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Chapter 3

Speaker adaptation theory

This chapter discusses previous research in speaker adaptation, but places it within the
context of our topic of cross-language adaptation. Reasonably detailed derivations of algo-
1ithms are given, especially when understanding of the algorithms are necessary for their

Pproper use for cross-language adaptation versus for speaker adaptation as such.

3.1 Background on speaker adaptation

tor most applications there is not enough speaker dependent data for the training of robust

the estimation of model parameters when faced with little data from a new speaker.
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3.1.1 Speaker variation

The reason for performing adaptation is that there exists variation between the speech of

;ﬂiﬂ'erent speakers. This variation can be classified into two main categories [52]:

e acoustic level differences, including

— realisational,
— physiological and

— durational differences, and
e phonological level differences, including

— lexical and

— stress differences.

In this thesis we are mainly interested in the former category of speaker differences, or more
accurately, in the correspondence between variation at this level across different languages.
""*ﬂ1 the degree that the acoustic level speaker differences are not language specific, we
expect direct cross-language re-use of acoustic information to be useful. In terms of a
speech recognition system, the latter category of phonological differences between speakers
15 dealt with at the language (grammar) and pronunciation modelling level and is thus very
language specific. However, since we deal with acoustic modelling, phonological speaker

differences are not of direct importance.

Realisational factors comprise different methods of using the articulatory organs to produce
nted sounds. Physiological factors influence the generation of sounds by constraining the
ssible range of sounds that can be generated by an individual. For example the physical

dimensions of the articulatory organs and notably the length of the vocal tract is known to
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3.1.2 Speaker normalisation

Speaker normalisation groups together techniques that attempt to remove, or at least re-
duce, the differences between the speech of different speakers, while retalning the charac-
teristics that distinguish the different phonetic categories. Vocal tract length normalisation
(VILN) is one such technique that estimates vocal tract length and computes a spectral
ft accordingly [53]. An important aspect of normalisation is taking into account not only

the characteristics of the particular speaker, but also being able to compensate for recording

A'h a different frequency transfer function or by frequency filtering due to a transmission

\T

Normalisation is usually applied to the speech signal, or at least to the observation vector

e spectral differences between training speakers, resulting in more accurate models
: ‘When considering the use of multiple databases for cross-language use of data it may
portant to apply a normalisation technique such as CMS to take care of recording
el mismatch between the databases. Normalisation will, however, also remove overall
al differences between the languages, influencing the distribution of feature vectors for
all phones. The languages and databases concerned may differ significantly with respect to
the phones and the relative quantities of these phones they contain, causing application of
to entire databases to be biased. A solution may be to weight the contribution of the
ssociated with each individual phone in computing the cepstral mean for a database.
liscuss this topic in more detail in Section 5.1 where aspects regarding cross-database

e of acoustic information are discussed.

alisation overlaps to a large degree with speaker adaptation, with normalisation usu-

ical and Electronic Engineering 38




University of Pretoria etd — Nieuwoudt, C (2000)

Chapter 3 Speaker adaptation theory

ally seen as the application of adaptation techniques at the feature level, rather than at the
- model level. Some types of model adaptation, such as transformation-based adaptation,
may implicitly perform normalisation, such as done by CMS, with an offset term and can
approximate the spectral shift performed with VTLN in the cepstral mean transformation
‘matrix [55], thus further blurring the distinction between adaptation and normalisation.
Other adaptation techniques, such as Bayesian or discriminative training-based adapta-
tion can not efficiently remove bias and thus the use of normalisation such as CMS in
conjunction with adaptation may still be important to achieve good recognition perfor-
mance. Zhao [56] performed exf)eriments showing that acoustic normalisation (via CMS)

followed by Bayesian adaptation achieved improved performance compared to performing

er adaptation can be applied in an on-line or an off-line mode. For dictation systems
ker adaptation can generally be performed in off-line or static mode, with adapta-
occurring after initial enrolment and at intervals after collection of more data. For
telephone-based systems, adaptation, if any, has to be applied on-line or dynamically on a
per-call basis. The main difference between static and dynamic adaptation is in terms of
eed for real-time implementation. Real-time constraints force dynamic adaptation to
erformed on very little data, typically a single utterance, while static adaptation such
used for dictation systems, may use perhaps 30 minutes of speaker specific data. On-line
methods use incremental techniques that typically only slightly change model parameters
each additional utterance used, while off-line methods perform batch-mode parameter
ipdates that may completely re-estimate parameters. Cross-language adaptation is per-
ormed off-line since real-time constraints are not applicable. On-line adaptation may of
ourse still be used after this to further increase performance when the system is applied

) specific speakers.
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.

