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Multi-Channel Linear Prediction-Based Speech
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Abstract—The quality of speech signals recorded in an enclosure
can be severely degraded by room reverberation. In this paper, we
focus on a class of blind batch methods for speech dereverbera-
tion in a noiseless scenario with a single source, which are based
on multi-channel linear prediction in the short-time Fourier trans-
form domain. Dereverberation is performed by maximum-likeli-
hood estimation of the model parameters that are subsequently
used to recover the desired speech signal. Contrary to the conven-
tional method, we propose to model the desired speech signal using
a general sparse prior that can be represented in a convex form as
a maximization over scaled complex Gaussian distributions. The
proposed model can be interpreted as a generalization of the com-
monly used time-varying Gaussian model. Furthermore, we refor-
mulate both the conventional and the proposed method as an opti-
mization problem with an £,,-norm cost function, emphasizing the
role of sparsity in the considered speech dereverberation methods.
Experimental evaluation in different acoustic scenarios show that
the proposed approach results in an improved performance com-
pared to the conventional approach in terms of instrumental mea-
sures for speech quality.

Index Terms—Multi-channel linear prediction, sparse priors,
speech dereverberation, speech enhancement.

I. INTRODUCTION

APTURING a speech signal within an enclosed space
with microphones placed at a distance from the speech
source typically results in recordings corrupted by reverbera-
tion, caused by acoustic reflections against the walls and other
surfaces within the enclosure. While moderate levels of rever-
beration can be beneficial, in most cases it results in a decreased
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speech intelligibility and automatic speech recognition perfor-
mance [1]-[4]. Hence, effective solutions for dereverberation
are required to improve speech intelligibility, perceptual speech
quality, and the performance of automatic speech recognition
systems in several speech communication applications, such
as teleconferencing, hands-free telephony, voice-controlled sys-
tems and hearing aids [3]-[5].

In the last decades, several single- and multi-microphone
dereverberation approaches have been proposed, which can be
broadly classified into acoustic channel equalization, spectral
enhancement and probabilistic model-based approaches [6].
Acoustic channel equalization techniques aim to reshape the
estimated room impulse responses (RIRs) between the speaker
and the microphone array [7]. Although in theory perfect
dereverberation can be achieved using multi-channel equal-
ization, in practice the performance may be severely limited
by the poor estimation accuracy of the RIRs, requiring robust
equalization techniques [8]-[11]. Other speech dereverberation
approaches are based on spectral enhancement [12]-[14],
where the clean speech spectral coefficients are estimated
by applying a (real-valued) gain to the reverberant spectral
coefficients. The gain function requires an estimate of the late
reverberant spectral variance [15], which is typically based
on a statistical room acoustics model. In addition, several
probabilistic model-based speech dereverberation approaches
have been recently proposed [16]-[21]. Dereverberation is
performed by estimating all unknown model parameters, e.g.,
in a maximum likelihood sense, where either an autoregressive
or a convolutive (moving average) transfer function model for
the acoustic transfer functions is assumed and the clean speech
spectral coefficients are typically modeled using a Gaussian
distribution with a time-varying variance.

For a noiseless scenario with a single speech source a blind
batch, i.e., utterance-based, speech dereverberation method
based on variance-normalized delayed multi-channel linear
prediction (MCLP) has been proposed in [16], [17]. Its efficient
time-frequency-domain implementation is often referred to as
the weighted prediction error (WPE) method [16], [17], [22].
This method assumes an autoregressive model of the reverber-
ation process, i.., it is assumed that the reverberant component
at a certain time can be predicted from the previous samples
of the reverberant microphone signals. The desired speech
signal can then be estimated as the prediction error, i.e., speech
dereverberation boils down to estimation of the parameters
of the MCLP model. An additional delay is introduced in the
MCLP model in order to prevent distortion of the short-time
correlation of the speech signal, thereby only suppressing late
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reverberation [17], [23]. Conventionally, the complex-valued
short-time Fourier transform (STFT) domain coefficients of
the desired speech signal are modeled using a time-varying
Gaussian (TVG) model, under the assumption that the STFT
coefficients can be modeled locally (i.e., in each time-frequency
bin) using a complex Gaussian distribution with an unknown
variance. Speech dereverberation using WPE is then performed
by estimating the unknown parameters of the MCLP and TVG
models in a maximum-likelihood (ML) sense.

In this paper, we aim to provide a different view on
MCLP-based speech dereverberation in the STFT domain.
Firstly, we present a general sparse prior for the desired speech
signal and use ML estimation to estimate the parameters of
the MCLP model [24]. The sparse prior is formulated using a
convex representation that is based on a locally Gaussian model
[25]-27]. The obtained model for the desired speech signal can
be interpreted as a TVG model with an additional hyperprior on
the unknown variance. To derive a practical algorithm, we focus
on sparse priors in the family of complex generalized Gaussian
(CGQ) distributions [28], resulting in the WPE-CGG method
for speech dereverberation. In the presented framework, we
show that the conventional WPE method can be considered
as a special case which is based on a prior that strongly pro-
motes sparsity of the estimated speech signal. Secondly, we
reformulate the WPE-CGG method as an optimization problem
with a cost function given as the £,-norm of the desired speech
signal. Furthermore, we show that the WPE-CGG method is
equivalent to an iteratively reweighted least-squares procedure
applied to £,-norm minimization [29]. From this perspective,
the conventional WPE method corresponds to the case p = 0.
In the experimental section we evaluate the performance of the
conventional and the proposed methods for different acoustic
scenarios using several instrumental speech quality measures.
The obtained results show that the speech enhancement perfor-
mance can be consistently improved. While the improvements
are mild, these come with no additional computational cost,
and are consistent with the derived theoretical insights.

