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ABSTRACT

In this paper we present a new technique in the stochastic
matching framework to compensate for non-linear distor-
tions in speech recognition. The features of the test data
and the means of the trained model are both transformed
using neural networks to better �t each other. The pa-
rameters of the neural network are estimated using a novel
combination of the generalized EM (GEM) and the back-
propagation algorithms. In the feature transformation case,
when the exact Q-functions cannot be calculated, approxi-
mations are heuristically derived. The mathematical prop-
erties of the new algorithm are analyzed. The performance
of the algorithm is also studied under di�erent mismatch
conditions.

1. INTRODUCTION

Acoustic mismatches between the training and the testing
conditions often lead to degradation in the performance of
automatic speech recognizers. These mismatches may be
due to speaker variation, change in the transducer, channel
e�ects, competing noise sources, or an unknown combina-
tion of the above. In general, they a�ect the features of
speech in a non-linear fashion which is not easily character-
ized. Most approaches either adapt the features [1, 2, 3] or
the model parameters [4, 5]. Recently, stochastic matching,
a framework for adapting both the features and the models
using the maximum likelihood approach was developed [6].

As shown in Figure 1, given the test utterance and the
model pair, (Y;�X), the stochastic matching approach re-
duced the mismatch in two ways: (1) By transforming the
test features X = F�(Y); and (2) by transforming the
model �Y = G�(�X), where � and � are the parameters
of the transformation.

The parameters are estimated such that the likelihood of
the data is maximized, i.e.,

� = argmax
�

P (Yj�;�X): (1)

In simple cases, this maximization can be done using the
EM algorithm [6, 7] in which an auxiliary or a Q-function

Q(�
0

j�) = Eflog P (Yj�
0

;�X)j�;�Xg; (2)
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Figure 1. Stochastic matching using parametric transforma-
tions of both features and models

is maximized which leads to a maximization of the likeli-
hood.

Earlier approach in this framework was primarily in com-
pensating for linear distortions [6] in the cepstral domain.
In this paper we propose a new technique that extends
this approach to compensate for non-linear distortions. To
achieve an optimal performance, the functional forms of F�
and G� can be selected based on the a priori knowledge of
the degrading mechanism. But in most applications, it is
not possible to easily characterize the degradation or quan-
tify it mathematically. Hence in this paper, we assume a
data-driven approach. F� and G� are modeled using mul-
tilayer perceptrons (MLP). In this case, a direct maximiza-
tion of the Q-function is not possible. We propose a tech-
nique which estimates the weights using a novel combina-
tion of the backpropagation algorithm and the generalized
EM (GEM) algorithm [7, 8].

2. NON-LINEAR TRANSFORMATION OF

MODEL PARAMETERS

In [6], the stochastic matching approach was used to es-
timate additive corrections to model means and variances
without the need to retrain the models. A similar approach
was used to estimate a linear transformation of model means
for speaker adaptation based on a set of training data [4].
Here, we extend this approach to transform the model
means using a non-linear transformation. Thus

�Y = G�(�X); (3)

where �Y is the mean of the test data, �X is the mean of
the trained models, and G� is an arti�cial neural network
(ANN).
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The E-step of the EM algorithm can be applied directly
to estimate the implied auxiliary function [9]

Q(�0j�) = Eflog P (Yj�
0

;�X)j�;�Xg: (4)

But the M-step cannot be applied directly since a closed
form solution does not exist. In this case, it can be replaced
by a generalized M-step [7, 9] where at each step i, �i+1 can
be estimated such that

Q(�
i+1

j�
i
) � Q(�

i
)j�

i
); (5)

where �i is the parameter set at the ith step. This guaran-
tees that the likelihood never decreases. The challenge is to
use this step to estimate the parameters of the multilayer
perceptron. Traditionally, the MLP weights are trained by
updating them in the direction of the gradient of an error
metric using some target values. Here, we modify the ap-
proach to use a di�erent objective function - one that does
not need target values, but requires only the inputs and
the models of the target; speci�cally, we adapt the MLP
weights in the direction of the gradient of Q(�ij�i). This
ensures that the Q-function increases. Thus the new pa-
rameter set is

�
i+1

= �
i
+ �

@Q(�j�i)

@�
j�=�i ; (6)

where � is the step size, which chosen to ensure smooth
convergence.

