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Abstract

This paper implements and assesses the Bayes factor as a
replacement verification criterion to the likelihood-ratio
test in the context of GMM-based speaker verification.
An advantage of the Bayesian method is that model pa-
rameters are considered random variables, allowing for
the incorporation of prior information and uncertainty of
parameter estimates into the scoring process. A novel de-
velopment of Bayes factors for GMMs is presented based
on incremental adaptation that is well-suited to inclusion
in existing state-of-the-art GMM-UBM systems. Experi-
ments on the 1999 NIST Speaker Recognition Evaluation
corpus demonstrate improved performance over expected
log-likelihood ratio scoring particularly when combined
with the feature mapping technique.

1. Introduction

Over the past decade, speaker recognition technology has
advanced to the extent that it is sufficiently accurate for
use in real applications. However, to date the range of
these applications falls well short of the extensive possi-
bilities for the technology.

While current state-of-the-art text-independent
speaker verification systems are capable of equal error
rates (EER) of 5-10%, most applications require an
EER in the order of 0.1%. It is clear that there are still
significant improvements required.

Many of the techniques used in current speaker ver-
ification technology require vast amounts of contextual
acoustic data to adapt the system to a particular situa-
tion or application of interest. Most advances in speaker
recognition in recent times (in very general terms) have
been developments that find ways to utilise more data
to train, adapt or otherwise fortify speaker recognition
systems in adverse conditions. Techniques that fall
in this category include the introduction of Universal
Background Models (UBM) [1], handset type and test-
segment normalisation (HNorm and TNorm) [2].

This paper presents an improved scoring method for
GMM-based speaker verification systems by employing

a Bayesian approach to analysing the underlying veri-
fication problem. The resulting technique replaces the
commonly used likelihood-ratio test (LRT) with a crite-
rion based on Bayes factors [3]. Hypothesis testing using
Bayes factors has several advantages over non-Bayesian
approaches including the ability to evaluate evidencein
favourof the null hypothesis and to incorporate prior in-
formation into the scoring process analogous tomaximum
a posteriori(MAP) adaptation for model training.

The work presented herein was motivated by the ap-
plication of Bayes factor scoring to speaker verifica-
tion championed by Jiang and Deng [4] and while it
adopts their central theme several significant implemen-
tational choices differentiate this work from its predeces-
sors. Firstly, an incremental Bayes learning approach is
used for calculating Bayes factors for GMMs instead of
a Viterbi approximation method. Secondly, the method
presented is more suited to current state-of-the-art sys-
tems based on a GMM-UBM approach and MAP adap-
tation; it is effectively a drop-in replacement scoring
method. Results are also presented on the combination
of Bayes factor scoring and the feature mapping tech-
nique [5] to reduce the impact of telephone handset mis-
match.

Section 2 presents speaker verification (and the verifi-
cation problem in general) in terms of a statistical hypoth-
esis test, proceeding to develop the decision criterion for
verification under a Bayesian framework, resulting in the
Bayes factor. The traditional LRT is presented to contrast
the approaches.

In Section 3 the Bayes factor scoring of GMMs is
derived and the implementational aspects of the speaker
verification system used for experimental comparison are
presented. The feature mapping technique is also re-
viewed in this section.

Sections 4 and 5 detail the experiments performed
and results achieved when comparing the LRT based
speaker verification system to the proposed Bayes fac-
tor scored system and the Bayes factor with feature map-
ping system. These experiments target conversational
telephony data and are based on the NIST 1999 Speaker
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Recognition Evaluation protocol.

