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ABSTRACT

With the motivation of utilizing bi-directional contex-
tual dependence in acoustic modeling, in this paper, a bi-
directional hidden Markov modeling approach for speech
recognition is studied and the importance of bi-directional
contextual dependence for speech recognition is identified
by a series of comparative experiments. Furthermore,
hidden Markov random field based acoustic modeling
techniques using our previously proposed contextual vec-
tor quantization method and iterated conditional modes
algorithm which is very suitable for the parallel process-
ing implementation are also attempted. Their viability
is confirmed by a series of preliminary experiments in a
speaker independent isolated English letter recognition
task.

1. INTRODUCTION

Although hidden Markov modeling (HMM) techniques
are currently among the most successful approaches to
acoustic modeling for speech recognition, their perfor-
mance is limited, partly because observation feature vec-
tors at different times are assumed conditionally indepen-
dent given the underlying state sequence and partly be-
cause the first-order Markov chain assumption on the hid-
den state sequence does not adequately model the tem-
poral structure. In the past few years, much efforts have
been made to study the correlation between neighboring
feature vectors and different degrees of success have been
reported. As for the Markov chain assumption, some

‘efforts have been reported to extend the first-order as-

sumption to second order one. There are also efforts to
use Markov random field (MRF) model to replace the
Markov chain assumption. Although the use of MRFs
has a long history in image processing applications, only
recently MRF theory began to attract some researchers’
interest in speech recognition applications [6, 3, 5, 4].
Some cognitive experiments show that in a speech
utterance, the appearance of a particular phonetic seg-
ment may constrain the range of phonemes that might
appear next. Thus hearing a particular phoneme might
enable the perceiver to shrewdly predict the phonemes
likely to follow, narrowing the range of the phoneme can-
didates that would have to be considered. On the other
hand, there are also evidences to show that each phoneme
contains acoustic clues about the succeeding phoneme(s)
derived from the alteration in its own pronunciation. We
believe that this kind of bi-directional contextnal depen-
dence information also exists in a lower level and should
be considered in acoustic modeling for speech recogni-
tion. This motivates the work presented in this paper.
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2. STATISTICAL ACOUSTIC MODELING

In acoustic modeling for speech recognition, a speech ut-
terance is usually represented by a sequence of observed
feature vectors X = ( x1, X2, + -+, X7). Each “observed
data” x:, to be modeled as a realization of a random
vector, can be interpreted as a partly observed version
of a “complete data” y: = (x, z:), where z is the miss-
ing value (hidden state) and takes one of a finite set of
K qualitative values ¢ = {G1, G2, -+, Gk} to repre-
sent a particular articulatory configuration. The “miss-
ing data” (hidden state) sequence Z = ( 21, 22, - -+, z7)
represents the corresponding temporal changes of the ar-
ticulatory configurations. The probability density func-
tion (PDF) of y. is assumed to be

p(ye) = p(xe, 2) = p(Xelze) - Pr(z:) . 1)

Then in terms of the factorization in equation (1), the
marginal density for x; is

K
pxe) =Y p(xilze =Gy) - Pr(z=G;).  (2)

j=1

In this case, X; is said to have a finite mizture distri-
bution. Under different assumptions for the dependence
structure associated with the random variables Y = (X,
Z), different acoustic models can be identified. For ex-
ample, we assume the x.’s are independent given z’s.
When the z’s are assumed to be independent and thus
marginally the z;’s are samples from a multinomial model,
the mixture model is then considered as a hidden multi-
nomial model. When the z’s are assumed to follow a
Markov chain on the state space G, this lead to HMM
which has become a predominant approach for speech
recognition during the last decade. A more general ap-
proach is to assume the z:’s following a MRF and this
lead to the so called hidden MRF model.

