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ABSTRACT

A new speaker adaptation method is described. In practical
applications of speaker adaptation, adaptation and testing
environments change signi�cantly and are unknown before-
hand. In such cases, since the speaker adaptation adapts
a reference pattern to the adaptation utterances in regard
to di�erences in both environment and speaker at the same
time, performance in speaker adaptation would be degraded.
To cope with this problem, our proposed method �rst elim-
inates the environmental di�erences between each input ut-
terance and a reference pattern by using a rapid environment
adaptation algorithm based on spectrum equalization (RE-
ALISE) [2]. Then we apply an unsupervised and incremen-
tal speaker adaptation with autonomous control using tree
structure pdfs (ACTS) [1] to the environmentally adapted
reference pattern. By combining these two methods, the
resulting system is expected to perform well under adverse
environmental conditions and to show a stable improvement
regardless of the amount of adaptation data. Evaluation ex-
periments were carried out for utterances under three vehicle
speed conditions. Recognition rates for a 100-Japanese-word
recognition task after 100-word adaptation were improved
from 92% (ACTS alone) to 95% (proposed method).

1. INTRODUCTION

Various speaker-independent (SI) speech recognition systems
have widely been studied in recent years because they show
good performance on average owing to their capability of
including a wide variety of speaker individualities. How-
ever, their performance is still lower than that of well-
trained speaker-dependent (SD) speech recognition systems.
Speaker adaptation technique has been one breakthrough
regarding this problem, and has been applied alongside SI
speech recognition systems. By using a small number of
adaptation utterances from a new speaker, speaker adapta-
tion shows stable improvement for a long period of time.

We previously proposed a speaker adaptation method with
autonomous control using tree structure probability density
functions (ACTS) [1]. This method autonomously controlled
adaptation complexity on the basis of the amount of adap-
tation data by using tree structure probability density func-
tions (pdfs), and showed constant, stable improvement re-
gardless of the amount of available adaptation data. There-

fore, it is expected to perform well when applied in an unsu-
pervised and incremental speaker adaptation framework that
enables testing utterances themselves to be used for adapta-
tion. In this study, unsupervised adaptation means that the
speech recognition system itself determines the supervising
signal by using the system's recognition results. A resulting
speech recognition / adaptation system would not require
any extra adaptation utterances beforehand.

In practical applications of such methods, however, testing
and adaptation environments may change signi�cantly for
each utterance and are unknown beforehand (for example,
in speech recognition / adaptation in mobile communica-
tions). In such cases, since speaker adaptation adapts a ref-
erence pattern to the adaptation utterances in regard to dif-
ferences in both environment and speaker at the same time,
performance would be degraded. The environmental sources
which degrade performance in speaker adaptation and speech
recognition are classi�ed into two types: additive noise and
multiplicative noise. Therefore, a new speaker adaptation
method is required, which �rst eliminates the environmental
di�erences between each utterance and a reference pattern
in regard to both types of noises, and then adapts the en-
vironmentally adapted reference pattern to a new speaker.
In preceding studies [3][4], the cepstral bias removal (CBR)
technique was �rst applied to adaptation utterances as en-
vironment normalization, and then speaker adaptation was
carried out on the environmentally normalized utterances.
Although CBR eliminates di�erences in multiplicative noises,
it cannot cope with additive noise.

In this paper, we propose a speaker adaptation method which
�rst eliminates the environmental di�erences between each
testing utterance and a reference pattern by using a rapid
environment adaptation algorithm based on spectrum equal-
ization (REALISE) [2]. REALISE assumes that clean speech
X is contaminated by multiplicative noise A and additive
noise B, as AX+B in the spectral domain. It then elim-
inates di�erences in the two types of noise between each
single utterance and a reference pattern, thus eliminating
environmental di�erences. Then we apply unsupervised and
incremental speaker adaptation using ACTS to the environ-
mentally adapted reference pattern. Since REALISE can
treat both types of noise at the same time, a resulting sys-
tem is expected to perform well under adverse environmental
conditions. Moreover, since ACTS shows a constant, stable
improvement regardless of the amount of available adapta-
tion data, it is also expected to show a high performance



when applied to unsupervised and incremental frameworks.

2. ADAPTATION ALGORITHMS

2.1. Rapid Environment Adaptation Al-

gorithm based on Spectral Equal-

ization (REALISE)

We assume there are two types of environmental noise
sources which degrade speech recognition performance: ad-
ditive noise and multiplicative noise in the spectral domain.
Additive noise is caused by various user environments (e. g.
machinery noise, speech from others, etc.), and multiplica-
tive noise is caused by �ltering processes (e. g. microphones,
transmission channels, the vocal tracts of individual speak-
ers, etc.). In this study, we assume that original speech signal
x(t) is �rst distorted by a linear �lter a(t) and then corrupted
by an uncorrelated additive noise b(t).

The Fourier power spectrum for observed speech y(t) is given
by

Y (!) = A(!)X(!) +B(!); (1)

where A(!), X(!), and B(!) represent the Fourier power
spectra for a(t), x(t), and b(t), respectively.

