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Dirichlet Latent Variable Model: A Dynamic Model
Based on Dirichlet Prior for Audio Processing

Anurendra Kumar

Abstract—We propose a dynamic latent variable model for learn-
ing latent bases from time varying, non-negative data. We take a
probabilistic approach to modeling the temporal dependence in
data by introducing a dynamic Dirichlet prior—a Dirichlet distri-
bution with dynamic parameters. This new distribution allows us
to assure non-negativity and avoid intractability when sequential
updates are performed (otherwise encountered in using Dirichlet
prior). We refer to the proposed model as the Dirichlet latent vari-
able model (DLVM). We develop an expectation maximization al-
gorithm for the proposed model, and also derive a maximum a
posteriori estimate of the parameters. Furthermore, we connect the
proposed DLVM to two popular latent basis learning methods—
probabilistic latent component analysis (PLCA) and non-negative
matrix factorization (NMF). We show that 1) PLCA is a special
case of our DLVM, and 2) DLVM can be interpreted as a dynamic
version of NMF. The usefulness of DLVM is demonstrated for three
audio processing applications—speaker source separation, denois-
ing, and bandwidth expansion. To this end, a new algorithm for
source separation is also proposed. Through extensive experiments
on benchmark databases, we show that the proposed model outper-
forms several relevant existing methods in all three applications.

Index Terms—Latent variable model, Dirichlet distribution, time
varying, non negative, NMF, exponential family distributions.

1. INTRODUCTION

EARNING effective generative models to achieve rich and
L compact representation of signals is critical to many signal
processing and modeling tasks. Latent variable models (LVMs)
form a class of generative models that associate a set of un-
observed (latent) variables to the observed variables, where
the latent variables are assumed to be the underlying cause
of the observations. LVMs that are commonly used to model
non-negative data are probabilistic latent component analysis
(PLCA) [1] (an extension of the probabilistic latent semantic
analysis (PLSA) [2]) and latent Dirichlet allocation (LDA) [3].
The wide success of LVMs is noted in many applications, such as
source separation [4], topic modeling [3] and biomedical signal
processing [5].
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Another popular data modeling approach that is closely re-
lated to the LVMs is the non-negative matrix factorization
(NMF) [6], [7]. The objective of both LVMs and NMF is to
learn the underlying ‘building blocks’ in data, often called the
latent bases. Both assume that the data is inherently low rank,
and represent each observation as a linear combination of the
latent bases. Given a data matrix, these models aim to learn a
basis matrix and its corresponding coefficient matrix. It has been
shown that for certain cost functions, LVMs converge to NMF
[6], [7]. Thus, LVMs can be thought of as the probabilistic coun-
terpart of NMF. The advantages of probabilistic methods (such
as LVMs) over non-probabilistic approaches (such as NMF) are
that the probabilistic approaches can be easily generalized to
higher dimensions, and they also allow imposing constraints
with suitable prior distributions [7].

The LVMs and NMF in their basic forms do not take into
account the temporal correlation in the data. The basic (static)
models assume that each data point is independent. However,
signals like speech exhibit strong temporal dependence, and
an effective strategy is needed to capture such temporal depen-
dence. Efforts have been put towards learning dynamic models
by imposing temporal constraints on the bases as well as on their
coefficients. The dynamic models include sparse and dynamic
variant of LVM/NMF [8]-[11], convolutive NMF [12]-[14] and
non-negative hidden Markov model (NHMM) [15].

In this paper, we take a probabilistic approach to modeling the
temporal dependence and propose a dynamic LVM for learning
latent bases from time varying, non-negative data.! We model the
temporal dependence in data by introducing a dynamic Dirichlet
prior i.e., a Dirichlet distribution with dynamic parameters. Ear-
lier the Dirichlet prior (without dynamic parameters) has been
shown to be useful for only static non-negative data [3], and
to yield non-negative updates when applied to dynamic non-
negative data [17]. For the likelihood function, we use a mixture
multinomial as it is well known to capture the structure of non-
negative data [2], [3] and often yields simple and closed form
solutions. We develop an expectation maximization (EM) algo-
rithm for the proposed model, and derive a maximum a posteriori
(MAP) estimate of the parameters. We show that the expected
log-likelihood function is concave and can be solved by standard
convex optimization methods. We refer to the proposed model
as the Dirichlet latent variable model (DLVM).

We also establish strong connections between the proposed
DLVM and the two well known basis learning methods - PLCA

'A preliminary version of this work has been published in ICASSP’ 18 [16].
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and NMF. We show that (i) the PLCA model is a special case
of the proposed DLVM, and (ii) DLVM is a dynamic version
of NMF. We also show that our model is generic and suitable
for both count data (e.g., word count data) and non-count data
(e.g., speech data). Unlike other dynamic LVMs, the proposed
model does not have any free parameter (other than the num-
ber of latent bases). The effectiveness of the proposed model is
demonstrated through three applications: speaker source separa-
tion, bandwidth expansion and speech-noise separation. Exten-
sive experiments on the TIMIT [18] and the signal processing
information base (SPIB) [19] databases show that the proposed
model outperforms several relevant existing methods in all three
applications. The contributions of this work are as follows:

e The main contribution of the paper lies in proposing a new
dynamic Dirichlet prior - a Dirichlet distribution with dy-
namic parameters - which yields non-negative updates for
dynamic non-negative data. Subsequently, using this new
prior for our model, we develop a suitable EM algorithm,
and derive MAP estimates of the parameters.

e We show that (a) DLVM is a dynamic version of NMF, and
(b) the popular PLCA model is a special case of DLVM.

® We proposed a source separation algorithm utilizing the
latent bases learned using DLVM.

® The proposed DLVM has been successfully applied to three
speech processing tasks (speaker source separation, band-
width expansion and speech-noise separation) to achieve
superior results.

II. RELATED WORK

One of the first latent variable models, the PLSA, was devel-
oped for addressing natural language processing tasks [2]. Later,
asimilar model, popularly known as the PLCA [1], was proposed
to analyze audio spectrograms, and was successfully applied to
audio source separation [1]. The PLCA constructs a generative
story of the observed data using latent variables with a mixture
multinomial distribution as the likelihood. Another model, the
LDA [3], was developed by extending the PLSA framework that
imposed Dirichlet distribution as a prior. Dirichlet distribution
provides an intuitive understanding of the corresponding multi-
nomials as pseudocounts [3].

However, the corresponding EM algorithm becomes in-
tractable because the likelihood is a mixture multinomial in-
stead of a multinomial [3]. Several sampling strategies, such
as Markov chain Monte Carlo (MCMC) and variational Bayes
method are used to resolve the intractability issue [3]. Even
though LDA has shown promising results in natural language
processing [3], it has not been very successful in audio process-
ing tasks, such as source separation [4]. Similar to the prob-
abilistic models, a large number of NMF algorithms involving
different cost functions exist in the literature [9], [20], [21]. Most
of these algorithms use an alternating maximization method to
learn the basis and their coefficients. It has been shown that for
certain cost functions, LVMs converge to NMF [6], [7], and can
be thought of as the probabilistic counterpart of NMF.

As discussed earlier, LVMs and NMF in their basic forms do
not take into account the temporal correlation in the data. Exten-
sions have been proposed to incorporate temporal dependencies
in static LVMs and NMF. Shift invariant PLCA [12], [22] cap-
tures the temporal structure by imposing constraints on the basis
matrix. It models the observed data as a convolutive mixture of
latent bases, and has the property of shift invariance. Another
natural extension of this idea is to have temporal constraints on
the coefficient matrix while the basis matrix is constant [23].
HMM is a popular method for modeling temporal data with dis-
crete states. An attempt has been made to connect HMM and
NMF resulting into a non-negative HMM [15]. This model is
useful for data with discrete number of states.

