SIP (2016), vol. 5, €16, page 1 of 13 © The Authors, 2016.

This is an Open Access article, distributed under the terms of the Creative Commons Attribution licence (http://creativecommons.org/licenses/by/4.0/), which permits unre-
stricted re-use, distribution, and reproduction in any medium, provided the original work is properly cited.

doi:10.1017/ATSIP.2016.15

ORIGINAL PAPER

Nested Gibbs sampling for mixture-of-mixture
model and its application to speaker clustering

NAOHIRO TAWARAl, TETSUJI OGAWAI, SHIN]JI WATANABE? AND TETSUNORI KOBAYASHI

This paper proposes a novel model estimation method, which uses nested Gibbs sampling to develop a mixture-of-mixture model
to represent the distribution of the model’s components with a mixture model. This model is suitable for analyzing multilevel
data comprising frame-wise observations, such as videos and acoustic signals, which are composed of frame-wise observations.
Deterministic procedures, such as the expectation-maximization algorithm have been employed to estimate these kinds of mod-
els, but this approach often suffers from a large bias when the amount of data is limited. To avoid this problem, we introduce
a Markov chain Monte Carlo-based model estimation method. In particular, we aim to identify a suitable sampling method
for the mixture-of-mixture models. Gibbs sampling is a possible approach, but this can easily lead to the local optimum prob-
lem when each component is represented by a multi-modal distribution. Thus, we propose a novel Gibbs sampling method,
called “nested Gibbs sampling” which represents the lower-level (fine) data structure based on elemental mixture distributions
and the higher-level (coarse) data structure based on mixture-of-mixture distributions. We applied this method to a speaker
clustering problem and conducted experiments under various conditions. The results demonstrated that the proposed method
outperformed conventional sampling-based, variational Bayesian, and hierarchical agglomerative methods.
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[. INTRODUCTION

Real-world data often comprise a set of component features,
such as images made of a set of pixels and speech com-
prising a set of frames. These data sets have a hierarchical
structure, as illustrated in Fig. 1. We describe data such as
images and speech as higher- and lower-level observations.
For example, in speech data obtained from a multi-party
conversation, higher-level observations correspond to each
speaker’s utterances, where their variation is caused by the
differences in the speakers. Lower-level observations corre-
spond to frame-wise observations comprising each utter-
ance, where their variation is caused by the differences in
the contents of speech. To cluster utterances by a speaker,
we need to derive a suitable mathematical representation
of an utterance for extracting each speaker’s characteristics
independently of the contents of the their speech [1].

An effective approach for representing higher-level
observations is modeling as stochastic distributions. Thus
assume, we that each higher-level observation follows a
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unique distribution, which represents each speaker’s char-
acteristics. Members of exponential families of distributions
are employed widely to model higher-level observations due
to their usefulness and analytical tractability. However, the
underlying assumption of uni-modality for these distribu-
tions, is sometimes too restrictive. For example, frame-wise
observations, short time fast Fourier transforms of acous-
tic signals, and filter responses in images are known to
follow multi-modal distributions, which cannot be repre-
sented by unimodal distributions [2-4]. Mixture models
are reasonable approximations for representing these multi-
modal distributions [5, 6] and various distributions have
been used as components of mixture models such as the
t-distribution [7] and von Mises-Fisher distribution [8, 9].
In particular, Gaussian distributions are used widely as a
reasonable approximations for a wide class of probability
distributions [10]. By using a mixture distribution to rep-
resent each cluster, the whole speaker space is modeled as
a mixture of these mixture distributions. We refer to this
as a mixture-of-mixture model. The optimal assignment of
higher-level observations to clusters can be obtained by
evaluating the posterior probability of assigning each obser-
vation to each cluster’s mixture distribution. Thus, the clus-
tering problem is reduced to the problem of estimating this
mixture-of-mixture model.

The concept of mixture-of-mixture modeling was intro-
duced to analyze multi-modal data sample observations
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Fig. 1. Hierarchical structure of multi-level data analysis. Segment-wise (higher-level) observations are composed of a set of frame-wise (lower-level) observations.
Left figure illustrates the hierarchical structure in speech data composed of frame-wise observations (e.g. Mel-frequency cepstral coefficients).

comprising both continuous and categorical variables [11,
12] and data that composed of sets of observations such
as data from students nested within schools or patients
within hospitals [13-15]. However, in these studies, the
applications of mixture-of-mixture modeling were lim-
ited to simulated or low-dimensional data. In the present
study, we focus on applying mixture-of-mixture modeling
to speech data, which usually comprises high-dimensional
continuous data. In [13-15], an expectation-maximization
(EM) approach [16] was used to estimate mixture-of-
mixture models by augmenting observations with two-level
(higher-level and lower-level) latent variables. However, this
maximum-likelihood-based approach often suffers from
an overfitting problem when applied to high-dimensional
data [1, 17]. A Bayesian approach can make the estimation
of mixture-of-mixtures models more robust. For example,
maximum a posterior (MAP) and variational Bayes (VB)-
based methods have been applied to estimate the mixture of
Gaussian mixture models (MoGMMs) [1, 18, 19]. However,
the VB-based approach often still suffers from a large bias
when the amount of data is limited [20]. Moreover, these
methods are easily trapped by a local optimum due to the
deterministic procedures in the EM-like algorithm.

To solve this problem, we propose a novel MoGMMs
estimation method based on the Markov chain Monte Carlo
(MCMC) method. In this approach, the optimal parameters
for the MoGMMs are obtained stochastically by drawing
values iteratively from their posterior distribution. These
parameters can be estimated theoretically while avoiding
a local optimal solution by evaluating a huge number
of samples and combinations of higher-level latent vari-
ables (hLVs) Z and lower-level latent variables (ILVs) V
from their joint posterior distribution P (Z, V). However,
in practical implementations of MCMC, evaluating such
a huge number of combinations is infeasible and some
approximations are required.

Previously [1, 17], we introduced a Gibbs sampling-based
MoGMMs estimation approach, which draws the values of
ILVs and hLVs alternately by first sampling the ILVs after
initializing hLVs Z, i.e., V ~ p(V|Z), and then sampling
hLVs by using the fixed ILVs, i.e., Z ~ p(Z|V), sampled in
the previous step. This sampling method is easy to imple-
ment and highly accurate, and the it actually outperforms
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the VB-based approach, especially when the data are lim-
ited, e.g., when each utterance is short and the spoken
utterances are few [17]. However, this sampling method,
has a severe restriction because the sampling of hLVs is
strictly determined by the values of the 1LVs obtained in
the previous sampling step. This restriction can cause the
local optima problem for the hLVs, because the hLVs esti-
mated in each iteration can be highly correlated. To solve
this problem, we propose a novel sampling method for the
MoGMMs based on nested Gibbs sampling, which samples
both the hLVs and ILVs at the same time. This sampling
method allow an enormous number of combinations of
ILVs and hLVs to be evaluated efficiently, so we can find a
more appropriate solution than that obtained by alternating
Gibbs sampling for ILVs and hLVs.

The reminder of this paper is organized as follows. In
Section II, we formulate a MoGMMs by creating a mixture-
of-mixture model where each component of the mixtures
is represented by a GMM. In Section III, we explain how
to estimate the MoGMM:s using fully Bayesian approaches
based on VB and MCMC methods. In Section IV, we
describe the MCMC-based model estimation method in
more detail as well as the proposed nested Gibbs sampling
method for MoGMMs estimation. In Section V, we present
the results of speaker clustering experiments conducted to
demonstrate the effectiveness of the proposed method. In
Section VI, we give conclusions and discuss some directions
for future research.

