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Adaptive learning algorithm in classification of fuzzy patterns
An application to vowels in CNC context

8. K. PAL}, A. K. DATTAt and D. DUTTA MAJUMDER{}

An adaptive algorithm for recognition of ill-defined pmmu using weak representative
points and single pattern training p lure is p d from the Ipoint of fuzzy
eol Lhuory The method includes both uupervwed and non- uuporvlud schemes. A

Igorithm with fixed refs and weight vectors is also described to
describe l.he eﬂlclency of tho uyuwm s adaptiveness Lo & new input.

This was impk d to ition of vowel sounds of & number of
speakers in Consonant-Vowel Nuoleus-Consonant (CNC) context conuld(-rmg the
lirat three vows) formants as input [ulum The docision of the machine is governed
by the maximum value of fuzzy bership function. A ition rate, particularly
for weak initial representative vectors, wu soen to be dependont on the sequonce
of incoming patterns. As the process of clessification continued, the leamned mean
veotors approached their respective true values of the clusters. Agsin, once the
optimum size of training set is obtainad, the role of the external supervisor became
insignificant.

1. Introduction

Learning is a process which improves the system's performance by acquiring
necessary information for decision during the system's operation. The
decision in the process is based on the information learned (estimated) and
obtained from the observed patterns and if the information learned gradually
approaches the true information, then the decision will eventually approach
the optimal decision as if all the desired information of each pattern class is
known, Therefore, the performance of the system in classifying & pattern
during the system's operation is gradually improved. Depending upon
whether the correct classification of the input patterns observed are known or
not, the learning process performed by the system can be classified into
‘supervised learning' and ‘non-supervised learning’. In non-supervised
learning the correct classification of the observed patterns is not available,
i.e. the patterns used are unlabelled and the estimation of the unknown
parameters must be performed according to its own decision instead of the
labels given by a teacher. In other non-supervised machines the problem of
learning is often reduced to a process of successive estimation of some unknown
parameters in & mixture distribution of all possible pattern classes (Patric and
Hancock 1066, Chien and Fu 1967). For supervised learning, Bayesian
estimation (Abramson and Braverman 1962) and stochastic approximation
(Fu et al. 1986) can be used to successively learn unknown parameters in &
given form of feature distribution of each class. Training procedure based
on least mean square error {Koford and Groner 1968) and error correcting
technique (Duda and Fossum 1966) has also bean proposed for linear classifiers
and piecewise linear classifiers respectively. Ho and Kasyap (1865) and
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Wee and Fu (1968) suggested & few learning mothods where the input training
patterns, instead of applying sequentially, were used in groupa. Group
pattern training procedures as compared to single pattern training procedures
do involve the i of computations and storage requi ts but gt
to the optimum reference vectors in lesser number of iterations (Fu 1968).

The problem of speech recog involves multilevel decision processes
(Reddy 1975, 1976, Lindgren 1965, 1967, Klatt and Stevens 1873, Weinstein
et al. 1975, Dutta Majumder and Datta 1969, Sharma and Yegnanarayana 1977,
Trans. 1.E.E.E. 1975, Proc. L.E.E.E. 1976) ranging from recognition of vowel,
consonant, isolated word by & single speaker and limited vocabulary system
for & few trained speakers to a connected speech recognition system with
unlimited vocabulary for a large number of speakers and speech-understanding
systems (Woods and Makhoul 1874, Reddy 1976). Since speech is a pattem
of biological origin and carries information regarding the message, the speaker,
his health and mood, it is found to a considerable extent to be fuzzy in nature.
There exists no precise boundary, due to inherent vagueness (fuzziness) rather
than randomness in the petterns. Again, since the conditional densities of
classes are not known and only a small number of design samples are available,
the classifiers based on similarity or dissimilarity measure within the framework
of fuzzy language theory (Zadeh el al. 1975) appear to be suitable to their
recognition (Dutta Majumder and Pal 1977a, Pal and Datta Majumder
19774, b). Of course, both stochastic and fuzzy techniques of classification
can be derived from two different constraints in probabilistic concepta, namely :
statistical independence (stochastic) and logical implication (fuzzy) {Gaines
1875, Stallings 1977).  Zadeh (1868) proposed a probability measure over fuzzy
events where the probability of a fuzzy event is equal to the expected value of
its membership function.

