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Abstract

Under Bayes statistical decision framework, this paper ad-
dresses statistical modelling and determination of thresh-
olds for speaker verification systems. It is pointed out
that speaker-dependent between-speaker score distribu-
tion is bi-modal, as opposed to common believe that
the distribution is normal. Previous mono-modal mod-
elling of between-speaker score distribution is then ex-
tended to bi-modal modelling. For a text-dependent ap-
plication, experiments are reported which compare veri-
fication results with speaker-independent unique thresh-
old, speaker-dependent mono-modal distributions and
speaker-dependent bi-modal distributions. It is observed
that speaker-dependent thresholds give dramatic error re-
duction, as compared to unique threshold and that bi-
modal and mono-modal distribution models give very
close verification results. For a 200 speaker database, us-
ing 1 sec of test speech, the resulting system resulted in
a 0.65% mean verification error.

1 Introduction

Speaker verification consists in deciding either accept-
ing or rejecting an identity claim, based on some voice
data of the claiming speaker. The performance of the
speaker verification depends on two critical parts of
the system: acoustic modelling and scoring of speak-
ers on the one hand, and the determination of thresh-
olds for decision making on the other hand.

Speaker acoustic modelling builds a discriminant
parametric model for each speaker. A model should
give a high score for the speaker which it has been
trained to, and a low score to other speakers. Tech-
niques such as Gaussian mixture models [1, 2] hid-
den Markov models [3, 4, 5], artificial neural networks
[6, 7, 8], long-term statistics acoustic features [9] and
vector quantisation of acoustic space [10, 3, 11], have
been applied to speaker verification. Most of them
are common to speech recognition.

A threshold 6 is such a score value that a claim will
be accepted (rejected, respectively) if the score for the
claimed speaker is higher (lower) than §. Thresholds
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should be chosen such that the performance of the
verification is optimised. This paper addresses statis-
tical modelling and determination of thresholds for a
speaker verification system.

Most systems use speaker-independent unique
threshold which, as shown by our experiments,
severely limits the performance. Bayes decision
framework can be applied to thresholding problem
[12, 8] to obtain speaker-specific thresholds which
minimise an average conditional risk [13]. How-
ever, the result depends on the modelling of prob-
ability density functions (pdf), which are specific
to speaker verification. When applying speaker-
dependent threshold, two types of pdf’s are in-
volved: between-speaker and within-speaker score
pdf’s. Between-speaker pdf’s are usually assumed
Gaussian [12, 8], which may not be adequate. It
is therefore interesting to know whether a mixture
of Gaussian models would outperform mono-modal
modelling proposed in earlier work. This paper
presents some result on the pdf modelling.

2 Strategies for thresholds

Under Bayes framework, the determination of thresh-
olds is based on the between- and within-speaker
score statistical distributions. About these distri-
butions, the following observations on experimental
data may be pointed out:

e The between- and within-speaker score distribu-
tions are speaker-dependent.

o Within-speaker distribution of a speaker can be
adequately modeled by a normal pdf, as most
authors do.

e The histogram of a speaker-dependent between-
speaker distribution generally suggests a mixture
of two Gaussian-like pdf’s, as shown in Fig-1.
Further study reveals that the lower peak corre-
sponds to the scores by speaker models of oppo-
site sex and the higher one to that of the same
sex.
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Presently most systems use speaker-independent
thresholds trained with between-speaker scores of all
speakers in the database. Normal pdf modelling of
the pooled between-speaker scores hides the fact that
the between-speaker scores of a specific speaker may
be a non-normal distribution, as Fig-1 indicates.

Based on above observations, in this paper be-
tween speaker distributions are studied in three dif-
ferent ways: no between-speaker model where an
unique optimal threshold is determined, speaker-
dependent between-speaker pdf mono-modal model,
and speaker-dependent between-speaker bi-modal
mixture pdf model.

3 Verification decision

In speaker verification, the score z of an utterance
given by the acoustic model of the claimed speaker &
may be evaluated using either the acoustic model of
speaker k or a model from a speaker other than k. We
introduce the set of two events {W},, By} for &, where
Wy and Bj denote respectively within speaker and
between speaker evaluation. Let d(2) be the decision
of a verification result, i.e.: d(z) = W) means that
claim k is accepted and d(x) = By means that claim
k is refused, or the speaker is actually an imposter.
Any decision made is subject to two types of errors:

((d(z) =Wi)/Br) (1)
((d(z) = Bp)/Wi)  (2)

i.e., a claim by an imposter is accepted (Eq-1), and a
true claim is refused (Eq-2).

Let L(j/i) € IR be the risk incurred when
((d(z) = j)/i), where ¢,j € {Wx, By}. For exam-
ple, L(W}/Byg) is the risk of false acceptance and
L(By/Wy) is the risk of false rejection. Correct deci-
sions are assumed to incur zero risk L(z/7) = 0. Since
for any decision d(«) = 7, the risk may come from all
possible ¢, the conditional risk of making the decision
d(z) = j, given x is:

r(ile)= )

i€{Wy,Br}

false acceptance

. A
false rejection =

L(j/5)Pr(i/z) (3)

where Pr(i/z) is the a posteriori probability of the
event i € {Wg, Br }:

Pr(ifz) = p(a/i)Pr(i)/p(z) (4)

In Eq-4, p(/7) is the pdf to observe « given the event
i, Pr(i) is the a priori probability of the event 7, and
p(z) is the pdf of z. The Bayesian decision rule con-
sists in taking the decision which minimises the con-
ditional risk of decision [13]:

d(z) = argmin r(j/z)
JE{Ws,Bx}

= argmin E

JEIW,Br} i€{Wx,Bx}

L(i/D)p(e/i) Pr(i) (5)
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Let 8 be the 2 that represents a decision threshold.
It can be shown that to minimise total risk, ¢, must
satisfy:

(Wi /0x) = 7(Bx/0k) (6)
which gives:
(0 /W) _
—_— =P [ {
p(6i/Bs)  F " @)
where
/> 3

T L(Br/Wy) Pr(Wr)

are called the risk ratio and a priori probability ratio,
respectively.