Another line of approach to model time varying data is to
use Kalman filter [24]. Kalman filters and its nonlinear variants
[25]-[27] have been widely used for the estimation of continu-
ous states. Such models assume a Gaussian distribution as the
likelihood, and is not well suited for modeling non-negative data.
Recently, there has been a significant amount of work on learn-
ing continuous state representations [17], [28], [29] for non-
negative data. One such work used the Gamma distribution as
the likelihood function [28]. This model can be viewed as a dy-
namic counterpart of NMF with Itakura-Saito divergence [17].
Both the Gamma and the mixture multinomial distributions are
suitable for modeling non-negative data, where the preference of
one over the other is application-specific [23]. Another work has
extended the basic PLCA model by combining ideas from state
space models and Kalman filtering [17]. This work used an ex-
ponential distribution as a prior. In contrast to the past literature,
the work in this current paper proposes a new prior - a Dirichlet
distribution whose parameters are dynamic. We derive the cor-
responding update equations, which are a generalized form of
the static PLCA.

III. DYNAMIC DIRICHLET LATENT VARIABLE MODEL

In this section, we develop the DLVM along with its
variant - the bidirectional DLVM. Our objective is to model
a time varying signal x(¢) by learning its latent bases from its
spectral distributions. We represent x(¢) spectrographically by
taking its short time Fourier transform (STFT) and retaining its
scaled magnitude spectrogram

N =|STFT(x(t))] =X ()

where 7 is a large integer that ensures that all elements in IN are
integers [1]. Now, the observed (spectral) data matrix N can be
seen as count data, where Ny; corresponds to the count of the
frequency f atatime instant ¢. Each column of the matrix N thus
corresponds to a spectral distribution at a particular time instant.
With each frequency count f € {1,2,..., F'}, we associate an
unknown latent variable z of dimension K with one of the entries
as 1 and the rest as zero, z = [z1, 22, . . . 2x]. Here, z; denotes
the ' latent basis described by a spectral distribution P(f|z;).

LVMs assume that the underlying cause of an observed vari-
able f is a set of unobserved latent variables z; where k €
{1,2,... K}. Marginalizing over the latent bases z, the spec-
trogram (IN) at time ¢ is a mixture of the /& hidden distributions,
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where K is a known positive integer

K K
P(f) =Y Plf,z) =Y Pla)P(flaw) @
k=1 k=1

where P;(f) is the probability of frequency f at ¢, P(f|z;) is
a multinomial distribution (similar to that used PLCA [1]), and
the coefficients of the mixture are P;(z;),i € {1,2,... K}.

Our model assumes that the latent bases P( f|zy,) are the same
at all time instants. The bases are source-specific and are viewed
as the spectral signatures of the sources. On the other hand,
the coefficients P;(z;) vary over time, and they describe the
probability of each latent base at a given time ¢.

Let n,; denote the observation vector at time instant ¢ (the ¢
column of the matrix IN). Let us now define a state, s;, of the
observation vector n; as follows

St = [Pt(21)7pt(22)7 .. .,Pt(Zk)]T
= [s6(1),5¢(2), ..., se (K] 3)

In general, static LVMs assume that the mixture coefficients
P, (zy) (hence, the states s;) are independent at all time instants.
However, this assumption limits the effectiveness of the LVMs
for modeling time varying signals. Our model addresses this
limitation by imposing a Markovian dependence between states
using a Dirichlet distribution. Note that the support of the states
s; of dimension K lies on a K — 1 dimensional simplex. The
Dirichlet distribution has been widely used as a distribution on
simplex and is the conjugate of multinomial. Also, it belongs
to the exponential family and has finite dimensional sufficient
statistics [3]. These properties lead to intuitive and efficient pa-
rameter estimation discussed in Section IV. The proposed model
is described below in detail.

A. DLVM

To model the temporal dependence between states, we pro-
pose a Dirichlet distribution with time-varying parameters

P(St|St_1, D) = DiI‘(Ozt_lDSt_l + 1)

where a; = Z Nyt
f

P(s;) = Dir(1) @

where, ‘Dir’ denotes the Dirichlet distribution, «; denotes the
total number of observations at time ¢, 1 is an all-one vector, and
D is a temporal dependence matrix defined as follows

diy di2 dix
d21 d22 d23 d2K

D=1 | S . o)
dr1 dr2 dis dx K

where, d;; € RT denotes the temporal dependence between
states at two consecutive time instants for the i*" and j** la-
tent basis. A higher value of d;; indicates higher temporal
dependence.

w ®
L :

Fig. 1.  Plate notation for DLVM (T": total number of time instants).

The Dirichlet-multinomial conjugacy allows us to have an
intuitive understanding of the parameters of the Dirichlet dis-
tribution as pseudo observations. Let us define the pseudo ob-
servation for the k*" basis at time ¢ as m;, = ay_1(Ds;_1) (k).
Therefore (4) can be rewritten as follows

P(Stlstfl)D) = Ill(m l;Ist(k)mtk (6)

where, I'(z) is the Gamma function. Note that the hyperparame-
ters of the Dirichlet distribution are dynamic. Hence, we refer to
it as the dynamic Dirichlet distribution in the rest of this paper.

Let ¢; be a oy-dimensional vector, where (;(I) €
{21, 22, ... 2K } contains the active latent basis of the I*" count
of the observation vector n;. According to our model, the gen-
erative process of N is as follows:

e Sample s; ~ Dir(a;—1Ds;—1 + 1)

e Sample frequency f, v times as follows:

— Choose a latent basis (;(1) ~ Mult(s;)

— Choose a frequency f ~ Mult(P(f[¢:(1))).

Repeat the above process 7' times.

where, T is the total number of time instants, ‘Mult’ denotes
the multinomial distribution. We observe that each sample is
a realization of a mixture multinomial (for simplicity, we use
the notation of the categorical distribution, also the conjugate
of Dirichlet, for the multinomial distribution. It is a common
practice [3], and has no effect on parameter estimation). We
assume that the counts in an observation vector at a time instant
are independent and identically distributed. Fig. 1 presents a
graphical model for the proposed generative process.

The proposed dynamic Dirichlet distribution prior has the
following appealing properties which provides an intuitive
understanding:

e The generative process (with mixture multinomial as the
likelihood) allows us to view the spectrogram at time ¢ as
an observed count data over K bases. Static models such
as PLCA uses this observation data to estimate the states at
each time instant. The dynamic Dirichlet prior allows us to
have myy, extra pseudo observations for each basis k at time
instant ¢, which is the result of the multinomial-Dirichlet
conjugacy [30]. This observation will become clear in (16)
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later. A higher number of observations at previous time
instant (c;—1 ) or higher value of temporal dependence (d;j1,)
leads to a higher count of pseudo observations for k*" basis.
® The mode of the distribution lies at the normalized pseudo
observations
Mtk

Dok Mtk

e The variance of each entry of the vector s; can be obtained
from the properties of the Dirichlet distribution [30]

1
(Q_p muk + K)2 (Do, mur + K + 1)

which decreases as the total number of observations at pre-
vious time instant i.e., a1 increases. A higher value of
;1 indicates that more prior information (more pseudo
observation) is available. This trend in variance is expected
because the distribution should have less variance when
there is more prior information from previous time instant.
The proposed DLVM can be interpreted as a three-level hier-
archical Bayesian model similar to the LDA [3]. In our model,
P(f|z) is the source level parameter (sampled once for each
source), while s, is the time level (sampled once at every time
instant), and zj, and f are the frequency level (sampled once per
frequency) parameters.

mI?X(st(kﬂst_l) =

Var(s¢(k)|sg-1)

B. PLCA as a Special Case of DLVM

The relationship between the proposed DLVM and the well
known PLCA model is particularly interesting. When the tem-
poral dependence matrix D is reduced to a zero matrix, the
distribution in (4) becomes a symmetric Dirichlet distribution
Dir(1). Note that the symmetric Dirichlet distribution Dir(1) is
nothing but a uniform distribution, and thus, the formulation in
(4) is equivalent to the static PLCA. This can also be intuitively
understood as the fact that in the absence of prior information,
there is no prior preference of any state over the others. Writing
the parameters of dynamic Dirichlet as:

Oét_lDSt_l +1= at—lD(St—l + 1) + (I - at_lD)l

where, I is an identity matrix. The first term contains the prior
information from the previous time instant. The second term
contains the content of uniform distribution. When «;_1D is an
identity matrix, the prior has no component of uniform distri-
bution and is completely decided by the past information. The
amount of past information is controlled by the total number of
observed count at previous time instant (o;—1).