The paper is organized as follows. In Section II the problem
of speech dereverberation using MCLP in the STFT domain is
formulated. The conventional method for MCLP-based speech
dereverberation, based on a TVG model for the speech signal,
is presented in Section III. Our proposed method using a gen-
eral sparse prior for the desired speech signal is presented in
Section IV. In Section V both the conventional and the proposed
methods are reformulated as a minimization of the £,,-norm of
the desired speech signal. Simulation results are presented in
Section VI.

II. PROBLEM FORMULATION

We consider an acoustic scenario where a single static speech
source in an enclosure is captured by M microphones. Let s[¢]
denote the clean speech signal in the time domain, with ¢ de-
noting the discrete-time index. The noiseless reverberant speech

signal observed at the m-th microphone, m € {1,..., M}, can
be modeled in the time domain as
L.—1
anltl = 3 rallslt - 1, (1)
=0
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where 7,,[l] denotes the RIR between the source and the m-th
microphone with length L,.. The RIRs in the time-domain model
in (1) are typically very long, and dereverberation is often per-
formed in the STFT domain [16], [19], [23].

The time-doman model in (1) can be approximated in the
STFT domain using the convolutive transfer function approx-
imation [30]-[32]. Let s(k, n) denote the clean speech signal in
the STFT domain with time frame index n € {1,..., N} and
frequency bin index k& € {1,..., K}, with N and K denoting
the number of time frames and frequency bins. The reverberant
speech signal observed at the m-th microphone can be repre-
sented in the STFT domain using a convolutive (moving av-
erage) transfer function model as

Ly-1
T (k) = Y ho(k,D)s(k,n — 1) + em(k, n),
1=0

where h., (k,1) models the acoustic transfer function (ATF)
between the speech source and the m-th microphone in fre-
quency bin &k with length Ly, time frames, and the additive term
em (K, n) represents the modeling error at the m-th microphone.
The model in (2) is practically interesting because the time-do-
main convolution is divided into a set of convolutions in the
time-frequency domain, and has been used in various applica-
tions [15], [16], [20], [31], [32]. This model can significantly
reduce the computational complexity due to shorter ATFs and
the possibility of independent processing in each frequency bin.
Additionally, certain statistical properties of the speech signal
can be more naturally exploited in the time-frequency domain.
For example, while speech signals are not necessarily sparse in
the time domain, they are typically sparse in the time-frequency
domain, a fact that has been exploited for dereverberation
[33], [34]. Blind dereverberation using the model in (2) can
be formulated as a joint blind estimation of the ATFs and the
STFT coefficients of the speech signal [20].

To avoid joint estimation of the ATFs and the STFT coef-
ficients of the speech signal, further simplifications have been
used in the literature. As in [16], [17], by disregarding the noise
and assuming e, (k,n) = 0, the convolutive model in (2) can
be simplified, and the signal at the arbitrarily chosen reference
microphone (e.g., m = 1) can be written in the MCLP form as

2

M Lg—-1

pi(k,n) = dkn)+ > D gk, Drpm(k,n—7-1), (3)

m=1 [=0

where L, is the number of the prediction coefficients g, (k, 1)
for each channel, and 7 is the prediction delay. The first term in
(3) represents the desired speech signal at the reference micro-
phone

T—1
d(k,n) = dy(k,n) =Y _ ha(k,1)s(k,n — 1), (4)
=0

which consists of the direct speech signal and early reflections
determined by the prediction delay 7[17]. The second term in
(3) models the late reverberation, which is predicted using the
prediction coefficients and the delayed past observations on all
M microphones. The MCLP model in (3) can be written as

xi (k) =d(k) + Y X (k)gm k), (5)
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with
X (k) = [2m (K, 1), ..., 2k, N)]F e CV,
d(k) = [d(k,1),...,d(k,N)]" e CV,
gm(k) = [gm(k7 0)7 S ag1n(kv L, - 1)] € CLg,

and X,, (k) € CN¥*Ls denoting a convolution matrix con-

structed using x,,, (k) delayed for 7 frames. Furthermore, the
matrices X, - (k) and vectors g, (k) can be stacked as

Xr(k) - [Xl,r(k)a--.,XM,T(k)L (6)
glk) = [g7(k),....gn k)], %)

to form a multi-channel convolution matrix X, (k) and a multi-
channel prediction vector g(k). The MCLP model can now be
written more compactly as

x1(k) = d(k) + X (k)g (k). ®)

From the MCLP model in (8), it follows that the problem of
speech dereverberation can be formulated as a blind estimation
of the desired speech signal d(k) from the reverberant observa-
tions x,,, (k), Vim, k. Using (8), the desired speech signal can be
estimated as

d(k) = Xl(k) o Xr(k)g(k)a

(€))

with (A) denoting an estimated value. The desired speech signal
can be interpreted as the prediction error in the delayed linear
prediction model [17]. Therefore, dereverberation can be per-
formed by calculating the multi-channel prediction vector esti-
mate g(k) for each frequency bin & and applying (9).

Note that in the following we will work in each frequency bin
independently, so the index k& will be omitted where possible for
notational convenience.

