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a b s t r a c t

In this paper, we propose a model adaptation algorithm based on maximum likelihood subband polyno-
mial regression (MLSPR) for robust speech recognition. In this algorithm, the cepstral mean vectors of prior
trained hidden Markov models (HMMs) are converted to the log-spectral domain by the inverse discrete
cosine transform (DCT) and each log-spectral mean vector is divided into several subband vectors. The rela-
tionship between the training and testing subband vectors is approximated by a polynomial function. The
polynomial coefficients are estimated from adaptation data using the expectation–maximization (EM)
algorithm under the maximum likelihood (ML) criterion. The experimental results show that the proposed
MLSPR algorithm is superior to both the maximum likelihood linear regression (MLLR) adaptation and
maximum likelihood subband weighting (MLSW) approach. In the MLSPR adaptation, only a very small
amount of adaptation data is required and therefore it is more useful for fast model adaptation.

� 2012 Elsevier Ltd. All rights reserved.

1. Introduction

The robustness issue is crucial for speech recognition in real
applications because the mismatch between training and testing
conditions often degrades the recognition performance signifi-
cantly. This mismatch is due to the additive background noise, chan-
nel distortion (convolutional noise), speaker and other factors.
Generally speaking, the methods used to reduce the environmental
mismatch can be classified into two major categories: the front-end
feature domain methods and the back-end model domain methods.

In the feature domain, spectral subtraction (SS) [1], cepstral
mean normalization (CMN) [2] and relative spectra (RASTA) [3]
are commonly used to reduce the impact of noise for automatic
speech recognition. Besides, model-based feature compensation is
also an effective approach to noise robust speech recognition, which
is simultaneously proposed by Erell and Weintraub [4] and Acero
[5], and further studied in [6–9]. This algorithm typically employs
a Gaussian mixture model (GMM) to represent the distribution of
the speech feature and uses the minimum mean squared error
(MMSE) method to reconstruct the original speech feature. The
noise parameters, which are used for transforming the prior trained
speech model to the testing condition, are estimated from the noisy
speech [6,7] or from the silence duration of the incoming speech
[8,9]. In order to obtain the closed-form solution of the noise param-

eters from noisy speech features, the vector Taylor series (VTS)
expansion [6] is proposed to approximate the nonlinear relationship
between clean and noisy speech. Another VTS-based noise log-spec-
tral estimation approach is studied in [7] where the maximum a
posteriori (MAP) criterion is used instead of the maximum likeli-
hood (ML) criterion. Although the feature domain methods can
achieve significant performance improvements in noisy speech rec-
ognition, they are not effective in reducing the environmental mis-
match resulting from other factors, such as speaker.

In the model domain, the MAP adaptation [10] and maximum
likelihood linear regression (MLLR) [11] are two popular adapta-
tion algorithms. The MAP adaptation estimates model parameters
by optimally interpolating the associated adaptation data with the
prior parameters of hidden Markov models (HMMs). This algo-
rithm only updates the parameters of models which are observed
in the adaptation data, and thus fairly large amounts of adaptation
data are generally required. MLLR is a transform-based adaptation
algorithm, which transforms the overall HMMs by a set of linear
regression functions. Compared to MAP, MLLR has better perfor-
mance when a small amount of adaptation data is available. A
model adaptation algorithm using piecewise-linear transformation
is studied in [12] where various types of noise are clustered
according to their spectral property and signal-to-noise ratio
(SNR), and a set of noisy speech HMMs is trained for each cluster.
In the recognition phase, the HMM set that best matches the input
noisy speech is selected and further adapted using the MLLR meth-
od. The maximum likelihood estimation is frequently unreliable in
the case of sparse adaptation data. In the maximum a posteriori
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linear regression (MAPLR) adaptation [13], the prior knowledge of
regression parameters is incorporated into the linear regression
estimation to solve the sparseness problem. In theory, MAPLR
works better than MLLR when the prior probability density of
regression parameters is estimated properly. Besides, some noise
adaptation methods, such as parallel model combination (PMC)
[14], linear spectral transformation (LST) [15,16] and the VTS adap-
tation [17], have been proposed for noisy speech recognition. These
methods are very effective for noise compensation, but do not take
account of other environmental factors such as speaker. Therefore,
they cannot be applied to speaker adaptation or minimizing other
environmental mismatches.