The present paper confines itself to demonstrating the adaptive efficiency
of a system in non-supervised and supervised recognition methods of Indian
Telugu vowel sounds in CNC combination starting with the weakest possible
representative points in each of the multidimensional classes. The machine
was initially trained only with five utterances of one of the three speakers and
unknown patterns were inserted sequentially into the system for classification.
The test set does contain about 900 such utterances, constituting a three-
dimensional vector space. Each of the dimensions is represented by one of
the first three vowel formant frequencies extracted from spectrographic
snalyais. Similarity measures in & classifier are based on the fuzzy membership
value. The second part of the experiment consists of 20 initial learning
samples selected randomly from each of the vowel categories to see the effect
of the increased number of training patterns on the aystem performance. A
general purpose digital computer, Honeywell 400, was used for analysis.

2. Declsion rule and learning algorithm
Consider an N-dimensional feature vector space Q containing m ill-defined
pattern classes to be recognized with a defined set of N-dimensional prototypes
R, Ry, ..., By ..., R, such that
R"eR,
1=1,2, ..., by, hy is the number of reference veotors in set R,




Classification. of fuzey patterna 889

2.1, Fuzzy membership function
The decision of the classifier for the purpose of recognition of an unknown

pattern X=(2,,z,,..,2, ..., 2y) is based on the magnitude of its fuzzy
membership function corresponding to the jth (f=1, 2, ..., m) class :
d Fq\~
vm(X)=(1+(u+R’)) )1 )

a
where F, is the * exponential fuzzifier *, F; s the * denominational fuzzifier ' and

d(X, R))=nin | X - B,
1

—Z, (N\2\06
llx-R,“’Il=(Z(x” o )) =12, N
“\

PRD

with

denoting the weighted Euclidean distance (Sebestyen 1062, Meisel 1972)
between the unlknown pattern X end the Ith reference vector R,V in the jth
clags in which £, and ;" correspond to Ith prototype and denote the mean
and standard deviation of the features along the nth coordinate in the jth class.
The fuzzifiers have the effect of altering the ambiguity in & set and hence the
overall recognition acore (Pal and Dutte Majumder 1977 a, b, Dutta Majumder
and Pal 1977 a).

The membership function is defined in such a way that it mape the N-
dimenaional feature space into an m-dimensional membership space which is a
unit hypercube and should satisfy the following conditions :

i) w(X)-0 a8 d(X, R)—o
(ii) -l —0

and
(i) increages decreases

Therefore the membership function p,(X), having & poeitive value in the
interval [0, 1], denotes the degree to which an event X may be s member of
or belong to the jth class and the classificatory decision rule would be as
follows :

decide: XeCp, # p(X)>p(X), j=k=L2, ..m, j#k

2.2. Iterative algorithm for parameter estimation

The component of the reference veotor and the weighted vector for a class
used in the decisional algorithm are respectively the means and reciprocal of
standard deviations of the components of the feature vectors. The reciprocal
of the standard deviation is found to provide appropriate phase weights to
patterns for their proper classification (Dutte Majumder ef al. 1976, Pal and
Dutta Majumder 1977 a, b),

The basic idea of the recognition system is to draw unknown samplea
randomly one after snother and build up their appropriate classes. The
samples that are inserted to & given class modify the centres and relstive
weights on the axes of the clasaes. The iterative procedure adopted here is
tharefore the * Centre-Variance adjustment algorithm ’ in which the weighted

83, 3o
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Euclidean distance used in the membership function reflects the ellipaoidal

&hape of each cluster.
I.f Zutn and oy " represent the mean and varisnce of & class along the ath
00 axs, ted by first ¢ samples, we note
I .
Ba=3 L % (2q)
and
1{ .
on'=7 L (= Zacal?
14
=3 (Z O~ Zu?
1 7 .4
=7 Onto=Znte (2b)
where
]
Cor= 3,
t=1

Let another sample %) fall into this class. Then the mean and variance
are adjusted as follows :

- t 1
Zainy=7 g n(l)+‘+_l T (3a)
Catirn=Crn+ (et (3b)
and
3 1 3 Ly
On(t+1) =H-—1 Crtie)—Znse) (3¢)

Equations (3) provide us with an iterative algorithm for automatic estima-
tion of the mean and variance vectors, given successive samples.

