A Nove Learning Method for Hidden Markov
Modelsin Speech and Audio Processing

Xiaodong Heand Li Deng
Microsoft Research
1 Microsoft Way
Redmond, WA 98052, USA
{ xiaoche|deng} @microsoft.com

Abstract — in recent years, various discriminative learning
techniques for HMMs have consistently yielded significant
benefits in speech recognition. In this paper, we present a novel
optimization technique using the Minimum Classification Error
(MCE) criterion to optimize the HMM parameters. Unlike
Maximum Mutual Information training where an Extended
Baum-Welch (EBW) algorithm exists to optimize its objective
function, for M CE training the original EBW algorithm cannot
be directly applied. In this work, we extend the original EBW
algorithm and derive a novel method for MCE-based model
parameter estimation. Compared with conventional gradient
descent methods for M CE learning, the proposed method gives a
solid theoretical basis, stable convergence, and it iswell suited for
the large-scale batch-mode training process essential in large-
scale speech recognition and other pattern recognition
applications. Evaluation experiments, including model training
and speech recognition, are reported on both a small vocabulary
task (TI-Digits) and a large vocabulary task (WSJ), where the
effectiveness of the proposed method is demonstrated. We expect
new future applications and success of this novel lear ning method
in general pattern recognition and multimedia processing, in
addition to speech and audio processing applications we present
in this paper.

Keywords—Speech recognition and audio processing, pattern
recogntion, machine learning, discriminative learning, hidden
Markov ~ model, rational-function  optimization,  growth
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I. INTRODUCTION

In the history of speech recognition, discriminative training
has been applied to and analyzed for many state-of-the-art
Hidden Markov Model (HMM) [15] based systems using
different training criteria. These include Maximum Mutual
Information (MMI) [1][4][10][12], Minimum Classification
Error (MCE) [2][3][6][71[8][9][14][16], and Minimum Phone
Error (MPE) [11][13][3]. In these systems, a crucid
component is the optimization method for model parameter
estimation given the discriminative training criterion.

In this work, we employ the MCE criterion to optimize
the HMM s as the acoustic models for speech recognition. The
essence of MCE is to define the objective function for
optimization that is closely related to classification errors.
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This is more desirable than other types of discriminative
training that are less relevant to classification errors.

In the context of MCE, the conventional optimization
method has been the sequential, sample-by-sample gradient
descent technique called Generalized Probabilistic Descent
(GPD) [2][7]]8]. However, GPD requires precise tuning of the
learning rate, and, due to its sequential processing nature,
cannot be parallelized over multiple processors. Therefore,
applying GPD to large vocabulary speech recognition tasks is
very difficult. Batch-mode optimization methods including
Batch-mode PD, QuickProp, Rprop, and partial BFGS have
been explored in [16]. Although performance improvements
were reported on larger vocabulary tasks, they still require
careful, empirical tuning of learning parameters for stable
convergence and they tend to be slow. It is highly desirable to
develop new optimization methods that have a more solid
theoretical basis, stable convergence, and are easy to
paraldize.

In [13], an optimization method based on the weak sense
auxiliary function (WSAF) was proposed. With this method, a
WSAF is congtructed first. Then, the extend Baum-Welch
(EBW) agorithm for HMM parameter re-estimation is derived
to optimize the WSAF so as to optimize the targeting
objective function. The theoretical basis of the WSAF method,
however, is weak. This is because the WSAF is a function
which only has the same gradient as the targeting objective
function at alocal point in the model space as detailed in [13].
Hence, optimizing the WSAF cannot guarantee optimization
of the targeting objective function (MPE as discussed in [13]).

In [4], the EBW method was originally developed for
optimizing the MMI criterion associated with a discrete
HMM. In this method, “growth transformation” as the re-
estimation formulas is established for optimizing a special
rational function that is directly related to the MMI objective
function. The elegant theoretical development in [4] has
proved that the growth transformation on the HMM
parameters guarantee a non-decrease of the MMI aobjective
function. The EBW method was extended from the discrete
HMM to the continuous HMM in [10][5]. This EBW method
is theoretically well founded for the MMI criterion, and it has
been successfully applied to large vocabulary tasks [12].
However, applying the EBW method to the MCE criterion is
very difficult. This is because EBW is suited for optimizing a



single rational objective function such as MMI, but the MCE
objective function is a sum of multiple rational functions as
shown in section |1.B.

