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Abstract

This paper presents a technique for estimating HMM
model parameters for noisy speech from given clean
speech HMM and noise HMM. The model parameters are
estimated by approximating the non-linear function gov-
erning the relationship between speech and noise, by a
Lagrange polynomial, and thus enabling the distribution
of corrupted speech parameters to have a closed form.
The method is computationally efficient, and the experi-
mental results showed significant improvement in recog-
nition performance of noisy speech with this approach.
Typically, word accuracy increased from 9.2% with clean
model to 82.8% with the model composed by the pro-
posed method as compared to 45.4% with the model com-
posed by PMC Log-normal approximation, on an isolated
word recognition task for exhibition hall noise added at
10 dB SNR.

1. Introduction

The performance of speech recognizers trained with
clean speech degrades when used in noisy environment,
due to mismatch between training and testing conditions.
The difference between training and testing conditions
may result from background noise, channel distortion,
speaker’s stress and other factors as well. A number of
techniques have been developed to deal with this robust-
ness issue, that can be broadly categorized into robust
front-ends, multiple microphones, enhancement tech-
niques and model-based compensation schemes. This pa-
per deals with the model-based or HMM composition ap-
proach as considered in works [2] by Varga et al., [3] by
Martin et al. and [4] by Gales and Young. Model com-
position method estimates the model for noisy acoustical
environment by combining clean HMM and noise HMM,
and thus reduces the mismatch between training and test-
ing conditions.

Parallel Model Combination (PMC) [4, 5] has been an
effective method to cope with the robustness issue, and
has been extensively studied. Many variations of PMC
exist that attempt to estimate noise-adapted model from
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Figure 1:Model of the acoustical environment.

clean speech HMM and noise HMM. However, an ac-
curate estimation of model parameters by PMC involves
numerical integration, which is computationally very ex-
pensive. Data-driven PMC [6], that is based on generat-
ing samples of corrupted speech vectors by Monte-Carlo
simulation, is sufficiently accurate compared to numeri-
cal integration, but still slow. Other approximations such
as log-normal, log-add and log-max are computationally
efficient, but less accurate [7]. Further, PMC log-normal
approximation, that is most commonly used, assumes that
the sum of two log-normally distributed random variables
is itself log-normally distributed [5].

Jacobian approach to model adaptation, proposed by
Sagayamaet al. in [8], attempts to compensate model by
Jacobian matrices with the difference between assumed
and observed noise cepstra. However efficient and ef-
fective, the method requires some training data, and as-
sumes that cepstral difference and variance of mixtures
stay within the linearity range.

Use of neural network (NN) for combining clean
speech HMM and noise HMM has been investigated
in [9]. Neural networks are used to learn the non-
linearity involved in combination, and thus to produce
noise-adapted HMM, by using clean speech HMM, noise
HMM and SNR as inputs. Neural networks need to be
trained first, using a set of input and output HMMs. Out-
put HMM for training is obtained by a combination of
MLLR, MAP and VFS adaptation techniques for a par-
ticular combination of inputs, viz. clean speech HMM,
noise HMM and SNR[9]. The method has been found to
be effective, however it involves building large number of
sample output noisy HMMs and training of NNs, that is
slow, computationally inefficient and a tedious task.

Vector Taylor Series (VTS) [10, 11] is yet another ap-



proach to combine the models by approximating the non-
linear relationship between speech and noise with a trun-
cated vector Taylor series. However, other polynomials
optimized to approximate the parameters of distribution
can give better result than the Taylor series [11].

In this paper, we approximate the non-linear func-
tion governing the relationship between speech and noise
by a Lagrange polynomial, and then estimate the model
parameters for noisy speech. The accuracy of the ap-
proximation is compared with other methods, and the
performance of the Lagrange Polynomial Approximation
method is also evaluated on a speaker-dependent isolated
word recognition task.

2. Model of the environment

An acoustical model demonstrating the effect of additive
noisen[m] and channel filteringh[m] over a clean speech
signalx[m] is shown in Figure 1.

