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ABSTRACT

In our previous work, we have presented an approach of minimum
classification error linear regression (MCELR) for adaptation of
Gaussian mixture continuous density HMM (CDHMM) parame-
ters. It is shown that a stochastic approximation approach known
as the GPD (generalized probabilistic descent) can be used to op-
timize the MCE objective function. However, it is relatively diffi-
cult to set an appropriate value for the learning control parameter
to achieve a fast yet stable GPD optimization process. In this pa-
per, we study another batch-mode approximate second-order opti-
mization approach, namely Quickprop, aiming at speeding up the
convergence of the objective function of MCELR while making
the learning more robust. It is demonstrated by a series of experi-
ments for supervised speaker adaptation that Quickprop is a better
alternative to GPD for MCELR.

1. INTRODUCTION

In [1], we have presented a formulation of minimum classifica-
tion error linear regression (MCELR) approach for adaptation of
Gaussian mixture continuous density HMM (CDHMM) parame-
ters. It is demonstrated that the MCELR can be used to adapt
the MCE-trained HMM parameters under a consistent criterion of
minimum classification error. In a supervised speaker adaptation
application, we observe that such adapted models perform better
than the MLLR-adapted ones from ML-trained seed models. We
also observe that the MCELR performs consistently better than
MLLR for either set of seed models. In all of these experiments,
we have used a stochastic approximation approach known as the
GPD (generalized probabilistic descent) for optimizing the MCE
objective function. However, it is well known that the effective-
ness of the GPD-based optimization relies heavily on the appropri-
ate setting of the learning rate. That is, for different training data
and smoothed objective function, the optimal learning rate may
be different. Generally speaking, the learning rate should be fine-
tuned by a series of experiments for each specific application task
and scenario. This turns out to be not so practical for MCELR-
based adaptation because of the changing size and nature of the
adaptation datafor different speaker. Traditional second-order op-
timization methods such as Newton's method or secant methods
(historically also called quasi-Newton's methods) are thus attrac-
tive alternatives for MCELR because they are less sensitive to the
learning control parameters.
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Nevertheless, the exact implementation of such second-order
methods demands a Hessian matrix that can be either calculated
analytically or approximated via some computationally intensive
procedures[2]. For large scale optimization problems, some heuris-
tic strategies have to be adopted to make the algorithms practical.
Among many approaches, the Quickprop [3] is demonstrated to
be useful in quite a few applications (e.g., [4], [5]). Motivated by
these previous studies, we have conducted a comparative study by
using Quickprop and GPD for MCEL R-based speaker adaptation
in a continuous Putonghua (Mandarin Chinese) recognition sys-
tem. In the following, we compare these two approaches in the
context of MCELR, report the experimental results, and discuss
the strength and weskness of the individual algorithms.

2. MCELR FORMULATION

Like most of linear regression based adaptation approaches, such
asMLLR [6], al of the Gaussian components from all CDOHMMs
will be clustered into several regression classes as determined by
aregression class tree in the context of MCELR. For a particular
class m, R similar Gaussian components {mr}f’:1 share two lin-
ear transformations for the estimation of the new mean vectors and
covariance matrices. In the scenario of speaker adaptation, these
linear transformations are estimated using a set of adaptation sam-
ples, X = {X1, Xa,..., X1}, from the target speaker.

Similar to that of the M CE framework formulated originally in
[7], the objective function of MCELR is formed as the empirical
classification error defined on the adaptation set,
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where © and A denote the parameters of linear transformations
and CDHMMss, respectively. Thelossfunction I(X; A, ©) in Eq.(1)
is approximated by a sigmoid function as follows:
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where o and 3 are two control parameters. In the above equation,
d(X; A, ©) isamisclassification measure defined as follows:

where g(X; A, ©) is a discriminant function for recognition de-
cision making, which is usually defined as the log-likelihood of
X under the current HMM parameters transformed from A by



0. g(X; A, ©) isan antidiscriminant function based on either the
competing N-best list or word lattice (refer to [1] for details).

