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ABSTRACT

We present a frame-synchronous noise compensation
algorithm that uses Stochastic Matching approach to
cope with time-varying unknown noise. This method
proposes to estimate simple mapping function in par-
allel with Viterbi alignment. The technique is entirely
general since no assumption is made on the nature,
level and variation of noise. Our algorithm is eval-
uated on the VODIS database recorded in a moving
car. For various tasks, our technique outperforms sig-
nificantly classical methods. For instance, using a sim-
ple additive bias the proposed algorithm gives an er-
ror rate improvement of 13.3 % compared to Parallel
Model Combination (PMC), 15.5 % on Spectral Sub-
traction (SS) and 27.8 % on frame-synchronous Cep-
stral Mean Subtraction (CMS) for the numbers recog-
nition task in a moving car.

1 INTRODUCTION

An automatic speech recognition (ASR) system expe-
riences a significant degradation of its performances
when used in an environment that does not match its
training environment. This mismatch is due mostly to
additional noise sources and discrepancies in channels
and speakers that transform a clean speech sequence X
into a distorted speech sequence Y . Those mismatch
sources may be non-stationary and little a priori infor-
mation about them is available.

Several techniques have been proposed to enhance
speech in a robust manner. Two possible approaches
can be explored. First, the parameters of the acous-
tic models can be modified to make the transformed
stochastic models better characterize the distorted fea-
tures. This approach, called adaptation, brings to-
gether several techniques such as PMC [1], MAP [2]
and MLLR [3]. Second, the corrupted features can be
adjusted thanks to a transformation that is estimated
from the noise characteristics. This set of methods,
called compensation, gathers techniques such as CMS
and Stochastic Matching [4]. The method developed
here belongs to this category.
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acoustic environments are known to be non-
nary, three types of compensation methods can
ed. First, noise and channel can be character-
by models trained on prior measurement of the
onment [5]. Second, a bank of Kalman filters can
ed to compensate the effect of time-varying noise
inally, sequential estimation algorithms can be
to track slowly time-varying environments. [7]
this framework to estimate an additive bias and
es this approach to perform frame-synchronous
astic matching. The idea of stochastic matching
reduce the mismatch between the distorted fea-
of Y and the acoustic model ΛX associated to

lean feature of X.

e synchronous sequential algorithms are naturally
ling to cope with non-stationary noise sources
if these algorithms often face convergence prob-
linked to the scarcity of data. One of the most
lar frame synchronous technique is Cepstral Mean
action (CMS): at each frame, the mean of the in-
g sequence of cepstra is calculated. This mean is

subtracted to the observation.

elieve that this last method can be enhanced by
g into account statistics derived during the recog-

process. Our aim is to merge the simplicity
S and the efficient and intuitive approach of

astic matching. Our work is based on [8] where
ismatch between training and testing environ-
is estimated in order to maximize the Kullback-

er information. The basic idea of [8] was to com-
the parameters of a linear transform according to
istance of the observations sequence to a partial
nce of models. Those derivations led to a recur-
updated bias which expression was close to the
btained in [4] with a Maximum-Likelihood ap-
h.

paper is organized as follow. Section 2 exposes
ochastic recognition process using Hiden Markov
ls. Then section 3 presents the proposed compen-
algorithm and section 4 gives some experimental

s. Finally, conclusions are given in section 5.



2 RECOGNITION USING HMM

2.1 HIDDEN MARKOV MODELS
The main idea of ASR is pattern-recognition. Most of
state-of-the-art recognition applications use a template
based approach: observations are classified according
to their distances to acoustic models. Hidden Markov
Models (HMM) are used as acoustic models to charac-
terize the spectral properties of speech frames. They
are used to determine the probability of a word under
the hypothesis of a sequence of observations. The ba-
sic units of speech (phones, for example) are described
as a sequence of HMM states. The acoustic observa-
tions associated to each state are modeled through a
probability density functions. Typically, a mixture of
continuous observation density function is of the fol-
lowing formulation:

p(xt|st = n) = bn(xt) =
K∑

k=1

c(n,k)N (xt, µ(n,k), Σ(n,k))

where xt and st are the observed vector and the state
at time t, N is Gaussian with mean vector µ(n,k) and
covariance matrix Σ(n,k) for the k-th mixture compo-
nent in state n and c(n,k) is the mixture coefficient
for the k-th mixture in state n [9]. The order of the
states is governed by the transition probabilities be-
tween the states. The following equation gives the
transition probability between states i and j:

ai,j = p(st+1 = j|st = i) for j>=i
ai,j = 0 otherwise

In the rest of this paper, let us consider a Hidden
Markov Model recognition system of N -states mod-
els with diagonal covariance matrices. Each state n
is characterized by a mixture of K gaussian probabil-
ity functions of mean µ(n,k) and variance σ(n,k). The
one dimension case is treated, all the derivation being
easily extended to multidimensional case.