3. BI-DIRECTIONAL HMM OF SPEECH

In hidden Markov modeling (HMM) of speech, the hid-
den state sequence 21, z2, - -+, zT are arbitrarily assumed
to be a partial observation of a Markov chain. Accord-
ing to the property of a Markov chain, a Markov chain
looked at in reverse order will be a Markov process, but
in general its transition probabilities will depend on time
and hence it will not be a Markov chain. If one pre-
tends to be blind of the success of the conventional HMM
where z3, 2, - -+, 27 are arbitrarily assumed to follow a
Markov chain, on the contrary, in view of the fact of the
bi-directional contextual dependent nature in the speech
production process as stated above, one may naturally
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Table 1: Performance comparison (% correct) between
forward {fwd) and backward (bwd) HMMs

Type of HMMs

type DHMM EG-CDHMM | LR-CDHMM
close | open | close | open | close | open
fwd | 85.0 { 73.9 66.9 65.1 71.8 68.6
bwd | 82.5 69.9 68.0 66.5 71.9 68.4

ask the following question: how about the performance
of the backward HMM where z7, 27_1, ---, 2 are also
assumed to be a partial observation of a Markov chain?
In order to answer this question, a series of experiments
are conducted.

The experiments involve speaker independent recog-
nition of 26 letters of the English alphabet. The utter-
ances from the OGI ISOLET database produced by 150
talkers (75 females and 75 males) are used. Each talker
utters each of the letters twice. Among them, speech
tokens from 120 talkers are used for training and the re-
maining tokens from the other 30 talkers for testing. To
imitate the effect of a telephone bandwidth, the speech
data originally sampled at 16 KHz are lowpass-filtered at
3.3KHz and down-sampled to 8 KHz. The feature vectors
used in this study consist of 12 bandpass-liftered LPC-
derived cepstral coefficients with a 30ms frame length and
a 10ms frame shift. In recognition, the decision rule as-
signs an unknown letter according to the highest forward-
backward probability.

Three cases are considered. In the first experiment,
a 256-vector codebook is generated from the training to-
kens of 120 talkers by using the LBG algorithm with
a Euclidean distortion measure and used in all experi-
ments. For each letter, at first, a left-to-right 5-state
discrete HMM (DHMM) with arbitrary state skipping
is trained with the traditional Baum-Welch algorithm.
Then, by reversing all the training data sequences, a
backward DHMM with the same structure as the forward
one is also trained for each letter. In the second exper-
iment, 5-state ergodic continuous density HMMs (EG-
CDHMM), one forward, one backward, are trained for
each letter. The state observation density is assumed to
be a single Gaussian density with diagonal covariance
matrix. Finally in the third experiment, 5-state left-
to-right CDHMMs (LR-CDHMM), one forward and one
backward are adopted for each letter. The corresponding
close and open test recognition rates are summarized in
Table 1.

Table 1 clearly shows that by using the backward
HMMs, reasonable recognition rates are also obtained in
comparison with their forward counterparts. This fact
shows that by assuming the reversed hidden state se-
quence to follow a Markov chain, the resultant backward
HMMs are also useful for speech recognition, albeit the
theoretical fact that a Markov chain which is usually as-
sumed in forward HMMs, looked at in reverse order, in
general, is not a Markov chain. This observation may
also suggest that the speech model which captures con-
textual information need not be highly accurate for it to
be useful. What is critical for speech modeling may lie in
the way to account for local temporal interactions of the
underlying state sequence as well as the feature vectors
themselves.

With the above observation, one wants to know if
there exists the potential of using some techniques to
combine the two recognizers with corresponding forward
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and backward HMMs into one whose accuracy is greater
than either individual recognizer can obtain. The sce-
nario is like this: For each speech unit one has two models
{A for forward HMM and A for backward HMM). Thus,
given an unknown utterance X, corresponding to each
speech unit, two opinions are encoded as two probabil-
ity distributions (p(X]A) and p(X|A)) to represent the
degrees of belief that the unknown utterance belongs to
this speech unit. The problem now becomes how to ag-
gregate the above two opinions to enhance the individ-
ual’s decision based on a single evidence of belief. One
possibility to combine the probability distributions is to
use so called linear opinion pool. The discriminant func-
tion of the recognizer can be defined as

TXXA) = o p(XP) + (1 ~a) p(X]}),  (3)

where o is a non-negative weight. With this discrimi-
nant function, a series of recognition experiments are con-
ducted to examine the effects of different weighting values
of o with the forward and backward DHMMs trained in
the previous experiments. The same « is used for all
speech units. The related recognition rates are tabulated
in Table 2. As for how to determine the optimal values
of the weighting coefficient o, one may use the similar
technique of the so called deleted interpolation, which has
been used popularly and successfully in HMM smoothing
to solve the insufficient training data problem.

