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ABSTRACT

This paper studies a speaker adaptation method
based on minimum-classification-error (MCE) train-
ing applied to a hidden Markov model {HMM) based
speaker-independent speech recognition system. In
this method, the HMM parameters are adapted to
a new speaker using the combination of maximum a
posteriori (MAP) and MCE estimation. MAP esti-
mation maximizes the a posteriori probability that
the HMMs generate the data of the speaker, but
this does not always guarantee the highest perfor-
mance for reducing the recognition error. On the
other hand, MCE estimation directly aims at mini-
mizing the recognition error and has recently started
to be used for speaker adaptation. Here MCE esti-
mation is applied to the HMM parameters adapted
by MAP estimation so that they fall into one of the
local minima near the HMM parameters adapted by
MAP estimation.

In phoneme recognition experiments, we compare
the performance of our combination of MAP and
MCE estimation against the individual performances
of MAP and MCE estimation. We find that the com-
bination of MAP and MCE estimation is the most
effective.

1 INTRODUCTION

Speaker adaptation is essential for HMM-based
speech recognition systems, since the performance
of speaker-independent phoneme HMMs for a new
speaker is often low. Although there are many dif-
ferent approaches for speaker adaptation, the prob-
lem of insufficient amount of training data for the
new speaker for estimating HMM parameters remains
to be solved. When considering context-dependency
of phoneme models, the number of HMM parame-
ters becomes huge. To estimate them robustly using
a small amount of data, some parameter-reduction
techniques like parameter-tying are often used.

One frequently used method for adapting the HMM
parameters to the speaker is maximum a posteriori
(MAP) estimation [1]{2]. It provides a way of incorpo-
rating prior information of the speaker-independent
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system into the training process, which is particularly
useful in dealing with problems posed by sparse train-
ing data for which the maximum-likelihood (ML) ap-
proach gives inaccurate estimates. However, in MAP
estimation, there is no guarantee that the highest per-
formance for reducing the recognition error will be ob-
tained. On the other hand, minimum-classification-
error (MCE) estimation aims at directly minimizing
the recognition error and has recently started to be
used for speaker adaptation [3]. One may regard
MAP estimation as a method of estimating the fea-
ture parameter distribution for each phoneme accu-
rately and MCE estimation as a method of adjusting
the boundaries of the distributions effectively.

Therefore, a combination of methods might offer
both advantages. For speaker recognition, Liu [5] has
reported an effective method of making an HMM for
each speaker that estimates the HMM parameters by
maximum-likelihood (ML) estimation using the train-
ing data of the speaker and then modifies the param-
eters using MCE estimation.

This paper presents the combination of MAP and
MCE estimation and compares it with MAP and
MCE estimations and, in the discussion section, with
the combination of ML and MCE estimation. For
MCE estimation, the existence of many local min-
ima is a serious problem especially when only a small
amount of training data is available. We try to cope
with this over-tuning problem in MCE estimation by
estimating the model parameters so that they fall into
one of the local minima near reasonable initial model
parameters such as those adapted by MAP estima-
tion. The combination improves the phoneme recog-
nition performance most effectively, even when only
one sentence is used as the training utterance for each
speaker. In the experiments, we used tied-mixture
HMMs as speaker-independent phoneme models be-
cause parameter-tying models are useful to cope with
the problem of a small amount of data as stated
above.

2 METHOD

In the combination of MAP and MCE estima-
tion, the parameters of speaker-independent phoneme
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HMMs are adapted by MAP estimation and then
modified using MCE estimation.

In MAP estimation [1][2], an HMM parameter set
A is approximated while f(X|A)A{A) is locally max-
imized by the segmental MAP algorithm [4][1] where
X is an observation sequence, A is an HMM param-
eter set, f(+) is the likelihood function obtained by
the Viterbi algorithm and h(-) is the a priori density
function.

The HMM parameters {a mean vector pgm, and
weighting factor w;,, of a mixture component m in a
state s) are reestimated by eqgs. (1) and (2).