The corrupted speech is given by:

y[m] = x[m] ∗ h[m] + n[m] (1)

wherem is sample number. In power spectral domain,
the filter-bank energies is given as:

|Y (f)|2 ≈ |X(f)|2|H(f)|2 + |N(f)|2 (2)

⇒ ln |Y (f)|2 ≈ ln |X(f)|2 + ln |H(f)|2

+ ln

(
1 + eln |N(f)|2−ln |X(f)|2−ln |H(f)|2

)
(3)

⇒ y = x + h + ln(1 + en−x−h) (4)

wherex, n, h and y represent log-spectral energies of
clean signal, additive noise, convolutive noise and cor-
rupted signal respectively.

Thus, the relationship between speech and noise is
non-linear one, as given in Eq.(4). Experiments show
that even if noise and clean speech parameters have Gaus-
sian distribution (in log-domain), the corrupted speech
parameters do not have Gaussian distribution anymore.
However, if parameters have low variances, and in case a
number of mixtures of Gaussians are used to model their
distributions, the distribution of parameters can be still
assumed to be Gaussian without much loss of accuracy;
and the same decoder optimized for Gaussian distribution
can be used.

3. Polynomial-approximation

The goal under consideration is to find the distribution
(mean and variance) of noisy speech parametery, given
the distributions for noise parametersn andh, and clean
speech parameterx. First, mean, i.e. expectation value,
of y is given as:

E(y) = E(x) + E(h) + E[ln(1 + en−x−h)]
= E(x) + E(h) + E[g(x, n, h)] (5)
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Figure 2:Comparison of Polynomial Approximations

Provided x, n and h have Gaussian distributions,
E[g(x, n, h)] does not have any closed-form expressions.

Therefore, to find the value ofE[g(x, n, h)], we first
expand the functiong(x, n, h) into a polynomial that can
closely approximate it within a given range, with its low
order as far as possible. The polynomial approxima-
tion can be simplified by reducing functiong(x, n, h)
to univariate one, by takingz = n − x − h, where
z ∼ N (µn − µx − µh, σ2

n + σ2
x + σ2

h).
In this work, 2nd-order Lagrange interpolating poly-

nomial is used to approximate the functiong(z), given
as:

g(z) ≈ P2(z) =
2∑

k=0

g(zk)
2∏

i=0,i6=k

(z − zi)
(zk − zi)

(6)

The pointsz0, z1 andz2 can be specified manually
(one point atz = µz and other two chosen to mini-
mize error in the required range), or instead, Chebyshev-
Lagrange polynomial can be used that specifies the points
itself.

Figure 2 shows different polynomials used to approx-
imate functiong(z) = ln(1 + ez) when µz = 0. In
Figure 2a, the points selected for Lagrange polynomial
expansion arez0 = µz, z1 = z0 − 5 andz2 = z0 + 5. As
seen in the figure, Lagrange polynomial has been able to
approximate the function up to larger range and more ac-
curately than even 2-nd order Taylor’s series. When vari-
ance ofz is low, we can keep pointsz1 andz2 closer to
z0; however, whenz has large variance, the points should
be extended farther fromz0. However, extending them
too farther introduces inaccuracies in the approximation
in region close toz = z0 = µz, where most of data oc-
curs. Therefore, the pointsz1 andz2 should be placed at
some optimum values depending on the variance ofz.

Finally, Eq.(6) reduces tog(z) = az2 + bz + c form,
wherea, b andc are constants. Therefore:

E[g(z)] = a(σ2
z + µ2

z) + bµz + c (7)
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Figure 3: Estimated mean of corrupted speech: by
Monte-Carlo simulation, Log-max approximation, Vec-
tor Taylor Series-1, and Lagrange Polynomial Approxi-
mation (LPA) forµn = 10, σ2

n = 0.1, σ2
x = 6 and µx

varying from 0 to 20.

Using this estimated value ofE[g(z)] in Eq. 5, the
mean for corrupted speech vector can be computed. As,
the accurate value of mean is more important than that of
variance, the covariance matrix can be retained as it is for
the clean speech. However, expression for adapting diag-
onal variances can be derived from above approximation,
in terms of higher-order moments (up to 4th moment) of
z, and diagonal variances can be adapted as well.

