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The present application is a Contl nuation-ln-Part (CIP) of co-pending
U.S. Application Serial No. 08/536,059 filed Septenber 29, 1995.
Background of the Invention Thi s application

pertains to the_art of art|f|C| ' )
particularly t o YASY % P‘ NSEONAL; 5 &s
to organi ze DATATHR H&Q‘IJ YD E NGt ur es.

The subj ect system has particular application to analysis of acquired,
enpirical data, such as chem cal characteristic information, and will be

described with parti Related Appligabions t heret 0. However, it

w Il be appreciated that the subject system 10 IS suitably
adapted to anal ysis. of anpneSgreseaf applitatiofits sl@bmimaticsIntPar(CIP)off corpending

vi sual i zati on and under standi ng of the constituent el enments
t her eof . 0853605 fldd Skpiditents, foosimake sense out of
a | arge body of rrul t?plyggcnuﬁeéﬁl Ngt ter Siép data. Actually the

body of data need not be | arge; eN SR R nd! f?ﬁeﬂ-lQ'Qntﬂﬁf“erns each of

This application pertains to the art of artificial inteiligence, and more
5 particularly to a system for organizing a large body of pattern datc so as to organize
it to facilitate understandmg of features.

The subject system has particular application to analysxs of acquired,
empirical data, such as chemical characteristic information, and will be described with
particular reference thereto. However, it will be appreciated that the subject system

10 is suitably adapted to analysis of any set of related data so as to allow for visualization
and understanding of the constituent elements thereof.

It is difficult to make sense out ofa lérge body of multi—fcatured pattern
data. Actually the body of data need not be large; even a set of 400 patterns each of |
six features would be quite difficult to "understand.” A concept of self-organization

15 has to do with that type of situation and can be understood in terms of two main
approaches to that task. In one case, an endeavor is directed to discovering how the
data are distributed in pattern space, with the intent of describing large bodies of

patterns more simply in terms of multi-dimensional clusters or in terms of some other
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PCT/ US98/ 26477 distribution, as appropriate,; This;ij a dominant concern underlying the, Adaptive
dom nant concern underlying the Adapt Resonance Theory
(ART) and ot heer‘éP%F“eTK (%Dsangﬁg%ggﬁgsqnﬂysm approaches.

In a remai ning case, effort is devoted to dinension reduction. The
corresponding idea is thin atrewaining ghsealeffon i3 devaradatoi dimensipaviediptiany kige
nunber of 5 features, is redundant in its representation, with
several feat ur esriegpondingeidea iscthatt ihbicmiginal representation, havingfa laamnmnbmrof In
such a situation, a principal feature extraction which is acconpani ed

by di mensi on reféétﬁieb%réﬁ&ﬂdaﬁhﬂ'ﬁtkkép&‘eséﬂiﬁxoﬂeﬁmi bgveiaDRatfes BEAH nédd depthitionsh e
patterns. Clustering is suitably achi eved subsequently in

‘the reduced di r@%ﬁé}f)&heﬁpa}f Such hfifuation, a principal feature KRaRuBEAnieR %Vﬁ:c&!ﬁpﬁied

transform neural-net 1 nplementations of the K-L transform

and the auto-assocgiati.ve g,h I t@g R&qHpal
conponent Sb ﬁlmensmnr ?‘X/@?’g?%%&e%g? rengif%g’ oJrl\Ptzlalg di nensi on
reducti on.

Clustering is suitably achieved subsequently in the reduced dimension space. The
Karhunen-Loeve (K-L) transform, neural-net implementations of the K-L transform,
10 | and the auto-associative mapping approach are all directed to principal component
analysis (PCA), feature extraction and dimension reduction.
In actuality the two streams of activity are not entirely independe_nt. for
example the ART approach has a strong "winner-take-all" mechanism in forrﬂing its
clusters. It is suitably viewed as "extracﬁng" the principal prototypes, and forming a
15 . reduced description in terms of these few principal prototypes. The feature map
approach aims at collecting smular patterns together through lateral excitation-
inhibition so that patterns with similar features are mapped into contiguous region§ in
a reduced dimension feature map. That method clusters and reduces dimensions. The
common aim is to let data self organize into a simpler representation.
20 A new approach to this same task of self-organization is described in
herein. The idea is that data be subjected to a nonlinear mapping from the original

representation to one of reduced dimensions. Such mapping is suitably implemented
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-2 - WTH3SoRdepR 4f dimension reduction is somewhat strange in itself. I

PCT/ US98/ 26477 with a nultilayer feedforward neural net:

Net pagameters gfigwd §6¢ R€fedutedaiimension description of Wnboderof i pasterndaeto based
on the principle of conservation of the total variance in the
description of }éb‘?esgﬂ{aﬁ‘?er d¥he original body of data. The corresponding answer is known for
the linear case, bﬁt is more difficult to detail in the general nonlinear case.
A start of the evolution leading to the subject invention may be marked
by noting the concept of principal component analysis (PCA) based on the Karhunen-
10 Loeve (K-L) transform. Eigenvectors of a data co-variance matrix provide a basis for
an uncorrelated representation of associated data. Principal components are those
which have larger eigenvalues, namely those features (in transformed representation)
which vary greatly from pattern to pattern. If only a few eigenvalues are large, then
a reduced dimension representation is suitably fashioned in terms of those few
15 corresponding eigenvectors, and nearly all of the information in the data woﬁld still be
retained. That utilization of the MhﬁemMeve transform for PCA-.purposes has been
found to be valuable in dealing with many non-trivial problems. But in pattern
recognition, it has a failing insofar as what is retained is not necessarily that which
helps interclass discrimination.
20 Subsequent and somewhat related developments sought to link the ideas

of PCA, K-L transform and linear neural networks. Such efforts sought to accomplish

a linear K-L transform through neural-net computing, with fully-connected multilayer
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Subsequent and E,grrewhat rel ated devel oprrents sought to link the ideas

of PCA, K-L tralRS8oma0APee ™% neural networks. Such efforts sought to

acconpl i sh a linear K-L transfor t_ hrough ne
conputing, with fully- coﬁ%@@@@%bﬂ’&ﬁ%ﬁmq“ewm of what might be ac Hicved Bithe
-3 -

neurons in the networks were allowed to also be nonlinear. Other efforts sought to
10 address that quest_ion. In one case, the original data pattern vectors are subjected to
many layers of transformation in a multilayer feedforward net, but one with nonlinear
internal layer nodes. An outi:vut layer of such a pet has the same number of nodes as
the input layer and an objective is to train the net so that the output layer can reproduce
the input for all inputs. This provides a so-called auto-associative learning
15 configuration. In addition, one of the internal layers serves as a bottle-neck layer,
having possibly a drastically reduced number of nodes. Now, since the outputs from
that reduced number of nodes can closely regenerate the input, in all cases, the nodes
in the bottle-neck layer might be considered to be a set of principal components. That
may prove to be an acceptable viewpoint, except for the fact that the solutions attained
20 in such learning are not unique and differ radically depending on initial conditions and
the order in which the data patterns are presented in the learning phése. Although the

results are interesting, there is no unique set of principal components.
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PCT/ US98/ 26477 feedf orward nets with the backpropagation
al gorithm for gthe wei ghts, or with _ u a -
General i zed HebDi an ear ning algorithm In this system gi veﬁggﬁ%ﬁﬁﬂat
objective function, weights for the linear links to any of the hidden |ayer
nodes nmay be noted to be the conponents of an ei genvector of
the-co-variance matrix. Earlier 5 wor ks al so descri bed how
principal conponents nay Ihendtien eatlicrcfeanme maplapyroachn dimension reduction is attained

t hat approach may avoid a tedious task of evaluating all the elenents of a

possi bly very in yet another mannef.ar4)QediRed/@iicAsiON sPRe’ s Suitably defined as two
The earlier works” begged the question of what m ght. be achieved if the

neurons 0 the RglpGhks ’f’ﬁéﬁg&@éeh% ichslof s % s SRR RAL e bRmE LhOL T o

sought to t questi on. he ori gi nal

Cransr or mat Poﬁeﬁé&t%é?@ kv L an%g?mtsbmwssa%%# iR fesp

internal |ayer nodes. An output |ayer of such nef. ha h&gsarre nunber of

nodes As ~ randomly from the same pattern|spare As AP :H‘FHB}’I&E‘U PARETR VEGtofst he
net so that the output |ayer can reproduce the i nput for

all inputs. Thpthpproblesearealiecsted 4o thegridipointsefibe reducededimension space onsthe
configuration. In addition, one of the internal |ayers serves as a
bottl e- neck | aybasjs of similarity to the reference vector attached to the grid. This leads to a biology

inspired aspect of the procedure, namely that of lateral excitation-inhibition. When a
pattern' vector is allocated to a grid point, at first it would be essentially be at random,

10 because of that grid point happening to bave a reference vector most similar to the
pattern vector. But once that allocation i# made, the reference vector is modified to
be even more like that of the input pattern vector and furthermore, all the reference
vectors of the laterally close grid points are modified to be more similar to that input
pattern also. In this way, matters are soon no longer left to chance; patterns which are

15 similar in the original pattern space are in effect collected together in reduced
dimension space. Depending on chancé,_ sometimes_ two or more ratﬁer disparate zones
can be built up for patterns which could have been relegated to contiguous regions if
things had progressed slightly differently. On the other hand, results of that nature
may not be detrimental to the objectives of the computational task. -

20 The ART approach to self-organization of data can be mentioned in this
context because the MAX-NET implements a winner-take-all approach in building up

clusters and there is indeed lateral inhibition even though it is not related to the
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map approach, dinmension
anot her manner. A reduced-di rrenSJch.)}_n space |§ t?x efined a é £

di mensi onal . TheFoblems@ediolerseaeia egﬁcgpeprp‘g ?ﬁé‘f’fmgo ARgRqgous rﬁﬁ'ﬂc OTL?
points and a pattern vector is attached to each of those
grid points. Thpatterndimegsion dataé@ 8 lasgedy wnaghigyens, twp-dimensional representaligR Hgive f r om
the sanme pattern space as that of the problem Then the pattern vectors

of the problem atactmlrﬂe&;cdﬁeidnttsysteme grid points of the reduced-di nension
space on the basis of simlarity to the reference vector
attached to the grid. Thilsis ©petsiated titat hiany taghs in engineering involve thé propéss edl
aspect of the procedure, nanely that of lateral excitation-inhibition. Wen

a extracting useful information from unorganized raw data. However, as discussed above,

ASGonding g & first aspect of éhe Prise B Rb &b Sk 'ab&fe dcpai ur e

it is a challenging task to make sense out of a large set of multidimensional data. The

10 . difficulty mainly lies in the fact that the inter-pattern relationship cannot be readily
grasped. Visual display has been one of the most useful tools to guide this kind of

analysis. Unfortunately, it is not directly possible to reéalize in a meaningful manner for

" dimensions higher than three.

| As indicated above, the complexity of raw data must be reduced in order

15 to understand the meaning thereof. Generally, two niajor categories of approaches are
used to tackle this problem. In the ﬁrst category, information such as the Euclidean

distance between data patterns is used to infer how the data pattemns are distributed in the
multidimensional spice, using methods such as clustering or Kohonen’s self-organizing

map (SOM). The emphasis of these methods is to describe large amounts of data patterns

20 more concisely with cluster attributes or some other distributions.

The second category of approaches emphasizes the reduction of

dimensions, i.e., the reduction of the number of features necessary to describe each and
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the other hand, results of that nature may not be
detrimental to thhee kisivect Accesdingly,ithe objeetivetiaitd waeethistredyieed-dimension space to
The ART approach to self-organization of data can be mentioned in this

cont ext becauseddsbbdh& phitens. n$ures1methadebelorpitgy totthik eatagdry applinear hrincipal
bui | ding up clusters and there is indeed lateral inhibition

?\S/?n t hough it bé‘h—;ﬁl{%nt\r/%hlg%? g%%fﬁﬁgh the Karhunen-Loeve (K-L) transform, neural-net

PCT/ US98/ 26477 implementations of PCA, the autoassociative mapping approach and the non-linear

variance-conserving (NLVC) mapping. These methods generally try to map the high-
dimensional space to the lower one. There are also methods to do the reverse. An
10 e:;aznple is generative topographic mapping (GTM), described in a paper by C.M.
Bishop, M. Svensen and C. K. I. Williams entitled “GTM: The generative topographic
mapping.”

However it should be appreciated that the two categories discussed above
are not entirely distinct. Clusteri_ng could be used subsequently in the the reduced-
15 dimension space to further help the comprehension of the data. The SOM approach
collects similar patterns together through lateral excitation-inhibition in a reduced-

dimension feature map. Therefore, SOM both clusters and reduces dimension.
Except for linear PCA methods which are limited by their linearity nature
already, other methods mentioned above either map the high dimensional data to discrete
- 20 grid points in the lower dimensional space or the appearance of the lower dimensional
map closely depends on the initial (usually random) choice of mapping parameters or

both.



di stance between cluster centers in cluster space. There is data
conpressi on but -no di mensi on reduction.

According to a first aspect of the present invention, the above-noted
probl ens and woessze are addressed to provide a system for XOTESBAGLS
reduction of 5 pattern dinmension data to a largely

unanbi guous, two-di nensional representation using an
extrenely efficient system ' It is
appreci ated that many tasks in engineering involve e process of
extracting useful infornd#Fosrid rpem%m%a?gggi%&ﬁi?wﬁf f‘h_aP&S%g%‘r such as
di scussed above, it is a challenging task to nake sense out
of a large set dassificatioriindeencodingvhasaiexact relative pogitions of the data poigtsfayq nog of y
mainly lies in the fact that the inter-pattern relationship cannot be

readily critical importagcassieny as Viosemintsinopigingl datespire agmaim clossfin theanapost
useful tools to guide this kind of anal ysis. Unfortunately,

it is not directbpexBRSis)td @TMupproadh stats witha gidaNpoigh i thetowee dirhekion and
di mensi ons hi gher than three. As indicated

above, 5 the Corrpheséf. by n&-f-liﬁe@ﬁ’b&‘?st Bk, Which K 8duingd & 96 radidlly symmetric

to understand the nmeaning thereof. Generally, two nmjor categories of
approaches are . ... Used Al bl : -5 St
cat eqor y, i nfor FAPFS: ST 33&1?\#@%? %°§%§§{ffnﬁlgﬁf S%Q-t tf‘%ﬂa‘.‘%%%ﬁ% Bt
di stribut ed i - ppigis fom e lower dimensicptip séchighsr s Brpanedja BR e Aipsts s

such as clustering or Kohonen's self-aorganizin e ) : SO .
The enphasis of weighted swax ofcthese; basis funetiaus | Heny g’Fg’@héh%‘%ii?‘s’& °§§'{°n§'g§1§ft erns

20 nmore concisely with cluster attributes or sone other -
di stributions. dimensionisproposed to be formed by radially symmetric Gaussians centered on those

10 grid points just mapped to the higher dimension. In Bishop’s works on GTM, it is
assumed that t}-xe Bayes’ rule can be used to invert the mapping and to estimate the
responsibility of each grid point to the distribution in the higher dimensional space. The
likelihood of data points in the higher dimension can then be re-estimated with the
mpomibiﬁty information. By optimizing this result to give the distribution of the known

15 data points in the higher. dimension, the iterative learning procedure of the weight
-parameters of the mapping and width parameters of the Gaussians forming the density
distribution is obtained. A lower dimensional map of the data points for viewing can be
generated by the responsibility information upon convergence of the learning. Provided
that the mapping funcf.ion is smooth and continuous, adjacent points in the lower

20 dimension will map to adjacent points in the higher dimension. But the reverse is not
necessarily true since for a given data ;Soint in the higher dimension the responsibilities

of the Gaussians on grid points may be multi-modal due to the shape of the manifold
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The second category of approaches enphasi zes the reduction of

di mensions, i.e., the reduction of the nunber of features necessary to
descri be each and _ .
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PCT/ US98/ 26477 all of the data patterns. The idea is that
per haps the di nensions of the original data space are not
al | independent of each other, i.e. these dinmensions nmay be sone

conpl i cat ed functions of just_a.few independent inherent -
di mensi ons . al beRenered bycthe TEERIpg @n&%d“&eaﬁ of Being the respmf)sfpglgg °5k-ﬂ?ﬁ/\?f.a few
Accordingly, the objective is to use this reduced-di nension spaceg to, 5
descri be the patdiesentgridpeinss, thedpaaeintyandiedhergspopsibiliiyf seyeraldistgnt grid ppinifear
pri nci pal conponent analysis (PCA) through the

Kar hunen- Loeve pif-thd ldwendihensionalmap: aAlhosgh such a map may still hergsefubdor semieons
of PCA, the autoassociative mappi ng approach and the non-1i near

vari ance- conser ¢jaggfiéaioyand Sl gigposdsh it wouldte ingppropeinte tabdethis kindtof aniap t he
hi gh- di mensi onal space to the |ower one. There are al so

nmet hods to do t A o 3014 be difficult to intefB¥ed Lt - 2L Soint
tOpOgrgphi c Wﬁpgﬁfgﬁ*g? ,suﬁgétcri bed In a 85‘58‘? b M ndRERiA ghid Points

Bi shop, M Svensen and mgp%r%%ﬁodl é]égalrﬁapg Blidhtas Bfhse SBtithed BASEMN R bisY Rave

t opogr aphi c :
the same type of difficulty in interpreting interpolation between grid points.

Although a non-linear PCA type mapping such as the autoassociative
mapping or NLVC mapping do not have the interpolation difficulty, the appearance of
100  the lower dimensional map is usually dependent on the choice of initial parameters, This
_ dependence is described below using NLVC mapﬁing as an example. To obtain a map
with good distribution of data points, a number of trials may be necessary until a
satisfactory one can be found.

According to a second aspect of the present invention, the foregoing
15 : complexity-reduction problems, as well as others, are addressed. In this regard, an
approach referred to as Equalized Orthogonal Mapping (EOM) is described herein. This
approach falls into the second category and is developed with considerations on the

interpolation capability and reduction of dependence on initial parameters in mind.
The EOM approach can be implemented through a backpropagation
20 learning process. The detailed equations for this procedure are derived and described
below. Examples of use of EOM in obtaining reduced dimension maps and comparisons

with the SOM and NLVC approaches are also described. Moreover, results are given for
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However it should be appreciated-that the two categories di scussed above .
are not entirely distinct. Custering could be used subsequently in the the
reduced- 15 di mensi on space to further help the conprehension
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‘together through lateral excitation-inhibition in a reduced-
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WO 9 9/ 31624 and potential use of the resultmg map for optimization is demonstrated.