III. CONVENTIONAL MCLP-BASED DEREVERBERATION
USING TVG MODEL

Several MCLP-based speech dereverberation methods have
been proposed using a TVG model for the desired signal [16],
[17], [19], [20], [22]. More specifically, the desired signal
d(k,n) in each time-frequency bin is modeled as a zero-mean
random variable by means of a circular complex Gaussian
distribution with an unknown and time-varying variance. The
probability density function for the desired signal can then be
written as

1 EREICEDIS

Ne(d(k,n); 0, \(k,n)) = me Ak

(10)

where the variance A(k, ) is considered to be an unknown pa-
rameter that needs to be estimated. The TVG model was in-
troduced by arguing that it can model any signal with a time-
varying power spectrum [17], [22]. Since the TVG model does
not include any dependency across frequencies and it is assumed
that the STFT coefficients are independent across time, the like-
lihood function for the complete time range at a single frequency
bin, with the index k& omitted, can be written as

A) = [ Me(d(n); 0, A(n)), (11)
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with unknown variances A = [A(1),..., A(V)] and the pre-
diction vector g [17]. Note that the desired signal d(n) in (11)
depends on the prediction vector g as in (9). The assumption
that the coefficients of the desired speech signal are indepen-
dent across time is a simplification that has been successfully
employed in dereverberation [16], [17], [20], but also in other
speech enhancements methods [35]. The prediction vector g and
the variances A are estimated by maximizing the likelihood in
(11) with respect to the unknown parameters, i.e., minimizing
the negative log-likelihood by solving the following optimiza-
tion problem

(12)

Since the joint minimization of (12) with respect to the predic-
tion vector g and the variances A can not be performed analyti-
cally, it was proposed in [17] to use an alternating optimization
procedure. The original problem in (12) is split into two sub-
problems that can be solved more easily. The two subproblems
are solved in an alternating fashion, and the whole procedure is
repeated iteratively. While this results in simple update rules,
there is no guarantee that the alternating procedure will lead to
the globally optimal solution (cf. Section V).

Estimation of g: In the first step, the cost function in (12) is
minimized with respect to the prediction vector g. Assuming
that the variances A are fixed (to the values from the i-th iter-
ation!) a least-squares (LS) problem is obtained for estimating
the prediction vector

g("H) = alg min Z

K\J

)\(l = arggmin dHD)\m d,

(13)

where Ds ;) = diag(A®). By combining (8) and (13), the op-
timal prediction vector 1) can be computed as

gl = (XA X

wXo) XDy

)\(7)

(14)

Estimation of X: In the second step, the cost function in (12) is
minimized with respect to the variances in A, assuming now that
the prediction vector is fixed to §(**1). The estimate d*+1) can
be calculated using (9) and the optimal variance is obtained as

[ ()
An)

A (n) = arg min
A(n)>0

+ log TA(n). (15)

The solution to this optimization problem is given as
NG (n) = |d6+1)(n)|2, or in short as

A6+ — |&(i+l) ‘27

(16)

where the absolute value and the power are applied element-
wise. In practice, to prevent division by zero a small positive
constant £,;n 1s included as a lower bound for the estimated

variance as
A — max{|dHY 2, i )

an

!Tn the following (.)!? denotes the value of a variable at the i-th iteration.
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This alternating procedure is repeated until a convergence crite-
rion is satisfied or a maximum number of iterations is exceeded.
The method is typically initialized by setting the variances as
A0 = ]y 2, (18)
that is equivalent to setting the initial estimate of the desired
speech signal as d©® = x;. The presented method is often
referred to as the weighted prediction error (WPE) [16], [17].
The WPE method has been modified to include pre-trained
log-spectral priors in [22], and a time-varying Laplacian model
for the desired speech signal has been used in [36]. Recently,
several methods based on auto-regressive modeling have been
proposed, aiming to address noisy [37], [38] and time-varying
acoustic scenarios [19] with multiple sources [18], [19], [39].

IV. MCLP-BASED DEREVERBERATION USING
A GENERAL SPARSE PRIOR

It is widely accepted that the STFT coefficients of speech
signals can be well modeled using sparse priors. This holds
both locally, by observing the STFT coefficients in a single
time-frequency bin [40]-[42], as well as globally, when ob-
serving the distribution of the STFT coefficients in a single fre-
quency bin [43]. Although the real and imaginary parts of the
complex-valued STFT coefficients are often assumed to be in-
dependent to simplify computations, it has been observed that
the distribution of the complex-valued speech coefficients is
actually approximately circular [44], [45]. In this section we
model the desired speech coefficients in a single frequency bin
using a sparse circular prior, and combine it with the MCLP
model in (5). The proposed prior can be interpreted as a gener-
alization of the TVG model (cf. Section III), obtained by adding
a hyperprior for the variance. A similar approach can be used
with other local models (e.g., the locally Laplacian model in
[36]). In Section IV-A we present a convex representation of
a sparse prior, and use it for MCLP-based dereverberation in
Section IV-B. In Section IV-C we formulate dereverberation
using a complex generalized Gaussian distribution, and relate
the proposed method to the conventional method based on TVG
model in Section IV-D.

