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Abstract

In this paper a theoretical framework for Bayesian adaptive learning of discrete HMM and
semi-continuous one with Gaussian mixture state observation densities is presented. Corre-
sponding to the well-known Baum-Welch and segmental k-means algorithms respectively for
HMM training, formulations of MAP (maximum a posteriori) and segmental MAP estima-
tion of HMM parameters are developed. Furthermore, a computationally efficient method
of the segmental quasi-Bayes estimation for semi-continuous HMM is also presented. The
important issue of prior density estimation is discussed and a simplified method of moment
estimate is given. The method proposed in this paper will be applicable to some prob-
lems in HMM training for speech recognition such as sequential or batch training, model

adaptation, and parameter smoothing, etc.
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1 Introduction

The use of hidden Markov models (HMMs) for speech recognition has become increasingly
popular in the past few years. The widespread popularity of the HMM framework can
mainly be attributed to the existence of the efficient training procedures for HMM. Among
these algorithms, the Baum-Welch [2, 3, 20, 15, 16] and segmental k-means [24, 17], are two
most commonly used procedures for the estimation of HMM parameters. By assuming the
HMM parameters to be fixed but unknown, these parameter estimators have been derived
purely from the training observation sequences (sample information) plus some constraints
that these parameters must obey without any prior information included. There may be
many cases in which the prior information about the HMM parameters is available. Such
information may, for example, come from subject matter considerations and/or previous
experience. If indeed such information is available, the investigator may wish to use it in
addition to the sample information in making inference about the HMM parameters. As
is well known, the Bayesian inference approach provides a convenient method for combin-
ing sample and prior information. By assuming the HMM parameters to be random, this
prior information is expressed in the form of a prior distribution, which is combined with a
likelihood function via Bayes’ theorem to form a posterior distribution on which inferences
are based. Consequently, the flexibility in incorporating varying amount of prior informa-
tion makes the Bayesian inference procedure successful in handling the problem of limited
amount of relevant sampling data as well as applicable to certain problems of HMM training
for speech recognition such as sequential or batch training, model adaptation, parameter

smoothing and so on. It is this approach that this paper focuses on.

The idea of this kind of adaptive Bayesian learning for HMM is not a new one. By
assuming that the set of vectors assigned to each prototype is modeled by a diagonal multi-
variate Gaussian density, of which the prototype is the mean, Ferretti and Scarci [10] used
Bayesian estimation of mean vectors to build speaker-specific codebooks in an DHMM (Dis-
crete Hidden Markov Model) framework. Originated in Brown et al’s work with Bayesian
estimation for speaker adaptation of CDHMM (Continuous Density Hidden Markov Model)
parameters in a connected digit recognizer [5], recently Lee et al [19] investigated various
Bayesian training schemes for the speaker adaptation in isolated word recognition where

the parameters of multivariate Gaussian state observation density with diagonal covariance



matrix were adapted, and the same Bayesian adaptation procedure can be easily extended
to cope with the case of a multivariate Gaussian density with a full covariance matrix.'
Later Gauvain et al [12] managed to extend Bayesian adaptation to handle parameters of
mixture of gaussian densities with diagonal covariance matrix. They proposed to use a prior
density which is the product of a Dirichlet density and gamma-normal densities. By further
assuming two regularity conditions they used the EM algorithm [9] to iteratively find the
mode of the posterior density. This very special assumption of regularity conditions may
limit the ability of this kind of prior density to represent prior information adequately. As

a matter of fact, EM algorithm needs no regularity condition.

So far, Bayesian adaptive learning in HMM training applies to only the adaptation of
either the codebook in the DHMM framework or the state observation densities in CDHMM.
Nothing about adaptation of the initial state distribution, the transition matrix or the
state observation distribution in DHMM has been reported in the literature. However,
it is recently learned from C. H. Lee that they have extended the MAP learning to all
HMM parameters with general mixture Gaussian state observation densities [13]. Hence
this paper will only focus on the problem of Bayesian adaptive learning for DHMM and
Semi-continuous HMM (SCHMM).

The rest of the paper is organized as follows: After a brief introduction of the concept of
the Bayesian point estimation in Section 2, the formulation of MAP estimates for DHMM
and SCHMM are derived respectively in Section 3 and 4. In Section 5, the problem of
segmental MAP estimates for HMM are discussed and a computationally efficient method
of segmental quasi-Bayes estimation for SCHMM is presented. The important issue of prior
density estimation is discussed in Section 6 and a simplified method of moment estimate is

given. Finally the findings are summarized in Section 7.