2. Bayes Factors

Speaker verification, and verification problems generally,
can be considered in the framework of statistical hypothe-
sis testing. In the case of speaker verification, the hypoth-
esis under scrutiny,H1, is that an utterance was produced
by the claimant speaker. The null hypothesis,H0, is sim-
ply that the utterance was produced by another speaker.
Under this scenario, the appropriate statistic for testing
the hypotheses is the posterior odds ofH1 given by

P (H1|D)
P (H0|D)

(1)

whereD is the available data evidence andP (Hk|D) is
the a posterioriprobability of the hypothesisHk given
this evidence. Applying Bayes theorem to numerator and
denominator, (1) becomes

P (H1|D)
P (H0|D)

=
P (H1)
P (H0)

× P (D|H1)
P (D|H0)

(2)

It can be readily seen that the posterior odds are the
prior odds scaled by a factor dependent on the evidence.
This scaling factor is theBayes factor[3], denotedB10,

B10 =
P (D|H1)
P (D|H0)

(3)

The Bayes factor can be used directly as a deci-
sion criterion for verification, with an easily interpreted
threshold if the prior odds are known.

Typically, the available evidenceD consists of the
test utterance,y, and sample information from each class
(i.e., training data), represented byX1 for the claimant
andX0 to represent the “all other speakers” class (com-
monly referred to as the background speaker). Incorpo-
rating this data, the posterior odds become

B10 =
P (y, X1, X0|H1)
P (y, X1, X0|H0)

(4)

For this paper we are particularly concerned with the
solution of (4) incorporating a parametric model structure
for each class (Gaussian mixtures). Under a Bayesian
framework, the model parameters are consideredun-
known random variableswith a probability distribution,
allowing for the case of incomplete data and uncertainty
in parameter estimates. Thus the densitiesP (D|Hk) in
(3) are calculated by integration over the model parame-
ter space (instead of maximising).

P (D|Hk) =
∫

p(D|λk,Hk)p(λk|Hk)dλk (5)

whereλk is the vector of unknown parameters for the
model representing classk. Assuming independence of

the training and test data and utilising Bayesian incre-
mental learning [6], (4) becomes

B10 =
∫

p(y, X1|λ1)p(λ1)dλ1 ·
∫

p(X0|λ0)p(λ0)dλ0∫
p(X1|λ1)p(λ1)dλ1 ·

∫
p(y, X0|λ0)p(λ0)dλ0

=
∫

p(y|λ1)p(λ1|X1)dλ1∫
p(y|λ0)p(λ0|X0)dλ0

(6)

In this paper, the factor in (6) is used as the crite-
rion for verification. Although this Bayes factor requires
integration over the entire parameter space (comprising
thousands of dimensions in the high-order GMM case),
a method for efficiently calculating an approximation is
presented in Section 3.1. The next section derives the
likelihood ratio test (LRT) as a special case of the Bayes
factor approach highlighting the constraints and assump-
tions implied by the LRT.

2.1. The Likelihood Ratio: a Special Case

Under the assumption that both hypotheses are repre-
sented by probability distributions with no free param-
eters, (4) resolves to the familiar likelihood ratio—this
is known as the “simple-vs-simple” case [3]. Addition-
ally, under the strong condition that the probability distri-
butions are exactly known, the Neyman-Pearson Lemma
suggests that the likelihood ratio is in fact the most pow-
erful criterion. Therefore, (6) becomes

B10 =
p(y,X1|λ1)p(X0|λ0)
p(y,X1|λ1)p(X0|λ0)

=
p(y|λ1)
p(y|λ0)

= Λ10 (7)

whereλ1 and λ0 are the estimated parameters for the
claimant and background models respectively.

It follows from these conditions that by using the like-
lihood ratio we are assuming that our model parameters
are constant and estimated perfectly.

3. GMM Speaker Verification using Bayes
Factor Scoring

This section describes the incorporation of Bayes factor
scoring into an existing speaker verification system [7]
based on the GMM-UBM [1] structure. Section 3.1 de-
rives the Bayes factor scoring criteria for Gaussian mix-
ture models while Section 3.2 describes some of the prac-
tical implementation issues and efficiency improvements
used in this research. Finally, Section 3.3 describes the
use of feature mapping to reduce observed mismatch.

