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Abstract

This paper presents a study on the relationship between fea-
ture post-processing and speaker modelling techniques for ro-
bust text-independent speaker recognition. A fully coupled tar-
get and background Gaussian mixture speaker model structure
is used for hypothesis testing in this speaker model based recog-
nition system. Two formulations of the Maximum a Posteriori
(MAP) adaptation algorithm for Gaussian mixture models are
considered. We contrast the standard single iteration adapta-
tion algorithm to adaptation using multiple iterations. Three
post-processing techniques for cepstral features are considered;
feature warping, cepstral mean subtraction (CMS) and RelAtive
SpecTrA (RASTA) processing. It is shown that the advantage
gained through iterative MAP adaptation is dependent on the
parameterisation technique used. Reasons for this dependency
are discussed.

1. Introduction
Effectively representing speaker specific information is crucial
to the task of speaker recognition. To this end, the develop-
ment of automatic, text-independent speaker recognition sys-
tems has seen research into improving both the extraction of
robust speaker features form speech and the modelling of these
characteristics.

Advancements in feature extraction have lead to cepstral-
based methods such as mel-frequency cepstral coefficients
(MFCC) with post-processing techniques to compensate for
noise and channel distortion. In this work, we examine the use
of MFCCs with RelAtive SpecTrA (RASTA) [1] processing,
cepstral mean subtraction (CMS) [2] and feature warping [3] for
channel and partial handset compensation. RASTA processing
is designed to bandpass filter the time trajectories of each cep-
stral feature stream while cepstral mean subtraction removes the
DC component of the cepstral feature streams. Feature warping
performs a short-term marginal Gaussianisation of the cepstral
stream.

For those speaker model representations using probability
density functions, robust speaker model estimation has seen the
trend of Maximum Likelihood (ML) estimation methods extend
to Maximum A Posteriori (MAP) approaches. Estimation of
probability density functions under the Maximum Likelihood
criterion determines the parametric density through statistics
obtained from training data only. MAP distribution estimation
techniques incorporate prior knowledge of the distribution of
the speaker model parameters in addition to the speech infor-
mation provided by the speaker during enrollment.
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MAP adaptation approach [4] was successfully intro-
to the speech recognition problem. Following this, a

er of state-of-the-art text-independent speaker recogni-
ystems [5, 6] used a form of adapted background Gaus-
ixture modelling (GMM) using MAP adaptation. In [5],

olds derived an algorithm for a coupled target and back-
d speaker model, and evaluated test utterances according
expected frame-based log-likelihood ratio. For speaker

lling, the parameters of the Universal Background Model
) are taken as a base model and are adjusted toward the

h of the target speaker. This has the advantages of prior
ation being tied into the modelling process and numeric

ity of the parameters of the client speaker model. In this
the robustness of the speaker models can be improved over
L estimate.
this MAP adaptation study, we refer to one of the more

ssful algorithms [5] and the assumptions that are placed on
he model is adjusted toward the target speaker. We exam-
extended implementation of this algorithm that accounts

odel parameter dependencies not considered with the stan-
implementation. The extended technique, which utilises
xpectation-Maximisation (E-M) algorithm [7] for model
rgence, is shown to be a simple iterative extension to the
ard algorithm. Thus, we discuss an implementation of the
algorithm that represents a fully coupled adaptation from

ackground speaker model with an iteratively determined
model.
e also investigate issues relating to interaction between
o MAP approaches and the different feature sets. This

identify which MAP adaptation algorithm is optimal for
ular parameterisation schemes due to sparseness of model
re components.
ection 2 discusses the general concept of MAP adapta-
MAP as it applies to Gaussian mixture models and the dif-
ces between the standard algorithm and its iterative form.
n 3 contrasts the feature post-processing techniques con-

d in this study. Section 4 presents experimental results and
ussion of the adaptation procedures and the parameterisa-
ypes with the conclusions in Section 5.

2. MAP Adaptation for Speaker
Recognition

MAP Adaptation Concept

ny direct probability density estimation schemes, the set of
er features are solely used to determine the speaker model
eters based on the Maximum Likelihood criterion. Thus,



given an utterance X from a speaker and that the parameters of
a speaker model are represented by λ, the aim is to determine
the parameters of the speaker model λ, that directly maximise
the likelihood.

