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Abstract
This paper presents a speaker clustering framework by itera-
tively performing two stages: a discriminative feature space is
obtained given a cluster label set, and the cluster label set is
updated using a clustering algorithm given the feature space.
In the iterations of two stages, the cluster labels may be dif-
ferent from the true labels, and thus the obtained feature space
based on the labels may be inaccurately discriminated. How-
ever, by iteratively performing above two stages, more accu-
rate cluster labels and more discriminative feature space can
be obtained, and finally they are converged. In this research,
the linear discriminant analysis is used for discriminating the i-
vector feature space, and the variational Bayesian expectation-
maximization on Gaussian mixture model is used for clustering
the i-vectors. Our iterative clustering framework was evaluated
using the database of keyword utterances and compared with the
recently-published approaches. In all experiments, the results
show that our framework outperforms the other approaches and
converges in a few iterations.
Index Terms: speaker clustering, iterative framework, linear
discriminant analysis, i-vector, variational Bayesian EM

1. Introduction
With the recent explosive developments of mobile and IoT de-
vices, voice command interfaces [1, 2, 3] have been getting in-
creasing attention and widely adopted on various devices due
to its convenience and intuitiveness. In addition, the speaker’s
voice identification and verification [4, 5, 6] are becoming at-
tractive features for user-specific services. To provide such ser-
vices, speaker clustering [7, 8] plays a key role in identifying
the number of speakers and grouping the utterances from the
same user for the automatic user-specific model generation or
speaker diarization [9, 10].

A number of researches on speaker clustering and diariza-
tion have been proposed [7, 11, 12, 13]. In [12], without any
hand-crafted feature, the presented system performs cluster-
ing and diarization using a speaker separation deep neural net-
work (DNN) and the derived DNN adapted to input audio. In
[11], variational Bayesian expectation-maximization (VBEM)
on Gaussian mixture model (GMM) is used for an unsupervised
speaker diarization given the i-vector [14] projected by princi-
pal component analysis (PCA). In [7] and [13], a multilayer
bootstrap network (MBN) with k-means clustering and an arti-
ficial neural net with GMM/hidden Markov model are used for
speaker clustering and diarization, respectively.

This paper presents a speaker clustering framework by iter-
atively performing two stages: a discriminative feature space is
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obtained given a cluster label set, and the cluster label set is up-
dated using a clustering algorithm on the feature space. In con-
trast to the previous researches [7, 13] where feature extraction
and speaker clustering are separately performed, our clustering
framework jointly obtains the discriminative feature space and
cluster labels by iteratively performing both stages until conver-
gence is met. The block-diagram of our framework is illustrated
in Fig. 1. In the first stage, by utilizing the cluster labels from
the previous iteration, a feature space is obtained such that the
distances between within-cluster samples are minimized while
the distances between inter-cluster samples are maximized. In
this research, the i-vector representation followed by linear dis-
criminant analysis (LDA) is adopted since this combination has
shown promising results and have been successfully applied to
speaker verification [4], speaker recognition [5], and language
identification [15]. In the second stage, the cluster label set is
updated by performing the clustering on the feature space ob-
tained in the first stage. Then, the updated cluster label set is
passed to the first stage for the next iteration. In this research,
the VBEM-GMM [11, 16] is used for the clustering algorithm.

In the initial iterations of the considered framework, some
cluster labels may be incorrectly assigned. However, the cor-
rectly assigned labels help to obtain the feature space more dis-
criminatively. By performing several iterations, the cluster label
set and the feature space become more accurate and discrimina-
tive, respectively, and finally they converge. This is different
from the works in [11, 7] where the feature space is obtained
in an unsupervised manner using PCA and MBN, respectively.
Our clustering framework was evaluated and compared with
[11, 7] using the CHiME 2013 database [17]. In all experi-
ments, the results show that our framework outperforms previ-
ous works.