For a Hidden Markov Model (HMM) with N states and
M Gaussian mixtures per states, the Q-function can be
written as [9]

Q(�
0

j�) =

TX
t=1

NX
n=1

MX
m=1


t(n;m)�

"
DX
j=1

(yt;j �G�0 ;j(�n;m))
2

�2n;m;j

#
;

(7)
where 
t(n;m) = P (yt; n;mj�;�X) is the joint probability
of the observations being in state n mixture m at time t.
Here we assume that the covariance matrices are diagonal,
which makes it possible to decompose the neural network
into one for each component of the mean.

Using the backpropagation algorithm, di�erent update
rules can be derived for updating the weights of the outer
layer and the hidden layers [9]. The transformation can be
segmental. i.e., parameters in \similar" states can be tied
to reduce the number of parameter updates and to improve
generalization using the test data.

3. FEATURE TRANSFORMATION FOR

NON-LINEAR DISTORTIONS

In the case of the feature transformation, if each frame of
the test frame is transformed into an estimate of the training
data,

xt = F�(yt); (8)

the density function of yt, P (yt; n;mj�X) for mixture m in
state n can be written in terms of the corresponding density
of xt, P (xt; n;mj�X), and the Jacobian of the transforma-
tion J = @yt

@F� (yt)
. The Q-function can be calculated for

simple transformations and the parameter � can be esti-
mated by

� = argmax
�0

Eflog P (Yj�
0

;�X)j�;�Xg: (9)

3.1. Alternate Choices of Q-functions

For more complicated forms of F� , such as neural networks,
it is often not possible to calculate the Jacobian and the
density function of yt. In such cases, instead of maximiz-
ing the likelihood P (Yj�0;�X), the likelihood of the trans-

formed data X̂, P (X̂j�0;�X) can be maximized. The ef-
fectiveness of the approximate Q-function can be tested by
using it to estimate an a�ne transformation yt = Axt + b.
The expressions for estimating A and b are given in [6].
Similar expressions can be derived using the approximate
Q-function [9].
A test experiment was performed where the data un-

der the matched condition was arti�cially degraded using a
known a�ne transformation. In this experiment, A was as-
sumed to be a diagonal matrix. Thus the test data were ob-

tained from the training data as yt;i =
xt;i�bi

ai
; i = 1; � � � ; D,

where fai; big are predetermined values. Now, these values
were calculated using the exact (equation 9) and approxi-
mate Q-function mentioned above (denoted by Q1 and Q2
respectively). The results are given in Table 1. The values
are given only for the �rst �ve coe�cients.

Coe� Original weights Wts from Q1 Wts from Q2
a b a b a b

1 1.25 0.25 1.49 0.28 1.05 0.24

2 1.2 -0.2 1.4 -0.22 0.86 -0.180

3 1.0 0.15 1.4 0.013 0.71 0.137

4 0.9 0.1 0.95 0.044 0.6 0.01

5 1.1 0.1 1.38 0.014 0.79 0.07

Table 1. Weights calculated for the a�ne transform using Q1
and Q2

The �rst Q function consistently over estimated the
weights and the second Q function consistently underes-
timated the weights. This was a motivation to heuristically
derive a \Joint Q-function" (JQ) that is a combination of
the two Q-functions. The resulting network estimates are
given in Table 2

Coe� Original weights Weights from JQ
a b a b

1 1.25 0.25 1.23 0.25

2 1.2 -0.2 1.16 -0.20

3 1.0 0.15 1.07 0.09

4 0.9 0.1 0.82 0.05

5 1.1 0.1 1.10 0.04

Table 2. Weights calculated for the a�ne transform using the
Joint Q-function.

