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Abstract

Noise-robust speech recognition has become an important area of research in recent years. In current speech rec-

ognition systems, the Mel-frequency cepstrum coefficients (MFCCs) are used as recognition features. When the

speech signal is corrupted by narrow-band noise, the entire MFCC feature vector gets corrupted and it is not possible

to exploit the frequency-selective property of the noise signal to make the recognition system robust. Recently, a

number of sub-band speech recognition approaches have been proposed in the literature, where the full-band power

spectrum is divided into several sub-bands and then the sub-bands are combined depending on their reliability. In

conventional sub-band approaches the reliability can only be set experimentally or estimated during training proce-

dures, which may not match the observed data and often causes degradation of performance. We propose a novel

sub-band approach, where frequency sub-bands are multiplied with weighting factors and then combined and con-

verted to cepstra, which have proven to be more robust than both full-band and conventional sub-band cepstra in

our experiments. Furthermore, the weighting factors can be estimated by using maximum likelihood adaptation

approaches in order to minimize the mismatch between trained models and observed features. We evaluated our

methods on AURORA2 and Resource Management tasks and obtained consistent performance improvement on

both tasks.
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1. Introduction

It is well known that current ASR systems don�t
work as well as humans. Existing recognizers

are extremely sensitive to channel variability and
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additive background noise and require careful

preprocessing. However, humans are able to

achieve excellent recognition accuracy in these

cases. Fletcher and his colleagues (Fletcher, 1953;

Allen, 1994) suggested that in human auditory per-
ception, the linguistic message gets decoded inde-

pendently in different frequency sub-bands and

the final decoding decision is based on merging

the decisions from the sub-bands. Some other

experiments studied human performance on fil-

tered (low-pass, high-pass, band-pass and band-

reject filtered) speech, in order to gain a better

understanding of human speech perception or to
find the contribution of different parts of the

speech spectrum for perception. Miller and Niely

(1955) showed that humans can achieve high rec-

ognition rates for narrow-band speech signals.

Kryter (1960) showed that humans can combine

the perception coming from narrow sub-bands to

enhance intelligibility. Riener et al. (1992) and

Warren et al. (1995) showed that high intelligibility
can be maintained for band-pass filtered speech

signals. They also concluded that humans possess

processing mechanisms that are able to employ

limited spectral regions that can enhance compre-

hension under difficult listening conditions. Lipp-

mann (1996) showed that humans can recognize

speech signals produced by severe band-reject fil-

tering. The results discussed above show that hu-
mans can recognize speech signals with limited

spectral cues and can easily integrate acoustic cues

from different frequency regions for speech per-

ception.

Noise-robust speech recognition has become

an important area of research in recent years. In

current speech recognition systems, the Mel-fre-

quency cepstrum coefficients (MFCCs) are used
as recognition features. When the speech signal is

corrupted by narrow-band noise, the entire MFCC

feature vector gets corrupted and it is not possible

to exploit the frequency-selective property of the

noise signal to make the recognition system ro-

bust. Recently, a number of sub-band speech rec-

ognition approaches have been proposed in the

literature, where the full-band power spectrum is
divided into several sub-bands and then the sub-

bands are combined depending on their reliability.

In conventional sub-band approaches the reliabil-
ity can only be set experimentally or estimated

during training procedures, which may not match

the observed data and often causes degradation of

performance.

Two modes of sub-band approaches have been
proposed: parallel sub-band (PSB) and concate-

nating sub-band (CSB) (Hermansky et al., 1996;

Bourlard and Dupont, 1996, 1997; Tibrewala and

Hermansky, 1997; Cerisara et al., 1998, 2000;

Okawa et al., 1998; Paliwal and Chen, 2000). In

both modes, features are extracted from the sub-

band spectra independently. If the cepstrum is

used as the feature, the extraction procedure is as
follows: firstly, the frequency spectrum of the

speech signal is divided into sub-bands; secondly,

for each sub-band, the spectrum is converted to

a cepstrum. There are several free parameters in

the procedure, e.g., the number of sub-bands and

the frequency boundaries of the sub-bands. They

can be adjusted to appropriate values for given

tasks (Tibrewala and Hermansky, 1997). For the
PSB, the sub-band features are modeled indepen-

dently, and the likelihood scores of the sub-bands

are combined at some segmental levels (phonemes,

words and sentences, etc.). Results showed that the

PSB can improve the recognition performance for

speech signals corrupted by band-limited noises

(Bourlard and Dupont, 1997), but may exhibit

poorer performance when the additive back-
ground noise has wide bands (Tibrewala and Her-

mansky, 1997). An issue for the PSB is the

sub-band recombination. Mainly, three methods

have been studied for it. The first is the weighted

average method (Bourlard and Dupont, 1996,

1997; Cerisara et al., 1998; Okawa et al., 1998).

It produces the overall probability based on an

arithmetic or geometric average of the sub-band
probabilities. The contribution of each sub-band

is weighted by its local signal-to-noise ratio

(SNR), or by its reliability. The second is the neu-

ral network approach (Hermansky et al., 1996;

Tibrewala and Hermansky, 1997). Multi-layer per-

ceptions (MLPs) may be trained to merge the sub-

band probabilities to estimate the probability of all

possible combinations of the sub-bands. The third
is the full combination. The probabilities of differ-

ent combinations of different sub-bands are com-

bined using a linear method, with each weight
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proportional to the relative reliability of a specific

set of sub-bands (Morris et al., 1999). An exten-

sion of the full combination approach is HMM2

(Weber et al., 2003), where a secondary HMM is

inserted at the level of each state of the primary
HMM. Paths are generated by the secondary

HMM to allocate weights to the sub-bands

dynamically in order to extract formant-like struc-

tures. Comparatively, our weighting procedure is

to attenuate noise corruption and be able to model

sub-band dependence. Another issue for the PSB is

sub-band synchronization. The recognition proce-

dure is asynchronous within the combining level
except that the sub-bands are combined on the

state level. In continuous speech recognition,

two ways have been studied to implement asyn-

chronous sub-band recognition: two-level dy-

namic programming (Cerisara et al., 2000) and

HMM state composition (Tam and Mak, 2001;

Mak and Tam, 2000; Tomlinson et al., 1997).

For the CSB, the feature vector is obtained by con-
catenating the sub-band cepstral vectors. Results

showed that the CSB can improve the performance

when the additive background noise was band-lim-

ited, but may degrade the baseline performance for

clean speech signals because the sub-band features

lose the correlation between sub-bands (Okawa

et al., 1998; Paliwal and Chen, 2000).

We propose in this paper a novel sub-band ap-
proach that can consider sub-band dependence. In

our approach, bins of log filter-band energy (FBE)

in each sub-band are multiplied with a weighting

factor depending on the reliability of the sub-band.

