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(57) ABSTRACT 

Methods are given for improving discriminative training of 
hidden Markov models for continuous speech recognition. 
In one approach, discriminatively trained mixture models 
are interpolated With maximum likelihood trained mixture 
models. In another approach, segmentation and recognition 
results from one set of models are reused to discriminatively 
train a second set of models. For example, segmentation and 
recognition results from detailed match models are mapped 
and used to discriminatively train fast match models. In 
addition, gradients for the standard deviation of mixture 
components are clipped based on the statistics of the gradi 
ents. Pronunciation of Words may also be used to determine 
the “incorrect” recognition hypothesis. 
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DISCRIMINATIVE TRAINING OF HIDDEN 
MARKOV MODELS FOR CONTINUOUS SPEECH 

RECOGNITION 

[0001] This application claims priority from provisional 
application 60/446,198, ?led Feb. 10, 2003, and provisional 
application 60/428,194, ?led Nov. 21, 2002, the contents of 
Which are incorporated herein by reference. 

FIELD OF THE INVENTION 

[0002] The invention generally relates to automatic speech 
recognition, and more particularly, to techniques for adjust 
ing the mixture components of hidden Markov models as 
used in automatic speech recognition. 

BACKGROUND ART 

[0003] Most speech recognition systems utiliZe a statisti 
cal model called the hidden Markov model (HMM). Such 
models consist of sequences of states connected by arcs, and 
a probability density function (pdf) associated With each 
state Which describes the likelihood of observing any given 
feature vector at that state. A separate set of probabilities 
determines the transitions betWeen the states. Most large 
vocabulary continuous recognition systems use continuous 
pdfs, Which are parametric functions that describe the prob 
ability of any arbitrary input feature vector given a model 
state. 

[0004] One draWback of using continuous pdfs is that the 
designer must make explicit assumptions about the nature of 
the pdfs being modeled—something Which can be quite 
dif?cult since the true distribution form for the speech signal 
is not knoWn. The most common class of functions used for 
this purpose is a mixture of Gaussians, Where an arbitrary 
pdf is modeled by a Weighted sum of normal distributions. 

[0005] The model pdfs are most commonly trained using 
the maximum likelihood method. In this manner, the model 
parameters are adjusted so that the likelihood of observing 
the training data given the model is maximiZed. HoWever, it 
is knoWn that this approach does not necessarily lead to the 
best recognition performance. This problem can be 
addressed by discriminative training of the mixture models. 
The idea is to adjust the model parameters so as to minimiZe 
the number of recognition errors rather than ?t the distribu 
tions to the data. One approach to discriminative training in 
a large vocabulary continuous speech recognition system is 
described in US. Pat. No. 6,490,555, the contents of Which 
are incorporated herein by reference. 

SUMMARY OF THE INVENTION 

[0006] Embodiments of the present invention are directed 
to methods for improving discriminative training of hidden 
Markov models for a continuous speech recognition system. 
One embodiment assigns a value to a model parameter of a 
mixture component of a hidden Markov model state as a 
Weighted sum of a maximum likelihood trained value of the 
parameter and a discriminatively trained value of the param 
eter. The interpolation Weights are determined by the amount 
of data used in maximum likelihood training and discrimi 
native training. Different mixture components may have 
different Weights. The model parameter may be, for 
example, Gaussian mixture mean and standard deviation. 

[0007] Another embodiment reuses the segmentation and 
recognition results of a ?rst set of recognition models to 
discriminatively train a second set of recognition models. 
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Speci?cally, a ?rst set of recognition models is ?rst used to 
perform segmentation and recognition of a set of speech 
training data so as to form a ?rst model reference state 
sequence and a set of ?rst model hypothesis state sequences. 
States in the ?rst model reference state sequence are mapped 
to corresponding states in a second set of recognition models 
so as to form a second model reference state sequence. 
States in the set of ?rst model hypothesis state sequences are 
mapped to corresponding states in the second set of recog 
nition models so as to form a set of second model hypothesis 
state sequences. Selected model states in the second set of 
recognition models are then discriminatively trained using 
the mapped state sequences. In one speci?c such embodi 
ment, the segmentation and recognition results of the 
detailed match models are mapped and then used to dis 
criminatively train the fast match models. 