From this relation, we introduce models in which both an
input speech and a reference pattern are distorted by their
own additive noise B and multiplicative noise A. Assuming
that A and B are constant within an utterance, we have

�
V(k) = Av

~V(k) +Bv

W(k) = Aw
~W(k) +Bw;

(2)

where k indicates frame number, V(k), W(k), ~V(k), and
~W(k) are the observed spectra for the input and the refer-
ence pattern, and the undistorted spectra for the input and
the reference pattern, respectively. Su�xes v and w indi-
cate the input and the reference, respectively. Multiplicative
noises Av and Aw are diagonal matrices.

The goal of REALISE is to estimate spectra of the reference
pattern which are newly distorted by the input environment.
From Eq. (2), we formulate the distorted spectrum Ŵ(k) as
follows:

Ŵ(k) = Av
~W(k) +Bv

= AvA
�1
w (W(k)�Bw) +Bv:

(3)

Finally, we obtain the following adaptation equation:

ŵi(k) '

siv � niv

siw � niw
(wi(k)� ni

w) + niv; (4)

where ŵi(k) and wi(k) are element-wise representation of

Ŵ(k) and W(k), respectively, siv, s
i

w, n
i

v, and ni

w are av-
erage spectra of speech portions for the input and reference
pattern, and average spectra of noise portions for input and

reference pattern, respectively, and superscript i indicates
the ith element of the vectors. More detailed derivations of
this equation are described in [2].

REALISE implementation into cepstrum-based features con-
sists of the following three steps:

1. Preliminary recognition - determines the closest
reference pattern to an input and obtains the time-
alignment between the two.

2. Environmental di�erence estimation - calculates
four cepstral averages corresponding to the four portions
according to the time-alignment. Then the four cepstral
averages are converted into the spectral averages, i. e.
siv, n

i

v, s
i

w, and ni

w.

3. Adaptation - �rst converts mean cepstral vectors of
all pdfs into the spectral domain. Then it adapts all
reference patterns to the input environment by using
Eq. (4). Finally, it converts the adapted spectra into
the cepstral domain.

2.2. Speaker

Adaptation with Autonomous Con-

trol Using Tree Structure (ACTS)

In this study, speaker adaptation for continuous densities,
mixture Gaussian HMMs is attempted by a simple spectral
mapping technique as follows:

�̂i = �i + �i; i = 1;2; :::::; K; (5)

where i is a index to each pdf, �i is an original mean vector
of each pdf for the SI model, �̂i is an adapted mean vector
of each pdf for the SD model, and �i is an adaptation vec-
tor associated with each pdf, which is calculated by Viterbi-
alignment between HMMs and adaptation utterances. Since
the total number of pdfs K is very large, the performance
for speaker adaptation would be degraded when the amount
of adaptation data is small. One possible solution to over-
come this problem is reducing the number of free parameters
by tying the adaptation vectors. However, a small number
of free parameters leads to less improvement as the amount
of adaptation data increases. Therefore, the number of free
parameters should be controlled according to the amount of
adaptation data.

Figure 1: Tree Structure of pdfs



ACTS is way of creating such a mechanism by using static
tree structure pdfs (see Fig. 1). The tree structure was
constructed in a top-down manner by k-means algorithm,
in which the distance measure is de�ned by Kullback-
divergence between pdfs in the SI model [5]. In this tree
structure (s indicates depth), each pdf i belongs to one leaf
node (S; l), and a tied adaptation vector �(s; l) is de�ned
for each node (s; l). �(s; l) is calculated by the following
equation:

8>><
>>:

�(s; l) = 1
N (s; l)

X
i=	(s;l)

ni�i

N (s; l) =
X

i=	(s;l)

ni;

(6)

where 	(s; l) is a function to acquire an entire index set
of pdfs which are descendants of node (s; l), and ni is the
number of frames in the adaptation data which are aligned
to the pdf i. An algorithm to pick up one tied adaptation
vector �(s; l) for each pdf i is as follows:

1 Let D be a threshold value for the number of data
frames. If ni is larger than D, �i is an adaptation vector
for pdf i. Otherwise, go to step 2.

2 Go up to the parent node. If the depth is equal to 1,
�(1; 1) is an adaptation vector for pdf i. Otherwise, if
N(s; l) is larger than D, �(s; l) is an adaptation vector
for pdf i. Otherwise, go to step 2.

As described above, since ACTS autonomously controls the
number of free parameters according to the amount of adap-
tation data, it showed a stable improvement regardless of the
amount of data.

2.3. Unsupervised and Incremen-

tal Speaker Adaptation using RE-

ALISE and ACTS

Figure 2: Unsupervised and Incremental Speaker Adaptation

In practical applications of speaker adaptation, adaptation
utterances are not always available beforehand. Therefore,

we mainly study an unsupervised and incremental speaker
adaptation which enables testing utterances to be used for
both adaptation and recognition, and which facilitates im-
plementation using limited cpu power and storage.