For each sub-band, zero padding is performed on

the log FBE vector lengthening it to the size of the

full-band vector, and then it is converted to a

cepstral vector by discrete cosine transformation
(DCT). Finally, a feature vector is obtained by

adding all the sub-band cepstral vectors. Since

the DCT has the size of the fullband FBE vector,

the feature vector consists of the correlations

across the sub-bands. After the weighting factors

have been estimated, they should be multiplied

on both feature space and model space simulta-

neously to keep the two spaces consistent. For
model space weighting, mean vectors in Gaussian

components in the hidden Markov models

(HMMs) are converted into log FBE vectors via
inverse DCT (IDCT) and then multiplied by

the weighting factors. Because DCT is a linear

transformation, the weighting factors can be

equivalently multiplied to sub-band cepstra and

embedded into the framework of HMM. Hence
it becomes possible to adopt optimization algo-

rithms to obtain the weighting factors. Since there

are only small amounts of weighting factors, an

adaptation technique can be used to estimate

them. In this paper we used the maximum likeli-

hood adaptation theory, which has been studied

on both the feature space and the model space

(Sankar and Lee, 1996). We deduced estimation
algorithms for the weighting factors on both

spaces.

In the weighting procedure on the feature space,

sub-band log power values containing more noise

tend to be degraded while those containing less

noise tend to be enhanced. Therefore, the proce-

dure keeps power conservation on the full band.

The weighting procedure on the model space is
similar to that on the feature space. Compared

with traditional spectral attenuation approaches,

where power spectrum of noise is reduced from

the whole power spectrum, the weighting proce-

dure not only degrades noise but also enhances

clean speech signal. The spectral attenuation

approaches have commonly been used for noise

suppression. In spectral subtraction (Boll, 1979),
additive noise spectrum is estimated and then sub-

tracted from the noisy speech spectrum to recover

the clean speech spectrum. In RASTA processing

(Hermansky and Morgan, 1994), a band-pass filter

is applied to the log spectrum to alleviate the effect

of convolutional noise. In the ETSI standard of

the advanced front end for distributed speech rec-

ognition (Macho et al., 2002), the Wiener filter has
been adopted for noise reduction.

In literature, a previous work that applies

weights to sub-bands is HMM2 (Weber et al.,

2003). In this approach, a secondary HMM is in-

serted at the level of each state of the primary

HMM, estimating local emission probabilities of

acoustic feature vectors. Each path through the

secondary HMM corresponds to a kind of sub-
band segmentation and recombination. Therefore,

each band can be considered to be weighted by the

corresponding transition probability in the second
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HMM dynamically. However, in our approach,

the weighting process is implemented by multiply-

ing each sub-band by a weighting factor. Parame-

ters in both approaches can be estimated with

maximum likelihood criteria.
This paper is organized as follows. In Section 2

we introduce the weighting procedures on both

the feature space and the model space, and also

present the experimental results of the weighting

procedures. In Section 3, first, we describe the

weighting adaptation algorithms, including the fea-

ture space adaptation and the model space adapta-

tion. Secondly, we present the experimental results
of the adaptation algorithms. Finally, a conclusion

is described in Section 4.
MFCC

Fig. 1. Standard feature extraction procedure for MFCC.
2. Sub-band weighting

Sub-band weighting may be performed on

both the feature space and the model space. For
the weighting procedure on the feature space,

weighting factors are multiplied on log FBEs of

sub-bands depending on the reliability of the

sub-bands; for the procedure on the model space,

the mean vectors of Gaussian mixture components

in the HMM set are converted back to log FBEs

via IDCT, and then weighted in the same way as

those of the feature space. In this section we pres-
ent the two weighting procedures and their exper-

imental results.

2.1. Weighting procedures

In this section we will first review the general

MFCC procedure, and then present sub-band

weighting procedures on feature space and model
space respectively.

2.1.1. General MFCC procedure

In a general feature extraction procedure for the

MFCC, the speech signal is converted to spectra

via discrete Fourier transformation (DFT), the

spectra are passed through a Mel-frequency filter

bank to get Mel-frequency FBEs, a logarithm is
applied, and finally the MFCC is obtained from

the log FBEs via a DCT. The procedure is shown

in Fig. 1.
2.1.2. Weighting procedure on feature space

In the weighting procedure on feature space, fil-

ter-bank bins are separated into several sub-bands.

A weighting factor is used to multiply the filter-

bank bins in each sub-band. For each sub-band,
cepstra can be obtained by using DCT. After

adding all of the sub-band cepstra we may get

the full-band cepstra, which will be the same as

the standard MFCCs if the weighting factors are

equal. The procedure is as follows (Fig. 2):

1. The log FBE vector f ={f1, f2, . . . , fD} is passed
through a sub-band filter, separating it into K
sub-bands {f1, f2, . . . , fK}, where D is the dimen-
sion of the vector. Each sub-band filter has a

unit rectangular impulse response, which

reserves the log FBE bins within the current

sub-band while setting zero for those outside.

2. The log FBE vector for each sub-band is a

D-dimension vector: f i ¼ ff i
1; f

i
2; . . . ; f

i
Dg, where

the elements beyond the frequency domain of
current sub-band are zeros. The relationship

between the original log FBE vector and the

sub-band log FBE vectors is

f ¼
XK
i¼1

f i: ð1Þ



Fig. 2. Feature extraction procedure with sub-band weighting.
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3. For each sub-band, the log FBE vector is mul-

tiplied by a weight

bf i ¼ wif i; 1 6 i 6 K; ð2Þ

where wi is the weight for the ith sub-band.

4. For each sub-band, the log FBE vector is con-
verted to a cepstrum vector via DCT

bci ¼ DCTðbf iÞ; 1 6 i 6 K: ð3Þ
5. Adding all of the sub-band cepstrum vectors,

we get the last MFCC

bc ¼
XK
i¼1

¼ bci: ð4Þ
If all of the weights are set as 1, the result is the

same as the standard MFCC because DCT is a lin-

ear transformation. It is proven as follows

bc ¼
XK
i¼1

bci ¼ XK
i¼1
DCTðbf iÞ ¼

XK
i¼1
DCTðf iÞ

¼ DCT
XK
i¼1

f i ¼ DCTðf Þ ¼ c; ð5Þ

where c is the MFCC vector obtained by the stan-
dard procedure.

Because DCT is a linear transformation,

weighting on the sub-band log FBE vector is iden-

tical with that on the sub-band cepstrum vector

bc ¼
XK
i¼1

bci ¼ XK
i¼1
DCTðwif iÞ

¼
XK
i¼1

wiDCTðf iÞ ¼
XK
i¼1

wici; ð6Þ

where ci is the sub-band cepstrum vector without
weight.

