137 /Interspeech.2004-15

10.21

ISCA Archive

http://www.isca-speech.org/archive

INTERSPEECH 2004 - ICSLP

8" International Conference on Spoken

Language Processing
ICC Jeju, Jeju Island, Korea
October 4-8, 2004

Maximum a Posteriori Eigenvoice Speaker Adaptation for
Korean Connected Digit Recognition

Hyung Bae Jeon*, Dong KooK Kim?

1ETRI 161 Gajeong-dong, Y useong-gu, Dagjeon, 305-350, KOREA

Chonnam National University 300 Y ongbong-dong, Puk-gu, Gwanju 500-757, KOREA
'hbj eon@tri.re. kr, 2dki m@honnam ac. kr

Abstract

In this paper, we present a maximum a posteriori (MAP)
eigenvoice speaker adaptation approach to the self-adaptation
system. The proposed MAP eigenvoice is developed by
introducing a probability density model for the eigenvoice
coefficients. And we make a self-adaptation system which is
useful to public user, because user does not need to speak
several sentences for adaptation. In self-adaptation system we
use only one utterance that will be recognized, so we use
eigenvoice adaptation with MAP criterion that is most robust
adaptation agorithm for very small adaptation data. In a series
of self-adaptation experiments on the Korean connected digit
recognition task, we demonstrate that the proposed approach
achieves a good performance for a very small amount of
adaptation data.

1. Introduction

Various speaker adaptation techniques have been studied in
recent years to solve the mismatch problem between the
training and testing conditions of speech recognition systems.
In general, the model-based adaptation techniques are
classified into three families [3]: the maximum a posteriori
(MAP) adaptation family [1], the transformation-based
adaptation family including maximum likelihood linear
regression (MLLR) [2], and speaker clustering or speaker
space methods such as the eigenvoice approach [4].

Among these techniques, MLLR approach has been widely
used for rapid adaptation. However, the large number of
parameters makes robust estimate very difficult, when the
amount of adaptation data available is strictly limited. This
problem was alleviated by maximum a posteriori linear
regresson (MAPLR) [6] that proposed to improve MLLR
adaptation by incorporating a prior distribution for the
transformation parameters to be used in MAP estimation.
Another approach for rapid adaptation is spesker space
method such as the eigenvoice. The eigenvoice approach finds
basis vectors that are orthogonal to each other and represent
the most important components of variation between speakers.
The eigenvoice constrains the adapted model to be a linear
combination of a smal number of basis vectors obtained
offline from a set of reference speakers, and thus greatly
reduces the number of free parameters to be estimated from
adaptation data [3]. And eigenspace-based MLLR and
MAPLR techniques were proposed by anayzing the
transformation matrices associated with the training speakers
using the conventional principal component anaysis
(PCA)[11] and probabilistic PCA (PPCA) [7][8][10].

In previous work, we find out that the eigenvoice has a best
performance among rapid adaptation methods for very small

amounts of adaptation data. So we concern with the rapid
adaptation such as eigenvoice on the insufficient adaptation
data task. We are developing a system that recognizes Korean
connected digits through the telephone and mobile channels.
By the way, in rea environments we cannot expect the
adaptation data, because extra speaking is disliked. So we try
to implement the self-adaptation framework. This system
adapts acoustic model with the utterance to be recognized.
Usually the performance of self-adaptation is decreased
according to the performance of speaker independent
recognizer. Therefore we must select the data to be used in
unsupervised adaptation by confidence measure, and the
selection of data causes reduction of adaptation data.

In this paper, we represent MAP eigenvoice approach that
improves the elgenvoice by introducing a prior distribution for
the coefficient of eigenvoices such as MAPLR approach. By
introducing the prior distribution of the eigenvoice coefficients,
we try to overcome the insufficient problem of adaptation data
in real environments. The gaussianity of transformation rows
of MLLR and the gaussianity of eigenspace location are
mentioned previously by P. Nguyen [5]. So we assume that the
coefficients of eigenvoices w is a random variable, therefore
described by its probability density function, P(w). This
constrain can be inserted in the estimation process of
eigenvoice by the MAP criterion [6]. Obvioudly, the
performance of the agorithm is related to the choice of the
proper prior distribution. This prior distribution can be trained
and whole processiis data-driven.

