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ABSTRACT

This study aims to verify effective optimization methods for estimat-
ing parametric, fully Bayesian models in speech processing. For that
purpose, we investigate the impact of the difference in optimization
methods for the multi-scale Gaussian mixture model, which is suit-
able for speaker clustering, on the clustering accuracy. The Markov
chain Monte Carlo (MCMC)-based method was compared with the
variational Bayesian method in the speaker clustering experiment;
with a small amount of data, the MCMC-based method was more
effective; with large scale data (more than one million samples), the
difference between these methods in terms of the clustering accu-
racy decreased and the MCMC-based method was computationally
efficient.

Index Terms— Speaker clustering, multi-scale Gaussian mix-
ture model, Gibbs sampling, variational Bayesian method

1. INTRODUCTION

Speaker variability in speech data has mainly two levels: 1) inter-
utterance variability, which is derived from the difference in speaker
characteristics, and 2) intra-utterance variability (i.e., intra-speaker
variability), which is derived from the difference in contents of spo-
ken utterances.

Statistical modeling plays an important role in handling data in-
volving such multi-scale properties. In the domain of natural lan-
guage processing, latent Dirichlet allocation (LDA) [1, 2] is one of
the successful approaches for handling multi-scale properties such
as word-level and document-level properties. Hierarchical modeling
has also been applied to acoustic speaker clustering in the form of
an utterance generative model [3, 4]. In this model, we used conven-
tional Gaussian mixture models (GMMs) for representing the intra-
utterance variability (i.e., intra-speaker variability) and a mixture of
these GMMs for representing the inter-utterance variability (i.e., en-
tire speaker space).

The Markov chain Monte Carlo (MCMC)-based method and the
variational Bayesian (VB) method have been applied to the opti-
mization of hierarchical models such as the LDA and utterance gen-
erative models. The MCMC-based and VB methods used for LDA
were compared previously [2], and it was found that the MCMC-
based method is more efficient and takes less computational time to
converge parameters. In addition, the VB method is more likely to
converge the parameters to the local optima, which yield low-quality
solutions. The MCMC-based method, in contrast, can avoid the local
convergence problem and improve the quality of the solutions by tak-
ing sufficient time for model estimation. The MCMC-based method
has been widely used in practice because of its effectiveness, com-
putational efficiency, versatility, and ease of implementation. In this
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case, discrete data are handled in LDA, whereas continuous data are
handled in speech models such as hidden Markov models (HMMs)
and GMMs. Hierarchical models are severely affected by local op-
tima, and there is a strong likelihood of this problem being more
serious especially in the case of speech modeling that uses continu-
ous Gaussian mixture distributions with a complicated structure.
Therefore, this paper verifies optimization methods suitable for
estimating the utterance generative model, which is a hierarchical
model for continuous data, in terms of performance and data scal-
ability. For this purpose, we investigate the impact of the afore-
mentioned model optimization methods (i.e., the MCMC-based and
VB methods) on the speaker clustering performance by using two
speech databases, TIMIT as common speech data and “corpus of
spontaneous Japanese (CSJ)” as large scale real speech data.

2. MULTI-SCALE MIXTURES OF GAUSSIAN MODELS

Let 0u: € RP be a D-dimensional observation vector at the ¢-th

. N
frame in the u-th utterance, O, = {0u}.", be the u-th utterance

that comprises 7%, observation vectors, and O 2 {Ou}ff:l be a set
of U utterances.

We define the generative model to represent the speaker space
by using a mixture of GMMs (MoGMMs) in which D-dimensional
GMMs represent speaker characteristics (i.e., intra-speaker variabil-
ity), and the mixture of these GMMs represents the entire speaker
space (i.e., inter-speaker variability). In this model, the number of
mixtures in the MoGMMs indicates the number of speakers. To
deal with this hierarchical mixture model, two kinds of latent vari-
ables are introduced: Z = {zu}E{:l represents the utterance-level
latent variables, each of which identifies the MoGMM component
(i.e., speaker distribution) to which the u-th utterance is assigned;
V = {U1Lt}5:f;‘1 represents the frame-level latent variables, each of
which identifies the intra-speaker GMM component to which the ¢-th
frame in the u-th utterance is assigned. In this case, the utterance-
level and frame-level latent variables in the MoGMM-based speech
modeling correspond to the document-level and word-level latent
variables in LDA, although continuous data are used in speech mod-
eling and discrete data are used in LDA. The conditional probability
of all utterances given the latent variables is described as follows:

p(0|Z,V,®)
U Tu
= I he L7 weninN (Ouilbi, oy Bein) (D)

where © denotes a set of parameters {{h;} , {wi;}, {m; } , {Zi;} }:
hy;, the weight for the entire speaker MOGMM component; w;j, f,;,
and 3;;, the weight, mean vector, and covariance matrix for the
intra-speaker GMM component, respectively. 3;; is a diagonal co-
variance matrix whose (d, d)-th element is represented by o;;,4. In
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Fig. 1. Graphical model for utterance generative model.

a Bayesian approach, the conjugate prior distributions of parameters
are introduced as follows:

P(h)=D(h’), P(wij)=D(wy}),
p(pija, 0ija) = szlNG(SO»UO»N?,dvag,d) )

where D (ho) denotes the Dirichlet distribution with a hyper param-
eter h” and NG (€°,7°, 19 4,09 4) denotes the Normal-Gamma
distribution with hyper parameters £°, n°, ,u?ﬂ 4 and O’;-{d. Figure 1
shows the graphical model for the utterance generative model used.

3. MODEL ESTIMATION

When using the multi-scale mixture model described in the previ-
ous section, the speaker clustering problem reduces to estimating the
utterance-level latent variables. In this case, the following posterior
probabilities of the latent variables V and Z are estimated.

2 p(vw =§l0,0,2, = i) 3)
2 p(z =i]0,0) )

VYour=jlzu=1
VYzu=i

Sufficient statistics of this model are computed by using the afore-
mentioned posterior probabilities as follows:

ci =3, Veu=i

Nij = Dt Yourmilza=i * Veu=i

Mij = 2yt Vour=jlzu=i " Vzu=i * Out
= Eu,t Your=jlzu=1i " Vzu=i " (Out,d)2

(5)

Tijd
where ¢; denotes the number of utterances assigned to the i-th com-
ponent of the entire speaker MoOGMM; n;;, the number of frames
assigned to the j-th component of the intra-speaker GMM of the i-th
component of the MOGMM; and m;; and 7;;, the first and second

order sufficient statistics, respectively. The hyper parameters of the
posterior distributions for ® are computed as follows:

hs = h° +¢
Wij = Wi+ g
. &5 =& +ny
©i; =19 7; =n"+ny 6)
~ _ EUM?-‘rmM
12271 T

=00 g+ rija+E W) + &ij(fiija)
In 3.1 and 3.2, we describe the MCMC-based and VB methods, re-
spectively.

Gij,d

Algorithm 1 Collapsed Gibbs sampling-based model estimation.
7U7t = 17 ?T’U«}

1: Initialize {zu, vyt tu =1, -+
2: repeat
3: forall usuchthatl <u < U do

for all u suchthat 1 < u < U do
Sample z,, from Eq. 8

10:  end for

11: until some condition is met

4: for all £ suchthat 1 <t < T, do
5: Sample v+ from Eq. 7

6: end for

7:  end for

8:

9:

3.1. MCMC-based method

In the MCMC-based method for estimating the utterance-level
latent variables, the samples of latent variables are obtained directly
from the posterior distribution of these variables. It means that
Vows=j|zu—i and vz, =; described in Eqgs. 3 and 4 are zero-or-one
values according to the assignment of data. In this study, we ap-
ply the collapsed Gibbs sampling, in which the parameters ® are
marginalized, to the marginalized joint posterior distribution.