Because wi is the weight coefficient, it has the

following constraintXK
i¼1

wi ¼ K: ð7Þ

cation 47 (2005) 243–264 247
2.1.3. Weighting procedure on model space

In the weighting procedure on model space,

weights are performed on the mean vectors of

Gaussian mixture components in HMMs. If we

adopt MFCC as the feature vector in a speech rec-

ognition system, the mean vectors are values in the

cepstrum domain. We may convert them back to
log FBEs via IDCT. Then we may divide them

into sub-bands and weight them. Fig. 3 illustrates

the procedure as follows,

1. The mean vector l = {l0,l1, . . . ,lN�1} is con-
verted back to log FBE vector m = {m1,m2, . . . ,
mN} via IDCT

m ¼ IDCTðlÞ: ð8Þ
2. Log FBE vector m is divided into sub-bands

{m1,m2, . . . ,mK}, and they are converted into
cepstrum vectors {l1,l2, . . . ,lK} via DCT

li ¼ DCTðmiÞ; 1 6 i 6 K: ð9Þ
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3. The sub-band cepstrum vectors are multiplied
by weighting factorsbli ¼ wili; 1 6 i 6 K: ð10Þ

4. All of the sub-band cepstrum vectors are added

and the adapted mean vector is

bl ¼
XK
i¼1

bli: ð11Þ
2.2. Experimental results of sub-band weighting

In this experiment we investigate the perfor-

mance of the weighting approaches. Speech data

with additive noise signals were adopted as test

data. It is assumed that the noise signals are
band-limited in the frequency domain and that

the scale of the band is known. Hence, we may
artificially set the weights to restrict the noisy

parts. One setting method is to let the weights

for this band equal zero and the others equal one.

2.2.1. Experimental setup

We investigated the performance of the ap-

proach on the DARPA Resource Management

(RM) database. It is a collection of speaker-depen-

dent and speaker independent continuous speech

data for both training and testing speech recogni-

tion systems (Price et al., 1988). The speech comes

from a variety of speakers of North American

English collected by Texas Instruments in quiet
environments using close talking and head

mounted microphones. The subject of the material

is the management of naval resources. The vocab-

ulary includes approximately 1000 words. The

corpus is split into speaker-independent and

speaker-dependent sections. In this paper we used

its speaker-independent section. The speaker-inde-

pendent training set consists of 2880 sentences
from 72 speakers. The test set is the Feb89 set,

consisting of 300 sentences from 10 new speakers.

The word pair grammar was used in the decoder.

In our experiment there are 49 monophone

HMMs. Each HMM consists of three states, four

mixtures per state except for the one-state ‘‘sp’’

model. The features were composed of 13 cepstra

including a zero-order cepstrum, and their delta
and accelerator coefficients.

We added a band-limited noise signal to the test

set. The amplitude of the noise signal was set to

1.0E5 (100 dB). The cepstra are converted to log

filter-banks via IDCT, so there are 13 bins in the

log filter-banks. We assumed that the band scale

of the noise signal consisted of 3 bins and added

the noise signal in 4 ways: 1–3 bins, 4–6 bins, 7–
9 bins and 10–12 bins. On both clean test data

and noisy test data, we compared four features,

such as full band cepstra (FB), concatenated sub-

band cepstra (CSB), concatenated clean sub-band

cepstra (CCSB), and weighted sub-band cepstra

(WSB). FB is the general full band MFCC. For

CSB, we divided the 13 bins in the log filter-banks

into 4 sub-bands (1–3 bins, 4–6 bins, 7–9 bins and
10–13 bins). Hence, the noise signal was added to

only one sub-band in each noisy case. Independent

DCTs were performed on the sub-bands to obtain
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the sub-band cepstra. No truncation was per-

formed on these sub-band cepstral vectors, i.e.,

the sub-band cepstrum vectors have the same

dimension as the sub-band log FBE vectors. The

dimension of the first three DCTs was 3, while that
of the last was 4. Lastly the sub-band cepstra were

concatenated into the cesptral vector. For CCSB,

only the clean sub-bands in CSB were concate-

nated into the full cepstrum. WSB was our

weighted sub-band. Here, we set 13 sub-bands,

i.e., each bin of the log filter-bank was regarded

as one sub-band. We set the weighting factors

for the noise-added bins to zero, while the others
were set to one. The weighting factors were multi-

plied within both feature space and model space to

keep consistency.

2.2.2. Results

Table 1 shows the accuracy of different features

in different conditions. For clean test data, FB

achieved better performance than CSB. This is
consistent with the results in (Paliwal and Chen,

2000). For band-limited noisy test data, FB de-

graded the performance. The noise signal added

to lower bins had more degradation because it

confused the formants of the speech signal. CSB

improved the performance over FB when the noise

signal was impaired severely but degraded the per-

formance when the impairment became weak. Its
average accuracy was lower than that of FB.

CCSB was a little worse than CSB. This suggested

that losing the information of the noisy sub-band

might be more harmful than keeping the noisy

sub-band there. However, it was suggested in miss-

ing feature approaches (Cooke et al., 2001) that

data marginalization is superior over data imputa-
Table 1

Accuracy (%) of different features for clean test data and noisy test d

Clean FB 88.76

CSB 82.24

Noisy Noisybins 1–3 4–6

FB 71.73 84.86

CSB 80.19 81.55

CCSB 77.93 79.82

WSB 86.51 86.47

FB: full band; CSB: concatenated sub-band; CCSB: concatenated cle
tion. The reason for the contradictive results is as

follows. Cooke used a 64-channel filter-bank while

we used a 13-channel filter-bank, i.e., data resolu-

tion in Cooke�s experiments is higher than that in
ours. Therefore, CCSB is inferior to CSB due to
data sparsity in our experiments while data mar-

ginalization was superior to data imputation due

to data reliability in Cooke�s experiments. WSB
achieved much better performance than both

CSB and FB in the noisy case, which was even sim-

ilar to that in the clean case.
3. Sub-band weighting adaptation

One problem in the sub-band weighting ap-

proach is the estimation of the weights. Because

there are only a small number of weights, they

may be estimated from a small amount of adapta-

tion data. Hence, we adopt an adaptation tech-

nique to solve the problem in this paper. Widely
used adaptation methods like MLLR (Legetter

and Woodland, 1995) and MAP (Gauvain and

Lee, 1991) have proved to be capable of effectively

improving recognition performance. We estimate

the weights by using maximum likelihood criteria

(Sankar and Lee, 1996). In this section, we will first

review the maximum likelihood adaptation frame-

work, and then present the maximum likelihood
estimation for sub-band weighting factors on both

feature space and model space.

3.1. Maximum likelihood adaptation framework

The recognition problem in ASR is: Given a

trained model set UX = {/xi}, where /xi is the ith
ata

7–9 10–12 Average

86.67 87.31 82.64

81.39 82.60 81.43

80.71 80.75 79.80

86.55 86.75 86.57

an sub-band; WSB: weighted sub-band.
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model, and test data Y = {y1,y2, . . . ,yT}, we need
to recognize a corresponding sequence of events

W = {W1,W2, . . . ,WL}. When there�s a mismatch
between UX and Y, errors are caused in the recog-
nized sequenceW. In most ASR systems, we use a
maximum a posterior (MAP) decodercW ¼ argmax

w
pðWjY;UX Þ

¼ argmax
w

pðYjW;UX ÞpðWjUX Þ: ð12Þ

The motivation of the adaptation is to minimize
the mismatch in order to improve the perfor-

mance. It can be performed on either feature space

or model space.

