6 shows a plot of data patterns and outputs
produced by a model, generated and updated by applying
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25 net structure; FIG 5 shows a plot of data patterns and outputs

produced by a nodel generated by applying nethodol ogi es provided by the
present dweaBwosuse, for a non-linear tine series exanpl ePC3WSHI/A715 shows
a plot of data patterns and outputs produced by a nodel, generated and
updated by applying -9 WD 03/090163 PCT/ US03/ 11713 et hodol ogi es provi ded
by the present disclosure, for a non-linear tinme series (Wwth drift)
exanpl e. DETAI LED DESCRI PTION 5 This disclosure provides tools (in the form

of net hodolggilesdsnsh syst prdyified MmeuUrEhe NnptreBBde! digRNIAIAON 88 a

mai nt enance. Novel increnental and/or, adaptive nethodol ogies for

ef ficiently IRR1IARRAT defdbfiad T IPcHirtdt driduralexmstelfodel s of mappi ngs

| earned 10 t hrough training and for maintaining the accuracy of the nodels
are provided. The increnental nethodol ogies described herein provide

ef ficiency, HETARRIARESGRIRTIQN her approaches, and the adaptive
nethodolggies argmxﬁgengjsqp in response, to Q%ﬁ_es i.,n a _nature of the data

15 or in“the systelt esponse YT adéordatice one' b &demeft et Pici ent

i ncrement al negi@kERMe®f anmbdebyepeaapassesraddidurdl ofmdtodesmodaian
appropriate manner and conputation of inproved system nodel paraneters
recursi vel y I58HaHeP20 vBdEf§rPBSPned MiRlet! ~ vificeed tedus AR PV ed

i ncrenent al 135, ddy ACCOr dRReR W11 18ROt heg o embodi ient; oG emertah gihgar ni ng
i ncl udes addi ng nodes from an ordered candi date
adequately accurate neural net models of mappings learned
10 through training and for maintaining the accuracy of the
models are provided. The incremental methodologies
described herein provide efficiency, as compared with
other approaches, and the adaptive methodologies are
exercised in response to changes in a nature of the data
15 or in the system response.

In accordance with one embodiment, efficient
incremental improvement of a model encompasses addition
of nodes in an appropriate manner and computation of:
improved system model parameters recursively from the

20 previously learned model, which 1is thus improved
incrementally.

In accordance with another embodiment, incremental
learning includes adding nodes from an ordered candidate
list sequentially based on guidance provided by

25 hierarchical clustering. The architecture of the
hierarchical c¢lustering may be binary beyond the first
level and may have a maximum number of levels. The
candidate list may be generated by sorting the clusters
first by 1level and then by cluster size. Nodes are

30 selected from the sorted list starting with functions

from top-level clusters. If accuracy of the model is not
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| i st sequentially based on gui dance provided by 25 hierarchical clustering.
The architecture of the hierarchical clustering may be binary beyond the
first | ewelosamdesmy have a maxi mum nunber of |evels. Thepcramsds/digiz |i st
may be generated by sorting the clusters first by |evel and then by
cluster size. Nodes are 30 selected fromthe sorted list starting with
functions fromtop-level clusters. |If accuracy of the nodel is not -10 WD
03/ 090163 PCT/ US03/11713 adequate, nore nodes are added sequentially until

all  nodes iguddetcandimdaiee hbaksargrexhadsiedsegquentihlay dasi 1ed ;aqcuracy
is obtained. This methodol ogy may be _applied to obtain a nodel wth
adequat e acdRIRY dfd tBEhFAMY W idétsfe aT¢e exigysttiofe PEardiitigl ian

response 10 hanass SLbleholn iSYshedyfygan os, L %&%@%ﬁﬁg@oﬁ%}g @ both.

includes, in accordance w one enpbodi nent, a si e net

adj usti ng t hepmetawr kpaphteter sa amd/dml switbt vadeqldtei tdwouirdayi rodt o
under go cgén%ﬂ ete ret rc?i n.. Under this nethodol ogy, clustering of new data
is used to B e "YYW iotEs shoul d be added, and the top nost |inear

wei ghts for the exdsdtiing nvdesnand, f ah arRypieWenadeschgenes atedhare in
conputed by using only the new data in 15 _conbination with existing weights
in the net, SHETHi BGFAPFER™ ¥ orYeteNag PhcEdE2 BASEALHn AngetEesi ndfi on of

a cause of degr.agatd { PP OIJYRRGH t he, oL I | on
nunber of patterns u(%sée)gllmfglr1 tg%%i ni ng. g\%fnetr'rbgadi%ﬂ%%f mtgﬁggg?égggt Tot?

di scl osure mjuseing 20heonbigwévn obaliceesechi caind/ast esitmgctuadd, al

basis fynction, q0d A1PE3 0510R90PsL Least POk8" 88train. Under this
methodology, c¢lustering of new data i1s used to determine
if new nodes shouid be added, and the top most 1linear
weights for the existing nodes and for any new nodes
generated are computed by wusing only the new data in
15 combination with existing weights in the net, according
to a “forgetting factor” based on a determination of a
cause of degradation in performance of the original model

and also on number of patterns used for training.
An embodiment of the present disclosure may use a
20 combination of hierarchical c¢lustering, radial Dbasis
function and linear orthogonal least squares
methodologies to provide incremental model building and

adaptive maintenance.

An exemplary method for incrementally forming a
25 neural net model, in accordance with one embodiment of
the present disclosure, is described with reference to
FIG. 2A. A hierarchical clustering methodology is
applied to a set of sample data patterns to form a list
of function approximation node candidates (step S21).
30 Function approximation nodes selected from the 1list of

function approximation node candidates are incrementally
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met hodol ogi es to provide increnental nodel building and adaptive

mai nt enance. An exenplary nethod for increnentally formng a 25 neural net
nodel , i 'waacsosdance with one enbodi ment of the present acyaiSosures is
described with reference to FIG 2A A hierarchical clustering nmethodol ogy
is applied to a set of sanple data patterns to forma list of function
approxi mati on node candi dates (step S21). 30 Function approxi nmation nodes
selected fromthe list of function approximation node candi dates are

i ncrement al | 3aded 1e M0 O 0904631 PRELUSRMIL 743 msidedat addha neual ohet

nodel to forma nodel with an accuracy at or above a sel ected accuracy

| evel (step aSpMacThéthnePlod@PVve nér eFBAEEFR] faPPRRyCH newsdl rieteps

nodel , accorégéyg t o anot her enbodi nent, includes applying a hierarchical
clustering nethodology to a set of sanple data patterns to forma |ist of
function approxi Mdie omethodie ofndimaterssntaid y nEéoendntal &y reddialyg hett he
neur al et nodel one or.nore functjon_ a oxl. matj on.nodes 10 selected from
The i st Sof TaiiGk4 CREGPRORT k! BHOHENE CRARGH BBTbe. LORLAReE ABROHLAL h an
accuracy at Hrnabeyeciicsel ectigdeaeayr acyhbavebglys tebtai ged. oFheafynet i on
approxi mati on node candi dates may include Gaussian nodes, signoidal basis

nodes, wavel#tt®aBRECAEAES,t Rt ECTThE 155ho@ds ReyCbECRoAPPEREAMAtACN
erbodi mont - Te oS erbed rth 1ol orsneg o - i a2 PP Yeurste dara
patterns is i tmdédeb aongl ueal i hyref €huostéers | aparbxisttlienel noflesl ust er
10 selected from the 1list of function approximation node
candidates, until a model with an accuracy at or above a
selected accuracy 1level is obtained. The function
approximation node candidates may include Gaussian nodes,
sigmoidal basis nodes, wavelet basis nodes, etc. The
15 nodes may be non-linear.
A hierarchical clustering methodology, according to
one exemplary embodiment, is described with reference to
FIG. 2B. The set of sample data patterns is split into a
plurality of «clusters in a first 1level of cluster
20 hierarchy (step S5211). Select a cluster 1in current
(first) level and compare the population of the cluster
to a predetermined size threshold (step S212). If the
population of the cluster exceeds the threshold (step
S213), the cluster is split into and replaced with two or
25 more clusters 1in a next level of the cluster hierarchy
(step S2l4)  The process is repeated until no clusters
exceeding the size threshold remain (step S215).
A method of generating an ordered list of candidate
node functions, according to one exemplary embodiment
30 (FIG. 2C), may use the methodology of FIG. 2B to develop

a cluster hierarchy. When all remaining clusters are

-12-



20 hierarchy (step 5211). Select a cluster in current (first) level and
conpare the population of the cluster to a predeterm ned size threshold
(step 521wp.o3bobotshie popul ati on of the cluster exceeds thecrhrsesynohsl (step
5213), the cluster is split into and replaced with two or 25 nore clusters
in a next level of the cluster hierarchy (step S214) The process is
repeated until no clusters exceeding the size threshold remain (step
S215). A nethod of generating an ordered list of candidate node functions,

accordi ng t onoer£xePl 2y epdogli renpopdlat bbe 26) , pEBY¥WUS@ntR@hol1q)
met hodol ogy of FIG 2B to develop_a cluster hierarchy. Wen all renaining

clusters arelSteps @2 b3/ 99babas PCrEes03f 1¢70didpbaenade- §unedipasgmay
popul ati on s, hel ue 00 #SPol ddrc {55 8PRe 52185 5218] ondebbfl! 1005001 daie node

functi ons may e generated by sorting t clusters on eac evel t he
cl uster hi era@resher Basedhorhye) Udstsrd strzec(sdteqr S22 . (ST o mstleod. of

i ncrenental ly constructing noder at e] y-. si zed del ,.wi th adequate
accuracy?5 in acc%?dgﬁ%}éoaj ?ﬁ lBﬁEe@ﬁﬂg%}ﬁ%nfo?ﬁp‘é‘mﬁb}“? ﬁay‘oégga&elliys‘t of
candi date noideed upelieansw pemebaketiaby appdyidwy, f ah exad®r@nddewith

met hodol ogy shown in FIG 2C _1f there are any node_10 functions on the
candi date | ¥te (FEpWIeLF (R fi r8Y  (GMe FERctd oRlsh the rFpEdidate

sel ected and, agded (0clibgs r@&%ra(tsé@pb§22£§pl):/\ﬂg] weigght Seﬂrﬁpfééz)nplﬁth%d’

along with a systemerror (or other accuracy 1ndicator (ste 23). If
t he accur acynesfhadmwl agndelshiognnotn adéGuat 2C ( st epf S22%re 16rehearpy oness

LU TS0 HERSERl | BibraRess ARLasRachuate (fpge gyl ongy oL or
node function on the list is selected and added to the
model (step S$222). New weights are computed, along with
a system error (or other accuracy indicator (step S223).
If the accuracy of the model is not adequate (step S224),

15 the process returns to step S221 to process any candidate
node functions remaining on the list.

