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Abstract

In this paper, we employ the concept of HMM-Sufficient
Statistics (HMM-Suff Stat) and N-best speakers selection to re-
alize a rapid implementation of Baum-Welch and MLLR. Only
a single arbitrary utterance is required which is used to select
the N-best speakers HMM-Suff Stat from the training database
as adaptation data. Since HMM-Suff Stat are pre-computed
offline, computation load is minimized. Moreover, adapta-
tion data from the target speaker is not needed. An absolute
improvement of 1.8 % WA is achieved when using the rapid
Baum-Welch as opposed to using SI model and an improve-
ment of 1.1 % WA is achieved when the rapid MLLR is used
compared to rapid Baum-Welch adaptation using HMM-Suff
Stat. Adaptation time is as fast as 6 sec and 7 sec respectively.
Evaluation is done in noisy environment conditions where the
adaptation algorithm is integrated in a speech dialogue system.
Additional experiments with VTLN, MAP, and the conventional
MLLR are performed.

Index Terms: Rapid unsupervised speaker adaptation, HMM-
Sufficient Satistics

1. Introduction

Maximum Likelihood Linear Regression (MLLR) [1] and Max-
imum A Posteriori (MAP) [2] are well-known adaptation tech-
niques used in minimizing the mismatch between the speaker
acoustical characteristics and the model. To achieve a good
recognition performance, sufficient amount of adaptation data
in many utterances with phoneme transcriptions are needed in
the case of MLLR and MAP. In the pursuit of achieving a prac-
tical adaptation algorithm, issues such as adaptation data and
adaptation time become very important variables to consider.
Novel works in fast adaptation include Linear Combination of
Rank-one Matrices [3] and the Very Fast Compact Context-
dependent Eigenvoice Model Adaptation [4].

We proposed a rapid unsupervised speaker adaptation based
on HMM-Suff Stat using Baum-Welch re-estimation [6] [5].
This approach uses multi-template (multi-temp) models in cre-
ating the HMM-Suff Stat. Adaptation is done through Baum-
Welch using the N-best speakers HMM-Suff Stat. Moreover,
linear interpolation is also used towards a more robust and faster
implementation. Although, this approach works well, there re-
main points to improve such as recognition performance and ro-
bustness to small adaptation data, we extend the concept of N-
best speaker HMM-Suff Stat adaptation to using MLLR. This
research is aimed at modifying the implementation of the ex-
isting adaptation algorithms such as Baum-Welch and MLLR
towards a rapid implementation without collecting actual adap-
tation data from the target speaker and without compromising
the recognition performance. This approach results to a rapid
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MLLR implementation using N-best speakers HMM-Suff Stat
that can adapt in 7 sec time as opposed to 200 sec when us-
ing the conventional MLLR implementation not using N-best
speakers HMM-Suff Stat. Moreover, WA is improved to 87.0%
as opposed to 85.9% of the rapid Baum-Welch approach [5]
which has a 1.1% absolute WA improvement.

This paper is organized as follows. In Section 2, we in-
troduce the concept of HMM-Suff Stat and N-best speaker se-
lection as an alternative in solving adaptation time and adap-
tation data issues. The rapid Baum-Welch approach is briefly
discussed in Section 3 followed by the proposed rapid MLLR
adaptation based on HMM-Suff Stat in Section 4. Experimental
results are covered in Section 5. Finally, we conclude this paper
in Section 6.

2. Solving Adaptation Time and Adaptation
Data Issues

Baum-Welch and MLLR are implemented through EM. To min-
imize adaptation time, we segregate the whole EM process into
two, the Expectation-step (E-step) and Maximization-step (M-
step). The E-step constitutes the calculation of the HMM-Suff
Stat using the the actual observed data, and the M-step consti-
tutes the actual model adaptation (discussed in Sections 3 and
4). The M-step uses the selected N-best HMM-Suff Stat as
adaptation data which is collected from the pre-stored training
database using a single arbitrary utterance of the target speaker.

2.1. HMM-Sufficient Statistics

The E-step requires the calculation of the following:
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sPkr(X) are the statistics for the mean and variance of a par-
ticular state ¢ and mixture component m respectively. o is the
observation vector with total sets of 7 = Rk, and total obser-
vations t = T for each vector. The superscript () refers to the
gender-and-age class or the multi-template models (Adult male,
Adult female, Senior male, and Senior female). The use of spe-
cific classes (multi-temp) A result to a better initial estimate for
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is the state transition occupancy, m
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Figure 1: Selecting adaptation data from the training database

the EM process [5]. The process of creating HMM-Suff Stat is
shown in the offline portion of Figure 2.