In feature space, we assume that training data

X = {x1,x2, . . . ,xT} is mapped into the sequence
of observations Y = {y1,y2, . . . ,yT}. If the distor-
tion is invertible, we may map Y back to X with

an inverse function Fm

X ¼ F mðYÞ; ð13Þ
where m are the parameters of the inverse distor-
tion function.

Correspondingly, in model space, we may map

the trained model UX into the model UY that
matches test data with a transformation Gg

UY ¼ GgðUX Þ; ð14Þ
where g are the parameters of the transformation
function.

One method to minimize the mismatch is to

estimate parameters m or g and W, to maximize
the joint likelihood.

In feature space,

ðbm;cWÞ ¼ argmax
m;W

pðYjW; m;UX ÞpðWjUX Þ: ð15Þ

In model space,

ðbg; cW Þ ¼ argmax
g;W

pðY jW ; g;UX ÞpðW jUX Þ: ð16Þ

The joint maximization over variables m or g
and W may be done iteratively by keeping m or g
fixed and maximizing over W, and then keeping
W fixed and maximizing over m or g.
The process of estimating W is similar to the

standard training procedure in ASR. Here, we

consider the estimation of m or g. Because W is a
fixed value, we remove the dependence on W,
and write (15) and (16) asbm ¼ argmax

m
pðY jm;UX Þ; ð17Þ

and

bg ¼ argmax
g

pðY jg;UX Þ: ð18Þ

Let S = {S1,S2, . . . ,ST} be the set of all possible
state sequences, and K = {k1,k2, . . . ,kT} be the set
of all mixture component sequences. Then (17)

and (18) can be written as

bm ¼ argmax
m

pðY jm;UX Þ

¼ argmax
m

X
S

X
K

pðY;S;K jm;UX Þ; ð19Þ

andbg ¼ argmax
g

pðY jg;UX Þ

¼ argmax
g

X
S

X
K

pðY;S;K jg;UX Þ. ð20Þ
3.1.1. Feature space adaptation

The EM algorithm is used to estimate bm. The
EM algorithm is a two-step iterative procedure

(Dempster et al., 1977). In the first step, called

the expectation step (E step), we compute the aux-

iliary function

Qðm; m0Þ ¼ Eflog pðY ;S;K jm0;UX ÞjY ; m;UXg
¼

X
S

X
K

pðS;K jY ; m;UX Þ

	 log pðY ;S;K jm0;UX Þ: ð21Þ

In the second step, called the maximization step

(M step), we find the value of bm that maximizes the
auxiliary functionbm ¼ argmax

m
Qðm; m0Þ: ð22Þ

It is proved that if, Q(m,m 0)P Q(m,m) then, p(Y
jm 0,UX)P p(Yjm,UX). Thus, iteratively applying

the E and M steps guarantees that the likelihood

is nondecreasing. The iterations are continued

until the increase of the likelihood is less than

some predetermined threshold.
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We assume that the inverse distortion function

maps each frame of Y onto the corresponding

frame of X

xt ¼ fmðytÞ. ð23Þ

The auxiliary function may be written as

Qðm; m0Þ ¼
X
S

X
K

pðS;K jY ; m;UX Þ

	 log
YT
t¼1

aSt�1;StCSt ;kt pyðytjSt; kt; m0;UX Þ;

ð24Þ

where py(ytjst,kt,m 0,UX) is the probability density

function of the random variable yt, whose relation-
ship with the probability density function of the

random variable xt is

pyðytjSt; kt; m0;UX Þ ¼
px fm0 ðytÞjSt; kt; m0;UXð Þ

jJ m0 ðytÞj
; ð25Þ

where Jm 0(yt) is the Jacobian matrix whose, (i, j)th
element is

J m0 ðytÞi;j ¼
oyt;i

ofm0 ;jðyiÞ
; ð26Þ

where yt,i, is the ith element of yt, and fm0, j (yt), is
the jth element of fm 0(yt).
In general, px(xtjst,kt,m 0,UX) is defined as a

Gaussian distribution, so the auxiliary function

may be written as

Qðm; m0Þ ¼
X
S

X
K

pðS;K jY ; m;UX Þ

	 log
YT
t¼1

aSt�1;StCSt ;kt

	 Nðfm0 ðytÞ; mSt ;kt ;RSt ;ktÞ
jJ m0 ðytÞj

: ð27Þ

It may also be written as

Qðm; m0Þ ¼
XN
i¼1

XN
j¼1

XT
t¼1

pðSt�1 ¼ i; St ¼ jjY ; m;UX Þ

	 log aij þ
XN
j¼1

XK
k¼1

XT
t¼1

pðSt ¼ j; ct ¼ kjY ; m;UX Þ

	 log cjk þ
XN
j¼1

XK
k¼1

XT
t¼1

pðSt ¼ j; ct ¼ kjY; m;UX Þ
	 logNðfm0 ðytÞ; ljk;RjkÞ

�
XN
j¼1

XK
k¼1

XT
t¼1

pðSt ¼ j; ct ¼ kjY; m;UX Þ

	 log jJ m0 ðytÞj: ð28Þ
We are only interested in the terms involving m 0,

so the auxiliary function may be written as

Qðm; m0Þ ¼
XN
j¼1

XK
k¼1

XT
t¼1

pðSt ¼ i; ct ¼ kjY ; m;UX Þ

	 � 1
2
½fm0 ðytÞ � ljk�

TR�1
jk ½fm0 ðytÞ � ljk�

�
� log jJm0 ðytÞj

�
: ð29Þ

In order to find the maximum of the auxiliary

function, we may differentiate it with respect to
m 0 and solve for its zeros

o

ov0
Qðm; m0Þ ¼ 0: ð30Þ

In the sub-band weighting algorithm, the in-

verse distortion function from the observed data
to the training data is as follows

c0 ¼ fwðcÞ: ð31Þ
According to Eq. (6), the function may be rep-

resented as

c ¼ Ci ð32Þ

c0 ¼ Cw; ð33Þ
where i is a unit vector. C is the cepstrum matrix
whose column vectors are the sub-band cepstrums

C = {c1,c2, . . . ,cK}. K is the number of sub-bands.
w is the weight vector w = {w1,w2, . . . ,wK}.
Because fw is not a direct function, it is difficult

to calculate the following Jacobian matrix

JwðcÞij ¼
oci
oc0j

: ð34Þ

Hence, in order to make the algorithm feasible,

we make two assumptions: (1) the estimated values

of the weights are close to 1, and (2) the cepstral

coefficients are statistically independent. The rea-
son for the first assumption is that the weights

used to multiply log FBEs are intended to restore

the noise-corrupted shapes. As a result, in order to
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avoid unexpected distortion of the log FBEs, the

values of the weights should be close to 1. This will

be illustrated in later experiments. The second

assumption has been implicitly made due to the

diagonal covariance matrices in Gaussian compo-
nents. Then we may get
oci
oc0j


1 i ¼ j;

