
 Eurospeech 2001 - Scandinavia

Selective MCE Training Strategy in Mandarin Speech 
Recognition 

Jianlai Zhou, Eric Chang, Chao Huang 

Microsoft Research China 
5F. Beijing Sigma Center, No. 49. Zhichun Road, Haidian District, Beijing 100080, P.R.C. 

{jlzhou, echang, chaoh}@microsoft.com 
 

Abstract 

The use of discriminative training methods in speech 
recognition is a promising approach. The minimum 
classification error (MCE) based discriminative methods have 
been extensively studied and successfully applied to speech 
recognition [1][2][3], speaker recognition [4], and utterance 
verification [5][6]. Our goal is to modify the embedded string 
model based MCE algorithm to train a large number of cross-
syllable triphones in a large vocabulary recognition system. In 
this paper, selective strategy about MCE based discriminative 
training method, in particular for Mandarin speech syllable 
loop recognition, is introduced. Here, we use syllable loop 
recognition task to evaluate performance of the acoustic model 
of an established large vocabulary continuous speech 
recognition system. Since decoding errors only occur in parts 
of the whole decoded sentence, it is reasonable to adjust only 
the parameters of the "wrong models". As a result, we 
introduce the weighted MCE formulation, which can provide 
more effective convergence property and about 10% relative 
error rate reduction for a large training set. On the other hand, 
from our experiments, we observed that although the overall 
performance of recognition system is improved, some 
originally correct recognition results are misrecognized after 
discriminative training.  To address this issue, we propose a 
divide and conquer strategy. The acoustic feature space is 
divided into two or more sub-spaces according to 
discriminative training procedure. Combining the above two 
methods, we got more than 14.5% error rate reduction in 
syllable loop recognition experiments. 

1. Introduction 

In minimum classification error rate training scheme, an 
empirical of the error probability (the empirical loss) is 
minimized which is derived over a training set. The 
implementation often uses the algorithm named as generalized 
probabilistic descent (GPD), or segmental GPD. In particular, 
for continuous speech recognition, because it is not feasible to 
determine the boundary segmentation of each individual word 
string class or other acoustic unit like phone, biphone and 
triphone, embedded string model based MCE approach is used 
to overcome the fuzzy boundary property in continuous 
speech. Suppose that the input speech utterance X = {x1,..,xT} 
can be optimally segmented by Viterbi alignment process, 
given a set of model }{ iλ=Λ . Let S = W1,.., Wls be an arbitrary 
word sequence, we can define discriminant function as 

)|,,(���),,( ΛΘ=Λ SXfSXg S                            (1) 

Where )|,,(ORJ ΛΘ SXf S is the log-likelihood score along the 
optimal state sequence SΘ  obtained from Viterbi alignment. 

For the most of application in speech recognition, the class 
mis-classification measure is defined as equation (2) [7]: 
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Where Slex is the correct string, and the Sk is the k-th best 

string in decoding result. The parameter 0>η in the norm 
controls the weighting of the rival model scores. When 

∞→η , the norm operation approaches a maximum one and 
only the most competitive model is considered. The loss 
function in minimum string error rate training is defined as 
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Where 0>γ . The empirical loss can be defined over a 
training set of K samples as 
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     During the embedded string model based MCE 
discriminative training procedure, two stages are involved: 
Firstly, N best string hypotheses decoding is performed given 
the current parameters to search the optimal state sequences, at 
the same time, force alignment should be done based on the 
same parameters set. Secondly, the model parameters are 
updated to minimize the empirical loss given these paths. In 
general, because the unpredictable dynamic range of the 
variance, only normalized mean is adjusted for the Gaussian 
mixture distribution. 
     Although previous research has shown that the accuracy of 
a speech recognition system trained by the Maximum 
Likelihood Estimation (MLE) criterion can often be improved 
further using MCE training, for a modern large vocabulary 
continuous speech recognition system, the situation is  more 
complex. First of all, the number of parameters is huge 
because a large number of cross-word triphones are found in a 
large training corpus. Secondly, due to parameter sharing, the 
parameters become more robust, but lose some discrimination 
ability. Theoretically speaking, it is not clear yet which 
strategy is better for a moderately sized training set [8]. 
Furthermore, because the implementation of MCE training is 
more time-consuming than MLE, it is very hard to apply MCE 
strategy in a large training corpus. 
     In this paper, we propose the selective MCE training 
strategy in which all decoded states in the sequence are 
discriminated and only the parameters of  ’’wrong states’’ need 
to be adjusted. More effective convergence is observed from 
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experiments and a large training corpus is used to improve the 
performance of our baseline system which is trained by MLE. 
Divide and conquer strategy is used to further improve the 
system. 

