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ABSTRACT

The most popular and successful acoustic model for speech
recognition is the Hidden Markov Model (HMM). To use
HMMs for speech recognition a series of assumptions are made
about the waveform, some of which are known to be poor.
In particular, the ‘Independence Assumption’ implies that all
observations are only dependent on the state that generated
them, not on neighbouring observations. In this paper, a new
form of acoustic model is described called the Segmental Hid-
den Markov Model (SHMM) in which the effect of the ‘Inde-
pendence Assumption’ on the observation likelihood is greatly
reduced. In the SHMM all observations are assumed to be in-
dependent given the state that generated them but additionally
they are conditional on the mean of the segment of speech to
which they belong. Re-estimation formulae are presented for
the training of both single and multiple Gaussian Inter Mixture
models and a recognition algorithm is described. Additionally
it is shown that the standard HMM, both in the single Gaus-
sian mixture and multiple Gaussian mixtures cases, is just a
subset of the SHMM. The new model is shown to provide bet-
ter recognition performance on a wider set of synthetic data
than the standard HMM.
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1. INTRODUCTION

The Hidden Markov Model (HMM) is the most popular and
successful stochastic approach to speech recognition in general
use. Its popularity and success are due to the existence of ele-
gant and efficient algorithms for both training and recognition.
However the use of HMMs for speech recognition is dependent
on certain assumptions. These are

1. Speech may be split into segments, states, in which the
speech waveform may be assumed to be stationary. The
transition between these states is assumed to be instanta-
neous.

2. The probability of a certain symbol being generated is only
dependent on the current state, not on any previously gen-
erated symbols. This is a first order Markov assumption
and is usually referred to as the ‘Independence Assump-
tion’.

The first assumption implies that the model should have a large
number of states. However, this results in estimation problems.
So, in most real system a small number of states are used. The
second assumption is not valid and is the major drawback te
the use of HMMs for speech recognition.

Various methods have been proposed for compensating for
the invalidity of this ‘Independence Assumption’. Dynamic
coefficients, which are less sensitive to the assumption, have
been incorporated [6]. The correlation may be modelled ex-
plicitly by making the observation probability conditional on
the previous observation and state [5] or by altering the struc-
ture of the model, as in the Stochastic Segment Model [3].
These methods compensate to varying degrees for the invalid
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assumption, however, they tend to dramatically increase the
number of model parameters.

This paper introduces a new stochastic model of speech
based on the HMM. By removing some of the above limita-
tions of the HMM, it is believed that this new model offers
considerable promise for improving future systems.

2. THE SEGMENTAL HIDDEN MARKOV
MODEL

A model that minimises the effects of the ‘Independence As-
sumption’ without significantly increasing the number of pa-
rameters is desirable. To this end a new style of acoustic model
is introduced, the Segmental Hidden Markov Model (SHMM)}.
In the SHMM all observations are assumed to be independent
given the state that generated them, but additionally they are
conditional on the mean of the segment of speech to which they
belong. The idea behind this assumption is that certain char-
acteristics of the speech, such as speaker or stress condition,
are fixed over the whole segment. Hence, when the first frame
in the segment is observed, some characteristics are known
and fixed. In standard HMMs this information is completely
ignored. However, in making the observations conditionally
dependent on the mean of the segment the SHMM takes these
effects into account, thereby making better use of the acous-
tic information. With this new assumption the probability of a
segment given a particular model must be calculated. For each
state of the model M the output probability distribution will
no longer be described by one distribution, but by two. One
describing the distribution of the segment mean, the ‘inter dis-
tribution’, the other describing the observation probabilities
given that mean, the ‘intra distribution’.

P(yt.',tjlsivM)=/P(I-‘l’-'vM)P(yte,t,‘lﬂysivM)dP 1)

R®

where Vi, ¢ = [Vt;, -, ¥¢;], ¥r is the observation vector at time
7 and s; inéicates state S{ of the model. Using the assumption,
that given the mean of the segment, all the observations within
that segment are independent

¢

peussbos M) = [ plulsi, M) TT plorlo st M) (2

R T=t;

The above expression and assumptions have also been used by
Russell [4]. However he uses an MAP approach to estimate the
mean, this will be referred to as MAP SHMM. Here the full
form of the above expression is used.

