
OPTIMAL ON-LINE BAYESIAN MODEL SELECTION
FOR SPEAKER ADAPTATION

Shaojun Wang1 Yunxin Zhao2

Beckman Institute and Dept. of ECE, University of Illinois, Urbana, IL 618011

Dept. of CECS, University of Missouri, Columbia, MO 652112

swang@ifp.uiuc.edu zhao@cecs.missouri.edu

ABSTRACT

In this paper, we show how to accomodate a Bayesian
variant of Rissanen’s MDL into on-line Bayesian adaptation
to control both model structural complexity and parameter-
ization complexity to best fit an available amount of adap-
tation data, the goal being minimization of resulting recog-
nition error. An efficient bottom-up dynamic programming
based pruning algorithm is developed for selecting mod-
els using the MDL principle. Speaker adaptation experi-
ments using a 26-letter English alphabet vocabulary were
conducted and the proposed Bayesian variant MDL method
is shown to provide an optimal tradeoff between recognition
accuracy and complexity of model structure and parame-
terization over a full range of adaptation data size. It in
general is capable of automaticlly selecting a set of model
parameters that leads to best recognition performance for
a given amount of adaptation data.

1. INTRODUCTION

Recently we developed an on-line Bayesian learning tech-
nique [13] for transformation of parameters of Gaussian den-
sities of hidden Markov models. A hierarchical tree of HMM
Gaussian parameters is employed to dynamically control
transformation tying and robust priors of HMM Gaussian
parameters are incorporated to estimate the transformation
parameters at tree nodes. Speaker adaptation evaluation
[14] showed that the choices on the transformation matri-
ces and depth of hierarchical trees have a significant impact
on recognition performance and the form of transformation
matrix and the tree size should be adaptive to data size.

In this paper, we show how to accomodate a Bayesian
variant of Rissanen’s MDL into on-line Bayesian adapta-
tion to control both model structural complexity and pa-
rameterization complexity to best fit adaptation data, the
goal being minimization of resulting recognition error. An
efficient bottom-up dynamic programming based pruning
algorithm is developed for selecting models using the MDL
principle.

A block-diagram of the proposed on-line Bayesian learn-
ing tree-structured transformation of HMM parameters is
shown in Fig. 1. Given a new utterance, feature extraction
is performed to derive a feature vector sequence that char-
acterizes the speech input. The feature vectors are clustered
to the Gaussians residing in the nodes of the hierarchical
tree, which is built by HMM models of a speaker indepen-
dent recognition system. If the adaptation is supervised, the
assignment is made by using the transcription information.
Otherwise, the feature vector sequence is first recognized
using the current set of HMM parameters, and the feature
vectors are then assigned to the cluster nodes by referenc-
ing the decoded state sequence. Each cluster’s transforma-
tion parameters are adaptively learnt by the proposed on-
line Bayesian learning algorithm. An initial tree cut that
determines the tree size is heuristicly searched and initial
transformation parameters are obtained. Viterbi decoding
is used to obtain the optimal state sequence for the fea-
ture vector sequence, and thus the feature vectors are again
clustered into the Gaussian components. The Bayesian vari-
ant of MDL principle is then used for determining optimal
transformations. Finally the HMM parameters are adapted

by the transformation functions.
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Figure 1. Block-diagram of on-line Bayesian tree-
structured transformation of HMM parameters

2. BAYESIAN MODEL SELECTION

A transformation matrix can be chosen as full, diagonal
or block diagonal. The use of block diagonal matrix is based
on the assumptation that a seperate transformation can be
used for each type of speech features, including cepstral co-
efficients, energy, first-order time derivatives, resulting in a
block diagonal structure in which parameter correlation is
considered only within each set of features. The choice of
the transformation matrix structure is in general a trade-off
between the number of parameters to be estimated and the
amount of adaptation data required. The problem is ref-
ered to as model parameterization complexity (selection
of transformation matrix). When building a hierarchical
tree, we can tie all Gaussian components together and use
a global transformation, which corresponds to a tree with a
root node only, or we can grow the tree by successive clus-
ter splitting followed by k-means clustering, until each leaf
node contains one Gaussian component. In general, a shal-
low tree is simpler, but it produces a poor fit to the data;
in contrast, a deep tree is more complex, but it provides a
better fit to the data. Therefore, the choice of the tree struc-
ture is a trade-off between the simplicity of a model and the
goodness of fit to the data. The problem is termed as model
structure complexity (selection of hierarchical tree).

