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Abstract

In a real environment, it is essential to adapt acoustic models to
variations in background noises in order to realize robust speech
recognition. In this paper, we construct an extended acoustic
model by combining a mismatch model with a clean acoustic
model trained using only clean speech data. We assume the
mismatch model conforms to a Gaussian distribution with time-
varying population parameters. The proposed method adapts
on-line the extended acoustic model to the unknown noises
by estimating the time-varying population parameters using a
Gaussian Mixture Model (GMM) and Gain-Adapted Hidden
Markov Model (GA-HMM) decomposition method. We per-
formed recognition experiments under noisy conditions using
the AURORA2 database in order to confirm the effectiveness of
the proposed method.

1. Introduction
One of approaches used to realize robust speech recognition is
feature compensation that estimates clean speech features from
noise-corrupted speech features[1, 2]. It is shown that a method
based on a Gaussian Mixture Model (GMM) is effective for
feature compensation[3]. This method estimates the expected
value of mismatch feature and provides the clean speech fea-
tures by subtracting the estimated mismatch feature from the
noise-corrupted speech feature.

Another effective approach for robust speech recogni-
tion is model adaptation that adapts acoustic models to noisy
conditions[4, 5, 6]. Model adaptation methods have an advan-
tage in that these methods can adapt not only expected values
but also distributions. When the noise environment can be mod-
eled in advance, methods such as Parallel Model Combination
are useful for adapting acoustic models. When the methods
however are applied to an unknown noise environment, it is dif-
ficult to maintain sufficient recognition accuracy. In such a case,
the acoustic models need to be adapted on-line to the unknown
noise environment.

In this paper, we construct an extended acoustic model
by combining a mismatch model with a clean acoustic model
trained using only clean speech data. The proposed method
adapts on-line the extended acoustic models to the unknown
noise environment. The mismatch model is assumed to con-
form to a Gaussian distribution with time-varying population
parameters. We adopt the feature compensation method based
on GMM at the front end processing in order to eliminate the ex-

pected value of the mismatch feature. The features compensated
by this method are distributed around true feature of the clean
speech. As the background noise exhibits more non-stationary
characteristics, the variance of the mismatch feature tends to be-
come larger. As a result, the recognition accuracy is degraded.
In order to eliminate the variance of the mismatch feature, we
adopt the Gain-Adapted Hidden Markov Model (GA-HMM)
decomposition method[7] that estimates on-line the variance of
the mismatch feature from the feature compensated by the front
end processing and then extracts the clean speech feature.

2. Modeling of the Mismatch Feature
Assuming that the speech and noise signals are uncorrelated, the
Filter Bank Energy (FBE) of the noisy speech Yb(n) at frame
n can be represented as a function of the clean speech Xb(n)
and the noise Nb(n),

Yb(n) = Xb(n) +Nb(n). (1)

This relation yields the expression of the noisy speech Yl(n) in
the log-FBE domain:

Yl(n) = Xl(n) + log [1 + exp(Nl(n)−Xl(n))]

= Xl(n) + gl(Nl(n),Xl(n))

= Xl(n) +Gl(n) (2)

where Gl(n) represents the mismatch feature and the subscript
l denotes that the expression is in the log-FBE domain. Sim-
ilarly, the noisy speech Yc(n) in the cepstral domain can be
represented by

Yc(n) = CYl(n)

= Xc(n) +C log [1 + exp(Nl(n) −Xl(n))]

= Xc(n) +Gc(n) (3)

where C denotes Discrete Cosine Transform (DCT) matrix and
the subscript c denotes the cepstral domain.

In this paper, we assume that the mismatch feature Gc(n) is
a stochastic variable that is independent of the clean speech fea-
ture Xc(n) and conforms to a Gaussian distribution with time-
varying population parameters. That is,

Gc(n) ∼ N (µgc(n),Σgc(n)) (4)

where Σgc(n) = diag(σ2
gc,1(n), · · · , σ2

gc,D(n)) and D indi-
cates the number of the cepstral coefficients.
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Figure 1: An extended acoustic model

By combining the clean acoustic model and the mismatch
model according to equation (3), we obtain the extended acous-
tic model shown in Figure 1, in which we show as an example
a clean acoustic model consisting of three states.