2.2 THE VITERBI DECODING
During recognition, all models are concatenated in or-
der to form a lattice of possible word sequences or
paths. Then, Viterbi algorithm is used to find the best
state sequence Sopt given the speech sequence. More
precisely, this algorithm maximizes the likelihood of a
state sequence ST = {s1, s2, . . . , sT } given a sequence
of observations XT = {x1, x2, . . . , xT } and the acoustic
models λ:

Sopt = argmax
ST

p(ST |XT , λ)

p(ST |XT , λ) ≈ p(XT |ST , λ).p(ST )

p(XT |ST , λ) =
T∏

t=1

p(xt|st, λ)

The best state sequence is obtained according to:

αt(i) = argmax
s1s2...st−1

p[s1s2 . . . st−1, st = i, x1x2 . . . xt|λ]

often
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αt(i) = [argmax
j

(αt−1(j)aji)].bi(xt)

3 FRAME-SYNCHRONOUS
COMPENSATION

CORRUPTED SIGNAL
ssume that the clean signal spectrum xs is dis-
d by noise and gives ys (the s subscript denotes
pectral domain). It can be modeled as follows:

ys = hs ⊗ xs + ns (1)

e ⊗ is the convolution operator, hs is the channel
, ns is the additive noise. In the cepstral domain,
ecomes:

y = x − d(xs, ns, hs) ≈ x − d(y)

e d(xs, ns, hs) is a non-linear function without any
ar expression. Usually, the exact values of xs,
d hs are unknown. In practice, this function is
ximated by d(y). The goal of compensation is to
transformation f such that f(y) approaches x:

≈ x.

PROPOSED COMPENSATION
stochastic matching framework supposes the use
ochastic distance of the noisy observation to a
sequence. For the batch estimation of mismatch
ion, this distance is calculated using the opti-
state sequence [4]. But for a frame synchronous
od, only partial state sequences are avaliable. In
ase, two solutions can be envisaged: statistics can
rived on short windows as in [8], or approximated
rward probabilities as proposed in this paper.

asic idea of our method is as follows. First, the
thesis is made that at each time instant during
iterbi alignment, the states linked to the highest
rd probabilities give a good modelisation of the
h observations. Then, the parameters of the mis-
h function are estimated in order to maximize the
ood of the observation given those states. Conse-
ly, this on-line algorithm performs compensation
rallel with recognition and does not need any a
i information on the nature of the noise. Com-
tion transform is estimated frame per frame and
ence in its parameters is gained as forward prob-

ies computation goes along.

THEORETICAL FRAMEWORK
ider θ as the set of parameters of a transfor-
n fθ(y) from the testing observation space into
raining space. It has been shown in [8] that
t θ maximizing the Kullback-Leibler information



J(θ) = E{log(p(Yt|θ)} can be approximated by a se-
quence {θi} that maximizes the auxiliary function Q:

θt+1 = argmax
θ

Qt+1(Θt, θ)

Qt+1(Θt, θ) =
t+1∑
τ=1

Lτ |t+1(Θτ−1)

with Θt = (θ0, . . . , θt). The auxiliary function is de-
fined by the following expression of likelihood:

Lτ |t+1(Θτ−1) = log(|f ′
θ(yτ )|) −

1
2

N∑
n=1

K∑
k=1

γτ |t+1,Θτ−1(n, k) (fθ(yτ )−µ(n,k))
2

σ2
(n,k)

In which f ′
θ(yτ ) is the partial derivative of the com-

pensation function with respect to the observation yτ

for the time frame τ and γτ |t+1,Θτ−1(n, k) is the prob-
ability that the τ -th emitting state sτ being n and
its principal Gaussian component gτ being k knowing
the sequence of observations Yt+1 = {y1, . . . , yt+1} and
Θτ−1.

Let a simple transformation fB(yt+1) = yt+1 + bt.
Then the bias parameters Bt = {b0, . . . , bt} can be
estimated over the optimum Viterbi path:

bt+1 = bt−

N∑
n=1

K∑
k=1

γt+1|t+1,Bt
(n, k)yt+1+bt−µ(n,k)

σ2
(n,k)

t+1∑
τ=1

N∑
n=1

K∑
k=1

γτ|t+1,Bτ−1 (n,k)

σ2
(n,k)

(2)

where

γτ |t+1,Bτ−1(n, k) = p(sτ = n, gτ = k|Yt+1, Bτ−1)

Equation (2) converges toward an optimum bias that
maximizes the likelihood of a state sequence.