[0008] In another embodiment, the gradients for the stan 
dard deviation of mixture components are clipped to a range. 
The range is determined by the mean and standard deviation 
of the gradients of the standard deviation of all the mixture 
components. 

[0009] An embodiment of the present invention also 
avoids the tedious Work of text normaliZation by determin 
ing the “correctness” of recognition hypotheses using the 
pronunciation of Words in the reference and hypothesis 
texts. 

BRIEF DESCRIPTION OF THE DRAWINGS 

[0010] FIG. 1 shoWs hoW to reuse the segmentation and 
recognition results of the detailed match models to discrimi 
natively train the fast match models. 

[0011] FIG. 2 shoWs clipping of the gradients of the 
standard deviation of mixture components according to one 
embodiment of the present invention. 

DETAILED DESCRIPTION OF SPECIFIC 
EMBODIMENTS 

[0012] It is Well knoWn that discriminative training algo 
rithms are prone to over-training. These algorithms may 
signi?cantly improve the recognition accuracy of the train 
ing data, but the improvement does not necessarily gener 
aliZe to other independent test sets. In some cases, discrimi 
natively trained models may even degrade the recognition 
performance on independent test sets. Embodiments of the 
present invention improve the generaliZation of discrimina 
tive training techniques by interpolating the discriminatively 
trained and the maximum likelihood trained models. 
Embodiments also limit the gradients of the standard devia 
tion of mixture components. 

[0013] Discriminative training algorithms are computa 
tionally intensive because segmentation and recognition of 
the entire training corpus may be required. Traditionally, in 
order to discriminatively train different models using the 
same training corpus (for example, models of difference 
siZes, or models used for detailed match and fast match), 
segmentation and recognition of the training data have to be 
performed for each of the different models, Which is time 
consuming and inef?cient. Embodiments of the present 
invention reuse the segmentation and recognition results of 
one particular model, for discriminative training of another 
model. For example, one speci?c embodiment reuses seg 
mentation and recognition results of detailed match models 
for discriminative training of fast match models. 
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[0014] In the discriminative training algorithm used in one 
embodiment of the present invention, the hypothesized 
Words in the recognition results of the training data are 
marked as “correct” or “incorrect” for discriminative train 
ing. Conventionally, this is done by matching the Word label 
of a hypothesized Word With the corresponding Word in the 
reference text. To obtain accurate “correct” or “incorrect” 
labels, tedious manual or semi-manual text normaliZation 
typically has to be performed on the reference text. Embodi 
ments of the present invention avoid text normaliZation by 
determining the “correctness” of recognition hypotheses 
using the pronunciation of the Words in the reference and 
hypothesis texts. 

[0015] Embodiments of the present invention are directed 
to various techniques for improving discriminative training 
of mixture models for continuous speech recognition. Such 
improvements can be considered as contributing to one or 
both of tWo system design objectives: (1) improving the 
recognition performance including recognition accuracy 
and/or speed, and (2) improving the efficiency of discrimi 
native training process. Before describing these improve 
ments in any detail, We start by revieWing some background 
art on one particular type of discriminative training tech 
nique called Minimum Classi?cation Error (MCE) training. 

[0016] In a continuous density pdf using Gaussian mix 
tures, the standard Gaussian mixture log-probability density 
function GMLP is described by: 

[0017] Where N(s) is the number of mixture components, 
a(s,k) is the Weight of mixture component k of state s, and 
G(x(t);p(s,k);2(s,k)) represents the probability of observing 
x(t) given a multivariate Gaussian With mean pi(s,k) and 
covariance Z(s,k). 

[0018] HoWever, experimental evidence indicates that a 
computationally simpler form of Gaussian mixture may be 
employed as the pdf. Using a simpler mixture model not 
only reduces computational load, but in addition, the result 
ant reduction in the number of free parameters in the model 
signi?cantly improves trainability With limited quantities of 
data. Accordingly, the continuous density pdf used in the 
folloWing described embodiments assumes that Z(s,k) is a 
diagonal matrix. 