Another important aspect to take into account is whether adaptation will be supervised
or unsupervised. In supervised adaptation the adaptation speech has been labelled, or at
least a transcription of the adaptation speech is available. In unsupervised adaptation,
the speech to be used for adaptation is unknown and has to be recognised first before
it can be used for adaptation. Chapter 2 discussed cross-language use of bootstrapping
methods where transcriptions of the data in the target language were available, but the
data was not labelled at phone level. Completely unsupervised cross-language adaptation

is probably not feasible since the mismatch between the models and data would probably

e too great for recognition in the target language to give acceptable results for further

ning or adaptation.

.4 Categories of speaker adaptation

er adaptation techniques have previously been classified into three categories [54]

(i) speaker classification, (i) spectral transformation and (iii) speaker adaptive
ation of model parameters. We use a similar structure for our discussion of speaker
lon techniques, but consider the transformation category to encompass newer tech-
using transformations of model parameters and not only spectral or feature space
mations. Furthermore the third category of speaker adaptive re-estimation is quite
d we limit ourselves in this chapter to the discussion of Bayesian adaptation tech-
5. A further field only recently applied to speaker adaptation, namely discriminative

, is discussed in the next chapter. An overview of the three categories of

® speaker classification,
 transformation-based adaptation and

 Bayesian adaptation

fiven next.
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Speaker classification attempts to identify a specific set of models that best exhibit the
characteristics of a new speaker and uses those models to perform recognition. The speaker
classification category is of little interest to our research as it cannot change the character-
istics of the acoustic space except to cluster it into segments. It is unlikely that significant
overlap will occur between the clusters of speakers in different languages and even if there
were significant overlap, the method would still only be useful in terms of handling speaker
specific characteristics and not performing any adaptation to the new target language. The
other two categories are more interesting to our research as they both can change source

.,:language model parameters in a structured way to better reflect the characteristics of the

target language.

‘Transformation-based adaptation entails computing a transformation of pre-trained model

Pparameters to better fit the speech of a new target speaker. This type of adaptation has

between the pre-trained model and the target speakers’ speech in the same way that would

distribution expressed by the current model and the feature distribution of the target s-
peaker. This paradigm is well suited for the removal of correlated noise between source and
target parameters. In contrast, Bayesian learning does not assume correlation with respect
0 changes from a current model, but assumes that prior knowledge exists about the distri-
bution of the model parameters. Observations from a new speaker are treated as adding to

the prior knowledge of the parameter distributions, thereby improving the estimate of the
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parameters. We expect Bayesian methods to work well in an environment where we have
reasonably robust models in general, but which may need complex fine-tuning to achieve
improved performance for a specific speaker or environment. The next two sections discuss

in detail the implementation of Bayesian and transformation methods used in this thesis.

3.2 Bayesian adaptation

ofa parameter into an a posteriori density, improving the estimate of the true value of the
rameter and converging to the true value as the amount of observations increases. In
lan estimation, the unknown, but desired p.d.f. p(x) is estimated by using the observed
X = {xi,...,x,} and integrating over the parameter vector 0, which is considered a

om variable taking values in the space ©. The integral is expressed by [25, p. 51]

p(x/X) = /@ p(x, 6X)d6 -
3.1
= [ n(xlo)p(6ix)do.

g Bayes rule, Equation 3.1 can be written, using the notation g(@) for the prior distri-
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bution and f(X|@) for the likelihood function, by