. FORMULATION

In this section, we define the MoGMMSs models where each
component of the model is represented by a GMM. In addi-
tion, we define the generative model for segment-oriented
data.

A) MoGMMs

Let 0,; € RP be a D-dimensional observation vector, e.g.,
mel-frequency cepstral coefficients (MFCCs) at the t-th
frame in the u-th segment, O, 2 {0y}, is the u-th seg-

o . A
ment comprising the T, observation vectors, and O =
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{0,}V_, is a set of U segments. We call this “segment-
oriented data” Here, a MoGMM:s is defined as follows:

u S
p(010) =[] D_hip(0.1©)), (1)

u=1 i=1

where S denotes the number of clusters; h; represents
how frequently the i-th cluster’s segment appears; and
p(0,]0;) is the likelihood of u-th segment O, being
assigned to the i-th cluster. In this case, p(O,|®;) models
the intra-cluster variability for each cluster, which can be
represented as:

T, K

p(0,10) =D wiN(Oulmij, Zij),

t=1 j=1

()

where A denotes the j-th component in the i-th cluster,
which is represented by a Gaussian distribution with a mean
vector i and a covariance matrix X;;; w;;, the weight of
the j-th component; and K is the number of components
in each cluster’s GMM. Equations (1) and (2) imply that
the whole generative model for all segments O can be rep-
resented by a hierarchically structured MoGMMs where a
GMM represents a cluster’s characteristics (i.e., intra-cluster
variability), and that a mixture of these GMMs can represent
the entire cluster space (i.e., inter-cluster variability).

To represent this hierarchical model, we introduce two
types of latent variables: Z = {z,}U_, represents segment-
level latent variables (sLVs), each of which identifies a MoG-
MMs component (i.e., speaker GMM) to which the u-th
segment is assigned, and V = {V, = {v,}/,}U_,, repre-
sents the frame-level latent variables (fLVs), each of which
identifies an intra-cluster GMM component (the cluster dis-
tribution to which the u-th segment is assigned), to which
the t-th frame-wise observation in the u-th segment is
assigned. For instance, the sLVs and fLVs in MoGMMs
correspond to the document-level and word-level latent
variables in the latent Dirichlet allocation, where discrete
data are used [21]. By contrast, we focus on modeling a
continuous data space with a MoGMMs in this study.

By introducing these latent variables, we can describe the
conditional distributions of the observed segments given
the latent variables as follows':

U T,

P(O|Z, V, 9) = 1_[ hzu l_[ wzuvu[/\/(out“lvzuvws Zzuv,”)y

t=1

()
where @ £ {{hi} {wij}h {mi;}, {Zi}} denote the weight of
the i-th intra-cluster GMM, weight, mean vector, and
covariance matrix of the j-th component of the i-th intra-
cluster GMM, respectively. Note that we have assumed X;;
is a diagonal covariance matrix where the (d, d)-th element
is represented by o;; 4.

u=1

"We use the notation p(-) to represent continuous probability func-
tions and P (-) to represent discrete probability functions.
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We describe the distribution of the latent variables as
follows:

U I, S K ‘ ‘
P(V|Z,w) = 1_[ l_[ l_[ 1_[ w?}ﬁvu1,1)6<zu,z)’

u=1t=1 i=1 j=1

u S
PZIh) =[] ]r“"

u=l1i=1

(4)

(5)

where 8 (a, b) denotes Kronecker’s delta, which takes a value
of one if a = b, and zero otherwise.

B) Generative process and graphical model

Using a Bayesian approach, the conjugate prior distribu-
tions of the parameters are often introduced as follows:

h ~ D(h’),
p(©|0") = {w; ~ D(w"),

{1ija> Zija} ~ NGE" 1% 1 407 ),

(6)
where D(h°) and D(w®) denote Dirichlet distributions with
hyper-parameters h” and w°, respectively. N'G (£°, °, ,bL(])»)d,
0]({ ;) denotes the normal inverse gamma distribution with
hyper-parameters £°, n°, u9 ;,and o ;.

Based on these likelihoods and prior distributions, the
generative process for our model is described as follows:

(i) Initialize {h°, ©°},
(ii) Draw h from D(h%),
(iii) For each segment-level mixture component (i.e., cluster)
i=1,...,S,
(a) Draw w; from D(w?),
(b) For each frame-level mixture component (i.e.,
inner-cluster GMM component) j = 1,..., K,
(1) Draw {u;g4,0;4} from ./\/G(EJQ, n?,u(})d,oﬁd) for
each dimensiond = 1,...,D.
(iv) For each segmentu = 1,...,U,
(a) Draw z, from multinomial distribution M (h),
(b) For each frame t = 1,..., T,
(1) Draw vy from M(w,),
(2) Draw o, from N (., , » Xz,0,.)-

Figure 2 shows a graphical representation of this model.

1. MODEL INFERENCE BASED ON
FULLY BAYESIAN APPROACH

When we use a Bayesian approach for estimating the MoG-
MMs, the main task is calculating posterior distributions for
the latent variables {V, Z} and model parameter ® given
observation O:

1
(Y, 2,0|0) = Ep((?, V, Z,0). )
0

3
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";U wf ':? 5” IS hy — Hyper-parameter of prior for utterance-level weight i — Utterance index
i=ly8 23 W,io — Hyper-parameter of prior for j-th component’s weight J  — Frame index
h; i < i: 17 &7 — Hyper-parameter of prior for j-th compenent’s mean vector u — Utterance-level mixture index
G‘VD J - '?? EJn< "bﬂ — Hyper-parameter of prior for j-th component’s covariant matrix t  — Frame-level mixture index
By — Weight of i-th GMM U — Number of utterances
e '-"'-L'; Wi — Weight of j-th component in i-th GMM T, — Number of frame-wise observations in u-th utterance
Gl% by — Mean vector of j-th component in i-th GMM K — Number of components
Eu = Covariant matrix of j-th component in i-th GMM § — Number of speakers
C Zu — Utterance-level latent variable of u-th utterance
Ou Vi = Frame-level latent variable of r-th frame in u-th utterance
e 0y — Frame-wise observation of ¢-th frame in u-th utterance
Fig. 2. Graphical representation of mixture-of-mixture model. The white square denotes frame-wise observations, and dots denote the hyper-parameters of prior
distributions.

H, is a normalization coeflicient, which is defined as fol-
lows:

Ho 2 p@) =) / POV, 2,0)d0.  (8)
V.Z

Note that the model-based clustering problem is reduced to
the problem of estimating the optimal values of the fLVs and
sLVs, {V, Z}, based on the posterior distribution defined in
equation (7). Thus, the posterior probabilities of the latent
variables V and Z can be calculated as follows:

(9)
(10)

A . .
Vou=jlau=i:0 = PV = j|O, O, z, = i),
Vi = p(z, = i]0, ©).

Sufficient statistics of this model are computed using the
aforementioned posterior probabilities as follows:

Ci = Zu Yz,=i>

nij = Zu,t Vou=jlzy=i * Vz,=i>

m;; = Zu,t You=jlzu=i * Vz,=i * Out>
Tijd = Dyt Vow=jlau=i = Veu=i * (0uta)?,

(11)

where ¢; denotes the number of segments assigned to the
i-th component of the entire cluster MOGMMs; n;; is the
number of frames assigned to the j-th component of the i-
th intra-cluster GMM of the MoOGMMs; and m;; and r;; are
the first and second sufficient statistics, respectively.

However, it is generally infeasible to analytically estimate
these posterior distributions, so we must introduce some
approximations. In the rest of this section, we discuss how
to approximate the posterior distributions using VB- and
MCMC-based approaches.