PCT/ US98/ 26477 The grid point maps are

usual l'y useful in appli Caltlsm&laﬁﬂe@&edmatwhﬂethefollomngﬁ‘dem%ﬂ&'@ﬁdﬁ&eﬁnd
encodi ng where exact relative positions of the data points are not of :

criticgl i Wort%%txﬁxshﬁ%d%nﬁﬁ@ﬁ@nlg erk the dusld EHne e fiR@nGb TR N.

close in the ma e, the GIM approach starts with
a grid of points fIﬂDE Qf? t}la? &%rrep()jrles%%gﬁclnp Carf alr;'e easily visualized, the present invention is

suitable for other dimensions as well.

1 of the Invention

In accordance with the present invention, there is provided a system for

10 organization of multi-dimensional pattern data into a dimensional representation that
includes a neural network. The neural network is comprised of layers of neural nodes.

These layers include an input layer and an output layer and one or more hidden layers

disposed therebetween. The output layer is comprised of first and second non-linear

nodes ti:at share a common internal network representation. Multi-dimensional pattern

15 data are received into the input layer of the neural network. The system generates an
output signal at the output layer of the neural network, which output signal corresponds

~ to a received multi-dimensional pattern.

In accordance with another aspect of the present invention, there is

provided an organization ‘of multi-dimensionél pattern data into a two-dimensional

20 representation to further include a system for completing supervised learning of

~ weights of the neural network.
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5 a set of non-linear basis functions, which were assuned to be
radially symetric Gaussi ans evenly distributed in the
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density been trained bfibaékprdpagation, dnsoutgit aignaid Thé ohtpuksigml isegenerated by map

of the data points for view ng can be generated by the

responsibility igfg ﬁa{)@f‘wﬂ&ﬂrboﬁﬂzﬂyﬁf'ﬁ?dﬁ%ﬁd 8dcohd) Gor-Emdaf inb@es WHicly shkeel a
that the mapping function is snoboth and continuous, adjacent points in the

| ower 20 moniﬂkx‘ﬁgfﬁw&k?@ﬂr&eﬁaﬂoﬁ.o adj acent points in the higher

. . \& . :
di nensi on. But tﬂe reverse IS no necessarlly true since

for a given data point ing the higher..di Sion. s |kt E.S 0
of the Gaussians on grid PHASHE mﬁﬁﬁvlglea‘%{ét - Tﬁggﬁéc{due ?@gf{hﬁgog aegs‘;‘b%?‘ t he

mani fold

-

invention, there is provided the steps of completing a training of the neural network
10 to accomplish the foregoing.
According to yet another aspect of the present invention, there is provided
a new approach to dimension-reduction mapping of mﬁltidimensional pattern data. This
approach applies the mépping through a conventional single-hidden-layer feed-forward
| neural network with non-linear neurons, but with a different objective function which

15 equalizes and orthogonalizes the lower dimensional outputs by reducing the covariance
matrix of the outputs to the .form of a diagonal matrix, o;' a constant times the identity
matrix, rather than specifying what the outputs should be as in a conventional net used
in function estimation. Since no attribute information is used in this mapping, it is
essentially an unsupervised .leaming procedure. A detailed backpropagation learning

20 procedure of such a mapping is described herein.

In accordance with another aspect of the present. invention, there is

provided a method for visualizing large bodies of complex multidimensional data in a

-11-



WD 99/ 31624 ' :

PCT/ US98L 26477 . generated by the mapping function. Instead
of being the responsibility of one or a few + adj acent grid
poi nts, the daw@ymsxmt nmy be the responsibility of several RGTSgSR64ytid
poi nts on the | ower dinensional map. Although such a map may
still be useful for sone classification and simlar

pur poses, it would be inappropriate to use this kind of a map 5

Lg{ ng;' g} Izgt ngrerg g/eﬁ/e “topof'\glcaﬁiy c%rrgét’f’ flo&l%ﬂleﬁsf)on 5:; Pa{lcrnjll,gE p 5?&3\.{ gﬁggn
h th bt db
of di {1 cul Ty | FRAREBRIRHIE Vi S eﬁwﬂwfm@mo&f oo 5 Qe apping”

Al though a non-linear PCA type mapping such as the autoassociative

mappi ng or NLVCcempyrtipally eHisienhahtbe same time.cExaspies oftheinseraf dhis pproadidn
appearance of 10 the | ower dinensional map i s usually dependent
on the choi ce ofobiainirig ra¢aningfub?EX reaps and borsparisons with self-organizingapappiig(8@M) s
descri bed bel ow usi ng NLVC mappi hg as an exanple. To obtain a map

with geod di strizhdiicnPlinedf vaiiahoe-cofdetitg (NLVC) Hipping hpiroachbsaredyschised iR Sar y
until a sati sfactory one can be found.

According to a second aspgﬁtad%ﬁg@eomp@gﬁeaémiimeaﬁéﬂ Bt (phGvilih 999 Reiral 15
conpl exi ty-reduction proble as wel s others, are addressed. In th

I, o | b T Y |

-I

escri
t he second cate?Prém%Pd i s devel oped with considerations on the

Still another advantage of the present invention is the creation of a two-
10 dimensional representation of pattern data which isolates related characteristics
disposed within the pattern data in an unambiguous fashion so as to allow for human
visualization and cataloging of features.
Still another advantage of the present invention is the.provision of a
neural network for organization of pattern data efficiently so as to allow for real-time
15 ' computation with conventional processing hardware.
Yet another ad‘vantage of the present invention is the provision of a
system which reduces the dimensions of pattern data by controlling the variance.
Yet another advantage of the present invention is the provision of a
system which reduces the dimensions of pattern data by reducing the covariance matrix

20 of the outputs to the form of a diagonal matrix or a constant times the identity matrix.

-12 -



I nterpol ati on capability and reduction of dependence on initial paraneters

i n mnd. - The EOM approach can be inplenmented
t hrough a backpropagation 20 _ | earni ng process. The detailed
equati ons forWPHP81%¢ocedure are derived and descri bed PCT/US98/26477
bel-ow. Exanples of use of EOMin obtaining reduced di nensi on maps and
conpari sons with the SOM and NLVC approaches are al so
descri bed. Moreover, results are given for

- 9- R, 3Rdr3dRathges and benefits of the invention will become apparent
PCT/ U898/26477 \%/o situations. In one case the p|pnput dat a
Is seem ngly of SIN)

natorer 1 anotAdSE ERE Biite iyt RAUE snd nftersianing of e tofoing Selalled

bl endi ng dat a and potentlal use of the resultl ng map for

optim zation i SaEHRIOE: r at ed. It should be
appreci ated that while the foll owi ng description of the present 5
invention is directed to mapping in cases where the reduced-di nmension

representation is of 2-D, so that the representati on can be
easily visualized, the present BuiefdDescyiptionsof the Drawings suitable for

ot her di nensions as wel|..
Sunmarsy of the Invention The invention may take physical form in certain parts and arrangements

of parts, a preferred embodiment and method of which will be described in detail in
this specification ax_ld illustrated in the accompanying drawings which form a part
he;-eof, and wherein:
Fig. 1 illustrates an earlier, auto-associative network relative to. the
10 subject non-linear variance-conserving (NLVC) mapping with dimension reduction
employed by the preferred embodiment of the subject invention;
'Fig. 2 illustrates a three-dimensional graph of two periods of a helix
with 81 points plotted;
Fig. 3 illustrates a tﬁodhnemionﬂ representation of a Karhunen-Loeve
15 (X-L) uansfomaﬁon ofa ﬁelix; |
Fig. 4 illustrates a two-dimensional representation of a helix with auto-
associative mapping;
Fig. 5 illus&ates a two-dimensional representation of a helix with non-
linear variance-conserving mapping;
20 Fig. 6 illustrates a two-dimensional representation of gasoline blending

data with non-linear variance-conserving mapping;

-13-



In accordance with the present.invention, there is provided a systemfor

10 organi zati on of multi-dinensional pattern data into a

di nensi onal representation that ' i ncl udes a neural network.
The neural newowopkiees conprised of |ayers of neural nodes. PCT/US98/26477

These | ayers include an input |ayer and an output | ayer and one or nore

hi dden | ayers di sposed t herebetween. The output |ayer is
conprised of first and second non-|i near nodes that share a

Gata are recorved i nto t FE T ADRESPA SRS opoRER Rl R Bl o g, o,

generates an out put signal at the output |ayer of the
neural network commtlnvqi@fpgnengmaat%%ﬂ?%saﬁeﬁ gformate; to a
received nulti-dinmensional pattern.

accordance with another ¥ig&dtiustrates hewqummonalmmcﬂememnmfrsemrdstawnh
provi ded an organi zation of- nulti-dinmensional pattern data into a

t wo- di nensi onalnonaﬁlearvanance.conse rvigPinggping;at i on to further -include a system
for conpleting supervised | earning of wei ghts of the neural

Net WorsK. Fig. 9 illustrates a trace of successive sensor profiles monitoring frof)-
WO 99/ 31624

PCT/ US98/ 26477

In accordance with yet a
further aspect i

oy fle” i oG i nvent on, there
Fig. 10 provides a two-dimensional represenmﬁon of band gap data with
non-linear variance conservation mapping;
Fig. 11 illustrates a table of benchmark gasoline blending data;
10 Fig. 12 illustrates a table of time-dependent sensor data profiles;
Fig. 13 provides a table of semi-conductor crystal structure parameters
and band gaps;
Fig. 14 illustrates a network structure for Equalized Orthogonal
Mapping (EOM);
15 | Fig. 15 .illustrates a theoretical 2—dimensionai map for an equation
providing a solution for a S-dixnensional function with 2 inherent dimensions;
Figs. 16A - 16D illustrate reduced dimension maps for a 5-D function
with 2 inherent dimensions, obtained by Self-Organizing Mapping (SOM);
Figs. 17A - 17D illustrate reduced dimension maps for the same 5-D
20 function, obtained by Non-Linear Variance Conserving (NLVC) mapping;

Fig. 18A - 18D illustrate reduced dimension maps for the same 5-D

function, obtained by Equalized Orthogonal Mapping (EOM);

-14 -



I's provided a nethod for organization of multi-dinensional pattern data
into a two- di mensi onal representation which includes the
steps of receiving multi-dinensional ' pattern data into a"
neur al networ WQB1624t putting, via the neural network whi ch PfEEUS9826477
been trained by backpropagati on, an output signal. The output signal is
gener ated by an out put layer which consists of first and
second non-|inear nodes which share a conmon i nt er nal

network representation. g . . te ed di ion ThaBS G6 dlancoupb th a
nore limted aspect of thFégsr'reltgﬁodl% ! ‘ﬁterasdgjlugct fmensio a_ﬁ ' ré|§nvﬁ§4?1tion,

'tlgére IS provi dﬁ@a@ﬂ%ﬁ%ﬁﬁs cn;lf]:ggo. lo%%i Qﬁné%ﬁyrﬁbﬁ', ng of the neural network

to .
According to yet another aspect of the present invention, there is provided
a new approach to di mensigs rZ04uc 2R Al iTadpced dimpnsion maps d9Tothe 1823980 er n
data. This approach appli-es the mappi ng through a
convent i onal si blyhdingdate showeipdiig.fldeds éained by NLVC; _ neur al
network with non-Ilinear neurons, but with a different objective function
whi ch 515 equURik] 288 -a210 illusthaneg @edukéd dimentien mape fordthemasilinmal
out puts by reduci ng the covari ance matrix of the outputs to

the formof a dipRgenadadBhdvnin g, B, 4POthiAS] by EORE the identity
matri x, rather than Specifying at the outputs should be as in a

conventional net used Fig, 204 illustrates | fkd{;ééﬁ(aﬁxhé}ﬁio:ﬁ?ép'@tsﬁ%tteﬁk 'Rbfairled

attribute information is u I'S mapping, It
essentially an %nwfvidsed | earni ng procedure. A detail ed backpropagation
| earning 20 - y » an procedure of such a mapping is described herein.

I n accordance wi th anot her, aspect of the present .invention, there..s
Fig. %& illustrates mochva‘iues otf the rchon shown 1nq=€i‘g San

10 ‘Detailed Description of the Preferred Embodiment

Referring now to the drawings wherein the showings are for the
purposes of illustrating a preferred embodiment of the invention only and not for
purposes of limiting same, Fig. 1 i}lustrates, in portion (a) an auto-associated approach
while portion (b) illustrates non-linear variance-conserving mapping with dimension

15 reduction as provided by the preferred embodir.ﬁént. The two will be described
independently. The side-by-side illustration for the advantages and distinctions in
architecture between the approach (a) of earlier attempts and the architecture of the
subject, preferred embodiment.

In the portion (a), a neural network 10 has an input layer 12 and an

20 output layer 14. In the illustration of portion (a), the input layer 12 is comprised of

five nodes, 20, 22, 24, 26, and 28, each of which has an associated input thereto. The

-15-



provi ded a nmethod for visualizing |arge bodies of conplex nultidinensional

.data in a o WO 99/ 31624
PCT/ US98/ 26477 . relatively "topologically correct” _
| ow di mensi onwapprioee4mati on, to reduce the I PCUISPRE3477

associ ated with other nethods of simlar purposes and to keep the mapping
conputationally efficient at the same tinme. Exanples of the use of this
approach in obt ai ni ng neani ngful 2-D naps and conpari sons

wi th sel f-organizin pi S S, . . nd _ponslipe

vari ance- conser?ﬁ%g@% %ﬁ%ﬁﬁ%&%@%ﬂ‘g tﬁ'ggxggegb%% #e?‘{eﬁﬁ » and

An advant age of the present invention is the provision_ of neur al

network whi ch a38. ol mugberefiilusrated nedes i sagho eH‘PF‘\i@i"Hilﬁéﬂgﬂﬁr?&Fput layer
representation of pattern data.

Still another ativiambiliitedito fine Amepluralitymaydietchesen fer supkelayercandithese yalues t wo-
10 di mensi onal representation of pattern data which isol ates

rel at ed char act geil abt eSidentical. Specific numberstif pdeseade highliyiapplidatopsietificn Adat a i n
an unanbi guous fashion so as to allow for human

visualg zati on apdies) fhaail MyePR0 8i850std Rfihin the neural network 10 is narrowed to two
Still another advantage of t'he present invention.is the provision of a

neural network fodf AR &Akd:O, FroRPht AhidirAifn? il el ek cedtndl Sher 0! | OW

for real-tine conmputation wth conventional processing
har dwar e..

therefore a funneling or necking of all pattern data that is provided by the illustrated
layer 40. |
Turning next to portion (b) of the preferred embodiment, neurat network

10 | 100 includes an i_nput layer 102. Input layer 102, for illustrative purposes only, is
noted to compriée a plurality of inputs fonﬁed as five input neurons 110, 112, 114,
116, and 118. It will be appreciated that the disclosed architecture of the neural
network 100 includes no internal portion analogous to that internal layer 40 provided
by portion (a).

15 The architecture of (b) provides an output layer 130 comprised of first
and second neurons 132 and 134. Two neurons are chosen at the output layer 130 by
way of example of the preferred embodiment. This choice allows for two-dimensional

. realization and visualization of the pattern data. It will be appreciated from the
description below that the output layer of the preferred embodiment is comprised

20 entirely of non-linear nodes sharing a common internal network representation. As

with the description of (a), it is to be appreciated that a number of nodes forming input

layer 102 is chosen pursuant to the particular application and hardware choices.

-16- .



Yet anot her advantage of the present invention is the provision of a
system whi ch ~reduces the di nensions of pattern data by controlling the

vari ance. WO 9931624 Yet another advantaggepl H?ﬁ‘m
present invention Is the provision of a system

reduces the dinensions of pattern data by reducing the covariance matrix
20 of the outputs to the formof a diagonal matrix or a
constant tines the identity matri x.

-12 - ' WONexg/ 8 dieasion reduction from 5 to 2 is considered for illustration
PCT/ US98/ 26477 Furt her advantages and

benefits of thepirpdss! livthe whtblassbeiatbiarapprpmhl £0dt such as that shown in Figl ¥a) wosid
skilled in the art upon a reading and understanding of the foll ow ng

detail ed be used and if %ﬁfd'ﬂéttia%d so that the net serves as the identity operator. The
Brief Description of the Dravmngs The

of parts, a proPSPrEREEEESlhe Bl b aﬁ%%%ﬁ%%aﬁ?%iﬁﬁ i ARe PRl Vetay

detai | s'N If the intrinsic dimensionality of the data is more then 2-D, then the net will be

appreciably different from an identity operator. The net is trained in what is
sometimes called a self-supervised manner.

~ The net to be used in the present new approach is less 'complex. The
intent is to conserve as much of the data information as possible with a 2-D

10 represenmﬁon instead of five. The net for ;omputing the 2-D representation is simply
that illustrated in Fig. 1(b), to be trained accor'ding to the criterion that the variance in
the 2-D representation be as nearly the same as that of the 5D representation. In this
approach, it is essential that the outputs nodes be nonlinear and that they share a
common internal network representation.

15 Let {x,,},p=1,2,..;,P, be a set of data pattern vectors, wherein P is
defined as a positive integer, and wherein the set of data pattern vectors has a total
variance given by:

=P I=§

V=P Y (x,~<xp)

2=l i=l

(Equation 1)

;where: dimension S=35 originally,
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this specification and illustrated in the acconpanying draW| ngs which form

a part hereof, and wherein: )
Fig. 1 illustrates an earlier, auto-associative network relative to the 10
subj ect non-| iW@a¥3162¢ i ance- conservi ng (NLVC) nappi ng with RGHSIBRE$T7
reducti on enpl oyed by the preferred enbodi nent of the

subj ect invention; Fig. 2 illustrates a

t hr ee- di nensi onal graph of two periods of a helix with 81

poi"nt__s pl of[ted; > 1] tano e otes the Jé{' eox?’ . tRLd B t of
P ?_oe e eL

t wo- di nensi onal represent afl on unen

transformation of a . Fi g. |IIustrates
a two- di nensi on&fPY¥ F%?B@@théftpﬁrfoﬁﬁacﬁmﬁe:w&cwmqmg&% <X;=> dhiodés the icah

associ ati ve nmappin Fig. S5illustrates a

t wo- di mensi onal V@BP@Q@M%‘“@W gyer sheet pidagg PW%YFCWS)’ and | i near
vari ance- conserving napplng 20 Fig. 6

illustrates a two-di mensixgpialthe idpeomsponentiof o thé phasesitienef a)St’énﬂrlaltg pattern
data with non-linear variance-conserving mappi ng;
- 13 - 5 vectors. WO 99/ 3_1624
PCT/ US98/ 26477 :
It should be understood that a “measure” of the total variance is a linear or non-linear
function of the total variance.
The net shown in Fig. 1(b) is now trained so that the variance calculated
" in the reduced dimension representation, for the same set of data pattern vectors, is as
10 closely to V as possible,

Using the Backpropagation algorithm for training, the expressions for

progressively changing the weights for the dutput nodes are as usnal:

Aw,q-(l/P) Aw kj—(llP)Zn

(Equation2)

where all the symbols have their usual conventional meanings. In this respect, O is

15 the oﬁtput signal from the jth node in the layer preceeding the output layer due to the
pth data pattern, n is a constant of suitable value chosen to provide efficient

convergence but to av‘oid oscillation, and 3, is a value proportional to the contribution

to the error E by the outputs of the kth node of the output layer for the pth input data

pattern (i.e., a measure of the sensitivity of the variance).
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Fig. 7 illustrates a sensitivity of positions of blends with respect to the
content | evel of isopenetane, cat cracked, and refornmate;

Fig. 8 illustrates a two-di mensional representation of sensor data wi-th’
non-|inear vaMOMB&2¢onservi ng mapping; 5 PCT/US98226477j . 9
illrustrates a trace of successive sensor profiles nonitoring from
"non-fault" to "fault;" Fig. 10 provides a

t wo- di nensi onal representation of band gap data with

non-linear variance cons Al @“%QB& the present case and the standard supervised
- Fig. 11 illustrates a tag?lé oﬂ{ %‘é:nchrraergﬂ gaPsoﬁ I ne endi ng dat a;p 10

Fig. 12 illustrates a taple of tine-dependent. sensor dat i .