A method, in accordance with another embodiment, for
incrementally forming a neural net model off-line and
adaptively maintaining the neural net model at an

20 adequate accuracy level and a moderate size is described
with reference to FIG. 3A. A function approximation node
is incrementally added to the neural net model (step
S31) . Function parameters are determined for the
function approximation node and function parameters of

25 other nodes in the neural net model are updated, by using
new data and the existing function parameters of the
other nodes prior to addition of the function
approximation node (step S32). Function approximation
nodes may be added to the neural net model (steps S31 and

30 $32) until the model has an adequate accuracy (see, for

example, FIG. 2D). The model formed off-line may be
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incrementally formng a neural net nodel off-line and adaptively

mai nt ai ni ng the neural net nodel at an 20 adequate accuracy |evel and a
noder at e woag/op@Eeslescri bed with reference to FIG 3A A framatSosn 713
approximation node is increnentally added to the neural net nodel (step
S31). Function paranmeters are determned for the function approxinmation
node and function paraneters of 25 other nodes in the neural net nodel are
updat ed, by using new data and the existing function paraneters of the

ot her nodes qupiydd addi tisea obnthend unetiepn sEPPr oxinturRRryN0Se Esiep
S32). Function_approximation nodes may be added to the neural net nodel
(steps S31 &ARANO B32)"qpHtGaracherfrodel Hatanigddfiat @S adépidcytPséde for

exanpl e, FIG, (I f orme ff n b /
oo Dsos/ 11715 depi%)e;eed Wloearase) e (Tod g e a9§ aSRoely

nmodel is norcdorstas(hew dasapls, f egess a rn;mutlrmwntlevelmdél atstepcgdd). |f
t he m)de% IS q{)t a%ga%]tiatel ﬁccug%ge fgr c?P r({a et | m ni_mum | evel of
accur acy St ’ SF L paP2RETEFET End?or/ %t r RYWE Wy B&Y up§at ed
adapti vel y (@mé&%adaﬁhwampt ls\tepumiaaae rray"hebeadzaqﬁas& tapedcef by

exanpl e, by a change in system dynam cs_or by drift in the system The
neural net mieMeGRRF A PoofCdccEratyltor Pew Hathaig & nsystem

represent ed qyn {f Qs QAR Cir{ B¢ ANRYLET QPLcaRY O%héhﬁeu%msa@&sm%e%anpl e
data patterns which correspond to the function approximtion nodes.

this |atter nawt dnees Ph@radapPUVéCMpdépe‘ rrasewseiétthia nelpadat aSton@dd

addi ti OT&' noedpeseé[eoné hc? rS eXamﬁe ex%g@l alway Gfr3B ]a%yangf the
correspondi ng i €cussion eI o

clusters of sample data patterns which correspond to the
function approximation nodes. In this latter instance,
the adaptive update may use the new data to add
additional nodes to the model. See, for example, FIG. 3B

15 and corresponding discussion below.
If the limit for adaptive updating is reached (for
example, accuracy 1is not improved through adaptive

update) [step S837], preparation for full off-line retrain

is performed (step $38), and then the process restarts at
20 step S21. On the other hand, if the adaptive update
improves the accuracy of the model (step S37), the

adaptively updated model is redeployed and used on-line

(step S$33) and accuracy of the updated model is monitored

(step S34).
25 A method of adaptively updating a model to maintain
accuracy of the model (for example, step S36), according

to one embodiment of the present disclosure (FIG. 3B),
may be applied in response to, for example, new data
corresponding to change in system dynamics and/or in
30 range of data. The new data is clustered into roughly

the sgsame number of clusters as the number of current
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If the limt for adaptive updating is reached (for exanple, accuracy is
not inproved through adaptive wupdate) [step S37], preparation for full

of f-1ine wetisapnesis perforned (step S38), and then the prerass3nEssarts at
20 step S21. On the other hand, if the adaptive update inproves the
accuracy of the nodel (step S37), the adaptively updated nodel is

redepl oyed and used on-line (step S33) and accuracy of the updated nodel
is nonitored (step S34). 25 A nethod of adaptively updating a nodel to

mai ntain  acdacyinf thike megel (keepexamp))e, step WhR)stAGLOFANTarl0 oOne
enbodi ment of the present disclosure (FIG 3B), ~may be applied in response
to, for exarffi%e, A¥RYdatBORor rESponTiHEER® cHRNFE | niBystidis dyAaReds

and or i n 30.,a000 Ala 18] e NRoAEW H2L 2243061 45T EREUoER 05 HOUIBEY rche

sane nunber of clusters as the nunber of current -14
PCT/ US03/ 11 #l3istrrodesenhetrhe (andelwe(isthdys 3361pufpnt cllustker of hahe anew f ar

away fromthe current nodes.in_the el, _correspondi new nodes are
added atgqt henOﬁ{(:)essl tTohs o1 lpﬁelag lzj(seg‘e)rocézﬁtréjﬁs %z:ﬁeé) \C/j\%{]%"ﬂt o) Bﬁﬁpﬁtf | i nks

of the new mewdesighysbesi ddnpldetedfd® ZBL0)(fusteptSIH] Aespt nellesnew
wei ghts is conputed for all (current and ng\év‘);\i nodes based on the new data

(step S363) basmtk PRWERE gifis SRt EOMER ne th tHhe exg%t Fagales gRES of

the existingipdeRq by @RPLYENGXE skAhgetldiRB AL Or c kSt 8R1 S86AY - nbligs10
forgetting factor may be sel ected baséd on,” for exanple, a cause of

degr adat i on byn rarielyipes f oz neheegeahntding obaatonunberepf BBA&RNLNng pTtieer ns.

F“”Ct'O?opa%%¥§é¥€i£§5€§é 5§dm§§t%et%%l%% %%Iggéggaon, for example,

a cause of degradation in model performance and/or on a
number of training patterns.
Function parameters associated with the nodes in the
neural net model may be generated by using a hierarchical
15 k-means clustering methodology. For example, the nodes
may include radial basis nodes, and the centers and radii
of the radial basis nodes are determined through the
hierarchical k-means clustering methodology.
Some neural nets may be trained to model or
20 approximate a functional relationship between input and
output, without requiring training with every possible
input pattern. A relationship between input and output
is described as “functional” to signify that the input-
output relationship can be approximated by a mathematical
25 function, for example, for each input pattern the input
pattern has only one associated output value (e.g., 1if
inputs x and y are 4 and 5, output z is always 9; 1if x
and y are 94 and 73, z is always 26; etc.).
The functional relationship may be linear or non-
30 linear. Linearity is a mathematical property

(applicable, for example, to a relationship between input
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neural net nodel may be generated by using a hierarchical 15 k-neans
clustering nethodol ogy. For exanple, the nodes may include radial basis
nodes, amdotbementers and radii of the radial basis nodestarses/deter m ned
t hrough the hierarchical k-neans clustering nethodol ogy. Some neural nets
may be trained to nodel or 20 approximate a functional relationship
between input and output, without requiring training wth every possible
i nput pattern A rel ationship between input and output is described as
“functional "ad®d siogigut t haf the | muct igH)put thekat i @ashup carybe is
approxi mated by a mathematical 25 function, for exanple, for_ each input

pattern theﬁﬁﬁﬂﬂrtkﬁﬂ%¥%¥lﬁﬁ%aBﬁ@yt8né”§§§bC|ﬁtedﬁﬂﬁtﬁ%am@&%e ve2e., if

i nputs x an d; 5, u i ys.ar 4 and
73, z is al§g¥§Q%% g?g } fﬁgﬁ?uﬁg%Fo%%?é*%¥g{?%ﬁgiléhﬁg%g 3 |%g rtor

non- 30 | | nearedudaran tqorseapcnmmmtsn@éll/pmmrtyha(igpplmrcabheputtor
exanple cf relatlonshlp%betme%p |nput r&%l WO 03/ %;63 PCT/ S03/.11713
and output of a functlon) hat” output f&)pts propgr ﬁglly ret-at’€d*t o
input (x) [frelexissrieip ys@uweely =badXabete, ],ths:ucmrtehaat Bastd | hh@r ge
change in input produces a corresponding small/large change in output. 5
Once it is d%ﬁﬁ?@%&ﬁ aT%W@SP&ﬁﬂéﬁbod?@El5???%Eéraﬂ@¥%ﬁ|5ﬁ§ﬁpélﬁéﬂ%één

vari abl es, tthfrddgpﬁatvet@cméwﬁatﬁel%odget ermw&@epur@w Galdy, 1 eppi ricgal 'y
and/ or met hodi cal through wel I -known nethods. However, in real life, the

relationshigﬂ&ﬁﬁ&ﬁﬂﬁhhﬁepéﬁ@@%ﬁeWar|H@@@Bemﬁegmlo Warhehéeﬁcallprobbentls
typi cal by noninear (r SorbBLE 16 99349 dixedhd AT 0) o ThELELOT e
is not such a fixed ratio). Therefore, in order for a
neural net to be a universal approximator (which means
that a network can be used to approximate any function to
arbitrary precision when enough nodes are provided in the
15 net), the neural net should be capable of modeling non-

linear input-output relationships. Some neural nets may

be trained to capture nonlinearity and interactions among

independent variables automatically without pre-
specification.
20 A functional-link net (“FLN”) is one type of neural

net which can be used to model a functional relationship
between input and output. A FLN may be used to
approximate any scalar function with a wvector of inputs,
x, and an output y. The structure of a FLN with non-
25 linearity fully contained in a functional-link layer is
illustrated in FIG. 4. The nodes in the functional-link
layer have associated non-linear  basis functions.
Examples of FLNs are described in commonly owned United
States Patents Nos. 4,979,126, 5,734,796, 6,134,537 and
30 6,212,509 which are incorporated herein in their entirety

by reference. Since a vector function may be decomposed
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neural net to be a universal approximtor (which neans that a network can
be used to approximate any function to arbitrary precision when enough
nodes ar ewproempaesl in the 15 net), the neural net shoul d lPeTampabi7es of

nodel i ng non- linear input-output relationships. Some neural nets may be
trained to capture nonlinearity and interactions anong i ndependent
vari abl es autonmatically w thout pre- specification. 20 A functional-Iink

net ("FLN') is one type of neural net which can be used to nodel a

functional rgiadionship dbeéneesns NpahdapHeodEpHE . mAyFbN ERYrbe isedd 0
approxi mate any scalar function with a vector of inputs, x, and an out put

y. The structifrfe ofUAtFRAEW MERNF 25nPdekar Pry Mylibirdent anped i ntye
functlonahdd%ﬁ%d &n 13 Ptkuihr%%%é'dﬁéﬂ#&sd&e_%g?dg) SohNthBe case

functional -11 ayer have associ ated non-11 near si's functions.

Exanpl es of dHLNsnareudescrnbad, i suchnaenkjioenngd BiiGt ed, StiahestPatoest s
Nos. 4,979,126, 5,734,796, t6, 134, 537 ,and 30, 6,212, 509 which are . oh

i ncor por at e heF el Thi thefP SRVIFetSS by Refdt enteC e hadCq vBcHg:c
function mayrhe-d&egemasiad prd W O3/0EH3 PCT/ US03/ 11713 into scal ar

di rensions, and therefore may be approximated wth nultiple output nodes
or multiple nets HiddendiagissPehsoPELNLNF tRFS &vWecItoffe Pbcusydadn t he

case of 0ng,Qut pui,Hodey %!é%l%fleasaéh%é&ﬁ Gapé;ﬁo%%ﬂlﬁ%lrsl.oﬁ%mév%fr

generality to cover the typical circunmstance in IC there are multiple
out put nodess Hpdaeheh agér thet s:and iFleNs idve itswoliffpesef fAeur ahe metos t hat

can o1 R ML, SO ORI fy FOUENGL: rdASGLOnAL? che
activation function for the hidden-layer nodes typically
is non-linear. Although all the weights are 1linear
weights, any methodology used to train such a net has to
be non-linear. On the other hand, when a FLN 1is used,
15 non-linearity may be fully contained in the functional-
link layer, and the rest of the net may be 1linear.
Therefore, linear training techniques such as regression-
based training may be used with a FLN structure. Linear
training refers to techniques that solves the parameters

20 in the net through linear algebra techniques.

