
Advances on HMM-based Text-dependent Speaker Verification
Yong Gu and Trevor Thomas

Vocalis Ltd.
Chaston House, Mill Court, Great Shelford

Cambridge CB2 5LD, UK
Email: yong.gu@vocalis.com

ABSTRACT

This paper presents recent development on text-dependent
speaker verification technology in EU project PICASSO, which
have improved the SV performance significantly. In the project
we adopt HMM approach for pattern matching. In the paper we
describes four different techniques, adaptive variance flooring,
multiple use of enrolment sample, generalised competitive
measurement for score normalisation and hybrid method for
score normalisation to improve HMM method for speaker
verification. The evaluation results are given for each of these
techniques.

1. INTRODUCTION

Speaker verification (SV) has drawn a great deal of interests in
commercial environment with continuously increasing
verification performance improvement. The PICASSO project is
a research and development project sponsored by European
Union Telematics programme to pioneer caller authentication
using speaker verification (SV) technology in secure service
operation. The project involves eleven European partners. This
paper presents recent development for speaker verification
technology in the project. The project has been focusing on text-
dependent speaker verification technique. We adopt the HMM-
based approach for verification pattern matching.

As HMM is a statistical model one of the challenges for speaker
verification is that the training data is often limited. From our
human factor study it is shown that in commercial environment
the users do not like lengthy enrolment. Lack of sufficient data
to build up stable speaker template has become one of obstacle
for HMM-based speaker verification in real application. Two
techniques described in the paper are to improve this situation.
One of the techniques is the adaptive variance flooring, which is
effectively used for stabilizing variance in HMM modelling to
build speaker template. Second method is to use an enrolment
utterance more effectively with multiple frame segmentation to
enhance the statistics extracted from limited data. Another
challenge for HMM used in speaker verification is to define a
proper measurement for verification decision making. Unlike
the recognition task which requires score measurement over the
templates the verification task requires a measurement, which is
comparable across speech sample domain. A score
normalisation is needed for HMM pattern matching score before
verification decision to reduce circumstantial factor. Two
techniques described in the paper to improve speaker
verification performance with better score normalisation
strategy. Firstly we propose to use competitive criteria to define

a score measurement, which leads an asymmetric normalisation
scheme based on N most competitive cohort model scores.
Secondly the hybrid score normalisation approach is also
introduced, which uses both cohort speaker models and
composite models to improve normalised HMM scores for
verification.

2. SYSTEM OVERVIEW

The baseline system is implemented in a real-time fashion. The
incoming speech is initially converted into a sequence of
acoustic feature vectors in the pre-processing of the feature
analysis. A filter bank process is used to produce 32 filter bank
coefficients every 15 ms and these filter bank coefficients are
then transformed to 12 cepstral coefficients by cosine
transformation. The 12 delta cepstral coefficients are derived
from cepstral coefficients every 5 frames. The dynamic cepstral
normalisation technique is applied to cepstral coefficients to
remove long time shift on individual cepstral coefficient. Thus,
the overall feature vector consists of 12 normalised cepstral
coefficients and 12 delta cepstral coefficients. The same front-
end processing is used for both speaker verification and speech
recognition.

In the enrolment, a set of speech utterances is collected from a
speaker and each sentence is checked and segmented by speech
recogniser. These segmental units are then classified according
to their recognition result and a collection of segmental units for
each vocabulary item is used to produce a HMM model. A set of
speaker-dependent word models is produced and used as a
speaker template for verification. A set of word-based HMM is
used to represent the speaker template. In verification, the
speech feature vectors are matched with a speaker template
according to the given speaker identify and word sequence. The
incoming utterance is also matched with a set of composite
models and cohort speaker models to obtain scores for
normalisation. These scores are then used for final verification
binary decision making on rejection or acceptance.

3. IMPROVEMENT IN MODELLING

In this section we introduce two techniques in the modelling
process which improve SV performance; adaptive variance
flooring and multiple use of enrolment utterance.