We model within-speaker density p(z/Wy) by nor-
mal a pdf, and between-speaker density p(z/By) by
a mixture of normal pdf’s:

pla/We) = N(zpp,of) (8)
C
p(z/Br) = Y N@pPoof) fre (9)

where " and ¢}/ are respectively the mean and
variance of the within-speaker scores, pf} . and UE’ .
are respectively the mean and variance of the the ¢t?
component of the between-speaker pdf, and f . is the
prior probability of the ¢** component.

For mono-modal case (C=1) §; can be given in a
closed form [12, 8]. For bi-modal case, either EM
[14] or LBG [15] algorithm can be used to iteratively
obtain the parameters.

4 Experiment settings

We recorded in a office room a database from 200
speakers, including 56 females. Each of them was
asked to utter a three-words French phrase (cent
beaux papis (/sabopapi/)) five times, denoted 7} to
Ts.

Speech signal, sampled at 16kHz, is parametrised
by 17** mel-scale cepstral analysis with 32ms Ham-
ming window each 10ms. All utterances are phonet-
ically labelled by an automatic procedure. Speech
segments of four phonemes (/a/, /o/, /a/, /i) are ex-
tracted, for training and evaluating the verification
system.

The speaker acoustic models are based on an ap-
proach which exploits speaker-specific acoustic corre-
lations between two sets of parameter vectors relat-
ing to the same speaker. A non-linear vector inter-
polation technique is used to capture speaker-specific
information through least-square-error optimisation
[7, 8]. In the tests bi-modal mixture pdf parameters
are resolved using LBG algorithm.
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From the available data, we designed five assess-
ment sets using the jackknife procedure so that each
repetition can be open-tested. For each of the five
data set, we have 200 true claim trials and 200-(200—
1)} = 39800 false claim trials. The parameters of the
within- and between- speaker score pdf’s for the ut-
terance 7; are estimated from the scores obtained us-
ing all 75, j # <.

5 Experimental results

Averaged over 200 x 5 tests, speaker recognition error
rate was 2.8%, which gives an idea of the accuracy of
the speaker acoustic models. Half of the errors are
found in the first repetitions.

In order to globally evaluate verification results, the
mean verification error rate (MEAN) [16], i.e. the
average of false acceptance error (FACC) and false
rejection error (FREJ) is calculated.

Fig-2 summarises the verification result of spealker-
independent unique verification threshold. For this
type of threshold, the best mean verification error
2.51% is obtained at the threshold 0.55.

Fig-3 and Fig-4 give the verification result of re-
spectively mono-modal and bi-modal pdf models.
Given Ly (for example 1.0), mono-modal (0.595)
between-speaker pdf models results in higher thresh-
olds than bi-modal one (0.584). This observation is
expected since mono-modal gives a blurred distribu-
tion due to the mismatch between the models and the
data.

Mono-modal modelling gives an minimum global
mean verification error of 0.66% at Ly = 0.7. Bi-
modal modelling also gives an minimum global mean
verification error of 0.65% but at Ly = 1.4.

Fig-5 plots false acceptance error against false re-
jection error for mono-modal and bimodal modeling.
There is no significant difference between the two.

6 Conclusion

On a text-specific very short utterance speaker verifi-
cation task of 200 speakers, we experimented several
verification threshold modelling strategies.

Speaker-specific thresholds definitively outperform
speaker-independent unique threshold. In terms of
mean verification error rate, using speaker-specific
thresholds instead of unique one divides the number
of errors by a factor of four.

In our experiments, bi-modal and mono-modal pdf
modelling give very close verification results. The in-
accuracy of mono-modal modelling can be compen-
sated by suitably tuning the verification risk ratio.

Speaker-specific thresholds derived from Bayes de-
cision theory has the advantage of having good the-
oretical justification and being flexible for different
personalised speaker verification purposes. The bal-

EUROSPEECH ’95, Madrid, Spain, September 1995

ance between false acceptance and false rejection er-
rors of each individual speaker can be adjusted by
specifying suitable risk ratio for each speaker.

Under controlled condition, over a population of
200 speakers, our system demonstrates a 0.65% mean
verification error, using four phonemes in one 1 sec-
ond test utterance.
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Figure 1: Typical speaker-specific between speaker
score distribution. Acoustic models are those de-
scribed in [7]. Scores are normalised to [0,1]
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Figure 2: Verification error percent as function of
threshold for speaker-independent threshold
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Figure 3: Verification error percent as function of L
for mono-modal pdf modeling

Figure 4: Verification error percent as function of Ly
for bi-modal pdf modelling
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Figure 5: False acceptance error against false rejec-
tion error for mono-modal and bimodal modelling
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