Although both types o©of nets (i.e., multi-layer
hidden-layer net and functional-link net) may  be
universal approximators, how many nodes is enough varies
according to the data and/or the problem. Further, since

25 the initial set of weights and/or function parameters in
the net are usually randomly generated, the zresulting
trained net is usually just a local minimum in the error
space (e.g., the associated error appears to be at a
minimum). A result of a trained net being at a 1local

30 minimum is that adding one more node may not reduce the

model error at all, if one does not try a significant
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10 types of nets. For a multi-layer hidden-Ilayer net, the

t hrough |inear al gebra techniques. Although bot

activation
function for the hidden-1layer nodes typically is non-linear. Although al

t he wei ghwe oanen1b3 near wei ghts, any met hodol ogy used to Pcaiusoszucis a net
has to be non-linear. On the other hand, when a FLN is used, 15
non-linearity may be fully contained in the functional- link |ayer, and the
rest of the net may be linear. Therefore, linear training techniques such
as regression- based training my be used with a FLN structure. Linear

training refaimbd® teEhnd geesréhat §@iy@§1th@epﬁn@get 8h8/020 kBtkhe et

types of nets (i.e

mul ti-| ayer PAHARRGRY ay@rlUest aRBiPunt®i oiRAs | Ofk Aetdromlene fami kdesal
D o e O U P 1908 d > rERGUOMYBES e S ndC Sahildi ) Ockhe.RLA

and/ or the pro Further, since 25 the Thitial set o

ts an

function parsrEerted nvathes netuaee thsudlingarandoidyengenerlad edlotheto

I ti t rai ned [ | y_just | I m 1.1 Nt
(0., {Re WOt doa erdor AppRare LBIBE:Beam e R AT AL

e error, space

SFYErt V6t a

trai ned net fiei ngpnat pdigcal i30 Phei pEadBeh haipaddi Ng TORE-JTYYR Nodecmay
not reduce the nodel error at all, if one_does not try a significant -17
WO 03/ 09016 P PR/Us0a] 1173 3n1RENBEXCsf SGttldnenttq m t1araheMgRisuBndLor

sets of = paranel ehoval ues. s dbisd s dess ol g, probl sunlor fhe, bingadly

trai nabl e FLN, unless the randonly generated paraneter va

u

es cause the

| i near probllegdmn ets] ose to 5 singular (e.g., with an undefi ned

themat j cal deriyati t ing .in th bl
orobl omtBi 1 rai niHE eriBP et tiTng K5 | SEAC RACRmATE e

methodologies of the present disclosure

.Therefore, the
intenance

(referred

collectively herein as “orthogonal functional-link net

methodologies” or “OFLN methodologies”) may be applied to

generate, in accordance with a preferred embodiment, an

15 efficient, high-performance function approximation neural

net. The OFLN methodologies also include provisions for

maintenance of the subject net so that the net can be

automatically wupdated in accordance with data obtained

from the system being modeled.

20 A FLN with linear output nodes is selected as the

net type under the OFLN methodologies. An advantage of a

FLN is that 1linear regression training techniques, such

as an orthogonal least squares (OLS) learning methodology

(discussed below), can be used to achieve incremental and

25 adaptive learning.

Under the OFLN methodologies, the appropriate

number of function approximation nocdes are

considered

together with the parameters of the nodes. For radial-

basis function approximation nodes (discussed below), the

30 parameters include the 1location of the center and for

some cases the effective radius. One may use a heuristic
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much nore noticeable and likely to occur wth hidden- |ayer nets. 10 The
neural net nodel generation and mai nt enance nethodol ogi es of the present

di scl osurwo(mmd@ass ed collectively herein as "orthogonal framatSosmehs | i nk
net et hodol ogi es” or "OFLN net hodol ogi es”) may be applied to generate,
in accordance with a preferred enbodi nent, an 15 efficient,

hi gh- per f ormance function approxi mati on neural net. The OFLN net hodol ogi es
al so include provisions for maintenance of the subject net so that the net
can be aut arstiwal |in updaiteichd i cac caridanceanddm dateatehlisai ned premet he
system bei ng nodel ed. 20 A FLN with |inear output nodes is selected as the
net type und&tHeS OFPR ntalsIHogi eSSl 2Rt advaftdgs 168 a PFERETRS t hat

l'i near regrepsi@hdiai khged&chni gyesynsuch; casygp opthogoral o|,east gguares
(OLS) | earning nmethodol ogy (discussed below), canh be used to achieve

i ncrenent al deferinedape | veal Bay nehgthenderandeeOFLAnntehodobbgitbeint he
appropriate _.numher of fu | proximtjon,n S gre_consi dered
5, VTS, oo Rk SR Aprr EALTILIE0 00985 BLesconshBtatdc

t oget her " wi e “par aneter i asi s nctior
appr oxi mat i eultodelse ( dirsalssethdyelwwiset hex3@ rianaret et se | ntkude sthes
| ocation of the center and for, _ sone casesS the effective radius. One may

use a heuri SHSCLIEUB (P G3/DGREIN PCTAYSES 11F92SSREMi HS iaF Idorbi Akt ifon

W th randomge ersde P! phaee t&E@NERIN ARefAEOy; Sl echedagXhstigk
patterns. A~ drawback, however, is that it may be difficult to determ ne

t he quality fofr t heepacareser $hiat tieFnsthe tchadidstgbidanten oandpresdrnt t he
availabis(mgéﬁugyergégregenerated through hierarchical clustering
(discussed below).

Combining the advantages of radial-basis  FLN,
hierarchical clustering and the orthogonal least squares
methodology, the OFLN methodologies may be applied to

15 provide automatic generation of suitable models of a
gsystem if a set of training data is available. The model
created by the OFLN methodologies may also be updated
adaptively. The combination of effective model building,
which may be performed periodically off-line as new data

20 accumulate, and adaptive model updating, which may be
carried out on-line as new data are available, provide
the tools for maintaining optimal performance by the
model.

The OFLN methodologies provide a number of features,

25 including the following, which make the methodologies
particularly suited for solving new and complex real-
world problems:

(a) Learning: the subject methodologies develop
solutions by extracting relationships from data, in a

30 manner analogous to the way we learn from experience;

(b) Multi-dimensional: under the subject
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multiple trials and/or user experience, i.e. heuristics specific to a
problem may be necessary to arrive at a good nodel. Under the OFLN

met hodol ogoas/oodibe data speak for thenselves, that is, treTamsoslidat e
center and radii 10 val ues are generated through hierarchical clustering
(di scussed bel ow). Conbining the advantages of radial-basis FLN,

hi erarchical clustering and the orthogonal |east squares nethodol ogy, the
OFLN net hodol ogi es may be applied to 15 provide automatic generation of

sui t abl e mod@dishedoBogsyst emil f thesetf ftiredl N0 dat @rich1avai kdll epeThe
nodel created by_the  OFLN net hodol ogi es_ nmay al so be updated _adaptively.
The conbi nat§UisBIc%dq et i QRCPodER Barfliay; inhfeRtraFtbEopEhfohEgn

peri odi cal %@Lﬁdﬁ}n%oasamvw@ta 20; il aber add aqﬁetigf@ré@ﬁ&' £

updati ng, may be carried out on-line as new data are aval abﬁé,
provi de thenonl sahdr gqraiverdiivinegl opeguaht pal f elgeordehns ,t hehiomdely The
OFLN net podol ogi es provi de a nunper _of features 25 including tfe

fol | owi ng, Wi T Takd (HE et Aodol 8§ e%ompgﬁer’ii%?%?wméﬂ?t @ 37121 i ng
new and conpexor&al thawridl piab)t efesc@s Lear ni ng: the subj ect

met hodol ogi es devel op _solutions by extracting relationships fromdata, in
a 30 manner anal goudofoliRgaway Wee| &t sGtonrekpedréngaes(mre not

Mul ti - di ”EHZAS&%# ¥ updercd Re Ul Ret  mdde VONQ3/ 820163, HGTLIS03L3 14,

met hodol ogi he features of a problem nay be considered at oncCe, in
paral | el , | tedmiastst ovhivh huresnnizsbi [thar t coaeal yoewd efdoei t efnutiber of
data Stisanﬁnggerlying nature of the problem is known or assumed in
advance and the solution limited to that form; and
(d) Adaptive: the model may readily be updated to
accommodate new data, continuously improving its
knowledge of the problem.
15
Orthogonal Least Squares Methodology
The orthogonal least squares fOLS) learning
methodology is an incremental learning methodology.
A FLN may be trained to approximate the following
20 gscalar function, if a set of observed associated input-
output pattern pairs {(xp, y,)} is provided, where p = 1,

., P (P being the number of pattern pairs):

y=y(x)

25 (1)
Using the net illustrated in FIG. 4, the following

linear sum of a set of non-linear basis functions, £;(x)
where j =1, ..., J (J being the number of nodes), may be
used to represent the approximation for the function in

30 Eguation (1):
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once, and conventional sequential algorithnms, which may 5 require a great
deal of conplex progranmng to solve a problemthat has many features; (c)
Non- | i neawD Bloeo1s3ibj ect net hodol ogi es are not bound to ceawrdarsos/orras

nodel i ng or problem solving techniques which require that sone know edge
of the 10 underlying nature of the problemis known or assuned in advance
and the solution limted to that form and (d) Adaptive: the nodel may
readily be updated to accommodate new data, continuously inproving its

know edge of the probl egt g;)?v\;'mnal Least Squares Met hodol ogy(Jhe
ort hogonal |east square )( arni ng nethodol ogy is an increnental

| ear ni ng net hodol ogy. A FLN may be trained to approximate the following 20

scal ar function, 4 . obses ved, assogi J = 0 tern
soal ar funct] on, dinds selyal; Spser etk A510RBFEELAPNLN, OURBLL R e
pattern pairig):agdyfxyn26n( Brrositrym hen nebei klightr dteedl imidd GLf4thehe

fol | ow ng Ie! ne r.osrynggf a set ofa orr&-el i ne%rli?@sl S 1]fkl)JVQctl ons, fi %Xé wher e
j =1, .7., 2 el ng t Fe“hunve o nofeqsl‘), y be u\érto]P%p§§’ﬁtthe
appr oxi mat i afefor ithe dropgleddon inn EgRaEgoat i 02) (1)n: 0 WOre3ee20163

PCT/ US03/ 11713 Y(x) _ wf, (x) (2). Since_Equat i,onhéZ) IS an approxi mati on,
there may b&Llamabdition dhBIPWF t EPAEER t RRSHF ghtWHENEPRS d&USH t RE

Gaussians are frequently selected as f;(x) in Equation
(2), other functions, such as sigmoids or wavelets, may

10 also be used. Substituting the known patterns into
Equation (2), P simultaneous equations are obtained.
Since P (i.e., the number of pattern pairs) is usually
much larger than J, (i.e., the number of function
approximation nodes), the problem is over-specified and a

15 solution can only be obtained in the sense of least sum
of squares-of-error, or least squares.

If a training methodology based on least squares is
used to train the net, the larger the number of basis
functions used, the smaller the training error results,

20 assuming the selected basis functions do not cause the
resulting linear system to be nearly singular. However,
the goal of course is to obtain an approximation that is
truly representative of the implicit functional
relationship. The trained net may be tested with the aid

25 of a wvalidation set (for example, a test set distinct
from the training set) of patterns. Small errors for the
training set patterns alone are not a satisfactory result
of the learning process 1f a test with the validation set
reveals that the learned relationship is not widely wvalid

30 across the validation set (e.g., the learned relationship

does not vyield an appropriate output when an input
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5 equation to nake it a true equality. However, the error termis dropped
in Equation (2) in the interest of «clarity. Al though radial basis

functi onsweuwshmss CGaussi ans are frequently sel ected as fipCrjusomiEguati on
(2), other functions, such as sigmoids or wavelets, may 10 al so be used.
Substituting the known patterns into Equation (2), P sinultaneous
equations are obtained. Since P (i.e., the nunber of pattern pairs) is
usually nuch larger than J, (i.e., the nunber of function approximtion
nodes), the gataddein ithatveisspral find e arbEinselut sen can apbyiba) .
obtained in the sense of | east sum of squares-of-error, or |east squares
If a traini M9RH hdﬂﬁﬂbgjnﬁﬁﬁﬂfgﬁ?qqﬁastl§§&§ﬁ@§t@§ 4€8aNLH9t r aPA/Ple net

the larger thegunher of-bag Scediithionsnilsed 1588! L6T rLRenLr 2RI g
error results, 20 assun1rg the %e | ected bé%?s ?u i ons do ﬁot 8ause t he
resultlngIlmﬂﬁﬁlsysten1to be nearly si ngul ar. However, the goal of course
is to obtain an 0X ti s_truly representat e the_ inplicit
functlon%I reIa'?]iqgnshs%eg:H fhe tralng nﬁgﬁsnae pe e85 Fed © &¥ ﬁnFHe gF&"ﬁS of
a val i dati orEgeit i(dror (Bxanmp}t e antiestersain Ghas:txill’mtfoﬁnf,orﬂsi I 1lcaigti ng set)
of patterns. Small errors for the training set patterns alone are not a

satisfactory result of .the learning process if a,test wwth the validation
set reveals that the L@Qﬁﬁedﬁﬁﬁlatio sﬁ?é ils not [Widely valid 30 across
the validation set (e. gﬂQthqﬂ(ﬁgrned“@ek§M|éws i py,does not yield an
appropriate out put whegn an input -21 3/1090168" PECT/ US03/ 11713 pattern
that is,pot in the trdining set 'is applled). Wunder: such circunstances,
incremental |earning gnbi(xo)) f(x,) .. f,(x,) |: Y,
: . :\wy :
_fl(xl’) Si(xp) . f./(xP)_ Yp
(3)
15 or
Fw=y (4)

Each of the non-linear functions f;(x) are described

20 in terms of parameters. Though these parameters may also

be varied in the training process, they usually are pre-

selected and remain constant, while only the Ilinear

weights are adjusted, during the training process for
such a net structure.