3, Recognition procedure and experimental results

A vocabulary consisting of 800 Telugu words were uttered by three speakers
and recorded on an AKAI 1710 tape recorder. The apectrographic analyses
were done on s Kay sonagraph model 7020 A. Formant frequencies F,, Fy
and F, for the ten vowels (3,8:,1,i:, v, u:, 6, e:, 0 and o0 :) were obtuined
manually at the steady state of the vowels. Whenever, due to the extreme
sbortness of the vowels, steady state waa not observed, the measurements were
taken at the pomt of oongruenoe of the off-glide and on-glide. The number of
samples obtained after processing the apectrograms are only 871. The details
of the experimental seb—up for ret recording and having a spectrographic display
of the Telugn words, including the nature of apeskers, context of words,
messurement procedure and extraction of formant frequencies, are presented
in our earlier papers (Dutta Majumder et al. 1976, Pal and Dutta Majumder
1977e).




Classification of fuzzy pailerns 881

The distribution of the samples uttered by the three speakers in the F\-F,
plane of the vector space is sketched in Fig. 1, where the boundaries among
vowel classes are seen to b ill-defined.
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Figure 1. Distribution of Telugu vowels in the F,~F; plane.

A flow-chart for the recognition scheme is shown in Fig. 2. The method
consisted mainly of the adaptive recognition of vowels by non-supervised and
supervised learning to show the effectiveness of an external teacher in providing
supervision and labelling patterns. A non-adaptive scheme with fixed mean
and weighted vectors is also presented to demonstrate the efficiency of the
system adaptiveness to the new input events.

First, only five samples for each of the classes and uttered by a single
speaker were selected from the sample space for initial training of the machine.
The starting mean values for each of the classes are compared with those of
true values in Table 1. With these weaker representative points the system
started to recognize unknown samples of all the three speakers taken in a
random manner from the sample space Qy. Though the long and short
varieties are pooled together for vowels /I, U/, [E/ and [0/, they were given
individual reference vectors and weighted vectors computed over the respective
set of training samples. Thus in the present experiment m =86, ¥ =3, A=1 for
{3/ and fa: and h=2 for /1], /U/, |E/ and [O]. Computing membership values
(considering F,=1, F;=100) w.r.t. all the classes, an input utterance is
vssigned to the kth class (k=1, 2, ..., 6) associated with maximum y-value.

For non-supervised learning the decision of the classifier is considered to

be final and the parameters of that very recognized class were modified with
the addition of & new event before the next input pattern has entered into the
system. In supervised learning the decision of the classifier ia verified by an

3o2



892 8. X. Pal et al.

)

READ
MEASUREMENTS OF
INPUT PATTERK X
" ST0RE
”’;ﬁ’;‘,_!ﬂ‘,’?‘ Lanne PARAMETERS
. Xfntg fam, nobte-
o
T
Tkt
o COUPUTE femteon

YES 18 [CONPUTE Canrety
A -

[COMPUTE Zxniven)

i o
I8\ YES
[3 kem i

15

ves (LI
CORRECY

e
kRcLass
us

PRINT EST SUPERVISE

MO S
recoanaen | EN0 OF DECISION OF

YOWEL JATA NA| CLASSIFIER
s ;

)
21 St wop
Al MOR-ADAPTIVE

Figure 2. A flow-chart for recognition scheme,

Vowel Initial True
P, Fy Fy F, Fy Py
[/ 580 1650 2360 603 1468 2379
a: 600 1280 2220 608 1240 2338
i 330 2280 2088 349 2120 2758
i 310 2310 3036 335 2286 2853
u 390 960 2680 3713 1054 2461
u: 360 830 2632 345 911 2525
© 560 2020 2720 542 1796 2581
e: 460 2260 2910 463 1047 2660
] 650 1160 2718 485 1116 2459
o: 500 900 2822 479 998 2538

Table 1. Comparison of initial and true values of mean veotors.

external supervisor and class parameters are altered only if the classification
is found to be correct. Otherwise no alteration of the representative and the
weighted vectors is made.

Bince the performance of the system in recognizing patterna depends on the
sequence of incoming utterances, the experiment was repeated & number of
times for the different orders of appearance of the events in sample space.
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In the second part of the experiment the initial reference parameters were
computed from & training set of 20 samples of all the three speakers selected
randomly from each of the classes. Thia sample size waa found to be sufficient
in characterizing a class and to provide optimum recognition score (Dutta
Majumder e al. 1976, Pal and Dutta Majumder 1977 ). The significance of
this part was to investigate whether the optimum training set of samples has
any impact on the correct rate when the decision is rendered on an adaptive
baais,

E I
STEP NUMBER
Figure 3. System performance curves.