2.2. N-best Speaker Selection

Given multiple training databases with huge spectrum of speak-
ers of different genders and age-groups, there exist speakers that
are acoustically similar to the target speaker utterance that can
be used as adaptation data as shown in Figure 1. N-best speak-
ers selection is the mechanism that selects the acoustically close
speakers as adaptation data. Prior to N-best speaker selection,
Gaussian Mixture Models (GMMs) are created for the individ-
ual speakers in the training database. The following outlines
N-best speakers selection as depicted in the online portion of
Figure 2:

1) Denoising of the test utterance using Spectral Subtraction
(SS), then the parameterization to MFCC.

2) Run Viterbi algorithm given the arbitrary test utterance and
the individual-speaker GMMs.

3) N-best speakers are selected from (2). Class counting is done
by using the gender and age information of the selected speak-
ers. The class A that has the highest count will be used to select
the multi-temp models.

4) Corresponding template model and N-best HMM-Suff Stat
are selected for adaptation.

3. Baum-Welch Based HMM-Sufficient
Statistics Adaptation

We have proposed the multi-temp rapid Baum-Welch adapta-
tion based on HMM-Suff Stat [6] [S] shown in Figure 2. In the
offline portion, gender-and-age independent model is trained
using all of the training speakers. Next, multi-temp models
which correspond to the different gender-and-age classes \ are
created using the training speakers that belong to the corre-
sponding class. From the multi-temp models, E-step is per-
formed, where four sets of HMM-Suff Stat are created and kept
which correspond to the four multi-temp models. In the actual
adaptation as shown in the online portion, N-best speaker selec-
tion takes place as discussed in Section 2.2. Model adaptation
is merely executing the M-step of the Baum-Welch approach
using the N-best speakers” HMM-Suff Stat as follows
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Figure 2: Block Diagram of The Rapid Adaptation Based on
HMM-Sufficient Statistics
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the corresponding multi-temp HMM- Suff Stat.
moP 49" are the global HMM-Suff Stat used to interpo-

m

late. Interpolation results to a robust model even when reducing
adaptation data (N-best speakers) [5]. w is the interpolation fac-
tor while s refers to the N-best speakers. To hasten up adapta-
tion we reduce N-best speakers and to compensate the reduction
of N-best speakers, interpolation is used. It is important to note
that Equations (5)-(8) are dependent of the Sufficient Statistics
and independent of the actual observed samples o.

4. MLLR Adaptation Based on N-best
Speakers HMM-Sufficient Statistics

MLLR is proven to be more effective than Baum-Welch when
using a limited amount of adaptation data. This approach makes
use of regression tree where acoustically close mixtures are
updated together using the same transformation matrix. The
MLLR adapted mean is expressed as

d

o =W € ©))
where W, is the transformation matrix while ¢,  refers to
the extended mean vector. The subscript m. denotes the mix-
ture m at class c. Solving for the transformation matrix requires

me

wep, = kPGP (10)
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where ¢ denotes the number of observations.
adaptation evolves in calculating E? and g,
covariance are derived separately and is given as

In effect, mean
The adapted
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where B, is the inverse of the Choleski factor and expressed
as
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We note that Equation (15), like Equation (12) is dependent of
the observation data o. A more detailed derivation of the MLLR
parameters given above including the auxiliary functions are
found in [8].

2 1C .

4.1. Rapid Multi-template MLLR Adaptation Parameters
Using HMM-Sufficient Statistics

In realizing a rapid multi-temp MLLR adaptation, the E-step
and the M-step are performed separately where only the E-step
is a function of the observed parameters o and not the latter.
Figure 2 illustrates this implementation which is basically the
same as that of the rapid multi-temp Baum-Welch except for
the M-step where MLLR is used and modified Equations (11)
and (12) to
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Note that these new MLLR expressions are functions of the pre-

calculated HMM-Suft Stat not from the target speaker but from
s(A) s(A) A)

ime ime?

the training database speakers L, m and v
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Table 1: WA using HMM-Suff Stat ( EM based / proposed
MLLR based 128-class)
Noise | 10dB 15dB 20 dB 25dB
office | 67.1/68.2 | 77.2/78.4 | 83.6/84.7 | 85.9/87.0
car 81.5/82.9 | 85.1/86.3 | 86.4/87.3 | 87.0/87.8
crowd | 65.9/66.6 | 79.3/80.2 | 83.8/84.4 | 84.5/85.1
booth | 44.6/45.5 | 69.2/69.9 | 82.9/83.5 | 83.4/84.1

4.2. Advantages of Rapid MLLR over the Rapid Baum-
Welch Implementation

With the rapid MLLR implementation, the system is much more
robust to the number of selected N-best speakers since MLLR is
much more effective than the latter when using small adaptation
data as far as recognition performance is concerned. Moreover,
with the MLLR implementation, we can avoid the optimiza-
tion of w found in Baum-Welch since interpolation of the global
HMM-Suff Stat is not needed in MLLR as it is already robust
to small adaptation data and no need to reduce N-best further.

