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Adaptive Speech Dereverberation Using Constrained
Sparse Multichannel Linear Prediction
Ante Jukić, Student Member, IEEE, Toon van Waterschoot, Member, IEEE, and Simon Doclo, Senior Member, IEEE

Abstract—In this letter, we present an adaptive speech dereverberation method based on constrained sparse multichannel linear
prediction (MCLP), minimizing the mixed 2 ,p norm of the desired
component. In order to prevent overestimation of the undesired reverberant component, possibly leading to severe distortions of the
output, we propose to use a statistical model for late reverberation
to limit the power of the MCLP-based estimate. The resulting constrained optimization problem is solved by using the alternating
direction method of multipliers, resulting in two variants of the
dereverberation algorithm. Simulation results show that the proposed constraint increases the robustness with respect to parameter selection and improves the usability for dynamic scenarios in
comparison to the unconstrained method.
Index Terms—Adaptive filtering, constrained linear prediction,
sparsity, speech dereverberation.

In this letter, we propose to integrate additional knowledge
about the reverberant component to prevent overestimation of
the undesired component. More precisely, we propose to constrain the sparse MCLP-based estimate of the undesired component by using an estimate of the late reverberant power spectral
density (PSD) [17], [18]. The resulting constrained optimization problem is solved by using the alternating direction method
of multipliers (ADMM) [19], which can be implemented efficiently as a variant of RLS. In contrast to [20], we propose
adaptive sparse MCLP based on the more general 2,p -norm
and propose two different variants of the ADMM-based algorithm. Simulations demonstrate the advantages of the proposed
constrained methods when the prediction filters need to adapt
quickly, e.g., for a moving source, and the optimal forgetting
factor is not known.

I. INTRODUCTION

II. SIGNAL MODEL

PEECH recorded using distant microphones inside an enclosure is often degraded by reverberation, typically resulting in a decreased speech intelligibility and speech recognition
performance [1], [2]. In order to reduce these effects, effective
dereverberation is required in many applications and several
speech dereverberation methods have been proposed [3]–[9].
One of the most popular blind multichannel (MC) speech
dereverberation approaches is based on MC linear prediction
(MCLP) [5]–[7], [10]–[13]. MCLP-based methods aim to predict the undesired reverberant component in the microphone
signals, which is subsequently subtracted from the microphone
signals. The prediction filters are typically obtained by maximizing sparsity of the dereverberated signal in the time–frequency
domain [7], [12]. Adaptive versions of MCLP-based dereverberation have been proposed in [14] and [15], where the filter
updates are based on the recursive least squares (RLS) algorithm [16]. However, since these methods typically do not include additional knowledge about the undesired component,
they may lead to a significant overestimation of the undesired
component and severe distortions of the output signal [15].

We consider a scenario with a single speech source and M
microphones in a reverberant room, with s(k, n) denoting the
clean speech signal in the short-time Fourier transform (STFT)
domain, where k and n are the frequency and the time frame
index. We assume that the mth microphone signal xm (k, n) can
be decomposed as xm (k, n) = dm (k, n) + um (k, n), where the
desired component dm (k, n) contains the direct speech and early
reflections, while the undesired component um (k, n) contains
the late reflections. In the following, we omit the frequency
index k, since the signal will be modeled in each frequency bin
independently. The MC model can be written as
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x(n) = d(n) + u(n)

(1)

T

where x(n) = [x1 (n), . . . , xM (n)] and d(n) and u(n) are defined similarly. As shown in [5], the undesired component u(n)
can be modeled by using MCLP as the sum of filtered (delayed)
microphone signals, i.e.
u(n) = GH (n)x̃τ (n)

(2)

where G(n) = [g1 (n), . . . , gM (n)] ∈ C M L g ×M denotes the
multiple-input multiple-output prediction filter, with gm (n) ∈
C M L g containing Lg taps per microphone, and x̃τ (n) ∈ C M L g
is a signal buffer defined as
x̃τ (n) = [x1 (n − τ ), . . . , x1 (n − τ − Lg + 1),
. . . , xM (n − τ ), . . . , xM (n − τ − Lg + 1)]T . (3)
The prediction delay τ ensures preservation of the short-time
speech correlation and early reflections in the desired component [5], [11]. The goal of dereverberation is to recover the
desired component d(n), which can be achieved by estimating
the undesired component u(n) in (2) and subtracting it from the
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reverberant microphone signals x(n), i.e., the estimated desired
component is equal to the prediction error [5], [6].