C. Bidirectional DLVM

We assumed that s; depends only on the immediate past
state s;_1. This degree of dependence can be relaxed, and more
states can be included to account for longer temporal depen-
dence. For example, a natural extension would be to include
the temporal dependence both in the past and in the future
states.

Let us denote the forward dependence (i.e., dependence on
the past states) matrices as D}, D7, ... D;  and the backward
dependence (i.e., dependence on the future states) matrices as

5
TE=

Fig. 2. Plate notation for bi-DLVM (order = 1).

D, ,D,,...D;, where the model order [ is a positive integer.
DlJr denotes the temporal dependence between s; on s;_; while
D; denotes the temporal dependence between s; on s;;. The
dynamic Dirichlet distribution in this case takes the following
form

+ - + -
P(St‘st_l,...,st+l,D17D1,...,Dl ’Dl)

l
= Dir Z a;;Dfsij+ i Dysi;+1] ()
j=1

where, | denotes the maximum degree of temporal dependence
in the model. To keep the equations simple, we consider [ = 1.
Let us denote D and Dy as the forward and the backward
dependence matrices. The single order bi-DLVM (referred to as
the bi-DLVM in rest of the paper) is given by

P(st[st—1,8t41,D7, D7)
= Dir(Ott_lDTSt_l + at-&—lDISH—l + 1) (8)

The corresponding graphical model is presented in Fig. 2. Note
that the proposed bi-DLVM (see (8)) reduces to the earlier pro-
posed DLVM for D1~ = 0.

IV. PARAMETER ESTIMATION

In this section, we describe the parameter estimation steps for
the proposed DLVM. We derive an EM algorithm for the same.

Let us denote the state matrix S = [s1,...s¢,...87], 8 =
{P(f‘Z), D1+,D17},A = {57 S} and( = [417 cee Cta LR CT]
Let us denote the (i, j)" element of D1 and D1~ as d;; and
d;; respectively.

The joint probability of the observed and the latent variables
given the parameter /3 is as follows

= H (P(StSt—l)f[(P(f|Ct(l))Pt(Ct(l))> €)

=1

This is obtained using Markovian dependence between states
at different time instants, and the assumption that given S the
columns of N (i.e., n;) are independent of each other. The like-
lihood of the observed spectral data matrix IN is obtained by
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marginalizing ¢ and S

P(N|p) =

Nyt
/Pst|st1 <ZP Flzr)si( > ds; | (10)

Our aim is to estimate A so as to maximize the above marginal-
ized likelihood (see 10). EM is a common approach to maximize
log-likelihood in presence of latent variables. It consists of two
iterative updates: 1) an expectation (E) step, where the posterior
distribution of the latent variables is computed; and ii) a max-
imization (M) step, where the expected log-likelihood is max-
imized with respect to the posterior distribution. The posterior
distribution of latent variables is given by

P(8,¢ N|B)
P(N|B)
However, the denominator (see (10)) is computationally in-
tractable [3], [31]. Sampling techniques, such as MCMC, or
approximate inference techniques, such as variational Bayes in-
ference can be employed to address the issue. However, for sim-
plicity, we perform a MAP estimate of the states instead of a fully

Bayesian inference. Therefore, we maximize the following

A ={8,S} = argmaxP(N, S|)
A

P(S,¢IN, 5) = (11)

Nye
= argrAnaXH P(selst-1) 1;[ (2}; P(f|zk)5t(k)>

(12)

The steps in our EM algorithm are described below.

A. Expectation Step

The posterior distribution of z is given by

Py(zx)P(f|21)
Pl = = B o P )

13)

B. Maximization Step

We intend to maximize the following MAP function

= [E log(P(IN
Lyrap e og(P(N,S,¢|3))
= E
Py(zl|f)

s.t., ZP(f|zk) =1, Zst(
I k

log(P(N, (]S, 8)) + log(P(S]5))

) =1, 0<d d;

157 g

Vi, j

(14)

The objective function L£;4p is concave with respect to each
of the parameters (S, P(f|z),D1", D1 ") provided others are
fixed. A proof of this is provided in Appendix A. We update the
parameters in an alternating fashion [32].

1) Update of P(f|z): Maximizing the above constrained ex-
pected log-likelihood in (24) with respect to P(f|zx) yields the
following

> Nyt Pi(2i] f)

P(flew) = D¢ 2 NpePr(zelf)

15)

Authorized licensed use Ilmlted to: Georgia Institute of Technology. Download

Note that this update for the latent basis P( f|zy) is the same as
that for PLCA [4].

2) Update of S: Let us now define pseudo observation from
the previous and the next time instants as mﬁ and m,, for a
basis k as follows

my, = ap1(D17si1) (k)
My, = apy1 (D1 sep1) (k)

We perform a sequential update for the states S in forward direc-
tion starting from the first time instant. While estimating s;, s;—1
appears inside the Gamma function which has already been esti-
mated. Therefore, the proposed updates are in closed form unlike
that in other models based on estimating parameters of Dirich-
let (e.g., Latent Dirichlet allocation, Hierarchical Dirichlet pro-
cess).

Maximizing £ 4 p with respect to s;(k) while keeping D}
and D7 fixed yields

> ¢ NpeP(zilf) + mif, +my,
2Oy Npe Pz f) + m +mg,)

We see that the updates of the states contain additional terms
(mj,,,m;,) as compared to those in PLCA. We call them as
pseudo observation for each basis k. This update is similar to
the updates of the states in Kalman filtering [24].

3) Updates of DT, D7 : The update of D} and Dy is de-
pendent on scaling factor . However, we ignore its effects and
justify the assumption by empirical results.

Maximizing £ 4 p with respect to D] (keeping S and D}
fixed) does not have any closed form solution.

D = argmax Z <logF (2:(7@7C +my, + 1))
t

Df %

si(k) = (16)

— Z log D'(my, +my, + 1)+Z mh (k) log(st(k))>
k &

st, 0<df, YV ij (17)

However, the maximizing function is concave since Dirichlet
distribution belongs to the exponential family of distributions
(see Appendix A). Therefore, the function has a unique maxima,
which can be obtained via gradient ascent ;

= 1sa(d) <¢<Z(m§ +my; + 1))

J

0Ly ap
od.

—p(mf +my +1) + log(st(k)> (18)

where, 1 is the digamma function. D7 is updated similarly.
However, we find the above equations to be computationally
expensive. Therefore, we restrict the dependence matrices (D}
and D7) to be diagonal matrices, which yields similar results
in our experimentations. Note that the updates of P(f|z), and
S are independent of the scaling factor . Therefore, the pro-
posed algorithm is applicable to both count and non-count data,
and we may replace N by X (refer (1)) in all the update
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Algorithm 1: Bi-DLVM as a NMF.

