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Abstract—We present an approach for grouping single-speaker
speech segments into speaker-specific clusters. Our approach
is based on applying the K-means clustering algorithm to a
suitable discriminant subspace, where the euclidean distance
reflect speaker differences. A core feature of our approach is ap-
proximating speaker-conditional statistics, that are not available,
with single-speaker segments statistics, which can be evaluated,
thus making possible to apply the LDA algorithm for finding
the optimal discriminative subspace, using unlabeled data. To
illustrate our method, we present examples of clusters generated
by our approach when applied to the ICMLA 2010 Speaker
Clustering Challenge datasets.
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I. INTRODUCTION

Speaker clustering is an important component of a speaker
diarization system which aims to group together speech seg-
ments produced by the same speaker within an audio stream
[1]. Speaker clustering assumes that the speech stream has
been previously chopped into homogeneous segments. each
one containing speech from a single speaker. We will refer to
such segments as single-speaker segments.

A typical approach for speaker diarization systems is to
apply hierarchical agglomerative clustering (HAC) to perform
speaker clustering after segmentation [2], [3]. In the method
present here, we follow a different path, aiming to explore
how Linear Discriminant Analysis may be used to improve the
results of clustering, by finding optimal speaker-discriminative
subspace. LDA is a widely used method that has been used
for various tasks, in a supervised context, such as in [4],
to distinguish speech from non-speech segments, or in semi-
supervised context, such as in [5], for speaker clustering. The
main novelty of our approach is deriving an approximation
of means and covariance matrices used by the LDA criterion,
using information from single-speaker segments, thus making
possible the application of LDA in a completely unsupervised
framework.

The remainder of the paper has the following structure.
Section II presents the steps of the methodology used to find
speaker clusters, which includes generating the feature vec-
tors, applying the LDA algorithm to find a suitable speaker-
discriminant subspace and applying the K-means algorithm to
the subspace, to find the speaker clusters. Section III shows

how to approximate speaker-conditional statistics, based on
single-speaker segment information. Finally, Section IV illus-
trates the results of the approach when applied to the ICMLA
2010 Speaker Clustering Challenge datasets and Section V
summarizes the conclusion and discusses future extensions of
the approach.

II. METHODOLOGY

In this section, we describe the algorithms upon which
our speaker clustering algorithm is based on. Namely, in
Section II-A we describe how the feature vectors are generated
using short-time analysis and mid-term statistics extraction, in
Section II-B we outline the principles of the LDA algorithm
used to extract a suitable subspace of the feature space and in
Section II-C the K-means clustering algorithm used to group
speech segments with respect to the speaker.

A. Generating the feature vectors

The LDA method discussed in Section II-B does not apply
directly on speech samples, but on feature vectors extracted
from speech segments of specific size. In this section, we
describe how these feature vectors are formed.

1) Single speaker speech segments: To begin with, we
assume that the speech stream has been previously split into
speech segments, each one enunciated from a single speaker.
This may have been accomplished using for example the BIC
criterion [6] or one of its variants [7]. For the purpose of
finding an optimal subspace, speech segments, for which there
is significant uncertainty regarding whether they stem from one
ore several speakers, may be removed from the data set used
to finding the optimal subspace. In this way, we may safely
assume that the probability that a speech segment stems from
more than one speaker is practically zero.

At the end of this procedure, the speech input has been
converted to a list of single-speaker speech segments of
varying duration, indexed by the order of their enunciation.

S = {Sc}a

2) Short-time analysis: For each such speech segment s,
a short term analysis is then performed, resulting in 12 mel-
frequency cepstrum coefficients (MFCC) and an energy feature
for each window considered. In the experiment presented,

c=1...C



short-term window size has been set to 25msec while short-
term window step to 10msec. Depending on the duration of the
speech segment s, a specific number M, of feature vectors
are generated:

Sc = {fcam}’ fc,nLERDl,m =1... MC’ D1 =13

3) Mid-term statistics: The sequence of 13-MFCC feature
vectors corresponding to a single-speaker segment is then
given as input to a second-level analysis, with a specific
window size W,,, and step 1, aiming to capture mid-term char-
acteristics of the speech signal. In the experiments presented,
window size has been set to 30 (which corresponds to 300msec
of speech) and window step to 1 (which corresponds to 10msec
of speech). For each mid-term window, two statistics for each
MEFCC are calculated: the mean and the standard deviation.