This paper is organized as follows. First we present the
eigenvoice agorithm in Section 2. And in Section 3 we
present the proposed algorithm, MAP eigenvoice, and a prior
distribution selection. In Section 4, we explain the self-
adaptation framework, and confidence measure. In Section 5,
the experimental results are given. Finally, we summarize our
work.

2. Eigenvoice

Eigenvoice is an effective adaptation algorithm that performs
speaker adaptation by constructing a new speaker model as a
linear combination of canonical speaker space models [4]. By
observing speaker dependent models in training data,
eigenvoice learns a linear space structure through the PCA
[11]. Eigenvoice has experience during the training of what
speaker dependent models look like, so eigenvoice can find
out the speaker characteristics in the eigenvoice space with
small adaptation data.

Eigenvoices has a two phases: in the first one, we train the
eigenvoices, and in the second one, we find the better
modeling of a new speaker by the eigenvoice adaptation. In
training phase, first we train spesker dependent models for



training speakers. And they are converted into supervectors by
concatenating the mean parameters of the model. Having these
supervectors, we extract the eigenvoices using PCA. The
resulting PCA space is called the speaker space or eigenvoice
space and each vector is referred to as an eigenvoice. In
adaptation phase, we try to attempt to locate a speaker within
the eigenvoice space by using maximum likelihood eigen-
decomposition (MLED) [4].

When a new speaker is presented to the system, adaptation
system builds the speaker dependent model from some

adaptation data o,,t =1,...,T . Then, the updated mean
vector of each Gaussian mean component mis:

o = D WU &

e

where m is Gaussian mixture index, e is a eigenvoice index
and w, is acoefficient of €'th eigenvoice y[.
To estimate the coefficient w,, We use the conventional EM
algorithm. The auxiliary function Q is defined as [4] [5] :

S INACCED NATDMSORS WA RNE

wherey. (t) isaoccupation probability for mixture m.
Define aD by E matrix:

U, =[u™--u™]. ®

This is the portion of the eigenspace that corresponds to the
Gaussian component m. Then the Q-function may be rewritten
as:

Q=23 /u00 U W' Ry (0, -Upw). ¥

We aim to estimate the coefficient w, - This is done by
differentiating equation (4) by w:

Q__ o 11w o ®
S ; Ym(®U IR, (0, ~U W) = 0.

The solution of wis:
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3. MAP Eigenvoice

3.1. Maximization of the posteriori density

The eigenvoice agorithm employs the maximum likelihood
(ML) criterion [4]. However, ML estimation does not
introduce any constraints on the possible values of parameter,
w, and relies only on the adaptation data o, and the original

model, and speaker space. Therefore it is desirable to
constraint the possible values of the parameter, w, to improve
the performance of eigenvoice. To do this, we introduce some
constrain which is that the parameter is a random variable, so
the parameter is described by its probability density function.

This constrain can be inserted in the estimation process by
using the MAP criterion [6] [10]:

A = argmax P(O | A)P(A) @
A

where p(,) isapriori distribution of the coefficient w. In this
paper we assume that p(w) has a Gaussian distribution [5] [6]:

P(W) :%z*’2 exp{—%(w— W= tw-wy - )

where w, ¥ are the mean and covariance matrix of random
variable w respectively. And we assume that the covariance
matrix of coefficient wis diagonal.

Then auxiliary function is defined as [6] [10]:

E E
Q= =2 T n(0(0, = 2 wu) R, (0, = 3 wul™) + log P(w).
m;t e=1 e=1
)
When we use U  of equation (3), the Q-function may be
rewritten as:

Q=2 3 (00, ~U )" Ry (0, U ) +log P(w),
| (10)

To maximize Q-function respect to coefficient w,
set (0Q/ aw) = 0, then:

(Z Yu®ULRU,, + zljw:
m,t

(z JuOUTR.0,+ z-lw] 1y

Then the solution of wis:
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Compared to the conventional eigenvoice solution, (12) shows
that the MAP eigenvoice provides a unified framework that
incorporates the prior model into the conventional eigenvoice
estimation procedure.