A. Convex Representation of a Sparse Prior

Intuitively, a prior is considered to be sparse when it is super-
Gaussian, i.e., it exhibits a higher peak at the origin and heavier
tails than the corresponding Gaussian prior. Here we consider a
general circular sparse prior for a complex-valued random vari-
able z that can be represented as

plz) = e FUZD,

(19)
In general, p(.) can represent a proper sparse prior (e.g., a prob-
ability density), or an improper (non-integrable) sparse prior.
Formally, it can be shown that when f'(¢)/t is decreasing on

€ (0, 00), with f’(.) denoting the derivative of f(.), the prior
will be super-Gaussian, i.e., sparse [25]. In this case, p(z) can be
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conveniently represented as a maximization over scaled Gaus-
sians with different variances, i.e.,

p(z) = max N (z; 0, \)(N),

A>0 (20)

where ¢(.) is a scaling function that can be interpreted as a
hyperprior on the variance A[25], [27]. This representation of
a sparse prior is often referred to as the convex type due to its
roots in convex analysis [25]. Obviously, the scaling function
¥(.) in (20) is related to f(.) in (19), but the scaling function
is typically not required explicitly in practical algorithms [25].
For completeness, the form of the hyperprior (.) for a given
sparse prior p(.) is given in Appendix A.

B. Speech Dereverberation Using a General Sparse Prior

We now propose to model the STFT coefficients of the de-
sired speech signal using the circular sparse prior p(d(n)) =
e fU4D) with its convex representation given as

pld(n)) = max Nc(d(n); 0, A(n))¥(A(n)).

A(n)>0

e2y)

This can be interpreted as a generalization of the TVG model,
with an additional hyperprior on the variance A(n) determined
by the scaling function #(.). Similarly as in the conventional
method, the prediction vector g can be estimated by maximizing
the likelihood formed using (21) as

max II Ar(lgﬁgo.%(Gl(n); 0,A(n))v(A(n).  (22)

This is equivalent to minimizing negative log-likelihood with
respect to the prediction vector g and the variances A, i.e.,

min Z (Id(n)\

A>0,g

+ logwA(n) — log@b(/\(n))),

(23)

with d(n) depending on g through (9). By comparing (23) with
the optimization problem in (12), the obtained problem contains
an additional term that depends on the scaling function #(.). The
likelihood can again be maximized by applying an alternating
optimization procedure.

Estimation of g: Assuming that the variances A are fixed, the
same LS problem is obtained as in the conventional method,
with the solution given by (14).

Estimation of A: Assuming that the prediction vector is fixed
to g("+1) | the variances can be obtained by solving the following
problem

|4 ()

A6+ () = arg min ESYrT

A(n)>0

+log wA(n) —log ¥ (A(n)).

(24)
For a general sparse prior in (19), the solution is equal to (for
details we refer to Appendix B)
2|JG+1)
) — 2 o3)

At - (ld(i“)(n)\) :
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Fig. 1. Logarithm ofthe CGG prior p(.) in (26) for different values of the shape
parameter p and variance fixed to 1. Note that the plot shows only values on the
real axis (i.e., imaginary part of z is 0), and the prior is circular.

Note that although the optimization problem in (24) includes
the scaling function #(.), the optimal A\(n) for this subproblem
depends only on f{.), so the scaling function %(.) does not need
to be given explicitly (cf. Appendix B).

C. Complex Generalized Gaussian Prior

As an example of a parametric circular zero-mean super-
Gaussian prior, in the remainder of the paper we will consider
the complex generalized Gaussian (CGG) prior given as [28]

|z|P

— 713 e—wp/2
274T(2/p) ’

with the scale parameter v > 0, the shape parameter 0 < p < 2,
and T'(.) denoting the Gamma function. The circular Gaussian
distribution is obtained by setting p = 2, while smaller values of
the shape parameter result in more sparse priors, i.e., a higher
peak at zero and heavier tails. This can also be seen from the
plot of log p(z) in Fig. 1. Since the CGG prior can be written in
the form (19) with f(.) given as

v - log P )
P/ 2myI'(2/p)

p(z) (26)

ft) =

@7

it can be represented using a convex representation in the form
(20).

In the case of a CGG prior for the desired signal, the optimal
value of A\(n) in iteration ( + 1) can be written using (25) and
(27) as

2
3D () = 222 g o, (28)
r

This expression depends on the shape and scaling parameters of
the CGG prior in (26). However, since the estimation of g using
(14), and hence also the estimate of the desired speech signal d
using (9), is invariant to a scaling of the variances A, the update
in (28) can be simplified to

A () = | () 7,

29

which depends only on the shape parameter p € (0, 2) of the
CGGQG prior. In practice, a small positive constant ¢ is included
as a lower bound for the estimated variance to prevent division
by zero, i.e.,

AGTD = max{|d“TY PP e ), (30)
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This method will be referred to as WPE-CGG, which is sum-
marized in Algorithm 1.

Algorithm 1 WPE with a CGG prior.

parameters: Filter length L, and prediction delay 7 in
(3), shape parameter p in (26), regularization parameter € yin,
maximum number of iterations iy, tolerance 1

input: x,,, (k), Ym, k
for allk do
140
AO(n)  |x(n)[>?
repeat
g0+t « calculate asin(14)
di+L) x] — XTg(i+1)
AGHD o max{[dG+D 2P 000
1—1+1
until [T — d@|y/|dD|ly < nori > imax
end for

D. Relation to the Conventional Method

It should be noted that the variance update (16) in the con-
ventional method corresponds to setting p = 0 in the proposed
update (29). When comparing the optimization problem in (12)
with the proposed optimization problem in (23), it can be seen
that the conventional method is obtained by setting the scaling
function v(.} equal to a constant value in the proposed method.
Hence, for the conventional method the prior for the desired
signal, as interpreted in the proposed framework with the scaling
function ¢(.) in (20) set to 1, is equal to

,\d((m)\? = 1

e A= e

d{n)) = max = = X 31
A= 855 "~ war ™ Tar OV

since the maximum is attained when A(n) = |d(n)|?. The ob-
tained prior can also be represented in the form (19) as

f(t) = logt* + const. (32)

Note that (31) is an improper prior since it is not integrable. In
addition, it strongly favors values of the desired signal that are
close to the origin, i.e., it is a strong sparse prior for the desired
signal. This type of sparsity-promoting prior was used previ-
ously in various signal processing applications [26], [27], [29],
[46]. Although the conventional WPE method was originally
derived with the TVG model as the starting point, under the as-
sumption of a locally Gaussian model, this interpretation high-
lights the underlying role of the sparse prior (31) on the desired
speech signal. Similarly, other dereverberation methods based
on the TVG model can be formulated using sparsity-promoting
cost functions, e.g., [18], [19], [39].

