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ABSTRACT

Recently, the vector Taylor series (VTS) approach was
proposed as an efficient method for robust speech recog-
nition under various environmental conditions. The VTS
approach makes an approximation to the speech contami-
nation procedure by a linearized model and estimates the
parameter values using the ezpectation-mazimization (EM)
algorithm. In this paper, we apply the VTS approach to en-
vironment compensation with assumed noise statistics. In
addition, we present a Bayesian adaptation technique with
which we can incorporate the a priori knowledge about the
noise statistics to the parameter estimation procedﬁre.

1. INTRODUCTION

Environment compensation techniques which compensate
the effects of added noise and channel distortion have been
developed for robust speech recognition [1] - [3]. In gen-
eral, these techniques make assumptions on both the clean
speech distribution and the environmental contamination
procedure, and by estimating the environmental parameter-
s, transform the noisy speech features to the clean features.
Among them, the vector Taylor series (VTS) approach is
considered to be effective since it can approximate the high-
ly nonlinear contamination procedure by a simplified linear
model, which improves the mathematical tractability in pa-
rameter estimation [1], [2].

In the VTS approach, the clean speech features are char-
acterized by a mixture of Gaussian distributions, and the
contamination procedure is separately approximated for
each mixture component by using the truncated VTS ex-
pansion. Environmental parameters such as the added noise
feature and spectral tilt vectors are derived through the
ezpectation-mazimization (EM) algorithm which iteratively
updates the parameter estimates.

In this paper, we present an environment compensation
algorithm which is based on the VTS approach with noise

statistics assumption. A Bayesian adaptation technique' is
also applied in order to incorporate the a priori knowledge of
the noise statistics to the parameter estimation procedure.
Furthermore, the performances of the presented approach-
es are evaluated through the speaker-independent isolated
word recognition experiments.

2. TRUNCATED VTS APPROXIMATION

Let 2 = [21, 22,---, 2n] be a noisy feature vector with
dimension N. Assume that z is related to the clean fea-
ture x = [%1,22, -,z n]’, noise n = [r1,n2,--+,nx] and
spectral tilt q = [g1,92,---,g~] by

21 fl (n, X, Q)
22 .f2 (!1, X, q)
] = i (1)
ZN fN(ny X, q)
fnx,q)
in which fi, f2, ..., f~ represent the contamination pro-

" cedure. By using VTS expansion around (no,%0,q0) and

taking only upto the first order terms, we can approximate
(1) such. that

z=(Vxf)'x + (Vnf)'n + (Vqf)'a + g(no, %0, q0)  (2)

where
r 8f1(Bo.X0,q0) .. 8fn(Do,Xo.Go) T
511 8.1.‘1
(Vxf) = : : ®)
8£1(o,X0,90) 8fn(Mo.X0,G0)
- Sx 8z -
F 8h(1oXo,Qo) . 8Sn{PoXo,Go)
n;y any
(Vaf) = SN : ®)
8f1(No.X0,4o) ... 9fn(10.X0.90)
L Snpn onn -
r 9f1(No,Xo,g0) .. 8fn(Ro,X0,]0)
aq oq1 W
(Vof) = : VR &)
8/1(Mo,X0,Qo) ... 8fn(10.X0.,90)
- SN EEY -
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and

g(no, X0, Qo) =
f(n0,%0,q0) — (Vx£)'%0 — (Vnf)'no — (Vaf)'ao -
(6)

We assume that (Vxf), (Vnf) and (Vqf) satisfy the reg-
ularity condition which indicates that (Vxf)™*, (Vnf)™
and (Vqf)™ exist for all possible (no, X0, qo) points.

For an example, let us consider the environment where
the speech waveform is corrupted by an additive stationary
noise and a linear channel. In the log-spectral domain this
environment can be expressed by the relation

zi=1z; + qi +log (1 + en;—z;-q,-)
fori=1,2,---,N (M)

where z = [21,22,--,2N] represents the log power spec-
trum of the degraded speech, x = [z1, 22, --,z ]’ is the log
power spectrum of the clean speech, n = [ny,n2,---,nx]
is the log power spectrum of the additive noise and q =
[g1,92,---,9n]" denotes the log channel transfer function.
Taking gradients, we can get

(fo) = dia'g [Eli 62’ te ’ﬁN] (8)
(Vof) = diagfér,&,--,6n8] (9)
(an) = diag[l—flal—&""vl—EN] (10)
where
1
&= T T ermisoaon - (1)