Table 2 clearly shows that with an appropriate weight-
ing coeflicient, the combined recognizer has a recognition
accuracy greater than that of either one-sided HMM.
The method benefits from the consideration of the bi-
directional contextual dependence information which are
critical for speech modeling. So far as this is concerned,
one wants to know if there exists an integrated formu-
lation of this kind of information. Because MRF mod-
els provide an excellent vehicle for blending information
about local temporal interaction into a global framework
[1, 2], in the following section, such kind of models will be
explored. However, note that according to the existing
literature on MRFs, it is still an open problem to estimate
the parameters of hidden MRFs and to get the global
maximum a posteriori (MAP) estimate of the most likely
hidden state sequence corresponding to an observed fea-
ture vector sequence. The difficulties stem from the con-
ditional distribution structure of MRFs which makes the -
computational demand for the Monte Carlo simulation
of MRF's very substantial. As a consequence, many ap-
proximate methods related to parameter estimation and
state labeling have been developed. Also noted is the
fact that in this paper, an MRF is not viewed as a defini-
tive representation of a speech utterance, but rather, as
a locally dependent MRF serves only to provide a way
of formalizing the motivation of utilizing the contextual
dependence in a hidden state sequence.

4. MRF BASED ACOUSTIC MODELING

4.1. CVQ Based Acoustic Modeling

With the motivation of utilizing the bi-directional contex-
tual dependence in a hidden state sequence, we have pre-
viously proposed a contextual VQ (CVQ) method based
on the MRF theory to model the speech feature vector
space [3]. Its superiority over other alternative methods
is confirmed by a series of comparative experiments in
a speaker independent isolated word recognition task by
using different VQ schemes as the front-end of DHMM. In
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Table 2: The effects of combined recognizer with the forward and backward HMMs )

Weight « 1.0 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 0.0
Close-test | 85.0 | 85.4 | 86.1 | 86.6 | 86.8 | 86.9 | 84.6 | 86.0 | 85.2 | 84.1 | 82.5
Open-test | 73.9 | 75.5 [ 75.8 | 76.0 | 75.9 | 75.8 | 75.2 | 74.2 | 72.8 | 71.3 | 69.9

this section, a preliminary study is conducted to extend
CVQ method for acoustic modeling of the basic speech
units in speech recognition.

Let x1, X2, -+, X7 be an observed speech feature
vector sequence corresponding to a basic speech unit.
Fach speech unit is modeled by a stochastic machine
(model) A = {G,P, F} with the associated CVQ code-
book ¢ = {Gi,k = 1,2, o K P o= {wi,pij, gix}
represents the stationary prior distribution Pr(z:) and
the directional transition probabilities Pr(z¢41|z:) where
wi = Pr(ze = Gi), pij = Pr(z41 = Gjlze = G;) and
gik = Pr(zi-1 = Gilze = Gi). F = {fi(x;8:)} repre-
sents the set of PDFs corresponding to each codeword
G; with the associated parameters denoted as §; where
fi(xs;60:) = p(xi|ze = G;). Here, for simplicity, each
fi(x;8;) is assumed to have a normal PDF N (z|u;, Z;)
with p; being the D-dimensional mean vector and T; be-
ing the D X D covariance matrix.