Figure 3 shows the variation of the cumulative recognition score for two
typical instances with successive input patterns where the rate of correct
clagsification after every 100 input samples was noted, and their average
result computed at every instant has been plotted. The initial prototype
points were estimated with five utterances of a single speaker corresponding
to each of the classes. The non-supervised learning algorithm is seen to
provide performance inferior to the non-adaptive acheme. The sequence of
events happened to be such for the set 2 that the large number of wrong
clagsifications further weakened the already weak representative points. This
sequence thus successively worsened the classification situation. But in the
case of set 1, the sequence provided a successively better set of input events,
which tended to bring the representative points towards the true values and
thus the system performance was gradually increasing. A reference to the
non-adeptive curve for this set reveals that the second group of 100 events



894 8. K. Pal et al.

contained markedly better samples than the first group. This obviously
improved the representative points significantly. The next groups further
helped to keep this trend. This resulted in an upward movement of the curve,
Ultimately, the curve tended to approach the classical asymptotic curve for an
optimum learning system. For a supervised algorithm, as the name implies,
the machine becomes properly acquainted more and more with the urknown
patterns as the process of classification continued and the learned parameters
for decision graduelly appronched the true values. The identification
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Figure 4. Locus of learned represontative vector with progress of learning.

efficiency during the system’s operation is therefore gradually increased, as is
revealed in the corresponding curves for both the sets 1 and 2. This becomes
clearer as we enter the pictures in Fig. 4 where the shifting of the mean vectors
after every 100 input samples being dealt with are plotted. To restrict the
size of the paper, the graphs only for the shorter categories of vowels /@] and
fu/ were sketched. Three-di jonal effects of the loci are clarified by
drawing the front and reverse sides of the curves with solid and broken lines
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respectively. With initial values of the mean vectors, the movement
ultimately approaches the true sample mean, which demonstrated the con-
vergence property of the learning algorithm.

Recognized as
1 E 2 a: 0 U
103 29
1
98 3
8 129 18 1 1
E
13 131 19 10 2
1 26 15 4
q 0
© 1 3l 10 3 1
o
= 6 56 1
w 8:
8 &5 [}
1 1 108 32
0
1 13 102 32
1 7 103
U
1 4 106
Table 2. Confusion matrix of adaptive vowel ition when the ber of

initial training semples is 20. Upper score= non-supervised learning ;
lower score=supervised learning.

A confusion matrix with en initial lesrning set of 20 utterances for each
vowel is shown in Table 2. The accuracy rates of the individual categories do
not differ eignificantly, whether the system uses an external teacher for
aupervised learning or not. This should lead to almost equal overall recognition
scorea for both the systems. In fact, the overall score is found to be identical
(~78Y%,) in both cases. It can therefore be inferred that such an initial
training sample size does contain sufficient information about the common
properties of a clasa and provides suitable starting representative vectora of
the clusters. The decision taken by the classifier iteelf, therefore, could be
considered almost to be correct. The role of an external supervisor becomes
trivial. Once the optimum size of the training set is obtained by the classifier,
further increase in the size of the set does not improve the aystem’s performance
significantly. The result supports our previous findings (Dutta Majumder
etal. 1976, Pal and Dutta Majumder 1877 a). Again, the confusion, as expected
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from our previous impreasion (Dutts Majumder e al. 1978, Dutta Majumdar
and Pal 1977 b), is aeen to be reatrioted within only two neighbouring classes
constituting & vowel triangle.

4, Conclusions
An mdaptxve Ieammg ulgonthm from the standpoint of & fuzzy set theory
is and imp ted to Telugu vowel sound recognition

using a amgle pattern tmmmg procedure. Since the input patterns could not
probably be taken serially in a truly random manner, the decision of the
lassifier and ultimate r ition score are dependent on the seq of
incoming samyles For non- supervised learning, once the patterns are
misclessified in & significant proportion, these affect cumulatively the
representative vectors, 8o that the learning process instead of improving may
deteriorate the system's performance even w.r.t. a non-adaptive system.
This is found to be prominent for weaker initial representative points. The
performance of the machine is better for larger initial training samples. Again,
if the size of the learning samples reaches an optimum value, the machine with
supervised learning did not show any improved result compared to non-

supervieed Jearning.
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