Input: X

Output: W, S, D}, Dy

Randomly initialize W, S, D}, Dy
while not converged do

Xy
t

while Not converged do

Xy _
Skt = Skt » Wik +mb +m
Xt: f (Ws)ft tk tk ,

Skt

Skt = -

kt S See
Update D and D7 using (17)
end
end

V. DLVM As A DYNAMIC NMF

In this section, we show that the proposed DLVM can be
viewed as a dynamic version of NMF. It has been shown in the
literature that an LVM can be interpreted as an NMF for specific
cost functions [33]. The update equations for PLCA and NMF
with KullbackLeibler (KL) divergence have been shown to be
the same [33]. The NMF interpretation of PLCA leads to very
compact and fast update equations. Similarly, we can interpret
the DLVM (dynamic counterpart of PLCA) as a dynamic version
of NMF. Below, we present the update equations for our bi-
DLVM as a dynamic version of NMF. The updates of DLVM as
a dynamic version of NMF can be obtained by setting Dy~ to a
Zero matrix.

DLVM learns the latent bases and the states for an observed
data matrix via the following factorization

K
Pi(f) = Pu(zk)P(f|2)
k=1

Multiplying both sides of the above equation by «;, we rewrite
the equation in matrix-vector formas n, = Ws; o, where, W is
a matrix whose columns are latent bases P( f|z). Concatenating
observation vector n; for all time instants, we can write the
observed data matrix X as,

Xpxr = WrxkSkxrGrxr = WrexkHyxr

where, W is the basis matrix, S is the state matrix, G (nor-
malization matrix) is a diagonal matrix with o, as the diagonal
elements, and the subscripts denote dimensions of the matrices.
The (f, k)" element in W is denoted as Wy, and the (k,t)*"
element in S is denoted as Sy;. It is evident that all matrices
(X, W, S, G) are non-negative. Therefore, we can view the
proposed DLVM as a dynamic version of NMF with iterative
updates for W, S and D (see Algorithm 1). In Algorithm 1,

2From(13) and (15).
3From (13) and (16).

S
e

T
Fig.3. Plate notation of the mixture signal modeled using bi-DLVM, a denotes
an audio source.

the outer loop corresponds to the EM iteration, while the inner
loop corresponds to the block-wise update of variables in the
maximization step of the EM algorithm.*

VI. APPLICATIONS TO AUDIO PROCESSING

In this section, we demonstrate the usefulness of the proposed
DLVM model and its variant for three audio processing tasks:
(i) speaker source separation, (ii) denoising, and (iii) bandwidth
expansion. To this end, we also propose a new algorithm for
dynamic source separation.

A. Source Separation

Source separation is a long standing problem in signal pro-
cessing, which aims to recover the constituent source signals
from a given mixture signal. It has wide applications in speaker
recognition, speech enhancement, music editing and audio in-
formation retrieval [34], [35]. In this section, we develop an al-
gorithm for dynamic source separation using the bases learned
from bidirectional DLVM with dependence matrices as D} and
D;.

We assume that the given mixture signal is a linear combina-
tion of a known number of speaker signals. The spectral distri-
bution of a mixture signal is given by

P(f) =Y Pila)P(fla) =) Pia) Y Pi(zkla)P(flx)

2L EZY

19)

where, P;(a) denotes the apriori probability of the a** source.

The parameters associated with the a'" source are denoted as
A® = {5% pge}.

The graphical model of the mixture signal is presented in
Fig. 3. Our objective is to separate the constituent sources from a
mixture signal. Following the supervised paradigm, we learn the
parameters 3¢ for all a from the training data. These parameters
are later used to separate the sources in the separation stage.

Let us consider a mixture spectrogram X. The parameters
Pi(a) and P;(z|a) are learned from X via an EM algorithm. In
the expectation step, we estimate the posterior distribution and

4Code and data: https://github.com/anurendra/dlvm
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the expected number of total observation, ¢, for each source. In
the maximization step, we maximize the expected log-likelihood

Lyap= _ E log(P(N,S,(, alB)) (20)

Py(z,alf)

where, 3, S and ( contains latent variables and parameters for
all the sources. The steps in the EM algorithm are as follows
1) Expectation Step:

P( )P (z]a) P (f2k)
)Y ene Pr(zrla) P (fl2k)

Pi(a, z|f) = 21

> Prla
> Xpe| Pla)
f

(22)

2) Maximization Step:
m?,:' =ay Z dz;rpt—1(2j|a)
J
myy =t > di Pra(z)a)
J
¢ XpiPila, zi| ) +miT +miy
szeza (Zf XftPt 2z, alf) + m — my )
szeza Zf XftPt(av Zk‘f)
Za’ szez"' Zf XftPt(a,a Zk|f)

After the above EM algorithm converges, the reconstructed
spectral vector for each source is obtained as the expected value
of Xy, over all sources as follows.

Pi(z|a) =

Pi(a) = (23)

f|a Z Pt Zz‘ ‘Zz)
Zpula) = B(Xpu(a)) = QLU0 X

~ Y. B@)P(fla)

Finally, the phase of the mixture signal is combined with the
reconstructed magnitude spectrogram (X r,(a)) to recover each
source signal [1].

B. Denoising

We consider a speech denoising scenario, where the speech
signal is degraded by an additive noise. We follow a speaker de-
pendent approach i.e., we assume that the identity of the speaker
is known. We also assume that the noise type (e.g., babble, fac-
tory) is known and training data for each noise type is available.
This assumption is practical in many scenarios where classifica-
tion techniques can be employed for detecting the noise type and
speaker identity [17]. We consider the noise and the speaker’s
data as two distinct sources, and learn the latent bases separately
for the them. We learn the parameters for each speaker and each
noise type from the training data. The speech is separated from
the noise using the source separation algorithm described in
Section VI-A.

C. Bandwidth Expansion

In this section, we develop an algorithm for bandwidth ex-
pansion for a band limited signal that utilizes the latent bases
learned using DLVM. Bandwidth expansion of a signal may be
required in different scenarios, e.g., for signals that are sampled
at a low sampling rate, high frequency components may be lost,
or, for signals incurring distortion in some frequency bands, or,
when the signal acquisition system is incapable of capturing
frequencies beyond a particular range.

We address the problem of bandwidth expansion of a nar-
row band (0—4 KHz) speech signal. Using the bases learned
by our model, we predict the higher frequency components
(4-8 KHz) from a given narrow band speech signal. Let us
denote the observed frequencies as f, € {0-4 KHz} and un-
observed frequencies as f, € {4-8 KHz}. First, we learn the
parameters for a speech signal () for all frequencies from the
training data. We use these parameters to estimate states and the
total number of draws («;) using only the observed frequencies.
The following equation is used iteratively to estimate s; (k) from
the band limited signal X

g, XpePe(zi| ) +myf, +my,
S (S5, KRl ) +mi +mi, )

Once the above iterative updates converge, we estimate a; using
only the observed frequencies. Finally, the unobserved frequen-
cies are predicted.

St(k) =

fu ZPt Zk

Zfo Xft
> P(f)
Xfut = atPt(fu)

The phase values at the unobserved frequencies are estimated
separately. Since, phase also contains negative values, our al-
gorithm is not appropriate for phase prediction. We therefore
assume that the phase of the unobserved frequencies ®,, are a
linear transformation of phase of the observed frequencies @,
ie., ¢, = Ad, [36]. The transformation matrix A is learned
from the phase of the training data ®*". The least square esti-
mate of A is given by A = ®!7(®!")T, where ()" denotes pseu-
doinverse. Finally, the phase and the magnitude spectrogram are
multiplied, and converted to time domain signal using STFT.

