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ABSTRACT

Speech signals convey information from many sources, but
not all information sources are relevant to describe speaker
identity. In fact, speech is affected by spurious events, ar-
tifacts (mouth breath, lip clicks), and noise (channel and
background). Such unwanted information sources are shared
by speakers and do not contribute in distinguishing between
them. Furthermore, in most cases, training data are col-
lected from different environments and it is of great impor-
tance that such data convey relevant joint information. This
paper discusses a method for removing unwanted informa-
tion in order to build more robust models. Two criteria are
used to extract relevant information from the speech signal:
the first criterion, which we call self-information criterion,
is used to extract relevant information from data collected
from a given environment; the second is called joint infor-
mation criterion, and it is used when collected data are from
different environments. Both criteria originate from infor-
mation theory. Simulations on telephone speech have re-
vealed the high efficency of the method.

1. INTRODUCTION

Most state-of-the-art speaker recognition systems are speaker
independent (SI). A large amount of data is collected from
many speakers in order to train the SI models. However,
increasing the size of the database nearly always results in
a decrease of error rate. Therefore, the main research issue
of interest could be determining what is the best data to use,
and the best models to use with that data [1].
In a recent work [2], we have proposed an efficient method
based on typical sequences theory for extracting useful in-
formation from the speech signal. However, the method
does not exploit the interaction between different environ-
ments from which data are collected. The present work,
which can be viewed as a further refinement and expansion
of the previous one, attempts to take in account the environ-
ment effect.

In the spirit of having specific tools for the measurements
of the amount of information carried by the speech signal,
it is rather natural to approach the problem from an infor-
mation theory point of view. The problem of extracting rel-
evant information from a speech signal may be stated as
follows: (i) given a speech utterance 	 � 
 � � � � � � � � � � � � �
how should we select the best sequences that convey the
most relevant information? (ii) given two speech utterances	 � 
 � � � � � � � � � � � � � and " � 
 $ � � $ � � � � � � $ � � , how should
we select the paired sequences % � ' � $ ( ) that contain the most
relevant joint information?
To solve the first problem, we make use of entropy as a
quantitative measure of information content. Since entropy
represents the average of self information of 	 , we call this
approach self-information criterion. For solving the second
problem, we make use of joint entropy as a measure of the
degree of information associated with the sequences 	 and" , and we call this approach joint information criterion.

2. SELF-INFORMATION EXTRACTION

Consider a sequence 	 � 
 � � � � � � � � � � � � � of , i.i.d. - -
dimensional vector observations drawn according to the con-
tinuous probability density function . % � ) . One can ask: are
all these observations carrying relevant information about
the speaker identity? and if no, how to select the best ones?
The answer to these questions is given by Shannon [3]. He
showed that for quite general source models the following
property holds:1

, 2 3 4 . % � � � � � � � � � ) 8 9 ; = 2 3 4 . % � ) @ � C % . % � ) ) � (1)

Here C % . % � ) ) is the differential entropy of 	 given by

C % . % � ) ) � = G . % � ) 2 3 4 . % � ) - � �
Equation (1) is a consequence of the weak law of large
numbers, which states that for , i.i.d.-random variables,
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�� � �� � � � � is close to the expected value � � � � for large
values of 	 . Functions of independent random variables are
also independent random variables. Since 
 � � 
 are i.i.d. so
are

� � � � 
 � � 
 � � . Thus we get

� �
	 � � � � 
 � � � � � � � � � 
 " � �

	 � � � � � � 
 � � 

$ � � � � � � � 
 � 
 �
" ' 
 � 
 � 
 
 �

In information theory, this property is known as the Asymp-
totic Equipartition Property (AEP). The number of the se-
quences having this property is nearly � � 
 � � � and they are
called typical sequences or typical set. They represent the
smallest set that contains most of the probability and are de-
fined as [4]:
For � � � and any 	 , the typical set (typical sequence) � �
with respect to � 
 � 
 is defined as follows:

� � � � ! # % ' ) # , - /0 2 4 5 7 8 % : - < 8 7 8 % : : , @ B D E
(2)

Because differential entropy is directly related to the vol-
ume of the feature space, Shannon defined the typical set as
the smallest volume in the feature space which includes in
its interior the total probability. In other words, a low en-
tropy implies that the random variable is confined to a small
volume (sparse distribution) and a high entropy (flat dis-
tribution) indicates that the random variable is widely dis-
persed. Figure

�
illustrates the volume of the typical set. For

Typical set

Atypical set

Total
feature space

Fig. 1. Volume of the typical set

reasons that will become evident later, we will drop the term
typical and replace it with informative and we will use “in-
formative sequences” in place of “typical sequences”. The
architecture of the self-information criterion as depicted in
Figure F . If, for a given speaker, the training data set con-
sists of two conversations � , � H � 
 � 
 and - , . H � 
 . 
 ,
we can define the following informative sets with respect to� 
 � 
 and � 
 . 
 :

