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ABSTRACT changes.

The problem of acoustic modeling for speech recognizers is alAiSTM models a speech segment by a mixture of trajectories, each
dressed. We distinguish two types of speech variability, long termof which is a sequence of multi-dimensional probability density
(speaker identity, stationary noise, channel distortion) and shdrnctions (pdfs) [6]. Phoneme duration distributions are also in-
term (phoneme class). Currently, most recognizers model the tvetuded. A Semi-Continuous version of MSTM is presented in [9].
variabilities without considering their specificities, which may re-The adaptation of the topology of MSTM to deal with the coar-
sult in flat distributions with limited discriminability. In our sys- ticulation effects and inter-speaker variability is proposed in [7].
tem, the long term variabilityghvironmentis modeled by a mix- The explicit modeling of the time evolution as a first order auto-
ture model, where each mixture is modeled by a Mixture Stochastiegressive process is given in [1]. Time evolution modeling by mix-
Trajectory Model (MSTM). We propose the Environment Depenture of polynomial functions for MSTM is presented in [2].

dent Mixture Stochastic Trajectory Model (ED-MSTM) to model a

set of environments. The parameters of ED-MSTM are estimatd@ this paper, the basic assumption is that a long term variable can
using the Maximum Likelihood (ML) estimation criterion by the be observed and is generated by a finite number of random sources,
Expectation-Maximisation (EM) algorithm. Our model has beergach with ara priori probability. However, the information about
tested on 2011 word vocabulary, multi-speaker continuous Frenchvhich source actually generated the observation is missing, which
recognition task with noisy speech. In the experiments, we agequires that the environment be stochastically modeled as a hidden
sume that speakers can be grouped into a pre-determined numbiable.

of classes and that class label of a speaker is missing. The use %f L i )

environmental modeling cut down the error rate produced by thp1€ Organisation of the paper is as follows. In secipwe present
multi-speaker system by abol§%, which is a statistically signif- the E_nwronment Dependent mode_l and its dn‘fere_nces with our
icant improvement. The idea of environment modeling is app”&,ﬂlgasellne MSTM. The sectiod describes the ML estimate of the

ble to other acoustic modeling techniques such as Hidden Mark&Rrameters using EM-algorithm. The validation experiments and
Models. the conclusion are given in sectidrand5.

1. INTRODUCTION 2. ENVIRONMENT DEPENDENT
ACOUSTIC MODELING

We categorise speech variabilities into two types: long term vari-

ability and short term variability. Long term variability correspondsin MSTM, the observation of a speech segm&his assumed to be

to speaker identity, stationary background noise or channel distcgenerated by a set of random segmental trajectory generators, each
tion. Such variabilities do not carry information about the vocaWith ana priori probability [6]. Compared to hidden Markov mod-
message, and should therefore be eliminated during recogniticgls, in MSTM a mixture is defined on observation sequences (com-
On the other hand, short term variability corresponds to articulgsonent trajectories) rather than on individual observations, thus ex-
tion changes and should be recognised. The distinction between flgiting intra-segmental information.

two variabilities allows the modeling of long term changes within

the entire utterance and short term changes across different acoulftighis Paper, we denote(Y) the continuous pdf ok and Pr(X)
models. the probability of discreteX.

In many recognizers, the two types of variabilities are usually mixe4/€ introduce two kinds of observatio_n_s: aco_ustic observation vector
up and represented by a same acoustic modeling scheme, whR§fluenceX, and an utterance-specific environment measurement
may limit the recognition performance. In this paper, we ideny- L&t be the set of phonetic symbold)® the set of trajectories
tify long term variability asenvironment We extend the mixture taken from the training corpus, associated to the symbelP. Let
stochastic trajectory models (MSTM) to cope with environmentab(X 1y, a,d) be the pdf of an observed trajectoly € A, given