P(fulzk)

oy =

VII. EXPERIMENTAL VALIDATION

In this section, we present various experimental results
demonstrating the performance of the proposed DLVM for the
three audio processing tasks described in the previous section.
We also compare the performance of the proposed model with
several other existing methods.

A. Experimental Setup

We use the TIMIT database [18] and the signal processing
information base (SPIB) [19] to carry out our experiments. The
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TIMIT database contains broadBand recordings of 630 speakers
sampled at 16 KHz, each speaker reading ten phonetically rich
sentences. The SPIB database contains noise data of 15 different
noise types acquired with a sampling frequency of 19.98 KHz,
an analog to digital converter (A/D) with 16 bits, an anti-aliasing
filter, and without a pre-emphasis stage.

All audio signals were downsampled to 16 KHz. The spec-
trograms are obtained by performing STFT using a 64ms win-
dow with 16ms overlap. The resulting magnitude spectrograms
are then processed and analyzed further. The phase spectro-
grams are analyzed separately, agnostic to the algorithm, us-
ing standard methods [4]. We have used 250 iterations for
the outer loop, and 10 iterations for the inner loop in DLVM
(Algorithm 1). The dependence matrices (D;",D; ™) were
fixed to O for first 50 iterations.

Evaluation metrics: In order to evaluate the source separation
and denoising performance, we use the following evaluation
metrics (i) signal to noise ratio improvement (SNRI) [37], (ii)
source to distortion ratio (SDR), (iii) source to interference ra-
tio (SIR), and (iv) source to artifact ratio (SAR) [35], [38]. The
later three provide perceptual evaluation of the source separa-
tion results. We have used the BSS-EVAL TOOLBOX [39] for
evaluation.

Let X and ¢ represent the magnitude and the phase of a mix-
ture signal. Let X° and X" represent the original and recon-
structed signal spectrogram from the mixture respectively. The
SNR improvement (SNRI) of a speaker is calculated by incorpo-
rating the phase information and by comparing the improvement
in terms of SNR. Define a gain function for a spectrogram Y

(X%
Y5 [(XO) prexp(idse) — Yerexp(iy)|

SNRI is defined as SNRI = g(X") — g(X).

In order to evaluate bandwidth expansion, we use general-
ized KL divergence (GKL) and Itakuro-Saito (IS) divergence
[37], [40]. Both the metrics have been widely used as cost func-
tions in NMF, and are appropriate for computing the distance
between two data distributions which are the scaled versions of
any probability distributions [37], [40].

Comparison: The performances of DLVM and bi-DLVM are
compared with those of four existing methods: PLCA [1], PLCA
with dynamic filtering [29], PLCA with dynamic smoothing [29]
and dynamic NMF with exponential prior [17]. These methods
were chosen because they all offer probabilistic interpretations
and were developed primarily for source separation. For PLCA
with dynamic filtering and smoothing, we report the best results
obtained after hyperparameter tuning in our experiments. No hy-
perparameter tuning is required for dynamic NMF and proposed
methods.

g(Y) = 10log;

B. Speaker Source Separation

We follow an experimental setup similar to that described in
the literature of source separation using PLCA and its variants
[71,[41]. We have used ~ 25 seconds of speech (8 to 9 sentences)
from 20 speakers (10 male, 10 female) in the TIMIT database.
To model each speaker (source), the first ~ 17 seconds of the
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Fig. 4. Sample result for speaker source separation: (a) original source, (b)
recovered source using PLCA, (c) recovered source using DLVM.

speech is used. The remaining 5 seconds was used to create 190
synthetic mixtures by adding the speech from two speakers. The
speech signals were normalized to zero mean and unit variance
prior to addition. We learn K = 30 latent bases in each case.
Finally the spectral vector for each source is reconstructed using
steps outlined in Section VI-A.

Source separation experiments were performed on 190 mix-
tures using the proposed DLVM. Fig. 4 presents a qualitative
results on source separation, Fig. 4a shows the original spectro-
gram while Fig. 4b and Fig. 4c present the reconstructed spec-
trograms of the given source recovered (from a mixture) using
PLCA and DLVM respectively. Notice that DLVM recovers a
smoother or better spectrogram (areas exhibiting significant dif-
ferences are highlighted).

Fig. 5 shows the average values across 190 test cases for all
methods. As seen in Fig. 5, DLVM and bi-DLVM perform bet-
ter than or comparable to the existing methods in terms of all
metrics. DLVM outperforms dynamic NMF (with exponential
prior) by 0.65 dB in terms of SNRI, 0.52 dB in SDR, 0.99 dB
in SIR, and 0.12 dB in SAR. The improvement in terms of SAR
implies that the artifacts introduced by DLVM are less compared
to other models. Usually, there is a trade-off between removing
noise (measured by SDR and SNRI) and introducing artifacts
(measured by SAR). The simpler dynamic models ([29]), while
improving SDR often introduce more artifacts, which lead to a
degraded SAR. However, DLVM and its variant show simulta-
neous improvement in terms of both SDR and SAR. This indi-
cates an overall better modeling ability of DLVM, which leads
to better source separation.
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Fig.5. Performance comparison for speaker source separation in terms of four

evaluation metrics.
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Fig. 7. Sample denoising result: (left) original source (left), (center) source
recovered by PLCA , and (right) DLVM at 6 dB SNR.

TABLE I
PERFORMANCE COMPARISON FOR DENOISING

6.5 [ Babble Factory White Pink Cockpit Military Avg
—— Average SDR
-<-PLCA
- < Dynamic Filt PLCA [1] 5.92 4.01 5.75 3.55  3.97 4.26 4.58
—~ -2~ Dynamic Smooth Dynamic filt [29] 5.89 3.87 568 3.31 3.81 4.28 4.47
S 6 +g'L¥'I1AVM Dynamic smooth [29] | 5.95 ~ 3.22  5.69 2.75 3.61 3.96  4.19
= F ¢ Bi- .
uZ: —« Dynamic NMF Dynamic NMF [17] 5.86 5.42 5.44 3.77 4.09 3.65 4.71
) DLVM 6.08 599 540 549 4.56 450 5.34
Bi-DLVM 5.71 4.56 4.59 5.63 4.59 4.77 4.98
,,,,,,,,,, Average SAR
S S o S T o ) PLCA [1] 6.60 820 893 7.98 827 844 8.08
) 05 1 15 2 25 3 Dynamic filt [29] 6.44 7.94 8.67 7.32 8.01 8.53 7.81
Model Order (1) Dynamic smooth [29] | 5.65 ~ 6.93  8.45 6.25 7.70 7.94 715
Dynamic NMF [17] 8.30 9.09 9.09 8.27 8.27 8.30 8.55
Fig. 6.  Source separation performance with varying model order. DLVM 722 938 951 894 918 8.78  8.83
Bi-DLVM 7.20 9.27 8.70 8.69 8.84 9.04 8.62

Fig. 6 shows the variation of output SNRI with the model
order [. Note that [ = 0 corresponds to the static PLCA. In our
experiments, we observe that [ = 1 is sufficient to capture the
temporal dependencies efficiently for dynamic and bi-DLVMs.
No further improvement in output SNRI is observed for [ > 1.
The inability of better performance for [ > 1 can be attributed
to the fact that the model only performs temporal smoothing
on the coefficient matrix, and longer-term temporal smoothing
does not contribute in this case due to the non-stationary na-
ture of the data. We believe that DLVM with [ = 1 (which has
low complexity) should be preferred over other models if MAP
estimation is to be performed.

