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Abytract— A connectionist inferencing network, based on a
furey wersion of Kohonen's model alrendy developed by (he
anthors, Is proposed. It is capable of handling uacertainiy andior
impreciseness in the npot represesiation provided o guantits-
tive, linguistic andfor set Forms. The output olass menhership
vitloe of an inprt pattern is infersed by the trained nelwork. A
maeannye of certainty expressing confidence in the decision is also
defined, The model is capable of querving the user for the more
frprerrigrt input featnre information, if required, in case of partial
inpuete, Justification for an inferred decision wny be produced in
rule form, when so desived by the user, The comnection weizht
magnitades of tie frafived neural notwork are ubilized in every
stage of the proposed infecencing procedore. The antecedent and
consequint pacts of the justificstory roles are provided in sararal
forms. The elfectiveness of the ghworithm s fested on the vowel
recophition problem and on fwo sels of artificially generated
monconvex pallern clasoes,

I, INTRODLCTHON

ETIFICIAL ncural networks or connectionist madals,
LL-[d], are massively parallel inlerconmections of simple
nenrons that funclion as a colleclive swstem. An sdvantage
of negral nets lies in their hish compuialion ras provided
by massive parallelism. so that real-time processing of husc
dita scts beeomes faasible with proper hardware. Informaion
is encoded among the varfous connection weights in a dis-
trbuted manner. The atifity of fozzy s2ts, [31=17], li2s in their
capahility, o a reasonable extent, in modcling wncerain or
anbnguous dala so oflen encountzred inoreal life
We consider an applicaron of the fuzzy extension o Ko-
homen's sell-organizing neurdl network [8] or inferencing
and rule generation. The model is expecled lo by capshle
of handling nncertainty andfor imprecisencss in ihe inpul
representation, inferring the ourput class membership valoe for
cumplele umdfor partial inpuls along with o certainty measuars,
guerying the user for the more eeserdiaod inpul inlormation al
providing jusrification (in e lomm of rules) lor any inferred
decision, The input can be in goantitative, Linguistic or sel
oy of f combination of ese, The fazzy Kobonen s midel
[4] functions as & partially supervized classifier. During sell-
erganization, the input vector also inchides same contexlual
informution {with lower welghtage) regarding the finite onrput
membership of the paltern o one or more classdesy. The input
and cutpur representalions and the weight updating mechanizm
of the said madel [¥] are deacribed in Section 1.
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The mferencing and role generating capabilitics of the fuzzy
Kohonen's modzl (on an unknown test serp are gxplained in
detail in Seclion TIL At the end of the learning phase (self
oraganization and calibration), the sel of conncction weights
ol the neural mede] may be said to constitute the knowledee
base tor the classification probiem in hand. In the testing phase
the network infers the moss ety output class Tor unknown
test samples using i koowledge base. The magnitage of
the connection weight frot an inpof leatore component w
A peuton oulput is used to determine the importance of the
cotresponding aftribule. When partial information about a test
vector 1s presented al the input. the model is able to infar its
cilegary It the more exserdiol Feature inlonpation is preseol.
Otierwise, the sysiemn wsks the vser for refevonr information in
the order of their relative Importanes, A medsure of certainty
exprussing brelicl in the decision is also defined. When askedd
by the user, the petwock s capable of Juslifying 15 decisiou
m rade-forn by reasoning backword and using ils conneoction
welghls and the valoe of the certainty measnre. The anlecedent
amd vonseguenl parls of the nmiles are generated in lingnistic
and metural Wemmns.

A few of the other existing approaches for nenroforzy
inferancing and classificativn melode newral net driven furzy
reasoaing [9], the MLP-based approach asing hackpropagation
[10], che connactionist expert twodel | 117, the use of logical
operators Tor pattern elassification [12, [13], the use ol oy
aggregation connectives |14, learning [rom {uery I-Then
rales [ 23], and fuzey MLP for classification and rule generation
[la]-[LB]. Motc that these neuro-fuzzy approaches are all
based on lavercd networks using fully supervised fearning,
Other work on the inegradon of Turey scts and Kohonen's
madel for clustering ars reporied in [19]. [20) Our proposcd
invesdgation, on the other hand, is based on the fuFzy version
of Kohonen®s sell~orzanizng model §8] which acts as a
partially supervised classifier. ‘This maocdel is extended hers
for atadying s inferencing, querying and nle gencration
abelilivs with unknown lest data. The effectiveness of the
proposed algoriou s dernonsiraied in Section TV on the voeel
revognilion problem and on oeo sets ol anibicially generaled
linearly nonscparabile, nonconves, pallem classes,

1, KOmoNey's NETWORE Ay a FUFFY CLASSIFIRR

Here we present o bidel discussion on the fuzzy version of
Kohonen's mode]l [8] that i3 capable of partially supervised
classification of fuzzy paterss. We consider u single layer
two-dimensional {2-13) rectangular satuy of neurons with short

range laleral leedback inlerconnections berween neighboring
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Tig. 1. Kohomea's nevral netwark moodel 17,

units, En e Orst stage a scu of training data is wsed by the
network oo initially self orpanize the commection weights and
then calibrare the oulpul space. Aller & number of swecps
throngh the training s=t the output space becomes ordered. as
determined by the index of diserder. Then the oulpul space is
culibruted wath respect o the patiern classcs,

Consider the self-organizing network given in Fig. 1. Let M
input sipnals be simultancously incident on each ol an & » &
array of neurons, The outpul of the vth newcon is defined as

'i',lr':i':l =T [rr1_::!:|:Tx|;f.)'u + Z y__lh{-?‘}."li.f — A RN
RS,

where x is the M-dimensionul input veclor incident on it along
the connection weight vector my, & helongs to the subset 5,
ol neurons baving inlerconnections with the dth neuron, g
denotes the fixed feedback coupling between the fth and ith
newrons, -] is o suilable sigmoidal outpul lunction, ¢ denotes
a digerete tme index and T stands for the transpose,

I the best mateh belween veslors oy and x 0ocurs gl newron
o lhen we have

|l —mg = min [x —m;|, i=12..,% (2
»

where || - || indicaes the Buelidean norm,

A, the Input Vector

The input to the neural network model consiscs of two
portions. Tn additdon w the inpul feature representation in
linguistic form, there is also some contexmal information
regarding the fuzzy class membership of each patlern used
az raining data during the self organization ol the network,

Feamere Information: The s-luncton, lying in the range
M0, 1], with = € T" is defined as 1211

2(1- 252, ford < hx -] <)

1- Q(I“T_“I-)_, for 0 < |x—c| = % (3)

(¥, olheraise

e, Al =

where A = 0 is the radius of the w-fimetion with e a5 the
cenlral poinl at which ={e;e, A) = 1. In the fuzey newral
netweork model we nse e w-lunelion (in the one-dimensiongl
£ 1-E% Lorm} o assign membership vales for the input features.

