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ABSTRACT

In this paper, we have integrated in a GMM based
speaker identi�cation system two di�erent tech-
niques: a) Maximum Likelihood Linear Regression
(MLLR) transformation which adapts the system to
the new environment based on modifying the con-
tinuous densities of the GMM mixtures. We apply
the MLLR to perform environmental compensation
by reducing a mismatch due to channel or additive
noise e�ects, b) Linear Discriminant Analysis (LDA)
applied on sequences of acoustic vectors. LDA ex-
tracts, from these sequences, a set of discriminant
parameters maximizing the class separability by de-
signing a linear transformation. Previous works have
shown that application of LDA to speech recognition
problem increases performance of speech recognition
system. We use this approach to extract features that
are more invariant to non-speakers-related conditions
such as handset types and channel e�ects. Experi-
ments are done on 45 speaker's Spidre database.

Key Words: Maximum Likelihood Linear Regres-
sion, Speaker-Discriminant Feature, Feature Extrac-
tion, Linear Discriminant Analysis.

1. INTRODUCTION AND MOTIVATIONS

Speaker recognition performance is degraded when a
HMM trained under one set of conditions is used to
evaluate data collected from di�erent telephone chan-
nels and microphones [11]. In order to reduce this
mismatch e�ect, two di�erent solutions are available:
(a) the mismatch can be approximated as a linear
transform in a cepstral domain [7]. However this so-
lution is very expensive if the ultimate goal is to im-
plement the �nal product on a DSP board. The sec-
ond solution (b) is to be able to improve the perfor-
mance of an existing system while using only a small
amount of adaptation data. In this last case, sev-
eral techniques have been proposed in the literature.
Some techniques update distributions for which ob-
servations occur in the adaptation data such as those

using maximum a posteriori (MAP) estimation [3] re-
quires a relatively large amount of adaptation data
to be e�ective. Some environmental adaptation tech-
niques do not require speech data in the new envi-
ronment, only noise sample to adapt the model pa-
rameters [2]. These schemes make assumptions about
the form of the acoustic environment. An alternative
approach is to estimate a set of transformations that
can be applied to the model parameters. One such
transformation approach is Maximum Likelihood Lin-
ear Regression (MLLR) [5] which estimates a set of
linear transformations for the mean parameters of a
mixture Gaussian HMM system to maximize the like-
lihood of the adaptation data. It can be noted that
MLLR was initially developed for speaker adaptation,
since it reduces the mismatch between a set of models
and adaptation data; it can also be used to perform
environmental compensation by reducing a mismatch
due to channel or additive noise e�ects.

Adaptation techniques can be applied in several
modes. If the transcription of the adaptation data
is known then the technique is called supervised, and
unsupervised if it is unlabeled. The adaptation can
be static if the adaptation data is available during
the enrollment session. In this case, the system is
adapted before use. Alternatively, the adaptation is
dynamic if the adaptation data become available as
the system is used and the system is adapted incre-
mentally. This last situation is the more realistic one.

In our work, we privileged the MLLR approach for
three reasons: (a) it uses the same maximum likeli-
hood criterion technique as the one in the HTK en-
tropic toolkit, (b) its e�ciency in environment adap-
tation as reported in several papers and �nally (c) the
simplicity of its implementation, especially when in-
tegrated into a GMM framework. However it should
be noted here that from our knowledge, the MLLR
has been applied for only speech recognition and not
yet to speaker recognition, and it is interesting to test
this approach in our application.
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Gaussian Mixture Models (GMM) is an one state Hid-
den Markov Models (HMM). Having only one state
instead of the standard three state phone-based HMM
presents the advantage of requiring less training data.
However, GMM has the disadvantage of having less
temporal constraint on the succession of parameters
than for the HMM. Can we capture back this tem-
poral constraint with the GMM framework? This is
what we propose to study by grouping the n left and
right neighbouring frames to form a large 2n+1 frame
feature set and by reducing its dimensionality with
the mean of LDA technique.

2. TRANFORMATION METHODS

2.1. MLLR-based transformation

In speech recognition systems, it is known that
speaker-dependent (SD) systems usually perform bet-
ter than speaker-independent (SI) systems. Tech-
niques have thus been developed to bring a SI system
closer into a SD system by using the test utterance for
partial retraining of the SI, thus bringing the models
closer to SD models.

In our application, speaker identi�cation, we typi-
cally want an environment-independent modelization
of the target speakers; this is done by using, for each
target speaker, training conversations from di�erent
environments. We then use the test utterances to
make the models more environment-dependent.