2. Speaker Clustering
Speaker clustering is the task of partitioning a set of N obser-
vations, X = {x1, ...,xN}, into K disjoint clusters such that
the observations in a cluster correspond to the same speaker.
The clustering assigns a label set Y = {y1, ..., yN} to X, and
yi ∈ {1, ...,K}. Each observation xi of dimension D can be a
speech utterance itself or an encoded vector using various fea-
ture extraction algorithms for speaker clustering such as Mel
frequency cepstral coefficients (MFCCs) [18], glottal to noise
excitation ratio (GNE) [8], i-vector [11, 14, 10, 8] and MBN
[7]. In this paper, we use the i-vector for the feature vector of
an observation, and it can be obtained by:

M = m+ Tw

where M is the speaker- and session-dependent supervector
representing a speaker utterance, m is the speaker- and session-
independent supervector obtained from universal background
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Figure 1: Proposed clustering framework. In stage1, a discrim-
inative feature space is obtained from the label set obtained in
the stage2 of previous iteration. In stage2, the label set is up-
dated by the clustering on the feature space. Two stages are
performed iteratively until feature space or label set converges.

model (UBM), T is total variability matrix containing the
speaker and channel variabilities, and w is the i-vector whose
components are the total factors [14].

The extracted vectors can be clustered using various cluster-
ing algorithms. Especially, the clustering should be performed
with an unknown number of clusters for the applications such
as speaker diarization and automatic user model generation on
IoT devices as described in Sec. 1. There exist a variety of
previous approaches applied on the tasks when K is unknown
such as bottom-up hierarchical clustering using the Bayesian
information criterion (BIC) [19, 20] and top-down hierarchical
clustering using the Dirichlet process on hidden Markov model
[21, 22]. Also, in [23], the spectral clustering is used to esti-
mate the number of speakers. In this research, we adopt the
clustering algorithm, VBEM-GMM [11, 16], to simultaneously
perform the clustering and obtain the number of speakers, K.
Based on this, the proposed framework also finds the discrim-
inative feature space by utilizing the output of VBEM-GMM,
and an iterative process is applied until the cluster label or the
feature space converges. In the next section, we will briefly re-
view the VBEM-GMM and then explain the proposed iterative
clustering framework.

2.1. VBEM-GMM Clustering

Suppose that the observations X = {x1, ...,xN} are sam-
pled from an mixture of Gaussian distribution. That is, there
is a label set Y = {y1, · · · , yN}, yi ∈ {1, ...,K}, such that
p(xi|yi = k) follows the normal distribution with mean µk and
variance Σk. Regarding θ := {π, µ,Σ,Y} as random vari-
ables, the goal of the VBEM-GMM is to find the distribution
q(θ) which approximates the posterior distribution p(θ|X) with
respect to the KL-divergence under the certain restriction: q(θ)
can be factorized as q(θ) = q(Y)q(π, µ,Σ). It is known that
such a q(θ) also maximizes the lower bound of p(X):

L(q) =

∫
dθ q(θ) ln

p(X, θ)

q(θ)
.

The VBEM-GMM is a process to maximize L(q) locally

with respect to q(Y) and q(π, µ,Σ) iteratively. The iterative
procedure provides an algorithmic way of finding q(θ) locally
maximizing L(q). More detailed explanations are described in
[16, Section 10.2], [24].

One virtue of the VBEM-GMM is that the number of clus-
ters can be learned. Starting from a large KM , we can guess
the number of clusters K by discarding “empty” clusters, i.e.,
clusters with the expectation E(πk) ' 0.

Also, the distribution q(Y) gives the probability of each
observation belonging to each cluster. The labeling of each ob-
servation for the following the LDA step can be obtained by
choosing the cluster with highest probability.