Fig. 13 provi de‘gmaml%?a%@ W@'@Fﬁ@%ﬁtﬂgﬁgﬁlg S‘ctxjmé(fnr@5§ ‘ﬁ%?‘%adr]gﬁsegé?s
~and band gaps; L Fig. 14 illustrates a network

structure for EHiGalSigmaidal)is giyge % Mappi ng (EOM); 15

Fig. 15 illustrates a theoreti-cal 2-di mensional map for an equation

providing a solution for a 5-ag i onal function with 2 inherent .

di nensi ons; 5p,,- (V-(1/P) (0, <Gkl (3 —<QgD¥))IstPgpe

reduced di mensi on maps for a 5¢D kunction w th 2 1 nherent
di nensi ons, obtained by Self-Oganizing Mapping (SOV ; ' :
Figs. 17A - 17D illustrate reduced dinension maps for the same (Bqubtion3)

5 In equation (3), V is the variance calculated for the training set of input
data patterns, and the double sum within the rectangular biackets yields the variance
for the output, reduced-dimension, representation of the same data. The effect of the
learning procedure is to try to ciecrease the delta values while minimizing the difference
between the original and reduced-dimension variancés as much as possible.

10 From the illustration of Fig. 1, it will be recalled that the hidden nodes
are displayed in area 150 of network 100. As before, for the hidden layer nodes, the

expressions for progressively improving the weights for those nodes are:
Aw,= ) 0,1 -opj)(zkj 8,70,

(Equetion 4A)
OR
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20 function, obtained by Non-Linear Variance Conserving (NLVC)

mappi ng; . Fig. 18A - 18D illustrate reduced
di nension maps for the same 5-D function, obtained by
Equal i zed Ot wogessd2d Mappi ng (EOV) ; PCT/US98/26477

- 14 - WD 99/ 31624

PCT/ US98/ 26477 Figs. 19A - 19D illustrate
reduced di mensi on maps for the gasoline bl endi ng data shown
in'Fig. 11, as obtained by SOM Figs. 20A -

20D i | I ust rate reduced di mensi on maps 1;{%% t he ,gasol i ne
e

bl endi ng data shown in Fig. 1
dAE:vefd di nypz\ﬁb!’lth’e gasol i ne

Fig. 21A - 21D illustrate re
bl endi ng data shown in Fig. 11, as obtai ded by &

Fig. 22A illustrates a reduced di nension map of 5| X patterns obtained
by EOM and Fig. 228 Il lustrates nodel val ues
of the region shown in Fig. 22A 10 Det ai | ed

Description of the Preferred Enbodi nent
(Equation4B)

,where Oy; is the output signal for the ithe node of the layer preceeding the jth layer of
the pth input data pattern. |

It should be appreciated that a “hidden layer” can be a non-linear

5 functi_onal transformétion layer, such as practiced in the functional link, and radial
basis function architectures.

The data patterns may be regarded as vectors in pattern space and their
components would vary in value depending on the coordinate system used to describe
them, or equivalently the basis vectors used to span that space.

10 It is a fact that the trace of the data co-variance matrix is invariant with
respect to linear transformations of the basis vectors spanning the pattern space. The
present approach allows the Kmsfonmﬁon to be nonlinear but nevertheless seeks te
conserve the total variance.

Some simplifications can be made in the learning procedure prescribed

15 by equations (3) and (4A, 4B). Since interest is in the relative positions of the various
patterns, the mean values of each of the featu.res in the original full-dimensional

representation is of no significance. Those values can be set to zero in equation (3).
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Referring now to the drawi ngs wherein the show ngs are for the

purposes of illustrating a preferred enbodi nent of the invention only and
not for purposes of limting same, Fig. 1 illustrates, in.
portion (a) am@gg,_ﬁ;;ﬁssom at ed approach whi | epéﬁﬁég‘sﬁékﬁ b)

Il lustrates non-1linear variance-conserving nmapping w th dinmension

reduction as provided by the preferred enbodinent. The two wll be

descri bed i ndependently. The si de-by-side illustration for
t he:advant ages and distinctions in architecture between the
approach (a) of Thigamounts ta 2 baddy shif of the gt ingrdistribusion f attern yesgors as one rigid

subj ect, preferred enbodi nent. In the portion
(a), a neural nbodyoand rbrelatize position mformbatipe s 10&. and an 20

output layer 14. In the illustration of portion (a), the input layer 12 is
conprised of Similafly hﬁeqilﬁﬁiﬁﬁ(S) 39 is sdtably decidd, ahed®of3fine aChe Of

whi ch has an associ ated i nput thereto.

- 15 - duced-di Xpdgg{b%ﬁégéf vectors will be one of zero me Thi
PCT/ US98/ 26477 recuced-cimenst ‘Ta"i}“er [ sl al S(I)l il urst raatned alg

g 8P Do péthgVeh Xﬁ%ﬁ&@%fw@%@ﬁ@%?ﬁ%ﬂﬁ%%&?%s% chapging mean gs lesiding | '°
el Layer TRt et e 4 Sk Y eal 'oﬂag'mmm ae&fhose“

shift of the relative distribution.

Although equation (3) is retained .as such, the variance constraint really

amounts to a signal strength constraint. Learning consists of learning a single set of
10 weights which will map all pattern vectors in the same way, striving to make each

feature value, in the reduced-dimension space, as close to zero as possible and yet

conserve the total signal strength, or equivalently, the (zero mean) variance.

Further theoretical investigations are underway but the present practice
must be coh'sidered to be motivated and justified more by results rather than by theory.

15 Some representative results are presentgd in this and sui)sequt sections of this
discussion.

The results for three different approaches to reduced-dimension self-
organization are presented in this section for reduction of 3-D data to 2-D. Of course
this is a strange action to pursue if the data are intrinsically 3-D. On the other hand,

20 the intrinsic dimension is generally unknown in most cases and so this simple and well

controlled exercise might provide some insight as to what happens when the
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need not be.identical. Specific nunbers of nodes are highly application
specific. An_ 5 arbitrary internal |ayer 40 disposed within the
neural network 10 is narrowed to two ~internal nodes 42 and
44. Fromthe ihdopghération, it will be appreciated that ther eorases2eésr7
therefore a funneling or necking of all pattern data that is provided by
the illustrated | ayer 40.

Turning next to portion (b) of the preferred enbodi nent, neural network 10
100-i ncl udes an input |ayer 102. Input |ayer 102, for |IIustrat|ve pur poses
only, is dimensionality (it thg e c@ﬁiﬁsqnﬁ%‘"ﬁ i desa thay Bt ofple sintdSied as
five input neurons 110, 112, 114, 116, and 118. It wll be
appr eci at ed thadimmsionﬁliscl osed architecture of the neural .
network 100 includes no internal portion anal ogous to that internal |ayer
40 provided ¥f poifity alpsy 4 theee d{ragnsiondl Telix are to be represented in a "self-

The architecture of (b) provides an output layer 130 conprised of first

and second neur gisnidedi® 2 Preleiffation \Whdl oI hatdHr Seithinabolelike? "B GikkrRidrdd ayer
130 by vvay of example of the preferred enbodinent. This .

choi Ceés all ows f | gal i zati on and
vi sual | zation o%?the @?%fegcg%gﬁde??ndwwmt af)eeprgsgi)vregm ated fromthe

cCompr | Sed 20" ow that <1 ol o S o, P ReRL P 2 At FHoni

i nternal network representation. escrl tlon of
(a), it is to b@rﬁﬂ'}gﬂa& -l depictionaef tﬁatrﬂﬁtPogrShSWnﬁBfégs %df‘%“ﬁ? “?eﬁ

| ayer 102 is chosen pursuant to the particular application and har dvvare
choi ces. associative mapping is shown in Fig. 4, and the 2-D representation obtained with thig_

present approach is shown in Fig. 5.

10 . For this particular case at least, the reduced-dimension representation
obtained with this present non-linear variance conservation (NLVC) method is less
émbiguous than that obtainéd with the auto-associative method.

The present work provides dimension-reduction while conserving as
much as possible information regarding the inter-pattern differences. - The advantages

15 - and disadvantages of the K-L, anfo-associative, and nonlinear variance-conserving

methods are as follows.

The K-L Transform Method
Advantages- Well understood theoretical basis.
Disadvantages- Lengthy computation of co-variance matrix; linear constraint leads to

20 - loss of information when dimension-reduction is large.
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PCT/ US98/ 26477 ) _ _ Next, a dinmension reduction
from5 to 2 is considered for illustration pur poses. In the
aut o- associ at iw@¥fdoach, a net such as that shown in Fig. RCHYSHRBeATH

be :used and it would be trained so that the net serves as the identity
operator. The out put vector of the net would al ways be _
nearly the sane as the input pattern vector. 5 If the intrinsic
di mensional ity ﬁehng_ggg ﬁatiﬁ I,ZQF“?{ then 2-D, then the net will be '
appreciably dif Ity operator. The net is trained in what
S sonetijes called a sel f-supervised nner .

The net to be uégﬂaqtargef'ﬁgg%?t “ﬁ@%eatﬁﬂ}yosggﬂé;i@ ’%&nﬁgﬁﬂﬁdex. The
intent is to conserve as nuch of the data information as possible with a
2-D 10 Disadyasagess dongdraining rimes, easilyvenyaingd toryield raisleading oappings. ng
the 2-D representation is sinply that illustrated in Fig.
1(b), to be trained according to the .criterion that the variance in

the 2-D representation be as nearly the sane as that of the 5D '
repr esent at i on. Theé Nofilisear Variance-Constraint ach, it is essential that the
out put s' nodes be nonlinear and that they share a conmon

i nternal networ lyquepspse %ﬁéégﬁfmy sbind, computationally highly efficient, L Sfgnificant
{x[err]},p=1,2,...,P, be a set of data pattern vectors, wherein S

defined as a PO{iddNGSn PHEB8S] witRRt diMigigEn the set of data pattern vectors

has a total

Disadvantages- additional theoretical investigations would be helpful in generglizing

the approach and in revealing in what sense the mapping is "topologically” correct;

computational results all suggét that order is conserved in some non-trivial manner,
10 ' but it is difficult to be more precise than that at this point.

In literature, there is a body of gasoline-blending data which various
investigators have used to assess the efficiency of their clustering or classification
procedures. An example of such ;lata is exhibited in Table 1 (Fig. 11), where each
gasoline blend is described in terms of the amounts of their five constituents and also

15 by its Research Octane Number. That Eody of five-dimensional data was mapped onto
a two-dimensional space using the present NLVC approach. The resulting body of data.
is now easily displayed and viewed in two dimensions as shown in Fig. 6, with non-
trivial gain in the understanding of what the data signify.

Such a plot will suitably serve as a memory as well as classification rule

20 formulation device, as indicated by the drawing of the lines in Fig. 6, lines which seem

to separate the high-octane blends from the low octane ones. In addition, in such a
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vari ance given by: [err]

1) , Wher e: di mensi on S=5 originally,

- 17 - WD 99/ 31624 A
PCT/ US98/ 2647 Two 9931624 t he < > not at i orcigsIsreaasr t he
average or nean taken over the set of | nput data pattern

vectors for each indicated conponent (i.e., <x[err]> denotes the nean
val ue of of x[err] eval uat ed over the set of data pattern vectors), and

x[err] is the ith cq nt, of x r nber of a set of data,
pattern 5 plot, &3S k é)‘F‘?med ke 0?3“’%"'“‘1? 0 IR FEPIPTHVit e Fusss¥ed ¢ hat

a "measure" of the tot z_il_varl_ance is alinear or non-linear
functi on of the"mis 4l It inintesestiog that similar violations of rules were observed in mappings

obtained with the K-L and auto-associative methods.
The sensitivity of the location of a point in the two-dimensional space
5 to changes in the original five-dimensional space can be explored readily and some
indications of that are depicted in Fig. 7. Such information provides guidance on how
other improved blends might be formulated in various different composition regions.

The present NLVC dimension-reduction system is also suitably used to
map complex time-dependent sensor output profiles into points in two dimensional

10 space. In additiqn, changes in the nature of the profile can be detected as motion of
that point in the reduced-dimension space.

In a certain industrial installation, the condition of the process was
monitored by sensors and the time-dependent sensor output profiles can be used to
provide information as to whether the operation would be in or near "fauit" condition.

. 15 In this stud_y, the profiles from one sensor were reduced to patterns of five features
each, as shown listed in Table 2 (Fig. 12). Two bodies of such data were prepared,
one for "training" the interpretation mode and the other for testing the usefulness of
the interpretation scheme.

Using NLVC mapping, each of the profile pattefns was reduced to a2-D

20 point and the entire set of training set profiles can be displayed in a single 2-D plot as

shown in Fig. 8.

-24 -



The net shown in Fig. 1(b) is nowtrained so that the variance cal cul ated
in the reduced di rrensi on representation, for the sane set of data patter_n
vectors, is as closely to V as possible.

Usi ng t he Back‘icﬂ%'ﬁéﬁét ion algorithmfor training, the expr esP§T6"hs§s'?%77

progressively changing the weights for the output nodes are as usual:

[err] where all the synbols have their usual
conventional meanings. In this respect, (Jerr] is 15 t he out put
sighal fromthe jth node 1 shlgidiov@ming" SGRAGNdENS ReindidhtiigtwiaR WSEnodEft ©

t he pth data pattern, [€rr] Is a constant Of suitable val ue

osci lati on, gﬁf@&ﬁ““’#@“%wa imgnsional,sp °?’ona‘f*“¥&9¥ﬂ’§ﬁé?#{’ oh B ) oo

to the error uts of. kth de p €, out, | ayer for the
pth i nput data timpmﬂé’ elasass ‘£ faBR 5 ”r?e‘tﬁ‘ghrc@n lEhe sensitivity

of the vari ance) .
-18- WGt oupspug fog the data processed, the proﬁles are indeed representative

PCT/ US98/ 26477
5 of "fault" or "no fault" conditions. In the plot of Fig. 8, the points representing the
two types of profiles do indeed separate cleanly, albeit not linearly. Given such
circumstances, a rule for classifying a new profile as " faﬁlt" or "no fault" can be easily
formulated. As shown in Fig. 9, such a rule was well validated with points from the
test set of profiles.

10 Values of four representative crystal-stfucture parameters are listed in
Table 3 (Fig. 13) for a number of se_,mi—conductor materials. Listed also are values of
the "band-gap" in the electroﬂic band structure of such materials.

NLVC mapping of the four-feature crystal-structure patterns yielded the
map shown in Fig. 9. The low band-gap materials seem to lie towards the upper left

15 portion of the map and study of that distribution might give some hint as to what |
combinations of crystal structure xﬁight be associated with low band-gap.

The subject system is disclosed with particular emphasis on two-
dimensional displays as they are especially easy to comprehend. Three dimensional

displays are suitably accommodated by humans as well. But all highér dimensional

20 displays are opaque to visualization and to "understanding."
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The difference between the present case and the standard supervised
| earni ng task of neural -net conputing cones in the expression for [err]

which in this case (i.e., signoidal) is given by: [err] -

5 WO 99/31624 In equation (3), V is the vari anc@dae¥redt%d f or
the training set of input data patterns; and the double sum
within the rectangul ar brackets yields the variance for the

out put, reduced-di nension, representation of the sane data. The effect of

the | i e t |
val ues while minin z?ﬁén?ﬂg %ﬁ?’?@%&ﬁ%’eﬁﬂw efficent 9°“q‘§’?{‘)‘§?ﬁm§’én H%';Q‘S‘ﬁﬁglgi nal

d reduced- di jon vari h ible 10 ,
From the 111 ust ERRsoRcisHe i i T Appoibginiy oobEae 4 oipe sostertah ant, Y enodes

are displayed in area 150 of network 100. As before, for the hidden |ayer

D,

nodes, the manner. expressions for progressively inproving the

wei ghts for those nodes are:

[err] The subject system seeks to conserve all the original variance while
5 carrying out a nonlinear mapping to a reduced-dimension space. Maps obtained in the

foregoing manner are suitably used for a variety of tasks, and can even be used as a
visual associative memory, suitable for storing similar descriptions of objects and of
time histories of the evolution of objects in associated manner, so that the mapping of
a new object into a region of the memory would give hints as to what other matters one

10 should be reminded of.

In variance-based approaches, the objective is to find a2 reduced-

dimension mapping of the data, for which much of the variance of the data is retained ,
and for which the components of the data pattern vectors in the new representation are
uncorrelated as much as possible.