5. Experimental Results
5.1. Experimental Evaluation

In the acoustic modeling part, 25 dB office noise is superim-
posed to the speech database in creating the phonetically tied
mixture (PTM) multi-temp HMMs[7]. In the adaptation part,
the single arbitrary noisy utterance is denoised with SS which
is used for speaker selection. Lastly, for the actual recognition
test, the SS-denoised test utterances are superimposed with 30
dB office noise prior to recognition to neutralize the residual
noise [7]. All of the speakers in the Adult and Senior JNAS
database have four HMM-Suff Stat, each of which is of approx-
imately 6.8MB in size stored in the disk. For the proposed rapid
MLLR using N-best=11, only 74.8MB of actual memory is re-
quired. The database information used in constructing HMM-
Suff Stat with a total of 561 speakers is given in Figure 1. The
test set is also composed of the four classes. Each class is of 100
utterances from 23 speakers which are taken outside of the train-
ing speakers. This sums up to 400 total test utterances from 92
test speakers across different genders and age-groups. Recogni-
tion experiments are carried out using a speech dialogue system
where the adaptation algorithm is integrated with 20K-word on
Japanese newspaper dictation task from JNAS. The language
model is provided by the IPA dictation toolkit.

5.2. General Results

Figure 3 shows the recognition performance and adaptation
time. WA is 84.1% (A) when using only the SI model. With
the rapid Baum-Welch approach using interpolation [5], WA is
improved to 85.9% (B) with 6 sec adaptation time. In the case
of the proposed rapid MLLR implementation using HMM-Suff
Stat, recognition performance of 85.5% (C) and 86.3% (D) are
attained when using 32 and 64 classes respectively. These have
3 sec and 5 sec adaptation time. When 128 classes are used,
we have achieved 87.0% WA with 7 sec adaptation time. This
has an absolute improvement of 1.1% compared to the rapid
Baum-Welch based approach (B)[5]. The performance in office,
crowd, car and booth noise environments with different SNRs is
given in Table 1. The optimal N-best for MLLR which is found
experimentally is Soptimar = 11. Further increasing N-best
implies the addition of dissimilar speakers as adaptation data
which leads to degradation in recognition performance. Figure
4 shows the difference in adaptation time using the conventional
MLLR that uses actual observed data and the rapid multi-temp
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proach

MLLR using HMM-Suff Stat as a function of N-best speakers.
This figure shows that the proposed method executes faster than

the conventional approach.
5.3. Results with VTLN, MAP and MLLR

Recognition experiments using VTLN, MLLR, MAP were per-
formed for comparison with the rapid MLLR implementation
using HMM-Suff Stat. In the case of MAP and MLLR we
use 10 and 50 adaptation utterances with transcriptions that
come from the actual test speaker itself (matched). We also
combined VTLN with MLLR (VTLN+MLLR) and VTLN with
MAP (VTLN+MAP) for a more improved performance. In this
section here, when referring to MLLR we mean the conven-
tional approach that requires actual adaptation utterances from
the target speaker as input not unless if explicitly specified as
proposed rapid MLLR implementation using N-best speakers
HMM-Suff Stat from the training database as input.

Recognition results of MAP, MLLR, VTLN+MAP and
VTLN+MLLR is shown in Figure 5. In this figure it is apparent
that the proposed rapid MLLR based on HMM-Suff Stat out-
performs the rest except for VTLN+MLLR using 50 adaptation
utterances. It should be noted that proposed method uses only a
single arbitrary utterance without transcriptions and executes in
7-sec time. In the conventional MLLR implementation we used
128 regression classes.

6. Conclusion

The proposed method combines the idea of N-best speaker se-
lection, HMM-Suff Stat and conventional MLLR. Although it
is apparent that these techniques have been extensively stud-
ied in literature while HMM-Suff Stat alone has been widely
used in existing conventional speaker adaptation approaches,
the proposed combination of these have significantly reduced
adaptation time from 200 sec (conventional) to 7 sec for MLLR.
Moreover, we successfully execute adaptation without collect-
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Figure 5: Performance with various adaptation techniques.

ing adaptation utterances from the target speaker, instead we
use only a single arbitrary utterance from the target speaker and
use this to select the N-best HMM-Suff Stat as adaptation data
coming from the training database speakers. With regards to
disk space storage, size may increase depending on the number
of the training database speakers. However, the total disk space
requirement is much smaller in size as compared to storing the
training database in raw files. We have shown that it is possi-
ble to hasten up adaptation time with the existing conventional
adaptation approaches using HMM-Suff Stat.
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