3.1. Bayes Factor Scoring for GMMs

To evaluate Bayes factors for GMMs it is necessary to
evaluate the Bayesian predictive density (5)

p(X|H) =
∫

p(X|λ)p(λ)dλ (8)



with the model density function given by

p(X|λ) =
T∏

t=1

N∑

i=1

wig(xt|µi,Σi) (9)

with the constraint of diagonal covariance matrices

g(x|µi,Σi) =
D∏

d=1

1√
2πσ2

id

exp
{
− (xd − µid)2

2σ2
id

}

(10)
Following from common practice in MAP adaptation of
GMMs and supporting experimental evidence, only the
component Gaussian means are considered for adapta-
tion in this work. Consequently the prior distribution for
λ = {µ1, µ2 . . . µN} is [8]

p(λ) =
N∏

i=1

g(µi|Θi) (11)

whereΘi = {τi, mi} are the set of hyperparameters with
τi > 0 andmi is aD-dimensional vector andg(µi|Θi)
is given by

g(µi|Θi) =
D∏

d=1

√
τi

2πσ2
id

exp
{
−τi(µid −mid)2

2σ2
id

}

(12)
Jiang and Deng [4] approximate the solution of (8) by
performing the Viterbi approximation of [9], effectively
assigning each sample to a single component Gaussian.
In contrast, we adopt an incremental approach by updat-
ing the model prior density after each observation using
incremental Bayesian learning. Hence, (8) simplifies to
the iterative evaluation of

p(X|H) =
T∏

t=1

∫
p(xt|λ)p(λ|X(t−1))dλ (13)

whereX(t−1) = {x1,x2 . . . xt−1} is the set of obser-
vation vectors precedingxt. Under this interpretation,∫

p(xt|λ)p(λ|X(t−1))dλ simplifies to a weighted sum of
integrals over the component Gaussians,

∫
p(x|λ)p(λ|X)dλ

=
M∑

i=1

wi

∫
p(x|µi)p(µi|X)dµi (14)

where

∫
p(x|µi)p(µi|X)dµi =

D∏

d=1

√
τi

2πσ2
id(τi + 1)

exp
{
−τi(xid −mid)2

2(τi + 1)σ2
id

}
(15)

The update equations for the prior distribution hyper-
parameters are equivalent to the MAP update equations
for GMMs

τ ′i = τi + P (i|x) (16)

m′
i =

τimi + P (i|x)x
τi + P (i|x)

(17)

whereτ ′i andm′
i are the updated hyperparameters after

observingx and

P (i|x) =
wig(xt|µi,Σi)

p(x|λ)

is posterior probability of mixture componenti producing
the observation. From the above equations, it can be seen
that Bayes factor scoring can in fact be implemented as
incremental MAP adaptation with adjusted variances to
compensate for uncertainty in the component means. It
should be noted that both the claimant and background
models are scored in this fashion.

3.2. Implementation in a Speaker Verification System

Several issues remain with respect to the practical imple-
mentation of Bayes factor scoring within a speaker veri-
fication system.

Firstly, the discussion above doesn’t mention the ini-
tial values for the prior distribution hyperparameters,
Θ = {mi, τi|i = 1, 2 . . .M}. For all models the ini-
tial values of the hyperparameters are the same; the prior
means are derived from the UBM (as is the case with
MAP adaptation) and allτi are set to the MAP adapta-
tion “relevance factor,”τ . These values are then updated
as a result of the training procedure; the prior means be-
come the MAP adapted means andτi is the sum of the
relevance factor and the probabilistic count for mixture
componenti. The probabilistic counts from model train-
ing must therefore be recorded. The model training pro-
cedure consequently has a slightly different interpretation
under this scheme as it adapts theprior distribution hy-
perparameters to be speaker dependent rather than esti-
mating a speaker dependent model directly.

For testing, the background model hyperparameters
are set to the initial values. An interpretation of this is
that, at the start of a test utterance the background model
effectively representsno speaker in contrast to the usual
interpretation of representing many unknown speakers.
To be verified a claimant speaker model has to bemore
like the test utterance thanno speaker as the background
model will adapt more rapidly toward the test utterance
than a trained model.