2 Bayesian Point Estimation

In the Bayesian approach, if 6 is the unknown parameter vector to be estimated from a se-
quence of n observations x1,xs, -, Zy,, it is assumed that an investigator’s prior knowledge

about # can be summarized in a prior probability density function (PDF) p(#), with 6 € Q,

'In Lee et al [19], Eq(3.18) 62 = 3/ is not a MAP estimate of 0. It is the Bayesian point estimate of
o? with the quadratic loss function. The true MAP estimate of o> must be 3/(& — 0.5) .



where © denotes an admissible region of the parameter space.? By the use of Bayes’ theo-
rem, this information can be combined with the sample density function p(z1,x9,- -+, z,|0)
(which is the likelihood function if viewed as a function of #) to yield a posterior PDF
p(0|x1, 9, -+, x,). Such a PDF can be used to make inferences about the parameter 6:

_ p(x1, 22, -, 2,]0)p(0) (1)
pr(mla Loy a$n|9)p(9)d9

Furthermore, if an investigator has a loss function which reflects the cost of an incorrect

p(0|xla Tyt 1xn)

estimation, it is generally possible to obtain an estimate, say é, which minimizes the poste-
rior expected loss. Under a wide range of conditions, 6 will also be a function of the sample
observations which minimizes the average risk. In this latter case, 0 is formally termed the
Bayesian point estimator relative to the given loss function and prior PDF employed. It is
well known that the mean of the posterior PDF is the Bayesian point estimator given that
the loss function is quadratic while the mode of the posterior PDF is the one usually called
modal or MAP (maximum a posteriori) estimator corresponding to the special zero-one
loss function structure. Both of them are reasonable candidate of the point estimate of
6 [18, 8, 28]. In particular, when the prior PDF p() is constant over the parameter space

Q, the MAP estimator is the same as a classical maximum likelihood (ML) estimator.

3 MAP Estimate for Discrete HMM

In this section we will discuss the MAP estimate for discrete HMM. Consider an N-state
DHMM with parameter vector A = (m, A, B), where w! = [r1, 79, -+, my] is the initial state
probability vector, A = [a;;],4,j = 1,2,---, N, is the transition probability matrix, and
B=1[bjy),j=1,---,N,k=1,---, K, bj, is the probability of observing symbol v}, in state

j. The observation symbol set is denoted as V' = {vy,v9, -, vg}.

For simplicity, prior independence of 7w, A and B is assumed, then the prior density for
A is:
g(A) = g(m) - g(4) - g(B) (2)

2In denoting the prior PDF p(f), we do not explicitly show the parameters of the prior PDF which are

assigned values by the investigator. Also note that for simplicity, in this paper we will use the convention
that both the random variable and the value it may assume are denoted with the same symbol. Since it is

not likely to cause confusion.



Such an independence assumption may not be unduly restrictive. If the rows of 7w, A and
B are assumed independently distributed a priori, and their densities assume the form
of Dirichlet distributions (sometimes called multivariate beta PDF), then g(\) becomes a

special case of the matrix beta PDF [22]:

K

N N )
N =Ko [[{m}" H i - (I b=y (3)
i=1 j=1

k=1

where K, is a normalizing factor. {n;},{n;;},{vix} are sets of positive parameters for the
prior PDF of 7w, A, B assigned by the investigator to represent his prior knowledge of the

parameters.

Assuming a prior distribution as a Dirichlet one is not without criticism [1], but it does
lead to a tractable analysis and a development of subjective elicitation procedures had been
reported [6, 7]. Also note that the “extended natural conjugate” prior distribution which
admits non-zero correlation between the rows of A, B, and 7 will result in complicated

formulas for the moments, etc. [22].

For an observation sequence x = (1, %2, -, zr), let s = (s1,89,---,s7) be the unob-

served state sequence, the probability of observing the state sequence s is simply

T
P(S|7r, A) = sy H sy 15¢ (4)
t=2

The joint probability for observing the sequence x and s can be evaluated as

T

P(x,8|\) = 75, bs, (71) H as, 5,5, (Tt) (5)
t=2

The probability for observing the sequence x is then measured by
P(x|)\) = ZP x, S|\ (6)

where the summation is taken over all possible state sequences.

Given the observation sequence x and the prior density g(\), the MAP estimate of A
can be obtained by
Avap = argmax P(x|\)g() (7)

By viewing it as a missing data problem, as noted by Dempster et al [9], the EM (expectation-

maximization) algorithm can be easily modified to produce this MAP estimate.



