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ABSTRACT

Speaker change detection or speaker-based segmentation is
useful and important in many applications, such as
transcribing broadcast news or telephone conversations. It
usually serves as a preliminary step prior to speech/speaker
recognition. Among various methods proposed in the literature,
Bayesian Information Criterion (BIC) based method has been
widely used. In this paper, we propose to use a different
criterion, Minimum Message Length criterion (MML), which
is also well known in the statistical community, on speaker
change detection problems. MML is an information theoretic
criterion that aims to minimize the message length for the
description of both model parameters and the data. Previous
studies [6] by Oliver etc. in the area other than speech,
showed that MML might be a better criterion than BIC on
segmentation problems. We extended their work and applied
MML criterion to speaker change detection problems.
Experiments were carried out on two different types of speech
data, and so far, comparable results between BIC and MML
have been obtained.

1. INTRODUCTION

Speaker change detection or speaker-based segmentation has
drawn much research interests recently [2][3][4][5][9][10]. It
is very useful in many applications, such as indexing audio
data; transcribing and understanding broadcast news data or
telephone conversations or conferences, where multiple
speakers are involved. For example, in DARPA Broadcast
News tasks, to help speaker adaptation for speech recognition,
the audio data needs to be segmented and segments from the
same speakers are clustered.

It is a difficult task due to the fact that the speakers involved
and the number of the speakers is unknown and there are
usually highly variable noise and channel conditions in the data.
Various methods have been proposed in the literature [2][5][9].
They fall into two main categories: model-based method and
metric-based method. The model-based method needs training
data to train speaker models, which is not suitable in many
cases. The metric-based method uses some distance
measurement to calculate the speaker difference. Several

distance measurements have been used, such as Generalized
Likelihood Ratio (GLR), Kullback-Leibler distance (KL) and
Bayesian Information Criterion (BIC). Since Chen first
proposed to use BIC on speaker change detection [2], BIC-
based method has been widely used and studied [10][4][3] due
to its robustness and no need of training data. Several
researchers presented their ways to improve the original BIC
method. Tritschler etc. [10] used variable search windows to
improve the accuracy and speed. Delacourt etc. [3] improved
the accuracy by combining BIC with other distance-based
method.

In this paper, we propose to use a different criterion,
Minimum Message Length criterion (MML), which is also
well known in the statistical community, on speaker change
detection problems. MML is an information theoretic criterion
that aims to minimize the message length for the description of
both model parameters and the data. Previous studies [6] by
Oliver and his colleagues show that MML might be a better
criterion than BIC. Motivated by their work, we extended
their work and applied MML criterion to speaker-based
segmentation. Experiments were carried out on two self-
constructed data sets, and so far, comparable results between
BIC and MML have been obtained.

The structure of this paper is as follows. In Section 2, we will
briefly review the theory of BIC and the use of BIC on
segmentation. Section 3 introduces the MML criterion and
shows how to use it on segmentation. Experimental results are
given in Section 4. Section 5 gives our discussions and future
work.

2. BAYESIAN INFORMATION
CRITERION

2.1 BIC Theory
BIC is a model selection criterion, first proposed by Schwarz
in 1978 [8]. The problem of model selection is to decide which
model, among a number of candidate models that have different
number of parameters, can best describe the data. BIC is a
large-sample version of Bayesian procedures for the case of
independent, identically distributed observations and linear
models [8].
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Given n data samples x x xn1 2, ,..., , according to the BIC

theory, for sufficiently large n, the best model of the data is
the one that maximizes

BIC L x x P nj j n j= −log ( ,..., ) log1

1
2

λ

with penalty weight λ = 1 , where Lj  is the maximum

likelihood of the data under model M j , and Pj  is the

number of parameters of model M j .

2.2 Segmentation using BIC
To apply BIC to speaker-based segmentation, let us consider a
simplified case first.  Given a sequence of acoustic feature
vectors, x x xn1 2, ,..., , extracted from the raw speech data,

each xi  corresponds to a particular time frame i. We assume

that there is at most one speaker change point inside. We also
assume that xi  is drawn from an independent multivariate

Gaussian process. To judge if there is a speaker change point
at frame i is equal to a model selection problem: the first model
consists of only one full covariance multivariate Gausian
component Ν Σ( , )µ  and all of the data, x x xn1 2, ,..., , are

drawn from the Gaussian component; the second model
consists of two Gaussian components, where x x xi1 2, ,...,  is

drawn from one Gaussian Ν Σ( , )µ 1 1 , and x xi n+1 ,...,  is

drawn from the other Gaussian Ν Σ( , )µ 2 2 . Since the first

model has P d d d1 1 2= + +( ) /  parameters (d is the

dimension of xi ), and for the second model, P P2 12= . It is

easy to show that the difference of the BIC values at frame i
for these two models is:

∆BIC
n i n i

i = ∑ − ∑ −
−

∑
2 2 21 2log log log

+
1
2 1λ P

According to the BIC’s principle, if ∆BICi > 0 , we choose

the second model, which means that there is a change point at
time frame i. In practice we calculate ∆BIC  at every
possible change point and choose the biggest one, and if it is
positive, we determine that that is the change point. For
general cases where there are multiple change points and the
length of the input speech data is very long, we use a search
algorithm similar to that in [2] to sequentially detect all
speaker changes.

