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ABSTRACT

Speaker recognition schemes which
work satisfactorily for smsll populations
often f£ail when the number of classes is
very large. One way of solving such
problems is to go in for multistage classi-
fication schemes., The basic technigue is
to successively reduce the number o
classes in several stages using one fea-
ture at each stage and when the number of
classes is less than a predetermined value
then the final decision is mzde. The
whole scheme is designed so that the pro-
bability of error is fixed at an accept-
able level. The computational cost of
such a multistage scheme depends on the
features used at each stage and the cost
of measurement of each fewture. The
features to be used at ezch stage are
deternined so as to reduce the average
computational cost for mzking = decision,
This procedure is formulated as & siochas
tic o2tinm control Dro)f znd 1s 111us—
trated by designing a speaker recognition
system for 40 sneaéero. The over%lf accu-
racy of the system is 97.

I, INTRODUCTION

In many pattern recosnition problems
of practical interest, such as fingerprini
classification, identifying = chemical
compound from its mass spectrozrsm and
identification of z person by his voice
for forensic and security apnlications,
the number of clgsses is very Zl.zaréz'e,seve.3
ral thoussnds or even tens of thousands 'l
¥ost of the published literature in patt-
ern recognition deals with 2 small number
of clasgses, around ten. lMethods which are
available for ten classes cannot be exten-
ded directly %¢c o very large number of
classes as both recognition error and
computation time increasse monotonically
with ponulqtlon size. Lor example, schemes
which work efficiently for ten speaker
recognition do not work qatl factorily
for larger populationsa~u

Multistage classification schemes
give bvetter “eﬂultc when the number of
classes is large. An zoprosch to this
probler is o5 follows: At firszt phese,
lcrre nunber of classes to which the
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given semple cannot belong to are rejec-
ted. This process could be executed as

a multistage decision process. The
resulting subset of the total classes

is carefully considered at the next vhase
for an absolute identification of the
clags label, The whole scheme is thus

a decision tree., The features to be

used at each node of the tree znd the
decision stratesy are evolved by mininigz.
ing a cost function,

A two stage classification scheme
using the apprOach outlined =bove was
used for speaker iﬂenylflcetion in g
population size of 30'4’, This was done
on a purely huristic basis znd no onti-
mization technique was used., In section
II, we give azn outline of this scheme,
and a systematic approzch to optimize
the decision tree based on stochastic

ontimal control.

IT. OPTIMIZATION OF IMNULTISTAGE

LASSIFIER

The multistage scheme pursued in this
study is = ievelooﬂent over the adhoc
2uatnre scheme introsduced in the eariier

study 4). The following a=sumptions sre

nzle,

1. The number of classes, K is very lsrge

2, When the number of classses is less
than or equal to ¢, we have 2 cood
¢classification scheme using a festure
viector Y, An =dditional festure set
X=9%q9s00.y Xyy is used to reluce
the Yobulation 8ize from ¥ to ¢

3. The feature Xqrees Xy are indepenient

4, Only one feature is used at ensch step

5. The class coxniitionzl density of esch
feature is normal with different
means and same variance,

6. The nixture density of each festure
for vopulation sizes a2bove ¢ is
Gaussian
- (4‘

In the earlier S*Uﬂv 'y we heove
shown that the number of cl gaes thet hne
40 be considzred for o flxe nrobebility
of rejecting = correct class is & non-
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linear function of (a) the observed value
of the feature, (b) the class conditional
variance and (c) the variance of the

mixture. In other words, the fraction of
the total number of classes that will be
picked up after using i features is given

by g; (@ 50550 a;) = £y(xg= ) ) (x=0,)

oo {x;=0;); and when K is large, n;=g;K.

So, the number of steps necessary to
reduce the given population size from X
to ¢ is a varisble quantity,.

With this background, we proceed to
the optimigzation of the multistage classi-
fier, i,e. zllotment of features at the
different stazes of the classifier so
that the overall cost of the whole scheme
is a minimum. The problem can be formu.
lated as follows:

e are given K classes. We have to
choose one feature at a sten from the
feature set X = X4 900Xy & and reduce the
population sige frod X %0 ¢. We assume
that the probability of rejecting a
correct class for each step is fixed. EZach
feature is associated with & cost of
meagurement Ci,J] =1y...8, After using one
feature, say ﬁi, depending on the outcome
the number of “classes will be reduced
from X to n.. If n. < ¢, we can proceed
to the second phase, i.e. classifying
using feature vector Y. If n; > ¢, we
have t0 use some other feature x.,x. €
9% - xig to further reduce the
nuinber 0f classes. This nrocedure is
continued till the number of cleosses be-
comes legss than or equal to c¢. The number
of steps necessary to arrive at the second
phase depends on the outcone of the fee-~
ture measurencnis snd hence is a random
varigble. Since the number of clazsses may
vary snywhere between ¢ to X, optimizat-
ion has to be done for each integer n,
¢ <n g K This is en impossible tssk,so
we divide the range from ¢ to K into a
muber of intervsls. That is, if ¢ < n
< cyy denote this range by L. If ¢ < n
< ey, denote by Ly_4 ete., 111 ¢, <"n X
dente by L,. When z feeiure is measured
21 a pertictlar stege where the numbers
of clesse: is in the range L., we csn go
to any L3, j > i, 3o, if we draw this
orocess 8 a declsion tree clessifier,the
jeeisicon tree will look 2s in Yig., 1. To
this tree fectures should be allotted in
an optimal way so0 as te minimize the
expected cogt,