Assuming that p(u|si, M) and p(y-|u, si, M) are both Gaus-
sian probability distributions, the output distribution is de-
scribed by {X, uc, .}, the intra-state variance, the inter-state
mean and the inter-state variance respectively. The probability
may be written in terms of u, and X!, which are independent
of u
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log(p(Ve;.e518i, M)) = (3)
 tlog(K) +log(K.) — log(Kn) -;-g(y, M)

where

2]
GOV M) =pZT T + Yy BT BN (4)

r=t;
and
=t o= milepT? (5)
dn = Ba (7'l +T707) (6)
7]
W= Y yr (7)
T=t;

K, K. and K, are the standard normalising constants asso-
ciated with ¥, ¥, and X, respectively and ¢ is the segment
length.

The above expressions have assumed Gaussian inter and in-
tra distributions. Any form of of inter and intra distributions
may be used. However, if the distributions are restricted to
those where the inter distribution is a conjugate prior of the
intra distribution, closed forms for the probabilities and suffi-
cient statistics given the complete data set, are obtainable.

2.1. Relationship to MAP SHMM

The SHMM proposed here can be related to the MAP SHMM.
For this section the feature vector is assumed to have dimen-
sionality one. For the MAP SHMM

log (p(Vt.¢518:, M)) = (8)

log(N(&; e, Ze)) + ) log(M(yri &, E))

r=¢t;
where the target mean, ¢ is given by

Ao ﬂcz + ﬂ:zc
‘= TTFe. ©)
Simplifying the above equation gives
1
log(p(Vei,t;|si, M) = tlog(K) +1og(K.) — 56(¥, M) (10)

This expression is identical to the probability equation for the
SHMM proposed here, except for the term log(Ky). This nor-
malisation constant may be written as

log(Kyn) = log(K) + % (log(t) + log (1 + t—zz—c-)) (11)

This term is solely dependent on the length of the segment,
not the observations within that segment. Hence the use of
the MAP estimate of the mean, instead of the true distribution
for the mean, is a model dependent bias on the length of the
segmentation.

2.2. Multiple Gaussian Inter-Mixtures

The above - analysis has been performed assuming a single
Gaussian inter mixture probability distribution for p(u}s; , M).
If in fact this distribution is described by a multiple Gaussian
mixture distribution the same style of analysis may be applied.
Letting

M
pulsi, M) =Y cmN (b pep, Temn) (12)

m=1
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and substituting this in equation 2

P(yti.tjlsh M) = (13)
M 2]
Zcm /N(M;uc,..,zc,,.) H p(y=|u, si, M) du
m=1 Rn r=t;

It can be seen that the analysis for the single mixture case may
be directly applied to the multiple mixture case.

2.3. Multiple Gaussian Intra Mixtures
Multiple Gaussian intra mixtures models occur when

M
P(lelhsin) = ZcmN(yrH"nyzm) (14)

m=1

where pm = 4 + Am. The delta intra means, A,,, are stored
as model parameters. By substituting the above expression in
equation 2 and assuming a single Gaussian intermixture

p(y'.'.tjlsl'v M) = (15)
tJ' M
/N(F; He, 2::) H (Z CmN(yﬁﬂrm 2711)) du
[1y T=t; \m=l

The analysis for the single intra mixture case can be seen to
be inappropriate for the multiple Gaussian intra mixture case,
due to the product of the weighted sum of Gaussians. In fact
there[ ajre no sufficient statistics for the multiple intra mixture
case [1].

3. RELATIONSHIP TO STANDARD HMMS

As previously stated the observation probability for a segment
is given by

tj
/p(ﬂlsa, M) H p(yriu, si, M)du  (16)

™ T=t;

p(yt,',t_,"siy M) =

If the inter mixture variance, X., is set to zero then
p(p|si, M) = 6(pc — p), where §(.) is the Dirac delta function,
and the above equation may be simplified to

2]
P(Ves 518, M) = H p(¥rlpe, si, M) (17)

T=t;

This is the same equation as a standard single Gaussian mix-
ture HMM with the mean set to the interstate mean, p., and
the variance set to the intra mixture variance, X. Hence the
standard single Gaussian mixture HMM may be viewed as a
subset of the SHMM.