λML = arg max
λ

p(X |λ) (1)

Alternatively, the Bayesian inference approach is to select
the speaker model parameters to maximise the posterior like-
lihood of the model given the speaker features and the model
parameter distribution. The model parameters are optimised ac-
cording to Maximum A Posteriori estimation.

λMAP = arg max
λ

p(λ|X) = arg max
λ

p(X |λ)p(λ)

p(X)
(2)

Since the likelihood of p(X) is independent of the speaker
model parameters, the denominator in Equation 2 can be ig-
nored. Given a non-informative prior distribution of the model
parameters, specified by p(λ) = constant, the MAP solution
is equivalent to the Maximum Likelihood estimation mentioned
earlier. The process of MAP estimation allows for prior infor-
mation about the model parameters to be tied into the target
speaker model.

2.2. MAP Estimation of Gaussian Mixture Models

For this result, let X = {x1, x2, . . . , xT } be a sample of T in-
dependent and identically distributed vector observations from
an N -component multivariate Gaussian mixture density of di-
mension D. The joint density is given in Equation 3.

p(X |λ) =

T∏
t=1

N∑
i=1

wig(xt|µi,Σi) (3)

The speaker model is described by the mixture component
weights wi, means µi and diagonal covariances Σi. ie. λ =
{{w1, w2, . . . , wN}, {µ1, µ2, . . . , µN}, {Σ1,Σ2, . . . ,ΣN}}.
The density of a sample from a Gaussian distribution is given
in Equation 4. (Here and throughout the paper, (′) represents
the vector or matrix transpose.)

g(x|µi,Σi) =
1√

(2π)D|Σi|

exp

{
−1

2
(x − µi)

′
Σ−1

i (x − µi)

}
(4)

For MAP adaptation, no sufficient statistic of a fixed di-
mension exists for the parameter set λ. For the purpose of a
simplified presentation of this work only the mixture compo-
nent means will be adapted using prior information. Work by
Reynolds, et al. [5] also supports the notion that the more useful
parameters to adjust are the mixture component means. Given
that the mixture component means will be adapted, the prior
density is assumed Gaussian and is given by Equation 5.

g(µi|Θi) ∝ exp
{
− τi

2
(µi − mi)

′
Σ−1

i (µi − mi)
}

(5)

where Θi = {τi, mi} are the set of hyperparameters with
τi > 0 and mi is a D-dimensional vector. In this work, the
relevance factor, τi, for each mixture component is set to τ . For
the prior information, assuming independence between the pa-
rameters of the individual Gaussian mixture components, the

joint
λ is g
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p(λ) =
N∏

i=1

g(µi|Θi) (6)

AP solution is then solved by maximising p(λ)p(X|λ).
xpectation-Maximisation algorithm [7] is used to max-
the joint likelihood of this function. It is achieved by
ising an auxilliary function whereby given an old model

eter vector estimate λ̂ = {µ̂i}, the likelihood of the new
eter estimate λ = {µi} is equal to or better than the old

ate. The E-M result for the mean adaptation process is
.

µi =
τimi +

∑T
t=1 citxt

τi +
∑T

t=1 cit

(7)

s formulation, the a posteriori probability for the Gaussian
re component i given the observation xt and the current
l estimate λ̂ is specified.

cit = Pr(i|xt, λ̂)

=
wig(xt|µ̂i,Σi)∑N

j=1 wjg(xt|µ̂j ,Σj)
(8)

the MAP estimation procedure for GMMs is iterative.
rocess is initialised by setting the old estimate of the

l parameters λ̂ to λ0. The initial model λ0 may be de-
ned by using a close speaker model to seed the procedure
the use of a general speaker model derived from a GMM
d on a large quantity of diverse speech. The MAP algo-
is then used to determine a better estimate λ, from the old
ate λ̂. At the end of each iteration, λ̂ is set to λ. The pro-
s iterated until a required convergence criteria is achieved.

many established speaker recognition systems, the hy-
rameters may be derived from a universal speaker model
nerally higher mixture component order trained from a
uantity of diverse speech. One procedure, proposed by

olds [8, 5], utilises a universal background speaker model
ive the relevant adapted speaker models. Thus, the prior

bution means are set to the UBM component means (ie.
µubm

i ). In previous work, adaptation was proposed as a
adaptation step whereas this work uses the iterative so-

.

