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ABSTRACT 

Speech recognition performance degrades significantly 
when there is a mismatch between testing and training 
conditions. Linear transformation-based maximum-likeli-
hood (ML) techniques have been proposed recently to 
tackle this problem. In this paper, we extend this approach 
to use nonlinear transformations. These are implemented 
by multilayer perceptrons (MLPs) which transform the 
Gaussian means. We derive a generalized expectation-
maximization (GEM) training algorithm to estimate the 
MLP weights. Some preliminary experimental results on 
nonnative speaker adaptation are presented. 

I. INTRODUCTION 

Automatic speech recognition (ASR) performance 
degrades significantly when there is a mismatch between 
the testing and training conditions. State-of-the-art 
speaker-independent (SI) recognizers are usually trained 
with a large number of clean (nonnoisy) utterances from 
many native speakers. However, such systems typically 
perform poorly in situations unlike their training environ-
ment, such as nonnative speech, speech in the presence of 
acoustic or channel noise, or speech recorded with differ-
ent microphones. It is clear that ASR systems must be 
more robust to such variations in order to maintain reason-
able performance in practical applications. 

Recent work [1-6] has shown that under mismatched con-
ditions, the performance and robustness of speech recogni-
tion systems can be improved by adapting the speech 
models to the speaker, the channel, or the microphone. 
Adaptation can be achieved using Bayesian [1,6] 
approaches or transformation-based maximum-likelihood 
(ML) approaches [1-5]. The goal is to make the model bet-
ter match the test data, reducing the performance degrada-
tion caused by the mismatch. In this paper, we are 
interested in transformation-based ML approaches to 
adapt the speech models. The form of the transformation 

is decided upon, and its parameters are estimated by maxi-
mizing the likelihood of the adaptation data using the 
expectation-maximization (EM) algorithm [7]. 

Previous approaches to transformation-based ML adapta-
tion [1-5] have used linear transformations in either the 
feature or the model space. In many real scenarios, the 
assumption of a linear transformation is inadequate. For 
example, it is known that additive noise in the spectral 
domain results in a nonlinear distortion in the cepstral 
domain. It also appears limiting to assume that the mis-
match between native and nonnative speech can be mod-
eled by a linear transformation. 

In this paper, we extend the previous linear transformation 
based adaptation approaches [1-5] to use nonlinear trans-
formations. The only requirement for the nonlinear trans-
formations is that they be differentiable with respect to 
their parameters. In this paper, the nonlinear transforma-
tions are implemented by multilayer perceptrons (MLPs) 
that map the means of the original hidden Markov model 
(HMM) Gaussian observation densities. The parameters of 
these transformations are estimated using the EM algo-
rithm so as to maximize the likelihood of the adaptation 
data. Closed-form reestimation formulae are not usually 
possible for nonlinear transformations. In order to solve 
this problem, we use a generalized expectation-maximiza-
tion (GEM) learning algorithm which makes use of gradi-
ent ascent training at each M step of the EM algorithm. 

In Section 2 we describe the nonlinear adaptation 
approach. Some preliminary experimental results on non-
native speaker adaptation are presented in Section 3. Dis-
cussion of the results are presented in Section 4. 

2. ADAPTATION APPROACH 

We assume that the means of the Gaussians of the HMMs 
are transformed by a nonlinear function: 

= fg(timg) (1) 



In this paper, f is implemented by an MLP. The parame-
ters of the Mai are estimated by maximizing the likeli-
hood of the adaptation data. In order to solve the ML 
problem, we need to compute the state conditioned obser-
vation probability density functions (pdfs) of the HMMs. 
Using Equation 1, we can write this pdf as 

PSA(Ytist) = m p(com is dA(YVg(1- L mg), E mg) (2) 

where g is the index of the Gaussian codebook used by the 
HMM state sr, m is the mixture index within this code-
book, and p(com I st) are the mixture weights. Only the 
parameters offg(umg), g = 1, N are estimated 
during adaptation, where Ng is the numger of codebooks. 
Transformations can be shared by more than one code-
book, in a fairly straightforward extension to the deriva-
tion presented here. Transformations are tied using the 
method described in [2]. 