Secondly, for efficient evaluation of the Bayes factor
a top-N scoring strategy is employed that works similarly
to thetop-N expected log-likelihood ratio (ELLR) scor-
ing [1]. This also implies that only theN highest con-
tributing components of a model are updated by an obser-



vation; a positive side-effect of this is the reduced poten-
tial for numerical accuracy issues in the update step. All
experiments in this study useN = 10. It should be noted
that even withtop-N scoring Bayes factor scoring is more
computationally expensive than ELLR scoring due to the
extra effort in incrementally adapting the means.

3.3. Feature Mapping

The recently published feature mapping technique [5] is a
handset type normalisation technique similar in approach
to Speaker Model Synthesis [10] however it is interpreted
as a feature-space approach. This has the advantage of
reducing the apparent mismatch in features observed by
the speaker models.

Feature mapping learns a set of non-linear trans-
formations from a known set of contexts to a com-
mon, context-independent feature space. The transfor-
mation for each context is derived by adapting a context-
dependent GMM from a context-independent root model
using labeled data.

Given an utterance the most likely context dependent
model is detected; each feature vector is then transformed
to the context-independent space by applying the map-
ping

y =
(
x− µCD

i

) (
ΣCD

i

)−1

ΣCI
i + µCI

i (18)

where i is the top scoring component in the selected
context-dependent model.

For the purposes of this study the relevant contexts
represent the different telephone handset types encoun-
tered in the 1999 NIST Evaluation corpus which corre-
spond to the electret and carbon-button transducer types.
The root context-independent model was also used as the
verification system UBM (although this is not a require-
ment) and the context-dependent models were trained us-
ing MAP adaptation of mixture component means and
variances.

4. Experiments

The recognition system used in this study utilises fully
coupled GMM-UBM modelling using iterative MAP
adaptation and feature-warped MFCC features with ap-
pended delta coefficients, as described in [7]. An adapta-
tion relevance factor ofτ = 8 and 512-component mod-
els are used throughout.

For this evaluation, the NIST 1999 Speaker Recog-
nition Evaluation database was used. (For further in-
formation see [11].) This database is an excerpt of the
SWITCHBOARD-II Phase 3 telephone speech corpus in-
cluding a collection of 230 male and 309 female target
speakers, each providing approximately two minutes of
enrollment speech. There are 1448 male and 1972 fe-
male test segments of up to one minute in length. Of par-
ticular interest with this database is the emphasis placed

on the varying levels of mismatch represented. The re-
sults are categorised into three subsets; SNST, DNST and
DNDT in order of increasing mismatch between train-
ing and testing conditions. The SNST or Same Number
Same Type represents the least mismatched case. Here
Type refers to the telephone handset type, either electret
or carbon-button transducer. DNST is Different Number
Same Type, and DNDT is the most mismatched and poor-
est performing set indicating that different handset types
were used for training and testing.

5. Results and Discussion
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Figure 1: DET plot of NIST99 results compares Bayes
factor (solid) and ELLR (dashed) scoring for the SNST,
DNST and DNDT conditions.

Figure 1 compares the detection error trade-off (DET)
curves of Bayes factor and ELLR scoring for the NIST99
data with equal error rate (EER) and minimum detection
cost function (DCF) [11] presented in Tables 1 and 2.
Generally improved performance in the low false alarm
region is attained with the Bayes factor method, with up
to a 17% improvement in DCF observed in the SNST
case. The DET plots demonstrate a trend of a counter-
clockwise rotation of the Bayes factor curves compared
to ELLR scoring which is reflected by the improvements
in the minimum DCF results reported in Table 1. As-
suming Gaussian output score distributions, the observed
reduction in DET curve slope would indicate a propor-
tional reduction in the ratio of standard deviations of im-
postor to target trial score distributions [12] (termed the
σ-ratio). This however does not seem to be the case as
Bayes factor scoring results in increasedσ-ratios (by 16%
in the SNST case) as presented in Table 3. Further in-
vestigation of the negentropy [12] statistics suggests that
Bayes factor scoring produces target score distributions