Algorithm 1: Adaptive Sparse MCLP-Based Speech
Dereverberation.
−1

III. SPARSE MCLP
By assuming that the prediction filter G(n) does not change
over time, i.e., G(n) = G, batch dereverberation methods based
on the signal model in (1) have been derived in [6], [21]. Given a
batch of N frames, the prediction filter G is estimated by maximizing sparsity across time [7], [21], which can be formulated as
minimizing the mixed 2,p -norm of the desired component, i.e.,

p
minG N
n =1 d(n)2 , where .2 is the 2 -norm and p ≤ 1 is
the shape parameter. This optimization problem can be solved
using the iteratively reweighted least squares algorithm [21],
[22], by approximating the p -norm using a weighted 2 -norm,
i.e.
Ĝ = arg min
G

N


w(n)d(n)22

(4)

n =1

where the weights w(n) are set to obtain a first-order approximation of the p -norm [22]. For a known d(n), the weights
p/2−1

, where ε is
w(n) can be set to w(n) = d(n)22 /M + ε
a small positive regularization constant. In this case, the weights
w(n) put more emphasis on frames where the desired signal
d(n) should have a relatively small energy, exactly corresponding to the sparsity-promoting behavior of the p -norm [7]. Since
in practice the true d(n) is obviously not known, the weights
w(n) are usually computed using the estimated d(n) from the
previous iteration [7], [22].
Similarly as in [15], an adaptive variant of sparse MCLP,
estimating G(n) for each n, can be derived by incorporating an
exponential window in (4), leading to
Ĝ(n) = arg min

G (n )

n


γ n −t w(t)d(t)22 ,

(5)

t=1

with forgetting factor γ ∈ (0, 1]. The prediction filter Ĝ(n)
in (5) can be computed by solving the unconstrained optimization problem
Ĝ(n) = arg min F (G(n))
G (n )

(6)

with F : C M L g ×M → R a quadratic cost function equal to


F (G(n)) = tr GH (n)Q̂(n)G(n)

 
(7)
−2 tr GH (n)R̂(n)
with the matrices Q̂(n) and R̂(n) defined as
Q̂(n) =

n


R̂(n) =

γ n −t w(t)x̃τ (t)xH (t)

(8)

t=1

and tr [.] denoting the trace. The closed-form solution for the
prediction filter in (6) can hence be written as
−1

Ĝ(n) = Q̂ (n)R̂(n).

2: k̂(n) =

−1
(n −1) x̃ τ (n )
−1
H
+ x̃ τ (n ) Q̂ (n −1) x̃ τ

Q̂

γ
w (n )



(n )

H
H
3: Ĝ(n) = Ĝ(n − 1) + k̂(n) x(n) − Ĝ (n − 1)x̃τ (n)
 −1

−1
4: Q̂ (n) = γ1 I − k̂(n)x̃H
τ (n) Q̂ (n − 1)
H

5: û(n) = Ĝ (n)x̃τ (n)
−1
output: û(n), Ĝ(n), Q̂ (n)
6: d̂(n) = x(n) − û(n)
Algorithm 2: PSD Estimation. All Operations Applied
Element-Wise.
input: x(n)
parameters: smoothing constant α, duration of the early
part Td (seconds) and nd (frames), decay constant
10
Δ = T36ln
0 /T d
1: σ̂ 2x (n) = ασ̂ 2x (n − 1) + (1 − α)|x(n)|2
2: σ̂ 2r (n) = e−2Δ σ̂ 2x (n − nd )
3: σ̂ 2d (n) = ασ̂ 2d (n − 1)+(1 − α) max |x(n)|2 − σ̂ 2r (n), 0
output: σ̂ r (n), σ̂ d (n)

Since the matrices Q̂(n) and R̂(n) in (8) are rank-1 perturbations of γ Q̂(n − 1) and γ R̂(n − 1), the matrix inversion
lemma can be used to obtain an RLS algorithm [16], as given
in Algorithm 1. The computational complexity of Algorithm 1
is quadratic in the
 of prediction filter coefficients per
 number
channel, with O M 2 L2g operations.
Since the weights w(n) are related to the power of the desired
component, they can be computed using the average PSD of the
desired component, i.e.