15 It is seen that this approach yields results similar to that of the feature
map mett;od, in an interesting manner. It happens that pattm which have similar
research octane ratings are mapped automatically into contiguous regions in the 2-D
reduced dimension mapping. There is no thought of clusters. Instead a rather general
category identification rule can easily be formulated. However the reduced-dimension |

20 map does provide guidance towards the formulation of improved blends.
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PCT/ US98/ 26477 [err] where Jerr] is.the output
signal for thsvoewmezxode of the | ayer preceeding the jth | ayrrT/0898/26477
the pth input data pattern. It should be
appreciated that a "hidden |layer" can be a non-linear 5

functional transformation |ayer, such as practiced in the functional Iink,

and- r adi al . .
- Application of the method to complex sensor data indicate once again

that patterns representing fault conditions are located in clearly self-ofganized regions
of the 2-D maps, distinct from the patterns representing "no-fault,"
In the cases mentioned, the category or property value must have been
5 - associated strongly with the pattern descriptions. The reduced-dimension mapping
merely makes that circumstance ﬁore obvious and mo.re easily visualized. In yet
another case, this same approach ufas applied to a sparse body of data, sparse in the
sense of not having many exemplars but also sparse in the sense that many feature
values were missing so that in fact only a small subset of features. were available for
10 this exercise. The data were for a body of crystal structure parameters for
semiconductors and there was interest in seeing whether certain regions of crystal
structure "space" was associated with low band-gaps. The reduced 2-D map did give
hints as to what regions. might be fruitful for further exploration.
The second aspect of the present invention, Equalized Orthogonal
15 Mapping (EOM), will now be desqribed with reference to Figs. 14 - 22. The intent of
the EOM i; to discover and display the inter-pattern relationship between the data
patterns, with the mépping preserving the topology of the data as much as possible. This
is achieved through constraining the values of the elements of the covariance matrix of
the output during the learning process. At the end of the training, the covariance matrix
20 of the output is reduced to the form of a constant times the identity matrix. This

guarantees that the reduced dimensions are equally important and mutually orthogonal.
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basi s function architectures. The data patterns
may be regarded as vectors in pattern space and their” _
components woul d vary in val ue depending on the coordinate system used to

descri be WO 99731624 them or equivalently the basis vecpgfmsispesrt O
span that space. 10 : It is a fact that the trace of
the data co-variance matrix is invariant with respect to

| i near transformati ons of the basis vectors spanning the pattern space. The
present approach allows the transformation to be nonlinear but neverthel ess
seeks to dTbe FEOM epproacht eandie aghievenwish a conventional three-layer

Sonme sinplifications can be nade in the | earning procedure prescribed 15
by equations ( Ypeditrtvatdindt N4iih onShidden layet, s stiobvniis Figh14. et Neshows the ngt@sik | ons
of th e various patterns, the nean values of each of the

features in thegakhs BiRdqublived oftidFBih n@plg, which includes an input'|SRE, B5dRih Blveon 1S
of no significance. Those val ues can be set to zero in -equation (3).

- 20 - sy . .“®1e »
e Usos/ 26477 M output layer! P13 Bnckidtken the nodes are indicptive of ySSS petween nodes

entir eS distri bugij .a%?acgr];t lgﬁetrst. elrxg ngtg& tal%rv%, aa %18&?1 lirljirelgi gan be a non-linear functional
transformation layer, such as practiced in the functional link and radial basis
- architectures.
Net N is trained using the backpropagation algorithm. In the beginning,
the weights of the net are generated randomly in the interval [-W, W]. These weights are
10 adjusted iteratively through the leaming process. |
Let {x,},p=1,2,. ., P, be a set of input data pattern vectors of §

dimensions. The averaged variance of all dimensions of these data pattern vectors is

given by:
1 s P
- — 2
Vm _-_Z E (xip <X )
SP i=1 P=1
(Equation 5)
15 where “<>" denotes the average or mean taken over all of the input data pattern vectors

for each indicated component (i.e., <x;> denotes the mean value of of x;, evaluated
over the set of data pattern vectors), and x;, is the ith component of x,, the pth member

of a set of data pattern vectors.
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body and no rel ative position information is |ost. .
Simlarly in equation (3), it is suitably decided ahead of tine that the
reduced- di mension distribution of pattern vectors will be one of zero-nean:
This 5 WO 993162€nDVves a sonewhat bot hersome step of caPCTUSRsI264f7an
ever changi ng nean as | earning proceeds. Setting the nean as
a condition in the learning anobunts to exerting a bodily

shift of the relative distribution. Al t hough
equation (3) is retained as, sugh, the varjiance constraint real]y .
anounts to a signal streng?lﬁeeeﬁ}‘?ﬁ? l °%&§Wﬁ§n’éaﬁ?§}e§1ﬁ¢§wﬁ’ﬁémw a
single set of 10 . .weights which will map all pattern vectors in
the same way, s it hereycedslimensiongepsesentation. The covariance n?ag-aqqu,ﬂée Quipuieis thys &t he
reduced- di nensi on space, as close to zero as possible and yet

conserve the t otk Kanaira| Eash elemertt lof the covarjarice aatrixt dfghe outpsts (izey antpue sighals)

vari ance. _ Further theoretical investigations
are underway butcat bewtittesgnt practice must be considered to-
be notivated and justified nore by results rather than by theory. 15

Some representative results are presented. in this and subsequent sections

of this di scussi oq. & The
results for three di fferen’Vaggq;leaeEiap *édl*ck){@%{n’eﬁﬂkoh)sel f-
organi zation are presented in"thi # sgcti'dn for'reduction @ 3-D data to
2-D. O course this is a strange action to pursue if the
data are intrinsically 3-D. On the other hand, 20 t he
intringic dimension is generally unknown in nost cases and so this sinple
and wePl controll ed exercise might provide somEEqUREPRHA: as
to what happens when the

,where:

p=1.2,....P;

0y, is the output signal of the k,th node of the output layer for the pth input

data pattern vector;
10 O, is the output signal of the k,th node of the output layer for the pth input

data pattern vector;

<0, > is the average of O, » evaluated over the set of input data pattern

vectors

<0,> is the average of Oy evaluated over the set of input data pattern

15 - vectors
ki=1t0K;

K is the number of dimensions in the reduced-dimension representation; and
< > denotes the mean evaluated over the set of input data pattern vectors for

20 - each indicated component.
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PCT/ US98/ 26477 - di nensi onal ity of the new representation
is less than that of the intrinsic di mensionality.

| f points al orwoasidikadee di nensi onal hel ix are to be repr eserit(mlmmcm-}'sel f-
organi zed" 2-D presentation, what would that presentation | ook |ike? In

ot her words 5 o what informations are di scarded and what are
preserved? Data points along a helix are
illustrated in Fig. 2. Th sel f - ) organj zed K-L depiction
of that data is shown in EP‘E;; @WBHP%\?‘W@EF“&H‘FF‘Q@E"L”W“Sm‘he“PP"r
associ ative mapping is shown in Fi 4, and the 2-D representation obtained
with this triangle of the patsizaged @&9&9&%@‘% The ohisctive istogmingmize g error E

For this particular case at |east, the reduced-di nension representation

obt ai ned wi th tIgieenfiyesent non-1inear variance conservation (NLVC) nethod

Is | ess anbi guous than that obtained with the
aut o- associ ati ve net hod. The present work
provi des di mensi on-reduction while consgyi as
k=1 k=k ik
1=1 k=,
(Equation 7)
5 where E,, is givenby the following depending on whether the element is on the main
diagonal or not.
'. v v 2 .
— .
- outkk " kk' in -1 —
Eklk2 = - kl-kz-—k, k=1,.,K
rkk in
(Equation 8)
2
V
1k
E,, =|—2%| >k, k=l..K-1, k=k+I
172 V
Tk, in :

It should be understood that r,, is a positive constant, which has an effect of increasing
the speed of training, and 1y, is a positive constant which has an effect of increasing the
10 speed of training. Moreover, it should be appreciated that by minimizing the above error
function, the covariance matrix of the output will end up in the desired form of a constant

times a diagonal matrix, with a constant times the identity matrix being a practical option.

-30-



much as. possible information regarding the inter-pattern differences. The

advant ages 15 and di sadvant ages of the K-L, auto-associative,
and nonl i near variance-conserving met hods are as fol l.ows.
The K-L TransWeraBMad hod Advant ages- Wel | urR§ayusoead7?

t heoretical basis. D sadvant ages- Lengt hy conputation of
co-variance matrix; |inear const raint leads to 20 | oss of

i nformati on when di mensi on-reducti on is |arge.

-27 - . . ’
PCT/ US98/ 26477 e Shaid 32 a if BIBRES SR P PIOpEURRY iy fhe averaged input
Advant ages- theoretlc a con.c t ual nd: nonlinear, Jif

Di sadvant ages- Y813t r"al'lﬁﬁeﬁ%nsfaﬁfé‘g patiop K%ﬁ '%6 Fe?afxﬁqngact?ro%f’lé}sd“?ﬁ ’Ié'll%‘édl ng
mappi ngs. The Nonl i near Vari ance-Constraint Method

than unity. It is introduced to speed up the training further by redt;cing the output
variance of each dimension. Since variance which is mostly comprised of information
5 from quadratic terms also resembles the eﬁergy of a system, reducing the variance thus
corresponding to relaxing the energ)} requirement for each dimension. This reduces the
number of iterations for the net to achieve the desired error tolerance. Since variance also
captures the inter-pattern relationship of the data, by making the variance of each output
dimension pmporti;anal to the input irariance, this method seeks to preserve as much
10 relative position information as possible. The denominator is introduced for
normalization purpose so that the error target specified will be independefxt of the value
of the input variance.
The expressions for updating the weights iteratively can be obtained upon

taking derivatives of the error E with respect to them. For the weights between the kth

15 and jth layer, using sigmoidal neurons for both the hidden (jth) layer and the output (kth) -
| layer, this is given by:
OE E, k1 OE,,
R L DRI pl
. awkj awkj ky=k+1 awkj k=1 awkj
= Aw Wi + Aw w2 * Aw X3

(Equation 9)
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5 Advant ages- concept ual | y sound, computationally highly

efficient, significant di mensi on-reducti on w t hout

di stortions. D sadvant ages- additional theoretical .

i nvesti gati onswasusidzdoe hel pful in generalizing PCT/US9R6477
approach and in revealing in what sense the mapping is "topol ogically"
correct; . conput ati onal results all suggest that order is
conserved in sone non-trivial manner, 10 but it is difficult

to be nore precise than, that at thi int. . g

In literature, t e“\'*félsa\haoc(ﬁ'ﬂ?‘i"b °nd§’§gtﬁ? ﬁ‘ég"ﬁ‘f"letﬁ‘m’ a5t cRfribptionfrorg the

i nvestigators have used to assess the efficiency of their clustering or
classification off-diagonal terms in kthypy and| awiesis theonibptiandrom the offdizgona) terans
exhibited in Table 1 (Fig. 11), where each gasol i ne bl end

i s described in inétheoluin. tThe expressionsofshese Huee tefmsaze axdfallews: uent s and al so

15 by its Research Cctane Nunber. That body of five-dinensional
data was mapped onto a_t wo-di nensi onal space using the
present NLVC approach. The resulting baExk of daf=a IS now
easily displayed and vi ewed i yp=di T ONS s'%@mqj? Fig. 6, wth non-
trivial gain in the understandi ng of jthePwna signity.

Such a plot will suitably serve as a nenory as well as classification rule
20 formul ati on device, as indicated by the drawing of the lines
in Fig. 6, lines which seem to separate the hi(gh-gct %}e

bl ends fromthe | ow octane ones. In addition, in such a quation

-23 -

5 (Equation 11) -

(Equation 12)
where &y, is a value proportional to the contribution to the error E by the outputs of the

kth node of the output layer, for the pth input data pattern vector, and 8y, ,dy,. , and

Byp3 ar€ COmpOnENts of Sy, By, Oy a0 8y, (for sigmoidal functions) are given by:
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WD 99/ 31624 .

PCT/ US98/ 26477 _ plot, it is readily discerned that three of
the bl ends do not conformwi th the suggested : “rule." 14 i's
interesting tMWRYSIeM| ar viol ations of rules were observed iRFTHBIHPHUGS
obt'ained with the K-L and auto-associ ative net hods.

The sensitivity of the |ocation of a point in the two-di nensional space 5
to changes in the original five-dinensional space can be explored readily
and sone i ndi cations of that are depicted in Fig. 7. Such
information provides guidlance ggyhow —¥ }(<0O,>-0, )Oot(herOi nproved bl ends
m ght be fornmulated in vaéiﬁpilousagi P&k ent"’)c(orrpf)si tikB)n ?Pe(gi on?{)p

The present NLVC di nension-reduction systemis also suitably used to

map conpl ex tine-dependent sensor output profiles into points in two

di mensi onal 10 space. In addition, changes in the nature of
the profile can be detected as notion of that point in the
r educed- di mensi on space. In a C(eguatioml3)

industrial installation, the condition of the process was

nonitored by sensors and the tine-dependent sensor Qutput profiles can be
used to provi fle xnformation as to et her the operation
woul d be in or near "fadt"=opndtiopg. 10.>-0 O, (h© syudy, the
profiles fromone sensor ®#re L& ced“’t”(ﬁkzgzu tter ns"ng .f’ip\(/e f Bt ur es

each, as shown listed in Tablé 2 (Fig. 12). Two bodies of such data were

pr epar ed, one for "training" the interpretation node and
the other for testing the useful ness of the i Péq%%%neiﬁti on
schene.
k-1
‘5kp,3 =2 kz_: Vout,klk(<0kp> “0,)[0x(1-0,)
=

(Equation 15)

» where O,; is the output signal from the kth node in the output layer for the pth input
5 data pattern vector, <O,> is the average of Oy, evaluated over the set of input data
pattern vectors, and O,, is the output signal form the ith node in the layer preceeding the

output layer for the pth input data pattern vector.
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Usi ng NLVC nmappi ng, each of the profile patterns was reduced to a 2-D 20
point and the entire set of training set profiles can be displ ayed in a

single 2-D plot as shown in Fig. 8.

-24 - wo 9oi1624 -\\O 99/ 31624 PCT/US98/26477

PCT/ US98/ 26477 The so-called "training"
action anounts to indicating what is known of each point in
the two di nensi onal space, whether that point, representi ng a sensor

output profile, was associated with a "fault” or, "no " condition,

It turns out for the dat ér°pﬁ"681é‘§’§3‘an°tﬁw’ Gemgbing Equatiogs ?lr?‘éte@ﬂ) adflayant at i ve
5 of "fault"” or "no fault" conditions. In the plot of Fig. 8,
the points reprdeneteti ng the two types of profiles do indeed

separate cleanly, albeit not linearly. G ven such
circunstances, a rule for classifyiag ngw§pr of pl , a8 "faul tgRition18
k fé%f"rml a@@d ﬁ:q iog )

fault" can be easily shown in Fi'g. 9, such a -
rule was well validated with points fromthe test set of
profiles. 10 Val ues of four representative

crystal -structure paraneters are listed in
Equation (7) can then be rewritten in the more familiar generalized delta rule form,

P

1
Awkj =;z nakpoip
p=1

5 (Equation 17)

Further backpropagation of error to the weights between the jth and ith layer

remains the same as in a conventional net, the expressions are:

Aw “"'5;“—2“ e

Ji

(Equation 18)

where, §,is givenby:
X
61'p= ; 6kpwkj in(l - ij)
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Table 3 (Fig. 13) for a nunber of sem -conductor materials. Listed also are

val ues of t he band-gap" in the electronic band structure
of such material s. o NLVC mappi ng of the
four-feature womBs24st ructure patterns yielded the PCT/US9872647 p
shown in Fig. 9. The | ow band-gap materials seemto lie towards the upper
left 15 portion of the map and study of that distribution.
m ght give sone hint as to what conbi nati ons of crystal

structure m ght be associated with | ow band-gap. L '

The subject systemis disclosed with particular enphasis on t {guation19)

di mensi onal displays as they are especially easy to _conprehend. Three

di nensi onal The BOMppaipachyis evalyed Zemn yhe b ¥ mapRing#PBtPasiniins as
wel | . But all higher dinensional 20 di spl ays are opaque to

vi sual i zati on adNLW@© mappihgs eaobjkctive of learning is to conserve the total variance in the

-25 - "WD 99/ 31624

PCT/ US98/ 26417 description of data patterns, that is, the weights ofTthe :ietnsre/ leaniddasich that the
extrenely efficient conputationally. Experinental

5 difference between the total variance of the outputs and the total variance of the inputs

is within a certain prescribed limit, that is, the error function for NLVC is simply:

out

1
E=Z(V -v,)?

(Equation 20)
~ where Vou i given by:
: 1 P X
— - 2
Vaut— E E (Okp <0k>)
PKp=i k=1
(Equation 21)
10 - and ¥, is same as Equation (5). Using the exact the same net structure and
backpropagation learning algorithm, the parameter &, is given by:
By =(V 0V )(<0>=0,)0,,(1-0,)
(Equation 22)
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results indicate that it is "topologically correct” in sone powerful and
attractive manner. . The subj ect
system seeks to conserve all the original variance while 5 .
carryi ng out avowwslézdear mapping to a reduced-di nension spamn!ﬁbm&u?
obtained in the foregoi ng manner are suitably used for a
variety of tasks, and can even be used as a vi sual

associ ative nenory, suitable for storing simlar descriptions of objects
and” of tigre. histories.of the evol utjon of.object

associ at ed mann&p® f%uaﬁfelfﬂ%nv %ﬁtﬁ’goq’enetm weights are °ft§ ?Pﬂ“é@? |nto
a region of the_nenpry woul d give h| nts as to what other matters one

shoul d be reni nEgeptigns (17) to (19). _ I n varl ance- based
approaches, the objective is to find a reduced- di mensi on
mappi ng of the data, for TheiNIVCapproach istcomputationsllythighly effitientdad the repulting

ret ai ned, and for which the conponents of the data pattern

vectors in the mﬁucefderﬁmem afapoOhaver been shown to be useful i agplicstiont atlciiss Much
as possible. 15 It is seen that this approach

yi el dssresul ts gladifiction Qaﬁﬁ@{zaﬁkfn, tloRitdrid@latd Eptimization. nmap net hod,
in an interesting manner. |t happens that patterns whi ch have SI m | ar

research octane ratings t Y, ns in
66 uiégigﬂ r fiid fighdyVof ﬁ'zﬁt%@

the 2-D I mensi mapprng. ere | t of
ful'e can casi| 56‘%@%?“3&5%% gene”ﬁﬁﬂ}é\}%ﬁaﬂ‘%18°ﬁ9e8}?8%dd C%‘%ﬂl de”ﬁqf e "
map does provi A gy, Ceenweaker fin that 1a Equation (13) alone. bt the afbe has ids otssts.
Given a different set of randomly generated initial weights for the net through a different
10 random number seed, the resulting map for the same input looks quite different and the
distribution of the points on the map is often uneven with strong correlation between the
reduced dimensions. Though it is still possible to gain some qualitative information even
from maps with uneven distribution of points, it is usually necessary to make some trials
to get a map with good distribution of points.
15 A good way to reduce the correlation between the reduced dimensions is
to orthogonalize the outputs of the net during the learning of the mapping. | To achieve
this goal, a natural point to start is to constrain the values of the elements of the
covariance matrix of the outputs of the net. Ifall efildiagonal entries vanish, the outputs
are orthogonal to each other. With all the off-diagonal terms reduced to zero, it is elso
.20 easy to make all the reduced dimensions equally dominant by setting all the elements on

the main diagonal of the covariance matrix to equal values. This forces the covariance

matrix to have equal eigenvalues and the variance of each reduced dimension to be the
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PCT/ US98/ 26477 Appl i cation of the nethod
to conpl ex sensor data indicate once again o " that patterns '
representing MRM¥34nditions are located in clearly self- or'@%‘ﬁg gi ons

of the 2-D maps, distinct fromthe patterns representing "no-fault."
In the cases nentioned, the category or property value nust have been 5
associated strongly with the pattern descriptions. The reduced-di nensi on

nmappi ng same. To Gpregaﬁﬂéeé NMudBbotogidafihfoeihtionss bGRIBR FRAEHE R¥bRHS, eadid
nore easily visualize In yet anot her case, this Sane

approach was appjJ.&d: &f%e%ﬁtpﬁipéoﬂalt?:gxgyﬁ &&Fxgagtttga valiteRifed H;thé LRrage o{ rﬁe {npmany

sense of not havi.ng arse I'n € sen

f eat [
sﬁgsg[eof featur@%?@rﬁl@gﬁglnﬁ‘ﬂ B‘%m%nss ough °nf12‘ft ?hés)%n%ﬁgﬁwm‘rhe

data were for a bodé of cryst al structure parameters for
seni conduct ors aRGE daeft er est i n seeing whether certain regions of
crystal structure "space" was associated with | ow
band- gaps. The reduced 2- Compyediwith gieWNLVC approach, this current gppreachputs amughat
regions mght be fruitful for further exploration.
stronger oonstralnt on the learning procedure. Yet the sacrifice of efficiency is rather
small. For example, when the reduced dimension is 2-D, i.e. K'=2 which is most useful
for visual display, the covariance matrix of the outputs is a 2 x 2 matrix, and there is only
one off-diagonal term which needs to be computed compared with two diagonal terms
10 which have to be computed by both approaches. For each iteration of training, this only.
introduces a roughly 50% overhead in the computing of awj; using EOM compared to
using NLVC. The computation for awy,is the same for both approaches.
Examples of use of EOM with comparisons to that of SOM and NLVC
will now be described with reference to Figs. 15 - 22. For EOM and NLVC, sigmoidal
15 neurons were used in both hidden and output layers. In order to visualize the resulting
maps, the number of output neurons were chosen to be 2. Since for real
multidimensional data, the inherent dimensions may not correspond to any simple
physical quantity, and only the relative positions of the data points are of interest, the
absolute scales of the two reduced dimensions are of no importance. Thus, the outputs

20 were linearly mapped into an image of 512 x 512 pixels and no labeling is done for the

two axes.
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The second aspect of the present invention, Equalized Othogonal 15

Mappi ng-(EOM, will. now be described with reference to Figs. 14 - 22. The
i ntent of . the BOMis to discover and display the -

i nt er - patt er nWa98t€2énshi p bet ween the data ' PRA(USREY/26477 Wit h
t he mappi ng preserving the topology of the data as much as possible.” This
I s achi eved through constraining the values of the elenents of the
covariance matrix of ‘the output during the |earning

process. At the end of thl?:gtf@%g)ﬂigroﬁmng%ﬁ‘ﬁﬁlﬂ%ﬁm%%w%ﬁgﬁ&cfeiﬁﬁegf

of the output is reduced a constant tinmes t

matrix. This . . uarantees that the reduced di nensions are
equal ly i rrportaﬁﬁr%ﬁﬁt%ﬁ%ﬁq‘%rg@%g’%ﬂ%fs. OWh.