In recent years, the subband approaches [18–22] have been pro-
posed to improve the robustness of speech recognition against
band-limited additive noise. In these approaches, the channels in
the full-band filter bank are divided into several subbands, usually
of equal partitions, and the subband feature vector is computed
from each partition using the discrete cosine transform (DCT).
The subband approaches can improve the recognition performance
in the presence of narrow-band noise, but may degrade the base-
line performance for clean speech because the sub-band features
lose the correlation among subbands. In [23], a maximum likeli-
hood subband weighting (MLSW) approach is proposed, where
the subband features or subband means are multiplied with
weighting factors and then combined and converted to the cepstral
domain. The experimental results show that MLSW is more robust
than both full-band approaches and conventional subband ap-
proaches. However, it achieves higher performance than MLLR only
in the case of a very small amount of adaptation data and its per-
formance does not increase obviously with the growth of adapta-
tion data.

In this paper, we propose a model adaptation algorithm based
on maximum likelihood subband polynomial regression (MLSPR)
for robust speech recognition. Firstly, the channels of Mel filter
bank (Mel channels) are divided into several subbands of equal
partitions, and the cepstral mean vectors of prior trained HMMs
are converted to the log-spectral domain by the inverse DCT. Then
each log-spectral mean vector is divided into several subband vec-
tors and each subband vector is transformed to the testing condi-
tion by a polynomial function. In other words, all the channels of
each subband share a polynomial transformation, which can fur-
ther improve the robustness of transform-based model adaptation
algorithms. The polynomial coefficients are estimated from adap-
tation data using the expectation–maximization (EM) algorithm
[24] under the maximum likelihood criterion. Finally, the esti-
mated subband mean vectors are combined and converted to the
cepstral domain.

The rest of this paper is organized as follows. Section 2 de-
scribes the MLSPR algorithm. The estimation of polynomial coeffi-
cients is given in Section 3. The experimental procedures and
results are presented and discussed in Section 4. Section 5 con-
cludes the paper with a summary.

2. Subband polynomial regression

In the MAP adaptation [10], the prior trained HMM parameters
including the state transition probabilities, mixture weights, mean
vectors, and covariance matrices are adapted to the test condition.
If enough adaptation data is provided, the MAP estimate is proved
to asymptotically approach to the retrained system. Nevertheless,
in the test environment, the available adaptation data is often lim-
ited. Thus the transform-based adaptation methods, such as MLLR
[11], are proposed to improve the robustness of model adaptation,
where the data that belong to various Gaussian mixture compo-
nents are combined to estimate a set of transformation parameters.

However, the data sparseness is still a difficult problem to be
solved when a small amount of adaptation data is available.

The Mel-frequency cepstral coefficient (MFCC) vector is the
most commonly used speech feature for speech recognition. In
the cepstral domain, there are weak correlations among the differ-
ent components of the MFCC vector and thus the different compo-
nents of the HMM mean vector cannot share the same
transformation, while in the log-spectral domain, the adjacent
channels of Mel filter bank are overlapped and therefore it can
be assumed that the transformation function of one channel is sim-
ilar to those of its adjacent channels. In this work, the channels of
Mel filter bank (Mel channels) are divided into several subbands of
equal partitions and all the channels of each subband share a poly-
nomial transformation. There are two reasons why the polynomial
regression is used to approximate the relationship between the
training and testing subbands. One is that the environmental trans-
formation of each channel is nonlinear and the polynomial regres-
sion can approximate any nonlinear function. The other is that
there are always some differences among the different channels
of one subband and the polynomial regression can cover the differ-
ent channels better than the linear regression and weighting
adaptation.

The proposed subband polynomial regression proceeds as
follows:

1. The prior trained cepstral HMM mean vector l is converted to
the log-spectral domain by the following equation:

u ¼ C�1l ð1Þ

where C�1 denotes the inverse DCT matrix and u is the log-spectral
mean vector. If the high order coefficients of the MFCC vector are
ignored, the full MFCC vector can be extracted from training data
and then the MAP adaptation [10] is employed to estimate the full
cepstral mean vector for Eq. (1). The original cepstral mean vector
can also be padded with zeros to obtain the approximate value of
the full mean vector.
2. The log-spectral mean vector u ¼ ½u1;u2; . . . ; uD�T is divided

into K subbands:
u ¼ ½mT

1;m
T
2; . . . ; mT

K �
T ð2Þ

where D is the number of Mel channels and the superscript T de-
notes the transpose of the matrix or vector. The mean vector u
can also be expressed as the sum of K subband mean vectors,

u ¼
XK

k¼1

uk ð3Þ

where uk ¼ ½0; . . . ; 0;mT
k ;0; . . . ; 0�T . The decomposition procedure

is illustrated in Fig. 1 where the log-spectral mean vector is decom-
posed into four subband mean vectors.
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Fig. 1. Decomposition of mean vector.
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