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ABSTRACT A Maximum Likelihood ML) solution consists in retraining the
model using combined field and laboratory data as a single
This work studies Bayesian(or Maximum A PosteriorMAP)  training set. This work studies Bayesian or Maximum A
approach to the adaptation of Continuous Density HiddgRosteriori (MAP) approach. The model, formerly trained from
Markov Models (CDHMMs) to a specific condition of a speechaboratory data, is adapted to the context using field data. The
recognition application. In order to improve the modetask considered is a French vocal server using a lexicon of 26
robustness, CDHMMs formerly trainébm laboratory data are isolated words.
then adapted using context dependent field utterances. T
specific problems have to be faced when using the MA o A .
approach: the estimation of tlaepriori distribution parameters ramework for model adaptation is considered and the main

and the lack of field adaptation data for some distributions of ”Péoblems of t_he MAP approach are md'V'dl.Jate(.j' In Section 3
CDHMM. three strategies are proposed for the estimation of the prior

distribution parameters. In Section 4, we propose the use of an
To estimate thea priori distribution parameters, we need toacoustical tree to overcome the lack of adaptation data. In
identify different realizations of the model parameters. Thre8ection 5, recognition experiments and results obtained are
different solutions are proposed and evaluated. To overcome tescribed. Recognition performances of MAP trained models are
lack of adaptation data, field acoustical training frames may tg@mpared to those obtained by ML trained models. Finally, in
shared among similar distributions. This is performed using d#pection 6, the conclusions of this work and some prospects of
acoustical tree, obtained by progressively clustering the modgayesian model adaptation are given.

distributions.
2. MAP ESTIMATION AND PROBLEM
DEFINITION

Let A be a CDHMM model and® its parameter vector. Let
X =(x,....%) be a set ofT observations (in the form of
1. INTRODUCTION acoustical frames), which we consider to be the training set. The

Md_ training approach considers the parameets befixed, and

The recognition of laboratory speech data has reach . )
: . . ﬁ]elr unknown valuesre estimated from the observatiodsas
satisfactory results nowadays. When passing to practic

. . follows:
applications, performances of speech recognizers often worseh

in a considerable way [5], which impedes a large scale
commercial use of speech recognition. In fact, field speech data

are affected byambient noiseandtelephone line distorsiom

case of telephone applications, amesitationsof the speaker The MAP approach considers the paramefies the modeh to
and coarticulation phenomenaypical of natural speech. Theseberandom valuesFor a given condition the parametérare a
factors make field speech data significantly different fronfealization of a random variablealled®. Therefore, in this case

laboratory ones, causing the loss of efficiency of speedhe training problem consists in finding the most likely

ﬂis paper is structured as follows. In Section 2, the Bayesian

Recognition results show that MAP adapted models significantly
outperform those trained byMaximum Likelihood (ML),
specifically when the field data set is small.

0= arg maxp(X|6)
0

recognizers trained using laboratory utterances. realization6 of ©, given the samplX:
In order to get more robust models for a specific task, field data 6= argmax p(8]X) Q)
collected in the real task condition (e.g. users' calls to a vocal 6

S?(;;/str) jht(: ;ilge:efrc;rr]r:e?;g(t)?gt(;rn tl:]t(taergsggrs]gc;r?t.b: ur;eoddeﬁge Bayesian approach is suitable to the adaptation of a model

P yp . Y . tP a specific application condition: each context (the task, the

collect field data, that will be used to train a more robust model, . : .