In the current situation, let y = (x,s) denote the complete data, where x is the observed
data and s the missing one. Then the complete-data log-likelihood is

T T
log P(x,s|)) = log ms, + Z logas, s, + Z log bs, () (8)
t=2 t=1

Define an auxiliary function R(AX) = Q(A|A) + logg()), where Q(A|)) is the auxiliary

function for the E-step in ML estimation.

QUM = [IOgP(X s|A)[x, Al (9)
= Cpny ”"A log P(x, s|A)} (10)

= Zel log 7; +ZZCZJ log @j +sz]klogb]k (11)

i=1j=1 j=1k=1
where
e, = P’f’(sl = 7;|Xa >‘) (12)
T—1
Cij = Z P’)"(St = 'L., St4+1 = ]|X7 >\) (13)
t=1
dix = Z Pr(s; = j,zs ~ vglx, A) (14)
tire~ug

and these terms can be efficiently computed by using the Forward-Backward algorithm [23].
Thus,

N N K
R(AIN) = QAN+ (mi — 1) logm—i—zz nij — 1) log a;j+ ZZ vjr.—1)log by, +log K,
=1 i=1j5=1 j=lk=1

(15)
where K, is just a function of {n;}, {n;;}, and {v;}, not dependent on A. By choosing \ to

maximize R(A|A), the EM iteration for the three parameter sets m, A, B is as follows:?

ei+mn;—1

Ay = i=1,2,--,N (16)
X lie+Xmi—N
. cij +mij — 1 ..
aj; = ,j=1,2,--- N (17)
YN e+ Sy - N
) digo + v — 1
bk = gh 5 ik J=1,2,N; k=12 K (18)

Yo dik + e ik — K

3Strictly speaking, three conditions must be obeyed: (1) e;+n; > 1, (2) cij +ni; > 1 and (3) djx+vjr > 1.

This is usually the case in practice; otherwise, these simple formulas cannot be derived.



(w)

If there are multiple independent observation sequences {xu },,—; ...y, Withxy = (277, , 2

to get an MAP estimate of )\, one just maximizes g(A\)[1}/_; P(x,|)\), where P(x,|)) is as

defined in equation (6). The EM auxiliary function will then become
“ “ W “
RO = Togg(3) + 3" Bllog P(xu, 513 xus A (19)

where P(xy,8,|)) is defined by equation (5). It is straightforward to derive the following
reestimation formulas:
S Sl + S - N

1VUV:1CE;U) + i — 1
3/:12;'\[:1080) +Y M m - N
- Syl v — 1
23:125:161%) + ik — K
(w)
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Uy

i=1,2,---,N (20)

&ij: i,j:1,2,"',N (21)

bik j=1,2,-,N; k=1,2,---,K  (22)

(w)

where e; "/, ¢ dﬁ)) are obtained by applying the Forward-Backward algorithm for each

observation sequence X,,.

Note that when W — oo, the MAP reestimation formulas approach the Baum-Welch
ones which are used to get an approximate ML estimate. Thus an asymptotical similarity
of the two estimates is demonstrated. Iterative use of these reestimation formulas will
give the estimates of the HMM parameters which correspond to a local maximum of the
posterior density, provided the iterative sequence is not trapped at some saddle point, in
which case, a small random perturbation of A away from the saddle point will hopefully set
the EM algorithm free from the saddle point. The reader is referred to the detailed account
of the convergence properties of the EM algorithm in a general setting given by Wu [29].
The choice of the initial estimates is therefore essential for finding a “good” solution and
minimizing the number of EM iterations needed to attain a local maximum. One reasonable

choice of the initial estimates is the mode of the prior density *:

1
A= i—12-.,N (23)
Zi:mi—N
1
o= _Mi7° i 19... N (24)

Yo X - N

“Note again that the following three conditions must be obeyed: (1) 7; > 1, (2) ;; > 1, and (3) v;1, > 1.

This is usually the case in practice; otherwise, no simple formulas can be derived.

(w)

)7



o) Vik — 1

k — =K
T Y — K

Another choice for initial values is the mean of the prior density:

(0) i .
20— i=1,2,---,N (26)
' Ei]\ilm
0) _ _ Mij D
o0 — i,j=1,2-,N (27)
Y Z;V:Inij
bgo): I’(/jk j=1,2,---,N; k=1,2,--- K (28)
2 k=1Vjk

Both are some kind of summarization of the available information about the parameters

before any data has been observed.