[(X[0)g(6)
p(x|X :fpx()———dﬁ, 3.2
(x/X) e(|)p(X) (32)
where the observation probability, p fe (X|@)g(0)d8, is a constant that normalises

the posterior density function. In practice Equation 3.2 does not offer a computation-
ally feasible solution with current speech modelling techniques and computer technology
due to the integration term. However, if p(8|X) peaks very sharply about some value 8,

Equation 3.2 may be approximated by
p(x|X) ~ p(x|6). (3.3)

This is especially applicable according to the Bayesian learning paradigm described by
Duda & Hart [25, p. 54], which states in general that as the number of observations from a
given distribution increases, the posterior distributions of the parameters peak more sharply
around the true values of the parameters, ultimately approaching Dirac delta functions at
the true values of the parameters as the number of observations approaches infinity. In this

case the approximation is therefore entirely applicable.

However, even if the posterior parameter distribution is not sufficiently peaked, to reach a
computationally feasible solution, it may still be necessary to estimate a single parameter
alue 6 for use in place of the integration over the parameter space of Equation 3.2. The

n(

next section discusses a procedure to estimate such a parameter.

3.2.1 Bayes estimators

Because Bayesian methods consider parameters to be random variables, distributions of
neters are used, rather than fixed values. For efficiency, a single suitable value for
ihe parameter may need to be estimated and for this purpose an estimator is used. The

jorm of the estimator is not prescribed in Bayesian learning and remains to be decided by
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the statistician. The most important requirement of an estimator ¢ is that it delivers an
estimate 0(X) (based on the observed data X) that is close to the actual value a of the
parameter € in an experiment. A sensible way of determining an estimator is by specifying a
loss function L(a, 9) which measures the loss or cost when the true value of the parameter
is @ = a and the estimate is §. The Bayes estimator [57, p. 275] is then given by the

function ¢*(X) that, for every possible value x of X, delivers the minimum expected loss,

E[L(8,6"(X))|X] = e 9)X], (3-4)

where the unknown value @ of @ takes values in the space O.

of @ for which E[(@ — )7 (6 — 6)|X] reaches a minimum value. The Bayes estimator

for the squared error loss function is found by finding the root of the quadratic, i.e.
4.
00
i[E[GTmX] — 20" E[0]X] + éTé] —H
o0

E[(6 - 6)"(6 ~ 8)|X] =0

—2E[8]X] +20 = 0
and thus the Bayes estimator is simply equal to the expectation value of the parameter 6,
§*(X) = 8 = E[0|X]

- [ 6-nieix)ao (3.5)

B f(X]8)g(6)
_Le p(X) 4
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which in turn equals the first moment of the posterior density function f(X|8)g(8)/p(X).

We refer to the Bayes estimator of Equation 3.5 as the MSE estimator in subsequent

discussions since it produces the minimum squared error (MSE) solution to the Bayes loss

function.

Other loss functions exist and may lead to different Bayes estimators, such as the absolute
error loss function which leads to the Bayes estimate being equal to the median of the
posterior distribution [57, p. 277]. An alternative to using a loss function in the Bayesian
framework is to simply use the maximum value of the posterior distribution as the esti-
mate, which in general will differ from the mean for asymmetric functions. This method is

discussed next.

MAP Bayes estimation

Maximum a posteriori (MAP) estimation uses the parameter associated with the maximum
a posteriori probability as the Bayes estimate. The MAP estimate for a parameter 6, given
prior distribution g(@) and observation sequence X = {x,..,X,} is given by the mode of

the posterior density function, i.e.
Orap = arg gnaxp(9|X) = arg ;naxf(XIG)g( ). (3.6)