For simplicity, only the linear transformation W™’s for mean
vectors are considered as transformation parameters in the foll ow-
ing discussion and experiments. Generally speaking, for an uncon-
strained optimization problem, the accuracy of the solution can be
greatly affected by the conditioning of the Hessian matrix at that
solution. In MCELR, athough it is difficult to derive the Hessian
matrix and thus impossible to properly scale each transformation
parameter to improve the conditioning, it is till helpful, accord-
ing to our preliminary experiments, to normalize the mean vectors
during the transformation as follows:

fim, = Cn, pim, 4
where C,,,. isthe matrix satisfying
S = Cm,Cnm, (5

and p,,, and %,,, are the n-dimensional mean vector and the
n X n covariance matrix of the m,-th Gaussian component be-
fore transformation, respectively. Then the linear transformation
W™ is applied to the normalized mean vectors and the new mean
Vector fi,, will be

fim, = Crmpt W, (6)

where &, = (1, fi1, fi2, - - -, jin) " isthe extended vector of fi,,,,
and W™ = {wy, } isthen x (n + 1) matrix to be estimated.

Based on the above notations, the (u, v)-th element of the gra-
dient direction {™ used for the optimization of W™, given an adap-
tation sample with a sequence of T feature vectors, X = {xt}thl ,
is derived as
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where a.,,. (t) is acoefficient related to the occupancy probability

of m,-th Gaussian component after transformation at time ¢ and

Puv (x¢, m, ) isthe (u, v)-th element of the following matrix:

(@t = fim,)  &m, - ®)
Tofacilitatethe clear presentation of the algorithmsin next section,
W™ andl™ arealsore-written asthe (n?+n)-dimensional vectors
wm = {w"}/=, and I, = {I]*}]_,, respectively, while for each
index j, thereisan unique index pair (u, v) associated with it.

(I)(mh mT) = Cmv‘

3. OPTIMIZATION ALGORITHMSFOR MCELR

3.1. Generalized Probabilistic Descent Algorithm

In order to minimize the objective function of Eq.(1), thefollowing
GPD algorithm can be applied to the updating of w;,,,

Wi (p,k + 1) = w" (0, k) — epil]" (p, F) 9

where p refersto the current epoch of iterations and & refersto the
cumulative number of training samples presented in this epoch so
far. Thelearning rate e,,;, tends to zero with the increase of p and
k, following the schedule described in [1], from an initial value e
whichistheonly parameter controlling the optimization process of
GPD. Ij" (p, k) denotes " calculated using Eq.(7) with the current
transformed HMM parameters and the k-th sample of p-th epoch.

Although the efficacy of this sequential procedure has been
demonstrated by many experiments, it is still uneasy to use in the
optimization of MCELR. Firstly, the sequential procedure has to
be used if the training samples are not available before learning
starts. However, if all samples are available in the case of batch-
mode supervised adaptation, collecting the total gradient informa-
tion before deciding the next step can be useful to avoid a mutual
interference of the parameter changes, especidly for the large-
scale problems. Undoubtedly, one of the reasons in favor of the
sequential approach isthat it can introduce some randomness that
might be helpful in escaping from a “bad” local optimum. How-
ever, there is also the risk of missing a good local optimum for
the same reason. Actualy, the choice of using a sequential or a
batch mode optimization depends on the nature of the task under
investigation. Secondly, GPD needs a careful tuning, via “trial-
and-error”, of the learning rate, to achieve a good learning behav-
ior. Unfortunately, according to our experiments on MCELR, the
GPD optimization processis sensitive to theinitia value, ¢, of the
learning schedule, yet the most suitable value varies greatly for dif-
ferent speakers. Therefore, it isdifficult to exploit the full potential
of MCELR if only afixed learning rate schedule can be used for
different speakers with different amount of adaptation data, that is
unfortunately the case in speaker adaptation application.

3.2. Quickprop Algorithm

An aternative approach for mitigating the above drawbacks of
simple gradient scheme is to use second-order information to de-
cide the parameter updates. Usually, the second-order methods
are implemented in a batch mode. For example, the batch mode
Newton’s method will adopt the following formula to update the
parameters:

win (p+1) = Wi (p) = [Hn (p)] " im(p) , (10)

if the J x J Hessian matrix H,.,(p)( £ Vi (p)) is positive def-
inite, where ., (p) = Y.1_, lm(p,i)/1 isthe total gradient infor-
mation of the current epoch. However, for an objective function
like Eq.(1), the computation of the Hessian matrix is very compli-
cated. Inthe work presented here, we use the following Quickprop
algorithm to approximate the j-th diagonal elements h;; of the
Hessian matrix and treat the other off-diagona elements as zero:
o™ (p mp)—irp-1
hyp) = W LW R g

owr  wi(p) —wi*(p—1)