Therefore, the relation in (7) is approximated by

zi =
Ei(mi ~ @o,i) + &i(g: — 90,i) + (1 — &)(ms — mo,5)
fori=1,2,---,N. (12)

3. VTS ALGORITHM WITH NOISE
STATISTICS

With the VTS algorithm, we can estimate the clean fea-
ture vector sequence X = {x;,X2,---,X7} given a noisy
feature vector sequence Z = {21, 22,---,2r}. It is assumed
that the probability density function (PDF) of the clean
feature vector is modeled by a mixture of Gaussian distri-
butions such that

M
p(x) =Y p(k)N(%; s, i)

k=1
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(13)

where M is the total number of mixture components and
p(k), ux and Xy represent the given a priori probability,
mean and variance of the k-th Gaussian distribution, re-
spectively. We also assume that the statistics of the noise is
represented by 2 single Gaussian distribution A(n; un, Xn)
and q is an unknown constant vector. Under these assump-
tions, the environment compensation algorithm proceeds as
follows [1]:
1. Get initial estimates for {gn,Zn,q}.
2. Using (2), expand f(n,x,q) around (un, px,q) for k =
1,2,---, M.
3. Perform a single iteration of the EM algorithm to rees-
timate the values of {un,¥n,q}.
4. If the likelihood of the observed noisy data has not
converged, return to Step 2.
5. Estimate the clean feature vector sequence based on
the minimum mean squared exror (MMSE) criterion.
Given A = {un,Zn,q} and the clean feature vector dis-
tribution shown in (13), the PDF of the noisy feature is
represented by

M
> p(k)(zlk, N) L (19)

k=1

2(zl})

il

M
Zp(k)N(Z; 2z T2 k) (13)

k=1
where
pzx = (Vxf)ux +(Vnf) en + (Vaf)'q+ g(no, %o, o)
(16)
Tzx = (VxE)Zk(Vxf)+ (Vnf) Za(Vaf) . 1

With (15), we can derive the a posteriori probability for
each mixture component such that

p(k)p(z(k, A)
Sope #(R)p(2lk, ) (18)

The optimal parameter values A° = {uf, ZH,q°} are ob-

p(k|z, ) =

tained according to the maximum likelihood (ML) criterion
such that

A° = argmax flog p(Z|2)] . (19)

Since, however, it is difficult to directly obtain the ML es-
timates, the EM algorithm which iteratively updates the
parameter values is adopted [4]. For two parameter sets
A= {un,Zn,q} and A = {pn,i:n,q}, the auxiliary func-
tion, Q used in the EM algorithm is defined by

QA ) = E [log p(X, N, K|\ | Z, ] (20)
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where N = {n;,n,,---,nr} denotes the noise vector se-
quence which is statistically independent of the clean fea-
ture vector sequence X, and K = {ky, k2, -, kr} is a hid-
den sequence of mixture components.

Let A = {ﬁn, i)n,q} be the current parameter values.
Then, the new parameter values i= { ﬂn,ﬁn,Q} are ob-
tained according to

A= argmax QA1) . (21)
A

By following the approach used in [2], we are led to

fn =

)

M
- Z Z #n(z:, k, \)p(k|ze, X) (22)
k=1

t==1
 n=

Tr M
2303 pklze,X) [Snee b, 3) + oh(an k, V)]

t=1 k=1
~infn (23)
q=
T M
D0 plklze, )zghl™
t=1 k=1
M
[3°5 p(klze, )Sgha(z:, kX)) (29)
t=1 k=1
where
un(zt, k, /—\) = F [ntlzt, k, X] (25)
a%l(zty k7 /_\) = un(zt; k: x)ﬂil(zt: k; 5\) (26)
Tn(z:, k,A) = E [n,ni]zt, k, :\] —oh(ze, K, A)  (27)
Tax = (Vaf)(Vxf) T (Vxf) " (Vgf)
(28)
and
a(ze, k, X)) =
(qu)"‘ (zt - (fo)l“k - (an),“n(zh K, X)—
g(no,xo,qo)) . (29)

After finding A°, the clean feature vector estimate, X: at
time ¢ can be computed based on the MMSE criterion as
follows.