In this work, we show that the problem of minimizing a
sum of rational functions for MCE can be mapped to a
problem of maximizing a specialy constructed single rational
function. Then the origina EBW algorithm is extended to
congtruct a new growth transformation for optimizing the
MCE objective function for the HMM parameters. This new
learning technique gives a solid theoretical basis for stable and
monotonic convergence for the algorithm, and is well suited
for large-scale batch-mode HMM training.

The organization of this paper is as follows. In section 2,
we present our proposed method of optimizing the MCE loss
function using growth transformation or EBW, moving away
from the traditiona GPD method. Detailed theoretical
development is presented, including re-formulation of the
MCE objection function into a novel form of a rationa
function suitable for the application of the EBW algorithm.
This section also includes major steps in the EBW derivation
of the HMM parameter estimation formulas. In section 4,
experimental results on TI-Digits and Wall Street Journal
(WSJ) tasks are presented to demonstrate the effectiveness of
the proposed method.

I1. PROPOSED METHOD
A. Initial Construction of the MCE Objective Function

MCE learning was originally introduced for multiple-category
classification problems where the smoothed error rate is
minimized for isolated “tokens’[7]. It was later generalized to
minimize the smoothed “sentence token™ or string-level error
rate [2][8], which is known as “embedded MCE”. The MCE
objective function is defined first based on a set of
discriminant functions and a specia type of loss function.
Then the model is estimated to minimize the expected loss that
isclosely related to the recognition error rate of the classifier.

In the following sections, we denote by A the HMM
parameter set that needs to be estimated. Let r=1,..., R be the
index for multiple training utterances. Each utterance consists
of an acoustic observation vector sequence X;=X1, ..., X 1r »
which is computed from the audio signal of the speech
waveform, and the corresponding correctly labeled word
sring S = W 4,..., W Further, we use s to represent all
possible label sequences (strings) for the r-th utterance,
including the correct label sequence S and all other incorrect
label sequences.

At embedded MCE training, first a set of discriminant
functions is defined based on the correct string S and other
competing strings,

g, (X,;A)=log p(X,,s;A) . 1

Then the decision rule for the speech recognizer is the one that
for the observation data sequence X;,

C(X,)=s iff s =argmaxg, (X,;A). 2
s

For continuous speech recognition, usually only the N most
confusable competing strings, S 1,..., SN, a@e considered in
(2). They are defined inductively as follows.

s, =agmax logp(X,,s;A)
S8 %S

arg max
§'§#S §#S 1S

S, = log p(X,,s;A) i=2,...,N. (3)

Unlike the multiple-category classification problems, these N
confusable competing strings change dynamically after every
estimation iteration. In practice, they are re-generated at every
iteration through an N-best decoding, based on the model
obtained at the immediate previous iteration.

Next, a misclassification measure d, (X,,A) is defined to
emulate the decision rule for utterance r, i.e., d, (X,,A)>0
implies misclassification and d, (X,,A) <0 implies a correct
classification,

d (X, A)==0gg (X ;A)+Gg (X} A) . 4

where Gg (X;;A) counts for the score of competitors

competing with the correct string S. It is usually a soft-max of
the discriminant functions of the N most confusable competing
strings,

1
n

Gy (X,;A) =log {—=exp [ g, (X;:A) (5)
N <

For the widely used 1-best MCE training [17], only the best-
incorrect-string is considered, and Gg (X,;A) is.

Gy (Xi;A) =9, (X;A). (6)

Finaly, the loss function for a single utterance r is
typically a sigmoid function as originally proposed in [2][8]:

1

= 14 e %) (7

I (d. (X, A))
where we assume o =1 for simplicity in exposition without
loss of generality. This loss function emulates the zero-one
recognition error count function. i.e, when d (X,,A)>0,

which implies misclassification, the loss function approaches
to one, which essentially becomes a recognition error count.

Given the loss function for each sentence r, the loss
function over the whole training set with al R training
utterancesis



LMCE(A):%ilr(dr(Xr’A))' 8)

(8) is the empirical loss defined on the R independent
training utterances. It converges to the expected loss as R
increase. (8) is closaly related to the sentence error rate and is
the objective function to minimize for MCE training. The
traditional MCE methods minimize (8) via the technique of
probabilistic gradient descent or GPD, which we refer the
readers to an excellent review [2].