4 MAP Estimate for Semi-continuous HMM

Semi-continuous [14] or tied mixture [4] HMM has its distinctive advantage in modeling
speech for recognition. In this section, we will discuss the MAP estimate for Semi-continuous

HMM (SCHMM), where the state observation densities are mixtures of Gaussian PDF's:

bi(e) = S winf (eil6r) (29)
= ZkK:lekN(xt|mka7"k) (30)

where N (z|myg,rg) is the k-th normal mixand denoted by
1
N (z|mp, ) o |7“k|1/26XP[—§($ — my) ri(z — my)] (31)

Here “ o ” denotes proportionality, my is the D-dimensional mean vector and r, is the D x D
precision matrix (a precision matrix is defined as the inverse of the covariance matrix) °.
These Gaussian mixture components are shared by all the states of every HMM. Each state
observation density differs from another by its corresponding mixture coefficients w;;, which

satisfies the constraint E/f:ﬂdjk =1

Thus, a SCHMM is represented by a parameter vector A = (m, A, 0), where 7 is the initial
state distribution, A is the transition matrix, and € is the PDF parameter vector composed

of the mixture parameters 0; = {wik,mk,rk}k:m’_“’K for each state 7. Since the SCHMMs

®|r| denotes the determinant of the matrix r and r* denotes the transpose of the matrix or vector r. In

the following, we will also use tr(r) to denote the trace of the matrix r.



share the mixture components in state observation density, different models must be es-
timated simultaneously. Now consider a collection of M SCHMMSs, A = (A1, Ao, -+, Ap).

The prior density for A is assumed to be:

K
1T 9O TT 90k, 7a) (32)
k=1
where
N (m) N K o)
g0wm) o TP =1 ([Tl - (Tl =) (33)
i=1 j=1 k=1

taking the form in equation (3).

If the Gaussian mixand has a full covariance matrix, then g(my,r;) is assumed to be a

normal-Wishart density [8] of the form

- 7| 1
(11, T T, e vy i) o ] 8PV Zexpl 7 (i —pu) i (m— pug ) Jexpl = tr(ugri)] (34)

where (7x, pig, ., ug) are the prior density parameters such that ax > D — 1, 7, > 0, uy is

a vector of dimension D and wy is a D x D positive definite matrix.

On the other hand, if the Gaussian mixand has a diagonal covariance matrix, then

g(myg,ry) is assumed to be a product of normal-gamma density [8] with the form:

(arqg—1/2)

1
9, Tk | Theds Pokeds ks Bra) o H Tk eXp[_ide""kd(mkd — k) lexp[—Brarka) (35)

d=1
where Tgq, agd, Bka >0,d=1,2,---,D .

m,n) associated with model

Let x("™") denote the nth observation sequence of length T'(
m, and each model has W,,, such observation sequences. Let A\, denote the set of parameters

of the m-th HMM.

Civen the set of observation sequences {x(™™} and the above prior PDF g(A), the
MAP estimates of A can be obtained by

M Wp

Mavap = argmas{ TT TT S} - g(A) (36)

m=1n=1

This can also be solved by the EM algorithm.

Define a general Q-function as

M Wn (mn mn|)\ )

A|A Z Z Z Z (m.n |>\ ) log f(X(m’n), S(m’n), l(m,n) |5\m)

m=1n=1 s(m,n) 1(m,n)
(37)




where s(™"™) is the unobserved state sequence and 1) is the sequence of the unobserved

mixture component labels correspond to the observation sequence x(™™). Furthermore,

T
f(xa S, l|>‘) = TrslwslllN($1|ml17’rl1) H{ast—lstwst—lstN(xt|mlt7rlt)} (38)
t=2
and
T
f(X|)\) = Z{ﬂ-slbsl(ml) Ha’st—lstbst(xt)} (39)
s t=2
It is straightforward to derive that:
( ! (m)( 4 S ) >
YoEN D QAN+ Y Q@A+ Q (BkA)  (40)
m=1 m=1 m=1 k=1
where
N Wmn
Z Z 7(m "™ () log 7r( m) (41)
i=1n=1
N N Wy, T0mn)
QU =Y > > 7™ (i, ) log &l (42)
i=1j=1n=1 t=1
N K Wy, T(mn) ( ()
Z Z (tm n) k) log w;; (43)
i=lk=1n=1 t=1
M Wy, T(mn)
Qs 0, 8) = D23 0 () log N (2™ ring, 7. (44)
m=1n=1 t=1
with

Wi g) = Prisy™ =i s = il Ay 1<E<TON -1 (45)

%Em,n) (i) = P?"(ng’n) _ 7;|X(m,n), Ap) 1<t< (m.n) (46)
"M (i k) = Pr(si™ =i, 1{™™ = kx(™", A,) 1< ¢ < T (47)
Ct(m,n)(k) _ Pr(lgm,n) _ k|x(m,n)’ Am) 1<t< (m.n) (48)

Here Ct (z k) and fyt( m.n) (1) can be related according to the following equation with the
superscript (m,n) implied:

wik N (z¢|mp, ;)

(49)
SR wie N (g|mg, )

(i, k) = m(i) -

These terms can be computed efficiently by using the Forward-Backward algorithm [23].