0 i 6¼ j:

�
ð35Þ
Then the determinant of the Jacobian matrix is

jJwðcÞj ¼ 1: ð36Þ
Then, Eq. (29) may be written as
Qðw;w0Þ ¼
XN
j¼1

XK
k¼1

XT
t¼1

pðSt ¼ j; ct ¼ kjct;w;UX Þ

	 � 1
2

�
C tw

0 � ljk

�T
R�1

jk

�
C tw

0 � ljk

�( )
:

ð37Þ

Defining
pðSt ¼ j; ct ¼ kjct;w;UX Þ ¼ ftðtj; kÞ: ð38Þ
Then (37) is written as

Qw;w0 ¼
XN
j¼1

XK
k¼1

XT
t¼1

ftðj; kÞ

	 � 1
2

C tw
0 � ljk

h iT
R�1

jk C tw
0 � ljk

h i� �
:

ð39Þ

Meanwhile, weights have the constraint of (7),

which may be written as

iTw ¼ K: ð40Þ

Defining the objective function as
F ðw;w0Þ¼Qðw;w0ÞþkðiTw0 �KÞ¼
XN
j¼1

XK
k¼1

XT
t¼1

ftðj;kÞ

	 �1
2

C tw
0 �ljk

h iT
R�1

jk C tw
0�ljk

h i� �
þkðiTw0�KÞ: ð41Þ
In order to find the maximum of the objective

function, we may differentiate it with respect to

w 0 and solve for its zeros using Lagrange�s multi-
plier k

rw0F ðw;w0Þ ¼ 0: ð42Þ
Then we may get the following solution

�
XN
j¼1

XK
k¼1

XT
t¼1

ftðj; kÞCT
t R

�1
jk C tw

0 � ljk

h i
þ ki ¼ 0:

ð43Þ
The solution is derived as

w0 ¼ X�1ðyþ kiÞ; ð44Þ
where

X ¼
X
j

X
k

X
t

ftðj; kÞCT
t R

�1
jk C t; ð45Þ

y ¼
X
j

X
k

X
t

ftðj; kÞCT
t R

�1
jk ljk: ð46Þ

k may be obtained by combining (40) and (44)

k ¼ K � iTX�1y

iTX�1i
: ð47Þ
3.1.2. Model space adaptation

In feature space adaptation, we assumed that

the determinants of the Jacobian matrices equal

one, which may cause incorrectness during the

adaptation procedure. In this section we discuss

the adaptation on model space, which will not re-

quire such an assumption. For model space adap-

tation, the required assumption is that in the

features there are cepstrums including the zero-
order cepstrum. Here, the EM algorithm is used

to estimate bg. In the E step, we calculate the

following auxiliary function

Qðg; g0Þ ¼ Eflog pðY ;S;K jg0;UX ÞjY ; g;UXg

¼
X
S

X
K

pðS;K jY ; g;UX Þ

	 log pðY ;S;K jg0;UX Þ: ð48Þ

In the M step, we estimate bg to maximize the
auxiliary functionbg ¼ argmax

g
Qðg; g0Þ: ð49Þ
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We assume that adaptation is performed on the

mean vectors and covariance matrices in the mod-

els trained from training data X. The adaptation
transformations are as follows

lY ¼ gl
gðlX Þ; ð50Þ

RY ¼ gR
g ðRX Þ: ð51Þ

Then, the probability density function of the
random variable yt is

pyðytjSt; kt; g0;UX Þ ¼ Nðyt; gl
g0 ðlSt ;ktÞ; g

R
g0 ðRSt ;ktÞÞ:

ð52Þ
We are only interested in the terms involving g 0,

so the auxiliary function may be written as

Qðg; g0Þ ¼
XN
j¼1

XK
k¼1

XT
t¼1

pðSt ¼ j; ct ¼ kjY ; g;UX Þ

	 � 1
2

yt � gl
g0 ðljkÞ

h iT
gR

g0 ðRjkÞ�1
�

	 yt � gl
g0 ðljkÞ

h i�
: ð53Þ

In order to find the maximum of the auxiliary

function, we may differentiate it with respect to
g 0 and solve for its zeros

o

og0 Qðg; g
0Þ ¼ 0: ð54Þ

According to the procedure in Section 2.1.3, the

model space transformation procedure may be

represented by the following equations

l ¼ Ui; ð55Þ

l0 ¼ Uw; ð56Þ
where U is the cepstrum matrix whose columns are

cepstrum vectors of sub-bands U = [l1,l2, . . . ,lK].
w is the weight vector w = [w1,w2, . . . ,wK]

T.

Then, (53) may be written as

Qðw;w0Þ ¼
XN
j¼1

XK
k¼1

XT
t¼1

ftðj; kÞ

	 � 1
2
½yt �U jkw0�TR�1

jk ½yt �U jkw
0�

� �
:

ð57Þ

Meanwhile, weights have the constraint in (40).
Defining the objective function as

F ðw;w0Þ ¼ Qðw;w0Þ þ kðiTw0 � KÞ

¼
XN
j¼1

XK
k¼1

XT
t¼1

ftðj; kÞ

	 � 1
2
½yt �U jkw

0�TR�1
jk ½yt �U jkw

0�
� �

þ kðiTw0 � KÞ: ð58Þ

In order to find the maximum of the objective

function, we may differentiate it with respect to

w 0 and solve for its zeros

rw0F ðw;w0Þ ¼ 0: ð59Þ

Then we may get

XN
j¼1

XK
k¼1

XT
t¼1

ftðj; kÞUT
jkR

�1
jk ½yt �U jkw

0� þ ki ¼ 0:

ð60Þ
And the solution is

w0 ¼ X�1ðy þ kiÞ; ð61Þ

where

X ¼
X
j

X
k

X
t

ftðj; kÞUT
jkR

�1
jk U jk; ð62Þ

y ¼
X
j

X
k

X
t

ftðj; kÞUT
jkR

�1
jk yt: ð63Þ

kmay be obtained by combining (40) and (61), and
is equal to (47).