If g(8) is considered fixed, but unknown, also known as a non-informative prior, then there
is no knowledge about 6 and the MAP estimate is equal to the maximum likelihood (ML)
estimate. We thus consider the selection of a suitable informative prior. The choice of a prior
distribution is predicated as much by its suitability for expressing the prior distribution as
by the possibility of deriving a solution for the Bayesian/MAP estimation problem. Similar
to ML estimation, the computation of the MAP estimate is relatively easy when the family
of p.d.f.’s {f(-|0),0 € O} possesses a sufficient statistic of fixed dimension. For HMMs in
the incomplete data modelling problem this is not true, but is addressed by iterative methods

that solve the complete data modelling problem for which a sufficient statistic exists. Given
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that the family {f(:|0),0 € ©} possesses a sufficient statistic t(X) of fixed dimension for
the parameter 6, f(X|@) can be factored into two terms f(X]0) = h(X)k(8,#(X)) such that
h(X) is independent of @ and (6, £(X)) is the kernel density, which is a function of @ and
depends on X only through the sufficient statistic t(X). If the prior density is thus chosen
in a conjugate family {k(-|4), v € U} which includes the kernel density of the likelihood
function f(-|@), the MAP estimate is greatly simplified since the posterior density is then
of the same form as the prior, i.e. k(8|9") o< k(8|4)k(0,4(X)). With such a choice of prior,
the procedure for finding the MAP estimate is similar to solving for the ML estimate - i.e.

both find the mode of the kernel density.

“Having a simple posterior density also eases implementation of other Bayesian estimators

such as the MSE estimator which finds the mean of the posterior distribution. For sym-

I5 desired to derive the posterior distributions of the parameters of the Gaussian, i.e. the
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mean and variance of the Gaussian. The derivations closely follow DeGroot [59].

Mean-only adaptation

The simplest and also most used approach for Bayesian adaptation is to assume a normal
distribution with mean m and precision 7 (inverse of the variance) as the prior for the mean
Parameter . (to be estimated) of the Gaussian observation distribution and a fixed, known

value for the Gaussian precision parameter r. The prior distribution of y
and the likelihood function f(X|u) for observations X = T

f(XIIJJ) oC 'rn'/28_(r/2) Z?‘:l (.“'_431')2

o r2e=(r/2) [nS+n(u—z)?] (3.8)
where 7 = 2 >~ 7, is the sample mean and
1 n
g==]1

s the sample variance of the observations, can be combined to form the posterior p.d.f.

g(p| X ) given by
g(JuIX) X f(X|,U,)g(‘U,) o< Tllgrn/ge_(]'/m[r(“_m)z+'-'1T(,Lt—f)2+ﬂ-r5']' (310)

By using the equality

7y 2
Tm+nr3:) ™" r(m—~f)2, (3'11)

T(u—m)2+nr(u—f)2=('r+m")(u— g

T+ nr
tis noted that the posterior p.d.f. g(u|X ) of u is also a normal distribution (similar to the

prior of 42 in Equation 3.7), with mean T and precision 7 +nr [59, p. 167] and is given
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by

_T4nr _Tm4nrry2
S (e )

T+nr

9(plX) e (3.12)

Since the mode and the mean value of the normal distribution are equal, both the MAP
estimate as well as the minimum squared error Bayesian estimate for u are given by the
mean of Equation 3.12, namely

M + nrx

= — et 3.13
HMAP = HUMSE S ( )

Note that we refer to the mean value of a distribution as the expectation value of the pa-
rameter on which the distribution is conditioned. The estimate of x is a linear combination
of the prior mean m and the speaker dependent sample mean Z. When n = 0, no obser-

ons are available and the MAP estimate is simply equal to the prior mean value m.

K

m= &y, (3.14)
k;,l

/7= &g — m)? (3.15)
k=1
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and

K
1/n =) 6,62 (3.16)
k=1

‘where ¢y, is the weight, my, is the mean and % is the variance of the kth mixture component
of the speaker independent model. The weighted value of m is simply the sample mean of the
speaker independent data when the weights are ML estimates while 1 /T equals the variance
of the mixture means around the global mean value and 1/r is the weighted average variance
within a mixture. This choice of estimating the prior distribution and fixed variance makes
especially good sense when we expect each mixture distribution to be representative of

an individual speaker or type of speaker since Equation 3.15 then represents the expected

Variance-only adaptation

Variance adaptation is proposed by Lee et al. [24] by assuming the value of the mean m to
be fixed, but unknown and the variance a random variable with a prior distribution g(o?)