It is clear that the weights estimated from the Joint-Q
function are closer to the actual values, compared to Q1
or Q2. The corresponding recognition results are given in



Table 3. The Joint-Q function in this case restores the
lost performance whereas Q1 does slightly worse. Q2 does
not compete with Q1 or the Joint-Q function. This perfor-
mance improvement of the joint-Q function is not uniform
across all experiments. The reasons for this will be further
explored in the next section.

Condition Word Error(%)

Matched 2.7%

Degraded 3.6%

Q1 3.1%

Q2 8.1%
Joint Q-function 2.7%

Table 3. Word error rate when degrading speech using an
a�ne transformation and adapting using Q1, Q2 and Joint Q.

Using the approximate Q-function and ANNs to trans-
form the features, equations can be derived for adapting
the weights using the GEM algorithm, just as in the case
of the model transformation [9]. Preliminary experiments
suggest that using Q2 with neural networks is not useful
directly for improving recognition performance.

4. RESULTS

A stereo database, similar to the one used in [6], was used
in our experiment. Sentences from the 991-word DARPA
resource management (RM) task were recorded simultane-
ously through two channels: (1) A close talking microphone
(MIC), and (2) a telephone handset over a dial-up line
(TEL). The sentences were spoken by a non-native (NN)
speaker. The data consisted of 300 sentences for training
and 75 sentences for testing. 1769 context dependent (CD)
subword unit models were built, with a maximum of 16
mixtures per state. The RM word pair grammar which
gives a perplexity of about 60 was used for the experiments.
Starting from a set of speaker independent HMMs (�SI)
and using the 300 sentences recorded over the MIC chan-
nel a data-speci�c model (�MIC) was generated using MAP
adaptation [5]. The baseline performances are given in Ta-
ble 4.

�SI �MIC

NN-MIC 24.0 2.1

NN-TEL 63.3 20.1

Table 4. Baseline performance in word error (%)

Recognition results are provided for three di�erent cases,
each of which demonstrates the e�ect of the algorithm under
di�erent mismatch conditions:

� �SI, the speaker-independent model used with NN-
MIC data - speaker mismatch;

� �SI, the speaker-independent model used with NN-
TEL data - channel, speaker and transducer mismatch
with possible additive noise; and

� �MIC, the speaker-adaptive MIC model used with NN-
TEL data - channel and transducer mismatch.

The knowledge that the databases were recorded simulta-
neously was never used in the adaptation technique.
The recognition results for the three cases are given in

Tables 5,6 and 7 respectively . `B' indicates estimation of a
bias in the feature domain using the gradient computation;
`Q1' indicates the direct calculation of an a�ne transform
using the exact Q-function; `JQ' indicates the calculation
of the a�ne transform using the joint Q-function. In the
model transformation domain, a single layer ANN is equiv-
alent to a linear transform of the model means. Thus `MD'
denotes a directly computed linear regression transform and
`MG (linear)' denotes calculation using the gradient ap-
proach. The model transformation is done in three di�er-
ent ways: (1) using a single layer ANN; (2) using an ANN
with one hidden layer of 3 neurons (denoted by `MG (non-
linear)'), and (3) using a single layer ANN followed by a
ANN with a hidden layer (denoted by `MD (lin+nl)'). The
digit following each symbol denotes the number of trans-
forms used i.e., `B-1' denotes that one transform was used
for all features; `B-2' denotes that two transforms were used,
one for speech and one for silence. `B-6' denotes that 6
transforms, one for each phonemic class was used. In the
case of 1 and 2 transforms, only one sentence was used for
adaptation; when using 6 transforms, to avoid the problem
of limited data, 15 sentences were used for adaptation.