Our GMMs are intended to model acoustic features
that are speci�c to a given speaker, but since we
use telephone conversations, the GMMs also \learn"
the characteristics of the telephone handset and tele-
phone channel used in the training conversation. If a
di�erent channel and/or handset are used in the test
conversation (mismatch condition), the probability of
the test utterance is decreased.

We have chosen a technique which is well known
in speech recognition, MLLR adaptation [6]. This
method is based on computing a linear transforma-
tion matrix which multiplies the mixture mean vec-
tors of the models in order to increase the likelihood
of the test utterance.

Two model parameters can be adapted: the means
and the variance. In our system, we have imple-
mented only the adaptation of the means. We com-
pute three transformation matrices per model, one
per stream: one for the static coe�cients, one for the
delta coe�cients, and one for energy. We do not use
regression classes within a stream, i.e. all mixtures
are used for evaluating a single transform within a
given stream.

2.2. LDA-based transformation

LDA transforms a k-dimensional observation vector
x into a k-dimensional feature vector y=W t x. The
matrix W is obtained by gathering, in columns, the
k eigenvectors corresponding to the highest eigenval-
ues of the generalized eigenvalues problem (see [1]
for more details). This idea of applying LDA-based
transformation on a cluster of neighbouring frames
is not new. Ney [9] has used it for speech recogni-
tion. We hope that the LDA transformation will be
bene�c to capture long term parameters. We also
want to study if LDA transformation could be useful
to handle the mismatch condition so di�cult to solve
in speaker recognition.

3. EXPERIMENTS

3.1. The Spidre Corpus

The Spidre corpus used consists of four conversa-
tion halves each from 45 claimant speakers (27 males
and 18 females). The four conversations from each
speaker originate from three di�erent handsets (called
mismatch condition) with two conversations from the
same phone number (match condition). Analysis con-
ditions are listed in table 1.

pre-emphasis 1-0.97z�1

window length 25.0 ms
window shift 10.0 ms
MFCC cepstrum order 24
Cepstral coe�cient liftering 22
Cepstral mean normalization yes
Hamming window yes

Table 1: Analysis conditions

3.2. Experiment Protocol

The two experiments (MLLR and LDA) have been
conducted independently. The reader should note
that the number of parameters used in both cases
is di�erent. In the �rst case, it is set to 26, in the
second to 39.

3.2.1. MLLR

Adaptation is performed each time the current ob-
servation's index t is a multiple of the adaptation pe-
riod Ta; observation vectors from the current one to
the one at time t + Ta are read and all the models
are adapted from these observations; then the test is
done on the same observations that were used for the
adaptation. This process then continues, where the



adaptation and the testing are interleaved. The pro-
cess is illustrated in Figure 1.

Note that the test duration should be a multiple of
the adaptation period. If it is not, the program will
shorten the test to such a multiple.

The features are a 26 dimensional vectors consisting
of 12 cepstral coe�cients, 12 � coe�cients, logarith-
mic power and � logarithmic power. The number of
mixture components is set to 34 (16 as static, 16 as
dynamic and 2 as energy). Each of the mixture com-
ponents has a diagonal covariance matrix.

Test

Adapt

End testObservation 2TaTa0

Figure 1: Dynamic adaptation process where there are

multiple adaptations within a single test; the arrows

indicate the chronological sequence of operations; the

test duration is a multiple of Ta.

We have tested the adaptation on 5, 10, 15 and 20
second test �les. The adaptation periods chosen had
to be divisors of the test durations. The results are
shown in Table 2.

Ta (s) NA 1 5
Perf (%) 68.9 35.6 60.0

Test duration = 5 seconds

Ta (s) NA 1 2 5 10
Perf (%) 71.1 40.0 64.4 73.3 71.1

Test duration = 10 seconds

Ta (s) NA 1 5 15
Perf (%) 73.3 40.0 75.6 71.1

Test duration = 15 seconds

Ta (s) NA 1 2 5 10 20
Perf (%) 80.0 44.4 68.9 75.6 73.3 71.1

Test duration = 20 seconds

Table 2: Performance vs. adaptation period, for the

di�erent test durations; Ta = adaptation period, mea-

sured in seconds, NA = No Adaptation, Perf = Per-

formance. The experiments used 26 dimensional vec-

tors.