o

#e can model the probvlem of optimi-
zing the decigion tree s = stochgstic
optimzl control nHroblen. Let us considey
tre stochsstic optimsl control problemd |

(1)

4 the state of the systen
inotent Bk 2 Yk ig the

B 3 o= 0 JI
Zrp1™ TrlEet Yk = Sl B

where 2-

% the tiue ~
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control variable,end P, is the plant
noise. Let the observations be given b
Vk = zk (2¥

The performance index is defined by
J =
k=1

When the stopping time M is a random
variableé the above formulation has a
general(9),

Rk(zk’ uk—l)’ Rk Z_ 0, (3)

e

(4)

The optimigzation problem is of finding
u, € Uy for minimizing the cost function
J"could be minimized with respect to ufdl
In the pattern recognition context
described =zbove, we can consider the
intervals Li,Lo,.. Dy as t states i.e,
when the number of clssses is in & parti-
cular rsnge denoted by L;, we say that
the system is in state L.. The state
itself is the observsblevas given in
eon.(2). Since we can reach fhe second
phase at any step, the stopping time M is
a random varisble., The new state{the
resulting number of c¢lzsses) depends not
only on the feature selected but also on
the velue of the feature. In other words,

R (8)
where Iy, 1s the number of classes at kth
step, ¥, € X - (Xl"' Xk_1> and ) is

the observed value of the feature. The
performance index is
M

£ R_(L_, x s M)
ket X Yk ka1 ?

This performance index has to be mini-
mized with resvect to the features Xq1%g

.X*.

. T

J = (6)

The transition from state Li to L.
(5> i) is probebilictic since’it J
depends on the outcome of the feature
measurenent. Since we have zgssumed full
knowledge of the probability distribut-
ions, we can compute the probability of
transition from state I; to L;. 48 a
result, we czn estimate the e%pected cosh

4t stcocte L., we can write the exvected
cost of using feature x_ as C(Li,x )=0m+
Zxpected cost of reaching the final
stzte from Li} {7)

cost of messurement of feature
{Xl"“ Xm-i%

If we know the optimum costs for all
states L, (j > i), we cen estimate the
exnected’cost of using feature x  at
state Lj. Let the transition probability
from Li" tc Li be PLi(Lj). Then the cost

where C_=
and
X, X, g



of using feature X at state Li is

o t

+ Z
m J=i+1
where S(Lj) is the expected cost of the
optimal decision rule at state Lj. So,
if we know S(Iy) for all Lj(j>i); then
we can find thg expected cost of using
X, at state Lj. Finally, choose that
feature which gives the minimum of C(Lj,
xm)y ¥ £ §%y» S0, the optimal
decision pdlicy at any state depends on
the particulsr stste and also the path
through which this state is reached.

To find the optimal decision at any
state, the optimal decisions of zll the
subsequent states is to be known., From
this it follows that the optimum decision
policy at the starting node can be found
by averaging out and folding back the
decision tree. To start with, the-expec-~
ted costs of the state It for a1l differ-
ent paths leading to Lt are computed.
Next, the expected costs of the state
L. 1 for all paths leading to Li_q are
computed, By going back in thig way, we
can arrive at the first node Li. The
optimizgtion cannot be done by the ususl
dynamic progrsmming procedure because the
features used once cannot be used again.

C(Lyoxy)= Py, (L) 8(Ly) (8)

L] .

III, SPEAXKER RECOGNITION EXPERIMENT

The multistage classification scheme
outlined in section II is used to design
a speaker recognition scheme for 60 male
speakers, based on two preselected code
words 'MUM' and ‘NUN'. The features that
are exsmined for use at the first stage
of the classifier are the formants of the
nasal sound /n/ of the word NUN and the
formants of the vowel /a/ in MUM., At the
second stages, 32 point autocorrelation
function over MUM is used for the final
clagsification. The value of ¢ is fixed
as 5 so that when the number of classes
picked up at the first stage is & or less
we go to the second stage to make the
fingl classification.