Each input feature F, s expressed inolenms of membership
values indicating a depree of helonging to each of the linguistic
propertics b, mediyem, and figh. An w-dimensional patrern
X, = [M by Fin] 35 representad as a dn-dimensional
vector

Xa = |-||'.'- T I:X-n: } s Benedinn By ':.K| n
it Fa 1 () - - fhighem, (K] (43
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where the ;i value indicates the membership Lo the correspond-
ing linguistic m-set (owdmedivmigh) along each fzamre axis
Fip for patteen Xy

When input feadure # is Hnguistic, il menbrship valess
[or (e m-sels low, mmeciven, and high in (4) are quantified as

- OAka f (L0
S L MR

i .7 0.8% 0.7
cdipam = = =
Fiierditd L oA HJ

a2 s 005
LMY H

Cor example, if F; is dow, then its membership valucs for
the primary properties fow (L) mediven Q& and high 00 are
0195, (0.6, and (W02, respectively. Similar are che cases I £
15 aedim or high,

When £ iz numerical, we use the 7 fungy sel of (3)
with appropriate ¢ and A Depending on the numericlinguistc
nature of the input feature £, (30 or {3 15 used o convert F;
to its three-dimensional (3-13) form given by (£ The choice
of the A7s and "5 for each of the linguisic properlics low,
medicm, and kigh are the same us thal eeporied in 8]

The representation of ingu in terms of T-sets low, medium,
and high also enables the network 0 accept Imprecisefrague

valures I in vatious forms, viz, Fj s eabowr 500, F; i
henween SO0 ard 300, By a5 low, medivm, very low, more or
ey low 01 F_i- 15 missing, ete, In these cases F'J necds o be
transfonmed int a 312 vector consisting of membership vulues
corresponding to the three primury properliss, A heoristic
muthod Tor the delennination of these membership values s
discussed in detail in Section TTT-A.

Class Information in Confexteal Form: To model real-life
data, with finite helongimegness o more than one glass, we
‘Imcurpordle some contexmal infermation regarding class mem
barship as part of the nput vector, However duaring salf-
organizalion this part of the input vector is assigocd a lower
weight so fhac the limguistic propertics deminale i determining
the ordering of the oulput space. Dudng calibration we usze
the contextual cluss membership information part of the input
vegtor only, for determining the hond labeling of the oneput
spave. A separade fuzey partitioning, that allows scope for
producing oveslapping clusters, is alse introduced, The sig-
nificanes of the contexmal class information part in providing
partial supervision has been deseribed in (8]

The pattern X, is considercd o be presenled gy g concale-
nation of the linguistic properties o [4) sod e confexiual
mlomation nesading class membership. Let the input veclor
be expressed as

high

%om xR S L ot F (6

where x" (aftributa part) contains the linguistic inlormarion
in the Sn-dimensional space of (4) and x" (symbal par)
covers the class membership mformation in an S0 space Tor
an B-class problem domain, So the input vector x lies in un
i3 + O-dimensions] space, Both = and x" are expressed s
rnembership values.

Here we consider the definition of x”. The membership of
the fih puttem o Class O 1s delimsl us [5)

el X = W‘k )r iT

where 1 = I(.-.,'.f:X{:] 1, #p i the weighted distance of
the ith pattern from the Lth class and the posidve constants
Iy oand Fooare the denominational and exponential fowey
penerarors controlling the amount of fuzziness in this class
mcn:bership set, However, when the putlern classes are known
Lo B montitzzy (from the training set), =g may he set to 0 for
the class to which the pattem belongs and to dfiminy Lon the
remaining classes, so that pe( X7 2 (0, 1],
For the ith input pattern we define

K= (X0 X (%)

whers 01 <2 & <0 1 s the scaling fackor, To ensore that the
norn of the linguistic parl =7 predominates over that of the
class membership part € m (6) during self-orranization, we
choose & <
During calibration of the owtput space the inpot voclor
chosen is x = [0, =", where x™ s given by (8), such that

0.5,

ifg==

2 &
otherwise (

PR I
|"""T'-.x?'.' — {n_

for B e {1,....0} and s = 1. The &7 nevron outputs w;
are calibrated wr.t. the | clusses. The reseling frord (lobeled
partiiicning ol the ouipel space mayv be nsed to gualitatively
assess the topological ordering of te poltem clisses wal. the
inpul feature space. We also consider a fuzzy partilioning of
the culpul spuue.

B. The Algorifim

Comsider 2n 2% # N amay of pearans such that the ontpat of
the fib newron is given by (10, with the subsel &, of neorons
being delned as iy r-neighborhood N whers O <2 e <2 5

Welph! Dipdating: Tnitially the componenls of the m’s may
he set 1o small random values 1ving in the range [ib, 1]. Lat the
best maceh hatween vectors 1, and x, sclected using (2 oecur
dl meuren ¢ The weighl ugadating expression is stated as

g 411 =
() ey e il — gy, fordie M., e =001,00-08
it othersise

L)

where N, describes a v neighborhood around nevron ¢ such
that v decreases with lime, Here the pain factor A [8] s
considered to be bell shaped ke the m-luncton, such that
if] i5 the largest when « — ¢ and gradually decteoses b wero
with inureasing distance from o Besides, |A.,| also decays
with lme.
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Frefex of Discrder: An index of disorder £ may be delined
to provide a measure of this ordering. Let pesd denote the
mean square distance hetween the input vector ancd the weight
veetors in the r neighborhood of neuron e We define

‘I -
sl = :
|reciresed l‘
xE brainised
. i ]
% [ .|-:-._r_'|z X~ mg|® ]« {1 —vxf)
v X VEN, =
()

where |rodayet| refers (o the nomber of inpuL pattern vectors
in the lmining sel.
The expression for the mdex of disorder i given as
{3 = msdint - kn) — mad{nf) (12
whete med(nl) denoles the mean squace distavce by (11} ar
the end of the sith sweep through the training set and kn is a
swituble posilive ineger denoting the slep size, Further, L) s
calculated relative toan interval of ka sweeps. Initially need
15 sel o 1. Then

aend |1
nent = !
et

if 7 ~:_I|*.- (13)
otherwise

where 0 <0 # < 0001 The sclf organization provess is
lerminaled whon wend = 4

Paritioning During Calibravion: After self-organization is
complete, we gooon to the calibration of the neuromal cutput
spacs, During calibration the imput vector x = [U,x”_ obainecd
from {6} (%) is applied o the neural network. Let the {#1],th
neuron genarate the highest oulpud vy, for Class Oy Ve define
u enmbership value [or the oulpul ol neanon & when calibeated
for Class Of simply as

gl = e . fori=1,-- “.1,‘--2:| anel k= 1,-.0. 0 (14}

T
stch that O < peelod =01 and g o) = 1 for = (i1},

Each ncuron & may be warked by the ootput Class 7,
among a1 clusses, thal cliciis he muaximal responss oy,
Vhis generates a hard partiioning of the output spacc. On
the other hand, each nenron @ has a finite helonging or outpog
membership gy () to Class Oy by [14) We may renerale
crisp boundaries for the fuzzy partiioning of the output
space by considering for each of the [ classes the a-cot set
|l = o 10 = of <0 L where «f is a suitably chosen
value,

Testing Fhase: After selforganization, the medel encodes
all inpul da anfermation, along wilh the cortesponding on-
textual class membership values, distributed among its con-
nection selphls, During calibration, the neurons are labelad
by the paiern olasses and e comesponding  metmnbership
values assigned, This is the desired puriially supervised [uesy
classificr. Sclf-organization and calibration together constitute
the irnining phase ol the propesed model., In the [nal stage, o
separate sef of st paderns is supplisd as inpot o the nenral
oetwaork mode]l and its performance evaluated.