3.2.2. LDA

The extraction of the feature parameters are done
in three steps. First, 13 mel-frequency cepstral co-
e�cients, their �rst and second derivatives are com-

puted at each 10 ms to form a 39-dimensional feature
vectors. Second, the n left and right neighbouring
frames are concatenated to form a large (2n+1)*39-
dimensional feature vector. Last, LDA transforma-
tion is used to reduce the dimensionality of the fea-
ture space in the hope of obtaining a more manage-
able feature vector. In our experiment, LDA trans-
formation allows us to reduce the dimensionality of
the problem from (2n+1)*39 to 39-dimensional fea-
ture vector. The classes are de�ned as the identity of
the speaker and its corresponding telephone handset.
Table 3 shows the experiments for di�erent number of
mixtures, and compare the results with and without
LDA transformation.

Number of No LDA LDA LDA
Mixtures LDA n=1 n=2 n=3

2 28.00 44.40 43.98 6.23
4 53.27 54.24 71.11 39.67
6 58.53 56.58 75.56 31.11
10 58.82 { 77.78 {
16 63.22 60.73 80.00 38.00

Table 3: Results using LDA transformartion.

n = frame span (one side). The experiments used

39 dimensional vectors.

4. ANALYSIS AND DISCUSSION

Table 2 shows that the MLLR does not improve the
performance signi�cantly. we can say that the MLLR
improves the performance about 2% when the adap-
tation period Ta grows from 1 to 5 seconds and then
a small degradation is noticed. This suggests that Ta
should be set carefully.

Even if the adaptation was done only on the means
of the models, we believe that adaptation of the vari-
ances will perform the same way, as it has been re-
ported in some earlier works. Note that we have used
three models for each speaker. In other words, we
needed nine transformations (3 models � 3 streams)
to preform the MLLR for every speaker. It suggests
that there was probably not enough data for a better
speaker modelization.

As shown in Table 3, LDA always improves the per-
formance of identi�cation compared to standard mfcc
parameters. The best performance is for a GMM
model with 16 mixture distributions and a frame span
of n=2. With 16 mixtures, eight additional speakers
are correctly identi�ed when LDA (80% of correct-
ness) is used compared to a system using standard
mfcc parameters (63.22%).



We also �nd that the identi�cation performance im-
proves when the frame span, n, is increased up to
n=2. At n=3, the performance drastically drops.
This could be explained by the fact that for n=3,
the time span of parameter extraction is 70 ms. Such
a large time span covers a syllable size and conse-
quently presents a lot of spectral variability that the
LDA can di�cultly generalised. This could also be
ampli�ed by the lack of training data that we would
like to verify in the future.

When compared to application in speech recognition
where the best performance is for n=0 (see [1]), we
could ask why for in speaker recognition the best per-
formance is for n=2. We explain this by the fact
that in speech recognition the number of states in
the �nite-state model is 3 (HMM) compared to only
one state in our model (GMM). Hence it seems that
LDA is able to capture back the temporal constraint
imposed by the HMM model.

We believe also that the results presented here should
be taken carefully for several reasons. First, the com-
parison between both transformations is di�cult be-
cause for some technical problems, the parameters
used are di�erent (second derivatives were used for
the LDA only). Second, the corpus used contains
only 45 speakers, and we can easily win or loose one
or two percents for some problems caused by any kind
of noise, independently of the method tested. There-
fore some more experiments should be done with a
higher number of speakers.

5. CONCLUSIONS AND FUTURE

PROBLEMS

In this paper, we have presented and tested two
methods, MLLR and LDA. Regarding the MLLR ap-
proach, we plan to continue the experiments in two
di�erent context : (a) use of regression classes within
a stream, i.e. the mixtures can be used for evaluating
di�erent transformations within a given stream. In
this case, we should have of course more data avail-
able (b) use of one single transform for the all avail-
able speakers. In this last case, the all speakers will
share the same matrix transformation. This con�g-
uration has shown an improvment in speech recogni-
tion and can be interesting to test this approach in
speaker recognition.

LDA applied on sequence of mfcc vectors is helpful for
a speaker identi�cation application based on GMM
modeling. Our tests show that when the two left
and two right neighbouring frames are added to the
examinated frame and transform with LDA into a
smaller dimensional vector of the same dimension as
the examinated frame then the performance of iden-

ti�cation improves by 27% on the SPIDRE corpus.
We are encouraged with this results. In our future
work, we will like to explore other aspects of this tech-
nique such as how good LDA is helpful to handle the
mismatch condition and how the LDA technique per-
forms compared to a non-linear technique as proposed
by [4].
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