A) Model estimation using a VB-based
approach

When the VB-based model estimation method is used, the
sLVs, fLVs, and model parameters are obtained determin-
istically by estimating their variational posterior distribu-
tions. To optimize a variational posterior distribution, we
attempt to maximize the marginalized likelihood, which is
described by equation (8). p(V, Z,0|0) = q(V, 2)q(0),
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where the optimal variational posterior distribution (i.e.,
the q(V, Z,®) that maximizes the free energy) can be
determined as follows:

q(V, 2Z) o exp << log p(O,V, Z, ®)> ), (12)

9(0)

q(0®) x exp << log p(O,V, Z, ®)>q(V,Z))‘ (13)

where (A)p denotes the expectation of A with respect to
B. The optimal values of q(V, Z), and q(®) from equa-
tions (12) and (13) are obtained according to Algorithm 1,
as follows. The posterior probability of an fLV is estimated
as follows:

*
vy =jlz,=1;0

A 1
= exp ((108 Wijdqaiy) + 5 >, 108 0ija)gw.

D 1 Outd — Mijd)”
- —logZ”—‘Zd<M>
2 2 Oij,d q(iijaloija)

(14)

We can determine the posterior distribution of an fLV by
normalizing (14) as follows:

*
. . Uy :'\zu:i;(:)
q(vutz]lzuzl)zz t*J
j um:j\zu:i;(:)

(15)

In the same manner, we can compute an sLV Yey=is6 from
the posterior probability y*_. - as follows:

A *
Vz*u:i;(:) = exp | (loghi)gn + Zlogz Vou=jla=is0 |’
£ j
(16)
Y _ia
gz, = i) = =22 (17)

-
Zi yzu:i;(:)
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The expected values of the parameters described in (14)-
(16) are computed as follows:

Qoghi)yiny = v(h) v (3 hi). G®)
(log wij) gy = (i) = v (3 i), (19)
(log0ijd) (i) = ¥ (1ij) — log 0ija, (20)
<(0ut,d - Mij,d)2> _ i Outd— fLija)* + &ij
Oij.d q(ijaloija) &ij’d
(21)

where V() denotes the digamma function and 0=
{hi, wij, &j, ij> 1} are the hyper-parameters of the poste-
rior distributions for @, which are computed as follows:

E,’ :h0+Ci,

lZ)ij =w?+n,~j,
(:)Z éiij :‘50—}_""1’

Mij = n° + nij,

Rij = 5,‘;1(50#(} + my;),
Oijd = GJQ,d +rija+ §O(M(J)-,d)2 —&i(Lija)*

(22)
Algorithm 1 shows the VB-based model estimation
algorithm. The fLVs and sLV's that maximize (equations (15)
and (17)) are the MAP values of their posterior distributions,
where we assume that these MAP values are the optimal
clustering results.

Algorithm 1: Model estimation algorithm using the VB
method.

1 initialize ®;

2 repeat

3 for all clusters i and components j do

4 for all segments u and frames t do

5 Compute y,; (V, Z) in equation (12) before
computing the expectation values
described in equations (15) and (17);

6 for all clusters i and components j do

7 Compute the hyper-parameters of q(®) in

equation (13) using the sufficient statistics, as
| described in equations (18)-(21)

8 until converged ;

This VB-based procedure monotonically increases the
free energy, as described in equation (8) under the varia-
tional posterior distribution g(V, Z, ®), but this approach
suffers from two problems, which are caused by the dif-
ference between true and variational posterior distribu-
tions, as well as the biased values. The first problem is
that the true posterior distributions of fLVs, sLVs, and the
model parameters in MoGMM:s cannot be factorized (i.e.,
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p(©,V,Z]0) # p(VIZ,0)p(Z|0)p(®]0)), although
the variational posterior distributions assume that they
can. The second problem is that the posterior probability
obtained is generally biased because the calculated statistics
are strongly biased by the size of each segment. These prob-
lems are especially severe when the number of segments
is limited. To solve these problems, we need to estimate
the marginalized posterior distributions, into which model
parameter ® and fLVs ) are collapsed >. This is obtained by
marginalizing equation (7) with respect to these parameters
as follows:

PW,Z|0) = Hiofp(V, Z,0,0).d0. (23)

We can then estimate the posterior distribution of the latent
variables directly and obtain an unbiased estimation.

Collapsed VB methods for estimating the marginalized
posterior distribution have been proposed in several studies
[22, 23], but these approaches are generally infeasible for our
hierarchical model because we cannot apply the approxima-
tion of convexity to a hierarchical structure. Therefore, we
introduce the MCMC method to estimate the marginalized
posterior distribution from equation (23).

B) Model estimation based on the MCMC
approach

Using an MCMC-based approach, we obtain samples of
latent variables directly from their posterior distributions.
We can derive the marginalized distribution with respect to
the model parameters described in equation (23) because we
do not need to evaluate the normalization term equation (8)
when employing an MCMC approach.

1) MARGINALIZED LIKELIHOOD FOR COMPLETE DATA
First, we derive the logarithmic marginalized likelihood for
the complete data, log p(O, V), Z). In the case of complete
data, we can utilize all the alignments of observations o,
to a specific Gaussian component distribution because all
of the latent variables, {V, Z}, are treated as observations.
Then, the posterior distributions for each of the latent vari-
ables, P(z, = i|-) and P (v, = j|-) for all i, j, u, and t,
return o or 1 based on the assigned information. Thus,
You—jlzu=i and yz,—; described by equations (9) and (10)
are zero-or-one values depending on the assignment of the
data. Then, the sufficient statistics of this model, then, can
be represented as follows:

i =y,8(zyi),

Mij = 8(zusi) - SUuss ),

m;; =Y, 8(zui) - 8(Wurs j) - Outs
Tijd = D _uy 8(Zusi) - 8(Vurs j) - (0uta)?

(24)

*In this case, “collapsed” means that samples are drawn from the
marginalized distribution with respect to the model parameter ®. In the
following, we refer to collapsed Gibbs sampling simply as Gibbs sampling.

5
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We can analytically derive the logarithmic marginal-
ized likelihood for the complete data by substituting equa-
tions (3)-(5) into the following integration equation:

log p(V, Z,0)

- log/p(V, Z,010)p(©)de

ENC VXTI OO D RN

= Ly (z,.ﬁ,->+log [T T @dr () o)
2\ 0 ﬁ
e 92 ( (#))_D (M. o],dd)ﬁij |
i EF(r(%))  (Madijaa) *

(25)

where (:)ij é {ﬁ,’, 111ij, g,‘j, TN]ij, llij,da &ij,d} denotes the hyper-
parameter of the marginalized likelihood defined in
equation (22).

To construct the MCMC sampler, we define the following
logarithmic likelihood function for the complete data using
simulated annealing (SA) [24]:

Hy(B) = log ps(V, Z,0)

=log p(OIV, 2) + — 3 logP(V 2), (26)

where $ is an inverse temperature defined for SA, which
controls the speed of convergence. We can now derive the
posterior distribution as follows:

PV, Z|0) PV, 2)p(O|V, 2)P

1
H,(B)

exp {—BH(¥)}, (27)

1
Hy(B)
where H,,(f) is a normalization term introduced to normal-
ize {V, Z} under the temperature . The goal of the MCMC
approach is to obtain samples from equation (27). In the
next section, we discuss how to design the sampler in order
to obtain samples from this posterior distribution.