I � � � ! # % ' ) # , - /0 2 4 5 7 8 % : - < 8 7 8 % : : , @ B D O
(3)

P � � � R # T ' W # , - /0 2 4 5 7 8 T : - < 8 7 8 T : : , @ B D E
(4)

When the distribution is assumed to be Gaussian with mean[ and covariance
�

, the differential entropy is given by

' 
 � 
 � 
 
 " �
F

� � � 
 F ] � 
 _ a � a � (5)

X
p(x) Self-information

extraction

h(p(x))

Self-informative
sequences

X ε

Unwanted information

Fig. 2. Self-information extraction technique

where 0 is the dimension of the vector observation. The
sets b c and d c are added together and used to reestimate or
update new models.

3. JOINT INFORMATION EXTRACTION

In real life, joint descriptions of two objects or events are
more efficient than individual descriptions. This is true even
for independent random events. Let us explain this idea
more precisely. When considering two events and at the
same time, it is possible to measure the degree of informa-
tion associated with them. This measure is called the joint
entropy. For a pair of random variables 
 � � - 
 with a joint
distribution � 
 � � . 
 , � f b and . f d , the joint entropy' 
 � � - 
 which is a measure of the information content as-
sociated with � and - is defined as

' 
 � 
 � � . 
 
 " � 1 1 � 
 � � . 
 j k l � 
 � � . 
 0 � 0 . �
Let 5 
 � � � . � 
 � 
 � 6 � . 6 
 � � � � � 
 � � � . 8 
 9 , m � o " � � F � � � 	 , be a 	 -
element jointly i.i.d. random vector according to � 
 � � . 
 .
By analogy to the case of the self-information extraction
criterion, we can define the joint AEP property as

� �
	 � � � � 
 � � � . 8 
 " � �

	 � � r 8 � � � � 
 � � � . 8 

$ � � � � � � � 
 � � . 
 �
" ' 
 � 
 � � . 
 


and the jointly informative set as:

� t u� � � 8 % w O T x : ' 8 ) z W : # , - /0 2 4 5 7 8 % O T : - < 8 7 8 % O T : : , @ B D O
(6)

where

� 
 � � . 
 " �}
� � � � 
 � � � . � 
 �

Equation (6) is used in coding theory to determine if the in-
put � to the channel is the true cause of - at the output in



order to recover the signal � .
It is important to note that we have not made any assump-
tion about the sequences � and � . Furthermore, in the area
of speaker recognition, we are concerned with extracting
relevant information about the identity of the speaker and
neither concerned with the underlying linguistic message as
in speech recognition nor with recovering any message as
in speech coding. This is why we prefer talking about in-
formative sequences, and joint informative sequences. Such
difficulties arise when we attempt to apply information the-
ory to problems other than coding. It is of great importance
to state precisely the problem to be solved.
It is clear that for any joint sequence � � � � 	 � � � �

� , � and� may be not self-informative. Furthermore, if � and � are
self-informative, they are not necesserely joint informative.
Therefore the best and optimal solution is to combine the
two criteria.
Another important point that needs to be clarified is the
structure of the sequences � � � � � � 	 . In speech coding these
pairs are ordered according to the ascending value of � and

� (temporal ordering, � � � � � � � � � � ) because � and � rep-
resent the same message. This is not the case in our study.
Each sequence pair is aligned and processed according to
the following algorithm.� Pick � � : � � �� Compute � � � � � � � � � 	 	 , � � � � � � � �� Compute � � 	 , � � � � � � � �� Choose the best joint informative sequence.� Classify and update data.� Go to step

�
: � � � � �

.

Other approaches may be applied: random selection, clus-
tering and so forth...
We now derive expressions for � � � � � 	 and � � � � � � � 	 in the
case of Gaussian multivariable distributions.
Let � � � � � � � 	 � � � 	 � 
 
 � 	 and � � � � � � � 	 � � � 	 � 
 
 � 	 ;
the vector mean and matrix covariance of � � � � � � � 	 are:

	 � 
 	 �	 � � 
 � 
 
 � � 
 � �
 � � 
 � � � �
where


 � � � # % � � � & 	 � 	 � � � & 	 � 	 � ( ,
 � � � # % � � � & 	 � 	 � � � & 	 � 	 � ( ,
 � � � # % � � � & 	 � 	 � � � & 	 � 	 � ( ,
 � � � 
 �� � .

Let’s assume, for simplicity, that � � and � � are independent
vectors. In this case


 � � � 
 � � � � . And

 � � � 
 � ,
 � � � 
 � are taken from the marginal distributions.

� � � � � 	 � �
� � � � + � 
 � , � + � �� � � � � � � � �

where �
� � � � � & 	 � 	 � 
 ! ,� � � � � & 	 � 	�

� � � � � & 	 � 	 � 
 ! ,� � � � � & 	 � 	 .