-27 - WO 99/ 31624

PCT/ US98/ 26477 : - The EOM approach can be

achieved with a conventi onal z&@frg(eaga 2+x3))cos(21t(x +xs)?f eedf orward net N
wi th one hidden |layer, as shown'im i%..a‘r 143 'Net N shbws’ t he net wor k
structure for equalized orthogonal mapping, which includes an input -l ayer,
hi dden | ayer and output layer. The lines between the nodes
are indicative of "links" between nodes
' (Equation 23)
In Equation (23), the five variables are not all independent but are related in the following
5 manner:
x1 = tl,x2= Ztl - I,X3 = 1 - tl,x4= tz,x5= l - 2t2
where ¢, and ¢, represents the 2 inherent dimensions of the function and are inside the
interval [0, 1]. One hundred data patterns were generated randomly in the given range
and served as the raw data set.

10 Using #,, and £, as the two axes, an analyticall& generated 2-D map is
shown in Fig. 15. The gray level shown inside each label square reflects the z value of
the corresponding pé.ir of (1), ;). The range of the z values of these data points is linearly
mapped to 256 gray levels with white representing minimum and black maximum.

Figs. 16 - 18 show the mapping results of SOM, the NLVC approach and

15 the EOM approach. The four maps are obtained with the same four random number
seeds. For SOM, a 20x20 grid was used and the Gaussian function was used as the

neighborhood (lateral excitation) function. During the learning of the mapping, the

learning-rate factor «(f) linearly decreases from 0.9 to 0 and the width of the
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5 of adjacent |ayers. As noted above, a "hidden |ayer" can be a
non-1i near functional o transformation | ayer, such as
practiced in the functional |ink and radial basis

ar chi t ect ur es.wg ggr31624. ' ‘ Net Nis trai ng@lr,uggsﬁgm he
backpropagation algorithm In the begi nning, t he wei ghts of

the net are generated randomy in the interval [- W W. These weights are
10 adj ust ed iteratively through the | earning process.

Let- {x[err]), p = .o P, be a set of input data pattern_ vectors of
S - nelghhqwlmglkeml o(trﬂieeaalvépqgvé@ﬁpmw&d)éb‘ ofthe Jgngthpf thersidenf theof
these data pattern vectors is gi ven. by:

[err] map to one unit length between grid points.

(Equation 5) 15 where "< >" denotes the average or nean taken

over all of the input datpomv@&mmmeamnberofmddenneumnswaéDs. "BitGhitial
i ndi cated conponent (i.e., <x[err]> denotes the nmean val ue of of x[err]

eval uat ed f t v
x[err] is the |tnﬁtwc°51wgl ; Q%?Em%er r %ntc%efogtt%&rpgﬁ ﬁl&ﬁ&s ¥k 20M maﬁé‘(i!he of a

_Sgts ?f 5dat 2 pat (& Mt Lol 3 was chosen to be 0.1.
Figs. 16A, 16B, 16C and 16D show reduced dimension maps for the
function shown in Equation (23) obtained by SOM, where seed=7; seed=8; seed=4; and
seed=3, respectively. It should be understood that the “seed” is a parameter used for
generating initial reference vectors.

10 Figs. 17A, 17B, 17C and 17D show reduced dimension maps for function
shown in Equation (23) obtained by NLVC approach, where seed=7; seed=8; seed=4; and
seed=3, respectively. It should be understood that the “seed” is a parameter used for
generating initial network weights.

Figs. 18A, 18B, 18C and 18D show reduced dimension maps for function |

15 ‘ shown in Equation (23) obtained by EOM approach, where seed=7 ; seed=8; seed=4; and
seed=3, respectivély. It should be understood that the “seed” is a parameter used for
generating initial network weights,

It should be appreciated that the dark points and light points tend to
separate in the maps obtained by SOM, but they hé.rdly look like the theoretical map and

20 neither do they look alike to each other. Since the data points are restricted to the grid

points on the map, information on the fine relative positions of the data points as shown

on the analytically generated map is lost. Different random number seeds also cause the
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WD 99/ 31624

PCT/ US98/ 26477 - To keep the generality of the
di scussi on, assune there are K di nensi-ons- in the -

r educed- di nenswag,,g]@ﬁr esentation. The covari ance nmatri x of tfﬁ/&%@é&% i's
K

thus a x K matrix. Each elenment of the covariance matrix of
the outputs (i. e., output signals) can be witten as:
[err] 5
(Equati on 6) _ wher e: p=1,2,...,P
derr] is the otesytihg mapstalooktiffetest. Fosvevdri SOV mahps vdualishg veogood abveragy of thé or
the pth input data pattern vector; 10 gerr]
i s the output sipfpateaQfthduh thefishesiitttd tobrill peingUt put | ayer for the pth input
data pattern vector; <(Jerr] >is the average of
Jerr] evaluated over thepgelinndfent &lm{en&:@tiﬂ‘ iR bduf tidps obtained with th tors
<Jerr]>is the average g¥ Cipgr reT‘ eval uated over t 8 set 0 “lunpu? I\g'\z;'?g
_p attern 15 approach sho\@t?x;t%esre is a strong dependency between the choice of the initial weights
5 and the result of the mapping. However, upon close comparison between each of the four
maps and the analytically generated one, it can be seen that despite the apparent
differences of the four maps, they all can be transformed from the analytically generated
map by some combinations of rotation, reflection and compression. That is to say,
although the distribution of the data points as a whole is distorted to different degrees in
10 these maps as compared to the analytically generated one, the relative positions of the
data points seem to be preserved in them. In other words, the topology of the data points
seems to be preserved in these maps in some local manner. However, the diagonal belt
shape of distribution exhibited in the maps of Figs. 17B, 17C, 17D, and to a lesser degree
17A, implies strong correlation between the two reduced dimensions. As a consequence,
15 these maps fail to utilize the full capacity of the reduced dimensions. Though these maps
are topologically correct in terms of the relative positions of the data points, the map of
Fig. 17D is effectively useless and maps of Figs. 17B and 17C may only be used for
some qualitative descriptions of the data points. Only the map of Fig. 17A shows a
relatively good distribution of data points which can be used in quantitative tasks such
20 as optimization. These four maps serve as a good example to illustrate the need for a

better mapping approach which not oﬁly keeps the maj: topologically correct but also -

reduces the randomness of the mapping and fully utilizes the reduced dimensions.
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k[err]':l to K

k[err]=1 to K K
I s the nunber of dinmensions in the reduced-di.nension representation; and
< > denotes the nean eval uated over the set of input data pattern vector.s
for 20 wo sozi&ach i ndi cated conponent. PCT/US98/26477
-29 - WD 99/ 31624
PCT/ US98/ 26477 Due to the symetry of the
covariance matrix, only the ternms i.n the upper triangle of the
matyi X need to be considered. The objective is to mnimze the error E
gi ven by: [err] The four maps obtained with the EOM approach on the other hand show
(Equation 7) 5 where E[err] is given by the foll ow ng dependi ng

on whet her the eherdeble ressmblandelt@eash other and to the analytically generated one. Apart from

10

15

20

rotation, reflection and the difference in scaling which was done automatically to fit the

image, all four maps are essentially identical to the analytically generated one. This

shows the robustness of the EOM approach in handling different initial conditions. One

small detail to note is that the angle of rotation in these maps is either around 45° or 0°.
Since theoretically the distribution of the data points forms é square region, and a square
at those two angles makes the two dimensions equally dominant, this observation is
reassurance that the EOM approach does achieve the goal to make full utilization of the
reduced dimensions.

As for the computational efﬁciency, the case of 7 being used as the
random number seed is used as an example for an empirical comparison. The EOM
approach took less than 6 seconds to converge in 178 iterations. The NLVC approach
took less than 2 seconds to converge in 12 iterations and the SOM approach took 117

seconds for 100 iterations. The efficiency improvement over SOM is significant.

 Although EOM takes longer than an individual NLVC run, it may still end up s a winner

if a satisfactory map is not found in the first few trials of NLVC runs.

There is body of gasoline blending data in thé literature, a subset of which
contains those with all attributes known are given in the table of Fig. 11. This set of data
have been shown to “self-organize” into two almost distinct regions for patterns with
octane ratings higher than 100 and for thosg below 100 upon dimension reduction to 2-D

using both autoassociative approach and the NLVC approach.
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di agonal or not. [err]

(Equation 8) It should be understood that r[err] is a
posi t'i ve constant, which has an effect of increasing the .
speed of trai w(pg,m@ad rferr] is a positive constant which Rasesshiect of
increasing the 10 speed of training. Mreover, it should be
appreciated that by mnimzing the above error : function, the
covariance matrix ofthe output will end up in the desired formof a

const ant times a diagonal matrix, with a constant tinmes the

i dentity matrix being a migsci94al9Dogowarduced dimension maps for the gasoline blending
-30 - WO 99/ 31624
PCT/ US98/ 26477 data shown in the Table of Fig. 11. obtained by SOM, with seed=7; seed=8; seed=4;

and seed=3, re;spectively. Figs. 20A - 20D show reduced dimension maps for gasoline
blending data shown in the table of Fig. 11 obtained by NLVC approach, with seed=7;
5 ' seed=8; seed=4; and seed=3, respectively. Figs. 21A - 21D show reduced dimension
maps for gasoline blending data shown in the table pf Fig. 11 obtained by the EOM
approach, with seed=7; seed=8; seed=4; and seed=3, respectively. Figs. 22A and 22B
shows a reduced dimension map based on the six gasoline blending data patterns of high
octaneratings. Fig. 22A illﬁstrates a map of the six pattemns obtained by EOM approach,
10 while Fig. 22B illustrates model values of this region.

For SOM, a 10 x 10 grid was used and the choice a(?) and o(¢) were same
as above. For NLVC and EOM, the exact same net architectures were used to obtain the
reduced dimension maps. Even the same random number seeds were used. Figs. 19 to
21 show mapping results of SOM, the NLVC approach and the EOM approach. The gray

15 level inside each label square reflects the octane rating of that paitern with lighter ones
gomponding to higher octane ratings. Since there are onlf 26 patterns, pattern numberé-
are also shown.

Once again, the SOM maps show separation of data points based on
octane ratings .to .some degree with the map of Fig. 19A providing the best result. The

20 dependency on initial parameters is égain evident since the maps are quite different.

The NLVC maps again show the belt shape distributions of data points

indicating the presence of correlation. But nevertheless all four maps show reasonable
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The constant, V[err] is targeted to be proportional to the averaged input
variance V[err]. The constant r in Equation (8) is the relaxation factor
which is usually |eSs than unity. It is introduced to speed
up the traini WOM6Mer by reduci ng the out put . PCNOS8A5HE Of
each di mension. Since variance which is nostly conprised of information 5
fromquadratic terns al so resenbles the energy of a system reducing the

vari ance thus correspondi ng to rel axing the energy
reqwrerrent for each d{.ggnsmn pqag reducefé 'SF nunber of
iterations for FOYST3REPT thg map e e make thamdseuly atlpast for gualitative discusions.e By

vari ance al so captures the inter-pattern rel ationship of the

data, by maki nge%an@mv&meeaai@elewls ebthp label squares, it can be seen that alldfowemapsshow
proportional to the input variance, this nmethod seeks to preserve as mnuch

10 r grinzet degree pHseptriation betezn et lightshade paiftsiahd the.darkihadbediesriviat or
I s introduced for normal i zati on purpose so that the error

target specifi ethewhdpl oftRig. ImBq*i&ﬁdiﬁgithe(ﬁesttrb@lthgrees to previous NLVCOesiifd®
I nput vari ance. The expressions for updating

the weg ghts itenighd diffesénCispsbe obtai ned upon t aki ng _
derivatives of the error E Wth respect to them For the weights between

: Eg Ef gdeﬁS( [err]th) | ayer an&&H?E és%&{ed%éé\ﬂ?eéergcm}a%%luf&ee%a%&%?fe%esﬁf 2
I's given by: separatlén ofr hlgh—octane data points and those of low-octane are even more evident on
these maps. However, in maps obtained using both NLVC and EOM approaches, it is
also evident that relative positions of data points in these four maps are not kept the same
10 as in the case of the mathematical example, especially for those points which are close
to each other as shown in the maps, with the EOM maps showing less variation than the
NLVC maps. This however, does not mean that these maps failed to preserve the
topology of the data set, but rather shows that the inherent dimension of the data set is
actually higher than 2. Since it is not possible to show all the topology information in
15 one 2-dimensional map for a data set of higher inherent dimension, different maps just
.repre.sent proj eétions from different “angles™. This is analogous to the blue print of a pért
which needs projections ﬁ'om three sides to show the topology of that part. Though the

projection process is a non-linear one for these dimension reduction rﬁaps.
Since the _mathematical'example demonstrated that the EOM approach
20 essentially maintains map invariability for data with two inherent dimensions, any change
except rotation and reflection in maps obtained from different initial weights is an

indication that the inherent dimension of the data set is higher than then the dimension
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(Equation 9)
WD 99/ 31624
where [err]

-31 -

PCT/ US98/ 26477

is the contribution fromthe diagonal term [err] is the -
contribution fwoss/3tbes of f-di agonal terns..in kth rroyeseshzdser ]

i's

the contribution fromthe off-diagonal terns In kth colum. The
expressions of these three terns are as foll ows: [err] [err]

10

15

20

of the map. However, even with some changes evident, it does not necessarily render the
resulting maps useless if these variations are not completely dominant. Much
information can still be gathered sinice the different inherent dimensions of the data set
may not be of ;aqua] importance. This is exactly the case for the gasoline blending data.
Comparing the four maps obtained by the EOM approach, it can be seen that Patterns 2,
3, 13, 14, 16 and 22 which are of high octane ratings form a distinct group in all four
maps. Furthermore, all the above patterns excc;pt Pattern 13 show up at least once on the
edge of a map. This may indicate that Pattern 13, which gives the highest octane rating
so far, is surrounded by the five high octane patterns, and that blends with even higher
octane ratings might be found in this region. This is less evident on NLVC maps due to
distortions from initial network parameters.

These six patterns were isolated from the rest of the set and an EOM map
was generated for them. This is shown in Fig. 22A. Due to independent mappings of
intensity to octane ranges, the exact shades of the six patterns are different from those in
Fig. 21.. The map indeed shows thét Pattern 13 is surrounded by the other five patterns.

A model of 2-dimensional function was lémned using the random vecfbr
version of the functional-link net. This model was used to predict the octane ratings. in
the region shown in Fig. 22A. The result is given in Fig. 22B. This figure shows that a

point of even higher octane rating is located at:
d, =85.51,d,=173.5.
The corresponding expected octane rating is:

z=1024.
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(Equation 12)

contribution to the error E by the outputs of the
the output layer, for the pth input data pattern vector, and [err], [err],
and ' wopwsied4 are conponents of [err] [err] [err] anpctresdskedry or

where [err] is a value proportional to the

si gnoi dal functions) are given by:

.32 -
PCT/ US98/ 26477

10

15

WO 99/ 31624
[err]

The (d, d,) value can be mapped back into the original 5-D space with another

random vector functional-link net. The results are:

%= 0.226, x,= 0.096, x, = 0.058, x, = 0.022, x, = 0.599.

It should be noted that due to the limited number of patterns available in constructing the
network models, the above results should be considered more in terms of providing
guidance in future formulations than that of giving accurate prediction.

The present invention provides a new and unique approach to obtain
topologically correct reduced dimension maps which can help visualize multidimensional
data patterns. This approach is demonstfated to be able to reduce the randomness in the
resulting maps due to the difference in the choice of initial network weights as is evident
in other approaches of similar purposes. In addition, this approach can easily show
whether the original data set can be described satisfactorily using the reduced dimension
map by choosing different initial weights. The rﬁaps obtained by this approach fully
utilize the map area and can be used to substitute maps obtained using other approaches
of similar purposes in various applications.