3. Expectation Estimation Based on GMM
In order to estimate an expectation of the mismatch feature
µgc(n) at the front end processing, we adopt a method based
on a Gaussian Mixture Model (GMM). In the following, we de-
scribe the procedure of the compensation method.

The compensation method adopts a K-Gaussian mixture to
describe the clean speech feature in the Log-FBE domain

p(Xl) =

K∑

k=1

P (vk)N (Xl; µxl,k,Σxl,k) (5)

where vk is the k-th Gaussian pdf and the covariance matrix is
assumed to be diagonal. The expectation of the mismatch fea-
ture µgl,k for each pdf vk is estimated using the noise-corrupted
speech feature Yl(n) of the first 10 frames which are assumed
to be silence

µgl,k =
1

10

10∑

n=1

gl(Yl(n), µxl,k). (6)

Each Gaussian pdf vk for Yl(n) is evaluated by

µyl,k = µxl,k + µgl,k

Σyl,k = Σxl,k (7)

The expectation of the mismatch feature µgl(n) is then evalu-
ated according to

µgl(n) =
K∑

k=1

P (vk | Yl(n))µgl,k (8)

where the post probability P (vk | Yl(n)) is given by

P (vk | Yl(n)) =
P (vk)N (Yl(n);µyl,k,Σyl,k)∑K

k′=1 P (vk′)N (Yl(n);µyl,k′ ,Σyl,k′)
.

(9)
In order to reduce the variance caused by the estimation

error of the compensation method, the estimated expectation of
the mismatch feature µgl(n) is smoothed by an LPF with the
following transfer function:

H(z) =
1 − z−8

8(1 − z−1)
(10)

Finally, the expectation of the mismatch feature in the cep-
stral domain is obtained by

µgc(n) = Cµgl(n). (11)

4. Variance Estimation Based on GA-HMM
Decomposition Method

In the extended acoustic model in Figure.1, the two simulta-
neous HMMs are combined and one of the HMMs has time-
varying output gain. In the case without the time-varying out-
put gain, the conventional HMM decomposition method can be
applied to this model. The extended acoustic model, however,
needs to successively adapt the output gain to the observations.
In this paper, we proposed the Gain-Adapted HMM decompo-
sition method, which is obtained by extending the conventional
HMM decomposition method.

In the case of the conventional HMM decomposition
method applied to two simultaneous components, the recurrent
relation for evaluating the most likely state sequence is given by

Pn(i, j) = max
u,v

Pn−1(u, v) · a1u,i · a2v,j · b1,u ⊗ b2,v(Ỹ(n))

(12)
where Pn(i, j) is the probability, at time n, of the first com-
ponent being in state i and the second in state j, a1u,i is the
transition probability from state u to state i for the first compo-
nent, a2v,j is the transition probability from state v to state j for
the second component, and b1,i⊗b2,j(Ỹ(n)) is the observation
probability.

In the general case, in which each component has time-
varying output gain, the GA-HMM decomposition method re-
quires adaptation of each output gain in the calculation of
the observation probability. In the following, we describe the
method for evaluating the observation probability in the GA-
HMM decomposition method.