The main drawback is that field data are ofmarse some Speaker, the noisy or calm environment) is modeled by a proper
R realization of®. This approach allows the introduction af

words or sentences may be seldom uttered, hence there may Mori information in the adaptatiortr@ining) process. In fact,

be enough data to train some parts of the model. Therefore, ﬁw\e

completion of the training set with laboratory data is necessary.. . parameter8 of A are distributed according to the law®f
P g y y'calledprior distribution py(6). The prior distribution represents



the information we know about the model before any specifidccording to equations 4 and 5, the distributions parameters are
observation is made. This information can be obtained fromdapted to a specific context using adaptation data: i.e. some
known physical propertiesrom past experiences or it can beutterances recorded in the field condition. However, in order to
estimated from a database including a large set of independget an accurate adaptation, thor distribution parameterg
contexts. This prior knowledge is useful especially when th&hould be well estimated, and a sufficient amount of adaptation
adaptation data set is small. Equation 1 can be written data is requested. These two points are detailed in the following.

follows, according to the Bayes's theorem:
A 3. ESTIMATION OF A PRIORI DENSITY
0= argmax p(X[), (O @) PARAMETERS
0

The estimation problem is solved by evaluating the maximumince any physical knowledge about firéor parametersp is
point of the productp(X|8) p,(6). In this work, we use the not a}v.allab.le,(p is estimated from a Iarge Iaboratory.(hence,
segmentalversion of the iterativeEM algorithm For each condllt.lon independent) database. This strategy is called
iteration of the algorithm, the field acoustical frames are VitergiMpirical Bayes(EB) approach [2]. In order to evaluate these
aligned on the model distributions, and then the current iterati®'0" distribution parameterg, we have to considatifferent

parameters are evaluated. This approach is c&egmental realizations of the model paramete@®. These realizations
MAP [4][1]. The first problem arisen is the choice of gor ~ c@nnot be directly observed, so we havedomatethem. Three

distribution family. Since no physical knowledge is available tdlifferent approaches are proposed in the following.
justify a particular choice, amathematical attractiveness Let meanmq and varianceia be theg-th realization of thé-th

crlte_rlo_n IS applle_d [1]. This means that thaor d_lstrl_butlon component of the-th density. Referring to Equation 3, we can
family is chosen in order to simplify the determination of the b th is th f therior distributi lative t
solution of Equation 2. Observe apy is the mean o BI’IOI’. istribution relative to

m; . So, it can be evaluated as a weighted meamof If we
In this work, an allophonic CDHMM, with single Gaussiancall g} the variance estimate obtained froff and myy, and
distributions, is used [3]. The distributions have diagonaissign this value to the mode of the variance distribution, then it
covariance matrix, hence we can consider each direction in tf%eeasy to verify thatu, = (a, - ). If o, is fixed, theny; is

acoustical space independer_nly_. iny Fhe adaptation of theermined. Note that, @g increases, the Wishart distribution
means and variances of the distributions is made. In fact, fom}?rhtens around its mode. In the adaptation stage, the variance
experiences show that the importance of the transitiong . '

T value will not change significantly from the prior modexjf has

probabilities is minor. ) ; o . .
a high value, unless the adaptation training set is large. Since the
Let m andr; be respectively the mean and the precision matrigstimation of the CDHMM distributions variancescistical, a
(inverse of covariance matrix) of the distributionWe denote high value fora; is empirically chosen. Finally, the product
my andr, respectively the-th component ofm and thel-th (¢ . )7! is the variance of therior distribution of the meamy, .
dlagonalhmember of .dOn thel-th Q|men5|(()jr1 ofbthg acpustrl]cal Let ¥, be the empirical variance of the mean, estimated from
space, the mean and precision joprtordistribution s the the realizationsn,. Then,t; is evaluated as; = aj /5, . Note
following normal-Wishart ) . a o ) .
a,-1 that in this work a specific value af; is estimated for each
plmy vy [T W05, Oy 5 0 dimension of the acoustical space.

01 0. Oy 0 3.1. Associating several calls as a realization
exfy G D xRy O~ i T g (3) of the prior distribution
where @=(t;,ly G .4 ), i=L.N,I=1.p are the prior The laboratory database we use is composed of telephone calls

density parameters amds the dimension of the acoustical spacén@de by speakers from different regions in France. They utter
[1][4]. This choice yields the following MAP estimation the lexicon words and some out-of-vocabulary words. These out-

formulae for the current parameters at each EM iteration [1]: ©f-vocabulary words are used to train the garbage models.