10



The MAP auxiliary function is R(A|A) = Q(A]A) +log g(A) . With the form chosen for

~

g(A) as in equation (32),

R M N M N N
loggd) = 3 0™ - Dloga™ + 3 3 Y - 1logal”
m=1i=1 m=1i=1j=1
M N K K
+ Z Z Z logw K ) 4 Z log g(1k, ™) + Constant
m=11i=1k=1 k=1

(50)

The “M-step” in EM algorithm now becomes max R(A|A) and the reestimation formulas

for the {ﬂ'gm)}, ag-n), wl(,zn) can be easily derived as :

o 1 mn
7Arz(m) _ + Zn 171 (Zzn — i=1,2---,N
Zi:lni ~ N+ y N 171 (4)
(m,n) R ..
~(m) 771(] _1+Zn 1 fl IYt(mn)(Za]) =19 N
a5~ = N (m) m T(m”) mm) . L) =544,
Zj:lnz’j N+ j= )Y (4, 7)
( 1 T(m n) .(m,n) k
oM — +¥n T Ct (i, k) i=1,2,--,N; k=1,2,---

S Y RS EY i SN
The reestimation formulas for {7}, {¥x} can be derived by maximizing

Qg, (Ox, A) + log g(riug, 7y.)

which leads to solving the following equations:

M Wy, Tmn)

)P MDD

m=1n=1 t=1

a m,n ~ ~ a ~ ~
log N (2™ i, 7i) + - log g e, 7) = 0
T m

and
Wy, T(m5m)

M
I IR

m=1n=1 t=1

0 .
57 log g(1hg, 7)) = 0
Tk

(@™ i, i) +

4.1 Full Covariance Matrix Case

Notice that when ry is a full covariance matrix,

B log N (™" 1y, 7)) = ip(at™") —ring)
a M) | N 1 m,n ~ m,n ~
5 g N (@™ e, 1) = Sl = (@™ — i) (™ — )]

11



and

Briny log g(my,7r) = —TETr(MK — pk) (59)

0 ag—D | T, N ¢ 1
o7 5Tk~ o (i — k) (M — )" — S (60)

Substitute these terms into equation (55) and (56), the reestimation formulas for rmy, 7

(g, ) =

can be easily obtained as:

(m n)

()
Tk+zm 1Zn 1 fl Ctmn(k)

A o (m,n) (m,n m,n N m,n
ot — el — ) O — ) + S S ST G (k) (™) — i) (@™

k - m,n m.m
ak_D_i_Zm IZTL 1 f(l )Ct( ’ )(k)
(62)

These two equations together with equations (51) to (53) constitute the MAP reestima-
tion formulas for A. The initial estimate can be chosen as the mode of the prior PDF g(A):
{ng)}, {az(-;-n)}, {wz(,zn)} have the same form as equation (23) ~ (25) in the case of DHMM,
and

mg = MKk (63)
r = (a — D)uy ! (64)
Another choice is the mean of the prior PDF g(A): { } {a” } {wzk } also have the

same form as equation (26) ~ (28) and
mE = f (65)

e = opuy (66)

4.2 Diagonal Covariance Matrix Case

When rj, is a diagonal covariance matrix,

0

Brigg 08V (™" g, ) = Pra(aly ™ — 1) (67)
a m,n ~ ~ ]- ~— m,n ~
5 BN (™ i, 1) = Sl — (1™ = voka)’) (68)
and
T log (K, Tk) = —TkaTkd(Mkd — Hkd) (69)

12



A Io._1 Tka,.
log g(1hg, %) = (oka — 5)7"/.“11 — T(mkd — pikd)® — Bra (70)

Substitute these terms into equation (55) and (56), the reestimation formulas for g, g

can be easily derived as:

gt M S ST () g
Fipg = kdbkd + 2om=12n—1 22i=1 & (k)2 (71)

m,n)

( m,n
de+2i‘rf:1 ZZV:”E th1 Ct( )(k)

