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ABSTRACT

Utterance verification based on N-Best HMM scores has been
widely used in ASR system. There are a number of ways to
calculate a measurement score for verification from N-Best
scores. Most of proposed methods are based on the framework
of the hypothesis testing. This has lead to use the second best
score or an overall average of available N-Best scores for
normalisation. In this study we examine N-Best UV approach
from a competition-based measurement framework. With this
framework different competitive measurements can be derived
from a sequence of sorted likelihood ratios (SLR). The
evaluation results demonstrate that OOV performance can be
improved by using some selective components in SLR. In our
experiments by using the first four components OOV rejection
errors can be reduced about 30% in comparison with the
baseline results.

1.  INTRODUCTION

One of challenges for moving HMM from speech recognition to
utterance verification (UV) is to understand the HMM score
variation and to find a proper measurement which is comparable
across speech sample domain. This is different from recognition
as recognition tasks require only score comparison across
models. Some approaches have been proposed for better HMM
score measurements using score normalisation techniques
[1][2][3][4][5]. Score normalisation using N-Best HMM scores
is one of these approaches which performs a normalisation
without extra models involved. There are a number of ways to
compute normalised score from N-Best scores. Most of
proposed methods are based on the framework of the hypothesis
testing. This has lead to use the second best score or an overall
average of available scores from N-Best list as a normalisation
factor. In this study we examine N-Best UV approach from a
competition-based measurement framework [6]. With this
framework a sequence of sorted likelihood ratios (SLR) is
defined and different competitive measurements can be derived
from a combination of SLR. In the paper the significance of
individual SLR component is analysed for N-Best UV approach
and different combinations of SLR are tried. Experiment results
demonstrate that improvement can be obtained by some
selective components in SLR. The evaluation is carried out on
name recognition. From our experiments by using the first four
components OOV rejection errors can be reduced about 30% in
comparison with the baseline results with normalisation using
the second best or overall averaging.

2.  HMM FOR VERIFICATION

In the HMM pattern matching, a speech utterance is considered
as a sequence of observations O generated by a production
model )(WM  associated with a word W.  With the HMM
framework the model )(WM  can be estimated from a set of
speech samples and a measurement ))(|( WMOP  between a
given sample O and a model )(WM  can be calculated.
However it is a common experience that the measurement

))(|( WMOP  very much depends on circumstances of sample
O and the measurement score can vary significantly with
variation on background noise, channel conditions etc.  In
speech recognition the task is to select one with the best score
from a list of models based on such measurement for a given
sample. The score variation is more or less consistent across the
templates so that the comparison is less affected. In verification,
however, the measurements are required to compare across the
sample domain O. In such case the score variation significantly
affect on the comparison. The use of score normalisation
scheme has been effective for improving HMM score for UV.

A number of approaches have been used to normalise the score
))(|( WMOP  for better measurement for verification. Most of

score normalisation methods are based on two kinds of
approaches, a posterior scoring approach and the hypothesis
testing approach. In the framework of a posterior scoring
normalisation is defined to calculate a posterior probability of
given sample using Bayes formula.
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where Mc is the model for claimed word, I is a complete set of
all words and P(Mj) is a prior probability for Mj.

In the hypothesis testing approach the score normalisation is to
integrate both the null hypothesis and the alternative hypothesis
to improve the measurement. A likelihood ratio LR is defined
based on the null hypothesis cOiH =)(:0  and the alternative
hypothesis cIOiH −∈)(:1 .
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where ))(( cOiL =  is the likelihood from the claimed model

)|( McOP  and ))(( cIOiL −∈  is the likelihood of alternative

hypothesis. An average or the best of HMM scores from other
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models are widely used as an approximation of the likelihood
function for alternative hypothesis.