p/2−1
w(n) = σ̂ d (n)22 /M + ε
(10)
2
2
with σ̂ 2d (n) = [σ̂d,1
(n), . . . , σ̂d,M
(n)]T containing the PSDs of
the desired component in all microphones. Algorithm 2 describes the PSD estimators based on the exponential decay
model for late reverberation [17], [18], [23], which requires
an estimate of the reverberation time T60 . Please note that due
to the recursive averaging these PSD estimators are not very
sensitive to the accuracy of the T60 estimate.

IV. CONSTRAINED SPARSE MCLP

γ n −t w(t)x̃τ (t)x̃H
τ (t),

t=1
n


input: x(n), Ĝ(n − 1), Q̂ (n − 1)
parameters: forgetting factor γ, shape parameter p
1: w(n) = compute using (10) and Algorithm 2

(9)

For dynamic scenarios, e.g., a moving speaker, where tracking of variations in the acoustic transfer functions between the
source and the microphones is required, small values of the forgetting factor are generally preferred [16], [24]. However, small
values of the forgetting factor result in a prediction error that
approaches zero [16]. Since the output signal d(n) in (1) is
equal to the prediction error, this may result in overestimation
of the undesired component û(n) and excessive cancellation of
the speech signal [15]. Similarly, small values of the forgetting
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factor may lead to ill-conditioning of the matrix Q̂(n), resulting
in an unstable output [15].
To alleviate this overestimation of the undesired component,
we propose to incorporate prior knowledge about the undesired
reverberation. More specifically, we propose to constrain the
power of the MCLP-based estimate of the undesired component by the PSD estimate of the late reverberation based on the
exponential decay model [17], [18], leading to the following
optimization problem
Ǧ(n) = arg min F (G(n))
G (n )

subject to |GH (n)x̃τ (n)|2 ≤ σ̂ 2u (n).

(11)

The vector σ̂ u (n) = [σ̂u ,1 (n), . . . , σ̂u ,M (n)]T contains the
bounds for the undesired component, and is defined as σ̂ u (n) =
min {σ̂ r (n), |x(n)|}, with σ̂ r (n) being the late reverberant
PSD estimate, cf. Algorithm 2. By using the constrained optimization problem in (11) instead of the unconstrained optimization problem in (6), the excessive speech cancellation for
small values of the forgetting factor γ should be prevented,
while the performance for large values of the forgetting factor
γ should not be significantly deteriorated.
The optimization problem in (11) can be rewritten by introducing a splitting variable z(n), i.e.
min

G (n ),z(n )

F (G(n)) + C (z(n))
subject to GH (n)x̃τ (n) = z(n)

(12)

where the inequality constraint in (11) is replaced with a convex barrier function C : C M → R, which is defined as C (z(n))
= 0 when the constraint is satisfied, i.e., |zm (n)| ≤ σ̂u ,m (n) for
all m, and C (z(n)) = ∞ otherwise. Since F and C are convex
functions, the optimization problem in (12) can be solved efficiently by applying the ADMM algorithm [19]. The augmented
Lagrangian for the problem in (12) can be written as
L (G(n), z(n), λ(n)) = F (G(n)) + C (z(n))
ρ
ρ
+ GH (n)x̃τ (n) − z(n) − λ(n)22 − λ(n)22
2
2

(13)

where ρ is a penalty parameter and λ(n) is the so-called dual
variable [19]. The ADMM algorithm proceeds by minimizing
L alternately with respect to G(n) and z(n), followed by an
ascent over λ(n), i.e., in the ith iteration we have
 i−1
H
i
F
Ǧ (n) = Sρ,
ž (n) + λi−1 (n)
(14)
x̃ τ (n )


H
i
C
x̃τ (n) − λi−1 (n)
ži (n) = Sρ,I
(15)
Ǧ (n)
i

λi (n) = λi−1 (n) + ži (n) − Ǧ (n)

H

x̃τ (n)