A CVQ labeling method is as follows: given an obser-
vation sequence X1, Xz, ---, X7, assign each X; to code-
word (or state) G; if

G;

argmax Pr(z) - p(X¢|2t)
=t

Z Pr(zi-1|2t) - p(Xe—1|2ze—1)

Zi—1

ZPr(zH.l]zt)~p(Xt+1th+1) , (4)

Zi41

where the last two bracketed terms represent the contri-
bution of contextual information. For labeling of bound-
ary feature vectors, say, x; and xr, only its right or left
contextual information respectively are used. Although
alternative methods exist, a so called decision-directed
(DD) method was adopted to estimate the CVQ model
parameters and readers are referred to [3] for details of
the CVQ training algorithm.

By using the CVQ method, one can generate a CVQ
model for each speech unit. Let’s consider a collection of
M such models, A = (A1, Az, -, Aur), where A, denotes
the set of parameters of the m-th model, one for each
speech unit. Given an unknown utterance X = ( x,,
Xz, -+, XT), the corresponding missing state sequence
ZO = (A9, 289, ..., 4D is identified with the CVQ
labeling method using each CVQ model in turn. Then,
with the discriminant function defined for class C; as the
accumulated likelihood function

T
g:(Xsx) = [ £xele?)

t=1

(3)

speech recognition can be done by making the decision for
each input X by choosing the largest of the discriminants
evaluated on X which is often generically stated as

CX)=0Ci, for gi(X5A) = max g (X;45), (6)

where C(-) denotes a classification operation.
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4.2, ICM Based Acoustic Modeling

In MRF-based acoustic modeling for speech recognition,
to find the “optimal” state sequence Z associated with
the given observation sequence X, apart from the above
CVQ labeling algorithm, a more general labeling algo-
rithm called ICM (iterated conditional modes) algorithm
can be adopted [2]. The ICM algorithm is a deterministic
iterative algorithm which enables one to find a local max-
imum of the posterior distribution Pr(Z|X,\) and thus
to get an approximate MAP (maximum a posteriors) esti-
mate of the hidden state sequence. More specifically, the
ICM algorithm is an iterative algorithm to decompose
the global optimization problem

Z" = argmax Pr(Z|X, ) (7)

into the following local optimization problems
z§n+l)

= argmaxp(x:|z)Pr(z|sy)),  (8)
t
where 7, is the neighborhood of the site ¢ and zg,:l) is a
provisional estimate of z, at the n-th updating. When
applied to each frame (site) in turn, this procedure de-
fines a single cycle of an iterative algorithm for esti-
mating Z*. As an initial estimate Z(®), one can nor-
mally adopt the conventional maximum likelihood clas-
sifier which merely choose 2 to maximize P(zi]z:) at
each t separately. One then applies the algorithm for a
fixed number of cycles or until convergence (no changes
of labels in two consecutive cycles) to produce the final
labeling Z*. In practice, convergence seems extremely
rapid, with few if any changes occurring after several cy-
cles (specifically here 4 cycles).

The above updating procedure represents one extreme.
In practice, other more efficient updating schemes can
also be adopted, but convergence can no longer be guar-
anteed and small oscillations may occur. Another ex-
treme is to use synchronous updating whereby each new
estimate of z; is calculated in turn according to equa-
tion (8), but the current estimate of Z is not updated
until each cycle is completed. The partially synchronous
scheme, in which coding sets of sites [1] (specifically here
two sets: odd-number frames and even-number frames)
are simultaneously updated, provides a useful compro-
mise. This procedure is also very suitable for the parallel
processing implementation, provided a single processor is
dedicated to each frame, and it is adopted in this study.

To use above ICM algorithm for acoustic modeling,
similar formulation can be adopted as in CVQ case. The
only difference is that in ICM formulation with first-
order MRF considered, the local conditional distribu-
tion Pr(z¢|zt~1, 2¢41), instead of bi-directional transi-
tion probabilities as in CVQ case, is used in hidden state
sequence labeling. Although specifically designed Gibbs
distribution should be used in MRF modeling, for sim-
plicity, in this study we assume Pr(z; = Gi|z;—; = Gy,
ze41 = Gy) is stationary and represented directly by pi;x
as model parameters. As for the ICM model parame-
ter estimation, the following decision-directed training
method is adopted.
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Step 1. Given n training feature vectors, obtain an ini-
tial estimate of {p;;x}, {#:} and {Z:} with conven-
tional methods, also obtain an initial estimate of
hidden state labels.

