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Abstract
This paper addresses unsupervised speaker clustering for multi-
party conversations. Hierarchical clustering methods were
mainly used in previous studies. However, these methods re-
quire many processes, such as distance calculation and cluster
merging, when there are many utterances in conversation data.
We propose a clustering method based on non-negative matrix
factorization. The proposed method can perform fast and robust
clustering by decomposing a matrix consisting of distances be-
tween models. We conducted speaker clustering experiments
using a Bayesian information criterion based method, a method
based on the likelihood ratio between Gaussian mixture models,
and the proposed method. Experimental results showed that the
proposed method achieves higher clustering accuracy than these
conventional methods.
Index Terms: unsupervised speaker clustering, non-negative
matrix factorization, agglomerative hierarchical clustering,
multi-party conversation

1. Introduction
Speaker clustering is a technique for clustering utterances from
the same speaker, and is useful for retrieving the utterances of
a specific speaker and for improving automatic speech recog-
nition performance based on speaker adaptation of the acoustic
model. Speaker clustering has been studied mainly for broad-
cast news audio, recorded meetings, and telephone conversa-
tions [1].

Typically, agglomerative hierarchical clustering (AHC) has
been used for speaker clustering. The Bayesian information
criterion (BIC) is used as a stopping criterion of clustering in
which clusters are represented by parametric probability densi-
ties such as a single Gaussian with full covariance [2]. The in-
cremental Gaussian mixture cluster modeling method has been
proposed as a BIC-based inter-cluster distance measure within
the framework of AHC [3]. This method gradually increments
the complexity of cluster models from single Gaussian distribu-
tions to Gaussian mixture models (GMMs) with multiple mix-
ture components as more data become available for better and
more dynamic representation of clusters during AHC. The pho-
netic subspace mixture (PSM) model has been proposed to re-
place the single Gaussian model in the BIC distance measure
[4]. The acoustic feature space is divided into a set of phonetic
subspaces according to the corresponding phonetic content with
this model.

The generalized likelihood ratio (GLR) has been widely
adopted as an inter-cluster distance measure. However, it tends
to be affected by the size of the clusters considered, which could
result in erroneous selection of the cluster pair to be merged
during AHC. To solve this problem, a combination method of
GLR and information change rate (ICR) has been proposed as
the inter-cluster distance measure [5]. Nishida and Kawahara

have proposed a framework in which an optimal speaker model
(GMM or Vector Quantization (VQ)) is selected based on the
BIC, which reflects the amount of speech data [6]. This frame-
work makes it possible to use a discrete model when the training
data is sparse and to seamlessly switch to a continuous model
after sufficient data is obtained. Bozonnet et al. have proposed
an integrated speaker diarization system, which harnesses the
benefits of both top-down and bottom-up approaches through
their fusion at the heart of the clustering and segmentation stage
[7].

In AHC, it is necessary to compute distances between clus-
ters and incrementally merge the closest pair of clusters. Such
methods must perform many processes when there is a large
amount of utterances in speech data. We propose a speaker
clustering method based on non-negative matrix factorization
(NMF). Non-negativity is a useful constraint for matrix fac-
torization that can learn a part of the representation of the
data [8]. The non-negative basis vectors that are learned are
used in distributed, yet still sparse combinations to generate ex-
pressiveness in the reconstructions. The proposed method can
achieve robust speaker clustering only by decomposing a ma-
trix consisting of distances between utterances. We conducted
speaker clustering experiments using the Corpus of Sponta-
neous Japanese (CSJ) [9] to prepare a variety of test sets that
have a different number of speakers and utterances to demon-
strate the robustness of the proposed method and compare it
to conventional methods such as BIC-based and GMM-based
methods. Iso has also used the CSJ database in speaker cluster-
ing experiments [10].

The paper is organized as follows. Section 2 introduces
non-negative matrix factorization, Section 3 describes the pro-
posed speaker clustering method based on non-negative matrix
factorization, Section 4 presents the specifications of the eval-
uation data and the experimental results of speaker clustering,
and Section 5 concludes the paper.

