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ABSTRACT

We discuss maximum a posteriori estimation of continuousdensity hid-
den Markov models(CDHMM ). Theclassical M LE reestimation a gorithms,
namely the forward-backward algorithm and the segmental k-means algo-
rithm, are expanded and reestimation formulas are given for HMM with
Gaussian mixture observation densities. Because of its adaptive nature,
Bayesian learning servesasa unified approachfor thefollowing four speech
recognition applications, namely parameter smoothing, speaker adaptation,
speaker group modeling and corrective training. New experi mental results
on al four applications are provided to show the effectiveness of the MAP
estimation approach.

INTRODUCTION

Estimation of hidden Markov model (HMM) is usually obtained
by the method of maximum likelihood (ML) [1, 10, 6] assuming
that the size of the training data is large enough to provide robust
estimates. This paper investigates maximum a posteriori (MAP)
estimate of continuous density hidden Markov models (CDHMM).
The MAP estimate can be seen as aBayes estimate of the vector pa-
rameter when the loss function is not specified [2]. This estimation
technique provides away of incorporatimg prior information in the
training process, which is particularly useful to deal with problems
posed by sparse training data for which the ML approach gives
inaccurate estimates. This approach can be applied to two classes
of estimation problems, namely, parameter smoothing and model
adaptation, both related to the problem of sparse training data.

In the following the sample x = (1, ..., z) is a given set of
n observations, where z1, ..., z,, are either independent and identi-
cally distributed (i.i.d.), or are drawn from a probabilistic function
of aMarkov chain.

The difference between MAP and ML estimation lies in the
assumption of an appropriate prior distribution of the parametersto
be estimated. If 4, assumed to be a random vector taking values
in the space ©, is the parameter vector to be estimated from the
sample x with probability density function (p.df.) f(-|9),andif ¢
is the prior p.d.f. of 4, then the MAP estimate, fuap, is defined as
the mode of the posterior p.d.f. of 4, i.e.

Ouap = argmax f(x|0)g(¢) @

If 8 is assumed to be fixed but unknown, then there is no knowl-
edge about 8, which is equivalent to assuming a non-informative
improper prior, i.e. g(#) =constant. Equation (1) then reducesto
the familiar ML formulation.

Giventhe MAP formulation two problems remain: the choice of
the prior distribution family and the evaluation of the maximum a
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posteriori. Thesetwo problemsare closely related, sincethe appro-
priate choice of the prior distribution can greatly simplify the MAP
estimation. Like for ML estimation, MAP estimation is relatively
easy if the family of p.df.’s {f(:|9),8 € ©} possessesa sufficient
statistic of fixed dimension¢(x). Inthiscase, the natural solutionis
to choose the prior density in aconjugate family, {k(-|¢), ¢ € ¢},
whichincludesthekernel density of f(-|0),i.e. Vx (x) € ¢ [4, 2].
The MAP estimation is then reduced to the evaluation of the mode
of k(8]¢’) = k(8|¢)k(8]t(x)), a problem almost identical to the
ML estimation problem. However, among the families of interest,
only exponential families have a sufficient statistic of fixed dimen-
sion [7]. When there is no sufficient statistic of fixed dimension,
MAP estimation, like ML estimation, isamuch more difficult prob-
lem because the posterior density is not expressible in terms of a
fixed number of parameters and cannot be maximized easily. For
both finite mixture density and hidden Markov model, the lack of a
sufficient statistic of fixed dimension is due to the underlying hid-
den process, i.e. amultinomial model for the mixture and a Markov
chainforan HMM. In thesecasesML estimatesare usually obtained
by using the expectation-maximization (EM) algorithm [3, 1, 13].
This algorithm exploits the fact that the complete-data likelihood
can be simpler to maximize than the likelihood of the incomplete
data, as in the case where the complete-data model has sufficient
statistics of fixed dimension. As noted by Dempster et a. [3],
the EM algorithm can also be applied to MAP estimation. In the
next two sections the formulations of this algorithm for MAP esti-
mation of Gaussian mixture and CDHMM with Gaussian mixture
observation densities are derived.

