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ABSTRACT

In this paper, we consider the hidden Markov
model (HMM) parameter compensation in noisy envi-
ronments with multiple noise sources based on the vec-
tor Taylor series(VTS) approach. General formulations
for multiple environmental variables are derived and
systematic expectation-maximization(EM) solutions are
presented in maximum likelihood(ML) sense. It is as-
sumed that each noise source is independent and having
Gaussian distribution. To evaluate proposed method, we
conduct speaker independent isolated word recognition
experiments in various noisy environments. Experimen-
tal results show that proposed algorithm ahieves signif-
icant improvement. Especially, the proposed method is
consistently more effective than the parallel model com-
bination(PM C) based on log-normal approximation.

1 Introduction

Presently, problems with noise-robustnessis one of most
important issues in speech recognition. Various methods
have been proposed, such as robust distance measures,
feature vector transformation and model parameter adap-
tation. Feature vector transformation using signal Gaus-
sian mixture achieve successful resultsin thelog-spectral
and cepstral domaing[1][2][3]. Also, model parame-
ter adaptation algorithms affected by speaker adaptation
schemes show more improved performance over feature
vector transformation. In time-varying noisy condition,
however, fast adaptation is required and use of suffi-
cient adaptation speech for adjusting all model parame-
ters is difficult, while most speaker adaptation schemes
use some quantity of adaptation data.

Moreno proposed the vector Taylor series(VTS) ap-
proach to formulate relation between clean and noisy
speech signals and analytically solve the noise-robust
speech processing in the feature vector transform
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domain[2]. He achieved significant improvement com-
pared with other methods. Using only 2 environmental
variables, i.e., additive noise and spectral tilt, the VTS
approach yields reliable performance. But, it was per-
formed in the log-spectral and assumed independence
between log-spectral elements for reduction of compu-
tational burden. Since many speech recognition systems
accept cepstral coefficients as a feature vector, compen-
sation in thelog-spectral domain requires additional con-
dition such aslog-normal approximation. To solve these
problems, we generalized the VTSa gorithm and applied
it to cepstral domain in our previouswork. We presented
an exact expectation-maximization(EM) solution of VTS
with noise statisticg[4]. Also, we developed new model
parameter adaptation algorithm based on the VTS 5].

In this paper, we consider speech recognition in noisy
environments with multiple noise sources. General for-
mulations for multiple environmental variables are de-
rived and systematic EM solutions are presented in the
maximum likelihood(ML) sense. Itis assumed that each
noise source is independent and having Gaussian distri-
bution.

2 Environment modeling

2.1 Modeling additive noise

Let us consider simple additive noise environment. Cor-
rupted speech signal (or feature vector) y can be ex-
pressed as:

y = f(x.n) (1)

where x is clean speech signal, and n is parameter that
represents the effects of the additive noise. In general,
the generic function f(x, n) is nonlinear and defined by
the parameter domain. For example, if we assume that
all parametersare defined in the logarithmic domain, we
get

y1 = log(exp(x:) + exp(ny)) (2)

where [ denotes the log-spectral parameter.



In the cepstral domain,
ye = Clog(exp(C~'x.) + exp(C~'n.))  (3)

or

ye =%+ Clogexp(C™H(n: —x.)))  (4)
as Acero used in [1], where ¢ representing cepstral pa-
rameters, C denoting discrete cosine transform(DCT)
matrix, and C~! being inverse DCT matrix. Also, the
right-hand side of eq. (2)-(4) represent contamination
procedure defined by parameter domain.

Thereisno closed form solution for mean and variance
of corrupted speechsignal, y, ineq. (2)-(4). To get exact
solution, numerical integration was performed in several
previousstudies, but, it isn’t practical becauseof itsheavy
computational burden.

2.2 Truncated VTS approximation

Moreno proposed the VTS approach by which nonlin-
ear comtamination function was approximated as trun-
cated vector Talyor series[2]. Lety = [y1. yo. - - -. yn]’
be a noisy cepstral feature vector * with dimension
N. Assume that y is related to the clean fea
ture x = [z1,22, ---,zn]’, and additive noise n =

[n1,n2,---,nn] by
v fi(x.n)
y.z _ fz(f‘:f:n) ®)
yN fN(;ﬁn)

f(x.n)

inwhich f1, fo, ..., fn represent the contamination pro-
cedure under consideration. By expanding VTS around
(x0,mp) and taking only upto the first-order terms, we
can approximate (5) such that

y ~ (Vxf)'x 4+ (Vnf)'n + g(xo, no) (6)
where
(Vx /1)’ (Vnf)
(Vxf) = (VX:fZ) . (Vnf)' = (vn:fZ)
(Vxfn)' (Vnfn)
and
g1(x0, no)
axomg = | 0| ™
g~ (%0, no)

In [4], detail procedure for environmental variable esti-
mation can be found when there exist noise statistics, and
also we devel oped a method to estimate not only additive
noise but also spectral tilt and additive noise variance
using the EM algorithm[5].