2. Non-negative matrix factorization
Non-negative matrix factorization can be applied to the statisti-
cal analysis of multivariate data. Given a set of multivariate 𝑛-
dimensional data vectors, the vectors are placed in the columns
of an 𝑛×𝑚 matrix 𝑉 where 𝑚 is the number of samples in the
data set. The standard NMF problem is to find two new reduced-
dimensional matrices 𝑊 and 𝐻 to approximate the original ma-
trix 𝑉 by the product of 𝑊 ∗ 𝐻 in terms of a metric. Given
a non-negative 𝑉 , find non-negative matrix factors 𝑊 and 𝐻
such that:

𝑉 ≈𝑊𝐻 (1)

This matrix is approximately factorized into the 𝑛 × 𝑟 ma-
trix 𝑊 and the 𝑟 × 𝑚 matrix 𝐻 . Each column of 𝑊 contains
a basis vector while each column of 𝐻 contains the weights
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needed to approximate the corresponding column in 𝑉 using
the basis from 𝑊 . Usually 𝑟 is chosen to be smaller than 𝑛 or
𝑚, so that 𝑊 and 𝐻 are smaller than the original matrix 𝑉 . The
choice of 𝑟 is generally application dependent.

By setting vector 𝑤𝑖 as the 𝑟th column of 𝑊 and vector ℎ𝑟

as the 𝑟th row of 𝐻 , that is, 𝑊 = {𝑤1, 𝑤2, ⋅ ⋅ ⋅ , 𝑤𝑟}, 𝐻 =
{ℎ1, ℎ2, ⋅ ⋅ ⋅ , ℎ𝑟}𝑡, Eq. (1) can be re-written as:

𝑉 ≈
𝑟∑

𝑖=1

𝑤𝑖ℎ𝑖 (2)

Regarding each vector 𝑤𝑟 as a basis feature in 𝑉 , the corre-
sponding ℎ𝑟 is the vector of coefficients or encoding of this fea-
ture.

To find an approximate factorization, we need to define a
cost function that quantifies the quality of the approximation.
We used the Kullback-Leibler divergence as the cost function.

𝐷(𝑉 ∣∣𝑊𝐻) = Σ𝑖𝑗(𝑉𝑖𝑗 𝑙𝑜𝑔
𝑉𝑖𝑗

(𝑊𝐻)𝑖𝑗
− 𝑉𝑖𝑗 + (𝑊𝐻)𝑖𝑗) (3)

The divergence 𝐷(𝑉 ∣∣𝑊𝐻) is minimized with respect to
𝑊 and 𝐻 , subject to the constraints 𝑊 , 𝐻 ≥ 0. Although
the function 𝐷(𝑉 ∣∣𝑊𝐻) are convex in 𝑊 or 𝐻 , they are not
convex in both combined variables. Therefore, it is unrealistic
to expect an algorithm to solve a problem of minimization in
the sense of finding global minima.

Matrices 𝑊 and 𝐻 are estimated by following multiplica-
tive update rules.

𝑊𝑖𝑗 ←𝑊𝑖𝑗
Σ𝑘𝐻𝑗𝑘𝑉𝑖𝑘/(𝑊𝐻)𝑖𝑘

Σ𝑎𝐻𝑗𝑎
(4)

𝐻𝑗𝑘 ← 𝐻𝑗𝑘
Σ𝑖𝑊𝑖𝑗𝑉𝑖𝑘/(𝑊𝐻)𝑖𝑘

Σ𝑏𝑊𝑏𝑗
(5)

These processes iterate until convergence or after 𝑝 itera-
tions. Initialization is performed using positive random initial
conditions for 𝑊 and 𝐻 . Clearly, the approximations of 𝑊 and
𝐻 remain non-negative during the updates. It is generally best
to update 𝑊 and 𝐻 simultaneously, instead of updating each
matrix fully before the other. In this case, after updating a row
of 𝐻 , we update the corresponding column of 𝑊 .