ELLR Bayes FM Bayes

SNST 0.0240 0.0199 0.0206
DNST 0.0412 0.0349 0.0362
DNDT 0.0713 0.0741 0.0690

Table 1:Minimum DCF results for NIST99 of ELLR scor-
ing and Bayes factor scoring with and without feature
mapping applied for the SNST, DNST and DNDT condi-
tions.

ELLR Bayes FM Bayes

SNST 4.5% 4.5% 4.6%
DNST 8.2% 9.1% 8.9%
DNDT 18.9% 21.1% 18.8%

Table 2: EER results for NIST99 of ELLR scoring and
Bayes factor scoring with and without feature mapping
applied for the SNST, DNST and DNDT conditions.

that exhibit a better match to the Gaussian assumption.
The negentropy statististics are also presented in Table 3
for both the target and impostor distributions, with lower
values indicating distributions closer to being Gaussian.
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Figure 2: DET plot of NIST99 results for Bayes factor
scoring, with (solid) and without (dashed) feature map-
ping applied for the SNST, DNST and DNDT conditions.

It is also noted that the results indicate a reducing ef-
fectiveness of Bayes factor scoring as mismatch increases
resulting in worse performance in the DNDT case com-
pared to standard ELLR. It is hypothesised that while the
Bayes scoring method is more effective than ELLR scor-
ing at discriminating between speaker classes, it is sig-
nificantly more affected by (the common case of) mis-
matched features. Motivated by this hypothesis, the re-
cently published feature mapping technique [5] was ap-
plied to reduce the apparent mismatch in features ob-

J×10−2 (target/impostor) σ-ratio
ELLR Bayes ELLR Bayes

SNST 9.4/5.6 8.3/6.0 0.63 0.73
DNST 5.8/5.6 5.0/6.0 0.73 0.82
DNDT 7.4/6.0 5.0/6.3 0.80 0.81

Table 3: Negentropy (J) andσ-ratio distribution statis-
tics for NIST99 of ELLR and Bayes factor scoring for the
SNST, DNST and DNDT conditions.

served by the speaker models.

Figure 2 and the right-most columns of Tables 1 and 2
present the results of applying feature mapping to the
Bayes factor scoring system. It can be seen that feature
mapping does in fact improve the Bayes factor perfor-
mance especially for the more mismatched scenario. A
slight degradation in performance is observed however
for the matched type conditions. This degradation can
be attributed to errors in the handset type classification
performed as a preliminary step in feature mapping, thus
causing anincreasein the observed mismatch for mis-
classified utterances.

Future research will re-evaluate incremental MAP
adaptation as utilised in the Bayes factor scoring imple-
mentation presented for the purpose of speaker model
training. Potentially, performance on par with the cur-
rent iterative adaptation approach could be achieved with
a single-pass algorithm. The elegance of a unified ap-
proach to training and scoring is also appealing. This
technique would have obvious extensions to on-line adap-
tation of speaker models.

6. Conclusion

This study presented an application of Bayes factor scor-
ing to speaker verification. The general Bayesian ap-
proach to verification was reviewed, highlighting the abil-
ity of the approach to incorporate prior information into
the scoring process and to allow for uncertainty in model
parameters. It was then applied to the specific case
of Gaussian mixture models using a novel incremental
learning derivation resulting in a drop-in replacement for
ELLR scoring.

Experiments conducted on the 1999 NIST Speaker
Recognition Evaluation corpus demonstrated generally
improved performance of Bayes factor scoring over
ELLR scoring particularly in better matched conditions
and in the low false alarm operating region. Further im-
proved performance was subsequently achieved for the
mismatched case with the application of feature mapping.
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