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ABSTRACT

It has been previously shown that augmenting a
standard HMM with a set of vector linear predictors
can improve recognition rates compared with standard
HMMs. The set of vector linear predictors associated
with each state improve the HMMs ability to model the
correlations in real speech data, and help to overcome
the HMM state-conditional independence assumption.
However, introducing extra parameters into the model
requires more training data. This problem can be
partly overcome by sharing the predictor parameters
between multiple HMM states, and hence more robust,
but less specific estimates of the predictor parameters
are obtained. This paper develops the theory and im-
plementation of arbitrarily shared vector linear predic-
tion for hidden Markov models. For most predictor
offsets, predictors shared across all states of an HMM
provide more accurate recognition on both training and
test data sets than equiva%ent HMMs without predic-
tors when evaluated on a British English E-set recog-
nition task.
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1. INTRODUCTION

Hidden Markov models (HMMs) are very successful as
models for speech recognition. However, the assump-
tions made by an HMM as to the underlying nature
of the speech signal are poor. In particular, it is as-
sumed that each observation vector i1s conditional on
the state that produced it but not on the other obser-
vation vectors (the “independence assumption”). Mod-
elling of signal dynamics can be somewhat improved by
the now standard practice of including first derivative
information as part of the HMM observation vector.
Recently, it has been shown that also including higher
order derivatives can lead to improved performance.
However, this approach leads to non-robust estimates
of the higher order derivatives and it becomes imprac-
tical to add many more derivative terms and use full
covariance matrices in the Gaussian output distribu-
tion due to the large number of parameters involved.

An alternative approach to the independence prob-
lem is obtained by viewing an HMM as a signal pre-
dictor. Each state of a standard (continuous density)
HMM predicts the next observation to be the state
mean vector, and the prediction error is modelled by
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the state covariance matrix. However, due to the corre-
lation inherent in real speech, a better prediction of the
next observation can be made by taking into account
nearby observations. Again the covariance matrix mod-
els the prediction error, but the predicted value is com-
puted using vector linear prediction. In effect, the
mean vector of each state for the current observation
is no longer constant but dependent on other observa-
tions. In the work described here, the predictors oper-
ate on data at arbitrary offsets from the current speech
frame and the predictors themselves can be either di-
agonal or full matrices.

Vector linear prediction explicitly models correlation
in the signal. Wellekens [7] developed a method in
which the correlation between the current frame and
the previous frame is explicitly modelled. However this
model performed poorly [8]. Similar work by Brown
[3] also operated on the previous frame, but he re-
ported that it produced worse results than his base-
line HMMs. Brown also reported that his ‘conditional’
Gaussian model method produced a significantly higher
average log probability per frame' than the baseline
HMMs during training despite the poor recognition re-
sults. Kenny et al [4] describe a system using a predic-
tion model that is, in fact, equivalent to the formulation
given in [10] and used here, although the form of the
model they present is expressed in terms of slightly dif-
ferent parameters. They also reported results that were
worse than a standard HMM that used observation vec-
tors with both static and differential coefficients.

The vector linear prediction method used here is an
extension of the work in [10]. The results quoted there,
and the results presented here show that vector linear
prediction can reduce the error rate on both test and
training sets.

While the addition of a vector linear predictor to an
HMM gives improved modelling ability, there is an in-
crease 1n the number of parameters to be estimated
from limited training data. The use of state-specific

redictors can lead to overtraining. For instance, in

10}, it was found that using two full predictors for each
state actually increased the error rate on the test set
while decreasing the error rate on the training set. One
way to reduce the number of parameters is to tie (share)
the predictors among a set of HMM states. This allows
a more robust estimate of the predictor parameters to

1The average log probability per frame is often used as
an indicator of how well an HMM matches the training
sequences.
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be made from the available training set, possibly lead-
ing to better test set recognition performance. Using
a single predictor shared across all states of an HMM
also results in significant memory savings.