�SI models and NN-MIC data

Transformation Used Word Error Rates (%)

Baseline 24.0

B-1 19.8

B-2 19.1

B-6 20.4

Q1-1 21.9

Q1-2 19.8

Q1-6 23.1

JQ-1 24.2

JQ-2 20.7

JQ-6 23.7

MD-6 18.5

MG-6 (linear) 15.2
MG-6 (non-linear) 15.7

MG-6 (lin+nl) 16.3

Table 5. Word error rate (%) using �SI models and testing
on MIC data.

The a�ne transformation of the test data models addi-
tive noise in addition to linear channel e�ects. From the
results of the`'B',`Q1' and `JQ' experiments from Tables 5,
6 and 7, it can be seen that the a�ne transform gives im-
provement in performance over the bias case only in the
presence of additive noise i.e., when the data is recorded
over the telephone channel. The joint Q-function performs
better at lower degradation levels (Table 7). Its perfor-
mance drops behind that of the original Q-function as the
degradation becomes more severe (Table 6). The approxi-

mate Q-function that maximizes the likelihood of X̂ (Q1)
did not perform well and hence the results are not reported
here. This may be because the maximization of P (X̂j�;�X)



�SI models and NN-TEL data

Transformation Used Word Error Rates

Baseline 63.3

B-1 54.1

B-2 53.8

B-6 53.2

Q1-1 41.1

Q1-2 51.7
Q1-6 46.4

JQ-1 49.1

JQ-2 47.7

JQ-6 46.8

MD-6 31.6
MG-6 (linear) 30.2

MG-6 (non-linear) 39.1

MG-6 (lin+nl) 27.2

Table 6. Word error rates (%) using �SI models and testing
on TEL data.

may allow for unrestricted movement of the weights as long
as the likelihood increases. One way to make it perform
better is to de�ne bounds that restrict the movement of the
cepstra. This may also explain the behavior of the joint Q-
function. At low levels of degradation, the addition of Q2
to Q1 might reinforce the segmental constraints on Y. At
higher levels of degradation, Q2 may become less relevant.

The `MD' and `MG' results of Tables 5, 6 and 7 show
that the GEM using the linear ANN performs comparably
to the direct linear transform. They also show that this ap-
proach can successfully alleviate both channel and speaker
mismatches . Neural networks with hidden layers seem to
model the additional non-linear e�ects due to the interac-
tion of speaker, channel and noise. But they only provide
a slight improvement over the linear case. This can be seen
from the fact that it gives performance improvement only
when used with �SI and TEL data (Table 6). Gradient
descent gives algorithmic problems when using Q1 or JQ in
non-linear compensation cases [9]. This has to be studied
more carefully.

5. SUMMARY

In this paper we have introduced a technique that can po-
tentially compensate for non-linear distortions in speech
recognition using ANNs in the stochastic matching frame-
work. Model means and (potentially) features of the test
data, can be transformed using ANNs which model non-
linear transforms. We derived an algorithm that uses the
generalized EM algorithm and the backpropagation algo-
rithm to adapt the neural network weights. The earlier
linear approaches can be developed as special cases under
this approach. Experimental results show that the tech-
nique is helpful under various mismatch conditions, though
the non-linear transform shows only a modest improvement
over the linear approaches in most cases. In the feature
domain, we developed an approximate Q-functions instead
of the incalculable exact Q-function. Though this was not
directly bene�cial, it was useful through a joint Q-function

�MIC models and NN-TEL data

Transformation Used Word Error Rate

Baseline 20.1

B-1 12.2

B-2 12.0

B-6 10.5

Q1-1 11.1

Q1-2 11.7
Q1-6 14.3

JQ-1 9.8

JQ-2 10.1

JQ-6 9.2

MG-6 (linear) 5.7
MG-6 (lin+nl) 5.7

Matched 2.7

Table 7. Word error rates (%) using �MIC models and testing
on TEL data

in some cases. Further study is needed to formulate mean-
ingful Q-functions that are also mathematically tractable.
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