The invention has been described with reference to the preferred
embodiment. Obviously, modifications and alterations will océur to others upon a
reading and understanding of this specification. It is intended to include all such
modifications and alterations insofar as they come within fhe scope of the appended

claims or the equivalents thereof.
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(Equation 13) _

(Equation 14) where Qerr] is the output
signal fromthe kth node in the outp pth input 5

data pattern vesdopiee<d err]>is the HJE ﬁﬂl IMJ | eval yirRbodPéss7 t he
set of input data patter err] I's the output
signal formthe ith node in the |ayer preceeding the

Having thus described the invention, it is now claimed:

1. A systém for organizing multi-dimensional pattern data into a
reduced-dimension representation comprising:
é neural network comprised of a plurality of layers of nodes, the
plurality of layers including:
an input layer comprised of a plurality of input nodes,
a hidden layer, and
an output layer comprised of a plurality of non-linear
output nodes, wherein the number of non-linear output nodes is less than the number
of input nodes;
receiving means for receiving multi-diménsional pattern data into
the input layer of the neural network;
output means for generating an output signal for each of the
output nodes of the output layer of the neural network corresponding to received
N _mﬂti—dhemionﬂ pattern data; and | |
training means for completing a training of the neural network,.
wherein the training means includes means for equalizing and orthogonalizing the
output signals of the output nodes by reducing a covariance matrix of the output signals

to the form of 2 diagonal matrix.
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output layer for the pth'i nput data pattern vector

- 33 - _ WO 99/ 31624 _ ,
R s o AN o o

then be rewitten in the nore famliar generallzed delta rule form
[err]

2. A system according to claim 1, wherein said training means uses
backpropagation to iteratively update weights for the links between nodes of adjacent

layers.

3. A system accdrding to claim 2, wherein said weights are

generated randomly in the interval (W . ~W).

4, A system according to claim 3, wherein averaged variance of all

dimensions of the multi-dimensional pattern data is:

s P

1
n"sp s X oY

,and the elements of the covariance matrix of the output signals of the output nodes are

defined by:

v

1

out.klkz—; =1 e <01, >N0, =<0, >)

,where p=1,2,....P;

Op is the output signal of the k,th node of the output layer for the pth input

data pattern vector;

O is the output signal of the k;th node of the output layer for the pth input

data pattern vector;
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Furt her backpropagatlon of error to the weights between the jth and ith

| ayer remai ns the sane as—+a—a—conventional net, t he expEEsm ;)ns
[err] - quati orr
R RS 1T T————

PCT/ US98/ 26477
(Equation 19)

<0,> is the average of © ke evaluated over the set of input data pattern
vectors
<0,> is the average of O, - evaluated over the set of input data pattern

. vectors
k=1t0K;
k=1t0K;
K is the number of dimensions in the reduced-dimension representation; and

< > 'denotes the mean evaluated over the set of input data pattern vectors for

each indicated component.

5. A system according to claim 4, wherein weights Aw,; between
the hidden layer and the output layer are iteratively updated according to the

expression:

Aw. = -n22. = L
kf Tlawkj En kp Jp \
k-1 E
= -1 aw Z Yy =
¥ ke awkj e Owy,

= Awy, * Awkf.z + Bwy,

» Where 7 is a constant of suitable value chosen to provide efficient convergence but

to avoid oscillation:
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The EOM approach is evolved fromthe NLVC mapping-approach. In

NLVC mappi ng, the objective of l|earnin ve the total variance
in the description of da ﬂ E“‘g“@i E‘L t he wei ghts. of the
net are | ear neyb swmbedt hat t he et ween t FCT/US9B/24477

vari ance of the outputs and the tot aI variance of the I nput s IS
within a certain prescribed limt, that is, the error function for NLVC is
si nmpl y: [err]

(Equati on 20) ) wher e :
(Equation 21) 10 Op is thg Qs 8 f'i°n g‘ﬁr\@ ngg E{qﬁ‘ﬁt‘ﬁ‘yﬁﬁ pf%?eddgsmﬁé’“{pﬂé
exact the same net structure and backpropagati on | earni ng

al gorithm the loyeraiuetethe pty inputidgtapattery vsstor; [ err]

(Equation 22)

E is the error given by:

K K
E=) Y E
Kk,
k=1 k=k,
and,
2
- Voutir T in
kk,
rkain

,where k, =k, = k; k = 1,...,K; and 1, is a positive constant which has an effect 6f

increasing the speed of training,

Vout,kllc2

kik, in
1
r
kk,

;where k,>k;; k;=1,.... X-1; ky=k,+1,....K; and Tes, is a positive constant which

has an effect of increasing the speed of training; and
8ip = 81 + Oz + g3 ,Where Jy, is a value proportional to the contribution
to the error E by the outputs of the kth node of the output layer, fbr the pth input data

pattern vector, and 8, ,8y;, , and 8, ; are components of &, .
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PCT/ US98/ 26477 i teratl vel y updating the
network wei ghts are of the same | i& EEI Equations (17) .to
(19). WO 9931624 roach i's coppisaidepnal |y
highly efficient and the resultlng reduced- di nensi on maps

have been shown to be useful in applications such as 5

classification, categorization, nonitoring and optim zati on.

One reason for the high efficiency of the NLVC approach is that the

vari ance conservation cofist r af\§yst¢ms agcarding toclsiis &, wheseided, the constraint

given in Equation (22) is even weaker than that in Equation
(13) alone. But this also has side effects. G ven a
different set of randomy ge erat ed |§'kkal WEEEht for the net through a
different 10 TTuT e8d o S ping map for the
sanme input |ooks quite dlfferent and di stribution of
the points on the map is often uneven mnth strong correl ati on between the
reduced di mensions. Though it is still possible to gain sone qualitative

i nformation even frommaps with uneven distribution of

points, it is usually necessary to make sone trials

P

-y
-2 M
..k+] Pp:l
k-1 OE P
k& 1
Aw .= - L =
k.3 nk,Z: awkj PE n kp,3 " jp

where awy, is the contribution from the diagonal terms of the covariance matrix of the
outputs, |

Awy;, is the contribution from the off-diagonal terms in kth row,

awy,; is the contribution from the off-diagonal terms in kth column, and

Oj, is the ouput signal from the jth node in the léyer preceeding the output layer

for the pth input data pattern vector.

7. .A system according to claim 6, wherein: |
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to get a map with good distributio ' '
A good way to reduce the correlati Bm m%mw duced di nensions is
to orthogonalize the outputs of thes MU's | ear ni ng of t he: mappi ng.

To achi eve WO 99/31624 this goal, a natural point to  stardT/USstss77
constrain the values of the elenents of the covari ance
matrix of the outputs of the net. If all off-diagonal entries vanish, the
out put s are orthogonal to each other. Wth all the

of f:di agonal terns reduced to zero,dit is also 20 easy to nake
all " the reduced di nensigpns aq y i 172 ssef)i hl-ha el enments on
the mai n di agonal of thaél"éova‘rvi Kﬂ‘ék*g?f’%;ﬂf?’équg@?/gfgés.@ is forces the
covari ance matri x to have equal eigenvalues and the

vari ance of each reduced di mension to be the

- 36 - WD 99/ 31624

PCT/ US98/ 26477 sane. To preserve as nuch topol ogi cal

i nformation as possi bl e during,the mappi ng, each el enent of
the mai n diagonal can be assigpedkto a value relatedjto the average of the
i nput var i arces|f al ¥ t he(«on—-@1 B3I gns-@hnough a-

rel axation factor. Thi%""i.‘s e?a tk_l_ +Mhaf"”kk2( * k f"ge I? appr oach

does. 5 Conpared with the”NLVC approach, this
current approach puts a much stronger constraint on the

| ear ni ng procedure. Yet the sacrifice of efficiency is rather
I

b

~1

8,,=2|2 7

kp,3 aut,klk(<0k> -0 kp) o Icp( 1-0 kp)

L
-
n
—

, Where
Oy, is the output signal from the kth node in the output layer for the pth input
data pattern vector, and

<O, is the average of Oy, evaluated over the set of input data pattern vectors.

8. A system according to claim 5, wherein backpropogation of error
to the weights Aw;; between the jth node in a layer of nodes and the ith node in its’

preceeding layer:
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smal | . For exanple, when the reduced dinension is 2-D, i.e. K= 2 which is

nost usef ul for visual display, the covariance matrix of
the outputs is a 2 x 2 matrix, and there is only : ' one _
of f - di agonal wermamwhs ch needs to be conputed conpared w th penusksagsmal
terms 10 whi ch have to be conputed by both approaches. For
each iteration of training, this only i ntroduces a roughly

50% overhead in the computing of [err] using EOM conpared to
using NLVC. The conputation for [err] is the sane for both approaches.
Exanpl es of use of EOM wi th conparisons, to that of SOM and NLVC

w Il now be described with referﬁpc-g Ezl___g_é_g.f}& 2. For EOM and NLVC,
si'gnoi dal 15 . neur ons” ik sedPi < DO ihi dden and out put '

| ayers. In order to visualize the resulti¥ing p=l maps, the

nunber of output. neurons were chosen to be 2. Since for real

mul tidi mensi onal data, the inherent dinensions may not correspond to any
sinmpl e ) physical quantity, and only the relative positions
of the data points are of interest, the absol ute scal es of
the two reduced,gh.rnsd Qos wee of no inportance. Thus, the outputs 20 '
were |inearly mapped?into an i mage of 512 x 512 pixels and no labeling is
done for the two axes.

- 37 - K
6fp= § 6kpwki Oi.v(l ~0fp) :

9. A me;thod for effecting the organization of multi-dimensional
pattern data into a reduced dimensional representation using a neural network having
an input layer comprised of a plurality of input nodes, a hidden layer, and an output
layer comprised of a plurality of non-linear output nodes, wherein the number of non-
linear. output nodes is less than the number of input nodes, said method comprising:

receiving multidhemioﬁl pattern data into the input layer of
the neural network;

generating an output signal for each of the ouput nodes of the
neural network corresponding to received multi-dimensional pattern data; and

training thé neural network by equalizing and orthogonalizing the
output signals of the output nodes by reducing a c_ovariance matrix of the output signals

to the form of a diagonal matrix.
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WO 99/ 31624 | PCT/ US98/ 6477
The following sinple 5-D functi i mensi ons i-s used as

a first test smcethetheoretlcal [err]
(Equati on 23) w0 99/31624 In Eq H ﬂﬂmuﬂ | ve vari abtassm&vmot

al . i ndependent but are related in manner :
[err] where t[err] and t[err] represents the 2 inherent
di mrensions of the function and are inside the interval [O,

1] .~ One hundred data pattegtns r ener at ed random t ven range
and served as the raw dat 6setx\e according to cfaim 3, “)Lercm S%EF‘%E} f raining” and

t2 as the two axes, an analytically generated 2-D S

shown in Fig. 150clades baslgpyonagation tetitsiivelysyndate é’é’é&htq élnkg detireen mofl¢sceft s
the z val ue of the corresponding pair of (t[err], t[err]).
The range of theadjacenillayess. of these data points is linearly

mapped to 256 gray levels with white representing m ni num and b| ack

maxi num Figs. 16 - 18 show the mapping results
of SOM the NLVC approach and 15 t he EOM approach. The four maps

are obtained with the sangfoug héRstodeddtiiPlo claim 10, wherein said weights are

generated randomly in the interval (W, -W).

12. A method according to claim 11, wherein averaged variance of

all dimensions of the multi-dimensional pattern data is:

1 s P
r'n —_E Z (xip-“<xi>)2

SP =1 p=1

,and the elements of the covariance matrix of the output signals of the output nodes is:

otk k, P,‘,}'—\T (0, —<0 >)(0 -<0 >)

swhere p=1,2,...,P;

o,, is the output signal of the k;th node of the output layer for the pth input

data pattern vector;

Oy is the output signal of the k,th node of the output layer for the pth input

data pattern vector;
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seeds. For SOM a 20x20 grid was used and the ian function was used as

t he nei_ghbor hood (: al excitaty function. During the

| earni ng of the mapping, the m“m‘“ﬂ‘ mﬂnW-rat e factor [err] .
l'inearly decr eaze®iéz4om 0.9 to O am O =L he - PCT/US98/26477

-38 - WO 99/31624* ¢ * |

PCT/ US98/ 26477 nei ghbor hood kernel [err] linearly
decreases fromone half of the length of the side of the map
to one unit lLength between grid points. For

NLVC and EOM the nunder . of g fdfge 8L Ubf’nse\)éﬁﬁteé Bver thEset Btgfggi dalt—ao?anﬁa\/l

net work wei ght paranetéPs are identical™or these two net

maps, the 5  vectors rel axation factor r was chosen to be 0. 1.
Figs. 16A, 16B, 16C and 16D show reduced di nension maps for the

function shown in Equi,dnistheRversse af n@g, bsraliased oyprdhese ofbinput dasapatteny

seed=4; and seed=3, respectively. It should be understood

that the "seed"V¥¥rH paraneter used for ' generating initial

reference vectors. 10 Figs. 17A, 17B, 17C and

17D show reduced di rerditoK maps for function shown in

Equati on (23) obtai ned byNLVC approach, where seed=7; seed=8; seed=4; and
k2=1t0K;

K is the number of dimensions in the reduced-dimension representation; and
< > denotes the mean evaluated over the set of input data pattern vectors for

each indicated component.

13. A method according to claim 12, wherein weights Aw,; between

the

hidden layer and the output layer are iteratively updated according to the expression:

O 1v
Aw, = - = 1Y n5. 0
v = M, P2 0,
\
= -n| OE 4 . i aEkkz . &1 aEk,k

= Aw,y.1 + Aw,q.’2 + Aw

, Where 1) is a constant of suitable value chosen to provide efficient convergence but

to avoid oscillation;
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seed=3, respectively. It should at the "seed" is a

paraneter used for - ’r i jnitial network weights.
Figs. "18A, 18B, 18C and 18D show ’mmﬂm!”j@gj”mhmps for function. 15

shown i n Equawioon/3(28) obt ai ned by* EGM app er e seedPET/USE¥2647;

seed=4; and : seed=3, respectively. It should be understood
that the "seed" is a paraneter used for generating initial
net wor k wei ght s. ' It shoul d be appreciated
that the dark points and |ight points tend t . . Separate in
thé maps obtai ned by sstfe Bﬂ?“&ﬁ@?%&?‘&ﬁ@%&%"ﬂ%‘& lz{yﬁxép{eﬁ%eg}n&tﬁggvtpwap and
20 neither do they | ook alike to each other. Since the data
points are restlpyes due tosha pib infput data pattern vector, poi nts on the map,

information on the fine relative positions of the data points as shown
on the anal ytical | y Eysnbs exagiveapyt s | ost. Different random nunber seeds

al so cause the -39
- WO 99/ 31624 -

PCT/ US98/ 26477 resglg rirra s to ook different.

However, SOM maps usually give good Esw;a & kL he map -

area although that is restricted to grkalpgpiknts.

and,
2
Vaut,kk rkain
E = .
kiky r.V
kk™ in

,where k; =k, =k; k = 1,..,K; and r is a positive constant which has an effect of
increasing the speed of training,

Vout,klkz v

in

E =
kik,
' Tht,

,where k,>k;; k;=1,...,.K-1; k=k,+1,....K; and ek, is a positive constant which

has an effect of increasing the speed of training; and
Bp = Oipy + Bypz + 83 ,Where §y, is a value proportional to the contribution
to the error E by the outputs of the kth node of the output layer, for the pth input data

pattern vector, and 8y, ,8y, , and 3y, ; are components of 5y,
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The apparent differences in the four maps obtained with the NLVC

approach show that there is a strong dependency between the choice of the

initial weights 5 andlunmmﬂﬂl"“ "'II “1“ mappi ng. However, upon
cl ose conpari swwdméMeen each of t MRET/URbgh e
anal ytically generated one, it can e $eeh that®deSpite the apparent

differences of the four maps, they all can be transfornmed fromthe

anal ytically generated map by sone conbi nati ons of

rotation, reflection and conpression. That is to say,

al t hough the distribution of the data points as a whole is distorted to
different degrees in 10 t hese maps as conpared to the

anal ytically generated one, the relative positions of the

data points seemto be preserved in them In other words, the topol ogy of
the data points 14, RGNS in. these maps in sone
| ocal manner. However, the di agénal be%cgorgﬁg%aﬁﬁ{ﬁ?q’heﬁmﬂape of
distribution exhibited in the maps of Figs. 17B, 17C, 17D, and to a | esser
degree 17A, inplies str%correlmti on between the two
reduced di nensions. As a consedygnce,—nlh®™ - 1 ﬁaesqymaps fail to
utilize the full capacity of the ¥ddu Q@Mdi_mengi nfs.! #hlough t hese maps

are topologically correct in terns of the ¥el atifde positions of the data
points, the map of Fig. 17D is effectively usel ess and maps
of Figs. 17B and 17C may only be used for some qualitative
descriptions of the data points. Only the map of Fig. 17A shows a
relatively good distribution of data points which can be used in

guantitative tasks such 20 optim zation. These four naps
serve as a good exanple to illustrateXih Enedfqr o better
mappi ng approach whi ch not Ao}’lg-’y=ke'e‘ps he—n& £0p0 ogiléal loy correct but

al so reduces the ra m Pf tlz?epgiapp’f"r?g JBnd fully
utilizes the reduced di nensions. d

k-1 OF P

AW 2= T kit = l 6 ()
k.3 ,2 ow P, M kp3 ™ jp

1 &

where awy, is the contribution from the diagonal term,
AWy, is the contribution from the off-diagonal terms in kth row, and

awy;, is the contribution from the off-diagonal terms in 4th column.

15. A method according to claim 14, wherein Oty Sippand 8,5 are

given by:



-40 - | WO 99/ 31624

TEEEL e e ed I B
resenbl ance tWOABK26t her and to the dnal'ytPcafl y* gener at ed F&A8S9ATR from

rotation, reflection and the difference in scaling which was done
autorraticallytofit t he i mge, all four naps are
essentially identical to the analytically generated one. This 5

shows the robustness Ofﬁt he EOM approach in handling different initial -
conditions. One = 4(B P IKO,o+0t 90 s(1 k@, Yhe angl e of
rotation in these naps i & |the(r u%ﬂg[(err orR’g[eﬁ?’( .kb

Since theoretically the di strlbutlon of the data points forms a square
regi on, and a square at those two angl es nmakes the two

di mensi ons equal ly dom nant, this observation is

reassurance that the EOM approach does achieve the goal to make full

utilization of the 10 reduced di mensi

As for the conputational effl CI y, the case of 7 . el ng used as the
random nunber seed is uﬁg 917] (<0, arCppi O, gl Eyparison. The
EOM appropach e +1I ess 1 é secgn S o conGerge in 178

iterations. The NLVC approach took 1ess than 2 seconds to
converge in 12 iterations and the SOM approach took 117 15

seconds for 100 iterations. The efficiency inprovenent over SOMis
significant. ' '

k-1
2372 Do Vg0 =0,)[0,,(1-0,)
k=1

, where
O,, isthe output signal from the kth node in the layer preceeding the output layer
for the pth input data pattern vector, and

<0,,> is the average of Oy, evaluated over the set of input data pattern vectors.
16. A method according to claim 13, wherein backpropogation of

error to the weights Aw;; between the jth node in a layer of nodes and the ith node in

its’ preceeding layer are:
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Al t hough EOM takes | onger than an L ndi VI dual NLVC run it my still end up
as a W nner actory map is not found in the first

- i f
few trials of NLVC runs. ]Tull J,lllllulljll JJJ;", There is body of
gasol i ne bl endvogsrxistaa in the |it 'of whi ch PCTMUS98/26477
contains those with all attributes known are gl ven |n the table of Fig. 11.