In the next sections the theory of HMMs with tied
predictors is developed, and then the method is evalu-
ated using speech recognition experiments on a British
English E-set recognition task. The results obtained
show performance on the test and training sets to be
between that of the baseline model without prediction
and HMMs with non-shared predictors when diagonal
covariance matrices were used. All experimental work
used a version of the HTK HMM toolkit modified to
include HMMs with arbitrary sharing of vector linear
predictors.

2. PREDICTOR MODEL

The formulation of HMMs using shared vector linear
predictors is based upon the work presented in [10].
Output distributions are associated with each state.

The output Y; at time ¢ from state ¢ is predicted
using

P
Yi=ph+ ) Ap(Ortg, — i) (1)

p=1
where there are P predictors associated with ¢ and the
pth predictor is at offset ¢,. A standard HMM can be

obtained from this equation by setting all A, to the
zero matrix.

The predictor model has three basic parts, the stan-
dard mean, o, a set of offset means, u,,, which are
the means of the observations ¢, frames, or time steps,
away from the current observation, and the set of pre-
dictor matrices, A,. The O;,,, are the observations at
offset ¢, from time ¢. Note that sharing the A, between
a number of states does not affect the calculation of the
output probabilities.

The error between the actual observation O; and the
output of state { is given by (2).

Ei=0,-Y; @

Given the covariance matrix of the prediction error
S; for state ¢, the probability (densityf of observation
O¢ in state ¢ 1s given by

p(0r)

= __TI;TC-’%(EQ'SI'Ei) (3)
(2m)z|Si|=

3. RE-ESTIMATION EQUATIONS

The maximum likelihood (MLE) re-estimation equa-
tions for the vector linear prediction model can be de-
termined by using the methods of Baum and his co-
workers 51], [%},(Pj[ An appropriate auxiliary function
is defined and differentiated with respect to the un-
known parameters. Each resulting equation is then set
equal to zero and simple manipulation then leads to a
formula for each parameter. For a complete derivation
of the training equations for shared predictors, see [6].
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The changes to the HMM structure by the use of vec-
tor linear prediction only affects the ocutput probability
calculations, and therefore the standard re-estimation
formula for training transition probabilities applies to
the HMM model with vector linear prediction.

The re-estimation equation for the state means and
the offset means used in (1) is given by (4). The vari-
able v;(t) is the a posteriori probability of occupying
state 7 at time ¢, and the g, is the offset from the cur-
rent frame. When g, = 0 the mean is a state mean.

ﬂi = T ‘Ti(t)otﬂp
t 2 v(t)

To estimate the predictor matrices, first the covari-
ance matrix, shared between all of the states in the set
I,, between observation vectors at offsets r and s for a
set of states is computed

Yier, Lt Yi®)(Oegr — i) (Orgs — 1)
Eiel, ()

Once these covariance matrices have been found, the
new estimates for the P predictor matrices A,I,’ are
found by solving the matrix equation given by (6),
where By, Ry, and Z; are defined as in (7) and (8).

4)

cl: = (5)

R, = ZIPB}p (6)
Clo Clo - Cip
Rz = 27 = )
Cho Ch1 -+ Chp
Bre[ A - A1 ®

Note that even when the predictors are shared over
a set of states, the offset means fi;, used to calculate

the Crlf are specific to each state over which the pre-

dictor, and the CJZ, is shared. In theory, the offset
means could be shared among several states without
affecting the form of the re-estimation equations, but
this alternative was not pursued.

To compare the consistency of the shared predictor
re-estimation formulas with previous work, the above
equations easily reduce to the non-shared case given in
[10] when the set of shared states, I,, consists of only
a single state.

The re-estimation equation for the prediction er-

ror covariance matrix, Sr,, for the set of states I, is
given by (9). This follows the form of the standard
re-estimation formula for the covariance matrix of a
Gaussian output distribution ([5]), but the contribu-
tions from each of the shared states in I, are summed
on the numerator and denominator.

g = Lier, 1 %i(t) EiE;
1 fasms

S S SRp 1) ®)
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Note that the E, are based upon the re-estimated val-

ues flo, fig,, and Ap.