MAP ESTIMATES FOR GAUSSIAN MIXTURE

Suppose that x = (z1,...,z,) IS a sample of = i.i.d.
observations drawn from a mixture of K p-dimensional
multivariate normal densities. ~ The joint p.df. is speci-
fied by f(x|0) = [T, > reywiN (ze|mp,ri) where § =
(w1, ..oy wr, M1, ..., ME, T1, ..., T ) iISthe parameter vector and wy,
denotes the mixture gain for the k-th mixture component with the
constraint 37 wi = 1. N (z|my, rx) isthe k-th normal density
function where m . is the p-dimensional mean vector and r;, isthe
p X p precision matrix. Asstatedintheintroduction, for the parame-
ter vector 6 no joint conjugate prior density exists. However afinite
mixture density can beinterpreted asadensity associated with asta-
tistical population which is a mixture of K" component populations
with mixing proportions (ws, . .., wx ). Inother words, f(x|8) can
be seen asamarginal p.d.f. of the product of a multinomial density
(for the sizes of the component populations) and normal densities
(for the component densities). A practical candidate to model the



prior knowledge about the mixture gain parameter vector is there-
fore aDirichlet density which is the conjugate prior density for the
multinomial distribution

g(wi, ..., wr) ocHwyk -1 2

where v > 0. For the vector parameter (m, rx) of the individual
Gaussian mixture component, the joint conjugate prior density is a
normal-Wishart density [2] of the form

|Tk|(% -p)/2 exp[—

3tr(urr)] X
expl— = (my, — )7

> k(mr —ur)]  (3)
where (75, ptx, ax, ux) are the prior density parameters such that
ar >p—1,7 > 0, ug isavector of dimension p and uy isap x p
positive definite matrix.

Assuming independence between the parameters of the mixture
components and the mixture weights, the joint prior density ¢(8)
is taken to be a product of the prior p.d.f.’s defined in equations
(2 and (3), i-e. g(8) = g(wi, ..., wre) [ 11y 9(mn, ). As will
be shown later, this choice for the prior density family can also be
justified by noting that the EM algorithm can be applied to the MAP
estimation problem if the prior density is in the conjuguate family
of the complete-data density.

The EM algorithm is an iterative procedure for approximat-
ing maximum-likelihood estimates in an incomplete-data context
such as mixture density and hidden Markov model estimation
problems [1, 3, 13]. This procedure consists of maximizing at
each iteration the auxilliary function Q(6, ) defined as the ex-
pectation of the complete-data log-likelihood logk(y|¢) given
the incomplete data x = (z1,...,#,) and the current fit 4, i.e.
Q(8,0)=E[logh(y|8)|x, 6]. For amixture density, the complete-
datalikelihoodisthejoint likelihood of x and £ = (¢4, ..., £,) theun-
observed labelsreferring to the mixture components, i.e. y = (x, £).

The EM procedure derives from the fact that log f(x|¢) =
Q(8,0) — H(9,8) where H(6,0) = E(log h(y|x,6)|x,8) and
H(9,6) < H(6,6), and whenever a value ¢ satisfies Q(4, 0) >
Q(6,6) then £(x|6) > f(x|6). It follows that the same iterative
procedure can be used to estimate the mode of the posterior density
by maximizing the auxilliary function R(8, ) =Q(¥, §) +log g(¢)
at each iteration instead of Q(6, §) [3].