L_

During lhis phase the inpul lest vector x = [x7, 014, consist-
ing of only the lnguistic informagion in the 3n dimensional
space defined by (4), is applied to the network. Let the plth and
p2th nevrons generale the highest and second highest oetputs
wy, and ., respectively, {using the largest response critecion),
for test pattern p, Then pee (g, ) and pia (9., } are defined
as the highest and second highest output membership vidues
generated by pattern p, during tosting, with respect 1o Classes
gy and O, respectively, These exprossions are discussed in
dietail in the Tollowing scotion with relerence 1o (28130,

IHL. IWPLRENCENG DN THE FUey NEUal NETWORK

FHere we concentrate on the inferencing and rule gencrating
cupabilities of the leeay Kohonen™s nel-based mocdel on a set
of untknown test data, It is to be noted that now the input
vector consists of the feature information pare only (with no
associated class information), The network is cxpocted to be
able to infer the correct elassification for the test dats. Haadling
of imprecise inpuls is possible and nameal decision may be
obtained associated with a certaingy measure denoting the
confidence in the decision, The mode] is capabls off

Ly infercncing based on complew: andéor partial informa-

Hom;

2y gquerying the user for unknosn input variables that e

key to reaching a decision: and

3y prodecing justification [or inferences in the foom of

Ii-Then rules.

A, Tnput Feature Representation

The inpat feature value &7, {lor pallern p} can be in
guantitative, linguistic or set forms or a combination of these.
It is represended ps 3 combinalion of memberships o Lhe three
primary linguistic propertics few, medinm, ad figh as in (4,
modeled as w-tonctions,

£ Quaniiigdive Form: When the infmmation s in cxavl
nmumerical form like Fy iés vy, say, weo dotermine (he member-
ship values for the dilTerent logeistic [ealure propeclies low,
mectivm, and Gk in the coresponding 3-T2 space of (4) by
the a-function using 13}

2) Linguistic Form: Whan the input is given as F; dv prop
rsay), where prop stands [or aoy of the primury linguistic
propertics low, medipm, or high, the membership vitlues in
the 3-TF spuce of (4) are assigned vsing lhe 7-sets of (3),

The proposed model can also handie the linguistic hedsces
[22] very. miore or less and aof Consider a lusey sel A with the
Comcenrration (Con) and Dilacion (0§ operators [6] defined
s

. R Y-
ferani a2t — (atz))

(13

¥ L
r i R
fapaan(zl — (paizi).

Lising (3 and (13). we define the hedges very and more or
Tewy (Medl; a3

very low = [ Con{ Ly, Coni M), Coni 1}

very medinm = [ Con( LY, D800, Coa{ 1] (143}

very high = [Con( L), Con{ M, Corl H}



GBIz [EEE TRAKEACTIONS (N ETITEMS. Mak, aND CYREERNETICS—PART A: SWSTEMS AND HUMMANS, VIL, 20, b)) 5, SEFTEMEER 1950

and
wterre or fess fow = { Coa L), D00, 4 H
mnte oF less medivon = [INEE), Coni M), D0 H

sicwe or less high = {01 Ll A, Con{ HYY

i)

Mole that the use of the w-functions for modeling the lingnistic
fonctions causes the membersiup vakue for the property low
fhief) o decrease in the case of very low (very fheh). This
aceounss for the nse of the functions Com L) and Conl ) n
these cases [22]. On the other hand, very medinm canses the
membearship value for medivs 1o increase, thershy justifying
e use of R A in this case.
The hedee nor 1s delined as
paorialz) — 1 — palz)- {18}
3) Ser Form: Here the input is a mixture of linpguistic
hedges and quanticwive ferms. Sincs the linguistic e -
cregses he imprecisencss o dhe information, the membership
valug of a quantitative erm should Be lower when modifeed by

a hedge [22]. The modifiers nsed ave abowl, lesy than, greater

than, and betwean.
For an inpul &, is about r-, wo use

ilahonr 1) = Jple 1L {19

where ') = v Is lhe quantitalive input. Note that o)) is
computed in the conesponding 3 1 space of (4) by using (3}

When the input under conaideration is Iy iv less fhen v,
the cxpression becomes

EHER
{ulri b

if v = g

: 20
othorwise =)

peldesy flrar vy — {
where ey dEnoles ., Cocdinm, a0 Gpn. fospectively,
for each of the corrasponciog three overlappine paciiiens ds
in (), and gy} is computed ss explained above.
Similarty, for an inpuc Py ix greater thon vy, 1he erpiession
Decomes

{air )3, i =
{im )},

This also holds for the modifier more e,

Input information of the form £ if berween v aid va or F;
is Tess thon v wradfud greater P v may be modelsd as the
geometric mean of the two component membership values as

Y
otherwise

Ll gregrer than r) = { 21

gl betuween vy oand )

= [piless than va) ¥ gl greater thar v )9 22
If any input feature Fy is sof available or missing, we clamp
the lhrew cormesponding inpul vector componenes (incident
on the newrons) xp = xp | = >z = U5, such tha
h—{i—11=34+1. Here 1 <0 & = Antland 1 < § < n, whers
m is the dimension of the iopul paltern vector, Note that here
wi ane dealing with the 3n-dimensional =" constiluen, (leature
infermulion) of the mpud veelor 1 of {6) We deline

e [05 0505 .
by CITRALM = ——— —— 3
T IRTo Mot ey L,I‘J 23 ] ]

as 0.3 repressnts the mos! ambigeons valoe in the fuzzy
membership concept. Wa also rag these vector componcats
with values ininf, = finfy,y = ‘inikfy,, = 1. This 15 a
tag wied for deferminiog whetber the comesponding nearon
15 knewn OF dakaown by (24 and (25 10 s fo Beoancoiionsd
thar for the remaining {301 — 7|1 +{} npul veotor components
ol = of (63, the corresponding variahles fninfy, arc tagged with
0 iwhere  §i denotes the number of siissing inpme teatures),
This indicates absence ol ambiguity in the comesponding input
information components.