This set of data 20 have been shown to "sel f-organize" into
two al nost distinct regions for patterns with oct ane
ratings higher than 100 and for those bel ow 100 upon di nension reduction to
2-D : usi ng both aut oassgg at'ive approach and the NLVC

appr oach. Aw =1 =—>Y 1nd.x -41 -
WD 99/ 31624 7 ow - ip”ip

PCT/ US98/ 26477 it T P7Figs. 19A - 19D show reduced
di rensi on maps for the gasoline bl ending data shown in the

Table of Fig. 11. obtained by SOM w th seed=7; seed=8; seed=4;
and seed=3, respectively. Figs. 20A - 20D show reduced di nensi on maps for

gasol i ne bl endi ng data shown in the table of Fig. 11 :
obt ai ned by NLVG, rg. 31&% h seed=7; 5 seed=8; seed=4; and
seed=3, respectively IE{I; ¥ 21A - 21D show reduced di nensi on

maps for gasoline blending data shown in the table of Fig. 11 obtained by
t he EOM approach, {wkth seed=7; seed=8; seed=4; and seed=3,

respectively. Figs. 22A and 22§j1J= Z 5kpwkj Oj:p(l _ij)
k=1

17. A system for organizing multi-dimensional pattern data into a
reduced dimensional nepresentation comprising:
a neural network comprised of a plurality of layers of nodes, the
plurality of layers including: |
an input layer comprised of a plurality of input nodes, and
an output layer comprised of a pluraiity of non-linear
output nodes, wherein the number of non-linear output nodes is less than the number
of input nodes;
receiving means for receiving multi-dimensional pattern data into
the input layer of the neural network;
output means for generating an output signal at the output layer

of the neural network corresponding to received multi-dimensional pattern data; and
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shows a reduced di mensi on map base mr ne bl endi ng data |
patterns of high O\}‘“M‘ ﬁ"“‘g“ﬂﬂ 22A illustrates a map

of the six patterns obtai ned by EOM appf oach while Fig.-
22B il lustrat &0 ¥W5de¥4 val ues of this region. PCT/US98/26477
ForSOM a 10 x 10 grid was used and the choice [err] and [err] were sane
as above. For NLVC and EOM the exact same net architectures were used to
obtain the reduced di nensi on nmaps. Even the sanme random

nunber seeds were used. Figs. %m a%)ﬁr:%m lﬁungﬁ]trargﬂlé P&fg:”&%l)n&%or esults

of SOM the NLVC approach and e gr ’I evel
i nsi de each | abe cilu%re refl ects the octane ratrlrr}%r g%tern W th

|ighter ones  Wherein the wraining means COBGHES A JRERSIIR0F tofﬂ:f’%ﬁ?é’c gt e QUPUE; e
there are only 26 patter ns, pattern nunbers are al so shown.

Once agai n, t hen®iehd wheseindhesatal wsianes ofshe otpuaodesipefinedgsised on

oct ane rati ngs to sone degree with the map of Fig. 19A providing the best
result. The 20 ' dependency on initial parameters is again
evident since the maps are quite different. :

The NLVC maps again show the belt shape distributions of data points

i ndicating the presence of correlation, -Pytg neverthel ess all four maps show

reasonabl e 42 -
WO 99/ 31624 V=(1/P) E(x,-,,-<x,- )
PCT/ US98/ 26477 p=1 i=l

,where {x,; }is a set of data pattern vectors;
p=12,....P; |
P is defined as a positive integer;
<x;> denotes the mean value of of x,, evaluated over the set of data
pattern vectors;
S is the number of dimensions;
g,, is the ith c’ompohent of x,, the pth member of a set of data pattern

vectors.

18. A system according to claim 17, wherein said training means
completes the training of the neural network via backpropagation for progressively

changing weights for the output nodes.
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coverage of the map area to make them useful, at least for qualitative

di scussi ons. By . T examni el s of the | abel
squares, it can be seen that all four | ' sonme degree
of separationvaeswsens the |ight- shadjlﬁﬁﬂi“ﬂmmﬂal\mr K- s hetRsogegr i t h
the map of Fig. 20B providing the best} LL.wlNss agrees to previous NLVC
results 5 using different nmaps.

The EOM naps as expected show better coverage of the map area. The
separation of high-octane, dat oints and those of |ow octane are even nore
evi dent on 19.th EYSFF&})?@%R? aimy; 13, whersinwichirpiaingumeany bot h
NLVC and EOM approaches, it is al so evident that relative
posi tions of dafuthspinsludes.n t hese four maps are not kept the sane 10

as in the case of the mathemati cal exanple, especially for those points

whi ch are cl ose t omeamsh €drhetraiamgs hthen neordl henet®@ik, Byt h
the EOM maps show ng | ess variation than the NLVC maps.

Thi s however, does not mean t ibaékprdpagaioNBySprogredsedly Rakdims WeiBistWiCat the

t opol ogy of the data set, but rather shows that the inherent di mehsion of
the data set is outpBfiatid!of Yne HeGRiE M‘?@n ' kf 1s not
possible to show all the topol o&ﬁ/ i%bf:l‘ornae{}lleon ??1 %ccoﬁiaﬂ&?whﬁ, one

2-di mensional map for a data set of higher inherent dinension, different
maps j ust represent projections fromdifferent "angles".
This is anal ogous to the blue print ofp=® part =p whi ch needs
projections fromthree sides Afp qnwpyNe Agpol g L@ @art. Though the
proj ection process is a non-1Ii né’?r( one For tﬂfesgwgi[) = gi Gh@Pfeducti on naps.
Since the mathematical exanpl e denonsttated that th& EOM approach 20
essentially maintains map invariability for data with two inherent

di nensi ons, any change

» where O is th;: output signal from the jth node in the layer preceeding the output
layer due to the pth data pattern,

7 is a constant of suitable value chosen to provide efficient convergence but to

avoid oscillation, and
8y is a value proportional to the contribution to the error E by the outputs of

the kth node of the output layer for the pth input data pattern.

20. A system according to claim 19, wherein:

8,=V-(IP)Y. 3 (0,,~<0,>*(0,,-<0 )0 (1-0,)
g n .
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except rotatlon and reflection in maps obtained fron1d|fferent initial
wei ghts is an i ndi c ent dlnen5|on of the
data set is higher than then the dlne

-43 - _woonied WO 99/31624 umlmuclwuml " lm PCT/US98/26477
PCT/ US98/ 26477 : of the en with sone changes

evident, it does not necessarily render the resul ti ng maps
useless if these variations are not conpletely dom nant. Mich

information can still be gat her ed since the different inherent dinensions
of the data set 21. A siisienmagcorsingoio clam i, whersin seitk neuraiirietwark
exactly the case for the gasoline bl ending data. 5 Conpari ng
the four maps obirtienedmpsises hae 1EaSIVbaep pidderc hayei comprised of ixiden tdodes, Relisreinns 2,
3, 13, 14, 16 and 22 which are of high octane ratings forma distinct group
inall four adaptive weights WiP{o® eadhlliifdear 1GAE 65 p:agiessm@ il Peddint de@drdgnce x cept
Pattern 13 show up at | east ‘once on the edge of a map. This
may indicate thggqPattern 13, which gives the highest octane rating

so far, is surrounded by the five high octane patterns, and that blends

wi th even higher 10 octane ratings mght be found in this
region. This is |less evident on NLVC ma%% due {9=P di stortions
frominitial network paranetefsy . = -fj— = nﬁo_ These si x

- patterns were isolated fromthe fest o ay*ghe sep Zh Eov map

, Where O,; is the output signal for the ith node of the layer preceeding the jth layer of

the pth input data pattern.

22. A system according to claim 21, wherein:

2 Wy | Op(1=0,)

k=1

23. A method fqr effecting the organization of muiti-dimensional
pattern data into a reduced dimensional representation using a neural network having
an_input layer comprised of a plurality of input nodes, and an output layer comprised
of a plurality of non-linear output nodes, wherein the number of non-linear output

nodes are less than the number of input nodes, said method comprising:
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was generated-for them This is shown in Fig. 22A. Due to independent

mappi ngs of i i nt ensi ty tooctane—+anges, the exact shades of

the six patterns are different fromtm [ : Fig. 21. The

map i ndeed shqygoddigdy Pattern 13 is s m’mmue ﬂ.l!}”uﬂ,}ot her gdgsoRadedEr NS.
d e

A nodel of 2-dinensional function was keafne random vect or
version of the functional-link net. This nbdel was used to predict the
octane ratings in the region shown in Fig. 22A. The result
is given in Fig. 22B. This figure shows that a poi nt of even
hi gher octane rating is | ocat d6ceting a sqtdxy}jof data pattern vectors intpithe input layer
correspondi ng expected octane rating is:

Z= 102. 4. of the neural network, wherein p=1,2,...,P and wherein P is defined as-adgbsitive

WD 99/ 31624

PCT/ US98/ 26477 integer, and wherein the set of data phliérn (vé{t6rsihhs a et vadidncé Abf@dGan be
mapped back into the original 5-D space w th anot her random

vector functional-link net. The results are: [err] I t
shoul d be noted that due to the limted nunber of patterns available in

constructing the :
p=P i=S

V=(P)Y, Y (x,<xp)
p=l i=l

,where {x; } is a set of data pattern vectors;
p=1,2,...,P;
P is defined as a positive integer;
<x;> denotes the mean value of of x;, evaluated over the s-et of data pattern
vectors;
S is the number of dimensions;

X;, is the ith component of x,, the pth member of a set of data pattern vectors;
training the neural network by backpropagation; and

displaying a multi-dimensional output signal from the output

layer of the neural network.
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5 net wor k nodel s, thejhnve results should be considered nore in
terms of providing in future fornul ati ons than that
of giving accurate prediction. lﬂ‘ Eul"" l“ll’ The present -

i nventi on prowa®si&dnew and uni qu ain PCT/US98/26477

t opol ogi cal |y correct reduced dlnen5|on maps mhlch can hel p visualize

mul ti di mensi onal data patterns. This approach is
denonstrated to be able to reduce the randommess in the 10
resul ting maps due to th dlffer C wor .k
wei'ghts as is evident . %{ﬁ%&aw; 'gﬁmrémhﬁra‘;(f)ac }eegH §o @‘l’teﬂ]nﬁttg}mmg
purposes.- 1n addition, thi roach can,e

the ori gi nal dathg newal mo@@yﬁ’gg@pquwogg{ @F%\%PQFFSI‘VIVL@%% W@@@(Y&t@d
di mensi on by choosing different initial weights. The
maps obt ai ned b;hqmtwm@pmnqumlmytworkmaccordance withyt j | i ze the map area
and can be used to substitute maps obtai ned using other approaches 15
of simlar purposes in various applications.

The invention has been described with ference to thlg; pref erred

enbodi nent. Cbvi ously, nodi f| at| ons | terati i:\n gccur to others
upon a r eadi n a’g (bfPri é,p f| cation. It
is intended to include all such m)dl fe=tat i ons and
alterations insofar as they cone wthi n the scope of the appended

clains or the equival ents thereof.

-45 -
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her

, where 0,,,-' is the output signal from the jth node in the layer preceeding the output
layer due to the pth data pattern, and

7} is a constant of suitable valure chosen to provide efficient convergence but
to avoid oscillation.

8, is a value proportional to the contribution to the error E'by the outputs of

the kth node of the output layer for the pth input data pattern. .

25. A system according to claim 24, wherein:

8,,=lV-(1/PY_ 3 (0,, <0 >(0,,~<0,>)0,(1-0,)
q n

26. A method according to claim 23, wherein said neural network

further comprises at least one hidden layer comprised of hidden nodes, wherein

-63 -



WO 99/ 31624 HaV| ng thus described the invention, it is

now cl ai ned: ; rgani zi ng
mul ti-di mensional pattern data | nt (m E Hﬂ Eﬂﬂim&nm on representatian
conprising: wo99/31624 conpri se¢rafseghearr

plurality of layers of nodes, the plurality of | ayer s incl uding:
an input layer conprised of a plurality of input nodes,
a hidden | ayer, and an out put |ayer conprised
of a plurality of non-linear out put nodes, wherein the nunber of
non- | inear out pafaptiygeeights wels e@%ﬁd@%nmnﬁewhe neuig} netwotk isnprdgesssively
recei ving nmeans for receiving nulti-dinensional pattern data into t he
i nput | ayer of imprometinzccorddnaowith, . out put means for
generating an output signal for each of the out put nodes of the output
| ayer of the neural network corresponding to received mul ti - di mensi onal
pattern data; and
E _ 1 X
Awy = -N— = = n i

» where O, is the output signal for the ith node of the layer preceeding the jth layer of

the pth input data pattern.

27. A method according to claim 26, wherein

E pi¥ iy ij(l ~0y)

28. A method according to claim 23, wherein said multi-dimensional

output signal is a two-dimensional output signal.

29. A method according to claim 23, wherein said two-dimensional

output signal includes data points plotting in relation to 2-dimensional axes.



training neans for conpleting a training of the neural network, wherein
the training nmeans includes neans for equalizing and orthogonalizing the
out put signals of the output nodes by reducing a covariance matri x of _the”

out put si gnal W09931624 he form of a diagonal matri X. PCT/US98/26477

- 46 - WD 99/ 31624 1/27

PCT/ US98/ 26477 2. A sy m according to claim1l, wherein
said traini ng neans uses Na} kdﬁb agat i oyt ggeﬁtively updat exwei ght s
for “the |inks between nodes a%adtg:ent ga T 3. A
system according to cIain12,EM§ere|n sai d_wei ghtt s—=a¥e generated randomy

in the interval (W -W. e
3, wherein averaged vari ance of

Q
2}
\ .

stem according tto claim

2 OUTPUTS
NET
S INPUTS

(b)

2-INTERNAL NODES

) @

S OUTPUTS

NET
NET
5 INPUTS

(o)

(a)

QUTPUT
LAYER
INTERNAL
LAYER

40~
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Q
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di mensi ons of the multi-di mensional pattern data is: [err] ,and the
el ements of the covariance matrix of the output signals of the out put nodes -

are . defined by: [err] , Where p=1, 2, , P; [err]

i s the out putweisgnsd4 of the k[err]th node of the out put | ay ecTAUSYsAsk@ pt h

I nput data pattern vector; [err] is the output signal of the
k[err]th node of the output Iayer f%!?"the pt h i nput data pattern vector;
-47 - WD 99/ 31624 o
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<[err] > is the average of [err] evaluated over the set of input data

pattern vectors ~ <[err] >is the average of [err] evaluated
over the set of input data pattern vectors kferr]= 1 to K

k[err]=1 to KWO%BI624 js the nunmber ‘of di mensions in thePCTUSI826477
reduced- di mensi on representation; and < > denotes the nean

eval uated over the set of input datamﬁattern vectors for each indicated

conponent . 5. A system according to claim4, wherein
wei ghts [err] between the hidden |ayer and the output |ayer age
iteratively upgea@edtaccorgimg—o ?ﬁE['r EXPresyiom [err? -
< o
° o q
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where [err] is a constant of suitable value chosen to provide efficient

convergence but to avoid oscillation;
-48 - Jerr] is the output S|gnal fromthe jth node_ln
the | ayer pre®®¥Bme4t he out put |ayer due to the pth input RETIUSIEZETZEr N
vect or; E is the error given by: [err] and, , Wher e
k[err] = Kk[err]= k; k =1, ,K; and #&rr] is a positive constant Wmch
has an effect of increasi ng t he speed of training,
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[err] ,Where k[err]>k[err]; k[err]=1,...,K-1; k[err]=k[err]+1,...,K
and [err] 1is a positive constant which has an effect of increasing the
speed of training; and ‘[err] =[err] + [err] + [err] , where [err]
Is a val ue prwoosgsiesnal to the contribution to the error EHEJ/USH#264TN put s
of -t he kth node of the output |layer, for the pth input data pattern

vector, and [err], [err], and [err] aP&lconponents of [err].
-49 - ' WO 99/ 31624

PCT/ US98/ 26477 6. A system according to clai n§,
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where [err] is the contribution fromthe diagonal terns of the covariance

matrix of the out put s, [err] is the contribution fromthe
of f-diagonal terns in kth row, [err] is the contribution fromthe
of f - di agonal tvao $m3162a kt h col um, and Jerr] is theaEssr2aygnal
fromthe jth node in the |ayer preceeding the output |ayer for the pth
I nput data pattern vector. 6/27 7. A system according to
claim 6, wherein: -50 -
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WD 99/ 31624 PCT/ US98/ 26477
[err] ) wher e Jerr] is the output signal
fromthe kth node in the output |ayer for the pth input data pattern -

vector, and wo9siezea<(err]>'is the average of (Jerr] eval URITAISISRE@IT? t he
set: of input data pattern vectors.
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. A system according to claimb5, wherein backpropogation of error to

8.
the weights [err] between the jth node in a layer of nodes and the ith node
inits' preceedi ng | ayer: _ _ _ -b1
- VWO 9WohB2624 _ _ PCT/US98/26477 '
PCT/ US98/ 26477 [err] where, [err] is given by:
8/27
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[err] _ 9. A nethod for effecting the organization of
pattern data into a reduced di nensi onal representation

mul ti - di mensi onal

using a neur%(ﬂség}%k havi ng an input |ayer conprised Of"ﬁ’@’w&]’; ty of
i nput nodes, a hrdden |ayer, and an out put | ayer conprised of a
plurality of non-linear output nodes, % rein tthe nunber of non- | i near
out put nodes is less than the nunber of “i nput nodes; said nethod

receiving multi-di nensional pattgsn data
o

conpri si ng:
i nt.o the i nput | ~IVE=1s of the el al_networlk: ] b
generating an oufput gignal| for gach d4f thel ouput nodds of |he a&eur al
net wor k corre'spm%ir ngl|to recei ved nul t]i -di nensi opal pgtterni data] and
training the neua__ﬁetwork by egqualdgi ng apd or{hogonalizipg th out put
- signals of the OJt?Ut nodes| by reduci r'g\’_a cpvari @ance matrix} of tiegout put
. L] 4k o . .
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WD 99/ 31624

said step of training

wei ghts for

10.

A nmet hod according to claim9, wherein
I ncl udes backpropagation to iteratively update

| i nks between nodes of

adj acent

| ayers.