25 Using a linear least squares technique, a solution

for Equation (4) may be expressed as follows:

w=(FF)'Fy (5)

30 However, in actual computation, the weight vector w

is usually computed directly wusing singular value
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adaptive | earning techniques may be applied to refine the nodel. 5 The set
of sinultaneous equations obtained from Equation (2) may be witten in

matri x f owmosaso16®l | ows: J1 (x1) f2 (XI) ... fl (xI ) .yl pcrrospxR)1s2 (x2)
oo 3 (x2) W .y2 10 W {/ J1(xp) f2(xp) ... fI(X) yP : {{ W J1
(X)) f2 (X1) ... f3 (X1)_ YP (3) 15 or Fw=y (4) Each of the non-linear

functions fi(x) are described 20 in terns of paraneters. Though these
paranmeters nmay al so be varied in the training process, they usually are

pre- sel ect etbdditbdLi@idh canasads Midedidos ihed iIdredtr waiabtsS take

adj usted, during the training process for such a net structure. 25 Using a
| i near | eastthgudsesdoedmiieqse, Aesbhigien covreshprdinm (W Faypasdon
expressed as(dol | oUS: c¥naubEL Fn ik CRo30nHoueker, 4T aptyal ceomputal ion,

t he wei ght vector w 1Is Gsua y conput ed irectly using singular value -22
WO 03/ 090163 1RETiS03¢ 19644 3whedec FnpesidugmenteD)dwrind) desonjposi asoinof Ft F

rat her tpan _.the pseudo-inverse_technigue corresponding to Equatio (5)
The conpat atitin | Ca0 a Bt { FGEHES T e Tkeq BERTOXMALich - nodes

dynamically. Direct computing of w may require a whole
new SVD or LU decomposition of the augmented F'F, although
the only change in F is an added column.
In order to handle augmenting of F during training,
10 the OLS methodology provides an extra step of
orthogonalization. The extra step allows most of the
results from a computation before F is augmented to be
reused after F is augmented in, for example, a recursive
fashion.
15 In Equation (4), each row of the matrix F is a
representation of a single pattern vector in terms of the
J basis functions. Accordingly, the matrix F 1is a
representation of an entire set of P pattern vectors in
terms of the J basis functions. The matrix F can also be

20 considered as a row of column vectors f;, as follows:

F=I[f f,.f,] (6)

In the OLS methodology, a set of orthogonal vectors
25 h may be built from the £ vectors in the Gram-Schmidt

manner as follows:

30
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probl em ari ses when F is augnented during training as in 5 the case of
addi ng function approximation nodes dynamcally. Direct conputing of w may
requi re awetwlsiehew SVD or LU deconposition of the augnemrcedshs/R71al t hough
the only change in F is an added colum. In order to handl e augnenting of F
during training, 10 the OLS net hodol ogy provi des an extra step of

ort hogonal i zation. The extra step allows nost of the results froma
conput ati on before F is augnented to be reused after F is augnented in,
for exanple, a recursive fashion. 15 In Equation (4) each row of the
matrix Fis a represelm,;atf,@eidfkiha single pattern vector in terns of the J
basis functions. Accordingly,=ithe matrix F is a representation of an
entire set of P pattern vectors in ternms of the J basis functions. The
matrix F can also be 20 considered as a row of colum vectors fj, as
follows: F=[f, fZhe fco¢f{Bfiennsta Gre mxtwdoirogy, by ske d@blavwhagonal
vectors _25 h be built fromt vectors in the G am Schm dt rmanner
as fol | ows: ?ﬁggaéoﬂﬁ9l% afien ?Pn4¥810330 23 WO 03/ 090163 PCT/ US03/ 11713
k-1 hk - fk - Ckihi 1i=1 The coefficients Cki_ are determ ned by the

fol | owi ng <hh, >=<hf, >-C,; <hh, >=0

so that
10 C.=<hf >/<hh, >
(8)

With this notation, the matrix F may be rewritten as

follow:
15 F=HA

(9)

where A 1s an upper triangular matrix with the
coefficients as its elements and ones on its diagonal.

20 Now Equation (4) may be rewritten as follows:

HAw =y (10)

By denoting

g =Aw
25
(11)
the set of simultaneous equations is transformed to the
following:
30 Hg=y
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5 orthogonalization condition: < h,hk >=< h,fk > -Ck, < h,h, >= 0 so that
10 &ki =< h,fk >/ < h,h, >(8) Wth this notation, the matrix F nay be
rewitterwadsodmbd ow. 15 F=HA (9) where A is an upper tripamgisba17mat ri x
with the coefficients as its elenents and ones on its diagonal. 20 Now
Equation (4) may be rewitten as follows: HAw=y (10) By denoting g=Aw 25
(11) the set of sinultaneous equations is transfornmed to the follow ng:
30 Hg=y (12) -24 WO 03/090163 PCT/US03/11713 The |east squares sol ution

for gis as foll omss Ieast I-i;dth-alrelﬂ Yedlhd)iord Miere i Hd sdieW! | owi ng
di agonal matrix: h,h, 0 ... HH=0 hzh2 0 10 0 0 ... hkhk (14)

¢=(H'H)'HYy
(13)

5 where H*H is the following diagonal matrix:

h'h, 0 0
HIH= h’2h2 O
. 0 0 h'h,
(14)
and therefore (H®*H) ! is as follows
1
15 — 0 .. 0
hlhl
i
o 0
(H’H)z h2h2
0 0 .. —
20 h'h,
(15)

If another h vector is added to the representation,
the new g vector may be evaluated recursively as follows,

25 which may be shown with straightforward linear algebra:

h;(+lyk+l :|'
i1 =8k T
! |i ¢ h;c+lhk+l (16)

30

The solution for w is then as follows:
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and therefore (HH-1is as follows: 151 0 ... 0 h;h, 1 ~H-H-, _ 0 h2hz
O 0O0... 20 k.11 (15) |If another h vector is added to the

repr esentwoiosn9oies he new g vector nay be eval uat ed recursipeglusoast7iol | ows,

25 which may be shown with straightforward |inear algebra: h k+l y k+

gk+l - gk r h k+l h k+1 (16) 30 The solution for wis then as follows:

-25 WD 03/090163 PCT/ US03/ 11713 w=A-'g (17) Since A is an upper triangular

matrix, the inverse 5 matrix A-' may al so be conputed recursively as

follows: Al' _[1] 10 A =[1] 1 Q1A Q1 A20101 A1 _A - A 1C21
152 01 [Ak |l Ck Ak = 0 1 where Ck = (Ckl , Ck2, ..., Ck.k-1 1120 A1 =
Ak-, - Ak-, CKk w=A"g (17)

Since A 1is an upper triangular matrix, the inverse

5 matrix A™?! may also be computed recursively as follows:

10 A = [1]

15 0 1
A, c
A, :[O . j wherec, = (C,(,,Ckz,...,Ck‘k_,)
-1 -1
20 Al = AL -ALe
“ o 1
(18)
Using the new g vector and the A™'! matrix, the new
weight vector may be obtained using Equation (17).
25 Thus, a FLN with non-linearity fully contained in a

functional-link layer may be constructed incrementally by

applying the OLS methodology. The OLS methodology
provides a natural control on the number of nodes. As
nodes are added to the net, the error of training

30 generally reduces. The adding of nodes stops when the

target of training 1is reached or when signs of over-
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k 01 (18) Using the new g vector and the A-' matrix, the new weight
vector may be obtained using Equation (17). 25 Thus, a FLN with

non- | i neawotog/oduabkd y contained in a functional-Ilink |ayer poaysb®11713
constructed increnentally by applying the OLS net hodol ogy. The OLS

met hodol ogy provides a natural control on the nunber of nodes. As nodes
are added to the net, the error of training 30 generally reduces. The
addi ng of nodes stops when the target of training is reached or when signs

of over- -26 20 OAPUWASFFP(FEMS03/ 11713 training are evident.
Hi erarchical Custering The OLS net hodol ogy all ows for easy addition of new
5 function approxi mati on nodes during the tinme of training. The next

question i s:gihalr el pde) shod fhpe added, that is, what paraneters
shoul d be used in the new node function. Random choice is one technique.

The random vect orThd QOFENmesbsodrandynial loeisediced ersle pddaneoer sfamew
applying. th S net hodol o to it be a.natyural extension of . this
type of ﬁet.ﬁﬁéﬁﬁvg?,a?%ﬁ 0 ?tﬁ%?e%$§%sp§?5ﬁ%?egée Falen ? oV d&e -
adequat e covEieageeof &Ghestaba idiswhabuhéwnnodadsacnlabee eliderandemt
selection) trials 15 may be desired to_aobtain a good nodel such as
described i¥F1theEafseMATEWECHecFRPYEE. PRe €FEN ndt hddyt odisds, Hase
accordance wil-ons, enbodi nent, uses radial basis function approximation

nodes in the functional-link layer. An advantage of using
Random choice 1is one technique. The random vector

10 FLN uses randomly selected node parameters and applying
the OLS methodology to it may be a natural extension of
this type of net. However, randomly selected parameters
may not provide adequate coverage of the data
distribution, and a number of (random selection) trials

15 may be desired to obtain a good model such as described
in the ensemble net technique.

The OFLN methodologies, in accordance with one
embodiment, uses radial basis function approximation
nodes in the functional-link layer. An advantage of using

20 radial basis functional-link layer nodes is that
clustering methodologies may be used to generate the
centers and radii.

A k-means clustering methodology may be used for
determining the centers and radii. Since the number of

25 clusters typically is unknown before training,
hierarchical k-means clustering (discussed below) may be
used to generate node parameters, in accordance with one
embodiment. The hierarchical k-means clustering
methodology is a divisive technique. The whole sample

30 data set is first clustered into a small number of

clusters. Depending on the population of the resulting
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20 radi al basis functional-link |ayer nodes is that «clustering

nmet hodol ogi es may be used to generate the centers and radii. A k-neans

cl ust eri /gormemad®l ogy may be used for determ ning the ceatrarses/armas radii .
Since the nunmber of 25 clusters typically is unknown before training,

hi erarchi cal k-nmeans clustering (di scussed below) may be wused to generate
node paraneters, in accordance with one enbodinent. The hierarchical

k- means clustering nethodology is a divisive technique. The whol e sanple

30 data set di;dtidisd, chugher eshddNt Qag yaEal bpnuaber@he Cl st ST smaParendi ng
on the popul ation of the resulting -27 V\D%S/ 090163 PCT/ US03/ 11713

clusters, |&lgestais mytbe spiet POPehetiemeo Sfml FBF €elusters umrel the
popul ations n@diﬁ‘aecé?'&st 8 Afbe FPYET 8L E 9L &Heﬁggr}sgnhts%r' ﬁ‘%@kﬁr'c he

cluster hierarchy exceeds a selected maximum T on the nu r of 5
| evel s i s usetcdarisoat radl ddtedraxaximuconfhexiiymiof the theesmhtbeng wfidel .