The appropriate input feature membership values obluined
b {33030 and (130023} are clamped at the input nearons,

B Fornward Payy

[nitially the system prompes the oser foe e dopot fealure
infornation thal may be provided in any of the forms listed
in Section OI-AL The components of the ~D contextual class
information part x" of the input vector % {of (671 along wilh
the comespunding ininf, s are kept clamped at O, ‘the X7
neuront oulpuls g, arc computed wsing (1) Associatad with
Each peuton ¢ are
1] ity confidence estimation factor ool
2) o wariable wndricwn; providing the sum of the weighted
infrwmation from the inpul components @, having
finf. = L,

31 @ variable kwnewng giving the sum of the weighed
information from the (emaining) romambigwers npul
corgtiluems wilh fminf, — O

Mote that when there are no input components @, tagged with
indnf, — L. we have wnknown; = 0 for all the N2 nenrons.
The conlexlaal class infommation part x" ol x 1s kept elamped
at zero and therefore produces no contribution in this stage,
For nevron & we deline

uREROWH, = E Tlig ity

A

: 124}
nnder, = E TN
k
lor all & huving iminf, — 1 and
Faown; = E LT (23]
k
for all & with ininfy, = 0, Tor the &7 neuroms, we have
i 1, il |kmown, s < snknowsy (261
Ml = - " !
i N, othocrwise -

where pedrf; for the ith neuron is a tag analogons m iniaf
for e ke dnpol component, I may be mentionsd that for
the Lth mpur vector component g, Wwe assign éninf as
explamed inScetion IT-A. Neuron § with eodyf. = T signifies
ansence uf maaniglul inlomoauon and 18 anindiculor G the
runsmission of & lavger proporiion of weighled smbiguous
information as comparad to sore certain nformation from the
input vactor. {n the other hand, an inpot vector componaie «,
with infefy, = 1 implies missing constiluent input infoomaling,
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Wsing (13, 245, and {26), we define

1
e e U 1111+ |
conf, = q | e f’ (27
Ty otherwise

Nore thal ey, 1s comparahle cither among the sel ol neurons
having noinf, = I, or among those with sofnf, = 0, but not
hetween neurons helonging to these two different sets. For
neurons with aoinf, = 0 the value of conf is higher lor
neurons having larger «; and is & measure of conlidence in
the cormsponding decision. But when nain, = 1, conf, pives
g mmeusure ol conlidence ol thy ambirroens neuron oulpot, This
5 becavse as waden; by (24 {absolute sum of connection
wedghts from  gemhiguoye inpotg) increases, the confidence
conf, decreases and vice versa.

Let nevrons gl ound p2 senerale the highest wod secomnd
highest oulput responses 1y and 9, respeclively, for pullern
p with input vector x (as explaimed in Sectivon [T-B ). 10 neither
noinf,, = 1 not mofnf, = Lothen the system linalises e
decision inferred irrespective of whether the input information
1% complele or partial, o case of paclial inpuls, this impliss
presenee of all the necessary features roguired Tor tuking the
decision. It may he mentionad that the weights (fcarmed during
fraining) play an important part in determining whether a
missing input feature information is essentigd for the fimal
inferred decision or not, This is hocanse these weights arc
uscd in computing the eedirf;'s for the newrons by (24) (26)
and they in turmn determine whether the inlerred decision may
be laken,

We decide that W, and ts, are in favor of Classes vy and
Clen, mespectively, when

LLLTET) BT TS S mé-m[m :j_;-l]{au—k]]

(28]
Mpaiin | k2) = mﬁ[mroz_:-;m.-. ?«]]
whete & = 1,00 Note that the (3n + !-dimensional

conmeclion weights oo’y ure legrmed during sell-organization
ancl constimite the kmowledye beve for the problem after
appropriate labeling during calibration.

The nferred highest and second highest output memberships
s ) and g, (b Classes o oand £, respecively, are
2iven s

T bk

e, [}
o Wepmiankd; o Ha, (29]
B ) = —————— & —
R
with . = plope = P2k LE= g1, and ke = RE AF
Wlipiiantkl) & Tepaidnta * r: Oitherwise
T B b 2 Ty,
iy (g} = LDt > . e a
. fin (307
o Wi ldn k1t
M, T f

where o = p2pe = pl, & = &2 and ke = &1, Tlece py and
pa Teler o the neurons inferred (o be generating the highest
and second highest membership values e Classes O and
(%, . respectively, and = is the scaling factor from (5.

Note thut the difficelly in arriving al a particular decision
in favor of Class 7 is dopendent not enly on the highest

©mernbership valoe gy (n) but also on its differences with other

class membership values pging) where & % &y, To take this
[actor il decount, a certainty measure for the nenron pp s
defined as

L

E ey ot Gm—i)

k=1

(31

|
I
belll = PR LU
L

where & 75 By and FJe.n!j.'J: < 1. Here & and gy are oblatnaed [Tom
(25 andd (300 The higher the value of .’J:?F::}{“}ﬂ_}_ the Torwer i3
e dillicully in deciding an ouiput Chass €, and hence the
grealer iz the degree of corlainty of he oulput decision,

Depending oo lhe vidue ol bc-'.’;f: . the linal inlerrsd oorpat
miy e ogiven in natural o respective of sdwther che inpot
1% Tureyfdelerministic und complele/partiad. Thes 15 caplained
m deluil i Sectien 1D,

O Chserving

I the systeru has noi el rgached conclusions o complete
the session, 1L mwst [ oo iopul Teature with wsdaown
activation and ask the user for its valoe, T cither reinf, = 1
ovnoinf, = Lby (26), where py and py are obtained from {249
and {307, we begin the querying phase, We select the unkaowi
oulpul neuron § [Tom among 102y th andfor feth neuronds)
wilhh meninf, =1 anckior r.:u.ir;fh =1 such that cenf, by {27)
(amang them} s maximum.

We pursuc the path Irom neuron o Lo lod e ambigieors
input Teatore vector component oy, with the greatest absolu
mfuenee on neuron ;. Tor this, we selecl & = & such that

[, b, # 2g, | — mmes |, g = oas) where ieinfy, — 1 (323
T

Here fwinf; is obfained as explained in Section ITT-A and
1=k =30 4 L The mode] queries the wser for the value of
the corresponding input Teature {1, such thal

fi=(k Timaddl {33
where 1 < 5+ 4w ound n 38 the dimension ol the inpul
pattarn vecror, Note that here the Ba-dimensional input feamre
information vector x' of (6) is under consideration,

When the wser is asked for the value of & miaing variable,
she cun respond in any of the fomms given in Seclion 101-
A, Mole that il a missing mpul variable by (23 1s Tound
b missing onee again, we now g il as weebioivable, This
implies that the value of this variahle will not he available
for the remamder of this session. The inlerencing mechanism
treals such variables as knoww with values oy, = @ | =
gz = WG bot with drinfy, — dninfy, | — ininfy o — 0
such thay fay = ) — 1} = 3 4 1. We pow use

oy
TR LN = —_—— —— i
¥ ‘ "M H

Mate the difference from (23} in the value of daigf, and its
eifeet in the conlidence cstimubion by (24343271 The respotse
[Tom un wrobieipable iwpod vanuble might allew the neoron
activations tn be inferred, unlike that of o wisviry variahle.