V. REFORMULATION AS ép -NORM MINIMIZATION

In this section we reformulate the conventional WPE and
the proposed WPE-CGG methods for estimating the prediction
vector g in terms of an £,-norm minimization problem, aiming
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to provide a better understanding of the cost functions under-
lying the proposed methods, and relating them to the problem
of sparse recovery. For a general prior p(.), and independent co-
efficients d(n), the likelihood function is equal to

N
L(g) =] r@n). (33)
n=1
For a sparse prior p(.) in the form (19), the ML estimate of the
prediction vector g can hence be obtained by minimizing the
negative log-likelihood, i.e.,
N
g =argmin ) _ f(|d(n)]). (34)
g n=1

For p(.) being a CGG prior as in (26), this ML estimate can be
obtained, using (27), as a solution of the following problem

min d],

(35)

where |.||[, is the {p-norm? defined as

N
(e ()2,

For the conventional method with the prior p(.} givenin (31),
the ML estimate of the prediction vector is obtained, using (32),
as

ldll, =

N
mgmn;1 log |d(n)|. (36)
This logarithmic cost function is often used in signal pro-
cessing problems as an approximation of the ¢j-norm,
counting the number of non-zero entries in a vector [29],
[46], [47]. The £y-norm is related to the previously de-
fined £,-norm through ||d]l¢ = lim, EnN:1|d(n)\p.
The logarithmic penalty is related to the £y-norm through
lim,, 0 + 300, (Jd(m)” —1) = 2,1, log|d(n)|[46]. More-
over, the set of local minima of the optimization problem in
(36) corresponds to the set of local minima of the optimization
problem [46]

min||d]o- (37

Using (8) the desired speech signal can be further expressed as
d = Qu, (38)

with
Q=[x;,-X,], u=[1g"]", (39)

where u is equivalent to the prediction vector g. Now the opti-
mization problem (35) can be rewritten directly in terms of the
prediction vector u as

min [|Qu][p st efu=1,
u

(40)

where e; = [1,0,...,0]%. Optimization problems in this form
are addressed in the context of the cosparse analysis problem

2Note that for p < 1 the £,-norm is actually not a norm, e.g., it does not
satisfy the triangle inequality.
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[48]-[50]. In that setting, the matrix €2 is the analysis matrix that
transforms the unknown variable (i.e., the prediction vector 1)
to the domain where the sparsity is enforced (i.e., the prediction
error d). By solving the problem in (40) an estimate of the pre-
diction vector u is computed that results in a sparse prediction
error, i.e., the desired speech signal, d, with sparsity quantified
by means of the £,-norm. Also, a similar optimization problem
was considered in the context of sparse linear prediction in the
time domain [51], applied for modeling and coding of speech
signals.

The analytically derived sparsity-promoting cost function
can be easily justified in the context of dereverberation. Intu-
itively, reverberation makes the recorded speech signal less
sparse than the clean speech signal in the STFT domain. There-
fore, on the one hand it is reasonable to enforce an estimate of
the desired speech signal whose STFT coefficients are sparser
than the STFT coefficients of the reverberant recording. On
the other hand, the direct path and early reflections should
be preserved in the estimated desired speech signal, which is
enforced by using the MCLP model with the prediction delay
in (3), resulting in the optimization problem in (40) with a
structured analysis matrix €2.

In summary, both the conventional method and the proposed
method based on CGG priors can be interpreted as iterative op-
timization methods that aim to compute a minimum of the opti-
mization problem in (35)/(40) corresponding to WPE-CGG for
0 < p < 2 and to the conventional method when p — 0.

A. Iteratively Reweighted LS for {,-norm Minimization

Note that the optimization problem in (35) is non-convex
for p < 1, and iterative optimization methods can in general
converge only to a local minimum. However, non-convex cost
functions often result in a sparser estimated signal than using a
convex cost function (e.g., for p > 1) [29]. Several optimiza-
tion methods for £,-norm minimization have been proposed that
transform the non-convex problem into a series of convex prob-
lems [29], [46], [47]. Here we employ the iteratively reweighted
LS (IRLS) method for £,-norm minimization [29], [46], and
show that the obtained method is equivalent to the conventional
method and the method based on a CGG prior.

The basic idea in IRLS is to replace the £,-norm minimiza-
tion problem with a series of £2-norm minimization subprob-
lems [29], [49], [52]. Each £3-norm minimization subproblem
can be solved easily, and the solution in one iteration is used
to modify the subproblem in the next iteration. More specifi-
cally, the £,,-norm cost function in (40) is replaced by a weighted
{5-norm cost function in the i-th iteration as [29]

atth) = argminuHQHW(i)Qu s.t.