For a mixture of K densities { f(-|fx)}r=1,....x With mixture
weights{wr }x=1,..., x, theauxilliary function @ takesthefollowing
form [13]:

g(me, ) o

ZZ”” ’“W’“ logwr f(:l6x)  (4)

t=1 k=1
Let W(9,6)=exp R(9, 6) be the function to be maximized and

Onf(eelfr) <
f($t|9) » Ck —thlckt,

Tk ZZ:;let?Et/Ck and Sx :Z:;lckt(xt —xx)(zy — x_k)T. It

follows from the definition of f(x|8) and equation (4) that

K
o) T [ wit Irel™*/?x
k=1
Ck

expl— 5 (mx — o) i (my — Tx) —

define the following notations cx: =

str(Skr)] (9)
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From (2), (3) and (5) it can easily be verified that
W(-,9) belongs to the same family as ¢, and has parameters
{vy, T, s, ), wy br=1,..., 1 SAtisfying the following conditions:

v, = vk + ck (6)
T = Tk + ck @)
o) = ag + ck B (8)
g = Ttk + CkTE ©
Tk + Ck
TKC _ _
u; = up + S + Tki_l;k (uk—xk)(uk_xk)T (10)

The considered family of distributionsis therefore a conjugatefam-
ily for the complete-data density.
The mode of W(-, §), denoted (wj,, m}, ry.), may be obtained
fromthe modes of the Dirichlet and normal-Wishart densities: w}, =
K -1
(Vlle - 1)/Zk=1(yl/€ -1), my = py, and r, = (a/k — pluy, i
Thus, the EM iteration is asfollows:
-1 n
Wl = szt;lckt (12)
n— K+, v

il = Thitk + )y Chi Ty 12)

Tk + Z:;l Ckt
s uk 4 (e — mi) (e —mp)”
Tk - T +
ar—p+ thlckt
Doreg cre(we = mp)(we — my)”
ak —p+ Y., Cht
If it is assumed &y > O, then ci1, ko, ..., ckn IS a Sequence of
n i.i.d. random variables with a non-degenerate distribution and
limsup, ., """, cke = oo with probability one. It follows that
wj, convergesto y ", cx¢/n with probability onewhen n — oo.
Applying the same reasoning to m}, and r}, it can be seen that the
EM reestimation formulas for the MAP and ML approaches are
asymptotically similar. Thus as long as the initial estimates are
identical, the EM algorithm will provide identical estimates with
probability onewhen n — oc.

MAP ESTIMATES FOR CDHMM

The results obtained for a mixture of normal densities can be
extended to the case of HMM with Gaussian mixture state ob-
servation densities, assuming that the observation p.df.’s of all
the states have the same number of mixture components. We
consider an N-state HMM with parameter vector A = (7, A, §),
where 7 is the initial probability vector, A is the transition ma-
trix, and 6 is the p.d.f. parameter vector composed of the mixture
parameters 0; = {wir, mik, ik fk=1,..., fOr each state :. For a
samplex = (%1, ..., ), the complete dataisy = (x, s, £) where
s=(so, ..., $n ) Istheunobserved state sequence,and { = ({1, ..., £»,)
are the unobserved mixture component labels, s; € [1, N] and
l; € [1, K]. Thejoint p.df. &(:|X) of X, s,and ¢ isdefined as [1]

(13)

h(x,s,f|X) = 7, H Uy 16;Werey f(2
t=1
where 7; is the initial probabilty of state ¢, a;; is the transition
probability from state ¢ to state j, and 6:x = (mix, rix) is the
parameter vector of the k-th normal p.d.f. associated to state z. It
follows that the likelihood of x has the form

olfsie)  (14)




F(x|A) Z T e f(
S =1
where f(z[6:) =S, lwlkj\/(xt|mlk,nk) and the summation
is over al possible state sequences.

In the general case where MAP estimation is to be applied not
only to the observation density parameters but also to the initial
and transition probabilities, a Dirichlet density can also be used for
the initial probability vector = and for each row of the transition
probability matrix A. This choice directly follows the results of
the previous section: since the complete-data likelihood satisfies
h(x,s,f|A) = h(s, A)h(x, £|s,A) where h(s, A) is the product
of N + 1 multinomial densities with parameters {n, 71, ..., 7~}
and {n, a:1,...,ain }i=1,...,5. Theprior density for all the HMM
parametersis thus

A - m—l - mj—l
yoo I T |70 a0 [T (16)
=1 J=1

In the following subsections we examine two ways of ap-
proximating Amap by local maximization of f(x|A\)G(A) and
f(x,s|A)G(X). Thesetwo solutions are the MAP versions of the
Baum-Welch algorithm [1] and of the segmental k-meansalgorithm
[12], algorithms which were developed for ML estimation.