2.2. Iterative Speaker Clustering Framework

As illustrated in Fig. 1, the proposed clustering framework it-
eratively finds the discriminative feature space in stage1 and
the cluster labels in stage2 until one of them converges. The
pseudo code for this algorithm is shown in Algorithm 1. First,
the initial value (X0,Y0) are obtained by extracting i-vectors
from speech observations X and clustering the i-vectors using
VBEM-GMM, respectively. In clustering X0 using VBEM-
GMM, the initial cluster number is set to KM which is a preset
value denoting the maximum possible number of clusters. In
the first stage of i-th iteration (line 7-8 of Algorithm 1), the next
feature space Xi+1 is obtained by LDA given (X0,Yi), and the
number of unique cluster labels of Yi, denoted byU(Yi), is as-
signed to Ki+1 which will be used as the initial cluster number
of the next VBEM-GMM clustering. Note that in the iteration
loop, the input feature of LDA does not change but is fixed to
X0. The ouput of LDA is changed only by Yi. In the second
stage (line 11 of Algorithm 1), given the updated feature space
Xi+1 and the number of clusters Ki+1, the VBEM-GMM out-
puts Yi+1. These two stages are performed iteratively until one
of the following convergence conditions is met: the difference
between the previous feature space and the current one is less
than a preset value ε, or the cluster labels of the previous and
current iteration are the same. When none of them meet the
condition, the iteration can be performed IT times. In Fig. 2,
one example of the iterative clustering is shown. The number
of clusters started from seven and converged to three in several
iterations.

Algorithm 1 Interative Speaker Clustering Algorithm

1: procedure ITERATIVE-VBEM-LDA-CLUSTERING(X)
2: X0 ← i-vector extracted from X
3: K0 ← KM

4: Y0 ← VBEM-GMM(X0,K0)
5: for i = 0→ IT do
6: // stage1 : find discriminative feature space
7: Xi+1 ← LDA(X0,Yi)
8: Ki+1 ← U(Yi)
9:

10: // stage2 : find cluster labels
11: Yi+1 ← VBEM-GMM(Xi+1,Ki+1)
12:
13: if |Xi+1 −Xi| < ε or Yi+1 = Yi then
14: break
15: end if
16: end for
17: end procedure
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Figure 2: One example of proposed clustering framework. Here, the points with the same color correspond to the same cluster. The
ellipse size and its shade intensity represent GMM variances and responsibilities, respectively. In the initial iteration shown in the left
figure, the labels with 7 clusters are obtained. In the next iteration shown in the middle figure, a feature space is discriminated based
on the label, and clustering is performed on the feature space. Note that the feature point is changed and different from the initial
iteration. After a number of iterations, finally, we obtain a converged space and label set shown in the right figure. In the final iteration,
the feature space becomes more discriminative than that in the initial iteration.

2.2.1. The clustering with unknown K

For the fast convergence of the framework, we add the dimen-
sion cutout process which removes the dimensions with small
eigenvalues of LDA. Usually, the number of clusters is larger
than the true value before the iteration reaches the converge
point. Thus, in the middle of iterations, the feature space dimen-
sions is also larger than the desired one since it is calculated as
the number of clusters minus one in the LDA. Due to the projec-
tion on a larger dimension space, not all eigenvalues of LDA are
dominant: some of them have significant values while others do
not. So, we remove the dimensions with small eigenvalues by
the following procedure:

1. Find D′ ∈ {1, ..., D} such that
∑D′

d=1 λd ≥ C.
2. Obtain the feature space generated by eigenvectors cor-

responding to λd, d = 1, · · · , D′.

where λd is the eigenvalue sorted in descending order. The
threshold C is a preset value and can be determined differently
according to the dimension, i.e. C(D′). With this process, we
can speed up the iterative process and reduce the convergence
time.

2.2.2. The clustering with known K

In this case, we assume that the number of clusters is known
in the dimension cutout process, and thus D′ is set to K − 1.
This setup can serve as a baseline performance to check how
accurately D′ is estimated in the setup of Sec. 2.2.1, and finally
how much the performance is affected by D′.