B. Re-formulation of the MCE Objective Function

In this paper, we will discuss the 1-best MCE training, i.e.,
se{S, s} for utterancer. Based on (1) (4) and (6), Equation
(7) can be re-written to

I CSENLN
|r(dr(xr'A))_ p(Xr73r,1|A)+ p(X,,S |A) ©

Minimizing the MCE objective function Ly,ce(A) of (8) is
equivalent to maximizing the following function Q(A) (where
Risthe fixed number of training utterances):

o & P(X..S [A)
QA) = Rl Lyce (A)) = 2 p(X..5, | A)+ P(X,.S |A)

(10)

Q(A) is a sum of multiple rational functions, not
amenable to the EBW-style optimization which requires a
single rational function. In the following, we will show how
Q(A) can be re-formulated to a special rational function in the
form of

> {p(xl,..., X Sien Sz [A)D6(s ,S,)}
s = = (11)
>

DD P(Xps e X Sy Sg | A)
S

where s is avariable of the r-th utterance, which can be either
the correct training string S, or the best incorrect string s; 1,
and 6(s,S) = 0if s=s1; 6(s,S) = 1if s=S.

To show that P(A) = Q(A), we make the usual
assumption that training utterances are independent with each
other:

Then, starting from (11), we have,

P(A) =

Z..-Z{p(xpaIA)p(Xz,---,XR,%,---,SR IA)[&%@H?&&S)H
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If we denote by X=Xy,...,Xg, S=S1,...,, and C(s) = > 5(s.,S) ,
r=1

P(A) can be re-written to

D P(X,s|A)C(s)
P(A) =
W 2. P(X,s|A)

(12)

After the re-formulation of (12), P(A) as the new objective
function for MCE (i.e.,, maximizing P(A) gives a minimum
MCE loss) is strictly in the form of a(single) rational function.
This enables us to invoke the EBW optimization technique
[4][5] that was previously applied to MMI only. In the next
section, we will give the EBW or growth transformation
formulas for re-estimating HMM parameters that optimize
P(A) and thus the M CE criterion. Due to the space limitation,
we only give a brief derivation for estimation of Gaussian
mean and covariance. A detailed version will be presented in a
full paper in the future.

C. Growth Transformation for MCE — Auxiliary Function

Growth transformation is an iterative optimization scheme
where if the parameter set A is subject to a
transformation A =T (A”) , then the objective function “grows’

in its value O(A) > O(A") unlessA =A’. Hence the name
“growth transformation”. For the interest of this paper, let A
consist of all mean vector and covariance matrix parameters of
Gaussian HMMs, and let A’ be the parameter set obtained
from the immediately previous iteration.

Asin [4], we construct the auxiliary function of

F(A;A)=G(A)-P(A)H(A)+D (13)



where G(A) =Y, P(X,S|A)C(s) H(A)=2 p(X,S|A)

Then, as shown in [4], as long as D is a quantity not relevant
to A, increasing F(A;A") guarantees to increase P(A); i.e,
P(A) = P(A) =55 [F(AA) = F(AA)].

After subgtitution, we first expand (13) into

F(A;A) =22 p(X,q,5|A)[C(s) - P(A)] +D (14)

where q is the Gaussian state sequence, and s= Sy,...,Sr, IS @
word string for each of the training utterances. And since A
congists of only mean and variance parameters, (q,s) is
independent of A, and hence p(X,q,9A) = p(X|q,A)p(q,s)-
Therefore,

F(ASA) = Z{Z p(a, s)[C(s) - P(A')]}D(X |9,A)+D

=Y [[T(A)+d(@)] p(x 0. A)dy (15)
9z

where T'(A") = 6(x, X)) p(q,9)[C(s) - P(A")], and

D=} 4d(q) is a quantity independent of A.

