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Abstract

Determining the number of speakers participating in a conver-
sation is an important area of research as it has applications in
telephone monitoring systems, meeting transcriptions and speaker
segmentation algorithms. The speaker count problem poses a
greater challenge when no information about the speakers is avail-
able. To circumvent this problem, the use of a generic model set is
proposed. The general approach taken is to determine the subset
of the generic models that best represents any speech data. The
speaker count is derived from the number of models in the subset,
and the speakers participating in the conversation are represented
by the models. Both the models and the number of models in the
subset are obtained using an evolutionary iterative procedure. This
method involves performing a sequence of four operations: 1.)
speaker identification, 2.) pruning the model set, 3.) constrained
adaptation and 4.) updating the model set. These operations are
performed repeatedly on the model set until the convergence cri-
terion is met. The proposed technique has produced promising
results on preliminary speaker count experiments.

1. Introduction

The problem of learning speaker models in a conversation is ad-
dressed in this paper. The problem can be subdivided into three
parts: i) determining the number of speakers participating in the
conversation, ii) learning the speaker models and iii) indexing the
temporal activity of each speaker. The main application presented
in this paper is on the first part, and the other two parts is expected
to be produced as by-products. The need for a method to deter-
mine the speaker count in a conversation arises mainly in telephone
monitoring systems. The developed method is motivated toward
monitoring telephone lines of a prison, where placing three-way
telephone calls are forbidden.

In this research, the speaker building process is treated as
an evolutionary iterative procedure which involves performing a
sequence of operations until some convergence criterion is met.
An initial generic model set, which can represent any speaker, is
mapped into a speaker specific model set representing the speakers
in the conversation.

One of the first concerns in the use of generic speaker models
choice of a speaker model. The Gaussian Mixture Model (GMM)
has been a favourite choice for modeling as it delivers excellent

results in speaker identification, when large amounts of data is
available for testing [1]. The concept of generic speaker models
using GMMs has been successfully applied in speaker indexing
on news broadcast data [2]. However, the GMM seldom performs
well when the data is limited. A method to choose the optimal
model (GMM or VQ), using the Bayesian Information Criterion
[3], however the technique is extremely complex. To obtain a
balance between performance and complexity, the VQ model is
chosen as the speaker representation. The VQ model, due to its
non-parametric nature, outperforms the GMM when the amount
of data available is less.

Studies have shown that techniques based on generic models
are dependent on their initialization. Various methods based on the
Universal background model [4], Monte Carlo Markov Chain, and
Speaker Model Quantization methods [5] have been proposed. An
initial model set is desired to span the entire model space and the
models chosen to be equidistant. A new method, which ensures,
the models in the initialization to be “maximally separated is pro-
posed in this paper and is presented in the next section. The se-
quence of operations performed on the model set is also presented
in the next section. Experimental setup and results are discussed
in section 3. Finally conclusions are drawn in section 4.

2. Methods

In this section, the process of building the speaker models is elab-
orated. A speaker model is represented by a matrix C with each
row containing a code-vector c¢;; ¢ = 1,2,..., P, obtained us-
ing the splitting method to performing vector quantization. A set
of speaker models is created with speech data from a standard
database and is represented as 2 = {C1,Ca,...,Cq}, with Q
being the total number of speakers in the database. A sequence of
operations is performed on the models, and these operations are
presented in the general process diagram show in figure 1. The
first step is to initialize the procedure with a generic model set S
and is discussed next.

2.1. Initialization

It was inferred, based on experimentation, that initialization of the
generic model set plays an important role for the successful ter-
mination of the speaker building procedure. A desired feature in
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Figure 1: The general diagram showing the sequence of operations
performed iteratively on the generic model set.

the initial model set is that they are maximally separated, i.e., they
span a large area in the model space and have small overlap re-
gions. To obtain such a set, a distance between models and an
algorithm to sub-sample the set €2 are required. The need for a dis-
tance is addressed by introducing two distances. The first distance
is defined as:

dp(cm Cq) = ||Cp - PCqHF7 (D

where P is a permutation which permutes the rows of C,, such that
it aligns with C4. The permutation matrix has only one non-zero
element in each row. The distance permutes the code-vectors of the
speaker models and hence is aptly termed as code-vector permuta-
tion distance (CVPD). To determine the matrix P, say models C,
and C, represent that same speaker with the order of their code-
vectors permuted. Such a situation can occur when the models are
generated at two different instantiations of the vector quantization
procedure. Therefore, by definition,

