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Abstract

This paper shows that the performance of a Gaussian Mixture
Model using a Universal Background Model (GMM-UBM)
speaker verification (SV) system can be further improved by
combining it with threshold and speaker identification (SI)
“front-ends.” The paper formulates performance in terms of
false rejection rate and false acceptance rate of the overall SV
system. We show analytically that an Sl-based front-end can
significantly decrease the false acceptance rate and only results
in a slight increase in the false rejection rate. Experimentally we
use a subset of NIST 2001 speaker recognition corpus with 10
registered speakers of 20 utterances against 10 imposters of 960
utterances. The results show significant reduction in the false
acceptance rate, from 3.5% down to 1.0% (i.e. 71% error
reduction) while maintaining the same zero false rejection rate.

1. Introduction

The state of the art GMM-UBM speaker verification system
can be further improved. One way is to use discriminative
kernels like the score-space kernel, which has reported to
achieve 34% error reduction [1]. This paper focuses on another
method to combine different verification techniques like the
threshold and the identification front-end, and we have achieved
71% error reduction in experimentation.

Three speaker verification methods are shown in figure 1:
(a) the threshold-based method, where the decision of rejection
or acceptance is based on a threshold associated for each
speaker GMM model which was chosen so that the false
rejection rate (FR) and the false acceptance rate (FA) satisfy
certain criterion, such as FR equals FA, or FA < 90%, etc. (b)
the UBM-based method, in which a universal background model
(UBM) [2] is created from all the registered speakers, and is
used to against the individual models for binary classification.
(c) the SI-based method, where the similarity score is calculated
exhaustively for each speaker model in the database. The best
matched model in agreement with the claimed identity can lead
to accept decision. Here we used similarity to generalize the
matching score, which can be the logarithm-likelihood in the
GMM model [3] or the inverse of the distance measure in the
VQ model [4].

This paper studies several approaches to combine these three
different methods into a more robust decision system. We will
show performance improvement in detail when the method (c) is
used as a first stage process cascaded before the method (a) or
(b). For that reason, method (c) is called the identification front-
end. Then the method (a) and (b) are further employed either
alone or combined together as follows to provide the best
performance. If both (a) and (b) accept results in a final accept
decision, and if either (a) or (b) reject results in a final reject
decision. The same mechanism can also be used to enhance the
speaker identification system, in which the verification threshold
or an universal background model can be used to eliminate false

identifications for test voices from unregistered speakers that
have no corresponding voice models in the system database.

This paper is organized as follows. The section 2 first
formulates the performance indexes of proposed system, and
then the section 3 analyzes those equations for the speaker
verification task. The section 4 presents the results from NIST
2001 speaker recognition corpus experiments. The section 5
draws conclusions.
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Figure 1 — Illustrations of speaker recognition systems; (a) the
individual threshold-based speaker verification system; (b) the
UBM-based speaker verification system; (c) the speaker
identification (SI)-based speaker verification system.

2. Performance Formulation

For the simplicity, the following analysis assumes the
combination of methods (c) and (a), but same analysis can also
be applied to the combination of methods (c) and (b) if the log-
likelihood scores were replaced with the log-likelihood ratios.

Let a speaker recognition system have N, registered
speaker models. Given N testing voices from registered
speakers, and N, testing voices from imposters, there can be
N, *(N,+N,) possible matching scores s(M) between a

testing voice and a model M , as illustrated in figure 2.
Let N, be the total number of correct acceptances among

N, registered speakers’ testing voices. Let Np be the total
number of correct rejections among N, imposters’ testing

voices. Let N be the total number of correct identifications



among N, registered speakers’ testing voices. The performance
indexes of a combined SV system of (c) and (a): the false
rejection rate Rpp , the false acceptance rate Rp,, and the

speaker identification rate R, can be calculated as follows.
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Figure 2 - All possible matching scores of a speaker
recognition system for Ny voice models, N; testing
voices from registered speakers and No testing voices

from imposters.
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where the denominators are the total number of events that will
happen and numerators are the true events. For example, the
voice from imposters should all be rejected, thus the total
number of events is N N, . The voice from registered users

should only be rejected for incorrect models, thus the total
number of events is N, (N,, —1), as in (2).