In order to balance the complexity of the proposed tree-
structured statistical model with the best fit to the adapta-
tion data, model-selection information criterion needs to be
used. A number of model-selection information theoretic
criteria can be found in various contexts including regres-
sion and density estimation. These methods propose to se-
lect among a given collection of parametric models the one
that minimizes an empirical loss (typically squared error
or minus log-likelihood) plus a penalty term which is pro-
portional to the dimension of the model. The reasons for
choosing one penalty over another may come from informa-
tion theory, Bayesian asymptotic computations or approxi-
mate evaluations of the risk on specific families of models.
In speaker adaptation, minimum description length (MDL)
principle was used to control the model structural complex-
ity [1, 12], and it was formulated in batch mode for maxi-
mum likelihood adaptation. In this paper, we show how to
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accomodate a Bayesian variant of Rissanen’s MDL [8] into
on-line Bayesian adaptation to control both model struc-
tural complexity and parameterization complexity to best
fit the adaptation data.

The model selection problem is coarsely prefigured by
Occam’s Razor [7]: given two hypotheses that fit the data
equally well, prefer the simpler one. Unfortunately, Oc-
cam’s Razor, a qualitative statement of a preference for
simplicity, does not explicitly give a quantitative prescrip-
tion - a formula or algorithm - specifying the relative merit
of simplicity and goodness of fit. Rissanen [11] distills such
thinking in his Principle of minimum description length:
choose the model that gives the shortest description of data.
Originally Rissanen derived the description length by maxi-
mum likelihood estimate. Here we apply Rissanen’s method
of parameter truncation to a Bayesian framework as pro-
posed in [8]. Consider the multiclass hypothesis testing
problem of determining which model m ∈ M generated a
given data o, where m indexes the models and the models
have a prior probability pm. For each model, the likelihood
and prior densities are denoted by p(o|η,m) and p(η|φ,m).
The Bayesian approach of Rissanen’s MDL is to describe
the observed data o with a two-stage code in which we first
encode the MAP estimate η̃ and then encode o under the
model determined by η̃. Shannon’s theory [4] informs us
that, given η, we can truncate the real valued data o and
construct a code with any desired precision. However, when
truncating the parameter η, truncation error becomes a sig-
nificant issue. Expanding the log posterior likelihood as a
function of the truncated value ηtr in a second order Taylor
series around η̃ yields

−[logp(o|ηtr,m) + logp(ηtr|φ,m)]

≈ −[logp(o|η̃, m) + logp(η̃|φ,m)]

+
1

2
(η̃ − ηtr)T [IO(o|η̃, m) + Ip(η̃|φ,m)](η̃ − ηtr)(1)

Adopting the worst-case minimax approach [8] which picks
the truncated parameter ηtr to minimize the maximum of
Eqn. (1) yields the total description length given by

L = −[logp(o|η̃, φ) + logp(η̃|φ)]

+
1

2
logdet[IO(o|η̃) + Ip(η̃|φ)] + D

2
(1− log4) (2)

where IO(o|η) is the observed incomplete-data information
matrix, and D is the dimension of the statistical model (the
number of unknown parameters). It can be shown that
among the four terms in the above equation, the third term
can be approximated by D

2
logk, where k is the number of

observation data, and it will dominate the last term. As
a model becomes more complex, the sum of the first two
terms decreases and that of the last two terms increases.
The description length L has its minimum at a model with
an appropriate complexity.

Let a cut in a tree be a set of nodes dividing the tree
into an upper part and lower part. One example of a cut
is shown as the set of nodes on the dashed line in Figure
2. Each node in a cut represents a cluster Ωg with a trans-
formation matrix which has three forms, namely diagonal,
block diagonal and full. A “model” corresponds to a cut
where each node in the cut has a fixed form of transforma-
tion, but the form may vary from node to node. Obviously,
the coarsest model consists of only the root node with a
diagonal transformation matrix. As the cut goes downward
in the tree, the number of nodes increases, and thus the
model becomes finer. The finest model consists of all the
leaf nodes with full transformation matrices.