. 1 .
Xem(i) = W Z fon(l), i=1...13
l=%...i+W,,
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Xem(i+13) = e Z (Fom (1) — xc.4(1))
l=1...i+W,,

As a result, at the end of mid-term analysis, the complete
speech input is represented as a list of sequences of 26-
dimensional feature vectors, each element of the list being
indexed by the order of the particular single-speaker segment
enunciation:

S —{s.},
Sc —>{Xc,m}7

B. Linear Discriminant Analysis

c=1...C,
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Reducing the dimension of the observation space, by finding
a suitable linear subspace in which the class separability is
optimally maintained, has been commonly used as a pre-
processing step in pattern recognition systems [8], since a
reduced feature space dimension may lead to better classifier
training with improved generalization ability. The benefits of
this approach have been demonstrated even when combined
with very competent classifier models, such as support vector
machines [9]. Here, we show that it may also be used in a
unsupervised framework.

In particular, Linear Discriminant Analysis (LDA), also
known as generalized Fisher criterion, has been used in many
application fields, such as face recognition [10], [11], or
document classification [12]. Several extensions and variations
of the basic LDA algorithm have been developed concerning
either implementation and robustness issues [13]-[15] or de-
viations from the model assumptions [16], [17].

The basic idea behind LDA is to extract a subspace in which
the classes means are far from each other, whereas the within
class covariance matrices (i.e. class conditional covariance
matrices) are small. In our context, classes roughly correspond
to speakers, though details are given in Section III.

To formulate the LDA criterion, we need the following
definitions:

o the feature vector of MFCC-based coefficients, x
e aclass, k,k=1...K,

o the overall mean of vectors x, m = E[x],
o the mean of all x attributed to class k, my, = Ey;[x],
« the covariance matrix of vectors x:

2 = Ex[(x —m)(x —m)'],
« the covariance matrix of vectors x attributed to class k:
Y = Expel(x —my) (x — my,)"], and
« the average of class-conditional covariance matrices Xj:
S = By [S). 2

Then, given a positive integer m, lower than the original
feature vector size n, the LDA criterion requires to find among
all possible n x m full rank matrices A, the matrix defined by

A= argmax 3)

The criterion involves actually the sample estimates of
means, covariance matrices and class probabilities, while it can
be expressed in several other equivalent forms (see [18]). The
LDA-optimal matrix can be found by solving a generalized
eigenvalue problem. In particular, one has to form a matrix
using the m eigenvectors of X~ '% which correspond the the
m greater eigenvalues.

Note also that the LDA subspace engendered is assured
to be optimal under two conditions: first, that the class-
conditional distributions are Gaussian with the same covari-
ance matrix and, second, that the dimension of the subspace
engendered is at least as big as the number of classes minus
one (see [19]). Nevertheless, the wide applicability of the
criterion shows that it is rather robust under violations of these
conditions.

C. The K-means algorithm

K-means is a widely used clustering algorithm formulated
based on a formal objective function. Namely, given a set of N
samples in R”, and an integer K, the objective is to determine
a set of K points in RP, the centers, so as to minimize the
mean squared distance from each data point to its nearest
center. By letting o; be the k-th center and S, = {x;} the
set of points closest to the k-th center, the optimal partition
of points S = {S;} is defined as:

K
S = argminz Z llx; — oll2
5
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A common way to find a solution is to use the Lloyd’s
algorithm, whose underlying principle is that the optimal
placement of a center is at the centroid of the associated
cluster. Lloyd’s algorithm can be formulated as an expectation-
maximization algorithm as follows.

start & samples are selected randomly as centers of the
clusters
e-step Each sample is assigned to the cluster with the

closest center



m-step The means of the clusters are calculated and replace
the centers found at the previous iteration

If the new means do not differ from the old ones,
stop iterating.

stop

Though the above algorithm always converges (unless sam-
ples are exactly equidistant from two centers), the result is not
necessarily the global minimum, but a local one that depends
on the initial selection of centers. Nevertheless, in our context,
a global optimum has significant chances of being found given
that the dimension of the space in which clustering takes place
is probably very low.

III. OPTIMAL DISCRIMINANT SUBSPACES
A. Extracting suitable subspaces

A basic assumption made by our algorithm is that the the
original D-dimensional feature space contains enough infor-
mation to discriminate among speakers. This assumption most
probably holds for the MFCC/energy-based feature vector
that our experiments depend on. In other words, we expect
that, the euclidean distance between two feature vectors that
correspond to different speakers, all other things being equal
(e.g. same phone), would be greater than two feature vectors
that correspond to the same speaker, again all other things
being equal.

However, it also holds that the same feature space contains
information to discriminate between other speech qualities,
such as phones, speech energy or pitch. Therefore, when
attempting to cluster samples in this feature space, using the
euclidean distance, the resulting clusters may correspond to
various similarities and will not necessarily group together
samples from the same speaker.

