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Abstract

Based on experimental evidence from other research
work, we assume that speech signals in consecutive
analysis frames are correlated and we explore the cor-
relation for speech recognition in the framework of
stochastic trajectory models (STM). In this paper,
we extend our previously proposed stochastic mixture
trajectory models to model such a time correlation.
Specifically, we consider the observation sequence of
a speech signal as being generated by a mixture of
random trajectory generators, and explicitly model
the time evolution of the mean vector of each trajec-
tory as the sum of a first order non-observable AR
process and a state dependent random process. We
describe the main results of the formulation, param-
eter estimation and sentence recognition. Evaluated
on a speaker-dependent continuous speech recogni-
tion task, the proposed approach reduced average
word error rate by about 25%, compared to a base-
line STM system in which frames are assumed to be
independent.

1 Introduction

First order hidden Markov modelling (HMM) of
speech assumes that the observation sequence of a
speech unit, for example a phoneme, is a concatena-
tion of variable duration stationary segments. The
observations within such a segment are assumed sta-
tistically independent and the probability density
functions (pdf) of each segment is independent of
other segments. While this provides elegant han-
dling of temporal variability of speech, the two inde-
pendence assumptions do not model the frame-wise
correlations and may limit model discriminability in
complex phonetic contexts.

The use of second order HMM [1], context-
dependent modelling [2], mixture stochastic trajec-
tory modelling [3], state trend models [4], dynamic
coefficients (e.g.: Aand AAcepstra) to include the
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correlations between vectors, recurrent neural net-
works [5, 6], and explicit formulation of consecutive
frame dependence [7], leads to improved recognition
rate and suggests that frame correlation is an impor-
tant source of information which may increase model
discriminability and reliability.

Our previous STM [3] exploits frame-correlation
by introducing mixture distributions at a segmental
level. While successfully applied to continuous speech
recognition, a main limitation of this technique (as in
many other segment based approaches e.g. [8], and in
HMM) is the frame independence assumption, which
neglects the time correlation between neighbouring
frames within a mixture component.

Recently, an approach to modelling first order cor-
relations in a speech segment using a dynamical linear
system was proposed [9]. It led to significant improve-
ment in phone recognition accuracy over the indepen-
dent frame model. However, this technique employs
only one trajectory to represent each phone in the pa-
rameter space. From our experience, this is not ad-
equate to absorb all contextual variants of a phone.
In order to account for complex phonetic contexts, it
is better to use a mixture of trajectories.

In this paper we extend our original work on STM
to include modelling time correlations in a speech seg-
ment. We employ an approach similar to [9], but we
generalise it to represent each phone by a mixture of
trajectories in the parameter space.

The remaining of the paper will present the formu-
lation of the model (section-2), the parameter estima-
tion procedure (section-3), the recognition algorithm
(section-4), the experimental results (section-5) fol-
lowed by a conclusion.

2 Formulation

We call the observation sequence of vectors corre-
sponding to a phone a trajectory. In the stochastic
trajectory (segment) modelling (STM) approach [3],
the observation sequence of a phoneme-based speech
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unit is considered as being generated by a set of tra-
jectory generators in their parameter space. Trajec-
tories are thus modelled as a mixture of pdf’s de-
fined on the state sequence. Each state has a multi-
variate Gaussian density function, optimised at state
sequence level.

In [3] we assumed that each phoneme s is repre-
sented by K trajectories in a parameter space. Each
trajectory is assumed to be re-sampled into @ states.
The pdf of a segment X,, centered at frame n, given
length d and phoneme s, can be written as:

p(Xnld,s) =Y p(Xnl|Tk,d, 5)P(Tkld, s)
k

1
= ZPk(S)p(Xn|Tk)da 8) ( )
k

where we assume:

P 2 P(Ty|d, s) = P(Tils), Vd

Trajectory modelling parametrises p(X,|7%,d,s)
by making some assumptions about the relations be-
tween frames constituting X,,. Basically, we must
specify two components of the model:

e A warping transformation from a d length seg-
ment to the @ points of the trajectory.

o A statistical characterisation of the trajectory.

The mapping from a d length segment to the @
points trajectory, in our formulation, is a determinis-
tic linear warping, given in (2):

Tf(ni) = Ln_g1id 2)

In the frame independent case [3] the pdf of ob-
servation of a speech segment X,, centred at frame n
and of length d frames given trajectory T} of phoneme
symbol s is given by

Q-1

P(X,|Tx,d, s) H N(xn__+za mgcsz), (s))“”

where () is the number of states of a trajectory, w;’s
are weighting factors to compensate for the larger
variance of extreme states, and m( 3 and E( ) are re-
spectlvely the mean vector and the covarlance matrix
associated with the k** trajectory of the ** state for

the phoneme s.