) (mn) . (m, "
Pod = 2Bk + a1k = 1) + Sty S S G () ™ = ringa)?
(o) . (m,
20kd — 1+ Sh_y S0 ST G (k)

The initial estimates of myg and rq can be chosen as the mode of the prior PDF g(A):

Mkd = Hkd (73)
1
Thd = (Qgd — 5)/5@1 (74)
or the mean of the prior PDF g(A):
Mkd = [tkd (75)
Thd = kd/Bkd (76)

5 Segmental MAP Estimates for HMM

Analogous to the segmental k-means algorithm [24, 17], a similar optimization criterion can
be considered for the MAP estimate of HMM. Instead of maximizing g(A|x), g(A, s|x), the
joint posterior density of parameters A and state sequence s is maximized. The estimation

procedure becomes:

A= argmgxméixg()\,ﬂx) = argm?xméixf(x,sp\)g()\) (77)

Here ) is called the segmental MAP estimate of A [19]. Just as it is the case with the
segmental k-means algorithm, it is straightforward to prove that starting with any estimate

AP) alternate maximization over s and X gives a sequence of estimates with non-decreasing

values of g(), s|x), i.e. APt sPt]x) > g(AP) () |x) with

S(p) — arpgmsa,xf(x,sp\(p)) (78)

13



AP = argmax £ (x,s7)\)g(3) (79)

The most likely state sequence s() is decoded by the Viterbi algorithm [11]. If the maximiza-
tion over A in (79) has no closed form solution, it can be replaced by any hill climbing proce-
dure which replaces A(?) by AP*1) subject to the constraint that f(x,s®|AP+T))g(AP+)) >
f(x, s(P) |>\(p))g(>\(p))_

5.1 Segmental MAP Estimate for DHMM

By applying the Viterbi algorithm to the training data, apart from the most likely state
sequences, the sets of observations associated with each HMM state are also available. Let
nl(l) denote the numbers of observations in state 7 at time ¢ = 1, and n;; be the transition
count from state 7 to state j in the most likely state sequences. Furthermore, let f;
denote the count of observing symbol vy in state j. It is straight forward to show that

the reestimation formulas in equation (16) to (18) are the closed form solution of (79) by

replacing the e; by nz(l), ¢ij by nij and dji by fjk.

5.2 Segmental MAP Estimate for SCHMM

The reestimation formulas for {m;} and {a;;} are the same as that in DHMM. By replacing
Ct(m’n) (i, k) in equation (49) by
(m)N(xEm’n) e, )

w:
k) = (s i)k
Zl{:(:lwz(k )N(ﬂﬂg ™ mg, i)

(80)

where s(™") ig the most likely state sequence corresponding to observation sequence x(mn)
and 6(-) denotes the Kronecker delta function. The reestimation formulas in equation (53),

(61), (62) and (71), (72) still hold.

Note that within an outer loop of iteration to update the HMM parameters, by making
a single adjustment, {wZ(,T)}, {mg}, {rr} can be updated synchronously with the update
of {me’")}, {al(;-n’")}. Another extreme alternative which may need less global (outer)
iterations is that {wZ(,T)}, and/or {my}, {ry} are first updated by an inner loop of iterative
adjustments to their “optimal” values (which is usually very time consuming) based on the
current labeling of the training data before {me’")}, {ag-n’")} are updated to get the new

labeling of the training data. A compromise can be updating {wl(;;n)} (or simultaneously

14



{mg}, {rr} ) a predetermined number of times before updating the remaining parameters.
The optimal scheme that allows the problem to be solved in the shortest time possible is
data dependent. It is also possible to use the approximate solution for these parameters as

discussed in the next subsection.

5.3 Segmental Quasi-Bayes Estimate for SCHMM

In SCHMMS, all states of all HMMs share the same mixture components, so it is reasonable
to assume that these mixture components are fixed and need not be adapted in the adaptive
process. By applying the Viterbi algorithm to the training data, the sets of observations
associated with each HMM state are available. So the updating formula for {wl(lzn)} corre-
spond to the maximization in equation (79) can be derived by solving the following general

Bayesian estimation problem for finite mixture distribution.

Given a sequence of observations 1, 2, - -, &y, conditional on w = (wy,ws, -+, wk) and

density functions fi, fs, -+, fx, each z, is assumed independent with probability density:
K

plealw) = S wifilwn) (81)

where the w;’s are unknown, non-negative and summed to unity while the f; are known.