If d(q) is selected to make the term [T'(A)+d(q)] positive,
according to Jensen's inequality, increasing the value of
F(A;A") can be achieved by maximizing the following
function V(A; A):

V(AA) = Y [[T(A) +d(@)] p(z |6, A) log p(x |0, A)dy

= Z{Z p(X,q,s|A")(C(s) - P(M)}Iog p(X |0, A)

(16)
+>d(@)] p(x1a,A)log p(x | g, A)dy

Dividing V(A; A') by afactor p(X | A'), which is positive
and independent of A, we have the auxiliary function

U(A;A)
=Z{Z p(s| X,A)p(al X,S,A')(C(S)—P(A'))}Iog p(X | A)
+>d'(a)] p(x 19, A)log p(x |a, A)dy

(17)
where d’(q) =d(a)/ p(X |A").
Deﬁne ym,r,g (t) é p(qr,t =m | Xr’ ri

probability of being in state min the corresponding HMM at
time t given utterance r for word string s, where .. . (t) is

ready to compute through the forward-backward agorithm as

A") as the posterior

in [15]. Then after several steps of algebraic expansion, we
obtain

UAA) =D > Ay, ()log p(x , [m A)

, (18)
£33, 2.4t m) | p(z ImA")log p(z, |m A)dx

whered,(r't'm)=Zq:q,,,:md,(q), and y; is a vector-vaued

variable in the feature space, and

A= DS IX AVP(S 11X A) (Foneis O Fines, ©)  (19)

D. Growth Transformation for MCE — Optimization

We now optimize the auxiliary function given by (18) in order
to establish the growth transformation formulas for estimating
the HMM parameters. To proceed, we set

AU (A;A)/0A =0 (20)

Using | p(z ImAYdz =1, [ z-p(z ImA)dz = ),

andj = 1o — 1) P IMmAYd g, =27,

we obtaln the results for the mean vector and covariance
matrix associated with the Gaussian at state m of the HMM as;

DD AV, ()% + Doty

- r t

IS S Ay, 0+ D,
it

1 T
" ZZA7 (t)+ D { ZZ[Aymr (t)(Xm _Ium)(xr,t _:um) ]

(21)

+D, X0 + Dy (- 140) (- 17) "}
(22)

:ZR:Zd’(r,t,m) .

r=1 t

where D

E. Setting quantity Dy,

According to the above derivation, quantity D,, in the above
growth transformation or EBW estimates (21) and (22) is set
based on d(g), and d(q) is chosen so that the term
[C(AN+ d(g)] in (15) is positive. However, this may lead to a
very large D,, and slow down the training process. In practice,
we found that the following form of D,,, works well,

SO CIECTRCCRERN) A0
+ p(sr,l | XrlA,)Z J/m,r,sﬁ1 (t) ]

(23)



Readers may notice that the final formulas (21) and (22)
for MCE training have a similar form asto EBW equations for
MMI training (e.g., [10]). However, the computation of
severd key terms including Ay, (t) and Dy are very

different.
I11. EXPERIMENTAL RESULTS AND DISCUSSION

The experiments reported in this section are designed to
evaluate the new HMM learning technique based on the EBW
formulas (20) (21) for the MCE training, which is very
different from the traditiona gradient descent (GPD)
optimization method in [8]. We tested on two standard speech
recognition tasks, one small and one large, with details of the
experimental setups and results described below.

A. Experiments on the TI-Digits Task

TI-Digits is a speaker independent connected-digit task. Each
utterance in this corpus has an unknown length with a
maximum of 7 digits. The training set includes 8623
utterances and testing set includes 8700 utterances. In our
experiment, a word-based HMM is built for each of the ten
digits from ZERO to NINE, plus word OH. The number of
states of each HMM ranges from 9 to 15, depending on the
average duration of each word, and each state has an average
of six Gaussian mixture components. The speech feature
vector is computed from audio signal analysis, which gives 12
MFCCs (Mel-Frequency Cepstral Coefficients) and the audio
energy, plus their first-order and second-order temporal
differences.

The experimental results are shown in Table 1. The
baseline HMMs are trained with the maximum likelihood
(ML) criterion. The ML model gives aword error rate (WER)
of 0.30% on testing data. With growth transformation or
EBW-based MCE training, after four iterations, the algorithm
convergence is reached and the WER is reduced to 0.23%. As
a comparison, a conventional GPD-based MCE is aso
implemented for this task. As shown in Table 1, the best GPD
MCE result is with WER of 0.24%, which is obtained after 12
iterations over the full training data set (i.e., 12 epochs). The
results of this small-task experiment show that the new EBW-
based MCE learning method is dlightly better than the
conventional GPD-based MCE, and it gives significantly
improved efficiency in the training by providing much faster
algorithm convergence.