3.1 Adaptive Variance Flooring

The adaptive variance flooring technique was proposed for
speaker verification in [1]. The technique is to stabilize the
variance parameters in HMM model caused by limitation of

����������	�
��	���������������������
�	���	����������
��������������

��
�
�����
�	

���� ���!�"��������

ISCA Archive
����#$$%%%&
��	"������&���$	���
'�

10
.2

14
37

/I
C

SL
P.

20
00

-7
02



training data. With this technique a global variance of feature
vectors is computed from a significant amount of speech data. A
floor variance is defined as a proportion of this global variance
i.e. global variance multiplied by a constant factor, called
flooring factor. This floor variance is then applied in the process
of speaker template building. During modelling if any element
in the estimated variance vector is less than the corresponding
element in the flooring variance the estimated variance element
is replaced by the flooring variance element. In [1], the adaptive
variance flooring technique is applied in the process of
composite model modelling and speaker template modelling. As
we use existing speaker-independent speech recognition models
as composite models, we adopt an approach to apply to this
technique to the resultant models rather than in the modelling
process.

3.2 Multiple Uses of Enrolment Sample

This technique is to utilize enrolment data more effectively in
order to enhance the statistics in speaker template modelling. In
[3] it has been observed that simply shifting a few samples of an
utterance in front-end processing can cause significant variations
of the feature vectors produced by the front-end analyser. In
speaker verification it may be possible to enhance the statistics
by using multiple segmentation (with sample shifting) of
enrolment utterances. The variation of the feature vectors caused
by sample shifting could make the utterance re-used as an extra
training data for building HMM speaker template. Hopefully
these extra training data may lead better estimation of HMM
template and better performance for speaker verification system.

Figure 1. Speaker verification performance with
adaptive variance flooring technique

3.3 Evaluation Results

The evaluation has been carried out to simulate speaker
verification system in a telephone calling card. Both techniques
have been evaluated on the SESP database collected by KPN
research for SV evaluation. The SESP database contains
telephone utterances of 24 male and 24 female speakers calling
with different handsets and from wide range of places including
international calls. In our experiments the 21 male and 20
female speakers for whom there is sufficient speech material to
use. The utterances used for experiments are calling card
number, a sequence of 14 digits in Dutch.

The evaluation result in Figure 1 is to show the effectiveness of
the adaptive variance flooring technique for SV and how the
flooring factor affect on the speaker model quality. The
experiment is based on 8 utterances for enrolment. About 3000
utterances are used for testing. The results in the figure are
based on Equal Error Rate (EER) with speaker independent
threshold. The result at the flooring factor value 0 is equivalent
to the result from the baseline system without this technique.
The equal error rate is 2.06%. The optimal performance from
our experiment is obtained with the flooring factor value 1.0.
The equal error rate at this point is 1.52%. The experiment
demonstrates that applying the adaptive variance flooring
technique in speaker template modelling can reduce the SV
errors very significantly.

To evaluate the effectiveness of multiple uses of enrolment
sample the extra training data is generated with 7.5 ms shift
from original training data. Experiment has been done based on
three different training sets, which consist of 4, 6 and 8 training
utterances respectively. The results are shown in Table 1. The
baseline results are obtained using these enrolment utterances.
The second line results are obtained with original enrolment
samples and same amount of extra data with 7.5 ms sample shift
on these enrolment samples. The results are given in EER with
speaker independent threshold. From the table it can be
observed that the error rates are reduced for all three training
sets. The result suggests that there may be more features that can
be extracted in speech sample by multiple segmentation
technique in speaker template modelling. The technique only
requires more computation in training stage because more data
is involved in the HMM training, but no extra computation is
required in verification stage, as the frame rate remains same.