3. Experiment
We evaluated our clustering framework using the CHiME 2013
database [17] which was created for the 2nd speech separation
and recognition challenge with two tracks. In this experiment,
we chose the track1 database consisting of keyword utterances
from 34 speakers. From each utterance, we extracted 13 di-
mensional MFCCs with delta and delta-delta coefficients. The
frame size and rate was set to 25ms and 10ms, respectively.
Speaker i-vectors were extracted from MFCCs with the UBM
of 64 mixtures.

The database was split into the training set of 20 speakers
(11 male and 9 female) and evaluation set of 14 speakers (7
male and 7 female) without any speaker overlap. We obtained
the UBM using the training set and performed clustering us-
ing the evaluation set. Each utterance in the dataset contains a
sequence of 6 words: command, color, preposition, letter, num-
ber and adverb. For a short keyword clustering, we used only
the first two words by segmenting the utterances using the word
boundary label which is included in the database. With this seg-
mentation, we have the utterances of 16 different keywords: 4
types of commands (bin, lay, place, set) followed by 4 types of
colors (blue, green, white, red).

For the evaluation, we generated a number of clustering
datasets by selecting speakers variously: the combinations of
selecting K ∈ {2, 3, 4, 5, 7} speakers from all 14 speakers in
the evaluation set. For K = 2 and K = 3, we generated all
combinations and obtained C14

2 = 91 and C14
3 = 364 cluster-

ing datasets, respectively. For K ∈ {4, 5, 7}, we only gener-
ated 500 clustering datasets since there are too many possible
combinations. Also, in generating the clustering datasets, we
added noisy utterances by artificially mixing the original clean
utterances with a babble and car noise sound for the applica-
tions performed in such noisy environments: IoT home devices
or intelligent vehicles.

For each speaker, we have 500 utterances with 16 different
keywords. In the first experiment, we randomly chose 20 from
500 utterances so that the clustering dataset contains different
keywords. In the second experiment, we chose the 20 utterances
with the same keyword: the keyword ‘bin blue’ was chosen. In
evaluating our clustering framework, due to the local minima
problem of EM, each clustering was performed 10 times, and
the average results across all trials were computed.

Given the generated clustering dataset, we evaluated four
different clustering frameworks: k-means clustering given
MBN features (Kmeans-MBN), VBEM-GMM clustering given
the i-vectors projected by PCA (VBEM-PCA), and the pro-
posed iterative clustering framework when K is unknown
(iVBEM-LDA) and known (iVBEM-LDA-K). The Kmeans-
MBN presented recently in [7] separately finds the feature space
using the MBN and cluster labels using k-means. The VBEM-
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Figure 3: One example of L versus iteration. The red circles
display the lower bound values when the LDA projection is ap-
plied. Between the LDA projections, the VBEM clustering is
performed with a number of iterations. In this example, the
lower bound is almost monotonically increased, and the lower
bound in the converge point is about 10 times greater than that
in the initial point.

PCA was used in [11] for speaker clustering as well as the
speaker segmentation for diarization. In this experiment, we
used the VBEM-PCA only for clustering. Since the feature
space projected by PCA is not affected by labels, it does not
need to apply the proposed iterative process: no further itera-
tion is performed. We chose 10 and 5 dimension for the initial
i-vector and PCA projection, respectively. In the clustering us-
ing iVBEM-LDA and iVBEM-LDA-K, we set KM = 7 and
IT = 50. For the performance metric in the evaluation, we
used the average cluster purity (ACP) [25].