Forward-Backward MAP Estimate

From (14) it is straightforward to show that the auxilliary
function of the EM algorithm applied to MLE of A, Q(A, A) =
E[log k(y])|x, A], can be decomposed into a sum of three aux-
illiary functions: Q,(w, A), Q4(A,X) and Qe (6, A) [6]. These
functions which can be independently maximized take the follow-
ing forms:

o) (1)

N
=Y violog €y
. J_V n N
Qa(AR) = 3> " &ielogas, (18)
=1 t=1 yj=1
~ N ~
Qo(6,3) = > Qo, (6:]}) (19)
with
e Gnf(@lia) ,
QQ,(@z,)\) = ZZ’}/ztwlongkf(It|elk) (20)
t=1 k=1 1%

where &, =Pr(s;—1=1, st = j|x, A) and v, =Pr(s; =1|x, A) can
be computed at each EM iteration by using the Forward-Backward
algorithm [1]. As for the mixture Gaussian case discussed in the
previous section, to estimate the mode of the posterior density
the auxilliary function R(X, X) = Q(X, A) + log G(\) must be
maximized. The form chosen for G/(A) in (16) permits indepen-
dent maximization of each of the following 2N + 1 parameter
sets. {ﬂ'l, ...,ﬂ'N}, {ail, ...,ai]\’f\}i:]_w,,y]\f and {91‘}1‘:17,,,71\7. The
MAP auxilliary function R(, A) can thus be written as the sum
Re(m, N+, Ra,(ai, \)+3", Re, (8, }), whereeachterm rep-
resents the MAP auxilliary function associated with the indexed
parameter set.
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We can recognizein (20) the same form as seen for Q(6|§) in (4)
for the mixture Gaussian case. It followsthat if the ¢ arereplaced
by the ¢;x: defined as

cine = iy DN (@il i, Fir) 1)
f(we]6:)
then the reestimation formulas (11-13) can be used to maximize
Ro,(6;, A). Itisstraightforward to find the reestimations formulas
for = and A by applying the same derivations used for the mixture
weights:

/ 7 — 1+ 70
T = (22)
Zj\;l m _N+Zjv=17ﬂo
p— 7 i
)y = UPPEL @)
ZJ 1 — N+ZJ 1Zt 1&gt

For multiple independent observation sequences {x4}q¢=1,...,0,
with x, = (217, ...,2}?), we maximize G(}) Hlef(xqp\),
where f(-|A) is defined by (15). The EM auxilliary function is
then R(A, A) = log G(A Z E[log h(y4|A)|xq, A], where
h(-|X) is defined by equatlon (14) It follows that the reestima-
tion formulas for A and ¢ still hold if the summations over ¢ are
replaced by summations over ¢ and t. The values 5(;’) and 7(q)
are then obtained by applying the forward-backward algorithm for
each observation sequence. Thereestimation formula for theinitial
probabilities becomes

= ‘_1+Zq 175(()1)
Zj\;lnﬂ N+Z 1ZJ 17 ES)

Asforthe mixture Gaussian case, it canbeshownthatasQ — oo,
the MAP reestimation formulas approach the ML ones, exhibiting
the asymptotic similarity of the two estimates.

Thesereestimation equations give estimates of the HMM param-
eterswhich correspondto alocal maximum of the posterior density.
The choice of the initial estimates is therefore essential to finding
asolution close to a global maximum and to minimize the number
of EM iterations needed to attain the local maximum. When using
an informative prior, one natural choice for the initial estimatesis
the mode of the prior density, which represents all the available
information about the parameters when no data has been observed.
The corresponding values are simply obtained by applying the rees-
timation formulas with » equal to 0. When using anon-informative
prior, i.e. for ML estimation, while for discrete HMMsit is possible
to use uniform initial estimates, there is no trivial solution for the
continuous density case.