No. of utterances 4 6 8

Baseline 4.15 2.58 1.52

+7.5ms Shift 3.65 2.34 1.34

Table 1. SV performance with multiple uses of
enrolment utterances

4. IMPROVEMENT IN SCORE
NORMALISATION

Another challenge for moving HMM from speech recognition to
SV is to understand the HMM score variation and to find a
proper measurement which is comparable across speech sample
domains. This requires a score normalisation process to remove
the circumstantial fact in HMM scores. Score normalisation
based on composite (or world) models and cohort speaker
models are proposed to use in SV for this purpose [4][5]. In
composite model approach a set of composite model trained
with a large amount of data is used and the scores from these
composite models are used for score normalisation. In the cohort
model approach a set of speaker templates from cohort speakers
is available and the scores with these models for a given test
utterance can be used together with the score from claimed
speaker template to form a measurement for verification
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decision. Often the average score from all cohort speaker
models is used as an approximation of the likelihood function
for alternative hypothesis. This leads a measurement on log
domain, log likelihood ratio (LLR) for verification decision. In
this section we introduce two different approaches to re-
calculate the score with cohort models and composite models for
normalisation. The first approach is to define a measurement,
which reflect how competitive the claimed model matching with
the testing sample comparing with cohort models. Different
derivations from this approach are evaluated. Secondly we
demonstrate that a combination approach of composite model
and cohort model approach can improve the SV performance.

4.1 A Generalised Competition-based Score
Measurement

Given a set of cohort models ),...,,( 21 NMMM  for a test
utterance O the HMM likelihood scores )|( MOPL =  from
these cohort models are sorted and formed a measurement
vector V together with the score from the claimed speaker model

)|( McOPLc =

),...,,,( 21 NLLLLcV =
where Ni,jjiLL ji ≤≤<> 1for      if  .

The index for the cohort score is different from the index of the
cohort model ),...,,( 21 NMMM . For different test utterance the
index for the score could map with different cohort model
depending their competitiveness with the particular utterance.
The model identity associated with cohort scores is less
irrelevant in score vector V. The generalised competitive
measurement is defined as a function on the measurement vector

),...,,,( 21 nLLLLcV = . Considering exponential nature of HMM
score we define the general competitive measurement (GCM) as

(1)         )log()log(
1

∑
=

×−=
K

i
iicGCM LwLS

which gives a relative measurement between the score from the
claimed model and a weighted average of the top K cohort
scores on log-likelihood domain.

A number of variations in this measurement have been evaluated
in [6]. There are mainly two aspects of significance in this
approach. Firstly the on-line selection of cohort scores from
defined cohort model set based on competitiveness. Secondly
this may lead different exponential factor on deminator and
nominator on the likelihood domain, which we call asymmetric
(ASYM) normalisation. Most of score normalisation methods
are defined symmetric. Compare with the symmetric
normalisation the asymmetric approach gives less restriction on
the search space for weights. Mathematically the asymmetric
factor may have a significance, which reflects a proportional
relation between the claimed score and the factor for
competitive measurement. It would be interesting to know
whether the asymmetric factor can lead better measurement
solutions.

In the approach the weights in Equation 1. are determined using
linear discriminant analysis (LDA). The Fisher’s discriminant

criterion is used for our evaluation. For symmetric normalisation
the weights can be trained on vector

))/log(),...,/log(),/(log( 21 NLLcLLcLLc . This results in an
equivalent formula that the summation of  weights is equal to
one. For the asymmetric approach the weights cab be trained on
the vector ))log(),...,log(),log(),(log( 21 NLLLLc . Thus the
obtained weights may lead the asymmetric normalisation.

4.2 Hybrid Score Measurement

Both composite model approach and cohort model approach
have shown their significance for score normalisation in SV
system. In [2] it has suggested that two methods may be based
on different theoretical assumptions. They could be combined
and a balance of two measurements could lead a better solution
for speaker verification measurement. Here a hybrid approach is
defined as

αα −×= 1
worldcohortcomb RRR     (2)

where .10 ≤≤α  When α  is equal to zero the combination
becomes the composite model measurement and when α  is
equal to one the measurement becomes same as cohort based.
The key issue is to find out if there is a balance point which
gives better measurement for SV.