f the form

constant if o2 < o2

2 —_— min

9(0%) = (3.17)
0 otherwise,

here o7, is estimated from a large amount of speech data and should be a reasonable

bound on the variance. We have arbitrarily chosen 02, = 10~%. The MAP estimate

or the variance is then given by

Tiiap = ¥ 52 omi (3.18)
o2:, otherwise,
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‘Where S is the sample variance as in Equation 3.9. While Equation 3.18 is not really useful
by itself for speaker adaptation since the Gaussian variance plays a much less important
1ole than the Gaussian mean value in speaker adaptation, it is of much use in any training
situation when little data is available. The training procedure detailed in Chapter 2.1.4
and all adaptation methods detailed in this thesis also implement Equation 3.18 during
a‘.ra.méter re-estimation in the form of a variance floor. This prevents variance values from
reaching unrealistically low values when little data is used for estimation or adaptation

purposes, thereby improving generalisation.

Mean and variance adaptation

Lee et al. [24] proposes a third approach where mean and precision parameters are adapted
according to a joint mean and precision prior distribution derived from the set of speaker
independent Gaussian mixtures. It has been shown (59, p. 169] that the choice of a normal-
Gamma joint prior distribution forms a conjugate family for the mean and precision of a
le from a normal distribution. The joint prior distribution of the mean x and precision
r parameters is as follows: the conditional distribution of y given 7 is a normal distribution
With mean m and precision wr where w > 0, and the marginal distribution of r is a Gamma

distribution with parameters @ > 0 and 3 > 0, i.e.,

g(u, 1) oc 2= @r/2u—m)* pa—1~pr (3.19)
The Gaussian likelihood function given by (similar to Equation 3.8)

F(X|u, 1) o P2 (/DS +n(u-2)%) (3.20)

tan be combined with the prior g(u, ) of Equation 3.19 to form the posterior p.d.f. g(u, 7| X)

q ,1"|X) o f(X[,LL,T)Q(H, ’i‘) o {T1/28—{1/2)[wr(p—m)2+nr(,u—:r‘;)2}}Ta+n/2—le—ﬁr—(nr/2)5'. (3_21)
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By using the equality

wm+nrﬁ)2 Wn

o Y
w4+ n w—l—nr(m =% 322

wr(w—m)?+nr(u—72)? = (w+ n)r(u -

it is noted that the posterior p.d.f. g(u, 7| X) (from Equation 3.21) of y and 7 is also a joint
normal-Gamma distribution (similar to the joint prior of x and r in Equation 3.19) with

the following form [59, p. 169]
g, 7| X) o {ri/2e=/DwAnu—m) Y a1 o=hr (3.23)

which is discussed in detail next. The part between braces on the right hand side of Equa-
fion 3.23 expresses the conditional distribution of 4 for a given r and given the observations,

thich is a normal distribution with mean m given by

m = w (3_24)
w—+n

id precision (w + n)r. The second part on the right hand side of Equation 3.23 expresses
1e marginal distribution of r given the observations, which is a Gamma distribution with

arameters & and [ given by

Gd=a+n/2 (8.25)

n(m — )*

~ 7 w
F=p+55+ - (3.26)

is perhaps not immediately apparent from Equation 3.23 that the marginal distribution
ris simply the second part on the right hand side of the equation, until one considers
at the integral over p of the normalised first part on the right hand side of the equation

e normal distribution) is independent of r, rendering the remaining part the marginal
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distribution of r, i.e.

o(r1X) = [ o(u,r1X)doc [ {[(w -+ nr]i2em ety it

o< Téule_ﬁr /[(w + n)’r]1/28—(r/2)(1”+”)(ﬂ—ﬁ1)2 dﬂ: (3.27)

o ré&lg=hr,

The posterior distribution of ;2 and 7 shows that they are dependent. The joint MAP
estimate of 12 and r is given by the mode of the 2-dimensional posterior distribution, while
-e MSE estimate is given by the mean of the distribution. Inspection reveals that the
jont posterior distribution (Equation 3.23) has an axis of symmetry along 1 = 77 and thus
expectation value of 4, as well as the value of the mode of i are independent of r and
equal to 7. Both the MAP and the MSE estimates for ;1 are given by the mean of the
normal distribution