Segmental MAP Estimate

By analogy with the segmental k-meansalgorithm [12], a differ-
ent optimization criterion can be considered. Instead of maximizing
G(A|x), the joint posterior density of A and s, G(A, s|x), is maxi-
mized. The estimation procedure becomes

(24)

A= argmax msng()\,s|x) (25)
= argmax mex f(x,s|A)G(A) (26)
and ) is called the segmental MAP estimate of A. As for the

segmental k-means algorithm, it is straightforward to prove that
starting with any estimate A", alternate maximization over s and



A gives a sequence of estimates with non decreasing values of
G\, s|x),i.e. G slm¥D)x) > (A s(™)|x) with

m)

g

argmax £ (x, s|\"™) @)

Alm+ — argmax F(x, s NG (A) (28)
The most likely state sequence s(™) is decoded by the Viterbi
algorithm. In fact, maximization over A can be replaced by
any hill climbing procedure which replaces (™) by A(7+D
subject to the constraint that f(x,s(™ |Xm+D)G(Am+DY) >
£(x, st A G(A™), The EM algorithm is once again agood
candidate to perform this maximization using A" asan initial es-
timate. The EM auxilliary function isthen R(X, ) = log G(\) +
E[log h(y|\)|x,s(™, X] where h(-|\) is defined by equation (14).
It is straightforward to show that the forward-backward reestima-
tion equations still hold with &, = §(s{™) — i)s(s\"™ — j) and
Yie = 6(5(/") — 1), where § denotes the Kronecker delta function.

PRIOR DENSITY ESTIMATION

In the previous sections it was assumed that the prior density
G(X) isamember of apreassigned family of prior distributions de-
fined by (16). In astrictly Bayesian approach the vector parameter
¢ of thisfamily of p.df.’s {G(:|¢),¢ € ¢} isalso assumedknown
based on common or subjective knowledgeabout the stochastic pro-
cess. Another solution is to adopt an empirical Bayesian approach
[14] where the prior parameters are estimated directly from data.
The estimation is then based on the marginal distribution of the data
given the prior parameters.

Adopting the empirical Bayes approach, it is assumed that the
seguence of observations, X, is composed of multiple independent
seguences associated with different unknown values of the HMM
parameters. Letting (X, A\) = [(x1, A1), (X2, A2),...] be such a
multiple sequence of observations, where each pair is independent
of the others and the A, have a common prior distribution G(-|¢).
Sincethe A, arenot directly observed, the prior parameter estimates
must be obtained from the marginal density f(X|¢),

(X = / FXING(Ale) A 29)

where f(X|A) = [], f(xqlAq) and G(Ale) = [], G(Adl®)-
However, maximum likelihood estimation based on f(X|¢) ap-
pearsrather difficult. Tosimplify thisproblem, wecan chooseasm-
pler optimization criterion by maximizing thejoint p.d.f. £ (X, A|¢)
over A\ and ¢ instead of the marginal p.d.f. of X given ¢. Starting
with aninitial estimate of ¢, we obtain ahill climbing procedureby
alternate maximization over A and ¢, i.e.

N = argmax £(X, Al ™) (30)

Y = argmax (A i) (31)

Such a procedure provides a segquence of estimates with non-
decreasing values of f(X,A|("™). The solution of (30) is the
MAP estimate of A based on the current prior parameter (™. It
can therefore be obtained by applying the forward-backward MAP
reestimation formulas to each observation sequence x,. The solu-
tion of (31) is simply the maximum likelihood estimate of ¢ based
on the current values of the HMM parameters.

Proc. DARPA Speech & Nat. Lang., Morgan Kaufmann, feb. 1992

Finding this estimate poses two problems. First, due to the
Wishart and Dirichlet components, ML estimation for the density
defined by (16) is not trivial. Second, since more parameters are
needed for the prior density than for the HMM itself, there can
be a problem of overparametrization when the number of pairs
(x4, Aq) is small. One way to simplify the estimation problem is
to use moment estimates to approximate the ML estimates. For
the overparametrization problem, it is possible to reducethe size of
the prior family by adding constraints on the prior parameters. For
example, the prior family can be limited to the family of the kernel
density of the complete-data likelihood, i.e. the posterior density
family of the complete-data model when no prior information is
available. Doing so, it can be verified that the following constraints
hold

Vik = Tik (32)
Qip = Tik + P (33)
Parameter tying can also be used to further reduce the size of the

prior family.