{34
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Buesides, o missing variuble bas a temporary value of 005 that
may he changed later in the session, wheteas an wnobiaimeble
variabla has a frovwn finagl value of 0.5, Here agzin, the ase of
the more conventional values of rp, = 75,00 — #g 42 = 0.2
in (34} vields no appreciable dillerences in the 1'3‘:u|lb.

Omce the requested input variable is supplizd by The weer, the
procedure m Sectiom T8 is followed f0 delemmine whether
e infer a decision or again combinue with forther querving.
On completion of this phase we have noinf, = woigf, =10
by (28],

O, fusificoation

I'he user can azk the system why it inferred 2 particular
conlusion, suy, al neoren gy 0r o, The syseem ancwers with
an ff-Ther rule applicabls 4o Gwe cuse al hand, T is 1o be ooled
that these {-Then mles are not represented cxplicily in the
koowdedge buse; they arg gencated by 1he inferancing sesiem
fom the conneciion weizhts when ngeded for explanations.
As the model has aleeady inferred a conclusion (in this stage),
we take a subset of the carrently knewn infommulion W justify
this decision.

Iy Path Selection: Led e wier ask justficanon for a cod-
clusion regarding Class O, at neuron oo, Starting from nearon
B e process rensons beckwgnd o e inpur vector alomyg (he
sraxirbn weighted poits, We scleet thoss inpun fealure vecetor
componcnts iy that have o significant pesitive impact on the
conclusion reached at neurcn p.

We choose input foature vector component oy, i

re =0 £35)

whee 0= k< By Let the set of b components so chozen he
I#g, e, oo g, | and their corresponding link weights to
NEUTON 1y 1:.:, Dy Tt fyv o a Ty 3y Jo TeSpectively, Thi:
implies choosing a path that is culremlv active for decidimg
the vonelusion thul is being justifad, In other words, this helpa
welecting pulhs olong which the corresponding input vector
commpencnl has o sigoilicanl pesifive corvelationfinfeende)
withion) the neuron woder consideration.

We arrange the chosen input components in the decreasing
arder of their aet impacts, where we define the net fmpact for
i HS

'—'.

AEL P, = By ¥ Mg, i

Then we generate clauses Lot un Jf Ther rule [Tom this erder:d

Tasl ol
Z_ My e, = 2 L L. i 36
ks oy

where &, fudicates the inpul components selecied Tor e

cluuses and &, denotes the inpul comupensnts remaining dom
he sl {an, g, ... 5e, posuch tha

ko] + £ = B

and |&. |, |&, | teler, respectively, 1o the number of components
selected and remaining [rom the said sel, This henristic albows
selection of these correnily actve |, | inpul vevtor comstiluents
conlribuling e most o the final conclusion (among those

SPICH CPART A0 SYSTEMS AN HUMANS, WL 28, MO S, SEPTEMBER 1996

lying along the maximum weighted paths to the ontput node
b as the clanses of the antccedent part of g rude Tt also
enafles the cirFerty active test pattern inputs (current avi-
dence) W influencs the generaled bnowledze bose (CONDecion
weights fearngd during training) in producing i mule to justify
the purren: mnlarence.

2} Clanse Gepgralion. Tor un inpol componsul oy, . 5e-
lected fir clanse generation, the correspondimg inpr feabure
de. i% oboained as in (331 as

Foo =(kay 1) mod 341

where 1 <0 g, < nound 1 = &, < 3n. The antecedent of

the mle is civen in linpuisiic lonn with the linguistic property
bring delermined as

Lo, if by, - 35, —11=1
prop = 4 medinm, ik, -3, — 1)1 =12 (AN
fuigl, ocherwise,

A lingunistic nedge very, more o fess or nol may be attachod
to the linguistic proporty in the antecodent part, if necessary.
W use the mean square distance df ., . pr,, | between the 3-
0 input lesture values corresponding o feature 7, and the
linguistic property preop by (371, with or without modifiers,
represented 25 pr . The comresponding 3-D vadues for pr,
corresponding o prop are given by (3} (with no modificrs)
and by (163—118) with the modifiers verv sere oF fess and ror,
respeciively, The pr, Toe which ., pr, ) 18 tha mfndmeen s
szlected us che anteccdent clause comesponding e feature j,,
[or Inpul componenl Tk, 1 lor the rule jusiilying the conelusion
Al vulpul oeuron py.

This procedure i5 repeated for all the (k. nenrons selected

by (30) to gereraic a set of conjunctive anlecedenl clauses Loz
(he rule regurding inlerence al node .
The comsequent pat of the role
cun be stated in guantitalive form as membership valoe e, (1)
co Class O, by (29} (300, However s more safweed form of
decizion can also be provided considering the value of Ewt'::
alf (313 For the lingnistic oulpul form we use )

T overy fikaly for 08 < el <

20 Ifkeely for 0.6 < be!;: < {J.S

31 more or less fikely for (14 < bellt

41 nor wnlikely Lor 0,1 < ba’.!k‘ 714

3y wrable 1w recopnize for b.vfﬁi = 0]
Mote that here the belief is converted 1o linpwstic classes 1o
cnable the cipression of he consequent part of the rule in a
nermed Fortn, TTowever, ong nay keep or use the actual belicf
values olso. )

In principls it should he possible o cxamine a connectionist
network and prodoce cvery such ff-Then rule, using the
infermed cluss memberstips Tor the various tesi pallerns in
conpunction with the fearmed connection weights.

3 Comseguent LDedoclion:

< [LE

BATLEMENTATION AMD BESULTS

The above-memionad algorithe was first tested on s scl
of 871 Indisn Telugu vowel soumd: collecied by Lrainad
personnel [23]0 These were uwitered in o Comsonaul-Vowel-
Copsonanl context by three male speakers in the age group
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Fig. 2 Vowsel diagrarn inothe &) — By oplase,
of A0 to 35 years old. The data sel hus throe [eolomes; TARTE T

Fy By, and £y ocomesponding o the divst, second and thind
vowel lormant frequensies abtaingd throuph spectrum analysis
cof speech dama. Fig. 2 shows a2 2D projection of lhe 3-
Dt feature space of the =ix vowel closses (8, a, 8w, 2,0) in
the 1 By plane {for ease of depiction). The dimension
of the input wector in (6) for the proposed model is 5.
Wote that the boundaries of the classes in the given data
set are seen o be ill-defined (fuzzyy. The maiming duta has
the complete set of input featuwre information along with
the contextual class membership components, During sell-
oregnisdlion, peredt sumples owere randomby chosen from
each representative pattern class. Uhe remaining {100 perc)%
samples from the origingd data sct were used as the (250 sel,
We sclected 2y Sund £, = Lin(T), e =02 (8, kn =5
in (12) and & — 0.000L in {13) aller several experiments, The
test set uses complate/partial sets of inputs and the yppropriale
classiticagion is inferred by the trained neaaral model along with
a measiee of cortaingy, Querying regarding unknown input
Lewlure values 13 resonlisd Looin case of some partial input sets.
Justiliwation in I=Then oule form, regarding a condition, is
alsoe ohtained when desired.