the environment observatian € Y, the phoneme symbal € P where{X}* is the set of observed training data for the phonetic
and the duratiorl. ) is the set of environment measurements. Irsymbola andy is the observed environmenft}“ is the set of tra-
this section, we extend the pdfX |a,d) of MSTMtop(X|y,a,d)  jectory sources associated{t? }* ande is the environment source
of ED-MSTM. Lete € £ be the environment source that generatedssociated tg. Therefore:

y andt € T° be the trajectory source generat&d wheref is the

set of environments anf* is the set of trajectories associated to  Q(A|\') =

the symbok. Bothe andt are unobservable. We assume thand p
t are discrete. The joint pdf of variablg§ y, e, t, givena andd, is: o2 D0 D logp(Xye tiNp(e, Xy, X)  (9)

a€P XEX® yeYe€f teT?

p(X,y,e,tla,d) = p(X|y,e,t,a,d) whereX® and) are respectively the acoustic observations of sym-
x p(yle, t,a,d)Pr(tle,a,d)Pr(e|a,d) (1) bol a and the environment measurements of the training data.

In order to reduce the number of free parameters, we make folit Order to maximis&)(A|\') (according to Eg-9) we must specify
assumptions: the form of elementary pdfs fak andy. We assume:

e the acoustic observation is independent of the environment ® 2 trajectory is sampled intQ points:
measurement: N D
X ={z1,z2,... ,20},z: €ER (20)
p(X|y7 e7t7 a7d) :p(X|e7t7a7 d) (2) . . . . .
e each point is assumed to be an independent multivariate Gaus-
e the environment measurement is independent of trajectory, du- ~ sian pdf, given the trajectory:
ration and phoneme:

p(Xle, t, ) N(zi;mi™s, @) 11
pyle,t,a,d) = p(yle) ) e, H (esmZE 20D, @A)
e the trajectory probability is independent of duration: p(Xle,A) = Z p(Xle,t, Np(tle, )  (12)
teTa
Pr(tle,a,d) = Pr(tle,a) 4

e the environment measurement is modeled as a multi-

e the environment probability is independent of duration and dimensional Gaussian pdf:

phoneme: plyle,\) = (y m® E(y)> (13)
P =P
r(ela,d) = Pr(e) ®) pIN) =D plyle, ) Pr(el\) (14)
ecé
Therefore:

For notation simplicity, we denote:
p(X,y e, tla,d) = p(Xle,t,a,d)p(yle) Pr(tle,a)Pr(e) (6)

A A
L . . ¢+ = Pr(tle,X) andn. = Pr(e|X 15
Normally, the duration informatiod of trajectory for MSTM-SM Sert r(tle, ) 1 r(eld) (15)
is used in a similar way as in MSTM [6]. For notation simplicity we ¢¢, and. satisfy stochastic constraints:
do not use it in the following.

. =1andVe € £,Va € P, cr=1 16
3. EM ESTIMATION OF PARAMETERS 2t =landve€ ENaER, ) ¢ (o)

We use the Maximum Likelihood criterion to find model parame-Ed-9 can now be expressed as:
ters. The EM-algorithm gives an efficient solution to such a prob-

lem and guarantees the improvement of training data likelihood un- Q(A[X")
til a stationary point [3]. EM iteratively maximises, with respect to _ /

the new parameter sat the mathematical expectation of the log- N Z Z Z Z Z p(e,tlX,y, X)
likelihood of the complete datgX, Y), conditioned on the observed 0
data X, and for a value\” of the parameter. The expectation is taken Zlo Nz e E(r)a)
over the sample space of the unobservable data & b et et

a€P XEX® y€Y e€E tET™

QAIN) 2 E {log p(X,Y|A) X, X'} 7) +log N(y;m, 2) +1og ¢¢, +logn.| (A7)
In our case: with the parameter set

X = {y,{X}"la € P}and Y = {e, {t}"|a € P} 8) A2 2 e o ) wW o 1y (18)

zet7 i,e,t)



Next, we maximiseQ (A|\") with respect to each parameterin

4. EXPERIMENTS AND RESULTS

under the stochastic constraints (Eq.-16). The maximisation can be

achieved by using the Lagrange constrained optimisation method4,1. Task description

which involves taking the partial derivative of the Lagrangian equa-

tion with respect to the parameters and solving the resulting equexperiments deal with @011 word vocabulary noisy continuous

tions for the parameters.