We use this approach for approach for two types of applica-
tions: parameter smoothing and adaptation learning. For parameter
“smoothing”, the goal is to estimate {A1, A2,...}. The previous
algorithm offers a direct solution to “smooth” these different esti-
mates by assuming a common prior density for all the models. For
adaptative learning, we observe a new sequenceof observationsx,
associated with the unobserved vector parameter value A,. The
MAP estimate of A, can be obtained by using for prior parameters
a point estimate ¢ obtained with the previous algorithm. Such a
training process can be seen as an adaptation of an a priori model
X = argmax, G(A|¢) (when no training data is available) to more
specific conditions corresponding to the new observation sequence
Xg.

In the applications presented in this paper, the prior density pa-
rameters were estimated along with the estimation of the S| model
parameters using the segmental k-means algorithm. Information
about the variability to be modeled with the prior densities was as-
sociated with each frame of the Sl training data. This information
was simply represented by a class number which can be the speaker
ID, the speaker sex, or the phonetic context. The HMM parameters
for each class given the mixture component were then computed,
and moment estimates were obtained for the tied prior parameters
also subject to conditions (32-33) [5].

EXPERIMENTAL SETUP

The experiments presented in this paper used various sets of
context-independent (Cl) and context-dependent (CD) phone mod-
els. Each model is a left-to-right HMM with Gaussian mixture
state observation densities. Diagonal covariance matrices are used
and the transition probabilities are assumed fixed and known. As
described in [8], a 38-dimensional feature vector composed of
L PC-derived cepstrum coefficients, and first and second order time
derivatives. Results are reported for the RM task with the standard
word pair grammar and for the TI/NIST connected digits. Both
corporawere down-sampled to telephone bandwidth.

MODEL SMOOTHING AND ADAPTATION

Last year we reported results for CD model smoothing, speaker
adaptation, and sex-dependent modeling [5]. CD model smoothing
wasfound to reducethe word error rate by 10%. Speaker adaptation



Training | Omin | 2min | 5min | 30 min
SD — 315 | 121 35
SA (S1) 139 8.7 6.9 34
SA (M/F) 115 75 6.0 35

Table 1: Summary of SD, SA (SI), and SA (M/F) results on FEB91-SD
test. Results are given asword error rate (%).

was tested on the JUN9O data with 1 minute and 2 minutes of
speaker-specificadaptation data. A 16% and 31% reductionin word
error were obtained compared to the Sl results [5]. On the FEB91
test, using Bayesian learning for CD model smoothing combined
with sex-dependent modeling, a 21% word error reduction was
obtained compared to the baseline results [5].

In order to compare speaker adaption to ML training of SD
models, an experiment has been carried out on the FEB91-SD test
material including datafrom 12 speakers (7m/5f), using a set of 47
Cl phone models. Two, five and thirty minutes of the SD training
data were used for training and adaptation. The SD, SA (SI) word
error rates are given in the two first rows of Table 1.

The SD word error rate for 2 min of training data was 31.5%.
The Sl word error rate (0 minutes of adaptation data) was 13.9%,
somewhat comparable to the SD results with 5 min of SD training
data. The SA models are seen to perform better than SD models
when relatively small amounts of data were used for training or
adaptation. When all the available training data was used, the
SA and SD results were comparable, consistent with the Bayesian
formulation that the MAP estimate convergesto the MLE. Relative
to the Sl results, the word error reduction was 37% with 2 min
of adaptation data, an improvement similar to that observed on the
JUN90 test datawith CD models[5]. Asinthepreviousexperiment,
a larger improvement was observed for the female speakers (51%)
than for the male speakers (22%).