The model hus alse been used oo two sels (A4, 7 of
artificially generated lingarly nenseparable, nonconves paltem
classes veprosented i the 2-D [eature space 0 -, each set
comsisting of 830 patlern points. These are given in Pigs, 3
and 4. The training set consists of the complele palteo
vegrors in the 9-dimensional (-0 form of {6 with e
appropriate contexmal class information. Note thal sisying and
andneinable refer to the conditions given in (23} amd (340,

Crodpakisis o ROCOGNITION SCORE (R BTTWEER Haves' {1.ARRIFIFR,
ATaNTARD SUFEesER Frzsy CLassiFIER Axo rHE Pucsy WoCkal NeT Moo
ob THE Vo Daca, Neoral NETHIRK 15 a7 S5 0w 20 90TH vieneee = 20

{'lass Hages' clansifies | Eta-rar.;é Tuzzy L‘;lP.H.EiﬂUlI__F_LEnfE_LUJJ.IU.l rodel
d TR il Al
P 3.4 817 i
i | 214 T30 T4E
Wl 3.0 G676 ThE
P omas e 88.7
o | 103 T8 o9EG
Urerall | 704 Ti4 94 i

respectively, bm':'_.'- is obtained from (303 and g (9}, e, (5]
are compoied Fom (29 and C30.

A, Vowe! Do

The details regarding the classification performance on vari-
ous rraining and fest sets as well as the choice of parameters for
the said madel (on the vowel data) have already been reporied
in [8]. Table I compares the recognition score (on test set) of
the fuzey neural net model (eained using 104 samples from
each representative vowel class) o that of the Bayes™ classitier
F24], 23], and the standard fullv sopervised [ucey approach
123]. We have nsed the Bayes' classifier for mullivadiale
nommal patterns wilh e o prios probabilines p; = 'i,—‘l, where
[€7] indicales ihe nmmber of patterns in class O and N is
ihe total nomber of pattern points. The dispersion malnces
are different for cach patlern elass, The overall performance
of the madel s found o be quite satisfactory. Nexl we
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TABLE 1L
Turarpbn Cureer Reskorses son CoRTameTy MEASURES Fom A 537 of WouEL Thara PREIFNTRL To THE draimed NERat. Namwory Mone,
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Serial = 2 Input features First choice Second choice Gﬂ't;jm.y
= = . &
Na. I3l 123 oy pe lad | Cry | ey ind Ell'fp%
1 T3 10N} Tassing & 0.4 & 0.81 080
2 TN 10003 2600 13 083 & 0.67 0.45
k] 1) LRTET I unshtzinabie § o 0.65 d .38 -0.35
4 400 unakiginghle ailasng = 0.53 3 0.48 0.20
5 M 200 mESEIRg i 0,57 u 0.76 0.65
& 45 24001 miasing E .42 = 2.u1 u.ES
T T 2300 mixaing E .55 3 a5 065
a 1] 1400 mizaing a .78 T .67 [
o high Mol low missing a ik R0 T AT 145
10 bettwesn 200 & GO0 1500 Missing a .62 3 048 D30
11 preater then €50 kigh tadzsitg & 075 37 0.8%
8257 22221135522:322222222222 5'25._ 1illi1iaiina 111111111121
zigiiiigiﬁiiﬂziﬁgggggggiii 112311113113111 11111211111313111
232322 11311111311137333 1311333311133311%
23333 111131333323 RA2 LA 0320101
e 111311133111 13311333111 2313133314
2222 1111113111311111112111511 Tﬁﬂiﬂinl 1:{-:;%11&1 nﬁiﬁtﬁ
22332 $1311111111111132311313113:1 : :
2232 111111111111331111111111111 iAlll 11111 111r111
2222 11113111313213131121131111111 S ommwe T .. SRR
1 1 ] 1 111
£ [ agiae ApaiL F.| 1111z 22232 111 2222z 11111
Pl11111 223222 111 zaEaa 11111
1 didds 1111 - 11111 22222 111 22222
22222222222222222222222222 111} o AL i s
22ER2A2220222T2L22222322 12111 '5.1""1 137 11111 11111
22222333222223222322232F 1111 1117331 11;11 29111
= 11131
e 1113111 1111111 111111
111111 11333112 11111111: 13111111
: i 11111111313113311321311832333311125331113
I
il iiaiiiii sy 1111113121121331  1111111111111111
00 - | 11111111%13211 111111113:113111
= . 3ppy LA e L -
800 2 2730 800 2 2750
Fig, % Pacem sel A o the 5Py poare. Lig. 4, Pualiesn sel B in che P2 Fyoplae,

TABLE IO
QUTRYING MAaTC 1Y TNE NELRAL N=Twonrs MaDeL WHEN PRESENTER
WITH A SET OF meariid PATTERN YERCTORE Fom Wik Tars

|-ﬁlr'.'-|.;|-| T [upet Lo _l LTy
; Ma, I I i | ; _')e ot
] ' :ni‘mng;l mizafieg .'-.;“
7 okowt 350 | mis=ing | m i E.
H] 4ixl mssing | TessaTny Fa
_'1_ ."1.:.«.-=|'ng E U P F_-___ ]

demonstrale 2 sample of the inferencieg ability of 2 treaired
10k 2 10 wererad meoeded (with edenom — 1000 thal [unclons ds 4
Ermowdecipe Boase Tor the vowel recognition problem. The results
ave demonatrated in Tables T1-TV.

Tuble I illwsizules the inferved onrpot tesponse of the
proposed model on s sel ol partial and complets input featire
veolons, IL s observed 1hat often the twn feamres Fpoand
o are sufficient for reaching a conclusion. This may easily
be verified from the 2-D representation of the vowel daly in
Fiz. 2. et us consider the Arst three entvies in the lable, When
only ) is specified (Eniry 3}, we hove a horizoneal line across

Frg 2o s 1) value, Tor (his anbagueous case both classes o
and & register positive belongingmess, uithoogh class @ is the
e (ely winner. Mot thal &y — wiehiginable 15 generdied
by (34). The specification of &5 and £ is scen o lurther
consolidale this decision. The 4ih enlry vorrespoends Lo patlemn
class e, owing o its highest horirontal coverage atong this F-
value, althoush the ambiguity in the dectsion is cvidenl [Tom
thes walue ol the cortainly measure, The Sth eniry s in Fasor
of class o owing to its proxinity to this class. The 10th entry
corresponds toa stoip of area at Fo = 1600 hetween Fy — SO0
arecl BHY Ao Big, 2, 'Fhis region corvesponds o both clazses
ancl ¢ oand the ambdguily of he paint is evident in the vale
of the cermainty measure,