(16)

f
(v) = arg minx f (x) + ρ2 AH x − v22 [25]. Since
where Sρ,A
i

F is quadratic, Ǧ (n) in (14) is given in a closed form, similar
to (9), and can be efficiently computed by applying the matrix
inversion lemma [16]. Computing ži (n) in (15) corresponds to a
projection on the constraint set, i.e., clipping of the magnitudes.
The complete iterative procedure is given in Algorithm 3. The
iterative updates in Algorithm 3 can be interpreted as an iterative
correction of the unconstrained filter Ĝ(n) to obtain the constrained filter Ǧ(n) satisfying the inequality constraint in (11).
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Algorithm 3: ADMM for the Constrained Problem in (11).
Operations in Step 6 are Applied Element-Wise.
input: x(n), Ĝ(n), û(n), Q̂(n) estimated using
Algorithm 1, σ̂ u (n) = min {σ̂ r (n), |x(n)|} estimated
using Algorithm 2
parameters: penalty parameter ρ, number of iterations I
1: initialize: ž0 (n) = 0, λ0 (n) = 0
2: ǩ(n) =

−1
(n ) x̃ τ (n )
−1
H
+ x̃ τ (n ) Q̂ (n ) x̃ τ

Q̂

2
ρ

(n )

3: for i = 1, . . . , I do

H
i
4: Ǧ (n) = Ĝ(n)+ ǩ(n) ži−1 (n)+λi−1 (n)− û(n)
i

H

ǔi (n) = Ǧ (n) x̃τ (n)




σ̂ u (n )
i
6: ž (n) = min ǔ i (n )−λi −1 (n ) , 1 ǔi (n) − λi−1 (n)
|
|
7: λi (n) = λi−1 (n) + ži (n) − ǔi (n)
8: end for
output:ǔI (n), zI (n)
 u-variant
9: d̂(n) = x(n) − ǔI (n)
I
 z-variant
10: d̂(n) = x(n) − ž (n)
5:

The complexity of Algorithm 3 is quadratic and is dominated
by the computation of the gain vector ǩ(n) with O(M 2 L2g )
operations, equivalent to the computation of the gain vector in
Algorithm 1, with the ADMM complexity being O(M 2 Lg ) operations per iteration. Note that the equality constraint in (12)
will be satisfied as i → ∞ [19], while for a relatively small
number of iterations ǔi (n) and ži (n) will not necessarily be
equal, and only the latter will definitely satisfy the constraint
in (11). Therefore, it is possible to use either ǔi (n), obtained
by using linear filtering, or the splitting variable ži (n) as an estimate of the undesired component for dereverberation, leading
to two variants of the dereverberation algorithm. As a special
case, the method proposed in [20] can be obtained by using the
u-variant of Algorithm 3 with p = 0 in Algorithm 1.
V. SIMULATIONS
We investigate the performance of the adaptive sparse MCLP
method (denoted as ADA) given in Algorithm 1 and the two proposed variants of the constrained adaptive sparse MCLP method
(denoted as cADA-u and cADA-z) given in Algorithm 3. The
STFT is computed using a 64-ms Hann window with 16-ms
shift, and the prediction delay in (3) is set to τ = 2 (corresponding to 32 ms in the time domain). The PSDs of the desired
component and the late reverberation are estimated by using
Algorithm 2 with α = 0.5, Td = 50 ms. The ADMM penalty parameter is set to ρ = 103 and the number of iterations is I = 25.
Please note that using a smaller number of iterations (in the order 10) would not result in a significant performance difference.
The forgetting factor γ is varied between 0.75 and 0.999. The
prediction filter Ĝ is initialized with zeros and Q̂ as the identity
matrix. Before processing the test signal an additional 5 s of the
speech signal are processed to reduce initialization effects. The
performance is evaluated in terms of the frequency-weighted
segmental SNR (fwsSNR) [26] and the perceptual evaluation of
speech quality (PESQ) measure [27] using the anechoic/closetalking speech signal as the reference. The sampling frequency
is fs = 16 kHz. Exemplary audio samples are available online.1
1 www.sigproc.uni-oldenburg.de/audio/ante/spl_2016/audio.html
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Fig. 1. Instrumental measures versus forgetting factor γ for ADA (left),
cADA-u (center), and cADA-z (right).