C. Denoising

We choose six noise types (babble, factory, white, pink, cock-
pit and military vehicle noise) for this experiments. This noise is
added (one at a time) to the speech data of the 20 speakers used
in the speaker source separation experiments. Both the noise
and the speech are first normalized to have zero mean and unit
variance. The noisy mixtures are obtained by adding the noise
to each speaker signal. The amount of training data and number
of latent bases (K) for each speaker and noise are identical to
those used in Section VII-B.

Fig. 7 presents a sample (qualitative) denoising result, where
the source was corrupted with pink noise at 6 dB SNR. Observe
that DLVM yields better reconstruction compared to PLCA -
which loses almost all structures at higher frequencies. The per-
formance of DLVM (averaged over 20 mixtures at 6 dB SNR)

is presented in Table I along with results from existing methods.
DLVM shows an improvement (on average) of 0.59 dB in terms
of SDR and 0.28 dB in SAR as compared to dynamic NMF. In-
terestingly, DLVM performs better than all methods for all noise
types, except white noise. This can be explained by the fact that
white noise is stationary and has no temporal structure, which
DLVM attempts to capture. Nevertheless, our model performs
better in all those cases where the noise is non-stationary, as it
is able to learn the temporal dependencies in the data and the
noise. DLVM shows 0.75 dB SAR improvement on average for
all noise types over PLCA. This observation supports our ear-
lier claim that the proposed model introduces less artifacts as
compared to other models.

Fig. 8 shows the denoising performance of the proposed and
existing methods at different SNR levels. DLVM (or its variant)
outperforms all methods for all noise types except white noise
at every input SNR level (as observed earlier).

D. Bandwidth Expansion

We obtain speech data of 20 speakers from the TIMIT
database, and remove the higher frequencies (4—8 KHz) to gener-
ate narrowband (0—4 KHz) speech signals. For each speaker we
learn the parameters (P( f|z), D) from the training data. Follow-
ing the earlier works in the literature, the value of K was chosen
to be 100 for better prediction [36]. All other experimental de-
tails for the training stage are identical to those described in
Section VII-B.
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Fig. 8. Denoising performance with varying SNR.

Fig. 9 shows a sample bandwidth expansion result using
PLCA and DLVM. The latter yields a smoother spectrum com-
pared to PLCA (difference areas highlighted). Recall that we
utilize DLVM only to reconstruct the magnitude spectrogram.
The phase spectrogram was predicted separately using least
square solution [36]. For quantitative comparison of different
algorithms for bandwidth expansion we used GKL divergence
and IS divergence as metrics. Results averaged over 20 speakers
are shown in Table II.

Table II shows that DLVM-based solution has the least KL di-
vergence and IS divergence with respect to the ground truth. This
shows that DLVM has better prediction ability, which is due to
the better modeling capability of DLVM. Also, we observe that
the DLVM outperforms bi-DLVM. This can be attributed due to
the 1) fact that the model only performs temporal smoothing on
the coefficient matrix, and longer-term temporal smoothing does
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Fig. 9. Sample result for bandwidth expansion: (a) bandlimited signal,
(b) original signal, (c) bandwidth expansion using PLCA, and (d) bandwidth
expansion using DLVM.

TABLE II
PERFORMANCE COMPARISON FOR BANDWIDTH EXPANSION IN TERMS OF
AVERAGE GKL AND IS DIVERGENCE

| Methods | GKL I
PLCA [1] 349.3 482.5
Dynamic filt [29] 289.1 334.0
Dynamic smooth [29] 248.8 2394.9
Dynamic NMF [17] 279.5 297.6
DLVM 237.8 214.7
Bi-DLVM 263.4 338.7

not contribute in this case due to the non-stationary nature of the
data, ii) The dependencies in our data are mostly unidirectional.

E. Compactness of the Representation

Along with the various results, we would also like to high-
light an important observation regarding the state estimates (s;)
obtained using DLVM and its variant. Fig. 10 shows the state es-
timates for a speaker using PLCA, DLVM and bi-DLVM. It can
be seen that the majority of the bases are active in other models,
while fewer are active in the case of dynamic and bi-DLVM.
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Fig. 10. Compactness of representation indicated by state activation in
(a) PLCA, (b) DLVM, and (c) bi-DLVM.

TABLE III
SPARSITY OF THE STATE MATRIX S

Methods | Lo Lo Entropy |
PLCA [1] 21.07 1.94 x 1012 2.24
Dynamic filt [29] 20.2  1.16 x 1012 2.14
Dynamic smooth [29] | 17.74  5.02 x 10! 1.94
Dynamic NMF [17] 19.75  2.64 x 1012 2.10
DLVM 559  1.64 x 10° 0.82
Bi-DLVM 5.58 2.13 x 109 0.81

Similar trends are observed for other speakers too. We note that
imposing temporal dependencies has led to a sparser estimate
of the states. Sparser results are often desired and considered to
be a better representation [42]. To quantify this sparsity, we use
Shannon’s entropy, ¢g.1 and ¢y norm [7], [43]. We compute the
fo norm after hard thresholding the values at 0.001. Table III
shows the sparsity of the state matrix for different methods. The
£y norm shows that the average number of active latent bases
is the smallest (5.58) in the bidirectional case. The results show
that the proposed model naturally learns more compact repre-
sentation, as we have not used any sparsity prior explicitly in
the model. The Dirichlet prior induces sparsity only when the
values of each of its parameters are less than 1. However, the pa-
rameters in the proposed dynamic Dirichlet prior are defined to
be greater than 1, which promotes a dense distribution [3]. This
leads us to hypothesize that the sparsity observed in the pro-
posed model is due to its ability to learn better representation.
In contrast, exponential prior in dynamic NMF ([17]) has an av-
erage of 19.7 active bases. Also in Fig., 10, we observe that the
posterior estimates of states (although, we have imposed smooth

prior on states,) are able to capture sharp transition better than
PLCA.

VIII. CONCLUSION

We proposed a dynamic latent variable model, called the
Dirichlet latent variable model, for learning latent bases from
time varying non-negative data. To capture the temporal struc-
tures in data efficiently, we introduced a dynamic Dirichlet
prior - a Dirichlet distribution with dynamic parameters. A ma-
jor contribution of this work is to introduce the dynamic Dirich-
let prior for non-negative data. We showed that the expected
log-likelihood function is concave and can be solved by stan-
dard convex optimization methods. This property arises because
of (a) Dirichlet-multinomial conjugacy and (b) Dirichlet and
multinomial are member of exponential family distributions.
The proposed DLVM can be interpreted and implemented as
a dynamic version of NMF. We also showed that the popular
PLCA model is a special case of DLVM. An EM algorithm was
developed for the parameter estimation of DLVM. Through ex-
tensive experiments, we demonstrated that DLVM outperforms
several existing methods for three applications: speaker source
separation, denoising and bandwidth expansion. Unlike exist-
ing dynamic models (which contain annealing hyperparame-
ter), DLVM does not require any free parameters to be set by
the user, other than the number of bases to be learned. The up-
dates of latent bases and states is independent of scaling factor.
Therefore, DLVM can handle non-count data as well. Although
the current work in this paper involves modeling magnitude
spectra of audio signals (non-count data), DLVM is suitable
for modeling other types of non-negative data, such as word
count data which appears widely in natural language process-
ing. We also showed that the dynamic Dirichlet prior leads
to sparse states (which is well proven to be better representa-
tion). Also, we observe that the posterior estimates of states
can have sharp transition and has been captured by our model
efficiently.