On the other hand, assuming that feature vectors stem-
ming from different speakers are linearly separable, then, as
discussed in Section II-B, a suitable low dimension linear
subspace would be enough to discriminate between speakers.
In particular, for two speaker this would be a line. Relaxing
the assumption with respect to linear separability, we may
still expect that a low dimensionality subspace will contain
all speaker-discriminative information.

It then follows that, by construction, an optimal such
speaker-discriminant subspace will not allow as to discriminate
between speech qualities that are irrelevant to speaker discrim-
ination. Therefore, performing clustering in this subspace has
significantly more chances to group segments with respect to
the speaker.

The remaining issue is, of course, finding the speaker-
discriminant subspace.

B. Speaker-specific segments as classes

At first sight, the problem we are addressing falls into
the unsupervised pattern recognition tasks, since there is no
available information with respect to which speech segment
belongs to which speaker. In particular, what is missing from
the LDA criterion of Eq. (3) is the average speaker-conditional
matrix 3 as defined in Eq. (2). However, by closer examination
of the available data, as summarized in Eq. (1), one may see

Fig. 1. Clusters found for the 4th dataset, depicted in the LDA-optimal
two-dimensional space

that there is some information that may be used to evaluate >
approximatively.

Namely, we do know that, for a particular c, all M, feature
vectors belong to the same speaker. Let the mean of these
feature vectors be

Vee {1...C}

me = Ex|c[x]7
and their covariance matrix
Yo =Ey [(x—m.)(x-m.)"], Vee{l...C} ¥

Now, for a particular speaker k, there is a subset of S, say
Sk, that contains all its speech segments:

Sk={s.}CS, ceCrcC{l,...,C}.

One may easily see that, the mean of the feature vectors that
belong to any of these s, i.e. all feature vectors corresponding
to speaker k, can be exactly evaluated as the mean of all m,
for speech segments of the same speaker:

my =E.cc, m.], Vk={1...K}.

Going one step further, we may reasonably argue that, under
the assumption that each one of the s. is approximately i.i.d
distributed with all others segments of the same speaker, then

Ve € Cj, (5)

m. >~ my,

i.e. the mean feature vector within each speech segment m, is
approximately equal to the mean feature vector of all speech
segments of the same speaker my.

This allow as to approximate the speaker-conditional co-
variance matrix as

Sk = Expi[(x — my ) (x — my,)']

= EceCk [Exlc[(x - mk)(x - mk)T]]

(6)
~ Ecec, [Ex|c[(x —m.)(x — mC)T]]
= EcEC’k [EC]
and, last, their average (see Eq. 2) as
> =E; 2]
(7N

~ By, [Ecec,, [Ec]] = Ec [E]



Fig. 2.  Clusters found for the 4th dataset, depicted in the LDA-optimal
two-dimensional space

In other words, we may approximate the average speaker
covariance matrix by the average single-speaker segment co-
variance matrix, which can be readily evaluated from the
available data.

Note that the quality of the approximation of Eq. (7)
depends only on the validity of assumption of Eq. (5). In
practice, this means that the average speaker characteristics
do not change significantly from segment to segment, for
each particular speaker. Also, one has to note the risk that
the sample estimate of means for each segment, m., will be
more biased than the ones that would have been evaluated for
each speaker, my, since the size of the respective sample set
may be considerably smaller.

IV. EXPERIMENTS

The experiments done comply to the first task of the
ICMLA 2010 Speaker Clustering Challenge, as described in
http://www.icmla-conference.org/icmlal 0/CFP_Challengel_
files/CFP_Challengel.html. Namely, 7 datasets are provided,
each one of them comprised of speech coming from two
different speakers. The aim of the proposed method is to
identify two clusters within each dataset.

As an illustration of the results of the proposed method,
Figures 1 and 2 show how clusters are represented in the the
first two dimensions of the LDA-optimal subspace found.

V. CONCLUSION

We have presented a methodology that allows grouping
single-speaker speech segments into speaker-specific clusters
The main novelty of the methodology is approximating the
unknown average speaker conditional covariance matrix of
feature vectors with the average single-speaker-segment condi-
tional covariance matrix, that can be evaluated from unlabeled
data. Plugging these covariances matrix into the LDA crite-
rion allowed us to perform clustering in a low-dimensional
subspace where the euclidean distance has improved chances
of reflecting speaker differences.

As a future direction, we work on integrating the dimension-
ality reduction step with the clustering step, in order to allow
for more robust estimation of means and covariance matrices.
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