V. IMPLEMENTATION OF MCMC-
BASED MODEL ESTIMATION

We introduce a collapsed Gibbs sampler [25] to obtain sam-
ples of sLVs and fLVs from their posterior distributions.
Previously, we introduced a Gibbs assumption that alter-
nates the sampling of fLVs with some initializations of sLVs,
before sampling the sLVs using the fixed fLVs sampled in
the previous step [1, 17]. The drawback of this approach is
that the sampling of sLVs is determined strictly by the values
of the fLVs obtained in the previous sampling step and the
sLVs estimated in each iteration can be highly correlated.
To solve this problem, we propose a novel sampling method
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that samples both sLVs and fLVs at the same time. This sam-
pling method allows an enormous number of combinations
of fLVs and sLVs to be evaluated efficiently, so we can find
a more appropriate solution than that obtained when alter-
nating Gibbs sampling for fLVs and sLVs. We refer to this
novel sampling technique as nested Gibbs sampling. This
section describes its formulation and implementation.

A) Nested Gibbs sampling for MoGMMs

For Gibbs sampling, we draw the value of each variable
iteratively from its posterior distributions and condition-
ing it with the sampled values of the other variables. This
posterior distribution is called the “proposal distribution””
In the case of MoGMMs, the proposal distribution is the
joint posterior distribution of the sLV and fLVs related to
the u-th segment of {V,, z,}, which is conditioned on the
sampled value of the latent variables related to the other
segments {1, 2\, }. Therefore, the proposal distribution of
MoGMMs is described as follows:

p (Vozs Vi 20} 0)
p ([Ww zi.}.0)

(28)
where Vi, = vy AVU # u, ¥t} and Z7, = {2}, |Vu' # u}
denote the sets of samples for fLVs and sLVs, respectively,
except for those related to the u-th segment. After some iter-
ative sampling using equation (28), the samples obtained are
approximately distributed according to their true posterior
distributions. Direct sampling from a proposal distribution
equation (28) is theoretically feasible because equation (28)
takes the form of a multinomial distribution. However, it
is impractical to evaluate an enormous number of possi-
ble combinations of solutions. We notice that it is enough
to estimate the value of sLVs in order to estimate the opti-
mal assignment of utterances to speaker clusters. Therefore,
we try to marginalize out fLVs in equation (28) to make
the computation simple. We propose an MCMC-based
approach, which samples the value of z, directly from the
following marginalized posterior instead of equation (28):

/P Zu|v*’ V\u’Z{ku}’O)

< p Vil Vi, 25,1, 0) dv.
(29)

P (Vs zul {V5,,5

Ziku} ’O) =

p( |{V<ku’ *

However, this integration is also infeasible because each v,
in V, takes one of the number of K values (i.e., the number
of GMM components) and their combination are expo-
nentially large. Therefore, we introduce an approximated
approach, which uses the sampled value of V;* obtained
from its true posterior p(V;[{V},, Z7,}, O). Then, V; is
marginalized out from equation (28) using the sampled
value V* by the following approximation:

p (2l {Vio 25}, 0) = D P (zulVi (Vi 25,1, 0)
V**
(30)
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We can easily sample the value of z, from equation (30)
because this is a multinomial distribution over z, that takes
the one of the C (i.e., number of clusters) values. With this
approach, the Gibbs sampling chain for z, is followed by
another Gibbs sampling chain in which we sample the val-
ues of V, from its posterior distribution, conditioned on any
potential value of z,,. We refer to this Gibbs sampler for V, as
a sub Gibbs sampler and we refer to the obtained samples as
{vmlz 1}/ . In the sub-Gibbs sampler, each value

ulz —1
of vif, _; is sampled for all i as follows:
vzzzu—; (vutl {V\u) } V*Tt) 2y = i) O) > (31)
where V¢ Nt z=i = {Vy1z,=i [Vt" # t} denotes the samples of

fLVs obtained from the sub-Gibbs sampler that are related
to all of the frames, except to the t-th frame in the u-th seg-
ment. After several iterations of equation (31) for all ¢ in the
u-th segment, we obtain N samples. We then draw a
sample of sLV for the u-th segment from its posterior dis-
tribution conditioned on the samples {V* (”)}N Ubhs.

u\z =i
aggregating the value of {V" _, (”>}ff=01 over all possible

values of i, the Gibbs sampler for z, is defined as follows:
2y ~ Pz (V0 20,1, 0)

= Z P (Vuszul {VTM’ZTU} ’O)
YV,

= ZP Zy| V\u,

)2 Vi O) P (Val {V

z,},0).
(32)

By aggregating N¢® samples of V, from p(V,|z, =
i, {V» 23,}, O) for all possible values of i and then plug-
ging them into p(z,|V,, O), we obtain the following Monte

Carlo integration:

STP (2l (Vin 25} Vi O) P (Vul [ V50 21}, 0)

YV,
1 NG:bbs
~ yaw L P (@i Ve 2).0). - )
n=1

We refer to these procedures as nested Gibbs sampling,
because we sample z, from equation (33) using the value

-1.06
-1.08
gc:q,w- /
=112/
2 114
= el
=116
118 R
5 10 15 20 25 30 35 40 45
Iterations
NGibbs:1

()

of V* which can be obtained from the sub-Gibbs sam-
pler defined by equation (31) in a nested manner. A large
number of samples, N9%, may be required to accurately
represent of the marginal value for equation (33). To eval-
uate the effect of the number of samples on the overall
sampling procedure, we applied the proposed nested Gibbs
sampler to practical speech data. Figure 3 shows the log-
arithmic marginalized likelihoods (LMLs) obtained using
the proposed nested Gibbs sampling method with differ-
ent sampling sizes. The eight lines in each figure corre-
spond to the results of eight trials with different random
seeds. This figure shows that high accuracy may be achieved
with a small number of samples, and that even one sam-
ple may be adequate to approximate the marginal value
in equation (33). Algorithm 2 shows the algorithm of the

Algorithm 2: Model estimation algorithm based on the
proposed nested Gibbs sampling method.

1 initialization {V**, Z**}, V*;

2 repeat

for all segments u do

3
4 for all clusters i do
5 for all frames t do
6 for all components j do
; Update yft—jlz i <
Py (va= il 200 V0 Vit =i
8 Draw the values of the fLVs, v}y, from
their posterior probability with
B
L vuz yvut_ \z,,_t’
9 Update
| yZﬁ*tW* <~ Pﬂ (Zu - l| {Z\u’viku} ’V:*);
10 Draw the value of the sLVs, z7', from their
posterior distribution with 2} ~ yfj iy
u Update the values of the fLVs with V' < V**;
12 Update the SA temperature 8 with respect to
scheduling

3 untll some conditions are met ;

-

-1.06
-1.08 e ——
'g‘ 11077 :
= -112-
2 -114
b= !
= -1167
-1.18
5 10 15 20 25 30 35 40 45
Iterations
NGibbs =5
(b)

Fig. 3. LML obtained using proposed nested Gibbs sampler, applied to Al + station noise. Refer to Table 1 for the details of test set A1. Each figure shows results
with a different sampling size N**"”_ Eight lines correspond to results of eight trials using different random seeds. (a) NP = 1 & (b) NObs = 5

https://doi.org/10.1017/ATSIP.2016.15 Published online by Cambridge University Press

7


https://doi.org/10.1017/ATSIP.2016.15

8

NAOHIRO TAWARA et al.

nested Gibbs sampler for MoGMMs. The formulations of
equations (31) and (33) are described in the Appendix.

B) Computation of the marginalized
likelihood

For the Gibbs sampler described in A, we can approximate
the joint likelihood equation (26) using the sampled latent
variables {V¥, Z¥}V_ .

Figure 4 is a scatter diagram showing the marginalized
likelihood and K values (which are used widely for the
measurement of the clustering) calculated from the results
obtained when the proposed nested Gibbs sampler was
applied to B1 and B1 with four types of noise. The values
of K are explained in the Experiment section. The dif-
ferences in the plots indicate the distinct speakers. This
figure shows that the value of K is strongly correlated
with the marginalized likelihood. Therefore, we can use the
marginalized likelihood as a measure of the appropriateness
of the models.

