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Abstract
This paper proposes a prior distribution determination tech-
nique using cross validation for speech recognition based on
the Bayesian approach. The Bayesian method is a statisti-
cal technique for estimating reliable predictive distributions by
marginalizing model parameters and its approximate version,
the variational Bayesian method has been applied to HMM-
based speech recognition. Since prior distributions represent-
ing prior information about model parameters affect the pos-
terior distributions and model selection, the determination of
prior distributions is an important problem. However, it has
not been thoroughly investigate in speech recognition. The pro-
posed method can determine reliable prior distributions with-
out tuning parameters and select an appropriate model struc-
ture dependently on the amount of training data. Continu-
ous phoneme recognition experiments show that the proposed
method achieved a higher performance than the conventional
methods.
Index Terms: variational Bayes, cross validation, context clus-
tering, continuous phoneme recognition

1. Introduction
In speech recognition systems, context dependent models (e.g.
triphone HMMs) are widely used [1]. Although a large number
of triphones can capture variations in speech data, too many
model parameters leads to the over-fitting problem. There-
fore, maintaining the balance between model complexity and
the amount of training data is quite important for obtaining
high generalization performance. The decision tree based con-
text clustering is an important method for context dependent
HMM estimation to deal with the problem of training data in-
sufficiency, not only for robust parameter estimation but also
for predicting probability distributions for unseen contexts [2].
This method constructs a parameter tying structure which can
assign a sufficient amount of training data to each HMM state.
The tree is grown step by step, choosing questions that divide
the context using a greedy strategy to maximize some objective
function.

The maximum likelihood (ML) criterion is inappropriate
as a model selection criterion since the ML criterion increases
monotonically as the number of states increases. Some heuris-
tic thresholding is therefore necessary to terminate the dividing
nodes in context clustering. To solve this problem, the min-
imum description length (MDL) criterion has been employed
to select the model structure [3]. However, the MDL criterion
is based on an asymptotic assumption, therefore it is ineffec-
tive when the amount of training data is small. On the other
hand, since the Bayesian approach does not use an asymptotic

assumption, unlike the MDL criterion, it is available even in the
case of small amount of training data. In the Bayesian approach,
an appropriate model structure can be selected by maximizing
the marginal likelihood [4].

The Bayesian approach uses prior information which is rep-
resented by the prior distribution. Since prior distributions af-
fect the estimation of posterior distributions and model selec-
tion, the determination of prior distributions is an important
problem for estimating of appropriate acoustic models. How-
ever, it has not been thoroughly investigate in speech recogni-
tion, and the determination technique of prior distribution has
not been developed. This paper proposes a prior distribution
determination technique using the cross validation and apply
it to the context clustering. The cross validation is known as
a straightforward and useful method for model structure opti-
mization. The context clustering based on cross validation has
been proposed, and it can select the more appropriate model
structure than the conventional ML criterion [5]. The proposed
method can be regarded as an extension of context clustering
using cross validation to the Bayesian approach. By using cross
valid prior distributions, it is expected that the higher general-
ization ability is achieved and an appropriate model structure
can be selected in the context clustering without tuning param-
eters.

The rest of this paper is organized as follows. Section 2
describes the speech recognition based on variational Bayesian
method, and Section 3 describes the prior distribution determi-
nation technique using cross validation and apply it to the con-
text clustering. In Section 4, results of the continuous phoneme
recognition experiments are presented. Finally, conclusions and
future works are drawn.

2. Speech recognition based on variational
Bayesian method

2.1. Bayesian approach

The output distribution is obtained based on a left-to-right
HMM which has been widely used to represent an acoustic
model for speech recognition. Let O = (o1,o2, . . . , oT ) be
a set of training data of D dimensional feature vectors, and T
is used to denote the frame number. The output distribution is
represented by:

P (O,Z |Λ) =
TY

t=1

azt−1ztN (ot | μzt
,S−1

zt ) , (1)

where Z = (z1, z2, · · · , zT ) is a sequence of HMM states,
zt ∈ {1, . . . , N} denotes a state at frame t and N is the num-
ber of states in an HMM. A set of model parameters Λ =

Accepted after peer review of full paper
Copyright © 2008 ISCA

September 22-26, Brisbane Australia936

10
.2

14
37

/I
nt

er
sp

ee
ch

.2
00

8-
11

2



{aij ,μi,Si}Ni,j=1 consists of the state transition probability aij

from state i to state j, the mean vector μi and the covariance
matrix S−1

i of a Gaussian distribution N (· | μi,S
−1
i ).