Now we show how to calculate the description length in
Eqn. (2) for a cut in a tree. Denote a cut in a tree by c,
and the rth node of this cut by Nr

c . Assuming that there
are Rc nodes in cut c, then there are a total of 3Rc mod-
els in this cut. Let T r

c be a subtree whose root node is
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Figure 2. An illustration of a cut in a hierarchical tree

Nr
c , and a set Ωr

c is defined as the set of Gaussian compo-
nents that lie in the leaf nodes of T r

c . For k sequences of
feature observations ok = {o1, · · · , ok}, with each oi gen-
erated by a hidden Markov model, the joint likelihood of
the dominant state sequences and observation sequences
is used to approximate the likelihood of observation se-
quences [10], that is logp(ok|η̃(k), φ) ≈ logp(ok, s̃k|η̃(k), φ) =
logmaxskp(o

k, sk|η̃(k), φ), where s̃k = (x̃k, z̃k), and x̃k, z̃k

are the optimal state sequences and mixture index se-
quences determined by the Viterbi algorithm. We then as-
sign each feature vector oj,t, t = 1, · · · , Tj , j = 1, · · · , k, to
its corresponding Gaussian component indexed by x̃j,t, z̃j,t,
and use Or

c to denote the set of feature vectors assigned to
the Gaussian components in Ωr

c .
In this work, affine transformation [5] which is a linear

transformation applied to the observations in the feature
space, i.e., Ot = AY t + b, is considered for speaker adap-
tation and it is equivalent to a constrained model space
transformation on both the mean vectors and covariance
matrices of Gaussian densities. Denote A(k)

c , b(k)c as the set
of transformation parameters corresponding to cut c, the

corresponding description length Lc(ok, Â
(k)

c , b(k)c ) is calcu-
lated as follows:

Lc(ok, Â
(k)

c , b(k)c )

= −
Rc∑

r=1

∑

oj,t∈Or
c

I(i = x̃j,t, m = z̃j,t)[log(N(Â
(k)
Nr

c
(oj,t

−bNr
c
)|µi,m,Σi,m))− 1

2
log(|Â(k)

Nr
c
|2) + logp((Â(k)

Nr
c
, b

(k)
Nr

c
)

|φ)] + logp((Â(k)
Nr

c
, b

(k)
Nr

c
)|φ)] + 1

2
logdet[

Rc∑

r=1

∑

oj,t∈Or
c

I(i =

x̃j,t,m = z̃j,t) · IO(oj,t|Â(k)
Nr

c
, b

(k)
Nr

c
) + Ip((Â

(k)
Nr

c
, b

(k)
Nr

c
)|φ)]

+Ip((Â
(k)
Nr

c
, b

(k)
Nr

c
)|φ)] + 1

2
(1− log4)

Rc∑

r=1

DNr
c

≈
Rc∑

r=1

L(Nr
c , O

r
c , Â

(k)
Nr

c
, b

(k)
Nr

c
)

and

L(Nr
c , O

r
c , Â

(k)
Nr

c
, b

(k)
Nr

c
)

= −
∑

oj,t∈Or
c

I(i = x̃j,t,m = z̃j,t)[log(N(Â
(k)
Nr

c
(oj,t − bNr

c
)|

µi,m,Σi,m))− 1

2
log(|Â(k)

Nr
c
|2) + logp((Â(k)

Nr
c
, b

(k)
Nr

c
)|φ)] +



1

2
logdet[

∑

oj,t∈Or
c

I(i = x̃j,t,m = z̃j,t) · IO(oj,t|Â(k)
Nr

c
, b

(k)
Nr

c
)

+Ip((Â
(k)
Nr

c
, b

(k)
Nr

c
)|φ)] + 1

2
(1− log4)DNr

c
(3)

where I(·) is an indicator function and DNr
c

= n2 + n

if transformation matrix is full, DNr
c

= n2

B
+ n if trans-

formation matrix is B block diagonal, or DNr
c

= 2n if
transformation matrix is diagonal. The information matrix

IO(oj,t|Â(k)
Nr

c
, b

(k)
Nr

c
) is given as

Ioj,t(âNr
c ,e,f , âNr

c ,p,q) = −aNr
c ,f,paNr

c ,q,e + (oj,t,f − bNr
c ,f )