~ _ Tk + n @) Each phone call identifies a given speaker, a transmission

m T +n channel and a specific ambient noise. Hence, it is reasonable to

W +nS +22 (- %) suppose that a single telephone call corresponds to one
il= Tt (5) realization of the model paramet@s Therefore, we can use the

(@i =-1)+n speech data of a call to estimate a realization of the parameters.

, ) ) ... Unfortunately, a single call might not contain enough data for a
where n, is the number of the field acoustical frames Viterbigjiapje estimation of the model parameters

aligned on the distribution x; and§, are theempirical mean
and variance, calculated for each componkntsing these A possible solution is to associate several calls to a single
acoustical frames. realization of®© which provides more data to correctly estimate



the model parameters. The drawback is that calls associatedridhe adaptation stage, when field data are lacking for a density,
the same realization may not refer to the same speaker ghd tree is climbed and the adaptation frames of the close
ambient noise. Hence, taadeoff betweenmodelling accuracy Gaussian densities are added to the training set of the initial
andquantity of estimation data availabigeto be made. density, until a satisfactory quantity of data is reached.

3.2. Vector Quantization to Estimate the The acoustical tree is built by progressively coupling the model

Realizati f the Prior Distributi distributions, according to a minimal distance criterion. Let
ealizations o € Frior Distribution A (my %) and AL (.,m,,Z,) be two Gaussian distributions to

The parameters of the distributions are evaluated using th&iCh m andn, acoustical frames have been associated. This
acoustical frames aligned on them at the last EM iteratiof’€@ns that we suppose that the and n, frames are issued
Hence, a set of acoustical frames is associated to ed&@sPectively byAl, and 2A(,. To couplea; and A(, means to

distribution. In each set, a vector quantization is performed, (eplace them by a single Gaussiaf)(..m3,2;), which issues

we divide the set into a given number of classes, using the LBBE Wholens =m +n, frames. It is easy to verify the following

algorithm. Each class is supposed to be a realization of the®lations:

priori distribution to which the whole set is associated. S
3 m +n2 1 n +n2

7712
In [2], clustering was performed on speakers, in order to obtain
speakers' groups, each group corresponding to a single L WS L T S L .
realization. Here the clustering is directly operated on the =y +n, 1 nj+n, > (m +

acoustical frames. The advantage is that we can study each

parameter independently instead than considering a genefhis coupling operation yields a loss of precision in the

inter-speaker variability. In other words, we suppose thanodelling process. A distance between two distributions should
speakers classes may differ depending on the sound pronoun@sghress the loss of precision caused by coupling them. One
This clustering is also suitable for noise classes since additipessible distance is the log likelihood ratio betwegn & A,

5 (my = my)Y(my —my)"
n2)

noise effects depend on the pronounced sounds. and the new distribution(; on the whole:; frames:
mm
3.3. Gaussian Mixtures to Estimate the =] 2

log

Realizations of the Prior Distribution Is "121"2 "LZ

1 2] 2
The CDHMM used in this work has single Gaussian . o
distributions. Starting from this model, a new one with Gaussiathe leaves of the acoustical tree are the original model
mixtures is obtained. Each mixture component is considered @stributions. Each step of the tree construction consists in

be a realization of therior distribution corresponding to the choosing the two closest Gaussian densities and associating to

associated Gaussian distribution in the original model. their father node the new Gaussian density, that will replace both
in the next distance evaluation step. This procedure is iterated
4. LACK OF ADAPTATION DATA AND until the root node is obtained.