To obtain ML estimates of the parameters of the transfor-
mation f (p.) we use the GEM algorithm [7]. This algo-
rithm rithm is a two step procedure. In the first step we compute 
the auxiliary function Q, which in the case of multiple 
Gaussian mixtures with diagonal covariance matrices is 
written as 
Q(0 0) = g G, m e g, t d = 1 gm (d 

t(g'm) I [Yr fg(gmg)-1 ( 3 ) 
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where 0o and 0 are the original and reestimated models 
respectively, the transformation fg is tied over all mix-
tures m in all codebooks g E G, G defines the transforma-
tion tying, y(orefers to the d-th component of the vector 

t and 

y t(g, m)E p(s E g,a) = m lyt,0) (4) 

is the posterior joint probability that the state st is a mem-
ber of genone g and the mixture is m, given the acoustic 
observation and the speech model. 

In the second step of the GEM algorithm, we estimate the 
parameters of the transformation function fg(u) in 
order to increase the value of the auxiliary function. These 
parameters are then used to recompute the value of the 
auxiliary function, and the algorithm proceeds iteratively. 

It is shown in [7] that this iterative procedure is guaranteed 
to increase the likelihood of the adaptation data. The dif- 

ference between the "regular" EM algorithm and the GEM 

algorithm is that in the former the auxiliary function is 
maximized at each step, rather than just being increased. 

The value of Q is increased by gradient ascent techniques. 
By taking the gradient of Q(01 o) with respect to the 
transformation parameters 0 , we define the following 
learning rule: 

0g (k + 1) = 0g (k) + i(E0 NO), (5) 

where 0g is some parameter in f k is the gradient 
iteration, and ri is the learning rate. The gradient is com-
puted using the chain rule, 

—egQ(0) = aQ g 

g g 

afo 
(6) 

which can be expanded as 
eg Q(0) = gEG,meg,t a gm d=1 

Yt(g' )1 1 rYt afg (d )  ' ` " '  
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In this work, the nonlinear function fg is implemented 

with an MLP. The factor afg(d) is computed using error 

aeg 
back-propagation. An MLP is not required; any function 
that is differentiable with respect to its parameters can be 
used. 

The complete GEM algorithm for training the transforma-
tion parameter values is summarized as follows: 

1. Initialize all transformations as close as possible to the 

identity transform, f g(0) I, g = (1, N) . 

2. E-step: Perform one iteration of the forward-backward 
algorithm on the speech data, using Gaussians trans-
formed with the current value of the transformations. 
For all component Gaussians and all mixtures g, col-
lect the sufficient statistics y t(g, m) and yl(g, m)yt, 

and compute Q. 

3. M-step: Repeat the following gradient ascent loop 
until Q is approximately maximized in step (d): 

(a) Compute  tgQ(0). 

(b) Compute 0 g(k + 1) = 0 (k)+ 0 Q(0)) . 



(c) Set Ctmg = fg(11m g).  

(d) Compute Q(0( 1)
;9
(k)

)
 • 

4. Repeat steps 2-3 until the overall likelihood of the 
adaptation data converges, or for a predetermined num-
ber of iterations. 

3. EXPERIMENTS 

3.1. Experimental Setup 

SRI's DECIPHER speech recognition system was used for 
all experiments. The HMMs consisted of gender-depen-
dent genonic models (with an arbitrary degree of Gaussian 
sharing across different HMM states [8]). These models 
were trained with about 140 speakers and 17,000 Wall 
Street Journal (WSJ) sentences for each gender, and con-
sisted of 12,000 context-dependent phonetic models shar-
ing 500 Gaussian mixture codebooks with 32 Gaussians in 
each mixture. The input to each Gaussian was a 39 dimen-
sional cepstral vector, consisting of 12 cepstral coeffi-
cients, cepstral energy, and their first and second 
differences. The cepstra were normalized with cepstral 
mean subtraction. 