- TsmMsm T Zthl CsmiLe
MHsm — T (1)
Tsm + Zt:l Csmt

T
Ve, — 1+ Zt:l Csmt
M M T
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where ¢, 1s the probability of being in state s with
the mixture component m at time ¢ given that the
HMM with A generates the observation vector z;, vsm,
is calculated using w;,,, and 75, according to eq. (3),
and 7., is set experimentally.

Wsm =

(2)

M
Vsm — Wem Z Tsm- (3)
m=1

In MCE estimation [5][6], the discriminant function
g%(-) and the misclassification function di(-) for class
k are defined by egs. (4) and (5).

(X, A) = gl (X)), ()
dk(X, A) = -—gk(X,A) + Gk(X, A) and (5)
Ge(X, 4) = logl g D exolng (4, A,
3.J#k

where £;(+) is the likelihood function for class k.
Then, A is estimated by the segmental GPD (segmen-
tal generalized probabilistic descent) algorithm [7] so
as to minimize the misclassification function di(-). In
practice, the class loss function {(dy) in eq. (6), which
can be differentiated, is used instead of di(-), and A
is updated iteratively by eq. (7).
1

) = 13 o= sy ™ ©

EUROSPEECH ’95, Madrid, Spain, September 1995

Ay = A — & Vi(dr), (7)

where ¢; is adjusted for each iteration in order that
A falls into one of the local minima near the initial
model parameters. For each iteration, ¢ is scaled
with a proper range, the phoneme recognition exper-
iment using the training data is performed for each
scaled ¢;, and the final ¢, of the iteration is set to the
¢; that achieves the highest performance (Figure 1).

3 EXPERIMENTAL CONDITIONS

In the experiments, 256-tied-mixture HMMs were
used as context-independent phoneme HMMs. The
number of phoneme HMMs was 43. Sentence data
uttered by five male speakers in the ATR database of
set B and sentence data uttered by 30 male speakers
in the Acoustical Society of Japan (ASJ) database -
in total 7,016 sentences - were used for estimating the
parameters of speaker-independent phoneme HMMs
by the Baum-Welch algorithm.

For speaker adaptation and evaluation, the sen-
tence data uttered by six male speakers in the ATR
database of set C were used and the average phoneme
recognition rates over the speakers were used for eval-
uation. In the phoneme recognition experiments,
each utterance was segmented by the Viterbi align-
ment according to the correct phoneme sequence in
the sentence, the boundaries of the segments were as-
sumed to be correct, and then the phoneme HMM
that had the maximum likelihood value for each seg-
ment was used as the recognition result of the seg-
ment. For speaker adaptation, either 1, 5, 10 or 50
sentences were used for each speaker. The experi-
ments were performed for two sets of sentence data;
the same data as for speaker adaptation (“closed”)
and a different set of data of 100 sentences (“open”).
The cepstral coefficients were calculated by LPC anal-
ysis with an order of 16, a frame period of 8 ms, and
a frame length of 32 ms.

The number of training iterations was 10 for MCE
estimation. The mixture mean and weighting fac-
tors of phoneme HMMs were estimated for MAP and
MCE estimation methods. In MAP estimation, the
parameters were updated after processing all sen-
tences for each iteration. In MCE training, the pa-
rameters were updated at the end of processing each
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Table 1. Phoneme recognition rates for each speaker using open data. (*: top score in three methods)

training data
1 sentence 5 sentences 10 sentence

speaker SI | MAP | MCE | MAP+ | MAP | MCE | MAP+ | MAP | MCE | MAP+

MCE MCE MCE
S1 50.2 54.2 53.5 *58.5 57.1 57.4 *59.6 62.0 60.5 *62.2
52 36.6 37.0 37.7 *45.2 42.2 | *47.2 46.1 52.5 49.3 *55.5
53 45.1 49.9 50.7 *53.4 54.3 56.0 *58.3 59.9 60.0 *61.2
54 32.1 44.2 48.0 *49 4 51.0 50.4 *55.9 54.0 59.4 *59.7
S5 49.4 50.9 | *54.2 53.9 56.7 | *60.1 59.5 63.1 | *64.8 64.1
S6 43.2 46.4 49.1 *52.3 52.9 55.2 *55.8 58.3 | ¥59.9 59.6