The Bayesian approach assumes that a set of model param-
eters Λ is probabilistic variables, while the ML approach esti-
mates constant model parameters. The posterior distribution for
a set of model parameters Λ is obtained with the famous Bayes
theorem as follows:

P (Λ |O) =
P (O |Λ)P (Λ)

P (O)
, (2)

where P (Λ) is a prior distribution for Λ. Once the posterior
distribution P (Λ | O) is estimated, the predictive distribution
for input data X is represented by:

P (X |O) =

Z
P (X |Λ)P (Λ |O)dΛ . (3)

The model parameters are integrated out in Eq.(3) so that the
effect of over-fitting is mitigated, and robust classification is
obtained. However, it is difficult to solve the integral and ex-
pectation calculations. Especially, when a model includes latent
variables, the calculation becomes more complicated. Posterior
distributions with latent variables are represented as follows:

P (Λ |O) =
X
Z

P (O,Z |Λ)P (Λ)

P (O)
. (4)

To overcome this problem, the variational Bayesian (VB)
method has been proposed as a tractable approximation method
of the Bayesian approach and shown good generalization per-
formance in many applications [6].

2.2. Variational Bayesian method

The variatonal Bayesian method maximizes a lower bound of
log marginal likelihood F instead of the true likelihood. A
lower bound of log marginal likelihood is defined by using
Jensen’s inequality:

L(O) = log
X
Z

Z
P (O,Z |Λ)P (Λ) dΛ

= log
X
Z

Z
Q(Z)Q(Λ)

P (O,Z |Λ)P (Λ)

Q(Z)Q(Λ)
dΛ

≥
X
Z

Z
Q(Z)Q(Λ) log

P (O,Z |Λ)P (Λ)

Q(Z)Q(Λ)
dΛ

= F (5)

In the VB method, VB posterior distributions Q(Λ) and Q(Z)
are introduced to approximate the true posterior distributions.
The optimal VB posterior distributions can be obtained by max-
imizing the objective function F with the variational method as
follows:

Q(Λ) = CΛP (Λ) exp

j X
Z

Q(Z) logP (O,Z |Λ)

ff
, (6)

Q(Z) = CZ exp

j Z
Q(Λ) logP (O,Z |Λ) dΛ

ff
, (7)

where CΛ and CZ are the normalization terms of Q(Λ) and
Q(Z), respectively. These optimizations can be effectively per-
formed by iterative calculations as the Expectation and Maxi-
mization (EM) algorithm, which increases the value of objec-
tive function F at each iteration until convergence.

2.3. Bayesian context clustering

The decision tree based context clustering is a top-down cluster-
ing method to optimize the state tying structure for robust model
parameter estimation. A leaf of the decision tree corresponds to
a set of HMM states to be tied. The decision tree growing pro-
cess begins with a root node that may have all HMM states, or
all states associated with a particular phone, etc. Then, a ques-
tion which divides the set of states into two subsets assigned
respectively to two child nodes, “Yes” node and “No” node,
is chosen so that the corresponding new HMM has the largest
value of objective function for training data. The decision tree
is grown in a greedy fashion, successively splitting nodes by se-
lecting the pair of a question and node which maximize the gain
of objective function at each step.

In the Bayesian approach, an optimal model structure can
be selected by maximizing the objective function F . When a
node is split into “Yes” node and “No” node by the question q,
the gain ΔFq is defined as the difference of F before and after
splitting:

ΔFq = Fy
q + Fn

q −Fp
q , (8)

where Fy
q and Fn

q are the value of objective function F of split
nodes by a question q, and Fp

q is the value before a splitting.
The question q̂ for splitting a node is chosen from the question
set as follows:

q̂ = argmax
q

ΔFq. (9)

By stopping the node splitting when the condition ΔFq̂ ≤ 0 is
satisfied, an optimal model structure is obtained.