Ifor brevity, we drop the subscript c.

2.3 Noisy environment of multiple noise
sour ces

Even though there are multiple noise sources, and each
source has its statistics, we can apply VTS approach. It
is assumed there are M independent noise sources, and
each noise sourceisaGuassian. Also, we assumethat we
know contamination procedure exactly. (Contamination
procedure is generally nonlinear and may be extremely
complex.)

Using truncated VTS, we can get following approxi-
mation

M
y =~ (Vxf)x+ Z(Vnmf)’nm
m=1
+8(xo. né, T néW) ©)

wheren™ denotesanoisy feature vector from m th noise
source.

We assumethat the probability density function(PDF)
of speech signal can be represented by a summation of
multivariate Gaussian distributions:

K
p(x) ~ Y p(k)N(x : pg, Zy) (9)
k=1
where K isthetotal number of mixture components and
p(k). ur,, I represent given a priori probability, mean
and variance of k-th Gaussian distribution, respectively.

To obtain re-estimationfomulars, consider an auxiliary

function given by

QX A) = Ellogp(X, N*, N2 .. NM K|\)[Y, )]

where N = {n]*.n%’,---.n7} ,1< ¢ < M, de
notes the m th noise vector sequence which is statisti-
cally independent of the clean feature vector sequence
and other noise vector sequences, and M is the number
of noise sources. T is alength of vector sequence, and
K = {k1. ko, -, kr} isahidden sequence of mixture
components. Given A, new parameter estimates, ) are
sought according to

)= arg m/\axQ(A_,A).

Assuming that each noise source is a Gaussian, we take
the gradient of Q(A, A) with respect to 3y, mean vector
of m-th noise source. Equating the gradient to zero, we
can get re-estimation equation of m th noise mean as
follows

i5 = 7 3 Y plklye MERPlye kAL (10)
t k

In asimilar manner, we can also re-estimate m-th noise
variance,

~ 1 —
t k

—pnAn . (12)
More detail explanations are given in the Appendix.



24 HMM model parameter compensation

For model parameter compensation without adaptation
speech, we need to find

(A W)

= ag max p(Y, WA Ax)p(W)(12)
(A W)

whereW = {W1, W>, - - -, W3} isaword sequenceem-
beddedinY, Ax isamodel parameter set of clean speech.
‘W and ) arejointly maximized by keeping A fixed and
maximizing over W, and the keeping W fixed and mix-
imizing over A iteratively.

After several steps similar to previous section, we get
the following equations.

i = 2 Y i ) e i d N (19
t o4

om 1 I m._.m C T
In = TZZZ%(%J)E[IH " [ye.i. j. Al
t i
)

where (i, 7) = p(Y,sy = n,¢; = m|A) is the joint
likelihood of Y and the m-th mixture component of the
n-th state with A producing the observation y.

By approximation of truncated VTS given eg. (8), we
finally get following new hidden Markov model(HMM)
parameters,

M
pyi; = (Vxf)pxij+ > (V") uf
m:l
+8(Hxi . ph: s 1) (15)
Eym’ = (fo)’thitj(fo)

M
+> (VaTE)IR(VaTf)  (16)

m=1

where py ; ; and Xy ; ; are noisy mean and variance of
1-th state, j-th mixture, and px ; j, Ix,:; denote clean
speech mean and variance of i-th state, j-th mixture.

3 Experiments
3.1 Task and database

Performances of the proposed methods were evalu-
ated with speaker-independent isolated word recogni-
tion experiments. The vocabulary consists of 75 Korean
phonetically-ballanced words. 90 male speakers uttered
the words once to construct the database for training and
evaluation. Utterances from 60 speakers constructed the
training data and those from the other 30 speakers were
used for evaluation. Each utterance was digitized with a

sampling rate of 16kHz. A 18th-order mel-scaled log fil -
terbank energy vector wasextracted for every frameof 10
ms. By applying DCT, a 13th-order cepstral coefficient
vector was derived for each frame and used for recogni-
tion. 32 phoneme models were used as the basic units
of recognition. Each unit was modeled by a three-state
continuous mixture HMM whichis asimple | eft-to-right
model without skipping where each state has three mix-
ture components. 3 types of noise - Computer generated
white Gaussian noise, NOISEX92 car noise(VOLVO),
and NOI SEX 92 babble noise - were considered. Accord-
ing to various SNR, scaled noise samples were added to
speech signal in time-domain.