Recently a concept of competition-based measurement is
introduced in [6] for HMM-based verification. For the
competition-based measurement a set of models need to be
defined in order to measure the competitiveness for the claimed
model with a given testing utterance. We will call this set of
models as competitive measurement model (CMM). The system
takes a relative value of scores from the claimed model and the
models in CMM set as a measurement for verification decision.
This relative score measurement reflects how well the claimed
model matched with the sample compared to others in CMM. In
the situation that the qualifier-based score [6] is not reliable due
to significant circumstance variations the competition-based
score may be still effective for verification. In comparison with
the hypothesis testing approach the competition-based
measurement approach does not require CMM as a set to form
an alternative hypothesis. Thus the selection for CMM becomes
flexible and also a significant factor in searching for better
measurement for verification. Secondly the calculation for the
competitive measurement score is also more flexible. In this
sense the competition-based measurement approach extends the
search space for effective scoring solution for HMM-based
verification.

3. N-BEST UV APPROACH

In the N-best UV approach [1][2][3] a list of N-best HMM
scores for a test utterance are available for verification
calculation. The system is required to verify whether the model
with the top score is the correct model for the test utterance. For
UV the task becomes to calculate a single score from N scores
and compare it with a pre-set threshold. There can be different
ways for score calculation for verification. Most of proposed
methods are using the top 1 score and the second best for
calculation or using the top 1 score and an average of the rest
scores from N-Best. These two methods are used as baseline in
the study. In comparison with other approach N-Best approach
is economical in computation without using extra models in the
system for UV.

Here we describe N-Best UV approach in the framework of
competition-based measurement. For a test utterance O a
competitive measurement is defined as a likelihood ratio of the
score for a claimed model Mc and another model Mj, i.e.
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A sequence of sorted likelihood ratios (SLR) for a claimed
model can be defined with a CMM set, i.e.

),...,,( 21 nRRRSLR =    where jiRR ji <>  if  .

From the competition-based measurement framework the N-
Best UV approach uses existing models in the system as CMM.
The SLR can be derived from the ratio of top 1 score with other
scores in N-Best list individually. From SLR different methods
can be derived in conjunction with a weighting function.  Thus a

weighted average of SLR is equivalent to the following equation
on the probability domain.
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Compare with a posterior formula the weights in this equaition
are based on sorting indexes other than models. However the
score normalisation using an average of alternative scores is
equivelant to use equal weights for SLR and the second best
approach can also be considered as using a particular weighting
vector for SLR.

Considering exponential nature of HMM score we use log
likelihood-ratio as basic competitive measurement in SLR. In
this case a weighted average of log-SLR is equivalent to the
following equation on the probability domain.
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With equal weights this becomes a normalisation approach with
a geometric mean of scores with CMM.

4. EXPERIMENTAL RESULTS

4.1 Experimental Conditions

The evaluation is carried out on keywords recognition of a voice
activated-dialling (VAD) system [7]. The overall architecture of
a VAD system is shown in Figure 1. A speech utterance of each
keyword, e.g. name, is presented to the system during the
enrolment session. A speaker-independent (SI) phone recogniser
is used to transcribe the sample using phone models with a free
grammar. A sequence of phone labels is then generated from the
recogniser. This generated phone string is then used as a
transcription of the keyword in the recognition phase. Since the
samples of same keyword can vary for different speakers and
even for same speaker, the transcription representing same
keyword can be different from one time to another.

The SI phone models used in the system are sex-segregated
context dependent tri-phone model. Each model consist of 3
states and 10 mixture components. The front-end processing
produces 12 cepstral coefficients and 12 delta cepstral
coefficients. The dynamic cepstral mean normalisation 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 giving a vector size of 24.



Figure 1.  A Diagram of System Architecture

52 person's names are used as basic vocabulary set of keywords.
The test database was collected from 6 speaker, 6 repetitions
were recorded for each vocabulary item from each speaker.
Various combinations for training and testing from these 6
repetitions give a total of possible 9360 trials in experiments.
For OOV evaluation we use a subset of 10 names as OOV and
other 42 names for in-vocabulary.

The system and the database are based on VAD system and the
results directly reflect for this system. However the comparative
result should also reflect keyword recognition in general in ASR,
particularly phoneme based system. The main difference here is
the keyword enrolment, which may form different phonetic
transcriptions for different samples of same words. But this
actually gives more variety on vocabulary set, which is better for
this evaluation.