C,=PC, and C,C}=P(C,C,)P". )
Consider the eigen value decomposition of similar matricies,
C.CI = Q.AQ; ! and CyC?TJ = QyAle. Using 2 and the
fact that the eigen values of similar matrices are identical,

QyAszl = (PQy)A(PQy)717 3)

and hence P = Q, Q. L. The distance between two models is
written as:

dp(cpv Cq) = HCP - QqQ;ICqHF 4)

The second distance the minimum of the distances between
each code-vector of one model to the nearest code-vectors in the
other model. This can be represented as:

dm(Cp, Cq) = min |lcpi — cqill2, (5)
i,5517#7

where c,; represents the i code-vector of the p™ model. Note
that both the distances are symmetric and abide the basic rules
of a distance. The distance measure is used to construct a metric
space with the models as points in the space, and will be referred
to as the model space. To determine a maximally separated subset
of models from a larger set of models, one can think of applying
any clustering method to group similar models and represent them
using a centroid model [5]. This approach is not applicable in
the speaker model space because the addition operation between
models is not well defined.

The problem of obtaining the maximally separated subset S
can be setup as an optimization problem, maximizing:

J= 3 dc.c)), (©)

C;,C, €S

where the total summation is performed on all the models in the
subset S C 2. The solution to this optimization problem can be
obtained by a brute-force combinatorial search for the optimal sub-
set, and in general, such a searching procedure is computationally
expensive. For example, consider a set 2 with Q = 50 and the
number of models in the subset P = 10 is required. It can be
determined that cost function J has to be evaluated *Cy ~ 10°
times. To reduce the computational magnitude, a suboptimal strat-
egy is proposed and is described below.

Algorithm 1 Determine the maximally separated subset

Require: Number of models in subset K; Initialize set s —
{Cp, Cq}, such that C,, and Cgare the two farthest models; k
1: while £k < K do
2: Choose model C; which has the largest distance to set s,
The distance between a point and a set is defined as the min-
imum of all the distances from the model to all the models
in the set. This step can be mathematically written as

C; = argmax min d(C;, C;) D
C;eQ CjES<k)

3 Sk — gk ¢y
4: k=k+1.

5: end while

6: return S = S*++1

The validity of the algorithm can be easily determined by eval-
uating it on a random set of points sampled from a uniform distri-
bution and the result is shown in figure 2. The gray circles repre-
sents the points in the set €2 and the black asterisks represents the
points in the subset S.
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Figure 2: Illustration of the algorithm to determine the maximally
separated subset (asterisks) on a random set sampled from uniform
distribution (circles).



2.2. Discriminative Speaker Identification

The initial generic model set S determined in the previous step is
used as the database to perform speaker identification on the test
data being analyzed. Speaker identity is obtained at an utterance
level and the utterance markings are determined based on statis-
tics obtained from the conversational speech database SWITCH-
BOARD. The database consists of conversations recorded over a
telephone line. The length of utterances, i.e., the length of speaker
homogeneous segments are determined and a histogram of the re-
sults is shown in figure 3. A total of 2435 conversations were used
to generate the statistics with each conversation lasting approxi-
mately 15 minutes.

An inference can be made based on the histogram that most
of the utterances have a duration of at least 1 second and hence
an utterance is defined as a group of consecutive voiced segments
which amounts to 1 second of speech data.
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Figure 3: Histogram of utterance durations in conversations of the
SWITCHBOARD speech database.

The goal of discriminative is to give preference to code-vectors
that have less ambiguity in representing the speaker. One ap-
proach would be to identify the code-vectors that are very close
to code-vectors of other speaker models and not include them in
the speaker identification process. However, a feasible approach
would be to weigh the distances between code-vectors and test
data proportionally to their discriminative capability. The use of
a proximity measure is chosen against the distance metric as the
weighing scheme to be discussed can be intuitively understood. It
is defined as:

©ijk = exp {—7l[xi — cjkll2}, ®)

and represents the proximity measure between the i frame and
the k™ code-vector of the j" speaker model. The constant v was
chosen equal to 2 based on experimentation. Note that the range
of the distance d is [0, o) and that of the proximity measure p;;x
is (0, 1].