3. Speaker clustering based on
non-negative matrix factorization

Next, we present the speaker clustering procedure based on the
proposed method. Speaker clustering is performed through an
iterative process of computing distances between speaker mod-
els for utterances and then merging them. In the first step,
GMMs are trained as the speaker models for utterances. We use
the cross likelihood ratio (CLR) [11] which is based on like-
lihoods for corresponding utterances, as the distance measure
between models.

We used the CLR between utterances as elements in 𝑉 of
NMF. The dimensions 𝑛 and 𝑚 of 𝑉 are the number of utter-
ances. We let the elements of 𝑉 be a reciprocal of the CLR
because the CLR is the distance and where the smaller value is
similar. The matrices 𝑊 and 𝐻 are obtained by decomposing
𝑉 . Matrix 𝑊 contains basis vectors obtained from the CLR be-
tween utterances. Matrix 𝐻 contains weights to the basis vec-
tors based on the CLR between utterances in each utterance.
The proposed method performs speaker clustering by merging

the corresponding utterances when the basis vectors of which
the weights are maximum, are the same.

The procedure of the proposed method is described in detail
as follows.

1. Training: For each cluster, GMMs are trained using an
utterance of the cluster. Each utterance forms one cluster.

2. Distance calculation: The distance between utterances is
computed based on the CLR. The CLR 𝑑𝑖𝑗 for utterances
is given by

𝑑𝑖𝑗 = log
𝑃 (𝑋𝑖∣𝜆𝑖)

𝑃 (𝑋𝑖∣𝜆𝑗)
+ log

𝑃 (𝑋𝑗 ∣𝜆𝑗)

𝑃 (𝑋𝑗 ∣𝜆𝑖)
(6)

log𝑃 (𝑋𝑖∣𝜆𝑗) =
1

𝑇𝑖

𝑇𝑖∑
𝑡=1

log𝑃 (𝑥𝑖𝑡∣𝜆𝑗)

where 𝑋𝑖 is an utterance 𝑖, 𝑥𝑖𝑡 is a feature vector of the
𝑡th frame of utterance 𝑖, 𝑇𝑖 is the number of frames of
utterance 𝑖, 𝜆𝑖 is the parameters of a GMM for utterance
𝑖, and log𝑃 (𝑋𝑖∣𝜆𝑗) is the average log likelihood of ut-
terance 𝑖 given by the GMM 𝜆𝑗 .

3. Decomposition of 𝑉 : Matrix 𝑉 is constructed using the
CLR between utterances. The matrices 𝑊 and 𝐻 are
estimated using the multiplicative update rules in Eqs.(4)
and (5). We need to set a reduced-dimension number 𝑟
and the number of iterations in Eqs.(4) and (5).

4. Clustering of utterances: The utterances are merged if
the basis vectors with a maximum weight are the same
in 𝐻 obtained in Step 3. An example of 𝑉 , 𝑊 , and
𝐻 when the number of utterances is 9 and the reduced-
dimension number is 3 is shown as follows.

⎡
⎢⎢⎢⎣

𝑣11 𝑣12 . . . 𝑣19
𝑣21 𝑣22 . . . 𝑣29

...
...

...
...

𝑣91 𝑣92 . . . 𝑣99

⎤
⎥⎥⎥⎦ =

⎡
⎢⎢⎢⎣

𝑤11 𝑤12 𝑤13

𝑤21 𝑤22 𝑤23

...
...

...
𝑤91 𝑤92 𝑤93

⎤
⎥⎥⎥⎦

⎡
⎣

ℎ11 ℎ12 . . . ℎ19

ℎ21 ℎ22 . . . ℎ29

ℎ31 ℎ32 . . . ℎ39

⎤
⎦(7)

where 𝑣𝑖𝑗 is the CLR between utterances 𝑖 and 𝑗, 𝑤𝑖𝑗 is
an element of the 𝑗th basis vector, and ℎ𝑖𝑗 is a weight to
the 𝑖th basis vector by utterance 𝑗.