Adaptation was performed on the "spoke 3" development 
and test sets of the WSJ corpus [9], consisting of read 
speech from nonnative speakers of American English. For 
these experiments, the data was divided into 20 adaptation 
and 20 test sentences. Recognition used the standard 
5,000-word, closed-vocabulary bigram language model. 
Results are reported using the five male speakers in the 
1994 S3 development set. 

3.2. Transformation Architecture 

The nonlinear transformation was implemented by a MLP 
in parallel with the standard linear transformation, as 
shown in Figure 1. This is equivalent to an overall MLP 
with direct connections between its input and output lay-
ers. The overall transformation has 39 linear input units, a 
varying number of sigmoidal hidden units, and 39 linear 
output units. 

 
is 

Figure 1: Linear and 
nonlinear transformation 
components. 

By setting certain connections appropriately, several dif-
ferent transformations can be computed with this architec-
ture: 

1. Linear: 

ft mg = Ali mg + b 

2. Linear + Nonlinear: 

ftmg = ALIm g+ b + MLP(p,m g) 

In all cases, the transformation is initialized to compute 
the identity function, that is, A = I,b = 0, and the 
weights to and from the sigmoid units are set to small ran-
dom values. 

Twenty five, fifty, seventy five, and one hundred hidden 
units were tried, and it was found that fifty hidden units 
gave the best response. Therefore, results with other num-
bers of hidden units are not reported. 

3.3. Preliminary Results 

 Number of Transforms 

Transformation Type 1 5 40 

SI 24.9 24.9 24.9 

Linear (R) 22.5 18.9 16.4 

Linear (G) 22.0 19.0 16.6 

Linear+Nonlinear (G) 22.0 18.8 16.5 
 
Table 1. Word Error Rates (percent) for before and after 
adaptation with different numbers of transformations. 

The first row of Table 1 shows the speaker independent 
performance test set. In the second row, the (R) indicates 
that linear transformation parameters were estimated with 
the EM algorithm as described in [3, 4] for 1, 5, and 40 
transformations. In the third row, linear transformation 
parameters were estimated using the GEM algorithm, as 
indicated by the (G). Finally, in the last row, linear and 
nonlinear transformation parameters were learned simulta-
neously. 

From the table, we can see that all three approaches per-
formed comparably. We therefore decided to try to initial-
ize the GEM training presented in this paper from the final 
conditions obtained from the EM training (row 2). The 
motivation for this was to see if we could improve perfor-
mance based on a good starting point. 

In Table 2, linear transformation parameters are estimated 
with the EM algorithm (row 2), saving the parameters for 
later use. In the last row, these values are read in, a nonlin-
ear component is added, and both the linear and nonlinear 

 



parameters are updated using GEM. From the table, we 
notice a modest improvement from adding the nonlinear 
component. 

 Number of Transforms 

Transformation Type 1 5 40 

SI 24.9 24.9 24.9 

Linear (R) 22.5 18.9 16.4 

Linear (R)    
Linear+Nonlinear (G) 22.4 18.3 16.0  

Table 2. Word Error Rates (percent) for before and after 
adaptation with different numbers of adaptation. In the 
bottom two rows, the linear transformation component 
was initialized with the output of the second row. 

4. DISCUSSION 

In this paper we have presented a novel nonlinear transfor-
mation based adaptation algorithm. The nonlinearity was 
implemented by a multilayer perceptron, whose weights 
were estimated using a generalized EM algorithm. This 
technique made use of gradient ascent training embedded 
within each maximization step of the EM algorithm. 

Experimental results were presented for nonnative speaker 
adaptation. So far, our results show a modest improvement 
using the nonlinear technique as compared to previous lin-
ear approaches. 

We are continuing to explore this technique to see if we 
can further improve our performance. We also intend to 
investigate the application of nonlinear adaptation of 
HMM parameters for other types of acoustic mismatches, 
such as noisy speech. 
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