4.2 Performance of Individual SLR Orders

Firstly we examine the OOV performance of each individual
competitive score in SLR. The experiment is to look how
significance of each individual component for OOV rejection.
Two different vocabulary size, 21 and 42 are used in this
experiment. Figure 2. gives the OOV rejection rates at false
acceptance rate 10% for different component in SLR for both
vocabulary sizes. For 21 names vocabulary 42 in-vocabulary
names are divided into two separate groups. Same OOV names
are used for both groups and averaging results are given in the
figure. The figure demonstrates an interesting point that it may
not be necessary for the first order of SLR to give the best OOV
performance. This has been consistent on both vocabulary sizes.
In this experiment it is shown that using the second order of SLR
gives the best OOV performance for N-Best UV and
performance declines afterwards. Observation has also been
obtained in [8] that this optimal point can shift to higher order
for general UV approaches. The results certainly suggest that
there can be improvement using more than the first component
in SLR. In general the results seem to suggest that a better
combination of SLR is possible for better score measurement for
verification. This leads to experiments in the next section.

Figure 2. OOV performance using individual
component in SLR

4.3 Truncating and weighting on SLR

In this section we are going to look at whether there are some
combinations of SLR components to form a measurement score
for better OOV rejection. Three truncating functions are used in
our experiments.
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W1 is a simple truncating process which selects the first K
compenonts from SLR. W2 is to truncate the first K components
and weight them with linear declining function. W3 is to
truncate the first K components and weight them with
exponetially declining function.

A linear discriminant analysis (LDA) is also investigated in this
experiment to see whether LDA is able to find better weights
over SLR for combination. Fisher discriminant criterion is used
to train the weights in our LDA approach. The LDA is applied
to truncated SLR at various points for comparison.

Figure 3. shows OOV rejection rates of three truncating
functions and LDA method on different truncating points. 42 in-
vocabulary set is used for this experiment. For LDA 50% of
both in-vocab and OOV are used for training and another 50%
used for testing. Two alternatives are used for calculating
average results. The results from curve W1 also give the baseline
OOV performance using normalisation with the second best
(K=1) and an overall average (K=41). They both give OOV
rejection rates close 78%. It seems that all of these truncating
functions can be used for the selection from SLR to improve
OOV rejection rates. The optimal point from W1 at K=4
increases OOV rejection rate to 85%. From the figure it can be
seen that the optimal point for all curves is located at relatively
lower SLR order. This suggests that the higher order competitive
scores may not give much contribution for the combination. The
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best performance from W2 is close to one from W1. They are
slight better than W3 and LDA method. In Figure 2 the first
order SLR does not perform well. However taking it away from
the combination does not give any further improvement [8].

Figure 3.  OOV rejection rates with different
truncating and weighting

The results in the figure also indicate that applying LDA on
truncated SLR does not give further improvement. It has been
observed that components in SLR are highly correlated as they
are not distinguished features but based on sorting index. A
selection of the proper components and averaging them seems to
provide a sufficient way for the combination.

Figure 4. OOV rejection rates using different
truncating functions

Figure 4.  gives a comparison between the baseline results and
the improvement by selective truncating. In the figure the
overall OOV rejection rates is presented over different false
rejection rates. Three curves represent using the first order SLR
(W1-1), the overall average of SLR (W1-ALL) and the average
of the first four components in SLR (W1-4). The figure shows
that the W1-4 gives consistently better performance than two
baseline curves over all false rejection rates.

5. CONCLUSIONS

In this study we have examined utterance verification
approaches using N-Best scores from a competition-based
measurement framework. With this framework a sequence of
sorted likelihood ratio (SLR) has been defined in order to search
for better verification solution. In the paper the significance of
individual SLR component is presented for N-Best UV approach
and a number of combination methods on SLR have been tried.
Experimental results demonstrate that improvement can be
obtained by some selective components in SLR. From our
experiments by using the first four components OOV rejection
errors can be reduced about 30% in comparison with the
baseline results with normalisation using the second best or
overall averaging. A comparison with LDA method is also given
in the paper. Results suggest that it may not be necessary to use
LDA to combine SLR. A simple truncating and averaging seems
to provide a sufficient way for the combination.
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