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ABSTRACT

Nowadays, almost all speaker-independent (SI) speech
recognition systems use CDHMM with multivariate mixture
Gaussian as observation density to cover speaker variabilities. It
has been shown that given sufficient training data, the more
mixtures are used in the HMM observation density, the better
the system’s perform. However, acoustic HMM with more
Gaussian densities is more complex and slows down recognition
speed. Another efficient way to handle speaker variation is to
use speaker adaptation (SA).  Yet, even though speaker
adaptation of full multivariate mixture Gaussian densities can
increase recognition accuracy, it does not improve recognition
speed. In this paper, we introduce a principal mixture speaker
adaptation method which reduces HMM complexity by
choosing only the principle mixtures corresponding to a
particular speaker’s characteristics. We show that our method
both improves recognition accuracy by 31.8% when compared to
SI models, and reduces recognition speed by 30%, when
compared to full mixture SA models.

1. INTRODUCTION

It has been a trend in recent years to train acoustic models by
increasing the number of Gaussian mixture components in every
HMM observation density to improve the performance of
speaker-independent (SI) speech recognition systems [1,2]. This
is based on the assumption that a large amount of training data
can cover more speaker variabilities such as differences in accent,
age, gender, etc. It is also believed that such speaker variabilites
can be modeled by some Gaussian densities. Therefore, there is a
consensus that a HMM with more Gaussian densities is more
suitable for large number of speakers. We have carried out an
experiment to illustrate this point and its results are shown in
Table 1. We can see that as mixture number increases from 8 to
32, recognition accuracy increases. However, when there is
insufficient training data for the multivariate mixture Gaussian
density, recognition accuracy drops, as shown in the case of 64 -
mixture.

In addition, as the number of Gaussian mixture components
increases, computation time increases as well. For a real time
system, we must find an optimal trade-off between recognition
accuracy and computation time.

In general, speaker-dependent (SD) systems outperform speaker-
independent systems, as long as the training data is sufficient for
SD HMM [3]. Based on this understanding, we usually use
speaker adaptation (SA) to make SI HMM more suitable for the
current speaker to improve the recognition performance.

Mixture 8 24 32 64

Accuracy 67% 72% 75.2% 74.8%

Table 1: the syllable accuracy rate of our SI system for
continuous Mandarin speech in different complexity acoustic
HMM.

Conventionally, model-based speaker adaptation, such as MLLR
and MAP, means a transformation of all mixture components of
all SI models to match a particular speaker's characteristics [3-9].
However, we know that for a certain speaker, only some (not all)
Gaussian mixture components in every observation density
reflect his/her voice characteristics significantly. This means that
for a certain speaker, we do not need so many mixture
components in every HMM to obtain good performance. Hence,
if we can adapt only those mixture components that have
significant speaker specific characteristics, we may get better
recognition performance and with less recognition time.  In this
paper, we introduce our approach of speaker adaptation based on
principle mixtures to get better speaker HMM with fewer
mixture components. The advantage of our approach is that it
improves recognition performance and at the same time reduces
computation time significantly.

Our algorithm consists of three steps --- (1) principal mixture
selection; (2) principal mixture reduction; and (3) principal
mixture adaptation. In section 2, we describe the basic maximum a
posterior (MAP)-based speaker adaptation framework. In section
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3 to 5, we describe steps 1 to 3. We present experimental results
in section 6 and conclude in section 7.

2. SPEAKER ADAPTATION BASED ON
MAP

In general, a model-based speaker adaptation algorithm
transforms the mean vector and covariance of the observation
densities of all HMM [3-9]. Let us consider an N-mixture
Gaussian density CDHMM with parameters {µ,∑} of every
observation density, where

µ= ),,,( 21 Nµµµ Λ

∑= ),,,( 21 Nσσσ Λ ;

Here the parameters },{ ii σµ  are the mean vector and the

covariance matrix of the i-th Gaussian mixture component of an
observation density. A speaker adaptation algorithm tries to find
a transformation from the original HMM to a better HMM for a
certain speaker. The new HMM observation parameters

},{ γm  is as follows:

),,,( 2211 NNAm µαµαµαµ ∗∗∗=∗= Λ       (1)

),,,( 2211 NNB σβσβσβγ ∗∗∗=∑∗= Λ       (2)

Where * is a kind of arithmetic operator; A and B are some kinds
of transformation.

In order to carry out the principal mixture speaker adaptation, we
need the adaptation data cover all HMM models. Therefor, we
choose the algorithm based on maximum a posteriori (MAP) to
achieve the speaker adaptation [6,7], since it is more suitable for
SI to SD adaptation when adaptation data increased. The
transformation of the k-th Gaussian density of the i-th state of an
HMM is therefore as follows:
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)(ktθ is the probability of the model generating Ot while being

in the i-th state with the mixture component label k at time t. δ
denotes the Kronecker delta function. The delta function returns
1 when the optimal state sequence S={s1,s2,...,sT}, which is
determined by Viterbi segmentation, arrived in the i-th state at
time t; it returns 0 otherwise. This algorithm is the so called
segmental MAP [6].  We use segmental MAP to reestimate the
Gaussian parameters of the selected mixture components which
we call principal mixtures.