In lable TV we demonstrate a sample of the partial inpat
feamre combinations that are insufficient for inferring any
particular decision, The rmere essaniie! of the Denlure valueis) is
queried for by (320, (3L Tabde 1V shows the mles generated
from the bowledge base by prosemting a sumple sl of lesl
pullerns, The antecedenl paris are oblained vsing (33)-057)
while the consequent parts are deduced Irom the values ol
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TABLE 1V
KRULES CIENERATED BY THE NEURAl MErwoms Mo o diserey Lis Dacieis Dociskasts FOR A SET oF PATTERY Vecamms rok Winvkl Diaca
Sr. Tnput features Justification [ Fule generation _-[
No. Fy Fa Fy If clause Thew conclusion
1 300 i) mEsstng Fy iz very fow fikely class u
2 T 1010 2600 F; is very fow and
Fl is Mol high more ur less fkely class o
3 T 23040 migsing F3 is very bigh and
Fp is very medizvm fikely class e
] 450 24061 Titsing Fy is very high snd
1 is mery medium wery fikely clase £ |
3 00 1404 missing Fa in Mol lew and
F1 i3 very high mare or feas hkely class o
G high Mol low | miasing Fu is Mol few and
s kigh more or (ess likely class ¢
T befurren SO0 & 600 1600 misaing | Fy is very mediam and
F s very medizm ot walkely class 3
5 greater than G50 heph magsing | Py is very mediam and
Fy s hagh likely class ¢
TABLE ¥ TARILFE ¥II
CoodPakIsced WOTWEEN BOCCGRITION SCORES Fom VAR Tupsrs ks OreL T Brspossis ann CERiADTY MIasURES 502 A 5aMILE OF
SIZCE OF MEURAL MET ARRAYE WITH soon = 100, Pasrirn 510 Dara PrEsC TR 01000 ained NECRAL NETwork Monew
Uz DIFMERIRT Y alles oF pers 0% TATTERY SET A ; _— R
T - 7 i Herial Tnpul leatures Fizal clocee | Second claiee | Cerlainty
Size coldw 1= :6 [ 13x18 = P | T
e e e w—t ket M I i PRt | helft ar Bl
e ae Lo Sl Ay Te] TR T ey pee— nEs | oAy
; ; i;: tlh'; G :N'__ | '}]:;; 2 ez | missing | ey b 0.0
e d: ! :’f: ;;‘* ::6 i 3| Mol high | mrsemg ! ) Coose i 080
,i._lr—m'"":j' ".J:' '._J'é";i = 5'6"“'- : 'l.f : 4 fow [ medow | @[ ome o2 ¢ uwamw | wad
b :'".'T. .b__'...... b .'4' et 3 ey | apedrng | aoce | 078 e Q.67 | 034
L] Righ LEM 1 0.50 |||.r.-l|.r: T i a4
TABLE VT S

COMPARISOY BCTWEDN BLOOSHITICN 3COELS 10K W ARKRIS
SiFEs OF NELRAT M7 ARRayR WITH goftveoen 1100,
L SING LIFFERERT WAlUES OF perc 0N PATIERE SET 2

|Sime  |a0s10] me1s | Ex1s 1813
pore n [so[w[ww! &
i 1 4.3 TV |06 82T ALY VAT
ool omo [sas saq |10 |seT i 6es
Cnane | 817 |44.0| 616|464 (365 ] 535
Cfhverall | GEE ﬁ-i.d-! 1.5 | 9.4 | B0 Bh.5

the certainty measure m*:j'. The rules chtained may be verified
by comparing with Fig. 2. Nole that Entrics 3 and 4 generate
shightly differenl comseqquent parls lor o tule with the same
antecedent. clauses. This is because different pallem poinls ae
eacd e obluin the taw justifications. Enlries 3 amd § generais
the same miles from numeric and lingnistic inpmt specifications,
respecively,

B Arificiodly Crenerared Do

The muodel wus nexl trained on the Do sors of Tinearly
nonscpiarible, nonconves palfern classes in Succession, using
varions sizes of neural nenwork arrays. Two nonscparable
pattern classes (1 and 2} were considered in cach case. The
region of we parterm poinds was modeled as cluss rope (me
clans), Taubles W oand W1 are used 1o compare the performance
o test set (hoth classwise and overall) of different sizes of

neural net arrays on the two scts of nonscparable patlerns Aund
B, respectively, ¥arious training sct sizes pere were chosen
from each representative pattern class in both the cases. The
paiterns were best classified by using neoral armays of size
16 x 16 (with 50% of the dala ussd as raining set in each
case).

In Tahles ¥II ancd X we demonstrale the inferred output
responses of the nenra] net mede] on some parlial and complele
inrpuni Teatums veclors for the owo padtern sets. Tahles VTIT and
K1 show lhe guerying phase whers in snme cases the missing
feature informabion is mecessary [or infening 2 decision and
henee queried Tor. Tables TX und X0 iustrale e peieralion
of a few mles from the two krewledge bases. Verilication
regarding those tables may be mads by exumining the origial
pallems wiven in Figs, 3 and 4

Fotries 1, 2. and 3 in Table VII corespond (o hotieonial
bands across Fig. 3, illusizating Pattern Set B, around the
given [y ovidees, The cerainty value in brackets (case 1)
indicates belicl more in Lwvor of the decision of second choice
for Class €, as compared to Class . This is oblained
from the connection weight values as given in (31). 1o the
Lst entry the devision is ambigeous and in favor of Class 2,
as observed rom the cestainry measure {although Class nowe
generates the highest response followed by Class 2. As £
changes to medives (in Entry 2). the decision bevomes mere
certain in favor o Class none while Tor F| = Mel high {case
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TABLLE w1
CriFry kg PHaST I8 THE WEURAL N3T906E MoDEL Wik PRISSNTED WITI
A Bamarin o paeeilal Teeet Weomoes For ParTERR 85T A DIATA

Gesial | Topur foainiica {uery
e 3] = Tow

: 1 wenafin [ -
2 nol Teediin  mEssing S
0 Mal filgh | missing

40 makfugh | mdsalug

TALLE 1X
Riips (IENRRATEN RY THE MEURAL WETWEE MoneL To Jranmy 1Ta IKFORRSD
Dretzsiars Fok & Sameik oF Teor Wi por ParTerw SET A Tama

Hrzial | Tusifiwacion f Rule gererstion !
Mo, B = 7 T el
KT Mol Jgin misgamg | 4] e noey wedfin | et v 5 oclusg & |
| g RESTRNL TR | F oo medinem anf kely no cluss
| H] ol medipm g £ i o FE Rely wo closy
| Sedwd figh | owessemg | F s Mol Dugh very dikely class i
a0 law medinm | is medivm and
: ! i £ i lew Nikely clase 3
6 | wedivm w0y i el acd
! Lyis e ey dakcdy e pheas
T mediLm medrum | )05 meedfem ard |
Iy iy sieninn s andihuly el
1 figh nigh iy n g and
| F) = Righ Aot tikely rlass 1

3), the decision is cerroinly i favor of Class 1. Eaow 3,
with ., = medium, is Jess ceptoin in infersing Class rere a3
compured to Entry 4, with #7 = Low (both with 5y = mediue).
The latter yields a fesy ambigrons decision (as observed [rom
the corlainty measore) in favor of Class 20 Note that the valae
of the certainty measures, and not the ourpot membership
walues, determing the ambicndy in 4 decision, Enlry 6 mives 4
mcie or fegs ambiguous decision in favor of Class 1 while alao
producing a significant response for Class sone, Al resulis of
Tubles W10 amd X may be vedfied tom Fig 3