If the value of ℎ21 is maximum in utterance 1 and the
value of ℎ29 is maximum in utterance 9, utterances 1
and 9 are merged because it shows that they have high
similarity. Therefore, the number of dimensions 𝑟 corre-
sponds to the number of clusters.

In AHC, it is necessary to recompute the distance between
clusters if utterances are merged and the distance between utter-
ance pairs is only used as a similarity between utterances. How-
ever, it is not necessary to calculate distances in the clustering
process by first calculating the distance between utterances in
the proposed method. Moreover, the proposed method can take
into account the similarity between all the utterances by decom-
posing the matrix that uses distance between utterances as ma-
trix element. Therefore, the proposed method is able to perform
fast speaker clustering by only decomposing the matrix.
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Table 1: Details of each test set

Test Number of Number of Min & Max Total time
set speakers utterances utterances (min.)

A1 6 116 15-28 25.8
A2 6 125 9-30 28.4
A3 6 138 12-41 33.3
A4 6 117 15-27 28.0
A5 6 158 14-34 37.5

B1 8 162 12-27 37.9
B2 8 163 10-26 39.5
B3 8 175 14-33 41.0
B4 8 172 15-30 40.6
B5 8 181 12-32 43.0

4. Experiments
4.1. Database and procedure

We used the CSJ as the material for the speaker clustering ex-
periments. The CSJ consists of 3302 talks (662 hours, 1417
unique speakers) from academic conference presentations (on
the natural and social sciences and engineering) and extempo-
raneous speeches on everyday topics. The talks are segmented
into utterances automatically at every points where pauses were
longer than 300 ms.

We conducted speaker clustering experiments for ten
test sets. Table 1 lists details of each test set. The
𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑢𝑡𝑡𝑒𝑟𝑎𝑛𝑐𝑒𝑠 is the total number of utterances,
𝑀𝑖𝑛&𝑀𝑎𝑥 𝑢𝑡𝑡𝑒𝑟𝑎𝑛𝑐𝑒𝑠 is the minimum and maximum num-
ber of utterances for speakers, and 𝑇𝑜𝑡𝑎𝑙 𝑡𝑖𝑚𝑒 is the total du-
ration (minutes) of utterances in each test set. The duration of
an utterance ranges from 10 to 20 seconds. There is a variation
in the number of utterances for every speaker to make the test
sets as close to actual discussions. Each test set consisted of
utterances of multiple speakers randomly chosen from the CSJ.
Different speakers were used for each test set.

4.2. Experimental conditions and evaluation measures

The speech data were divided into utterance units based on en-
ergy parameters. The speech data were sampled at 16 kHz and
the acoustic features consisted of 12 Mel-frequency cepstral co-
efficients.

We compared the proposed method with the conventional
methods, AHC with the BIC-based method and the GMM-
based method using CLR. In the GMM-based method, the
merged cluster keeps the original component speaker models
and the clustering process finishes if all mean distances for ut-
terances in the merged clusters are larger than the threshold.
The threshold in the GMM-based method and the penalty fac-
tor in the BIC-based method were set after preliminary experi-
ments. There were four mixtures in the GMM-based and pro-
posed methods.

The clustering results were aligned with the ground truth
speaker labels to measure their accuracy based on the speaker
diarization error rate (DER) [12]:

𝐷𝐸𝑅 =
𝑈𝑚𝑖𝑠𝑠 + 𝑈𝑤𝑟𝑜𝑛𝑔

𝑈𝑟𝑒𝑓
(8)

where 𝑈𝑚𝑖𝑠𝑠 is the total length of utterances not aligned with
the speaker labels, 𝑈𝑤𝑟𝑜𝑛𝑔 is the total length of utterances

Table 2: Diarization error rate (%) for each test set

Test set BIC GMM NMF

A1 19.3 21.7 6.9
(5) (15) (6)

A2 31.1 13.0 17.6
(6) (13) (6)

A3 30.9 30.2 9.2
(6) (24) (6)

A4 16.8 27.9 16.7
(6) (12) (6)

A5 28.0 24.9 14.1
(8) (17) (6)

B1 29.4 20.1 9.4
(9) (24) (8)