Future work will be directed towards developing faster up-
dates for dependence matrices (D1 " and D7 in this paper),
and a fully Bayesian inference algorithm instead of a MAP es-
timate of states.

APPENDIX A
BLOCK CONCAVITY OF THE LOG LIKELIHOOD FUNCTION

Below we show the block-wise concavity of Ly;4p with
respect to parameters P(f|z;),s:(k), D7 and D;. While
maximizing with a particular variable, we will keep other vari-
ables as fixed.

Lyrap = Pt([Ez:|f)log(P(N’ S, ¢l1B))
= Pt(IEz:u) log(P(N, (IS, 3)) + log(P(S|3))
s.t., Zp(f\zk) = 172&(]@):1, 0<dfy,dy Yk
7 %

(24)
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The first term in Lys4p is due to likelihood of data and the

second term is due to prior. The first term can be written as

PN, ¢18,8) = [T T PG 0) PG
=1

t

Py (z|f)

E log(P(N|S,8))=> > N> Pi(zk|f)log(P(f|2))
t k

+ 3N NS Pl f) log(si(k)) 25)
t f k

The second term can be written as (using Eq. (6))

log(P(8]8)) = 3~ (og T S (mi +myy + 1)

t k

fZIOgF m;+m;k+1
k

+ > (my (k) + my, (k) log(si(k)) | (26)
k

e Concavity of P(f|z;) and s;(k): We see that the above
equation is the logarithmic function of P(f|z)) and s;(k),
which is concave.

Concavity of D} : We have to show that Eq. (26) is con-
cave with respect to D" This can be shown by utilizing
the property of exponential family distributions. Dirichlet
distribution lies in exponential family distributions, which
is defined as

p(ln) = hiz) exp(n' T (x) — A(n))

where, ) is a natural parameter, h(x) is base measure, T'(x)
is a sufficient statistic and A(n) is the log-partition func-
tion. Writing Dir(y) as an exponential family distribution,
we see that

@n

n=y-1
T(x) = log(x)

> T(m)

A(n) =) log(T'(nx)) — log
k k

1

h(z) = ) (28)
Hk Yk
where y = [y1....yx] . Using the properties of exponential
function,

Var(n) = A" (n)

Therefore A(n) is a convex function in 7 since variance is
always positive. Writing Eq. (26) in terms of function A,

- A ZZ O[td;_kstfl(j)
7 k

D = argmax £ =
1 g " MAP Z

D1 t

adse () + 1) |+ D0 audlysi1(j) log(si(k) |;
kg

S0 < dfy,ds, Vi (29)
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We see that the Eq. (29) contains function A which takes a
linear combination of elements of D{ as input. Also, the
function contains an extra linear term. Earlier we proved
that A is a convex function. Hence — A is a concave func-
tion. It can be easily shown that composition of concave
function and linear function is also a concave function.
Each of the term in the summation in Eq. (29) is therefore
a concave function. The concavity of D7 can be inferred
similarly.

ACKNOWLEDGMENT

The authors would like to thank Prof. Ketan Rajawat, IIT
Kanpur for various technical discussions related to this work.

(1]

[2

—

(3]

[4

=

(5]

(6]
(71
(8]
(91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

REFERENCES

P. Smaragdis, B. Raj, and M. Shashanka, “A probabilistic latent variable
model for acoustic modeling,” in Proc. Neural Inf. Process. Syst. Workshop
Adv. Models Acoust. Process., 2006, vol. 148.

T. Hofmann, “Probabilistic latent semantic indexing,” in Proc. 22nd Annu.
Int. ACM SIGIR Conf. Res. Develop. Inf. Retrieval, 1999, pp. 50-57.

D. M. Blei, A. Y. Ng, and M. I. Jordan, “Latent dirichlet allocation,” J.
Mach. Learn. Res., vol. 3, pp. 993—-1022, 2003.

B. Raj, M. V. Shashanka, and P. Smaragdia, “Latent dirichlet decompo-
sition for single channel speaker separation,” in Proc. IEEE Int. Conf.
Acoust., Speech Signal Process., 20006, vol. 5, pp. V-821-V-824.

A. Hadgu and Y. Qu, “A biomedical application of latent class models
with random effects,” J. Roy. Statist. Soc.: Ser. C (Appl. Statist.), vol. 47,
no. 4, pp. 603-616, 1998.

D.D. Lee and H. S. Seung, “Learning the parts of objects by non-negative
matrix factorization,” Nature, vol. 401, no. 6755, pp. 788=791, 1999.

M. Shashanka, ‘“Results and demos,” 1999. [Online]. Available:
http://cns.bu.edu/~mvss/courses/speechseg/

P. O. Hoyer, “Non-negative matrix factorization with sparseness con-
straints,” J. Mach. Learn. Res., vol. 5, pp. 1457-1469, 2004.

Z.Chenand A. Cichocki, “Nonnegative matrix factorization with temporal
smoothness and/or spatial decorrelation constraints,” Tech. Rep., Lab. Adv.
Brain Signal Process., RIKEN, Tokyo, Japan, vol. 68, 2005.

N. Mohammadiha, P. Smaragdis, and A. Leijon, “Supervised and unsuper-
vised speech enhancement using nonnegative matrix factorization,” I[EEE
Trans. Audio, Speech, Lang. Process., vol. 21, no. 10, pp. 2140-2151, Oct.
2013.

S. Hiroya, “Non-negative temporal decomposition of speech parameters by
multiplicative update rules,” IEEE Trans. Audio, Speech, Lang. Process.,
vol. 21, no. 10, pp. 2108-2117, Oct. 2013.

P. Smaragdis, “Convolutive speech bases and their application to super-
vised speech separation,” IEEE Trans. Audio, Speech, Lang. Process.,
vol. 15, no. 1, pp. 1-12, Jan. 2007.

W. Wang, A. Cichocki, and J. A. Chambers, “A multiplicative algorithm for
convolutive non-negative matrix factorization based on squared euclidean
distance,” IEEE Trans. Signal Process., vol. 57, no. 7, pp. 2858-2864, Jul.
2009.

D. Kounades-Bastian, L. Girin, X. Alameda-Pineda, S. Gannot, and R.
Horaud, “A variational em algorithm for the separation of time-varying
convolutive audio mixtures,” IEEE/ACM Trans. Audio, Speech, Lang. Pro-
cess., vol. 24, no. 8, pp. 1408-1423, Aug. 2016.

G. J. Mysore, P. Smaragdis, and B. Raj, “Non-negative hidden markov
modeling of audio with application to source separation,” in Proc. Int.
Conf. Latent Variable Anal. Signal Separation, 2010, pp. 140-148.

A. Kumar, T. Guha, and P. Ghosh, “A dynamic latent variable model
for source separation,” in Proc. IEEE Int. Conf. Acoust., Speech Signal
Process., 2018, pp. 2871-2875.

N. Mohammadiha, P. Smaragdis, G. Panahandeh, and S. Doclo, “A state-
space approach to dynamic nonnegative matrix factorization,” IEEE Trans.
Signal Process., vol. 63, no. 4, pp. 949-959, Feb. 2015.

J. S. Garofolo, L. F. Lamel, W. M. Fisher, J. G. Fiscus, and D. S. Pal-
lett, “DARPA TIMIT acoustic-phonetic continous speech corpus cdrom.
National Institute of Standards and Technology speech disc 1-1.1,” Tech.
Rep., NASA STI/RECON, vol. 93, 1993.

Authorized licensed use limited to: Georgia Institute of Technology. Downloaded on April 01,2025 at 14:38:42 UTC from IEEE Xplore. Restrictions apply.