An equivalent standard model for the multiple Gaussian in-
ter mixture model described.in section 2.2. may be found by
setting all the inter mixture variances to zero in equation 14.
This gives

M t5
PDeslsis M)= em (H P(Yrlpenm, si, M)) (18)

m=1 r=t;

So the multiple Gaussian inter mixture case with zero inter
mixture variances is the same as the standard multiple Gaus-
sian mixture case with the added constraint that all observa-
tions in a segment associated with a given state are generated
by the same Gaussian mixture. An exact form of the standard
multiple Gaussian mixture HMM is obtained by setting the
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inter mixture variance of a multiple Gaussian intra mixture
model to zero. Hence

ty M
PVl M) = ] (E%N(yr:#myzm)) (19)

r=t; \m=1

where pm = pc+ Am. This is identical to the standard HMM
with the multiple mixture means set to pm .

4. RE-ESTIMATION FORMULAE

In order to re-estimate fhe parameters of the SHMM an aux-
iliary function, Q(M, M), is introduced.

QM, K0) =Y p(Yr,s7|M)log(p(Yr,s7| A1) (20)

where the summation on s is over every possible segmentation
of Y. It is shown by Baum [2] that if Q(M, M) > Q(M, M)
then p(Yr|M) > p(Yr|M). For all the re-estimation formu-
lae derived, diagonal covariance matrices are assumed and, for
simplicity of notation, n is assumed to be 1 so that the vector
notation can be dropped. In addition, the notation Y to repre-
sent Ve, ¢ ; is used and the means and variances will be assumed
to relate to state S;. For the following analysis left-to-right
models are assumed. Hence only one segment from each utter-
ance is associated with a particular state. This assumption is
not necessary, but it further simplifies the notation.

4.1. Re-estimation for .
Taking the partial derivative with respect to .

30 QM Kt) = 3o (Y sela) [ (42 - ) k()] 21)

where ¢ is the length of the segment s;. Equating the above
equation to zero and solving for u.

S p(Yr,s7iM) [42K(s:)]

fie = 22
= (Y, sr A K7 =)
where
t
K(si) = —=——= 23
()= 55 (=)
4.2. Re-estimation for 5.
Taking the partial derivative with respect to X,
o ~
= M, M) = 24
E QA ) (29)

3 2 p(Yr szl M) [K(si)? (e — 527 ~ Ko

Equating the above equation to zero yields no closed form for
..

4.3. Re-estimation for £
Taking the partial derivative with respect to ¥

2 (M, K1) = Zp(vr,srlM);g; (25)

22’C(35)2 (I}ct - I-‘.v)2
t

t,' . L ’_‘2
Y- tE+EEK(s) - £y

T=t;

Again equating the above expression to zero yields no closed
expression for X.
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4.4. Approximate Solution

In the previous sections an attempt was made to find closed
form expressions for re-estimating the parameters of the
SHMM. It was only possible to find such an expression for f..
Closed loop forms for estimating © and £, would be desirable.
Rewriting equation 23

2
K(s:i) = -2}: (ﬁ) = Elz (1 - z—g—‘;-{- (2_-%:) - ) (26)

By assuming that tS. > 5, ie the between segment variability
is far greater than the within segment variability, and ignoring
terms in (?%:) and higher, K() is independent of the segmen-
tation. Rewriting equation 22

¥ p(Yr, 57/ M) [£e]
ZP(YTrSTIM)

Looking at equation 24 and setting the derivative to zero

Sop(Yr,s7|M) (bt — ps)?

S 3\ XYy )

Finally rewriting equation 25 and additionally ignoring terms

in (£)°

 Te(YrstiM) iyﬁ—%i]
¥ = TS me ME=D) @)

These may all be shown to be maxima.

5. RECOGNITION ALGORITHM

A modified version of the Viterbi decoder is required for the
SHMM. A new variable is defined as

$:(j,7) = max[p(Ye,s5(t',¢),3;(t + 1)IM)]  (30)

where t' = t ~ 7+ 1 and §;(t + 1) indicates that the model has
left state S; at time ¢+ 1. Values of ¢:(j, 7) may be calculated
using the following recursive equation

$(5,7) = _max [Jgf}g [e-~(2, ’Y)au]] P(Verels;, M) (31)
This iterative expression is similar to that of a hidden semi-
Markov model [7]. The standard Viterbi recogniser for the
HMM has a computational 6verhead of O(T). It can be seen
that the above expression will result in a cost of O(T?). This
may be reduced by assuming that there is a maximum duration

in any one state of tmar. With this assumption the cost is
O(Ttmaz)-

6. SYNTHETIC DATA

In order to test the training algorithms and the Viterbi
decoder, artificial data was generated using a set of three
SHMMSs. A total of 1000 isolated utterances were generated,
approximately evenly distributed over the three models, using
the underlying assumptions of the SHMM. These were then
split into a training set of 500 utterances and a test set of 500.
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6.1. Training Procedure

The following training procedure was used to generate the
models. The number of emitting states in all cases was set
to 3, the same as all the source models.