VAN
eju=1,

(41)

with a real-valued diagonal weighting matrix W& =
diag(w®), where w® = [w®(1),...,w(N)]T are the
weights. The LS optimization problem in (41) has a closed-form
solution

altn — <e1T (2 wia) lel) B (27 wia) e
(42)



JUKIC et al.: MULTI-CHANNEL LINEAR PREDICTION-BASED SPEECH DEREVERBERATION WITH SPARSE PRIORS

that is equivalent to estimating the prediction vector §(+1) in
(14). The estimate of the desired signal in the (¢ +1)-th iteration
is given using (38) as A1) = QU+,

Asin [29],[49],[52], the weights are updated in each iteration
as

1

(i+1) -_ -
w (n) |c?(i+1)(n)\27p7

(43)

so that the cost function in (41) is a first-order approximation
of the cost function in (40). The updates (42) and (43) result in
an iterative method for minimizing (40). To avoid division by
zero in (43), the optimization problem is typically regularized
by adding a small positive value [29], [49], i.e.,

wlt (n) = (|J<i+1>(n)|2 +5(i+1)) = (44)
When the role of € is just to avoid division by zero the method is
called unregularized IRLS [29]. Setting ¢ to a larger value can
be used to make the linear system in (42) better conditioned. In
practice, a regularization strategy where ¢ is initialized with a
large value and then gradually decreased has been shown to be
effective in avoiding local minima for p < 1[29]. In this case
the method is called regularized IRLS. Various strategies for
updating the regularization parameter in iteratively reweighted
algorithms have been investigated in [46].

By comparing the obtained update for the weights in (43)
with the variance update in (29), it can be seen that the weights
are equal to the inverse of the variances. With this in mind, the
obtained LS problem in (41) is equivalent to the LS problem in
(13), i.e., they result in the same prediction vector if the weights
are calculated in the same way. The difference between these
methods is the weight regularization strategy that is performed
by adding a small ¢ in IRLS, or using £ as a lower bound in
WPE-CGG.

The outline of the complete dereverberation algorithm using
regularized IRLS (r-IRLS) method in each frequency bin k is
given in Algorithm 2. For each frequency bin & the matrix €2
is normalized with the maximum magnitude of the STFT coef-
ficients of the reference microphone signal x;. In this way the
values of the regularization parameter £ for r-IRLS can be set
independently of the magnitudes of the coefficients in the given
frequency bin. The r-IRLS for minimization of (40) is imple-
mented similarly as in [29]. The updates (42) and (44) are it-
erated until the relative change of the #;-norm of the output is
smaller than the tolerance 7. In that case the regularization pa-
rameter £ is reduced 10 times, and the tolerance parameter is
updated to 1/¢/100. The unregularized IRLS (u-IRLS) is im-
plemented by omitting the reduction of the regularization pa-
rameter £ and tolerance 7. Additionally, since p < 1 results in a
non-convex problem in (40), initialization of the algorithm can
influence the final estimate. More details on the initialization are
given in Section VI-B.

VI. EXPERIMENTS

In this section, the results of several experiments for different
acoustic scenarios and different numbers of microphones are
presented. The results obtained using the conventional WPE
method (cf. Section III) and the proposed WPE-CGG method
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(cf. Section I'V) and the IRLS algorithm applied on the £,-norm
minimization problem (cf. Section V) are compared. The con-
sidered acoustic systems and the used performance measures
are introduced in Section IV-A. The implementation details of
the different methods are described in Section IV-B. The per-
formance of the MCLP-based speech dereverberation is evalu-
ated for different values of the shape parameter p, corresponding
to different sparse CGG priors for the desired speech signal, is
evaluated in Section VI-C. The dereverberation performance for
different acoustic scenarios with M = 2 microphones is eval-
uated in Section VI-D. The dereverberation performance using
different numbers of microphones is evaluated in Section VI-E,
and for different number of iterations in Section VI-F.

Algorithm 2 WPE using the IRLS algorithm. For r-IRLS,
the parameter ¢ is initialized with a relatively large value and
gradually reduced. For u-IRLS, the parameter ¢ is initialized
as Emin. ||X||o denotes the maximum absolute value of the
elements in x.

parameters: Filter length L, and prediction delay 7 in
(3), shape parameter p in (44), regularization parameters
€inits Emin, Maximum number of iterations imax, tolerance Minit

input: x,, (k), Vm, k

for all k do
1+ 0
e® ¢ i, 1 ¢ Minig
Q <« construct as in (39)
Q « Q/k, with & = [|x1]|
d©® — X1/k
repeat
W) calculate as in (44)
a1« calculate as in (42)
A+  Qal+D

it [[dEFD — dDly/([dD]]; < n®) then
2D 2010, 5D Ve /100
else
el e pli+1) o ()

end if
i i+l
untill £ < £ 0T8> Fpnax
d < rd®

end for

A. Acoustic Systems and Performance Measures

We consider an acoustic scenario with a single speech source
and A omni-directional microphones placed at a distance of
about 2.3 m from the source. In Section VI-C, Section VI-D,
and Section VI-F a scenario with A = 2 microphones is
considered, while in Section VI-E the number of microphones
is set to M € {1,2,4}. Three different rooms with reverber-
ation time RTgy of approximately {450,550, 750} ms were
used in the experiments. The distance between the source and
the microphones is approximately 2.3 m, and the direct-to-re-
verberant ratio (DRR) for the reference microphone is DRR



1516

€ {9.7,—4.1,-3.8} dB for each of the rooms. The RIRs
between the source and the microphones have been measured
using the swept-sine technique, and the sampling frequency
is set to 16 kHz. The reverberant observations are generated
by convolving the measured RIRs with clean (anechoic)
speech utterances. Influence of noise has not been considered
in the experiments, since the main goal is to evaluate the
dereverberation performance, and joint dereverberation and
denoising remains a topic for future work. We have used a
set of utterances from 40 different speakers (20 male and
20 female), where the average length of the speech samples
is approximately 4.2 s. The dereverberation performance is
evaluated in terms of different instrumental measures: cepstral
distance (CD), perceptual evaluation of speech quality score
(PESQ), frequency-weighted segmental signal-to-noise ratio
(FWSSNR), and speech-to-reverberation modulation energy
ratio (SRMR) [53]. For the intrusive measures (CD, PESQ,
FWSSNR), the clean speech signal is used as a ground-truth
signal. In the following we present the improvements of the
considered instrumental measures when compared to the input
signal on the reference microphone. The reported values are
obtained by averaging the improvements over all utterances.