A wm -+ nx

HMAP = [MSE = T = T (3.28)

MAP estimate of the Gaussian precision is calculated by differentiating the joint pos-
ierior distribution (Equation 3.23) with respect to 7 and finding the root of the equation.
[he calculation is greatly simplified since we know that the mode is located along p = m

and thus we calculate

g . ) d a—1/2_—pr _
E—g(m,r|X) = & et =0

(& — 1/2)r032e~Fr — po-1/2(_fye~Pr — ¢

erefore the MAP estimate of the Gaussian precision is given by

a—1/2 20— 1+n
= = = : 3.29
R B 2 +nS + 2% (m — 1)? (:26)
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‘The MSE estimate of the Gaussian precision is simply the mean of the marginal posterior

Gamma distribution and is given by (from Equations 3.25 and 3.26)

- 2a4tn
T 28+ nS+ 2o (m—7)?

w-n

TMSE = (3.30)

o &

We note at this point that Lee et al. [24] used the mean (not the mode as in Equation 3.29)
of the marginal distribution of 7, i.e. the mean of the Gamma p.d.f. &/f, as the MAP

estimate. This choice is inconsistent with the definition of MAP estimation, requiring use

of the mode of the posterior distribution. In a later paper, Gauvain & Lee [58] refer to the
correct MAP estimate 7 = (& — 1/2)//3. There is, however, a problem with using the mode
of the posterior, since as Equation 3.29 shows, the precision is only valid (larger than zero)
for @ = @ +n/2 > 1/2. This may pose a problem when no observations are made (n = 0),
depending on the value of «, for which case it is probably sensible to select to use the mean

of the posterior, i.e. &/f.

m=Y G, (3.31)
k=1
1 K
— = Z Ek('ﬁ’bk o m)2 (332)
wr k=]
110
K
Bloa=) " &st. (3.33)
k=1
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By choosing somewhat arbitrarily the value of 8 = 1 we can solve for (Equation 3.33)

1
O =i s (3.34)
Zszl Ck G,
and using the prior mean value of the Gamma distribution a/f = « in place of r in

Hquation 3.32 we solve for

K -
17 Zk:l CkUl%

- Zf:l Ek(ﬁ’lk = m)2 '

(3.35)

Since 5 was chosen arbitrarily, the prior variance of the precision was not considered. We
know, however, that for a sample from a Gamma distribution the expectation value of the
variance is given by a/f%, which in our case simply equals a. It is intuitively pleasing
that the variance of the precision in the prior is equal to the chosen expectation value of
the precision, meaning that large prior values of the precision are associated with larger

variance and thus less certainty than for lower values of the precision.

The MAP equations we derived here are the same as those derived by Lee et al. [24], except
for the offset in the variance estimate, but our derivation shows perhaps more clearly the
meaning of the choices with respect to the prior parameters. The procedure outlined above
isonly for parameter estimation of univariate Gaussian distributions. This is not a problem
if diagonal covariance matrices are used with multivariate Gaussian distributions, as they
then simplify to independent univariate estimation problems. The next section discusses

the implementation of Bayesian adaptation for the general multivariate case.

Multivariate normal distribution adaptation

le derivation of posterior distributions for a multivariate Gaussian distribution is a gener-
ion of the discussion in the previous section. We proceed to give the derivation of the
ayesian estimates for a joint mean and variance prior distribution. It has been shown [59,

. 177] that the choice of a normal-Wishart joint prior distribution forms a jointly conju-
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gate family for the mean and precision of a sample from a multivariate normal distribution.
- The joint prior distribution of the mean p and precision R parameters is as follows: the

conditional distribution of g given R is a normal distribution with mean vector m and

precision matrix wR,w > 0, and the marginal distribution of R is a Wishart distribution
with & > D — 1 degrees of freedom and a symmetric positive definite precision matrix Y.