Iterative and Standard MAP Adaptation

are a number of factors to consider in contrasting one of
andard MAP approaches to its iterative form. The stan-
MAP technique is simply a single iteration of Equation 7
the E-M based result is iterative. The iterative version of
sult allows for the variation of mixture component means

come dependent not only on previous iterations but also
er components to further refine the MAP estimate. Alter-
ly, the single-iteration approach assumes that the mixture
onent means vary in a completely indepenedent manner,
nly a single iteration is required to find the MAP solution.
ssumption is not always beneficial and the sparsity of the
es used may determine the appropriateness of either MAP
ique.

Classification with Fully Coupled Speaker Modelling

lassification we decide between two speaker classes iden-
as the target speaker and the non-target (UBM) speaker



set specified by models, λtarget and λubm. Given a test utter-
ance X , the joint likelihood ratio may be determined. How-
ever, this is typically not a robust estimate for a target speaker
model closeness measure, since the observations are neither in-
dependent or identically distributed. A more robust measure for
speaker verification is the expected frame-based log-likelihood
ratio measure.

E[LLR(x)] = E

[
log

p(x|λtarget)

p(x|λubm)

]

=
1

T

T∑
t=1

log

(
p(xt|λtarget)

p(xt|λubm)

)
(9)

This type of testing structure in concerto with MAP adap-
tation, with coupled target and background speaker model com-
ponents, is an effective method of performing speaker recogni-
tion. A significant advantage of a fully coupled system is that
the coupling enables discrimination between regions of space
that the GMM has learned from the training speech. Conse-
quently, if there are no adaptation observations in the regions
nearby a mixture component, the mixture component will re-
main unadapted. Conversely, mixture components near train-
ing observations will be adjusted toward the speech data. With
this type of scoring structure, test observations that are scored
against unadapted mixture components will contribute toward a
zero expected log-likelihood ratio, whilst adapted regions will
be more discriminative.

3. Feature Post-Processing Techniques
Cepstral features, and in particular MFCCs, provide an effec-
tive method for extracting speaker specific information from
speech. However, cepstral features are susceptible to degra-
dation under noisy and mismatched conditions, such as those
experienced in telephony environments. To compensate for
this, post-processing techniques are commonly applied. We will
highlight three distinct post-processing approaches in this sec-
tion and will subsequently examine the effect each has on MAP
adaptation.

Cepstral mean subtraction (CMS) [2] is one of the more
widely used methods of compensating for stationary linear
channels. It is applied to a speech segment by subtracting the
mean value of each cepstral feature stream from all features in
that stream. This method arises from a signal processing ap-
proach, as CMS is equivalent to performing convolution of the
time-signal by an estimate of the inverse of the linear channel.
While CMS is an effective method of removing channel distor-
tion it also removes some speaker specific information, which
leads to degraded performance for clean speech. Also, CMS
does not account for the distortion introduced by additive noise.

RelAtive SpecTrA (RASTA) [1] essentially applies a band-
pass filter to each stream of log-filterbank or cepstral coeffi-
cients. This filter is designed to suppress spectral components
that are detrimental to speech and speaker recognition. Hence,
the approach adopted by RASTA processing is to utilise knowl-
edge of physical constraints of the speech production system to
emphasise the speech-like content of the modulation spectrum.

In the presence of additive noise and channel distortion the
distribution of log-energy based cepstral features over time un-
dergoes a nonlinear distortion. Feature warping [3] was de-
signed to compensate for this nonlinearity by remapping the
distribution of a feature stream to a target distribution through
cumulative distribution function matching. In the typical case
of a standard normal target distribution, this can be interpreted
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rt-term marginal Gaussianisation of each cepstral feature
. Even with a suboptimal normal target distribution, a
cant performance improvement is attained through this

ing. This result indicates that there is more speaker spe-
information in the relative positions of components in a
re model than their absolute positions.
hile only CMS explicitly attempts to compensate for lin-
annel effects, it is interesting to note that all three tech-

s effectively compensate for these effects through remov-
e DC component of cepstral features.