Hiptoaes 1, 20 3, 4 6, und 7 in Table X comespond o
hotizonlal buneds acress Figo 4, illustrating Pattern Set A,
aronnd the piven 5 values, Among Lhess, Entries [ 2
B,oand 7, (with By o= howy aed low, Righ, and oeod high,
respeciivel v, penerale cerioim Jdecision: in Livor of Clags
I, Hinwever, Foirdes o snd 2 (with Fy — medium and Mol
fove, Tespoctively) produce rather ambiguons decisions (low
vilues of certainty measure) in favor of Classes 1 auld some,
respectively. Comparing DEntries 5, 8, and 11, we find tha
cazes 8 and 11 dwilh Iy fow und Migh. tespectively)
generate decisions in faver of Class more while case 3 (with
£y = not medive) produces a decision in favoe of Class 1.
From the 9th, LOth, und 12th entrics we ohserve that Fotry
12 (I, = Righ) produces the mest ceriain decision in favor
of Class | with Entry 9@ [ F) = fow) following close behind,
CIn the other hand, Fotry 100 (wilh 75 = medinm? produces o
e i guony [lexe cerionn) docision Tor Clasy 1 Al resules
of Tables X—XII muy be veribed from Fig. 4. In Table XTI,
Entry 2 (corresponding 1o the 2od entry i Talde XD iy unuble
Lo ialer any positive decision (weable o recopinize) due to the
exlecnely low corluinty medsure generaled in lhis case.

IABLE X
Taribsen Qe Besposaes avn CErTanTy MEASUREDS ToR A SAMreo or
FATTEZN 537 A DaTa Peosemiuy 1o TH2 fraiesd MENRAL NERGRE o=,

Surial Trpat [=nlures Firas chaice | Surond chuics i 'l'.':le::lmr.l._u
| e ¥ F | O [ewdal | O pgle g ek
1 l messinp | L0083 | L - 09 | 08y
) ELET A TR | i . 067 | mowe | 054 Lk
K] el fex ! omuszing I Yo 10 onas | as |
4 reedin: ¢ meszing : 1 : 0,60 ; 1 .55 il i
nod mediiom daap i 1 : ia : 1 0. tal
high  cowlasiag | L1 08% | 1| s i a7
7 Rot gk owiverng |1 i 0|1 CohaT
£ feea ! o none | OLUT i weme | LTH 0,95
i foras L medien |1 | 084§ neme | R
100 medraie §gediom | 10| 08B | 1 EE 0
11 fedal low | weme l 088 lm.'nr ) ! (AT !
12 i | L .00 | A (X J_ AET

LaBi L X1
OUERYING PUAEE IN TIE NEURAL NLTRHCRE MODCL WITEN Piakyaie wirH
A BakBLE OF pascilidd TRPET WRETORS POR PATTERN SCT IF LaaTs

) i’:lpul Tealures | Q;;r}'- |
| -"__ " -. o |
| T mikaing |
| Ml low

3 ediur

% feed ilioi | sweissmy Fas [
5 high | dmingAng =
fi no! bk 4

V. CoNCLUSION AND DISCUSSION

I this work we considersd un application of the fuzzy sclf
oraanizimg neural network model [HE based on Kobonen's
nel, cupable of Inferencing and mle peneration. The connec-
fion weirhls of (he neural netl (aller sell-organization and
calibrution) constitted che faswdedge base for the problam
under considerstion. The nebwork was cupable of handiing
uncerlainly andfor Imprecisencss i the inpul Tepresentation
provided in quanctative, linguistic andfor sel forms, The
orepat class memberships were inferrsd for the inpul patterns.
The vser could he queried for the more esserndol Teanne
inlormation in cuse of partial inpats. when so required. Justifi-
caticn for the decision reached was generated in rule form.
The anlecedent and consequent parts of these mles were
prosided in lnguisic and aaterad lermos, The magniludes of
the vonnection weights of the trained neural net were wed
in every smage of the ioferencing procedure. A mossure of
cetainty expressing confidence (beliel) in an vulipul decision
was defined and also vsed in penerating the conseguenl parl of
the corresponding justificatory rule. The ellectivencss of the
madel was demonsteared oo the vowel recognilion problem
and om bwo sets of artificiafly generated linearly nonsepazable,
nopgonves paliem clusses.

It should he noted that the two given arlilicially gencraled
daia seis DA consist of nousepstuble puttrms, Hence sny
evaluatinon of the performance of the proposed mode] oo these
datz sets should he made in this context. This accouncs for
the relatively bettar inferencing as well as mile penecaring
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TARE R XTI
R CERMORATED 9y THO NTURAL NITWORK MODCL TO JUSTIRY 1TS INITRRLD
DRSS 303 A BampiD of INFU VECTORS [oR PariCer 30T 53 Data

Serjal | [sput Seatures __l_ Justiicatior. | Fule gmr;nl-mr-
K. _ j | _f'g ; {,"i.'_|e.u::¢ [ :!4-: i enaelasion
Iy fay, izl ._|'-'|_ e e I_ vy ikely class 1
] Mot fou: frdasilg ! Fy 13 Mo low ' wpadls da recnpnioe
3 aol foa anasing | ) is cery Jugh ! rery (ikoly class 1 |
| 4 edzum mEring ¥y in medium Mol {ikelr clus i
i 3¢ ol wediumn fow £ i o | wery hikely ciaae 1
1 & i FIFERH] R e dugh weity Niedy rlass 1
| 7 wet Kigl igaiizn Fyoie ey T wiey Nibedy class 1
| s few o few | F s fowacd
| 1y ix foar vy Dikely mo clgas
q Yo L+ e | Bt pesedeur sad |
very Dikeiy clase 1)
10 {aw high
| P is high trery kel no close
1L mdrem fow | F, iz mediem and | !
| | Iy s lew lkaly na cless
! 12 medivm | medvaen | F is medive and
! | 5y g mndivm ) med wnditely class !
13 high lnsu Fy 2 high and
] Fyiz fow ey fefoly we dass
bd kigh i rddiumn | By o onedium wad |
F. s high

very fkely olass 1

capahility of this model on the vowel dula as compared to
thal o the 1wo given patlern sels,

Tt is worth mentioning that a gencliv algorthm based
approach has been investigated for mining the curput class-
memhership values of (7). The F;-F, pair vidues thes obilained
correspond 1o the best valves thal we obtained experimentally
in this study, S3ome other work on the mning of the lingoistic
functions at the inpat have been reported [26], hased on
automatically determining the contres and radii of the =
Tunctions Frome the trpiming pullerns,

The mode]l described here has heen initially trained as
o opartially  supervised loeery classifier, and then used for
inferencing, yuerying and rufe gencrulion for unknown tesl
patlerns, Ineaeporation of clusiering at the input level, for
generating initial sceds, vould be un nteresling area Tor luture
investigation,
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