The k- neans _net hodol ogy | sed in each_.level .of clustering. There are
sever al dva%rﬁvaeg& to %‘sgle?iigltrﬁ e?%l?%)ﬁc?]gtheclnﬁéﬁlgﬁnhgc?}@%ng%x nﬁfe%lhgvel
clustering. feyulexaipl @odell ther &-nsane RRAHIIRD1GHESSd hes@anber eakh

clusters to be generated or the radii of the clusters, as are required up
front by soreBtherf FUsIe&RTHP net hodol ogies. In  addition, different

l evel s in the clugiere hierarGhy - J1€PL8sERt adeSChiptii ot ; ;
different levels of 15 detail. 'Irhe differ e?él %e\}:gf)sﬁlgisﬁ%u%tlg%%?rggrrlfg%t in

bui | di ng a modeitesiige, vénsesdeinfoe tleyedpdalugsteriganer aFpzeewamplei,t is
better 58 hat\ﬁe a smal | nunbeé

ere 1S no nee 93 guess the number of clusters to be
generated or the radii of the clusters, as are required
up front by some other clustering methodologies. In
addition, different levels in the <cluster hierarchy
represent descriptions of data at different 1levels of

15 detail. The different levels 1is quite important in
building a wmodel since, 1in order for the model to
generalize well, it is better to have a small number of
nodes in the net as 1long as the training error is
acceptable. With different levels of detail, the net may

20 start with a coarse description on the first level, and
if the training error is not satisfactory, additional
detail may be added wusing results from lower level
clusters until the model is acceptable. This
automatically results in models of modest complexity.

25 Under many other methodologies, the number of nodes
is often chosen to be larger than necessary, in the
interest of obtaining sufficient detail. Either forward
selection or Dbackward elimination, however, may Dbe
desired to <control complexity. With  hierarchical

30 clustering, the process is comparable to forward

selection. However, the number of candidates is much

-28-



nodes in the net as long as the training error is acceptable. Wth
different levels of detail, the net may 20 start with a coarse description
on the fiwetosloeoaes, and if the training error is not satiPsfTasbeIi3
additional detail may be added using results fromlower |level «clusters
until the nodel is acceptable. This automatically results in nodels of
nodest conplexity. 25 Under many ot her nethodol ogies, the nunber of nodes
is often chosen to be larger than necessary, in the interest of obtaining

sufficient defdiler Bat hahyf eosryed ssedecdbhop enubaekwarih ethdn Bahk Ok
however, may be desired to control conplexity. Wth hierarchical 30
cl ust eri ng, e prdRsN3E Ronparabfiered- f Bphar dSMael e¥RilBA. OfoleVérr t he

nunmber of ¢ . dat es i c - /090 P 03/ Sa r at
any stage siaér}ﬁgenq%\ln‘fy ctﬁﬂu@?epsn i ?%tnf\%gasar?%goajgiﬁe%\flggvefﬁ%)%%bres’co%l%der ed.
For a smal | wadle eklkcffion mExerpte, mbwo)be negeménatedg sexte | evelply
clusters,. the,.whol e.sel ecti.o rocess .may be elim.nated si.nce sinply 5
adding tRe CHA & CRIRORRESpORERCH o CORESEPEEES, Wi (H'G hS TPaESst
popul ati on adly the reaagesdg sEErad el agbnaext hé evedmLd rusier saaehi eves
performance simlar to that obtained with forward sel ection. This

si nplificatiliVor teh Yt ‘s’r@Yﬁf%i EéHFWr?eBEEéeYﬁ% PeYLPFRPAFRg SEMid ar

Adaptive Mdel Update Evep-angdes thgibest ebrgupgtancgseceiBpdel igienly
an approximation of the underlying functional 15 relationship or system

during a persigeploffidatel awhen afiterdat mawi t hs W thi cdet Ipdelradhsd r aithed was

COlleCtEG' training time.

Adaptive Model Update

Even under the best circumstances, a model is only

an approximation of the underlying functional

15 relationship or system during a period of time when the
data with which the model was trained was collected.
There are many factors which contribute to a motivation
to update the model.

If the same inputs are provided at different times,

20 a model should return the same computed output values.
However, the wvalue 1s not necesgsarily representative of
the functional relationship or system being modeled.
Noise in observation typically causes the old computed
value to be somewhat different from the newly observed

25 one.

The model also may be obsolete. In the use of a
mathematical model of a system, the focus is on the
inputs, and system parameters are considered to Dbe
constant. However, after the model 1is established, the

30 system parameters may drift and cause the underlying

system behavior to shift. For example, the further a
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There are many factors which contribute to a notivation to update the
nodel . |If the sanme inputs are provided at different tines, 20 a nodel
shoul d r eworoa/optie3 sane conput ed out put val ues. However, tha/vsab/uEF13 s not
necessarily representative of the functional relationship or system being
nodel ed. Noise in observation typically causes the old conputed value to
be somewhat different fromthe newy observed 25 one. The nodel also nmay
be obsolete. In the use of a mathematical nodel of a system the focus is

on the inpusivendssyskemdnPad apehRrES pRER1CAHISI delcad,t e rgonstanthe
However, after the nodel is established, the 30 system paraneters may drift
and cause t HEUNHePPFi ng1dsyPsterA BleHAFY obet @Uslﬁltf tto FpFediahphev fRst

further a -ag vi0.03000163 BCTLUSI3ILEIE, diaveinc! Gl OO: ! gkaafedal
of a car, the faster th car stops, ana dl1L may be iTf to predi ct
how f ast th@\m st dlowefvar ,a par theulbaralme spadsewehe b:rhml«e pedabrakeves.

However , rake pads wear thip, _and brake 5 f]l ui

, th
same am)unt ‘(it)quJt aver®i e tjbrp%kegBSdﬁa”P esTMTeR n® ghe caé’e V?{)Ib:):tﬁe ‘e

sl ower than bhaior geddl | Tepa9%Ishl ent ot ONPENsSater JF il N1 angesagiue to
noi se or systemdrift, by updating sonme appropriate 10 paraneters, for
exanpl e, thé’%é?@rts in the FLN nodel. Newly avail able data may help to

cancel noise in Vi gu &y data-of bR e to
date. In practi (F:)lrete |tg ?DSOStc?llf fl:%lc[}g? ?% %I%t Se%?r(laneflo\%henli Egorln?ﬁgé%%ésedﬁigs

noi se or drifa sphase rmor mavbyemotdridht,stbandpdetiisg some appropriate
10 parameters, for example, the weights in the FLN model.
Newly available data may help to cancel noise in previous
training data or to bring the model more up to date. In
practice, it is difficult to determine whether the cause
ig noise or drift since normally both exist and it 1is
15 likely that noise effects are dominant in the short term
while drift might be responsible for secular effects and
is dominant for a longer term.
Another situation in which wupdating the model is
desired 1is when novel cases are identified in newly
20 available data. For cases of novel data, changing
weights associated with existing nodes may not be enough
to represent the effects of the novel data. Adding new
nodes associated with data regions in which the novel
cases exist may be used to address this problem. Again,
25 clustering may be used to determine the position and
spread of the new node function. With centers from
clustering results, it is easy to identify patterns that
fall outside of known regions.
While it is difficult to perform adaptive learning
30 for the conventional multi-layer hidden-layer net

structure due to the non-linearity within the training
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15 likely that noise effects are domnant in the short term while drift

m ght be responsible for secular effects and is dom nant for a |onger
term Anowbas/osiibaiati on i n which updating the nodel is desiTredsisisnhen
novel cases are identified in newy 20 avail able data. For cases of novel
data, changi ng wei ghts associated with exi sting nodes may not be enough to
represent the effects of the novel data. Addi ng new nodes associated with
data regions in which the novel cases exist nay be used to address this

probl em Agaidthaddo Xddist erineg HaMpbevesaghbdx ety ge the pasid i edrand
spread of the new node function. Wth centers from clustering results, it
is easy to ideM3IFIFpaterRiHTehatn Fae| fonesigeadflinbwharesi ofschwaisl e it

is difficul tedo perd ogiadaRkiavepleat ik NGhrRp f tgdaeofcﬁl-veegﬂti
mul ti-Iayer hidden-I a{%’?rn net strgcture due to the non- nedri%%)vm tbﬁ'i n the
training -33:M0E8/990163 RATVAWR3/ 11713 net hodol ogy, the adapti ve update

for a FLNwth naon- linearity contained in the functional-|jink |layer, such
as the %Iet gene(r)]!; ed 8? tﬁ’éf O yne%oadlorfeo%i%sfocﬁrla?/t%‘g p%!ﬁk??%d%&tfsas
follows. 5 If (& Sety'Qf newl probtigieded iaswticat sl pat fern. paprs aBXep, y' p)
) is provided, in which =1, ...1 P, and P is nuch smaller than the
ori gi nal nurﬁb%rm‘Fflbfsrb%Jff"é‘F nshdm ChEeCFiGinghghuBber aPnedy PatkgEPSx ifay be
obtained using. {pgisang tadi als bas) sriupatien R B nBhE9Mn0Qdes;itg
suppl emented w th addi tional nodes as warranted. | east squares sol"ution
W equi val eritha 0 Equeat i onredixl negsbe dbbnarhed. Apnumngnat Y@pr esedes t he

Current1$BIQQh%dé%ented with additional nodes as warranted. A least

squares solution w' equivalent to Equation (5) may be
obtained. Assuming w represents the current weights in
the model, with =zeros for 1links from the additional
nodes, the new weights wp, may be obtained using the

15 following equation:

Wiew = (1 - a)w +aw’

(19)

where a is a parameter between 0 and 1. Determination of

20 a 1s based on several parameters, such as the number of
patterns in the new set compared with the previous
training set, confidence level in the newly available set
versus the previous one, the estimated rate of change in

the underlying system and the time elapsed since the

25 model was first established. One way to compute the

parameter a is to use the following equation:

Pl
o =—"-
(1-A)P + P’

30

where P and P' are the numbers of patterns in the
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the nodel, with zeros for links fromthe additional nodes, the new weights
wnew nmay be obtained using the 15 follow ng equation: Wew=(1-a) WaW (19)
where a iwoaspariesreter between 0 and 1. Determ nation of PR/ mod/s17h@mSEed on
several paraneters, such as the nunber of patterns in the new set conpared
with the previous training set, confidence level in the newy avail able
set versus the previous one, the estimated rate of change in the
underlying systemand the tinme el apsed since the 25 nodel was first

establ i shed. tqui% é@t cggaat ed h,eraﬁ@r@HEt euraeht Wdese dhe fal kew ng
equation: a= P' -7 )P+P" 30 where P and P are the nunbers of

patterns in gyl Y %‘PWW 099‘;{63 SPEY/ WSEHEEtire 1t ai Bragrasamgsed o
train the curg 2&} ?rgtﬂ'cﬁ n?t‘f‘éy 2yaL! ?Q' g1dat ﬁlﬁﬁ’int A%Sp?gt' vely.

The pararreter ting Tactor. [ts value i§ al's6 W
The higher tTe vlaigﬂeenf tKe thed ueesst ehf echet H&ssmlsﬁﬁerg: 5tknEI glxthtwnlgave on

t he new 3* eWI ot her rdsl,1 t he. Cf#rent wei gefor%ttento
a greatef e ?ﬁaﬁ)fqa STt FEUERF g Reri's t t €EepParafes the

tangi bl e pardhd i carrehbe wHirdels Ohrpatficiges) i obbt Re giddeegi bkeeparts of
the determnati on process for the 10 paraneter a. Alt%ough adaptive
| ear ni ng mayTel gAvantedece! difFaRIdey daused Hpthotth ReP3EaERE dheft,

there is a tangible part (i.e., the number of patterns) from the
intangible parts of the determination process for the
10 parameter o. .