The method for estimating model parameters for cor-
rupted speech is shown in Figure 4. As approximation
is done in log-spectral domain, the HMM parameters
of clean speech and noises in cepstral domain are con-
verted into log-spectral domain by taking inverse DCT.
This conversion of parameter vector from cepstral to log-
spectral domain requires knowledge ofC0. In case if the
given model parameters do not includeC0, it can be com-
puted, as worked out in [12], by noticing the fact that the
sum of the energies of Mel bands in linear spectral do-
main equals to total frame energy.

The statistics to account for channel distortions can
be obtained by using EM based approach by maximizing
the likelihood score as described in [13]. Some adapta-
tion data are required to estimate the statistics for channel
distortion.

In all cases, only diagonal elements of covariance ma-
trix of speech and noise HMMs are considered, in order
to avoid the complexity and reduce the computational ex-
pense of the algorithm.

4. Analysis of the approximation

To analyze the accuracy of the approximation, and to
compare it with other methods, a set of one-dimensional
vectors was generated for speech parameter by Monte-
Carlo simulation. These speech vectors were corrupted
by adding noise at different SNR. Noise vectors were also
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Figure 4: Model Composition by Lagrange Polynomial
Approximation

generated by Monte-Carlo simulation.
The means of corrupted speech estimated by differ-

ent methods have been plotted in Figure 3. The re-
sult shows that the Lagrange polynomial approximation
(LPA) outperforms VTS-1 and Log-max approximations.
The mean estimate given by Lagrange polynomial ap-
proximation is almost same as given by Monte-Carlo sim-
ulation, however cutting down the computational cost to
large extent.

5. Experimental results

To evaluate Lagrange polynomial approximation based
approach, it was tested on an isolated word recognition
task trained with 2620 words of same speaker taken from
A-Set of ATR Speech Database. The test set consisted of
655 words from the same speaker taken exclusively from
the database.

The baseline system comprised of total 41 context-
independent continuous-density single-mixture phone
HMMs with 123 states in total, and 26-dimensional vec-
tors composed of 13-MFCCs (withC0) and their deltas
were used as input features. The baseline word recogni-
tion accuracy for clean speech was 93.8%, with Julian 3.4
used as decoder.

Exhibition noise from JEITA database was added to
test data at 0 dB, 5 dB, 10 dB, 20 dB and 40 dB SNRs.
The word recognition accuracy reduced to 2.8% at 0 dB
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Figure 5: Recognition result with clean model, matched
model, and the models adapted by PMC Log-normal and
Lagrange Polynomial Approximation (LPA).
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Figure 6: Histogram of Speech and Noise Parameters’
means in log-spectral domain

SNR, when recognized with clean HMMs.

Recognition was then performed with the models
adapted by Lagrange polynomial approximation. The
models were adapted only for static mean parameters.

Figure 5 shows word accuracies at different SNRs ob-
tained with various models. The matched models were
built by training HMMs from training data corrupted by
noise at given SNRs. In case of PMC log-normal ap-
proximation, both means and variances of static parame-
ters were adapted. As seen in the figure, the performance
obtained with Lagrange polynomial approximation based
model adaptation is close to that obtained with matched
models, at high SNR; and is significantly improved com-
pared to PMC log-normal approximation at low SNR.

Figure 3 shows that whenµn >> µx or µn << µx

, any of the methods can estimateµy with sufficient ac-
curacy. However, ifµn ≈ µx, other methods fail to give
accurate estimate, whereas LPA works very well. There-
fore, when HMM parameters of noise and speech fall
close to each-other during combination, LPA’s advantage
will be more pronounced. Figure 6 shows the histogram
of parameters’ means (in log-spectral domain) of speech
and noise. In the case shown in Figure 6a, speech means
and noise means occur closer to each-other(shaded area)
than in case of Figure 6b. Thus improvement obtained
with LPA will be more noticeable with HMMs of the case
(a) than in case (b), compared to other methods.

6. Conclusion

The model parameters for corrupted speech can be ac-
curately and efficiently estimated by approximating the
non-linear function by a Lagrange polynomial as de-
scribed in this paper. The performance of speech rec-
ognizer with Lagrange polynomial approximation based
model composition was significantly improved compared
to other methods.

Future work includes estimation of covariance ma-
trix, and evaluation of the approach on different tasks and
with different models, such as with context-dependent
phone models and Gaussian mixtures models. Further-
more, possibilities of using other polynomial expansions
will be investigated.
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