V. SPEAKER CLUSTERING
EXPERIMENTS

We investigated the effectiveness of our model optimization
methods at speaker clustering using the TIMIT [26] and
CSJ [27] databases. We compared the following four model
estimation methods:

o n-Gibbs: MCMC-based model estimation using the pro-
posed nested Gibbs sampling method.

e Gibbs: MCMC-based model estimation using conven-
tional Gibbs sampling where the fLVs and sLVs are sam-
pled alternately [1, 17].

e VB: VB-based model estimation [19].

e HAC-GMM: hierarchical agglomerative clustering
method. A GMM is estimated for each utterance in
a maximum-likelihood manner. The similarity between
utterances is defined as the cross likelihood ratio between
corresponding GMMs. The pair of utterances with the
greatest similarity is merged iteratively until the correct
number of speakers is obtained [3].

-2.00 T -2.05 :
G 0 0.2 0.4 0.6 0.8 1 21020 0.2
. 220 | e 215 ¢
w W aan o ———————
-2.20
& 230 | g
b 20 = 225 -
4 240 | K [
E _ E -2.30
-2.50 e
-2.60 1 240 + '
270 -2.45
K value K value
B1 (clean) B1 + crowd
(@) (®)
2.00 1 : 195 .
sy 08 200 §—02
210 205 .
[T} +id:000 © 540 | “+id:000
< | - < 2 .
o 218 ¥id:001 = ®id:001
= id:002 = 215 7 Lid:002
d 2% 3”' %id:003 2 220 1 *id:003
S 225 M i g cid
-2. e *id:004 225 | id:004
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© @
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Fig. 4. LML as a function of K value. Each plot shows the results obtained by applying the proposed n-Gibbs sampler to five different datasets (id:000, 001, .. ., 004).
Refer to Table 1 for the details of test set B1. (a) B1 (clean) & (b) B1 4 crowd (c) B1 + street & (d) B2 4 party (e) B2 + station
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A) Experimental setup

1) DATASETS

All of the experiments were conducted using 11 evaluation
sets obtained from TIMIT and CSJ. Table 1 lists the num-
ber of speakers and utterances in the evaluation sets used.
T1 and T2 were constructed using TIMIT. T1 corresponds
to the core test set of TIMIT, which includes 192 utterances
from 24 speakers. T2 is the complete test set, which includes
1152 utterances from 144 speakers. In this case, there were no
overlaps between T1and T2. The remaining nine evaluation
sets were constructed using CSJ as follows: all lecture speech
in CS] was divided into utterance units based on the silence
segments in their transcriptions, five speakers were then
randomly selected, and five, 10, and 20 of their utterances
were chosen for A1, A2, and A3, respectively. In the same
manner, we randomly selected 10 and 15 different speakers
and five, 10, and 20 of their utterances were used for B1 to B3
and C1 to C3, respectively. We evaluated five combinations
of different speakers for each dataset. The resulting cluster-
ing performance for each dataset was the average of these
five combinations.

The speech data from TIMIT and CS]J are not corrupted
by noise. In additional experiments, we used noisy speech
data, which we created by overlapping each utterance with
four types of non-stationary noise (crowd, street, party,
and station) selected from the noise database of the Japan
Electronic Industry Development Association [28]. These
noises were overlapped with each utterance at a signal-
to-noise ratio of about 10dB. Speech data were sampled
at 16kHz and quantized into 16-bit data. We used 26-
dimensional acoustic feature parameters, which comprised
12-dimensional MFCCs with log energy and their A param-
eters. The frame length and frame shift were 25 and 10 ms,
respectively.

2) MEASUREMENT

We employed the average cluster purity (ACP), average
speaker purity (ASP), and their geometric means (K value)
as the speaker clustering evaluation criteria [29]. In this
experiment, the correct speaker label was manually anno-
tated for each utterance. Let St be the correct number of
speakers; S is the estimated number of speakers; 7;; is the

Table 1. Details of test set.

Test Number of Number of Average total
set speakers utterances duration (min)
T1 24 192 9.7
T2 144 1152 58.8
A1 5 25 2.8
A2 5 50 5.6
A3 5 100 11.1
B1 10 50 5.6
B2 10 100 11.3
B3 10 200 22.5
Ci1 15 75 13.0
C2 15 150 26.0
C3 15 300 51.8
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estimated number of utterances assigned to speaker cluster i
in all utterances by speaker j; n; is the estimated number of
utterances of speaker j; n; is the estimated number of utter-
ances assigned to speaker cluster i; and U is the number of
all utterances. The cluster purity p; and speaker purity g;
were then calculated as follows.

S 2
n;

S 2

_ ij
L=
n; — n;

The cluster purity is the ratio of utterances derived from
the same speaker relative to the utterances assigned to each
cluster. The speaker purity is the ratio of utterances assigned
to the same cluster relative to the utterances spoken by each
speaker. Thus, ACP and ASP are calculated as follows.

pi = (34)

j=0

N St
1 1
Vacp = Egpmb VASPZE;‘]jnj- (35)

The K value is obtained as the geometric mean between
ACP and ASP as follows:
K =

VACP . VASP. (36)

3) EVALUATION CONDITIONS

The number of iterations was set to 100 in the MCMC-
based method, which was sufficient for convergence in both
the conventional and proposed Gibbs sampling in all of
the following experimental conditions. We conducted the
same speaker clustering experiment eight times using dif-
ferent seeds each time. We evaluated the marginalized likeli-
hood described in equation (26) for each result and selected
the result with the highest likelihood from those obtained
during the 100 iterations of eight experiments.

The hyper-parameters in equation (22) were set as fol-
lows: w» = {p,...,p} for all components; h° = p and
h® = {p,...,p} for all clusters; n©@ =1 and £© = p;
1 = p(0) and T = 2 (0), where u(O) and T (O)
were the mean vectors and covariance matrices estimated
from the whole dataset, respectively. The value range for
p was {1,10,100,1000}. These parameters were deter-
mined using the development data set obtained from
the CSJ dataset. We initialized both the sLVs and fLVs
randomly.

B) Experimental results

1) COMPARISON WITH THE CONVENTIONAL GIBBS
SAMPLER

We evaluated conventional Gibbs sampling and the pro-
posed nested Gibbs sampling method with different num-
bers of mixture components using both clean and noisy
datasets. Figure 5 shows the K values obtained using the
Gibbs and n-Gibbs samplers with different numbers of
mixture components when they were applied to clean data
(A1) and noisy data (A1+ crowd). We can see that the high-
est K value was obtained when one or two components
were used for both the Gibbs and n-Gibbs samplers. This

9
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indicates that a small number of Gaussian distributions are
sufficient to model each speaker’s utterances in either sam-
pling method when clean data are used. However, in the
case of noisy data, the nested Gibbs sampler performed
best with eight components of mixtures, but the conven-
tional Gibbs sampler with eight components achieved worse
results than the proposed method. This suggests that sam-
ples from noisy data follow a multi-modal distribution
and that the proposed sampling method can represent this
multi-modality. By contrast, the conventional Gibbs sam-
pler could not model these complex data even with a large
number of mixture components. Later, we will discuss the
reason why the conventional Gibbs sampler degraded the K
value for the noisy data set by using diagrams to show the
convergence of the samplers.