The output pdf of the m-th component and the q-th state is
assumed to be Gaussian Mixture:

bm,q(Ỹ;Gm) =

Km,q∑

k=1

P (vm,q,k)× (13)

N (Ỹ;Gmµm,q,k,G
T
mΣm,q,kGm)

where Ỹ = [y1, · · · , yD]T , µm,q,k =

[µm,q,k,1, · · · , µm,q,k,D]T , Σm,q,k =
diag(σ2

m,q,k,1, · · · , σ2
m,q,k,D), Gm = diag(gm,1, · · · , gm,D)

and vm,q,k is a Gaussian pdf with the expectation Gmµm,q,k

and the covariance matrix GT
mΣm,q,kGm. Assuming that the

observation was emitted from the combined Gaussian pdfs of
v1,u,k1 and v2,v,k2 , the gains G1,(k1,k2) and G2,(k1,k2) are
evaluated as follows. One element yd of the observation is
thought of as conforming to the following Gaussian pdf:

P (yd; g1,d, g2,d) = v1,u,k1,d ⊗ v2,v,k2,d (yd)

= N
(
yd;

2∑

m=1

gm,dMm,
2∑

m=1

g2m,dVm

)
(14)

where vm,·,k,d is the Gaussian pdf for d-th element of vm,·,k ,
and Mm and Vm are the expectation and variance of vm,·,k,d.
We estimate the gains so that this post probability increases by
using an adaptive estimation algorithm based on the gradient of
equation (14). The gradient of the logarithmic probability of



equation (14) with respect to gain gl,d is given by

∂ lnP

∂gl,d
=

{yd −∑2
m=1 gm,dMm}Ml − gl,dVl∑2

m=1 g
2
m,dVm

+
{yd −∑2

m=1 gm,dMm}2gl,dVl

{∑2
m=1 g

2
m,dVm}

. (15)

Each gain is then updated according to

gl,d = α · ∂ lnP

∂gl,d
+ β · ǧl,d (16)

where α is the step size, β is the forgetting factor, and ǧl,d is the
previous estimate at the combined state (u, v). This gain adap-
tation is achieved for all dimensions and the new estimates of
the gains are stored in G1,(k1,k2) and G2,(k1,k2), respectively.
This process is iterated for all the combination of pdfs (k1, k2).
We then select the most probable combination of pdfs according
to

k̂1, k̂2 = arg max
k1,k2

b1,u ⊗ b2,v(Ỹ(n);G1,(k1,k2),G2,(k1,k2)).

(17)
If we use the observation probability of the selected com-

bination (k̂1, k̂2) to evaluate equation (12), Pn(i, j) represents
the likelihood of the extended acoustic model given the noise-
corrupted speech feature. However, our speech recognition sys-
tem adopts the likelihood of the clean acoustic model given the
clean speech feature. In order to achieve this, we need to de-
compose the observation into the clean speech and mismatch
features based on the gain-adapted components. In the follow-
ing, we describe how to decompose the observation into the two
components.

We first select the most probable combined state by

û, v̂ = argmax
u,v

Pn−1(u, v) · a1u,i · a2v,j · b1,u ⊗ b2,v(Ỹ(n))

(18)
where b1,u ⊗ b2,v(Ỹ(n)) represents the selected observation
probability for each (u, v) according to equation (17). The de-
composition process is applied to the observation, assuming that
the observation was emitted from the combined state (û, v̂). Let
qm,d denote the d-th element of the output from the m-th com-
ponent. Then, q1,d and q2,d conform to v1,û,k̂1,d and v2,û,k̂2,d,
respectively. One element, yd, of the observation can be repre-
sented by

yd =
2∑

m=1

qm,d. (19)

Since the outputs of the components are mutually independent,
the joint distribution of all the outputs is given by

Q(q1,d, q2,d) =

2∏

m=1

N (qm,d;Mm, Vm) (20)

where (M1, V1) and (M2, V2) are the population parameters of
Gaussian pdfs v1,û,k̂1,d and v2,û,k̂2,d, respectively. We decom-
pose the element yd so that the joint occurrence probability is
maximized for the condition of equation (19). The decomposed
values are given by

q̂1,d =
V2M1 + V1(yd −M2)

V1 + V 2
(21)

q̂2,d = yd − q̂1,d

This decomposition process is iterated for all dimensions.
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Figure 2: Recognition results based on 39-dimensional feature
vectors, replacing each MFCC coefficient by that of the clean
coefficient.