Assuming that the prior density for w has the form of a Dirichlet density

K 0)_
p() = D™, v, v o TTwi™ ™ (82)
i=1
where Vi(o) >0,i=12,--- K.
After observing z1, we obtain
i 0 0
plwlz1) = Zpi(iﬂl)D(wM U aVE() + 0iK) (83)
i=1
where O
i(z1)y,
pi(z1) = I{(I—)m) (84)
iz film1)y;
and

1 ifi=j
5ij =
0 otherwise
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Many well-known approximate Bayesian learning procedures to solve this problem arise
from approximating the RHS of (83) by
p(wlzy) ~ D(w|u£0) + d11, - ,Vg) +ik) (85)
The gij’s take values according to some specified method. Proceeding in this way, the
necessary computation could be kept within reasonable bounds.
In the quasi-Bayes procedure proposed by Smith and Makov [27], it is suggested that
61; be replaced by pi(x1), and so
1 1
pwle) ~ D@l v) (86)
where VZ-(I) = I/Z-(O) + pi(z1).

Then, subsequent updating takes place entirely within the Dirichlet family of distribu-
(n—1)

tions: p(w|z1, 9, -+, xy,) is Dirichlet with parameters VZ-(n) = l/z-(nfl) + pi(xy), where v,
are parameters of p(w|z1,z2, -, 2,_1), and
filz "
pian) = 2l (57)

- -1
In the sense of the approximate posterior distribution with mean identical to that of the

true distribution, the convergence properties were established in [27].

It is easily verified from the well-known properties of the Dirichlet distribution that the

(quasi-) posterior mean for w;, after observing x1,xs, -+, 2, is given by
(n)
V-
o = L (88)
vy+n

and the mode of the approximate posterior density is

o = (89)

vo+n—K

where vy = 1/50) + I/éo) +- 4 I/gg). Both (88) and (89) can serve as the updating formula
for mixture coefficients in the segmental quasi-Bayes learning for SCHMMs. Note that
because such update is an approximation, the monotonic increasing property of the objective
function will not be guaranteed, but it is believed that this scheme will lead to a reasonable
estimate of the parameters for SCHMMs. Also note that the results of above quasi-Bayes

method depend on the order of presentation of the z;’s. A natural choice is to present the

z;’s in the order of their appearance in the training speech data.

16



6 Estimation of the Parameters for Prior Distribution

In the previous Sections it was assumed that the prior density g(A) is a member of a
preassigned family of prior distributions. In pure Bayesian approach, the parameter vector
¢ of this family of PDFs {g(:|¢)} is also assumed known based on a subjective knowledge
about A. In reality, it is difficult to possess complete knowledge of the prior distribution.
An attractive compromise between the classical non-Bayesian approach which uses no prior
information and the full Bayesian one is to adopt the Empirical Bayes (EB) approach [25,
26, 21]. Here we use a somewhat broader interpretation of the term “empirical Bayes” than
what was implied by Robbins’s original definition. ¢ is replaced by any estimate derived
from the previous observed data. Then the previous data and current data are linked in
the form of a two-stage sampling scheme by a common prior PDF g()\) of the unknown

parameters A.

Let x denote the current observation set to be used to adaptively estimate A. At the time
of making the current observation there are available past observation sets xi,xs,- -+, Xy,
obtained with independent past realizations A1, Ao, - -+, A,. The words “current” and “past”
are not necessarily taken in a strictly temporal sense. Usually A;, Ag, - -+, A, are not directly
observed, but they have a common prior PDF {g(-|¢)} . The hyperparameter ¢ can be
obtained by

max f(X|) = [ F(XINg(Alp)dA (90)
where X = (x1,X2, -, Xp), A = (A1, A2, -+, An), F(X[A) = [T f(xi|\i) and g(Alp) =
[T 9(Xile)

However, the maximum likelihood estimation above bases on the marginal density
f(X|p) and is difficult to compute. To simplify the problem, we can use a modified likeli-

hood approach [21], where the likelihood function of the unknown A are defined as the joint
probability of (X, A) in the EB scheme, i.e. the likelihood function is

n

L(X,A) = [ fGilxi)g(ile) (91)

i=1
This likelihood function is then maximized with respect to A and .
Note that L(X,A) is not a likelihood function in the usual sense of the word since A is
unobservable random variables. More research seems to be necessary to justify the use of

this approach. Apart from its justification, under the current assumptions of the form of

17



prior PDF g¢(-|¢), getting the maximum (modified) likelihood estimates of A and ¢ is not

trivial. To further simplify the problem, the method of moment can be used to estimate .