For threshold-based speaker verification system, the score is
only calculated between a testing voice and a claimed identity
voice model, and then compared with a threshold for acceptance

or rejection. Its false rejection rate Rppr(7) and false
acceptance rate Ry, (7) for a give threshold 7 are

determined by the corresponding conditional probabilities as
follows:

N,
Rpgp(T)=1-—54
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=1-P(s(M)=T|vOM) N, -
N,
Rpyr(T) =1~ -
NoNy + N, (N, 1) 5)

=1-P(s(M)<T|vOM) N,+N, -

For a combined speaker verification system that uses the
identification front-end, the scores of a testing voice for all the
voice models are calculated. If only the identification output or

the model with the maximum score, agrees with the claimed
identity model, the score is then compared with a threshold for
further rejection of imposters who do not have a model in the

system. Its false rejection rate R ;(7") and false acceptance

rate Ry, ;(T) forathreshold 7' are given as follows:
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where (6) is due to that only correctly identified voice from
registered users using the identification-based front-end can be
further correctly accepted using the threshold-based SV system.

The equation (7) can be explained as follows. The first term is
due to the fact that the correct identification of a voice from
registered users will also reject it from the rest N,, —1 wrong
models, and the total number of events of correct identification
of voices from registered users is Ny (N, -1)- The second
term is due to the fact that even an incorrect identification of a
voice from registered users will also correctly reject it from the
rest N,, —2 wrong models, and the total number of events of
incorrect identification of voices from registered users is
(N, = N, )(N,, —2)- The third term is due to the fact that the

identification process will always correctly reject a voice from
imposters for N,;, —1 wrong models, and the total number of
these events is »(N, —1). The fourth term is due to the fact
that the threshold-based verification as in (5) is only for the

imposters and thus the total number of events is the total
number of imposters times the probability of correct rejection.

3. Performance Analysis

To compare the two verification systems, we can compute
and compare the performance indexes (4) versus (6) and (5)
versus (7). One can derive that (7) is a monotonic decreasing
function with respect to N,,, as the partial derivative of

Ry ;(T) with respect to N, is always less than zero, and

furthermore the Rp, ,(T') will approach zero as N,

approaches infinity.
Assuming a uniform posterior distribution of the
identification results:
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Therefore, it can be concluded that the following is true in
general.

Rpg 1 (T) 2 Rg 7(T)

Rpy 1 (T) <<Rpy 7(T) when Ny >>1 (10)

In other words, the identification front-end can drastically
decrease the false acceptance rate but with a small increase of
false rejection rate. The latter can be compensated up to the
identification rate limit, i.e. 1 — R, by lowering 7 so that

P(s(M)>T|vOM) »1. If P =P(s(M)2T|vOM),
P =P(s(M)<T|vOM), P,=PEM)<T|vOM),
the figure 3 top plot assumes constant probabilities, while in the
bottom one, P, is decreasing proportionally with N, and
constant others. In any case, (10) is indeed true.
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Figure 3 — Theoretic speaker verification performance
indexes plots: (a) P¢=0.9, P;=0.91, P»,=0.85, Rp=0.98,
No=100, N=20; (b) Pp=0.9, P;=0.91, P»=0.85/Ny;, Rip=0.98,
No=100, N1=20.

4. Experiments

Speech signals from 20 different identities (10 male and 10
female) are taken from NIST 2001 speaker recognition corpus
in “devtest-training” section. 10 of them are used as registered
users, and 10 are used as imposters. The wave files are cut into
several pieces each 10 ~ 20 sec length, 16 bit and 8 KHz. For
the 10 registered users, 2 pieces are used for testing, 4 ~ 8
pieces are used for orthogonal GMM [5] individual model
training, and rest 2 ~ 3 pieces are grouped together for UBM
training. For 10 imposters, all the pieces are used for testing,
and each piece will test all the 10 registered users.

All the speech signals are converted into feature vectors of
MEFCC coefficients [6]. 10 individual models and one UBM are
created from the training feature vectors, corresponding to
registered speakers, with id listed in the first row of table 1.
Each testing utterance from both registered speakers and
imposters is then used to compare with each model to generate a
normalized logarithm likelihood score, as shown in table 1.

Table 1 — Normalized log-likelihood scores of a GMM
system with 10 registered models with id listed in the
first row and 980 testing voices of 20 from registered
users and 960 from imposters. Threshold values are
underlined.
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