Using Eq.(10) and (11) gives

i7" (p)

wit(p+1) = wj (P)—W

[wi*(p) — wj*(p = D] -
(12)

The rationale behind the diagonal approximation of Hessian
matrix by Quickprop algorithm can be explained in ancther way
based on two “risky” assumptions made by Fahiman [3]:

e First, the curve of aobjective function with respect to each
individual linear transformation parameter can be approxi-
mated by a parabola whose arms open upward;

e Second, the change in the slope of the curve, as seen by
each individua transformation parameter, is not affected
by all the other transformation parameters that are indeed
changing at the sametime.



Therefore, for each parameter, we can use the gradient vectors
measured in the previous and current iterations, say, I;*(p — 1)
and I (p), and the related parameter update, Aw!" (p — 1)( £
wi*(p) — w]*(p — 1)), to predict independently the next step ac-
cording to the upward parabola determined by these measurements.
It thus needs only simple computation to jump directly to the min-
imum point of the suppositional parabola:

Awi*(p) = kKp)Awj (p—1) (13)
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which isin concordance with that of Eq.(12).

It should be noted that the Eq.(10) can lead to a local opti-
mum only when the Hessian matrix H,, is positive definite and
the initial point is sufficiently close to the optimum. The Quick-
prop also suffers from such limitations. Hence, for the case where
the current gradient is same in sign as the previous gradient but is
the same size or even larger in magnitude, which leads to a zero
or negative h;;, the assumptions of Quickprop will not be true any
more. If Eq.(13) is followed blindly, an unreasonable infinite or
actual backward step will occur, which would end up the itera-
tion at apoint out of the trustworthy region or even toward alocal
maximum. In this case alimit on the next step size hasto be set as
the p times the previous update step. This parameter p is called
“maximum growth factor” and usually set as 1.75. On the other
hand, when the current gradient direction ;" (p) issamein sign as
the previous gradient i;” (p—1) butislessin magnitude, x(p) will
be positive which means the direction of the minimization is still
not changed and previous step should be maintained in sign for the
current update. When the current gradient is opposite in sign with
the previous gradient, «(p) will be negative, which meansthelocal
optimum was crossed just now and a back step should be taken.

Another requirement in implementing Quickprop is to boot-
strap the learning process when there is no previous update and
gradient direction at the beginning of the first epoch. Also the
similar case will occur when the process should be restarted for a
particular parameter that was taken a step of zero previously but
isnow located in a non-zero-gradient region because something is
changed with the update of other parameters. In our experiments,
a GPD term, where the learning rate e, tends to zero from e, with
the increase of the epochs, once again, is used alone for the boot-

strapping.
4. EXPERIMENTSAND RESULTS

4.1. Experimental Setup and Baseline Systems

To compare and identify the strength and weakness of GPD and
Quickprop agorithms for optimization in MCELR adaptation, a
series of experiments for continuous speech recognition of 410 Pu-
tonghua (Mandarin Chinese) base syllables disregarding tones are
performed. As for the syllable language model, a uniform gram-
mar with a syllable perplexity of 411 (i.e., each syllable can be
followed by any of the 410 syllables and silence) is used. All of
the recognition experiments are performed with the search engine
of HTK3.0 toolkit [8]. Other experimental setup is the same as
that in [9] and is outlined in the following.

Two speech corpora are used for our experiments. The first
speech corpusis the HKU96 Putonghua Corpus, which consists of
atotal of 20 native Putonghua speakers, 10 females and 10 males,
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Fig. 1. Learning curves, in terms of empirical classification error,
averaged over 12 speakers with respect to the number of epochs
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Fig. 2. Learning curves of 12 individual speakers

each speaking hundreds of sentences from newspaper text. 18224
sentences (about 15.5 hours of raw speech) from 18 speakers (9
males and 9 females) are used to train our baseline S| (speaker in-
dependent) ASR systems using M CE criterion. The second database
is the 863 Putonghua Corpus acquired from mainland China. 12
speakers (6 males and 6 females) are randomly chosen from this
corpus to serve as the Sl testing speakers. Among al of the 519
sentences by each speaker, 100 sentences are reserved for testing
and the remaining for adaptation.