B2 23.0 32.2 20.6
(8) (22) (8)

B3 28.9 13.5 4.8
(8) (23) (8)

B4 27.7 20.0 16.0
(8) (18) (8)

B5 23.3 19.5 9.6
(6) (22) (8)

Table 3: Cluster purity (%) for each test set

Test set BIC GMM NMF

A1 80.1 77.6 92.2
A2 68.0 86.4 83.2
A3 69.6 68.1 90.6
A4 81.2 70.9 82.1
A5 70.3 73.4 85.4

B1 69.8 77.2 90.1
B2 74.8 64.4 76.1
B3 69.7 84.6 94.9
B4 71.5 77.9 83.7
B5 75.7 79.0 90.1

aligned with the wrong speaker labels, and 𝑈𝑟𝑒𝑓 is the total
length of all utterances in a test set. We also calculated the pu-
rity metric [13]:

𝑃𝑢𝑟𝑖𝑡𝑦 =
𝑈𝑝𝑢𝑟𝑒

𝑈𝑟𝑒𝑓
(9)

where 𝑈𝑝𝑢𝑟𝑒 is the total length of the speaker label with the
longest utterance duration for each cluster.

4.3. Experimental results

The results with the DER as a speaker clustering accuracy mea-
sure are listed in Table 2. The results with cluster purity as a
speaker clustering accuracy measure are listed in Table 3. In
these tables, 𝐵𝐼𝐶 are the results from using the BIC-based
method, 𝐺𝑀𝑀 are results from using the GMM-based method
using CLR, 𝑁𝑀𝐹 are the results from using the proposed
method when the reduced -dimension for test sets A and B var-
ied. The numbers in parenthesis in Table 2 indicates the number
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Figure 1: Clustering accuracy (DER) by each method.
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Figure 2: Clustering accuracy (DER) versus reduced-dimension
in NMF.

of obtained clusters. The number of clusters is not included in
Table 3 because it is the same as that in Table 2.

From the results in Tables 2 and 3, the GMM-based method
obtained higher clustering accuracy than the BIC-based method.
However, the estimation accuracy of the number of speak-
ers with the BIC-based method was higher than that with the
GMM-based method. The proposed method obtained higher
clustering accuracy than both conventional methods for all test
sets except test set A2.

The average clustering accuracy with each method is shown
in Fig. 1. The DER with the BIC-based method was 25.2% for
test set A and 26.5% for test set B, that with the GMM-based
method was 23.5% for test set A and 21.1% for test set B, and
that with the proposed method was 12.9% for test set A and
12.1% for test set B.

Figure 2 shows the clustering accuracy with each reduced
-dimension of NMF in the proposed method. The cluster-
ing accuracy was the highest when the number of reduced -
dimensions was six in test set A and when was eight in test set
B. The correct number of speakers was six in test set A and eight
in test set B. The proposed method obtained the highest accu-
racy when the number of reduced -dimensions was the same as
the correct number of speakers.

The proposed method can achieve fast and robust speaker
clustering only by decomposing a matrix based on the distances
between utterances. Therefore, we demonstrated that speaker
clustering based on NMF was effective for utterances of multi-

ple speakers. We will develop a method for selectings an opti-
mal reduced -dimension beforehand.

5. Conclusions
We proposed a speaker clustering method based on NMF using
distances between utterances. The proposed method achieves
fast and robust speaker clustering by decomposing a matrix
based on the distances between utterances. We conducted
speaker clustering experiments using academic conference pre-
sentations to evaluate the proposed method and compared it
with two conventional methods. From the results of the exper-
iments, the DER, as the average accuracy measure for test sets
A and B, with the BIC-based method was 25.9%, the DER with
the GMM-based method was 22.3%, and the DER with the pro-
posed method was 12.5%. We demonstrated that the proposed
method was effective in speaker clustering.

For future work, we will evaluate the proposed method us-
ing the National Institute of Standards and Technology (NIST)
databases to demonstrate its generality. It is also necessary to
study how to select the optimal number of reduced -dimensions
in NMF.
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