3.1.2.1. Multiple class case. If we separate the

Gaussian components in the model set into L

classes and multiply each different class with a

different weighing factor, Eq. (56) will be

l0
c ¼ Ucwc 1 6 c 6 L: ð64Þ

The weighting factors have the same constraint

as (40) for each class
iTwc ¼ K: ð65Þ
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In this case, the objective function will be

F ðw;w0Þ ¼
XL

c¼1

X
j;k2c

XT
t¼1

ftðj; kÞ
"

	 � 1
2
½yt �U jkw

0
c�
TR�1

jk ½yt �U jkw
0
c�

� �
þkðiTw0

c � KÞ
#
: ð66Þ

Differentiating it with respect to w0
c and solving

for its zeros

rw0
c
F ðw;w0Þ ¼ 0: ð67Þ

We may obtainX
j;k2c

XT
t¼1

ftðj; kÞUT
jkR

�1
jk ½yt �U jkw

0
c� þ ki ¼ 0: ð68Þ

The solution will be

w0
c ¼ X�1

c ðyc þ kciÞ; ð69Þ
where

Xc ¼
X
j;k2c

XT
t¼1

ftðj; kÞUT
jkR

�1
jk U jk; ð70Þ

yc ¼
X
j;k2c

XT
t¼1

ftðj; kÞUT
jkR

�1
jk yt; ð71Þ

kc may be obtained by combining (65) and (69)

kc ¼
K � iTX�1

c yc
iTX�1

c i
: ð72Þ
3.1.2.2. Unconstrained weighting case. In model

space adaptation, the weighting procedure on

mean vectors may be regarded as a type of trans-

formation on them. So it is possible to remove

the constraint on the weights. The solution is

slightly different from the previous one. Differenti-

ating (57) with respect to w 0 and solving for its

zeros

rw0Qðw;w0Þ ¼ 0; ð73Þ

we obtainXN
j¼1

XK
k¼1

XT
t¼1

ftðj; kÞUT
jkR

�1
jk ½yt �U jkw

0� ¼ 0: ð74Þ
The solution will then be

w0 ¼ X�1y; ð75Þ
where X, y, are equal to (62) and (63) respectively.

3.2. Experimental results of sub-band weighting

adaptation

We evaluated the maximum likelihood sub-
band adaptation algorithms on two tasks: the Aur-

ora2 task and the Resource Management task.

On both tasks, we investigated the convergent

property of the adaptation procedures; and the

relationship of accuracy with the number of sub-

bands, adaptation data and model classes.

3.2.1. Aurora2 task evaluation

3.2.1.1. Experimental setup. The Aurora2 corpus

was created for research on distributed speech rec-

ognition under noisy environments (Hirsch and

Pearce, 2000). It is composed of connected digits

from the clean TIDIGITS database (Leonard,

1984). The data were pre-filtered according to the

frequency characteristics of common telecommu-

nication channels (G.712 or MIRS) and were arti-
ficially supplied with realistic noises at six different

signal-to-noise (SNR) ratios ranging from 20 to

�5 dB at 5 dB steps. In its baseline, there are

two training models: clean training and multi-con-

dition training, and three test sets defined to eval-

uate recognition technologies under matched and

unmatched noises, and matched and unmatched

channel characteristics. Every test set was sepa-
rated into several sub-sets. Each of them was

added with a certain noise at a certain SNR,

including 1001 utterances. In all of our adaptation

experiments, we divided each sub-set into two

parts: adaptation data and test data. The adapta-

tion procedure was performed on the previous,

and the performance was evaluated on the latter.

The performance measure for one noise or one test
set was defined as the average over SNRs between

0 and 20 dB in the corresponding cases. Feature

vectors were composed of 13 cepstrum coefficients

including the zero-order coefficient, and their delta

and acceleration coefficients. The digit models

have 16 states with 3 Gaussians per state. The si-

lence model has 3 states with 6 Gaussians per state.
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Also, a one-state short pause model is used and is

tied with the middle state of the silence model.

3.2.1.2. Weighting on signals. This experiment

investigated the performance of weighting on sig-
nals in feature space adaptation. A clean speech

utterance (FAK_521Z9A.08, in the clean1 sub-set

in AURORA2 Test set A) was artificially supplied

with noise signals that had special spectrums and

used for adaptation. We assumed that the spec-

trum of the added noise was a flat value A on high

half frequency and was zero on low half frequency,

which is shown in Fig. 4(a). Here A took three val-
ues: 1E3, 1E4, or 1E5 (60 dB, 80 dB, or 100 dB).

We added the noisy spectrum amplitude to that

of the speech signal and got the spectrum ampli-

tude of the simulated noisy speech signal. Fig.

4(b) shows the spectrum amplitudes of a frame

of the clean speech signal, and its noisy speech sig-

nals at different SNRs. Fig. 4(c) shows their log fil-

ter-bank amplitudes, where there are 23 bins. It is
shown that the amplitudes of the high bins in-

creased with the enhancement of the added noise.

The range of change on frequency is less than half

because it is on the Mel-frequency scale, which

compressed low linear frequencies. The number

of sub-bands is set to two, so there were two

weights to be estimated. The initial models were

the clean HMMs in the baseline. Ten iterations
were performed in the feature space adaptation

procedure. Fig. 4(d) shows the estimated weights

in four noisy cases. w(1) is the weight on the

low-frequency band and w(2) is that on the high-

frequency band. w(2) decreased and w(1) increased

with the enhancement of added noise, which indi-

cated that the adaptation was suppressing the dis-

tortion on high frequencies. If we multiply the
estimated weights on the log filter-bank ampli-

tudes of the corresponding noisy signals, the

resulting signals should be closer to the clean

speech signal. Fig. 4(e) compares the log filterbank

amplitude of the clean speech signal, the noisy

speech signal with 100 dB noise, and its weighted

signal. It is shown that the weighting decreased

the distance of the distortion part in the noisy
speech signal with the clean signal. Fig. 4(f) shows

the log filter-bank amplitude distance between the

clean speech signal and the noisy speech signals. It
is shown that the weighted noisy speech gets closer

to the clean speech than the original noisy speech

signals.

3.2.1.3. Convergence of adaptation procedures. This
experiment investigated the convergent property

of the adaptation procedures. The test data come

from the sub-set supplied with subway noise in

SNR of 5 dB in test set A of AURORA2, with a

total of 1001 utterances. Ten utterances are se-

lected from the set as adaptation data and the

remainder as test data. The number of sub-bands

is set to 7. The feature vectors are composed of
13 cepstrum coefficients (including the zero-order

coefficient) and their delta and acceleration. The

original HMMs are the clean HMMs in the AUR-

ORA2 baseline. The iteration number in the adap-

tation procedures ranged from 1 to 10. Fig. 5

shows the convergent property of feature space

adaptation. It is shown that all variables are in

vibrating change. This may be because of the omis-
sion of the Jacobian matrix. Nevertheless, they all

have a slow trend to convergence. Fig. 5(c) shows

that accuracy increased after the adaptation was

performed. Fig. 6 shows the convergent property

of model space adaptation. Fig. 6(a) shows that

the values of seven weights all converged to 1.

The reason for this is that the models are updated

with estimated weights after each epoch. This indi-
cates that mean vectors are matched with adapta-

tion data after the adaptation procedure. In Fig.

6(b), likelihood monotonously increased and was

converged after 2 iterations, which corresponded

to the property of the EM algorithm. In Fig.