In the first experiment, given the dataset of random key-
words, we obtained the ACPs of various clustering frameworks
as summarized in Table 1. The first row of the table indicates the
number of speakers K in the clustering dataset. The Kmeans-
MBN and iVBEM-LDA-K were performed with knownK, and
VBEM-PCA and iVBEM-LDA were performed with unknown
K. For all cases, the iVBEM-LDA and iVBEM-LDA-K out-
perform Kmeans-MBN by 5.13% and 18.68% ACP in aver-
age, respectively. Even though the clustering was performed
with unknown K, the iVBEM-LDA shows better ACP than
the Kmeans-MBN. Also, the performance of iVBEM-LDA-K
is much better than the iVBEM-LDA especially for the large
number of speakers: K = 5 and 7. The Fig. 3 shows the
lower bound L as iteration goes on: in this case, the iVBEM-
LDA converges with only 4 iterative steps. In this figure, L
increases almost monotonically and converges to the point 10

2 3 4 5 7
Kmeans-MBN 88.85 71.48 67.16 55.81 50.51
VBEM-PCA 31.59 41.05 45.44 46.70 43.31
iVBEM-LDA 91.82 77.32 77.27 62.30 50.73

iVBEM-LDA-K 93.24 92.04 89.42 84.05 68.47

Table 1: The ACP(%) of four clustering frameworks given the
dataset of random keywords in CHiME 2013 database.

2 3 4 5 7
Kmeans-MBN 98.05 95.52 96.75 96.27 96.76
VBEM-PCA 31.86 49.07 65.14 74.65 79.12
iVBEM-LDA 92.94 97.63 99.94 99.08 95.57

iVBEM-LDA-K 99.70 99.89 99.98 99.96 97.56

Table 2: The ACP(%) of four clustering frameworks given the
dataset of the same keyword in CHiME 2013 database.

times greater than the initial point. The iVBEM-LDA and
iVBEM-LDA-K perform much better than the VBEM-PCA. In
contrast to the VBEM-PCA where the dimension is fixed, our
framework actively changes the feature space dimensions by the
iterative process of LDA and clustering, and this helps to find
the more accurate number of clusters and the labels.

We also evaluated the clustering frameworks using the met-
ric, normalized mutual information, used in [7]. However, the
performance of Kmeans-MBN was below that reported in [7]
since we used a different experiment setup. In [7], the first 100
utterances of each speaker were chosen, and thus many utter-
ances with the same keyword were included in the clustering
dataset due to the database file order. However, in this experi-
ment, we selected the utterances randomly, and most utterances
have different keywords. Also, we only took the first two key-
words by segmentation and added the noisy utterances in the
dataset. Thus, the performance number becomes lower.

In the second experiment, we performed the clustering
given only clean utterances of the same keyword. The results
are summarized in Table 2, the ACP values are quite higher than
those in the first experiment due to the same keyword without
noisy utterances. Also, in this experiment, the iVBEM-LDA
and iVBEM-LDA-K outperform Kmeans-MBN and VBEM-
PCA for all cases except the Kmeans-MBN when K = 2 and
7. Compared with the Kmeans-MBN, the iVBEM-LDA and
iVBEM-LDA-K show 0.36% and 2.75% ACP improvement in
average, respectively. From all results, we can conclude that
the clustering by jointly finding feature space and labels consis-
tently shows better performance than the Kmeans-MBN which
separately finds the feature space and the labels.

4. Conclusions and Further Work
In this paper, we considered a clustering framework where a
discriminative feature space and cluster labels are jointly ob-
tained by an iterative process. In the first stage, LDA is applied
on the i-vectors of speech observations given the cluster labels
obtained in the previous iteration. In the second stage, the labels
are updated using the VBEM-GMM clustering on the obtained
feature space. Two stages are iteratively performed until the la-
bels or the feature space converges. We evaluated our clustering
framework using the CHiME 2013 track1 database which con-
tains the utterances of six-keyword sequences from 34 speakers.
The performance was compared with the algorithms which do
not find the feature space and cluster labels jointly. The ex-
perimental results show that our clustering framework performs
better than the others especially when the clustering dataset con-
sists of the utterances with different keywords. For the fur-
ther work, we will consider a better approach for the dimension
cutout process to reduce the performance gap between iVBEM-
LDA and iVBEM-LDA-K.
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