The joint prior normal-Wishart distribution is given by [59, p. 178]

g(, R) |R|1/28—(w/2)(n—m)TR(u—m) |R|(a—D—l)/2e—(1/2) tr[YR] (3.36)

With the multivariate Gaussian likelihood function for observations X = {x, ..., x, } given

f(X|p, R) x |R|"/23_(1/2) SR i—p) TR(x;—p)
X |R|n/2€_(1/ 2) X7, (i—%) TR (3 —%) +n(p—%) TR(1—%) (3.37)

o [R[/2e=(0/2) [r(SR)+ (%) TR (=)

and using the equality

w(p —m)"R(p —m) +n(p — %) R(p - %) =
wm-|-m‘c)TR( B wm—|—m‘c) " wn

w+n ——(m-%)"R(m-%) (3.39)

(w-{-n)(u— TR

the posterior p.d.f. g(u, R|X) o< f(X|w, R)g(p, R) is also a normal-Wishart distribution

with the following form [59, p. 178]

g(ﬂ.,R|X) o {|R|1/26—(1/2)('w+ﬂ)(F-—ﬁl)TR(u—zh}} {|R|{a+n—D—1)/26—(1/2) t:r[‘?fl'\“,]}1 (339)

iy e O K (3.40)
w+n
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and precision (w + n)R. The marginal posterior distribution of R given the observations

is a Wishart distribution with o+ n degrees of freedom and precision matrix Y given by

T="+nS+—(m-%)(m— ). (3.41)
w—+n

Since the posterior conditional normal distribution has an axis of symmetry along p = rh,

the MAP and MSE estimates of p are independent of R and are given by

Hnap = Mysg =1 = —————. (3.42)

The MSE estimate of the Gaussian covariance can be written in terms of the mean value

of the posterior marginal Wishart p.d.f.

¥ =T+ns+ﬁ(m—i)(m—i):ﬁ

(3.43)
ax+n a—+n

RIT/I}SE i
while the MAP estimate can be derived by calculating the derivative of g(rh, R|X) (from
tion 3.39) with respect to R and setting it equal to zero, which delivers

T +nS + 22 (m — X)(m — x)T
a+n-—D

Bt = (3.44)

1 be attempted to estimate values for the parameters of the prior distributions from
er independent mixture models in the same way as for the univariate case, using the

ia of Equations 3.31-3.33:

K
= Z Gy, (3.45)

k;l
(wR)™ =" & (thy, — m) (i — m)T (3.46)
T/oz = Z Ekﬁk, (347)

lapt
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where 3y, is the covariance matrix for mixture k of the speaker independent model. Setting
R equal to Y /a in Equation 3.47 uses the expectation value of the prior covariance, but
causes the equations to have no solution since R is over-determined. However, if diagonal
dominance of the precision is assumed, use of the trace on both sides of Equation 3.46
allows a reasonable solution to be found for w. A choice with respect to either T or « still
needs to be made. Without further information, it may be necessary to make an arbitrary
assignment. A choice that will satisfy the constraints is e.g. selecting @ = D+ 1. We do
1ot discuss prior estimation for the multivariate case in more detail here, but return to the

;pic in Section 3.2.5 where a method for estimation of prior parameters for a multivariate

mixture distribution is discussed.

The preceding procedures are applicable for the estimation of (single) Gaussian distribu-
fions, which we have found to be useful for speaker adaptation, even when cross-language
prior models are used [33]. However, to estimate complex models commonly used for s-
peaker independent recognition, we have to consider the problem of adaptation of mixture

lensity models, which is addressed in the next section.

3.2.3 Mixture density HMM parameter distributions

This section expands on the previous sections that dealt with mean and variance adap-
ation in a Gaussian framework and places those derivations in the context of Gaussian
ure densities used as output distributions in an HMM with state transition probabili-
Gauvain & Lee [58, 60, 61] suggested applying Bayesian learning of Gaussian mixture
components to speaker adaptation of CDHMMs. The method uses parameters of individ-
ial Gaussian components in a speaker independent HMM to compute prior distribution
neters for the adaptation of the Gaussian mean, variance and component weight, as

well as for the adaptation of state transition parameters within a single framework. We

proceed to discuss the prior distribution for a mixture density.
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Mixture weight distributions

The Gaussian mixture density for a given state j can be considered a density associated with
a statistical population consisting of a mixture of K component populations with mixing
proportions ¢;i, ..., ¢;x. The sizes of the component populations can then be considered to
be distributed according to a multinomial distribution, given by

K
f(nﬂ, ikleit, o Gr) H okl (3.48)

k=1

where n;; occurrences of each of the 1 < k& < K mixture densities in state 7 are observed.