[ Average l 42.8] 47.1 [ 48.9 ‘ 52.1 I 52.4 L 54.4 l 55.9 ] 58.31759.0 [ 60.4 I

sentence. For MAP estimation, the initial values of
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Figure 2. Phoneme recognition rates for open data.
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Figure 3. Phoneme recognition rates for closed data.
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Tem Were set to 1.5 when using 1 sentence for speaker
adaptation, 1.1 when using 5 sentences, 0.9 when us-
ing 10 sentences, and 0.5 when using 50 sentences.

4 RESULTS

Figures 2 and 3 compare the average phoneme
recognition rates over speakers directly using a
speaker-independent phoneme HMM (“SI”), us-
ing only MAP estimation (“MAP”), using only
MCE training (“MCE”), and using the combination
method (“MAP+MCE”).

For all numbers of training sen-
tences, “MAP+MCE” performed best, “MCE” less
well, and “MAP” least well for both open and closed
data. Especially for closed data, the difference in per-
formance between the methods of applying MCE esti-
mation and “MAP” was large. These results indicate
that MCE estimation is effective. Since MCE esti-
mation aims at directly minimizing the recognition
error, it can be considered that “MCE” performed
better than “MAP.”

Table 1 lists the phoneme recognition rates for each
speaker using open data. The order for performance
of the three methods for each speaker was almost the
same as that for the average over all speakers.

Although over-tuning to the small amount of train-
ing data in MCE estimation is generally supposed
to be a serious problem, even when only one sen-
tence was used for speaker adaptation, “MCE” and
“MAP+MCE” performed well for open data. For
MCE estimation, since the model parameters were es-
timated to fall into one of the local minima near the
speaker-independent model parameters or the model
parameters adapted by MAP estimation, this prob-
lem was alleviated to some extent. These results
indicate that MCE estimation even having speaker-
independent models as initial conditions works very
well for a small amount of training data.
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5 DISCUSSION

To investigate the effectiveness of applying MCE
estimation, experiments using the combination of ML
and MCE estimation were conducted. In ML estima-
tion, the parameters of speaker-independent phoneme
HMMs were adapted to the speaker by using the
Baum-Welch algorithm. ‘

Figure 4 compares the average phoneme recog-
nition rates using only ML estimation (“ML”),
using the combination of ML and MCE estima-
tion (“ML+MCE”), “MAP,” and “MAP+MCE” for
open and closed data when using 1 or 10 sen-
tences for speaker adaptation. Although “ML” and
“ML+MCE” performed well for closed data, for
open data, they were much worse than “MAP” and
“MAP+MCE.” These results can be attributed to
over-tuning to the small amount of training data and
indicate that the effectiveness of MCE estimation is
dependent on that of the initial models. When rea-
sonable initial models such as those estimated by
MAP can be used, MCE estimation can be consid-
ered to be an effective fine-tuning method of HMM
parameters.

6 CONCLUSIONS

This paper investigated speaker adaptation of
speaker-independent phoneme HMMs based on MCE
training. A comparison of the performances of MAP,
MCE, and the combination of MAP and MCE showed
that the combination is the most effective of these
three methods.
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Figure 4. “ML+MCE” vs. “MAP+MCE.”
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Further study includes an improved method for
finding better local minima that are robust for open
data by using some constraints for MCE estima-
tion. Moreover the performance of the combina-
tion method will be confirmed when using a huge
number of context-dependent phoneme models and
a parameter-tying technique for speaker adaptation.
Although we got similar results over six speakers in
the experiments, our method will be examined using
a larger number of speakers.
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