3. Bayesian context clustering using
cross validation

In the Bayesian approach, prior distributions are usually de-
termined heuristically. However, hyper-parameters (parame-
ters of prior distributions) affect the model selection as tuning
parameters. Therefore, to automatically select an appropriate
model structure, a determination technique of prior distribution
is required. One possible approach is to optimize the hyper-
parameters using training data so as to maximize the marginal
likelihood. However, it still needs tuning parameters which con-
trol influences of prior distributions, and often leads to the over-
fitting problem as the ML criterion. In this paper, we propose
the prior distribution determination technique using cross vali-
dation and apply it to the context clustering.

3.1. Cross validation

For K-fold cross validation, the training data is randomly di-
vided into K different groups. Then, a model is trained using
N − 1 groups of data, and the objective function is computed
for the group excluded in the training. This process is repeated
for K times with different combinations of K − 1 groups. The
value of objective function is accumulated and the accumulated
value is used for evaluation of model structure.

3.2. Bayesian approach using cross validation

Let O = {O(1),O(2), · · · ,O(k), · · · ,O(K)} be a set of train-
ing data and O(k) be a partition for K-fold cross validation.
For the k-th evaluation, O(k̄) = {O(j) | j �= k} is used for the
determination of prior distributions and O(k) is used for the es-
timation of posterior distributions. Then, the Bayesian approach
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using cross validation calculates the log marginal likelihood:

L(k)(O) = logP (O(k) |O(k̄)) . (10)

Using Jensen’s inequality, the lower bound of log marginal like-
lihood F (k) is defined as Eq.(5). For the k-th evaluation, the
optimal VB posterior distributions of model parameters can be
obtained by maximizing F (k) with respect to Q(Λ(k)) with the
variational method as follows:

Q(Λ(k)) = CΛ(k)P (Λ(k)|O(k̄))

exp

( X
Z(k)

Q(Z(k)) logP (O(k),Z(k) |Λ(k))

)
, (11)

where P (Λ(k)| O(k̄)) is a prior distribution which represents
prior information O(k̄) and CΛ(k) is a normalization term.

In the Bayesian approach, a conjugate prior distribution is
widely used as a prior distribution P (Λ). When the output
probability distribution is a Gaussian distribution, the conjugate
prior distribution becomes a Gauss-Wishart distribution:

P (μ,S) = N (μ | ν, (ξS)−1)W(S | η,B) , (12)

where {ξ, η, ν,B} is a set of hyper-parameters. Moreover a
Gaussian distribution is proportional to Gauss-Wishart distribu-
tion as follows:

TY
t=1

N (ot | μ,S−1)

∝ N (μ | ō, (TS)−1)W(S | T +D, (T C̄) ) , (13)

where ō = 1
T

PT
t=1 ot and C̄ = 1

T

PT
t=1 oto

�
t − ōō� are

sufficient statistics of training data. Thus, the prior distribution
can be determined by sufficient statistics of the prior informa-
tion. The prior distribution of the k-th cross validation model
parameters P (μ(k),S(k)|O(k̄)) is obtained from Eq.(13):

P ( μ(k),S(k)|O(k̄))

= N (μ(k)| ō(k̄), (T (k̄)S(k))−1)

×W(S(k)| T (k̄) +D, (T (k̄)C̄
(k̄)

)) , (14)

where ō(k̄) and C̄
(k̄) are sufficient statistics of a subset of train-

ing data O(k̄). The cross valid prior distribution can be deter-
mined without tuning parameters.