The terms of an expanded version of (9) can be sub-
stantially simplified and re-written in terms of (7) and

(8).
Sr, = C§s — Br,Rr, — (Bi,R1,) + B, 21,B},  (10)

If the sets I, = I, and each consists of a single state,
this equation simplifies to the one given by [10].

As the sets I, and I, are not necessarily the same,
care must be taken during re-estimation of the predic-

tors A;* and covariance matrices $ 1, that the param-
eters from the correct states are used. Note also that
the matrices Ry and Zj are not necessarily equivalent
in (10) and (6). By, on the other hand, must consist
of the re-estimated predictors as calculated by (6). If
the simplified form of the training equations given by

(10) is used to calculate S;,, then I, C I, in order for
S1, to be properly re-estimated.

Both the predictor and covariance matrices can be
either full or diagonal. The matrix elements of the
re-estimation equation given by (10) must be adjusted
accordingly depending upon the combination used [6].

4. SPEECH DATABASE AND
EXPERIMENTAL SETUP

The data set used to evaluate shared linear predic-
tion was a British English E-set (‘B’, ‘C’, ‘D’, ‘E’,
‘G?, ‘P, “T?, & ‘V’) used in a multiple speaker mode.
This data forms part of a spoken alphabet data set
collected and distributed by British Telecom Labora-
tories. The database contains three utterances from
each of 104 speakers (54 male speakers, and 50 female

speakers). The data was recorded in a quiet-room at
a sampling rate of 20kHz, and then end-pointed semi-
automatically. For these experiments, the first two ut-
terances by each speaker were used as the training data
(1634), and the third utterance as the test data %824).

The data was analysed using a 27 channel Mel-scaled
filter-bank at a 100Hz frame rate and then represented
using 12 Mel-frequency cepstral coefficients and their
first differentials were then calculated, producing a 24
element observation vector to characterize each frame.
Each speech vector was then rotated and scaled so that
the average within state covariance matrix was the
identity matrix as described in [9]. The means were
also adjusted to be, on average, zero.

All of the HMMs used in these experiments were
strictly left to right with no skips. The eight consonants
were each modelled by an HMM with four emitting
states, and a single HMM with seven emitting states
was used for the common vowel. Each utterance, there-
fore, was modelled by 11 states, with the last 7 being
shared among all words. It should be noted that while
the data sets are identical to those used in [10], the
HMMs used have fewer states and hence the results
are not strictly comparable.

. The HMMs were initialised using uniform segmenta-
tion to provide an initial estimate of the means and
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covariances. Multiple iterations of Baum-Welch re-
estimation on the individual HMM models was then
used to further estimate the means, covariances, and
transition probabilities. Neither of these initial phases
affected or trained the predictors or the offset means,
which were initialised to zero. Finally, embedded
Baum-Welch re-estimation was used for four iterations
to train the HMMs with the predictor model imple-
mented as outlined above.

5. EXPERIMENTAL RESULTS

Two baseline HMM sets were developed for comparison
purposes, both using a 24 dimensional observation vec-
tor and a single Gaussian distribution per state. One
model used a diagonal covariance matrix, the other a
full covariance matrix. The results for the test and
training sets are given in Table 1 2. As can be seen, the
use of a full covariance matrix significantly improves
recognition of both the training and test data.

Cov. Type | Log Prob | Train Err % | Test Err %
diagonal -30.9 10.8 12.9
full -27.7 2.9 7.6

Table 1. Average Log Probability per Frame and Recog-
nition Results for the Baseline HMM set

To compare the effects of sharing a diagonal or full
predictor among all states of a given HMM, an HMM
set was trained and tested for each of the four possi-
ble covariance/predictor combinations. Two HMM sets
were also trained with non-shared predictors for the
diagonal covariance/diagonal predictor and full covari-
ance/diagonal predictor cases. In all cases, following
{10} a single predictor was used with an offset of -3.
These results are given in Table 2.