ri,m,e,p(oj,t,q − bNr
c ,q) for e, f, p, q = 1, · · · , n

Ioj,t(âNr
c ,e,f , bNr

c ,p) = −
∑n

v=1
(oj,t,f − bNr

c ,f )ri,m,j,v

âNr
c ,v,p for e, f, p = 1, · · · , n, l 	= p

Ioj,t(âNr
c ,e,f , bNr

c ,p) = −
∑n

v=1
ri,m,e,v(

∑n

w=1
âNr

c ,v,w

((oj,t,w − bNr
c ,w)− µi,m,v + âNr

c ,v,f (oj,t,f
−bNr

c ,f )) for e, f = p = 1, · · · , n
Ioj,t(bNr

c ,p, bNr
c ,q) =

∑n

w=1

∑n

v=1
âNr

c ,v,pri,m,v,wâNr
c ,w,q

for p, q = 1, · · · , n

Eqn. (3) can be calculated in the on-line setting, since
we can accumulate sufficient statistics in these equations
recursively, and plug-in the parameter estimates to obtain
the description length values. The difference between the
batch and the on-line schemes is that in batch algorithms,
we use the current parameter estimates to decode all adap-
tation utterances, while in on-line algorithm, we use current
parameter estimates to decode the current adaptation ut-
terance, leaving the previous decoding results unchanged.

In general, learning a graphical model is NP-hard [2]. For
a tree structured model, we could in principle calculate the
description length of the models and transformation matri-
ces for every possible tree cut and take the model with the
minimum description length. However, since the number of
cuts in a binary tree is exponential in the size of the tree,

i.e. O(22
d−1

), with d the number of layers, it is impracti-
cal to do so. Nonetheless, there exists an efficient dynamic
programming-based pruning algorithm for determining the
optimal tree size and the form of transformation matrices.
There are two key ingrediants that an optimization prob-
lem must have for dynamic programming to be applicable:
optimal substructure and overlapping subproblems [3]. A
problem exhibits optimal substructure if an optimal solu-
tion to the problem contains within it optimal solutions to
subproblems. The optimization problem has overlapping
subproblems when a recursive algorithm repeatedly revisits
the same subproblem, rather than always generating new
subproblems. The optimal substructure property is sat-
isfied, since the tree cut with transformation matrices of
optimal description length for the entire tree must contains
the optimal tree cuts for the left and right subtrees. The
overlapping subproblems property is readily seen too. To
find the tree cut with transformation matrices of optimal
description length for the entire tree, we may need to find
the tree cut with transformation matrices with optimal de-
scription length for the left and right subtrees. A recursive
solution involves establishing a recursion for the optimal de-
scription length. Denote an internal node in the tree T as N
and its left child node Nl and right child node Nr. Denote
the subtrees rooted at these nodes as TN , TNl , TNr respec-
tively and denote the set of feature vectors corresponding
to these nodes as ON , ONl , ONr respectively. Finally de-
note the optimal transformation matrices and biases for the
subtrees rooted at these nodes as ATN

, ATNl
, ATNr

and

bTN
, bTNl

, bTNr
respectively. The corresponding optimal

description lengths are denoted as L(TN , ON , ATN
, bTN

),

L(TNl , ONl , ATNl
, bTNl

) and L(TNr , ONr , ATNr
, bTNr

). The

optimal substructure property gives the recursive formula:

L(TN , ON , ATN
, bTN

)

= min




L(N,ON , AN , bN),
L(TNl , ONl , ATNl

, bTNl
)

+L(TNr , ONr , ATNr
, bTNr

)
(4)

where each transformation matrix can be full, block diago-
nal or diagonal. Fig. 3 provides an illustrative explanation
of Eqn. (4).

L ( NT O 
l
, N l,A- T N l,bT- N l) L (TNr,O Nr,A- TNr,b- T N r)

(b)(a)

)NbNANO N(L , , ,

Figure 3. Dynamic programming based pruning procedure,
where dashed curve means tying all Gaussian components
together, solid curve means taking subproblem solution

Either a bottom-up dynamic programming algorithm or
a top-down recursive algorithm can be performed to obtain
the minimum description length. In general, the bottom-
up approach is more efficient than the top-down approach
[3]. However, for this problem, the two approaches have
the same computational complexity. Li et al. [9] used the
top-down recursive algorithm to calculate the MDL in the
MLE sense for generalizing case frames in natural language
processing. Shinoda et al. [12] used the top-down recursive
algorithm to calculate the MDL in the MLE sense for batch-
mode based model selection in bias removal. In this work we
use the bottom-up approach as described by the following
procedure:

1. Transform HMM parameters by using initial tree cut
transformations obtained in [13, 14].

2. Decode current adaptation utterance by using the
transformed HMM parameters. Assign each feature
vector into the corresponding leaf node in the tree.