The joint differential entropy for independent � and � is
given by

� � � � � 	 � � � � 	 � � � � 	 �
This case is depicted in Figure " . The vectors � � and � � may

p(x)

p(x)p(y)

h(p(x))

h(p(y))

Σ

Joint
information
extraction

p(y)

sequences
Join informative

information

Unwanted

X

Y

Fig. 3. Joint information extraction for independent se-
quences � and �
be not independent. The equation giving the joint distribu-
tion function � � � � � � � 	 may be found in [5], and the joint
differential entropy is

� � � � � 	 � � � � 	 � � � � � � 	 �
where

� � � � � 	 � � � � � � � � 	 	 � & 0 � � � � � 	 1 2 4 � � � � � 	 5 � 5 � �
4. DATABASE AND MODELS

The experiments are carried out using the Spidre Corpus.
The database is a subset of the much larger Switchboard
Corpus, a conversational speech corpus of long distance tele-
phone calls. The subset consists of 180 target conversa-
tions ( $ conversations per speaker) coming from $ & speak-
ers ( � ' males and

� )
females). Two conversations (about�

minutes of speech) from each claimant speaker are used
to train the speaker models. The speech signal was trans-
formed every

� � ms, using a window of � & ms, into
� � -

dimensional MFCC along with the corresponding first and
second derivatives for a vector dimension of " �

. The base-
line (BW128) and the discriminative (TYP128) systems are
based on GMMs with

� � )
Gaussians. Each Gaussian mix-

ture in the GMM has a diagonal covariance matrix. The
test utterance consists in a sequence of " � sec duration ex-
tracted from the test conversation. Special focus is made on
mismatched conditions.



5. EXPERIMENTS

To apply the method, we perform the following steps: (i)
we choose a long sequence to train a mono-Gaussian model;
(ii) we divide this sequence into segments of length � � � ms,
which correspond to � � feature vectors at a

�
� ms frame

rate; (iii) we apply the information extraction criteria to re-
move unwanted information.
The self-information criterion is also applied to the test ut-
terance at the recognition time. The length of the compo-
nent vectors are of � � � ms and

�
� � ms. The lengths of � � �

ms (
�

� � ms) are chosen in order to distinguish between the
short-term signals (

�
� ms) such as speech, and the long-term

disturbances such as noise.

5.1. Baseline system

In order to evaluate the performance of the proposed method,
we compare the results of our simulations to those obtained
with a baseline system. Our baseline system is a GMM-
based text-independent identification system trained in the
usual way with the ML algorithm. The identification per-
formance of the system has attained � �

�
.

5.2. Discriminative system

The first expriment evaluates the self-information extrac-
tion technique. Speech segments with relevant information
are successively extracted from the two conversations using
equation (2) as explained in the preceding section. The ob-
tained data set is used to reestimate new speaker models.
The performance of the new system appears in Table

�
, line�

. The results show an appreciable amelioration (averaging
a �

�
gain in performance) over the baseline system for test

segments of length
�

� � ms.
The second expriment evaluates the joint-information ex-
traction technique using equation (6). The speaker identifi-
cation performance (JIS-I-128) is reported in Table

�
, line

� . The results show a further but slight amelioration (aver-
aging a �

�
gain in performance) over the baseline system

for test segments of length
�

� � ms and � � � ms.
Finally, this third expriment evaluates the combination of
the two techniques. To this end, we make use of equations
(2) and (6). The results (JIS-II-128) on line � show an appre-
ciable amelioration (averaging a

� �
�

gain in performance)
over the baseline. The results obtained for the system (JIS-
I-128) tell us that two joint informative sequences are not
necesserely joint self-informative. This explains the low
identification performance with respect to the system with
the combined techniques (JIS-II-128).

Test length (ms)
System � � �

�
� �

SIS-128 80.00 82.50
JIS-I-128 83.00 84.00
JIS-II-128 85.00 88.00

Table 1. Speaker identification performance for self- and
joint information extraction: � � � � �

� � . Sequence length:
� � � ms for the training data, � � � and

�
� � ms for the test.

6. SUMMARY

This paper has discussed the use of entropy as a fundamen-
tal measure of information content, to extract the most in-
formative acoustic classes from speech data. We have used
two criteria: a self-information criterion based on the use of
the entropy of a sequence and a joint information criterion
based on joint entropy. The combination of the two criteria
has led to better results. The major attraction of the method
is its ability to cope with the unwanted information intro-
duced by different environments.
The identification performances of the system for the tresh-
old � , � � �

� � � � � � �
�

� are better than the baseline system.
The simulations have showed that telephone speech is very
noisy, and on average , � �

�
of data was discarded. For

some speakers this percentage is much higher and has at-
tained � �

�
.
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