3.2 Experimental results

We compensated HMM parametersaccording to changes
of environments in these experiments. Any prior in-
formation was not used for on-line adaptation. To
use as a reference, we implemented well-known paral-
lel model combination(PMC) algorithm based on log-
normal approximation[6]. Since noise samples were
added to speech signal in time-domain, there was no ex-
plicit linear channel distortion in our experiments. But,
variablities between speakers could be considered akind
of spectra tilt. Also, errors of assumed model could
make other distortions. Thus, we assumed noisy envi-
ronmentswith 2 noise sources, addtive noiseand spectral
tilt as other workg[1][2]. 2 sources were modeled asin-
dependent Gaussian, respectively. Initial noise model
parameters were obtained from short dlience frames (3-4
frame) before beginning of speech.

When clean speech was applied, our system showed
93.4% recognition rate. Table 1. shows experimen-
tal result of speaker independent isolated word recogni-
tion in various noise ervironmetns. In all noisy condi-
tion, recognition performance of baseline system was
degraded seriously when no compensation scheme is
adopted. Especialy additive white Gaussian(AWG)
noise and BABBLE noise degraded performance dras-
tically even at relatively high SNR(20dB). In al noisy
condition of various SNR, our proposed method outper-
formed the well-known PM C agorithm. Notethat it was
effective to not only stationary noise (AWG, CAR) but
also nonstationary noise (BABBLE).

4 Conclusions

Inthis paper, we presented anovel method to compensate
HMM model parameters in noisy environments. Previ-
ous VTS algorithm was reviewed and extended to mul-
tiple noise source case. Environmental variables (mean
and variance of noise sources) were estimated using the
EM algorithm and detail procedure was presented for
compensation of HMM parameters. Developed method
did not use any prior information of noise source, and



Table 1: Experimental results of speaker independent
isolated word recognition in various noise conditions(%6).

Noise Comp. SNR (dB)
type algo. 30 20 10 0
None | 837|461 | 89 | 31
AWG PMC 91.1 | 852 | 71.3 | 383
Proposed | 92.1 | 87.5 | 77.0 | 49.8
None | 93.3 | 92.7 | 885 | 66.3
CAR PMC 926 | 925 | 914 | 88.2
Proposed | 93.4 | 93.0 | 92.6 | 89.2
None | 89.7 | 67.7 | 346 | 9.3
BABBLE PMC 89.3 | 822 | 62.7 | 275
Proposed | 92.3 | 87.3 | 73.4 | 40.9

only need utterance to be recognized. To evaluate pro-
posed method, we performed speaker-independent iso-
lated word recognition experiments. Proposed method
outperformed well-known PMC algorithm at various
condition. Especialy, it effectively compensated the
HMM parameters in the nonstationary BABBLE noise
environment aswell as stationary condition.

Appendix

Assuming that each noise source is a Gaussian, and
taking the gradient of Q(A, A) with respect to uj;, mean
vector of m th noise source, we can obtain following
formula

0Q

G >k S, )T P — )

(lPt k|yt )let
where ¥; = {n},n? ... n*}. Equating above equa-

tion to zero, and after several step we can get re-
estimation formula as follows

Z Zp klys. A

lln yi. k. )‘) (17)

in which

3

P (ye kX)) = E[nt lye. k. DY

= SREH + )70 IR + I
(18)
where
iR = (VRO ye— (Vxf) e — Y (Vaf) in
i#m
—g(x0.1g, - - -, ng")] (19)

I = (VR T (VxE) Z(VxE)(VEE) ™ (20)

u and X denote speech feature vector mean and vari-
ance of k£ th mixture (codeword), respectively. In asimi-
lar manner, we can get new variance of m th noisesource.

. 1 - .
Ih = thEkp(k'lyt,A)E[HTHT’Iyt;k,A] A

where
Emynf [y kAl B B
= E[(nt —lln(}’t,k,i\))(nt—,un_()% k~)\))/|}’t,k,)\]
+un(ye. k. Nun(y:. k. ) (21)
and
E[(n; lln yt )@ — pn(ye k. N)) |y kA
= [(Zm ™ +En) ] g (22)
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