In each step of the collapsed Gibbs sampling, the value of one of
the latent variables (e.g., z,,) is replaced with a value generated from
the distribution of that variable given the values of the remaining
latent variables (i.e., Z\, = {z,/|u'#u}). In this case, the latent
variables are sampled from the conditional posterior distribution as
follows:

[Frame-level latent variables]

p(vut - j/‘07 V\t: Z\u7 Zu = ’L)
exp (gij’ (éi,j’) - gij’(éi,j’\t))
exp (Zj 9i5(®,5) — gz'j(éi,j\t))

@)

[Utterance-level latent variable]

p(zu =110, V,Z\,)

D25 Wir g
exp (log s ad” + 2, (90(Ov

2Pinu
eXP(Z (10gr@37w\,§+2 (!Ju(

D)= 95(0inu,)))

)*gij(@i\u,]‘))))
(8)

where g;;(©; ;) denotes the joint probability described as follows:

~ A . .
gij(gi,j) = p(O7V7W’Mt :.]7ZaZU :7‘)
D ~
5 108 &ij

Mij 7ij ~
+DlogT ( ) — 5D, logdia (9

log P('lf)zj) —

where R, Wi, Eijs Tijs ;5. and 7,4 are described in Eq. 6, and D
denotes the dimensionality of observation vectors; and g;; (éi, i\t
is computed using O\, Z, and V.

This sampling process is iterated across all latent variables. For
the utterance generative model used, the collapsed Gibbs sampling
procedure is carried out as Algorithm 1. It should be noted that the
sequence of the latent variables sampled is guaranteed to be the se-
quence of the samples generated from the original joint distribution.
We, therefore, can assume that these estimates of the utterance-level
latent variables are a result of speaker clustering.
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Algorithm 2 Variational Bayesian model estimation.

1: Initialize {2z, vut ;u=1,--- Ut =1,--- Ty }.

2: repeat

3: foralli, jsuchthat1 <i<S,1<j< M do

4: Compute the expectation values described in Egs. 16 - 19.

5: forall u,tsuchthatl <u<U,1<t<T,do

6: Compute ¢(V, Z) in Eq. 10 followed by computing the
expectation values described in Egs. 13 and 15.

7 end for
8:  end for
9 for all i, jsuchthat1 <i < S,1<j < M do
10: Compute the hyper parameters of ¢(®) in Eq. 11 by using
the sufficient statistics, as described in Eq. 6.
11:  end for

12: until estimation is converged

3.2. Variational Bayesian (VB) method

In the VB method, the utterance-level latent variables are determin-
istically obtained by estimating the variational posterior distribution,
whereas in the MCMC-based method, these variables are stochasti-
cally sampled from the conditional posterior distribution. In the VB
method, to optimize the variational posterior distribution, we attempt
to maximize what is called “free energy,” which is the lower bound
of the marginalized logarithmic likelihood (i.e., log p(O)).

Under the assumption that each variable in the variational pos-
terior distribution is i.i.d. as ¢(V,Z,0) = ¢(Z)q(V|Z)q(®), the
optimal variational posterior distribution (i.e., ¢(V, Z, ®) that max-
imizes the free energy) can be determined as follows:

aV.2) o exp((10gp(0,V,2,0)) ) (10
q

q(®) exp(<logp(O,V,Z,®)>q(v,z)) (11)

where (f(X))q(x) denotes the expectation given that X is dis-
tributed according to q. Optimal ¢(V,Z) and ¢(®) are obtained
from Algorithm 2. The posterior probability of a frame-level latent
variable is estimated as follows:

*
Vour=j|zu=i

1
= €exp (<10gwij>q(w1j) + 5 Zd<10g‘7ijyd>q(mj,d)

D 1 —1 2
— 510g27T— §Zd<aij’d(om’d — Wij,d) >q(/»‘4ij,d‘o'ij’d>(12)
In this case, we can determine a frame-level latent variable by nor-
malizing Eq. 12 as follows:

FYUut:]'\Zu:i (13)
2 Vowemilzumi

In the same manner, we can compute an utterance-level latent vari-
able ., —; from the posterior probability 77 _; as follows:

’Y;u:i = <10g hz>‘1(h7) Ht Z] ,qut:]“zu:i (14)

Veumi
Vou=i = = o (15)
Zi’yzu:i

In this case, the expected values of the parameters described in
Egs. 12 and 14 are computed as follows:

(log ha)q(n,) = (hi) — Q/J(Zi hi) (16)
(log wij)g(w;;) = Y (Wiz) — w(Zj i) (17)
(log oij.a)g(os; 4) = ¥ (1ij) — log Gijua (18)

—1 2 ~ ~—1 ~ 2 -~
(037,a(0ut,d = 1i,d) Do alor.a) = Mi50j,aOut,d — fliz,a) +Eij (19)

Tvur=jlzu=i =
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Table 1. Number of speakers and utterances in evaluation data. The
number of utterances are averaged over speakers in CSJ-4 and 5.
[ TIMIT | CSI-1 | CSJ2 | CSJ-3 | CSI4 | CSI-5
# spkr. 24 10 10 10 10 20
# utt. / spkr. 8 5 10 20 249.1 | 232.1

where 1) (-) denotes Digamma function.