M
% =Y p(klze, \)E [x:]2:,A°] . (30)

k=1
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4. BAYESIAN PARAMETER ESTIMATION

In the VTS approach, the environmental parameters such
as the noise mean and variance are usually estimated based
on a small number of samples spanning a word or a sentence.
This may cause the parameter estimates to deviate far from
the true parameter values. One possible way to enhance
the robustness in environmental parameter estimation is to
use 2 priori knowledge of the parameters, which can be
obtained by extracting some statistics from a large number
of noisy samples. Let us assume that we are given the prior
density of the parameters. Then, we can adopt the Bayesian
parameter estimation scheme in the VTS approach. We
follow the similar approach used in [5].

The conjugate prior density of NV(n; un,Zn) is defined
by a normal-Wishart density of the form

(«—N)
Sa(l"n: ra|r,m, a, u) = lrn| 2

exp [~ Z(um — m)'rn(un = m)] exp [~ tr(urn)]
(31)

where (7, m, a, u) are the prior density parameters such that
a>N-1,7>0,and rn = 3. Let

H()) =log [¢(pn, a7, m, o, u)] . (32)
Then, (21) is replaced by
A= argmax QAN+ HMW] . (33)

By solving (33), we can get the Bayesian parameter reesti-
mation formulas as follows.

s

n —

T T .
Py ey LN (34)

[\l

n=
ut r(m — jin)(m — in)’
(a—N)+T

T .
* a- N+ T nML

(35)

where (iy ML, En,ML) are the ML estimates given by (22)
and (23).

5. EXPERIMENTS

Performances of the proposed methods were evalnated
with speaker-independent isolated word recognition experi-
ments. The vocabulary consists of 75 Korean phonetically-
balanced words. 20 male speakers uttered the words once
to construct the database for training and evaluation. Ut-
terances from 15 speakers constructed the training data and
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those from the other 5 speakers were used for evaluation.
each utterance was low-pass filtered with a cut-off frequen-
cy of 4.5 kHz and digitized with a sampling rate of 16 kHz.
A 18th-order mel-scaled log filterbank energy vector was
extracted for every frame of 10 ms. By applying discrete
cosine transform (DCT),‘a 12th-order cepstral coefficient
vector was derived for each frame and used for recognition.
32 phoneme models were used as the basic units of recog-
nition. Each unit was modeled by a three-state continuous
mixture HMM which is a simple left-to-right model without
skipping where each state has three mixture components.

Environment compensation was done in the log spectral
domain except for the case of codeword-dependent cepstral
normalization (CDCN) [3] which was carzied out in the cep-
stral domain for the purpose of performance comparison.
For each frame, the noisy feature vector which was repre-
sented by 18 mel-scaled log filterbank energies was trans-
formed to a clean feature estimate. Clean speech features
were modeled by a mixture of 128 Gaussian PDF’s with
diagonal covariance matrices. Table I shows the recogni-
tion results when artificial white Gaussian noises were were
added to the clean speech waveform by varying the signal-
to-noise ratio (SNR). VTS without noise statistics assumes
that the added noise feature is an unknown constant vector
while the proposed method assumes it to be statistically dis-
tributed according to 2 Gaussian PDF with unknown mean
and variance. The recognition performance of the. VTS ap-
proach without noise statistics was seriously degraded as
the SNR became lowered. On the other hand, the proposed
method which uses the noise statistics yielded better recog-
nition performances over all the SNR ranges compared to
those without noise statistics.

We could further improve the recognition performance by
applying the Bayesian parameter reestimation scheme. A
prior density for the noise mean and variance was defined
for each SNR. Since each band of the log spectrum was
assumed to be statistically independent, the prior density
falls on a normal-gamma density and we could obtain the
prior density parameter values from a set of noise data as
in [6]. A remarkable improvement in recognition rate with
the Bayesian approach was found when the SNR was low.

6. CONCLUSIONS

In this paper, we presented an exact EM formulations
for the VTS approach with some specific noise statistics.
Moreover, a Bayesian parameter reestimation scheme was
proposed to incorporate a priori knowledge of the environ-
mental parameters. From the recognition results, we could
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Table 1. Recognition results under various SNR
conditions; recognition rate (%)

SNR (dB) 0 10 20 30
no processing 7.5 48.8 T1.2 864
CDCN 33.3 66.7 79.7 85.1

VTS without noisé statistics || 20.3 73.1 87.5 91.2
VTS with noise statistics 46.9 80.0 88.0 91.2
Bayesian VTS 55.7 83,5 87.5 91.2

find that the proposed methods are effective for environ-

‘ment compensation especially when the SNR is low.
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