Speaker adaptation was also performed starting with sex-
dependent models (third row of Table 1). Theword error rate with
no speaker adaptation is 11.5%. The error rate is reduced to 7.5%
with 2 min, and 6.0% with 5 min, of adaptation data. Comparing
the last 2 rows of the table it can be seen that SA is more effective
when sex-dependent seed models are used. The error reduction
with 2 min of training datais 35% compared to the sex-dependent
model results and 46% compared to the S| model results.

P.D.F. SMOOTHING

We have shown that Bayesian learning can be used for CD model
smoothing [5]. This approach can be seen either as a way to add
extra constraints to the model parameters so as to reduce the effect
of insufficient training data, or it can be seen as an “interpolation”
between two sets of parameter estimates: one corresponding to
the desired model and the other to a smaller model which can
be trained using MLE on the same data. Instead of defining a
reduced parameter set by removing the context dependency, we can
alternatively reduce the mixture size of the observation densities
and use asingle Gaussian per state in the smaller model. Castin the
Bayesian learning framework, this implies that the same marginal
prior density is used for all the components of a given mixture.
Varianceclipping can also beviewed asaM AP estimation technique
with a uniform prior density constrained by a maximum (positive)
value for the precision parameters[9]. However, thisdoesnot have
the appealing interpolation capability of the conjugate priors.

We experimented with this p.d.f. smoothing approach on the T
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WACC | SACC (Strings Correct)
MLE 99.6 98.7 (8464)
MLE+VC | 99.6 98.8 (8477)
MAP 99.7 99.1 (8502)

Table2: TI test resultsfor p.d.f. smoothing (213 inter-word CD-32 models)

FEB89 | OCT89 | JUN90 | FEB91
MLE 93.3 925 921 92.9
MLE+VC 95.0 95.0 94.8 95.9
MAP(SI) 95.0 95.5 95.0 96.2
MAP(M/F) 95.2 96.2 95.2 96.7

Table 3: RM test results for p.d.f. smoothing (2421 inter-word CD-16
models

digit and RM databases. A set of 213 CD phone models with 32
mixture components (213 CD-32) for the T digits and aset of 2421
CD phone models with 16 mixture components (2421 CD-16) for
RM were used for evaluation. Results are given for MLE training,
MLE with varianceclipping (MLE+V C), and MAP estimation with
p.d.f. smoothing in Tables 2 and 3. In Table 2, word accuracy
(WACC) and string accuracy (SACC) are given for the 8578 test
digit strings of the Tl digit corpora. Compared to the variance
clipping scheme, the MAP estimate reduces the number of string
errorsby 25%. Using p.d.f. smoothing, the string accuracy of 99.1%
is the best result reported on this task.

For the RM tests summarized in Table 3, a consistent improve-
ment over the variance clipping scheme (MLE+VC) is observed
when p.d.f. smoothing is applied. Combined with sex-dependent
modeling, the MAP(M/F) scheme gives an average word accuracy
of about 95.8%.

CORRECTIVE TRAINING

Bayesianlearning providesaschemefor model adaptation which
can also be used for corrective training. Corrective training maxi-
mizes the recognition rate on the training data hoping that that will
also improve performance on the test data. One simple way to
do corrective training is to use the training sentences which were
incorrectly recognized as new data. In order to do so, the state
segmentation step of the segmental MAP algorithm was modified
to obtain not only the frame/state association for the sentence model
states but also for the states corresponding to the model of all the
possible sentences (general model). In the reestimation formulas,
the values ¢, for each state s; are evaluated using (21), such that
vi¢ is equal to 1 in the sentence model and to -1 in the general
model. While convergence is not guaranteed, in practice it was
found that by using large values for 7;x(~ 200), the number of
training sentence errors decreased after each iteration until conver-
gence. If we use the forward-backward MAP algorithm we obtain
a corrective training algorithm for COHMM'’s very similar to the
recently proposed corrective MMIE training algorithm [11].