1. Generate a standard HMM, having the same number of
states as the SHMM to be trained.

2. Using initial segmentation generated by the standard
HMM, the models were updated using a Viterbi style re-
estimation scheme. The initial start point for the maximi-
sation was obtained from the approximate estimate and
optimisation was performed using conjugate gradient de-
scent. For these experiments the transition matrix, A,
was not updated and was set to the correct value.

All training and testing used version 1.4 of the portable HTK
HMM toolkit [8] with suitable extensions to support SHMMs.

6.2. Results on Synthetic Data

Model No. Miztures | % Correct
Source 1(1) 77.2
HMM 1 51.6
HMM 2 57.4
SHMM 1(1) 78.2

Table 1. Synthetic Data Performance from SHMM data

In table 1 Source indicates that the models were used to
generate the data. Where there is a bracketed value in the No.
Miztures column this indicates the number of intra mixtures
of an SHMM.

From table 1 it can be seen that if the source model is in the
form of a SHMM it is not possible to dramatically increase per-
formance by adding additional mixtures to a standard HMM.
Standard HMMs were generated using all the data, both train-
ing and test, with Viterbi and Baum-Welch re-estimation. The
best performance was 58.6% with three mixture models. For
acoustic waveforms where the assumptions of the SHMM are
valid the SHMM performs significantly better than the stan-
dard HMM, even if the standard HMM has over twice as many
parameters.

As a comparison, a set of standard HMMs were then used
as the sources. The above procedure was repeated and a set of
HMMs and SHMMs were generated.

Model | No. Miztures | % Correct
Source 1 95.9
HMM 1 96.0
SHMM 1(1) 95.8

Table 2. Synthetic Data Performance from HMM data

The performances of all three models are approximately the
same. When trained, the SHMM set all the inter variances
to low values, the largest inter to intra ratio being 0.07. This
agrees with the discussion in section 3. where the HMM is
shown to be equivalent to the SHMM when the inter variance
is zero.

7. PRELIMINARY TIMIT RESULTS

The segment based models were tested on a subset of TIMIT.
The 48 KFL phone set was folded down to the standard 39
phone set for scoring. In order to reduce the computation
time, a maximum possible duration,tma.z , in any one state was
set. For these experiments a maximum duration of 40 frames
was used. This was assumed to be sufficient for all models
other than the silence model. Hence it was necessary to map
multiple observations of silence onto a single observation. All
the results given include the SA sentences in both training and
testing.

Dialect region 1 was used for the experiments. The sub
subscript indicates that the models were generated using the
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Model No. Miztures | %Correct | JoAccuracy
HMM 1 56.87 50.94
SHMMaub 1 (lg 53.98 47.61
SHMM 1(1 55.99 49.87

Table 3. Recognition performance on Dialect Region 1

suboptimal approximate training routine. From the results in
table 3, it can be seen that the SHMM does not improve the
performance over a standard single mixture HMM. In addition
the optimal training was superior to the suboptimal training.
Though the recognition results are worse for the SHMM, the
log likelihoods for the test sentences were higher than for the
standard HMM.

8. CONCLUSIONS

A new acoustic model for speech has been proposed, the
SHMM. Both re-estimation formulae and recognition algo-
rithms have been derived for this new model. We have shown
that the standard HMM, is a subset of the SHMM. For syn-
thetic data the new model has been shown to perform better
on a wider set of acoustic waveforms than standard HMMs,
even when the standard HMM has over twice the number of
parameters. However preliminary results on real data are dis-
appointing. The most likely reason for the poor performance
on real data is the assumption that the segment means are
independent. For the synthetic data this is true. However,
for real speech data this is unlikely to be true, but cannot be
modelled by the present SHMM. Modifications to the SHMM
to allow for this problem are presently being worked on.
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