3. MIMINUM MESSAGE LENGTH
CRITERION

3.1 MML Theory

MML was originally proposed for clustering problems by
Wallace and Boulton in 1968 [11] and later extended by
Wallace and Freeman to many other applications [12]. It is an
information theoretic criterion that aims to minimize the
message length for the description of both model parameters
and the data. It uses a two-part structure for the message
length. The first part measures the message length for the
model parameters; the second part measures the length of the
data given the model. The model (and the parameters) which
gives the minimum message length is the choice of MML
criterion. Although MML looks similar to Minimum
Description Length (MDL) [7] (BIC is equivalent to MDL
under certain conditions), there are some important differences
between them, a major one of which lies in the interpretation
and use of priors for the model parameters [1].

3.2 Segmentation using MML
Let’s consider sending a message of n data points. Each data
point consists of a pair ( , )x yi i . The xi  are evenly spaced

between [0, R]. The message can be cut into C + 1 pieces by C
cutpoints or segment boundaries, c cC1 ,..., . Each yi  in

segment i is assumed to be distributed with a Gaussian
distribution with mean u i  and standard deviations σi . The

distance between successive xi  is constant and assumed

known. The range of xi is assumed to be known by the

receiver as a prior. So what we need to send are:
C, , u0 …, uC , σ0 , …,σC , c cC1 ,..., , y yn1 ,...,

Wallace and Freeman [12] showed that under some fairly
general conditions, the expected message length for sending y
and the parameters θ  is

E MessLen y h f y( ( , )) log ( ) log ( | )θ θ θ= − −
+ + +05 05 05. logdet ( ( )) . log .F d k ddθ    (Eq.1)

Where h( )θ is the assumed known prior density on θ , d is

the dimension ofθ , f y( | )θ  is the likelihood of y givenθ ,

det( ( ))F θ  is the determinant of the Fisher Information

matrix, and kd  is the d dimensional lattice constant.

This original MML formula is not suitable for segmentation
problems because the log-likelihood function for the cutpoints-
like parameters are not continuous, and hence the Fisher
Information matrix is not defined for this type of parameters.
To make use of MML in this case, Oliver etc. [6] extended the
original MML formula to segmentation problems. We briefly
show their results below. For details, readers are referred to [6].

(1) One segment, C = 0 case

θ  consists of two parameters, u 0 andσ0 , hence d = 2. We
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choose a non-informative prior based on the population
variance of yi .

h u
pop

( , )0 0 2

1
2

σ
σ

=

where σpop
2

  is the standard deviation of yi .

It is easy to show that

det( ( , )F u
n

0 0

2

0
4

2
σ

σ
=

( )L f y n
n

0 02
2

= − = +log ( | ) logθ πσ

L0  is the negative log-likelihood of data given the model.

So, according to Eq.1,

E MessLen h u L d k

F u d

( ) log ( , ) . log
. logdet( ( , )) .

= − + +
+ +

0 0 0 2

0 0

0 5
05 05

σ
σ

where d = 2.

(2) Two Segments, C=1 case
We now need to consider the effect of stating the cutpoint
imprecisely. Define a variable AOPVc  (an acronym for

Accuracy Of Parameter Value) for cutpoint c. We assume that
c is uniformly distributed, so h(c) is 1/R. Denote S0 (S1) is the
set of data points on the left (right) side of the cutpoint. Then
the expected message length expression is:

E MessLen h u h u R

F u F u

AOPV d k L L dc

( ) log ( , ) log ( , ) log( / )
. log det( ( , )) . log det( ( , ))

log . log .

= − − −
+ +
− + + + + +

0 0 1 1

0 0 1 1

4 0 1

1
05 05

05 0 5 1

σ σ
σ σ

where d = 4, and u u0 1 0 1( ), ( )σ σ are the fitted mean and

standard deviation of  S0 (S1). L0 ( L1 ) is the negative log-

likelihood of S0(S1).

The optimal AOPV that minimize the message length is:

AOPV
u u u u

c = + − + + − −σ
σ

σ
σ

0
2

0 1
2

1
2

1
2

1 0
2

0
22 2

1( ) ( )

For general cases with multiple cutpoints, please refer to [6].
In all above equations, y is univariate data. For multivariate
data like acoustic feature vectors for speech data, we assume
that each dimension is independent and the covariance matrix
for each segment is diagonal. The more general case of full
covariance matrix is to be developed.
  