Step 2. Based on the current estimate of the model pa-
rameters and the state labeling, carry out a single
cycle of the ICM labeling algorithm on the train-
ing data set to obtain: a new state labeling, nijx
= count of {z:—1 = Gj, 2t = Gi, z¢41 = G} and n;
= the number of training vectors assigned to state
G;.

Step 3. Update the parameters as follows:

nijk/zinijk 9
Lo AN ()
Bo= n—izﬁlxj (10)

n 1 n; 3 . i N
057 = )6 — ), (a)

Pijr =

X = —

g

where xy) denotes the yth training vector assigned
to state G;.

Step 4. Repeat steps 2 and 3 for a fixed number of cycles
or until convergence (e.g. no change of labeling re-
sults in two consecutive cycles or the variation of
the total likelihood is less than a predefined thresh-
old). '

Note that the restriction that at least DD + 1 observa-

tions belong to each G; is needed to avoid the degenerate

case of infinite likelihood. Due to the insufficient training
data problem, smoothing of p;jx is sometimes necessary
in practice. The simple threshold method is adopted in
this study: if p;jr are less than a predefined threshold

(e.g. 107°), they are set to the threshold value and re-

normalized to comply with the stochastic constraints.

4.3. Experimental Result

To examine the effects of the hidden MRF-based method
for speech recognition, a series of comparative experi-
ments are conducted. The recognition task is the same
as the one in previous experiments in section 3. For each
letter, the LBG codebook with 5 codewords is first gen-
erated. Then, 5-state CVQ and ICM models are trained.
The related experimental results are summarized in Table
3. For comparison purpose, the recognition rates with 5-
state ergodic CDHMMs are also listed (simply labeled as
HMM). The fact that the performance with MRF-based
methods is slightly better than the other methods con-
firms that the proposed methods which take into account
the bi-directional contextual dependence information are
viable for acoustic modeling of the basic speech unit in
speech recognition. Further research along this line of
thought are definitely needed to make this kind of meth-
ods applicable to a real-life speech recognition system.
One possibility is to adopt the parametric distribution
such as the Gibbs distribution which is expected to use
less parameters to model the hidden sate sequence. An-
other possibility is to use MRF to directly model the local
correlation of the speech feature vectors.

5. SUMMARY AND DISCUSSIONS

With the motivation of utilizing bi-directional contex-
tual dependence in acoustic modeling, in this paper, a bi-
directional hidden Markov modeling approach for speech
recognition is studied and the importance of bi-directional
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Table 3: Performance comparison (% correct) of MRF-
based approach and other methods

Methods | LBG | HMM | CVQ | ICM
close-test | 62.0 66.9 68.1 68.2
open-test | 60.1 65.1 65.6 65.8

contextual dependence information for speech recogni-
tion is identified by a series of comparative experiments.
Furthermore, hidden MRF-based acoustic modeling tech-
niques using a previously proposed CVQ method and
ICM algorithm which is very suitable for parallel pro-
cessing implementation are also attempted. Their viabil-
ity is confirmed by a series of preliminary experiments.
In view of the fact of the bi-directional contextual depen-
dent nature in the speech production process as stated in
the introduction section, the motivation and techniques
presented in this paper can also be applied to statisti-
cal and stochastic language modeling at different level
to take advantage of the bi-directional constraint which
apparently exists in any natural langnage. Despite the
intuitive appeal of the motivation to use MRF to model
contextual dependence in the underlying speech produc-
tion process, its potential usability in speech modeling
will depend critically on the solution of some fundamen-
tal problems which include the selection of the appropri-
ate MRFs for speech modeling, the efficient parameter
estimation approach, and the computationally effective
method for the MAP identification of the hidden state
sequence. What is important at this point is not the
techniques that have been presented here, but rather an
understanding of the problem, from which one can hope
that more sophisticated techniques will evolve.
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