3. PRINCIPAL MIXTURE SELECTION

The first important step is to evaluate which mixture components
are the principal mixtures. As an example, consider a 5-mixture SI
model with Gaussian mean vectors u1, u2, u3, u4, u5, whose model
space is illustrated in Fig 1. The real model sample space for
current speaker is drawn in a dotted line. As we can see, mixture
component u2 and u5 have insignificant contribution to reflect the
real model sample space. And they have insignificant contribution
to the observation likelihood of the current speaker. Therefore
these two mixtures are not principal mixtures. On the other hand,
u1, u3, and u4  are obviously principle mixtures. In general, the
observation likelihood that the principal mixtures generate is
about 100 times or more higher than that of the other mixtures. So
we choose the observation likelihood contribution as the criteria
of a principal mixture. It is evident that principal mixtures are not
constant over speakers. Thus we need to select the principal
mixtures before carrying out speaker adaptation.

            

Fig 1: The SI model and the real model sample space for
current speaker.

Principal mixture selection is based on the actual contribution to
observation likelihood of every Gaussian mixture component in
every state. Here we compute the contribution of mixture
component k of the i-th state by calculating the average

)(kiθ on all the adaptation data. Where,
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Then we can select the principal mixtures of i-th state based on
this condition:

  ],1[)( Njji ∈> ϕθ (7)

Where ϕ is a heuristically set constant (e.g. at 10-1), which
controls the number of principal mixtures in every state.

4. PRINCIPAL MIXTURES REDUCTION

After computing principle mixtures over all adaptation data, we
can get a set of principal mixtures of every state of every HMM.
If the number of principal mixtures is more than we need, we
combine those that are close together. We define the following
measure for the distance between Gaussian densities i and j.
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Where m is the dimension of the mean vector, and the covariance
matrix is a diagonal matrix. After principal mixture selection and
reduction, we then carry out principal mixture adaptation.

5. PRINCIPAL MIXTURE ADAPTATION

Unlike traditional speaker adaptation, which reestimates all the
mixture components, principal mixture adaptation only adapts
the mixtures we selected. As shown in Fig 2, the SI model after
traditional speaker adaptation may still have some mixture
components that are irrelevant to current speaker. Whereas in Fig
3, the principal mixture adaptation only retains those mixtures
with significant contribution in the real sample space. We will
show the effectiveness of our approach by the experimental
results in the next section.

          

Fig 2: The SI model space after traditional MAP
adaptation and the real model sample space of current
speaker.

                  

Fig 3: The SI model space after principal mixture
adaptation and the real model sample space of current
speaker.

6. ADAPTATION EXPERIMENTS

6.1 Adaptation Data and Baseline System

The SI system we use in our experiment is a one-pass DP real-
time decoder for continuous Mandarin speech recognition that we
have developed. We use about 139 left-to-right right-context
dependent HMMs. Each HMM has three observation densities,
and each observation density has 32 mixture components.

The adaptation data is recorded by 9 testing speakers (8 male + 1
female) and includes 250 utterances from each speaker (250 is
usually the upper bound of user tolerance level for adaptation
training). Each utterance has 10 to 20 syllables. This database
covers all the HMM acoustic models more than 10 times each.
And the testing data includes 60 utterances from each speaker.

6.2 Adaptation Result and Evaluation

First, we compare syllable recognition accuracy with different
acoustic HMMs using the same recognizer. The result is shown
in Table 2. As we can see, the principal mixture speaker
adaptation result with complexity reduction shows about 31.8%
error rate reduction.



Second, we compare the computation time with different
complexity HMMs using the same recognizer. The result is
shown in Table 3.  After principal mixture adaptation, HMM
with 16-mixtures has a 30% time reduction from that of 32-
mixtures HMM. When these adaptation models are used in our
decoder with beam search algorithm, the system runs faster than
using the SI models. This is because the adaptation models are
more discriminative than SI models, so the system can prune
more paths while saving fewer candidate paths.

7. CONCLUSION

This paper presents a method to improve HMM accuracy and to
reduce model complexity by using principle mixture speaker
adaptation. Multivariate Gaussian mixture densities have better
coverage of speaker variabilities but they are not geared towards a
particular speaker. Conventional speaker adaptation methods
transform the SI models to that of the current speaker. However,
adaptation on the full mixture set causes unnecessary
computation time delay. By selecting only the principle mixtures
suitable for a current speaker, our method greatly reduces
computation time (by 30%) while still improving recognition
accuracy from SI models (by 31.8%).
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Speaker A B C D E F G H I average

SI/32mix 83.0% 60.2% 49.9% 55.3% 60.0% 57.2% 43.9% 77.9% 73.7% 62.3%

SA/16mix 84.6% 74.5% 65.1% 77.6% 70.1% 69.9% 63.2% 85.0% 78.9% 74.3%

����� Table 2: SA accuracy is higher than SI accuracy with the same recognizer.

Speaker A B C D E F G H I average

32mix 183 179 183 181 179 180 183 180 181 181

16mix 119 118 119 119 118 118 119 118 119 118.6

Table 3: Principle mixture SA uses less computation time (in seconds) than conventional MAP SA.