6(c), it is shown that the accuracy reached conver-

gence quickly, which attained high improvement in

one step and didn�t change much while iterations
increased. Hence, in the following experiments,

one-step iteration was performed in the adaptation

procedures.

3.2.1.4. Number of sub-bands. This experiment

investigates the relationship between accuracy

and the number of sub-bands. The test data are

test set A. Ten utterances were selected from each
sub-set as adaptation data and the remainder as

test data. Because there are 13 coefficients in the

mean vectors, the number of sub-bands ranged
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from 1 to 13. The log FBEs are divided into

approximately uniform sub-bands. Table 2 shows
the width of the sub-bands with the number of

sub-bands.
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Fig. 7(a) and (b) show the performance with

different numbers of sub-bands based on clean

HMMs and multi-condition HMMs, respectively.

It is shown that when the number of sub-bands
is near seven, performance was best. For the case

in which the adaptation is based on clean HMMs,

the performance of unconstrained model space

adaptation (UMA) is better than that of model

space adaptation (MA). The reason for this is that

UMA is the unconstrained case of MA and may

obtain a more optimal estimation of the weights.

The feature space adaptation (FA) exhibited the
worst performance because its omission of Jaco-

bian matrices lost some precision in estimation.

The irregular behavior of curves for MA is proba-

bly due to the discontinuous allocation of sub

bands. For the case in which the adaptation is

based on multi-condition HMMs, the adaptation

procedures showed a slight improvement.
3.2.1.5. Amount of adaptation data. This experi-

ment investigates the relationship between accu-

racy and the amount of adaptation data. The test

data are test set A. The number of adaptation
utterances ranged from 1 to 10. The other 991

utterances were used as test data. The number of

sub-bands was set to seven. Figs. 8(a) and (b) show

the accuracy with different numbers of adaptation

utterances based on both clean HMMs and multi-

condition HMMs. This shows that the adaptation

procedures require a small amount of adaptation

data. One adaptation utterance is enough to im-
prove the performance.

3.2.1.6. Number of model classes. This experiment

also investigates the relationship between accuracy

and the number of model classes in model space

adaptation. The test data are the sub-set supplied

with babble noise in test set A. One hundred
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Table 2

Width of sub-bands

Number of sub-bands Width of sub-bands

1 2 3 4 5 6 7 8 9 10 11 12 13

1 13

2 6 7

3 4 4 5

4 3 3 3 4

5 2 2 2 2 5

6 2 2 2 2 2 3

7 2 2 2 2 2 2 1

8 2 2 2 2 2 1 1 1

9 1 1 1 1 1 1 1 1 5

10 1 1 1 1 1 1 1 1 1 4

11 1 1 1 1 1 1 1 1 1 1 3

12 1 1 1 1 1 1 1 1 1 1 1 2

13 1 1 1 1 1 1 1 1 1 1 1 1 1
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utterances were selected from the set as adaptation

data and the remainder as test data. The number
of sub-bands was set to seven. We created a regres-

sion class tree for Gaussian components to dynam-
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Fig. 8. Accuracy with different numbers of adaptation utterances based on (a) clean HMMs, (b) multi-condition HMMs.
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ically set the adaptation classes, depending on the

amount of adaptation data that are available. The

tree was constructed with a centroid splitting algo-

rithm, which used a Euclidean distance measure

(Steve et al., 2001). Fig. 9 shows the performance

with different numbers of model classes. This illu-

strates that increasing the model classes didn�t
obtain much improvement.

3.2.1.7. Results on advanced front-end. The above

experiments were implemented based on the

front-end and backend configuration defined in

(Hirsch and Pearce, 2000). Recently, a noise-

robust front-end has been published for the

ETSI standardization of the Advanced Front-

End (AFE) for Distributed Speech Recognition
(DSR), where a two-stage Mel-warped Wiener fil-

ter was used for noise reduction. Complex models,

where the digit models have 20 Gaussians per state

and the silence model has 36 Gaussians per state,

can help improve recognition performance

(Macho et al., 2002). In this section, we investi-
gated our approaches based on the AFE and com-

plex models. Table 3 shows the accuracy (%) of

four approaches (baseline, FA, MA and UMA)

based on clean HMMs and multi-condition

HMMs. The test data were test set A. The number

of sub-bands was 7 and the number of adaptation

utterances was 5. It is shown that FA slightly de-

graded the baseline performance, while MA and
UMA improved the performance. In this experi-

ment, our methods are combined with speech

enhancement techniques. It is well known that

speech enhancement relies on noisy power spectral

density (PSD) estimations and some form of resid-

ual noise persists in the enhanced signals. The re-

sults show that our methods can further improve

the performance of state-of-the-art robust feature
extraction and compensation.

3.2.1.8. Results of online unsupervised adaptation.

The adaptation approaches have been investigated

in batch modes, i.e., the sub-band weights were

optimized with a set of adaptation data and then
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Table 3

Accuracy (%) with advanced front-end and complex back-end,

for four approaches (baseline, FA, MA and UMA) with clean

and multi-condition HMMs

Clean Multi-condition

Baseline 85.86 94.03

FA 85.81 93.95

MA 86.58 94.10

UMA 87.93 94.04

260 D. Zhu et al. / Speech Communication 47 (2005) 243–264
were used to recognize utterances with the same

noise type and level. In this section, we assume

that the noise type and level of each test utterance

are unknown. We may optimize the weights and

word sequence for each utterance with online

unsupervised adaptation. The recognition proce-

dure is as follows:

1. Recognize the utterance with baseline models.

2. Given the recognized transcription, adapt the

weights in FA or models in MA and UMA.

3. Re-recognize the utterance with the adapted

weights or models.

Table 4 shows the accuracy (%) of the adapta-

tion approaches (FA, MA and UMA) in the online
unsupervised mode. The test data were test set A

and the number of sub-bands was 7. Clean HMMs

were used. It is shown that all three adaptation
approaches can improve performance in clean

and high-SNR conditions but degrade the perfor-

mance in low-SNR conditions. When the SNR lev-

els tend to be lower, the transcriptions become

more easily misrecognized, which causes in accu-

rate estimated weights and corresponding perfor-
mance degradation.

3.2.2. Resource management evaluation

3.2.2.1. Experimental setup. As the RM task is for

clean speech recognition, we need to artificially

add noise to its test data in order to investigate

its performance in noisy environments. In this

experiment, we added the voice babble noise in
the Noisex-92 database (Varga et al., 1992) to

the Feb89 set at four SNRs from 5 to 20 dB at

steps of 5 dB. Hence, we had four sub-test-sets at

different SNRs. The performance is defined as

the average accuracy over the four sets. We will

investigate the performance with different numbers

of sub-bands, adaptation data and model classes in

the following sections.