4.3 Evaluation Results

The above two techniques have been evaluated with the YOHO
corpus. The YOHO is an American English speaker verification
database, which consists of speech data from 138 speakers 106
males and 32 females. The YOHO vocabulary consists of two
digits number spoken in sets of three (e.g. thirty-six forty-five
eighty-nine). For each speaker there are 4 enrolment sessions of
24 utterances each, and 10 verification sessions of 4 utterances
each. In our experiments only 106 male speakers are used as this
gives more speakers to evaluate the variation over number of
speakers in cohort based normalisation. A single enrolment
session of 24 utterances is used for creating a speaker template.
For each enrolment session we select 80 speakers used for
cohort model purpose and the rest of 26 speakers are used for
testing. Within the database each speaker provides 40
independent test utterances. In order to estimate the false
acceptance rate for each speaker another 40 test utterances are
randomly drawn from the test utterances of other 25 speakers.
This gives an equal ratio of impostor testing and claimed testing.
For each of four sessions a different selection of testing speakers
is applied so that the total number of testing speakers for each
experiment is equivalent to (26× 4). The total number of testing
utterances for each experiment is equal to (26 × 4 × 80) for
cohort size 80. Two other cohort sizes 20 and 40 are used in the
evaluation. For these cohort sizes the set of 80 cohort speakers is
divided into four and two groups respectively. For each group an
experiment is conducted. The average results of four group for
size 20, two group for size 40 is presented respectively to cover
all 80 of cohort speakers being used. Speaker independent
threshold is used in verification decision.

The first experiment is to evaluate the generalised competitive
measurement for score normalisation.  Two questions need to be



answer from the experiment. Firstly we want to know whether
using N most competitive (MC) cohort scores for normalisation
is better than overall average of cohort scores. Secondly we
want to know whether the asymmetric approach can be
beneficial for score normalisation. Figure 2. shows the
experimental results. The horizontal axis indicates how many
speaker are used in the cohort set for score normalisation. Three
different cohort sizes 20, 40 and 80 are used in the experiment.
To unify selection method for different cohort speaker size we
use a percentage of total cohort size to select the number of most
competitive scores from cohort speakers. The selection N value
is 30% of total number of cohort speakers, which is quite
optimal over all three different cohort sizes. The results in the
figure are EER using speaker independent threshold. The
baseline result is from using simple overall average LLR method.
By selecting 30% most competitive cohort scores for
normalisation the EER can be reduced from 2.03%, 1.92% and
1.70% to 1.70%, 1.49% and 1.39% for cohort size 20, 40 and 80
respectively. Further improvements are obtained with
asymmetric normalisation method. The EERs are further
reduced to 1.43%, 1.32% and 1.20%. Overall in comparison
with the baseline LLR measurement SV ERRs are reduced by
28%, 31% and 30% on cohort size 20, 40 and 80 respectively.

Figure 2. SV EER using different normalisation
approaches over various cohort sizes

Figure 3. gives a comparison of the hybrid approach with the
cohort model approach and the composite model approach with
both SI. The parameter α  value 0.6 is used in the experiment.
In the figure the hybrid method shows overall improvements
with speaker independent threshold. For cohort size 80 it
reduces EER from 2.16% (composite) and 1.70% (cohort) to
1.56%. For cohort size 40 the hybrid approach reduces EER
from 2.16% (composite) and 1.92% (cohort) to 1.60%. For
cohort size 20 the hybrid approach reduces EER from 2.16%
(composite) and 2.03% (cohort) to 1.67%. It is interesting that
using hybrid approach the SV performance is much less
sensitive with cohort sizes. From our experiments the cohort
model approach with reasonable cohort size can outperform the
composite model approach. The result also indicates that it may
be possible to use the composite models to reduce the number of
speaker models used as cohort model.

Figure 3. Comparison of the hybrid approach with the
cohort model and the composite model approach

5. CONCLUSIONS

The paper presents recent development in text-dependent
speaker verification with HMM technique. Four different
techniques are presented for the enhancement of speaker
template modelling and better score normalisation for
verification decision. The evaluation results are given for these
techniques.
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