Figure 6 shows the logarithmic marginalized likelihoods
of the samples obtained using the conventional Gibbs and
proposed nested Gibbs sampling methods when applied to
A1 with different SA temperatures [24]. The eight lines in
these figures represent the results obtained from eight tri-
als with different seeds. We can see that no trial converged

Gibbs (conventional) ™ nested Gibbs (proposed)

1

0.9
0.7 I
1 2 4 8 16

K value
o
(+-]

by

0.6

# of mixtures in each cluster GMM
Al
(@

to a unique distribution without SA (i.e., ™" = 1) when
a conventional Gibbs sampler was used. Introducing a
higher temperature (™" = 30) offered some protection
from divergence, but large variations still remained, as
shown in Figs 6(c) and 6(e). These results indicate that the
conventional Gibbs sampler was often trapped by a local
optimum. However, in the case of the nested Gibbs sampler,
the likelihoods converged after only 20 iterations at most,
and all of the trials converged to almost the same result, even
when we did not use the SA method (i.e., 7 = 1). These
results indicate the greater effectiveness of the proposed
sampling method.

Tables 2 and 3 list the K values obtained using each
method for clean and noisy speech data, respectively. These
tables demonstrate that the nested Gibbs sampler outper-
formed the conventional Gibbs sampler irrespective of the
evaluation sets, under clean and noisy conditions. These
results imply that the proposed method can model data
drawn from both single and multi-modal distributions,
which the conventional Gibbs sampler was unable to cal-
culate.

Gibbs (conventional) ™ nested Gibbs (proposed)
1

0.9

0.6-— | ]
1 2 4 8 16

# of mixtures in each cluster GMM
Al + crowd
(b)

K value
(=]
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~

Fig. 5. K values obtained by existing Gibbs and proposed nested Gibbs sampler applied on (a) clean (A1) and (b) noisy (A1 + crowd) speech.
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Fig. 6. LML obtained by Gibbs and nested Gibbs with SA applied on A1. Each figure shows result with different initial temperature 7. Eight lines correspond to
the results of eight trials with different seeds. (a) Gibbs (g™t = 1 (/o annealing)); (b) nested Gibbs (B =1 (w/o annealing)); (c) Gibbs (8™ = 10); (d) nested
Gibbs (8™ = 10 ); (e) Gibbs (8™ = 30); (f) nested Gibbs (8™ = 30).
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Table 2. K-value for clean test sets.

Evaluation data n-Gibbs Gibbs VB  HAC-GMM
T1 (spkr:24 utt:192) 0.96 0.84 074 0.88
T2 (spkr:144 utt:1152) 0.74 0.52 0.41 0.73
A1 (spkr:s utt:25) 1.00 0.90  0.92 0.93
A2 (spkr:s utt:50) 0.99 0.96 0.97 0.99
A3 (spkr:5 utt:100) 0.98 0.97 0.99 0.97
B1 (spkr:10 utt:50) 0.98 0.93 0.85 0.95
B2 (spkr:10 utt:100) 0.98 0.90  0.90 0.96
B3 (spkr:10 utt:200) 0.98 0.91 0.96 0.96
Cu (spkr:15 utt:75) 0.97 0.92 0.81 0.95
Cz (spkr:15 utt:150) 0.93 0.91 0.90 0.96
C3 (spkr:15 utt:300) 0.92 0.91 0.91 0.95

Table 3. K value for noisy test sets. Four types of noise (crowd, street,
party, and station) are overlapped with speech of nine datasets.

Evaluation data n-Gibbs Gibbs VB  HAC-GMM
A1+ crowd (spkr:5 utt:25) 1.00 0.90  0.82 0.95
A2+ crowd (spkr:5 utt:50) 0.99 0.96 0.95 0.97
A3+ crowd (spkr:s utt:100) 0.99 0.97  0.99 0.95
B1+ crowd (spkr:10 utt:50) 0.97 0.92 0.83 0.93
B2 + crowd (spkr:10 utt:100) 0.97 0.94 0.91 0.92
B3 + crowd (spkr:10 utt:200) 0.93 0.88  0.92 0.89
C1+ crowd (spkr:15 utt:75) 0.99 0.96  0.79 0.96
C2 + crowd (spkr:15 utt:150) 0.99 0.95 0.91 0.94
C3 + crowd (spkr:15 utt:300) 0.96 0.90  0.90 0.92
A1+ street (spkr:5 utt:25) 0.86 0.74 0.69 0.79
A2 + street (spkr:s utt:50) 0.78 0.66  0.69 0.77
A3+ street (spkr:5 utt:100) 0.86 0.72 0.84 0.75
B1 + street (spkr:10 utt:50) 0.84 0.75 0.62 0.79
B2 + street (spkr:10 utt:100) 0.75 0.68 0.66 0.73
B3 + street (spkr:10 utt:200) 0.72 0.62 0.71 0.71
C1+ street (spkr:15 utt:75) 0.77 0.67  0.60 0.75
C2 + street (spkr:15 utt:150) 0.68 0.60  0.61 0.68
C3 + street (spkr:15 utt:300) 0.68 0.62 0.71 0.68
A1+ party (spkr:s utt:25) 0.97 0.87 0.88 0.95
A2+ party (spkr:s utt:50) 0.99 0.93 1.00 0.87
A3+ party (spkr:s utt:100) 1.00 0.92  0.99 0.96
B1 + party (spkr:10 utt:50) 0.98 0.88 0.83 0.95
B2 + party (spkr:10 utt:100) 0.96 0.86 0.88 0.95
B3 + party (spkr:10 utt:200) 0.96 0.89  0.90 0.92
C1+ party (spkr:15 utt:75) 0.98 0.93 0.81 0.94
C2 + party (spkr:15 utt:150) 0.94 0.91 0.87 0.92
C3 + party (spkr:15 utt:300) 0.92 0.90  0.90 0.90
A1+ station (spkr:s utt:25) 0.92 0.86 0.77 0.87
A2 + station (spkr:5 utt:50) 0.86 0.76  0.90 0.85
A3+ station (spkr:5 utt:100) 0.84 0.75 0.86 0.87
B1 + station (spkr:10 utt:50) 0.89 0.79  0.69 0.86
B2 + station (spkr:10 utt:100) 0.84 0.77  0.76 0.86
B3 + station (spkr:10 utt:200) 0.81 0.75 0.81 0.81
C1 + station (spkr:15 utt:75) 0.89 0.79  0.69 0.84
C2 + station (spkr:15 utt:150) 0.89 0.74 0.77 0.80
C3 + station (spkr:15 utt:300) 0.81 0.73 0.83 0.83

2) COMPARISON WITH THE VB-BASED METHOD AND
AGGLOMERATIVE METHOD

The K values determined using the VB-based and agglom-
erative methods are also listed in Tables 2 and 3. The results
obtained by the proposed method were equal or superior to
those with the conventional VB-based (VB) methods using
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both the clean and noisy datasets. In particular, the pro-
posed method obtained substantially better performance
when the data were very scarce (e.g. A1, B1, C1, T1, and T2).
This implies that nested Gibbs sampling-based estimation
can adequately estimate the cluster structure from lim-
ited data, which is generally difficult to achieve. In fact,
the VB-based method cannot model such limited data. To
evaluate the effectiveness of a fully Bayesian approach, we
also compared the proposed method with the conventional
hierarchical agglomerative method (HAC-GMM). The pro-
posed method also outperformed the HAC-GMM in most
conditions.