For notation simplicity, we use the following expressions:

A(e,tN) 2 30 Y ple,t X,y X) (19)
Xexae yey
B (elN) £ Y A%e,tIN) (20)
teTe

We give below the solution for each parameter:

o theapriori probability of environment and priori probability

of trajectory:
B(e|X
_a;ll” (6| ) Ca _Aa(e)tp‘l) (21)
TR T B )
a€

where|X¢| stands for the cardinal of the s&t'.

speech recognition task140 short sentences read By French
speakers A females, denoted brs and syc in the following) have
been used for training. For testing60 sentences6() common

to all speakers and00 specific to each speaker) were recorded.
In average, there are abotl observations per phoneme for each
speaker in training. The recording system used & desktop omni-
directional microphone, mounted on the terminal. The distance be-
tween a speaker and the microphone was alléutm in average
and 60 cm for some speakers (jel, crm), resulting in an SNR of
aboutl15 dB. Speech is sampled &6 kHz. 13" order mel-cepstral
vectors were computed evety ms with an analysis window &2

ms. The task is difficult because of insufficient training data and
noisy recording conditions, and because between-word pauses are
not modeled by our grammar.

The acoustic observatioN is a sequence of mel-cepstral vectors,

y is supposed to capture speaker information and is computed as
the average of the mel-cepstral vectors over the whole utterance.
The language model used has a word-pair equivalent perplexity of
29. The acoustic models are initialized with the phoneme segments
produced by the method of [5] and re-trained by one iteration of

e the mean vector and the covariance matrix of the environmesegmentation-reestimation. The number of mixtutgs|) is pro-

observation distribution:

Ey Cyy
(y) _ ¥€ 22
i = = (22)
#
5,05 (r-n) (-
nw = & (23)
PIRE
yey
where# stands for transposition operation and:
e & p(y|e, )‘I)
C, = ————= 24
v oIV @

e the mean vector and the covariance matrix of the acoustic ob-

servation distribution:

Z Dg,e,tl'i
(z)a _  XeXxe
mi,e,t - E nge’t (25)
Xexa
#
5 Diey (v —m5) (ws—m3)
nwy = X :
,’ Z ‘Di,e,t
Xexae
(26)
where:
A p(X|te, N
¢, 2 p(X[t,e, ) (27)

p(X|X)

portional to the number of observations in the training data. In
MSTM as well as in ED-MSTM, the number of stat€sis fixed

to 5. For the experiments32 context-independent phone models,
including one silence model, are build. Up4d|€| = A) envi-
ronment components are used for ED-MSTM, initialised by LBG
algorithm [8]. Duration probability estimation and sentence recog-
nition use the same technique as in the VINICS recognition system

[6].
4.2. Experiment design

We tested the system in three configurations:

e speaker-dependent mode (SD): we |¢gt= 1 and trained a
system for each speaker,

e multi-speaker mode (MS): we s¢f| = 1 and trained an
unique system with the data from all speakers,

e speaker-clustering mode (SC): we &t = 4 and trained an
unique system with the data from all speakers.

In (SD) each system is tested speaker-dependently, and in (MS) and
(SC) the system is tested on the whole speaker population.