3.2. Sdlection of the Prior density

When we use the MAP criterion, the performance of the
algorithm is highly related to a proper choice of the prior
distribution. In [6], Chesta suggested to choose a matrix
variate normal prior density for P(W), a prior density of
transformation matrix of MLLR. In [5], Nquyen derived the
gaussianity of eigenvoice estimates, and mentioned the
mutigaussian prior for coefficient w.

In this paper, the prior density of coefficient w is assumed to
be single Gaussian density function like the equation (8) to
simplify the computation and modeling. To model the prior
density, we find the Gaussian distribution from training
speaker who used in the eigenvoice training. With the
supervised eigenvoice adaptation using only one sentence



from all training sentence, we can construct the statistics of the
coefficient w. Then, we model the statistics as a single
Gaussian distribution for each training speaker. In
unsupervised adaptation phase, we select a nearest Gaussian
density function. To find out nearest Gaussian, we employ
Mahalanobis distance between the estimated coefficient and
Gaussian distributions.

4. Self-Adaptation

4.1. Self-Adaptation Framework

Self-adaptation system has the framework which adapts
acoustic model using the same utterance to be recognized.
Typicaly, the self-adaptation system has a 2-pass decoder
structure. The first pass would employ rather coarse models to
narrow down the search space. Information is added between
passes; trigrams, cross-word modeling, discriminative training,
etc.

The first pass decoder performs a search process with speaker
independent model, and finds the phone alignment and the
sufficient statistics that will be used in adaptation phase. After
first pass decoding, the adaptation phase does an unsupervised
adaptation because we does not know correct phone alignment
information. Then, the second pass decoder does a search
process with a speaker adapted acoustic model that was
generated before adaptation phase.

In adaptation phase, the ussble adaptation data is just one
utterance that will be recognized, 4 connected digit in our
experiment. We must adapt under unsupervised condition, and
we have a recognition error relying on the performance of first
pass decoder that employs the speaker independent model. To
improve the performance of adaptation phase, we must select
more likely data for adaptation, and then the usable adaptation
datais decreased more and more.

In the poor adaptation condition, our system needs fast and
robust adaptation algorithm that is working well by using very
small amount of adaptation data. In our previous work,
eigenvoice agorithm is the best suited method among several
fast adaptation algorithms.

4.2. Confidence Measure

Because we do an unsupervised adaptation, the performance of
adaptation is decreased according to performance of speaker
independent recognizer. Therefore we must select the data to
be used in adaptation phase by confidence measure.

First, we define a confidence measure with log-likelihood ratio
(LLR) of anti-phone score and tri-phone score. To make anti-
phone, we define a cohort set according to phonetic values.
We make anti-phone which have various numbers of mixtures
using mixtures of cohort set. When we find the confidence
score, we use only 12 activated mixtures of anti-phone for fair
comparison with other anti-phones that have different number
of mixtures.

Then we use only the data for adaptation phase which has
larger confidence value than threshold. And this threshold
vaue is chosen to minimize the decision error. To find best
threshold vaues, we construct the LLR distributions from
training database. And we define the threshold value for each
tri-phone.

5. Experimentsand Results

5.1. Experiment Environment

Experiment was performed with two different databases which
consisted of Korean 4 connected digits. In experiment 1, the
database was collected for 294 speakers through same
telephone line channel. For each spesker, the data consisted of
200 utterances. 245 speakers were used for training with
50,000 sentences, and 49 speakers were used for test set with
10,000 sentences.

In experiment 2, the database was collected for 2,800 speakers
through various telephone line channel and mobile channel.
The database of mobile channel was collected on the various
environments and collected through 5 different mobile
channels. For each speaker, the data consisted of 30. 2,600
speakers were used for training with 70,000 sentences, and
200 speakers were used for test set with 4,600 sentences.

In experiment 1, our experiment reflects compensation of
speaker mismatch, however in experiment 2, our experiment
reflects compensation of speaker and various channel
mismatch.

We used a standard MFCC front-end. A feature vector has 39
components, consisting of 13 order cepstral coefficients with
CO0, and their first and second derivatives.

And we trained acoustic model as 342 tri-phones and two
silences which are observed in Korean connected digits. Each
tri-phone HMM had 5 states and 6 mixtures, and silence
HMM had 1 state, 16 mixtures to model silence in detail. Thus,
each supervector for eigenvoice contained 401,388 parameters.
In order to obtain the speaker dependent model, we carried out
speaker adaptation for the training speaker, and a supervector
was extracted from each speaker dependent model. We
combined MAP and global transform MLLR to obtain speaker
dependent models. Then we made a covariance matrix with
supervector. PCA was applied to this covariance matrix, and
we obtained K eigenvoices.