4. SPEAKER CLUSTERING EXPERIMENTS

In order to compare the MCMC-based and VB methods, we carried
out speaker clustering experiments.

4.1. Experimental condition

4.1.1. Speech data

We performed speaker clustering experiments by using six evalua-
tion sets obtained from the TIMIT and CSJ databases. Table 1 lists
the number of speakers and utterances in the evaluation sets used.
We used a core test set in TIMIT, which included 192 utterances
spoken by 24 speakers. The remaining five evaluation sets were ob-
tained from CSJ as follows: all lectures were divided into utterance
units on the basis of silence segments in their transcriptions that were
longer than 500 ms; ten speakers were randomly selected and their
5, 10, 20, and all utterances were selected for CSJ-1, CSJ-2, CSJ-
3, and CSJ-4, respectively; and 20 speakers were randomly selected
and all their utterances were selected for CSJ-5. Each utterance is
between 5 and 10 s long. We evaluated five combinations of differ-
ent speakers in each data set. In this case, CSJ-4 and CSJ-5 include
large scale data (about 1M and 3M samples, respectively).

We used 39-dimensional acoustic feature parameters that con-
sisted of 12-dimensional mel-frequency cepstrum coefficients
(MFCCs), log energy, their A parameters, and their AA param-
eters. The frame length and frame shift were 25 ms and 10 ms,
respectively.

4.1.2. Measurement

We applied the average cluster purity (ACP), average speaker purity
(ASP), and geometric mean of those values (K value) to the evalua-
tion criteria in the speaker clustering [5]. The number of iterations in
the MCMC-based method was set to 50. We considered the first 40
iterations as the burn-in period, and the K values obtained from this
period were rejected. The average of the K values of the remaining
ten iterations was measured. Furthermore, we carried out 50 similar
experiments using different seeds to generate the random numbers
and different initial values for the latent variables and then measured
the average of the K values. For the VB method, we also carried
out 50 similar experiments using different initial values for the latent
variables and then measured the average of the K values.

4.1.3. Evaluation condition

The hyper parameters in Eq. 2 were set as follows: h° = 1, £€° = 1,
and n° = 1. w?, p,?j, and E?j in Eq. 2 were set to the weights,
mean vectors, and covariance matrices of the universal background
model (UBM), respectively. The UBM was trained with the com-
plete test set in TIMIT except for the core test set. The number of
speaker clusters was set to the actual number of speakers. The num-
ber of mixtures in the intra-speaker GMMs was set to two in both the
MCMC-based and VB methods. The initial values of the utterance-
level latent variables and those of the frame-level latent variables
were determined with the K -means clustering algorithm and assign-
ment of random numbers to the variables, respectively.
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Fig. 2. K values as a function of the number of estimated speaker
clusters. To distinguish between data for the same number of clus-
ters, the dots are identified with small random horizontal perturba-
tions.

4.2. Experimental results and discussion

Table 2 lists the ACPs, ASPs, and K values obtained when using the
MCMC-based and VB methods for the six evaluation sets. Figure 2
shows a scatter plot representing the relationship between the esti-
mated number of speaker clusters and the corresponding K values
for CSJ-1. In this figure, the dots are described with small random
horizontal perturbations to distinguish between data for the same es-
timated number of clusters.

The MCMC-based method outperformed the VB method for
most of all evaluation sets. In this case, we can see that the dif-
ference in the clustering accuracy between these methods decreased
with an increase in the number of utterances for each speaker from
the results for CSJ-1, CSJ-2, CSJ-3, and CSJ-4. In addition, the VB
method tended to estimate the fewer number of clusters than the true
number of speakers, as compared with the MCMC-based method.
This tendency became noticeable, especially when the number of
utterances was fewer. The VB method is known to easily fall into
local optima, whereas the MCMC-based method can avoid such so-
lutions. This hypothesis was supported by Fig. 2; when applying the
VB method, the K values were vertically distributed in wide ranges
for the same estimated number of clusters, whereas the K values
were almost the same in the MCMC-based method. Therefore, the
MCMC-based method could achieve more precise speaker cluster-
ing than the VB method for small numbers of utterances.