[0019] The average score for a path corresponding to an 
alignment of the input utterance With a reference model i is 
given by 

1 P 

D.- = F; GMLPW). qua. 

[0020] Where x(p) is the feature vector at time p, qi>p is the 
corresponding state index, and P is the number of feature 
vectors in the input utterance. 

[0021] The ?rst step in the training of the continuous 
density pdfs is the initialiZation of the mean vectors p(s,k) 
and the standard deviation vectors o(s,k), Which are the 
square root of the diagonal elements of Z(s,k). This can be 
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done by training a conventional maximum likelihood Gaus 
sian mixture pdf for each model state from the input utter 
ance frames aligned With that state. The next step consists of 
discriminative training of the mean and standard deviation 
vectors. This is accomplished by de?ning an appropriate 
training objective function that re?ects recognition error 
rate, and by optimiZing the mean and standard deviation 
vectors so as to minimiZe this function. 

[0022] One common technique applicable to the minimi 
Zation of the objective function is gradient descent optimi 
Zation. Gradient descent optimiZation is described, for 
example, in D. E. Rumelhart et al., Parallel Distributed 
Processing, Vol. 1, pp. 322-28, MIT Press, the contents of 
Which are incorporated herein by reference. In this approach, 
the objective function is differentiated With respect to the 
model parameters to obtain the gradients, and the model 
parameters are then modi?ed by the addition of the scaled 
gradients. A neW gradient that re?ects the modi?ed param 
eters is then computed, and the parameters are adjusted 
further. The iteration is continued until convergence is 
attained, usually determined by monitoring the recognition 
performance on an evaluation data set Which is independent 
of the training data. 

[0023] A training database is preprocessed by obtaining 
for each training utterance a short list of candidate recog 
nition models. In a continuous speech recognition system, 
such a list contains descriptions of model state sequences. 
US. Pat. No. 6,490,555 to Girija Yegnanarayanan et al., 
incorporated herein by reference, describes one particular 
approach to generating a set of candidate models. Each 
candidate list thus contains some number of correct models 
(subset C), and a number of incorrect models (subset I). 

[0024] An error function en for a particular training utter 
ance n is computed from the pair-Wise error functions on: 

ie C jel 

[0025] Where oi>j=(1+e_'3(Di_Dj))_1, [3is a scalar multiplier, 
Di is the alignment score betWeen the input token and a 
correct model i e C, and DJ- is the alignment score betWeen 
the input token and an incorrect model j e I. The siZes of the 
sets C and I can be controlled to determine hoW many 
correct models and incorrect or potential intruder models are 
used in the training. 

[0026] The error function om- takes on values near 1 When 
the correct model score Di is much greater (i.e., Worse) than 
the intruder score Di, and near 0 When the converse is true. 
Values of oi)j greater than 0.5 represent recognition errors, 
While values less than 0.5 represent correct recognitions. 
The scalar multiplier parameter [3 controls the in?uence of 
“near-errors” on the training. As previously described, the 
score Di betWeen the utterance and model i is obtained by 
scoring the alignment path 
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[0027] A similar expression can be Written for Dj. For 
mixture component k of state s, differentiating the error 
function With respect to element 1 of the mean vector n(s,k) 
yields the gradient: 

[0028] Similarly, differentiating the error function With 
respect to element 1 of the standard deviation vector o(s,k) 
yields the gradient: 

[0029] For batch mode processing, in each iteration, the 
gradient is averaged over all utterances: 

[0030] Where N is the total number of utterances. The 
mean and standard deviation of mixture components are 
modi?ed by the addition of the scaled gradient: 

[0031] Where Wu and W0 are Weights Which determine the 
magnitude of the changes to the parameter set in one 
iteration. This process is repeated until some stopping cri 
terion is met. 