It is known that the Dirichlet density [59, p. 174]

g(cjls ey CjK) o HC;;;: 5 (349)

with prior parameters Uj1,--, jx 1N this case, is a conjugate density for a sample from the ‘\
multinomial distribution and is thus suitable for expressing prior information about the l
mixing proportions. The posterior Dirichlet p.d.f. of the mixing proportions, or mixture

hts as we refer to them, is simply given by

Q(lea --rch|nj1: --;an) x f(njla .- anleh --,CjK)g(lea -'aCjK)
x chﬂ“chj;”_
k=1

OCH 'UJ;G"I“TLJk 1 (350)

The MAP estimate for the mixture weight is given by the mode of Equation 3.50 [61]

G5 — 1

_—— 3.51
S (B — 1) Bt

CikMAP =

e Djr = vjx + nj) is the parameter of the posterior Dirichlet distribution. The MSE

ical and Electronic Engineering 58




University of Pretoria etd — Nieuwoudt, C (2000)

Chapter 3 Speaker adaptation theory

estimate for the mixture weight is given by the mean of Equation 3.50 [59, p. 51]:

'U_;,'k

= (3.52)
D i1 Ot

Cjk MSE =

Transition probability distributions

The HMM state transition probability parameters can be dealt with in much the same
way as the mixture weight parameters. If the assumption is made that the transition
ability parameters are independent of the other HMM parameters and that each row
of the transition probability matrix A is independent, which is true for a first order Markov
process, each row of the transition probability matrix can be considered to be the parameter
of a multinomial distribution, characterising the number of transitions from state i to each

state in the HMM, with likelihood function

N
f('n,ﬂ, . n.iN|aﬂ, oo aiN) o H a;}"" (353)

i=1
e n;; transitions from state ¢ to each of the 1 < j < IV states are observed. The prior
Dirichlet density is expressed by

N
ii—1
9(@i, -, ain) H ag; (3.54)
j=1
ith prior parameters 7, .., 7;n for the transition probabilities from state 7. Similar to
ation 3.50, but calculating the joint p.d.f. of the transition probabilities from each state

neluding dummy state 0, we derive the joint posterior distribution

N

Q(AHnij} i:O,..,N;j:l,..,N) x Hf(nila - nz’N|a'i1: e afiN)g(aila o aiN)
1=0
N N

<[] [ aj};j*""f‘l] . (3.55)

i=0 j=1
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The MAP estimate for the transition probability parameters is given by the mode of Equa-
tion 3.55:

i —1
= L (3.56)
i e (a — 1)

where 7j;; = 7;; + n; is the parameter of the posterior Dirichlet distribution. The MSE

estimate for the mixture weight is given by the mean of Equation 3.55:

ﬁ..

i
_— (3.57)
S, fa

Q35 MSE =

Now that we have prior distribution families for every parameter of the Gaussian mixture

HMM in isolation, we combine these prior distributions to form a joint prior distribution.

Joint prior distribution for HMM parameters

Assuming independence between the transition probability parameters, the mixture weight

parameters and the parameters of the mixture distribution, the prior distributions of the

parameters of the Gaussian mixture HMM X can be combined in a joint prior distribution

g(A)ocﬂ{ast[H ][Hc:’,;“ g R )]] (3.58)

Jj=1

with the prior normal-Wishart mixture parameter distribution given by (see Equation 3.36)

(”tk, le) o ]Rik|1/2e_(wikfg)(l—"i,k,*mik)TR{k(“ik_mik) |B'ik|(a“k—D-—l)/’2€—(1/2) tr['r,-kR,-;\.,]. (359)

Under the complete data density assumption, which explicitly uses state and mixture align-

ment, posterior distributions for the parameters of an HMM can be derived. This is done
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