4. Experiments
ecognition system used in this study utilises fully coupled
-UBM modelling using MFCC features with delta coef-

ts, as described in [3]. We evaluate the use of multiple
iterations for three different parameterisation enhance-

techniques. For this evaluation, the NIST 1999 Speaker
gnition Evaluation database was used. (For further infor-
n see [6]). This database includes a collection of 230 male
09 female target speakers, each providing approximately
inutes of enrollment speech. There are 1448 male and

female test segments of up to one minute in length.
igure 1 presents the effect of the number of mixture com-
ts, parameterisation method and the type of MAP adapta-
n speaker recognition performance according to the min-
Detection Cost Function (DCF) criterion [6] used in the

NIST evaluation. The minimum DCF is defined as the as-
ted cost at which the weighted sum of the miss and false
probabilities, for an ensemble of test speech segments, is

imum.

DCF for different speaker adaptation and parameterisation techniques
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e 1: Plot of Detection Cost versus the GMM order for dif-
parameterisations and adaptation approaches (1 and 3-

ion) using all NIST 1999 male tests.

ith reference to the results in Figure 1, the DCF error
significantly improve when the multiple iteration MAP
formed instead of the basic algorithm for the NIST 1999
h corpus. In addition, the extended MAP procedure tends
ch an optimal error rate using slightly fewer Gaussian
re components. In this evaluation, feature warping is an
vement on both RASTA and CMS channel compensation
iques. However, under normalised handset and test seg-
conditions, the improvement for warping was not as pro-
ed.
ollowing from this discussion, Figure 2 shows the same

s evaluated at the Equal Error Rate (EER) operating
. Interestingly, the performance of the multi-iteration



MAP approach is sub-optimal to the standard algorithm for
RASTA and CMS processing for 128/256 mixture components
and above. In contrast to this result, the feature warping tech-
nique introduces an improvement across the range of model or-
ders for multiple MAP iterations. This presents the issue of
why, for multiple iterations, feature warping improves in per-
formance at the EER operating point while RASTA and CMS
degrade. Possible reasons for this result may be model over-
training, the coupled target and background model nature of the
GMM-UBM system and possibly the sparseness of the speaker
feature space attributed to the type of parameterisation.

EER for different speaker adaptation and parameterisation techniques
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Figure 2: Plot of EER versus the GMM order for different pa-
rameterisations and adaptation approaches (1 and 3-iteration)
using all NIST 1999 male tests.

In addressing the issue of the sparseness of the feature
space, the average inter-component distance of each back-
ground model was measured using the Bhattacharyya [9] and
Kullback-Leibler [10] distances (Figure 3). It was observed
that the Bhattacharyya distance for feature warping background
models was significantly smaller than either the RASTA or
CMS feature processing models. Consequently, for feature
warping, if the UBM mixture component distributions are more
overlapped, the use of multiple MAP iterations becomes essen-
tial to accommodate for the mixture component interactions.
The Kullback-Leibler distance indicated a similar trend with
feature warping producing more overlapping distributions than
the other techniques.

5. Conclusions
Experiments on the NIST 1999 Speaker Recognition Evalua-
tion indicate that iterative MAP adaptation can be an effec-
tive method for improving speaker recognition performance.
In particular, DCF error rates improved for feature warping,
RASTA processing and cepstral mean subtraction. In contrast,
the equal error rates improved for feature warping and degraded
for RASTA and CMS at higher mixture orders. It was proposed
that feature warping, using multiple MAP iterations, improved
in a consistent manner because of the tightly clustered nature
of the Gaussian modes represented in the background model.
Iterative MAP adaptation, within the E-M algorithm theory, ac-
counts for the mixture component interactions when attempt-
ing to find the MAP solution. Single step adaptation assumes
sparse, independent, Gaussian clusters. In conclusion, the the-
ory and results indicate that the performance of the adaptation
procedures can be affected by the sparseness of the speech fea-
ture space inherent to the type of parameterisation.
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