[0032] The gradient descent algorithm described above is 
an unconstrained optimiZation technique. For Gaussian mix 
ture components, certain constraints must be maintained, 
e.g., o(s,k,l)>0. In Wu Chou, Discriminant-Function-Basea' 
Minimum Recognition Error Rate Pattern-Recognition 
Approach To Speech Recognition, IEEE Proceedings, Vol. 
88, No. 8, August 2000, Which is incorporated herein by 
reference, the author applied gradient descent algorithm to 
transformed mixture components. For example, the folloW 
ing transforms can be applied to the mean and standard 
deviation of mixture components: 

#(S, k, 1) 
o'(s, k, I) an 

UTranxformed(Sa k, 1) =1Og(0'(5,k, 1)) 

#Transformed(Sa k, l) = 

[0033] Further details of speci?c approaches to imple 
menting discriminative training in a continuous speech 
recognition system are given in US. Pat. No. 6,490,555 and 
in Wu Chou, Discriminant-Function-Basea' Minimum Rec 
ognition Error Rate Pattern-Recognition Approach To 
Speech Recognition, IEEE Proceedings, Vol. 88, No. 8, 
August 2000, Which are incorporated herein by reference. 
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[0034] One embodiment of the present invention is 
directed to improving recognition performance by interpo 
lating discriminatively trained mixture models With maxi 
mum likelihood trained mixture models. Generally, for some 
model parameter y the ?nal trained value of that parameter 
of a mixture component k in some state s, Will be a Weighted 
sum of the maximum likelihood trained value of the param 
eter and discriminatively trained value of the parameter: 

[0035] Where as)k and b5)k are Weighting coef?cients, the 
exact values of Which depend on the amount of training data 
and may be different for different mixture components. 

[0036] In one speci?c such embodiment, the model 
parameters that are interpolated are the Gaussian mixture 
mean vector and standard deviation vector. For each model 
state s and mixture component k, an iterative process is used 
to determine the ?nal trained value of the mean and standard 
deviation vector. First, maximum likelihood training is used 
to initialiZe the mean and standard deviation vector: nML(s, 
k) and oML(s,k). Then an iterative loop is entered in Which 
discriminative training is applied to determine MDTi(s,k) and 
oDn(s,k) for iteration i, and the discriminatively trained 
parameters are interpolated With the smoothed parameters 
from the previous iteration i-l to determine smoothed 
model parameters for iteration i: 

_ FrameC0nntML(s, k) d 

_ FrameC0nntML(s, k) + FrameConntDTyt-(s, k) ’ an 

[0037] FrameCountML(s,k) is the frame count for mixture 
component k of state s in maximum likelihood training, 
FrameCountDT>i(s,k) is the corresponding frame count in 
iteration i of discriminative training. This iterative training 
loop continues until some stopping criterion is met and a 
?nal trained value of the mean nFina1(s,k) and standard 
deviation oFinal(s,k) is established. 

[0038] Another embodiment reuses segmentation and rec 
ognition results from a ?rst set of recognition models for 
discriminative training of a second set of recognition mod 
els. For each training utterance, the segmentation and rec 
ognition results include: 

[0039] A reference state sequence obtained by per 
forming forced alignment of the training utterance 
With the reference text, and 

[0040] A set of N hypothesis state sequences corre 
sponding to the top N hypothesiZed Word sequences, 
or a lattice representing the recognition results. 
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[0041] In one embodiment, the top N hypothesis state 
sequences are used. In other embodiments, the lattice can be 
used. Each arc of the lattice contains the identi?cation of the 
Word associated With the arc, the timing information, and a 
list of state sequences. The top N hypothesis state sequences 
or the lattice can be obtained by performing recognition of 
the training utterance. 

[0042] States in the reference state sequence of the ?rst 
model are mapped to corresponding states in a second set of 
recognition models so as to form a reference state sequence 
of the second model. States in a set of N hypothesis state 
sequences of the ?rst model are mapped to corresponding 
states in the second set of recognition models so as to form 
a set of N hypothesis state sequences of the second model. 
Selected model states in the second set of recognition 
models are then discriminatively trained using the mapped 
results. 

[0043] The mapping of the state sequences is performed in 
the folloWing Way: 

[0044] 1) States in the state sequences corresponding 
to the ?rst set of models are ?rst mapped to pho 
nemes based on the decision tree of the ?rst set of 
models. 

[0045] 2) Phoneme sequences obtained from Step 1) 
are then mapped to state sequences corresponding to 
the second set of models based on the decision tree 
of the second set of models. 