Corrective training was evaluated on both the TI/NIST Sl con-
nected digit and the RM tasks. Only the Gaussian mean vectors
and the mixture weights were corrected. For the TI digits a set of
21 phonetic HMMs were trained on the 8565 digit strings. Results
are given in Table 4 using 16 and 32 mixture components for the
observation p.d.f.’s, with and without corrective training for both
test and training data. The CT-16 results were obtained with 8 iter-



Training Training Test
Conditions string word string word
MLE-16 | 1.6(134) | 05 | 20(168) | 0.7
CT-16 0.2 (18) 01 | 14(122) | 05
MLE-32 0.8 (67) 02 | 15(126) | 05
CT-32 0.3(29) 01 | 13(111) | 04

Table 4: Corrective training results in string and word error rates (%) on
the TI-digitsfor 21 ClI modelswith 16 and 32 mixture componentsper state.
String error counts are given in parenthesis.

Test Set MLE-32 | CT-32 | ICT-32
TRAIN 7.7 18 31
FEB89 11.9 10.2 8.9
OCT89 115 9.8 8.9
JUN9O 10.2 8.8 81
FEB91 114 10.3 10.2
FEB91-SD 139 113 110
Overall Test 118 10.1 9.4

Table 5: Corrective training results on the RM task (47 Cl modelswith 32
mixture components per state)

ations of corrective training while the CT-32 results were based on
only 3 iterations, where one full iteration of corrective training is
implemented as one recognition run which produces a set of “new”
training strings (i.e. errors and/or barely correct string s) followed by
10 iterations of Bayesian adaptation using the data of these strings.
String error rates of 1.4% and 1.3% were obtained with 16 and 32
mixture components per state respectively, compared to 2.0% and
1.5% without corrective training. These represent string error re-
ductions of 27% and 12%. We note that corrective training helps
more with smaller models, as the ratio of adaptation data to the
number of parametersis larger.

The correctivetraining procedureis also effective for continuous
sentence recognition of the RM task. Table 5 gives results for the
RM task, using 47 SI-Cl modelswith 32 mixture components. The
CT-32 corrective training assumes a fixed beam width. Since the
number of string errors was small in the training set, the amount
of data for corrective training was rather limited. To increase the
amount, a smaller beam width was used to recognize the training
data. It was observed that this improved correctivetraining (ICT-
32) procedure not only reduced the error rate in training but also
increased the separation between the correct string and the other
competing strings. The number of training errors also increased as
predicted. The regular and the improved corrective training gave
an average word error rate reduction of 15% and 20% respectively
on the test data.

SUMMARY

The theoretical framework for MAP estimation of multivariate
Gaussian mixture density and HMM with mixture Gaussian state
observation densitieswaspresented. Two MAP training algorithms,
the forward-backward MAP estimation and the segmental MAP es-
timation, were formulated. Bayesian learning serves as a unified
approach for speaker adaptation, speaker group modeling, parame-
ter smoothing and corrective training.

Tested on the RM task, encouraging results have been obtained
for all four applications. For speaker adaptation, a 37% word er-
ror reduction over the S| results was obtained on the FEB91-SD
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test with 2 minutes of speaker-specific training data. It was also
found that speaker adaptation is more effective when based on
sex-dependent models than with an S| seed. Compared to speaker-
dependent training, speaker adaptation achieved a better perfor-
mance with the same amount of training/adaptation data. Correc-
tive training applied to CI models reduced word errors by 15-20%.
Thebest Sl resultson RM tests were obtained with p.d.f. smoothing
and sex-dependent modeling, an average word accuracy of about
95.8% on four test sets.

Only correctivetraining and p.d.f. smoothing were applied to the
TI/NIST connected digit task. It was found that corrective training
is effective for improving Cl models, reducing the number of string
errors by up to 27%. Corrective training was found to be more
effective for models having smaller numbers of parameters. This
implies that we can reduce computational requierements by using
corrective training on a smaller model and achieve performance
comparable to that of a larger model. Using 213 CD models,
p.d.f. smoothing provided a robust model that gave a 99.1% string
accuracy on the test data, the best performance reported on this
corpus.
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