2. Analysis 

Although our target is to build a very large vocabulary 
continuous speech recognition system, we think the syllable 
loop recognition task as a powerful tool to evaluate the 
performance of the acoustic model in whole system. In our 
syllable loop recognition experiments, we observed slight 
improvement with embedded string-model-based MCE 
approach. In the MLE training stage, a large Mandarin speech 
corpus is used which contains 250 speakers with 200 
sentences per speaker. Our phone set consists of 185 phones 
of initial and tonal final in Mandarin. The whole corpus 
covers more than 60,000 cross-syllable triphones.  Mixtures of 
8 Gaussisan densities are employed for each triphone HMM 
state and CART is used to share parameters among all HMMs 
with the same monophone. After state tying, 6529 states 
formed a state pool that is shared by all triphone HMM¡fls.The 
testing set contains 300 sentences coming from 30 speakers 
with a total of 4097 characters (syllables). All experiments are 
run on HTK 2.2 platform [9]. Because the tone is a most 
confusable factor in Mandarin speech recognition, we also 
investigated the error rate of base syllables by removing the 
tone identity from the recognition result. Tone recognition is 
another difficult topic, in future discussion, in order to capture 
the main reason of the misclassification, we will concentrate 
ourselves on the error of base syllable. Table 1 shows the 
accuracy of the system trained by MLE and embedded string 
model based MCE criterion. 

Table 1:  Error rate of MLE and MCE criterion, the base 
syllable error rate is gotten from the tonal syllable 
recognition result by removing the tone identity. 

Training 
Criterion 

tonal 
syllable 

error 
reduction 

base 
syllable 

Error 
reduction 

MLE 48.53% - 22.85% - 
MCE 45.93% 5.3% 22.37% 2.1% 

 
     By analyzing the decoding result, we found that although 
parameters of some "original wrong models" are adapted to be 
able to recognize the correct candidates, there are a part of 
"correct models" whose performance is degraded after 
discriminative training. So the whole recognition performance 
is not improved as expected. Table 2 shows the base syllable 
errors including substitution, deletion and insertion, occurred 
before and after MCE training. 
     For the 936 errors that MLE model made, MCE model 
correct, 11.2% of them, but MCE model made new mistakes 
in the sub-set that MLE model recognized correctly, and the 
new errors accounted for 9.2% in total errors. So the error rate 
reduction is 2% at last. Let`s consider the embedded string-
model-based MCE misclassification measure (2), when the 
parameters of a state of a HMM model are optimized, the 
adjustment is only related to the error of whole string model, 
regardless of the model local behavior on current frame. 
Assume the most part of states in correct sequence and rival 
one is the same, the adjustment is meaningless for these 
segments. So for some ''originally correct models'', they are 
over-trained for some frames, and their likelihood will fall for 

other frames of speech signal corresponding to same 
transcription. From the Table 2, we can observe this 
phenomenon. Furthermore, for the whole state sequence, the 
contribution of each individual part to the error is quite 
different. So it is a logical to selectively discriminate different 
parts of the decoded state sequence. 

Table 2:  Error analysis performed on the two stages 
of MCE based discriminative training. 