GPD EBW

ML MCE MCE

WER 0.30% 0.24% 0.23%
WER Reduction - 20.0% 23.3%

Table 1. Comparative recognition-accuracy performance
(measured by WER — the lower the better) of the new and
traditional M CE training methods, as well asthe ML method

B. Experimentson the WSJ Task

Experimental speech recognition studies have also been
conducted on the large-vocabulary WSJO0 task. The standard
WSJI0 SI-84 training set is used to train the baseline ML
HMMs and the standard 5K -vocabulary trigram test set is used
for model testing. The training data set has 15 hours of speech
data from 84 speakers, and the test data set has 330 sentences
of speech from 8 speakers. Context-dependent cross-word
triphone units are used. State clustering is performed based on
a phonetic decision tree and 3400 tied HMM states are
generated to form the acoustic model, with an average of 12
Gaussian mixture components for each HMM state. The
speech feature vector is 12 MFCCs and the audio energy, plus
their first and second temporal differences.

For large-vocabulary speech recognition tasks such as the
WSJ one, the conventional sample-by-sample sequential GPD
agorithm is not feasible to implement due to the difficulty of
paralelizing the training process. Hence, in our experiments,
only the proposed growth transformation or EBW-based MCE
training (which always runs in a batch mode) is tested. A 60K
trigram language modél is used to decode the training data for
generating the competing candidates in the MCE training.
After each iteration of the EBW algorithm, the training data
are re-decoded using the model generated from the previous
iteration. Then the new best-incorrect-strings are used in the
next iteration of the MCE training.

The recognition results are summarized in Table 2. The
ML-trained baseline system (denoted by Iteration 0) gives a
WER of 4.6% on the test set. This baseline HMMs give the
overall loss function RLyce(A) of 2973.2 (from Eqg. (8)) for
the entire training data. After eight iterations of the proposed
growth transformation or EBW-based M CE training, the WER
is reduced progressively to 4.2%, which corresponds to an
8.7% WER reduction. Correspondingly, the Lyce(A) value of
the overall MCE loss function is also progressively reduced,
as shown in Table 2. As expected, the reduction of the MCE
loss function is stable with each iteration; i.e., no oscillation
over the iteration (which often happens with the traditional
gradient descent technique of GPD). This property of stable
convergence associated with the proposed optimization
approach, as well its greater efficiency over the GPD method
has been observed throughout our experiments.

Iterations RLuce(A) (training set)  WER (test set)
0 (ML) 2973.2 4.6%
2 2302.3 4.4%
4 1924.3 4.3%
6 1662.0 4.3%
8 1468.4 4.2%

Table 2. Increasing performance (measured by decreasing
WER for the test set) of the new method for MCE training as a
function of the training iteration. The MCE loss function
Lumce(A) inthe training over the iterationsis also shown.



V. CONCLUSION AND FUTURE WORK

In this paper, a novel growth-transformation or EBW-based
method is developed for MCE-based discriminative learning
of HMM parameters. We present the solid theoretical
foundation for this new method with mathematical rigor,
which has not been published in the earlier literature. In
contrast to the conventional sample-by-sample sequential
gradient descent methods for M CE optimization such as GPD,
the proposed method has stable convergence and is easy to
paralelize in implementation over multiple processors, in
addition to being more theoretically appealing. We have
implemented and evaluated this new learning/training method
on two speech recognition tasks where audio analysis of the
speech waveform provides the fixed MFCC acoustic features.
In the small vocabulary task, we find that the new training
method provides significantly faster convergence and is more
stable than the traditional GPD method. It also gives better
recognition performance. For the large-vocabulary speech
recognition task, the traditional MCE optimization method
such as GPD is not feasible, because its sequential nature
makes it difficult to parallelize the training which is needed
for the very large amount of training data. Our new batch-
mode optimization method is directly parallelizable, as we
have implemented in the WSJ task. We have observed highly
stable and fast convergence of the EBW algorithm and
achieved significant recognition performance advantages over
the baseline ML training.

Our future work involves further refinement of the
learning technique discussed in this paper in two ways. First,
we plan to use recognition lattices as the source of competing
candidates in MCE-base discriminative training. The lattices
give a much richer representation of the competing candidates
than the 1-best string as we presented in this paper. Second,
we plan to modify the MCE criterion so that it can be applied
to substring-level (e.g., word) performance optimization.
Further, we plan to apply the novel discriminative learning
and optimization method present in this paper to other pattern
recognition problems, including those involving joint audio-
visua patterns.
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