The speaker identification is performed as follows: Let x;,
i = 1,2,..., M represent feature vectors corresponding the M
frames in the utterance and p(x;, C;) = maxy ;i is the prox-
imity measure between speech frame x; and the speaker model
C;. The code-vector closest to the speech frame is said to have
the index &'

A weighted similarity measure is computed between the utter-

ance and the speaker model as:

M
1
p(X,Cj) = 57 > wiwp(xi, Cy), ©)
=1

where w;y, is a discriminative weighting function associated with
each code-vector and is computed as follows:

1
Zj;&k; p(cin, Cj)’

The equation in (10) determines the summed proximity measure
between each code-vector and closest code-vectors in the other
models and the reciprocal serves as the desired weighting func-
tion. A speaker model which yields the largest weighted similarity
measure as in (9) is chosen as the identity for the utterance. The
identity of all the utterances in the conversation is similarly deter-
mined.

(10)

Wik =

2.3. Pruning the Model Set

The next operation in the sequence is the removal of extraneous
models from the generic model set. This operation is key in de-
termining the number of models needed to represent the presented
data. The pruning of the model set is carried out on a model qual-
ity measure () computed based on two factors. The first factor is
how well the model can represent the data (Py), and the second
factor is the amount of data it represents (P;). The use of in the
quality measure is obvious; however P, plays an important role in
removing models that are chosen spuriously. The quality measure
is thus defined as:

Q=P+ (1- NP (1

where A is a tuning parameter and determined based on the overall
performance of the method. The quantity P is the average prox-
imity measure between the model and the all the speech frames
associated with the model, and Py is determined as the ratio of the
data length represented by the model to the overall length of the
data being analyzed. The usefulness of the data length parameter
is explored in a separate study [7]. The quality measure is com-
puted for all the models in the generic model set and the models
that do not meet a set level of quality are removed from the set.
The quality measure threshold is currently left as a free parameter
and will be chosen based on experimental evaluation. Note that
the models that were not selected by the test data under analysis
will be automatically removed. The advantages of the pruning op-
eration are two-fold: 1) it is the key operation which results in
the speaker count and 2) it reduces the computational complexity
of the next iteration to a much lower level as compared with the
current iteration.

2.4. Constrained Adaptation

The models that survived the pruning operation are subjected to
the adaptation operation, where the parameters of the model are
adjusted to better represent the associated data. This is an impor-
tant operation for obtaining speaker specific models for the con-
versation. The adaptation is performed in a constrained manner as
the models tend to over fit the data. The constraint is applied on
the rate of change of the code-vectors in each iteration. Mathemat-
ically this can be represented as:

IC; — Cillr <& (12)



where Cj is the adapted speaker model and £ > 0 is a constant
chosen based on the operating conditions. The constrained adap-
tation can be graphically visualized and is presented in figure 4
below.

Adapted
Speaker Model - - Speaker Model

Figure 4: Graphical representation of the constrained adaptation
operation.

2.5. Update Model Set

The final operation is to update the generic model set with the
pruned and updated set. The sequence of operations is repeated,
with the updated model set, until no change in any of the models is
observed. During the update step, a foreign model is chosen from
the standard database set, and is inserted into the generic model
set. This inclusion is expected to help if an error occurs in the
pruning stage

3. Experiments and Results
3.1. Model Specifications

The initial generic model set consisted of 20 speaker models. The
speaker model is a 32 code-vector vector-quantization model. The
model order chosen is lower compared to the model order cho-
sen in standard speaker identification algorithms, and this helps
to maintain generality of the speaker models. The choice of a
low model order is further supported due to the fact that these
models can be easily adapted to represent a specific speaker in
the conversation. The models were generated using data from the
HTIMIT database [8] to form the standard database set. A total of
384 speakers available in the HTIMIT database were used. The
short-time LPCC (Linear Predictive Cepstral Coefficients) were
computed every 10msec on 20msec speech windows. The order
of LPCC analysis was chosen at 14. The speech data was pre-
emphasized and was passed through an unvoiced speech removal
pre-processor before computing the short-time features.

3.2. Results

4. Conclusions

This is the conclusions
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