Fig. 2. Instrumental measures for different filter lengths L g versus forgetting
factor γ for ADA (left), cADA-u (center), and cADA-z (right) with p = 0.

In the first two experiments we used M = 2 room impulse
responses measured in a room with T60 ≈ 0.7 s [4], with an intermicrophone distance of approximately 14 cm, and a source–
microphone distance of approximately 2 m. The speech source
was alternated between two positions, located 45◦ left and
45◦ right of the broadside direction. The clean speech signal
contained six utterances with a total length of approximately
18 s [28] and the microphone signals were generated by alternating the source position for each utterance. In the first experiment, we evaluate the performance of the considered methods
for different shape parameters p with the filter length set to
Lg = 20. The instrumental measures are shown in Fig. 1. It can
be observed that ADA performs similarly for p = 0 and p = 0.5,
with p = 1 leading to a decreased performance. In general, the
performance of ADA strongly depends on γ, even resulting in a
significant performance degradation with respect to the microphone signal for small values of γ due to overestimation of the
undesired component. On the other hand, although the proposed
cADA-u and cADA-z achieve a somewhat lower best-case performance (in terms of PESQ) than the optimally tuned ADA,
both cADA-u and cADA-z are much more robust to the values
of the forgetting factor γ and the shape parameter p, since the
constraint prevents overestimation of the undesired component.
This can be advantageous in practical applications, where the
dynamics of the acoustic scenario and the optimal forgetting
factor γ are in general unknown.
In the second experiment, we evaluate the performance for
different filter lengths Lg with the shape parameter set to p = 0.
The instrumental measures are shown in Fig. 2. It can be observed that ADA becomes very sensitive to small forgetting
factors as the filter length Lg increases. More specifically, combining a large Lg with a small γ results in significant distortions
and instability of the output. While cADA-u is less influenced,
the performance still drops for small γ, especially for large Lg
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Fig. 3. Smoothed fwsSNR for a moving speaker versus time with γ = 0.99
(top) and γ = 0.85 (bottom). The speaker starts walking around 8 s.
TABLE I
PESQ VALUES FOR THE EXPERIMENT
WITH A MOVING HUMAN SPEAKER
γ

MIC

ADA

cADA-u

cADA-z

0.99
0.85

1.32
1.32

1.49
1.18

1.47
1.43

1.46
1.43

when the matrix Q̂(n) becomes ill-conditioned. Finally, it can
be observed that cADA-z is quite robust with respect to the the
filter length and forgetting factor, since the constraint prevents
overestimation and possible instability of the output.
In the third experiment, we used a recording of a moving human speaker with M = 2 microphones with intermicrophone
distance of approximately 11 cm in a room with T60 ≈ 750 ms,
containing some background noise (cf. [9]). The total length of
the recording is approximately 42 s, where the speaker is first
static and then starts walking around 8 s. We have set the parameters as Lg = 20, p = 0, and γ ∈ {0.99, 0.85}. An excerpt
of the frame-wise values of the fwsSNR (averaged across 15
frames) is shown in Fig. 3, while the overall PESQ values are
given in Table I. On the one hand, it can be observed in Fig. 3
that for a relatively large forgetting factor γ = 0.99 all algorithms perform similarly, resulting in improvements compared
to the microphone signal for the static part and relatively small
improvements for the dynamic part. On the other hand, for a
relatively small forgetting factor γ = 0.85, the unconstrained
algorithm ADA results in excessive speech cancellation due
to overestimation of the undesired component, which is also
noticeable from the PESQ value in Table I. However, the constrained algorithms result in performance improvements for the
dynamic part, with cADA-z performing better than cADA-u in
terms of fwsSNR.
VI. CONCLUSION
In this letter, we have presented a novel adaptive speech dereverberation method based on constrained sparse MCLP, where
a statistical model of late reverberation has been used to constrain the power of the MCLP-based estimate of the undesired
reverberant component. The resulting constrained optimization
problem is solved by using ADMM, resulting in an efficient
implementation. Simulation results show that both proposed increase the robustness with respect to the forgetting factor and
the filter length, with the cADA-z variant outperforming the
cADA-u variant. Hence, the proposed methods improve the performance of MCLP-based dereverberation in dynamic scenarios, i.e., when the prediction filters need to adapt quickly.
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