Cov ‘Pred Log Prob | Traimn Err | Test Exr
diag | shd diag -25.7 7.6 8.4
diag | ind diag -25.1 6.0 7.8
<¥iag shd full | -21.6 6.7 7.9
ull | shd diag -22.6 2.4 5.3
full | ind dia -22.1 3.1 54
full | shd ful -16.1 2.0 5.7

Table 2. Average Log Probability per Frame and Recog-
nition Results for Different Combinations of Covariance
~and Predictor Types

It is apparent from the results in Table 2 that a
shared predictor does provide significant improvement
over the baseline models, but not as much improvement
as non-shared predictors. The use of a single shared di-
agonal predictor for all states of each HMM has reduced
the test set error rate of the diagonal covariance mod-
els by 35% and of the full covariance models by 30%.
It may be noted that when a full covariance matrix is
used, the shared diagonal predictor actually has a lower
error rate than the non-shared diagonal predictors on

72 2All of the average log probabilities per frame given in
the tables of results are one iteration behind the HMM set
for which the results are reported.

821



both the test and training data. These results demon-
strate that the use of shared vector linear predictors is
an efficient means of improving the modelling ability
and enhances discriminatory power.

To examine the effect of using different offsets with a
single predictor, experiments were performed on HMMs
with a diagonal covariance matrix and a shared diag-
onal predictor for all offsets between -8 and +8. The
specific values are listed in Table 3. For this task and
HMM structure, the offsets from +3 to +7 provide the
best recognition results. 3

Oftset | Log Prob | Trai
-8 -29.8
-7 -29.3
-6 -28.8

-5 -28.1

-4 -27.1

-3 -25.7

-2 -22.9

-1 -13.9

1 -13.7
2 -22.9
3

4

5
6
7
8

=

It % | lest Brr %

-25.7
-27.2
-28.1
-28.8
-29.3
-29.6

NN NN S ©=1=100 000 P
«lU‘»hMOwU'lbo'oO@mHOO\l\l

— et
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Tabie 3. Average Log Probability per Frame and Recog-
nition Results for HMM sets with Diagonal Covariance
Matrices and Diagonal Globally Shared Predictors at Dif-
ferent Offsets

The results in Table 3 show that the best negative is
-3 while the best positive offset is +4. Note that in the
case of a +1 predictor, especially the -1 case, the av-
erage log {)robability——usually an indicator of how well
the model fits the data—is extremely high compared
to the other offsets. This is because all speech ut-
terances are highly correlated between adjacent frames
(and that the original observation data includes differ-
ential information). By using a +1 offset the value of
the next observation vector can be accurately predicted
by a predictor that is very similar for all states. This
decreases the discrimination ability since each model
fits a large subset of the utterances with a high proba-
bility. Several sets of predictor pairs were also chosen
and tested, but no pair of predictors outperformed the
better single predictor results given above. Further de-
tails of these experiments are given in [6].

6. CONCLUSIONS

The theory and implementation of HMMs which used
arbitrarily shared vector linear predictors has been dis-
cussed. The recognition results show that the use of

3Results are not shown in Table 3 for offset 0 since this
corresponds to perfect knowledge of the current speech vec-
tor through an identity predictor. This results in no dis-
crimination ability as well as an infinite output probability
density!
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shared predictors can reduce both the test and train-
ing set error rates compared to HMMs without predic-
tors. A single diagonal predictor per HMM decreased
the test set error rate by 35% when a diagonal covari-
ance matrix was used and by 30% with a full covariance
matrix, and the test set error rates are broadly similar
to those obtained when using an individual predictor
per state. This is because the parameters are estimated
more robustly through parameter sharing, although the
resulting values are less specific. It was also shown that
the predictor offsets must be carefully chosen to max-
imise recognition performance. In particular offsets of
either -3 and -4 or offsets between +3 and +7 give good
performance, although it should be noted that the op-
timal offsets are probably task dependent.

Overall, shared vector linear prediction has been
shown to be an efficient way of increasing recognition
performance of HMMs without significantly increasing
memory use or computational loads.
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