3. Determine the optimal tree cut and the transformation
matrix forms for each node in the cut by the following
bottom-up dynamic programming algorithm:

(a) Initialization: for each leaf node, if the node con-
tains feature vectors, then calculate its description
lengths with full, block diagonal and diagonal ma-
trices by Eqn. (3), and choose the minimum; oth-
erwise, set its description length to be infinity.

(b) Recursion: in the bottom-up order, compute the
description length using recursion formula of Eqn.
(4).
For each nonleaf node N , if the MDL of the first
line is smaller than or equal to the MDL of the
second line, drop all the children of the node N
and assign node N to the cut;
else assign the children of the node N to the cut.

(c) Go up one level and repeat (b) until the root is
reached.

4. If the tree cut and the transformation matrix forms of
each node in the cut remain the same as in the previ-
ous step, then output the HMM parameters updated
by this tree-structured transformation and stop. Oth-
erwise, return to step 2.



3. EXPERIMENTAL RESULTS

The on-line Bayesian learning approach is applied to on-
line speaker adaptation using a vocabulary of 26-letter En-
glish alphabet. Two severely mismatched speech databases
, the OGI ISOLET and the TI46, were used for evaluat-
ing the adaptation algorithm. A full description of these
two corpora can be found in [6]. For speaker indepen-
dent training, the OGI ISOLET database was used. The
database consists of 150 speakers, each speaking a letter
twice. For on-line Bayesian adaptation and testing, the
English alphabet subset of the TI46 isolated word corpus
was used. Among the 16 talkers, data from 4 males were
incomplete. Therefore, only 12 speakers (4 males and 8 fe-
males) were used in this study. Each person uttered each of
the letters 26 times, where ten were collected in the same
session and the remaining 16 were collected in 8 different
sessions with 2 in each session. For each person and each
letter, we divided equally those 16 tokens collected in eight
different sessions into two parts, one for adaptive training,
another for testing. Each letter was modeled by a single
left-to-right five-state CDHMM. Each state had a Gaussian
mixture density of four components with each component
density having a diagonal covariance matrix. The speech
feature was extracted based on a tenth-order LPC analysis,
where the feature components were 12 cepstral coefficients,
a normalized log energy and their first time derivatives.
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Figure 4. Recognition performance by affine transforma-
tions determined by MDL principle

We compared the recognition results obtained using the
proposed MDL method with those obtained by fixed model
complexity. The results are summarized in Fig. 4. Of the
two fixed models, one model is a ten-layer tree with block
diagonal matrix transformations and the other is a three-
layer tree with full matrix transformations. As shown in the
figure, the proposed MDL method posseses the advantages
of the small-sized tree when the amount of adaptation data
is small and the advantages of the large-sized tree when
the amount of adaptation data is large, and in addition, it
outperformed both fixed models in the intermediate range
of adaptation data size, which is intuitively appealing since
this is the condition that MDL provides solution to the
uncertainty of model complexity. Therefore, MDL provides
an optimal tradeoff between accuracy and complexity of the
model structure and parameterization over a full range of
adaptation data size.

4. CONCLUSION

In this paper, we show how to incoprorate a Bayesian vari-
ant of Rissanen’s MDL into on-line Bayesian adaptation of
tree structured transformation to obtain an optimal tradeoff
between model structural and parameterization complexi-
ties and goodness of fit to adaptation data. Speaker adap-

tation experiments using a 26-letter English alphabet vo-
cabulary were conducted and the proposed Bayesian vari-
ant MDL method was shown to possess the advantage of
the small-sized tree when the amount of adaptation data
is small and the advantage of the large-sized tree when the
amount of adaptation data is large, and in addition, it out-
performed both fixed models in the intermediate range of
adaptation data size. Therefore, MDL provides an opti-
mal tradeoff between accuracy and complexity of the model
structure and parameterization over a full range of adapta-
tion data size, and it in general is capable of automaticlly
selecting a set of model parameters that lead to best recog-
nition performance for a given amount of adaptation data.
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