To construct our baseline systems, for each speech frame, a
39-dimensional feature vector is generated which consists of 12
MFCCs and log-scaled energy normalized by the peak of the in-
dividual sentence, plus their first and second order derivatives.
Sentence-based cepstral mean subtraction is applied in both train-
ing and adaptation/testing. The basic speech units are the triphones
considering both the within-syllable and cross-syllable contextual
dependencies. Each triphone is modeled by a left-to-right 3-state
CDHMM. There are 3000 tied-statesin total, each having 4 Gaus-
sian mixture components with diagonal covariance matrices. The
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Fig. 3. Performance (syllable accuracy in %) comparison averaged
over 12 speakers with respect to the amount of adaptation data per
speaker (in minutes)

baseline system is a speaker independent decision-tree based mix-
ture Gaussian tied-state HMM system trained first by using the ML
criterion from the speech datain HKU96 corpus and then updated
iteratively by minimizing the embedded syllable string error rate.
Hereinafter, all of the MCELR experiments will be started
from this MCE-trained seed model with the initial transformation
parameters being the MLLR matrices. A common regression tree
with 161 |eaf nodes and theword latticesused for MCELR are both
derived from the ML-trained CDHMM using the HTK 3.0 toolkit.

4.2. Comparison of Learning Behavior of GPD and Quick-
prop Algorithms

Starting from the MCE-trained speaker independent CDHMMs,
we performed supervised MCELR adaptation experiments on 12
testing speakers by using both sequential mode GPD and batch
mode Quickprop agorithms for optimization. One set of experi-
mental results when the amount of adaptation datafor each speaker
is 6 minutes are plotted in Fig.1. In these experiments, differ-
ent values of ¢ for both GPD and the bootstrapping process to
start/restart Quickprop are chosen while al the other control pa-
rameters, such as « and 3, are kept the same. It is observed that
in terms of objective function (empirical classification error), the
convergence of sequential gradient descent method is much slower
than that of Quickprop agorithm, albeit the optimization of Quick-
prop is not fast either or even oscillates during the first severa it-
erations.

By comparing the learning behavior of GPD and Quickprop
algorithms with different learning rate, it is observed that GPD is
more sensitive to the ¢p value than Quickprop. Furthermore, we
plot individualy, in Fig.2, the learning curves of 12 speakers cor-
responding to the curves GPD(0.2) and Quickprop(0.2) in Fig.1.
It is observed that, for Quickprop agorithm, the objective func-
tions for all speakers are reduced to a similar low level after sev-
eral epochs. However, the dynamic range of the learning curves by
GPD is almost unchanged, which implies that the objective func-
tions for some speakers may not reach their optimum, given the
common parameter value €.

4.3. Comparison of Performance

The total number of training epochs is set to be 10 in this set of
MCELR experiments. Fig.3 shows the performance comparison of
three sets of speaker adaptation experiments on 12 speakers with
respect to the amount (in minutes) of adaptation data per speaker.
In the figure, MCEL R-Quickprop and MCELR-GPD refer to the
M CEL R adaptation starting from the M CE-trained seed models by
Quickprop and GPD agorithms, respectively.

Itis observed that although M CEL R-Quickprop decreases the
objective function much more than MCELR-GPD, it can not as-
sure asimilar impressive performance improvement in recognition
accuracy. The performance of MCELR-Quickprop only outper-
forms dightly over that of MCELR-GPD. For the case of small
amount of adaptation data, Quickprop is even worse than GPD
agorithm. It might be attributed to the “over-training” problem
when the adaptation data are not sufficient and representative enough.

5. SUMMARY

We have presented a heuristic approach of an approximate second-
order optimization algorithm, namely Quickprop, for MCELR adap-
tation. By a series of comparative experiments, we demonstrate
that in comparison with GPD, Quickprop algorithm can achieve
faster convergence yet be less sensitive to the setting of the initial
learning parameter in the optimization of the objective function for
MCELR adaptation. It isour hope that this study will enable more
ASR systems to be constructed by using MCE for both training
and adaptation.
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