ACOUSTICAL TREE 5. RECOGNITION EXPERIMENTS AND

Model adaptation to the context is performed using field data RESULTS

collected when the recognition system is operating. To get a

satisfactory quantity of field data may take a long time: in facilhe task model is composed of 26 allophonic word models and

in the case of a vocal server, several users' calls are neededr garbage (word) models, to reject the out-of-vocabulary

Moreover, field data are often unbalanced: some lexicon word¢rds and the ambient noises. Our laboratory database is

might be seldom uttered, while other words might be frequent. composed of 7 hours 25 minutes of telephone data. The field
database is composed of real users' telephone calls to a French

For those reasons, lack of adaptation data is quite common.\¥cal server. It is divided into equal parts for training and test.

consequence of this, in the adaptation stage, some distributiofss training part contains 4 hours 25 minutes of signal. Field

of the model are not seen, i.e. the quantity of field framegeech data are divided into four categories: correct (CORR), i.e.

associated to them is not enough for a correct estimatiof) of |exicon words correctly uttered; truncated (TRUN, lexicon

and §; (Equations 4 and 5). Hence, the adaptation process GgBrds truncated by the speech-noise detector; out-of-vocabulary

be performed only for some parts of the model, causing a Iack(QjOV) words; ambient spurious noises (NOIS). In the

balance. recognition stage, we wish to correctly recognize correct and

Supposing the adaptation function to be continuous in tﬁ@nga’[ed Words and to reject out-of-vocabulary words and
acoustical space, it can be argued that acoustical frames maflﬂp'ent noise.

shared among "similar" distributions, in order to increase thgyo ML models have been trained: thaboratory one, trained
quantity of estimation data. An acoustical tree is built tQsing only laboratory data; theixedone, using laboratory and
associate "similar” distributions. field data as a single training set. Their error rates are reported in



Table 1. We observe that the mixed model outperforms thask adaptation using 1 hour of field speech outperforms the ML

laboratory one, which is a confirmation of the necessity to usgproach using 4.5 hours of field speech. This means that the
field data in the training. In the same table, we report the errBayesian adaptation reduces the size of the training field data set
rate reductions obtained by the MAP models referred to threquired by a factor 4.5. The use of the acoustical tree improves
mixed model. For each prior parameters estimation strategy, W performances of the Bayesian models, especially when the
have chosen the MAP models which perform the best, naBnelyadaptation data set is small. Therefore, on-line model adaptation
calls, 4 Gaussians mixtureand8 VQ classesnodels. We can to the context seems to be realistic.

observe that MAP models largely outperform the mixed one,

especialy for correct words recognition and noise rejection.

CORR | TRUN oov NOIS 340

ML laboratory | 6.7 | 665 | 244 | 167 ‘éz"'
ML mixed 3.8 52.4 29.1 11.2 g o
Table 1a: ML models error rates. g_m,

CORR | TRUN oov NOIS

4min 10min 2min 57min 4mn 10min 2min 57min

8 calls 13 % 2.3% 4.8 % 57 %
4 Gauss. mixturegs 14.5% | 1.1 % 0.2 % 54 % ®
8VQclasses | 126 % | 1.6 % 3.6 % 57 % 40

%

Table 1b: MAP models error rate reduction with respect to the o
ML mixed model. E

2 0
ML mixed and MAP models in the former experiments were®

trained using 4 hours 24 minutes of field speech. In Figure 1%,-20’ 16 I

recognition results of models trained with a growing amount of amin  Omn  22mn  s7mn 4mn lomn  2mn  57mn
minutes of field data are reported. The results represent the error ooV NaS

rate reduction referred to the performances of the laboratory ‘lMLn‘ixedrmdeID MAP 8calls without tre MAPScausmmJFe

model, which is not trained from field data (see Table 1). We

can observe that MAP models largely outperform the ML on(al'—*igure 1: Error rate reductions obtained using ML mixed and

especially for correct words recognition and noise rejection. Is with h lab
When the amount of field training data available is small, the MAP models with respect to the ML laboratory one.

use of the acoustical tree significantly improve the MAP model

performances in correct data recognition. The acoustical tree

worsens the performances in out-of-vocabulary noise rejection. 8. REFERENCES
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