In the case of applying this GA-HMM decomposition
method to the extended acoustic model in Figure 1, the ob-
servations are derived as Ỹc(n) = Yc(n) − µgc(n). The
output gain of the clean acoustic model is fixed at 1. Let the
first component (m = 1) denote the clean acoustic model
and let the second component (m = 2) denote the mismatch
model. The estimate of the clean speech feature is given by
X̂c = [q̂1,1, · · · , q̂1,D]. The likelihood of the clean acoustic
model given the clean speech feature can be evaluated using the
following recurrent relation:

Pn(i, j) = max
u,v

Pn−1(u, v) · a1u,i · b1,u(X̂c) (22)

5. Experiments
5.1. Experimental Setup

We used the AURORA2 database in order to evaluate the pro-
posed method. The procedures for feature extraction are as fol-
lows. The frame length and period are set to 25 ms and 10 ms,
respectively. After pre-emphasizing by 1−0.97z−1, the FFT is
calculated. The inner products between the squared amplitudes
of the FFT coefficients and the triangle windows of the Mel Fil-
ter Bank are calculated in order to generate the Mel-FBE fea-
ture. The natural logarithm of the Mel-FBE feature is then cal-
culated. The expectation of the mismatch feature is evaluated by
the method described in section 3. In this experiment, the num-
ber of Gaussian pdfs in equation (5) was set to 128. The GMM
is trained using clean speech data for clean condition training.
After subtracting the expectation of the mismatch feature, the
MFCC is then obtained by applying DCT to the compensated
feature. The MFCC is a 13-dimensional vector including the 0th
coefficient. The delta and the delta-delta features are evaluated.
By combining these features, the 39-dimensional feature vector
is generated. The clean acoustic models for digits (1-9,zero,oh)
were composed of 16 emitting states, with three mixtures per
state. Those of sil and sp were composed of three emitting states
and one emitting state, respectively, with six mixtures per state
for both sil and sp. These clean acoustic models were trained
using only clean speech data (clean training condition).

Generally, in comparison with the feature compensation



Table 1. Recognition results for Method-1

Table 2. Recognition results for Method-2

method, the model adaptation method requires numerous com-
putations, especially when the number of models, mixture dis-
tributions or the dimension of the feature vector increases. The
same problem arises in the GA-HMM decomposition method.
We first conducted a preliminary experiment in order to inves-
tigate which coefficient in the 39-dimensional feature vector
affects improvement of the recognition accuracy. Recognition
was performed based on feature vectors generated by replacing
a time series of one coefficient in the original 39-dimensional
feature vectors by that of the clean coefficient. In this experi-
ment, we used the speech data in test-set A and generated the
original feature vectors without the compensation method based
on the GMM. Figure 2 shows the recognition results. The aver-
age word accuracy was 54.56% when the original feature vec-
tors were used. Based on these results, when c0 coincides with
the clean coefficient, the recognition accuracy is drastically im-
proved compared to the case for other coefficients. In the fol-
lowing experiments, we thus apply the GA-HMM decomposi-
tion method to c0 exclusively.

5.2. Experimental Results

We evaluated the following two methods:

• Method-1 : GMM

• Method-2 : GMM + GA-HMM decomposition method

Tables 1 and 2 show the results generated by Method-1 and
Method-2, respectively. From these results, expectation com-
pensation of mismatch effectively improved the recognition ac-
curacy. By combining the expectation compensation and the
variance compensation of mismatch, we can see that the aver-
age recognition accuracy tends to be improved.

6. Conclusion
In this paper, we constructed an extended acoustic model by
combining the clean acoustic model and the mismatch model.
The mismatch model is assumed to conform to a Gaussian dis-
tribution with time-varying population parameters. The pro-
posed method can adapt on-line the extended acoustic model to

an unknown noise environment by estimating the time-varying
population parameters of the mismatch model via GMM and
GA-HMM decomposition methods and then estimate the clean
speech feature.

In future studies, we plan to investigate the effectiveness of
the proposed method when applied to speech recognition under
unknown impulsive noise environments.
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