[0046] In one speci?c such embodiment, the segmentation 
and recognition results of detailed match models are mapped 
and then used to discriminatively train fast match models. 
Fast match acoustic models are commonly used to quickly 
prone the recognition search space. One extended discussion 
of this subject is provided by P. S. Gopalakrishnan and L. R. 
Bahl, Fast Match Techniques, pp. 413-428 in “Automatic 
Speech and Speaker Recognition: Advanced Topics,” Chin 
Hui Lee et al., 1996, the contents of Which are incorporated 
herein by reference. In many speech recognition systems, 
separate models are used for performing fast match. 

[0047] Segmentation and recognition results for the 
detailed match models are collected by running segmenta 
tion and recognition on the training data. The segmentation 
and recognition results of the detailed match models are 
mapped to results of the fast match models using the 
tWo-step method described in the previous page. Then, the 
fast match models are discriminatively trained using the 
mapped segmentation and recognition results. 

[0048] FIG. 1 shoWs this concept. Initially, segmentation 
and recognition are performed on the training data using the 
detailed match models. For a given input utterance, this 
results in a detailed match model reference state sequence 

A015, k, l)clipped = 
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101 and a set of detailed match model hypothesis state 
sequences. For illustration purposes, only one hypothesis 
state sequence (denoted by 102) is shoWed in FIG. 1. Based 
on the segmentation and recognition results of the detailed 
match models (as in 101 and 102), discriminative training 
may be performed on the mixture models of the detailed 
match states. Then, rather than regenerating fast match 
model reference and hypothesis state sequences from 
another iteration of segmentation and recognition, an 
embodiment of the present invention maps: 

[0049] (1) the identities of the detailed match model 
reference states in 101 to corresponding fast match 
model reference states in 103, and 

[0050] (2) the identities of the detailed match model 
hypothesis states in 102 to corresponding fast match 
model hypothesis states in 104. 

[0051] Then, discriminative training may be performed on 
the fast match models using the mapped states (as in 103 and 
104). 
[0052] As explained above, this approach avoids the com 
putationally intensive process of regenerating segmentation 
and recognition results for different models. In one speci?c 
embodiment, the discriminative training time of the fast 
match models Was reduced from ten days to one day. In 
addition, experimental results shoWed that performing dis 
criminative training of the fast match models produced 
signi?cant improvement in recognition speed (10-15%) With 
no decrease in recognition accuracy. 

[0053] Another embodiment of the present invention 
improves the generaliZation of MCE-based discriminative 
training techniques by limiting or clipping the gradients of 
the standard deviation of mixture components based on the 
statistics of these adjustments. The gradient refers to modi 
?cation of each of the model standard deviations: 

[0054] By limiting or clipping the gradient, We mean that 
if a calculated gradient for the standard deviation is greater 
or less than some threshold distance from the average of the 
gradients, then some corresponding maximum or minimum 
gradient is used, instead of the actual calculated gradient. 
FIG. 2 shoWs this idea Where a gradient distribution (of all 
mixture components) curve is centered at some mean value. 
Any gradient for the standard deviation greater than some 
high-clip threshold or less than some loW-clip threshold Will 
be set to the corresponding high-clip or loW-clip threshold 
instead of the actual calculated gradient, i.e., 
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[0055] Where Mean{Ao} is the mean of Ao(s,k,l) for all 
the s, k, l, and typically Threshhigh_chip=Thresh1OW_chip=a>< 
Std{Ao} Where Std{Ao} is the standard deviation of Ao(s, 
k,l) for all the s, k, l, and a is a constant. Typically, a is in 
the range of [2, 3]. 

[0056] An embodiment of the present invention also 
avoids the tedious Work of teXt normaliZation by determin 
ing the “correctness” of recognition hypotheses using the 
pronunciation of Words in the reference and hypothesis 
teXts. Traditionally, Word label is used to mark the “correct 
ness”. HoWever, in acoustic model training data, the same 
Word in the reference teXt may appear in different form(s) in 
the recognition vocabulary. For eXample, the Word “neW 
born” may appear as “newborn” in the reference teXt While 
appears as “neW-born” in the recognition vocabulary. If the 
Word label is used to determine if a hypothesiZed Word is 
correct or not, then a Word recogniZed as “neW-born” Will be 
determined as “incorrect” if the corresponding Word in the 
reference teXt is “newborn”, Which is not a correct decision. 