3.2.2.2. Number of sub-bands. This experiment

investigates the relationship between accuracy

and the number of sub-bands. Ten utterances were

selected from each sub-set as adaptation data and

the remainder as test data. The number of sub-

bands ranged from 1 to 13. Fig. 10 shows the per-

formance with different numbers of sub-bands. It



Table 4

Accuracy (%) of adaptation approaches in online unsupervised mode

SNR (dB)

Clean 20 15 10 5 0 �5 Average

Baseline 99.10 95.42 85.44 62.10 31.48 12.54 7.41 57.40

FA 99.12 95.89 85.94 61.21 28.30 10.56 6.79 56.38

MA 99.12 96.30 87.88 64.52 30.93 11.58 7.09 58.24

UMA 99.11 96.58 88.55 65.61 31.51 11.57 7.34 58.76
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Fig. 10. Accuracy with different numbers of sub-bands. FA:

Feature space adaptation; MA: Model space adaptation;

UMA: Unconstrained model space adaptation.
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is shown that the three methods all improved the

performance and the improvements were similar.

3.2.2.3. Amount of adaptation data. This experi-

ment investigates the relationship between accu-

racy and the amount of adaptation data. The

number of adaptation utterances ranged from 1
to 10. The other utterances were used as test data.

The number of sub-bands was set to seven. Fig. 11

shows the accuracy with different numbers of

adaptation utterances. It shows that the adapta-

tion procedures require a small amount of adapta-

tion data. One adaptation utterance is enough to

improve the performance. FA attained the best

performance. FA also achieved the best perfor-
mance for multi-condition HMMs in Aurora2

(Fig. 8(b)). In both cases, the HMMs are less dis-

criminative due to large amounts of Gaussian
components or multi-condition training. However,

MA and UMA are better than FA in the following

two cases: (1) clean HMMs in Aurora2 (Fig. 8(a)),
and (2) Advanced front-end in Aurora2 (Table 3).

In both cases, the HMMs are more discrimina-

tive due to the clean HMMs or the advanced

front-end. Therefore, we may draw the following

conclusion: FA is more effective when the HMMs

are less discriminative while MA and UMA are

more effective when the HMMs are more

discriminative.

3.2.2.4. Number of model classes. This experiment

investigates the relationship between accuracy

and the number of model classes in model space

adaptation. Ten utterances were selected from

the set as adaptation data and the remainder as

test data. The number of sub-bands is set to seven.

A regression class tree for Gaussian components
was used to dynamically set the adaptation classes.
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Fig. 12 shows the performance with different num-

bers of model classes. It shows that the perfor-

mance improved with the increase of model

classes.

3.2.3. Comparison with MLLR

When the band scale of the noise signal is

known, the weighting factors may be set properly
to improve the performance, as presented in Sec-

tion 2.2. However, if we are not clear about the

characteristics of the noise signal, the weighting

factors should be estimated by using adaptation

approaches. In this case, the weighting approaches

may be comparable with other maximum likeli-

hood adaptation methods. Among them, MLLR

has been proved to be an effective and robust
method able to compensate mismatch between

trained HMMs and observed data, which per-

forms linear transformations on mean vectors in

Gaussian components in HMMs and estimates

them via maximum likelihood criteria (Legetter

and Woodland, 1995). We compared their perfor-

mance on the Resource Management task as

follows.
In the MLLR, there is one global regression

matrix. Since there are only small amounts of

adaptation parameters in our methods, the meth-

ods should be able to obtain improvement on

small amounts of adaptation data. Therefore, we

compared our methods with the MLLR for small

amounts of adaptation data. Fig. 13 shows the
performance with different numbers of adaptation

words. The compared methods consist of FA,
MA, UMA, and MLLR with diagonal and full

transformation matrices. The MLLR with full

transformation matrices is not shown in the figure

because its accuracy with a small amount of adap-

tation data is extremely low. The number of adap-

tation words ranged from 1 to 9. The number of

sub-bands was 7. When the number of adaptation

words is less than four, the MLLR with diagonal
transformation matrices degraded the perfor-

mance but the sub-band weighting adaptation

methods (FA, MA and UMA) obtained improve-

ment. This indicates that a very small amount of

adaptation data is enough for the sub-band

weighting adaptation methods but not enough

for the MLLR. When the number of adaptation

words was increased, the MLLR with diagonal
transformation matrices outperformed the sub-

band adaptation methods, because the MLLR

contains more adaptation parameters. This indi-

cates that the sub-band weighting adaptation

methods can obtain improvement with a very

small amount of adaptation data, only requiring

a length of several words.

3.2.4. Overall results

Finally, we summarized the overall experimen-

tal results on the RM task. The number of sub-

bands was set to seven. In all the adaptation



Table 5

Recognition accuracy of all methods on RM task with different SNRs

SNR(dB) 5 10 15 20 Clean Average

FB 15.23 35.61 62.79 75.99 89.07 47.41

CSB 17.64 37.94 56.18 69.92 82.28 45.42

MLLR(D) 8.10 21.83 34.76 46.11 87.27 27.70

FA 15.79 40.39 66.98 78.98 89.13 50.53

MA 17.16 39.87 61.66 74.22 88.84 48.23

UMA 17.48 38.90 59.52 72.29 88.64 47.05
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approaches, a global transformation matrix was

defined and one word was used as adaptation data.

Table 5 shows the accuracy of four methods: full-

band (FB), concatenate sub-band (CSB), MLLR

with a diagonal transformation matrix (MLLR

(D)), feature space adaptation (FA), model space

adaptation (MA) and unconstrained model space

adaptation (UMA). The MLLR with a full trans-
formation matrix (MLLR (F)) was not listed in

the table due to its extremely low accuracy. It is

shown that the average accuracy of the CSB was

slightly lower than that of the FB. MLLR (D) de-

creased the accuracy since one word of adaptation

data was insufficient for it. The FA and MA

achieved higher accuracy than the FB, and the

UMA obtained performance similar to the FB.
The results indicate that the sub-band adaptation

methods need much less adaptation data than

the MLLR.
4. Conclusion

In this paper we proposed a sub-band weighting
approach for robust speech recognition. Results

showed that this approach achieved higher perfor-

mance than both full-band approaches and conven-

tional sub-band approaches when additive

background noise signals were band-limited. In

the merging step in conventional sub-band ap-

proaches, the reliability of sub-bands may be set

empirically, estimated via local SNR, or determined
in other ways. However, achieving reliable estima-

tion is still an open problem. Consequently, the per-

formance of the conventional sub-band approaches

often degrades. In our approach, maximum likeli-

hood adaptation approaches can be adopted to esti-

mate the weighting factors because of the linear
characteristics of the DCT. The results on Aurora2

andRM tasks showed that themaximum likelihood

sub-band adaptation approaches consistently im-

proved recognition performance on both tasks.

We also compared our adaptation methods with

the MLLR. Our methods showed an advantage in

that they require only a small amount of adaptation

data. In our experiment, with adaptation data
including only several words, our methods can ob-

tain improvement, but the MLLR could not.
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