One may use the observation sets x1,xs,---,X, to estimate the corresponding HMMs
5\1, 5\2, - ,j\n with the classical Baum-Welch or segmental k-means algorithm, and then
pretend to view ); as the observations with density g(\). In the case of DHMM where g())
is assumed to have the form of equation (3), i.e. a matrix beta PDF, with the properties of
the moments for matrix beta PDF, we have

E(r;) = —2 92
(m) EiNzlm (92)

and

ar(m) — 0i(SiLami = m:)
Var(m) (CiZim)? (i + 1) (93)
_ E(m)[l - E(m)]
B Yrmi+1 (94)

Then we have
E(m)[1 — E(m)]
Var(m;)

ni = E(mi){

Similarly for 7;; and v;;, we have

-1} (95)

E(aij)[1 = E(aij)]
Var(a;j)
E(bir)[1 — E(bik)]
Var(bix)
Replacing E(7;), Var(m;), E(aij), Var(ai;), E(bir), Var(bi) by their corresponding sample

nij = Elaii){ — 1} (96)

vik. = E(bi){ — 1} (97)

moments with 5\1, 5\2, - ,S\n, the moment estimates of 7;, 1;;, i can be obtained.

In the case of SCHMM, the moment estimates of n;, 7;;, v;; have the same forms as

their counterparts in DHMM.

When the Gaussian mixand has diagonal covariance matrix, the prior density g(my, ry)

has the form of equation (35). Note that

E(rpg) = % (98)
Var(riqg) = g—gz (99)
* (Do)
i E Tkd
Qg = Var(reg) (100)
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E(rkq)

= 101
P = Vartr) Hon

Furthermore, note that:
E(mgq) = fikd (102)

Brd
Var(m = — 103
(mia) Tra(oka — 1) (103)
Then

fka = E(mga) (104)
Tha = Pid (105)

Var(mga)(oka — 1)
Also substituting the sample moments of 7y and myq into the above equations, the moment

estimates of ayq, Bkd, ttkd, Tkqd are obtained.

For the full covariance matrix case, the prior density g(my,ri) has the form of equation
(34). It is more difficult to write down a suitable number of estimating equations for the
moment estimates of 7y, ok, pr, and ug. If one considers a more restrictive prior density

family by further assuming

M N
T — ap — Zmzlzizlui(,j’) (106)

(m) (m)

and ;" as the moment estimates of IJ“T , then the moment estimates of uj and ug can be
obtained as

pe = E(my) (107)
up' = oy 'E(ry) (108)
by replacing F(my) and E(rg) with their corresponding sample estimates.

When enough training data are available, the above method of moment will lead to
a reasonable estimate of hyperparameters ¢. This estimate may be improved by the fol-
lowing iterative scheme: starting with an initial estimate (™), get the MAP estimates
5\1, 5\2, ‘e ,5\n from x1, X9, -+, X, with any methods presented in the previous sections; and

then an improved (™11 can be obtained by using the above method of moment.

The physical meaning of the prior density g(\|p) is application dependent. For exam-
ple, in a speaker adaptation problem, g(A|p) may be used to represent the information of
the variability of a certain model among the different speakers. So the training data for

estimating ¢ can be divided into different sets correspond to different speakers or speaker
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groups. In another kind of application, for example, to build the context-dependent models
from context-independent model, the prior density g(\|p) will represent the variability of
A caused by the different context. So the training data will be divided into sets according
to the context information. Further applications of this kind of Bayesian learning method
to speech recognition can be found in [12]. Note that the prior knowledge represented by
g(A|p) does not include those deterministic ones. For example, in left-right HMMs, some

parameters are known and fixed, and g(A|p) will not include them.

The estimation of hyperparameters ¢ is still an open problem. Further research is
needed. This is a radical problem in order to make this kind of Bayesian learning method

really applicable to adaptive training of HMMs.

7 Conclusion

In this paper a theoretical framework for Bayesian adaptive learning of discrete HMM and
semi-continuous one with Gaussian mixture state observation densities is presented. Cor-
responding to the well-known Baum-Welch and segmental k-means algorithms for training
HMM, formulations of MAP and segmental MAP estimation of HMM parameters are de-
veloped. Furthermore, a computationally efficient method of the segmental quasi-Bayes
estimation for semi-continuous HMM is also presented. The important issue of prior den-
sity estimation is discussed and a simplified method of moment estimate has been given.
The method proposed in this paper will be applicable to some problems in HMM training for
speech recognition such as sequential or batch training, model adaptation, and parameter

smoothing, etc.
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