Word 
number 

4097 

Error syllable 
number 

Correct syllable 
number 

 
MLE 

936 3222 
Correct Error Correct Error  

MCE 105 833 3138 84 

3. Selective strategy for MCE training 

Since MCE training will cause negative effect for those 
''originally correct models'', we adopt selective training 
strategy to address this issue. The basic idea is that the state 
parameters adjustment should be done only for those 
parameters that belong to those HMM models that are wrong 
in decoding result, in order to reduce the adjustment operation 
as much as possible. At the same time, different weights are 
assigned to individual parts of the state sequence whose 
contributions to the overall error is quite different. For 
simplicity, we only consider the most confusable competitive 
state sequence (the case of ∞→η  ), the misclassification 
measure can be re-defined as 
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Where w(xt) is defined as 
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The meaning of ''correctly recognized'' is defined as when the 
phone which the state belongs to is correct. 





>
=

=
−
− 1,

1,1
)(

)1(
)1(1 t

t
xr

t'S6FRUH

t'S6FRUHt

6OH[

S            (7) 

Where, DpScore(t-1) is the likelihood of the state sequence at 
(t-1)-th frame, so )( txr  is related with the search procedure 

and reflects the expectation degree of adjustment. If )( txr  is 

large, it indicates that many errors have occurred in previous 
search path, we must adjust the parameter of the model in this 
frame to achieve higher likelihood, in order to ensure the 
following path will be evolved toward a  ''good'' direction. 
Assume the HMM state output distribution is 
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The  
)(i

MN
c is the mixture weight of k-th component of j-th state 

for i-th HMM,  
D
l

i
MNO

i
MNO 1

)()( ][ == µµ is the mean vector, 

D
l

i
MNO

i
MNO

R 1
2)()( ])>� == σ  is the diagonal covariance matrix . 

Following the embedded string model based MCE 
formulation, the adjustment of mean of mixture Gaussian is: 
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Where )(~ i
MNO

µ is mean value normalized by standard 

deviation. 
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Where )( jqt −δ  is the Kronecker delta function, if qt=j, it is 
1otherwise 0. And 
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     The modification will be called the weighted string model 
MCE approach. Because the w(xt) is not a function of HMM 
model parameters such as mean and variance in current time, 
the formulation (7) is a closed form solution. During the 
experiments, we found it had better convergence and worked 
well in Mandarin syllable loop recognition task. The 
recognition result of weighted string model MCE method is 
shown in Table 3. The error rate is 20.58%, and the relative 
error rate reduction is 9.93%. The over-training phenomenon 
has been reduced. 

4. Divide and conquer strategy 

Although selective training strategy can overcome the over-
training in some degree, over-training phenomenon still exists. 
Here, a divide and conquer strategy is adopted to overcome 
this problem. In fact, during the discriminative training stage, 
the model parameters obtained from MLE training are saved, 
and the likelihood calculation rule for each state is: 
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The divide and conquer strategy splits one state into two, each 
of them can make a better fit for a different region of the 
acoustic feature space and produce higher likelihood in its 
own region. 

5. Some issues in implementation 

There are some tricks such as selection of learning step size 
and training time, which are important for convergence and 
usability of the discriminative methods based algorithm. In 
fact, there is no theoretic solution for these problems so far, 
but ignoring them will result in not being able to apply the 
method, or even degrade the performance of the models after 
discriminative training. 

5.1. The selection of learning step size 

The selection of learning step size is a difficult problem, 
because dynamic range of parameters differs between each 
other.  It is related to the particular function form. Usually, a 
constant learning step size will result in divergence of the 
algorithm. In our system, mixture Gaussian observation 
densities is used, so normalizing mean by equation (9) can 
resolve this problem on some degree. From our experiments, 
we found that if different step size is selected carefully,  the 
convergence of the algorithm is accelerated. The selection 
algorithm we designed is illustrated following: 

Step1: Setting initial value of step size  0ε , and let i=0.  

Step2: randomly selecting 50 sentences from training data.  

Step3:  if bi ≥ , quit. 
Step4: do MCE training and record sentence likelihood.  