We now assume that the mean template of a trajec-
tory can be modelled by two components. The first
follows a first order non-observable AR process, and
the second is a state dependent random process. Thus
the output of the trajectory generator k of phoneme
s can be expressed as:

Ors = Akifr,i—1 + Yr;
ZTri = Oki+mp;+ 2y

(4)
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where §; ; is the AR component of the mean template,
my ; 1s the state dependent component, and y; ; and
7g; are two zero-mean, uncorrelated Gaussian vectors
with covariances:

E{yeavf ;} = 2065 (5)

E{Zk i%g ]} E(Z)é (6)

and &; ; is the Kronecker delta.

By noting the analogy with the Kalman filter prob-
lem as pointed out in [9], we can write, for a segment
X, centred at frame n and of length d frames:

log p(Xn ITk: d, 3) =
1

B [logIE(e)]-!—esz(e) L

2 & i (7)

(&)

where er; and 3 are the prediction error and its
’ ? - o

variance. The variance can be obtained from the

Kalman filter forward recursion:

g(f) - 0(1?) + Gr ki (8)
0001 = Akigi67) (9)
€pi = Thi— 9,(53 -y, (10)
Gra = ZE)S() (11)
2(6) E(p) Eizl) (12)
oY =50 - Guarilol, (13)
S0 = A0 AT + 2 (14)

where 6,(:’ 3 and Egcp Z) are the predicted state estimate

and its variance, 6,(61? and Eg z) are the filtered state
estimate and its variance, and Gy ; is the Kalman
gain.

3 Parameter estimation

For the case of single trajectory (K=1), the model
parameters is estimated via an iterative Expectation-
Maximisation (EM) approach [10]. The E-step con-
sists of the forward and backward recursions of the
Kalman filter together with additional recursions for
the cross variance. Parameters such as regression co-
efficients are obtained in the M-step. For one training
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observation ol a phone, the estilmnarlon equatlons Ior
the regression coefficients are given by:

Api= E{ek,iagi-l1Xn}E{6'k,z’—19£i—1|Xn}_l
(15)

EZFZ*') = E{gk,iglicp,i [Xn} - Az,iE{gk,igg,i—lan}

(16)

M = Tyin,i) — B0k, X0} (17)
E;ff) =(Zsni) — M, ) (T 0y — M) T
=2 B{(25(ns) — mk,i )07 ;1 Xn}

(18)

+ E{Qk,iﬁ,{’i[){n}

where my ; is taken from the previous iteration.

For the case of N training observations, equations
(15)-(18) can be easily extended by taking the aver-
ages over IV samples.

To obtain the estimates in (15)-(18) we must cal-
culate the quantities E{6j, ;| X, }, E'{Hky,-H{,ian}, and
E{ak,iag,i—ilxn}5

E{0;:|Xa} = 6" (19)
E{0,071Xa} = 200 + 6006007 (20)

B{0x:67,-11Xa} = 57, + 600607
(21)
The quantities on the RHS of (19)-(21) can be cal-
culated using the forward pass of the Kalman filter

(8)-(14), the backward recursion pass of the Kalman
filter (22-24):

o0 =00+ GO — 6P 1 (22)

(® ) pn(B BT
Sl = S+ 60 - 2¢) 6L

' (23)
G =x{) ATz (24)

and some extra recursions for the cross variance intro-
duced in the forward and backward passes (25) and
(26):

== Gri)AriSY)_ (25)

be . [ b) f fl-1q(e
Egc,i,)i—l = El(c,g,i—l + [Egcz - Egcz)]zgcz) Ei,?,i_l

(26)

Each iteration of the EM algorithm can be sum-
marised as:
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1. Deriorm tne [orward (3-14) and Dackward (22-24)
recursions and cross variance equations (25,26),
for every segment of the training data,

2. calculate the quantities in (19)-(21),

3. collect statistics for all segments of the given
phoneme model and use equations (15)-(18) to
calculate the new parameters.

This process is repeated until convergence.

The extension to multiple trajectories includes the
use of a modified LBG-algorithm [11] with (7) as sim-
ilarity measure, and the above EM approach for es-
timating the parameters. The algorithm starts with
one trajectory for each model and recursively uses bi-
nary splitting until a maximum pre-specified number
of trajectories is reached. This number depends on
available training set size and is determined by ex-
perimentation.

4 Sentence searching

Let ptn 5 = log P(s| X, ) be the plausibility of phoneme
s at time instant n. Regarding p(X,) as a constant
for the purpose of phoneme recognition, we have:

Hn,s = ]ogp(Xn[.S)P(S)

=log | Y P(Xals,d)P(d|s)
d

P(s) (27

Once we have calculated the plausibilities tn,s for
each of the phoneme models at each time instant,
the sentence recognition problem can be easily for-
mulated using dynamic programming (DP) [3]. Let
F be the set of all grammatical sentences, 4 be the
set of phoneme models, w € F be made up of L(w)
symbols from the phoneme set:

A .
w= (ao,aly...aj,...aL(w)_l), Vi, a5 € A

and N be the number of frames of the test utterance.
The plausibility of a sentence w € F can be calcu-
lated under duration constraint using the DP search
equations, as stated below:

(1, ) = goax [1(k, j - 1)

+ PT‘(l-— kla]')’y Z ﬂn,aj] (28)
E<n<i

where
0<IL<N,0<j< Lw).