In experiment 1, we obtained 20 eigenvoices from 244 speaker
dependent models of training speaker. In experiment 2, there
were so many train speakers, and environment conditions were
various in channd and background noise. Therefore we
obtained 20 eigenvoices from 800 speaker dependent models
of 800 training speakers who were randomly selected among
26,000 training speakers.

In experiment 2, we had performed additional experiment. In
first pass decoder, we employed two decoders which had
different acoustic model, male/female model respectively. For
this multi-path decoder, we had trained two eigenvoices from
male training set and female training set respectively. Each
eigenvoice also composed of 20 eigenvoices. In the first
decoder, we could know which model is right model by
acoustic score, then we adapted corresponding model with
corresponding eigenvoice. And then we could search with
adapted model in second pass decoder.

5.2. Experiment Result

The results of experiment 1 are given in table 1..



Table 1: The self-adaptation experiment with Eigenvoice and
MAP Eigenvoice in same telephone line environment

Sentence ERR
Accuracy
Baseline 91.72%
Eigenvoice 92.73% 12.2%
Eigenvoice + Confidence 92.82% 13.2%
MAP Eigenvoice 92.86% 13.7%
MAP Eigenvoice + 92.71% 14.3%
Confidence

The baseline is the performance of speaker independent model.

Eigenvoice represents the eigenvoice unsupervised adaptation
experiment which used &l data to adaptation with an
assumption that first pass results are correct. And Eigenvoice
+ Confidence represent eigenvoice unsupervised adaptation
experiment which differs from above experiment in selection
of data for adaptation by confidence measure. With confidence
measure, we got improvement of error reduction rate (ERR) by
1%. The MAP Eigenvoice is proposed algorithm in this paper.
With MAP Eigenvoice, we have improved ERR by
1.1%~1.5% for conventional eigenvoice.

Table 2: The self-adaptation experiment with Eigenvoice and
MAP Eigenvoice in various mobile and telephone line

environment
Sentence ERR
Accuracy
Baseline 86.33%
Eigenvoice 87.72% 10.16%
Eigenvoice + Confidence 87.80% 10.75%
MAP Eigenvoice 87.93% 11.70%
MAP Eigenvoice + 87.95% 11.85%
Confidence

In experiment 2, the database was collected from various
environments, office, home, a public phone, and street,
subway station, etc. through telephone line channel and 5
different mobile channels. Experiment results of this database
are given in table 2. Because of channel variation, the baseline
performance is poor than above experiment, and improvement
of adaptation is lower than above result. Like above results,
MAP Eigenvoice has improved ERR by 1.1% ~1.5% for
conventional eigenvoice.

Table 3: The self-adaptation experiment with Eigenvoice and
MAP Eigenvoice in various mobile and telephone line
environment with multi-path decoder

Sentence ERR
Accuracy
Multi-path (male/femal €) 87.44%
Eigenvoice + Confidence 87.99% 4.37%
MAP Eigenvoice + 88.29% 6.76%
Confidence

In experiment 3, we used more elaborate model. We employed
male model and female model in first pass decoder. With
multi-path decoding, we have improved the sentence accuracy
by 1.1%. We applied eigenvoice to above baseline, and then
we got an improvement of ERR by 4.37%.

It is previously known that the first element of eigenvoice
reflects the sexual characteristics of speaker. Therefore the
improvement of eigenvoice adaptation in multi-path system

was lower than above speaker independent system. Also in this
experiment, the MAP eigenvoice has improved ERR by 2.4%
than conventional eigenvoice.

6. Conclusion

We have presented the MAP eigenvoice technique that
estimates the coefficients of eigenvoices with a prior density
for self-adaptation. The MAP eigenvoice is formulated such
that it can provide a unified framework that incorporates the
prior model into the conventional eigenvoice estimation.
Experimental results showed that the performance of the MAP
eigenvoice was better than that of the eigenvoice for the self-
adaptation system that uses a small amount of adaptation data.
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