KUMAR et al.: DIRICHLET LATENT VARIABLE MODEL: A DYNAMIC MODEL BASED ON DIRICHLET PRIOR

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

(32]

[33]

[34]

[35]

[36]

[37]

[38]

U. K. Speech Research Unit (SRU) at Institute for Perception-TNO,
Netherlands. Signal processing information base (SPIB). 1990. [Online].
Available: http://spib.linse.ufsc.br/noise.html

C. Févotte, N. Bertin, and J.-L. Durrieu, “Nonnegative matrix factorization
with the itakura-saito divergence: With application to music analysis,”
Neural Comput., vol. 21, no. 3, pp. 793-830, 2009.

T. Virtanen, “Monaural sound source separation by nonnegative matrix fac-
torization with temporal continuity and sparseness criteria,” IEEE Trans.
Audio, Speech, Lang. Process., vol. 15, no. 3, pp. 1066-1074, Mar. 2007.
P. Smaragdis and B. Raj, “Shift-invariant probabilistic latent component
analysis,” Tech. Rep. TR2007-009, Mitsubishi Electr. Res. Lab., Cam-
bridge, MA, USA, 2007.

P. Smaragdis, C. Fevotte, G. J. Mysore, N. Mohammadiha, and M.
Hoffman, “Static and dynamic source separation using nonnegative fac-
torizations: A unified view,” IEEE Signal Process. Mag., vol. 31, no. 3,
pp. 6675, May 2014.

M. S. Grewal, “Kalman filtering,” in International Encyclopedia of Statis-
tical Science. New York, NY, USA: Springer, 2011, pp. 705-708.

S.J. Julier and J. J. LaViola, “On kalman filtering with nonlinear equality
constraints,” IEEE Trans. Signal Process., vol. 55, no. 6, pp. 2774-2784,
Jun. 2007.

D. Simon, “Kalman filtering with state constraints: a survey of linear and
nonlinear algorithms,” IET Control Theory Appl., vol. 4, no. 8, pp. 1303—
1318, 2010.

A. Carmi, P. Gurfil, and D. Kanevsky, “Methods for sparse signal recovery
using kalman filtering with embedded pseudo-measurement norms and
quasi-norms,” I[EEE Trans. Signal Process., vol. 58, no. 4, pp. 2405-2409,
Apr. 2010.

C.Févotte,J. Le Roux, and J. R. Hershey, “Non-negative dynamical system
with application to speech and audio,” in Proc. IEEE Int. Conf. Acoust.,
Speech Signal Process., 2013, pp. 3158-3162.

N. Mohammadiha, P. Smaragdis, and A. Leijon, “Prediction based filtering
and smoothing to exploit temporal dependencies in nmf,” in Proc. Int. Conf.
Acoust., Speech Signal Process., 2013, pp. 873-877.

K. W.Ng, G.-L. Tian, and M.-L. Tang, Dirichlet and Related distributions:
Theory, Methods and Applications, vol. 888. New York, NY, USA: Wiley,
2011.

J. M. Dickey, “Multiple hypergeometric functions: Probabilistic interpre-
tations and statistical uses,” J. Am. Statist. Assoc., vol. 78,n0. 383, pp. 628—
637, 1983.

Y. Xu and W. Yin, “A block coordinate descent method for regularized
multiconvex optimization with applications to nonnegative tensor factor-
ization and completion,” STAM J. Imag. Sci., vol. 6, no. 3, pp. 1758-1789,
2013.

M. Shashanka, B. Raj, and P. Smaragdis, “Probabilistic latent variable
models as nonnegative factorizations,” Comput. Intell. Neuroscience,
vol. 2008, 2008, Art. no. 947438.

X. Yu, D. Hu, and J. Xu, Blind Source Separation: Theory and Applica-
tions. New York, NY, USA: Wiley, 2013.

E. Vincent, N. Bertin, R. Gribonval, and F. Bimbot, “From blind to guided
audio source separation: How models and side information can improve the
separation of sound,” IEEE Signal Process. Mag., vol. 31, no. 3, pp. 107—
115, May 2014.

B. Raj, R. Singh, M. Shashanka, and P. Smaragdis, “Bandwidth expan-
sionwith a pélya urn model,” in Proc. IEEE Int. Conf. Acoust., Speech
Signal Process., 2007, vol. 4, pp. IV-597-1V-600.

M. Shashanka, “Latent variable framework for modeling and separating
single-channel acoustic sources,” Ph.D. dissertation, Boston Univ., Boston,
MA, USA, 2007.

E. Vincent, R. Gribonval, and C. Févotte, “Performance measurement in
blind audio source separation,” IEEE Trans. Audio, Speech, Lang. Process.,
vol. 14, no. 4, pp. 1462-1469, Jul. 2006.

[39]

[40]

[41]

[42]

[43]

931

C. Fevotte, R. Gribonval, and E. Vincent, (2005) “BSS_EVAL toolbox user
guide—revision 2.0,” INRIA, Rennes, France, tech. rep. 1706. [Online].
Available: http://bass-db.gforge.inria.fr/bss eval/

D. FitzGerald, M. Cranitch, and E. Coyle, “On the use of the beta di-
vergence for musical source separation,” in Proc. IET Irish Signals Syst.
Conf., 2009, pp. 1-6.

B. Raj and P. Smaragdis, “Latent variable decomposition of spectrograms
for single channel speaker separation,” in Proc. IEEE Workshop Appl.
Signal Process. Audio Acoust., 2005, pp. 17-20.

B. A. Olshausen and D. J. Field, “Natural image statistics and efficient
coding,” Netw.: Computation Neural Syst., vol. 7, no. 2, pp. 333-339,
1996.

R. G. Baraniuk, “Compressive sensing [lecture notes],” IEEE Signal Pro-
cess. Mag., vol. 24, no. 4, pp. 118-121, Jul. 2007.

Anurendra Kumar received the B.Tech.-M.Tech.
degree in electrical engineering from IIT Kanpur,
Kanpur, India, in 2017. His interest is in developing
robust, scalable, and efficient machine learning algo-
rithms for real-world applications. He is currently a
Co-Founder in a start-up project, where he leads the
team focused on designing mathematical techniques
for futuristic financial services and risk management.

Tanaya Guha received the Ph.D. degree in electri-
cal and computer engineering from the University
of British Columbia, Vancouver, BC, USA. She is
an Assistant Professor with the Department of Com-
puter Science, University of Warwick, Warwick, U.K.
Prior to joining Warwick, she was with IIT Kanpur
as an Assistant Professor, and with the University
of Southern California, Los Angeles, CA, USA, as
a Postdoctoral Research Fellow. She was a recipient
of Mensa Canada Woodhams memorial scholarship,
Google Anita Borg Scholarship, and Amazon Grace

Hopper celebration scholarship. Her current research interests include multi-
modal signal processing and multimedia analysis.

Prasanta Kumar Ghosh received the B.E.(ETCE)
degree in electronics from Jadavpur University,
Kolkata, India, in 2003, the M.Sc.(engineering) de-
gree in electrical communication engineering from
Indian Institute of Science (IISc), Bangalore, India,
in 2006, and the Ph.D. degree in electrical engineer-
ing from the University of Southern California, Los
Angeles, CA, USA, in 2011. He is an Assistant Pro-
fessor with the Department of Electrical Engineering,
IISc. His research interests include nonlinear signal
processing methods with applications to speech and

>

audio, audiovisual signal processing, and biomedical signal processing.

Authorized licensed use limited to: Georgia Institute of Technology. Downloaded on April 01,2025 at 14:38:42 UTC from IEEE Xplore. Restrictions apply.




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