The γτ |t+1,Bτ−1(n, k) probability is unavailable during
alignment. In our algorithm, we make the hypothesis
that the forward probability

ατ |Bτ−1(n, k) = p(Yτ , sτ = n, gτ = k|Bτ−1)

could be used instead of γ in equation (2) and leads to
the following expression:

bt+1 = bt −

N∑
n=1

K∑
k=1

αt+1|Bt
(n, k)yt+1+bt−µ(n,k)

σ2
(n,k)

t+1∑
τ=1

N∑
n=1

K∑
k=1

ατ|Bτ−1 (n,k)

σ2
(n,k)

(3)

Equation (3) can be simplified: we assume that the
sums over all possible states and Gaussian components
at time τ can be fairly approximated by the contri-
bution of the pair (n, k) that maximizes ατ |Bτ−1(n, k)
alone. Let (n, k)τ be that pair. Then (3) becomes:

bt+1 = bt −
yt+1+bt−µ(n,k)t+1

σ2
(n,k)t+1

t+1∑
τ=1

1
σ2
(n,k)τ

(4)
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e case of an affine transformation function
1) = At.yt+1 + bt, the parameters (At, bt) can
velopped in the same manner. This transform
e called Affine in the following.

IMPLEMENTATION OF THE ALGO-
HM
r method, computation of the bias at time t does
equire backtracking along a path: at each frame

most probable state in the forward probability
is used to re-estimate the transformation param-
The compensation algorithm for the simple bias

form can then be described as follows:
tialization: b0 := 0, t := 0;
time t, compute, for each (n, k)
1(n, k) := p(yt + bt−1, st = n, gt = k)
in the Viterbi alignment;
time t, compute bt according to equation (4);
= t + 1;
t = T exit, else return to step 2.

XPERIMENTAL FRAMEWORK

VODIS DATABASE
he experiments have been conducted on the
-Operated Driver Information Systems (VODIS)
base. This corpus collects 200 french speakers.
speakers were divided into two sets: the train-
t (Training, 159 speakers) and the test set (Test,
eakers). Sentences were pronounced in french, in
ving car with various driving situations (opened
ow, traffic/highway, radio). Speakers were asked
ter phone numbers (phone numbers task, 95%
ence interval is ±1%) and numbers up to 12000
bers task, 95% confidence interval is ±1%). No-
hat french phone numbers are composed of num-
ranging from 0 to 99. The speech sequences have
collected by two microphones, synchronously.

first microphone (close talk) was placed close to
outh of the speaker and collected “clean” speech
an average Signal to Noise Ratio (SNR) of 20.7
he second one was placed on the rear-view mirror
ollected distorted speech with an average SNR of
dB (far-talk). The signal was sampled at 11025
nd encoded in 36 dimensions cepstra sequence
osed by 12 MFCC, 12 ∆ and 12 ∆∆. We used 3-
s phoneme models, each state composed of a mix-
of 8 Gaussian probability density functions. The
ls were trained on all the close-talk utterances of
ing set whereas experiments were made on the
lk utterances of Test set.

EXPERIMENTAL RESULTS
1 represents the results of classical compensa-

methods (Baseline, CMS, SS, PMC) and trans-
given by our algorithm (Bias and Affine). It



shows that our method outperforms significantly all
classical methods for both tasks. For the numbers
task, Affine method gives an error rate improvement of
13.3 % compared to PMC, 15.5 % compared to SS
and 27.8 % on frame-synchronous CMS. For the phone
numbers task, Bias method gives an error rate im-
provement of 10.5 % compared to PMC, 20.2 % com-
pared to SS and 14.1 % on frame-synchronous CMS.

Baseline CMS SS PMC Bias Affine

numbers 63.5 67.3 72.1 72.8 72.9 76.4

phone
numbers 78.6 80.8 79.3 81.6 83.5 86.3

Table 1: Word accuracy on far-talk test set(SNR:10.8dB).

4.3 STUDY OF BIAS INITIALISATION
As reported in section 3.4, the initial value of bias is
set to 0 at the beginning of each new sentence. After
a period of fluctuations, the bias converges to its final
value. In a real life ASR application, the variability
in environments and speakers between two successive
utterances can be assumed low. Hence, at the begin-
ning of a sentence, the initial value of the bias could
be set to the final value of the bias computed during
the previous sentence. In this way, bias convergence is
obtained more rapidly. Figure 1 represents the evolu-
tion of the bias computed on the second dimension of
the observation space (c1), for one phone number sen-
tence without any initialization (plain line) and when
initialized with the bias obtained during the previous
sentence (doted line). A direct implementation of this
initialisation method on VODIS database did not give
significant improvements compared to previous results.
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Figure 1: Influence of initialization on the evolution of
the bias of the first cepstral dimension
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5 CONCLUSION

article presents an on-line frame-synchronous
compensation algorithm using the theoretical
work of Stochastic Matching. This algorithm
not need any a priori information on the envi-
ent and compensates non-stationary noise. The
idea is to use forward probabilities in the esti-
n of the simple affine transformation’s parame-
To evaluate the algorithm we have chosen to rec-
e numbers and phone numbers pronounced in a
ng car. For both these tasks, our method signifi-
y outperforms the frame-synchronous CMS, spec-
ubtraction techniques and PMC. Moreover, our
ique does not require any specific models train-
nd, thus, can be used along with other compen-

techniques. Future work will involve studies of
specific transforms based on a tree structure.
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