B. Implementation Details

In all experiments the STFT has been calculated using a 64 ms
Hamming window with 16 ms shift. The prediction delay in (3)
is set to 7 = 2 frames in all experiments. The length of the
prediction vector L, in (3) is set to L, € {35,15,8} for A/
€ {1,2, 4} microphones. While the length L, could be set de-
pending on the reverberation time, here we used the fixed length
for each number of microphones. These settings are similar to
the ones used in [54].

The WPE-CGG method is implemented as in Algorithm 1,
with the conventional WPE corresponding to the case with p =
0. The variance estimate is regularized with the lower bound set
t0 Empin= 108 for all frequency bins k, and the tolerance on the
change of the relative £>-norm of the estimated desired signal is
set to n= 1075, The u-IRLS minimizing (40) is implemented
by fixing the regularization parameter in (44) to &i;= 1075,
Since the matrix €2 is normalized with the maximum magnitude
of the STFT coefficients of the reference microphone signal, the
regularization parameter £,,;, is always much smaller than the
magnitudes of the coefficients in the given frequency bin, and
therefore it only serves to avoid division by zero. The tolerance
on the change of the relative £3-norm of the estimated desired
signal is set to n= 1075, The r-IRLS minimizing (40) is im-
plemented with the initial value for the regularization param-
eter € set to £, = 0.1 and the minimum value &= 1078,
The same final tolerance n= 10~° applies for r-IRLS because
Emin= 1078 (cf. Algorithm 2).

Since the problem in (40) is non-convex for p < 1, the pre-
sented algorithms only converge to a local minimum, and the
final estimate may heavily depend on the initialization. In com-
pressive sensing the IRLS method is typically initialized with
the solution of (40) for p = 2 (i.e., the least-squares solution).
However, as shown in [17], the least squares solution is not ef-
fective for dereverberation, and results in a signal that is even
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Fig. 2. Results for an acoustic system with RT3 ~ 750 ms and M = 2
microphones for values of the shape parameter p € {0,1/4,1/2,3/4}. The
reported values are obtained as the averaged improvements over all utterances.
The average values calculated for the reference microphone signal are denoted
as “ref”.

more reverberant than the microphone signal. This occurs be-
cause the least squares solution results in a minimum-energy es-
timate of the desired speech signal with typically many non-zero
coefficients. Therefore, the least squares solution is often a poor
initialization for the iterative algorithm in the context of derever-
beration. In our experiments initializing with the least-squares
solution also resulted in a decreased dereverberation perfor-
mance for the WPE-CGG and u-IRLS methods, whereas the
r-IRLS method was in general less affected by initialization
(due to the regularization). Therefore, in all experiments we ini-
tialized the desired signal d(®) with the reference microphone
signal x; (or its normalized version).

C. Evaluation for Different Values of the Shape Parameter p

In this section we investigate speech dereverberation per-
formance for different values of the shape parameter p. We
consider a scenario with A/ = 2 microphones in a room with
RTsy ~ 750 ms, and compare the WPE-CGG, u-IRLS, and
r-IRLS methods for p € {0,1/4,1/2,3/4}. The conventional
WPE method corresponds to WPE-CGG with p = 0. Typical
number of iterations for convergence of the WPE-CGG and
r-IRLS methods was between 50 and 100, while the r-IRLS
method required more iterations, typically between 300 and
400. The improvements of the considered instrumental mea-
sures for each value of the shape parameter p are presented
in Fig. 2. It can be observed that the performance of the em-
ployed optimization methods depends on p. As expected, the
performance of the WPE-CGG and the u-IRLS is very similar.
It can be observed that both methods perform best for p = 1/2,
achieving almost identical results. For smaller values of the
shape parameter (e.g., p = 0 corresponding to the conventional
WPE) and also for higher values of the shape parameter (e.g.,
p = 3/4) both methods achieve lower performance. Note
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Fig. 3. Results for different acoustic systems with A = 2 microphones and
RTso ~ {450, 550, 750} ms. The reported values are obtained as the averaged
improvements over all utterances. The average values calculated for the refer-
ence microphone signal are denoted as “ref”.

that the used values of p are not optimal in any sense, and are
selected to illustrate the effect of the selected cost function on
the performance. In the experiments both small values (close
to 0), and large values (close to 1) of p resulted in a decreased
performance. The r-IRLS is less sensitive to selection of the
parameter p due to the regularization strategy, although by
increasing the value of the parameter p the performance starts
to decrease. However, the regularization strategy also results in
a significantly higher number of iterations. These observations
are similar with the observed performance of the unregularized
and regularized methods in the context of sparse recovery [29].