In (28) v is a duration constraint control parameter,
and II(/, j) is the cumulated plausibility for the j*
symbol at the I'* frame. The recognised sentence is
chosen as

o = argunax IOV L) = 1)

B N (29)
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5 Experimental results

Speech materials were recorded by reading text in an
office environment, using a SUN-work station desktop
omni-directional microphone, mounted on the termi-
nal. The distance between a speaker and the micro-
phone is about 40 c¢m, and upto to 60 cm for some
speakers. The average SNR of the recordings is about
15 db. Ten speakers were recorded.

For each speaker 140 short sentences are used for
training, and 160 sentences for testing. In average,
there are about 70 observations per phoneme for each
speaker. The task is difficult because of insufficient
training data, noisy recording condition and between-
word pauses made by some speakers.

Speech is sampled at 16 KHz and parametrised
with 32 ms analysis window length each 10 ms. We
use 13 order mel cepstrum coefficients as observa-
tion feature parameters for recognition.

Experiments deal with a 850 word vocabulary con-
tinuous speech recognition task. The grammar used
has a bigram word perplexity of 29. Pauses between
words are not modelled by the grammar.

The basic recognition units are 32 phone trajec-
tory models, including one silence. Each phone is
represented by up to 8 (K < 8) trajectories, each
consisting of b states (Q=>5) with diagonal covariance
matrices. The covariance matrix of the observations
in equation (6) is tied for all mixtures representing a
phone except for the initial Gaussian state.

In order to compare the performance, a state-
independent STM baseline system is also tested on
the same recognition task. The baseline system gave
an average word error of 15.3% (1.5% to 39.3%),
whereas the correlated STM gave 11.7% (1.6% to
31.2%), which shows an average word error rate re-
duction of about 25%.

6 Conclusion

In this paper, an extension of our previous formula-
tion of stochastic mixture trajectory models to the
case of correlated trajectories is presented.

To perform this extension, we generalised the ap-
proach introduced in {9] to the case of mixtures of
trajectories. We showed how to obtain the parame-
ter estimates using a modified LBG-algorithm with
an EM approach.

In a continuous speech recognition task, we ob-
tained significant improvement in the average word
recognition rate for a 10 speaker population. The
experiments showed that using mixture of trajecto-
ries can better model the contextual variations of a
phoneme. They also supported our hypothesis that
modelling correlation results in better utilisation of
training data and better model discriminability.

EUROSPEECH ’95, Madrid, Spain, September 1995

References

[1] Y. Gong, J.-P. Haton, and J.-F. Mari. Issues in
acoustic modeling of speech for automatic speech
recognition. In H. Niemann, R. De Mori, and
G. Hanrieder, editors, Progress and Prospects of
Speech Research and Technology. INFIX Sankt
Augustin, September 1994.

2] K. F. Lee. Large Vocabulary Speaker-
Independent Continuous Speech Recognition:
The SPHINX System. PhD thesis, Carnegie-
Mellon University, 1988.

[3] Y. Gong and J.-P. Haton. Stochastic trajec-
tory modeling for speech recognition. In Proc. of
IEEE Init. Conf. on Acoustics, Speech and Sig-
nal Processing, volume I, pages 57-60, Adelaide,
Australia, April 1994.

[4] L. Deng. A generalized hidden Markov model
with state-conditioned trend functions of time
for the speech signal. Speech and Signal Process-
ing, 27:65-78, 1992.

[5] T. Robinson. A real-time recurrent error prop-
agation network word recognition system. In
Proc. of IEEE Internat. Conf. on Acoustics,
Speech and Signal Processing, volume I, pages
617-620, 1992.

[6] H. Bourlard and C. J. Wellekens. Links be-
tween Markov models and multilayer percep-
trons. IEEE Trans. on Pattern Recognition and
Machine Intelligence, 12(12):1167-1178, Decem-
ber 1990.

[7] C. J. Wellekens. Explicite time correlation in
hidden Markov models for speech recognition.
In Proc. of IEEE Internat. Conf. on Acoustics,
Speech and Signal Processing, pages 384-386,
Dallas, 1987.

[8] M. Ostendorf and S. Roucos. A stochastic
segment model for phoneme-based continuous
speech recognition. ASSP, 37(12):1857-1869,
Dec. 1989.

[9] V. V. Digalakis, J. R. Rohlicek, and M. Osten-
dorf. ML estimation of a stochastic linear system
with em algorithm and its application to speech
recognition. [EEE Trans. on Speech and Audio
Processing, 1(4):431-442, Oct. 1993.

{10] A. P. Dempster, N. M. Laird, and D. B. Rubin.
Maximum likelihood from incomplete data via
the EM algorithm. Journal of the Royal Statis-
tical Society, 39(1):1-38, 1977.

[11] Y. Linde, A. Buzo, and R. M. Gray. An algo-
rithm for the vector quantizer design. IEEE,
Trans. on Communication, COM-28(1):84-95,
Jan 1980.

518