A net hod accoVP¥g1®$ cl ai m 10, wherein said weights are
randomy in the interva

to claim11l, wherein averaged vari ancd0s7
mul ti-di mensi onal

covariance matrix of the output signals of the output nodes is:

(W -W.

pattern data is:

[err]

al |

12.

PGENSYRASEH
A met hod accordi ng

di nensi ons of the

11.

,and the elenents of the
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,Where p=1,2,...,PF [err] is the output signal of the k[err]th

node of the output |layer for the pth input data pattern vector;
[err] is the output signal of the k[err]th node of the out put |ayer for the
pt h i nput W %3pa¢t ern vector; PCT/US98264753 -
WD 99/ 31624 1727
PCT/ US98/ 26477 _ <[err]>1is t hd zgverage of [err] evaluated over
the set of input data pattern vectors <[err] > is the average
of Terr] evaluated over the set of input data pattern vectors
k[err]=1 to K ; k[err]—ltoK Klsthe nunber of
di mensi ons in the redyceqg—e-rRenptronrepresentation < >
denot es the nean eval Udlodd diler| t set & npt?hf1 dlat d‘ atterh jectors for
1{10.000} 0.000{ 0.350 | 0.600 { 0.600 | 100.0
2] 0.0001]0.30070.100]0.000 | 0.600{ 101.0
310.000j0300|0.000! 0.1001] 0.600 | 100.0
410,150} 0.150{ 0.100 | 0.600 { 0.000 j 97.3
S{0.150]0.000] 0.150) 0.600 | 0.100 ] 97.8
6| 0.000 | 0.300 | 0.490 | 0.600 ] 0.051 | 96.7
71 0.000| 0.300 | 0.000 | 0.489 | 0.21! 97.0
80150 0.127 1 0.023 ] 0.600 { 0.100 | 97.3
9} 0.15010.000) 0.311 { 0.539 | 0.000} 99.7
10 0.000 | 0.300 | 0.285 | 0.415 ] 0.000 | 99.8
111 0.000} 0.080 | 0.350 } 0.570 | 0.000 | 100.0
121 0.150 | 0.150 | 0.266 | 0.434 ] 0.000 | 99.5
131 0.150 | 0.150 } 0.082 | 0.018 | 0.600 | 101.9
14| 0.000 | 0.158 | 0.142 | 0. 100 | 0.600 | 100.7
151 0.000{ 0.000 | 0.300 | 0.416 | 0.239 | 100.9
161 0.150 | 0.034 | 0.116 | 0.444 | 0.600 | 101.2
171 0.068 1 0.121 | 0.175 ] 0.332 | 0.192 | -98.2
18] 0.067 | 0.0968 | 0.234 | 0.000 { 0.270 | 100.5
19} 06.000 | 0.300 ] 0.192 | 0.208 | 0.300 | 100.6
201 0.150 | 0.150 | 0.174 | 0.226 | 0.300 | 100.6
211 0.0751 0.225| 0.276 | 0.424 | 0.000 | 99.!
22]0.075] 0.225{ 0.000 | 0.100 | 0.600 | 100. 4
23] 0.000} 0.t26 | 0.1741 0.600] 0.100 | 98.4
24| 0.075 | 0.000] 0.225{ 0.600 | 0.100 | 98.2
5} 0.150]0.150 | 0.000} 0.324 | 0.376 | 99.4
26 0.000 ] 0.300}0.192} 0.508 | 0.000 | 98.6
x] = BUTANE
x2 = [SOPENETANE
x3= REFORMATE

x4 = CAT CRACKED
x5 = ALKYLATE
y= RESEARCH OCTANE AT 2.0 GRAMS OF LEAD/GALLON

Fig. 11
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each indicated conponent. : : 13. A method according to
claim12, wherein weights [err] between- t he hi dden | ayer and the
output layer are iteratively updated according-to the expression: [err]-
where [err] | sva9seest ant of suitable val ue chosen to provi deTaishsgeaent
conver gence but to avoid oscillation;

-54 - WO 99/ 31624 12721

PCT/ US98/ 26477

TABLE 2: TIME-DEPENDENT SENSOR DATA PROFILES

t:1-5 [ t:6-11 [t:12-17)t:18-23|1:24-29| FAULT
0.65190}0. 13019 (0. 31398 | 0. 69901 | 0. 30067 | 0. 00000
0.2757710.56790 | 0. 24946} 0. 61443 { 0. 70156 | 1. 00000
0. 86528 | 0. 30303 { 0. 10538 | 0. 56716 | 0. 58797 | 0. 00000
0. 15642 } 0. 83277 ] 0. 58065 | 0. 37313 { 0. 58352 | 1. 00000
0.8236910.27834 | 0. 24731 { 0. 67413 | 0. 90200 | 0. 00000
0.35353 | 0.67116 } 0. 16559 | 0. 65920 | 0. 82405 | 1. 00000
0. 40958 { 0. 35241 | 0. 41290 { 0. 73881 | 0. 70601 | 0. 00000
0. 35443 | 0. 33782 | 0. 55054 | 0. 70647 | 0. 71269 | 1. 00000
0.54702 [ 0. 57350 0. 59355} 0. 67413 | 0. 72606 | 0. 00000
0.341770.60718 | 0. 79355 | 0. 79851 | 0. 64588 | 1. 00000
0.47920 0.65208 | 0. 67312 | 0. 83582 | 0. 74833 | 0. 00000
0. 35353 0. 57800 | 0. 94409 | 0. 95025 | 0. 74610 | 1. 00000
0.47197} 0. 32099} 0. 36559 { 0. 58209 | 0. 52561 | 0. 00000
0.36528 | 0. 39843 | 0. 44731 | 0. 61940 | 0. 55457 | 1. 00000
0.44123} 0. 29854 | 0. 34624 { 0. 57711 | 0. 55457 | 0. 00000
0. 35805 | 0. 35354 | 0. 42150 | 0. 59701 | 0. 56793 | 1. 00000
0. 49005 | 0. 32997 0. 41505 | 0. 72139 0. 67929 | 0. 00000 |
0.312840.43547 0. 43656 | 0. 72388 | 0. 70601 | 1. 00000
0.4330910.31874 0. 39785 0. 71642 | 0. 73497 | 0. 00000
0. 34991 } 0. 36251 | 0. 44946 | 0. 71144 | 0. 73051 | 1. 00000
0. 46745 | 0. 26936 | 0. 40860 | 0. 69652 { 0. 72160 | 0. 00000
0.35262 | 0. 37261 | 0. 42366 | 0. 70398 | 0. 70601 | 1. 00000
0. 59042 | 0. 25253 | 0. 48602 | 0. 78358 | 0. 82628 | 0. 00000
0.38427 0. 37486 | 0. 48172 0. 79851 | 0. 80401 | 1. 00000
0. 38156 | 0. 19753 | 0. 40645 | 0. 63930 | 0. 83296 | 0. 00000
0.348100.52189| 0. 44516 | 0. 68906 | 0. 72160 | 1. 00000
0.7576910.91134} 0. 44301 | 0.61194 | 0. 51225 | G. 00000
0.41863 | 1. 00000 | 1. 00000 { 0. 59453 | 0. 49220 | 1. 00000
0.50723 0. 36364 ] 0. 40645 | 0. 68159 0. 71715} 0. 00000
0. 34991 | 0. 47250 | 0. 45806 | 0. 70149 | 0. 70156 | 1. 00000
0. 54069 | 0. 24691 | 0. 38279 | 0. 70647 | 0. 73051 | 0. 00000
0. 38788 | 0. 40404 [ 0. 38710 | 0. 70149 0. 72383 | 1. 00000
0. 41320 0. 32660 { 0. 41075 | 0. 68408 | 0. 71715 | 0. 00000
0. 34991 | 0. 34007 | 0. 49247 | 0. 68906 | 0. 70379 { 1. 00000
0. 39873 { 0. 35354 | 0. 44516 | 0. 68906 | 0. 69710 | 0. 00000
0. 33906 1 0. 32323 } 0. 58065 | 0. 70149} 0. 69710 1. 00000
0.29747 0. 26824 | 0. 42366 | 0. 74378 | 0. 85746 | 0. 00000
0. 30561 | 0. 21886 | 0. 36129 | 0. 58950 }§,67038 | 1. 00000
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dJerr] is the output signal fromthe jth node in the |ayer preceeding the

due to the pth input data pattern vector;
, Where Kk[err
is a positive constant which has

out put | ayer,
the error give

[err]

by:
k; 'k = 1,...,W?’9§/%1fz?[err]

and,

i ncreasi ng the speed of training,

[err]
and r[err]

,Where k[err]>k[err];
is a positive constant which
t he speed of training;

and

k[err]l3:/ !

[err]

[err]

[err] is a value proportional to the contribution

= klerr] =

TUSPYZ64T7 of

K-1; k[err]=k[err]+1
has an effect of
+ [err]

TABLE 3: SEMICONDUCTOR CRYSTAL STRUCTURE PARAMETERS AND BAND GAPS

th. 13

SUBSTITUTE SHEET (RULE 26)

No.| COMPQUNDS u Q o c/a ‘GAP
1] Ag6aS2 | 0.28 5. 75722 | 10.3036 | 1. 790 2.55
2| AgALs2 [ 0.3 5. 73 10. 3 1. 798 3.13
3| AgGaSe2 | 0.27 5.755 | 10.28 1. 786 1.8
4| CdSiAs2 | 0.298 |[5.884 | 10.882 1. 849 1.55
S| Cd6eP2 | 0.2839 |5.738 |10.765 | 1.876 1.72
6| AgAlTez | 0.26 6.296 | 11.83 1.879 2.25
7] Cd6eAse | 0.278 |[5.9432 [ 11.2163 | 1.887 0.6
8| AgGaTe2 | 0.26 6.3197 | 11.9843 | 1.89 1.1
9| Aglniez | 0.25 5.83 |11.1789 | 1.916 1.9

10| CdSsP2 | 0.265 |5.9 11.518 1. 952 1.7

11| CuAlSe2 | 0.26 5.6103 [10.982 | 1.957 2.6
12| AglnSe2 [ 0.25 6.455 | 12.644 1.959 0.96

13| CdSaAs2 .| 0.262 | 6.09 11.94 1. 961 0.26

14| ZnGeP2 | 0.25816 | 5. 46 10. 71 1.962 2. 34
15| CuAlS2 | 0.27 5. 31 10. 42 1. 962 3.35
16 | ZnGeAs2 | 0.25 5. 66 11. 154 1.971 0.75
17| CuFeSZ2 | 0.27 5.289 | 10.423 | t.971 0.53
18| AgAlSe2 | 0.27 5. 95 10.75 1.807 2.6

19| CuAlTe2 | 0.25 5.964 | 11,78 1.975 2.06

20 | CuGaTe2 | 0.25 6.013 | 11.934 1.985 1.24

21 | Culise2z | 0.25 5.832 | 11.63 1.994 1.07

22 | ZnSnAs2 | 0.231 |S.851 | 11.702 | 2.000 0. 65

23| ZnSnP2 ] 0.238 | 5.65 1.3 2. 600 1.66

24 | ZnLnSe2 | 0.224 |5.784 [11.614 | 2.008 0.95

25| cuLnS2 | 0.2 5.5228 | I1.1321 | 2.106 1.54

26 | CuGaS2 [ 0.25 5.555 | 11.0036 | 1.981 1. 71

i ncreasi ng
+ [err] where




to the error E by the outputs of the kth node of the output |ayer, for the

pth input data pattern vector, and [err] [err] and [err] are conponents
of [err] _ - 55 - VW0
99/ 31624 WO 99/31624 PCT/'US98/ 26477  PCT/US98/26477
14. A nmet hod according to claim 13, wherein: [err]
14721

k OUTPUT LAYER (node index k)

j HIDDEN LAYER (node index j)

i INPUT LAYER (node index i)

B e '
Fig. 15
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[err] where [err] is the contribution fromthe diagonal term
[err] is the contribution fromthe off-diagonal terns in kth row, and
[err] is the contribution fromthe off-diagonal terms in kth colum. . -
15. A et hosloassezdi ng to claim 14, wherein [err] [err] =aodussed77are
gi ven by: : - - WO 99/ 31624
15727
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[err] where Jerr] is the output signal

fromthe kth node in the | ayer preceedi ng the output |ayer for the pth
i nput data pattern vector, and "<J'err]>1is the average of (Jerr].
eval uat ed overWPH#3¥t of input data pattern vectors. PCT/US9BR264730. A
met hod according to claim 13, wherein backpropogation of error to the
wei ghts [err] between the jth node in a |6¥kr of nodes and the ith node in
its'. preceedi ng | ayer @aeg—=a 28—
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- - 57 - WD 99/ 31624

i PCT/ US98/ 26477
[err] where, [err] is given by: [err] 17. A
system for organi zing multi-di nensional pattern data into a - -

WO 99/31624 PCT/US98/26477
17727
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reduced di nensi onal representation conpri sing: a neur al
network conprised of a plurality of |ayers of nodes, the plurality of

| ayers incl uding: an input layer conprised_of -a
plurality of wopesigpdes, and an egrusisdéeger
conprised of a plurality of non-Ilinear out put nodes, wherein the nunber
of non-linear output nodes is |ess than8®he nunber of input nodes;

recei ving nmeans for eiving multi o dinensi-gnah—patt-eri-~data i Nt o t he
i nput |ayer of the g?! et wor k; out put means for
generati ng an out putf sig at the output |ayer of the heural network
corresponding to red tidi mensional pattern data; angl

- 58 - WO 99/{346584

PCT/ US98/ 26477 o training means for gonpleting a
trai ning of the neurfal Met\@rk, erein the training neaps conserves a

measure of the total| variance of the gyt put nodes, wherefn the total
vari ance of the output nodes i®®ef id1ed as:
8 Q
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[err] ,Where {x[err] }is a set of data pattern vectors;

Pis defined as a p05|t|ve I nt eger; <x[ err]> denotes the
mean val ue of of x[err] evaluated over the set of data pattern vectors;
S i s the nunmbgig Rfélmensi ons; x[err] is thepmt,ﬁsgg,gﬁppnent
of -x[err], the pth nenber of a set of data pattern vect ors.
18. A systenlaccording to claim17, whejghh said training neans
conpletes the training of the neural network via backpropagation for
pragressively cWanglng wel ghts for g out put nodes.
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WD 99/ 31624
19.

i ncl udes,
network by WO99/31624

PCT/ US98/ 26477

for training

nmeans

A system according to cI aim 18, wherein said training neans
neur al

t he

further

backpropagati on by progressiREaIUSI¥I6ATTgI Nng

wei ghts werr] at the out put | ayer of the neural
network i n accordance wth, [err] 20727 where err] is the output
signal fromthe jth node | | | ayer due
to the pth data pattérn [err]®i s a constant of suitpble value-
chosen to provide effli ci ent conve- but to givoi d osciflation, and
[err] is a value progdortional to t &?trlbutlontothe errpr E by the
out put s of t he ktH node the ou Iqer f0|lthe pth i pput data
pattern. :
s 4
o . s S
s s
- " o S‘ s
as o 8 o
® B * =9 T
8
8 8 O
. 8 e
8 = o s
8 o
d
e '- “
] \. ]
‘l
-
Fig. 18C
ugt .
. fas
] ot
(] s . [
8
o s .. Q ' e
I e s
] (S -
o s '-f
8
. S -
P .
8
.' L :PDD .
s )
8
s o, ® o
[ ] 8 .
F s s s ® 8
[ 8
o® &S .
8
I S -

SUBSTITUTE SHEET (RULE 26)



20. A system according to claim 19, wherein: [err]
-60 - WD 99/ 31624 )

PCT/ US98/ 26477 21. A system according to claim19, .
wherein sai d meapsdiezaet wor k further conprises at |east onechuskdgpshayer
conpri sed of hidden nodes, wherein adaptive weights werr] for each
hi dden node is progressively inproved in aﬁ%rdance Wt h,
[err]
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where Jerr] is the output signal for the ith node of the |layer pre ceeding

the jth | ayer of the pth input data pattern.
A system according to claim 21, wherein: [err] }
23. A nethod for effecting the organization of multi-dinensional
pattern data YRPY31824 educed di nensional representation usi nECHUSEEF4Y
net wor k havi ng -an i nput |ayer conpLi s,ed of a plurality of input nodes,
and an out put |ayer conprised of ai"af)q urality of non-linear output
nodes, wherein the nber of noni |_near t put nqus are less than the
nunber of i nput nod%l,o said nmet heg corrprio% ng: 14
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WD 99/ 31624 PCT/ US98/ 26477

receiving a set {x[err]} of data pattern vectors into the input |ayer . of
t he neural network, wherein p=1,2,...,P and wherein P is defined as &«
positive i woegsitszeand wherein the set of data pattern vecRGI/ESIRA6ITA
tot-al variance defined as, [err]
,where {x[err]} is a set of data patterrd¥ctors; p=1,2,..., P;
P is defined as a positive integer; <x[err] > denotes the nean
val,ue of of x[err] evalluated over the set of data pattern g¥vectors;
S is the nunber of dingnsions; x[err] is the®th cpnponent of
x[err], the pth nenber jof a set of data pattern vectors; @
trai ning the neural netjwork by backpropagation; and23 26
di spl aying a nul ti-di ngnsi onal output signal fromth® ol%)ut | ayer of
t he neural network. 9
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-62 - WD 99/.31624 '
PCT/ US98/ 26477 24. A nethod according to claim23, wherein

said step of training =~ the neural network by backpropogation i ncl udes- -
progressively, ‘6@ 'pg wei ghts werr] at t he out put | aye d&?,geural
network in accordance with, [err] where Jerr] is t put
signal fromthe jth node in the layer jJpffceeding the output | ayer due
to the pth data pattern, and Ferr] is a constant of suitable

val'ure chosen to ppovite—effrcren——cofvergence bur—— tolavoi d oscillation.
[err] is a value p} oportlﬂnaﬂto the Wontribution to thelerror E by the
out puts of 8 4
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- the kth node of the output |ayer, for the pth input data pattern

25. A system according to claim24, wherein: [err] _ )
26. A nethod according to claim 23, wherein said neural network further
conpri ses at e hidden | ayer conprised of hidden nodeeT/ussseeerrn
-763 - e i |
PCT/ US98/ 26477 adaptive weights w fe@gseach hidden node of the neural
network is progressively i nproved in accordance with, [err]
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wher e CIerr] I's the output signal for the ith node of the |ayer preceedlng,

the jth |ayer of the pth input data pattern. 27. A
nmet hod according to claim26, wherein [err] A
met hod accordjng to clain123, wherein said nulti-di nmensi ona
signal is a t W8 % ¥&hsi onal out put signal. %STRB%#% t hod
according to cIa|n123 wherein said two- d ?@ fsi onal out put signa
i ncl udes data points plotting in relation t0 2-di nensi onal axes.
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