Results in terms of word recognition accuracy are given in Table 1.
The total number of pdfs used for each configuration are similar.
Most errors are due to inter-word pauses which are not covered by
our language model. The (MS) system gi¢8s0% word accuracy
(with 58 Del., 550 Sub. andl62 Ins. over6418 words) , with a
95% confidence interval of7.2% — 88.8%. We observe that (SC)
gives the highest recognition rai&9(64% word accuracy witti05



Del., 477 Sub. and’3 Ins. over6418 words, with a95% confi- | speaker SD [ MS | SC |

dence interval 088.9% — 90.4%.), as expected, and that the use of brs 92.30 | 87.96 | 92.13
environmental modeling reduced by abdéfs the error rate pro- crm 86.40 | 85.65| 83.84
duced by the multi-speaker system. This represents a statistically jel 87.58 | 72.15| 79.03
significant improvement. lar 94.89 | 96.06 | 95.04
ols 96.90 | 95.60 | 96.41

5. CONCLUSION sat || 93.94| 80.69 | 81.67

) o ) " std 91.08 | 90.77 | 89.69

To cope with long term variabilities which do not change within syc 94.08 | 85.60 | 90.24
one utterance, we propose a new model of hidden environmg_nt vil 9327 92.41 | 9255
sources. Each environment source models the short term variability vig 9557 1 90.99 | 9450

by means of a mixture stochastic trajectory model. The estimation
of the involved parameters is derived under the EM framework. Ex-
perimental results show that a recognizer based on this new mo%e

[ AVG [ 92.60] 88.00 ] 89.64

| .

ble 1: Word accuracy rates as function of speakers and test modes
D - speaker-dependent mode, MS - multi-speaker mode, SC -
speaker-clustering mode)

An idea related to the environment-dependent acoustic modeling

proposed in this paper is the gender-dependent acoustic modeling

[4], where two sets of models (male/female) are trained and the rec- on Acoustics, Speech and Signal Processin§57-560, April
ognizer searches the best solution between the two sets of models.1994. Adelaide, Australia.

Ourformulfzeltlorlja:lows any numbgr of modeldse|1$|) vlwthsn MLI, d5. Y. Gong and J. P. Haton. lterative transformation and alignment
estimate of model parameters using EM, and can also be applied 10, qheach [abelingn Proc. of European Conf. on Speech Com-

other types of environments such as noisy recording condition. munication and Technology3:1759-1762, September 1993.
Berlin, Germany.

gives a higher recognition accuracy, compared to a system train
in a multi-speaker mode with similar number of parameters.

Compared to MSTM, in environment-dependent MSTM, the tra-
jectory models are optimally grouped (in ML sense) into cluster§. Y. Gong and J. P. Haton. Stochastic trajectory modeling for
according to an environment measurement. This technique preventsspeech recognitionln Proc. of IEEE Int. Conf. on Acoustics,
trajectories of different groups of speakers from being mixed up, Speech and Signal Processjrig57—60, April 1994. Adelaide,
thus improving the discriminability of the acoustic modeling. Australia.

I. llina and Y. Gong. Stochastic trajectory model with state-
mixture for continuous speech recognitidn.Proc. of Int. Conf
on Spoken Language Processi@ctober 1996. Philadelphia,

Suitable parameter tying in the model can help to find a better trade- PA, USA.

off between modeling accuracy and reliability. Several tying config8. VY. Linde, A. Buzo, and R. M. Gray. An algorithm for the vec-
urations can be envisaged. For instance, tying parameters at trajec-tor quantizer design.lEEE Trans. on Communicatiopr€ OM-
tory level, i.e.: all trajectories are pooled into a base shared by each 28(1):84-95, January 1980.

_of the phoneme symb_ols, or at Gaussia_m pdf level across symboéf' O. Siohan and Y. Gong. A semi-continuous stochastic trajec-
i..: the pdf of the&)-points are assumed independent of symbol and tory model for phoneme-based continuous speech recognition.

trajectory. These directions are now being investigated. In Proc. of IEEE Int. Conf. on Acoustics, Speech and Signal Pro-
cessingMay 1996. Atlanta, Georgia, USA.
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