D. Evaluation in Different Acoustic Scenarios

In this section we investigate the performance in different
acoustic scenarios after convergence of the iterative algorithms.
We consider a setup with M = 2 microphones in rooms with
RTso ~ {450,550,750} ms. In the following, we compare
WPE-CGG, u-IRLS and r-IRLS for p € {0,1/2}. The im-
provements of the considered instrumental measures are pre-
sented in Fig. 3. It can be observed that WPE-CGG and u-IRLS
with p = 1/2 outperforms the case with p = 0 in all evalu-
ated measures for all scenarios. The results in Fig. 3 suggest that
the performance improvement for the evaluated measures with
p = 1/2, when compared to p = 0, is higher for longer reverber-
ation times. Similar as in the previous experiment, the r-IRLS
method is slightly better with p = 0 than with p = 1/2 for
all scenarios, performing similarly to the unregularized methods
with p = 1/2.

E. Evaluation for Different Number of Microphones

In this section we investigate the performance for different
numbers of microphones. We consider a setup in a room with
RTgo ~ 750 ms, with M € {1, 2,4} microphones. The perfor-
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Fig. 4. Results for different acoustic systems with RTsq ~ 750 ms and M
= {1, 2,4} microphones. The reported values are obtained as the averaged
improvements over all utterances. The average values calculated for the refer-
ence microphone signal are denoted as “ref”.
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Fig. 5. Results for different number of iterations for an acoustic system with
RTs0 == 750 ms and M = 2 microphones. The reported values are obtained as
the averaged improvements over all utterances. The average values calculated
for the reference microphone signal are denoted as “ref”.

mance of the WPE-CGG is evaluated, with p € {0,1/2}. The
improvements of the evaluated measures are presented in Fig. 4,
and it is again visible that p = 1/2 outperforms p = 0 in all of
the evaluated measures. While both algorithms perform better
with larger number of microphones, in all cases p = 1/2 per-
forms better than p = 0.

F. Evaluation for Different Number of Iteration

In this section we investigate the iteration-wise performance
of the WPE-CGG and u-IRLS methods for p € {0,1/2}. The
r-IRLS method is not included in the comparison since it typ-
ically requires many more iterations due to the reduction up-
date for the regularization parameter . The values of the con-
sidered instrumental measures after each iteration are presented
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in Fig. 5. It can be observed that the results become stable after
relatively small number of iterations (up to 10). Also, it can
be observed that p = 1/2 results in a better performance than
p = 0 for any number of iterations, with the u-IRLS method
converging slightly faster than the WPE-CGG method.

VII. CONCLUSION

In this paper we have presented a novel MCLP-based speech
dereverberation method, based on a sparse prior for modeling
the desired speech signal, with a special emphasis on circular
priors from the complex generalized Gaussian family. The pro-
posed model can be interpreted as a generalization of the TVG
model, with an additional hyperprior on the unknown variances.
It has also been shown that the underlying prior in the con-
ventional WPE method strongly promotes sparsity of the de-
sired speech signal, and can be obtained as a special case of
the proposed WPE-CGG method with p = 0. Furthermore,
the proposed method has been reformulated as an optimization
problem with the cost function equal to £,-norm on the desired
speech signal. In addition, we have shown that solving this op-
timization problem by an iteratively reweighted LS scheme re-
sults in an equivalent set of updates.

The experimental results for various acoustic scenarios show
that the instrumentally predicted speech enhancement perfor-
mance can be consistently improved in the proposed framework,
by setting p to an appropriate value. While the improvements are
mild, it is important to keep in mind that these come at virtually
no cost with just a small modification of the weight/variance up-
date. As we have analytically shown using the £,-norm-based
formulation, speech dereverberation is achieved by exploiting
the fact that the desired speech signal is more sparse than the
reverberant recordings in the STFT domain. Furthermore, the
highlighted role of sparsity-promoting cost functions suggests
also that different cost functions and sparse recovery methods
could be applied to achieve speech dereverberation. These in-
sights could be useful not only for the considered MCLP-based
dereverberation method but also for other speech enhancement
methods.

APPENDIX A
CONVEX REPRESENTATION OF A SPARSE PRIOR

We are interested in a circular sparse prior p(z) = e~/ (=D
that can be represented in the form (20) for a certain function
1(.). Due to the circular symmetry of p(.), and analogously as
in [25], we can write

L. 12 P(A
—logp(t) = inf — —log %)

= (45)

fort € (0, cc). By introducing a function g(.) such that p(t) =
2
e 9 e, f(t) = g(t?), we can write
v(A)

[/
g(t) = inf 3 log ——=

. (46)

Using results in [25], [55] it follows that p(.) has a convex type
representation (20) if g(.) is concave on (0, 00). Then it holds
that

(A = et 1), (47)
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where g.(.) is the concave conjugate of g(.)[55]. The condition
on g{.) is equivalent to f'(t¢)/t being non-increasing on (0, 00)
[26], [27], [55].

APPENDIX B
VARIANCE ESTIMATION

In the variance estimation step we need to solve the optimiza-
tion problem in (24), which can be written using (47) in the fol-
lowing form

. t2 1
A=argmin — —g. (A7},
Ao A ()

(43)

for some ¢ > 0, with g.(A"1) = log ¥(A) — log wA following
from (47). Hence, the optimal variance A is equal to

A= (g0 (),

where (g.) 1(.) is the inverse function of g/(.). Using ¢'(¢) =
arg min,, tu — g.(u)[25], [55] it follows that (¢.) 1 (¢) = ¢'(¢),
and using f(t) = g(¢?) the optimal X can be written as

(49)

. 1 2t

A= —— = ——. 50
7@ 7O G0
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