3.3. Bayesian context clustering using cross valid prior dis-
tribution

The objective function of the Bayesian approach using cross
validation F (CV ) is obtained by summing F (k) for each fold:

F (CV ) =

KX
k=1

F (k) . (15)

In the proposed method, an optimal model structure can be se-
lected by maximizing the objective function F (CV ). The ques-
tion q̃ for splitting the node is chosen from the question set as
follows:

q̃ = argmax
q

ΔF (CV )
q , (16)

Table 1: Experimental conditions
Training data JNAS 20,000 utterances

JNAS 1,000 utterances
Test data JNAS 100 utterances
Sampling rate 16 kHz
Feature vector 12-order MFCC + ΔMFCC

+ ΔEnergy
Window Hamming
Frame size 25ms
Frame shift 10ms
Number of HMM state 3 (left-to-right)
Number of phoneme categories 43

where ΔF (CV )
q is the gain in the value of objective function

F (CV ) when a node is split by the question q. The gain ΔFq is
obtained by:

ΔF (CV )
q = F (CV )

q

y
+ F (CV )

q

n −F (CV )
q

p
. (17)

where F (CV )
q

y
and F (CV )

q

n
are the value of objective function

F (CV ) of split nodes by a question q, and F (CV )
q

p
is the value

before a splitting. By stopping the node splitting when the con-
dition ΔF (CV )

q̃ ≤ 0 is satisfied, an optimal model structure can
be obtained.

4. Experiments
To evaluate the effectiveness of the proposed method, speaker
independent continuous phoneme recognition experiments were
performed.

4.1. Experimental conditions

The experimental conditions are summarized in Table 1. The
training data consisted of about 20,000 Japanese sentences and
1,000 Japanese sentences were prepared from Japanese News-
paper Article Sentences (JNAS). The test data consisted of 100
Japanese sentences were prepared from JNAS. Three-state left-
to-right HMMs were used to model 43 Japanese phonemes, and
144 questions were prepared in decision tree context clustering.
Each state output probability distribution was modeled by a sin-
gle Gaussian distribution with a diagonal covariance matrix.

In these experiments, the following three algorithms were
compared.

• “MDL” : Acoustic models trained by ML criterion and
model structures selected by MDL criterion.

• “CV-ML” : Acoustic models trained by ML criterion and
model structures selected by cross validation with ML
criterion.

• “CV-Bayes” : Acoustic models trained by the Bayesian
criterion and model structures selected by cross valida-
tion with the Bayesian criterion.

In “CV-ML” and “CV-Bayes”, the cross validation uses 10
folds.

4.2. Experimental results

Figure 1, 2 show the phoneme accuracy of acoustic models
trained by 20,000 and 1,000 utterances, respectively. To evalu-
ate the performance of model selection, the phoneme accuracy
for several model structures which are selected by varying a
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Figure 1: Phoneme accuracy (20,000 uttrances)
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Figure 2: Phoneme accuracy (1,000 uttrances)

threshold also is shown. In these figures, the lines represent
the phoneme accuracy for each model structure and the points
represent the phoneme accuracy of the model structure selected
automatically by each method. These figures clearly show that
the proposed method “CV-Bayes” outperforms the “MDL” and
“CV-ML” baselines. In Figure 1, “CV-Bayes” achieved 8.48%
relative error reductions over “MDL”.

Figure 3, 4 show the lower bound of log marginal likeli-
hoods using cross validation F (CV ) for the training data, F
for the test data and the phoneme accuracy. In these figures,
a similar tendency between F (CV ) and F was observed. The
model structure which gives the highest F (CV ) also achieved
the highest F . However, the phoneme accuracy was not pro-
portional to F , and the proposed method could not select the
model structure which achieved the highest phoneme accuracy.
This means that although the proposed method could select the
model structure which accurately predict acoustic features for
each HMM state, it is not identical to with the performance in
the classification problem. This result suggests that a Bayesian
criterion which represent the classification performance directly
is required.

5. Conclusions
This paper proposes a prior distribution determination tech-
nique using cross validation and apply it to the context cluster-
ing for speech recognition based on the Bayesian approach. The
results on continuous phoneme recognition experiments demon-
strated that CV-Bayes outperform both MDL and CV-ML. The
proposed method could determine prior distributions without
tuning parameters, and select the model structure which accu-
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rately predict acoustic features for each HMM state. As a future
work, we will applied a Bayesian criterion which represent the
classification performance directly to context clustering.
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