In this study, we assume the environment changes for each
utterance. Hence the environmental di�erence between the
utterance and reference pattern should be eliminated for each
single utterance. Figure 2 shows the overall unsupervised
and incremental speaker adaptation / recognition procedure.
For each testing utterance, REALISE is �rst applied and
an environmentally adapted reference pattern is obtained.
From Eq. (4), a cepstral representation of each pdf i can be
calculated by

�i = C[Ŵ(i)]; (7)

where Ŵ(i) is an environmentally adapted spectral represen-
tation for pdf i, C[:] is a function which converts a spectrum
into a cepstrum. Thus we obtain an entire pdf set in which
the environmental di�erences are eliminated. Then we calcu-
late adaptation vectors for each pdf for ACTS. Let us assume
the user speaks the wth utterance, then the adaptation vec-

tor �
(w)

i
for the pdf i in an incremental manner is

8<
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(8)

where xi is the mean cepstrum which is aligned to the pdf
i in the wth testing utterance, n0i is the number of frames

for xi, and n
(w)

i
is the total number of frames up to the

wth utterance, which are aligned to the pdf i. By using
Eq. (8), we can calculate Eq. (6) and carry out the entire
adaptation process in ACTS.We store the adaptation vectors

�
(w)

i
and the total number of frames n

(w)

i
for the next w+1th

utterance. Finally, the wth utterance is recognized again
using a speaker adapted reference pattern using ACTS.

As described above, since the environmental di�erences be-
tween each testing / adaptation utterance and reference pat-
tern are eliminated by REALISE, adaptation vectors are not
a�ected by the input environment, and the resulting system
is expected to perform well under adverse environmental con-
ditions.

3. EVALUATION EXPERIMENTS

Evaluation was carried out using a demi-syllable HMM [6]
based 100 Japanese-word recognition task. The speaker-
independent HMM was trained using 250 Japanese phonet-
ically balanced words spoken by 43 speakers, which were
recorded in a quiet room through a vocal microphone. We
used a 3-state left-to-right HMM with two Gaussian mixture
densities in each state for representing each demi-syllable.

The evaluation utterances were recorded at three vehicle
speed conditions (idling, 50 km/h, and 100 km/h), and six
speakers uttered 100 Japanese words in each condition. The
utterances were recorded through uni-directional microphone



set on a sun visor. The distance between the microphone
and the speaker's mouth was about 30 cm. The utterances
were sampled at 16 kHz, spectral subtraction (SS) [7] was
applied in the FFT domain, and then ten mel-scaled cep-
strum coe�cients were calculated every 16 ms. Finally, we
used 21-dimensional feature vectors which consist of ten mel-
cepstrum coe�cients, ten �rst-order time derivatives of the
mel-cepstrum coe�cients and one-dimensional delta-power.
In both adaptation process, only 10 mel-cepstrum coe�cients
were adapted, and the other coe�cients were not adapted.

We measured, in advance, mean signal-to-noise ratios
(SNRs) for each condition. SNRs for idling, 50 km/h, and
100 km/h were 13.6 dB, 6.2 dB, and 1.6 dB, respectively.
This means that the whole utterance was very noisy and
that SNRs di�er drastically depending on the conditions.

We compared another environment adaptation technique
[8] to REALISE, one which was based on cepstral mean
equalization (CME). CME was implemented in such a way
that mean cepstral di�erences for speech portions and noise
portions are equalized independently by using the time-
alignment in the preliminary recognition step.

To simulate a condition where the environments for adapta-
tion and testing are di�erent, we used 100 words at 100 km/h
for adaptation, and tested 200 words when idling and at 50
km/h. Baseline recognition accuracy were 79.1% (SI), 85.8%
(CME alone), and 90.3% (REALISE alone). We tested three
topologies for tree structure: binarys tree with eleven stages
(2p11), 3p7, and 4p6, and also tested three threshold values
for the number of data frames D: D = 10;30; 50. Figure
3 shows the speech recognition rates versus the number of
adaptation utterances using the optimal topology and D for
each method.
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Figure 3: Result for Speech Recognition/Adaptation Experi-
ment

In Fig. 3, overall recognition accuracy showed stable im-

provement as the number of adaptation utterances increased.
This is because ACTS e�ectively controls the adaptation
complexity. By applying environmental adaptation (i. e.
CME or REALISE) together with ACTS, performance was
considerably better than ACTS alone. This proves that
the method in which environmental adaptation was ap-
plied ahead of speaker adaptation is more e�ective than
that without such processing. In particular, applying RE-
ALISE together with ACTS performed better than applying
CME. This is because CME only accommodates multiplica-
tive noise and has no explicit modeling for additive noise,
and the e�ect of additive noise cannot be ignored in very
noisy vehicle environments.

4. CONCLUSION

In this paper we proposed an unsupervised and incremen-
tal speaker adaptation method. The evaluations proved that
the method is e�ective even under very noisy vehicle envi-
ronments.
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