[0057] To make the form of Words in the reference teXt and 
the recognition vocabulary match, typically tedious manual 
or semi-manual teXt normaliZation is needed. This problem 
becomes more severe When training teXts are collected from 
different sources and transcribed using different philoso 
phies. By using the pronunciation of Words to determine if 
a hypothesiZed Word is “correct” or not, the teXt normaliZa 
tion procedure is completed avoided. 

[0058] Speci?cally, a hypothesized Word is marked as 
“correct” if its pronunciation is the same as the pronuncia 
tion of the corresponding Word in the reference teXt and is 
marked as “incorrect” if its pronunciation is not the same as 
the pronunciation of the corresponding Word in the reference 
teXt. Only the “incorrect” Words are used for discriminative 
training. The correspondence betWeen the hypothesiZed 
Word and the reference Word is determined based on the 
amount of time overlap of the tWo Words. 

[0059] Another advantage of using the pronunciation of 
Words to determine the “correctness” of hypothesiZed Words 
is that it makes discriminative training more focused on 
correcting errors caused by the acoustic model. If Word label 
is used to mark the “correctness”, then a hypothesiZed word 
(eg “to”) that has the same pronunciation as the corre 
sponding word (eg “tWo”) in the reference teXt, but has 
different Word label, Will be marked as incorrect. HoWever, 
from acoustic point of vieW, these Words are recogniZed 
“correctly”. They are errors caused by the language model. 
If these Words are used in discriminative training, they Will 
bias the data statistics used to compute the gradients; there 
fore make it less effective in correcting errors caused truly 
by the acoustic model. Using the pronunciation of Words to 
mark the “correctness” eliminates this bias. 

[0060] Although various eXemplary embodiments of the 
invention have been disclosed, it should be apparent to those 
skilled in the art that various changes and modi?cations can 
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be made Which Will achieve some of the advantages of the 
invention Without departing from the true scope of the 
invention. 

What is claimed is: 
1. A method of a continuous speech recognition system 

for discriminatively training hidden Markov models, the 
method comprising: 

performing segmentation and recognition of speech train 
ing data using a ?rst set of recognition models so as to 
form a ?rst model reference state sequence, and a set of 
?rst model hypothesis state sequences; 

mapping states in the ?rst model reference state sequence 
to corresponding states in a second set of recognition 
models so as to form a second model reference state 

sequence; 

mapping states in the set of ?rst model hypothesis 
sequences to corresponding states in the second set of 
recognition models so as to form a set of second model 
hypothesis sequences; and 

discriminatively training selected model states in the 
second set of recognition models using the mapped 
state sequences. 

2. Amethod according to claim 1, Wherein the hypothesis 
state sequences are represented by a lattice structure. 

3. A method according to claim 1, Wherein the ?rst set of 
recognition models are detailed match models, and the 
second set of recognition models are fast match models. 

4. A method of a continuous speech recognition system 
for discriminatively training hidden Markov models, the 
method comprising: 

for a miXture component of a hidden Markov model state, 
calculating a gradient adjustment of the standard devia 
tion of the miXture component, and 

i. if the calculated gradient adjustment is greater than a 
?rst threshold amount, performing an adjustment of 
the standard deviation of the miXture component 
using the ?rst threshold, or 

ii. if the calculated gradient adjustment is less than a 
second threshold amount, performing an adjustment 
of the standard deviation of the mixture component 
using the second threshold, or else 

iii. performing an adjustment of the standard deviation 
of the miXture component using the calculated gra 
dient adjustment. 

5. A method of a continuous speech recognition system 
for discriminatively training hidden Markov models, the 
method comprising: 

determining correctness of a hypothesiZed Word using 
pronunciation of the hypothesiZed Word and a corre 
sponding Word in a reference teXt. 

* * * * * 