Step5: let 1,/1 +== − iiaii εε , goto step 3. 
Then we pick out the maximum likelihood score, and 

determine the corresponding iε as the step size in this 
iteration. The initial value of step size is related to the amount 
of training data. Generally speaking, the initial value should 
be small if there is a large training set. In our experiments, we 
select the step size once for each iteration, and set a=1.5 and 
b=10. 

5.2. Distributed computation 

Because the MCE training depends on decoding and force 
alignment based on the updated model, it is very time 
consuming. In practice, we split the whole training corpus into 
several parts, and utilize multiple CPU¡fls t o do MCE trai ni ng
on these parts, and interpolated each part by the count that 
each state has been tuned. 
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Where the ),( ji
pFRXQW is the adjusting count of j-th state of i-th 

HMM in p-th training part. 

6. Experimental results 

We conducted experiments in the application of the two 
approaches introduced above, using the recognition baseline 
system built with HTK 2.2, as described in Section 2.  In the 
frond-end configuration, standard mel-scale filter is used to 
calculate MFCC for pre-emphasized speech signal. The 
speech waveform is recorded with 16 KHz sampling rate and 
16 bits quantization. A 25 ms. Hamming window with 10 ms. 
shift was used. The feature vector used in recognition contains 
39 parameters, including: 

��Energy based feature (E, ∆E, ∆∆E) 
� MFCC based feature (12MFCC, 12∆MFCC, 

12∆∆MFCC) 
All training and testing speech database are collected by 
Microsoft Research China, and the training database was 
described in Section 2.  
     We tested the algorithm on the speaker independent 
syllable loop recognition task without any form of language 
model. Two experiments have been completed, one is 
corresponding to Section 2 to analyze the efficiency of the 
algorithm based on testing set 1 including 30 speakers with 10 
sentences per speaker. The other is done on testing set 2, with 
25 speakers, 500 sentences in this set. There are on average 10 
characters (syllables) in each sentence. The recording channel 
is different between two the testing sets.  Results of these two 
experiments are shown in Table 3 and Table 4 respectively. 

Table 3:  Error analysis about the selective and divide 
and conquer strategy. 

Word 
number 

4097 

Error syllable 
number 

Correct syllable 
number 

 
MLE 

936 3222 
Correct Error Correct Error  

Weighted 
MCE 

122 815 3194 28 

Correct Error Correct Error Weighted 
MCE+Model 

splitting 
151 784 3207 12 

 
By tracing the change of the errors committed by the MLE 

trained model, we can conclude that the divide and conquer 
strategy efficiently reduces the overtraining phenomenon, and 
individually achieves about 5.5% error rate reduction 
comparing with the case that only weighted MCE algorithm is 
used. 

The experimental results show that after 4 iterations, about 
10% error rate reduction on average is achieved by 
introducing the selective training strategy.  Cumulatively more 
than 14.5% error rate reduction can be achieved by adding the 
divide and conquer strategy.  The benefit of the combined 
approach shows consistent improvement over two separate 
testing sets. 

Table 4:  Syllable error rate evaluation over two 
testing sets. Numbers in italic indicates that only 

selective MCE trained model is used and bold style 
represents divide and conquer strategy is also used. 

iteration Testing Set 1 Testing Set 2 
0 22.85% 22.3% 
1 21.47% 20.82% 21.4% 21.13% 
2 20.55% 19.5% 20.1% 19.04% 
3 20.53% 19.48% 20.1% 19.04% 
4 20.52% 19.48% 20.09% 19.04% 

 

7. Conclusion 

Two kinds of training strategies are studied for improving the 
performance of MCE based discriminative training method 
over a large corpus. The first one, selective training strategy, 
provide about 10% error rate reduction after 4 iterations and 
overcome the over-training phenomenon to some degree. 
Furthermore, the divide and conquer strategy is used to split a 
HMM state into two, each of which can model a subspace of 
whole feature space better. At last, the experiments show that 
more than 14.5% error rate reduction can be achieved in 
Mandarin syllable loop recognition task. Consistent 
improvement are observed in two separate testing sets, and 
these two training strategy for standard MCE algorithm works 
well for the acoustic modeling over a large training corpus. 
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