Although adaptive 1learning may help to reduce
differences caused by both noise and drift, there is a
distinction between the two causes. To obtain a desired
response, the input parameters may still be in the same

15 neighborhood for differences caused by =zero-mean noise
but may be progressively different for differences caused
by drift. In addition, the desired operations to update
the model are also different. For the noise case, the
parameters in the existing model are treated with equal

20 importance. In contrast, for drift, they need to be
forgotten. The parameter A is provided for this purpose
in Equation (20).

For adaptive updating of model parameters to work,
the general wunderlying principle in the functional

25 relationship or model may still be wvalid and the amount
of change may be small. If these conditions are not
true, a completely new model may be established. Even if
the change is gradual, the amount of change may become
significant over time. Therefore, adaptive updating 1is

30 best for a short-term solution. As new data accumulates,

a full retrain may be conducted, periodically or when Wnew
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di stinction between the two causes. To obtain a desired response, the

i nput paraneters may still be in the sanme 15 nei ghborhood for differences
caused bywpesmtmean noi se but may be progressively differpemtushonyis

di fferences caused by drift. In addition, the desired operations to update
the nodel are also different. For the noise case, the paraneters in the
exi sting nodel are treated with equal 20 inportance. In contrast, for
drift, they need to be forgotten. The paraneter .%is provided for this

purpose i n fEuadwOfi ¢ 28Nt 1ord afpdpténve upgahi nghef svdghnpar agetersato
wor k, the general underl ¥i ng principle in the functional 25 relationship
or nodel mayfihigrenss vREFHesRd aFrPahIntPERtENATYE fiy lbersfedin I t hese

conditions afe,flohaabtie Alitd CkeLysneM0del s iy DeLRLAPLAg e, Even

if the change is gradual, the anmount™ of change nay come significant
over tinme. Hugwits ethaduapighesufdat ithgm,s W30 lzestorf ofubl shectratier mll

solution. As. new data accunul at.es a full retrain may be conducted
oer i odi c3l 1y BIC Gidh \IRRTC L B3 5tes R LSSAPTERTs e sBRF ent |y
different frgundhecad) gi malliw réerid f aaengarhaiome ape agept pee rupdaneeand

full retrain is that_adaptive update keeps all existing nodes and only
adj usts t he R ghs #bFOt MBIRN WAPKE flo}M¢ ulqonSeMigion al IPerfaniekndn an

appr oxi mat i 8[19@1 ( i S)ar r r i gmay
provi de bett(:)d[ear pef\?eor %ggg‘eé@ gbﬂft}% %2 aﬁ{)@lvrr%%hmrg?grgg taﬁlen%%%%%% %&F@lgd

Perform ng aritladaptsited lipdata tfoilaly omeltirad neddehode bquiari y ofdupiee with

i nstall 'wg a full ai ned .nodel fEPen?:Q{\frél %ggh%gqgeerizgdie%zélulré rg%)étbe an

. mﬂr%f may pe, an e
ef fective té&chnt quec% o enstr €T hat
the model is always up to date.

Whether previous training data may be archived is a
trade-off issue. The adaptive updating does not require
any of them. Whether a full retrain uses them depends on

15 whether the retrain is called for by large amount of new
data or by large difference in weights. For the latter
case (i.e. large difference in weights) with a small
amount of new data, retrain with all or some of the
previous training data may be desired. However, for fast

20 changing situation, dropping old data may yield better
results. One technique that may work sufficiently well

for most situations is to keep a fixed amount of data,

dropping old ones as new ones are available.

25 Examples
A gimple non-linear time series example is discussed
below to illustrate a process of automatic model
generation and updating by using OFLN methodologies. The
example may apply exemplarily to network performance and
30 positioning of network centers.

A non-linear times series 1s simulated by the
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the nodel is always up to date. Wether previous training data nay be
archived is a trade-off issue. The adaptive updating does not require

of them wbaeshanen f ul l

is called for by |Iarge amount of new data or by large difference in

wei ghts. For the latter case (i.e. large difference in weights) with a

smal | anobunt of new data, retrain with all or sone of the previous
training data may be desired. However, for fast 20 changi ng situation,

droppi ng ol kstatswiray sdedtidetter results. One technique that may work

any

retrain uses them depends on 15 wretrhmsos/ities retrain

sufficiently well for nost situations is to keep a fixed anmobunt of data,
droppi ng old ones as new ones are avail able. 25 Exanples A sinple
non-linear time seriesy@xafifBe 0.5exfi(selssey]y(belpow to illustrate a process

of automatic nodel generati updat j ng..by using OFLN net hodol ogi es.
The exanple may apply exeﬁﬁ&gﬁﬁfgeﬁg‘ﬁééngﬁdﬁ§§$ornance and 30

posi tioning of network centerbsin(hy(er))+&@ar times series is sinulated by
the -33"WD 03/090163 PCT/US03/11713 follow ng equation: y(t) =[0.8 - 0.5

- 1))]y(t -1) -[0.3+0.9exp(-y2(t-1))]y(t-2) 5 + 0.1(min(ty(t

exp(- yz (t
-1)) + e(t)

(21) where e(t) is a zero nmean noi se sequence with variance

0.01. The initial conditions were set as y(O = 0.1 and 10 y(-1) = 0. The

previous two paint s aye used Q. pregiot nt'.'geV@el@tefcet hg; elr Lent Jpaint .

10

15

20

25

30

0.01. The initial conditions were set as y(0) = 0.1 and
y(-1) = 0. The previous two points are used to predict
the value of the current point.

Two thousand samples of the time series were
generated. The first 1000 patterns were used as the
training set and the remaining 1000 were used as the
validation set. Gaussians were used as the function
approximation nodes. The centers were determined by
using cluster centers and the spreads were determined by
using the radii of the clusters. Hierarchical k-means
clustering up to 3 levels with 3 clusters at the first
level and binary split at the next two levels were used.
The hierarchical clustering resulted in a total of 21
clusters. The c¢lusters were sorted based on ascending
level and descending population. The net started with 3
nodes corresponding to the top-level clusters, and nodes
were added from the list of clusters sequentially. For an
error target of 5e-4, a total of 12 nodes were selected.
An error for the validation set was also less than 5e-4,
indicating good generalization capability of the
resulting model.

FIG. 5 shows the training patterns, a noise-free

limit cycle, a limit cycle produced by the model when the
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Two t housand sanples of the tine series were generated. The first 1000
patterns were used as the training set and the remai ning 1000 were used as
t he 15 vawvoadabymam set. Gaussi ans were used as the functi orCTAPpPs/OKiI3TALI ON
nodes. The centers were determ ned by using cluster centers and the
spreads were determned by wusing the radii of the clusters. Hierarchical
k-means clustering up to 3 levels with 3 clusters at the first 20 |evel
and binary split at the next two |l evels were used. The hierarchical

clustering rmesidt eshtpue wabakeafl bdtk @ity sindhe, chHat phsiverassert ed
based on ascending |evel and descendi ng popul ation. The net started with 3
nodes correspoHtisly EOnERESt dpomedalf ferestterkevedid pbdesugberbng, adead from

the list of clys &ﬁﬁtga%%@ltiﬁ'degr Rl NseBlLar 2@ %sﬂtéeffomat%%t al of
12 nodes were selected. An error for the validation set was al so I'ess than
5e-4, indi GUN ngngdod. genefhéi zanabh cdpabi | cbyrekpbhd tesulttrangimodel .
30 FIG sho the training patterns, a noise-free_ limt cycle, ;alimt
Sycl e pr3dudRt i The nodi GheR GifeP - SAREIBIBe0EEs Pes (RASFIEFES
nodel out putl Wi f egchack t ghkheoldyit 103pd @osiddpnsadHf tocltisd en igamt ers
fromdifferent |levels of clustering, for a sinmulated non-linear tine
series and ra&iie sp%"‘P@Hﬁ:‘?ﬂebYFll:Nerr&Ffé\‘ .mqfel siwhep déis *urrwspeal f£ed

training 5 parherns. iJhe; gray | 0pR. COLEESPAMGSK! 041R¢B0L-5¢; it
cycle. The l%%tac]f l{If)op co%I?%sponds ?o thg I?mgt c&cl eepr oéugggggf/ldt ﬁ? FLN
nodel when tie opitioes dedthbackntershefi hhat fiThe Navge blaskecisr.cl es

correspopd tQ . the;Ra8hELONS, oINS £eRLET 8,07 Lhe i rl, L pveh (husiers:
The diamonds correspond to selected third level clusters.
The selected centers appear to be at strategic positions
and the limit cycle produced by the model agrees well
with the noise-free system limit cycle.

15 To illustrate the process of maintaining optimal
model performance through a combination of adaptive model
update and periodic retraining of the model, a constant
drift term is added to the non-linear time series system
corresponding to Equation (21), as follows for t > 1000:

y(#) =[0.8-0.5exp(—y*(t —1)1y(t 1)
—[0.3+0.9exp(—=y*(t — D)]y(t = 2)
+0.1sin(my(t — 1)) + 0.25 + e(¢)

(22)

Two additional training data sets containing 500
patterns in each set were generated. The error of
30 consulting these patterns using the original model was

0.00326. Adaptive learning was applied with each training
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10 The triangles correspond to the second | evel clusters. The dianonds
correspond to selected third level clusters. The selected centers appear
to be at worabsgsx positions and the limt cycle produceegchysohernpdel
agrees well wth the noise-free systemlimt cycle. 15 To illustrate the
process of maintaining optinmal nodel performance through a conbination of
adaptive nodel wupdate and periodic retraining of the nodel, a constant
drift termis added to the non-linear tine series system corresponding to

Equation (2l9et aSed@éhov&1 for t ThelGRged®@ iVt )iartldd Qised. Ra€XB(s YA (U
-1))]y(t -1) - [0.3 +O.9ex8(-y2 (t - 1))]y(t - 2 + 0.1 sin(7iy(t - 1)) +
0.25 + e(t) Q) cas®s addFhPor@sUultding Ry it @kt sheonediiAiag 5odels

patterns in n ted... ery.qr. o Uht | h
patterns using t or}(lx%?ia‘?grrgégl %\%é—ﬂs{mggoé%%@ Ac apt‘iSé\;{e]él ga?ﬁ?%% \%21?
applied with i’y ai neagect 35eW. 03/ D90E63 MLIFIUSHZ51EHIED Betilt by

sequentiaglly. The forgetting factor.used . was 0.5 in _both,cases. Th

resul ti ng ertors of PHE Tt fi bR HBLRY s 9207 r e8BbAdI G t §iPHEAFFa ﬁ?‘ﬁg dat a
sets were 0.RMildandre@r800713gs Bspediorvely. Amaw prdghcWase alsga ghui | t
by 5 using both new training data sets to sinmulate the periodic retrain.
Again, for &nlefrigd e grAST Yo usqshiy 12 new nodes were used. FIG 6

shows |1t cycl ae@rogugaduby he: l%sﬁ%:r Wder ot ehaogsauhenkhe
put was fed back to the 10 input as conpared to the noise-free limt
cycle for theifferent stages when the output was fed back to the

10 input as compared to the noise-free limit cycle for the
drifted system corresponding to Equation (22). The gray
dot loop corresponds to the noise-free limit cycle. The
solid gray loop corresponds to the limit cycle produced
by the original model. The solid black loop corresponds

15 to the 1limit cycle produced after the first adaptive
learning. The asterisk dot loop corresponds to the limit
cycle produced after the second adaptive learning. The
plus dot loop corresponds to the new model after full
retrain with new data.