3) COMPUTATIONAL COST

We now consider the computational cost based on two fea-
tures: the number of iterations until convergence and the
computation required for each epoch. The T-1 dataset (i.e.,
24 speakers and 192 utterances; 9.7 min in total) was used
for this experiment. The VB approach required about 14.8 s
on average for one epoch and 12 iterations until it con-
verged (i.e., real-time factor (RTF) of about 0.0031) when
an Intel Xeon 3.00 GHz processor was used. However, the
proposed nested Gibbs sampling method required about
41.4s on average for one epoch and about 63 iterations
until the maximum logarithmic marginalized likelihood
was obtained (i.e., RTF of about 0.0450), whereas the con-
ventional Gibbs sampling method only required about1.58 s
and about 17 iterations until the maximum logarithmic
marginalized likelihood was obtained (i.e., RTF of about
0.0005). Figure 6(a) shows the logarithmic marginalized
likelihood obtained when the nested Gibbs sampler was
applied to dataset A1. We can see that the chain of sam-
ples obtained using the nested Gibbs sampler converged
within 100 iterations at most. Compared with the conven-
tional Gibbs sampler, the nested Gibbs sampler required
more iterations and computations while it obtains substan-
tially better performance. In fact, the computational cost
of the nested Gibbs sampler will increase drastically as the
number of utterances increases because many iterations are
needed during the sampling process. However, the sam-
pling of fLVs can be parallelized, because the posterior
distribution of fLVs is calculated independently of the utter-
ances. Thus, we can reduce the computational time by using
multi-threading technology.

VI. CONCLUSION AND FUTURE
WORK

In this study, we proposed a novel method for estimating
a mixture-of-mixture model. The proposed nested Gibbs
sampler can efficiently avoid local optimum solutions due
to its nested sampling procedure, where the structure of
its elemental mixture distributions are sampled jointly.
We showed that the proposed method can estimate mod-
els accurately for speech utterances drawn from complex
multi-modal distributions, whereas the results obtained
by the conventional Gibbs sampler-based method were
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trapped in local optima. The proposed method also outper-
formed the conventional agglomerative approach in most
conditions.

The proposed MoGMMs can build a hierarchical model
from multi-level data that comprise frame-wise observa-
tions. Some types of real-world data also has the same
kind of structure, such as images comprising a set of pix-
els. In future research, we plan to apply MoGMMs to the
image-clustering problem.

Non-parametric Bayesian approaches have recently been
attracting the attention as methods for selecting optimal
model structures. For example, the nested Dirichlet pro-
cess mixture model [30] provides a model selection solution
for our MoGMMs. In a previous study, we proposed a non-
parametric Bayesian version of a mixture-of-mixture model
and showed that it was effective in estimating the number
of speakers [31, 32]. However, this model was based on the
conventional Chinese restaurant process and we employed
the conventional Gibbs sampling method, which is read-
ily trapped by the local optima. In future research, we plan
to develop a nested Gibbs sampling-based method for such
non-parametric Bayesian models.

APPENDIX

In this appendix, we provide detailed descriptions of how to
calculate the posterior probabilities for the fLVs and sLVs in
equations (31) and (33), which are required for nested Gibbs
sampling.

[sLV]

p(zu =ilO0, Vi, Vo 20
_ pOV, 2,2, = i)
 p(OV 2
o POV, 2\, 2y = i)

PO Vus Z2\4)

r (Z] i’i\uvj)
r (Z; zz)i,j)

o< exp 1 log

- B Z (H(‘i’i,]‘) - H(‘i’i\u,j)>
j

A B
= Ve=i|v:

(37)

To derive the result using equation (37), we assume
that the marginalized likelihood for each complete data
{0us, Vur> z,,} is independent from the others, and use the fact
that

POV (Vs 2uu}) = p(Ovus Vs 200) D p(Ous Vis 20)

Zu

X P(O\w V\wZ\u)) (38)

https://doi.org/10.1017/ATSIP.2016.15 Published online by Cambridge University Press

H (\ili, j) in equation (37) denotes the logarithmic likelihood
of the complete data {0, Z,V}, which is defined as follows:

HW, ;) 2 log p(O, Vay Moo 2} s vt = jozu = 1)

3 D, -
X logF(wij) — ?logé,‘j

nij nij .
+ Dlogl (7) - Zd logdija,  (39)

where h;, Wij, §ij, Nijs [Lij, and 6;j 4 denote the hyper-
parameters of the marginalized likelihood defined in
equation (22). We can also obtain the samples of fLVs from
these factorized distributions as follows:

[fLVs]

P@u = j1O Vvt W Z2vu} s 20 = 1)
PO, Vs 2w} vue = jozu = 1)
POV Vw2t 2u = 1)
POVii, Vo 2} s v = jozu = i)
P(Ovturp Wity Zvus 2u = 1)

exp {—ﬂ (H(‘i’i,j) - H(‘i’i,j\z))}

R

= Vrﬁt:j\zl‘:i, (40)

where H(\i’,-\u,j) H(\il,-,j\,) in equations (37) and (40)
denote the logarithmic likelihood of complete data with
respect to {O¢, Z, W\¢} and {O\y,, Z\u» V\u}, respectively.

To derive the result equation (40), we assume that the
marginalized likelihood for each complete data {0, vy, z,,}
is i.i.d. and we use the fact that

P(O> Vu\t: {V\u’Z\u} s Zy = l)
= p(O\{ut}y V\{ut}s Z\uy 2y = 1) ZP(Oun Vut> 2y = 1)

Vut

o P(Ovgurys Vut)s 2 2u = 1). (41)

REFERENCES

[1] Watanabe, S.; Mochihashi, D.; Hori, T.; Nakamura, A.: Gibbs sam-
pling based multi-scale mixture model for speaker clustering, in
ICASSP, 2011, 4524-4527.

[2] Rabiner, L.; Juang, B.H.: Fundamentals of Speech Recognition. Signal
Processing. Prentice-Hall, Upper Saddle River, NJ, 1993.

[3] Reynolds, D.A.; Quatieri, T.F; Dunn, R.B.: Speaker verification using
adapted Gaussian mixture models. Digit. Signal Process., 10 (1-3)
(2000), 19-41.

[4] Spellman, E.; Vemuri, B.C.; Rao, M.: Using the KL-center for efficient

and accurate retrieval of distributions arising from texture images, in
CVPR (1), 2005, 111-116.

[5] Bishop, C.M.: Pattern Recognition and Machine Learning, Springer-
Verlag, New York, 2006.

[6] McLachlan, G.; Peel, D.: Finite Mixture Models. John Wiley & Sons,
New York, 2004.

[71 Andrew, ].L.; McNicholas, P.D.; Sudebi, S.: Model-based classification
via mixtures of multivariate ¢-distributions. Comput. Stat. Data Anal.,
55 (1) (2011), 520-529.


https://doi.org/10.1017/ATSIP.2016.15

=

[o

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

(28]

[29]

[30]

[31]

NESTED GIBBS SAMPLING FOR MIXTURE-OF-MIXTURE MODEL AND ITS APPLICATION TO SPEAKER CLUSTERING

Banerjee, A.; Dhillon, L.S.; Ghosh, J; Sra, S.: Clustering on the unit
hypersphere using von Mises-Fisher distributions. J. Mach. Learn.
Res., 6 (2005), 1345-1382.

Tang, H.; Chu, S.M.; Huang, T.S.: Generative model-based speaker
clustering via mixture of von Mises-Fisher distributions, in ICASSP,
2009, 4101-4104.

Marron, J.S.; Wand, M.P.: Exact mean integrated squared error. Ann.
Stat., 20 (2) (1992), 712-736.

Lawrence, C.J.; Krzanowski, W.J.: Mixture separation for mixed-
mode data. Stat. Comput., 6 (1996), 85-92.

Willse, A.; Boik, R.J.: Identifiable finite mixtures of location mod-
els for clustering mixed-mode data. Stat. Comput., 9 (1999),
111-121.