4. EXPERIMENTAL RESULTS

4.1 Test Data
We constructed the test set using different types of speech
data.
• 2 conversations which are artificially created by

concatenating sentences of 2 seconds on average from the
TIMIT database (clean speech and short speaker
segments), referred to T1 and T2.

• 2 broadcast news shows extracted from the DARPA
Broadcast News task Hub4 1997 evaluation data
(segments of any length), referred to as BN1 and BN2.

4.2 Acoustic Feature
Initially we used the same acoustic feature as that used in our
large vocabulary continuous speech recognition system, which
is a 39-dimensional vector (12-order MFCC plus normalized
energy and their first and second order time derivatives). But
we found that the first and second order time derivatives do
not give much performance gain over the pure base feature,
while increase the computation cost dramatically. Energy is
also removed from the feature vector since it hurts the
performance, which is quite understandable as energy is not
directly related to speaker identity and is sensitive to some
noisy factors such as channels, speech contents, etc. The
MFCC vectors were extracted at 10ms frame rate with the
window size of 25ms.

4.3 Evaluation Metric
Similar to the evaluation metric proposed in [5], we define two
types of errors in detection of the speaker changes. A false
alarm (FA) error occurs when a speaker change is detected
while it does not exist. A false rejection (FR) error occurs
when the process does not detect an existing speaker change.
The true segment boundaries are generated by manual labeling.
Since normally the true speaker change is not a point but a
region, we denote all the reference changes as [ , ]a bi i  where i

=1, …, N, and N is the number of true changes. We also denote
a tolerance factor as t. So, an FA error occurs if the detected
change point does no fall into any of the intervals
[ , ]a t b ti i− + ; an FR error occurs if there is no detected

change point within the interval [ , ]a t b tj j− + , for some

j . Accordingly, two error rates are defined as:

FAR (False Alarm Rate) = total number of FAs / total number
of detected segments

FRR (False Rejection Rate) = total number of FRs / total
number of true segments

4.4 Some Practical Issues
According to the BIC’s theory, when ∆BIC > 0 , a change
point is detected. There is no need to set any threshold (it is



4

always equal to 0). However, in practice, it does not yield
good performance. To compensate the difference between
theory and practice, the penalty weight is introduced and
adjusted to achieve optimal performance.

In MML-based segmentation, we used the same sequential
search algorithm as in BIC-based method. The cutpoint that
gives the minimum message length for sending the data and
parameters is the detected change point. An important variable
in calculating the MML value is the AOPV, whose estimation
needs to pay attention to. We need to impose some
straightforward constraints on its value to prevent it from out
of reasonable range, such as: AOPV R< / 2 .

4.5 Results
Table 1 gives the results on 4 conversations. All results are in
percentage unit. The number in the brackets in the first column
is the number of true speaker change points. The parameters
are adjusted to ensure that total error rate  (FAR+FRR) is a
minimum. For TIMIT data, the penalty weight λ = 18. , for

BN data, λ = 15. . The tolerance factor t is 0.1 seconds.

BIC-full BIC-diag MML-diagTest Set
FAR FRR FAR FRR FAR FRR

T1(54) 35.9 27.7 42.1 33.3 40.6 31.5
T2(43) 42.6 32.6 50.6 37.2 48.8 34.9
BN1
(119)

30.5 21.0 35.6 23.5 33.7 25.2

BN2
(137)

28.9 27.7 31.3 32.1 33.3 28.9

Table 1. Results (%) on TIMIT and BN data sets

From table 1, we can see that, not surprisingly, the results for
BIC full covariance matrix case  (BIC-full) are consistently
better than those of BIC diagonal covariance matrix case (BIC-
diag) and MML diagonal covariance matrix case (MML-diag).
The results for MML-diag are slightly better than BIC-diag
(especially for T1 and T2). However, this may be due to the
small size of the test set (especially for T1 and T2). When we
increase the tolerance factor to 0.3s, the performances are
almost the same. However, this may still suggest that MML
criterion is more robust and more likely to detect the change
points accurately, especially when the speaker segments are
very short (T1 and T2).

W can also notice that the results on BN data is better than
those on TIMIT data. This is mainly due to the fact that both
BIC and MML rely heavily on the amount of data available to
estimate the Gaussian parameters, and when the speaker
segments are very short as in TIMIT data, it is difficult for
them to capture the quick speaker changes.

5. DISCUSSIONS AND FUTURE WORK

Although MML-based method did not give significant better
results over BIC-based method, we need to extend it to full
covariance case to compare with BIC full covariance case. We
will also test them on larger data sets and various data types
such as SWITCHBOARD data. The theory of MML provides
a nice framework to incorporate prior information. In our
experiments, we only use an extremely simple prior; more
studies using different priors are undergoing.
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