20 From FIG. 6, it is evident that adaptive learning
may be used to correct the model parameters so as to
bring the model outputs progressively closer to the
target. However, as new patterns accumulate to warrant a
retrain, the new model performs better than the

25 adaptively updated model since the retrained model is not
affected by the old parameters in the original model. 1In
addition, centers may be tuned tp the new data set.

Therefore, an advantage of the OFLN methodologies
over other existing methodologies, such as

30 backpropagation, is that OFLN methodologies may be used

to generate candidate processing nodes automatically and
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drifted system corresponding to Equation (22). The gray dot |oop
corresponds to the noise-free limt cycle. The solid gray |oop corresponds
to the |iwbto3oyuabe produced by the original nodel. The sekirdsbs/acks | oop
corresponds 15 to the limt cycle produced after the first adaptive

| earning. The asterisk dot |oop corresponds to the limt cycle produced
after the second adaptive |earning. The plus dot |oop corresponds to the
new nodel after full retrain with new data. 20 FromFIG 6, it is evident
that adapti wer#paydiing, By heiusednbo rAGWEEHgbhesod@le Par AMRL €HS S0 as
to bring the nodel outputs grogressivele closer to the target. However,
as new patt @Mt cihel atbugsedar r dve LFRetvetirrdeegirsy Reveplper ber ns

better than ag:?]{?' pdat | sl e rai.n l.is
not affect eIJE yztfs%e 0 %&‘%(g%%%rgt %@i&lg%”?ﬂg 8?#’8%%&nggg}:.eglfgﬁgaggﬁ%ison,
centers may the tmaedtaio t lver néwpdatve sehe Thedelore, @h adeantagetabnt he
OFLN net hodol oqgi es. over ot her , existing nethodol ogi es, such as 30
backpr op gataﬂ%ﬁ%o’fjsfnaﬁfacfn'CFLNwﬁjéﬁﬂB ol o§fEE may B NS 1F gener at &1€

candi dat e progessidigh nodes: autimat | Gldyerand - IBMPi0@3tRA0163daptive
PCT/ US03/ 11713 efficiently by utilizing know edge_of where the gata
poi nts are siediEtie, TRETORER ndttoltd§i Ellmficdrdo My ssegessfully

dynam cal | y)}?égiff!:tﬁ.{]rxmet fie "WIRGIS Of e PIOCLS$HOT ARHES o 18, ”@iQiﬁ‘iﬂ%%ait%Pr ove

the fidelit unction 5 approximation, w thout® user intervention.
The functi guatdigtingeta svalivkuret f a&ci kutrates adaptivetioearbsgwy] bhr ough
whi ch tE FLN rr\tf).del ngxegucggasﬁn%liln ai ﬁglforangctur}%ct asikg of | earning \]Q_/ith
noi sy trai nifty" dat 4, ‘ g Y @ presence-o

drift in the underlying functional relationship or system

(e.g., signal generation mechanism) .

Applications of the OFLN Methodologies

15 Neural net models formed and maintained through the

OFLN methodologies may be applied to provide computer
application software with abilities similar to human
pattern recognition and predictive skills. The
methodologies may be incorporated in a computer program
20 or software module stored in a computing system's memory,
on a computer readable medium and/or transmitted via a
computer network and/or other transmission media in one
or more segments, which is executable on the computing
system.
25 The following are just a few examples of such skills
which application software may be adapted to have.
Application software may be adapted to make
predictions based on the current state and on the
historical trend, such as, for example, predicting an
30 amount of merchandise to order from a supplier to avoid

running out of inventory in the upcoming month, while not
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predicting a value of a current observation based on 10 previous ones, and
mai nt ai ni ng accuracy in a presence of drift in the underlying functional
rel ati onswop3oeoisystem (e.g., signal generation nechani sPCT/Uapplizeat i ons
of the OFLN Met hodol ogi es 15 Neural net nodels fornmed and naintai ned

t hrough the OFLN net hodol ogi es nmay be applied to provide conputer
application software with abilities simlar to human pattern recognition
and predictive skills. The nmethodol ogies nmay be incorporated in a conputer

program 20 ofeeofriyaceonugidie shoeftorh A LYPULABGVSY SER SidERRERed ON a
conput er readable medium and/or transmtted via a conputer network and/or

other transrAi%5i o nBENE I n of¥eTorlt ifisre egiadsl WY chei ypareedt able on
the computi pal%'sr{g?mad% c102 T AN NGARR M 2 e SX AL Of eatyeh

skills whic Icatio e may be adapt to have. Application
sof t war e maycHeengeta pitre df 4 sh ek et et C te arsonias exbrofi ttilnscuretent st ate and

on the istorical trend,. such as, for example redicting an 30_anount of
ner chandPse to o%&ﬁhﬁ%ﬁ%{l sﬁ%&‘f’% €t 8 59%% L%ni%%a%ﬁgo’f:oi FIEESEy i n
t he upcom ngdA¥Y hinvkilhegeat bela W03/ 890463 PCTHYSORE MilSAlihg kegpiyng t 0o

much inventory (e.g., above what is needed for the nonth). Over tine, the
nodel nay bé telire pyrodgdingi: ngdadaber ved uptitse Ttheddissgi egoded s

Appl | Cat | on Lo TUeT &l 50 ey be. S0apt S Co onul Sre “rher™) REERI 55N
behavi or, suwold aprefiectohpowhey: b€ladvipr edifctihvee spdetmnipasdel edopiney
Cause-ayg-eﬂﬂgﬁLﬁngehgta; and (b) optimization: improving the
performance of a system, or solving a problem. If an
operating point of the system has drifted (e.g., caused
by wear and tear) or system requirements have changed
(e.g., because of increased demand), the system model may
15 be adaptively updated.

The OFLN methodologies may be applied to, for
example, profiling (which is known in the information
technology art as “data mining”), to look for interesting
patterns in data and trying to explain them. The model

20 1s typically wupdated incrementally as new data is
gathered, because at least some of the new data may not
be represented in the existing model.

The OFLN methodologies may be applied to value
prediction. For example, an input to a FLN model may be

25 a recipe containing a list of ingredients and processing
conditions for producing rubber, polymers, glass, metals,
petrochemicals, food, etc., and resulting properties of
the product. The FLN model may be trained to model the
production process. The prediction model may be trained

30 from historical product data in a database corresponding

to product properties for each recipe. For example, a
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of systens fromdata that describes the systens behavior, and predicting

t he behavior of the system based on new 10 "cause" data; and (b)

opt i m zatwor3/opemps ovi ng the performance of a system or Pomaiseg1E1probl em
If an operating point of the systemhas drifted (e.g., caused by wear and
tear) or systemrequirenments have changed (e.g., because of increased
demand), the system nodel may 15 be adaptively updated. The OFLN

nmet hodol ogi es may be applied to, for exanple, profiling (which is known in

the infor mticiel techid@g¥oablreds ctdate MRIgWYied ot OBkehar rebtigeast i ng
patterns in data and trying to explain them The nodel 20 is typically
updat ed i ncreentaFpyvas ey dapants ofat ie¥ belus béaguseigntisea@id s6he of

the new dat & f10konfey § SRL SNt b kL | NEn8XISHIAG ode - mIB8yCELA:
nmet hodol ogi es may be applied to value prediction. For exanple, an input to
a FLN nodel qml beie>f trleeilpeezdnpaoduny. a Alseérohtingted ehesmadel

processi pg conditions_for . producing_rubber ol ymers, gl ass tals,

bt r ocheri cdi, ootz Lbed tandPEsaiMt ity THEPETIHE ofeCthe BrottcP™ The
FLN nodel maynhe t 1 nediet odepaekdt hgropepduesi on prnacessdeline makedibet i on
nodel may be trained 30 from historical product_data in a database

cor r espondi ARG R bHUERIPF P eEPi 8SCPERted@T et Pe. (Fof - exgApREMERt - 38

VD 037090163, £CT/ LSR3/ L1733 %ﬁvﬁ%kﬂ tyaidedet 9, predi cgréchc]fctpé&p%g&g%gof

bread reci pes may receive the anmounts of various ingredi ents an
baki ng condigdrensestsednput dddantdopakbdretiphe apdspenBestlyudistbesrefl t he

bread product. Alternatively,. the nodel may_ be trained to specify an
appr opr lligt N rr}%ilbeeq% %eedlpoéngtlng q:he mode5_L 1r¥crementaln_Ly.
The OFLN methodologies may be adapted for business

intelligence. For example, a local wutility may be
interested in imprbving the way that they forecast the
price of electric power. Traditionally, managers decide
15 on a daily basis which plants are run in production, and
how much power to buy or sell on the spot market, based
on forecasts of the next day's demand and price. These
decisions also may be made on an hour-by-hour basis for
the following day, and so forecasts are desired for each
20 hour of the following day. A model may be trained to
predict the next day's hourly demand for electric power
based on the previous 24-hours of outdoor temperature and
actual demand. The trained model may be adaptively
updated to account for social trends (for example, change
25 from five-day to four-day work week, which affects demand
for each day of the week).
Additional variations may be apparent to one of
ordinary skill in the art from reading the following U.S.
applications, which are incorporated herein by reference:
30 (a) Serial No. 60/374,064, filed April 19, 2002 and
entitled “PROCESSING MIXED NUMERIC AND/OR NON-NUMERIC
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i nput of the desired properties. The nodel may be adaptively updated to
account for drift (e.g., equipnent wear and tear) or new data (e.g., as
predi ct edwoaciopes3 are tested). Additional recipes indeperdertshyidiscovered
10 may require updating the nodel increnmentally. The OFLN net hodol ogi es may
be adapted for business intelligence. For exanple, a local utility may be
interested in inproving the way that they forecast the price of electric
power. Traditionally, managers decide 15 on a daily basis which plants are
run in produstdzon, and how nuch power to buy or sell on the spot market,

based on forecasts of the next day' s demand and price. These decisions
al so may be made @0 aPerbut - N9- h6QY 36430201 orf 1 lieige Aryrilowt fig 2892 amd so

forecasts argdesided ¢anreaehsa0 haukaolxihe flkiow ngedanar fofodahyey be

trained to predict the next day's hour mand tor electric power based
on the previMUSNTENANGE'S; of outdoor tenperature and actual demand. The

trai ned del may, be adaptjvely pdated._to account for socia ends, (for
exa e, “change 2 r e-day t ur=da ) C e

npl gDh g %Bf %?f?% ﬁa y6%éq?3 523 y F%-ﬁ%@%i-mh§ h58§% @P?
demand for gachday of “whewweek) . Mddirt-ipansinstanizal | onsatRy beuappatent to
one of ordinary skill in the art fromreading the followng U S.

appl i cat i ond IBFRHIEAL i \WedtiordtePher ei n by reference: 30 (a) Serial No.