A tenth order linesr prediction ana-
lysis was used for extrescting the forman-
ts. The formants are extrscted frg@ the
differentiated LP nhase spectrum( . The
speech was sampled at 10 Kz and 256
samples of the oarticular sound (/n/ and
/a/) were used in the LP anslysis. The
dats set was of 25 uttersnces of fMUM!
and 25 uttersnces of 'NUY' recorded in a
single sitting in an Anechoic Chamber,
Ten of the uttersnces were used for
designing the system and the remsining
15 for testing the system,

We assume thst poth the class condi-
tionszl and mixture densities of the fgr-
mants sre normal. It has been shown in
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~ less,

an earlier study(4), that the fraction
of the total classes that has to be con-
sidered after using a particular feature
for a given probability of rejecting a
correct class depends on the ratio bet-
ween the variances of the class conditi-
onal digtribution and the mixture distri-
bution when the feature ig normally dis-
tributed. So, the discriminating power
of the feature ig higher when this ratio
is smaller. Since all the formants have
the same measurement cost, the formant
with the highest discriminating power is
used first, followed by the formant
having the next highest discriminating
power, etc., so that the average cost of
the scheme is minimum. The formants con-
sidered at the first phase are (1)fourth
formant of /n/, (2) second formant of /nj
(3) fourth formant of /a/, and {4) first
formant of /a/ in the order of Adiscrimi-
nating power. These four forments were
sufficient to reduce the population from
60 to 5 in all the cases. However, in
the majority of the cases, reduction to
5 was achieved with only 3 formants and
When the populstion fazlls to 5 or
less, 32 point autocorrelation function
is uged as feature with a minimum Buecli-
dian distance ?l?ssifier for the final
identificationl4), =~

The overazll accurscy of the whole
system was 97.2 ¥. . There were only 25
errors out of 900 test samples used,

IV, AN ALTERNATE APPROACH

In multistage speaker recognition
schemes, the computstional complexity
obviously increasses with the number of
stages due to incressing number of fea-
tures measured. In order to reduce this
complexity, a system which rejects a
congtant fraction of speskers at every
stage is azlso considered as an alternat-
ive the scheme of section II. Optimal
design of gsuch a classifier and an illue
strative experiment with three festures
are described in this section,

The problem ig to specify the first
feature to be mezsured and the second
feature as a function of the first fea-
ture outcome in such a wey that the
probability of  error is minimized. Reje-
ction of spezkers at every stage is on
the basis of updated class nrobabilities,
This is solved by a backwsrd recursive
computetion of the conditional expected
costs over a grzph of all nossible fes~
ture sequences, Flig, 2 shows such a
graph with three features fl,fg,fg.

Given an orlored outcome ¥yXjxy of
Teatures fi I; o (3,3, = 1,9,3%
iiéj%k)yl «i
conditionsl risk. Thig cen be computed
by updeting the class »robebilities and

5 Xk) ve the



rejecting the specified fraction of the
less probeble classes.

Rij(xi )= ffRijk(Xixjxk)p(xjxk/xi)dxj dxk

is the conditionszl expected risk given
that x; has been observed as an outcome
of fi and = dgeision to measure fj has
been taken, R, (x;)= Miﬁ CRij(xi),Rik(xi»

is the minimum conditional gxvected risk
given*xi. Similarly R; = fRi(xi)p(xi)dxi
and R = Hin (Rl,R2,R Yis the minimum risk.
The first festiire ana the second feature
as a function of .the first feature out.
come are Obtained by backtracking the
above procedure.

Three scalar features were used in
the experiment - third formants of vowels
in 'MEAN' (f1) and 'LAME' (fp) and the
pitch of the vowel in 'MEAN' (f3z) for
sixty four speakers. Three fourths of
the speskers were rejected at successive
stages. Testures were assumed to be
independent and normally distriduted.

4L computer design gave the following
results: Average pitch (fz) is the first
stage feature with its range divided into
eleven intervals with different second
stage features for each interval. The
theoretical probability of error is 0.295.

The classifier was tested with the
design set snd an independent test set.
The design set error rate was 0.286 and
the test set, error rate was 0.361. These
results should be viewed in comparison
with the design set 3syes error of 0,26,
The Bayes clessifier requires considerably
higher computsztion,

V. CONCLUSION

Speaker recognition problem when the
nuaber of spenkers is very large can be
solved by a multistege classifier which
can be implemented as = decision tree,
The ontimigation of this decision tree to
minimize the expected cost is formulated
as stochastic optimal control problem.
This scheme was used for designing and
testing a speaker recognition scheme for
80 gpeskers. The overall accuracy of the
systen was as high as 97.2 The
alternnte scheme of section IV using
formants =nd average pitch has not given
accurscies comperable to forments and
autocorrelation function,

oo
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