Next, we discuss the reason why the small number of clus-
ters was estimated (in this case, adequate clustering could not be
achieved) when the number of utterances was small, focusing on
the MCMC-based method. The case where the estimated number of
clusters was smaller than the true number of speakers indicates that
there were the clusters to which no data were assigned as a result of
the model estimation. The results can be interpreted as follows: once
a speaker cluster becomes empty (i.e., no data are assigned to this
cluster) at the step of sampling the utterance-level latent variables,
new utterances are never assigned to this cluster. This indicates that
ergodicity in the Gibbs sampler is not satisfied. In this case, it is not
guaranteed that the samples are generated from the true posterior
distribution. When the number of utterances is large, such a situa-
tion will not occur frequently and adequate latent variables would
be obtained. In contrast, when the number of utterances is small, the
number of speaker clusters to which no utterances are assigned will
probably increase, and therefore, adequate clustering would not be
achieved.

We finally discuss computational cost. In the experiment per-
formed using CSJ-5 (i.e., 20 speakers and 232.1 utterances per
speaker), the MCMC-based method required double times of the
VB-based method for one epoch of iterative calculation e.g., the
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Table 2. Speaker clustering results.

Evaluation data

Method | #clusters | ACP | ASP | K value

TIMIT MCMC 23.7 0.783 | 0.816 0.799
(spkr:24,utt:8) VB 22.0 0.608 | 0.790 0.692
CSJ-1 MCMC 9.21 0.808 | 0.898 0.851
(spkr:10,utt:5) VB 8.79 0.704 | 0.860 0.777
CSJ-2 MCMC 9.75 0.852 | 0.892 0.871
(spkr:10,utt:10) VB 9.29 0.695 | 0.846 0.782
CSJ-3 MCMC 9.97 0.866 | 0.892 0.879
(spkr:10,utt:20) VB 9.59 0.780 | 0.870 0.823
CSJ-4 MCMC 10 0.784 | 0.694 0.738
(spkr:10,utt:249.1) VB 10 0.773 | 0.673 0.721
CSJ-5 MCMC 20 0.740 | 0.627 0.681
(spkr:20,utt:232.1) VB 18.88 0.693 | 0.676 0.684

former and latter methods took about 214.87 and 103.01 s, respec-
tively, on an average by using Intel Xeon 3.00 GHz. However, the
MCMC-based and VB methods required 10 and 100 iterations until
convergence of estimation. As the number of utterances increases,
the computational cost will drastically increase because a lot of
iterations are needed. Therefore, fast convergence speed of the
MCMC-based method has a great advantage in total computational
cost. In addition, we can apply some sampling techniques with fast
convergence e.g., blocked Gibbs sampling, simulated annealing, and
beam sampling.

5. CONCLUSION AND FUTURE WORKS

In this study, we investigated the impact of the difference in esti-
mation methods, the MCMC-based and VB methods, of the fully
Bayesian multi-scale mixture model on speaker clustering accu-
racy. Speaker clustering experiments showed that the MCMC-based
method outperformed the VB method, especially when only few
utterances could be used. We also showed that precise speaker clus-
tering was not always achieved for a data set with a small number of
utterances even when using the MCMC-based method, because the
parametric Bayesian approach did not always satisfy the ergodicity
required in the Gibbs sampler.

In order to solve this problem, it is effective to apply non-
parametric Bayesian modeling where the empty clusters can be
selected in the Gibbs sampling procedure (e.g., Chinese restaurant
process). Actually, in [5], we proposed a non-parametric Bayesian
version of an utterance generative model and showed that this model
was effective in estimating the number of speakers. In this model,
however, the intra-speaker distribution was not represented by an
MoGMM but approximately represented by a single Gaussian dis-
tribution. Therefore, in future work, we would like to extend the
MoGMM used in this study to a non-parametric Bayesian model.
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