60/ 374,064, filedApril 19 2002 and7.ephit! od ' BARGCESS| NG M NUMER! C
AND/ OR NON- NUMERI (éﬁp-39rv\o 03?090123 AT RS DATA" (%(jgpéerl al No.
60/ 374, 020, dritligd e&pr i | “MBTHODO2 AN® erftHRARKTUSAUTOWT| C NEURAVERERGVODEL

GENERATHSN %NQEUTIONARY CHANGES WITHIN A SYSTEM”;

(e) Serial No. 60/373,977, filed April 19, 2002 and
entitled “AUTOMATIC MODEL MAINTENANCE THROUGH LOCAL
NETS”;

() Serial No. 60/373,780, filed April 19, 2002 and

15 entitled “USING NEURAL NETWORKS FOR DATA MINING”; and

(g) Serial No. 10/374,{106, filed February 26, 2003
and entitled “AUTOMATIC NEURAL-NET MODEL GENERATION AND
MAINTENANCE” .
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MAI NTENANCE"; 5 (c) Serial No. 60/374,024, filed April 19, 2002 and
entitled "VIEWNG MILTI - DI MENSI ONAL DATA THROUGH HI ERARCHI CAL

VI SUALI ZATO@BI0901631) Serial No. 60/ 374,041, filed April 19pc2a®as/amd
entitled "METHOD AND APPARATUS FOR DI SCOVERI NG 10 EVOLUTI ONARY CHANGES
WTH N A SYSTEM'; (e) Serial No. 60/373,977, filed April 19, 2002 and
entitled "AUTOVATI C MODEL MAI NTENANCE THROUGH LOCAL NETS'; (f) Serial No.
60/ 373,780, filed April 19, 2002 and 15 entitled "USI NG NEURAL NETWORKS
FOR DATA M MHINGE ;isandl{igjeBersal No. 10/ 374,406, filed February 26, 2003
and entitled "A TTC NEURAL- NET MODEL GENERATI ON AND NAI NTENANCE". -40
WD 03/ 090163 PCT/US03? 1194l30d bt ingremankadgly sformingnanpfoadgptively

i ncrenent al |y, {or (NG andadantdy elone UPdalig & peural net nodel

conprising: (a) increnmentally adding to the neural” net nodel a 5 function
approxi mat i on nodea) ahdctéyeneakiyi addgnburict | bhe pacameiersetf onodde a
functi on; appro iimar'g iaon rnoOdiema nd nupdoaciei _ngarI&mcti on paraneters of other
nodes i n"t he Heural  network fodel’ y using the function paraneters of the
ot her nodes prior(4)0 @dsktkhimnndd dindheod upsthner8pPr Os Maheofunede cho t he
neural network nodel. 2. The nethod of claim1l, wherein if a nodel
accuracy of aRRFEURafiGet "REGel 2V t FPRARE MShc fHBRT 128 Hrava tflts offnode

added ther et s bghgwsa ff edgterddieth network model, by using the
function parameters of the other nodes prior to addition
10 of the function approximation node to the neural network

model.

2. The method of c¢laim 1, wherein if a model
accuracy of the neural net model with the function
15 approximation node added thereto is below a predetermined

accuracy level, steps (a) and (b) are repeated.

3. The method of claim 1, wherein a set of sample

data patterns 1is wused to form a 1list of function

20 approximation node candidates, and the function
approximation node is selected from the list of function

approximation node candidates.

4. The method of c¢laim 3, wherein the 1list of
25 function approximation node candidates is formed by
splitting the set of sample data patterns into a
plurality of clusters in a first 1level of a cluster
hierarchy,
determining that a selected cluster in the first
30 level has a population exceeding a predetermined size,

and

-41 -



accuracy level, steps (a) and (b) are repeated. 3. The method of claiml,
wherein a set of sanple data patterns is used to forma |list of function
20 appr oxwoaBiognenode candi dates, and the function approxiPoatisosiirioesie i s
selected fromthe list of function approximtion node candidates. 4. The
met hod of claim 3, wherein the list of 25 function approxi mati on node
candidates is forned by splitting the set of sanple data patterns into a
plurality of clusters in a first level of a cluster hierarchy, determ ning

that a sel ected cdpistedindg the figedlect3@ | evebtbas anpoputwd i B exegedi ng a
predeterm ned size, and -41 WO 03/090163 PCT/US03/11713 splitting the
sel ected cl UStETESTE 2 A0 6P LABLBICItHSt &l ent® S ept wi g VhehsEhect

cluster withtheptywo of  OPEesCl ust ers idL.g nexd,dgvebeof chhe chusher
hierarchy. 5 5. The nethod of claim4 further conprising sorting the

clusters on leiactet@dwel of the cluster hierarchy based on cluster size, to
forma sorted |ist of function approximtion node candidates. 10 6. The
met hod of claim 3, wherein the neural network nodel is adaptively updated
by increnental | y 5 additg @eehoed 66reladdi ki Goakhaedesnpe ihaghewralinaet
nodel, to represent new data corresponding to a_data 15 range_not
represent ed Hf thBIERTHOR aBPFR 48Vl patt ERRscluster hierarchy based

on cluster size, to form a sorted 1list of function
approximation node candidates.
10
6. The method of c¢laim 3, wherein the neural
network model 1is adaptively updated by incrementally
adding one or more additional nodes to the neural net
model, to represent new data corresponding to a data

15 range not represented in the set of sample data patterns.

7. The method of claim 1 further comprising:
monitoring a model accuracy of the neural net model
while the neural net model is used on-line; and
20 adaptively updating the neural net model, if the
model accuracy of the neural net model is below a

predetermined threshold.

8. The method of claim 7, wherein the adaptive
25 update includes incrementally adding one or more
additional nodes to the neural net model, to represent

new data.

9. The method of claim 8, wherein the new data

30 corresponds to a change in system dynamics.
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7. The nethod of claim1 further conprising: nonitoring a nodel accuracy
of the neural net nodel while the neural net nodel is used on-line; and 20
adapt i velywoupdaiissg t he neural net nodel, if the nodel aecanmoyiwi3the
neural net nodel is below a predeterm ned threshold. 8. The nmethod of
claim7, wherein the adaptive 25 update includes increnmentally adding one
or nore additional nodes to the neural net nodel, to represent new data.
9. The nethod of claim8, wherein the new data 30 corresponds to a change

in systemdynam cso. -42 W2 OptOR0d6DPETANN3H] 1 Mk reih dhe aakped vef
claim7, wherein the adaptive update includes updating the function
paraneters ofPdae hBELYIER MREatdidal thiet THBAER Ons PEEaTPHE Lt Pbd L& cl ai m

7, wherein if,dhe adaptd e urpdatdgdsaches a limt, a full retrain of the
neural net nodel 1s perfornmed. 12. The nethod of claim1 further

conprising 10 adaptively updating the neural net nodel by addi ng one or

nore addptional des tn the neural -net_mnpdel, based on w data, patterns.
13 The Rethod of Lt ai i %,mﬁhe?%i%ftﬁ%aé@d?tiHESFE1T51ﬁog§§ 2PaPEOed by
appl yi ng a alpi&dteinidgrarthedol=o00yihdtr, t be NMev datarpaht emsthd4nelit@lnet hod
of claim 13, wherein the clustering nethodol ogy includes 20 clustering the
new data patt&r M9t o5 BRMIRAMSSE - clusters which is approximtely a
nunber of the nodes in

12. The method of claim 1 further comprising
10 adaptively updating the neural net model by adding one or
more additional nodes to the neural net model, based on

new data patterns.

13. The method of claim 12, wherein the additional
15 nodes are formed by applying a clustering methodology to

the new data patterns.

14. The method of claim 13, wherein the clustering
methodology includes
20 clustering the new data patterns into a number of
clusters which is approximately a number of the nodes in
the neural net model;
determining that a selected cluster is far away from
positions associated with the respective nodes in the
25 neural net model; and
adding to the neural net model an additional node
associated with the selected cluster and a center of the

selected cluster.

30 15. The method of claim 12, wherein

a set of initial weights is determined for the nodes
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t he neural net nodel; determning that a selected cluster is far away from
positions associated with the respective nodes in the 25 neural net nodel;
and addi rgotos/oedies neural net nodel an additional node aseotiwbgdi?msth the
selected cluster and a center of the selected cluster. 30 15. The net hod
of claim 12, wherein a set of initial weights is determ ned for the nodes
-43 WD 03/090163 PCT/US03/11713 in the neural net nodel when the neura

net nodel is formed, and when the additional nodes are added during

adaptive updat@hed sirdf RRW Wabgbls WHan t BRenadas-dIn hhe nsdal 1% net
nodel is conputed, and the initial weights are conbined with the new

wei ghts for <%@Wﬁ%dé§“based on a forgetting factor 16. The net hod of
claim 15, whereingthe {HLOShHIRGonkd TRELY 4% dedetdl as&llhgp%@a Rigecause

of nodel degradation. od of cl a|n11 her conpris
appl yi ng an'mpddﬁmgonaISEEasﬁ @qwawesgmﬁmhdﬁuidgyatmodd5 detehalneuaaéet of

wei ghts for the neu net nodel . 1 The od .of, cl |n117 erein the
set of &k‘ C{e‘g\]daplﬁ vEIRI acfed B u thr? A&V td ﬁétgthgnns ar%o 19.
The et hod oiorm@téa 14itwhenrel méhewseghek fui othes abae@pdﬁsﬁadit@n a

conpensate for systemdrift. 20. The nethod of claim1, wherein the
function forgetting factor.

16. The method of claim 15, wherein the forgetting
10 factor is determined based on a cause of model

degradation.

17. The method of c¢laim 1 further comprising
applying an orthogonal least squares methodology to

15 determine a set of weights for the neural net model.

18. The method of claim 17, wherein the set of
weights are adaptively updated by using new data
patterns.

20
19, The method of claim 17, wherein the set of

weights are updated to compensate for system drift.

20. The method of claim 1, wherein the function
25 parameters for the nodes in the neural net model are
determined by applying a hierarchical k-means clustering

methodology to a set of sample data patterns.

21. The method of claim 1, wherein the function
30 approximation node is a radial basis node, and a center

and radius of the radial basis node are determined
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25 paraneters for the nodes in the neural net nodel are determ ned by
applying a hierarchical k-neans clustering nethodology to a set of sanple
dat a pat twos/9®&3 The met hod of claim 1, wherein the fun@®drarsos/3013
approxi mati on node is a radial basis node, and a center and radius of the
radi al basis node are determ ned -44 WO 03/090163 PCT/US03/11713 through
a hierarchical k-neans clustering nethodol ogy. 22. The nmethod of claiml,
wherein the function approximtion node is a Gaussian node. 5 23. The

net hod of cl@H#ugh Ve £da tdiei ddinGE - hn AR dFBiTH P mdtoRld 19y Si gnoi dal
basis node. 24. The nethod of claim1, wherein the function 10

approxi mati on node is a wavel et basis node. 25. The nethod of claiml,

wherein the functjon aﬂpéomera%aorbfwg@alﬁn npn- Lhaeat » Jé?c,zﬁfuﬁc%%blod of
increnentally formng a neural net nodel, conprising: applying a

hi er ar chi calappusstiond tigemetdibelcl gy Gaussiaetnade .sanpl e data patterns to
forma ILst of function approxinmation node candi dates; and 20

i ncrenental ly addi ng one or nore function approximtion nodes to the

neural net nodel amtil Bheodekhovi tdf aplagaurncywakreinabive &unction
predeterm ned accuracy level is forned, wherein the function approxi mation
nodes are SEIRRPEFTHAR (AT it DFEFMRAION REFrodAMRi on node 25

candi dates. 27. A conputer system conprising: a processor; and

24. The method of c¢laim 1, wherein the function

10 approximation node is a wavelet basis node.

25. The method of claim 1, wherein the function

approximation node is non-linear.

15 26. A method of incrementally forming a neural net
model, comprising:
applying a hierarchical clustering methodology to a
set of sample data patterns to form a list of function
approximation node candidates; and
20 incrementally adding one or more function
approximation nodes to the neural net model until a model
with an accuracy at or above a predetermined accuracy
level is formed, wherein the function approximation nodes
are selected from the list of function approximation node

25 candidates.

27. A computer system, comprising:

a processor; and

a program storage device readable by the computer
30 system, tangibly embodying a program of instructions

executable by the processor to perform the method of
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a program storage device readable by the conputer 30 system tangibly
enbodyi ng a program of instructions executable by the processor to perform
t he met howo®B/0901d5 WO 03/ 090163 PCT/ US03/ 11713 cl ai m 26. PR&/USA3/pr7ogyr am
storage device readable by a machine, tangibly enbodying a program of

i nstructions executable 5 by the machine to performthe nmethod of claim
26. 29. A conputer data signal enbodied in a transm ssion nmedi um which
enbodi es instructions executable by a conputer to performthe nethod of
claim 10 261349 26.

28. A program storage device readable by a machine,
tangibly embodying a program of instructions executable

5 by the machine to perform the method of claim 26.

29. A computer data signal embodied in a
transmission medium which embodies instructions
executable by a computer to perform the method of claim

10 26.
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