Calo, D.G.; Montanari, A.; Viroli, C: A hierarchical modeling
approach for clustering probability density functions. Comput. Stat.
Data Anal,, 71 (2014), 79-91.

Vermunt, J.K.: A hierarchical mixture model for clustering three-way
data sets. Comput. Stat. Data Anal,, 51 (11) (2007), 5368-5376.

Vermunt, ].K.; Magidson, J.: Hierarchical mixture models for nested
data structures, in Classification: The Ubiquitous Challenge. Springer,
Heidelberg, 2005, 240-247.

Dempster, A.P; Laird, N.M.; Rubin, D.B.: Maximum likelihood from
incomplete data via the EM algorithm. J. R. Stat. Soc.: Ser. B, 39 (1)
(1977), 1-38.

Tawara, N.; Ogawa, T.; Watanabe, S.; Kobayashi, T.: Fully Bayesian
inference of multi-mixture Gaussian model and its evaluation using
speaker clustering, in ICASSP, 2012, 5253-5256.

Valente, F; Motlicek, P; Vijayasenan, D.: Variational Bayesian speaker
diarization of meeting recordings, in ICASSP, 2010, 4954-4957.

Valente, F; Wellekens, C.J.: Variational Bayesian adaptation for
speaker clustering, in ICASSP, vol. 03, 2005, 965-968.

Teh, Y.W,; Newman, D.; Welling, M.: A collapsed variational Bayesian
inference algorithm for latent Dirichlet allocation, in Advances in
Neural Information Processing Systems, vol. 19, 2007, 1353-1360.

Blei, D.M.; Ng, A.Y,; Jordan, M.L: Latent Dirichlet allocation. J. Mach.
Learn. Res., 3 (2003), 993-1022.

Sung, J.; Ghahramani, Z.; Bang, S.: Latent-space variational Bayes.
IEEE Trans. PAMI, 30 (12) (2008), 2236-2242.

Teh, Y.W,; Newman, D.; Welling, M.: A collapsed variational Bayesian
inference algorithm for latent Dirichlet allocation. 2006.

Kirkpatrick, S.; Gelatt, C.D.; Vecchi, M.P.: Optimization by simulated
annealing. Science, 220 (4598) (1983), 671-680.

Liu, J.S.: Monte Carlo Strategies in Scientific Computing. Springer,
New York, Berlin, Heidelberg, 2008.

Garofolo, ].S.; Lamel, L.E; Fisher, W.M.; Fiscus, J.G.; Pallett, D.S,;
Dahlgren, N.L.: DARPA TIMIT acoustic phonetic continuous speech
corpus CDROM. 1993.

Kawahara, T.; Nanjo, H.; Furui, S.: Automatic transcription of spon-
taneous lecture speech, in Proc. IEEE Workshop on Automatic Speech
Recognition and Understanding, 2001, 186-189.

Shuichi, I.: On recent speech corpora activities in Japan. J. Acoust.
Soc. Japan (E), 20 (3) (1999), 163-169.

Solomonoff, A.; Mielke, A.; Schmidt, M.; Gish, H.: Clustering speak-
ers by their voices, in ICASSP, 1998, 757-760.

Rodriguez, A.E.G.A.; Dunson, D.B.: The nested Dirichlet process.
J. Am. Stat. Assoc., 103 (2008), 1131-1154.

Tawara, N.; Ogawa, T.; Watanabe, S.; Nakamura, A.; Kobayashi, T.:
Fully Bayesian speaker clustering based on hierarchically structured

https://doi.org/10.1017/ATSIP.2016.15 Published online by Cambridge University Press

utterance-oriented Dirichlet process mixture model, in INTER-
SPEECH, 2012, 5253-5256.

Tawara, N.; Ogawa, T.; Watanabe, S.; Nakamura, A.; Kobayashi, T.: A
sampling-based speaker clustering using utterance-oriented Dirich-
let process mixture model and its evaluation on large scale data.
APSIPA Transactions on Signal and Information Processing, 4 (2015),
E16.

[32

Naohiro Tawara received his B.S. and M.S. degrees from
Waseda University in Tokyo, Japan in 2010 and 2012. He is cur-
rently working as a Research Associate in Waseda University.
He is a member of the Acoustical Society of Japan. His research
interests include speaker recognition, image processing, and
machine learning.

Tetsuji Ogawa received his B.S., M.S., and Ph.D. in electrical
engineering from Waseda University in Tokyo, Japan, in 2000,
2002, and 2005. He was a Research Associate from 2004 to
2007 and a Visiting Lecturer in 2007 at Waseda University. He
was an Assistant Professor at Waseda Institute for Advanced
Study from 2007 to 2012. He has been an Associate Professor at
Waseda University and Egypt-Japan University of Science and
Technology (E-JUST) since 2012. He was a Visiting Scholar in
the Center for Language and Speech Processing, Johns Hopkins
University, Baltimore, MD, from June to September in 2012 and
from June to August in 2013, and a Visiting Scholar in Speech
Processing Group, Faculty of Information Technology, Brno
University of Technology, Czech Republic from June to July in
2014 and May to August in 2015. His research interests include
stochastic modeling for pattern recognition, speech enhance-
ment, and speech and speaker recognition. He is a member
of the Institute for of Electrical and Electronics Engineering
(IEEE), Information Processing Society of Japan (IPS]) and
Acoustic Society of Japan (AS]). He received the Awaya Prize
Young Researcher Award from the ASJ in 2011 and Yamashita
SIG Research Award from the IPSJ in 2013.

Shinji Watanabe is a Senior Principal Research Scientist
at Mitsubishi Electric Research Laboratories (MERL), Cam-
bridge, MA. He received his Ph.D. from Waseda University,
Tokyo, Japan, in 2006. From 2001 to 2011, he was a research
scientist at NTT Communication Science Laboratories, Kyoto,
Japan. From January to March in 2009, he was a visiting scholar
in Georgia institute of technology, Atlanta, GA. His research
interests include Bayesian machine learning and speech and
spoken language processing. He has been published more than
100 papers in journals and conferences, and received several
awards including the Best paper award from the IEICE in 2003.
He served an Associate Editor of the IEEE Transactions on
Audio Speech and Language Processing, and he is a member
of several committees including the IEEE Signal Processing
Society Speech and Language Technical Committee and the
APSIPA Speech, Language, and Audio Technical Committee.

Tetsunori Kobayashi received B.E., M.E., and Dr.E. degrees
from Waseda University, Japan, in 1980, 1982, and 1985, respec-
tively. In 1985, he joined Hosei University where he served
as a lecturer and then as an associate professor. In 1991, he
moved to Waseda University and has been a professor there
since 1997. He was a visiting researcher in MIT’s Laboratory
for Computer Science, Advanced Telecommunication Labora-
tory, and NHK’s Science and Technical Research Laboratory.
His research interests include the basics of speech recognition
and synthesis and of image processing and applying them to
conversational robots.

13


https://doi.org/10.1017/ATSIP.2016.15

	I Introduction
	II Formulation
	A MoGMMs
	B Generative process and graphical model

	III Model inference based on fully Bayesian approach
	A Model estimation using a VB-based approach
	B Model estimation based on the MCMC approach
	1) Marginalized likelihood for complete data


	IV Implementation of MCMC- based model estimation
	A Nested Gibbs sampling for MoGMMs
	B Computation of the marginalized likelihood

	V Speaker clustering experiments
	A Experimental setup
	1) Datasets
	2) Measurement
	3) Evaluation conditions

	B Experimental results
	1) Comparison with the conventional Gibbs sampler
	2) Comparison with the VB-based method and agglomerative method
	3) Computational cost


	VI Conclusion and future work
	Appendix

